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Sir Berners-Lee believes the core value of RDF
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RDF Graph = A collection of triples, linking the description of resources
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Heterogeneous Information Network
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- Y. Xia, et. al, C-Graph: A Highly Efficient Concurrent Graph Processing Framework, ICS, 2018
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Property Graph Storage

Eywa: Unified property graph analysis and query system
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Graphical Models
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X . : whether extractor e extracts from source w
& the (d,v) item-value pair
 Latent variables
C,q: Whether source w indeed provides (d,v) pair

- Vg the correct value(s) for d

» Parameters
- A, Accuracy of source w

_ Pe: Precision of extractor e
- Re: Recall of extractor e
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X. Dong et. al., Knowledge-based
trust: estimating the
trustworthiness of web sources.
In VLDB, 2015
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- Transitivity between two vertices may reveal redudant links or
missing connections
- Clusters on instance graph helps manage knowledges
effeciently
- Inconsistency can be identified through such analysis

Complex network models:
- Poisson random graph
- degree~Poisson

Import properties/metrics:
- Small-world effect

- Betweenness - Small world effect
- Eccentricity/Centrality - Watts and St_r_ogatz graph
- Transitivity - Transitivity

- Resilience - Small world effect

- Barabasi and Albert graph
- Small world

- Power law

- Community structure
- Clustering coefficient
- Matching index




Knowledge Graph Embedding

Transform local topology and properties
into vectors
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* Most embedding frameworks are
inherently transductive and can
only generate embeddings for a
single fixed graph.
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Eywa - Integrated Graph Prcessing Platform



Instruction Per Cycle (IPC)

Normalized Execution

- Y. Xia, et. al, C-Graph: A Highly Efficient Concurrent Graph Processing Framework, ICS, 2018
- Y. Xia, et. al, An Edge-Set Based Large Scale Graph Processing System, |EEE Big Data 2016

Improved Graph Data Oraganization

Observations on graph computing
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Scheduler/Prefetch of Relaxed BSP

Flow direction
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Execution time (second)

Execution time (second)

Experiments
Eywa VS. Titan (|V|: 3072441, |E|:117185083)
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Experiments - 3

Query num =100, Node num =9
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Demo

http://www.huaweicloud.com/en-us/product/ges.html

C  ® www.huaweicloud.com/en-us/product/ges. Nimkeremms

HUAWEI Products Solutions Enterprise Intelligence Partners Support

Graph Engine Service

Graph Engine Service (GES) is a fully-managed, distributed, at-scale graph query and
analysis service that provides a visualized interactive analytics platform. It applies to
relationship analysis, precision marketing, fraud detection, loV applications, and network
and IT O&M.

Participate in the Open Beta Test and get a free trial. Learn more >

Quick Start
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