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Abstract

Self-evolution methods enhance code genera-
tion through iterative “generate-verify-refine”
cycles, yet existing approaches suffer from
low exploration efficiency, failing to discover
algorithmically superior solutions within lim-
ited budgets. We identify the root cause as
the lack of systematic controllability: execu-
tion feedback is not reliably converted into
targeted search decisions across route plan-
ning, edit granularity, and experience reuse.
We propose Controlled Self-Evolution (CSE),
a framework that couples three components
into an integrated control architecture. Diver-
sified Planning Initialization provides route di-
versity through structurally distinct algorithmic
strategies. Modular Evolution provides feed-
back attribution and module-level editing by de-
composing programs into functional modules
and applying targeted mutation and composi-
tional crossover. Hierarchical Evolution Mem-
ory maintains search state within tasks and dis-
tills reusable optimization patterns across tasks.
Experiments on EffiBench-X demonstrate that
CSE consistently outperforms all baselines
across various LLM backbones. Further analy-
sis reveals non-additive synergy among con-
trol layers, confirming that CSE’s effective-
ness arises from component coupling rather
than independent contributions. The code and
evaluation implementation are publicly avail-
able at https://github.com/QuantaAlpha/
EvoControl.

1 Introduction

Large Language Models (LLMs) (Comanici et al.,
2025; Achiam et al.,, 2023; Cai et al., 2024;
Grattafiori et al., 2024; Team et al., 2025; Guo et al.,
2025a) have demonstrated strong code generation
capabilities (Chen et al., 2021; Jiang et al., 2026a;
Dong et al., 2025; Wang et al., 2025b; Hui et al.,
2024; Wang et al., 2025a,c), yet single-turn genera-
tion (Luo et al., 2024; Wei et al., 2023) struggles
with complex algorithmic problems and cannot
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Figure 1: Controlled Self-Evolution (CSE) improves
exploration efficiency. (a) Existing self-evolution suf-
fers from Initialization Bias, Uncontrolled Evolution,
and Repeated Failure, so candidates wander across the
solution-quality landscape without converging. (b) CSE
replaces these with Diversified Planning Initialization,
Modular Evolution, and a Hierarchical Evolution Mem-
ory that stores success and failure experience for reuse,
steering the trajectory toward a better solution within
the same budget.

leverage execution feedback. Self-evolution meth-
ods (Gao et al., 2025; Fang et al., 2025), adopted
by both code optimization agents (Du et al., 2025;
Guo et al., 2025b; Novikov et al., 2025) and LLM-
driven algorithm design (Romera-Paredes et al.,
2023; Liu et al., 2024b; Ye et al., 2024; Stein and
Bick, 2025; Liu et al., 2026), address this through
iterative “generate-verify-refine” cycles that cast
code generation as feedback-driven search.

Yet this search process is computationally expen-
sive, and practical deployment imposes strict re-
source constraints, demanding methods with higher
exploration efficiency that discover better solutions
earlier and keep improving within the budget.

Unfortunately, existing self-evolution methods
suffer from critically low exploration efficiency un-
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der such budgets (as shown in Figure 1). The root
cause is not the absence of evolutionary primitives
(diversity, selection, mutation, crossover, and reflec-
tive feedback have all been explored in prior work
(Romera-Paredes et al., 2023; Liu et al., 2024b; Ye
et al., 2024; Stein and Bick, 2025)), but the lack
of systematic controllability over how execution
feedback is converted into future search actions.
We observe that systematic controllability can be
understood as progressively refining raw execution
feedback into actionable search decisions through
five synergistic levels: route diversity ensures struc-
turally distinct solution regions are covered; feed-
back attribution localizes coarse signals to respon-
sible functional components; module-level targeted
editing translates diagnoses into precise mutations
instead of whole-program rewrites; search state
maintenance accumulates edit histories into navi-
gational awareness of what has been tried and what
to explore next; and cross-task experience trans-
fer distills this knowledge into reusable optimiza-
tion patterns. These levels exhibit bidirectional
dependencies, where upstream levels provide the
structured input that downstream levels require,
while downstream levels enhance upstream deci-
sions by supplying attributable structure and route-
level awareness. This mutual reinforcement sug-
gests that controllability is best addressed as an
integrated architecture. However, existing methods
address these levels in isolation or leave several
entirely uncontrolled: diversity is introduced at
initialization but not maintained; feedback drives
whole-program rewriting without module-level at-
tribution; and search state is not tracked, leading to
redundant exploration.

We propose Controlled Self-Evolution (CSE),
a framework that couples three components into an
integrated control loop to jointly achieve the syn-
ergy described above. Diversified Planning Initial-
ization provides route diversity by generating struc-
turally distinct algorithmic strategies, each serv-
ing as a trackable exploration direction maintained
by memory throughout evolution. Modular Evo-
lution provides feedback attribution and module-
level targeted editing: it decomposes programs into
functional modules, diagnoses bottleneck modules,
and applies targeted mutation or compositional
crossover under interface constraints. Hierarchi-
cal Evolution Memory provides search state main-
tenance and cross-task experience transfer: local
memory tracks attempted directions and their out-
comes; global memory distills cross-task patterns

for retrieval in new tasks. These components form a
closed loop: planning provides trackable routes for
memory; memory provides directional guidance
for evolution; evolution provides module-attributed
feedback for memory.

We conduct comprehensive experiments on
EffiBench-X (QING et al., 2026), showing that
CSE consistently outperforms all baselines across
diverse LLM backbones. Further analysis confirms
that CSE’s gains arise from the coupled control
architecture: removing any component produces
non-additive performance degradation.

2 Related Work

Code Generation with LLMs. Large Language
Models have demonstrated remarkable capabilities
in code generation (Dong et al., 2025; Liu et al.,
2025; Lyu et al., 2025; Zhu et al., 2025; Lavon et al.,
2025; Yao et al., 2025). Recent advances span in-
struction tuning (WizardCoder (Luo et al., 2024),
Magicoder (Wei et al., 2023)), retrieval augmen-
tation (Lu et al., 2022), while specialized models
such as GPT-4o0 (Hurst et al., 2024) and DeepSeek-
Coder (Guo et al., 2024) have achieved strong re-
sults on programming benchmarks. However, re-
cent evaluations consistently reveal that LLMs tend
to generate solutions that are "correct yet ineffi-
cient." For instance, EffiBench-X (QING et al.,
2026) highlights a significant efficiency gap be-
tween model-generated code and human-written
canonical solutions. These findings underscore that
code generation capability does not equate to evo-
lution proficiency, necessitating the introduction
of post-generation systematic refinement mecha-
nisms.

LLM-Driven Evolutionary Search. Self-
evolution methods for code optimization (Gao
et al., 2025; Fang et al., 2025) and LLM-driven au-
tomated algorithm design (Liu et al., 2026; Lehman
et al., 2023) share a common paradigm: embedding
LLMs in iterative “generate-evaluate-refine” loops
to search over programs. At the iterative refine-
ment level, self-reflection approaches (Madaan
et al., 2023; Shinn et al., 2023; Sun et al., 2023)
enable models to learn from execution feedback,
while greedy methods such as AfterBurner (Du
et al., 2025) and EffiLearner (Huang et al., 2024)
perform local refinement on single candidates. To
broaden exploration, population-based methods
maintain candidate pools: FunSearch (Romera-
Paredes et al., 2023) searches over programs with
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automated evaluation, AEL (Liu et al., 2023) and
EoH (Liu et al., 2024b) evolve heuristic ideas
alongside code implementations, and AlphaEvolve
(Novikov et al., 2025) and OpenEvolve (Sharma,
2025) demonstrate LLM-driven coding agents
for algorithmic discovery. Diversity-driven
strategies (Dat et al., 2025; Lange et al., 2026;
Li et al., 2025), trajectory-level evolution (Guo
et al., 2025b), and structured search via Monte
Carlo tree search (Zheng et al., 2025b) further
expand the search space. To improve variation
operators, LLaMEA (Stein and Béck, 2025) and
LLaMEA-BO (Li et al., 2026) evolve complete
algorithm implementations through LLM-driven
mutation and crossover. To leverage accumulated
feedback, ReEvo (Ye et al.,, 2024) augments
evolutionary search with short-term and long-term
verbal reflections, extended by metacognitive (Qiu
et al., 2025), memetic-reflective (Qi et al., 2025),
and hindsight-foresight prompting (ChentongChen
et al., 2026) architectures, while co-evolutionary
approaches (Huang et al., 2026; Chen et al., 2023;
Yang et al., 2024) explore joint optimization of
complementary artifacts. Each of these methods
advances a specific aspect of the evolutionary
process. CSE targets the integration challenge:
rather than improving any single primitive,
it couples route-level diversity, module-level
feedback attribution, and hierarchical search state
maintenance into a unified control architecture
where each component’s effectiveness depends on
the presence of the others.

3 Problem Formulation

We formalize the algorithmic code efficiency opti-
mization task as follows. Given a problem speci-
fication x describing functional requirements and
constraints, the goal is to generate an implemen-
tation y that satisfies correctness while achieving
optimal execution efficiency.

The optimization environment is defined as O =
(X,),F), where X represents the problem spec-
ification space, ) denotes the solution space, and
F Y x X — Ris areward function evaluating
solution quality. The reward function captures both
correctness and efficiency.

The optimization unfolds as a population-based
evolutionary process over 7' iterations. At
each step ¢, we maintain a population P; =
{ygt), yét), e ,yg\t,z} of N; candidate solutions.
The evolutionary trajectory 7 = (Po, P1, ..., Pr)

progresses through feedback-driven selection, mu-
tation, and crossover operators. Our objec-
tive is to discover the optimal solution y* =
arg max, . v o, F(y, x), requiring efficient nav-
igation of the solution space through controlled
rather than stochastic exploration.

4 Method

As illustrated in Figure 2, CSE progressively re-
fines execution feedback into actionable search
decisions through three tightly coupled compo-
nents. Diversified Planning Initialization generates
diverse initial solutions through varied planning
strategies, providing broad coverage of the solu-
tion space. Modular Evolution uses reflection to
decompose candidates into functional modules and
applies targeted edits to the modules implicated
by feedback, enabling precise and predictable op-
timization at each step. Hierarchical Evolution
Memory maintains the search state within a task
and distills reusable optimization patterns across
tasks, providing directional guidance for the evolu-
tionary process.

4.1 Diversified Planning Initialization

To maximize the diversity of initial solutions and
ensure broad coverage of the solution space, we
employ a two-stage approach: diverse planning
followed by completion. Specifically, we prompt
the agent 4y with explicit diversity constraints
to generate a set of high-level solution sketches
Z ={z,...,2n,,}, where each sketch represents
a semantically distinct strategy.

Subsequently, each solution sketch is instanti-
ated into a concrete code implementation, forming
the initial candidate solutions:

v ~ Ay | 2, 2), Vie{l,...,Nuw}, (1)
where yfo) denotes the complete output gener-
ated by the model conditioned on the input spec-
ification z and solution sketch z; at the initial
stage. Through this approach, the initial population
Po = {y£0)7 e yg\?i)m} achieves diverse coverage of
the solution space. Each initial strategy serves as a
trackable exploration direction, with its evolution
trajectory maintained by local memory (§4.3).

4.2 Modular Evolution

Modular Evolution converts execution feedback
into a functional diagnosis, decomposes the pro-
gram into semantically meaningful modules, and
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Figure 2: Overview of CSE. Three components form a control loop along the feedback refinement chain: Diversified
Planning Initialization provides route diversity, Modular Evolution provides feedback attribution and module-level
editing, and Hierarchical Evolution Memory maintains search state and enables cross-task experience transfer.

applies targeted edits to the modules implicated by
the diagnosis, enabling precise and predictable op-
timization at each evolutionary step. At each step,
one or two parents are sampled from the popula-
tion with probability proportional to reward, then
processed through the following pipeline.

Reflection-Guided Decomposition. Given a se-
lected candidate y, CSE first asks the agent to
analyze the current feedback, compare the can-
didate against the task constraints and available
reference signals, and decompose the program into
functional modules {c1, ¢, . .., ¢y, }. Each module
is tagged with its role, interface assumptions, ob-
served strengths, and suspected bottlenecks. This
decomposition creates explicit edit boundaries that
preserve working logic while focusing optimiza-
tion pressure on the components most responsible
for the current performance profile.

Module-Level Controlled Mutation. The agent
uses the reflection diagnosis to identify the compo-
nent Careee Most likely responsible for low reward.
CSE then regenerates only this target module while
preserving all other modules and interfaces:

sem}s (2)
21

Ychild = {Cl, . ,Reﬁne(cmget | T‘t), .

where 7; denotes the reflection-derived rationale
and feedback evidence at step t. This module-level
constraint ensures that the model explicitly identi-
fies which component is being changed, justifies
why the feedback implicates it, and verifies that
the revised module remains compatible with the
preserved code.

Module-Level Compositional Crossover. To fa-
cilitate the flow of advantageous traits across the
population, CSE performs module-level recombina-
tion. When parent solutions y 4 and yp exhibit com-
plementary advantages in different components, the
crossover operator aligns the decomposed modules
by function, then synthesizes a child from selected
compatible modules:

3

Yehild = Compose({ nme} {Crobust} | Tt)

(4)

ime denotes the time-efficient compo-

where c

nent from solution y4, and B represents the

robust
robustness-oriented component from solution 5.
The reflection rationale r; constrains the compo-
sition to preserve interfaces and resolve conflicts

between the imported modules.
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4.3 Hierarchical Evolution Memory

To maintain search state within a task and distill
reusable optimization patterns across tasks, we em-
ploy Hierarchical Evolution Memory.

Local Memory. M, maintains the search
state of the current task by recording what has been
tried and what each attempt revealed. At each evo-
lutionary step ¢, we compare the reward change

Ay = F (ygl)ﬂd, x) —F (ylggrent, x) between the

parent ygrent and its child ygl)ll q- The agent distills
each comparison into a structured experience entry
containing two types of insights: success insights
(At > 0) that capture what led to improvements,
and failure lessons (A; < 0) that capture why a
direction degraded performance. Together, these
entries form a cumulative record of the exploration
trajectory. This reflection process is formalized as:

my < Reflect (yﬁﬁ)ﬂ 4 y}()zrent, At> , (4a)
M+ Compress (M, U {m;}), (4b)

where m; denotes the distilled experience at step .
At evolution step ¢ + 1, the accumulated Mgy 1S
dynamically injected into the prompt context, pro-
viding directional guidance: success insights direct
the model toward validated optimization strategies,
while failure lessons steer it away from previously
explored dead ends. To prevent memory overflow
as iterations accumulate, whenever M exceeds a
predefined length threshold, we perform semantic
compression to keep local memory dense.

Global Memory. M.y, aims to distill and reuse
inter-task experiences. For each task 7, we collect
all evolution steps and their reward changes. We
keep the top- K improving useful steps and top- K
degrading harmful steps (ranked by A), denoted
by S and S, respectively. The LLM distills a
task-level global experience g, with S, S7 and
best solution y and stores it in a vector database:

(5a)
(5b)

Gr Reﬂect(Sj, S, yi) )

T

ME® — ME° U {g,}.

At evolutionary step ¢, the agent generates N, tar-
geted retrieval queries based on the current evolu-
tionary context (including the current code state,
encountered errors, or performance bottlenecks):

{qf")}nNil < GenerateQueries(Context;), (6a)

Ert « Retrieve( ME®, {qt(n)}fzvil), (6b)

where {qt(n)}ivil represents the generated queries
and &' denotes the retrieved relevant experi-
ences. This mechanism ensures that the agent
can precisely invoke past experiences from sim-
ilar tasks when encountering specific challenges.
Appendix C provides the implementation details
of global memory extraction, query generation, re-
trieval, and context injection.

The full end-to-end procedure is provided in Ap-
pendix A and Algorithm 1; the main text focuses
on the three control mechanisms that turn execution
feedback into route-level diversity, module-level
edits, and accumulated search guidance.

S Experiments

5.1 Experimental Setup

Benchmark. We evaluate on EffiBench-X
(QING et al., 2026), which aggregates 623
algorithmic problems from major competitive
programming platforms, including AtCoder,
Codeforces, and LeetCode, spanning six program-
ming languages. Each problem comes with strict
time/memory limits and comprehensive test cases.
We run experiments on two different languages
(Python and C++) to assess the generality of our
method. Following prior work (QING et al., 2026),
we report three normalized efficiency metrics:
Execution-Time ratio (ET), Memory-Peak ratio
(MP) and Memory-Integral ratio (MI), which com-
pare the LLM-generated solution with the human
reference on every problem. Detailed definitions
and derivations are provided in Appendix B.

Baselines. We compare CSE against three code-
generation paradigms: (1) Direct: a single-turn
generation. (2) Self-Reflection: iterative modifica-
tion of the current best solution based on its feed-
back (e.g., variants of EffiLearner (Huang et al.,
2024) and AfterBurner (Du et al., 2025)). (3) SE-
Agent (Guo et al., 2025b): a trajectory-level self-
evolving agent method (4) AlphaEvolve (Novikov
et al., 2025): a representative self-evolving agent
method; we reproduce it using the open-source im-
plementation of OpenEvolve (Sharma, 2025). We
evaluate two open-source models (DeepSeek-V3-
0324 (Liu et al., 2024a) and Qwen3-235B-A22B
(Yang et al., 2025)) and two closed-source models
(Claude-4.5-Sonnet and GPT-5).

Implementation Details. All methods (except
Direct) share a 30-candidate budget per task;
the best solution encountered in the trajectory is
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Python C++ Avg.
ET MP MI Tok. ET MP MI Tok. ET MP MI Tok.
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 472K 47.47 48.00 44.75 483K 47.98 48.91 47.82 47.8K
SE-Agent 48.57 50.39 49.63 137.5K 50.71 48.25 47.19 1282K 49.64 49.32 48.41 1329K
AlphaEvolve  48.70 50.33 51.47 109.1K 48.75 48.67 46.58 114.0K 48.73 49.50 49.03 111.6K
CSE (Ours) 49.06 50.99 52.38 137.3K 48.70 49.03 47.95 1254K 48.88 50.01 50.17 131.4K
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 56.0K 45.43 46.53 43.16 54.0K 51.39 53.37 52.17 55.0K
SE-Agent 60.09 59.68 60.69 1184K 47.74 46.42 44.54 1179K 53.92 53.05 52.62 118.2K
AlphaEvolve  58.86 60.04 60.24 106.3K 46.19 46.41 44.02 107.2K 52.53 53.23 52.13 106.8K
CSE (Ours) 61.06 61.03 62.80 115.3K 48.75 46.89 47.37 1209K 54.91 53.96 55.09 118.1K
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 65.0K 70.29 68.42 67.43 71.6K 70.04 69.79 70.26 68.3K
SE-Agent 64.14 70.58 67.25 116.0K 72.93 68.81 70.61 119.2K 68.54 69.70 68.93 117.6K
AlphaEvolve  69.45 69.50 70.57 1243K 71.07 68.45 67.66 116.9K 70.26 68.98 69.12 120.6K
CSE (Ours) 71.17 70.39 73.94 1394K 75.29 69.82 74.88 130.5K 73.23 70.11 74.41 135.0K
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 458K 61.79 62.08 56.76 442K 62.00 62.59 60.24 45.0K
SE-Agent 61.74 64.51 65.36 129.0K 68.61 62.70 63.46 133.6K 65.18 63.61 64.41 131.3K
AlphaEvolve  63.30 63.96 65.53 114.5K 64.13 63.05 60.54 114.1K 63.72 63.51 63.04 114.3K
CSE (Ours) 65.46 66.82 68.10 137.8K 69.94 64.42 66.83 138.2K 67.70 65.62 67.47 138.0K

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. Tok. is the average total tokens per task. Avg. reports the
per-column mean across Python and C++. Best results are in bold and second-best results are underlined.

recorded. Following Effilearner’s setup (Huang
et al., 2024), efficiency is measured only on tasks
already solved by Direct to decouple speed from
correctness; if a method exhausts its budget without
a valid solution, we fall back to the Direct baseline
for that task, guaranteeing identical problem sets
across evaluators. Across all methods, the reward
is the raw memory—time integral, inverted into a
maximization score to capture joint runtime and
memory gains. See Appendix C for more details.

5.2 Main Results

Table 1 presents the main experimental results
on EffiBench-X across Python and C++ under a
fixed test-time budget of 30 candidates per task.
CSE consistently achieves the best performance
across most efficiency metrics (ET, MP, MI) on
both programming languages, with particularly no-
table improvements on memory integral, demon-
strating its effectiveness in discovering algorith-
mically efficient solutions within limited explo-
ration budgets. The advantages hold across di-
verse model capabilities, from open-source mod-

68

66 q

Best Ml (%)

64

—— Direct
Self-Reflection
_______________________ —— SE-Agent
—&— AlphaEvolve
—@- Ours

62

1 5 10 20 30
Number of generations

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

els (Qwen3-235B-A22B, DeepSeek-v3-0324) to
state-of-the-art closed-source models (Claude-4.5-
Sonnet, GPT-5), validating that CSE’s control archi-
tecture is model-agnostic. The gains are most pro-
nounced with stronger backbones (e.g., +12.10 MI
on Claude-4.5-Sonnet C++), suggesting that more
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Method LCB v5 LCB v6
Direct 76/167 (45.51%) 78175 (44.57%)
Self-Reflection  97/167 (58.08%)  97/175 (55.43%)
SE-Agent 109/167 (65.27%)  108/175 (61.71%)
AlphaEvolve  104/167 (62.28%)  98/175 (56.00%)
CSE (Ours)  115/167 (68.86%) 109/175 (62.29%)

Table 2: LiveCodeBench code-generation results.

capable models benefit disproportionately from sys-
tematic search control that channels generation into
targeted, feedback-grounded edits.

Beyond the final metrics, Figure 3 reveals
CSE’s convergence advantage: CSE surpasses the
generation-30 performance of all competing meth-
ods by generation 20 and continues to improve
where others plateau. This sustained improvement
reflects the interplay of route-level diversity and
search state maintenance: diverse initial strategies
prevent early convergence to a single basin, while
accumulated local memory steers subsequent iter-
ations away from explored directions and toward
unexploited opportunities. CSE’s per-task token
consumption is comparable to other population-
based methods (e.g., on GPT-5: CSE 138.0K vs.
SE-Agent 131.3K vs. AlphaEvolve 114.3K). The
additional tokens are invested in maintaining search
diversity and enriching each evolutionary step with
higher information density. Importantly, if addi-
tional tokens alone explained the improvement,
CSE would not surpass competitors’ 30-generation
results with only two-thirds of the iteration budget,
confirming that the gains are attributable to the con-
trol architecture. We examine repeated-run stability
in Appendix E, confirming that the observed gains
are not dominated by stochastic variation.

5.3 Further Analysis

Beyond Efficiency: Correctness-Oriented Eval-
uation. To examine whether CSE extends to
correctness-oriented code optimization, we eval-
uate DeepSeek-V3-0324 on LiveCodeBench (Jain
et al., 2025) release v5 and v6 under the same
30-candidate budget. As shown in Table 2, CSE
achieves the highest pass rate on both releases. This
result suggests that CSE is not limited to efficiency
optimization on EffiBench-X, but also extends to
broader code optimization scenarios where func-
tional correctness is the primary objective. Ap-
pendix G further reports an AIME 2024 extension,
testing the same controlled evolution idea in mathe-
matical reasoning with verifiable answer checking.

=@= ET =0= MP MI

T 1 T r T T T
2 456 8 10 2 3 4 5

Ninit Nq

Figure 4: Hyperparameter sensitivity of CSE.

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 3: Ablation study. Planning means diversified
planning initialization; Evolution means modular evolu-
tion; Memory means hierarchical evolution memory.

Hyperparameter Sensitivity. Figure 4 varies
two search-control hyperparameters: the number
of diversified initial candidates N;,;; and the num-
ber of memory-retrieval queries. Across configu-
rations, CSE maintains strong performance, and
the overall trend does not depend on a narrowly
tuned setting. Increasing Nj,jt tends to improve
performance, which is expected because a larger
initial pool provides broader coverage of candidate
solution strategies. In contrast, increasing the query
count yields a smaller and less monotonic effect,
suggesting that retrieval helps but is not the domi-
nant source of gains. Importantly, our default set-
ting is not the best-performing configuration in this
sweep; therefore, the main results are not obtained
by selecting the optimal hyperparameters on the
evaluation set. Overall, CSE shows only moderate
hyperparameter sensitivity, supporting robustness
across reasonable search-control settings.

Ablation Studies on CSE. To isolate each com-
ponent’s role, we remove one at a time under the
same 30-candidate budget (Table 3). Each removal
disrupts a distinct level of the information refine-
ment chain. Removing Planning eliminates route
diversity, confining search to a narrow region of
the solution space (—4.28 MI). Removing Evolu-
tion disables feedback attribution and module-level
editing, forcing the system to fall back on whole-
program rewriting (—3.38 MI). Removing Memory
eliminates search state maintenance, causing the
system to revisit previously explored directions
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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 4: Statistics of Evolution dynamics.

without awareness of what has already been tried
(—5.02 MI). The consistent degradation across both
ET and MP confirms that these are not indepen-
dent add-ons but interlocking control layers: each
transforms feedback at a different granularity, and
removing any one breaks the refinement chain. We
additionally provide qualitative case studies in Ap-
pendix D to visualize the evolution dynamics under
each ablation. Appendix N further presents a con-
crete CSE evolution trajectory.

Non-Additive Synergy among Control Layers.
Our central claim is that CSE’s components form
a coupled control architecture rather than inde-
pendent add-ons. To test this, we compare dif-
ferent component combinations under the same
30-iteration budget. Figure 5 reports MI and the
gain from adding Memory (AMI) to each combina-
tion. The results reveal a clear non-additive pattern.
Adding Memory to Planning alone provides neg-
ligible benefit (AMI = —0.23): without module-
level feedback attribution, retrieved experiences
cannot be grounded into concrete edit operations.
Combining Memory with Evolution yields substan-
tial gains (AMI = +2.68): feedback attribution and
module-level editing provide the interface through
which accumulated search state can direct precise
modifications. The strongest effect emerges when
all three components are present (AMI = +5.02),
where route diversity ensures that memory entries
cover structurally distinct strategies and module-
level evolution provides the actionable interface to
apply retrieved experience. This super-additive pat-
tern provides direct evidence for bidirectional de-
pendencies among control layers. We additionally
isolate the cross-task component in Appendix F,
where a focused ablation evaluates the effect of
injecting retrieved global memory.

Exploration on Evolution Dynamics. To under-
stand when and how frequently improvements oc-
cur during evolution, we conduct a fine-grained
analysis over 30-iteration runs. Table 4 reports
three statistics: (i) the number of improvement
times (#Imp.), measuring how many iterations yield
efficiency gains over the previous best; (ii) the itera-
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Figure 5: Non-additive synergy among control layers.
We report MI and the gain AMI from adding Memory
to each component combination.

tion at which the final solution is found (Iter@Best),
indicating whether the best result appears early or
late; and (iii) improvements in the last 10 gener-
ations (Last-10 #Imp.), quantifying the ability to
sustain late-stage progress. The results show that
CSE achieves substantially more frequent improve-
ments than baselines (#Imp. = 1.79 vs. 0.90 for
AlphaEvolve and 1.60 for SE-Agent) and notably
stronger late-stage progress (Last-10 #Imp. = 0.29
vs. 0.06 for AlphaEvolve and 0.19 for SE-Agent).
This sustained late-stage progress can be attributed
to search state maintenance: as local memory accu-
mulates success and failure records, later iterations
operate with richer directional guidance, enabling
the system to continue identifying productive edits
even as early opportunities are exhausted.

6 Conclusion

We present Controlled Self-Evolution (CSE), a
framework that addresses the low exploration ef-
ficiency of existing self-evolution methods by in-
troducing systematic controllability over how exe-
cution feedback is converted into search decisions.
CSE couples three components into an integrated
control architecture: Diversified Planning Initial-
ization provides route diversity, Modular Evolu-
tion provides feedback attribution and module-level
editing, and Hierarchical Evolution Memory main-
tains search state and enables cross-task experi-
ence transfer. These components form a closed
loop where each level’s effectiveness depends on
the others, as confirmed by the non-additive syn-
ergy in our analysis. Experiments on EffiBench-X
demonstrate that CSE consistently outperforms all
baselines across various LLM backbones.
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Limitations

CSE can continuously improve solution quality
through multi-round evolution. However, we have
not yet explored how to amortize this iterative opti-
mization into the base model. A promising yet un-
derexplored direction is to distill CSE’s evolution
trajectories into RL-style training (Yu et al., 2025;
Zheng et al., 2025a; Jiang et al., 2026b) signals to
strengthen the base model, enabling comparable or
better optimization and producing higher-quality
solutions.

Another limitation concerns responsible deploy-
ment. Automated code optimization can produce
candidates that pass available tests while relying
on brittle assumptions, hidden input-distribution
biases, or implementation choices that are difficult
for downstream users to audit. Such failures may
harm users who deploy optimized code in safety-
critical or resource-constrained settings. CSE mit-
igates this risk by keeping execution feedback in
the loop, enforcing interface-preserving modular
edits, and selecting candidates only after validation,
but these safeguards do not replace human review,
broader testing, or domain-specific safety checks
before deployment.
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A Algorithmic Overview of CSE

We summarize the end-to-end workflow of
Controlled Self-Evolution (CSE) in Algorithm 1.
CSE proceeds in three stages: (i) diversified
planning initialization constructs a diverse ini-
tial population Py of five candidates; (ii) 25 evo-
lution steps perform reward-based parent selec-
tion, retrieve inter-task experiences from A&
and inject them with M°°,, then apply modular
refinement (MODULARREFINE) or composition
(MODULARCOMPOSE); and (iii) after the shared
30-candidate budget is exhausted, we return y* and
distill task-level experience g, from top-K improv-
ing/degrading steps to update M&P.

B Evaluation Metrics.

To quantify the efficiency of LLM-generated so-
lutions relative to human-expert-written reference
solutions, we follow prior work and report three
normalized metrics: Execution Time (ET), Mem-
ory Peak (MP), and Memory Integral (MI). We eval-
uate on N problems, indexed by i € {1,...,N}.
For each problem ¢, we measure the execution time,
peak memory usage, and memory—time integral for
both the human reference solution (superscript H)
and the LLM-generated solution (superscript L),
under the same evaluation protocol.

Failure Handling. If the LLM-generated so-
lution for problem 1 fails to pass all test cases or
encounters a runtime error (e.g., timeout, crash),
we assign a score of 0 for that problem for all met-
rics.

Clipping. To both (i) preserve the ability to
credit solutions that outperform the human refer-
ence (ratios > 1) and (ii) limit the influence of
extreme outliers, we apply

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

In all experiments we set k = 5 (shared across all
methods), which retains sufficient headroom for
surpassing human references while preventing a
small number of extreme cases from dominating
the average.

(1) Execution Time (ET). Let TZ»H denote the
raw execution time of the human reference solution
required to pass all test cases for problem 7, and TZ-L
denote the execution time of the LLM-generated
solution (conditioned on passing). The per-problem

ET score is

0, if solution fails,

. : (7
clip ( 2 0 5) otherwise,

T _
S; =

and the overall ET is the mean score across prob-
lems, reported in a scaled form for readability:

1 N
— <NZSZ> x 100%.  (8)
=1

(2) Memory Peak (MP). Let MZ»H and MZ.L de-
note the raw peak memory usage of the human
reference and the LLM-generated solution on prob-
lem i, respectively. The per-problem MP score
is
0, if solution fails,

. . ©)
chp( M) 0, 5) otherwise,

and the overall MP is

N
MP (%) = (;VZSZM) x 100%.  (10)

=1

(3) Memory Integral (MI). To measure lifetime
memory consumption, we define the raw memory—
time integral for one execution as

’-Rolal
A= / m(t) dt,
0

where m(t) is the memory usage trace at time ¢
and Tio 1s the total execution time. This integral
is numerically approximated from high-resolution
profiling traces. Let qu and AZ-L denote the mem-
ory integrals of the human reference and the LLM-
generated solution on problem ¢, respectively. The
per-problem MI score is

(11)

0, if solution fails,

A
clip( AT ,0, 5) otherwise,

st = (12)

and the overall MI is

%) = <st ) x 100%.  (13)

C Implementation Details

Experimental Setup Rationale. We follow the
evaluation protocol used in EffiLearner (Huang
et al., 2024) to decouple efficiency from correctness
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when comparing iterative optimization methods. In
particular, efficiency is measured only on tasks that
are already solved by DIRECT. This restriction en-
sures that all evaluated solutions are functionally
correct, and avoids an apples-to-oranges compari-
son where different methods solve different subsets
of tasks, making efficiency scores not directly com-
parable. Moreover, if an iterative method exhausts
the shared 30-candidate budget without producing
a valid solution, we fall back to the DIRECT solu-
tion for that task, guaranteeing an identical set of
evaluated problems across methods under a fixed
budget. The budget consists of five initialization
candidates and 25 evolution steps; it is not 30 itera-
tions plus 30 additional children.

Evaluation Protocol. Following our main exper-
imental setup, each problem is evaluated on 100
test cases with a time limit of 10 s and a memory
limit of 1024 MB. If a candidate program triggers
a runtime error, exceeds the time limit (TLE), or
violates the memory limit (MLE), we mark it as
a failure and assign it a reported metric of 0 (for
ET/MP/MI).

Raw Signal for Evolution. While the paper re-
ports the normalized metrics (ET/MP/MI) w.r.t. the
human reference solution, the evolution process is
guided by the raw memory—time integral value,
denoted as A (lower is better). To reduce measure-
ment noise, we evaluate each candidate on the same
machine for 5 repeated runs; we remove outliers
by discarding the maximum and minimum runs and
take the mean of the remaining runs as the final A.
If any run results in failure (runtime error, TLE, or
MLE), the candidate is treated as failed.

Reward and Parent Selection. Since smaller
A indicates better efficiency, we convert A into a
maximization-form reward for selection:

1
F = —,
A
We sample parents proportional to their reward,
ie.,
E

pi = .
> T

Failed candidates are assigned F = 0, and thus
will not be selected as parents. This is a standard
reward-proportional sampler; we use it as an im-
plementation choice rather than as the source of
CSE’s novelty.

Search Budget and Operator Schedule. We use
a shared budget of B = 30 candidates per task:
Ninit = 5 candidates are generated from diverse
plans, followed by Ney, = 25 evolution steps, each
generating exactly one child. Thus the budget is
five initial candidates plus 25 children, rather than
30 iterations plus 30 children. We adopt a deter-
ministic alternating schedule for the two modular
evolution operators: module-level controlled mu-
tation and module-level compositional crossover
are executed in an interleaving order across itera-
tions. Concretely, we apply mutation on odd itera-
tions and crossover on even iterations, ensuring a
stable and reproducible operator mixture through-
out evolution.

Initialization and Global Memory Retrieval Hy-
perparameters. We use Nj,;; = 5 diverse ini-
tialization plans per problem. For global memory
retrieval, we generate N, = 3 queries and retrieve
top-K,, = 3 memories per query, resulting in at
most IV, - Ky, retrieved entries.

Adaptive Module Decomposition. To enable
Modular Evolution, we use a constrained but
adaptive decomposition. The LLM chooses 3—
5 functional slots from the current program and
execution feedback; slot names and semantics
are not a fixed enum. The output schema
fixes the fields role, interface_constraints,
bottleneck_diagnosis, observed_strengths,
and code_span, while the slot labels remain task-
dependent. Examples such as [A] Input, [B]
Core, and [C] Optimization illustrate possible
descriptions rather than mandatory modules. The
decomposition prompt also asks the model to at-
tach feedback-grounded diagnoses to modules, in-
cluding suspected bottlenecks, reusable strengths,
and interface constraints. All subsequent mutation
and crossover operations are applied at the module
level, which helps maintain interface consistency
and reduces unintended edits outside the targeted
components.

Local Memory Compression. We maintain a
local memory buffer for intra-task experiences. To
prevent memory overflow in the prompt context,
we perform semantic compression whenever the
local memory exceeds 1000 tokens.

Global Memory Extraction. After completing
the evolution of a task 7, we convert the full task
trajectory into a small set of transferable memory
entries. For every evolutionary step, we record
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the parent program, the generated child program,
the evaluation outcome, and the reward change A.
We then rank the trajectory by A and select two
contrastive evidence sets: the top-K improving
steps and the top-K degrading steps, with K = 5.
These two sets, together with the task description
and the final best solution yZ, are passed to the
global-memory extraction prompt. The extractor
is instructed to compare improvements against re-
gressions, ignore cosmetic edits, focus on strategy-
level lessons such as algorithm choice, data struc-
tures, I/O patterns, caching, or memory reduction,
and abstract away task-specific variable names into
reusable problem-family guidance. Its output is a
concise list of at most 3—5 structured experiences;
each entry is marked as either a success pattern or
a failure lesson and contains a short title, a one-
sentence description, and a brief explanation of
when and why the lesson applies. We insert these
extracted entries into the global memory pool M&/®
only after task 7 has finished, so later tasks can re-
trieve from earlier-task experience while the current
task does not leak future information.

Global Memory Query Generation and Re-
trieval. At each evolution iteration, before apply-
ing module-level mutation or crossover, CSE gen-
erates retrieval queries from the current optimiza-
tion context using a dedicated query-generation
prompt. The prompt receives the current prob-
lem description, constraints, language, optimiza-
tion target, and accumulated local memory, then
asks the model to infer likely bottlenecks and pro-
duce short natural-language retrieval queries. In
our implementation, we request [V, = 3 queries,
typically describing concrete scenarios such as fast
I/O needs, pair-counting bottlenecks, or memory-
heavy dynamic programming. We encode both the
generated queries and all global-memory entries
using Qwen3-8B-Embedding. For each query, we
perform nearest-neighbor search over M with
cosine similarity and return the top-K,,, = 3 en-
tries, yielding at most nine retrieved experiences
per iteration.

Use of Retrieved Memory in Context. The re-
trieved entries are rendered as the Global Memory
field in the subsequent evolution prompt, alongside
the problem statement, additional requirements,
current candidate program, and the compressed
Local Memory field. This means global memory
is not used as a post-hoc filter; it is injected be-
fore generation and conditions the model’s decom-

position, bottleneck diagnosis, and module-level
edit decisions. Success entries serve as reusable
optimization strategies to try when their scenario
matches the current task, while failure entries act
as negative constraints that discourage repeating
previously observed regressions. The controlled-
mutation and compositional-crossover prompt tem-
plates expose this context layout explicitly through
the Local Memory and Global Memory fields.

Global Memory Construction Order. To en-
sure determinism and reproducibility, we fix a sin-
gle task-processing order and apply the same order
to all methods when constructing and using the
global memory. After each processed task, we dis-
till the evolved trajectory into compact experience
items and add them into the global memory for
retrieval in subsequent tasks.

D Ablation Case Studies

Case Study: Diversified Planning Initialization.
Figure 6a compares full CSE with an ablated vari-
ant that removes diversified planning initialization.
We observe a clear initialization bias: without di-
versified planning, the search starts from a sub-
stantially worse region (best-so-far ~1230.5) and
remains almost unchanged for several generations,
indicating that the initial candidates are clustered
around a low-quality mode. Although the ablated
run eventually makes progress (dropping to ~929.3
and ~761.2 around mid-early generations), it still
struggles to escape the basin and only reaches a
plateau at ~~433.7 after ~12 generations, with lit-
tle improvement thereafter. In contrast, diversified
planning immediately provides a much stronger
and more promising starting point (iter 1: 886.1),
enabling an early “algorithmic jump” within a few
iterations (iter 5: 197.5, a 77.7% reduction), fol-
lowed by continued refinement (iter 8: 176.9).
More importantly, starting from diverse, seman-
tically distinct strategy sketches allows the evo-
lutionary loop to explore multiple high-potential
basins in parallel, which later supports a second
breakthrough (iter 22: 95.7) and a final improve-
ment (iter 25: 93.9). Overall, removing diversified
planning causes prolonged stagnation and a much
higher final plateau (~=433.7 vs. 93.9), demonstrat-
ing that diversified planning is crucial for overcom-
ing poor initial modes and accelerating the discov-
ery of high-efficiency solution structures.
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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).

Case Study: Modular Evolution. Figure 6bil-  gain at iter 25 (93.9). This gap suggests that the

lustrates the effect of removing Modular Evolu-
tion, i.e., the reflection-guided decomposition plus
module-level mutation and composition operators.
Although the ablated variant starts from a relatively
strong initial point (best-so-far =569.4), it quickly
becomes stagnant: the curve stays nearly flat for
the first ~10 generations and only achieves a mod-
est improvement to ~377.9 around the mid-run,
after which it plateaus again until the end of the
budget. In contrast, full CSE exhibits step-wise
breakthroughs characteristic of effective evolution-
ary search: despite a worse starting best (iter 1:
886.1), it rapidly triggers a major early jump to
iter 5 (197.5; |77.7%), further refines to iter 8
(176.9), and later achieves another large improve-
ment at iter 22 (95.7; |45.9%) followed by a final

core benefit of Modular Evolution is not merely
producing more variants, but enabling structure-
preserving, feedback-aligned updates: module-
level mutation can surgically repair the bottleneck
component without disrupting already-correct parts
(Eq. 2), while module-level composition can recom-
bine complementary strengths across candidates
rather than performing superficial text-level mixing
(Eq. 3). Without these operators, the search lacks
an effective mechanism to translate evaluation feed-
back into high-reward structural edits, leading to
long plateaus and a much higher final performance
floor (=377.9 vs. 93.9).

Case Study: Hierarchical Evolution Memory.
Figure 6¢c examines the impact of removing Hi-
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erarchical Evolution Memory. Without memory,
the search trajectory exhibits pronounced plateaus
and delayed progress: the best-so-far performance
remains extremely high for multiple generations
(around ~1200), then only drops to ~910.6, and
later makes a larger decrease to roughly ~405.9
before entering a long stagnation period near ~400.
Even late in the run, the memory-ablated variant
only achieves a modest improvement to ~328.5
and then plateaus again, indicating that exploration
repeatedly revisits similar low-yield regions rather
than systematically leveraging past lessons. In con-
trast, full CSE quickly consolidates early improve-
ments (iter 5: 197.5; iter 8: 176.9) and, crucially,
avoids long mid-run stagnation by triggering a late-
stage breakthrough (iter 22: 95.7; [45.9%) fol-
lowed by a final refinement (iter 25: 93.9). This
divergence highlights the role of memory as a
feedback-to-action bridge: local memory distills
parent—child reward changes into actionable suc-
cess patterns and failure constraints (Eq. 4), reduc-
ing redundant trial-and-error within the task, while
global memory retrieval supplies reusable optimiza-
tion heuristics from prior tasks that steer generation
toward unexplored but promising directions (Eq. 5).
Removing this mechanism substantially slows the
transition from incremental tweaks to high-impact
structural changes, yielding a much higher final
performance floor (~328.5 vs. 93.9).

E Repeated-Run Stability

To assess whether the observed gains depend heav-
ily on stochastic variation, we repeat a single CSE
setting multiple times using DeepSeek-V3-0324 on
100 Python tasks. Table 5 reports summary statis-
tics across repeated runs. The three efficiency met-
rics show low variation across runs, with standard
deviations of 0.0201 for ET, 0.0003 for MP, and
0.0188 for MI. These results suggest that, under
this setting, CSE’s outcomes are stable rather than
being dominated by run-to-run randomness. The
corresponding five-run comparison with SE-Agent
and AlphaEvolve is reported in Table 9.

F Global Memory Ablation

To further isolate the contribution of global mem-
ory, we conduct a focused ablation with DeepSeek-
V3-0324 on a 50-task subset. Both settings share
the same core CSE components, and the only dif-
ference is whether retrieved global memory is in-
jected. Under the difficulty curriculum, removing

Metric  Mean =+ Std. Min Max Range
ET 0.8082 + 0.0201 0.7889 0.8379 0.0490
MP 0.9938 + 0.0003 0.9933 0.9940 0.0007
MI 0.8617 +0.0188 0.8478 0.8878 0.0399

Table 5: Repeated-run stability of CSE. We repeat the
same DeepSeek-V3-0324 CSE setting on 100 Python
tasks and report mean, standard deviation, extrema, and
range across runs.

Setting MI

w/o Global Memory 1.3369
w/ Global Memory (difficulty order) 1.3454

Table 6: Global memory ablation. We evaluate
DeepSeek-V3-0324 on 50 tasks. All settings use Di-
versified Planning Initialization and Modular Evolution.

global memory reduces the MI score from 1.3454
to 1.3369, a difference of +-0.0085. The expanded
order comparison in Table 13 shows why this re-
sult should be interpreted conditionally: random
ordering yields an observed difference of —0.0090.

At the same time, this global-memory mech-
anism 1is intentionally simple in our current im-
plementation. First, we do not explicitly model
the semantic relatedness among tasks; instead, we
process tasks by difficulty so that useful transfer
can emerge when later tasks benefit from experi-
ence distilled from earlier ones. Second, although
the memory distillation step considers both suc-
cessful and failed evolutionary experiences, the
extracted memories are concise and only lightly
constrained. They are not organized with a richer,
skill-like schema that specifies reusable precondi-
tions, failure modes, and application procedures.
These design choices likely limit the observed ef-
fect size. Nevertheless, under the difficulty curricu-
lum, this relatively coarse construction can provide
a useful cross-task experience source; the random-
order result indicates that the gain is modest and
order-sensitive.

A natural concern is negative transfer: memories
from one algorithmic family (e.g., string match-
ing) could bias generation on an unrelated family
(e.g., graph problems). In practice, because global
memories serve as soft natural-language guidance
and candidates are still selected by test execution,
an irrelevant memory acts as prompt noise rather
than a harmful constraint. The curriculum result
is compatible with useful transfer, but the random-
order decrease prevents a claim of consistent posi-
tive gain or order-independent absence of negative
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Method AIME 2024

Direct 13/30 (43.33%)
Self-Reflection  21/30 (70.00%)
SE-Agent 22/30 (73.33%)
AlphaEvolve 22/30 (73.33%)
CSE (Ours) 23/30 (76.67%)

Table 7: AIME 2024 scenario extension. We report
pass counts and pass rates using DeepSeek-V3-0324
under a 30-candidate budget.

Method ET MP MI

SE-Agent 0.8006 £ 0.0207 0.9704 £ 0.0110 0.8349 4+ 0.0217
AlphaEvolve 0.8089 £ 0.0198 0.9794 £ 0.0150 0.8428 £ 0.0224
CSE 0.8082 £ 0.0201 0.9938 £ 0.0003 0.8617 4+ 0.0188

Table 9: Five-run stability on 100 Python tasks.

Backbone Comparison AMI [95% CI]  Holm p
DeepSeek-V3 CSE-SE-Agent +2.10[0.95,3.49] < .001
DeepSeek-V3  CSE-AlphaEvolve +2.55[1.27,4.38] < .001
GPT-5 CSE-SE-Agent +3.29 [1.80, 4.95] < .001
GPT-5 CSE-AlphaEvolve +2.79[1.15,4.73] < .001

Method Candidate pass Fallback to Direct
Direct 100.00% 0.00%
Self-Reflection 72.10% 3.60%
SE-Agent 75.10% 4.10%
AlphaEvolve 81.80% 4.70%
CSE 79.90% 3.00%

Table 8: Candidate pass and fallback rates under the
shared budget.

transfer.

G AIME 2024 Scenario Extension

To further test whether CSE can generalize beyond
code-generation and code-efficiency settings, we
evaluate DeepSeek-V3-0324 on AIME 2024. This
benchmark provides a correctness-oriented math-
ematical reasoning scenario with verifiable final
answers. Following the same 30-candidate budget
used in our correctness-oriented code evaluation,
we compare CSE against direct generation, self-
reflection, SE-Agent, and AlphaEvolve.

As shown in Table 7, CSE achieves the highest
pass rate on AIME 2024, improving over both SE-
Agent and AlphaEvolve by one additional solved
problem. The improvement is modest in absolute
count, but it suggests that the controlled evolution
loop can also provide useful search structure in
mathematical reasoning tasks where feedback is
based on final-answer correctness rather than code
execution signals.

H Candidate Validity and Fallback

This appendix reports candidate validity rather than
hiding execution failures in aggregate efficiency
scores. The denominator is the fixed Direct-solved
task set, and “Fallback” means that the method did
not return a valid candidate within the shared 30-
candidate budget. Table 8 summarizes the pass and
fallback rates; values are from the local rebuttal
records.

Table 10: Paired task-level MI comparisons with confi-
dence intervals and Holm correction.

I Five-Run Stability

We repeat each method five times on the same 100
Python tasks with DeepSeek-V3-0324. Table 9
reports the mean =+ standard deviation across runs.

J Paired Significance Tests

Table 10 summarizes task-level paired MI differ-
ences. Confidence intervals are paired bootstrap
intervals; p values are Holm-adjusted Wilcoxon
signed-rank tests. The comparisons use the same
task instances for both methods.

K Matched-Token and Time-to-Quality
Controls

Table 11 reports matched-token and time-to-quality
comparisons, which answer different resource
questions. In the matched-token setting (GPT-5,
Python), the cutoff is the first point at which each
method reaches the reported token budget. In the
time-to-quality setting, the number of iterations
is held at the reported crossing point and tokens
are recorded per task. For reference, the rebut-
tal’s +12.10 MI comparison denotes a gain over
DIRECT on Claude-4.5-Sonnet C++ (74.88 versus
62.78), not a difference from another iterative base-
line.

L. Held-Out Validation

Table 12 compares visible and held-out correctness
for the same 100 Python tasks. We generate 50
new tests that are not exposed during evolution or
best-candidate selection. “Visible” is the original
test set; “held-out” is the newly generated set. M1
is computed on the pass-conditioned held-out sub-
set, so it is not a population-wide score when a
candidate fails held-out correctness.
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Method Cutoff / iters. Tokens/task MI
Matched-token (GPT-5 + Python)

AlphaEvolve 30 114,500 65.53
SE-Agent 26 110,419 64.96
CSE 25 113,651 67.92
Time-to-quality

AlphaEvolve 30 114,500 65.53
SE-Agent 30 129,000 65.36
CSE 20 88,577 66.88

Table 11: Matched-token and time-to-quality compar-
isons. MI is reported on the same evaluation split within
each comparison.

Method Vis. pass Held-out pass Drop Vis. MI Held-out MI
Direct 100.00% 99.70% 0.30 0.5622 0.5548
Self-Reflection 100.00% 99.40% 0.60 0.6118 0.6123
SE-Agent 100.00% 100.00% 0.00 0.6069 0.6135
AlphaEvolve 99.70% 99.10% 0.60 0.6024 0.5870
CSE 100.00% 99.40% 0.60 0.6280 0.6256

Table 12: Visible versus held-out correctness and pass-
conditioned MI.

M Global-Memory Ordering Boundary

Table 13 reports the order comparison on a 50-task
DeepSeek-V3-0324 subset. The global-memory
effect depends on task order: the difficulty cur-
riculum yields a small positive difference, whereas
random order yields a negative difference. These
measurements do not support an order-independent
no-negative-transfer claim.

Order w/o memory w/ memory AMI

Difficulty curriculum 1.3369 1.3454 40.0085
Random order - 1.3279  —0.0090

Table 13: Order-sensitive global-memory ablation. The
random-order row reports the observed w/ memory
value and its difference from the corresponding no-
memory condition.

All values are transcribed from the local rebuttal
and experiment-design records used for this revi-
sion. They expose denominators, units, and pro-
tocol boundaries rather than turning observational
ablations into causal claims.

N CSE Evolution Case Study

To demonstrate CSE in practice, Figure 7 shows
the complete 30-iteration evolution on EffiBench-
X ringo’s-favorite-numbers-3. The trajectory
illustrates how our mechanisms work together: ini-
tialization explores diverse solution hypotheses, in-
cluding a precomputation-centric strategy (Iter 1)
versus a reformulated k-space search (Iter 5), show-
ing CSE can switch high-level formulations rather

than merely refining a single approach. Once the
stronger structure emerges, module-level mutations
fix bottlenecks (e.g., inefficient checking or miss-
ing guards) while preserving the effective skele-
ton, yielding steady improvements. Module-level
crossover then merges complementary strengths
from different parents, such as combining robust
core search with cleaner predicates. Throughout,
hierarchical evolution memory guides the search
away from explored variants toward novel direc-
tions, reducing redundancy. The final solution dif-
fers markedly from the human reference in both
design and implementation, achieving better effi-
ciency.

O Positioning, Scope, and Feedback
Assumptions

This appendix makes the contribution boundary
explicit. CSE does not claim that diversified initial-
ization, reflection, mutation, crossover, or memory
is individually new. The contribution is a control
pipeline that connects these established primitives
at a particular granularity: route-level diversity is
converted into functional edit boundaries, execu-
tion feedback is attached to those boundaries, and
local/global search state is reused to select subse-
quent actions.

Actionable-feedback assumption. CSE requires
(i) a trustworthy correctness oracle that can reject
invalid candidates and (ii) a measurable objective
that can rank or compare valid candidates. The
signal need not be a dense scalar and does not
require a human reference solution. In our evalua-
tions, EffiBench-X supplies correctness checks to-
gether with runtime/memory measurements, Live-
CodeBench supplies hidden-test correctness, and
AIME supplies final-answer verification. These set-
tings provide an executable or otherwise checkable
feedback channel for candidate selection.

Applicability boundary. When correctness is
not reliably testable, when multiple outputs are
valid but the evaluator cannot recognize them, or
when available tests are too weak to support the
claimed objective, the present execution-based loop
is not sufficient. Such tasks may require a learned
reward model, stronger test generation, or human
feedback. We treat these settings as a scope bound-
ary and future work rather than extrapolating the
current results beyond verifiable-feedback tasks.
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Ringos’-favorite-numbers-3 " Human Solution

886.13 def primes(n):
a=bytearray(n+1); P=[]

for i in range(2,n+1):

q=next(it); Q=[next(it) for _

[
'

'

'

'

'

'

'

'

'

'

'

'

'

'

'

'

| def buildW(MAXK):
'

'

'

'

'

I

'

'

'

'

'

'

'

| MAXK=10%*6; W=buildW(MAXK)
'

'

v main()

from bisect import bisect_right; import sys, math

if not a[i]: P.append(i); ii=i*i
if iicsn: a[ii:n+1:i]=b’\xe1'*(((n-ii)//i)+1)

Iter 1| return P

Initialization —

Precomputation_

vl w=bytearray (MAXK+1)

Prime-pair for p in primes(MAXK):

enumeration; for v in range(p,MAXK+1,p): w[v]+=1

dedup+sort; return [k*k f?r k in rar)ge(Z,MAXK+l) if w[k!==2]
answer by binary def pred(W,A): i=bisect_right(W,A); return W[i-1]
e def main():

it=map(int,sys.stdin.buffer.read().split())
in range(q)]

sys.stdout.write("\n".join(str(pred(W,A)) for A in Q))

P
! MI: 682 MB * 5
| ET:355

import sys, math

'
1 def dpc2(n):

V' c=(n%2==0)

p while n%2==0: n//=2
v =3

! while f*f<=n and c<3:
' if n%f==0: c+=1
p if c>2: return c
' while n%f==0: n//=Ff
p f=2

I return ci(n>1)
'

'

'

'

'

'

'

'

'

'

'

'

'

'

def solve(A):
k=math. isqrt(A)
while dpc2(k)!=2: k-=1
return k*k

it=map(int,sys.stdin.buffer.read().split())
q=next (it)
sys.stdout.write("\n".join(str(solve(next (it
))) for _ in range(q)))

Iter 5 | Initialization —

Performance (log scale, lower is better)

SquareRootFactorization_v1
Switch to k = |VA] scan;
check 2-distinct-primes k;

Iter 8 | Mutation —
SquareRootFactorization_v2
Parent: Iter 5

Final Evolved Solution

10? output k2 Keep Iter 5 k scan; replace Iter 5
e factor-check with sieved primes - Iter 22 | Mutation —
burtor SquareRootSearch_v3 95.73 93.93
- Parent: Iter 21
Drop Iter 21 sieve/primes list Iter 25| Crossover — SquareRootSearch_v4
introduce trial division with early-stop Parent: Iter 22,23 .
Keep Iter 22 no sieve; Take Iter 23 predicate
refactor; add empty-input guard.
>
1 5 10 15 20 25 30 v

Number of generations

Figure 7: 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, module-level mutation, and module-level crossover steps, and contrasts the final evolved solution

against the human solution.

Route Exec. Population  Module-level ~ Ppersistent  11tegrated
Work diversity  feedback Reflection  variation edit memory control
FunSearch v v - v X X X
AEL / EoH v v - v X X X
AlphaEvolve / OpenEvolve v v - v X X X
LLaMEA / LLaMEA-BO - v - v X X X
SE-Agent - v v v X v X
ReEvo - v v v X v X
CSE (ours) v v v v v v v

Table 14: Comparison with representative LLM-driven search systems. A checkmark indicates that the capability is

TR

a reported central mechanism;

indicates that it is not a defining mechanism in the cited system. CSE’s novelty

claim is the integrated control connection, not any individual checked primitive.

Prompt reproducibility note. The local reposi-
tory contains the exact CSE prompt templates and
parsing schema reproduced in Appendix P. No ex-
act baseline-prompt source was available in the
local evidence set used for this camera-ready pass;
we therefore do not fabricate baseline prompts and
mark their recovery as a remaining reproducibility
item.

P Prompt Templates

This appendix section provides the exact sys-
tem/user prompts used by our pipeline. The tem-
plates cover diversified planning to propose mul-
tiple high-performance strategies; implementation

prompts that synthesize a complete program un-
der explicit constraints; slot-based decomposition
prompts that diagnose correctness and efficiency
by comparing a target solution against a reference
baseline; Modular Evolution prompts for module-
level controlled mutation (reflection and refine)
and module-level compositional crossover (hy-
brid synthesis); and memory prompts that extract,
compress, retrieve, and aggregate reusable suc-
cess/failure experiences. Across stages, prompts
emphasize correctness-first optimization, favor al-
gorithmic improvements over micro-optimizations,
and optimize the raw memory—time integral to en-
courage balanced runtime—memory trade-offs.
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Algorithm 1 Controlled Self-Evolution (CSE)

Require: Problem specification x, Global memory MEP N = 5 initial candidates, Nov, = 25
evolution steps, retrieval queries Ny, top-K size K
Ensure: Optimized solution y*
1: Z < PlanStrategies(x)
Po —{y” ~ Aoy | 2,2) | 2 € 2}
MEC ()
S, 0
for t = 1to Ny do
Compute {F(y, ) }yep,_,

Sample yégrent < SelectParent(P;_1) with Pjee(y) = %
t—1 ’

A A o

{qﬁ") gil + GenerateQueries(Context; )
9: & ¢ Retrieve(Me®, {qt(n)}Nq )

n=1
10:  Context} < Compose(Context;, M1, £ret)
11:  Op, < ChooseOp(ModularRefine, ModularCompose)

12:  if Op, = ModularRefine then

(o]

13: ({ci},re) Decompose(yl(;;)rerlt | Context})
14: yéﬁ)ﬂ q < ModularRefine({c;}, )
15:  else
16: Sample y;)(;zent < SelectParent(P;_1) with Pyject(+)
t t

17: ({ei}, {c},me) Decompose(yl()a)rent, y;(azent | Context})
18: ?J((;i?ﬂ 4 < ModularCompose({c;}, {c;},7¢)
19:  endif ( :

¢ t
20: At = ’F(ych)ild’ I’) - ‘F( }()arenm .’L')

21: P « UpdatePopulation(P;_1, y((,l?ﬂd, F (yg?il )
22: My — Reﬂect(ygl)ﬂd, y;(;)renm Ay)
23 M + Compress (M}, U {m})

24 ST — ST U {(yl(jgrent’ ygl)ild’ At)}

25: end for

26: y* + arg MaX, | jNevo p, F(y,x)
27: 8§« TopK, i A (Sr, K)

28: S5 < TopK in A (Sr, K)

29: gr + Reflect(S;}, S, y*)

30: MeEP — MeEP Y {g,}

31: return y*
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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. *xDiversity**: Strategies MUST differ in algorithmic paradigms (DP, Greedy, Two Pointers, Bit
Manipulation, etc.) or core data structures.
2. x*Performancex*: Prioritize optimal Time/Space complexity. Avoid brute-force unless necessary.
3. *xContentx*: Each strategy must include:
- Core algorithmic logic
- Key data structures
- Expected Time/Space complexity (Big-0)

Output Format:
”‘json
{"strategies”: ["<strategy_1>", "<strategy_2>", ...]1}

I

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

User Prompt

| r

Problem Description:
{problem_text}

Required Strategy Count: {k}

Figure 8: Prompts for Diversified Planning Initialization.

System Prompt

You are an expert competitive programmer specializing in algorithm optimization.
## Principles

1. x*Correctness First*x: Ensure correctness before optimizing for {optimization_target}.

2. **Algorithmic Focus**: Prefer algorithmic improvements over micro-optimizations. Explore
directions *xdifferent from existing approachesxx.

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

exploration.

4. xxStrict Improvementx*: Your solution must outperform the best prior solution in ‘Additional
Requirements‘.

## Task

Synthesize a xxcomplete program in {language}x* that:

* Fixes fundamental bottlenecks in current solutions

* Explores novel optimization directions

* Minimizes the *xintegral** (area under memory-time curve) across all test cases -- balancing
both runtime and memory

## Problem

{task_description}

## Response Format

### 1. Thinking

* x*Baseline Analysisx*: Identify strategy mode and best baseline from ‘Additional Requirements‘.

\
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* *xxFailure Pruning**: Review failed directions from Memory; avoid repeating them.

* *xNew Direction*x: Select a fundamentally different, high-potential approach. Justify why it’s
better for {optimization_target}.

* x*Risks*x: 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

*xAdditional Requirementsxx*:

#i#t# STRATEGY MODE: PLAN STRATEGY

You must strictly follow and implement the outlined approach below.

{strategy}

*xLocal Memoryxx: {local_memory}
**Global Memoryx*x: {global_memory}

User Prompt

| r

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

Figure 9: Prompts for Implement Sketches.

System Prompt

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

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

### Task

1. **Summarize*x: Nickname + high-level strategy

2. **Factorizex*: infer 3--5 functional slots from the target program and execution feedback. Slot
names and semantics are adaptive; examples include input handling, core computation, edge-
case handling, or performance patches but are not a fixed enum.

3. **Diagnosex*: Identify bottlenecks, risks, good parts to inherit

### Output JSON

I

json
{
"solution_name"”: "String",
"approach_summary"”: "String",

"slot_view": {
"slots": [{"slot_id": "task_defined_string”, "role"”: "String", "description”: "String",
interface_constraints”: ["..."], "tags": ["impl_method"], "code_span”: [start, end]}],
"diagnoses”: [{"slot_id": "String"”, "bottleneck_diagnosis”: "String"”, "observed_strengths”:
["..."], "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": ["..."1}]

n
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ST}

### Rules

* xxtags**: Use specific impl methods (e.g., "segment_tree”, "fast_io"”), not generic descriptions

* *xperf_levelx*: Compare complexity vs Reference (O(N*2) vs O(N) -> weak)

* x*%priority**: inherit=keep, optimize=bottleneck, inspect=risky

* *xSelf-contained evidence*x: Be specific (e.g., "O(N*2) nested loop” not "slower than Reference
Il)

Cex

Return JSON only (can wrap in json fence).

\

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).

Figure 10: Prompts for Decomposition (slot-based diagnosis).

System Prompt

You are an expert competitive programmer specializing in algorithm optimization.
## Principles

1. **Correctness First*x: Ensure correctness before optimizing for {optimization_target}.

2. **Algorithmic Focus**: Prefer algorithmic improvements over micro-optimizations. Explore
directions *xdifferent from existing approachesxx*.

3. *xLearn from Failuresx*x: 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 xxcomplete program in {language}*x that:

* Fixes fundamental bottlenecks in current solutions

* Explores novel optimization directions

* Minimizes the **integralx* (area under memory-time curve) across all test cases -- balancing
both runtime and memory

## Problem

{task_description}
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## Response Format

### 1. Thinking

* xxBaseline Analysis*x: Identify strategy mode and best baseline from ‘Additional Requirements‘.

* *xFailure Pruningx*: Review failed directions from Memory; avoid repeating them.

* *xxNew Direction*x: Select a fundamentally different, high-potential approach. Justify why it’s
better for {optimization_target}.

* **Risksx*: 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 Requirementsx:

### STRATEGY MODE: REFLECTION AND REFINE

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

### SOURCE SOLUTION SUMMARY

{source_summary}

### REFINEMENT GUIDELINES

1. **Diagnosex*: Identify main shortcomings (correctness risks, performance bottlenecks, redundant
work, I/0 overhead).
2. xxTargeted 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. *xPreserve Working Parts*x: Keep the remaining well-performing components frozen.
4. *xCorrectness First*x: Ensure correctness before optimizing runtime.

*xLocal Memoryx*: {local_memory}
**Global Memoryxx: {global_memory}

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.

Figure 11: Prompts for Module-Level Controlled Mutation.

System Prompt

You are an expert competitive programmer specializing in algorithm optimization.
## Principles
1. *xCorrectness First**: Ensure correctness before optimizing for {optimization_target}.

2. **Algorithmic Focus**: Prefer algorithmic improvements over micro-optimizations. Explore
directions *xdifferent from existing approachesxx.
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3. *xLearn from Failuresxx: Use Memory to prune failed directions, but don’t restrict creative

exploration.

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

## Task

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

* Fixes fundamental bottlenecks in current solutions

* Explores novel optimization directions

* Minimizes the *xintegralx* (area under memory-time curve) across all test cases -- balancing
both runtime and memory

## Problem

{task_description}

## Response Format

### 1. Thinking

* *xBaseline Analysis**x: Identify strategy mode and best baseline from ‘Additional Requirements‘.

* xxFailure Pruning**: Review failed directions from Memory; avoid repeating them.

* *x*New Directionx*: Select a fundamentally different, high-potential approach. Justify why it’s
better for {optimization_target}.

* *xRisks*x: 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

*xAdditional Requirements#x:

### 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. *xComplementary Combination**: Actively combine specific strengths from each solution.

* If T1 has better core algorithm but slow I/0, and T2 has fast I/0 but weaker algorithm ->
implement T1’s algorithm with T2’s I/0.
* 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*x: If both failed at a specific sub-task, introduce a novel fix.

3. **Seamless Integration*x: The result must be a single, cohesive implementation--not

concatenated code.

*xLocal Memoryxx: {local_memory}
*xGlobal Memory*x: {global_memory}
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User Prompt

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

Figure 12: Prompts for Module-Level Compositional Crossover.

System Prompt

You observed an evolutionary step where metrics **improvedx*. 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:

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

Strategy-level changes include: algorithm switch, data structure change, I/0 optimization, major
loop restructuring.
Do NOT create items for: variable renaming, formatting, measurement noise.

Output Format:

I

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."}

1

User Prompt

## Source Solutions
{source_solutions}
## Current Solution
{current_solution}
## Current Directions (Strategy Board)

{directions}

Figure 13: 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 *xFailurex* or just *xNeutralx* (noise).
2. If strategy-level changes caused the regression, extract up to 3:

* *xxDirection items**: Strategies to mark as Failed/risky
* *xMemory itemsx*: Anti-patterns explaining WHY it failed

For Failure memory items:
* Title: Describe the SPECIFIC mistake (e.g., "BFS without boundary check causes 00B"), 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."}
1
}

| r

User Prompt

## Source Solutions
{source_solutions}

## Current Solution (Failed)
{current_solution}

## Current Directions (Strategy Board)

{directions}

Figure 14: Prompts for Local Memory Extract (Failure).

System Prompt

Compress the *xdirection_board*x of an evolutionary agent.
Rules:

1. *xMerge similar strategies**: Combine entries describing the same idea.

2. xxDo NOT merge different failure modesx*: Keep separate if root causes differ.

3. *xAggregate counts**: When merging, SUM success_count and failure_count; update status
accordingly.
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4. **Prune low-value entries*x: Remove vague or noise entries. Keep ~5-10 useful directions.

Output Format:

I

json

"thought_process”: "Brief explanation.”,

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

]

Compress the *xexperience_libraryx* of an evolutionary agent.
Rules:

1. **Merge overlapping experiences*x: 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. *xContent Guidelines*x:

* Success: Explain WHY it works, under what conditions
* Failure: Describe the SPECIFIC mistake and what triggered it
4. **xFilter trivial itemsxx: Remove noise entries. Keep ~5-8 useful experiences.

Output Format:

I

json

"thought_process”: "Brief explanation.”,

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

1

User Prompt

| V

## Directions (Strategy Board)
{directions}
## Experiences

{experience_library}

Figure 15: 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.
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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:

NN

{

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

json

I

\

User Prompt

## Problem Description

{problem_description}
## Optimization Target
{optimization_target}
## Language

{language?}

## Local Memory

{local_memory}

Figure 16: Prompts for Query Generation (memory retrieval).

System Prompt

Extract generalizable experiences from optimization trajectories for the SAME problem.
You will receive:

* xxImprovement Stepsx*: Changes that improved metrics
* *xRegression Steps**: Changes that worsened metrics
* *%xBest Solution*x: 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. xxStrategy-level focus*x: Algorithm choice, data structure, I/0 patterns, caching. Ignore
cosmetic changes.

3. **Generalizex*: Abstract away specific names. Describe for problem families (e.g., "pair
counting with constraints”, "DP with large N").

4. xxLimit*x: Output at most 3-5 experiences. Prioritize high-impact, clearly explainable changes.

Output Format:
rt&json

{

"thought_process”: "Brief contrastive analysis.”,
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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.”
}
]

User Prompt

## Problem Description
{problem_description}
## Improvement Steps
{improvement_steps}
## Regression Steps
{regression_steps}

## Best Solution

{best_solution}

Figure 17: Prompts for Global Memory Extract.
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