The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

OptiHive: Ensemble Selection for LLM-Based Optimization via Statistical
Modeling

Maxime Bouscary', Saurabh Amin'

"Massachusetts Institute of Technology, Cambridge, MA, USA
{mbscry, amins } @mit.edu

Abstract

LLM-based solvers have emerged as a promising means of
automating problem modeling and solving. However, they re-
main unreliable and often depend on iterative repair loops that
result in significant latency. We introduce OptiHive, a frame-
work that enhances any solver-generation pipeline to produce
higher-quality solvers from natural-language descriptions of
optimization problems. OptiHive uses a single batched gen-
eration to produce diverse components (solvers, problem in-
stances, and validation tests) and filters out erroneous compo-
nents to ensure fully interpretable outputs. Accounting for the
imperfection of the generated components, we employ a sta-
tistical model to infer their true performance, enabling princi-
pled uncertainty quantification and solver selection. On tasks
ranging from traditional optimization problems to challeng-
ing variants of the Multi-Depot Vehicle Routing Problem,
OptiHive significantly outperforms baselines, increasing the
optimality rate from 5% to 92% on the most complex prob-
lems.

Code — https://github.com/mbscry/OptiHive
Extended version — https://arxiv.org/abs/2508.02503

Introduction

Large language models (LLMs) have demonstrated remark-
able abilities in reasoning, code generation, and problem
solving across a wide range of domains (Brown et al. 2020;
Achiam et al. 2023; Chen et al. 2021; Li et al. 2022), making
them increasingly relevant tools for tackling complex com-
putational tasks. However, their application to complex opti-
mization tasks remains hindered by unreliable code genera-
tion and self-evaluation. In practice, generated solvers often
exhibit two distinct failure modes: hard computational errors
(invalid syntax or runtime failure) that render code outright
unusable, and soft quality deficiencies (incorrect algorithms,
suboptimal solutions) that cannot be detected deterministi-
cally.

Traditional LLM optimization pipelines rely on iterative
generate-evaluate-repair loops or fine-tuned models with in-
tegrated correction routines. These methods can address
syntactic failures, but struggle to quantify the quality of so-
lutions due to overconfidence in self-assessment. Moreover,
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the best-performing pipelines tend to involve long and often
unpredictable latency, that is, the time between receiving a
problem description and returning a final solver. Test-based
methods, which prompt an LLM to generate input-output
pairs or simple verification functions using hard-coded val-
ues, can improve assessment in simple settings, but often fail
to produce valid test cases for complex optimization prob-
lems, where ground-truth outputs cannot be obtained with-
out solving the problem itself.

In this work, we present OptiHive, a two-stage frame-
work that enhances any solver-generation pipeline by decou-
pling interpretability constraints from quality uncertainty,
enabling both deterministic elimination of unusable compo-
nents and statistical inference over the remaining ones. In the
first stage, we simultaneously generate multiple candidate
solvers, problem instances, and validity tests. Interpretabil-
ity, defined as the ability of a solver-instance-test triple to
compile, execute, and return a syntactically valid result, is
treated as a hard feasibility requirement. We formulate an in-
teger linear program (ILP) to eliminate flawed components
(solvers, instances, and tests) and retain interpretable outputs
only. The second stage then applies a latent-class model over
the filtered elements, jointly estimating latent ground truth
variables (instance feasibility and solution validity) as well
as the error rates of solvers and tests. The framework is ag-
nostic to the optimization class and can be applied to linear,
convex, and nonconvex problems, including continuous and
mixed-integer formulations.

By quantifying the performance and trustworthiness of
each solver, OptiHive provides principled uncertainty esti-
mation and enables informed solver selection. Unlike agent-
based methods and multi-stage prompt pipelines that in-
crementally refine a single solution, our statistical ensem-
ble method departs from the prevailing “generate-then-fix”
paradigm: it generates in parallel a set of candidate solvers
from a given solver-generation pipeline, ranks the candi-
dates by their inferred true quality, and selects the most
promising one. OptiHive serves as a wrapper around existing
solver-generation pipelines, substantially improving perfor-
mance through rigorous statistical inference rather than self-
critique. With minimal computational burden from filtering,
inference, and selection, OptiHive adds negligible latency
to the pipeline it wraps, and enables high performance with
minimal overhead when paired with lightweight generation



procedures such as single-shot LLM inference.

The framework relies on the solver generation step to pro-
duce at least one correct solver. While deterministic sam-
pling (e.g., temperature 0) may fail to yield any valid candi-
date, higher temperatures can introduce the diversity needed
to uncover correct solvers. As a result, OptiHive can recover
valid solutions even when deterministic generation fails.

In summary, our work makes the following contributions:

. Minimal and consistent latency through single
batched inference and parallelization. Our framework
generates, in a single parallel step, independent candidate
solvers, problem instances, and validity tests, eliminat-
ing iterative self-correction loops. Combined with fully
parallelizable cross-evaluation of solutions and tests, this
design yields high-quality solvers with minimal latency.

Reliable solver selection via statistical inference. Pre-
vious work assumes that LLM self-evaluation provides
trustworthy quality assessment, but recent research sug-
gests that this assumption is fundamentally flawed due to
LLMs’ poor self-critique abilities and systematic biases
(Stechly, Valmeekam, and Kambhampati 2024; Chen
et al. 2024a; Moon et al. 2025). Our framework addresses
this by modeling all components (solvers, instances, and
tests) as inherently noisy and employing rigorous statis-
tical methods to estimate their true performance.

. Numerical experiments on two classes of complex op-
timization problems. We demonstrate that our frame-
work reliably identifies high-quality solvers and signifi-
cantly outperforms baselines on complex variants of the
Multi-Depot Vehicle Routing Problem and the Weighted
Set Cover Problem.

Related Work

Our work lies at the intersection of two streams of research
within this field: LLMs for optimization problems and LLM-
generated test functions.

LLMs for Optimization Problems

Chain-of-Thought (CoT) prompting (Wei et al. 2022)
demonstrated that eliciting intermediate reasoning steps
significantly improves performance on complex reasoning
tasks in large-scale LLMs. Building on this, Composition
of Experts (CoE) (Xiao et al. 2023) introduced an agent-
based orchestrator that routes inputs to specialized LLM ex-
perts, improving scalability and customization in optimiza-
tion pipelines. OptiMUS (AhmadiTeshnizi et al. 2024) and
OptimAI (Thind et al. 2025) present end-to-end frameworks
that automatically translate natural language problem de-
scriptions into mathematical models, validating the feasibil-
ity of large-scale optimization modeling. Both approaches
incorporate self-correction loops, prompting the LLM to it-
eratively evaluate and revise its output until it passes a spec-
ified evaluation or reaches a maximum number of itera-
tions. While this iterative refinement improves the correct-
ness of generated models, it introduces significant latency
and can be unreliable, particularly when the model repeat-
edly makes similar errors. Aligned with improvement loops,
Optimization by PROmpting (OPRO) (Yang et al. 2023) pro-
poses new candidates based on all previously generated so-
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Iutions with their objective values, while Self-Guiding Ex-
ploration (SGE) (Iklassov et al. 2024) employs a thought-
based framework that breaks each problem into simpler sub-
tasks and then iteratively refines each “thought” through a
fixed number of LLM calls. Drawing on evolutionary algo-
rithms, Hercules (Wu et al. 2025) employs an outer loop
that generates, evaluates, and selects heuristic candidates
across successive generations. Parallel to these methods, LL-
MOPT (Jiang et al. 2024) and LLaMoCo (Ma et al. 2024)
enhance the problem formulation and solver code generation
via instruction-tuning. In contrast, our framework adopts a
linear approach that eliminates self-correction loops by pro-
ducing a set of independent candidate solvers, filtering out
solvers returning non-interpretable results, and selecting the
highest potential solver based on the parameters estimated
by the latent-class model. This design achieves both low la-
tency and high performance, overcoming a key bottleneck
of existing LLM-driven optimization pipelines.

LLM-Generated Test Functions

Recent studies indicate that LLMs are poor and biased in
self-critique (Huang et al. 2023; Stechly, Valmeekam, and
Kambhampati 2024; Chen et al. 2024a; Moon et al. 2025).
As a result, the automatic generation of external test func-
tions, rather than relying on the model’s self-evaluation,
has gained traction. Most works focus on unit test gen-
eration (Chen et al. 2022; Jain et al. 2024; Prasad et al.
2025; Chen et al. 2024b; Lin et al. 2025), where LLMs
are prompted to write valid input-output pairs. These ap-
proaches significantly reduce manual testing effort and can
achieve high code coverage, but are not amenable to com-
plex optimization problems where the reasoning capabilities
of the LLM are insufficient to produce valid input-output
pairs. Only a handful of efforts have explored generating
complete test functions (Yuan et al. 2023; Schifer et al.
2023; Rao et al. 2023), but these remain restricted to simple
assert-based checks over hard-coded inputs. In contrast, we
generate reusable test functions that take input-output pairs
and verify problem-specific invariants, such as constraint
feasibility and objective value consistency. The decoupling
of tests from specific inputs (i.e. problem instances) makes
our framework thrifty, as each test can be reused to validate
diverse solver-instance pairs.

Methodology

Figure 1 illustrates the two stages of OptiHive. In the first
stage (generation of valid components), we efficiently pro-
duce executable components, resulting in a set of inter-
pretable outputs. Specifically, we perform a single batch
generation to obtain a pool of candidate solvers, problem
instances, and validity tests. We compile and execute every
solver-instance pair, and execute all tests on solver—instance
pairs producing a solution. Then, we solve an ILP to remove
a subset of solvers, instances, and tests, so that only inter-
pretable outputs are retained. In the second stage (solver
characterization and selection), we fit a latent-class model
(Dawid and Skene 1979) on these interpretable outputs to
jointly infer the feasibility of instances and each solver’s so-
lution validity, and the type I/II error rates of both solvers



Algorithm 1: OptiHive

Require: Sample sizes Ng, Ny, Np
: // Generation step
: Perform single batch generation to obtain:
solvers S of size Ng
instances I of size N
tests T" of size N
: // Testing step
: forall (s,i) € S x I do
Execute solver s on instance ¢ to obtain r ;
if rs; = 1 then

forallt € T do

Execute test t on solution of (s, i) to obtain r ; ;

end for
end if
: end for
. // Filtering step
: Solve (1) to obtain z*, y*, 2*
S {sefS:a;=1}
I+ {iel:yr=1}
T+ {teT:zf=1}
R {rsie:(s,0,t) € Sx I xT}
. // Characterization step
: Initialize 00 = ()\7 {OCSa ﬂsv rys}sESa ao, b07 ai, bl)
: repeat
Compute 6y from (2) with ; and R
. until convergence to 8* or iteration limit
: // Selection step
8% «—argmingcg g(0*, s)
: return s*
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and tests. Finally, we rank solvers with a scalarized objec-
tive that integrates their estimated error rates and expected
objective values, and select the top-ranked candidate. The
entire framework is given in Algorithm 1. We now describe
each stage in detail, beginning with the generation of com-
ponents.

Generation of Valid Components

Batched Components Generation. Given a problem de-
scription with input and output format specifications, we in-
voke an LLM to generate three sets:

1. Candidate Solvers S. Each solver s € S is a function
taking as input a problem instance ¢ and returning an op-
timization report with INFEASIBLE status if the instance
admits no feasible solution, or the best solution found
within the time limit at its corresponding objective value

with either OPTIMAL or TIME_LIMIT status.

. Problem Instances I. The diversity of instances in I is
encouraged by providing different random seeds in each
prompt, and slightly varying the phrasing of the prompts,
explicitly requesting feasible, infeasible, or random in-
stances.

. Validity Tests T. Each test ¢ € T is a function taking as
input an instance-solution pair (¢, z) and returning TRUE
if and only if the solution z is feasible for ¢ and its true
objective value matches the reported objective value.
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All prompts are provided in Appendix A of the extended
version of this paper. Importantly, every component in .S, I,
and 7' is independent of other components, so that all com-
ponents can be generated simultaneously. The set S can be
obtained using a more refined generation pipeline. In any
case, no additional calls to the LLM are required during sub-
sequent steps, which is key to the low latency of our frame-
work.

Testing. Note that all LLM-generated components are
subject to being syntactically or semantically invalid. For
each tuple (s,i) € S x I, we attempt to obtain an optimiza-
tion report by running s on 7. We say that the tuple (s, )
is interpretable if s and ¢ compile, running s on ¢ does not
raise an error during execution, and the report of (s, %) con-
tains a status field with an interpretable value. For every test
t, we say that the triple (s, ,t) is interpretable when test ¢
compiles and either:

1. (s,1) is interpretable with a report without solution.

2. (s, 1) is interpretable with a report containing a solution,
running test ¢ on the solution of (s, ) does not raise error
during execution, and returns a boolean.

Filtering. Instead of integrating a costly (and often un-
reliable) self-correction loop for each component to ensure
compilability, executability, and evaluability, we filter out a
subset of the components to retain only interpretable triples
(s,4,1).

To retain a maximum number of components while fil-
tering out all the non-interpretable triples, we formulate the
following ILP:

max ;xﬁr;yﬂr;zt (D
st zs+y; +2¢ <2 V(s,i,t) €U
xs € {0,1}, Vse S
Y; € {0, 1}, Viel
z € {0,1}, VieT

where x4 (resp. y; and z; ) are binary variables equal to 1 if
and only if solver s (resp. instance ¢ and test ¢) are kept, and
U=1{(s,i,t) € SxIxT: (si,t)isnot interpretable}.
After solving (1), we obtain optimal selections z*, y*, and
z* and define:

SE£{seS:at=1}
I2{iel:y =1}
T2{teT:z =1}

By construction, every triple in S x I x T is interpretable.
This ILP is tractable even with hundreds of solvers, in-
stances, and tests, as the number of variables grows linearly
with the number of components, and I/ exhibits a highly
structured pattern since failure of a solver, instance, or test
often induces multiple non-interpretable triples involving
that component.
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1. Generation of Valid Components

2. Characterization and Selection of Solvers

Figure 1: OptiHive produces optimization solvers through a two-stage process. In the first stage, it produces candidate solvers,
problem instances, and tests, then filters out components to retain only fully interpretable solver-instance-test triples (repre-
sented as cubes). In the second stage, it applies latent class analysis to estimate the performance of each solver and selects the
most promising candidate. Red, yellow, and green bubbles denote solvers that return non-interpretable or infeasible, feasible

but suboptimal, and optimal solutions, respectively.

Solver Characterization and Selection

Characterization. Although every triple (s,4,t¢) is now
interpretable, we only observe solver reports and, when a re-
port contains a solution, whether that solution passes a suite
of imperfect tests. Notably, the true feasibility of instances
and the validity of reported solutions are unknown, as both
solvers and tests are generated by an LLM and thus can-
not be assumed to be perfectly trustworthy. By treating these
unobserved variables as latent, we use a latent-class model
to jointly estimate the membership of instances and solu-
tions, the accuracy of solvers (type I/II error rates, validity
rate of solutions on feasible instances), and the accuracy of
tests (type I/II error rates). Specifically, we observe for all
(s,i) € Sx I

']“S’i =

1 if solver s reports a solution
0 otherwise.

and for all (s,7,t) € S x I x T such thatr,; = 1:

1
Tsit = 0

For all 7 € I, we define the latent variable:

r={

and for all (s,7) € S x I such thatry, = 1:

if the solution of (s, ) passes test ¢
otherwise.

if instance 7 admits a feasible solution
otherwise.

fui= 1 ifr,; = 1 and the solution of (s, ) is feasible
"7 1 0 otherwise.

We then make the following assumptions on the distribu-
tion of these variables:
1. Instances. For all i € I:
P(fi=1)=A
with A\ being the probability that a randomly drawn in-
stance is feasible.

2. Solvers. For all (s,i) € S x I:
P(Ts,i:1|fi:0):as
Pres=1]fi=1)=1-p5s
IP)(fs,i =1 | Tsi = 17fl:1) =7s
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where «;, (s, and 7y, are false positive rate, false nega-
tive rate, and rate of feasible solutions among reports on
positive instances, respectively, for solver s.

3. Tests. For each solver-instance pair with r,; = 1, we
aggregate the test outcomes as C; = Y, o 7s,i,¢- Test
outcomes are not independent since some solutions are
inherently harder to evaluate than others. However, con-
ditioned on the latent variable f; ;, the individual test re-
sults are assumed to be exchangeable. To capture this, we
model C; ; with Beta-Binomial distributions as:

Cs.i | fs.i = 0 ~ BetaBinomial (|T'|, ag, bo)
Cs.i | fsi =1 ~ BetaBinomial (|T'|, a1, b1)

To break the symmetry, we leverage the fact that tests rarely
reject feasible solutions and use a strong prior Beta(a, )
with @ > [ on the tests’ true-positive rate al‘j:bl, which
strongly favors values close to 1.

Let 0 = (\ {as,Bs,7stses, ao, bo, a1,b1) denote the
set of all parameters, and R (resp. F) be the set of
observed (resp. latent) variables. We use the expecta-
tion—maximization (EM) algorithm to find a set of param-
eters 0* locally maximizing the observed data likelihood
function by iterating over the following update

Opy1 = arg;naXEFNIP’(-|R,9;C) P (R,F[0)] (2

until convergence. The distribution of the latent variables
{fi}icr. {fs,i}(s,i)esx1 can then be estimated from 0*. See
Appendix B in the extended version for details on update

Q).

Selection. For all reports containing a solution, let z, ; be

the objective value reported by solver s on instance ¢, and
Zs = ]EiN]P("Ts,izlyfs,izl) [Zs,i]

be the conditional expected objective over feasible solutions

reported by solver s.

Solver selection requires balancing multiple, often con-
flicting objectives. While some solvers may reliably detect
infeasible instances, others may excel at returning high-
quality solutions on feasible ones, yet fail to distinguish in-
feasibility. Relying solely on expected objective value can



favor solvers that over-report feasibility or silently fail on
hard instances.

To account for this trade-off, we define a scalarized ob-
jective function that summarizes overall solver quality in a
single score:

9(6*,5) £ N1 = B5)VsZs + ABs Priss
+ ((1 - A)as + /\(1 - ﬂs)(l - '73)) P (3)

Specifically, g(6*, s) denotes the expected objective value of
solver s under penalties Ppi;s when no solution is found for
a feasible instance, and P,; when an infeasible solution is
reported, respectively. By default, P;ss and Pp; can be set
to 10 - Znax, With Z .« defined as the maximum absolute ob-
jective value reported across all solver-instance pairs. This
ensures that both under-reporting and over-reporting solvers
are severely penalized. This scalarized objective provides a
basis for ranking solvers, from which the final solver is se-
lected as s* = argmin, g g(6*, 5).

Experimental Results

Previous benchmark datasets for optimization from natu-
ral language, such as NLPALP (AhmadiTeshnizi, Gao, and
Udell 2023) and ComplexOR (Xiao et al. 2023), include
problems that recent LLMs can now solve reliably, but
where perfect scores remain difficult to achieve due to am-
biguous or underspecified problem statements. For example,
instances may describe integer-valued quantities while ask-
ing for LP formulations, leaving the model to infer the in-
tended discretization. As a result, they do not allow for a re-
liable evaluation of solver performance, since failures may
stem from prompt ambiguity rather than solver quality. To
address this, we designed variants of the Multi-Depot Vehi-
cle Routing Problem (MDVRP) and the Weighted Set Cover
Problem (WSCP) that introduce increasing levels of com-
plexity, enabling meaningful performance evaluation.

Experimental Setup

We compare the performance of solvers returned by Opti-
Hive against those produced directly by the same LLM used
in the solver generation step, in order to isolate and highlight
the marginal gains provided by OptiHive’s selection mech-
anism. Rather than comparing against existing LLM-based
optimization pipelines, our focus is on demonstrating how
OptiHive can enhance the performance of any such pipeline
by selecting high-quality solvers from a pool of candidates.

For each problem, we sample random tractable instances
and compute ground-truth objectives using a reference
solver. A candidate solver is feasible if all its solutions sat-
isfy the variant-specific constraints, and optimal if, in addi-
tion, the reported objectives match the ground truth within a
specified tolerance.

We generate sets of 100 solvers, 100 instances, and 100
tests per problem, then pre-compute the outputs of all solver-
instance pairs and all solver-instance-test triples correspond-
ing to interpretable pairs. We evaluate the performance of
OptiHive by sampling, with replacement, the specified num-
ber of components, and proceed with filtering, characteriz-
ing, and selecting a solver. We repeat this process 10,000
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times with random seeds for every run to obtain a reliable
estimate of the performance.

We use OpenAl models (gpt-4.l-nano,
gpt—4.1-mini, and o3), with the temperature fixed
at the default value of 0.7. The specific model used is
indicated for each problem. Runs are parallelized on an
AMD EPYC 9734 processor. The number of expectation-
maximization loops is limited to 100 iterations, and all
individual runs complete in less than 1 second. This runtime
is negligible compared to the time required for LLM infer-
ence or the overhead incurred by typical code generation
pipelines.

Multi-Depot Vehicle Routing Problems
We study two variants of MDVRP (Toth and Vigo 2002):

* Distance-Constrained Multi-Depot Vehicle

Problem (DCMDVRP)

* Multi-Depot Vehicle Routing Problem with Obstacles
(MDVRP+OBS)

In the DCMDVRP, each vehicle’s total travel distance is con-
strained by a fixed upper bound. While this variant is less
common than the standard MDVREP, it can typically be ad-
dressed by adding a single distance constraint per vehicle.
Aside from rare formulation flaws, such as improperly al-
lowing vehicles to reset their cumulated distance when vis-
iting the depot of another vehicle, the formulation of this
variant is conceptually very similar to MDVRP. In contrast,
the MDVRP+OBS introduces significant geometric com-
plexity: the 2D space contains line-segment obstacles that
vehicles cannot cross, fundamentally altering the feasible
routing space. Solvers that correctly address this problem
typically follow a structured yet non-trivial pipeline: (i) aug-
menting the node set with obstacle endpoints, (ii)) comput-
ing shortest paths via a visibility graph that excludes edges
intersecting obstacles, (iii) solving a standard MDVRP us-
ing the resulting distance matrix, and (iv) mapping the ILP
solution back to explicit routes. This process yields long, in-
tricate code prone to oversimplification (e.g., by removing
invalid edges instead of properly computing obstacle-aware
shortest paths), which often leads to crashing, invalid, and
suboptimal solutions.

We use gpt-4.1-mini and o3 to generate the com-
ponents of the DCMDVRP and MDVRP+OBS, since 03
consistently produces optimal solvers on DCMDVRP and
gpt—4.1-mini never produced optimal solutions on MD-
VRP+OBS.

Figure 2 shows the optimality rate of the solver selected
via OptiHive as the number of candidate solvers increases,
for varying numbers of generated instances and tests.

Quantitatively, OptiHive significantly improves both fea-
sibility and optimality over the LLM baseline generating a
single solver. When using 50 components of each type, fea-
sibility rises from 43% to 98.74% and optimality from 40%
to 97.03% on DCMDVRP. On the considerably harder MD-
VRP+OBS, feasibility improves from 35% to 99.88% and
optimality from only 5% to 92.1%.

We observe that the number of generated instances is
critical. Diverse instances create a richer signal for the

Routing
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Figure 2: Feasibility and optimality rates on DCMDVRP and MDVRP+OBS across varying numbers of generated solvers,
instances, and tests. The black dash-dot curve shows the rate under perfect selection i.e. the probability that at least one of the

generated solvers is optimal.

latent-class model and are necessary to differentiate optimal
solvers from near-optimal or subtly flawed solvers that are
correct on most instances but fail on corner or edge cases.
Sophisticated heuristics typically require sufficiently com-
plex and specific instances to be distinguished from optimal
solvers.

The number of solvers is, as expected, another key ingre-
dient to the performance of our framework. On simpler prob-
lems such as DCMDVRP, where only a handful of gener-
ated solvers already include an optimal one with high prob-
ability, performance plateaus quickly once the solver pool
reaches a modest size (2a). In contrast, for more challenging
problems, the number of solvers is essential: sampling many
more solvers markedly increases the probability of including
at least one optimal candidate, and thus has a much greater
impact on overall performance (2b).

On easy to moderately complex problems, most candidate
solvers cluster around the true optimal solution and form a
consensus, while the flawed ones are scattered and behave
like noise. This structure makes it easier for the latent model
to identify the optimal solvers (2a). In contrast, the opposite
can occur on hard problems: many solvers may concentrate
around incorrect solutions, with the few optimal ones ap-
pearing as outliers. In such cases, adding more solvers can
degrade performance, especially if the set of instances is too
small or not diverse enough to retrieve optimal solvers from
the dominant and incorrect consensus (2b).

Finally, the number of tests yields the smallest improve-
ment in performance. Evaluating solution correctness is gen-
erally easier than generating a solution, and tests tend to be
more reliable. As a result, the performance saturates quickly
as more tests are added. In our experiments, we observe
marginal improvement beyond five generated tests: once all
failure modes are covered, additional tests add little value.
While test diversity still matters to avoid blind spots and
guard against rare flawed tests, we note that the cost-benefit
curve for adding tests is substantially flatter than for increas-
ing the number of solvers or instances in this experiment.
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Weighted Set Cover Problem

The WSCP (Chvatal 1979; Caprara, Toth, and Fischetti
2000) can be illustrated through a practical scenario involv-
ing emitters and clients. Each emitter is characterized by a
location, radius, and activation cost. An emitter is said to
cover a client if the client lies within its coverage range. The
objective is to select a minimum-cost subset of emitters so
every client is covered by at least one active emitter. We con-
sider three variants:

* K-robust WSCP: Coverage must survive any K adver-
sarial emitter failures

* Probabilistic WSCP: Emitter availability is uncertain and
coverage is required in a probabilistic sense

* Time-dependent WSCP: clients move over time, so ac-
tivations must be scheduled to sustain coverage across a
time horizon.

In the K -robust variant, the chosen emitters must ensure
that every client stays covered even if an adversary deacti-
vates any K of them. While this may appear as a complex
combinatorial requirement, it reduces to a simple condition:
each client must be within range of at least K + 1 selected
emitters. This reformulation makes the problem equivalent
to a standard WSCP with a minor modification to the cover-
age constraint.

The probabilistic variant introduces uncertain reliability
of emitters. Here, each emitter ¢ fails independently with
known probability p;, and each client 7 demands a minimum
coverage probability 7;. Namely, if x; is a binary variable
representing whether emitter ¢ is active, the solution must

satisfy:
11

iESj cxy=1

PP (client j covered) =1 — (1—pi)) >2m, Vi

where S is the set of emitters within range of client j. This
makes the problem non-linear and intractable, but rearrang-
ing the terms and taking the log on both sides allows us to



K -robust Probabilistic Time-dependent
Baseline OptiHive Baseline OptiHive Baseline OptiHive
Opt. Feas.  Opt. Feas. Opt. Feas. Opt. Feas. Opt. Feas. Opt. Feas.
Reference 8% 98% 100% 100% 73% 5% 100% 100% 3% 12% 64.1% 7T4.5%
nano solvers 42% 44% 83.1% 83.1% 33% 36% 89.9% 89.9% 0% 2% 0% 0.01%
nano instances 98% 98% 993% 993% 73% 5% 100% 100% 3% 12% 23.5% 37.7%
nano tests 8% 98% 100% 100% 73% T15% 100% 100% 3% 12% 19.7% 24.1%

Table 1: Ablation study on the performance of OptiHive across variants of the Weighted Set Cover Problem.

formulate equivalent but linear inequalities

Z zilog (1 —p;) <log(l—m;), Vj
i€S;

which reduces the problem to an ILP.

The time-dependent variant models clients moving at con-
stant speed along straight paths over a fixed horizon. Solving
it typically involves: computing time intervals where each
client is within range of an emitter (via a quadratic equation),
identifying critical subintervals with changing coverage sets,
solving static WSCP, and merging selected subintervals into
contiguous activation schedules. These compounded com-
plexities make the time-dependent variant the hardest to
solve.

Ablation study. We perform an ablation study over the
three component types: solvers, instances, and tests. The
baseline method generates a single solver and returns it. For
OptiHive, we sample 50 elements of each component type,
run the EM algorithm, and return the solver that minimizes
the scalarized objective in (3) with default penalties. We re-
place one component type at a time (solvers, instances, or
tests) with generations from a smaller LLM to isolate the
impact of each component’s quality on overall performance.
Table 1 reports how this ablation affects both the baseline
method and OptiHive. The reference setting corresponds
to using gpt—4.1-mini to generate all three component
types. In the other settings, we generate one component type
with gpt-4.1-nano while keeping the other two gener-
ated by gpt-4.1-mini.

The results show that across all variants, OptiHive signif-
icantly improves both optimality and feasibility rates over
the baseline generator, even when component quality de-
grades. This demonstrates that the latent-class model can re-
cover signal from imperfect and noisy components. In the
K -robust and probabilistic variants, reducing the quality of
the set of instances or tests has little effect on performance.
This supports our hypothesis that tests are generally substan-
tially easier to write correctly than the solvers themselves.

In contrast, the time-dependent variant suffers a substan-
tial performance drop when the quality of either instances or
tests is weakened. Generating a balanced set of feasible and
infeasible instances is harder in this setting, and the weaker
model produces an overwhelming number of infeasible in-
stances instead of a more even split. Moreover, this variant
exposes a scenario where validity tests are themselves dif-
ficult to produce. This challenges a core assumption of our

30091

method: that testing a solution is typically easier than gen-
erating one, allowing OptiHive to differentiate good solvers
through test signals. Remarkably, even in this setting, tests
generated by the small model still provide a noisy but mean-
ingful signal that allows OptiHive to outperform the base-
line. This highlights OptiHive’s ability to extract value from
an ensemble of entirely noisy components, a crucial feature
for LLM-based optimization.

Lastly, OptiHive can successfully identify optimal solvers
even when most candidates are infeasible. For the time-
dependent WSCP, it raises the optimality rate from 3% to
64.1%. Note that with the choice Ng = 50 solvers per run
for this experiment, perfect selection would achieve a 78.2%
optimality rate. Conditioned on sampling at least one opti-
mal solver in the pool of 50, we observe that OptiHive suc-
cessfully selects an optimal solver 81.6% of the time in the
reference setting, and still obtains 30.9% and 25.3% suc-
cess rates with degraded instances and degraded tests, re-
spectively.

Conclusion

We introduced OptiHive, a two-stage framework that (i)
generates candidate solvers, instances, and tests in paral-
lel, evaluates, and filters out unusable components, and (ii)
fits a latent-class model to infer the true quality of solvers,
enabling calibrated solver selection. By efficiently extract-
ing high-performing solvers from imperfect candidate pools,
OptiHive wraps around any solver-generation pipeline to de-
liver higher-quality solvers with negligible added latency.

Empirical results show that OptiHive substantially im-
proves performance on challenging optimization tasks. It
raises the optimality rate on simple problems to near perfec-
tion and recovers underrepresented optimal solvers on the
hardest problems, increasing optimality from 5% to 92%.
Our ablation study further reveals that the quality of each
component type (solvers, instances, and tests) plays a signif-
icant role in overall effectiveness. In particular, high-quality
instances and tests provide a crucial signal for distinguishing
optimal solvers. Still, even when components are produced
by smaller models, OptiHive consistently delivers improved
performance over baselines.

Future work includes exploring both heterogeneous solver
sources and multi-stage generation strategies. These exten-
sions could enable OptiHive to build richer solver ensembles
and tackle even more challenging optimization problems.
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