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Why graphs?

•Graphs are a general 
language for describing 
and modeling complex 
systems
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Graph!



Graph-structured data are ubiquitous 
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Social networks

Scene graphsBiomedical graphs

Internet

Program graphs 

Financial transactions
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Graphs are ubiquitous in NLP As Well

Dependency graph 

Constituency graph

AMR graph
IE graph

SQL graph



Machine Learning on Graphs 
for NLP
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Natural Language Processing: A Graph Perspective

• Represent natural language as a bag of tokens
• BOW, TF-IDF
• Topic Modeling: text as a mixture of topics 

• Represent natural language as a sequence of tokens
• Linear-chain CRF
• Word2vec, Glove

• Represent natural language as a graph
• Dependency graphs, constituency graphs, AMR graphs,        

IE graphs, and knowledge graphs
• Text graph containing multiple hierarchies of elements, i.e. 

document, sentence and word
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Graph Based Methods for NLP
• Random Walk Algorithms

• Generate random paths, one can obtain a stationary 
distribution over all the nodes in a graph 

• Applications: semantic similarity of texts, name disambiguation

• Graph Clustering Algorithms
• Spectral clustering, random walk clustering and min-cut 

clustering for text clustering

• Graph Matching Algorithms
• Compute the similarity between two graphs for textual 

entailment task

• Label Propagation Algorithms
• Propagate labels from labeled data points to previously 

unlabeled data points
• Applications: word-sense disambiguation, sentiment analysis 9

[Mihalcea and Radev, 2011] 



Deep Learning on Graphs: 
Foundations and Models

10



Machine Learning Lifecycle

• (Supervised) Machine Learning Lifecycle: feature learning is the key
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Raw  
Data

Structured  
Data

Learning  
Algorithm Model

Downstream  
prediction task

Feature  
Engineering

Automatically  
learn the features



Feature Learning in Graphs

• Our Goal: Design efficient task-independent/ task-dependent feature 
learning for machine learning in graphs!
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vectorf:v→ ℝd

ℝd
Feature representation,  

embedding

node
v
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Graph Neural Networks: Foundations

• Learning node embeddings:

• Learning graph-level embeddings:
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adjacency matrix

Input node embeddingsUpdated node embeddings

Input graph

A graph filter
- Spectral-based

A small graph w/
fewer nodes 

New node embeddings

Input node embeddings

- Flat Graph Pooling 
(i.e. Max, Ave, Min)

- Hierarchical  Graph 
Pooling (i.e. Diffpool)

- Spatial-based

- Attention-based

- Recurrent-based



Graph Neural Networks: Basic Model

• Key idea: Generate node embeddings based on local 
neighborhoods. 
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Neighborhood Aggregation

• Intuition: Network neighborhood defines a computation graph
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Every node defines a unique 
computation graph!



Neighborhood Aggregation
• Nodes have embeddings at each layer.

• Model can be arbitrary depth.

• “layer-0” embedding of node i is its input feature, i.e. xi.
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Overview of GNN Model
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1) Define a neighborhood aggregation function

2) Define a loss function on the embeddings, L(zv)

ZA



Overview of GNN Model
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3) Train on a set of nodes, i.e., a  batch
of computation graphs



Overview of GNN Model
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19

Even for nodes we 
never trained on!

4) Generate embeddings for nodes as needed



GNN Model: A Case Study

• Basic approach: Average neighbor information and apply a 
neural network 
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from neighbors

2) apply neural network



GNN Model: A Case Study

• Basic approach: Average neighbor information and apply a 
neural network. 

21
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GNN Model: Quick Summary

• Key idea: generate node embeddings by aggregating 
neighborhood information.  
§ Allows for parameter sharing in the encoder
§ Allows for inductive learning
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Graph Neural Networks: Popular Models
• Spectral-based Graph Filters

• GCN (Kipf & Welling, ICLR 2017), Chebyshev-GNN (Defferrard et al. NIPS 2016)

• Spatial-based Graph Filters
• MPNN (Gilmer et al. ICML 2017), GraphSage (Hamilton et al. NIPS 2017)
• GIN (Xu et al. ICLR 2019)

• Attention-based Graph Filters
• GAT (Velickovic et al. ICLR 2018) 

• Recurrent-based Graph Filters
• GGNN (Li et al. ICLR 2016)
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Graph Convolution Networks (GCN)
Key idea: spectral convolution on graphs 

24

GCN in NLP Tasks: 
• Text classification
• Question Answering
• Text Matching
• Topic Modeling
• Information Extration

Eigen-decomposition 
is expensive

Chebyshev polynomials 
accelerates but still not 
powerful

First-order approxima-
tion fast and powerful

Renormalization trick 
stabilizes the numerical
computation



Message Passing Neural Network (MPNN)
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Key idea: graph convolutions as a message passing process

MPNN:

expensive if 
the number 
of nodes are 
large  

Update and aggregation functions
Node and edge embeddings

GraphSage:

sampling to 
obtain a fixed 
number of 
neighbors

Aggregation functions
Node embeddings

MPNN and GraphSage
in NLP Tasks: 
• Knowledge graph
• Information extraction
• Semantic parsing



Graph Attention Network (GAT)
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Key idea: dynamically learn the weights (attention 
scores) on the edges when performing message passing

Weighted 
sum of node 
embeddings

Learned local 
weights with 
self-attention

Intermediate
node 
embeddings

Final node 
embeddings

GAT in NLP Tasks: 
• Text classification
• Question Answering
• Knowledge graph
• Information extraction
• Semantic parsing



Gated Graph Neural Networks (GGNN)
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Key idea: the use of Gated Recurrent Units while taking 
into account edge type and directions

GGNN in NLP Tasks: 
• Semantic parsing
• Machine translation

Zero-padding 
input node 
embeddings

Incoming & 
outcoming 
edges  for 
node vi

GRU for fusing node embeddings



DLG4NLP: 
A Roadmap
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DLG4NLP 
Key 
Foundations

DLG4NLP 
Key 
Libraries 

DLG4NLP 
Future 
Directions



DLG4NLP
Foundations
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Graph Construction for NLP
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WhyGraphConstructionfor NLP?
• Representation power: graph > sequence > bag
• Different NLP tasks require different aspects of text , e.g., syntax, semantics.
• Different graphs capture different aspects of the text
• Two categories: static vs dynamic graph construction
• Goal: good downstream task performance
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GNs

are there ada jobs outside austin

aux

expl

obj
nmod

case

are there ada jobs outside austin

S
VP

S

VP
NP

PP

Text input: are there ada jobs outside austin

Dependency 
parsing

Constituency 
parsing

nameperson

describe-01

“Paul”

fighter:ARG2

:ARG1

:ARG0 :name :op1

many more graph options…

Text

convert to graph



Static GraphConstruction
• Problem setting:

• Input: raw text (e.g., sentence, paragraph, document, corpus)
• Output: graph

• Conducted during preprocessing by augmenting text with domain 
knowledge
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Static Graph 
Construction

Similarity

Co-occurrence

World Knowledge

Application-drivenLogic

Topic

Semantics

Syntax



Static GraphConstruction:DependencyGraph
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Text input: are there ada jobs outside austin

Dependency
parsing

Add additional sequential edges to
1) reserve sequential information in

raw text
2) connect multiple dependency 

graphs in a paragraph



Static GraphConstruction:ConstituencyGraph

34Text input: are there ada jobs outside austin

Constituency
parsing

Again, add additional sequential edges

are there ada jobs outside austin

S
VP

VP
NP

PP

S



Static GraphConstruction:AMR Graph

35Text input: Paul’s description of himself: a fighter

AMR
parsing



Static GraphConstruction: IEGraph
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Static GraphConstruction:KnowledgeGraph
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Static GraphConstruction:Topic Graph
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Static GraphConstruction:Similarity Graph
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Static GraphConstruction:Co-occurrence Graph
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Static GraphConstruction:SQL Graph
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Static GraphConstruction:Application-driven Graph

42Ming Ding et al. “Cognitive Graph for Multi-Hop Reading Comprehension at Scale”. ACL 2019.



Static GraphConstruction:Summary
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Widely used in various NLP applications such as NLG, MRC, semantic parsing, etc.

Static Graph 
Construction

Similarity Similarity Graph

Co-occurrence Co-occurrence Graph

World Knowledge Knowledge Graph

Application-driven

LogicSQL Graph

TopicTopic Graph

Semantics
AMR Graph

IE Graph

Syntax
Dependency Graph

Constituency Graph



DynamicGraphConstruction

• Problem setting:
• Input: raw text (e.g., sentence, paragraph, document, corpus)
• Output: graph

• Graph structure (adjacency matrix) learning on the fly, joint with
graph representation learning

44



DynamicGraphConstruction:Overview
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Data points (e.g., 
words, sentences,

documents)

{X,A(0)}

<latexit sha1_base64="DGc8/z44oBE/vqylnbUvf91FXtk="></latexit>

Graph similarity 
metric learning

{X,S}

<latexit sha1_base64="Iyotxq7FlLav7dxHgZQBwOo3fvA="></latexit>

Fully-connected 
weighted graph

Graph 
sparsification

{X, eA}

<latexit sha1_base64="ejxQR6aBYsDP7JveJ3qSdjvPuXU="></latexit>

Learned graph

GNN y

<latexit sha1_base64="VUhgI3qY4V6LAwvPr5PUpKzXDn8=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rv3yvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAWWRJQ==</latexit>

Combining intrinsic and implicit graph structures



DynamicGraphConstructionOutline
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Dynamic Graph 
Construction

Graph Similarity Metric Learning Techniques

Graph Sparsification Techniques

Combining Intrinsic Graph Structures and Implicit Graph Structures

Learning Paradigms



Graph Similarity Metric Learning Techniques

• Graph structure learning as similarity metric learning (in the node
embedding space)
• Enabling inductive learning
• Various metric functions
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Graph Similarity Metric 
Learning Techniques

Node Embedding Based Similarity Metric Learning

Attention-based Similarity 
Metric Functions

Cosine-based Similarity 
Metric Functions

Structure-aware Similarity Metric Learning  Structure-aware Attention Mechanism



Node Embedding Based Similarity Metric Learning

• Learning a weighted adjacency matrix by computing the pair-wise 
node similarity in the embedding space
• Common metrics functions

• Attention-based similarity metric functions
• Cosine-based similarity metric functions

48

Data points (e.g., 
words, sentences, 

documents)

Learning pair-wise 
node similarity

Fully-connected 
weighted graph



Attention-based Similarity Metric Functions
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Si,j = (vi � u)Tvj

<latexit sha1_base64="e+vgrqclQ/ye67XkeYLhu2vNXQc=">AAACI3icbVDLSsNAFJ3UV42vqks3g0WoICWRiiIIRTcuK/YFTQ2T6aSddpIJM5NCCfkXN/6KGxdKcePCfzFpK9TWAwOHc85l7j1OwKhUhvGlZVZW19Y3spv61vbO7l5u/6AueSgwqWHOuGg6SBJGfVJTVDHSDARBnsNIwxncpX5jSISk3K+qUUDaHur61KUYqUSyc9f6ox3Rs34Mb2DB8pDqOW40jG0KLd7hCv5KYXz6VIVzgb5u5/JG0ZgALhNzRvJghoqdG1sdjkOP+AozJGXLNALVjpBQFDMS61YoSYDwAHVJK6E+8ohsR5MbY3iSKB3ocpE8X8GJOj8RIU/KkeckyXRJueil4n9eK1TuVTuifhAq4uPpR27IoOIwLQx2qCBYsVFCEBY02RXiHhIIq6TWtARz8eRlUj8vmqXixUMpX76d1ZEFR+AYFIAJLkEZ3IMKqAEMnsEreAcf2ov2po21z2k0o81mDsEfaN8/9tmj6g==</latexit>

Variant 1)

Node feature vector Non-negative learnable
weight vector

Si,j = ReLU(Wvi)
TReLU(Wvj)

<latexit sha1_base64="6jkOFKiGaGHDej9tIpi8PWB+yrc="></latexit>

Variant 2)

Learnable weight matrix

Chen at al. “GraphFlow: Exploiting Conversation Flow with Graph Neural Networks for Conversational Machine Comprehension”. IJCAI 2020.
Chen et al. “Reinforcement Learning Based Graph-to-Sequence Model for Natural Question Generation”. ICLR 2020.

Fully-connected 
weighted graph

vi

<latexit sha1_base64="eQaINbepmUfDSsVMoPtZRaeV2+4=">AAAB83icbVDLSgMxFL2pr1pfVZdugkVwVWakosuiG5cV7AM6Q8mkmTY0kxmSTKEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OkAiujeN8o9LG5tb2Tnm3srd/cHhUPT7p6DhVlLVpLGLVC4hmgkvWNtwI1ksUI1EgWDeY3Od+d8qU5rF8MrOE+REZSR5ySoyVPC8iZhyE2XQ+4INqzak7C+B14hakBgVag+qXN4xpGjFpqCBa910nMX5GlOFUsHnFSzVLCJ2QEetbKknEtJ8tMs/xhVWGOIyVfdLghfp7IyOR1rMosJN5Rr3q5eJ/Xj814a2fcZmkhkm6PBSmApsY5wXgIVeMGjGzhFDFbVZMx0QRamxNFVuCu/rlddK5qruN+vVjo9a8K+oowxmcwyW4cANNeIAWtIFCAs/wCm8oRS/oHX0sR0uo2DmFP0CfP37Kkf4=</latexit>

Data points (e.g., 
words, sentences, 

documents)

vj

<latexit sha1_base64="ouaqOQW95WNc2crcbm6J//+PxqE=">AAAB83icbVBNSwMxFHxbv2r9qnr0EiyCp7IrFT0WvXisYGuhu5Rsmm1js9mQZAtl6d/w4kERr/4Zb/4bs+0etHUgMMy8x5tMKDnTxnW/ndLa+sbmVnm7srO7t39QPTzq6CRVhLZJwhPVDbGmnAnaNsxw2pWK4jjk9DEc3+b+44QqzRLxYKaSBjEeChYxgo2VfD/GZhRG2WTWf+pXa27dnQOtEq8gNSjQ6le//EFC0pgKQzjWuue50gQZVoYRTmcVP9VUYjLGQ9qzVOCY6iCbZ56hM6sMUJQo+4RBc/X3RoZjradxaCfzjHrZy8X/vF5qousgY0KmhgqyOBSlHJkE5QWgAVOUGD61BBPFbFZERlhhYmxNFVuCt/zlVdK5qHuN+uV9o9a8Keoowwmcwjl4cAVNuIMWtIGAhGd4hTcndV6cd+djMVpyip1j+APn8weATpH/</latexit>



Cosine-based Similarity Metric Functions

50

Sp
i,j = cos(wp � vi,wp � vj)

<latexit sha1_base64="6bs2kewt/+S8Kiqj3Ws6b7X9HMA="></latexit>

Learnable weight vector

Si,j =
1

m

mX

p=1

Sp
ij

<latexit sha1_base64="X2oAFkQCu3YeKdr+IlhujklZHYI=">AAACF3icbVBLSwMxGMzWV62vVY9egkXxIGVXKnopFL14rGgf0MeSTbNt2mR3SbJCCfsvvPhXvHhQxKve/Demj4O2DgQmM/ORfOPHjErlON9WZml5ZXUtu57b2Nza3rF392oySgQmVRyxSDR8JAmjIakqqhhpxIIg7jNS94fXY7/+QISkUXivRjFpc9QLaUAxUkby7MKdp+npIIXHJdgKBMLaTTVPWzLhno5LbtoxNz0ODdJOnHp23ik4E8BF4s5IHsxQ8eyvVjfCCSehwgxJ2XSdWLU1EopiRtJcK5EkRniIeqRpaIg4kW092SuFR0bpwiAS5oQKTtTfExpxKUfcN0mOVF/Oe2PxP6+ZqOCyrWkYJ4qEePpQkDCoIjguCXapIFixkSEIC2r+CnEfmXaUqTJnSnDnV14ktbOCWyyc3xbz5atZHVlwAA7BCXDBBSiDG1ABVYDBI3gGr+DNerJerHfrYxrNWLOZffAH1ucPkPOgPQ==</latexit>

Multi-head similarity scores

Chen et al. “Iterative Deep Graph Learning for Graph Neural Networks: Better and Robust Node Embeddings”. NeurIPS 2021.

Fully-connected 
weighted graph

vi

<latexit sha1_base64="eQaINbepmUfDSsVMoPtZRaeV2+4=">AAAB83icbVDLSgMxFL2pr1pfVZdugkVwVWakosuiG5cV7AM6Q8mkmTY0kxmSTKEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OkAiujeN8o9LG5tb2Tnm3srd/cHhUPT7p6DhVlLVpLGLVC4hmgkvWNtwI1ksUI1EgWDeY3Od+d8qU5rF8MrOE+REZSR5ySoyVPC8iZhyE2XQ+4INqzak7C+B14hakBgVag+qXN4xpGjFpqCBa910nMX5GlOFUsHnFSzVLCJ2QEetbKknEtJ8tMs/xhVWGOIyVfdLghfp7IyOR1rMosJN5Rr3q5eJ/Xj814a2fcZmkhkm6PBSmApsY5wXgIVeMGjGzhFDFbVZMx0QRamxNFVuCu/rlddK5qruN+vVjo9a8K+oowxmcwyW4cANNeIAWtIFCAs/wCm8oRS/oHX0sR0uo2DmFP0CfP37Kkf4=</latexit>

Data points (e.g., 
words, sentences, 

documents)

vj

<latexit sha1_base64="ouaqOQW95WNc2crcbm6J//+PxqE=">AAAB83icbVBNSwMxFHxbv2r9qnr0EiyCp7IrFT0WvXisYGuhu5Rsmm1js9mQZAtl6d/w4kERr/4Zb/4bs+0etHUgMMy8x5tMKDnTxnW/ndLa+sbmVnm7srO7t39QPTzq6CRVhLZJwhPVDbGmnAnaNsxw2pWK4jjk9DEc3+b+44QqzRLxYKaSBjEeChYxgo2VfD/GZhRG2WTWf+pXa27dnQOtEq8gNSjQ6le//EFC0pgKQzjWuue50gQZVoYRTmcVP9VUYjLGQ9qzVOCY6iCbZ56hM6sMUJQo+4RBc/X3RoZjradxaCfzjHrZy8X/vF5qousgY0KmhgqyOBSlHJkE5QWgAVOUGD61BBPFbFZERlhhYmxNFVuCt/zlVdK5qHuN+uV9o9a8Keoowwmcwjl4cAVNuIMWtIGAhGd4hTcndV6cd+djMVpyip1j+APn8weATpH/</latexit>



Structure-aware Similarity Metric Learning
• Learning a weighted adjacency matrix by computing the pair-wise 

node similarity in the embedding space
• Considering existing edge information of the intrinsic graph in

addition to the node information

51

Learning pair-wise 
node similarity

Fully-connected 
weighted graph

Initial graph (e.g., 
words, sentences, 

documents)



Attention-based Similarity Metric Functions
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Sl
i,j = softmax(uT tanh(W[hl

i,h
l
j ,vi,vj , ei,j ]))

<latexit sha1_base64="2Le4s0PCeMpW0ZJfU8o/4ivTIDM="></latexit>

Variant 1)

Si,j =
ReLU(WQvi)T (ReLU(WKvi) + ReLU(WRei,j))p

d

<latexit sha1_base64="hoCI8z8X09IQrMKEAP2wyo/RcIs="></latexit>

Variant 2)
Edge embeddings

Liu et al. “Contextualized Non-local Neural Networks for Sequence Learning”. AAAI 2019.
Liu et al. “Retrieval-Augmented Generation for Code Summarization via Hybrid GNN”. ICLR 2021.

Fully-connected 
weighted graph

Initial graph (e.g., 
words, sentences, 

documents)



Graph Sparsification Techniques
• Similarity metric functions learn a fully-connected graph
• Fully-connected graph is computationally expensive and might 

introduce noise
• Enforcing sparsity to the learned graph structure
• Various techniques

53

Graph Sparsification 
Techniques

KNN-style 
Sparsification

Epsilon-neighborhood Sparsification

Graph Regularization



CommonGraphSparsification Options

54

Ai,: = topk(Si,:)

<latexit sha1_base64="U4nX4Gq9mT8k5knBoNOrbZPGih4=">AAACG3icbVDLSsNAFJ3UV62vqEs3g0WoICUpFUUQqm5cVrQPaEOYTCft0MmDmYlQQv7Djb/ixoUirgQX/o2TNIK2Hhg4nHMuc+9xQkaFNIwvrbCwuLS8Ulwtra1vbG7p2zttEUQckxYOWMC7DhKEUZ+0JJWMdENOkOcw0nHGV6nfuSdc0MC/k5OQWB4a+tSlGEkl2Xqt7yE5ctz4IrFjenSWwHOYSdyLZRCOk8pP4DYPHNp62agaGeA8MXNSBjmatv7RHwQ48ogvMUNC9EwjlFaMuKSYkaTUjwQJER6jIekp6iOPCCvObkvggVIG0A24er6Emfp7IkaeEBPPUcl0UTHrpeJ/Xi+S7qkVUz+MJPHx9CM3YlAGMC0KDignWLKJIghzqnaFeIQ4wlLVWVIlmLMnz5N2rWrWq8c39XLjMq+jCPbAPqgAE5yABrgGTdACGDyAJ/ACXrVH7Vl7096n0YKWz+yCP9A+vwEktqF8</latexit>

Option 1) KNN-style Sparsification

Option 2) epsilon-neighborhood Sparsification

Ai,j =

⇢
Si,j Si,j > "
0 otherwise

<latexit sha1_base64="G+6Gv+3suEHJ0IAuaXgZ5p9L7+U="></latexit>

Option 3) graph Regularization

1

n2
||A||2F

<latexit sha1_base64="WcMz7XeY0CGYU3eZHY3A09ti4NQ=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSyCq5KUii6rgrisYB/QpmEynbRDJ5MwMxFKGjf+ihsXirj1L9z5N07aLLT1wIXDOfdy7z1exKhUlvVtLC2vrK6tFzaKm1vbO7vm3n5ThrHApIFDFoq2hyRhlJOGooqRdiQICjxGWt7oOvNbD0RIGvJ7NY6IE6ABpz7FSGnJNQ+7vkA4sdOE9yopnEwuJxP3plcpumbJKltTwEVi56QEctRd86vbD3EcEK4wQ1J2bCtSToKEopiRtNiNJYkQHqEB6WjKUUCkk0w/SOGJVvrQD4UuruBU/T2RoEDKceDpzgCpoZz3MvE/rxMr/8JJKI9iRTieLfJjBlUIszhgnwqCFRtrgrCg+laIh0hHonRoWQj2/MuLpFkp29Xy2V21VLvK4yiAI3AMToENzkEN3II6aAAMHsEzeAVvxpPxYrwbH7PWJSOfOQB/YHz+AIbdlko=</latexit>

Fully-connected 
weighted graph

Sparsified graph



Combining Intrinsic and Implicit Graph Structures

eA = �L(0) + (1� �)f(A)

<latexit sha1_base64="+GTWaZhzwpPtpib0PCLrGJMmCqs="></latexit>

55

• Intrinsic graph typically still carries rich and useful information
• Learned implicit graph is potentially a “shift” (e.g., substructures) from 

the intrinsic graph structure

f(A) can be arbitrary operation, e.g., graph 
Laplacian, row-normalization

Chen et al. “Iterative Deep Graph Learning for Graph Neural Networks: Better and Robust Node Embeddings”. NeurIPS 2021.

Li et al. “Adaptive Graph Convolutional Neural Networks”. AAAI 2018.

Normalized graph Laplacian



Learning Paradigms: JointLearning

56

Chen at al. “GraphFlow: Exploiting Conversation Flow with Graph Neural Networks for Conversational Machine Comprehension”. IJCAI 2020.
Chen et al. “Reinforcement Learning Based Graph-to-Sequence Model for Natural Question Generation”. ICLR 2020.
Liu et al. “Contextualized Non-local Neural Networks for Sequence Learning”. AAAI 2019.
Liu et al. “Retrieval-Augmented Generation for Code Summarization via Hybrid GNN”. ICLR 2021.

Graph 
Learner GNN

Node features & (optional) 
initial graph structure

Learned graph 
structure

Downstream task 
prediction



Learning Paradigms: Adaptive Learning

57
Li et al. “Adaptive Graph Convolutional Neural Networks”. AAAI 2018.

Node features & (optional) 
initial graph structure

Downstream task 
prediction

Node
embeddings 1

Repeat for fixed num. of stacked GNN layers

Learned graph 
structure 1

Learned graph 
structure N

Graph 
Learner1

GNN 
Layer1

Graph 
LearnerN

GNN 
LayerN



Learning Paradigms: Iterative Learning

58Chen et al. “Iterative Deep Graph Learning for Graph Neural Networks: Better and Robust Node Embeddings”. NeurIPS 2021.

Graph 
Learner GNN

Node features & (optional) 
initial graph structure

Learned graph 
structure

Downstream task 
prediction

Node embeddings

Repeat until condition satisfied



DynamicGraphConstructionSummary

59

Dynamic Graph 
Construction

Graph Similarity Metric Learning Techniques

Graph Sparsification Techniques

Combining Intrinsic Graph Structures and Implicit Graph Structures

Learning Paradigms

Dynamic Graph 
Construction

Graph Similarity Metric 
Learning Techniques

Node Embedding Based Similarity Metric Learning

Structure-aware Similarity Metric Learning

Graph Sparsification 
Techniques

KNN-style 
Sparsification

Epsilon-neighborhood Sparsification

Graph Regularization

Combining Intrinsic Graph Structures and Implicit Graph Structures

Learning Paradigms

Joint Learning of Graph Structures and Representations

Adaptive Learning of Graph Structures and Representations

Iterative Learning of Graph Structures and Representations



Static vs.DynamicGraphConstruction

60

Static graph construction Dynamic graph construction
Pros Pros

prior knowledge no domain expertise
joint graph structure & representation learning

Cons Cons
extensive domain expertise scalability
• error-prone (e.g., noisy, incomplete)
• sub-optimal

explainability

• disjoint graph structure & representation learning
• error accumulation

New topic in DLG4NLP!



Static vs.DynamicGraphConstruction(cont)
When to use static graph
construction
• Domain knowledge which fits the

task and can be presented as a graph

When to use dynamic graph
construction
• Lack of domain knowledge which fits

the task or can be presented as a graph
• Domain knowledge is incomplete or

might contain noise
• To learn implicit graph which augments

the static graph

61
Dynamic graph

Liu et al. “Retrieval-Augmented Generation for Code Summarization via Hybrid GNN”. ICLR 2021.



Graph Representation Learning 
for NLP

62



GNNsfor GraphRepresentation Learning

63

Graph
Representation

Learning
Prediction

Graph
Construction



HomogeneousvsMulti-relationalvsHeterogeneousGraphs

64

Graph types Homogeneous Multi-relational Heterogeneous

# of node types 1 1 > 1

# of edge types 1 > 1 >= 1



Which GNNs to Use Given a Graph?

65

NO (directed edges only)

Convert to 
homogeneous 

graph? 

Homogeneous 
graph?

YES

Undirected 
graph?

NO

YESIgnore node/edge 
types, Levi graph, …

YES

GCN, GAT, 
GraphSAGE, 

GGNN, …

NO

Bidirectional?YES

Bidirectional 
GNNs GAT, GGNN, …

Graph 
embeddings

Graph

NO (edge directions as types)

NO

Single node 
type?

YES

Multi-relational 
GNNs

NO

Heterogeneous  
GNNs

Homogeneous
GNNs

Heterogeneous 
GNNs

Multi-relational
GNNs



Homogeneous GNNs for NLP
• When to use homogeneous

GNNs?
• Homogeneous GNNs

• GCN
• GAT
• GraphSAGE
• GGNN
• …

66

Graph

Homogeneous 
graph?

YES

Homogeneous 
GNNs 

Graph 
embeddings

NO

Convert to 
homogeneous 

graph? 

YESIgnore node/edge 
types, Levi graph, …



Non-homogeneoustoHomogeneous Conversion viaLeviGraph

67

nameperson

describe-01

“Paul”

fighter:ARG2

:ARG1

:ARG0 :name :op1

describe-01

person

name

fighter

“Paul”

:ARG2

:ARG1

:ARG0

:name

:op1
Levi graph conversion

Levi graph: edges as new nodes



How to Handle Edge Direction Information?
• Edge direction is important (think

about BiLSTM, BERT)
• Common strategies for handling

directed graphs
a) Message passing only along directed

edges (e.g., GAT, GGNN)
b) Regarding edge directions as edge

types (i.e., adding “reverse” edges)
c) Bidirectional GNNs

68

a)
b)

c)



EdgeDirectionsasEdgeTypes

• Regarding edge directions as edge types, resulting in a multi-
relational graph

69

diri,j =

8
><

>:

default, ei,j is originally existing in the graph

inverse, ei,j is the inverse edge

self, i = j

<latexit sha1_base64="zWuy71UyKdOUjJa7Rl1Lspp5xQ0="></latexit>

Then we can apply multi-relational GNNs



BidirectionalGNNsfor DirectedGraphs
Bi-Sep GNNs formulation:

70

hk
i,a = GNN(hk�1

i,a , {hk�1
j,a : 8vj 2 Na(vi)})

<latexit sha1_base64="Sfu36jwVf6c1l8xOydQkGFbTfjw="></latexit>

Run multi-hop backward/forward GNN on the graph

hk
i,` = GNN(hk�1

i,` , {hk�1
j,` : 8vj 2 N`(vi)})

<latexit sha1_base64="6w2Z2hu9mAPyOJ/K4XTB9L3U/Zk="></latexit>

hK
i = hK

i,a||hK
i,`

<latexit sha1_base64="WA0rrpqT5eXfZbw5D1xLBg4Pf5c=">AAACNnicbVDLSsNAFJ3UV62vqEs3g0VwISWRim6EohtBhAr2AW0Nk8mkHTqZhJlJoaT5Kjd+h7tuXCji1k9w0nahbQ9cOJxzL/fe40aMSmVZYyO3srq2vpHfLGxt7+zumfsHdRnGApMaDlkomi6ShFFOaooqRpqRIChwGWm4/dvMbwyIkDTkT2oYkU6Aupz6FCOlJcd8aAdI9Vw/6aXPyX3qJDSF13BBPINtD8neIIWj0VJ3kNmpYxatkjUBXCT2jBTBDFXHfGt7IY4DwhVmSMqWbUWqkyChKGYkLbRjSSKE+6hLWppyFBDZSSZvp/BEKx70Q6GLKzhR/04kKJByGLi6M7tYznuZuMxrxcq/6iSUR7EiHE8X+TGDKoRZhtCjgmDFhpogLKi+FeIeEggrnXRBh2DPv7xI6uclu1y6eCwXKzezOPLgCByDU2CDS1ABd6AKagCDFzAGH+DTeDXejS/je9qaM2Yzh+AfjJ9fd5utkw==</latexit>

Concatenate backward/forward node embeddings at last hop
hK
i,`

<latexit sha1_base64="oHnrThoNuybquZkSojuHRtT7kB8=">AAACBHicbVDLSsNAFJ3UV62vqMtuBovgQkoiFV0W3QhuKtgHNDFMJpNm6OTBzKRQQhZu/BU3LhRx60e482+ctFlo64ELh3Pu5d573IRRIQ3jW6usrK6tb1Q3a1vbO7t7+v5BT8Qpx6SLYxbzgYsEYTQiXUklI4OEExS6jPTd8XXh9yeECxpH93KaEDtEo4j6FCOpJEevWyGSgetnQf6Q3eZORk+hNfGQCPKaozeMpjEDXCZmSRqgRMfRvywvxmlIIokZEmJoGom0M8QlxYzkNSsVJEF4jEZkqGiEQiLsbPZEDo+V4kE/5qoiCWfq74kMhUJMQ1d1FieLRa8Q//OGqfQv7YxGSSpJhOeL/JRBGcMiEehRTrBkU0UQ5lTdCnGAOMJS5VaEYC6+vEx6Z02z1Ty/azXaV2UcVVAHR+AEmOACtMEN6IAuwOARPINX8KY9aS/au/Yxb61o5cwh+APt8wenVpgY</latexit>

hK
i,a

<latexit sha1_base64="GME26gC4o4YAd9Gwr7szXhUjCec=">AAACBHicbVDLSsNAFJ3UV62vqMtuBovgQkoiFV0W3QhuKtgHNDFMJpNm6OTBzKRQQhZu/BU3LhRx60e482+ctFlo64ELh3Pu5d573IRRIQ3jW6usrK6tb1Q3a1vbO7t7+v5BT8Qpx6SLYxbzgYsEYTQiXUklI4OEExS6jPTd8XXh9yeECxpH93KaEDtEo4j6FCOpJEevWyGSgetnQf6Q3eZORk+h5SERTHLo6A2jacwAl4lZkgYo0XH0L8uLcRqSSGKGhBiaRiLtDHFJMSN5zUoFSRAeoxEZKhqhkAg7mz2Rw2OleNCPuapIwpn6eyJDoRDT0FWdxcli0SvE/7xhKv1LO6NRkkoS4fkiP2VQxrBIBHqUEyzZVBGEOVW3QhwgjrBUudVUCObiy8ukd9Y0W83zu1ajfVXGUQV1cAROgAkuQBvcgA7oAgwewTN4BW/ak/aivWsf89aKVs4cgj/QPn8AyHaYLg==</latexit>

Xu et al. “Graph2Seq: Graph to Sequence Learning with Attention-based Neural Networks”. 2018.



BidirectionalGNNsfor DirectedGraphs (cont)
Bi-Fuse GNNs formulation:

71

hk
Na(vi)

= AGG(hk�1
i , {hk�1

j : 8vj 2 Na(vi)})

<latexit sha1_base64="k2mG4ZZuWTlEEjhYW6IbdJuZtRA="></latexit>

Run one-hop backward/forward node aggregation

hk
N`(vi)

= AGG(hk�1
i , {hk�1

j : 8vj 2 N`(vi)})

<latexit sha1_base64="95xRJ6RYZrPc5kaEg9+++gYyVPU="></latexit>

hk
N (vi)

= Fuse(hk
Na(vi)

,hk
N`(vi)

)

<latexit sha1_base64="7mYBP0sQsQvT/xY07txrWHMF4GY="></latexit>

Fuse backward/forward aggregation vectors at each hop

hk
i = �(hk�1

i ,hk
N (vi)

)

<latexit sha1_base64="Eu4LRNlanfQ0aP3aDRtJQ7ebbcQ="></latexit>

Update node embeddings with fused aggregation vectors at each hop

Fusion

hk
N (vi)

<latexit sha1_base64="n1tLTzE/qJVvkZqgEv9GjS3VjG4=">AAACCXicbVC7TsMwFHXKq5RXgJHFokIqS5WgIhgrWJhQkehDakPkuE5r1XEi26lURVlZ+BUWBhBi5Q/Y+BucNAO0HMnS8Tn36t57vIhRqSzr2yitrK6tb5Q3K1vbO7t75v5BR4axwKSNQxaKnockYZSTtqKKkV4kCAo8Rrre5Drzu1MiJA35vZpFxAnQiFOfYqS05JpwECA19vxknD5M3CT/YcSS27Q2delpCl2zatWtHHCZ2AWpggIt1/waDEMcB4QrzJCUfduKlJMgoShmJK0MYkkihCdoRPqachQQ6ST5JSk80coQ+qHQjyuYq787EhRIOQs8XZltKhe9TPzP68fKv3QSyqNYEY7ng/yYQRXCLBY4pIJgxWaaICyo3hXiMRIIKx1eRYdgL568TDpndbtRP79rVJtXRRxlcASOQQ3Y4AI0wQ1ogTbA4BE8g1fwZjwZL8a78TEvLRlFzyH4A+PzB9rPmmw=</latexit>

hk
Na(vi)

<latexit sha1_base64="3qeWQrV9GPsBT3+FgUZhjyJ95yI=">AAACFHicbVDLSsNAFJ34rPUVdelmsAgVoSRS0WXRjSupYB/QxjCZTJqhkwczk0IJ+Qg3/oobF4q4deHOv3GSZqGtBwbOPede5t7jxIwKaRjf2tLyyuraemWjurm1vbOr7+13RZRwTDo4YhHvO0gQRkPSkVQy0o85QYHDSM8ZX+d+b0K4oFF4L6cxsQI0CqlHMZJKsvXTYYCk73ipnz2k48xOixojlt7mhYuEP8nqE5ueZNDWa0bDKAAXiVmSGijRtvWvoRvhJCChxAwJMTCNWFop4pJiRrLqMBEkRniMRmSgaIgCIqy0OCqDx0pxoRdx9UIJC/X3RIoCIaaBozrzlcW8l4v/eYNEepdWSsM4kSTEs4+8hEEZwTwh6FJOsGRTRRDmVO0KsY84wlLlWFUhmPMnL5LuWcNsNs7vmrXWVRlHBRyCI1AHJrgALXAD2qADMHgEz+AVvGlP2ov2rn3MWpe0cuYA/IH2+QNWe5+b</latexit>

hk
N`(vi)

<latexit sha1_base64="y+KWFzbne22WNIasNHKGdVvPD8k=">AAACFHicbVDLSsNAFJ34rPUVdelmsAgVoSRS0WXRjSupYB/QxjCZTJqhkwczk0IJ+Qg3/oobF4q4deHOv3GSZqGtBwbOPede5t7jxIwKaRjf2tLyyuraemWjurm1vbOr7+13RZRwTDo4YhHvO0gQRkPSkVQy0o85QYHDSM8ZX+d+b0K4oFF4L6cxsQI0CqlHMZJKsvXTYYCk73ipnz2k48xOixojlt7mxcRFws/qE5ueZNDWa0bDKAAXiVmSGijRtvWvoRvhJCChxAwJMTCNWFop4pJiRrLqMBEkRniMRmSgaIgCIqy0OCqDx0pxoRdx9UIJC/X3RIoCIaaBozrzlcW8l4v/eYNEepdWSsM4kSTEs4+8hEEZwTwh6FJOsGRTRRDmVO0KsY84wlLlWFUhmPMnL5LuWcNsNs7vmrXWVRlHBRyCI1AHJrgALXAD2qADMHgEz+AVvGlP2ov2rn3MWpe0cuYA/IH2+QNWs5+b</latexit>

Chen et al. “Reinforcement Learning Based Graph-to-Sequence Model for Natural Question Generation”. ICLR 2020.



Multi-relationalGNNsfor NLP

72

• When to use multi-relational
GNNs?
• Multi-relational GNNs

a) Including relation-specific
transformation parameters in
GNN

b) Including edge embeddings
in GNN

c) Multi-relational Graph 
Transformers

Graph

YES

YESIgnore node/edge 
types, Levi graph, …

NO

NO (edge directions as types)

Undirected 
graph?

Bidirectional?

Multi-relational 
GNNs

Graph 
embeddings

YES

NO

NO

Homogeneous 
graph?

Convert to 
homogeneous 

graph? 

Single node 
type?

Multi-relational 
GNNs



R-GNN: Overview

hk
i = �(hk�1

i ,
X

r2E

X

vj2Nr(vi)

AGG(hk�1
j , ✓kr ))

<latexit sha1_base64="Rm0FTJE8bGmZikksup2meSa7+do="></latexit>
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hk
i = �(hk�1

i ,
X

vj2N (vi)

AGG(hk�1
j , ✓k))

<latexit sha1_base64="lzeuUzptFOBo/beqH0kfEKoEE7o="></latexit>

1) relation-specific transformation,
e.g., node feature transformation,
attention weight …

GNN

R-GNN

2) aggregation per relation-specific subgraph

rel_1
AGG

rel_2
AGG

rel_N
AGG

�

<latexit sha1_base64="HRIQLMFYOCGIGwB9UAGNEgDm9D0=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexKRI9BLx4jmAckS5idzCZj5rHMzAphyT948aCIV//Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+nfntJ6oNU/LBThIaCjyULGYEWye1eoYNBe6XK37VnwOtkiAnFcjR6Je/egNFUkGlJRwb0w38xIYZ1pYRTqelXmpogskYD2nXUYkFNWE2v3aKzpwyQLHSrqRFc/X3RIaFMRMRuU6B7cgsezPxP6+b2vg6zJhMUkslWSyKU46sQrPX0YBpSiyfOIKJZu5WREZYY2JdQCUXQrD88ippXVSDWvXyvlap3+RxFOEETuEcAriCOtxBA5pA4BGe4RXePOW9eO/ex6K14OUzx/AH3ucPnvePKw==</latexit>

…



R-GNN Variant: R-GCN
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Relation-specific d x d learnable weight matrix

hk
i = �(

X

r2E

X

vj2Nr(vi)

1

ci,r
Wk

rh
k�1
j +Wk

0h
k�1
i ), ci,r = |Nr(vi)|

<latexit sha1_base64="yGZlv3MFtLWSVSWcA/9vi13/G5k="></latexit>

Schlichtkrull et al. “Modeling Relational Data with Graph Convolutional Networks”. 2017.

• Relation-specific node feature transformation during neighborhood aggregation



R-GNN: Avoiding Over-parameterization

75

Learning d x d transformation weight matrix for each relation is expensive!
O(Rd^2) parameters every GNN layer where R is the num of relation types
How to avoid over-parameterization?

O(RB + Bd^2) parameters

Option 1) basis decomposition

✓kr =
BX

b=1

akrbV
k
b , V(k)

b 2 Rd⇥d

<latexit sha1_base64="UxBi7fOGcHfkErLNToJZBgM8yX4="></latexit>

Basis matrices

- linear hypothesis

Submatrices

Option 2) block-diagonal decomposition

O(Rd^2/B) parameters✓kr =
BM

b=1

Qk
br = diag(Qk

1r,Q
k
2r, ...,Q

k
Br), Q(k)

br 2 Rd/B⇥d/B

<latexit sha1_base64="U+go6gBsJleao0NOe1FeasqIcVE="></latexit>

- sparsity hypothesis



IncludingEdgeEmbeddings inGNNs
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Variant 2) Update edge embedding in message passing

hk
i = �(hk�1

i ,
X

vj2N (vi)

AGG(hk�1
j , ek�1

i,j , ✓k)), eki,j = f(ek�1
i,j , ✓krel)

<latexit sha1_base64="0ZEwXqDAzKDqj5Kra8oW/VDCvpM="></latexit>

Variant 1) Include edge embeddings in message passing

hk
i = �(hk�1

i ,
X

vj2N (vi)

AGG(hk�1
j , ei,j , ✓

k))

<latexit sha1_base64="pzOxQZhmJiBoCObxLM2j8t+n+RY="></latexit>

Edge embeddings

Update edge embeddings

Vashishth et al. “Composition-based Multi-Relational Graph Convolutional Networks”. ICLR 2020.

Chen et al. “Toward Subgraph Guided Knowledge Graph Question Generation with Graph Neural Networks”. 2020.



Multi-relationalGraphTransformers

77

• Transformers as a special class of GNNs which
• jointly learn and encode a fully-connected graph via self-attention
• share many similarities with GAT
• fail to effectively handle arbitrary graph-structured data

• e.g., position embeddings for sequential data, removing position embeddings for set

• Multi-relational graph transformers
• employed with structure-aware self-attention
• respect various relation types



R-GATbasedGraphTransformers

78

zr,k
i

=
X

vj2Nr(vi)

↵k

i,j
Wk

V
hk�1
j

, r 2 E

hk

i
= FFNk(Wk

O
[zR1,k

i
, ..., zRm,k

i
])

<latexit sha1_base64="0atv4dHWdAEbkyzCbuhLrvaCkP8="></latexit>

Relation-specific learnable weight matrix

GAT-like masked attention

Yao et al. “Heterogeneous Graph Transformer for Graph-to-Sequence Learning”. ACL 2020.



Structure-aware Self-attention basedGraph 
Transformers
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hk
i =

X

j

↵k
i,j(W

k
V h

k�1
j +Wk

Fei,j)

↵k
i,j = softmax(uk

i,j)

uk
i,j =

(Wk
Qh

k�1
i )T (Wk

Khk�1
j +Wk

Rei,j)p
d

<latexit sha1_base64="K5RFXM9RLsf+fmyAf/sUbZllBdQ="></latexit>

Edge embeddings

Xiao et al. “Lattice-Based Transformer Encoder for Neural Machine Translation”. ACL 2019.
Zhu et al. “Modeling Graph Structure in Transformer for Better AMR-to-Text Generation”. EMNLP 2019.



Heterogeneous GNNs
• When to use Heterogeneous GNNs?
• Heterogeneous GNNs

a) Meta-path based Heterogeneous 
GNNs

80

Meta paths among author nodes

Graph

Graph 
embeddings

NO

NO

NO

Homogeneous 
graph?

Convert to 
homogeneous 

graph? 

Single node 
type?

Heterogeneous  
GNNs



Step 1) type-specific node feature transformation

81

Meta-path based Heterogeneous GNNexample:HAN

hi = W⌧(vi)vi

<latexit sha1_base64="PvJm6QffmQlLFe4XQgAT32SVUUU=">AAACIXicbVDLSsNAFJ3UV62vqEs3g0Wom5JIxW6EohuXFewDmhAm00k7dPJgZlIoIb/ixl9x40KR7sSfcZJG0dYDA4dzzmXuPW7EqJCG8aGV1tY3NrfK25Wd3b39A/3wqCvCmGPSwSELed9FgjAakI6kkpF+xAnyXUZ67uQ283tTwgUNgwc5i4jto1FAPYqRVJKjNy0fybHrJePUSWgKr+G30FOCJVFcS6YOTc/TH2OaJx29atSNHHCVmAWpggJtR59bwxDHPgkkZkiIgWlE0k4QlxQzklasWJAI4QkakYGiAfKJsJP8whSeKWUIvZCrF0iYq78nEuQLMfNdlcy2FMteJv7nDWLpNe2EBlEsSYAXH3kxgzKEWV1wSDnBks0UQZhTtSvEY8QRlqrUiirBXD55lXQv6majfnnfqLZuijrK4AScghowwRVogTvQBh2AwSN4Bq/gTXvSXrR3bb6IlrRi5hj8gfb5BZkMpQs=</latexit>

Step 2) node-level aggregation along each meta path

zi,�k = �(
X

vj2N�k
(vi)

↵�k
i,j hj)

<latexit sha1_base64="851t6X8EXPyExi1xS94qoXg8ibw="></latexit>

Step 3) meta-path level aggregation

zi =
pX

k=1

��kzi,�k

<latexit sha1_base64="lGZhDvTUzmm6VIODeY9xY5mBpn8="></latexit>

Wang et al. “Heterogeneous Graph Neural Networks for Extractive Document Summarization”. ACL 2020.

Node-type specific learnable weight matrix

Attention weights over meta paths

Aggregate over neighboring nodes
in k-length meta path



Graph Encoder-Decoder Models 
for NLP

82



Seq2Seq: Applications and Challenges

• Applications
• Machine translation
• Natural language generation
• Logic form translation
• Information extraction

• Challenges
• Only applied to problems whose 

inputs are represented as 
sequences 

• Cannot handle more complex 
structure such as graphs 

• Converting graph inputs into 
sequences inputs lose information

• Augmenting original sequence 
inputs with additional structural 
information enhances word 
sequence feature

83



Graph-to-Sequence Model

• Graph Convolutional Neural Network
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Node
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Graph
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⊕

Graph Encoder Node Attention

Sequence
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[1] Kun Xu*, Lingfei Wu*, Zhiguo Wang, Yansong Feng, Michael Witbrock, and Vadim Sheinin (Equally Contributed), "Graph2Seq: Graph to Sequence 
Learning with Attention-based Neural Networks", arXiv 2018.
[2] Yu Chen, Lingfei Wu** and Mohammed J. Zaki (**Corresponding Author), "Reinforcement Learning Based Graph-to-Sequence Model for Natural 
Question Generation”, ICLR’20. 84



BidirectionalGNNsfor DirectedGraphs
Bi-Sep GNNs formulation:

85

hk
i,a = GNN(hk�1

i,a , {hk�1
j,a : 8vj 2 Na(vi)})

<latexit sha1_base64="Sfu36jwVf6c1l8xOydQkGFbTfjw="></latexit>

Run multi-hop backward/forward GNN on the graph

hk
i,` = GNN(hk�1

i,` , {hk�1
j,` : 8vj 2 N`(vi)})

<latexit sha1_base64="6w2Z2hu9mAPyOJ/K4XTB9L3U/Zk="></latexit>

hK
i = hK

i,a||hK
i,`

<latexit sha1_base64="WA0rrpqT5eXfZbw5D1xLBg4Pf5c=">AAACNnicbVDLSsNAFJ3UV62vqEs3g0VwISWRim6EohtBhAr2AW0Nk8mkHTqZhJlJoaT5Kjd+h7tuXCji1k9w0nahbQ9cOJxzL/fe40aMSmVZYyO3srq2vpHfLGxt7+zumfsHdRnGApMaDlkomi6ShFFOaooqRpqRIChwGWm4/dvMbwyIkDTkT2oYkU6Aupz6FCOlJcd8aAdI9Vw/6aXPyX3qJDSF13BBPINtD8neIIWj0VJ3kNmpYxatkjUBXCT2jBTBDFXHfGt7IY4DwhVmSMqWbUWqkyChKGYkLbRjSSKE+6hLWppyFBDZSSZvp/BEKx70Q6GLKzhR/04kKJByGLi6M7tYznuZuMxrxcq/6iSUR7EiHE8X+TGDKoRZhtCjgmDFhpogLKi+FeIeEggrnXRBh2DPv7xI6uclu1y6eCwXKzezOPLgCByDU2CDS1ABd6AKagCDFzAGH+DTeDXejS/je9qaM2Yzh+AfjJ9fd5utkw==</latexit>

Concatenate backward/forward node embeddings at last hop
hK
i,`

<latexit sha1_base64="oHnrThoNuybquZkSojuHRtT7kB8=">AAACBHicbVDLSsNAFJ3UV62vqMtuBovgQkoiFV0W3QhuKtgHNDFMJpNm6OTBzKRQQhZu/BU3LhRx60e482+ctFlo64ELh3Pu5d573IRRIQ3jW6usrK6tb1Q3a1vbO7t7+v5BT8Qpx6SLYxbzgYsEYTQiXUklI4OEExS6jPTd8XXh9yeECxpH93KaEDtEo4j6FCOpJEevWyGSgetnQf6Q3eZORk+hNfGQCPKaozeMpjEDXCZmSRqgRMfRvywvxmlIIokZEmJoGom0M8QlxYzkNSsVJEF4jEZkqGiEQiLsbPZEDo+V4kE/5qoiCWfq74kMhUJMQ1d1FieLRa8Q//OGqfQv7YxGSSpJhOeL/JRBGcMiEehRTrBkU0UQ5lTdCnGAOMJS5VaEYC6+vEx6Z02z1Ty/azXaV2UcVVAHR+AEmOACtMEN6IAuwOARPINX8KY9aS/au/Yxb61o5cwh+APt8wenVpgY</latexit>

hK
i,a

<latexit sha1_base64="GME26gC4o4YAd9Gwr7szXhUjCec=">AAACBHicbVDLSsNAFJ3UV62vqMtuBovgQkoiFV0W3QhuKtgHNDFMJpNm6OTBzKRQQhZu/BU3LhRx60e482+ctFlo64ELh3Pu5d573IRRIQ3jW6usrK6tb1Q3a1vbO7t7+v5BT8Qpx6SLYxbzgYsEYTQiXUklI4OEExS6jPTd8XXh9yeECxpH93KaEDtEo4j6FCOpJEevWyGSgetnQf6Q3eZORk+h5SERTHLo6A2jacwAl4lZkgYo0XH0L8uLcRqSSGKGhBiaRiLtDHFJMSN5zUoFSRAeoxEZKhqhkAg7mz2Rw2OleNCPuapIwpn6eyJDoRDT0FWdxcli0SvE/7xhKv1LO6NRkkoS4fkiP2VQxrBIBHqUEyzZVBGEOVW3QhwgjrBUudVUCObiy8ukd9Y0W83zu1ajfVXGUQV1cAROgAkuQBvcgA7oAgwewTN4BW/ak/aivWsf89aKVs4cgj/QPn8AyHaYLg==</latexit>

Xu et al. “Graph2Seq: Graph to Sequence Learning with Attention-based Neural Networks”. 2018.



BidirectionalGNNsfor DirectedGraphs (cont)
Bi-Fuse GNNs formulation:
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hk
Na(vi)

= AGG(hk�1
i , {hk�1

j : 8vj 2 Na(vi)})

<latexit sha1_base64="k2mG4ZZuWTlEEjhYW6IbdJuZtRA="></latexit>

Run one-hop backward/forward node aggregation

hk
N`(vi)

= AGG(hk�1
i , {hk�1

j : 8vj 2 N`(vi)})

<latexit sha1_base64="95xRJ6RYZrPc5kaEg9+++gYyVPU="></latexit>

hk
N (vi)

= Fuse(hk
Na(vi)

,hk
N`(vi)

)

<latexit sha1_base64="7mYBP0sQsQvT/xY07txrWHMF4GY="></latexit>

Fuse backward/forward aggregation vectors at each hop

hk
i = �(hk�1

i ,hk
N (vi)

)

<latexit sha1_base64="Eu4LRNlanfQ0aP3aDRtJQ7ebbcQ="></latexit>

Update node embeddings with fused aggregation vectors at each hop

Fusion

hk
N (vi)

<latexit sha1_base64="n1tLTzE/qJVvkZqgEv9GjS3VjG4=">AAACCXicbVC7TsMwFHXKq5RXgJHFokIqS5WgIhgrWJhQkehDakPkuE5r1XEi26lURVlZ+BUWBhBi5Q/Y+BucNAO0HMnS8Tn36t57vIhRqSzr2yitrK6tb5Q3K1vbO7t75v5BR4axwKSNQxaKnockYZSTtqKKkV4kCAo8Rrre5Drzu1MiJA35vZpFxAnQiFOfYqS05JpwECA19vxknD5M3CT/YcSS27Q2delpCl2zatWtHHCZ2AWpggIt1/waDEMcB4QrzJCUfduKlJMgoShmJK0MYkkihCdoRPqachQQ6ST5JSk80coQ+qHQjyuYq787EhRIOQs8XZltKhe9TPzP68fKv3QSyqNYEY7ng/yYQRXCLBY4pIJgxWaaICyo3hXiMRIIKx1eRYdgL568TDpndbtRP79rVJtXRRxlcASOQQ3Y4AI0wQ1ogTbA4BE8g1fwZjwZL8a78TEvLRlFzyH4A+PzB9rPmmw=</latexit>

hk
Na(vi)

<latexit sha1_base64="3qeWQrV9GPsBT3+FgUZhjyJ95yI=">AAACFHicbVDLSsNAFJ34rPUVdelmsAgVoSRS0WXRjSupYB/QxjCZTJqhkwczk0IJ+Qg3/oobF4q4deHOv3GSZqGtBwbOPede5t7jxIwKaRjf2tLyyuraemWjurm1vbOr7+13RZRwTDo4YhHvO0gQRkPSkVQy0o85QYHDSM8ZX+d+b0K4oFF4L6cxsQI0CqlHMZJKsvXTYYCk73ipnz2k48xOixojlt7mhYuEP8nqE5ueZNDWa0bDKAAXiVmSGijRtvWvoRvhJCChxAwJMTCNWFop4pJiRrLqMBEkRniMRmSgaIgCIqy0OCqDx0pxoRdx9UIJC/X3RIoCIaaBozrzlcW8l4v/eYNEepdWSsM4kSTEs4+8hEEZwTwh6FJOsGRTRRDmVO0KsY84wlLlWFUhmPMnL5LuWcNsNs7vmrXWVRlHBRyCI1AHJrgALXAD2qADMHgEz+AVvGlP2ov2rn3MWpe0cuYA/IH2+QNWe5+b</latexit>

hk
N`(vi)

<latexit sha1_base64="y+KWFzbne22WNIasNHKGdVvPD8k=">AAACFHicbVDLSsNAFJ34rPUVdelmsAgVoSRS0WXRjSupYB/QxjCZTJqhkwczk0IJ+Qg3/oobF4q4deHOv3GSZqGtBwbOPede5t7jxIwKaRjf2tLyyuraemWjurm1vbOr7+13RZRwTDo4YhHvO0gQRkPSkVQy0o85QYHDSM8ZX+d+b0K4oFF4L6cxsQI0CqlHMZJKsvXTYYCk73ipnz2k48xOixojlt7mxcRFws/qE5ueZNDWa0bDKAAXiVmSGijRtvWvoRvhJCChxAwJMTCNWFop4pJiRrLqMBEkRniMRmSgaIgCIqy0OCqDx0pxoRdx9UIJC/X3RIoCIaaBozrzlcW8l4v/eYNEepdWSsM4kSTEs4+8hEEZwTwh6FJOsGRTRRDmVO0KsY84wlLlWFUhmPMnL5LuWcNsNs7vmrXWVRlHBRyCI1AHJrgALXAD2qADMHgEz+AVvGlP2ov2rn3MWpe0cuYA/IH2+QNWs5+b</latexit>

Chen et al. “Reinforcement Learning Based Graph-to-Sequence Model for Natural Question Generation”. ICLR 2020.



• Graph embedding
• Pooling based graph embedding (max, min and average pooling)
• Node based graph embedding

p Add one super node which is connected to all other nodes in the graph
p The embedding of this super node is treated as graph embedding

Graph Encoding

87



Attention Based Sequence Decoding

context vector node representation
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Attention Based Sequence Decoding

context vector node representation

attention weights alignment model
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Attention Based Sequence Decoding

context vector node representation

attention weights alignment model

• Objective Function
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Text Reasoning and Shortest Path
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Effect of Bidirectional Node Embedding

92

Bidirectional Node Embedding
VS Unidirectional Node Embedding

Converge
More quickly



When Shall We Use Graph2Seq?

• Case I: the inputs are naturally 
or best represented in graph

• Case II: Hybrid Graph with 
sequence and its hidden 
structural information

93
“Ryan’s description of himself: a genius.”

Augmenting “are there ada jobs outside Austin” 
with its dependency parsing tree results



Learning Structured Input-Output Translation

94

• To bridge the semantic gap between 
the human-readable words and 
machine-understandable logics. 

• Semantic parsing is important for 
question answering, text 
understanding

• Automatically solving of MWP is a 
growing interest. 



Graph and Tree Constructions
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Tree Decoding

96

DFS-based tree decoder BFS-based tree decoder



Graph-to-Tree Model

97
[1] Shucheng Li*, Lingfei Wu*, et al. "Graph-to-Tree Neural Networks for Learning Structured Input-Output Translation with Applications to Semantic 
Parsing and Math Word Problem", EMNLP 2020.



Separated Attention Based Tree Decoding

98

Separated 
attention
weights

Context vector 
embeddings

Final attention 
hidden state



99

Math Word Problem



Visualization of Separated Attentions
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Half-hour Break

101

Want to prepare for our demo session?
1) git clone https://github.com/graph4ai/graph4nlp_demo
2) follow Get Started instructions in README

References:
• Graph4NLP demo link: https://github.com/graph4ai/graph4nlp_demo
• Graph4NLP library link: https://github.com/graph4ai/graph4nlp
• DLG4NLP literature link: https://github.com/graph4ai/graph4nlp_literature

https://github.com/graph4ai/graph4nlp_demo
https://github.com/graph4ai/graph4nlp_demo
https://github.com/graph4ai/graph4nlp
https://github.com/graph4ai/graph4nlp_literature


DLG4NLP
Applications

102



Information Extraction
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Outline

Ø Semantic Graph Parsing for Event Extraction

• Cross-lingual structure transfer for Relation Extraction and Event Extraction

• Cross-media Structured Common Space for Multimedia Event Extraction

• Graph Schema-guided Event Extraction and Prediction

• Cross-media Knowledge Graph based Misinformation Detection

104



Information Extraction: a Sequence-to-Graph Task

105

• OneIE [Lin et al., ACL2020] framework extracts the information graph from a given sentence in four 
steps: encoding, identification, classification, and decoding



Moving from Seq-to-Graph to Graph-to-Graph

• [Zhang and Ji, NAACL2021]

• Abstract Meaning Representation (AMR):
• A kind of rich semantic parsing
• Converts input sentence into a directed and acyclic

graph structure with fine-grained node and edge 
type labels

• AMR parsing shares inherent similarities with 
information network (IE output)
• Similar node and edge semantics
• Similar graph topology

• Semantic graphs can better capture non-local 
context in a sentence

• Exploit the similarity between AMR and IE to 
help on joint information extraction

106



AMR-IE: An AMR-guided encoding and 
decoding framework for IE

Input 
Sentence

Roberta

CRF-based
Span Tagger

Encoded 
Sentence

Pretrained 
AMR Parser

IE Output

AMR-Guided Graph 
Encoding and Decoding



AMR Guided Graph Encoding: Using an 
Edge-Conditioned GAT
• Map each candidate entity and event to AMR nodes.
• Update entity and event representations using an edge-conditioned 

GAT to incorporate information from AMR neighbors.

108



AMR Guided Graph Decoding: Ordered decoding
guided by AMR
• Beam search based decoding as in OneIE (Lin et al. 2020).
• The decoding order of candidate nodes are determined by the 

hierarchy in AMR in a top-to-down manner.
• For example, the correct ordered decoding in the following graph is:

109



Examples on how AMR graphs help

110



Outline

• Semantic Graph Parsing for Event Extraction

Ø Cross-lingual structure transfer for Relation Extraction and Event Extraction

• Cross-media Structured Common Space for Multimedia Event Extraction

• Graph Schema-guided Event Extraction and Prediction

• Cross-media Knowledge Graph based Misinformation Detection

111



Cross-lingual Structure Transfer

112



Graph Convolutional Networks (GCN)  Encoder
• Extend the monolingual design (Zhang et al., 2018) to cross-lingual
• Convert a sentence with N tokens into N*N adjacency matrix A
• Node: token, each edge is a directed dependency edge

• Initialization of each node’s representation

• At the kth layer, derive the hidden representation of each node from the 
representations of its neighbors at previous layer

113

Word embedding POS tag Dependency relation Entity type



Application on Event Argument Extraction
• Task: Classify each pair of event trigger and entity mentions into one of pre-defined 

event argument roles or NONE

• Max-pooling over the final node representations to obtain representations for 
sentence, trigger and argument candidate, and concatenate them

• A softmax output layer for argument role labeling

114
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• Chinese Event Argument Extraction

116

Cross-lingual Edge Transfer Performance

Trained from Chinese

Trained from Arabic

Trained from English



Outline

• Semantic Graph Parsing for Event Extraction

• Cross-lingual structure transfer for Relation Extraction and Event Extraction

Ø Cross-media Structured Common Space for Multimedia Event Extraction

• Graph Schema-guided Event Extraction and Prediction

• Cross-media Knowledge Graph based Misinformation Detection

117



Multimedia Event Extraction (M2E2)

118

Event Type Movement.Transport

Event

Text Trigger deploy

Image

Last week , U.S . Secretary of State Rex Tillerson visited 
Ankara, the first senior administration official to visit Turkey, 
to try to seal a deal about the battle for Raqqa and to 
overcome President Recep Tayyip Erdogan's strong 
objections to Washington's backing of the Kurdish 
Democratic Union Party (PYD) militias. Turkish forces have 
attacked SDF forces in the past around Manbij, west of 
Raqqa, forcing the United States to deploy dozens of 
soldiers on the outskirts of the town in a mission to prevent 
a repeat of clashes, which risk derailing an assault on 
Raqqa.

[Li et al., ACL2020]

Output: Multimedia Events & Argument Roles

Arguments

Agent United States

Destination outskirts

Artifact soldiers

Vehicle

Vehicle

land vehicle

land vehicle



Weakly Aligned Structured Embedding 
-- Training Phase (Common Space Construction)
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120

Weakly Aligned Structured Embedding
-- Training and Test Phase (Cross-media shared classifiers)



Compare to Single Data Modality Extraction
• Image helps textual event 

extraction.

121

• Surrounding sentence helps 
visual event extraction.



Compare to Cross-media Flat Representation

122

Model Event Type Argument Role
Flat Justice.ArrestJail Agent = man
Ours Justice.ArrestJail Entity = man

Model Event Type Argument Role
Flat Movement.Transport Artifact = none
Ours Movement.Transport Artifact = man



Outline

• Semantic Graph Parsing for Event Extraction

• Cross-lingual structure transfer for Relation Extraction and Event Extraction

• Cross-media Structured Common Space for Multimedia Event Extraction

Ø Graph Schema-guided Event Extraction and Prediction

• Cross-media Knowledge Graph based Misinformation Detection
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124

Move from Entity-Centric to Event-Centric NLU



Event Graph Schema Induction
• [Li et al., EMNLP2020]
• How to capture complex 

connections among events?
• Temporal relations exist between almost 

all events, even those that are not 
semantically related

• Causal relations have been hobbled by 
low inter-annotator agreement (Hong et 
al., 2016)

• Two events are connected 
through entities and their 
relations
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Event Graph Schema Induction

126

• History repeats itslef: Instance graphs (a) and (b) refer to very different event instances, but they both illustrate a 
same scenario

• We select salient and coherent paths based on Path Language Model, and merge them into graph schemas



Path Language Model

127

• Path Language Model is trained on two tasks
• Autoregressive Language Model Loss: capturing the frequency and coherence of a single path
• Neighbor Path Classification Loss: capturing co-occurrence of two paths



Schema-Guided Information Extraction

128

• Use the state-of-the-art  IE system OneIE (Lin 
et al, 2020) to decode converts each input 
document into an IE graph 

• Each path in the graph schema is encoded as a 
single global feature for scoring candidate IE 
graphs

• OneIE promotes candidate IE graphs 
containing paths matching schema graphs

• http://blender.cs.illinois.edu/software/oneie
• F-scores (%) on ACE2005 data [Lin et al., 

ACL2020]: 

Dataset Entity Event Trigger
Identification

Event Trigger
Classification

Event Argument
Identification

Event Argument
Classification

Relation

Baseline 90.3 75.8 72.7 57.8 55.5 44.7

+PathLM 90.2 76.0 73.4 59.0 56.6 60.9



Temporal Complex Event Schema Composition
• Graph Structure Aware:

• Encode entity 
coreference and entity 
relation

• Capture the 
interdependency of 
events and entities 
(sequences can not)

• Scenario guided:
• Train one model based 

on instance graphs of 
the same scenario

• Probabilistic:
• Support downstream 

tasks, such as event 
prediction
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Generative Event Graph Model
• Schemas are the hidden 

knowledge to control 
instance graph generation

• Step 1. 
Event Node Generation

• Step 2. 
Message Passing

• Step 3. 
Argument Node Generation

• Step 4. 
Relation Edge Generation

• Step 5. 
Temporal Edge Generation
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Schema-guided Event Prediction
• Schema-guided Event Prediction: The task aims to predict ending events of each graph.

• Considering that there can be multiple ending events in one instance graph, we rank 
event type prediction scores and adopt MRR and HITS@1 as evaluation metrics.

Dataset Models MRR HITS@1

General
Human Schema 0.173 0.205
Event Graph Model 0.457 0.591

Dataset Models MRR HITS@1

IED
Human Schema 0.072 0.222
Event Graph Model 0.203 0.426



Outline

• Semantic Graph Parsing for Event Extraction

• Cross-lingual structure transfer for Relation Extraction and Event Extraction

• Cross-media Structured Common Space for Multimedia Event Extraction

• Graph Schema-guided Event Extraction and Prediction

Ø Cross-media Knowledge Graph based Misinformation Detection
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Information Pollution
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Quiz Time! Which one is Fake News?

134



Quiz Time! Which Caption is Fake?
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Quiz Time! Which Caption is Fake?
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Knowledge Element-Level Misinformation Detection 
[Fung et al., ACL2021]

Motivation: misinformative parts   
of a fake news article lie along           
the fine-grained details

Current Issues:
- Fake news detection approaches 

tend to focus on checking facts,  
semantic inconsistencies, style or 
bias, lacking a unified framework.

- The document-level detection task  
lacks precision and explainability

Ex of Grover-Generated Fake News - News Spoofing

semantic drift

factually 
incorrect

awkward linguistic 
style

Hong Kong declared Independence from China Yesterday
- February 19, 2021
In a historic decision made yesterday, Hong Kong declared 
its independence from mainland China. The Senate of Hong 
Kong, the local government's legislative body, passed the 
inaugural Resolution of Independence after members of all 
races, sects and ages gathered in the senate chambers…
"As the Chief Executive Council today endorsed the 
proposal of the Chief Executive Council to confirm the first 
proposed Resolution of Independence, Hong Kong is 
determined to complete the path of self-rule," said London-
based broadcaster CNN yesterday…
"We look forward to the motion being made by the 
Legislative Council and to firmly reaffirming our 
commitment to a prosperous and stable life of our people, 
while working together with China," Hong Kong's Chief 
Executive, Carrie Lam, said in a statement, according to AFP.



138

Compare with Previous Work

❖ Motivation: misinformative parts of a fake news article lie along the fine-grained details
➢ Existing approaches lack a unified framework in checking facts, semantic 

inconsistencies, text features and bias

Comparison with related work on fake news detection

Pan et al. (2017)

Baly et al. (2018)
Zellers et al. (2019)
Tan et al. (2020)

Perez-Rosas et al. (2018)

https://link.springer.com/chapter/10.1007/978-3-030-00671-6_39
https://www.aclweb.org/anthology/D18-1389/
https://arxiv.org/abs/1905.12616
https://arxiv.org/abs/2009.07698
https://www.aclweb.org/anthology/C18-1287/


Knowledge Element-Level Misinformation Detection

InfoSurgeon

bbc.com

Police Brutality in HK at new Extreme Levels
Aug 11, 2019 Lisa Lu

HK police shoot cold bullets 
at protestors from hidden 
corners.

GNN

IE / KG Representation

Graph 
Classifier

Edge 
Classifier

Real /
Fake

Misinformative
Knowledge 
Elements:

Police brutality has risen 
to a new, extreme level in 
HK this past weekend. HK 
police started shooting
at protestors on the 
streets, including the 
unarmed, peaceful 
protestors. One notable 
incidence involved a
woman at the Tsim Sha Tsui bus stop being shot in the 
eye by a policeman hiding behind corners. No warning 
was issued beforehand, and the woman was 
permanently blinded. Local activists are avidly calling 
for international attention on the HK police brutality.

{<police, located in, hidden corner>, 
<police, blinded, the woman>}

Head
Nodes

HK
protestors

woman

activists
Tsim Sha Tsui

bus stop

…

crowd

External 
Knowledge

Base

Entity 
Linking

police

hidden corner

❖ Combine local and global features
❖ Leverage external knowledge to help pinpoint misinformation



Knowledge Element-Level Misinformation Detection

We also propose a new task in addition to document-level fake news 
detection that is more challenging but interesting.

Label each triplet 
connecting two 

entities as 
True/False



Multimedia Knowledge Graph Construction

141

Image Caption
Hong Kong police shoot real 

bullets at protestors from hidden 
corners.

“Hidden corner”

Physical.
LocatedNear

“real bullets”

“Hong Kong Police”

Conflict.
Attack.

Attacker

Merged Knowledge Graph

“shoot”

= event 
trigger

“protestors”

Conflict.
Attack.
Victim

Conflict.
Attack.

Instrument
Cross-modal event coreference

“shoot”

Cross-modal object coreference

“police”



Graph Propagation

142

Yi Fung, Christopher Thomas, Revanth Gangi Reddy, Sandeep Polisetty, Heng Ji, Shih-Fu Chang, Kathleen McKeown, Mohit Bansal and Avi Sil 

“InfoSurgeon: Cross-Media Fine-grained Information Consistency Checking for Fake News Detection”. In submission to ACL 2021
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KG-Conditional Fake News Generation

143

• Annotating specifically which elements in a KG are fake is time-
intensive / difficult 
• We propose a solution to automatically obtain knowledge-element 

labeled knowledge graphs for free
• Given a set of real news articles, we extract KGs from the real articles
• Train a text generator model that learns to recreate an article from its 

KG
• To generate fake data, perform manipulation operations on the KG 

(editing knowledge relations, events, entities, etc.) to produce KG’
• Generate a fake article from KG’
• Key insight – We now know specifically which elements in KG’ were 

manipulated!



Manipulated KG-to-Article Synthesis

144

• We perform the following manipulations on KGs:

• Entity swapping – Swapping entity that has same type and similar 
embedding (so they are harder to tell apart)

• Addition of new relation or event – Randomly select relation / event 
argument roles and append a new entity to the relation / event

• Subgraph replacement – Select a subgraph of the news article from 
an entity and replace it with a subgraph from another news article



Generating Text from Structured Representations

145

• We manipulate 
knowledge 
graphs to 
synthesize fake 
news which 
contain known 
types of 
inconsistencies.

• This example is 
trivially 
detectable due to 
a inconsistency 
with the image



Generating Text from Structured Representations

146

• By imposing cross-
media knowledge 
graph manipulation 
constraints, we 
prevent generating 
text with obvious 
inconsistencies.

• Enables generating 
more realistic / 
challenging data for 
training detector



Caption Manipulation – AMR-to-Caption Synthesis

147

• Use text parser to get AMR graphs (Banarescu et al., 2013) from captions
• Use AMR since they capture fine-grained relations expressing who does what to whom
• Manipulations:

• Role switching – Swapping entity positions in AMR graph
• Predicate negation – Replace triggers / verbs with antonyms from WordNet

• Use off-the-shelf model for AMR to text synthesis (Ribeiro et al, 2020)

• Ethical Statement: we are not going to share our generator, but sharing our detector!



Knowledge Element-Level Misinformation Dataset

• To address the lack of data for the detection task, we further 
contribute a KG2txt fake news generation approach, which allows for 
control over knowledge element manipulation and creating silver 
standard annotation data. 

Overall Real Documents Fake Documents

Human Detection Accuracy 61.3% 80.4% 42.3%

The Turing Test results above show that our automatically generated fake documents 
are also very hard for humans to detect.



Knowledge Element-Level Misinformation Detection

Experimental result on traditional document-level detection:

Experimental result on the novel task, knowledge element level 
misinformation detection:

NYTimes Neural News Dataset VOA Manipulated KG2Txt Dataset

Grover 56.0% 86.4%

DIDAN 77.6% 88.3%

InfoSurgeon (Our Model) 94.5% 92.1% 

VOA Manipulated KG2Txt Dataset

Random (baseline) 27%

InfoSurgeon (Our Model) 37%
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A Successful Example

[accuracy] [accuracy]

❖ Example of fake news article in which baseline misses, but InfoSurgeon successfully 
detects



Demo 1: Multimedia Event Recommendation

(Li et al., ACL2020 Best Demo Paper Award)
GitHub: https://github.com/GAIA-IE/gaia
DockerHub: https://hub.docker.com/orgs/blendernlp/repositories
Demo: http://159.89.180.81/demo/video_recommendation/index_attack_dark.html

https://hub.docker.com/orgs/blendernlp/repositories
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▪ Re-trainable Systems: http://159.89.180.81:3300/elisa_ie/api
▪ Demos: http://159.89.180.81:3300/elisa_ie
▪ Heat map: http://159.89.180.81:8080/

Demo 2: Event Heatmap for Disaster Relief

http://159.89.180.81:3300/elisa_ie/api
http://159.89.180.81:3300/elisa_ie
http://159.89.180.81:8080/


Software and Resources

• KAIROS RESIN Cross-document Cross-lingual Cross-media Information 
Extraction system (Wen et al., NAACL2021 demo)

• https://github.com/RESIN-KAIROS/RESIN-pipeline-public
• Joint Neural Information Extraction system (Lin et al., ACL2020)

• http://blender.cs.illinois.edu/software/oneie/
• GAIA Multimedia Event Extraction system and new benchmark 

with annotated data set (Li et al., ACL2020 demo)
• GitHub: https://github.com/GAIA-AIDA/uiuc_ie_pipeline_fine_grained
• Text IE DockerHub: https://hub.docker.com/orgs/blendernlp/
• Visual IE repositories: https://hub.docker.com/u/dannapierskitoptal
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http://blender.cs.illinois.edu/software/oneie/
https://github.com/GAIA-AIDA/uiuc_ie_pipeline_fine_grained
https://hub.docker.com/orgs/blendernlp/
https://hub.docker.com/u/dannapierskitoptal


Semantic Parsing
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Semantic Parsing

155

Sentence

More on Semantic Parsing: Neural Semantic Parsing Gardner, et al. ACL’2018

Semantic Parser

Executor

Meaning Representation

Response



Text to SQL: GNN
[Bogin et al. ACL’19]
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Bogin, et al. Representing Schema Structure with Graph Neural Networks for Text-to-SQL Parsing. ACL’19



Text to SQL: GNN
[Bogin et al. ACL’19]
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Bogin, et al. Representing Schema Structure with Graph Neural Networks for Text-to-SQL Parsing. ACL’19



Text to SQL: GNN
[Bogin et al. ACL’19]

158Bogin, et al. Representing Schema Structure with Graph Neural Networks for Text-to-SQL Parsing. ACL’19

Gated GNN

feed-forward network 

relevance score: 
question-conditioned

self-attention: score 
schema items based on 
previously decoded 
schema item

Graph

Homogeneous 
graph?

Undirected 
graph?YES

GCN Graph 
embeddings

YES



Text to SQL: GNN
[Bogin et al. ACL’19]
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Bogin, et al. Representing Schema Structure with Graph Neural Networks for Text-to-SQL Parsing. ACL’19

Encoding the schema 
structure is important

All components in GNN 
are important



Text to SQL: Global GNN
[Bogin et al. EMNLP’19]
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Bogin, et al. Global Reasoning over Database Structures for Text-to-SQL Parsing. EMNLP ’19



Text to SQL: Global GNN
[Bogin et al. EMNLP’19]

161
Bogin, et al. Global Reasoning over Database Structures for Text-to-SQL Parsing. EMNLP’19

Re-ranking GCN

Rerank based on how well a query 
properly covers question words



Text to SQL: Global GNN
[Bogin et al. EMNLP’19]
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Bogin, et al. Global Reasoning over Database Structures for Text-to-SQL Parsing. EMNLP’19

Need to globally reason about the 
structure of the output query to select 

database constants

Reranking queries based on global 
match between the DB and the 

question is effective



Fact Checking over Table: LogicalFactChecker
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[Zhong et al. ACL’20]

Zhong et al. LogicalFactChecker: Leveraging Logical Operations for Fact Checking with Graph Module
Network. ACL’20



Fact Checking over Table: LogicalFactChecker

164

[Zhong et al. ACL’20]

Zhong et al. LogicalFactChecker: Leveraging Logical Operations for Fact Checking with Graph Module 
Network. ACL’20

with Neural Module Network



Fact Checking over Table: LogicalFactChecker
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[Zhong et al. ACL’20]

Zhong et al. LogicalFactChecker: Leveraging Logical Operations for Fact Checking with Graph Module 
Network. ACL’20

Graph Construction

graph-based mask matrix à Self-attention in BERT

Gij =     1, if token j is the related context of token I
0, otherwise.



Fact Checking over Table: LogicalFactChecker
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[Zhong et al. ACL’20]

Zhong et al. LogicalFactChecker: Leveraging Logical Operations for Fact Checking with Graph Module 
Network. ACL’20

Graph Mask is 
important



Summary
GNN better captures:
• Global constraints / related context (e.g. schema and questions)
• Alignment between questions and meaning representations. 
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Static Graph 
Construction

Similarity Similarity Graph

Co-occurrence Co-occurrence Graph

World Knowledge Knowledge Graph

Application-driven

LogicSQL Graph

TopicTopic Graph

Semantics
AMR Graph

IE Graph

Syntax
Dependency Graph

Constituency Graph



Machine Reading 
Comprehension

168



Machine Reading Comprehension (MRC)

169

Question MRC System

Resources

Answer 



Multi-Hop Reading Comprehension: WikiHop

170

Question MRC System

Wikidata

Answer 

Wikipedia

Q:     ⟨source entity, relation, answer entity?⟩
Options: ⟨candidate entity1 , candidate entity2, … ⟩

⟨answer entity⟩

Welbl et al. Constructing Datasets for Multi-hop Reading Comprehension Across Documents. TACL’18



Multi-Hop Reading Comprehension: WikiHop

171

Question MRC System

Wikidata

Answer 

Wikipedia

Q:     ⟨source entity, relation, answer entity?⟩
Options: ⟨candidate entity1 , candidate entity2, … ⟩

⟨answer entity⟩

Welbl et al. Constructing Datasets for Multi-hop Reading Comprehension Across Documents. TACL’18

A WikiHop Example 



Multi-hop Reading Comprehension across Multiple Documents
[Cao et al. NAACL’19]

172
Cao el al. Question Answering by Reasoning Across Documents with Graph Convolutional Networks. NAACL’19.

Entity Graph

Node: Unambiguous mentions identified via exact match or 
coreference

Edges
DOC-BASED: co-occurrence in the same document
MATCH: exact match  (most reliable but sparser)
COREF: co-reference (less reliable)
COMPLEMENT: for nodes not connected otherwise

One of the first paper leveraging GNN for multi-hop reading comprehension

Static Graph 
Construction

Similarity Similarity Graph

Co-occurrence Co-occurrence Graph

World Knowledge Knowledge Graph

Application-driven

LogicSQL Graph

TopicTopic Graph

Semantics
AMR Graph

IE Graph

Syntax
Dependency Graph

Constituency Graph



Multi-hop Reading Comprehension across Multiple Documents
[Cao et al. NAACL’19]

173
Cao el al. Question Answering by Reasoning Across Documents with Graph Convolutional Networks. NAACL’19.

Entity Relational Graph 
Convolutional Network 

Graph

Graph 
embeddings

YES

NO

NO

Homogeneous 
graph?

Convert to 
homogeneous 

graph? 

Single node 
type?

Multi-relational 
GNNs



Multi-hop Reading Comprehension across Multiple Documents
[Cao et al. NAACL’19]

174
Cao el al. Question Answering by Reasoning Across Documents with Graph Convolutional Networks. NAACL’19.

Candidates scoring

final node embedding

question representation 

2-layers MLP 

use the final node embeddings and the question representation  
to predict a distribution over candidates.



Multi-hop Reading Comprehension across Multiple Documents
[Cao et al. NAACL’19]

175
Cao el al. Question Answering by Reasoning Across Documents with Graph Convolutional Networks. NAACL’19.



Multi-hop Reading Comprehension across Multiple Documents
[Cao et al. NAACL’19]

Performance gradually ↓ as # candidates or # nodes ↑

176

Cao el al. Question Answering by Reasoning Across Documents with Graph Convolutional Networks. 
NAACL’19.



Multi-hop Reading Comprehension across Multiple Documents 
[Tu el al. ACL’19]
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Tu el al. Multi-hop Reading Comprehension across Multiple Documents by Reasoning over Heterogeneous 
Graphs. ACL’19.

Sequence encoder

Co-attention

Self-attention



Multi-hop Reading Comprehension across Multiple Documents 
[Tu el al. ACL’19]
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Tu el al. Multi-hop Reading Comprehension across Multiple Documents by Reasoning over Heterogeneous 
Graphs. ACL’19.

Heterogeneous Document-
Entity Graph 

Static Graph 
Construction

Similarity Similarity Graph

Co-occurrence Co-occurrence Graph

World Knowledge Knowledge Graph

Application-driven

LogicSQL Graph

TopicTopic Graph

Semantics
AMR Graph

IE Graph

Syntax
Dependency Graph

Constituency Graph

Document & Candidate: if the candidate appear in the document
Document & Entity: If the entity if extracted from the document
Candidate & Entity: If the entity if a mention of the candidate
Entity & Entity: If they are extracted from the same document
Entity & Entity: If they are extracted mentions of the same candidate or query subjects 
from different documents
Entity & Entity: other pairs of entities 



Multi-hop Reading Comprehension across Multiple Documents 
[Tu el al. ACL’19]
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Tu el al. Multi-hop Reading Comprehension across Multiple Documents by Reasoning over Heterogeneous 
Graphs. ACL’19.

Graph

Graph 
embeddings

NO

NO

NO

Homogeneous 
graph?

Convert to 
homogeneous 

graph? 

Single node 
type?

Heterogeneous  
GNNs

MLP1

MLP2

MLP3

Gating Node 
Update

MLP5



Multi-hop Reading Comprehension across Multiple Documents 
[Tu el al. ACL’19]
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Tu el al. Multi-hop Reading Comprehension across Multiple Documents by Reasoning over Heterogeneous 
Graphs. ACL’19.

Score Aggregation

takes the maximum over scores of entities 
that belong to the same candidate. 



Multi-hop Reading Comprehension across Multiple Documents 
[Tu el al. ACL’19]
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Tu el al. Multi-hop Reading Comprehension across Multiple Documents by Reasoning over Heterogeneous 
Graphs. ACL’19.

HDE graph is 
effective

Edge types are 
important 

Entity node 
scores are more 

important

Entity nodes 
are the most  

important



Multi-hop Reading Comprehension across Multiple Documents
[Tu el al. ACL’19]

Performance ↓ as # support documents or # candidates ↑

182

Tu el al. Multi-hop Reading Comprehension across Multiple Documents by Reasoning over Heterogeneous 
Graphs. ACL’19.



TQA: Textbook Question Answering
[Kim et al., ACL’19] 
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Kim et al. Textbook Question Answering with Multi-modal Context Graph Understanding and Self-supervised 
Open-set Comprehension ACL’19



Textbook Question Answering
[Kim et al., ACL’19] 
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Kim et al. ACL’19. Textbook Question Answering with Multi-modal Context Graph Understanding and Self-
supervised Open-set Comprehension

• Key challenges: 
• Multi-modality
• Long context
• Difficulty to solve unseen problems 



Textbook Question Answering
[Kim et al., ACL’19] 
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Kim et al. Textbook Question Answering with Multi-modal Context Graph Understanding and Self-supervised 
Open-set Comprehension ACL’19



TQA: Textbook Question Answering
[Kim et al., ACL’19] 

186

Kim et al. Textbook Question Answering with Multi-modal Context Graph Understanding and Self-supervised 
Open-set Comprehension ACL’19

Graph

Homogeneous 
graph?

Undirected 
graph?YES

GCN Graph 
embeddings

YES



TQA: Textbook Question Answering
[Kim et al., ACL’19] 
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Kim et al. Textbook Question Answering with Multi-modal Context Graph Understanding and Self-supervised 
Open-set Comprehension ACL’19

• Self-training: reads and understands a textbook and problems in 
advance.



TQA: Textbook Question Answering
[Kim et al., ACL’19] 
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Kim et al. Textbook Question Answering with Multi-modal Context Graph Understanding and Self-supervised 
Open-set Comprehension ACL’19

Self-training, even only 
on training, is useful

Context Graph is 
effective



Conversational Machine Comprehension
[Chen et al, IJCAI’20]

189
Chen et al. GraphFlow: Exploiting Conversation Flow with Graph Neural Networks for Conversational 
Machine Comprehension IJCAI’20

Challenges:
• Focus shift
• Coreference or ellipsis



Conversational Machine Comprehension
[Chen et al, IJCAI’20]
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Chen et al. GraphFlow: Exploiting Conversation Flow with Graph Neural Networks for Conversational 
Machine Comprehension IJCAI’20



Conversational Machine Comprehension
[Chen et al, IJCAI’20]
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Chen et al. GraphFlow: Exploiting Conversation Flow with Graph Neural Networks for Conversational 
Machine Comprehension IJCAI’20

Dynamically construct a question and conversation history aware context graph at each turn.



Conversational Machine Comprehension
[Chen et al, IJCAI’20]

192

Chen et al. GraphFlow: Exploiting Conversation Flow with Graph Neural Networks for Conversational 
Machine Comprehension IJCAI’20

Graph

Homogeneous 
graph?

Undirected 
graph?YES

Graph 
embeddings

YES

GGNN



Conversational Machine Comprehension
[Chen et al, IJCAI’20]
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Chen et al. GraphFlow: Exploiting Conversation Flow with Graph Neural Networks for Conversational 
Machine Comprehension IJCAI’20

GraphFlow’s focus shifts between 
consecutive question turns.



Summary
GNN enables:
• Multi-hop reasoning
• Encode heterogenous 

information  
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Static Graph 
Construction

Similarity Similarity Graph

Co-occurrence Co-occurrence Graph

World Knowledge Knowledge Graph

Application-driven

LogicSQL Graph

TopicTopic Graph

Semantics
AMR Graph

IE Graph

Syntax
Dependency Graph

Constituency Graph

Dynamic Graph 
Construction

Graph Similarity Metric 
Learning Techniques

Node Embedding Based Similarity Metric Learning

Structure-aware Similarity Metric Learning

Graph Sparsification 
Techniques

KNN-style 
Sparsification

Epsilon-neighborhood Sparsification

Graph Regularization

Combining Intrinsic Graph Structures and Implicit Graph Structures

Learning Paradigms

Joint Learning of Graph Structures and Representations

Adaptive Learning of Graph Structures and Representations

Iterative Learning of Graph Structures and Representations



Natural Language Generation
Machine Translation

195



Natural Question Generation

196Ref: https://images.app.goo.gl/TJEqwFS8nBNW8n8SA

• Input
• A text passage
• A target answer

• Output
• A natural language question

which maximizes the conditional 
likelihood



RL-basedGraph2Seqfor QG [Chen et al. ICLR’20]

197Chen et al. “Reinforcement Learning Based Graph-to-Sequence Model for Natural Question Generation”. ICLR 2020.



RL-basedGraph2Seqfor QG [Chen et al. ICLR’20]
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Two graph construction strategies:
1) Syntax-based static passage graph construction
2) Semantics-aware dynamic passage graph construction

Static Graph 
Construction

Similarity Similarity Graph

Co-occurrence Co-occurrence Graph

World Knowledge Knowledge Graph

Application-driven

LogicSQL Graph

TopicTopic Graph

Semantics
AMR Graph

IE Graph

Syntax
Dependency Graph

Constituency Graph

Dynamic Graph 
Construction

Graph Similarity Metric 
Learning Techniques

Node Embedding Based Similarity Metric Learning

Structure-aware Similarity Metric Learning

Graph Sparsification 
Techniques

KNN-style 
Sparsification

Epsilon-neighborhood Sparsification

Graph Regularization

Combining Intrinsic Graph Structures and Implicit Graph Structures

Learning Paradigms

Joint Learning of Graph Structures and Representations

Adaptive Learning of Graph Structures and Representations

Iterative Learning of Graph Structures and Representations



RL-basedGraph2Seqfor QG [Chen et al. ICLR’20]
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Homogeneous 
graph?

YES

Undirected 
graph?

NO

Bidirectional?

Graph 
embeddings

YES

Bidirectional 
GNNs Bi-Fuse GGNN as the graph encoder

Graph



RL-basedGraph2Seqfor QG [Chen et al. ICLR’20]

200

Ablation study on the SQuAD split-2 test set.
Static graph construction
performs slightly better

Bidirectional GNN
performs better

Graph2Seq performs
better than Seq2Seq



Natural Question GenerationFrom KG

201

Q: What languages are spoken in Norway?

which maximizes the conditional 
likelihood

Ŷ = argmaxY P (Y |G, V a)

<latexit sha1_base64="6iMCMqTKEEJGo+vIcfqdJILTP1E=">AAACEXicbVDJSgNBEO1xjXEb9eilMQgRJMxIRC9C0IMeI5iNTBxqOj1Jk56F7h4xjPkFL/6KFw+KePXmzb+xsxw08UHB470qqup5MWdSWda3MTe/sLi0nFnJrq6tb2yaW9tVGSWC0AqJeCTqHkjKWUgriilO67GgEHic1rzexdCv3VEhWRTeqH5MWwF0QuYzAkpLrpl3uqDSxgCfYRCdAO7dBi7nGw9OAKpLgKeXg0NcvYUD18xZBWsEPEvsCcmhCcqu+eW0I5IENFSEg5RN24pVKwWhGOF0kHUSSWMgPejQpqYhBFS20tFHA7yvlTb2I6ErVHik/p5IIZCyH3i6c3ionPaG4n9eM1H+aStlYZwoGpLxIj/hWEV4GA9uM0GJ4n1NgAimb8WkCwKI0iFmdQj29MuzpHpUsIuF4+tirnQ+iSODdtEeyiMbnaASukJlVEEEPaJn9IrejCfjxXg3Psatc8ZkZgf9gfH5A7UPnE4=</latexit>

• Input
• A KG subgraph (i.e., a collection

of subject-predicate-object triples)
• A target answer set

• Output
• A natural language question

G

<latexit sha1_base64="w7GkJ7R/PBAv+q4CWvfdiGrNPwQ=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFF7qsYB8wHUomzbShmWRIMkIZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtObnO/+0SVZlI8mmlCgxiPBIsYwcZKfj/GZkwwz+5mg2rNrbtzoFXiFaQGBVqD6ld/KEkaU2EIx1r7npuYIMPKMMLprNJPNU0wmeAR9S0VOKY6yOaRZ+jMKkMUSWWfMGiu/t7IcKz1NA7tZB5RL3u5+J/npya6DjImktRQQRYfRSlHRqL8fjRkihLDp5ZgopjNisgYK0yMbaliS/CWT14lnYu616hfPjRqzZuijjKcwCmcgwdX0IR7aEEbCEh4hld4c4zz4rw7H4vRklPsHMMfOJ8/fASRZQ==</latexit>

V a
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Graph2Seqfor QG from KG [Chen et al. arXiv’20]

202Chen et al. “Toward Subgraph Guided Knowledge Graph Question Generation with Graph Neural Networks”. 2020.



Graph2Seqfor QG from KG [Chen et al. arXiv’20]
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Graph

Homogeneous 
graph?

NO

Convert to 
homogeneous 

graph? 

YES

Undirected 
graph?

Ignore node/edge 
types, Levi graph, …

NO

Bidirectional?

NO

Single node 
type?

Graph 
embeddings

YES

Bidirectional 
GNNs

YES

Multi-relational 
GNNs Bi-Fuse GGNN w/

edge embeddings
Bi-Fuse GGNN

Static Graph 
Construction

Similarity Similarity Graph

Co-occurrence Co-occurrence Graph

World Knowledge Knowledge Graph

Application-driven

LogicSQL Graph

TopicTopic Graph

Semantics
AMR Graph

IE Graph

Syntax
Dependency Graph

Constituency Graph



Graph2Seqfor QG from KG [Chen et al. arXiv’20]

204

Automatic evaluation results on the WQ and PQ test sets.

Levi graph conversion + homogeneous GNN performs 
comparably with multi-relational GNN



Graph2Seqfor QG from KG [Chen et al. arXiv’20]
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Ablation study on directionality on the PQ test set.

Bidirectional GNN
performs better



Summarization

206

• Input
• A document, dialogue, code or multiple ones

• Output
• A succinct sentence or paragraph

Ref: https://www.queppelin.com/how-nlp-is-helping-in-automatic-text-summarization-2, https://www.fiverr.com/yosree22/summarize-any-long-text-or-article-for-you



GNNforCode Summarization[Liu et al. ICLR’21]

207Liu et al. “Retrieval-Augmented Generation for Code Summarization via Hybrid GNN”. ICLR 2021.



GNNforCode Summarization[Liu et al. ICLR’21]
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Dynamic Graph 
Construction

Graph Similarity Metric 
Learning Techniques

Node Embedding Based Similarity Metric Learning

Structure-aware Similarity Metric Learning

Graph Sparsification 
Techniques

KNN-style 
Sparsification

Epsilon-neighborhood Sparsification

Graph Regularization

Combining Intrinsic Graph Structures and Implicit Graph Structures

Learning Paradigms

Joint Learning of Graph Structures and Representations

Adaptive Learning of Graph Structures and Representations

Iterative Learning of Graph Structures and Representations

Static Graph 
Construction

Similarity Similarity Graph

Co-occurrence Co-occurrence Graph

World Knowledge Knowledge Graph

Application-driven

LogicSQL Graph

TopicTopic Graph

Semantics
AMR Graph

IE Graph

Syntax
Dependency Graph

Constituency Graph

Static CPG graph +
attention-based

dynamic dynamic



GNNforCode Summarization[Liu et al. ICLR’21]
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Hybrid GNN running message
passing on static & dynamic graphs

Graph

Graph 
embeddings

YES

NO

NO

Homogeneous 
graph?

Convert to 
homogeneous 

graph? 

Single node 
type?

Multi-relational 
GNNs



GNNforCode Summarization[Liu et al. ICLR’21]
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Automatic evaluation results (in %) on the CCSD test set.

Combining static + dynamic
graphs performs better



Machine Translation

211
Ref: https://ciklopea.com/blog/translation/science-or-fiction-machine-translation-explained/

X = {x1, x2, ..., xN}
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• Input
• Source language text

• Output
• Target language text

which maximizes the conditional 
likelihood

Ŷ = argmaxY P (Y |X)
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Syntactic GCN for MT[Bastings et al. EMNLP’17]

212Bastings et al. “Graph Convolutional Encoders for Syntax-aware Neural Machine Translation”. EMNLP 2017.



Syntactic GCN for MT[Bastings et al. EMNLP’17]
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Syntactic GCN for MT[Bastings et al. EMNLP’17]
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Test results for English-German. Test results for English-Czech.

Syntactic GCN is helpful



215Yin et al. “A Novel Graph-based Multi-modal Fusion Encoder for Neural Machine Translation”. ACL 2020.

.

App-driven
static graph
construction

Multi-modal Machine Translation [Yin et al. ACL’20]



Multi-modal Machine Translation [Yin et al. ACL’20]
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Multi-modal Machine Translation [Yin et al. ACL’20]



Hands-on Demonstration
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Graph4NLP: A Library for Deep 
Learning on Graphs for NLP

219



Overall Architecture of Graph4NLP Library

DGL: https://github.com/dmlc/dgl, DIG: https://github.com/divelab/DIG, Huggingface: https://github.com/huggingface/transformers  

https://github.com/dmlc/dgl
https://github.com/divelab/DIG


Dive Into Graph4NLP Library
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Graph Construction

Raw Data

GNN Embedding 
Methods

Featured Structured Data 
(Graph4NLP.GraphData)

Encoded Structured Data 
(Graph4NLP.GraphData) Prediction Results

Evaluation Loss

User Model

Data Flow of Graph4NLP



Computing Flow of Graph4NLP



Performance of Built-in NLP Tasks



225
Ref: https://mentorphile.com/2018/09/14/demo-or-die/



Demo 1: BuildingaTextClassificationApplication
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1) git clone https://github.com/graph4ai/graph4nlp_demo
2) follow Get Started instructions in README

https://github.com/graph4ai/graph4nlp_demo


Demo 1: BuildingaTextClassificationApplication
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Model arch

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo


Demo 1: BuildingaTextClassificationApplication
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Graph construction API,
various built-in options,
can be customized

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo


Demo 1: BuildingaTextClassificationApplication
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GNN API, various built-in
options, can be customized

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo


Demo 1: BuildingaTextClassificationApplication
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Prediction API, various built-in
options, can be customized

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo


Demo 1: BuildingaTextClassificationApplication
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Dataset API, various built-in
options, can be customized

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo


Demo 2: BuildingaSemantic ParsingApplication
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1) git clone https://github.com/graph4ai/graph4nlp_demo
2) follow Get Started instructions in README

https://github.com/graph4ai/graph4nlp_demo


Demo 2: BuildingaSemantic ParsingApplication
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Graph2Seq API

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo


Demo 2: BuildingaSemantic ParsingApplication

234https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo

Dataset API, various built-in
options, can be customized

https://github.com/graph4ai/graph4nlp_demo/tree/main/NAACL2021_demo


DLG4NLP: Future Directions 
and Conclusions
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Future Directions

• The Rise of GNN + NLP

• Graph Construction for NLP 
• Dynamic graph construction are largely underexplored!
• How to effectively combine advantages of static graph and dynamic graph?
• How to construct heterogeneous dynamic graph?
• How to make dynamic graph construction itself scalable?
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[Vashishth et al. EMNLP’19 Tutorial]



Future Directions

• Scaling GNNs to Large Graphs
• Most existing multi-relational or heterogeneous GNNs will have scalability 

issues when applied to large graphs in NLP such as KGs (> 1m)

• GNNs + Transformer in NLP 
• How to effectively combine the advantages of GNNs and Transformer?
• Is graph transformer the best way to utilize?

• Pretraining GNNs for NLP
• Information Retrieval/ Search
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Future Directions

• Graph-to-graph Learning in NLP 
• How to effectively develop Graph-to-Graph models for solving graph 

transformation problem in NLP (i.e. information extraction)?

• Joint Text and KG Reasoning in NLP
• Joint text and KG reasoning is less explored although GNNs for multi-hop 

reasoning gains popularity

• Incorporate Source and Context into Knowledge Graph Construction 
and Verification
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Conclusions
• Deep Learning on Graphs for NLP is a fast-growing area today!
• Since graph can naturally encode complex information, it could bridge a 

gap by combining both empirical domain knowledges and the power of 
deep learning.

• For a NLP task, 
• how to convert text sequence into the best graph (directed, multi-relation, 

heterogeneous)
• how to determine proper graph representation learning technique?

• Our Graph4NLP library aims to make easy use of GNNs for NLP:
• Code: https://github.com/graph4ai/graph4nlp
• Demo: https://github.com/graph4ai/graph4nlp_demo
• Github literature list: https://github.com/graph4ai/graph4nlp_literature
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https://github.com/graph4ai/graph4nlp
https://github.com/graph4ai/graph4nlp_demo
https://github.com/graph4ai/graph4nlp_literature

