Note to other teachers and users of these slides: We would be delighted if you found our
material useful for giving your own lectures. Feel free to use these slides verbatim, or to modify
them to fit your own needs. If you make use of a significant portion of these slides in your own
lecture, please include this message, or a link to our web site: hitp://cs224w.Stanford.edu

Stanford CS224W:

Towards Foundation Models
for Knowledge Graphs



http://cs224w.stanford.edu/

Announcements

Homework 3 due today

Gradescope submissions close at 11:59 PM
Exam opens in one week

Ed post soon about Exam Recitation
Colab 5: will be released today

Due Thurs 12/5
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Stanford CS224W:
Foundation Models
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Foundation Models for Comp. Vision

DALLE 2 + SAM DALLE 2

Figure 1. A building foundation — Image: DALLE 2

Source: https://medium.com/@tenyks_blogger/the-foundation-models-reshaping-computer-vision-b299a91527fb
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Foundation Models for Biology
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A/l Is Learning What It Means to Be
Alive

Given troves of data about biology, A.I. models have made surprising
discoveries. What could they teach us someday?
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Foundation Models for Cell Biology

UCE creates universal representations of cells

Input:
RNA expression of a single
cell/nucleus

Output:
Cell Embedding
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UMAP2

UMAP2

Foundation Models for Cell Biology

Visualize and transfer annotations
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Infer Hierarchies
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oundation Models for Medicine

11/14/24

Perspective

artificial intelligence

Foundation models for generalist medical

Multimodal self-supervised training

EHRs

Signals

Reasoning with multiple
knowledge sources

GMAI
" l | \
Applications \ g | . } |
Chatbots for Interactive Augmented
patients note-taking procedures

Medical domain knowledge

@ .
Literature Publications
—>

Clinical
notes

Flexible interactions

Q&A exchanges Q
Multimodal inputs
and outputs

Dynamic task specification

)

Bedside decision
support

O ¢

Grounded
radiology reports

Text-to-protein
generation

Regulations: Application approval; validation; audits; community-based challenges; analyses of biases, fairness and diversity

Fig.1|Overviewofa GMAImodelpipeline.a, AGMAImodelis trainedon
multiple medical data modalities, through techniques such asself-supervised
learning. To enable flexible interactions, datamodalities such asimages or data
from EHRs canbe paired with language, eitherinthe form of textor speech data.
Next, the GMAI model needs to access various sources of medical knowledge to
carry out medical reasoning tasks, unlocking a wealth of capabilities that can
beusedindownstreamapplications. Theresulting GMAImodel then carries

outtasksthatthe user canspecifyinreal time. For this, the GMAImodel can
retrieve contextual information from sources such asknowledge graphsor
databases, leveraging formal medical knowledge to reason about previously
unseentasks. b, The GMAImodel builds the foundation for numerous
applications across clinical disciplines, each requiring careful validation and
regulatory assessment.

Jure Leskovec, Stanford CS246: Mining Massive Datasets, http://cs246.stanford.edu



Foundation Models

&)
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define a foundation model

A foundation model is a large-scale machine learning model trained on broad data (often
unstructured and diverse) that serves as a general-purpose model across multiple tasks. These
models, such as GPT-3, BERT, or CLIP, are typically characterized by:

1. Pretraining: They are pretrained on extensive datasets using self-supervised or unsupervised

learning to learn a wide range of representations and capabilities.

2. Scalability: Foundation models leverage large architectures (e.g., deep neural networks) with

billions or even trillions of parameters.

3. Adaptability: Once pretrained, these models can be fine-tuned or adapted to perform a
variety of downstream tasks, such as text generation, image recognition, or translation, with

relatively small amounts of task-specific data.

4. Transfer Learning: The knowledge learned during pretraining can be transferred effectively

to different domains, enabling efficient learning of new tasks.

Foundation models provide a basis for a variety of applications and are central to advances in Al,

often serving as the backbone of many Al systems.

Jure Leskovec, Stanford CS246: Mining Massive Datasets, http://cs246.stanford.edu 10



Foundation Models Characteristics

Foundation models are pretrained architectures

Modern Al trains very large models with a huge
amount of data

Foundation models can be used as zero-shot or
few-shot learners

They generalize to new entities that have not been
observed during training

3/14/24 Jure Leskovec, Stanford CS246: Mining Massive Datasets, http://cs246.stanford.edu 11



Graph Foundation Models

Challenges

Multiple types of graphs

Multiple types of tasks
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Knowledge Vault
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Recap: PRODIGY

Unified framework to learn graph tasks of
multiple levels

Agnostic of the graph type

Pretraining

Data/Grap
h

3/14/24

Data
Gen

Optimize
Loss
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Towards Foundation Models for KGs

Build a model that learns embeddings for
entities and relations of any KG

The model will be trained in an unsupervised
fashion

The model will transfer knowledge between
different KGs

We will not discuss scalability of the training
data and the model

3/14/24 Jure Leskovec, Stanford CS246: Mining Massive Datasets, http://cs246.stanford.edu



Stanford CS224W:
Knowledge Graphs



KG Representation

Edges in KG are represented as triples (h, 7, t)
head (h) has relation (r) with tail (t)
Key ldea:

Model entities and relations in embedding space R¥

Associate entities and relations with shallow embeddings
Note we do not learn a GNN here!

Given a triple (h, 1, t), the goal is that the embedding
of (h,r) should be close to the embedding of t.

How to embed (h,r)?

How to define score f,-(h,t)?
Score f, is high if (h,r, t) exists, else f,. is low

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 16



Example: Bio Knowledge Graphs

Node types: drug, disease, adverse event,
protein, pathways

Relation types: has_func, causes, assoc, treats,
IS a

re asms cerebral
Neoplasms by Site 1S_A . c"fl)(? haemorrhage
2
O

s
chromosome . }'96‘ &OO . Drug
Segegs o S 4}6“ ® Disease
D
7]
A BRCA1 < fulvestrant  Pyelonephritis € Adverse event
BIRC2 Protein
CASP8
pulmonary A Pathways
mbolism
A,
ESR2 As PIM1
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Example: Bibliographic Networks

Node types: paper, title, author, conference,
year

Relation types: pubWhere, pubYear, hasTitle,
hasAuthor, cite

cite
pubWhere L hasTtile
Conference [« Paper > Title
N
) &
‘2)?~ Q@
s{(b /o
Author Year
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Example: E-Commerce Networks

Example: E-Commerce Graph
Node types: User, Item, Query, Location, ...
Edge types: Purchase, Visit, Guide, Search, ...
Different node type's features spaces can be different!

User Item Query

o il @ , - Shoes

Search Click = = = = = Guide
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KG vs Natural Language

Example: E-Commerce Graph

Natural Language:
User searches for shoes, User buys hand-bag

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 20



KG vs Natural Language

Example: E-Commerce Graph

Natural Language:

|User|searches|for|shoes| Userhand-bag|

All entities are words or tokens of the same type
Homogeneous vocabulary

Knowledge Graph:
User, shoes, hand-bag = entities
Searches, buys = relations
Two modalities, heterogeneous vocabulary

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 21



KG vs Natural Language

Example: E-Commerce Graph

Natural Language:

|User|searches|for|shoes| Userhand-bag|

Tokens are connected sequentially

Knowledge Graph:
Entities have an underlying arbitrary graph structure

User Item Query

(e,

A =
e

R

'£ i “4 Hand Bag

o

Search Click = = = = = Gui

Q.
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Towards Foundation Models for KGs

Build a model that learns embeddings for
entities and relations of any KG

Double equivariant architectures

Process the graph structure between entities

Use Graph Neural Networks

Find a canonical task for unsupervised training
Knowledge Graph Completion

3/14/24 Jure Leskovec, Stanford CS246: Mining Massive Datasets, http://cs246.stanford.edu 23



Stanford CS224W:
Transductive Link prediction



Recap: KG Completion Task

Given an enormous KG, can we complete the KG?

For a given (head, relation), we predict missing tails.

J.R.R Tolkien
Science Fiction missing relation:
_ ~ genre
Example task: predict the . genre
_— . .. ” N
tail “Science Fiction” for .
("J.K. Rowling”, “genre”) genre \\ Influence
\\
enre\~ Fantasy
Stephen King g Mo genre
N\
N\ .
Influence  “~ -1 Rowling

Influence

Influence C.S. Lewis

; gyenre Influence
\' Lloyd Alexander

Alan Poe Tragicomedy
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Recap: “Shallow” Encoding

Simplest encoding approach: encoder is just
an embedding-lookup

embedding vector for a

embedding specific node
matrix
Z o Dimension/size
— of embeddings

L] L]
!l_ -Il

one column per node
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Recap: KG Completion Models

KG embedding Models:

TransE —|lh+r—t| htreR" x v v v x
h,t € R¥,
TransR =Mt is r € R%, v v v v v
- MT't” MT' € Rd)(k
DistMult <h,r,t> htr e R® v x x x v
ComplEx Re(< h,r,t>) h,t,reCk v v v x v

RotateE —|lhor—t|| htrecCk v v v v x
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KG embedding methods

Structure agnostic shallow encoders learn
embeddings for entities and relations

The entity and relation embeddings are the trainable
weights

The structure of the KG is utilized in the loss
function

KG embedding methods can only be used on a
single KG
They cannot transfer knowledge between KGs

3/14/24 Jure Leskovec, Stanford CS246: Mining Massive Datasets, http://cs246.stanford.edu 29



New entities in Bio KGs

What if a new drug comes in?
Need to retrain the shallow encoder

Breast Diseases

° @ o

Breast Neoplasms cerebral
Neoplasms by Site SA . g haemorrhage
* 3 %
chromosome )'9(\\ O @oo . Drug
seggregation S A . ‘ ® Disease
(o
A 2 iti 4@ Adverse event
BRCA1 fulvestrant pyelonephritis
BIRC2 Protein
CASP8
pulmonary A Pathways
embolism
“y
ESR2 S PIM1
ESR1 \ﬁ(,/vo ABCB1
response
to estradiol
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Generalize across similar KGs

What if | want to transfer knowledge from one
KG to another?
The KGs have the same relations

User Item Query User

N - ~. . % - Shoes o Ot =
’

-
L

”
-’
’
Ladies Bag I~
» - e
- - e
- ~

-
~
- S
~
~
~

xé:v‘ (]
N =y
Hand Bag ‘.L

Search Click = = = = = Guide = = = = = Search
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Stanford CS224W:
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Generalize across similar KGs

What if | want to transfer knowledge from one
KG to another?
The KGs have the same relations

Solution:

Observe that a KG is a heterogeneous graph
Use a heterogenous GNN

E.g., RGCN, Heterogenous Graph Transformer

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



Relational GCN

What if the graph has multiple relation types?

Target node ‘

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



Relational GCN (2)

What if the graph has multiple relation types?
Use different neural network weights for
different relation types.

Target node ‘

“A 7 ‘ Weights W, for rzl:l

Input graph

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 35



Relational GCN (3)

What if the graph has multiple relation types?
Use different neural network weights for
different relation types!

.
Target node ‘
@.
T, ‘ - A
o o ®
Input graph \ \~\

Neural networks
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Kipf and Welling. , ICLR 2017

Recap: Classical GNN Layers: GCN

h,’' =0 w =
y L IN@)
We add a self-loop
1) D) hy (D, {-1)
_ 2w D -
h® = o 2 WO e+ WOh

UEN (v)
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https://arxiv.org/pdf/1609.02907.pdf

Relational GCN (4)

Introduce a set of neural networks for each

i |
relation type! ol

Weight for rel_1 Q‘ ,’
. O ’?‘
O

SRR - ) e
Weight for rel N \

N \
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Relational GCN: Definition

R(+D z z — WOh® + wOp®
v CUT
TER UEN],

How to write this as Message + Aggregation?

Message:
Each neighbor of a given relation: Cor = INg |
1
(1 l
m) = L wOn
CU,T'
Self-loop:
m® = wOR®
Aggregation:

Sum over messages from neighbors and self-loop, then apply activation

h = o (sum ({m0, u € N} U {m}))
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RGCN for Link Prediction (1)

Assume (E, 7, A) is
all the other edges are training message edges
Use RGCN to score (E, 75, A)!

Take the final layer of E and A: h,(EL) and th) e R4

Relation-specific score function f: RéxR% - R
One example f;. (hg, h,) = hyW, h,, W, € R**¢

*— e
i

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 40
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Heterogeneous GNNs

Structure aware GNN encoders learn embeddings for
entities

Structure agnostic shallow encoders learn embeddings
for relations

The relation embeddings are trainable weights

The structure of the KG is also utilized in the loss
function

RGCN can be used for inductive link prediction across
new entities

It cannot transfer knowledge between KGs with different
relation types
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Stanford CS224W:
Inductive Link prediction for
new entity and relation types



Generalize across different KGs

What if | want to transfer knowledge from one
KG to another?
The KGs have different entities and relations

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



Recap: KG Completion Task

Given a KG, we train a model such that:

For a given (head, relation), we predict missing tails.

J.R.R Tolkien
Science Fiction missing relation:
. genre
: s genre
Example task: predict the N
H 1 . . . » N\
tail “Science Fiction” for genre .
“J.K. ROWIln » oW enre” \\\ Influence
g, 49 N
enre\\ Fantasy
Stephen King g Mo genre
\
Influence >« J-K. Rowling
Infl Influence
nuence C.S. Lewis
; gyenre Influence
Alan Poe Tragicomedy \' Lloyd Alexander
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Recap: KG Completion Task

Given a trained model we want:
For a given (head, relation), we predict missing tails.

UK
‘i\ Olivia Colman
Profession ’

Born i
Greece
i
. Acted i !
Example task: predict the ta|I oo n USA ]
“Actor” for (“R. Gosling”, Born in Profession |
“profession”) costarred !
]
Yorgos directed  Ihe Favorite Acted in Born in :
Lanthimos |
Poor Things ]
directe 9 ;
Acted i Emma Stone | .. .
Profession L\ 1 missing relation:
/ ] H
‘ Acted . Costarred ; profession
l
“‘ Acted im— Ryan,GosImg
LalLa Land
Born in l
Canada
45
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J. Lee, C. Chung, JJ. Whang, InGram: Inductive Knowledge Graph Embedding via Relation Graphs, ICML 2023

Stanford CS224W:
InGram: Inductive KG
Embedding via Relation
Graphs




Generalize across different KGs

What if | want to transfer knowledge from one
KG to another?
The KGs have different entities relations

Solution:

Build double equivariant models
E.g., InGram

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



KG embedding methods

We achieve inductive link prediction on new
entities by:

Structure agnostic shallow encoders to structure aware
GNN encoders to learn embeddings for entities

The structure of the KG was moved from the loss
function to the loss function and the model

Let’s do the same for relations

Utilize the structure of relations to generate relation
embeddings
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J. Lee, C. Chung, JJ. Whang, InGram: Inductive Knowledge Graph Embedding via Relation Graphs, ICML 2023

InGram Model

Training Time:

./.\. }4 relation/ T\Score

head/%&\ tail

J 1 ]
Relation Graph Relatlon level Entity-level
Training Graph of Training Graph Aggregation Aggregation Loss Optimization

Learned Learned Learned
Inference Time: weights welghts weights

Relation Graph Relation-level Entity-level
Inference Graph of Inference Graph Aggregation Aggregation Link Prediction

New component: Relation Graph
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Relation graph

We define tree graph matrices

Ay head entities x relations adjacency
Ayli,j] = 1if entity i is head in relation j

A;: tail entities x relations adjacency
A.li,j] = 1 if entity i is tail in relation j

Dy, D, : diagonal entity x entity matrices with
entity degrees as heads and tails

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



Relation graph

Then the adjacency matrix of relations is:
A =E;D;,“E, + ElD;*E,

A is a weighted adjacency matrix

Every edge has a weight that determines the
importance of the edge

In practice we are looking for entities that
serve as heads and/or tails for relation pairs
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Relation Graph Construction

Consider relation pairs
Find entities that serve as heads and/or tails

UK
‘1\ Olivia Colman
Born i .
Profession ’
]
0
0
]
0
]

Greece
|’\ Acted in
Born in USA Profession
costarred ’ "
. ]
Yorgos directed The Favorite Acted in Born in :
Lanthimos I h
: Poor Things '
directe 9 . h
Acted i Emma Stone | .. )
Profession L\ 1 missing relation:
/ _ ! profession
Acted in Costarred [
@ ¢ N
“- Acted in—Q Ryan:Goinng
LalLa Land ]
Bornin |

Canada
52
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Recap: KG Completion Task

Consider relation pairs
Find entities that serve as heads and/or tails

UK
‘i\ Olivia Colman 1 2 1 2
p=(3) +(5) =013

Borni
Greece ’j 3 7

Acted in

USA
Bornin ’
The Favorite .
Yorgqs \ Acted in Born in
Lanthimos
Poor Things
Acted i Emma Stone
/
Acted in
4
“‘ Acted im— ‘ Ryan Gosling
LaLa Land
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Recap: KG Completion Task

Consider relation pairs
Find entities that serve as heads and/or tails

Olivia Colman 1 2 1 2 1 2 O 38
£=) +G) +G) o
Acted in
k costarred
The Favorite
Acted in

Poor Things

‘4- Acted i Emma Stone
/7 N\

Acted in Costarred

¥ \
“‘ Acted im— ‘ Ryan Gosling

LaLa Land
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Recap: KG Completion Task

Consider relation pairs
Find entities that serve as heads and/or tails

2 2
Olivia Colman ﬁ <]_) 036
f 3 2
Acted in
Yorgos directed The Favorite .
Lanthimos K Acted in
directe Poor Things
d\“" Acted i Emma Stone
/
Acted in
4
.‘- Acted irr— ‘ Ryan Gosling

LaLa Land
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Recap: KG Completion Task

Consider relation pairs
Find entities that serve as heads and/or tails

Olivia Colman ,8 =0

N

costarred

Yorgos directed The Favorite
Lanthimos K

directe Poor Things
Emma Stone

Costarred

N\
‘ Ryan Gosling
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Relation Graph

We can construct a graph between relations
Encodes the proximity between different relations

directed

0.06

Born in costarred

Profession Acted in
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InGram Model

score
relation/ r\
- = - v ~

Training Time:

7] he[ad ye }]SZ[\\ tai]I
Relation Graph Relation-level Entity-level
Training Graph of Training Graph Aggregation Aggregation Loss Optimization

Learned Learned Learned
Inference Time: weights weights weights
6]

Relation Graph Relation-level Entity-level
Inference Graph of Inference Graph Aggregation Aggregation Link Prediction

Source: https://bdi-lab.kaist.ac.kr/down/ingram_icml2023_slides.pdf

Next: Relation-level message-passing
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Recap: Graph Attention Network

l -1
hi()) — O-(ZuEN(v) avuw(l)hg ))

Not all node’s neighbors are equally important

11/14/24

Attention is inspired by cognitive attention.

The attention a,,,, focuses on the important parts of
the input data and fades out the rest.

Idea: the NN should devote more computing power on that
small but important part of the data.

Which part of the data is more important depends on the
context and is learned through training.
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Recap: Attention Mechanism (1)

Let «,,,, be computed as a byproduct of an
attention mechanism a:

(1) Let a compute attention coefficients e, across
pairs of nodes u, v based on their messages:

e,y = a(W(l)h,(f_l), W(l)hf,l_l))

e, indicates the importance of u's message to node v

eap = a(WORY™ wORI™)
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Recap: Attention Mechanism (2)

What is the form of attention mechanism a?

The approach is agnhostic to the choice of a

E.g., use a simple single-layer neural network

a have trainable parameters (weights in the Linear layer)

I |:| Concatenateﬂ Linear esp = a (w(l)hgl—l)’w(l)hg—l))

(™D p(D = Linear (Concat (W(l)hg_l), W(l)hg_l)))

Parameters of a are trained jointly:

Learn the parameters together with weight matrices (i.e.,

other parameter of the neural net W) in an end-to-end
fashion

11/14/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 67



Recap: Attention Mechanism (3)

Normalize e, into the final attention weight a,,,

Use the softmax function, so that X, ey ) @pu = 1:
exp(epy)

B Zke]\](v) exp(evk)
Weighted sum based on the final attention weight

) _ (1-1)
hv — U(ZuEN(v) W(l)hu )

Weighted sum using a5, s, dsp:
hg) = O'(CXABW(l)hg_l)+aACW(l)h(Cl_1)+
a,p WORY D)
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Relation Attention Mechanism

Normalize e, into the final attention weight a,,,

Use the softmax function, so that X, ey ) @pu = 1:
eXp(evu + :Bvu)

B ZkEN(v) eXp(evk + lgvk)
Weighted sum based on the final attention weight

) _ (1-1)
Z, = U(ZuEN(v) W(Z)Zu )

Weighted sum using a5, a4, Q4p:
zg) = a(aABW(l)zg_l)+aACW(l)z(Cl_1)+
WOz D)
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InGram Model

score
relation/ r\
- = - v ~

Training Time:

7] he[ad ye }]SZ[\\ tai]I
Relation Graph Relation-level Entity-level
Training Graph of Training Graph Aggregation Aggregation Loss Optimization

Learned Learned Learned
Inference Time: weights weights weights
6]

Relation Graph Relation-level Entity-level
Inference Graph of Inference Graph Aggregation Aggregation Link Prediction

Source: https://bdi-lab.kaist.ac.kr/down/ingram_icml2023_slides.pdf

Next: Entity-level message-passing
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Entity Attention Mechanism

AL = g (Z S wiOnd + wgwh,s”)

T€ER UEN]

he(+D (Z z ey (W2 +w(”h“)))

TER UEN]

hf,lﬂ) _ h:g(l+1)+ h:;(l+1)

The entity update depends on the reIatlon update

11/14/24 anfor s, http://cs224



InGram Model

score
relation/ r\
- = - v ~

Training Time:

7] he[ad ye }]SZ[\\ tai]I
Relation Graph Relation-level Entity-level
Training Graph of Training Graph Aggregation Aggregation Loss Optimization

Learned Learned Learned
Inference Time: weights weights weights
6]

Relation Graph Relation-level Entity-level
Inference Graph of Inference Graph Aggregation Aggregation Link Prediction

Next: Link-prediction head
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Link-Prediction Head

 Final embedding vectors computation

; score
L =1 (L
2k = MZEC 'and h; = th ) relation /1\
 Scoring function head tail

f(vi,rk,vj) = hdeiag(Wzk)hj

 Loss

Z Z max (O,)/ ~ f(vrev) + f (éi'rk’ vf))

(viriv)) €T (v Tk v] EJ}r

Source: https://bdi-lab.kaist.ac.kr/down/ingram_icmI2023_slides.pdf
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Structure aware GNN encoders learn embeddings
for entities

Structure aware GNN encoders learn embeddings
for relations

The structure of the KG is also utilized in the loss
function

InGram can be used for inductive link prediction
across new entities and new relation

It is a model we can use to train a foundation model
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Create different datasets from NELL, Wikidata,
and Freebase

Test the performance of InGram in Transductive
and Inductive link prediction
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Transductive Link Prediction

NL-0 NELL-995-v1
GralL GralL
CoMPILE CoMPILE
SNRI SNRI
INDIGO INDIGO
RMPI RMPI
BLP BLP
QBLP QBLP
RAILD RAILD
NeuralLP NeuralLP
DRUM DRUM
NBFNet NBFNet
RED-GNN RED-GNN
ompGCN CompGCN
odePiece NodePiece
InGram InGram
0 0.1 0.2 0 0.2 0.4 0.6
MRR MRR

Source: https://bdi-lab.kaist.ac.kr/down/ingram_icmI2023_slides.pdf
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Inductive Link Prediction

NL-100 WK-100 FB-100

GralL GralL GralL
CoMPILE CoMPILE CoMPILE
SNRI SNRI SNRI
INDIGO INDIGO INDIGO
RMPI RMPI RMPI
BLP BLP BLP
QBLP QBLP QBLP
RAILD RAILD RAILD
NeuralLP NeuralLP NeuralLP
DRUM DRUM DRUM
NBFNet NBFNet NBFNet
RED-GNN RED-GNN RED-GNN
CompGCN CompGCN CompGCN
NodePiece NodePiece NodePiece

InGram [I—— InGram  [—— InGram [———

0 0.1 0.2 0.3 0 0.05 0.1 0 0.05 0.1 0.15 0.2
MRR MRR MRR

Source: https://bdi-lab.kaist.ac.kr/down/ingram_icmI2023_slides.pdf
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Summary of the Lecture

3/14

Introduced a model that learns embeddings for
entities and relations of any KG

The model (InGram) is trained in an
unsupervised fashion for KG completion

The model can transfer knowledge between
different KGs

This is a step towards foundation models for KGs

/24 Jure Leskovec, Stanford CS246: Mining Massive Datasets, http://cs246.stanford.edu



