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Abstract

Large Language Models have shown promise
in translating natural language into executable
optimization models, yet they often suffer
from the Sisyphus Dilemma: a memory-
less cycle where identical errors are repeated
across structurally similar problems. Existing
retrieval-augmented strategies primarily fetch
static problem-model pairs as few-shot demon-
strators, failing to capture the dynamic reason-
ing required to resolve execution failures. To
bridge this gap, we propose EOM, a frame-
work that implements Experience Replay to
transform transient rectification steps into per-
sistent knowledge. EOM distills interaction
histories into Causal Correction Mappings, in-
dexing both diagnostic insights and prohibitive
traps. By utilizing a structure-aware retrieval
mechanism that aligns semantic intent with ab-
stract syntax trees and solver tracebacks, the
system enables models to recall specific cor-
rection strategies for isomorphic errors. Ex-
tensive experiments across seven benchmarks
demonstrate that EOM improves modeling ac-
curacy by 8.45% on complex tasks while re-
ducing token consumption by 28.65% and in-
teraction turns by 25.82%, validating the ef-
ficiency of a “Rectify Once, Solve Many”
paradigm.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable potential in democratizing Op-
erations Research (OR) by automatically trans-
lating natural language descriptions into mathe-
matical optimization models (Wasserkrug et al.,
2025; Xie et al., 2025). Unlike general code
generation tasks, optimization modeling requires
the construction of strict executable artifacts that
must align with the rigorous protocols of external
solvers (e.g., Gurobi (Gurobi Optimization, LLC,
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Figure 1: The Sisyphus Dilemma. The model relies
on a memoryless iterative loop to resolve errors. Lack-
ing experience persistence, it fails to transfer insights
to similar problems, forcing it to “reinvent the wheel”
by repeating futile rectification steps.

2025) ). A minor syntactic slip or a subtle log-
ical misalignment often renders the entire model
infeasible. Consequently, the prevailing paradigm
relies heavily on iterative refinement where the
model engages in multi-turn dialogues with a com-
piler or solver to diagnose and fix errors (Chen
et al., 2023).

However, this iterative process suffers from a
fundamental inefficiency which we term the Sisy-
phus Dilemma (Camus, 2013). As illustrated in
Figure 1, current methods operate as memoryless
solvers. They may successfully resolve a complex
variable definition error after multiple rounds of
trial-and-error, yet they fail to retain this diagnos-
tic expertise. When confronted with a structurally
identical problem in a subsequent session, the
model resets to its initial state and repeats the same
futile trajectory of mistakes (Zhao et al., 2024).
This phenomenon not only inflates computational
costs but also hinders the model from evolving its
expertise over time (Huang et al., 2024a).

Existing solutions primarily address this chal-
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lenge by retrieving static knowledge (Asai et al.,
2024). Retrieval-Augmented Generation (RAG)
frameworks typically fetch similar problem-model
pairs to serve as few-shot demonstrators (Ahma-
diTeshnizi et al., 2024a). While effective for syn-
tactic reference, standard retrieval fails to capture
the state transition logic required. Retrieving a cor-
rect final solution does not teach the model how to
transition from an erroneous state to a valid one,
nor does it warn against latent pitfalls that lead to
dead ends (Lightman et al., 2023).

To bridge this gap, we propose a frame-
work called EOM (Experience for Optimization
Modeling), which implements Experience Replay
for executable model generation. Inspired by
how humans extract experience from errors, EOM
transforms transient rectification steps into per-
sistent knowledge. We introduce the concept of
Causal Correction Mappings, where valid rectifi-
cation trajectories are distilled into diagnostic in-
sights and failed attempts are summarized as pro-
hibitive traps. By indexing these experiences us-
ing a structure-aware key that combines semantic
intent, Abstract Syntax Trees (ASTs), and solver
tracebacks. This allows the model to identify iso-
morphic error patterns across different problem
narratives, shifting the paradigm from “guess-and-
check” to “recall-and-refine”.

Our contributions are summarized as follows:

* Experience Replay for Optimization Model-
ing. We propose EOM, which integrates a mem-
ory mechanism into the optimization modeling
lifecycle. This enables the transition from mem-
oryless generation to a continuous learning sys-
tem that accumulates diagnostic expertise from
every interaction.

* Structure-Aware Retrieval. We design a multi-
view retrieval system that utilizes ASTs and ex-
ecution tracebacks. This allows the accurate lo-
cation of historical insights for specific logical
or syntactic errors across different problem nar-
ratives.

* Accuracy and Efficiency Gains. Extensive
experiments show that EOM improves model-
ing accuracy by 8.45% on complex benchmarks
while reducing token consumption by 28.65%
and interaction turns by 25.82%, validating the
principle of “Rectify Once, Solve Many”.

2 Problem Definition

We focus on the Text-to-Optimization Modeling
task, where the objective is to translate a natu-
ral language problem description P into an exe-
cutable optimization model M (Pan et al., 2025).
This process is governed by an external solver
S which provides deterministic feedback. De-
tailed mathematical formulations of the target
Mixed-Integer Linear Programming (MILP) prob-
lems and variable definitions are provided in Ap-
pendix A.1.

2.1 [Iterative Modeling Process

The modeling process entails a sequential interac-
tion between an LLM my and an external solver
S. At the t-th turn, my generates an optimiza-
tion model M; conditioned on the problem de-
scription P and the accumulated interaction his-
tory H;—1. We define the history as the sequence
of prior model attempts paired with their corre-
sponding solver feedback:

Hi1 = {(My, Fi) Y] (1)

Here, F; denotes the deterministic feedback (e.g.,
error tracebacks or infeasibility reports) returned
by S. If F; signifies a successful execution, the
process terminates. Otherwise, J; acts as a cor-
rection signal, and 7y attempts to refine the model
based solely on the local context (P, H—1):

M ~ W@(Mt | PaHt—l) )

2.2 Experience-Augmented Objective

The core challenge, which we term the Sisyphus
Dilemma, is that 7y treats each problem instance
as an isolated event. This concept draws from the
philosophical metaphor of Sisyphus, who was con-
demned to ceaselessly roll a boulder uphill only to
watch it fall back, symbolizing the futility of repet-
itive labor without retention. It lacks a mechanism
to recall successful rectification trajectories from
prior sessions, leading to repetitive error patterns
across structurally similar problems.

To address this, we introduce an experience set
& containing historical rectification insights. Our
goal is to shift the generation probability to be con-
ditioned on retrieved experiences that are causally
relevant to the current error state. The goal is to
maximize the likelihood of generating the correct
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Figure 2: Overview of the EOM framework. The architecture couples two loops: an Quter Execution Loop for
online modeling, where the LLM 7y iteratively refines candidates M using solver feedback and retrieved context;
and an Inner Experience Loop for long-term memory evolution. Here, interaction histories 7, are distilled into
causal correction mappings, encoding both successful diagnoses and failure traps, which are indexed to guide
future optimization tasks.

Activated the Experience Loop

Figure 3: EOM LLM 7wy M; H,

model M* by leveraging a subset of relevant ex-
periences e C &:

D

(P,M*)eD

IOgT('g(M* | PaHae) (3)

max

where e bridges the gap between the current error
state and the correct solution, effectively bypass-
ing redundant trial-and-error iterations.

3 The EOM Framework

3.1 Overview

As shown in Figure 3, the proposed EOM frame-
work transforms the transient trial-and-error pro-
cess into a persistent learning cycle. The architec-
ture operates through two coupled feedback loops:
1) an outer Execution Loop responsible for imme-
diate code refinement, and 2) an inner Experience
Loop responsible for long-term knowledge accu-
mulation.

The workflow commences with the Structure-
Aware Retrieval phase. Given a new problem
description or a runtime error from the solver,
the system queries the vectorized experience pool.

It seeks historical trajectories that share similar
semantic contexts or isomorphic error structures.
These retrieved insights are then injected into the
LLM via Context Augmentation. Then 7y uti-
lizes this borrowed wisdom to generate or refine
the optimization model M, bypassing previously
known pitfalls.

Upon the conclusion of a modeling session,
the Experience Acquisition mechanism activates.
Regardless of whether the final outcome was a suc-
cess or a failure, the system employs a distillation
process to extract the causal logic behind the result.
Successful rectification sessions yield prescriptive
fixes, while failed attempts yield prohibitive warn-
ings. These distilled Symptom-Insight pairs are
indexed back into the experience pool. This closes
the outer loop, ensuring that the system continu-
ously evolves and adheres to the principle of “Rec-
tify Once, Solve Many”.

3.2 [Experience Representation: Causal
Correction Mapping

To bridge the gap between erroneous modeling at-
tempts and valid solutions, we formalize an ex-
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perience unit not as a static data record, but as a
dynamic Causal Correction Mapping. Each unit
e € & encapsulates the trajectory from a specific
error context to a verified correction or a recog-
nized dead-end. Formally, we define the experi-
ence unit as a tuple:

€= <Ssymptoma Iinsight> €]

Symptom State (Sgymptom). Effective retrieval
requires precise error localization. Relying solely
on natural language similarity is insufficient for
code generation tasks where semantic intent is cor-
rect, but implementation details fail. Therefore,
we construct a hybrid symptom state Sgymptom
comprising three distinct feature vectors:

Ssymptom = Psem (P) D Past (Cerr) S3) ¢trace (]:err) (5)

Here, ¢sem(P) represents the semantic embedding
of the problem description. ¢, (Cerr) encodes the
structural signature of the erroneous code segment
using a linearized AST. This structural encoding
ensures the representation is invariant to variable
naming differences while remaining sensitive to
logic flow. Finally, ¢ace(Ferr) embeds the deter-
ministic solver traceback, capturing the precise na-
ture of the violation, such as dimensionality mis-
match or infeasible constraints.

Corrective Insight (Iipsignt). The insight com-
ponent provides the actionable knowledge re-
quired to resolve the symptom. Unlike standard
solutions that only provide the final code, Liysignt
includes the reasoning process. The content of the
insight depends on the outcome of the rectification
session:

1. Success Trajectories. When a valid model is
derived, the insight contains a Diagnosis which ex-
plains the root cause of the error and a Prescription
which provides the corrected code snippet. This
pair teaches the model not just what to write, but
why the previous attempt was invalid.

2. Failure Trajectories. For sessions that exhaust
the maximum interaction depth without success,
we extract Negative Constraints. The insight com-
prises Traps, summarizing strategies that were at-
tempted but failed, and Warnings, which are ex-
plicit instructions to avoid specific syntax or logic
patterns. These negative insights effectively prune
the search space for future iterations.

3.3 Experience Acquisition via Trajectory
Distillation

Raw interaction histories typically contain redun-
dant conversation turns, generic chit-chat, and in-
termediate incorrect attempts. Direct retrieval of
such noisy data yields a suboptimal context. To
address this, we propose Trajectory Distillation,
a process that employs an LLM as a synthesizer
to compress the raw history H into the structured
corrective insight Lipgighe. This distillation operates
through two distinct pathways based on the execu-
tion outcome.

Positive Distillation: Retrospective Analysis.
When a modeling session successfully produces
a valid solution M™, the system performs a retro-
spective analysis. The distiller model reviews the
transition from the first erroneous attempt M., to
the final correct code. It identifies the critical pivot
point where the logic was fixed. The distillation
objective is to generate a Diagnosis that articulates
the discrepancy between the user’s intent and the
solver’s requirements, followed by a Prescription.
Crucially, the prescription is not the entire code
block but the specific logical patch or corrected
constraint formulation. This minimizes token con-
sumption during retrieval and focuses the model’s
attention on the delta required for correction.

Negative Distillation: Dead-End Pruning.
Trajectories that reach the maximum interaction
depth without a valid solution are equally valu-
able as they delimit the boundaries of the solu-
tion space. For these failed sessions, the distil-
lation process functions as a post-mortem analy-
sis. The model summarizes the sequence of failed
strategies into Traps, effectively labeling paths that
lead to infeasibility or syntax loops. Additionally,
it synthesizes Warnings, which serve as explicit
negative constraints. By storing these negative in-
sights, the system prevents future iterations from
exploring known dead ends, thereby pruning the
search space efficiently.

Automated Pipeline. Formally, let Dy, and
Dypeg denote the prompt-based distillation func-
tions for success and failure cases, respectively.
The acquisition process is automated as follows:

, if Frinal = Success

, otherwise

Linsight = Dpos (1, M?)
insight Dneg (,H)

(0)

The extracted insight is then paired with the corre-

sponding symptom state Sgymptom and indexed into
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Problem: A manufacturing company needs to
transport 1800 units of products from the
warehouse to three different sales points ...
Please formulate an operations research model
to determine the production plan that maximizes
total revenue while accommodating the fixed
activation costs and minimum production batch

size restrictions.
‘ Path 2
Experience e

4+ Symptom: No numeric result found in stdout.
+ Traps: Incorrect modeling of
, delivery deadlines, and penalty costs
in the optimization problem ...
+ Warnings: Ensure the model is feasible and
includes explicit output for results ...

Path 1 t = [m.addVar(vtype="C", name=f"t_{i}") for i in range(3)]
== y = [m.addVar(vtype="B", name=f"y_{i}") for i in range(3)]

Path 2 model.addCons(x[i] <= data['max_demand][i])

OR Optimization Model
... m = Model()
X =[m.addVar(vtype="C", name=f"x_{i}") for i in range(3)]

e (Path 1)

foriin range(3):
m.addCons(x[i] <= D[i]) ...

Incorrect logic (sequential time) €

OR Optimization Model e (Path 2)
... m = Model()
for i in range(3):

model.addCons(x[i] <= data['quota'][i] * data['days'] * y[i])
model.addCons(x[i] >= data['min_batch[i] * y[i])
profit = sum((data['price'][i] - data['cost'[i]) * x[i] -
data['activation_cost'[i] * y[i] for i in range(3)) ...

Correct logic (parallel time) o ,

Figure 4: Qualitative case study comparing modeling trajectories. Path 1 illustrates a baseline attempt that fails
due to a logical misalignment in time constraints. In contrast, Path 2 demonstrates our EOM framework, which
retrieves an experience containing specific Traps regarding production timing. Guided by this insight, the model
rectifies the formulation by correctly incorporating the time factor, leading to a valid solution.

the experience pool, completing the experience ac-
quisition loop.

3.4 Structure-Aware Indexing and Retrieval

Once experiences are distilled into the experience
pool &, the retrieval mechanism serves as the
bridge between past insights and current problems.
To maximize the utility of historical data, we em-
ploy a dual-phase retrieval strategy: Proactive Re-
trieval prior to the initial modeling attempt, and
Reactive Retrieval upon encountering execution
eITors.

Adaptive Query Formulation. The query vec-
tor Q adapts dynamically to the availability of con-
text. In the Proactive Phase, the model has not
yet generated code. The query relies solely on the
problem description to identify similar tasks and
their associated traps: Q = (¢sem(P),0,0). In
the Reactive Phase, triggered by a solver error, we
construct a full-state query to locate specific recti-
fication solutions:

Q = <¢sem (P)v ¢ast<cen)7 ¢trace (—Ferr)> (7)

Multi-View Relevance Scoring. To quantify
experience relevance, we employ a parameter-free
scoring mechanism that directly sums the cosine
similarities across semantic, structural, and execu-
tion views. This approach ensures balanced atten-
tion to both high-level intent and low-level recti-
fication logic without heuristic tuning. The ad-
ditive metric naturally adapts to varying context

availability by implicitly assigning zero weight to
missing features, such as absent tracebacks during
initial generation. To minimize context pollution,
we strictly retrieve the single nearest neighbor for
augmentation.

3.5 Experience-Guided Refinement

The final component of the EOM framework is the
utilization of the retrieved experience e* to steer
the current generation. We employ a Context Aug-
mentation strategy, where the distilled insights are
formatted into a structured instructional block and
injected into the LLM’s inference context.

Insight Integration. The augmented input con-
text Cyyg is constructed by synthesizing the prob-
lem description P, the current interaction history
H, and the retrieved insight Iiysene. To ensure the
model prioritizes this external knowledge over its
internal biases, we wrap the insight in a dedicated
prompt section:

Caug =P ©® H D FORMAT(Iinsight) (8)

where @ denotes concatenation and FORMAT(+) is
a template function that translates the structural
fields of the experience unit into natural language
directives.

Dual-Mode Guidance. The refinement mecha-
nism operates differently depending on the nature
of the retrieved experience:

* Prescriptive Guidance: If e¢* contains a Di-
agnosis and Prescription, the system acts as
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Method Level 1 Level 2 Level 3
NL40Opt MAMO Easy OptiBench ComplexOR ComplexLLP OptMATH IndustryOR

Standard 70.5 84.3 524 52.6 39.8 16.2 29.0
Reflexion 85.7 85.9 63.2 61.1 46.9 34.3 32.0
CoT (2022) 74.0 82.9 53.1 52.6 40.7 21.1 35.0
CoE (2023) 79.2 85.9 55.2 63.2 43.1 241 33.0
OptiMUS (2024b) 80.6 87.1 58.8 79.0 45.2 325 36.0
MCTS (2025) 89.6 88.0 67.9 79.0 51.6 38.6 46.0
OptiTree (2025a) 98.3 96.9 74.7 84.2 81.5 524 54.0
EOM (Ours) 99.6 96.3 83.1 83.3 73.9 69.3 53.0

Table 1: Performance comparison of prompt-based optimization methods.

We evaluate accuracy using

DeepSeek-V3 across three difficulty levels categorized by problem complexity. The notation EOM-k denotes
our framework with a maximum interaction depth of k. Our approach demonstrates robust scalability, consistently
outperforming search-based baselines like OptiTree, particularly on the most challenging Level 3 benchmarks. The
best results are highlighted in bold and the second best are underlined.

a “teacher”. It explicitly highlights the root
cause of the potential error and provides the ver-
ified code logic. This encourages the model
to mimic the successful correction pattern, ef-
fectively short-circuiting the trial-and-error pro-
cess.

Restrictive Guidance: If e* contains Traps and
Warnings, the system functions as a “guardrail”.
The insight serves as a set of negative con-
straints, strictly prohibiting specific modeling
strategies or API usages that previously led
to dead ends. This effectively prunes invalid
branches from the search space before genera-
tion begins.

Refined Generation. Finally, the model gener-
ates the refined solution M.y, conditioned on this
experience-enriched context:

Maew ~ WQ(M | Caug) &)

By explicitly integrating past diagnostic expertise,
the model transcends its immediate local context.
It avoids repeating identical mistakes and navi-
gates complex constraints with the borrowed fore-
sight of its past self.

4 [Experiments

4.1 Experimental Setup

Benchmarks. We evaluate the robustness of
our framework across seven optimization model-
ing datasets, categorized into three difficulty lev-
els based on problem length and logical com-
plexity. Level 1 comprises NL4Opt (Ramamon-
jison et al., 2023) and MAMO-Easy (Huang et al.,

] NL4Opt
[ MAMO Easy

[] OptiBench
I ComplexLP

B OptMATH
[ IndustryOR

61.9% N 79.2%

49.5% - 1

100 - - SBIL%

60 -

40 F

Accuracy (%)

20

ORLM OptMATH LLMOPT EOM

Figure 5: Performance comparison of learning-
based optimization methods. We report accuracy re-
sults for our model against state-of-the-art supervised
baselines across three difficulty levels.

2024b), which focus on standard linear and in-
teger programming tasks with concise descrip-
tions. Level 2 includes OptiBench, ComplexOR,
and ComplexLP (Yang et al., 2024; Xiao et al.,
2023). These datasets feature longer narratives
and denser constraint sets requiring multi-step rea-
soning. Level 3 consists of OptMATH (Lu et al.,
2025) and IndustryOR (Huang et al., 2025), repre-
senting the most challenging scenarios with intri-
cate variable dependencies and real-world indus-
trial contexts.

Baselines. We compare EOM against a com-
prehensive set of baselines categorized into three
paradigms: Learning-based Methods, Prompting
Strategies, and RAG Frameworks. Please refer to
Section 5 for a detailed discussion and categoriza-
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Level 1 Level 2 Level 3 ‘
Average
NL4Opt MAMO Easy OptiBench ComplexOR ComplexLLP OptMATH IndustryOR‘

Average Token Savings Rate

Method

w/oE  5874.7 9922.8 7203.6 9485.0 7240.8 14987.5 14147.3 |9837.4
w/E 3128.0 8655.8 6108.0 5189.0 5580.5 10725.7  9747.8 | 7019.3
Average Turn Savings Rate

w/o E 2.06 2.19 2.18 2.25 2.16 2.35 2.33 2.22
w/ E 1.56 1.96 1.86 1.25 1.86 1.70 1.83 1.72

Table 2: Ablation study on efficiency: Token and turn consumption. We analyze the average token usage and
conversation turns specifically for samples requiring multiple iterations. The results demonstrate that our proposed
method (w/ E.) significantly reduces overhead compared to the baseline (w/o E.), achieving substantial savings in

both computational cost and interaction depth.

tion of these specific methods.

Metrics and Implementation. The primary
evaluation metric is Accuracy. A generated model
is considered correct only if it is syntactically
valid and yields the ground-truth optimal objective
value when executed by the solver. Unless other-
wise stated, we employ DeepSeek-V3 (DeepSeek-
Al, 2025) as the backbone LLM with a seed of
42 to ensure reproducibility. The external solver
is SCIP (Maher et al., 2016). For the experience
retrieval, we use a dense vector index with cosine
similarity.

4.2 Main Results

We present a comparative analysis of EOM against
the three baseline categories defined in the setup.
Comparison with Learning-based Methods.
Table 5 illustrates the performance of EOM
against supervised baselines. While fine-tuned
models like LLMOPT achieve competitive results
on simpler Level 1 tasks, their performance de-
grades significantly on complex benchmarks. For
instance, ORLM and OptMATH struggle to gener-
alize to the intricate logic of IndustryOR. In con-
trast, our inference-time method maintains robust
performance across all difficulty levels. Notably,
on the Level 3 OptMATH dataset, EOM achieves
69.3% accuracy, surpassing the best supervised
baseline by a substantial margin. This demon-
strates that retrieving relevant rectification experi-
ences is more effective for logical generalization
than fitting parameters on static training sets.
Comparison with Prompting Strategies. Ta-
ble 1 reports the results using DeepSeek-V3 as
the backbone. Standard prompting and CoT of-
ten fail to navigate the high-dimensional search

space of complex optimization problems. While
search-based agents like OptiTree show improve-
ment by exploring multiple reasoning paths, they
lack a mechanism to retain successful strategies.
Our method effectively closes this gap. Even with
a limited interaction budget, EOM outperforms the
computation-heavy OptiTree on the majority of
datasets. With 5 iterations, the performance gap
widens further, validating our hypothesis that his-
torical foresight reduces the need for extensive ran-
dom exploration.

Comparison with RAG Frameworks. Ta-
ble 5 contrasts EOM with OptiMUS-0.3, a repre-
sentative RAG-based baseline. OptiMUS-0.3 em-
ploys a retrieval mechanism to fetch natural lan-
guage problem descriptions paired with their cor-
responding optimization code from open-source
datasets, utilizing them as few-shot demonstrators.
While this approach provides syntactic reference,
our method consistently outperforms it, achieving
gains of 5.1% on NL4Opt and 6.4% on NLP4LP.
This performance gap highlights a critical insight:
providing static “gold” code samples is often in-
sufficient for complex reasoning tasks. In contrast,
EOM retrieves correction trajectories, explicitly
teaching the model how to resolve conflicts and
transition from an erroneous state to a valid solu-
tion, rather than merely imitating a final answer.

4.3 Qualitative Analysis

Figure 4 provides a concrete example of how re-
trieved experiences rectify logical reasoning. In
this manufacturing optimization task, the baseline
method constructs a syntactically valid but logi-
cally flawed constraint, neglecting the temporal di-
mension of production quotas. This “silent error”
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leads to an infeasible plan without triggering im-
mediate solver warnings. Conversely, our EOM
framework retrieves a targeted experience contain-
ing a specific Trap regarding “incorrect model-
ing of production timing”. Conditioned on this
negative insight, the model explicitly incorporates
the time factor into the constraint logic (multi-
plying quota by days). This correction demon-
strates that historical Traps serve as effective cog-
nitive guardrails, preventing the repetition of sub-
tle domain-specific errors that standard prompting
strategies overlook.

4.4 Ablation Studies

Beyond modeling accuracy, we evaluate the com-
putational efficiency of the framework to assess its
practical viability. We conduct an ablation study
to quantify the impact of the experience replay
mechanism on interaction overhead, with detailed
statistical results and analysis presented in Ap-
pendix A.4. The experimental data demonstrates
that integrating historical insights significantly ac-
celerates convergence. Specifically, EOM reduces
average token consumption by 28.65% and de-
creases interaction turns by 25.82%. These sub-
stantial reductions confirm that retrieved guidance
effectively short-circuits repetitive trial-and-error
loops and validates the efficiency gains of the pro-
posed paradigm.

5 Related Work

LLMs for Optimization. The application of
LLMs to OR has evolved from simple translation
to complex workflows. Early approaches focused
on direct prompting or Chain-of-Thought (CoT)
strategies (Wei et al., 2022) to interpret natural
language descriptions. Recent frameworks have
integrated external solvers and multi-stage reason-
ing, such as Chain-of-Experts (CoE) (Xiao et al.,
2023). To enhance reliability, agentic workflows
like OptiMUS (AhmadiTeshnizi et al., 2024b)
employ modular agents to formulate and solve
problems, while search-based frameworks like
MCTS (Astorga et al., 2025) and OptiTree (Liu
et al., 2025a) utilize exploration strategies to nav-
igate the solution space. Parallel to prompting,
supervised approaches including ORLM (Huang
et al., 2025), OptMATH (Lu et al., 2025), and
LLMOPT (Jiang et al., 2025) seek to improve
performance by fine-tuning models on domain-
specific corpora. Unlike these approaches, our

EOM framework aims to minimize exploration by
leveraging historical diagnostic expertise.

Iterative Refinement. Iterative refinement is
a standard paradigm in code generation. Models
generate code, execute it, and use the compiler
feedback or tracebacks to correct errors. This Self-
Repair mechanism has been formalized in vari-
ous frameworks such as Self-Refine and Reflex-
ion (Madaan et al., 2023; Shinn et al., 2023). In
the specific context of optimization, OptiTree and
CoE utilize step-by-step verification to catch er-
rors early. Despite their effectiveness within a sin-
gle session, these methods suffer from a lack of
persistence. The model solves a syntax error in
one instance but fails to transfer this correction
logic to a subsequent, structurally similar problem.
Our work addresses this “amnesia” by converting
transient rectification steps into persistent knowl-
edge.

RAG and Experience Learning. RAG typi-
cally enhances LLMs by providing relevant doc-
uments or code snippets from a static knowl-
edge base. In the OR domain, RAG is often
used to retrieve similar problem-model pairs as
few-shot demonstrators (AhmadiTeshnizi et al.,
2024a). However, retrieving a “correct solution”
is often insufficient for rectification subtle logical
conflicts (Zhong et al., 2024). Recent advance-
ments in experience replay, inspired by reinforce-
ment learning, suggest storing interaction trajecto-
ries (Liu et al., 2025b). Our approach aligns with
this trend but introduces a structure-aware retrieval
mechanism tailored for OR. We distinguish be-
tween prescriptive insights that guide success and
prohibitive warnings that prune the search space, a
distinction rarely made in standard code-retrieval
systems.

6 Conclusion

In this paper, we introduced the EOM frame-
work to address the “Sisyphus Dilemma” in op-
timization modeling by transforming transient er-
ror tracebacks into persistent causal correction
mappings. Through a structure-aware retrieval
mechanism, our approach enables LLMs to re-
call and apply past diagnostic expertise to isomor-
phic bug patterns. Extensive experiments demon-
strate that EOM not only outperforms state-of-the-
art baselines on complex industrial benchmarks
but also significantly reduces computational over-
head by short-circuiting repetitive trial-and-error
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loops. Ultimately, this work validates the “Rec-
tify Once, Solve Many” principle, advocating for a
paradigm shift towards continuous learning agents
that evolve expertise through every execution fail-
ure.

Limitations

The efficacy of the EOM framework currently re-
lies on explicit feedback signals from the exter-
nal solver. Consequently, the system may struggle
to address silent semantic errors where the gener-
ated model executes successfully but misinterprets
the underlying constraints, yielding incorrect ob-
jective values without triggering a traceback. Fur-
thermore, the framework is sensitive to the qual-
ity of the distilled experience pool. Inaccurate di-
agnoses or hallucinated prescriptions accumulated
during the acquisition phase could potentially in-
troduce noise into the retrieval mechanism, propa-
gating misleading guidance to future modeling ses-
sions. Future work will focus on developing au-
tomated verification metrics to filter low-fidelity
experiences and extending the approach to non-
linear optimization domains.

Ethical Considerations

Our research contributes to energy-efficient Al by
significantly reducing the computational overhead
associated with iterative rectification in LLMs.
However, the automated generation of optimiza-
tion models for critical infrastructure, such as lo-
gistics networks and energy grids, warrants cau-
tion. An incorrectly formulated constraint that is
syntactically valid could lead to suboptimal or haz-
ardous decision-making in real-world operations.
Therefore, we emphasize that human oversight re-
mains essential prior to the deployment of any gen-
erated code. Additionally, the experience replay
mechanism involves storing problem descriptions
and execution traces. Implementers must establish
strict data privacy protocols to ensure that sensi-
tive or proprietary industrial information is not in-
advertently retained or leaked through the shared
experience pool.
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A Appendix

A.1 Optimization Problem Formulation

Operations Research (OR) optimization focuses
on determining the optimal allocation of scarce
resources to maximize specific objectives under
strict constraints. In the context of this work,
we primarily address MILP problems. An opti-
mization model M is formally defined as a tuple
(V, O, C), comprising decision variables, an objec-
tive function, and a set of constraints.

The decision variables V = {z1,z2,...,2,}
represent the unknown quantities that the solver
must determine. Each variable z; is associated
with a domain D;, which may be continuous
(real values) or discrete (integers or binary val-
ues). The integration of discrete variables distin-
guishes MILP from standard Linear Programming
and introduces NP-hard complexity, thereby ne-
cessitating sophisticated branch-and-bound algo-
rithms for resolution.

The objective function O defines the goal of the
optimization, typically formulated as a maximiza-
tion or minimization of a linear combination of de-
cision variables. The constraints C impose restric-
tions on the feasible region of the solution space.
A canonical MILP formulation can be expressed
as follows:

T

min ¢ x
X
st. Ax<b (10)
x>0

z; €L, VjeTl

Here, x € R™ denotes the vector of decision
variables. The vector ¢ € R" represents the objec-
tive coefficients, while A € R™*" and b ¢ R™
define the constraint matrix and the right-hand side
vector, respectively. The set Z C {1,...,n} iden-
tifies the subset of variables restricted to integer
values.

The task of Text-to-Optimization modeling re-
quires the Language Model to strictly map the
natural language problem description P into this
mathematical structure. It must accurately identify
the dimensions of A, correct the logic within the
inequalities, and rigorously distinguish between
continuous and integer variable domains. A feasi-
ble solution satisfies all constraints in C, whereas
an optimal solution is a feasible solution that
achieves the best value for O.

A.2 Notations

For clarity and ease of reference, we summarize
the primary mathematical notations and symbols
utilized throughout the EOM framework and the
problem formulation in Table 3.

Symbol ‘ Definition

P, M The natural language problem description
and the corresponding executable optimiza-
tion model.

S, F The external solver (e.g., Gurobi/SCIP) and
its deterministic feedback signal.

o The Large Language Model policy parame-
terized by 6.

Hi The interaction history sequence accumu-
lated up to turn .

E e The experience pool and a single experience
unit containing symptom and insight.

S, I The hybrid symptom state vector and the
distilled corrective insight.

Q The query vector constructed for structure-
aware retrieval.

Caug The augmented input context injected with

retrieved experience.

Optimization Formulation

V,0O,C | The components of an optimization model:
decision variables, objective function, and
constraints.

X, C The vector of decision variables and the ob-
jective coefficient vector.

A'b The constraint matrix and the right-hand
side vector defining the feasible region.

n,m The dimensions representing the number of
variables and constraints, respectively.

A The subset of indices denoting variables re-
stricted to integer domains.

D; The specific domain associated with the j-th

decision variable.

Table 3: Nomenclature and definitions used in the
EOM framework.

A.3 Datasets and Benchmarks

We evaluate our framework on seven widely rec-
ognized optimization modeling benchmarks. To
ensure a comprehensive assessment of robustness,
we categorize these datasets into three difficulty
levels based on problem length, constraint density,
and logical complexity:

e Level 1: Includes NL4Opt, NLP4LP, and
MAMO-Easy. These datasets feature concise de-
scriptions and standard linear/integer program-
ming structures, primarily focusing on variable
identification and simple arithmetic constraints.
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Word Count
Min Max

Dataset Size

Mean

Level 1: Basic Standard Programming

NL4Opt 230 58 153  100.1
NLP4LP 242 58 153 100.2
MAMO Easy 652 92 316 1729
Level 2: Complex Constraints

OptiBench 605 11 356 117.1
ComplexOR 18 130 298 218.8
ComplexLP 211 85 631 3179
Level 3: Industrial Scale & Reasoning
OptMATH 166 181 1351 507.3
IndustryOR 100 49 2450 209.9

Table 4: Statistics of the optimization benchmarks.
The datasets are grouped by difficulty level. Size de-
notes the number of problem samples. Word counts
reflect the length of the natural language problem de-
scriptions.

* Level 2: Comprises OptiBench, ComplexOR,
and ComplexLP. These tasks involve longer
narratives and require multi-step reasoning to
model complex dependencies effectively.

* Level 3: Consists of OptMATH and IndustryOR.
These represent the most challenging scenar-
ios, characterized by intricate industrial con-
texts, high-dimensional variables, and lengthy
problem statements.

All datasets utilized in this study are publicly
available and adhere to standard open-source li-
censes, specifically MIT or CC-BY-SA 4.0. De-
tailed statistics regarding the scale and length of
problem descriptions are provided in Table 4.

A.4 Additional Experimental Analysis

In this section, we provide a deeper analysis of the
computational efficiency of the EOM framework
and a supplementary comparison against RAG
baselines.

A4.1 Efficiency and Overhead Analysis

To assess the practical viability of EOM, we ana-
lyze the trade-off between the additional overhead
introduced by the retrieval mechanism and the sav-
ings gained from reduced trial-and-error iterations.
Figure 6 visualizes the impact of Experience Re-
play on computational resources across varying
difficulty levels.

Method NL4Opt NLP4LP IndustryOR
OptiMUS-0.3 (RAG) 86.6%  73.7% 37.0%
EOM (Ours) 91.7%  80.1% 40.0%

Table 5: Performance comparison against RAG. Us-
ing GPT-40 as the backbone, EOM outperforms stan-
dard RAG methods that retrieve static code examples.
This highlights the superiority of retrieving dynamic
rectification trajectories over static solutions.

Accelerated Convergence. As shown in Fig-
ure 6b, integrating experience significantly miti-
gates the “Sisyphus” looping behavior. On av-
erage, the experience-augmented model reduces
the conversation length from 2.22 to 1.72 turns.
This confirms that retrieved Prescriptions effec-
tively guide the model to fix errors in a single step,
while Warnings preemptively prune invalid search
paths.

Token Economy. Although retrieving and in-
jecting prompts introduces a marginal input cost,
it yields substantial net savings by short-circuiting
futile rectification loops. As illustrated in Fig-
ure 6a, EOM achieves an average token saving rate
of 28.65%. Notably, in Level 3 tasks where stan-
dard baselines often exhaust the maximum interac-
tion budget, our method maintains a stable token
footprint, validating its scalability for industrial-
scale problems.

A.4.2 Comparison with RAG Baselines

We further contrast EOM with a strong RAG-
based baseline, OptiMUS-0.3 (AhmadiTeshnizi
et al., 2024a), which utilizes GPT-40 to retrieve
static problem-code pairs as few-shot demonstra-
tors. As detailed in Table 5, EOM consistently
outperforms the RAG approach.

The performance gap highlights a critical in-
sight: for complex reasoning tasks, simply pro-
viding a “correct final answer” is insufficient.
EOM’s advantage lies in retrieving the correction
logicexplicitly teaching the model how to transi-
tion from an erroneous state to a valid solution.

A.5 Algorithm Details

We decouple the EOM framework into two coor-
dinated processes. Algorithm 2 details the EOM-
Solver, which handles the online interaction be-
tween the LLM and the solver, utilizing retrieved
insights to navigate the solution space. Algo-
rithm 1 outlines the EOM-Acquisition mecha-
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Figure 6: Ablation study on efficiency: Token and turn consumption. Comparison of (a) average token usage
and (b) conversation turns. The results demonstrate that our proposed method significantly reduces overhead

compared to the baseline.

nism, which acts as the memory consolidation
layer, distilling transient interaction histories into
persistent structural knowledge.

Algorithm 1 Acquisition: Experience Learning

Require:
1: History H, Final Model M ;,,4;, Status S
2: Distillation Prompts Dpys, Dyeq
3: Memory Bank £

Ensure: Updated Memory &’

4: {Phase 1: Trajectory Distillation }
5: if S is Success then

6:  // Retrospective Analysis

T Imsz‘ght — Dpos (7_[’ Mfinal)

8 Extract: Diagnosis + Prescription
9: else

10:  // Dead-End Pruning

11 Iinsight «— Dneg (H)

12:  Extract: Traps + Warnings

13: end if

14: {Phase 2: Representation Encoding}

15: // Extract first error state for indexing

16: Let (Meyr, Ferr) be the pivotal error in H

17: Ssymptom — ¢sem (,P) 57 ¢ast(Merr) ¥
¢trace (f e’r‘r)

18: {Phase 3: Indexing}

19: enew <Ssymptoma Iinsight>
20: &'+ EU{enew}

Algorithm 2 Solver: Online Execution Loop

Require:
1: Problem P, Solver S, Policy 7y, Memory £
2: Interaction Budget T},,q2
Ensure: Optimal Model M* or Failure ()
3: {Phase 1: Proactive Initialization}
4: Ho+ 0
5 Qim’t — <¢sem(7))a 0, 0)
6: €* < Retrieve(E, Qinit) {Fetch similar
tasks}

{Phase 2: Iterative Refinement}
8: fort =1toT,,,, do
. // Context Construction
10:  Cp + Augment(P, Hi1,€*)
11: MtNTI'Q(‘ |Ct)
12:  // Deterministic Execution
13: Fp  S(My)
14:  if F; 1s Success then

~

15: Call EOM-ACQUISITION(H;—1, My,
Success)

16: return M,

17:  end if

18:  // Reactive Retrieval on Error

19: Qerr — <¢sem(P)v ¢ast(Mt)7 ¢tracc(ft)>
20:  e* < Retrieve(&, Qerr) {Find rectifica-

tion fix}
21: My Hig U{( My, F)}
22: end for

23: Call EOM-ACQUISITION(H7,,,., (), Failure)

24: return ()
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A.6 Examples
A.6.1 OptiBench

Example

Problem Description: Logistics Optimization with Fuel Efficiency

Scenario: A logistics company distributes three types of goods (X, Y, Z) using a fleet of trucks.
The goal is to maximize profit by optimizing truck allocation, trip counts, and investments in fuel
efficiency upgrades.

Parameters
¢ Fleet Constraints:
— Total trucks available: 50

— Allocation requirements: At least 10 for X, 15 for Y.
— Trip limit: Max 20 trips per truck per month.

* Financials (per trip):

— Goods X: Revenue $500, Base Fuel Cost $200
— Goods Y: Revenue $600, Base Fuel Cost $250
— Goods Z: Revenue $700, Base Fuel Cost $300

¢ Fuel Efficiency Investment:

— Mechanism: $10,000 investment — $10 cost reduction per trip.
— Budget: Total investment cannot exceed $60,000.

— Modeling: Let r be the reduction amount. Total allowed reduction capacity is 60 (rep-
resenting $60,000 budget).

Mathematical Formulation

Let ,y, z be the number of trucks. Let P, P, P. be the total number of trips for each goods
type. Let v, ry, 7, be the fuel cost reduction per trip (r; > 0).

Objective: Maximize Total Profit Z. Profit consists of Base Profit plus Savings from fuel effi-
ciency (Savings = Reduction X Trips).

max Z = (300P, + 350P, + 400P,) + (ry Py + ryPy + 1. P;)

Constraints:
z+y+2=>50 (Total fleet size)
r>10, y>15 (Minimum allocation)
P, <20z, P,<20y, P,<20z (Trip capacity constraint)
Ty + 1y + 1, <60 (Investment budget limit)

x,y,2, Pj,r; >0
Executable Optimization Model
from pyscipopt import Model
data = {}

model = Model ()
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Variables

Truck allocation

= model.addVar("x", 1b=10) # trucks for X (min 10)
model.addVar("y", 1lb=15) # trucks for Y (min 15)
model . addVar("z", 1b=0) # trucks for Z

N < > 3 %

# Total trips variables

Px = model.addVar("Px", 1b=0) # total trips for X
Py = model.addVar("Py", 1b=0) # total trips for Y
Pz model . addVar("Pz", 1b=0) # total trips for Z

# Fuel cost reduction variables (related to investment)
rx = model.addVar("rx", 1b=0)

ry model.addVar("ry", 1b=0) # for Y

rz model . addVar("rz", 1b=0) # for Z

# Constraints
# 1. Total trucks must be 50
model .addCons(x + y + z == 50)

# 2. Operational limits: Max 20 trips per truck
model . addCons (Px <= 20 =* x)
model . addCons (Py <= 20 * y)
model . addCons (Pz <= 20 = z)

# 3. Investment budget: Total reduction units <= 60
# Note: Text says $10k inv —> $10 reduction.

# Max inv $60k —> Max reduction sum = 60 units)
model.addCons(rx + ry + rz <= 60)

# Objective: maximize profit

# Base Profit + (Reduction = Trips)

# Note: rx * Px creates a quadratic term (Non-Linear)
obj = 300 = Px + 350 = Py + 400 = Pz

obj += rx % Px + ry % Py + rz = Pz

model. setObjective (obj, "maximize"

model . optimize ()

if model. getStatus () == "optimal":
print (f"{model. getObjVal()}")

A.6.2 OptMATH

7

Example

Problem Description: Traveling Salesperson Problem (ATSP)

Scenario: A logistics company needs to find the optimal delivery route covering 4 cities (0, 1,
2, 3). The route must start at a city, visit every other city exactly once, and return to the start
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(forming a single loop), minimizing the total delivery cost.

Parameters

The problem involves 4 cities (n = 4). The delivery costs C;; between cities are represented by
the following cost matrix:

0 616 567 143
388 0 947 628
495 650 0 604

77 630 23 0

Note: Row i to Column j. e.g., Cost from O to 1 is 616.

C =

Mathematical Formulation

Let x;; be a binary variable equal to 1 if the path from ¢ to j is used, O otherwise. Let u; be an
integer variable representing the position of city 7 in the tour (to prevent subtours).
Objective: Minimize Total Cost.

n—1 n-—1
min E E Cl'jll,’ij

=0 j=0,j#i
Constraints:
Z Ty =1, Vi (Leave each city exactly once)
J#
Z rij =1, Vj (Enter each city exactly once)
i#j
up =0 (Fix starting city position)
ui—uj+n-z; <n—1, Vi,je{l,...,n—1},i# j (MTZ Subtour Elimination)

z;; € {0,1}
0<u; <n-—-1

Executable Optimization Model

from pyscipopt import Model

# Data

n =4

# Cost Matrix (C_ij)

cost = [[0, 616, 567, 143],
[388, 0, 947, 628],
[495, 650, 0, 604],
[77, 630, 23, 0]]

# Model
model = Model ("ATSP")

# Variables

x = ()

for i in range(n):
for j in range(n):
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if i != j:
# Binary variable for route i —-> j
x[i, j] = model.addVar(vtype="B", name=f"x_{i}_{j}")

# Position variables for subtour elimination (u_i)
u = [model.addVar(vtype="1", name=f"u_{i}", Ib=0, ub=n-1) for i
in range(n) ]

# Constraints
# 1. Leave each city exactly once
for i in range(n):
model.addCons(sum(x[i, j] for j in range(n) if i != j) == 1,
name=f"out_{i}")

# 2. Enter each city exactly once
for j in range(n):
model.addCons(sum(x[i, j] for i in range(n) if i != j) == 1,
name=f"in_{j}")

# 3. Fix start position
model . addCons(u[0] == 0, name="fix_start")

# 4. Miller —Tucker—Zemlin (MITZ) constraints
# u_i — u_j + nxx_ij <= n -1 for i, j I= 0
for i in range(1l, n):
for j in range(l, n):
if i != j:
model .addCons(u[i] — u[j] + n * x[i, j] <= n - 1,
name=f"mtz_{i}_{j}")

# Objective: Minimize total cost
model.setObjective (sum(cost[i][j] * x[i, j] for i in range(n)
for j in range(n) if i != j), "minimize"

# Solve
model . hideOutput ()
model . optimize ()

# Print objective value
print (f"{model. getObjVal():.1f}")
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