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Abstract

Large language models make natural-language-
to-MILP modeling increasingly plausible, but
reliably selecting among multiple generated
programs remains challenging: structurally
similar errors can create false majorities, while
solving every candidate integer program is
costly. We propose Structural-Semantic Con-
sistency (SSC), a best-of-K selector combin-
ing structural consistency, static quality, text
alignment, and two diagnostics obtained from
continuous LP relaxations. Notably, SSC does
not require solving any candidate integer pro-
grams during selection. Across seven bench-
marks and 618 fixed candidate pools, SSC ob-
tains 55.7% accuracy, compared with a ran-
dom baseline of 51.5%, 53.7% for a zero-shot
listwise LLM judge, and 55.3% for a leave-
one-benchmark-out learned ranker. The sym-
bolic fusion reaches 53.6%, with LP diagnos-
tics adding 2.1 percentage points. These results
establish multi-signal weak verification as a
competitive and interpretable baseline for can-
didate selection.

1 Introduction

Optimization problems are ubiquitous in real-world
decision-making, from logistics and production
planning to scheduling, energy management, and
resource allocation. Mixed-Integer Linear Pro-
grams (MILPs) provide a powerful and widely used
modeling language for such problems (Nemhauser
and Wolsey, 1988), but turning an informal busi-
ness or scientific description into an executable for-
mulation still requires both domain knowledge and
solver-facing modeling expertise (Li et al., 2023).

Large language models (LLMs) can reduce this
modeling burden by translating natural-language
problem descriptions into executable Pyomo imple-
mentations of LP/MILP models (Ahmaditeshnizi
et al., 2024; Ramamonjison et al., 2022; Xiao et al.,
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2024). However, individual generations remain un-
reliable (Yang et al., 2025; Lu et al., 2025; Chen
et al., 2026). Thus, reliability depends not only on
generating candidate formulations but also on se-
lecting among them: given multiple candidate for-
mulations for the same problem, which one should
be trusted?

A direct execution-based strategy is to solve ev-
ery candidate MILP and compare its optimal objec-
tive value against a reference answer. However, this
approach is unsuitable for deployment-time selec-
tion: solving all K candidate integer programs can
be computationally expensive (Snell et al., 2024);
gold reference answers are unavailable at deploy-
ment; and syntactically valid Pyomo programs may
encode infeasible, unbounded, or ill-posed models
that return no useful solver signal. These barri-
ers motivate our central question: can we reliably
select an answer-correct LLM-generated MILP pro-
gram without solving each candidate integer pro-
gram?

Existing solver-feedback methods operate in a
different regime. OptiMUS (Ahmaditeshnizi et al.,
2024) solves candidate MILPs during generation
to provide feedback for iterative refinement, while
OptiTree (Liu et al., 2025) invokes a solver at each
tree-search node to evaluate partial formulations.
Such methods require solver access throughout gen-
eration and can incur repeated solver calls across
candidates and refinement rounds. In contrast, SSC
operates on a fixed candidate pool and performs
post-generation selection without solving any can-
didate integer programs.

Figure 1 illustrates both the potential and the
challenges of fixed-pool selection. On Opt-
Math (Lu et al., 2025), first-candidate accuracy is
41%, while pool coverage reaches 75%, indicating
substantial room for improvement if the selector
can reliably identify an answer-correct candidate.
However, simple agreement is unreliable: candi-
dates often share libraries, APIs, and surface code
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Figure 1: Motivation and problem setting. Best-of-
K generation creates substantial headroom for same-
pool selection, as random expected accuracy remains
below the pool-oracle upper bound. However, answer-
incorrect candidates with similar structures can form
false-majority clusters, rendering naive consistency-
based selection unreliable.

patterns, and near-duplicate answer-incorrect pro-
grams can form false-majority clusters that appear
more consistent than the correct minority.

We propose Structural-Semantic Consistency
(SSC), a no-integer-solve best-of-K selector for
fixed candidate pools. SSC combines three sym-
bolic signals—structural consistency (SC), static
quality (SQ), and text alignment (TA)—with
two LP-relaxation diagnostics based on relaxed-
solution and relaxed-objective agreement. The
LP diagnostics provide lightweight executable evi-
dence, but SSC neither solves candidate integer pro-
grams nor serves as a correctness verifier. Across
seven NL-to-MILP benchmarks, SSC achieves
55.7% answer accuracy, compared with a ran-
dom expectation of 51.5%, 53.7% for a zero-shot
listwise LLM judge, and 55.3% for a leave-one-
benchmark-out learned ranker. The LP-relaxation
diagnostics improve accuracy by 2.1 percentage
points (pp) over the three symbolic signals alone.

Our contributions are threefold:

• False-majority failures in MILP-solve-free
NL-to-MILP selection. We show that naive self-
consistency is insufficient for best-of-K selec-
tion: near-duplicate, answer-incorrect candidates
can form false-majority clusters, causing struc-
tural consistency to favor incorrect solutions.

• SSC: a symbolic–relaxation selector for brittle
candidate pools. We introduce SSC, which inte-
grates three symbolic signals—structural consis-
tency, static quality, and text alignment—with
bounded LP-relaxation diagnostics. This de-
sign mitigates false-majority failures in self-
consistency while detecting defects that struc-
tural signals alone may miss.

• MILP-solve-free selection across seven bench-
marks. Across seven NL2MILP benchmarks,
SSC reaches 55.7% answer accuracy on a fixed
no-reference-answer pool. It is competitive
with zero-shot LLM judging and leave-one-
benchmark-out learned fusion; the symbolic se-
lector alone achieves 53.6%, with LP-relaxation
diagnostics contributing an additional 2.1 pp.

2 Problem Formulation

Let D be a benchmark of natural-language opti-
mization problems, and let Pp ∈ D denote the
problem indexed by p. For each Pp, an LLM
generates a pool of K candidate programs Cp =
{cp1, . . . , cpK}. Each cpi is a Pyomo (Hart et al.,
2011; Bynum et al., 2021) implementation of a
MILP model through a build_model() interface.

For offline evaluation, let vpi be the finite objec-
tive value returned by the frozen solver protocol for
candidate cpi , and let vp⋆ be the gold answer. A can-
didate that returns no valid objective is incorrect;
otherwise, we label cpi correct if

|vpi − vp⋆ | ≤ max(ϵrelmax(|vpi |, |vp⋆ |), ϵabs) , (1)

where ϵrel = ϵabs = 10−4. This correctness la-
bel is used only for offline evaluation and is never
provided to the selector.

A selector is a function

s : (Pp, Cp)→ Cp, (2)

which chooses one candidate from the pool. In this
work, selection is performed under a no-integer-
solve constraint: during selection, the selector may
inspect source code, parsed model structure, prob-
lem text, and lightweight diagnostics, but it must
not solve candidate MILPs or invoke integer op-
timization. This setting isolates selection from
generation and studies whether a candidate can
be identified using only non-integer evidence under
a limited verification budget.

For benchmark D, selector accuracy measures
the fraction of problems for which the selected
candidate is correct:

Acc(D, s) = 1

|D|
∑

p∈D
1[correct(ĉp)], (3)

where ĉp = s(Pp, Cp) denotes the candidate se-
lected by s for problem p. We also report pool
coverage, which measures whether the generated
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pool contains at least one correct candidate:

Coverage(D,K) =

1

|D|
∑

p∈D
1
[
∃i ∈ [K] s.t. correct(cpi )

]
.

(4)
Coverage upper-bounds the accuracy achievable
by any selector operating on the same candidate
pool. Because a selector cannot succeed when all
generated candidates are incorrect, Acc(D, s) ≤
Coverage(D,K). This inequality distinguishes
two failure modes. A generation failure occurs
when the candidate pool contains no answer-correct
program. A selection failure occurs when at least
one answer-correct program exists, but the selector
chooses an incorrect candidate. Formally,

Egen = {p ∈ D : ∀i ∈ [K],¬correct(cpi )},
Esel(s) = {p ∈ D : ∃i ∈ [K], correct(cpi )

∧ ¬correct(ĉp)}.
(5)

The total error therefore decomposes into genera-
tion and selection errors:

1−Acc(D, s) = |Egen||D| +
|Esel(s)|
|D| . (6)

For static comparison, each candidate cpi is
parsed into a model signature

Mp
i = (Vpi , o

p
i , R

p
i ). (7)

Here Vpi is the set of variable signatures. Each vari-
able signature records the variable name, domain
type (e.g., binary, integer, or continuous), index
arity, bound expressions, and tokens appearing in
its definition. The objective signature opi records
the canonicalized objective sense and linear expres-
sion structure, including variable-shape tokens and
numeric constants. The constraint-signature set
Rp

i contains one signature for each standardized
constraint row; each signature records canonical
sense, linear terms, variable shapes, numeric mag-
nitudes, and a coarse expression profile. For suc-
cessfully constructed models, maximization objec-
tives are mapped to canonical minimization and
upper-bound rows are sign-flipped to canonical
lower-bound form; original senses remain available
to the text-alignment (TA) component. These sig-
natures are obtained by constructing each Pyomo
model in isolation and converting its expressions to
Pyomo’s standard linear representation, with AST-
based checks and implementation-specific fallback
procedures. ConstructingMp

i neither invokes an
optimizer nor solves the candidate MILP.

3 Method: Structural-Semantic
Consistency

Figure 2 gives an overview of the full pipeline.
Given a candidate pool C and a problem description
P , SSC combines three symbolic signals: struc-
tural consistency (SC), measuring agreement with
other candidates; static quality (SQ), summarizing
static checks; and text alignment (TA), measuring
agreement with the problem text:

Braw
i = 0.35 SCi + 0.20 SQi + 0.45TAi. (8)

For a candidate with a fatal construction or static
defect, the symbolic base is capped by its static-
quality score; otherwise the base score remains
unchanged. The two LP diagnostics summarize
agreement under continuous relaxation: LP-sol
measures solution-profile consistency across can-
didates, while LP-obj measures proximity to the
median feasible relaxed objective. Denoting the
resulting symbolic score by Bi, the final SSC score
is

SSC(ci) = 0.65Bi+0.20L̂P-soli+0.15L̂P-obji.
(9)

The hatted LP diagnostics are normalized within
each candidate pool, and the candidate with the
highest SSC score is selected. We describe the
computation of each component in the following
subsections. Exact edge-case and normalization
conventions are given in Appendix A.

3.1 Structural Consistency
The structural consistency score of candidate ci
measures how similar its program structure is to
the rest of the pool. Correct formulations tend
to share variable types, constraint structure, and
objective form; this structural agreement is a sig-
nal of correctness. However, consistency can
be misleading when incorrect candidates form a
dense cluster. Let Gp = {i : correct(cpi )} and
Bp = {i : ¬correct(cpi )}. A false majority occurs
when

max
i∈Bp

∑

j∈Bp

j ̸=i

sim(Mi,Mj)

> max
i∈Gp

∑

j ̸=i

sim(Mi,Mj).

(10)

We define pairwise program similarity
sim(Mi,Mj) ∈ [0, 1] as a weighted combination
of five sub-scores (variable, objective, constraint,
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Figure 2: Overview of SSC: each candidate ci is parsed intoMi = (Vi, oi,Ri), scored with SC, SQ, TA, and
LP-relaxation diagnostics, and ranked by the fused SSC score.

parameter-dependency, and shape similarity; see
Appendix E for definitions and weights).

To define clone-aware weights, we construct an
undirected graph Gclone = ([K], Eclone) over the
K candidates, with an edge (a, b) ∈ Eclone iff
sim(Ma,Mb) ≥ τclone, where τclone = 0.95. Let
[j] denote the set of candidate indices in the con-
nected component of Gclone containing j (i.e., can-
didate cj). The no-reference-answer experiments
weight each candidate cj by clone diversity, static
quality, and text alignment,

wj =
SQ(cj) TA(cj ,P)

|[j]| , (11)

and define

SC(ci) =

∑
j ̸=iwj sim(Mi,Mj)∑

j ̸=iwj
. (12)

This weighting reduces the influence of near-
duplicate or low-credibility candidates, but SC re-
mains imperfect: a cluster of structurally similar
incorrect candidates can still dominate a correct
minority.

3.2 Static Quality
Even without optimization, several quality defects
are directly observable from the parsed represen-
tation: unknown variable domains, missing or am-
biguous constraint senses, parse failures, or absent
objectives. We define a penalty setN of named de-
fect types, each with a weightwn ∈ [0, 1] reflecting
its severity:

SQ(ci) = max


0, 1−

∑

n∈D(Mi)

wn


 , (13)

where D(Mi) is the set of defects detected in ci
andwn ∈ [0, 1] is the severity weight of defect type
n. In our experimental setup, SQ uses fixed severity
weights shared across all benchmarks: fatal syntax
errors are assigned weight 1.00, Pyomo API and
construction failures are assigned weights from
0.35 to 0.70, missing variables or objectives are
assigned 0.30, and softer semantic defects such as
possible nonlinearity, unknown variable domains,
and unknown constraint senses are assigned 0.15,
0.08, and 0.06, respectively.

3.3 Text Alignment
Text alignment measures the natural-language faith-
fulness of a candidate: i.e., the extent to which its
symbolic content accurately reflects the problem
description P . This is the primary NLP component
of SSC.

Let ϕ(Mi) be the multiset of semantic tokens ex-
tracted from the parsed model (variable names, pa-
rameter identifiers, numeric magnitudes, constraint-
sense labels, and linear-term tokens). Let ψ(P) =
{(fk, uk)} be a set of weighted, closed-vocabulary
semantic requirements extracted from P by an
LLM call (Appendix L), where fk is a required
feature token and uk ∈ [0.1, 2.0] is its importance
weight. The extraction is performed once per prob-
lem, shared by all K candidates, and cached across
ablations; candidate scoring itself then uses only
the closed-vocabulary requirements and rule-based
evidence from parsed code. Text alignment is the
weighted coverage of these requirements:

TA(ci,P) =
∑

k: fk∈ϕ(Mi)
uk∑

k uk
. (14)

TA signal quality. TA captures coarse require-
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ments such as objective direction, variable domains,
and constraint types. It does not verify constants,
units, or arbitrary relational semantics; its role is
therefore complementary rather than verificatory.

3.4 LP Solution Consistency

SSC solves the bounded continuous relax-
ation (Nemhauser and Wolsey, 1988; Wolsey,
1998) of each candidate. LP-sol constructs a
permutation-invariant profile by sorting relaxed
variable values and truncating or zero-padding to
30 dimensions, then averages non-negative cosine
similarity over valid peers. LP-obj assigns higher
scores to feasible objectives closer to the central
feasible objective in the pool. Both diagnostics are
normalized within the pool; failed or invalid relax-
ations contribute zero. GLPK (Free Software Foun-
dation, 2023) uses a 5-second internal limit, with a
process-level watchdog recorded in the run meta-
data. Because sorting removes variable identities
and relaxation removes integrality, these signals are
weak behavioral diagnostics rather than semantic
alignment or correctness verification. Exact defini-
tions are given in Appendix A; their contribution is
analyzed in §5.2.

3.5 Candidate Generation

SSC is generation-agnostic. In our experiments,
each problem is paired with a retrieved MILP tem-
plate and K=10 candidates are generated using
diverse formulation-emphasis prompts and a cy-
cled temperature schedule. Candidates undergo up
to two non-optimization repair rounds based on
Pyomo construction checks; full generation details
are provided in Appendix M.

4 Experiments

4.1 Benchmarks

We evaluate on seven benchmarks representing di-
verse optimization problem types and difficulty lev-
els (Table 1).

These benchmarks span template-based linear
programming descriptions, mathematical model-
ing problems, complex operations-research for-
mulations, and industrial-style instances, covering
a broad range of difficulty levels. Detailed per-
benchmark descriptions—including source, task
format, evaluation split, and difficulty rationale—
are provided in Appendix B.

Benchmark Total Eval Difficulty

NL4OPT (Ramamonjison et al., 2022) 230 100 Easy
MaMO-Easy (Huang et al., 2025b) 652 100 Easy
MaMO-Complex (Huang et al., 2025b) 211 100 Medium
ComplexOR (Xiao et al., 2024) 18 18 Hard
IndustryOR (Huang et al., 2025a) 100 100 Hard
OptiBench (Yang et al., 2025) 605 100 Hard
OptMath (Lu et al., 2025) 166 100 Hard

Table 1: Evaluation benchmarks. Total: full test-split
size. Eval: problems used in our experiments; where
for benchmarks with Total>100, we use the first 100
records from the normalized test file. All problems have
numeric gold answers.

4.2 Baselines and Setup

We present baseline comparisons before ablations.
First, we report published prompt-only Standard,
CoT (Wei et al., 2022), and CoE (Xiao et al., 2024)
results from OptiTree (Liu et al., 2025). They use
DeepSeek-V3 (DeepSeek-AI, 2024) or GPT-4o un-
der different generation protocols, so they provide
performance context rather than a controlled com-
parison of selection methods. Second, our con-
trolled baselines—random selection, a zero-shot
listwise LLM judge, and a leave-one-benchmark-
out (LOBO) learned ranker—select from the same
K=10 pools as SSC. The judge receives the prob-
lem and candidate formulations but no solver out-
put or reference answer; LOBO trains on candidate
labels from six benchmarks and evaluates on the
held-out benchmark.

Our candidates were generated on July 11,
2026 via the rolling API endpoint recorded in the
manifests as deepseek-v4-flash (DeepSeek-AI,
2026), using five formulation-emphasis variants
paired with temperatures [0.6, 0.8, 1.0, 1.2, 1.4]
and repeated twice. SSC uses fixed weights shared
across benchmarks and is evaluated offline with
SCIP (Achterberg, 2009). Throughout, MILP-
solve-free (equivalently, integer-solve-free) means
that selection does not solve the candidate MILPs
or run integer optimization. Full SSC does call
an LP solver (GLPK (Free Software Foundation,
2023)) on continuous relaxations as a lightweight
diagnostic; SCIP is invoked only for offline evalu-
ation. We report Random expected (51.5%), the
mean per-problem correct fraction across all K po-
sitions; and Random draw (first position), the
accuracy of selecting the deterministically shuffled
first candidate (Appendix M.5). The two values
can differ due to finite-sample variance; Random
draw enables paired McNemar significance testing.
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4.3 Metrics

We report answer accuracy under the offline cor-
rectness definition in §2. Candidates that fail to
construct or return a valid objective value under
the frozen evaluation protocol are marked incor-
rect. Correctness is determined by comparing the
returned objective value with the reference answer.
Pool coverage denotes the same-pool oracle up-
per bound: the fraction of problems whose K-
candidate pool contains at least one answer-correct
candidate.

4.4 Main Results

Published contextual baselines. Table 2 first sit-
uates SSC against previously published single-pass
prompting results. These results provide useful
field-level reference points, although differences
in model versions, prompting strategies, sampling
procedures, and candidate budgets make them not
directly comparable to our fixed-pool experiment.
We include our SSC row in the same table to pro-
vide a consolidated view of the numerical land-
scape, but we neither compute a joint ranking nor
interpret these results as evidence of a controlled
advantage for SSC.

Controlled same-pool baselines. Table 3 iso-
lates the effect of selection by evaluating all meth-
ods on the same 6,180 candidates. SSC selects
an answer-correct candidate for 344 of 618 prob-
lems (55.7%), compared with 51.5% random ex-
pectation, 53.7% for the zero-shot LLM judge,
and 55.3% for LOBO learned fusion. SSC and
LOBO differ on only ten problems (paired ex-
act p=0.754); SSC versus the judge has 38 SSC-
only and 26 judge-only successes (paired exact
p=0.169). These results support SSC’s competi-
tiveness with these complementary selectors, rather
than a claim of general superiority. Relative to se-
lecting the first candidate, SSC has 43 SSC-only
and 21 first-only successes (p=0.0087); because
design choices were informed by this pool, we treat
this as descriptive paired evidence. Pool coverage
is 66.0%, leaving 10.4 percentage points of same-
pool selection headroom.

5 Analysis

5.1 Component Ablation

After the baseline comparisons, we examine the
contribution of SSC’s individual internal signals
through the ablation results in Figure 3 and Table 4.

Random SC only SQ only TA only SQ+TA SSC
w/o LP

SSC
(ours)

46

48

50

52

54

56

58

Av
er
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e 

ac
cu

ra
cy

 (%
)

51.5

54.2 54.0
53.4

54.7

53.6

55.7
credibility
weighted

Random (51.5%)

Figure 3: Controlled same-pool selector variants on the
no-reference-answer pool (pooled, n=618). Combining
weak signals does not necessarily yield monotonic im-
provements.

All variants reuse the same 6,180 candidates.
No single symbolic signal dominates across all

benchmarks. The strongest single and pairwise
variants reach 54.2% and 54.7%, respectively. The
fixed three-signal fusion reaches 53.6%; this non-
monotonicity shows that adding a weak signal can
change close candidate rankings in either direc-
tion. Incorporating the two LP-based diagnostics
increases pooled accuracy to 55.7%.

5.2 LP Diagnostics and Robustness

Objective proximity provides most of the observed
LP gain, while relaxed-value profiles add a smaller
complementary contribution. The result is insensi-
tive to the profile dimension over the tested range:
dimensions 10, 20, 30, 50, 100, and full padding all
yield 55.7%, with 615–618 of 618 selected indices
agreeing with dimension 30. Across the central
LP-weight grid, accuracy remains stable, varying
only from 55.3% to 55.7%. These are same-pool
robustness checks, not evidence of independent out-
of-sample tuning. Importantly, the LP relaxation
remains only a weak diagnostic: sorting discards
variable identity, and the resulting features certify
neither integer feasibility nor semantic correctness.

5.3 Pool Coverage as a Diagnostic

Pool coverage provides a diagnostic ceiling on
same-pool selection. It reaches 66.0% (408/618),
meaning that 210 problems contain no answer-
correct candidate and cannot be solved by any
same-pool selector. Among the 408 reachable prob-
lems, SSC fails to select an answer-correct candi-
date in 64 cases. The resulting 10.4-percentage-
point gap to the same-pool oracle indicates that
further gains require improvements in both candi-
date generation and candidate selection.
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Backbone Method NL4OPT MaMO-E MaMO-C ComplexOR IndOR OptiBench OptMath

DeepSeek-V3 Standard 70.5 84.3 39.8 52.6 29.0 52.4 16.2
DeepSeek-V3 CoT (Wei et al., 2022) 74.0 82.9 40.7 52.6 35.0 53.1 21.1
DeepSeek-V3 CoE (Xiao et al., 2024) 79.2 85.9 43.1 63.2 33.0 55.2 24.1

GPT-4o Standard 70.3 84.3 41.2 57.8 27.0 42.3 17.5
GPT-4o CoT (Wei et al., 2022) 71.6 84.8 42.3 57.8 29.0 42.0 20.5
GPT-4o CoE (Xiao et al., 2024) 76.4 85.7 46.4 68.4 34.0 43.2 18.6

deepseek-v4-flash SSC (ours, K=10) 80.0 92.0 39.0 55.6 34.0 43.0 46.0

Table 2: Published prompt-only results reported by OptiTree (Liu et al., 2025), shown together with our SSC result
for context. The DeepSeek-V3/GPT-4o rows are single-pass generation results; SSC selects from our independently
generated deepseek-v4-flash, K=10 pools. These results therefore provide contextual comparison rather than a
controlled head-to-head evaluation.

Method Accuracy (%)

NL4OPT MaMO-E MaMO-C ComplexOR IndOR OptiBench OptMath All

Random draw (first position) 71.0 87.0 40.0 55.6 32.0 41.0 41.0 52.1
Random expected 73.4 88.3 37.4 50.6 32.1 38.4 39.3 51.5

Zero-shot LLM judge 76.0 88.0 41.0 55.6 35.0 40.0 42.0 53.7
LOBO learned ranker 78.0 92.0 39.0 55.6 32.0 43.0 48.0 55.3

SC only 77.0 90.0 37.0 55.6 33.0 41.0 47.0 54.2
SQ only 71.0 89.0 43.0 55.6 32.0 42.0 47.0 54.0
TA only 78.0 88.0 40.0 55.6 34.0 41.0 39.0 53.4
SSC w/o LP 80.0 90.0 36.0 55.6 34.0 41.0 40.0 53.6
SSC (ours)† 80.0 92.0 39.0 55.6 34.0 43.0 46.0 55.7

Pool coverage 83.0 94.0 51.0 55.6 42.0 53.0 75.0 66.0

Table 3: Controlled same-pool selection results for our generated candidate pools (K=10, n=618). Random
expected averages the per-problem correct fraction. Random draw uses the shuffled first position and provides
the paired baseline for significance tests. SSC w/o LP uses only SC, SQ, and TA; SSC (ours) adds LP-relaxation
solution and objective consistency. Pool coverage is the fraction of problems with at least one correct candidate in
the K=10 pool, not a selection method. † The significance marker refers only to the pooled McNemar test of SSC
(ours) against Random draw (first position): p = 0.0087.

Variant Accuracy (%)

Random expected 51.5
SC only 54.2
SQ only 54.0
TA only 53.4
SC+SQ 54.2
SC+TA 53.4
SQ+TA 54.7
SSC w/o LP 53.6
SSC (ours) 55.7

Table 4: Pooled component ablation. Fail rate de-
notes the proportion of coverage-reachable problems
for which selection fails.

5.4 Signal Discriminability Analysis
We measure signal discriminability as the mean
score on answer-correct candidates minus the mean
on answer-incorrect candidates, pooling all ten po-
sitions within each benchmark. Table 6 relates
these differences to the available selection head-
room over the shuffled first-candidate baseline.

Variant Accuracy (%)

Symbolic SSC 53.6
LP only 53.6
Symbolic + LP-obj 55.5
Symbolic + LP-sol 54.9
Full SSC 55.7

Table 5: Controlled LP-component ablation on the
frozen no-reference-answer pool.

The most discriminative signal varies across
benchmarks: TA on NL4OPT and MaMO-
Complex, SQ on ComplexOR and OptMath, and
SC on IndustryOR. OptiBench has weak deltas
for all three symbolic signals and negative SC dis-
criminability, consistent with its small observed
selection gain. MaMO-Complex has positive TA
and SQ deltas but near-zero SC and a one-point
regression relative to first position, illustrating why
pooled improvements should not be interpreted as
uniform per-benchmark dominance.
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Benchmark Coverage gap SSC gain Gap recovered ∆TA ∆SQ ∆SC

NL4OPT +12.0 +9.0 75.0% +0.103 +0.004 +0.018
MaMO-Easy +7.0 +5.0 71.4% +0.005 +0.072 +0.072
MaMO-Complex +11.0 −1.0 −9.1% +0.063 +0.040 ≈ 0
ComplexOR 0.0 0.0 – +0.014 +0.160 +0.145
IndustryOR +10.0 +2.0 20.0% +0.043 +0.070 +0.194
OptiBench +12.0 +2.0 16.7% +0.002 +0.015 −0.021
OptMath +34.0 +5.0 14.7% +0.070 +0.235 +0.158

Table 6: No-reference-answer per-benchmark signal discriminability (∆: correct-candidate mean minus incorrect-
candidate mean) and coverage headroom. Bold marks the largest symbolic delta in each row.

Benchmark No cand. Sel. fail Fail rate

NL4OPT 17 3 3.6%
MaMO-Easy 6 2 2.1%
MaMO-Complex 49 12 23.5%
ComplexOR 8 0 0.0%
IndustryOR 58 8 19.0%
OptiBench 47 10 18.9%
OptMath 25 29 38.7%

Total 210 64 15.7%

Table 7: Error decomposition. Fail rate denotes the
proportion of coverage-reachable problems for which
selection fails.

5.5 Error Analysis

We distinguish two types of incorrect SSC predic-
tions: generation failures, where the candidate pool
contains no answer-correct candidate, and selection
failures, where at least one answer-correct candi-
date is available but SSC fails to select it.

The easiest benchmarks have high pool coverage
and low reachable-error rates. OptMath presents
the largest selection bottleneck: although 75 prob-
lems contain a correct candidate, SSC misses 29
of them. These failures motivate the development
of numerically sensitive checks, richer relational-
semantic signals, and stronger learned rerankers.
Note that we do not reuse the submitted pool’s
failure-cause labels for the replacement pool.

6 Related Work

NLP for Optimization. Early work on natural lan-
guage to optimization focused on constrained prob-
lem templates (Ramamonjison et al., 2022). Recent
systems generate solver-ready code using solver
feedback (Ahmaditeshnizi et al., 2024; Liu et al.,
2025) or domain-specific fine-tuning (Huang et al.,
2025a; Jiang et al., 2025). We instead study MILP-
solve-free selection from fixed candidate pools.

Self-Consistency and best-of-K. Self-
consistency (Wang et al., 2023), best-of-N sam-

pling (Snell et al., 2024), and inference-time
search (Yao et al., 2023) exploit multiple candi-
dates. Program selection uses execution agree-
ment or learned verification (Li et al., 2022; Chen
et al., 2021; Shi et al., 2022; Chen et al., 2023;
Ni et al., 2023), while non-execution reranking
and functional-overlap clustering provide alterna-
tives (Inala et al., 2022; Zhang et al., 2023; To
et al., 2024). SSC combines MILP-specific struc-
tural, textual, and bounded LP-relaxation signals
without integer optimization.

Prompting and representations. CoT (Wei
et al., 2022) and CoE (Xiao et al., 2024) improve
generation but do not directly address selection.
AST similarity and type signatures have been used
in code clone detection (Jiang et al., 2007); we
adapt them to MILP-specific representations that
capture mathematical structure rather than surface
code.

7 Conclusion

We studied integer-solve-free selection of LLM-
generated MILP programs. On fixed no-reference-
answer pools, SSC achieves 55.7% accuracy, com-
pared with a 51.5% random-selection expectation,
53.7% for a zero-shot LLM judge, and 55.3% for
a LOBO learned ranker. Symbolic fusion alone
achieves 53.6%, with LP-relaxation diagnostics
contributing an additional 2.1 pp. Pool coverage
reaches 66.0%, showing that a substantial frac-
tion of failures originate from generation rather
than selection alone. The remaining 10.4 pp gap to
the same-pool oracle leaves meaningful room for
improved selection. Together with the contextual
published baselines, these results position SSC as
a competitive and interpretable weak-verification
baseline, rather than a universal reranker or correct-
ness verifier. Remaining generation and selection
errors motivate richer relational-semantic signals,
numerically sensitive checks, and stronger learned
evidence.
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Limitations

All benchmarks require numeric reference answers
for offline evaluation; open-ended problems are
therefore excluded. We generate a single stochas-
tic candidate pool per problem, so our results do
not capture variation across independent genera-
tion seeds. The fixed weights were initially chosen
heuristically and later adjusted with reference to
results on the available pool rather than an inde-
pendent development set; significance and robust-
ness checks should therefore be read as descrip-
tive same-pool evidence. Pool coverage further
limits selector performance: 210 of 618 problems
contain no answer-correct candidate. Finally, TA
covers only coarse closed-vocabulary requirements,
while sorted LP profiles discard variable identity
and continuous relaxations cannot verify integrality
or semantic correctness.

Ethics Statement

This work uses publicly available benchmark
datasets (NL4OPT, MaMO, ComplexOR, Indus-
tryOR, OptiBench, OptMath) and open-source
solvers (SCIP (Achterberg, 2009), GLPK (Free
Software Foundation, 2023)). No human subjects
are involved. The LLM API calls required for
generation and semantic requirement extraction
carry a moderate compute cost; we mitigate this by
caching semantic requirements and reusing them
across ablation variants. We do not foresee direct
ethical risks from MILP program selection, though
any deployment of automated optimization mod-
eling should be subject to domain-expert review
before operational use.
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A SSC Algorithm and Key
Implementation Conventions

Selector pseudocode. Given problem text P and
candidates {ci}Ki=1:
1. construct each candidate in an isolated subpro-

cess and extract its standard linear representa-
tion, with AST checks and fallbacks;

2. extract and cache one closed-vocabulary require-
ment set from P; compute SQ and TA for each
candidate;

3. compute pairwise structural similarities, clone
components at threshold 0.95, credibility-
weighted SC, and the symbolic base;

4. cap the symbolic base by SQ when a fatal static
or construction defect is present;

5. solve each continuous relaxation under the
bounded GLPK protocol and pool-normalize
LP-sol and LP-obj;

6. fuse the terms in Eq. 9 and return the highest-
scoring candidate, using stable candidate order
for ties.

No reference answer, offline correctness label, or
integer-solver output is available to these steps.

Exact LP diagnostics. Let vi = P30(sort↓(x̃i)),
where P30 truncates or zero-pads to 30 entries. Let
F index valid, nonempty LP profiles and Fi =
F \ {i}. With cos+(a, b) = max(0, cos(a, b)),

rsoli =





∑
j∈Fi

cos+(vi, vj)

|Fi|
, i ∈ F , Fi ̸= ∅,

0, otherwise.
(15)

Zero-norm pairs contribute zero. Let Fz index can-
didates with a feasible objective; letm be the upper
middle order statistic used by the implementation
and let R = maxj z̃j −minj z̃j , replacing R by 1
below 10−9:

robji =

{
max(0, 1− |z̃i −m|/R), i ∈ Fz,

0, otherwise.
(16)

Each diagnostic is divided by its positive pool max-
imum, or set to zero when that maximum is zero.

Key prompt contracts. Generation is instructed
not to include, infer, or use a gold/reference an-
swer and to return a pyo.ConcreteModel from
build_model(data=None). The five formulation-
emphasis variants ask for natural named compo-
nents, data-first construction, compact indexed
models with direction checks, decomposed con-
straints, or an audit-first plan. They are paired

with temperatures 0.6, 0.8, 1.0, 1.2, and 1.4 and
repeated twice. The semantic-extraction prompt
returns JSON from a 21-feature vocabulary and is
instructed not to solve the problem or use a refer-
ence answer.

B Benchmark Details

Table 1 summarises the seven evaluation bench-
marks. The Easy/Medium/Hard labels are descrip-
tive rather than official benchmark categories; they
reflect a combination of benchmark design, formu-
lation complexity, and observed first-position ac-
curacy and pool-coverage behaviour in our K=10
candidate pools.

NL4OPT. NL4OPT (Ramamonjison et al., 2022)
was introduced as a competition benchmark for for-
mulating linear programs from natural-language
business descriptions. Problems are drawn from
production planning, logistics, and resource-
allocation contexts. All problems are pure LPs
(no integer or binary variables), and their descrip-
tions are relatively short and structurally regular.
We evaluate the first 100 records of the normalized
test file (230 problems in the full split). We label
NL4OPT Easy because first-position accuracy is
high (71%) and pool coverage reaches 83%. TA is
the dominant discriminative signal (∆TA=+0.103),
consistent with the structured, vocabulary-rich na-
ture of the descriptions.

MaMO-Easy. MaMO (Huang et al., 2025b) was
introduced at NAACL 2025 as a benchmark for
mathematical modeling with LLMs, covering a
broad range of combinatorial and continuous opti-
mization problems described in natural and math-
ematical language. MaMO-Easy is the easier sub-
set of MaMO, with 652 problems in total; we use
the first 100 normalized test records. Problems
have clearer structure and fewer secondary condi-
tions than the Complex subset. We label MaMO-
Easy Easy due to high pool coverage (94%) and
high first-position accuracy (87%). LP-relaxation
signals contribute a small improvement (+2 pp),
serving as tie-breakers when symbolic signals are
saturated.

MaMO-Complex. MaMO-Complex is the
harder subset of MaMO (Huang et al., 2025b) (211
problems; we use the first 100 normalized test
records). Problems have longer descriptions, more
secondary conditions, multi-index constraints, and
often require mixed-integer formulations. We label
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MaMO-Complex Medium: pool coverage is 51%,
indicating that generation quality is a significant
bottleneck, but selection failures are also substan-
tial (23.5% of coverage-reachable problems). LP
signals improve the symbolic selector by 3 points
(36%→39%), and SC discriminability is near zero
(∆SC≈0).

ComplexOR. ComplexOR (Xiao et al., 2024)
was introduced as a benchmark of complex
operations-research formulations, including multi-
commodity flow, vehicle routing, facility location,
and scheduling variants. All 18 problems are used
(no sampling required). We label ComplexOR
Hard because problems are long and structurally
demanding, with many binary and integer deci-
sion variables. SSC achieves 55.6%, matching
pool coverage; no selector can improve on this
particular pool. SQ has the largest symbolic delta
(∆SQ=+0.160).

IndustryOR. IndustryOR (Huang et al., 2025a)
was introduced with the ORLM framework as a
benchmark of industry-style optimization prob-
lems drawn from supply-chain planning, produc-
tion scheduling, and facility management. All 100
problems are used. We label IndustryOR Hard
because real-world problem descriptions are often
heterogeneous and underspecified, making consis-
tent formulation difficult. Pool coverage is only
42%, placing a hard ceiling on any selector. SSC
achieves 34% accuracy(+2 pp over first), illustrat-
ing a signal–pool mismatch: the global ∆SC is rel-
atively high (+0.194) but does not reliably identify
the correct candidate within individual pools.

OptiBench. OptiBench (Yang et al., 2025) in-
cludes data augmented via the ReSocratic proce-
dure, covering a broad range of LP and MILP prob-
lem types from academic and application domains.
We use the first 100 normalized test records (605
problems in the full split). We label OptiBench
Hard due to problem diversity and limited pool
coverage (53%). SSC reaches 43% (+2 pp over
first); all three symbolic deltas are weak and SC is
slightly negative (∆SC=−0.021).

OptMath. OptMath (Lu et al., 2025) uses a bidi-
rectional data synthesis framework, with problems
derived from mathematical competition problems
and scaled to various difficulty levels. We use the
first 100 normalized test records (166 problems
in the full split). We label OptMath Hard and
it exhibits the largest selection headroom of any

benchmark in our evaluation: first-position accu-
racy is 41%, while pool coverage reaches 75%,
giving a 34 pp gap. SSC reaches 46% (+5 pp over
first); LP relaxation adds 6 points over the symbolic
fusion, and SQ is the strongest symbolic signal
(∆SQ=+0.235).

C Published Prompt-Only Baselines

The published Standard, CoT, and CoE rows are
shown in the main paper (Table 2) because baseline
comparison is a primary experimental objective.
OptiTree reports these results using DeepSeek-V3
and GPT-4o. Because they differ from our setup
in model backbone, K = 10 candidate pool, and
selection budget, they provide contextual rather
than controlled comparisons.

D No-Reference-Answer Error Counts

Table 7 reports the complete generation-versus- se-
lection error decomposition for the replacement
pool. We retain only counts that can be recomputed
from the frozen evaluation labels; the more subjec-
tive submitted-pool failure-cause annotations are
not transferred to this pool.

E Similarity Function Details

E.1 Variable Similarity

Each variable signature v stores a domain label d,
index arity a ∈ Z≥0, bound expression b, and raw
token set τ . Variable similarity is:

sv(v, v
′) = 0.35 · 1[d=d′] + 0.30 · g(a, a′)

+ 0.15 · J(b, b′) + 0.20 · J(τ, τ ′).
(17)

where g(a, a′) = max(0, 1− |a− a′|/3) and J is
the set Jaccard coefficient. For the domain term,
matching an unknown domain to a known domain
receives a score of 0.4 rather than 0. Pairwise
matching uses greedy best-match alignment, nor-
malized by the size of the larger collection.

E.2 Constraint Similarity

The frozen selection path compares constraint col-
lections directly rather than greedily matching indi-
vidual rows. Let qn compare collection sizes with
h, and let qs, qa, qt, qv, and qp compare, respec-
tively, the bags of canonical senses, arities, linear
terms, variable shapes, and the set of parameter
tokens aggregated over all constraint rows. The
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runtime constraint-collection similarity is

sc = 0.20qn + 0.15qs + 0.10qa

+ 0.35qt + 0.15qv + 0.05qp.
(18)

E.3 Objective Similarity

For objectives, let se be bag Jaccard over the
combined canonical semantic tokens (magnitude-
binned numbers, operators, variable shapes, lin-
ear terms, and parameter tokens). Let sp denote
the weighted combination of the corresponding
expression-profile similarities with weights 0.08
(numbers), 0.10 (operators), 0.18 (variable shapes),
0.17 (parameters), 0.37 (linear terms), and 0.10
(signed numbers). Objective similarity is then:

so = 0.35sdirection + 0.25se + 0.40sp. (19)

For sdirection, a direction mismatch receives 0,
while an unknown direction receives 0.2. If both
objectives are absent, the objective similarity is 1.0;
if exactly one is absent, it is 0.

E.4 Parameter-Dependency Similarity

Parameter-dependency similarity is a lightweight
auxiliary term over tokens aggregated from the full
model. Let α, α′ be parameter-token sets and let
ν, ν ′ be numeric-token multisets. We define

sd = 0.75 · J(α, α′) + 0.25 · Jbag(ν, ν
′), (20)

where J and Jbag are set and bag Jaccard similarity,
respectively. Canonical linear representations inten-
tionally contain no parameter-name tokens, so the
first term is active only for AST fallback represen-
tations; this auxiliary score is therefore primarily
numeric on successfully standardized candidates.

E.5 Shape Similarity

Shape similarity captures global structural statis-
tics:

ss = 0.25 · h(|V|, |V ′|) + 0.25 · h(|R|, |R′|)
+ 0.20 · 1[has_obj = has_obj′]

+ 0.15 · Jbag(domains)

+ 0.15 · Jbag(senses).
(21)

where h(a, b) = max(0, 1 − |a −
b|/max(1,max(a, b))).

E.6 Overall Program Similarity

The five sub-scores are combined with fixed
weights:

sim(Mi,Mj) = 0.18 · sv + 0.27 · so + 0.45 · sc
+ 0.05 · sd + 0.05 · ss,

(22)
where sv, so, sc, sd, ss are the variable, objec-
tive, constraint, parameter-dependency, and shape
sub-scores defined above. Weights reflect the rela-
tive informativeness of each structural layer: con-
straints receive the largest weight (0.45), followed
by the objective (0.27) and variable signatures
(0.18); shape and parameter-dependency serve as
lightweight regularizers (0.05 each).

F Static Quality Defect Taxonomy

Table 8 lists the defect types and penalty weights
used in Eq. 13. Defects flagged as fatal additionally
cap the symbolic base before LP fusion: Bi ←
min(Braw

i ,SQ(ci)).

G Full Per-Benchmark Results

Table 9 reports the full per-benchmark results for
First, SSC, and pool coverage, used in all statistical
analyses.

H Clone-Aware Consistency Weighting

When multiple candidates are near-identical, a
naive mean of pairwise similarities inflates the con-
sistency score of the dominant cluster. We address
this with a union-find clone grouping: two candi-
dates ci, cj are placed in the same clone group when
sim(Mi,Mj) ≥ τclone = 0.95. Each candidate
receives wi = SQ(ci)TA(ci,P)/|clone-group(i)|,
and the weighted consistency score is:

SC(ci) =

∑
j ̸=iwj sim(Mi,Mj)∑

j ̸=iwj
. (23)

Thus clone diversity and candidate credibility affect
SC jointly. The threshold τclone = 0.95 is fixed
across all benchmarks.

I Per-Benchmark Ablation Results

Table 10 gives the full ablation breakdown by
benchmark for all component variants. Each entry
reports accuracy (%).
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Category Defect type Penalty

Parse / AST

syntax_error 1.00†

missing_variables 0.30†

missing_objective 0.30†

missing_constraints 0.25
unknown_objective_direction 0.08
unknown_variable_domain 0.08
unknown_constraint_sense 0.06
possible_nonlinearity 0.15

Pyomo API

reserved_pyomo_component_name 0.60†

rule_arity_mismatch 0.50†

unsupported_pyomo_max 0.45†

unsupported_python_max_on_pyomo_expr 0.10
disallowed_component_decorator 0.00†

disallowed_constraint_list 0.00†

disallowed_add_call 0.00†

disallowed_dynamic_component 0.00†

disallowed_lambda_rule 0.00
contains_solver_call 0.15†

Sandbox

sandbox_import_error 0.70†

sandbox_construct_error 0.70†

sandbox_timeout 0.70†

sandbox_no_model 0.65†

sandbox_no_variables 0.45†

sandbox_no_objective 0.45†

sandbox_no_constraints 0.35†

sandbox_subprocess_error 0.60†

sandbox_bad_json 0.60†

Standardization

standardization_import_error 0.70†

standardization_construct_error 0.70†

standardization_no_model 0.65†

standardization_no_variables 0.45†

standardization_no_objective 0.45†

standardization_no_constraints 0.35†

standardization_timeout 0.70†

standardization_subprocess_error 0.70†

standardization_bad_json 0.60†

Table 8: Static quality defect taxonomy. † marks fatal
defects that cap the symbolic base before LP fusion; a
zero penalty can still trigger this cap when the construct
violates the code contract.

J Statistical Significance and Confidence
Intervals

J.1 McNemar’s Test

We use two-sided McNemar’s test (McNemar,
1947) to assess whether SSC differs from the first-
position random draw on each benchmark. Since
candidate positions are shuffled independently per
problem (Appendix M.5), the first candidate is a
valid random draw while still enabling paired test-
ing. Let b denote the number of problems where
the first-position draw is correct and SSC is wrong;
c denote the number of problems where the first-
position draw is wrong and SSC is correct. For
b + c < 25 we use the exact binomial; other-
wise the chi-squared statistic with continuity cor-
rection. Pooling all seven benchmarks gives b=21
and c=43 discordant pairs; the continuity-corrected
McNemar statistic is χ2=6.891 with p=0.0087.
Because design choices were informed by results
on this pool, we interpret this result as descriptive

paired evidence rather than an independent confir-
matory test.

K Controlled Neural Baselines and
Selection Cost

The zero-shot listwise judge sees the problem and
all ten candidate programs in a deterministically
shuffled order. Reference-answer assignments are
masked, and neither solver outputs nor offline la-
bels are provided. A single deepseek-v4-flash
pass per problem selects 332/618 candidates cor-
rectly (53.72%). The run uses 5,684,192 input
tokens and 55,545 output tokens. Against SSC,
there are 38 SSC-only and 26 judge-only successes
(paired exact p=0.169).

The LOBO ranker is an L2-regularized logistic
regression over the same stored SSC component
features. It trains on candidate-level correctness
labels from six benchmarks and tests on the held-
out seventh, obtaining 342/618 (55.34%). SSC-
only and ranker-only successes are 6 and 4 (paired
exact p=0.754). Note that fixed SSC uses no task-
specific training labels.

L Semantic Requirement Extraction

Text alignment (Section 3.3) relies on LLM-
extracted semantic requirements from the problem
description P . We prompt an LLM to return a
JSON list of requirements, each with fields: name
(short identifier), features (one or more tokens
from a closed vocabulary), and weight (impor-
tance, ∈ [0.1, 2.0]). Extraction uses a DeepSeek-
family chat endpoint at temperature 0, with a 1400-
token cap and two retries. The resulting require-
ment set depends only on the problem text; it
is cached in semantic_requirements.json and
reused for all K candidates and all ablations. The
prompt contains only the problem statement and
the closed feature vocabulary, not candidate code,
solver outputs, or gold answers, thus TA has no ac-
cess to evaluation labels. If the response is invalid
JSON or no supported vocabulary feature remains
after filtering, requirement extraction is considered
unsuccessful and the experiment terminates.

The closed vocabulary of 21 semantic features
is:
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Method NL4OPT MaMO-E MaMO-C CpxOR IndOR OptiBench OptMath

First 71.0 87.0 40.0 55.6 32.0 41.0 41.0
SSC 80.0 92.0 39.0 55.6 34.0 43.0 46.0
Coverage 83.0 94.0 51.0 55.6 42.0 53.0 75.0

Table 9: Per-benchmark accuracy used for statistical analysis (K=10, n=618).

Variant NL4OPT MaMO-E MaMO-C ComplexOR IndOR OptiBench OptMath Avg

Random 73.4 88.3 37.4 50.6 32.1 38.4 39.3 51.5

SC only 77.0 90.0 37.0 55.6 33.0 41.0 47.0 54.2
SQ only 71.0 89.0 43.0 55.6 32.0 42.0 47.0 54.0
TA only 78.0 88.0 40.0 55.6 34.0 41.0 39.0 53.4

SC + SQ 77.0 90.0 37.0 55.6 33.0 41.0 47.0 54.2
SC + TA 80.0 89.0 36.0 55.6 34.0 41.0 40.0 53.4
SQ + TA 78.0 89.0 41.0 55.6 34.0 42.0 44.0 54.7

SSC w/o LP 80.0 90.0 36.0 55.6 34.0 41.0 40.0 53.6
SSC (ours) 80.0 92.0 39.0 55.6 34.0 43.0 46.0 55.7

Table 10: Per-benchmark ablation accuracy (%). SSC w/o LP uses Eq. 8; full SSC uses Eq. 9.

Benchmark n b c p-value

NL4OPT 100 1 10 0.0117 *
MaMO-Easy 100 1 6 0.1250 n.s.
MaMO-Complex 100 5 4 1.0000 n.s.
ComplexOR 18 0 0 1.0000 n.s.
IndustryOR 100 3 5 0.7266 n.s.
OptiBench 100 2 4 0.6875 n.s.
OptMath 100 9 14 0.4049 n.s.

Pooled 618 21 43 0.0087 **

Table 11: McNemar’s test for SSC vs. the first-position
random draw (K=10).

Vars Constr. Time (s) Peak MiB

10 10 0.157 0.4
100 100 0.688 2.5
500 500 3.267 12.3

1000 1000 6.395 24.2

Table 12: Controlled symbolic SSC cost for K = 10
synthetic linear Pyomo candidates. Time includes con-
struction, canonicalization, and symbolic scoring; it
excludes generation and LP solving.

objective:minimize objective:maximize
var:binary var:integer
var:bounded constraint:equality
constraint:equality_binary constraint:equality_continuous
constraint:upper_bound constraint:lower_bound
constraint:assignment constraint:capacity
constraint:budget constraint:resource
constraint:demand constraint:coverage
constraint:linking constraint:facility_linking
constraint:flow_balance constraint:routing
constraint:inventory_balance

Requirements with feature tokens outside this
vocabulary are discarded. Weights for objective
sense are typically 1.5; structural constraint types
(assignment, flow balance) are 1.0–1.5; bound-type
constraints are 0.5–1.0.

Model-side evidence is extracted from the
candidate’s parsed representation without LLM
involvement: variable domains yield var:binary,
var:integer, var:bounded; objective sense
yields objective:minimize/maximize; con-
straint senses and expression profiles are matched
to semantic constraint types via rule-based pattern
matching. The TA score is the weighted fraction of
requirements whose evidence features appear in
the candidate’s evidence set.

M Generation Pipeline Details

M.1 Template Retrieval

We maintain a library of 14 canonical MILP
problem archetypes (e.g., Transportation, Assign-
ment, Knapsack, Facility Location, Network Flow,
Scheduling). Each template records: problem type
name, natural language description, canonical for-
mulation sketch, reasoning flow steps, and common
modeling errors.

For a problem description P , we score each tem-
plate by keyword overlap:

score(t) =
∑

k∈Kt

(5 + |k|)1[k ⊆ P]

+ 1.25
∑

k∈Kt

|words(k) ∩ words(P)|

+ 0.15 |Q ∩ T |,
(24)

where Kt is the keyword set for template t, and Q
and T are the word sets of P and the full template
text. Templates with score ≥ maxt score(t)× 0.5
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and score ≥ 5 are retrieved (up to three); otherwise
a generic “General LP/MILP” template is used.
Retrieved templates are appended to the generation
prompt as a retrieval-augmented context block.

M.2 Formulation Variants
Each of the K = 10 candidates is generated with a
distinct formulation emphasis instruction appended
to the prompt (candidate_index mod5, cycling
through the five variants twice):

1. Natural naming: use descriptive variable
names (e.g., production[i], assign[i,j]);
one Pyomo Constraint component per seman-
tic restriction.

2. Data-first: enumerate every numeric value
from the problem in DATA with its source sen-
tence before defining any Pyomo component;
reference only DATA entries in the model.

3. Compact index style: use short variable
names (x, y, z) with explicit RangeSet; verify
each constraint direction (≤ vs.≥) against the
problem text after writing it.

4. Decomposed: one Pyomo Constraint rule per
atomic sentence; introduce auxiliary binary
variables for any if-then logic or indicator lin-
earization.

5. Audit-first: write a structured comment block
listing all decision variables (with index sets
and domains), the objective in words, and
each constraint numbered to its source sen-
tence; then translate directly to Pyomo and
verify sense/directions a second time.

M.3 CoT Reasoning Steps
Every generation prompt includes six reasoning
steps that the LLM is instructed to work through
before writing code:

1. Sets and indices: list every collection of enti-
ties (machines, products, time periods, . . . ).

2. Variables: for each decision, name the vari-
able, its index set, and its domain (Binary /
Integer / NonNegativeReals / Reals).

3. Objective: write the objective expression in
words, then confirm minimize vs. maximize.

4. Constraints: enumerate every restriction
from the problem text; check that each sen-
tence maps to at least one constraint.

5. Data usage: confirm every numeric value in
the problem appears in DATA and is referenced
in the model.

6. Linearity: ensure no products of two decision
variables appear in any expression.

M.4 Temperature Schedule and Repair
The ten candidates are generated us-
ing a cycled temperature schedule of
[0.6, 0.8, 1.0, 1.2, 1.4, 0.6, 0.8, 1.0, 1.2, 1.4]
(the five-value conservative-to-exploratory spec-
trum repeated twice). This schedule promotes
candidate diversity while avoiding the near-
deterministic outputs that lower temperatures (e.g.,
0.2) can produce for the same prompt.

After each initial generation, a non-optimization
repair loop runs for up to two rounds. A candi-
date triggers repair when any of the following is
detected:

• Syntax error or Pyomo API violation (re-
served name, rule arity mismatch, disallowed
ConstraintList / add() usage)

• Sandbox construction failure (import error,
construct error, timeout)

• Missing Pyomo components (no variables, no
objective, no constraints)

• Possible nonlinearity or solver call

Repair prompts include the original formulation
variant instruction, the retrieved template, the prob-
lem text, and structured feedback from the sandbox
and AST checks. Repairs use temperature 0 to en-
courage deterministic corrections while preserving
the mathematical intent of the original formulation.

M.5 Random-Draw Baseline
Random expected. The expected accuracy of a
uniform random draw from the K=10 candidate
pool, computed as the mean per-problem correct
fraction:

Randomexp =
1

n

n∑

p=1

1

K

K∑

k=1

1[correct(cpk)]. (25)

Random draw (first position). The accuracy of
always selecting the first candidate in the shuffled
pool:

Randomfirst =
1

n

n∑

p=1

1[correct(cp1)]. (26)
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Why the two values differ. Both are unbiased
estimates of the same underlying quantity, but
Randomexp averages all K positions per problem
and therefore has lower finite-sample variance,
while Randomfirst is a single-position sample (0
or 1 per problem) with higher variance. On fi-
nite benchmarks the two can differ noticeably—for
example, MaMO-Easy: 87.0% vs. 88.3%; Com-
plexOR: 55.6% vs. 50.6% (Table 3). We report
Randomfirst as the paired baseline for McNemar’s
test (Appendix J) because it gives one concrete
decision per problem.

Why first position is a valid random draw.
Each problem’s ten generation recipes—the five
formulation-emphasis and temperature pairs, each
repeated twice—are shuffled with a problem-
specific seed f"{seed}:{problem_id}" before
being assigned to candidate positions 0–9. Every
position therefore receives each recipe with equal
probability 1

10 across problems, so cp1 is statistically
equivalent to a uniform random draw.

The practical consequence is that the random
expected accuracy (51.5%) is the expected base-
line for any position-agnostic selection method that
ignores candidate content.

M.6 Pyomo Code Contract

All generated candidates must satisfy the following
structural contract:

• Use a concrete model: model =
pyo.ConcreteModel().

• All Pyomo components de-
fined as model.<name> =
pyo.Var/Constraint/. . .

• Objective: model.obj =
pyo.Objective(expr=. . . ,
sense=. . . )

• Indexed constraints via named rule functions;
not ConstraintList, add(), lambda rules,
or dynamic component names in loops.

• No SolverFactory, .solve(), or
pyo.value() calls inside build_model().

• DATA dictionary as the single source of nu-
meric constants.

• If a compatibility placeholder is needed, de-
fine GOLD_ANSWER = None; never use a refer-
ence answer in the model.

LP dimension Correct Agree with 30

10 344/618 615/618
20 344/618 618/618
30 344/618 618/618
50 344/618 616/618
100 344/618 616/618
Full padded 344/618 616/618

Table 13: Sensitivity to the sorted LP-solution profile
dimension.

N LP Robustness Checks

Table 13 varies the sorted LP-profile dimension
while keeping the candidate pools and all other
scores fixed. All tested dimensions produce the
same answer accuracy; a small number of selected
candidate identities differ without affecting correct-
ness.

A cached grid over the central LP blending
weights yields 55.3–55.7% accuracy. These checks
show local same-pool stability, but they do not re-
place independent hyperparameter validation. We
omit the submitted lambda plot and the approxi-
mate prefix-K curve because they did not rerun
the complete pool-dependent selector under each
displayed configuration.

O Frozen Experimental Provenance

The replacement experiment contains 618 prob-
lems and 6,180 candidates, exactly ten candidates
per problem. All seven July 11 manifests record the
rolling API endpoint string deepseek-v4-flash,
thinking disabled, seed 0, and no generation-time
diversity conditioning. The cached TA require-
ments date from May 18, and the listwise judge
was run on August 25; the shared endpoint name
does not assert checkpoint identity across these
dates. Candidate order is shuffled deterministi-
cally by problem and seed. Python 3.11.15, Pyomo
6.10.0, NumPy 2.4.3, SciPy 1.17.1, and GLPK
5.0 were recorded in the audited environment;
SCIP evaluation uses a 120-second process time-
out. The implementation is available at https:
//github.com/Faramita2/SSC-MILP.
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