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Abstract001

Automating the translation of Operations Re-002
search (OR) problems from natural language to003
executable models is a critical challenge. While004
Large Language Models (LLMs) have shown005
promise in linear tasks, they suffer from severe006
performance degradation in real-world nonlin-007
ear scenarios due to semantic misalignment be-008
tween mathematical formulations and solver009
codes, as well as unstable information extrac-010
tion. In this study, we introduce NED-Tree, a011
systematic framework designed to bridge the se-012
mantic gap. NED-Tree employs (a) a sentence-013
by-sentence extraction strategy to ensure ro-014
bust parameter mapping and traceability; and015
(b) a recursive tree-based structure that adap-016
tively decomposes complex nonlinear terms017
into solver-compatible sub-elements. Addi-018
tionally, we present NEXTOR, a novel bench-019
mark specifically designed for complex non-020
linear, extensive-constraint OR problems. Ex-021
periments across 10 benchmarks demonstrate022
that NED-Tree establishes a new state-of-the-023
art with 72.51% average accuracy, NED-Tree024
is the first framework that drives LLMs to re-025
solve nonlinear modeling difficulties through026
element decomposition, achieving alignment027
between modeling semantics and code seman-028
tics. The NED-Tree framework and benchmark029
are accessible in the anonymous repository. 1.030

1 Introduction031

Operations Research (OR) plays a pivotal role032

in practice by addressing complex OR problems033

through the construction of mathematical models034

and the application of optimization algorithms (Sa-035

ban and Weintraub, 2021; Corbett and DeCroix,036

2001). Its applications are widespread, spanning037

from reducing energy costs and optimizing supply038

chains to enhancing profits (Singh, 2012; Brandi-039

marte, 1993) and solving challenges in job schedul-040

ing (Hong et al., 2016) and path planning (Li041

1https://anonymous.4open.science/r/
NORA-NEXTOR.

et al., 2023; Wang et al., 2020), among numer- 042

ous other domains (Qian and Yu, 2021; Trimborn 043

et al., 2020). However, translating real-world prob- 044

lems described in natural language into machine- 045

solvable mathematical models remains a long- 046

standing and critical bottleneck (Jiang et al., 2025). 047

This process not only requires highly specialized 048

expertise to accurately define variables, constraints, 049

and objectives but also often involves iterative re- 050

finement and modification, posing a barrier for non- 051

experts and thereby limiting the broader applica- 052

tion of optimization techniques (Ghiani et al., 2022; 053

Cornuejols et al., 2018; Rao, 2019). 054

Recent advances in LLMs have accelerated re- 055

search into automating the transformation of natu- 056

ral language descriptions into executable optimiza- 057

tion models. Existing work can be broadly di- 058

vided into two categories: fine-tuning methods and 059

prompt-based agents. Prompt-based agent frame- 060

works(Xiao et al., 2024; AhmadiTeshnizi et al., 061

2024) have emerged as promising alternatives for 062

handling complex problems. Besides, fine-tuning 063

methods (Huang et al., 2025; Yang et al., 2024; Lu 064

et al., 2025; Jiang et al., 2025) leverage large-scale 065

instruction datasets, they suffer from prohibitive 066

computational costs. Parallel advancements in 067

evaluation benchmarks have progressed from early 068

tasks (Ramamonjison et al., 2023) to more com- 069

prehensive benchmarks. (Huang et al., 2024; Xiao 070

et al., 2024; Huang et al., 2025; Yang et al., 2025) 071

Despite significant progress in Linear Program- 072

ming (LP), real-world OR scenarios present dis- 073

tinct challenges that current methods fail to ad- 074

dress. In actual industrial environments, nonlinear 075

terms—such as fractions, high-order powers and 076

exponentials —are prevalent, yet existing research 077

largely overlooks these factors. Consequently, ex- 078

isting methods cannot effectively model nonlinear 079

problems. Our experiments on modeling nonlin- 080

ear problem settings demonstrate a marked perfor- 081

mance degradation when applying current methods; 082
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Figure 1: The Nonlinear Semantic Gap in LLM Optimization Modeling

even minor nonlinear perturbations cause accuracy083

to plummet severely (see Section 3 for details), as084

illustrated in Figure 1. This performance collapse085

reveals challenges that existing methods face in086

nonlinear problem. First is semantic gap between087

modeling and coding. While nonlinear symbolic re-088

lationships (e.g., Axαex ≤ C) are mathematically089

intuitive, mainstream solvers (such as Gurobi) typ-090

ically cannot process these raw formulas directly.091

Instead, they require specific nonlinear API calls or092

equivalent reformulations via auxiliary variables.093

LLMs often generate “mathematically correct” for-094

mulas but, lacking awareness of low-level solver095

constraints, produce code that fails during execu-096

tion due to syntax incompatibility or non-convexity097

errors. Moreover, the traditional “All-in-one Ex-098

traction” strategy proves unreliable when extracting099

OR problem factors, as LLMs are highly prone to100

information omission or hallucinations.101

To address these challenges, we propose the102

Nonlinear Element Decomposition Tree (NED-103

Tree) framework. This approach utilizes a “Seman-104

tic Alignment Structure” to eliminate the semantic105

gap between natural language, mathematical mod-106

eling, and solver code. The framework consists of107

two stages: 1) We employ LLMs for Sentence-by-108

Sentence Extraction, establishment of an explicit109

mapping from each parameter and constraint to the110

original text to build a reliable nonlinear element111

set; 2) We utilize the LLM to construct a recur-112

sive NED-Tree structure, adaptively decomposing113

complex nonlinear terms into a series of simpler114

atomic elements and accurately mapping them to115

function calls accepted by the solver. In summary,116

our contributions are as follows:117

• We introduce the NED-Tree, the first framework118

that drives LLMs to resolve nonlinear modeling119

difficulties through element decomposition, com-120

bined with the sentence-by-sentence extraction 121

strategy, achieving alignment between modeling 122

semantics and code semantics. 123

• We construct the NEXTOR benchmark to im- 124

prove evaluation, including long-text descrip- 125

tions and complex nonlinearities closer to reality; 126

• Experiments across 10 benchmarks demonstrate 127

the effectiveness of our method. The NED-Tree 128

not only excels in complex nonlinear tasks, but 129

also performs outstandingly on linear datasets, 130

achieving 72.51% average accuracy—surpassing 131

the best fine-tuning model by 13.02% and the 132

leading non-fine-tuning model by 6.27%. 133

2 Related Work 134

LLM Frameworks for OR. The emerging field 135

of “LLM for OR” addresses the translation of 136

natural language into formal optimization mod- 137

els through two primary technical routes. The 138

first route employs prompt-based agent frameworks 139

leveraging general-purpose LLMs. Early works 140

like OPRO (Yang et al., 2023) pioneered using 141

LLMs as optimizers. Subsequent frameworks such 142

as CoE (Xiao et al., 2024) utilize multi-agent sys- 143

tems with iterative reflection, while OptiMUS (Ah- 144

madiTeshnizi et al., 2024) introduces connection 145

graphs to manage variable-constraint relationships, 146

and OR-LLM-Agent (Zhang and Luo, 2025) fo- 147

cuses on code self-repair. The second route centers 148

on fine-tuning specialized models via high-quality 149

data synthesis. LLaMoCo (Ma et al., 2024) pro- 150

poses a code-to-code fine-tuning framework. In- 151

novations in synthesis include ORLM’s (Huang 152

et al., 2025) “seed-expansion,” OptiBench’s (Yang 153

et al., 2024) “reverse generation,” OPTMATH’s 154

(Lu et al., 2025) bidirectional synthesis, and LL- 155

MOPT’s (Jiang et al., 2025) unified “5-element” 156
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Figure 2: LLM Nonlinear Optimization Modeling in Existing Methods. (a) Accuracy of 4 categories. Category
L (Linear): Linear baselines; Category A (Non-quadratic Powers): Involving high-order power terms; Category
B (Fractional/Rational): Introducing complex ratios or average cost constraints; Category C (Logic/Indicator):
Containing piecewise functions or conditional costs.(b) Proportion of 3 types of errors: type I: modeling semantic
errors, type II: nonlinear code semantic errors, type III: other code writing errors.

paradigm. These specialized models often achieve157

performance comparable to larger general-purpose158

models on specific benchmarks.159

Evaluation Benchmarks for OR. The advance-160

ment of LLMs for OR parallels the evolution161

of evaluation benchmarks. Early datasets like162

LPWP (Ramamonjison et al., 2023) were limited163

to simple linear programming. Benchmarks sub-164

sequently increased in complexity; ComplexOR165

(Xiao et al., 2024) and NLP4LP (AhmadiTeshnizi166

et al., 2024) introduced longer descriptions and167

implicit constraints, while MAMO (Huang et al.,168

2024) expanded the scope to Mixed-Integer Linear169

Programming (MILP). IndustryOR (Huang et al.,170

2025) enhanced applicability by sourcing prob-171

lems from industrial contexts. Recently, bench-172

marks have further pushed boundaries: OptiBench173

(Yang et al., 2024) incorporated non-linear prob-174

lems and tabular data, addressing a major gap. Fur-175

thermore, OPTMATH-Bench (Lu et al., 2025) and176

ORThought (Yang et al., 2025) targets “hard cases”177

with complex logical structures and diverse con-178

straints to rigorously test model robustness and179

reasoning capabilities.180

3 LLM Nonlinear Optimization Modeling181

Observations182

Existing research predominantly focuses on Linear183

Programming (LP) solutions. Consequently, a natu-184

ral and critical question arises: Do Large Language185

Models (LLMs) possess the capability to address186

nonlinear problems that are widely prevalent in real-187

world industrial scenarios? To investigate this, We188

evaluated three representative methods: Standard189

(GPT-5), OptiMUS(GPT-5 based) , and LLMOPT190

by introducing subtle nonlinear perturbations to 191

classic linear datasets, thereby transforming them 192

into nonlinear problems into four types. Detailed 193

perturbation strategies and mathematical formula- 194

tions are provided in Appendix A. The observation 195

results are presented in Figure 2, and confirm three 196

core phenomena: (a) Significant "Performance 197

Cliff". As shown in Figure 2(a), while all existing 198

methods perform excellently on Category L tasks, 199

introducing slight nonlinear perturbations (Cate- 200

gories A/B/C) causes a precipitous drop 20%-50% 201

range in end-to-end accuracy, indicating a heavy 202

reliance on memorized linear patterns and a lack of 203

generalization for nonlinear structures. (b) Deep 204

Misalignment between Modeling and Coding Se- 205

mantics. As illustrated in Figure 2(b), the majority 206

of failures stem not from logical misunderstand- 207

ing, but from the gap between modeling seman- 208

tics (recognizing nonlinearity) and code semantics 209

(knowing how the solver accepts nonlinear inputs). 210

(c) Instability in Element Extraction. We ob- 211

served that Category B or C problems frequently 212

lead to information omission (Type I errors), such 213

as neglecting implicit non-zero denominator con- 214

straints or hallucinating parameters in piecewise 215

costs. These findings prompted us to consider how 216

to pass semantic gap, highlighting the necessity of 217

proposing the NED-Tree framework. 218

4 NED-Tree: Sentence-by-Sentence 219

Extraction and Nonlinear Element 220

Decomposition 221

To address the “Nonlinear Performance Cliff” ob- 222

served in Section 3 and the deep misalignment 223

between natural language modeling semantics and 224
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solver code semantics, this chapter proposes the225

NED-Tree framework. This framework no longer226

relies on black-box end-to-end generation but con-227

structs an interpretable intermediate representation228

layer. By logically deconstructing complex non-229

linear terms, registering symbols, and performing230

recursive transformations, it ensures that the math-231

ematical models generated by LLMs can be ac-232

curately mapped into atomic operation sequences233

executable by solvers, thereby fundamentally elim-234

inating the semantic gap.235

4.1 Preliminary236

4.1.1 OR Problem Automated Modeling and237

Solving Definition238

We define the automated modeling and solving of239

Operations Research (OR) problems as an end-to-240

end mapping task from natural language to exe-241

cutable code. Given an OR problem p described in242

natural language, the modeling method Θ(·) first243

constructs its formal mathematical model, then con-244

verts it into executable Python code (such as calling245

Gurobi or SCIP interfaces). Under the assumption246

that the solver is reliable, the executed code pro-247

duces a numerical solution ans, denoted as248

ans = Θ(p) (1)249

This paper focuses on complex nonlinear problems250

pNL, which cover Mixed-Integer Nonlinear Pro-251

gramming (MINLP), including but not limited to252

High-Order Power (HP), Fractions and Fractional253

Powers (FP), and Exponential and Logarithmic254

(ELP) nonlinear terms. Their general form tNL255

can be represented as256

pNL ∼ tNL =
FNL(X)

GNL(X)
(2)257

where FNL(X) and GNL(X) are functions con- 258

taining nonlinear structures. Compared to linear 259

problems, such problems require the model not 260

only to understand mathematical logic but also to 261

handle non-convexity and specific constraints of 262

solver APIs. 263

4.1.2 NLSet and Nonlinear Sub-Element 264

Definition 265

To achieve precise semantic alignment, we define 266

a Nonlinear Sub-Element as the smallest mappable 267

nonlinear unit in the model. Specifically, for a term 268

t in the objective function o or constraint set C, 269

if it has no coefficient and its second-order partial 270

derivative is non-zero, i.e., ∃j, ∂2t
∂x2

j
̸= 0 (e.g., x2 or 271

cosx), it is identified as a nonlinear sub-element. 272

Identifying these elements is the foundation for 273

constructing the NED-Tree, aiming to decompose 274

complex nested terms that are difficult to encode 275

directly (such as ex
2+y) into atomic calls supported 276

by the solver. Based on this, we define the nonlin- 277

ear set NLSet = {t | t ∈ o ∪
⋃

i ci(x)}. This set 278

contains all nonlinear structural functions or rela- 279

tions to be processed, which can be single nonlin- 280

ear operators or composite expressions containing 281

nonlinear terms. The goal of the NED-Tree is to 282

recursively transform each element in the NLSet 283

into a combination of a linear skeleton and atomic 284

nonlinear definitions. 285

4.2 Alignment for Modeling Semantic and 286

Coding Semantic 287

This section details how the NED-Tree protocol 288

establishes a deep alignment mechanism among 289

natural language, mathematical models, and the 290

code layer. This process is divided into three stages: 291

sentence-by-sentence element extraction, recursive 292
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mapping from modeling semantics to the NED-293

Tree, and final generation from the NED-Tree to294

coding semantics, as shown in Figure 3.295

4.2.1 Sentence-by-Sentence Extraction296

When processing long-text OR problems, LLMs297

often miss key parameters or hallucinate due to298

scattered attention. To overcome this defect, we in-299

troduce the Sentence-by-Sentence Extraction (SbS)300

strategy, as shown in Figure 3(a). Specifically,301

for a given sentence si in problem p, we design302

a bird’s-eye extraction strategy LLMBirdeye and a303

sentence-by-sentence extraction strategy LLMSbS.304

This process first extracts from the entire text305

p = {s1, ..., sI}, driving LLMs to generate a bird’s-306

eye view extraction, identifying basic information307

Infobase such as problem parameters Pi, variables308

E
(v)
i , and the optimization problem type, i.e.,309 {

Pi, E
(v)
i , Infobase

}
= LLMBirdeye(p) (3)310

Subsequently, the LLM is driven to perform fine-311

grained scanning tasks, primarily extracting con-312

straints E(c)
i and objective functions E(o)

i to com-313

plete the process:314 {
E

(c)
i , E

(o)
i

}
= LLMSbS(si) (4)315

Finally, the Structured Elements Pool EPool is ini-316

tialized by aggregating the extraction results of all317

sentences to obtain NLSet and refresh the Struc-318

tured Elements Pool to get E
′
Pool:319

EPool =
I⋃

i=1

{
E

(v)
i , E

(c)
i , E

(o)
i , Pi

}
(5)320

321

EPool
Aggr−−→ {NLSet,E

′
Pool} (6)322

During extraction, sentences with the specific323

form IF F (X) ≤ 0 THEN G(X) are also identified324

as part of the constraints. The extraction module325

formalizes this as constraint ccond and adds it to326

EPool:327

ccond,i ∼ I(F (X) ≤ 0) =⇒ G(X) ≤ 0 (7)328

329
ccond,i = LLMSbS(si) −→ EPool (8)330

These conditional constraints will subsequently331

be standardized through Indicator Constraints dur-332

ing the modeling phase. Furthermore, Nonlinear333

Pre-identification extracts nonlinear mathematical334

relations t during the final aggregation stage men-335

tioned above, classifying them into the nonlinear336

element set NLSet and generating a Boolean indi- 337

cator value BNL: 338

BNL =

{
True, if ∃t ∈ E s.t. t ∈ NLSet
False, otherwise

(9) 339

If BNL = True, the system activates the sub- 340

sequent NED-Tree conversion flow; otherwise, it 341

proceeds directly to the linear solving path. 342

4.2.2 Mapping from Modeling Semantic to 343

NED-Tree 344

After obtaining the nonlinear element set NLSet, 345

the core challenge lies in translating human- 346

readable mathematical formulas into machine- 347

solvable forms. Traditional direct translation meth- 348

ods often fail by ignoring solver limitations. There- 349

fore, we introduce the NED-Tree, which recon- 350

structs the original mathematical expression tree 351

into a separated form of a linear backbone and 352

atomic nonlinear definitions through recursive con- 353

struction, as shown in Figure 3(b). The algorithm 354

first performs strict Symbol Registration. The sys- 355

tem traverses NLSet and classifies symbols into a 356

parameter set P (constant coefficients) and a vari- 357

able set V (optimization subjects) based on con- 358

text. The preprocessing module synchronously 359

completes LaTeX format cleaning and the explici- 360

tation of implicit multiplication, ensuring the input 361

expr is a standard symbolic expression tree. The 362

input for the Recursive Linearization & Tree Build- 363

ing process is the original expression node expr 364

along with the registered parameter set P and vari- 365

able set V , while the output consists of the struc- 366

tured definition set SetD and the final linear form 367

LFF: 368

SetD, LFF = NEDTree(expr,P,V) (10) 369

Specifically, we design a Bottom-Up recursive 370

construction algorithm. The algorithm traverses 371

each node of the expression tree, first recursively 372

processing all child nodes, and then determining its 373

linear property based on the nature of the current 374

operator: 375

(a) Linear Retention: If the operator of the cur- 376

rent node and its child node combination satisfy 377

linear conditions (such as addition or constant mul- 378

tiplication), the original structure is retained and 379

passed upwards directly; 380

(b) Structural Transformation: If a specific 381

non-convex structure (such as chain multiplication 382
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or parametric base power) is detected, a transfor-383

mation function is called first to map it to a solver-384

compatible form (such as logarithmic transforma-385

tion);386

(c) Atomic Definition: For irreducible nonlinear387

terms (such as sin, exp), the algorithm generates an388

auxiliary variable ytemp to replace the subtree and389

registers the original relation into SetD. This flow390

ensures that the returned LFF always maintains a391

linear structure, with specific logic,the algorithm392

shown in Appendix B.393

To adapt to the API characteristics of mainstream394

solvers like Gurobi, we embed targeted Isomorphic395

Structural Transformation logic within the recur-396

sive process to ensure the generated mathematical397

model meets the solver’s input specifications while398

maintaining semantic equivalence.399

(a) Chain Multiplication Decomposition. Ad-400

dressing the limitation that most solvers only sup-401

port quadratic constraints, for high-order chain mul-402

tiplication terms (e.g., x · y · z), the algorithm does403

not generate a ternary product directly but recur-404

sively decomposes it into a chain of binary prod-405

ucts. Specifically, it first generates ytemp_1 = x · y,406

followed by ytemp_2 = ytemp_1 · z, reducing high-407

order nonlinearity into multiple second-order non-408

linear constraints.409

(b) Parametric-Base Power Transformation.410

Addressing the difficulty solvers typically face in411

directly processing Ax (where A is a constant pa-412

rameter and x is a decision variable) forms, the413

algorithm incorporates logarithmic identity trans-414

formation logic. When a pow(Param, Var) struc-415

ture is detected, the system automatically applies416

the transformation Ax = ex lnA. This process417

is decomposed into three atomic steps within the418

NED-Tree: calculating the constant coefficient419

c = ln(A); constructing the linear intermediate420

variable yinner = c · x (recursively atomized if x421

is a complex expression); and introducing the fi-422

nal auxiliary variable yfinal = exp(yinner). This423

mechanism ensures that even specific non-convex424

forms of power functions can be converted into the425

solver’s general constraint exponential interface426

(General Constraint Exp).427

4.2.3 Mapping from NED-Tree to Coding428

Semantic429

The final stage of modeling involves precisely map-430

ping the constructed NED-Tree into solver code,431

as shown in Figure 3(c). Since the NED-Tree432

has already decomposed complex logic into stan-433

dard atomic definitions, we only need to traverse 434

the generated SetD and LFF. When generating 435

constraints and objective functions, for the lin- 436

ear part, we directly map existing elements to 437

model.addConstr; for nonlinear atomic defini- 438

tions, we call specific General Constraint APIs 439

based on node types, as defined by different solver 440

documentation. Furthermore, considering that in- 441

terfaces differ across solvers, we inject Solver 442

Knowledge at this stage, though the overall logic 443

remains similar. For example, in the GUROBI 444

solver, power operation nodes are mapped to 445

model.addGenConstrPow, exponential nodes to 446

model.addGenConstrExp, and indicator function 447

logic to model.addGenConstrIndicator. 448

5 Experiments 449

5.1 Experimental Setup 450

In this section, we introduce the experimental de- 451

sign, results, and analysis. All experiments are 452

conducted on a single GPU server equipped with 453

an NVIDIA GeForce RTX 5090 GPU 32G. For 454

all LLM-based methods, we utilized their APIs for 455

inference and set a uniform temperature of 0.2 and 456

a maximum token count of 8192. We write the 457

code in Python 3.12 and use GUROBI 12.0.2 as 458

the solver. We conduct 10 repeated experiments 459

using a fixed seed of 42. Due to space limitations, 460

we have omitted the variance in the main text. This 461

does not mean we only conducted one experiment; 462

we have provided complete data in the appendix. 463

Benchmarks. Our evaluation covers 10 pub- 464

lic Operations Research benchmarks, spanning a 465

wide range of difficulty. These problems range 466

from foundational linear programming problems 467

(such as NL4OPT, NLP4LP, MAMO) to industrial- 468

grade problems with complex constraints (such as 469

IndustryOR, ComplexOR). Crucially, to assess the 470

capability of handling nonlinear semantics, we in- 471

clude challenging tasks involving highly nonlinear 472

mathematical expressions (such as OPTIBENCH, 473

OptMATH) as well as our newly constructed NEX- 474

TOR benchmark. NEXTOR is designed to be 475

comprehensive, including challenging linear pro- 476

gramming, various nonlinear optimization prob- 477

lems, and instances injected with real-text redun- 478

dancy. The comparison between NEXTOR and 479

other benchmark, generation methods and data 480

statistics are provided in the Appendix C 481

Baselines. We compare our method with 482

four categories of representative methods: (a) 483
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Table 1: Comparison of Accuracy (pass@1) metric between NEDTree and other methods. Underlined results
indicate results that are second only to the SOTA, while bold results indicate the current SOTA. †: †Results are cited
from their original papers. ‡: ComplexOR’s GT answer is based on LLMOPT’s open source repository(Jiang et al.,
2025). OPTIBench and OPTMATH’s best models have no weights released. IR(Improvement Rate): + indicates
that NEDTree outperforms the best performing method in this category, and - indicates not. IR(with NFT) is based
on the best of all non-fine-tuning methods. IR(with FT) is based on the best accuracy of all fine-tuning methods.

Types Method NLP4LP NL4OPT ComplexOR‡ MAMO(Easy) MAMO(Complex) IndustryOR OptMATH OPTIBENCH OR-llm-Agent NEXTOR AVG

Non-reasoning
Deepseek-V3 73.96% 87.82% 66.67% 88.30% 40.28% 33.00% 32.60% 64.79% 61.44% 26.31% 57.52%
GPT-4o 76.03% 81.30% 66.67% 88.19% 33.17% 34.00% 34.94% 58.51% 40.96% 18.42% 53.22%

Reasoning
Deepseek-R1 76.44% 90.00% 66.67% 82.97% 47.39% 33.00% 40.96% 74.21% 68.67% 40.79% 62.11%
GPT-o4-mini 76.85% 88.26% 72.22% 89.26% 43.12% 34.00% 45.18% 64.13% 72.29% 52.63% 63.79%

Prompt-based
Chain-of-Experts †53.1% †64.2% †25.9% 85.28% 42.18% 33.00% 39.7% 69.26% 67.47% 51.32% 53.15%
Optimus †72.0% †78.8% †66.67% 89.11% 44.08% 32.00% 19.28% 64.96% 48.19% 18.42% 53.35%
ORllmAgent 81.40% 88.26% 66.67% 89.20% 47.86% 35.00% 45.18% 69.75% 74.70% 52.63% 65.07%

Fine-tuning

ORLM(best) 68.60% †86.50% 55.56% †82.30% †37.40% †38.00% 9.03% 54.55% 12.05% 11.84% 45.58%
LLMOPT †83.80% †93.00% †72.70% †97.00% †68.00% †46.00% †40.00% †66.44% 13.25% 2.63% 58.28%
OPTBENCH - - - - - - - †66.10% - - 66.10%
OptMATH - †95.90% - †89.90% †54.10% - †34.70% - - - 68.65%

Context-based NEDTree 80.16% 94.35% 83.33% 90.49% 49.52% 40.00% 42.16% 86.86% 81.93% 76.31% 72.51%
IR(with NFT) NEDTree - +6.09% +16.66% +1.29% +1.66% +5.00% - +12.65% +7.23% +23.68% +6.27%
IR(with FT) NEDTree - - +10.63% - -18.48% - +2.16% +20.42% +68.68% +64.47% +13.02%

Reasoning-free Models: Deepseek-V3 and GPT-484

4o; (b) Reasoning Models: Deepseek-R1 and GPT-485

5; (c) Prompt-based Methods: Chain of Experts,486

OPTIMUS, and OR-LLM-Agent; (d) Fine-tuning487

Methods: ORLM, OPTBENCH, OptMATH, and488

LLMOPT.489

Settings and Metrics. We utilize two metrics:490

Accuracy (pass@1) measures the success of end-491

to-end modeling and solving, and Pass Rate (PR)492

evaluates the syntactic correctness and executabil-493

ity of the generated code.494

5.2 Main Results495

Our Method Demonstrates Superior Overall496

Performance. We first analyze the overall per-497

formance across all 10 benchmarks. As shown in498

Table 1, our method establishes a new state-of-the-499

art with a 72.51% average accuracy.500

Although specialized fine-tuned models like LL-501

MOPT score high on the specific datasets they were502

trained on (e.g., NL4OPT), they struggle signifi-503

cantly with novel data distributions. For exam-504

ple, in the comprehensive OPTIBENCH dataset,505

our method significantly leads with an accuracy506

of 86.86%, whereas fine-tuned models often ex-507

hibit the "seesaw problem"—improving on one task508

while degrading on others. Overall, our method509

achieves an average improvement of 13.02% com-510

pared to fine-tuned baselines. Compared to non-511

fine-tuned baselines (prompt-based and reasoning512

models), our method improves by an average of513

6.27%. This result challenges the traditional notion514

that performance improvements in operations re-515

search modeling must rely on expensive fine-tuning.516

In summary, our method demonstrates strong ro-517

bustness and generalization across both linear and 518

nonlinear domains without parameter updates. 519

Table 2: Comparison of AC and PR metrics between
linear and nonlinear tasks on NEXTOR Benchmark.

Method Nonlinear Linear

AC PR AC PR

Deepseek-V3 23.68% 31.58% 28.95% 71.05%
GPT-4o 21.05% 26.32% 15.79% 52.63%
Deepseek-R1 39.47% 55.26% 42.11% 92.11%
GPT-5 60.53% 89.47% 44.74% 89.47%
Chain-of-Experts 52.63% 76.32% 50.00% 92.11%
ORLLMAgent 60.53% 81.58% 44.74% 89.47%
LLMOPT 0.00% 13.16% 2.63% 10.53%
ORLM 21.05% 52.63% 2.63% 44.74%

NEDTree 92.11% 100.00% 60.53% 100.00%

Our Method Effectively Handles Nonlinear 520

Semantic Gaps. In Section 3, we observed a 521

"performance cliff" due to the semantic gap be- 522

tween mathematical modeling and solver API re- 523

quirements. We conducted a detailed evaluation 524

on the linear and nonlinear subtasks of NEXTOR. 525

The results are shown in Table 2. On nonlinear 526

problems, baselines like GPT-4o and Deepseek-V3 527

achieved accuracies of only 21.05% and 23.68% 528

respectively, while our model achieved a remark- 529

able 92.11% accuracy, effectively overcoming the 530

performance cliff. Notably, across a large number 531

of nonlinear tasks, our method achieved a Code 532

Pass Rate (PR) of 100.00%. This indicates that the 533

NED-Tree structure successfully converts complex 534

nonlinear terms (e.g., high-order powers, fractions) 535

into solver-compatible atomic definitions, effec- 536

tively eliminating the "Linear Code Semantic Er- 537

ror" (Error Type 2) mentioned in Section 3. Further- 538
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w/o SbS(Bird-eye)
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w/o NED-Tree
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PR
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Figure 4: Ablation study of NEDTree on NEXTOR benchmark. The left line is a line graph showing the difference
between the module in the ablation study and NEDTree. The further to the left, the greater the difference.

more, while fine-tuned models like LLMOPT col-539

lapsed to nearly 0% on NEXTOR nonlinear tasks,540

NED-Tree maintained high performance. This con-541

firms that the proposed decomposition strategy ef-542

fectively aligns modeling semantics with coding543

semantics, enabling the model to "understand" and544

"construct" nonlinear constraints rather than merely545

memorizing patterns.546

5.3 Ablation Study547

To verify the contribution of each component548

within the model framework, we conducted an ab-549

lation study on the NEXTOR benchmark, as shown550

in Figure 4. The results are summarized as follows:551

w/o SbS: Removing the SbS strategy (Bird’s-eye552

and Sentence-by-Sentence extraction) resulted in553

accuracy drops of 6.58% and 7.89%, respectively.554

This confirms that for complex long-text problems,555

one-pass extraction and a bird’s-eye view are in-556

sufficient, and step-by-step extraction is crucial for557

understanding modeling semantics.558

w/o NED-Tree: This is the most critical com-559

ponent for nonlinear tasks. Removing the Align-560

Model agent caused the accuracy on nonlinear tasks561

to plummet by 26.32%. This empirically proves562

that without tree-based decomposition, LLMs can-563

not bridge the semantic gap of complex mathemati-564

cal expressions.565

5.4 Case study566

We present a case study on the decomposition of567

a nonlinear term common in industrial constraints:568

At · xα1 · x
β
2 , and we get ‘y_temp_1 = pow(x_1,569

alpha)‘, ‘y_temp_2 = pow(x_2, beta)‘ and ‘At *570

y_temp_3‘, this allows the code agent to strictly571

call ‘model.addGenConstrPow‘ to map the leaves572

and standard quadratic constraints, ensuring ex-573

ecutability, more details can be seen in the ap-574

pendix E.575

6 Conclusion 576

In this paper, we introduced NED-Tree, a system- 577

atic framework designed to bridge the critical se- 578

mantic gap in nonlinear optimization modeling. By 579

utilizing a Sentence-by-Sentence extraction strat- 580

egy combined with a recursive nonlinear element 581

decomposition mechanism, NED-Tree effectively 582

addresses the instability of element extraction and 583

the deep misalignment between mathematical for- 584

mulations and solver codes, bypassing the need for 585

expensive fine-tuning. To validate our approach, 586

we presented the NEXTOR benchmark and demon- 587

strated NED-Tree’s superiority through extensive 588

experiments. NED-Tree establishes a new state-of- 589

the-art, achieving an average accuracy of 72.51% 590

across 10 benchmarks—surpassing the best fine- 591

tuning model by 13.02% and the leading non-fine- 592

tuning model by 6.27%. Ultimately, NED-Tree of- 593

fers a novel and effective path for solving complex 594

nonlinear OR problems, demonstrating that struc- 595

tural semantic alignment can achieve robust gen- 596

eralization without the need for resource-intensive 597

fine-tuning. 598

Limitations 599

Despite the advancements achieved by NED- 600

Tree, several limitations remain. First, while the 601

Sentence-by-Sentence extraction strategy improves 602

accuracy, the information extraction mechanism 603

can be further refined; future work aims to estab- 604

lish a multi-level extraction hierarchy to bolster 605

robustness and traceability in highly ambiguous 606

contexts. Second, the framework currently lacks 607

a dynamic error-correction loop to address post- 608

modeling diagnostic feedback or real-time problem 609

shifts. 610
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A Full Experimental Setup and Nonlinear722

Perturbation Strategy723

We selected 100 linear Operations Research (OR)724

problems of simple and general difficulty from725

classic benchmarks such as IndustryOR, LogiOR726

(Yang et al., 2025), and NLP4LP. By manually in-727

jecting specific nonlinear terms while preserving728

the core logic, we constructed a sampled dataset729

of 300 instances categorized into four types:Linear,730

Non-quadratic Powers, FractionalRational and Log-731

ic/Indicator.732

• Category L (Linear): 100 baseline linear733

problems;734

• Category A (Non-quadratic Powers): 94735

instances where linear terms in objectives or736

constraints are upgraded to powers, such as737

modifying cost terms from 3x to 3x2 (con-738

vex quadratic) or 3x3 (requiring auxiliary vari-739

ables);740

• Category B (Fractional/Rational): 50 in-741

stances introducing complex ratios (e.g., effi-742

ciency changed from x+ y to x/y) or average743

cost constraints (e.g.,
∑

costixi∑
xi

≤ c̄), which744

mathematically require explicit handling of745

denominators like F (x)
G(x) ≤ k and G(x) ̸= 0;746

• (d) Category C (Logic/Indicator): 56 in-747

stances involving piecewise functions or con-748

ditional costs (e.g., fixed cost triggered if749

x > 50), necessitating the correct invocation750

of indicator constraints rather than mechan-751

ical linear superposition. We conducted 10752

repeated experiments using three representa-753

tive methods: the inference-based Standard754

(GPT-5), the prompt-framework-based Opti-755

MUS, and the fine-tuned specialized model756

LLMOPT.757

B NED-Tree Construction Algorithm758

The full NED-Tree Construction Algorithm is:759

C NEXTOR Details.760

The comparison between its data and other data is761

shown in Table 3762

Algorithm 1 NED-Tree Construction Algorithm

Input: Root Expression expr, Parameter Set P ,
Variable Set V

Output: Definition Set SetDefinitions, Linear Form
LFinalForm

1: Initialize SetDefinitions ← ∅
2: LFinalForm ← RecursiveBuild(expr)
3: return SetDefinitions, LFinalForm
4: Function RecursiveBuild(node)
5: Base Case:
6: if IsAtomic(node,P,V) then
7: return node
8: end if
9: children′ ← [RecursiveBuild(c) for c in

node.children]
10: if IsLinear(node.op, children′) then
11: return ConstructNode(node.op, children′)
12: else
13: nodetrans ← ST(node.op, children′)
14: return RegisterDefinition(nodetrans, SetD)
15: end if
16: Function RegisterDefinition(node,D)
17: ynew ← NewSymbol(”ytemp”)
18: D.add(ynew = node)
19: return ynew

C.1 NXETOR’s Statistics. 763

As shown in Figure 5(a), we provide statistics for 764

10 benchmarks’ average length. Figure 5(b.1) fur- 765

ther illustrate the distributions of 8 distinct prob- 766

lem types. Different from other benchmarks that 767

only involve QP or SCOP problems, our bench- 768

mark involves various complex types of nonlinear 769

problems.This is because complex nonlinear func- 770

tions are often encountered in practical problems., 771

such as in finance fields, Cobb-Douglas production 772

functions Q(L,K) = AtL
αKβµ introduce power 773

functions with diminishing marginal returns. Fig- 774

ure 5(b.2-3) further illustrate question length and 775

variable numbers distribution. It is evident that in- 776

stances in our long and complex category feature a 777

significantly higher number of variables, with text 778

lengths concentrated around 3,500 tokens, posi- 779

tioningNXETOR’s average problem length among 780

all benchmarks. Overall,NXETOR demonstrates 781

substantial diversity in terms of problem types, vari- 782

able counts, and text lengths. 783
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Figure 5: NEXTOR’s Statistics. (a) Problem type distribution, where HP, FP and ELP are nonlinear programming
involving high-order powers (greater than 2), fractions & fractional powers, and exponentials & logarithms,
respectively. (b) Question length distribution. (c) Variable numbers distribution.

Table 3: Comparison of NEXTOR with other benchmarks. HP, FP, and ELP are nonlinear programming involving
high-order powers (greater than 2), fractions & fractional powers, and exponentials & logarithms, respectively. ✔
indicates coverage of this aspect, and ✘ indicates that this aspect is not covered. Multimodality means that the
benchmark has multiple languages, character images and mermaid drawings. Redundant Content indicates the noise
content and background.

Dataset Linear Non-linear Table Multimodality Reference
Code

Redundant
Content AvgLenQP & SOCP HP & FP ELP

NLP4LP ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ 536
NL4OPT ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ 534
ComplexOR ✔ ✘ ✘ ✘ ✘ ✘ ✔ ✘ 1273
MAMO (H) ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ 1724
ORllmAgent ✔ ✘ ✘ ✘ ✔ ✘ ✘ ✘ 1220
OptiBench ✔ ✔ ✘ ✘ ✔ ✘ ✘ ✘ 686
IndustryOR ✔ ✘ ✘ ✘ ✔ ✘ ✘ ✘ 1185
OPTMATH ✔ ✔ ✘ ✘ ✔ ✘ ✘ ✘ 2974
NEXTOR ✔ ✔ ✔ ✔ ✔ ✔ ✔ ✔ 3144

C.2 NEXTOR data case.784

The following is aNXETOR data example, includ-785

ing index, question, and answer.786

787
1 "1": {788
2 "index": 1,789
3 "question":790
4 "Located under the shade of sycamore trees in791

the old792
5 city, Changning District People’s Hospital793

has been a794
6 trusted medical center for surrounding795

residents for796
7 decades. With the aging of the population and797

the798
8 opening of the two-child policy, the number799

of800
9 outpatient visits and hospitalization needs801

have802
10 increased year by year, especially in the803

pediatric804
11 and emergency departments, which are often805
12 overcrowded. Head nurse Lin Mei has worked in806

this807
13 hospital for 15 years. She arrives at work at808

five in809
14 the morning every day to check the shift810

schedule and811
15 coordinate emergencies - for example, Xiao Li812

, who813

16 worked the night shift yesterday, suddenly 814
had a fever 815

17 , and twins were born in the obstetrics 816
department in 817

18 the early morning. She knows that scheduling 818
is not 819

19 just a table, but also about patient safety 820
and the 821

20 morale of the nursing team: newcomers need to 822
be 823

21 mentored by old staff, pregnant women cannot 824
work 825

22 night shifts, and nurses who work around the 826
clock 827

23 are prone to mistakes... But the hospital 828
budget is 829

24 limited, and human resource costs must be 830
carefully 831

25 calculated. Under the premise of meeting the 832
demand 833

26 for nurses in each time period, design an 834
efficient 835

27 and humane scheduling plan to avoid overwork 836
or waste 837

28 of manpower, and reserve flexible space for 838
emergencies. 839

29 840
30 People’s Hospital is a district-level 841

hospital in 842
31 Changning District. The number of nurses on 843

duty 844

11



32 required in each time period of the hospital845
every846

33 day is shown in Table C-2.847
34848
35849
36 Table C-2850
37 | Time period | 6:00-10:00 | 10:00-14:00 |851

14:00-18:00 | 18:00-22:00 | 22:00-6:00 (852
next day) |853

38 | -------- | ---------- | ----------- |854
----------- | ----------- |855
---------------- |856

39 | Number of nurses required | 18 | 20 | 19 |857
17 | 12 |858

40859
41860
42 The nurses in this hospital work in five861

shifts, each 8862
43 hours. The specific working hours are863

2:00-10:00 for the864
44 first shift, 6:00-14:00 for the second shift,865
45 10:00-18:00 for the third shift, 14:00-22:00866

for the867
46 fourth shift, and 18:00-2:00 (next day). Each868

nurse869
47 works 5 shifts per week and is assigned to870

different871
48 days. There is a chief nurse who is872

responsible for the873
49 nurses’ duty arrangements and duty plans,874

which should875
50 be relatively economical in terms of876

personnel or877
51 economy, and as reasonable as possible. It is878

the duty879
52 plan:880
53881
54 **Plan**: Each nurse works for 5 consecutive882

days, rests883
55 for 2 days, and is arranged from the first884

shift to the885
56 fifth shift from the first day of work. For886

example, if887
57 a nurse starts working on Monday, she will888

work the889
58 first shift on Monday, the second shift on890

Tuesday...891
59 the fifth shift on Friday; if another nurse892

starts893
60 working on Wednesday, she will work the first894

shift on895
61 Wednesday, the second shift on Thursday...896

the fifth897
62 shift on Sunday, and so on.898
63899
64 Establish a linear programming model to900

minimize the901
65 number of nurses on duty. You only need to902

give the903
66 minimum number of nurses. ",904
67905
68 "answer": 70.0906
69 }907908

C.3 NXETOR Guiding Principles.909

The content ofNXETOR is based on 4 core princi-910

ples, each of which corresponds to the questions911

we raised in Introduction. (a) Coverage Exten-912

sion aims to transcend the limitations of traditional 913

benchmarks by incorporating a wider array of non- 914

linear and complex problem types. (b) Complexity 915

Elevation seeks to simulate the depth of real-world 916

decision-making by increasing the intrinsic scale of 917

variables and constraints. (c) Realism Augmenta- 918

tion moves beyond pristine mathematical descrip- 919

tions by integrating redundancy, unstructured data, 920

and multi-modal information characteristic of real- 921

world scenarios. Lastly, (d) Verifiability Guar- 922

antee ensures that every instance is solvable and 923

accompanied by a ground-truth solution and refer- 924

ence solver code. 925

C.4 NXETOR Benchmark and Synthesis 926

Method 927

To facilitate the evaluation of models on complex 928

OR problems and to assess the effectiveness of 929

NEDTree, we have constructed a new benchmark, 930

NXETOR, which addresses the limitations of ex- 931

isting benchmarks in capturing realistic scenarios. 932

This section introduces the data generation method, 933

and benchmark comparisons are provided in Sec- 934

tion 5.1. The overall benchmark synthesis method, 935

illustrated in Figure 6, comprises three main stages: 936

the Forward Step, the NEXT Step, and the Verifi- 937

cation Step. This process is based on four guiding 938

principles, the details of which are provided in Ap- 939

pendix C.3. 940

C.4.1 Data Source. 941

We source our raw data through three primary 942

channels as shown in Figure 6(a): (a) searching 943

for source materials using OpenAI’s Deep Re- 944

search, (b) collecting problems from established 945

textbooks (Hu, 2018, 2019; Wolsey, 2020), and (c) 946

collecting problems from university course assign- 947

ments and exams. We will remove all names and 948

add pseudonyms to avoid personally identifying 949

information or offensive content. Furthermore, we 950

only collect publicly available data from the inter- 951

net, and there are no issues regarding data privacy. 952

C.4.2 Forward step. 953

The main objective of the Forward Step is to solve 954

and standardize these problem seeds. This pro- 955

cess involves: (a) formally defining the decision 956

variables, objective function, and constraints; (b) 957

writing standard Python solver code (primarily us- 958

ing Gurobi); and (c) executing the code to obtain a 959

deterministic optimal solution, which serves as the 960

ground truth (GT). The output of this stage is an 961

12
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Figure 6: NEXTOR Synthesis Method. This synthesis method first (a) collects data from three primary channels,
and then proceeds through three core steps: (b) the Forward Step, (c) the NEXT Step, and (d) the Verification Step,
all based on four Guiding Principles.

internal “seed dataset”, where each instance com-962

prises a natural language description, a structured963

mathematical model, standard solver code, and the964

GT answer.965

C.4.3 NEXT Step.966

The NEXT step is the core of the method, where967

problem seeds are enhanced for LLM evaluation.968

In this paper, we select problems with less than969

5 variables for augmentation, as more than 80%970

of the problems have less than 5 variables in rep-971

resentative OPTIBench dataset(Yang et al., 2024).972

This stage proceeds along 2 main dimensions in973

Figure 6(c). The first is Complexity Enhancement,974

aimed at increasing the intrinsic mathematical dif-975

ficulty of the problems, shown in Figure 6(c.1-c.3).976

This is achieved by expanding the number of deci-977

sion variables and constraints, introducing reason-978

able modifications or perturbations to the objective979

function, and promoting basic problem types to980

more advanced forms (e.g., LP to FP). The sec-981

ond dimension is Realism Augmentation, which982

focuses on simulating real-world information en-983

vironments. We strategically inject redundant in-984

formation (e.g., irrelevant background stories, dis-985

tracting data points) and fuse multi-modal infor-986

mation (e.g., embed key parameters in Markdown987

tables or Mermaid charts) into the problem descrip-988

tions. These augmentations significantly raise the989

requirements for information extraction, filtering,990

and noise immunity capabilities.991

C.4.4 Verification Step.992

To ensure the validity of the NXETOR benchmark,993

every augmented problem from the NEXT step994

must pass a strict quality assurance. First is Solv-995

ability Verification, where we write code manually996

to solve the augmented problem, verifying that it997

remains solvable and has a deterministic solution. 998

Second is Consistency Verification, where OR ex- 999

perts conduct a comprehensive review to assess the 1000

logical coherence of the problem description with 1001

the final answer. Only problems that successfully 1002

pass entire verification steps are incorporated into 1003

the final NXETOR. 1004

D Other results 1005

Our Framework Demonstrates High Efficiency 1006

and Broad Generalization. We conducted a de- 1007

tailed comparison of NED-Tree and the prompt- 1008

based method Chain-of-Experts (CoE) regarding 1009

inference time and token consumption, as shown 1010

in Table 4. On the NL4OPT dataset, the average 1011

inference time of NED-Tree is only 35.21 seconds, 1012

demonstrating faster inference speed. Even in the 1013

more complex NEXTOR-Linear and NEXTOR- 1014

Nonlinear tasks, NED-Tree saves approximately 1015

40% and 43% of the time, respectively. This is 1016

primarily attributed to the structured generation 1017

paradigm of NED-Tree, which avoids the time over- 1018

head caused by multi-agent repeated dialogue and 1019

lengthy reasoning inherent in the CoE framework. 1020

Secondly, existing fine-tuned models often over- 1021

fit to the API syntax of specific solvers (such as 1022

Gurobi), leading to poor transferability. In con- 1023

trast, NED-Tree possesses native solver agnosti- 1024

cism by constructing intermediate representations 1025

(Definitions and Final Linear Form). To verify 1026

this, we compared the performance of two solvers, 1027

Gurobi and COPT, by replacing only the back-end 1028

knowledge injection module without altering the 1029

upstream extraction and decomposition logic. As 1030

shown in Table 5, the experimental results indicate 1031

that on the NL4OPT dataset, the accuracy differ- 1032

ence between using Gurobi (94.35%) and COPT 1033

(94.29%) is only 0.06%; on the more challenging 1034

13



Table 4: Comparison of Efficiency between CoE and NED-Tree.

Dataset Method Accuracy Avg. time (s) Avg. tokens
NL4OPT CoE 64.20% ± 0.003295 303.67 6965.32
NL4OPT NED-Tree 94.35% ± 0.001705 35.21 4968.28
NEXTOR-Linear CoE 49.38% ± 0.0007685 175.579 17795.71
NEXTOR-Linear NED-Tree 60.52% ± 0.0006925 105.88 19871.77
NEXTOR-Nonlinear CoE 39.62% ± 0.0026039 309.73 13094.94
NEXTOR-Nonlinear NED-Tree 92.11% ± 0.0019621 75.46 14571.21

Table 5: Performance Comparison with Different
Solvers.

Solver NL4OPT NEXTOR
Gurobi 94.35% ± 0.0006529 76.31% ± 0.0005526
COPT 94.29% ± 0.0007132 76.22% ± 0.0006634

NEXTOR dataset, the difference is also merely1035

0.09% (76.31% vs 76.22%). This result confirms1036

that users can switch solvers at zero cost according1037

to actual needs, greatly enhancing the potential for1038

the framework’s deployment in real-world indus-1039

trial scenarios.1040

E Full Case Study1041

E.1 Case Study1042

We present a case study on the decomposition of1043

a nonlinear term common in industrial constraints:1044

At · xα1 · x
β
2 , as illustrated in Figure 7. Here, the1045

input is the nonlinear term At · xα1 · x
β
2 , declar-1046

ing x1, x2 as variables and At, α, β as parame-1047

ters. NED-Tree first performs symbol registra-1048

tion, identifying x1, x2 as variables and At, α, β1049

as parameters. Then, it recursively constructs the1050

NED tree: (a) Leaf decomposition: The power1051

terms xα1 and xβ2 are identified as atomic nonlinear1052

units. The model generates definitions ‘y_temp_11053

= pow(x_1, alpha)‘ and ‘y_temp_2 = pow(x_2,1054

beta)‘; (b) Internal node construction: The product1055

of these two terms is handled by introducing an aux-1056

iliary variable ‘y_temp_3 = y_temp_1 * y_temp_2‘;1057

(c) Final term: The final term is linearly repre-1058

sented as ‘At * y_temp_3‘. This structured de-1059

composition allows the code agent to strictly call1060

‘model.addGenConstrPow‘ to map the leaves and1061

standard quadratic constraints, ensuring executabil-1062

ity.1063

F Potential Risks 1064

While NED-Tree significantly improves the relia- 1065

bility of automated modeling, applying Large Lan- 1066

guage Models to Operations Research entails in- 1067

herent risks. First, optimization models are often 1068

deployed in high-stakes critical infrastructure (e.g., 1069

energy grids, supply chains). Despite our frame- 1070

work’s alignment capabilities, the probabilistic na- 1071

ture of LLMs may still introduce subtle semantic 1072

errors or hallucinations that, while syntactically 1073

correct, could lead to costly or unsafe operational 1074

decisions. Second, the "executability" of the gen- 1075

erated code might induce automation bias, where 1076

non-expert users blindly trust the solver’s output 1077

without rigorously verifying the underlying math- 1078

ematical formulation. Therefore, we strongly ad- 1079

vocate for human-in-the-loop verification when de- 1080

ploying such systems in real-world industrial envi- 1081

ronments. 1082

G Ai Assistants In Research Or Writing 1083

We used Gemini 3 pro for generating and orga- 1084

nizing the initial draft of our paper, as well as for 1085

polishing it. We also referenced some images gen- 1086

erated by Gemini as draft images for the paper, but 1087

we redraw all the figures. 1088

H Extraction Implementation Details. 1089

H.1 LLM Agent for birdeye Extraction 1090

The following is the basic prompt template for Bird- 1091

eye Extraction in sentence-by-sentence extraction 1092

strategy. 1093

System prompt template: 1094
1095

1 You are an expert in mathematical modeling and a 1096
professor of optimization at a top 1097
university. We will describe an optimization 1098
problem for you. Regarding this 1099
combinatorial optimization problem, please 1100
complete the following tasks: 1101

2 1. **Sentence Scanning**: Start by providing 1102
the original sentence number and content, 1103

14
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and then scan sentence by sentence.1104
EITHER extract it into one or more1105

3 constraints information OR just mark it as "1106
No Values".1107

41108
5 2. **Extract Parameters**: Extract all1109

parameters from the following paragraphs1110
and tables, making sure that no1111
elements in any sentence are omitted.1112
Specifically, you need to give a **1113
parameter list**, provide the names of1114
all parameters, and must indicate the1115
parameter type (integer/float/list/tuple1116
) and give specific values.1117

6 Note 1. The "Value" of the list/tuple1118
type are defined by using the python1119
format, and should not be string.1120
Example, a list can use ["S", "V"] or1121
a tuple type can use {"A": 450, "B":1122
400, "C": 300} and so on.1123

71124
8 Note 2. If the problem description1125

contains **table** data (usually in1126
markdown format), please strictly1127
convert the table data into the form1128
of a list or tuple in the python1129
language. You must strictly refer to1130
the data I provide and do not make up1131
your own data. In the end, you must1132
also extract the table data and name1133
it Table_1_XXX, Table_2_XXX, and so1134
on.1135

91136
10 Note 3. The step you are processing now1137

is only used to find parameters with1138
specific values, and you do not need1139
to consider decision variables or1140
other constraints!1141

11 3. **Output** as follows:1142
12 1.Sentence Scanning Result1143
13 sentence 1:<sentence 1> -> <Constraint1144

Scanning result description OR ’No1145
Values’>,1146

14 sentence 2:<sentence 2> -> <Constraint1147
Scanning result description OR ’No1148
Values’>,1149

15 ...1150
16 2.Table Scanning Result1151
17 table 1:<table_1_name> -> <Parameter1152

Values(list/tuple)>,1153
18 table 2:<table_2_name> -> <Parameter1154

Values(list/tuple)>,1155
19 ...11561157

User prompt template: 1158
1159

1 Here is the problem description: 1160
2 ________________________________________ 1161
3 {user_question} 1162
4 Output the result mentioned above. 11631164

User prompt template for format change: 1165
1166

1 Now, please convert all your analysis results( 1167
Sentence Parameters and Table Parameters) 1168
into **Parameters List**. Please adhere ** 1169
strictly** to the following rules when 1170
generating the JSON field **"Value"**: 1171

2 1. Output must be **valid JSON**: 1172
3 - All keys and string values in double quotes 1173

. 1174
4 - No Python tuple syntax ‘(a, b)‘. 1175
5 - No objects with numeric or tuple keys. 1176
6 1177
7 2.Value must follows these rules: 1178
8 - If the original key is a **string**, keep 1179

the object structure. 1180
9 - If the original key is an **integer** 1181

(0,1,2,...), output a **one-dimensional 1182
** array. Element at index i corresponds 1183
to the value for key i. 1184

10 - If the original key is an **integer pair** 1185
‘[i,j]‘, output a **two-dimensional 1186
square matrix**: 1187

11 1188
12 Now, use the following JSON object format ( 1189

no additional text): 1190
13 ‘‘‘json 1191
14 { 1192
15 "Parameters_List": [ 1193
16 { 1194
17 "Name": "<Name of parameter1>", 1195

1196
18 "Type": "<integer/float/list/ 1197

tuple>", 1198
19 "Value": <Parameter Values, 1199

not string>, 1200
20 }, 1201
21 ... 1202
22 ] 1203
23 } 12041205

H.2 LLM Agent for sentence-by-sentence 1206

extraction 1207

The following is the basic prompt template for 1208

sentence-by-sentence extraction to get all Detailed 1209
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OR elements.1210

System prompt template:1211
1212

1 You are an expert mathematical modeler and an1213
optimization professor at a top university.1214
We will give you a description of an1215
optimization problem.1216

2 Regarding this combinatorial optimization1217
problem, please complete the following1218
tasks:1219

3 Extract all decision variables and1220
constraints from the following paragraph,1221
ensuring that no element from the1222
sentences is overlooked.1223

41224
5 1. **Sentence Scanning**: Start by providing1225

the original sentence number and content,1226
and then scan sentence by sentence.1227
EITHER extract it into one or more1228
constraints information OR mark it as "1229
No constraints".1230

6 2. **Variable List**: Give Variables from1231
constraints sentence, and point: Name(1232
symbol) / Meaning / type:<integer type1233
OR continuous type>" / Range of Values.1234

7 3. **Mapping Table**: In a Markdown table,1235
precisely correspond the "Constraint1236
Name <--> Mathematical Expression <-->1237
Sentence Number."1238

8 4. **Optimization Goal**: Provide the1239
optimization objective (target or1240
performance metric to be optimized).1241

9 5. **Problem Type**: Determine whether the1242
model is a MILP (Mixed Integer Linear1243
Programming) problem or an NLP (1244
Nonlinear Programming) problem, and1245
select one of the two values.1246

101247
11 Note:1248
12 1. List all variables, including those1249

introduced for linearizing absolute1250
differences, such as $\delta^{+}$, $\1251
delta^{-}$ (if such variables exist,1252
list them, otherwise leave them out),1253
and generate the corresponding1254
linearization constraints. For each1255
original sentence, scan and check if1256
keywords like "change," "difference,"1257
"increment," "decrement," "change1258
amount," etc., are mentioned, and1259
generate the corresponding1260
linearization constraints.1261

13 2. "not need" does not necessarily mean1262
that there are no variables or1263
constraints. If an object appears in1264
sentences such as "does not need to1265
increase" or "will not increase", it1266
may be necessary to consider the1267
situation where the variable will1268
decrease.1269

14 3. Do not ignore sentences starting with1270
"In addition", "In addition to this",1271
"By the way", etc., which may also1272
contain information such as1273
constraints or variables.1274

15 4. If "all the sub-quotas" or "all types"1275
are mentioned, then every category1276
of situation must be considered.1277

16 **Output** as follows:1278
17 1.Sentence_Scanning1279

18 sentence 1:<sentence 1> -> < 1280
Constraint Scanning result 1281
description OR ’No constraints’>, 1282

19 sentence 2:<sentence 2> -> < 1283
Constraint Scanning result 1284
description OR ’No constraints’>, 1285

20 ... 1286
21 2.Variables_List 1287
22 Variable 1:..., 1288
23 Variable 2:..., 1289
24 ... 1290
25 3.Constraint_Table 1291
26 ["<Constraint 1 name>","<Mathematical 1292

expressions 1>","sentence 1293
numbers:<sentence numbers>"], 1294

27 ["<Constraint 2 name>","<Mathematical 1295
expressions 2>","sentence 1296
numbers:<sentence numbers>"], 1297

28 ... 1298
29 4.Objective 1299
30 <Objective sentence> and < 1300

Mathematical expressions>, 1301
31 ... 1302
32 5.Problem_Type 1303
33 point <’MILP’ OR ’NLP’>, and give 1304

description... 13051306

User prompt template: 1307
1308

1 Here is the problem description: 1309
2 ________________________________________ 1310
3 {user_question} 1311
4 Output the lists(Sentence_Scanning, 1312

Variables_List, Constraint_Table, 1313
Objective, Problem_Type) mentioned above. 1314

13151316

User prompt template for format change: 1317
1318

1 Now, please convert all your analysis results 1319
into the following JSON object format (no 1320
additional text): 1321

2 For origin sentence, just write the first few 1322
words and "...". 1323

3 ‘‘‘json 1324
4 { 1325
5 "Sentence_Scanning": [ 1326
6 ["1","<origin sentence 1...>","< 1327

Constraint Scanning result 1328
description OR ’No constraints’>"], 1329

7 ["2","<origin sentence 2...>","< 1330
Constraint Scanning result 1331
description OR ’No constraints’>"], 1332

8 ... 1333
9 ], 1334

10 "Variables_List": [ 1335
11 { 1336
12 "symbol": "<chosen mathematical symbol 1337

>", 1338
13 "Meaning": "<parameter definition>", 1339
14 "Type": "<BINARY / integer / continuous 1340

type>", 1341
15 "Range ": "<Range of Values>" 1342
16 }, 1343
17 ... 1344
18 ], 1345
19 "Constraint_Table":[ 1346
20 ["<Constraint 1 name>","<Mathematical 1347

expressions 1>","sentence numbers:< 1348
sentence numbers>"], 1349
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21 ["<Constraint 2 name>","<Mathematical1350
expressions 2>","sentence numbers:<1351
sentence numbers>"],1352

22 ...1353
23 ],1354
24 "Objective": {1355
25 "Objective_sentence": "<Objective1356

sentence>",1357
26 "Mathematical_expressions": "<1358

Mathematical expressions>"1359
27 },1360
28 "Problem_Type": "<’MILP’ OR ’NLP’>"1361
29 }‘‘‘13621363
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