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Abstract

In many real-world domains, optimization problems involve both quantitative objectives
and qualitative criteria that cannot be directly formulated as mathematical functions. While
recent research has integrated large language models (LLMs) into optimization algorithms,
these approaches primarily use LLMs to guide the search process, generate heuristics, or
tune optimization strategies, rather than to evaluate semantic objectives. This paper intro-
duces generative heuristics, a methodology that combines traditional metaheuristics with
LLM-based semantic evaluation to address ‘soft optimization’ problems containing both
hard quantitative constraints and soft qualitative objectives. The proposed methodology
first applies a metaheuristic algorithm to generate a shortlist of high-quality candidate
solutions satisfying the quantitative objectives. These candidates are then evaluated by
an LLM according to a user-defined qualitative rubric, and the resulting semantic scores
are incorporated into the optimization process through a weighted soft objective. The
methodology is illustrated through a constrained portfolio optimization problem in which
financial risk is minimized while simultaneously promoting strategic objectives related to
sector diversification, geographic exposure, environmental-social-governance quality, and
overall portfolio coherence. Experimental results show that the proposed methodology
consistently improves strategic alignment while producing solutions that remain close to
those obtained from the hard optimization formulation.

Keywords: soft optimization; metaheuristics; large language models; decision support
systems; generative heuristics

MSC: 68T20; 90-08; 90-10; 90B50

1. Introduction
Soft optimization refers to a class of decision problems in multi-criteria optimization

where objectives and constraints include both hard (quantitative) and soft (qualitative) com-
ponents. In traditional multi-criteria optimization, these are often handled via weighted
sum methods or Pareto-frontier analysis. However, hard elements, such as cost mini-
mization, profit maximization, or feasibility constraints, are modeled using mathematical
programming techniques based on well-defined numerical functions. In contrast, soft
components, including strategic alignment, stakeholder preferences, ethical considerations,
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or policy compliance, are difficult to represent in standard multi-criteria models because
they depend on contextual interpretation and semantic understanding, which are not easily
captured in conventional mathematical formulations. This limitation is evident in many
real-world applications where decisions must balance measurable performance with intan-
gible values. In project portfolio management, for example, selecting projects that maximize
expected value while aligning with organizational strategy requires evaluating qualitative
criteria such as innovation potential or sustainability impact [1,2]. Similarly, in supply
chain design, supplier selection involves not only cost and lead time but also environmental
and social considerations, which are often expressed in textual or policy-based form [3].
Existing optimization approaches struggle to integrate these dimensions within a unified
and operational manner.

In effect, traditional methods remain largely focused on quantitative metrics and do
not incorporate semantic reasoning into the decision loop. Studies in machine learning, and
in particular natural language processing, have improved the ability to extract structured
signals from unstructured text [4,5]. However, most approaches treat these signals as
inputs to predictive models rather than embedding language understanding directly into
the optimization process. Some studies on LLMs have shown their capacity to perform
complex reasoning and contextual evaluation tasks [6], yet their integration into formal
optimization pipelines remains limited. This gap motivates the development of hybrid
methods that combine search-based optimization with semantic reasoning. This paper
introduces a hybrid methodology that integrates metaheuristic search with LLM-based
semantic evaluation. In this framework, the metaheuristic component explores the feasible
solution space under hard constraints, such as budget or resource limits, using estab-
lished techniques [7,8]. In parallel, the LLM processes qualitative inputs, such as strategic
documents or project descriptions, to assess semantic alignment with soft objectives and
to generate new candidate solutions that reflect contextual goals. A key feature of the
proposed approach is the feedback loop between these components. Candidate solutions
generated or modified by the metaheuristic are evaluated not only on quantitative criteria
but also on semantic relevance. Conversely, the LLM proposes new configurations that are
injected into the search process, guiding exploration toward regions of the solution space
that better satisfy qualitative objectives. This interaction enables the system to iteratively
converge toward solutions that balance financial performance with alignment to abstract
goals such as sustainability, equity, or organizational vision (Figure 1).

Figure 1. LLM-support for multi-criteria soft optimization problems.
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To formalize this interaction, let X denote the feasible solution space and x ∈ X repre-
sent a candidate solution. The optimization problem is defined by a composite objective
function F(x) = fhard(x) + λ fsoft(x), where fhard(x) quantifies measurable performance
metrics and fsoft(x) captures qualitative alignment. The soft component is derived via
a semantic mapping process: a candidate x is first transformed into a structured textual
representation ϕ(x) using context c. An LLM then evaluates this representation to pro-
duce a semantic assessment s = LLM(ϕ(x), c), which is subsequently mapped to a scalar
score via a function ϕ(·), yielding fsoft(x) = ϕ(s). In the proposed generative heuris-
tic framework, the search process S iteratively generates a candidate pool Ct through
two parallel mechanisms: stochastic exploration using heuristic operators, denoted as
Cmeta

t = Smeta(Pt), and semantic generation conditioned on the current best solutions P∗t ,
denoted as CLLM

t = LLMgen(c,P∗t ). The unified pool Ct = Cmeta
t ∪ CLLM

t is then evaluated
using F(x), and the population Pt+1 is updated to guide the search toward regions that
satisfy both hard constraints and soft strategic objectives. In order to illustrate the proposed
approach, a case study is employed to show that the integration of metaheuristics and LLMs
can improve solution quality in optimization problems characterized by both hard and soft
criteria. Specifically, the classical mean-variance portfolio selection problem introduced by
Markowitz [9] is considered. This model defines the efficient frontier. This paper extends
the original model within a soft optimization context by allowing qualitative preferences to
complement the traditional risk–return trade-off. The results indicate that the proposed
approach can improve performance in decision settings where purely quantitative methods
may be insufficient.

The main contributions of this paper are threefold: (i) it introduces ‘soft optimization’
as a distinct class of problems where qualitative constraints require semantic reasoning;
(ii) it proposes a ‘generative heuristic’ framework that unifies heuristic search with LLM-
based semantic evaluation and generation; and (iii) it illustrates the efficacy of the proposed
methodology through a portfolio optimization case study, showing improved alignment
with strategic objectives without significant loss in financial performance. The rest of this
paper is structured as follows: Section 2 reviews related work on hybrid optimization
methods, the integration of LLMs in decision support systems, and existing models for
soft objectives; Section 3 presents the proposed framework, detailing how metaheuristics
and LLMs are integrated within a unified search-semantic loop; Section 4 discusses key
computational considerations including algorithmic setup, parameter configurations, and
efficiency analysis; Sections 5–7 detail a case study with problem formulations, implemen-
tation steps, and results; Section 8 provides verification and statistical analysis; Section 9
reviews scalability and cost aspects of the soft-optimization layer; finally, Section 10 pro-
vides managerial insights into the practical application of this framework in real-world
settings, followed by concluding remarks in Section 11.

2. Related Work
Metaheuristic algorithms have been widely used to address complex optimization

problems where exact methods are not tractable [10]. These approaches efficiently explore
large and non-convex search spaces and have been successfully applied to engineering
design, logistics, scheduling, and many other optimization domains [8,11,12]. In partic-
ular, metaheuristics have shown strong performance in multi-objective and constrained
optimization problems [13]. Despite their success, traditional metaheuristics operate exclu-
sively on quantitative representations of the problem and therefore lack mechanisms to
directly incorporate qualitative or semantic information. The integration of qualitative cri-
teria has instead been studied within multi-criteria decision-making (MCDM) frameworks,
which combine quantitative and qualitative factors through scoring, weighting, or pairwise
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comparison methods [14,15]. Applications include project portfolio selection and sustain-
able supply chain management, where non-financial criteria are important [16]. However,
these approaches generally require qualitative judgments to be manually translated into
numerical scores and are typically applied after the optimization process rather than being
embedded within it.

Some studies on LLMs have shown strong capabilities in natural language understand-
ing and semantic reasoning [4,5]. These capabilities have motivated growing interest in
combining LLMs with optimization algorithms. Existing work can be broadly grouped into
three directions. The first uses LLMs to guide optimization by generating search strategies,
adapting operators, or assisting the optimization process [17,18]. The second employs
LLMs as hyper-heuristics, where language models generate, select, or adapt heuristics
for solving optimization problems [19,20]. The third investigates the interaction between
LLMs and evolutionary computation, including LLM-assisted evolutionary algorithms,
multi-agent optimization frameworks, and the broader integration of foundation models
with evolutionary computation [21–25]. Although these studies illustrate the potential of
combining LLMs with optimization, their primary objective is to improve the optimization
process itself by designing better search operators, generating heuristics, tuning algorithm
parameters, or accelerating convergence. In these approaches, the LLM mainly supports
how the search is conducted rather than what is being optimized. Other studies have fur-
ther expanded the integration of LLMs into optimization workflows. OptiMUS [26] shown
that LLMs can automatically translate optimization problems expressed in natural language
into mathematical programming models solvable by mixed-integer optimization solvers,
while OptiMUS-0.3 [27] extended this approach to improve scalability and robustness
for larger optimization instances. Another proposed approach is ORLM [28], a customiz-
able framework for training LLMs specifically for optimization modeling. It shows that
domain-specific fine-tuning substantially improves the quality of automatically generated
optimization formulations compared with prompt engineering alone. Beyond optimiza-
tion modeling, recent work has explored the automatic design of optimization heuristics
using LLMs [29], benchmarked their reasoning capabilities on constrained combinatorial
optimization problems expressed in natural language, and introduced infeasibility-aware
frameworks that enable LLMs to identify infeasible solutions while generating high-quality
initial candidates for downstream optimization. These innovations illustrate the rapid evo-
lution of LLM-assisted optimization, spanning optimization modeling, heuristic generation,
constrained reasoning, and hybrid optimization strategies.

The methodology proposed in this paper assigns the LLM a fundamentally different
role. Rather than supporting the search process, the LLM evaluates qualitative objectives
that cannot be naturally formulated as explicit mathematical objective functions. The
optimization algorithm remains responsible for optimizing the quantitative objectives,
while the LLM provides semantic assessments of solution quality according to a user-
defined rubric. These assessments are incorporated into the optimization as a soft objective,
allowing quantitative and qualitative criteria to be optimized simultaneously. Consequently,
the proposed methodology targets a different class of optimization problems in which
part of the objective depends on semantic interpretation rather than purely numerical
evaluation. To the best of our knowledge, there is still limited work providing a systematic
methodology for integrating semantic evaluation directly into the optimization objective,
instead of using LLMs only to improve the optimization algorithm itself.
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3. Generative Heuristics
The notation used in the general methodological formulation is defined next. Notice

that this formulation is intentionally expressed at an abstract level, since the complete
portfolio-specific objective function and constraints are introduced later in the case-study
section. Let X denote the solution space containing all candidate solutions, and let x ∈ X
denote a generic candidate solution. The composite objective function is denoted by F(x),
where fhard(x) represents the quantitative objective component and fsoft(x) represents
the soft objective component obtained from the LLM-based evaluation. The parameter λ

controls the influence of the soft objective. Hard feasibility constraints are represented by
gi(x), with i = 1, . . . , m, where m is the number of such constraints. The context provided
to the LLM is denoted by c, and the resulting textual or structured assessment by s. The
function ϕ(·) maps the LLM response into a numerical score. The set P∗t contains the
high-quality solutions used to guide LLM-based generation, and xnew denotes a new
candidate solution generated by the LLM. The following formulation provides the general
methodological structure of the proposed soft-optimization framework. It is not intended
to replace the problem-specific mathematical model, which is introduced later in the case-
study section.

Consider a soft optimization problem defined over a solution space X . Each candidate
solution x ∈ X is evaluated using both quantitative and qualitative criteria. Quantitative
components represent measurable performance indicators, while qualitative components
capture preference-based or semantic assessments that require contextual interpretation.
A scalarized formulation for a minimization problem can be written as:

min
x∈X

F(x) = fhard(x) + λ fsoft(x) (1)

subject to hard feasibility constraints:

gi(x) ≤ 0, i = 1, 2, . . . , m (2)

where λ is a weighting parameter, fhard(x) denotes the quantitative component of the un-
derlying hard optimization problem, and fsoft(x) denotes a cost derived from qualitative
or semantic evaluation. The quantitative component of the underlying hard optimization
problem, The hard constraints gi(x) define feasibility requirements that must be satisfied
independently of the soft evaluation. To ensure comparability, both objective components
are normalized via min-max scaling to [0, 1] before being combined. If the LLM produces
a higher-is-better alignment score, the score is inverted so that higher alignment corre-
sponds to a lower cost, consistent with the minimization objective. In this formulation,
the LLM acts as a semantic evaluator that maps a candidate solution into a scalar score
reflecting qualitative objectives such as sustainability, equity, or strategic alignment. This
score is then integrated into the overall objective function and used within the heuristic
search procedure to guide exploration toward solutions that satisfy both quantitative and
qualitative criteria.

The methodology proposed in this paper for solving the soft version of the portfolio
optimization problem combines a metaheuristic search process with an LLM. First, a ge-
netic algorithm (GA) solves the hard optimization problem (variance minimization) for
a grid of target returns. Thus, an initial feasible population is generated and evaluated
according to the portfolio variance objective while satisfying the target-return and budget
constraints. Each generation applies tournament selection, simulated binary crossover
(SBX), and polynomial mutation. Since these operators may generate infeasible portfo-
lios, a repair procedure is applied to restore feasibility by enforcing the minimum-weight,
budget, and target-return constraints. The offspring are then re-evaluated and combined
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with elitism through a Hall-of-Fame (HoF) mechanism, which preserves the best solutions
found during the search. To reduce premature convergence, the algorithm also incorpo-
rates adaptive population restarts after prolonged stagnation and warm-start initialization
between consecutive target-return levels. The HoF contains several financially high-quality
candidate portfolios around each target return, constituting the hard optimization shortlist
(HOS). This shortlist is then systematically evaluated using the non-financial criterion in
the next stage. The HOS candidates include the chosen asset identifiers, sector, geography,
ESG (environmental, social and governance) rating, and the portfolio weight. The LLM
prompt is then constructed from three elements: the complete asset metadata, the evalu-
ation rubric, and a batch of HOS candidates. The prompt explicitly instructs the model
to ignore financial performance quantities such as return and variance. Thus, the LLM
score is used only as a soft strategic signal, while financial feasibility remains defined by
the previous hard optimization stage.

To reduce ordering bias, the evaluation stage repeats each prompt batch several
times. Odd repeats use the conventional batch order, whereas even repeats reverse both
the order of prompt calls and the order of candidates inside each prompt. The stored
candidate identifiers remain unchanged, so repeated LLM observations can be aggregated
by candidate. The final strategic score used by the parametric lambda study is the mean
score across repeated calls, also using the standard deviation as a measure of confidence.
Other alternative aggregations (i.e., median) can be considered to minimize effects related
with skewness or outliers in the scoring.

Soft components are computed through structured prompts. Given a candidate solu-
tion x and a context c, the LLM produces an assessment:

s = LLM(x, c) (3)

where s is a textual or structured response. This response is transformed into a numerical
score fsoft(x) using a scoring function ϕ(·):

fsoft(x) = ϕ(s) (4)

To improve consistency, prompts follow a fixed template and may include evaluation
criteria, scoring rubrics, and examples.

In addition to evaluation, the LLM can be used to generate new candidate solutions.
Given a context c and a set of high-quality solutions P∗t , the LLM produces a new solution:

xnew = LLMgen(c,P∗t ) (5)

Generated solutions are encoded into the same representation used by the metaheuristic. If
needed, a repair operator ensures feasibility with respect to hard constraints. The overall
procedure is summarized in the block diagram shown in Figure 2, where hard feasibility,
qualitative objectives, and soft-constraint preferences are jointly integrated within the
search loop.

The interaction between the metaheuristic and the LLM introduces additional design
choices. These include the definition of prompt templates, the mapping from textual
outputs to numerical scores, and the balance between exploration and exploitation. The
weighting parameter λ controls the influence of soft objectives and can be tuned based on
the application. The framework is modular. Different metaheuristics or language models
can be used without changing the overall structure. This allows the method to adapt
to different problem domains and scales. As an example, the proposed methodology is
instantiated using a DEAP GA [30], as shown in Algorithm 1. The proposed algorithm
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operates as an iterative hybrid loop that alternates between stochastic exploration via
genetic operators and semantic exploitation via LLMs. In each generation t, the algorithm
first generates a set of candidate solutions Cmeta

t using standard selection, crossover, and
mutation operators on the current population Pt. Concurrently, it employs the LLM to
generate a set of semantically informed candidates CLLM

t , conditioned on the problem
context c and the current best-known solutions. These two sets are merged into a unified
candidate pool Ct. Before evaluation, each candidate in Ct undergoes a repair phase to
ensure feasibility with respect to hard constraints (e.g., budget and weight sum constraints).
The core of the framework is the evaluation phase, where each candidate x is assessed using
the composite objective function F(x) = fhard(x) + λ fsoft(x). Here, fhard(x) represents
the normalized quantitative cost (e.g., portfolio variance), while fsoft(x) is derived from
the LLM’s semantic evaluation. To mitigate the stochasticity of LLM outputs, the soft
score is computed by aggregating results from multiple prompt evaluations, ensuring
a robust estimate of qualitative alignment. Finally, a survivor selection mechanism updates
the population Pt+1 based on the combined fitness scores, preserving high-performing
solutions across both financial and strategic dimensions. The process repeats until the
stopping criterion is met, returning the best solution x∗ found.

Algorithm 1 Hybrid GA with LLM-based Semantic Evaluation

1: Initialize population P0 with feasible solutions
2: t← 0
3: while stopping criterion not met do
4: // Candidate generation (two branches)
5: Generate Cmeta

t from Pt using Selection, Crossover, Mutation
6: Generate CLLM

t using LLMgen(c,Pt)
7: // Merge
8: Ct ← Cmeta

t ∪ CLLM
t

9: // Repair
10: for each x ∈ Ct do
11: x ← Repair(x)
12: x ← LocalSearch(x)
13: end for
14: // Evaluation loop (matches diagram)
15: for each x ∈ Ct do
16: Compute fhard(x)
17: Compute fsoft(x) via LLM
18: Compute

F(x) = fhard(x) + λ fsoft(x)

19: end for
20: // Population update (GA survival step)
21: Pt+1 ← SurvivorSelection(Pt, Ct)
22: t← t + 1
23: end while
24: return x∗ ∈ Pt s.t. F(x∗) = minx∈Pt F(x)
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No
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Yes
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Figure 2. Block diagram for the generative metaheuristic framework.

4. Computational Issues
The proposed methodology introduces additional computational layers compared to

standard metaheuristics. In particular, the integration of LLMs raises challenges related to
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latency, cost, scalability, and reproducibility. This section discusses key implementation
choices and their implications. A first design choice concerns whether the LLM is accessed
through an online API or deployed locally. Online LLMs provide access to state-of-the-
art models with strong reasoning capabilities and minimal setup effort. However, they
introduce non-negligible latency due to network communication and may incur usage
costs proportional to the number of queries. In addition, reproducibility can be affected by
model updates and limited control over inference settings. Local LLMs, in contrast, offer
full control over the model and inference pipeline. They allow for reproducible experi-
ments and eliminate dependency on external services. However, they require significant
computational resources, including GPUs or specialized hardware, and may provide lower
performance depending on the model size and training quality. In practice, the choice
depends on the trade-off between performance, cost, and experimental control.

Since LLM calls are computationally expensive, the number of queries must be care-
fully managed. A query budget can be enforced per iteration or for the entire optimization
process. Several strategies can improve efficiency. First, caching mechanisms can be used
to store previous LLM evaluations and avoid redundant queries for identical or similar
solutions. Second, approximate evaluation schemes can be introduced, where the LLM is
only queried for a subset of promising candidates. Third, batched evaluations can reduce
overhead when supported by the deployment environment. Another approach consists
of using surrogate models trained to approximate the LLM-based soft score. The LLM is
then queried only to update or calibrate the surrogate periodically. This reduces the overall
computational burden while preserving alignment with the semantic objective. The quality
and consistency of LLM outputs depend on prompt design. Prompts should follow a fixed
template and include clear evaluation criteria. Variability in responses can be reduced by
controlling decoding parameters such as temperature and by using deterministic settings
when available. To further improve stability, multiple LLM evaluations can be aggregated.
For instance, the same candidate solution can be evaluated several times and the results
averaged. While this increases computational cost, it reduces variance in the LLM-derived
soft components and improves robustness of the search process.

The interaction between the metaheuristic and the LLM must be carefully synchro-
nized. Frequent LLM calls may slow down the search, while infrequent calls may limit the
influence of semantic guidance. A balance can be achieved by adjusting the frequency of
LLM-based generation and evaluation. When soft objectives and soft constraints are as-
sessed separately, additional care is needed to coordinate objective-oriented and constraint-
oriented queries. Asynchronous implementations can further improve efficiency. In this
setting, LLM queries are executed in parallel with the metaheuristic search. The algo-
rithm continues exploring the solution space while waiting for LLM responses, which
are incorporated once available. This reduces idle time and improves resource utilization.
Scalability is a critical issue for large problem instances. The cost of evaluating candidates
grows with both the population size and the number of LLM queries. To address this, the
framework can restrict LLM usage to elite solutions or to selected iterations. Parallelization
of the metaheuristic component is also important. Many metaheuristics allow parallel
evaluation of candidate solutions, which can be combined with parallel LLM calls when
supported. Distributed implementations can further extend the approach to large-scale
problems. Reproducibility requires careful control of both the optimization and the LLM
components. Random seeds should be fixed for the metaheuristic. For the LLM, prompts,
model versions, and inference parameters must be logged. When using online models,
it is important to record API versions and timestamps. Storing intermediate solutions,
LLM responses, soft-objective scores, and final evaluation scores enables post hoc analysis
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and validation. This is particularly relevant when the semantic components depend on
stochastic or non-deterministic outputs.

5. Case Study Description
To assess the approach, a portfolio optimization problem over a universe of financial

assets is introduced as a case study. In this section, the generic candidate solution x
introduced in Section 3 is instantiated as a portfolio. The portfolio-specific notation used in
the case study is introduced before presenting the mathematical formulation. Let N denote
the set of available assets, with n = |N| representing the number of assets, and let i ∈ N
denote the asset index. The expected return of asset i is denoted by µi, and the covariance
matrix of asset returns by Σ. The descriptive information associated with asset i, such as its
sector, geographical exposure, or ESG profile, is denoted by di. The portfolio is represented
by the weight vector w ∈ Rn, where wi denotes the proportion of capital invested in asset
i. The target portfolio return is denoted by ρ, and the LLM strategic alignment score by
S. Each asset i ∈ N is characterized by an expected return µi, a covariance matrix Σ, and
descriptive information di (e.g., sector, ESG profile, or business activity). The decision
variable is a vector of portfolio weights w ∈ Rn, where wi represents the proportion of
capital invested in asset i. The feasible set satisfies:

n

∑
i=1

wi = 1 wi ≥ 0 (6)

where the hard objective follows the classical mean-variance framework:

min
w

w⊤Σw

s.t. µ⊤w ≥ ρ

1⊤w = 1

w ≥ 0

(7)

In addition, the investor provides strategic guidelines expressed in natural language.
These include preferences such as sustainability, regional exposure, or diversification. These
preferences define a soft objective that measures how well a portfolio aligns with the desired
strategy. Given a portfolio x, a textual representation is constructed by aggregating the
descriptions of the selected assets (the ones with positive portfolio weights):

d(w) =
⊕

i∈N:wi>0

di (8)

The alignment score is computed using an LLM:

fsoft(w) = ϕ(LLM(d(w), c)) (9)

where c represents the strategic context and ϕ(·) maps the LLM response to a numerical
score. The prompt includes evaluation criteria such as contribution to sustainability, sup-
port for innovation, and consistency with organizational goals. The solution process has
two main steps. First, a set of candidate portfolios is generated using a hard optimization
method, in this case a GA. The process is repeated for different target configurations, creat-
ing a diverse set of feasible and high-quality solutions. A minimum weight constraint is
also included to increase diversity. This pool of solutions is referred to as the HOS. Second,
the HOS candidates are evaluated using the LLM. This step incorporates soft attributes that
are not part of the mathematical model. Each candidate is scored according to a predefined
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rubric that reflects the investor’s preferences. The LLM also provides structured outputs
that explain its assessment.

To improve robustness, the evaluation process is repeated several times with small
variations, such as changing the order of inputs. The results are then aggregated statistically.
The final fitness of each candidate combines the hard objective and the semantic evaluation:

F(x) = fhard(w) + λ fsoft(w) (10)

Since the portfolio problem is formulated as a minimization problem, and the LLM returns
a strategic alignment score S between 1 and 100, the soft term is defined as:

fsoft(w) = 1− S
100

(11)

Finally, a parameter sweep over λ is performed. This allows for exploring different
trade-offs between financial performance and strategic alignment, and to identify the
best solution for each target return level. The implementation of the case study, as well
as the experimental setup, results, and validation, is available at https://github.com/
weOptimize/softOpt_illustrative (accessed on 3 July 2026).

6. Computational Experiment
The computational experiment is designed as a methodological validation of the

proposed GA-LLM soft-optimization framework rather than as a contribution to genetic
algorithms for portfolio optimization. GA-based approaches for classical mean-variance
portfolio optimization are already well established. In this paper, the GA is used as a hard-
optimization module, based on a specific implementation developed within an ongoing
project application, whose purpose is to generate a feasible shortlist of financially meaning-
ful candidate portfolios. The main experimental objective is therefore to analyze the behav-
ior of the LLM-based soft-evaluation layer and its interaction with the hard-optimization
shortlist. In particular, the experiment assesses whether the LLM provides a distinct strate-
gic signal from qualitative portfolio descriptors, and whether the trade-off parameter λ

induces interpretable substitutions among candidate portfolios. The minimum-weight
constraint is introduced to promote portfolio-composition diversity across hall-of-fame
candidates; without it, shortlisted solutions at the same target-return level would tend
to contain nearly identical asset sets, differing only through residual variations in portfo-
lio weights.

The proposed methodology has been implemented in Python 3.11. The genetic al-
gorithm was developed using the DEAP library, a widely used library for evolutionary
computation. The algorithm was integrated with OpenAI’s LLM through its API. All
experiments were conducted on a standard personal computer equipped with 8 GB of
RAM and an Intel Core i7 processor running at 2.3 GHz.

6.1. Reference Dataset

For this case study, stock market data that have been widely employed in previous
studies is also used [31]. The dataset comprises constituents from five major stock market
indices: Hang Seng (Hong Kong), DAX 100 (Germany), FTSE 100 (United Kingdom), S&P
100 (United States), and NIKKEI 225 (Japan). These data were obtained from DataStream
and consist of weekly observations covering the period from March 1992 to September
1997. In particular, in this study, the Hang Seng (Hong Kong) dataset, referred to as
port1, has been utilized. The benchmark instances were retrieved from the OR-Library
repository and are publicly available at http://people.brunel.ac.uk/~mastjjb/jeb/orlib/
(accessed on 3 July 2026). This dataset is used as a standard benchmark in the scientific
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literature to allow for comparison with existing best-known solutions. However, this
dataset is extended and enriched with qualitative criteria to illustrate the capability of the
proposed methodology. The aforementioned extension is done through a script, which
assigns reproducible synthetic categorical labels to each asset from predefined pools (sector,
country/geographic exposure, and ESG rating). These categories are appended as new
dataframe columns, so the resulting dataset can be used downstream. It has been generated
through a fixed pseudo-random seed for reproducibility reasons. Thus, each asset includes
a token with the following structure:

asset_id | sector | country | ESG

For example:

13|Real Estate|Euro Area|A

This is the information that will be used by the LLM to evaluate how well a certain
combination of assets fulfil the soft objective.

6.2. Hard Optimization Stage

The GA is executed across 200 generations with a population size of 50. It consists of
the classic variance minimization problem associated with financial portfolios. It is executed
a total of eight times, one for each target level. The target levels are calculated by taking
the maximum possible return (100% of allocation to only one asset, the one with highest
return), and dividing it by eight. For each target return, a HoF of the six best candidates is
extracted. Therefore, there is a total of 48 candidates which constitute the HOS. Hence, each
HOS candidate contains a stable candidate_id, the selected asset_ids, their respective
weights, and their related asset tokens. These candidates are exported to the JSON format
and used directly by the prompt-generation stage. The choice of JSON as an interface for
LLMs stems from its simple, structured, and language-agnostic format, enabling reliable
generation and straightforward parsing and validation by downstream systems.

6.3. Prompt Generation

The prompt generation uses a template-based architecture combining fixed instruc-
tional text with dynamically injected data. A predefined system message establishes the
model’s role as a financial portfolio evaluator and constrains its reasoning (e.g., prohibiting
quantitative metrics), while a user template defines the task, embeds placeholders for asset
info, rubric criteria, and candidate portfolios, and enforces a strict JSON output schema.
The core pipeline ingests candidate portfolios with external files containing asset tokens
and evaluation rubrics, then partitions candidates into batches to manage processing limits.
For each batch, a function constructs a prompt payload by combining the template with
batch-specific data and contextual inputs, enabling scalable and efficient processing of
large candidate sets. Generated prompts are serialized into structured outputs (primarily
JSON) for direct use in LLM inference, with optional plain-text versions for inspection.
The design emphasizes modularity, reproducibility, and strict output control (via asset
token verification), ensuring consistent structure, reliable parsing, and alignment with
evaluation requirements.

For the purposes of strategic evaluation, solutions consisting of a single asset allocation
are excluded from consideration. Specifically, only portfolios with a cardinality of at
least two assets are retained. This restriction is imposed because meaningful portfolio
analysis inherently relies on the interaction and diversification effects among multiple
assets. Actually, a single-asset allocation does not constitute a portfolio in the strict sense
and therefore does not allow for the assessment of strategic coherence, trade-offs, or
alignment across complementary asset characteristics. A temperature of 0.2 is used to
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ensure mostly deterministic outputs with slight randomness, improving consistency while
avoiding overly rigid responses.

6.4. Rubric Implementation

The rubric is injected directly into the user prompt supplied to the LLM. The system
message instructs the model to act as a financial portfolio manager, to evaluate only the
rubric criteria, and not to use return, volatility, Sharpe ratio, efficient-frontier concepts, or
other quantitative performance metrics. This separation is important: financial risk-return
metrics are handled by the GA, whereas the LLM evaluates only soft strategic alignment.
The current rubric contains four criteria, each scored on a 0–25 scale, as shown in Table 1.

Table 1. LLM Evaluation Rubric.

Criterion Main Evaluation Focus

Sector Diversification & Balance Balance across preferred sectors and avoidance of concentration
Geographic Structure Developed-market core and controlled emerging-market exposure
ESG Quality Consistency and strength of ESG ratings
Portfolio Coherence Whether the selected exposures form a coherent portfolio

The LLM is asked to return one numerical rating per criterion and a final strategic
S_score, defined as the sum of the criterion-level ratings. Thus, ESG quality, sector diver-
sification, geographic structure, and overall coherence enter the soft-optimization layer
through the rubric text itself rather than through additional hard-coded constraints.

6.5. Multiple Evaluations and Aggregation

To reduce sensitivity to single LLM calls, each prompt batch is evaluated multiple
times. Candidate portfolios were divided into six batches of eight candidates each. Each
batch was evaluated five times, yielding 30 LLM calls and score observations. To mitigate
ordering bias, prompts were repeated with controlled variations: in every even-numbered
evaluation, both batch order and candidate order within each prompt were reversed. The
final strategic score used downstream is the mean of the repeated strategic_score values
for each candidate, i.e.:

Si = mean(Si1, Si2, . . . , Sir) (12)

where Si is the aggregated strategic score of candidate i, and r is the number of LLM
repetitions. The final fitness values of all HOS candidates are normalized using min–max
scaling and computed according to Equations (10) and (11). Then, these candidates are
evaluated across different values of λ (0, 0.01, 0.05, 0.1, 0.2, 0.5, and 1). For each target return,
the selected portfolio may vary depending on the resulting fitness values. The parameter
settings used to execute the GA are summarized in Table 2. These parameters were selected
after a preliminary tuning phase. Instead of conducting an exhaustive parameter tuning
study, we selected values that consistently provided stable convergence, adequate solution
diversity, and reasonable computational times across all target-return levels.

Table 2. Baseline computational setup.

Item Value

GA generations 200
GA population size 50
Tournament size 3
Crossover probability 0.90
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Table 2. Cont.

Item Value

SBX distribution index (η) 20
Mutation probability 0.2
Mutation distribution index (η) 20
Hall-of-Fame size 6
Target-return levels 8
HOS candidates 48
Prompt batches 6
LLM repeats per batch 5
LLM call temperature 0.2
Lambda values 0, 0.01, 0.05, 0.1, 0.2, 0.5, 1

7. Results
This section describes the results obtained in our experiments. First, it analyzes the

hard optimization frontier. Secondly, it provides the LLM strategic scores. Finally, it
performs an analysis of the λ parameter.

7.1. Hard Optimization Frontier

To assess the quality of the solutions generated by the GA, the resulting efficient fron-
tier is compared with the unconstrained efficient frontier (UEF) available in the OR-Library
for eight target-return levels. Thus, the frontier was divided into equidistant points along
the vertical axis, which represents the user-defined expected portfolio return. Although
the algorithm was designed to address the constrained portfolio optimization problem,
this comparison provides insights about the effectiveness of the proposed approach and
its ability to generate solutions that closely approximate the benchmark efficient frontier.
The results show that the portfolio corresponding to the highest target return matches the
benchmark solution exactly, as both select the single asset with the highest expected return.
The largest deviation from the benchmark is observed at an intermediate target-return level.
Nevertheless, the differences remain moderate and are consistent with the impact of the
minimum-weight constraint. The resulting efficient frontier is shown in Figure 3. For each
of the eight target returns, the minimum-variance point on the optimal frontier is marked
with a cross (×). The next five members of the hall of fame at the same target-return level
are shown as circles (◦) in the same color.

Figure 3. Hard optimization result with a 5% minimum weight constraint.
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7.2. LLM Strategic Scores

The LLM generated a total of 240 raw scores across the 48 candidate portfolios. These
scores ranged from 5 to 50, with a mean value of 19.82. The distribution of the raw scores is
shown in Figure 4, where the black dots represent the individual sample S-scores obtained
for each candidate. After aggregating the repeated evaluations, the mean candidate-level
scores ranged from 9.00 to 27.60. The average standard deviation across repetitions was
5.40, indicating a non-negligible degree of variability in the LLM assessments. This result
justifies the use of multiple evaluations and score aggregation, rather than relying on
a single LLM call for each candidate portfolio.

Figure 4. Strategic Scores provided to the HOS by the LLM after 5 runs.

In addition, the results highlight that high-scoring candidates are not necessarily
those exhibiting the lowest variance within a given target-return group. Instead, they
tend to be portfolios that better align with qualitative criteria such as sector balance, ESG
characteristics, and overall diversification. This confirms that the LLM is not just detecting
low-risk portfolios but is actively evaluating semantic alignment (e.g., ESG, sector balance,
etc.), which is independent of financial risk metrics. Conversely, low-scoring candidates
are typically more concentrated portfolios that prioritize high returns at the expense of
diversification. These portfolios also exhibit greater variability in the LLM evaluations,
suggesting a lower degree of consensus regarding their qualitative attractiveness. These
findings open an interesting direction for future research, particularly regarding the stability
of semantic evaluations across different LLMs, prompting strategies, temperature settings,
and evaluation protocols.

7.3. Parametric Lambda Study

Figure 5 illustrates how the selected efficient frontier evolves as increasing weight is as-
signed to the soft objective, defined as 1− S/100. Each point is labeled as Ci, Sj, where Ci is
the global identifier of the candidate portfolio in the HOS, while Sj represents its aggregated
strategic score S derived from the LLM evaluation. Notice that the identifier Tk corresponds
to each target-return level, and higher values (k ∈ {1, . . . , 8}) mean better returns.

At λ = 0, the selected portfolios correspond to the purely variance-driven solution. As
λ increases, some points on the frontier are replaced by different candidates, as highlighted
in the transition box in the figure. Each transition indicates that, for a given target-return
level, the previously selected portfolio is no longer preferred once more weight is assigned
to the strategic score. Instead, another candidate from the same target group (e.g., C7 → C9

at T2) is chosen because it provides a better balance between financial risk and strategic
alignment. These changes do not imply large differences in variance, since the replacing
portfolios are close in risk, but they reflect meaningful improvements in the soft (strategic)
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objective. As λ continues to increase, fewer replacements occur, and for λ ≥ 0.5 the frontier
remains unchanged, indicating that the selection has stabilized and no further trade-offs are
available within the candidate set. This indicates that beyond λ = 0.5, the cost of increasing
strategic alignment outweighs the benefit in this specific candidate set, or that the candidate
pool lacks sufficient diversity to further improve alignment.

Figure 5. Efficient frontiers obtained for different values of λ.

The evolution of the portfolio quality metrics with different Lambda values can be
seen both at Table 3 and Figure 6. Overall, increasing λ leads to a clear improvement in
the average strategic score, which rises steadily from approximately 17.3 at λ = 0.00 to
about 24.2 for λ ≥ 0.50, where it stabilizes. This indicates that higher values of λ place
more emphasis on the strategic component, resulting in portfolios with stronger strategic
characteristics. In contrast, the average variance exhibits a slight but consistent increase
as λ grows, moving from around 0.00172 to approximately 0.00178. Although the change
is modest, this suggests a marginal increase in risk associated with prioritizing strategic
objectives. Finally, the average return remains relatively stable across all values of λ,
fluctuating within a very narrow range around 0.00684. A small decreasing tendency can
be observed for higher λ, indicating that the gain in strategic score is achieved with only
a negligible reduction in return. Taken together, these results highlight a trade-off where
increasing λ enhances the strategic quality of the portfolio at the cost of a slight increase in
risk and a marginal decrease in returns, with the effects plateauing beyond λ ≈ 0.50.

Table 3. Evolution of quality metrics of the frontier portfolios across different lambda values.

λ Frontier Points Avg. S-Score Avg. Variance Avg. Return Selected Candidates

0.00 8 17.300 0.001723 0.006851 1, 7, 13, 19, 25, 31, 37, 47
0.01 8 19.575 0.001724 0.006845 1, 9, 17, 19, 25, 31, 37, 47
0.05 8 20.650 0.001728 0.006851 1, 10, 17, 21, 25, 31, 37, 47
0.10 8 21.325 0.001733 0.006842 1, 10, 17, 21, 28, 31, 37, 47
0.20 8 22.475 0.001747 0.006832 1, 10, 17, 21, 28, 31, 38, 47
0.50 8 24.225 0.001784 0.006834 1, 10, 17, 21, 28, 33, 38, 45
1.00 8 24.225 0.001784 0.006834 1, 10, 17, 21, 28, 33, 38, 45
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Figure 6. Evolution of quality metrics of the frontier portfolios across different lambda values. Each
panel reports the evolution of one quality metric (S-score, variance and return).

8. Verification and Statistical Analysis
In this section we include the verification of the consistency of LLM outputs, as well

as the significance of the strategic improvement across increasing values of λ.

8.1. Verification

A validation step is performed to ensure that the LLM outputs remain consistent
with the original asset data. The LLM responses include structured asset tokens, which
represent the asset features used during evaluation, i.e., its sector, geographic region and
ESG rating. For the baseline experiment, a total of 1210 token mentions are recorded
across the 30 LLM calls. All 1210 tokens match valid asset attributes, and no missing or
inconsistent tokens are found. This yields a validation coverage of 100%. Notice, however,
that while token consistency ensures accuracy of the input data, it does not guarantee the
correctness of the LLM’s semantic interpretation. Figure 7 shows, for each candidate, the
graphical verification summary. In the horizontal axis the prompt identifier is depicted
(b01/r01 means batch 1, repeat 1). The vertical axis shows the amount of tokens included
in each prompt (in blue) and how many were OK (in orange). The green check mark (✓)
indicates that all emitted tokens were classified as OK.

Figure 7. Summary of asset tokens emitted vs OK for each prompt.

These results indicate that the LLM preserves the identity and characteristics of the
assets during evaluation, and that the strategic scores can be reliably linked to the underly-
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ing candidate portfolios. Finally, the observed variability across repeated LLM evaluations,
combined with full token consistency, suggests that the main source of variation is inherent
stochasticity in the scoring process rather than data inconsistencies. This justifies the use of
averaging in the final aggregation step.

8.2. Statistical Analysis

To confirm that the substitutions induced by the trade-off parameter λ correspond
to systematic gains in strategic alignment (and to verify that the effect persists at a larger
problem size), we performed a paired Wilcoxon signed-rank test on the aggregated LLM
strategic scores S̄i of the replaced and replacing candidates at each target-return level.
Two instances were considered: (A) the illustrative 31-asset portfolio portef1 (Section 5),
and (B) the larger 85-asset instance portef2 used in the scalability review (Section 9). Target-
return levels whose selected candidate remained invariant across the parametric λ analysis
were excluded from the paired analysis. Table 4 summarizes the eleven paired observations
and the resulting statistics. In instance A, all seven substitutions yield strictly positive
score gains (∆S̄ = 8.0, ∆̃S̄ = 9), producing W+ = 28, W− = 0 and an exact two-sided
p = 0.0156. In instance B, the four substitutions are also strictly positive (∆S̄ = 8.25,
∆̃S̄ = 3), with W+ = 10, W− = 0 and p = 0.125; the direction of the effect is preserved,
but the small sample precludes significance in isolation. Pooling both instances (n = 11)
gives W+ = 66, W− = 0 and an exact two-sided p = 2/211 ≈ 9.8×10−4, rejecting the
null hypothesis at α = 0.001. The observed improvements are therefore not attributable to
stochastic fluctuations of the LLM scoring and persist as the instance size grows from 31 to
85 assets.

Table 4. Paired substitutions used in the Wilcoxon signed-rank test. S̄ is the aggregated LLM strategic
score. Pairs are drawn from the λ-parametric analysis of each instance.

Instance T Replaced S̄old Replacing S̄new ∆S̄

portef1 (31) T2 C7 17 C10 26 +9
portef1 (31) T3 C13 15 C17 25 +10
portef1 (31) T4 C19 20 C21 28 +8
portef1 (31) T5 C25 20 C28 25 +5
portef1 (31) T6 C31 19 C33 23 +4
portef1 (31) T7 C37 18 C38 28 +10
portef1 (31) T8 C47 10 C45 20 +10

portef2 (85) T2 C7 12 C9 38 +26
portef2 (85) T3 C13 34 C16 35 +1
portef2 (85) T6 C31 38 C32 41 +3
portef2 (85) T7 C37 8 C42 11 +3

Instance A: n = 7, W+ = 28, W− = 0, exact two-sided p = 0.0156.
Instance B: n = 4, W+ = 10, W− = 0, exact two-sided p = 0.125.
Pooled: n = 11, W+ = 66, W− = 0, exact two-sided p ≈ 9.8×10−4.

8.3. Robustness to Unchanged Target-Return Levels

A potential concern with the analysis above is that only target-return levels where the
λ-parametric analysis produced a substitution are included in the paired test. Levels where
the incumbent candidate remained selected across the whole parametric analysis (T1 in
portef1; T1, T4, T5, T8 in portef2) yield ∆S̄ = 0 by identity, because both members of the
pair are the same candidate and no operator was applied. Following standard practice,
these ties were dropped (Wilcoxon [32], “wilcox” zero policy).

To verify that this choice does not drive our conclusions, we repeated the test on the
full sample of 16 target-return levels (eight per instance) using two alternative zero policies
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(Pratt’s rank inclusion [33] and the “zsplit” policy that allocates half of each zero rank to W+

and W−), and an exact sign test on the non-null pairs. Table 5 reports the resulting two-sided
p-values. All four procedures reject the null hypothesis of no systematic gain at α = 0.005
on the pooled sample and at α = 0.05 on the smaller instance in isolation, confirming that
the conclusion is insensitive to the treatment of unchanged target-return levels.

Table 5. Sensitivity of the Wilcoxon two-sided p-value to the zero treatment policy. All eight target-
return levels per instance are retained; unchanged levels contribute ∆S̄ = 0.

Zero Policy portef1 (n = 8) portef2 (n = 8) Pooled (n = 16)

Wilcox (drop zeros) 0.0156 0.1250 0.00098
Pratt (rank inclusion) 0.0136 0.0484 0.00142
z-split 0.0138 0.0650 0.00168
Sign test (exact binomial) 0.0156 0.1250 0.00098

9. Scalability and Cost Review of the Soft-Optimization Layer
This subsection summarizes the scalability of the proposed LLM-assisted soft op-

timization layer. The focus is on the additional cost introduced by the strategic LLM
evaluation, since the genetic algorithm (GA) component follows a standard optimization
workflow and is not the main methodological novelty of this study. Two portfolio instances
were executed. Portfolio 1 contains 31 assets, while Portfolio 2 corresponds to the larger
85-asset case, detailed in the next Section 9. The measured execution times and estimated
costs are reported in Table 6. The estimates use Azure OpenAI GPT-5.4 Mini pricing, with
an input-token rate of $0.75 per 1 M tokens and an output-token rate of $4.50 per 1 M tokens.
Local compute cost is approximated using an Azure-equivalent CPU cost of $0.05/hour.

Table 6. Pipeline Execution Times and Estimated Costs.

Stage
Portfolio 1 (31 Assets) Portfolio 2 (85 Assets)

Time (s) % Time Cost ($) Time (s) % Time Cost ($)
GA Optimization 125 25.9% 0.0017 290 30.1% 0.0040
LLM Evaluation 350 72.6% 0.0770 668 69.2% 0.1063
H.O.S. Export 1 0.2% 0.0001 1 0.1% 0.0001
Prompt Generation 2 0.4% 0.0001 2 0.2% 0.0001
Statistics Generation 3 0.6% 0.0001 3 0.3% 0.0001
Parametric λ Study 1 0.2% 0.0001 1 0.1% 0.0001

Total 482 100% $0.0791 965 100% $0.1107

Table 7 presents a breakdown of costs by pipeline stage. The LLM evaluation is the
dominant monetary component of the pipeline, accounting for 97.4% of total estimated
cost in Portfolio 1 and 96.0% in Portfolio 2. The other local stages, including H.O.S. export,
prompt generation, statistics generation, and the parametric lambda study, are negligible
in both time and cost. The GA stage is reported for completeness, but its scalability is not
central to the contribution of this paper.

Table 7. Cost Distribution by Pipeline Stage.

Stage
Portfolio 1 Portfolio 2

Cost ($) % Total Cost ($) % Total
GA Optimization 0.0017 2.1% 0.0040 3.6%
LLM Evaluation 0.0770 97.4% 0.1063 96.0%
Other Stages 0.0004 0.5% 0.0004 0.4%

Total $0.0791 100% $0.1107 100%
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The cost estimate is based on the measured prompt logs. Portfolio 1 generated
31,025 prompt-log tokens, while Portfolio 2 generated 42,839 prompt-log tokens. Because exact
Azure output-token accounting was not available, structured JSON output was estimated at
approximately 11,940 tokens for Portfolio 1 and 16,490 tokens for Portfolio 2. The LLM cost
was computed as:

LLM Cost =
Tin

1,000,000
· 0.75 +

Tout

1,000,000
· 4.50, (13)

where Tin and Tout denote input and output tokens, respectively. This gives an input
cost of $0.0233, an output cost of $0.0537, and a total LLM cost of $0.0770 for Portfolio 1.
For Portfolio 2, the input cost is $0.0321, the output cost is $0.0742, and the total LLM
cost is $0.1063. The observed increase from Portfolio 1 to Portfolio 2 shows that the total
runtime increased from 482 s to 965 s (2.00×), while the LLM evaluation time increased
from 350 s to 668 s (1.91×). The prompt-log size increased from 31,025 to 42,839 tokens
(1.38×), the estimated LLM cost increased from $0.0770 to $0.1063 (1.38×), and the total
estimated cost increased from $0.0791 to $0.1107 (1.40×). These results indicate that the
added soft-optimization layer remains inexpensive at the tested scales. Runtime grows
more strongly than monetary cost, while LLM cost grows approximately with prompt-
log size. This behaviour is mainly due to batching: each LLM request evaluates several
H.O.S. candidates while reusing the same asset universe, rubric, verified asset facts, and
JSON-response instructions. Consequently, the fixed prompt overhead is amortized across
multiple candidate evaluations.

Hence, the scalability results support the practical feasibility of the proposed LLM-
assisted evaluation layer. The main bottleneck is wall-clock latency rather than API expen-
diture. Future implementations can further improve scalability through parallel LLM batch
execution, prompt compression, candidate pre-screening, response caching, and tighter
JSON output schemas. Exact Azure token-usage logs should be used in future runs to
replace the estimated output-token component with invoice-level accounting. The results
for the Portfolio 2 instance are also included (Figure 8) for illustrative purposes. They show
a comparable level of enhancement of the strategic quality of the portfolio at the cost of
a slight increase in risk and a marginal decrease in returns.

Figure 8. Efficient frontiers obtained for different values of λ for the instance Port2 (85 assets).
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10. Managerial Insights
The proposed generative metaheuristics framework provides several practical im-

plications for managers involved in complex decision-making environments where both
quantitative and qualitative criteria are relevant. First, it enables more informed prior-
itization. Traditional decision tools often rely exclusively on numerical metrics such as
cost, revenue, or risk. With the use of semantic evaluation through LLMs, managers can
assess how well potential solutions align with strategic goals, organizational values, or
stakeholder preferences. This allows for decisions that are not only financially sound but
also consistent with long-term objectives such as sustainability, innovation, or social impact.
Second, the hybrid approach supports flexibility and adaptability. In rapidly changing
contexts, such as supply chain disruptions, market shifts, or policy changes, the framework
allows new qualitative criteria to be incorporated without redesigning the optimization
model. Managers can adjust prompts, evaluation criteria, or semantic objectives to reflect
updated priorities, and the system can generate new candidate solutions accordingly.

Third, the framework encourages proactive scenario exploration. Employing LLMs
to generate alternative configurations or policy-compliant solutions allows managers to
evaluate options that may not have been considered in traditional numerical optimization.
This promotes creative problem solving while maintaining adherence to hard constraints,
leading to more robust and resilient decision-making. Finally, implementation considera-
tions highlight trade-offs between computational cost and decision quality. Managers need
to balance the frequency of LLM-based evaluations with time and budget constraints. The
use of local or online LLMs, caching mechanisms, and surrogate models can help achieve
efficient decision support without compromising the semantic alignment of solutions.

11. Conclusions
This paper introduced generative heuristics, a novel methodology that integrates

LLMs with traditional metaheuristic algorithms to address multi-criteria optimization
problems with distinct decision contexts where qualitative constraints require semantic
interpretation. Combining the stochastic exploration capabilities of metaheuristics with the
semantic reasoning power of LLMs allows the hybrid framework to simultaneously opti-
mize quantitative financial metrics and qualitative strategic objectives. Empirical evidence
from a portfolio optimization case study shows that this approach improves strategic align-
ment (e.g., ESG and sector balance) with low impact on financial risk compared to standard
quantitative-only methods. Specifically, the genetic algorithm employed generated a hard
optimization shortlist of 48 candidate portfolios across eight target-return levels. LLM-
based semantic evaluations revealed a mean standard deviation of 5.40 across repeated
assessments, highlighting the need to aggregate multiple queries to mitigate stochastic
variability. Analysis of the weighting parameter λ indicated that strategic alignment signifi-
cantly influenced portfolio selection only when λ < 0.5. Beyond this threshold, the efficient
frontier stabilized, suggesting a saturation point where additional soft-objective weight
yielded no further benefit. Furthermore, verification of processing integrity confirmed
100% token consistency across 1210 asset token mentions in 30 LLM calls, validating that
semantic evaluations were accurate. Finally, results showed that high-scoring portfolios
for strategic alignment were not necessarily the lowest-variance solutions but rather those
with superior sector balance and diversification.

Despite these promising results, the study has certain limitations. First, the reliance on
external LLM APIs introduces computational latency and cost, which may hinder scalability
for real-time applications with large population sizes. Second, the quality of the semantic
evaluation is inherently dependent on the pre-trained biases and capabilities of the specific
LLM used. Hence, results may vary across different models or prompting strategies. Finally,
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the current methodology assumes static qualitative criteria. Future work will focus on
several directions to address these limitations. It is planned to investigate the use of smaller,
fine-tuned local LLMs to reduce latency and enhance reproducibility. Additionally, another
research line is to develop adaptive weighting mechanisms for the λ parameter, allowing
the system to automatically balance hard and soft objectives based on search progress.
Finally, extending the framework to handle dynamic, time-varying qualitative constraints
and validating it on larger, more complex real-world datasets (e.g., supply chain or energy
grid optimization) will further illustrate its practical utility.
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