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b f
Guery webfor - -

(YouTube transcriber

Input task statement

invoke text inspector @
) ¥
v

I v | vl
Knowledge Graph Knowledge Graph Knowledge Graph
(enhanced) (enhanced)

(e.g., level 3 question
from the GAIA Benchmark)

In the YouTube 360
VR video from March
2018 narrated by the
voice actor of Lord of

the Rings' Gollum,

what number was
mentioned by the
narrator directly after
dinosaurs were first
shown in the video?

Gollum (LotR)

interpreted by

Andy
Serkis

Gollum (LotR)

Andy
interpreted by Serkis

narrated narrated

The Silmarillion We Are Stars
Type: MP4 Type: VR 260
Date: Jul, 2023 Date: Mar, 2018
ID: dféxAaRr-UI ID: toSH6hxeGEo

Gollum (LotR)

Andy
interpreted by Serkis

narrated

narrated

We Are Stars
Type: VR 260
Date: Mar, 2018
ID: toSH6hxeGEo

The Silmarillion
Type: MP4
Date: Jul, 2023
ID: dféxAaRr-UI

...Dinosaurs dominated the earth
for over a hundred million years...
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from the GAIA Benchmark) Gollum (LotR) Gollum (LotR) Gollum (LotR)
In the YouTube 360 Andy Andy Andy In the YouTube 360
VR video from March interpreted by Serkis interpreted by Serkis interpreted by Serkis VR video "We Are
2018 narratEd by the narrated narrated narrated narrated Stars ' narratecl by

voice actor of Lord of
the Rings' Gollum,
what number was
mentioned by the
narrator directly after
dinosaurs were first
shown in the video?

The Silmarillion We Are Stars
Type: MP4 Type: VR 260
Date: Jul, 2023 Date: Mar, 2018
ID: dféxAaRr-UI ID: toSH6hxeGEo

We Are Stars
Type: VR 260
Date: Mar, 2018
ID: toSH6hxeGEo

The Silmarillion
Type: MP4
Date: Jul, 2023
ID: dféxAaRr-UI

...Dinosaurs dominated the earth
for over a hundred million years...

Andy Serkis, the
number mentioned
after the dinosaurs
first appearance is

100,000,000
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Affordable AI Assistants with Knowledge Graph of Thoughts

Maciej Besta' ! Lorenzo Paleari! Jia Hao Andrea Jiang' Robert Gerstenberger! You Wu'! Patrick Iff!
Ales Kubicek ! Piotr Nyczyk? Diana Khimey' Jo6n Gunnar Hannesson' Grzegorz Kwasniewski !
Marcin Copik ' Hubert Niewiadomski? Torsten Hoefler !

Agents,
Tools SN

Heuristic
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Psychologically Enhanced AI Agents

Maciej Besta'’, Shriram Chandran', Robert Gerstenberger', Mathis Lindner!,
Marcin Chrapek!', Sebastian Hermann Martschat’, Taraneh Ghandi**, Patrick Iff’,
Hubert Niewiadomski’*, Piotr Nyczyk™*, Jiirgen Miiller’, Torsten Hoefler'

'ETH Zurich 2*BASFSE 3Cledar “IDEAS Research Institute
T Corresponding author
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Analysts (...NT...)
INTJ ("Architect") INTP ("Logician") ENTJ ("Commander") ENTP ("Debater")

&
Effective leader,
great at high-stakes

decision-making
& coordination

Innovative challen-
-ger, thrives in
brainstorming &
rapid ideation

Analytical thinker
ideal for abstract
problem-solving
and system design

Master strategist,
excels at complex,
long-term planning

T w w v
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Analysts (...NT...)
INTJ ("Architect") INTP ("Logician") ENTJ ("Commander") ENTP ("Debater")

&
Effective leader,
great at high-stakes

decision-making
& coordination

Innovative challen-
-ger, thrives in
brainstorming &
rapid ideation

Analytical thinker
ideal for abstract
problem-solving
and system design

Master strategist,
excels at complex,
long-term planning

T w w v

Diplomats (...NF...)
INFJ ("Advocate") INFP(“Mediator") ENFJ ("Protagonist") ENFP ("Campaigner")

Visionary guide, Empatbhic creator, Inspirational Energetic
great at counseling,| | excels at emotional | | motivator, ideal for | |connector, great for
ethics, and mission support and team leadership creative outreach

-driven tasks storytelling and persuasion and exploration
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Psychology of Agents

Analysts (...NT...) Sentinels (...S...J)
INTJ ("Architect”)  INTP ("Logician") ~ ENTJ ("Commander") ENTP ("Debater") ISTJ ("Logistician")  ISFJ ("Defender”)  ESTJ ("Executive”)  ESFJ ("Consul")

Master strategist, Analytical thinker Effective leader, Innovative challen- Reliable organizer, | [Supportive caretaker,| [ Structured manager, | |Harmonizer, strong in
excels at complex ideal for abstr_act great at high-stakes -ger, thrives in skilled at rule- excels in azsnﬁtance, ideal for enforcing social coordination
long-term planning | | _Problem-solving decision-making brainstorming & -based and service, and human- | | order & operational and maintaining
and system deSIgn & coordination I’apld ideation procedural tasks -oriented roles efficiency group cohesion
T L4 L _ m—
Diplomats (...NF...)

INFJ ("Advocate")  INFP ("Mediator")  ENFJ ("Protagonist”) ENFP ("Campaigner")

Visionary guide, Empatbhic creator, Inspirational Energetic
great at counseling,| | excels at emotional | | motivator, ideal for | |connector, great for
ethics, and mission support and team leadership creative outreach

-driven tasks storytelling and persuasion and exploration
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Psychology of Agents

Analysts (...NT...)
INTJ ("Architect") INTP ("Logician") ENTJ ("Commander") ENTP ("Debater")

Sentinels (...S...J)
ISTJ ("Logistician")  ISFJ ("Defender") ESTJ ("Executive") ESFJ ("Consul")

)

Master strategist Analytical thinker Effective leader, Innovative challen- Reliable organizer, | |Supportive caretaker,| | Structured manager, | [Harmonizer, strong in
excels at complex ideal for abstract | | great at high-stakes -ger, thrives in skilled at rule- excels in assistance, ideal for enforcing social coordination
lone-term Iar?nin' problem-solving decision-making brainstorming & -based and service, and human- | | order & operational and maintaining
g R €] | and system design & coordination rapid ideation procedural tasks -oriented roles efficiency group cohesion
Ty \ o | = — e -
Diplomats (...NF...) Explorers (...S...P)

INF) ("Advocate")  INFP ("Mediator")  ENFJ ("Protagonist") ENFP ("Campaigner") ISTP ("Virtuoso")

ISFP ("Adventurer") ESTP ("Enterpreneur") ESFP ("Entertainer")

Visionary guide, Empatbhic creator, Inspirational Energetic
great at counseling,| | excels at emotional | | motivator, ideal for | |connector, great for
ethics, and mission support and team leadership creative outreach

-driven tasks storytelling and persuasion and exploration

Practical problem- Adaptive artisan, Bold tactician, Charismatic performer,
-solver, excels in thrives in design, strong in fast excels in engagement,
hands-on, technical| |personal expression, decision-making communication, and

challenges and flexible tasks under pressure experience-driven work
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Psychology of Agents

Sentinels (...S...J)

Analysts (...NT...)
ISTJ ("Logistician")  ISFJ ("Defender") ESTJ ("Executive") ESFJ ("Consul")

INTJ ("Architect") INTP ("Logician") ENTJ ("Commander") ENTP ("Debater")

Master strategist Analytical thinker Effective leader, Innovative challen- Reliable organizer, | |Supportive caretaker,| | Structured manager, | [Harmonizer, strong in
Is at g| ¢ ideal for abstract | | great at high-stakes -ger, thrives in skilled at rule- excels in assistance, ideal for enforcing social coordination
o taern DlaP & problem-solving decision-making brainstorming & -based and service, and human- | | order & operational and maintaining
ong-term planning | | " system design 2 coordination rapid ideation procedural tasks -oriented roles efficiency group cohesion
I T
Diplomats (...NF...) Explorers (...S...P)
ISTP ("Virtuoso") ISFP ("Adventurer") ESTP ("Enterpreneur") ESFP ("Entertainer")

INF) ("Advocate")  INFP ("Mediator")  ENFJ ("Protagonist") ENFP ("Campaigner")

Charismatic performer,
excels in engagement,
communication, and
experience-driven work|

Bold tactician,

Adaptive artisan,
thrives in design, strong in fast
personal expression, decision-making
and flexible tasks under pressure

e, i |

Practical problem-
-solver, excels in
hands-on, technical
challenges

Empathic creator, Inspirational Energetic
great at counseling,| | excels at emotional| | motivator, ideal for connector, great for
support and team leadership creative outreach

Visionary guide,

ethics, and mission
-driven tasks

storytelling and persuasion and exploration
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Graph as a model of the inter-agent communication pattern
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Graph as a model of the inter-agent communication pattern

Majority Voting

Task Description: "In the following sentences, explain the antecedent of the pronoun (which thing the
pronoun refers to), or state that it is ambiguous. After meeting with the producers, Sam went to his office."

v v '

Explanation:

ENFJ Explanaﬁon: ESFJ Explanation: INTP "In the sentence,
"The pronoun “The pronoun the pronoun ’his’
Y 4 g R = his’ rgfers to - his’ rgfe_rs to Ly el fa ot
Q‘ s Sam, indicating Sam, indicating indicating that the
e that the office that the office office belongs to
belongs to belongs to him." him. Therefore, the
antecedent of ’his’ is
Sam, making it clear
that the office is
Sam’s office."
Vote: Vote: Vote:
"The office was Sam's "The office was Sam's "The office was Sam's
office." office." office."

—

Count Votes "The office was Sam's office."
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Graph as a model of the inter-agent communication pattern

Majority Voting

Task Description: "In the following sentences, explain the antecedent of the pronoun (which thing the
pronoun refers to), or state that it is ambiguous. After meeting with the producers, Sam went to his office."

Explanation:

"The pronoun
—p his’ refers to

Sam, indicating

Explanation:

"The pronoun
- 'his’ refers to

Sam, indicating

that the office that the office
belongs to belongs to him."
Vote: Vote:
"The office was Sam's "The office was Sam's
office." office."
v

'

INTP

Explanation:
"In the sentence,
the pronoun ’his’
=—» refers to Sam,
indicating that the
office belongs to
him. Therefore, the
antecedent of ’his’ is
Sam, making it clear
that the office is

Sam'’s office."
Vote:
"The office was Sam's
office."

—

Count Votes "The office was Sam's office."

Interactive Communication

Random Agent
l \/ v
ENFJ INTP
Self- Self-
Reflection Reflection
sessssnassnnssnnnnnnnnnas Select different agent
or give solution
‘.........................
ENFJ ESF) INTP
Self- Self- s Self-
Reflection Reflectio Reflection

Blackboard

Task Description:

"In the following sentences,
explain the antecedent of the
pronoun (which thing the pronoun
refers to), or state that it is
ambiguous.

After meeting with the producers,
Sam went to his office."

Agent Messages:

ENFJ: The correct choice is:

"The office was Sam’s office." The
antecedent of the pronoun "his" in
the sentence refers to Sam.
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Graphs in the LLM Pipeline: Overview

Psychologically Enhanced AI Agents

Maciej Besta'’, Shriram Chandran', Robert Gerstenberger', Mathis Lindner!,
Marcin Chrapek!', Sebastian Hermann Martschat’, Taraneh Ghandi**, Patrick Iff’,
Hubert Niewiadomski’*, Piotr Nyczyk™*, Jiirgen Miiller’, Torsten Hoefler'

'ETH Zurich 2*BASFSE 3Cledar “IDEAS Research Institute
T Corresponding author
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Graphs in the LLM Pipeline: Overview

Multi-Head RAG: Solving Multi-Aspect Problems
with LLMs

Maciej Besta'* Ales Kubicek! Roman Niggli' Robert Gerstenberger!
Lucas Weitzendorf! Mingyuan Chi'! Patrick Iff'  Joanna Gajda®
Piotr Nyczyk®  Jiirgen Miiller> Hubert Niewiadomski®> Marcin Chrapek’
Michal Podstawski* Torsten Hoefler!

'ETH Zurich  2Cledar 3BASF SE  *Warsaw University of Technology

Retrieval

Graph database

Knowledge graph
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Graphs in the LLM

Inference related

Reasoning Structures

CHECKEMBED: Effective Verification of LLM
Solutions to Open-Ended Tasks

Maciej Besta® Lorenzo Paleari Marcin Copik Robert Gerstenberger Ales Kubicek

ETH Zurich ETH Zurich ETH Zurich ETH Zurich ETH Zurich
Piotr Nyczyk Patrick Iff Eric Schreiber Tanja Srindran
Cledar ETH Zurich ETH Zurich ETH Zurich
Tomasz Lehmann Hubert Niewiadomski Torsten Hoefler
Cledar Cledar ETH Zurich

Warsaw University of Technology IDEAS Research Institute

aa

Agents,
Tools 4

Psychology

Heuristic

Retrieval

Graph
prompts

Prompt
engineering

Graph database

Knowledge graph
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Graphs in the LLM '

CHECKEMBED: Effective Verification of LLM N H2
Solutions to Open-Ended Tasks

Maciej Besta® Lorenzo Paleari Marcin Copik Robert Gerstenberger Ales Kubicek

ETH Zurich ETH Zurich ETH Zurich ETH Zurich ETH Zurich N H C H
Piotr Nyczyk Patrick Iff Eric Schreiber Tanja Srindran 2 3
Cledar ETH Zurich ETH Zurich ETH Zurich C H
Tomasz Lehmann Hubert Niewiadomski Torsten Hoefler H 3 C
Cledar Cledar ETH Zurich
Warsaw University of Technology IDEAS Research Institute

Inference related

/ / 1 (”thou | tS")
Graph

Prompt prompts

Reasoning Structures Agents, Psychology L
engineering

Tools GNN

Heuristic

Retrieval

Graph database

Knowledge graph
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Training related
Graph

Foundation
Models

Cross attention with GNNs
Graph-related predictions

Graph
modality

Raw data Transformer
Fine-tuned
Pretrained LLM Supervised I-I-M nstruction LLM ks
Pretraining @ fine-tuning tuning, ... J'Sii -~ S;Icoocrll(d >
I
1A

Reasoning Language Models: A Blueprint

Maciej Bestal', Julia Barth', Eric Schreiber!, Ales Kubicek!, Afonso Catarino', Robert Gerstenberger?,
Piotr Nyczyk?, Patrick Iff', Yueling Li®, Sam Houliston!, Tomasz Sternal', Marcin Copik', Grzegorz
Kwasniewski', Jirgen Muller?, tukasz Flis*, Hannes Eberhard!, Hubert Niewiadomski?, Torsten Hoefler!

" Corresponding author 'ETH Zurich 2Cledar *BASF SE  “Cyfronet AGH
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Reasoning Paradigms

Graph as a model of the reasoning process (training)

Chain ‘Example: TS-LLM,. Graph  Example: Nesting A node can
| Uas dRals s contain another .
structure ','
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Training related
Graph

Foundation
Models

Cross attention with GNNs
Graph-related predictions

Graph
modality

Raw data Transformer
Fine-tuned
Pretrained LLM Supervised I-I-M nstruction LLM ks
Pretraining @ fine-tuning tuning, ... J'Sii -~ S;Icoocrll(d >
I
1A

Reasoning Language Models: A Blueprint

Maciej Bestal', Julia Barth', Eric Schreiber!, Ales Kubicek!, Afonso Catarino', Robert Gerstenberger?,
Piotr Nyczyk?, Patrick Iff', Yueling Li®, Sam Houliston!, Tomasz Sternal', Marcin Copik', Grzegorz
Kwasniewski', Jirgen Muller?, tukasz Flis*, Hannes Eberhard!, Hubert Niewiadomski?, Torsten Hoefler!

" Corresponding author 'ETH Zurich 2Cledar *BASF SE  “Cyfronet AGH
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Graphs in the LLM Pipeline: Overview

Training related
Graph

Foundation
Models

Cross attention with GNNs

Graph-related predictions

Graph
modality

Raw data Transformer
| M LLM Fine-tuned
"é?} l! Pretramed LM LLM /De}derblocks\

é @ Pretraining

Supervised Instruction
First Second
fine- tumng tumng block * block

Replies

Inference related et ,l Prompts

Agents, Psychology
Tools GNN

Graph
Prompt prompts/(

Reasoning Structures _ .
engineering

Heuristic V4

Retrieval
Graph database

Kndwledge graph
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Graphs in the LLM Pipeline: Overview

Training related
Graph

Foundation
Graph Models
modality

Graph Cross attention with GNNs

tuning Graph-related predictions

Raw data Transformer
Fine-tuned

Decoder blocks

First Second
block block

Inference related
Graph

Reasoning Structures Psychology Prompt prompts:

Tools GNN @ engineering
Heuristic '

Retrieval
Graph database

Kndwledge graph
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Graphs in the LLM Pipeline: Overview

Training related
Graph

Foundation
Graph Models
modality

Graph Cross attention with GNNs

tuning Graph-related predictions

Raw data
Fine-tuned

How about graph analytics?

Inference related
Graph

Reasoning Structures Agents, Psychology Prompt prompts/

Tools GNN @ engineering
Heuristic '

Retrieval
Graph database

Kndwledge graph
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A huge &
complex graph
dataset
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dataset

order cliques, dense
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A huge & P a4 (triangles, higher-
g ST AN order cliques, dense

complex graph
subgraphs, ...)

dataset

Clustering, Link
Prediction, Vertex
Similarity, ...
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(e.g., Spark) ™
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(e.g., Spark) ™

Graph analytics
(graph pattern
matching)
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Graph representation

Data analytics learning (e.g., graph
(e.g., Spark) > »~~ neural networks)

Graph analytics
(graph pattern
matching)
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Data analytics
Y <~ neural networks)

(e.g., Spark) ™

Graph analytics
(graph pattern
matching)

7

Large language
models
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Graph analytics
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Large language
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models (e.g., ULTRA)
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Y <~ neural networks)

(e.g., Spark) ™

Graph analytics

(graph pattern Graph
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Graph
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Graph prompting
7 (e.g., GraphPrompt)

Large language
models
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Graph prompting
7 (e.g., GraphPrompt)

Large language
models
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Graph representation
learning (e.g., graph
<~ neural networks)

Data analytics
(e.g., Spark) ™

Graph analytics

(graph pattern Graph
matching) attention
LLM-enhancs-:-d Graph
graph analytics Transformers

LLM-enhanced
data analytics
(e.g., DocETL)

' Graph foundation
models (e.g., ULTRA)

Graph prompting

(e.g., GraphPrompt)

Large language
models
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Data analytics
(e.g., Spark) ™

Graph analytics
(graph pattern

matching) attention
LLM-enhanced ‘ Graph
graph analytics / Transformers

LLM-enhanced N Graph foundation
data analytics models (e.g., ULTRA)

(e.g., DocETL)

Graph prompting
7 (e.g., GraphPrompt)
Large language
models
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bata analytics The key system for executing such

(e, Spark) ™ analytics is a graph database

Graph analytics
(graph pattern

matching) attention
LLM-enhanced ‘ Graph
graph analytics / Transformers

LLM-enhanced N Graph foundation
data analytics models (e.g., ULTRA)

(e.g., DocETL)

Graph prompting
7 (e.g., GraphPrompt)
Large language
models
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Graph Databases: The Labeled Property Graph Data Model ConferenceProc

:TechReport
Labels Properties R —

Title = ,Enabling...”
#authors =4
#equations = 21
#pages = 12

citation
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Graph Databases: Where Do We Use Them?
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Engineering
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL)

and obtain an answer by querying a graph database.
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Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating

and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.
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and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating
and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating
and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.

@ Question I
in NL
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating
and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.

@ Question I @H
in NL Check graph

schema
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating
and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.

Generate a
Cypher query

@ Question I @H
in NL Check graph

schema
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating
and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.

Generate a
Cypher query

Send the '
query
Questlon
in NL Check graph

schema
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating
and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.

Generate a Execute
Cypher query the query

Send the '
query
Questlon
in NL Check graph

schema
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating
and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.

Generate a Execute
Cypher query the query
Receive the

answer

Sendthe
query
Questlon

in NL Check graph
schema
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating
and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.

Generate a Execute
Cypher query the query
Receive the
Answer

answer
| in NL _
Send the '

query

Question

in NL Check graph
schema
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating
and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.

Generate a Execute
Cypher query the query
Receive the
Answer

answer
| in NL _
Send the '

query

Question
in NL Check graph

schema

Attractive because

non-experts do
not need to know
Cypher or the full

graph schema
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Setting: From Natural Language to Graph Analytics

Goal: let a user ask a question in natural language (NL)
and obtain an answer by querying a graph database.

Generate a
Cypher query

Receive the
Answer

| in NL
Question I
in NL

query

Check graph
schema

Attractive because
non-experts do
not need to know
Cypher or the full
graph schema

In the graph setting, this is often called Text2Cypher: generating
a Cypher query from an NL request, given the graph schema.

Execute
the query

l answer
Send the '

Weakness: in the naive setup, the LLM
must infer entity types, relations, filters,
aggregation, path structure, and business
semantics all at once from the prompt

and schema alone
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Setting: From Natural Language to Graph Analytics
Goal: let a user ask a question in natural language (NL) In the graph setting, this is often called Text2Cypher: generating
and obtain an answer by querying a graph database. a Cypher query from an NL request, given the graph schema.

Generate a Execute
the query

Solution: separate semantics (,,LLM part”)
from execution (,,Non-LLM part”)

eck grap
schema

Attractive because Weakness: in the naive setup, the LLM
non-experts do must infer entity types, relations, filters,
not need to know aggregation, path structure, and business
Cypher or the full semantics all at once from the prompt

graph schema and schema alone
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LLM Agent %

Exccution o
MOdeI f»p refinement or
If-correction loop

Select the
next

operator &
arguments

Execution Plane

Compile the
operator into a
backend query

[

—-_

£
Non-LLM Executor o
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LLM Agent %

s Execution Decige on whether fo .
' Model L nrléﬁl\:\gmerr?#or '
: correctlon loop :
' '
i Ostager: _| Ostages: !
(] Query -+« Answer '
] Synthesis Generation s
: ~ :
' '
(] Selec“)ccghe 1
1 ne 1 .
tor &
: PATE  commiethe +  Execution Plane
[ operator into a '
. ( backend query '
' '
' Stagez. )
v .G ' @ Dataset (labeled property graph, RDF, ...)
' Exceution " MO ~—
' ' the Non LLM ke

-TseesSsesssSsSsess S SSeEESESSeEED E)(ecutor entlty verticesandedgeﬁ

/’ « “Supplier
supplierCode:
Q "TAPS.0142" artner
/ scope: "fasteners” :
leadTimeDays: 21 . "2025-01-01"

Non-LLM Executor

Properties may be associated
mtlg both vertices and edgest N\

—
modelName: "Model Y" An edge
driveVariants: ["RWD","AWD"] .vehicleModel -PRODUCED_AT relation
status: "active”

processFamily: routeVersion: - = siteName:

"General Assembly” "R-12" "Glgafactory Texas"
processName: siteCode: "GFTX"

"Final Assembly™ - IlnesAcEIVE: 12 ]
assemblyTler: 2 g status: "operational
cycleTimeSec: 95
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» Semantic Makes in-house graph data, graph operations, and :
Semanti ] Cata|og other elements (e.g., output artifacts) legible to the '
e O LLM without fine-tuning or long prompts '
s Execution Oceonuteti 1 wlatls | ;
' Model steprefincmentor 4 % + Schema Descriptors Operator Descriptors :
self-correction loop ) .
: ' : Concise NL annotations for Definitions of graph operators :
' ' s . schema elements and with NL annotations that e .
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' Query - Answer . : ground domain terminology computation &1 '
] Synthesis Generation s H "
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[ operator into a '
. ( backend query '
; (7 stage 2 ;
4 !
' — = ' 4@ Dataset (labeled property graph, RDF, ...)
Query
: Execution : The grap[? ti)s -
_ Executor P—— entity vertices and edges
/,é, )y suppliercods: | “poftnes
Non-LLM Executor o scope: “astenars” prr——

leadTimeDays: 21 "2025-01-01"

Properties may be associated
witlg both vertices and edgest N\

—
modelName: "Model Y" An edge
driveVariants: ["RWD","AWD"] .vehicleModel PRODUCED_AT relation
status: "active”

processFamily: routeVersion: siteName: .
"General Assembly” R-12 Glgafactory Texas’

processName: ' siteCode: "GFTX"

"Final Assembly” g IlnesAcEIve: 12 i
assemblyTler: 2 g status: "operational
cycleTimeSec: 95
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(natural nguage) oo emantic Plane

------DSEeEeSSEEeSS - eeSe-eeeeseee eSS eSEaEEEENy

LLM Agent

[ ] -
% » Semantic Makes in-house graph data, graph operations, and :
Semanti ] Catalog other elements (e.g., output artifacts) legible to the '
e O LLM without fine-tuning or long prompts '
.---...-------I --.----..---.. usedbythe ' .
1 ; LLMAgent 8
: E)ﬁ%l:ittla?n '%E,tc,{ﬁﬁl?%r_'v‘{,‘i't‘ﬁmtﬁ i : —e R : Schema Descriptors :
' selfcorrection loop 8 -
i ' : Concise NL annotations for :
- ' s . schema elements and cee
: ' s intermediate artifacts that "
. : s ground domain terminology ’
' . '
]
' ;
] Select the 1
: ope?gjt%r & ! E ti PI
' arguments Compile the : xecu On a ne
(] operator into a '
' rbackend query '
L] (]
] 1
v — ; 4@ Dataset (labeled property graph, RDF, ...)
The graph is u
: ) processed by ' Avertex Labels may be
LI N R ] ----' thE:égS{gFM mzﬁ%'gﬂn v::n’.‘gg':;ﬁg:d?% :BatteryModule

Non-LLM Executor

The tools are
used by the Non-
LLM Executor

supplierCode: :Sum

"TAPS-0142"
scope: "fasteners”
leadTimeDays: 21

Properties may be associated
witlg both vertices and edgest \

modelName: "Model Y"
driveVarlants: ["RWD","AWD"]
status: "active”

:VehicleModel

———— -ASSEMBLED_AT

"General Assembly”
processName:

routeVersion:

:BUILT_USING
:PROCESS_ROUTE

"Final Assembly™
assemblyTler: 2
cycleTimeSec: 95

oeeTarget: 0.97

effectiveFrom:
"2025-01-01"

moduleCode:
"BM-4680-5TD"
cellFormat: "4680"
capacityKWH: 75
supplierType:
"Iin-house”

An edge
models a
relation

siteName:
"Glgafactory Texas"
siteCode: "GF-TX"
linesActive: 12
status: "operational”
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LLM Agent

[ ] -
% » Semantic Makes in-house graph data, graph operations, and :
Semanti ] Catalog other elements (e.g., output artifacts) legible to the '
e O LLM without fine-tuning or long prompts '
.---...-------I --.----..---.. usedbythe ' .
1 Decid whether t . LLM Agent ] '
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Non-LLM Executor

The tools are
used by the Non-
LLM Executor

.
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supplierCode: :Sum

"TAPS-0142"
scope: "fasteners”
leadTimeDays: 21

Properties may be associated
witlg both vertices and edgest \

modelName: "Model Y"
driveVarlants: ["RWD","AWD"]
status: "active”

:VehicleModel

———— -ASSEMBLED_AT

"General Assembly”
processName:

routeVersion:

:BUILT_USING
:PROCESS_ROUTE

"Final Assembly™
assemblyTler: 2
cycleTimeSec: 95

oeeTarget: 0.97

effectiveFrom:
"2025-01-01"

moduleCode:
"BM-4680-5TD"
cellFormat: "4680"
capacityKWH: 75
supplierType:
"Iin-house”

An edge
models a
relation

siteName:
"Glgafactory Texas"
siteCode: "GF-TX"
linesActive: 12
status: "operational”
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Example Semantic Descriptors

status = ACTIVE

:AssemblyLine

Example
property

:OUTPUTS

unitCost = 99.96

:BatteryModule
:VehicleModel

name=".."

:INTEGRATED_IN marketSegment =
"Premium crossover"

{INTEGRATED_IN

:INSTALLED_AT FactorySite

:DriveAssembly

siteCode = FAC-01
status = OPERATIONAL
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Example Semantic Descriptors

Semantic
e Descriptor

Denotes that a component or subsystem, such as a
battery or drive assembly, is physically and functionally
incorporated into a higher-level product during assembly. :AssemblyLine

status = ACTIVE

Example
property

Semantic
e Descriptor
The resource is
externally supplied. :BatteryModule

unitCost = 99.96

:VehicleModel

. name=".."
Sema‘ntlc :INTEGRATED_IN marketSegment =
g Descriptor "Premium crossover"

Represents a partially
assembled propulsion :INTEGRATED_IN
subsystem within a multi-
stage vehicle production
process; it may consume
earlier components (e.g.,
electric motors) and supply
integrated assemblies to
final vehicle models.

:INSTALLED_AT

:DriveAssembly :FactorySite

siteCode = FAC-01
status = OPERATIONAL
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GraphSeek Design & Implementation

Green: Blue: general workflow Red: Tool
GraphSeek (high-level overview) Legend: datsrelated  (Non-LLM) related i
Hybrid Data Store % i 5 ;tgsg;?he Q User Query j Adap.t'i:i: Too‘l)s;e:ools @
Definitions
- Controller + rato
S Graph Data B Messages 2 2 Ope_Pt tor e
+ Semantic - <+ LLM Agent +—> ﬁ E}?:c-ll;::-g:l “—>
Descriptors Tasks g Tool adaptation process
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GraphSeek Design & Implementation

Q User Query

Hybrid Data Store

-
= Graph Data

Source
graph
DB

Results

!i Data Cache

Blob storage of result
Dataframes with
assigned data_handle or
graph_handle for lookup

L Messages

Ordered list of every
message in the conversation
{from user, agent, or tool) in

a truncated form

[J4 Tasks
v
Each task is represented
by a document containing
all steps performed to
complete it (user (iuer?(,
subsequential tool calls
and results references,
final response).

Details: Appendix

|

(e 0 ©

% LLM Agent

—— query source DB

Controller

Is a tool call 9

required?

N'o@

Non-LLM
Executor

YES

result DataFrame

*—

get
messages

get
tool

DB scheme
(with Semantic
Descriptors) gm

Message history

list

%

Adaptive Toolset
®

Definitions of tools

»  Executetool = «—sgettool
r > code
query
previous
results
Save result
. v Create
Final Answer 9 abbreviated
& User Output result

Result satisfying user
request or ask for
additional input
from user

;

Tool adaptation
Details: Appendix
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Evaluation

[ Basic LangChain @ Enhanced LangChain [ Enhanced LangChain + Semantic Catalog I GraphSeek + Special Tools [ GraphSeek - No Descriptors [ Basic GraphSeek
Time- and Site-Sliced Production Queries Aggregation | Multi-Hop Dependency | Cost-Attribution & Process-Centric

10/10 -
9/10 -
8/10 -
7/10 -
6/10 -
5/10 -
4/10 -
3/10 -
2/10 -
1/10 -
0/10-
Ql Q2 Q7 Q1lo0 Q14 Q Q5 Q6 Q12 Q3 Q4 Q11 Q13

Success Rate

15 Q8 Q9

36
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Evaluation
[ Basic LangChain @ Enhanced LangChain [ Enhanced LangChain + Semantic Catalog I GraphSeek + Special Tools [ GraphSeek - No Descriptors [ Basic GraphSeek

Time- and Site-Sliced Production Queries Aggregation | Multi-Hop Dependency | Cost-Attribution & Process-Centric

10/10 -
9/10 -
8/10 -
7/10 -
6/10 -
5/10 -
4/10 -
3/10 -
2/10 -
1/10 -
0/10-
Ql Q2 Q7 Q1lo0 Q5 Q6 Q12 Q3 Q4 Q11 Q13

How many base-tier
drive assemblies do

Success Rate

Q14 Q15 Q8 Q9

we produce at each
factory site?

36
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Evaluation
[ Basic LangChain @ Enhanced LangChain [ Enhanced LangChain + Semantic Catalog I GraphSeek + Special Tools [ GraphSeek - No Descriptors [ Basic GraphSeek

Time- and Site-Sliced Production Queries Aggregation | Multi-Hop Dependency | Cost-Attribution & Process-Centric

10/10 -
9/10 -
8/10 -
7/10 -
6/10 -
5/10 -
4/10 -
3/10 -
2/10 -
1/10 -
0/10-
Ql Q2 Q7 Q1lo0 Q14 Ql Q5 Q6 Q12 Q3 Q4 Q11 Q13

How many base-tier

drive assemblies do

we produce at each
factory site?

Success Rate

5 Q8 Q9

Show me the unique

manufacturing blueprint
for vehicle model EV-X7

36
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Evaluation

[ Basic LangChain @ Enhanced LangChain [ Enhanced LangChain + Semantic Catalog I GraphSeek + Special Tools [ GraphSeek - No Descriptors [ Basic GraphSeek
Time- and Site-Sliced Production Queries Aggregation | Multi-Hop Dependency | Cost-Attribution & Process-Centric

10/10 -
9/10 -
8/10 -
7/10 -
6/10 -
5/10 -
4/10 -
3/10 -
2/10 -
1/10 -
0/10-
Ql Q2 Q7 Q1lo0 Q14 Ql Q5 Q6 Q12 Q3 Q4 Q11 Q13

How many base-tier Show me the Uniaue Atr\:vh;](?hhfactory S|Lte is ’Fhe comp]f)nent v(\j/;ch
drive assemblies do q the highest market price manufactured:

we produce at each
factory site?

Success Rate

5 Q8 Q9

manufacturing blueprint
for vehicle model EV-X7

36
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[ Basic LangChain @ Enhanced LangChain [ Enhanced LangChain + Semantic Catalog I GraphSeek + Special Tools [ GraphSeek - No Descriptors [ Basic GraphSeek
Time- and Site-Sliced Production Queries Aggregation | Multi-Hop Dependency | Cost-Attribution & Process-Centric

Success Rate

10/10 -
9/10 -
8/10 -
7/10 -
6/10 -
5/10 -
4/10 -
3/10 -
2/10 -
1/10 -
0/10-

Ql Q2 Q7 Q1lo0 Q14 Ql

How many base-tier

drive assemblies do

we produce at each
factory site?

Q5 Q6 Q12 Q3 Q4 Q11 Q13

At which factory site is the component with
Show me the unique the highest market price manufactured?
manufacturing blueprint
for vehicle model EV-X7

5 Q8 Q9

Check unique production plans for three vehicle
models whose names start with 'B’, and tell me
which one uses the largest number of modules.
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[ Basic LangChain @ Enhanced LangChain [ Enhanced LangChain + Semantic Catalog I GraphSeek + Special Tools [ GraphSeek - No Descriptors [ Basic GraphSeek
Time- and Site-Sliced Production Queries Aggregation | Multi-Hop Dependency | Cost-Attribution & Process-Centric

Success Rate

10/10 -
9/10 -
8/10 -
7/10 -
6/10 -
5/10 -
4/10 -
3/10 -
2/10 -
1/10 -
0/10-

Ql Q2 Q7 Q1lo0 Q14 Ql

How many base-tier

drive assemblies do

we produce at each
factory site?

Q5 Q6 Q12 Q3 Q4 Q11 Q13

At which factory site is the component with
Show me the unique the highest market price manufactured?
manufacturing blueprint
for vehicle model EV-X7

5 Q8 Q9

Check unique production plans for three vehicle
models whose names start with 'B’, and tell me
which one uses the largest number of modules.

What is the highest module cost?
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Evaluation

[ Basic LangChain @ Enhanced LangChain [ Enhanced LangChain + Semantic Catalog I GraphSeek + Special Tools [ GraphSeek - No Descriptors [ Basic GraphSeek
Time- and Site-Sliced Production Queries Aggregation | Multi-Hop Dependency | Cost-Attribution & Process-Centric

10/10 -
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8/10 -
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Evaluation

[ Basic LangChain @ Enhanced LangChain [ Enhanced LangChain + Semantic Catalog I GraphSeek + Special Tools [ GraphSeek - No Descriptors [ Basic GraphSeek

Time- and Site-Sliced Production Queries Aggregation | Multi-Hop Dependency | Cost-Attribution & Process-Centric
10/10 1
9/10 A
8/10 A
% 7/10-
, ©/101
® 5/101
S 4/10-
V1 3/10
2/10 A
1/10 -
0/10-
Ql Q2 Q7 Q10 Q14 Q15 Q8 Qo Q5 Q6 Q12 Q3 Q4 Q11 Q13
Time- and Site-Sliced Production Queries Aggregation Multi-Hop Dependency | Cost-Attribution & Process-Centric
106 ]
105 i
7))
[
9
4
2 10
103 ]

Ql Q2 Q7 Q10 Q14 Q15 Q8 Q9 Q5 Q6 Q12 Q3 Q4 Q11 Q13
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Retrieval

Graph database

Knowledge graph
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Graphs in the LLM Pipeline: Overview

It’s all about LLMSs these days...
But Al is not just LLMSs!

Retrieval

Graph database

Knowledge graph
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Graphs + Deep Learning = Graphs Neural Networks (GNNs)

Article

A graphplacement methodology for fast
chipdesign

https://doi.org/10.1038/s41586-021-03544-w  Azalia Mirhoseini***, Anna Goldie'***, Mustafa Yazgan?, Joe Wenijie Jiang',

. Ebrahim Songhori', Shen Wang', Young-Joon Lee?, Eric Johnson', Omkar Pathak?,
Recelved: 3 November 2020 Azade Nazi', Jiwoo Pak?, Andy Tong? Kavya Srinivasa’, William Hang?® Emre Tuncer?,
Accepted: 13 April 2021 Quoc V. Le', James Laudon’, Richard Ho? Roger Carpenter® & Jeff Dean’

Published online: 9 June 2021

‘™ Check for updates Chip floorplanning is the engineering task of designing the physical layout of a

comnuter chin Desnite five decades of research! chin flnarnlannine has defied
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Graphs + Deep Learning = Graphs Neural Networks (GNNs)

Article

A graph placement methodology for fast

chipdesign

https://doi.org/10.1038/s41586-021-03
Received: 3 November 2020

Accepted: 13 April 2021

Published online: 9 June 2021
‘™ Check for updates

Article

Advancing mathematics by guiding human
intuition with Al

https://doi.org/10.1038/s41586-021-04086-x  Alex Davies'™, Petar Veli¢kovi¢', Lars Buesing', Sam Blackwell', Daniel Zheng',
Received: 10 Julv 2021 Nenad TomaseV', Richard Tanburn', Peter Battaglia', Charles Blundell', Andras Juhasz?,
. Y Marc Lackenby?, Geordie Williamson®, Demis Hassabis' & Pushmeet Kohli'™

Accepted: 30 September 2021

Published online: 1 December 2021 The practice of mathematics involves discovering patterns and using these to

Onen access formmulatonnd nrnvun conionturac racultinginthaneame Cincntha104Nc
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Graphs + Deep Learning = Graphs Neural Networks (GNNs)

Article

A graph placement methodology for fast

chipdesign

https://doi.org/10.1038/s41586-021-03
Received: 3 November 2020

Accepted: 13 April 2021

Published online: 9 June 2021
‘™ Check for updates

Article

Advancing mathematics by guiding human

intuitionwith Al

https://doi.org/101038/s41586-021-04086-x  Alex Da

. Nenad T
Received: 10 July 2021 Marc La
Accepted: 30 September 2021
Published online: 1 December 2021

Thepr
Onen access fovenis 1

Article

Highly accurate protein structure prediction
with AlphaFold

https://doi.org/10.1038/s41586-021-03819-2 John Jumper***, Richard Evans'®, Alexander Pritzel**, Tim Green'*, Michael Figurnov'*,
Olaf Ronneberger'?, Kathryn Tunyasuvunakool*, Russ Bates'*, Augustin Zidek™*,
Anna Potapenko™, Alex Bridgland'*, Clemens Meyer*, Simon A. A. Kohl",
Accepted: 12 July 2021 Andrew J. Ballard"*, Andrew Cowie'?, Bernardino Romera-Paredes'?, Stanislav Nikolov"?,

. , Rishub Jain'*, Jonas Adler', Trevor Back’, Stig Petersen’, David Reiman’, Ellen Clancy’,
Published online: 15 July 2021 Michal Zielinski', Martin Steinegger®®, Michalina Pacholska', Tamas Berghammer,
Open access Sebastian Bodenstein', David Silver', Oriol Vinyals', Andrew W. Senior', Koray Kavukcuoglu',
Pushmeet Kohli' & Demis Hassabis"**>

Received: 11 May 2021

® Check for updates

Proteins are essential to life,and understanding their structure can facilitate a
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A Single GNN Layer

Input
samples

(

A\
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A Single GNN Layer

Input
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(
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Node Classification, aka

Label Prediction In same cases,
Task: predict the research accuracy decreases

area of the publication

It is important to understand the data well and

select the right encoded LPG information
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