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Part I

Algorithm Design with Large Language Model



Challenges of Algorithm Design

1

2 Trial-and-error

3 Intensive manpower

Expertise knowledge

Algorithm 
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Programmer
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Applications

Port Scheduling Warehouse Scheduling Chip Design

…
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Large Language Models (LLMs)

Query = “Language Model” (arXiv)

Query = “Large Language Model” (arXiv)
A timeline of existing LLMs (having a size larger than 10B)

• Wayne Xin Zhao, Kun Zhou, Junyi Li, Tianyi Tang, Xiaolei Wang, Yupeng Hou, Yingqian Min et al. “A Survey of Large Language Models.” 2025

➢ Rapid Increasing of LLM and its research papers in the 

last four years
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Overview on Algorithm Design with LLMs
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 Paper collection



Algorithm Design with LLMs

• Fei Liu, Yiming Yao, Ping Guo, Zhiyuan Yang, Xi Lin, Xialiang Tong, Mingxuan Yuan, Zhichao Lu, Zhenkun Wang, and Qingfu Zhang. 

"A Systematic Survey on Large Language Models for Algorithm Design."  2024 8

 Number of Publications 



 Country and Institution

➢ Top universities: Tsinghua, NTU, and the University of Toronto, alongside major 

corporations like Huawei, Microsoft, and Google
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Algorithm Design with LLMs

• Fei Liu, Yiming Yao, Ping Guo, Zhiyuan Yang, Xi Lin, Xialiang Tong, Mingxuan Yuan, Zhichao Lu, Zhenkun Wang, and Qingfu Zhang. 

"A Systematic Survey on Large Language Models for Algorithm Design."  2024



Word Cloud

• Blue Cluster features the keyword “Language”, 

includes other frequently used terms such as “strategy”, 

“reasoning”, “prompt”, and “function”. 

• Red Cluster is centered around “GPT”. This cluster also 

contains terms like “fine-tuning”, “text”, and “accuracy”, 

which are crucial in model training and inference. 

• Green Cluster focuses on search and optimization, 

encompassing terms such as “evolutionary algorithm”, 

“combination”, and “diversity”. 

• Yellow Cluster emphasizes the role of LLMs in 

scientific discovery, highlighting keywords such as 

“scientist”, “hypothesis”, and “concept”. 
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Algorithm Design with LLMs

• Fei Liu, Yiming Yao, Ping Guo, Zhiyuan Yang, Xi Lin, Xialiang Tong, Mingxuan Yuan, Zhichao Lu, Zhenkun Wang, and Qingfu Zhang. 

"A Systematic Survey on Large Language Models for Algorithm Design."  2024



LLMs and Prompt Strategies

11
• Fei Liu, Yiming Yao, Ping Guo, Zhiyuan Yang, Xi Lin, Xialiang Tong, Mingxuan Yuan, Zhichao Lu, Zhenkun Wang, and Qingfu Zhang. 

"A Systematic Survey on Large Language Models for Algorithm Design."  2024



 LLM Roles

(d) Large Language Models as Designers (LLMaD)(c) Large Language Models as Extractors (LLMaE)

(b) Large Language Models as Predictors (LLMaP)(a) Large Language Models as Optimizers (LLMaO)
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Algorithm Design with LLMs

• Fei Liu, Yiming Yao, Ping Guo, Zhiyuan Yang, Xi Lin, Xialiang Tong, Mingxuan Yuan, Zhichao Lu, Zhenkun Wang, and Qingfu Zhang. 

"A Systematic Survey on Large Language Models for Algorithm Design."  2024



Large Language Models as Optimizers (LLMaO)

 LLMs  are used as optimizer to suggest new 

solutions, human-designed algorithm

• Pros: LLM excels at learning and handling 

complicated patterns, integrating preference

• Cons: Lack generalization and interpretability

13

LLM

To create a new trace with a length lower than the previous ones, we 

need to carefully select the order of points to minimize the total 

Euclidean distance traveled. Here's a new trace that is different from 

the ones provided and aims to achieve a shorter length:

<trace>0,16,2,18,8,3,10,13,6,4,19,7,5,9,1,14,12,15,17,11</trace>

This trace is designed to minimize the distance by connecting points 

that are closer to each other in sequence. 
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LLM as optimizers [1] EA optimizers [2] Hyperparameter optimizer [3]

1. Chengrun Yang, Xuezhi Wang, Yifeng Lu, Hanxiao Liu, Quoc V Le, Denny Zhou, and Xinyun Chen. 2024. Large Language Models as Optimizers. ICLR 2024.

2. Shengcai Liu, Caishun Chen, Xinghua Qu, Ke Tang, and Yew-Soon Ong. 2024. Large language models as evolutionary optimizers. CEC 2024.

3. Siyi Liu, Chen Gao, and Yong Li. Large Language Model Agent for Hyper-Parameter Optimization. arXiv 2024.

Large Language Models as Optimizers (LLMaO)
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• Fei Liu, Xi Lin, Zhenkun Wang, Shunyu Yao, Xialiang Tong, Mingxuan Yuan, and Qingfu Zhang. Large 

Language Model for Multi-objective Evolutionary Optimization. EMO 2025.

Large Language Models as Optimizers (LLMaO)

a) RE21 b) RE22

c) RE23 d) RE24



Large Language Models as Predictors (LLMaP)

 LLMs are used as predictors  predict a solution’s 

outcomes or responses

• Pros: LLMs excel at processing and generating 

human-like response, reduce the computational load 

and time required in model training

• Cons: Can be costly, the effectiveness depends the 

knowledge on target task

16

LLM

You are tasked with evaluating each object based on its numerical attributes to determine its category 

as ‘better’ or ‘worse’. These attributes derive from a black box function’s decision space, with the 

assessment of the label based on the post-mapping function values. Your role involves discerning the 

internal variable relationships of the black box function from provided historical data, moving 

beyond mere statistical analyses like calculating means and variances. 

Procedure: 

1. Identify patterns in how attributes are categorized. 

2. Apply these patterns to assess new objects, determining whether its category is better or worse. 

3. Respond using JSON format, e.g. {‘Class’: ‘result’} 

Historical Examples: Features: ⟨0.555, 0.881, . . . , 0.491⟩, Class: better Features: ⟨0.593, 0.515, . . . , 

0.456⟩, Class: worse ... Features: ⟨0.253, 0.747, . . . , 0.475⟩, Class: better 

New Evaluation: ⟨0.189, 0.917, . . . , 0.443⟩ better or worse? 

Note: Respond in Json with the format {‘Class’: ‘result’} only

{'Class': 'better'}



1. Hao Hao, Xiaoqun Zhang, and Aimin Zhou. Large Language Models as Surrogate Models in Evolutionary Algorithms: A Preliminary Study. Swarm and Evolutionary Computation 2024.

2. Melvin Wong, Thiago Rios, Stefan Menzel, and Yew Soon Ong. Generative AI-based Prompt Evolution Engineering Design Optimization With Vision-Language Model. arXiv2024.

LLMs as predictors (regression and classification) for EA [1] MLLMs as car shape score predictor [2]
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Large Language Models as Predictors (LLMaP)



Large Language Models as Extractors (LLMaE)

 LLMs are employed to extract features or specific 

knowledge from target problem and/or algorithms 

to enhance problem-solving

• Pros: LLMs excel at extract high-level features and 

comprehends text and code

• Cons: Can be costly, the effectiveness depends the 

knowledge on target task
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Large Language Models as Extractors (LLMaE)

Extractor for Bayesian Opt. [2] Extractor for Algorithm Selection [3]

19

1. Dagdelen, John, Alexander Dunn, Sanghoon Lee, Nicholas Walker, Andrew S. Rosen, Gerbrand Ceder, Kristin A. Persson, and Anubhav Jain. Structured information extraction from scientific 

text with large language models. Nature Communications 2024.

2. Agustinus Kristiadi, Felix Strieth-Kalthoff, Marta Skreta, Pascal Poupart, Alán Aspuru-Guzik, and Geoff Pleiss. A Sober Look at LLMs for Material Discovery: Are They Actually Good for 

Bayesian Optimization Over Molecules? ICML 2024.

3. Xingyu Wu, Yan Zhong, Jibin Wu, Bingbing Jiang, Kay Chen Tan, et al. Large language model-enhanced algorithm selection: towards comprehensive algorithm representation. IJCAI 2024.

Extractor for Scientific Text [1]



Large Language Models as Designers (LLMaD)

 LLMs are employed to directly create algorithms 

or specific components

• LLMs excel at code generation, text comprehension, 

and reasoning

• Algorithm generation instead of parameter tuning or 

simple function design

• New insights and very competitive results

20

I have some algorithms with their code. The first algorithm and the 

corresponding code is:

<Algorithm description>: …

<Code>: …

The second algorithm and the corresponding code is

<Algorithm description>: …

<Code>: …

(more …)

Please help me create a new algorithm that motivated by the given 

algorithms. Please provide a brief description of the new algorithm 

and its corresponding code. The description must using the following 

template …

LLM



Large Language Models as Designers (LLMaD)

1. Fei Liu, Tong Xialiang, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. Evolution of Heuristics: Towards Efficient Automatic Algorithm Design 

Using Large Language Model. ICML 2024 (Oral Top 1.5%)

2. Bernardino Romera-Paredes, et al. Mathematical discoveries from program search with large language models. Nature 2024

3. Niki van Stein, and Thomas Bäck. LLaMEA: A Large Language Model Evolutionary Algorithm for Automatically Generating Metaheuristics. TEVC 2024

FunSearch: Function Design [2]

LLaMEA: Heuristic Design[3]
EoH: Heuristic Design [1]

21



Part II

Evolution of Heuristics (EoH)



EC+LLM for AAD

23

2023-12-14 FunSearch 

(Nature, Google)

2023-11-26 AEL: 

Algorithm Evolution 

using LLM

2024-01-04 Beating Human: 

Design of GLS

2024-05-01 EoH: Evolution of 

Heuristics … Using LLM. 

(ICML 2024 Oral) 

Ours (EoH)  

2024-06 Discovering Preference 

Optimization Algorithms with and 

for LLM (NeurIPS, Cambridge)

• Fei Liu, Xialiang Tong, Mingxuan Yuan, and Qingfu Zhang. "Algorithm Evolution using Large Language Model." arXiv preprint 2023.

• Fei Liu, Xialiang Tong, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. "An example of evolutionary computation+ large language model beating human: Design of efficient guided local 

search." arXiv 2024.

• Fei Liu, Xialiang Tong, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. "Evolution of Heuristics: Towards Efficient Automatic Algorithm Design Using Large Language Model." ICML 

2024. (Oral Top 1.5%)

• Shunyu Yao, Fei Liu, Xi Lin, Zhichao Lu, Zhenkun Wang, and Qingfu Zhang. "Multi-objective Evolution of Heuristic Using Large Language Model." AAAI 2025 (Oral)

• Romera-Paredes, et al. "Mathematical discoveries from program search with large language models." Nature 2024.

• Niki van Stein, and Thomas Bäck. "LLaMEA: A Large Language Model Evolutionary Algorithm for Automatically Generating Metaheuristics." TEVC 2024.

• Chris Lu, Samuel Holt, Claudio Fanconi, Alex Chan, Jakob Foerster, Mihaela van der Schaar, and Robert Lange. "Discovering preference optimization algorithms with and for large language models." NeurIPS 2025

EC+LLM for AAD

2024-09 MEoH: Multi-objective 

Evolution of Heuristic using 

LLM (AAAI 2025 Oral) 

2024-05-30 LLaMEA 

(TEVC, Leiden University)Others

2024-12 LLM4AD 

Platform

2025-5 AlphaEvolve

(Google)



Formulate AAD as Searching in Algorithm Space

 Given:

Find an algorithm 𝑎 ∈ 𝐴𝑆 to optimize its expected performance over the instance:

𝐹 𝑎 ≔ 𝐸𝑖~𝑃𝐼𝑓 𝑎, 𝑖  𝐹 𝑎 ≔ 𝐸𝐼𝑛𝑠𝑡𝑆𝑓 𝑎, 𝑖 .

𝒇(𝑎, 𝑖): A performance metric of 𝑎 ∈ 𝐴𝑆 for problem instance 𝑖

𝑰𝒏𝒔𝒕𝑺: a set of problem 

instances, some samples 

from 𝑃𝐼

𝑷𝑰: A probability distribution of

      target problem instances  (e.g., 

Traveling Salesman Problem, TSP)

𝑨𝑺: An algorithm space

 Goal:

24



(Source: https://ai.meta.com/blog/code-llama-large-language-model-coding/)

LLMs as Designers for Algorithm Design

(Source: arXiv 2311.07989)

25

➢ LLMs can operate in both language and code spaces (discrete, complex, and difficult to formulate)

➢ Directly prompt LLMs to generate algorithms similar to a given sample within the algorithm search space

➢ An effective search framework is required

https://ai.meta.com/blog/code-llama-large-language-model-coding/
https://arxiv.org/abs/2311.07989


Evolution of Heuristics (EoH)

26

Evolution of Heuristics (EoH):

 Large language models (LLMs) + Evolutionary computation (EC) 

Algorithm Designer generates 

novel and diverse algorithms to 

drive exploration and creativity

Search Engine maintains, 

evaluates, and explores elite 

individuals



Initial Population

⋯ ⋯

populationk+1

···

LLM

populationk

···

selection

Generate an algorithm 
inspired by the 

given two algorithms

offspring

Final Population

⋯ ⋯

1. Algorithm is modeled as 

executable computer 

programs;

2. New algorithms are 

created via LLMs

• Fei Liu, Xialiang Tong, Mingxuan Yuan, and Qingfu Zhang. "Algorithm evolution using large language model." arXiv 2023

• Fei Liu, Tong Xialiang, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. Evolution of Heuristics: Towards Efficient Automatic 

Algorithm Design Using Large Language Model. ICML 2024 (Oral Top 1.5%)

EoH Pipeline
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• Fei Liu, Tong Xialiang, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. Evolution of Heuristics: Towards Efficient Automatic Algorithm Design 

Using Large Language Model. ICML 2024 (Oral Top 1.5%)

Heuristics

Code

Evolution of Codes

Heuristics

Thought

Evolution of Thoughts

Prompt Strategies:

1) Exploration: 

E1        E2

2) Modification: 

M1       M2       M3

Thought

Code

Augment

Heuristics

Evolution of Heuristics (EoH)

The heuristic calculates the scores for each bin by

incorporating the rest capacity, the index of the

bin, and a penalty for bins with larger differences,

while also accounting for a modified version of

the difference between the rest capacity and the

item size, emphasizing efficient space utilization

and minimal usage of bins, and incorporating a

unique weighing factor for each bin.

The heuristic calculates the scores for each bin

by taking into account the rest capacity, the index

of the bin, and a different penalty for bins with

larger differences, incorporating a modified

version of the difference between the rest

capacity and the item size with a unique

weighing factor for each bin.

The heuristic calculates the scores for each bin

by considering the rest capacity, the index of the

bin, and a modified version of the difference

between the rest capacity and the item size, in

order to prioritize bins with higher rest capacity

and lower index, while penalizing bins with

larger differences. The modified difference will

be calculated by multiplying the natural

logarithm of the rest capacity minus the item size

with a factor of 3 and subtracting the bin index.

The heuristic calculates the scores for each bin
based on the remaining capacity, the index of
the bin, and a modified version of the difference
between the rest capacity and the item size, in
order to prioritize bins with lower rest capacity
and higher index, while penalizing bins with
smaller differences. The modified difference will
be calculated by multiplying the natural
logarithm of the rest capacity minus the item
size with a factor of 2, adding the square of the
index of the bin, and subtracting the item size.

The heuristic calculates the scores for each bin

based on their rest capacity and the item size,

with added penalties or transformations to

prioritize certain aspects, including but not

limited to trigonometric functions and

multiplication by certain factors as in the original

algorithm. This will ensure that the bins are

scored based on their capacity and other relevant

factors, while promoting efficient performance

and self-consistency.

The common idea in the provided heuristics is to calculate scores for each bin based on the rest capacity, index of the bin, and a modified version of the difference between the rest

capacity and the item size. The heuristics also incorporate penalties or transformations to prioritize certain aspects and promote efficient performance.

Heuristic 1

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) + 2 *

np.sqrt(np.arange(len(bins)))

penalty = np.where(modified_diff > 5, -10, 0)

weights = np.arange(1, len(bins) + 1)

scores = bins - modified_diff + penalty +

weights

return scores

Code 1 import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) + 3* 

np.sqrt(np.arange(len(bins)))

penalty = np.where(modified_diff > 7, 

-15, 0)

weights = np.arange(1, len(bins) + 1) * 2

scores = bins - modified_diff + penalty + 

weights

return scores

Heuristic 2

Code 2

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item)

scores = bins - np.arange(len(bins)) -

modified_diff

return scores

Code 3

Heuristic 3

import numpy as np

def score(item, bins):

modified_diff = 2 * np.log(bins - item) + 

np.square(np.flip(np.arange(len(bins))))

scores = bins - modified_diff

return scores

Heuristic 4

Code 4
import numpy as np

def score(item, bins):

logarithmic_penalty = np.log10(bins) / 

np.sqrt(bins - item)

scores = bins * (bins == np.max(bins)) - (3 * 

np.arange(len(bins))) + logarithmic_penalty

return scores

Heuristic 5

Code 5

Based on this, the new heuristic can be described as follows: the new

heuristic calculates the scores for each bin by incorporating the rest capacity,

the index of the bin, and a penalty for bins with larger differences, while also

accounting for the logarithm of the rest capacity minus the item size,

multiplication with a factor, and a unique transformation for efficient space

utilization and minimal usage of bins.

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) * 1.5 + 4 * np.sqrt(np.arange(len(bins))) - np.cos(bins)

penalty = np.where(modified_diff > 6, -12, 0)

weights = np.arange(1, len(bins) + 1) * 3

scores = bins - modified_diff+ penalty + weights

return scores

E2 Prompt

Reasoning

New Heuristic Code

Fitness: 0.0143

Fitness: 0.0085

Fitness: 0.0135 Fitness: 0.0185 Fitness: 0.0196

Fitness: 0.0321

LLM

The heuristic calculates the scores for each bin by

incorporating the rest capacity, the index of the

bin, and a penalty for bins with larger differences,

while also accounting for a modified version of

the difference between the rest capacity and the

item size, emphasizing efficient space utilization

and minimal usage of bins, and incorporating a

unique weighing factor for each bin.

The heuristic calculates the scores for each bin

by taking into account the rest capacity, the index

of the bin, and a different penalty for bins with

larger differences, incorporating a modified

version of the difference between the rest

capacity and the item size with a unique

weighing factor for each bin.

The heuristic calculates the scores for each bin

by considering the rest capacity, the index of the

bin, and a modified version of the difference

between the rest capacity and the item size, in

order to prioritize bins with higher rest capacity

and lower index, while penalizing bins with

larger differences. The modified difference will

be calculated by multiplying the natural

logarithm of the rest capacity minus the item size

with a factor of 3 and subtracting the bin index.

The heuristic calculates the scores for each bin
based on the remaining capacity, the index of
the bin, and a modified version of the difference
between the rest capacity and the item size, in
order to prioritize bins with lower rest capacity
and higher index, while penalizing bins with
smaller differences. The modified difference will
be calculated by multiplying the natural
logarithm of the rest capacity minus the item
size with a factor of 2, adding the square of the
index of the bin, and subtracting the item size.

The heuristic calculates the scores for each bin

based on their rest capacity and the item size,

with added penalties or transformations to

prioritize certain aspects, including but not

limited to trigonometric functions and

multiplication by certain factors as in the original

algorithm. This will ensure that the bins are

scored based on their capacity and other relevant

factors, while promoting efficient performance

and self-consistency.

The common idea in the provided heuristics is to calculate scores for each bin based on the rest capacity, index of the bin, and a modified version of the difference between the rest

capacity and the item size. The heuristics also incorporate penalties or transformations to prioritize certain aspects and promote efficient performance.

Heuristic 1

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) + 2 *

np.sqrt(np.arange(len(bins)))

penalty = np.where(modified_diff > 5, -10, 0)

weights = np.arange(1, len(bins) + 1)

scores = bins - modified_diff + penalty +

weights

return scores

Code 1 import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) + 3* 

np.sqrt(np.arange(len(bins)))

penalty = np.where(modified_diff > 7, 

-15, 0)

weights = np.arange(1, len(bins) + 1) * 2

scores = bins - modified_diff + penalty + 

weights

return scores

Heuristic 2

Code 2

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item)

scores = bins - np.arange(len(bins)) -

modified_diff

return scores

Code 3

Heuristic 3

import numpy as np

def score(item, bins):

modified_diff = 2 * np.log(bins - item) + 

np.square(np.flip(np.arange(len(bins))))

scores = bins - modified_diff

return scores

Heuristic 4

Code 4
import numpy as np

def score(item, bins):

logarithmic_penalty = np.log10(bins) / 

np.sqrt(bins - item)

scores = bins * (bins == np.max(bins)) - (3 * 

np.arange(len(bins))) + logarithmic_penalty

return scores

Heuristic 5

Code 5

Based on this, the new heuristic can be described as follows: the new

heuristic calculates the scores for each bin by incorporating the rest capacity,

the index of the bin, and a penalty for bins with larger differences, while also

accounting for the logarithm of the rest capacity minus the item size,

multiplication with a factor, and a unique transformation for efficient space

utilization and minimal usage of bins.

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) * 1.5 + 4 * np.sqrt(np.arange(len(bins))) - np.cos(bins)

penalty = np.where(modified_diff > 6, -12, 0)

weights = np.arange(1, len(bins) + 1) * 3

scores = bins - modified_diff+ penalty + weights

return scores

E2 Prompt

Reasoning

New Heuristic Code

Fitness: 0.0143

Fitness: 0.0085

Fitness: 0.0135 Fitness: 0.0185 Fitness: 0.0196

Fitness: 0.0321

LLM

The heuristic calculates the scores for each bin by

incorporating the rest capacity, the index of the

bin, and a penalty for bins with larger differences,

while also accounting for a modified version of

the difference between the rest capacity and the

item size, emphasizing efficient space utilization

and minimal usage of bins, and incorporating a

unique weighing factor for each bin.

The heuristic calculates the scores for each bin

by taking into account the rest capacity, the index

of the bin, and a different penalty for bins with

larger differences, incorporating a modified

version of the difference between the rest

capacity and the item size with a unique

weighing factor for each bin.

The heuristic calculates the scores for each bin

by considering the rest capacity, the index of the

bin, and a modified version of the difference

between the rest capacity and the item size, in

order to prioritize bins with higher rest capacity

and lower index, while penalizing bins with

larger differences. The modified difference will

be calculated by multiplying the natural

logarithm of the rest capacity minus the item size

with a factor of 3 and subtracting the bin index.

The heuristic calculates the scores for each bin
based on the remaining capacity, the index of
the bin, and a modified version of the difference
between the rest capacity and the item size, in
order to prioritize bins with lower rest capacity
and higher index, while penalizing bins with
smaller differences. The modified difference will
be calculated by multiplying the natural
logarithm of the rest capacity minus the item
size with a factor of 2, adding the square of the
index of the bin, and subtracting the item size.

The heuristic calculates the scores for each bin

based on their rest capacity and the item size,

with added penalties or transformations to

prioritize certain aspects, including but not

limited to trigonometric functions and

multiplication by certain factors as in the original

algorithm. This will ensure that the bins are

scored based on their capacity and other relevant

factors, while promoting efficient performance

and self-consistency.

The common idea in the provided heuristics is to calculate scores for each bin based on the rest capacity, index of the bin, and a modified version of the difference between the rest

capacity and the item size. The heuristics also incorporate penalties or transformations to prioritize certain aspects and promote efficient performance.

Heuristic 1

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) + 2 *

np.sqrt(np.arange(len(bins)))

penalty = np.where(modified_diff > 5, -10, 0)

weights = np.arange(1, len(bins) + 1)

scores = bins - modified_diff + penalty +

weights

return scores

Code 1 import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) + 3* 

np.sqrt(np.arange(len(bins)))

penalty = np.where(modified_diff > 7, 

-15, 0)

weights = np.arange(1, len(bins) + 1) * 2

scores = bins - modified_diff + penalty + 

weights

return scores

Heuristic 2

Code 2

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item)

scores = bins - np.arange(len(bins)) -

modified_diff

return scores

Code 3

Heuristic 3

import numpy as np

def score(item, bins):

modified_diff = 2 * np.log(bins - item) + 

np.square(np.flip(np.arange(len(bins))))

scores = bins - modified_diff

return scores

Heuristic 4

Code 4
import numpy as np

def score(item, bins):

logarithmic_penalty = np.log10(bins) / 

np.sqrt(bins - item)

scores = bins * (bins == np.max(bins)) - (3 * 

np.arange(len(bins))) + logarithmic_penalty

return scores

Heuristic 5

Code 5

Based on this, the new heuristic can be described as follows: the new

heuristic calculates the scores for each bin by incorporating the rest capacity,

the index of the bin, and a penalty for bins with larger differences, while also

accounting for the logarithm of the rest capacity minus the item size,

multiplication with a factor, and a unique transformation for efficient space

utilization and minimal usage of bins.

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) * 1.5 + 4 * np.sqrt(np.arange(len(bins))) - np.cos(bins)

penalty = np.where(modified_diff > 6, -12, 0)

weights = np.arange(1, len(bins) + 1) * 3

scores = bins - modified_diff+ penalty + weights

return scores

E2 Prompt

Reasoning

New Heuristic Code

Fitness: 0.0143

Fitness: 0.0085

Fitness: 0.0135 Fitness: 0.0185 Fitness: 0.0196

Fitness: 0.0321

LLM

LLM

The heuristic calculates the scores for each bin by

incorporating the rest capacity, the index of the

bin, and a penalty for bins with larger differences,

while also accounting for a modified version of

the difference between the rest capacity and the

item size, emphasizing efficient space utilization

and minimal usage of bins, and incorporating a

unique weighing factor for each bin.

The heuristic calculates the scores for each bin

by taking into account the rest capacity, the index

of the bin, and a different penalty for bins with

larger differences, incorporating a modified

version of the difference between the rest

capacity and the item size with a unique

weighing factor for each bin.

The heuristic calculates the scores for each bin

by considering the rest capacity, the index of the

bin, and a modified version of the difference

between the rest capacity and the item size, in

order to prioritize bins with higher rest capacity

and lower index, while penalizing bins with

larger differences. The modified difference will

be calculated by multiplying the natural

logarithm of the rest capacity minus the item size

with a factor of 3 and subtracting the bin index.

The heuristic calculates the scores for each bin
based on the remaining capacity, the index of
the bin, and a modified version of the difference
between the rest capacity and the item size, in
order to prioritize bins with lower rest capacity
and higher index, while penalizing bins with
smaller differences. The modified difference will
be calculated by multiplying the natural
logarithm of the rest capacity minus the item
size with a factor of 2, adding the square of the
index of the bin, and subtracting the item size.

The heuristic calculates the scores for each bin

based on their rest capacity and the item size,

with added penalties or transformations to

prioritize certain aspects, including but not

limited to trigonometric functions and

multiplication by certain factors as in the original

algorithm. This will ensure that the bins are

scored based on their capacity and other relevant

factors, while promoting efficient performance

and self-consistency.

The common idea in the provided heuristics is to calculate scores for each bin based on the rest capacity, index of the bin, and a modified version of the difference between the rest

capacity and the item size. The heuristics also incorporate penalties or transformations to prioritize certain aspects and promote efficient performance.

Heuristic 1

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) + 2 *

np.sqrt(np.arange(len(bins)))

penalty = np.where(modified_diff > 5, -10, 0)

weights = np.arange(1, len(bins) + 1)

scores = bins - modified_diff + penalty +

weights

return scores

Code 1 import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) + 3* 

np.sqrt(np.arange(len(bins)))

penalty = np.where(modified_diff > 7, 

-15, 0)

weights = np.arange(1, len(bins) + 1) * 2

scores = bins - modified_diff + penalty + 

weights

return scores

Heuristic 2

Code 2

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item)

scores = bins - np.arange(len(bins)) -

modified_diff

return scores

Code 3

Heuristic 3

import numpy as np

def score(item, bins):

modified_diff = 2 * np.log(bins - item) + 

np.square(np.flip(np.arange(len(bins))))

scores = bins - modified_diff

return scores

Heuristic 4

Code 4
import numpy as np

def score(item, bins):

logarithmic_penalty = np.log10(bins) / 

np.sqrt(bins - item)

scores = bins * (bins == np.max(bins)) - (3 * 

np.arange(len(bins))) + logarithmic_penalty

return scores

Heuristic 5

Code 5

Based on this, the new heuristic can be described as follows: the new

heuristic calculates the scores for each bin by incorporating the rest capacity,

the index of the bin, and a penalty for bins with larger differences, while also

accounting for the logarithm of the rest capacity minus the item size,

multiplication with a factor, and a unique transformation for efficient space

utilization and minimal usage of bins.

import numpy as np

def score(item, bins):

modified_diff = np.log(bins - item) * 1.5 + 4 * np.sqrt(np.arange(len(bins))) - np.cos(bins)

penalty = np.where(modified_diff > 6, -12, 0)

weights = np.arange(1, len(bins) + 1) * 3

scores = bins - modified_diff+ penalty + weights

return scores

E2 Prompt

Reasoning

New Heuristic Code

Fitness: 0.0143

Fitness: 0.0085

Fitness: 0.0135 Fitness: 0.0185 Fitness: 0.0196

Fitness: 0.0321

LLM

One operator in EoH

EoH Evolves both Thoughts and Codes

28



EoH: A New Paradigm for Algorithm Design

29

1

2 Open-ended heuristic development

3
Enhancement of problem-solving 

and new insights

No model training and minimized 

manual crafting



Part III

Case Study and LLM4AD Platform



Case Study: Online Bin Packing Problem (OBP)
 Given: a set of items of various sizes and a set of fixed-sized bins

 Goal: pack the items into bins to minimize the number of used bins

 Online: one item each step, unknown future items, packed items not moved

• Steven S Seiden. "On the online bin packing problem." Journal of the ACM (JACM) 49, no. 5 (2002): 640-671.

• Hang Zhao, Chenyang Zhu, Xin Xu, Hui Huang, and Kai Xu. "Learning practically feasible policies for online 3D bin packing." Science China 

Information Sciences, 2022.
31



Heuristics for OBP

First fit Heuristic

Expert Heuristic

Boxes Items

32
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Template

  def online_binpack(self,

           items: tuple[float, ...], bins: np.ndarray, priority: callable

           ) -> tuple[list[list[float, ...], ...], np.ndarray]:

    """Performs online binpacking of `items` into `bins`."""

    # Track which items are added to each bin.

    packing = [[] for _ in bins]

    # Add items to bins.

    for item in items:

      # Extract bins that have sufficient space to fit item.

      valid_bin_indices = self.get_valid_bin_indices(item, bins)

      # Score each bin based on heuristic.

      priorities = priority(item, bins[valid_bin_indices])

      # Add item to bin with highest priority.

      best_bin = valid_bin_indices[np.argmax(priorities)]

      bins[best_bin] -= item

      packing[best_bin].append(item)

    # Remove unused bins from packing.

    packing = [bin_items for bin_items in packing if bin_items]

    return packing, bins

def priority(item: float, bins: np.ndarray) -> np.ndarray:
  """Returns priority with which we want to add item to each bin.
  Args:
    item: Size of item to be added to the bin.
    bins: Array of capacities for each bin.
  Return:
    Array of same size as bins with priority score of each bin.
  """
  return bins

Template used in EoH
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Evaluation

def priority(item: float, bins: np.ndarray) -> np.ndarray:

  """Returns priority with which we want to add item to each bin.

  Args:

    item: Size of item to be added to the bin.

    bins: Array of capacities for each bin.

  Return:

    Array of same size as bins with priority score of each bin.

  """

  return bins

  def online_binpack(self,

           items: tuple[float, ...], bins: np.ndarray, priority: callable

           ) -> tuple[list[list[float, ...], ...], np.ndarray]:

    """Performs online binpacking of `items` into `bins`."""

    # Track which items are added to each bin.

    packing = [[] for _ in bins]

    # Add items to bins.

    for item in items:

      # Extract bins that have sufficient space to fit item.

      valid_bin_indices = self.get_valid_bin_indices(item, bins)

      # Score each bin based on heuristic.

      priorities = priority(item, bins[valid_bin_indices])

      # Add item to bin with highest priority.

      best_bin = valid_bin_indices[np.argmax(priorities)]

      bins[best_bin] -= item

      packing[best_bin].append(item)

    # Remove unused bins from packing.

    packing = [bin_items for bin_items in packing if bin_items]

    return packing, bins

Designed heuristic

Instance

Evaluation block



Evolution Process and Optimal Heuristic

Heuristic Evolution Process A Comparison of the Heuristics

35



Results

Comparison of the fraction of excess bins to lower bound (lower is better) 

for various bin packing heuristics on Weibull instances.

1k_C100 5k_C100 10k_C100 1k_C500 5k_C500 10k_C500

First Fit 5.32% 4.40% 4.44% 4.97% 4.27% 4.28%

Best Fit 4.87% 4.08% 4.09% 4.50% 3.91% 3.95%

FunSearch 3.78% 0.80% 0.33% 6.75% 1.47% 0.74%

EoH (Ours) 2.24% 0.80% 0.61% 2.31% 0.78% 0.61%

a) Human design: First Fit, Best Fit

b) FunSearch 

c) EoH (Ours)

36
• Fei Liu, Tong Xialiang, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. Evolution of Heuristics: Towards Efficient 

Automatic Algorithm Design Using Large Language Model. ICML 2024 (Oral Top 1.5%)



Case Study: Traveling Salesmen Problem

Comparison of the relative distance (%) to the best-known solutions 

(lower is better) for various routing heuristics on a subset of 

TSPLib instances.

rd100 pr124 bier127 kroA150 u159 kroB200

NI 19.91 15.50 23.21 18.17 23.59 24.10

FI 9.38 4.43 8.04 8.54 11.15 7.54

OR-Tools 0.01 0.55 0.66 0.02 1.75 2.57

AM 3.41 3.68 5.91 3.78 7.55 7.11

POMO 0.01 0.60 13.72 0.70 0.95 1.58

LEHD 0.01 1.11 4.76 1.40 1.13 0.64

EoH (Ours) 0.01 0.00 0.42 0.00 0.00 0.20

• Given: a set of positions (cities)

• Goal: find the shortest possible route that visits each 

city exactly once and returns to the origin city

 Traveling Salesman Problem (TSP) Compared Algorithms

a) Human design heuristics: Nearest Insert (NI), Farthest Insert (FI), OR-

Tools (recognized as one of the most powerful solvers)

b) Automatic algorithm design: Attention model (AM), POMO, LEHD 

(state-of-the-art neural solver)

c) Ours: EoH

37
• Fei Liu, Tong Xialiang, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. Evolution of Heuristics: Towards Efficient 

Automatic Algorithm Design Using Large Language Model. ICML 2024 (Oral Top 1.5%)



Case Study: Flow Shop Scheduling Problem

• Given: n jobs with varying processing times on m 

machines 

• Goal: minimize the total schedule length (makespan)

• Each job consists of m operations that must be 

executed in a specific order on the corresponding 

machine. Same processing order for all jobs. No 

machine can perform multiple operations 

simultaneously

Average relative makespace (%) to the lower bound on 

FSSP Taillard instances. Lower is better.

 Flow Shop Scheduling Problem (FSSP)

n20m10 n20m20 n50m10 n50m20 n100m10 n100m20

GUPTA 23.42 21.79 20.11 22.78 15.03 21.00

CDS 12.87 10.35 12.72 15.03 9.36 13.55

NEH 4.05 3.06 3.47 5.48 2.07 3.58

NEHFF 4.15 2.72 3.62 5.10 1.88 3.73

PFSPNet 14.78 14.69 11.95 16.95 8.21 16.47

PFSPNet_NEH 4.04 2.96 3.48 5.05 1.72 3.56

EoH (Ours) 0.30 0.10 0.19 0.60 0.14 0.41

a) Human design heuristics: GUPTA, CDS, NEH, NEHFF 

(NEH and its variants are most commonly used and powerful heuristics)

b) Automatic algorithm design: PFSPNet and PFSPNet_NEH 

(state-of-the-art neural solver)

c) Ours: EoH

Compared Algorithms

38
• Fei Liu, Tong Xialiang, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. Evolution of Heuristics: Towards Efficient 

Automatic Algorithm Design Using Large Language Model. ICML 2024 (Oral Top 1.5%)



Case Study: Bayesian Optimization

EoH

 Design cost-aware acquisition function in Gaussian process

 EoH outperforms SOTA human-designed methods

• Yiming Yao, Fei Liu, Ji Cheng, and Qingfu Zhang. “Evolve Cost-aware Acquisition Functions Using Large Language Models.” PPSN 2024. (Best Paper Nomination) 39



Case Study: Image Adversarial Attack

 Design decision-based adversarial attack method

 EoH outperforms many human-designed decision-based 

adversarial attack methods

EoH

EoH

• Ping Guo, Fei Liu, Xi Lin, Qingchuan Zhao, and Qingfu Zhang. “L-AutoDA: Leveraging large language models for automated decision-based adversarial attacks.” GECCO 2024 40



Case Study: Computational Fluid Dynamics

• Zhang, Yu, Kefeng Zheng, Fei Liu, Qingfu Zhang, and Zhenkun Wang. "AutoTurb: Using Large Language Models for Automatic Algebraic Model Discovery of Turbulence 

Closure.“ Physics of Fluid, 2025. 
41

 In numerical simulation using Navier-Stocks equations, existing turbulence models often fail 

to represent the complex turbulent flows due to liner assumption.

 Using EoH to design algebraic expressions for correcting the turbulence model in the 

Reynolds-averaged Navier-Stokes equations.

Simulation (Human Design)

Experiment

Simulation (EoH)



Case Study: Circle Packing

42

1. E. Friedman. Erich’s Packing Center. https://erichfriedman.github.io/pac king/, 2025.

2. Novikov, Alexander, et al. "AlphaEvolve: A coding agent for scientific and algorithmic discovery." Google DeepMind, 2025.

3. https://www.fico.com/blogs/best-global-optimization-solver, 2025.

4. https://github.com/Optima-CityU/llm4ad/tree/main/example/circle_packing

Method Results Open-source

Best-known (until 2025-04) [1] 2.634 /

AlphaEvolve (Google, 2025-05) [2] 2.6358627 No

Xpress (FICO, 2025-06) [3] 2.6359155 No

EoH (Ours) [4] 2.6359372 Yes

For 𝑛 = 26, the SOTA was 2.634, EoH improves state-of-the-art to 2.636 (new world record), 

outperforming Google’s AlphaEvolve and Xpress FICO solver.

Results from EoH

 Given a positive integer 𝑛, the problem is to pack 𝑛 disjoint circles inside a unit square so as to maximize the 

sum of their radii.

https://www.fico.com/blogs/best-global-optimization-solver
https://github.com/Optima-CityU/llm4ad/tree/main/example/circle_packing


 Github Rep：
https://github.com/Optima-CityU/llm4ad

 LLM4AD Documents：
https://llm4ad-doc.readthedocs.io/en/latest/

 LLM4AD Web：
www.llm4ad.com

LLM4AD Platform

43• Fei Liu, Rui Zhang, Zhuoliang Xie, Rui Sun, Kai Li, Xi Lin, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. "LLM4AD: A Platform for Algorithm Design with 

Large Language Model." arXiv, 2024

https://github.com/Optima-CityU/llm4ad
https://llm4ad-doc.readthedocs.io/en/latest/
http://www.llm4ad.com/


Large Language Model for Algorithm Design (LLM4AD)

44• Fei Liu, Rui Zhang, Zhuoliang Xie, Rui Sun, Kai Li, Xi Lin, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. "LLM4AD: A Platform for Algorithm Design with 

Large Language Model." arXiv, 2024



LLM4AD Overview

45

 Diverse search methods

• EoH

• MEoH

• Hill-climb

• Local Search

• Sampling

 10+ LLMs

• GPT, Deepseek, Claude, 

Llama, GLM,Qwen, 

DouBao, Yi…. 

 100+Tasks

• Optimization 

• Machine Learning

• Science Discovery

 Supports

• Handbook

• Tutorial

• GUI

• …

• Fei Liu, Rui Zhang, Zhuoliang Xie, Rui Sun, Kai Li, Xi Lin, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. "LLM4AD: A Platform for Algorithm Design with 

Large Language Model." arXiv, 2024



Support Docs

46



Algorithm Design Task Examples

47



Benchmarking Results
4 Evolutionary Methods

9 Algorithm Design Tasks

Optimization
✓ Admissible Set (Set)

✓ Online Bin Packing (OBP)

✓ Traveling Salesman Problem (TSP)

✓ Capacitated Vehicle Routing Problem (CVRP)

✓ Vehicle Routing Problem with Time Windows (VRPTW)

Science Discovery
✓ Oscillator (OSC)

✓ Bacterial Growth (BACT)

Machine Learning
✓ Acrobot (ACRP)

✓ Car Mountain (CAR)

✓ 1+1 EPS

✓ Random Sample

✓ EoH

✓ FunSearch

48



Benchmarking Results

Eight LLMs

✓ Open AI

- GPT-3.5

- GPT4o-mini

✓ Claude

✓ Llama

✓ Qwen

✓ GLM

✓ YI

✓ DouBao

49



Usage

50

Import task and method

Set up LLM interface

Set up Task, e.g., TSP

Set up Method, e.g., EoH

Run



GUI Usage

51

LLM 
Interface

Methods & 
Tasks

Settings of 
Methods & 

Tasks

Convergence

Current Best
Algorithm



Part IV

Finetune LLM for Algorithm Design



Algorithm

Algorithm

Algorithm

Algorithm

Experience

Algorithm

Algorithm

Experience

a) Human design b) LLM design

(e.g., EoH)

c) LLM design with learning

 Human exports gain knowledge in algorithm design

 Learning from algorithm design process has been rarely studied in existing LLM4AD works

 Try to answer two questions: 

• 1) Q1: How to prepare training data for fine-tuning LLMs on algorithm design tasks?

• 2) Q2: Can a small fine-tuned LLM outperform larger LLMs on algorithm design tasks?

Finetune LLM for Algorithm Design

53



 Step 1: Collect data from LLM-driven automatic algorithm search, such as EoH

 Step 2: Construct samples using a grid-based method, each sample is a pair of algorithms

 Step 3: Perform offline finetuning using direct preference optimization (DPO) (SFT  overfitting, 

GRPO hard to design reward)

 Step 4: Use fine-tuned LLM in EoH for AAD

Offline Learning Pipeline

𝜋θ

update

Generate a better 

heuristic inspired by 

the given examples.
𝑦𝑖 = 𝜋θ(𝑥)

Database

···

Prompt (𝑥)Population

evaluate

Train data

𝜋θ

DPO

finetune

pair0

pair1

pairn

pair2··

··

Database

Algorithm

Algorithm

Step 1

Step 2 Step 3

Step 4

54



 Preference Dataset

 LLM Completion Pair

DPO Data

55

Prompt
Positive 

completion
Negative 

completion



 Split algorithms into several grids according to their score ranks

 Randomly sample two grids (not neighbor)

 Randomly sample one algorithm from each grid to construct a pair

(c) Grid-based sampling

(a) Random sampling (b) Top k sampling

Grid-based Pair Sampling Methods

56



 Training Data: sampling 1,000 samples from 300,000 algorithms on 

admissible set problem

 Base LLM: Llama3.2-1B-Instruct

 Training Settings:

• Batch size: 1 * 4 GPUs

• Gradient accumulate steps: 2

• Epoch: 5 for 10,000 samples, 50 for 1,000 samples

• Learning rate: initial=5e-6, cosine decay

• Max length=2048

• DPO: Beta=0.4

• Lora:  r=64, alpha=32, dropout=0.05

Experimental Settings

57



 Experimental Settings

• Population size: 16

• Max number of evaluations: 2000

• Independent runs: 3

 EoH: Llama-1B-Instruct

 EoH-FT: Llama-1B-Instruct Finetuned

Experimental Results

58



 Experimental Settings

• Max number of evaluations: 2000

• Independent runs: 3

 FunSearch: Llama-1B-Instruct

 FunSearch-FT: Llama-1B-Instruct Finetuned

Experimental Results

59



 1B: Llama-1B-Instruct

 8B: Llama-8B-Instruct

 1B-FT: Llama-1B-Instruct Finetuned

Experimental Results

60



Conclusion & Future Works



Conclusion

62

➢ Algorithm design with LLMs is a growing 

direction. There are four different paradigms to 

integrate LLM in algorithm design.

➢ EoH combines LLMs and Evolutionary Search,  

introducing a new paradigm for automated 

algorithm development.

➢ LLM4AD is an open-source, user-friendly 

platform for LLM-based algorithm design.

 Github Rep：
https://github.com/Optima-CityU/llm4ad

 LLM4AD Web：
www.llm4ad.com

https://github.com/Optima-CityU/llm4ad
http://www.llm4ad.com/


Future Directions

1) Domain LLM for Algorithm Design

• Date generation

• Training method

• Search

• Chenyu Huang; , Zhengyang Tang; , Shixi Hu; , Ruoqing Jiang; , Xin Zheng; , Dongdong Ge; , Benyou Wang; , Zizhuo Wang. ORLM: A Customizable Framework in 

Training Large Models for Automated Optimization Modeling. Operations Research 2025.
63

https://pubsonline.informs.org/action/doSearch?text1=Huang%2C+Chenyu&field1=Contrib
https://pubsonline.informs.org/action/doSearch?text1=Tang%2C+Zhengyang&field1=Contrib
https://pubsonline.informs.org/action/doSearch?text1=Hu%2C+Shixi&field1=Contrib
https://pubsonline.informs.org/action/doSearch?text1=Jiang%2C+Ruoqing&field1=Contrib
https://pubsonline.informs.org/action/doSearch?text1=Zheng%2C+Xin&field1=Contrib
https://pubsonline.informs.org/action/doSearch?text1=Ge%2C+Dongdong&field1=Contrib
https://pubsonline.informs.org/action/doSearch?text1=Wang%2C+Benyou&field1=Contrib
https://pubsonline.informs.org/action/doSearch?text1=Wang%2C+Zizhuo&field1=Contrib


Future Directions
2) Fitness Landscape of LLM4AD

• Fei Liu, Qingfu Zhang, Xialiang Tong, Mingxuan Yuan, and Kun Mao. "Fitness Landscape of Large Language Model-Assisted Automated Algorithm Search." arXiv, 2025

• Niki van Stein, Anna V. Kononova, Lars Kotthoff, and Thomas Bäck. "Code evolution graphs: Understanding large language model driven design of algorithms." arXiv 2025
64



Future Directions

3) Multi-modal LLM for Algorithm Design

• Yuxiao Huang, Wenjie Zhang, Liang Feng, Xingyu Wu, and Kay Chen Tan. 2024. How multimodal integration  boost the performance of llm for optimization: Case study on 

capacitated vehicle routing problems. arXiv, 2024
65



Future Directions

4) Long Code  

• Ishibashi, Yoichi, and Yoshimasa Nishimura. "Self-organized agents: A llm multi-agent framework toward ultra large-scale code generation and optimization." arXiv, 2024 66



Future Directions

5) Expensive LLM4AD

67• Zhang, Yu, Kefeng Zheng, Fei Liu, Qingfu Zhang, and Zhenkun Wang. "AutoTurb: Using Large Language Models for Automatic Algebraic Model 

Discovery of Turbulence Closure.“ Physics of Fluid, 2025. 



Future Directions

6) LLM4AD Benchmarks

68
• Weiwei Sun, Shengyu Feng, Shanda Li, and Yiming Yang. "CO-Bench: Benchmarking language model agents in algorithm search for combinatorial optimization." arXiv 2025

• Shojaee, Parshin, Ngoc-Hieu Nguyen, Kazem Meidani, Amir Barati Farimani, Khoa D. Doan, and Chandan K. Reddy. "Llm-srbench: A new benchmark for scientific equation discovery 

with large language models." arXiv 2025
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Questions ?



Existing Efforts for AAD

 Hyperparameter Tuning [1]

1. Baseline algorithm

• 𝛽1, 𝛽2: initial decay 

rates for estimating 1st 

and 2nd moments

• 𝜂: learning rate

2. Identify key hyperparameters

1. Feurer, Matthias, and Frank Hutter. "Hyperparameter optimization." Automated machine learning: Methods, systems, challenges, 2019

2. Bergstra, James, and Yoshua Bengio. "Random search for hyper-parameter optimization." Journal of machine learning research, 2012

3. Falkner, Stefan, Aaron Klein, and Frank Hutter. "BOHB: Robust and efficient hyperparameter optimization at scale." ICML 2018

Random search [2]

3. Search

Bayesian Optimization [3]

✓ Existing optimization techniques can be readily applied;

✕  Search a small vicinity around the baseline; 

❑ Useful for improving efficacy of existing algorithms rather than designing new algorithms.

70



 Genetic Programming [1] 

1. Koza, John R. "Genetic programming as a means for programming computers by natural selection." Statistics and computing, 1994

2. Real, Esteban, et al. "Automl-zero: Evolving machine learning algorithms from scratch." ICML, 2020

Better algorithms are created by 

exchanging subparts between trees

An Application on AutoML [2]

✓ A flexible yet intuitive approach towards AAD;

✕  Pre-define a set of primitives, and low search efficiency; 

❑ The pre-defined primitives and the search rules still require much expert 

knowledge and manual crafting 

Existing Efforts on AAD

71



oProblems:

o Admissible Set (Geometry) 
o Online Bin Packing
o Traveling Salesman

 Merely allowing a LLM to attempt multiple times is not enough.

 Combining LLM with search significantly enhances overall performance.

 Evolutionary algorithm is a highly effective option.

o Choice of LLM:

Evolutionary Search is Important

LLM+EC

Standalone LLMLLM + Evolutionary Search

Rui Zhang, Fei Liu, Xi Lin, Zhenkun Wang, Zhichao Lu, Qingfu Zhang. 

Understanding the Importance of Evolutionary Search in Automated Heuristic Design with Large Language Models. PPSN 2024
72
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