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* Learn When and Where to Connect: Adaptive Virtual Nodes for Dynamic Message Passing on Graphs
* Generative Representation Learning on Hyper-relational Knowledge Graphs via Masked Discrete Diffusion

* Beneath the Facade: Probing Safety Vulnerabilities in LLMs via Auto-Generated Jailbreak Prompts

» Structure s All You Need: Structural Representation Learning on Hyper-Relational Knowledge Graphs

« Stability and Generalization Capability of Subgraph Reasoning Models for Inductive Knowledge Graph Completion
* Unveiling the Threat of Fraud Gangs to Graph Neural Networks: Multi-Target Graph Injection Attacks against GNN-Based Fraud Detectors
+ PAC-Bayesian Generalization Bounds for Knowledge Graph Representation Learning

* Why So Gullible? Enhancing the Robustness of Retrieval-Augmented Models against Counterfactual Noise

* VISTA: Visual-Textual Knowledge Graph Representation Learning

* FinePrompt: Unveiling the Role of Finetuned Inductive Bias on Compositional Reasoning in GPT-4

* Representation Learning on Hyper-Relational and Numeric Knowledge Graphs with Transformers

* InGram: Inductive Knowledge Graph Embedding via Relation Graphs

+ Learning Representations of Bi-level Knowledge Graphs for Reasoning beyond Link Prediction
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loz Graph Machine Learning for Al

« Graph Models in Machine Learning and Data Mining
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02 Example: Knowledge Graphs

« Human knowledge as a directed graph

« Each fact is represented as a triplet (head entity, relation, tail entity)

* Knowledge Graph Embedding

* Project entities and relations into a continuous feature space

Was Born In

Is Married To

States . .
Michelle Entity and relation space

Obama
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loz Example: Graph Neural Networks

» Apply the deep learning ideas to graphs

« Automatically learn the representations needed for an end task

(2) convorve(V
CONVOLVE 2
TARGET NODE (See Algorithm 1) ® /‘ 1 @
N § c e

INPUT GRAPH

https://dl.acm.org/doi/pdf/10.1145/3219819.3219890
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|05 Graph Machine Learning

United
States

Michelle
Obama

Entity and relation space

Knowledge Graph Embedding

If it is not used for hair, a round brush is an example of what?

A. hair brush B.bathroom C.art supplies* D.shower
\

QA Context + LM I

QA Context
Node
esti -7 ~ Choice
L~ TR ]

TARGET NODE

|

(2 ) convorve!!
CONVOLVE o]
(See Algorithm 1) )
— - - ® .
\/ h
by B .
2) A . :
R Iy (TS e
hN(A) 5, hg) &
Z

INPUT GRAPH

- - 1
Knowledge Graph;,

StarredBy "5«

————— » Inferred Preference Path

Recommender Systems

4 KGs A

: Answer:
| President l

{
= o
I“-. _____ Joe Biden ki )

ﬁ Reasoning Path

Q: Which country is Joe Biden from?

PE—

Large Language Models

Wikidata Graph

'”E&:' a2 of (P31)p.
) W
Grace Brewster Murray Hopper
vt
‘ "‘*’%y
Harvard Mark |

American computer scientis

Wikipedia Links

Wikipedia Text

computer scientist

Grace Brewster Murray Hol

States Navy rear admiral. Of
programmers of the Harvar
computer, she was a pioned
programming who invented
linkers.

She popularized the idea of
pendent programming lang|
led to the development of {
early high-level programmir] i)
still in use today.

Machine Learning for IR

https://dl.acm.org/doi/pdf/10.1145/3219819.3219890
https://ai.stanford.edu/blog/gagnn/
https://arxiv.org/pdf/2306.08302
https://cs.stanford.edu/~danfei/scene-graph/
https://arxiv.org/pdf/1906.09506

https://aws.amazon.com/blogs/machine-learning/training-knowledge-graph-embeddings-at-scale-with-the-deep-graph-library/
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05 Industrial Applications of Graphs

* Google's search engine

« Knowledge graphs are embedded in the search engine GO gle
» Microsoft's knowledge mining API | .
m~ Microsoft

» Used for the Bing search engine, QnA pair mining, processing LinkedIn data

« Meta's heterogeneous graphs

* Analyze connections between people, events, ideas, and news

« Amazon's product networks a m azo n

+ Utilize relationships between users, products, and their metadata

3

« IBM's knowledge graphs

* Provide a framework to develop internal knowledge graphs

<|||

®

Palantir

« Palantir's ontology

 Build business-level ontology for real-world organization management

(O

HX% KAIST
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Thank Youl!

More Information:
bdi-lab kaist.ac.kr » E

Contact:
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