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Background

Applications of Tensor Networks (TNs)

TN is an efficient framework for modeling complex systems by decomposing it into

simpler, interconnected parts.
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Discovering faster matrix multiplication
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Background
Why TN so Powerful?



Background
Why TN so Powerful’?

Tensor networks can efficiently represent
high-dimensional space.



Background
Why TN so Powerful’?

Tensor networks can efficiently represent 6-&)-6-6-(5{5

hlgh'dlmenSK)naI SpaCe matrix product state /

tensor train

PEPS network
VAN
AN VAN
AN\ VAN / \ / \
/N NN\ I\ N\ N\ N\
tree tensor network / MERA network

hierarchical Tucker
R. Orus, Ann. of Phys. 349, 117-158 (2014)



Background

Why TN so Powerful?

Tensor networks can efficiently represent d)—d)—d)—é—d)—d)

hlgh'dlmenSK)naI SpaCe matrix product state /

ensor fram PEPS network
/\
How to select the promising tensor 4 =
network models? R R R
ININNNNINN\NN
tree tensor network / MERA network

hierarchical Tucker
R. Orus, Ann. of Phys. 349, 117-158 (2014)



Background

Why TN so Powerful?
Tensor networks can efficiently represent d)—d)—d)—é—d)—é
hlgh'dlmenSK)naI SpaCe matrix product state /
ensortran PEPS network
A
How to select the promising tensor 4 =
network models? AUA A lra
INLNLNLNLN LN LN\ LN
TGI’)SOI’ NetWOI’k STI’UCTUI’G SGaI’Ch (TN' tree tensor network / MERA network

S S ) hierarchical Tucker

R. Orus, Ann. of Phys. 349, 117-158 (2014)



Background

Motivations




Background

Motivations




Background

Motivations

. ChatGPT

?Claudeﬁé

Gemirn




Background

Motivations

. ChatGPT

Exploiting the enormous language
space of LLMs for autonomous TN-
SS algorithm discovery.

?Claudejgé

Gemin




Background

Motivations

. ChatGPT

Exploiting the enormous language
space of LLMs for autonomous TN-
SS algorithm discovery.

%Claude%

Saving human experts from the
labor-intensive algorithm design
process and letting them focus on
more challenging problems.

Gemin
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(thGPS), a LLM-driven automation framework designed to
automatically generate novel and effective TN-SS algorithms
tailored to specific downstream tasks;
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Contributions

1. We propose tensor-network-purposed GP T-driven structure search
(thGPS), a LLM-driven automation framework designed to
automatically generate novel and effective TN-SS algorithms
tailored to specific downstream tasks;

2. Experimental results demonstrate that the algorithms discovered
by tnGPS outperform existing TN-SS algorithms on benchmark
data.



Existing Studies

When TN-SS Meets LLMs

How Human Experts Conduct Innovative Research

Novel Results



Existing Studies

When TN-SS Meets LLMs

How Human Experts Conduct Innovative Research Y.

Idea Pool K Knowledge \ f X
Idea D t(ID
f Q X Categorlsatlon (KC) _f_a ropout (ID)
( E y SCORE, CONTEXT) .0“ .0 ““ ."“ LI I

1 ... “‘ H EH B 2

A
( E , SCORE, CONTEXT)

A .
@ , SCORE, CONTEX))

L

'y
I )
n a
N = ““--....0
[ ] ] % *

L
n [ ] *® k .
™ .“ a
1 k g "
) { 4 k L
. o% o
Py * 0 o
. MRS of
* * 0
* A 0’
* o .
" ““
* Y e
Spgguu®

A A

a8

Experiments f Multiple-Stage Innovation X
f (Evaluation) \ ﬁ

\ B - B —B. _B

Incremental Knowledge

Innovation (l1) " Recombination (KR)
0 . o
—
@RE SCORE scoy K

g




When TN-SS Meets LLMs

How Human Experts Conduct Innovative Research

f Knowledge \
Categorlsatlon (KC)

Idea Pool: Gather information through
literature reviews and paper retrieval

B

Idea Pool X

SCORE, CONTEXT)

A
( E , SCORE, CONTEXT)

A .
@ , SCORE, CONTEX))

f Experiments
(Evaluatlon)

@RE SCORE

SCO

#

e/

~

Existing Studies

'
pomnre

Novel Results

-lll. |»
L 4
*
L Y
a
[ ]
L

Diversity Injection (DlI)

N

VO

) —>

f Idea Dropout (ID) X

\_

e
0“
*

L
'y
N .
[ -
n s ““IIII...
[ ] ] %4 *
L

. PR A A °
| | | | ‘O a
L k me "
. ¢ A o
. o% 4
* * 0 L 4

. * 0 *

* v 0

< L X 4 ‘0
..lll“: ‘0‘
., “t‘
‘e, ast’
Emmu®

"
B

;4— /
B b

Multiple-Stage Innovation

‘—E\ o

Incremental
Innovation (ll)

~

Knowledge
Recombination (KR)

g




When TN-SS Meets LLMs

Existing Studies

¢

?
How Human Experts Conduct Innovative Research

Idea Pool: Gather information through
literature reviews and paper retrieval

Knowledge Categorization (KC): Refine
ideas into knowledge clusters.

~

(

A
9

A
( E , SCORE, CONTEXT)

A .
@ , SCORE, CONTEX))

Idea Pool X

SCORE, CONTEXT)

-~
0
'

@RE SCORE

Experiments
(Evaluatlon)

#

#

scoy

~

AN

Novel Results

Ly

k‘

Eh

Knowledge \ f X
| D ID
Categorlsatlon (KC _C_I?_a ropout (ID)

* L
.’ “ I I |
L 4 L
! .
N .
[ ] 1
sEERDEy
n u ““ S
[ ] ] . *
| [ ] L L
. k n
| | | | ‘O
L k me "
) ' k L
. o% 4
* * 0 L 4
* * 0
0’ .”0
*

L4
L 2
PS L 4
e L .
o P A 0‘
] “
A J “
* “
*, st
...--“

N
/

Diversity Injectlon (DI)

A A
—»M...@

‘V

—

-~

A

B

E‘—E\ ~ B

Multiple-Stage Innovation X

Incremental Knowledge
Innovation (Il) Recombination (KR)

B~ B




When TN-SS Meets LLMs

How Human Experts Conduct Innovative Research

Idea Pool: Gather information through
literature reviews and paper retrieval

Knowledge Categorization (KC): Refine
ideas into knowledge clusters.

Idea Dropout (ID): Filter out less interesting
ideas to focus on the most promising ones.

Idea Pool X

SCORE, CONTEXT)

B

A
( E , SCORE, CONTEXT)

A .
@ , SCORE, CONTEX))

Experiments

(E\Eatlon) E\

-~
0
'

é}

@RE SCORE scoy

Existing Studies

¢

Novel Results

f Knowledge \
Categorlsatlon (KC

k‘

DlverS|ty Injectlon (DI)

@

?)

L

-

q

*
¢
04
L4
2 .
L ]
N
n
]
]
L]
-

f Idea Dropout (ID) X
“‘ .”‘ [ I I |
ﬁ.“:

.
.
e
)
a
| |
n ““
" *
[ ] L 2
A we®
. ¢ A
s o
.
. 0
*, :’0
. :* o*
% % .
Sggut® .
. R
% e A
e e
N EEmn a ]

A

@
=

Incremental
Innovation (ll)

B

Multiple-Stage Innovation

—B B
\ /
. Recombination (KR)

e

~

Knowledge

g




When TN-SS Meets LLMs

How Human Experts Conduct Innovative Research

Idea Pool: Gather information through
literature reviews and paper retrieval

Knowledge Categorization (KC): Refine
ideas into knowledge clusters.

Idea Dropout (ID): Filter out less interesting
ideas to focus on the most promising ones.

Knowledge Recombination (KR). Generate
new ideas by merging existing ones.

B

A
( E , SCORE, CONTEXT)

Idea Pool X

SCORE, CONTEXT)

A .
@ , SCORE, CONTEX))

Experiments

(E\Eatlon) E\

-~
0
'

é}

@RE SCORE scoy

Existing Studies

¢

Novel Results

f Knowledge \
Categorlsatlon (KC

k‘

DlverS|ty Injectlon (DI)

@

?)

L

-

q

*
¢
04
L4
2 .
L ]
N
n
]
]
L]
-

f Idea Dropout (ID) X
“‘ .”‘ [ I I |
ﬁ.“:

.
.
e
)
a
| |
n ““
" *
[ ] L 2
A we®
. ¢ A
s o
.
. 0
*, :’0
. :* o*
% % .
Sggut® .
. R
% e A
e e
N EEmn a ]

ﬁ
Incremental
Innovation (ll)

=

B

Multiple-Stage Innovation

—B B
\ /
. Recombination (KR)

e

~

Knowledge

g




When TN-SS Meets LLMs

How Human Experts Conduct Innovative Research

Idea Pool: Gather information through
literature reviews and paper retrieval

Knowledge Categorization (KC): Refine
ideas into knowledge clusters.

Idea Dropout (ID): Filter out less interesting
ideas to focus on the most promising ones.

Knowledge Recombination (KR). Generate
new ideas by merging existing ones.

Incremental Innovation (ll). Make gradual
improvements to existing ideas.

B

A
( E , SCORE, CONTEXT)

A .
@ , SCORE, CONTEX))

Idea Pool X

SCORE, CONTEXT)

Experiments

(E\Eatlon) E\

-~
0
'

4

@RE SCORE scoy

Existing Studies

¢

Novel Results

f Knowledge \
Categorlsatlon (KC

k‘

DlverS|ty Injectlon (DI)

@

?)

L

-

q

*
¢
04
L4
2 .
L ]
N
n
]
]
L]
-

f Idea Dropout (ID) X
“‘ .”‘ [ I I |
ﬁ.“:

.
.
e
)
a
a
n ““
n *
[ ] L 2
A ne®
. ¢ k
s o
.
. 0
0’ :’0
. :* o*
% % .
Sggut® .
™ *
“ “t
e e
N EEmn a ]

ﬁ
Incremental
Innovation (ll)

=

B

Multiple-Stage Innovation

—B B
\ /
. Recombination (KR)

e

~

Knowledge

g




When TN-SS Meets LLMs

How Human Experts Conduct Innovative Research

Idea Pool: Gather information through
literature reviews and paper retrieval

Knowledge Categorization (KC): Refine
ideas into knowledge clusters.

Idea Dropout (ID): Filter out less interesting
ideas to focus on the most promising ones.

Knowledge Recombination (KR). Generate
new ideas by merging existing ones.

Incremental Innovation (ll). Make gradual
improvements to existing ideas.

Experiments (Evaluation): Test and score
ideas to validate their potential.

B

A
( E , SCORE, CONTEXT)

A .
@ , SCORE, CONTEX))

Idea Pool X

SCORE, CONTEXT)

AN

# #

f Experiments \
(Evaluatlon)
@RE SCORE

scoy

Categorlsatlon (KC\

Ly

N

w—h

=

Existing Studies

¢

Novel Results

Knowledge

f Idea Dropout (ID) X
PSS X R
0" e
.’ “ H B B
‘:Z . .
L )
)
N a
| . p ““""-....’.
] ] *® k )
. A R :
“ h ' ) |
A of .
. * 0 L 4
* A 4 L4
* .”0 *
’0. :* o*
....-“. “
] .
. «**
0. “‘
....-“

.‘y

B
ah >

DlverS|ty Injectlon (DI)

?)

L

-

Multiple-Stage Innovation

---..»

~

‘—E\ ~ B

Incremental Knowledge
Innovation (Il) Recombination (KR)

B~ B

A

-~
0

B




When TN-SS Meets LLMs

How Human Experts Conduct Innovative Research

Idea Pool: Gather information through
literature reviews and paper retrieval

Knowledge Categorization (KC): Refine
ideas into knowledge clusters.
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Knowledge Recombination (KR). Generate
new ideas by merging existing ones.

Incremental Innovation (ll). Make gradual
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Experiments (Evaluation): Test and score
ideas to validate their potential.

Diversity Injection (DI): Introduce new,
orthogonal ideas through brainstorming or
external feedback.
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baseline tnGPS KR IT DI
Objective 0.1558 0.1102 0.1308 0.1273 0.1239

The results highlight the importance of the 'KR/, 'll', and 'DI' components.

Incomplete
descriptions

0.1847 0.1813 0.1842  0.1840 0.1834 0.1819

baseline GPT-4 GPT-3.5 Claude-1 Claude-2

More powerful LLMs like GPT-4 enhance thGPS performance.
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Insights Gained from the Generated Algorithms

tnGPS can leverage insights gained from the existing algorithms and
the embedded knowledge in LLMs for novel algorithm generation

o Non-Markovian searching dynamic (Ho-1, Ho-2, Ho-3)

Inverse annealing for mutation (Ho-1)

o (zaussian perturbation mutation (Ho-2)

o Best structure crossover (Ho-3)

O

The algorithm discovered by tnGPS implicitly reflects the hidden
structure of the data
o Boundary mutation (Ablation 1)



Concluding Remarks

* tnGPS: a LLM-driven framework for discovering new TN-SS
algorithms.

* tnGPS is designed by prompting LLMs to mimic human
experts.

 LLMs provide us new ideas of solving more broad tensor
problems.
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