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ABSTRACT

Large Language Models (LLMs) have recently shown promise in
addressing combinatorial optimization problems (COPs) through
prompt-based strategies. However, their scalability and generaliza-
tion remain limited, and their effectiveness diminishes as problem
size increases, particularly in routing problems involving more than
30 nodes. We propose DRAGON, which stands for Decomposition
and Reconstruction Agents Guided OptimizatioN, a novel frame-
work that combines the strengths of metaheuristic design and LLM
reasoning. DRAGON autonomously identifies regions in initial solu-
tion with high optimization potential and strategically decompose
large-scale COPs into manageable subproblems. Each subproblem
is then reformulated as a concise, localized optimization task and
solved through targeted LLM prompting guided by accumulated ex-
periences. Finally, the locally optimized solutions are systematically
reintegrated into the global context to yield a significantly improved
outcome. By continuously interacting with the optimization envi-
ronment and experience memory, the agents iteratively learn from
feedback, effectively coupling symbolic reasoning with heuristic
search. Empirical results show that, DRAGON consistently pro-
duces feasible solutions on TSPLIB, CVRPLIB, and Weibull-5k bin
packing benchmarks, and achieves near-optimal results (0.16% gap)
on knapsack problems with over 3M variables. This work shows the
potential of feedback-driven language agents as a new paradigm
for generalizable and interpretable large-scale optimization.
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Figure 1: Illustration of DRAGON on a TSP instance. The
decomposer identifies a suboptimal segment {4,6,7,8} (grayed)
from a global solution. The segment is locally refined and
reintegrated by the reconstructor to improve the global tour.
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1 INTRODUCTION

Combinatorial optimization problems (COPs), such as the Traveling
Salesman Problem (TSP), Vehicle Routing Problem (VRP), and Knap-
sack Problem (KP), are notoriously challenging due to the NP-hard
nature [4]. COPs are typically addressed using exact algorithms or
heuristic methods, which often require substantial manual design
and parameter tuning [9, 14, 22, 25, 32], thus limiting scalability
and adaptability to varying problem instances and domains.
Large Language Models (LLMs) have led to a series of break-
throughs for various challenging problems, including language
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understanding, text generation, code synthesis, and reasoning tasks
[1, 8, 10]. Recent evidence reveals that LLMs have emerged as pow-
erful tools capable of addressing a variety of COPs, leveraging
their reasoning capabilities for direct solution generation [37, 41]
or heuristic design [23, 33, 42, 45]. Their inherent strengths in ab-
straction, generalization, and semantic understanding allow them
to generate promising solutions even without explicit algorithmic
instructions. However, the current capabilities of LLMs for directly
generating solutions remain largely confined to relatively small-
scale instances, such as TSP with fewer than 30 nodes [17, 24, 41].
As problem size and complexity increase, LLM-based solutions of-
ten deteriorate due to restricted context length, reduced logical
coherence, and difficulty in representing combinatorial structures
[17, 43]. These limitations significantly impede the practical deploy-
ment of LLM-driven methods in real large-scale applications, such
as logistics, transportation, and supply chain management, where
problems commonly involve hundreds to thousands of nodes [7].

In this study, we aim to answer two research questions: (1) Can an
LLM agent, without solving the full COP, identify and isolate regions
of the solution that are likely suboptimal or have improvement poten-
tial? (2) Can an LLM agent effectively solve small-scale COPs locally
while following additional, customized non-trivial constraints? These
questions highlight the core challenges of our framework: utilizing
LLMs to guide decomposition by detecting potential improvement
areas, and ensuring reconstructed solutions remain feasible.

Prompt-based LLM methods often fail on large-scale instances
due to the absence of domain knowledge and the context length
limitation, while code-generation approaches require extensive
task-specific training to develop robust heuristics, leading to sub-
stantial computational costs and poor cross-domain transferability.
Meanwhile, classical metaheuristics such as divide-and-conquer
and large neighborhood search (LNS) [29] exhibit strong scalability
in large-scale COPs by iteratively decomposing and refining solu-
tions, though they rely heavily on handcrafted heuristics and expert
knowledge. To address the gap, we propose DRAGON, a framework
that transforms complex large COP solving into decomposition and
reconstruction tasks guided by LLM agents. DRAGON first strate-
gically identifies regions with high potential of improvement, de-
composing large-scale COPs into context-manageable subproblems,
and locally optimizes each subregion through reconstruction.

To concretely illustrate this idea, Figure 1 demonstrates an ex-
ample of how the proposed Dragon improves TSP solution locally
and globally. Given an initial global solution, the decomposition
agent O identifies nodes {4, 6,7, 8} (highlighted in gray) as a sub-
problem with high potential for further improvement, while the
remaining nodes remain static and impose boundary constraints.
During reconstruction, the suboptimal local segment (4-8-6-7) is
locally optimized with LLM agents, leading to a better sub-solution
(4-6-7-8). Consequently, the improved local segment is integrated
into the global solution, yielding a reduced tour length solution.

Overall, our contributions are threefold: (1) To the best of our
knowledge, this is the first work to demonstrate that LLM agents can
be effectively leveraged to directly generate high-quality solutions
for large-scale COPs, opening new possibilities for LLM-driven op-
timization. (2) We propose DRAGON, a divide-and-conquer frame-
work that dynamically decomposes large-scale COPs and subse-
quently refines compact subproblems by state passing between

2810

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

agents. (3) We empirically validate DRAGON on large-scale COPs
benchmarks, demonstrating substantial improvements in solution
quality and scalability compared to state-of-the-art LLM-based base-
lines. Our findings validate the feasibility of leveraging LLM agents
for large-scale COPs that are prevalent in real-world applications.

2 RELATED WORK

LLMs for Combinatorial Optimization. Recent studies have
increasingly examined the capability of LLMs to solve COPs by
leveraging prompt engineering techniques. Among these efforts,
a prominent direction involves using LLMs directly as solution
generators, where carefully designed prompts and enriched input
information guide the models to produce viable solutions. Early re-
search by Wang et al. [37] provided evidence that LLMs could solve
certain graph-based COPs, although this capability was strongly
tied to the quality of the provided prompts. Subsequent work has
sought to refine this process by incorporating contextual informa-
tion. Examples include integrating graph structural and topological
data [38], existing heuristic solutions [17], explicit relationships
between solutions and objectives [41], and visual representations of
problems or solutions [12, 16]. Another research pathway involves
leveraging LLMs as components within structured algorithms or
frameworks. For instance, Liu et al. [24] demonstrated the utility of
LLMs in evolutionary computation by prompting them to perform
essential algorithmic operations such as selection, crossover, and
mutation. Similarly, Elhenawy et al. [13] deployed multiple LLMs
as collaborative agents, each responsible for distinct roles such as
initialization, critique, and evaluation within a predefined optimiza-
tion pipeline. Despite these promising advancements, current capa-
bilities for directly generating solutions via LLMs remain largely
restricted to relatively small-scale problems, typically limited to
instances such as TSP with fewer than 30 nodes. To circumvent this
limitation, Iklassov et al. [17] introduced a decomposition approach
wherein an LLM assesses problem complexity autonomously. If
deemed difficult, the model recursively subdivides the problem
into simpler, manageable subproblems. Nonetheless, its scalability
remains limited.

Beyond direct solution generation, other studies have explored
leveraging LLMs for heuristic design [23, 33, 42] and mathemati-
cal modeling [2, 20, 40]. The former aims to use LLMs to discover
heuristics expressed in code that have potential to outperform those
crafted by human experts, while the latter focuses on translating nat-
ural language problem descriptions into mathematical formulations
compatible with traditional OR solvers. More recently, research has
investigated training large language models for end-to-end com-
binatorial optimization, rather than relying solely on prompting
paradigms [18, 19]. These directions fall outside the scope of this
work, and we refer interested readers to Da Ros et al. [11] for a
comprehensive survey.

Large-Scale Combinatorial Optimization. Another research di-
rection related to this work aiming to design metaheuristics for
solving large-scale COPs, either with machine learning [21, 35]
or through traditional methods [3, 34]. These approaches gener-
ally follow decomposition or divide-and-conquer principles. While
they have shown promising results, their effectiveness often relies
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on problem-specific strategies (e.g., domain-specific decomposi-
tion rules), which limits their generality. In this work, we pro-
pose DRAGON, a general decomposition-reconstruction frame-
work leveraging the semantic capabilities of LLMs. Unlike previous
methods, DRAGON identifies suboptimal regions without explicit
domain-specific rules and iteratively reconstructs globally consis-
tent solutions. Our framework effectively addresses LLM context-
length constraints, combining learned decomposition advantages
with the generalization provided by LLM agents.

3 METHODOLOGY

DRAGON enables LLM agents to effectively solve large-scale COPs

via state passing communication. As illustrated in Figure 2, DRAGON
iteratively alternates between two core tasks: Decomposition and

Reconstruction. Starting from fast heuristic initialization, DRAGON

progressively refines it by identifying regions with high improve-
ment potential and solving localized subproblems under explicit

constraint awareness. In each iteration, the current solution is de-
composed into manageable subproblems, locally optimized through

reconstruction agents, and then reassembled into a globally im-
provement. This hierarchical process allows DRAGON to scale

from small instances to complex large-scale COPs. Algorithm 1

summarized our workflow, where implicit communication between

agents occurs via solution state passing.

Algorithm 1 DRAGON for Large-Scale COPs

Require: Metadata M, initial solution Sy, maximum time Tpn,y, rejection threshold

N
Ensure: Improved solution S
1: S« S // Current solution
10 // Time counter

2

3:r<20 // Rejection counter
4: while t < Tjpax and r < N do

5: (a,8) « D(M,S) // Decomposition
6 (M’,S’,C) « Compress(M,a,s)
7. Sl — R(M,S',C)

8

new // Reconstruction

. if Accept(S’, S}y, ) then
9: S’ «— S/

new
10: S « Integration(S’,S)
11: r—o // Reset rejection counter
12: else
13: r—r+1
14: end if

15: t « ElapsedTime()
16: end while
17: return S

// Reach running time limit.

3.1 Framework Inputs and Solution Updates

DRAGON interacts with problem environment that contains two
fundamental inputs: metadata M and the current solution S. Meta-
data M, represented as structured JSON, encodes essential problem-
specific parameters, and the solution S is represented as an ordered
sequence of elements, such as city indices for TSP or item identifiers
for Knapsack, and is formatted in either JSON or XML, as illustrated
in Figure 2(a).

Formally, given metadata M, the global solution at iteration i is
obtained as follows:

Fast_Heuristic(M), i=0
Si = {Integration(S;_;,S;-1), i>0 (1)
S, =R(DOM,Si—), i>0
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Here, S;_, denotes the locally refined sub-solution from the previous
iteration, identified by the decomposer O and enhanced by the re-
constructor R (both detailed in subsequent sections). Integration
involves simply concatenation and sorting operations, while spe-
cific implementation of Fast_Heuristic are provided in the ex-
perimental section. Furthermore, a new solution is conditionally
accepted using a probabilistic criterion (assuming minimization):

_ M)}

- @

where f denotes the objective function and T is a temperature
parameter controlling the acceptance probability. As shown in Al-
gorithm 1, we substitute the current local solution Slf and its R
processed version S]__; into Eq. 2 as S; and Sy, respectively, and
accepted solutions are then integrated back into the global solution
to ensure consistency and feasibility. It is worth noting that even
when the new local solution is worse i.e., f(S;., ;) = f(S5]), there
remains a small chance of acceptance and integration, allowing
DRAGON to occasionally accept inferior solutions, helping it es-
cape local optima, promote exploration of the solution space, and
maintain a balancing between exploitation and exploration.

Balancing exploitation (greedy improvement) and exploration
(diversification) is critical to the performance of heuristic search
methods. In many cases, domain experts must carefully design
problem-specific strategies to achieve this balance, and the con-
vergence rate of the solution gap can vary significantly depending
on the designer’s expertise. However, for large-scale COPs where
analyzing the problem structure is extremely challenging and gener-
alization across domains is difficult, we leverage LLM-based agents,
which are well-suited for both exploitation and exploration, because
they can exploit stored experiences from previous trails, while their
generative and adaptive capabilities enable diverse solution propos-
als, supporting broader exploration of the solution space.

Accept(Si, S;) = min {l, exp (

3.2 Decomposition for Large-Scale COPs

A central challenge in applying LLMs to large-scale COP decompo-
sition lies in their limited capability to reason over complex global
constraints. Although existing studies demonstrate the potential of
LLMs in solving COPs [39, 41], their capability to accurately detect
and isolate sub-problems suitable for local refinement within large-
scale COPs remains largely unexplored. To this end, we propose
a decomposition agent (D) which leverages LLMs to strategically
partition COPs into smaller, manageable sub-problems for further
refinement, rather than directly solving the entire COP. Specifically,
the decomposer D functions as a high-level planner, analyzing
metadata M and the current solution S;. It partitions the solution
into active segments (a;), which have substantial improvement po-
tential, and static segments (s;), which remain unchanged during
the current iteration. Specifically, decomposition is formulated as:

(ai,81) =DM, S;) (3)

DRAGON demonstrates that well-designed prompts (illustrated
in Figure 2(b) and Supplementary Materials (Prompt designs)) en-
able LLMs to effectively identify segments with significant potential
for improvement while introducing additional constraints (C;) to
maintain feasibility and global consistency:

(M!,S;,C;) = Compress(M, a;, s;) (4)

(R &
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Figure 2: Overview of the state passing among agents in DRAGON framework. With (a) given COP data input and current
global solution, the DRAGON pipeline process alternates between two key stages: (b) A decomposition step uses an LLM to
split a large-scale COP into manageable active and static segments. These are compressed into a smaller subproblem; (c) A
reconstruction step solves the reduced problem with additional constraints to yield a refined local solution.

where M] C M denotes the subset of original metadata relevant
only to the active segments. For example, in the TSP scenario
illustrated in Figure 1, the decomposer identifies an active seg-
ment a; = {4,6,7,8} and a static segment s; = [9,0,1,2,3,5].
The Compress step significantly reduces the size of the local data
|M]| << |M|, making it manageable to downstream agents. How-
ever, it will introduce extra specific constraints, which are a set of
compressed representations of static segment s;.

3.3 Reconstruction with Constraint Integration

Recent studies [17, 24, 41] highlight the effectiveness of LLMs in
solving small-scale COPs, typically with fewer than 30 decision
variables. Building on this capability, our reconstruction agent (R)
is designed to solve compressed COP instances iteratively, derived
from the decomposition stage.

Specifically, reconstructor R utilizes localized metadata M; aug-
mented with explicit constraints C; to ensure global feasibility and
consistency. Constraints C; are explicitly integrated into natural
language within the LLM prompt, with the formats varying by COP
type. Formally, the reconstruction process is defined as:

S;Aew,i = R(MI,’ Sl/’ cl)

(©)

where M] encapsulates localized metadata, and C; encodes global
consistency requirements derived from static segments s;.
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Figure 3: Constraint satisfaction in reconstruction is ensured
via experience accumulation.

Note that the format and interpretation of constraints depend on
the specific COP type. In routing problems such as TSP and CVRP,
constraints typically enforce particular edge sequences to ensure
route continuity, while in packing problems like MKP or BPP, con-
straints explicitly mandate item inclusion or exclusion. For instance,
a constraint prompt for TSP may state: “the following edges must
be visited consecutively, with no additional points permitted between
them.” It is essential to maintain consistency between constraints
and compressed metadata. For example, required edges (a, b) in
CVRP represent condensed segments from the original route, with
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associated demands accurately reflecting the cumulative demands
of intermediate nodes.

As illustrated in Figure 3, reconstruction agent utilizes iterative
experience storage collected along previous trails to self-revise can-
didate solutions until all specified constraints are satisfied. The
agent’s experience storage records all previous attempts, regardless
of whether they result in feasible solutions or not, along with an-
notations on the type and cause of any constraint violations. This
memory allows the agent to learn from past infeasible solutions,
avoid repeating similar errors, and identify patterns within feasi-
ble solutions to guide future improvements. Through this process
of iterative refinement, localized solutions are gradually adjusted
to remain coherent and globally feasible. Extensive experiments
detailed in the experimental section and Supplementary Materials
demonstrate that, when guided by well-structured prompts and
clearly defined constraints, LLM agents can consistently generate
high-quality solutions to constrained subproblems.

4 EXPERIMENTS
4.1 Setup

4.1.1  Problem Descriptions. To evaluate the effectiveness and gen-
eralizability of the proposed DRAGON framework, we conduct
experiments on four representative COPs across routing, packing
and assignment domains:

e Traveling Salesman Problem (TSP): A classical combinatorial
routing problem that seeks the shortest possible tour visiting each
city exactly once and returning to the starting point.

o Capacitated Vehicle Routing Problem (CVRP): Extension of TSP
with multiple vehicles and demand constraints. The goal is to mini-
mize total travel distance while satisfying delivery demands.

® Bin Packing Problem (BPP): Classical combinatorial optimization
problem where items of various sizes must be packed into a minimal
number of fixed-capacity bins without exceeding their limits.

o Multiple Knapsack Problem (MKP): A generalization of the 0-1
knapsack problem involving multiple independent knapsacks. Un-
like the multi-dimensional knapsack problem [9], where each item
is constrained by several resource limits, the MKP aims to maximize
the total value by optimally assigning items to knapsacks without
exceeding their individual capacities.

4.1.2  Datasets. Detailed datasets for the aforementioned problems:
e TSP We use 77 benchmark instances from TSPLIB [31] of the
EUC_2D type, with sizes ranging from 50 to 20k, covering a broad
range of scales and spatial layouts. Oracle: optimal values or lower
bounds reported in [31].

o CVRP We select subsets of 19 instances from CVRPLIB, includ-
ing both X-type [36] (up to 1k nodes) and larger XML-type in-
stances [30] distribution, which was synthesized at large scale (up
to 5k nodes) by [44]. Oracle: optimal values or lower bounds re-
ported in [36, 44].

o BPP We adopt instances from FunSearch [33] and EoH [23] of all
Weibull-5k, which is reflecting real-world scheduling and allocation
scenarios. Oracle: L2 lower bounds determined by [33].

o MKP Following Google OR-Tools guidelines [28], we generate
10 synthetic instances by with knapsack capacities uniformly sam-
pled from U (100, 500), using 10 to 100 knapsacks. Item values and
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weights drawn uniformly from U(1, 100). All instances will be re-
leased in supplementary JSON files. Oracle: optimal values or up-
pers bound searched by solver.

4.1.3 Implementation Details. We evaluate our framework using
four representative LLMs accessed via APIL: two general-purpose
models, OpenAT’s gpt-40 and gpt-4. 1, and two reasoning-specialized
models, OpenATI’s 03 and DeepSeek’s r1. Due to time and cost
constraints, we limit our experiments to these models. Prompting
strategies for each stage of DRAGON are illustrated in Figure 2,
with complete prompt templates provided in the Appendix (Prompt
designs). We adopt simple global solution initialization algorithms
to each problem: 1) Random Insertion [5] for TSP, 2) Greedy Nearest
Neighbor heuristic [26] for CVRP, and 3) First-Fit Decreasing [6]
for both BPP and MKP. For comparative evaluation, we implement
OR-Tools [28] solvers as: CVRP is solved via the routing model [15]
with Guided Local_Search as the metaheuristic, while BPP uses the
CP-SAT [27]. All experiments run on an Ubuntu 20.04 server with
an Intel Core 19-10900X (20 cores at 4.6 GHz) without GPU. For de-
tailed prompt designs used in the decomposition and reconstruction
processes, please refer to the Supplementary Materials.

4.1.4  Feasibility check. We implement a checker based on the in-
herent constraints of each COP type. If a solution is found to be
infeasible, it is stored in the agent’s memory along with comments
explaining the reason for infeasibility. This feedback helps the agent
avoid repeating the same mistakes, thereby reducing search time
and accelerating convergence to feasible solutions. In the results
presented later, we denote an infeasible solution as “infe” and use
“inf” to indicate cases where the solving time exceeds the given
time limit Tpay.

4.1.5 Metrics. We evaluate performance using four metrics: (1)
Optimality Gap defined as Gap = l”;—”‘ X 100%, where v and v™ are
the objective value and the optimal value, respectively; (2) Running
Time (seconds); (3) Input/Output Token Counts; and (4) Number
of API Calls. All experiments use consistent settings with a 1-hour
time limit T, .x = 3600 and early stopping after N = 5 consecutive
non-improving iterations.

4.2 Performance Evaluation

To evaluate performance on large-scale routing problems (TSP
and CVRP), Table 1 presents the average optimality gap (%) across
different instance size groups, comparing DRAGON with existing
LLM-based solvers, including prompt-based methods (OPRO [41],
SGE [17]) and code-generation approaches (LMEA [24], ReEvo [42],
with ReEvo(a) using Ant Colony Optimization (ACO) and ReEvo(c)
employing a constructive heuristic). To ensure a fair comparison,
all LLM-based methods use gpt-4o0, with token usage and inference
time recorded. Instances are grouped by node size for conciseness,
and detailed results are listed in Supplementary Materials.

OPRO fails to return valid solutions for all groups, as some hard
instances in groups exceed the runtime limit, resulting in an infi-
nite gap inf. SGE consistently produces infeasible solutions (infe),
likely because it lacks explicit feasibility checks, since its origi-
nal design is for small problems (under 30 nodes). LMEA handles
slightly larger instances but exhibits high gaps and fails beyond
2k-node due to prompt length limits and generation timeouts.
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Table 1: Average optimality gap (%) on routing problems using
subsets from TSPLIB (EUC_2D) and CVRPLIB (Set X/XML).

Method TSPLIB (EUC_2D)

(size, k 0.05-0.5 0.5-1 1-2 2-5 5-20 All

#) 42 6 15 7 7 77

OPRO inf inf inf inf inf inf
SGE infe infe infe infe infe infe
LMEA 820.30 2279.35 3578.21 inf inf inf
ReEvo(c) 12.69 1643 1701 inf inf inf
ReEvo(a) 8.17 16.61 18.23 21.20 18.62 13.10
DRAGON 9.74 11.24 15.24 19.37 15.42 12.24

Method CVRPLIB (X/XML)

(size, k 0.1-0.2 0.2-0.5 0.5-1 1-2 2-5 >5 All
#) 2 3 5 3 3 3 19
OR-Tools inf inf inf inf inf inf inf

ReEvo(a) 21.49 19.27 29.44 2539 22.00 11.24 24.17
DRAGON 25.56

29.35 26.73 15.51 15.48 6.45 20.15

Optimality Gap by Problem Size and Method on TSPLIB

0.05-0.5 0.5-1 1-2
Problem Size Range (k)

Method
DRAGON
ReEvo(a)
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Figure 4: Average Optimality Gap (%) (log scale) across prob-
lem size groups for different methods on TSPLIB.

As shown in Figure 4, the results in TSPLIB reveal that SGE is
excluded due to infeasibility, while OPRO is omitted as “inf” so
that no solution was found due to its slow inference time in all
groups. LMEA is able to solve up to medium-sized instances but
exhibits relatively large optimality gaps. ReEvo(c) achieves strong
results up to the medium-size group, whereas ReEvo(a) excels on
smaller instances. Although DRAGON is not the best on every
group, it shows clear advantages on larger-scale problems, driven
by its task-allocation mechanism, where decomposition and recon-
struction work effectively together. Figure 5 presents the meth-
ods capable of obtaining feasible solutions for CVRP instances. As
CVRP is inherently more complex than TSP, DRAGON outperforms
ReEvo(a) primarily on large-scale problems, where its decomposi-
tion-reconstruction mechanism demonstrates greater advantages.

These findings highlight a major limitation of pure prompt-based
methods: their performance degrades significantly as problem size
increases. This is mainly due to long context lengths and high de-
coding cost—making token-by-token generation is unstable when
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Optimality Gap Comparison on CVRPLIB
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Figure 5: Optimality Gap (%) for methods on CVRPLIB.

Table 2: Domain expertise levels across decomposi-
tion-reconstruction strategy combinations. Each cell shows
expertise needed: X (none), v (some), /v (extensive) for
decomposition and reconstruction, respectively.

D it Reconstruction
ecomposttion mH - ristic ‘ Solver ‘ LLM
Random | (X, V) X, vV) | (X, X)
Heuristic | (/,v) | (/,vV) | (V,X)
LLM X, V) X, V) | (X X)

encounter large input loads. Code-generation methods like ReEvo
improve scalability. We tested ReEvo’s released heuristic code, in-
cluding both constructive (ReEvo(c)) and ACO-enhanced (ReEvo(a))
variants. On TSPLIB, DRAGON consistently outperforms ReEvo(c)
across all size groups and also surpasses ReEvo(a) on all groups
beyond 500, and achieving an average gap reduction of 0.86%. On
CVRPLIB, where OR-Tools fails to find feasible solutions within
time limit, DRAGON leads around 3.98% lower gaps than ReEvo(a)
on all cases. Overall, DRAGON demonstrates the best average per-
formance across routing benchmarks, validating its effectiveness
and scalability.

4.3 Ablation Study

4.3.1 Strategies for Decomposition and Reconstruction. DRAGON
supports configurable strategies for each task, allowing us to evalu-
ate the impact of different implementations. Table 2 presents a 3 X 3
combination of decomposition and reconstruction strategies, along
with the domain expertise required for each pair, offering insight
into their implementation difficulty. For decomposition, “Random”
selects elements arbitrarily, “Heuristic” applies domain-specific
rules, and “LLM” leverages large language models. Similarly for
strategies in reconstruction, the only new word “Solver” refers to
implement general purpose solver. Figure 6 shows the performance
of DRAGON on a TSPLIB subset using these nine combinations.
Among reconstruction strategies, the solver-based approach
achieves the best performance by optimally solving small size local
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8

Random Heuristic LLM

Decomposition

Figure 6: Ablation study of DRAGON across 9 decomposi-
tion-reconstruction combinations as listed in Table 2. Bars
show the optimality gap (%) compared to the known optimal
value on a TSPLIB subset.

COPs. However, this method has key drawbacks: (1) in routing prob-
lems for example, enforcing must-visit edges via zero distances with
penalty trick may not lead to the constraint satisfied outcomes, and
(2) encoding custom constraints across diverse COPs requires sub-
stantial domain expertise, as reflected in Table 2. Despite requiring
the most domain knowledge, the “HeuristicxSolver” combination
does not yield the best results. In contrast, our DRAGON pipeline
“LLMXLLM” outperforms it, highlighting the effectiveness of LLM-
based decomposition agent in capturing promising substructures.
Notably, reconstruction agent offers ease of implementation and
integrates naturally with decomposition agent. Hence, DRAGON
strikes a strong balance between performance and usability.

4.3.2  Impact of LLM backbones. As shown in Figure 7, we evalu-
ate the impact of different LLM backbones within the DRAGON
framework, including general-purpose models (OpenAl gpt-4o,
gpt-4.1) and reasoning models (OpenAl 03, DeepSeek r1). Due to
cost considerations, we do not evaluate all TSPLIB instances. As r1
exceeds the model’s input token limit of 65,536 on instances larger
than 10k nodes, it fails to produce responses in the largest case
(listed in Appendix (Experiment results)).

While 03 achieves the lowest average optimality gap, it incurs
extremely high output token counts. Given that OpenAI’s API typi-
cally prices output tokens at 4 times the rate of input tokens, this
leads to significantly higher costs and longer inference time. r1
exhibits a relatively low number of API calls, suggesting that each
call takes longer—likely due to more intensive reasoning per itera-
tion. Considering the trade-off between objective quality, inference
speed, and token efficiency, gpt-4.1 achieves the best overall bal-
ance and emerges as the current most practical choice.

4.4 Generalization Case Study

To assess the robustness of DRAGON, we evaluate its performance
across more domains, it highlights the method’s ability to general-
ization for the subsequent results.

4.4.1  Bin Packing Problem. In addition to routing problems, we
evaluate DRAGON on the packing domain. As shown in Table 3,
DRAGON consistently outperforms ReEvo(a), FunSearch, EoH, and
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Figure 7: Comparison of LLM models by: (a) optimality gap,
(b) number of API calls, (c) input tokens, (d) output tokens, (e)
running time. We evaluate general-purpose models (gpt-4o,
gpt-4.1) and reasoning-oriented models (03, r1). Gray bars
indicate incomplete results due to token limit violations.

Table 3: Average optimality gap (%) w.r.t. L2 lower bound and
inference time (sec.) on the Weibull-5K dataset.

Method ReEvo(a) FunSearch EoH EoH expert Ours
Gap (%) |  3.46 069 066 055 0.33
Time (sec.) | 56.677  2.292 - - 487.873

EoH expert on the Weibull-5K dataset. We omit OR-Tools solvers
(both MP and CP-SAT backends) as they failed to produce feasible
solutions before timeouts.

Compared to routing, packing problems are generally easier for
LLMs to reason about due to their more intuitive and straightfor-
ward constraints. For example, merging static segments (s) into
packed items requires less complex reasoning, allowing DRAGON
to scale more effectively to larger instances. Results for EoH and
EoH expert are reported directly from [23], where running time
was not provided. While DRAGON achieves the lowest optimality
gap, it is slower than code-generation based methods. However,
code-generation approaches come with high API costs and substan-
tial time and resources to evolve or fine-tune high-quality heuristic



Research Paper Track

functions. These overheads are not captured in current compari-
son. Each paradigm has its strengths. For large batches of similar
instances, code-generation methods are effective as the learned
heuristic can be reused across the dataset. In contrast, prompt-based
approaches like DRAGON are better suited for dynamic environ-
ments where instance structures vary, offering flexibility without
the need for retraining or code evolution.

(a) Gap Comparison by Method

3.0 Method
s |LM-DR
2.5 OR-Tools
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(b) Running Time Comparison by Method
Method
S 3000 ™= LLM-DR
E OR-Tools
&
i:2000
o
£
€ 1000
3
-4
0 [ | ——_ . [ [ N | . ™
Q’ L A R S
N 7 ~ N S
& §F R K K& KL o o m
& £ X £ [N Q ] 7
S S S S S N N
& & &

Figure 8: Comparison on synthetic Multiple Knapsack Prob-
lem instances between DRAGON and OR-Tools (CP-SAT).

4.4.2  Multiple Knapsack Problem. We compare DRAGON with the
CP-SAT on a series of synthetic MKP instances. Each instance is
named using the format mkp_n;sem_Nknapsack> where the decision
space grows as Njzem X Nknapsack> hence the maximum of decison
size here is around 3M.

As shown in Figure 8, CP-SAT typically achieves lower optimal-
ity gaps and can even find optimal solutions when the instance size
is manageable. However, its performance starts to degrade on larger
instances, evident from the largest case, where the gap spikes to
around 3% and it hits the time limit. DRAGON performs favorably
across all instances. While its gap is generally slightly higher than
CP-SAT on small cases, it remains consistently below 0.5%, even on
large-scale instances. In terms of trade-offs between performance
and efficiency, DRAGON offers strong scalability and competitive
quality, delivering high-quality solutions within reasonable reason-
ing time, making it highly effective for large-scale MKPs where
traditional solvers may struggle.

4.5 Limitations and Future Directions

While DRAGON demonstrates strong potential in solving large-
scale COPs, several limitations remain to be addressed. The quality
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of the reconstructed global solution is sensitive to both the de-
composition strategy and the prompt formulation. Inappropriate
segmentation or poorly structured prompts may lead to suboptimal
or degenerated solutions, emphasizing the need for more robust and
adaptive decomposition mechanisms. Moreover, the iterative nature
of DRAGON introduces substantial computational overhead due to
the large context required during each divide-and-conquer cycle,
resulting in extended runtime. Although the current pipeline may
not be efficient for small-scale problems, it proves particularly ad-
vantageous for super large-scale scenarios where traditional solvers
and other learning-based methods struggle to deliver feasible or
high-quality solutions across all testing tasks.

DRAGON also demonstrates that purely language-based agents
can effectively address large-scale COPs, outperforming other prompt-
based or code-generation-based approaches. Additionally, incor-
porating external optimization tools such as OR-Tools within the
reconstruction stage enhances local refinement. However, the use of
such tools often demands additional modeling expertise, especially
for non-standard constrained sub-problem settings.

In the on-going work, we are integrating more external tools to
automatically model customized constraints not only within the
reconstruction agent but also into the decomposition process, with
the goal of further reducing runtime and API costs while maintain-
ing or improving solution quality. We also envision introducing a
central coordination agent to better manage the interaction among
decomposition and reconstruction agents, thereby improving the
overall consistency and efficiency of the optimization process.

5 CONCLUSION

This paper presents DRAGON, a novel framework that leverages
LLM agents to solve large-scale COPs via an iterative decompo-
sition reconstruction process inspired by divide-and-conquer. Ex-
periments across diverse COP domains (e.g., routing and packing)
show that DRAGON consistently achieves strong performance, es-
pecially on extreme large instances where traditional solvers or
basic prompt-based methods often fail due to scalability or time-
outs. By decomposing complex problems into context manageable
subproblems, DRAGON enables LLMs to reason effectively over in-
tricate structures, identifying promising regions, and reconstructing
feasible global solutions. This training-free, modular, and solver-
agnostic approach supports flexible constraint handling and adapts
easily to diverse COPs without specialized algorithm design. Al-
though not optimized for speed, DRAGON avoids expensive code
search and offers a strong balance between solution quality, adapt-
ability, and cost, making it particularly well-suited for dynamic and
large-scale settings. Future work will focus on enhancing decompo-
sition strategies, improving prompt robustness, and integrating hy-
brid solvers to explore promising regions more efficiently. Overall,
DRAGON establishes a solid foundation toward general-purpose,
interpretable, and scalable LLM-based optimization.
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