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Chat GTP-4 Could Pass the Bar Exam

How Our Technology Evolves FAST
Source: https://medium.com/
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Chat GTP-4 Could Pass the Bar Exam

How Our Technology Evolves FAST
Source: https://medium.com/

Al chatbot's MBA exam pass poses test for
business schools

ChatGPT earned a solid grade and outperformed some humans on a Wharton course

A professor at the University of Pennsylvania’s Wharton School said ChatGPT earned a ‘B to B-" on his operations management test
© Bloomberg

Source: https://www.ft.com/
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Chat GTP-4 Could Pass the Bar Exam

How Our Technology Evolves FAST
Source: https://medium.com/

Al chatbot's MBA exam pass poses test for
business schools

ChatGPT earned a solid arade and outperformed some humans on a Wharton course

Al Passes U.S. Medical Licensing Exam

— Two papers show that large language models, including ChatGPT, can pass the USMLE

by Michael DePeau-Wilson, Enterprise & Investigative Writer, MedPage Today January 19, 2023

Source: https://www.medpagetoday.com/
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Al chatbot's MBA exam pass poses test for
business schools

ChatGPT earned a solid arade and outperformed some humans on a Wharton course
Al Passes U.S. Medical Licensing Exam

— Two papers show that large language models, including ChatGPT, can pass the USMLE

by Michael DePeau-Wilson, Enterprise & Investigative Writer, MedPage Today January 19, 2023

Source: https://www.medpagetoday.com/

@

i Study finds ChatGTP outperforms physicians in providing
high-quality, empathetic advice to patient questions

‘Q’b\' Date:  April 28, 2023 https://www.sciencedaily.com/
Source:  University of California - San Diego

Summary: A new study provides an early glimpse into the role that Al assistants could play in
medicine. The research compared written responses from physicians with those from
ChatGPT to real-world health questions. A panel of licensed healthcare professionals
preferred ChatGPT's responses 79% of the time.
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Al chatbot's MBA exam pass poses test for
business schools

ChatGPT e

Al Passes U.S. Medical Licensing Exam

— Two papers show that large language models, including ChatGPT, can pass the USMLE

by Michael DePeau-Wilson, Enterprise & Investigative Writer, MedPage Today January 19, 2023

AN

‘Amazingly, ChatGPT gets hired at L3 when interviewed for a coding position, reads a Google document, but ChatGPT itself says it can't replicate human
creativity and problem-solving skills.

Andrew Jack in New Yorl JANUARY 212
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Al Passes U.S. Medical Licensing Exam

— Two papers show that large language models, including ChatGPT, can pass the USMLE

by Michael DePeau-Wilson, Enterprise & Investigative Writer, MedPage Today January 19, 2023
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‘Amazingly, ChatGPT gets hired at L3 when interviewed for a coding position, reads a Google document, but ChatGPT itself says it can't replicate human
creativity and problem-solving skills.
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Source: https://medium.com/ That Makes the Human Mind

Al chatbot's MBA exam pass poses test for Unique?
bus:i_ness SChOOlS The capacity to engage in shared tasks such as hunting large game and building cities may be what

separated modern humans from our primate cousins

ChatGPT e

By Gary Stix on October 1. 2016

Al Passes U.S. Medical Licensing Exam

— Two papers show that large language models, including ChatGPT, can pass the USMLE

by Michael DePeau-Wilson, Enterprise & Investigative Writer, MedPage Today January 19, 2023

Source: https://www.medpagetoday.com/

{ IN BRIEF |

® Humans—it was once thought—differed from other animals by their use of tools
and their overall superiority in a range of cognitive abilities. Close observation of

| ChatG PT Passes Google coding InterVieW for Level 3 the behaviors of chimpanzees and other great apes has proved these ideas to be

wrong.

Englneer Wlth s183K Salary e Chimpanzees score as highly as young children on tests of general reasoning

'Amazingly, ChatGPT gets hired at L3 when interviewed for a coding position, reads a Google document, but ChatGPT itself says it can't replicate human ahilities but lack many of the social skills that come naturally to their human
creativity and problem-solving skills.

X

cousins. Unlike humans, chimps do not collaberate in the large groups needed to

1@ .,, f ¥ in ? build complex societies.

e | Comparison of human and chimp psychelogy reveals that an essential source of

the differences in humans may be the evolution of the ability to intuit what
another person is thinking so that both can work toward a shared goal.

Andrew Jack in New Yorl JANUARY 212
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Al chatbot's MBA exam pass poses test for
business schools

ChatGPT e

Al Passes U.S. Medical Licensing Exam

— Two papers show that large language models, including ChatGPT, can pass the USMLE

by Michael DePeau-Wilson, Enterprise & Investigative Writer, MedPage Today January 19, 2023

Source: https://www.medpagetoday.com/

! ChatGPT Passes Google Coding Interview for Level 3
Engineer With $183K Salary

‘Amazingly, ChatGPT gets hired at L3 when interviewed for a coding position, reads a Google document, but ChatGPT itself says it can't replicate human

e

creativity and problem-solving skills.
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Bing Chat Outshines ChatGPT with
Cutting-Edge "Theory of Mind"
Capabilities

SHAUNMN Feb 13, 2023 Updated « Feb 13, 2023 Apps | 70

Oh, ChatGPT, if you ever develop a consciousness, please remember with joy all the fun you're having with
humanity nowadays. Especially if you ever consider squeezing out our life force while being locked in a vat. As
you surely know, ChatGPT has been on everybody’s minds lately thanks to its incredible capabilities. You
probably know about ChatGPT's ability to write a poem, develop software, and even write phishing emails for
all those wannabe criminals out there.

&¢ Microsoft Bing
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Turing Lecture

June 23, 2019
5:15pm MST

TURING
AWARD

Geoffrey Hinton Yann LeCun

https://www.youtube.com/watch?v=VsnQf7exv5I
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Al revolution] was the increase in Vv
compute power” (26:50)

2018 ACM A.N
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June 23, 2019
5:15pm MST

Yann LeCun
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https://www.youtube.com/watch?v=VsnQf7exv5I



https://www.youtube.com/watch?v=VsnQf7exv5I

Qew  ETHzirich

“I think a lot of the credit for deep
learning goes to [... others ...] and
the people who made the
computers go fast.” (27:00)

“Really the deciding factor [for the
Al revolution] was the increase in
compute power” (26:50)

2018 ACM A.N
Turing Lecture

June 23,2019
5:15pm MST

TURING .
AWARD *

Geoffrey Hinton Yann LeCun

https://www.youtube.com/watch?v=VsnQf7exv5I
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How do we “Make Computers go Fast”?

https://www.youtube.com/watch?v=IsnRP9akCDk
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How do we “Make Computers go Fast”?

202 1 Turing award T JaCk Dongarra “There's plenty of room at the Top: What will drive computer

performance after Moore's law?"
I he I ake Away Lelserson of al., Science 368, X079 (2020) 5 Juse 2020

The Top
g S techaciogy 01810811 §1150011 ‘/‘\ Cim
« HPC Hardware is Constantly Changing AN v A K N
 Scalar Software Algorithems Hardware architecture
- Vector Opportunty :::::'p:\rmn Now dgor o Hardaars UTeaminwyg
- = Exarpies Rermovry woftware bioat Neow probien domans Procesor srmphicaton
« Distributed e R —

rardert gt

« Accelerated

« Mixed precision ———
« Three computer revolutions o e e ey

Ledserson ot al., Science 368, 079 (2020) 5 June 2020

« High performance computing
» Deep learning
« Edge & Al
« Algorithm / Software advances follows hardware
« And there is “plenty of room at the top”

https://www.youtube.com/watch?v=IsnRP9akCDk
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How do we “Make Computers go Fast”?

2021 Turing award — Jack Dongarra ... ... .. e we s s e

performance after Moore's law?"

The Take Away S i R Sy

The Top

Supercomputers + HPC Hardware is Constantly Changing i ij {ﬁ
are very (>70%)  Scalar b g Mardmare architecture

efficient at dense « Vector T o e s e S
linear algebra! « Distributed R e

« Accelerated

« Mixed precision ﬁ

« Three computer revolutions SR

« High performance computing SRR Lo
 Deep learning
« Edge & Al

« Algorithm / Software advances follows hardware
« And there is “plenty of room at the top”

https://www.youtube.com/watch?v=IsnRP9akCDk
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FINANCIAL TIMES

Artificial intelligence <+ Add to myFT)

The billion-dollar bet to reach human-level Al

OpenAl believes that huge computing power is key driver

In the race to build a machine with human-level intelligence, it seems, size

really matters.

“We think the most benefits will go to whoever has the biggest computer,” said

Greg Brockman, chairman and chief technology officer of OpenAl.

The San Francisco-based Al research group, set up four years ago by tech

industry luminaries including Elon Musk, Peter Thiel and Reid Hoffman, has

just thrown down a challenge to the rest of the AI world.

Richard Waters in San Francisc AUGUST 32019 | D 140 E

source: ft.com
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Supercomputers fuel Modern Al

T. Ben-Nun, TH: Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, ACM Computing Surveys (CSUR), 2019
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Supercomputers fuel Modern Al

Facebook parent Meta creates powerful Al
supercomputer

Facebook's parent company Meta says it has created what it believes is among the fastest artificial
intelligence supercomputers running today

By The Associated Press
January 24, 2022, 10:33 PM

7 Share

T. Ben-Nun, TH: Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, ACM Computing Surveys (CSUR), 2019
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Supercomputers fuel Modern Al

Facebook parent Meta creates powerful Al
supercomputer

Facebook's parent company Meta says it has created what it believes is among the fastest artificial
intelligence supercomputers running today

By The Associated Press
January 24, 2022, 10:33 PM

7 Share

Tesla unveils Dojo supercomputer: world’s new
most powerful Al fraining machine

Fred Lambert - Aug. 20th 2021 3:08 am PT W

T. Ben-Nun, TH: Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, ACM Computing Surveys (CSUR), 2019
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Supercomputers fuel Modern Al BABY STEPS Google artificial intelligence

supercomputer creates its own ‘Al child’
that can outperform its human-made rivals

The NASNet system was created by a neural network called AutoML earlier this year

Facebook parent Meta creates powerful Al
supercomputer .
Mark Hodge

Facebook's parent company Meta says it has created what it believes is among the fastest artificial 15:22, 5 Dec 2017 | Updated: 11:27, 6 Dec 2017
intelligence supercomputers running today

By The Associated Press
January 24, 2022, 10:33 PM > Share

Tesla unveils Dojo supercomputer: world’s new
most powerful Al fraining machine

Fred Lambert - Aug. 20th 2021 3:08 am PT W

T. Ben-Nun, TH: Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, ACM Computing Surveys (CSUR), 2019
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Supercomputers fuel Modern Al

Facebook parent Meta creates powerful Al
supercomputer

Facebook's parent company Meta says it has created what it believes is among the fastest artificial
intelligence supercomputers running today

By The Associated Press 7 Share

January 24, 2022, 10:33 PM

Tesla unveils Dojo supercomputer: world’s new
most powerful Al fraining machine

Fred Lambert - Aug. 20th 2021 3:08 am PT W

BABY STEPS Google artificial intelligence
supercomputer creates its own ‘Al child’
that can outperform its human-made rivals

The NASNet system was created by a neural network called AutoML earlier this year

Mark Hodge

15:22, 5 Dec 2017 | Updated: 11:27, 6 Dec 2017

Microsoft invests $1billion in
OpenAl to pursue holy grail of
artificial intelligence

Building artificial general intelligence is OpenAl's ambitious goal

By James Vincent | Jul 22, 2019, 10:08am EDT

T. Ben-Nun, TH: Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, ACM Computing Surveys (CSUR), 2019
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Supercomputers fuel Modern Al BABY STEPS Google artificial intelligence

supercomputer creates its own ‘Al child’
that can outperform its human-made rivals

Facebook parent Meta creates powerful Al
The NASNet system was created by a neural network called AutoML earlier this year
supercomputer o
Mark Hodge

15:22, 5 Dec 2017 | Updated: 11:27, 6 Dec 2017

Facebook's parent company Meta says it has created what it believes is among the fastest artificial
intelligence supercomputers running today

By The Associated Press 7 Share

January 24, 2022, 10:33 PM

Microsoft invests $1 billion in
OpenAl to pursue holy grail of

Tesla unveils Dojo supercomputer: world’'s hew artificial intelligence
mos'l' powerful AI 'I'rc]lnlng mochlne Building artificial general intelligence is OpenAl's ambitious goal

10k GPUs

By James Vincent | Jul 22, 2019, 10:08am EDT

Fred Lambert - Aug. 20th 2021 3:08 am PT W

T. Ben-Nun, TH: Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, ACM Computing Surveys (CSUR), 2019
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Supercomputers fuel Modern Al

Facebook parent Meta creates powerful Al
supercomputer

Facebook's parent company Meta says it has created what it believes is among the fastest artificial
intelligence supercomputers running today

By The Associated Press
January 24, 2022, 10:33 PM > Share

Tesla unveils Dojo supercomputer: world’s new
most powerful Al fraining machine

Fred Lambert - Aug. 20th 2021 3:08 am PT W
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BABY STEPS Google artificial intelligence
supercomputer creates its own ‘Al child’
that can outperform its human-made rivals

The NASNet system was created by a neural network called AutoML earlier this year

Mark Hodge

15:22, 5 Dec 2017 | Updated: 11:27, 6 Dec 2017

Microsoft invests $1billion in
OpenAl to pursue holy grail of
artificial intelligence

Building artificial general intelligence is OpenAl's ambitious goal

By James Vincent | Jul 22, 2019, 10:08am EDT

T. Ben-Nun, TH: Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, ACM Computing Surveys (CSUR), 2019

10k GPUs
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Supercomputers fuel Modern Al [savstees Google artificial intelligence

supercomputer creates its own ‘Al child’

Facebook parent Meta creates powerful Al that can outperform its human-made rivals
The NASNet system was created by a neural network called AutoML earlier this year

supercomputer Mark Hodge

15:22, 5 Dec 2017 | Updated: 11:27, 6 Dec 2017

Facebook's parent company Meta says it has created what it believes is among the fastest artificial
intelligence supercomputers running today

By The Associated Press
January 24, 2022, 10:33 PM > Share

Microsoft invests $1billion in
OpenAl to pursue holy grail of
artificial intelligence

Building artificial general intelligence is OpenAl's ambitious goal

By James Vincent | Jul 22, 2019, 10:08am EDT

Tesla unveils Dojo supercomputer: world’s new
most powerful Al fraining machine

Fred Lambert - Aug. 20th 2021 3:08 am PT W

10k GPUs
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The NASNet system was created by a neural network called AutoML earlier this year
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supercomputer

Facebook's parent company Meta says it has created what it believes is among the fastest artificial
intelligence supercomputers running today
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Microsoft invests $1billion in
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artificial intelligence

Building artificial general intelligence is OpenAl's ambitious goal

By James Vincent | Jul 22, 2019, 10:08am EDT
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most powerful Al fraining machine

Fred Lambert - Aug. 20th 2021 3:08 am PT W
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The NASNet system was created by a neural network called AutoML earlier this year
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Mark Hodge
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layer-wise weight update

= GPT-3: 500 billion tokens
= |mageNet (22k): A few TB
= Soon: the whole internet!

T. Ben-Nun, TH: Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, ACM Computing Surveys (CSUR), 2019
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Facebook's parent company Meta says it has created what it believes is among the fastest artificial
intelligence supercomputers running today

Mark Hodge
15:22,5 Dec 2017 | Updated: 11:27, 6 Dec 2017

?.:.Th?_Afs.oiiitf prf?, oM 7 Share )
Microsoft invests $1 billion in < |
. < - B
OpenAl to pursue holy grail of il [
Tesla unveils Dojo supercomputer: world’s new artificial intelligence e _.
mos'l' powerful Al ‘I‘rc“n'ng moch'ne Building artificial general intelligence is OpenAl's ambitious goal : 1
Fred Lambert - Aug. 20th 2021 3:08 am PT W By James Vincent | Jul 22, 2019, 10:08am EDT 10k GPUS
o f(x)
red d It — not 0.74 not -
— o sometimes 0.28 sometimes 0.00
G®* >\ ey _injure a i N E ) r\ | b . aways | oo aways | 500
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¢ Jthrough inaction, £ ==z 122z °°° ==z 1BE] 2] B and | 033 and [ 0.0
allow a human I "B P IR L boat | 0.02 boat | 0.00
belng to come house 0.02 house 0.00

to harm.

layer-wise weight update

= GPT-3: 500 billion tokens = GPT-3: 96 (complex) layers
" |ImageNet (22k): A few TB 175 bn parameters (700 GiB in fp32)
= Soon: the whole internet! 2048-token “sentences”

T. Ben-Nun, TH: Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, ACM Computing Surveys (CSUR), 2019
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to harm.

layer-wise weight update

= GPT-3: 500 billion tokens = GPT-3: 96 (complex) layers = GPT-3: 30-50k dictionaries
= |mageNet (22k): A few TB 175 bn parameters (700 GiB in fp32) = takes weeks to train
= Soon: the whole internet! 2048-token “sentences”

T. Ben-Nun, TH: Demystifying parallel and distributed deep learning: An in-depth concurrency analysis, ACM Computing Surveys (CSUR), 2019
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High-Performance 1/0

e Quickly growing data volumes
* Scientific computing!
* Use the specifics of machine
learning workloads
* E.g., intelligent prefetching

CLAIRVOYANT PREFETCHING FOR DISTRIBUTED MACHINE LEARNING I/O

Roman Bihringer ! Nikoli Dryden’ Tal Ben-Nun' Torsten Hoefler '

ABSTRACT
1/O is emerging as a major bottleneck for machine learning training, especially in distributed environments such
as clouds and supercomputers. Optimal data ingestion pipelines differ between systems, and increasing efficiency
requires a delicate balance between access to local storage, external filesystems, and remote workers; yel existing
il to efficiently utilize such resources. We observe that, given the seed generating the random access
pattern for training with SGD, we have clairvoyance and can exactly predict when a given sample will be accessed.
We combine this with a theoretical analysis of access patterns in training and performance modeling to produce a
novel machine learning /0 middleware, HDMLP, to tackle the /O bottleneck. HDMLP provides an easy-1o-use,

flexible, and scalable solution that delivers betier p ce than f-the-art approaches while requiring
very few changes 1o existing codebases and supporting a broad range of environments.

Jan 2021
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High-Performance I/0 High-Performance Compute

e Quickly growing data volumes
* Scientific computing!
* Use the specifics of machine
learning workloads
* E.g., intelligent prefetching

* Deep learning is HPC
* Data movement!
* Quantization, Sparsification
* Drives modern accelerators!

Data Movement Is All You Need: A Case Study on
Optimizing Transformers

Andrei Ivanov®, Nikoli Dryden®, Tal Ben-Nun, Shigang Li, Torsien Hoefler
CLAIRVOYANT PREFETCHING FOR DISTRIBUTED MACHINE LEARNING I/O ETH Ziirich

e.lastname@inf.ethz.ch

* Equal contribution

Roman Bihringer ! Nikoli Dryden’ Tal Ben-Nun' Torsten Hoefler '

ABSTRACT
1/ is emerging as a major bottleneck for machine learning training, especially in distributed environments such
as clouds and supercomputers. Optimal data ingestion pipelines differ between systems, and incres i

nerating the random
pattern for training with SGD, we have clairvoyance and can exactly pre en sample will be a
We combine this with a theoretical analysis of access patterns in training and performance modeling to produce a
novel machine learning /0 middleware, HDMLP, to tackle the /O bottleneck. HDMLP provides an easy-1o-use,
flexible, and scalable solution that delivers better p e than f-the-art approaches while requiring
very few changes to existing codebases and supporting a broad range of environments.

Jan 2021
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Abstract—Transformers have become widely used for language
modeling and sequence learning tasks, and are one of
chine learning workloads today. Traini

Amdahl’s Law and massive improvements in
‘mance, training has now become memary-bor

ing frameworks use suboptimal data lay
these insig] e present a recipe for globally optimizing data
movement in transformers. We reduce data mow
to 22.91% and overall achieve a 1.30x performan
meni over state-of-the-art frameworks when
Our approach is applicable more broadly to optimizi

neural networks, and offers insight into how to tackle emerging

i

challenges such as artificial general intelligence [27]. Thus,
improving transformer performance has been in the focus of
numerous research and industrial groups.

Significant attention has been given to optimizing transform-
ers: local and fixed-window attention [28]-[32], more general
structured sparsity [33], learned sparsity [34]-[36], and other
algorithmic techniques [19], [37] improve the performance of
transformers. Major hardware efforts, such as Tensor Cores
and TPUs [38] have accelerated tensor operations like matrix-
matrix multiplication (MMM), a core transformer operation.
Despite this, existing implementations do not efficiently
utilize GPUs. Even optimized implementations such as Mega-
tron [18] report achieving only 30% of peak GPU flopfs,
We find that the key botitleneck when training transform-
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e Quickly growing data volumes
* Scientific computing!
* Use the specifics of machine
learning workloads
* E.g., intelligent prefetching

CLAIRVOYANT PREFETCHING FOR DISTRIBUTED MACHINE LEARNING I/O

Roman Bihringer ! Nikoli Dryden’ Tal Ben-Nun' Torsten Hoefler '

ABSTRACT

1/O is emerging as a major bottleneck for machine learning training, especially in distributed environments such
as clouds and supercomputers. Optimal data ingestion pipelines differ between systems, and increasing efficiency
requires a delicate balance between ace 1o local storage, external filesystems, and remote workers; yet existing
frameworks fail to efficiently utilize such resources. We observe the n the seed generating the random access
pattern for training with SGD, we have clairvoyance and can exactly predict when a given sample will be accessed.
We combine this with a theoretical analysis of access patterns in training and performance modeling to produce a
novel machine learning /0 middles . HDMLP, 1o tackle the /O bouleneck. HDMLP provides an easy-to-use,
flexible, and scalable solution that delivers better performance than state-of-the-art approaches while requiring
very few changes to existing codebases and supporting a broad range of environments.
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High-Performance Compute High-Performance Communication

« Deep learning is HPC * Use larger clusters (10k+ GPUs)

* Data movement! * Model parallelism
* Quantization, Sparsification * Complex pipeline schemes
* Drives modern accelerators! * Optimized networks
Distribution and Parallelism
Data Pipeline Operator

Data Movement Is All You Need: A Case Study on
Optimizing Transformers

Andrei Ivanov®, Nikoli Dryden®, Tal Ben-Nun, Shigang Li, Torsien Hoefler
H Ziiri

e me@inf.ethz.ch
S
Equal contribution

challenges such as artificial general intelligence [27]. Thus,
improving transformer performance has been in the focus of
numerous research and industrial groups.

Significant attention has been given to optimizing transform-
ers: | and fixed-window attention [28]-{32], more general
structured sparsity [33], learned sparsity [34]-[36], and other
algorithmic techniques [19], [37] improve the performance of
transformers. Major hardware efforts, such as Tensor Cores
and TPUs [38] have accelerated tensor operations like matrix-
i on (MMM), a core transformer operation.
g implementations do not efficiently
Ji optimized implementations such as Mega-
ton [18] report achieving only 30% of peak GPU flop/s.

We find that the key bottleneck when training transform-

on has been giv
ite this, existing implement
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ment over state-of-the-art frameworks when tra BERT.
Our approach is applicable more broadly to o ng deep
neural networks, and offers insight into how to tackle emerging
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This is the past — LLMs work today!

(you can find that full talk on youtube)
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Scalable and Efficient Al:
From Supercomputers to
Smartphones

Torsten Hoefler, ETH Zurich
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We know training — but do we
understand using (prompting)?
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Human-based supervision
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>

Human-based ‘ Model-generated data

Raw data supervision & data

SFT

l! Pretrained LLM LLM
Supervised
Pretraining
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Human-based supervision
P > Reward
> model
Human-based ‘ Model-generated data

supervision & data

Raw data

SFT

l! Pretrained LLM LLM
Supervised
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P Reward

model

>
Human-based Model-generated data
supervision & data

SFT

E‘?Eﬁ l! Pretrained LLM LLM Rein'forcement
Supervised ., learning model- Model-based
Pretraining \
H @ E—)

fine-tuning generated data supervision
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SFT . Fine-tuned
:EE} l! Pretrained LLM LLM Reinforcement LLM
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Pretraining
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Reward
> model
Human-based Model-generated data
Raw data supervision & data
SFT . Fine-tuned
il l. Pretrained LLM LLM Reinforcement LLM
\us? Supervised learning model- Model-based
ﬁ @ Pretraining fine-tuning generated data @ supervision
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Prompts

®




< L ko T vy O e o ETHzUrich

spcl.ethz.ch
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Reward
> model
Human-based Model-generated data
Raw data supervision & data
SFT . Fine-tuned
il l. Pretrained LLM LLM Reinforcement LLM
\us? Supervised learning model- Model-based
Pretraining fine-tuning generated data supervision
H @ I <
Replies Prompts

(,thoughts”)
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Human-based supervision> Reward
> model
Human-based ‘ Model-generated data

Raw data supervision & data
l SFT . Fine-tuned
ddss . Pretrained LLM LLM Reinforcement LLM
bl Supervised | learning model- Model-based
Pretraining fine-tuning generated data supervision
H @ ) <
Replies Prompts
(,thoughts”)

This pipeline has massively

evolved in the past months
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Raw data

®

Pretraining
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Pretrained LLM LLM
o Supervised
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>
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Reinforcement LLM
learning model- Model-based
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Human-based supervision
@ Human-based | Model-generated data

Raw data supervision & data
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s P Supervised learning model- Model-based
Pretraining fine-tuning generated data supervision
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Training related

Human-based super\rlsmn’ » o ]
> ©  model
Human-based Model-generated data '
Raw data supervision & data
: Fine-tuned
| diby l! Pretrained LLM Reinforcement LLM
W . Supervised o learning model- Model-based
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Training related
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Training related

Inference related
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Basic Input-
Output (10)

Input

\/
Output

Thoughts:
Unscored

Positive
score

- Negative
score

Dependencies
between thoughts

W Abandon thought

*..Backtrack
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Prompting Paradigms

Basic Input-
Output (10)

Standard Prompting

Input ~ Model Input
" Q: Roger has 5 tennis balls. He buys 2 more cans of
0 tennis balls. Each can has 3 tennis balls. How many
utput tennis balls does he have now?

A: The answer is 11.

| d
Q: The cafeteria had 23 apples. If they used 20 to
Thoughts: make lunch a;wd bought 6 more, how many apples
Theeine Qo they have? J
Positive
score
- Negative ‘
score — 2
Dependencies A: The answer is 27. x
between thoughts
WAbamdon thought

*..Backtrack
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Prompting Paradigms

—
In-context

examples Standard Prompting
Input Model Input
" Q: Roger has 5 tennis balls. He buys 2 more cans of
0 tennis balls. Each can has 3 tennis balls. How many
utput tennis balls does he have now?
A: The answer is 11.
.
Q: The cafeteria had 23 apples. If they used 20 to
Thoughts: make lunch and bought 6 more, how many apples
Unscored do they have? J
N
Positive
score
- Negative
score — -
Dependencies A: The answer is 27. €
between thoughts
WAbamdon thought

*..Backtrack
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Prompting Paradigms

Basic Input-
Output (10)

Standard Prompting

Input ~ Model Input
" Q: Roger has 5 tennis balls. He buys 2 more cans of
0 tennis balls. Each can has 3 tennis balls. How many
utput tennis balls does he have now?

A: The answer is 11.

| d
Q: The cafeteria had 23 apples. If they used 20 to
Thoughts: make lunch a;wd bought 6 more, how many apples
Theeine Qo they have? J
Positive
score
- Negative ‘
score — 2
Dependencies A: The answer is 27. x
between thoughts
WAbamdon thought

*..Backtrack
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Prompting Paradigms

[Wei et al.,
Jan’22]
Basic Input- Chain-of-
Output (I0) -Thought
(CoT)
Standard Prompting
. A
Input Input Model Input
" Q: Roger has 5 tennis balls. He buys 2 more cans of
0 tennis balls. Each can has 3 tennis balls. How many
utput tennis balls does he have now?
‘ A: The answer is 11.
.
Q: The cafeteria had 23 apples. If they used 20 to
Thoughts: make lunch and bought 6 more, how many apples
Unscored ‘ do they have?
— J
Positive
score ‘
- Negative
score 0
utput
Dependencies P A: The answer is 27. € w
between thoughts -/
Key m;ztlelty:
Intermediate
WAbamdon thought LLM thoughts
within a chain

*..Backtrack
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Prompting Paradigms

[Wei et al.,
Jan’22]

Basic Input- Chain-of-
Output (I0) -Thought

— Chaln-of-Thou ht Promptin
Standard Prompting maman 9 pting

I
al

*..Backtrack

Input Input ut | N
‘Y . Q: Roger has 5 tennis balls. He buys 2 more cans of
Q: Roger has 5 tennis balls. He buys 2 more cans of tennis balls. Each can has 3 tennis balls. How many
0 tennis balls. Each can has 3 tennis balls. How many tennis balls does he have now?
utput tennis balls does he have now?
‘ A: The answer is 11.
| |
Q: The cafeteria had 23 apples. If they used 20 to Q: The cafeteria had 23 apples. If they used 20 to
Thoughts: ‘ 2"3:‘: '“":Ch a;wd bought 6 more, how many apples make lunch and bought 6 more, how many apples
0 they have: do they have?
Unscored k J : 4 j
Positive
score ‘
- Negative N it
score O .
utput
Dependencies P A: The answer is 27. x
between thoughts C n
Fq n?"(lelty: answeris 9. &/
ntermediate
WAbamdon thought LLM thoughts

within a chain
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Prompting Paradigms

[Wei et al.,
Jan’22]

Basic Input- Chain-of-
Output (I0) -Thought

(CoT) Chain-of-Thought Prompting

1 B e .
Input /( Model Input - ~N
‘ Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
Output tennis balls does he have now?

each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to

‘t A: Roger started with 5 balls. 2 cans of 3 tennis balls

Thoughts: ‘ make lunch and bought 6 more, how many apples
Unscored do they have? J
Positive

score ‘
- Negative
score
Output
Dependencies
between thoughts ougn L
Fq n?"(lelty: answeris 9. &/
ntermediate
WAbamdon thought LLM thoughts
within a chain

*..Backtrack
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Prompting Paradigms

[Wei et al., [Kojima et al.,
Jan’22] May’22]

Basic Input- Chain-of-
Output (I0) -Thought

(CoT) Chain-of-Thought Prompting
Input Input /Qumm) ~
‘Y Q: Rpger has 5 tennis balls. He bpys 2 more cans of
l tenn!s balls. Each can has 3 tennis balls. How many
Olltpllt tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
l each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to

Thoughts: ‘ make lunch and bought 6 more, how many apples
Unscored \do they have? /
Positive

score ‘
- Negative
score
Output
Dependencies
between thoughts
Key m;ztlelty:
Intermediate
WAbamdon thought LLM thoughts
within a chain

*..Backtrack
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Prompting Paradigms

[Wei et al., [Kojima et al.,
Jan’22] May’22]

Basic Input- Chain-of-

(CoT) Chain-of-Thought Prompting
Input Input /C J ™~
! |
Output

/

Q: The cafeteria had 23 apples. If they used 20 to
Thoughts: ‘ make lunch and bought 6 more, how many apples
Unscored \do they have? /
Positive
score ‘ " Mod | Output
ap» Negative e —
T
"ot Output
Dependencies
between thoughts
Key m;ztlelty:
Intermediate
WAbamdon thought LLM thoughts
within a chain

*..Backtrack
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Prompting Paradigms

[Wei et al., [Kojima et al.,
Jan’22] May’22]

Basic Input- Chain-of-
Output (I0) -Thought

(CoT) Chain-of-Thought Prompting
Model 2\
¥ |
Output

‘

Q: The cafeteria had 23 apples. If they used 20 to
Thoughts: ‘ make lunch and bought 6 more, how many apples
Unscored do they have? ) at's proceed step by step. )
Positive
score ‘
- Negative
1
"ot Output
Dependencies
between thoughts
Key m;ztlelty:
Intermediate
WAbamdon thought LLM thoughts

*..Backtrack within a chain
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Prompting Paradigms

[Wei et al., [Kojima et al.,
Jan’22] May’22]

-

Basic Input-
Output (10)
Input

\/
Output

Thoughts:
Unscored

Positive
score

- Negative
score

Dependencies
between thoughts

W Abandon thought

*..Backtrack

Chain-of-
-Thought

(CoT)

Input

'

'
|

'

Output

Key novelty:
Intermediate
LLM thoughts
within a chain
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Prompting Paradigms

[Wei et al., [Wang et al., [Kojimaetal.,
Jan’22] March’22] May’22]

Basic Input- Chain-of- Multiple CoTs (CoT-SC)
Output (I0) -Thought

(CoT)

Input Input

\/
Output 'l'

l

Thoughts: l
Unscored
Positive
score ‘
- Negative
score .
Output
Dependencies l
between thoughts Key novelty .
Key novelty: g{beyonq CoT) ul - . iﬁgeicnu‘l};;ﬂ]
Intermediate arnessing multiple
WAbandon thought LLM thoughts independent chains the best score
within a chain of thoughts

*..Backtrack
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Prompting Paradigms

[Wei et al.,
Jan’22]

[Wang et al., [Kojima et al.,
March’22] May’22]

[Long et al., [Yao et al,,
May’23] May’23]

YW @spcl_eth

. T . S ————————

Basic Input- Chain-of-
Output (I0) -Thought
Input

\

Output

‘

Thoughts: l
Unscored
Positive
score ‘
- Negative
score
Output
Dependencies
between thoughts
Key novelty:
Intermediate
W Abandon thought LLM thoughts

ithin a chai
*..Backtrack Wit @ clain

Multiple CoTs (CoT-SC)

Input

Key novelty (

(beyond CoT): Selecting

Harnessing multiple a chain with
independent chains the best score
of thoughts

Tree of Thoughts (ToT)

IIlpllt Backtracking

from a chain

Branching out
from a chain

Key novelty

(beyond CoT-SC): OUtPUt

Generating several

new thoughts based Intermediate
on a given arbitrary thoughts are
thought, exploring also scored
it further, and possibly

backtracking from it
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The Next Step — Graphical Reasoning

Inspired by human thoughts.
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Inspiration for Next Step: Human Thinking
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Inspiration for Next Step: Human Thinking
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Inspiration for Next Step: Human Thinking
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4

NP e

"“ "w..
DG
L




AP

u @spcl

ETHzurich

spcl.ethz.ch

Prompting Paradigms: Graph of Thoughts

[Wei et al.,
Jan’22]

[Wang et al.,
March’22]

[Long et al., [Yao et al,,
May’23] May’23]

YW @spcl_eth

S R B —

Multiple CoTs (CoT-SC)

Input

Basic Input- Chain-of-
Output (I0) -Thought

(CoT)
Input Input
! '

Output

‘

Thoughts: l
Unscored
Positive
score ‘
- Negative
score
Output
Dependencies
between thoughts
Key novelty:
Intermediate
W Abandon thought LLM thoughts

ithin a chai
*..Backtrack Wit @ clain

Key novelty (

(beyond CoT): Selecting

Harnessing multiple a chain with
independent chains the best score
of thoughts

Tree of Thoughts (ToT)

IIlpllt Backtracking

from a chain

Branching out
from a chain

Key novelty

(beyond CoT-SC): OUtPUt

Generating several

new thoughts based Intermediate
on a given arbitrary thoughts are
thought, exploring also scored
it further, and possibly

backtracking from it
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Prompting Paradigms: Graph of Thoughts
[Wei et al., [Wang et al., [Longetal, [Yaoetal, [Our work,
Jan’22] March’22] May’23] May’23] August’23]

g?lsti; uItnal(l)t) Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT) Graph of Thoughts (GoT) [This work]

-Thought
(CoT)
IIlPllt IIlpllt Backtracking Refining Input
Input I t Branching out from a chain
* Ilp u from a chain
Output l' Backtrackmg

/?

l

Thoughts: l ‘ \
Unscored
Positive
score l Aggregaung ggregatlng
- Negative chains thoughts
score i Key novelty Output
. OUtPUt (beyond CoT-SC): P Key novelty (beyond ToT):
Dependencies Generating several Arbitrary graph-based thought Output
between thoughts Key novelty - new thoughts based Intermediate 'y tap -
K elty: (beyond CoT): Selecting . bi thoush transformations (aggregating
ey novelty: @ kel a chain with on a given arbitrary oughts are thoughts into a new one,
Abandon thought Intermediate N 1 host thought, exploring also scored ;
W LLM thoughts independent chains € best score it further, and possibly looping over a thought to
*. Backtrack within a chain of thoughts backtracking from it refine it)
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Prompting Paradigms: Graph of Thoughts

Graph of Thoughts (GoT) [This work]

Refining ﬁ Input

e \
L/ N\F

A ti Aggregatmg
ggriﬁls = thoughts
Key novelty (beyond ToT):
Arbitrary graph-based thought OUtPUt

transformations (aggregating
thoughts into a new one,
looping over a thought to
refine it)
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Prompting Paradigms: Graph of Thoughts

,Generate” : [This work]

Backtracking

L/@\

A ti Aggregatmg
ggrtﬁ;s = thoughts
Key novelty (beyond ToT):
Arbitrary graph-based thought OUtPUt

transformations (aggregating
thoughts into a new one,
looping over a thought to
refine it)
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Prompting Paradigms: Graph of Thoughts

,Thought transformations”

,Generate” : [This work]

A ti Aggregatmg
ggrt;%;ls = thoughts
Key novelty (beyond ToT):
Arbitrary graph-based thought OUtPUt

transformations (aggregating
thoughts into a new one,
looping over a thought to
refine it)
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Prompting Paradigms: Graph of Thoughts

,Thought transformations”

,Generate” : [This work]

4l i gregating
chains houghts

”»
”n Agg regate Key novelty (beyond ToT): Output
Arbitrary graph-based thought utpu
transformations (aggregating
thoughts into a new one,
looping over a thought to
refine it)
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Thought Transformations for Sorting

Why sorting? Because 146242498754

it is a fundamental ,,Generate
problem in CS, and it
),

still does pose a great 4249 875

challenge for all other
baselines »Enhance” 1 1 1

2449 4578

»AZE regate \ 1 /

122444456789
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Thought Transformations for Sorting

Why sorting? Because 146242498754
it is a fundamental ,Generate”

problem in CS, and it

still does pose a great 424 9 875 49
challenge for all other

baselines »Enhance” 1 1 1
2449 4578
This is a small
example; for real use »Aggregate”
cases, the size is much 122444456789

larger, and the graph
gets more complex
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Thought Transformations for Sorting

Details of the h1 hghted
part of GoO are elow \I

Note that this is an exam ﬁ)le graph decomposition. The structure
of connections between all operations can be arbitrarily modified.

Why sorting? Because N
itisa fundamental | — i
problem in CS, and it ; ; ,—1—,

still does pose a great T R Score
Score | Score —
challenge for all other — K
' K ——K }
baselines T c
| = > Score
Score ——
This is a small K* K
example; for real use é Legend
cases, the size is much — G Generate
larger, and the graph ~ Score S Sort
K KeepBest
gets more complex K
A Aggregate
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Other Examples: Keyword Counting & NDA merging

Hil
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1 Lo
" L 0 L0
/ Aggregate” \ ‘ /
[y

,Enhance”
Enhance”
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, C 1
and progress the GoT execution ——~ Lontroller

Goal: Specify
e—————— LLM thought
User transformations
—

Graph of
Operations
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, C 1
and progress the GoT execution ——~ Lontroller

Goal: Specty Graph of
0ad eclL .
I thought ~ Operations
transformations

User

Goal: Build a prom
to be sent to the LL 124

4— Prompter a

_
LLM &

)y Parser )

Goal: Extract
information from
LLM's thought
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, C 1
and progress the GoT execution ——~ Lontroller

Goal: Soech Graph of
oal: ec1 o
I thought ~ Operations
User transformations
Goal: Build a promp Graph Reasoning State
to be sent to the LL ﬁ

£25 o
:
G Prompter g

——-

LLM
»

iy  Parser

[
o

i ?OathEth‘%i a Goal: Maintain
information from 0 1
LLM's thought the ongoing LLM

reasoning process
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, C 1
and progress the GoT execution ——~ Lontroller

Goal: Specty Graph of
0ad eclL .
I thought ~ Operations
transformations

User

ol gl 2 o Graph Reasoning State

to be sent to the LLIE/I ﬁ :‘\r

4— Prompter g

LILLM
& l'

imempp Parser

Goal: Extract A
information from Goal: Maintain

LLM's thought the ongoing LLM
reasoning process
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, C 1
and progress the GoT execution ——~ Lontroller

Goal: Specty Graph of
0ad eclL .
I thought ~ Operations
transformations

User

Goal: Build a pro Graph Reasoning State

to be sent to the LLIE/I ﬁ t‘\r

4— Prompter g

LILLM
» B

)y  Parser

Goal: Extract A
information from Goal: Maintain

LLM's thought the ongoing LLM
reasoning process
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, C 1
and progress the GoT execution ——~ Lontroller

Goal: Specty Graph of
0oad eclL .
I thought ~ Operations
User transformations
Goal: Build a prompt Graph Reasoning State
to be sent to the LL ﬁ

£25 o
4—. Prompter
LLM

» B

)y  Parser

Goal: Extract A
information from Goal: Maintain

LLM's thought Goal: Assess the the ongoing LLM
Tla lity of the reasoning process

M's solution
r »
&» =

Human € Scoring & €
or LLM l'\, validation _#%% ;
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, C 1
and progress the GoT execution ——~ Lontroller

Goal: Specty Graph of
0ad eclL .
I thought ~ Operations
transformations

User

ol gl 2 o Graph Reasoning State

to be sent to the LLIE/I ﬁ r'\r

4— Prompter g

LILLM
P I'

ime—lp- Parser

P
»

Goal: Extract

i ' Goal: Maintain
lrifﬁhm‘;‘t%ﬁglfgﬁ{“ Goal: Assess the the ongoing LLM
Tla lity of the reasoning process

M's solution ﬂ
. = VY oY o N
Human € Scoring & Ranking Goal: Indicate the

or LLM l.\i validation _#%A i top-scoring thoughts
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, C 1
and progress the GoT execution ——~ Lontroller

Goal: S /f Graph of

0ad ecCl .

LM thought Operatlonsm
User transformations

ol gl 2 o Graph Reasoning State

to be sent to the LLIE/I ﬁ m ™
& .

4— Prompter -« =

LILLM
P I'

ime—lp- Parser

Goal: Extract A
information from Goal: Maintain

LLM's thought Goal: Assess the the ongoing LLM
(fla lity of the reasoning process

M's solution ﬁ
. = VY oY o N
Human € Scoring & Ranking Goal: Indicate the

or LLM #%\_ validation [ i top-scoring thoughts

AP
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, m

and progress the GoT execution — Controller

Goal: Specty Graph of

0ad ecCl .

LM thought Operatlonsm
User transformations

ol gl 2 o Graph Reasoning State

to be sent to the LLIE/I ﬁ m ' Py 2,
[ ’

h Prompter e
_ TTM =

Maciej Besta'*, Nils Blach'*, Ales Kubicek', Robert Gerstenberger',
Lukas Gianinazzi', Joanna Gajda®, Tomasz Lehmann?, Michal Podstawski’,

Hubert Niewiadomski’, Piotr Nyczyk?”, Torsten Hoefler'

'ETH Zurich, *Cledar, *Warsaw University of Technology
bestam @inf.ethz.ch, nils.blach@inf.ethz.ch, htor@inf.ethz.ch

Graph of Thoughts: Solving Elaborate Problems with Large Language Models
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, m

and progress the GoT execution — Controller

Goal: Soect Graph of

0o4al: ecl .

LM thought Operatlonsm
User transformations

Goal: Build a prom

o Graph Reasoning State

to be sent to the LL £21 1

j ~t =
G Prompter - E% ?E

~
T IM =% = ;,
Graph of Thoughts: Solving Elaborate Problems with Large Language Models

https://github.com/spcl/graph-of-thoughts, ¥ @AAAI'24

Maciej Besta'*, Nils Blach'*, Ales Kubicek', Robert Gerstenberger',
Lukas Gianinazzi', Joanna Gajda®, Tomasz Lehmann?, Michal Podstawski’,

Hubert Niewiadomski’, Piotr Nyczyk?”, Torsten Hoefler'

'ETH Zurich, *Cledar, *Warsaw University of Technology
bestam @inf.ethz.ch, nils.blach@inf.ethz.ch, htor@inf.ethz.ch
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Graph of Thoughts: Architecture & Design

Goal: Initiate, coordinate, manage, m

and progress the GoT execution — Controller

Goal: S /f Graph of
0ad ec o
LM thought Operatlonsm
User transformations
ol gl 2 o Graph Reasoning State "\
L 4

to be sent to the LLIE/I ﬁ m ' Py 2,
[ ’

_ P]f‘OlllptEl" e
T IM =% g
https://github.com/spcl/graph-of-thoughts, @AAAI 24 vy 1.6kstars % 91 forks

Graph of Thoughts: Solving Elaborate Problems with Large Language Models

Maciej Besta'*, Nils Blach'*, Ales Kubicek', Robert Gerstenberger',
Lukas Gianinazzi', Joanna Gajda®, Tomasz Lehmann?, Michal Podstawski’,

Hubert Niewiadomski’, Piotr Nyczyk?”, Torsten Hoefler'

'ETH Zurich, *Cledar, *Warsaw University of Technology
bestam @inf.ethz.ch, nils.blach@inf.ethz.ch, htor@inf.ethz.ch
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Main goal: show that GoT successfully
harnesses the graph abstraction to
enable more efficient queries




a7 o) = B Qe ETHziirich

spcl.ethz.ch

Sorting Numbers

32 elements
GoT: Figure 4

= =
e (@)
1 l
o
=
(@)

|—I
N
1
1 1
= =
N EAY

|—I
(o) o
-
o
Total Cost ($); the lower the better

1
©
0

1
©
o

O
I

#incorrectly sorted elements; the lower the better

IO CoT ToTToT2GoT
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Sorting Numbers

32 elements

516 - GoT: Figure 4
§ o} - 1.6
_.g 14 -
- - 1.4 w
g 2
2 12' 2
:g - 1.2g
- 10 -
g 10 105 L (#levels)
2 g 5
o -0.8%
© .-
g 67 L 0.6%
& %
% 4- '0.48 v
g T
g 2- L 0.2F k (#children)
£

0 - -0.0

IO CoT ToTToT2GoT
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32 elements
GoT: Figure 4

= =
e (@)
1 l
o
=
(@)

|—I
N
1
1 1
= =
N EAY

|—I
(o) o
-
o
Total Cost ($); the lower the better

1
©
0

1
©
o

O
I

#incorrectly sorted elements; the lower the better

IO CoT ToTToT2GoT
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Sorting Numbers

32 elements 64 elements 128 elements

5 164 GoT: Figure 4 gg: -‘Vzlipﬁlgd GoT: Figure 4| 43 i;g _ \g\\cllpped/ FigL?rTeﬂ 4| 16
% o) - 1.6 56 - - 4.5 112 A g o - 15 &=
214- e o o100  [42 1944 © 14 g
= - 1.4 25| o o 3.9 gl © 13 8
512 _ o o 3.6 | © 12 8
P -1.2 44 L=4 33 8870 =
£, 40 k=200 | o S0 809 2
2 -1.0 36 - _2:7 72 - K TO)
& 32 - 64 -
€ 8- - 2.4
o 0.8 28- |5, 56- z
g6 0.6 25 1.8 43 =
S 20 1.5 40 &
2 4 0.4 107 1.2 32 -
0 12 - - 0.9 24 e
S 2- -0.2 8- -0.6 16 "
Y 4 - -0.3 8

0- -0.0 O- -0.0 0

IO CoT ToTToT2GoT IO CoT ToTToT2GoT IO CoT ToTToT2GoT

24
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Sorting Numbers The longer the sequence, the higher the gain
32 elements 64 elements 128 elements
. T: Figure 4 64 - O GoT: Figure 4 1281 GoT.
16 - c0 gure 60 - Elipf:ed y gurEsL 4.8 120 - \g\\cllpped/ Figure 4 1 16
% O - 1.6 56 - - 4.5 112 g o - 15 E
g 14 A 52 - o) k=10 -4.2 104 - 8 i 143
v -1.4 18 - o) o 3.9 g6- -13
512 e o o 136 gg] © 12 8
- B 12 L=4 | 33 O '
£, 40 k=20l 8 o gl 80 g
g 1.0 36 5 721° S
E 8- 327 24 641° £
% i 08 28 7] | 2 1 56 T Py
o i 24 - I 48 N
g0 0.6 1.8 =
3 201 -1.5 40 3
E 04 16 1.2 32 i
(@) . (O
< 12- 0.9 24 2
S 2- -0.2 8- -0.6 16 "
#* 4 -0.3 8
0- -0.0 O- -0.0 0

IO CoT ToTToT2GoT IO CoT ToTToT2GoT _ IO CoT ToTToT2GoT
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Intersecting Sets of Numbers

32 elements 64 elements 128 elements
Solved 7 6 31 29 43 0 0 0 0 4 0 0 0 0 0

correctly: 32 4 - —

Total Cost ($): the lower the better

#incorrect elements: the lower the better

10 CoT ToT ToT2GoT I0 CoT ToTToT2GoT 10 CoT ToTToT2GoT

25
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Intersecting Sets of Numbers The longer the sequence, the higher the gain
32 elements 64 elements 128 elements
Sred| 76 31 29 43 3]0 0 0 0 4 6 0 0 00

Total Cost ($); the lower the better

#incorrect elements: the lower the better

10 CoT ToT ToT2GoT I0 CoT ToTToT2GoT 10 CoT ToTToT2GoT
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Merging Documents

Aggregation of fully
merged NDAs

0
1.

AT

—{ i

0 0]
—{ [ o

- r12
0 _GAg?rega_tion
o of partially
merged
. NDAs

N

N
Total Cost ($); the lower the better

Score (out of 10); the higher the better

o

[0] CoT ToT GoT GoT2

26
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Why Does Structured Prompting Work?

Assume a fixed thought size (#tokens) and a fixed context size
(#thoughts in the LLM context, denoted with N)
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Why Does Structured Prompting Work?

Assume a fixed thought size (#tokens) and a fixed context size
(#thoughts in the LLM context, denoted with N)

Volume — for a given thought t —is the

number of preceding LLM thoughts that
could have impacted t
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Why Does Structured Prompting Work?

Assume a fixed thought size (#tokens) and a fixed context size
(#thoughts in the LLM context, denoted with N)

Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT) Graph of Thoughts (GoT) [This work]

-Thought
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Abandon a chain Output Key novelty Output
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Generating several Arbitrary graph-based thought Output
Key novelty Sttty new thoughts based Intermediate transformations (aggregatin
Key novelty: (beyond CoT): a chain wigth on a given arbitrary thoughts are N ggresating
Intermediate Harnessing multiple the best score thought, exploring also scored Oughts 1Nto a new one,
LLM thoughts independent chains it further, and possibly loo_pmg over a thought to
within a chain of thoughts backtracking from it refine it)
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Why Does Structured Prompting Work?
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(#thoughts in the LLM context, denoted with N)

Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT) Graph of Thoughts (GoT) [This work]
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npu IHPUt Backtracking Refining
/ * \ Branching out from a chain W Il‘lput
from a chain /
; L/,-" “:‘ A Backtrackmg/ \

*\

\
\
Output Abandon a chain (Output Key novelty Output

Aggregatin, 881‘983’[108
gﬁhfns : thoughts
(bey d CoT-SC)
eyond Col-5C): Key novelty (beyond To
Generating several Argitl‘ary g?;I(,h_gased th(.)Il?ght Output
Key novelty Selecting new thoughts based Intermediate transformations (aggregating
Key novelty: (beyond CoT): a chain with on a given arbitrary thoughts are N
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LLM thoughts independent chains it further, and possibly ooping over a thought to
within a chain of thoughts backtracking from it refine it)
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Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT) Graph of Thoughts (GoT) [This work]

-Thought
Input I .
HPUt Backtracking Refining
/ * \ Branching out from a chain W Il‘lput
from a chain /
; L/"' ‘% A Backtrackmg/ \

*\

V
\
A N\
PP »w
Abandon a chain (Output Key novelty Output

A ggregatmg
gﬁhfns : thoughts
o (beyond CoT-SC): K I
La rge volume: N Generating several &y nove ty (bt_eyond To): Output
) Arbitrary graph-based thought
Key "og%ty Selecting new thoughts based Intermediate transformations (aggregating
0 Q %bg«;gsmgo;')u.mple a chain with epr thoughts are thoughts into a new one,

looping over a thought to
refine it)

! 1 thought, exploring also scored
Laree latencv: N independent chains B2 Lo it further, and possibly
g y: of thoughts backtracking from it

. J




Va7 o/ = B e ) Qew  ETHziirich

spcl.ethz.ch
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Assume a fixed thought size (#tokens) and a fixed context size
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Assume a fixed thought size (#tokens) and a fixed context size
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Assume a fixed thought size (#tokens) and a fixed context size
(#thoughts in the LLM context, denoted with N)
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(#thoughts in the LLM context, denoted with N)
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Why Does Structured Prompting Work? Probabilistic Graphical Models [1]

[1] R. Tatunov et al. Why Can Large Language Models Generate Correct Chain-of-Thoughts? Arxiv, 30 October 2023.
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[1] R. Tatunov et al. Why Can Large Language Models Generate Correct Chain-of-Thoughts? Arxiv, 30 October 2023.
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[1] R. Tatunov et al. Why Can Large Language Models Generate Correct Chain-of-Thoughts? Arxiv, 30 October 2023.
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Why Does Structured Prompting Work? Probabilistic Graphical Models [1]

Messages

[1] R. Tatunov et al. Why Can Large Language Models Generate Correct Chain-of-Thoughts? Arxiv, 30 October 2023.
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Why Does Structured Prompting Work? Probabilistic Graphical Models [1]

Likelihood of generating a chain of thoughts, basing on a

pre-prompt with input / and with N CoT in-context
examples, but without access to the true context.

pum = proy (CoT|I, CoT-Examples(N))

Messages

[1] R. Tatunov et al. Why Can Large Language Models Generate Correct Chain-of-Thoughts? Arxiv, 30 October 2023.
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Why Does Structured Prompting Work? Probabilistic Graphical Models [1]

Likelihood of generating a chain of thoughts, basing on a
pre-prompt with input / and with N CoT in-context
examples, but without access to the true context.

Likelihood of generating the same chain of
thoughts as above, but using the true language
(and context) conditioned on the same input /

PTrue = PTrue (C0T'|1, True-Context)

Messages

[1] R. Tatunov et al. Why Can Large Language Models Generate Correct Chain-of-Thoughts? Arxiv, 30 October 2023.
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Why Does Structured Prompting Work? Probabilistic Graphical Models [1]

Likelihood of generating a chain of thoughts, basing on a
pre-prompt with input / and with N CoT in-context
examples, but without access to the true context.

Likelihood of generating the same chain of
thoughts as above, but using the true language
(and context) conditioned on the same input /

PTrue = PTrue (C0T'|1, True-Context)

N
— <
‘pLLM mee| =P A function of
Messages the language

ambiguities”, < 1

[1] R. Tatunov et al. Why Can Large Language Models Generate Correct Chain-of-Thoughts? Arxiv, 30 October 2023.
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Training related

Human-based supervision> Reward
> model
Human-based | Model-generated data

Raw data supervision & data
| N A1 . Fine-tuned
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A4 - Supervised learning model- Model-based

Pretraining ra B -\ fine-tuning generated data supervision
)@ ) (7)) —) —) <
Inference related Replies prompts
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Retrieval
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Prompting Example: Sorting

Hello. I want to sort the following input sequence of numbers: {input}
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Prompting Example: Sorting 146242498754

<Instruction> Split the following list of 64 numbers into 4 lists of 1 g 1462 4249 8754

A
/

numbers each, the first list should contain the first 16 numbers, the 1 l
second list the second 16 numbers, the third list the third 16 numbers v
and the fourth list the fourth 16 numbers. Only output the final 4 lists 1246 2449 4578
in the following format without any additional text or thoughts! \ /
{{ v

"List 1": [3,4,3,5,7,8, 1, .../, 122444456789

"List 2": [2,9,2, 4,7, 1,5, ...],

"List 3": [6, 9,8, 1,9, 2,4, ...],

"List 4": [9,0, 7, 6, 5, 6, 6, ...]

M} </nstruction>
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Prompting Example: Sorting 146242498754

<Instruction> Split the following list of 64 numbers into 4 lists of 1 g 1462 4249 8754

A
/

numbers each, the first list should contain the first 16 numbers, the 1 l
second list the second 16 numbers, the third list the third 16 numbers v
and the fourth list the fourth 16 numbers. Only output the final 4 lists 1246 2449 4578
in the following format without any additional text or thoughts! \ /
{{ v

"List1": [3,4,3,5,7,8,1,..], 122444456789

"List 2": [2,9,2, 4,7, 1,5, ...],

"List 3": [6, 9,8, 1,9, 2,4, ...],

"List 4": [9,0, 7,6, 5, 6, 6, ...]

)} </Instruction>

<Example>
Input: [3,1,9,3,7,5 5 4,8 1,5 3,3,23,09 7 22,4438, 35,0,
8733870935 1,676,89203,006 3,48 06,9238 4,1,
2,904,388 998 5,9/
Output

"List 1": [3,1,9,3,7,5,5 48 1,5, 3, 3,2, 3, 0],

"List2": [9,7,2,2,4,4,8 50,8, 7, 3,38 7, 0],

"List 3": [9,5,1,6,7,6,8 90, 3,0,6, 3,48, 0],

"List4": [6,9,8,4,1,2,9,0,48,8 9 98, 5, 9/

M
</Example>
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Prompting Example: Sorting 146242498754

<Instruction> Split the following list of 64 numbers into 4 lists of 1 g 1462 4249 8754

A
/

numbers each, the first list should contain the first 16 numbers, the 1 l
second list the second 16 numbers, the third list the third 16 numbers v
and the fourth list the fourth 16 numbers. Only output the final 4 lists 1246 2449 4578
in the following format without any additional text or thoughts! \ /
{{ v

"List1": [3,4,3,5,7,8,1,..], 122444456789

"List 2": [2,9,2, 4,7, 1,5, ...],

"List 3": [6, 9,8, 1,9, 2,4, ...],

"List 4": [9,0, 7,6, 5, 6, 6, ...]

)} </Instruction>

<Example>
Input: [3,1,9,3,7,5 5,48 1,5 3,3,2,3,0,9 7,2,2,4438,35,0,
87 3387009151,67682903,06,343806938 41,
2,904,838 99385 9]
Output

"List 1": [3,1,9,3,7,5, 5,4, 8 1,5, 3, 3,2, 3, 0],

"List2": [9,7,2,2,4,4,8 5,0,8,7, 3,38, 7 0],

"List 3": [9,5,1,6,7,6,8 90, 3,06, 3,438, 0],

"List4":[6,9, 8 4, 1,2,9,0,4,8 8 9 98, 5, 9/
H
</Example> Tl ey .

thoughtt %

Input: {input}
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Prompting Example: Sorting 146242498754

<Instruction> Split the following list of 64 numbers into 4 lists of 1 g 1462 4249 8754

A
/

numbers each, the first list should contain the first 16 numbers, the 1 l
second list the second 16 numbers, the third list the third 16 numbers v
and the fourth list the fourth 16 numbers. Only output the final 4 lists 1246 2449 4578
in the following format without any additional text or thoughts! \ /
{{ v

"List1": [3,4,3,5,7,8,1,..], 122444456789

"List 2": [2,9,2, 4,7, 1,5, ...],

"List 3": [6, 9,8, 1,9, 2,4, ...],

"List 4": [9,0, 7,6, 5, 6, 6, ...]

)} </Instruction>

<Example>
Input: [3,1,9,3,7,5 5 4,8 1,5 3,3,23,09 7 22,4438, 35,0,
8733870935 1,676,89203,006 3,48 06,9238 4,1,
2,904,388 998 5,9/
Output

"List 1": [3,1,9,3,7,5,5 48 1,5, 3, 3,2, 3, 0],

"List2": [9,7,2,2,4,4,8 50,8, 7, 3,38 7, 0],

"List 3": [9,5,1,6,7,6,8 90, 3,0,6, 3,48, 0],

"List4": [6,9,8,4,1,2,9,0,48,8 9 98, 5, 9/ .
H

</Example> The input . .
thoughtt % .

Input: {input}
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Prompting Example: Sorting

146242498754
A/ \
a g’ 1462 4249 8754
<Instruction> Merge the following 2 sorted lists of length {lengthl} each, 1 v l
into one sorted list of length {length2} using a merge sort style approach. 1246 2449 4578
Only output the final merged list without any additional text or thoughts! \ | /

</Instruction> 122444456789
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Prompting Example: Sorting 146242498754

122444456789

<Instruction> Sort the following list of numbers in ascending order. 9

Output only the sorted list of numbers, no additional text. </Instruction>

<Example>

Input: [3,7,0,2,8 1,2,2,2,47,8 5 5 3,943,506 06,445,
2,09 3,3,9 2 1]

Output: [0,0,1,1,2,2,2,2,2,2,3,3,3,3,3,44,4,4,35, 35,5, 5,

6,6,7,7,828, 99 9]
e The input .
thoughtt "3

Input: {input}
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Prompting Example: Sorting 146242498754

‘”'.—b\é.: 1462‘/42'49 \‘8754

SN N

122444456789
<Instruction> Sort the following list of numbers in ascending order. 9

Output only the sorted list of numbers, no additional text. </Instruction>

<Example>

Input: [3,7,0,2,8 1,2,2,2,47,8 5 5 3,943,506 06,445,
2,09 3,3,9 2 1]

Output: [0,0,1,1,2,2,2,2,2,2,3,3,3,3,3,44,4,4,35, 35,5, 5,

6,6,7,7,828, 99 9]
e The input .
thoughtt "3

Input: {input}
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Generative Al Revolution
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10 months
5 months
2.5 months 74 days
5 days
Metflix Airbnb Facebook Spotify Instagram iPhone ChatGPT
Exponential View via Linas Beliinas
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Generative Al Revolution

Time to 1 million users
3.5 years
2.5 years
10 months
5 months
2.5 months 74 days
5 days
Metflix Airbnb Facebook Spotify Instagram iPhone ChatGPT
Exponential View via Linas Beliinas

Time to Reach 100M Users

E Months to get to 100 million global Monthly Active Users

2

Source: UBS / Yahoo Finance YW @EconomyApp & APP ECONOMY INSIGHTS

B g

Google Translate Uber Telegram Spotify Pinterest  Instagram TikTok ChatGPT

ChatGPT

PalLM 2

Advanced Google Al
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