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Learn more with

>ﬂeO4j ‘ GraphAcademy

e Completely Free

e Hands-on Courses
teaching Neo4j Fundamentals, Cypher,
Drivers and Graph Data Science

e Curated Learning Paths catering for
everyone from beginners to experts

e Free Certifications

graphacademy.neo4j.com

,
)
Introduction to Neo4j
Graph Data Science

Gain a high-level technical

understanding of the Neo4j
Graph Data Science (GDS)

library

30 minutes ->
Building Neo4j
Applications with .NET

Learn how to interact with

Neo4j from .NET using the

Neo4j .NET Driver

Neo4j Graph Data
Science Fundamentals

Learn all you need to know
about Graph Algorithms and

Machine Learning Pipelines

1 hour

Building Neo4j

Applications with Go

Learn how to interact with

Neodj from your Go

application using the Neo4j

Go Driver

=

Path Finding wi
Learn how to find th

paths between pair:

in the graph

1 hour

(

Building Neo4j
Applications wi
TypeScript
Learn how to interac
Neo4j in your TypeS
project using the Ne

JavaScript Driver



What do | need?

Workshop materials:

- graphacademy.neo4j.com account
- graphacademy.neo4j.com/courses/genai-fundamentals



http://graphacademy.neo4j.co
http://graphacademy.neo4j.com/courses/genai-fundamentals
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What happens
when dozens of Al Agents
have to work together?
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Augmented
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To Overcome Al’s Black Box Problem
We Need Knowledge to be Transparent

Knowledge Graph View Human View Vector View
of an Apple of an Apple of an Apple
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The Next Layer in the Al Stack: Knowledge

.

Knowledge Layer

J

e Holds structure, context, and meaning

e Uniform memory & retrieval layer for agents

Ng

e Bridges human and machine understanding

e Links and unifies data sources and objects



The Next Layer in the Al Stack: Knowledge
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What do | need?

Link!

- https://dev.neo4dj.com/workshop-genai-fundamentals-notes

Workshop materials:

- graphacademy.neo4j.com account
- graphacademy.neo4j.com/courses/genai-fundamentals



https://dev.neo4j.com/workshop-genai-fundamentals-notes
http://graphacademy.neo4j.co
http://graphacademy.neo4j.com/courses/genai-fundamentals

The present +
future
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12.222025 1 By: Jaya Gupta, Ashu Garg

Al's trillion-dollar opportunity:

CONTEXT GRAPHS: CAPTURING THE ‘WHY’

DEAL
s

@dharmesh

h

Graphs, Graphs Everywhere—with
Sudhir Hasbe (Ep 43)

ttps://www.youtube.com/watch?v=i04rWqj1Grs

arXiv:2406.11160v3 [cs.AI] 28 Jun 2024

Hands On With Context Graphs And

Neo4j

Context Graph

Chengjin Xu'*, Muzhi Li'** , Cehao Yang', Xuhui Jiang'*, Lumingyuan Tang', Yiyan Qi',
Jian Guo'!

1. IDEA Research, International Digital Economy Academy
2. Department of Computer Science and Engineering, The Chinese University of Hong Kong
3. CAS Key Laboratory of Al Safety, Institute of Computing Technology, CAS
{xuchengjin, linuzhi, yangcehao, jiangxuhui, guojian)eidea.edu.cn

Abstract

Knowledge Graphs (KGs) are foundational

structures in many A applications, represent-

ing_entiies and their interrelations through

riples. However, triple-based KGs lack the.
K

understand and reason about knowledge, thereby
supporting various nteligent applications such as
question answering (Sun et al., 2024), semantic
analysis (Wang and Shu, 2023). ecommendation
systems (Wang et al., 2019), and mor.

led

the use of schemas

‘whichare crucalfor comprehensive knowledge

ventionsl sructure by incorporatng additional
informarion such as time valdity, geographic
Iocation, and source provenance. This e

and ontologies, it loses the contextual inform-
tion of knowledge and falls short in capturing
the complexity and richness of real-world knowl-
edge (Dong, 2023). Since we canno clearly model
the knowledge in a domain only with entitis and

i recent Tunonetal,

understanding of knowledge, ensbling KGs o
offer richer insights and support more sophis-

highlightingtheir advantages in knowledge rep-
resentation and rcasoning.  We then present
a context graph reasoning CGR® paradigm
hat LM

2020; Tharani, 2021) are designed to be semi-
structured: they leverage the clear semantics of
structured data provided by the rigidity of schemas
(i, ontologies) while also embracing the fexibil-
ity of unstructured data, Such KGs integrate mult-
‘modal knowledge, including entity description, im-
ages, timestamps and other metadata, all of which

10 etrive candidate entites and related con-

In this paper, we referto this type of KGs as contex-

tion, and reason whether sufcient information
has been obtained to answer a query. Our ex-

y
contexts, CGs provide a more comprehensive and
nuanced representation of knowledge, extending.

sig
nificantly improves performance on KG com-
pletion (KGC) and KG question answering

This
enables KGs to possess more advanced capabilities
in wd

(KGQA)tasks,
incorporating contextual information on KG
represeatation and reasonia.

1 Introduction

Knowledge Graphs (KGs) are structured knowl-

edge bases (KBs) that organize factual knowledge

Moreover, large language models (LLMs), pre-
trained on vast ext corpora, have exhibited srong
semantic understanding capabilty (Brown et al,
20200). And the use of LLMs for KG reasoning.
has become a research hotspot (Wei et al., 2023;
Lino etal., 2024; Sun et al, 2024). However, KGs

https://arxiv.org/abs/2406.11160

Context Graphs: Capturing The "Why"
In The Age of Al

Dharmesh Shah @ @
Founder and CTO at HubSpot. Helping millions grow better.

Building Al systems that don’t just make decisions, but remember and
use the “why”.

' William Lyon 9 minread - Jan 14,2026

linkedin hs-capturing-wh j-dh; h-shah

https:/neo4j.com/blog/agentic-ai/hands-on-with-context-graphs-and-neo4j/



https://foundationcapital.com/context-graphs-ais-trillion-dollar-opportunity/
https://arxiv.org/abs/2406.11160
https://www.youtube.com/watch?v=iO4rWgj1Grs
https://neo4j.com/blog/agentic-ai/hands-on-with-context-graphs-and-neo4j/
https://www.linkedin.com/pulse/context-graphs-capturing-why-age-ai-dharmesh-shah-oyyze/

The Missing "Why"

When an Al agent recommends approving a $100K credit line increase,

the question isn't just "is this the right answer?"

)

No Memory No Audit Trail

When something goes wrong,
no one knows why the agent
decided that

Ask an agent about last week's
conversation — blank stare

[ ] [ ]
28

No Shared Learning

Deploy multiple agents and they
can't share what they've learned



What is a Context Graph?

A knowledge graph specifically designed to capture decision traces — the full context, reasoning, and
causal relationships behind every significant decision.

Traditional Audit Log Context Graph

Records actions only Captures the full "why"
"Transaction rejected at 14:32" Decision traces & causal chains
No relationships between events Entities, relationships, events

No causal chain or reasoning Tribal knowledge made queryable

Flat, disconnected records Connected, traversable structure



Context Graph: Financial Services Data Model

ENTITIES (What exists)

Financial Services Context Groph

Person, Account, Transaction, Organization HAS_TXN .
ENTITIES (What exists) y

DECIDED

EMPLOYED_BY
APPLIED

Decisions, Transactions, Approvals, Rejections

Organization

DECISIONS (The "why")

CONTEXT (The why)

Policies applied, Risk factors, Employee reasoning

neo4j.com/blog/agentic-ai/hands-on-with-context-graphs-and-neo4j/



Context Graph Demo

https://context-graph-demo.
vercel.app/



Context Graph Demo

Blog Post Issues GitHub About & Schema
Al-powered decision tracing with Neo4j
Al Assistant Context Graph Decision Trace
Ask questions about customers, decisions, and Visualize entities, decisions, and causal relationships Inspect reasoning, precedents, and causal chains
policies
i Person I Account N
R [rersn L rccoun e Properties . c sack ot

1 ESCALATE FOR MANUAL REVIEW - ==
Do not approve automatically Labels: ([EETD T i

Reasoning: While Jessica Norris has Properties:
strong financial indicators (substantial source_systems:
account balance, low personal risk [ N
score, clean transaction history), there :;rading‘"v,v

are significant geopolitical and “C:’::oarar;king“
compliance concerns that require 1

human judgment:

1/7/2026, 6:31:48 PM
D A

Reasoning

Decision made for trading case. Type:
i review with

community_id: -
confidence score of 0.94.

326

The employer watchlist status
requires enhanced due diligence
under sanctions compliance
protocols

phone:

852-899-1241x904 Confidence Score

risk_score: 76%

The open fraud investigation ticket
0.415

needs resolution before extending

additional credit date_of_birth:

Causal Chain
The recent trading escalation .
P No causal chain data.
suggests ongoing risk assessment
The pending high-value wire

transaction should be cleared first Similar Decisions

Recommended Next Steps: No similar decisions found.

Verify Employment Status: Confirm
current employment relationship with
watchlisted organization

Resolve Fraud Ticket: Close out
TKT000017 before proceeding

Clear Pending Transaction:
Investigate the $7,947.97 pending
wire transfer

Enhanced Due Diligence: Conduct

Ask about customers, decisions, or

policies... Scroll to zoom | Drag canvas to pan | Drag nodes to move | Click to inspect | Double-click to

expand

Blog: neo4j.com/blog/agentic-ai/hands-on-with-context-graphs-and-neo4j/

Context Graph Meetup SF - Neo4j



CONTEXT GRAPHS NEO4J + GDS &
Context Graph Demo

Al-Powered Decision Tracing for Financial Institutions

github.com/johnymontana/context-graph-demo

Architecture
Next.js Ul FastAPI + SDK Neodj + GDS
Chakra UI v3 Claude S \Y% or Search
NVL Graphs 10 MCP Tools FastRP / KNN

Sample Data: 200 persons - 350 accounts - 2K transactions - 600 decisions - 50 orgs * 15 policies

How GDS Powers the Agent's 10 MCP Tools

find precedents find similar decisions detect fraud patterns
Hybrid semantic + Structural decision Neighborhood pattern
structural matching matching
find decision_community get causal_ chain record decision
Decision cluster . ;
h Cause — effect tracing Index new decisions Reasoning
detection

Decision made for

review. Standard re

Hybrid search combines semantic similarity (text embeddings) with structural similarity (FastRP graph embeddings)
— meaning + context, not just meaning alone.

Demo Scenarios Going Forward: Industry-Specific Examples

1 Credit Decision + Precedent Lookup FastRP similar decisions — precedents — trace NOW') Financial Services Credi, fraud, trading exceptions (current demo)
- Healthcare & Life Sci Clinical trial decisions, treatment precedents
- Manufacturing Engineering systems, digital twin, supply chain management
3 Exception Request + Audit Trail Causal chain — justification & policy links LATER || Government & Defense Policy enforcement, grant decisions, audit

2 Fraud Pattern Detection Node Similarity vs. fraud typologies — risk score


https://neo4j.com/blog/agentic-ai/hands-on-with-context-graphs-and-neo4j/

How the Agent Traces Decision History

REJECT or ESCALATE — grounded in institutional knowledge, not just a credit score

G Query Context Graph

Agent retrieves Jessica's full profile: accounts, transactions, employer, risk tier

Trace Decision History

Past fraud flag (April 2025), compliance rejections, velocity check failures

e Hybrid Search

Semantic similarity (text embeddings) + structural similarity (FastRP graph embeddings)

° Recommendation

31 nodes - 30 relationships - Jessica's complete context in a single graph traversal

View tool parameters
Tool Calls (7)
and results

Tool Call search_customer
Arguments:

{

"query": "Jessica
Norris",

"limit": 5

i

Tool Call  find_precedents
Arguments:

{
"scenario": "credit limit

increase $25000",
"category": "credit",
"limit": 10

k

Tool Call detect_fraud_patterns

Arguments:
{

"account_id": "6a5a92ab-
7ela-4990-9ca0-
fe@8574b2ddc",

"neighbor_count": "10"

}

Recommendation

! ESCALATE FOR MANUAL REVIEW -
Do not approve automatically

Reasoning: While Jessica Norris has
strong financial indicators (substantial
account balance, low personal risk
score, clean transaction history), there
are significant geopolitical and
compliance concerns that require
human judgment:



Hybrid Search: Vector + Graph

Neo4j GDS provides algorithms impossible in relational databases

Q Text Embeddings

Semantic similarity — what does the text mean?

Finds decisions with similar descriptions,
rationale, and risk factors. "Fraud rejection"
matches "suspicious activity alert."

=% Graph Embeddings (FastRP)

Structural similarity — how is this node
connected?

Finds decisions involving customers with similar
account structures, employer types, and
transaction patterns.

Combined: find precedent decisions from structurally AND semantically similar situations




Where do | learn
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' CONNECTEDPAPERS Q. GraphiAG

Graph Retreval-Augmented Generation: A Survey

GraphRAG with GNN+LLM
Brian Shi | Alfred Clemedtson | Zach Blumenfeld

The Knowledge Graph Difference . . . i
Experiments: G-retriever with STaRK-Prime

Method HitsQ1 Hits@5 Recall@20 | MRR
Pipeline* 32.09 48.34 47.85 38.48
G-Retriever 32.274+0.3 | 37.92+0.2 | 27.16 £ 0.1 | 34.73+0.3
Subgraph Pruning**

.Y Knowledge Graph BiTJ0V-T] Baseline X : .
x the accuracy of LLM responses *Pipeline adds nodes in subgraph context to G-retriever output.
ikt oy et

by an average of 3x. **Frozen LLM. No fine-tuning. s Ll

improvement

Multshop Question Answerng over Knowledge

PERFORMANCE

) a0 M Aoe, We have presented GraphRAG, a RAG approach that combines knowledge graph
Knowledge Graph achieves S @ generation and query-focused summarization (QFS) to support human
45.6% 29.5% unmatched accuracy - . . . . .
ea A 1 benchmenting study Witer Knowieags Graph o sensemaking over entire text corpora. Initial evaluations show substantial
S — achieved top scores on RobustQA, which measures Q: 8 6 A) improvements over a vector RAG baseline for both the comprehensiveness and

e e hmmr o oo momor G s that diversity of answers, as well as favorable comparisons to a global but graph-free
-~ ok use vector retrieval. RObUStQA approach

[ Retrieval-Augmented Generation with Knowledge Graphs for
Customer Service Question Answering

@ LLMAccuracy Alone @ LLM Accuracy with a Knowledge Graph

Model Prompt uning | Fine-toning | oo WBOSE o | BeplaCiaghs in BLEU. Our method has been deployed within LinkedIn’s cus-

Baselines . . .
[ 3 02555 0418 0290 | 033% tomer service team for approximately six months and has reduced
v 0.4295 0.6186 0.4193 0.8927
Compared Retrievers T s = -

R the median per-issue resolution time by 28.6%.
0.3485 0.4730 0.3289 0.6011
0.3280 0.4496 0.3126 0.6011
0.3172 0.4453 0.3047 0.5866

03421 04705 03254 0.6011 =
EKEEPER : :1 -——Entities-——
04674 06808 04579 0.8825 =T pcemmel D(-) - Eathy Type PERSO. % O\.’ “Beckeeper'A Beslper it an
05023 07016 05002 0.9042 bym g e [:> e Dacipbon ABabeeecs @ T ° =
Our Retrieval Approach colonis and ensie i health and Deduplication S rlswlRer © Entities
x 05022 07236 0309 0.9223 : o
‘ v

Maich ( = osh
19656%  17445% 17462% | 1 17174% :> R beekeevef @0 | sesmpermrinerees
05041 07275 05112 0.9274 s a;‘,":’”“ Query+LLM | O—. R ek B

LLM only
LLM,rA

BM25
MiniLM-L12-v2
LaBSE
mContriever-Base
ES-Base
G-Retriever
G-Retrievery,ra

GRAG
Ay
GRAG_LorA
ALora

NN SN %% %% x| X%

Honiee 2 Source: Honey Bee due to the limited interaction time
11737%  117.60% 12192% | 13.89% ot LLM Profiling o e s ﬁ ‘ O O |t
g H Fmitiiny -—-Contexts-—-

preventing pest infestations, and [Beekeeper SIS Bees ] SR = ﬁ BEEKEEPER's practices involve the
utilizing techniques to handle bees, - . Index G“l_’h R Environmental Impact J methods and strategies employed
such as using smoke to calm them ... Entity & Rel Extraction used for Retrieval

Original Chunks ID: 0 Highlovel Keys Retrieved Content Sbedesesto manage

Graph-based Text Indexing



http://graphrag.com/appendices/research/

NODES@&b

NODES Al 2026

The largest technical community gathering dedicated to Graph + Al

CONFERENCE DATE Al-FOCUSED SESSIONS IN THREE TRACKS

April 15, 2026 -Leonhard Euler’s Birthday e Knowledge Graphs and GraphRAG
e Graph Memory and Agents

PRE-EVENT e Graph + Al in Production

Five 2 hour Al workshops

March 5, 11,17, 26 and 31 WHO SHOULD PARTICIPATE

Anyone interested in Graphs + Al

EVENT
e One day free online conference
e Live technical sessions from
community experts
e From:10:00 am ET /4:00 pm CET
To: 5:00 pm ET / 11:00 pm CET

REGISTER: neo4j.com/nodes-ai
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http://www.youtube.com/watch?v=gr5PIzzmc_c

Thank you!

Nyah.Macklin@neo4j.com

Nyah Macklin

linkedin.com/in/nyahmacklin




