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ABSTRACT

Operations research (OR)-style modeling poses challenges for large language
models (LLMs). It requires long-context consistency, producing precise mathe-
matical formulations, and the ability to infer implicit constraints. To study these
challenges under controlled conditions, we build a verifiable synthetic pipeline
that generates large-scale certified optimization problem instances. Using this
pipeline, we obtain several insights: first, direct natural language translation of
optimization problems runs into an effective context limit, beyond which frontier
models abruptly fail to maintain global variable—constraint consistency—despite
remaining within nominal context window length. Second, naive divide-and-
conquer scaling strategies struggle due to context explosion and semantic frag-
mentation. Third, while frontier models can reliably infer high-level optimization
structure they struggle to correctly bind large, dense numerical data to variables
at scale. Taken together, these findings identify important limitations for current
LLM-based optimization approaches. For example, we synthesize an OR task
where GPT-5 nano has an effective reasoning context limit of only ~2,000 tokens
and suffers a more than 50% performance drop.

1 INTRODUCTION

Operations research (OR) is a cornerstone of modern industrial intelligence, powering critical pro-
cesses in logistics, energy, and supply chain management. While large language models (LLMs)
have shown remarkable progress in general-purpose coding and math applications, solving complex
optimization problems is nevertheless a challenging hurdle even for frontier models. An LLM must
not only comprehend a natural language narrative but also potentially infer unstated constraints, map
entities to variables at scale, and generate executable, error-free optimization code.

Several works have sought to benchmark LLM capabilities on such OR optimization problems, but
building realistic problems at scale is challenging. The NL4Opt competition (Ramamonjison et al.,
2022) treated optimization modeling as a two-stage semantic entity extraction and intermediate rep-
resentation generation task. This dataset is limited to small-scale linear programs with an average
of only two variables and constraints. More recent evaluations, such as the ORQA benchmark
(Mostajabdaveh et al.,|2025), rely on expert-curated problems from 20 diverse domains. However,
these benchmarks fail to address two fundamental barriers. First, they lack a mechanism for ver-
ifiable high-volume synthesis of optimization modeling problems; relying on manual curation
prevents the creation of the massive datasets needed to train robust models, while unverified syn-
thetic data risks mathematical infeasibility. Second, they do not address context-scaling demands
imposed by long-horizon optimization problems. Real-world industrial optimization requires
processing dense, high-dimensional numerical inputs—such as hourly energy scheduling over a
full year—together with natural-language problem specifications and operational constraints. These
problems can quickly exhaust standard LLM context windows. Consequently, these benchmarks fail
to challenge the limits of LLMs or verify their performance in industrial-scale environments.

In this paper, we introduce OR-LLM-Bench, a verifiable pipeline designed to reliably scale synthetic
operations research benchmarks. Our main idea is to decouple the natural language generation
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Figure 1: Synthetic OR Data Generation Pipeline

of the problem from the underlying mathematical representation of the problem in a way that
permits scaling both aspects reliably. At a high level, we symbolically generate the mathematical
structure of the optimization problem, and then use an LLM to equip the problem with a natu-
ral language contextualization. This approach guarantees: 1) mathematical validity, where every
problem instance is guaranteed to be feasible and paired with a verified, solver-generated theoretical
optimum, and 2) domain realism, allowing the LLM to generate problems within authentic contexts.
Furthermore, this dataset enables the creation of large-scale problems—ranging from Mixed-Integer
Linear Programming (MILP) to Mixed-Integer Quadratic Programming (MIQP)—each paired with
a precomputed optimum.

However, as problem complexity increases to thousands of variables, naively representing the full
optimization problem in text quickly exceeds the effective model context limits. To overcome this
issue, we propose templated insertion, a scalable technique for synthetic problem generation that
separates how a problem is described from the numerical values it contains. Instead of asking the
LLM to explicitly enumerate all variables and coefficients, the model generates a structured natural-
language template that captures the problem’s objectives and constraints using placeholders. These
placeholders are then filled deterministically with large-scale numerical data. This design keeps
the model’s context usage constant while enabling the synthesis of industrial-scale optimization
benchmarks.

Our contributions are:

* A Novel Verifiable Synthesis Pipeline: We develop a scalable framework for generating
five distinct classes of verifiable OR problems (including in popular domains like logistics
and power systems) with executable optimization package gold solutions.

* Insights into Modeling vs. Translating: We demonstrate that “modeling” (providing
structural architecture) is intrinsically easier for LLMs than “translating” (mapping in-
stances), and use this to create high-fidelity datasets.

 Stress-Testing Scaling: We introduce a new scaling test to identify the exact vari-
able/constraint limits where current frontier models fail, providing a benchmark for future
context-window and reasoning improvements.

2 RELATED WORK

The automation of translating natural language into executable optimization models lies at the in-
tersection of operations research (OR) and neurosymbolic Al, spanning three primary tasks: entity
extraction, reasoning, and synthetic generation.
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Benchmarks and Reasoning Limits. Early efforts like NL4Opt (Ramamonjison et al.| [2022)
treated modeling as a two-stage process that involves entity recognition and forming intermedi-
ate representation. However, recent benchmarks such as ORQA (Mostajabdaveh et al., [2025)) and
NLMOptimizer (Berenbeim et al.,|2025) highlight a fundamental “reasoning deficit,” showing that
models struggle with implicit constraints and logical hallucinations when moving beyond small-
scale, standardized linear programs. Recent work by [Huang et al.| (2025b)) further characterizes
the gap between natural language descriptions and formal mathematical structures. For example,
NLMOptimizer shows that even tiny OR problems can pose serious challenges to models.

Reasoning, Search, and Agentic Architectures. To handle industrial complexity, frameworks like
OptiMUS (AhmadiTeshnizi et al., [2024) and Chain-of-Experts (Xiao et al., [2024) use modular
decomposition. Other approaches focus on specialized training or end-to-end formulation; for in-
stance, ORLM (Huang et al., 2025a) introduces a customizable training framework for automated
modeling, while LLMOPT (Jiang et al., 2025) attempts to learn to define and solve problems from
scratch, while SolverLLM (Li et al., 2025) employs Monte Carlo Tree Search (MCTS) to explore
formulation spaces. Although these improve scalability, they remain susceptible to error propaga-
tion or high inference costs. Similarly, OptiChat (Chen et al., 2025)) focuses on LLMs as interfaces
rather than generators. Recent agentic frameworks have attempted to mitigate this; [Zhang et al.
(2025) introduce reasoning-enhanced agents for OR, while Ding et al.[(2025)) utilize test-time rein-
forcement learning to automate modeling. Additionally, Zhang|(2025) explores enabling mathemat-
ical modeling directly through LLMs.

Synthetic Data. Scarcity of expert data has led to frameworks like OptMATH (Lu et al., [2025),
which uses “back-translation” to reverse-engineer descriptions from formulas. In contrast, our for-
ward engineering paradigm co-generates descriptions and models from a simulated “world state,”
ensuring constructive feasibility and naturalistic ambiguity. Finally, we adopt rigorous verification
standards similar to OptiBench (Wang et al.,|2025) to ensure semantic correctness via solver-driven
ground truth. This follows a growing trend of leveraging synthetic pipelines for reasoning tasks; Liu
et al.[(2025) and|Goldie et al.| (2025) have shown that verifiable synthetic data is crucial for scaling
logical reasoning. Similarly, Seegmiller et al.| (2025) emphasize the need for fine-grained analysis
in data synthesis pipelines to improve mathematical reasoning.

3  METHODS
Below, we describe our overall approach and describe each component in depth.

3.1 FORWARD ENGINEERING VS. BACKWARD ENGINEERING

Instead of starting from an optimal solution and constructing constraints around it (often described
as a backward engineering approach) we use a forward engineering framework. Our method begins
by simulating a world state: a coherent set of business parameters, resource limits, and logical rules.
This approach offers three distinct advantages:

* Efficient Synthesis: By defining the solution space first, we guarantee that the generated
problem is mathematically feasible and bounded by construction. This eliminates the need
for computationally expensive rejection sampling of infeasible instances.

* Semantic Realism: Rather than describing equations directly, the LLM generates a natra-
tive grounded in the simulated world state, producing problem statements that mirror how
optimization tasks are specified in real industrial settings.

* Structural Control: By specifying the World State up front, we directly control the in-
duced optimization structure and domain semantics. For example, resource allocation
problems naturally produce sparse interaction matrices, whereas transportation problems
induce bipartite graph structures.

3.2 SYNTHETIC DATASET GENERATION PIPELINE

In our forward engineering approach, the pipeline begins by constructing a mathematically valid op-
timization problem in standard form. This ensures that every generated problem is feasible, bounded,
and has a known optimal solution before any natural-language description is produced.
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Algorithm 1 Direct Translation Dataset Generation

1: Input: Dimensions n, m, Sparsity S
2: > Phase 1: Construction (Guaranteed Feasibility)
3: A < RandomMatrix(m, n, sparsity = .S)
4: Tynchor < RandomVector(n, min = 0)

5: s « RandomVector(m, min = 0.5)

6: b+ AZanchor £ 8 > Constructs b s.t. Zachor 18 feasible
7: ¢ < RandomVector(n)

8: > Phase 2: Verification (Ensured Optimality)
9: x*, z*, status + GurobiSolve(A4, b, ¢)
10: if status == UNBOUNDED then

11: return Retry > Reject unbounded directions
12: else if status # OPTIMAL then

13: return Retry > Reject numerical instability
14: end if

15: Dypuet ¢ {4, b, ¢, senses, types}
16: Tiext < LLM(SystemPrompt, Dyt )
17: Output: Pair (Tiext, Dsiruct)

To support both small- and large-scale problems, we adopt two complementary generation strategies.
For general linear programs that fit within standard context limits, we use direct translation. For
high-dimensional or highly structured problems, we instead apply template-based insertion, which
we describe in Section3.2.2

3.2.1 APPROACH 1: DIRECT TRANSLATION

We use this approach to craft a set of resource allocation problems where the interaction matrix
A is sparse and unstructured. It is suitable for small-to-medium instances where the full problem
description fits within the context window of standard LLMs.

1. Mathematical Structure Generation. We first generate the parameters for a linear program-
ming problem in standard form:
minimize ¢’z
subjectto Az = b (D
x>0
To ensure control over the problem’s characteristics, we use an anchor solution, as follows:

1. Matrix Construction (A4): We initialize A € R™*" with random values and apply a
sparsity mask to simulate real-world interactions.

2. Anchor Solution (Zapchor): We sample a feasible solution xanepor > 0.

3. RHS Derivation (b): The vector b is derived via b; = (AZanchor)i + Si, ensuring feasibility
by construction.

2. Natural Language Translation The structured representation is passed to an LLM (GPT-5 in
our case) with a prompt enforcing data embedding: all numerical coefficients from A, b, and ¢ must
be naturally woven into the narrative. For example, a variable with objective coefficient ¢c; = 6.86
and constraint interaction ag; = 0.8 is rendered as a contextual entity (e.g., “each package adds
6.86 in contribution and uses 0.8 units of emissions allowance”). A full example is provided in

Appendix [A]
3.2.2 SCALABLE GENERATION STRATEGY

Adopted Solution: Template-Based Scalable Generation. For structured problems or large-
scale instances (100+ variables), direct translation becomes impractical due to an effective context
limit (Section 4.1.2). We initially explored hierarchical decomposition via block-diagonal struc-
tures (A = diag(Ay, ..., Ay)), but discarded it due to context explosion (>100K tokens), semantic
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Algorithm 2 Template-Based Generation Pipeline

Input: Problem Type 7', Dimensions n, m

Dytruet < GenerateParameters(T, n, m)

x*, z* « SolverVerification(Dgryet)

if Small Scale / Unstructured then
Teext < LLM(Promptyy, ..., Dstruct)

else > Large Scale / Structured
ﬁemplate — LLM(PfomPtTempme, Meta(DSlruCt))
7;ext <~ InsertData(,]:emplale; Dstrucl)

end if

Output: Pair (7iexi, Ditruct)

VR AN R

Ju—

fragmentation, and topological inflexibility. Instead, we developed a template-based pipeline that
decouples data scale from linguistic complexity.

1. Structured Parameter Generation. Instead of a generic matrix A, we generate domain-
specific parameters. For example, when generating facility location-themed problems:

¢ Locations: Coordinates for NV facilities and M customers.
* Parameters: Fixed costs f;, demands d;, and transport rates r.

* Induced Costs: The cost matrix Cj; is computed deterministically via Euclidean distance,
avoiding LLM arithmetic errors.

2. Template Generation via LLM. The LLM is tasked with generating e.g., a high-quality “busi-
ness memo” template that describes the problem logic but excludes the numerical data. The system
prompt explicitly instructs the model to use placeholders (e.g., {COST MATRIX}, {DEMANDS})
instead of inventing numbers.

* Input: Metadata about the problem size and type (e.g., “3 factories, 50 stores”).

* Output: A narrative explaining the objective and constraints, with a designated “Data
Annex” containing the placeholders.

3. Deterministic Data Insertion. The pipeline programmatically replaces placeholders with gen-
erated data formatted as Markdown tables, decoupling linguistic complexity from numerical com-
plexity and enabling scaling to thousands of variables with constant LLM context overhead.

3.3 REDEFINING THE TASK: FROM TRANSLATION TO STRUCTURAL MODELING

The adoption of the template-based pipeline fundamentally transforms the nature of the OR bench-
mark. By abstracting numerical data into placeholders, we shift the challenge from a sentence-to-
code translation task to a mathematical modeling task.

3.3.1 ABSTRACTION OF VARIABLE LOGIC

In standard benchmarks, the model often acts as a parser spending its capacity extracting coefficients
from text. In our framework, the model must instead deduce the logical relationship between data
structures and decision variables. For example, rather than identifying that “Constraint 1 has a limit
of 50,” the model must recognize that:

VieZ, Z x;; < Capacitylil. 2)
jeT

This forces the LLM to understand the schema of the provided matrices (e.g., dimensions, sparsity
patterns) and correctly instantiate variables based on these abstract definitions, decoupling reasoning
from arithmetic perception.
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3.3.2 INDUCED CONSTRAINTS AND PHYSICAL PRIORS

Beyond direct data mapping, our framework also introduces the complexity of induced constraints.
In these instances, the parameters required for the optimization model are not explicitly present in
the data annex but must be derived via domain knowledge or physical laws.

Prime examples are the facility location-style problem or drone routing scenarios, where the cost
matrix Cj; is often latent:
* Given: A list of coordinates for Depots D and Customers C.

* Latent Parameter: The travel cost ¢;;, which implies a Euclidean distance calculation:
cij = /(@i — ;)2 + (yi — yj)*

This requires the model to identify the necessary bridge formula (e.g., Euclidean distance, gravity
models, or specific physical decay rates) to transform raw attributes into actionable optimization
parameters, mimicking the implicit reasoning required in real-world engineering tasks.

3.4 EVALUATION

We prompt LLMs to generate an executable Gurob code snippet, which is then executed by a
Python interpreter. A critical design choice in our benchmark is the exclusion of infeasible instances
from the ground truth dataset.

If the ground truth were infeasible, an LLM could generate fundamentally broken code with trivial
contradictions (e.g., x > 1 and x < 0) that coincidentally results in an infeasible status. A solver-
based grader would incorrectly classify this unrelated failure as a correct prediction (a false positive).
By restricting our benchmark exclusively to feasible problems, we ensure that any infeasible result
returned by the generated code is correctly penalized as a reasoning error.

4 EXPERIMENTS

4.1 EVALUATION RESULT

We evaluated our pipeline using a mix of proprietary frontier models (GPT-5, GPT-5-Nano) and
efficient open-weight models (Qwen2.5-7B, Qwen2.5-1.5B). To test the limits of these models in
multiple perspectives, we stratified the benchmark into five distinct problem categories:

* Direct: Baseline resource allocation problems generated via direct translation (Section
[3.2.1). This category focuses on standard linear programming formulations where decision
variables represent resource quantities subject to budget and capacity constraints.

* Template (Std): Transportation problems, a classic bipartite matching scenario generated
via standard templates. The objective is to minimize shipping costs between multiple sup-
ply sources and demand destinations while satisfying inventory limits, we mainly test the
ability.

» Template (Hard): Disaster response logistics, a large-scale multi-period mixed-integer
linear programming (MILP) problem. This complex scenario requires managing vehicle
fleets, route security risks, and supply shortages across a dynamic operational timeline.

* Induced (Geo): Facility location problems that require implicit geometric reasoning. The
model must derive transportation costs by calculating Euclidean distances between candi-
date facility coordinates and customer locations to minimize total setup and shipping costs.

* Induced (Phys): Power transmission network design, the most challenging category re-
quiring the derivation of constraints from physical formulas. The model must construct a
quadratic cost function for power loss based on Ohm’s Law and Joule heating (I2R) to
optimize grid topology.

! Gurobi is a popular solver package.
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Generation Cost. All problem instances are generated using a single call to GPT-5. With another
call for quality check. For direct translation problems, the full structured representation (variables,
constraints, and interaction matrix) is included in the prompt, is approximately ~$0.1 per problem,
and varies with problem scale. The cost for template-based problems is cheaper.

Main Results. Table [I| presents the Pass@1 accuracy for generating valid optimization models.
Here, we treat a model response as correct if and only if it generates a runnable python code snippet
using Gurobi that solves to the same objective value as the gold solution. GPT-5 demonstrates robust
capabilities, maintaining > 90% accuracy across all categories, and good at inducing constraints.
In contrast, GPT-5-Nano shows a distinct performance cliff on complex reasoning, dropping from
96.0% on Template (Std) to 58.0% on Template (Hard). The open-weight models struggle sig-
nificantly with formulation; Qwen2.5-7B fails to generalize to harder templates (0.0%), while the
1.5B variant yields near-zero results globally, indicating insufficient capacity for implicit constraint
derivation.

Table 1: Pass@1 Accuracy (%) across different problem types.

Direct | Template Scale Induced Constraints
Model Vanilla | Std Hard | Geo (Euclidean) Phys (Formula)

n=1012 | n=50 n=50 n=50 n=50
GPT-5 92.59 98.0 90.0 92.0 96.0
GPT-5-Nano 50.15 96.0 58.0 80.0 60.0
Qwen2.5-7B 15.91 22.0 0.0 8.0 2.0
Qwen2.5-1.5B 0.69 0.0 0.0 0.0 0.0

Failure Mode Analysis. Beyond aggregate accuracy, we examine how models fail. For direct
translation, GPT-5’s rare failures (7.4%) are almost entirely wrong objectives with near-zero run-
time errors, indicating robust code generation but occasional coefficient misalignment on larger
instances. GPT-5-Nano follows a similar pattern at lower accuracy: 35.3% wrong objectives and
4.4% infeasible formulations, suggesting the model grasps problem structure but loses track of spe-
cific coefficients at scale.

The open-weight models fail qualitatively differently. Qwen2.5-7B produces wrong objectives in
56.2% of cases and infeasible formulations in 12.8%, while 8.0% result in runtime errors. Qwen2.5-
1.5B has 20.4% cause runtime errors (malformed code) and 14.0% produce no valid solver status,
revealing limitation in its code generation ability.

For induced constraint problems, failure modes shift from data-binding errors to modeling er-
rors. On Induced (Geo), even GPT-5 occasionally misapplies the cost model—e.g., incorrectly
multiplying transport cost by customer demand within the distance calculation, yielding a subtly
wrong objective. GPT-5-Nano computes Euclidean distances correctly in all failed cases but errs
in how costs are aggregated into constraints. On Induced (Phys), GPT-5-Nano attempts the 12 R
loss derivation in 85% of failures but often miscomputes the quadratic loss coefficient (e.g., incorrect
unit conversion between MW and Volts, or wrong resistance-per-km scaling); in 15% of failures, the
physics formula is omitted entirely. Open-weight models near-universally fail on induced problems
(0—8%), lacking the capacity to derive implicit constraints from domain knowledge. For Template
(Hard), the multi-period MILP structure (vehicle fleets, route security, dynamic timelines) over-
whelms smaller models, with Qwen2.5-7B achieving 0% by failing to correctly formulate linking
constraints across time periods.

4.1.1 INFLUENCE OF PROMPTING TECHNIQUES

To investigate if advanced prompting improves performance, we conducted an ablation study with
GPT-5-Nano on a held-out subset of resource allocation problems. Table 2| summarizes the accu-
racy rates. We found that increasing prompt complexity yielded negligible gains. While adding extra
reasoning or a second pass provided marginal improvement (peaking at 50.0%), other techniques
were detrimental. Notably, adding explicit warnings or one-shot examples degraded performance to
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45.7% and 44.4% respectively, below the 48.4% baseline. We attribute this to the effective context
limit (Section 4.1.2)): the primary bottleneck is not instruction quality but the model’s capacity to
faithfully process dense numerical specifications, which prompting alone cannot address.

Table 2: Ablation study of prompting strategies on GPT-5-Nano (subset, n = 248)

Prompting Strategy Accuracy (%)
Base Prompt (with Template) 48.4
Base + Extra Reasoning 50.0
Base + Explicit Warnings 45.7
Base + Additional Focus Requirements 47.6
Base + Second Pass Refinement 50.0
One-Shot Example 44.4

4.1.2 CONTEXT LIMITATION AND EFFECTIVE CONTEXT LENGTH

We investigate the root cause of failure for frontier LLMs in the direct translation task. Our exper-
iments reveal that the primary bottleneck is not necessarily a lack of reasoning capability used for
mathematical derivation, but rather the effective context limit—the maximum token window within
which a model can maintain robustness in mapping variables and constraints.

Figure 2] illustrates the relationship between prompt token length (a proxy for problem scale) and
translation accuracy across the GPT-5 and Qwen model families. To create a smooth accuracy trend,
we apply a Gaussian-weighted moving average over a window of k neighbors. This gives more
importance to the closest data points while reducing noise from outliers. For GPT-5, we also test
some long-context data since its accuracy does not drop drastically after 5000 tokens. We observe
three key findings:

* Non-Linear Trends: Accuracy exhibits a sharp, non-linear decay as the prompt length
increases. For every model evaluated, there exists a critical threshold beyond which perfor-
mance collapses, suggesting a phase transition where the model loses track of the global
variable state.

* Model-Specific Effective Limits: Different models demonstrate distinct effective context
windows. While GPT-5 maintains near 100% accuracy for prompts up to approximately
2,000 tokens, smaller models fail much earlier. This confirms that the standard “context
window” advertised by model providers (often 128k+) does not equate to the effective win-
dow for dense, logical retrieval tasks. This observation aligns with recent findings on the
limits of context scaling; for instance, |Shi et al.|(2025) and |Zhou et al.| (2025) demonstrate
that reasoning performance often degrades non-linearly even within the nominal window,
while|Yan et al.| (2025)) proposes mechanisms to break these length barriers.

* Scaling in the Qwen Family: We observe a clear correlation between parameter count
and effective context within the Qwen series, from 0.5B to 70B. This validates that larger
model capacity contributes to more robust attention over long sequences.

4.2 FINE-TUNING AND CURRICULUM LEARNING

To validate the utility of our synthetic OR pipeline as a training substrate, we study how different
training paradigms affect a model’s ability to solve structured optimization problems and generalize
beyond the training distribution. We focus on the resource allocation problem family, which requires
translating natural-language specifications into precise mathematical constraints and executable so-
lution logic.

Experimental Setup: SFT vs. RL  We consider two training paradigms on synthetic OR data:

* Supervised Fine-Tuning (SFT): Models are trained with standard cross-entropy loss on
fully specified solution traces generated by our pipeline.
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Figure 2: Translation Accuracy vs. Prompt Token Length. We observe a distinct effective context
limit for each model, where accuracy remains at 80% or more before undergoing a rapid decay.
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Figure 3: Accuracy heatmaps for the resource allocation task across number of variables and con-
straints. Models trained without an explicit curriculum achieve comparable or better generalization
than curriculum-trained counterparts. The red line denotes the maximum problem difficulty in the
training dataset. Across both training regimes, SFT consistently outperforms GRPO at the 7B scale.

* Reinforcement Learning (GRPO): Models are optimized using group relative policy op-
timization, where reward is assigned based on correctness of the final solution.

Unless otherwise specified, experiments are conducted on Qwen2.5-7B. We additionally study the
effect of curriculum learning by comparing models trained on progressively increasing problem
sizes (staged training) versus models trained on the full distribution from the start.

Generalization Across Problem Scale. Figure 3] shows accuracy as a function of the number of
variables and constraints, evaluated on problem sizes that extend beyond the training regime.

Across all settings, we observe that SFT consistently outperforms RL-based training at the 7B
scale. In particular:

» SFT achieves higher overall accuracy and maintains strong performance across a broader
range of variable—constraint regimes.

* RL-trained models exhibit brittle behavior, with sharp drops in accuracy as problem size
increases, especially in underconstrained or overconstrained regimes.

While RL occasionally succeeds on isolated larger instances, these gains are not systematic and do
not translate into higher overall generalization.

Effect of Curriculum Learning. Somewhat surprisingly, we find that curriculum learning is not
necessary for strong performance in either SFT or RL:
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(a) GRPO (b) SFT

Figure 4: Token-level accuracy as a function of problem length for Resource Allocation. SFT main-
tains higher accuracy across longer sequences, while GRPO exhibits faster degradation as problem
complexity increases.

* Models trained directly on the full distribution perform as well as, and often better than,
models trained with staged curricula.

* This holds for both SFT and GRPO, suggesting that sufficiently diverse synthetic data can
implicitly induce a curriculum through data coverage alone.

These results indicate that explicit curriculum design provides limited additional benefit once the
synthetic data generator reliably spans the underlying problem space.

Why Does SFT Work Better Than RL? We hypothesize that the superior performance of SFT
stems from the nature of OR problems themselves. Solving optimization problems typically re-
quires:

* Faithful parsing of every constraint and coefficient,
* Correct symbolic translation into mathematical expressions,
* Precise execution of multi-step reasoning with little tolerance for error.

SFT provides dense, token-level supervision at each step of this process, whereas RL supplies only
sparse, outcome-level feedback. As a result, RL may lack a sufficient signal to reliably learn the
fine-grained procedural structure required for OR problem solving, even when rewards are accurate.

Takeaway: Atthe 7B scale, explicit supervision remains the most effective way to train models
for structured optimization tasks. While RL is attractive for its potential to reduce annotation
effort, our results suggest that, for OR-style reasoning, high-quality synthetic supervision offers a
stronger and more reliable training signal.

5 CONCLUSION AND FUTURE DIRECTIONS

In this work, we introduced OR-LLM-Bench, a pipeline for synthesizing verifiable, scalable Oper-
ations Research (OR) benchmarks using a forward-engineering approach. By decoupling the gen-
eration of mathematical structure from natural language contextualization, our method guarantees
feasibility and provides solver-generated ground truth for problems ranging from linear resource
allocation to complex quadratic constraints. From evaluation side, we identify a critical effective
context limit in frontier models, where accuracy in translating dense numerical data collapses well
before the theoretical context window is reached. Besides this, we found that supervised fine-tuning
consistently outperforms reinforcement learning for these tasks, as the sparse signals in outcome-
based RL are insufficient for learning the precise, multi-step reasoning required for valid constraint
formulation.

Based on our findings, we propose several possibilities for future research. First, to address con-
text limitations, future work can explore decomposition methods to enable reliable translation of
large-scale instances beyond current context thresholds. Second, we are interested in dense reward
shaping for RL: given that standard GRPO struggles with the precision required for OR, research
could investigate hybrid RL approaches using process reward-models to outperform SFT. Finally,
we aim to expand problem types to encompass broader scientific domains beyond the current set.
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A APPENDIX

Example: Data Embedding Transformation

We sample a specific variable and constraint to demonstrate the mapping from structured parameters
to natural language narrative.

1. Variable Embedding
Input (Structured):
e Var_1: Type Integer, Obj Coeff c; = 6.86
¢ Interaction: Consumes 0.8 of Resource Cy

Output (Narrative):
“On-Site Retrofit Packages: Each completed package adds 6.86 in contribution. Each package uses
0.8 units from our environmental emissions allowance...”

2. Constraint Embedding
Input (Structured):

e Constraint CO: Sense <, RHS by = 8.25

Output (Narrative):
“Environmental Emissions Allowance: Total available is 8.25 allowance units and cannot be ex-
ceeded.”
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