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Dan

Hello, my name is

« Distinguished Engineer in Al and Graph Technologies
« Co-founder of "NoSQL Now!" conference

« Author of "Making Sense of NoSQL" (w. Ann Kelly)

« 17+ years of working with NoSQL

« Worked with Brian Kernighan (Bell Labs)
and Steve Jobs (NeXT)

« Background in solution architecture, metadata management, NLP,
semantics, text analytics and knowledge representation for Al

« Active iIn STEM and robotics volunteering
« Co-founder of Al Racing League

Disclaimer: Opinions are my own and do not represent the
views of my employer

~opTum

Making Sense of NoSQL
A guide for managers and the rest of us

dan.mccreary@optum.com



The World is “Not Only SQL” (a.k.a. NoSQL)
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See Chapter 1: https://www.manning.com/books/making-sense-of-nosq|



Role of the Solution Architect

Relational Analytical (OLAP) Key-Value
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Title: Solution Architect

Non-bias matching of business problem to the right data architecture

before we begin looking at a specific products.
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Architectural Tradeoff and Analysis Method (ATAM)
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The ATAM process defined by CMU's Software Engineering Institute (SEI)
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Graph Databases as an Architectural Approach

Bgﬁmzs > Agrizllijttis — S:J:r?ers %
Architecture s _ m % ——p| Architectural _\

Plan z .;:: Decisions

Tradeoffs

Impacts Sensitivity

Points

Non-Risks

Distilled info

Risk Themes

Risks

We want all appropriate architecture options to be considered by Optum/UHC Solution Architects
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Encouraging Architecturally Diverse Perspectives

Single Perspective Diverse Perspectives

Relational Key-Value

Relational Relational Relational

Relational
. . Tradeoffs

Relational Relational Relational

* Which perspective will maximize the probability of a low-cost, scalable competitive solution in the marketplace?
« Do we value diversity of opinions as a core value of our organization? Are we biased? What about standards?
* There is no single right answer to this question; only tradeoffs.

W OPTUM®



Encourage Systems Thinking

Enterprise Knowledge Graph Solutions

Subject
Matter Graph Hardware

DELL!

EXperts Science

The four pillars of support for enterprise knowledge graphs!
We need specialists and systems thinking!

~
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Agenda

What is an Enterprise Knowledge Graph (EKG)?

Why are they so popular now?

What Is a distributed native property graph?

What are HTAP systems?

Why are graphs closely connected to Al and machine learning?
What is graph embedding?

What is GOQL?

How do | explain graphs to my management?

Why are current CISC processors inappropriate for cost-effective
graph algorithms?
10.The future of Enterprise Knowledge Graphs — Emergence!

© © N o o A~ DR
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Enterprise Knowledge Graph

Definition: A single graph database that connects all your organization’s information.

Defect Data

Software :
ijeleEs Service Quality

Training
Metadata

Career E
mpl
Goal PSS

Customer Purchase Product

Call Center Product
Training Recommendation

Call Center Reviews
Agent

QOPTUM@’
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Graph Databases are HOT!

Complete trend, starting with January 2013

1000

800

600

400

Popularity Changes

200

2013 2014 2015

2016 2017
© 2019, DBE-Engines.com

2018

-# Graph DBMS

- Key-value stores
- Search engines

- Document stores
-+ Wide column stores
-8~ RDF stores

= Time Series DEMS
- Mative XML DEMS
- Object oriented DBMS
- Multivalue DBEMS
-# Relational DBMS

https://db-engines.com/en/ranking_categories
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Executive Summary

Graph analysis is possibly the single most effective

Gartner L - At - i
competitive differentiator for organizations pursuing data
driven operations and decisions ...”

https://www.gartner.com/doc/2852717/it-market-clock-database-management

~
~opTum’
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Gartner on Graph Analytics

Key Analytics Trends for 2019
1. Augmented Analytics
2. Augmented Data Management

3. Continuous Intelligence

..Graph processing to continuously

accelerate data preparation and enable
5 G rap h more complex and adaptive data

science...to efficiently model, explore and
Data Fabric guery data with complex interrelationships
NLP/Conversational Analytics across data silos...the need to ask
complex gquestions across data silos which
IS not practical or even possible at scale
using SQL queries.

Explainable Al

7.
8. Commercial Al/ML
0.

Blockchain

10. Persistent Memory Servers
Graphs are also related to 4, 6 and 7

~opTum



Why the "Cambrian Explosion” in Graph Innovation since 20147

SEARCH

Introducing the Knowledge Graph:
things, not strings

Amit Singhal _ Search is a lot about discovery—the basic human need to learn and broaden your
SVF, Engineering horizons. But searching still requires a lot of hard work by you, the user. So today I'm
Published May 16, 2012 really excited to launch the Knowledge Graph, which will help you discover new

information quickly and easily.

Take a query like [taj mahal]. For more than four decades, search has essentially been
about matching keywords to queries. To a search engine the words [taj mahal] have
been just that—two words.

NopTum
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Google search for “chest pain”

Google chest pain 4 Q

All Images News Shopping Videos More Settings Tools

About 16,400,000 results (0.69 seconds)

Why does my chest hurt? 26 Causes of Chest Pain & Tightness in Chest
https://www.webmd.com/pain-management/guide/whats-causing-my-chest-pain =

Sep 11, 2016 - Chest pain. The first thing you may think of is heart attack. Certainly chest pain is not
something to ignore. But you should know that it has many possible causes. In fact, as much as a
quarter of the U.S. population experiences chest pain that is not related to the heart. Chest pain may
also be caused by ...

Burns and Pain - Angina - Pericarditis - Surprising Reasons You're

Chest pain - Symptoms and causes - Mayo Clinic
https://www.mayoclinic.org/diseases-conditions/chest-pain/symptoms.../syc-20370838 ~
Dec 8, 2017 - Chest pain has many possible causes — and some of them are serious. Here's why it's so
important to see your doctor about chest pain.

People also ask

What could cause chest pain? v
What is the term for pain in the chest? v
What can cause chest pains? v
What do you do when you have chest pain? v
Feedback

QOPTUM@’

Angina <

Also called: ischemic chest pain

ABOUT SYMPTOMS TREATMENTS

Can be a syn
coronary arts

A type of chest pain caused by reduced blood flow to the heart.

Very common
More than 3 million US cases per year

E Requires a medical diagnosis
4% Lab tests or imaging often required

5 Treatable by a medical professional

Angina is a symptom of coronary artery disease.

Angina feels like squeezing, pressure, heaviness, tightness, or pain in the
chest. It can be sudden or recur over time.

Depending on severity, it can be treated by lifestyle changes, medication,
angioplasty, or surgery.

Knowledge
Graph
= Summary




Graph Startups and Venture Capital

September 19, 2017 09:00 ET

TigerGraph Emerges With $31M in Series A Funding, Introduces Real-Time Graph

Platform

Company Pioneers the Next Stage in the Graph Database Evolution, E
Applications With the World's First Native parallel Graph Technology

StardOg E

January 13, 2018

nabling Real-Time Deep Link Analytics to Power Enterprise s

DataStax adds graph databases to enterprise

Cassandra product set
Ron Miller

MUST READ
NEW bocy
MENTS REV/
EAL FBJ paj
D GEEK SQu
AD REPAIR
STAFFAS IN
FORMANTS

Graph dat
abas
gets $36m func?i

Com i
Pany says investment will hel

Compan
ng boosty Neo TechnolOgy

fi
P Turther prope| graph technol

Ogy into the Mmainstream'

See slide notes for references

~oPTUM'

17



New Entrants into the Marketplace

ice
Amazon introduces an AWS graph database servi
called Amazon Neptune

Romain Dillet @romaindillet

Microsoft Graph

CP @ g Spark” GraphX
+ Oracle
WCOSITIOS DB || spatial and Graph ) . @
E

e Big players adding graph capabilities to existing systems
QOPTUM@ o High Performance Computing (HPC) Graph Custom Hardware



Graph Services and Standards to Support Al

oCTOBER 23, 201/

Thomson Reuters Lau

« New data services that share data in the form of graphs

« Adoption of graph standards for sharing information (RDF, OWL, SKOS)

» Upgrading existing standards to support graph interoperability (SNOMED-CT URI)
Use Al to discover rules — use graphs to store rules

« New in-browser graph visualization libraries

’#OPTUM:@
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Which of the following organizations use graph databases?

Google [ Linked [T amazon (3) Pinterest
Walmart>[< 'lscq 9 ebay (®

SoundHound

UHI‘E.FERE ITY

Answer: They all do!

*Every major airline uses a graph database to calculate fares in real-time
*Over half of retailers use graphs for product recommendations

20

& OPTUM®



External Forces Driving Graph Databases

®* Connect to Compete
» Data used to live mostly in disparate application “silos” (claims, provider, RX)
» Now organizations are building 360 views of data: — customer — HR - hardware
» A Data Lake has added low-cost storage but may not focus on connecting data

Unstructured and Semi-Structured Data
- Movement from keyword-only search to semantic search
» Use of NLP on text, wikis, taxonomies, folksonomies, ontologies

Data Complexity
* Al and inference
* Event log analyses, social networks
* Rules engines, recommendation systems, next best action

~opTum

21



Graph Technologies

Graph Technologies

Graph Graph
Databases Analytics

Graph Graph
Visualization Discovery

~
~opTum’
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Definition: Graph Databases

A database that uses verticies (node) and edges
(relationships) as atomic units of storage and where fast
graph traversal is the primary method of accessing
iInformation.

EDGE

In graph databases, relationships are a primary consideration.

~
~opTum’
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Relational vs. Graph

Relational (row store)

ID NAME DATE AMOUNT

1. Atomic unit of storage is a row of a table and data is
appended to a table one row at a time

2. All columns within a table must have the same structure
and no variations within a table are allowed

3. Table structures are fixed after design — all rows have the
same structure

4. Relationship traversal is done via JOINs at runtime using
log(N) search’s calculated at query time

5. Difficult to distribute over a cluster of 100+ nodes

~opTum’

Graph

Atomic unit of storage are nodes and edges

Each node and edge may have independent properties that
are determined at run time (schema agnostic)

Joins between nodes and edges are computed at load time
and are stored as memory pointers

Relationships traversal is done using pointer hopping —
each core can evaluate 2M hops per second

Distributed graph products are new

24



Two Types of Graph Databases

Native

* Software custom-built for fast graph
traversal

* Usually uses a concept called index-free
adjacency

* Typically runs at 2M hops/second/core

~
~opTum’

Graph

Other DB

!
__OtherDB__

Non-Native

Graph software built on top of other
databases (relational, key-value, column-
family or document store)

Convenient when data is already stored in
another database types

Benefits from the same security policies
that govern other databases

Typically run at 10K hops/second or
slower

25



The “Achilles Heel” of Native Graph Databases

RAM RAM

If all nodes and arcs don't fit into RAM memory performance will quickly degrade. A challenge for shared-nothing architectures.

RAM f Imi
Graph ull limit

Traversal
Performance

|

|

|

|

|

|

|

No Disk Swap l:

Graph Size
~opTum:



Availability of 12TB Node with 448 CPUs on Amazon EC2

Aa
A

https://aws.amazon.com/blogs/aws/now-available-amazon-ec2-high-memory-instances-with-6-9-and-12-tb-of-memory-perfect-for-sap-hana/

AWS News Blog

Now Available - Amazon EC2 High Memory Instances with 6, 9, and
12 TB of Memory, Perfect for SAP HANA

by Jeff Barr | on 27 SEP 2018 | in Amazon EC2, Launch, SAP | Permalink | ™ Share

» 0:00/0:00 @

Voiced by Amazon Polly

The Altair 8800 computer that | built in 1977 had just 4 kilobytes of memory. Today | was able to use an EC2 instance
with 12 terabytes (12 tebibytes to be exact) of memory, almost 4 billion times as much!

The new Amazon ECZ High Memory Instances let you take advantage of other AWS services including Amazon Elastic
Block Store (EBS), Amazon Simple Storage Service (S3), AWS Identity and Access Management (IAM), Amazon
CloudWatch, and AWS Config. They are designed to allow AWS customers to run large-scale SAP HANA installations, and
can be used to build production systems that provide enterprise-grade data protection and business continuity.

Here are the specs:

Instance Name | Memory | Logical Processors | Dedicated EBS Bandwidth | Network Bandwidth
u-6tb1.metal 6 TiB 448 14 Gbps 25 Gbps
u-9tb1.metal g TiB 448 14 Gbps 25 Gbps

u-12tb1.metal| 12 TiB 448 14 Gbps 25 Gbps

~opTum
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https://aws.amazon.com/blogs/aws/now-available-amazon-ec2-high-memory-instances-with-6-9-and-12-tb-of-memory-perfect-for-sap-hana/

EKGs must be distributed graphs

« Graph data is distributed over a large large cluster of nodes

o Graph gueries span multiple nodes in the cluster

o Graph queries are distributed to each node and results are returned (just like MapReduce)

o Temporary memory containers (Accumulators) must be transaction safe over the entire cluster

~
~opTum’
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The Knowledge Triangle

How of graphs capture organizational knowledge.

Knowledge

29



The Knowledge Triangle

The Knowledge Triangle or the “DIKW”
oyramid

« Diagram for representing the relationships
netween data, information, knowledge, and
wisdom

« Too often we focus on “Big Data” and not
enough on connected knowledge and
transferrable knowledge

« Graphs are connected information concepts
 Wisdom Is reusable across multiple context

« Can we capture knowledge in a form that can - Binary, Codes, Data Lakes
be reused across multiple domains?

Knowledge
Patterns
Relationships

Concepts

https://en.wikipedia.org/wiki/DIKW _pyramid

QOPTUM@’
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Data Lakes Today

Data Access Code

Data Lake

RXRXXXRXX

100s of Data Scientists

100s of R and Python Libraries
80% of effort is “Data Engineering”
Little code reuse

20% is real Data Science

No metadata, no semantic layer, no indexing, no search, no ACID transactions

~opTum’
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From Data Scientist to Knowledge Scientist

Wisdom
Fast Path with Feedback

C—) |sights

70% of
Slow Path your time

Es—————) Data Engineering

Knowledge
Graph

32



From Raw Data to Wisdom with Continuous Enrichment

Knowledge that can be

reused across multiple Reusable To New Problems BRIVl
context
_ St CorLS|stent . B Graph
Continuous
Enrichment

Tagged Text Concepts Validity

Semantics Defintions R nformation

Raw data dumped from
a database, log files or
documents

QOPTUM@
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Sample Graph Traversal Patterns

Dependencies

» Failure chains
* Order of operations

API Server

Matching/Categorizing

« Look for and tag specific patterns

-

~
~opTum’

Clustering

* Finding related items
 Friends, fraud networks

o/

Flow/Cost

* Optimize costs based on

routing

« Path optimization

e

Similarity

« Similar paths and patterns

A A
LV L

Centrality/Search

 Which nodes are the most

connected or relevant?

b 4

34



Property-based Similarity Example

Target

Population

* Used to find the most similar items in a graph by comparing properties and structure
* |deal when you a can compare individual features of an item numerically

* Algorithms return a ranking of similarity between a target an a population based on the counts and
weights of properties that are similar

“
~opTum’
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Vector Similarity

\

Population

*Vectors are similar in two dimensional space Iif they have the same length and direction

k6, (1T}

* Compare all the “x” lengths and the “y

difference

lengths and rank by the sum of the totals of the

Aa
A

’# OPTUM 36



Vector Representation

X=8
y=10

Target
Vector

16
16

8
6

A
3

2
9

Population
Vectors

* Each item can be represented by a series of “feature” vectors

* The numbers are scalers

~opTum
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Graph to Vector

Target |
Customer Graph Key Features Vector Representation

Gender_Code 4117

Age .

Rural_Urban_Score g

Purchases LTR_Score o

Lifetime_Value 5

CohortCodel o

ProductGroupl 13

~ ProductGroup?2 -

‘ ProductGroup3
...200...integers
Demographics Recommendations 200, features -

Features should represent both the properties and structure of your customer’s graph

'
QOPTUM(@



Example: Customer Similarity

Target Customer Vector Sam_ple_ Popliation Vector_s

I 0 T 1
0 43 45 22
47 2 £ 4
4 Cosine similarity 13 8 3
8 ) 7 9 9
s29 AB EA.-B.- é g g

|Al|B] n n_ 8 15

'8 %EAf LB 12 13 r
13 67 45 32
67

— — Similarity Score: .80 .85 92

« Graph Similarity algorithms allows graph databases to quickly compare current items with many other items

* For any given customer, we can use a fast, in-memory similarity algorithm to compare the key features of any patients to a larger
population

« Cohort codes can be pre-calculated to quickly narrow the sample population to a smaller group

« This calculation is considered a “embarrassingly parallel” query and could be accelerated by adding more nodes to a cluster

« Specialized graph hardware such as GPUs and FPGAs can dramatically accelerate these calculations

NopTum 39



The Curse of Dimensionality

...various phenomena that arise when analyzing and
organizing data in high-dimensional spaces (often with
hundreds or thousands of dimensions) that do not occur In
low-dimensional settings such as the three-dimensional
physical space of everyday experience.

https://en.wikipedia.org/wiki/Curse_of dimensionality

https://en.wikipedia.org/wiki/Dimensionality reduction

~opTum
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When to Use Graph Databases

Analytics

Reporting
Fast Relationship Traversal KPls

Drill Down
Performance Trends

Customer Similarity

Complex Queries
P {_ Customer Clustering

Fraud Detection

Deep Link Analysis
P Y {_ Anomoly Detection

Mo Fixed Data Model
Ideal for Data Hubs
Schema Agnostic / Integrate at Will

Flexibility / Ideal for NLP
Chatbot Enablement
Anyone Can Add New Facts

Graph Use Cases

Open World
\

No Query Disruption

Leverage Similar Customer Purchases

Recomendation

__Add Machine Learning for Similar Products
Guide Customer Journe
Rules [ : Y

Next Best Actiion r

. Predict Incomming Call Issues

_ Change Update
Comparison Rules
“__Customer Merge (MDM)

~opTum’



Popular Graph Use Cases

1.  Member Journey Graph (graph and an integration data hub)

Faceted Search (Health System Explorer)

Human Capital Graph (Enterprise People Fabric) Social Networks for staff/skill search
Knowledge Graphs (semantic search)

Fraud Pattern Detection

S

Computer Network/Service Failure Analysis
Application resource dependency mapping
7. Rules Engine — Recommendation Engine — Next Best Action
8. Master Data Management — rules for record matching (Entity Resolution)
9. Genomics — Gene Ontologies
10. Ingestion Rules - ETL Replacement (CentriHealth)
11. 360 View of Customer/Products/Servers (Data Hub)
12. Company/Investor graph — competitive analysis
13. Causal Graphs (Bayesian networks)
14. Drug interaction/Drug similarity
15. Map routing - (shortest distance calculations)

~opTum
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Serial vs. Parallel Graph Algorithms

Serial Graph Algorithms Parallel Graph Algorithms

* One task cannot begin before the prior task Is * Many tasks can be done independently
complete

o * Task order in not relevent
* Task order Is important

. . . . * Tasks can usually be done faster on FPGAs
* Serial Algorithms cannot easily be optimized on

FPGAS

A’#OPTUM@ 43



Does the Human Brain do Serial or Parallel Computation?

* The following slide photos of two people

* One Is a famous actor

* The other is a synthetically generated image of a person (generated by a GAN)
» Shout out “Left” or “Right” as soon as you can tell which is the famous actor

A’#OPTUM@
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What just happened

The visual cortex received the images as electrical signals from your eyes

Your brain identified key features of each face from the images - in parallel

Your brain sent these features as electrical signals to your memories of people’s faces

Your brain compared these features to every memory you have of a person’s face — in parallel

Your brain sent their recognition scores to a control center of your brain

R e A

Your brain’s speech center vocalized the word “right” — in series

Answer: The human brain, comprised of around 84B neurons, does both parallel and series calculations

Two Key Questions:
1. How does the brain know to pay attention to specific features of a face?

2. What portions of real-time recommendation systems can be done cost
effectively in parallel at low cost?

’#OPTUM@
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The Product Recommendation Challenge

1. A customer comes to your web site
You have information on their prior purchases and they view new products

3. How quickly can you generate a real-time recommendation based on 10
products and 1 million product reviews?

4. How much detall can you take into account and return the best match in 100
milliseconds?

N

How quickly can we compare a given customer and their purchases to 1 million
other customers and their purchases?

What comparison tasks can be done in parallel?

A a7

’#OPTUM:@



The Rise of Automatic Graph Feature Engineering

Recent years have seen a surge In approaches that
automatically learn to encode graph structure into low-

dimensional embeddings.

The central problem in machine learning on graphs is finding a
way to incorporate information about the structure of the

graph into the machine learning model.

From Representation Learning on Graphs: Methods and Applications by Hamilton et. EL.

’#OPTUM:@
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Example of Graph Embedding — Encode and Decode

~opTum’

encode node i

= Dode node label
m e.qg.,
Zi community,

(embedding) function

From Representation Learning on Graphs: Methods and Applications by Hamilton et. El.

49



Four Graph Stories and Metaphors

' ‘n w ‘N, K

The Neighborhood Walk
Index free agency, performance

Past: Closed Word Graph: Open World

The Open World Assumption
graph integration, agility

~
~opTum’

Knowledge

The Knowledge Triangle
data, information and knowledge

'Q -
F‘*ﬁ

f{E :
= =

-

The Jenga Tower
the resilience of graphs to change

50



The Deep Learning Bartender

Can |
Recommended
a Drink?

51



Explainable Al Models Leverage Graphs

Today Task

Training Learned

Learning

Function
Process

Data

|
: Decision or e
Machine Recommendation

Task

Explainable Al 1

New
Training Machine

Explanation

Interface

Data Learning
Process

Explainable Model

-
~opTum

Why did you do that?
Why not something else?
When do you succeed?
When do you fail?

When can | trust you?
How to | correct an error?

| understand why

| understand why not

| kKnow when you succeed
| kKnow when you fall

| kKnow when to trust you

| kKnow why you erred

https://www.darpa.mil/program/explainable-artificial-intelligence
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Three Eras

of Computing

1) Procedural Era

B

Procedural Code
RUIES)

Programs

g ANSwers

— Explanations (Why)

2) Machine Learning Era

Data

Answers

Machine

Learning

Rules
(10M weights)

3) Graph Era

“
~opTum’

o RO

Machine
Learning

mmmmd KNOWledge

—md ANSwers

> Explanations (Why)
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Standard ISO Property Graph Query Language (GQL)

Gremlin

T GQL

. Distributed Queries

MapReduce

Syntax Expected in Q4 2020
Accumulators

SPARQL https://www.gqlstandards.org
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CISC vs RISC

CISC CPU

X86
1503 Instructions

* Most graph traversal algorithms only use simple pointer hopping

* How efficient are CISC and RISC at running graph algorithms?
* No need for floating point
* No need for matrix multiplication
* No instruction for doing encryption / decryption

QOPTUM@’

RISC CPU
ARM
50 Instructions
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Onward to the Hardware Graph!

Algorithmic
Richness

Single Node
Graph

Enterprise
Knowledge
Graph

Data Hub

Data Lake

Hardware
Graph

Scale out

~
~opTum’
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Emergence

< OPTUM"

Can we predict what new insights we will find
when we connect systems that have never
been connected together before?

What is “the Edge of Chaos™?

the Theory of Introduction to the Theory of Complex Systems
LR bl Peter Klimek, Rudolf Hanel, and Stefan Thurner
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Thank you!

Dan.McCreary@optum.com

Linked[f}] nttps:/mmww.linkedin.com/in/danmccreary

m https://medium.com/@dmccreary

Medium

' @dmccreary

QOPTUM@’



