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ABSTRACT

LLM-guided evolutionary methods, such as AlphaEvolve, have emerged as pow-
erful approaches for challenging computational optimization problems, such as
circle packing. However, prior work typically optimizes performance gain over a
fixed number of iterations. We argue that practical optimization should maximize
gain per unit cost. To this end, we propose FrugalEvo, a cost-aware evolu-
tionary framework where a stronger, higher-cost LLM explores solution strate-
gies, and a cheaper LLM implements them and iteratively refines the resulting
code. We also design a cache-efficient evolution process, where our harness and
prompts maximize the sharing of prefixes across different evolution steps, to im-
prove cache reuse. To measure solution quality throughout a fixed cost budget, we
introduce Budget-Aware Area Under the Curve (BA-AUC), defined as the area
under the best-so-far evaluation score curve over cumulative LLM cost, up to the
budget. Across 10 mathematical and systems optimization tasks, FrugalEvo
matches or surpasses state-of-the-art baselines, including OpenEvolve, ShinkaE-
volve, AdaEvolve, and EvoX, in final solution quality and achieves higher BA-
AUC on 9 tasks. It also achieves higher average performance than these baselines
on 10 algorithmic optimization tasks from ALE-Bench-Lite. Notably, on circle
packing, FrugalEvo achieves new state-of-the-art performance with GPT-5.6
Terra and Luna for only $1.68 and with GLM-5.3 and its Flash variant for only
$0.55, matching or surpassing all baselines, including multi-agent methods such
as CORAL and SwarmResearch, which cost approximately $50 on averageE]
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(a) Comparison of frameworks. (b) Solution quality vs. cost. (c) Average cost per iteration.

Figure 1: High-level overview of FrugalEvo. (a) compares the FrugalEvo framework with
those of prior work. (b) and (c) evaluate methods on the circle packing task: (b) plots solution
quality against cumulative API cost, and (c) reports the average cost per iteration. FrugalEvo
pairs GLM 5.3 with the cheaper GLM 5.3 Flash, whereas all other methods use GLM 5.3 alone.
Results are averaged over three runs, each given a budget of $1 (USD).

'Code and data are available at https: //github.com/chchenhui/frugalevo,


https://github.com/chchenhui/frugalevo
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1 INTRODUCTION

Rapid advances in large language models (LLMs) have accelerated scientific discovery across di-
verse domains (Feng et al., [2026b; [Liu et al.| |2026a; Wang et al.,[2026). In particular, LLM-guided
evolutionary methods, such as AlphaEvolve (Novikov et al., [2025), OpenEvolve (Sharmal [2025)),
and ShinkaEvolve (Lange et al.| [2026), have shown promise in computational optimization prob-
lems, including mathematics (Glazer et al., |2024), systems (Cheng et al., |2025), and algorithmic
optimization (Imajuku et al.l 2026). These methods typically maintain a pool of high-performing
programs or solutions; they iteratively select a parent from this pool, prompt an LLM to propose a
mutation, and then evaluate the resulting candidate. Progress is often measured as performance after
a given number of evolutionary iterations (Liu et al.,[2026b; (Cemri et al.,2026)), with curves plotted
against the number of LLM-generated candidates or evaluator calls.

However, focusing on performance after a fixed number of iterations may overlook a key practi-
cal constraint in computational optimization: the total cost. This cost may include API fees or
GPU compute costs for LLM inference, CPU compute costs for evaluator execution, and other
CPU/GPU resource costs associated with task execution. On many challenging tasks, Al agents
achieve better performance with more inference-time computation, a phenomenon known as fest-
time scaling (Snell et al.|[2024; Brown et al.|[2024; Muennighoft et al.| [2025). Consequently, higher
performance alone does not establish greater efficiency, as it may simply reflect higher expenditure.
We therefore argue that methods should be assessed by their performance-cost trade-offs and their
ability to maximize solution quality under a fixed cost budget. This shifts the focus from gain per
iteration to gain per unit cost. To measure gain per unit cost, we introduce a new metric, Budget-
Aware Area Under the Curve (BA-AUC), based on the performance achieved at each cost budget.

Next, we propose FrugalEvo, a cost-aware LLM-guided evolutionary framework for computa-
tional optimization. Since LLM inference often accounts for the largest proportion of search costs
in this domain, compared with those of evaluator execution and other CPU/GPU operations, we fo-
cus on improving the cost efficiency of LLM inference. As shown in Figure[Ta] FrugalEvo splits
candidate program generation into two steps and uses two different models to carry them out: a
strong, high-cost LLM explores diverse, promising design strategies, while a weaker, low-cost LLM
implements them as executable programs and iteratively refines the resulting code.

Beyond model collaboration, we design a cache-efficient evolution process for FrugalEvo. In-
ference systems and APIs that support prompt caching can reuse cached key-value (KV) states for
identical prompt prefixes, reducing latency and cost. To facilitate this reuse, we design our harness
and prompts to maximize the sharing of prefixes across different evolution steps, improving cache
reuse.

We evaluate FrugalEvo on 20 tasks spanning mathematical, systems, and algorithmic op-
timization (Section [3). With two model configurations—GPT-5.6 Terra and Luna (OpenAll
20260), and GLM-5.3 and its Flash variant (Z.ai, [2026ajb)—FrugalEvo matches or outperforms
OpenEvolve (Sharmal [2025)), ShinkaEvolve (Lange et al., |2026), AdaEvolve (Cemri et al., [2026),
and EvoX (Liu et al., [2026b) in final solution quality and BA-AUC on 9 of 10 mathematical and
systems optimization tasks. It also achieves the highest average performance across 10 algorithmic
optimization tasks and matches or surpasses the reported AlphaEvolve (Novikov et al., [2025)) re-
sults on all four mathematical tasks with available comparisons. Notably, as shown in Figure
FrugalEvo achieves a sum of radii of 2.63599 on Circle Packing using GLM-5.3 and its Flash
variant for only $0.55, surpassing all baselines, including multi-agent methods which cost approx-
imately $50 on average. Moreover, Figure |lc| shows that FrugalEvo substantially reduces the
average cost per iteration.

In summary, our contributions include:

* We argue that practical LLM-guided evolutionary search in computational optimization should
focus on improving performance gain per unit cost. In this work, we introduce Budget-Aware
Area Under the Curve (BA-AUC) to assess solution quality throughout a fixed LLM cost budget,
complementing evaluation based on final scores.

* We propose FrugalEvo, a cost-aware evolutionary framework that combines strategy explo-
ration by a strong, high-cost model with code implementation and refinement by a low-cost
model, and design a cache-efficient evolution process.
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* We evaluate FrugalEvo on 20 real-world computational optimization tasks. FrugalEvo
matches or surpasses all baselines, including OpenEvolve, ShinkaEvolve, AdaEvolve, and
EvoX, in solution quality and achieves higher BA-AUC on 9 of 10 mathematical and systems
optimization tasks. It also achieves the highest average performance on 10 algorithmic opti-
mization tasks.

2 FRUGALEVO: COST-AWARE PROGRAM EVOLUTION

2.1 PROBLEM FORMULATION

Following prior work (Novikov et al., |2025; [Romera-Paredes et al.l [2024), we formulate LLM-
guided evolutionary search as a program optimization process under a fixed budget.

Candidate Evaluation. Let X denote the program space and let o € X be an initial program,
which is an example given by the task. An evaluator evaluates each candidate z € X and returns a
task-specific score and auxiliary feedback:

E(z) = (s(z),a(x)), E:X - RxA, (1)
where s(z) € R is the task-specific score to be maximized and a(z) € A contains auxiliary feed-
back.

Program Database and Search Context. Evaluated programs and their results are stored in a
program database. Evaluating the initial program x initializes the database as Dy = {(x¢, S0, a0)}.
At iteration ¢, a search strategy S constructs a search context C's(D;) by combining the task de-
scription and analysis with a parent program, sampled reference programs, their evaluation results,
and summaries of previous attempts retrieved from D,. Conditioned on this context, an LLM Gpy,um
generates a new candidate, which is then evaluated:

i1 ~ Grom(- | Cs(Dy)), E(xi41) = (8141, Q41)- 2
The resulting record is added to the database as Dy11 = D; U {(2¢41, St41, ar11)}-

Optimization Goal. As cost is a key factor in determining the practical utility of an approach, we

focus on maximizing solution quality

s =  max s 3)
(z,s,a)€EDp

under a fixed cost budget B.

Budget-Aware AUC. We introduce Budget-Aware Area Under the Curve (BA-AUC) to measure
how efficiently a method improves solution quality within a fixed LLM cost budget. Let ¢(c) denote
the best-so-far evaluation score at cumulative LLM cost c. For a fixed cost budget B, we define

B
BA-AUC(B) :/ q(c) de. 4)
0

To compare all methods over the same cost interval [0, B], we hold the best-so-far evaluation score
constant up to B if a run ends before reaching the budget, and truncate the curve at B if the run
exceeds it.

2.2  OUR APPROACH

Overview. Figure [2| presents an overview of our approach, which proceeds as follows: (1) start-
ing from an initial program, the cold start module establishes an “incumbent”—the best-performing
program found so far—as the parent code for strategy exploration and solution generation; (2) the
context builder combines the problem context, task analysis, and incumbent program with informa-
tion from search memory; (3) the strategy explorer uses a high-cost LLM to propose multiple design
strategies; (4) the solution generator uses a low-cost LLM to implement and refine the proposed
strategies; (5) the search memory updates the search context for the next round of strategy explo-
ration; and (6) the process repeats until the budget is exhausted, returning the best program found.
A detailed algorithm description is provided in Appendix [A] and prompts of strategy explorer and
solution generator can be found in Appendix [D]
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Figure 2: The FrugalEvo framework. It comprises six main components: (1) a cold-start module,
(2) a context builder, (3) a strategy explorer, (4) a solution generator, (5) an evaluator, and (6) a
search memory. Our search memory uses island-based MAP-Elites (Mouret & Clune} 20155 Tanese},
1989) algorithm.

Cold Start. The strategy explorer generates design strategies based on a parent program. Using a
weak initial program as the parent may lead to low-quality strategies and inefficient use of the cost
budget. We therefore introduce a cold-start phase in which a low-cost LLM iteratively refines the
initial program until the evaluation score no longer improves. The best resulting program becomes
the initial incumbent and serves as the parent for the first round of strategy exploration.

Context Builder. The context builder organizes task information and search history to guide strat-
egy exploration. At the start of evolution, the context builder uses a high-cost LLM to analyze the
problem description and evaluator code to identify the optimization objective and evaluation con-
straints. It combines this information with the incumbent program established by cold start and
its evaluation feedback to construct the initial search context. As the search progresses, it updates
the context with the latest incumbent and attempted programs, strategies, and evaluation feedback
retrieved from the search memory, guiding subsequent strategy exploration.

Cache-Efficient Prompt Construction. Specifically, to reduce input-token costs, we construct
cache-efficient prompts by placing shared content at the beginning, enabling prefix reuse through
API prompt caching}’| To maximize prefix reuse between attempts, each prompt begins with fixed
content (task instructions, output requirements, etc.). This is followed by information which changes
less frequently, e.g., contextual examples, with island-best and elite programs appearing first before
randomly sampled programs, lastly followed by frequently changing information, preserving the
maximum amount of shared prefix across successive attempts. Additionally, feedback from each
attempt is appended to the end of the prompt, allowing cache usage.

Strategy Explorer. Since algorithmic design can substantially affect solution quality, we use a
strong, high-cost LLM to explore diverse design strategies. Given the search context, including the
parent program, evaluation feedback, and previously explored strategies, it proposes multiple dis-
tinct strategies in a single API call. Each strategy provides a concrete plan for modifying the parent
program, explaining what to change, why it may improve performance, and what computational lim-
its to follow. The proposed strategies are then passed to the solution generator for implementation
and refinement.

Solution Generator. The solution generator uses a low-cost LLM to implement and refine the
proposed strategies. It first generates one trial implementation per strategy and ranks the strategies

2A couple of LLM API providers support prompt caching, allowing repeated prompt prefixes to be reused
at a lower input-token cost; e.g., OpenAl: https://developers.openai.com/api/docs/guides/
prompt—-caching.


https://developers.openai.com/api/docs/guides/prompt-caching
https://developers.openai.com/api/docs/guides/prompt-caching
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by their evaluation scores. It then follows this ranking to select strategies for further refinement.
Each refinement round fixes one strategy and the current incumbent as the parent program, allow-
ing up to M sequential implementation attempts. Each attempt is evaluated, and feedback from
unsuccessful attempts informs subsequent prompts while the parent remains unchanged. As soon
as an attempt improves the incumbent, the round ends, the improved program becomes the new in-
cumbent, and another round begins with the same strategy and the updated parent. If a round ends
without improvement, the generator moves to the next strategy.

Evaluator and Search Memory. The evaluator assesses each generated candidate program using
task-specific scoring functions. Search memory uses island-based MAP-Elites (Mouret & Clune}
2015; |Tanese, |1989) to maintain program diversity. It stores candidate programs and their evaluation
results, along with proposed strategies, the results of strategy attempts, and failure feedback. The
evolution process stops when the remaining budget cannot cover further LLM calls and returns the
best program found.

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

Tasks. We evaluate FrugalEvo on 20 real-world optimization tasks, including 5 mathemat-
ics optimization problems (Sharma) [2025)), 5 systems optimization tasks from the ADRS bench-
mark (Cheng et al., [2025), and 10 algorithmic optimization problems from ALE-Bench-Lite (Ima-
juku et al., [2026). Benchmark details are provided in Appendix [B]

Baselines. We compare FrugalEvo against strong LLM-guided evolutionary methods, includ-
ing OpenEvolve (Sharmal [2025), ShinkaEvolve (Lange et al.|[2026)), AdaEvolve (Cemri et al.,|2026),
and EvoX (Liu et al.,[2026b). For mathematical tasks, we additionally report state-of-the-art results
from AlphaEvolve (Novikov et al.l 2025).

Model Configurations and Budget. We use two model configurations in our evaluation. In the
first configuration, FrugalEvo uses GPT-5.6 Terra (OpenAl 2026) for strategy generation and
GPT-5.6 Luna (OpenAl [2026)) for code implementation and refinement, while all four baselines
use GPT-5.6 Terra. Each run receives an LLM cost budget of $2 per run for mathematical opti-
mization tasks and $1 for systems and algorithmic optimization tasks. In the second configuration,
FrugalEvo uses GLM-5.3 (Z.ai,|2026a) for strategy generation and GLM-5.3 Flash (Z.ai1, |2026b)
for implementation and refinement, while other baselines use GLM-5.3. The corresponding budgets
are $1 for mathematical tasks and $0.5 for systems optimization tasks. Model Pricing details are
provided in Appendix

3.2 MAIN RESULTS

Results on Math Optimization Tasks. We evaluate five tasks spanning geometric packing, ex-
tremal geometry, distance-ratio minimization, and multi-objective signal filtering. As shown in Ta-
ble|l} FrugalEvo achieves the highest mean BA-AUC on all five tasks under both model config-
urations. It also achieves the best or comparable mean performance on all five tasks using GPT-5.6
Terra and Luna and four using GLM-5.3 and the Flash variant. Compared to the strong reported
results in the closed-source AlphaEvolve, FrugalEvo matches or exceeds AlphaEvolve on four
tasks, including Circle Packing, Heilbronn Convex (13), Heilbronn Triangle, and Min-Max-3.

Solution Analysis. Beyond aggregate scores, FrugalEvo discovers qualitatively distinct solu-
tions across different tasks. On Circle Packing, it finds a packing with a total radius of 2.635996
by evolving five-row layouts with asymmetric displacements, refining them through constrained
SLSQP optimization and fixed-center radius linear programming, and applying small radius in-
creases within the evaluator’s tolerance.

Figure 3] visualizes the solutions discovered by FrugalEvo and compares them with the initial
program on Circle Packing. It shows that FrugalEvo improves the sum of radii on Circle Packing
from 0.95976 to 2.635996 using GPT-5.6 Terra and Luna for $1.68, and to 2.635990 using GLM-5.3
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Table 1: Results on mathematical optimization problems. We report mean + sample standard
deviation and best scores over three independent runs. “(1)” means the higher the better, while
“(J)” means the lower the better. Bold indicates the best result for each metric within each task
and model configuration. Light green highlights the best performance within each task across both
model configurations.

GPT-5.6 Terra/Luna ($2) GLM-5.3/Flash ($1)
Method Avg. Best BA-AUC@2 Avg. Best BA-AUC@1
Circle Packing (1)  AlphaEvolve: 2.635000
OpenEvolve 2.634206i0_0015 2.635983 1-9709i0.0007 2.555418i0_0321 2.598002 0.9438i0_0157
ShinkaEvolve 2.630981i0‘0003 2.631285 1.9653i0_0093 2.5048443:0_0837 2.615012 0.9280i00259
AdaEvolve 2.63251410.0031 2.634305 1.965310,0039 2.618077i0_0088 2.628041 0-937510,0162
EvoX 2.63542010 0010  2.635983  1.9549.0 0205  2.5991421004314  2.630972  0.949710.0337
Fl'l.lga]EVO 2.635989i0,0000 2.635996 1-9925i0,0028 2.635422i00003 2.635990 0~9939i0.0039
Signal Processing (1)
OpenEvolve 0~55003i0.0264 0.58045 1~0802i0.0308 0.66438i0,0746 0.74245 0-6297i0.0662
ShinkaEvolve 0‘5560410_0301 0.59012 10854*0_025] 0.66246:&0_0475 0.71555 0.630510_0321
AdaEvolve 0472031i0.()224 0.73677 1-2520i0.0225 U.67621i0_04)68 0.68281 0.631514)_0036
EvoX 0.64383+0.0377 0.66574  1.1706-0.0428 0.67441+0.0535 0.70925  0.6401+0.0600
FrugalEvo 0-77791i0.0145 0.78912 1~4819i0.0308 0.78404i0_0034 0.78641 0~7539i0.0068
Heilbronn Convex (13) (1)  AlphaEvolve: 0.03094
OpenEvolve 0-02314i0.0024 0.02553 1~3757i0.1146 0.02854i0_0021 0.03077 0.8666i0_0498
ShinkaEvolve 0402450i()‘0028 0.02769 1.44993:0_1325 0-02453j:0.0028 0.02758 0.6531i()‘17/13
AdaEvolve 0.0234910,0011 0.02470 1-422410.0348 0.0279710,0021 0.03024 0.837110,0950
EvoX 0.02248 100002 0.02262  1.384010.0555  0.0289610.000s  0.02985  0.827940.0208
Fl'l.lga]EVO 01)275110.0005 0.02781 1-7405i0,0393 0-03079i00002 0.03094 0.9614i0,0073
Heilbronn Triangle (T)  AlphaEvolve: 0.03653
OpenEvolve 0~03417i0.0034 0.03653 1~7517i0.1833 0-03139i0.0042 0.03598 0.7256i0,1359
ShinkaEvolve 0‘0303010_0004 0.03061 14825;“)_0819 0.03051:&0_0010 0.03168 0.756110_0255
AdaEvolve 0.03077+0.0019 0.03273  1.5951+0.0485 0.03337+0.0010 0.03456  0.8192.0.0505
EvoX 0.03188400041  0.03653 1.6444.02031 0.03486.00016 0.03617  0.8316.40.0260
FrugalEvo 0-03480i0.0008 0.03568 1.8733i0_0132 0.03463i0_0017 0.03653 0.8659i0_0893
Min-Max-3 ()  AlphaEvolve: 4.165850
OpenEvolve 4.165783i0_0000 4.165783 1.9602i0_0025 4.168021i0_0039 4.165783 0'974Oi0.0180
ShinkaEvolve 4.166404i0‘0011 4.165783 1-9356i0_0096 4.1678563:0_0019 4.165783 0-9737i()‘0043
AdaEvolve  4.165783.0.0000 4.165783 1.9464. 00117 4.165784400000 4.165783 0.982010 0079
EvoX 4165783100000 4.165783 1.9419,00020 4.16658310.0014 4.165783 0.979810. 0051
Fl'l.lga]EVO 4.165783i0.0000 4.165783 1-9769i0,0159 4.165783i00000 4.165783 0.9956i0,0004
1.0 1.0 1.0
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Initial program
sum_radii = 0.959764217

GPT5.6 Terra+Luna
sum_radii = 2.635996082
Cost to best = $1.679599

GLM5.3+Flash
sum_radii = 2.635990087
Cost to best = $0.549490

Figure 3: Visualization of FrugalEvo solutions on the circle packing task. Left: initial program;
Middle: FrugalEvo solution generated by GPT-5.6 Terra and Luna; Right: FrugalEvo solution
generated by GLM 5.3 and its Flash variant.

and its Flash variant for $0.55. These results are better than or comparable to those of CORAL (Qu
et al., 2026) and SwarmResearch (Virk et al., 2026), which cost approximately $50 on average to
achieve 2.635985 and 2.635996, respectively, demonstrating substantial cost savings.



Preprint

Table 2: Results on systems optimization problems. We report mean + sample standard deviation
and best scores over three runs. “(1)” means the higher the better, while “(])” means the lower the
better. Bold indicates the best result for each metric within each task and model configuration. Light
green highlights the best performance within each task across both model configurations.

GPT-5.6 Terra/Luna ($1) GLM-5.3/Flash ($0.5)

Method Avg. Best BA-AUC@1 Avg. Best BA-AUC@0.5
EPLB (1)

OpenEvolve 0.1346i0_00g7 0.1457 0~1291i0.0006 O~1352i0.0101 0.1468 0~0672i0.0046
ShinkaEvolve 0A1348i0_0097 0.1460 0~1314i0.0044 0-1404i0.0094 0.1469 0.0678i0,0027
AdaEvolve 0.1295:&0,0004 0.1297 0.129310,0003 0‘12911040012 0.1298 0.0643:&0,0005
EvoX 0.1355+0.0099 0.1470 0.1320+0.0044 0.1294+0.0006 0.1298 0.0641+0.0002
FrugalEvo 0-1435i0.0058 0.1471 0.1408:{:0‘0047 0-1471i0.0003 0.1473 0~0724i0.0008
PRISM (1)

OpenEvolve 26.2307i0_0400 26.2560 25~9249i0.0995 26.2560i0_0000 26.2560 1249947i0.0447
ShinkaEvolve 26~2136i0.0276 26.2332 25~9399i0,1104 26.25603:0‘0000 26.2560 12~8018i0.1138
AdaEvolve 25-9493i0.l707 26.0818 25~1931i0.4972 26.2539i040035 26.2560 12.8213i0.1775
EvoX 258464103363 26.2200 24.9843 105605  26.2217400504 26.2560 12.721510.2384
FrugalEvo 26.256010.0000 26.2560 26.069510.1344 26.2560*0.0000 26.2560 13.1117:&0.0030
LLM-SOL (1)

OanEVOIVC 047165100010 0.7175 0.6263i0‘0258 0.7262i()‘0()52 0.7296 0~3349i0‘0044
ShinkaEvolve 0‘720410.0058 0.7271 0.681810,0077 0‘723610,0066 0.7307 0.3397:&0,0121
AdaEvolve 047190i0.0004 0.7193 0.6502i0_0047 0~7259i0.0076 0.7321 04337410.0064
EvoX 0.7183+0.0009 0.7192 0.642640.0319 0.7239+0.0084 0.7302 0.3370-+0.0080
FrugalEvo 0-7248i0.0085 0.7313 0.7161i040057 0‘7336i0_0009 0.7346 0.3566i0v0121
Cloudcast (|)

OanEVOIVC 618.103:{:0.000 618.103 0'1572i0‘0021 637.112i17,314 627.100 0~0702i0.0063
ShinkaEvolve 618.098i0_004 618.093 0.1568i0,0027 725.286i]9'8]0 705.094 0~0575i0.0069
AdaEvolve 618.098in_000 618.098 0.1578i0_0003 7851771216.772 627.132 040622i0.0126
EvoX 618.10310.000 618.103 0.157210,0015 630.02619,204 622.617 0.063810,0087
FrugalEvo 618.09310.016 618.075 0.1565+0.0016 622.601:4506 618.098 0.07761¢.0013
Transaction Scheduling (1)

OpenEvolve 4091‘92:&159_15 4237.29 3893.721150.82 4052‘411193.96 4291.85 1971‘43:&130,54
ShinkaEvolve 4023.16i203_94 4149.38 3734462i111.63 3952-25i240.14 4115.23 1840.84i71_76
AdaEvolve 3858.513:119‘85 3984.06 3720-02i38.42 4047-19i237,88 4255.32 1955-27;{:9&63
EvoX 3913.304271.06  4219.41  3674.87+4162.07  3975.20496547 4184.10  1800.25+116.93
FrugalEvo 4252-11i110.39 4405.29 4133*73i124.12 4288.01i98_33 4366.81 2107-07i42.86

Moreover, on Signal Processing, FrugalEvo reaches 0.78912 by adaptively blending Sav-
itzky—Golay, Butterworth, and spectral filters while suppressing minor reversals. On Heilbronn
Convex (13), FrugalEvo matches AlphaEvolve through multistart hill climbing, linear program-
ming refinement, and convex-hull area reduction. These results indicate the effectiveness of our
approach: using a stronger model to explore strategies and a weaker model to iteratively refine
solutions.

Results on Systems Optimization Tasks. Table [2]reports results on five real-world systems opti-
mization tasks from the ADRS benchmark (Cheng et al.,|2025)). It shows that FrugalEvo achieves
the best or comparable mean and best performance on all five tasks under both model configurations,
with the highest mean BA-AUC on four tasks.

Qualitatively, FrugalEvo discovers effective approaches to systems optimization. On EPLB, it
achieves a score of 0.1473 with an expert load-balancing algorithm that combines greedy expert
replication, load-aware block assignment, and pairwise swap refinement. On Transaction Schedul-
ing, it achieves a combined score of 4405.29 with a scheduler that combines multistart regret-guided
insertion, exhaustive local window reordering, and transaction relocation to reduce makespan.

Results on Algorithmic Optimization Tasks. We evaluate FrugalEvo on 10 algorithmic opti-
mization tasks from ALE-Bench-Lite (Imajuku et al.| 2026)), derived from AtCoder Heuristic Con-
tests, and report the results in Figure 4] Following prior work (Lange et al.| 2026), all methods
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Figure 5: Best-so-far score curves on signal processing, heilbronn convex, and transaction schedul-
ing. FrugalEvo uses GPT-5.6 Terra and Luna, while the baselines use GPT-5.6 Terra. The top
row shows mean trajectories across three runs, and the bottom row shows the trajectory of the best-
performing run for each method. BA-AUC values are printed along with method names.

start from solutions produced by ALE-Agent (Imajuku et al.|[2026) and are evaluated using private

SCOres.

As shown in Figure [d] FrugalEvo achieves the highest
score of 1924.9, outperforming strong baselines OpenEvolve
(1887.5) and AdaEvolve (1881.9). It discovers diverse al-
gorithmic optimization solutions. On AHCO016 (graph clas-
sification), FrugalEvo constructs graphs from disjoint
cliques and their complements, identifying noisy graphs by
comparing the sorted numbers of neighbors per vertex with
noise-adjusted expectations. On AHC027 (cleaning route),
FrugalEvo uses dirt accumulation rates, time since the last
visit, and travel distances to plan routes that revisit areas re-
quiring more frequent cleaning.
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Performance-For-Cost Curves. To compare cost effi- -0 o across 10 ALE-Bench-Lite

ciency, we plot performance-for-cost curves of different (1o pry galEvo uses GPT-5.6
methods on Signal Processing, Heilbronn Convex (13), Terra and Luna and other baselines
and Transaction Scheduling. ~ As shown in Figure [3] use GPT-5.6 Terra. The budget is $1.
FrugalEvo establishes a clear performance advantage

within the first $0.2 on all three tasks and maintains it throughout the remaining search. Its higher
mean BA-AUC values on all three tasks further quantify this advantage over the cost interval. These
results indicate that FrugalEvo achieves higher search efficiency within a given cost budget.

3.3 ABLATIONS

In this section, we present ablation studies on key components of FrugalEvo (model collaboration,
cold start, and sequential feedback in code refinement) and the results are shown in TableEl

Impact of Model Collaboration. Our framework assigns strategy exploration and solution gen-
eration to different models to improve search efficiency. As shown in Table[3] using either the high-
cost or low-cost model for both stages yields lower mean and best performance than FrugalEvo on
both tasks under the same cost budget. In particular, using only the high-cost model leads to a larger
drop in mean performance, possibly because implementation calls consume a substantial portion of
the budget, leaving less for further exploration. Moreover, using only the low-cost model reduces the
best final score, particularly on Signal Processing. This may be because the low-cost model is less
effective at identifying promising strategies. These results suggest that combining strategy explo-



Preprint

ration by a strong, expensive model with low-cost code implementation improves search efficiency
under a fixed cost budget.

Impact of Cold Start and Sequential Feedback. We Table 3: Ablation results with GPT-5.6
introduce a cold-start phase to provide a stronger initial in- Terra and Luna.
cumbent for strategy exploration. As shown in Table [3]

removing this phase and using the initial program directly = Method Performance Avg. Best

as the parent reduces both mean and best performance on  ¢jrcre packing (1)

both tasks. This suggests that refining the initial program FrugalEvo 2.635989.10.0000 2.635996
. _ . _ : - Terra + Terra 2.632278+0.0063 2.635983

Wlth a low cost model is a cost effective way to SUPPOTt "y i+ Luna 2634565 10 0me 2635083

high-quality strategy exploration. Moreover, we also in-  wio cold start 2.6324170.001  2.635983

corporate sequential feedback into code refinement in the W/oseqfeedback ~ 2.633659+0.0021  2.635996
solution generator. Removing this feedback lowers mean  Signal Processing (1)

. P FrugalEvo 0.7779110.0145 0.78912
performance and increases the standard deviation across i e 0.6853410 00 0.70706
runs, suggesting that feedback from earlier attempts helps - Luna + Luna 0.74865.0.0097 0.75973
the low-cost model refine programs more effectively and ~ W/o cold start 0.75576x0.000 077973

wi/o seq feedback 0.76072-0.0200 0.77438

improves search stability.

4 RELATED WORK

LLM-Guided Evolutionary Methods. Recent work combining LL.Ms with evolutionary search
has produced notable results (Agrawal et al., 2026; Novikov et al.| |2025)) for mathematical (Feng
et al., 2026cidib), algorithmic (Mang et al., 2025)), and systems (Cheng et al., |2025) optimization.
For example, FunSearch (Romera-Paredes et al., [2024) combines LLM generation with automated
evaluation to evolve mathematical solutions. AlphaEvolve (Novikov et al., [2025) extends this ap-
proach from evolving individual functions to larger programs. Subsequently, OpenEvolve (Sharmal
2025) and CodeEvolve (Assumpcao et al., |2025) provide open-source frameworks, and ShinkaE-
volve (Lange et al.,[2026)) introduces a sample-efficient evolution method. ThetaEvolve (Wang et al.,
2025)) and TTT-Discover (Yuksekgonul et al.,2026) apply Reinforcement Learning (RL) to improve
the LLM generator at test time. More recently, AdaEvolve (Cemri et al.,|2026) and EvoX (Liu et al.}
2026b) adapt the search process, while SwarmResearch (Virk et al.l [2026) and CORAL (Qu et al.,
2026) coordinate multiple coding agents to improve search performance. These methods focus on
performance gains over a fixed number of iterations, while our work emphasizes gain per unit cost.

Cost-Efficient LLM Inference. Prior work explores LLM cascades (Chen et al., [2023), rout-
ing (Ong et al.| [2025; Feng et al.l 2026a)), reflection (Agrawal et al., [2026; Zhang et al.| 2026a),
and caching (Zhang et al.| | 2026b) to improve cost efficiency. For instance, Frugal GPT (Chen et al.,
2023)) learns model cascades to balance cost and accuracy, while RouteLLM (Ong et al.,[2025)) learns
to route queries between strong and weak models using preference data. For scientific discovery,
SimpleTES (Ye et al., 2026) post-trains an open-source model for long-horizon Al discovery by
assigning each attempt the final outcome of the trajectory it helped produce. Meanwhile, Squeeze
Evolve (Maheswaran et al.,[2026) coordinates multiple models for verifier-free evolution using mod-
els” own confidence signals, such as token log-probabilities. Our approach allocates model capa-
bility based on the characteristics of computational optimization tasks, without additional model
training or access to token-level probabilities.

5 CONCLUSION

We introduce FrugalEvo, a cost-aware LLM-guided evolutionary framework for computational
optimization, that combines strategy exploration by a strong, high-cost model with code implemen-
tation and refinement by a low-cost model, and design a cache-efficient evolution process. To assess
solution quality throughout a fixed cost budget, we propose Budget-Aware Area Under the Curve
(BA-AUC). Across diverse real-world computational optimization tasks, FrugalEvo matches or
surpasses all baselines in solution quality and achieves higher BA-AUC on the majority of tasks.

Limitations and Future Work. FrugalEvo splits candidate program generation in computa-
tional optimization tasks into two steps and assigns them to two different models. This design is
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tailored to settings where both solution generation and evaluation take place entirely within a code
environment, so that candidates can be executed and scored automatically. As a result, our method
does not readily extend to scientific domains that require interaction with the physical world, such
as biology, where evaluating a solution may involve wet-lab experiments that cannot be automated
through code execution. Moreover, guiding the model to explore effective strategies relies on care-
fully crafted instructions. Our current instructions are manually designed for computational opti-
mization tasks rather than automatically derived from each task. Finally, future work includes ex-
tending this approach to other domains that require interaction with the physical world, and develop
methods that automatically generate strategy exploration instructions.

Al USE STATEMENT

In preparing this submission, we used LLMs as general-purpose writing assistants and coding agents
to implement the algorithm and run experiments. The human authors were responsible for the entire
research process, including initial ideation, experimental design, and data analysis. For the experi-
ments, the authors first developed an experimental plan and prepared the codebase and datasets, then
instructed coding agents to implement the proposed method and execute the experiments. During
writing, the authors drafted each section, including all core ideas and technical details, and used
LLMs to improve clarity, coherence, and grammar. All scientific claims and findings presented in
this paper originate from the authors, who take full responsibility for the final content.

ETHICS STATEMENT

Our work adheres to the ICLR Code of Ethics. The primary ethical considerations for this research
involve the use of solutions generated by our algorithm across 20 optimization tasks. Although as-
sessed by task evaluators, these solutions have not been validated by human experts and are intended
for research reference only.

REPRODUCIBILITY STATEMENT

We are committed to ensuring the reproducibility of our research. To this end, we will publicly
release all code, data, and supplementary materials upon publication.
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A ALGORITHM DESCRIPTION

Algorithm [T|describes our algorithm, which mainly contains four phases: (1) cold start, (2) strategy
exploration, (3) initial code implementation and strategy ranking, and (4) iterative code refinement.

Algorithm 1 FrugalEvo: Cost-aware LLM-guided program evolution

Require: Budget B; task d; evaluator E'; packages P; evaluated database D
Require: High-cost LLM Gj,; low-cost LLM G;; opening cap Ny; strategy count K; round cap M
Require: Consecutive-invalid limit F'; tolerance ¢; flags Iy, I ef
I: H 4 @ 2% < argmaxzep,,,, S(€)
Phase I: Cold start
2: (D, x*) < COLDSTARTANDCHEAPCLIMB(G;, D, x*, No, M, F, ¢, I, B) > Cheap search
until stalled

3: A < ANALYZEONCE(G,d, E, P, B) > Cache evaluator and task analysis

4: while BUDGETAVAILABLE(B) do > New strategy portfolio
Phase II: Strategy exploration

5: Z < 2*; C <~ CONTEXT(D, 7) > Build search context

6: ({S:}r_|, Z1et) « EXPLORE(G),, Z,C, H, A, K, Let, B) > Propose K strategies

7: (D,x*,%,C,H) < PROCESSREFERENCE(Zyef, D, 2*,Z,C, H, €) > Evaluate reference;

use as shared parent if improved
Phase I1I: Initial code implementation and strategy ranking
8: (T,q,D,z*) + PARALLELTRIALS(G, {S;}¥_,,%,C,D,2*, B) © One trial per strategy;
shared parent
9: H < RECORDTRIALS(H, T ); m < StableArgsort,;(—g;) > Rank strategies by trial scores
Phase IV: Iterative code refinement
10: forj=1,...,kdo

11: while BUDGETAVAILABLE(B) do

12: b« s(a*) > Cache the incumbent score

13: (R,D,x*) +~ SEQUENTIALIMPROVE(G), Sy (), D,x*, M, F, ¢, B) >Upto M
attempts; end round on improvement

14: A < s(2*) — by H < RECORD(H, Sy(;), R, A) > Record global improvement

15: if A < ¢ then

16: break > Move to the next strategy

17: end if

18: end while

19: end for

20: end while
21: return x*

13
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B BENCHMARK DETAILS

We evaluate FrugalEvo on 20 optimization problems spanning mathematical optimization (5
problems), systems optimization (5 problems), and algorithmic challenges (10 problems).

B.1

MATHEMATICAL OPTIMIZATION

Table 4: Mathematical optimization tasks.
FrugalEvo, including geometric optimization and signal processing problems.

Summary of optimization tasks used to evaluate

Problem

Objective

Description

Circle Packing (Square)

Signal Processing

Heilbronn Convex (n = 13)

Heilbronn Triangle (n = 11)

Min-Max Distance Ratio
(3D)

26

Maximize
composite score

max Amin /Ahull

max Amin/Ar

maX(dmin/dmax)2

Pack 26 circles with variable radii into the unit square,
maximizing the sum of their radii subject to
non-overlap and containment constraints.

Filter noisy, non-stationary time series, balancing
directional reversals, recent and overall tracking errors,
false reversals, correlation with the clean signal, noise
reduction, and run success across five test signals.
Arrange 13 points in the plane to maximize the
smallest triangle area over all point triples, normalized
by the area of the convex hull of all 13 points.

Place 11 points inside or on a fixed equilateral triangle
of side length one, maximizing the smallest triangle
area over all point triples, normalized by the container
area Ar = +/3/4.

Arrange 14 points in three-dimensional Euclidean
space to maximize the squared ratio of the minimum to
maximum pairwise Euclidean distance, without a
prescribed bounding region.

B.2 SYSTEMS OPTIMIZATION

Table 5: Systems optimization tasks. Benchmarks drawn from ADRS-Bench (Cheng et al.|[2025),
capturing realistic optimization problems from production systems.

Problem

Objective

Description

EPLB (Expert Parallelism
Load Balancer)

PRISM (GPU Model
Placement)

LLM-SQL (Prefix Caching)

Cloudcast (Multi-Cloud
Broadcast)

Transaction Scheduling

Maximize
composite score

Minimize max
KV-cache
pressure
Maximize cache
reuse and speed

Minimize total
cost

Minimize
makespan

Replicate and place MoE experts across GPUs using
recorded expert loads, balancing load across expert
replicas while reducing rebalancing and simulation
runtime.

Assign models to GPUs under memory constraints,
minimizing the maximum ratio of SLO-weighted
request load to memory remaining for the KV cache.
Optimize column orderings when serializing table
rows into LLM prompts, maximizing shared-prefix
cache hits while minimizing reordering runtime across
five datasets.

Construct partitioned broadcast routes from one source
region to multiple destinations, exploiting shared relay
paths to reduce egress and instance costs under
heterogeneous bandwidths and pricing.

Order transactions with read—write and write—write
conflicts on shared data items to minimize total
simulated makespan across three workloads.
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B.3 ALGORITHMIC CHALLENGES

Table 6: Algorithmic optimization tasks. Summary of the 10 algorithmic optimization problems
from ALE-Bench-Lite (Imajuku et al., 2026), drawn from AtCoder Heuristic Contests, used to eval-

uate FrugalEvo.

Problem / Category Count  Description

ahc008 (Territory) 1 Build partitions to maximize humans’ reachable space while
reducing the number of pets sharing it.

ahc011 (Sliding Puzzle) 1 Slide tiles to form the largest tree; minimize moves once all
tiles are connected.

ahc015 (Candy Clustering) 1 Tilt a box to cluster candies by flavor, maximizing the sum of
squared cluster sizes.

ahc016 (Graph Classification) 1 Design graphs robust to edge noise and vertex relabelling,
balancing classification errors against graph size.

ahc024 (Map Compression) 1 Minimize occupied map cells while preserving district
connectivity and all adjacencies, including the exterior.

ahc025 (Weight Balancing) 1 Partition items of unknown weight using limited balance
queries; minimize variation in group weights.

ahc026 (Box Stacking) 1 Rearrange box stacks to remove boxes in increasing label order
with minimum relocation energy.

ahc(027 (Cleaning Route) 1 Find a closed route covering every grid cell to minimize
average dirt under repeated traversal.

ahc039 (Fishing Net) 1 Enclose mackerels while avoiding sardines using a simple
rectilinear polygon under perimeter and vertex limits.

ahc046 (Skating with Blocks) 1 Visit targets in order with minimum actions using steps, slides,

and block placement or removal.

C MODEL PRICING

We present the token prices for the two model configurations used in our experiments: GPT-5.6-
Terra with GPT-5.6-Luna, and GLM-5.3 with GLM-5.3-Flash in Table[7}

Table 7: Model pricing. Prices were retrieved from the official OpenAl website and OpenRouter on
September 4, 2026, for the GPT and GLM models, respectively. All prices are in USD per million

tokens.
Model Input Output Cache Read Cache Write
GPT-5.6-Terra $2.00 $12.00 $0.20 $2.50
GPT-5.6-Luna $0.20 $1.20 $0.02 $0.25
GLM-5.3 $1.15 $3.50 $0.10 —
GLM-5.3-Flash ~ $0.075 $0.25 $0.015 —

D PROMPTS

Below are the prompts used for strategy exploration and code implementation and refinement.
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Strategy Exploration Prompt

You are the strategy designer for a program-evolution system.
Propose exactly {K} distinct strategies to improve the current
program's evaluated score.

Inputs:

— Task specification and validity constraints

— Current program and evaluated metrics

- Evaluator-aware guidance, when available

- Previous strategies, implementation results, and failures

Each strategy must describe:

1. Mechanism family: a short identifier for the approach.

2. Replacement scope: the function, phase, or block to replace.

3. Compute budget: explicit limits on additional computation.

4. Gain mechanism: the bottleneck addressed or new degree of
freedom introduced.

Propose different mechanisms, not variations in random seeds,
tolerances, or iteration counts. For K >= 3, include local
refinement, subsystem replacement, and structural exploration.
Use previous results to avoid repeating exhausted approaches.

Make every plan self-contained and immediately implementable.
Preserve public interfaces and hard validity constraints.

Do not rely on unavailable tools, fabricated data, or an
unspecified future optimization step.

Explain why the proposed change can improve the actual scoring
objective. Compare quantities on the same scale. End each plan
with a concise gain check: either a justified score estimate
or a testable hypothesis tied to a specific new mechanism.

A fallback or an accept-only-if-better rule is not itself
evidence of improvement.

Return each strategy in this format:

<STRATEGY_TITLE> [mechanism-family] short title</STRATEGY_TITLE>
<STRATEGY>

Mechanism family:

Replacement scope:

Compute budget:

Gain mechanism:

Implementation plan and expected-gain check.

</STRATEGY>

When requested, also return one complete, executable portfolio
reference program in <REFERENCE_IMPLEMENTATION> tags.

It is an independent candidate, not assigned to any strategy.
Keep program code outside the strategy blocks.

g J

Code Implementation and Refinement Prompt

You are the implementation model in a program-evolution system.
Implement the supplied strategy to improve the current program.

Inputs:

- Task specification and validity constraints

- Current parent program and evaluated metrics

- Strategy to implement

— Previous implementation feedback, when available

Implement the strategy faithfully. Replace the specified
mechanism and remove superseded code when safe. Do not
substitute an unrelated idea, make only a cosmetic change,
or append another complete optimization pipeline.

Ensure that the new mechanism executes on the normal return
path. Preserve public interfaces, permitted edit boundaries,
and hard validity constraints. Keep added computation within
the strategy's budget. A valid fallback may be retained, but
returning only the fallback does not implement the strategy.

If the parent already implements the proposed mechanism,
refine that mechanism rather than adding a duplicate.

Check dimensions, data types, mutability, API calls, and
consistency between function definitions and call sites.

For a pilot implementation, build the smallest executable
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version that exercises the strategy's distinctive mechanism.

For subsequent refinement attempts, use evaluated metrics and
errors to repair failures or revise unsuccessful choices.

Do not repeat failed patches or merely change random seeds.
For timeouts, reduce work or replace the expensive stage while
preserving the strategy's gain mechanism.

Return code in the required output format. For SEARCH/REPLACE
edits, copy each SEARCH block exactly from the current parent
and ensure that it matches uniquely. Previous attempts do not
replace the parent as the edit target.

When repairing a supplied failing program, return a complete,
coherently corrected program rather than a diff against the
failed attempt.
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