Check for
Updates

Bridging Text Data and Graph Data: Towards Semantics and
Structure-aware Knowledge Discovery

Bowen Jin
University of Illinois at Urbana-Champaign
bowenj4@illinois.edu

Sha Li
University of Illinois at Urbana-Champaign
shal2@illinois.edu

CCS CONCEPTS

« Computing methodologies — Learning latent representa-
tions; « Information systems — Data mining.

KEYWORDS
Pretrained Language Model, Graph Mining.

ACM Reference Format:

Bowen Jin, Yu Zhang, Sha Li, and Jiawei Han. 2024. Bridging Text Data and
Graph Data: Towards Semantics and Structure-aware Knowledge Discovery.
In Proceedings of the 17th ACM International Conference on Web Search and
Data Mining (WSDM °24), March 4-8, 2024, Merida, Mexico. ACM, New York,
NY, USA, 4 pages. https://doi.org/10.1145/3616855.3636450

1 MOTIVATION

Graphs and texts are two key modalities in data mining. In many
cases, the data presents a mixture of the two modalities and the in-
formation is often complementary: in e-commerce data, the product-
user graph and product descriptions capture different aspects of
product features; in scientific literature, the citation graph, author
metadata, and the paper content all contribute to modeling the
paper impact.

However, the distinct properties of graph data and text data have
led to the development of seemingly disparate methods. Graph
neural networks are widely used for encoding graphs whereas
language models trained with the Transformer architecture have
become the mainstream for processing text. Early attempts are
mainly a sequential application of the two models, which suffer from
shallow semantic representations (by using frozen embeddings), or
have scalability issues (joint training of two heterogeneous models).
The community faces two critical questions:(1) how to represent
text-rich networks (or network-enhanced text); and (2) is there a
more organic way to integrate structure and semantic information?

In this tutorial, we review the recent developments in the repre-
sentation and learning of text-rich networks [20], summarizing the
best attempts to answer the questions above.
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We start our tutorial by discussing how structure can be intro-
duced into text data syntactically and semantically. This process
could range from being local as in parsing a sentence into a de-
pendency tree, and shallow as in creating a procedural graph with
only temporal edges, to global and complex as in the construction
of a knowledge graph. The type of data processing is application-
specific and determines the semantics of the graph nodes and edges
in the learning process. Next, we turn to introduce learning algo-
rithms for text-rich networks (network-enhanced text). Based on
the type of downstream task that we seek to optimize, we divide the
methods into network mining using language models and text min-
ing with structure information. Finally, we conclude the tutorial by
counting the current successes, reflecting on lingering challenges,
and pointing out directions for future research.

2 TUTORIAL OUTLINE
2.1 Introduction and Basic Concepts

We begin our tutorial by showing several examples of how graph
and text are intertwined in real-life data (product networks [12],
social networks [13], scientific literature networks [47], legal net-
works [48]) and then introduce the basic concepts and techniques
for handling graph data and text data respectively.

For graph data, we will briefly introduce widely used techniques
such as graph embeddings and graph neural networks (GNNs),
and common graph-based tasks such as node classification, graph
classification, and link prediction.

For text data, we will introduce pre-trained language models
(including encoder-only models [7, 34, 37], encoder-decoder mod-
els [29, 40], and decoder-only models [3, 39]) and popular ways of
utilizing pre-trained LMs, including fine-tuning, parameter-efficient
tuning [14, 32], and in-context learning[3].

2.2 Enhancing text with graph structure

In this section, we cover a series of work on constructing graphs
from text data, including sentence graphs, procedural graphs, and
reasoning graphs.

2.2.1 Sentence-level graphs. Sentence-level graphs use words or
concepts as nodes. Examples include dependency graphs, con-
stituency graphs, AMR graphs, and OpenlE graphs. Graphs in this
category usually have mature toolkits (Stanza, Spacy, StructBART)
and we will demonstrate how the same input can be transformed
into different graphs using the tools.


https://doi.org/10.1145/3616855.3636450
https://doi.org/10.1145/3616855.3636450
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3616855.3636450&domain=pdf&date_stamp=2024-03-04

WSDM °24, March 4-8, 2024, Merida, Mexico.

Sentence-level graphs are useful for fine-grained classification
and extraction, such as their application in aspect-based sentiment
analysis [56]. Ssentence-level graphs can also be used to decompose
model outputs and perform fine-grained evaluation [41].

2.2.2  Procedure and event graphs. Procedural graphs use actions
or steps as nodes and edges between steps denote their temporal
order and logical dependency. The steps are represented by short
phrases or sentences. In comparison, event graphs have structured
events as nodes and there are multiple types of edges, including
temporal edges, hierarchical edges, and causal edges.

If the edges are not observed, we show that it is possible to utilize
the unsupervised alignment between steps and video transcripts
[35, 69] to obtain the edges.

Once we collect many instances (imperfect observations) of the
graph, we can then learn the graph structure by training a graph
path model [69] or a graph generation model [31].

2.2.3 Belief and reasoning graphs. Graphs can be used to track the
state of the world and the individual beliefs of characters [1, 43].
Compared to end-to-end approaches, this intermediate graph repre-
sentation can provide a more focused view of the parts of the input
that are relevant to the target object or person. Graph representa-
tions also help the model generalize to unseen configurations and
support higher-order reasoning.

Graphs can also be used to represent explanations or reasoning
behind answers. Instead of generating a single natural language
explanation, entailment trees [6] and explanation graphs [42] pro-
vide a more structured way of manifesting the reasoning process of
the model. By organizing the “thoughts” or intermediate reasoning
steps of a language model into a graph [2, 52], we can observe sig-
nificant improvements in the problem-solving ability of language
models.

2.3 Knowledge graph construction

We will first introduce fundamental tasks of extracting phrases
and named entities with distant supervision. Then, we will cover
tasks that extract relations and structures connecting entities, such
as taxonomy construction and knowledge graph construction for
building a knowledge-preserving hierarchical structure.

2.3.1 Named entity recognition and entity typing. We will cover
distantly supervised [30, 33] and few-shot [16, 17] named entity
recognition methods, which aim to locate and classify named enti-
ties into pre-defined categories.

2.3.2 Relation and event extraction . Relation extraction identifies
relations between named entities in text and helps build knowledge
graphs linking multiple entities and their properties. We will cover
recent studies on open-domain relation extraction [49, 68] and
event extraction [19].

2.3.3  Coreference resolution and knowledge graph construction. Af-
ter extracting entities, relations, and events, coreference resolution
is needed to merge different mentions of the same entity/event and
stitch the relations into a knowledge graph. We introduce some
widely adopted approaches [26, 28] as well as some recent advances
on multi-document [4] and long-document coreference resolution
[45].
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Finally, we show examples of how multiple information extrac-
tion components can be integrated for knowledge graph construc-
tion [9, 18].

2.4 Network mining with language models

In this section, we will emphasize how language models can mine
networks with rich textual information (i.e., text-rich networks).
We will first introduce how graph neural networks are adopted
on such networks. Then, we will discuss representation learning
methods on networks with pretrained language models and how
to pretrain language models with both semantic information and
structure information.

2.4.1 Mining text-rich networks with graph neural networks. We
will cover basic graph neural network (GNN) methods such as GCN
[27], GraphSAGE [11] and GAT [46]. Then we will discuss GNN
methods that encode semantic information together with structure
information including TextGCN [51] and methods which proposes
to refine the network with text information including BiTe-GCN
[25] and AS-GCN [55].

2.4.2  Representation learning with language model on text-rich net-
works. We will first present language model architecture which can
be adopted for representation learning on homogeneous text-rich
networks where nodes [50] or edges [23] are associated with text
information. We will then cover language model methods for rep-
resentation learning on heterogeneous text-rich networks [22, 24].

2.4.3 Language model pretraining on text-rich networks. We will
first briefly discuss basic language model pretraining strategies
[7,34]. Then, we will cover how to design structure-inductive strate-
gies to better pretrain language models given a network of interests
[21, 54], as well as its application on social media domain [59].

2.5 Text mining with structure information

In this section, we introduce how to leverage structure information
(e.g., word-word co-occurrence graphs, metadata, citation links,
knowledge graphs) for text mining tasks, which is dual to the topic
introduced in Section 2.4. We will cover a wide variety of text min-
ing tasks such as text classification, literature search, and question
answering.

2.5.1 Graph-based/metadata-enhanced text classification. We start
with methods using graph structures inside text (e.g., word-word
co-occurrences, entity-document relationships, and the hierarchi-
cal structure of sections, subsections, and paragraphs) to enhance
text classification. Related studies include the fully supervised Hy-
perGAT [8], the semi-supervised HGAT [15], and the weakly su-
pervised ClassKG [57] and FUTEX [63]. Then, we cover methods
utilizing external metadata information (e.g., venues and authors of
academic papers, users and products of e-commerce reviews) to con-
struct graphs. Such metadata nodes and their combinations serve as
additional signals to indicate categories. Related studies include the
fully supervised MATCH [66], the semi-supervised MetaCat [65]
and LTRN [60], as well as the weakly supervised META [36], Mo-
tifClass [62], and MICoL [67]. We will also introduce observations
from two comprehensive benchmarking studies [10, 64].
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2.5.2 Citation-enhanced scientific literature understanding. Cita-
tion links contain rich semantic information to complement sci-
entific documents. We will cover a series of studies on leveraging
citations to enhance scientific language model pre-training. Earlier
models such as SPECTER [5] and SciNCL [38] propose a citation-
based contrastive pre-training paradigm, and they are evaluated on
classification and recommendation tasks; more recent models such
as SPECTER 2.0 [44] and SciMult [61] devise multi-task pre-training
frameworks, which are evaluated on more diverse tasks such as
literature search.

2.5.3  Knowledge graph-enhanced question answering. Question an-
swering is a challenging task that may require complex reasoning
and external knowledge. We will introduce recent approaches, in-
cluding GreaseLM [58], and DRAGON [53], that fuse contextualized
language models and knowledge graphs during pre-training for
commonsense reasoning and question answering.

2.6 Towards an Integrated Semantics and
Structure Mining Paradigm

We have introduced graph construction from text, network mining
with language models, and text mining with graph structure infor-
mation. Such processing pipelines leave room for various kinds of
deeper study on each component. Advanced methods can be further
developed to index, organize, structure, and analyze text data and
graph data and contribute to further knowledge discovery. Follow-
ing this way, an integrated information process paradigm can be
developed for organizing, manipulating, processing, and analyzing
such integrated text and graph data for downstream applications.
We will also outline our vision and some ongoing studies including
how large foundation models can impact this line of work, as a
conclusion of this tutorial.

3 FORMAT & SCHEDULE

The tutorial will be presented in 3 hours, with 2 consecutive lecture-
style sessions and a 15-minute break in between. The detailed sched-
ule follows that described in Section 2.

Introduction and basic concepts [15 mins, Jiawei Han]
Enhancing text with graph structure [40 mins, Sha Li]
Knowledge graph construction [40 mins, Jiawei Han]
Break [15 mins]

Network mining with language models [40 mins, Bowen Jin]
Text mining with structure information [40 mins, Yu Zhang]
Challenges and future work [10 mins, Jiawei Han]

Q&A session [10 mins]

4 TUTORIAL MATERIAL

We will provide attendees with a website (https://peterjin.me/tutorials/

wsdm?24.html) and upload our tutorial materials (outline, slides, ref-
erences, and software links) there.

5 PREVIOUS RELATED TUTORIALS

The following is a list of related tutorials with overlapped authors
delivered at major international conferences in recent years:
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(1) Xiang Ren, Meng Jiang, Jingbo Shang, and Jiawei Han, “Con-
structing Structured Information Networks from Massive Text
Corpora” (WWW’17)

(2) Xiang Ren, Meng Jiang, Jingbo Shang, and Jiawei Han, “Building
Structured Databases of Factual Knowledge from Massive Text
Corpora” (SIGMOD’17)

(3) Jingbo Shang, Jiaming Shen, Liyuan Liu, and Jiawei Han, “Con-
structing and Mining Heterogeneous Information Networks from
Massive Text” (KDD’19)

Differences from Previous Tutorials: Our new WSDM’24 tu-
torial proposal includes many pieces of recently published work
after 2019 related to text mining and graph mining. Our focus will
be different from previous versions (mainly focus on network con-
struction), adding more content on mining network with pretrained
language models and mining text with network structure informa-
tion.
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