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ABSTRACT

Optimization by PROmpting (OPRO) directly leverages Large Language Mod-
els (LLMs) to generate candidate solutions through natural-language prompt-
ing. However, OPRO’s optimization process is difficult to track, which prevents
LLMs from capturing useful information accumulated over previous iterations,
thereby limiting solution quality. To address this limitation, we propose a Tool-
Augmented Strategic Agent (TASA) which summarizes and exploits trajectory to
improve solution quality. Specifically, TASA plans the strategy for each step based
on the optimization trajectory, which decomposes the optimization process into
traceable strategy selections. Moreover, we leverage LLM to construct problem-
specific tools and introduce a strategy-guided adaptive tool planner, which effi-
ciently utilizes the information of trajectory to update solutions. We establish
local convergence under persistent exploration and evaluate the complete frame-
work under a shared candidate-evaluation budget. The results support its solution
quality and the traceability of strategy-guided search.

1 INTRODUCTION

Recent advances in Large Language Models (LLMs) Team et al.| (2024); (Grattafiori et al.| (2024);
Guo et al.|(2025)); |Yang et al.| (2025) substantially improve their capabilities in reasoning Wei et al.
(2022);|Gao et al.| (2023)), planning |Yao et al.|(2023a)); Zhou et al.| (2024), and decision-making|Yao
et al.| (2023b)), providing possibilities for using LLMs to solve optimization problems. Optimization
by PROmpting (OPRO) |Yang et al.| (2024) leverages an LLM as the optimizer to generate candi-
date solutions by iterative prompting process. Specifically, OPRO prompts the LLM to directly
generate promising candidate solutions by constructing a prompt that contains a description of the
optimization problem and previously evaluated solutions. Due to its advantages, OPRO attracts con-
siderable attention, inspiring broader research on LLM-based optimization |Guo et al.[(2023); [Liu
et al.|(2024b)); ivan Stein & Back]| (2025); [Zheng et al.| (2025); [Ye et al.|(2025).

Unfortunately, the limited traceability of OPRO’s optimization process makes it difficult for LLMs
to capture useful information from previous iterations, thereby limiting solution quality. As illus-
trated in Figure [T(a), the LLM directly outputs a candidate solution without explicitly stating the
intention or trajectory behind its generation. Consequently, OPRO retains only the candidate solu-
tions generated across iterations, without an explicit account of how each new solution is generated.
This lack of the information hinders LLM from accurately assessing the current search state, thereby
limiting ability of OPRO to identify promising search directions. For example, when the candidate
set is dominated by similar solutions, the OPRO may struggle to escape the corresponding region of
the solution space and discover a better solution.

To address this limitation, we propose a Tool-Augmented Strategic Agent (TASA) to plan the strat-
egy for each step based on the optimization trajectory. Specifically, TASA constructs an explicit
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Figure 1: Motivation and overview of our Tool-Augmented Strategic Agent. TASA shifts the role of
the LLM from directly generating solutions to planning optimization strategies from optimization
trajectories, and executes these strategies through strategy-guided adaptive tool planner.

optimization trajectory by continuously recording information about its optimization process, pri-
marily the selected optimization strategies and tool invocations. As illustrated in Figure [T} after
constructing the trajectory, the agent analyzes the recorded information and accordingly selects the
polish strategy to further shorten the current tour through local adjustments. TASA aims to enable
agent to exploit the optimization trajectory for more informed optimization decisions by shifting the
LLM’s role from directly generating candidate solutions to planning optimization strategies.

In this paper, we leverage an LLM to construct a library of problem-specific tools according to the
characteristics of each optimization problem. The resulting library organizes executable, problem-
adaptive tools by optimization strategy. Building on this tool library, we introduce a strategy-guided
adaptive tool planner, which efficiently translates the optimization strategies selected by agent into
concrete solution updates. This mechanism balances the exploitation of previously well-performing
tools, the exploration of underexplored tools, and the avoidance of repeatedly selecting poorly per-
forming tools. Finally, the planner applies the selected tool to the candidate solution, enabling the
efficient execution of the LLM-planned strategy. Moreover, we analyze the probabilistic local con-
vergence of TASA under strategy-conditioned tool neighborhoods. Experimental results across di-
verse combinatorial optimization problems demonstrate that TASA not only makes the optimization
process traceable but also improves solution quality.

Our main contributions are summarized below.

* We propose a tool-augmented strategic agent for traceable combinatorial optimization
and provide a theoretical analysis of its probabilistic local convergence under strategy-
conditioned tool neighborhoods.

* We construct problem-specific tools and introduce a strategy-guided adaptive tool planner
that invokes these tools to efficiently update solutions.

* Experimental results across diverse combinatorial optimization problems demonstrate that
TASA not only makes the optimization process traceable but also improves solution quality.

2 RELATED WORK

2.1 LLM-BASED COMBINATORIAL OPTIMIZATION

Large Language Models (LLMs) |Grattafiori et al.| (2024); [Team et al.| (2024); [Guo et al.| (2023);
(2025) apply to combinatorial optimization through both direct solution generation and

automatic heuristic design [Da Ros et al](2026). Optimization by PROmpting (OPRO)
treats the LLM as an optimizer and generates new candidates from previously evaluated solu-
tions. FunSearch[Romera-Paredes et al.| (2024) combines a LLM with an evaluator to evolve program
components in function space, while Evolution of Heuristics (EoH)[Liu et al| (2024a) jointly evolves




natural-language heuristic ideas and their executable implementations. These methods demonstrate
the potential of LLMs to optimize over both candidate solutions and heuristic programs. TASA com-
plements these approaches with explicit links between trajectory-conditioned strategies, executable
tool updates, and observed search outcomes.

2.2 TOOL-AUGMENTED AGENTS

Tool-augmented agents [Karpas et al.|(2022); [Paranjape et al.| (2023)); Shen et al.| (2023); Song et al.
(2023)); |[Hao et al.| (2023); |Patil et al.| (2024); |Qin et al.| (2024); [Tang et al.| (2023); [Lu et al.| (2023);
Xu et al.| (2023); Wu et al.|(2024); Kong et al.| (2024); |Gao et al.|(2024) extend LLMs by enabling
them to interact with external tools and environments (Cai et al.| (2024); (Qian et al.| (2023); Yuan
et al. (2024). ReAct|Yao et al.| (2023b) integrates reasoning with action generation, allowing LLMs
to update their plans based on observations from the environment, while Toolformer Schick et al.
(2023) trains language models to determine which APIs to invoke, when to invoke them, and how to
incorporate their outputs. In optimization |L1 et al.| (2023)); ]Ahmaditeshnizi et al.| (2024), OptiGuide
translates natural-language queries into code that modifies and invokes existing solvers, supporting
solution interpretation and what-if analysis.

However, these methods mainly target general task interaction or solver-assisted analysis, rather
than treating tools as structured operators for iterative solution improvement. In contrast, TASA
constructs problem-specific tools and employs a strategy-guided adaptive tool planner that selects
them according to optimization trajectory.

3 METHOD

3.1 PROBLEM FORMALIZATION

In this paper, we consider a combinatorial optimization problem P defined over a finite discrete
candidate space {2p. Since candidate solutions generated during optimization may violate prob-
lem constraints, we utilize vp () to represent the constraint-violation status of a candidate . Each
component of vp(z) corresponds to a specific constraint, taking the value 0 if the constraint is sat-

isfied and 1 if it is violated. The vector is divided into a hard-constraint component v%*4(z) and

a soft-constraint component v$9 () (when the problem contain soft-constraint). Hard constraints
determine the feasibility of a candidate, whereas soft constraints express desirable but nonmanda-
tory requirements. A candidate is considered feasible if none of its hard constraints are violated.

Accordingly, the feasible solution set is defined as

Xp = {x € Qp | v (z) = 0} (1)

To unify the optimization directions of different combinatorial optimization problems, we transform
original objective function gp () of each problem into a higher-is-better score by a problem-specific
transformation function ¢ p(-). The unified internal scoring function fp(z) defined as

fr(z) = ¢r(9p(x)) — Pp(ve(x)) )

where Pp(-) is a problem-specific penalty function used to penalize constraint violations and guide
the search toward the feasible region.

Under this formulation, our goal is to identify the best feasible solution found within a budget of M
candidate evaluations as

~M
Tp €ar max x 3
P gwexpmstP( ) 3)

2

where £y, = 21, 22, ..., 2™ denotes the set of candidates evaluated during the search.

3.2 PROBLEM-SPECIFIC TOOLS CONSTRUCTION

To maintain adaptability of TASA across tasks, we utilize an LLM to construct a problem-specific
tools library based on the characteristics of each optimization problem. TASA constructs tool library
through the following two coupled stages.



Tool Archetype Generation. Given a structured context containing the problem description, con-
straints, candidate-solution schema, and strategy definitions, the LLM generates tool archetypes for
each of the four strategies. Each archetype describes the intended functionality and behavior rather
than providing directly executable code.

Problem-Specific Tool Archetype Instantiation. Once generated, the tool archetypes are val-
idated for structural correctness, safety, and compatibility with the available primitive operators.
Valid archetypes are then bound to registered operators and instantiated as callable tools adapted to
the current problem, while invalid archetypes are corrected or rejected.

The LLM specifies each tool’s strategy, operator sequence, and parameters. Registered operators
execute these updates and may perform multiple updates per candidate. Tool-construction prompts
appear in the supplementary material.

3.3 OPTIMIZATION STRATEGY PLANNING

TASA uses an LLM to select optimization strategies from the problem description, available tools,
and optimization trajectory. This allows the agent to relate the current search state to the purpose
of the next solution update. We let z € Z := {rebuild, repair,polish,escape} denote an
optimization strategy, with the four strategies defined as follows.

* rebuild reconstructs a solution from a different structural configuration, enabling the ex-
ploration of a new region of the search space.

* repair focuses on reducing constraint violations and restoring the feasibility of the current
solution.

¢ polish performs local refinement around a promising feasible solution to further improve
score.

* escape applies stronger structural perturbations to move away from a stagnant search re-
gion.

The allocation among these intentions adapts to the search state. At each replanning iteration k,
s summarizes solution quality, feasibility, stagnation, remaining budget, and tool feedback from
the recorded trajectory. This representation connects the observed search progress to the next op-
timization intention. Based on this representation, the strategy planner produces 2z = Prrm(sk),
where ®11 denotes an inference-time decision process induced by a prompt, and z;, denotes the
optimization strategy selected at iteration k.

3.4 STRATEGY-GUIDED ADAPTIVE TOOL PLANNER

To translate the strategy selected by the agent into concrete solution updates, we introduce a strategy-
guided adaptive tool planner that balances tool exploration and optimization gain. The strategy zj
represents the optimization intention at iteration k&, but does not directly specify which tool should
be executed.

Candidate Tool Library Construction. The planner first constructs a candidate tool library that
is compatible with both the problem structure and the current strategy, given by C, = T (P)NT (zx),
where 7 (P) denotes the set of tools applicable to problem P, and 7 (zx) denotes the set of tools
consistent with strategy zj. Their intersection maps the abstract optimization strategy to a library of
executable candidate tools.

Balancing Tool Exploration and Optimization Gain. After constructing the candidate tool li-
brary, the planner balances exploration and exploitation by evaluating less-tested tools while pri-
oritizing those with proven effectiveness. Let C) = {t € Cj, | n; = 0} denote the set of untried
candidate tools, and define C"'™ = {t € C\, | n; = mingec, ns} as the set of candidate tools with
the smallest invocation count. Here, n; denotes the number of times tool ¢ has been invoked. We
further define the gain-maximizing tool as ¢} = arg max;cc, px(t), where p(t) denotes the priority
score assigned to tool ¢ at iteration k.



Conditioned on the optimization trajectory sg, the tool t; is selected according to the following
probability distribution

It € C]
0] CO ;é g,
CAl g
Pr(te =t [s1) =4 1[t € "] )
64|C;€n‘m| Cg —

+ (1 — eIt = ty]

where I[-] is the indicator function and ¢ € [0, 1] controls the exploration rate. If untried tools
remain, the planner selects one uniformly from CY, prioritizing the evaluation of previously unused
candidates. Once all current candidate tools have been invoked, the planner explores with probability
€ by selecting uniformly from the least-invoked tools in C{"". With probability 1 — ¢, the planner
follows the current optimization trajectory by selecting highest-priority tool ¢. This mechanism
maintains tool diversity and prevents premature concentration on a small subset of tools.

Dynamic Tool Priority pi(¢). When randomized exploration is not performed, the planner selects
the tool with the highest dynamic priority, defined as

pr(t) = o, + (1 — a)r™ — A, )

where 7; and r*®* respectively denote the average and maximum historical gains of tool ¢, and
a € [0, 1] controls their relative contributions. Moreover, (; is the number of consecutive invoca-
tions without improvement, and A > 0 controls the stagnation penalty. Once the tool produces an
improvement, (; is reset to zero.

The planner thus maintains tool diversity through initial and randomized exploration while progres-
sively allocating more resources to tools that produce larger and more reliable improvements.

3.5 PROBABILISTIC LOCAL CONVERGENCE ANALYSIS

At each replanning time, the agent maps the optimization trajectory to a strategy z. Rather than
updating the candidate solutions directly, TASA activates the compatible tool library C(z) :=
T(P) N T(z), from which the tool planner selects an executable tool. We first characterize the
neighborhoods induced by the strategies and their compatible tools, and then establish the corre-
sponding local convergence result.

Definition 1 (Strategy-Conditioned Tool Neighborhood) Foreacht € C(z), letg,(z' | ) denote
the probability that tool ¢ generates a feasible candidate x’ using the reference solution x. The
neighborhood induced by strategy z is

Nr(z|2):= U {2’ € Xp : qi(z' | 2) > 0}. (6)

teC(z)

Since TASA may activate different strategies, we aggregate their neighborhoods to define the overall
local search region.

Definition 2 (TASA-Induced Local Optimum) Define the overall reachable neighborhood
Nrasa () and the improving set Zrasa (x) of TASA, respectively, as

J\/TASA(Z‘) = U J\/T(CE ‘ Z), @)
z€Z
Zrasa(z) := {2’ € Nrasa(z) : fp(z’) > fp(z)}. )

A feasible solution is TASA-locally optimal if Zraga () = @. The set of all TASA-locally optimal
solutions is denoted by Lrasa -

At iteration k, :ﬁ’} denotes the best feasible solution found so far. By denotes the generated batch.
xy, denote the reference solution. zj, denote the candidate solution.



Assumption 3 (Strict Improvements) The feasible set X'p is finite. Assume an initial feasible
solution is available. TASA updates

Ept=arg  max  fp(a), ©)

ee{#k}U(B,NXp)

breaking ties in favor of 33’1%,. Thus, the best feasible solution changes only after a strict improvement.
Since strict improvements can occur only finitely many times, persistent exploration is needed to
ensure that TASA does not remain at a solution that is not locally optimal.

Assumption 4 (Persistent Local Exploration) Let F; contain the full search history before batch
By;. For every x ¢ Lrasa, there exists p,, > 0, uniform over iterations and histories with :%’1% =z,

such that almost surely
Pr(Br N Zrasa(z) # 2 | Fi) > pa. (10

Assumptions 3 and 4 ensure finite improvement steps and exclude non-locally optimal solutions as
limiting states. To formalize these implications, we establish two auxiliary lemmas, whose state-
ments and proofs are deferred to supplementary material.

Theorem 5 (TASA-Local Convergence) Under Assumptions 3 and 4, the probability that the
best feasible solution reaches a TASA-induced local optimum in finite time and remains unchanged
thereafter is given by

Pr(3K < 00, 3o € Lrasa,

such that 2 = xo forall k > K) = 1.

Here, K is a finite random time and z, is the random limiting best feasible solution. The proof ap-
pears in the supplementary material. Assumption 4 requires persistent exploration through strategy
planning and tool execution, whereas equation [ describes tool selection for the current strategy.
Together with strict improvement, this assumption yields local convergence.

an

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. To comprehensively evaluate our method, we consider eight representative combinato-
rial optimization problems in two groups. The first group includes discrete structure optimization
problems, namely the 0-1 Knapsack Problem (KP), Maximum Cut Problem (MaxCut), Balanced
Graph Partition Problem (BGP), and Traveling Salesman Problem (TSP). These problems assess
the adaptability of our method to diverse solution representations and combinatorial search spaces.
The second group covers routing and scheduling problems, namely the Capacitated Vehicle Routing
Problem (VRP), Pickup-Delivery Routing Problem (PDR), Job-Shop Scheduling Problem (JSSP),
and Unrelated Parallel-Machine Scheduling Problem (MS). They evaluate the method’s ability to
handle complex constraints, including capacity limits, precedence relations, resource competition,
and load balancing. Detailed instance sizes, parameter settings, and generation procedures are pro-
vided in the supplementary material.

Baselines. We compare our method with twelve baselines, including one approximate global-
optimum baseline, four traditional optimization baseline, four direct LLM baseline, and three LLM-
generated heuristic baseline.

Approximate Global-Optimum Baseline. RefSolver (Reference Solver) Perron et al.| (2023) ap-
plies an exact algorithm when tractable and otherwise returns a solution produced by a deterministic
strong heuristic. Traditional optimization baselines. RandSearch (Random Search) |Bergstra
& Bengio| (2012) independently samples candidate solutions without exploiting evaluation history.
BO (Bayesian Optimization) uses a lightweight kernel-regression model to estimate objective values
and selects candidates based on an upper confidence bound. GA (Genetic Algorithm) maintains a
population of candidate solutions and generates new candidates through selection, crossover, and
mutation. CB (Combinatorial Bandit) treats solution components as bandit arms and constructs
candidates according to their estimated rewards and exploration bonuses.



Category Method KP MaxCut BGP TSP
Al imat
pproximate | o efSolver 1.227 + 0.069 | 1.001 £ 0.163 | 1.912 + 0.118 | 1.693 £ 0.097
Global-Optimum _—
RandSearch —1.510 £ 0.255 | —0.650 =+ 0.302 | —0.635 & 0.186 | —0.754 + 0.048
Traditional |BO —0.053 & 0.086 | —0.501 + 0.255 | —0.353 = 0.077 | —0.719 % 0.054
Optimization | GA —0.855 + 0.342 | —0.469 + 0.196 | —0.122 + 0.152 | —0.687 £ 0.060
CB 1.221 +0.063 |—0.617 +0.204 | —0.635 £ 0.186 | 1.365 + 0.064
OPRO 0.008 + 0.286 | —1.033 £0.173 | —1.069 % 0.136 | —0.709 =+ 0.082
Direct LLM | E2E Solver 0.235 + 0.179 — — —0.870 & 0.014
Solver Block E2E Solver| 0.094 +0.119 | 1.148 +£0.117 | —0.109 £+ 0.169| 0.364 + 0.016
Block-LS 0.463 £0.022 | 1.18340.176 | —0.100 4 0.181 | 0.368 & 0.053
LLM.G ted | FunSearch —0.526 & 0.414 | —0.309 £ 0.336| 0.009 + 0.248 | —0.704 + 0.047
Heuristic | EoH —0.023 + 1.845 | 0.297 £ 1.081 | 0.676 £ 0.982 | —0.744 + 0.104
CoT —1.510 + 0.255 | —1.509 £ 0.638 | —1.083 & 0.203 | —0.551 + 0.053
Ours | TASA | 1.227 £ 0.069 | 1.459 4 0.009 | 1.903 +0.132 | 1.949 4 0.051
Category | Method \ VRP \ PDR \ JSsp \ MS
Approximate
. RefSolver 2.290 £ 0.069 | 2.740 +0.063 | 1.690 +0.372 | 1.920 & 0.361
Global-Optimum e
RandSearch —0.452 + 0.013| —0.718 & 0.087 | —0.250 + 0.111 | —0.009 + 0.271
Traditional | BO —0.401 + 0.038 | —0.288 £ 0.174 | —0.248 4 0.138 | —0.241 + 0.514
Optimization | GA —0.439 + 0.013| —0.209 £ 0.171 | —0.428 4 0.206 | —0.272 + 0.165
CB —0.452 4 0.013 | —0.718 £ 0.087 | —1.287 + 0.160 | —0.009 & 0.271
OPRO —0.405 + 0.016 | —0.039 £ 0.249 | —0.372 4 0.310 | —0.939 + 0.399
Direct LLM | E2E Solver —0.487 £ 0.021 | —0.464 £ 0.613 | —1.356 & 0.601 | —0.939 = 0.399
Solver Block E2E Solver | —0.441 4 0.028 | —0.138 & 0.246 | —0.402 4 0.209 | —0.939 & 0.399
Block-LS —0.413 4 0.026 | —0.047 £ 0.135 | —0.347 = 0.182 | —0.772 + 0.114
LLM-G ted | FUnSearch —0.375 4 0.022| —0.516 £ 0.152 | —0.269 4 0.211 | —0.412 + 0.518
Heuristio | EoH —0.325 + 0.039 | —0.480 + 0.413| 0.449 +0.815 | 0.601 +0.713
CoT —0.492 4 0.009 | —0.718 £ 0.087 | 0.917 & 0.391 | —0.009 & 0.271
Ours | TASA | 2.393 +0.068 | 1.595+0.138 | 1.903 + 0.383 | 2.020 + 0.285

Table 1: Performance comparison on eight benchmark tasks. Results are reported as mean z-score
= standard deviation over seeds 1-3. Higher values indicate better performance. The best result for
each task is shown in bold, and the second-best result is underlined. — indicates that no feasible
solution was obtained for at least one seed.

Direct LLM solver baselines. OPRO (Optimization by PROmpting)|Yang et al.| (2024) prompts the
LLM with the problem description and previously evaluated solutions to directly generate complete
candidate solutions. E2E Solver (End-to-End LLM Solver) Jiang et al.| (2025)) uses a fixed prompt
to directly generate complete candidate solutions for problem instance, without using previously
evaluated solutions or optimization feedback. Block E2E Solver (Block-wise End-to-End LLM
Solver)|Zheng et al.[(2024)) decomposes a high-dimensional solution into blocks and asks the LLM
to update one block at a time. Block-LS (Block-wise LLM Solver with Local Search) Jiang et al.
(2025)); [Zheng et al.| (2024) alternates block-wise LLM candidate generation with local refinement.

LLM-generated heuristic baselines. FunSearch Romera-Paredes et al.| (2024) is a lightweight
archive-guided search proxy that periodically injects randomly generated candidates and otherwise
mutates high-scoring historical solutions. EoH (Evolution of Heuristics)|Liu et al.|(2024a)) period-
ically introduces random candidates and otherwise recombines and mutates high-scoring historical
solutions. CoT (CoT Direct Solver)|Sprague et al.|(2025) uses chain-of-thought prompting to guide
the LLM through step-by-step problem analysis and directly generate candidate solutions. Detailed
implementation settings are provided in the supplementary material. The supplementary material
details these implementations, including LLM-call limits and subsequent local-search operations.

Implementation Details. Qwen-Plus Yang et al.| (2025) is accessed via API and used as the lan-
guage model. Each experiment is conducted using random seeds 1, 2, and 3. Under each seed,
all methods are evaluated on the same problem instance, with randomness in instance generation
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and initialization controlled by the corresponding seed. Each run is limited to 60 candidate solu-
tion evaluations with a batch size of 2. The budget counts generated candidates. Tool construction,
LLM calls, and computations within tools depend on the method, so results compare solution quality
under this budget and the reported implementations.

Metrics. For fair comparison across problems with different objective scales and optimization di-
rections, all native objectives are converted into higher-is-better scores. For problem p, seed s, and
method m, the best feasible score is standardized as z,, s ,, = £22=—E22 Here, y,, 5 ,», denotes the

Op,s
best feasible value of fp(x) achieved by method m. Details of the computation of fp(z) are pro-
vided in the supplementary material. For each problem p and seed s, (i, s is the mean of these values
across all methods that produce a feasible solution, and o, ; is the corresponding population stan-
dard deviation. Accordingly, z;, s ,» > 0 indicates above-average performance, whereas 2z, 5 m < 0
indicates below-average performance for the corresponding problem and seed.

4.2 COMPARATIVE PERFORMANCE ON BENCHMARK TASKS

From the results presented in Table[T] it can be observed that TASA achieves the strictly best mean
score on five tasks, ties RefSolver for the best result on KP, and ranks second on BGP and PDR. On
BGP, it nearly matches RefSolver, with a gaps of only 0.009. Its average z-score across all tasks
is 1.806, almost identical to RefSolver’s 1.809. These results show that, under the same evaluation
budget, TASA is competitive with specialized solvers while retaining a unified framework across
problems with diverse structures and constraints.

TASA also consistently outperforms direct LLM-based methods. It exceeds OPRO on every task
by 2.376 z-score points on average and surpasses the strongest direct LLM baseline by an average
of 1.762 points. The advantage is particularly clear on BGP, VRP, JSSP, and MS, where direct
LLM solvers obtain negative mean scores while TASA remains strongly positive. These negative
values arise from z-score normalization, as a method receives a negative score when its best feasible
score falls below the cross-method mean for the corresponding problem and seed. These results
support the combined use of optimization trajectories, strategy planning, and problem-specific tools
in TASA under the reported settings.

Finally, TASA finds feasible solutions for every seed on all eight tasks and has a standard deviation
below 0.2 on six tasks, demonstrating reliable performance across repeated runs. Because some
baselines do not reliably produce feasible solutions across random seeds, we use “— in Table [I]
to indicate that no feasible solution was obtained for at least one seed. On four of the five tasks
where it ranks first, its standard deviation is no larger than that of RefSolver. Its main weakness is
PDR, where it trails RefSolver by 1.145 points, suggesting that more specialized routing and repair
tools are needed. Overall, the results demonstrate the effectiveness, generality, and robustness of
our method.
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Traceability of TASA. Figure 2 makes strategy selections and subsequent score improvements
traceable in a representative VRP run. Rebuild precedes improvements near evaluations 8 and 28,
and escape near 16 and 49.

4.3 EFFECT OF THE TOOL PLANNER.

To evaluate the effectiveness of the tool-planning mechanism, we compare our strategy-guided adap-
tive tool planner with random selection and UCB1. As shown in Figure 3] our planner achieves the
highest final scores on both TSP and VRP. On TSP, it rapidly reaches 14.92, whereas Random
and UCBI1 converge to only 13.88 and 13.27. These results support using historical tool gains and
consecutive invocations without improvement to select effective tools for the intended optimization
strategy.

4.4 EFFECT OF TOOL LIBRARY SIZE.

To evaluate the effect of tool-library size, we compare TASA using all tools with variants retaining
one-half or one-quarter of the library. As shown in Figure[d] the full library achieves the best final
scores on both JSSP and VRP, reaching 7.01 and 5.63, respectively. The advantage is especially pro-
nounced on VRP, where using half and one-quarter of the tools yields only 4.42 and 2.95. The larger
tool library provides more problem-specific tools for executing the selected strategies, supporting
the contribution of tool diversity to solution quality.

4.5 EFFECT OF FEEDBACK GRANULARITY.

To evaluate the effect of feedback granularity, we compare Full Feedback with Solution-Level Feed-
back. As shown in Figure [5] Full Feedback achieves higher scores on both BGP and MaxCut. On
BGP, Solution-Level Feedback plateaus by 20th evaluation, whereas Full Feedback continues to im-
prove in subsequent evaluations. On MaxCut, both variants improve until around 40th evaluation
and then change little, but Full Feedback consistently maintains higher scores. These results support
using the optimization trajectory to provide the LLM strategy planner with information about search
progress and stagnation.

5 CONCLUSION

In this paper, we propose TASA, which shifts the role of the LLM from directly generating so-
lutions to planning optimization strategies based on optimization trajectories and executing them
through a strategy-guided adaptive tool planner. Experimental results on eight benchmark problems
demonstrate that TASA provides an effective and traceable framework for LLM-based combinatorial
optimization.
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