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

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

A: The answer is 27. x

do they have?
\_ J

Chain-of-Thought Prompting
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Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

s of 3 tennis balls

=11, The answer is 1.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

J

answer is 9. v
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Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

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

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

answer is v
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Basic Input- Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT) Graph of Thoughts (GoT) [This work]
Output (10)

-Thought
(CoT)
IIlPllt IIlpllt Backtracking Refining Input
Inpln 1 t Branching out e from a chain
* npu from a chain / / ‘
Output l Backtrackmg

l

/
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Unscored ?
Positive
score l Aggregaung ggregatlng
- Negative chains thoughts
score . Key novelty Output
: Output (beyond CoT-SC): P Key novelty (beyond ToT):
Dependencies Generating several Arbi e Output
between thoughts Key novelty thoughts based e itrary graph-based thought
8 K elty: (beyond CoT): Selecting i e thoughts are transformations (aggregating
ey nov. ty: H . ui inl a chain with on a given arl ltrary oughts are thoughtS into a new one
[l Abandon thought Intermediate R 1, | thought, exploring also scored : ’
LLM thoughts independent chains [N 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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Arbitrary graph-based thought OUtPUt

transformations (aggregating
thoughts into a new one,
looping over a thought to
refine it)
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Samples solved
correctly ——
N

o 0 1 0 8 7 25

O Splits the input text into 4 passages, counts
keywords in each one, aggregates the sub-
O results always 2 at a time

W
Ul
1

o

W
o
~

As GoT4, but splits the
input text into 8 passages

N
U
1
O
1
o

Splits the

input into

(senthences
each in

O has1o08"

sentences)

~ d1
Total Cost ($); the lower the better

[
Ul
|

w

[
o
N

Number of errors; the lower the better
N
o

IO CoT ToT ToT2 GoT4 GoT8 GoTx
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Why Doedn-Context Graph Reasoning/ork?

Assume dixed thought sizg#tokens) and &ixed context size
(#thoughts in the LLM context, denoted with N)

Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT)

-Thought
(CoT)

Graph of Thoughts (GoT) [This work]

Inp ut Il'lpllt Backtracking
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Refining W Input

/&\
7&\
+\

Aggregatin, Aggregatmg
l gfhﬁns e thoughts
Abandon a chain Output Key novelty Output
Output P (beyond CoT-SC): p Key novelty (beyond ToT):
Generating several Arbitrary graph-based thought Output
Key novelty Selectin new thoughts based Intermediate transformations (aggregatin
Key novelty: (beyond CoT): a chain wigth on a given arbitrary thoughts are thoushts i ggresatng
Intermediate Harnessing mulgple the best score thought, exploring also scored oughts Into a new one,
LLM thoughts independent chains it further, and possibly looping over a thought to
within a chain of thoughts backtracking from it refine it)
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Assume dixed thought sizg#tokens) and &ixed context size
(#thoughts in the LLM context, denoted with N)

Multiple CoTs (CoT-SC) Tree of Thoughts (ToT)

InPUt Il'lpllt Backtracking

* Branching out from a chain
from a chain

/é/&

Graph of Thoughts (GoT) [This work]

Refining W Input
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7&\
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Aggregatin, Aggregatmg
g%ha%ns & thoughts
; Key novelty Out ut
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Why Doedn-Context Graph Reasoning/ork?

Assume dixed thought sizg#tokens) and &ixed context size
(#thoughts in the LLM context, denoted with N)

Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT)

-Thought

Graph of Thoughts (GoT) [This work]

InPUt Input Backtracking

* Branching out from a chain
from a chain
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Refining W Input
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gfhfns s thoughts
ViV, Key novelty Output
N | L (beyond CoT-SC): Key novelty (beyond To
Larg e volume: Generating several Arlg’itrary gtrya[()h-gased th(;IL'l)ght OUtPUt
Key novelty Selectin new thoughts based Intermediate transformations (aggregatin
(beyond CoT): a chain wigth on a given arbitrary thoughts are thoushis i ggresatng
0 ° Harnessing multiple the best score thought, exploring also scored s oughts into a new (Lne,
L arae latencv: N independent chains it further, and possibly ooping over a thought to
g Y of thoughts backtracking from it refine it)
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Why Doedn-Context Graph Reasoning/ork?

Assume dixed thought sizg#tokens) and &ixed context size
(#thoughts in the LLM context, denoted with N)

Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT) Graph of Thoughts (GoT) .
-Thought [This work]
(CoT)
Input Backtracking Refining
Branching out from a chain W InpUt
from a chain
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Why Doedn-Context Graph Reasoning/ork?

Assume dixed thought sizg#tokens) and &ixed context size
(#thoughts in the LLM context, denoted with N)

Chain-of- Multiple CoTs (CoT-SC Tree of Thoughts (ToT Graph of Thoughts (GoT c
e ultple CoTs (CoT-5C) D AT (S [This work]
(CoT)
Input Backtracking Refining
Branching out from a chain W IDPUt
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Assume dixed thought sizg#tokens) and &ixed context size
(#thoughts in the LLM context, denoted with N)

Chain-of-
-Thought
(CoT)

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

Refining W Input
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Backtracking
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Why Doedn-Context Graph Reasoning/ork?

Assume dixed thought sizg#tokens) and &ixed context size
(#thoughts in the LLM context, denoted with N)

Chain-of-
-Thought
(CoT)

Tree of Thoughts (ToT)

Multiple CoTs (CoT-SC)

Backtracking

Branching out from a chain

from a chain

~ Large volume:

XX %)
Large latency: N
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termediate
oughts are
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Graph of Thoughts (GoT)
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Key novelty (beyond ToT):
Arbitrary graph-based thought
transformations (aggregating
thoughts into a new one,
looping over a thought to
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Assume dixed thought sizg#tokens) and &ixed context size
(#thoughts in the LLM context, denoted with N)

Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT)

-Thought
(CoT)

Graph of Thoughts (GoT) [This work]
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(#thoughts in the LLM context, denoted with N)
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Unifying CoTs, ToTs, GoTs: Topologies of Reasoning

Tree Topology Variants Graph Topology Variants

k-ary tree

&
>y

Different frameworks
enable using arbitrary
trees, but the prevalent
variant is a k-ary tree

Example designs:
Tree-of-Thought

Tree of Thoughts
[Creswell & Shanahan]
Dynamic Least-to-Most
Algorithm of Thoughts
Tree of Uncertain Thought
Tree-of-Mixed-Thought
Tree of Clarifications
Thought Decomposition
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Unifying CoTs, ToTs, GoTs: Topologies of Reasoning

Tree Topology Variants Graph Topology Variants

k-ary tree Tree of chains

A

33

Different frameworks
enable using arbitrary
trees, but the prevalent
variant is a k-ary tree

Sk
?
<

Schemes that improved
upon Chain-of-Thought,
such as Chain-of-Thought
with Self-Consistency, are
effectively harnessing tree
Example designs: topology variants

Tree-of-Thought

Tree of Thoughts
[Creswell & Shanahan]
Dynamic Least-to-Most
Algorithm of Thoughts

Tree of Uncertain Thought
Tree-of-Mixed-Thought
Tree of Clarifications
Thought Decomposition

Example designs:
CoT with Self-Consistency
Reasoning Graph Verifier
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Unifying CoTs, ToTs, GoTs: Topologies of Reasoning

Tree Topology Variants Graph Topology Variants

k-ary tree Tree of chains 1-Level trees

Ao :’@‘9

Example designs:
Skeleton-of-Thought

R

T

Binary tree

’
e
¢

Different frameworks i
enable using arbitrary Schemes that improved .
trees, but the prevalent upon Chain-of-Thought,
such as Chain-of-Thought

variant is a k-ary tree - h
with Self-Consistency, are

effectively harnessing tree
Example designs: topology variants . . .
Tree-of-Thought
Tree of Thoughts
[Creswell & Shanahan]
Dynamic Least-to-Most
Algorithm of Thoughts
Tree of Uncertain Thought

Tree-of-Mixed-Thought Example designs:
Tree of Clarifications CoT with Self-Consistency Example designs:
Reasoning Graph Verifier Tree Prompting

Thought Decomposition
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Unifying CoTs, ToTs, GoTs: Topologies of Reasoning

Tree Topology Variants Graph Topology Variants
k-ary tree Tree of chains 1-Level trees Directed graphs
+ loops

ST

o &
i:w

Example designs:
Graph of Thoughts

Example designs:
Skeleton-of-Thought

e
N

)

000

%«o«o«o

Binary tree

Different frameworks i
enable using arbitrary Schemes that improved .
trees, but the prevalent upon Chain-of-Thought,
variant is a k-ary tree such as Chain-of-Thought Branch-Merge
with Self-Consistency, are
effectively harnessing tree
Example designs: topology variants . . .
Tree-of-Thought
Tree of Thoughts
[Creswell & Shanahan]
Dynamic Least-to-Most
Algorithm of Thoughts
Tree of Uncertain Thought .
Tree-of-Mixed-Thought Example designs:
Tree of Clarifications CoT with Self-Consistency Example designs:
Reasoning Graph Verifier Tree Prompting

Thought Decomposition
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Unifying CoTs, ToTs, GoTs: Topologies of Reasoning

Graph Topology Variants

Tree Topology Variants

k-ary tree Tree of chains 1-Level trees Directed graphs Directed graphs

260
Ll
s

Different frameworks
enable using arbitrary
trees, but the prevalent
variant is a k-ary tree

Example designs:
Tree-of-Thought

Tree of Thoughts

[Creswell & Shanahan]
Dynamic Least-to-Most
Algorithm of Thoughts
Tree of Uncertain Thought
Tree-of-Mixed-Thought
Tree of Clarifications
Thought Decomposition
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Schemes that improved
upon Chain-of-Thought,
such as Chain-of-Thought
with Self-Consistency, are
effectively harnessing tree
topology variants

Example designs:
CoT with Self-Consistency
Reasoning Graph Verifier

Example designs:
Skeleton-of-Thought

Binary tree

Example designs:
Tree Prompting

+ loops

Example designs:
Graph of Thoughts

Branch-Merge

&

Example designs:
Graph of Thoughts
Graph-of-Thought
ControlLLM
Cumulative Reasoning
Everything of Thoughts
ResPrompt
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Tree Topology Variants Graph Topology Variants

k-ary tree Tree of chains 1-Level trees Directed graphs Directed graphs Hypergraphs
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Different frameworks
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Example designs:
Skeleton-of-Thought
Binary tree (‘ ,

Example designs:
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i Graph of Thoughts
enable using arbitrary Schemes that improved .

trees, but the prevalent upon Chain-of-Thought,
variant is a k-ary tree such as Chain-of-Thought Branch-Merge

with Self-Consistency, are

effectively harnessing tree
Example designs: topology variants . . .
Tree-of-Thought
Tree of Thoughts
[Creswell & Shanahan]

Dynamic Least-to-Most

The only currently existing
Hypergraph-based scheme,
the Hypergraph-of-Thought,

uses a limited variant of
hypergraphs, in which

Example designs: hyperdges span only
Graph of Thoughts triples of vertices
Graph-of-Thought

ControlLLM

Algorithm of Thoughts

Tree of Uncertain Thought Examole desk E lative R i

Tree-of-Mixed-Thought mple designs: umulative keasoning .

Tree of Clarifications CoT with Self-Consistency Example designs: Everything of Thoughts Example dﬁs'gf"_'r-h -
Thought Decomposition Reasoning Graph Verifier Tree Prompting ResPrompt Hypergraph-of-Thoug
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Unifying CoTs, ToTs, GoTs: Topologies of Reasoning

Graph Topology Variants

Tree Topology Variants

k-ary tree

2

Different frameworks
enable using arbitrary
trees, but the prevalent
variant is a k-ary tree

Example designs:
Tree-of-Thought

Tree of Thoughts

[Creswell & Shanahan]
Dynamic Least-to-Most
Algorithm of Thoughts
Tree of Uncertain Thought
Tree-of-Mixed-Thought
Tree of Clarifications
Thought Decomposition
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Tree of chains
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Schemes that improved
upon Chain-of-Thought,
such as Chain-of-Thought
with Self-Consistency, are
effectively harnessing tree
topology variants

Example designs:
CoT with Self-Consistency
Reasoning Graph Verifier

Directed graphs

1-Level trees
+ loops

o &
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Output

Example designs:
Graph of Thoughts

Example designs:
Skeleton-of-Thought

Binary tree

Branch-Merge

&

OROR
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Example designs:
Tree Prompting

Directed graphs

®
>

Example designs:
Graph of Thoughts
Graph-of-Thought
ControlLLM
Cumulative Reasoning
Everything of Thoughts
ResPrompt
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Hypergraphs Thought Propagation

Socratic Questioning

The only currently existing
Hypergraph-based scheme,
the Hypergraph-of-Thought,
uses a limited variant of
hypergraphs, in which
hyperdges span only
triples of vertices

Example design:
Hypergraph-of-Thought
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Unifying CoTs, ToTs, GoTs: Topologies of Reasoning

@) Topology Scope
Can the topology extend beyond a single prompt?

@ Topology Derivation

How is the topology structure derived?

@ Schedule Class @ schedule Representation
- - -
How is the topology structure explored? How is the schedule represented?

@ Topology Representation

How is the topology structure represented?
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Unifying CoTs, ToTs, GoTs: Topologies of Reasoning

@) Topology Scope
Can the topology extend beyond a single prompt?

@ Topology Derivation

How is the topology structure derived?
Single-prompt

The structure is Prompt
contained withina  or reply
single prompt/reply r
™ ™

M’ @ Schedule Class @ schedule Representation

- - -
.\? ) How is the topology structure explored? How is the schedule represented?
. @ |

@ Topology Representation

How is the topology structure represented?



rMeSEEL 2 e B PR S e cscs ETHzirich

spcl.ethz.ch

Unifying CoTs, ToTs, GoTs: Topologies of Reasoning

@) Topology Scope
Can the topology extend beyond a single prompt?

@ Topology Derivation

How is the topology structure derived?

Single-prompt Multi-prompt

The structure is Prompt One prompt/reply
E:ontained withina  orreply can contain multiple c‘g:igr:?:i‘npg;fnpgre
single prompt/reply r reasoning nodes e It

™ ™

Prompt or —\
reply

22 8
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@ Schedule Class @ schedule Representation
- - -
How is the topology structure explored? How is the schedule represented?

Prompt or
reply

@ Topology Representation

How is the topology structure represented?
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@) Topology Scope
Can the topology extend beyond a single prompt?

@ Topology Derivation

How is the topology structure derived?

Single-prompt Multi-prompt

The structure is Prompt One prompt/reply
E:ontained withina  orreply can contain multiple c‘g:igr:?:i‘npg;fnpgre
single prompt/reply r reasoning nodes e It

™ ™

Prompt or —\
reply
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@ Schedule Class @ schedule Representation
- - -
How is the topology structure explored? How is the schedule represented?

Prompt or
reply

@ Topology Representation

How is the topology structure represented?

Implicit
"The first preliminary solution
should be enhanced three times.
Each of these three enhanced
solutions should be further

0 e e o e Q augmented in two attempts"
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@) Topology Scope
Can the topology extend beyond a single prompt?

@ Topology Derivation

How is the topology structure derived?

Single-prompt Multi-prompt

The structure is Prompt One prompt/reply
E:ontained withina  orreply can contain multiple c‘g:igr:?:i‘npg;fnpgre
single prompt/reply r reasoning nodes e It

™ ™

Prompt or —\
reply
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@ Schedule Class @ schedule Representation
- - -
How is the topology structure explored? How is the schedule represented?

Prompt or
reply

@ Topology Representation

How is the topology structure represented?

Implicit Explicit

"The first preliminary solution <node 0> connects to <node 1>, <node 2>, <node 3>
should be enhanced three times. <node 1> connects to <node 4>, <node 5>

Each of these three enhanced <node 2> connects to <node 6>, <node 7>

solutions should be further

0 e e o e 0 BLiginented o o ditepts? <node 3> connects to <node 8>, <node 9>
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@) Topology Scope
Can the topology extend beyond a single prompt?

@ Topology Derivation

How is the topology structure derived?

Single-prompt Multi-prompt

The structure is Prom|IJt One prompt/reply e Autom aﬁc, semi-automatic Manual The user statically
contained withina  Or reply can contain multiple e copntainpa sinp re prescribes the
single prompt/reply r reasoning nodes 4

- reasoning node The structure is constructed structure before
s Pror::’;;; or] _ . \ by the LLM on-the-fly, either \ reasoning starts
o

! fully (atomatic) or partially,
—_ ) —_
i @ with certain control from ” ves a
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NN

@ Schedule Class @ schedule Representation
- - -
How is the topology structure explored? How is the schedule represented?

Prompt or
reply

@ Topology Representation

How is the topology structure represented?

Implicit Explicit

"The first preliminary solution <node 0> connects to <node 1>, <node 2>, <node 3>
should be enhanced three times. <node 1> connects to <node 4>, <node 5>

Each of these three enhanced <node 2> connects to <node 6>, <node 7>

solutions should be further

o e e o e o BLiginented o o ditepts? <node 3> connects to <node 8>, <node 9>
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@) Topology Scope
Can the topology extend beyond a single prompt?

@ Topology Derivation

How is the topology structure derived?

Single-prompt Multi-prompt

The structure is Prom|IJt One prompt/reply e Autom atiC, semi-automatic Manual The user statically
contained withina  Or reply can contain multiple e copntainpa sinp re prescribes the
single prompt/reply r reasoning nodes 4

- reasoning node The structure is constructed structure before
s Pror::’;;; or] _ ) \ by the LLM on-the-fly, either \ reasoning starts

£ fully (atomatic) or partially,

I~ ’ —_—

gl *‘;- . @ with certain control from ” ves a
S , , the user (semi-automatic) ® ®

@ Schedule Class @ schedule Representation
- - -
.\? ) How is the topology structure explored? How is the schedule represented?
(—
Prompt or
® ol R

4
@Topology Representation 0 9 0 0 9 0
L___________________________________________________________________________

How is the topology structure represented?

Implicit Explicit

"The first preliminary solution <node 0> connects to <node 1>, <node 2>, <node 3>
should be enhanced three times. <node 1> connects to <node 4>, <node 5>

Each of these three enhanced <node 2> connects to <node 6>, <node 7>

solutions should be further

o e e 0 0 o BLiginented o o ditepts? <node 3> connects to <node 8>, <node 9>
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@) Topology Scope

Can the topology extend beyond a single prompt?

@ Topology Derivation

How is the topology structure derived?

Single-prompt Multi-prompt

The structure is Prom|l:t One prompt/reply e Autom atiC, semi-automatic Manual The user statically
contained withina  Or reply can contain multiple e copntainpa sinp re prescribes the
single prompt/reply r reasoning nodes 4

- reasoning node The structure is constructed structure before
s Pror::’;;; or] _ ) \ by the LLM on-the-fly, either \ reasoning starts

£ fully (atomatic) or partially,

I~ ’ —_—

gl *‘;- . @ with certain control from ” ves a
S , , the user (semi-automatic) ® ®

@ Schedule Class @ schedule Representation
- - -
.\? ) How is the topology structure explored? How is the schedule represented?
(—
. Prompt or . DFS Textual In-context
L y, reply description examples
2 eee "Proceed in the "Traverse nodes <0>, 4 44
:&e BFS manner" <1>, <42t
3 "Proceed in the "Traverse nodes <0>,
@ Topology Representation 0 9 0 0 9 O DFS manner" <1>,<2>, <3>"
e————————————————

How is the topology structure represented?

Implicit Explicit

"The first preliminary solution <node 0> connects to <node 1>, <node 2>, <node 3>
should be enhanced three times. <node 1> connects to <node 4>, <node 5>

Each of these three enhanced <node 2> connects to <node 6>, <node 7>

solutions should be further

o e 0 e 0 o BLiginented o o ditepts? <node 3> connects to <node 8>, <node 9>
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Unifying CoTs, ToTs, GoTs: Topologies of Reasoning
Topology Reasoning Al

Scheme single-prompt multi-prompt Schedule Pipeline Remarks

Class Rp. Dv. Class Rp. Dv. Scheme Rp.Dv.P F R T Modalities
Chain-of-Thought (CoT) [195] chain | (text) SA - - - - - - % X % R text
Zero-shot-CoT [112] chain | (text) SA - - - - - - X X %X X text
SelfAsk [152] chain | (text) SA - - - - - - % % B X text
Plan-and-Solve Prompting [188] chain | (text) SA - - - - X X X X text
Program of Thoughts (PoT) [41] chain | (text,code) SA - - - - - - %X x x @ text,code,table
Selection-Inference (Sl) [51] - - - chain E M linear I M x B x % text
Chain-of-symbol (CoS) [89] chain | (text) SA chain E SA linear I M %x x x % text
Least-to-Most Prompting [233] - - - chain E SA linear I M % % x X text
Decomposed Prompting [105] - - - chain E SA linear I M x x E & text
LogiCoT [231] chain | (text) SA tree E SA linear I M % % % % text
SELF-REFINE [140] - - - chain E SA linear I M x % x % text
Reflexion [168] - - - chain E SA linear I M % % x x text
Reasoning Graph Verifier (RGV) [35] chain | (text) SA graph E SA linear I M %x x x x text
Plan, Verify and Switch (PVS) [131] chain | (text,code) SA chain E SA linear I M % % x ®® textcode
Chameleon [136] - - - chain E SA linear I M x x @ @ text,code
ChatCoT [45] chain | (text) SA chain E SA linear I M x % @B @ text
Tree-of-Thought (ToT) [133] tree | (text) M tree E SA arbitary E M %X % X X text
Tree of Thoughts (ToT) [213] tree | (text) M tree E SA arbitrary E M %X % %X X text
Thought Decomposition [205] tree | (text) M tree E SA beam' E SA x % x M textcode T stochastic
Self-Consistency with CoT [190] chain I (text) M tree(®@)’ E SA - - - %X % % %X text Tdepth one
Creswell and Shanahan [50] tree | (text) M tree E SA beam E A x = x X text
Dynamic Least-to-Most Prompting [58] tree | (text) M tree E A  bottomup E A x % @ x textcode
Algorithm of Thoughts (AoT) [166] tree | (text) M - - - DFS,(BFS) I M x x x x ftext
Tree of Uncertain Thought (TouT) [145] tree | (text) M tree E SA BFS,DFS E M x % x % text
Tree-of-Mixed-Thought [91] tree | (text) M tree E SA DFs E A ®x % x ®8® scenegraphs
Tree of Clarifications (ToC) [106] tree (@) f | (text) M tree E SA BFS E A x %X B X text T depth one
Tree Prompting [170] - - - tree E A topdown E A X %X X X text
Skeleton-of-Thought (SoT) [148] tree (@) I (text) M tree(@) E A  parallel E A %X X %X X ftext Tdepth one
Branch-Solve-Merge (BSM) [162] tree (depth one) | (text) M graph @)t E SA BFS E M x % x X text Tdouble tree (®3)
Thought Propagation (TP) [218] graph (=) arbitrary M graph (®)T E SA BFS E M x % x X text Tdouble tree (mm)
Socratic Questioning [154] tree (depth one) | (text) M graph (®)T E SA DFS E M x x x x mul Tdouble tree
Graph of Thoughts (GoT) [10] graph (=) arbitrary M graph E M arbitrary E M %X %X %X X text
Graph of Thought (GoT) [119] 2] (2] © graph E (S)A DFS E @ x x x x text
Graph-of-Thought (GoT) [215] graph | (text) M chain E M linear E M x ®=® x X textimage
ControlLLM [132] graph E (json) M graph E M DFS E M x x' x @® textimagevideo,audio fcan be used
Cumulative Reasoning [224] graph (DAG) | (text) M graph(DAG) E SA arbitary E M X X %X %X text
Everything of Thoughts (XoT) [57] graph (7] L chain E M linear E M =0 x x X text
ResPrompt [99] graph | (text) M - - - - - - X X X X fext
Hypergraph-of-Thought (HoT) [212] hypergraph o M - - - - % =W x X textimage
BatchPrompt [124] batch E (text) M chain E M linear E M x x x Xx text
Memory Injections [163] - - - - - - - - - X x %X X text
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Basic Input- Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT) Graph of Thoughts (GoT) [This work]
Output (I0)

-Thought
(CoT)
Illput Backtracking Refining I
; l‘lput
Input Branching out from a chain
l; Input from a cl%ain ﬂ / ;
Output l Backtrackmg

!

Thoughts: ’
Unscored
Positive
score ‘ Aggregating Aggregatmg
- Negative chains thoughts
score : Key novelty
' Ol]tpllt (beyond CoT-SC): Key novelty (beyond ToT):
Dependencies Generating several Arbitrary graph-based thought OUtPUt
between thoughts Key novelty . new thoughts based Intermediate ry grap :
K elty: (beyond CoT): Selecting . bi though transformations (aggregating
ey novelty: . 1 L L on a given arbitrary oughts are thoughts into a new one
W Abandon thought Intermediate B el (ho Dest score thought, exploring also scored : ‘
LLM thoughts independent chains it further, and possibly loo_pmg over a thought to
™. Backtrack within a chain of thoughts backtracking from it refine it)
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COTs areffective for sequential
reasoninge.g., simple math problems,
singlehop commonsense tasks), but

struggle with complex decompositiong
and multithop inference.

Basic Input- Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT)
Output (I0)

-Thought
(CoT)

Graph of Thoughts (GoT) [This work]

IHPUt Backtracking Refining
IHPUt Branching out from a chain W Il‘lput
' from a chain / i / ; \
Output A Backtrackmg

\

-

st
,::\,.

Thoughts:
Unscored
Positive A ggregatmg
score ggregaung
- Negative chains thoughts
score Key novelty Output
' Olltpllt (beyond CoT -SC): P Key novelty (beyond ToT):
Dependencies Generating several N Out ut
) Arbitrary graph-based thought
between thoughts Key no:lre(l:ty Selecting new thoughts based Imermediate transformations (aggregating
Key novelty: gaeri?;;sin “;)uiu e achainwith on a given arbitrary thoughts are thoughts into a new one,
[l Abandon thought ir}ziﬁlmtﬁglagt]elts independe?lt E P the best score '_dtzought, exp(llonng-bl S EEriEs looping over a thought to
u hains it further, and possibly P
O e within a chain of thoughts backtracking from it refine it)
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COTs areffective for sequential Though computationally costly, tree
reasoninge.g., simple math problems @ based schemes excel in problems wi
singlehop commonsense tasks), but hierarchical structure, outperforming

struggle with complex decompositiong® CoTqe.g.,in arithmetic and symbolic
and multthop inference. reasoning

Graph of Thoughts (GoT) [This work]

Basic Input- Chain-o1- Multiple Co'ls (Co1-5C) 1ree o Lnougnts (101)
Output (I0) -Thought
(CoT)

Refining
IIlpllt Branching out j InpUt
' from a chain / V‘l \
Output Backtracking

NV
\$>=
? Aggregat]ng
®

A
Thoughts: ’ ' \
Unscored ?
Positive
score Aggregatin
- Negative gghajgns : thoughts
score O Key novelty
utput P :
) eyond CoT-SC): Key novelty (beyond ToT):
Dependencies Generating several Argltrar‘; gtl?;[()h-gased ﬂ1(')11‘1)ght Output
between thoughts Key novelty 3 new thoughts based Intermediate : ;
K elty: (beyond CoT): Selecting ! - transformations (aggregating
ey novelty: Haeri 1 L & et v on a given arbitrary thoughts are thoughts into a new one
[l Abandon thought Intermediate Jemessing MUUP'E. o et score thought, exploring S EEriEs loopi thought
LLM thoughts independent chains it further, and possibly ooping over a thought to
*. Backtrack within a chain of thoughts backtracking from it refine it)

24
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COQOTs areffective for sequential Though computationally costly, tree Graph schemes likéoTimprove
reasoninge.g., simple math problems @ based schemes excel in problems wi arithmetic and multihop
singlehop commonsense tasks), but hierarchical structure, outperforming reasoning efficiencgompared to

struggle with complex decompositiong® CoTqe.g.,in arithmetic and symbolic tree schemessimultaneously
and multithop inference. reasoning often using fewer tokens thafoTs

Basic Input- Chain-o1- Multiple Co'ls (Col-5C) 1ree oI Lnougnts (101) Graphn o1 1nougnts (Lo1l) .
Output (I0) -Thought [This work]
(CoT)

Refining
IIlpllt Branching out j InpUt
' from a chain / ;“l \
Output Backtracking

4
A

NV
\$>:
? Aggregaﬂl
®

Thoughts:
Unscored
Positive
score Aggregating
- Negative ity thoughts
score 0 Key novelty
utput ond CoT-SC): :
Dependencies E}b:r)n'eraﬁng severa} ﬁf&;;‘;g{,ﬁ:;ﬁ 3]1‘0(;1.? éht OUtPUt
between thoughts Key novelty ] new thoughts based Intermediate : ;
Key novelty: (beyond CoT): Sﬁle-mng on a given arbitrary thoughts are transformations (aggregating
Intermediate Harnessing multiple & €911 with thought, explorin 1 red thoughts into a new one,
[[l] Abandon thought : P € the best score Al e i ais0 score loopi though
LLM thoughts independent chains it further, and possibly ooping over a thought to
within a chain of thoughts backtracking from it refine it)

*.. Backtrack
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Seamless integration of all these elements within a sing

framework that drives LLM processing and analytics

Inference related

Prompting Structures Multi-agent, Retrieval
psychology
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GAIA:
A Benchmark for General Al Assistants

Grégoire Mialon', Clémentine Fourrier?, Craig Swift®>, Thomas Wolf?, Yann LeCun', Thomas
Scialom*

IFAIR, Meta, 2HuggingFace, 3AutoGPT, *GenAl, Meta

26



MPEL e gzzz'l_eth < \:0:0 CSCS E'HZUI“/Ch

spcl.ethz.ch

WSl a2yAy3 aLy ¢KS w)

GAIA:
A Benchmark for General Al Assistants

Grégoire Mialon', Clémentine Fourrier?, Craig Swift®>, Thomas Wolf?, Yann LeCun', Thomas
Scialom*

IFAIR, Meta, 2HuggingFace, 3AutoGPT, *GenAl, Meta

Question: What was the actual enrollment count of the clinical trial on H. pylori in acne vulgaris
patients from Jan-May 2018 as listed on the NIH website?

26
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GAIA:
A Benchmark for General Al Assistants

Grégoire Mialon', Clémentine Fourrier?, Craig Swift®>, Thomas Wolf?, Yann LeCun', Thomas
Scialom*

IFAIR, Meta, 2HuggingFace, 3AutoGPT, *GenAl, Meta

Question: What was the actual enrollment count of the clinical trial on H. pylori in acne vulgaris
patients from Jan-May 2018 as listed on the NIH website?

Question: If this whole pint is made up of ice cream, how many percent above
or below the US federal standards for butterfat content is it when using the
standards as reported by Wikipedia in 20207 Answer as + or - a number rounded
to one decimal place.

26
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GAIA:
A Benchmark for General Al Assistants

Grégoire Mialon', Clémentine Fourrier?, Craig Swift®>, Thomas Wolf?, Yann LeCun', Thomas
Scialom*

IFAIR, Meta, 2HuggingFace, 3AutoGPT, *GenAl, Meta

Question: What was the actual enrollment count of the clinical trial on H. pylori in acne vulgaris
patients from Jan-May 2018 as listed on the NIH website?

Question: If this whole pint is made up of ice cream, how many percent above

or below the US federal standards for butterfat content is it when using the

standards as reported by Wikipedia in 20207 Answer as + or - a number rounded

to one decimal place.
Question: In NASA’s Astronomy Picture of the Day on 2006 January 21, two astronauts are visible,
with one appearing much smaller than the other. As of August 2023, out of the astronauts in the
NASA Astronaut Group that the smaller astronaut was a member of, which one spent the least time
in space, and how many minutes did he spend in space, rounded to the nearest minute? Exclude any
astronauts who did not spend any time in space. Give the last name of the astronaut, separated from
the number of minutes by a semicolon. Use commas as thousands separators in the number of minutes.
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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' Jén Gunnar Hannesson' Grzegorz Kwasniewski '
Marcin Copik ' Hubert Niewiadomski? Torsten Hoefler !
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