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Abstract
Configuring genetic algorithms (GAs) for new optimization prob-
lems typically requires substantial expertise in representation de-
sign, decoder construction, and constraint handling. We present a
framework that combines large language models (LLMs) for prob-
lem understanding with a structured BRKGA configurator for al-
gorithm realization, allowing users to describe optimization prob-
lems in natural language and receive executable GA implementa-
tions.

The central finding of this paper is that the value of structured
LLM-assisted configuration increases with problem complexity.
We compare two workflows: LLM+Config, in which the LLM
extracts problem semantics and a modular BRKGA framework
provides the evolutionary architecture, and LLM-Only, in which
the LLM generates a complete standalone GA implementation. On
standard TSP, where a simple permutation decoder is sufficient,
LLM-Only performs better on large instances, showing that
framework overhead can hurt when architectural support is
unnecessary. In contrast, on TSP with Job Processing (TSPJ),
LLM+Config achieves a 1.5% average gap from optimal and
slightly outperforms the specialized state-of-the-art MGA method.
On the more constrained VRP-RPD problem, the advantage of
LLM+Config is decisive: the original LLM-Only workflow is
on average 149.75% worse, and even after correcting its major
decoder flaw, it still loses or ties in all comparisons.

These results show that direct LLM code generation may suffice
for simple optimization problems, but structured configuration be-
comes essential when problems require multi-component encod-
ings, simulation-based decoding, or strict constraint interaction.
More broadly, the paper demonstrates that LLMs are most effec-
tive in GA design when paired with a framework that enforces
valid architectural choices rather than relying on unconstrained
end-to-end code generation.
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1 Introduction
Genetic algorithms (GAs) are widely used for combinatorial
optimization, but configuring them for a new problem remains
a substantial challenge. Effective performance depends not only
on parameter settings, but also on architectural choices such
as chromosome representation, decoder design, and constraint
handling. Large language models (LLMs) offer a promising way to
reduce this burden by inferring decision variables, objectives, and
constraints directly from natural-language problem descriptions.
However, our results show that direct end-to-end code generation
is not uniformly reliable: for simple problems it may be sufficient,
but for constraint-rich problems it can produce architectural
mistakes that substantially degrade performance.

Algorithm configuration encompasses two distinct levels: ar-
chitectural design (i.e., selecting representation schemes, decoder
strategies, and constraint-handling mechanisms) and parameter
tuning (i.e., optimizing population sizes, mutation rates, and selec-
tion pressure). Tools such as irace [6] and SMAC [13] address the
latter, assuming a correct algorithmic architecture already exists.
Our work targets the former: synthesizing decoder architectures
from problem semantics. These levels are complementary; pa-
rameter tuning cannot compensate for fundamental architectural
flaws, such as a decoder that prevents operation interleaving
when the problem requires it.

This paper studies that distinction through two workflows. In
LLM+Config, the LLM performs problem understanding while a
structured BRKGA configurator determines the representation, de-
coder strategy, constraint-handling approach, warm starts, and im-
plementation scaffolding. In LLM-Only, the LLM generates a com-
plete standalone GA implementation directly. The central question
is not simply whether LLMs can generate optimization code, but
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when a structured configurator adds value beyond direct genera-
tion.

Our experiments reveal a clear complexity-dependent pattern.
On standard TSP, where a straightforward permutation decoder
is sufficient, LLM-Only outperforms LLM+Config on larger
instances, suggesting that framework overhead can hurt when
architectural support is unnecessary. In contrast, on TSP with Job
Processing (TSPJ), LLM+Config achieves a lower average gap from
optimal than LLM-Only and slightly outperforms the specialized
state-of-the-art MGA method. The difference is strongest on VRP-
RPD, where LLM+Config consistently outperforms LLM-Only,
and the original LLM-Only decoder is significantly worse because
it fails to realize the required decoder architecture.

These findings suggest that the main value of LLM assistance
in GA design is not unrestricted code generation, but the ability
to map problem semantics into valid architectural choices. When
the problem is simple, framework overhead may be unnecessary.
When the problem is constraint-rich, however, structured configu-
ration becomes essential for both correctness and performance.

Our contributions are threefold. First, we present a framework
that separates LLM-based problem understanding from algorithm
realization through a modular BRKGA configurator. Second,
we develop a configurable implementation supporting multi-
component chromosomes, simulation-based decoding, warm
starts, and GPU-accelerated primitives such as gene-major mem-
ory layout and𝑂 (𝑛) counting sort. Third, we provide an empirical
comparison across TSP, TSPJ, and VRP-RPD showing that the ben-
efit of structured configuration scales with problem complexity,
and that this distinction determines when LLM+Config should be
preferred over LLM-Only.

2 Related Work
The challenge of configuring evolutionary algorithms has been
studied extensively. Parameter control methods adjust parameters
during search. Offline tuning approaches such as SMAC [5],
irace [6], and hyperopt [14] optimize parameters of a fixed algo-
rithmic structure. These tools are effective when the algorithm
architecture—chromosome encoding, decoder logic, constraint
handling—is already correctly specified. However, they cannot
discover that VRP-RPD requires unified priority ordering rather
than two-phase scheduling, or that TSPJ needs a multi-component
chromosome. Our framework operates upstream: extracting ar-
chitectural requirements from problem semantics and generating
compliant decoder structures. The resulting implementation could
subsequently be refined by parameter tuning tools, though we do
not explore this combination here.

Recent work has explored LLMs as optimization assistants.
FunSearch [3] uses LLMs to evolve mathematical functions,
while EvoLLM [4] evolves heuristics for combinatorial opti-
mization. Yang et al. [12] demonstrated that LLMs can serve
as general-purpose optimizers through prompt-based search.
For vehicle routing specifically, VRPAgent [11] uses LLMs to
discover heuristic operators for VRP variants. Most relevant to
our work, Sartori et al. [9] explore LLM-based instance-driven
heuristic bias within BRKGA, though their approach focuses on
heuristic selection rather than end-to-end configuration. A recent

systematic review [10] surveys the growing landscape of LLM
applications in combinatorial optimization. Our work provides an
end-to-end pipeline from natural language to GPU-accelerated
GA implementation, with empirical comparison of LLM+Config
versus LLM-only workflows.

3 Methodology
3.1 Framework Overview
The system accepts a natural language problem description and
produces a configured BRKGA solver through a three-stage
pipeline (Figure 1).

Stage 1: Problem Analysis. The ProblemAnalyzer class
uses Claude Sonnet to parse the natural language descrip-
tion and extract structured problem semantics. The LLM
is provided with BRKGA framework context (loaded from
context_for_llm_full.txt) and returns a ProblemStructure
object containing decision variables, objectives, constraints, and
expected scale.

Stage 2: Configuration Generation. The CodeGenerator
maps extracted semantics to BRKGA configuration choices. Based
on problem type, it selects: chromosome structure (single vs.
multi-component), decoder strategy (permutation, greedy, simula-
tion), constraint handling (penalty, repair, multi-pass), warm start
heuristics, and local search operators.

Stage 3: Code Generation. The LLM generates problem-
specific C++ code that plugs into the BRKGA framework template.
This includes the fitness function, decoder logic, warm start seed
generation, and GPU kernel implementations. The generated
code follows patterns from the framework context to ensure
compatibility.

The prompts used follow a structured format. For problem anal-
ysis:
Analyze this optimization problem and extract:
1. Decision variables (name, type, count)
2. Objectives (minimize/maximize, formula)
3. Constraints (type, handling strategy)
4. Expected problem scale
Problem: {user_description}

3.2 Modular GA Configurator
The configurator produces several key components. The chromo-
some structure can be single or multi-component for complex
encodings such as VRP-RPD’s operation priorities and agent hints.
The decoder employs 𝑂 (𝑛) counting sort with 256–1024 buckets
for large instances. For problems with precedence constraints, the
configurator generates multi-pass simulation logic. The system
also produces warm start heuristics including nearest neighbor,
balanced load, shortest processing time, and cluster-based ap-
proaches, along with local search operators such as 2-opt and
swap on the priority component.

3.3 LLM+Config vs. LLM-Only Workflows
We compare two workflows. In the LLM+Config workflow, the
LLMhandles problem understandingwhile the BRKGA library pro-
vides the evolutionary core, GPU infrastructure, and warm starts.
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Figure 1: LLM-BRKGA Configuration Generation Pipeline.

Figure 2: BRKGA Algorithm Flow.

In the LLM-Only workflow, the LLM generates a complete stan-
dalone GA, which risks missing GPU acceleration, implementing
incorrect constraint handling, and using inefficient algorithms.

Table 1 summarizes the VRP-RPD configuration generated by
the LLM. The model determines that two chromosome compo-
nents are needed for operation priorities and agent hints, selects
multi-pass simulation for precedence constraints, and chooses
𝑂 (𝑛) counting sort for the 2000 operations per individual.

Table 1: VRP-RPD configuration generated by LLM+Config.

Feature Implementation

Chromosome 2 components: 2N priorities + 2N agent hints
Simulation Multi-pass for precedence handling
Sorting O(n) counting sort, 256–1024 buckets
GPU Per-device memory, fitness + local search kernels
Warm start 4 heuristics with perturbation

3.4 GPU-Accelerated BRKGA
The framework distributes population across multiple GPUs, with
each GPU maintaining independent workspace for population,
fitness values, offspring, and random number generator states.
Three key optimizations enable high performance. First, gene-
major memory layout enables coalesced memory access achieving
approximately 90% bandwidth utilization compared to 10–15% for
individual-major layout, yielding 2–100× speedup. Second, 𝑂 (𝑛)
counting sort with 256–1024 buckets accelerates random-key
decoding. Third, GPU-resident evolution keeps the population
on GPU across generations, with host-device transfers occurring
only for initialization and final retrieval.

Each CUDA thread evaluates one individual in the GPU de-
coder architecture. The decoder uses thread-local arrays stored in
registers and local memory for decoded solutions and simulation
state, avoiding shared memory contention. For VRP-RPD, the
kernel maintains per-thread arrays for agent times, locations, and
inventories during multi-pass simulation:
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__global__ void fitness_kernel(T* pop, T* fitness, ...) {
int idx = blockIdx.x * blockDim.x + threadIdx.x;
T* chrom = pop + idx * chrom_len;
int order[MAX_OPS]; // Thread-local decoded order
T agent_time[MAX_AGENTS]; // Simulation state
counting_sort(chrom, order, n_ops); // O(n)
T makespan = simulate_multipass(order, ...);
fitness[idx] = makespan;

}

4 Experimental Setup
4.1 Benchmark Problems
For the Traveling Salesperson Problem (TSP), we use standard
TSPLIB instances [8] ranging in size from 17 nodes (gr17) to 1000
nodes (dsj1000), with Euclidean distances computed from city
coordinates.

For the TSP with Job Processing (TSPJ) [1], each city has a job
requiring processing time. This problem requires two chromo-
some components encoding the city sequence and job assignment.
The objective is to minimize makespan, with job times drawn
uniformly from [10, 50] for base instances or [20, 100] for 2x
instances.

For the Vehicle Routing Problem with Resource Pick-up and
Delivery (VRP-RPD), 𝑀 agents service 𝑁 customers, where each
customer requires a sequence of DROP-OFF, PROCESSING, and
PICK-UP operations. The problem includes precedence constraints
requiring pickup to occur after dropoff plus processing time, capac-
ity constraints, and the flexibility for cross-agent pickup. The ob-
jective is to minimize makespan. We use TSPLIB distance matrices
with processing times uniform in [20, 100], testing configurations
with 3–10 agents and capacity 2–5.

4.2 Baselines
For TSP, we compare against optimal solutions from TSPLIB and
the Concorde exact solver [7]. For TSPJ, we compare against opti-
mal and best known solutions from the literature [1], as well as a
multioperator genetic algorithm (MGA) [2]. For VRP-RPD, no stan-
dard benchmarks exist as yet; we compare LLM+Config against
LLM-Only, and also an Adaptive Large Neighborhood Searchmeta-
heuristic [15] to evaluate framework contribution.

4.3 Implementation Details
All experiments were conducted on NVIDIA L40 GPUs with 48GB
memory, using up to 4 GPUs. The LLM used was Claude Sonnet
with temperature 0.1. BRKGA parameters include population size
of min(2000 × GPUs, 20𝑛) total across all GPUs, elite fraction of
20%, mutant fraction of 10%, and generations ranging from 1000 to
10000 scaling with problem size 𝑛. Warm start uses 20 seeds, and
local search is applied every 10 generations. Each configuration
was run 10 times with different random seeds, and we report the
median.

5 Results
5.1 Performance on TSP Variants
Table 2 compares LLM+Config and LLM-Only on standard TSP in-
stances. Both approaches achieve optimal solutions on small in-
stances with 𝑛 ≤ 24. For medium instances, LLM+Config shows
slight advantages. However, a crossover occurs on large instances
where LLM-Only outperforms LLM+Config: on gr666, LLM-Only
achieves 8.84% gap versus 23.87% for LLM+Config; on rat783, 9.65%
versus 24.30%; and on dsj1000, 8.61% versus 32.00%. This reversal
reflects TSP’s simple constraint structure, where the framework
overhead provides no benefit.

Table 2: TSP performance comparison. Gap columns show
percentage above optimal; Δ = LLM-Only gap − LLM+Config
gap (negative favors LLM-Only).

LLM+Config LLM-Only
Instance n Optimal Gap Gap Δ

gr17 17 2,085 0.00% 0.00% 0.00
gr21 21 2,707 0.00% 0.00% 0.00
berlin52 52 7,542 0.34% 1.84% +1.50
kroA100 100 21,282 0.51% 2.64% +2.13
eil101 101 629 3.50% 3.82% +0.32
gr202 202 40,160 4.92% 4.82% −0.10
gr431 431 171,414 6.60% 6.51% −0.09
gr666 666 294,358 23.87% 8.84% −15.03
rat783 783 8,806 24.30% 9.65% −14.65
dsj1000 1000 18,659,688 32.00% 8.61% −23.39

Table 3 presents results on TSP with Job Processing [1], com-
paring LLM+Config, LLM-Only, and the best local search heuristic
(LSI) from Mosayebi et al. Gap columns show percentage differ-
ence from optimal for each method. We use the full benchmark set
introduced in [1].

Table 3: TSPJ performance comparison. Gap columns show
percentage above optimal; Δ = LLM-Only gap − LLM+Config
gap.

LLM+ LLM- Gap (%)
Instance Config Only LSI Opt. +Config Only Δ

gr17 2760 2760 2760 2760 0.0 0.0 0.0
gr21 7868 7852 7956 7788 1.0 0.8 −0.2
gr24 1812 1823 1818 1806 0.3 0.9 +0.6
fri26 1283 1283 1326 1283 0.0 0.0 0.0
bays29 2916 2916 2940 2937 −0.7 −0.7 0.0
gr48 7509 7572 7499 7288 3.0 3.9 +0.9
eil51 636 663 640 630 1.0 5.2 +4.2
berlin52 11087 11571 11226 11087 0.0 4.4 +4.4
eil76 840 847 822 802 4.7 5.6 +0.9
eil101 1003 1029 976 947 5.9 8.7 +2.8

Avg. 1.5 2.9 +1.4

LLM+Config achieves 1.5% average gap from optimal, outper-
forming both LLM-Only (2.9%) and the specializedMGA algorithm
(1.63%) [2] without manual tuning.
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Table 4 compares our LLM+Config framework against themulti-
operator genetic algorithm (MGA) recently proposed by Gutiérrez-
Aguirre and Contreras-Bolton [2], which represents the current
best metaheuristic for TSPJ. The MGA employs five initial popu-
lation procedures, three crossover operators, and six mutation op-
erators with extensive parameter tuning via irace.

Table 4: Comparison against state-of-the-art methods on
TSPLIB TSPJ instances.

Method Avg. Makespan Gap from BKS

CPLEX Optimal [1] 3,729.79 0.00%
LLM+Config 3,771.40 1.5%
MGA [2] 3,790.16 1.63%
LSH-III [1] 3,819.61 2.41%
LSH-IV [1] 3,838.23 2.91%

Our LLM+Config framework achieves a 1.5% average gap from
optimal, outperforming the specialized MGA (1.63% gap) despite
the MGA being purpose-built for TSPJ with extensive operator
tuning. This demonstrates that the framework’s automatic config-
uration produces competitive results even against state-of-the-art
problem-specific algorithms, without requiring manual algorithm
design or parameter optimization.

5.2 Performance on VRP-RPD
VRP-RPD represents the most complex variant in our evaluation,
requiring multi-agent coordination, precedence constraints, and
resource inventory management. Although a forthcoming paper
contains a broader treatment of the problem, the description is
sufficient with respect to the formulation, algorithms, and experi-
ments used here.

The framework handles these challenges through multi-pass
simulation, guaranteeing feasibility by construction. GPU accel-
eration enables efficient handling of instances with up to 1,000
customers, achieving 20–29× speedup over LLM-Only.

5.3 Workflow Comparison
Table 5 presents a summary comparison between LLM+Config and
LLM-Only across 12 TSPLIB instances, with results aggregated
across 5 constraint variants per instance. The original LLM-Only
decoder used two-phase scheduling, so we attempted correction
by re-prompting with additional emphasis on interleaving, which
was already specified in the initial prompt. Full per-variant results
are provided in the supplementary material.

The LLM+Config approach outperforms the original uncor-
rected LLM-Only in all 61 valid comparisons, with LLM-Only
producing solutions that are on average 149.75% worse in
makespan. The most extreme case is gr24_5x with 278.2%
degradation for LLM-Only.

After correcting the two-phase decoder flaw, LLM+Config
wins 43 of 57 complete comparisons (75%), ties in 14 cases (25%),
and loses in none. The correction dramatically improves small in-
stances: for 𝑛 ≤ 52, gap reductions range from 70–276 percentage
points. However, on the largest instances including gr431_base,
gr431_2x, gr666_1R10, and gr666_1R20, the correction actually

Table 5: VRP-RPD workflow comparison. LLM-Only = origi-
nal two-phase decoder; LLM-Only* = after interleaving cor-
rection. Gap columns show percentage above LLM+Config
baseline; Δ = improvement from correction; Ties = variants
matching baseline exactly.

Gap vs. Baseline Correction
Instance n LLM-Only LLM-Only* Δ Ties

gr17 17 +122.3% +0.2% +122.0% 3/5
gr21 21 +137.6% +4.5% +133.1% 3/5
gr24 24 +193.6% +9.4% +184.2% 3/5
bays29 29 +196.6% +1.6% +195.0% 3/5
gr48 48 +176.6% +16.4% +160.3% 1/5
eil51 51 +186.3% +12.0% +174.3% 1/5
berlin52 52 +196.4% +14.0% +182.4% 1/5
kroA100 100 +163.0% +29.5% +133.5% 0/5
eil101 101 +170.1% +30.9% +139.1% 0/5
gr202 202 +127.0% +37.5% +89.5% 0/5
gr431 431 +90.5% +87.3%* +3.2% 0/5
gr666 666 +54.3% +84.3%* −30.0%* 0/2

hurts performance with negative gap reduction, suggesting
that naively adding interleaving without the framework’s other
optimizations can degrade performance on complex instances.

Both approaches show increasedmakespan for constrained vari-
ants such as 1R10 and 1R20, but LLM+Config maintains consistent
performance ratios across constraint types. On many constrained
variants with small instances, the corrected LLM-Only achieves ex-
act ties with 0% gap relative to LLM+Config. Section 6.2 provides
a detailed analysis of the architectural differences that explain this
performance gap.

6 Discussion
6.1 Debugging Episode
The LLM-Only decoder contained a critical architectural flaw de-
spite explicit interleaving requirements in the problem specifica-
tion. When confronted, the LLM initially defended its implementa-
tion, and only concrete code-level proof convinced it to acknowl-
edge the bug. This episode illustrates that LLMs can confidently
produce code that violates explicit requirements while claiming
compliance.

The key insight from our evaluation is that problem complex-
ity determines framework value. For TSP, the simple constraint
structure means that framework overhead actually hurts perfor-
mance. In contrast, VRP-RPD’s complex constraints require struc-
tured handling that the framework provides.

6.2 Decoder Architecture Comparison
Figure 3 illustrates the key architectural difference between the
two approaches. The LLM-Only decoder processes all dropoffs be-
fore any pickups within each pass, while LLM+Config uses uni-
fied priority ordering that enables true interleaving, achieving 54%
makespan reduction in the illustrated example.

As shown in Table 6, LLM+Config uses 4N genes consisting of
2N operation priorities and 2N agent hints with unified priority
scope, while LLM-Only uses 2N genes with separate dropoff and
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Figure 3: Decoder architecture comparison: two-phase (top) vs. unified priority ordering (bottom).

pickup phases. This architectural limitation cannot be overcome
by running additional generations.

Table 6: Chromosome structure comparison for VRP-RPD
with N customers.

Aspect LLM+Config LLM-Only

Total genes 4N 2N
Component 1 Operation priorities (2N) Customer priorities (N)
Component 2 Agent hints (2N) Pickup timing (N)
Priority scope Unified (drops + picks) Separate (drops only)
Interleaving Yes (within each pass) No (two-phase per pass)

Beyond the interleaving difference, LLM+Config uses
chromosome-guided agent hints instead of LLM-Only’s greedy
assignment, and employs 𝑂 (𝑛) counting sort instead of 𝑂 (𝑛2)
linear scans, contributing to 10–200× speedup.

6.3 Limitations
The current framework is limited to combinatorial optimization
problems expressible as permutation, assignment, or selection.
This scope covers a substantial class of routing and sequencing
problems, but it does not yet address continuous, mixed, or
multi-objective optimization. Configuration quality also depends
on LLM capabilities, although the structured configurator helps
maintain validity by constraining code generation to a fixed set
of architectural choices. LLM outputs may still vary between

runs, so exact reproducibility requires fixed random seeds, fixed
prompts, and explicit model versioning.

A second limitation is that the configurator is designed specif-
ically for BRKGA rather than for metaheuristics in general. That
design choice is deliberate: random-key representations, decoder-
centered search, and BRKGA’s elite–mutant–biased crossover
structure provide a clean interface between problem semantics
and executable algorithm design. However, this also means that
our current mapping from natural-language problem descriptions
to solver structure is expressed in a BRKGA-specific vocabulary.
Generalizing the approach to other metaheuristics would require
more than replacing the search engine. It would require support
for different chromosome or solution encodings, different oper-
ator vocabularies, and different constraint-handling paradigms.
For example, canonical genetic algorithms may require direct
solution encodings and problem-specific crossover/mutation
operators; local-search or neighborhood based metaheuristics
would need move-set design instead of decoder synthesis; and
other frameworks may rely on repair, penalties, feasibility rules,
or adaptive memory rather than BRKGA-style decoder-based
feasibility. Extending the configurator beyond BRKGA is therefore
an important direction for future work rather than a claim of the
current system.

We also emphasize that our choice of Claude Sonnet was a de-
liberate experimental design decision. We selected it because it is
accessible through a stable API, supports explicit versioning for re-
producibility, and has shown strong practical performance on code-
generation tasks, making it appropriate for a study centered on
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generating executable optimization components. At the same time,
the results reported here should not be interpreted as model inde-
pendent. Different LLMs may yield different configuration quality,
different error modes, or different sensitivity to prompt structure.
A systematic multi-LLM comparison is therefore an important di-
rection for future work.

Finally, although the structured configurator reduces the
risk of invalid architectural choices, it does not eliminate the
need for careful validation. Our debugging episode showed that
an LLM can produce code that appears plausible while still
violating explicit requirements. The framework mitigates this risk
by constraining generation through templates and predefined
architectural patterns, but broader evaluation is still needed to
determine how well these safeguards generalize across additional
problem classes, models, and solver families.

6.4 When to Use Each Approach
The results suggest that the choice between LLM+Config and LLM-
Only should be driven primarily by problem structure. For prob-
lems with simple constraint structure, such as standard TSP, we
do not recommend LLM+Config. As shown in Table 2, both ap-
proaches solve the smallest instances optimally, and LLM+Config
is only marginally better on some medium-sized cases. However,
on the largest TSP instances the trend reverses: LLM-Only substan-
tially outperforms LLM+Config, achieving gaps of 8.84% versus
23.87% on gr666, 9.65% versus 24.30% on rat783, and 8.61% versus
32.00% on dsj1000 (Table 2). This indicates that when a straight-
forward permutation decoder is sufficient, the framework’s addi-
tional architectural machinery (including multi-component chro-
mosomes, multi-pass simulation, and structured constraint han-
dling) adds overhead without corresponding benefit.

In contrast, LLM+Config becomes preferable once the problem
requires richer decoder structure or more tightly coupled decision
components. This is already visible in the TSPJ results. In Table 3,
LLM+Config achieves an average gap of 1.5% from optimal, com-
pared with 2.9% for LLM-Only. More importantly, Table 4 shows
that LLM+Config also slightly outperforms the specialized state-
of-the-art MGA method, achieving a 1.5% gap from best known
solutions versus 1.63% for MGA, despite requiring no manual op-
erator design or extensive parameter tuning. These results suggest
that even moderately more complex problems, such as TSPJ, ben-
efit from the configurator’s ability to select a more appropriate ar-
chitecture automatically.

The case for LLM+Config is strongest for heavily constrained
problems such as VRP-RPD, where feasibility, operation ordering,
and decoder design are central. As summarized in Table 5, the orig-
inal LLM-Only workflow is dramatically worse than LLM+Config,
with an average makespan degradation of 149.75% among valid
comparisons. Even after correcting the major two-phase schedul-
ing flaw, LLM+Config still wins 43 of 57 comparisons and ties the
remaining 14, losing in none. The corrected LLM-Only approach
remains significantly worse in larger instances, with degradations
such as 29.5% in kroA100, 30.9% in eil101 and 37.5% in gr202,
while performance in the largest cases can further degrade
after correction. These results show that when the problem
includes strong precedence constraints, capacity constraints, or

multi-agent coordination, the framework’s structured decoder
construction provides a clear and consistent advantage.

Overall, the evidence from Tables 2–5 supports the follow-
ing guideline: use LLM-Only for relatively simple problems
where a lightweight, conventional decoder is sufficient, and use
LLM+Config for problems whose semantics imply nontrivial
architectural requirements, especially multi-component encod-
ings, simulation-based decoding, or strong constraint interactions.
Regardless of the workflow chosen, LLM generated code should
still be validated carefully; however, the results indicate that struc-
tured configuration becomes increasingly valuable as problem
complexity rises.

7 Conclusion
We have presented a framework combining LLM-based problem
understanding with a modular BRKGA configurator. The key find-
ing is that framework value scales with problem complexity: LLM-
Only suffices for simple problems (TSP), while LLM+Config be-
comes essential as constraints increase (VRP-RPD, TSPJ).

On VRP-RPD, the original LLM-Only with two-phase schedul-
ing averaged 150% worse than LLM+Config. After correcting the
interleaving flaw, LLM-Only still lost or tied in all 57 comparisons.
On TSPJ, LLM+Config achieved 1.5% gap versus 1.63% for the state-
of-the-art MGA [2]. However, on unconstrained TSP, LLM-Only
outperformed LLM+Config on large instances (8–9% vs 24–32%
gap), demonstrating that framework overhead can hurt when its
features provide no benefit.

Future work includes automatic problem complexity assess-
ment to recommend approaches, and extending to continuous and
multi-objective optimization.
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A Supplementary Experimental Results
Complete per-variant results for all 60 instance-variant combina-
tions, along with source code and additional experimental data,
will be made available upon publication.

For LLM-Only without interleaving, LLM+Config wins all
60 comparisons with an average degradation of 149.75% for
LLM-Only.

For the corrected LLM-Only with interleaving enabled,
LLM+Config wins 43 of 57 comparisons (75%), ties 14 (25%), with
an average degradation of 24.0% for LLM-Only.

B Prompt Templates
Both workflows received identical VRP-RPD problem descriptions
that explicitly stated “INTERLEAVING: Operations can be inter-
leaved, not ‘all drops then all picks’.” Despite this explicit require-
ment, LLM-Only generated a two-phase decoder. The LLM+Config
workflow additionally receives BRKGA framework context, which
enables correct unified priority ordering.

C Problem Definitions
For TSPJ, the input consists of 𝑛 cities with distance matrix 𝐷
and job time matrix 𝐽 [𝑐] [ 𝑗]. The decision variables are a city per-
mutation 𝜋 and job assignment 𝜎 . The objective is to minimize
max(∑𝑖 𝐷 [𝜋𝑖 ] [𝜋𝑖+1],max𝑖 (𝑇𝜋𝑖 + 𝐽 [𝜋𝑖 ] [𝜎 (𝜋𝑖 )])).

For VRP-RPD, the input consists of 𝑀 agents, 𝑁 customers,
capacity 𝐾 , distance matrix 𝐷 , and processing times 𝑃 . The
constraints require that pickup occurs after dropoff plus process-
ing time 𝑃 [𝑐], that inventory remains in the range [0, 𝐾], and
that cross-agent pickup is allowed. The objective is to minimize
makespan.
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