
LLM4AD: Large Language Model for 

Algorithm Design

Fei Liu

Department of Computer Science

City University of Hong Kong

Dec, 2024



Outlines

❑Background

❑LLM4AD review

❑Evolution of Heuristics (EoH)

❑MEoH

❑LLM4AD Platform

❑Future Works

❑Conclusion
2



Outlines

❑Background

❑LLM4AD review

❑Evolution of Heuristics (EoH)

❑MEoH

❑LLM4AD Platform

❑Future Works

❑Conclusion
3



Challenges of Algorithm Design

1

2 Trial-and-error

3 Intensive manpower

Expertise knowledge

Algorithm 
designer

Programmer

Engineer

Real-world Applications

Port Scheduling Warehouse Scheduling Chip Design

…

❑  Automatic Algorithm Design has been a longstanding pursuit
4



Existing Efforts for Automatic Algorithm Design (AAD)
o Hyperparameter Tuning1 

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): 3-33.
2 Bergstra, James, and Yoshua Bengio. "Random search for hyper-parameter optimization." Journal of machine learning research 13.2 (2012).
3  Falkner, Stefan, Aaron Klein, and Frank Hutter. "BOHB: Robust and efficient hyperparameter optimization at scale." International conference on machine learning. PMLR, 2018.

Random search2

3. Search

Bayesian Optimization3

✓ 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.
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o Genetic Programming1 

1 Koza, John R. "Genetic programming as a means for programming computers by natural selection." Statistics and computing 4 (1994): 87-112.
2 Real, Esteban, et al. "Automl-zero: Evolving machine learning algorithms from scratch." International conference on machine learning. PMLR, 2020.

Better algorithms are created by 

exchanging subparts between trees

An Application on AutoML2

✓ 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 Automatic Algorithm Design (AAD)
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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." arXiv preprint arXiv:2303.18223 (2023).

❖ Rapid Increasing of LLM and its research papers in the 

last three years
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• Wayne Xin Zhao, Kun Zhou, Junyi Li, Tianyi Tang, Xiaolei Wang, Yupeng Hou, Yingqian Min et al. 

"A survey of large language models." arXiv preprint arXiv:2303.18223 (2023).

Large Language Models (LLMs)
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LLM Model Structures

• Vaswani, A. "Attention is all you need." NeurIPS 2017.

• Stanford CS25: Transformers United https://web.stanford.edu/class/cs25/

• The Illustrated Transformer https://jalammar.github.io/illustrated-transformer/ 9

https://web.stanford.edu/class/cs25/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/


LLM Model Structures

• Minghao Shao, Abdul Basit, Ramesh Karri, and Muhammad 

Shafique. "Survey of different Large Language Model Architectures: 

Trends, Benchmarks, and Challenges." IEEE Access (2024).
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Prompt Engineering

❖ Pre-trained LLMs are powerful   /   Train&Finetune LLMs are time and resource-consuming

Prompt

Response

ChatGPT

❖ The results are heavily rely on input instruction (i.e., prompt)

❖ How to do prompt engineering is a significant and popular research topic

11



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

(Source: arXiv 2311.07989)

Prompt Engineering
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Prompt Engineering

• Wayne Xin Zhao, Kun Zhou, Junyi Li, Tianyi Tang, Xiaolei Wang, Yupeng Hou, Yingqian Min et al. 

"A survey of large language models." arXiv preprint arXiv:2303.18223 (2023). 13
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The scope of our LLM4AD survey as follows: 

➢ The term Large Language Models refers to language models of sufficient scale to enable robust 

zero-shot performance across various tasks

• Studies employing smaller models for algorithm design, such as those prevalent in 

conventional model-based algorithms and machine learning-assisted algorithms, are excluded.

• Research utilizing other large models that lack language processing capabilities, such as 

purely vision-based models, are not considered. However, multi-modal LLMs that include 

language processing are within our scope. 

➢ The term Algorithm in this context refers to a set of mathematical instructions or rules designed 

to solve a problem, particularly when executed by a computer. Traditional mathematical 

algorithms, most heuristic approaches, and certain agents or policies that can be interpreted as 

algorithms

LLM4AD Scope
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LLM4AD Collection
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Number of publications

➢ Sapid increasing in recent 

months

➢ Most on Arxiv but accepted 

by top AI conferences, e.g., 

NeurIPS, ICML, ICLR, 

GECCO

• 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." arXiv preprint arXiv:2410.14716 (2024). 17



Country and Institution

➢  The United States leads, closely followed by China, with these two countries alone accounting for 50% of the 

publications. 

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

Microsoft, and Google

• 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." arXiv preprint arXiv:2410.14716 (2024). 18



Word Cloud

 Blue Cluster features the keyword “Language”, 

includes other frequently used terms such as 

“strategy”, “reasoning”, “prompt”, and “function”, 

which are crucial for task resolution. 

 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”. 

• 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." arXiv preprint arXiv:2410.14716 (2024). 19



Taxonomy

➢ Three key components: LLM, 

algorithm, application

1. LLM roles

2. Search methods

3. Prompt methods

4. Applications

• 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." arXiv preprint arXiv:2410.14716 (2024). 20



LLM Roles

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

Large Language Models as Predictors (LLMaP)Large Language Models as Optimizers (LLMaO)

• 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." arXiv preprint arXiv:2410.14716 (2024). 21



LLM Roles: LLMaO

Large Language Models as Optimizers (LLMaO)

1. Chengrun Yang, Xuezhi Wang, Yifeng Lu, Hanxiao Liu, Quoc V Le, Denny Zhou, and Xinyun Chen. 2024. Large Language Models as Optimizers. In The Twelfth International Conference on Learning Representations.

2. Fei Liu, Xi Lin, Zhenkun Wang, Shunyu Yao, Xialiang Tong, Mingxuan Yuan, and Qingfu Zhang. 2023. Large Language Model for Multi-objective Evolutionary Optimization. arXiv preprint arXiv:2310.12541 (2023).

3. Shengcai Liu, Caishun Chen, Xinghua Qu, Ke Tang, and Yew-Soon Ong. 2024. Large language models as evolutionary optimizers. In 2024 IEEE Congress on Evolutionary Computation (CEC). IEEE, 1–8.

4. Siyi Liu, Chen Gao, and Yong Li. "Large Language Model Agent for Hyper-Parameter Optimization." arXiv preprint arXiv:2402.01881 (2024).

LLM as optimizers MOEA

SOEA Hyperparameter

➢ LLMs  are used as optimizer to suggest new 

solutions, human-designed algorithm

➢ LLM excels at learning and handling 

complicated patterns, integrating preference

➢ Lack generalization and interpretability
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LLM Roles: LLMaP

Large Language Models as Predictors (LLMaP)

1. Hao Hao, Xiaoqun Zhang, and Aimin Zhou. 2024. Large Language Models as Surrogate Models in Evolutionary Algorithms: A Preliminary Study. arXiv preprint arXiv:2406.10675 (2024).

2. Melvin Wong, Thiago Rios, Stefan Menzel, and Yew Soon Ong. 2024. Generative AI-based Prompt Evolution Engineering Design Optimization With Vision-Language Model. arXiv preprint arXiv:2406.09143 (2024).

3. Shuai Wang, Shengyao Zhuang, Bevan Koopman, and Guido Zuccon. 2024. ReSLLM: Large Language Models are Strong Resource Selectors for Federated Search. arXiv preprint arXiv:2401.17645 (2024).

➢ LLMs are used as predictors  predict a 

solution’s outcomes or responses

➢ LLMs excel at processing and generating 

human-like response, reduce the computational 

load and time required in model training

LLMs as predictors (regression and classification) for EA

Car shape score Resource selector
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LLM Roles: LLMaE

Large Language Models as Extractors (LLMaE)

1. Agustinus Kristiadi, Felix Strieth-Kalthoff, Marta Skreta, Pascal Poupart, Alán Aspuru-Guzik, and Geoff Pleiss. 2024. A Sober Look at LLMs for Material Discovery: Are They Actually Good for Bayesian Optimization Over 

Molecules? ICML (2024).

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

3. Hongyang Du, Guangyuan Liu, Yijing Lin, Dusit Niyato, Jiawen Kang, Zehui Xiong, and Dong In Kim. 2024. Mixture of Experts for Network Optimization: A Large Language Model-enabled Approach. arXiv preprint 

arXiv:2402.09756 (2024).

➢ LLMs are employed to extract features or 

specific knowledge from target problem and/or 

algorithms to enhance problem-solving

➢ LLMs excel at extract high-level features and 

comprehends text and code

Extractor for Bayesian Opt.

Extractor for Algorithm Selection

Intelligent Networks
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LLM Roles: LLMaD

Large Language Models as Designers (LLMaD)

1. Yecheng Jason Ma, William Liang, Guanzhi Wang, De-An Huang, Osbert Bastani, Dinesh Jayaraman, Yuke Zhu, Linxi Fan, and Anima Anandkumar. Eureka: Human-Level Reward Design via Coding Large Language Models. 

ICLR 2024

2. Bernardino Romera-Paredes, Mohammadamin Barekatain, Alexander Novikov, Matej Balog, M Pawan Kumar, Emilien Dupont, Francisco JR Ruiz, Jordan S Ellenberg, Pengming Wang, Omar Fawzi, et al. Mathematical 

discoveries from program search with large language models. Nature 2024

3. 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

➢ LLMs are employed to directly create 

algorithms or specific components

➢ LLMs excel at code generation, text 

comprehension, and reasoning

FunSearch

EUREKA

EoH
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Search Methods

Sampling

Single-point-based

Multi-point-based

Uncertainty-guided

Sampling

Beam Search

MCTS

Hillclimb

Neighborhood Search

Gradient-based Search

Reinforcement Learning

Single-objective

Multi-objective

Bayesian Optimization

1. Nicola Dainese, Matteo Merler, Minttu Alakuijala, and Pekka Marttinen. 2024. Generating Code World Models with Large Language Models Guided by Monte Carlo Tree Search. arXiv preprint arXiv:2405.15383 (2024)

2. Max Liu, Chan-Hung Yu, Wei-Hsu Lee, Cheng-Wei Hung, Yen-Chun Chen, and Shao-Hua Sun. 2024. Synthesizing Programmatic Reinforcement Learning Policies with Large Language Model Guided Search. arXiv preprint arXiv:2405.16450 (2024).

3. Zixian Guo, Ming Liu, Zhilong Ji, Jinfeng Bai, Yiwen Guo, and Wangmeng Zuo. 2024. Two Optimizers Are Better Than One: LLM Catalyst Empowers Gradient-Based Optimization for Prompt Tuning. arXiv:2405.19732 [cs.CV] 

https://arxiv.org/abs/2405.19732

4. Mingchen Zhuge, Wenyi Wang, Louis Kirsch, Francesco Faccio, Dmitrii Khizbullin, and Jürgen Schmidhuber. 2024. GPTSwarm: Language Agents as Optimizable Graphs. In Forty-first International Conference on Machine Learning.

Hillclimb, Neighborhood Search

Gradient-based Search

MCTS

26
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Prompt Strategies

• 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." arXiv preprint arXiv:2410.14716 (2024). 27



Applications: 1) Optimization

28



Applications: 1) Optimization
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Applications: 2) Machine Learning
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Applications: 2) Machine Learning
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Applications: 3) Science Discovery
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(Source: https://ai.meta.com/blog/code-llama-large-language-model-coding/)

LLM for Algorithm Design?

(Source: arXiv 2311.07989)
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Standalon LLM is Insufficient for AAD 
 BBH (Big Bench Hard): multistep arithmetic, algorithmic reasoning

 MuSR (Multistep Soft Reasoning) 

35



Automatic Algorithm Design

Evolution of Heuristics (EoH): Large language models + Evolutionary computation 

Combination of LLM and EC

36



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

1 Fei Liu, Xialiang Tong, Mingxuan Yuan, and Qingfu Zhang. "Algorithm evolution using large language model." arXiv preprint arXiv:2311.15249 (2023).
2 Romera-Paredes, Bernardino, et al. "Mathematical discoveries from program search with large language models." Nature 625.7995 (2024): 468-475.

LLM+EC Pipeline

37



Fei Liu, Xialiang Tong, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. 
Towards Efficient Automatic Algorithm Design Using Large Language Model. ICML 2024. (Oral Top 1.52%)

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
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One operator in EoH

Evolution of Heuristics (Thoughts and Codes)
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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
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A New Paradigm for Algorithm Design

1. No model training and minimized manual crafting

2. Open-ended heuristic development

3. Automation and enhancement of problem-solving

Evolution of Heuristics (EoH) is a new 
paradigm of algorithm design

40
• Fei Liu, Xialiang Tong, Mingxuan Yuan, Xi Lin, Fu Luo, Zhenkun Wang, Zhichao Lu, and Qingfu Zhang. Towards Efficient Automatic Algorithm Design Using Large Language Model. 

ICML 2024. (Oral Top 1.52%)



Online Bin Packing Problem
 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

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

Information Sciences 65, no. 1 (2022): 112105.
41



Online Bin Packing Problem

First fit Heuristic

Expert Heuristic

Boxes Items
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Illustration on Online Bin Packing
Heuristic Evolution Process A Comparison of the Heuristics
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Results on Online Bin Packing

• Given: a set of items of various sizes and a set 
of fixed-sized bins

• Goal: pack the items into bins to minimize the 
used bins

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

 Online Bin Packing (OBP)

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_C10

0
1k_C500 5k_C500

10k_C50

0

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%

Compared Algorithms

a) Human design: First Fit, Best Fit

b) Automatic algorithm design: FunSearch 

(FunSearch is published on Nature 2024, recognized as a milestone)

a) Ours: EoH

44



Results on 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
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Results on 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
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Results on 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) 47



Results on 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 48



Warehouse Management 

Logistic

EDA 

Port Scheduling

MIPLIB Performance: Among 20 

heterogeneous problems, the new 

algorithm successfully solves 18, 

with 8 reaching optimal beating 

human designed algorithms

Industry Applications
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Conclusion
 EoH: A New Paradigm for Algorithm Design 

1. No model training required and reduced manual crafting

2. Open-ended heuristic development

3. Automation and enhancement of problem-solving

 Demonstration on Widely-studied CO Problems, 

Bayesian Opt. and ML Tasks: 

• Beating human design and existing AAD methods

 Industry Applications and Open-source 

50



Outlines

❑Background

❑LLM4AD review

❑Evolution of Heuristics (EoH)

❑MEoH

❑LLM4AD Platform

❑Future Works
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Related works

Heuristic design Considered objectives

Configuration, selection, and composition Expert knowledge, hand crafted rules Single objective 

LLM-based automated heuristic design LLM Single objective 

Multi-objective heuristic design Expert knowledge, hand crafted rules Multiple objectives 

MEoH LLM Multiple objectives 



Method



Method

• Dominance-dissimilarity mechanism 
• MOEAs

• The dominance relationships in the objective space

• LLM-based automated heuristic design
• The dissimilarity of heuristics in the search space



Method



Experiments

• Online BPP



Experiments

• TSP



Experiments

• Conventional MOEAs



Conclusion

• The first LLM-based automated heuristic design framework 

• A dominance-dissimilarity mechanism considering both the objective 
and search space
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Large Language Model for Algorithm Design (LLM4AD)

61



 Github 开源仓库地址：
https://github.com/Optima-CityU/llm4ad

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

 LLM4AD 网站：
www.llm4ad.com

LLM4AD 基于大模型的算法设计开源平台

62
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LLM4AD Overview

63



Terminal & GUI Usage
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Support Docs
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Supports
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Algorithm Design Task Examples in LLM4AD
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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
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Benchmarking Results
Eight LLMs

✓ Open AI
- GPT-3.5
- GPT4o-mini

✓ Claude

✓ Llama

✓ Qwen

✓ GLM

✓ YI

✓ DouBao
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Future Directions

1) Domain LLM for Algorithm Design

• Cost

• Date generation

• Reasoning

Zhengyang Tang, Chenyu Huang, Xin Zheng, Shixi Hu, Zizhuo Wang, Dongdong Ge, and Benyou Wang. 2024. ORLM: 

Training Large Language Models for Optimization Modeling. arXiv preprint arXiv:2405.17743 (2024). 71



Future Directions

2) Multi-modal LLM for Algorithm Design

1. 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 preprint  arXiv:2403.01757 (2024).
72



Future Directions

3) Interaction with Human Experts

1. Jiayang Li, Jiale Li, and Yunsheng Su. 2024. A Map of Exploring Human Interaction Patterns with LLM: Insights into Collaboration 

and Creativity. In International Conference on Human-Computer Interaction. Springer, 60–85.
73



Future Directions

4) LLM-based Algorithm Assessment

1. Andrea Sterbini and Marco Temperini. 2024. Automated Analysis of Algorithm Descriptions Quality, Through Large Language 

Models. In International Conference on Intel ligent Tutoring Systems. Springer, 258–271.
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Future Directions

5) Understand the Behavior of LLM

1. Fei Liu, Xi Lin, Zhenkun Wang, Shunyu Yao, Xialiang Tong, Mingxuan Yuan, and Qingfu Zhang. 2023. Large Language Model for Multi-objective 

Evolutionary Optimization. arXiv preprint arXiv:2310.12541 (2023).
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Future Directions

5) Fully Automatic Algorithm Design

1. Ishibashi, Yoichi, and Yoshimasa Nishimura. "Self-organized agents: A llm multi-agent framework toward ultra large-scale code 

generation and optimization." arXiv preprint arXiv:2404.02183 (2024).
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Future Directions

6) LLM4AD Benchmarks

1. Xiaohan Lin, Qingxing Cao, Yinya Huang, Zhicheng Yang, Zhengying Liu, Zhenguo Li, and Xiaodan Liang. 2024. ATG: 
Benchmarking Automated Theorem Generation for Generative Language Models. arXiv preprint arXiv:2405.06677 (2024).
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Conclusion

78

➢ We have reviewed large language model for algorithm design (LLM4AD)

➢ We have proposed a new algorithm design paradigm combining 

evolutionary computation and large language model, named Evolution of 

Heuristics (EoH)

➢ We have open-sourced a Python-based LLM4AD platform

➢ We have highlighted some future research directions
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