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Abstract

Automatically solving optimization problems
from natural language descriptions with both
efficiency and reliability is highly desirable but
remains challenging. Language model halluci-
nations and the limited availability of labeled
datasets often result in misaligned formulations,
code errors, and feasibility failures. We pro-
pose UMCTS, an Uncertainty-aware Monte
Carlo Tree Search framework that combines
the language understanding capability of large
language models with the reliability of well-
established solvers. UMCTS structures the
solution process into four stages: global in-
struction, assumptions, mathematical formu-
lation, and solver code generation. It em-
ploys Monte Carlo Tree Search with semantic-
equivalence pruning, prior-guided exploration,
and solver-based feasibility checks. An LLM
judge provides numerical reward signals, qual-
itative error information, and uncertainty es-
timates. These signals are backpropagated
to guide the search and flag unreliable out-
puts. Across six public benchmarks, UMCTS
achieves state-of-the-art solution accuracy and
improves efficiency by reducing token usage.

1 Introduction

An optimization problem aims to identify the best
possible decision by maximizing or minimizing a
numerical objective while satisfying a set of con-
straints. Optimization problems are widespread in
domains such as planning, logistics, finance, and
engineering (Belegundu and Chandrupatla, 2019;
Chen et al., 2021; Delgado et al., 2022; Li et al.,
2023), where they play a critical role in decision-
making. Given a natural language description of
an optimization problem, the modeling step is to
translate the description into a formal mathemat-
ical model. This model defines the decision vari-
ables, the objective function, and the constraints.

*Work done during an internship at NEC Labs America.
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Once the formulation is constructed, the problem
is solved using mathematical algorithms, typically
through code tailored to an optimization solver (im-
plementation), which produces the final solution.

Solving optimization problems requires exper-
tise across multiple domains, making automation
highly desirable yet challenging. The modeling
step demands domain-specific knowledge (e.g., in
finance or operations) and a deep understanding of
mathematical modeling. The implementation step
requires programming proficiency and familiarity
with solver APIs. Notably, over 82% of Gurobi
users hold an advanced degree (Gurobi Optimiza-
tion, 2024), highlighting the steep expertise barrier.
As a result, automating the entire pipeline from
natural language description to solver-executable
code has become an important and technically de-
manding research goal. Recent advances in large
language models (LLMs) have sparked significant
interest in using them to automate optimization
problem-solving. Compound AI systems aim to
integrate the language understanding capabilities
of LLMs with the computational reliability of clas-
sical optimization solvers. Designing and verifying
compound systems that connect these two tech-
niques to do an end-to-end solution is an active
area of research (Zaharia et al., 2024; Pan et al.,
2023).

Current approaches to bridging LLM with op-
timization solvers fall into three main categories.
Prompt-based methods directly prompt LLMs to
generate solver-ready code (Xiao et al., 2023; Ah-
madiTeshnizi et al., 2023). However, this approach
often results in misaligned formulations, syntac-
tic errors, and infeasible models due to ambiguity
in problem descriptions, hallucinations in genera-
tion, and the inherent uncertainty of LLM outputs.
Learning-based methods fine-tune a pretrained
LLMs using domain-specific datasets (Ma et al.,
2024; Jiang et al., 2024; Yang et al., 2025; Lu et al.,
2025). This method is limited by the scarcity and



low quality of structured datasets in the optimiza-
tion domain. For example, at least 26% of prob-
lems in the widely used IndustryOR (Tang et al.,
2024) dataset are ill-defined or incomplete, limiting
the reliability of fine-tuned models. Generalization
also remains a concern, as models trained on nar-
row domains often fail to adapt to unseen problem
types. Search-based methods (Astorga et al., 2024)
apply test-time scaling techniques (Zhang et al.,
2025) to enhance LLM performance during infer-
ence through search or ensemble strategies. These
methods reduce reliance on high-quality training
data and improve generalization by leveraging the
inherent capabilities of LLMs. However, their effi-
ciency and reasoning limitations remain practical
challenges.

Motivated by test-time scaling methods that op-
erate without a training corpus, and with the goal of
improving efficiency and reliability, we propose an
Uncertainty-aware Monte-Carlo Tree Search frame-
work. UMCTS structures the formulation process
into a four-stage pipeline: global instruction, as-
sumptions, mathematical formulation, and solver
code generation. Our main contributions are three-
fold:
• UMCTS is training-free and generalizable, using
the inherent reasoning capabilities of LLMs to han-
dle diverse optimization problems without reliance
on large labeled datasets.
• UMCTS backpropagates uncertainty-aware value
estimates through MCTS to guide the search, using
epistemic uncertainty to prioritize high-confidence
branches and prune low-confidence ones, which
improves search efficiency and solution reliability.
• Extensive experiments on six standard bench-
marks show that UMCTS consistently outperforms
prompt-based, learning-based, and search-based
baselines while reducing token usage.

2 Related Work

Optimization Problem Solving with LLMs.
Prompt-based systems explicitly steer an LLM
to produce a mathematical formulation, generate
solver code, and run it. Chain-of-Experts (Xiao
et al., 2023), OptiMUS (AhmadiTeshnizi et al.,
2023), OptimAI (Thind et al., 2025), adopt a multi-
agent setting where each agent is assigned a spe-
cific role (e.g., problem understanding, formula-
tion, coding, and verification). These methods rely
on carefully tuned agent roles and prompt tem-
plates, limiting their generalization ability on unfa-

miliar optimization tasks. Learning-based methods
including LLMOPT (Jiang et al., 2024) and Opt-
MATH (Lu et al., 2025) collect training data and
fine-tune pretrained models to create task-specific
language models. While they can generate more
accurate mathematical formulations, they are com-
putationally expensive.

Our UMCTS framework belongs to the search-
based category built on test-time scaling, which
allocates extra computation at inference to draw
more reasoning ability from a fixed language
model (Zhang et al., 2025). AutoFormulation (As-
torga et al., 2024) decomposes the formulation
into sets, variables, parameters, objective, and con-
straints, builds a search tree over these components,
and sequentially generates each part conditioned on
the previously generated ones. At each step, it sam-
ples multiple candidates per component. Whether
the solver can generate feasible numerical values
based on the complete component or not is set as
the numerical reward to guide the search, which
substantially increases token consumption.
Uncertainty Quantification in MCTS. MCTS
balances exploration and exploitation using upper-
confidence rules that rely on visit counts and roll-
out returns, but these capture only statistical uncer-
tainty from finite sampling at a node. Moerland
et al. (Moerland et al., 2020) argue that a second
source of uncertainty arises from limited knowl-
edge and show that ignoring it can bias search
toward locally well-explored yet globally uncer-
tain branches. EMCTS (Oren et al., 2022) extends
MCTS with explicit epistemic signals, propagating
uncertainty from learned value and reward models
alongside returns, which improves search efficiency
when combined with AlphaZero-style models.

When using MCTS for optimization problem
solving with a vast search space and possible noisy
generation from LLM, we argue that quantifying
and leveraging uncertainty is important for both
reliability and efficiency.
LLM as Judge. Automatically evaluating the
quality of LLM-generated content is a challenging
task, especially for complex outputs like mathe-
matical formulations or programming code, where
diverse outputs share the correctness. LLM-as-a-
Judge (Zheng et al., 2023) uses another advanced
LLM as evaluators, employing Grading (question-
answering for single answer score) or Pairwise
Evaluation (ranking multiple outputs) (Doddapa-
neni et al., 2024). This approach leverages the
LLM’s understanding of language, but concerns
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Problem Description (from MamoComplex question 88):
A sales representative needs to travel to six distinct cities to promote products. [Details on variables, 
parameters, objective, and constraints...] What is the minimum total travel cost for him to visit each city 
exactly once and returning to the start?

Global instruction:
1. This is a Traveling Salesman Problem (TSP), where the objective is to find the shortest possible route that 
visits each city exactly once and returns to the starting city.
2. Modeling Challenge: The most important modeling challenge for the TSP is subtour elimination. In a naive 
formulation, the solution may include subtours (cycles that do not include the starting city), which are not 
allowed in the TSP.
3. Core Modeling Logic…
4. Implicit Assumptions…

Assumption based on clarity:
‘The problem statement is clear and unambiguous.’
‘Assume the units are integer’

Mathematical Formulation:
Define Sets, Parameters, Decision Variables, Objective Function, and Constraints.

Code with respect to solvers:
from gurobipy import *
model = Model()
C = [1, 2, 3, 4, 5, 6]

Figure 1: Tree Structure of the Formulation Process. The formulation process can be naturally represented as a tree
structure, where each node corresponds to one step. The root node represents the initial natural language problem
description, and leaf nodes correspond to executable code snippets. The left panel shows sequential stages, from
Problem Description to Evaluation, with a forward “learn from experience” path and a backward “learn from error”
path. The right panel gives a Traveling Salesman Problem example that lists modeling guidance (e.g., subtour
elimination), clarifies assumptions, sketches the formulation, and shows a code stub.

remain about reliability and bias (Yamauchi et al.,
2025). In our work, we not only adopt LLM as
a judge to evaluate the quality and feasibility of
generated mathematical formulation from the per-
spectives of completeness and consistency, but also
incorporate the solver execution results as another
judge to improve the reliability of evaluation.

3 Methodology

Optimization problems aim to find the best out-
come under given constraints by minimizing or
maximizing an objective function over decision
variables. A standard formulation is given by:

min
x∈Rn

f(x)

subject to gi(x) ≤ 0, i = 1, . . . ,m,

hj(x) = 0, j = 1, . . . , p,

xk ∈ Z, k ∈ I ⊆ {1, . . . , n}

Translating the natural language description to
the above mathematical formulation typically in-
volves extracting five key elements: sets, variables,
parameters, objectives, and constraints (Jiang et al.,
2024; Astorga et al., 2024). We propose UMCTS, a
test-time search framework that couples a language
model with classical solvers to automatically gener-
ate and execute solver-ready code for optimization
problems.

3.1 Tree Structure

UMCTS structures the formulation process into
a four-stage pipeline: global instruction, assump-
tions, mathematical formulation, and solver code
generation, which is different from the previous
search-based models (Astorga et al., 2024). The
root node represents the initial natural language
problem description, which provides the overall
context and requirements for the optimization task.
Each subsequent level of the tree corresponds to
one of the four stages, with leaf nodes represent-
ing complete solver-executable code snippets. The
tree structure allows for systematic exploration of
different formulation and implementation options,
enabling the model to consider multiple interpre-
tations and solution strategies. Figure 1 illustrates
the tree structure and the four-stage pipeline.
Global Instruction. The first stage generates a
global instruction that provides a high-level plan
based on the problem type. Given a new optimiza-
tion problem, a human typically identifies its type
(e.g., traveling salesman or maximum flow) and
recalls relevant solution patterns. For example,
the traveling salesman problem requires subtour
elimination, while maximum flow problems often
invoke the Ford-Fulkerson or Edmonds-Karp al-
gorithms. This planning step highlights essential
modeling elements and provides a global view that
reduces forgetting in long contexts and distribution
bias within the training data. We experimentally
observe that current LLMs (e.g., the GPT family)
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Figure 2: Uncertainty-aware MCTS Framework for Optimization Problem Solving. The pipeline follows four
phases: Selection, Expansion, Simulation, and Backpropagation and over a tree of reasoning states (R), instructions
(I), assumptions (A), formulations (M), and code (C). Selection uses a PUCT policy to reach a leaf; Expansion adds
children and prunes by semantic equivalence and a prior policy. Simulation evaluates a terminal node with feasibility
checks, value estimates, and uncertainty metrics. Backpropagation updates Q-values, values, and uncertainties along
the trajectory, and uses the feedback to guide the next expansion step.

can identify the key steps for solving most opti-
mization problems. This is intuitive because many
optimization problems follow standard paradigms,
and abundant unstructured information about them
is available on the Internet and likely present in
LLM pretraining data. We therefore leverage the
model’s stored knowledge and reasoning to gener-
ate effective global instructions that guide subse-
quent problem-solving steps.
Assumption. The second stage focuses on clarify-
ing any assumptions or simplifications needed to
make the problem feasible. The current datasets of-
ten contain incomplete or ambiguous descriptions,
which are also common scenarios in practice. In
addition, Real-world optimization problems often
involve complexities and uncertainties that require
assumptions to define a solvable model. For exam-
ple, one might assume linear relationships between
variables, ignore certain constraints, or consider
average-case scenarios. The second stage is to
identify and state any assumptions required to fill in
missing details or resolve ambiguities. Clearly stat-
ing these assumptions helps ensure that the mathe-
matical formulation accurately reflects the intended
problem while remaining computationally feasible.
This stage is crucial for setting the boundaries of
the model and guiding the formulation process. No-
tably, this stage also helps increase the diversity of
the generated formulations by allowing the model
to explore different plausible interpretations of the
problem, such as the integer problem or continuous

problem. By varying the assumptions, the model
can produce a range of formulations that capture
different aspects of the problem space, which is
beneficial for robust optimization.
Mathematical Formulation. The third stage gen-
erates the core mathematical formulation, specify-
ing sets, variables, parameters, objectives, and con-
straints. This stage translates the problem descrip-
tion and assumptions into a mathematical model.
Different from (Jiang et al., 2024; Astorga et al.,
2024) where the language model is prompted to
generate each component sequentially conditioned
on previously produced parts, our approach gener-
ates the entire formulation in a single step. Exper-
iments show that generating the formulation in a
single step better captures interdependence among
components and reduces error accumulation com-
pared to sequential generation.
Solver Code Generation. The final stage converts
the mathematical formulation into executable code
for a chosen optimization solver. The code must de-
fine the model objects, set solver options, and call
the optimizer to return a solution. The generator
is equipped with a self-reflection mechanism that
iteratively refines the code based on runtime feed-
back until a syntactically and semantically valid
implementation is obtained. In other words, the
generated code will be at least syntactically correct,
as checked by the solver execution return. Because
no single solver covers all problem classes, for ex-
ample, Gurobi is strong on Linear Programming,



Mixed Integer Linear Programming, Quadratic Pro-
gramming, and Mixed Integer Quadratic Program-
ming, but does not support general nonlinear pro-
grams, while (Mixed Integer) Non Linear work-
loads are typically handled via frameworks such
as SCIP (often with an NLP engine like IPOPT).
We add the randomness during this step to generate
code with respect to different solvers.

3.2 MCTS for Optimization Formulation
MCTS maintains a tree structure by tracking, for
each node sk at level k ∈ [1, 4], its parent node
parent(s), children nodes child(s), the current
state s, the estimated value V̂ (s), and the epistemic
uncertainty Var(V̂ (s)). We suppose a deterministic
transition and do not express the action explicitly,
but related to the state transition, i.e., a := sk−1 →
sk. For each transition (s, a), the algorithm also
maintains the mean reward R̂(s, a), its variance
Var(R̂(s, a)), and the action probability π(a|s). As
in standard MCTS, we additionally track the visit
count N(s, a) and the Q-value Q(s, a) for each
state-action pair. Figure 2 illustrates the overall
UMCTS framework.
Selection. At each step, we select one of the current
node’s children by balancing exploitation (high-
reward nodes) and exploration (less-visited nodes).
We adopt the Predictor Upper Confidence Bound
for Trees (PUCT) (Rosin, 2011) algorithm. The
selection phase terminates upon reaching a leaf
node. The action selection at state sk is given by:

a∗ = argmax
a

[
Q∗(sk, a)

+ π(a | sk)CPUCT

∑
a′ N(sk, a

′)

1 +N(sk, a)

] (1)

Here, Q∗(sk, a) is the current Q-value estimate
for taking a at sk (e.g., the weighted mean return
over all trajectories include (sk, a)), π(a | sk) is
a prior policy that biases search toward promising
actions, N(sk, a) is the visit count of edge (sk, a),∑

a′ N(sk, a
′) is the total visits of the parent, and

CPUCT controls the exploration strength. The first
term favors actions with high estimated quality,
while the second term increases the score of rarely
visited actions in proportion to their prior, yielding
a principled trade-off between trying new branches
and exploiting known good ones.
Expansion. Each node in the tree represents a
component generated by the language model, con-
ditioned on its associated prompt and the sequence

of previously generated components (i.e., parent
nodes). To do effective and efficient expansion, we
propose a two-step procedure: components genera-
tion and components clustering.

Step 1: Components Generation. At level
k ∈ {1, 2, 3, 4}, given the context s0, the recur-
sive parent node list [s1, · · · , sk−1], and prompt
ρk, with an LLM, we can sample Ns responses,
i.e.,

m1,m2, · · · ,mNs ← LLM(s0, · · · , sk−1, ρk) (2)

For each component m with L tokens, represented
as m = (m1,m2, . . . ,mL), one can get the token-
level probability p(ml), and then calculate the en-
tropy H(ml) = −

∑
V p(ml) log p(ml). Then the

entropy for the whole response is,

H(m) =
1

L

∑
l

H(ml)

= − 1

L

∑
l

∑
V

p(ml) log p(ml)

(3)

Step 2: Components Clustering. We then
cluster the components based on the semantic
equivalence. Specifically, we can derive clusters
C1, C2, . . . . For each cluster C = (m1, · · · ,m|C|),
we will derive,

1. Random sample one element from the cluster
as the candidate sk;

2. The policy probability is:

π(ask−1→sk |sk−1) =
|C|
Ns

(4)

3. The mean reward function is:

R̂(sk−1, ask−1→sk) = −
1

|C|
∑
c

H(mc) (5)

4. The epistemic uncertainty of reward (variance)
is:

Var
(
R̂(sk−1, ask−1→sk)

)
(6)

Steps 1 and 2 together produce a diverse yet
manageable set of candidate child nodes for expan-
sion. The clustering step prunes semantically equiv-
alent candidates, reducing redundancy and focus-
ing the search on distinct formulations. The prior
policy π(a|sk−1) and reward statistics R̂(sk−1, a),
Var(R̂(sk−1, a)) provide valuable signals for guid-
ing future selection and expansion decisions.



Value Estimate. Instead of rolling out to a ter-
minal state at each leaf node during the tree con-
struction as classic MCTS, we estimate the value
and variance of the value of a terminal node V̂ (s4),
which represents the quality of the final solution.
An LLM-based evaluator is prompted to assess the
quality of the generated formulation and the value
of this simulation trajectory is evaluated from two
complementary perspectives as illustrated in Fig-
ure 3:
(i) Consistency between the Mathematical formu-
lation and the original problem description: binary
indicator Iconsistency associated with error explana-
tion econsistency if not met. The consistency check
will mainly focus on the component consistency,
such as the hallucination of parameters or the omis-
sion of constraints.
(ii) Feasibility check with the solver execution re-
sult: binary indicator Ifeasibility associated with er-
ror explanation efeasibility if not met. Without the
ground truth value, there is currently no reliable
way to verify the global optimality of a solution,
but a feasibility check is a necessary condition for
optimality and a basic requirement for any practical
solution. The feasibility check will check whether
the solution derived from the Solver satisfies the
constraints in the problem description.

Suggested by (Yamauchi et al., 2025) for LLM-
as-a-Judge, sampling-based scoring with mean ag-
gregation outperforms scoring with greedy decod-
ing and single evaluation. We therefore sample Ne

evaluations from the LLM and aggregate the binary
indicators by majority vote. The overall value of
the final node siT is defined as a weighted sum of
the two binary indicators:

V̂ (siT ) := Mean
(
λ1Ipfeasibility + λ2Ipconsistency

)
Var

(
V̂ (siT )

)
:= Var

(
λ1Ipfeasibility + λ2Ipconsistency

)
The variance term captures epistemic uncertainty
in the value estimate. The value estimate aggre-
gates evidence of numerical solvability and factual
correctness from both solver outputs and language-
based checks, and it incorporates the associated
uncertainty.
Backpropagation with uncertainty. The back-
propagation phase updates the statistics of all nodes
and edges along the trajectory from the terminal
node sT back to the root s0, as well as the error
information. This includes updating visit counts, Q-
values, value estimates, and uncertainty measures
based on the results of the evaluation.

Numerical backpropagation is a standard step in
MCTS that updates the statistics of all nodes and
edges along the trajectory from the terminal node
sT back to the root s0. Following (O’Donoghue
et al., 2018; Oren et al., 2022), we apply an
uncertainty-aware Bellman update to backpropa-
gate uncertainty measures alongside the value re-
turns.

νi (sk, a) = R̂ (sk, a) + γV̂
(
sik+1

)
(7)

Var
(
νi (sk, a)

)
= Var

(
R̂ (sk, a)

)
+ γ2Var

(
V̂
(
sik+1

)) (8)

The Q-value is updated as in standard MCTS by
averaging returns over all trajectories that include
the edge (sk, a):

qM̂ (sk, a) =
1

N (sk, a)

∑
i

νi (sk, a) (9)

√
Var

(
qM̂ (sk, a)

)
≤ 1

N (sk, a)

∑
i

√
Var (νi (sk, a))

(10)

Based on Theorem 1 in (Oren et al., 2022), the
optimal Q-value across all possible value estimate
models M is upper-bounded by the average stan-
dard deviation of the returns with high probability:

P
(
Q∗(sk, a) ≤

max
π

qM̂ (sk, a) +
√

Var
(
qM̂ (sk, a)

))
≥ 1− δ

Therefore, we use the derived upper bound as
the estimate of Q∗ (sk, a), which is then applied
in the selection phase (see Equation 1) to guide
subsequent search decisions. We claim that there
is a trade-off between uncertainty and reward in
MCTS selection.

In addition to numerical statistics, we also back-
propagate error information from the evaluation to
the layer of Mathematical formulation and Assump-
tion. Each terminal node siT is associated with error
explanations eifeasibility and eiconsistency if the corre-
sponding checks failed. As we backpropagate, we
aggregate these error explanations at each ances-
tor node sk along the trajectory and augment one
revised node based on the error message. The aug-
mented node will inherit the statistical information
from the ill node.



Code w.r.t. solver

Execution Result:
Optimal solution found
Minimal travel cost: 213.0
Optimal travel path: 
1->4->6->2->3->5->1

Execution Failed:
Key Error: Index ‘(0, 0)’ 
is not valid for indexed 
component 'f'

Feasibility Check:
"feasible": false,
"violated_constraints": ["In-degree constraint for City 5: expected 1, found 0"],
"checked_constraints": [
"Out-degree constraints: satisfied",
"In-degree constraints: violated for City 5",
"Self-loops: satisfied",
"MTZ constraints: satisfied",]

Global Instruction based
on problem type

Code w.r.t. solver

Figure 3: Value Estimate Pipeline.

Table 1: Solution Accuracy Comparison

NL4Opt NLP4LP MamoEasy ComplexOR MamoComplex IndustryOR

Prompt-based (GPT4)
Chain-of-Experts (ICLR’24) 64 n.r. n.r. 38 40 n.r. n.r.
OptiMus (ICML’24) n.r. n.r. n.r. 67 n.r. n.r.

Training-based (Qwen)
ORLM (OR’25) 86 n.r. 85 n.r. 44 25
OptMath (ICML’25) 96 n.r. 90 n.r. 54 31
LLMOPT (ICLR’25) 93 n.r. 97 73 68 46

MCTS-based
Autoformulation (GPT-4) (ICML’25) 93 n.r. n.r. 72 62 48
UMCTS (GPT-4o mini) 96 97 98 83 78 56

n.r.: not reported. The best results in each column are bolded.

4 Experiments

To evaluate the effectiveness and efficiency of
UMCTS, we conduct comprehensive experiments
across six benchmark datasets, comparing our
approach with prompt-based, learning-based and
search-based baselines. Our study is designed to
answer the following key research questions:
RQ1: Effectiveness. How does UMCTS perform
in terms of solution accuracy compared to state-of-
the-art methods across diverse optimization prob-
lem types and complexities?
RQ2: Efficiency. How does UMCTS balance so-
lution quality with computational cost, particularly
in terms of token usage and inference time with
search-based methods?
RQ3: Reliability. How does the uncertainty back-
propagation in UMCTS improve the reliability of
generated formulations and solutions?

4.1 Experimental Setup

Dataset setting. We evaluate UMCTS on six
public benchmarks: NL4Opt (Ramamonjison

et al., 2022), NLP4LP (AhmadiTeshnizi et al.,
2023), MamoEasy, MamoComplex (Huang et al.,
2024), ComplexOR (Xiao et al., 2023), and Indus-
tryOR (Tang et al., 2024). We manually verify and
correct errors in these datasets, such as missing in-
formation, conflicting objectives, and most impor-
tantly, incorrect ground-truth solutions that would
mislead model evaluation. The corrected version
of these datasets is provided for reproducibility1.
Baselines. We compare UMCTS with three cat-
egories of baselines: (i) Prompt-based methods
including Chain-of-Experts (Xiao et al., 2023) and
OptiMUS (AhmadiTeshnizi et al., 2023); We also
include a directly ask model and a sequential ask
model for comparison and verify the claims in Sec-
tion 3.1. (ii) Learning-based methods including
LLMOPT (Jiang et al., 2024), OptMath (Lu et al.,
2025), and ORLM (Tang et al., 2024); (iii) Search-
based methods including Autoformulation (As-
torga et al., 2024). Considering the reproducibility
and the cost of using advanced LLMs, we borrow

1GitHub Repository

https://github.com/linlin-yu/UMCTS-Optimization-Problem-Solving.git


the numbers reported in their papers for the base-
lines and note the LLM version used. Our model
UMCTS is implemented with GPT-4o-mini and
compares it with a direct ask and sequential ask
baselines using the same model.

4.2 Results and Analysis

Effectiveness on solution accuracy. Table 1 sum-
marizes the solution accuracy of UMCTS com-
pared to state-of-the-art baselines across six bench-
mark datasets. UMCTS achieves the highest so-
lution accuracy on all datasets, demonstrating its
effectiveness in generating correct and feasible for-
mulations. Notably, UMCTS attains a solution
accuracy of 78% on MamoComplex, significantly
outperforming the best baseline (LLMOPT at 62%)
by a margin of 16 percentage points. This improve-
ment is particularly impressive given MamoCom-
plex’s complexity and diversity, indicating UM-
CTS’s robustness across various problem types.
Ablation Study. We consider two model variants
to verify the effectiveness of our proposed UMCTS.
Direct Ask is to directly prompt the LLM to gener-
ate the complete formulation and code in one step,
without any decomposition or search. Sequential
Ask decomposes the generation into the sequential
stages but does not use MCTS for search. Both
variants use the same LLM (GPT-4o-mini) as UM-
CTS for a fair comparison, and results are shown in
Table 2. UMCTS shows consistent improvements
across all three complex datasets. The gains are
most pronounced on MamoComplex, where UM-
CTS attains 78% accuracy, outperforming direct
ask (48%) by 30 points and sequential ask (36%)
by 42 points. These results highlight the benefits of
UMCTS’s structured search and uncertainty-aware
evaluation in enhancing solution quality compared
to straightforward prompting strategies.

Table 2: Solution Accuracy Comparison with GPT-4o-
mini

ComplexOR MamoComplex IndustryOR

GPT-4o mini
Direct Ask 78 48 39
Sequential Ask 67 36 35
UMCTS 83 (↑ 5) 78 (↑ 30) 56 (↑ 17)

RQ2: Efficiency. For the test time scaling meth-
ods, the token usage is the key factor reflecting ef-
ficiency. We compare the token usage and solution
accuracy of UMCTS with Autoformulation (As-
torga et al., 2024) in Table 3. UMCTS achieves a

Table 3: Token Usage and Solution Accuracy Compari-
son on MamoComplex

# Token / SA% / Cost $

Autoformulation (GPT-4) (ICML’25) 80,245 / 62 / 0.320
MCTS (GPT-4o mini) 54,213 / 70 / 0.016
UMCTS (GPT-4o mini) 64,367 / 78 / 0.019

solution accuracy of 78% on MamoComplex with
only 64,367 tokens, significantly lower than Auto-
formulation (80,245 tokens). For our model with
GPT-4o-mini API, the average inference token cost
is $0.019 USD, while Autoformulation with GPT-4
API costs $0.320 USD per instance. This demon-
strates that UMCTS effectively balances solution
quality with computational cost, making it a more
efficient choice for optimization problem solving.

RQ3: Reliability. To evaluate the reliability of
uncertainty backpropagation, we compare UMCTS
with a variant that disables this component (denoted
as MCTS). As shown in Table 3, UMCTS attains a
solution accuracy of 78% on MamoComplex, ex-
ceeding MCTS (70%) by 8 percentage points, al-
beit with a modest increase in token usage. This
result suggests that propagating uncertainty signals
during search provides useful guidance, enabling
the exploration to escape local optima. For exam-
ple, we found that UMCTS can avoid generating
“lazy solutions”, which satisfy the hard constraints
but not the optimality, such as setting all decision
variables to zero in maximum flow problems. The
uncertainty-aware evaluation helps detect and avoid
such suboptimal formulations, improving the over-
all reliability of the generated solutions.

5 Conclusion

We present UMCTS, an uncertainty-aware tree
search framework that integrates LLM with well-
established solvers to automatically solve optimiza-
tion problems. UMCTS avoids fine-tuning LLMs
on task-specific data and instead leverages the pre-
trained knowledge of LLMs through an effective
and efficient search strategy built upon uncertainty
quantification, semantic-equivalence pruning, and
solver-based feasibility checks. UMCTS achieves
state-of-the-art solution accuracy, improved relia-
bility, and reduced computational cost compared
to prompt-based, learning-based and search-based
approaches.



6 Limitations

Although UMCTS demonstrates strong perfor-
mance, several limitations remain. First, the current
evaluation relies primarily on feasibility, which is
a necessary but not sufficient condition for opti-
mality. Future work could investigate methods to
better approximate or iteratively verify solution op-
timality. Second, the global instruction component
(the first layer of the tree) has substantial influ-
ence, and it would be valuable to study model vari-
ants where deeper layers are generated by weaker
LLMs to save cost. Third, ambiguity in natural
language descriptions can lead to multiple valid
interpretations, and developing ways to incorporate
common knowledge for aligning assumptions with
real-world scenarios remains an open challenge.
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A Appendix

A.1 Related Work on Optimization Problem
Solving with LLMs

Existing methods for using LLMs to solve opti-
mization problems fall into prompt-based, learning-
based, and search-based approaches.

Prompt-based systems explicitly steer an LLM
to produce a mathematical formulation, generate
solver code, and run it. Chain-of-Experts (Xiao
et al., 2023) adopts a multi-agent setting coordi-
nated by a conductor. There is an interpreter that
extracts domain terms and intent, a modeler writes
the formulation, a coder produces executable solver
code, and a reviewer checks and revises. Opti-
MUS (AhmadiTeshnizi et al., 2023) also uses multi-
ple agents, but follows a different workflow. It first
converts the problem text into a structured record
of parameters, objectives, constraints, and context.
A manager then cycles clause by clause through a
formulator, programmer, and evaluator to get the so-
lution. OptimAI (Thind et al., 2025) adopts a plan-
before-code multi-agent pipeline with a formulator,
planner, coder, and code critic, and adds UCB-
based debug scheduling to switch among plans.
These methods rely on carefully tuned agent roles
and prompt templates, limiting their generalization
ability on unfamiliar optimization tasks.

Learning-based methods collect training data
and fine-tune pretrained models to create task-
specific language models. While they can gener-
ate more accurate mathematical formulations, they
are computationally expensive. LLMOPT (Jiang
et al., 2024) defines a “five-element” intermediate
schema for optimization problems and fine-tunes
a base model with multi-instruction supervision,
alignment, and self-correction. The training dataset
uses dual labeling, where experts generate gold
five-element labels and solver code with assistance
from LLMs. OptMATH (Lu et al., 2025) constructs
a large synthetic corpus through a bidirectional
pipeline and produces triplets of natural language,
mathematical formulation, and problem data.

Search-based methods are built on test-time scal-
ing, which allocates extra computation at inference
to draw more reasoning ability from a fixed lan-
guage model (Zhang et al., 2025). Tree-search
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methods such as MCTS have shown marked gains
on mathematical and reasoning benchmarks (Zhang
et al., 2023; Huang et al., 2025; Zheng et al., 2025).
For optimization solving, AutoFormulation (As-
torga et al., 2024) decomposes the formulation
into sets, variables, parameters, objective, and con-
straints, builds a search tree over these components,
and sequentially generates each part conditioned on
the previously generated ones. At each step, it sam-
ples multiple candidates per component. Whether
the solver can generate feasible numerical values
based on the complete component or not is set as
the numerical reward to guide the search, which
substantially increases token consumption.

A.2 Methodology Details
Mathematical Model for Optimization Prob-
lems. Sets are collections of related items, such
as products, locations, or time periods. Variables
represent the decision points to be optimized, like
quantities to produce or routes to take. Parameters
are fixed inputs that define the problem context,
such as costs, capacities, and demands. The Objec-
tive is the function to be minimized or maximized,
reflecting the goal of the optimization (e.g., min-
imizing cost or maximizing profit). Constraints
are the rules that limit the values of the variables,
including equality and inequality constraints (e.g.,
resource limits or demand fulfillment).
Backpropagation Illustration of UMCTS We
provide a detailed illustration of the backpropa-
gation process in UMCTS as Figure 4, highlight-
ing how uncertainty is integrated into the updates.
The backpropagation phase updates the statistics
of all nodes and edges along the trajectory from
the terminal node sT back to the root s0, as well as
the error information. This includes updating visit
counts, Q-values, value estimates, and uncertainty
measures based on the results of the evaluation.



We consider a model M̂ :=
(
f, R̂, V̂ ,Var

(
R̂
)
,Var

(
V̂
))

, with hyper-parameters CPUCT, β, γ

Deterministic transition function f ;
Estimated mean reward function and its variance R̂(s, a) ∈ [−1, 1],Var

(
R̂
)
≤ 1;

Rollout-based estimated value function on the leaf node and its variance V̂ (sT ) ∈ {−1, 1},Var
(
V̂ (sT )

)
;

Tree search policy: PUCT:

a = argmax
a

[
Q∗ (sk, a) + π (a|sk) · CPUCT ·

∑
a′ N(sk,a′)
1+N(sk,a)

]

Upper Confidence Bound (Theorem 1 in (Oren et al., 2022)):

Q∗ (sk, a) ≤ max
π

qM̂ (sk, a) + β ·
√

Var (qM̂ (sk, a))

Average return on the Q-value function:

qM̂ (sk, a) =
1

N (sk, a)

∑
i

νi (sk, a)√
Var (qM̂ (sk, a)) ≤

1

N (sk, a)

∑
i

√
Var (νi (sk, a))

Single update on Q-value function:

qM̂ (sk, a)← qM̂ (sk, a) +
νi (sk, a)− qM̂ (sk, a)

N (sk, a)√
Var (qM̂ (sk, a))←

√
Var (qM̂ (sk, a))

+

√
Var (νi (sk, a))−

√
Var (qM̂ (sk, a))

N (sk, a)

One step TD targets (Uncertainty/ Bellman Equation) :

νi (sk, a) = R̂ (sk, a) + γV̂
(
sik+1

)
Var

(
νi (sk, a)

)
= Var

(
R̂ (sk, a)

)
+ γ2Var

(
V̂
(
sik+1

))

Calculation of Value function:

V̂ (sk) =
∑
a

π (a|sk) qM̂ (sk, a)

Var
(
V̂ (sk)

)
:= Var (qM̂ (sk, a))

Evaluation numerical return:
Value for terminal node:

V̂
(
Si
T

)
Variance of Value for terminal node:

Var
(
V̂
(
Si
T

))
Evaluation language return:
Error message

Figure 4: Epistemic Uncertainty Propagation in Action Selection and Value Backup
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