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Abstract001

Self-evolution methods enhance code genera-002
tion through iterative “generate-verify-refine”003
cycles, yet existing approaches suffer from low004
exploration efficiency, failing to discover solu-005
tions with superior complexity within limited006
budgets. This inefficiency stems from initial-007
ization bias trapping evolution in poor solu-008
tion regions, uncontrolled stochastic operations009
lacking feedback guidance, and insufficient ex-010
perience utilization across tasks. To address011
these bottlenecks, we propose Controlled Self-012
Evolution (CSE), which consists of three key013
components. Diversified Planning Initializa-014
tion generates structurally distinct algorithmic015
strategies for broad solution space coverage.016
Genetic Evolution replaces stochastic opera-017
tions with feedback-guided mechanisms, en-018
abling targeted mutation and compositional019
crossover. Hierarchical Evolution Memory cap-020
tures both successful and failed experiences at021
inter-task and intra-task levels. Experiments022
on EffiBench-X demonstrate that CSE consis-023
tently outperforms all baselines across various024
LLM backbones. Furthermore, CSE achieves025
higher efficiency from early generations and026
maintains continuous improvement throughout027
evolution.028

1 Introduction029

Code generation has emerged as a critical applica-030

tion of Large Language Models (LLMs) (Comanici031

et al., 2025; Achiam et al., 2023; Cai et al., 2024;032

Dubey et al., 2024; Team et al., 2025; Guo et al.,033

2025), with models demonstrating impressive capa-034

bilities in producing functionally correct solutions035

for programming tasks (Chen, 2021; Jiang et al.,036

2024; Dong et al., 2025; Wang et al., 2025a; Hui037

et al., 2024; Wang et al., 2024, 2025b). Early ap-038

proaches relied on single-turn generation, where039

models directly produce complete solutions from040

problem specifications (Luo et al., 2023; Wei et al.,041

2024). While achieving reasonable success on sim-042

ple tasks, this paradigm struggles with complex043

(a) Existing Method.

(b) Controlled Self-Evolution (CSE).

Figure 1: Controlled Self-Evolution (CSE) improves
exploration efficiency. (a) Existing self-evolution
wastes budget on low-quality regions due to initializa-
tion bias, uncontrolled evolution and repeated failure.
(b) CSE guides exploration toward higher-quality solu-
tions through diversified initialization, controlled evolu-
tion, and experience reuse.

algorithmic problems and lacks mechanisms to in- 044

teract with execution environments or leverage veri- 045

fication feedback. To address these limitations, self- 046

evolution methods (Gao et al., 2025; Fang et al., 047

2025) have emerged as a promising paradigm that 048

enables iterative “generate-verify-refine” cycles: 049

models start from initial solutions, execute code 050

against test cases, analyze feedback signals (e.g., 051

failed tests, performance bottlenecks), and generate 052

improved variants. Methods such as AlphaEvolve 053

(Novikov et al., 2025) and SE-Agent (Lin et al., 054

2025) have demonstrated that treating code gen- 055

eration as a feedback-driven search process can 056

substantially enhance code quality. 057

Ideally, with unlimited computational resources, 058

we could allow these self-evolving agents to ex- 059

plore extensively until reaching optimal solutions 060

that are not only functionally correct but also ex- 061

hibit superior time and space complexity. How- 062
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ever, practical deployment scenarios impose strict063

resource constraints. In real-world applications,064

extensive multi-turn inference incurs prohibitive065

computational costs and latency. This creates a066

fundamental tension: we need methods that can067

discover high-quality solutions, measured not just068

by correctness but by algorithmic efficiency, within069

a limited exploration budget.070

Unfortunately, existing self-evolution methods071

suffer from critically low exploration efficiency.072

This inefficiency prevents them from discovering073

code with superior time and space complexity074

within limited exploration budgets, as the search075

process fails to efficiently navigate toward algorith-076

mically optimal solutions. This inefficiency stems077

from three fundamental limitations (as shown in078

Figure 1). First, initialization bias: methods (Du079

et al., 2025; Huang et al., 2024) typically begin080

evolution from a single or few initial solutions gen-081

erated by the base model, which may lie in poor082

regions of the solution space, necessitating many083

iterations to escape local optima. Second, uncon-084

trolled stochastic evolution: operations like random085

mutation and crossover are applied without explicit086

guidance from feedback signals, resulting in undi-087

rected exploration where many generated variants088

fail to systematically navigate toward better solu-089

tions. Third, insufficient utilization of evolution ex-090

perience: existing approaches (Lin et al., 2025; Du091

et al., 2025) do not effectively accumulate success-092

ful patterns within a task or abstract transferable093

experiences across tasks, causing repeated failures094

and preventing the reuse of proven optimization095

strategies.096

This motivates our central research question:097

Can we design a self-evolution framework that098

achieves high code quality while dramatically099

improving exploration efficiency? We propose100

Controlled Self-Evolution (CSE), a novel frame-101

work that addresses all three efficiency bottle-102

necks through three key innovations. First, Di-103

versified Planning Initialization generates multi-104

ple structurally distinct algorithmic strategies be-105

fore evolution begins, ensuring broad coverage106

of the solution space and reducing the likelihood107

of getting trapped in poor local regions. Sec-108

ond, Genetic Evolution replaces stochastic oper-109

ations with fine-grained feedback-guided mecha-110

nisms: functional decomposition enables targeted111

mutation that refines faulty components while pre-112

serving high-performing parts, and compositional113

crossover structurally integrates complementary114

strengths from diverse solutions. Third, Hierar- 115

chical Evolution Memory captures and reuses evo- 116

lutionary insights at two levels: local memory ac- 117

cumulates task-specific lessons to avoid repeating 118

failures within the current problem, while global 119

memory distills cross-task optimization patterns 120

into reusable templates that accelerate future evolu- 121

tion. We conduct comprehensive experiments on 122

EffiBench-X(Qing et al., 2025), showing that CSE 123

consistently outperforms all baselines across di- 124

verse LLM backbones, achieves stronger efficiency 125

from early generations, and continues improving 126

throughout evolution. These results demonstrate 127

robust, backbone-agnostic gains with both fast- 128

starting and sustained progress. 129

2 Related Work 130

Code Generation with LLMs. Large Language 131

Models have demonstrated remarkable capabilities 132

in code generation (Dong et al., 2025; Liu et al., 133

2025; Lyu et al., 2025; Zhu et al.; Lavon et al., 134

2025; Yao et al., 2025). Recent advances span in- 135

struction tuning (WizardCoder (Luo et al., 2023), 136

Magicoder (Wei et al., 2024)), retrieval augmen- 137

tation (Lu et al., 2022), while specialized models 138

such as GPT-4o (Hurst et al., 2024) and DeepSeek- 139

Coder (Guo et al., 2024) have achieved strong 140

results on programming benchmarks. However, 141

recent evaluations consistently reveal that LLMs 142

tend to generate solutions that are "correct yet in- 143

efficient." For instance, EffiBench-X (Qing et al., 144

2025) highlights a significant efficiency gap be- 145

tween model-generated code and human-written 146

canonical solutions. These findings underscore that 147

code generation capability does not equate to evo- 148

lution proficiency, necessitating the introduction 149

of post-generation systematic refinement mecha- 150

nisms. 151

Self-Evolution. To address single-turn genera- 152

tion limitations, self-evolution methods enable iter- 153

ative refinement through "generate-verify-refine" 154

cycles. Self-reflection (Madaan et al., 2023; Shinn 155

et al., 2023; Du et al., 2025; Sun et al., 2023) 156

approaches enable models to learn from execu- 157

tion feedback, though they focus on debugging 158

rather than algorithmic optimization. Such as 159

AfterBurner (Du et al., 2025) which perform lo- 160

cal refinement but suffer from initialization bias 161

and local optima. Population-based approaches 162

(Romera-Paredes et al., 2023; Liu et al., 2024b; 163

Lange et al., 2025) such as AlphaEvolve (Novikov 164
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et al., 2025) employ evolutionary resampling with165

stochastic mutations, while SE-Agent (Lin et al.,166

2025) introduces trajectory-level evolution via step-167

wise recombination. However, these methods face168

low search efficiency due to unguided exploration169

through random mutations, and lack of experience170

reuse. They thus require extensive iterations and171

often fail to discover optimal solutions within lim-172

ited budgets. Our CSE framework addresses this173

through diversified initialization, feedback-guided174

operations, and hierarchical memory for efficient,175

controlled evolution.176

3 Problem Formulation177

We formalize the algorithmic code efficiency opti-178

mization task as follows. Given a problem speci-179

fication x describing functional requirements and180

constraints, the goal is to generate an implemen-181

tation y that satisfies correctness while achieving182

optimal execution efficiency.183

The optimization environment is defined asO =184

(X ,Y,F), where X represents the problem spec-185

ification space, Y denotes the solution space, and186

F : Y × X → R is a reward function evaluating187

solution quality. The reward function captures both188

correctness and efficiency.189

The optimization unfolds as a population-based190

evolutionary process over T iterations. At191

each step t, we maintain a population Pt =192

{y(t)1 , y
(t)
2 , . . . , y

(t)
Nt
} of Nt candidate solutions.193

The evolutionary trajectory T = (P0,P1, . . . ,PT )194

progresses through feedback-driven selection, mu-195

tation, and crossover operators. Our objec-196

tive is to discover the optimal solution y∗ =197

argmaxy∈
⋃T

t=0 Pt
F(y, x), requiring efficient nav-198

igation of the solution space through controlled199

exploration rather than uncontrolled stochastic evo-200

lution.201

4 Method202

As illustrated in Figure 2, our method consists of203

three key components: Diversified Planning Ini-204

tialization, Genetic Evolution, and Hierarchical205

Evolution Memory. Diversified Planning Initial-206

ization generates high-quality and diverse initial207

solutions through varied planning strategies, pro-208

viding a strong foundation for subsequent evolution.209

Unlike prior black-box evolutionary approaches,210

Genetic Evolution enables fine-grained, control-211

lable mutation to efficiently navigate toward op-212

timal solutions. Hierarchical Evolution Memory213

hierarchically summarizes both intra-task and inter- 214

task experiences, providing search guidance for the 215

evolutionary process. In the following subsections, 216

we describe each component in detail. 217

4.1 Diversified Planning Initialization 218

To maximize the diversity of initial solutions and 219

ensure broad coverage of the solution space, we 220

employ a two-stage approach: diverse planning 221

followed by completion. Specifically, we prompt 222

the agent Aθ with explicit diversity constraints 223

to generate a set of high-level solution sketches 224

Z = {z1, . . . , zNinit}, where each sketch represents 225

a semantically distinct strategy. For example, given 226

a code generation task, the agent might propose fun- 227

damentally different approaches such as a greedy 228

algorithm, dynamic programming, or bit manipula- 229

tion optimization, rather than superficial variations 230

of the same logic. 231

Subsequently, each solution sketch is instanti- 232

ated into a concrete code implementation, forming 233

the initial candidate solutions: 234

y
(0)
i ∼ Aθ(y | x, zi), ∀i ∈ {1, . . . , Ninit}, (1) 235

where y
(0)
i denotes the complete output gener- 236

ated by the model conditioned on the input spec- 237

ification x and solution sketch zi at the initial 238

stage. Through this approach, the initial population 239

P0 = {y(0)1 , ..., y
(0)
Ninit
} is no longer composed of 240

random perturbations around a single mode, but 241

instead achieves diverse coverage of the solution 242

space. This ensures that the subsequent evolution- 243

ary process can explore multiple promising regions 244

in parallel, significantly reducing the risk of prema- 245

ture convergence to a suboptimal local optimum. 246

4.2 Genetic Evolution 247

The goal of self-evolutionary update is to guide the 248

model in searching for better trajectories based on 249

existing ones. A key insight is that incorporating 250

explicit control into the search process, rather than 251

relying on uncontrolled stochastic evolution, can 252

significantly improve search efficiency. To this end, 253

we design a Genetic Evolution mechanism with the 254

following components: 255

Parent Selection. We depart from prior evolu- 256

tionary approaches (Lin et al., 2025) that exclu- 257

sively select high-reward solutions, as low-reward 258

solutions may also contain valuable parts. We de- 259

sign a probability-based parent selection strategy 260
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Figure 2: Overview of the CSE. Our method consists of three key components: Diversified Planning Initialization,
Genetic Evolution, and Hierarchical Evolution Memory.

where the selection probability of each candidate261

is proportional to its normalized reward:262

Pselect(y
(t)
i ) =

F(y(t)i , x)∑|Pt|
j=1F(y

(t)
j , x)

, (2)263

where Pselect(y
(t)
i ) denotes the selection probability264

of candidate solution y
(t)
i , and Pt represents the265

population at evolution step t. This mechanism266

implements a soft selection distribution that priori-267

tizes high-reward individuals while retaining lower-268

reward individuals that may contain useful logic269

fragments or partial solutions for recombination.270

Evolution Strategies. To enable fine-grained271

controlled evolution, we first prompt the agent to272

decompose the code y into a set of disjoint func-273

tional components {c1, c2, . . . , cm} (e.g., I/O pars-274

ing module, core algorithm logic, boundary condi-275

tion handling). This functional decomposition pro-276

vides the necessary structural foundation for sub-277

sequent fine-grained interventions. We then equip278

the agent with two controlled evolution strategies:279

Controlled Mutation. The agent employs self-280

reflection to identify the specific faulty component281

cfaulty responsible for low reward. After localizing282

the problematic module, we perform targeted re-283

generation on cfaulty while keeping the remaining284

m− 1 well-performing components frozen: 285

ychild = {c1, . . . ,Refine(cfaulty), . . . , cm}. (3) 286

This surgical repair strategy not only avoids disrup- 287

tive interference with the global context but also 288

significantly improves mutation efficiency. 289

Compositional Crossover. To facilitate the flow 290

of advantageous traits across the population, we 291

introduce compositional crossover, which performs 292

logic-level recombination of strengths rather than 293

naive textual concatenation. Suppose parent solu- 294

tions yA and yB exhibit complementary advantages 295

in different components (e.g., yA has superior time 296

complexity while yB demonstrates better robust- 297

ness). The crossover operator synthesizes these 298

strengths structurally: 299

ychild = Crossover({c(A)
time}, {c

(B)
robust}), (4) 300

where c
(A)
time denotes the time-efficient compo- 301

nent from solution yA, and c
(B)
robust represents the 302

robustness-oriented component from solution yB . 303

This enables the agent to mimic the human prac- 304

tice of combining complementary strengths from 305

different solutions. 306
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4.3 Hierarchical Evolution Memory307

To effectively leverage both intra-task and inter-308

task experiences, we propose Hierarchical Evolu-309

tion Memory.310

Local Memory. Mlocal aims to capture immedi-311

ate experiences from intra-task search trajectories.312

At each evolutionary step t, we compare the re-313

ward change ∆t = F(y(t)child, x) − F(y
(t)
parent, x)314

between the parent y(t)parent and its child y
(t)
child. The315

agent extracts two types of critical experiences:316

success insights (∆t > 0) that analyze what led to317

improvements and are marked as positive patterns318

to retain, and failure lessons (∆t ≤ 0) that ana-319

lyze causes of reward degradation and are marked320

as negative constraints to avoid. This reflection321

process is formalized as:322

mt ← Reflect
(
y
(t)
child, y

(t)
parent, ∆t

)
, (5a)323

Mloc
t ← Compress

(
Mloc

t−1 ∪ {mt}
)
, (5b)324

where mt denotes the distilled experience at step325

t. At evolution step t+ 1, the accumulatedMlocal326

is dynamically injected into the prompt context,327

forming bidirectional guidance: success insights328

explicitly instruct the model to reuse validated op-329

timization strategies, while failure lessons prevent330

the model from repeating known mistakes. To pre-331

vent memory overflow as iterations accumulate,332

wheneverMloc
t exceeds a predefined length thresh-333

old, we perform semantic compression to maintain334

high information density in the local memory.335

Global Memory. Mglb aims to distill and reuse336

inter-task experiences. For each task τ , we collect337

all evolution steps and their reward changes. We338

keep the top-K improving useful steps and top-K339

degrading harmful steps (ranked by ∆), denoted340

by S+τ and S−τ , respectively. The LLM distills a341

task-level global experience gτ with S+τ , S−τ and342

best solution y∗τ and stores it in a vector database:343

gτ ← Reflect
(
S+τ , S−τ , y∗τ

)
, (6a)344

Mglb ←Mglb ∪ {gτ}. (6b)345

At evolutionary step t, the agent generates Nq tar-346

geted retrieval queries based on the current evolu-347

tionary context (including the current code state,348

encountered errors, or performance bottlenecks):349

{q(n)t }
Nq

n=1 ← GenerateQueries(Contextt), (7a)350

E ret
t ← Retrieve(Mglb, {q(n)t }

Nq

n=1), (7b)351

where {q(n)t }
Nq

n=1 represents the generated queries 352

and E ret
t denotes the retrieved relevant experiences. 353

This mechanism ensures that the agent can pre- 354

cisely invoke past experiences from similar tasks 355

when encountering specific challenges. 356

As summarized in Algorithm 1, CSE first gener- 357

ates diverse strategy sketches Z and instantiates 358

them into an initial population P0 with Aθ. It 359

then iterates for T steps: at iteration t, it samples 360

parent solution(s) from Pt−1 via probabilistic se- 361

lection (Eq. 2), retrieves relevant experiences E ret
t 362

from global memory Mglb, and composes them 363

with local memoryMloc
t−1 as context. Conditioned 364

on this context, the agent applies controlled mu- 365

tation (Eq. 3) or compositional crossover (Eq. 4) 366

to generate an offspring, evaluates it by F(·, x), 367

and updates Pt andMloc
t using the reward change 368

∆t (Eq. 5). Finally, CSE returns the best solution 369

y∗ and updatesMglb by distilling intra-task expe- 370

riences gτ from top-K improving and degrading 371

steps (Eq. 6). 372

5 Experiments 373

5.1 Experimental Setup 374

Benchmark. We evaluate on EffiBench-X (Qing 375

et al., 2025), which aggregates 623 algorithmic 376

problems from major competitive programming 377

platforms, including AtCoder, Codeforces, and 378

LeetCode, spanning six programming languages. 379

Each problem comes with strict time/memory lim- 380

its and comprehensive test cases. We run exper- 381

iments on two different languages (Python and 382

C++) to assess the generality of our method. Fol- 383

lowing prior work (Qing et al., 2025), we report 384

three normalized efficiency metrics: Execution- 385

Time ratio (ET), Memory-Peak ratio (MP) and 386

Memory-Integral ratio (MI), which compare the 387

LLM-generated solution with the human reference 388

on every problem. Detailed definitions and deriva- 389

tions are provided in Appendix B. 390

Baselines. We compare CSE against three code- 391

generation paradigms: (1) Direct: a single-turn 392

generation. (2) Self-Reflection: iterative modifica- 393

tion of the current best solution based on its feed- 394

back (e.g., variants of EffiLearner (Huang et al., 395

2024) and AfterBurner (Du et al., 2025)). (3) SE- 396

Agent (Lin et al., 2025): a trajectory-level self- 397

evolving agent method (4) AlphaEvolve (Novikov 398

et al., 2025): a representative self-evolving agent 399

method; we reproduce it using the open-source im- 400

plementation of OpenEvolve (Sharma, 2025). We 401
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Python C++ Avg

ET MP MI ET MP MI ET MP MI

Qwen3-235B-A22B

Direct 31.10% 49.13% 46.28% 17.42% 46.55% 19.24% 24.26% 47.84% 32.76%
Self-Reflection 48.49% 49.82% 50.89% 47.47% 48.00% 44.75% 47.98% 48.91% 47.82%
SE-Agent 48.57% 50.39% 49.63% 50.71% 48.25% 47.19% 49.64% 49.32% 48.41%
AlphaEvolve 48.70% 50.33% 51.47% 48.75% 48.67% 46.58% 48.73% 49.50% 49.03%
CSE (Ours) 49.06% 50.99% 52.38% 48.70% 49.03% 47.95% 48.88% 50.01% 50.17%

DeepSeek-v3-0324

Direct 52.90% 58.89% 56.22% 44.21% 45.79% 41.01% 48.56% 52.34% 48.62%
Self-Reflection 57.35% 60.20% 61.18% 45.43% 46.53% 43.16% 51.39% 53.37% 52.17%
SE-Agent 60.09% 59.68% 60.69% 47.74% 46.42% 44.54% 53.92% 53.05% 52.62%
AlphaEvolve 58.86% 60.04% 60.24% 46.19% 46.41% 44.02% 52.53% 53.23% 52.13%
CSE (Ours) 61.06% 61.03% 62.80% 48.75% 46.89% 47.37% 54.91% 53.96% 55.09%

Claude-4.5-Sonnet

Direct 65.43% 69.03% 67.31% 63.16% 69.16% 62.78% 64.30% 69.10% 65.05%
Self-Reflection 69.79% 71.16% 73.08% 70.29% 68.42% 67.43% 70.04% 69.79% 70.26%
SE-Agent 64.14% 70.58% 67.25% 72.93% 68.81% 70.61% 68.54% 69.70% 68.93%
AlphaEvolve 69.45% 69.50% 70.57% 71.07% 68.45% 67.66% 70.26% 68.98% 69.12%
CSE (Ours) 71.17% 70.39% 73.94% 75.29% 69.82% 74.88% 73.23% 70.11% 74.41%

GPT-5

Direct 60.21% 62.31% 61.66% 60.02% 62.60% 56.60% 60.12% 62.46% 59.13%
Self-Reflection 62.21% 63.09% 63.72% 61.79% 62.08% 56.76% 62.00% 62.59% 60.24%
SE-Agent 61.74% 64.51% 65.36% 68.61% 62.70% 63.46% 65.18% 63.61% 64.41%
AlphaEvolve 63.30% 63.96% 65.53% 64.13% 63.05% 60.54% 63.72% 63.51% 63.04%
CSE (Ours) 65.46% 66.82% 68.10% 69.94% 64.42% 66.83% 67.70% 65.62% 67.47%

Table 1: Main results on EffiBench-X (Python and C++). ET, MP, and MI measure execution time, peak memory,
and memory integral ratio relative to human solutions (higher is better). Avg is the per-metric mean across Python
and C++. Best results are in bold.

evaluate two open-source models (DeepSeek-V3-402

0324 (Liu et al., 2024a) and Qwen3-235B-A22B403

(Yang et al., 2025)) and two closed-source models404

(Claude-4.5-Sonnet and GPT-5).405

Implementation Details. All methods (except406

Direct) share a 30-candidate budget per task;407

the best solution encountered in the trajectory is408

recorded. Following EffiLearner’s setup (Huang409

et al., 2024), efficiency is measured only on tasks410

already solved by Direct to decouple speed from411

correctness; if a method exhausts its budget without412

a valid solution, we fall back to the Direct baseline413

for that task, guaranteeing identical problem sets414

across evaluators. Across all methods, the reward415

is the raw memory–time integral, inverted into a416

maximization score to capture joint runtime and417

memory gains. See Appendix C for more details.418

5.2 Main Results419

Table 1 presents the main experimental results on420

EffiBench-X across Python and C++ under a fixed421

test-time budget of 30 candidates per task. CSE422

consistently achieves the best performance across423

Figure 3: Best-so-far MI vs. generations. At each
generation t, we report the best-so-far MI.

most three efficiency metrics (ET, MP, MI) on 424

both programming languages, with particularly no- 425

table improvements on memory integral, demon- 426

strating its effectiveness in discovering algorith- 427

mically efficient solutions within limited explo- 428

ration budgets. The advantages hold across di- 429

verse model capabilities, from open-source mod- 430
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Setting ET MP MI

CSE (Full) 65.46% 66.82% 68.10%
w/o Planning 61.39% 64.40% 63.82%
w/o Evolution 62.16% 64.28% 64.72%
w/o Memory 59.87% 64.75% 63.08%

Table 2: Ablation study. Planning means diversified
planning initialization; Evolution means genetic evolu-
tion; Memory means hierarchical evolution memory.

els (Qwen3-235B-A22B, DeepSeek-v3-0324) to431

state-of-the-art closed-source models (Claude-4.5-432

Sonnet, GPT-5), validating that CSE’s framework433

is model-agnostic and captures fundamental prin-434

ciples of efficient code evolution. Compared to435

population-based baselines AlphaEvolve and SE-436

Agent, CSE demonstrates clear superiority across437

most settings. This can be attributed to our key438

design that enables controlled evolution rather than439

uncontrolled stochastic exploration: through con-440

trolled mutation and compositional crossover, CSE441

achieves fine-grained, feedback-guided evolution442

that systematically navigate toward optimal solu-443

tions with higher exploration efficiency, while hier-444

archical memory allows the framework to leverage445

accumulated experiences from both previous iter-446

ations and related tasks to accelerate convergence447

and avoid repeated failures.448

Beyond the final metrics, Figure 3 visualizes449

how performance evolves with increasing iteration450

budget. CSE not only reaches a higher best-so-451

far MI, but also improves more rapidly in early452

generations and continues to make progress in later453

generations, suggesting stronger budget utilization454

under the same 30-generation constraint.455

5.3 Further Analysis456

Ablation Studies on CSE. To investigate the457

individual contribution of each component in CSE,458

we conduct an ablation study where we system-459

atically remove one component at a time while460

maintaining the same 30-candidate budget. Table 2461

presents the results. We evaluate three variants:462

CSE without Planning, which eliminates the diver-463

sified initialization strategy; CSE without Evolu-464

tion, which removes the genetic operators; and CSE465

without Memory, which discards the hierarchical466

evolution memory mechanism. All three compo-467

nents prove essential, with Memory showing the468

largest impact, followed by Planning and Evolu-469

tion. The consistent performance drops across both470

ET and MP demonstrate that CSE’s effectiveness471

Figure 4: Synergy between Memory and other mod-
ules. We report MI and the gain ∆MI from adding
Memory to each module combination.

Method #Imp. Iter@Best Last-10 #Imp.

SE-Agent 1.60 9.51 0.19
AlphaEvolve 0.90 7.44 0.06
CSE (Ours) 1.79 12.06 0.29

Table 3: Statistics of Evolution dynamics.

arises from the synergistic interplay of all three 472

components rather than any single mechanism. We 473

additionally provide qualitative case studies in Ap- 474

pendix D to visualize the evolution dynamics under 475

each ablation. 476

Analysis of Memory. To determine whether 477

Memory’s contribution is additive or conditional 478

on other components, we compare different mod- 479

ule combinations under the same 30-iteration bud- 480

get. Fig 4 reports the MI and the gain from 481

adding Memory (∆MI). The results reveal that 482

Memory’s effectiveness depends strongly on con- 483

text. Adding Memory to Planning alone provides 484

negligible benefit (∆MI = −0.23), while combin- 485

ing it with Evolution yields substantial gains (∆MI 486

= +2.68). The strongest effect emerges when all 487

three components are present (∆MI = +5.02). This 488

demonstrates that Memory amplifies controlled evo- 489

lutionary processes rather than providing universal 490

improvement. It is most valuable when the sys- 491

tem can generate diverse candidates, refine them 492

through evolution, and strategically revisit solu- 493

tions—reinforcing guided exploration rather than 494

offering standalone benefits. 495

Exploration on Evolution Dynamics. To under- 496

stand when and how frequently improvements oc- 497

cur during evolution, we conduct a fine-grained 498

analysis over 30-iteration runs. Table 3 reports 499

7



Figure 5: A Case Study of CSE evolution dynamics. To quantify progress, we plot the best-so-far raw memory-
time integral (lower is better) against the number of generations. The case highlights the concrete logic of key
initialization, mutation, and crossover steps, and contrasts the final evolved solution against the human solution.

three statistics: (i) the number of improvement500

times (#Imp.), measuring how many iterations yield501

efficiency gains over the previous best; (ii) the itera-502

tion at which the final solution is found (Iter@Best),503

indicating whether the best result appears early or504

late; and (iii) improvements in the last 10 genera-505

tions (Last-10 #Imp.), quantifying the ability to sus-506

tain late-stage progress. The results show that CSE507

achieves substantially more frequent improvements508

than baselines (#Imp. = 1.79 vs. 0.90 for AlphaE-509

volve and 1.60 for SE-Agent) and notably stronger510

late-stage progress (Last-10 #Imp. = 0.29 vs. 0.06511

for AlphaEvolve and 0.19 for SE-Agent). This in-512

dicates that CSE continues exploring throughout513

the entire budget rather than plateauing early, con-514

tributing to its superior performance in Table 1.515

5.4 Case Study516

To demonstrate CSE in practice, Figure 5 shows517

the complete 30-iteration evolution on EffiBench-518

X ringo’s-favorite-numbers-3. The trajectory519

illustrates how our mechanisms work together: ini-520

tialization explores diverse solution hypotheses, in-521

cluding a precomputation-centric strategy (Iter 1)522

versus a reformulated k-space search (Iter 5), show-523

ing CSE can switch high-level formulations rather524

than merely refining a single approach. Once the525

stronger structure emerges, mutations fix bottle-526

necks (e.g., inefficient checking or missing guards) 527

while preserving the effective skeleton, yielding 528

steady improvements. Crossover then merges com- 529

plementary strengths from different parents, such 530

as combining robust core search with cleaner pred- 531

icates. Throughout, hierarchical evolution memory 532

guides the search away from explored variants to- 533

ward novel directions, reducing redundancy. The 534

final solution differs markedly from the human ref- 535

erence in both design and implementation, achiev- 536

ing better efficiency. 537

6 Conclusion 538

We present Controlled Self-Evolution (CSE), a 539

novel framework that addresses the low exploration 540

efficiency of existing self-evolution methods for 541

code optimization. By identifying three fundamen- 542

tal limitations, we propose CSE, including Diver- 543

sified Planning Initialization, Genetic Evolution 544

and Hierarchical Evolution Memory. Experiments 545

on EffiBench-X demonstrate that CSE consistently 546

outperforms all baselines across various LLM back- 547

bones, achieving higher efficiency from early gener- 548

ations while maintaining continuous improvement 549

throughout evolution. Our work highlights the im- 550

portance of controlled, feedback-driven exploration 551

in self-evolution paradigms for code generation. 552
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Limitations553

CSE can continuously improve solution quality554

through multi-round evolution. However, we have555

not yet explored how to amortize this iterative op-556

timization into the base model. A promising yet557

underexplored direction is to distill CSE’s evolu-558

tion trajectories into RL-style training (Yu et al.,559

2025; Zheng et al., 2025; Jiang et al., 2025) signals560

to strengthen the base model, enabling comparable561

or better optimization and producing higher-quality562

solutions.563
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A Algorithmic Overview of CSE771

We summarize the end-to-end workflow of Con-772

trolled Self-Evolution (CSE) in Algorithm 1. CSE773

proceeds in three stages: (i) diversified planning774

initialization constructs a diverse initial population775

P0 by instantiating strategy sketches Z; (ii) an it-776

erative evolutionary loop performs reward-based777

parent selection, retrieves inter-task experiences778

fromMglb and injects them together with the intra-779

task memoryMloc
t−1 into the context, then applies780

controlled mutation (REFINE) or compositional781

crossover (CROSSOVER) to generate y
(t)
child; (iii)782

after T iterations, we return the best solution y∗783

and distill task-level experience gτ from top-K im-784

proving/degrading steps to updateMglb.785

B Evaluation Metrics.786

To quantify the efficiency of LLM-generated so-787

lutions relative to human-expert-written reference788

solutions, we follow prior work and report three789

normalized metrics: Execution Time (ET), Mem-790

ory Peak (MP), and Memory Integral (MI). We eval-791

uate on N problems, indexed by i ∈ {1, . . . , N}.792

For each problem i, we measure the execution time,793

peak memory usage, and memory–time integral for794

both the human reference solution (superscript H)795

and the LLM-generated solution (superscript L),796

under the same evaluation protocol.797

Failure Handling. If the LLM-generated so-798

lution for problem i fails to pass all test cases or799

encounters a runtime error (e.g., timeout, crash),800

we assign a score of 0 for that problem for all met-801

rics.802

Clipping. To both (i) preserve the ability to803

credit solutions that outperform the human refer-804

ence (ratios > 1) and (ii) limit the influence of805

extreme outliers, we apply806

clip(z, 0, k) = min(max(z, 0), k).807

In all experiments we set k = 5 (shared across all808

methods), which retains sufficient headroom for809

surpassing human references while preventing a810

small number of extreme cases from dominating811

the average.812

(1) Execution Time (ET). Let TH
i denote the813

raw execution time of the human reference solution814

required to pass all test cases for problem i, and TL
i815

denote the execution time of the LLM-generated816

solution (conditioned on passing). The per-problem817

ET score is 818

sTi =

0, if solution fails,

clip
(
TH
i

TL
i
, 0, 5

)
, otherwise,

(8) 819

and the overall ET is the mean score across prob- 820

lems, reported in a scaled form for readability: 821

ET(%) =

(
1

N

N∑
i=1

sTi

)
× 100%. (9) 822

(2) Memory Peak (MP). Let MH
i and ML

i de- 823

note the raw peak memory usage of the human 824

reference and the LLM-generated solution on prob- 825

lem i, respectively. The per-problem MP score 826

is 827

sMi =

0, if solution fails,

clip
(
MH

i

ML
i
, 0, 5

)
, otherwise,

(10) 828

and the overall MP is 829

MP(%) =

(
1

N

N∑
i=1

sMi

)
× 100%. (11) 830

(3) Memory Integral (MI). To measure lifetime 831

memory consumption, we define the raw memory– 832

time integral for one execution as 833

A =

∫ Ttotal

0
m(t) dt, (12) 834

where m(t) is the memory usage trace at time t 835

and Ttotal is the total execution time. This integral 836

is numerically approximated from high-resolution 837

profiling traces. Let AH
i and AL

i denote the mem- 838

ory integrals of the human reference and the LLM- 839

generated solution on problem i, respectively. The 840

per-problem MI score is 841

sAi =

0, if solution fails,

clip
(
AH

i

AL
i
, 0, 5

)
, otherwise,

(13) 842

and the overall MI is 843

MI(%) =

(
1

N

N∑
i=1

sAi

)
× 100%. (14) 844

C Implementation Details 845

Experimental Setup Rationale. We follow the 846

evaluation protocol used in EffiLearner (Huang 847
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Algorithm 1 Controlled Self-Evolution (CSE)

Require: Problem specification x, Global memoryMglb, Max iterations T , retrieval queries Nq, top-K
size K

Ensure: Optimized solution y∗

1: Z ← PlanStrategies(x)
2: P0 ← { y(0)i ∼ Aθ(y | x, zi) | zi ∈ Z }
3: Mloc

0 ← ∅
4: Sτ ← ∅
5: for t = 1 to T do
6: Compute {F(y, x)}y∈Pt−1

7: Sample y
(t)
parent ← SelectParent(Pt−1) with Pselect(y) =

F(y,x)∑
y′∈Pt−1

F(y′,x)

8: {q(n)t }
Nq

n=1 ← GenerateQueries(Contextt)
9: E ret

t ← Retrieve(Mglb, {q(n)t }
Nq

n=1)
10: Context′t ← Compose(Contextt,Mloc

t−1, E ret
t )

11: Opt ← ChooseOp(Refine,Crossover)
12: if Opt = Refine then
13: y

(t)
child ← Refine(y(t)parent | Context′t)

14: else
15: Sample y

′(t)
parent ← SelectParent(Pt−1) with Pselect(·)

16: y
(t)
child ← Crossover(y(t)parent, y

′(t)
parent | Context′t)

17: end if
18: ∆t ← F(y(t)child, x)−F(y

(t)
parent, x)

19: Pt ← UpdatePopulation(Pt−1, y
(t)
child,F(y

(t)
child, x))

20: mt ← Reflect(y(t)child, y
(t)
parent,∆t)

21: Mloc
t ← Compress

(
Mloc

t−1 ∪ {mt}
)

22: Sτ ← Sτ ∪ {(y(t)parent, y
(t)
child,∆t)}

23: end for
24: y∗ ← argmaxy∈

⋃T
t=0 Pt

F(y, x)
25: S+τ ← TopKmax∆(Sτ ,K)
26: S−τ ← TopKmin∆(Sτ ,K)
27: gτ ← Reflect(S+τ ,S−τ , y∗)
28: Mglb ←Mglb ∪ {gτ}
29: return y∗

et al., 2024) to decouple efficiency from correctness848

when comparing iterative optimization methods. In849

particular, efficiency is measured only on tasks that850

are already solved by DIRECT. This restriction en-851

sures that all evaluated solutions are functionally852

correct, and avoids an apples-to-oranges compari-853

son where different methods solve different subsets854

of tasks, making efficiency scores not directly com-855

parable. Moreover, if an iterative method exhausts856

the shared 30-candidate budget without producing857

a valid solution, we fall back to the DIRECT solu-858

tion for that task, guaranteeing an identical set of859

evaluated problems across methods under a fixed860

budget.861

Evaluation Protocol. Following our main exper- 862

imental setup, each problem is evaluated on 100 863

test cases with a time limit of 10 s and a memory 864

limit of 1024 MB. If a candidate program triggers 865

a runtime error, exceeds the time limit (TLE), or 866

violates the memory limit (MLE), we mark it as 867

a failure and assign it a reported metric of 0 (for 868

ET/MP/MI). 869

Raw Signal for Evolution. While the paper re- 870

ports the normalized metrics (ET/MP/MI) w.r.t. the 871

human reference solution, the evolution process is 872

guided by the raw memory–time integral value, 873

denoted as A (lower is better). To reduce measure- 874
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ment noise, we evaluate each candidate on the same875

machine for 5 repeated runs; we remove outliers876

by discarding the maximum and minimum runs and877

take the mean of the remaining runs as the final A.878

If any run results in failure (runtime error, TLE, or879

MLE), the candidate is treated as failed.880

Reward and Parent Selection. Since smaller881

A indicates better efficiency, we convert A into a882

maximization-form reward for selection:883

F =
1

A+ ϵ
,884

where we set ϵ = 0.001. We sample parents pro-885

portional to their reward, i.e.,886

pi =
Fi∑
j Fj

.887

Failed candidates are assigned F = 0, and thus888

will not be selected as parents.889

Search Budget and Operator Schedule. We run890

evolution for T = 30 iterations. At each iteration,891

we generate exactly one child candidate, resulting892

in a total budget of 30 evolved candidates per task.893

We adopt a deterministic alternating schedule for894

the two evolution operators: controlled mutation895

and compositional crossover are executed in an896

interleaving order across iterations. Concretely, we897

apply mutation on odd iterations and crossover on898

even iterations, ensuring a stable and reproducible899

operator mixture throughout evolution.900

Initialization and Retrieval Hyperparameters.901

We use Ninit = 5 diverse initialization plans per902

problem. For global memory retrieval, we gen-903

erate Nq = 3 queries and retrieve top-Km = 3904

memories per query, resulting in at most Nq ·Km905

retrieved entries.906

Embedding Model and Similarity Search. We907

encode both queries and memory entries using908

Qwen3-8B-Embedding. We perform nearest-909

neighbor retrieval via cosine similarity and return910

the top-Km entries for each query.911

Module Decomposition Template. To enable912

controlled mutation and crossover, we enforce a913

fixed decomposition template (in Figure 9) and re-914

quire the LLM to output code in structured modules915

(e.g., [A] Input, [B] Core, [C] Optimization916

module). The number of modules is fixed and de-917

termined by the template. All subsequent muta-918

tion/crossover operations are applied at the module919

level, which helps maintain interface consistency 920

and reduces unintended edits outside the targeted 921

components. 922

Local Memory Compression. We maintain a 923

local memory buffer for intra-task experiences. To 924

prevent memory overflow in the prompt context, 925

we perform semantic compression whenever the 926

local memory exceeds 1000 tokens. 927

Global Memory Distillation and Construction 928

Order. For each task τ , we keep the top-K im- 929

proving and top-K degrading steps (ranked by 930

∆) to distill a task-level experience item gτ , with 931

K = 5. To ensure determinism and reproducibility, 932

we fix a single task-processing order and apply the 933

same order to all methods when constructing and 934

using the global memory. After each processed 935

task, we distill the evolved trajectory into com- 936

pact experience items and add them into the global 937

memory for retrieval in subsequent tasks. 938

D Ablation Case Studies 939

Case Study: Diversified Planning Initialization. 940

Figure 6a compares full CSE with an ablated vari- 941

ant that removes diversified planning initialization. 942

We observe a clear initialization bias: without di- 943

versified planning, the search starts from a sub- 944

stantially worse region (best-so-far ≈1230.5) and 945

remains almost unchanged for several generations, 946

indicating that the initial candidates are clustered 947

around a low-quality mode. Although the ablated 948

run eventually makes progress (dropping to≈929.3 949

and ≈761.2 around mid-early generations), it still 950

struggles to escape the basin and only reaches a 951

plateau at ≈433.7 after ∼12 generations, with lit- 952

tle improvement thereafter. In contrast, diversified 953

planning immediately provides a much stronger 954

and more promising starting point (iter 1: 886.1), 955

enabling an early “algorithmic jump” within a few 956

iterations (iter 5: 197.5, a 77.7% reduction), fol- 957

lowed by continued refinement (iter 8: 176.9). 958

More importantly, starting from diverse, seman- 959

tically distinct strategy sketches allows the evo- 960

lutionary loop to explore multiple high-potential 961

basins in parallel, which later supports a second 962

breakthrough (iter 22: 95.7) and a final improve- 963

ment (iter 25: 93.9). Overall, removing diversified 964

planning causes prolonged stagnation and a much 965

higher final plateau (≈433.7 vs. 93.9), demonstrat- 966

ing that diversified planning is crucial for overcom- 967

ing poor initial modes and accelerating the discov- 968
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(a) w/o Diversified Planning Initialization. Best-so-far performance over generations for full CSE (red) versus removing
diversified planning initialization (blue).

(b) w/o Genetic Evolution. Best-so-far performance over generations for full CSE (red) versus removing genetic evolution
(blue).

(c) w/o Hierarchical Evolution Memory. Best-so-far performance over generations for full CSE (red) versus removing
hierarchical experience memory (blue).

Figure 6: Case studies of ablation evolution dynamics. We compare the best-so-far raw memory-time integral
(lower is better) across generations between full CSE (red) and three ablated variants (blue). Yellow callouts
highlight representative milestone solutions along the CSE trajectory (e.g., iter 1, iter 5).

ery of high-efficiency solution structures.969

Case Study: Genetic Evolution. Figure 6b illus-970

trates the effect of removing Genetic Evolution (i.e.,971

controlled mutation and compositional crossover).972

Although the ablated variant starts from a relatively973

strong initial point (best-so-far ≈569.4), it quickly974

becomes stagnant: the curve stays nearly flat for the975

first ∼10 generations and only achieves a modest976

improvement to ≈377.9 around the mid-run, after977

which it plateaus again until the end of the bud-978

get. In contrast, full CSE exhibits step-wise break-979

throughs characteristic of effective evolutionary980

search: despite a worse starting best (iter 1: 886.1),981

it rapidly triggers a major early jump to iter 5982

(197.5; ↓77.7%), further refines to iter 8 (176.9),983

and later achieves another large improvement at984

iter 22 (95.7; ↓45.9%) followed by a final gain at 985

iter 25 (93.9). This gap suggests that the core ben- 986

efit of Genetic Evolution is not merely producing 987

more variants, but enabling structure-preserving, 988

feedback-aligned updates: controlled mutation can 989

surgically repair the bottleneck component without 990

disrupting already-correct parts (Eq. 3), while com- 991

positional crossover can recombine complementary 992

strengths across candidates rather than performing 993

superficial text-level mixing (Eq. 4). Without these 994

operators, the search lacks an effective mechanism 995

to translate evaluation feedback into high-reward 996

structural edits, leading to long plateaus and a much 997

higher final performance floor (≈377.9 vs. 93.9). 998

Case Study: Hierarchical Evolution Memory. 999

Figure 6c examines the impact of removing Hi- 1000
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erarchical Evolution Memory. Without memory,1001

the search trajectory exhibits pronounced plateaus1002

and delayed progress: the best-so-far performance1003

remains extremely high for multiple generations1004

(around ∼1200), then only drops to ∼910.6, and1005

later makes a larger decrease to roughly ∼405.91006

before entering a long stagnation period near∼400.1007

Even late in the run, the memory-ablated variant1008

only achieves a modest improvement to ∼328.51009

and then plateaus again, indicating that exploration1010

repeatedly revisits similar low-yield regions rather1011

than systematically leveraging past lessons. In con-1012

trast, full CSE quickly consolidates early improve-1013

ments (iter 5: 197.5; iter 8: 176.9) and, crucially,1014

avoids long mid-run stagnation by triggering a late-1015

stage breakthrough (iter 22: 95.7; ↓45.9%) fol-1016

lowed by a final refinement (iter 25: 93.9). This1017

divergence highlights the role of memory as a1018

feedback-to-action bridge: local memory distills1019

parent–child reward changes into actionable suc-1020

cess patterns and failure constraints (Eq. 5), reduc-1021

ing redundant trial-and-error within the task, while1022

global memory retrieval supplies reusable optimiza-1023

tion heuristics from prior tasks that steer generation1024

toward unexplored but promising directions (Eq. 6).1025

Removing this mechanism substantially slows the1026

transition from incremental tweaks to high-impact1027

structural changes, yielding a much higher final1028

performance floor (∼328.5 vs. 93.9).1029

E Prompt Templates1030

This appendix section provides the exact sys-1031

tem/user prompts used by our pipeline. The1032

templates cover diversified planning to propose1033

multiple high-performance strategies; implemen-1034

tation prompts that synthesize a complete pro-1035

gram under explicit constraints; slot-based de-1036

composition prompts that diagnose correctness1037

and efficiency by comparing a target solution1038

against a reference baseline; evolution prompts1039

for controlled mutation (reflection and refine)1040

and compositional crossover (hybrid synthesis);1041

and memory prompts that extract, compress, re-1042

trieve, and aggregate reusable success/failure ex-1043

periences. Across stages, prompts emphasize1044

correctness-first optimization, favor algorithmic1045

improvements over micro-optimizations, and opti-1046

mize the raw memory–time integral to encourage1047

balanced runtime–memory trade-offs.1048
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System Prompt

You are a world-class Algorithm Engineer. Design EXACTLY K distinct, high-performance strategies
for the given problem.

Guidelines:
1. **Diversity**: Strategies MUST differ in algorithmic paradigms (DP, Greedy, Two Pointers, Bit

Manipulation, etc.) or core data structures.
2. **Performance**: Prioritize optimal Time/Space complexity. Avoid brute-force unless necessary.
3. **Content**: Each strategy must include:

- Core algorithmic logic
- Key data structures
- Expected Time/Space complexity (Big-O)

Output Format:
‘‘‘json
{"strategies": ["<strategy_1>", "<strategy_2>", ...]}
‘‘‘

The array must contain exactly K strings. NO extra text.

1049

User Prompt

Problem Description:
{problem_text}

Required Strategy Count: {k}

1050

Figure 7: Prompts for Diversified Planning Initialization.

System Prompt

You are an expert competitive programmer specializing in algorithm optimization.

## Principles

1. **Correctness First**: Ensure correctness before optimizing for {optimization_target}.
2. **Algorithmic Focus**: Prefer algorithmic improvements over micro-optimizations. Explore

directions **different from existing approaches**.
3. **Learn from Failures**: Use Memory to prune failed directions, but don’t restrict creative

exploration.
4. **Strict Improvement**: Your solution must outperform the best prior solution in ‘Additional

Requirements‘.

## Task

Synthesize a **complete program in {language}** that:

* Fixes fundamental bottlenecks in current solutions
* Explores novel optimization directions
* Minimizes the **integral** (area under memory-time curve) across all test cases balancing both

runtime and memory

## Problem

{task_description}

## Response Format

### 1. Thinking
1051
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* **Baseline Analysis**: Identify strategy mode and best baseline from ‘Additional Requirements‘.
* **Failure Pruning**: Review failed directions from Memory; avoid repeating them.
* **New Direction**: Select a fundamentally different, high-potential approach. Justify why it’s

better for {optimization_target}.
* **Risks**: Note correctness concerns and trade-offs.

### 2. Final Code

Complete, self-contained {language} program. No test harness or debug prints.

## Allowed Imports

{allowed_imports_scope}

## Context

**Additional Requirements**:

### STRATEGY MODE: PLAN STRATEGY

You must strictly follow and implement the outlined approach below.

{strategy}

**Local Memory**: {local_memory}
**Global Memory**: {global_memory}

1052

User Prompt

Using all context (Additional Requirements, Local/Global Memory, current program), generate ‘##
Thinking‘ and ‘## Final Code‘ to improve PERFORMANCE. Follow the guidance from Memory.

1053

Figure 8: Prompts for Implement Sketches.

System Prompt

You are a code diagnosis agent. Analyze **Target Solution** for a {language} problem, decompose
into slots, and diagnose correctness/performance vs **Reference Solution**.

**Optimization target**: {optimization_target} (integral = area under memory-time curve). Balance
runtime and memory.

### Task

1. **Summarize**: Nickname + high-level strategy
2. **Factorize**: 3-5 slots (io_parsing, core_logic, edge_case, perf_patch, misc)
3. **Diagnose**: Identify bottlenecks, risks, good parts to inherit

### Output JSON

‘‘‘json
{
"solution_name": "String",
"approach_summary": "String",
"slot_view": {

"slots": [{"slot_id": "io_parsing|core_logic|edge_case|perf_patch|misc", "description": "String
", "tags": ["impl_method"], "code_span": [start, end]}],

"diagnoses": [{"slot_id": "String", "status": "ok|bottleneck|bug_source|risky|redundant", "
correctness_level": "good|minor_risk|major_risk|unknown", "perf_level": "strong|weak|neutral|
unknown", "priority": "inherit|optimize|inspect|low", "evidence": ["..."]}]

}
1054

18



}
‘‘‘

### Rules

* **tags**: Use specific impl methods (e.g., "segment_tree", "fast_io"), not generic descriptions
* **perf_level**: Compare complexity vs Reference (O(N) vs O(N) weak)
* **priority**: inherit=keep, optimize=bottleneck, inspect=risky
* **Self-contained evidence**: Be specific (e.g., "O(N) nested loop" not "slower than Reference")

Return JSON only (can wrap in ‘‘‘json fence).

1055

User Prompt

Diagnose the Target Solution vs Reference.

## Problem

{problem_description}

## Reference Solution (Baseline)

{best_solution}

## Target Solution

{target_solution}

Generate JSON: decompose into slots, assign tags, set perf_level vs Reference, set priority (
optimize bottlenecks, inherit good parts).

1056

Figure 9: Prompts for Decomposition (slot-based diagnosis).

System Prompt

You are an expert competitive programmer specializing in algorithm optimization.

## Principles

1. **Correctness First**: Ensure correctness before optimizing for {optimization_target}.
2. **Algorithmic Focus**: Prefer algorithmic improvements over micro-optimizations. Explore

directions **different from existing approaches**.
3. **Learn from Failures**: Use Memory to prune failed directions, but don’t restrict creative

exploration.
4. **Strict Improvement**: Your solution must outperform the best prior solution in ‘Additional

Requirements‘.

## Task

Synthesize a **complete program in {language}** that:

* Fixes fundamental bottlenecks in current solutions
* Explores novel optimization directions
* Minimizes the **integral** (area under memory-time curve) across all test cases balancing both

runtime and memory

## Problem

{task_description}

## Response Format

1057
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### 1. Thinking

* **Baseline Analysis**: Identify strategy mode and best baseline from ‘Additional Requirements‘.
* **Failure Pruning**: Review failed directions from Memory; avoid repeating them.
* **New Direction**: Select a fundamentally different, high-potential approach. Justify why it’s

better for {optimization_target}.
* **Risks**: Note correctness concerns and trade-offs.

### 2. Final Code

Complete, self-contained {language} program. No test harness or debug prints.

## Allowed Imports

{allowed_imports_scope}

## Context

**Additional Requirements**:

### STRATEGY MODE: REFLECTION AND REFINE

You must reflect on the previous solution and implement targeted improvements.

### SOURCE SOLUTION SUMMARY

{source_summary}

### REFINEMENT GUIDELINES

1. **Diagnose**: Identify main shortcomings (correctness risks, performance bottlenecks, redundant
work, I/O overhead).

2. **Targeted Fixes**: Apply code-level changes to the faulty component ONLY:

* Algorithmic upgrade for the specific bottleneck
* Data structure replacement for the problematic module
* Caching/precomputation for repeated work

3. **Preserve Working Parts**: Keep the remaining well-performing components frozen.
4. **Correctness First**: Ensure correctness before optimizing runtime.

**Local Memory**: {local_memory}
**Global Memory**: {global_memory}

1058

User Prompt

Using all context (Additional Requirements, Local/Global Memory, current program), generate ‘##
Thinking‘ and ‘## Final Code‘ to improve PERFORMANCE. Follow the guidance from Memory.

1059

Figure 10: Prompts for Controlled Mutation.

System Prompt

You are an expert competitive programmer specializing in algorithm optimization.

## Principles

1. **Correctness First**: Ensure correctness before optimizing for {optimization_target}.
2. **Algorithmic Focus**: Prefer algorithmic improvements over micro-optimizations. Explore

directions **different from existing approaches**.
3. **Learn from Failures**: Use Memory to prune failed directions, but don’t restrict creative

exploration.
1060
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4. **Strict Improvement**: Your solution must outperform the best prior solution in ‘Additional
Requirements‘.

## Task

Synthesize a **complete program in {language}** that:

* Fixes fundamental bottlenecks in current solutions
* Explores novel optimization directions
* Minimizes the **integral** (area under memory-time curve) across all test cases balancing both

runtime and memory

## Problem

{task_description}

## Response Format

### 1. Thinking

* **Baseline Analysis**: Identify strategy mode and best baseline from ‘Additional Requirements‘.
* **Failure Pruning**: Review failed directions from Memory; avoid repeating them.
* **New Direction**: Select a fundamentally different, high-potential approach. Justify why it’s

better for {optimization_target}.
* **Risks**: Note correctness concerns and trade-offs.

### 2. Final Code

Complete, self-contained {language} program. No test harness or debug prints.

## Allowed Imports

{allowed_imports_scope}

## Context

**Additional Requirements**:

### STRATEGY MODE: CROSSOVER

Synthesize a SUPERIOR hybrid solution by combining the best elements of two prior trajectories.

### SOLUTION 1 SUMMARY

{solution_1}

### SOLUTION 2 SUMMARY

{solution_2}

### SYNTHESIS GUIDELINES

1. **Complementary Combination**: Actively combine specific strengths from each solution.

* If T1 has better core algorithm but slow I/O, and T2 has fast I/O but weaker algorithm
implement T1’s algorithm with T2’s I/O.

* If T1 has correct logic but slow structure, and T2 has fast structure but buggy logic
implement T1’s logic with T2’s structure.

2. **Avoid Shared Weaknesses**: If both failed at a specific sub-task, introduce a novel fix.
3. **Seamless Integration**: The result must be a single, cohesive implementationnot concatenated

code.

**Local Memory**: {local_memory}
**Global Memory**: {global_memory}

1061
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User Prompt

Using all context (Additional Requirements, Local/Global Memory, current program), generate ‘##
Thinking‘ and ‘## Final Code‘ to improve PERFORMANCE. Follow the guidance from Memory.

1062

Figure 11: Prompts for Compositional Crossover.

System Prompt

You observed an evolutionary step where metrics **improved**. Extract strategy-level insights.

Goal:

1. Decide if this is truly **Success** or just **Neutral** (noise/trivial refactor).
2. If strategy-level changes exist, extract up to 3:

* **Direction items**: Reusable optimization strategies
* **Memory items**: Reasoning patterns explaining WHY it works

Strategy-level changes include: algorithm switch, data structure change, I/O optimization, major
loop restructuring.

Do NOT create items for: variable renaming, formatting, measurement noise.

Output Format:

‘‘‘json
{

"thought_process": "Brief reasoning.",
"new_direction_items": [

{"direction": "Strategy name", "description": "When/why to use.", "status": "Success | Neutral
"}

],
"new_memory_items": [

{"type": "Success", "title": "Technique name", "description": "One-sentence summary", "content
": "2-6 sentences on when/why it works."}

]
}
‘‘‘

1063

User Prompt

## Source Solutions

{source_solutions}

## Current Solution

{current_solution}

## Current Directions (Strategy Board)

{directions}

1064

Figure 12: Prompts for Local Memory Extract (Success).
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System Prompt

You observed an evolutionary step where metrics **regressed** or correctness broke. Extract
warnings.

Goal:

1. Decide if this is truly **Failure** or just **Neutral** (noise).
2. If strategy-level changes caused the regression, extract up to 3:

* **Direction items**: Strategies to mark as Failed/risky
* **Memory items**: Anti-patterns explaining WHY it failed

For Failure memory items:

* Title: Describe the SPECIFIC mistake (e.g., "BFS without boundary check causes OOB"), not just "
BFS implementation"

* Content: Explain what went wrong and what condition triggered it

Output Format:

‘‘‘json
{

"thought_process": "Brief reasoning.",
"new_direction_items": [

{"direction": "Failed strategy", "description": "Why problematic.", "status": "Failed |
Neutral"}

],
"new_memory_items": [

{"type": "Failure", "title": "Avoid ...", "description": "Why dangerous", "content": "What
went wrong, how to avoid."}

]
}
‘‘‘

1065

User Prompt

## Source Solutions

{source_solutions}

## Current Solution (Failed)

{current_solution}

## Current Directions (Strategy Board)

{directions}

1066

Figure 13: Prompts for Local Memory Extract (Failure).

System Prompt

Compress the **direction_board** of an evolutionary agent.

Rules:

1. **Merge similar strategies**: Combine entries describing the same idea.
2. **Do NOT merge different failure modes**: Keep separate if root causes differ.
3. **Aggregate counts**: When merging, SUM success_count and failure_count; update status

accordingly.
1067
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4. **Prune low-value entries**: Remove vague or noise entries. Keep ~5-10 useful directions.

Output Format:

‘‘‘json
{

"thought_process": "Brief explanation.",
"direction_board": [

{"direction": "Strategy", "description": "Explanation", "status": "Success|Failed|Neutral", "
success_count": N, "failure_count": M}

]
}
‘‘‘

Compress the **experience_library** of an evolutionary agent.

Rules:

1. **Merge overlapping experiences**: Combine entries describing the same lesson.
2. **Do NOT merge different root causes**: "Avoid recursion without memoization (TLE)" and "Avoid

large array (OOM)" are DIFFERENT.
3. **Content Guidelines**:

* Success: Explain WHY it works, under what conditions
* Failure: Describe the SPECIFIC mistake and what triggered it

4. **Filter trivial items**: Remove noise entries. Keep ~5-8 useful experiences.

Output Format:

‘‘‘json
{

"thought_process": "Brief explanation.",
"experience_library": [

{"type": "Success|Failure", "title": "Specific title", "description": "One-sentence summary",
"content": "2-6 sentences on when/why."}

]
}
‘‘‘

1068

User Prompt

## Directions (Strategy Board)

{directions}

## Experiences

{experience_library}

1069

Figure 14: Prompts for Local Memory Compress.

System Prompt

Design search queries for a global memory of past optimization experiences.

Your job:

1. Read the context (problem, constraints, language, optimization target, local memory).
2. Think about potential bottlenecks in this task.
3. Output 2-3 concrete queries to search for useful experiences.

1070
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Query format: Short natural-language descriptions of scenario + problem, e.g.:

* "In Python, how to handle fast IO when reading 2e5 integers"
* "For pair counting with N up to 2e5, how to avoid O(N^2) loops"
* "How to reduce DP memory when table is O(N^2) and N=5000"

Output Format:

‘‘‘json
{

"thought_process": "Brief analysis of key bottlenecks.",
"queries": ["<query_1>", "<query_2>", "<optional_query_3>"]

}
‘‘‘

1071

User Prompt

## Problem Description

{problem_description}

## Optimization Target

{optimization_target}

## Language

{language}

## Local Memory

{local_memory}

1072

Figure 15: Prompts for Query Generation (memory retrieval).

System Prompt

Extract generalizable experiences from optimization trajectories for the SAME problem.

You will receive:

* **Improvement Steps**: Changes that improved metrics
* **Regression Steps**: Changes that worsened metrics
* **Best Solution**: Current best solution

Goal: Build an experience library with Success/Failure lessons reusable on future tasks.

Guidelines:

1. **Contrastive reasoning**: Compare improvements vs regressions. What consistently works/fails?
2. **Strategy-level focus**: Algorithm choice, data structure, I/O patterns, caching. Ignore

cosmetic changes.
3. **Generalize**: Abstract away specific names. Describe for problem families (e.g., "pair

counting with constraints", "DP with large N").
4. **Limit**: Output at most 3-5 experiences. Prioritize high-impact, clearly explainable changes.

Output Format:

‘‘‘json
{

"thought_process": "Brief contrastive analysis.",
1073
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"experiences": [
{

"type": "Success | Failure",
"title": "For Success: technique name. For Failure: ’Avoid ...’",
"description": "One-sentence summary.",
"content": "1-5 sentences on when/why this works or fails."

}
]

}
‘‘‘

1074

User Prompt

## Problem Description

{problem_description}

## Improvement Steps

{improvement_steps}

## Regression Steps

{regression_steps}

## Best Solution

{best_solution}

1075

Figure 16: Prompts for Global Memory Extract.
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