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Machine Learning with Networks

• ML tasks in networks: 
–Node classification

• Predict a type of a given node 
–Link prediction

• Predict whether two nodes are linked 
–Community detection

• Identify densely linked clusters of nodes 
–Network similarity

• How similar are two (sub)networks?
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NE&GNN
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Agenda
• Network Embedding
• Revisiting Network Embedding
• Graph Neural Network
• Revisiting Graph Neural Network
• GNN&Reasoning
• Revisiting GNN&Reasoning
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Representation Learning on Networks

0.8 0.2 0.3 … 0.0 0.0
d-dimensional vector, d<<|V|

Users with the same label are 
located in closer

label1

label2
e.g., node classification

Representation Learning/
Graph Embedding
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DeepWalk: Random Walk + Word2Vec

1. B. Perozzi, R. Al-Rfou, and S. Skiena. 2014. Deepwalk: Online learning of social representations. KDD, 701–710.

v1

v3 v4

v6

v5

v4 v3 v1 v5 v6

Random walk One example RW path
SkipGram with 
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softmax

v2
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Parameter Learning
• Randomly initialize the representations
• Each classifier in the hierarchy has a set of weights
• Use SGD (stochastic gradient descent) to update 

both classifier weights and vertex representations 
simultaneously

ℒ = #
$∈&

#
'∈()

−log(/(0|2))

4 0 2 = exp(8$98')
∑;∈& exp(8$98;)
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Results: BlogCatalog

• Feed the learned representation for node classification 
• DeepWalk (node representation learning) performs well, 

especially when labels are sparse
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Results: YouTube

• Similar results on YouTube
• Spectral Clustering does not scale to large graphs
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• DeepWalk utilizes fixed-length, unbiased 
random walks to generate context for each 
node, can we do better? 
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Later…
• LINE[1]: explicitly preserves both first-order

and second-order proximities.
• PTE[2]: learn heterogeneous text network 

embedding via a semi-supervised manner.
• Node2vec[3]: use a biased random walk to 

better explore node’s neighborhood.
• Metapath2vec[4]: meta-path-based random 

walks for heterogeneous networks.
• GATNE[5]: inductive learning for hetero-

geneous networks.
1. J. Tang, M. Qu, M. Wang, M. Zhang, J. Yan, and Q. Mei. 2015. Line: Large-scale information network embedding. WWW’15, 1067–1077.
2. J. Tang, M.  Qu, and Q. Mei. 2015. Pte: Predictive text embedding through large-scale heterogeneous text networks. KDD’15, 1165–1174.
3. A. Grover and J. Leskovec. 2016. node2vec: Scalable feature learning for networks. KDD’16, 855–864.
4. Y. Dong, C. V. Nitesh and S. Ananthram. 2017. metapath2vec: Scalable Representation Learning for Heterogeneous Networks. KDD’14.
5. Y. Cen, X. Zou, J. Zhang, H. Yang, J. Zhou, and J. Tang. Representation Learning for Attributed Multiplex Heterogeneous Network. KDD’19.
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LINE: First-order proximity
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LINE: Second-order proximity
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LINE: Information Network Embedding 
• Given a large network G = (V, E), LINE aims to 

represent each vertex v ∈ V into a low-dimensional 
space Rd

• Goal: learning a function fG : V → Rd, d ≪ |V|. 
In Rd, both the first-order proximity and the second-
order proximity between the vertices are preserved 

• For each node vi ∈ V, we use u⃗i ∈ Rd to represent 
the corresponding low-dimensional vector 
representation. 
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LINE with First-order Proximity
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LINE with Second-order Proximity



Jie Tang, Tsinghua     18

Model Optimization
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Later…
• LINE[1]: explicitly preserves both first-order 

and second-order proximities.
• PTE[2]: learn heterogeneous text network 

embedding via a semi-supervised manner.
• Node2vec[3]: use a biased random walk to 

better explore node’s neighborhood.
• Metapath2vec[4]: meta-path-based random 

walks for heterogeneous networks.
• GATNE[5]: inductive learning for hetero-

geneous networks.
1. J. Tang, M. Qu, M. Wang, M. Zhang, J. Yan, and Q. Mei. 2015. Line: Large-scale information network embedding. WWW’15, 1067–1077.

2. J. Tang, M.  Qu, and Q. Mei. 2015. Pte: Predictive text embedding through large-scale heterogeneous text networks. KDD’15, 1165–1174.
3. A. Grover and J. Leskovec. 2016. node2vec: Scalable feature learning for networks. KDD’16, 855–864.

4. Y. Dong, C. V. Nitesh and S. Ananthram. 2017. metapath2vec: Scalable Representation Learning for Heterogeneous Networks. KDD’14.

5. Y. Cen, X. Zou, J. Zhang, H. Yang, J. Zhou, and J. Tang. Representation Learning for Attributed Multiplex Heterogeneous Network. KDD’19.
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node2vec: Biased Walks

• Use biased random walks to trade off local and 
global views of the network

• Biased walks is a special case of random walk, 
thus node2vec is a special case of DeepWalk

1. A. Grover and J. Leskovec. 2016. node2vec: Scalable feature learning for networks. KDD, 855–864.
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node2vec
• Biased random walk ! that given a node " generates 

random walk neighborhood #$% "
• Return parameter &:
oReturn back to the previous node

• In-out parameter ':
oMoving outwards (DFS) vs. inwards (BFS)
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node2vec
• Biased random walk ! that given a node " generates 

random walk neighborhood #$% "
• Return parameter &:
oReturn back to the previous node

• In-out parameter ':
oMoving outwards (DFS) vs. inwards (BFS)

Picture snipped from Leskovec
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Metapath2vec: Heterogeneous Random Walk
• Input: a heterogeneous graph ! = ($, &)
• Output: ( ∈ * + ×-, . ≪ |$|, .-dim vector (1 for

each node v.

• How do we random walk over 
heterogeneous networks?

• How do we apply skip-gram 
over different types of nodes? 

Org Author Paper Venue
a1

a2

a3

a4

a5

MIT

CMU

ACL

KDD

p1

p2

p3

APVPA

OAPVPAO

APA

meta paths
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Org Author Paper Venue
a1

a2

a3

a4

a5

MIT

CMU

ACL

KDD

p1

p2

p3

APVPA

OAPVPAO

APA

meta paths
Org Author Paper Venue

a1

a2

a3

a4

a5

MIT

CMU

ACL

KDD

p1

p2

p3

APVPA

OAPVPAO

APA

meta paths

meta-path-based
random walks

KDD 0
0
0
0
0
1
0
0
0
0
0
0

ACL

MIT
CMU

a1

a2

a3

a4

a5

p1

p2

p3

input layer hidden 
layer

output layer

prob. that 
p3 appears

|V|-dim |V| x k

prob. that 
KDD apears

... ...

skip-gram

1. Sun and Han. Mining heterogeneous information networks: Principles and Methodologies. Morgan & Claypool Publishers, 2012.
2. Dong et al. metapath2vec: scalable representation learning for heterogeneous networks. In ACM KDD 2017. The most cited paper in KDD’17 as of 2018.

Metapath2vec: Heterogeneous Random Walk



Jie Tang, Tsinghua     25

Org Author Paper Venue
a1

a2

a3

a4

a5

MIT

CMU

ACL

KDD

p1

p2

p3

APVPA

OAPVPAO

APA

meta paths

Metapath2vec: Heterogeneous Random Walk

• Given a meta-path scheme

• The transition probability at step i is defined as

• Recursive guidance for random walkers, i.e.,
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Metapath2vec: Heterogeneous Random Walk

0KDD
0
0
0
0
1
0
0
0
0
0
0

ACL

MIT
CMU

a1

a2

a3

a4

a5

p1

p2

p3

input layer hidden 
layer

output layer

prob. that 
ACL appears

prob. that 
KDD appears

prob. that 
a3 appears

prob. that 
a5 appears

prob. that 
CMU appears

prob. that 
p3 appears|V|-dim

|Vp| x kP

prob. that 
p2 appears

|Vo| x ko

|VA| x kA

|VV| x kV
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Application: Embedding Academic Graph

metapath2vec++

Microsoft Academic Graph 
& 

AMiner

author

affiliation

journal conference

fields of study

paper/patent/book

metapath2vec
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Application 2: Node Clustering
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Visualization

29

word2vec [Mikolov, 2013]

http://projector.tensorflow.org/
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GATNE: Attributed Multiplex Heterogeneous 
Network Embedding

• Recommend items to users by considering Attributed 
Multiplex Heterogeneous Networks (AMHEN)
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Different Types of Network Embedding
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Multiplex Heterogeneous Graph Embedding

Generating Overall Node Embedding

Base Embedding

Edge Embedding

 0 1 0 0 1

 1 0 0 1 0

0 1 0 1 0 

Node Attributes

GATNE-T
GATNE-I

0
0
0
0
1
0
0
0
0

0
0

0
0

Heterogeneous Skip-Gram

Input Layer

Hidden 
Layer

Output Layer

…

|V|-dim

|V1|×K1

…

…

|V2|×K2

|V3|×K3

1. Y. Cen, X. Zou, J. Zhang, H. Yang, J. Zhou and J. Tang. Representation Learning for Attributed Multiplex Heterogeneous Network. KDD’19.
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Recommendation Results
• Data

– Small: Amazon, YouTube, Twitter w/ 10K nodes
– Large: Alibaba w/ 40M nodes and 0.5B edges

GATNE outperforms all sorts of baselines in the various datasets. 

** Code available at https://github.com/THUDM/GATNE

https://github.com/THUDM/GATNE
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Alibaba Offline A/B Tests

• GATNE-I is deployed on Alibaba’s distributed cloud platform for its 
recommendation system. The training dataset has about 100 million 
users and 10 million items with 10 billion interactions between them. 

• Under the framework of A/B tests, an offline test is conducted on 
GATNE-I, MNE and DeepWalk. The experimental goal is to 
maximize Hit-Rate. The results demonstrate that GATNE-I improves 
Hit-Rate by 3.26% and 24.26% compared to MNE and DeepWalk
respectively.
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Agenda
• Network Embedding
• Revisiting Network Embedding
• Graph Neural Network
• Revisiting Graph Neural Network
• GNN&Reasoning
• Revisiting GNN&Reasoning
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Questions

• What are the fundamentals underlying the 
different models?

or
• Can we unify the different graph embedding 

approaches?
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Unifying DeepWalk, LINE, PTE, and 
node2vec into Matrix Forms

1. Qiu et al. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. WSDM’18. The most cited paper in WSDM’18 as of May 2019
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DeepWalk is asymptotically and implicitly factorizing 

DeepWalk is factorizing a matrix

'() * =,
"
,
-
."-

/ Adjacency matrix
0 Degree matrix

b: #negative samples
T: context window size

Matrix 
Factorization
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Skip gram with negative sampling

Levy and Goldberg. Neural word embeddings as implicit matrix factorization. In NIPS 2014

Skip-gram with negative sampling (SGNS)

• SGNS maintains a multiset ! that counts the occurrence 
of each word-context pair (#, %)

• Objective

ℒ =)
*
)
+
(# #, % log 0 1*2 1+ + 4# # #(%)

|6| log 0(−1*21+))

• For sufficiently large dimension d, the objective above is 
equivalent to factorizing the PMI matrix

log #(#, %)|6|4#(#)#(%)
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Understanding random walk + skip gram
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Understanding random walk + skip gram
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Understanding random walk + skip gram

Suppose the multiset ! is constructed based on 
random walk on graphs, can we interpret "#$ #(',))|!|

,#(')#())
with graph structures? 
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Understanding random walk + skip gram

• Partition the multiset ! into several sub-multisets 
according to the way in which each node and its 
context appear in a random walk node sequence. 

• More formally, for " = 1, 2,⋯ , (, we define 

Distinguish direction 
and distance
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Understanding random walk + skip gram

the length of random walk ! → ∞
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DeepWalk is asymptotically and implicitly factorizing 

DeepWalk is factorizing a matrix

'() * =,
"
,
-
."-

/ Adjacency matrix
0 Degree matrix

b: #negative samples
T: context window size

Matrix 
Factorization
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LINE
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PTE
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Understanding node2vec

A. Grover and J. Leskovec. 2016. node2vec: Scalable feature learning for networks. KDD, 855–864.
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Understanding node2vec

A. Grover and J. Leskovec. 2016. node2vec: Scalable feature learning for networks. KDD, 855–864.
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Can we directly factorize the derived 
matrices for learning embeddings?
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NetMF

• DeepWalk is implicitly factorizing

• NetMF is explicitly factorizing  

! =

! =
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NetMF

• DeepWalk is implicitly factorizing

• NetMF is explicitly factorizing  

! =

! =

Recall that in random walk + skip-gram based embedding models: 
"#$"% à the probability that node & and context ' appear on a 
random walk path  

"#$"% à the similarity score !#% between node & and context '
defined by this matrix
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NetMF

Approximate D-1/2AD-1/2

with its top-h eigenpairs 
Uh!hUhT

The Arnoldi algorithm [1] 
for significant time 
reduction

[1] R. Lehoucq, D. Sorensen, and C.Yang. 1998. ARPACK users’ guide: solution of large-scale eigenvalue problems with implicitly 

restarted Arnoldi methods. SIAM.
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Error Bound for NetMF for a large window size T

• According to Frobenius norm’s property

• and because M’i,j=max(Mi,j, 1)>=1, we have

• Also because the property of NGL, 
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Experimental Results

Predictive performance on varying the ratio of training data;
The x-axis represents the ratio of labeled data (%)
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Network Embedding as Matrix Factorization

1. Qiu et al. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. In WSDM’18. The most cited paper in 
WSDM’18 as of Aug 2018

• DeepWalk

• LINE

• PTE  

• node2vec
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Challenge in NetMF

Academic graphSmall world
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For random-walk matrix polynomial

where                    and      non-negative

One can construct a 1 + # -spectral sparsifier $% with   
non-zeros 

in time 

for undirected graphs

Sparsify &

1. D. Cheng, Y. Cheng, Y. Liu, R. Peng, and S.H. Teng, Efficient Sampling for Gaussian Graphical Models via Spectral Sparsification, COLT 2015.
2. D. Cheng, Y. Cheng, Y. Liu, R. Peng, and S.H. Teng. Spectral sparsification of random-walk matrix polynomials. arXiv:1502.03496.
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For random-walk matrix polynomial

where                    and      non-negative

One can construct a 1 + # -spectral sparsifier $% with   
non-zeros 

in time 

Sparsify &

1. D. Cheng, Y. Cheng, Y. Liu, R. Peng, and S.H. Teng, Efficient Sampling for Gaussian Graphical Models via Spectral Sparsification, COLT 2015.
2. D. Cheng, Y. Cheng, Y. Liu, R. Peng, and S.H. Teng. Spectral sparsification of random-walk matrix polynomials. arXiv:1502.03496.
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NetSMF --- Sparse

Factorize the constructed matrix

1. J. Qiu, Y. Dong, H. Ma, J. Li, C. Wang, K. Wang, and J. Tang. NetSMF: Large-Scale Network Embedding as Sparse Matrix Factorization. WWW’19.
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Results

** Code available at https://github.com/xptree/NetSMF

https://github.com/xptree/NetSMF
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NE as Sparse Matrix Factorization
• node-context set (sparsity)

• To avoid the trivial solution

• Local negative samples drawn from

• Modify the loss (sum over the edge-->sparse)
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NE as Sparse Matrix Factorization
• Let the partial derivative w.r.t. be zero

• Matrix to be factorized (sparse)
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NE as Sparse Matrix Factorization

• Compared with matrix factorization method (e.g., NetMF)

• Sparsity (local structure and local negative samples)à
much faster and scalable (e.g., randomized tSVD, O(|E|))

• The optimization (single thread) is much faster than SGD used
in DeepWalk, LINE, etc. and is still scalable!!!

• Challenge: may lose high order information!

• Improvement via spectral propagation

V.S.
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Higher-order Cheeger’s inequality
•

• Bridge graph spectrum and graph partitioning

• k-way Cheeger constant : reflects the effect of the
graph partitioned into k parts. A smaller value of
means a better partitioning effect.

1. J. R. Lee, S. O. Gharan, L. Trevisan. Multiway spectral partitioning and higher-order cheeger inequalities. Journal of the ACM (JACM), 2014, 61(6): 37.
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Higher-order Cheeger’s inequality
• Bridge graph spectrum and graph partition

• low eigenvalues control the global information

• high eigenvalues control the local information

•

• spectral propagation: propagate the initial network embedding in
the spectrally modulated network !
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NE Enhancement via Spectral Propagation
• the form of the spectral filter

• Band-pass (low-pass, high-pass)

• pass eigenvalues within a certain range and weaken 
eigenvalues outside that range

• amplify local and global network information 
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Chebyshev Expansion for Efficiency
• Utilize truncated Chebyshev expansion to avoid explicit 

eigendecomposition and Fourier transform

• Calculate the coefficient of Chebyshev expansion

where        is the modified Bessel function of the first kind
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Chebyshev Expansion for Efficiency

• NE

• Denote and calculate the Equation in the
following recursive way
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Complexity of ProNE

• Spectral propagation only involves sparse
matrix multiplication! The complexity is
linear!

• sparse matrix factorization + spectral 
propagation = O(|V|d2 + k|E|)
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Results

** Code available at https://github.com/THUDM/ProNE

* ProNE (1 thread) v.s. 
Others (20 threads)

* 10 minutes on 
Youtube (~1M nodes)

https://github.com/THUDM/ProNE
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Effectiveness experiments

** Code available at https://github.com/THUDM/ProNE

* ProNE (SMF) = ProNE w/ 
only sparse matrix factorization

Embed 100,000,000 nodes by one thread: 
29 hours with performance superiority

https://github.com/THUDM/ProNE
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Spectral Propagation: k-way Cheeger
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Input: 
Adjacency 

Matrix
!

Output: 
Vector
"

Representation Learning on Networks

NetMF RLN by Matrix

ProNE " = $("′)

Scalable RLN NetSMF

offer 10-400X speedups 

handle 100M graph

achieve better accuracy

1. Qiu et al. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. WSDM’18. The most cited paper in WSDM’18 as of May 2019
2. J. Qiu, Y. Dong, H. Ma, J. Li, C. Wang, K. Wang, and J. Tang. NetSMF: Large-Scale Network Embedding as Sparse Matrix Factorization. WWW’19.

3. J. Zhang, Y. Dong, Y. Wang, J. Tang, and M. Ding. ProNE: Fast and Scalable Network Representation Learning. IJCAI’19.

( = $(!)

Sparsify (

Fast RLN
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Agenda
• Network Embedding
• Revisiting Network Embedding
• Graph Neural Network
• Revisiting Graph Neural Network
• GNN&Reasoning
• Revisiting GNN&Reasoning
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From Shallow to Deep
• So far we have focused on shallow encoders, i.e. 

embedding lookups:
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From Shallow to Deep 

• Limitations of shallow encoding:

– O(|V|) parameters are needed: there no parameter 

sharing and every node has its own unique embedding 

vector

– Inherently “transductive”: It is impossible to generate 

embeddings for nodes that were not seen during training

– Do not incorporate node features: Many graphs have 

features that we can and should leverage. 

• We will now discuss deeper methods based on 

graph neural networks, i.e., encoder is complex 

function that depends on graph structure. 
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A Naive Approach With Deep Neural Network
• Taking adjacency matrix A and feature matrix X into 

deep(fully connected neural network). 

• But there are a huge number of parameters and 
you have to re-train the model if the network 
structure changes. 

• So we need weight sharing(CNNs)! 
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GCN
• GCNs can be considered as a simplification of the 

traditional graph spectral methods
• The common strategy is to model a node’s neighborhood 

as the receptive field and then apply the graph convolution
operationEmbedding 

Layer

n

B

action status

ego

Input
Layer

B

2

|V|

Loss

Output
Layer

GCN/GAT
Layer

v

Raw
Input 

mini-batch
of size B

v

u

user 
attributes

Instance 
Normalization 

d

avv

B

v

Ground
Truth

(a) (b) (c) (d) (e) (f) (g)

avu

xv

xu yu

yv
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Recent GCN Research

2017 GCN

2017GraphSAGE

2018 GAT

2018FastGCN

2018 GraphSGAN
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GNN/GCN Model Architecture
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The Core of Graph Neural Networks

a

e

v

b

d

c

• Neighborhood Aggregation: 
– Aggregate neighbor information and pass into a neural network
– It can be viewed as a center-surround filter in CNN---graph convolutions!

!" = $(!&, !(, !), !*, !+)

∑./
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Convolutional neural network

∑"#
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GNN: Graph Convolutional Networks

!"# = %('# (
)∈+ " ∪"

ℎ)#./
|1(2)||1(4)|

)
a

e

v

b

d

c

1. Kipf et al. Semi-supervised Classification with Graph Convolutional Networks. ICLR 2017
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A Toy Example

the example is from Yizhou’s slides
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GNN: Graph Convolutional Networks

!"# = %('# (
)∈+ " ∪"

ℎ)#./
|1(2)||1(4)|

)

the neighbors of node 4
node 4’s embedding at layer 5

Non-linear activation function (e.g., ReLU)

parameters in layer 5

a

e

v

b

d

c
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GNN: Graph Convolutional Networks

!"# = %('# (
)∈+ "

ℎ)#-.
/ 0 / 1

+

'# (
"

ℎ"#-.
|/(1)||/(1)|

)

1. Kipf et al. Semi-supervised Classification with Graph Convolutional Networks. ICLR 2017

a

e

v

b

d

c

5-
.
675-

.
68 # ' #

5-
.
695-

.
68 # ' #



Jie Tang, Tsinghua     89

GNN: Graph Convolutional Networks

!" = $ %&
'
( ) + + %&

'
(! " , "

Input

- =!.

Output

!/ = 0

1 = (3, 5, ))
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GNN: Graph Convolutional Networks

!" = $ %&
'
( ) + + %&

'
(! " , "

GCN is one way of neighbor aggregations
– GraphSage
– Graph Attention
– … …
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GraphSAGE Model Arthitecture

1. Hamilton et al. Inductive Representation Learning on Large Graphs. NIPS 2017
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GraphSage

!"# = %('# (
)∈+ " ∪"

ℎ)#./
|1(2)||1(4)|

)a

e

v

b

d

c

GCN

GraphSage

!"# = %([6#⋅ AGG ℎ)#./, ∀2 ∈ 1 4 ,<#ℎ"#./])
Generalized aggregation: any differentiable 
function that maps set of vectors to a single vector

1. Hamilton et al. Inductive Representation Learning on Large Graphs. NIPS 2017
2. Slide snipping from “Hamiltion & Tang, AAAI 2019 Tutorial on Graph Representation Learning”
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GraphSage

!"# = %('# (
)∈+ " ∪"

ℎ)#./
|1(2)||1(4)|

)a

e

v

b

d

c

GCN

GraphSage

!"# = %([6#⋅ AGG ℎ)#./, ∀2 ∈ 1 4 ,<#ℎ"#./])
Generalized aggregation: any differentiable 
function that maps set of vectors to a single vector

Instead of summation, it concatenate 
neighbor & self embeddings

1. Hamilton et al. Inductive Representation Learning on Large Graphs. NIPS 2017
2. Slide snipping from “Hamiltion & Tang, AAAI 2019 Tutorial on Graph Representation Learning”
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Performance
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Graph Attention Networks
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c Realistically, neighbors play different influences

1. Velickovic et al. Graph Attention Networks. ICLR 2018
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Graph Attention Networks
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1. Velickovic et al. Graph Attention Networks. ICLR 2018
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GAT Results
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Agenda
• Network Embedding
• Revisiting Network Embedding
• Graph Neural Network
• Revisiting Graph Neural Network
• GNN&Reasoning
• Revisiting GNN&Reasoning
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Setting: Semi-supervised Learning on Graphs
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Challenges: non-robust

• : Deterministic propagation
• Nodes are highly dependent with its neighborhoods,

making GNNs non-robust.



Jie Tang, Tsinghua     101

Motivation: some problems of GCN

• : Propagation is coupled with
transformation.

• Stacking many layers may cause over-fitting and
over-smoothing.
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Grand: Graph Random Neural Network
• Random Propagation (DropNode + Propagation):
– Each node is enabled to be not sensitive to specific
neighborhoods.

– Decouple propagation from feature transformation.

MLP
…
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Graph Random Neural Network(Grand)

• Consistency Regularized Training:
– Random propagation serves as graph data augmentation
– Consistency Regularization: Optimizing the consistency
among S augmentations of the graph.

MLP

…
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Grand training details
Consistency Loss�

Average

Sharpening

Distributions of a node:
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Theoretical Analysis

• With Consistency Regularization Loss:
– Random propagation can enforce the consistency of 

the classification confidence between each node and 
its all multi-hop neighborhoods. 

• With Supervised Cross-entropy Loss:
– Random propagation can enforce the consistency of 

the classification confidence between each node and 
its labeled multi-hop neighborhoods. 
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Different between DropNode and Dropout

• Theoretically, Dropout is an adaptive L2 regularization.
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Results
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Ablation Study
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Robustness Analysis
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Relieving Over-smoothing 
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Generalization Improvement
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Efficiency Analysis
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Results on Large Datasets



Jie Tang, Tsinghua     114

• Again, what are the fundamentals underlying 
the different models?

• Understanding GNNs as Signal Rescaling
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Case Study - GAT
• Message-Passing as attention coefficients

split "⃗ #$%& '⃗ "$( )⃗

convert to matrix form
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Case Study – GraphSAGE-mean

• Message-Passing as heuristic sampling and 
aggregating scheme

convert to matrix form
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Case Study - FastGCN
• Message-Passing as heuristic sampling and 

aggregating scheme

convert to matrix form
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Case Study - ASGCN
• Message-Passing as learned sampling and 

aggregating scheme

convert to matrix form
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Summarization

• " and # are rescaling coefficients matrices.
• $ ⋅ denotes some matrix normalization function.
• ℒ is the model specified Laplacian matrix.
• ' ⋅ can be any activation function.
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Observations
• Propagation – by Laplacian

– Laplacians are normalized adjacency matrix with self-
loop

– ℒ can be #$% & + ( , #$
*
+ & + ( #$

*
+ or even & + (.

• Signal Rescaling
– Before Propagation (Pre-Prop)
– After Propagation (Post-Prop)
– During Propagation (Edge-Wise)
– Re-normalization (For numerical stability)

A combination 
gives 
approximation for
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Observations
• In this way, we

– disentangle rescaling from message-passing 
– decouple rescaling operations into different operators

• Based on our observation, we are able to design a 
general / flexible GCN framework with decoupled 
rescaling operators
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Building Blocks of Signal Rescaling

• Pre-propagation Rescaling
– Vanilla GCN: !" = $(ℒ!')
– Matrix row scaling operator as Diagonal matrix ) and *

– Rescaling before propagation: !" = $ ℒ*!'
– Re-normalization after aggregation: !" = $ )ℒ*!'

– * are extracted from pre-prop feature by a learnable 
vector -⃗: *.. = sigmoid !'5⃗ .

– ) makes the row sum of )ℒ* to be 1.
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Building Blocks of Signal Rescaling
• Post-propagation Rescaling

– Vanilla GCN: !" = $(ℒ!')
– Negative signal rescaling by node adaptive encoder:

$*⃗ + = , $ + , + ≥ 0
$ 0⃗1+ , + < 0

– Rescaling after propagation !" = $*⃗(ℒ!')

– 0⃗ are extracted from post-prop feature by a learnable 
vector 4⃗: 0⃗1 = sigmoid ℒ!';⃗ 1

– Re-normalization are opted out for xLU(⋅) activation’s 
output mostly concentrate on the positive signal.
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Building Blocks of Signal Rescaling
• Edge-wise Rescaling

– Approximated by the combination of Pre-prop rescaling 
and Post-prop rescaling

• Node Sampling Strategy
– (Schematic) Dropout applied to Pre-propagation Matrix
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General Framework

Diagonal Matrix ! as Pre-prop rescaling operator
Node Adaptive Encoder "$⃗(⋅) as Post-prop rescaling operator
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Analysis
• The pre-propagation rescaling redistributes the 

signal energy. It functions as noise reducer.
• The post-propagation rescaling reduce the variance 

before activation. It functions like Layer 
Normalization.

• The Node Sampling Strategy functions like small 
batch trick (Regularization).

• The flexibility of Signal Rescaling framework is 
favorable by Graph AutoML.
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Graph Attention as Signal Rescaling

• GAT
– "# = % & 'ℒ + ℒ* "+
– ℒ = , + -.
– & ⋅ = SparseRowSoftmax LeakyReLU ⋅
– 'AA = "+C⃗ A , *AA = "+E⃗ A
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Graph Attention as Signal Rescaling

• Node Attention
– "#$ = &# 'ℒ)"* #

– '## = +
,⋅+

• Edge Attention
– "#$ = &# 'ℒ)"* #

– '## = +
ℒ.+

• k-hop Edge Attention
– "#$ = &# 'ℒ/)"* #

– '## = +
ℒ0.+

• k-hop Path Attention
– "#$ = &# 'ℒ)/ℒ)/1+⋯ℒ)+"* #

– '## = +
ℒ.0ℒ.034⋯ℒ.4+
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Performance – Citation Networks
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Performance – PPI networks
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Takeaway Messages & Future Works

• The decoupled rescaling operations have their 
separated utilities.

• Node sampling strategy functions as small batch 
trick.
– Can we find a theory?

– How to better use this?

• The graph AutoML has its potential to further 
enhance of the community of GNNs.
– Realization?
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• Let us now revisit the negative sampling?
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SampledNCE Framework
• An trainable encoder E!-- generate node embeddings

– An embedding lookup table 
– A variant of Graph Neural Networks

• A positive sampler -- sample positive nodes
• A negative sampler -- sample negative nodes

1. Z. Yang, M. Ding, C. Zhou, H. Yang, J. Zhou, and J. Tang. Understanding Negative Sampling in Graph Representation Learning. KDD’20.
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Negative Sampling
• Negative Sampling

– serve as a simplified version of noise contrastive estimation.

– a efficient way to accelerate the training of word2vec.

– negative sampling has a huge influence on the performance.

–the best choice varies largely on different datasets.

–few papers systematically analyzed or discussed negative sampling 

in graph representation learning. 
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Related Work
• Degree-based NS: utilize degree to sample negative samples

– Power of Degree (Mikolov, Sutskever & Dean, 2013)
– RNS (Caselles-Dupré, Lesaint & Royo-Letelier, 2018)
– WRMF (Hu, Koren & Volinsky, 2008)

• Hard-samples NS: mine the hard negative samples by rejection
– DNS (Zhang, Chen & Yu, 2013)
– PinSAGE (Rex, Ruining& Jure, 2018)
– WARP (Weston, Bengio & Usunier, 2011)

• GAN-based NS: utilize GAN to adversarially generate “difficult” 
negative samples 
– IRGAN (Wang, Yu & Xu, 2017)
– KBGAN (Cai & Wang, 2018)
– NMRN (Wang, Yin & Wang, 2018)
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Understanding Negative Sampling--Objective

For each        pair, define two Bernoulli distribution:

• P:                                                    Q:  

The objective function for embedding: 

According to Gibbs Inequality, the optimal embedding for each node pair         : 

The objective function can be  simplified as follows:
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Understanding Negative Sampling--Risk

The loss function to minimize empirical risk as follows: 

According to Theorem, the mean squared error of        : 

Theorem: the random variable                   asymptotically converges to a distribution 
with zero mean vector and covariance matrix. 
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The Principle of Negative Sampling

A simple solution is to sample negative nodes positively but sub-linearly correlated 

to their positive sampling distribution. 

• Monotonicity: from the perspective of objective, if we have                          , 

• Accuracy: from the perspective of risk, if                         , 
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MCNS Model

• self-contrast approximation for positive sampling distribution:
– replacing       by inner products based on the current encoder

• Metropolis-Hastings to accelerate negative sampling
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Experiments

Recommendation Task

MovieLens:

2,625 nodes

100,000 links
Amazon:

255,404 nodes

1,689,188 links
Alibaba:

159,633 nodes

907,470 links

Evaluation Metric:

MRR & 

Hits@30
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Experiments

Node Classification Task

BlogCatalog: 10,312 nodes & 333,983 links

Evaluation Metric: Micro-F1

Link Prediction Task

Arxiv: 5,242 nodes & 28,980 links

Evaluation Metric: AUC
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Efficiency Comparison

The runtime of MCNS and 

hard-samples or GAN-

based strategies with 

GraphSAGE encoder in 

recommendation task.

Runtime Comparisons:

MCNS
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Summary of MCNS
• Analyze the role of negative sampling from the perspectives 
of both objective and risk.

• Derive the theory and quantify that the negative sampling 
distribution should be positively but sub-linearly correlated 
to their positive sampling distribution.

• Approximate the positive distribution with self-contrast 
approximation and accelerating negative sampling by 
Metropolis-Hastings.

• Achieve start-of-art performance in recommendation, link 
prediction and node classification, on a total of 19 
experimental settings.
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Challenges

• How to combine Graph with Pre-Training 
(BERT/CL)?

• Graph Neural Network Pre-Training

+
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GCC: Graph Contrastive Coding for 
Graph Neural Network Pre-Training
Jiezhong Qiu*, Qibin Chen*, Yuxiao Dong$, Jing Zhang+, 
Hongxia Yang#, Ming Ding*, Kuansan Wang$, Jie Tang*

*Tsinghua University
$Microsoft Research, Redmond

#DAMO Academy, Alibaba Group
+Renmin University

1. J. Qiu, Q. Chen, Y. Dong, J. Zhang, H. Yang, M. Ding, K. Wang, and J. Tang. GCC: Graph Contrastive Coding for Graph Neural Network Pre-Training. KDD’20.
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Revisit MoCo (CVPR 20)
• Momentum Contrast for Unsupervised Visual 

Representation Learning 
https://arxiv.org/pdf/1911.05722.pdf

• Train ResNet on ImageNet without image labels
– Competitive results on ImageNet classification
– Outperform supervised ResNet in 7 downstream tasks

https://arxiv.org/pdf/1911.05722.pdf
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Revisit MoCo
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Graph Contrastive Coding (GCC)
• Problem formulation:

– Measuring vertex structural similarity

– New wine in old bottles:
• motif, centrality, clustering coefficient, structural diversity, edge 

density, etc
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Graph Contrastive Coding (GCC)
• Define positive pairs by sub-graph sampling

– Random walk with restart sub-graph sampling

1. J. Qiu, Q. Chen, Y. Dong, J. Zhang, H. Yang, M. Ding, K. Wang, and J. Tang. GCC: Graph Contrastive Coding for Graph Neural Network Pre-Training. KDD’20.
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GCC Pre-Training / Fine-tuning
• Six real-world information networks for pre-training.

• Fine-tuning Tasks:
– Node classification
– Graph classification
– Similarity search

• Two fine-tuning settings.

Graph 
Encoder Classifier Label

Full Fine-tuning

Freezing Fine-
tuning
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Node Classification
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Graph Classification



Jie Tang, Tsinghua     153

Similarity Search
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Agenda
• Network Embedding
• Revisiting Network Embedding
• Graph Neural Network
• Revisiting Graph Neural Network
• GNN&Reasoning
• Revisiting GNN&Reasoning
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The Quality Cafe is a 
now-defunct diner in 
Los Angeles, California. 
The restaurant has 
appeared as a location 
featured in a number of 
Hollywood films, 
including Old School, 
Gone in 60 Seconds, ...

Quality Café
Los Angeles is the most 
populous city in 
California, the second 
most populous city in 
the United States, after 
New York City, and the 
third most populous city 
in North America.

Los Angeles

Old School is a 2003 
American comedy film 
released by Dream
Works Pictures and 
The Montecito Picture 
Company and directed 
by Todd Phillips.

Old School
Todd Phillips is an 
American director, 
producer, screenwriter, 
and actor. He is best 
known for writing and 
directing films, including 
Road Trip (2000), Old 
School (2003), Starsky
& Hutch (2004), and 
The Hangover Trilogy.

Todd Phillips

Alessandro Moschitti is 
a professor of the CS 
Department of the 
University of Trento, 
Italy. He is currently a 
Principal Research 
Scientist of the Qatar 
Computing Research 
Institute (QCRI)

Alessandro Moschitti

Tsinghua University
Tsinghua University is a 
major research university in 
Beijing and dedicated to 
academic excellence and 
global development. 
Tsinghua is perennially 
ranked as one of the top 
academic institutions in 
China, Asia, and 
worldwide...
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graph_net
• By DeepMind

https://arxiv.org/abs/1806.01261
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REALM: Retrieval-Augmented LM

• where Z is the supporting set. 
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Abductive Learning

1. W. Dai et al. Bridging Machine Learning and Logical Reasoning by Abductive Learning. NeurIPS. 2019, pp. 2811–2822.
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Inductive Logic Programming

1. Yuan Yang and Le Song. Learn to Explain Efficiently via Neural Logic Inductive Learning. ICLR. 2020.
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Agenda
• Network Embedding
• Revisiting Network Embedding
• Graph Neural Network
• Revisiting Graph Neural Network
• GNN&Reasoning
• Revisiting GNN&Reasoning
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Challenge: only System 1 DL

1. From Bengio’s NIPS’2019 Keynote
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����BIDAF, BERT, XLNet
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��KRS

*RQH�LQ����6HFRQGV2OG�6FKRRO��ƉOP�

2OG�6FKRRO�LV�D������
$PHULFDQ�FRPHG\�ƉOPŏ�

GLUHFWHG�E\�
7RGG�3KLOOLSV�

*RQH�LQ����6HFRQGV�LV�D�
�����$PHULFDQ�DFWLRQ�KHLVW�

ƉOPŏ
GLUHFWHG�E\�'RPLQLF�6HQD�

��KRS

7RGG�
3KLOOLSV

'RPLQLF�
6HQD

FRUUHFW�
DQVZHU

��KRS
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��������

Dual Process Theory (Cognitive Science)

System 1
Intuitive

System 2
Analytic
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Reasoning w/ Cognitive Graph

• System 1:
– Knowledge expansion by association in text

when reading

• System 2:
– Decision making w/ all the information

System 1
Intuitive

System 2
Analytic
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CogQA: Cognitive Graph for QA

• An iterative framework corresponding to dual process theory

• System 1

– extract entities to build the cognitive graph

– generate semantic vectors for each node

• System 2

– Do reasoning based on semantic vectors and graph

– Feed clues to System 1 to extract next-hop entities

Question

Quality café

Todd Phillips

Gone in 60 seconds
Old school

Los Angeles

Dominic Sena

System 1

System 2

Cognitive Graph

…location featured in a number of 

Hollywood films, including Old School, 

Gone in 60 Seconds…

input

input

clues

predict

extract
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System 1: BIDAF, BERT

• reading comprehension: target at understanding 
the whole paragraph

1. Rajpurkar, Pranav, et al. "SQuAD: 100,000+ Questions for Machine Comprehension of Text." EMNLP. 2016.

BiDAF BERT XLNet
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Cognitive Graph: DL + Dual Process Theory

1. M. Ding, C. Zhou, Q. Chen, H. Yang, and J. Tang. Cognitive Graph for Multi-Hop Reading Comprehension at Scale. ACL’19.

?

System 1: 
implicit 

knowledge 
expansion

System 2: 
explicit 

decision



Jie Tang, Tsinghua     172

System 2: Reasoning, and Decision

4XHVWLRQ��:KR�LV�WKH�GLUHFWRU�RI�WKH������ƉOP�ZKLFK�KDV�VFHQHV�
LQ�LW�ƉOPHG�DW�WKH�4XDOLW\�&DIH�LQ�/RV�$QJHOHV"

4XHVWLRQ��:KR�LV�WKH�GLUHFWRU�RI�WKH������ƉOP�ZKLFK�KDV�VFHQHV�
LQ�LW�ƉOPHG�DW�WKH�4XDOLW\�&DIH�LQ�/RV�$QJHOHV"

4XDOLW\�&DIH
�MD]]�FOXE�

/RV�$QJHOHV4XDOLW\�&DIH��GLQHU�

4XDOLW\�&DIH�ZDV�D�
KLVWRULFDO�

UHVWDXUDQW�DQG�
MD]]�FOXEŏ

ORFDWLRQ�IHDWXUHG�LQ�D�QXPEHU�RI�
+ROO\ZRRG�ƉOPV��LQFOXGLQJ��2OG�

6FKRROŊ��ŉ*RQH�LQ����
6HFRQGVŊŏ

/RV�$QJHOHV�
RƋFLDOO\�WKH�&LW\�
RI�/RV�$QJHOHV�
DQG�RIWHQ�NQRZQ�
E\�LWV�LQLWLDOV�
/�$�����

��KRS

4XHVWLRQ��:KR�LV�WKH�GLUHFWRU�RI�WKH������ƉOP�ZKLFK�KDV�VFHQHV�
LQ�LW�ƉOPHG�DW�WKH�4XDOLW\�&DIH�LQ�/RV�$QJHOHV"

4XDOLW\�&DIH
�MD]]�FOXE�

/RV�$QJHOHV4XDOLW\�&DIH��GLQHU�

4XDOLW\�&DIH�ZDV�D�
KLVWRULFDO�

UHVWDXUDQW�DQG�
MD]]�FOXEŏ

ORFDWLRQ�IHDWXUHG�LQ�D�QXPEHU�RI�
+ROO\ZRRG�ƉOPV��LQFOXGLQJ��2OG�

6FKRROŊ��ŉ*RQH�LQ����
6HFRQGVŊŏ

/RV�$QJHOHV�
RƋFLDOO\�WKH�&LW\�
RI�/RV�$QJHOHV�
DQG�RIWHQ�NQRZQ�
E\�LWV�LQLWLDOV�
/�$�����

��KRS

*RQH�LQ����6HFRQGV2OG�6FKRRO��ƉOP�

2OG�6FKRRO�LV�D������
$PHULFDQ�FRPHG\�ƉOPŏ�

GLUHFWHG�E\�
7RGG�3KLOOLSV�

*RQH�LQ����6HFRQGV�LV�D�
�����$PHULFDQ�DFWLRQ�KHLVW�

ƉOPŏ
GLUHFWHG�E\�'RPLQLF�6HQD�

��KRS

4XHVWLRQ��:KR�LV�WKH�GLUHFWRU�RI�WKH������ƉOP�ZKLFK�KDV�VFHQHV�
LQ�LW�ƉOPHG�DW�WKH�4XDOLW\�&DIH�LQ�/RV�$QJHOHV"

4XDOLW\�&DIH
�MD]]�FOXE�

/RV�$QJHOHV4XDOLW\�&DIH��GLQHU�

4XDOLW\�&DIH�ZDV�D�
KLVWRULFDO�

UHVWDXUDQW�DQG�
MD]]�FOXEŏ

ORFDWLRQ�IHDWXUHG�LQ�D�QXPEHU�RI�
+ROO\ZRRG�ƉOPV��LQFOXGLQJ��2OG�

6FKRROŊ��ŉ*RQH�LQ����
6HFRQGVŊŏ

/RV�$QJHOHV�
RƋFLDOO\�WKH�&LW\�
RI�/RV�$QJHOHV�
DQG�RIWHQ�NQRZQ�
E\�LWV�LQLWLDOV�
/�$�����

��KRS

*RQH�LQ����6HFRQGV2OG�6FKRRO��ƉOP�

2OG�6FKRRO�LV�D������
$PHULFDQ�FRPHG\�ƉOPŏ�

GLUHFWHG�E\�
7RGG�3KLOOLSV�

*RQH�LQ����6HFRQGV�LV�D�
�����$PHULFDQ�DFWLRQ�KHLVW�

ƉOPŏ
GLUHFWHG�E\�'RPLQLF�6HQD�

��KRS

7RGG�
3KLOOLSV

'RPLQLF�
6HQD

FRUUHFW�
DQVZHU

��KRS

?
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Cognitive Graph: DL + Dual Process Theory

1. M. Ding, C. Zhou, Q. Chen, H. Yang, and J. Tang. Cognitive Graph for Multi-Hop Reading Comprehension at Scale. ACL’19.

System 1: 
implicit 

knowledge 
expansion

System 2: 
explicit 

decision
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System 1: the BERT Implementation

• Extract top-k next-hop entities and answer candidates respectively
• Predict the start and end probabilities of each position

• Generate semantic vectors for entities based on their documents
• Take the 0-th probability as negative threshold

• Ignore the spans whose start probabilities are small than the negative threshold
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System 2: the GNN implementation

At each step, hidden representations X
for nodes are updated according to the
propagation rules:

Predictor F is a two-layer MLP,
which predicts the final answer
based on hidden representations X:
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Performance

• HotpotQA is a dataset with leaderboard similar to SQuAD

• CogQA ranked 1st from 21, Feb to 15, May (nearly 3 month)

** Code available at https://github.com/THUDM/CogQA

https://github.com/THUDM/CogQA
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Reasoning Power

Question type

Jo
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alternative
general

which what who other
where when

Average 
hops

CGQA

CGQA-
onlyR

BIR

Yang et al. 
(2018)

  Question type

   
  

3.0

3.2

2.2

2.0

   
 

         
Yang et al. (2018)
Average hops

Yang et al. (2018)-IR

CogQA
CogQA-onlyR

CogQA Performs much better on question with more hops�
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Case Study
4��.HQ�3UXLWW�ZDV�D�5HSXEOLFDQ�PHPEHU�
RI�DQ�XSSHU�KRXVH�RI�WKH�OHJLVODWXUH�ZLWK�

KRZ�PDQ\�PHPEHUV"

.HQ�3UXLWW

)ORULGD�+RXVH�RI�
5HSUHVHQWDWLYHV

)ORULGD�
6HQDWH

�� ���

4��:KDW�&DVRQ��&$�VRFFHU�WHDP�
IHDWXUHV�WKH�VRQ�RI�5R\�/DVVLWHU"

5R\�/DVVLWHU

/$�
*DOD[\

$ULHO�
/DVVLWHU

4��:KDW�/LWKXDQLDQ�SURGXFHU�LV�EHVW�
NQRZQ�IRU�D�VRQJ�WKDW�ZDV�RQH�RI�WKH�
PRVW�SRSXODU�VRQJV�LQ�,EL]D�LQ�����"

:DONLQJ�ZLWK�
(OHSKDQWV

7HQ�:DOOV

0DULMXV�
$GRPDLWLV

�5HWULHYHG�

����7UHH ����'$* ����&\FOLF�*UDSK�

0DULMXV�
$GRPDLWLV����
KLV�VWDJH�QDPH�
7HQ�:DOOV�

.HQ�3UXLWW�ZDV�D�
5HSXEOLFDQ�
PHPEHU�RI�WKH�
)ORULGD�6HQDWH�ŏ

ŏ�SUHYLRXVO\�D�
PHPEHU�RI�WKH�
)ORULGD�+RXVH�RI�
5HSUHVHQWDWLYHV�

7KH�6HQDWH�KDV�
���PHPEHUVŏ

7KH�+RXVH�LV�FRPSRVHG�
RI�����PHPEHUVŏ

+H�LV�WKH�IDWKHU�
RI�/$�*DOD[\�
SOD\HU�$ULHO�
/DVVLWHU�

ŏKH�KDG�VLJQHG�
ZLWK�/$�*DOD[\ŏ

ŏ�LV�D�VRQJ�
E\�/LWKXDQLDQ�
SURGXFHU�7HQ�
:DOOV�

ŏEHVW�NQRZQ�IRU�
KLV������VLQJOH�
ŉ:DONLQJ�ZLWK�
(OHSKDQWVŊ�

• Tree-shape Cognitive
Graph

• Users can verify the
answer by comparing it
with another possible
reasoning chain.

• “Upper House” in the
question is similar to
“Senate” not “House of
Representative”
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Case Study
4��.HQ�3UXLWW�ZDV�D�5HSXEOLFDQ�PHPEHU�
RI�DQ�XSSHU�KRXVH�RI�WKH�OHJLVODWXUH�ZLWK�

KRZ�PDQ\�PHPEHUV"

.HQ�3UXLWW

)ORULGD�+RXVH�RI�
5HSUHVHQWDWLYHV

)ORULGD�
6HQDWH

�� ���

4��:KDW�&DVRQ��&$�VRFFHU�WHDP�
IHDWXUHV�WKH�VRQ�RI�5R\�/DVVLWHU"

5R\�/DVVLWHU

/$�
*DOD[\

$ULHO�
/DVVLWHU

4��:KDW�/LWKXDQLDQ�SURGXFHU�LV�EHVW�
NQRZQ�IRU�D�VRQJ�WKDW�ZDV�RQH�RI�WKH�
PRVW�SRSXODU�VRQJV�LQ�,EL]D�LQ�����"

:DONLQJ�ZLWK�
(OHSKDQWV

7HQ�:DOOV

0DULMXV�
$GRPDLWLV

�5HWULHYHG�

����7UHH ����'$* ����&\FOLF�*UDSK�

0DULMXV�
$GRPDLWLV����
KLV�VWDJH�QDPH�
7HQ�:DOOV�

.HQ�3UXLWW�ZDV�D�
5HSXEOLFDQ�
PHPEHU�RI�WKH�
)ORULGD�6HQDWH�ŏ

ŏ�SUHYLRXVO\�D�
PHPEHU�RI�WKH�
)ORULGD�+RXVH�RI�
5HSUHVHQWDWLYHV�

7KH�6HQDWH�KDV�
���PHPEHUVŏ

7KH�+RXVH�LV�FRPSRVHG�
RI�����PHPEHUVŏ

+H�LV�WKH�IDWKHU�
RI�/$�*DOD[\�
SOD\HU�$ULHO�
/DVVLWHU�

ŏKH�KDG�VLJQHG�
ZLWK�/$�*DOD[\ŏ

ŏ�LV�D�VRQJ�
E\�/LWKXDQLDQ�
SURGXFHU�7HQ�
:DOOV�

ŏEHVW�NQRZQ�IRU�
KLV������VLQJOH�
ŉ:DONLQJ�ZLWK�
(OHSKDQWVŊ�

• DAG-shape Cognitive
Graph

• Multiple supporting facts
provides richer
information, increasing
the credibility of the
answer.
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Case Study

4��.HQ�3UXLWW�ZDV�D�5HSXEOLFDQ�PHPEHU�
RI�DQ�XSSHU�KRXVH�RI�WKH�OHJLVODWXUH�ZLWK�

KRZ�PDQ\�PHPEHUV"

.HQ�3UXLWW

)ORULGD�+RXVH�RI�
5HSUHVHQWDWLYHV

)ORULGD�
6HQDWH

�� ���

4��:KDW�&DVRQ��&$�VRFFHU�WHDP�
IHDWXUHV�WKH�VRQ�RI�5R\�/DVVLWHU"

5R\�/DVVLWHU

/$�
*DOD[\

$ULHO�
/DVVLWHU

4��:KDW�/LWKXDQLDQ�SURGXFHU�LV�EHVW�
NQRZQ�IRU�D�VRQJ�WKDW�ZDV�RQH�RI�WKH�
PRVW�SRSXODU�VRQJV�LQ�,EL]D�LQ�����"

:DONLQJ�ZLWK�
(OHSKDQWV

7HQ�:DOOV

0DULMXV�
$GRPDLWLV

�5HWULHYHG�

����7UHH ����'$* ����&\FOLF�*UDSK�

0DULMXV�
$GRPDLWLV����
KLV�VWDJH�QDPH�
7HQ�:DOOV�

.HQ�3UXLWW�ZDV�D�
5HSXEOLFDQ�
PHPEHU�RI�WKH�
)ORULGD�6HQDWH�ŏ

ŏ�SUHYLRXVO\�D�
PHPEHU�RI�WKH�
)ORULGD�+RXVH�RI�
5HSUHVHQWDWLYHV�

7KH�6HQDWH�KDV�
���PHPEHUVŏ

7KH�+RXVH�LV�FRPSRVHG�
RI�����PHPEHUVŏ

+H�LV�WKH�IDWKHU�
RI�/$�*DOD[\�
SOD\HU�$ULHO�
/DVVLWHU�

ŏKH�KDG�VLJQHG�
ZLWK�/$�*DOD[\ŏ

ŏ�LV�D�VRQJ�
E\�/LWKXDQLDQ�
SURGXFHU�7HQ�
:DOOV�

ŏEHVW�NQRZQ�IRU�
KLV������VLQJOH�
ŉ:DONLQJ�ZLWK�
(OHSKDQWVŊ�

• CogQA gives the answer

“Marijus Adomaitis” while 

the ground truth is “Ten 

Walls”. 

• By examining, Ten Walls

is just the stage name of

Marijus Adomaitis!

• Without cognitive graphs,

black-box models cannot

achieve it.
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Summary

4XHVWLRQ��:KR�LV�WKH�GLUHFWRU�RI�WKH������ƉOP�ZKLFK�KDV�VFHQHV�
LQ�LW�ƉOPHG�DW�WKH�4XDOLW\�&DIH�LQ�/RV�$QJHOHV"

4XDOLW\�&DIH
�MD]]�FOXE�

/RV�$QJHOHV4XDOLW\�&DIH��GLQHU�

4XDOLW\�&DIH�ZDV�D�
KLVWRULFDO�

UHVWDXUDQW�DQG�
MD]]�FOXEŏ

ORFDWLRQ�IHDWXUHG�LQ�D�QXPEHU�RI�
+ROO\ZRRG�ƉOPV��LQFOXGLQJ��2OG�

6FKRROŊ��ŉ*RQH�LQ����
6HFRQGVŊŏ

/RV�$QJHOHV�
RƋFLDOO\�WKH�&LW\�
RI�/RV�$QJHOHV�
DQG�RIWHQ�NQRZQ�
E\�LWV�LQLWLDOV�
/�$�����

��KRS

*RQH�LQ����6HFRQGV2OG�6FKRRO��ƉOP�

2OG�6FKRRO�LV�D������
$PHULFDQ�FRPHG\�ƉOPŏ�

GLUHFWHG�E\�
7RGG�3KLOOLSV�

*RQH�LQ����6HFRQGV�LV�D�
�����$PHULFDQ�DFWLRQ�KHLVW�

ƉOPŏ
GLUHFWHG�E\�'RPLQLF�6HQD�

��KRS

7RGG�
3KLOOLSV

'RPLQLF�
6HQD

FRUUHFW�
DQVZHU

��KRS

Ques
<latexit sha1_base64="1EWxMOFjDRT37bRb7ZlgcYDiw9o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3bpZhN2N0IJ/QtePCji1T/kzX/jps1Bqw8GHu/NMDMvSATXxnW/nNLa+sbmVnm7srO7t39QPTzq6DhVDNssFrHqBVSj4BLbhhuBvUQhjQKB3WB6l/vdR1Sax/LBzBL0IzqWPOSMmlxqpaiH1Zpbdxcgf4lXkBoUaA6rn4NRzNIIpWGCat333MT4GVWGM4HzyiDVmFA2pWPsWypphNrPFrfOyZlVRiSMlS1pyEL9OZHRSOtZFNjOiJqJXvVy8T+vn5rwxs+4TFKDki0XhakgJib542TEFTIjZpZQpri9lbAJVZQZG0/FhuCtvvyXdC7q3mXdbV3VGrdFHGU4gVM4Bw+uoQH30IQ2MJjAE7zAqxM5z86b875sLTnFzDH8gvPxDRWcjkI=</latexit>

System 1 (BERT)
E[CLS]

<latexit sha1_base64="ETVqKsXMMWfH5TnGJ4hkR7zGnZE=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY/FInjwUNF+yHYp2TTbhibZJckKZemv8OJBEa/+HG/+G9N2D9r6YODx3gwz88KEM21c99sprKyurW8UN0tb2zu7e+X9g5aOU0Vok8Q8Vp0Qa8qZpE3DDKedRFEsQk7b4ag+9dtPVGkWywczTmgg8ECyiBFsrPR43cv8+u19MOmVK27VnQEtEy8nFcjR6JW/uv2YpIJKQzjW2vfcxAQZVoYRTielbqppgskID6hvqcSC6iCbHTxBJ1bpoyhWtqRBM/X3RIaF1mMR2k6BzVAvelPxP89PTXQZZEwmqaGSzBdFKUcmRtPvUZ8pSgwfW4KJYvZWRIZYYWJsRiUbgrf48jJpnVU9t+rdnVdqV3kcRTiCYzgFDy6gBjfQgCYQEPAMr/DmKOfFeXc+5q0FJ585hD9wPn8AQkCQCg==</latexit><latexit sha1_base64="ETVqKsXMMWfH5TnGJ4hkR7zGnZE=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY/FInjwUNF+yHYp2TTbhibZJckKZemv8OJBEa/+HG/+G9N2D9r6YODx3gwz88KEM21c99sprKyurW8UN0tb2zu7e+X9g5aOU0Vok8Q8Vp0Qa8qZpE3DDKedRFEsQk7b4ag+9dtPVGkWywczTmgg8ECyiBFsrPR43cv8+u19MOmVK27VnQEtEy8nFcjR6JW/uv2YpIJKQzjW2vfcxAQZVoYRTielbqppgskID6hvqcSC6iCbHTxBJ1bpoyhWtqRBM/X3RIaF1mMR2k6BzVAvelPxP89PTXQZZEwmqaGSzBdFKUcmRtPvUZ8pSgwfW4KJYvZWRIZYYWJsRiUbgrf48jJpnVU9t+rdnVdqV3kcRTiCYzgFDy6gBjfQgCYQEPAMr/DmKOfFeXc+5q0FJ585hD9wPn8AQkCQCg==</latexit><latexit sha1_base64="ETVqKsXMMWfH5TnGJ4hkR7zGnZE=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY/FInjwUNF+yHYp2TTbhibZJckKZemv8OJBEa/+HG/+G9N2D9r6YODx3gwz88KEM21c99sprKyurW8UN0tb2zu7e+X9g5aOU0Vok8Q8Vp0Qa8qZpE3DDKedRFEsQk7b4ag+9dtPVGkWywczTmgg8ECyiBFsrPR43cv8+u19MOmVK27VnQEtEy8nFcjR6JW/uv2YpIJKQzjW2vfcxAQZVoYRTielbqppgskID6hvqcSC6iCbHTxBJ1bpoyhWtqRBM/X3RIaF1mMR2k6BzVAvelPxP89PTXQZZEwmqaGSzBdFKUcmRtPvUZ8pSgwfW4KJYvZWRIZYYWJsRiUbgrf48jJpnVU9t+rdnVdqV3kcRTiCYzgFDy6gBjfQgCYQEPAMr/DmKOfFeXc+5q0FJ585hD9wPn8AQkCQCg==</latexit><latexit sha1_base64="ETVqKsXMMWfH5TnGJ4hkR7zGnZE=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY/FInjwUNF+yHYp2TTbhibZJckKZemv8OJBEa/+HG/+G9N2D9r6YODx3gwz88KEM21c99sprKyurW8UN0tb2zu7e+X9g5aOU0Vok8Q8Vp0Qa8qZpE3DDKedRFEsQk7b4ag+9dtPVGkWywczTmgg8ECyiBFsrPR43cv8+u19MOmVK27VnQEtEy8nFcjR6JW/uv2YpIJKQzjW2vfcxAQZVoYRTielbqppgskID6hvqcSC6iCbHTxBJ1bpoyhWtqRBM/X3RIaF1mMR2k6BzVAvelPxP89PTXQZZEwmqaGSzBdFKUcmRtPvUZ8pSgwfW4KJYvZWRIZYYWJsRiUbgrf48jJpnVU9t+rdnVdqV3kcRTiCYzgFDy6gBjfQgCYQEPAMr/DmKOfFeXc+5q0FJ585hD9wPn8AQkCQCg==</latexit>

E1
<latexit sha1_base64="Bi34J8SYWq1KLtBcT2QBNyIgAIM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9r1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC9741t</latexit><latexit sha1_base64="Bi34J8SYWq1KLtBcT2QBNyIgAIM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9r1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC9741t</latexit><latexit sha1_base64="Bi34J8SYWq1KLtBcT2QBNyIgAIM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9r1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC9741t</latexit><latexit sha1_base64="Bi34J8SYWq1KLtBcT2QBNyIgAIM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD7d9r1+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophld+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gC9741t</latexit>

E[SEP ]
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

… EN
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

E0
1

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

T0
<latexit sha1_base64="X93JYNB4Gt2WCA50tQLVi297OSU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK/YI2lM120i7dbMLuRiihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vp7C2vrG5Vdwu7ezu7R+UD49aOk4VwyaLRaw6AdUouMSm4UZgJ1FIo0BgOxjfzfz2EyrNY9kwkwT9iA4lDzmjxkqPjb7bL1fcqjsHWSVeTiqQo94vf/UGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m586JWdWGZAwVrakIXP190RGI60nUWA7I2pGetmbif953dSEN37GZZIalGyxKEwFMTGZ/U0GXCEzYmIJZYrbWwkbUUWZsemUbAje8surpHVR9S6r7sNVpXabx1GEEziFc/DgGmpwD3VoAoMhPMMrvDnCeXHenY9Fa8HJZ47hD5zPH9PvjX0=</latexit>

T1
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

T[SEP ]
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

TN
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

T 0
i

<latexit sha1_base64="ycagfIhPAcq9SuB1/HItSluEld4=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lU0GPRi8cK/YI2lM120y7d3YTdjVBC/4IXD4p49Q9589+4SXPQ1gcDj/dmmJkXxJxp47rfTmltfWNzq7xd2dnd2z+oHh51dJQoQtsk4pHqBVhTziRtG2Y47cWKYhFw2g2m95nffaJKs0i2zCymvsBjyUJGsMmk1pCdD6s1t+7mQKvEK0gNCjSH1a/BKCKJoNIQjrXue25s/BQrwwin88og0TTGZIrHtG+pxIJqP81vnaMzq4xQGClb0qBc/T2RYqH1TAS2U2Az0cteJv7n9RMT3vopk3FiqCSLRWHCkYlQ9jgaMUWJ4TNLMFHM3orIBCtMjI2nYkPwll9eJZ3LundVdx+va427Io4ynMApXIAHN9CAB2hCGwhM4Ble4c0Rzovz7nwsWktOMXMMf+B8/gCLgo3n</latexit>

T 0
1

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

… …

[CLS] Tok1
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

[SEP ]
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

… TokN
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Tok01
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

…

Question + clues[x,G] Paragraph[x]

Hop span

x
<latexit sha1_base64="T81e0FN4eiLN0l7csieDRUgh6Jc=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KokKeix68diC/YA2lM120q7dbMLuRiyhv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtR1Sax/LejBP0IzqQPOSMGivVn3qlsltxZyDLxMtJGXLUeqWvbj9maYTSMEG17nhuYvyMKsOZwEmxm2pMKBvRAXYslTRC7WezQyfk1Cp9EsbKljRkpv6eyGik9TgKbGdEzVAvelPxP6+TmvDaz7hMUoOSzReFqSAmJtOvSZ8rZEaMLaFMcXsrYUOqKDM2m6INwVt8eZk0zyveRcWtX5arN3kcBTiGEzgDD66gCndQgwYwQHiGV3hzHpwX5935mLeuOPnMEfyB8/kD5uOM/g==</latexit>

Prev2
<latexit sha1_base64="NHajn1S7d4tKGHbUVsWnUGCMXZ0=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDbbSbt2sxt2N4US+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MOFMG8/7dgpr6xubW8Xt0s7u3v5B+fCopWWqKDap5FK1Q6KRM4FNwwzHdqKQxCHHx3B0O/Mfx6g0k+LBTBIMYjIQLGKUGCu1GgrHvVqvXPGq3hzuKvFzUoEcjV75q9uXNI1RGMqJ1h3fS0yQEWUY5TgtdVONCaEjMsCOpYLEqINsfu3UPbNK342ksiWMO1d/T2Qk1noSh7YzJmaol72Z+J/XSU10HWRMJKlBQReLopS7Rrqz190+U0gNn1hCqGL2VpcOiSLU2IBKNgR/+eVV0qpV/Yuqd39Zqd/kcRThBE7hHHy4gjrcQQOaQOEJnuEV3hzpvDjvzseiteDkM8fwB87nDz1RjuY=</latexit>

Next
<latexit sha1_base64="/04fUx5CbtNJGNPyUDBDQPloL60=">AAAB63icbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxZNUsB/QhrLZTtulu5uwuxFL6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzwpgzbTzv2ymsrK6tbxQ3S1vbO7t75f2Dpo4SRbFBIx6pdkg0ciaxYZjh2I4VEhFybIXjm8xvPaLSLJIPZhJjIMhQsgGjxGTSHT6ZXrniVb0Z3GXi56QCOeq98le3H9FEoDSUE607vhebICXKMMpxWuomGmNCx2SIHUslEaiDdHbr1D2xSt8dRMqWNO5M/T2REqH1RIS2UxAz0oteJv7ndRIzuApSJuPEoKTzRYOEuyZys8fdPlNIDZ9YQqhi9laXjogi1Nh4SjYEf/HlZdI8q/rnVe/+olK7zuMowhEcwyn4cAk1uIU6NIDCCJ7hFd4c4bw4787HvLXg5DOH8AfO5w8XCo5D</latexit> Ans

<latexit sha1_base64="EzJauHCFVmw9rVYLAt7MIeB3Ps8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPVi8eK9gPaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6uJa6V664VXcGsky8nFQgR71X/ur2Y5ZGKA0TVOuO5ybGz6gynAmclLqpxoSyER1gx1JJI9R+Njt1Qk6s0idhrGxJQ2bq74mMRlqPo8B2RtQM9aI3Ff/zOqkJr/yMyyQ1KNl8UZgKYmIy/Zv0uUJmxNgSyhS3txI2pIoyY9Mp2RC8xZeXSfOs6p1X3fuLSu0mj6MIR3AMp+DBJdTgDurQAAYDeIZXeHOE8+K8Ox/z1oKTzxzCHzifPzNjjbw=</latexit>

T 0
j

<latexit sha1_base64="8WPqCaIDG188Dswr9/97u5Grotk=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbRU9m1gh6LXjxW6Be0S8mm2TY2yS5JVihL/4IXD4p49Q9589+YbfegrQ8GHu/NMDMviDnTxnW/ncLa+sbmVnG7tLO7t39QPjxq6yhRhLZIxCPVDbCmnEnaMsxw2o0VxSLgtBNM7jK/80SVZpFsmmlMfYFHkoWMYJNJzcHj+aBccavuHGiVeDmpQI7GoPzVH0YkEVQawrHWPc+NjZ9iZRjhdFbqJ5rGmEzwiPYslVhQ7afzW2fozCpDFEbKljRorv6eSLHQeioC2ymwGetlLxP/83qJCW/8lMk4MVSSxaIw4chEKHscDZmixPCpJZgoZm9FZIwVJsbGU7IheMsvr5L2ZdWrVd2Hq0r9No+jCCdwChfgwTXU4R4a0AICY3iGV3hzhPPivDsfi9aCk88cwx84nz+NB43o</latexit>

T 0
k

<latexit sha1_base64="6Ps7j3DCjP4TdyO7DF0/yE/WYZQ=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0lU0GPRi8cK/YI2lM120y7d3YTdjVBC/4IXD4p49Q9589+4SXPQ1gcDj/dmmJkXxJxp47rfTmltfWNzq7xd2dnd2z+oHh51dJQoQtsk4pHqBVhTziRtG2Y47cWKYhFw2g2m95nffaJKs0i2zCymvsBjyUJGsMmk1nB6PqzW3LqbA60SryA1KNAcVr8Go4gkgkpDONa677mx8VOsDCOcziuDRNMYkyke076lEguq/TS/dY7OrDJCYaRsSYNy9fdEioXWMxHYToHNRC97mfif109MeOunTMaJoZIsFoUJRyZC2eNoxBQlhs8swUQxeysiE6wwMTaeig3BW355lXQu695V3X28rjXuijjKcAKncAEe3EADHqAJbSAwgWd4hTdHOC/Ou/OxaC05xcwx/IHz+QOOjI3p</latexit>

T 0
M

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

…

E0
M

<latexit sha1_base64="nta34gE+XG+4LV5XUqH2RD7n1o0=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ6KokKeiyK4EWoYNpCG8pmu2mX7m7C7kYoob/BiwdFvPqDvPlv3LQ5aOuDgcd7M8zMCxPOtHHdb2dpeWV1bb20Ud7c2t7ZreztN3WcKkJ9EvNYtUOsKWeS+oYZTtuJoliEnLbC0U3ut56o0iyWj2ac0EDggWQRI9hYyb/t3Z+Ue5WqW3OnQIvEK0gVCjR6la9uPyapoNIQjrXueG5iggwrwwink3I31TTBZIQHtGOpxILqIJseO0HHVumjKFa2pEFT9fdEhoXWYxHaToHNUM97ufif10lNdBVkTCapoZLMFkUpRyZG+eeozxQlho8twUQxeysiQ6wwMTafPARv/uVF0jyreec19+GiWr8u4ijBIRzBKXhwCXW4gwb4QIDBM7zCmyOdF+fd+Zi1LjnFzAH8gfP5A383jdA=</latexit>

Tok0M
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

…

| {z }
<latexit sha1_base64="i4jo7GwtGwKoN3YeH1gvlbskDwc=">AAACBHicbVC7TsMwFHXKq5RXgLFLRIXEVCWlEoyVWBiLRB9SE1WOc9NadZzIdpCqKAMLv8LCAEKsfAQbf4PTZoCWI1k+OudeX9/jJ4xKZdvfRmVjc2t7p7pb29s/ODwyj0/6Mk4FgR6JWSyGPpbAKIeeoorBMBGAI5/BwJ/dFP7gAYSkMb9X8wS8CE84DSnBSktjs+6mPADhC0wgc6cyKW6nZScqz8dmw27aC1jrxClJA5Xojs0vN4hJGgFXhGEpR45+x8uwUJQwyGtuKkEPmOEJjDTlOALpZYslcutcK4EVxkIfrqyF+rsjw5GU88jXlRFWU7nqFeJ/3ihV4bWXUZ6kCjhZDgpTZqnYKhKxAiqAKDbXBBNB9V8tMsU6EKVzq+kQnNWV10m/1XQum/Zdu9Fpl3FUUR2doQvkoCvUQbeoi3qIoEf0jF7Rm/FkvBjvxseytGKUPafoD4zPHyWfmFs=</latexit>

| {z }
<latexit sha1_base64="Q2q815ab42RF67VFAub46kmu5lk=">AAACBHicbVC7TsMwFHXKq5RXgLFLRIXEVCWlEoyVWBiLRB9SE1WOc9NadZzIdpCqKAMLv8LCAEKsfAQbf4PTZoCWI1k+OudeX9/jJ4xKZdvfRmVjc2t7p7pb29s/ODwyj0/6Mk4FgR6JWSyGPpbAKIeeoorBMBGAI5/BwJ/dFP7gAYSkMb9X8wS8CE84DSnBSktjs+6mPADhC0wgc6cyKe6WbScqz8dmw27aC1jrxClJA5Xojs0vN4hJGgFXhGEpR45+x8uwUJQwyGtuKkEPmOEJjDTlOALpZYslcutcK4EVxkIfrqyF+rsjw5GU88jXlRFWU7nqFeJ/3ihV4bWXUZ6kCjhZDgpTZqnYKhKxAiqAKDbXBBNB9V8tMsU6EKVzq+kQnNWV10m/1XQum/Zdu9Fpl3FUUR2doQvkoCvUQbeoi3qIoEf0jF7Rm/FkvBjvxseytGKUPafoD4zPHyQXmFo=</latexit>

z }| {
<latexit sha1_base64="WkmkOQqV4y/G2CwEGjey+GFekFc=">AAACAnicbVDLSgMxFM3UV62vUVfiJlgEV2VGi7osuHFZwT6gM5RMeqcNzWSGJCOUobjxV9y4UMStX+HOvzHTzkJbD4Qczrn3JvcECWdKO863VVpZXVvfKG9WtrZ3dvfs/YO2ilNJoUVjHstuQBRwJqClmebQTSSQKODQCcY3ud95AKlYLO71JAE/IkPBQkaJNlLfPvJiYweSUMi8kUry+9JJ9HTat6tOzZkBLxO3IFVUoNm3v7xBTNMIhKacKNVzzRw/I1IzymFa8VIFZv6YDKFnqCARKD+brTDFp0YZ4DCW5giNZ+rvjoxESk2iwFRGRI/UopeL/3m9VIfXfsZEkmoQdP5QmHKsY5zngQdMAtV8Ygihkpm/YjoiJg9tUquYENzFlZdJ+7zmXtScu3q1US/iKKNjdILOkIuuUAPdoiZqIYoe0TN6RW/Wk/VivVsf89KSVfQcoj+wPn8A712XuA==</latexit>

… …

|Name of entity “Next”| |Possible answer “Ans”|
z }| {

<latexit sha1_base64="WkmkOQqV4y/G2CwEGjey+GFekFc=">AAACAnicbVDLSgMxFM3UV62vUVfiJlgEV2VGi7osuHFZwT6gM5RMeqcNzWSGJCOUobjxV9y4UMStX+HOvzHTzkJbD4Qczrn3JvcECWdKO863VVpZXVvfKG9WtrZ3dvfs/YO2ilNJoUVjHstuQBRwJqClmebQTSSQKODQCcY3ud95AKlYLO71JAE/IkPBQkaJNlLfPvJiYweSUMi8kUry+9JJ9HTat6tOzZkBLxO3IFVUoNm3v7xBTNMIhKacKNVzzRw/I1IzymFa8VIFZv6YDKFnqCARKD+brTDFp0YZ4DCW5giNZ+rvjoxESk2iwFRGRI/UopeL/3m9VIfXfsZEkmoQdP5QmHKsY5zngQdMAtV8Ygihkpm/YjoiJg9tUquYENzFlZdJ+7zmXtScu3q1US/iKKNjdILOkIuuUAPdoiZqIYoe0TN6RW/Wk/VivVsf89KSVfQcoj+wPn8A712XuA==</latexit>

Ans span

sem[x,Q, clues]

Prev1
<latexit sha1_base64="puK58MFBvgD1nt+jWdz8pL4eOOM=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cK9gPaUDbbSbt2kw27m0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1DJVDBtMCqnaAdUoeIwNw43AdqKQRoHAVjC6m/mtMSrNZfxoJgn6ER3EPOSMGis16wrHPa9XrrhVdw6ySrycVCBHvVf+6vYlSyOMDRNU647nJsbPqDKcCZyWuqnGhLIRHWDH0phGqP1sfu2UnFmlT0KpbMWGzNXfExmNtJ5Ege2MqBnqZW8m/ud1UhPe+BmPk9RgzBaLwlQQI8nsddLnCpkRE0soU9zeStiQKsqMDahkQ/CWX14lzYuqd1l1H64qtds8jiKcwCmcgwfXUIN7qEMDGDzBM7zCmyOdF+fd+Vi0Fpx85hj+wPn8ATvNjuU=</latexit>

+
<latexit sha1_base64="26BDQsRl0AvWjqpXxBRvcak+khY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSIIQklU0GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+Oyura+sbm4Wt4vbO7t5+6eCwqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3dRvPaHSPJYPZpygH9GB5CFn1Fipft4rld2KOwNZJl5OypCj1it9dfsxSyOUhgmqdcdzE+NnVBnOBE6K3VRjQtmIDrBjqaQRaj+bHTohp1bpkzBWtqQhM/X3REYjrcdRYDsjaoZ60ZuK/3md1IQ3fsZlkhqUbL4oTAUxMZl+TfpcITNibAllittbCRtSRZmx2RRtCN7iy8ukeVHxLitu/apcvc3jKMAxnMAZeHANVbiHGjSAAcIzvMKb8+i8OO/Ox7x1xclnjuAPnM8fci+MsQ==</latexit>

X[Prev2]
<latexit sha1_base64="34xctzRhXynC5MRSN2gEdH2p5uw=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBIvgqiRV0GXRjcsK9gFpCJPppB06mYSZSbGE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWdOkDAqlW1/G5WNza3tnepubW//4PDIPK73ZJwKTLo4ZrEYBEgSRjnpKqoYGSSCoChgpB9M7wq/PyNC0pg/qnlCvAiNOQ0pRkpLvlkfRkhNgjAb5G5HkJnf8nyzYTftBax14pSkASU6vvk1HMU4jQhXmCEpXcdOlJchoShmJK8NU0kShKdoTFxNOYqI9LJF9tw618rICmOhH1fWQv29kaFIynkU6MkiqVz1CvE/z01VeONllCepIhwvD4Ups1RsFUVYIyoIVmyuCcKC6qwWniCBsNJ11XQJzuqX10mv1XQum/bDVaN9W9ZRhVM4gwtw4BracA8d6AKGJ3iGV3gzcuPFeDc+lqMVo9w5gT8wPn8A/ZyUZQ==</latexit>

X[Prev1]
<latexit sha1_base64="TXQJqDIeE3FAztKM5jG5ip1FY+c=">AAAB+3icbVBNS8NAFHypX7V+xXr0slgETyVRQY9FLx4r2FpoQ9hsN+3SzSbsbool5K948aCIV/+IN/+NmzYHbR1YGGbe481OkHCmtON8W5W19Y3Nrep2bWd3b//APqx3VZxKQjsk5rHsBVhRzgTtaKY57SWS4ijg9DGY3Bb+45RKxWLxoGcJ9SI8EixkBGsj+XZ9EGE9DsKsl/fbkk591/PthtN05kCrxC1JA0q0fftrMIxJGlGhCcdK9V0n0V6GpWaE07w2SBVNMJngEe0bKnBElZfNs+fo1ChDFMbSPKHRXP29keFIqVkUmMkiqVr2CvE/r5/q8NrLmEhSTQVZHApTjnSMiiLQkElKNJ8ZgolkJisiYywx0aauminBXf7yKumeN92LpnN/2WjdlHVU4RhO4AxcuIIW3EEbOkDgCZ7hFd6s3Hqx3q2PxWjFKneO4A+szx/8F5Rk</latexit>

y
<latexit sha1_base64="cs1Q9fet/6GNtc+Tzw/y6WCTX8Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0Io/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHkyXoR3QoecgZNVZqZP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03Mf6EKsOZwGmpl2pMKBvTIXYtlTRC7U/mh07JmVUGJIyVLWnIXP09MaGR1lkU2M6ImpFe9mbif143NeGNP+EySQ1KtlgUpoKYmMy+JgOukBmRWUKZ4vZWwkZUUWZsNiUbgrf88ippXVS9y6rbuKrUbvM4inACp3AOHlxDDe6hDk1ggPAMr/DmPDovzrvzsWgtOPnMMfyB8/kD6GeM/w==</latexit>

Results of The 
Step of 

Visiting xX[x]
<latexit sha1_base64="TklOcwpA1D9+YieOLHI872SLYNc=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclRkVdFl047KCfcB0KJk004ZmkjHJFMvQ73DjQhG3fow7/8ZMOwttPRA4nHMv9+SECWfauO63s7K6tr6xWdoqb+/s7u1XDg5bWqaK0CaRXKpOiDXlTNCmYYbTTqIojkNO2+HoNvfbY6o0k+LBTBIaxHggWMQINlYKujE2wzDKOlP/KehVqm7NnQEtE68gVSjQ6FW+un1J0pgKQzjW2vfcxAQZVoYRTqflbqppgskID6hvqcAx1UE2Cz1Fp1bpo0gq+4RBM/X3RoZjrSdxaCfzkHrRy8X/PD810XWQMZGkhgoyPxSlHBmJ8gZQnylKDJ9YgoliNisiQ6wwMbansi3BW/zyMmmd17yLmnt/Wa3fFHWU4BhO4Aw8uII63EEDmkDgEZ7hFd6csfPivDsf89EVp9g5gj9wPn8AFqCSTA==</latexit>

(

<latexit sha1_base64="GG7zAfyyjzEFCkqaqZiId0lVt+4=">AAACHHicbVDLSsNAFJ3UV62vqks3wSK4Kkkr6LLgxmUF+4CmlMnkJh06mYSZG6GEfogbf8WNC0XcuBD8G6ePRW09zMDhnHvvzD1+KrhGx/mxChubW9s7xd3S3v7B4VH5+KStk0wxaLFEJKrrUw2CS2ghRwHdVAGNfQEdf3Q79TuPoDRP5AOOU+jHNJI85IyikQbluicgRC8veT5EXOZU8EhCMCl53uyADJY0xaMhVgflilN1ZrDXibsgFbJAc1D+8oKEZTFIZIJq3XOdFPs5VciZADM305BSNqIR9AyVNAbdz2fLTewLowR2mChzJdozdbkjp7HW49g3lTHFoV71puJ/Xi/D8Kafc5lmCJLNHwozYWNiT5OyA66AoRgbQpni5q82G1JFGZo8SyYEd3XlddKuVd161bm/qjRqiziK5Iyck0vikmvSIHekSVqEkSfyQt7Iu/VsvVof1ue8tGAtek7JH1jfvxlvoU8=</latexit>

�[x]
<latexit sha1_base64="Ix9kWd0zRNXSI22F6B6cJwYtcDM=">AAAB8HicbVBNS8NAEJ34WetX1aOXYBE8lUQFPRb14LGC/ZA0lM122y7d3YTdiVhCf4UXD4p49ed489+4bXPQ1gcDj/dmmJkXJYIb9LxvZ2l5ZXVtvbBR3Nza3tkt7e03TJxqyuo0FrFuRcQwwRWrI0fBWolmREaCNaPh9cRvPjJteKzucZSwUJK+4j1OCVrpoX3DBJLgKeyUyl7Fm8JdJH5OypCj1il9tbsxTSVTSAUxJvC9BMOMaORUsHGxnRqWEDokfRZYqohkJsymB4/dY6t03V6sbSl0p+rviYxIY0Yysp2S4MDMexPxPy9IsXcZZlwlKTJFZ4t6qXAxdiffu12uGUUxsoRQze2tLh0QTSjajIo2BH/+5UXSOK34ZxXv7rxcvcrjKMAhHMEJ+HABVbiFGtSBgoRneIU3RzsvzrvzMWtdcvKZA/gD5/MHpOSQTA==</latexit>

Pass clues
to “Next”“Ans”

System 2 (GNN) Cognitive Graph G 
Before Visiting x

… … …

W1
<latexit sha1_base64="eRV+cFYyUVwcnsSDasavMiXevIM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh3bf65crbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fjY/dUrOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms7/JQGjOUE4soUwLeythI6opQ5tOyYbgLb+8SloXVe+y6t7XKvWbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gDaBY2B</latexit>

W2
<latexit sha1_base64="Up5tOwwgSUXlwkAGw0dYYCaLo54=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00O7X+uWKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbRqVe+i6t5fVuo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AHbiY2C</latexit>

Cognitive graph CogQA framework

• Iterative Framework --> Myopic Retrieval
• Cognitive Graph --> Explainability
• Dual process theory --> System 2 Reasoning
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More Applications: KG completion

• Completing knowledge graph with cognitive graph
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Takeaway Messages
• Revisit NE, GNN & Reasoning

– Network Embedding
– Graph Neural Network
– GNN&Reasoning

• Summary
– Pre-training and Self-supervised learning is becoming 

more and more important
– System 2 DL for reasoning and logistical 

• What is the Next?
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�����(Next 10)

�����
—Trillion-scale common-sense knowledge graph

Tim Berners Lee
Turing Award 

Winner

Edward Feigenbaum
Turing Award Winner

* AI = Knowledge + Intelligence

1. J. Tang, J. Zhang, L. Yao, J. Li, L. Zhang, and Z. Su. ArnetMiner: Extraction and Mining of Academic Social Networks. KDD’08. pp.990-998.

Big Data Knowledge Intelligence
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����	(Next 30)

�

—	��������


• Next AI = Reasoning + Memory + Consciousness

1. J. Tang, J. Zhang, L. Yao, J. Li, L. Zhang, and Z. Su. ArnetMiner: Extraction and Mining of Academic Social Networks. KDD’08. pp.990-998.


��
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Related Publications
• Jiezhong Qiu, Qibin Chen, Yuxiao Dong, Jing Zhang, Hongxia Yang, Ming Ding, Kuansan Wang, and Jie Tang. GCC: Graph Contrastive 

Coding for Structural Graph Representation Pre-Training. KDD'20.
• Zhen Yang, Ming Ding, Chang Zhou, Hongxia Yang, Jingren Zhou, and Jie Tang. Understanding Negative Sampling in Graph 

Representation Learning. KDD'20.
• Yukuo Cen, Jianwei Zhang, Xu Zou, Chang Zhou, Hongxia Yang, and Jie Tang. Controllable Multi-Interest Framework for Recommendation. 

KDD'20.
• Yuxiao Dong, Ziniu Hu, Kuansan Wang, Yizhou Sun and Jie Tang. Heterogeneous Network Representation Learning. IJCAI'20.
• Ming Ding, Chang Zhou, Qibin Chen, Hongxia Yang, and Jie Tang. Cognitive Graph for Multi-Hop Reading Comprehension at Scale. 

ACL’19.
• Jie Zhang, Yuxiao Dong, Yan Wang, Jie Tang, and Ming Ding. ProNE: Fast and Scalable Network Representation Learning. IJCAI’19.

• Yukuo Cen, Xu Zou, Jianwei Zhang, Hongxia Yang, Jingren Zhou and Jie Tang. Representation Learning for Attributed Multiplex 
Heterogeneous Network. KDD’19.

• Fanjin Zhang, Xiao Liu, Jie Tang, Yuxiao Dong, Peiran Yao, Jie Zhang, Xiaotao Gu, Yan Wang, Bin Shao, Rui Li, and Kuansan Wang. 
OAG: Toward Linking Large-scale Heterogeneous Entity Graphs. KDD’19.

• Qibin Chen, Junyang Lin, Yichang Zhang, Hongxia Yang, Jingren Zhou and Jie Tang. Towards Knowledge-Based Personalized Product 
Description Generation in E-commerce. KDD'19.

• Yifeng Zhao, Xiangwei Wang, Hongxia Yang, Le Song, and Jie Tang. Large Scale Evolving Graphs with Burst Detection. IJCAI’19.
• Yu Han, Jie Tang, and Qian Chen. Network Embedding under Partial Monitoring for Evolving Networks. IJCAI’19.

• Yifeng Zhao, Xiangwei Wang, Hongxia Yang, Le Song, and Jie Tang. Large Scale Evolving Graphs with Burst Detection. IJCAI’19.
• Jiezhong Qiu, Yuxiao Dong, Hao Ma, Jian Li, Chi Wang, Kuansan Wang, and Jie Tang. NetSMF: Large-Scale Network Embedding as 

Sparse Matrix Factorization. WWW'19.
• Jiezhong Qiu, Jian Tang, Hao Ma, Yuxiao Dong, Kuansan Wang, and Jie Tang. DeepInf: Modeling Influence Locality in Large Social 

Networks. KDD’18.

• Jiezhong Qiu, Yuxiao Dong, Hao Ma, Jian Li, Kuansan Wang, and Jie Tang. Network Embedding as Matrix Factorization: Unifying 
DeepWalk, LINE, PTE, and node2vec. WSDM’18. 

• Jie Tang, Jing Zhang, Limin Yao, Juanzi Li, Li Zhang, and Zhong Su. ArnetMiner: Extraction and Mining of Academic Social Networks. 
KDD’08.

For more, check http://keg.cs.tsinghua.edu.cn/jietang

http://keg.cs.tsinghua.edu.cn/jietang
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Jie Tang, KEG, Tsinghua U                    http://keg.cs.tsinghua.edu.cn/jietang
Download all data & Codes https://keg.cs.tsinghua.edu.cn/cogdl/

https://github.com/THUDM
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Han, Fanjin Zhang, Xu Zou, Yan Wang, et al. (THU)

Hongxiao Yang, Chang Zhou, Le Song, Jingren Zhou, et al. (Alibaba)

Yuxiao Dong, Chi Wang, Hao Ma, Kuansan Wang (Microsoft)

http://keg.cs.tsinghua.edu.cn/jietang
https://keg.cs.tsinghua.edu.cn/cogdl/
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