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Algorithm Design with Large Language Model




Challenges of Algorithm Design
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Large Language Models (LLMS)

U Rapid Increasing of LLM and its research papers in the

last four years
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Overview on Algorithm Design with LLMs

A Paper collection

N

Google Scholar

2 Clarivate”
Web of Science

f Stage I: Data extraction and collection b
Date: 2020.1.1 ~ 2024 7.1
Key Words: Title = (LLM OR Large Language Model) AND (Algorithm OR Heuristic OR Search OR
Optimization OR Optimizer OR Design OR Function)
Database: Google scholar, Web of Science, Scopus
Results (remove duplication): 850 papers
N ( p ) pap J
Y
Stage II: Abstract Scanning
Content: Title and Abstract
Exclusion Criteria: not English, not algorithm design, not using large language model
Remaining Results: 260 papers
- - ~
Stage III: Full Scanning
Content: Full paper
Exclusion Criteria: Research relevant to the topic
Remaining Results: 160 papers
o /
A 4
e : ™
Stage I'V: Supplementation
Additional pertinent papers gathered from experience
Final Results: 180 papers
\. y,




Algorithm Design with LLMs

A Number of Publications

35 ,
o D P B 0 e L PR
------ Polynomial Fit
30 1 Monthly Counts i -8 ;
ICML -7 ,"
251
Q.;320_ Nalurc.3 d
Ls 0 10 20 30 40 50 60 70 y
‘6 Number of Publications iy
O
g 151
=
Z
10
5_
0 N 'v Ib I I I I‘) I‘o I’\ I I I I I I I I Ibc I‘J I‘o
NN A RN I CHEA SN AT A SN TN SN RN TR LS CHERS RN RN\
A A R o N e R N R e R e R R A N S oS sl ) o) S o) o) ).
B P L S S S S S S I I S S S S S

A

Months Since 2022/1

Fei Liu, Yiming Yao, Ping GuaZhiyuanYang, Xi Lin, Xialiang Tong,MingxuanYuan, ZhichaolLu, ZhenkunWang, andQingfu Zhang.

"A Systematic Survey on Large Language Models for Algorithm Desigh 2024




Algorithm Design with LLMs

A Country and Institution

U Top universities Tsinghua, NTU, and the University of Toronto, alongside major
corporationgike Huawei,Microsoft,andGoogle

Au

Others Switzerland Tsinghua University

UK Nanyang Technological University

G University of Toronto 6
ermany University of Washington 6
Huawei T s
Japan Microsoft I —>

Lh

Peking University

Southern University of Science and Technology
~ Google DeepMind

University of British Columbia

6.2% City University of Hong Kong

- The Chinese University of Hong Kong
Shanghai Jiao Tong University
Canada Chinese Academy of Sciences

Carnegie Mellon Universit

Microsoft Researc

The Hong Kong Polytechnic University

. gtanford University
25.3% Vector Institute
Hong Kong University of Science and Technology

wh

Singapore

USA

>

2 3 4 5 6
China Number of Publications

A Fei Liu, Yiming Yao, Ping GuaZhiyuanYang, Xi Lin, Xialiang Tong, MingxuanYuan, ZhichaoLu, ZhenkunWang, andingfu Zhang.
"A Systematic Survey on Large Language Models for Algorithm Desigh 2024



Algorithm Design with LLMs

A Word Cloud

program pwy
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. . R . scientist - node  reaseming owerfiul too
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: T .- . ) bayesian optimization combination
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. . . corgept planning Iawe 3 3 : evolutiomsearch
A Green Cluster focuseson search and optimization, reseacher & R pithm
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Acombi nadido &y si t yo ¥ evdllion
. . optimization bl
A Yellow Cluster emphasizesthe role of LLMs in RN e LS P
scientific discovery, highlighting keywords such as J o power hapd
~ . ~ . - ~ . - < . &; 3
fisci ey Bdtandiisciosnac,e pt 0 desigbpace T 11 ant el
figle 2
advangément thageht
-\ congtraint dedision
artificial intelligence
A Fei Liu, Yiming Yao, Ping GuaZhiyuanYang, Xi Lin, Xialiang Tong, MingxuanYuan, ZhichaoLu, ZhenkunWang, andingfu Zhang.

"A Systematic Survey on Large Language Models for Algorithm Desigh 2024
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LLMs and Prompt Strategies

Fine-tuned Model

Types
GPT-3.5
GPT-4
Llama-2
Mistral
GPT-2
GPT-3
Deepseck
InstructGPT
Claude-3
Vicuna
Claude-2
Gemini Pro
Others

Domain Model
Mixed

IR
Number of Publications

82.9%

Pre-trained Model

A Fei Liu, Yiming Yao, Ping GuaZhiyuanYang, Xi Lin, Xialiang Tong, MingxuanYuan, ZhichaoLu, ZhenkunWang, andingfu Zhang.
"A Systematic Survey on Large Language Models for Algorithm Desigh 2024




Algorithm Design with LLMs

A

LLM Roles

Problem 7 Algorithm T’ Solution

. Solution Solution

\ LLM j

(a) Large Language Models as Optimizdrk¥aO)

Prol?lem —/: Algorithm <\—> Solution
\\\ f Embedding

TS LLM

(c) Large Language Models as ExtractdrkNIaE)

Problem 7 Algorithm ‘\—‘ Solution

' Fitness /
Category

\ Solution
Tt LM /

(b) Large Language Models as PredictdrsNliaP)

Algorithm *\—’ Solution

Algorithm

LLM -/

(d) Large Language Models as DesignéiisNaD)

Problem —

Fei Liu, Yiming Yao, Ping GuaZhiyuanYang, Xi Lin, Xialiang Tong, MingxuanYuan,ZhichaoLu, ZhenkunWang, andQingfu Zhang.

A
"A Systematic Survey on Large Language Models for Algorithm Desigh 2024
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Large Language Models as OptimizdrsaO)

A LLMs are used as optimizer to suggest new
solutions, humandesigned algorithm

APros: LLM excels at learning and handling
complicated patterns, integrating preference

A Cons: Lack generalization and interpretability

Problem 7 Algorithm T’ Solution

' Solution Solution

\ LLM /

You are given a list of points with coordinates below: (0): (-4, 5), (1): (17, 76), (2): (-9, 0). (3): (-31,

-86), (4): (53, -35), (5): (26, 91), (6): (65, -33), (7): (26, 86), (8): (-13,-70), (9): (13,79), (10): (-73,

-86), (11): (-45, 93), (12): (74, 24), (13): (67, -42), (14): (87, 51), (15): (83, 94), (16): (-7, 52), (17):

"W'J'T)"IM:'”'"\‘.H“]L,)."‘”f(jl'f_\m"‘., ‘ . o ) )

3_?]\1'ILLI\]\L\‘i;u]’t:I::lljll:'- [:\I:‘]-;\L.][-\:ul:,:\[::.\-\\JT[]J:I-\[E:;J[h]:[[ffllih\ The traces are arranged in descending order based TO Creat% ﬂEWtraCGWIth a Iength Iower thanthe preV|OU50neS,We
<trace> 0,13.3,16,19.2,17.5.4,7.18.8.1.9.6,14,11,15,10,12 </trace> needto carefully selectthe order of points to minimize the total
length: ' . ' . .

25 Euclideandistancetraveled Here'sa newtracethatis differentfrom
race> 0,184,197, 14.17.12,15.10.5.19.3,13,16.1.6.82 <frace> theonesprovidedandaimsto achievea shorterlength

Cl'lgl N

2017

<trace> 0,11.4,13,6,10,8,17.12,15.3,5,19,2,1,18,14.7.16,9 <itrace> <trace>,16,2,18,8,3,10,13,6,4,19,7,5,9,1,1412,1517,11</trace>
length:

1953

<}r;\cc? 0.10.4,18,6,8,7,16,14,11,2,15,9,1,5,19,13,12,17.3 </trace> LLM ThIS tracels deSIQnedO mlnlmlzethedIStanCd)y ConneCtlng)OIntS
o thatarecloserto eachotherin sequence

Give me a new trace that is different from all traces above, and has a length lower than any of the

above. The trace should traverse all points exactly once. The trace should start with <trace> and end

with </trace>.

13




Large Language Models as OptimizdrtE MaO)

objective function

evaluator

return top solutions
when finish

generated
solutions

4

meta-prompt

LLM as
optimizer

solution-score pairs

task description

LLM as optimizers [1]

Initialization
LLM

Selection

[ —

Crossover

Mutation

Termination

SE—————] Promptfor LLM —————

ion of problem and solution properties

You are given a list of points with coordinates: {points}. Your task is to find a trace,
with the shortest possible length, that traverses each point exactly once.

In-context examples

Below are some previous traces and their lengths. The
descending order based on their lengths, where lower values are better.

ces are arranged in

{trace 1} {Length of trace 1}
{trace 2} {Length of trace 2}
{trace 3} {Length of trace 3}

{trace N} {Length of trace N}

Task instructions

lease follow the instruction step-by-step to generate new traces:

ct two traces from the abov
sover the two traces chosen in Step | and generate a new trace
3. Mutate the trace generated in Step 2 and generate a new trace
4. Keep the trace generated in Step 3, repeat Step 1, 2, 3, until you have {N}
traces.
me all the chosen traces at step 1, bracketed them with <selection>
n>, and all the generated traces at step 3, bracketed them with <res>

N L

EA optimizers [2]

Background Information

leaming_rate: [1e-6, Le-1]
batch size: [16, 256]
| optimizer: [sgd, rmsprop, adam]

I

I

|

I

I

I

|

I .
B Dataset Information
:

|

]

]

|

|

Dataset name: Cifar-10

E Number of classes: 10
| Dataset size: 50,000

: ) Tuning the hyperparameters of
1 aimage classification model to

| maximize the accuracy. |
N /

g Model Information

ResNet18 series including
ResNet18, ResNet18d,
l SeResNet18, SKReshet18

Optimization Goal ‘

Hyperparameter Optimization Tools Setup

Change HP| [ Training

\_Configs | |_Models
@ >-
Record Analyze

\_Results Results

Hyperparameter optimizer [3]

1. Chengrunyang,XuezhiWang,Yifeng Lu, HanxiaoLiu, Quoc V Le, Denny Zhou, anXinyun Chen. 2024Large Language Models as OptimizersICLR 2024.
2. Shengcaliu, CaishunChen, Xinghua Qu, Ke Tang, and Y&oon Ong. 2024.arge language models as evolutionary optimizer€EC 2024

3. Siyi Liu, Chen Gao, and Yong Liarge Language Model Agent for HyperParameter Optimization. arXiv 2024.



Large Language Models as Optimizdrs MaO

10 8 #* ga 10 (e -4 ga
Start ] %‘ o codellama % o codellama
0 deepseek os 7, 0 deepseek

o8 0. )
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; Al
L __ population - ay . "
1 2 i N ™ On
g (x) g ® | - [gd&x | ~ |[9®
00 02 c4F1 06 e 10 0.0 10
Information Information Information
a) RE21
v \ 4 v
Prompt Prompt Prompt Prompt . « ga . + oa
Engineering Engineering Engineering Engineering 7o o codellama o codellama
‘ ‘ ‘ . ' = O deepseek s 0O deepseek
v geminipro geminipro
k-4
LLM LLM LLM LLM T gpt3. o voopss
o *'Q;% o
r____r_ ________ % __________ % __________ ___\I 04 F_,‘* 04
Lot | [ | [ o | — s
\
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A Fei Liu, Xi Lin, ZhenkunWang,ShunyuYao, Xialiang Tong, MingxuanYuan, andQingfu Zhang.Large
Language Model for Multi-objective Evolutionary Optimization. EMO 2025.



Large Language Models as PredictdrsNlaP)

A LLMs are used as predictors predict as ol ut i on s
outcomesor responses

Problem Algorithm '\—' Solution
APros. LLMs excel at processingand generating ".‘ ( _
humanlike responsereducethe computationaload . Solution g;tt‘;egis r;
andtime requiredin modeltraining /
ACons Canbe costly, the effectivenesslependshe Ry o
knowledgeontargettask
4 I

You aretaskedwith evaluatingeachobjectbasedon its numericalattributesto determindts category
aso b e totdew o Theséattributesderive from a blackboxf u n ¢ tdecsionépsce with the
assessmerdf the labelbasedon the postmappingfunctionvalues Your role involvesdiscerningthe
internal variable relationshipsof the black box function from provided historical data, moving
beyondmerestatisticalanalysedike calculatingmeansandvariances

Procedure

1. Identify patternan how attributesarecategorized

2. Apply thesepatterndo assessewobjects determiningwhetherits categoryis betteror worse

3. RespondusingJSONformat,eg.{ 6 Cl.@ass®ul t 6}

Historical Examples Featuresc0.555, 0.881, . . ., 0.491G Class betterFeatures0.593 0.515, . . ., LLM
0.456q Class worse... Featurest0.253 0.747, . . ., 0.475 Class better
New Evaluation 60.189, 0.917, . . . , 0.4430betteror worse?

Note Respondn Jsonwith theformat{ 6 Cl. @ & $amly t 6 }

{'Class': 'better’}

16



Large Language Models as PredictdrsNlaP)

Surrogate
assisted

4-[ Parent Solutions ]
Solution

1 Regression
Reproduction

[ Offspring Solutions ]

Classification

E Data Preprocessing

1
1
!
i Rounding : [
13,1415 -3.14 ! o
! S
1

1 Historical Examples
! >, > <
E Normalization - ! NL\;"II"\ aluation
1314021 i .
1 =7

Extraction:
{Class: better}
Transformation:
Label = +1

al

_____________________

,,,,,,,,,,,,,,,,,,,,,

i Response:
i {Class : better}<|cot..

Prompt
template

Physics-based Evaluation

S

Aerodynamics

- v N text prompts % Frontal Area
Derhalive-fiee z\P Projection Simulation
Optimizer generat|on t o {
1 w toxt t0.3D Vision-Language
model Model fitness
N car design practical / impractical scores
t=t+1 candidates No
Final Design

LLMs as predictors (regression and classification) for EA [1]

MLLMSs as car shape score predictor [2]

1. HaoHag XiaogunZhang, andAimin Zhou.Large Language Models as Surrogate Models in Evolutionary Algorithms: A Preliminary StudySwarm and Evolutionary Computation 2024.
2. Melvin Wong, Thiago Rios, Stefan Menzel, and Yew Soon @®perative Al-based Prompt Evolution Engineering Design Optimization With VisionLanguage Model.arXiv2024.

17



Large Language Models as ExtractdtENIaE)

A LLMs are employedto extract features or specific
knowledge from target problem and/or algorithms
to enhanceproblem-solving

APros: LLMs excel at extracthigh-level featuresand
comprehendgextandcode

ACons Can be costly, the effectivenesslependshe
knowledgeontargettask

7’
- T -

Prol?lem —,: Algorithm \—> Solution

Embedding

Raw Text Prompt
(" The effect of Co+2 doping ) Structured Completion (string)

on Cu+2 and Ti+4 sites in LLm The host 'CaCu3Ti4012' was doped
calcium copper titanate > with "Co+2'.

g”%‘es%séi'; s The host 'calcium copper titanate
N0 1L 00k W0 UURE) single crystals' was doped with
examined. = g

\_ / Co+2'.

Parsing
Decoding

Explicit normalization
Postprocessing

Captured Knowledge

CaCugTigO1p | doped with
Element: Co
Oxi state: +2|

[ single crystals ]

AKA: calcium
copper titanate

18



Large Language Models as ExtractdtENIaE)

nage Mode /" . . . R ) ™
Raw Text Prompt Captured Knowledge Hoad (a) Algorithm Features should be able to represent various types of information. ((c) Algorithm Algorithm
The effact of Co+2 dopir Structured Completion (string) = A
anGurzandTnastoa s | i The host "CaCu3Tid012" was doped parsivg (CaCugTiq017) Goped with 7S —— i selection model. (b)
ctarn copper i B o pe ¢ A
e T i cum copper titamate | o oo s 12 E = 4 Algorithm Features
CaCu3Ti4012, has been 1 1s* W: Explicit normalization 8 . — = I:l D El D
OO single crystals’ was doped with Postprocessing | coeoar dansie Vet (0 Regression plae( ) | D W2) BN —_—
: * Head (w) ‘ o = —
iE B N eem —— b’ Embedding Layer
Structured Completion (string) Captured Knowledge
Raw Text Prompt {"hosts": D
( The sfiectof Gos2 doping ) {j::cls:: E:?:ﬂ:?lﬁm itorate Parsing |’CaCu3T-4012| Spos ' Abstract syntax tree  Library function ~ Semantic information Background knowledge Problem Featu Fusion L
it : - Element: Co R roblem Features
ST T | b iy proeem—— TS (a) Fixed-feature LLLM surrogate usion Layer
single crystals = “dopants
b R “d s *coz'} Postprocessing
ACUSTIA012, has been : "Coe2"}, p ~ :
examined, ”hast?ZdEpﬂnES"j e raa / — I\ I\ D D (b) Prcpr()CCSSlng Uf \
FI B SRS OR @y (LSM| @ | ¢ % algorithm features. MLP MLP
N Transformer (W*) d D é D _3 D g
Raw Text Prompt . =] o L 3
C ion (string) Parsing doped with Resression </> E ) oe m = m= i Doo@E@E } :
For La2Cu04 doped with gl D, W. E LSTM | 2} £ H Probl Al hi
ooy I Tge.host "LoZCu04" was doped with ___ Decoding | LagGuOs }_>E\emen.; s Head (w) p(ge(+) | v We) Source  Description o o 5 "mE ‘m ¢ T wlr T ‘L ‘ Toblem gorithm
- xSCuOd-i r. . =] H H : .
e amomalen © | = tLa2 xSrxCubd-0" is a Likely solig  EXplicit normalization Code Text E : E 2 i : Representation Representation
(Te) all present maximum at solution. Postprocessing * G 0OEg - a S o ?D Selected: [:l D i
x=0.15 Modifiers of the doping are:'x=0.15'. TR T PEFT (w) m g m | 2 s ected:
Pretrained LLM - & |LST™™ 0 : Unelected: [ O O Cosine Similarity )

(b) Adaptive-feature LLM surrogate

Extractor for Scientific Text [1] Extractor for Bayesian Opt. [2] Extractor for Algorithm Selection [3]

1. DagdelenJohn,AlexanderDunn, Sanghooriee, NicholasWalker, Andrew S. Rosen GerbrandCeder Kristin A. Perssonand AnubhavJain Structured information extraction from scientific
text with large languagemodels NatureCommunication2024

2. AgustinusKristiadi, Felix StriethKalthoff, Marta Skreta PascalPoupart Aldn  AspuruGuzik, and Geoff Pleiss A SoberLook at LLMs for Material Discovery. Are They Actually Good for
BayesianOptimization Over Molecules?ICML 2024

3. Xingyu Wu, Yan Zhong,Jibin Wu, BingbingJiang,Kay ChenTan,etal. Large languagemodelenhancedalgorithm selection towards comprehensivealgorithm representation IJCAI 2024
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Large Language Models as DesignérisMaD)

A LLMs are employed to directly create algorithms

or specificcomponents

ALLMs excelat codegenerationtext comprehension,

andreasoning

A Algorithm generatiorinsteadof parametetuningor

simplefunctiondesign
ANew insightsandvery competitiveresults

Problem — Algorithm ‘\—> Solution

Algorithm

LLM -/

| have somealgorithmswith their code The first algorithm and the
correspondingodeis:

<Algorithm description>¢é

<Code>é

Thesecondalgorithmandthe correspondingodeis

<Algorithm description>¢é

<Code>é

(moreé )

Pleasehelp me createa new algorithm that motivatedby the given
algorithms Pleaseprovide a brief descriptionof the new algorithm
andits correspondingode The descriptionmustusingthe following
templateé

Algorithm Description:

This enhanced algorithm considers the current node's distance to the other unvisited
nodes and the mean distance, but also incorporates the standard deviation of these
distances into the scoring system, giving a higher weight to close clusters of nodes. It also
includes a conditional statement that chooses the closest node when the minimum
calculated score exceeds a specified threshold, ensuring that nodes far from the rest are
not chosen prematurely.

Code Block:
import numpy as np
defselect_next_node(current_node, destination_node, unvisited_nodes, distance_matrix,
threshold=0.7):
scores = {}
for node in unvisited nodes:
all distances = [distance matrix[node][i] for i in unvisited nodes if i !=node]
average distance to unvisited = np.mean(all distances)
std_dev_distance to_unvisited = np.std(all_distances)

score = (.4 * distance_matrix[current_node][node] - 0.3 *
average_distance_to_unvisited + (0.2 * std_dev_distance_to_unvisited - 0.1 *
distance_matrix[destination_node][node]

scores[node] = score

if min(scores.values()) > threshold:

next_node = min(unvisited nodes, key=lambda node:
distance_matrix[current_node][node])

else:

next_node = min(scores, key=scores.get)

return next_node

20



Large Language Models as DesignérisMaD)

FunSearch

Evaluation
/ == > |-l
e —E=El— "“‘%
Specification .

\ New program
S C—F :
:

Pretrained LLM

Heuristics g
——

¥
) Thought
Sn° B

Heuristics
</

[—

- Code . ‘"----——:—————-—--________.E
Ty : |
“@‘ = Prompt D |:] ] |:|
S g A g Programs
- database
(a) Manual Design (b) Evol. of codes (FunSearch

( e ) FunSearch Function Design [2]
L | LLM Driven Optimization loop
>
J Prompt Strategies: Initiation
Synth Load
'L Thought ¢ 1) Exploration: N Naorhm > Algortm > Eorfree? e
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7 Prompt strategies
~ ..-\ug!‘m:m- 2) Modification: —s Initialize Sto;:n:;[i’;eria - ;I“:STmmn . 1 infoErr:Da;\on - IE(\/;Iuate}sing
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(c) Evolution of both thoughts and codes (EoH, ours) l

Stop
Return best algorithm so far

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

Fei Liu, TongXialiang, MingxuanYuan, Xi Lin, Fu Luo,ZhenkunWang,ZhichaolLu, andQingfu Zhang.Evolution of Heuristics: Towards Efficient Automatic Algorithm Design
Using Large Language ModellCML 2024 (Oral Top 1.5%)

BernardindRomeraParedes, et aMlathematical discoveries from program search with large language modelblature 2024
Niki van Stein, and Thoma&&k . LLaMEA : A Large Language Model Evolutionary Algorithm for Automatically Generating Metaheuristics. TEVC 2024
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Evolution of Heuristics (EoH)




EC+LLM for AAD

Ours (EoH)

- - : i 202409 MEoH : Multi -objective
2023-11 26 AEl._. 202401-04 Beating Human: 202405—01.EOH. E_volutlon (?f " A je 202412 LLM4AD
Algorithm Evolution Design of GLS Heuristics é UskvalyonpfHguristicusing Platform
using LLM (ICML 2024 Oral) LLM (AAAI 2025 Oral) o
T ety @ ; . @,',:;: o B, L5
ot |
e ; [ﬂﬂ » J :* E}: h« gm B
202312-14FunSearch 20240530 LLaMEA 202406 Discovering Preference 20255 AlphaEvolve
Others (Nature, Google) (TEVC, Leiden University) Optimization Algorithms with and (Google)

for LLM ( NeurlPS, Cambridge)

,,,,,,,, LLM-Driven Di Discovered Policy
izatic 0P)

FunSearch

Fei Liu, Xialiang Tong,MingxuanYuan, andQingfu Zhang. ‘Algorithm Evolution using Large LanguageM odel." arXiv preprint2023.

Fei Liu, Xialiang Tong,MingxuanYuan, Xi Lin, Fu Luo,ZhenkunWang,ZhichaoLu, andQingfu Zhang. 'An example of evolutionary computation+ large language model beating human: Design of efficient guided loc
search™ arXiv 2024.

Fei Liu, Xialiang Tong,MingxuanYuan, Xi Lin, Fu Luo,ZhenkunWang,ZhichaoLu, andQingfu Zhang."Evolution of Heuristics: Towards Efficient Automatic Algorithm Design Using Large Language Model' ICML
2024. QOral Top 1.5%)

ShunyuYao, Fei Liu, Xi Lin,ZhichaolLu, ZhenkunWang, andQingfu Zhang. Multi -objective Evolution of Heuristic Using Large Language Model."AAAI 2025 (Oral)

RomeraParedes, et alMathematical discoveries from program search with large language modetsNature 2024. 23

Niki van Stein, and Thom&&k . "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 RobeiDisangeritig preference optimization algorithms with and for large language modelsNeurlPS2025
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Formulate AAD as Searching in Algorithm Space

A Given: /

s e
|F9A probability distribution of | oy L« wjmget of problem %
target problem instances (e.g., || o Instances, some samples " * “*
L Traveling Salesman Problem, TSP) / X~ from 0 oo 185 )
- 5 A
=1|qAn algorithm space , ji_\\?ﬁ\ﬁ |anguage
\_ 3 W Be mwteach = § )
- , 5 )
B ¢HiQ A performance metric ab¥ 6 for problem instanci® W
- ' J
A Goal:
Find an algorithnioN O to optimize its expected performance over the instance:
"y h 'O, "WHP ‘@Y h O "WHIB

24



LLMs as Designerfor Algorithm Design

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

U Directly prompt LLMs to generate algorithms similar to a given sample within the algorithm search space
U An effective search framework is required
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https://ai.meta.com/blog/code-llama-large-language-model-coding/
https://arxiv.org/abs/2311.07989

Evolution of HeuristicsEoH)

Evolution of Heuristics (EoH):

Large language models (LLMs) Evolutionary computation (EC)

v Evolutionary . . .
; ' “ Search Enginemaintains,
:\ S b § V::::"\ ‘\.I , e

i 7/ evaluates, and explores elit
affih individuals

Algorithm Designer generates
novel and diverse algorithms t

drive exploration and creativit

26



EoH Pipeline

def final_algorithm(

4= item: float,
bins: list) -> list:
def initial_algorithm( -~ I,'I """Returns priority with which
item: float, AN ’:' we want to add item to each bin.
bins: list) -> list: ‘\‘ S t E t ; Args:
"M Returns priority with \ ayn . elec lon Valua lon - H ! item: Size of item to be
Which we want to add ttem | | Initial Population Final Population | added to the bin,
to each bin. E‘ - N r N bins: List of capacities for
Args: Y / each bin.
item: Size of item to \‘\ H H H A // Return:
be added to the bin. R EYE </ ¢/ E 1 t ¢/ /> ¢/ ~< List of the same size as
bins: List of | 7 VO u 10na L bins with priority scores for
capacities for each bin. ':'I = £ ‘ ‘ = = \\\ each bin.
Return: i E P E E \ e
List of the same size ‘ ; rocess "-l d = bins - item
as bins with priority i i e = np.exp(d)
scores for each bin. i /> ¢/ /> /> /> /> i r = np.sqrt(d)
wan ,; . E u=1=* (1 -d/ bins)
scores = 0.0 / _ J ReprOductlon L J adj = np.where(d > 3*item, u +
return scores J I‘\ \ 0.8, u + 0.3)
- ’I \ \ scores = bins / ex(e + 0.7)
’,l \\\~ ‘\\ scores = utility + adj
__,—’ T N return scores
- _-~\~\
” .
# \,
o= =-—- + o= ~,
{ )
Generate an algorithm - -
oten 1. Algorithm is modeled as
inspired by the

population | sdection given two algorithms population. executable computer

|:> /s |:> programs;
e/ || ¢/ | UL l offspring ¢fs || ¢/ | UL _
—y I» 2. New algorithms are
/> _' created vid_LMs
LLM

A Fei Liu, Xialiang Tong,MingxuanYuan, andQingfu Zhang. "Algorithm evolution using large language modaiXiv 2023
A Fei Liu, TongXialiang, MingxuanYuan, Xi Lin, Fu LuoZhenkunWang,ZhichaoLu, andQingfu Zhang.Evolution of Heuristics: Towards Efficient Automatic 27
Algorithm Design Using Large Language ModellCML 2024 Oral Top 1.5%)



EoH Evolves both Thoughts and Codes

( A 4 N
Heuristics Heuristics
e
</
Code a Thought
@, ‘ a
I— I
g J \§ J

Evolution of Thoughts

ﬂ Heuristicsa

Prompt Strategies:
1) Exploration:

Fel Fe2
2) Modification:

#H M1 & M2 F M3

Evolution of HeuristicsEoH)

A FeiLiu, TongXialiang, MingxuanYuan, Xi Lin, Fu LuoZhenkunwWang,ZhichaolLu, andQingfu Zhang.Evolution of Heuristics: Towards Efficient Automatic Algorithm Design

Using Large Language ModellCML 2024 Oral Top 1.5%)

Basd on this, the new heuisic can be de<ribed as follows: the new
heuistic calcuatesthe soores for eachbin by incoporating the reg cagpecity,
theindexof the bin, ard a penaty for binswith larger differenes while also
acouning for the logarithm of the red capadty minus the item size,
multiplicaion with a facbor, and a unique trangormation for efficient space
utilizaionandminimal usaye of bins

------------
The heuristic calculates the scores for eachbin by\
| incorporating the rest capacity, the index of the
bin, and a penalty for binswith larger diff erences,
| while aso accounting for a modified version of
| the difference between the rest capacity and 1heI
| item size, emphasizing efficient space utilizationI
and minimal usage of bins, and incorporating aI
| unique weighing factor for eachbin. |

_____________
| def soore(item, bins): |
| modified_diff = np.log(bins- item) + 2*

| np.sgt(np.arange(len(bins)))

| penalty = npwhere(modified_diff > 5, -10, 0)
| weights = np.arange(1, len(bins) + 1)

| sores=bins- modified_diff + penalty +

|

\

weights
return saores J

| by taking into account the rest capacity, the index
| of the bin, and a different penalty for bins with |
|Iarger diff erences, incorporating a modified
I version of the difference between the rest
capacity and the item size with a unique:

Lweighing factor for eachbin. )

_____________
import numpy asnp Fitness: 0.0085 \l

| def score(item, bins):

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

| np.sart(np.arange(len(bins)))

| penalty = np.where(modified_diff > 7,

| -15,0)

| weights = np.arange(1, len(bins) + 1) * 2
| soores =hins - modified_diff + penalty +
| weights
| return scores

~—— e —

------------
The heuristic caculates 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 diff erences. The modified difference will |
be caculated by multiplying the natural
logarithm of the rest capacity minus the item size |

_____________
import numpy asnp Fitness: 0.0135 ‘

: def soore(item, bins): |
| modified_diff = np.log(bins - item) |
| soores =hins- np.arange(len(bins)) - |
| modified diff |
| return saores |
~

LLM

~———

return scores

| import nunpy asnp

| defscore(item bins)

: modified_diff = np.log(ins- item) * 1.5+ 4 * np.grt(np.aang(len(bing))) - np.cogbing)
' | penaty = np.wher(modified_diff > 6, -12, 0)
|
|

weights =np.aang€l, lenbins)+ 1) * 3
soores= bins- modified_diff+ penaty + weights



EoH: A New Paradigm for Algorithm Design

No model training and minimized
manual crafting

2 Openended heuristic development

3 Enhancementf problemsolving
andnewinsights

'

A Trial & Error

”

% Training

4 N
.”,“. Evolution
©;

______ oo
/ \
. . |
O\l

(a) Human

(b) Deep Learning

(c) EoH (EC+LLM)
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Case Study and LLM4AD Platform




Case Study: Online Bin Packing Problem (OBP

A Given: a set of items of various sizes and a set of fsigdd bins

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

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

Y
: M
|}
alalafa J
alafala
alalafa
alalafal2]2
glg|s|6|2]|2|2][2]2]2
6l2]2|2[2]2]2
6l2]2]2[2]2]2
0 HEZLXW X
Yoooooooooo
olo|ofo|o|ofo|o]|o]o
‘ oflofofof1]|1]1]1]0]0
[ olojofo|1|1[1]1]0]0
“ olojofo|1|1[1]1]0]0
/ 1|1|ofo]1|1]|1]|1]0]0
/ 1{1|o]o]ojo|1]|1]0]0
o|o|ofo|o|ofo|o|o]o
o|o|ofo|o|ofo|o]|o]o
oflofofof1[1][1][2]0]0
0 MEZLXW X

A Steven SSeiden!'On the online bin packing problem." Journal of the ACM (JACM) 49, no. 5 (2002)6%40
A HangZzhao,Chenyangzhu, Xin Xu, Hui Huang, and Kai Xu. "Learning practically feasible policies for online 3D bin pacBoigtce China 31
Information Science2022



Heuristics for OBP
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Template

e e |

defonline_binpackself,
items: tuple[float, ...], bingap.ndarraypriority: callable
) -> tuple|[list[list[float, ...], ...],np.ndarray:
Performs onlinebinpackingof ‘items” into "bins'.
# Track which items are added to each bin.
packing = [[[for _in bins]
# Add items to bins.
for itemin items:
# Extract bins that have sufficient space to fit item.
valid_bin_indices= self.get_valid_bin_indicggem,

Template used inEoH

-

Args:
|q[_em: Size of item to be added to the bin.
= bins: Array of capacities for each bin.
eturn:

# Score each bin based on heuristic.
priorities = priority(item, binsfalid_bin_indice}
# Add item to bin with highest priority.
best_bir= valid_bin_indicepnp.argmagpriorities)]
bins[best_bin -= item
packingpest_bin.append(item)

# Remove unused bins from packing.

packing = pin_itemsfor bin_itemsin packingif bin_itemg

returnpacking, bins

returnbins

def priority(item: float, binsnp.ndarray -> np.ndarray
Returns priority with which we want to add item to each

~

b

)
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Evaluation

opulation lecti
pop k seechog
|:> H H t)
S tfs |
-ﬂ
i)

Generate an algorithm
inspired by the
given two algorithms

populationy,

oﬂ‘sprmgf Ad | 74X

LLM

Designed heuristic 1

def priority(item: float, binsnp.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.

returnbins

Instance

| 1
Evaluation block

defonline_binpackself,
items: tuple[float, ...], binsap.ndarraypriority: callable
) -> tuple[list[list[float, ...], ...],np.ndarray.
Performs onlinebinpackingof “items’ into “bins™."""
- # Track which items are added to each bin.
packing = [[]for _in bins]
# Add items to bins.
for itemin items: C
# Extract bins that have sufficient space to fit item. »
valid_bin_indices self.get_valid_bin_indicggem, bins)
# Score each bin based on heuristic.
priorities = priority(item, binsfalid_bin_indice}
# Add item to bin with highest priority.
best_birF valid_bin_indicepnp.argmaypriorities)]
» binsjoest_bif} -= item
packingpest_bif.append(item)
# Remove unused bins from packing.
packing = pin_itemsfor bin_itemsin packingif bin_itemg
returnpacking, bins 34




Evolution Process and Optimal Heuristic
© reuswEowonPosess  ACompasooitedeusics
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