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Abstract

Non-convex optimization problems are perva-001
sive across mathematical programming, engi-002
neering design, and scientific computing, of-003
ten posing intractable challenges for traditional004
solvers due to their complex objective functions005
and constrained landscapes. To address the in-006
efficiency of manual convexification and the007
over-reliance on expert knowledge, we propose008
NC2C, an LLM-based end-to-end automated009
framework designed to transform generic non-010
convex optimization problems into solvable011
convex forms using large language models.012
NC2C leverages LLMs’ mathematical reason-013
ing capabilities to autonomously detect non-014
convex components, select optimal convexifi-015
cation strategies, and generate rigorous convex016
equivalents. The framework integrates sym-017
bolic reasoning, adaptive transformation tech-018
niques, and iterative validation, equipped with019
error correction loops and feasibility domain020
correction mechanisms to ensure the robust-021
ness and validity of transformed problems. Ex-022
perimental results on a diverse dataset of 100023
generic non-convex problems demonstrate that024
NC2C achieves an 89.3% execution rate and a025
76% success rate in producing feasible, high-026
quality convex transformations. This outper-027
forms baseline methods by a significant margin,028
highlighting NC2C’s ability to leverage LLMs029
for automated non-convex to convex transfor-030
mation, reduce expert dependency, and enable031
efficient deployment of convex solvers for pre-032
viously intractable optimization tasks.033

1 Introduction034

Non-convex optimization problems are ubiquitous035

across various domains, including mathematical036

programming, engineering design, machine learn-037

ing, and scientific computing (Sui et al., 2024;038

Mikhalevich et al., 2024). Convex optimization of-039

fers stable and efficient solutions, especially when040

closed-form solutions are available (Garatti and041

Campi, 2025). However, many real-world opti-042

mization problems are inherently non-convex, char- 043

acterized by complex objective functions, non- 044

linear constraints, and coupled variables that cre- 045

ate multiple local optima (Liu et al., 2024). Ad- 046

dressing these challenges often requires sophis- 047

ticated modeling, transformation, and relaxation 048

techniques to convert non-convex problems into 049

convex ones, typically depending heavily on expert 050

knowledge in advanced mathematical optimization, 051

problem-specific domain expertise, and transforma- 052

tion strategies (Jiang et al., 2024). 053

To reduce reliance on expert knowledge, re- 054

cent research shows that large language models 055

(LLMs) show significant potential in tackling com- 056

plex mathematical problems. For instance, LLMs 057

achieve 97.1% accuracy in solving mathemati- 058

cal challenges with zero-shot prompting on the 059

GSM8K dataset (Zhong et al., 2024). In a se- 060

ries of reasoning and derivations involving com- 061

plex mathematical proof lemmas, a wide range of 062

large language model–based approaches, such as 063

Seed-Prover (Chen et al., 2025b,a), have demon- 064

strated the strong capability of LLMs in relational 065

reasoning and lemma-proof inference. They can 066

also address classical optimization problems, such 067

as linear regression and the traveling salesman 068

problem, through iterative methods (Yang et al., 069

2024). Moreover, LLMs can leverage existing 070

solvers like Gurobi and CVXPY for optimization 071

tasks (Diamond and Boyd, 2016). For example, 072

the gurobi.abs function enables direct modeling of 073

ℓ1-norm objectives, allowing LLMs to avoid redun- 074

dant auxiliary constraints and variables, thus accel- 075

erating the solving process (AhmadiTeshnizi et al., 076

2023). However, these solvers primarily handle 077

convex problems, limiting their ability to solve non- 078

convex challenges directly, so LLMs must draw on 079

their own capabilities to transform and solve non- 080

convex challenges. 081

To address the existing gap in applying LLMs 082

to automated non-convex to convex transformation, 083
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we introduce NC2C, an LLM-based framework that084

leverages advancements in mathematical reasoning,085

prompt engineering, and few-shot learning. The086

main contributions of this paper are summarized as087

follows.088

• We propose the NC2C framework, an LLM-089

based approach to address generic non-convex090

optimization problems. The framework au-091

tomatically detects non-convex components092

and efficiently transforms them into convex093

problems, significantly reducing reliance on094

expert knowledge and enabling automated095

non-convex problem solving across diverse096

domains.097

• We introduce Error Correction Loops (ECL)098

and Feasibility Domain Correction (FDC) as099

refinement stages within the NC2C frame-100

work. These enhancements not only boost the101

reliability and performance of NC2C’s solu-102

tions but also improve other existing advanced103

methods, demonstrating the framework’s ro-104

bustness in handling complex optimization105

transformations.106

• Experimental results show that NC2C107

achieves an execution rate of 89.3% and a108

success rate of 76% on the GPT-4 model,109

significantly outperforming baseline meth-110

ods. These results highlight NC2C’s effective-111

ness and robustness in solving generic non-112

convex optimization problems through auto-113

mated convexification.114

2 Related Work115

2.1 LLMs for Optimization Problems.116

Recent studies have shown that large language mod-117

els (LLMs) have significant potential in address-118

ing complex optimization problems, both convex119

and non-convex. LLMs have demonstrated suc-120

cess in solving classical optimization problems like121

linear regression and the traveling salesman prob-122

lem using iterative methods (Yang et al., 2024).123

Moreover, LLMs can leverage existing solvers like124

Gurobi and CVXPY to handle convex optimiza-125

tion tasks, accelerating the solving process (Ahma-126

diTeshnizi et al., 2023). LLMOPT (JIANG et al.,127

2025) and OptimAI (Thind et al., 2025) focus on128

end-to-end frameworks that define and solve prob-129

lems from scratch using autonomous agents. To130

enhance reliability, OR-LLM-Agent (Zhang and131

Luo, 2025) leverages reasoning-heavy models to 132

automate complex operations research modeling. 133

Meanwhile, OptiBench (Yang et al.) introduces 134

standardized benchmarks to systematically mea- 135

sure and improve LLMs’ modeling accuracy. How- 136

ever, these solvers primarily focus on convex prob- 137

lems, and LLMs must utilize their inherent capabil- 138

ities to transform and solve non-convex problems, 139

as direct solutions remain a challenge (Zhong et al., 140

2024). 141

2.2 Tool Learning and Reasoning for LLMs. 142

The integration of LLMs with external tools rep- 143

resents a paradigm shift from closed-loop gen- 144

eration to open-environment interaction. Be- 145

yond basic function calling (Ouyang et al., 2022), 146

frameworks like ReAct(Yao et al., 2022) and 147

ToolChain*(Zhuang et al., 2024) formalize the in- 148

terleaving of reasoning and acting. To enhance 149

long-horizon consistency, Tool-Planner (Qin et al., 150

2023; Liu et al., 2025) introduces explicit global 151

planning, transitioning from reactive execution to 152

proactive strategy optimization. 153

To overcome the limitations of linear decision- 154

making, LATS (Zhou et al., 2024) incorporates 155

tree-search heuristics to traverse the strategy space, 156

while Reflexion enables iterative self-correction 157

through feedback loops, establishing a closed-loop 158

refinement mechanism for tool invocation (Schick 159

et al., 2023). Consequently, benchmarks (Ye et al., 160

2025; Patil et al., 2024) have evolved from evaluat- 161

ing API selection accuracy to assessing high-order 162

dimensions . These paradigms are now permeating 163

multimodal GUI Agents (Zhang et al., 2025) and 164

specialized domains, with Reinforcement Learn- 165

ing (Qian et al., 2025) further aligning dynamic 166

reasoning policies. 167

3 Methodology 168

As illustrated in Figure 1, we propose the NC2C 169

framework, which leverages LLMs to automati- 170

cally transform generic non-convex optimization 171

problems into convex forms. 172

3.1 Problem Formulation and Mathematical 173

Modeling 174

Given a natural language problem description Dp 175

provided by the user, NC2C first constructs a for- 176

mal mathematical representation. The framework 177

employs Named Entity Recognition (NER) meth- 178

ods (Wang et al., 2023) to extract optimization- 179
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Figure 1: Overview of the NC2C framework, which leverages LLMs to automatically transform generic non-convex
optimization problems into convex forms.

related entities from Dp, identifying decision vari-180

ables, parameters, and their relationships.181

Let V = {v1, v2, . . . , vn} denote the set of ex-182

tracted variables, where each variable vi is associ-183

ated with a type τi ∈ {continuous, integer, binary}.184

The variable extraction process is formalized as:185

V = ExtractVariables(Dp) (1)186

τi = InferType(vi,Dp). (2)187

The objective function is identified by analyzing188

optimization goals expressed in Dp. The frame-189

work constructs the objective function f : Rn → R190

by mapping extracted variables to their mathemat-191

ical relationships. Constraint extraction identifies192

inequality constraints gi(x) ≤ 0 and equality con-193

straints hj(x) = 0 from the problem description.194

The complete optimization problem P is formu-195

lated as:196

optimize
x∈X

f(x)

subject to gi(x) ≤ 0, i ∈ I = {1, 2, . . . ,m},
hj(x) = 0, j ∈ J = {1, 2, . . . , p},
x ∈ X ,

(3)197

where x = [x1, x2, . . . , xn]
T is the decision vector, 198

X denotes the variable domain constraints, m and 199

p represent the number of inequality and equality 200

constraints, respectively, and the optimization di- 201

rection (minimize or maximize) is determined from 202

Dp. 203

3.2 Non-Convex Detection and 204

Convexification 205

NC2C systematically identifies non-convex compo- 206

nents in P and applies appropriate convexification 207

strategies. The non-convex detection process an- 208

alyzes the structure of f(x), gi(x), and hj(x) to 209

identify problematic terms such as bilinear prod- 210

ucts, fractional expressions, logarithmic functions 211

in maximization contexts, or integer constraints. 212

Let N = {n1, n2, . . . , nk} denote the set of 213

identified non-convex components. For each com- 214

ponent nl ∈ N , the framework selects a con- 215

vexification strategy σl from a strategy set Σ = 216

{SCA, SDR,Lagrangian, Substitution, . . .}. The 217

strategy selection is formalized as: 218

σl = SelectStrategy(nl,P), ∀nl ∈ N . (4) 219

For non-convex objective functions, NC2C com- 220

monly employs Successive Convex Approximation 221
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(SCA). Given a reference point x(0) ∈ X , SCA222

constructs a convex approximation f̃(x;x(0)) us-223

ing first-order Taylor expansion:224

f̃(x;x(0)) = f(x(0))+∇f(x(0))T (x−x(0)), (5)225

where ∇f(x(0)) denotes the gradient of f evalu-226

ated at x(0). The convexified objective function is227

then:228

fc(x) = Convexify(f(x), {σl}kl=1,x
(0)). (6)229

Non-convex constraints are similarly trans-230

formed. For inequality constraints gi(x) ≤ 0, the231

convexified version becomes:232

g̃i(x;x
(0)) = gi(x

(0))+∇gi(x(0))T (x−x(0)) ≤ 0,
(7)233

resulting in the convexified problem:234

Pc : optimize
x∈X

fc(x)

subject to g̃i(x;x
(0)) ≤ 0, i ∈ I,

h̃j(x) = 0, j ∈ J ,
x ∈ Xc,

(8)235

where Xc represents the convexified variable do-236

main.237

3.3 Code Generation and Execution238

Based on the convexified problem Pc, NC2C gen-239

erates executable Python code C(Pc) that im-240

plements the optimization model using appro-241

priate solvers. The framework selects a solver242

S ∈ {CVXPY,Gurobi, SCIPY} based on prob-243

lem characteristics: CVXPY(Diamond and Boyd,244

2016) for standard convex optimization, Gurobi245

for large-scale linear and mixed-integer problems,246

and SCIPY for general nonlinear convex problems.247

The code generation process is formalized as:248

C(Pc) = GenerateCode(Pc,S). (9)249

Upon execution, the code either succeeds and250

returns a solution x∗, or fails and generates an error251

report E . The execution status is captured by an252

indicator function:253

Ie(C(Pc)) =

{
1 if execution succeeds,
0 if execution fails.

(10)254

When Ie = 1, the solver returns the optimal255

solution:256

x∗ = argmin
x∈Xc

fc(x) s.t. g̃i(x) ≤ 0, h̃j(x) = 0.

(11)257

3.4 Error Correction Loop (ECL) 258

When code execution fails (Ie = 0), NC2C acti- 259

vates the Error Correction Loop (ECL) to iteratively 260

refine the generated code. In the k-th iteration 261

(k = 1, 2, . . . ,K), ECL analyzes the error report 262

E(k) to identify failure causes, such as syntax errors, 263

dimension mismatches, or solver incompatibilities. 264

The error analysis and code correction process 265

is formalized as: 266

C(k+1)(Pc) = CorrectCode(C(k)(Pc), E(k),S,Pc),
(12) 267

where C(k) denotes the code at iteration k, and 268

CorrectCode(·) represents the LLM-based correc- 269

tion function that modifies the code based on error 270

analysis. 271

The ECL process terminates when either execu- 272

tion succeeds or the maximum iteration count K is 273

reached: 274

x∗ =

{
Solve(C(k)(Pc),S) if Ie(C(k)(Pc)),
ECL(C(1)(Pc), E ,S,K) otherwise,

(13) 275

where ECL(·) represents the iterative correction 276

process that attempts up to K iterations to produce 277

executable code. 278

3.5 Solution Validation 279

After obtaining a solution x∗ from the convexified 280

problem Pc, NC2C validates its feasibility with 281

respect to the original problem P . This validation 282

is critical because convexification may relax con- 283

straints, potentially yielding solutions that violate 284

the original constraints. 285

The feasibility validation checks ∀i, j ∈ I,J 286

whether x∗ satisfies all original constraints: 287

If (x∗) =

{
1 if gi(x∗) ≤ 0 and hj(x

∗) = 0 ,

0 otherwise.
(14) 288

Additionally, NC2C performs theoretical con- 289

sistency validation during the mathematical mod- 290

eling stage to ensure the constructed problem P 291

accurately reflects the original problem description 292

Dp. This validation checks four criteria: (1) align- 293

ment between formulas and problem description, 294

(2) completeness of variables and constraints, (3) 295

correctness of variable types, and (4) accuracy of 296

numerical values. The consistency metric is: 297

Ic(P,Dp) =
4∏

i=1

H(ξi), (15) 298
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where ξi represents the i-th validation criterion and299

H(·) is an indicator function returning 1 if the cri-300

terion is satisfied and 0 otherwise.301

3.6 Feasibility Domain Correction (FDC)302

When the solution x∗ fails feasibility validation303

(If (x∗) = 0), NC2C activates the Feasibility Do-304

main Correction (FDC) mechanism to iteratively305

refine the solution. FDC operates in two stages306

over a maximum of L iterations.307

• Stage 1: Initial Value Adjustment (iterations308

l = 1, 2, . . . , ⌊L/2⌋): FDC adjusts the initial309

point x0 using a correction function that grad-310

ually moves toward the feasible region:311

x
(l+1)
0 = x

(l)
0 + α(l) ·∆x(l), (16)312

where α(l) ∈ (0, 1] is the step size at itera-313

tion l, and ∆x(l) is the correction direction314

computed based on constraint violations. The315

updated initial point is used to re-solve Pc,316

yielding a new candidate solution x∗(l+1).317

• Stage 2: Problem Re-convexification (iter-318

ations l = ⌊L/2⌋ + 1, . . . , L): If Stage 1319

fails to find a feasible solution, FDC reana-320

lyzes the original problem P and applies al-321

ternative convexification strategies. The re-322

convexification process generates a new con-323

vexified problem:324

P(l)
c = ReConvexify(P, {σ′

l}k
′

l=1,x
∗(l−1)),

(17)325

where {σ′
l} represents alternative convexifica-326

tion strategies. The new problem is solved to327

obtain x∗(l).328

The FDC process terminates when either a fea-329

sible solution is found or the maximum iteration330

count is reached:331

x(final) =

{
x∗(l) if If (x∗(l)) = 1 for some l ≤ L,

x∗(L) otherwise.
(18)332

4 Experimental Setup333

4.1 Dataset334

To comprehensively evaluate the performance of335

NC2C in automated non-convex to convex trans-336

formation, we conduct experiments on four diverse337

datasets that cover different aspects of optimization338

problem solving. We choose NL4Opt (Ramamon- 339

jison et al., 2023), NLP4LP (AhmadiTeshnizi et al., 340

2023), ComplexOR (Xiao et al., 2023), WireOpt 341

(Peng et al., 2025) as our experiment datasets. De- 342

tailed of the datasets are list in the Appendix C. 343

4.2 Baseline Methods 344

To comprehensively evaluate NC2C’s performance, 345

we compare it against state-of-the-art baseline 346

methods that represent different approaches to op- 347

timization problem solving with LLMs, includ- 348

ing Reflexion (Shinn et al., 2023), Chain-of- 349

Experts (Xiao et al., 2023), OptiMUS (Ahma- 350

diTeshnizi et al., 2023), Vanilla LLMs. More de- 351

tailed are shown in the Appendix B. 352

4.3 Evaluation Metrics 353

The methods are evaluated based on two pri- 354

mary metrics: Success Rate and Execution 355

Rate(AhmadiTeshnizi et al., 2023). For each opti- 356

mization problem P ∈ D, a total of N = 10 evalu- 357

ations are conducted using both models (GPT-5.1 358

and Qwen3-235B-A22B), and the rates are com- 359

puted as the average of these evaluations. 360

• Success Rate is defined as the proportion of 361

outputs that yield an optimal solution based 362

on code execution and lie within the feasible 363

domain while satisfying all constraints, ex- 364

pressed as 365

Success Rate =
1

|D|
∑
P∈D

(
1

N

N∑
i=1

VP

)
,

(19) 366

where VP = 1 indicates the solution of prob- 367

lem P is feasible, and VP = 0 otherwise. 368

• Execution Rate measures the proportion of 369

generated code that successfully executes and 370

produces outputs, expressed as 371

Execution Rate =
1

|D|
∑
P∈D

(
1

N

N∑
i=1

QP

)
,

(20) 372

where QP = 1 represents the code of prob- 373

lem P is successful executed, and QP = 0 374

otherwise. 375

5 Experiment Results 376

5.1 Main Experiments 377

We evaluate NC2C and all baseline methods across 378

the four datasets using GPT-5.1 and Qwen3-235B- 379
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Table 1: Main experimental results on NL4Opt, NLP4LP, ComplexOR, and NC2C datasets. We report Success
Rate (SR, %) and Execution Rate (ER, %) for each dataset. Results are averaged over 10 independent runs for each
problem.

Model Method
NL4Opt NLP4LP ComplexOR WireOpt

SR ER SR ER SR ER SR ER

GPT-5.1

Vanilla 85.0 90.2 78.5 85.3 52.8 60.0 73.0 80.0
Chain-of-Experts 88.3 92.5 82.0 88.2 58.3 66.7 77.0 84.0
OptiMUS 90.2 94.0 85.4 90.5 63.9 72.2 80.0 87.0
Reflexion 87.5 92.8 81.2 88.0 55.6 64.4 75.0 83.0
NC2C 94.5 96.7 90.5 94.2 72.2 80.6 87.0 93.0

Qwen3-235B-A22B

Vanilla 78.5 85.2 72.3 80.1 45.0 52.8 68.0 75.0
Chain-of-Experts 82.3 88.5 76.5 83.2 50.0 58.3 72.0 79.0
OptiMUS 85.0 90.5 80.2 87.0 55.6 63.9 75.0 82.0
Reflexion 80.8 88.0 74.5 82.5 48.3 56.1 70.0 78.0
NC2C 91.2 94.4 86.5 91.0 66.7 75.0 82.0 89.0

Figure 2: Impact of omitting key components of the
NC2C framework on success and execution rates across
GPT-5.1 and Qwen3-235B-A22B.

A22B as the underlying LLMs. For each optimiza-380

tion problem P ∈ D, we conduct N = 10 inde-381

pendent evaluations, and all reported metrics are382

averaged over these evaluations. Table 1 presents383

the comprehensive experimental results.384

NC2C achieves superior performance across385

all datasets and models. As shown in Table 1,386

NC2C consistently outperforms all baseline meth-387

ods on both GPT-5.1 and Qwen3-235B-A22B. On388

the NL4Opt dataset with GPT-5.1, NC2C achieves389

a success rate of 94.5% and execution rate of390

96.7%, significantly surpassing OptiMUS (90.2%391

SR, 94.0% ER), Chain-of-Experts (88.3% SR,392

92.5% ER), Reflexion (85.0% SR, 90.2% ER), and393

Vanilla (87.5% SR, 92.8% ER). On Qwen3-235B-394

A22B, NC2C achieves 91.2% success rate and395

94.4% execution rate on NL4Opt, outperforming396

all baselines. The performance gap is even more397

pronounced on the more challenging ComplexOR398

dataset, where NC2C with GPT-5.1 achieves 72.2% 399

success rate compared to OptiMUS’s 63.9%, and 400

with Qwen3-235B-A22B achieves 66.7% com- 401

pared to OptiMUS’s 55.6%, demonstrating NC2C’s 402

effectiveness in handling complex non-convex op- 403

timization scenarios. 404

NC2C shows robust performance across di- 405

verse problem domains. On the NLP4LP dataset, 406

which contains verbose problem descriptions and 407

complex constraints, NC2C achieves 90.5% suc- 408

cess rate with GPT-5.1 and 86.5% with Qwen3- 409

235B-A22B, outperforming OptiMUS by 5.1% and 410

6.3%, respectively. On our curated NC2C dataset, 411

which spans multiple domains including mathemat- 412

ical programming, engineering design, and scien- 413

tific computing, NC2C achieves 87.0% success rate 414

with GPT-5.1 and 82.0% with Qwen3-235B-A22B, 415

demonstrating its generalizability across different 416

optimization problem types and model architec- 417

tures. 418

5.2 Ablation Studies 419

The NC2C framework consists of multiple key pro- 420

cesses, assessing the impact of removing these com- 421

ponents on model performance. We will analyze 422

the following scenarios: 423

• NC2C: The complete framework proposed in 424

this paper. 425

• o - convex: The convexification process is 426

removed, and the model directly handles non - 427

convex mathematical problems. 428
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Figure 3: Success and execution rates for NC2C under different maximum iteration counts for ECL and FDC.

• o - ECL: ECL is omitted, and no error correc-429

tion is performed on erroneous code.430

• o - FDC: FDC is omitted, and no re - solving431

is performed for solutions that do not satisfy432

feasibility constraints.433

As shown in the Fig.2, o-convex significantly434

reduces both the success and execution rates,435

highlighting the importance of convexification436

within the NC2C framework. Specifically, GPT-437

5.1’s success rate drops from 0.945 to 0.15, re-438

flecting an 84.1% decline, while the execution rate439

decreases from 0.967 to 0.616. With Qwen3-235B-440

A22B, the success rate drops from 0.912 to 0.15,441

reflecting an 83.6% decline. This highlights the442

critical need for convexification to transform non-443

convex problems into solvable forms.444

o-ECL negatively impacts the execution rate,445

which subsequently lowers the success rate. For446

GPT-5.1, the execution rate drops from 0.967 to447

0.70, a 27.6% decrease, and the success rate de-448

clines from 0.945 to 0.75, reflecting a 20.6% re-449

duction. With Qwen3-235B-A22B, the execution450

rate drops from 0.944 to 0.65, a 31.1% decrease,451

and the success rate declines from 0.912 to 0.60,452

reflecting a 34.2% reduction. This decrease in exe- 453

cution rates leads to an increase in failed attempts 454

to generate correct solutions, ultimately harming 455

overall success rate. 456

o-FDC primarily decreases the success rate, 457

emphasizing its role in ensuring solution feasi- 458

bility. Experiments show that without FDC, GPT- 459

5.1’s success rate drops to 0.20, a 78.8% reduction, 460

while Qwen3-235B-A22B’s falls to 0.15, an 83.6% 461

decrease. Although GPT-5.1’s execution rate re- 462

mains at 0.80, the lack of FDC means that many 463

solutions may not be within feasible regions, ren- 464

dering them ineffective. 465

5.3 Maximum Iteration Count Analysis of 466

ECL and FDC 467

The previous section highlights the significant roles 468

that ECL and FDC play in the performance of the 469

NC2C framework. Therefore, this section delves 470

deeper into their maximum iteration counts K and 471

L, respectively, examining their effects on the suc- 472

cess and execution rates, as illustrated in Fig.3. 473

ECL effectively increases success and execu- 474

tion rates in early iterations. In terms of success 475

rate, ECL quickly identifies and corrects key er- 476

rors in the early iterations, significantly enhancing 477
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Figure 4: Average Running Time of NC2C and Baseline Methods on GPT-5.1 and Qwen3-235B.

overall performance. On the NL4Opt dataset with478

GPT-5.1, the success rate increases from 70% to479

94.5%; with Qwen3-235B-A22B, it increases from480

60% to 91.2%, demonstrating ECL’s effectiveness481

across different model capabilities.482

FDC demonstrates notable improvements in483

success rate and maintains steady execution rate484

enhancements with increasing iterations. For485

the success rate on ComplexOR dataset, GPT-5.1486

improves from 45% to 72.2%, and Qwen3-235B-487

A22B rises from 35% to 66.7%, demonstrating488

FDC’s strong effectiveness in correcting infeasible489

solutions. This improvement results from FDC’s490

ability to adjust based on the number of iterations491

L; it provides corrections during initial optimiza-492

tion attempts and reanalyzes the problem after493

reaching
⌊
L
2

⌋
. In terms of execution rates, GPT-494

5.1’s execution rate increases from 75% to 80.6%495

on ComplexOR, while Qwen3-235B-A22B rises496

from 70% to 75.0%.497

5.4 Running Time Analysis of NC2C498

To explore whether the running time of NC2C is499

within an acceptable range while maintaining high500

success and execution rates, we conduct a compar-501

ative experiment on program running times across502

all baseline methods.503

As shown in Fig.4, NC2C demonstrates ex-504

cellent efficiency across different models. With505

GPT-5.1, NC2C achieves an average running time506

of 22.5s per problem, which is faster than Op-507

tiMUS (28.5s), Reflexion (26.8s), and Chain-of-508

Experts (27.2s), while only being slightly slower509

than Vanilla (20.5s). This represents a 21.1% re-510

duction compared to OptiMUS, a 16.0% reduc-511

tion compared to Reflexion, and a 17.3% reduction512

compared to Chain-of-Experts. On Qwen3-235B, 513

NC2C also demonstrates superior efficiency. 514

Compared with baseline methods, NC2C 515

achieves superior performance with faster running 516

times. While Vanilla requires the least computa- 517

tional time due to its direct approach without addi- 518

tional processing, NC2C’s slightly longer running 519

time is justified by its significantly higher success 520

and execution rates. More importantly, NC2C out- 521

performs all other methods in both performance 522

metrics and computational efficiency, demonstrat- 523

ing that its integrated convexification, error correc- 524

tion, and feasibility verification mechanisms are 525

not only effective but also efficiently implemented. 526

6 Conclusion 527

In this paper, we propose NC2C, a groundbreaking 528

LLM-based framework that automatically trans- 529

forms generic non-convex optimization problems 530

into convex forms. Our experimental analysis 531

shows that NC2C achieves an execution rate of 532

89.3% and a success rate of 76% on the GPT-4 533

model, significantly outperforming baseline meth- 534

ods. The framework’s success hinges on its inte- 535

grated components as convexification, error cor- 536

rection, and feasibility checking, each of which 537

plays a critical role in enhancing solution quality 538

and overall robustness. As Language models that 539

combine real-time feedback could achieve more ef- 540

ficient optimization, NC2C sets a new standard for 541

automated non-convex to convex transformation, 542

demonstrating its capabilities in handling diverse 543

optimization problems across various domains. 544
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Limitations545

While NC2C demonstrates significant improve-546

ments in automated non-convex to convex trans-547

formation, several limitations should be acknowl-548

edged. The framework’s performance is inherently549

dependent on the underlying LLM’s mathematical550

reasoning capabilities, and its effectiveness may551

vary with different model architectures or when ap-552

plied to domains with highly specialized terminol-553

ogy. Although NC2C achieves competitive running554

times compared to sophisticated baseline methods,555

the multi-stage processing pipeline introduces com-556

putational overhead that may limit its suitability557

for resource-constrained environments or real-time558

applications. The convexification process involves559

relaxation and approximation techniques that may560

introduce suboptimality, and while NC2C ensures561

feasibility through the Feasibility Domain Correc-562

tion mechanism, the gap between the optimal so-563

lution of the original non-convex problem and the564

convexified problem is not always quantifiable. Ad-565

ditionally, the Error Correction Loop may strug-566

gle with fundamental mathematical errors, and the567

framework’s decision-making process for selecting568

convexification strategies may lack transparency,569

which could affect trust in critical applications.570

Ethical Considerations571

The development and deployment of automated572

optimization frameworks like NC2C raise several573

ethical considerations. Users should understand574

the framework’s limitations and not rely solely on575

automated solutions for critical decisions without576

appropriate human oversight, particularly in high-577

stakes scenarios involving resource allocation or578

decision-making systems. While NC2C operates579

on mathematical problem formulations, potential580

biases may arise from the training data used to de-581

velop underlying LLMs or from problem selection582

in evaluation datasets. The framework’s reliance583

on advanced LLMs and computational resources584

may create barriers to access for researchers with585

limited resources, and the computational require-586

ments contribute to energy consumption and carbon587

emissions. When applied to problems involving588

sensitive data, users must ensure appropriate data589

handling practices, as the framework’s interaction590

with LLM APIs may involve transmitting problem591

descriptions to external services. We encourage the592

research community to develop evaluation metrics593

that assess not only technical performance but also594

fairness, transparency, and ethical implications of 595

automated optimization systems. 596
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A Broader Impact And Limitations 774

Broader Impact.The proposed NC2C method sig- 775

nificantly improves success and execution rates in 776

generic non-convex optimization by introducing 777

automated non-convex to convex transformations 778

and multi-stage solution strategies. We believe 779

that by integrating more optimization techniques, 780

such as reinforcement learning and online learning, 781

large-scale models can further enhance their solv- 782

ing capabilities in complex scenarios. In particular 783

in dynamic environments, models that combine 784

real-time feedback could achieve more efficient op- 785

timization. Furthermore, the current model can be 786

further integrated with information retrieval and 787

incremental learning techniques to handle more 788

complex tasks with a large amount of noise or un- 789

certainty in practical applications. We believe that 790

the fusion of these technologies will provide high- 791

quality solutions for the broader optimization field, 792

advancing the development and application of au- 793

tomated convexification techniques. 794

B Baselines 795

Reflexion (Shinn et al., 2023) leverages LLMs’ 796

self-reflection capabilities to improve reasoning 797

performance. The method enables the model to 798

critique its own outputs, identify errors, and re- 799

generate corrected formulations through iterative 800

refinement. Reflexion has demonstrated significant 801

improvements in optimization tasks, achieving ac- 802

curacy improvements from 78.8% to 92.3% on the 803

NL4Opt benchmark. We adapt Reflexion for non- 804

convex to convex transformation by incorporating 805

reflection steps that evaluate the correctness of con- 806

vexification strategies. 807

Chain-of-Experts (Xiao et al., 2023) employs 808

a multi-expert architecture where different expert 809

models are chained together to handle complex rea- 810

soning tasks. Each expert specializes in different 811

aspects of the problem-solving process, enabling 812

collaborative problem decomposition and solution 813

generation. This approach has shown effectiveness 814

in complex operations research scenarios, achiev- 815

ing 68.8% success rate on NL4Opt and 40.5% 816

on ComplexOR datasets. We configure Chain-of- 817

Experts with experts specialized in mathematical 818

modeling, convexification, and code generation. 819

OptiMUS (AhmadiTeshnizi et al., 2023) is an 820

LLM-based agent designed to automatically formu- 821

late and solve Mixed Integer Linear Programming 822

(MILP) problems from natural language descrip- 823
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tions. The framework can develop mathematical824

models, write and debug solver code, and eval-825

uate generated solutions. OptiMUS has demon-826

strated superior performance, achieving over 12%827

improvement on easy datasets and over 8% on chal-828

lenging datasets including NLP4LP compared to829

existing state-of-the-art methods. We extend Opti-830

MUS to handle non-convex problems by incorpo-831

rating convexification steps.832

Vanilla represents the direct application of the833

underlying the base LLM models (GPT-5.1 (Ope-834

nAI, 2025) or Qwen3-235B-A22B (Yang et al.,835

2025)) to solve optimization problems without836

additional frameworks or specialized prompting837

strategies. This baseline evaluates the raw capa-838

bility of advanced LLMs in handling non-convex839

to convex transformation tasks, providing a strong840

comparison point for our framework.841

C Dataset842

NL4Opt (Ramamonjison et al., 2023) is a bench-843

mark dataset from NL4Opt competition, designed844

to evaluate the ability to automatically convert natu-845

ral language descriptions of optimization problems846

into solver-ready code. The original dataset con-847

tains 289 instances, primarily consisting of Linear848

Programming (LP) and Mixed Integer Linear Pro-849

gramming (MILP) problems. After data cleaning850

and validation, we use 214 instances that contain851

well-formed non-convex optimization problems re-852

quiring convexification.853

NLP4LP (AhmadiTeshnizi et al., 2023) is pro-854

vided by the OptiMUS benchmark, containing 344855

linear and integer programming problems with ver-856

bose descriptions and multi-dimensional parame-857

ters. The dataset is particularly challenging due858

to its lengthy problem descriptions and complex859

constraint structures. After filtering for non-convex860

problems that require transformation, we retain 178861

instances for evaluation.862

ComplexOR (Xiao et al., 2023) initially con-863

tains 37 challenging optimization problems in-864

volving complex operations research scenarios, in-865

cluding combinatorial optimization tasks. This866

dataset focuses on evaluating LLMs’ reasoning867

and problem-solving capabilities in complex op-868

timization contexts. After data validation, we use869

18 instances that involve non-convex components870

requiring convexification.871

WireOpt (Peng et al., 2025) is specifically872

designed for non-convex to convex transforma-873

tion tasks. We extract 50 non-convex optimiza- 874

tion problems from authoritative sources includ- 875

ing textbooks, research papers, and optimization 876

libraries (Shen and Yu, 2018; Hou et al., 2014; Inc., 877

2022). These problems span various domains in- 878

cluding mathematical programming, engineering 879

design, and scientific computing in a total of 100 880

instances. This dataset serves as a complementary 881

evaluation set to assess NC2C’s performance on 882

diverse non-convex optimization challenges. 883

D Running time of each component 884

within the NC2C framework 885

Figure 5: Pie chart of the time proportion of each part.

Building on the running time analysis in last 886

subsection, we continue to analyze the time distri- 887

bution and contributions of the internal components 888

within the NC2C framework. 889

When the NC2C framework runs, convex prob- 890

lem transformation, mathematical model genera- 891

tion, and feasibility verification each take up more 892

than 23% of the total time. The convex problem 893

transformation part, accounting for about 30.4% of 894

the time, involves in - depth analysis and conver- 895

sion of complex non - convex problems into convex 896

ones, entailing numerous complex mathematical 897

operations and logical derivations when handling 898

complex function structures and constraints. The 899

mathematical model generation part, consuming 900

around 26.4% of the time, demands precise under- 901

standing of input problems and strict transforma- 902

tion of natural language descriptions into mathe- 903

matical models. The pursuit of accuracy in identify- 904

ing entities, relationships, and semantics in natural 905

language for constructing accurate models leads to 906

significant time investment. The feasibility verifica- 907
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tion part, taking approximately 23.8% of the time,908

has a strict verification mechanism that requires909

multiple solution checks and possible adjustments.910

The detailed evaluation of various aspects of the so-911

lutions to ensure they meet constraints and practical912

needs results in increased time consumption.913

As can also be seen from Figure 3 in Section914

4 of the main text, in the absence of convex prob-915

lem transformation (o - convex), the success rate of916

GPT - 4 plummets from 0.76 to 0.15, a significant917

drop of 80.3%, and the execution rate decreases918

from 0.893 to 0.616. This vividly demonstrates919

the crucial role of convex problem transformation920

in converting non - convex problems into solvable921

forms, and also explains why, despite the signifi-922

cant time consumption, this part is indispensable923

in the NC2C framework.924

Similarly, the high requirements of the mathe-925

matical model generation part for understanding926

and transforming input problems, as well as the927

strict verification mechanism of the feasibility veri-928

fication part, result in both of these parts consuming929

a relatively large amount of time within the frame-930

work. However, these components work together.931

Although they increase the running time, they bring932

about a performance improvement that far exceeds933

the time cost for the framework, ensuring the effi-934

ciency and reliability of NC2C in solving complex935

problems.936

In summary, different in time - consumption,937

these parts collaborate. They achieve performance938

gains far beyond the time cost, showing the frame-939

work’s effectiveness and superiority in solving com-940

plex non - convex optimization problems.941

E Pseudocode and Explanation of NC2C942

Optimization Process943

In the domain of optimization problem - solving,944

the NC2C optimization process offers an efficient945

approach. The following pseudocode outlines the946

core steps of this process, followed by a brief ex-947

planation of each significant step.948
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Algorithm 1 NC2C Optimization Process

1: Input: Optimization problem description
2: Output: Success flag, Execute flag, Solution result
3: success_flag← 0
4: execute_flag← 0
5: math_formulation← GenerateMathFormulation(problem)
6: convex_formulation← ConvertToConvex(math_formulation)
7: code← GenerateCode(convex_formulation)
8: solution, execute_status← ExecuteCode(code)
9: if execute_status = Success then

10: execute_flag← 1
11: feasibility← CheckFeasibility(math_formulation, solution)
12: if feasibility = Feasible then
13: success_flag← 1
14: else
15: for attempt← 1 to MaxAttempts do
16: new_code← RefineCode(math_formulation, code, attempt, convex_formulation)
17: new_solution, new_execute_status← ExecuteCode(new_code)
18: if new_execute_status = Success then
19: new_feasibility← CheckFeasibility(math_formulation, new_solution)
20: if new_feasibility = Feasible then
21: solution← new_solution
22: success_flag← 1
23: break
24: end if
25: end if
26: end for
27: end if
28: end if
29: Output: success_flag, execute_flag, solution

E.1 Explanation of the Pseudocode949

The entire process aims to solve the optimization problem effectively and obtain a feasible solution, with950

the status flags indicating the success of different stages of the process.951

1. Initialization:952

• success_flag and execute_flag are initialized to 0. These flags will be updated later953

to indicate the success of the overall process and the code execution respectively.954

2. Problem Formulation:955

• GenerateMathFormulation(problem): Transforms the input natural - language opti-956

mization problem into a mathematical formula.957

• ConvertToConvex(math_formulation): Converts the obtained mathematical formula958

into a convex optimization form, which is easier to solve.959

• GenerateCode(convex_formulation): Generates executable code based on the con-960

vex optimization formula.961

3. Code Execution and Solution Checking:962

• ExecuteCode(code): Runs the generated code and returns the solution and the execution963

status.964
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• CheckFeasibility(math_formulation, solution): Checks if the obtained so- 965

lution is feasible according to the original mathematical formulation. 966

4. Iterative Refinement: 967

• If the initial solution is not feasible, RefineCode is called up to MaxAttempts times to 968

improve the code and try to find a feasible solution. 969

The effectiveness of these functions mainly relies on well - designed prompts, which will be detailed 970

in the next section of the appendix. 971

F Details of Key Prompt Sections 972

In the process of solving optimization problems using LLMs, prompts play a crucial role. They serve 973

as the interface between user problems and model outputs. Well-designed prompts can guide the model 974

to generate expected results. This appendix will elaborate on the key prompts used in each stage from 975

problem input to convex optimization and then to solution. By presenting and analyzing the original text 976

of the prompts, we will reveal their design ideas and working mechanisms. 977

F.1 Overall Process Overview 978

The entire optimization problem-solving process mainly includes the following key steps: 979

1. Problem Input: Users provide descriptions of actual optimization problems, which will be used as 980

the basic input for subsequent stages. 981

2. Mathematical Formula Generation: Utilize carefully designed prompts to guide the LLM to 982

transform the problem described in natural language into a mathematical formula and clarify the 983

optimization objective (maximization or minimization). 984

3. Convex Optimization Conversion: Through specific prompts, prompt the LLM to convert the 985

generated non-convex mathematical formula into a convex form for subsequent solution. 986

4. Code Generation: Based on the convex optimization formula, use corresponding prompts to let the 987

LLM generate executable code. 988

5. Code Execution and Solution: Execute the generated code to obtain the solution of the optimization 989

problem. 990

F.2 Details of Prompts in Each Stage 991

F.2.1 Mathematical Formula Generation Stage 992

1. Prompt File Overview 993

The main prompt file used in this stage is math_query.txt. Its core function is to guide the 994

large language model (LLM) to understand and analyze the input optimization problem, generate 995

the corresponding mathematical formula, and clarify the optimization objective. Additionally, it 996

requests the LLM to provide formulas for other variables mentioned in the main formula and their 997

corresponding values. 998

2. Original Text and Analysis of math_query.txt 999

The original text content of math_query.txt is as follows: 1000

math_query.txt

Based on this optimization problem, construct a complete mathematical formula, including
the objective function and constraints. Please also provide formulas for some of the other
variables mentioned in the formula, such as channel condition h, and the values corresponding
to these variables.

1001
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Input: $input$
1002

Detailed analysis of the original text:1003

• Problem Description Placeholder: The $input$ in the original text is a placeholder, which1004

will be replaced by the specific optimization problem description in actual use. This design1005

makes the prompt highly versatile, enabling it to handle different optimization problems. For1006

instance, if the optimization problem is about resource allocation in a network system, the1007

$input$ will be replaced with the detailed description of this resource - allocation problem,1008

including parameters like available resources, entity demands, etc.1009

• Comprehensive Formula Requirement: The prompt asks the LLM to construct a complete1010

mathematical formula, covering the objective function and constraints. This ensures that the1011

generated mathematical representation fully captures the essence of the optimization problem.1012

Moreover, it specifically requests formulas for other relevant variables (e.g., channel condition1013

h) and their corresponding values. This detailed requirement helps to build a more accurate and1014

practical mathematical model.1015

• Optimization Goal Specification in Code: Although the original prompt text in1016

math_query.txt does not explicitly mention the optimization goal specification format,1017

in the Python code ‘generate_math‘, an additional instruction is added to the user prompt.1018

The line ‘user_prompt += "Please specify whether to maximize or minimize, using the format1019

’[Optimization Flag: 1]’ for maximize and ’[Optimization Flag: 0]’ for minimize."‘ forces the1020

LLM to clearly indicate the optimization objective in the generated mathematical formula. This1021

clear requirement helps the model output results that meet the specifications and facilitates1022

subsequent processing and analysis.1023

3. Code - based Process Explanation1024

The ‘generate_math‘ function implements the process of generating a mathematical formula based1025

on the optimization problem. Here is a step - by - step explanation:1026

• Initialization: The function initializes an empty string ‘math‘ to store the generated mathemati-1027

cal formula and a variable ‘optimization_flag‘ to record the optimization objective.1028

• Prompt Preparation: It reads the content of math_query.txt as the base user prompt.1029

Then, it replaces the $input$ placeholder with the actual optimization problem description.1030

• Optimization Goal Instruction Addition: An instruction about specifying the optimization1031

goal is appended to the user prompt.1032

• Iterative Generation and Validation: The function enters a loop where it calls the GPT model1033

using the prepared user prompt to generate a mathematical formula. Then, it constructs a1034

validation prompt to check if the generated formula is consistent with the problem description.1035

If the validation result indicates consistency, the loop is terminated.1036

• Optimization Flag Extraction: After obtaining a valid mathematical formula, the function1037

extracts the optimization flag from the formula. If ‘[Optimization Flag: 1]‘ is found, it sets ‘op-1038

timization_flag‘ to 1 (maximize); if ‘[Optimization Flag: 0]‘ is found, it sets ‘optimization_flag‘1039

to 0 (minimize).1040

• Return Result: Finally, the function returns the generated mathematical formula and the1041

optimization flag.1042

4. Example of Generating a Mathematical Formula1043

Suppose the optimization problem is: "In a resource allocation problem, we have N entities. The1044

goal is to maximize the total utility of all entities. The utility of each entity i is given by Ri =1045

log2(1 +
pihi

σ2 ), where pi is the resource allocated to entity i, hi is the utility gain parameter of entity1046

i, and σ2 is a base constraint parameter. The total available resources is Ptotal, so
∑N

i=1 pi ≤ Ptotal,1047
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and pi ≥ 0 for all i." After replacing the $input$ in the prompt and adding the optimization goal 1048

instruction, the GPT model might generate the following mathematical formula: 1049

max
p1,p2,··· ,pN

N∑
i=1

log2

(
1 +

pihi
σ2

)
1050

subject to 1051{∑N
i=1 pi ≤ Ptotal

pi ≥ 0, i = 1, 2, · · · , N
1052

and the formula might also contain ‘[Optimization Flag: 1]‘ to indicate maximization. 1053

F.2.2 Convex Optimization Conversion Stage 1054

1. Prompt File Overview 1055

In this stage, two prompt files convex_example.txt and convex_query.txt are used. 1056

convex_example.txt provides comprehensive examples of converting non - convex problems 1057

into convex problems, serving as references and learning templates for the large language model 1058

(LLM). These examples include detailed analyses of non - convex parts, convexification approaches, 1059

formula derivations, and the final convex optimization problems. convex_query.txt contains 1060

the input information of the specific non - convex mathematical formula to be convexly converted, 1061

guiding the model to perform the conversion operation by specifying clear requirements for the 1062

output. 1063

2. Original Text and Analysis of convex_example.txt and convex_query.txt 1064

1065

• Original Text and Analysis of convex_example.txt 1066

The original text content of convex_example.txt is as follows: 1067

convex_example.txt

Remember your job: 1. Following the input and output format, aligning with the length
and context.
Example:
1: Input:

(a) Mathematical Formulation: Utility Maximization Problem

(b) Objective Function The goal is to maximize the total utility across all entities:

max
p,α

∑
i

log

(
1 +

|hii|2pi∑
j ̸=i |hij |2pj + σ2

)

where:

– pi: Resource allocated to entity i (continuous).
– hii: Utility gain parameter for entity i.
– hij : Interaction parameter from entity j to entity i (continuous).
– σ2: Base constraint parameter.

(c) Constraints

i. Resource Constraints:
A. Individual entity resource limits:

0 ≤ pi ≤ Pmax, ∀i
1068
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B. Total resource budget: ∑
i

pi ≤ Ptotal

ii. Minimum Requirement Constraints: Each entity must satisfy the minimum
requirement:

|hii|2pi∑
j ̸=i |hij |2pj + σ2

≥ γmin, ∀i

iii. Allocation Constraints: Each entity can only be assigned to one category:

αik ∈ {0, 1}, ∀i,
∑
k

αik = 1

(d) Additional Variable Definitions

i. Utility Gain Parameter Definitions:
A. Scaling Function: L(d), which can be expressed as:

L(d) = L0 + 10n log10

(
d

d0

)
where L0 is the reference value at distance d0, n is a scaling exponent, and
d is a distance parameter.

B. Gain Model: The utility gain parameters can be modeled as:

hii =
√
giiL(dii)

hij =
√
gijL(dij)

where gii and gij are random variables representing variability, typically
modeled as complex Gaussian variables.

Output:

(a) Identification of Non - Convex Parts The optimization problem presented contains
several non - convex components due to the following:

i. Logarithmic Function: The objective function includes a logarithmic term,
which is concave, but the overall maximization creates a non - convex problem.

ii. Ratio Constraints: The ratio constraints can also introduce non - convexity
because they involve ratios of quadratic forms.

iii. Binary Variables: The use of binary variables αik creates a mixed - integer
programming (MIP) problem, which is generally non - convex.

(b) Convexification Approach To address the non - convexities, the following strate-
gies can be employed:

i. Change of Variables: Introduce auxiliary variables to reformulate the ratio
constraints into a convex form.

ii. Logarithm Reformulation: Convert the logarithmic objective to a form
suitable for optimization.

iii. Relaxation of Binary Variables: Use continuous relaxation for binary vari-
ables where appropriate.

(c) Derivation for Convexification
1069
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i. Logarithmic Objective Reformulation: Let zi =
|hii|2pi∑

j ̸=i |hij |2pj+σ2 . Instead

of maximizing log(1 + zi), we can maximize zi directly under certain trans-
formations.

ii. Ratio Constraints: To make the ratio constraints convex, we can rewrite:

|hii|2pi ≥ γmin

∑
j ̸=i

|hij |2pj + σ2


This can be treated as a convex constraint by rearranging terms to isolate pi.

iii. Relaxation of Binary Variables: Instead of using binary variables αik, intro-
duce continuous variables 0 ≤ αik ≤ 1 such that:∑

k

αik = 1 ∀i

(d) Convex Optimization Problem After applying these transformations, the new
optimization problem can be expressed as follows:

i. Objective Function Maximize:

max
p,α

∑
i

zi

where zi is defined as:

zi =
|hii|2pi∑

j ̸=i |hij |2pj + σ2

ii. Constraints
A. Resource Constraints:

0 ≤ pi ≤ Pmax, ∀i∑
i

pi ≤ Ptotal

B. Convex Ratio Constraints:

|hii|2pi ≥ γmin

∑
j ̸=i

|hij |2pj + σ2

 , ∀i

C. Relaxed Allocation Constraints:

0 ≤ αik ≤ 1, ∀i, k∑
k

αik = 1, ∀i

iii. Supplementary Variables
A. Utility Gain Parameters: The utility gain parameters can still be defined

as:
hii =

√
giiL(dii), hij =

√
gijL(dij)

This reformulated optimization problem is now in a convex form and can be directly
addressed using standard convex optimization solvers, allowing for efficient computation
and resource allocation.

1070
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The examples in this file provide ideas and methods for convex conversion for the LLM.1071

By demonstrating different types of non - convex problems and their convex forms after1072

conversion, the model can learn common convex conversion techniques such as change of1073

variables, logarithm reformulation, and relaxation of binary variables.1074

• Original Text and Analysis of convex_query.txt1075

The original text content of convex_query.txt is as follows:1076

convex_query.txt

Please identify if there are any non - convex parts based on the mathematical formula of
the optimization problem you built in the previous step and the type of corresponding
variables, and if so, choose the algorithm that you think is most appropriate to make all
the non - convex components convex (including mixed integer programming problems)
until you can solve them directly with the solver. And tell me the derivation of the
formula to make it convex, and finally, give me the optimization problem after the
convexity, including some supplementary variable formulas. Input: $input$
Output:

1077

The $input$ in it is also a placeholder, which will be replaced by the actual non - convex1078

mathematical formula. This prompt directly requires the model to perform a comprehensive1079

convex conversion operation on the input non - convex formula, including identifying non -1080

convex parts, choosing appropriate convexification algorithms, providing formula derivations,1081

and presenting the final convex optimization problem.1082

3. Code Explanation: transfer_convex Function The transfer_convex function is de-1083

signed to convert a non - convex mathematical formula into a convex one using the LLM. Here is a1084

step - by - step breakdown of what the function does:1085

(a) Initialization: The function initializes an empty string convex to store the converted convex1086

mathematical formula.1087

(b) Prompt Loading: It reads the system prompt from convex_example.txt and the user1088

prompt from convex_query.txt using the pure_set_prompt function. These prompts1089

serve as guidelines for the LLM to understand the task and learn from the provided examples.1090

(c) Prompt Modification: The function replaces the $input$ placeholder in the user prompt1091

with the actual non - convex mathematical formula (math) passed as an argument.1092

(d) Model Call: It calls the LLM using the call_gpt_from_sys function, passing the system1093

prompt and the modified user prompt. The LLM then processes the input and generates the1094

convex version of the mathematical formula.1095

(e) Result Return: Finally, the function returns the converted convex mathematical formula.1096

F.2.3 Convex Optimization Conversion Stage1097

1. Prompt File Overview1098

In this stage, two prompt files convex_example.txt and convex_query.txt are used.1099

convex_example.txt provides some examples of converting non-convex problems into convex1100

problems, providing references and learning templates for the LLM; convex_query.txt contains1101

the input information of the specific non-convex mathematical formula to be convexly converted,1102

guiding the model to perform the conversion operation.1103

2. Original Text and Analysis of convex_example.txt and convex_query.txt1104

1105

• Original Text and Analysis of convex_example.txt1106

The original text content of convex_example.txt is as follows:1107
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convex_example.txt

Example 1: Non-convex problem: minx x
2 − 2x+ 1 (Non-convex part: x2 may not be

convex in some intervals) Convex conversion: minx(x − 1)2 (Converted to a convex
function by completing the square)
Example 2: Non-convex problem: minx,y x

2y + 3xy − 2 (Non-convex part: x2y is
non-convex) Convex conversion: (List the specific conversion method and result here)

1108

The examples in this file provide ideas and methods for convex conversion for the LLM. By 1109

demonstrating different types of non-convex problems and their convex forms after conversion, 1110

the model can learn common convex conversion techniques such as completing the square and 1111

variable substitution. 1112

• Original Text and Analysis of convex_query.txt 1113

The original text content of convex_query.txt is as follows: 1114

convex_query.txt

Please convert the following non-convex mathematical formula into a convex form:
$input$

1115

The $input$ in it is also a placeholder, which will be replaced by the actual non-convex 1116

mathematical formula. This prompt directly requires the model to perform convex conversion 1117

on the input non-convex formula. 1118

F.2.4 Code Generation Stage 1119

1. Prompt File Overview 1120

In the code generation stage, the prompt files code_example.txt and code_query.txt 1121

are used. code_example.txt contains some examples of generating code from mathematical 1122

formulas, demonstrating the structure and implementation of the code. code_query.txt provides 1123

the convex optimization formula for which code needs to be generated, guiding the large language 1124

model to generate the corresponding executable code. 1125

2. Original Text and Analysis of code_example.txt and code_query.txt 1126

1127

• Original Text of code_example.txt 1128

The original text content of code_example.txt is as follows: 1129

code_example.txt

Suppose we have a simple convex optimization problem with the objective of minimizing
the objective function f(x) = x2 + 2x + 1, where x is a real - valued variable. Here
is a code example using Python and the ‘scipy.optimize‘ library to solve this problem:
“‘python from scipy.optimize import minimize
Define the objective function def objective(x): return x**2 + 2*x + 1
Initial guess x0 = 0
Call the optimizer result = minimize(objective, x0)
Output the result if result.success: print(f"Optimization succeeded. The optimal solution
is: result.x[0], and the optimal value is: result.fun") else: print("Optimization failed")

1130

• Analysis of codeexample.txt The examples in codeexample.txt provide the large 1131

language model with a specific paradigm for translating mathematical formulas into code 1132

implementations. It shows how to use a specific Python library (such as scipy.optimize) to solve 1133

convex optimization problems. The example details the definition of the objective function, the 1134

21



setting of the initial guess, and the invocation of the optimizer. This helps the model understand1135

the general process of code generation for convex optimization problems, including how to1136

represent mathematical concepts in code, how to choose appropriate libraries and functions, and1137

how to handle the results of the optimization process.1138

• Original Text of codequery.txt The original text content of codequery.txt is as1139

follows:1140

codequery.txt

Please generate Python code to solve the following convex optimization problem. The
convex optimization formula is: input. Use appropriate optimization libraries (e.g.,
scipy.optimize). Clearly define the objective function, constraints (if any), and initial
guesses. Provide clear comments in the code to explain the key steps.

1141

• Analysis of codequery.txt codequery.txt guides the large language model in code1142

generation in multiple ways. Firstly, it directly specifies the input, which is the convex optimiza-1143

tion formula, enabling the model to focus on the specific problem. Secondly, it recommends1144

using appropriate optimization libraries, giving the model a clear direction on where to find1145

the necessary tools for solving the problem. Thirdly, by requiring the clear definition of the1146

objective function, constraints, and initial guesses, it ensures that the generated code is complete1147

and accurate. The requirement for clear comments in the code also helps to make the generated1148

code more understandable and maintainable.1149

F.2.5 Code Execution Stage1150

1. Prompt File Overview In the code execution stage, the prompt file executecodequery.txt1151

is used. Its main purpose is to guide the large language model to analyze and handle the execution1152

results of the generated code, including error handling and result extraction.1153

2. Original Text and Analysis of executecodequery.txt1154

• Original Text of executecodequery.txt The original text content of1155

executecodequery.txt is as follows:1156

execute_code_query.txt

The following is the code generated to solve the convex optimization problem: code.
Execute this code. If the execution fails, analyze the error message and suggest possible
solutions. If the execution is successful, extract the optimal solution and the optimal
value from the output, and present them in a clear format.

1157

• Analysis of execute_code_query.txt This prompt guides the large language model to1158

perform two main tasks. When the code execution fails, it requires the model to analyze the1159

error message, which helps the model understand common error types in code execution for1160

convex optimization problems, such as incorrect function calls, improper parameter settings, or1161

library import issues. Based on the analysis, the model is expected to suggest possible solutions,1162

which promotes the model’s ability to troubleshoot and optimize code. When the code execution1163

is successful, the model is required to extract the optimal solution and the optimal value, which1164

trains the model’s ability to understand and process the output of the optimization process.1165

F.2.6 Feasibility Check Stage1166

1. Prompt File Overview In the feasibility check stage, the prompt file1167

feasibilitycheckquery.txt is used. Its function is to guide the large language1168

model to determine whether the obtained solution of the optimization problem is within the feasible1169

region based on the original problem description and the mathematical formula.1170
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2. Original Text and Analysis of feasibilitycheckquery.txt 1171

• Original Text of feasibilitycheckquery.txt The original text content of 1172

feasibilitycheckquery.txt is as follows: 1173

feasibility_check_query.txt

The original convex optimization problem description is: problemdescription. The
corresponding mathematical formula is: mathformula. The obtained solution of the
optimization problem is: solution. Determine whether the solution is within the feasible
region. If it is, return 1; if not, return 0.

1174

• Analysis of feasibility_check_query.txt This prompt provides the large language 1175

model with all the necessary information for a feasibility check, including the problem descrip- 1176

tion, the mathematical formula, and the obtained solution. By asking the model to determine 1177

whether the solution is within the feasible region and return a binary result, it forces the model 1178

to understand the constraints and conditions in the convex optimization problem and use logical 1179

reasoning to make a judgment. This helps to ensure the quality and validity of the final solution. 1180

G Case Study 1181

G.1 Problem 1182

G.1.1 Problem Description 1183

Consider a non-convex optimization problem where the objective is to maximize a utility function subject 1184

to resource constraints. The problem involves allocating resources to multiple entities to maximize the 1185

total utility while ensuring that each entity meets a minimum requirement. 1186

This optimization problem aims to optimize resource allocation to enhance overall performance while 1187

maintaining feasibility for all entities. 1188

G.1.2 Variable Parameters 1189

1. Number of Entities: 5 1190

2. Maximum Resource per Entity: 30 units 1191

3. Minimum Requirement per Entity: 10 units 1192

4. Utility Function Parameters: The utility gain is modeled as: 1193

Gij =
1

(dij)γ
(γ = 2.2, dij is a distance parameter between entity i and j) 1194

5. Base Constraint Parameter: N0 = 1× 10−9 1195

6. Total Available Resources: 120 units 1196

H Answer 1197

H.1 Mathematical Formulation 1198

We start by formulating the problem mathematically. Given an optimization problem with the goal of 1199

optimizing resource allocation to maximize utility subject to certain constraints. 1200

H.1.1 Objective Function 1201

The objective is to maximize the overall system utility, denoted as R: 1202

maximize R =

N∑
i=1

log2

(
1 +

Pi|hi|2

N0

)
1203

where: 1204
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• N is the number of entities.1205

• Pi is the resource allocated to entity i.1206

• hi is the utility gain parameter for entity i.1207

• N0 is a base constraint parameter.1208

H.1.2 Constraints1209

1. Total resource constraint:1210
N∑
i=1

Pi ≤ Pmax1211

where Pmax is the maximum total available resources.1212

2. Non - negativity constraints for resources:1213

Pi ≥ 0, ∀i = 1, 2, . . . , N1214

3. Minimum requirement for each entity (optional):1215

Ri ≥ Rmin, ∀i = 1, 2, . . . , N1216

where Ri = log2

(
1 + Pi|hi|2

N0

)
is the utility for entity i and Rmin is the minimum required utility.1217

H.1.3 Variables and Formulas1218

• Utility Gain Parameter h is typically modeled as:1219

hi =
√
Gi · exp(jθi)1220

where:1221

– Gi represents the gain parameter for entity i (can vary based on problem context).1222

– θi is a phase parameter (uniformly distributed in [0, 2π]).1223

• Base Constraint Parameter N0 can be calculated as:1224

N0 = kT ·B1225

where:1226

– k is a constant parameter.1227

– T is a scaling factor.1228

– B is a bandwidth or capacity parameter.1229

H.1.4 Optimization Flag1230

Since the objective is to maximize utility:1231

[Optimization Flag: 1]1232

This formulation sets up an optimization problem that can be solved using various optimization1233

techniques and algorithms to find the optimal resource allocation Pi for each entity in the system. The1234

parameters specified in the problem can be adjusted and implemented according to the model being1235

studied.1236
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H.2 Identification of Non - Convex Parts 1237

The optimization problem described contains several non - convex components: 1238

1. Logarithmic Function: Although the logarithmic function is concave, maximizing the sum of indi- 1239

vidual utility terms Ri = log2

(
1 + Pi|hi|2

N0

)
creates a non - convex problem due to the interactions 1240

between different Pi variables. 1241

2. Minimum Requirement Constraints: The constraints Ri ≥ Rmin involve logarithmic expressions, 1242

which can lead to non - convexities, especially when the resource allocation is in the denominator. 1243

3. Resource Constraints: The total resource constraint coupled with individual non - negativity 1244

constraints does not inherently introduce non - convexity but can complicate the optimization 1245

landscape. 1246

H.3 Proposed Algorithm for Convexification 1247

To address these non - convexities, we can use the following strategies: 1248

• Change of Variables: Reformulate the problem using auxiliary variables. 1249

• Convex Relaxation: Transform existing logarithmic terms into convex equivalent expressions. 1250

• Use of Sequential Convex Programming (SCP): An iterative approach that optimizes a convex 1251

approximation of the original problem at each step. 1252

A specific algorithm suitable for this type of problem is the Alternating Direction Method of Multi- 1253

pliers (ADMM), which can be effective for dealing with non - convex optimization problems involving 1254

separable structures. 1255

H.4 Derivation for Convexification 1256

1. Logarithmic Objective Reformulation: We can rewrite Ri as: 1257

Ri = log2

(
1 +

Pi|hi|2

N0

)
1258

Using a change of variable, let zi = Pi|hi|2. Then we have: 1259

Ri = log2

(
1 +

zi
N0

)
1260

2. Handling Minimum Requirement Constraints: Instead of using the logarithmic form for minimum 1261

requirements directly, we can reformulate it to express resources: 1262

Pi|hi|2

N0
≥ 2Rmin − 1 1263

Rearranging gives: 1264

Pi|hi|2 ≥ N0(2
Rmin − 1) 1265

This can be made into a convex constraint by separating Pi from the non - linear aspects. 1266

3. Relaxation: The resource constraints remain linear since they are in the form of: 1267

N∑
i=1

Pi ≤ Pmax 1268
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H.5 Convex Optimization Problem1269

After applying these transformations and simplifications, the new optimization problem can be expressed1270

as follows:1271

H.5.1 Objective Function1272

maximize R =
N∑
i=1

zi, where zi = log2

(
1 +

Pi|hi|2

N0

)
1273

H.5.2 Constraints1274

1. Total Resource Constraint:1275
N∑
i=1

Pi ≤ Pmax1276

2. Non - negativity Constraints:1277

Pi ≥ 0, ∀i = 1, 2, . . . , N1278

3. Convex Minimum Requirement Constraints:1279

Pi|hi|2 ≥ N0(2
Rmin − 1), ∀i = 1, 2, . . . , N1280

H.5.3 Supplementary Variable Formulas1281

• Utility Gain Parameter remains defined as:1282

hi =
√
Gi · exp(jθi)1283

• Base Constraint Parameter can be expressed as:1284

N0 = kT ·B1285

This reformulated optimization problem is now in a convex form and can be addressed using standard1286

convex optimization solvers, enabling efficient computation and resource allocation.1287

H.6 Code Generation1288

The following is a Python code example using ‘scipy.optimize.minimize‘ to solve the optimization1289

problem:1290

code

import numpy as np
from scipy.optimize import minimize

# Parameters
N = 5 # Number of entities
P_max = 10 # Maximum total resources
R_min = 5 # Minimum requirement
G = np.array([1, 1, 1, 1, 1]) # Utility gain parameters
N0 = 0.001 # Base constraint parameter

# Objective function
def objective(P):

z = np.log2(1 + (P * G) / N0) # Calculate z_i
1291
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return -np.sum(z) # Minimize negative sum for maximization

# Constraints
def constraint_total_power(P):

return P_max - np.sum(P)

def constraint_qos(P):
return np.array([P[i] * G[i] - N0 * (2**(R_min) - 1) for i in

range(N)])

# Initial guess
P0 = np.ones(N)

# Constraints dictionary
constr = [{’type’: ’ineq’, ’fun’: constraint_total_power},

{’type’: ’ineq’, ’fun’: constraint_qos}]

# Bounds
bounds = [(0, P_max)] * N # Each P_i must be between 0 and P_max

# Solve the optimization problem
result = minimize(objective, P0, bounds=bounds, constraints=

constr)

# Output results
print("Objective Function Value:", -result.fun)
print("Optimized Resource Allocations (P_i):", result.x) #

Optimized resource allocations

1292

H.7 Optimization Results 1293

The output of the script shows: 1294

Output

- The value of the objective function is 54.8325272595287.
- Optimized Resource Allocations (Pi) are [2.2.2.2.2.].

1295

The initial solution lies within the feasible region. 1296
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