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Abstract

Multi-objective combinatorial optimization problems (MO-
COP) frequently arise in practical applications that require
the simultaneous optimization of conflicting objectives. Al-
though traditional evolutionary algorithms can be effective,
they typically depend on domain knowledge and repeated
parameter tuning, limiting flexibility when applied to un-
seen MOCOP instances. Recently, integration of Large Lan-
guage Models (LLMs) into evolutionary computation has
opened new avenues for automatic heuristic generation, us-
ing their advanced language understanding and code synthe-
sis capabilities. Nevertheless, most existing approaches pre-
dominantly focus on single-objective tasks, often neglecting
key considerations such as runtime efficiency and heuristic
diversity in multi-objective settings. To bridge this gap, we in-
troduce Multi-heuristics for MOCOP via Pareto-Grid-guided
Evolution of LLMs (MPaGE), a novel enhancement of the
Simple Evolutionary Multiobjective Optimization (SEMO)
framework that leverages LLMs and Pareto Front Grid (PFG)
technique. By partitioning the objective space into grids and
retaining top-performing candidates to guide heuristic gen-
eration, MPaGE utilizes LLMs to prioritize heuristics with
semantically distinct logical structures during variation, thus
promoting diversity and mitigating redundancy within the
population. Through extensive evaluations, MPaGE demon-
strates superior performance over existing LLM-based frame-
works, and achieves competitive results to traditional Multi-
objective evolutionary algorithms (MOEAs), with signifi-
cantly faster runtime.

Code — https://github.com/langkhachhoha/MPaGE
Extended version — https://arxiv.org/pdf/2507.20923

1 Introduction

Multi-objective combinatorial optimization problems (MO-
COP) commonly arise in real-world applications such as
vehicle routing, production planning, where multiple con-
flicting objectives must be optimized simultaneously over a
large, discrete solution space (Tiirkyilmaz et al. 2020; Liu
et al. 2020; Phan Duc et al. 2025). Unlike single-objective
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optimization, MOCQOP aims to approximate the Pareto front,
which captures trade-offs among non-dominated solutions.

Due to the NP-hard nature of these problems, exact al-
gorithms are often impractical, resulting in the widespread
use of heuristic and metaheuristic methods such as NSGA-
II, MOEA/D, and MOEA/D-DE (Deb et al. 2002; Zhang and
Li 2007a; Li and Zhang 2008). Despite their success, these
methods typically rely on domain-specific knowledge and
extensive iterative search. Several neural approaches have
been proposed for MOCOP, aiming to automatically learn
heuristics and improve adaptability (Zhang et al. 2022; Hieu
et al. 2024; Fan et al. 2024). However, these methods often
require retraining for different problem sizes, demand sub-
stantial computational resources, and struggle to generalize
to problems with unseen input formats.

Recently, Large Language Models (LLMs) have shown
strong capabilities in automatic heuristic design, offering a
new paradigm for optimization algorithm development (Wu
et al. 2024; Liu et al. 2025; Novikov et al. 2025; Tran et al.
2025). By leveraging their language understanding and code
generation abilities, LLMs can produce heuristics and the
corresponding implementations with minimal human inter-
vention. Recent approaches integrate LLMs with evolution-
ary strategies to iteratively evolve effective problem-solving
programs (Liu et al. 2024; Ye et al. 2024; Romera-Paredes
et al. 2024a; van Stein and Bick 2024). While achieving
competitive performance and often surpassing traditional
methods, most existing LLM-based evolution frameworks
primarily target single-objective problems, with limited ex-
ploration of their applicability to multi-objective settings.
The inherent complexity and trade-off structure of MOCOP
introduce significant challenges that require tailored and ro-
bust design strategies. To address this, Huang et al. (Huang,
Zhang, and Liu 2025) propose an LLM-based framework
for discovering and refining evolutionary operators suited to
diverse MOCOP. However, runtime efficiency, which is cru-
cial for the real-world deployment of MOCOP solvers, re-
mains an underexplored aspect of LLM-driven heuristic de-
sign. MEoH (Yao, Chen, and Wang 2025) considers both op-
timality and efficiency within a multi-objective evolutionary
framework. Additionally, prior LLM-based methods tend to
produce populations of algorithms with similar operational



logic and slight representation difference, limiting both pop-
ulation diversity and the creativity of LLMs.

To address the aforementioned issues, we propose
MPaGE, a novel framework designed to solve MOCOP
while simultaneously discovering a pareto front of LLM-
generated heuristics that jointly optimize solution quality
and runtime efficiency, with an explicit emphasis on pro-
moting heuristic diversity. Our approach curates heuristic
algorithms for the Simple Evolutionary Multiobjective Op-
timization (SEMO) paradigm, leveraging Pareto Front Grid
(PFG) to guide the design of LLM-based variation heuris-
tics by partitioning the objective space into grids, retaining
leading individuals from promising regions, and enhancing
both solution quality and search efficiency. From these re-
gions, MPaGE builds a pool of elitist candidates and em-
ploys LLMs to assess their semantic structures, clustering
them into groups of similar logic. Variation is then per-
formed with respect to these clusters, promoting seman-
tic diversity and mitigating redundancy within the heuristic
population. To the best of our knowledge, this is the first
comprehensive evaluation of LLM-generated heuristics on
standard MOCOP, addressing both solution quality, compu-
tational efficiency and semantic diversity. Our main contri-
butions are as follows:

* We introduce MPaGE, the first framework to systemati-
cally combine LLMs with the SEMO paradigm and PFG,
aiming to solve MOCOP by jointly optimizing runtime,
solution quality, and maintaining semantic diversity.

We leverage LLMs to verify the logical structure
of heuristics and perform cross-cluster recombination,
thereby enhancing diversity and reducing redundancy
through logically dissimilar variations.

We conduct extensive experiments on standard MOCOP
benchmarks, demonstrating consistent improvements in
runtime efficiency, solution quality, and semantic diver-
sity over LLM-based baselines and traditional MOEAs.

2 Related Works

2.1 Multi-objective Optimization Algorithms

Solving MOCOP often involves extending metaheuristics to
handle multiple objectives in discrete domains. NSGA-II
(Deb et al. 2002) and MOEA/D (Zhang and Li 2007a) re-
main popular for effectively maintaining Pareto front diver-
sity. Local search techniques like Pareto Local Search (PLS)
(Paquete and Stiitzle 2004), SEMO (Laumanns, Thiele, and
Zitzler 2004) improve exploitation by iteratively exploring
non-dominated neighbors. More recent neural approaches
aim to learn the entire Pareto set, as in PMOCO (Lin, Yang,
and Zhang 2022), or boost diversity through dual mecha-
nisms, as in NHDE (Chen et al. 2023b). Despite their suc-
cess in solving MOCOP, these methods still rely on hand-
crafted components, struggle to generalize across diverse
problem settings, and incur substantial computational costs.

2.2 LLMs for Heuristic Design

LLMs are increasingly used to automate heuristic design
in combinatorial optimization. Core approaches like EoH,
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AEL, and FunSearch employ evolutionary frameworks to
generate, combine, and refine heuristics in natural lan-
guage or code, outperforming traditional methods on TSP,
bin packing, and scheduling tasks (Liu et al. 2024, 2023;
Romera-Paredes et al. 2024b). Similarly, HSEvo incorpo-
rates harmony search principles into the LLM-driven gen-
eration process to promote diversity and adaptability in so-
lutions (Dat, Doan, and Binh 2025). Other work combines
LLMs with synthesis techniques like MCTS for guided
search (Zheng et al. 2025). While promising, most of these
methods primarily focus on single-objective tasks, with lim-
ited attention to MOCOP, neglects other practical criteria
like efficiency and complexity (Gutjahr 2012).

2.3 Multi-Objective Optimization with LLMs

Recent LLM-based heuristics have been applied to meta-
heuristic design. Huang, Zhang, and Liu (2025) used LLMs
to generate crossover and mutation operators for multi-
objective optimization, later extending this to evolutionary
multitasking with LLM-designed knowledge transfer mod-
els (Huang et al. 2024). Nevertheless, these methods over-
look the computational cost of generating and evaluating
heuristics, a key challenge in MOEAs. MEoH, REMoH
(Yao, Chen, and Wang 2025; Forniés-Tabuenca et al. 2025)
present a multi-objective evolutionary framework that opti-
mizes multiple performance metrics, such as optimality and
efficiency, to discover trade-off algorithms in a single run.
However, they struggle to distinguish heuristics with similar
logic but different implementations, reducing diversity on
the pareto front and hindering multi-objective exploration.

3 Preliminary
3.1 Multi-Objective Combinatorial Optimization

Generally, we considler MOCOP defined as:
mingey f(z) (fi(x),..., fm(x)), where X is a
finite or discrete feasible set, and f: X — RM maps each
solution to M objectives to be minimized. Trade-offs among
objectives are characterized by Pareto optimality, as defined
below, and solution quality is commonly assessed using the
hypervolume (HV) indicator (Zitzler and Thiele 1999).
Definition 1 (Pareto dominance). For solutions z%, z? €
X, x* dominates x°, denoted z% < %, if f;(z%) < fi(x®)
forall ¢« € {1,..., M}, and there exists some j such that
£5(z%) < ().

Definition 2 (Pareto optimality). A solution z* € X is
Pareto optimal if no z € X satisfies x < z*. The set of
all such solutions forms the Pareto set (PS), and Pareto front
PF = {f(x) | z € PS}.

3.2 Simple Evolutionary Multiobjective
Optimization

Simple Evolutionary Multiobjective Optimization (SEMO)
is a minimalist yet effective MOEAs, widely used in theo-
retical analyses of runtime performance (Laumanns, Thiele,
and Zitzler 2004). Similar to Pareto Local Search (PLS) (Pa-
quete and Stiitzle 2004), SEMO maintains an archive of non-
dominated solutions. Each iteration selects a random solu-
tion from the archive, explores one of its neighbors, and
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Figure 1: Overview of the proposed method. The heuristics are first represented in a feature space, and then partitioned into grid
cells based on their objective values. Potential parent heuristics are then chosen with the assistance of LLM-based review from
grids. Crossover and mutation operations are applied, guided by informative feedback from LLM-based reflection to enhance
population diversity. Finally, the non-dominated individuals within each cell are retained to form the next generation for the

subsequent iteration.

updates the archive if a new nondominated solution is dis-
covered. Unlike PLS, which evaluates all neighbors, SEMO
samples only one neighbor per iteration, which may limit its
anytime performance. See appendix B for detailed insights
compared to other frameworks.

Algorithm 1: Simple Evolutionary Multiobjective Optimiza-
tion
s < rand_generation()
A+ {s}
repeat
s < selection(A) ;
s’ < neighborhood_exploration(s) ;
neighbor of s randomly
if fa € A:a < s’ then // Check dominance
| A AU{s'}\{ac A|s <a}

until stop_condition();
return A

// Random s from A
// Select a

4 Methodology
4.1 Problem Formulation

We formalize heuristics design for MOCOP as a Language
Multi-Criteria Heuristic Design (LMHD) problem, aiming
to discover heuristics that balance evaluation criteria reflect-
ing various aspects of heuristic behavior, such as effective-
ness, efficiency, or generalization across problems. The key
components are introduced as follows:

Multi-Criteria Evaluation Function. We define E' : H —
RM to evaluate each heuristic h € H over M criteria, cap-
turing its expected performance and key behavioral aspects
on a given MOCOP.

Language Multi-Criteria Heuristic Design. Language
Multi-Criteria Heuristic Design (LMHD) is a variant of
hyper-heuristic that leverages LLMs to generate a di-
verse set of heuristics. The goal is to discover heuris-
tics that balance multiple criteria simultaneously. Given
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the heuristic space H, the evaluation function E(h)
(e1(h),ea(h),...,en(h)) assigns to each heuristic h a vec-
tor of M criteria to be minimized. The aim is to approximate
the Pareto front of nondominated heuristics in H.

Our goal is to design MOCOP-specific heuristics for
the selection and neighborhood exploration steps. , corre-
sponding to lines 4 and 5 in Algorithm 1.

The proposed LMHD takes problem specifications as in-
put and generates heuristics optimized over two practical
and complementary criteria: solution quality and computa-
tional efficiency. Specifically, we define:

E:H—R% E(h) = (e1(h),es(h)), (1)

where e; is the average negative hypervolume across a set
of instances, measuring solution quality, and ey is the to-
tal running time. These two criteria reflect critical trade-offs
in real-world applications, where high performance must be
balanced with efficiency. Each heuristic i € H is a complete
algorithm that, given the current population A, returns a new
candidate solution s’ by internally performing both selection

and neighborhood generation:
h:28l 58 s =h(A),

where S denotes the space of feasible solutions.

@

4.2 Overview

MPaGE integrates LLMs into a multi-phase evolutionary
framework to design diverse and effective heuristics, as il-
lustrated in Figure 1. The process begins by initializing a
population of heuristics tailored for SEMO paradigm. Each
heuristic is represented in a feature space defined by solu-
tion quality and running time, and the population is progres-
sively refined until the stopping criterion is met, yielding
a set of non-dominated heuristics. At each iteration, PFG
generates grids that partition the objective space, thereby
grouping heuristics into distinct regions (Section 4.3). A
pool of elitism heuristics is selected from these grids, and an



LLM-based review analyzes the logical semantics of can-
didate heuristics to cluster them into behaviorally similar
groups (Section 4.4). Subsequently, search operators such as
crossover and mutation are applied to these clusters, guided
by informative feedback from LLM-based reflection, to gen-
erate new offspring. These offspring are added to the popula-
tion, and non-dominated individuals are selected to form the
next generation for the subsequent iteration (Section 4.5).

4.3 Pareto Front Grid Mechanism

Dominance-based approaches like NSGA-II (Deb et al.
2002) and decomposition-based methods such as MOEA/D
(Zhang and Li 2007b) often struggle to balance convergence
and diversity in tracking the true Pareto Fronts, particularly
in heuristic design scenarios where objectives like runtime
and solution quality exhibit irregular or non-uniform distri-
butions. To address these limitations, we adopt the Pareto
Front Grid (PFG) approach (Xu et al. 2023a) to achieve a
better balance between convergence and diversity. Guiding
the search using leading solutions in PFG helps focus on
promising regions, improving solution quality and efficiency
while reducing redundancy.

PFG Generation: Motivated by (Xu et al. 2023a), let the
objective space be denoted by Z C R2. At generation t, let
PO = {E(h;) € R? | h; € H®} be the set of objective
vectors of the current population, where each h; is a heuristic
algorithm and H(*) denotes the heuristic space. We define
the ideal and nadir points for each objective j € {1,2} as
zf = mingepw e;(h) and 27 = max,cpe) ej(h), where
e;j(h) denotes the j-th objective value of heuristic h. The
objective space is scaled via min-max normalization:

( )

To structure the population in the normalized objective
space, we partition [0, 1]2 into a grid of cells of side length
01 > 0, 2 > 0 along each objective axis, respectively, de-
pending on the number of segments along each dimension.
For each solution h;, assign its objective vector E(hz) to a
grid cell G(h;) € N2, and define the PFG mapping as:

o ([242]. 242) .

This discretization forms a structured grid over the ob-
jective space, grouping solutions into distinct regions. We
define the following mapping:

* *
- e1— 2] ey —z
i 1 2

3

n x) .n *
Rl TR %y T 22

“

G:N? 2™, G(g) = {hi € KV | G(ha) = g}. &)

where each cell g contains all solutions whose objective vec-
tors fall within that grid region. For each non-empty cell
g € dom(G), retain a representative subset R, C G(g),
selected using non-dominated sorting within the cell. The
union of all representatives yields the elite set:

D = JR,. (6)
g
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PFG Selection: To facilitate reproduction, the population
is organized into a grid, where heuristics exhibiting simi-
lar running time or solution quality are placed in neighbor-
ing cells. This spatial organization encourages crossover be-
tween heuristics with related characteristics, promoting the
inheritance and refinement of useful traits.

Selection for mating is performed over a pool P formed
using the grid structure of the objective space. With proba-
bility ¢, a group of elitism candidates is selected from a set
of adjacent grid cells. Specifically, a grid cell g is randomly
sampled, and the pool is formed as the union of G(g) and its
neighboring cells G(g'), where ¢’ denotes the cells adjacent
to g along both objective axes, as shown in Figure 2. Other-
wise, the parents are selected from entire £(*). Formally:

P {Q(g) UGy,

FA0N
This hybrid strategy balances local exploitation and global
exploration, promoting diversity while guiding search to-
ward the Pareto front. See Appendix C for details.

ifU[0, 1] < e,
otherwise,

)

4.4 Semantic Clustering

Previous methods struggle to maintain effective diversity
in multi-objective heuristic design, especially for complex
MOCOP. The standard MOEAs rely on Pareto dominance
in the objective space f(x), which is unreliable due to the
stochastic nature of the heuristic performance. MEoH ad-
dresses this by introducing a dominance-dissimilarity mea-
sure based on Abstract Syntax Trees (ASTs) (Yao, Chen, and
Wang 2025; Neamtiu, Foster, and Hicks 2005). However,
ASTs fail to capture semantic similarity between heuristics
with similar logic but different implementations, resulting
in redundant individuals and reduced diversity. To address
these challenges, instead of relying solely on syntactic fea-
tures, we query LLMs to assess the semantic and behavioral
similarity among elite heuristics P = {h1, ha, ..., h,}, and
group them into coherent clusters as depicted in Figure 2:

SemClust(P) = {C1,Ca,...,Cpn}
st. U ci=r, (8)

Each cluster C; contains heuristics whose code segments im-
plement similar underlying logic, despite syntactic or struc-
tural differences. This semantic clustering mitigates redun-
dancy and enhances behavioral diversity at a higher abstrac-
tion level. During variation, we apply mutation within clus-
ters to explore local variations, and perform crossover across
clusters to combine diverse behaviors. Specifically, given a
randomly selected cluster C; and a heuristic h € Cj, the
offspring heuristic o is generated as follows:

.

Mutate(h), ifU]0,1] < 7,
Crossover(h, h'), otherwise, h' ~U (Uk;ﬁl Ck) ,
9
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Figure 2: LLM-based review clustering applies elitism heuristics based on semantic similarity and employs a probability matrix

to guide variation among clusters.

4.5 Automatic Heuristic Generation

In this section, we propose the MPaGE framework for au-
tomatic heuristic design. Examples of the prompts used at
each stage are provided in the Appendix E.

Individual Representation. Following previous works
(Liu et al. 2024; Ye et al. 2024), MPaGE encodes each
individual as a natural language description and its corre-
sponding code implementation in Python, both generated by
LLMs, together with an associated fitness score. The fitness
is evaluated over a set of problem-specific instances by mea-
suring both performance and running time.

Population initialization. MPaGE initializes the heuris-
tic population by querying LLMs with prompts that de-
scribe the problem and specify the signature of the heuris-
tic function to be discovered. Specifically, each heuristic is
tailored for selection mechanisms and neighborhood explo-
ration within the SEMO paradigm, then evaluated on bench-
mark instances and assigned a fitness score.

Selection. MPaGE partitions the objective space into grid
cells to construct an elitism pool (Section 4.3), then clusters
the candidates and selects parent pairs based on dissimilarity
as detailed in Section 4.4, or sample from the entire popula-
tion as Equation 7.

Feedback reflection. Feedback reflection enhances
heuristic design by providing LLMs with clear, interpretable
signals that guide improvement. For each pair of heuristic
parents, an LLM-based reflection module analyzes their re-
spective strengths and weaknesses, returning a textual sug-
gestion on how to improve or effectively combine them.

Crossover and Mutation. MPaGE prompts the genera-
tor LLM to create an offspring heuristic by recombining
or modifying parent elements, guided by reflective feed-
back. The prompt includes: (i) task specifications, (ii) par-
ent heuristics in code and natural language, (iii) reflection
guidance, and (iv) instructions to generate the new heuristic.

Population Management. Offspring are merged into the
population, with non-dominated individuals forming the
next generation, as defined by Equation 6. The process re-
peats until the maximum number of iterations is reached.
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5 Experiments
5.1 Experimental Setup

Benchmarks. We evaluate the proposed MPaGE frame-
work on four widely recognized MOCOP that are exten-
sively investigated in the literature: Bi-TSP, Tri-TSP, Bi-
CVRP, and Bi-KP. Comprehensive descriptions of these
problems are provided in Appendix A.

Experiment settings. The generated heuristics are evalu-
ated on 10 instances for each problem, with sizes of 20, 20,
50, and 50 for Bi-TSP, Tri-TSP, Bi-CVRP and Bi-KP, fol-
lowing the setup in (Chen et al. 2023a). The experimental
parameters are configured as follows: the number of gener-
ations is set to 20, and the population size is 10 for all prob-
lems. Each crossover operator selects two parent heuristics
to generate offspring heuristics. All heuristics are designed
and evaluated under the SEMO search paradigm, with a run-
time constraint of 2000 iterations and a time limit of 60 sec-
onds. The probabilities ¢ = 0.9, v = 0.3, and the number
of PFG segments is set to 4. Experiments were conducted
using an Intel Core i7 (11th Gen) processor. GPT-40-mini
(temperature 0.7) was used as the pre-trained LLM, while
GPT-40 was used for assessing and clustering task. We refer
to Appendix J for the hyperparameter study.

Performance Metric.

Objectives To evaluate a heuristic, we consider two objec-
tives, both averaged across instances and minimized simul-
taneously: 1) Negative Hypervolume (NHV): Minimizing the
negative hypervolume guides the search toward high-quality
solutions. 2) Running Time: Measures the execution time of
the heuristic to encourage efficiency.

Metrics Solution quality is evaluated using the hypervol-
ume (HV) and Inverted Generational Distance (IGD). HV
indicates how well the Pareto front is approximated (higher
is better), while IGD measures proximity and distribution
relative to a reference front. Specifically, when comparing
LLM-based methods, HV captures overall performance, as
each heuristic is evaluated by NHV and execution time; for
MOEAs, it reflects final solution quality. In term of diversity
measurement, we use the Shannon-Wiener Diversity Index



(SWDI) and Cumulative Diversity Index (CDI) (Dat, Doan,
and Binh 2025). Details are provided in Appendix D.

Baseline Methods For LLM-based automated heuristic
design, we compare our method against representative ap-
proaches: EoH, MEoH, ReEvo and HSEvo (Liu et al. 2024;
Yao, Chen, and Wang 2025; Ye et al. 2024; Dat, Doan,
and Binh 2025) and additionally against widely adopted
MOEAs, including NSGA-II, MOEA/D, SEMO and PFG-
MOEA (Deb et al. 2002; Li and Zhang 2008; Xu et al.
2023b; Laumanns, Thiele, and Zitzler 2004). See Appendix
B for the full experimental setup and descriptions.

5.2 Experimental Results

Pareto Fronts and Convergence Analysis As illustrated
in Table 1, MPaGE consistently outperforms other LLM-
based baselines in both convergence and Pareto front qual-
ity across all benchmarks. On Bi-TSP20 and Tri-TSP20,
MPaGE achieves the highest HV scores of 0.911 and 0.936,
and the lowest IGD scores of 0.010 and 0.050, respectively,
indicating faster convergence and superior solution quality.
Similar trends are observed on Bi-KP50 and Bi-CVRP50,
where MPaGE maintains strong performance.

Bi-TSP20 Tri-TSP20 Bi-CVRP50 Bi-KP50

Method

HV1t IGD| HV?T IGD| HV1Y IGD] HV1t IGD |
EoH 0.756 0.117 0.755 0.148 0.957 0.538 0.602 0.363
ReEvo 0.541 0435 0.694 0.547 0.658 0.462 0.996 0.138
HSEvo 0.557 0329 0.715 0308 0.626 0.450 0.730 0.182
MEoH 0.724 0.067 0.884 0.114 0.322 0.286 0.748 0.248
MPaGE (Ours) 0911 0.010 0.936 0.050 0.980 0.007 0.932 0.035

Table 1: Results of MPaGE compared to other baselines re-
garding HV and IGD on four benchmark problems.

MPaGE consistently yields a broader and more diverse
set of Pareto-optimal solutions, spanning wider regions of
the objective space, converges faster and clearly outperforms
other baselines in terms of HV and IGD. In contrast, EoH
shows slower HV growth and higher IGD due to its narrow
focus on minimizing performance gaps alone. MEoH, while
enhancing diversity over EoH, still trails MPaGE in conver-
gence and final quality, likely due to the complexity of MO-
COP tasks and the limited impact of its diversity mechanism.

Bi-TSP20 Tri-TSP20 Bi-CVRP50 Bi-KP50
Method
HV®T Time] HV 1T Time| HV YT Time] HV 1 Time |
MEoH (best) 0.603 3265 0410 5790 0.241 3.383 0.344 4.139
MEoH (fast) 0.345 0.177 0.403 5.228 0.141 0.081 0.349 2.246
MPaGE (best) 0.629 4.429 0478 8.112 0.454 0.191 0.359 2.647
MPaGE (fast) 0451 1.304 0411 7.590 0.151 0.063 0.354 1.367

Table 2: Two top heuristics designed by MEoH and MPaGE.

We evaluate the two best-so-far heuristics across multiple
benchmark problems (Table 2), each in two configurations:
“best” (highest hypervolume) and “fast” (lowest runtime),
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measured at the final population. Notably, MPaGE discovers
heuristics that outperform MEoH in HV. In several cases,
its fast variant is quicker and more effective, highlighting
MPaGE’s strength in balancing quality and efficiency. We
evaluate generalization performance in Appendix H.

Impact of Reflection and Heuristic Diversity We con-
ducted experiments on the Bi-TSP20 benchmark to assess
the effectiveness of our LLM Reflection approach. The re-
sults, summarized in and Table 4a, demonstrate the supe-
rior performance of MPaGE over baseline methods (EoH
and MEoH) in both HV and IGD metrics. Remarkably, even
without the reflection-based feedback, MPaGE outperforms
all baselines, indicating that it inherently benefits from cap-
turing the correlation among objectives within each grid.
When enhanced with the reflection feedbacks, MPaGE ex-
hibits further improvements, achieving the highest HV and
the lowest IGD. These findings underscore the strength of
our approach in promoting both convergence and diver-
sity. To investigate the impact of our approach on popula-
tion diversity, we evaluate all frameworks using the SWDI
and CDI metrics, as depicted in Table 4b. Notably, MPaGE
demonstrates significantly better performance compared to
the other baselines. Higher SWDI and CDI values indicate
more uniform heuristic distribution and greater population
diversity, promoting effective exploration.

Evaluation Against Baselines We evaluate the best
heuristics generated by MPaGE based on HV performance,
against baselines on standard MOCOP benchmarks. As
shown in Table 3, MPaGE consistently outperforms existing
LLM-based heuristics, achieving highest HV on 9 out of 12
test suites and up to 100x speedup. Compared to traditional
MOEAs, it delivers comparable or better HV on over half
of the problems while being up to 14.6x faster. Although
MEDoH also offers strong runtime, MPaGE achieves a more
balanced trade-off, maintaining high HV even on large in-
stances. For example, on Bi-TSP100 and Bi-CVRP100, it
reaches HV of 0.442 and 0.422 while being 46.6x and 9.5 x
faster than NSGA-II. Overall, MPaGE offers a robust set
of heuristics balancing optimality and efficiency, making it
highly suitable for large-scale combinatorial optimization.
Comparisons with neural methods for MOCOP are provided
in Appendix I.

5.3 Ablation Study

Clustering Method We evaluate our semantic cluster-
ing method (MPaGE) against three diverse baselines:
SWDI-based embeddings (Dat, Doan, and Binh 2025),
performance-centric K-Means, and structural AST similar-
ity (Yao, Chen, and Wang 2025). These baselines span dis-
tributional representations, raw performance outcomes, and
syntactic structures, enabling a comprehensive assessment
of our model’s semantic reasoning. Quantitative results are
reported in Table 5, with implementation details provided in
Appendix F.

Performance Impact of PFG We evaluate the impact of
PFG on the optimization process and compare its perfor-
mance with two well-established MOEAs: NSGA-II (Deb



Method Bi-TSP20 Bi-TSP50 Bi-TSP100 Tri-TSP20 Tri-TSP50 Tri-TSP100

HV 1 Speedup Time J [HV 1 Speedup Time | |[HV 1 Speedup Time ) |HV 1 Speedup Time | |HV 11 Speedup Time) |HV 1 Speedup Time |
NSGA-II 0.603 1.0x  731.2 {0495 1.0x 8755 (0419 1.0x 932.5 0451 39x 252446 | 0.279 1.7x 669.9 [0.195 1.5x 830.3
MOEA/D 0.597 5.8x 126.644(0.473 5.5x 157.796|0.414 4.0x 240.680 |0.365 4.5x  216.485| 0.189 3.6x  310.583 |0.123 3.1x  398.387
PFG-MOEA [0.624 1.2x 617.734|0.532 1.0x 844.914|0.457 1.0x 952.186 [0.465 1.0x  984.180 | 0.289 1.0x  1127.46 [0.222 1.0x 1229.857
SEMO 0.543 149.4x 4.894 [0.284 80.5x 10.878 [0.178 56.5x  16.846 |0.295 143.0x 6.881 | 0.108  84.8x | 13.290 |0.065 33.2x  36.994
EoH 0.584 52.2x 14.004 [0.510 18.5x 47.233 |0.503 6.0x 159.156 |0.420 108.7x  9.050 | 0.208  39.7x  28.368 |0.107 29.3x  42.038
ReEvo 0.623 107.3x 6.812 [0.516 86.2x 10.151 [0.413 51.0x  18.653 |0.427 95.0x 10361 | 0.205 41.1x  27.416 |0.103 14.8x  83.213
HSEvo 0.620 112.3x  6.513 [0.519 95.3x  9.182 (0.422 54.1x  17.590 |0.420 115.6x 8.515 | 0.218 552x 20435 |0.115 20.3x  60.659
MEoH (best) [0.603 224.0x = 3.265 [0.480 126.2x = 6.937 [0.395 79.2x | 12.024 |0.410 170.0x = 5.790 | 0.205 79.4x  14.197 |0.111 48.8x = 25.213
MPaGE (best)|0.629 165.1x  4.429 |0.542 126.0x 6.950 |0.442 749x 12.719 [0.478 121.3x  8.112 | 0.220 76.5x  14.747 |0.109 46.6x  26.394
Method Bi-KP50 Bi-KP100 Bi-KP200 Bi-CVRP20 Bi-CVRP50 Bi-CVRP100

HV 1 Speedup Time | |[HV 1 Speedup Time | |[HV 1 Speedup Time | |HV 1 Speedup Time | | HV 1 Speedup Time ] |HV 1 Speedup Time |
NSGA-II 0.357 1.0x 926.406(0.483 1.0x 995.178(0.293 1.0x 1176.915/0.573 1.0x 1051.192| 0416  1.0x 1945.667|0.357 1.0x 3433.284
MOEA/D 0.358 10.7x 86.247 [0.484 139x 71.674 [0.286 13.4x 87.621 |0.568 16.2x  64.698 | 0.420 23.5x  82.801 |0.353 35.7x  96.200
PFG-MOEA [0.358 1.9x 488.617(0.484 1.7x 596.989(0.330 2.1x 570.174 |0.598 6.6x  159.867 | 0.435 7.0x  277.464 [0.318 9.6x  359.108
SEMO 0.195 136.9x 6.766 [0.144 529.4x 1.880 [0.188 115.0x 10.234 |0.518 8342.8x 0.126 | 0.205 1616.0x 1.204 [0.135 944.8x  3.634
EoH 0.343 49x 187.455(0.463 S5.1x 195.414(0.320 18.5x  63.555 |0.539 6332.5x 0.166 | 0.443 6176.7x 0.315 |0.369 5731.7x  0.599
ReEvo 0.357 368.1x 2.517 |0.452 432.1x 2.303 |0.202 550.2x  2.139 |0.511 3822.5x 0.275 | 0.354 2231.3x  0.872 |0.249 2257.3x 1.521
HSEvo 0.357 330.5x 2.803 [0.450 318.3x 3.127 |0.205 456.5x  2.578 |0.515 3185.4x 0.330 | 0405 1781.7x 1.092 |0.305 916.0x  3.748
MEoH (best) [0.344 223.8x 4.139 [0.464 219.1x 4.543 |0.321 2753x 4.275 |0.503 2280.2x 0.461 | 0.241 575.1x  3.383 |0.126 279.3x 12.291
MPaGE (best)[0.359 350.0x 2.647 [0.486 535.3x = 1.859 (0.197 555.7x | 2.118 |0.568 14599.9x 0.072 | 0.454 10186.7x 0.191 |0.422 9563.5x 0.359

Table 3: Comparison results across all benchmarks against baselines. The HV and time are averaged over 50 instances.

Method HV 1 IGD |
EoH 0.688 0.141
MEoH 0.659 0.122
MPaGE w/o Feedback 0.829 0.077
MPaGE 0.941 0.023

(a) Effects of LLM Reflection (Bi-TSP20)

Bi-TSP Bi-CVRP
Problems
SWDI 1 CDI 1 SWDI 1 CDI 1

EoH 0.897 1.944 1.168 2.173
ReEvo 0.647 2.133 0.943 1.908
HSEvo 0.757 1.915 1.102 1.964
MEoH 0.639 2.086 0.143 2.181
MPaGE 1.029 2.152 1.172 2.213

(b) Comparison in Diversity Indices (SWDI and CDI)

Table 4: Analysis of LLM Reflection and Diversity Indices.

Method | Bi-TSP20 |  Tri-TSP20

| HVt IGD)| HVt IGD|
SWDI Cluster 0911  0.024 | 0888  0.098
K-Means 0.876  0.030 | 0815  0.184
AST Similarity | 0745  0.184 | 0.757  0.203
MPaGE (Ours) | 0921  0.013 | 0.892  0.102

Table 5: Comparison on Bi-TSP20 and Tri-TSP20 instances.
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et al. 2002) and MOEA/D (Zhang and Li 2007a). As shown
in Table 6, based on experiments conducted on Bi-TSP prob-
lems, MPaGE consistently outperforms the baselines. By di-
recting the search toward the most promising regions of the
objective space, PFG enhances both the solution quality and
overall efficiency. Appendix J offers a more comprehensive
examination of PFG performance.

Bi-TSP 20 Bi-TSP 50 Bi-TSP 100
Backbone ‘ ! ‘ ! ‘ !

| HVt 1GDY | HVT IGD| | HVT 1GD|
NSGA-II 0.860 0052 | 0.801 0120 | 0757  0.095
MOEA/D 0819 0.119 | 0768  0.108 | 0.560  0.157
PFG (Ours) | 0913  0.024 | 0.836 0.075 | 0.844  0.099

Table 6: Efficiency of our Pareto Front Grid

6 Conclusion

In this paper, we propose MPaGE, an LLM-guided frame-
work for solving MOCOP that discovers a Pareto front of
heuristics balancing solution quality, runtime, and seman-
tic diversity. By combining LL.Ms with the SEMO paradigm
and a Pareto Front Grid, the method partitions the objec-
tive space and guides heuristic evolution toward promis-
ing regions, while semantic clustering preserves meaning-
ful diversity. Empirically, MPaGE outperforms prior LLM-
based methods in multi-objective trade-offs, diversity, and
efficiency, and matches or surpasses traditional algorithms in
solution quality while running more efficiently, highlighting
scalability and generality for automated heuristic discovery.
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