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Applications of Tensor Networks (TNs)

TN is an efficient framework for modeling complex systems by decomposing it into 
simpler, interconnected parts.

State representation in quantum physics  
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Carlo tree search (MCTS) planning procedure. The network takes as 
input a state (that is, a tensor tS  to decompose), and outputs a policy 
and a value. The policy provides a distribution over potential actions. 
As the set of potential actions (u(t), v(t), w(t)) in each step is enormous, 
we rely on sampling actions rather than enumerating them21,22. The 
value provides an estimate of the distribution z of returns (cumulative 
reward) starting from the current state tS . With the above reward 
scheme, the distribution z models the agent’s belief about the rank of 
the tensor St. To play a game, AlphaTensor starts from the target tensor 
( nT ) and uses the MCTS planner at each step to choose the next action. 
Finished games are used as feedback to the network to improve the 
network parameters.

Overcoming the challenges posed by TensorGame—namely, an enor-
mous action space, and game states described by large 3D tensors 
representing an abstract mathematical operation—requires multiple 
advances. All these components, described briefly below,  substantially 

improve the overall performance over a plain AlphaZero agent (see 
Methods and Supplementary Information for details).

Neural network architecture
We propose a transformer-based23 architecture that incorporates 
inductive biases for tensor inputs. We first project the S × S × S input 
tensor into three S × S grids of feature vectors by using linear layers 
applied to the three cyclic transpositions of the tensor. The main part of 
the model comprises a sequence of attention operations, each applied 
to a set of features belonging to a pair of grids (Extended Data Figs. 3 
and 4). This generalizes axial attention24 to multiple grids, and is both 
more efficient and yields better results than naive self-attention. The 
proposed architecture, which disregards the order of rows and columns 
in the grids, is inspired by the invariance of the tensor rank to slice 
reordering. The final feature representation of the three matrices is 
passed both to the policy head (an autoregressive model) and the value 
head (a multilayer perceptron).

Synthetic demonstrations
Although tensor decomposition is NP-hard, the inverse task of con-
structing the tensor from its rank-one factors is elementary. Hence, 
we generate a large dataset of tensor-factorization pairs (synthetic 
demonstrations) by first sampling factors u v w{( , , )}r r r

r
R( ) ( ) ( )

=1 at random, 
and then constructing the tensor = ∑ ⊗ ⊗r

R r r r
=1

( ) ( ) ( )D u v w . We train the 
network on a mixture of supervised loss (that is, to imitate synthetic 
demonstrations) and standard reinforcement learning loss (that is, 
learning to decompose a target tensor nT ) (Fig. 2). This mixed training 
strategy—training on the target tensor and random tensors— substan-
tially outperforms each training strategy separately. This is despite 
randomly generated tensors having different properties from the tar-
get tensors.

Change of basis
 nT  (Fig. 1a) is the tensor representing the matrix multiplication bilinear 
operation in the canonical basis. The same bilinear operation can be 
expressed in other bases, resulting in other tensors. These different 

Algorithm 1
A meta-algorithm parameterized by =u v w{ , , }r r r( ) ( ) ( )

r
R

1 for computing 
the matrix product C = AB. It is noted that R controls the number of 
multiplications between input matrix entries.
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Fig. 2 | Overview of AlphaTensor. The neural network (bottom box) takes  
as input a tensor St, and outputs samples (u, v, w) from a distribution  
over potential next actions to play, and an estimate of the future returns  
(for example, of S−Rank ( )t ). The network is trained on two data sources: 

previously played games and synthetic demonstrations. The updated network 
is sent to the actors (top box), where it is used by the MCTS planner to generate 
new games.Discovering faster matrix multiplication 

(AlphaTensor, Fawzi et al., Nature’22)
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Compressing neural network by tensor network with exponentially fewer variational parameters

Yong Qing⇤,1 Ke Li⇤,1 Peng-Fei Zhou,1 and Shi-Ju Ran1, ⇤

1Center for Quantum Physics and Intelligent Sciences,
Department of Physics, Capital Normal University, Beijing 10048, China

(Dated: May 6, 2024)

Neural network (NN) designed for challenging machine learning tasks is in general a highly nonlinear map-
ping that contains massive variational parameters. High complexity of NN, if unbounded or unconstrained,
might unpredictably cause severe issues including over-fitting, loss of generalization power, and unbearable cost
of hardware. In this work, we propose a general compression scheme that significantly reduces the variational
parameters of NN by encoding them to deep automatically-differentiable tensor network (ADTN) that contains
exponentially-fewer free parameters. Superior compression performance of our scheme is demonstrated on sev-
eral widely-recognized NN’s (FC-2, LeNet-5, AlextNet, ZFNet and VGG-16) and datasets (MNIST, CIFAR-10
and CIFAR-100). For instance, we compress two linear layers in VGG-16 with approximately 107 parameters
to two ADTN’s with just 424 parameters, where the testing accuracy on CIFAR-10 is improved from 90.17%
to 91.74%. Our work suggests TN as an exceptionally efficient mathematical structure for representing the
variational parameters of NN’s, which exhibits superior compressibility over the commonly-used matrices and
multi-way arrays.

I. INTRODUCTION

Neural network (NN) [1] has gained astounding success in
a wide range of fields including computer vision, natural lan-
guage processing, and most recently scientific investigations
in, e.g., applied mathematics(e.g., [2, 3]) and physics(e.g., [4–
10]). To improve the performance on handling complicated
realistic tasks, the amount of variational parameters in NN
rapidly increases from millions to trillions (e.g., Chat-GPT
with 175 billion parameters [11]). Such a paradigm with the
utilization of super large-scale NN’s brought us several severe
challenges. Though the representation ability of NN should be
enhanced by increasing the complexity, over-fitting might oc-
cur and the generalization ability of NN might unpredictably
be harmed. The increasing complexity also brings unbearable
cost of hardware in academic investigations and practical ap-
plications.

The variational parameters in NN are usually stored as ma-
trices or higher-order tensors (also called multi-linear arrays).
Previous results show that generalization ability can be im-
proved by suppressing or “refining” the degrees of freedom
in such tensors by, e.g., network pruning [12–14], knowledge
distillation [15, 16], weight sharing [17, 18], tensor decom-
positions [19, 20], etc. In recent years, shallow tensor net-
works (TN’s) including matrix product state (MPS [21, 22],
also known as tensor-train form [23]) and matrix product oper-
ator (MPO [24]) were applied to represent the tensors in neu-
ral networks, and achieved remarkable compression rates [25–
29]. These imply TN as a superior mathematical structure
over the simple multi-linear arrays for representing the varia-
tional parameters of NN’s, which yet remains an open issue.

In this work, we propose to encode the variational param-
eters of the considered NN layer(s) into the contraction of
TN [30] that contains exponentially fewer parameters. See
the illustration of the main procedures in Fig. 1. For instance,

⇤ Corresponding author. Email: sjran@cnu.edu.cn

FIG. 1. (Color online) The workflow of ADTN for compressing NN.
(a) The illustration of a convolutional NN as an example, whose vari-
ational parameters (T ) are encoded in a ADTN shown in (b). The
contraction of the ADTN results in T , in other words, where the
ADTN contains much less parameters than T .

the number of parameters of the TN encoding 2Q parame-
ters of NN scale just linearly as O(MQ), with M ⇠ O(1)
the number of TN layers. Since the contraction process is
differentiable, automatic differentiation technique [31, 32] is
utilized to optimize the tensors of the TN to reach the opti-
mal accuracy after compression. Thus, we dub our scheme as
automatically differentiable tensor network (ADTN).

We demonstrate the compression performance of ADTN
on various well-known NN’s (FC-2, LeNet-5 [33], AlexNet,
ZFnet, and VGG-16 [34]) and datasets (MNIST [35], CIFAR-
10 [36] and CIFAR-100). Note the details of NN’s can be
found in Appendix A. For instance, in the experiment of com-
pressing two fully connected layers of VGG-16, we com-
pressed about 107 parameters to two ADTN’s with just 424,
where the accuracy of the testing set of CIFAR-10 is improved
from 90.17% to 91.74%. Our work implies a general way
to reduce the excessive complexity of NN’s by encoding the
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Exploiting the enormous language 
space of LLMs for autonomous TN-
SS algorithm discovery.
Saving human experts from the 
labor-intensive algorithm design 
process and letting them focus on 
more challenging problems.
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1. We propose tensor-network-purposed GPT-driven structure search 
(tnGPS), 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.
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Figure 1. A basic workflow to illustrate how human experts do
innovation in research.

follow a similar hypothesis or principle. In Idea Dropout

(ID), this phase models the behavior of human experts by
filtering out certain ideas from the pool, allowing them to fo-
cus only on the most interesting ones for deeper study. The
metrics used in ID are typically multivariate, encompassing
factors such as personal interests, performance, trends, or
even randomness due to the large scale of the idea pool.

In this work, innovation is considered as an operation that
generates new ideas from existing ones. As shown in Fig-
ure 1, we model innovation as a two-stage process consisting
of knowledge recombination (KR) and incremental innova-

tio (II) These phases are key ingredients to create values
in not only research but also in strategy and entrepreneur-
ship (Rubin & Abramson, 2018; Xiao et al., 2022). More
specifically speaking, KR refers to the process of generating
new ideas by merging, integrating, or reconfiguring existing
ideas. II involves gradual improvements or minor modifi-
cations to existing ideas. Additionally, Figure 1 formalizes
diversity injection (DI), which is forced to generate new
ideas that are “orthogonal” to the existing ones. DI is com-
monly observed in real-world scenarios, such as brainstorm-
ing sessions in team meetings or critical comments from
non-experts. Significant innovation is ultimately expected
to emerge by recursively invoking KR, II, and DI within
the workflow.

3. tnGPS: a LLM-Driven Framework for
TN-SS Algorithm discovery

In this section, we introduce tnGPS, an LLM-driven frame-
work for discovering TN-SS algorithms. The introduction
primarily focuses on the technical aspects, illustrating how

tnGPS is designed with a pipeline of prompts to harness
LLMs in order to discover novel TN-SS algorithms, mim-
icking the innovation process of human experts.

Global architecture of tnGPS. We conceptualize tnGPS
as a system where the inputs are known TN-SS algorithms
encoded in Python, and the outputs are newly discovered
TN-SS algorithms. Inspired by the way human experts con-
duct innovative research, tnGPS is designed with a global
pipeline similar to the one depicted in Figure 1. In this
design, the LLM acts as an agent to perform the functions
of each phase shown in Figure 1, replacing human experts.
Below, we introduce the specific implementation of each
block in detail.

Idea Pool, also referred to as “the pool” for brevity
throughout the paper, is defined as a set of algo-
rithms described as (algorithm, score). Here,
algorithm contains various implementations of the func-
tion GenerateSamples( · ) as defined in Eq. (2) of a TN-SS
algorithm using Python, and score is a scalar value indi-
cating the algorithm’s performance in the TN-SS problem.
To help LLMs understand TN-SS algorithms effectively, all
algorithms in the pool are standardized with a unified
interface, as depicted in Figure 2. Additionally, the text
in Figure 2 will serve as the “pilot” for constructing the
prompt, as discussed at the end of this section.

Knowledge categorisation (KC). In this phase, we cre-
ate clusters of algorithms using LLMs. Each cluster con-
tains similar algorithms, representing a distinct piece
of knowledge on how to solve TN-SS. In doing so, we first
simplify and initialize the clusters with each algorithm in the
pool. Once a new algorithm (e.g. one generated by tnGPS)
is coming, we prompt the LLM to evaluate the methodolog-
ical similarity between the new algorithm and the cluster
centroids, which are the algorithms with the best scores in
each cluster. The new algorithm is then assigned an index
to declare its cluster membership. The key prompt used in
this phase is illustrated in Figure 3.

Idea dropout (ID). The dropout is conducted by randomly
selecting algorithms from the pool using a roulette selection
mechanism. Consider N algorithms, indexed from 1 to N
based on their scores, ranked from highest to lowest. In-
spired by the previous work (Li & Sun, 2020), the roulette
selection performs a sequential sampling without replace-
ment The probability of selecting the kth algorithm is given
by

Pr(k) = max

⇢
0.01, ln

✓
↵

eps+ k

◆�
, (3)

where eps is a very small positive number to ensure numeri-
cal stability, ln( · ) denotes the natural logarithm function,
and ↵ > 0 is a hyperparameter that controls the selection
preference. A smaller value of ↵ increases the likelihood of
selecting algorithms with higher scores.
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follow a similar hypothesis or principle. In Idea Dropout

(ID), this phase models the behavior of human experts by
filtering out certain ideas from the pool, allowing them to fo-
cus only on the most interesting ones for deeper study. The
metrics used in ID are typically multivariate, encompassing
factors such as personal interests, performance, trends, or
even randomness due to the large scale of the idea pool.

In this work, innovation is considered as an operation that
generates new ideas from existing ones. As shown in Fig-
ure 1, we model innovation as a two-stage process consisting
of knowledge recombination (KR) and incremental innova-

tio (II) These phases are key ingredients to create values
in not only research but also in strategy and entrepreneur-
ship (Rubin & Abramson, 2018; Xiao et al., 2022). More
specifically speaking, KR refers to the process of generating
new ideas by merging, integrating, or reconfiguring existing
ideas. II involves gradual improvements or minor modifi-
cations to existing ideas. Additionally, Figure 1 formalizes
diversity injection (DI), which is forced to generate new
ideas that are “orthogonal” to the existing ones. DI is com-
monly observed in real-world scenarios, such as brainstorm-
ing sessions in team meetings or critical comments from
non-experts. Significant innovation is ultimately expected
to emerge by recursively invoking KR, II, and DI within
the workflow.

3. tnGPS: a LLM-Driven Framework for
TN-SS Algorithm discovery

In this section, we introduce tnGPS, an LLM-driven frame-
work for discovering TN-SS algorithms. The introduction
primarily focuses on the technical aspects, illustrating how

tnGPS is designed with a pipeline of prompts to harness
LLMs in order to discover novel TN-SS algorithms, mim-
icking the innovation process of human experts.

Global architecture of tnGPS. We conceptualize tnGPS
as a system where the inputs are known TN-SS algorithms
encoded in Python, and the outputs are newly discovered
TN-SS algorithms. Inspired by the way human experts con-
duct innovative research, tnGPS is designed with a global
pipeline similar to the one depicted in Figure 1. In this
design, the LLM acts as an agent to perform the functions
of each phase shown in Figure 1, replacing human experts.
Below, we introduce the specific implementation of each
block in detail.

Idea Pool, also referred to as “the pool” for brevity
throughout the paper, is defined as a set of algo-
rithms described as (algorithm, score). Here,
algorithm contains various implementations of the func-
tion GenerateSamples( · ) as defined in Eq. (2) of a TN-SS
algorithm using Python, and score is a scalar value indi-
cating the algorithm’s performance in the TN-SS problem.
To help LLMs understand TN-SS algorithms effectively, all
algorithms in the pool are standardized with a unified
interface, as depicted in Figure 2. Additionally, the text
in Figure 2 will serve as the “pilot” for constructing the
prompt, as discussed at the end of this section.

Knowledge categorisation (KC). In this phase, we cre-
ate clusters of algorithms using LLMs. Each cluster con-
tains similar algorithms, representing a distinct piece
of knowledge on how to solve TN-SS. In doing so, we first
simplify and initialize the clusters with each algorithm in the
pool. Once a new algorithm (e.g. one generated by tnGPS)
is coming, we prompt the LLM to evaluate the methodolog-
ical similarity between the new algorithm and the cluster
centroids, which are the algorithms with the best scores in
each cluster. The new algorithm is then assigned an index
to declare its cluster membership. The key prompt used in
this phase is illustrated in Figure 3.

Idea dropout (ID). The dropout is conducted by randomly
selecting algorithms from the pool using a roulette selection
mechanism. Consider N algorithms, indexed from 1 to N
based on their scores, ranked from highest to lowest. In-
spired by the previous work (Li & Sun, 2020), the roulette
selection performs a sequential sampling without replace-
ment The probability of selecting the kth algorithm is given
by

Pr(k) = max

⇢
0.01, ln
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where eps is a very small positive number to ensure numeri-
cal stability, ln( · ) denotes the natural logarithm function,
and ↵ > 0 is a hyperparameter that controls the selection
preference. A smaller value of ↵ increases the likelihood of
selecting algorithms with higher scores.
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follow a similar hypothesis or principle. In Idea Dropout

(ID), this phase models the behavior of human experts by
filtering out certain ideas from the pool, allowing them to fo-
cus only on the most interesting ones for deeper study. The
metrics used in ID are typically multivariate, encompassing
factors such as personal interests, performance, trends, or
even randomness due to the large scale of the idea pool.

In this work, innovation is considered as an operation that
generates new ideas from existing ones. As shown in Fig-
ure 1, we model innovation as a two-stage process consisting
of knowledge recombination (KR) and incremental innova-

tio (II) These phases are key ingredients to create values
in not only research but also in strategy and entrepreneur-
ship (Rubin & Abramson, 2018; Xiao et al., 2022). More
specifically speaking, KR refers to the process of generating
new ideas by merging, integrating, or reconfiguring existing
ideas. II involves gradual improvements or minor modifi-
cations to existing ideas. Additionally, Figure 1 formalizes
diversity injection (DI), which is forced to generate new
ideas that are “orthogonal” to the existing ones. DI is com-
monly observed in real-world scenarios, such as brainstorm-
ing sessions in team meetings or critical comments from
non-experts. Significant innovation is ultimately expected
to emerge by recursively invoking KR, II, and DI within
the workflow.

3. tnGPS: a LLM-Driven Framework for
TN-SS Algorithm discovery

In this section, we introduce tnGPS, an LLM-driven frame-
work for discovering TN-SS algorithms. The introduction
primarily focuses on the technical aspects, illustrating how

tnGPS is designed with a pipeline of prompts to harness
LLMs in order to discover novel TN-SS algorithms, mim-
icking the innovation process of human experts.

Global architecture of tnGPS. We conceptualize tnGPS
as a system where the inputs are known TN-SS algorithms
encoded in Python, and the outputs are newly discovered
TN-SS algorithms. Inspired by the way human experts con-
duct innovative research, tnGPS is designed with a global
pipeline similar to the one depicted in Figure 1. In this
design, the LLM acts as an agent to perform the functions
of each phase shown in Figure 1, replacing human experts.
Below, we introduce the specific implementation of each
block in detail.

Idea Pool, also referred to as “the pool” for brevity
throughout the paper, is defined as a set of algo-
rithms described as (algorithm, score). Here,
algorithm contains various implementations of the func-
tion GenerateSamples( · ) as defined in Eq. (2) of a TN-SS
algorithm using Python, and score is a scalar value indi-
cating the algorithm’s performance in the TN-SS problem.
To help LLMs understand TN-SS algorithms effectively, all
algorithms in the pool are standardized with a unified
interface, as depicted in Figure 2. Additionally, the text
in Figure 2 will serve as the “pilot” for constructing the
prompt, as discussed at the end of this section.

Knowledge categorisation (KC). In this phase, we cre-
ate clusters of algorithms using LLMs. Each cluster con-
tains similar algorithms, representing a distinct piece
of knowledge on how to solve TN-SS. In doing so, we first
simplify and initialize the clusters with each algorithm in the
pool. Once a new algorithm (e.g. one generated by tnGPS)
is coming, we prompt the LLM to evaluate the methodolog-
ical similarity between the new algorithm and the cluster
centroids, which are the algorithms with the best scores in
each cluster. The new algorithm is then assigned an index
to declare its cluster membership. The key prompt used in
this phase is illustrated in Figure 3.

Idea dropout (ID). The dropout is conducted by randomly
selecting algorithms from the pool using a roulette selection
mechanism. Consider N algorithms, indexed from 1 to N
based on their scores, ranked from highest to lowest. In-
spired by the previous work (Li & Sun, 2020), the roulette
selection performs a sequential sampling without replace-
ment The probability of selecting the kth algorithm is given
by

Pr(k) = max

⇢
0.01, ln

✓
↵

eps+ k

◆�
, (3)

where eps is a very small positive number to ensure numeri-
cal stability, ln( · ) denotes the natural logarithm function,
and ↵ > 0 is a hyperparameter that controls the selection
preference. A smaller value of ↵ increases the likelihood of
selecting algorithms with higher scores.
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Figure 1. A basic workflow to illustrate how human experts do
innovation in research.

follow a similar hypothesis or principle. In Idea Dropout

(ID), this phase models the behavior of human experts by
filtering out certain ideas from the pool, allowing them to fo-
cus only on the most interesting ones for deeper study. The
metrics used in ID are typically multivariate, encompassing
factors such as personal interests, performance, trends, or
even randomness due to the large scale of the idea pool.

In this work, innovation is considered as an operation that
generates new ideas from existing ones. As shown in Fig-
ure 1, we model innovation as a two-stage process consisting
of knowledge recombination (KR) and incremental innova-

tio (II) These phases are key ingredients to create values
in not only research but also in strategy and entrepreneur-
ship (Rubin & Abramson, 2018; Xiao et al., 2022). More
specifically speaking, KR refers to the process of generating
new ideas by merging, integrating, or reconfiguring existing
ideas. II involves gradual improvements or minor modifi-
cations to existing ideas. Additionally, Figure 1 formalizes
diversity injection (DI), which is forced to generate new
ideas that are “orthogonal” to the existing ones. DI is com-
monly observed in real-world scenarios, such as brainstorm-
ing sessions in team meetings or critical comments from
non-experts. Significant innovation is ultimately expected
to emerge by recursively invoking KR, II, and DI within
the workflow.

3. tnGPS: a LLM-Driven Framework for
TN-SS Algorithm discovery

In this section, we introduce tnGPS, an LLM-driven frame-
work for discovering TN-SS algorithms. The introduction
primarily focuses on the technical aspects, illustrating how

tnGPS is designed with a pipeline of prompts to harness
LLMs in order to discover novel TN-SS algorithms, mim-
icking the innovation process of human experts.

Global architecture of tnGPS. We conceptualize tnGPS
as a system where the inputs are known TN-SS algorithms
encoded in Python, and the outputs are newly discovered
TN-SS algorithms. Inspired by the way human experts con-
duct innovative research, tnGPS is designed with a global
pipeline similar to the one depicted in Figure 1. In this
design, the LLM acts as an agent to perform the functions
of each phase shown in Figure 1, replacing human experts.
Below, we introduce the specific implementation of each
block in detail.

Idea Pool, also referred to as “the pool” for brevity
throughout the paper, is defined as a set of algo-
rithms described as (algorithm, score). Here,
algorithm contains various implementations of the func-
tion GenerateSamples( · ) as defined in Eq. (2) of a TN-SS
algorithm using Python, and score is a scalar value indi-
cating the algorithm’s performance in the TN-SS problem.
To help LLMs understand TN-SS algorithms effectively, all
algorithms in the pool are standardized with a unified
interface, as depicted in Figure 2. Additionally, the text
in Figure 2 will serve as the “pilot” for constructing the
prompt, as discussed at the end of this section.

Knowledge categorisation (KC). In this phase, we cre-
ate clusters of algorithms using LLMs. Each cluster con-
tains similar algorithms, representing a distinct piece
of knowledge on how to solve TN-SS. In doing so, we first
simplify and initialize the clusters with each algorithm in the
pool. Once a new algorithm (e.g. one generated by tnGPS)
is coming, we prompt the LLM to evaluate the methodolog-
ical similarity between the new algorithm and the cluster
centroids, which are the algorithms with the best scores in
each cluster. The new algorithm is then assigned an index
to declare its cluster membership. The key prompt used in
this phase is illustrated in Figure 3.

Idea dropout (ID). The dropout is conducted by randomly
selecting algorithms from the pool using a roulette selection
mechanism. Consider N algorithms, indexed from 1 to N
based on their scores, ranked from highest to lowest. In-
spired by the previous work (Li & Sun, 2020), the roulette
selection performs a sequential sampling without replace-
ment The probability of selecting the kth algorithm is given
by

Pr(k) = max

⇢
0.01, ln

✓
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eps+ k

◆�
, (3)

where eps is a very small positive number to ensure numeri-
cal stability, ln( · ) denotes the natural logarithm function,
and ↵ > 0 is a hyperparameter that controls the selection
preference. A smaller value of ↵ increases the likelihood of
selecting algorithms with higher scores.
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Figure 1. A basic workflow to illustrate how human experts do
innovation in research.

follow a similar hypothesis or principle. In Idea Dropout

(ID), this phase models the behavior of human experts by
filtering out certain ideas from the pool, allowing them to fo-
cus only on the most interesting ones for deeper study. The
metrics used in ID are typically multivariate, encompassing
factors such as personal interests, performance, trends, or
even randomness due to the large scale of the idea pool.

In this work, innovation is considered as an operation that
generates new ideas from existing ones. As shown in Fig-
ure 1, we model innovation as a two-stage process consisting
of knowledge recombination (KR) and incremental innova-

tio (II) These phases are key ingredients to create values
in not only research but also in strategy and entrepreneur-
ship (Rubin & Abramson, 2018; Xiao et al., 2022). More
specifically speaking, KR refers to the process of generating
new ideas by merging, integrating, or reconfiguring existing
ideas. II involves gradual improvements or minor modifi-
cations to existing ideas. Additionally, Figure 1 formalizes
diversity injection (DI), which is forced to generate new
ideas that are “orthogonal” to the existing ones. DI is com-
monly observed in real-world scenarios, such as brainstorm-
ing sessions in team meetings or critical comments from
non-experts. Significant innovation is ultimately expected
to emerge by recursively invoking KR, II, and DI within
the workflow.

3. tnGPS: a LLM-Driven Framework for
TN-SS Algorithm discovery

In this section, we introduce tnGPS, an LLM-driven frame-
work for discovering TN-SS algorithms. The introduction
primarily focuses on the technical aspects, illustrating how

tnGPS is designed with a pipeline of prompts to harness
LLMs in order to discover novel TN-SS algorithms, mim-
icking the innovation process of human experts.

Global architecture of tnGPS. We conceptualize tnGPS
as a system where the inputs are known TN-SS algorithms
encoded in Python, and the outputs are newly discovered
TN-SS algorithms. Inspired by the way human experts con-
duct innovative research, tnGPS is designed with a global
pipeline similar to the one depicted in Figure 1. In this
design, the LLM acts as an agent to perform the functions
of each phase shown in Figure 1, replacing human experts.
Below, we introduce the specific implementation of each
block in detail.

Idea Pool, also referred to as “the pool” for brevity
throughout the paper, is defined as a set of algo-
rithms described as (algorithm, score). Here,
algorithm contains various implementations of the func-
tion GenerateSamples( · ) as defined in Eq. (2) of a TN-SS
algorithm using Python, and score is a scalar value indi-
cating the algorithm’s performance in the TN-SS problem.
To help LLMs understand TN-SS algorithms effectively, all
algorithms in the pool are standardized with a unified
interface, as depicted in Figure 2. Additionally, the text
in Figure 2 will serve as the “pilot” for constructing the
prompt, as discussed at the end of this section.

Knowledge categorisation (KC). In this phase, we cre-
ate clusters of algorithms using LLMs. Each cluster con-
tains similar algorithms, representing a distinct piece
of knowledge on how to solve TN-SS. In doing so, we first
simplify and initialize the clusters with each algorithm in the
pool. Once a new algorithm (e.g. one generated by tnGPS)
is coming, we prompt the LLM to evaluate the methodolog-
ical similarity between the new algorithm and the cluster
centroids, which are the algorithms with the best scores in
each cluster. The new algorithm is then assigned an index
to declare its cluster membership. The key prompt used in
this phase is illustrated in Figure 3.

Idea dropout (ID). The dropout is conducted by randomly
selecting algorithms from the pool using a roulette selection
mechanism. Consider N algorithms, indexed from 1 to N
based on their scores, ranked from highest to lowest. In-
spired by the previous work (Li & Sun, 2020), the roulette
selection performs a sequential sampling without replace-
ment The probability of selecting the kth algorithm is given
by

Pr(k) = max

⇢
0.01, ln
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eps+ k

◆�
, (3)

where eps is a very small positive number to ensure numeri-
cal stability, ln( · ) denotes the natural logarithm function,
and ↵ > 0 is a hyperparameter that controls the selection
preference. A smaller value of ↵ increases the likelihood of
selecting algorithms with higher scores.
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Figure 1. A basic workflow to illustrate how human experts do
innovation in research.

follow a similar hypothesis or principle. In Idea Dropout

(ID), this phase models the behavior of human experts by
filtering out certain ideas from the pool, allowing them to fo-
cus only on the most interesting ones for deeper study. The
metrics used in ID are typically multivariate, encompassing
factors such as personal interests, performance, trends, or
even randomness due to the large scale of the idea pool.

In this work, innovation is considered as an operation that
generates new ideas from existing ones. As shown in Fig-
ure 1, we model innovation as a two-stage process consisting
of knowledge recombination (KR) and incremental innova-

tio (II) These phases are key ingredients to create values
in not only research but also in strategy and entrepreneur-
ship (Rubin & Abramson, 2018; Xiao et al., 2022). More
specifically speaking, KR refers to the process of generating
new ideas by merging, integrating, or reconfiguring existing
ideas. II involves gradual improvements or minor modifi-
cations to existing ideas. Additionally, Figure 1 formalizes
diversity injection (DI), which is forced to generate new
ideas that are “orthogonal” to the existing ones. DI is com-
monly observed in real-world scenarios, such as brainstorm-
ing sessions in team meetings or critical comments from
non-experts. Significant innovation is ultimately expected
to emerge by recursively invoking KR, II, and DI within
the workflow.

3. tnGPS: a LLM-Driven Framework for
TN-SS Algorithm discovery

In this section, we introduce tnGPS, an LLM-driven frame-
work for discovering TN-SS algorithms. The introduction
primarily focuses on the technical aspects, illustrating how

tnGPS is designed with a pipeline of prompts to harness
LLMs in order to discover novel TN-SS algorithms, mim-
icking the innovation process of human experts.

Global architecture of tnGPS. We conceptualize tnGPS
as a system where the inputs are known TN-SS algorithms
encoded in Python, and the outputs are newly discovered
TN-SS algorithms. Inspired by the way human experts con-
duct innovative research, tnGPS is designed with a global
pipeline similar to the one depicted in Figure 1. In this
design, the LLM acts as an agent to perform the functions
of each phase shown in Figure 1, replacing human experts.
Below, we introduce the specific implementation of each
block in detail.

Idea Pool, also referred to as “the pool” for brevity
throughout the paper, is defined as a set of algo-
rithms described as (algorithm, score). Here,
algorithm contains various implementations of the func-
tion GenerateSamples( · ) as defined in Eq. (2) of a TN-SS
algorithm using Python, and score is a scalar value indi-
cating the algorithm’s performance in the TN-SS problem.
To help LLMs understand TN-SS algorithms effectively, all
algorithms in the pool are standardized with a unified
interface, as depicted in Figure 2. Additionally, the text
in Figure 2 will serve as the “pilot” for constructing the
prompt, as discussed at the end of this section.

Knowledge categorisation (KC). In this phase, we cre-
ate clusters of algorithms using LLMs. Each cluster con-
tains similar algorithms, representing a distinct piece
of knowledge on how to solve TN-SS. In doing so, we first
simplify and initialize the clusters with each algorithm in the
pool. Once a new algorithm (e.g. one generated by tnGPS)
is coming, we prompt the LLM to evaluate the methodolog-
ical similarity between the new algorithm and the cluster
centroids, which are the algorithms with the best scores in
each cluster. The new algorithm is then assigned an index
to declare its cluster membership. The key prompt used in
this phase is illustrated in Figure 3.

Idea dropout (ID). The dropout is conducted by randomly
selecting algorithms from the pool using a roulette selection
mechanism. Consider N algorithms, indexed from 1 to N
based on their scores, ranked from highest to lowest. In-
spired by the previous work (Li & Sun, 2020), the roulette
selection performs a sequential sampling without replace-
ment The probability of selecting the kth algorithm is given
by

Pr(k) = max

⇢
0.01, ln
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eps+ k

◆�
, (3)

where eps is a very small positive number to ensure numeri-
cal stability, ln( · ) denotes the natural logarithm function,
and ↵ > 0 is a hyperparameter that controls the selection
preference. A smaller value of ↵ increases the likelihood of
selecting algorithms with higher scores.

4

Human Experts

Existing Studies

Novel Results

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 (II): Make gradual 
improvements to existing ideas.



When TN-SS Meets LLMs
How Human Experts Conduct Innovative Research

tnGPS: Discovering Unknown Tensor Network Structure Search Algorithms via Large Language Models

…

(       , SCORE，CONTEXT)

(       , SCORE，CONTEXT)

Knowledge 
Categorisation (KC)

Idea Pool Idea Dropout (ID)

Multiple-Stage Innovation

……… Incremental 
Innovation (II)

Knowledge  
Recombination (KR) 

(       , SCORE，CONTEXT)

Experiments 
(Evaluation)

… …

…

SCORE SCORE SCORE

…

…

Diversity Injection (DI)

…

1 2

3

4

5

6

 : ideas. Different colors indicate the idea from different blocks.

: workflow indicators, indicating the transition of blocks.

: clusters containing similar ideas.

: arrows pointing from input to output for an operations.

Figure 1. A basic workflow to illustrate how human experts do
innovation in research.

follow a similar hypothesis or principle. In Idea Dropout

(ID), this phase models the behavior of human experts by
filtering out certain ideas from the pool, allowing them to fo-
cus only on the most interesting ones for deeper study. The
metrics used in ID are typically multivariate, encompassing
factors such as personal interests, performance, trends, or
even randomness due to the large scale of the idea pool.

In this work, innovation is considered as an operation that
generates new ideas from existing ones. As shown in Fig-
ure 1, we model innovation as a two-stage process consisting
of knowledge recombination (KR) and incremental innova-

tio (II) These phases are key ingredients to create values
in not only research but also in strategy and entrepreneur-
ship (Rubin & Abramson, 2018; Xiao et al., 2022). More
specifically speaking, KR refers to the process of generating
new ideas by merging, integrating, or reconfiguring existing
ideas. II involves gradual improvements or minor modifi-
cations to existing ideas. Additionally, Figure 1 formalizes
diversity injection (DI), which is forced to generate new
ideas that are “orthogonal” to the existing ones. DI is com-
monly observed in real-world scenarios, such as brainstorm-
ing sessions in team meetings or critical comments from
non-experts. Significant innovation is ultimately expected
to emerge by recursively invoking KR, II, and DI within
the workflow.

3. tnGPS: a LLM-Driven Framework for
TN-SS Algorithm discovery

In this section, we introduce tnGPS, an LLM-driven frame-
work for discovering TN-SS algorithms. The introduction
primarily focuses on the technical aspects, illustrating how

tnGPS is designed with a pipeline of prompts to harness
LLMs in order to discover novel TN-SS algorithms, mim-
icking the innovation process of human experts.

Global architecture of tnGPS. We conceptualize tnGPS
as a system where the inputs are known TN-SS algorithms
encoded in Python, and the outputs are newly discovered
TN-SS algorithms. Inspired by the way human experts con-
duct innovative research, tnGPS is designed with a global
pipeline similar to the one depicted in Figure 1. In this
design, the LLM acts as an agent to perform the functions
of each phase shown in Figure 1, replacing human experts.
Below, we introduce the specific implementation of each
block in detail.

Idea Pool, also referred to as “the pool” for brevity
throughout the paper, is defined as a set of algo-
rithms described as (algorithm, score). Here,
algorithm contains various implementations of the func-
tion GenerateSamples( · ) as defined in Eq. (2) of a TN-SS
algorithm using Python, and score is a scalar value indi-
cating the algorithm’s performance in the TN-SS problem.
To help LLMs understand TN-SS algorithms effectively, all
algorithms in the pool are standardized with a unified
interface, as depicted in Figure 2. Additionally, the text
in Figure 2 will serve as the “pilot” for constructing the
prompt, as discussed at the end of this section.

Knowledge categorisation (KC). In this phase, we cre-
ate clusters of algorithms using LLMs. Each cluster con-
tains similar algorithms, representing a distinct piece
of knowledge on how to solve TN-SS. In doing so, we first
simplify and initialize the clusters with each algorithm in the
pool. Once a new algorithm (e.g. one generated by tnGPS)
is coming, we prompt the LLM to evaluate the methodolog-
ical similarity between the new algorithm and the cluster
centroids, which are the algorithms with the best scores in
each cluster. The new algorithm is then assigned an index
to declare its cluster membership. The key prompt used in
this phase is illustrated in Figure 3.

Idea dropout (ID). The dropout is conducted by randomly
selecting algorithms from the pool using a roulette selection
mechanism. Consider N algorithms, indexed from 1 to N
based on their scores, ranked from highest to lowest. In-
spired by the previous work (Li & Sun, 2020), the roulette
selection performs a sequential sampling without replace-
ment The probability of selecting the kth algorithm is given
by

Pr(k) = max

⇢
0.01, ln
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eps+ k

◆�
, (3)

where eps is a very small positive number to ensure numeri-
cal stability, ln( · ) denotes the natural logarithm function,
and ↵ > 0 is a hyperparameter that controls the selection
preference. A smaller value of ↵ increases the likelihood of
selecting algorithms with higher scores.

4

Human Experts

Existing Studies

Novel Results

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 (II): Make gradual 
improvements to existing ideas.
Experiments (Evaluation): Test and score 
ideas to validate their potential.



When TN-SS Meets LLMs
How Human Experts Conduct Innovative Research

tnGPS: Discovering Unknown Tensor Network Structure Search Algorithms via Large Language Models

…

(       , SCORE，CONTEXT)

(       , SCORE，CONTEXT)

Knowledge 
Categorisation (KC)

Idea Pool Idea Dropout (ID)

Multiple-Stage Innovation

……… Incremental 
Innovation (II)

Knowledge  
Recombination (KR) 

(       , SCORE，CONTEXT)

Experiments 
(Evaluation)

… …

…

SCORE SCORE SCORE

…

…

Diversity Injection (DI)

…

1 2

3

4

5

6

 : ideas. Different colors indicate the idea from different blocks.

: workflow indicators, indicating the transition of blocks.

: clusters containing similar ideas.

: arrows pointing from input to output for an operations.

Figure 1. A basic workflow to illustrate how human experts do
innovation in research.

follow a similar hypothesis or principle. In Idea Dropout

(ID), this phase models the behavior of human experts by
filtering out certain ideas from the pool, allowing them to fo-
cus only on the most interesting ones for deeper study. The
metrics used in ID are typically multivariate, encompassing
factors such as personal interests, performance, trends, or
even randomness due to the large scale of the idea pool.

In this work, innovation is considered as an operation that
generates new ideas from existing ones. As shown in Fig-
ure 1, we model innovation as a two-stage process consisting
of knowledge recombination (KR) and incremental innova-

tio (II) These phases are key ingredients to create values
in not only research but also in strategy and entrepreneur-
ship (Rubin & Abramson, 2018; Xiao et al., 2022). More
specifically speaking, KR refers to the process of generating
new ideas by merging, integrating, or reconfiguring existing
ideas. II involves gradual improvements or minor modifi-
cations to existing ideas. Additionally, Figure 1 formalizes
diversity injection (DI), which is forced to generate new
ideas that are “orthogonal” to the existing ones. DI is com-
monly observed in real-world scenarios, such as brainstorm-
ing sessions in team meetings or critical comments from
non-experts. Significant innovation is ultimately expected
to emerge by recursively invoking KR, II, and DI within
the workflow.

3. tnGPS: a LLM-Driven Framework for
TN-SS Algorithm discovery

In this section, we introduce tnGPS, an LLM-driven frame-
work for discovering TN-SS algorithms. The introduction
primarily focuses on the technical aspects, illustrating how

tnGPS is designed with a pipeline of prompts to harness
LLMs in order to discover novel TN-SS algorithms, mim-
icking the innovation process of human experts.

Global architecture of tnGPS. We conceptualize tnGPS
as a system where the inputs are known TN-SS algorithms
encoded in Python, and the outputs are newly discovered
TN-SS algorithms. Inspired by the way human experts con-
duct innovative research, tnGPS is designed with a global
pipeline similar to the one depicted in Figure 1. In this
design, the LLM acts as an agent to perform the functions
of each phase shown in Figure 1, replacing human experts.
Below, we introduce the specific implementation of each
block in detail.

Idea Pool, also referred to as “the pool” for brevity
throughout the paper, is defined as a set of algo-
rithms described as (algorithm, score). Here,
algorithm contains various implementations of the func-
tion GenerateSamples( · ) as defined in Eq. (2) of a TN-SS
algorithm using Python, and score is a scalar value indi-
cating the algorithm’s performance in the TN-SS problem.
To help LLMs understand TN-SS algorithms effectively, all
algorithms in the pool are standardized with a unified
interface, as depicted in Figure 2. Additionally, the text
in Figure 2 will serve as the “pilot” for constructing the
prompt, as discussed at the end of this section.

Knowledge categorisation (KC). In this phase, we cre-
ate clusters of algorithms using LLMs. Each cluster con-
tains similar algorithms, representing a distinct piece
of knowledge on how to solve TN-SS. In doing so, we first
simplify and initialize the clusters with each algorithm in the
pool. Once a new algorithm (e.g. one generated by tnGPS)
is coming, we prompt the LLM to evaluate the methodolog-
ical similarity between the new algorithm and the cluster
centroids, which are the algorithms with the best scores in
each cluster. The new algorithm is then assigned an index
to declare its cluster membership. The key prompt used in
this phase is illustrated in Figure 3.

Idea dropout (ID). The dropout is conducted by randomly
selecting algorithms from the pool using a roulette selection
mechanism. Consider N algorithms, indexed from 1 to N
based on their scores, ranked from highest to lowest. In-
spired by the previous work (Li & Sun, 2020), the roulette
selection performs a sequential sampling without replace-
ment The probability of selecting the kth algorithm is given
by

Pr(k) = max

⇢
0.01, ln
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↵

eps+ k

◆�
, (3)

where eps is a very small positive number to ensure numeri-
cal stability, ln( · ) denotes the natural logarithm function,
and ↵ > 0 is a hyperparameter that controls the selection
preference. A smaller value of ↵ increases the likelihood of
selecting algorithms with higher scores.
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Incremental Innovation (II) Prompt

tnGPS: Discovering Unknown Tensor Network Structure Search Algorithms via Large Language Models

Function description: 
def GenerateSample(history_populations, fitness_scores, best_individual, 
     new_individuals_numbers, current_iteration, maximum_iteration, hyperparameters): 

     # GenerateSample: Function takes in integer vectors and output integer vectors. 

     # Inputs: 
     # history_populations: Dictionary. Keys are integer strings from '1' to some  
     # larger value. Each key contains  a list of integer numpy vectors. 
     # fitness_scores: Dictionary. Keys are same as history_populations.  

     # hyperparameters: Dictionary. Keys are strings contain the constants  
     # used for computation. Default values should be provided using .get().  

     # Output: 
     # new_individuals: List, len new_individuals_numbers, contains integer  
     # numpy vectors. Each vector's len is the same as the len of the vectors in 
     # history_populations. Furthermore, The elements are within range  
     # [1,hyperparameters[‘code_upperbound']]. 

     return new_individuals

… (omitted)

Figure 2. The prompt used for interface description.

Algorithm 1: # centroid 

Algorithm N: # centroid 

============= 
New Algorithm: 

============== 
Which algorithm in the above is methodologically most similar to the new algorithm? 
Just give me the function number with no other words. 

… (omitted)…

…

…

Figure 3. The key prompt used in knowledge categorisation (KC).
The purple sentence specifies the goal of the prompt.

To select a preferred algorithm in ID, we need to implement
the roulette selection twice. First, we perform selection at
the knowledge level. This involves selecting the centroids
of clusters to determine which clusters will be considered.
Second, within the selected clusters, we perform selection at
the algorithm level to choose the preferred algorithm from
each cluster. This “bi-level” process is repeated until the
desired number of algorithms has been selected.

Knowledge recombination (KR). Guided by the workflow
shown in Figure 1, KR is a fundamental phase to generate
novel TN-SS algorithms in tnGPS. In this phase, the input
consists of N � 0 pairs of (algorithm, score). The
output is M new algorithms generated by the LLM. The
key prompt used in KR is illustrated in Figure 4. The de-
sign of this prompt aims to enable the LLM to understand
the factors contributing to the superior performance of cer-
tain algorithms while avoiding the meaningless stacking of
Python code.

Incremental innovation (II) follows KR as another block
for creating innovation in tnGPS. Unlike KR which recom-
bines algorithms, II aims at mortifying algorithms indi-
vidually and slightly. Figure 5 gives the key prompt used
in this phase. In our experience with GPT-3.5/4, we found

Algorithm 1: 

Algorithm 1 score: 
                 

Algorithm N: 

Algorithm N score: 
# Algorithms 1 to N are implementations of the ‘GenerateSample’ function. A lower score 
implies better performance.  

Learning from their results, think about what works and what doesn’t, provide M novel 
methods with lower scores. You are encouraged to be creative to incorporate novel 
ideas but do not simply stack methods together.

… (omitted)

…

…

…

…

Figure 4. The key prompt used in knowledge recombination (KR).
The purple sentence specifies the goal and the orange sentence
clarifies the restriction.

that the LLM tends to improve code aspects such as effi-
ciency, readability, and parallelism, which are not the focus
of this phase. To prevent this, we include specific instruc-
tions (highlighted in orange in Figure 5) to guide the LLM
away from these unintended improvements and focus on the
targeted modifications.

Algorithm 1: 

                    
Algorithm N: 

Independently make improvements over these Algorithms that will increase their 
practical performance (not on the code efficiency, readability and parallel 
processing level). You are encouraged to be creative to incorporate novel ideas.

… (omitted)
…

…

Figure 5. The key prompt used in incremental innovation (II).
The purple sentence specifies the goal and the orange sentence
clarifies the restriction.

Diversity injection (DI). We implement DI by leveraging
the LLM to create new clusters in the algorithm pool. In
doing so, we design the prompt as Figure 6, instructing
the LLM to generate TN-SS algorithms that are method-
ologically distinct from the centroids of existing clusters.
Following this, the newly created algorithms from DI serve
as centroids for new clusters. The newly created algorithms
from DI serve as centroids for new clusters. Since rely-
ing solely on existing knowledge can lead to “path depen-
dence”—where new ideas are heavily influenced by past
knowledge—we encourage the LLM to explore new ideas in
DI without considering performance metrics (e.g., scores).
This approach enriches the diversity of the algorithm pool.

Format restriction and prompt architecture. In addition
to the goal-oriented prompts mentioned earlier, we need to
enforce specific format restrictions on the LLM’s output.
For instance, this includes omitting unnecessary analyses
and specifying the desired format for code outputs. Further-
more, instructions related to code writing must be included
to ensure that there are no compilation failures during evalu-
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Function description: 
def GenerateSample(history_populations, fitness_scores, best_individual, 
     new_individuals_numbers, current_iteration, maximum_iteration, hyperparameters): 

     # GenerateSample: Function takes in integer vectors and output integer vectors. 

     # Inputs: 
     # history_populations: Dictionary. Keys are integer strings from '1' to some  
     # larger value. Each key contains  a list of integer numpy vectors. 
     # fitness_scores: Dictionary. Keys are same as history_populations.  

     # hyperparameters: Dictionary. Keys are strings contain the constants  
     # used for computation. Default values should be provided using .get().  

     # Output: 
     # new_individuals: List, len new_individuals_numbers, contains integer  
     # numpy vectors. Each vector's len is the same as the len of the vectors in 
     # history_populations. Furthermore, The elements are within range  
     # [1,hyperparameters[‘code_upperbound']]. 

     return new_individuals

… (omitted)

Figure 2. The prompt used for interface description.

Algorithm 1: # centroid 

Algorithm N: # centroid 

============= 
New Algorithm: 

============== 
Which algorithm in the above is methodologically most similar to the new algorithm? 
Just give me the function number with no other words. 

… (omitted)…

…

…
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the knowledge level. This involves selecting the centroids
of clusters to determine which clusters will be considered.
Second, within the selected clusters, we perform selection at
the algorithm level to choose the preferred algorithm from
each cluster. This “bi-level” process is repeated until the
desired number of algorithms has been selected.

Knowledge recombination (KR). Guided by the workflow
shown in Figure 1, KR is a fundamental phase to generate
novel TN-SS algorithms in tnGPS. In this phase, the input
consists of N � 0 pairs of (algorithm, score). The
output is M new algorithms generated by the LLM. The
key prompt used in KR is illustrated in Figure 4. The de-
sign of this prompt aims to enable the LLM to understand
the factors contributing to the superior performance of cer-
tain algorithms while avoiding the meaningless stacking of
Python code.

Incremental innovation (II) follows KR as another block
for creating innovation in tnGPS. Unlike KR which recom-
bines algorithms, II aims at mortifying algorithms indi-
vidually and slightly. Figure 5 gives the key prompt used
in this phase. In our experience with GPT-3.5/4, we found
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Figure 4. The key prompt used in knowledge recombination (KR).
The purple sentence specifies the goal and the orange sentence
clarifies the restriction.

that the LLM tends to improve code aspects such as effi-
ciency, readability, and parallelism, which are not the focus
of this phase. To prevent this, we include specific instruc-
tions (highlighted in orange in Figure 5) to guide the LLM
away from these unintended improvements and focus on the
targeted modifications.

Algorithm 1: 

                    
Algorithm N: 

Independently make improvements over these Algorithms that will increase their 
practical performance (not on the code efficiency, readability and parallel 
processing level). You are encouraged to be creative to incorporate novel ideas.

… (omitted)
…

…

Figure 5. The key prompt used in incremental innovation (II).
The purple sentence specifies the goal and the orange sentence
clarifies the restriction.

Diversity injection (DI). We implement DI by leveraging
the LLM to create new clusters in the algorithm pool. In
doing so, we design the prompt as Figure 6, instructing
the LLM to generate TN-SS algorithms that are method-
ologically distinct from the centroids of existing clusters.
Following this, the newly created algorithms from DI serve
as centroids for new clusters. The newly created algorithms
from DI serve as centroids for new clusters. Since rely-
ing solely on existing knowledge can lead to “path depen-
dence”—where new ideas are heavily influenced by past
knowledge—we encourage the LLM to explore new ideas in
DI without considering performance metrics (e.g., scores).
This approach enriches the diversity of the algorithm pool.

Format restriction and prompt architecture. In addition
to the goal-oriented prompts mentioned earlier, we need to
enforce specific format restrictions on the LLM’s output.
For instance, this includes omitting unnecessary analyses
and specifying the desired format for code outputs. Further-
more, instructions related to code writing must be included
to ensure that there are no compilation failures during evalu-

5

Diversity Injection (DI) Prompt

tnGPS: Discovering Unknown Tensor Network Structure Search Algorithms via Large Language Models

Algorithm 1: # centroid 

                   
Algorithm N: # centroid 

Give me a novel ‘GenerateSample’ that is methodologically different from the 
above algorithms. You are encouraged to be creative to incorporate novel ideas 
but do not simply stack methods together.

… (omitted)
…

…

Figure 6. The key prompt used in diversity injection (DI). The
purple sentence specifies the goal and the orange sentence clarifies
the restriction.

ation. To meet these requirements, we designed the prompt
shown in Figure 7. It’s important to note that the prompt in
Figure 7 was developed through a trial-and-error process,
making it dependent on the specific LLM used and our code-
writing conventions. As a result, manual adjustments may
be necessary when using different LLM models.

Provide runnable code that has implemented all your ideas (If any part 
requires choice, use choices from random). Do not leave any placeholder for 
me, all the functionality should be actually implemented. Your response format 
<code> 
Your code 
</code> 
Also, you don’t need to add any other words.

Figure 7. The prompt used for format restriction of the output.
The purple sentence specifies the goal and the orange sentence
clarifies the restriction.

Finally, the complete prompts used in KC, KR, II and
DI are constructed following the same architecture as shown
in Figure 8. It consists of three parts: interface description
(Figure 2), those goal-oriented prompts following a list of
algorithms and scores (e.g., Figures 3, 4, 5, 6), and format
restriction (Figure 7). These three parts are concatenated
together to provide comprehensive instructions to the LLM.

Interface description

Format restriction

A list of algorithms (and scores) 

Purpose and restriction instructions.
+

beginning

end

Figure 8. Illustration to prompt architecture.

Experiments (evaluation) with sandbox. All newly
generated TN-SS algorithms are evaluated on local (su-
per)computers using task-specific training data. However,
due to the probabilistic nature of LLMs, there is a possibility
of receiving unexpected outputs, such as unrunable code,
unnecessary comments, or error messages from the LLM
platforms. To address this issue, we construct a sandbox

environment to run the code in a relatively isolated setting
using small-scale training data before conducting high-cost
formal numerical experiments. If program errors, abnormal
resource consumption, or unexpected output formats occur,
the sandbox will immediately terminate the process and
remove the problematic code from the job queue awaiting
implementation.

4. Experimental Results
In this section, we use several benchmarks to demonstrate
that tnGPS can discover new algorithms that outperform
SOTA methods for TN-SS. Additionally, we conduct abla-
tion experiments to evaluate the impact of each component
within tnGPS on the discovery performance.

4.1. Natural Images Compression

In this experiment, we aim to use TN-SS algorithms to
search for optimal topology and ranks for a tensor network
(TN) to represent natural images with fewer parameters.

Data preparation. We randomly select 14 images from
the BSD500 dataset (Arbelaez et al., 2010). These images
are converted to grayscale and resized to 256⇥ 256 pixels.
Each image is then reshaped into an order-8 tensor by the
default Python reshaping function. The 14 pre-processed
images are split into two sets: 4 images for training and 10
images for testing.

Settings of tnGPS. We use three existing TN-SS algorithms
as inputs: TNGA (Li & Sun, 2020), GREEDY (Hashem-
izadeh et al., 2020) and TNLS (Li et al., 2022). The eval-
uation phase in tnGPS calculates Eq. (1) for each gener-
ated algorithm, averaging the results over the images in the
training set. In Eq. (1), we set � = 5 and use the same
compression ratio function � as in previous work (Li & Sun,
2020). The hyperparameters required in tnGPS are listed
in Table 1. For this experiment, we set m = 2, n = 1,
↵1 = ↵2 = 100, c = 5 and #Iter = 30. Additionally, we
select gpt-4-1106-preview as the LLM model, apply-
ing a temperature of 0.7 uniformly across all prompts. After
implementation, we select the top-three algorithms from the
pool (excluding the input algorithms), termed Ho-11, Ho-2,
and Ho-3, as the outputs of tnGPS. The three algorithms
will be evaluated and compared with the existing TN-SS
algorithms.

Implementation details. In the experiment, we imple-
ment four additional sampling-based TN-SS algorithms in-
cluding TNGA (Li & Sun, 2020), TNLS (Li et al., 2022),
GREEDY (Hashemizadeh et al., 2020) and TnALE (Li et al.,
2023). Since the vanilla TNGA and TNLS are designed to

1The name “Ho” is shorthand for ”homunculus”, representing
that these algorithms are created through some “unusual” means.
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TnALE: Solving Tensor Network Structure Search with Fewer Evaluations

C. Experiment details
C.1. Low-rank structure of the optimization landscape

To verify the low-rank structure of the optimization landscape of (1), we empirically check the singular values of the
landscape tensor using the synthetic data. To be specific, we re-use the fourth-order tensor in the experiment for TN-PS, i.e.,
TR (order-4) in Table 5. Here we remove the influence of unknown permutations and calculate the objective for all possible
combinations of values of the TN-ranks. As a result, for each data, we have a landscape tensor (a tensor whose entries are
values of the objective function) of order-4, and the modes of the tensor corresponding to the four TN-ranks. Figure 3 (a)
shows the singular values of the landscape tensor unfolded along different modes on average. We see that the landscape
tensor provides a significant low-rank structure in these data. We also depict the complete landscape (contour line, unfolded
along the first two modes) with respect to Data A in Figure 3 (b). We can see that the obviously repeated pattern shown in
the figure is the main reason leading to the low-rank structure of the landscape.
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(a) Averaged singular values for the 4th-order landscape tensor.
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(b) Optimization landscapes (the inverse 1/f (x)) wrt. the
tensor of order-4 and correct permutation.

Figure 3. Averaged singular values and Optimization landscapes for the tensor of order-4.

C.2. Details for the experiment of TN-PS (w.r.t., Table 1).

Goal. In this experiment, we intend to verify the superiority of TnALE in solving TN-PS problem.

Data generation. For the synthetic data of TR (order-4, order-6, order-8), PEPS (order-6), HT (order-6) and MERA
(order-8) topology, we re-use the data from (Li et al., 2022). For the generation of data with TW (order-5) structure, we
set the dimension of each tensor mode to be 3, meanwhile, the TN-ranks are randomly selected from {1, 2, 3}. Then we
i.i.d. draw samples from Gaussian distribution N(0, 1) as the values of core tensors. After contracting these core tensors
according to the tensor wheel topology, we uniformly permute the tensor modes at random.

Settings. In the experiment, we implement TNGA and TNLS for comparison. For all the methods, we use the same objective
function as in Li & Sun (2020). Specifically, in the experiment the obejctive function of (1) is as follows:

F (G, r) =
1

✏(G, r)| {z }
compression ratio (CR)

+� · min
Z2TNS(G,r)

kX � Zk2 / kXk2

| {z }
relative square error (RSE)

, (46)

where X denotes the synthetic tensor, and ✏(G, r) represents the compression ratio equalling to

✏(G, r) =
Dimension of X

Dimension sum of core tensors of the TN under (G, r)
.

We set the trade-off parameter in (46) to be 200 and for the solver of the inner minimization, we select the Adam optimizer
Kingma & Ba (2014) with the learning rate of 0.001 and use Gaussian distribution N(0, 0.1) to initialize the core tensors.

Objective:
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Settings of tnGPS: four images for 
training, ten images for testing.
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C. Experiment details
C.1. Low-rank structure of the optimization landscape

To verify the low-rank structure of the optimization landscape of (1), we empirically check the singular values of the
landscape tensor using the synthetic data. To be specific, we re-use the fourth-order tensor in the experiment for TN-PS, i.e.,
TR (order-4) in Table 5. Here we remove the influence of unknown permutations and calculate the objective for all possible
combinations of values of the TN-ranks. As a result, for each data, we have a landscape tensor (a tensor whose entries are
values of the objective function) of order-4, and the modes of the tensor corresponding to the four TN-ranks. Figure 3 (a)
shows the singular values of the landscape tensor unfolded along different modes on average. We see that the landscape
tensor provides a significant low-rank structure in these data. We also depict the complete landscape (contour line, unfolded
along the first two modes) with respect to Data A in Figure 3 (b). We can see that the obviously repeated pattern shown in
the figure is the main reason leading to the low-rank structure of the landscape.
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Figure 3. Averaged singular values and Optimization landscapes for the tensor of order-4.

C.2. Details for the experiment of TN-PS (w.r.t., Table 1).

Goal. In this experiment, we intend to verify the superiority of TnALE in solving TN-PS problem.

Data generation. For the synthetic data of TR (order-4, order-6, order-8), PEPS (order-6), HT (order-6) and MERA
(order-8) topology, we re-use the data from (Li et al., 2022). For the generation of data with TW (order-5) structure, we
set the dimension of each tensor mode to be 3, meanwhile, the TN-ranks are randomly selected from {1, 2, 3}. Then we
i.i.d. draw samples from Gaussian distribution N(0, 1) as the values of core tensors. After contracting these core tensors
according to the tensor wheel topology, we uniformly permute the tensor modes at random.

Settings. In the experiment, we implement TNGA and TNLS for comparison. For all the methods, we use the same objective
function as in Li & Sun (2020). Specifically, in the experiment the obejctive function of (1) is as follows:

F (G, r) =
1

✏(G, r)| {z }
compression ratio (CR)

+� · min
Z2TNS(G,r)

kX � Zk2 / kXk2

| {z }
relative square error (RSE)

, (46)

where X denotes the synthetic tensor, and ✏(G, r) represents the compression ratio equalling to

✏(G, r) =
Dimension of X

Dimension sum of core tensors of the TN under (G, r)
.

We set the trade-off parameter in (46) to be 200 and for the solver of the inner minimization, we select the Adam optimizer
Kingma & Ba (2014) with the learning rate of 0.001 and use Gaussian distribution N(0, 0.1) to initialize the core tensors.

Objective:
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Figure 9. Objective vs. number of sample curves of different algorithms on four training images.

Figure 10. Objective vs. number of sample curves of different algorithms on ten testing images.

Table 1. Parameters involved in tnGPS.

Parameter Description
#Iter Maximum iteration
↵1 Parameter in Eq. 3 for cluster selection
↵2 Parameter in Eq. 3 for algorithm selection
m Number of selected algorithms in ID
n Number of generated algorithms
c Maximum number of clusters

search only for the topology or permutation of a TN, we
extend them to fit the settings of this experiment. Specif-
ically, we extend TNGA by relaxing its binary constraint
for encoding the topology with integers as done in the pre-
vious works (Li et al., 2022; 2023). For TNLS, we fix the
permutation and set the template used in the algorithm to
be a complete graph, enabling simultaneous search for TN
topology and ranks. In GREEDY, we modify its objective
function from RSE to the function in (1), and further allow
the algorithm to both increase and decrease the ranks during
the search.

The parameter settings of the algorithms are as follows: in
TNGA, we set ↵ = 100, � = 5, the elimination rate to
10%, and the mutation probability to 25%; in TNLS, we set
c1 = 0.99; and in TnALE, we set L0 = 0, L = 15, r2 = 1,
and D = 1. For all methods (including those generated

by tnGPS), we set the upper limit for rank search to 4, the
number of iterations in searching to 20, and the number
of samples2 in each iteration to 100. For TNGA and the
algorithms generated by tnGPS, we initialize them with
same TN structures, which have TN ranks close to one but
with a 15% probability of changing each rank from 1 to
2. We then select the best TN structure from the TNGA
initialization to initialize GREEDY, TNLS, and TnALE.

Results. Figures 9 and 10 show how the value of the ob-
jective function (3) changes with increasing the number of
samples for different TN-SS algorithms. Table 2 shows the
averaged performance metrics, including compression ratio
and RSE, of different algorithms on both the training and
test sets. As shown in Table 2, the three algorithms gen-
erated by tnGPS achieve comparable performance on the
training set, while ‘Ho-2” outperforms other algorithms on
average in the test set. Figure 10 visually demonstrates that
the curves associated with the three algorithms generated by
tnGPS tend to reach smaller values of the objective function
compared to other methods.

New insights gained from the generated algorithms. The
codes of Ho-1,2,3 are provided in Appendix B. These codes
reveal several new insights on how to improve the effective-
ness and efficiency of solving TN-SS problems. First, the

2In TnALE, the number of samples in each iteration is deter-
mined by other hyperparameters.
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TnALE: Solving Tensor Network Structure Search with Fewer Evaluations

C. Experiment details
C.1. Low-rank structure of the optimization landscape

To verify the low-rank structure of the optimization landscape of (1), we empirically check the singular values of the
landscape tensor using the synthetic data. To be specific, we re-use the fourth-order tensor in the experiment for TN-PS, i.e.,
TR (order-4) in Table 5. Here we remove the influence of unknown permutations and calculate the objective for all possible
combinations of values of the TN-ranks. As a result, for each data, we have a landscape tensor (a tensor whose entries are
values of the objective function) of order-4, and the modes of the tensor corresponding to the four TN-ranks. Figure 3 (a)
shows the singular values of the landscape tensor unfolded along different modes on average. We see that the landscape
tensor provides a significant low-rank structure in these data. We also depict the complete landscape (contour line, unfolded
along the first two modes) with respect to Data A in Figure 3 (b). We can see that the obviously repeated pattern shown in
the figure is the main reason leading to the low-rank structure of the landscape.
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(a) Averaged singular values for the 4th-order landscape tensor.
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(b) Optimization landscapes (the inverse 1/f (x)) wrt. the
tensor of order-4 and correct permutation.

Figure 3. Averaged singular values and Optimization landscapes for the tensor of order-4.

C.2. Details for the experiment of TN-PS (w.r.t., Table 1).

Goal. In this experiment, we intend to verify the superiority of TnALE in solving TN-PS problem.

Data generation. For the synthetic data of TR (order-4, order-6, order-8), PEPS (order-6), HT (order-6) and MERA
(order-8) topology, we re-use the data from (Li et al., 2022). For the generation of data with TW (order-5) structure, we
set the dimension of each tensor mode to be 3, meanwhile, the TN-ranks are randomly selected from {1, 2, 3}. Then we
i.i.d. draw samples from Gaussian distribution N(0, 1) as the values of core tensors. After contracting these core tensors
according to the tensor wheel topology, we uniformly permute the tensor modes at random.

Settings. In the experiment, we implement TNGA and TNLS for comparison. For all the methods, we use the same objective
function as in Li & Sun (2020). Specifically, in the experiment the obejctive function of (1) is as follows:

F (G, r) =
1

✏(G, r)| {z }
compression ratio (CR)

+� · min
Z2TNS(G,r)

kX � Zk2 / kXk2

| {z }
relative square error (RSE)

, (46)

where X denotes the synthetic tensor, and ✏(G, r) represents the compression ratio equalling to

✏(G, r) =
Dimension of X

Dimension sum of core tensors of the TN under (G, r)
.

We set the trade-off parameter in (46) to be 200 and for the solver of the inner minimization, we select the Adam optimizer
Kingma & Ba (2014) with the learning rate of 0.001 and use Gaussian distribution N(0, 0.1) to initialize the core tensors.

Objective:
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Figure 9. Objective vs. number of sample curves of different algorithms on four training images.

Figure 10. Objective vs. number of sample curves of different algorithms on ten testing images.

Table 1. Parameters involved in tnGPS.

Parameter Description
#Iter Maximum iteration
↵1 Parameter in Eq. 3 for cluster selection
↵2 Parameter in Eq. 3 for algorithm selection
m Number of selected algorithms in ID
n Number of generated algorithms
c Maximum number of clusters
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and D = 1. For all methods (including those generated

by tnGPS), we set the upper limit for rank search to 4, the
number of iterations in searching to 20, and the number
of samples2 in each iteration to 100. For TNGA and the
algorithms generated by tnGPS, we initialize them with
same TN structures, which have TN ranks close to one but
with a 15% probability of changing each rank from 1 to
2. We then select the best TN structure from the TNGA
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C. Experiment details
C.1. Low-rank structure of the optimization landscape

To verify the low-rank structure of the optimization landscape of (1), we empirically check the singular values of the
landscape tensor using the synthetic data. To be specific, we re-use the fourth-order tensor in the experiment for TN-PS, i.e.,
TR (order-4) in Table 5. Here we remove the influence of unknown permutations and calculate the objective for all possible
combinations of values of the TN-ranks. As a result, for each data, we have a landscape tensor (a tensor whose entries are
values of the objective function) of order-4, and the modes of the tensor corresponding to the four TN-ranks. Figure 3 (a)
shows the singular values of the landscape tensor unfolded along different modes on average. We see that the landscape
tensor provides a significant low-rank structure in these data. We also depict the complete landscape (contour line, unfolded
along the first two modes) with respect to Data A in Figure 3 (b). We can see that the obviously repeated pattern shown in
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tensor of order-4 and correct permutation.

Figure 3. Averaged singular values and Optimization landscapes for the tensor of order-4.

C.2. Details for the experiment of TN-PS (w.r.t., Table 1).

Goal. In this experiment, we intend to verify the superiority of TnALE in solving TN-PS problem.

Data generation. For the synthetic data of TR (order-4, order-6, order-8), PEPS (order-6), HT (order-6) and MERA
(order-8) topology, we re-use the data from (Li et al., 2022). For the generation of data with TW (order-5) structure, we
set the dimension of each tensor mode to be 3, meanwhile, the TN-ranks are randomly selected from {1, 2, 3}. Then we
i.i.d. draw samples from Gaussian distribution N(0, 1) as the values of core tensors. After contracting these core tensors
according to the tensor wheel topology, we uniformly permute the tensor modes at random.

Settings. In the experiment, we implement TNGA and TNLS for comparison. For all the methods, we use the same objective
function as in Li & Sun (2020). Specifically, in the experiment the obejctive function of (1) is as follows:

F (G, r) =
1

✏(G, r)| {z }
compression ratio (CR)

+� · min
Z2TNS(G,r)

kX � Zk2 / kXk2

| {z }
relative square error (RSE)

, (46)

where X denotes the synthetic tensor, and ✏(G, r) represents the compression ratio equalling to

✏(G, r) =
Dimension of X

Dimension sum of core tensors of the TN under (G, r)
.

We set the trade-off parameter in (46) to be 200 and for the solver of the inner minimization, we select the Adam optimizer
Kingma & Ba (2014) with the learning rate of 0.001 and use Gaussian distribution N(0, 0.1) to initialize the core tensors.

Objective:

Ho-1, Ho-2 and Ho-3 are algorithms discovered by tnGPS
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The results highlight the importance of the 'KR', 'II', and 'DI'  components.

More powerful LLMs like GPT-4 enhance tnGPS 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

Non-Markovian searching dynamic (Ho-1, Ho-2, Ho-3)
Inverse annealing for mutation (Ho-1)
Gaussian perturbation mutation (Ho-2)
Best structure crossover (Ho-3)

The algorithm discovered by tnGPS implicitly reflects the hidden 
structure of the data

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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