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Few-Shot and Zero-Shot Learning for Information Extraction
Jiaying Gong

(ABSTRACT)

Information extraction aims to automatically extract structured information from unstruc-
tured texts. Supervised information extraction requires large quantities of labeled training
data, which is time-consuming and labor-intensive. This dissertation focuses on information
extraction, especially relation extraction and attribute-value extraction in e-commerce, with
few labeled (few-shot learning) or even no labeled (zero-shot learning) training data. We ex-
plore multi-source auxiliary information and novel learning techniques to integrate semantic
auxiliary information with the input text to improve few-shot learning and zero-shot learning.

For zero-shot and few-shot relation extraction, the first method explores the existing data
statistics and leverages auxiliary information including labels, synonyms of labels, keywords,
and hypernyms of name entities to enable zero-shot learning for the unlabeled data. We build
an automatic hypernym extraction framework to help acquire hypernyms of different entities
directly from the web. The second method explores the relations between seen classes and
new classes. We propose a prompt-based model with semantic knowledge augmentation to
recognize new relation triplets under the zero-shot setting. In this method, we transform the
problem of zero-shot learning into supervised learning with the generated augmented data
for new relations. We design the prompts for training using the auxiliary information based
on an external knowledge graph to integrate semantic knowledge learned from seen relations.
The third work utilizes auxiliary information from images to enhance few-shot learning. We
propose a multi-modal few-shot relation extraction model that leverages both textual and vi-
sual semantic information to learn a multi-modal representation jointly. To supplement the
missing contexts in text, this work integrates both local features (object-level) and global fea~
tures (pixel-level) from different modalities through image-guided attention, object-guided
attention, and hybrid feature attention to solve the problem of sparsity and noise.

We then explore the few-shot and zero-shot aspect (attribute-value) extraction in the e-
commerce application field. The first work studies the multi-label few-shot learning by
leveraging the auxiliary information of anchor (label) and category description based on
the prototypical networks, where the hybrid attention helps alleviate ambiguity and cap-
ture more informative semantics by calculating both the label-relevant and query-related
weights. A dynamic threshold is learned by integrating the semantic information from sup-
port and query sets to achieve multi-label inference. The second work explores multi-label
zero-shot learning via semi-inductive link prediction of the heterogeneous hypergraph. The
heterogeneous hypergraph is built with higher-order relations (generated by the auxiliary
information of user behavior data and product inventory data) to capture the complex and
interconnected relations between users and the products.
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(GENERAL AUDIENCE ABSTRACT)

Information extraction is the process of automatically extracting structured information from
unstructured sources, such as plain text documents, web pages, images, and so on. In this
dissertation, we will first focus on general relation extraction, which aims at identifying
and classifying semantic relations between entities. For example, given the sentence ‘Peter
was born in Manchester in the newspaper, structured information (Peter, place of birth,
Manchester) can be extracted. Then, we focus on attribute-value (aspect) extraction in the
application field, which aims at extracting attribute-value pairs from product descriptions
or images on e-commerce websites. For example, given a product description or image of
a handbag, the brand (i.e. brand: Chanel), color (i.e. color: black), and other structured
information can be extracted from the product, which provides a better search and recom-
mendation experience for customers.

With the advancement of deep learning techniques, machines (models) trained with large
quantities of example input data and the corresponding desired output data, can perform
automatic information extraction tasks with high accuracy. Such example input data and
the corresponding desired output data are also named annotated data. However, across
technological innovation and social change, new data (i.e. articles, products, etc.) is being
generated continuously. It is difficult, time-consuming, and costly to annotate large quan-
tities of new data for training. In this dissertation, we explore several different methods to
help the model achieve good performance with only a few (few-shot learning) or even no
labeled data (zero-shot learning) for training.

Humans are born with no prior knowledge, but they can still recognize new information
based on their existing knowledge by continuously learning. Inspired by how human beings
learn new knowledge, we explore different auxiliary information that can benefit few-shot
and zero-shot information extraction. We studied the auxiliary information from existing
data statistics, knowledge graphs, corresponding images, labels, user behavior data, product
inventory data, optical characters, etc. We enable few-shot and zero-shot learning by adding
auxiliary information to the training data. For example, we study the data statistics of both
labeled and unlabeled data. We use data augmentation and prompts to generate training
samples for no labeled data. We utilize graphs to learn general patterns and representations
that can potentially transfer to unseen nodes and relations. This dissertation provides the
exploration of how utilizing the above different auxiliary information to help improve the
performance of information extraction with few annotated or even no annotated training
data.
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Chapter 1

Introduction

Information extraction aims to automatically extract structured information from unstruc-
tured texts. The main goal of information extraction is to find meaningful information from
the unstructured text input. The information can be name entities, relations between the
name entities, events, aspect categories, attribute-value pairs, and any other pre-defined
structured information. For example, relation triplet <London, capital of, England> is a
structured triplet of the sentence: Patten emigrated to England, working in London. Aspect
(attribute-value pair) <Brand: Chanel> can be extracted from the product description or
image in e-commerce. This information is very important to the success of various down-
stream tasks, such as the construction of knowledge graphs, taxonomy enrichment, and
recommendation systems in e-commerce, finance, healthcare, etc.

1.1 Motivation

Early works for information extraction use a domain-specific dictionary and rule-based meth-
ods to extract information [5, 6, 49, 140, 169]. With the development of neural networks,
convolutional neural networks [205, 244], recurrent neural networks [252; 263|, and graph
neural networks [255, 264] are used to learn the unstructured input text patterns for struc-
tured information extraction. Even though these works have achieved promising results by
taking advantage of supervised learning, they exhibit a fundamental limitation in that they
all need large quantities of labeled training data, which requires lots of human effort. To
save the effort for human labeling, distant supervision [143, 245] or crowdsourcing [1, 120]
are used to collect more examples with labels. However, these methods are limited by the
quantity (for supervised) and quality (for distant-supervised) of the training data because
manually labeling the data is time-consuming and labor-intensive, and the data labeled
by distant-supervision is noisy. To address the problem of insufficient high-quality labeled
training data, we focus on few-shot and zero-shot learning for information extraction.

Few-shot learning or zero-shot learning requires only a few or even no labeled data for training.
Different from traditional supervised learning, which requires the model to recognize the data
in the training set and then generalize to the unseen test data, the goal of few-shot and zero-
shot learning is to train the model learn to learn. To be more specific, few-shot learning and
zero-shot learning enable a pre-trained model to generalize over new categories of data using



only a few labeled or even no labeled samples per class [211]. Few-shot and zero-shot learning
have been widely used in computer vision fields such as image classification [93, 147, 197],
image retrieval [8, 14, 184], object detection [9, 45, 224], gesture recognition [138, 165, 168],
image captioning [25, 39, 47|, and visual question answering [26, 39, 67]. Motivated by these
works, we consider few-shot and zero-shot learning for information extraction in the field of
natural language processing.

1.2 Research Questions and Hypothesis

The primary research question for this dissertation is: How can multi-source learning improve
few-shot and zero-shot information extraction? To tackle the above challenges, this question
can be further decomposed into the following research sub-questions.

e RQ 1: How can weighted side information including keywords, hypernyms of name
entities, and labels help for zero-shot relation extraction?

e RQ 2: How can data augmentation and prompts built on an external knowledge graph
integrate semantic information for zero-shot relation triplet extraction?

e RQ 3: How can visual information as an external source supplement the missing
contexts in textual sentences for few-shot relation extraction?

e RQ 4: How can label description enhance the performance of multi-label few-shot
attribute value extraction in e-commerce?

o RQ5: How can heterogeneous hypergraph with higher-order relations constructed by
user behavior and product inventory data improve zero-shot attribute value prediction?

Accordingly, the central hypothesis of this research is that the proposed different multi-source
auxiliary information will improve the performance of information extraction with few labeled
or even no labeled training data and the extracted information will benefit downstream tasks
and practical applications.

1.3 Research Issues

Although there exist many works on few-shot and zero-shot learning in the computer vi-
sion field, there are still many challenges in information extraction in the natural language
processing field: (1) In the computer vision field, auxiliary information from text is always
used as prior knowledge for zero-shot image-related tasks such as image classification, image
captioning, etc [25, 176]. However, in the natural language processing field, the auxiliary



information is difficult to achieve. The first major challenge is what kind of auxiliary informa-
tion is effective for few-shot and zero-shot information extraction. (2) Existing approaches
on few-shot and zero-shot information extraction depend on question answering models [101],
text entailment [154] and label description [16]. However, these models have a strong assump-
tion that excellent question-answering models are learned and label descriptions are accurate.
The second challenge is what’s the connection or relationships between seen labels and novel
labels. (3) The third challenge is related to multi-modal few-shot learning. Existing few-shot
information extraction models (prototypical networks [51] and siamese neural networks [243])
only use plain text or external data sources (entities [236], labels [130] and graphs [161]) for
training the model. However, these methods mainly explore single-modality text-based data
and may suffer a significant performance decline when texts lack contexts. Besides, fusing
information without considering semantic information from different modalities (such as con-
catenation, and circulant fusion [220]) will have a negative impact because fusing irrelevant
information may bring noise. (4) In the real world, each input instance may include several
labels. The fourth challenge is how to fuse auxiliary information in a multi-label few-shot
information extraction task given limited auxiliary information. For a multi-label setting,
it is also challenging to predict the number of labels for each data instance. (5) The fifth
challenge is related to multi-label zero-shot learning. Existing works focus on open mining
models [228, 254] or generative large language models [109] to directly extract information
that has been mentioned in the text or autoregressively decoded from the inputs. However,
these methods need high-quality seed attribute sets and heavy computing resources. Be-
sides, they lose the higher-order relationships of the complex and interconnected semantic
information.

In this dissertation, we focus on dealing with the above-mentioned challenges in few-shot
and zero-shot information extraction. The detailed statement of research issues is presented
in the following subsections.

1.3.1 Zero-Shot Relation Classification from Side Information

To extract information with few or no labeled training data, we first think of any auxiliary
information we could use to help provide more prior knowledge. We consider the semantic
information from the label and hypernyms of name entities. Therefore, we propose a zero-
shot learning model for relation classification (ZSLRC), which focuses on recognizing new
relations with no corresponding labeled data available for training. We construct weighted
side information from labels and their synonyms, hypernyms of two-name entities, and key-
words from training sentences. We also build an automatic hypernym extraction framework
to help us acquire hypernyms of different entities directly from the web. Finally, We modify
the vanilla prototypical networks [191] utilizing the above side (auxiliary) information to
extract both relations with training instances and relations without any training instances.
To detect novel relations, ZSLRC decides whether the query input is in a class with training
data or one without any training data based on a threshold.



1.3.2 Prompt-based Zero-shot Relation Classification with Seman-
tic Knowledge Augmentation

To address the challenge of loss of the connection or relationships between seen labels and
novel labels, we propose a prompt-based model with semantic knowledge augmentation (ZS-
SKA) to perform zero-shot learning for relation classification. We first implement data
augmentation by a word-level sentence translation to generate augmented instances with
unseen relations from training instances with seen relations. Then, we design the prompts
based on a knowledge graph to integrate semantic knowledge to generally infer the features
of unseen relations using patterns learned from seen relations. Instead of using the real label
word directly in the prompt template, we automatically search a set of appropriate label
words based on the knowledge graph for each label. We calculate the distance between each
appropriate label with the true label itself to help denoise the set of appropriate label words.
Then, we construct virtual label words in the prompt by weighted averaging all appropriate
label word candidates.

1.3.3 Multi-Modal Few-Shot Relation Extraction with Hybrid Vi-
sual Evidence

To address the challenge that signal modality text-based data may lose semantic information
when there are no clear contexts between the two name entities described in the text, we
propose a Multi-modal Few-Shot model based on Hybrid Visual Evidence (MFS-HVE) for
relation extraction. The first contribution is that we crawl the images automatically for
each instance in a public single modality dataset [72] to provide visual information, which
can facilitate future research on multi-modal few-shot relation extraction. We generate the
representations through both textual feature extractors and visual feature extractors. We
consider the visual representations from both the local perspective (object level) and the
global perspective (pixel level). For the methods of fusing information from different modal-
ities, we propose a multi-modal fusion unit including image-guided attention, object-guided
attention, and hybrid feature attention to integrate semantic information from different
modalities at both global and local levels. Finally, we concatenate text features, image-
guided features, and object-guided features through a cross-modality encoder to generate
the final multi-modal representations.

1.3.4 Knowledge-Enhanced Multi-Label Few-Shot Product Attribute-
Value Extraction

To formulate the attribute-value extraction task in a multi-label few-shot setting, we follow
the minimum-including algorithm for multi-label few-shot data sampling. We propose a



Knowledge-Enhanced Attentive Framework (KEAF) based on prototypical networks, lever-
aging the generated label description and category information as the auxiliary information
to learn more discriminative prototypes. We develop the hybrid attention mechanism, which
helps reduce the noise and capture more informative semantics from the support set by cal-
culating both the label-relevant and query-related weights. To achieve multi-label inference,
a dynamic threshold is learned during the training stage by integrating the semantic infor-
mation from both support and query sets.

1.3.5 Multi-Label Zew-Shot Product Attribute-Value Extraction

To address the challenge of complex and interconnected higher-order relations among dif-
ferent products and users, we propose HyperPAVE, a multi-label zero-shot model based
on the heterogeneous hypergraph, to predict zero-shot attribute values. The heterogeneous
hypergraph is constructed by auxiliary information from interconnected user behavior in-
formation (i.e. ‘also buy’, ‘also view’) and structured product inventory information (i.e.
‘product has aspects’, ‘category includes products’), to include more information in the final
node representations and remove user nodes in the original graph. HyperPAVE leverages a
semi-inductive link prediction mechanism, which is combined with a fine-tuned BERT en-
coder, to obtain unseen contextual node features. HyperPAVE is updated with zero-shot
products and aspects, where message-passing is conducted directly on the updated graph,
ensuring the inductive inference ability.

1.4 Dissertation Organization

The remainder of this dissertation is organized as follows. In Chapter 2, we propose a zero-
shot learning framework based on prototypical networks with side information for relation
classification. The side information is built from keywords, hypernyms of name entities,
and labels. In Chapter 3, we propose a prompt-based model with semantic knowledge aug-
mentation for zero-shot relation extraction. Prompts are designed by weighted virtual label
construction based on an external knowledge graph. In Chapter 4, we propose a multi-modal
few-shot relation extraction model leveraging both textual and visual semantic information
through visual-guided attention, object-guided attention, and hybrid feature attention, to
learn a multi-modal representation jointly. In Chapter 5, we propose a knowledge-enhanced
attentive framework for multi-label few-shot attribute-value extraction, leveraging the gener-
ated label description and category information. A dynamic threshold is learned by integrat-
ing semantic information to predict label counts. In Chapter 6, we propose HyperPAVE, a
multi-label zero-shot attribute value extraction model leveraging inductive inference in het-
erogeneous hypergraphs, which captures complex and interconnected higher-order relations.
Chapter 7 will summarize the main contributions of the dissertation and speculate about
future research directions in few /zero-shot learning for information extraction.



Chapter 2

Zero-Shot Relation Classification
from Side Information

This chapter introduces a zero-shot learning relation classification (ZSLRC) framework that
improves on state-of-the-art by its ability to recognize novel relations that were not present in
training data. The zero-shot learning approach mimics the way humans learn and recognize
new concepts with no prior knowledge. To achieve this, ZSLRC uses advanced prototypical
networks that are modified to utilize weighted side (auxiliary) information. ZSLRC’s side
information is built from keywords, hypernyms of name entities, and labels and their syn-
onyms. ZSLRC also includes an automatic hypernym extraction framework that acquires
hypernyms of various name entities directly from the web. ZSLRC improves on state-of-the-
art few-shot learning relation classification methods that rely on labeled training data and is
therefore applicable more widely even in real-world scenarios where some relations have no
corresponding labeled examples for training. We present results using extensive experiments
on two public datasets (NYT and FewRel) and show that ZSLRC significantly outperforms
state-of-the-art methods on supervised learning, few-shot learning, and zero-shot learning
tasks. Our experimental results also demonstrate the effectiveness and robustness of our
proposed model.

2.1 Introduction

Relation classification aims to infer the relation between two name entities in a sentence.
Supervised learning methods for relation classification have been widely used to classify
relations based on training labeled data. Distant supervision or crowdsourcing has been
used to collect more examples with labels and train the model for relation classification.
However, these methods are limited by the quantity (for supervised) and quality (for distantly
supervised) of the training data because manually labeling the data is time-consuming and
labor-intensive, and data labeled by distant supervision is noisy. To overcome the problem
of insufficient high-quality data, few-shot learning has been designed to require only a few
labeled sentences for training. A lot of research has been done on few-shot learning for
computer vision [103, 115, 239], and some work also includes few-shot learning methods for
relation classification [51, 72, 87]. However, these works still require a few instances for
training, and they still do not work when no training instances are available.



Some work on open information extraction (OpenlE) discovers new relationships in open-
domain corpora without labeling the data [4]. OpenlE aims to extract relation phrases
directly from the text. However, this technique can not effectively select meaningful relation
patterns and discard irrelevant information. Besides, this technique can not discover relations
if the relation’s name does not appear in the given sentence. For example, OpenlE can not
identify the relation of the sentence in Figure 2.1.

Side Information for children_of:
___________ »| person, person,
) X children, kid, son, daughter, -+
o person
- Il -, . -
'Query Sentence: Nell Newman and Side Information for classmate:
 Mayday Parker take the same course person, person,
! at school . classmate, school, college, course, -
person .
L[]
L]
X Side Information for capital_of:

location, location,
capital, center, heart, province, -

A 4

Figure 2.1: Example of relation classification based on side information.

To address the limitations mentioned above, we focus on relation classification in the context
of zero-shot learning. Zero-shot learning (ZSL) is similar to the way humans learn and
recognize new concepts. It is a novel learning technique that does not use any exemplars of
the unseen categories during training. We propose a zero-shot learning model for relation
classification (ZSLRC), which focuses on recognizing new relations with no corresponding
labeled data available for training. ZSLRC is modified on prototypical networks utilizing
side (auxiliary) information. We construct weighted side information from labels and their
synonyms, hypernyms of two-name entities, and keywords from training sentences. The
ZSL-based model can recognize new relations based on the side information available for it
instead of using a collection of labeled sentences. We incorporate side information to enable
our model to identify relations that never appear in the training datasets. We also build an
automatic hypernym extraction framework to help us acquire hypernyms of different entities
directly from the web. Details of side information construction are described in Section 2.3.2.

Figure 2.1 shows an example of how side information can be used for classifying relations.
Different side information is given for different relations. The query sentence in the example
has a relation of classmate_of, but the word classmate never appears in the sentence. We
first get the two name entities Nell Newman and Mayday Parker of the sentence and extract
the hypernyms of the name entities person and person based on our proposed hypernym
extraction module in Section 2.3.2. In this example, relation capital of is eliminated because



the hypernyms of capital of should be location and location. Then we extract the keywords
course and school from the query sentence and compare the distance with the keywords in
the side information box. In this way, relation children_ of is eliminated.

To make relation classification effective in real-world scenarios, we design our model with the
ability to classify both relations with training instances and relations without any training
instances. We modify the vanilla prototypical networks to deal with both scenarios and
compare the distance between the query sentence and the weighted prototype. If the expo-
nential of the minus distance is above a threshold, we consider the query sentence to have a
new relation. For new relations identification, we take the side information embedding from
the query sentence and compare the distance of it with the side information embedding of
new relations. We conduct different experiments on both a noisy and a clean dataset and
add different percentages of new relations to evaluate the effectiveness and robustness of
our proposed model. Besides, we also evaluate our proposed model in supervised learning,
few-shot learning, and zero-shot learning tasks. The results show that our proposed model
outperforms other existing models in all three tasks. The contributions of this chapter can
be summarized as follows:

« We propose the first approach (ZSLRC) to enable zero-shot learning on relation classi-
fication without relying on other complex models that need to be learned and assumed
to be 100% accurate.

o ZSLRC uses side information including labels, keywords, and hypernyms of name en-
tities, and it has been shown that our model can perform competitively using the
weighted side information. We build an automatic hypernym extraction framework to
extract hypernyms of words from the web.

« We modify prototypical networks to recognize new relations in addition to recognized
previously known relations. Results show the effectiveness and robustness of our mod-
ified prototypical networks in different learning tasks.

o We demonstrate that our proposed model significantly outperforms state-of-the-art
methods on supervised learning, few-shot learning, and zero-shot learning tasks. We
ran extensive experiments on two datasets.

2.2 Related Work

Supervised Relation Classification. Relation Classification aims to classify relations
between entities. Many existing relation classification methods are based on supervised
learning, where neural networks are used to extract semantic features from text automat-
ically. For example, convolutional neural networks (CNNs) are used to learn textual pat-
terns [40, 121, 150, 205, 244, 265]. Recurrent neural networks (RNNs) are used to better



capture the sequential information present in the input data [149, 246, 263]. Graph neural
networks (GNNs) are used to find dependencies and capture long-range relations between
words [255, 264]. Although these traditional Relation Classification methods have achieved
promising results by taking advantage of supervised or distantly supervised data, they exhibit
a fundamental limitation since they all need large quantities of labeled training data.

Open Relation Extraction. Many existing approaches focus on discovering new relation-
ships in open-domain corpora. This is because traditional supervised RC can not find new
relation types due to their limited ability to classify predefined relation types. Open RE
or Open information extraction (OpenlE) aims to extract relation phrases directly from the
text. For example, tagging-based methods [31, 90] and clustering-based methods [139, 222]
are used to discover new relation types. Other work proposed Relational Siamese Networks
to transfer relational knowledge from supervised OpenRE data to calculate the similarity of
unlabeled sentences for open relation clustering [222]. However, OpenRE can not effectively
select meaningful relation patterns and discard irrelevant information. In the real world,
methods that rely on predefined relation types are always known to lack of training data.

Zero-shot Learning. Zero-shot learning has been widely applied in computer vision [12,
88, 94, 110, 166, 225, 242]. Similar to zero-shot learning, few-shot learning is well-studied in
the field of relation classification [37, 51, 52, 72, 240, 243]. However, compared with zero-shot
learning for computer vision and few-shot learning explored in relation classification, there
exists little work toward zero-shot learning in the domain of natural language processing.
Some current work uses a transferable architecture to jointly represent and map event types
in order to detect unseen event types [83]. Other work proposed a zero-shot learning method
for relation extraction from webpages with unseen templates [133]. However, this method
solves a different problem, only predicting relation types in unseen structures of webpages
instead of new relation types. The most related work to zero-shot learning for relation
classification uses zero-shot learning to extract unseen relation types by listing questions
that define the relation’s slot values [101]. However, this method requires external help, such
as a question-answering dataset annotated by a human. In addition, this method assumes
that (1) a good reading comprehension model is learned and that (2) all values extracted
from this model are correct. In contrast, our proposed model can identify new relation types
without training sentences and does not need to rely on other models. We construct weighted
side information to train the model without labeled training sentences. For example, some
previous works use side information from knowledge graphs or labels to lower the noise and
improve performance in distantly-supervised relation classification [78, 200].

2.3 Methodology

In this section, we introduce the overview of the ZSLRC model. Figure 2.2 shows the archi-
tecture of zero-shot learning for relation classification. It consists of three parts: Sentence
Encoder, Side Information Extraction, and Prototypical Network with Weighted Side Infor-



mation Embedding. We describe these parts in detail below.
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Figure 2.2: Model of Zero-shot Learning for Relation Classification (ZSLRC)

2.3.1 Sentence Encoder

The inputs of the ZSLRC model are a set of sentences {x1, z9, 23, - - -, } and its corresponding
entity pair. For relations with training sentences, our model measures the probability of
each relation r’ by measuring the distance between query sentences and the average weight
of training sentence embeddings. For relations without training sentences, the probability
of r" is done by measuring the distance between side information from query sentences and
side information from relation types.

Word Embeddings

Word embeddings aim to map words or phrases from vocabulary to vectors of numerical
forms. The distributed representations are learned based on the usage of words, which allows
words that are used in similar ways to result in having similar representations, naturally
capturing syntactic and semantic meanings of the words. In this chapter, we first tokenize
and lemmatize all words in a sentence, and a 50-dimension GloVe, a pre-trained global log-
bilinear regression model for the unsupervised learning of word representations, is used as
our initial word embeddings [155]. If the words are out of vocabulary, they are randomly



embedded first, and the vectors are updated while the model is training. Word embedding
vectors are updated through training the model.

Position Embeddings

Word positions also play an essential role in relation classification. Words closer to name
entities have more influence on the determination of relation types. We use position features,
a combination of relative distances from the current word to both entities, to identify entity
pairs [244]. After concatenating position embeddings and word embeddings, the vector
representation transforms a sentence into a matrix S € R**?¢, where s is the sentence length
and d = d,, +d, x 2. For each word w € S = {wy, ws, - - - w,}, its embedding ; is initialized
as follows:

W; = w; D pi1 D Pz (2.1)

where w; is the pre-trained word vector and p;1, p;» are two corresponding position embed-
dings of the current word with two name entities. Symbol & indicates the concatenation
operator. The matrix S is then fed into the CNN encoder.

CNN Encoder

Because convolutional neural networks can merge all local features and perform the pre-
diction globally, we choose CNN to encode our input embeddings. We learn the instance
embedding as follows:

)

2.2
z; = maz(0, ;) (2.3)

[s]; = max {[d1];, -+ [4al;} (2.4)
where C NN (-) is a convolutional layer with window size n over the word sequence. A non-

linear activation function ReLLU is added after the convolutional layer. Function max denotes
max-pooling and [-]; is the j-th value of a vector.
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Figure 2.3 shows the architecture of the CNN encoder used in this chapter. Due to time
complexity, We simply use one convolutional layer, one non-linear layer, and one max pooling
layer to get the sentence embedding. The parameter settings are described in Section 2.4.3

Side Information Embeddings

Label information and keywords in each sentence also play an essential role in improving the
performance of relation classification. For relations without any training sentences, hyper-
nyms, labels, and their corresponding synonyms are used as side information. Side informa-
tion embeddings are concatenated to the prototype for each relation after the CNN encoder.
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Figure 2.3: CNN Encoder
The final prototype including side information for each relation can be expressed as follows:

sy, D st D St r=20 (2:5)

o — {T@Sih@sz'r@sik r#0
=

where r is the initial prototype for each relation, si; represents the side information from
hypernyms, sz, is the side information from relation types, siy is the side information from
keywords in all training sentences of one relation type and si; is the synonyms for rela-

tion types. Details for side information description and its extraction will be described in
Section 2.3.2.

2.3.2 Side Information Extraction

Side information is the auxiliary information used to detect new relation types. For relations
with training sentences, side information is the hypernyms of two entities, the relationship
between two entities, and keywords from all training sentences with the same relation type.
For relations without training sentences, the side information is hypernyms of two entities
by manually labeling, the relation types themselves, and synonyms of the relation types. For
query sentences, the side information is hypernyms of two entities and keywords extracted
from the sentence.

In this section, we describe hypernyms extraction and keyword extraction in detail because
the relationship can be easily obtained from labels, and synonyms of relation types can also
be easily acquired through WordNet or other dictionaries [142].



Hypernyms Extraction

A hypernym is the broad meaning of more specific words. For example, an animal is a
hypernym of a dog. The hypernym of two entities in one sentence is extremely important
for relation classification. Figure 2.4 shows an example of different sentences with different
hypernyms, indicating that hypernyms can help classify different relation types. For example,
relation capital of can only occur between two locations, and relation child of can only
occur between two people.

Beijing is the capital of China. Location (Beijing) Location (China)
The capital of France is Paris. Location (France) Location (Paris)
Mayday Parker is the child of Peter Parker. Person (Mayday) Person (Peter)

Figure 2.4: Example of sentences with different hypernyms.

Hypernyms of entities are not easy to acquire. Some existing tools, such as WordNet can
only acquire hypernyms from limited vocabularies. In our experiments, less than 10% of
entities can achieve their corresponding hypernyms through WordNet. Some previous works
used entity types (hypernyms) defined by FIGER as side information [119, 200]. However,
only 112 entity types are provided by FIGER, and only 38 of them are used as entity types
by [200]. Most of the name entities from sentences in the real world can not get their
hypernyms based on this list due to its fixed size and limited entity types. Therefore, we
provide an approach for extracting hypernyms through external help from the web.

Hypernyms can be discovered through the definition of entities. We build an automatic
hypernym extraction framework based on WordNet, Merriam Webster ! and Wikidata 2.
Merriam-Webster includes a part of speech description to distinguish nouns of a person
(biographical) from nouns of location (geographical). In the real world, there are quite a
number of relations that occur between these two hypernyms. Wikidata provides definitions
for different entities. We crawl the definition for each entity through Wikidata and get the
first Noun as hypernym. For example, Jeff Bezos is the founder of Amazon. Commerce is
extracted as a hypernym for Amazon. Most entities, including person, location, or other
nouns, can get their hypernyms through our proposed framework. The entire framework of
hypernym extraction is described in detail in Algorithm 1.

thttps:/ /www.merriam-webster.com /
Zhttps:/ /www.wikidata.org/



Algorithm 1 Hypernym Extraction

Input :sentences {x1, 2,23, - x,} with same relation.

Output : hypernyms of two entities from one relation.

Step 1: Initialize hypernyms to none.

Step 2: Find hypernyms {h%, h%, .- h’f} and {h%, h,- - hg} of entities from WordNet.
Step 3: hy = magor {hl,---hi}, he = major {h},---hy}.

if h == none then

| go to Step 4.
else

| End

Step 4: Getting PoS descriptions PD of entities £ = {ef,---e}} and {e},---€e5} from
Merriam Webster. h = Tokenize(PD)

if h == none then

| go to Step 5.
else

| End

Step 5: Crawling definitions D for E from Wikidata. h = first Noun of T'okenize(D).

Keywords Extraction

The keyword is another crucial factor of side information because it reflects the importance of
the featured item. TF-IDF (term frequency-inverse document frequency) is used for keyword
extraction due to its efficiency [167]. It estimates the frequency of a word in one sentence
over the maximum in a collection of sentences with the same relation type and assesses
the importance of a word in one set of sentences. For relations with training sentences,
all sentences are aggregated as one document d, and TF-IDF is implemented based on the
document. Other models can also be used for keyword extraction.

2.3.3 Prototypical Network with Side Information Embedding

Instead of adding a softmax layer directly after encoders for relation classification, we use
prototypical networks to compute a prototype for each relation after encoders because some
works show that prototypical networks work well for few-shot learning [51, 190]. They are
simpler and more efficient than other meta-learning algorithms, making them suitable for
few-shot or zero-shot learning tasks. By comparing the distance between query sentences
with prototypes for each relation, we can classify the relation. In this section, we describe
the prototypical network model and its transformation with weighted side information em-
bedding for zero-shot learning to detect new relations.

The main idea for the prototypical network is to compute a prototype representing each



relation. Each prototype is the mean vector of embedded sentences belonging to one relation.

= S fol) (2.6)

where ¢; represents the prototype for each relation r; and f, is an embedding function,
which is a CNN encoder in our model. Instead of concatenating all hypernyms and keywords
directly after each prototype, we argue that not all keywords are of equal importance. To
determine a more accurate representation for each relation, we calculate a weighted side
information embedding for each relation. The equation of side information embedding st is

as follows:
hi =+ ho

2

K= 3 (s f (k) (2:8)

i=m-—n

si = f( YO f(k) @@ flk,) &K (2.7)

where f(-) is a word embedding model, h; and hy are two hypernyms for name entities
and k; denotes the keyword. Symbol & is the concatenation operator, n is determined by
exploration search, m is the total number of keywords and «; is a calculated weight by:

count(k, s) N
T .ZOQ(sentence(k, S)

) (2.9)

size(s)

where s is each instance and N is the number of instances in a relation. The final represen-
tation for each prototype with side information embedding ps; can be expressed by:

psi = ¢; © i (2.10)
The probabilities of the relations in R for a query instance z is computed as follows:

exp(~d(fy(x), ps:))
o exp(—d(fo(x). ps))

where d(.) is the Euclidean distance function as below:

Pe(y = psilx) = 5 (2.11)

n

d(fo(x),psi) = | >_(psi — fo())? (2.12)

=1

We use Euclidean distance instead of cosine similarity for distance calculation because previ-
ous work shows that Euclidean distance can improve performance substantially over cosine
similarity [190]. We have not added any attention layer in our final model because (1)
previous work shows there is little improvement in performance compared with vanilla pro-
totypical networks [51]; (2) Ablation study in Section 2.4.4 shows there is no improvement
on ZSLRC with attention layers.



For the zero-shot learning task, each relation is given the embedding for side information of
the relation rather than a small number of labeled training sentences. We take the embedding
of side information into a shared space to serve as the prototype for each relation. The core
idea in traditional prototypical networks is to use an average embedding to represent a
class [51, 190]. If there is no training data in that class, a high-level description of the
class is used to represent that class. We modify prototypical networks to deal with both
relations with training sentences and relations without training sentences. The difference
between traditional prototypical networks and our proposed model is that they calculate the
distance between the query sentence and prototype of each class to find the nearest one. Our
proposed model first decides whether the query sentence is in a class with training data or
one without any training data based on a threshold. The reason is that finding the nearest
distance directly based on all classes (with training data and without training data) is not
fair for the class without training data because the high-level description is too general that
it always has a longer distance compared with the classes that have training data.

Algorithm 2 Algorithms for New Relation Extraction

Input :prototype for each relation ¢;, testing sentence x, threshold ¢.
Output : relationship r of x.

Distance Calculation. d(f,(z),¢).

Take v = exp(—d(fs(),¢;)).

if v >t then

Classification of known relations. r = argmax(

Zijv/)

else

Take side information embedding. f,(z)[SI DIM |
Distance Calculation. d(f,(z)[SI DIM :],c;).

Take Ve = exp(—d(fy(x)[ST_DIM ], ¢c;)).
Softmax of new relations. e, = argmaac(z”“%“ )

/
c; new

We modify the prototypical network as follows: We first compare the distance between an
input sentence with each prototype of known relations. The key mechanism for extracting
new relations is that if the above distance is larger than a threshold, we consider the sentence
to have a new relation. Then we take the side information embedding of the input sentence
and compare the distance between it with prototypes for new relations. Then we use a
softmax layer to compute the probabilities for each new relation. The threshold selection is
essential because it influences the decision of a relation type as an existing relation or a new
relation. We implement a grid search to select the optimal threshold on the validation set.
The entire framework of the ZSLRC model to deal with a combination of known relations
and new relations is described in Algorithm 2.



2.4 Experiments

In this section, we conduct several experiments on two public datasets: NYT [173] and
FewRel [72] to show that our proposed model outperforms other existing models on both a
noisy dataset with a large number of training sentences and a clean dataset with few training
sentences. We design experiments for generalized zero-shot learning tasks and provide a
detailed analysis to show the effectiveness and advantages of our proposed model.

2.4.1 Datasets and Evaluation Metrics

In our experiments, we evaluate our model over two widely used datasets: the NYT dataset [173]
and the FewRel [72] dataset. In the following, we describe each dataset in detail.

e NYT [173]. The NYT dataset was generated by aligning Freebase relations with
the New York Times corpus (NYT). There are 53 possible relationships in total. It is
an unbalanced noisy dataset because all the relationships have a different number of
sentences.

o FewRel [72]. The FewRel dataset is a human-annotated few-shot RC dataset con-
sisting of 80 types of relations, each of which has 700 instances.

To fairly compare the performance of our proposed model with other state-of-the-art models
in supervised learning and few-shot learning tasks, we use the same training, validation, and
testing set of the NYT dataset and the same training and validation set of FewRel. We
evaluate our proposed model on the validation set of FewRel because the test set is not
available directly. In order to properly evaluate the performance of our proposed model in
a zero-shot learning task, we re-split the above two public datasets for training, validation
and testing set. Details of dataset re-splitting and experiment design are introduced in
section 2.4.2. Note that we do not use any other clean, supervised dataset such as SemEval-
2010 Task 8 (SemEval) because this dataset only contains 19 kinds of relations, which is less
persuasive when re-splitting the dataset to evaluate the performance of our proposed model
in zero-shot learning task [76].

The evaluation metrics adopted in this chapter are the standard micro Accuracy (Acc.),
Precision (Prec.), Recall (Rec.), and Fl-score, similar to those used for the baseline.

2.4.2 Experiment Design

In a real-world scenario, there exist both kinds of relations with training instances and with-
out any training instances. To make it simple and clear to understand, we call the relations



with training instances known relations and the relations without any training instances new
relations in the following discussion. To evaluate the effectiveness and robustness of our
proposed model in a zero-shot learning task, we design the testing cases to contain different
percentages (from 0% to 100% with a step of 10%) of new relations. Note that 0% means
a thoroughly supervised learning or few-shot learning scenario, whereas 100% means a com-
pletely zero-shot learning scenario. The experiment design for zero-shot learning relation
classification follows the criteria of zero-shot text classification; the different rates of unseen
classes are used in testing cases [247].

NYT [173]. NYT is an unbalanced noisy dataset with 53 different relationships in total.
We added initial training, validation, and testing sets together and re-split the dataset into
ten types of relations for the training pool. Each relation has over 10k sentences, and the
rest relations are for the validation pool and testing pool. In the training pool, we take
10k sentences of each relationship for training, and the rest types of relations are used to
validate and test known relations. In all, we have 100k sentences of 10 relationships in
total for training, 13k sentences of known relations, and 5k sentences of new relations for
validation and testing. For example, if a new relation capital of is allocated to the testing
set, no capital_of sentences appear in the training set.

FewRel [72]. FewRel dataset has 80 types of relations with 700 instances each. We re-split
the dataset into 40 types of relations for training and 40 types of relations for testing. There
are no overlapping relations among the training and testing sets. To evaluate our proposed
model in a real-world scenario (a combination of known and new relations in the testing
set), we take 300 instances from each relation type in the training set to make a testing
pool containing known relations. In total, we have 40 relations, and each relation has 400
instances in the training pool, 40 known relations. Each relation has 300 instances in the
testing pool, 40 new relations, and each relation has 700 instances in the testing pool.

2.4.3 Parameter Settings

For all the models, we use the pre-trained word embeddings with a 50-dimensional Glove
model (6B tokens, 400K vocabulary) and a randomly initialized 5-dimensional position
embedding on NYT corpus for initialization [155]. Both word embeddings and position
embeddings are trainable during training. The number of feature maps in the convolu-
tional layer is 800, and the side information embedding dimension is 300. We experi-
mentally study the effects of two crucial parameters on our model, learning rate a and
threshold ¢. We use a grid search to select the optimal learning rate o for SGD among
{le —1,1e — 2,1e — 3, 1e — 4} for minimizing the loss, the threshold ¢ for determining a new
relation among {2e — 08, 7e — 08, 2e — 07, 7e — 07} on a validation set with 20% of new rela-
tions. The range of threshold is determined by the minimum and maximum values of e~ on
a validation set, where d is the Euclidean distance between the query sentence and prototype
for each relation. For other parameters, we follow the settings used in previous works so that



Table 2.1: Parameter Settings

Parameter Value
Word Embedding Dimension d,, 50
Position Embedding Dimension d,, D
Side Information Embedding Dimension d; 300
Hidden Layer Dimension dj, 800
Convolutional Window Size n 3
Batch Size 1
Initial Learning Rate « 0.01
Weight Decay 107°
Threshold ¢ 2e-08

our model can be fairly compared with these models [51, 244]. Table 2.1 shows parameters
used in our experiment.

2.4.4 Results
Baseline Methods

We compare our proposed model to several state-of-the-art models in both supervised learn-
ing and few-shot learning tasks. For a supervised learning task on the NYT dataset, we
compare our model with CDNN, which first proposed the idea of position embedding [244].
The reason we chose this model to make the comparison is that we both use similar CNN
encoders so the improved performance of our model is not because of using any better en-
coders such as BERT [34]. The reported result for CDNN is our re-implementation on NYT
because the source code is not available, and their original report is the evaluation on other
datasets [244]. The reported result for the REDN is from the original published literature
[105]. Note that REDN is a relation classification model using the given name entities,
and we only copy the result of the single relation classification of this chapter so that we
can make a fair comparison. For the few-shot learning task on the FewRel dataset, we com-
pare our model with Meta Network, GNN, SNAIL, Proto, Proto-HATT and Proto-
CATT(CNN). The six baselines above on the FewRel dataset are reported by [87], which
are all current state-of-the-art FSL models. Note that the above FSL model Proto-HATT and
our proposed model use the same pre-trained word embedding model 50-dimension GloVe,
CNN encoders, and the same training parameters only except batch size and hidden layer
dimension. For zero-shot learning, we compare our proposed model with the re-implemented
CDNN, REDN, Proto and Proto-HATT on our re-split NYT and FewRel datasets to
show the effectiveness and robustness of our proposed model.



Table 2.2: Results of different models on NYT (%). Our re-implementation is marked by .

Model Precision Recall F1
CDNN* [244] 46.4 52.7  45.8
REDN [105] 95.1 94.0 94.6
ZSLRC 98.1 97.9 97.6

Results on NYT

Table 2.2 demonstrates that our proposed model achieves a substantial gain in precision,
recall and F1-score over other baselines for the supervised learning task. We compare the
ZSLRC model with CDNN [244] as both models use a CNN encoder. The results show
that ZSLRC achieves a significant performance improvement in precision, recall, and F1-
score. Our proposed ZSLRC also outperforms a recently proposed method (REDN) [105]
by 3% precision, 3.9% recall and 3% F1-score though REDN uses BERT encoder. This is
important to note because BERT-based sentence encoders have significantly outperformed
other sentence encoders including our proposed one-layer CNN-based type [87].
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Figure 2.5: Fl-score of ZSLRC when different proportions of new relations appear in the
NYT dataset.

The achieved performance improvement indicates that the proposed side information is com-
petitively beneficial for relation classification. To evaluate our proposed model in a real-world
scenario, we re-split the NY'T dataset and use 40+ relations as new relations with no labeled



Table 2.3: Ablation Results on NYT dataset (Accuracy%)

10%  30% 50% 70% 90%

ZSLRC(HE)  88.04 7057 52.12 3387 15.48

ZSLRC(KE) ~ 93.12 8222 71.00 60.47 49.07
(SIE)
(WSI

ZSLRC(SIE 93.86 85.14 8191 7879 T72.57
ZSLRC(WSIE) 96.64 94.46 92.14 91.82 89.3

training data. As is shown in Figure 2.5, 0% of new relations means it is a supervised
learning task and all relations in the testing set have corresponding labeled training data.
100% of new relations means it is a conventional zero-shot learning task, and all relations
in the testing set do not have any labeled training data. We compare the performance of
our proposed model with CDNN [244] and REDN [105] as we vary the percentage of new
relations in the testing set. As shown in Figure 2.5, the F1-score of both CDNN and REDN
decreases when the percentage of new relations increases. This is because the model can not
detect new relations and instead classifies the new relation as one of the existing relations in
the training set. That is why the F'l-score becomes zero when the new relation percentage
is 100%. The Fl-score of our proposed model ZSLRC only drops around 15% from a fully
supervised case to a zero-shot case, indicating that our model is effective and sufficiently
robust when dealing with new relations.

To investigate the contribution of different side information embeddings in ZSLRC, we con-
duct an ablation study in zero-shot learning settings by adding each component, including
hypernyms embedding (HE), keywords embedding(KE), side information embedding(SIE)
and weighted side information embedding(WSIE). Table 2.3 shows the results of the abla-
tion study different proportions of new relations in the testing set. We find out that all
kinds of side information embedding help detect new relations. Only adding hypernyms
embedding to the model can help detect new relation classes. However, the accuracy rate
drops significantly from 88.94% in 10% of new relations to 15.48% in 90% of new relations.
This is because hypernyms only represent the main categories for name entities and could
help classify the relations roughly without training instances. Compared with hypernyms
embedding, keywords embedding achieves much better performance because keywords (key-
words extracted from training instances of seen class and synonyms of labels of unseen class)
represent discriminative features of each instance, shortening the distance between query in-
stance and prototype. Nevertheless, the performance of ZSLRC(KE) still drops considerably
when the percentage of new relations increases. ZSLRC(SIE) achieves a significant accuracy
performance improvement. Side information embedding is a combination of hypernyms em-
bedding and keywords embedding. It represents high-level information about the instance,
shortening the distance of instances with the same relation. As shown in Table 2.3, it is more
robust when the percentage of the new relation class increases. Since we assume that not
all side information is of equal importance, we also implement ZSLRC with weighted side
information added to the model as introduced in Section 2.3.3. This model achieves the best



Table 2.4: Results of Accuracy Comparison Among Models (%)

Model 5-w-1-s  5-w-b-s  5-w-10-s 10-w-1-s 10-w-5-s 10-w-10-s
Meta Network* 64.46 80.57 - 53.96 69.23 -
GNN* 66.23 81.28 - 46.27 64.02 -
SNAIL* 67.29 79.40 - 53.28 68.33 -
Proto(CNN) 73.62 85.78 88.45 60.96 75.38 78.71
Proto-HATT(CNN)  74.68 86.73 89.64 61.61 77.04 79.99
Proto-CATT(CNN) - 87.48 89.28 - 77.46 80.39
ZSLRC(CNN) 75.83 87.84 89.67 63.54 77.64 80.69

Note that to fairly compare the performance of each model, we only compare the
models with the same 50-dimension GloVe embedding and CNN encoders of the same
parameters. Better results can be achieved through the BERT encoder.

performance. Besides the high accuracy performance with any proportions of new relations,
it is also robust enough that it only drops 7.3% accuracy rate from 10% of new relations
to 90% of new relations. When the proportions of new relation increase, the accuracy of
ZSLRC with weighted side information embedding drops less than the other models.

Results on FewRel

The evaluation results of few-shot learning on FewRel are shown in Table 2.4. Note that
results with * are reported in [72]. The result of the Proto-CATT model is copied from their
original paper because of no public code [87]. We re-implement Proto and Proto-HATT
with all parameters the same except the hidden layer dimension. Both Proto-HATT and
Proto-CATT use CNN encoders and attention layers to help improve the performance. To
fairly compare the effectiveness of side information embedding, we only compare our models
with other state-of-the-art models using CNN encoders with attention layers. Each task is
provided with a set of k-labeled sentences from each of the N classes that have not previously
been trained upon. We conduct the experiments of N-way K-shot few-shot learning tasks
following the method introduced in [153]. Table 2.4 shows that ZSLRC (without any atten-
tion layer) outperforms the other state-of-the-art models using multiple attention layers on
several N-way K-shot tasks, especially for 1-shot cases. The accuracy of our proposed model
on 5-way l-shot and 10-way 1-shot tasks are 75.83% and 63.54%, which is 1.15% higher
and 1.93% higher than the model Proto-HATT. Next, we investigate ZSLRC performance
on N-way one-shot learning. Figure 2.6 demonstrates changes in accuracy as the number
of ways changes in comparison with two state-of-the-art models. As the number of classes
increases, the accuracy drops, but our proposed model has a slower dropping rate than other
models. We conjecture that both the increased difficulty of a larger number of ways and
the side information embedding we have proposed enable the ZSLRC to make more fine-
grained decisions and is therefore more robust to the increased complexity introduced by
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Figure 2.6: Accuracy of our proposed model in different N-way One-shot tasks.

To evaluate the effectiveness and robustness of ZSLRC in a generalized zero-shot learning
task, we evaluate our models on the re-split FewRel dataset. To test the effectiveness and
robustness of our proposed model, we compare our proposed model ZSLRC with Proto(CNN)
and Proto-HATT(CNN) [51] in zero-shot settings described in Section 2.4.2. Figure 2.7
shows the performance of ZSLRC in a real-world scenario with different percentages of new
relations on the re-split FewRel dataset. The accuracy of ZSLRC only drops from 97.3%
to 86.8%, indicating the effectiveness and robustness of our proposed model for recognizing
new relations in the real world. We show that zero-shot learning to new relation types is
possible and we set the bar for future work on this task.

We also conduct an ablation study on the FewRel dataset to learn the effectiveness of
weighted side information embedding. Besides the models introduced in Section 2.4.4, we
also implement a new model with attention layers for weighted distance (WSIEA), to inves-
tigate the influence of the attention layer. Table 2.5 shows the results of the ablation study.
We can observe that all kinds of side information embedding contribute to the performance
of ZSLRC. There is a big accuracy performance improvement when hypernyms embedding
introduced in Section 2.3.2 is added to the model because hypernyms represent a general
embedding for different name entities, which will decrease the variance from different word
embeddings, leading to a shorter distance. Keyword embedding also contributes significantly
to the performance, indicating the importance of keywords to side information embedding.
Similar to the ablation result on the NYT dataset as shown in Section 2.4.4, using side
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Figure 2.7: Accuracy of ZSLRC when different proportions of new relations appear in re-
split FewRel dataset.

information embedding helps improve the performance, and the model with weighted side
information embedding achieves the best performance. We also added an attention layer
built by three neural network layers and a softmax layer on top of each prototype to calcu-
late linear separability based on the distribution of each prototype’s sentence representations.
However, there is no improvement in the attention layer. We conjecture that the weighted
side information embedding has already captured each relation’s vital feature. In this way,
merely using side information embedding helps simplify the model’s architecture, reducing
the complexity of several neural network layers by attention mechanism.

Table 2.5: Ablation Results on FewRel dataset (%).

Model 5-w-1-s  5-w-b-s  5-w-10-s 10-w-1-s 10-w-5-s 10-w-10-s
Proto(CNN) 73.62 85.57 88.17 62.22 75.01 78.50
ZSLRC(HE) 75.66 86.55 88.98 63.28 76.58 79.93
ZSLRC(KE) 74.57 86.70 89.09 62.39 76.99 80.06
ZSLRC(SIE) 75.56 87.34 89.17 63.02 77.16 80.34

ZSLRC(WSIE) 75.83 87.84  89.67 63.54 77.64 80.69
ZSLRC(WSIEA)  75.58 87.16 89.17 62.85 76.71 80.18




2.5 Summary

We propose ZSLRC?, a zero-shot learning relation classification framework based on modi-
fied prototypical networks. ZSLRC can detect new relations with no corresponding labeled
data available for training. ZSLRC utilizes weighted side information constructed from la-
bels, keywords, and hypernyms of entities extracted from our proposed automatic hypernym
extraction framework. We evaluate our model on supervised learning, few-shot learning,
and zero-shot learning tasks. The results demonstrate that our proposed ZSLRC outper-
forms other state-of-the-art models in all tasks. In addition, the results demonstrate the
effectiveness and robustness of our proposed model. In future work, we plan to explore the
following directions: (1) Due to the surprising performance improvement contributed by side
information embedding, we will explore different ways to embed side information, leading
to learning different representations of each prototype (relation). (2) We will explore us-
ing other popular sentence encoders such as BERT to improve the performance for relation
classification.

3Implementation details can be accessed via: https://github.com/gjiaying/ZSLRC



Chapter 3

Prompt-based Zero-shot Relation
Triplet Extraction with Semantic
Knowledge Augmentation

In relation triplet extraction (RTE), recognizing unseen relations for which there are no
training instances is a challenging task. Efforts have been made to recognize unseen relations
based on question-answering models or relation descriptions. However, these approaches miss
the semantic information about connections between seen and unseen relations. In this paper,
We propose a prompt-based model with semantic knowledge augmentation (ZS-SKA) to
recognize unseen relations under the zero-shot setting. We present a new word-level analogy-
based sentence translation rule and generate augmented instances with unseen relations from
instances with seen relations using that new rule. We design prompts with weighted virtual
label construction based on an external knowledge graph to integrate semantic knowledge
information learned from seen relations. Instead of using the actual label sets in the prompt
template, we construct weighted virtual label words. We learn the representations of both
seen and unseen relations with augmented instances and prompts. We then calculate the
distance between the generated representations using prototypical networks to predict unseen
relations. Extensive experiments conducted on three public datasets FewRel, Wiki-ZSL, and
NYT, show that ZS-SKA outperforms other methods under zero-shot setting. Results also
demonstrate the effectiveness and robustness of ZS-SKA.

3.1 Introduction

Relation triplet extraction (RTE) aims to extract both the pairs of entities and relations
from unstructured text. However, existing approaches based on supervised learning [86, 104,
136, 170, 262, 264] or few-shot learning [37, 42, 50, 70, 131, 171] still require labeled data.
They can not catch up with a dynamic and open environment where new classes emerge.
In the real-world setting, the classes of instances are sometimes rare or never seen in the
training data. Thus, we tend to learn a model similar to the way humans learn and recognize
new concepts. Such a task is referred to as zero-shot learning (ZSL). We follow the same
definition of ZSL in [16, 29] to conduct experiments.

26
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Figure 3.1: Zero-shot RTE. There is no overlap of classes between training and testing data.



Zero-shot RTE aims to extract relation triplets in a sentence that is absent from the learning
stage. Figure 3.1 shows an example of zero-shot RTE. The relation sets at the training and
testing stages are disjoint. The model for zero-shot RTE is only trained on the seen relations
in the training stage and extracts triplets with unseen relations in the testing stage. Existing
approaches to zero-shot relation extraction still have limitations. First, some models perform
zero-shot relation extraction by question answering [101] or by using GPT-2 to help generate
synthetic data [29]. These models have a strong assumption that an excellent additional deep
learning model is learned and that all values extracted from this model are correct. Second,
some existing studies formulate relation extraction as a text entailment task [154]. They
only predict a binary label indicating whether the name entities in the given sentence can be
described by a given description. Third, some SOTA models leverage auxiliary information
to tackle zero-shot tasks. They focus on class names/descriptions, losing the connection or
relationships between seen relations and unseen relations [16, 61, 208]. Besides, these works
mainly focus on zero-shot relation classification (ZSRC), which only predicts unseen relations
instead of triplets in the format of <head entity, relation, tail entity>. ZSRC has a strong
assumption that two name entities are available for training. However, it is not realistic that
name entities are already provided.

To address the above challenges, we propose a prompt-based model with semantic knowledge
augmentation (ZS-SKA) to perform zero-shot RTE. We first implement data augmentation
by a word-level sentence translation to generate augmented instances with unseen relations
from training instances with seen relations. We follow a new generation rule introduced in
Sec. 3.3.2 to generate high-quality augmented instances for training in zero-shot settings.
Note that ZS-SKA is trained only on labeled data from seen classes and augmented data
generated from seen classes.

Secondly, inspired by prompt-tuning on pre-trained language models [182, 183], we design
the prompts based on the knowledge graph to integrate semantic knowledge to generally
infer the features of unseen relations using patterns learned from seen relations. For the
prompt design, we consider semantic knowledge information, including relation descriptions,
super-class of relations and name entities, and a general knowledge graph to effectively learn
the unseen relations. Instead of using the real label word directly in the prompt template,
we automatically search a set of appropriate label words based on the knowledge graph for
each label. The weight of each appropriate label word is calculated based on its semantic
knowledge information in Sec. 3.3.2. We calculate the distance between each appropriate
label with the true label itself to help denoise the set of appropriate label words. Then, we
construct virtual label words in the prompt by weighted averaging all appropriate label word
candidates.

Finally, we apply prototypical networks [191] to compute a prototype representing each
relation. Each prototype is the mean vector of embedded and augmented sentences with
prompts belonging to one relation. Euclidean distance is calculated between query sentence
embeddings with prototypes to predict relations. A distance threshold explored in the valida-
tion set is applied to determine the number of relation triplets. For name entity predictions,



we use a name entity extractor to recognize different types of entities. Then, sorted entity
types are compared with the super-class of name entities in the prompt to determine the
final relation triplets. The contributions:

» We propose a prompt-based model with semantic knowledge augmentation (ZS-SKA)
to extract triplets with unseen relations under the zero-shot setting. Unlike some
previous works, ZS-SKA considers semantic information from different granularities
and does not rely on other large models with additional training.

o We present a new word-level sentence translation rule to generate augmented instances
with unseen relations from instances with seen relations. The augmented sentences are
then used as the training sets for unseen relations.

« We propose prompts for training based on an external knowledge graph to integrate
semantic knowledge information learned from seen relations. We construct weighted
virtual label words for the mask in the prompt template instead of using the actual
label sets.

o We demonstrate that ZS-SKA significantly outperforms state-of-the-art methods for re-
lation extraction with unseen relations under the ZSL setting on three public datasets.

3.2 Related Work

3.2.1 Prompt Learning in NLP

With the development of Generative Pre-trained Transformer 3 (GPT-3) [11], prompt-based
learning has received considerable attention. Language prompts have been proven to be
effective in downstream tasks leveraging pre-trained language models [32, 156, 198]. Human-
designed prompts have achieved promising results in few-shot learning for sentiment classifi-
cation [182, 183]. To avoid labor-intensive prompt design, studies explore prompts that are
generated automatically [53, 92, 185]. However, most of the studies focus on supervised or
few-shot learning on text classification [48, 66, 73, 81], event detection [107], relation clas-
sification [24, 73] and name entity recognition [85, 106, 135]. Inspired by these works, we
explore prompt-based zero-shot learning in RTE.

3.2.2 Zero-shot Relation Classification

Relation classification is the problem of classifying relations given two name entities within
a sentence. Most existing works rely on sufficient human-labeled data or noisy labeled data
by distant supervision. When no training instances are available, some studies use zero-shot



relation classification to extract unseen relations. This is typically done using question-
answering models by listing questions that define the relation’s slot values [13, 101]. Some
studies formulate relation extraction as a text entailment task [154]. Some studies utilize the
accessibility of the relation descriptions to get the information for unseen relations [16, 61,
122, 154, 160, 179]. However, these models only utilize class names semantic information,
losing the connections between relations. Other studies focus on establishing the connection
between relations with knowledge graph [108] or contrastive learning [208]. Nevertheless, all
these works only focus on relation classification instead of relation triplet extraction. In the
real world, it is not practical and realistic that two name entities are provided for training.
Therefore, we focus on a more complex and realistic task: extracting both name entities and
their relations.

3.2.3 Zero-shot Relation Triplet Extraction

Current approaches focusing on zero-shot relation triplet extraction (RTE) require large
computing resources and additional deep-learning models. For example, RelationPrompt
requires to fine-tune a pre-trained GPT-2 (124M parameters) as the relation generator [29].
PCRED needs to train the entity boundary detection module by four neural network layers
to get the possible boundaries for name entities in the triplet [99]. ZETT views relation
extraction as a template-filling problem, fine-tuning T5 to get the ranking score for potential
triplets [96]. However, ZETT can not discriminate against similar relations because the
connections of different relations are lost. Inspired by data augmentation from knowledge
graph in text classification [20, 247] and prompt-based few-shot learning [81], we propose a
prompt-based zero-shot RTE framework (ZS-SKA) incorporating external knowledge from
the knowledge graph. Different from these existing works, the data augmentation module
and name entity recognition module in ZS-SKA do not require any additional training. ZS-
SKA can better catch the connections between relations due to the incorporated knowledge
graph in the prompt template.

3.3 Methodology

In this section, we introduce the overall framework as shown in Figure 3.2 of ZS-SKA.

3.3.1 Problem Definition

To do zero-shot relation extraction, we adopt the problem setting in [29, 61] for zero-shot
relation triplet extraction and setting in [16] for zero-shot relation classification. We also
conduct ablation experiments following the zero-shot definition in [216] which is a generalized
zero-shot setting where partial labels are unseen. Given labeled instances belonging to a set
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Figure 3.2: ZS-SKA overall architecture with components explained in Sec. 3.3.2.

of seen classes S, a model M : X — Y is learned, where Y = Se U U; U is the unseen
class. For zero-shot RTE, let Ry = {rl,--- ,r™} and R, = {rl,--- 7"} denote the sets of
seen and unseen relations, where m = |R;| and n = |R,| are the number of relations in the
two disjoint sets, i.e., R, N R, = (). The set of relations R is pre-defined. The input of the
training set consists of (1) seen relations Ry with input sentences X;, (2) unseen relations R,
with super-class S(e;, ), S(e;,) super-class of two name entities, and (3) external knowledge
graph G. Here super-class is the hypernym of the item. For example, location (LOC) is the
super-class of New York. The output of the model is a triplet in the format of <head (e;, ),
relation (r), tail (e;,)> or a set of triplets if X; contains multiple triplets. Our goal is to train
a zero-shot relation triplet extraction model M to (1) learn the representations of both seen
and unseen relations, (2) predict new triplet <e;, , 7, €;,>, where the relation r, is not seen
during the training phase. M is learned by minimizing the semantic distance between the
embedding of the input and relation representations built from the knowledge graph G. For
the zero-shot RC, the only difference with zero-shot RTE is that the two name entities e;,
and e;, are known information with the input sentence X;. Therefore, the model only needs
to predict r,, given X; with e;, and e;,.

3.3.2 Semantic Knowledge Augmentation

Data Augmentation

To enable the model to detect unseen relations without labeled training instances, we first
do data augmentation by translating a sentence from its original seen relation to a new
unseen relation using an analogy. In the word level, we adopt 3CosMul [100], where we use



the top 10 similar words to return, to get the candidates of new words w,,:

cos(x,ry) - cos(x, wg)

w, = argmax (3.1)

vev cos(x,rs) + €

where V' is the vocabulary set, cos(+) is the cosine similarity, r, is the unseen relation, ry is
the seen relation, w;y is the word in seen class and € is a small number to prevent division by
Zero.

Algorithm 3 Sentence Generation for Unseen Relations

Input :sentence x; = [wi, -+ ,w!], two name entities e;, and e;,, original relation label sets R,
target unseen relation label r,,
Output : sentence z with relation r,
for r, € R do
if S(r,) == S(rs) and S(e,) == S(es) then
for w € z; do
if is_walid_pos(w) then
wy, = 3CosMul(w,ry,Ts)
x}'.append(wy,)
else
| x}.append(w)

else
L Continue

return ;'

At the sentence level, we follow Algorithm 3 to translate a sentence of relation 7, into a new
sentence of relation r,. To be more specific, we translate all nouns, verbs, adjectives, and
adverbs in the seen sentence to a new sentence. We do the translation when the super-class
of ry and the super-class of two corresponding name entities in r, are the same as the super-
class of r, and the super-class of two related name entities in r,. If the number of r, that
conforms to the rules is larger than one, we take all the translated sentences and randomly
select the same number as other seen relations to make a balanced training set.

Prompts from Knowledge Graph

For relation extraction, the core issue is to extract the possible triplets from all aspects
and granularities. For zero-shot tasks, we design prompts used as training instances to help
train the model because there is no real training data available. We construct prompts based
on the external knowledge graph ConceptNet [194], a knowledge graph that connects words
and phrases of natural language with labeled edges, for zero-shot relation extraction. Nodes
in ConceptNet are entities, and edges connecting two nodes are semantic relations between
the entities. Because of the relation extraction task, we wrap the input sequence with a



template, which is a piece of natural language text. To be more specific, we build prompts
as ‘S(e;,) is [MASK] of S(e;,). We consider different locations of prompts such as before
and after the input sentence. There is a similar performance, so we put the prompts after
each input sentence. The [MASK] here is a virtual label word r, representing the relation
between S(e;, ) and S(e;,). Unlike using real words, we build the virtual label word that can
primarily represent the relation in each sentence. Instead of building a virtual label word by
simply using the mean vector of the top_k high-frequency words [135], we build our virtual
label word based on a knowledge graph using the following strategy.

Algorithm 4 Virtual Label Generation
Input :word wj;, relation r., threshold 75, number of hop K, Knowledge Graph G, number of
virtual label n
Output : virtual label r,
for w; € V do
if qujli%q?"cl > 7, then
vy = 0, v2, V3, Vgve = H
if w; € G then

| =1
else

L =0
for k € K do

hops = find_ neighbors(w;) € G
if hops then
vg.append(any(hops))
vz.append(sum(hops))
Vave-append(mean(hops))

else
L U?vv?nvave-append(o)
_ v
Qw; = Dim(v)

else
L Continue
QB (wi) oy, - E(wn)
I Sa
return r,

We firstly represent a relation r as five sets of nodes in ConceptNet by processing the class
label 7., class hierarchy S(r.), class description D(r.) and hierarchy of two name entities
S(e;,) and S(e;,). We consider whether a word wj is related to the members of the five sets
above within K hops or not. The value of K is determined through the grid search on the
validation set. For each of the five sets above, we consider v; (whether w; is a node in G in
that set), vo (whether w;’s neighbor is a node in G), v3 (number of neighbors of w; in G).
The above values associated with each set demonstrate the semantic distance of w; and the
corresponding set. The detailed construction of virtual label r, is shown in Algorithm 4.



3.3.3 Model Architecture and Training
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Figure 3.3: BERT-CNN Instance Encoder.

Figure 3.3 shows the architecture of the encoder used in this chapter. We first tokenize and
lemmatize all words in a sentence. Two special tokens [CLS| and [SEP] are appended to
the first and last positions, respectively. Then BERT [35] is used to generate the contextual
representation for each token w;. Because relation is not only related to the original name
entities in augmented sentences generated by data augmentation, we have not used any
position embeddings to show the positions of e;, and e;,. Let h; represent the hidden state
of the input sentence. We use CNN(-) ReLU and a max-pooling layer maz(-), to derive the
representation:

h; = max(ReLU(CN N (x;))) (3.2)

where z; is the tokenized input sentence:
Li = wz?”T’la T 7wi+”T’1 (33)
We obtain the hidden state vectors of prompts h,:
hy = E(S(ei,)) @ E(ry) @ E(S(e;,)) (3.4)

where F(-) is the embedding function, S(-) is the super-class of the input word and r, is the
virtual label embedding. The final representation for each instance is the concatenation of

h; and h,,.



Name Entity Extractor

7S-SKA includes a name entity recognition encoder to extract name entities given the input

X, with predicted relation r;. A fine-tuned BERT ! is implemented to recognize different
types of entities. Each entity e; will be assigned a possibility score score; with entity types
T(e;) (i.e. B-PER, I-LOC).

< e;,T(e;),score; >= Enpr(X;) (3.5)

where Enggr is the name entity extractor based on BERT. Based on the predicted relation
sets R;, super-classes of the possible name entities S(e;,) and S(e;,) can be accessed from
the prompt templates. Then, we filter out the entities whose types are different from the
super-classes in the prompt template for each relation:

E; ={ei|T(e;) = S(e;), score; >= 7.} (3.6)

where FE; is the possible entity sets after the filter, S(e;) is the super-class of the target
relation in the prompt template and 7, is the threshold for the possibility of name entity

types.

Model Training

The objective of training ZS-SKA is to minimize the distance between each instance embed-
ding h; @ h, and the prototype ¢; embedding representing each learned relation (different
colors in prototypes representation in Figure 3.2). Instead of using a softmax layer to classify
seen relations and unseen relations, we adopt prototypical networks to compute a prototype
for each relation after the BERT-CNN encoder. Each prototype is the average instance
embeddings belonging to one relation:

1 N
e =~ D folhi & hy) (3.7)
=1

where ¢; represents the prototype for each relation, fy is the BERT-CNN encoder, h; is
the representation for each original or augmented sentence and p; is denotes the prompt
embeddings introduced in Sec. 3.3.2. The probabilities of the relations in R, and R, for a
query instance x is calculated as:

el @ hy). )
Poly =) = SR (o hp)s )

where d(.) is the Euclidean distance for two vectors. For multiple zero-shot RTE, we set
a distance threshold 7, to determine the number of possible unseen relations. During the

(3.8)

thttps:/ /huggingface.co/dslim /bert-base-NER



Table 3.1: The statistics of each dataset.

#instances #relations avg. len.

FewRel 56,000 80 24.95
Wiki-ZSL 94,383 113 24.85
NYT 134,152 23 38.81

inference phase, ZS-SKA predicts the relation set R; by comparing the normalized distance
d(x;) with the threshold 7:

R; = {ri|softmax(d(z;)) < 14,7; € R} (3.9)

where d(.) is the Euclidean distance. The final distance threshold 7, for the testing phase is
chosen by the threshold value that has the best performance in the evaluation phase. For
zero-shot RTE, the final relation triplets are the combination of E; from Equ. 3.6 and R;
from Equ. 3.9. For zero-shot RC, only R; is provided for the result.

3.4 Experiments

We conduct several experiments with ablation studies on three public datasets: FewRel [72],
Wiki-ZSL [16, 193] and NYT [173] to show that our proposed model outperforms other
existing state-of-the-art models, and our proposed model is more robust compared with the
other models in zero-shot learning tasks.

3.4.1 Evaluation Settings
Dataset

In our experiments, we evaluate our model over three widely used datasets: FewRel [72],
Wiki-ZSL [16] and NYT [173]. FewRel and Wiki-ZSL are two balanced datasets and NYT
is an unbalanced dataset. The statistics of FewRel, Wiki-ZSL, and NYT datasets are shown
in Table 5.1. We provide a more detailed description below:

o FewRel [72]. The FewRel dataset is a human-annotated balanced few-shot RC
dataset consisting of 80 types of relations, each of which has 700 instances.

o Wiki-ZSL [16]. The Wiki-ZSL dataset is a subset of Wiki-KB [193], which filters
out both the 'none’ relation and relations that appear fewer than 300 times.

e NYT [173]. The NYT dataset was generated by aligning Freebase relations with
the New York Times Corpos (NYT). There are 53 possible relations in total. It is an
unbalanced noisy dataset because all the relations have a different number of sentences.



Baselines and Evaluation Metrics

For RTE in ZSL, we compare our proposed model ZS-SKA with six SOTA zero-shot RTE
models: TableSequence [203], NoGen [29], RelationPrompt [29], ZETT [96] with two
sizes of T5 models (T5-small and T5-base), and PCRED [99]. For the zero-shot RC task,
We compare our proposed model to eight existing RC models on all three public datasets
to evaluate the model’s ability to detect unseen relations. For clean FewRel and Wiki-
ZSL datasets, we compare our model with CNN [244], Bi-LSTM [253], Attentional Bi-
LSTM [263], R-BERT [223], ESIM [21], CIM [175], ZS-BERT [16], and NoGen [29].
The eight baselines above are reported by [16] and [29]. We also compare the robustness of
our model with the most SOTA re-implemented ZS-BERT, NoGen and RelationPrompt.
For noisy NYT dataset, we compare our model with the re-implemented CDNN [244],
REDN [104] and ZSLRC [61]. The evaluation metric for a single RTE is Accuracy (Acc.)
because each sentence only includes one gold triplet. The evaluation metrics for multiple
RTE are Precision (Pre.), Recall (Rec.), and Fl-score (F1), because there are at least two
gold triplets in the testing set. For RC evaluation, we also use Precision, Recall, and F1-score,
similar to those used for the above baselines.

Parameter Settings

Table 3.2: Parameter Settings

Parameter Value
Word Embedding Dimension 768
Hidden Layer Dimension 300
Sentence Max Length 128
Convolutional Window Size 3
Batch Size 4
Initial Learning Rate « 0.01
Weight Decay 107°
Number of Hops K 1
Similarity Threshold 7 0.6
Distance Threshold 7,4 0.05
NER Threshold 7. 0.5
Number of Virtual Label n )

We follow the experiment settings as [29] and [16] to enable zero-shot RTE and zero-shot
RC tasks. We randomly select m unseen relations and remove all the instances related to
these m relations in the training set to ensure that these m relations have not appeared in
training data. m is varied to examine how performance is affected. For the hyperparameter
and configuration of ZS-SKA, we implement ZS-SKA with PyTorch and optimize it with



an SGD optimizer. The initial learning rate is selected via the grid search within the range
of {le —1,1e — 2,1e — 3, 1le — 4} for minimizing the loss, the cosine similarity threshold is
selected from 0 to 1 with step size 0.1. The distance threshold for determining the number
of triplets in a given sentence is set to 0.05, which is explored in the validation set. NER
threshold is selected from 0.1 to 0.9 with a step size of 0.2. Table 3.2 shows other parameters.
We follow the early stopping strategy when selecting the model for testing. The model is
evaluated on the validation set every 50 epochs. The time for training is around 6 hours
depending on the computing resources. GPU with 16G memory is required for training.

3.4.2 Results and Discussion
Zero-shot Relation Triplet Extraction

Main Results Table 3.3 shows the results of both single and multiple RTE on FewRel and
Wiki_ ZSL in ZSL. The results of our proposed model are reported by the average of five runs.
For single RTE, we observe that ZS-SKA significantly outperforms other baselines when m=5
and m=10. From Table 3.3, ZS-SKA demonstrates better performance on Wiki_ZSL than
on FewRel, as it shows a greater increase in accuracy compared to the strongest baseline.
This indicates that our proposed model is more robust and effective on the dataset with more
classes as Wiki_ ZSL has 113 relations and FewRel has 80 relations in all. For multiple RTE,
ZS-SKA consistently achieves the best F1 score in all settings, except when m=>5 on the
FewRel dataset. Compared to other baselines, ZS-SKA achieves a relatively high precision
score, resulting in a better F1 score. Downstream applications for RTE, such as building
knowledge graphs using the extracted triplets, require high-quality data. A high precision
and relatively low recall performance may result in missing some gold labels (i.e. missing
links for the knowledge graph). However, a high recall and low precision performance (i.e.
NoGen achieves the best recall performance in all settings) means that the model returns
many results, but most of its predicted labels are incorrect compared to the gold labels. This
may introduce much noise (i.e. a noisy dataset) to downstream tasks. We conjecture that
the high precision performance of ZS-SKA is due to setting a relatively smaller distance
threshold in Sec. 77 for determining the number of relation triplets. In future work, a
dynamic threshold could be added to adjust to different datasets.

Zero-shot Relation Classification

ZS-SKA also supports the zero-shot relation classification task by providing two name entities
in the training set. Recognizing unseen relations is mainly supported by semantic knowledge
augmentation in Sec. 3.3.2. Therefore, we carry out relation classification experiments on

NYT, FewRel and Wiki_ZSL datasets to better evaluate zero-shot ability of ZS-SKA.



Table 3.3: Results for Zero-Shot Relation Triplet Extraction.

FewRel Wiki_ ZSL
#unseen Single Multi Single Multi
relations Model Acc. Pre. Rec. F1 Acc. Pre. Rec. F1

TabSeq [203] 11.82 15.23 1.91 3.40 | 14.47 43.68 3.51 6.29
NoGen [29] 11.49 9.45 36.74 14.57 9.05 15.58 43.23 22.26
RelPrompt [29] 22.27 20.80 24.32 2234 | 16.64 29.11 31.00 30.01

m=> ZETTrs5.sman [96] | 26.34  31.12 30.01 30.53 | 20.24 31.62 32.41 31.74
ZETT15base [96] | 30.71 38.14 30.58 33.71 | 21.49 35.89 2838 31.74
PCRED [99] 22.67 43.91 34.97 38.93 | 1840 38.14 36.84 37.48
ZS-SKA (ours) | 32.86 57.50 26.24 36.04 | 44.00 66.70 27.24 38.68
TabSeq [203] 12.54 28.93  3.60 6.37 9.61 45.31  3.57 6.4
NoGen [29] 12.40 6.40 41.70 11.02 | 7.10 9.63 45.01 15.70
RelPrompt [29] 23.18 21.59 28.68 24.61 | 16.48 30.20 32.31 31.19

m=10  ZETTrssman [96] | 23.07 25.52 29.61 27.28 | 14.37 19.86 27.71 22.83
ZETT 15 base [96] 2779 30.65 32.44 31.28 | 17.16 24.49 26.99 24.87
PCRED [99] 2491 30.89 29.90 30.39 | 22.30 27.09 39.09 32.00
ZS-SKA (ours) | 34.03 60.48 23.22 33.28 | 26.40 45.38 29.27 35.30
TabSeq [203] 11.65 19.03 1.99 3.48 9.20 44.43 3.53 6.39
NoGen [29] 10.93 4.61 36.39 &.15 6.61 725 44.68 12.34
RelPrompt [29] 18.97 1773 23.20 20.08 | 16.16 26.19 32.12 28.85

m=15  ZETT754man [96] | 21.08 16.20 23.22 18.90 | 10.74 14.96 19.31 16.79
ZETT s pase [96] | 26.17 22,50 27.09 24.39 | 12.78 1945 23.31 21.21
PCRED [99] 25.14 27.00 23.55 25.16 | 21.64 25.37 33.80 28.98
ZS-SKA (ours) | 23.86 37.29 19.13 25.29 | 20.26 31.23 27.20 29.19

Table 3.4: RC results with different m values on NYT.

m=15 m=30
Precision Recall F1 Precision Recall F1
CDNN 27.94 44.10  33.72 10.17 25.62  14.23
REDN 66.52 65.47  66.98 57.19 56.80  56.99
ZSLRC 96.06 93.84  93.59 94.81 90.46 89.76
ZS-SKA 96.23 94.68 94.42 95.91 90.38 91.27




Table 3.5: RC results (m=15) on Wiki-ZSL/FewRel.

Pre. Rec. F1
CNN 14.58/14.17 17.68/20.26  15.92/16.67
BiLSTM 16.25/16.83 18.94/27.62  17.49/20.92
BiLSTM,;  16.93/16.48 18.54/26.36  17.70/20.28
R-BERT 17.31/16.95 18.82/19.37  18.03/18.08
ESIM 27.31/29.15 29.62/31.59  28.42/30.32
CIM 29.17/31.83 30.58/33.06  29.86/32.43
ZS-BERT 34.12/35.54 34.38/38.19  34.25/36.82
NoGen 54.45/66.49 29.43/40.05 37.56/49.38
ZS-SKA 41.78/45.03  40.50/51.86 39.30/46.99

Results on Unbalanced Dataset The experiment results on unbalanced dataset NYT
by varying m unseen relations are shown in Table 3.4. To make fair comparisons, we use
the same splitted NYT dataset and follow the same threshold schema provided by [61]. We
remove the data augmentation module and only implement the prompts generated through
the knowledge graph as similar side information in ZSLRC model. Apparently, the proposed
7ZS-SKA achieves a substantial gain in precision, recall, and F1l-score over other baselines
on the NYT dataset. When the number of unseen relations in the testing set becomes
larger, the superiority of ZS-SKA gets more significant and robust. Such results indicate
the effectiveness of leveraging prompts using virtual labels constructed from the knowledge
graph instead of using keywords learned from the distribution of training data on the noisy
dataset in [61].

Results on Balanced Datasets The evaluation results of zero-shot RC on Wiki-ZSL and
FewRel are shown in Table 3.5. The results of all baselines are reported by [16, 29] and the
result of ZS-SKA is reported by the average of five different random seeds. For a fair compar-
ison, we compare our proposed model with baselines that do not require any training process
for additional models such as the generator (GPT-2). Obviously, ZS-SKA significantly out-
performs other existing models on both balanced datasets for recall value. Besides, ZS-SKA
has the best F1 performance on Wiki-ZSL. The performance improvement indicates that
semantic knowledge augmentation is competitively more beneficial for recognizing unseen
relations than only incorporating text descriptions of relations.

3.4.3 Analysis

Ablation Study



Table 3.6: Ablation study (F1) over ZS-SKA on Wiki-ZSL with different percentages of
unseen relations.

10% 20%  30%  40%  50%
ZS-BERT 58.31 19.59 17.63 11.79  9.52

NoGen 4272 2620 1820 1228  8.69
RelPrompt 67.91 50.02 36.51 22.13 12.94
Oursaug 41.44 3357 26.00 22.04 16.00

Oursprompts ~ 46.59  36.20 2776 19.32 13.72
OursStop2 freq  41.10  33.68  28.49  22.40 18.60
Ourstops freq  40.90  34.85  28.84 22.68 18.25
Oursactraper  42.06  34.89  28.85 2293 18.43
OursonlyBert  37.35  31.80  25.80 20.75 16.51
Oursyy 40.93 35.99 2897 24.64 19.27

To evaluate the robustness and effectiveness of the zero-shot ability of ZS-SKA, we conduct
an ablation study on Wiki-ZSL by removing different modules from ZS-SKA.The zero-shot
setting is followed by the definition that partial relations are unseen in the testing set [216].
This setting is more competitive because all classes (including both seen and unseen relations)
exist in the testing set. Different from the experiments of specific m values, this is a 113-
class classification experiment, including different percentages of unseen relations, which
is more related to the real-world scenario. From Table 3.6, we observe that ZS-SKA is
more robust when increasing the proportions of unseen relations. The performance drops
drastically for ZS-BERT and NoGen when more unseen relations appear. RelationPrompt
is more stable than ZS-BERT and NoGen. But the performance also drops a lot starting
from 40% of unseen relations. Though instances generated by data augmentation for unseen
relations may include noise, the models with data augmentation can be more robust when
large percentages of unseen relations exist in the testing set. We also implement models with
different ways to construct the prompt such as using top k frequency words, and the actual
label itself to evaluate the virtual label construction in ZS-SKA. Virtual label construction is
more effective when 20% or more of unseen relations exist. It is because prompts constructed
by virtual labels contain the semantic information of unseen relations, which shortens the
distance between the query sentence of an unseen relation with the unseen relation prototype.

Case Study

Data Augmentation Table 3.7 shows an example of the augmented data following the
translating rule on the Wiki-ZSL dataset. The relation ‘place_of birth’ is a seen class, and
the other four relations are from unseen classes. We use data augmentation to generate
augmented training instances for these unseen relations. We observe that if the super-class
of both the relation and two name entities are the same, the generated sentences have a good



Table 3.7: Examples of sentence generation from seen relations by data augmentation. Words
in red are name entities for each sentence. S(-) denotes the super-class of the relation or
name entities.

Relation r S(r) S(e) S(es) Sentence

Jessica (born in Manchester) is a
place of birth | location | person | location | British track and field athlete who
competes in the heptathlon.
Johnson (died in Liverpool) is a
place of death | location | person | location | Military track and field athlete who
competed in the decathlon.
Mansion (resided in Villa) is a
residence location | person | location | Colonial residence and peri alumnus
who dominates in the decathlon.
Rich (retired in Arsenal) is a
country location | location | location | European track and field athlete
who competes in the decathlon.
Jess (motivate in Liverpool) is a
educated at act person org. British aims and professional athlete
who educated in the decathlon.

quality with the name entities having unseen relations. If the super-class of the relation or
two name entities of unseen relation is different from that of the seen relation, though the
generated sentences contain the tone of the unseen relation (words in blue), the original two
name entities do not have the target unseen relation. For example, the generated sentence
of relation ’country’ can be explained that Arsenal is from a European country, but such
relation is lost between the two name entities ‘Rich’ and ‘Arsenal’. Therefore, we follow the
rule of using the relation and name entities from the same super-class with that of unseen
relations to generate high-quality augmented instances for training in ZSL.

Virtual Label Construction Figure 3.4 shows an example of ranking the top ten com-
ponents of the constructed virtual label before denoising and after denoising. The virtual
labels shown in Figure 3.4 are generated by Algorithm 4. The red words are irrelevant to
the relation ‘religion_of’. After we refine the virtual label sets using the distance metric,
these irrelevant words are filtered out in our virtual label sets, removing the noise in the
knowledge graph.

Name Entity Extractor Figure 3.5 shows an example of how ZS-SKA uses the name
entity extractor with super-classes information to extract relation triplets. ZS-SKA includes
two steps for RTE. First, unseen relations are predicted by semantic knowledge augmentation.
Based on the predicted relations, super-class information such as ‘LOC’ and ‘PER’ can be
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Figure 3.4: Denoising in virtual label construction.

accessed from the prompt template. Second, the NER extractor is implemented to extract
the types of name entities. For example, the relation ‘birthplace’ happens between ‘PER’
and ‘LOC’ according to the template. The filter in the NER extractor selects ‘Boyd’ in
‘PER’ and ‘Boston’ in ‘LOC’. Similarly, relation ‘capital of’ only happens between ‘LOC’
and ‘LOC’, so the filter in the NER extractor selects ‘Boston” and ‘Massachusetts’ in ‘LOC".
Note that all locations in ‘LOC’ in Figure 3.5 are ranked based on the possibility score.
Then, the predicted relations and entities extracted by the NER extractor construct the
final relation triplets.

fgoyd was born in Boston, Massachusetts, and raised in New Jerseh
| Predict Relation: capital of, birthplace |

Prompt Template NER Extractor
Relation S(ep) S(es) PER: Boyd
capital_of LOC LOC LOC: Boston, Massachusetts,
birthplace LOC PER New Jersey

\ [ <Boston, capital_of, Massachusetts>, <Boston, birthplace, BEoyd> ] /

Figure 3.5: Example of using Name Entity Extractor to extract relation triplets.



Hyperparameter Sensitivity

We examine how some primary hyperparameters, including threshold 7 for denoising virtual
label sets and the number of virtual labels n in Algorithm 4 affect the performance of
ZS-SKA. By fixing m = 15 and varying 7 and n, the results in terms of F1 scores and
Accuracy on NYT, FewRel and Wiki-ZSL datasets are exhibited in Figure 3.6. We find that
parameters 7 and n affect the noisy dataset more than the clean and balanced dataset. We
conjecture that because both 7 and n are used for removing noise and getting more related
semantic information in prompts construction, the noise in prompts may impact more on
noisy datasets because noisy datasets are more sensitive to the noise.

threshold v.s. f1 score with m=15 n v.s. accuracy with m=15
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Figure 3.6: Effects on varying threshold 7 and number of virtual labels n on NYT, FewRel
and Wiki-ZSL datasets.

If the threshold 7 is between 0.5 and 0.6, it achieves the best performance on all three public
datasets. This is reasonable that when 7 is too low, most connected nodes in the knowledge
graph are used to construct virtual label words. Thus, when building the prompts for each
relation, it is more likely to bring the noise to the relation class. In contrast, when 7 gets
too high, some highly related nodes are filtered out to construct virtual labels. We would
suggest setting 7 between 0.5 to 0.6 to derive satisfying results across datasets. As for the
number of words n to construct virtual labels, we find that increasing the number of related
words n to construct virtual labels can achieve better performance. It is reasonable because,
by including more nodes (words) from the knowledge graph to construct the virtual label
representing the relation information, more semantic knowledge information is contained,
leading to a shorter distance between the query sentence embedding with the prototype
constructed from the prompts.



3.5 Limitations

Given the progress made to date with the work we propose in this chapter, we view the
following current limitations as some opportunities to build on in future work. First, data
augmentation is based on word-level transformation. With the development of generation
models, more state-of-the-art data augmentation techniques can be implemented to generate
data for zero-shot tasks in order to further improve performance. Second, the proposed
prompt method depends on information from a fixed knowledge graph, which means it can
not deal with the scenario if the unseen label is an out-of-vocabulary word. We have not
considered this scenario because all classes from the three public datasets are well-known
words or phrases. In future work, to get prompt information when the class word does
not exist in the knowledge graph, we will consider directly using label descriptions or text
generation models such as GPT-2 to generate label explanations.

3.6 Summary

In this chapter, we propose a ZS-SKA utilizing semantic knowledge augmentation to extract
unseen relation triplets with no labeled data available for training to tackle with zero-shot
RTE. The experiments show that with augmented instances, prompts generated through a
knowledge graph, and a NER extractor with prompts, ZS-SKA outperforms other SOTA zero-
shot RTE models. We have also conducted extensive experiments to study different aspects of
ZS-SKA, from ablation study, and case study to hyperparameter sensitivity, and demonstrate
the effectiveness and robustness of our proposed model. In future work, we plan to explore:
(1) Different ways of instance generation and prompt designs for semantic augmented data.
(2) Better approaches for constructing virtual labels in the prompt template. (3) More SOTA
data augmentation techniques to generate data for zero-shot tasks to further improve the
performance.



Chapter 4

Multi-Modal Few-Shot Relation
Extraction with Hybrid Visual
Evidence

The goal of few-shot relation extraction is to predict relations between name entities in a
sentence when only a few labeled instances are available for training. Existing few-shot re-
lation extraction methods focus on uni-modal information such as text only. This reduces
performance when there is no clear contexts between the name entities described in text. We
propose a multi-modal few-shot relation extraction model (MFS-HVE) that leverages both
textual and visual semantic information to learn a multi-modal representation jointly. The
MFS-HVE includes semantic feature extractors and multi-modal fusion components. The
MFS-HVE semantic feature extractors are developed to extract both textual and visual fea-
tures. The visual features include global image features and local object features within the
image. The MFS-HVE multi-modal fusion unit integrates information from various modali-
ties using image-guided attention, object-guided attention, and hybrid feature attention to
fully capture the semantic interaction between visual regions of images and relevant texts.
Extensive experiments conducted on two public datasets demonstrate that semantic visual
information significantly improves performance of few-shot relation prediction.

4.1 Introduction

Relation extraction aims to predict the relation between two name entities in a sentence.
To alleviate the reliance on high-quality annotated data, few-shot learning has drawn more
attention, requiring only a few labeled instances for training to adapt to new tasks. Existing
few-shot relation extraction methods can be roughly divided into two categories. One cat-
egory involves methods only using plain text data, without any auxiliary information. For
example, meta-learning models prototypical networks [50], siamese neural networks [243]
are trained with only a few examples for each class to extract relations. The other category
introduces external data sources such as relation information [130, 131], concepts of enti-
ties [236], side information [61], external datasets [56], and graphs [161], to compensate the
limited information in the above methods, to enhance the performance in few-shot relation
extraction.
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Dimitrie Popescu (born
10 September 1961 in
Straja) is a retired
Romanian rower.

Detected Objects:
person, boat

Relation: <Dimitrie
Popescu, sport, rower>

Figure 4.1: An example of multi-modal relation extraction based on visual information.

However, these methods mainly explore single-modality text-based data and may suffer
a significant performance decline when texts lack contexts. For example, in Figure 4.1,
given two name entities ‘Dimitrie Popescu’ and ‘rower’, it is difficult for text-based models
to detect the relation ‘sport’ without other supplementary information because the word
‘sport’ or other similar words does not appear in the text. As a result, uni-modal models will
incorrectly extract the relation ‘winner’ or ‘candidate’ of the two name entities according to
the short given textual sentence. Even models using external information such as knowledge
graphs or related words with similar meanings still can not correctly extract the relation due
to the limited information in short given textual sentences.

Therefore, we question that Can visual information be a good external source to supplement
the missing contexts in textual sentences for few-shot relation extraction? In the above case,
we can easily classify the relation into ‘sport’ from the guidance of an image showing that a
person is rowing a boat. Utilizing visual information to support contextual information for
texts involves multi-modal learning. However, fusing information from different modalities is
also a challenging task. First, simply concatenating textual and visual features without con-
sidering semantic information may even have a negative impact on the performance as shown
in Sec. 4.4.4. For example, in Figure 4.1, the multiple people’s faces in the background are
noise for the image with the relation ‘sport’ Second, existing multi-modal models (Sec. 4.2.2)
mainly focus on fusing global visual features with text without considering the semantic in-
formation of visual objects in images. In Figure 4.1, visual objects such as ‘person’ and ‘boat’
contain essential information to the relation ‘sport’.

To address these challenges, we propose a Multimodal Few-Shot model based on Hybrid
Visual Evidence (MFS-HVE) for relation extraction. We first generate the representa-
tions through the textual feature extractor in Sec. 4.3.2 and the visual feature extractor
in Sec. 4.3.2. We consider the visual representations from both the local perspective in low
resolution (Sec. 4.3.3) and the global perspective in high resolution (Sec. 4.3.3). To be more
specific, a local feature vector is the embedding of the objects detected from the image, and



a global feature vector is the embedding of the whole image. Because local features only
focus on objects, global features can overcome the problem of sparsity with more information;
however, they may probably contain noise (irrelevant information). We integrate both local
features and global features to solve the problem of sparsity and noise.

Secondly, inspired by the cross-modal attention mechanism [241], we propose a multi-modal
fusion unit including image-guided attention, object-guided attention, and hybrid feature at-
tention to integrating semantic information from different modalities at both global and local
levels. From the global perspective, image-guided attention based on the scaled dot-product
attention [201] combines global feature vectors from the image with texts to capture the
semantic interaction between visual regions of images and texts. From the local perspective,
object-guided attention fuses objects detected from the image with relevant name entities
from the textual sentences. Then the hybrid feature attention fuses all textual and visual
information, including global image features and local object features. The hybrid feature
attention generates a weight vector, multiplied by the multi-modal representations.

Finally, we concatenate text features, image-guided features, and object-guided features
through a cross-modality encoder to generate the final multi-modal representations. Each
relation representation is calculated based on the prototypical networks [191]. Next, based
on the prototypical networks [191], we compute the mean value of all multi-modal support
vectors as the prototype to represent each relation. Because of the hierarchical structure
of the detected objects and name entities discussed in Sec. 4.3.3, hyperbolic distance is
calculated between multi-modal query representations and prototypes to predict the relation.
We conduct extensive experiments on two public datasets MNRE [258] and FewRel [72] to
evaluate whether semantic visual information can supplement the missing contexts in textual
sentences for few-shot relation extraction. FewRel is a uni-modal dataset containing only
text, we crawl the image automatically by icrawler ! for each instance to provide visual
information, which can facilitate future research on multi-modal few-shot relation extraction.
Details are introduced in Sec. 4.4.1. By comparing MFS-HVE with some state-of-the-art uni-
modal few-shot relation extraction models and some multi-modal fusion methods with the
same feature extractors, we show that, in general, models with multi-modal information
perform better than the text-only models. However, our experimental results show that
simply fusing all information directly without considering semantic contexts may have a
negative impact. Our proposed model MFS-HVE, which integrates multi-modal semantic
information at both global and local levels with three different attentions, outperforms other
SOTA multi-modal fusion techniques introduced in Sec. 4.4.2. We also conduct ablation
studies and parameter sensitivity studies to learn the impact of each attention and function.
The contributions of this paper can be summarized as:

» We propose the first approach (MFS-HVE) for multi-modal few-shot relation extrac-
tion. Existing models for few-shot relation extraction only focus on a single data
modality.

thttps:/ /icrawler.readthedocs.io/en/latest/



e MFS-HVE combines information from different modalities through image-guided at-
tention, object-guided attention, and hybrid feature attention to integrating semantic
visual information and textual information.

o We conduct extensive experiments on two public datasets. The experimental results
show that introducing visual information can supplement the missing contexts in tex-
tual sentences for the few-shot relation extraction task.

4.2 Related Work

4.2.1 Few-shot Relation Extraction

Relation extraction predicts the relation of two name entities expressed in a sentence. Re-
cent studies of few-shot relation extraction focused on metric-based representative methods.
For example, the prototypical network learns a prototype for each relation via instance
embeddings [7, 50, 87, 240]. Siamese neural network learns the metric of relational simi-
larities between pairs of instances [52, 243]. Additional data sources are also used to help
improve the performance in few-shot learning. Meta information such as relation infor-
mation [37, 42, 112, 130, 131, 250, 261], concepts of entities [213, 236], additional auxiliary
information [61], knowledge from cross domains [56], data augmentation [62, 159], and global
graphs of all relations [161] are considered as prior information to establish connections be-
tween instance-based information and conceptual semantic-based information. However, the
above studies only explore uni-modal text data. Different from these studies, we propose uti-
lizing different data modalities, including both textual information and visual information,
to supplement the missing semantics in texts.

4.2.2 Few-Shot Multi-Modal Fusion

Few-shot multi-modal fusion extracts relevant information from different modalities and
integrates information collaboratively. MNRE is the first dataset developed for multimodal
relation extraction [259]. Existing few-shot multi-modal fusion has been studied in the
areas of visual question answering [91, 148, 199], image caption [2, 146], action recogni-
tion [152, 214], sentiment analysis [237], and so on. Studies have demonstrated that the
performance of these tasks can be improved by fusing information from different modalities
in few-shot learning [118]. Inspired by these works, we consider fusing visual information
for few-shot relation extraction to provide the missing context in texts. The only work on
few-shot relation extraction focuses on social relation extraction, in which relations describe
connections only between people [202]. Besides, the dataset in [202] is not in English and
includes a limited number of classes, and is therefore not sufficient to conduct 10-way-K-
shot learning experiments. Considering the above limitations, we focus on few-shot general



relation extraction that is conducted on (1) a re-splitted MNRE dataset to satisfy few-shot
learning, and (2) a subset of the FewRel dataset, where we collected corresponding images,
to explore relation extraction in few-shot learning.

4.3 Methodology

In this section, we introduce the overview of MFS-HVE model. Figure 4.2 shows the archi-
tecture for few-shot relation extraction. It consists of two main modules: Semantic Feature
Extractors and Multi-Modal Fusion. We describe these parts in detail below, starting with
problem formulation.

‘:""'i‘luery Set Feature-level Attention Weights
~“Support Set Textual Feature Extractor |
{ Li Na is a retired Chinese professional %
tennis player, who achieved a career BERT == Norm Layer —
high WTA ranking of world No.2
Object Sets support
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YOLO sports ball 0.84 8_ Fusion ‘
o)
£

Similarity Score

RESNET —

Visual Feature Extractor

Figure 4.2: The overview of MFS-HVE. Details of multi-modal fusion is introduced in
Sec. 4.3.3 and Figure 4.3

4.3.1 Problem Definition

We follow the N-way-K-shot definition and settings of few-shot learning from [50] to conduct
our experiments. The N-way-K-shot setting means N classes with K examples of each.
Typically K is no more than 10. There is no overlap between the classes in training data and
testing data. For the multi-modal few-shot relation extraction task, we tend to classify the
relation between two name entities based on text and image inputs. Let the input dataset
represented by a set of tuples (z;, hy, t;, v, 7;), where z; is a sentence, h; is a head entity, t;
is a tail entity, y; is the corresponding image and r; is the relation between h; and t;. Our
goal is to train a few-shot learning model M to learn the representation function for the
above tuples so that when randomly given support set with N relations and corresponding
K tuples (NK tuples in total) as well as a query set with the same N relations and @ tuples,
the model M can predict the relations in the query set base on the given support set. M is
learned by minimizing the semantic distance between the input embedding from the support



set and the embedding from the query set. At test time, we use a different set of relations
and evaluate performance on the query set, given the support set.

4.3.2 Semantic Feature Extractor

Each instance contains a text message and a corresponding image for relation extraction.
The text is the input for the textual feature extractor, and the image is the input for the
visual feature extractor.

Textual Feature Extractor

For the textual feature extractor, we use a pre-trained language model BERT [34] as the
sentence encoder to generate the contextual representation. Two unique tokens [CLS] and
[SEP] are appended to the first and last positions. The input text message is first tokenized
into word pieces, and the positions of the name entities are marked by four special tokens
[SEP] at the start and end of each entity mentioned in the relation statement of [7]. Then
output representation of the textual feature extractor r; can be formulated as follows:

V; = f¢(1’i,h,t) (41)

ry = tanh(W - v; + b) (4.2)

where v; is the output of sentence encoder, f, is BERT encoder, z; is the input sentence,
and h and t are head and tail entities, respectively. A fully-connected layer is added after
BERT encoder, where W € R*6%7% and b € R?S are trainable.

Visual Feature Extractor

Object Feature Representation Object-level features are considered as the semantic
information of the objects appearing in the image instead of the features of the whole image.
For relation extraction tasks, a relation happens between the two name entities. Different
from other multi-modal representation tasks, semantic information of the objects appearing
in the images is of great importance. To extract objects from images, we utilize the pre-
trained object detection model Yolo [10] to recognize the objects in the images. We consider
the top K frequent objects detected in the images to be the object labels because, in most
cases, only the salient objects in the images are related to the name entities. Then, we
transform the object labels into object embeddings to augment the semantic information of



the two name entities and address the problem of semantic disparity of different modalities.
The representation of object-level features r, can be expressed as:

0= 9o(yi) (4.3)
ro = foloo) & -+ @ fo(or) (4.4)
where g4 denotes the object detection model, y; is the input image, {00,01, e ,Ok} € o,

indicating the objects detected in the image, f, is the object embedding encoder and @
denotes concatenation.

Image Feature Representation The global image features are extracted from ResNet18 [75].
We use features from the last layer to produce the global vector. We then transform each
feature vector into a new vector with the same dimension as the representation of the textual
features using a single-layer perception. The representation of image-level features r; is:

v = hg(ys) (4.5)
ri = tanh(W - v; +b) (4.6)

where hy denotes the image encoder, y; is the input image, W € R*%%%12 and b € R*° are
trainable weights and bias.

4.3.3 Multi-Modal Fusion

The architecture of our proposed multi-modal fusion is shown in Figure 4.3, including image-
guided attention, object-guided attention, and feature-level attention.

Image-Guided Attention

A cross-modal attention layer can provide a more sophisticated fusion between different
modalities [195]. Hence, we design a cross-attention layer module that combines the images
and texts to capture the semantic interaction between visual regions of images and texts.
As shown in Figure 4.3, the cross-modal attention layer is image-guided attention, which is
calculated by combining Key-Value pairs from one modality with the Query from another
modality. Specifically, the multi-modal representation is computed based on a modified
version of the Scaled Dot-Product Attention (SA) [201]. The attended feature for images
f,- = G'A(q;, ki, v;) is obtained by reconstructing ¢; using all samples in v; for their normalized
cross-modal similarity to ¢;. The image-guided attention unit is:

(Waoq) (Wik)"

GA(q, k,v) = softmaz(( NG
k

)W) (4.7)
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Figure 4.3: Detailed structure of multi-modal fusion.

where W, Wk, Wy are trainable query, key and value parameters and dj, is the dimension
of key vectors. Note that queries are from visual images, while keys and values are from
text.

For each instance, the textual representation r, € R™*9 is obtained through Equation 4.2
and image representation is obtained through Equation 4.6. We first input the textual
representation r; and image representation r; into fully connected layers, respectively. Then,
the image-guided attention unit models the pairwise relationship between the paired sample
< ry,1; >, where r; guided the attention learning for r;. The new image-guided feature
vector related to r; based on the cross-modal attention can be expressed as:

7; = Layer Norm(ry + GA(ri,r, 7)) (4.8)

where LayerNorm is used to stabilize the training.

Object-Guided Attention

Name entities in the textual sentence are always related to some objects detected from
the input image. As shown in Figure 4.3, we propose an object-guided attention unit to
fuse relevant words (name entities) and visual regions (objects). Given a textual feature r;
obtained from Equation 4.2 and a local object feature r, obtained from Equation 4.4, we feed



these features into a single neural network layer followed by a softmax function to generate
the attention distribution over the objects:

vy, = tanh(Wy,re & (W, 10 + b)) (4.9)

ay, = softmax(W,,v,, + bs,) (4.10)

where r; € RY r, € R4, W,,, W,,, W,,, b., and b,, are all trainable weights and bias. @
denotes concatenation. Based on the attention distribution a;, the new object vector 7,

related to r; is:
To = Za”ro (4.11)

Hybrid Feature Attention

As shown in the middle of Figure 4.3, the hybrid feature attention fuses text information,
global image-guided visual information, and local object-guided information, highlighting
the important dimensions in the joint feature space to alleviate feature sparsity. For few-
shot relation extraction, only a few instances in the support set are used for training so that
the features extracted from the support set suffer from the problem of data sparsity. The
feature-level attention generation block contains one concatenation layer, two or three 2D
convolutional layers, and two or three activation functions, which can pay more attention to
those more discriminative features when computing the space distance.

For space distance, studies show that hyperbolic spaces, where suitable curvatures match the
characteristics of data, can lead to more generic embedding spaces [55, 128]. In the example
shown in Figure 77, the detected object ‘person’ is the hypernym of the name entity ‘Magic
Johnson’ in the text. Thus, we adopt hyperbolic distance with feature-level attention in our
networks to preserve such hierarchical structure:

Is1 = ss”
2 2
(1= {[sIF)(X = [Is2[I%)
where «; is the score vector for relation r; calculated via the hybrid feature attention shown

in Figure 4.3. By multiplying the hybrid feature attention weight by the support and query
embeddings, we make the distance metrics better fit the given support sets and relations.

d(sy,82) = ;- cosh™ (1 + 2 ) (4.12)

4.3.4 Model Training

The objective of training MF'S-HVE is to minimize the distance between each instance embed-
ding Ly and the relation embedding Pp.:(S). A cross-modality encoder concatenates the
three vectors: sentence embedding r;, object-guided textual embedding 7, and image-guided
textual embedding 7;, to yield the multi-modal representation. Then, a fully connected layer



is added to refine the multi-modal representation. The final multi-modal instance embedding
Lmulti is:
Lmulti = Zfanh(VVmuh‘/i : (Tt s> er s> TA‘Z) + bmulti) (413)

where W, and by, are trainable.

Given support set S in the N way K shot setting, we compute a prototype for each of the
N relations R in S based on the multi-modal representations L,,,;;; of K tuples. To be more
specific, the prototype representation P, (S) for R is shown as:

1
=1

To predict the final relation among N ways, hyperbolic distance d as shown in Equation 4.12
is calculated between a query instance and each prototype P.:(S). Then, a softmax
function is applied over the distance vector to generate a probability distribution on relations.
More precisely, the probabilities of the relations for a query instance ¢ are computed as:

ea:p( d((Lmulti>7PM(S)))
SV exp(—d((Louri), Pi(S)))

Pr(y =rilq) = (4.15)

where d(-) is the hyperbolic distance.

4.4 Experiments

We conducted several experiments with ablation studies, case studies, and parameter sen-
sitivity experiments on two public datasets: MNRE [258] and FewRel [72] to show that
integrating semantic visual information with object-level and global feature-level attention
mechanisms can help improve the performance, and our proposed multi-modal fusion method
outperforms other existing fusion models.

4.4.1 Datasets

In our experiments, we evaluate our model ? over two widely used datasets: MNRE [258],
FewRel [72], and a subset of FewRel, which includes only clean images. FewRel is a balanced
dataset, and MNRE is an unbalanced dataset. The statistics of MNRE and FewRel datasets
are shown in Table 4.1. For the MNRE dataset, we randomly re-split the original supervised
MNRE dataset to ensure that there is no overlap of relations between the training set and
testing set. For FewRel and FewRelg,. datasets, we follow the same training and validation
set. We describe each dataset and dataset construction in detail in the following:

2Code is available: https://github.com/gjiaying/MFS-HVE
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Table 4.1: The statistics of each dataset.

#instances #relations avg. len.

MNRE 15,484 23 16.67
FewRel 56,000 80 24.95
FewRel Small 3,703 80 23.90

e MNRE [258]. The MNRE dataset is a public human-annotated unbalanced multi-
modal neural relation extraction dataset. It is originally built upon Twitterl5 [134],
Twitter17 [251] and crawling data from Twitter 3. Each piece of data includes a
sentence with two name entities and an image ID to correlate the text with the image.
Because MNRE is a relation extraction dataset for supervised learning, there is an
overlap of relations between the training and the testing dataset. For few-shot relation
extraction, we randomly re-split the MNRE dataset to ensure no overlap of classes
between the training and testing sets. There are 23 classes in total. After splitting the
dataset, there are 13 classes for training and 10 classes for testing.

o FewRel [72]. The FewRel dataset is a public human-annotated balanced few-shot
RC dataset consisting of 80 types of relations (64 for training and 16 for validation,
another 20 for testing but it is not public), each of which has 700 instances. Because
we need to combine images with the original text, so we only run experiments on
the public part (64 training + 16 validation). Because FewRel is a fully uni-modal
dataset, we insert an image ID to each instance to make it into a multi-modal relation
extraction dataset. The image for each instance is automatically crawled by a built-in
web crawler 4 on wiki data from the Google search engine.

o FewRelypa- FewRelgnay is a subset of FewRel. Because FewRel doesn’t have image
information, we crawl the images for FewRel. We view these images as external infor-
mation, similar to auxiliary information such as label description, knowledge graphs,
entity description, etc. Because images crawled for FewRel is an automatic process,
some of the images are not relevant to their corresponding texts. Noise exists in the
newly constructed multi-modal FewRel dataset. Noisy images are removed to ensure
that FewRelgan is a small, clean, and high-quality multi-modal few-shot relation ex-
traction dataset. Note that we did not do any labeling work. The labels remain the
same in FewRelg, as FewRel, and we only add more information (images) for the
existing dataset.

In all, FewRel is a balanced dataset. Due to the data cleaning, FewRelgy,ay is an unbalanced
dataset. MNRE is also an unbalanced dataset.

3https://archive.org/details/twitterstream
4https://github.com/hellock /icrawler



4.4.2 Baselines and Evaluation Metrics

We compare our model with six only text-based models: Siamese [98], Proto [191],
SNAIL [145], GNN [180], MLMAN [240], MTB [7] and eight text-based models with
external information: REGRAB [161], ZSLRC [61], ConceptFERE [236], MapRE [38],
HCPR [71], GM__GEN [112], FAEA [42] and SimpleFSRE [131]. For multi-modal fu-
sion baselines, we considering fusing the information from different modalities at different
levels. The early fusion includes Concatenation [202], and Circulant Fusion [64]. The
mid-level fusion includes Deep Fusion [212], Dual Co-Att [132], and Protomuitimodar [152].
We follow the same settings as [161] to run the experiments. The evaluation metric is the
Accuracy (Acc.) of query instances.

4.4.3 Parameter Settings

Table 4.2: Parameter Settings

Parameter Value
Textual Information Dimension d; 512
Visual Information Dimension d, 128
Object Information Dimension d, 256
Batch Size 1
Initial Learning Rate « 0.1
Weight Decay 107°
Dropout 0.2
Sentence Max Length 128
Objects Number 2

For the hyperparameter and configuration of MFS-HVE, we implement MFS-HVE based
on the PyTorch framework and optimize it with AdamW optimizer. We report the result
based on a five-times run of the experiment. GPU of 16G memory is needed for the training
process. The training time is around 5-6 hours depending on the computing resource. For the
sentence encoder, we initialize the textual representation by pre-trained BERT [34] and set
the dimension size at 768. Then we follow [7] to combine the token encodings of the entity
mentioned in the sentence. For the image encoder, we initialize the visual representation
by pre-trained ResNet18 [75] and set the dimension size at 512. For the object encoder, we
employ 50-dimensional GloVe (6B tokens, 400K vocabulary) [155] for word embeddings of the
objects detected from the image. Table 4.2 shows other parameters used in the experiment.

4.4.4 Results and Discussion



Table 4.3: Results of Accuracy Comparison Among Models (%) on MNRE and FewRelgyan
Datasets.

MNRE FewRelgman

Modality Model 5-Way 10-Way | 5-Way 5-Way 10-Way 10-Way
1-Shot  1-Shot | 1-Shot 5-Shot 1-Shot  5-Shot

GNN [180] 29.08 22.53 46.38  70.45 28.74 62.07

Snail [145] 30.90 19.43 40.16  60.07 21.19 47.56

Siamese [98] 36.08 26.50 62.74  73.92 42.17 65.05

Only Text

MLMAN [240] 35.08 29.06 63.47  74.47 61.86 72.58

Proto_ BERT [191] 49.75 33.57 75.64  84.64 64.17 75.27

MTB [7] 46.02 32.35 76.38  86.27 65.27 73.81

ZSLRC [61] 45.65 32.23 71.82  81.74 64.88 71.81
ConceptFERE [236] - - 75.86  83.38 68.38 76.06

REGRAB [161] - - 78.53  84.96 70.65 78.00

Text+Others HCRP [71] 31.10 10.45 78.04  84.68 69.54 77.91
MapRE [38] 51.92 35.20 79.44  85.60 70.71 78.84

GM__GEN [112] 52.58 35.82 60.04 73.74 42.22 59.23

FAEA [42] 52.14 33.37 80.80  87.94 71.30 79.29

SimpleFSRE [131] 50.32 35.05 80.84  87.46  T1.67 80.14

Concat [202] 40.17 29.83 74.10  84.69 66.08 75.95
CirculantFusion [64] | 38.39 29.19 73.21  83.58 65.11 76.29

Text-+Image DeepFusion [212] 48.27 33.28 78.38  86.76 66.36 76.08
Protomultimodal [152] | 50.84 34.10 77.18  86.28 68.19 78.29

Dual Co-Att [132] 52.52 35.62 77.60  87.24 68.69 78.54

MFS-HVE 54.88 36.62 | 81.32 89.65 69.52 80.55

Main Results

The experiment results of few-shot learning on MNRE and FewRelg,. are shown in Table 4.3

with the average of five times run. Because some relations have less than ten instances in
MNRE, it is impossible to run 5-shot experiments on MNRE, because we need five instances
for the support set and the same number of instances for the query set. Thus, we only
run 1-shot experiments on MNRE. FewRel is a public dataset with only textual information.
We crawl the image relevant to each textual instance to construct a few-shot multi-modal
dataset: FewRelgynan, which is a subset of FewRel, including only clean images. Note that
the baselines of multi-modal fusion works are implemented based on MTB [7] to have a fair
comparison in few-shot relation extraction.

From Table 4.3, we observe that models integrating external information (labels, graphs,
images, etc) perform much better than only text-based models. Models fusing semantic vi-
sual information can help improve the performance, but the performance highly depends on
the fusion methods. Simply concatenating the visual information or fusing information at a
coarse-grained level without considering semantic meanings such as circulant fusion may neg-



Table 4.4: Ablation study over MFS-HVE components (%) on MNRE and FewRelgyan
datasets.

MNRE FewRelsman

Model Component 5-Way 10-Way | 5-Way 5-Way 10-Way 10-Way

1-Shot  1-Shot | 1-Shot 5-Shot 1-Shot  5-Shot
Only Text 49.39  31.95 76.66  85.82  63.54 76.73
Image Attention 50.43  32.40 78.37  86.75 = 66.28 77.18
Object Attention 50.57  33.63 78.85  86.24  66.96 77.96
Image&Object Attention | 52.26  35.38 80.50  88.72  69.49 79.17
MFS-HVE 54.88 36.62 | 81.32 89.65 69.52 80.55

atively impact the performance. This is probably because these methods treat all visual and
textual information with equal importance (weights). However, only partial visual images
contain relevant semantic meanings to the text. Directly using all information in the image
may bring noise to the textual data. We further explore the robustness in Sec. 4.4.4. After
considering image-guided textual information, object-guided textual information, and joint
learning of text, image, and objects, our proposed model MFS-HVE significantly outper-
forms all state-of-the-art models on MNRE. More details about the performance of different
attention layers of MFS-HVE are discussed in the ablation study in Section 4.4.4.

In summary, based on the experiment results on MNRE, FewRel, and FewRelg,.i1, we have
the following findings:

1. We find that models with multi-modal information perform better than text-based
models in general.

2. Multi-modal models based on high-quality visual information are more robust than
text-based models when the dataset size becomes smaller.

3. The performance of multi-modal models highly depends on the fusion methods. Simple
concatenation or circulant multiplication of information from different modalities may
probably have a negative impact.

4. For the relation extraction task, the local object information from the image is also
very important because they are related to name entities in textual sentences and help
reduce the noise of global image features.

Ablation Study

To illustrate the effectiveness of MFS-HVE and explore the role of each attention unit in
MFS-HVE, we carry out the ablation study on the datasets only with clean and high-quality



Table 4.5: Results of performance decrease in Accuracy(%) from FewRel to FewRelgpan-

5-Way 5-Way 10-Way 10-Way

Model 1-Shot  5-Shot 1-Shot  5-Shot
GNN [180] 12.32 10.90 12.18 6.53
Snail [145] 9.88 12.12 11.19 11.58
Siamese [98] 5.61 8.36 14.24 4.25
MLMAN [240] 330 197 270 2.5
Proto_ BERT [191] 2.20 4.31 3.11 7.35
MTB [7] 314 100 354 3.6
ZSLRC [61] 401 610 234 583
ConceptFERE [236]  3.56 2.96 3.34 3.76
REGRAB [161] 432 48 344 407
HCRP [71] 436 300 276 4.24
MapRE [38] 6.20 724 847  8.80
FAEA [42] 797 678 455 559
SimpleFSRE [131] 545  7.45 579  7.54
Concat [202] 3.08 1.32 2.58 0.83
DeepFusion [212] 2.14 4.72 0.38 0.39

CirculantFusion [64]  3.99 2.60 5.75 2.24
Dual Co-Att [132] = 2.60 158  3.67  2.02
Protomutimodal [152] 201 3.08  3.75 2.99
MFS-HVE 1.95 0.83 0.27 1.32

visual data (MNRE and FewRelgpan) because the performance of fusion with different multi-
modal information is unstable with noisy data.The ablation experiment results shown in
Table 4.4 are reported by the mean value of five times the experimental results. We observe
that utilizing multi-modal information performs better than uni-modal information (text).
However, only using image-guided attention or object-guided attention can not achieve a
great performance improvement. This is probably because considering the whole image from
a global perspective may introduce noise to the text, resulting in a similar performance in
few-shot settings compared with text-based models. In addition, if only object-guided textual
attention is added to the model, the model still can not achieve a significant improvement.
This is because not all images include the objects that are relevant to the name entities in
the text. Thus, when the model jointly fuses image attention and object attention, there is
a promising performance increase. The image attention overcomes the problem of sparsity,
whereas the object attention reduces the noise brought by the whole image features. After
adding hybrid feature attention to fuse all textual and visual information from both global
and local perspectives, a significant performance gain is seen.



Model Robustness

To further study the robustness of integrating visual information with textual information, we
also conduct experiments on the model’s performance comparison on FewRel and FewRelg .11
To make fair comparisons, instead of directly reporting the performance of other state-of-the-
art models, we re-implement other models with the same parameter settings as the models
run on FewRelg .. Table 4.5 shows the results of performance decrease from dataset FewRel
to FewRelgman in few-shot settings. Because the FewRel dataset is more than ten times larger
than FewRelgpan, there are more training instances in FewRel. It is reasonable to expect a
performance drop when the model is training on a smaller dataset. From Table4.5, we observe
that the performance of text-based models drops significantly when the dataset tends to be
smaller. This is because models usually can perform better when more data is available. In
addition, we also find that models based on multi-modal information are more robust than
text-based models. They have a smaller performance decrease than text-based models. Our
proposed model MFS-HVE performs the best in the one-shot learning setting. We conjecture
that the high-quality semantic visual information neutralizes the negative impact of little
training data in FewRelgyay, resulting in a more robust performance of multi-modal models.

Case Study

Congratulations to Angela and Mark
Leslie are getting married. - . Salmons!

JON SNOW & \ Kit Harington (Jon Snow) and Rose
GET MA

Detected Objects: person, person
Ground Truth: <Jon Snow, couple, Rose
Leslie>

. Text-based Model: < Jon Snow, couple,
& Rose Leslie >/

Our MFS-HVE Model: < Jon Snow,
couple, Rose Leslie > v

Rabin, Arafat and Israeli Foreign
Minister Shimon Peres were awarded
the 1994 Nobel Peace Prize.

Ground Truth: <Rabin, winner, Nobel
Peace Prize>

Text-based Model: <Rabin, winner,

W Nobel Peace Prize> v

Our MFS-HVE Model: <Rabin, winner,
Nobel Peace Prize> v/

& Detected Objects: person, person
d Ground Truth: <Angela, couple, Mark
{ Salmons>
Text-based Model: <Angela, peer, Mark
§ Salmons> x
8 Our MFS-HVE Model: <Angela, couple,
Mark Salmons> v/

She is the younger sister of biathlete
and cross-country skier Lars Berger.

Detected Objects: skis, person

Ground Truth: <biathlete, sports, Lars
Berger>

Text-based Model: <Biathlete, sibling,
| Lars Berger> X

Our MFS-HVE Model: <Biathlete, sports,
< Lars Berger> v

(d)

Figure 4.4: The examples of our proposed model MFS-HVE comparing to a text-based

model on both the MNRE and FewRel datasets. We present the relation extraction results
with the detected objects from the relevant image in the right column. The head entities are
highlighted in green, whereas the tail entities are highlighted in red.



Figure 4.4 shows the case study comparing our MFS-HVE model with a text-based model
MTB on both MNRE and FewRel datasets. To evaluate the advantage and effectiveness of
semantic visual information, we compare our model with an unimodal model, which only
depends on textual information. We present four examples of two relations. For each relation,
we present two cases. One case is that both the text-based model and the multimodal model
MFS-HVE predict the relation correctly. The other case is that the relation is incorrectly
predicted by the text-based model but correctly predicted by MFS-HVE.

Based on these examples, we observe that the text-based model only performs well when
rich information is in the text. For the examples shown on the left, the text-based model
can only correctly predict the relation ‘couple’ when relevant words or phrases with similar
meanings appear in the text, such as ‘married’ in the first sentence. Similarly, for the relation
‘winner’, the text-based model also performs well when the long textual sentence contains
detailed information such as the word ‘awarded’. These words relevant to the target relations
provide enough semantic hints for the models with only text. However, not all cases have
such long or detailed textual hints for the model. In the examples shown on the right, the
textual sentences are short, without any words related to the target relation. In these cases,
the text-based model can not predict the relation correctly. The text-based model predicts
‘Angel’ and ‘Mark’ are peers instead of ‘couple’, ‘Roger Federer’ is the ‘participant of’ the
tennis tournament ‘Wimbledon’ instead of ‘winner’ of ‘Wimbledon’. Nevertheless, with the
guidance of informative visual evidence, more semantics are provided to the text. In the
upper-right example, a wedding ceremony is shown in the image, and people objects are
detected in the image. Based on this information, MFS-HVE correctly predicts the relation
‘couple’ instead of other relations in the MNRE dataset such as ‘sibling’, ‘peer’, ‘parent’; etc.
Similarly, in the lower right example, MFS-HVE predicts the relation ‘Roger Federer’ is the
‘winner’ of ‘Wimbledon’ based on the visual information that a person is holding a tennis
racket. In summary, integrating semantic visual information at both global and local levels
provides more relevant information to supplement the missing contexts in textual sentences,
resulting in a better and more robust performance for few-shot relation extraction.

Parameter Sensitivity

Figure 4.5 shows the results of our proposed MFS-HVE model influenced by embedding a
different number of objects detected from the image. By varying the object number from
one to five, the results in terms of Accuracy on both MNRE and FewRelg,,,.; are exhibited in
Figure 4.5. We observe that the object number affects the performance of few-shot relation
extraction. The model achieves the best performance when the object number is two. The
performance drops when the object number increases. This is reasonable because relations
always happen between two name entities. The two detected objects are usually relevant to
the two corresponding name entities if the images are of high quality. Embedding only one
object may lose critical information, whereas embedding lots more objects also introduces
noise (irrelevant information) to the visual information.
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Figure 4.5: Effects on varying the number of embedded objects in one-shot settings on
MNRE and FewRelg,,.; datasets.

4.5 Limitations

We view the following current limitations as some opportunities to build on in future work.
First, MFS-HVE requires high-quality images for training. As shown in Table 4.3, MFS-HVE
has a significant performance improvement compared with models using other text-based
external information on MNRE. This is because MNRE is a public multi-modal dataset
including clean and high-quality images. However, MFS-HVE shows a slight improvement
or similar performance with models using other text-based external information on FewRel.
The images crawled automatically contain much noise, which means some of the crawled
images are irrelevant to the textual sentences. To further improve the performance on the
FewRel dataset, human efforts or other crawling techniques are needed to get a large, clean,
and high-quality image dataset.

Second, we compare MFS-HVE with five different fusion models introduced in Sec. 4.2.2.
There are no existing multi-modal fusion models for the few-shot relation extraction task.
We follow the five models’ papers to implement the multi-modal fusion algorithms. To
meet the requirement for few-shot learning, these fusion methods are built upon MTB [7].
More latest multi-modal fusion methods are needed for performance comparison. To further
improve the performance, more SOTA visual encoders such as ViT [41] and large GPU
memories are needed to conduct more experiments.



Finally, we want to clarify that our work focuses on few-shot relation extraction. We compare
our model’s performance with 14 SOTA open-code few-shot RE models and 5 different fusion
models on two public English datasets. State-of-the-art multi-modal models in supervised
learning for other tasks (i.e. NER, etc) or other languages besides English, are outside the
scope of our paper because not all supervised models could be adapted/changed to few-shot
settings as the training process is completely different.

4.6 Summary

In this chapter, we propose MFS-HVE, a multi-modal few-shot relation extraction approach
leveraging semantic visual information to supplement the missing contexts in textual sen-
tences. Our multi-modal fusion module consists of three attentions, visual-guided attention,
object-guided attention, and hybrid feature attention that integrates information from dif-
ferent modalities at both global and local levels. Experimental results demonstrate that
MFS-HVE leveraging attention-based multi-modal information outperforms other unimodal
baselines and other state-of-the-art multi-modal fusion methods in few-shot relation extrac-
tion. We plan to explore the following directions in future work: (1) We will implement other
powerful state-of-the-art image encoders such as ViT [41] to generate feature-level image em-
beddings. (2) Due to the performance improvement contributed by different attention layers
in few-shot learning, we will explore utilizing the semantic visual information as an external
source in zero-shot learning.



Chapter 5

Knowledge-Enhanced Multi-Label
Few-Shot Product Attribute-Value
Extraction

Existing attribute-value extraction (AVE) models require large quantities of labeled data for
training. However, new products with new attribute-value pairs enter the market every day in
real-world e-commerce. Thus, we formulate AVE in a multi-label few-shot learning scenario,
aiming to extract unseen attribute value pairs based on a small number of training examples.
We propose a Knowledge-Enhanced Attentive Framework (KEAF) based on prototypical
networks, leveraging the generated label description and category information to learn more
discriminative prototypes. In addition, KEAF integrates with hybrid attention to reduce
noise and capture more informative semantics for each class by calculating both the label-
relevant and query-related weights. To achieve multi-label inference, KEAF further learns
a dynamic threshold by integrating the semantic information from both the support set
and the query set. Extensive experiments with ablation studies conducted on two datasets
demonstrate that our proposed model significantly outperforms other state-of-the-art models
for information extraction in few-shot learning.

5.1 Introduction

Product attribute value pairs play important roles for e-Commerce because platforms make
product recommendations for customers based on the key attribute-value pairs informa-
tion and customers use attributes to compare products and make purchases. Existing stud-
ies on AVE based on neural networks view AVE as sequence labeling problems [89, 231],
question-answering problems [187, 206] or multi-modal fusion problems [116, 266]. These
supervised-learning models are well-trained to accurately classify attribute-value pairs when
large quantities of labeled data are available for training. Even the most current open min-
ing model needs a few attribute-value seeds and iterative training for weak supervision [254].
However, in the real world, new products with new attribute-value pairs enter the market
every day in e-commerce platforms. It is difficult, time-consuming, and costly to manually
label large quantities of new product profiles for training. Besides, with the appearance of
new attribute-value pairs, the class distribution becomes long-tailed, where a subset of the
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labels (head labels) have many samples, while the majority of the labels (tail labels) have
only a few samples.

Given the above reasons, we formalize AVE as a multi-label few-shot learning (FSL) problem,
aiming to extract structured product information from unstructured product profiles with
limited training data. We take the common head labels data for training and the limited
tail labels data for testing, and there is no overlap of classes between the training set and
the testing set as shown in Figure 5.1. Recent methods on multi-label FSL have made great
progress in computer vision [3, 189] and natural language processing [77, 123, 257]. Among
these methods, prototypical network [192] has been proven to be powerful and has potential.
However, different from the task for AVE in e-commerce, these models (1) explore only label
tags as auxiliary information, (2) still have noise when learning prototypes, and (3) require
further data or additional models to learn the threshold for label numbers prediction.

Training Testing
Support Set Support Set Support Set
Connectivity: HDMI Filter Type: Cartridge Sensor: Holographic Sensor
1T T Sl <
mESEEm o ok X
Display Type: OLED Material: Stainless Steel Cellular Technology: 6G

19999 -DIRW Amar

Operating System: macOS Power Source: Corded Electric Connectivity: Wireless

T T TR Y S

Query Set Query Set Query Set

EEs B AWK

Figure 5.1: An example of multi-label few-shot product attribute-value extraction task.
To address the above challenges, we propose a Knowledge-Enhanced Attentive Framework

(KEAF) for product AVE. The main contributions of KEAF consist of three parts. (1) To
the best of our knowledge, we are the first to address AVE in the real-world scenario in
e-commerce, where new products enter the market every day. We first formulate AVE as a
multi-label few-shot task in Sec. 5.3.1 to tackle the problem of limited training data for long-
tailed datasets. We sample and balance the real-world dataset in Sec. 5.3.2 to follow a multi-
label few-shot setting. (2) By leveraging both the label description generated by a generator
and the category information as the auxiliary information to obtain more discriminative
prototypes, KEAF can not only avoid the issue that different attribute-value pairs share the
identical prototype for 1-shot learning but also alleviate ambiguity by obtaining both label
and category relevant information. The hybrid attention mechanism also helps reduce the
noise and capture more informative semantics from the support set by calculating both the



label-relevant and query-related weights. (3) To achieve multi-label inference, a dynamic
threshold is learned during the training stage by integrating the semantic information from
support and query sets. The adaptive threshold does not require additional training data
or is based on additional models. Extensive experimental results on two datasets show that
our proposed model KEAF significantly outperforms other existing information extraction
models for AVE.

5.2 Related Works

5.2.1 Attribute Value Extraction

Early works on attribute value extraction use a domain-specific dictionary and rule-based
methods to identify attribute value pairs [59, 158, 186, 219]. With the development of
neural networks, attribute value extraction has been modeled as a sequence labeling prob-
lem [89, 172, 231, 260]. To alleviate data sparse problems, several approaches introduce
question-answering-based models for attribute value extraction [187, 206, 227]. Some meth-
ods fuse visual features to integrate more information for multi-modal attribute value extrac-
tion [116, 207, 266]. More recently, attribute value extraction has been viewed as an extreme
multi-label classification task to reduce the size of labels through label masking [23]. How-
ever, these approaches require large quantities of data while training the model. When new
products appear in real-world e-commerce platforms, it will be difficult for these approaches
to accurately extract attribute-value pairs from product profiles with few labeled data.

5.2.2 Multi-Label Few-Shot Learning

Most works of FSL focus on single-label classification task [7]. However, for product attribute
value extraction in e-commerce, one product may have multiple attribute-value pairs. Early
works on multi-label FSL depend on a known structure of the label spaces [174] and label set
operations [3]. Then, prototypical networks [191] are revised for multi-label cases by learning
a shared embedding space [238], grouping samples multiple times [189], and learning local
features with different labels [233]. However, in one-shot learning, different classes may
have the same prototype because one sample with multiple labels may contribute to the
formation of several prototypes. To address this problem, recent works consider attention
mechanisms [79] and label information to differentiate prototypes [77, 123, 257]. Different
from these approaches, we leverage both label and category information for product attribute
value extraction in e-commerce.



5.3 Methodology

5.3.1 Problem Definition

We consider the following multi-label few-shot classification setting. Given a set of training
(base) classes Yj.qin and testing (novel) classes Yieq, where Yigin N Yieq = @. The model
is trained with numerous samples from Y}, and it can quickly adapt to Yi.q with few

s

labeled data. Each training episode involves a support set S = {(x;, yi)}iN:1 and a query set
Q = {(:,y:)},, where S usually includes K samples (K-shot) for each of N labels (N-way).

Different from the N-way-K-shot setting of traditional single-label FSL [210], multi-label
FSL allows each single instance can have multiple labels simultaneously. However, N is
the number of total classes, and each class has at least K instances (at least one label
will appear less than K times with any instance removed) because we can not guarantee
each label appears exactly K times while each instance has multiple labels. Specifically,
given a product data x =< t,d,l,c >, where t denotes the product title consisting of m
tokens ({t1,%2,...,tn}), d denotes the product description with n tokens ({dy,ds, ..., d,}),
[ is the label description with k tokens ({l1,ls,...,lt}), and ¢ denotes the product category.
The input labels can be represented with a vector y = {y1,v2,...,yn}, where y € {0,1},
indicating the product has the label or not, and N denotes the number of attribute-value
pairs.

5.3.2 Multi-label Few-Shot Data Sampling

Data sampling for multi-label FSL includes three main steps: data splitting, data balancing,
and data sampling. For data splitting, we reconstruct the dataset to guarantee that there
is no overlap of classes between the training set Y., and testing set Y. for multi-label
few-shot situations. We first set upper thresholds ¢, and lower thresholds t; based on the
frequency of class labels for both the training set and the testing set. To solve the long-
tailed problem by FSL, we set thi"tz >> Yieo,, - Then, we filter the dataset by discarding
the samples with the label count below t; or above t,, updating the label dictionary, and
discarding the samples with the label not in the label dictionary. To guarantee that the shot
K¢+ Kg >= 10 for FSL, the filtering process is done iteratively until the number of classes
N is fixed.

Most data have only one label after data splitting, and a highly unbalanced dataset will have
a bias when training and testing. For example, the model can achieve high performance when
only predicting the label with the highest probability if most samples have only one label.
To solve this problem, we balance the data by randomly dropping single-label data to reach a
similar size with multiple-label data. Details of data are discussed in Sec. 5.4.1 and Table 5.1.

For data sampling, different from the single-label classification problem, it is difficult to ex-



actly follow the N-way-K-shot setting in multi-label FSL because each instance may contain
multiple labels. To approximately conduct N-way-K-shot learning, we follow the setting [77]:
(1) all labels appear at least K times in each support set. (2) at least one label will appear
less than K times in the support set if any data pair is removed from it, to construct query
and support sets for each episode. Details for multi-label few-shot data sampling are shown
in Algorithm 5.

Algorithm 5 Multi-label Few-shot Data Sampling
Input : Dataset X, label set Y, shot number Kg for support and shot number Ky for
query, upper threshold ¢, and lower threshold ¢,
Output : Support set S, query set (), query label set ()1,
Initialize S = { }, Q= { }, Qr = [ } and Dict {label : count}
while len(Y ) is not fized do
if Count(Yy, ;) > t, or Count(Yx, ) <= t; then
| X.remove(X; ;)
Y .update(X)
if get class(X;;) ¢ Y then
|| X.remove(X;;)
data_ balancing(X)
for ¢ in Enumerate(Y ) do
indices = Random(Y;, Ks + Kg)
count = 0
for j in indices do
if count < K¢ then
Q.update(X; ;)
Qr-append(Y; ;)

else
if any Dict[Y;;] < Ks then
S.update(X; ;)
Update Dict

return S, Q, Qr

5.3.3 Knowledge-Enhanced Attentive Framework

In this section, we introduce the overview of KEAF in Figure 5.2. It consists of four stages:
contextual representation, label-enhanced prototypical network, hybrid attention, and dy-
namic threshold.
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Figure 5.2: The overview of our proposed KEAF framework.

Contextual Representations

Labels for AVE tasks are attribute-value pairs such as ‘connectivity: wireless’, which may
lose contextual information due to the simple format. To achieve more information related
to labels, we adopt GPT-2 [162] and Japanese GPT-2 ! as the text generator to generate a
detailed description for the attribute-value pairs. For the same example above, the generator
can generate a more detailed explanation for the attribute-value pair as: ‘connectivity is
wireless communication between the user’s device, which has an independent, physical signal
to the user....

We adopt a pre-trained language model BERT [35] and Tohoku BERT ? as the product input
encoder to generate the contextual representation. We construct a string [CLS;c;SEP;¢;SEP;d]
by concatenating product category, title, and description as the input, where CLS and SEP
are special tokens to represent a classifier token and a separator, respectively. The output
representation for the product input r; and label input /; can be formulated as follows:

r, = tanh(W . f@(Ci, ti, dl) + b) (51)

l; = tanh(W - f5(95(1;)) + b) (5.2)

where f is BERT encoder, g5 is GPT-2 generator, c is category, t is title, d is description,
[ is ‘attribute is value’ label information, W and b are trainable weights and bias.

Thttps://huggingface.co/rinna/japanese-gpt2-medium
Zhttps://huggingface.co/cl-tohoku/bert-base-japanese



Label-Enhanced Prototypical Network

As shown in Figure 5.2, we adopt prototypical networks [192] to get the original proto-
type representation of each attribute-value pair by averaging the embedding of support
examples. However, different labels may share the same support instances in multi-label
settings. In multi-label 1-shot cases, prototypes with different labels can have exactly the
same embedding, which causes severe ambiguity for prototype representations. To empha-
size the difference between prototypes and reduce such ambiguity, we leverage more detailed
label descriptions generated by GPT-2 [162] to fully express the semantic information for
attribute-value pairs and help learn more representative prototypes. Label information has
shown a significant effect on learning more discriminative prototypes for multi-label FSL
tasks [77, 123, 257]. Therefore, we combine the semantic label information with the average
of support instances to compute a label-enhanced prototype ¢; with an interpolation factor

n:
G=nx E(y) +(1-n) x — 3 B(z]) (5.3)

where E(-) is the encoder in Sec. 5.3.3, 27 € {z|(z,Y) € S Ay; € Y} is the support instance
labeled with y;, y; is the attribute-value description, and K; is the number of shot in support
set S. The combination of label description embedding and support embedding helps the
prototypes better separate from each other.

Hybrid Attention

The aim of hybrid attention is to select more informative instances by retaining attribute-
value relevant information while eliminating the negative effect triggered by the noise. As
shown in the third stage in Figure 5.2, we first capture the similarity weight «; in the label
by calculating the semantic similarity between the label-enhanced prototype embedding c;
from Equ. 5.3 and the attribute-value description embedding I; from Equ. 6.6:

a; = cos(c;, ;) (5.4)

éi = Q; X ¢ (55)

where cos(+) denotes the cosine similarity and ¢; captures the class-relevant information. To
further capture other informative semantics from query-related instances and reduce the
effect of noise, we apply the instance-level attention, where each instance representation has
a different importance factor f;:

5= enp(L() x L(EG)
iy eap(L(é) x L(EG@)

(5.6)




where L(-) is the linear layer, E(-) is encoder from Equ. 6.5, 2] represents the query instance
and 7; is the final prototype. Now, the final prototype 7; contains label-relevant semantic
information and it can be closer to the instances with features more related to queries.

Dynamic Threshold

As shown in Figure 5.2, we train the threshold value 7 during the training stage by integrat-
ing the semantic information from both the support set and the query set. The thresholding
function T'(+) is calculated by the production of query label counter ¢(zf) with the relevance
score between the final prototype embedding 7; in Equ. 5.7 and query instance embedding r{
generated from Equ. 6.5. The number of query labels is estimated by averaging the number
of support labels of support instance z;:

1
- Nx K

7 =T(p(z]), 5)

)

> (x) ©d(F, ) (5.8)
zr,€EX
where S is the support set, N and K denotes N-way-K-shot, ¢(-) represents the label counter,
® is element-wise production, and d(-) is the distance function. The threshold is dynamically
updated for each training epoch. During the evaluation and testing phase, the framework
predicts the query instance label set Y;? by comparing the distance di with the threshold 7
calculated from Equ. 5.8:

Vi ={yild] <7yl €Y} (5.9)
The final threshold for the testing phase is chosen by the threshold value that has the best
performance in the evaluation phase. The model is trained by repeatedly sampling training
episodes from Y}, with support set S and a query set (). The model parameters are
updated using the following binary cross entropy (BCE) loss:

L= "yl -loga(a))+ (1 —y)-log(1-o(q])) (5.10)

IeqQ i=1

where () denotes the set of instances from the query set of the current training episode, N
is N-way, o(-) is the sigmoid function, and ! represents the ground truth.

5.4 Experiments

5.4.1 Experimental Setup
Dataset

We evaluate our model over two datasets: a large e-commerce platform in Japan, and
MAVE [234], a public product dataset for attribute value extraction. To simulate the few-



Table 5.1: Comparison of our dataset with existing multi-label few-shot datasets.

Train/Val/Test Train/Val/Test Multi-label

Dataset #Instance #Label Percentage
MS-COCO [117] 97,600/-/24,400 64/-/16 38.81%
FewAsp [80] 40,960/10,240/12,800 64/16/20 63.5%
TourSG [218] 19,351/1,600/4,800 68/17/17 18.13%
StanfordLU [43] 3,517/2,512/2,009 14/10/8 16.57%
ML-FSIC [232] - 8/6/6 -
iMaterialist [68] >1,000,000 65/15/40 -
MAVE [234] 29,458/-/2,049 45/-/17 45.25%
Ours 477,166/-/6,421 23/-/14 43.38%

shot situation, we reconstruct the two datasets into FSL settings, where there is no overlap
of classes between the training set and the testing set. The detailed statistics of the two
newly reconstructed datasets compared with other multi-label FSL datasets are shown in
Table 5.1. The distribution of label counts is shown in Figure 5.3.
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Figure 5.3: Label Count Distribution.

Baselines and Evaluation Metrics

We compare KEAF with several state-of-the-art few-shot information extraction approaches

with open code in two categories, only text-based models: Siamese [98], Proto_ BERT [192],
MTB [7], and models with label information: HCPR [70], FAEA [42] and SimpleF-

SRE [131]. They have achieved great performance for single-label FSL but failed to carry

out multi-label few-shot prediction. To make them capable of multi-label prediction, and

also to have a fair comparison, instead of directly using a softmax layer to output a probabil-

ity vector, we add a dynamic threshold introduced in Sec. 5.3.3 for every baseline to predict

the number of labels for each product. For evaluation metrics, we use both micro and macro

precision, recall, and f1 score for multi-label few-shot prediction.



Table 5.2: Experimental results (%) of multi-label few-shot learning on an in-house E-
Commerce dataset.

1-shot
Model Macro Micro
P R F1 P R F1

Siamese [98] 12,52 30.84 16.07 12.11 30.23 17.18
MTB [7] 13.00 36.86 17.70 12.77 36.76 18.87
Proto [192] 24.71 39.73 28.00 30.44 41.82 34.78
HCRP [70] 21.96 39.03 23.36 23.33 35.39 27.65
FAEA [42] 2228 73.01 31.30 19.74 72.66 30.92
SimpleFS [131] | 14.75 69.33 23.12 18.08 72.80 28.93
KEAF w/o att | 24.79 73.57 34.43 2454 75.35 36.92
KEAF 26.59 69.10 35.55 26.38 69.00 37.88

Implementation Details

For product and anchor embedding, we set the max length of product input as 512 and
the max length of anchor description generated by GPT-2 [162] as 32. We initialize the
contextual representation by pre-trained BERT [35] and set the dimension size at 768. We
vary the label interpolation factor n in {0.1,0.5,1.0}, and the optimal anchor weight is
selected by grid search. For configurations, our model is implemented based on the PyTorch
framework and optimized with AdamW optimizer. The learning rate is 10™° with weight
decay 107%. The batch size is 1 and the dropout rate is 0.2. The experiments are conducted
on Nvidia A100 GPU with 80G GPU memory.

5.4.2 Results and Discussions

Main Results

The experiment results of multi-label FSL on the two datasets are shown in Table 5.2 and
Table 5.3, respectively. From these tables, we observe that: (1) Our proposed model signifi-
cantly outperforms other baselines on both macro and micro F1 in 1-shot and 5-shot learning
settings. These results reveal that our proposed model better learns the prototype repre-
sentations and better captures the informative semantics. (2) On the in-house E-Commerce
dataset, models using label semantics (HCRP, FAEA, SimpleF'S, and KEAF) improve model
performance more in a 1-shot setting than in a 5-shot setting. This is consistent with our
expectations that adding label information helps reduce ambiguity, especially in 1-shot set-
tings that only use support embeddings as prototypes. On MAVE, baseline models using
label semantics even have worse performance than models not using label information. We
conjecture that the original labels in MAVE are too simple for the models to learn the label



5-shot

Model Macro Micro
P R F1 P R F1

Siamese [98] 22.16  25.76  21.75 21.38 2455 22.76
MTB [7] 10.16 98.89 18.06 10.12 98.51 18.35
Proto [192] 30.71 40.39 32.81 32.85 42.55 36.86
HCRP [70] 1890 86.08 28.71 16.25 84.68 27.21
FAEA [42] 23.73 77.05 33.78 2223 7799 3447
SimpleFS [131] | 16.81 62.65 25.16 21.59 66.69 32.55
KEAF w/o att | 26.39 73.50 36.69 26.01 75.08 38.48
KEAF 34.54 66.96 42.97 3247 63.63 42.91

Table 5.3: Results of F1 score (%) on MAVE dataset.

Model 1-shot 5-shot
macro micro | macro micro
Siamese [98] 15.83 18.55 | 28.29 28.15
MTB [7] 17.36  18.26 | 20.62 20.76
Proto [192] 30.09 36.79 | 33.56 39.46
HCRP [70] 1855 19.31 | 16.11 16.58
FAEA [42] 16.38 16.87 | 16.63 17.11
SimpleFS [131] | 26.63 30.43 | 17.44 23.05
KEAF w/o att | 33.52 39.71 | 38.22 44.27
KEAF 34.47 44.46 | 36.40 44.33




Table 5.4: Ablation result over components in 1-shot learning setting on in-house E-
Commerce and MAVE datasets.

In-house E-Commerce

Model Macro Micro

p R F1 P R F1
w/o anchor 2093 3716 248 28.63 44.71 34.57
w/o generator | 24.59  47.75 29.32 2759 49.27 35.25
w/o threshold | 24.64 44.66 29.37 28.68 48.26 35.57
w/o category | 23.76 56.62 30.98 27.34 60.32 37.38
w/o attention | 24.79 73.57 3443 2454 75.35 36.92
KEAF (All) 26.59 69.10 35.55 26.38 69.00 37.88

MAVE

Model Macro Micro

p R F1 P R F1
w/o anchor 26.45 3548 25.64 33.22 32.00 32.05
w/o generator | 28.56 32.70 26.77 40.29 33.98 36.08
w/o threshold | 32.99 61.88 38.22 3345 66.77 44.27
w/o category | 18.82 23.83 17.88 35.19 21.66 26.27
w/o attention | 32.42 47.89 33.52 34.58 48.39 39.71
KEAF (All) 31.38 50.92 3447 37.65 55.54 44.46

semantics. They even cause noise for the models. In our proposed model KEAF, we use
the generator to generate a more detailed label description for better integrating the label
information and reducing the noise, resulting in the best performance among all baselines.
(3) MTB shows an extremely high recall score and other baselines also demonstrate good
performances only on Recall. They all show a bad performance on Precision. For attribute-
value extraction in e-commerce, a low precision score means lots of human efforts are needed
to manually remove the non-relevant product attribute-value pairs. A possible reason for the
large recall score is that the directly added dynamic threshold is not well-trained on these
baselines for multi-label prediction. A very large threshold value is learned. These baseline
models try to predict as many labels as possible, resulting in a very large recall value. In
contrast, KEAF better learns the threshold and balances the precision and recall, resulting
in the best performance on the F1 score.

Ablation Study

To verify the effectiveness of each component in KEAF, we conduct a 1-shot ablation study
on both two datasets by removing different components from KEAF in Table 5.4. We have
the following observations based on Table 5.4: (1) Fusing anchor (label) information to



the prototype representations results in a significant performance improvement (i.e. 10.75%
macro F1 increase on the in-house E-Commerce and 8.83% increase on MAVE) because
the anchor information helps discriminate prototype embeddings and reduce ambiguity. (2)
We observe that using the generator to generate a more detailed label description helps
improve the performance more on MAVE (i.e. 11.7% increase of macro F1) than using the
generator on the in-house E-Commerce (i.e. 6.2% increase of macro F1). We conjecture
that this is because MAVE is an English dataset and English GPT-2 is better trained than
Japanese GPT-2 using on the in-house E-Commerce dataset. The generated label description
of MAVE is more accurate than the generated label description of the in-house E-Commerce
dataset. (3) Knowledge of category information shows significant importance on MAVE (i.e.
18.19% micro F1 improvement). We think that this is because attribute-value pairs are from
different categories and adding the category semantics can better separate the prototypes.
(4) Using the attention mechanism can improve the performance by reducing the noise to
some extent (i.e. less than 1% micro F1 increase on the in-house E-Commerce and 4.75%
micro F1 increase on MAVE). More explorations on attention design are needed for future
work.

5.5 Summary

In this chapter, we formulate an AVE task in the FSL scenario to solve the long-tailed data
problem and limited training data for newly appeared products. We propose a knowledge-
enhanced multi-label FSL method based on the prototypical network for product AVE.
Specifically, we design the hybrid attention to alleviate noise and capture more informative
semantics. Besides, we train a dynamic threshold to achieve multi-label inference. Extensive
experimental results on two datasets demonstrate that our proposed method outperforms
other state-of-the-art information extraction models significantly. Ablation study validates
the effectiveness of knowledge enhancement and hybrid attention. In future work, we plan
to explore (1) other knowledge such as taxonomy and images to get more semantic infor-
mation, (2) contrastive learning to enlarge the inter-class difference for better prototype
representation learning.



Chapter 6

Multi-Label Zero-Shot Product
Attribute-Value Extraction

E-commerce platforms should provide detailed product descriptions (attribute values) for
effective product search and recommendation. However, attribute value information is typ-
ically not available for new products. To predict unseen attribute values, large quantities
of labeled training data are needed to train a traditional supervised learning model. Typ-
ically, it is difficult, time-consuming, and costly to manually label large quantities of new
product profiles. We propose a novel method to efficiently and effectively extract unseen
attribute values from new products in the absence of labeled data (zero-shot setting). In this
chapter, we propose HyperPAVE, a multi-label zero-shot attribute value extraction model
that leverages inductive inference in heterogeneous hypergraphs. In particular, our proposed
technique constructs heterogeneous hypergraphs to capture complex higher-order relations
to learn more accurate feature representations for graph nodes. Furthermore, our proposed
HyperPAVE model uses an inductive link prediction mechanism to infer future connections
between unseen nodes. This enables HyperPAVE to identify new attribute values without
the need for labeled training data. We conduct extensive experiments with ablation studies
on different categories of the MAVE dataset. The results demonstrate that our proposed
HyperPAVE model significantly outperforms existing classification-based, generation-based
large language models for attribute value extraction in the zero-shot setting.

6.1 Introduction

Product attribute value extraction (AVE) aims to extract attribute-value pairs (i.e. <color:
red>) from e-Commerce product descriptions, which provides a better search and recom-
mendation experience for customers. Existing studies on AVE mainly focus on supervised-
learning models such as sequence labeling [89, 231], extractive question answering [187, 206]
and multi-modal learning [60, 127, 204, 207] models. These supervised learning models
are trained to only predict seen attribute value pairs. However, new products with unseen
attribute-value pairs enter the market every day in real-world e-commerce platforms. It is
time-consuming and costly to manually label large quantities of new products for training.

Some recent works focus on open mining models [228, 254] to directly extract attribute values
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from product titles or descriptions. However, these approaches can not discover attribute
values that are not explicitly mentioned in the text. In other words, these open mining models
can not extract values that never appear in the product profile. To extract unseen attribute
values, these open mining models use self-supervised learning, but they still need a high-
quality seed attribute set bootstrapped from existing resources. Besides these open mining
models, some generative large language models (LLM) are fine-tuned to autoregressively
decode unseen attribute values from the input text. However, fine-tuning such LLM (i.e.
T5 [163]) requires a lot of time and computing resources.

To address the above challenges, we propose HyperPAVE, a multi-label zero-shot attribute
value extraction model that leverages inductive inference in heterogeneous hypergraphs to
recognize unseen (new) attribute-value pairs (aspects) for which there is no available labeled
training data. Motivated by the inductive graph learning, which shows the superiority of
GNN to inductively adapt to infer unseen nodes [46, 226], we build inductive heterogeneous
hypergraphs employing inductive link prediction mechanisms to infer missing or future con-
nections (e.g., from new ‘product’ node to unseen ‘aspect’ node). The top part of Figure 6.1
shows an example comparison between supervised (Figure 6.1 a) and zero-shot (Figure 6.1 b)
attribute value extraction. Existing works formulate relation propagation as a transductive
link prediction task (Figure 6.1 a), where links can only be predicted between seen nodes
(products and aspects) [18, 137]. To recognize unseen (new) aspects for new products, neg-
ative links are added in the original graph and the model is trained to predict whether an
edge exists between two nodes based on the node features. HyperPAVE aims to learn the
connections between both the nodes’ features that are obtained from the fine-tuned LLM-
based encoder and the complex graph structure. Motivated by the success of combining
inductive GNNs and pre-trained BERT models [84], HyperPAVE is designed to enhance the
inductive hypergraph-based model with fine-tuned BERT contextual embeddings for each
node. Then, HyperPAVE is updated with zero-shot products and aspects with fine-tuned
contextual embeddings, where message-passing is conducted directly on the updated graph,
ensuring the inductive inference ability.

In addition, given the complexity of product data, it is important to design a model that can
capture the heterogeneous, interconnected, and higher-order representation of both product
data and user behavior data. Therefore, our proposed model HyperPAVE consists of vari-
ous types of nodes including ‘category’, ‘product’, and ‘aspect’. The product node records
information including both product titles and descriptions. To fully express the seman-
tic information for attribute-value pairs, the aspect nodes record detailed attribute-value
descriptions generated by a generator. The proposed hypergraph representation uses higher-
order relations to capture complex and interconnected user behavior information (e.g., ‘also
buy’, ‘also view’) and product inventory information (e.g., ‘product has aspects’, ‘category
includes products’). The bottom part of Figure 6.1 shows an example comparison between
graph-based (Figure 6.1 ¢) and hypergraph-based (Figure 6.1 d) attribute value extraction.
To capture complex interconnected user behavior information, instead of using multiple
graphs (one for each behavior e.g., “also buy” and “also view”), we construct hypergraphs



(a) Supervised Attribute-Value Extraction (b) Zero-Shot Attribute-Value Extraction

User Behavior . .
Information (c) Graphs for Attribute-Value Extraction (d) Hypergraphs for Attribute-Value Extraction

Figure 6.1: An example of zero-shot product attribute-value extraction by semi-inductive
link predictions.

using hyperedges to represent user behavior information as higher-order relations. Compared
to using several different graphs to capture complex relations, using a hypergraph (1) can
include more (i.e. user behavior) information for the final node representation, (2) does
not need to include user nodes in the graph, and (3) relations are not limited to binary
connections. The contributions are summarized as:

o We propose a multi-label zero-shot model HyperPAVE to extract unseen attribute val-
ues for new products without labeled training data. HyperPAVE leverages an inductive
link prediction mechanism combined with a fine-tuned BERT encoder to obtain unseen
contextual node features.

o We build heterogeneous hypergraphs with higher-order relations to capture the complex
and interconnected user behavior and structured product inventory information.

o Extensive experiments on the public dataset MAVE demonstrate that HyperPAVE
significantly outperforms the classification model, generative LLMs, and graph-based
models in zero-shot learning. Besides, HyperPAVE also shows the effectiveness and
efficiency of training.



6.2 Related Works

6.2.1 Attribute Value Extraction

Attribute value extraction (AVE) aims at extracting attribute-value pairs (aspects) based on
the product information. Early works use rule-based methods with domain-specific dictio-
naries to match target attribute value pairs [59, 158, 219]. With the development of neural
networks, some studies view AVE as a sequence labeling problem [89, 172, 231, 260]. Then,
question-answering-based models are built to treat attributes as questions and values as
answers [187, 206, 227]. Multimodal fusion utilizing product images as visual features are
learned to integrate visual semantics for products [30, 60, 116, 127, 129, 204, 207, 266]. Some
studies formulate AVE as a multi-label classification task to extract multiple aspects for the
products [23, 33, 63]. To handle unseen attribute values, open mining models [228, 254]
extract aspects directly from the text with limited/weak supervision, and generation mod-
els [188] decode aspects as target sequences. However, all of these approaches (1) require
large quantities of labeled data for training and (2) miss higher-order relations between
products, such as ‘also buy’ or ‘also view’ products.

6.2.2 Zero-shot Learning

Zero-shot learning has been widely applied in the field of computer vision (CV) [157] and
natural language processing (NLP) [17]. Existing works for zero-shot learning in informa-
tion extraction can be roughly divided into three categories: (1) Embedding-based models,
where representations of both seen and unseen classes are learned based on the auxiliary
information such as class information [15, 179] and other external information [61, 122].
However, high-quality external knowledge is required for training the model, resulting in
an increase in training time and resources. (2) Generative-based models, where augmented
samples are generated for unseen classes by generation models (i.e. GAN [144], VAEs [97],
and GPT-2 [162]) based on the samples of seen classes. Then, the zero-shot learning problem
is converted into a conventional supervised learning problem [29, 62]. However, these models
suffer from the noise of augmented samples and performance highly depends on generative
models. (3) Graph-based models, where GNNs [181] are directly used to predict unseen
classes by inductive link prediction [17]. Most studies view this problem as zero-shot knowl-
edge graph completion [58] or zero-shot item recommendation [46]. Attentive GCN is used
to transfer features from seen classes to unseen classes [65]. Ontologies or topologies are
utilized to augment ZSL by capturing relationships between classes [27, 57]. Motivated by
this, we build a product heterogeneous hypergraph to identify unseen aspects with inductive
inference ability while capturing higher-order relations.



6.2.3 Heterogeneous Hypergraph

Hypergraphs are generalizations and extensions of ordinary graphs, where hyperedges can
accommodate an arbitrary number of nodes to capture the higher-order relations [249]. To
handle different types of nodes and edges, heterogeneous hypergraphs are learned by atten-
tion mechanisms [36, 95, 111, 124], wavelets [196], and variational auto-encoder [44, 125].
Though, all of these works are widely applied for social networks [113, 215], academic
citations [217, 221, 248], biological networks [69, 141] or product recommendation in e-
commerce [19, 28, 126, 229], heterogeneous hypergraphs are never applied to attribute value
extraction in e-commerce. Different from the above hypergraphs that build hyperedges by
close neighbors or meta-paths, we construct e-commerce related hyperedges by using user
behavior and product inventory data to capture higher-order relations among categories,
products, and aspects, to recognize unseen attribute values for new products.

6.3 Methodology

6.3.1 Problem Definition

In this section, we introduce the problem statement and some necessary definitions and
notations for heterogeneous hypergraphs and multi-label zero-shot learning.

Problem Statement. Let D = {¢;,p;,a;} denote a corpus of e-commerce product records,
where ¢;, p;, a; represent sub-category, product and attribute value pair (aspect), respectively.
We use C', P, and A to denote the sets of sub-categories, products, and aspects. Hence, the
task of attribute value extraction can be formulated as follows: Input: The product records
D. Output: A model to estimate the probability that a new product p in sub-category c
will have the unseen attribute value a. The goal of attribute value extraction is to learn a
model M (p;, a;) — 70, 1] to score the probability that a product p; has the attribute value
a; based on G, which includes all the relations from user behavior and product inventory
information. Given several different graphs (i.e. user behavior graphs, product inventory
graphs, etc.), we first build a heterogeneous hypergraph G to capture the higher-order and
non-binary relations contained in G. Then, we aim to learn the representations for nodes on
a heterogeneous hypergraph G for an inductive link prediction task.

DEFINITION 1 (Heterogeneous Hypergraph): A heterogeneous hypergraph can be
defined as G = {V, &, T,, Te, W}, where V = {vy,vq,--- ,uny} is the node set, and 7, is the
node type set. £ = {ey,eq,--- ,en} is the hyperedge set, and 7, is the hyperedge type set,
where |T,| + |Te| > 2. N and M represent the maximum numbers of hyperedge nodes and
edges. W = diag(we,, We,, - - - ,w,,,) denotes the diagonal matrix representing the hyperedge



weight. We use incidence matrix H € RIVIXI€l to represent relationships between nodes and
hyperedges, with entries defined as:

H(U,e):{l itvee (6.1)

0 if otherwise.

D, € RVIXVI and D, € RIEXIEl are the diagonal matrices representing the degree matrix of
nodes and hyperedges, where D, (i,7) = > .. W(e)H(i,e) and D.(i,i) = >, .\, H(v,7). The
normalized hypergraph adjacency matrix A € RY*Y, representing the connection relationship
between nodes, is defined as:

A=D;'?HWD;'H" D, '/? (6.2)

DEFINITION 2 (Zero-Shot Learning in Graph): For multi-label zero-shot attribute-
value (aspect) prediction, let A® = {aj,--- ,a3,} and A* = {a},--- ,a"} denote the node
sets of seen and unseen aspects, where A5 N A% = (). Only A® is included in the training
graph G, and only A" is included in the testing graph G;. Product p; with any af will be
removed from G, to G;, to ensure all unseen aspect nodes are not in the training graph G,.
Details for multi-label zero-shot sampling are introduced in Algorithm 6.

Algorithm 6 Multi-label Zero-shot Data Sampling
Input :Graph G with categories nodes C', product nodes P and aspect nodes A, unseen
aspect number N
Output : Train graph G, val graph G,, test graph G,
Initialize G;,, G,, G;
for ¢ in Random(N) do
P; = get_node(G, A;)
link,,s = get_edge(G, P;, A;)
linkyey, = Sampling(get _complement(link,,s))
G.remove(A;, P;, linky,s)
if i//2=0 then
| G,.update(A;, P, linkpys, link,.,)
else
| Gi.update(A;, P, linkyos, link.eq)
| G = G.add_negatives()
return Gy, Gy, Gt

6.3.2 Multi-Label Zero-Shot Data Sampling

Multi-label zero-shot data sampling includes (1) data splitting to ensure that there is no
overlap of aspect and product nodes in training and validation/testing sets, and (2) negative



sampling to balance the dataset. For data splitting, we first randomly generate N aspect
nodes Ay as unseen attribute values. Then, we remove both the nodes Ay and their corre-
sponding products P, as unseen products, and all edges on Ay and P, from the original
graph G, where N # M. This step ensures that the zero-shot products and attribute values
are never shown in the training graph. We update the validation and testing graphs with the
zero-shot nodes and links separately so that there’s no overlap of zero-shot nodes and links
between the validation and testing sets. To balance the dataset, we do negative sampling
and add negative links for all training, validation, and testing graphs. Details for multi-label
zero-shot data sampling are shown in Algorithm 6.

6.3.3 Overall Framework
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Figure 6.2: Overall framework of our proposed model HyperPAVE. The framework includes
three key components: (a) Hypergraph Construction (b) Heterogeneous Hypergraph Relation
Learning and (c) Inductive Link Prediction.

Figure 6.2 shows our proposed framework HyperPAVE with three main components: a)
hypergraph construction, b) heterogeneous hypergraph relation learning, and c¢) inductive
link prediction. We introduce each component in detail below.



Heterogeneous Hypergraph Construction

As shown in Figure 6.2 (a), there are three types of nodes: categories, products, and
attribute values (aspects), and four types of hyperedges: ‘also view’; ‘also buy’, ‘product
with all aspects’ and ‘category with all products and aspects’, which are constructed from
two main data sources: user behavior information and product inventory information as:

1) User Behavior Data. User behaviors have multiple types related to item-to-item rela-
tionships: people who bought X also bought Y (‘also buy’) and people who viewed X also
viewed Y (‘also view’). To well handle different user behaviors, we construct two types of
hyperedges T.* = {€V,EP}, where £V represents ‘also view’ and EP represents ‘also buy’.
For example, given the record of userl in ‘also view’ graph shown in Figure 6.2 (a), we
construct a hyperedge £ = {p1,p2, -+ ,pn} € €V to model the interactions between users
and products. That is, each hyperedge in £V corresponds to one user. These hyperedges are
homogeneous because all nodes represent products.

2) Product Inventory Data. Product inventory data refers to the existing product information
records, including category, product, attribute values, etc. We construct hyperedges £ to
connect all attribute values to one product (P-A) and hyperedges £ to connect all product
information to one sub-category (C-P-A). For example, given a product p;, we construct a
hyperedge £ = {p;, a1, a2, ,a,} € ET to indicate the relationships between product and
its attribute values. These heterogeneous hyperedges record the non-binary relations among
categories, products, and attribute values. To summarize it, we obtain hyperedge sets as:

T.={&V,EP. €7, (6.3)

Heterogeneous Hypergraph Relation Learning

Embedding Module. As shown in Figure 6.2 (b), a heterogeneous hypergraph encoder
first initializes the node embeddings. Since the attribute values (aspects) may lose contextual
information due to the simple format, GPT-2 [162] is adopted as the text generator to
generate more detailed descriptions for attribute values. For example, the attribute value:
‘connectivity: wireless’ can be elaborated to a more detailed explanation: ‘connectivity is
wireless communication between the user’s device, which has an independent, physical signal
to the user. We then adopt a pre-trained language model BERT [35] as all nodes’ input
encoder to generate the initial contextual representation. For the product node, we construct
a string [CLS;t;SEP;d] by concatenating the product title and description as the input, where
CLS and SEP are special tokens. The initial output representation for the category node ¢;,
product node p; and aspect node a; can be formulated as follows:

hy,, = tanh(W - fg(c;) +b) (6.4)

hvpi = tanh(W . fg(ti, dl) + b) (65)



ha,, = tanh(W - fz(ge(as)) +b) (6.6)

where f is BERT encoder, gy is GPT-2 generator, ¢ is category, t is product title, d is
product description, a is ‘attribute value’;, W and b are trainable weights and bias. To
simplify the notations, we use h,, to denote the initial feature embeddings of all different
nodes.

Message Passing Module. To support representation learning on the constructed het-
erogeneous hypergraphs in the previous step, we design a heterogeneous hypergraph relation
learning module (shown in Figure 6.2 (b) in HyperPAVE to explore the complex higher-
order relationships based on many-to-many node message passing in the product graph by
taking full advantage of the structure information in Figure 6.2 (a). HyperPAVE learns node
representations with two different aggregation functions:

B = AGGR.,, <hﬁ;1, {h@jwej e 5}) (6.7)
hy, = AGG Ry, ({W 'V, € ¢}) (6.8)
where AGGR is the aggregation function, &; is the hyperedge sets connected to node v; and

hlej is the representation of hyperedge e; in layer [. Since not all the nodes in a hyperedge
will contribute equally, the message passing is calculated from nodes to hyperedges:

o exp(LeakyReLU (w{ - hi'))
v ZUEV exp(LeakyRe LU (w¥ - hi-1))

= |[\oyo() - - nl) (6.10)

UGVel

«

where g is the weight factor of node v; to hyperedge e;, V¢, is the node set of hyperedges
e;, wi is a trainable attention parameter, || denotes concatenation with N heads, and ¢ is a
non-linear function. hlei is the [*" layer of hyperedge representation. Similarly, the message
passing from hyperedges to nodes is calculated as:

w  cxp(LeakyReLU (wy - (hy[|hL"))) (6.11)
“ef‘zeegv. cxp(LeakyReLU (wT - (K- [[hET))) |

= P ( D alt-hih (6.12)

ee&;l

where ag? is the weight factor of hyperedge e; to node v;, £, is the connected hyperedge set of

node v;. wl is a trainable attention parameter and hij is the {** layer of node representation,

which includes the information from the hyperedge £.



Fusion Module Instead of directly adding a readout layer and a linear prediction layer
after obtaining the L layers node representations [229], we argue that different types of
hyperedges from 7. have different importance to the final node representations. Thus, we
propose fusion modules to fuse node representations learned from different hypergraphs
constructed in Sec. 6.3.3. The updated node representations for product node h;pi and

aspect node h;ai are:
huy, = by 4B hE - (L—a = B)(y - hiy +(1=7) A (6.13)

how =060 +(1—06)-he (6.14)

where hf:i, -hf;, hf:i, hf: are product node representations and hfz, hff are aspect node
representations from different hyperedges in Equ. 6.3, respectively. «, 3, v, and ¢ are weights
learnt from the validation sets. They are different for different categories of the dataset.
These weights are also explored and studied in Sec. 6.4.2. After the above fusion steps,
the node embeddings contain the features from neighbors defined by different hyperedges
T., which can well capture the high-order relations communicated among different types of
nodes and hyperedges.

Inductive Link Prediction

After heterogeneous hypergraph relation learning, each node includes the higher-order fea-
tures related to user behavior and product inventory information. Then, all the nodes go
through L GNN layers to compute the final node representations. After generating the final
embeddings of h;p and h;,a, the likelihood of the link between product p and aspect a is
measured by the cosine similarity to decide the possibility Rij of whether product p; will
have the aspect a;:

. (hvp)i ) (h’va)j

Frcore (e )i (hua);) = )] e,

(6.15)

We use the negative sampling strategy introduced in Sec. 6.3.2 to train HyperPAVE and
employ a binary cross entropy loss to optimize our model:

L= Z RilegRZ‘j + (1 - wal - lOgRij) (616)

pi€P,a; €A

Note that HyperPAVE follows the multi-label zero-shot settings in Sec. 6.3.2 to eliminate
the mandatory access of testing node features during training, making the model access
the inductive inference ability. For unseen attribute values (aspects) and products, we can
directly feed their corresponding contextual node embeddings by fine-tuned BERT encoder
to HyperPAVE instead of representing product and aspect nodes with one-hot vectors. Then,



Table 6.1: Dataset statistics over ten categories. The number of hyperedges is reported in
the format of: #nodes / #hyperedges.

Category Number of Nodes Number of Edges

#C  #P #A #CP #PA Density
Arts 980 11,625 2,184 | 50,652 28,932  7.2x107*
Books 410 16,220 255 | 48.271 23,438 5.03x107*
Cellphones | 145 8,499 1,484 | 27,620 20,329 9.35x1074
Giftcards 5 131 11 378 311 0.06

Grocery 742 18,315 4,686 | 75,362 47,745 4.37x107*
Industrial 433 3002 1573 | 12,429 8453  1.67x107?

Pet 508 14,299 2575 | 64,947 46,370  7.34x107*
Software 303 254 98 1,182 607 8.35x1073
Tools 975 34,076 7,538 | 143,683 101,475 2.7x107*

Videogames | 910 731 353 4,446 2,152 3.32 x1073

we only conduct message-passing and compute the probability of connections between the
product node and the aspect node. Hence, we can handle the newly added products and
attribute values in an inductive way instead of retraining the model.

6.4 Experiments

6.4.1 Experimental Setup
Dataset

We evaluate our model over ten different categories (Arts, Books, Cellphones, etc) of a
public dataset MAVE [235], which is a large e-Commerce dataset derived from Amazon
Review Dataset [151]. To simulate the zero-shot situation, we reconstruct the dataset into
multi-label zero-shot learning settings followed by Sec. 6.3.2, where there is no overlap of
products and attribute values between the training set and validation/testing set. Note that
each time we train the model, the dataset will be randomly re-splitted for the zero-shot
setting, so we report the whole data statistics in Table 6.1.

Table 6.2 reports an example of dataset statistics in training, validation, and testing sets,
where #P, #A, and #PA denotes the number of product nodes, the number of aspect
nodes and the number of product to aspect edges, respectively. The last column Ave #A/p
indicates the average number of attribute value pairs for each product. Because training,
validation, and testing sets for the multi-label zero-shot setting are randomly generated for
each run of the experiment, there exist different dataset statistics.



Number of Hyperedges

Category P'Palso view P'Palso buy P-A C-P-A
Arts 970/624 1,448/1,248 13,809/11,643 14,789/979
Books 1,247/1,433 2,432/2,550 16,475/16,222 16,885/409
Cellphones 366/362 171/160 9,983/8,507  10,128/144
Giftcards 17/20 19/32 142/130 147/1
Grocery 3,162/2,431 3,392/3,314 23,001/4,686 23,743/741
Industrial 152/106 210/205 4,539/3,063  5,008/432
Pet 1,614/1,670 820/600 16,874/14,675 17,382/507
Software 19/20 2/1 352/287 655/302
Tools 3,176/2,648 1,998/1,704 41,614/34,705 42,589/974
Videogames | 113/139 14/9 1,084 /752 1,994/909

Table 6.2: Example of zero-shot dataset statistics in training, validation and testing sets,
respectively.

Category Training Validation Testing All
#P #A  #PA | #P #A #PA | #P #A #PA | Ave #A/P
Arts 10,250 1,796 8,400 | 3 6 6 15 23 30 2.48
Books 9,310 158 5,210 4 3 8 413 54 852 1.44
Cellphones | 6,772 1,149 5,187 | 91 109 192 | 157 175 332 2.38
Giftcards 84 8 74 8 2 16 1 3 9 2.37
Grocery 15,834 3,945 13933 | 8 16 16 18 33 36 2.56
Industrial 2,644 1,264 2,381 | 16 27 33 8 14 17 2.76
Pet 12,878 2,193 13,187 | 24 42 48 73 117 150 3.16
Software 187 87 152 2 4 4 8 14 16 2.11
Tools 30,236 6,210 29,759 | 14 24 28 58 97 120 2.92
Videogames | 559 240 477 35 45 75 57 67 128 2.86




Evaluation Metrics

Following other AVE tasks in the multi-label zero-shot setting [188], we choose to report
macro-F1 and mAP (mean Average Precision) compared with classification and generation-
based models in the main results as F1 score is the balance of both precision and recall.
In Sec. 4.4.4 ablation study, we also report AUC (Area Under Curve), HitsQK, NDCGQK
(Normalized Discounted Cumulative Gain), and MRR (Mean Reciprocal Ran), which are
widely used metrics in graph-based recommendation tasks [46, 74, 114]. We also report
training time to evaluate the efficiency in Sec. 6.4.2 efficiency study.

Baselines

We compare our proposed model HyeprPAVE with the following baselines in the zero-shot
setting:

o C(lassification-based Models: Original classification-based models do not have any zero-
shot abilities. We follow the baseline BERT-MLC in [188], then we add synthetic
data for unseen classes (attribute values) following [29]. In this way, the zero-shot
learning problem is translated into a supervised learning problem.

» Generation-based Models: Following generative models in zero-shot AVE task [18§],
we implement and fine-tune two text-to-text transformer-based encoder decoder archi-
tecture models: BART [102] and T5gman [163], to generate unseen attribute values
directly.

o Graph-based Models !: As inductive graph can predict unseen nodes, we compare
HyperPAVE with three heterogeneous GNNs: HGCN [164], HAN [209], HGT [82],
and two representative hypergraph networks: hyperGCN [230], HGNN+ [54].

6.4.2 Parameter Settings

We randomly select unseen attribute value pairs with unseen products following the sampling
rule in Sec. 6.3.2. For the hyperparameter and configuration of HyperPAVE, we implement
HyperPAVE in PyTorch and optimize it with AdamW optimizer. We train HyperPAVE and
all baselines on the training set and we use a validation set to select the optimal hyper-
parameter settings, and finally report the performance on the test set. We follow the early
stopping strategy when selecting the model for testing. For all methods, we run 10 times
with different random seeds and report the average results with standard deviation. Our
proposed model HyperPAVE achieves its best performance with the following setup. The
nodes’ features are initialized by a BERT encoder with a 768-dimension size. The max length

Tmplemented on DHG: https://deephypergraph.com/



Table 6.3: Experimental Results F1 / mAP (%) of multi-label zero-shot learning over ten
categories on MAVE. The results are reported as mean over ten times of experiments. The
best results are in bold.

Arts Books Cellphones Giftcards Grocery

BERT-MLC [22] 24.11 /10.31 36.72 / 27.17 22.92 / 28.67 36.54 / 41.15 19.74 / 12.07
Bart [102] 27.88 / 23.16 38.82 / 44.90 32.71 / 24.54 15.73 /875  10.80 / 6.95
T5sman [163] 30.85 /23.16 36.17 / 42.60 30.95 / 24.27 10.14 / 8.08 23.53 / 17.32
HGCN [164] 16.87 / 25.30  39.39 / 37.40 17.23 / 14.67 30.92 / 45.42 25.60 / 39.77
HAN [209] 14.26 / 26.42 43.73 / 49.48 22.49 / 33.69 42.47 / 54.05 17.23 / 34.67
HGT [82] 30.81 / 38.53 48.06 / 41.67 14.53 / 23.73 42.30 / 42.39 27.30 / 40.76
HGNN+ [54] 27.90 / 36.91 46.79 / 58.33 32.10 / 36.40 37.18 / 57.20 32.40 / 38.60
HyperGCN [230] 20.20 / 38.45 48.97 / 45.18 20.90 / 26.00 52.74 / 45.97 35.90 / 42.20
HyperPAVE  43.33 / 40.99 49.75 / 56.45 39.01 / 35.81 52.34 / 65.03 33.43 / 42.71

Industrial Pet Software Tools Videogames
BERT-MLC [22] 10.94 / 6.69 18.14 / 12.08 27.76 / 25.37 20.43 / 18.41 11.86 / 9.66
BART [102] 10.78 / 7.84  12.50 / 10.42 22,50 / 20.00 11.11 / 6.25 23.57 / 20.02
T5sman [163] 15.81 / 15.35 25.28 / 25.72  26.19 / 24.60 37.78 /22.46 14.41 / 9.90
HGCN [164] 10.67 / 14.60 17.62 / 24.63 19.29 / 30.97 18.07 / 39.32 8.78 / 13.61
HAN [209] 15.35 / 30.45 16.82 / 23.33 28.24 / 29.03 19.78 / 41.40 9.68 / 16.29
HGT [82] 21.09 / 23.20 18.02 / 23.66 30.15 / 27.16 13.61 / 35.23 14.75 / 19.97
HGNN+ [54] 25.90 / 28.60 27.60 / 35.58 39.90 / 28.76 31.00 / 42.20 10.35 / 17.21
HyperGCN [230] 29.20 / 33.20 22.20 / 31.37 42.10 / 38.70 31.10 / 44.05 10.90 / 15.30
HyperPAVE 27.70 / 33.29 28.45 / 38.46 47.62 / 51.64 34.00 / 47.83 25.31 / 21.19

for category, product, and attribute values are 32, 512, and 32, respectively. The initial
learning rate is selected via grid search within the range of {5e — 1,5e — 3,5e — 4,5e — 5}
with le-6 weight decay for minimizing the loss. The hidden sizes for convolution layers are
768 in both HyperConv and GraphConv. The activation function is ReLLU. The dropout
rate is 0.5 and the batch size is 4. We set the number of neighbors to 20 and the negative
sampling rate is 2.0. For the fusion module, the weights of the product node embeddings
from hyperedges of ‘also buy’, ‘also view’, ‘products with all aspects’, and ‘category with
all products and aspects’ are dynamically changed for different categories. Experiments are
conducted in Sec. 6.4.2 to explore the weights in these fusion modules.

Main Results

From the results shown in Table 6.3 and data statistics shown in Table 6.1, we observe that:

(1) The classification-based model generally performs worst among all models. BERT-MLC,
which uses synthetic data for zero-shot prediction, only has competitive performance to
generation-based models when the class number (#A) is small. We conjecture that as the
number of classes grows, BERT-MLC needs to make distinctions among more classes, mak-



ing it harder to find clearer decision boundaries. The average micro F1 of BART and T5 g1
across all ten categories is worse than T5 p,.s in [188]. This is because T5 page is pre-trained
over 220 million parameters whereas T5 ¢,.n has only 60 million parameters. Generation-
based models perform much better than classification-based models in most cases. BART
and TH .y show different performances over different categories. They can achieve sim-
ilar performance with HyperPAVE when the dataset size is large enough. (2) Combining
inductive graph-based models with LLM encoders can perform zero-shot prediction and
achieve competitive performance with generative models. This inspires us that instead of
fine-tuning the popular generative models [177, 178, 188, 256] to extract attribute values, the
inductive graph for link prediction can also be explored for zero-shot prediction. Besides, us-
ing the attention mechanism shows better performance than using fixed and uniform weights
for aggregation. This is probably because assigning different weights to neighboring nodes
can capture varying levels of influence. (3) Compared with graph-based baselines, adding
complex structured data to capture higher-order relationships demonstrates significant per-
formance improvement over all ten categories. This is probably because hyperedges can
model relationships that go beyond pairwise connections, resulting in more semantic node
representations. Besides, our proposed model HyperPAVE achieves the best performance
among all models in most categories, indicating that our proposed hypergraph construction
from both user behavior data and product inventory data is important and worth recording
and exploring. The effectiveness of different hyperedges is studied in Sec. 6.4.2.

Ablation Study

To evaluate the performance of each component in HyperPAVE, we conduct an ablation study
over three categories in the zero-shot setting. Table 6.4 shows the performance of each com-
ponent in HyperPAVE. We have the following observations based on Table 6.4: (1) Adding
node features can significantly improve the performance. We perform a model ‘nodelD’,
which doesn’t use any pre-trained encoder for providing node features. The model ‘nodelD’
uses a simple embedding-lookup encoder, mapping each node to a unique low-dimensional
vector. We can observe that among all models, ‘nodeID’ shows the worst performance. After
adding node features, such as BERT or fine-tuned BERT, the performance increases signifi-
cantly. We think that this is because, for link prediction in the zero-shot setting, pre-trained
embeddings provide richer and more semantically meaningful representations for node fea-
tures in graphs than simple one-hot encoding. (2) Fine-tuning the pre-trained encoders for
node features results in a big performance improvement when the dataset (graph) is large
enough. This is reasonable because a larger dataset (graph with more nodes) provides more
diverse and representative data, enabling better generalization for unseen nodes in the zero-
shot setting. However, as shown in Sec. 6.4.2, fine-tuning the pre-trained encoder may result
in more time for model training. A balance of model performance and efficiency needs to
be considered for different tasks/situations. (3) We explore the importance of different hy-



Table 6.4: Ablation study over HyperPAVE components in the zero-shot setting across ten
categories on MAVE dataset.

F1  mAP AUC MRR NDCG Hits@5 Hits@l0 Hits@100

Arts
nodelD 1.35 10.73 92.03 0.86 21.92 15.00 28.33 61.67
BERT 8.23 26.30 92.69 11.48 40.27 35.43 52.86 82.43

BERT (Fine-tuned) | 19.87 34.77 99.84 13.16 53.84 75.00 75.00 100.00
Hyper (Product) 30.93 4233 99.06 22.95 57.84 57.50  75.00 93.75
Hyper (Behavior) 37.03 4239 9835 2851 60.47 83.33 100.00 100.00

HyperPAVE 43.33 40.99 99.22 47.52 64.87 75.00 82.50 100.00
Books

nodelD 11.54 2852 95.31 6.64 48.41 3526 53.85 99.42

BERT 23.87 38.63 97.07 11.39 57.31 47.05 63.59 100.00

BERT (Fine-tuned) | 28.28 40.32 97.87 14.44 58.89 50.90  78.33 100.00
Hyper (Product) 30.44 40.65 98.03 14.23 59.49 4936  80.51 100.00
Hyper (Behavior) 34.46 3593 98.40 19.37 54.23 63.67  93.67 100.00

HyperPAVE 49.75 56.45 96.47 32.99 69.35 85.27 94.04 100.00
Cellphones

nodelD 19.75 22.88 97.72 10.65 38.33 38.33  57.22 80.00

BERT 24.21 26.15 97.60 17.02 40.97 41.11  70.05 86.11

BERT (Fine-tuned) | 22.77 26.80 98.09 16.50 43.03 50.00  75.00 92.50
Hyper (Product) 32.27 33.32 98.94 22.26 54.17 70.25 90.00 100.00
Hyper (Behavior) 28.32 33.88 99.63 2257 47.81 5250 61.67 97.50

HyperPAVE 39.91 35.81 99.22 23.54 5288 72.50 75.00 100.00
Giftcards

nodelD 6.67 2235 41.94 18.18 42,92 25.00 97.50 100.00

BERT 26.41 44.79 7194 24.15 62.47 75.00 100.00  100.00

BERT (Fine-tuned) | 34.43 41.67 71.53 23.17 59.57 67.50 100.00  100.00
Hyper (Product) 39.77 4574 84.55 35.65 61.83 100.00 100.00  100.00
Hyper (Behavior) 4543 60.50 7792 29.13 73.02 71.00 100.00 100.00

HyperPAVE 52.34 65.03 90.08 44.56 75.07 100.00 100.00 100.00
Pets

nodelD 6.95 13.46 98.51 7.47 4217 30.33 50.00 96.15

BERT 9.93 1993 99.73 6.71 41.16 31.67  65.00 100.00

BERT (Fine-tuned) | 12.12 19.99 99.39 10.79 40.52 25.00  56.67 100.00
Hyper (Product) 17.58 3740 99.03 16.45 45.67 41.67 71.67 98.33
Hyper (Behavior) 18.66 24.71 99.16 19.01 42.38 36.07  65.00 100.00
HyperPAVE 28.45 38.46 99.82 29.92 61.55 56.67 67.77  100.00




F1  mAP AUC MRR NDCG Hit@5 Hits@10 Hits@100
Grocery
nodelD 6.50 23.31 9548 15.33 21.98 22.50 35.00 65.00
BERT 14.65 22.85 96.18 15.80 22.55 30.10 35.10 75.00
BERT (Fine-tuned) | 19.42 25.84 99.20 17.78 27.93 25.00  35.50 87.50
Hyper (Product) 2241 32.41 99.48 18.82 35.64 33.33 35.50 66.67
Hyper (Behavior) 29.20 32.85 98.34 14.41 37.66 35.05 50.00 70.00
HyperPAVE 33.43 42.71 99.56 22.52 52.64 50.00 50.00 75.50
Industrial
nodelD 10.40 16.44 93.16 2.59 30.07 28.75  35.00 68.75
BERT 148 537 89.75 0.66 13.58 8.13 11.87 55.63
BERT (Fine-tuned) | 14.06 18.82 99.05 4.99 41.11 25.00  50.00 100.00
Hyper (Product) 19.78 14.15 94.34 7.63 26.68 24.73  37.50 75.00
Hyper (Behavior) 15.70 3142 96.57 7.19 4526 41.25  55.00 87.50
HyperPAVE 27.70 33.29 99.71 16.10 54.08 52.50 80.00 100.00
Software
nodelD 1.97 18.11 76.27 4.39 30.12 23.75  62.50 100.00
BERT 7.38 14.10 74.89 6.38 34.19 26.70 36.25 100.00
BERT (Fine-tuned) | 11.78 15.29 76.70 6.75 36.52 23.75  37.50 100.00
Hyper (Product) 35.88 40.72 84.40 21.25 59.51 46.25 63.75  100.00
Hyper (Behavior) 12.22 36.33 81.25 6.09 34.19 25.00 38.75 100.00
HyperPAVE 47.62 51.64 77.80 26.66 63.48 61.25 62.50 100.00
Tools
nodelD 890 17.00 9791 236 22.27 50.00 50.00 50.00
BERT 14.53 18.51 96.21 6.51 21.30 4850  52.05 80.00
BERT (Fine-tuned) | 21.33 23.85 99.19 6.81 26.88 49.15 55.70 87.07
Hyper (Product) 32.86 29.20 98.27 12.26 43.96 49.53  65.00 83.87
Hyper (Behavior) 31.43 25.13 99.30 11.51 28.11 50.06 58.20 86.40
HyperPAVE 34.00 47.83 98.00 12.93 59.05 52.00 65.37 84.72
Videogames
nodelD 325 731 79.00 149 17.27 10.00  20.00 70.00
BERT 6.67 10.25 85.83 3.01 33.30 30.05 43.50 100.00
BERT (Fine-tuned) | 12.87 11.44 76.84 4.21 25.26 15.71  37.86 73.70
Hyper (Product) 20.00 16.45 91.51 8.76 28.61 45.00 50.00 100.00
Hyper (Behavior) 16.83 12.38 86.73 7.33 27.28 15.00 40.71 80.71
HyperPAVE 25.31 21.19 84.32 9.31 23.99 50.00 50.00 85.71




Table 6.5: Comparison of computational efficiency. The batch size is set to 4.

Model Memory Consumption Model Parameters
Classification-based 5037MB 110M
Generation-based 8305MB / 5831MB 140M / 60M
Graph-based (ours)  1405MB / 1915 MB 5M / 115M

pergraphs. We find out that adding different hyperedges built from user behavior data or
product inventory data results in a significant performance improvement. We conjecture that
this is because different hyperedges capture more complex higher-order information than the
original binary-relation graph. For example, hyperedge 'P-P,iso view built from user behavior
data includes information on products with potential similar attributes because users may
probably view similar products at the same time for their needs. Hyperedge ‘C-P-A’; built
from product inventory data, aggregates all products and aspects in the same sub-category.
Attribute values such as ‘Chew Type: Bones’ may only happen in a sub-category of ‘Dog
Treats’ instead of ‘Cat Food’ By using hyperedges, more complex relations can be included
in the representation for each single node.

Efficiency Study

Table 6.5 presents the GPU computational cost and model parameter comparison be-
tween classification-based (BERT-MLC), generation-based (BART /T5gan) and graph-based
(nodelD/HyperPAVE) models on Arts category of MAVE. Different categories (different sizes
of graphs) may result in a slight difference. From the reported results, we can find that
compared with classification or generation-based models, our proposed graph-based model
HyperPAVE, has a significant computational advantage in terms of memory consumption.
The main reason is that the zero-shot ability of generative LLMs is based on their extensive
pretraining and understanding of the diverse data. When fine-tuning these LLMs, large
quantities of model parameters need to be updated, resulting in a huge GPU memory con-
sumption cost. However, the zero-shot ability of HyperPAVE results from the inductive
inference that can generalize to unseen product and aspect nodes without retraining the
whole model. The inductive HyperPAVE divides the hypergraphs into batches and only con-
sumes per-batch memory when training. Note that for the classification model BERT-MLC,
preprocessing steps for generating synthetic data from generation models are required to
predict unseen aspects. We have not counted the computational cost for these preprocessing
steps.

To evaluate the computation time of our graph-based model and other classification-based
and generation-based models, we record the model training time for one epoch in seconds
across the ten categories on MAVE as shown in Figure 6.3. All models use the same input
max_ length and batch size for training. From Figure 6.3, we observe that graph-based
models show better model training efficiency. Compared with other graph-based models
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Figure 6.3: Time Efficiency Performance (GPU Time of Model Learning in Seconds for One
Training Epoch).

(i.e. GNN, HGNN), HyperPAVE can achieve the best prediction performance as shown in
Table 6.3 with only sacrificing a little more time for training as shown in Figure 6.3. The
slopes of BART, T5, and BERT-MLE are much larger than graph-based models, indicating
that much more time is needed for training or fine-tuning with the increase in dataset size
when updating the model parameters. We also demonstrate the model training time for
one epoch across the ten categories on MAVE in Table 6.6. All models use the same input
max_ length as 512 and batch size as 4. For different graph-based models, they show similar

efficiency performance. Thus, we only demonstrate two representative graph-based models
(GNN and HGNN) for training efficiency comparison.

Table 6.6: Model Training Time in One Epoch (second).

Model Gift. Soft. Video Indus. Cell. Arts Pet Books Groc.  Tools
BERT-MLC 2.37 15.48 42.12 291.60 578.78 797.11 1004.53 1073.65 1266.68 2391.12
BART 3.66 24.48 66.60 304.56 873.36 1152.00 1292.95 1604.52 1910.52 3521.88
TbHsmall 2.21 19.14 58.23 256.70 698.10 967.87 1209.27 1355.23 1576.67 2890.03
GNN 0.09 0.19 1.00 546 16.46 30.02 5750 1280 73.33 150.91
HGNN 0.72 1.60 6.28 27.59 64.24 122.06 209.28 94.52 235.20 504.61
Ours 090 1.66 6.71 30.06 70.18 133.43 224.40 89.22 251.14 543.07

Parameter Sensitivity Analysis

The key hyperparameters of HyperPAVE are the weights of the different hyperedges. Thus,

we explore the importance of different types of hyperedges in the category of Giftcards as
shown in Figure 6.4.
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Figure 6.4: Effects on weights of different hyperedges on the category of giftcards.

The left figure explores the weights of ‘P-Pgiso view and ‘P-Pais buy’ hyperedges from user
behavior information. The right figure explores the weights of user behavior hyperedges (P-
P) and product inventory hyperedges (‘P-A’ and ‘C-P-A’). From Figure 6.4, we observe that
both ‘P-Piso view and ‘P-Pais buy’ contribute to the model’s performance. The best weight
for ‘P-Paiso view falls in the [0.2, 0.5] interval, which means ‘P-P,s buy’ is slightly more
important than ‘P-Pai view. This is probably because ‘P-P,i buy’ records users’ history
preference while ‘P-Pis, view may include some noise such as accidental clicks. We can also
observe from the right 6.4 that the best weight for user behavior data falls in the [0.6,
0.8] interval, indicating that user behavior is much more important than product inventory
data. As shown in Table 6.1, the number of user behavior hyperedges is much smaller
than the number of product inventory hyperedges (‘P-A’ and ‘C-P-A’). But they show more
importance in Figure 6.4, demonstrating that user behavior information is worth recording
and exploring for extracting unseen attribute values for new products.

6.5 Summary

In this paper, we formulate the AVE task in a zero-shot learning scenario to identify unseen
attribute values from new products with no corresponding labeled data available for training.
We propose an inductive heterogeneous hypergraph (HyperPAVE) for multi-label zero-shot
attribute value extraction. Specifically, the heterogeneous hypergraph captures the higher-
order relationships among users and products, and the inductive mechanism infers the future
connections between unseen nodes. Extensive experimental results on ten different categories
across the public dataset MAVE demonstrate that our proposed model HyperPAVE outper-
forms other state-of-the-art classification-based and generation-based models. The ablation
study validates the efficiency and effectiveness of different hypergraphs constructed from
user behavior and product inventory data. We plan to explore the following directions in
future work: (1) Including multimodal features (i.e. product images) as node attributes



to capture more semantic information from the products. (2) Building dynamic graphs by
including timestamps to make the product graph adapt to the developing market.



Chapter 7

Conclusion and Future Work

7.1 Conclusion

In this dissertation, we answer the research question of How can multi-source learning im-
prove few-shot and zero-shot information extraction? by studying and exploring various
auxiliary information in few-shot and zero-shot learning settings for information extraction.
For information extraction tasks, we mainly focus on general relation extraction and as-
pect (attribute-value) extraction tasks in the e-commerce application field. For few-shot
information extraction, we propose a multi-modal model that leverages both textual and
visual semantics to supplement the missing contexts in a single modality. Besides, we study
the multi-label few-shot information extraction by proposing anchor-enhanced prototypical
networks with a learnt dynamic threshold for multi-label inference.

For zero-shot information extraction, we first explore different side information including
data statistics, keywords, labels and synonyms of labels, name entities and their hypernyms,
etc. to enrich the information for zero-shot classes. Besides, we construct prompts based on
an external knowledge graph to integrate semantic knowledge from seen classes with zero-shot
classes, to transform the zero-shot learning to the supervised-learning task. Furthermore, we
utilize semi-inductive link prediction of the heterogeneous hypergraph to predict zero-shot
aspects via considering higher-order relations through auxiliary information of user behavior
data and product inventory data.

7.2 Publications

A number of papers have been published or accepted during my Ph.D. program. A selected
set of my first-author publications is shown in the list below.

» J. Gong, H. Eldardiry, Multi-Label Zero-Shot Product Attribute-Value Extraction. In
Proceedings of the ACM Web Conference 2024 (WWW’24).
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J. Gong, H. Eldardiry, Prompt-based Zero-shot Relation FEztraction with Semantic
Knowledge Augmentation. In Proceedings of the 2024 Joint International Conference
on Computational Linguistics, Language Resources and Evaluation (LREC-COLING
2024).

o J. Gong, H. Eldardiry, Few-Shot Relation Extraction with Hybrid Visual Evidence. In
Proceedings of the 2024 Joint International Conference on Computational Linguistics,
Language Resources and Evaluation (LREC-COLING 2024)

e J. Gong, W.Chen, H. Eldardiry, Knowledge-FEnhanced Multi-Label Few-Shot Product
Attribute- Value Extraction. In Proceedings of the 32nd ACM International Conference
on Information & Knowledge Management (CIKM’23).

o J. Gong, H. Eldardiry, Zero-shot Relation Classification from Side Information. In
Proceedings of the 30th ACM International Conference on Information & Knowledge
Management (CIKM’21).

o J. Gong, H. Eldardiry, Multi-Stage Hybrid Attentive Networks for Knowledge-Driven
Stock Movement Prediction. Neural Information Processing: 28th International Con-
ference (ICONIP’21).

« J. Gong, B. Paye, G. Kadlec, H. Eldardiry, Predicting Stock Price Movement Using
Financial News Sentiment. 2021 International Conference on Engineering Applications
of Neural Networks (EANN’21).

o J. Gong*, M. Cheng*, C. Yuan, W. Ingram, E. Fox, H. Eldardiry, VTechAGP: An
Academic-to-General-Audience Text Paraphrase Dataset and Benchmark Models (Un-
der Review)

o J. Gong, M. Cheng, H. Shen, P. Vandenbussche, S. Khadivi, H. Eldardiry, Cross-
Modal Zero-Shot Aspect Generation (Under Review)

7.3 Future Work

In the future, there will be many different auxiliary information and fusion techniques that
can be explored for few-shot and zero-shot information extraction. In this section, some
research directions are discussed as follows:

7.3.1 Other Information Extraction Tasks

In this dissertation, we focus on a general relation extraction task including relation classifica-
tion and relation triplet extraction. Besides, we explore aspect (attribute-value) extraction in



the e-commerce application field. Besides these information extraction tasks, there are some
other tasks, such as event extraction, feedback/sentiment extraction from reviews, opinion
extraction, and so on, that can be explored under the few-shot and zero-shot settings. In
addition, relation extraction can be enriched with more information including adding times-
tamps for dynamic relation extraction, adding higher-order relationships for higher-order
relation extraction, etc. Furthermore, besides the application field of e-commerce, struc-
tured information is also significant in other application fields such as finance, social media,
biomedical and healthcare, etc.

7.3.2 Different Auxiliary Information

In this dissertation, we use auxiliary information from label descriptions, side information,
images, knowledge graphs, user behavior data, product inventory data, optical characters,
and so on. More auxiliary information can be explored to enhance few-shot and zero-shot
information extraction tasks. For example, using data from external datasets that can
provide supplementary information, combining data from multiple modalities such as images,
text, audio, or sensor data that can provide a richer representation, implementing data
augmentation such as including domain knowledge from expert feedback or interactions,
and so on. More auxiliary information can be automatically collected by the web, generated
by large language models, or provided by domain experts.

7.3.3 Zero-Shot Learning Exploration

In this dissertation, we implement zero-shot learning by leveraging various auxiliary informa-
tion to support the missing semantics of the unlabeled data. In addition, we use data aug-
mentation, semi-inductive link prediction, and large language models to perform zero-shot
prediction. In future work, fine-tuning large language models with high-quality auxiliary
data will be studied to generate zero-shot structured information. Besides, taking advantage
of the encoder-decoder architecture of transformers, different decoding strategies can be ex-
plored in future work. For example, sampling-based polishing, Gibbs polishing, dynamic
prompts, and other decoding strategies can be explored to enhance the zero-shot abilities
for large language models while keeping effective and efficient of the fine-tuning process for
large language models.
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