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Abstract

Designing effective heuristics for NP-hard
combinatorial optimization problems remains
challenging and often requires substantial do-
main expertise. Recent LLM-guided evolu-
tionary methods have shown promise for au-
tomated heuristic generation, but most exist-
ing approaches refine heuristics independently
or through limited pairwise feedback. We
propose ReVEL: Multi-Turn Reflective LLM-
Guided Heuristic Evolution via Structured Per-
formance Feedback, a framework for group-
wise multi-turn heuristic refinement. ReVEL
organizes heuristics into behavior-aware reflec-
tive groups, including similarity-driven groups
for localized refinement and diversity-driven
groups for exploratory search. Within each
group, the LLM performs iterative multi-turn
refinement using accumulated performance
feedback, enabling related heuristics to be
jointly analyzed and progressively improved
across evolutionary iterations. Experiments
on standard combinatorial optimization bench-
marks show that ReVEL generally improves
optimization performance over existing LLM-
guided evolutionary baselines across multiple
settings and LLM backbones. Additional anal-
yses suggest that behavior-aware grouping con-
tributes to more consistent refinement trajecto-
ries during iterative heuristic evolution.

1 Introduction

Large language models (LLMs) have recently
demonstrated strong capabilities in program synthe-
sis, iterative refinement, and feedback-driven code
generation (Liao et al., 2026; Gozeten et al., 2026).
These advances have motivated growing interest in
using LLMs for combinatorial optimization, where
heuristics can be progressively improved through
repeated interaction with optimization feedback.

Combinatorial optimization problems (COPs),
such as the Traveling Salesman Problem

*Equal contribution.

(TSP) (Bock et al., 2025) and Bin Packing Problem
(BPP) (Aïder et al., 2024), require searching
exponentially large discrete spaces in which
high-quality solutions typically emerge through
sustained iterative refinement.

First, classical heuristic and meta-heuristic
methods (Almufti and Shaban, 2025; Rondano,
2025) rely heavily on manually designed search
operators tailored to problem-specific structures.
While effective, these methods depend strongly on
expert knowledge and fixed optimization strategies.

Second, hyper-heuristic methods (Xu et al.,
2025; Vela et al., 2025) attempt to automate heuris-
tic selection and composition. However, optimiza-
tion remains constrained by predefined heuristic
components, limiting the discovery of fundamen-
tally new search behaviors.

Third, recent LLM-guided evolutionary frame-
works such as EoH (Liu et al., 2024) and
ReEvo (Ye et al., 2024) demonstrate that LLMs can
directly generate and iteratively refine optimization
heuristics using evolutionary feedback. Despite
promising results, existing methods primarily rely
on reflection over isolated candidates or pairwise
comparisons. Consequently, optimization feedback
remains fragmented across generations, limiting
the model’s ability to identify broader behavioral
patterns within the evolving heuristic population.

These limitations suggest that the effectiveness
of reflective heuristic optimization depends criti-
cally on how optimization feedback is organized
and exposed to the model during refinement.

Our approach: We propose REVEL, a re-
flective evolutionary framework that iteratively re-
fines behavior-aware heuristic groups. Rather than
refining heuristics independently, REVEL orga-
nizes heuristics according to shared optimization
behavior, enabling the LLM to analyze recurring
strengths, common failure modes, and complemen-
tary search patterns within each group.

Based on these grouped reflective contexts,
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Figure 1: The proposed REVEL framework addresses combinatorial optimization problems across diverse
domains and problem scales through strategic multi-turn heuristic evolution. Starting from initial candidate search
strategies, REVEL organizes heuristic populations into collaborative refinement groups that iteratively perform
evaluation, strategic rewriting, and evolutionary adaptation. Through repeated multi-turn interactions, the framework
progressively explores and refines increasingly effective search behaviors, enabling the automatic discovery of
high-performing heuristics for complex combinatorial optimization problems.

REVEL performs iterative refinement that balances
exploratory heuristic modification and exploitative
local improvement throughout optimization. This
grouped-refinement process produces more coher-
ent, reflective feedback, leading to more stable op-
timization trajectories and improved long-horizon
search performance.

Extensive experiments across diverse combi-
natorial optimization problems demonstrate that
REVEL achieves substantial improvements over
strong LLM-guided evolutionary baselines across
problem settings and LLM backbones. Further
analysis reveals that behavior-aware grouping en-
ables more reliable refinement and stable optimiza-
tion throughout evolutionary search.

Contributions. Our contributions are summa-
rized as follows:

• Reflective evolutionary optimization. We
introduce REVEL, a reflective evolutionary
framework that reformulates LLM-guided
heuristic optimization as iterative refinement
over grouped heuristic populations.

• Behavior-aware reflective grouping. We
propose a grouping mechanism that organizes
heuristics according to shared optimization
behavior, enabling more coherent reflective

feedback during heuristic refinement.

• Iterative grouped refinement. We develop
a multi-turn refinement strategy that balances
exploratory heuristic modification and ex-
ploitative local improvement through grouped
reflective optimization.

• Comprehensive empirical analysis. We
demonstrate across multiple combinatorial op-
timization benchmarks that structured reflec-
tive grouping substantially improves optimiza-
tion quality, refinement consistency, and ro-
bustness across different LLM backbones.

2 Related work

2.1 Automatic Heuristic Design
Traditional heuristic design relies on manually
crafted rules tailored to problem-specific struc-
tures, limiting scalability and cross-domain trans-
fer (Burke et al., 2013). Genetic Programming
(GP) and hyper-heuristics partially automate this
process by evolving heuristics from predefined op-
erators or heuristic pools (Branke et al., 2016).
More recently, Neural Combinatorial Optimization
(NCO) methods use Deep Reinforcement Learning
to learn constructive policies directly from prob-
lem instances (Bello et al., 2017; Kool et al., 2018).
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While these approaches reduce manual design ef-
fort, they often require substantial training and re-
main sensitive to representations, reward design,
or predefined search structures. More importantly,
they do not explicitly support iterative language-
based reasoning over evolving heuristic behavior
and execution feedback.

2.2 LLMs for Evolutionary Search

Large Language Models (LLMs) (Vaswani et al.,
2017; Zhao et al., 2026) provide a flexible alter-
native by generating and modifying executable
programs through natural-language and code-level
feedback. This has enabled LLMs to act as se-
mantic variation operators within evolutionary op-
timization frameworks (Chi et al., 2026; Huang
et al., 2026). In contrast to large-scale sampling
and filtering approaches such as AlphaCode (Li
et al., 2022), recent methods increasingly couple
program generation with evaluator-guided evolu-
tionary search. FunSearch (Romera-Paredes et al.,
2023) pioneered this direction by integrating LLM
program generation with iterative evaluation and
selection. EoH (Liu et al., 2024) further co-evolves
heuristic programs and natural-language descrip-
tions, while LLaMEA (van Stein and Bäck, 2025)
uses LLMs as semantic mutation and crossover
operators. These methods substantially improve
automated heuristic discovery, but refinement re-
mains largely driven by individual candidates or
local comparisons, limiting the population-level
structure the model sees during evolution.

2.3 Multi-Turn Reflection

Multi-turn reflection provides a complementary
mechanism for progressively improving LLM out-
puts through feedback. Self-Refine (Madaan et al.,
2023) and Reflexion (Shinn et al., 2023) demon-
strates iterative self-correction through accumu-
lated feedback, while Self-Debugging (Chen et al.,
2024) incorporates execution signals such as unit
tests and runtime traces to refine generated pro-
grams. Within heuristic optimization, ReEvo (Ye
et al., 2024) introduces reflective evolution by gen-
erating verbal critiques from pairwise performance
differences and using them to refine heuristic code.
HSEvo (Dat et al., 2025) promotes population di-
versity during evolutionary search. However, ex-
isting reflective approaches primarily reason over
isolated heuristics or pairwise relations, leaving
population-wide behavioral structure and long-
horizon refinement history underutilized. REVEL

addresses this gap by organizing heuristics into
behavior-aware reflective groups and performing
multi-turn refinement over accumulated population-
level feedback. This shifts heuristic evolution from
repeated local refinement toward structured reason-
ing over an evolving heuristic population.

3 Methodology

3.1 Overview

Figure 2 illustrates the architecture of REVEL, a
reflective evolutionary framework that integrates
LLMs into the optimization loop as population-
level reflective refinement framework. Unlike exist-
ing LLM-guided evolutionary frameworks that re-
fine heuristics through isolated reflection, REVEL
maintains persistent reflective reasoning across op-
timization iterations as populations evolve.

At a high level, REVEL formulates heuristic
evolution as an iterative refinement process guided
by accumulated population-level feedback. Start-
ing from an initial heuristic population, the frame-
work repeatedly evaluates collective search behav-
ior, organizes heuristics into behaviorally coherent
groups, and performs reflective refinement based
on population-level optimization trends rather than
isolated candidate performance.

Central to REVEL is a grouped reflective refine-
ment mechanism that balances behavioral coher-
ence with search diversity. By analyzing grouped
optimization patterns, the framework reveals recur-
ring strengths, shared failures, and complementary
search behaviors that are difficult to infer from
isolated heuristic comparisons. Guided by these
reflective signals, the LLM iteratively refines exist-
ing heuristics or synthesizes new strategies through
optimization feedback. Reflective feedback accu-
mulates across generations, enabling progressively
more informed refinement. Through this interac-
tion between grouped reflective refinement and it-
erative optimization feedback, REVEL reformu-
lates heuristic evolution from independent candi-
date generation into group-aware refinement.
3.2 Behavior-Aware Heuristic Grouping

Representation. Each heuristic h is evaluated
on a benchmark set I = {1, . . . ,m} with ob-
jective values ei(h) on instance i. To char-
acterize optimization behavior across instances,
we represent each heuristic using a normalized
performance-profile vector: z(h) = e(h)−e∗

e∗ ,

where e(h) =
(
e1(h), . . . , em(h)

)⊤ denotes the
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Figure 2: REVEL: Multi-turn reflective evolutionary optimization through structured population feedback.
Starting from an initial heuristic population, REVEL iteratively organizes heuristics into behaviorally coherent
groups, performs reflective refinement over accumulated population feedback, and evolves improved heuristics
through population-level reasoning.

performance vector of heuristic h, and e∗ =(
e∗1, . . . , e

∗
m

)⊤ contains the best-known objective
values within the current heuristic population:
e∗i = minh′∈H ei(h

′), i = 1, . . . ,m. This repre-
sentation captures the relative behavioral profile of
each heuristic and provides a normalized space for
population-level comparison.

Structured reflective grouping. Reflective opti-
mization requires balancing two competing objec-
tives: coherent diagnosis and diverse exploration.
Similar heuristics reveal recurring optimization pat-
terns for precise refinement, whereas diverse heuris-
tics expose complementary search behaviors be-
yond local optima. REVEL resolves this trade-off
through homogeneous groups for coherent reflec-
tion and heterogeneous groups for exploration.

Homogeneous groups (similarity-driven)
To construct behaviorally coherent groups, we mea-
sure similarity between heuristics using both op-
timization behavior and program structure. Be-
havioral similarity is computed in the normalized
performance space using cosine similarity:

simperf(hi, hj) =
z(hi)

⊤z(hj)
∥z(hi)∥2∥z(hj)∥2

. (1)

(1) captures whether heuristics exhibit similar op-
timization dynamics across benchmark instances

simcode(hi, hj) = CodeBLEU(hi, hj). (2)

. (2) measures structural similarity between heuris-
tics using CodeBLEU, which incorporates lexi-
cal, syntactic, semantic, and data-flow information.
The resulting similarity score is defined as:

sim(hi, hj) = α simperf(hi, hj)

+ β simcode(hi, hj),
(3)

where α, β ≥ 0 balance behavioral and struc-
tural similarity. Using these scores, we represent
the heuristic population as a weighted similarity
graph G = (H,E,W ), Wij = sim(hi, hj), where
H denotes the heuristic set and W stores pairwise
similarities. The similarity matrix is normalized
and transformed into a dissimilarity matrix:

W̃ =
W

maxp,q Wpq
, dij = 1− W̃ij . (4)

Because reflective quality is highly sensitive to
the granularity of grouping, REVEL adopts a two-
stage clustering strategy. First, agglomerative clus-
tering with linkage function L produces an inten-
tionally fine-grained over-partition:
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(C1, . . . , Cm) = AgglomerativeL(D;m), (5)

where m≫ 1 is selected such that each cluster
remains locally coherent:

diam(Cℓ) = max
x,y∈Cℓ

d(x, y) ≤ δ, δ ≪ 1. (6)

This over-partition preserves localized behav-
ioral structure while avoiding premature seman-
tic merging. The resulting partition C0 =
{C1, . . . , Cm} is subsequently refined by the LLM:

Cref = ΦLLM(C0,W ), (7)

subject to
⋃

C∈Cref C = H,Cp∩Cq = ∅ (p ̸= q).
This refinement stage allows the LLM to glob-

ally reorganize clusters according to higher-level
semantic and behavioral relationships that static
similarity metrics alone may fail to capture.

Heterogeneous groups (diversity-driven)
While homogeneous groups support precise reflec-
tive analysis, excessive similarity can narrow ex-
ploration and encourage convergence toward lo-
cally dominant strategies. To broaden the reflective
search space, REVEL additionally constructs het-
erogeneous groups by combining heuristics from
distinct homogeneous clusters. For a homogeneous
cluster G = {h1, . . . , hm}, We estimate internal
diversity using the entropy of pairwise-similarity
distributions. Defining normalized affinities:

pij =
sim(hi, hj)∑

u<v sim(hu, hv)
, i < j, (8)

The cluster entropy is computed as:
H(G) = −∑

i<j pij log pij . Higher entropy
indicates greater structural and behavioral diversity
within the cluster. Given homogeneous clusters
{G1, . . . , Gk}, Sampling weights are assigned
proportionally to entropy:

wi =
H(Gi)∑k
j=1H(Gj)

. (9)

For a target heterogeneous group size L, each
cluster contributes Li = ⌊wiL⌋ heuristics sampled
uniformly from Gi. The final heterogeneous group
is Ghet =

⋃k
i=1 Si, Si ⊆ Gi, |Si| = Li.

By exposing the LLM to structurally diverse op-
timization behaviors, heterogeneous grouping ex-
pands the reflective context available during refine-
ment and encourages exploration beyond locally
coherent heuristic families.

Algorithm 1 REVEL: Structured Multi-Turn Re-
flective Evolution
Require: Instance set D, population size N , gen-

erations G, reflection turns T
Ensure: Best heuristic h∗

1: Initialize populationH(0) with the LLM
2: Initialize search memoryM0 ← ∅
3: for g = 1, . . . , G do
4: Evaluate H(g−1) and compute behavioral

profiles z(h)
5: Build behavior-aware reflective groups:

G ← GROUP
(
H(g−1), sperf , scode

)

6: H̃g ← ∅
7: for each group Gk ∈ G do
8: Initialize group feedback F (1)

k

9: for t = 1, . . . , T do
10: ρ

(t)
k ←

REFLECT(Gk,F (t)
k ,Mg−1)

11: a
(t)
k ∈ {EXPLORE, EXPLOIT} ←

DECIDE(ρ
(t)
k )

12: h̃
(t)
k ← GENERATELLM(ρ

(t)
k , a

(t)
k )

13: Evaluate h̃
(t)
k and obtain observa-

tion o
(t)
k

14: F (t+1)
k ← F (t)

k ∪ {o
(t)
k }

15: H̃g ← H̃g ∪ {h̃(t)k }
16: end for
17: end for
18: Update search memoryMg

19: Evolve population:

H(g) ← TopN
(
H(g−1) ∪ H̃g

)

20: end for
21: return h∗ = argminh∈H(G) f(h)

3.3 Multi-turn Reflective Refinement

Given the groups constructed in Section 3.2,
REVEL performs iterative multi-turn refinement
over grouped heuristics. Refinement operates lo-
cally within each group, while selection is per-
formed globally across the population, enabling
localized heuristic adaptation without sacrificing
population-level diversity.

Group-aware multi-turn refinement. At itera-
tion t, each reflective group Gk contains heuristics
with related optimization behavior. The LLM re-
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Table 1: Analysis of Reasoning Categories, their frequency, and examples.

Reasoning Category Description Freq Example

Structure rewrite Completely changes the algorithm family. 16 Given that the highest-performing known approach is
“Stabilized Harmonic-Arctanh” . . . I should explore
this proven algorithmic family rather than tuning
simpler approaches.

Heuristic modification Same algorithm family and pipeline
structure, but decision and scoring logic is
substantially rewritten.

89 Given the significant performance gap and clear
indication that Worst-Fit works better, we should focus
on refining this approach . . .

Parameter tuning Only numeric changes (weights,
thresholds, constants) with formulas and
pipeline unchanged.

75 Given the regression, we should revert to the simpler
version and make minimal adjustments to core
parameters . . .

ceives the grouped heuristics together with struc-
tured optimization feedback, including relative per-
formance, recurring failure patterns, prior refine-
ment history, and summarized search observations.

Conditioned on the accumulated search mem-
ory Mt, the LLM performs iterative refinement
within each group across multiple turns: H̃(r+1)

k ∼
G
(
Gk, H̃(r)

k ,Mt

)
, where r denotes the refinement

turn and G denotes the refinement operator. Unlike
single-step refinement, the multi-turn process al-
lows the model to revise heuristics using accumu-
lated group-level feedback across turns.

Exploration and exploitation. Rather than pre-
scribing exploration through fixed schedules or
heuristic rules, REVEL formulates exploration–
exploitation as a reasoning problem. At each re-
finement turn, the LLM jointly analyzes the cur-
rent heuristic, accumulated optimization feedback,
recurring failure patterns, and the complete multi-
turn refinement trajectory to determine the most
promising refinement strategy.

Instead of blindly generating another candidate,
the LLM explicitly decides whether optimization
would benefit more from exploration, by proposing
structurally different heuristic families, or from ex-
ploitation, by refining the existing heuristic through
localized algorithmic modifications and parameter
adaptation. Because this decision is conditioned on
the evolving optimization trajectory rather than a
predefined schedule, refinement naturally adapts to
the search state, remaining exploratory under stag-
nation while progressively focusing on promising
heuristic families as evidence accumulates.

Search memory. To maintain refinement conti-
nuity across iterations, REVEL maintains com-
pressed search memory that accumulates grouped
optimization feedback across evolutionary itera-
tions. The memory captures recurring successes,

failures, explored search directions, and refinement
outcomes throughout the optimization process.

Population update. Refined heuristics generated
across all groups are evaluated and merged with the
current population. The next generation is formed
using elitist selection: Ht+1 = TopK(Ht ∪ H̃t),
where H̃t denotes all heuristics generated through
group-aware multi-turn refinement. By combin-
ing intra-group refinement with global evolution-
ary selection, REVEL maintains diverse search tra-
jectories while progressively improving promising
heuristic families across optimization iterations.

4 Experiments

4.1 Experimental Setup
We evaluate REVEL through 3 research questions:

RQ1. [Effectiveness] How effectively does
REVEL improve heuristic optimization over exist-
ing evolutionary and LLM-guided methods?

RQ2. [Heuristic Evolution] How do behavior-
aware grouping and multi-turn refinement shape
heuristic evolution during optimization?

RQ3. [Ablation Study] How does each compo-
nent of REVEL contribute to overall performance?

RQ4. [Cost Efficiency] How cost-efficient is
REVEL in improving optimization quality?

Benchmarks and baselines. We evaluate
REVEL on two representative combinatorial
optimization benchmarks: the Traveling Salesman
Problem (TSP) and online Bin Packing Problem
(BPP). Additional results on CVRP and TSPLib
benchmarks are provided in the Appendix.

We compare against recent LLM-based optimiza-
tion frameworks, including EoH (Liu et al., 2024)
and ReEvo (Ye et al., 2024), as well as classical
heuristic baselines.

Implementation details. DeepSeek-V3 is used
as the default backbone for heuristic generation
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and reflective refinement. Performance is evaluated
using the optimality gap with respect to the best-
known solution value, averaged across runs.

4.2 Results

RQ1 [Effectiveness].

Online bin packing. Table 2 shows that REVEL
generally outperforms both handcrafted heuristics
and prior LLM-based optimization methods across
most BPP settings. The largest gains appear under
tighter capacities and longer streams, where long-
horizon search becomes increasingly difficult.

For example, under capacity C = 100 and
stream length 1k, REVEL reduces the optimal-
ity gap from 5.32% (First Fit) and 3.78% (ReEvo)
to 2.34%. At C = 300 and length 10k, REVEL
further achieves the best overall result with a gap
of only 0.16%. These results suggest that reflective
refinement is effective in challenging long-horizon
online optimization regimes, where sustained adap-
tation and progressive heuristic improvement are
critical for maintaining search quality.

Table 2: Online bin packing results. Fraction of excess
bins to lower bound (lower is better).

Capacity Size First
Fit

Best
Fit

EoH ReEvo ReVEL
(ours)

100
1k 5.32% 4.87% 3.03% 3.78% 2.34%
5k 4.40% 4.08% 2.15% 0.80% 1.13%
10k 4.44% 4.09% 0.33% 0.33% 0.59%

300
1k 1.34% 1.19% 0.60% 1.04% 0.30%
5k 0.93% 0.84% 0.63% 0.27% 0.24%
10k 0.92% 0.86% 0.58% 0.19% 0.16%

500
1k 0.25% 0.25% 0.25% 0.25% 0.25%
5k 0.50% 0.50% 0.50% 0.50% 0.50%
10k 0.50% 0.47% 0.47% 0.47% 0.45%

Traveling salesperson problem. Table 3 reports
TSP results across instance sizes ranging from 10 to
200 nodes. REVEL achieves the best performance
on most scales and substantially improves over
EoH on larger instances. In particular, on TSP200,
REVEL reduces the optimality gap from 15.58%
to 11.46%. Although ReEvo remains competitive
on selected settings such as TSP100, the perfor-
mance gap generally widens as problem complex-
ity increases, suggesting that iterative reflective re-
finement improves scalability in high-dimensional
heuristic search spaces.

Across both benchmarks, the results indicate that
group-aware reflective refinement improves search

Table 3: Traveling Salesman Problem (TSP) results.
Optimality gaps (%) relative to OR-Tools solutions.

Heuristic TSP10
(%)

TSP20
(%)

TSP50
(%)

TSP100
(%)

TSP200
(%)

EoH 3.52 9.33 10.24 11.39 15.58
ReEvo 4.22 6.74 11.63 11.01 15.58

ReVEL (ours) 2.11 6.74 9.20 12.64 11.46

robustness across optimization problems with sub-
stantially different combinatorial structures.

Table 4: Online Bin Packing: Method Across Models

Heuristic Model Gap(%)

ReVEL deepseek-v3-0324 1.13
ReVEL kimi-k2-instruct 1.95
ReVEL qwen3-coder-480b-35a 1.41
ReVEL glm-4.5 1.20

Effect of LLM backbone. We instantiate
REVEL using four diverse LLM backbones, in-
cluding DeepSeek-V3, Kimi-K2, Qwen3-Coder,
and GLM-4.5, spanning both code-specialized
and general-purpose instruction-tuned models. As
shown in Table 4, REVEL consistently achieves
low final optimality gaps across all backbones,
ranging from 1.13% to 1.95%. Despite substantial
differences in model architecture, training objec-
tives, and coding capabilities, performance remains
consistently competitive. This robustness suggests
that REVEL’s effectiveness is primarily attributed
to its structured reflective evolutionary process
rather than dependence on a particular LLM. More
broadly, these results indicate that behavior-aware
grouping and multi-turn reflective refinement con-
stitute a backbone-agnostic optimization mecha-
nism, allowing the framework to improve heuristic
evolution across diverse models reliably.

RQ2 [Heuristic Evolution].

Effect of grouping strategies. We evaluate how
different grouping strategies influence heuristic re-
finement on TSP50 under five settings: no group-
ing, random grouping, pairwise grouping, without
LLM refinement, and the proposed behavior-aware
grouping. Let Gt denote the population optimality
gap at iteration t. We define the improvement as
∆t = Gt−1 −Gt, measure refinement consistency
as the fraction of iterations yielding improvement.

Table 5 shows that naive grouping provides only
limited gains: random and pair-wise grouping

21768



Table 5: Performance of Grouping Strategies

Setting Gap (%) ∆t Cons. (%)
Mean Var.

Random Grouping 15.97 0.86 1.79 45
Without Grouping 17.60 0.72 1.48 40
Pair-wise Grouping 15.55 0.92 1.67 45
w/o LLM Refinement 11.80 1.26 2.05 55
Our Method 9.20 1.61 2.84 65

reach similar gaps of 15.97% and 15.55%, com-
pared with 17.60% without grouping. Thus, sim-
ple grouping heuristics or fixed-pair comparisons
do not reliably produce informative reflective con-
text. Behavior-aware grouping without LLM re-
finement already reduces the gap to 11.80%, con-
firming that meaningful organization of heuristics
is critical. The full REVEL further improves the
gap to 9.20%, raises mean improvement from 1.26
to 1.61, and increases consistency from 55% to
65%. These results show that robust refinement
requires both behavior-aware organization and se-
mantic consolidation: grouping exposes meaning-
ful behavioral structure, while LLM refinement
converts it into more effective and consistently im-
proving heuristic updates.

Evolution of Reflective Refinement Strategies.
Beyond final optimization performance, we an-

alyze the internal refinement behavior of REVEL
throughout evolutionary search. Each reasoning
trace is categorized into three refinement modes:
structural rewrites, heuristic modifications, and pa-
rameter tuning, using expert-defined criteria with
LLM-assisted annotation and expert verification.

Table 1 shows that refinement is dominated by
heuristic modifications (89) and parameter tuning
(75). At the same time, structural rewrites are rela-
tively rare (16), indicating that REVEL primarily
improves existing heuristic families instead of re-
peatedly replacing them. Figure 3 further reveals
a clear coarse-to-fine refinement trajectory: struc-
tural rewrites dominate early iterations, whereas
localized refinement increasingly prevails as opti-
mization progresses. Notably, structural rewrites
continue to appear intermittently, preserving ex-
ploration even in later stages. These findings pro-
vide mechanistic evidence that REVEL adaptively
adjusts its refinement granularity according to ac-
cumulated multi-turn feedback, leading to more
robust and sustained heuristic evolution.

RQ3. [Ablation Study].
Table ?? isolates the contribution of REVEL’s

Table 6: Ablation study on TSP50.

Setting Gap (%)

Single-turn Refinement 17.18
Best-of-N Sampling 16.68
Random Grouping 15.97
Without Grouping 17.60

REVEL (Full) 9.20

two core mechanisms: behavior-aware grouping
and sustained multi-turn refinement. Removing
either component sharply degrades performance,
increasing the TSP50 gap from 9.20% to 17.18–
17.60%. Best-of-N sampling also remains sub-
stantially worse (16.68%), showing that additional
candidate generation alone cannot reproduce the
gains of iterative reflection.

Random grouping provides only a modest im-
provement over no grouping (15.97% vs. 17.60%),
indicating that grouping itself is insufficient; the
reflective context must preserve meaningful behav-
ioral structure. Taken together, the ablations rule
out both increased sampling and naive population
partitioning as explanations for the improvement.
Instead, REVEL’s advantage arises from the in-
teraction between behavior-aware grouping, which
organizes informative population-level context, and
multi-turn reflection, which progressively exploits
that context across the optimization trajectory.

Effect of similarity balancing. Table 7 studies
the effect of similarity balancing coefficient α. Per-
formance is maximized at α = 0.5, whereas

Table 7: Effect of similarity bal-
ancing coefficient α on TSP50.

α Gap (%)

0.2 15.79
0.4 14.06
0.5 9.20
0.6 15.97
0.8 12.50

emphasizing
either behavioral
or structural
similarity
alone results
in substantial
degradation.
This suggests
that effective
reflective grouping requires alignment between
optimization behavior and program structure,
enabling more coherent reflective feedback and
stronger optimization performance.
RQ4. [Cost Efficiency].
Cost comparasion. The average API cost un-
der identical settings is reported in Table 11. Al-
though REVEL incurs a modest increase in API
cost ($0.41 vs. $0.25–$0.33), it consistently
achieves substantially better optimization perfor-
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Figure 3: Distribution of refinement operation types across optimization iterations.

mance. More importantly, these improvements are
practically meaningful: on online BPP, they reduce
up to 20 bins compared with the strongest base-
line, directly lowering downstream operational cost.
This demonstrates a favorable cost–quality trade-
off, where a small increase in inference cost yields
disproportionately larger optimization gains. To
ensure fairness, we further extend EoH and ReEvo
to match REVEL’s API budget. Their performance
remains largely unchanged, indicating that the per-
formance gap cannot be explained by additional
LLM calls alone. Instead, the benefit arises from
how optimization feedback is accumulated and uti-
lized throughout reflective evolution.

Table 8: Average API Consumption
Costs per Run

Method API Cost

ReEvo $0.25
EoH $0.33
ReVEL (Ours) $0.41

Cost-
Performance
Trajectory
Analysis.
Figure 4

further ana-
lyzes optimization quality as API cost increases.
Both the single-turn variant and the w/o reflection
baseline improve rapidly during early iterations but
plateau after approximately 10 optimization steps,
converging to an optimality gap of around 18%. In
contrast, REVEL continues improving throughout
the optimization trajectory, ultimately reducing the
gap to nearly 9%.

This behavior suggests that the additional API
budget is invested in progressively more informa-
tive reasoning rather than redundant heuristic gen-
eration. Without multi-turn reflection, extra LLM
calls quickly become saturated because each re-
finement is conditioned only on local feedback. In
contrast, REVEL continuously accumulates op-
timization knowledge across iterations, allowing
subsequent refinement decisions to become increas-

ingly informative. Consequently, its performance
continues improving long after competing methods
have converged, demonstrating that the effective-
ness of REVEL stems from reasoning efficiency
rather than inference budget alone.

Figure 4: Cost–performance trade-off across optimiza-
tion iterations.

5 Conclusion

We presented REVEL, a reflective evolutionary
framework for LLM-guided heuristic optimiza-
tion. By combining behavior-aware grouping with
multi-turn reflective refinement, REVEL trans-
forms heuristic evolution from repeated candi-
date generation into cumulative, feedback-driven
optimization over evolving heuristic populations.
Across diverse benchmarks and LLM backbones,
REVEL achieves strong and robust performance,
while ablation and trajectory analyses show that
its gains arise from structured population feedback
and sustained reflective reasoning rather than in-
creased sampling or inference budget alone. These
findings highlight cumulative population-level re-
flection as a promising principle for more effective
LLM-guided optimization.
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6 Limitations

Limitations. While structured performance feed-
back enables informed multi-turn reflection, it does
not guarantee uniformly beneficial refinements. In
some cases, group-level feedback may obscure fine-
grained behavioral differences, leading the LLM
to propose ineffective or redundant heuristic mod-
ifications. Although such proposals are filtered
by evolutionary selection, this can reduce sample
efficiency in certain stages of the search.

External Validity. Although the evaluation does
not cover the full diversity of combinatorial
optimization settings, REVEL was evaluated
across several structurally distinct and widely
studied classes of combinatorial optimization
problems (COPs), including TSP, CVRP, online
Bin Packing, and TSPLib benchmarks. These
tasks span routing, packing, and large-scale
benchmark optimization scenarios with vary-
ing search characteristics and solution struc-
tures. Furthermore, REVEL was tested using
multiple large language model backbones, in-
cluding deepseek-v3-0324, kimi-k2-instruct,
qwen3-coder, 480b-35a, and glm-4.5 (Table 4),
spanning both code-oriented and general-purpose
instruction-tuned models. Nevertheless, optimiza-
tion performance may still vary under alterna-
tive model architectures, prompting strategies, or
domain-specialized LLMs.

Internal Validity. The evolutionary process in-
volves inherent stochasticity arising from initial-
ization, variation operators, and LLM sampling. To
control variance, all experiments were conducted
with fixed random seeds, repeated across multiple
independent runs.

Construct Validity. LLM behavior is sensitive to
prompt formulation, and variations in lexical fram-
ing or structural emphasis may affect reflective
reasoning. To ensure consistency, all prompts fol-
lowed fixed templates with explicit structural con-
straints, as detailed in the Appendix.
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A Appendix

B Detail of benchmark dataset

Baseline setting. To ensure a fair comparison, we
align the setup based on the shared evolutionary
paradigm of both methods by standardizing the pop-
ulation size and number of generations, which de-
termine selection pressure and search depth. Con-
cretely, we use comparable configurations (a popu-
lation size of 10 and 20 evolutionary generations),
ensuring similar evolutionary dynamics while re-
taining original mechanisms and default hyper-
parameters to avoid tuning bias; note that exact
LLM call counts may differ due to implementation-
specific factors, so we focus on aligning the high-
level evolutionary structure.

B.1 Traveling Salesman Problem (TSP)
B.1.1 Problem Definition
The Traveling Salesman Problem (TSP) consists
of finding the shortest possible tour that visits each
city exactly once and returns to the starting city.
Each instance is defined by a set of N cities with
two-dimensional coordinates

xi = (xi, yi), i = 1, . . . , N,

where xi, yi ∈ [0, 1].
The objective is to find a permutation π of
{1, . . . , N} that minimizes the total tour length

L(π) =
N−1∑

k=1

d(πk, πk+1) + d(πN , π1).

B.1.2 Evaluation Metrics
The distance between cities i and j is the Euclidean
distance d(i, j) =

√
(xi − xj)2 + (yi − yj)2. We

evaluate solution quality using the Optimality Gap
relative to the OR-Tools baseline (LOR):

Gap (%) =
L(π)− LOR

LOR
× 100%

where L(π) represents the total tour length. We
report the average gap across all instances; a lower
gap indicates higher proximity to the best-known
solution.

B.1.3 Problem Sizes and Instances
We consider multiple TSP problem sizes in order
to evaluate scalability across small, medium, and
large instances. Table 9 summarizes all problem
sizes used in our experiments.

Table 9: TSP problem sizes

Dataset Number of Cities

TSP10 10
TSP20 20
TSP50 50
TSP100 100
TSP200 200

B.2 Online Bin Packing Problem

B.2.1 Problem Definition

In the online one-dimensional bin packing prob-
lem, items arrive sequentially. Each item must be
assigned immediately to a bin of C capacity. If
no existing bin has sufficient remaining capacity, a
new bin is opened.

Given a sequence of item sizes s1, s2, . . . , sT
with si ∈ (0, 1], the objective is to minimize the
total number of bins used. Reordering or moving
previously packed items is not allowed.

B.2.2 Evaluation Metrics

For each instance, items are processed strictly in
their arrival order (Online Bin Packing). Each item
is either assigned to an existing bin with sufficient
remaining capacity or placed into a newly opened
bin. Once an item is placed, it cannot be moved or
reassigned.

Let B denote the total number of bins used by
an algorithm for a given instance I . We compare
the algorithm’s performance against the standard
volume lower bound, defined as:

LB(I) =

⌈∑T
i=1 si
C

⌉

where si is the size of item i, T is the sequence
length, and C is the bin capacity.

The efficiency is measured using the Fraction
of Excess Bins, expressed as a percentage:

Fraction of excess bins(I)(%) =
(
B−LB(I)
LB(I)

)
× 100%

This metric quantifies the relative overhead com-
pared to the theoretical minimum. A value of 0%
indicates an optimal solution (matching the lower
bound), while higher percentages reflect lower
packing efficiency. Final results are reported as
the average percentage across all test instances.

21773



B.2.3 Problem Sizes and Instances
To evaluate performance across different scales, we
construct datasets with varying bin capacities and
number of items. Table 10 lists all configurations,
where each dataset is defined by a pair (T,C) of
number of items T and bin capacity C.

Table 10: Online Bin Packing problem sizes

Dataset Number of Items (T ) Capacity (C)

BPP-1K-100 1K 100
BPP-1K-300 1K 300
BPP-1K-500 1K 500
BPP-5K-100 5K 100
BPP-5K-300 5K 300
BPP-5K-500 5K 500
BPP-10K-100 10K 100
BPP-10K-300 10K 300
BPP-10K-500 10K 500

C Preliminary

C.1 Evolutionary Algorithms

Formally, let H denote the space of all feasible
heuristics. The goal of an Evolutionary Algorithm
(EA) is to identify an optimal heuristic h∗ ∈ H that
maximizes a fitness function F : H → R:

h∗ = argmax
h∈H

F(h) (10)

The algorithm maintains a population state at gen-
eration t, denoted as P(t) = {h(t)1 , h

(t)
2 , . . . , h

(t)
N },

where N is the population size. The evolutionary
process describes the transition P(t) → P(t+1) via
a stochastic mapping T :

P(t+1) = T (P(t);S,V) (11)

where the transition relies on two primary opera-
tors:

1. Fitness Evaluation: Every individual h(t)i

is evaluated to obtain a quality score si =

F(h(t)i ). This score typically drives the selec-
tion pressure.

2. Selection Operator (S): This operator selects
a subset of parents Pparents ⊂ P(t) based
on their fitness. A common formulation is
tournament selection, where a parent is chosen
via:

hparent = argmax
h∈Tsub

F(h) (12)

Tsub ∼ Uniform(P(t), k) (13)

where Tsub is a random subset of size k.

3. Variation Operator (V): In standard EAs,
this involves Crossover (C : H × H → H)
and Mutation (M : H → H).

In the context of LLM-driven optimization,
the variation operator is re-parameterized as
a conditional generation task using a Large
Language Model πθ. Given a prompt template
I and parent heuristics, the offspring hnew is
sampled from the model’s distribution:

hnew ∼ πθ(· | I,Pparents) (14)

Here, the LLM acts as a semantic mutation
operator, leveraging its pre-trained knowledge
to propose meaningful code transformations
rather than random bit-flips.

Finally, the next generation P(t+1) is formed by
selecting the best candidates from the union of the
current population and the newly generated off-
spring (elitism), ensuring monotonic improvement
in the best-found solution over time.

C.2 From Pairwise to group-aware
Estimation

A central challenge in guiding LLM-based evo-
lution is effectively estimating the relative qual-
ity of generated solutions to provide construc-
tive feedback. Our methodology is directly mo-
tivated by the recent shift in preference optimiza-
tion—specifically, the transition from pairwise
comparisons to group-relative evaluations.

Limitations of Pairwise Comparison (DPO):
Direct Preference Optimization (DPO) (Rafailov
et al., 2023) aligns models by maximizing the like-
lihood margin between a winning sample yw and a
losing sample yl. While effective for general align-
ment, this pairwise paradigm is suboptimal for evo-
lutionary search. Evaluating a population of size N
via pairwise comparisons restricts the model’s view
to local differences, ignoring the global context of
how a solution stands against the entire population
distribution.

The group-aware Shift (GRPO): Group Rel-
ative Policy Optimization (GRPO) (Shao et al.,
2024) addresses this by introducing a group-aware
perspective. Instead of isolating pairs, GRPO eval-
uates a candidate oi relative to a group of outputs
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{o1, . . . , oG} generated from the same prompt, us-
ing the group mean as a dynamic baseline:

Ai =
f(oi)−mean({f(oj)}Gj=1)

std({f(oj)}Gj=1) + ϵ
(15)

Adoption in Our Approach: Inspired by this spe-
cific advancement, we adopt the grouping mecha-
nism of GRPO as the core principle for our reflec-
tion module. We hypothesize that for an LLM to
effectively critique and improve heuristics, it must
analyze solutions not in isolation or pairs, but as a
cluster.

C.3 Prompt

Online Bin Packing Prompt Formulation

TASK SUMMARY

You are an AI assistant whose job is to
iteratively produce and refine
Python heuristic implementations for
the Bin Packing Online Problem.

You will be given an existing heuristic
(or helper functions). Use
multi-turn reasoning: at each turn
you must reflect, then either
**explore** a new heuristic family
or **exploit** (refine) the last
submitted heuristic, and finally
receive an observation/feedback from
the environment.

-

### FUNCTION CONTRACT (must be strictly
respected)

- Language: Python only. Only standard
library and numpy allowed (if
already used by provided code).

- Required signature:
def score(item, bins)

- Input arguments:
- item: int # size of current item
- bins : Numpy arrays # the rest

capacities of feasible bins,
which are larger than the item
size.

- Return: scores (Numpy array)
- Correctness rules:

- 'item' is of type int
- 'bins' and 'scores' are both Numpy

arrays.

Travelling Salesman Problem Prompt For-
mulation

TASK SUMMARY

You are an AI assistant whose job is to
iteratively produce and refine

Python heuristic implementations for
the Travelling salesman problem.

Given a set of nodes with their
coordinates, \

you need to find the shortest route that
visits each node once and returns to
the starting node. \

The task can be solved step-by-step by
starting from the current node and
iteratively choosing the next node. \

You will be given an existing heuristic,
Let use multi-turn reasoning: at
each turn you must reflect, then
either **explore** a new heuristic
family or **exploit** the last
submitted heuristic, and finally
receive an observation/feedback from
the environment.

### FUNCTION CONTRACT (must be strictly
respected)

- Language: Python only. Only standard
library and numpy allowed (if
already used by provided code).

- Required signature:
def select_next_node(current_node,

destination_node,
unvisited_nodes, distance_matrix)

- Input arguments: This function should
accept 4 inputs: 'current_node',
'destination_node',
'unvisited_nodes', 'distance_matrix'

- Output: The function should return 1
output: 'next_node'

- Correctness rules: 'current_node',
'destination_node', 'next_node', and
'unvisited_nodes' are node IDs.
'distance_matrix' is the distance
matrix of nodes. All are Numpy
arrays.

Do not give additional explanations.

Prompt Template for the THINK Step

ALWAYS REMEMBER THAT, LOWER fitness
score = BETTER solution.

First, based on the evaluation result
from <observation> or GROUP
REFLECTION,

you should do some critical reasoning
about the previous approach(s) ABOUT:

+ its logical algorithm
+ its heuristic

components/hyperparamters/features
specifically. Then, think about the
affect of these
parameters/hyperparamters to the
fitness score result (in detailed).

Then, you can:

1. Explore a totally new approach, to
make some experiments to get
information.

OR
2. Focus on the behaviour of the
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heuristic features/components from
the fitness result to tune them and
get better result from the test
evaluation.

You are ONLY allowed to do reasoning,
NOT to generate code.

Note that, your reasoning should be very
BRIEF but STILL critical and
concise, focus on analyzing the
heuristic components/features.

At the last of your response, there must
be one of the tags <explore> or
<exploit>, which indicate your
decision.

Prompt Template for the Exploration Phase

Now, BASED solely on your REASONING,
generate EXACTLY ONE solution for
exploring.

Your output MUST be exactly the SAME as
the following format:

<explore>
<algorithm>
# clear and complete algorithm

description of the proposed
heuristic.

</algorithm>
<code>
# the completely new Python function

implementation for the algorithm in
<algorithm> : `score(...)` (only
code inside `<code>`).

</code>
</explore>
OUTPUT RULE:
Always output exactly one <explore>

block containing both <algorithm>
and <code>, nothing else.

Prompt Template for the Exploitation Phase

Now, BASED solely on your REASONING,
generate EXACTLY ONE solution for
exploiting.

Your output MUST be exactly the SAME as
the following format:

<exploit>
<algorithm>
# Clear algorithm description of the

improvements you're making to the
selected algorithm

</algorithm>
<code>
# Complete and concise Python function

implementation with your
refinements: `score(...)`

</code>
</exploit>
OUTPUT RULE:
Always output exactly one <exploit>

block containing both <algorithm>

and <code>, nothing else.

LLM Prompt Template for Heuristic Popu-
lation Clustering

You are given a list of candidate
solutions for a heuristic problem.

Each candidate is a JSON object with
fields:

- "id": unique identifier
- "code": the code itself
- "score": numeric performance value

Task: Group candidates that likely have
the same behavior

1. Compare candidates by, code
structure, and score values.

2. Group candidates into clusters of
similar behavior, idea, or
performance.

3. For each group, output:
- Group label (integer ID).
- List of member IDs.
- Shared characteristics that define

this group (algorithm style,
coding pattern, performance
range).

- Distinctive differences within the
group (if any).

4. If a candidate does not fit any
existing group, assign it as its own
group.

Also consider performance similarity:
- Candidates with very different scores

(e.g., difference > 0.1 on a [0-1]
scale or > 10% relative difference)
should not be grouped, even if code
is similar.

- Candidates with similar algorithmic
ideas and close scores should be
grouped together.

Output format:
Return ONLY a JSON object:

### example
{
"groups": [
{
"id": 1,
"members": ["1", "7", "9"],
"shared_characteristics": "...",
"differences": "...",
"score_range": {"min": 0.72, "max":

0.75}
},
{
"id": 2,
"members": ["3", "4"],
"shared_characteristics": "...",
"differences": "...",
"score_range": {"min": 0.55, "max":

0.58}
},
...
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]
}
###

CANDIDATE SOLUTIONS:\

C.4 Some Code Examples
Example 1: Baseline Implementation

Example: Simulated Annealing Node Se-
lection

import random
import numpy as np

def select_next_node(current_node,
destination_node,

unvisited_nodes,
distance_matrix):

"""A single simulated-annealing move
to decide the next node."""

if len(unvisited_nodes) == 0:
return int(destination_node)

distances = np.array([
distance_matrix[current_node][node

]
for node in unvisited_nodes

])

nearest_idx = int(distances.argmin())
nearest_node = int(unvisited_nodes[

nearest_idx])

T = max(0.1, len(unvisited_nodes) /
100.0)

prob_best = np.exp(-0.0 / T)

if random.random() < 0.8:
return nearest_node

else:
excess = distances - distances.min

() + 1e-6
probs = excess / excess.sum()
chosen = random.choices(

unvisited_nodes,
weights=probs,
k=1

)[0]
return int(chosen)

Example 2: Improved Implementation
Good Example: Adaptive Simulated An-
nealing

import random
import numpy as np

def select_next_node(current_node,
destination_node,

unvisited_nodes,

distance_matrix):
"""Adaptive simulated annealing with

dynamic temperature
and exploitation parameters."""
if len(unvisited_nodes) == 0:

return int(destination_node)

distances = np.array(
[distance_matrix[current_node][

node]
for node in unvisited_nodes]

)
nearest_node = int(unvisited_nodes[np.

argmin(distances)])

remaining_nodes = len(unvisited_nodes)
initial_temp = max(5.0,

remaining_nodes * 0.5)
decay_rate = max(10.0, remaining_nodes

* 0.8)
T = max(

0.1,
initial_temp * np.exp(-

remaining_nodes / decay_rate)
)

base_exploit_prob = min(
0.9,
0.5 + 0.4 * (

1 - remaining_nodes / len(
distance_matrix)

)
)

if random.random() < base_exploit_prob
:
return nearest_node

for node, distance in zip(
unvisited_nodes, distances):
if node == nearest_node:

continue

delta_energy = distance -
distances.min()

if (delta_energy <= 0 or
random.random() < np.exp(-

delta_energy / T)):
return int(node)

return nearest_node

Example 1 uses fixed hyperparameters, making
the search behavior insensitive to the remaining
problem size.

Example 2 introduces adaptive temperature
scheduling and a dynamic exploitation probabil-
ity, enabling broader exploration in the early stage
and increasingly greedy decisions as the search
approaches completion.
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D Additional Result

D.1 Reasoning Behavior

Figure 5: Qualitative example of reflective reasoning
in ReVEL: Observations guide the LLM to alternate
between exploration, exploitation, and innovation, re-
sulting in progressive improvement of heuristic quality.

As shown in Fig. 5, the Reflective LLM-Guided
Heuristic Evolution via Structured Performance
Feedback process demonstrates how score dy-
namics and strategic adaptation interact to drive
progress beyond local optima. At the outset, when
the system observed a fitness of 0.042, consider-
ably worse than the best-known score of 0.031, it
recognized stagnation and initiated an exploratory
shift. This led to the generation of Adaptive Reso-
nance Packing (ARP), a structurally novel heuristic
that improved the score to 0.036. Although this
gain was modest, the introduction of ARP provided
a fertile ground for subsequent refinements.

Building on this foundation, the process transi-
tioned into targeted exploitation. By tuning ARP
through dynamic bandwidth control, exponential
gap weighting, and softmax normalization, the sys-
tem sought to consolidate and optimize the idea.
While the score did not improve beyond 0.036, this
stage illustrates the reflective nature of the method:
rather than abandoning a promising approach, it
strategically invested in fine-tuning, ensuring sta-
bility before pursuing further change.

When performance remained unchanged, the sys-
tem’s observation mechanism signaled diminishing
returns and prompted a more dramatic innovation.
This shift produced Quantum Tunneling Bin Pack-
ing (QTBP), a probabilistic mechanism inspired
by tunneling to bypass local barriers. Crucially,
this step reduced the score to 0.023, surpassing the

best-known baseline of 0.031.
Our approach integrates exploration, exploita-

tion, and reflective reasoning: exploration opens
new directions, exploitation strengthens promis-
ing structures, and reflection decides when radical
change is needed. Unlike naive retries, it uses per-
formance signals to avoid stagnation and achieve
breakthroughs beyond conventional search.

D.2 Cost efficiency

Table 11: Average API Consumption Costs per Run

Method API Cost

ReEvo $0.25
EoH $0.33
ReVEL (Ours) $0.41

The actual API costs under identical conditions
are reported in Table 11. Despite a modest in-
crease in cost compared to the baselines, ReVEL
consistently achieves superior performance. Im-
portantly, these gains are practically meaningful:
in BPP, they translate to up to 20 fewer bins, di-
rectly reducing operational cost. This reflects a
stronger cost–quality trade-off, where a small ad-
ditional budget yields substantially higher-quality
solutions.

To further ensure fairness, we extend EoH and
ReEvo to match ReVEL’s cost budget. The results
remain consistent: both baselines plateau coverage
early, as they rely on local, instance-level feedback
that quickly becomes saturated around suboptimal
solutions.

D.3 TSPLib

Evaluation on TSPLib Instances.

D.3.1 Evaluation on TSPLib Instances
To further evaluate the practical effectiveness and
robustness of ReVEL, we conducted additional ex-
periments on a diverse set of TSPLib benchmark
instances. Unlike the synthetic Euclidean datasets
used in previous sections, TSPLib instances exhibit
heterogeneous spatial structures, irregular node dis-
tributions, and varying scales. They are widely
regarded as representative of practical TSP scenar-
ios.

For each TSPLib instance, ReVEL was executed
independently under the same configuration to
evolve a heuristic specialized for that instance. Ta-
ble 9 reports the percentage gap to the best-known
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TSPLib solutions and compares ReVEL with Near-
est Neighbour and EoH.

Table 12: Results on TSPLib instances. The gap (%) to
the best-known solution from TSPLib.

Instance Nearest Neighbour EoH Our

Berlin52 19.06 17.68 6.24
Bier127 15.27 8.04 9.33
Ch130 23.98 6.81 10.21
D493 17.20 14.85 15.69
Eil51 19.72 3.19 3.68

KroA100 26.19 11.06 6.21
KroB100 31.68 9.84 9.65
KroC100 26.88 19.31 5.88
KroD100 26.56 13.21 10.01
KroE100 25.01 11.79 13.46

Pr124 16.97 16.69 12.89
Pr136 24.81 11.95 6.73
Pr226 18.52 11.66 8.44
Rat99 29.21 21.07 12.30
St70 19.33 16.33 14.98

Ts225 22.07 8.99 3.73
U159 32.93 11.92 11.43

Lin105 41.61 7.53 21.37

Overall, ReVEL achieves the best results on 12
out of 18 instances and consistently improves upon
the Nearest Neighbour baseline, confirming that the
discovered heuristics substantially outperform clas-
sical constructive strategies. Compared with EoH,
ReVEL shows competitive performance across
most instances and provides substantial improve-
ments on several structurally diverse problems, in-
cluding Berlin52 (6.24% vs. 17.68%), KroC100
(5.88% vs. 19.31%), Rat99 (12.30% vs. 21.07%),
and Ts225 (3.73% vs. 8.99%).

Notably, the performance advantage of ReVEL
is particularly pronounced on instances with irreg-
ular spatial structures, where purely local construc-
tive rules are insufficient. This suggests that the
structured reflective feedback in ReVEL enables
the LLM to discover heuristics that capture higher-
level structural patterns rather than relying solely
on greedy proximity decisions.

Across different instance sizes, ReVEL main-
tains stable performance without instance-specific
parameter tuning, indicating that the proposed re-
flective evolution mechanism scales consistently
across problem regimes.

These results demonstrate that ReVEL can re-
liably guide heuristic discovery across heteroge-
neous instance structures and problem scales, ex-
tending its effectiveness beyond synthetic bench-
marks to realistic combinatorial optimization prob-
lems.

Table 13: Hyperparameters Configuration

Parameter Name Value
Evolution Loop Parameters
max_turns 6
num_candidates_to_initialize 10
epochs 20
top_k 10
reminder_probability 0.3
Clustering & Cross-over Parameters
num_clusters 3
num_elements 4
alpha 0.5
groups_per_crossover 1
Evaluator Parameters
timeout_seconds 70

Explanation of hyperparameters. As shown
in Table 13, the hyperparameters are organized
into three groups. The Evolution Loop Parame-
ters control the overall evolutionary process, in-
cluding the maximum number of interaction turns
within each group (max_turns), the initial pop-
ulation size (num_candidates_to_initialize),
the total number of evolutionary epochs (epochs),
and the number of top-performing candidates pre-
served after each epoch (top_k). The parameter
reminder_probability defines the probability of
proactively injecting a reminder message to the
LLM during the interaction loop, reinforcing aware-
ness of the current best-fitness solution.

The Clustering & Cross-over Parameters de-
termine how candidates are grouped and recom-
bined. Specifically, num_clusters specifies the
number of clusters formed from the population,
num_elements controls how many representative
candidates are selected from each cluster for cross-
over, and alpha balances semantic output similar-
ity and code-level similarity during clustering. The
parameter groups_per_crossover enforces that
each cross-over operation produces exactly one
new interaction group.

Finally, the Evaluator Parameters define exe-
cution constraints during evaluation. The parame-
ter timeout_seconds limits the maximum runtime
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for evaluating each generated candidate, prevent-
ing non-terminating executions and ensuring stable
evolutionary progress.

D.4 Additional Baseline Results on CVRP

The Capacitated Vehicle Routing Problem (CVRP)
is a classical combinatorial optimization problem
in which a fleet of vehicles with limited capacity
must serve a set of customers with known demands
while minimizing the total travel cost. Each vehicle
starts and ends at a depot, and customer demands
must not exceed vehicle capacity.

To assess the robustness of ReVEL beyond TSP
and BPP, we conducted additional experiments on
the CVRP using the same experimental configura-
tion as in the main paper. In this setting, heuristics
were evolved independently for each problem size
using an ACO-based backbone, allowing ReVEL
to adapt to different combinatorial structures and
heuristic paradigms.

For a strong and meaningful comparison, we
evaluated against ReEvo, a recent state-of-the-art
LLM-guided heuristic evolution framework for this
task. Since both methods operate under similar
LLM-driven evolutionary settings, this comparison
provides a controlled evaluation of the reflective
evolution mechanism.

In table 14 ReVEL consistently outperforms
ReEvo across all tested scales, with particu-
larly large improvements on CVRP20 (4.57% vs.
13.70%) and clear gains on larger instances as well.
These results demonstrate that the proposed reflec-
tive evolution framework is not limited to a specific
problem type or heuristic structure, but can effec-
tively guide heuristic discovery under different op-
timization paradigms.

Importantly, the CVRP experiments use the
same default configuration without problem-
specific tuning, indicating that ReVEL generalizes
across combinatorial domains with minimal adjust-
ment.

Overall, these additional results provide strong
empirical evidence that ReVEL is a general LLM-
guided heuristic evolution framework , rather than
a method specialized for a single problem class.

Table 14: Baseline OR-Tools Results for the Capacitated
Vehicle Routing Problem.

Heuristic CVRP20 (%) CVRP50 (%) CVRP100 (%)

ReEvo 13.70 19.44 18.06
ReVEL (ours) 4.57 17.68 14.88

E Cost-Performance Trade-off and
Reflective Improvement Analysis

To better understand the efficiency and mechanism-
level benefits of multi-turn reflection, we analyze
both the computational cost and the performance
trajectories of the generated heuristics. Figures 6
and 7 report the optimization trajectories, along
with the accumulated evaluation cost, for represen-
tative instances of the Traveling Salesman Problem
(TSP20 and TSP50) and the Bin Packing Problem
(BPP300-2000 items).

The results demonstrate a clear advantage in the
cost-performance trade-off achieved by multi-turn
reflection. On TSP50, ReVEL achieves a solu-
tion gap of approximately 9% with a total cost of
0.68$. In contrast, single-turn reflection achieves
only about 17% gap at 0.15$, and the no-reflection
baseline attains approximately 18% gap at 0.37$.
Similar behavior is observed on TSP20, where
ReVEL consistently produces lower solution gaps
while maintaining comparable computational cost.

The advantage of multi-turn reflection becomes
even more pronounced in more challenging scenar-
ios. On BPP instances with 300-2000 items, both
single-turn reflection and the no-reflection baseline
fail to generate any heuristic that improves upon
the initial performance, even after the same number
of evolutionary steps. In contrast, ReVEL contin-
ues to produce progressively improved heuristics
under identical evaluation settings.

Although ReVEL requires a moderately higher
computational cost, the improvement in solution
quality is substantial. The additional cost mainly
arises from two components:

• Pre-generation reflection, which enables the
language model to interpret structured perfor-
mance feedback before heuristic synthesis;

• Multi-turn refinement, which allows heuris-
tics to be iteratively improved rather than gen-
erated independently.

These mechanisms enable more effective explo-
ration of the heuristic space and improve the uti-
lization efficiency of the evaluation budget.

The trajectory analysis also provides evidence
that multi-turn reflection leads to progressive im-
provement of heuristic quality. Both single-turn re-
flection and the no-reflection baseline exhibit rapid
early improvement, followed by clear performance
plateaus, even when given the same computational
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Figure 6: Performance comparison of Single Turn, W/O Reflection, and our method on TSP-20 and TSP-50.

Figure 7: Performance comparison on online bin packing with capacity 300 and 1000/2000 items.

budget as ReVEL. This behavior suggests limited
reasoning depth and restricted capability to refine
heuristic logic.

In contrast, ReVEL demonstrates steady and sus-
tained improvement throughout the reflective pro-
cess. As structured feedback accumulates across re-
flection turns, the language model can refine heuris-
tic strategies consistently and coherently. This re-
sults in a sequence of heuristics with progressively
improved performance rather than a collection of
largely independent candidates.

Overall, the results indicate that multi-turn re-
flection is not merely an additional computational
expense but a mechanism that enables structured
iterative improvement of heuristic programs. The
proposed framework achieves a favorable cost-
performance trade-off by producing substantially
better heuristics with only a modest increase in
computation while providing clear empirical evi-

dence of progressive heuristic refinement.

E.1 Prompt Robustness Analysis
To evaluate the robustness of REVEL to prompt
formulation, we conduct an additional study on the
TSP50 benchmark using three substantially differ-
ent prompt variants: (1) the original prompt used
throughout the paper, (2) a more detailed reasoning-
oriented prompt, and (3) a concise prompt contain-
ing only the essential instructions. Each configura-
tion is executed independently three times, and all
reported results are averaged across runs.

The three prompt variants exhibit slightly differ-
ent optimization trajectories during the early search
stage. The reasoning-oriented prompt achieves the
strongest initialization (17.9% gap versus 18.2%
and 18.4% for the original and concise prompts,
respectively), indicating that richer instructions can
modestly improve early exploration. However, all
variants consistently converge to nearly identical
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Table 16: Repeated-run robustness on the Traveling
Salesman Problem over 10 independent runs. Results
report mean optimality gap ± standard deviation and
coefficient of variation (CV). Lower is better.

Benchmark REVEL (%) CV

TSP10 2.33± 0.61 0.2618
TSP20 6.72± 0.12 0.0179
TSP50 9.80± 0.79 0.0806
TSP100 13.83± 1.96 0.1417
TSP200 12.54± 2.03 0.1619

final performance (approximately a 9.2% gap) after
reflective evolution.

These results suggest that REVEL is largely in-
sensitive to prompt formulation. Prompt design
primarily influences the initialization of heuris-
tic search, whereas iterative reflective evolution
progressively accumulates optimization knowledge
and corrects early differences across generations.
Consequently, the final optimization quality is gov-
erned by the reflective evolutionary process rather
than careful prompt engineering.

E.2 Repeated-Run Robustness Analysis
LLM-guided evolutionary optimization is inher-
ently stochastic due to random population initial-
ization, LLM sampling, and evolutionary search.
To evaluate the robustness of REVEL, we repeat
all main experiments over 10 independent runs
and report the mean and standard deviation of the
final optimality gap. To enable comparison across
benchmarks with different performance scales, we
additionally report the coefficient of variation (CV),
defined as CV = σ

µ , where µ and σ denote the
mean and standard deviation across runs.

Table 15: Repeated-run robustness on Online Bin Pack-
ing over 10 independent runs. Results report mean
optimality gap ± standard deviation and coefficient of
variation (CV). Lower is better.

Capacity Size REVEL (%) CV

100
1k 2.32± 0.08 0.0345
5k 1.15± 0.11 0.0957
10k 0.53± 0.16 0.3019

300
1k 0.31± 0.02 0.0645
5k 0.25± 0.03 0.1200
10k 0.18± 0.06 0.3333

500
1k 0.25± 0.00 0.0000
5k 0.50± 0.00 0.0000
10k 0.46± 0.01 0.0217

Tables 15 and 16 show that REVEL exhibits sta-
ble final performance across independent runs de-

spite stochastic population initialization, LLM sam-
pling, and evolutionary search. Across Online BPP,
the absolute standard deviation remains at most
0.16 percentage points, indicating that repeated
runs converge to closely comparable solution qual-
ity. Most configurations have a CV below 10%,
while the C = 500 settings exhibit near-zero vari-
ation because these regimes are already saturated
and offer little remaining optimization headroom.

The larger CV values for BPP-10K-100 and BPP-
10K-300 should be interpreted together with their
absolute scale. Their mean gaps are only 0.53%
and 0.18%, respectively, so small absolute devia-
tions of 0.16 and 0.06 produce comparatively large
normalized ratios. Thus, the elevated CV reflects
division by a near-zero mean rather than substantial
instability in practical solution quality.

A similar pattern holds for TSP. From TSP20 to
TSP200, CV remains between 1.79% and 16.19%,
with no systematic increase as the number of nodes
grows. This is notable because larger TSP instances
induce substantially broader heuristic search spaces
and more opportunities for stochastic evolutionary
trajectories to diverge. TSP10 exhibits the high-
est relative variation (26.18%), but its absolute de-
viation remains only 0.61 percentage points; the
higher CV again partly reflects its small mean gap.
Importantly, increased problem scale does not lead
to uncontrolled variance: TSP100 and TSP200
retain moderate CV values despite their greater
search complexity.

Overall, the repeated-run analysis indicates that
stochasticity primarily affects the particular refine-
ment trajectory taken by each run, rather than the
quality regime ultimately reached. REVEL repeat-
edly converges to similar final gaps across problem
domains and scales, supporting that its reported
gains are reproducible and not driven by favorable
initialization or isolated LLM generations.
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