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narrated narrated

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

narrated narrated

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

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

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



@ aspcl
Yy @spcl_eth

e cscs ETHzirich

e —] o = B

spcl.ethz.ch

Agents, Tools

D NJ LJK

start building
the knowledge graph (KG)

uery web for invoke text inspector @ extract info from graph
aqdditlyonal data Jv-@% (YouTube transcriber) r and generate response r @
v

| v | v I v
Input task statement Knowledge Graph Knowledge Graph Knowledge Graph Response
(e.g., level 3 question (enhanced) (enhanced)
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 Stars”, narrated by
narrated narrated narrated narrated Andy Serkls, 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?

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

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

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...

number mentioned

after the dinosaurs

first appearance is
100,000,000
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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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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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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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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 inteagent 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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Majority Voting Interactive Communication

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

|
| Eandam Sesnt "In the following sentences,

. Explanation: : explain the antecedent of the
Explanaﬁon: Explanahon: INTP "In the sentence, .lllllllllllllllllllllllll: pronoun (Which thing the pronoun
ikl prodoun iTheipronionn the pronoun ’his’ l \/ \J refers to), or state that it is
= “his' refers to > isiiElS —> refers to Sam, ENF) - INTP P
Sam, indicating Sam, indicating indicating that the p amblguous. .
that the office that the office Bl o Self- self- After meeting with the producers,
belongs to belongs to him." him. Therefore, the Reflection Reflection Sam went to his office."
antecedent of 'his’ is !
Sam, makin.g it.clear Agent Messages:
;';frtl,tsh:ff?zgﬁ.e . » ENFJ: The correct choice is:
¥ "The office was Sam’s office." The
) antecedent of the pronoun "his" in
Vote: Vote: Vote: sressssssasnasannasaanasa,  Select different agent the sentence refers to Sam.
"The office was Sam's "The office was Sam's "The office was Sam's OF glve solution
office." office." office." . ‘.
I (] 1 &_, i ENB ESF) INTP
Count Votes "The office was Sam's office." Self- Self- 'l y Self-
:  Reflection Reflectio Reflection
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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®
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Warsaw University of Technology IDEAS Research Institute
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Tools GNN engineering
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Training related &

Graph
Foundation
Models

Cross attention with GNNs
Graphrelated predictions

Graph
modality

Raw data

Transformer

Fine-tuned

i LLM Decoder blocks
Pretrained LLM LLM _— ~

Supervised Instruction
Pretraining @ fine-tuning tuning, . ':I';-:i > SSIcoocT(d -»>

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!
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Training related &

Graph
Foundation
Models

Cross attention with GNNs
Graphrelated predictions

Graph
modality

Raw data

Transformer

Fine-tuned

i LLM Decoder blocks
Pretrained LLM LLM _— ~

Supervised Instruction
Pretraining @ fine-tuning tuning, . ':I';-:i > SSIcoocT(d -»>

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
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Training rel
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Foundation
Graph Models
modality

Graph Cross attention With QNNS
tuning Graphrelated predictions

Raw data
Fine-tuned
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Inference related 2
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