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ABSTRACT

Mixed-Integer Linear Programming (MILP) is a fundamental tool for combinatorial optimization
with extensive real-world applications. A central challenge is designing efficient MILP formulations.
Large Language Models (LLMs) offer new opportunities to automate the modeling process, from
deriving formulations to strengthening them. To ensure correctness, we need robust methods to
compare formulations. However, existing approaches evaluate formulations numerically and fail to
reason about general problem instances. We resolve this limitation by introducing a constructive
notion of MILP reformulation that can be formalized in Lean and machine-checked. We develop
FLARE! (Formulation-Level Automated Reformulation Evaluation), a method that uses an LLM-
based agent and the Lean proof assistant to verify proposed reformulations against a reference. To
evaluate our approach, we introduce FormulationBench, a challenging dataset of 20 problems and 116
formulations. FLARE outperforms existing methods with 96.9% accuracy. For cases where formal
guarantees are not necessary, we introduce FLARE-NL, an LLM proxy that achieves 99.7% accuracy.
These methods enable reliable verification in automated optimization modeling.?
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1 Introduction

Mixed-Integer Linear Programming (MILP) is a fundamental tool for combinatorial optimization with applications
in scheduling [17, 32], planning [48], energy [45, 31], and chip design [53]. A central challenge in MILP is problem
formulation: translating a real-world scenario into a concrete mathematical model. Historically, problem formulation
has required significant technical expertise. However, recent work has highlighted the ability of LLMs to translate
natural-language problem descriptions into MILP formulations [63, 1, 3, 25, 9]. The primary objective is to generate
MILP formulations that faithfully represent the underlying optimization problem.

Developing a faithful formulation is just the first stage in the modeling process. The same problem can often be
expressed by multiple formulations which vary dramatically in solve times. In practice, experts use techniques like
reformulation [56], decomposition [61], and cutting planes [43] to obtain efficient MILP formulations. LLMs offer the
potential to automate this process [66, 16]. A related line of research uses LLMs for algorithm design by iteratively
evolving efficient algorithms through generation and evaluation [52, 41, 67, 47]. This approach has led to advances
in mathematical discovery [22], vehicle routing [24, 64] and system design [23]. However, automated optimization
modeling requires verifying that a generated formulation remains faithful to the original problem. This challenge
reduces to determining whether one formulation is a reformulation of another.

Existing approaches rely heavily on heuristics, most commonly comparing optimal objective values on a single instance
[1, 25, 37]. However, such checks are unreliable and can fail under simple transformations such as the addition of
cutting planes or rescaling an objective (see [68] for a discussion). Inspired by Karp reductions in complexity theory,
recent work by Zhai et al. [68] introduced EquivaMap, which uses LLMs to discover how solutions map between
formulations.

'The FLARE implementation is available at https://github.com/henryrobbins/flare
2FormulationBench is available at https: //huggingface.co/datasets/henryrobbins/formulation-bench
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Figure 1: The FLARE workflow. (a) An agent is given natural language and Python representations of two MILP formulations and is
instructed to generate Lean formalizations of both. Combined with our formalization of MILP reformulation, this yields a formal
claim that formulation B is a reformulation of A. (b) In the second phase, the agent attempts to construct a Lean proof of that claim.
The Lean-LSP-MCP allows the agent to obtain detailed feedback from the Lean process as it develops the proof.

Key Challenge. EquivaMap moves beyond purely heuristic methods, but its guarantees remain instance-level. It
validates a reformulation for a specific instance (e.g., set of jobs to schedule) but not in general (e.g., any possible
set of jobs to schedule). Such instance-level checks can miss formulation inconsistencies that arise on other problem
instances. For example, we identify several cutting planes proposed by an LLM-based modeling framework called
EvoCut [66] that pass instance-level validation but remove feasible solutions for some instances. To mitigate this risk,
we seek formulation-level guarantees satisfied by all problem instances. Such guarantees require reasoning over al/
instances, rather than computationally evaluating a small subset of instances.

Our Contributions. We introduce FLARE, an automated framework for validating reformulations at the formulation-
level. Our key idea is to use formal verification to make universal claims over problem instances machine-checkable.
We utilize recent advances in automated formal proof synthesis (AFPS) to generate reformulation proofs automatically
[42]. Classic notions of reformulation require reasoning about optimal solution sets and are not well-suited to AFPS. To
address this challenge, we introduce a constructive definition of reformulation that requires explicit mappings between
parameter spaces, feasible regions, and objective values. We formalize this definition in Lean and use an LLM-based
agent for AFPS. When successful, a certificate proves a reformulation is valid for all problem instances. A formulation
is treated as invalid if FLARE fails to synthesize a certificate. FLARE is the first automated approach for producing
verifiable reformulation certificates, enabling trustworthy optimization modeling with LLMs.

Our contributions can be summarized as follows:

¢ Constructive definition of MILP reformulation. We introduce a constructive definition of MILP reformulation
that is amenable to formal verification and AFPS, enabling the first automated method for validating reformulations
at the formulation-level.

* Al for formulation verification. We develop FLARE, a framework that combines LLM-based auto-formalization
with AFPS to generate machine-checkable reformulation certificates, and FLARE-NL, an LLM proxy that trades
formal guarantees for improved speed and cost.

* Realistic benchmark for reformulation. We introduce FormulationBench, a benchmark dataset of 20 problems
and 116 formulations capturing realistic modeling transformations. Empirically, we show FLARE outperforms
existing methods, achieving a 96.9% accuracy in assessing reformulation validity. FLARE-NL achieves 99.7 %
accuracy, showing its value as a cheap proxy for FLARE when a machine-checkable certificate is unnecessary.

* Demonstrated need for formal proofs. We verify prior Al-driven MILP reformulations, revealing 5 invalid
cutting planes proposed by EvoCut [66] and 3 reformulations proposed in Ferchtandiker [16]: these “equivalent”
formulations are wrong or omit necessary assumptions (Appendix F).
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2 Related Work

An efficient MILP formulation can decrease the solve time by orders of magnitude [11]. To improve solve time,
experts apply transformations such as lifting [6], change of variables [61], and cutting planes [55] that strengthen
the formulation while preserving optimal solutions (see [38] for a broader discussion). We study the complementary
problem of verifying such reformulations, particularly in emerging settings where formulations are generated or modified
by LLMs. This perspective connects three lines of research: (i) LLM-based systems that generate and refine MILP
formulations, (ii) methods for verifying reformulations, and (iii) auto-formalization and automated proof synthesis.

LLMs for MILP Modeling. A growing body of work has applied LLMs to automate translating natural language into
a MILP formulation. Early efforts focused on natural language processing (NLP) pipelines for structured extraction
[49], while more recent optimization copilots use LLM-based multi-agent systems [1, 2, 46, 63, 37, 3, 15] or fine-tuning
[25, 28] to handle complex, multi-constraint problems. These capabilities have been applied across domains including
supply chain management [36], diagnosing infeasible models [8, 9], and scheduling [33]. Beyond formulating a correct
model, recent work has also explored the use of LLMs to generate stronger MILP formulations via cutting planes [66],
reformulations [16], or better solver configuration [34]. However, these approaches rely on instance-level validation.
We demonstrate examples where this limitation leads to invalid cutting planes and reformulations.

Automatic Reformulation Checking Methods. Determining whether one formulation is a reformulation of another is
central to evaluating LLM-generated MILP formulations. Existing approaches largely operate at the instance level.
Canonical accuracy checks for a direct mapping between declarations (i.e., constraints and objectives) [49], while
execution accuracy compares optimal objective values after solving both formulations [1, 25, 37]. More recently,
EquivaMap [68] used LLMs to infer variable mappings between formulations and validate them by mapping optimal
solutions on a specific instance. Structural approaches represent MILPs as bipartite graphs and measure similarity
via graph isomorphism or edit distance [65, 54, 59, 60], avoiding the need to solve the optimization problem directly.
Unlike existing approaches, FLARE verifies reformulations at the formulation-level by producing machine-checkable
certificates that hold across all problem instances.

Auto-Formalization and Automated Formal Proof Synthesis. Auto-formalization translates natural language into
formal representations [62, 20, 58, 40, 27], while automated formal proof synthesis (AFPS) generates machine-
checkable proofs from formal statements [39, 50, 57, 10, 5, 26, 42, 51]. Recent advances in LLMs have significantly
improved both tasks, with agentic frameworks combining (fine-tuned) language models and proof assistants (e.g., Lean)
to formalize and solve complex mathematical problems. Most recently, simple agentic harnesses have been shown to be
competitive AFPS methods [51, 42]. We adopt an LLM-based agent as the AFPS method in FLARE and introduce a
constructive definition of reformulation to make proving reformulations tractable.

3 Formalizing Formulations

We begin by formally defining MILP formulation. Here, we make a clear distinction between a formulation and the
parameter (or data) values that define a particular instance of the problem [18]. Take the traveling salesman problem
(TSP) as an example. A TSP formulation is defined on an abstract set of cities. A TSP instance is one such city set.
Instantiating the formulation with an instance yields a concrete MILP to be solved.

Definition 3.1 (Formulation). A MILP formulation M is a tuple M = (P, F, fo) with parameter space P, feasible
region F(p) C R™P), and objective function fy. For instance p € P, the feasible region F(p) is defined by m (p) linear
constraints, f;(-;p) : R™P) — R for all i € [m(p)]. The first k(p) < n(p) variables are integers. The feasible region is

F(p) = {x € ZFP) x RPPI=E@) | £ (2:p) < 0Vi € [m(p)]}.

When the instance p is clear from context, we use n, m, and k instead of the parameterized forms. The objective is
to minimize the linear function fo(-;p) : R*®) — R. A formulation M is instantiated with an instance p € P. We
denote an instantiated formulation as M(p) = (F(p), fo(p)).

Running Example. The traveling salesman problem (TSP) aims to find the shortest tour in a graph that visits every
node exactly once. A TSP instance is a weighted fully-connected graph G = (V, E,w) on n = |V| > 2 nodes with
edge weights w;;. We write Prsp for the set of all such graphs. Two common MILP formulations for the TSP are the
Dantzig-Fulkerson-Johnson (DFJ) [12] and Miller-Tucker-Zemlin (MTZ) [44] formulations.
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Both formulations define decision variables x;; € {0, 1} to indicate if the edge (i, j) is used in the tour. To prevent
subtours, DFJ uses an exponential family of subtour-elimination constraints, while MTZ uses a polynomial family of
constraints with auxiliary position variables u; € R for each node. We denote these formulations as Mpgy and My1z,
respectively. Both formulations faithfully represent the TSP, but have notable differences that affect solve times. Mpgj
is a stronger formulation than Mz in that it admits fewer fractional solutions in the linear relaxation. Despite the
exponential size of Mpgy, it can be solved efficiently with constraint generation.

With a formal definition of MILP formulation established, we now consider multiple formal notions of reformulation
and introduce a constructive definition amenable to formalization and AFPS.

4 Formalizing Reformulations

Until now, we have used the term reformulation informally. It has an intuitive operational meaning: M’ is a reformula-
tion of M if one can map an instance M (p) to an instance M’ (p’), solve M'(p’), and efficiently recover an optimal
solution to M (p). Importantly, this is a formulation-level claim that holds across all problem instances p € P.

In Section 4.1, we review an existing notion of reformulation capturing this intuition and discuss why this definition is
difficult to verify computationally. This limitation has led to proxies for reformulation that are easier to computationally
verify but lack formulation-level guarantees (Section 4.2). Our key idea is to utilize tools from formal verification to
make formulation-level reformulation claims machine-checkable. To this end, we propose a constructive definition of
reformulation that is amenable to formalization and tractable for AFPS (Section 4.3).

4.1 Existing Definition

Audet et al. [4] capture our intuitive notion of reformulation with a complexity-theoretic definition inspired by
polynomial time Turing reductions [21].

Definition 4.1 (Audet Reformulation [4]). Let M and M’ be two formulations with parameter spaces P and P’. M’
is an Audet reformulation of M if there exists a mapping ®,, : P — P’ such that, for any instance p € P: if M(p) has
an optimal solution, then M’(®(p)) also has an optimal solution, and every optimal solution to M’(®,(p)) can be
mapped back to an optimal solution of M (p) in polynomial time.

TSP Example. Observe that Mz is an Audet reformulation of Mpgy. The mapping ®;, is the identity as both
formulations use the same parameter space Prsp. Given an optimal solution of Mz (P, (p)), we can obtain an
optimal solution to Mpgj(p) by mapping x;; to itself and dropping the position variables u;. This can be done in
polynomial time.

This definition captures a formulation-level notion of reformulation as desired. However, it is difficult to verify
computationally since it quantifies over all instances p € P. Furthermore, it places a burden on AFPS to reason why an
optimal solution to M’ (®,(p)) can recover an optimal solution to M(p). Our constructive definition of reformulation
in Section 4.3 is designed to relieve AFPS of this proof burden.

4.2 Proxy Definitions and Limitations

To address the computational intractability of formulation-level verification, existing proxies consider reformulation at
the instance-level. For a fixed pair of instances, a proxy verifies if M’(p’) is a reformulation of M (p). The simplest
proxy solves M(p) and M'(p’) and compares the optimal objective values [1, 25, 37]. Zhai et al. [68] propose a
stronger proxy, Quasi-Karp equivalence', inspired by Karp reductions [30] in complexity theory.

'Note that this definition is directional despite the equivalence terminology.
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Definition 4.2 (Quasi-Karp Equivalence [68]). Let M (p) and M’ (p) be two instantiated formulations. We say M’ (p’)
is Quasi-Karp equivalent to M(p) if there exists an algorithm A(M (p), M’ (p’)) that produces a mapping f such that:

o If 2* is an optimal solution to M’ (p’), then f(x*) is an optimal solution to M(p),
¢ f can be computed in polynomial time, and
o A(M(p), M'(p’)) runs in polynomial time for all p € P and p’ € P'.

Quasi-Karp equivalence is an instance-level analogue of Audet reformulation. Zhai et al. [68] implement this idea in
EquivaMap, where an LLM proposes a mapping f and the mapping is checked on the solved instance. This mapping-
based view is more expressive than execution accuracy, allowing EquivaMap to recognize arbitrary reformulations on a
fixed instance, including order-preserving objective transformations. However, it still fails to verify reformulations at
the formulation-level.

Pitfalls of Instance-Level Verification. The distinction between instance and formulation-level verification is critical in
automated optimization modeling. A generated formulation is meant to be reused on unseen problem data. An instance-
level check can validate a reformulation that is invalid at the formulation-level. This failure mode is not hypothetical.
EvoCut [66] uses LLMs to propose cutting planes (cuts) for MILP formulations. A valid cut for formulation M removes
feasible points in the linear relaxation of M while retaining all integer-feasible points. The EvoCut method validates
candidate cuts with a simple execution-based proxy. As such, the proposed cuts may be invalid on unseen instances.
The following cut proposed for the MTZ TSP formulation illustrates this risk:

Tj1 —|—xji+(uj—ui—1) < (n—l)(Z—xli—xij) Vi,jEV\{l}, 275]

This cut eliminates triangles involving the first node. Let M}, be Myrz augmented with this cut family. For any
instance G € Prgp with n > 3, every feasible tour already avoids triangles with the first node, so the cut is trivially
satisfied and M}, (G) behaves identically to Myirz(G). However, consider the 3-node instance G3 € Prsp depicted
in Figure 2a with feasible tour 1 — 2 — 3 — 1. Letting ¢ = 2 and j = 3, the cut inequality reduces to 1 < 0 and does
not hold. Every Hamiltonian tour on 3 nodes violates this cut and M1, (G3) becomes infeasible, proving that this cut
is invalid. This example exposes the core problem with using instance-level reformulation proxies: they are unable to
validate reformulations across all admissible problem instances.

A B

Dpya(-;p)

Dpya(sp)

Figure 2: (a) A feasible tour 1 — 2 — 3 — 1 on a 3-node TSP instance with the MTZ variables z;; and u;. (b) A graphical
depiction of the reformulation construction ®(M, M’). The parameter mapping ®,, yields a pair of feasible regions F(p) and
F'(p’) related by the forward and backward maps such that objective ordering is preserved.

4.3 Constructive Definition

To overcome the pitfalls of instance-level reformulation proxies, we use formal verification to machine-check reformu-
lations at the formulation-level. Audet reformulation can be formalized and machine-checked, but it requires AFPS to
prove the an optimal solution of M’(®,(p)) recovers an optimal solution to M(p). To ease the burden on AFPS, we
propose a constructive definition of reformulation. It strengthens Audet reformulation so that a reformulation can be
verified through explicit forward and backward mappings that preserve objective ordering (see Figure 2b).



FLARE: Verifying MILP Reformulations with LLM-Based Formal Proof Synthesis

Definition 4.3 (Constructive Reformulation). Let M = (P, F, fo) and M’ = (P', F', f}) be formulations. A
reformulation construction from M to M’ is a tuple (M, M) = (@, Prwa, Powa, Pobj) consisting of:

* a parameter mapping &, : P — P/,

+ a forward mapping ®ryq(-;p) : R™P) — R™ (®p(p))

* a backward mapping Ppya(-;p) : R (2p(P) 5 R(P) computable in polynomial time, ! and
* an objective mapping Pgp; : R — R.

M’ is a constructive reformulation of M if there exists a reformulation construction satisfying the following conditions
for every instance p € P, with p’ = &, (p):

* Forward feasibility. For all z € F(p): ®swa(z;p) € F'(P).

» Backward feasibility. For all ' € F'(p'): ®uwa(2’;p) € F(p).

* Strictly monotone objective mapping. ®; is strictly monotonically increasing.

* Internal consistency. (1) For all z € F(p), f§(Pwa(z;p);0") = Povj(fo(z;p)), and (2) for all 2’ € F'(p'),
fo(@"sp") = Pobi(fo(Powa(@'; )3 p))-

We say M’ (p') is a constructive reformulation of M(p) if the conditions hold for some instance p € P.

Like Audet reformulation, this definition is only meaningful when computing the optimal solution to both formulations
is NP-hard and both formulations admit a feasible solution for at least one parameter. This definition is chosen to ensure
our notion of reformulation captures common MILP transformations (e.g., lifting, rescaling, and substitution) and
modeling choices (e.g., exponential constraints like the TSP DFJ formulation). Our definition is similar to the definition
proposed by Sherali which asserts a much stronger order-preserving bijective mapping between the two feasible regions
that excludes common transformations (e.g., lifting) [38].

We prove a constructive reformulation is an Audet reformulation and, as an immediate corollary, the instantiated claim
also implies Quasi-Karp equivalence. We defer the proof to Appendix A.

Proposition 4.1. Let M and M’ be formulations. If M’ is a constructive reformulation of M, then M’ is an Audet
reformulation of M. Equivalently, for any instance p € P with p’ = ®,(p), if M’ (p') is a constructive reformulation
of M(p), then M’ (p') is Quasi-Karp equivalent to M(p).

Our definition is stronger than Audet because it maps all feasible points, not only optima. This stronger notion of
reformulation provides a more structured claim that reduces the proof burden on AFPS while remaining satisfied by
common MILP transformations. For the remainder of the paper, reformulation means constructive reformulation.

S Methodology

This section operationalizes our constructive reformulation definition into an automated verification pipeline. We first
formalize our definitions in Lean and then introduce FLARE, which uses AFPS to generate machine-checkable refor-
mulation certificates. Finally, we introduce FLARE-NL, a fast and cheap LLM proxy that reasons about reformulations
using only natural language.

Formalization. To make our reformulation definition machine-checkable, we formalize our definition in the proof
assistant Lean [13], chosen for its mature Mathlib library and extensive AFPS tooling (see Appendix C). We provide
Lean formalizations of formulation (Definition 3.1) and reformulation (Definition 4.3) in Appendix B. We assume the
input formulations are well-formed MILPs (i.e., have linear constraints and objective, and are defined over real-valued
decision variables). Accordingly, our Lean formalization does not explicitly encode these conditions. The only part
of Definition 4.3 we omit from the Lean proof obligation is the polynomial-time requirement on ®},,q. Formalizing
computational complexity in Lean would add substantial proof burden, and in our experiments, we never observe a case
where the synthesized backward mapping is not computable in polynomial time.

FLARE. FLARE determines if M’ is a reformulation of M in the following stages: (1) auto-formalize M and M’
into Lean, (2) attempt to prove M’ is a reformulation of M using AFPS, and (3) check if a reformulation certificate
was successfully generated by AFPS. In the first two stages, we utilize the Claude Code? agent harness for auto-
formalization and AFPS. Existing AFPS methods, like the Numina-Lean-Agent [42], demonstrate the use of Claude

"Polynomial time is measured under fixed binary encodings of parameters and rational/integer assignments: ®pyq is polynomial-
time computable if a single deterministic algorithm, given p, ®,(p), and z’, outputs Ppwa(z'; p) in time polynomial in the total
input bit length. This does not impose a polynomial-time requirement on ®,.

2Alternative agent harnesses are considered in Appendix H.
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Code as a competitive AFPS method when combined with the Lean-LSP-MCP [7, 42, 29]. We further augment Claude
Code with custom agent skills for handling MILP formulations in Lean. In the final stage, we check if a proof was
generated and machine-check it with Lean. This workflow is summarized in Figure | and additional implementation
details can be found in Appendix C.

Limitations. FLARE’s guarantee is conditional on faithful formalization. If the auto-formalized formulations are correct,
then a Lean-verified certificate proves the reformulation claim under our definition. However, failure to generate a
certificate is inconclusive. We highlight three limitations.

* No certificate of invalidity. If M’ is not a reformulation of M, FLARE does not prove invalidity. The AFPS
component simply fails to produce a reformulation certificate.

« Dependence on faithful formalization. If the auto-formalized MILP formulations are unfaithful to M and M/,
FLARE may certify the wrong claim. We only observe this failure mode by GPT 5.5 across 96 formulation pairs in
our experiments (Appendix H), and it can be mitigated by deterministically translating from modeling standards such
as AMPL [18] or MathOptInterface [35].

* False negatives from proof synthesis. If the LLM is unable to construct an appropriate reformulation construction or
the proof requires extensive work in Lean to formalize, the agent may exit early, producing a false-negative. Ongoing
efforts to formalize computer science foundations in Lean with CSLib may reduce this burden on AFPS.

FLARE-NL. Generating a reformulation certificate using FLARE can take 5-10 minutes. As a fast and cheap proxy,
FLARE-NL prompts a frontier reasoning model with natural language descriptions of two formulations, M and M’, and
asks if M’ is a reformulation of M (see Appendix D for full prompt). FLARE -NL makes three changes to the naive-LLM
baseline of Zhai et al. [68]: (1) the prompt includes our formal definition of reformulation, (2) the prompt explicitly
states all formulation assumptions and instructs not to introduce new ones, and (3) we utilize reasoning and structured
output. Unlike FLARE, FLARE-NL lacks any verifiable guarantees on its output. It is useful for estimating whether a
certificate likely exists, but it is not a proof method.

6 Experiments

To evaluate if formulation-level verification catches failures missed by instance-level proxies, we introduce Formu-
lationBench, an extension of the EquivaFormulation dataset [68] saturated by EquivaMap. We evaluate FLARE and
FLARE-NL against established baselines and conduct an ablation study on FLARE-NL.! Additional experimental details
are provided in Appendix G.

6.1 FormulationBench

We introduce FormulationBench, a benchmark designed to test formulation-level reformulation reasoning. Formu-
lationBench extends EquivaFormulation [68] with EvoCut cutting plane proposals [66] and a collection of eight
MILP formulation pairs provided by Ferchtandiker [16]. These formulation pairs are more challenging than those in
EquivaFormulation, requiring reasoning about general cutting plane families and meaningfully different modeling
techniques. The dataset contains 20 problems, 116 formulations, and 96 formulation pairs with 70 positive and 26
negative examples (Appendix E). FormulationBench is available on Hugging Face.?

FormulationBench is organized similarly to the NLP4LP dataset [1]; JSON files contain formulation descriptions and
problem instance data. However, FormulationBench introduces two notable extensions. First, since formal proofs
of reformulation validity often rely on assumptions that were implicit in the source dataset, we identify and record
these assumptions. We flag these assumptions as implicit to facilitate our ablation study in Section 6.3. Second, we
formalize each formulation in Lean (see Appendix B) and include ground-truth reformulation certificates for each valid
reformulation pair. In the process of preparing this dataset, we verified prior Al-driven MILP reformulations and found
5 invalid cutting planes proposed by EvoCut [66] and 3 invalid reformulations proposed in Ferchtandiker [16] (see
Appendix F).

6.2 Baseline Comparison

We compare FLARE and FLARE-NL against the baselines in Zhai et al. [68]. We exclude graph-related methods due to
their poor performance on non-trivial transformations. Notably, we include implicit assumptions in the prompts of all
LLM-based methods.

lExperimental code is available at https://github.com/henryrobbins/flare
2FormulationBench is available at https: //huggingface.co/datasets/henryrobbins/formulation-bench
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* Execution [1]. Compares the optimal objective value of two formulation on a specific instance.

* EquivaMap [68]. We re-implement EquivaMap to allow for mappings over non-scalar variables. The original
mapping prompt is unmodified and we use Opus 4.7 as the mapping LLM.

Performance. Table | summarizes the main results. Our methods outperform all existing baselines. FLARE achieves
96.9% accuracy and is the only method that generates machine-checkable reformulation certificates. Among unverified
methods, FLARE -NL outperforms EquivaMap with 99.7% accuracy. We conduct an ablation study on to understand
the core components of this improvement (Section 6.3). Despite its stronger instance-level formalism, EquivaMap
underperforms compared to our methods. EquivaMap’s errors reflect limitations of its instance-level mapping framework
and failures on non-linear solution maps[e|; see Table 2.

Table 1: Accuracy of automated reformulation checking methods on the FormulationBench dataset. Bold indicates the best method
on a metric and underlined indicates the second best. Metric cells report mean = std. dev. across 3 runs. All LLM-based methods
use Opus 4.7 with reasoning and high effort level. Due to the high cost, we only do a single run of FLARE. FLARE and FLARE-NL
outperform existing methods and FLARE is the only method that generates a machine-checkable certificate.

Method Model Certificate Runs TP FP TN FN Precision Recall Accuracy Avg. Time Avg. Cost
Execution [1] — X 3 195 45 33 15 812%£0.0%  92.9%+0.0% 79.2%=+0.0% 2.3s —
EquivaMap [68] Opus 4.7 X 3 195 30 48 15 86.7%£0.0%  92.9%+0.0% 84.4%+0.0% 7.7s $0.042
FLARE Opus 4.7 v 1 67 0 26 3 100.0% 95.7% 96.9% 561.6s $2.334
FLARE-NL Opus 4.7 X 3 210 | 0 99.5%+0.8% 100.0%=+0.0% 99.7%+0.6% 12.9s $0.043

Perils of Instance-Level Validation. Table 2 summarizes errors by transformation type. Existing instance-level
methods fail to catch formulation-level modeling errors, such as transformations (1) and (2), where a transformation can
appear valid on the tested instance while failing as a general reformulation. EquivaMap’s solution-mapping approach
handles transformations (3) and (4), showing its advantage over the execution heuristic, but it is unable to certify validity
for non-linear reformulations. In contrast, FLARE’s formulation-level guarantees eliminate these false positives.

Limits of AFPS. The gap between FLARE and FLARE -NL reflects the current limits of AFPS. FLARE fails to construct
certificates for three reformulations from Ferchtandiker [16]. All three reformulation proofs rely on the flow decom-
position lemma which states a flow can be decomposed into a collection of paths and cycles. This is non-trivial to
formalize in Lean and is not available in standard libraries. However, this is standard computer science result that will
be formalized as Lean libraries improve (e.g., CSLib). Once formalized, FLARE can simply invoke the definition.

Table 2: Accuracy of automated reformulation checking methods segmented by challenging transformation types in the Formulation-
Bench dataset. The Valid column indicates if the listed type transformation results in a valid reformulation.

Transformation Valid  Execution [1]  EquivaMap [68] FLARE FLARE-NL
1. Base-10 Representation X 0% 0% 100% 100 %
2. Addition of Invalid Cutting Planes X 0% 0% 100% 93.3%
3. Rescaled Objective v 0% 100% 100% 100%
4. Different Formulation (Same Objective) X 0% 100 % 100 % 100%
5. Non-Linear Solution Maps v 100% 0% 40% 100 %
Worst Case 0% 0% 40% 93.3%

6.3 FLARE-NL Ablation Study

In Table 3, we ablate the FLARE -NL prompt to measure the importance of the reformulation definition and assumption
handling across four LLMs. The Baseline uses the full prompt; No Definition omits the definition of reformulation;
and Allow Implicit removes implicit assumptions from the prompt and permits the model to introduce reasonable
assumptions. See Appendix D for prompt variants and Appendix G for additional details.

Explicit Definitions and Assumptions. The full FLARE-NL prompt performs the best across all model families,
indicating that reformulation verification relies on explicit definitions and assumptions. Removing the reformulation
definition consistently reduces accuracy, and allowing the model to reason about implicit assumptions causes the largest
degradation for most model families. Verifying reformulations requires explicit criteria and assumptions, rather than
model-inferred assumptions.

Frontier Model Reasoning. FLARE-NL is most effective when paired with strong frontier reasoning models (also
see Appendix H). Under the full prompt, Opus 4.7, GPT-5.5, and DeepSeek V4 Pro all achieve high accuracy, while
GPT-4.1 remains recall-limited despite the same instructions.

hr deleted here



FLARE: Verifying MILP Reformulations with LLM-Based Formal Proof Synthesis

Table 3: Ablation study of FLARE-NL across LLM model and prompt variations. No Definition omits the reformulation definition
from the prompt and Allow Implicit removes implicit assumptions from the prompt and permits the model to introduce reasonable
assumptions. Metric cells report mean =+ std. dev. across 3 runs. All models have reasoning enabled, expect for GPT-4.1 which does
not support reasoning. The reasoning effort level is shown following the model name.

Model (Effort) Variant TP FP TN FN Precision Recall Accuracy Avg Time Avg Cost
Opus 4.7 Baseline 200 1 77 0] 995+08% 100.0£0.0% 99.740.6% 129s  $0.043
hl?“; ) NoDefinition 198 6 72 12 97.1+00% 943+14% 93.8+1.0% ILls  $0.034
(hig Allow Implicit 201 8 70 9 962422%  95.7+14% 94.1+2.6% 143s  $0.042
GPTS.5 Baseline 204 0 78 6 [100.0£0.0% 97.1+14% 97.941.0% 307s  $0.058
(medinm) No Definition 191 0 78 19 | 100.0£0.0% 91.0+0.8% 93.4%0.6% 20.9s  $0.041
Allow Implicit 138 8 70 72 945+1.0%  65.7+14% 72.240.6% 462s  $0.077

DeenSeck V4 pro  Baseline 203 3 74 7| 98.6+25% 967+08% 96.5+2.4% 759s  $0.014
(h":eg) ce " NoDefiniton 198 3 75 11 | 985%£1.5% 947+22% 95.1+2.2% 56.7s  $0.011
'8 Allow Implicit 179 10 66 30  94.740.8%  85.642.6% 86.0+1.7% 84.6s  $0.015
GPTAL Baseline 122 4 74 88| 97.0434%  58.1+1.6% 68.140.6% 71s  $0.010
(none) No Definition 102 4 74 108 = 964+4.1%  48.6+2.9% 61.1+2.2% 57s  $0.007
Allow Implicit 111 5 73 99 957+3.9%  529425% 63.94+33% 795 $0.009

7 Conclusion

LLMs are increasingly used for optimization modeling but lack formal guarantees, necessitating methods to au-
tomatically verify LLM-generated formulations. We develop FLARE, the first automated approach for producing
machine-checkable reformulation certificates. FLARE combines a constructive definition of reformulation and AFPS
to verify reformulation claims at the formulation-level while existing methods only make instance-level claims. Fur-
thermore, we introduce FLARE-NL, an LLM proxy that trades formal guarantees for improved speed and cost. Both
methods outperform existing baselines and achieve high accuracy on the FormulationBench dataset.

Limitations and Future Work. FLARE’s guarantees depend on faithful formalization. If the Lean formalization of a
formulation is unfaithful to its description, the certificate proves the wrong claim. Additionally, failure to generate a
certificate is inconclusive, motivating future work on certificates of invalidity, such as generating valid counterexamples.
Beyond these limitations, this proof-synthesis perspective may also extend beyond reformulation validity to certifying
formulation strength, such as proving that one formulation yields a tighter linear relaxation. Our results also raise
questions about how to integrate verification into LLM-driven modeling and automated heuristic design pipelines (e.g.,
EvoCut [66]). The combination of FLARE’s machine-checkable certificates with FLARE-NL’s low latency and high
accuracy are a potentially powerful combination.
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A Proof of Proposition 4.1

Proposition 4.1. Let M and M’ be formulations. If M’ is a constructive reformulation of M, then M’ is an Audet
reformulation of M. Equivalently, for any instance p € P with p’ = ®,(p), if M’ (p') is a constructive reformulation
of M(p), then M'(p') is Quasi-Karp equivalent to M(p).

Proof. Let M = (P, F, fo) and M’ = (P’, F', f{) be formulations. Assume M’ (p') is a constructive reformulation
of M(p). By definition, there exists a reformulation construction (M, M) = (®y, Prwa, Powd; Pobj) such that the
conditions of Definition 4.3 hold. Fix an instance p € P and let p’ = ®,(p).

We first show that if M (p) has an optimal solution, then M’ (p’) also has an optimal solution. Let z* € F(p) be
optimal for M (p). By forward feasibility, ' = Ppyq(x*;p) € F'(p). We now claim that 2’ is optimal for M’ (p’).
Suppose this was not true. There must exist an &' € F’(p’) such that fj(z') < fi(z'). By backward feasibility,
& = Dpya(2';p) € F(p). By internal consistency:

fo(@'sp") = Qai(fo(d:p)) and  f5(a'sp") = Parj(fo(2™; p))-
Thus,
Pobj (fo(23p)) < Poj(fo(z™;p)).
Since ®g; is strictly increasing, this implies fo(&;p) < fo(z*;p) which contradicts the optimality of «*. Using an

identical argument by contradiction, we can also show that every optimal solution of M’(p") can be mapped back to an
optimal solution of M (p).

Finally, Definition 4.3 requires ®pya(-; p) to be computable in polynomial time. Therefore, given any optimal solution
of M’(®,(p)), an optimal solution of M p) can be recovered in polynomial time. Hence M’ is an Audet reformulation
of M.

For the instantiated claim, fix p and p’ = ®,(p). The same argument shows that the mapping
f(@") = Prwala’s p)

maps every optimal solution of M’(p’) to an optimal solution of M (p) and is polynomial-time computable. Thus
M’ (p') is Quasi-Karp equivalent to M (p). O

B Lean Formalization

We now formalize the formulation (Definition 3.1) and reformulation (Definition 4.3) definitions in Lean. For both
definitions, we utilize a Lean structure. A structure is a collection of named fields and their types. See Listing 1
for the MILPFormulation and MILPReformulation structures. In the following sections, we provide details on how
each definition is formalized.

B.1 Formulation

A formulation M = (P, F, fo) is represented by the MILPFormulation structure. The Params field encodes the
parameter space P. Next, the Vars and feasible fields together encode the feasible region . Lastly, obj encodes the
objective function fj. Notice that both feasible and obj are functions of Params and Vars.

Discrepancies. This definition does not restrict Vars to R™ nor does it assert linearity conditions on either feasible
or obj. This additional typing would add modeling complexity to Vars, reduce legibility, and place unnecessary burden
on AFPS. Our primary motivation is not to prove if a MILP formulation is well-formed. Hence, we make the practical
decision to exclude this typing.

B.2 Reformulation

We formalize reformulation with the MILPReformulation structure. This defines the reformulation construction
O(M, M) = (Pp, Prwa, Powa, Pobj) along with the four conditions specified in Definition 4.3. The fields paramMap,
fwd, bwd, and obj encode ®, Pruq, Powa, and Pop; respectively. The fields fwd_feas and bwd_feas encode the
forward and backward feasibility conditions. The two objective mapping conditions are encoded by fwd_obj and
bwd_obj. Lastly, objMap_mono encodes the strict monotonicity objective condition. A formulation G is proven to
be a reformulation of F by declaring a definition of type MILPReformulation F G. This structure encodes both the
witnessing reformulation construction and proves it obeys the necessary conditions. Proving G is not a reformulation of
F requires proving the type MILPEquiv F G is uninhabited (i.e., no construction satisfying the conditions exists).
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Discrepancies. We omit the restriction that the backward mapping ®pyq is computable in polynomial time. Practically
speaking, we observe no examples of LLMs producing non-polynomial-time backward maps. Hence, adding this
property only places undue burden on AFPS as proving computational complexity properties in Lean is non-trivial.

Listing 1: Lean formalizations: MILPFormulation and MILPReformulation.
import Mathlib.Tactic
import Mathlib.Data.Real.Basic
import Mathlib.Order.Basic

structure MILPFormulation where

Params : Type -- Parameter space
Vars : Params — Type -- Variables

feasible : (p : Params) — Vars p — Prop -- Feasible region
obj : (p : Params) — Vars p — R -- Objective function

structure MILPReformulation (F G : MILPFormulation) where

paramMap : F.Params — G.Params -- Parameter mapping

fwd : (p : F.Params) — F.Vars p — -- Forward mapping
G.Vars (paramMap p)

bwd : (p : F.Params) — G.Vars (paramMap p) — -- Backward mapping
F.Vars p

fwd_feas : V p x, F.feasible p x — -- Forward feasibility condition
G.feasible (paramMap p) (fwd p x)

bwd_feas : V p x', G.feasible (paramMap p) x' — -- Backward feasibility condition
F.feasible p (bwd p x')

objMap : R — R -- Objective mapping

objMap_mono : StrictMono objMap -- Objective monotonicity

fwd_obj : V p x, F.feasible p x — -- Forward objective condition
G.obj (paramMap p) (fwd p x) = objMap (F.obj p x)

bwd_obj : V p x', G.feasible (paramMap p) x' — -- Backward objective condition

G.obj (paramMap p) x' = objMap (F.obj p (bwd p x'))

Listing 2: An example MILPFormulation Lean formalization of the TSP MTZ formulation.

structure Params where
n: N -- number of cities
c: Finn — Finn — R -- arc cost
hn : NeZero n

structure Vars (p : Params) where
x : Fin p.n — Fin p.n — Z -- arc indicator
u: Fin p.n — R -- position

structure Feasible (p : Params) (v : Vars p) : Prop where
-- Each city has exactly one outgoing arc
hout : V i : Fin p.n, >  j : Finp.n, v.x i j =1
-- Each city has exactly one incoming arc
hin : V j : Fin p.n, > i : Finp.n, v.x 1 j =1
-- MTZ subtour elimination
hmtz : V (i : Fin p.n) (j : Fin p.n), i.val # 0 — j.val # 0 — i # j —
v.uli-v.iugj+(p.n:R)x(v.xij:R) < (p.n:R)-1
-- Depot position fixed to 1
hu_depot : havel := p.hn; v.u 0 =1
hx_bin : V (1 j : Fin p.n), v.x 1 j =0 Vv.x1ij=1
-- u € [2, n] for non-depot cities
hu_lo : Vi : Fin p.n, i.val #0 — 2 < v.u i
hu_hi : V i : Fin p.n, v.u i < (p.n : R)
-- No self-loops
hx_no_self : V i : Fin p.n, v.x 1 i =0

-- Minimize total arc cost

def obj (p : Params) (v : Vars p) : R :=
> i : Finp.n, > j : Finp.n, p.cij * (v.xij : R)
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C FLARE Implementation Details

This section outlines the implementation details for every component of FLARE (Figure 1).! We use a general agent
harness (Claude Code, Codex, and OpenCode) for auto-formalizing MILP formulations and AFPS for reformulation
proofs. This design decision was inspired by recent work achieving competitive AFPS performance with Claude
Code [42]. In Section C.1, we describe how we configure the agent harness. To enable the agent to write Lean proofs
effectively, we use the Lean-LSP-MCP (Section C.2). Furthermore, we use two custom Agent Skills (Section C.3) to
effectively guide the agent to compose Lean reformulation proofs. After the agent exits, FLARE does a final verification
step to check if a reformulation certificate was successfully generated (Section C.4).

C.1 Agent Harness

We programmatically initialize the agent harness in a headless mode using the CLI. The agent is given instructions
and provided with a working directory with the necessary context. To isolate the agent’s working directory and avoid
duplicating the Lean environment (the Mathlib library is over 5GB), we run FLARE inside a Docker container.

Agent Prompt. In the agent prompt (Appendix D), we provide the agent with instructions to (1) formalize both
natural language formulations as MILPFormulation structures A and B and (2) attempt to declare a definition of type
MILPReformulation A B.

Working Directory Files. The working directory is initialized with the following context:

* natural language descriptions of both MILP formulations (using the Listing 5 template),
* Gurobi Python implementations for both MILP formulations, and
 aLean file Common. lean with MILPFormulation and MILPReformulation definitions.

Docker. We pre-build a Docker image called flare-agent with every agent CLI (Claude Code, Codex, and OpenCode),
the Lean-LSP-MCP, and a Lake-built Lean environment with Mathlib pre-compiled. When FLARE is invoked, it creates
a working directory on the host with all the necessary files. It then creates a Docker container from this image and bind
mounts the working directory into the container. To make use of the pre-built Lean environment without copying it over
to the host, we symlink . lake from the pre-built location into the agent’s working directory. This configuration prevents
duplication of the Lean environment while ensuring FLARE can run in parallel without agents impacting each other’s
Lean environment. We also attempted to isolate agents with the permissions and sandboxing mechanisms provided by
each agent harness. We found the implementations to be immature; Docker was the only reliable way to ensure the
agent didn’t access files outside its working directory.

C.2 Lean-LSP-MCP

Lean-LSP-MCP [14]? is a Model Context Protocol (MCP) server providing MCP Tools for Lean theorem proving. It
enables the agent to efficiently generate, debug, and compile Lean proofs and has been utilized by numerous Lean
AFPS methods [7, 42, 29]. The Lean Language Server Protocol (LSP) traditionally allows editors like VS Code to get
rich, interactive feedback from a running Lean process. The Lean-LSP-MCP allows the agent to communicate directly
with this LSP and obtain feedback like a human theorem prover. It offers a broad range of tools including:

» lean_goal. Get the proof goal at a specific location in the file. This allows the agent to observe precisely what
sub-goal must be proved to continue making progress.

* lean_diagnostic_messages. Retrieve all the diagnostic messages for a Lean file. This allows the agent to verify
if the file is compiling and, if not, where fixes are necessary.

* lean_verify. Verify the soundness of a proof. There are two conditions where a proof compiles, but it actually
unsound: (1) a new axiom was added or (2) the sorry tactic is used to complete a goal. This tool allows the agent
to verify that neither condition holds.

e lean_multi_attempt. Attempt multiple tactics at a proof position and return the new goal state for each. This
allows the agent to explore strategies for making progress in parallel.

e lean_hover_info. Retrieve documentation for symbols, terms, and expressions. This allows the agent to view
underlying definitions and reduces hallucination.

'The FLARE implementation is available at https://github.com/henryrobbins/flare
2h’c’cps ://9ithub.com/0000000/lean- Lsp-mcp
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C.3 Agent Skills

Agent Skills! are an “open format for extending Al agent capabilities with specialized knowledge and workflows.” They
are simply a directory containing context, scripts, or other resources related to a specific task. The directory contains
a SKILL.md file which tells the agent the Skill’s name and provides instructions on when to use it. Skills allow for
progressive disclosure where the agent loads additional task-specific context as needed.

We define two custom Agent Skills, lean-milp-formulation and lean-milp-reformulation, for auto-formalizing
MILP formulations and proving reformulations respectively. The agent prompt explicitly instructs the agent to invoke
these skills. Both skills contain instructions along with a template Lean file containing detailed comments about Lean
modeling choices and file structure. In addition to our custom Skills, we use the general-purpose Lean 4 Skills [19]%.

C.4 Final Verification

After the agent exits, we inspect the working directory. First, we verify the presence of A/Formulation. lean,
B/Formulation.lean, and Reformulation.lean. If all of these files are present and compile, we then check that
Reformulation.lean contains a MILPReformulation A B definition. Finally, we inspect the compilation output for
Reformulation. lean for any use of the sorry tactic. In Lean, the sorry tactic can be used to complete any proof
goal; it indicates the proof has yet to be formally verified. If all files compile with a sorry-free MILPReformulation
A B definition, formulation B is deemed a reformulation of A.

lhttps://agentskills.io/home
2https://github.com/cameronfreer/lean4—skills
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D Prompts

Listing 3: FLARE Agent Prompt

You are a mixed-integer linear programming (MILP) and Lean 4 expert. You have been tasked with formalizing two MILP
formulations in Lean 4 and then proving that formulation B is a reformulation of formulation A.

## Working Directory Structure

The working directory will be initialized with the following structure:

IRy

+-- A
| +-- Formulation.lean # Write the Lean 4 formalization of Formulation A here

| +-- formulation.md # Natural language description of Formulation A

| \-- solve.py # Python script that solves Formulation A

+-- B

| +-- Formulation.lean # Write the Lean 4 formalization of Formulation B here
|  +-- formulation.md # Natural language description of Formulation B

| \-- solve.py # Python script that solves Formulation B

+-- Common.lean # Definition of ‘MILPFormulation‘ and ‘MILPEquiv‘’
+-- Reformulation.lean # Write the reformulation proof here

+-- lake-manifest.json # DO NOT EDIT!

+-- lakefile.toml # DO NOT EDIT!

\-- lean-toolchain # DO NOT EDIT!

## Workflow

1. Utilize the ‘lean-milp-formulation’ skill to generate both ‘Formulation.lean’ files.

2. Validate each ‘Formulation.lean‘ file with ‘mcp__lean-1lsp__lean_diagnostic_messages‘. Fix any issues that arise and repeat
until both files compile cleanly.

3. Run ‘Bash(lake build A.Formulation B.Formulation)‘ to materialize their oleans.

. Determine whether formulation B is a mathematical reformulation of formulation A.

5. If B is a reformulation of A, use the ‘lean-milp-reformulation‘ skill to generate a compiled ‘MILPReformulation‘ proof in
Reformulation.lean’.

6. Validate ‘Reformulation.lean’ with ‘mcp__lean-lsp__lean_verify‘ to ensure there are no stubs. Fix any issues that arise and
repeat until both files compile cleanly.

I

## Rules

- IMPORTANT: Only read/write files that exist in xthis* working directory. Do not navigate outside of it for any reason.

- The Lean project root is the current directory. Use ‘import A.Formulation‘ and ‘import B.Formulation’.

- You MUST use the lean-lsp MCP tools (mcp__lean-lsp__x*) to check compilation as you work. Before doing anything else, verify
the lean-1lsp MCP server is available by calling ‘mcp__lean-lsp__lean_diagnostic_messages‘ on ‘Common.lean’. If that
initial probe fails because the server itself is unavailable (e.g. "Failed to start Lean language server", tool not
registered), the environment is unusable: write ‘MCP_UNAVAILABLE: <error>‘ to Reformulation.lean and exit. Do not fall
back to ‘lake env lean’ to perform compilation.

- If ‘lake build‘ fails, treat the error message as a real signal -- read it, fix the cause (typically a typo, missing import,
or stale olean), and retry. Only after the xsamex failure persists across two clean retries should you write *
LAKE_BUILD_FAILED: <error>‘ to Reformulation.lean and exit. Persistent toolchain-level failures (e.g. elan/toolchain
missing) are the exit case; ordinary compile errors are not.

- Generate both Formulation.lean files before attempting the reformulation proof.

- Confirm the final reformulation proof with ‘mcp__lean-lsp__lean_verify‘ on the ‘MILPReformulation‘ definition. The returned
axioms must NOT contain ‘sorryAx‘ -- if it does, the proof has a stub and you must finish it.

- You are expected to iterate on the proof until it compiles and ‘lean_verify‘ reports no ‘sorryAx‘. A non-trivial
reformulation proof typically runs 100+ lines with many manual ‘refine‘/‘rcases’/‘simp‘ steps and multiple rounds of
compile-error fixing. You should only exit before this point if there is concrete evidence that B is *notx a reformulation

of A under the given assumptions.

## Common Mistakes

- Interpret ‘lean_diagnostic_messages‘ carefully: ‘success:true, items:[]‘ means the file compiles cleanly. ‘success:false,
items:[]* typically means imports aren’t built yet -- build them, don’t assume the file is broken. Real errors come back
as ‘items’ with severity/message fields.

- If there issues with the Lean environment or MCP tools, it is imperative to handle them as described in the rules above.
Report and exit.

- If you are stuck in proving the reformulation due missing problem data assumptions in either ‘Formulation.lean‘, verify that
the assumptions specified in ‘formulation.md‘ are all present in the corresponding ‘Formulation.lean’. If they are not, DO
NOT ADD ASSUMPTIONS YOURSELF. Instead, report the missing assumptions as an issue preventing the reformulation proof in ‘
Reformulation.lean’ and exit.

## Available Tools

*xFilesystem:*x ‘Bash(ls ./x)‘, ‘Bash(find ./x)‘,

+*Read:*x ‘Read(./*)‘, ‘Bash(cat ./x)‘, ‘Bash(head ./*)‘, ‘Bash(tail ./x)‘, ‘Bash(less ./x*)‘, ‘Bash(more ./x)‘, ‘Bash(bat ./x)’
skEditisx ‘Edit(./x*)’

sxWrite:*x ‘Write(./x)’

*xSkills:** ‘leand:leand’, ‘lean-milp-formulation’, ‘lean-milp-reformulation’

**MCP Tools:** ‘mcp__lean-lsp__x'

*xLake:** ‘Bash(lake env lean:x)‘, ‘Bash(lake build:x)*
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Listing 4: FLARE-NL Prompt. The No Definition variant omits L9-27. The Allow Implicit variant omits L31 as well as
implicit assumptions and constraints from the formulation descriptions.

1

© ©® N O U A W N

10
11
12
13

14

15

16
17

18
19
20

21

22

23

24

25

26

27

28
29
30
31

32
33

You are given the following two Mixed-Integer Linear Programming (MILP) formulations. You are
tasked with deciding if formulation B is a reformulation of formulation A.

## Formulations

{{ problem_a }}

{{ problem_b }}

## Definitions

Use the following definition of formulation and reformulation to guide your reasoning.

xxFormulation.*x A MILP xformulationx $A$ is a tuple ${A = (P, F, f_0)}$ with parameter space $P$
, feasible region $F(p) \subseteq R*{n(p)}$, and objective function $f_0$%$. For instance $p \
in P$, the feasible region $F(p)$ is defined by $m(p)$ linear constraints, $f_i(\cdot ; p)
R*{n(p)} \to R$ for all $i \in [m(p)]$. The first $k(p) \leq n(p)$ variables are integers.
The feasible region is
$$F(p) = \{x \in \mathbb{Z}~{k(p)} \times R*{n(p)-k(p)}~|~f_i(x;p) \leq @ ~\forall i\in[m(p)I\}.
$$
The objective is to minimize the linear function $f_0(\cdot ; p) : R*{n(p)} \to R$. A formulation
$A$ is xinstantiated* with an *xinstancex $p \in P$. We denote an instantiated formulation
as ${A(p) = (F(p), f_0(p))}$.

*xReformulation.*x Let $A = (P, F, f_0)$ and $B = (P', F’', f'_0)$ be formulations. A x
reformulation construction* from $A$ to $B$ is a tuple $\Phi(A, B) = (\Phi_{p},\, \Phi_{fwd
},\, \Phi_{bwd},\, \Phi_{\text{obj}})$ consisting of:

- a parameter mapping $\Phi_{p} : P \to P’S$,

- a forward mapping $\Phi_{fwd}(\cdot;p) : R™{n(p)} \to R*{n’ (\Phi_{p}(p))}$,

- a backward mapping $\Phi_{bwd}(\cdot;p) : R™{n’(\Phi_{p}(p))} \to R*{n(p)}$ computable in
polynomial time, and

- an objective mapping $\Phi_{\text{obj}} : R \to R$.

$B$ is a xreformulation*x of $A$ if there exists a reformulation construction satisfying the
following conditions for every instance $p \in P$, with $p’ = \Phi_{p}(p)$:

- xxForward feasibility.**x For all feasible points $x \in F(p)$, the forward mapping maps to a
feasible point $x’ = \Phi_{fwd}(x;p) \in F’ (\Phi_{p}(p))$.

- x*Backward feasibility.x* For all feasible points $x’ \in F’'(p’)$, the backward mapping maps to

a feasible point $x = \Phi_{bwd}(x’';p) \in F(p)$.

- xx0bjective mapping.** The forward and backward mappings induce an objective mapping. The
following two conditions must hold. (1) For all feasible points ${x \in F(p)}$, the forward
mapped point $x’ = \Phi_{fwd}(x;p)$ has objective value $f_0’(x’';p’) = \Phi_{\text{obj}}(f_0
(x;p))$. (2) For all feasible points ${x’ \in F’'(p’)}$, the backward mapped point is $x = \
Phi_{bwd}(x';p)$ and $f 0’ (x";p') = \Phi_{\text{obj}}(f_0(x;p))$.

- *xStrictly monotone.*x The objective mapping $\Phi_{\text{obj}}$ is strictly monotonically
increasing.

## Instructions

- Do NOT make any assumptions about the formulation or parameter space that are not explicitly
stated in the formulation descriptions.

- When uncertain, state that formulation B is *not* a reformulation of A.

- Provide a short summary of your conclusion (at most 2,500 characters) and a final determination
of whether B is a reformulation of A (true or false).

19



FLARE: Verifying MILP Reformulations with LLM-Based Formal Proof Synthesis

Listing 5: Formulation Prompt Template

# {{ problem_name }}

## Problem Description

{{ problem_description }}
## Formulation

### Parameters

{% for name, p in parameters.items() %}

- «x{{ name }}xx (type: {{ p.type.value }}, shape:

% endfor %}
% if assumptions %}
### Assumptions
{% for a in assumptions %}
- {{ a.description }}
$${{ a.formulation }}$$
% endfor %}
% endif %}
% if definitions %}
### Definitions
{% for name, d in definitions.items() %}
- xx{{ name }}*x: {{ d.description }}
$${{ d.formulation }}$$
% endfor %}
% endif %}

### Variables

{% for name, v in variables.items() %}

- #x{{ name }}**x (type: {{ v.type.value }}, shape:

% endfor %}
### Constraints

{% for c in constraints %}
- {{ c.description }}

$${{ c.formulation }}$$

% endfor %}

### Objective

{{ objective.description }}
$${{ objective.formulation }}$$
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E FormulationBench Details

The FormulationBench dataset is a collection of 20 optimization problems, 116 MILP formulations, and 96 reformulation
pairs (Table 4). It is comprised of three sources:

* EquivaFormulation [68]. The five EquivaFormulation problems were sampled at random. These are simple
optimization problems with a few scalar variables and constraints. Each one contains an original formulation and
10 transformations. These are enumerated in Table 1 of [68]. We make the following modifications to support our
use case.

— The Add Valid Inequalities transformation is instance-specific. Because we are interested in formulation-level
reformulation, we omit this transformation type.

— We change the label on the Replace by Base-10 Representation. This formulation replaces each integer
variable with a base-10 decimal expansion. It relies on using enough digit variables to support the size of the
test instance data. Hence, this transformation is not valid under our formulation-level notion of reformulation.

* EvoCut [66]. They define 7 optimization problems for which their method EvoCut proposes numerous cutting
planes. We construct reformulation pairs by pairing the original MILP formulation with one in which the cut is
added. A valid cutting plane implies a valid reformulation.

* Ferchtandiker [16]. They define 8 real-world optimization problems, each admitting an efficient and inefficient
formulation. We add each as a pair to FormulationBench.

Table 4: The 20 optimization problems in the FormulationBench dataset with their source and number of formulation pairs.

Problem Name Source Valid Invalid
pl EquivaFormulation Instance 47 EquivaFormulation [68] 5 4
p2 EquivaFormulation Instance 74 EquivaFormulation [68] 5 4
p3 EquivaFormulation Instance 92 EquivaFormulation [68] 5 4
p4 EquivaFormulation Instance 183 EquivaFormulation [68] 5 4
p5 EquivaFormulation Instance 217 EquivaFormulation [68] 5 4
p6 Capacitated Warehouse Location (CWLP) EvoCut [66] 9 0
p7 Rectangular Tiling (IMO6) EvoCut [66] 6 2
p8 Job Shop Scheduling (JSSP) EvoCut [66] 3 0
p9 Multi-Commodity Network Design (MCND) EvoCut [66] 3 0
plo Pickup and Delivery with Time Windows (PDPTW) EvoCut [66] 4 0
pll Sub-Hour Unit Commitment (SHUC) EvoCut [66] 8 0
pl2 Traveling Salesman Problem (TSP) EvoCut [66] 5 3
pl3 Air Traffic Flow Management Ferchtandiker [16] 1 0
pld Blood Bank Netherlands Ferchtandiker [16] 1 0
pl5 Dutch Housing Problem Ferchtandiker [16] 1 0
plé Park and Bike Hub Location (Mobian) Ferchtandiker [16] 1 0
pl7 Open-Pit Mine Production Scheduling Ferchtandiker [16] 0 1
pls Timor-Leste Hospital Location Ferchtandiker [16] 1 0
pl9 UN Humanitarian Disaster Response Hub (UNHDR)  Ferchtandiker [16] 1 0
p20 World Food Program Food Distribution Ferchtandiker [16] 1 0

Dataset Structure. Each problem contains (1) a Markdown problem description file, (2) a JSON information file,
and (3) a JSON file with instance data and the corresponding optimal solution. Each problem contains at least two
formulations. Each formulation contains (1) a JSON information file, (2) a Python script to transform raw problem
data into the formulation’s parameter space, and (3) a ground-truth MILPFormulation Lean formalization. The
JSON information file format is an extension of the format introduce by the NLP4LP dataset [1]. In addition to the
parameters, variables, constraints, and objective fields, we add assumptions (see 6.1 for a discussion) and
definitions. Lastly, each formulation is flagged if it is valid, i.e., it is a faithful representation of the underlying
optimization problem.

Constructing Reformulation Test Set. Formulation pairs are constructed by taking the first formulation M of each
problem and comparing it to each of the remaining formulations M’. The first formulation is always valid. If the other
formulation M’ is also valid, M’ is considered a reformulation of M. Otherwise, it is not a reformulation. For every
valid reformulation, we provide a ground-truth MILPReformulation proof. Note that additional formulation pairs can
be generated by considering all possible combinations of formulations within each problem.

21



FLARE: Verifying MILP Reformulations with LLM-Based Formal Proof Synthesis

F Invalid Reformulations

While preparing the FormulationBench dataset, we verified prior LLM-generated MILP reformulations: cutting planes
proposed by EvoCut [66] and reformulation pairs proposed by Ferchtandiker [16]. In the process, FLARE failed to
produce reformulation certificates for 5 cutting planes and 3 formulations that were confirmed invalid upon manual
inspection. In this section, we provide proofs of invalidity.

F.1 EvoCut Cutting Planes

Yazdani et al. [66] recently proposed the EvoCut framework to automatically generate acceleration cuts for MILP
formulations using an LLM-based evolutionary search. Acceleration cuts are constraints added to a MILP formulation
with the aim of reducing solve time. Importantly, such cuts are not guaranteed to be valid cutting planes or even
optimality preserving. This pragmatic choice to consider acceleration cuts enables automation by reducing the
computational burden required to verify candidate cuts. A cut is considered an acceleration cut if it does not change the
optimal objective value on a small verification set of problem instances.

In the FormulationBench dataset, we construct a reformulation from a cutting plane by adding the cut to the base
formulation. A formulation constructed from a valid cutting plane trivially satisfies our constructive reformulation.
Using FLARE, we identify that 5 of the 43 acceleration cuts proposed by EvoCut are invalid cutting planes. These
cuts span the TSP and a rectangle tiling problem. In the case of TSP, all three invalid cutting plane families are only
invalid on TSP instances of size n < 3. While these counter-examples are not practically meaningful, they illustrate the
importance of explicitly stating all assumptions of the problem data. In the case of rectangle tiling, the cuts meaningfully
change the set of optimal solutions (see Figure 3). This motivates the importance of formally verifying reformulations,
especially for non-standard optimization problems where an LLM is more likely to have an error in reasoning.

F.1.1 Traveling Salesman Problem (TSP)

For the TSP, EvoCut generates acceleration cuts for the Miller—Tucker—Zemlin (MTZ) formulation defined in Section 3.
Between v1 and v2 of the arXiv preprint, there are 8 acceleration cuts proposed. FLARE identifies the following three
as invalid cutting planes. Both cuts v1-EC3 and v2-EC2 eliminate triangles including the depot node and cut v2-EC]1
eliminates all two-city subtours.

Tj1 +xji—|—(uj—ui—1) < (77/—1)(2—"1311'—.%7;]') VZ,] € V\{l}, ’L;éj (v1-EC3)
Tij 4 x5 < 1 Vi,jeV,i<j (v2-ECI)
T1i + X1 + Ty + x4+ 2+ 2y <2 Vi,j e V\{1}, i<y (v2-EC2)

Proposition F.1. The cut v1-EC3 is not a valid cutting plane for the MTZ TSP formulation.

Proof. Consider the 3-node TSP instance depicted in Figure 2a with feasible tour 1 — 2 — 3 — 1. Letting ¢ = 2 and
7 = 3, the cut v1-EC3 reduces to 1 < 0, which does not hold. Hence, there exists an feasible integer point that is not
satisfied by the cut. Therefore, the cut is invalid. O

Proposition F.2. The cut v2-ECI1 is not a valid cutting plane for the MTZ TSP formulation.
Proof. Consider the 2-node TSP instance with the unique feasible tour 1 — 2 — 1. The MTZ formulation permits
T19 = 21 = 1, corresponding to traversing both arcs of this tour. Setting ¢ = 1 and 5 = 2, the cut v2-EC]1 reduces to

2 < 1, which does not hold. Hence, there exists a feasible integer point that is not satisfied by the cut. Therefore, the
cut is invalid. O

Proposition F.3. The cut v2-EC2 is not a valid cutting plane for the MTZ TSP formulation.

Proof. Consider the 3-node TSP instance depicted in Figure 2a with feasible tour 1 — 2 — 3 — 1. Setting ¢ = 2 and
7 =3, the cut v2-EC2 reduces to 3 < 2, which does not hold. Hence, there exists a feasible integer point that is not
satisfied by the cut. Therefore, the cut is invalid. O

F.1.2 Rectangular Tiling with One Hole per Row and Column (IMO6)

This problem is inspired by IMO 2025 Problem 6. Given an N x N grid of unit squares, one must place rectangular
tiles (of various sizes) such that each row and column of the grid contain exactly one uncovered square (a hole). The
objective is to minimize the number of tiles used. Yazdani et al. [66] introduce the following notation and formulation.
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Notation.
* R={1,...,N}rowsand C = {1,..., N} columns
* I ={(a,b) € C?|a < b} contiguous column-intervals
* h;; € {0,1} hole indicator
 29% € {0, 1} indicates if columns a through b on row i are covered by the same tile
57 19 € {0, 1} indicate if a tile spanning columns a to b begins on row i or ends on row i, respectively

L]

(2
Formulation.
min 3° 5
i€ER (a,b)el
jec
Z hij =1 VjeC
i€R
Z xfz’b + hij =1 Vi € R, V] eC (IMO6)
(a,b)el
a<j<b
23— g3 = V(a,b) €I
x?b—azfﬁl—sfb—l—tgzz Vi:27---7N7 V(a,b)el
% -3 =0 Y(a,b) €I
hi; € {0,1} Vie R, VjeCl
2,515 € {0, 1} Vi€ R, ¥(a,b) €1

Between v1 and v2 of the arXiv preprint, there are 8 acceleration cuts proposed. FLARE identifies the following two as
invalid cutting planes. The cut v1-EC1 enforces that a tile end (bottom-right corner) must be immediately to the left of
any hole, and the cut v1-EC2 enforces that a tile start (top-left corner) must be immediately to the right of any hole.

hg < Yt Vi€ R,Vj€{2,...,N} (v1-EC1)

(a,b)erl
b=j—1

hig < Y s VieR Vje{l,...,N—1} (V1-EC2)

(a,b)er
a=j+1

Proposition F.4. The cut v1-ECI is not a valid cutting plane for the IMOG6 formulation.

Proof. Consider the N = 3 counterexample depicted in Figure 3. Let i = j = 2. The inequality reduces to hoy < t31.
Substituting yields 1 < 0, which does not hold. Hence, there exists a feasible integer point that is not satisfied by the
cut. Therefore, the cut is invalid. O

1 0 0 0 1 1 0 1 0

0 1 0 1 0 0 0 0 1

0 0 1 0 1 0 1 1 0
3x3 Tiling hi; s il

Figure 3: A feasible rectangular tiling for the N = 3 instance of IMO 2025 Problem 6. Decision variable values for the hole
indicator h;;, start flag s7’ and end flag t7” are depicted in the grids. Note the figure does not specify s2% and ¢ for a < b. However,
since all tiles have unit width, these variables all have value 0.
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Proposition F.5. The cut v1-EC2 is not a valid cutting plane for the IMOG6 formulation.

Proof. Consider the N = 3 counterexample depicted in Figure 3. Let ¢ = 2 and j = 2. The inequality reduces to
hoy < 53 + 532 + 513, Substituting yields 1 < 0, which does not hold. Hence, there exists a feasible integer point that
is not satisfied by the cut. Therefore, the cut is invalid.

F.2 Ferchtandiker Formulation Pairs

Ferchtandiker [16] introduces a dataset! containing an efficient and inefficient MILP formulation for 8 optimization
problems. The dataset includes both I5TigX and GurobiPy code for each formulation. In the process of incorporating
these reformulations in to the FormulationBench dataset, FLARE identified four invalid reformulations. Note that FLARE
verifies our stronger constructive reformulation definition, not Audet reformulation. The Open Pit Mining reformulation
is intentionally a relaxation. Hence, it is expected to violate our definition of reformulation and we omit any further
discussion. Also notable is the World Food Program reformulation. While this formulation is an Audet reformulation, it
is not a constructive reformulation.

[cl: worth making it clear that we are checking our definition of reformulation not audet (I think the last example I
would consider a reformulation but not under our definition. Actually a good discussion point for the difference and
why our stricter notion can be a bad fit)]

F.2.1 Air Traffic Management (ATM)

This problem consists of assigning each plane in an airline’s fleet to a location (airport or airspace sector) over a
sequence of time periods. The assignment must respect each location’s capacity over time and the network’s adjacency
structure. Planes can only travel to locations that are a single time unit away. The objective is to maximize the total
reward accrued for visiting locations. Ferchtandiker [16] introduces the following formulations of this problem.

Notation.

e P: set of vehicles (planes).

e A: set of locations (airports and airspace sectors).

e T set of time periods.

* cap, ,: capacity of locationa € A attime t € T.

* 744 travel time from location a to location a’.

* 74+ reward for being at locationa € A attimet € 7.

Formulations. Both formulations share the binary departure variable x, , o+ € {0,1}, which indicates whether
plane p departs from a to a’ at time ¢.> The Efficient formulation is purely event-based. The Inefficient formulation
additionally tracks plane locations via y, . ; € {0, 1}, which indicates whether plane p is at location a at time ¢.

max 3 D > Ta¥pat max 50 S0 S e
pEP acAteT pEP acAteT
St Ypae =1 VpeP, teT
a€A Tp,a’,a,t!
S Upiast < capa, VaE A, teT e
pEP
st Z Z Z Tpoaal,t 2L vp e P
Yp,a,t = Yp,a,t—17F aCAalcAtel ’
Z . Z Tp,al,a,t! Z Z Ty aal it < capg¢ Va€e A, teT
al€Atlit! T, =t PEPa’€A
!
- > Tpaal VpEP, a€A t>0 Ty a0l s € 10,1} VpEP, aja’ €A, teT
a’cA (Efficient)
Yp,a,t € {0,1} VpEP a€ A teT
zp‘a’a/_te{(),l} Vp € P, a,a.lEA7 teT

(Inefficient)
Proposition F.6. The inefficient formulation of ATM is not a constructive reformulation of the efficient formulation.

Proof. The two formulations have misaligned objectives and capacity semantics. In the inefficient formulation, the

reward Zp .t Ta,tYp,a,t ACCTUES at every time period a plane is present at a location, so a plane that remains at a for

'The dataset is available at https://github.com/nathan- ferchtandiker/LLMs-For-0ptimization-Reformulations
’In the dataset, this variable is denoted Zp,a,a’ ¢+ in the inefficient formulation. We use z,, 4 o/ + for both formulations.
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k consecutive time periods contributes ), r, ; over those k periods. In the efficient formulation, the reward only
accrues on arrivals, so the same solution contributes only the single reward r, ; at the arrival time. Furthermore, the
inefficient capacity constraint } 3 yp,q,+ < cap, , bounds the number of planes present at a location, while the efficient
capacity constraint Z% o Tp,a,art < cap, , bounds only the number of departures, so a feasible departure schedule in
the efficient formulation may correspond to an infeasible occupancy in the inefficient one. Since the objectives and
feasible sets disagree on corresponding points under the natural variable mapping, the inefficient formulation is not a
reformulation of the efficient one. O

F.2.2 UN Humanitarian Disaster Response Hub (UNHDR)

This problem consists of selecting a fixed number of response hubs to service a set of disaster regions. The selection
must satisfy demand and response time constraints. The objective is to minimize transportation cost. Ferchtandiker [16]
introduces the following formulations of this problem.

Notation.

* H: set of candidate hubs.

« HY C H: set of hubs that must be open (fixed hubs).

e (' set of disaster regions.

* a.: number of people affected in region ¢ € C.

e Ch,: cost per person from hub / to region c.

* tpc: travel time from hub A to region c.

e T: maximum allowed (weighted) travel time per region.

* n: maximum number of hubs that can be opened.

* M: sufficiently large constant (used in big-M constraints).

Formulations. The Inefficient formulation introduces a binary indicator variable y;, to indicate if hub h € H is opened
and binary indicator 2, to indicate if hub h € H is assigned to serve region ¢ € C'. Lastly, .. is the fraction of region
¢’s demand that is served by hub h.! The Efficient formulation drops the hub indicator z;,.. variables.

min Z Z ac Che The min Z Z acCheThe
hE€H ceC h€H ceC
st wpe < Mzpe Vhe H, ceC st Z The < |Clyp Vh € H

ST e =1 Ve € C °€C

heH ST ape=1 VYee C

S zhe < IClus Vh e H heH

ceC STy <n (Efficient)
S wpe =1 VeeC heH

heH (Inefficient) yp =1 vh e HY
Sy <n ST thewhe T Yee C

heH heH

yp =1 vh e v The >0 Vh e H, ceC
ST thewne < T VeeC yn € {0,1} Vh e H

heH

Tpe >0 vheH, ceC

zpe € {0,1} Vh € H, ce C

yn € {0,1} Vh € H

Proposition F.7. The inefficient formulation of UNHDR is not a constructive reformulation of the efficient formulation.

Proof. The two formulations are identical with the exception of the constraints involving z,.. The inefficient formulation
adds an additional constraint zp. < Mz, to ensure . = 0 if z5. = 0. Furthermore, it adds heH Zhe = 1. This
constraint enforces that every disaster region ¢ € C'is assigned to exactly one response hub h € H. The efficient
formulation has no such restriction; a disaster region can be supplied by multiple hubs simultaneously. Therefore, the
inefficient formulation is not a reformulation of the efficient one. O

F.2.3 World Food Program (WFP)

This problem consists of designing a food distribution plan for the World Food Program (WFP) to deliver commodities
from suppliers, through transshipment points, to beneficiary camps in crisis-affected regions. The plan must satisfy each

'In the dataset, this variable is denoted Qhe- We use xp, for consistency with the efficient formulation.
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camp’s ration demand and meet per-person nutritional requirements across all nutrients. The objective is to minimize
the total procurement and transportation cost. Ferchtandiker [16] introduces the following formulations of this problem.

Notation.

¢ K: set of commodities.

e L: set of nutrients.

* pcy, is the procurement cost per kg of commodity &.!

e nutvalg: nutrient-¢ content (per kg) of commodity k£ € K.
* nutreq,: per-person requirement for nutrient £ € L.

* dem;: number of beneficiaries at camp j.

* Ry > 0: ration size (kg per person) of commodity k € K.

Formulations. The Efficient formulation is node-based: NN is the set of nodes, partitioned into suppliers Ng, transship-
ment points N7, and beneficiary camps Np. E;; € {0, 1} indicates whether an edge from ¢ to j exists and we have a
transportation cost tc;;; per kg of commodity & on edge (7, j). The decision variable Fj;;, > 0 encodes the amount of
commodity % shipped from ¢ to j. The Inefficient formulation is path-based: P is the set of all simple paths from a
supplier to a beneficiary camp. The indicator e;, € {0, 1} indicates whether path p ends at camp j and ¢,y is the cost
of shipping one kg of commodity k along path p. The decision variable x,;, > 0 is the amount of commodity % shipped
along path p.

min Z pCE Z Tpk | + min Z pCy Z dem; Ry | +
kEK pEP kEK JENB
D D cpk Tk S0 teijk Fije
pEPkEK i,jEN k€K
st Y ejpap > demj Ry Vj€eNp, ke K (Inefficient) st > BEyFj =Y EjiFj, Vi€N, k€K
pEP iEN iEN (Efficient)
> nutvaly, Ry > nutreq, VL€ L > EijFij > demj Ry Vj € Ng, k€ K
kEK iEN
Tpk =20 VpE P, ke K Z nutvalyy R, > nutreqy Vee L
Ri >0 Vk € K keK
Fijr >0 Vi,j €N, ke K
Rp >0 Vk e K

Proposition F.8. The inefficient formulation of WFP is not a constructive reformulation of the efficient formulation.

Proof. The two formulations have misaligned objectives. In the efficient formulation, the procurement cost term
>k PCk D jen,, dem; Ry, depends only on the ration size Ry, while the demand constraint ) _; E;; Fyj, > dem; Ry,
permits shipping in excess of dem; R}, without additional procurement penalty. In the inefficient formulation, the
procurement cost Y, gy Zp Zpk instead depends on the total amount shipped, so any slack in the demand constraint
is charged. Since the objectives disagree on corresponding feasible points under the natural variable mapping, the
inefficient formulation is not a reformulation of the efficient one.

Notably, this objective misalignment does not hold at optimal solutions where no excess demand is shipped. Thus, the
inefficient formulation of WFP is still an Audet reformulation of the efficient formulation.

G Experiment Details

All experiments were conducted on a MacBook Pro (Apple M3 Pro, 12-core CPU, 18 GB unified memory) running
macOS 15.7.1. For FLARE, we use Lean 4.28.0 and the following agent harnesses.

* Claude Code. Version 2.1.140 with Claude Code Max subscription ($200/month)

* Codex. Version 0.130.0 with ChatGPT Pro subscription ($100/month)

* OpenCode. Version 1.14.45 (open-source)

We used Claude Code and ChatGPT subscriptions in order to avoid higher API costs. During development, we consumed
100% of the weekly quota. Furthermore, we benchmarked FLARE in batches to avoid hitting the session limits.

'In the dataset, the variable gy, is used for procurement cost in the inefficient formulation. We use pc,, for both formulations.

26



FLARE: Verifying MILP Reformulations with LLM-Based Formal Proof Synthesis

All the results in Section 6 and Appendix H specify the LLM model and reasoning effort used. With the exception
of Table 5, reasoning is enabled for all models in every experiment. We specify a max token budget of 8192 when
reasoning is disabled and 16384 when reasoning is enabled, regardless of effort level. We use high effort for Anthropic
models (Opus 4.7 and Sonnet 4.6), medium effort for OpenAl models (GPT-5.4 and GPT 5.5), and high effort for
DeepSeek models (DeepSeek V4 Pro and DeepSeek V4 Flash). We found these settings produce comparable reasoning
efforts across model families. DeepSeek models reason for longer, but high is the lowest reasoning effort available.

H Additional Results

Table 5: Evaluation of FLARE-NL across LLM models and reasoning effort levels. Results show FLARE-NL evaluated on the
FormulationBench dataset TSP problem. Metric cells report mean =+ std. dev. across 3 runs. Broadly, frontier models with reasoning
enabled dominate. To reduce computational costs, we only evaluate these models in the ablation study (Table 3).

Model Effort TP FP TN FN Precision Recall Accuracy Avg Time Avg Cost
Reasoning Disabled

Opus 4.7 15 1 8 0 94449.6% | 100.0£0.0% 95.8£7.2% 10.3s $0.031
Sonnet 4.6 7 1 8 8 889+192% 46.7+£11.5% 62.5£12.5% 19.8s $0.024
GPT-5.4 3 1 8 12 50.0+50.0% 20.0+20.0% 45.8+14.4% 9.2s $0.013
GPT-5.5 7 0 9 8 [100.0+£0.0% 46.7+11.5% 66.7+£7.2% 11.8s $0.024
GPT-4.1 2 4 5 13 2224385% 13.3+23.1% 29.2+19.1% 6.5s $0.007
DeepSeek V4 Pro 4 1 8 11 889+£192% 26.7£11.5% 50.0£0.0% 8.6s $0.005
DeepSeek V4 Flash 3 2 7 12 55.6%509% 20.0+£20.0% 41.7£14.4% 3.1s  $0.0003
Reasoning Enabled

Opus 4.7 high 15 0 9 0 100.0+£0.0% 100.0+0.0% 100.0+0.0% 15.5s $0.052
Sonnet 4.6 high 15 0 9 0 100.0+£0.0% 100.0£0.0% 100.040.0% 97.7s $0.121
GPT-5.5 medium 15 0 9 0 100.0+£0.0% 100.0£0.0% 100.01-0.0% 44.6s $0.082
GPT-5.4 medium 15 2 7 0 88.949.6%  100.0£0.0% 91.7£7.2% 49.3s $0.048
DeepSeek V4 Pro high 15 4 5 0 79.44+6.9%  100.0£0.0% 83.3+7.2% 141.5s $0.020
DeepSeek V4 Flash  high 13 2 7 2 889+9.6% 86.7+23.1% 83.3+7.2% 47.5s $0.001

Table 6: Evaluation of FLARE across agent harnesses and LLM models. Accuracy results on the FormulationBench dataset are
provided in aggregate and segmented by source dataset. Metric cells report results from a single run and Bold indicates the best
method on a metric. The Claude Code harness with Opus 4.7 achieves the best accuracy and is cheaper than Codex with GPT 5.5.
The open-source OpenCode harness with DeepSeek V4 Pro has competitive accuracy and cheaper cost, but takes substantially longer.

Harness Model Effort TP FP TN FN Precision Recall Accuracy Avg. Time Avg. Cost

Overall (p1-20)

Claude Code Opus 4.7 high 67 0 26 3 100.0%  95.7% 96.9 % 561.6s $2.334
Codex GPT-5.5 medium 66 0 26 4 100.0% 94.3% 95.8% 439.3s $3.646
OpenCode  DeepSeek V4 Pro high 60 0 26 10  100.0% 85.7% 89.6% 2331.8s $0.909
EquivaFormulation [68] (p1-5)

Claude Code Opus 4.7 high 25 0 20 0 100.0% 100.0% 100.0% 328.6s $1.180
Codex GPT-5.5 medium 25 0 20 0  100.0% 100.0% 100.0% 285.8s $2.116
OpenCode  DeepSeek V4 Pro high 25 0 20 0 100.0% 100.0% 100.0% 572.5s $0.160
EvoCut [66] (p6-12)

Claude Code Opus 4.7 high 38 0 5 0  100.0% 100.0% 100.0% 796.5s $3.495
Codex GPT-5.5 medium 35 0 5 3 100.0% 92.1% 93.0% 619.0s $5.043
OpenCode  DeepSeek V4 Pro high 32 0 5 6 100.0% 84.2% 86.0% 3913.6s $1.542
Ferchtandiker [16] (p13-20)

Claude Code Opus 4.7 high 4 0 1 3 100.0% 57.1% 62.5% 609.4s $2.581
Codex GPT-5.5 medium 6 0 1 1 100.0%  85.7% 87.5% 336.6s $4.741
OpenCode  DeepSeek V4 Pro high 3 0 1 4 100.0% 42.9% 50.0% 3725.7s $1.725
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