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2x-3x by context / relation analysis, 10x+ by reasoning / behavior prediction
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Graphen Finance Al Solutions

Core-Banking Non-Performing Anti Money Fraud Regula.tlon Market Al Trader
Monitoring Loans Prediction Laundering Detection Reason.lng & Intelligence
Compliance
=

Graphen Al Financial Industry Platform

Multimodal Analysis Risk Modeling

Behavioral Analysis Network Analysis Anomaly Detection Risk Assessment

Time-Series Analysis Flow Analysis Bayesian Inference Risk Propagation

=
Graphen Ardi Al Platform

Computation Engine Visualization Engine

Graph Analytics Statistical Computing Graph Vis Statistical Charts

Machine Learning Machine Reasoning Machine Learning Vis Cognitive Vis

g 3

Data Engine

Graph Database Index File Storage Other Data Storage Data Ingestion Data Retrieval
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Application Summary 42

UNIVERSITY

o Products: Al offerings from the foundational platform to industry solutions

o Main Business Models: selling valuable industry solutions to business customers or

jointly selling solutions with key business partners to users

#% ) Al Foundation | Full-Brain Platform
‘ Al Finance | Risk, Fraud, ESG & Intelligence
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Ardi Graph Database is a C++-based native DB ot
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e The storage layer contains a high-performance native
graph store based on C++, indexers to facilitate
property-based search, process store to keep record of

input/output associated with graph analytics and
machine learning, and a storage engine to manage the
W= graph database, indexes, and data store.
] e The analytics layer has several computation modules
Grest Docker Grest Docker utilizing Ardi platform’s graph analytical algorithms and

REST Server GraphDB
Server

Graph Engine

STORES GraphDB

A

eEeT o GgaphDB machine Iearnmg algorithmes. |
EINER e The query layer includes all the services needed to
Graph Engine synchronously or asynchronously_load data into the
storage layer, invoke graph analytics and machine
STORES GraphDB

learning algorithms, and retrieve data and results from
. algorithms.
/ = e The visualization layer enables raw graph data or

running graph analytics and machine learning
Async Docker A Dock . ) .
, S computation results to be retrieved and displayed at
the user interface via interactive visualizations.
e The High Availability proxy servers guarantees
continuous system operations. Communications
between layers are achieved via standardized APIs.

Async Server Async Server
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Graph Database vs. Relational Database =oa
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o SQL requires expensive join operations to compute neighborhoods of a vertex. Often the number of joins
required is proportional with the distance from the source vertex as required by a specific algorithm.

Warren Beatty’s Movie 4/.
Al Pacino
Dick Tracy D

James Chan ick Tracy . Movie
Reds John Marley Richard S. Director
Warren Beatty The God Father Castellano
The God Father Richard S. Castellano The God Father Al Pacino
The Outsiders Marlon Brando John Marley
The Conversation Al Pacino
James Chan Marlon
Brando
Finding neighbors requires joins operations which may Finding a neighborhood is logarithmic in the size of the
become intractable depending on the size of the database database, thus tractable for any depth required

=> Ardi Platform supports both proprietary native Graph DB (by C++) and open-source relational database
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Deployed in production in several largest banks in the world (in New York, Honk Kong, Shanghai and
Taipei by Dec 2020):

*Terabyte-sized native GraphDB, supports trillion of vertices and edges
*ACID-compliant and distributed Graph database and analytics
*Asynchronous job scheduling (both Autonomous ML and GraphDB)
*Scalable, distributed Analytics, modular and expandable through plugins

Cluster, Replication and High-Availability with disaster recovery

*Error and event Logging, Monitoring, Backup and Recovery o
e 4 fEémR”‘“ﬁ
*Supports both Graph Database and Relational Database e e v e ! LOANS

Al'l"létform and NPL

; B
*Supports OpenCypher query language Cybe“mmune:d o
Intelligence - y Li;* : Al Investment}éisks

!

¢
Al Finance Products Deployed in New York , Shanghai, Hong Kong and Taipei
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Ardi Database’s OpenCypher query support X

Ardi Database supports OpenCypher query, making it easy to incorporate graph processing
capabilities.

& Graphen Ardi Platform

Graph name : cypher_graph (—_> Back to Graoh List

$ match (n)

$ match (actor:ACTOR) - [act:ACT] -> (movie:MOVIE) where movie.budget ) return actor, movis @@

y i Name Value
" LABEL ACTOR
D 3087
name RobertDuvall
date 315032400
gende 2
A length 8
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Monthly
Payment

Implementer

Payback

PAYEE APPLY

CONTRACT PRODUCT

POLICY_NO POLICY_NO/PROD_NO
6 CLAIM\ OCCUR
APPLY_NC
R
Borrowing K o
C
Partial Deposit Y
Full Paymen CLAIM
Interest APPLY_NO/POLICY_NO APPLY
Re,
Cancel K2 CLAIM_APPLY
Change Amol k APPLY_NO
Materialization _CHANGE
Cancel Loan CLAIM_RESULT
APPLY_NO
pay_amt

FINANCE
POLICY_NO
annual_income_amt

RESULT LOAN_RESULT
LOAN_NO
mortgage_approvedm

LOAN APPLICATION
LOAN_NO

PLEDGE
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Ardi Graph Database Comparison 42,
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Performance Experiments on most graph functions
common to Ardi, TigerGraph, and Neo4j LN ECEEEIN LTI RS ECT N

0.0766 0.0748 7.466 0.98 97.47

Performance experiment is conducted under following condition PageRank 10.829 30.838 91.384 2.85 8.44
wcc 42.004 32.401 133.134 0.77 3.17

Graph contains Testing Environment betweenness 101482 7200 >43200 >70.95 >425.69

e« 2.4M vertices * 32 cores CPU ST 1163.563  76.655 >43200 0.07 >37.13

« 67Medges * 128GB RAM cycle 19.035 >210.152 N/A >11.04 N/A
214512 38.814 N/A 0.18 N/A

* Ardi database outperforms Neo4j, which possess highest

market share of graph database in all cases, including 1- 7411 Analytics Time Cost of Graph Database
hop neighbor, PageRank, Betweenness Weakly- e 12.08
Connected-Component and Minimum-Spanning-Tree. s
Besides, -

* Ardi is competitive with Tigergraph, who claims beating m » »
most other graph databases in computation speed. Ardi P I R - . - -
outperforms TigherGraph in PageRank, betweenness and o N HE =mEN H “EN HE - =
cycle finding, while being slower in MST and k-core. " e R - -

» Therefore, we are confident to say that Ardi database is * Neo4j timed out without results after 43000 seconds, and Tigergraph resulted imeout after 7200 second
quite Competitive among graph databases in the market' ?fifggi;r:ac;:\izlgjlltztjjnﬂ br:ttevr:\eoer;r;:zlst after 210 seconds and did not finish the cycle finding yet.
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Ardi Graph Database Comparison 42
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Supported Algorithm
_m- Tigergraph [neodj | _m Tigergraph | neodj |
egonet
Centrality [1] Betweenness [1] Betweenness [1] Betweenness iz
[2] Closeness [2] Closeness [2] Closeness
[3] eccentricity [3] Harmonic Local Clustering O O
[4] peripheral vertex [4] Degree Coefficient
[5]is central vertex Eg} E\Ir?iiﬂavlgg:\? Maximal Independent O
Set
Label Propagation @)
Pagerank @) O ] K-1 Coloring @)
K-Core O O
(Weakly/ ') o) 0 Modularity Optimization O
Strongly) (wce had
Connected Com been r‘?m°3"ed Heuristic estimate of 0
ponents in version 3) graph diameter
Louvain commu O ) ) Spectral Clustering O
nities
Triangle counts O 0 0 Entity Resolution 0] @) 0]
Cycle detection O @)
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Ardi Graph Database Comparison
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Supported Algorithm

I L )

Single-Source Shortest Paths

Yen'’s K-Shortest Paths O
Shortest path between two vertices O @)
All Pairs Shortest Path O
A-star (an @)
improved dijkstra algorithm)

Breadth First Search O o)
Depth First Search @)
Random Walk (@)
Minimum Spanning Tree (MST) O 0] O

Link prediction

Similarity ranking

k-Nearest
Neighbor classific
ation

Node embedding

[1] number of
common neighbors
[2] jaccard similarity
[3] jaccard similarity
[4] salton index

[5] leicht index

[6] hub index

[7] resource
allocation index

[8] number of all
paths

[9] shortest distance
[10] katz distance
[11] hitting time

[1] Cosine Similarity

[1] Cosine
Similarity
[2] Jaccard
Similarity

[1] Adamic Adar

[2] Common
Neighbors

(3]

Preferential Attachme
nt

[4] Resource
Allocation

[5] Same Community
[6] Total Neighbors

[1] Cosine Similarity
[2] Jaccard Similarity
[3] Pearson Similarity
[4] Overlap Similarity
[5] Euclidean
Distance

@)

[1] Node2Vec
[2] GraphSAGE
[3] Random

Minimum Spanning Forest (MSF) @) Projection
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Ardi Graph Analytics Tools g2,

UNIVERSITY

e Support graphical analysis without any coding * Louvain Communities
* Efficient Analytics * Cligques
* Topological Analysis * Graph Spectral Clustering
e Traverse e Prediction
e Shortest Paths e Missing Links Prediction

e K-core Entity Resolution

*  Minimum Spanning Tree Risk Propagation
* Metrics

e Centrality and metrics

Grapghan Ardi Piationm

* Compute PageRank
* Link Prediction Indices
e Clustering Coefficients
e Similarity Ranking
* Component Analysis and Retrieval
e Cycles

FREERERRRE )

e Egonets
* Strongly/Weakly Connected Components
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Example: Graph Analytics for Non-Performing Loan o,
(NPL) Prediction

« Using Graphen Graph DB and Analytics, realized analysis of several millions of commercial customers. Processing time in
customer's original system: 3 to 10 days. Processing time using Graphen: 14 mins.

« Using Graphen Cognitive Computing, Machine Learning, and Risk Propagation to realize NPL detection and prediction. Based on
Graphen NPL Prediction to predict companies that might go default in the next month, the Average Precision of Top4 was
100.0% and the Average Precision of Top10 was 92%,

A /

Q@ a X ~ Search Client

Search Date & 201811 & 20181231

Target{required)
userl

g 2 Vv %

e i =
[ Ganeaty B Report

¥ Client Statistics
™

TRADE
SAME_CARD_HOLDER

THIRD_PARTY_GUAR

@ Clients Relations GUAR

MANAGER

- - - - - - -
=} o o o =) -} o

OTHER

g 411/2018
o .

400 \| Ciients:50 *

Relations:514 . stails

11172018 212018 3172018 51172018 6112018 71112018 8112018 92018 101172018 1MAROI8 121172018
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Investors & Shareholders Investment * Same corporation legal representative
* Majority Shareholder * Legal Representative Outward Investment (Controlling/Non-
* Top Non-controlling Shareholder Controlling)
Executives * Legal representatives with multiple jobs in different companies
* Corporate Representatives/Other Executives
Other
* Relatives/Spouse/Non-Spouse
Behavior Relations Guarantee General guarantee, Joint guarantee, Mutual guarantee, Guarantee Cycle
Third-party asset collateral Corporation legal third party
Money Transaction Transaction Cycle
Trade Trade Cycle

* Factoring and Invoice Financing
*  Supply Chain Financing

* Bank Notes

* Letter of Credit

*  Entrusted Payment

United Credit Management of United Credit Management of Group Customers
Group Customers

Other Connection * Inferred Relationship by Credit Card
* Same Address/Phone number

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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€M ~ rer XA 1
Circular Flow of Funds Circular Trade Activity Mutual Guarantees
\, \ - J\ — y
The presence of a defaulting When the entity at the core of the Mutual guarantees relationships
entity in the circular flow will relationship defaults, the risk of are inherently suspicious
increase the entity’s risk customers with large transaction

amounts will increase
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« Target: Given information on money transaction, trade and guarantee behavior pattern, Graphen’s
Link Prediction tool predicts the existence of potential connections between a pair of customers (or

customer and corporation) among which at least one is loaned. We focus on the following relations.
* Whether the customer is the spouse of the other
* Whether the legal representative has invested in other companies

* Whether the legal representative has another manager position in other companies.

« Using Ardi’'s Graph Analytics to extract graph topological features
* Neighboring Coefficients: Common Neighbors, Jaccard’s coefficient, Adamic/Adar Index
 Distance Metrics: Weighted shortest path distance, Katz distance, Hitting Time
» Cycle Analysis: Whether two vertices are in the same cycle

* Missing Link Indices

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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Training Phase

Existing Link Y Annotation

A
; , '
- _'
0

B Y=X)

ﬁb
2

Dynamic Graph Feature X Extraction

Prediction Phase

o ©
=

New Graph

Y= £(X)

® ~

L4 o

0. .

) |
‘/

Predict link existence

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.

Detect potential missing links by
predicting the probability of link
existence between two nodes
using supervised machine
learning methods.

« Training Phase

Model the relationship between
X and Y using supervised
machine learning algorithms

*  Prediction Phase

Calculate the link existence
given the new graph and the
relationship learnt in the training

phase.
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In time T1, a given entity X The solution predicts Y The solutions predicts Z
breaks contract expected defaults in time T2 expected defaults in time T3
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 Multi-Resolution on
Graph Topologies:
* Finding key communities
Finding key bridges
Finding hubs

Finding visual analytics
results that keep the

original structure.

Example: COVID-19

Worldwide Genome

Evolution Graph

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. C.. LIN, COLUMBIA UNIV. 24



Anomaly DetectionTools
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Types of Anomalies

_————
~ ~

Unsupervised Abnormal nodes/links detection by

estimating discrepancies with self or peer group behavior. |, ., ,, ~ AT
;\I/ (U /AN A_J'Lf &A_,;‘f \ﬂq—‘g‘f - A_J't/ e
{ { ‘\ f’
Technologies | ’ '
anomalous ﬁence
*Statistical: Estimate a parametric model describing the
. . . Monthly Temp

distribution of the data;

*Proximity-based: Identify data points far away from the
Normal T\, -~ & T\./ A
majority; L 8 N

1 z 1
Jun  Sept Dec Mar Jun Sept  Dec
Time

Y

*Density-based: Identify data points in regions of low
density;

*Clustering-based: Identify data points that do not belong

strongly to any cluster. -

COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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Collective Anomalies

Contextual Anomalies

Point Anomalies
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Known entity risk
Industry/occupation risk
Geo-location risk

Deployment Examples:
« ~80,000 SARS
« ~100,000,000 Clients

Related individual risk
Related company risk
Transacting individual risk

. : Enti Transacting company risk
Watch listhit ity Network change + ~200,000,000 Accounts
Negative news hit Risk
Y, » ~1,000,000,000 Relations
R|Sk —\ » ~200,000,000 Transaction

Rejected transactions
Alert/case/SAR history
Rules triggered in alerts
from existing systems
Sanctions against
organization/ location

Red Flags

—

e Abnormal Behavior:
Deviate from historical
data and peer behavior

1. Decreasing False Positive
2. Finding Unknown Unknowns

EECS 6895 ADV. BIG DATA AND Al

* AML MOdel' Graphen AML Solution edsonchangiraphenai =3
Trained by historical
dataset
_J 52
T
258 14 ) )

‘Gopyrap © 2019 Graphen, .
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kb
5
P,

Industry Geography Negative News PEP
* Discrepancies e AMLrisk . Neeative news related * The customer
between KYC data identified with ega * appearsona PEP

to the customer,
their employer, associ
ates, etc.

and external data customer’s location list
* Discrepancy between
self-reported

location and external

data
Information Source
* Onboarding/KYC data * Open Internet / social media
e CDD. EDDdata * Online news sources
* Client location * Third-party vendors
* Bank Branch location

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV. 30
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A graph depicting all entities connected to the “party” (the customer being analyzed)

@Cu stomer
Party /V

M Account C

6 ‘Indlwdual d

Company c

Accou nt A

Accou ntB

Company a

Company b

Determining risk from the network graph:

The graph will be analyzed for certain features
used to calculate a Network Risk Score.

=D Relationship Types

Funds/Capital Relationships

Transaction Relationships

Business Relationships (employer/employee,
contractors, etc.)

Stock Ownership

Other Relationships (marriage, etc.)

Party

Focus of analysis

Company |ndividual

Account

) (&) (
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— A Full-Spectrum Al Finance Solution Provider

Central Anti-Money Regulation Market Cvbersecurit
Monitoring Laundering Inference Intelligence y y

Real-Time monitoring Using Al to detect Using ML, NLP, Building Knowledge Protecting Financial
the operation of entire  risking money and Reasoning to Graphs by gathering Hubs with advanced
bank(branches, ATMs,  laundering effectively track news, judging behavior understanding
mobile banking, schemes. and analyze company’s public system and intention
customer services, regulations for ESG images, and prediction.
social media, etc.) better compliance. predicting financial
markets.
Loan Prediction Due Diligence
Analyzing relations  Using Advanced Al to Automatic
of accounts and automatically detect all process to crawl .
their risk kinds of fraud behaviors,  data and Cyterinrne SR ’ pT—
propagations. including agents in investigate trade ‘ i
banking & insurance entities. /
industries, and customers. Al Finance Products 'Dgployed in New York , Shanghai, Hong Kong and Taipei

- ~
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One of the main challenges in building an efficient
system is the ability to learn and to reason under
uncertainty, and one of the most successful approaches
for dealing with this challenge is based on the framework
of Bayesian Networks.

Bayesian Networks offer an expressive visual and
quantitative tool for

= » Learning and representing reasoning procedures
(o]
@ Personality . . .
J e Understanding causality among variables
(-
stress

“ * Machine Reasoning may improve
risky behavior prediction accuracy up

v
to 10x.

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. C.Y. LIN, COLUMBIA UNIV.
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Gene Mutation
in the TP53

X-Ray
Result

Gene Mutation
in the TP53

X-Ray
Result

|:| Query
. Evidence

Diagnostic

Smoker

Dyspnea

Smoker

Has Lung
Cancer

Dyspnea

Intercausal

6 7
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Predictive

Gene Mutation
in the TP53

Air Pollution Smoker

Gene Mutation

in the TPS3 Air Pollution

Dyspnea

Combined

Diagnostic: Given evidence about an
effect, how does this change the belief in
this causes?

Predictive: Given evidence, what are the
predicted outcome?

Intercausal: Given evidence about a
cause and about its effect, how does it
change the beliefs in other causes?
Combined: Given evidence about
background causes and effects, what are

the new beliefs in intermediate nodes?

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. C.Y. LIN, COLUMBIA UNIV.
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» Graph representation of real-world data

+ Conditional independencies & graphical language capture structure of many real-world distributions

» Graph structure provides more insight into domain and allows in-depth domain knowledge discovery
through network construction

» Expert prior knowledge may often be incorporated when learning the graph structure

* Learned Bayesian model solves analytical limitations
* Learned model can be used for many tasks
» Supports all the features of probabilistic learning

» Deal with missing data & hidden variables

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN,

COLUMBIA UNIV.
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—Bayesian Networks

Each node is a random variable

True | 0.2% True | 35% True | 50%

False |99.8% False |65% False |50%

Gene Mutation

in the TPS3 Air Pollution

(o)
An arrow between nodes Has Lung True | 6.3%

indicating direct influence Cancer False | 93.7%
from one node to another

X-Ray
Dyspnea
Result =P
Abnormal |3.4% True |45.4%
Normal | 96.6% False | 54.6%

A network model that follows the structure of a
directed acyclic graph (DAG), G=(V,E), where V
denotes nodes and E denotes edges;

Encode the conditional independencies of each
vertex given its parent, measuring how the
change of one variable affect others at different
levels;

A Generative model that allows arbitrary
queries to be answered.

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. C.Y. LIN, COLUMBIA UNIV.
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* Target N
Given a set of random variables, find the optimal L 4
Bayesian network with best structure and parameters
that captures the casual relations between variables.

®

Partially initialize
structure with

®

* Score-based Model Selection Criteria domain knowledge =
« Cooper-Herskovits (CH) Criterion byjdﬂing nodes o ©
* Bayesian Information Criterion (BIC) g e ®

* Minimum Description Length (MDL)
» Akaike Information Criterion (AIC)

 Model Optimization Infer the network Construct network from
e K2 search for model with highest CH Criterion structure from data OR expert knowledge
* Random restart hill-climbing
* Tabu Search Graphen Ardi Bayesian Network GUI

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN,
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o APT attackers possess high levels of technical skills and have extensive resources at their
disposal, and this has enabled them to effectuate sophisticated stealthy reconnaissance,
surveillance and data exfiltration attacks with little traceability if any at all. The threat actor
executes a series of coordinated actions to obtain a set of assets needed to reach the goal(s).

o Target:
 Predict potential attack in the next stage
» Evaluate the likelihood of an APT occurring
* Model the uncertain aspects in cyber security
1. The uncertainty on attack success
2. The uncertainty of attacker choice

3. The uncertainty from imperfect IDS sensors

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN,

COLUMBIA UNIV.
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CCS Internet
Construct attack graph from
Rogue Virtual .
€SP Public Machine Virtual Server domain knowledge

Local Storage

Conditional Probability

» Tenant Virtual ASSIgn ments
i Machine
CSP En
Inference

CSP Firewall
Virtual Switch b Query the probability of the
vulnerability when a new event

Data Center oCcur

Trusted Third
Party Virtual Router

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN,
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b
]
@
@
o
b
P>
]
|

Stage 1 Stage 3

External Reconnaissance Internal Reconnaissance

* Uncharacteristic site usage

* Network usage changes
* Threat intelligence feeds * Query Network information
* Dark Web forum chatter

Q0@ ©

Gaining Access Expanding Access
« Attachments * Exploits delivered through . ' * Use malware and
e A . tt
« Difference in file sizes phishing mails or infected lefere?t ';_rf:::cr;?)nig:i exploits to achieve
¢ Common traits of phishing mails websites - ADlogs domain-level accounts
® * Network Activity ¢
Stage 2 Stage 4
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Stage 6 Stage 8
®
Information Extraction Erasing Tracks

) * Changes to system
¢ Volume of tr.af'ﬁc . Changes in file sizes L Data, |OgS are
* Network Activity « Gapsin log files removed
* Usage of erasing tools

Gathering Information

Control of Information leaks

* Internet usage (segments, sites)
* Endpoint logs
* Network Activity

® O
Stage 5 Stage 7

* File usage pattern changes
* Services use changes
* Quantity of files accessed increases

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN,
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Behavior-based anomaly identified Flow-based anomaly identified

Match email spoofing information flow pattern

Historical/group behavior: a small
number of emails to a few frequent
contacts per day during business
hours

Current behavior of employee A: an
email sent outside normal business

Recipient

(o)

6 7
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An email that
appears to be from
employee A sent to

Risk
k Propagation

hours to all his contacts
Risk w

Aggregation J

. |F all his contacts
. matches email

v spoofing
P information flow

! pattern
A single risk
) ) score for each
Final Risk — entity to indicate
Assessment

its overall risk

\

EECS 6895 ADV. BIG DATA AND Al

COLUMBIA UNIV.

For the entity that has
elevated risk, propagates
risk to other entities
connected to it
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o Graphen Automobile — working with the North America market dominating leader to
develop Car Doctor Al technology for the world

Totallpres.ent wrr:::Ia 0 red Accuracy
« Graphen Al was able to « Graphen Al was able to e | Ciaegny | e

Inspect Cooling System and Repair As N ecessary

aChieVe aImOSt 99% aChieVe 91 % aCCU racy Of Insp ect Engine Oil Level and Fill or Replace as Necessary 285 285 100

aCCU racy Of Car diagnOSiS Car diag nOSiS and fiX Repair Engine Wiring Harness 59 59 100

and fiX SuggeStionS- SuggeStions With jUSt 1% Of Repair Fuel Injector Wiring 8 8 100

Repair Ignition Coil Wiring 184 184 100

trai ning data. . Repair Mass Air Flow (MAF) Sensor Wiring 26 26 100
Repair Transmission O utp ut Shaft Speed (0SS) Sensor Wiring 42 42 100
Repair Faulty Wiring in Engine Compartment 4 4 100
ReplaceAir Filter Element 299 299 100

Replace Camshaft Timing Gear 317 317 100

Replace Catalytic Converter(s) with new OE Catalytic Converter(s) 2960 2960 100
Replace Cylinder Head Temperature (CHT) Sensor 84 84 100
Replace Differential Press ure Feedback (DPFE) Sensor 4 4 100
Replace Electronic Oil Temperature Sensor (EOT) 243 243 100
Replace Engine Coolant Temperature Sensor (ECT) 363 363 100
Replace Evaporative Emissions (EVAP) Canister Vent Solenoid 160 160 100
Replace Evaporative Emissions (EVAP) Purge Solenoid 20 20 100
Replace Fuel Gauge Sending Unit 7 7 100

Replace Fuel Injector(s) 161 161 100

Replace Fuel Pump 190 190 100

Replace Fuel Pump Control Module 7 7 100

Replace Fuel Rail Pressure (FRP) Sensor 52 52 100

Replace Ignition Coil Boot(s) and Spark Plug(s) 15 15 100

Replace Intake Manifold Runner Control (IMRC) Actuator 224 224 100

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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Graphen Automobile built Knowledge Graph of Cars aRma

Exhaust system

Steering Muffler
: ':Ei::ipnoert system wheel Tail pipe
® Power train , ‘ Shnri
® Electrical system / ' - 4 absorbers
Coolant system W (| e {33 z
® Fuel system Intake . ‘ '
® Brake system manifold * I LA ? s
\ - R e H H
/ recogmtron = \‘ S ; [~ Coil springs
perception Coolant — ks :
)-\/__\ reservoir SO N ; '
. ) W ,, ;\ o N | : Drum
/compre ens:o ______ «—A sensmg S Alternator / B A brake
Strategy "representatlon > T A . "
—_ ' + 3’ - __rs 2 / Fuel line
K emory ah {{5#{' (‘f: Accelerator
nd 2P Brake pedal
L "
L ] / Radiator - “‘ -'\':'7‘34'\'.
m////// E— TG .
a \\ —— -, Distributor

&» GRAPHEN
4

Building Next-Generation Al Solutions

EECS 6895 ADV. BIG DATA AND Al

Engine Master brake
Exhaust cylinder
manifold Disc brake

Spark plug wires Transmission

COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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aphen Automoblle (g BNSOr KNnowledge A NS ONivensrrs

EGR Throtile Cont A . EGR Control A TC Boost Cont. A
- EGR Sensor B or EGR Sensor A TC Boost Cont. Pos Sensor A
I Chrg Air Cocl Byp. Cont. A | —| intake Air Flow Cont A - EGTi2
Intake Air Flow Pos A ‘ EGR Temp A DPF1
| Chrg Air Cool Temp 1 I

=

I \ Fuel Temp
__\ \ | EGR Tomp 7 |‘A SensqrA
—l EGR Cooler l TC Turbine I

|
”\)J VI |8 |

l ( I Reg Cont 1
Fuel Rail Pres @ x

Sensor A

Cae wm{— O R Fuel Tank

Fuel Volume
Reg Cont

DOC1

Air Filter
-
9]
0O
o)
3
T
@
%
e
?Charae Air Cooler %(

—
(NN
OO

o™
v EGR Cooler &
F/, —|' =]
GCACT2 /
7 l EGR Temp B |
| cAc Bypass Control B /
[ : 7 EGR Control B __/ Fuel Pump Cant A
i TC Boost Pres Sensar B 5 —_ EGR SensorC {Hi Pres)
/ . DPF Pres &
Intake Air Flow Cont B Turbo Charger Boost Cont. B Fuel Pump Gont B . Sensor B
Intake Throttle Sensor B Turbo Charger Boost Cont. Pos Sensor B {Lo Pres) ;
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Graphen Energy — Al Reasoning & Strategy to realize Smart Grids

 Renewable Energy Prediction

o Yanen Graphen AREMNTS
 Power System Anomaly Detection
« Distributed Load Prediction e o
A POWGF FIOW AnaIySiS FERRR ENRBE ENRERE
4.6!‘;1\'V OMW 0
* Predictive Maintenance
MR ESRER BHA BER
O 90.0 40..
f?‘fa&ﬁl/xlﬁﬁzwc:} T2/\E% e - SHFANRRE: 984

~5 GRAPHEN  Graphen photostectric monitoring platiorm
N o e

Graphen Energy’s live system monitors all solar power stations in Taiwan and predicts power generations.
Its accuracy is around 98.5%, far better than the customer’s requirement of 90%.

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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A

Model
Evaluation

FE!‘II‘JH
W dhAd Model Model Model Model
LY Training | Deployment | Optimization | Evaluation

DEYF:]
Slicing

lFe™
Fa

Features
Engineering
Model Management

Model Version Management « Algorithm Management

Model Management Data Model Result Data

= = e e e e e e e e e e e e e e e e e e e e e e e e e e e e e
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o Classification
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Clustering

> Support Vector Machine ° K-means
- XGBoost ° Birch
- LightGBM

[¢]

Random Forest

[e]

Decision Tree

o Regression
o Ordinary Linear Reg
o Ridge Regression

o Logistic Regression

Deep Learning

° Insert/delete layers

[e]

Recurrent Neural Network (RNN)

(¢]

Deep neural network (DNN)

o

: Convolutional neural network (CNN)
ression

(¢]

Graph neural network

Gragh 1

/ Neural
¢ network

hi = fo(=,)
an

2 h,
o Prediction 0D  Personalized PageRank 0D

Approximate personalized propagation

DenseGCN

Deep GCN architecture

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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o Model Training— Provides convenient functions such a features importing and preprocessing to

model developer, user can choose machine learning model and algorithm and tune parameters
flexibly

o Model Deployment— Support user to set the frequency of model execution, model deployment
and execution,

o Model Optimization — Support users to optimize model flexibly

o Model Evaluation— Support general evaluation criteria to regression and classification like
accuracy and recall,

o Model Management- Integrated supports of importing various features data, choosing model
type, saving model, setting access right and deployment. Support importation of models trained
on outer platforms. Support automatically generate version of models.

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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Load Data Model
Environment Descriptor system

Pipeline

Visualization
System

Score Update
Calculation Environment

Optimization
System

Auto-updating System

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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Example: Autonomous Learning through Imperfect Training Labels

o Developed Machine Learning theories and algorithms for supervised concept learning from imperfect annotations -- imperfect learning
o Developed methodologies to obtain imperfect annotation — learning from cross-modality information or web links

o Developed algorithms and systems to generate concept models — novel generalized Multiple-Instance Learning algorithm with
Uncertain Labeling Density

Graphen Ardi Platf .
i kit Autonomous Concept Learning

I\ Machine Learning Platform Create # Deep Learning Platform Create #

Predict > Predict >

Imperfect
Learning

Import @ Import ©

Manage B Manage &

Deploy & Deploy &

Cross-Modality
Training

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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Graphen Medical — Al Meets the Central Dogma of Biology

Personalized Whole Al Tools for Drug
Genome Disease Analysis Development

Large-Scale Al Medical
Article Understanding

Virus Mutation
Surveillance

Personalized Precision
Medicine

£ GRAPHEN

« Utilizing Al technologies to read tens of

. ) « Strain surveillance and mutation
thousands of medical articles;

function prediction to the detail of

« Combining with Whole Genome « Using Al to build Protein Structure and . =z
Sequencing of 3.2B pairs of human Function prediction models, and predict cl::)guntrles, states, anddgltl[gs. 4
genome; Drug Target Affinity, ADME, and Iseasel_procﬂﬁss pre 'CI IS(J_H an

- Predicting risks of ~400 diseases Antibody/Antigen selection models personalized therapy solution

suggestions.

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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4 Personal )
(I;\r:gsiaat:ees - @\ - A
Finding ‘ Candidates Y S Precision Drug
- 1 Preprocessing f e Development
4 N )\ [ - o
WeII-I.(nown - ~
Candidates Small molecular/

- 1) Biosimilar Drug
Development

\_
‘ Precision Medicine
‘ Common Drug Development
EECS 6895 ADV. BIG DATAAND Al COPYRIGHT © PROF. CJ. LIN, COLUMBIA UNIV. 53
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Atom Protein Drug / Small Molecular Drug de novo Development Tools

 Computing requirements > 1 x Nvidia V-100 GPU (32 GB)

* Only comparing our tools when there are other tools to compare in the literature

* Graphen Atom (Al tools for Medicine) outperforms known best worldwide performers in all tools except the
protein structure prediction Tool (by Google DeepMind).

Drug Development Tool Performance Plot

Protein structure prediction Tool
Paratope site prediction Tool

Epitope site prediction Tool

Protein function prediction Tool ® Graphen Atom performance

Drug - Target Interaction Tool Best worldwide performer

ADME prediciton Tool

Tool Names

Drug binding affinity prediction Tool

Performance (worldwide fix to 1.)

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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Holistic Approaches Machine Learning Solutions

*To analyze the customer’s behavior

* Time Series Analyses

vs. control groups:

o . * Graph Analysis
o Evaluate customer risk via analysis of

customer behavior and relationship

changes * Regression, Clustering, etc.

o Discrepancies with self or peer , ,
* Unsupervised Machine

group behavior within the same

_ Learning:

industry

* Clustering, Local Outlier
o Detect anomalous transaction
Factorization, etc.
behavior, including frequency and

suspicious counterparties

EECS 6895 ADV. BIG DATA AND Al

* Supervised Machine Learning:

COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.

Underwriting criteria:

Pricing Per CRE pric
Min. DSCR 1.25X 1.x ba
appraiser’s p
Stress test: current + 2%, 25-yr 1.0X
Cash flow, i«
increasing of
Operating expenses Based on the
historical per
expenses
Tenant estoppels Per loan poli
Auto payment debit Yes — per CF

Al-powered risk scoring with
continuous application monitoring

Scoring on various scenarios of stress
tests and what-if conditions, assign
predictions on incomplete fields,
scores update as new info discovered
or provided.

56




@Money Supply

@unfiation v@interest Rate
urref@pdinietiliBystem Change
®sirik ,C .Honetary Policy
rike

QDeveIoped Market

.Dolltlcal Instability ,Taxmon

@Catastrophic Events »y®Emerging Market
@Civil Unrest

@Warket Type
qﬂgg neIREER RIAEY IR

il Sgles
.Flscal Policy

‘Budgellng

ar
@ciection @Extreme Weather
‘Domestlc Infrastructure Problem

@pisaster

s @trace Balance Macroeconomics
’GeoPolli0 c S .

dmports ‘Jnemplo r Prlce index ‘@Supply power

@Bankruptcy ®Lose Supplier

Otose cumom‘lnanclal Distress

apital Structure
@t ose Employee &

*lnanclng

Corporate

®spin out tment ®0perating Margin

@strategic position

I T a————

”urvmw oft *@Liquidation “®Merge & Acquisition Qcost »@internal strength _@co0

.Operallng
‘ln!ernal Investment
@Product

*@Management

[ 2 nsion oc
gL“Aand&atory Inves e% ‘Revenh:orpomte Other Benchmaﬁqqntlos

@Safety .Capltal Budgeting

“®Replacement Project
@Environment
lew Product

»®Government Spending

@Rlvidend Increase
.Competltion

’L dit Py istribution
ose creditor Ividefid Decrease@sha Sfock qm # *@cCustomer loyalty
gp substitution

‘Producl difference
‘Threat of new entry

@Demand and supply
@Technology
»®industry Other Benchmark Ratios

@Buy power
@Market share ‘Industry +®Decline
@utroduction

.ndustry life cycle

d}row‘tn

Graphen

Al Market
Intelligence
Analysis
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Construct Factors that impact
company’s performance

Construct the Influence Knowledge
Graphs that interconnect between
companies

Simulate What-If Scenarios

GGraphcn.ai Market Intelligence

© Your Watchlist ol impact  ingle News impact @etrong management P Now lobs 240000
T-mobile Inc -081% 79% .
Apple Ino 0% , 4 cuete i Ouiook
Sprint -041% / ’ Y/ - ‘@ Merger Outiook: Long-Term Increase
@43 wition Q’x‘l"s’fi’iﬁ" alyst recation

ASyrargen @ ot Toghnology

@ Timchootiges

.mn‘m ‘ Corporate

Wigghtas 56 network Roduce c ;
S o0 astec L ' Acquirer Stock Price Decrease

T-mdbile US Inc.

T™MUS 64.16 X | AaPL 16237 X | s 650 X

Target Stock Price Decrease

= News Ranking List

lo Beats Sales Estimates; Shares Rise
App @ Control over board & voting o:aww

*0 @ o & sututory merger

= . . @ wiroiess industn orger Outiook: Short-Torm Decroas:
Apple Eamnings Show Growing Immunity to Smartphone Mal.. e i Ot ST e

*2 @ 4 Spmiang @Pricing Pows?

'sonsank

-Mobile and Sprint CEOs State Case for Merger at FCC ; @ HasayodhiSon 4 Dificuite to intogfite
: 8 § i @ stockotiering @untavorabio market reaction

Sprint, T-Mobile: Three Big Takeaways
" *0
Should T-Mobile and Sprint Be Allowed to Merge? Not if You ...

.

[ ——

@Bonaid Trump

0 Cow confidenconopaly

@ Dealfailure
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Anita

SR * Avatars with different trading
strategy

Anita avatars are earning: $1,501.65

* Simulate personalities

ANITA-253758 ANITA-428339 Anita Stocks Bonds
PER $1,000 EARN: $27.04 PER $1,000 EARN: $55.16 @' Graphen Arifiial Intolligence Traders

Anita 267139 —

o
-- an Adventurous Al Trader
Neuroticiam 2
Specialized at: EUR-USD * 1 @ Ccnscientiousness
Knowledgable of: Oil, Gold and Twitter
Strategy Learning Frequency at: 2.0 hours 3
L ]
ANITA-164762 ANITA-450214 ANITA-247502 9 o S
PER $1,000 EARN: $33.69 PER $1,000 EARN: $161.56 PER $1,000 EARN: $51.40 PER $1,000 EARN:
Original: $1,000.00, Current: $1,404.50, Performance: Gain $404.50
Ll Activities
7 Time Action Cash Unit Balance
. th [ 2017-10-1213:45:05  Sell 50,000 $1,404.50 0 $1,404.50
-- I
i . nh” ‘ﬂ[[” t 2017-10-1212:57:25  Buy 100,000  §57,792.00 50,000  $1,386.50
U o | )
II‘ Mf [‘L 2017-10-12 11:19:10 Sell 100,000  $60,577.00  -50,000  $1,372.00
0 . 0
| L FH * H hl 2017-10-12 11:11:55 Buy 100,000  $-57.822.00 50,000  $1,366.00
= A Ll e H
-- [n ¥ ) 2017-10-1209:08:05  Sell 100,000  $60,566.00  -50,000  $1,310.00

0123456789 11332 101892 E2P0 PR PPIBEABIBIBNN UZFARHEDEGHLEG5HE

2017-10-12 08:34:40 Buy 100,000  $-57,935.00 50,000 $1,287.50
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Local interpretable model-agnostic explanations

Approximates the model to closest linear model at a local level

Takes a point and generates several point in vicinity

Generates a linear model based on result of above points

Calculates the weightage of each input feature

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.
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Arc Diagram Hover: Chord Dependency Static: Treip Sy Density Contours Static:

-

* 30+ different types of graphics

Sunburst Zoomable:

Worldmap with Tracing Bar Dynamic:
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John White

Age

54
OCCUPATION
car driver
INSURANCE
accident insurance
COVERAGE
540000

. 2
e

Find Similar Entities Select Strategy Type

Q

Outcome Analysis

Find Similar
Entities

NEXT

_/

Similar Entities For John White

Current Model Type: Flow Stage Sequence
Default: Basic Saries - FIXED DTC

-

chiyue han

AGE

34

INSURANCE
health
OCCUPATION
software engineer

yangong li

AGE

45
INSURANCE
fravel
OCCUPATION
reporter

AGE

e

i
-
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John White
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OCCUPATION
car driver
INSURAN:
accident insurance
COVERAGE
540000

_/ Fecommand Sirategy: Basic Sevies - FIXED DTG

Selact Strategy

.—. Qo Type

BACK

Find Similar Entities Select Strategy Type Outcame

Advanced Time Series -

Current Maded Type: Flow Stage Sequence

Strategy
Prediction

[Comparison

Entity ID

Current Case
47k

Past Cases o
114428 [Rff—

6220

se784 ol

46110 TR}

as587 2

= = ..E'- —
= =

'.E'i o 1115 Her)
E—i m—I=
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Graphen Ardi Platform &)
SCHEDULE H
10urly ~  SAVE_PIPELINE new * Scheduling
@ Add Node '(_' Add Edge @' Delete selected ' 10 s Custom Node? tas ks
Node type * Cascading task
train -
steps
Model type
D L i - .
* Pubish for
- o Create Model Configuration p rOd u Ct'O n
Stf_@ Madel Configuration Name a pp Ii Cati On s

test2_model . .
' * Monitoring
Recurrent Neural Network Time Series (RNNTimeSeries) Status Of Steps

Convolutional Neural Network (CNN)
Dense Neural Network (DNN)

Loss - Epochs
Optimizer -
Balch Size
Metrics -
ADD LAYER
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Graphen Ardi Platform

CHEDULE
wery 5 minutes - SAVE_PIPELINE new
Is
{ &2
@ F I Custom
Node?
Node
type
frain

Model

type
hﬁchine Learning

rain_Machine Learning

_ @ create Model Configuration
start

All Steps Completed!

RESET

SAVE
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Graphen DAGs DataProflingv  Browsev  Adminv  Docsv  Aboutwv 2020-06-08 22:53:49 UTC
p g

EY DAG: 3 el

L JEET AU & Tree View  oliTask Duration Wi Task Tries 4 Landing Times = Gantt  iE Details 4 Code  ®Trigger DAG T Refresh @ Delete

L00C) Base date: . 2020-08-08 06:50:01 Numberofruns: 25 «~ Rum: scheduled_ 2020-06-08T06:50:00+00:00 ~ Layout: Left->Right v Go Search for...
SUCCESS {r:'unn'lngj failed | skipped :up@lream_ failed::up for. _reschedu‘.e: up_for_retry no_status

3
L=
{ start_b27e21e6-7bbe-478a-B626-a5669ce7b2bd H generate_csv_graph_69d8ec10-856e-44a2-859a-8816830c0b5T H stage_csv_from_graphdb_to_ml_442deB699-5bde-4e85-9702-97abcc2eels2 H Bnd_ﬁddBEBUS*dQSﬁJdI’Q-aEb{J-EMBBUI295fbJ
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Graphen DAGs Data Profiling v Browse v Admin v Docs « About v 2020-06-08 22:54:19 UTC

-

# Graph View Ji Task Duration W Task Tries 4 Landing Times = Gantt i Details 4 Code  ®Trigger DAG T Refresh @ Delete

Base date:  2020-06-08 07:15:00 Numberofruns: 25 ~ Go

() PythonCperator [l success [ running [ falled [] skipped [ upstream_failed [ up_for_reschedule ] up_for_retry [} queued [ | no_status
@ o™ @

| S
Olpag] @08eco00
‘(O start_b27e21e6-Tbbe-478a-8826-a5669ceTb2b4 0
.‘O‘genarata_csv_graph_ﬁgdaec10-9556-4¢32-859a-$$f6830mb5? EEEEEE
"Oglage_crw_imm_graphdb_tu_ml_uzdeﬁgrg-sme-aega-g?u2-9?a$oc2ee~352 EEEEE ]
O end_5dd8B803-d936-4d19-a5b0-59498601 20961 EEEE
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Graphen Ardi Platform &)
SCHEDULE H
10urly ~  SAVE_PIPELINE new * Scheduling
@ Add Node '(_' Add Edge @' Delete selected ' 10 s Custom Node? tas ks
Node type * Cascading task
train -
steps
Model type
D L i - .
* Pubish for
- o Create Model Configuration p rOd u Ct'O n
Stf_@ Madel Configuration Name a pp Ii Cati On s

test2_model . .
' * Monitoring
Recurrent Neural Network Time Series (RNNTimeSeries) Status Of Steps

Convolutional Neural Network (CNN)
Dense Neural Network (DNN)

Loss - Epochs
Optimizer -
Balch Size
Metrics -
ADD LAYER
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Deep Video Understanding + Natural Language Understanding

Graphen’s Ardi Sense achieves Deep Video Understanding in
the ACM Multimedia 2020 Grand Challenge (2" place):

* Visual Recognition

e Speech Recognition

* Knowledge Graph

* Face Recognition

* Emotion Recognition

* Speaker Identification

* Relationship Inference

* Event and Action Understanding

Ardi Sense’s Natural Language Understanding:
* Understand unstructured text within context
* Reading Medical Articles -> summarization & Q&A
* Reading Financial Information and Market Info

EECS 6895 ADV. BIG DATA AND Al
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ARTIFICIAL INTELLIGENCE

Case id: TSD20190430000005

Microsoft

1.00

0.95

0.95

0.95

0.95

0.95

0.93

Cargill Inc

100

0.79

0.79

0.79

0.73

0.71

071

0.71

0.71

SOLUTIONS

199

U.S. Court Denies Appeal in Child Labor Case

Social/Labour; Social/Labour
Human Rights Issues; Discrimination/Workforce Rights Issues
Yes

Stocks of for-profit colleges, some left for dead five months ago, have climbed rapidly since
November as investors cheer President Donald Trump's talk of easing regulations, the WSJ reports. Last week, for-
profit schools got an inkling he might deliver on the promise when the Education Department announced it would
delay enforcing rules drafted under the Obama administration. Those rules, known as “gainful employment,”
threatened to shut down hundreds of for-profit campuses in the next two years due to high debt levels among
former students. A lawsuit alleging Nestle, Cargill and Archer Daniels Midland"aided and abetted” child slavery in
Cote d'Ivoire can proceed after an intervention by an appeals court in the US.

Biotech Seed Giant Sued Over Lost China Sales

Environment/Production
Product/Service Issues
Yes

Cargill Inc. filed suit Friday against Syngenta Seeds Inc. over a genetically engineered variety of
corn that led China to largely shut down imports of U.S. grain. China has been rejecting U.S. corn shipments since
November 2013 after discovering the Syngenta corn. In a statement responding to the lawsuit, Syngenta said that
it had been “fully transparent” in commercializing the seed. The lawsuits seeks to recover the damages to Cargill's
business plus interest.

32

Fire closes operations at Cargill's Dodge City beef packing plant; cause under investigation

Environment/Production
Production/Supply Chain Issues
Yes

No inLuries were reported in the fire Monday night, but 1,000 employees were evacuated and
firefighters took several hours to put out all the hotspots. More than 2,700 people work at the southwest Kansas
plant. DODGE CITY, Kan. The cause of the fire is being investigated.

FAKTA: Disse selskaber er i skattely i Luxembourg

Regulatory
Fraud Issues
Yes

The documents, disclosed by the Washington-based International Consortium of Investigative
Journalists on Thursday, provide fresh detail on how hundreds of the world's biggest companies, including PepsiCo
Inc., FedEx Corp. Luxembourg’s finance minister, Pierre Gramegna, said at a news conference on Thursday that the
problem of tax avoidance by international companies couldn’t be solved by his country alone. As Luxembourg’s
prime minister, Mr. Juncker was a strong defender of his country’s tax system, arguing that the country was fully
compliant with international standards. France and Germany both support an initiative by the Organization for
Economic Cooperation and Development aimed at devising a new international framework for corporate taxation.

Sweet Rewards For Consumers As Cargill Inc. Settles Lawsuit Over Marketing Of Truvia Natural Sweetener
oducts

Comdranmant Denadistinn
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® Detailed News

U.S. Court Denies Appeal in Child Labor Case

0.25

en

2016-01-12T00:00:00Z

407

http://global.factiva.com/redir/default.aspx?P=sa&AN=WSJE000020160112ec1c00000&cat=a&ep=ASE

WASHINGTON -- The Supreme Court on Monday declined to consider an appeal by three major companies seeking the dismissal of a lawsuit alleging they aided and abetted
child slave labor on cocoa plantations in Africa. The justices, without comment, turned away an appeal from Nestle SA's U.S. subsidiary, Archer Daniels Midland Co. and
Cargill Inc., which deny the allegations and say a federal appeals court erred in a 2014 ruling that revived the case. Representatives for the three companies expressed
disappointment that the Supreme Court didn't take up the case, but said they vigorously would defend themselves in further lower-court proceedings. Nestle, the lead
company on the petition to the Supreme Court, said child labor goes against what the company stands for. " Nestle is committed to following and respecting all international
laws and is dedicated to the goal of eradicating child labor from our cocoa supply chain," the company said. Three Malians, who filed a class-action lawsuit under
pseudonyms, alleged they were forced as children to work on cocoa fields in the Ivory Coast for long hours and no pay.They filed their lawsuit in California, alleging the
companies were aware of child slave labor on Ivory Coast cocoa plantations and facilitated human-rights abuses through business relationships with Ivorian farmers who
are critical to the chocolate industry. A federal trial judge dismissed the lawsuit in 2010 on several grounds, including that the laborers hadn't identified any company
conduct with a direct effect on specific wrongful actions by the farmers. In reviving the lawsuit in 2014, a divided panel of the Ninth U.S. Circuit Court of Appeals in San
Francisco said the allegations raised the inference that the companies put increased revenues ahead of basic human welfare. Despite Monday's development, it isn't clear
whether the case eventually will move forward. The Supreme Court, in a separate 2013 case involving Royal Dutch Shell PLC, limited the ability of human-rights lawsuits to

proceed in the U.S. when the conduct took place in foreign lands, though the court didn't bar such cases entirely. The appeals court in the Nestle case said the laborers should
have the opportunity to amend their lawsuit before judges decide whether their claims can go forward under the new rules announced by the Supreme Court.

US: Child slavery lawsuit against Nestle allowed to proceed.
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Forest & Paper Products, Consumer Products, Transportation & Logistics
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Individual Company Match Result

Database Historical Wordcloud
International Forest Products LLC
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JR Abbott Inc

International Forest Products LLC

International Forest Products LLC

Bloomberg Google API D

International Forest Products LLC produces forestry products. The Company offers containerboard, market pulp, recycled fibers, printing and writing papers, paperboard, flexible packaging and a wide
variety of logs, lumber, and panel products. International Forest Products serves customers worldwide.

Materials
Forest & Paper Products

Forestry & Logging !

1 Patriot Place, Foxboro, MA 02035, United States
1-508-698-4600

www.ifpcorp.com

0.745

0.889
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Graphen Whole Genome Analysis =%
—-/
Do you want to know yourself? What does your blueprint say /
about you? Graphen Personal Whole Genome Analytics System '
analyzes your entire 6.4B genome. It provides your risk likehood of /
350+ diseases in 10 major categories: ‘

e Tumor

e Cardiovascular and Immunity Diseases

e Respiratory System Disorder

e Digestive System and Metabolic Disorder

e Eye, Ear and Mastoid Disorder

e Infectious and Parasitic Diseases

e Genitourinary System and Maternal Diseases
e Skin and Musculoskeletal Disorder

e Neurological Disorder

External Causes and Other Diseases
Y& e g
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o,
Su mmary Gomunmia

o A suite of Al powered offerings from foundational platform to industry applications
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Ethics of Al Assistants - o

UNIVERSITY

Google DeepMind 2024-04-19

The Ethics of Advanced Al Assistants

Iason Gabriel” 1, Arianna Manzini” !, Geoff Keeling” 2, Lisa Anne Hendricks!, Verena Rieser!, Hasan Igball,
Nenad Tomasev!, Ira Ktenal, Zachary Kenton!, Mikel Rodriguezl, Seliem El-Sayed!, Sasha Brown!, Canfer
Akbulut!, Andrew Trask!, Edward Hughes!, A. Stevie Bergman!, Renee Shelby2, Nahema Marchall, Conor
Griffin!, Juan Mateos-Garcial, Laura Weidinger!, Winnie Street?, Benjamin Lange?*, Alex Ingerman?, Alison
Lentz2, Reed Enger2, Andrew Barakat?, Victoria Krakovna!, John Oliver Siy2, Zeb Kurth-Nelson!, Amanda
McCroskery?2, Vijay Bolina!, Harry Law!, Murray Shanahan!, Lize Alberts>:°, Borja Balle!, Sarah de Haas?,
Yetunde Ibitoye2, Allan Dafoe!, Beth Goldberg®, Sébastien Krier!, Alexander ReeseZ, Sims Witherspoon!, Will
Hawkins!, Maribeth Rauh!, Don Wallace!, Matija Franklin, Josh A. Goldstein®, Joel Lehman®, Michael
Klenk!?, Shannon Vallor!l, Courtney Biles!, Meredith Ringel Morris!, Helen King!, Blaise Agiiera y Arcas?,
William Isaac! and James Manyika?

*Equal contributions, 1 Google DeepMind, 2Google Research, 3Jigsaw, 4Ludwig-Maximilians-Universitit Miinchen, °>University of
Oxford, ®Stellenbosch University, 7 University College London, 8Center for Security and Emerging Technology, °Independent,
10Delft University of Technology, ! University of Edinburgh
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Ethics of Al Assistants - o

UNIVERSITY

* Value Alignment, Safety, and Misuse * Assistants and Society

* Value Alignment * Cooperation

* Well-Being e Access and Opportunity

* Safety * Misinformation

* Malicious Uses * Economic Impact

* Environmental Impact

* Human-Assistant Interaction e Evaluation

* Influence

* Anthropomorphism * Conclusions

* Appropriate Relationships * Opportunities

* Trust * Risks

* Privacy * Recommendations
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Anthropomorphism — Human-like N

* Human-Like physical features promote
feelings of
 Likability
* Trust
e Affinity

* People tend to attribute greater
intentionality and intelligence to robot
partners when their appearance was
anthropomorphic than when robots
appeared more mechanical.
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Risk of Anthropomorphism 2z,

UNIVERSITY

« If anthropomorphic design choices
are not aligned with expectations
users have of robotic interaction
partners, designers run the risk of
alienating audiences and fostering
unfavorable impressions of robots.

« Humans experience extreme
aversion to robots that appear
human-like (the so-called ‘uncanny
valley’) or perceive capable androids
as threatening.
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Risk of Anthropomorphism ood

« Users may incorporate politeness conventions that are appropriate in
use with other humans, but superfluous / rude when applied to
exchanges with non-sentient Al.
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Mechanisms that may enable harm g2

Trust and Emotional Attachment.

User trust has always been an aspirational end goal of building safe
technology, be it robots or autonomous venhicles.

Emotional attachment on the user’s behalf endows Al — and by
extension, its creators — with considerable influence over a user’s
thoughts, beliefs, emotions and psychological state.

A being is considered human because it is human in essence, and
no amount of resemblance and imitation can permit a non-human
entity to encroach upon this categorization.
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Anthropomorphism — Going Forward g2

@ GRAPHEN

¢ Tru St B AnArtificlal Intelligence Comgaany ‘
* Transparency
e Sound Design

e Redefine boundaries between
“human” and “other”.
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Reference for Post-Training LLMs g2

UNIVERSITY

LLM Post-Training: A Deep Dive into Reasoning
Large Language Models

Komal Kumar*, Tajamul Ashraf*, Omkar Thawakar, Rao Muhammad Anwer, Hisham Cholakkal,
Mubarak Shah, Ming-Hsuan Yang, Phillip H.S. Torr, Fahad Shahbaz Khan, Salman Khan

Abstract—Large Language Models (LLMs) have transformed the natural language processing landscape and brought to life diverse
applications. Pretraining on vast web-scale data has laid the foundation for these models, yet the research community is now
increasingly shifting focus toward post-training techniques to achieve further breakthroughs. While pretraining provides a broad
linguistic foundation, post-training methods enable LLMs to refine their knowledge, improve reasoning, enhance factual accuracy, and
align more effectively with user intents and ethical considerations. Fine-tuning, reinforcement learning, and test-time scaling have
emerged as critical strategies for optimizing LLMs performance, ensuring robustness, and improving adaptability across various
real-world tasks. This survey provides a systematic exploration of post-training methodologies, analyzing their role in refining LLMs
beyond pretraining, addressing key challenges such as catastrophic forgetting, reward hacking, and inference-time trade-offs. We
highlight emerging directions in model alignment, scalable adaptation, and inference-time reasoning, and outline future research
directions. We also provide a public repository to continually track developments in this fast-evolving field:
https://github.com/mbzuai-oryx/Awesome-LLM-Post-training.

3/24/2025
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Reference for Post-Training LLMs
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Reference for Post-Training LLMs 42

UNIVERSITY
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Reference for Post-Training LLMs g2

A SURVEY ON POST-TRAINING OF LARGE LANGUAGE MODELS

Guiyao Tie'T Zeli Zhao! Dingjie Song> Fuyang Wei® Rong Zhou? Yurou Dai’
Wen Yin! Zhejian Yang® Jiangyue Yan® Yao Su® ZhenhanDai'! Yifeng Xie'
Yihan Cao” Lichao Sun? Pan Zhou' Lifang He? Hechang Chen* Yu Zhang®
Qingsong Wen® Tianming Liu® Neil Zhengiang Gong'® Jiliang Tang!!
Caiming Xiong'?> Heng Ji'®> Philip S. Yu'* Jianfeng Gao'®

!Huazhong University of Science and Technology *Lehigh University
3The University of Hong Kong “Jilin University °Southern University of Science and Technology
SWorcester Polytechnic Institute "LinkedIn Corporation
8Squirrel Ai Learning °University of Georgia °Duke University
I Michigan State University '?Salesforce Research !3University of Illinois Urbana-Champaign
14University of Illinois at Chicago °Microsoft Research

3/8/2025
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Reference for Post-Training LLMs g2

UNIVERSITY

Post-training of LLMs
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AGIl Safety and Security S22,

UNIVERSITY

Google DeepMind

An Approach to Technical AGI Safety and
Security

Rohin Shah!, Alex Irpan”!, Alexander Matt Turner”-!, Anna Wang"!, Arthur Conmy":1, David Lindner ™!,
Jonah Brown-Cohen”:1, Lewis Ho "1, Neel Nanda™!, Raluca Ada Popa"!, Rishub Jain"1, Rory Greig"!, Samuel
Albanie™!, Scott Emmons”!, Sebastian Farquhar™-!, Sébastien Krier "1, Senthooran Rajamanoharan !,
Sophie Bridgers "1, Tobi Ijitoye™!, Tom Everitt"-1, Victoria Krakovna"-!, Vikrant Varma"-1, Vladimir Mikulik"-2,
Zachary Kenton™!, Dave Orr!, Shane Legg!, Noah Goodman!, Allan Dafoe!, Four Flynn! and Anca Dragan!
LGoogle DeepMind, 2Work done while at Google DeepMind, *“Core contributor, alphabetical order

Artificial General Intelligence (AGI) promises transformative benefits but also presents significant risks.
We develop an approach to address the risk of harms consequential enough to significantly harm
humanity. We identify four areas of risk: misuse, misalignment, mistakes, and structural risks. Of these,
we focus on technical approaches to misuse and misalignment. For misuse, our strategy aims to prevent
threat actors from accessing dangerous capabilities, by proactively identifying dangerous capabilities,
and implementing robust security, access restrictions, monitoring, and model safety mitigations. To
address misalignment, we outline two lines of defense. First, model-level mitigations such as amplified
oversight and robust training can help to build an aligned model. Second, system-level security measures
such as monitoring and access control can mitigate harm even if the model is misaligned. Techniques
from interpretability, uncertainty estimation, and safer design patterns can enhance the effectiveness of
these mitigations. Finally, we briefly outline how these ingredients could be combined to produce safety

cases for AGI systems. 4/ 2/ 2025
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