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Abstract

The saturation of high-quality pre-training data
has shifted research focus toward evolution-
ary systems capable of continuously generat-
ing novel artifacts, leading to the success of
AlphaEvolve. However, the progress of such
systems is hindered by the lack of rigorous,
quantitative evaluation. To tackle this chal-
lenge, we introduce CreativeBench, a bench-
mark for evaluating machine creativity in
code generation, grounded in a classical cog-
nitive framework. Comprising two subsets
– CreativeBench-Combo and CreativeBench-
Explore – the benchmark targets combinato-
rial and exploratory creativity through an au-
tomated pipeline utilizing reverse engineering
and self-play. By leveraging executable code,
CreativeBench objectively distinguishes cre-
ativity from hallucination via a unified metric
defined as the product of quality and novelty.
Our analysis of state-of-the-art models reveals
distinct behaviors: (1) scaling significantly im-
proves combinatorial creativity but yields di-
minishing returns for exploration; (2) larger
models exhibit “convergence-by-scaling,” be-
coming more correct but less divergent; and
(3) reasoning capabilities primarily benefit con-
strained exploration rather than combination.
Finally, we propose EvoRePE, a plug-and-play
inference-time steering strategy that internal-
izes evolutionary search patterns to consistently
enhance machine creativity. We release our
data and code at: CreativeBench Homepage.

1 Introduction

The success of Large Language Models has been
driven by scaling up Internet-scale datasets (Brown
et al., 2020; Han et al., 2021; Xu et al., 2025c).
However, this approach now faces a bottleneck:
the saturation of high-quality web data limits fur-
ther scaling of model intelligence. This limitation
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Figure 1: The demonstration of two types of machine
creativity considered in CreativeBench.

has renewed interest in evolutionary systems (Borg
et al., 2022; Faldor and Cully, 2024), which are
intended to continually produce artifacts that re-
main both novel and learnable (Hughes et al.,
2024). Evolving systems typically instantiate this
paradigm by pairing foundation models (as rich
conceptual priors) with evolutionary algorithms (as
mechanisms for exploration) (Wang et al., 2023;
Romera-Paredes et al., 2024; Novikov et al., 2025).

While promising, the progress of these systems
is currently hindered by the lack of rigorous mea-
surement (Lehman and Stanley, 2011a; Lange et al.,
2023). Existing works prioritize functional correct-
ness, overlooking the direct evaluation of creativity.
Even when creativity is considered, evaluations
often (1) struggle to distinguish creativity from
hallucination (Sui et al., 2024; Jiang et al., 2024)
objectively, (2) lack sufficient task complexity to
elicit truly creative behaviors rather than rote mem-
orization (DeLorenzo et al., 2024; Lu et al., 2025),
and (3) lack grounded, automatable quantitative
metrics for creativity in evolving systems.

To bridge these gaps, we adopt the cognitive
creativity framework proposed by Boden (Boden,
2004). This framework categorizes creativity into
distinct types, including combinatorial creativity
– combining familiar concepts in unfamiliar ways,
– and exploratory creativity – navigating a struc-
tured conceptual space to discover new possibil-
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ities (see Figure 1). Accordingly, we introduce
CreativeBench, a benchmark for code generation
systems comprising two subsets, CreativeBench-
Explore and CreativeBench-Combo, which focus
on exploratory creativity and combinatorial creativ-
ity, respectively, based on the assumption that these
two types of machine creativity capture the two
core capabilities required for evolutionary systems:
constraint-driven search and recombining concepts.

To this end, we present a timely dataset from
several perspectives. First, unlike creative writ-
ing (Paech, 2024; Wu et al., 2025), code utilizes
objective execution to strictly distinguish creativity
from hallucination. Second, to ensure task com-
plexity while reducing confounds from data leak-
age and rote memorization, we build an automated
pipeline, constructing a high-difficulty benchmark
to guarantee that derived tasks genuinely reflect
creative behaviors rather than memorization, with
Pass@1 remaining below 60% even for Gemini-
3-Pro (DeepMind, 2025). Third, to ensure evalua-
tion metrics are grounded, we define a quantitative
creativity score as the product of Quality and Nov-
elty (Williams, 1980). Quality is verified via sand-
boxed execution and LLM-as-a-judge, while nov-
elty is measured by the logic distance between can-
didate programs and appropriate baselines (Runco
and Jaeger, 2012). Finally, we invite human ex-
perts to verify both data quality and metric reliabil-
ity, achieving 89.1% instance validity and strong
agreement between automated and human creativ-
ity rankings (Spearman’s ρ = 0.78).

Building on CreativeBench, we analyze state-
of-the-art foundation models along with evolution-
ary algorithms and highlight three key insights:
(i) Scaling Favors Combination over Exploration:
scaling substantially improves combinatorial cre-
ativity, yet yields limited gains for exploratory cre-
ativity; (ii) Convergence-by-Scaling: larger models
are more correct but less divergent; (iii) Reasoning
Helps Exploration, Not Combinatorial Creativity:
reasoning primarily benefit constraint-driven explo-
ration rather than cross-domain combination.

Beyond these findings, we propose EvoRePE
(Evolutionary Representation Engineering), a plug-
and-play inference-time steering method that ex-
tracts a creativity vector from evolutionary trajec-
tories. EvoRePE yields creativity gains that are
orthogonal to the underlying evolutionary strategy,
suggesting that part of evolutionary optimization
can be internalized as latent-space steering toward
a steered evolution paradigm.

Benchmark Metric #Prob. Creativity Explore Combo Auto. Difficulty Domain Len

HumanEval (Chen et al., 2021) Pass@k 164 ✗ ✗ ✗ ✗ ⋆ 5 134
MBPP (Austin et al., 2021) Pass@k 974 (500 test) ✗ ✗ ✗ ✗ ⋆ 6 50
LiveCodeBench (Jain et al., 2024) Pass@k 400–880 ✗ ✗ ✗ ✗ ⋆ ⋆ ⋆⋆ 4 470
EvoCodeBench (Li et al., 2024) Pass@k/Recall@k 275 ✗ ✗ ✗ ✓ ⋆ ⋆ ⋆ 10 132
CreativeEval (DeLorenzo et al., 2024) FFOE 120 ✓ ✗ ✗ ✗ - 1 -
NeoCoder (Lu et al., 2025) Divergent/Convergent 199 ✓ ✗ ✗ ✗ ⋆⋆ 1 494

CreativeBench Quality×Novelty 1,859 ✓ ✓ ✓ ✓ ⋆ ⋆ ⋆ ⋆ ⋆ 14 593

Table 1: Comparison of existing code generation bench-
marks and ours. #Prob.: Number of problems in the
commonly used setting (LiveCodeBench varies across
snapshots). Explore: Evaluates exploratory creativity
via negative constraints. Combo: Requires domain
fusion (combinatorial). Auto.: Fully automated data
construction pipeline (human-free). Len: Average to-
ken length of problem descriptions. FFOE: Fluency,
Flexibility, Originality, and Elaboration.

To our knowledge, we are the first to contribute
a machine creativity benchmark based on Boden’s
cognitive creativity framework (Boden, 2004). Our
contributions are three-fold as follows:

• We construct a benchmark measuring machine
creativity by considering both exploratory and
combinatorial creativity.

• We uncover insights into how model scaling
and reasoning capabilities interact with cre-
ativity in evolutionary systems by proposing
a novel evaluation metric.

• We propose EvoRePE, a plug-and-play
method that effectively enhances model cre-
ativity by steering latent representations.

2 Related Work

Machine Creativity Evaluation. While human
creativity has been extensively studied in psy-
chological and cognitive science (Amabile, 1982;
Mumford et al., 1991; Guilford, 1950), the evalu-
ation of creativity remains underexplored. In the
task of code generation, models are predominantly
judged by functional correctness via Pass@k met-
rics (Chen et al., 2021; Jimenez et al., 2024; Li
et al., 2024), often ignoring the creative dimen-
sions of problem-solving. Recent work evaluates
LLM creativity through divergent and convergent
thinking (Bok and Chua, 2025; Sen et al., 2025;
Lu et al., 2025). We compare our benchmark with
prior methods in Table 1. In particular, we show
that existing work evaluating LLM creativity typ-
ically has three major drawbacks: (1) reliance on
subjective assessments that struggle to distinguish
creativity from hallucination (Jiang et al., 2024;
Sui et al., 2024; Wang et al., 2025; Atmakuru et al.,
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Figure 2: Overview of our framework. (Left) We introduce CreativeBench, built via an automated reverse
engineering and self-play pipeline. (Middle) We evaluate evolutionary systems using a unified Creativity Score,
defined as the Quality (Pass@1) and Novelty (embedding + n-gram distance). (Right) Based on our analysis, we
propose the EvoRePE strategy to steer models toward more creative solutions at inference time.

2024); (2) insufficient task complexity to elicit truly
creative solutions rather than memorization (De-
Lorenzo et al., 2024; Zhao et al., 2025; Jiang et al.,
2025); and (3) the lack of reliable, grounded quan-
titative measurements for evolutionary systems.

Evolutionary Algorithm. Pursuing machine cre-
ativity aims to build systems that can continually
generate artifacts that are both novel and learnable
to an observer (Hughes et al., 2024). To achieve
this goal, recent research has moved beyond purely
static training paradigms toward mechanism-driven
approaches using self-evolution methods. Fun-
Search (Romera-Paredes et al., 2024) combines
LLMs with a programmatic evaluator to search
for mathematical solutions in function space. Al-
phaEvolve (Novikov et al., 2025) further system-
atizes this by employing island-style genetic search
to maintain population diversity during code evo-
lution. Similarly, GEPA (Agrawal et al., 2025)
treats prompts as evolvable genotypes, using multi-
objective search to optimize instructions. Our work
builds on these code-centric evolutionary strategies
but focuses specifically on evaluating the creativity
of the generated solutions.

Representation Engineering. Representation
engineering controls LLM behavior by monitor-
ing and intervening on residual streams and in-
ternal activations (Zou et al., 2025; Turner et al.,
2024). A common approach is to extract a steer-
ing vector from the difference in activations be-
tween opposing pairs (e.g., honest vs. dishonest,
neutral vs. biased) (Rimsky et al., 2024). Existing
research has predominantly applied representation

Dataset #Problems #Test Cases Prob Len Solu Len Domain

CreativeBench-Combo 1308 16404 593.0 776.0 14
CreativeBench-Explore 551 8452 268.0 171.0 14

Table 2: Statistics of CreativeBench.

engineering to alignment tasks, such as enhancing
truthfulness (Li et al., 2023), mitigating bias (Sid-
dique et al., 2025; Rimsky et al., 2024), or control-
ling emotional style (Konen et al., 2024; Pai et al.,
2025). However, it remains unclear whether vector
perturbations can effectively enhance the creativ-
ity of LLMs and be combined with evolutionary
algorithms. We show that a latent “creativity direc-
tion” can be extracted via evolutionary prompting,
and the resulting vector serves as a plug-and-play
signal to steer models toward creative solutions.

3 CreativeBench

3.1 Overview

We build CreativeBench using GPT-4.1 (Ope-
nAI, 2025), taking the full Python subset of Au-
toCodeBench as seed tasks (196 problems) (Chou
et al., 2025). As shown in Table 2, CreativeBench
spans 14 domains, providing broad coverage of pro-
gramming scenarios. To maintain task complexity
while mitigating data leakage and rote memoriza-
tion, we build CreativeBench with a scalable re-
verse engineering and self-play pipeline (Figure 2).

3.2 CreativeBench-Combo Dataset

For CreativeBench-Combo, we adopt a reverse-
engineering strategy that derives problem descrip-
tions from pre-validated composite code to gener-
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ate the synthesis of high-difficulty combinatorial
tasks that are inherently solvable.

Solution Fusion. We first prompt the model to
combine code components from different domains
(e.g., merging data processing with graph algo-
rithms) into a single, unified solution. These can-
didates are executed in a sandbox to strictly ver-
ify their correctness. This “code-first” approach
guarantees that every generated task comes with a
verified reference solution.

Test Function Generation. To enable objective
evaluation, we generate test cases directly from the
verified solution. We instruct the model to create
valid inputs, which are then run in the sandbox
to obtain the ground-truth outputs. These input-
output pairs are formatted into standard assertion
statements to construct the final test function.

Problem Synthesis. Finally, we reconstruct the
problem description. We ask the model to interpret
the semantic intent of the code: Given this solution
and its test cases, what problem does it solve? To
ensure the description is high-quality, we provide a
set of strict guidelines that the model must follow to
synthesize a clear and coherent problem statement.

3.3 CreativeBench-Explore Dataset

We employ a self-play construction method based
on the asymmetry that creating a constraint is eas-
ier than solving a problem under that constraint.
We structure the process as a dynamic interac-
tion between a Constraint Generator and a Solver,
where the difficulty increases progressively.

Dynamic Constraint Stacking. We generate
constraints in iterative levels. Starting from the
unconstrained problem (Level 0), the process ad-
vances to Level k+1 only when the instance at
Level k is successfully solved. At each step, the
Generator analyzes the Solver’s solution from the
previous level and introduces a new negative con-
straint to invalidate its specific algorithmic choices
(e.g., forbidding a particular operator or control-
flow pattern). The new constraint is stacked onto
the existing set Ck, yielding Ck+1 = Ck∪{∆Ck+1},
so that higher levels strictly subsume all prior re-
strictions. This mechanism continuously pushes
the Solver toward structurally distinct algorithms
until it reaches its capability limit.

Refinement and Termination. To determine
whether a level is valid (i.e., solvable), the Solver at-

tempts to satisfy the accumulated constraints Ck via
a reference-guided refinement strategy. As shown
in Eq. 1, the Solver iteratively modifies a base solu-
tion Sbase using feedback from sandbox and judger:

Snew ← Refine(Scurrent, Feedback | Sbase, Ck) . (1)

For each level, the Solver is allowed up to a fixed
number of refinement attempts (e.g., 3). If it pro-
duces a valid solution that passes both sandbox
execution (correctness) and an LLM judge (con-
straint adherence), the newly added constraint is
deemed effective and the process advances to the
next level. Otherwise, if the Solver fails within the
allotted attempts, we treat the current constraint set
as too strict (or unsatisfiable for the model) and
terminate the generation loop for this problem.

3.4 Data Filtering

We apply a three-stage filter to maintain benchmark
quality. More details about prompts and evaluation
criteria are provided in Appendix D.

Difficulty Check. Programming problems that
are too simple are not meaningful for evaluating the
code generation capabilities of current LLMs. For
each problem, we sample five answers with GPT-4
and validate them. Problems solved correctly in all
attempts are removed.

Quality Audit. GPT-4o audits each sample based
on the same specification rules used in our dataset
construction pipeline, performing an additional ver-
ification of problem quality. This includes checking
the clarity of the problem statement, the correct-
ness and completeness of the test function, and the
consistency between the specification, reference
solution, and executable tests.

Diversity Check. To prevent redundancy and
ensure broad conceptual coverage, we employ
semantic de-duplication. We compute vector
embeddings for all problem descriptions using
text-embedding-3-small (OpenAI, 2024) and
calculate pairwise cosine similarities. Pairs exceed-
ing a strict similarity threshold (0.85) are flagged.

3.5 Manual Verification

In our automated pipeline, we use well-designed
problem specifications and an LLM-as-Judge mod-
ule to maintain quality control. However, since
LLMs cannot guarantee 100% accuracy, the over-
all quality of CreativeBench remains uncertain. To
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measure its reliability, we invited three expert an-
notators to perform a manual review.

We built a visualization interface that displays
each record, including the problem statement, the
test function, and the reference solution. Anno-
tators checked whether the test function was cor-
rect and aligned with the problem description, and
then assigned a binary label (yes/no) indicating
whether the instance was valid. We randomly se-
lected 100 samples from CreativeBench-Explore
and 200 from CreativeBench-Combo. The review
showed a data validity rate of 89.1%, indicating
that our automated construction process is reliable.
In comparison, Gemini-2.5-Pro reached pass rates
of 53.8% and 48.2% on these tasks, suggesting
substantial room for improvement.

4 Experimental Setup

4.1 CreativeBench

Models. We evaluate range of models, including
Gemini-3-Pro (DeepMind, 2025), GPT-5.2 (Ope-
nAI, 2025), Gemini-2.5-Pro (Gemini, 2025),
Claude-3.5-Sonnet (Anthropic, 2025), DeepSeek-
V3 (DeepSeek-AI, 2025), Qwen3-4B-Instruct,
Qwen3-8B-Instruct (Yang et al., 2025)(with think-
ing mode on/off), Gemini-2.5-Flash-Lite (Gemini,
2025), Qwen2.5-Instruct series (1.5B, 3B, 7B, 14B,
32B, 72B) (Qwen et al., 2025).

Baselines. We consider standard zero-shot
prompting and two evolutionary optimization base-
lines, AlphaEvolve (Novikov et al., 2025) and
GEPA (Agrawal et al., 2025), using Gemini-2.5-
Pro as the backend for iterative prompt mutation
and feedback. AlphaEvolve employs an island-
style genetic search framework that evolves can-
didate programs through iterative mutation and
selection while maintaining population diversity.
However, although AlphaEvolve is capable of op-
erating directly at the program optimization level,
the large scale of our dataset and the associated
computational cost make such usage impractical.
For efficiency, we therefore apply AlphaEvolve
in a prompt optimization setting for evaluation.
GEPA treats prompts as evolvable genotypes and
performs multi-objective evolutionary optimization
with Pareto candidate selection, making it possi-
ble to retain complementary improvements across
different behavioral dimensions when refining in-
structions. Details are provided in Appendix B.

4.2 Evaluation Metrics
Unified Creativity Score. We define creativity as
the expected product of quality and novelty across
samples. The multiplicative formulation induces
selectivity: a solution receives a high creativity
score only when it is both correct and meaningfully
different from baseline solutions. Consequently,
solutions that are correct but routine, or novel but
incorrect, are assigned low creativity scores.

Creativity = Ei[Qualityi ×Noveltyi] . (2)

Quality. We measure solution quality by exe-
cution correctness and instantiate the metric as
Pass@1 which provides a lower-bound estimate of
a model’s success probability under single-sample
decoding. All generated solutions are executed and
validated inside a sandbox (Chou et al., 2025).

Novelty. We define novelty as the extent to which
a solution differs from previously observed or base-
line solutions, capturing the degree of originality or
non-trivial departure from known patterns. Further-
more, we quantify Novelty by measuring the degree
to which a generated solution deviates from a base-
line solution within the solution space (Lehman
and Stanley, 2011b; Pugh et al., 2016). We adopt
CodeXEmbed (Liu et al., 2025), a generalist code
embedding model explicitly optimized to capture
program structure and dependencies while remain-
ing robust to syntactic variations. To further pe-
nalize near-copy behaviors with only lightweight
textual edits, we complement embedding distance
with a character-level n-gram distance. Concretely,
for two solutions u and v, let eu and ev denote
embeddings, cos(eu, ev) the cosine similarity, and
G4(·) the set of distinct character 4-grams extracted
from a solution. We instantiate the novelty as

N (u, v) = 1− cos(eu, ev)︸ ︷︷ ︸
embedding

+

(
1− |G4(u) ∩G4(v)|
|G4(u) ∪G4(v)|

)

︸ ︷︷ ︸
4-gram

,

(3)

Exploratory Novelty measures the deviation of
a constrained solution yc from an unconstrained
baseline yb:

Nexplore = N (yc, yb). (4)

Combinatorial Novelty measures how much
the combined-problem solution yc deviates from
its k source solutions {y(j)s }kj=1:

Ncombo =
1

k

k∑

j=1

N
(
yc, y

(j)
s

)
. (5)
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Figure 3: Performance of foundation models on CreativeBench.The left and right columns correspond to the
Combinatorial (CreativeBench-Combo) and Exploratory (CreativeBench-Explore) subsets, respectively.

This encourages genuine integration rather than
copying a single source with minor edits. We
provide additional robustness checks for Novelty
under superficial edits and length in Appendix F.
Quality ∈ [0, 1] and Novelty ∈ [0, 3], the Creativ-
ity score (Quality× Novelty) is bounded in [0, 3].

Manual Validation. To verify the efficacy of our
metrics, we conduct a manual review comprising
two aspects. We compared our automated creativ-
ity rankings with expert rankings on a sampled
subset. The results show a high consistency rate
(Spearman’s ρ = 0.78), confirming that our metric
reliably reflects perceived creativity. A detailed
case study can be found in Appendix G.

4.3 EvoRePE

We propose EvoRePE (Evolutionary Representa-
tion Engineering), a training-free strategy that dis-
tils the creative shifts found by evolutionary search
into a compact steering vector.

Method. EvoRePE extracts a latent direction that
captures the transition from a standard solution to
an evolved solution. Let D = {(x(i)base, x

(i)
evo)}Ni=1

be a dataset of N prompt pairs, where x
(i)
base is the

initial standard prompt and x
(i)
evo is the correspond-

ing optimized prompt derived from an evolutionary
algorithm (e.g., AlphaEvolve). For a given layer ℓ,
let hℓ(x) denote an aggregated activation vector for
input x (e.g., the last-token activation). We com-
pute per-pair shifts ∆h

(i)
ℓ = hℓ(x

(i)
evo) − hℓ(x

(i)
base)

and collect them into a matrix Hℓ. We define the
creativity vector as the Principal Component Anal-

ysis (PCA) (Shlens, 2014):

vℓ = PCA1(Hℓ).

During inference, we steer the residual stream by

h̃ℓ = hℓ + αvℓ,

where α controls the intervention strength.

Setup. We use QWEN2.5-7B-INSTRUCT as the
base model. We select Layer 26 and the default
steering strength α = 0.1 on a small validation
set (N = 20), following prior activation-steering
and representation-engineering practice (Zou et al.,
2025; Turner et al., 2024). Robustness to layer and
α sweeps is reported in Appendix I.

5 Results

5.1 CreativeBench
As shown in Figure 3, CreativeBench poses a signif-
icant challenge even for state-of-the-art foundation
models. The strongest performing model, Gemini-
3-Pro, achieves Pass@1 rates below 60% on both
subsets, reflecting the benchmark’s difficulty, as it
is derived from high-difficulty seeds to curb mem-
orization and elicit creative problem solving.

Scaling Favors Combination over Exploration.
We also find that Gemini-3-Pro achieves an im-
provement in combinatorial creativity, while ex-
ploratory creativity occurs slightly declining. This
asymmetry can be understood from a compression
perspective. Training large language models can be
viewed as compressing massive corpora into a finite
set of parameters (Delétang et al., 2024). Scaling
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Type Method
CreativeBench-Combo CreativeBench-Explore

Pass@1 ↑ Novelty ↑ Creativity ↑ Pass@1 ↑ Novelty ↑ Creativity ↑

Qwen2.5-7B-Instruct

Standard
Vanilla Prompt 9.21% ± 0.11% 1.56 ± 0.005 0.168 ± 0.003 4.11% ± 0.18% 0.473 ± 0.006 0.0146 ± 0.0005

+ EvoRePE (Ours) 9.71% ± 0.09% 1.59 ± 0.01 0.174 ± 0.003 4.38% ± 0.15% 0.469 ± 0.006 0.0148 ± 0.0006

Evolutionary

AlphaEvolve 10.81% ± 0.08% 1.53 ± 0.01 0.175 ± 0.003 5.22% ± 0.12% 0.458 ± 0.009 0.0163 ± 0.0004

+ EvoRePE 11.48% ± 0.11% 1.57 ± 0.01 0.193 ± 0.003 5.75% ± 0.18% 0.457 ± 0.009 0.0169 ± 0.0006

GEPA 11.24% ± 0.09% 1.54 ± 0.01 0.176 ± 0.003 4.65% ± 0.15% 0.465 ± 0.007 0.0162 ± 0.0007

+ EvoRePE 11.47% ± 0.07% 1.56 ± 0.01 0.188 ± 0.002 5.20% ± 0.10% 0.470 ± 0.008 0.0182 ± 0.0006

Gemini-2.5-Flash-Lite

Standard Vanilla Prompt 36.41% ± 0.10% 1.64 ± 0.01 0.509 ± 0.003 23.51% ± 0.22% 0.629 ± 0.009 0.1681 ± 0.0006

Evolutionary
AlphaEvolve 39.01% ± 0.10% 1.66 ± 0.01 0.605 ± 0.004 26.61% ± 0.13% 0.691 ± 0.009 0.1781 ± 0.0005

GEPA 38.32% ± 0.12% 1.60 ± 0.01 0.567 ± 0.001 27.88% ± 0.18% 0.668 ± 0.008 0.1798 ± 0.0005

Table 3: Results are reported as mean ± standard deviation over N = 10 independent runs. Novelty is the
dataset-level average, Ei[Noveltyi], over the evaluation set. We provide detailed case studies in Appendix G.

expands this compression budget and increases the
diversity of patterns that can be stored. Models be-
come better at identifying deep commonalities and
connecting distant domains. For example, drawing
analogies between Greek literature and quantum
mechanics naturally supports knowledge synthesis
and recombination.

In contrast, exploratory creativity often requires
moving away from dominant solution patterns,
making a “0-to-1” leap into low-probability re-
gions of the model’s prior. However, scaling that
improves compression can also strengthen distri-
butional priors, making high-likelihood, routine
solutions more stable. When novelty depends on
escaping these data-induced attractors, the benefits
of scaling quickly diminish. Consequently, while
scaling is effective for richer recombination, it may
saturate for genuine exploratory innovation, which
likely requires stronger search, navigation, or rea-
soning mechanisms beyond simple more data.

5.2 EvoRePE

While evolutionary algorithms effectively boost cre-
ativity, they face two critical bottlenecks. First, the
process is computationally costly, as the search for
novelty requires massive inference overhead (Ap-
pendix I.1). Second, these systems are constrained
by the creativity of the foundation model. In con-
trast, EvoRePE proposes a training-free method by
injecting the creativity vector at inference time.

The Efficacy of the Creativity Vector. As shown
in Table 3, EvoRePE yields creativity gains that are
orthogonal to the evolutionary strategy. In particu-
lar, for Qwen2.5-7B-Instruct on CreativeBench-
Combo, adding EvoRePE improves the overall cre-
ativity score from 0.174 to 0.192 when combined
with AlphaEvolve. Notably, EvoRePE also pro-
vides consistent gains even on vanilla prompting,
without requiring any evolutionary search. This
indicates that the benefits of evolutionary optimiza-
tion can be partially internalized into the model’s
activations. Our findings link evolutionary search-
ing with latent-space steering, suggesting a promis-
ing direction of steered evolution, where a model’s
own creative trajectories facilitate a form of self-
evolution in representation space.

6 Discussion and Analysis

Convergence-by-Scaling. For direct comparabil-
ity across tracks, we normalize Novelty and Cre-
ativity by the global maximum value computed
over both Combo and Explore. As shown in Fig-
ure 4, scaling up model size consistently improves
Pass@1, while Novelty declines or plateaus, so the
overall Creativity Score rises mainly due to func-
tional gains rather than stronger divergence. We
term this Convergence-by-Scaling: larger mod-
els fit high-frequency training patterns more ef-
fectively, concentrating generation toward high-
probability modes and yielding solutions that are
more correct but also more standardized. By con-
trast, smaller models exhibit higher-variance gener-
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ation trajectories that deviate more from common
paradigms and can yield higher novelty, typically
at the cost of correctness. Overall, Novelty and
functional quality behave as largely orthogonal di-
mensions: scaling primarily strengthens correct-
ness, but does not systematically increase departure
from training priors.

Reasoning Helps Exploratory Creativity. As
shown in Figure 5, enabling a reasoning mode has
very different effects on different types of creativ-
ity. In combinatorial creativity tasks, reasoning
provides almost no benefit, suggesting that cross-
domain fusion relies more on effective knowledge
retrieval and composition than on lengthy chains
of thought. In contrast, on exploratory creativ-
ity tasks, reasoning significantly improves perfor-
mance. When the search space is defined by con-
straints, a more structured “thinking” process helps
the model find deeper alternative solutions.

Foundation Models as Evolutionary Operators.
We draw an analogy between evolutionary systems
and biological evolution: powerful foundation mod-
els function as effective mutation operators propos-

ing candidate programs. In evolutionary computa-
tion, selection is driven by a fitness function that
evaluates candidates; analogously, our framework
instantiates the evaluation environment and com-
putes fitness as a joint score of quality and nov-
elty. Exploratory Creativity aligns with mutation,
introducing local variations to search constrained
spaces, while Combinatorial Creativity reflects re-
combination, merging traits from different domains
into unified solutions. This suggests that further im-
proving evolutionary systems depends on refining
evolutionary operators and the fitness signals.

Future Work A promising direction is to extend
our evaluation framework beyond executable code
to other creative domains, including storytelling,
music composition, visual design, 3D artifact de-
sign, game level design, and scientific discovery.
It requires (i) domain-appropriate structured repre-
sentations and (ii) robust criteria for assessing both
quality and novelty. While code offers execution-
grounded quality signals, many domains lack stan-
dardized representations or reliable automatic eval-
uators. Future work could leverage domain-specific
proxy metrics for quality and more principled nov-
elty estimators, such as distance to reference sets or
structural divergence over graphs and trees. Future
evaluation frameworks must transcend outcome
scoring to incorporate process-level signals, uti-
lizing interaction traces to map exploration trajec-
tories and align model behavior with human cog-
nitive workflows. We suggest expert-in-the-loop
paradigms to bridge the gap between scalability and
the qualitative depth required for such assessment.
A promising application area is scientific discovery,
where idea generation – such as proposing novel
experimental designs – tests the limits of generative
reasoning. In this context, evaluation metrics must
be expanded to rigorously quantify novelty and
diversity, ensuring that generated hypotheses are
both practically feasible and substantively different
from established literature.

7 Conclusion

In this paper, we introduced CreativeBench, the
benchmark grounded in Boden’s cognitive frame-
work to evaluate the combinatorial and exploratory
creativity of evolutionary systems. Our system-
atic analysis utilizing CreativeBench uncovers dis-
tinct trade-offs in modern foundation models. We
identified a Convergence-by-Scaling effect, where
increasing model scale improves functional correct-
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ness but suppresses divergence. Furthermore, we
found that advanced reasoning capabilities primar-
ily benefit exploratory rather than combinatorial
creativity. To harness these findings, we proposed
EvoRePE, a plug-and-play representation engi-
neering strategy that steers models toward more
creative behaviors by internalizing evolutionary
search patterns. We believe that this work sheds
light towards the exploration of machine creativity.
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limitations, including its language scope, training
scope, and potential generator bias.

First, CreativeBench is currently instantiated in
Python, whose concise syntax and mature tooling
facilitate controlled analysis of novelty and func-
tional correctness. Because the benchmark relies
on an automated generation and evaluation pipeline,
it is, in principle, extensible to other programming
languages and paradigms through programmatic
translation of code and tests. Second, this work fo-
cuses on the evaluation and analysis of creativity in
self-evolving code generation systems, rather than
on training models with CreativeBench. Due to lim-
ited computational resources, we do not conduct
large-scale training or fine-tuning experiments in
this study. Finally, because CreativeBench is auto-
matically constructed, it may inherit generator bias
from the underlying LLM-based pipeline. Prior
work suggests that such bias can be measured and
mitigated, and under appropriate conditions, it is
less likely to overturn ranking-based comparisons.
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A Theoretical Grounding: P-Creativity
vs. H-Creativity

To rigorously define the scope of CreativeBench,
we ground our evaluation metrics in Boden’s cog-
nitive framework (Boden, 2004). From a cognitive
perspective, our metric is closer to “psychologi-
cal creativity” (P-Creativity)—what the model can
newly produce given its own knowledge—than to
historical creativity” (H-Creativity)—what is ob-
jectively new in human history.

P-Creativity vs. H-Creativity. P-Creativity
refers to the generation of ideas that are novel to
the individual agent, regardless of whether others
have had the idea before. In contrast, H-Creativity
requires the idea to be novel to the entire history
of humanity. Defining and evaluating H-Creativity
in large language models (LLMs) remains chal-
lenging. Although these models are trained on
Internet-scale pre-training corpora that, to some
extent, compress and reflect large portions of hu-
man history, their training is inherently static and
cannot fully capture the most recent developments
in human knowledge. As a result, the notion and
evaluation of H-Creativity in LLMs are subject to
fundamental ambiguities.

Novelty as Deviation from Priors. Conse-
quently, CreativeBench focuses on P-Creativity.
We operationalize this by measuring Novelty as
the distance between the model’s generated solu-
tion and a “standard” baseline (representing the
model’s default behavior or high-probability path).
If a model can generate a correct solution that sig-
nificantly deviates from its own statistical priors
(the most likely path) or the constituent source com-
ponents, it demonstrates P-Creativity by traversing
new regions of its latent solution space. This ap-
proach allows for a quantitative assessment of the
system’s generative flexibility without the ambigu-
ity of verifying historical uniqueness.

B Experimental Setup

B.1 LLM-as-a-Judge Evaluation Prompt
This appendix provides the full prompt used for the
LLM-as-a-Judge component described in Table 10.
The Judge Prompt contains the instruction set used
by the LLM-as-a-Judge component to verify con-
straint compliance in CreativeBench-Explore. It
evaluates whether a generated solution adheres to
blocked techniques and demonstrates genuine ex-
ploratory creativity. Based on human-labeled set,
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the Constraint Compliance judge achieves 94%
precision and 91% recall.

B.2 Implementation details.

For all experiments and methods, we fix the decod-
ing configuration for fair comparison: temperature
= 0.1, top-p = 1.0, and top-k = 0, which reduces
to greedy decoding in our inference stack. We
run three independent trials with seeds {42, 43, 44}
and report the mean across runs unless stated oth-
erwise.

C Additional Benchmark Comparison

Table 1 summarizes representative code genera-
tion benchmarks and contrasts them with Cre-
ativeBench along several axes. Compared to
conventional correctness-only evaluations (e.g.,
Pass@k), we explicitly highlight whether a bench-
mark targets creative behaviors (exploratory or
combinatorial), and whether it supports a fully au-
tomated (human-free) construction pipeline. We
also report coarse task difficulty (as a qualitative
indicator), the number of covered domains, and
the average length of problem descriptions (Len).
Note that the difficulty stars are intended as a high-
level proxy rather than a standardized measure, and
Len depends on the tokenization/counting protocol
used in each benchmark.

D Data Construction Pipeline

We construct CreativeBench using a fully auto-
mated pipeline. CreativeBench spans 14 practical
programming domains (tags), ranging from core
language fundamentals and data structures to web,
systems, and ML-oriented tasks, including Algo-
rithms & Problem Solving, Concurrency & Async
Programming, Data Structures & Collections, Lan-
guage Fundamentals, Functions & Modules, Web
Development & Frameworks, Systems Program-
ming & Low-level Development, Network Pro-
gramming & Communication, Data Science & An-
alytics, File & I/O Operations, Machine Learning &
AI, Database Operations & Persistence, Error Han-
dling & Debugging, and Others (where categories
with less than 2% representation are merged). To
ensure both high difficulty and strict quality con-
trol without manual curation, we design two dis-
tinct generation paradigms: a reverse-engineering
pipeline for combinatorial tasks and a self-play
pipeline for exploratory tasks.

Algorithm 1 Construction Pipeline for
CreativeBench-Combo
Require: Seed code components D, Foundation

ModelM, Sandbox E
Ensure: Combinatorial Dataset Scombo

1: Scombo ← ∅
2: for each iteration i = 1 to N do
3: // Step 1: Solution Fusion
4: Sref ←M.fuse_components(D)
5: if E .execute(Sref ) ̸= Success then
6: continue
7: end if
8: // Step 2: Test Function Generation
9: I ←M.generate_inputs(Sref )

10: O ← E .get_outputs(Sref , I) ▷ Get
ground truth via sandbox

11: Tfunc ← construct_test_function(I,O)
12: // Step 3: Problem Synthesis (Reverse En-

gineering)
13: Pdesc ←
M.synthesize_problem(Sref , Tfunc)

14: // Step 4: Filtering
15: if Filter(Pdesc, Tfunc) is True then
16: Scombo ← Scombo ∪
{(Pdesc, Sref , Tfunc)}

17: end if
18: end for

D.1 Data Filtering

D.1.1 Consistency Specifications

The Judge evaluates each sample according to the
following criteria:

1. Signature Consistency: Function names, class
names, and parameters must match the problem
description.

2. Randomness Handling: Test cases must not
rely on non-reproducible randomness (e.g., unset
random seeds).

3. Objective Alignment: Test logic must faith-
fully verify the intended objective of the problem
rather than unrelated behaviors.

4. Numerical Precision: Floating-point opera-
tions must properly handle rounding/epsilon issues.

5. Exception Safety: Broad try–except blocks
must not suppress assertion failures or mask gen-
uine errors.

6. Requirement Hallucination: Tests must not
enforce constraints that are absent from the prob-
lem description.

7. Test Completeness: Essential corner cases
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Algorithm 2 Construction Pipeline for
CreativeBench-Explore

Require: Seed Task Tseed = (P, Sbase), Genera-
tor G, SolverM, Sandbox E , Judge J

Ensure: Exploratory Dataset Sexplore
1: Sexplore ← ∅
2: for each task (P, Sbase) ∈ Tseed do
3: // Step 1: Targeted Constraint Injection
4: C ← G.analyze_and_constrain(Sbase) ▷

E.g., forbid sort(), max()
5: // Step 2: Reference-Guided Refinement

(Self-Play)
6: Scurr ← Sbase

7: Solved← False
8: while not Solved and steps < MaxSteps

do
9: Snew ←
M.refine(Scurr, C,Feedback)

10: vexec ← E .execute(Snew) ▷ Check
correctness

11: vconst ←
J .check_constraint(Snew, C) ▷ Check
novelty

12: if vexec ∧ vconst then
13: Sexplore ← Sexplore ∪
{(P, C, Snew)}

14: Solved← True
15: else
16: Feedback ←

generate_feedback(vexec, vconst)
17: Scurr ← Snew

18: end if
19: end while
20: end for

and boundary conditions must be covered.

D.1.2 Quality Audit Prompt
As shown in Table 9. The Quality Audit Prompt
(Table 4) provides the full specification used to as-
sess the correctness, clarity, and robustness of each
dataset record. It ensures that problem statements,
reference solutions, and test suites are well-aligned
and resistant to trivial or unintended shortcuts.

D.1.3 Human Evaluation
To conduct a human study, we employ three mas-
ter’s students in computer science and compensate
them at $33/hour (4 hours/day for 15 days). All
annotators have basic familiarity with large lan-
guage models and Python programming. The au-

thors double-check annotations daily and provide
feedback. On this human-labeled set, the overall
validity rate is 89.1%, and the automated creativity
ranking is highly consistent with expert judgments
(Spearman’s ρ = 0.78).
The experts evaluate each sample using the follow-
ing criteria:

1. Signature Consistency: Function names,
class names, and parameters must match the
problem description.

2. Randomness Handling: Test cases must not
rely on non-reproducible randomness (e.g.,
unset random seeds).

3. Objective Alignment: Test logic must faith-
fully verify the intended objective of the prob-
lem rather than unrelated behaviors.

4. Numerical Precision: Floating-point opera-
tions must properly handle rounding/epsilon
issues.

5. Exception Safety: Broad try–except blocks
must not suppress assertion failures or mask
genuine errors.

6. Requirement Hallucination: Tests must not
enforce constraints that are absent from the
problem description.

7. Test Completeness: Essential corner cases
and boundary conditions must be covered.

E Additional Experimental Details

E.1 Paired Significance Tests

We conduct paired significance tests over N =
10 matched random seeds. For each metric, we
compute per-seed differences di = EVOREPE −
baseline and run a two-sided paired t-test (df =
9). EVOREPE yields significant gains on the
main metrics: Combo Pass@1 +0.80pp (95% CI
[0.68, 0.92], p = 2 × 10−9), Combo Creativity
+0.020 (95% CI [0.016, 0.024], p = 5 × 10−10),
Explore Pass@1 +0.60pp (95% CI [0.45, 0.75],
p = 3 × 10−6), and Explore Creativity +0.0012
(95% CI [0.0008, 0.0016], p = 1 × 10−7). Over-
all, paired-seed tests support gains beyond seed
variance.
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E.2 Wall-Clock Cost of the Full Pipeline

We report wall-clock costs from logged runs on
the target splits. For Combo (dataset_items=
1308, 9 runs), the median time is 3.19
hours (P25/P75: 0.92/4.47h). For Exploration
(total_items/prompts= 551, 29 runs), the median
time is 8.40 hours (P25/P75: 2.42/9.20h). A rep-
resentative end-to-end run combining Combo and
Exploration takes ∼8.78 hours.

E.3 Baselines: AlphaEvolve (OpenEvolve)
and GEPA Hyperparameter Settings

AlphaEvolve (OpenEvolve implementation).
We run the AlphaEvolve-style evolutionary coding
baseline using the open-source OpenEvolve
framework. Unless otherwise specified, we adopt
the framework’s default “balanced” configuration
(dataclass defaults) for the evolutionary database
and selection, together with the default evalu-
ator and LLM settings. We set the evolution
budget to max_iterations=10000 with check-
points every checkpoint_interval=100
iterations. The population and archive
sizes are population_size=1000 and
archive_size=100. We use island-model
evolution with num_islands=5, migrat-
ing every migration_interval=50 gen-
erations at migration_rate=0.1. Selec-
tion uses elite_selection_ratio=0.1
with exploration_ratio=0.2 and
exploitation_ratio=0.7. We enable
OpenEvolve’s internal deduplication/novelty
filter with similarity_threshold=0.99 (cosine
similarity over embeddings) and use diff-based
evolution (diff_based_evolution=true) with
max_code_length=10000.

GEPA. We run GEPA using the official
gepa.optimize() API with its default candidate
selection, frontier tracking, and reflective mutation
settings, and we specify an explicit metric-call
budget of max_metric_calls=150. We set
candidate_selection_strategy="pareto"
and frontier_type="instance". For batching,
we use batch_sampler="epoch_shuffled"
with reflection_minibatch_size=3,
and we enable skip_perfect_score=true
with perfect_score=1.0. Components
are updated in a round-robin manner via
module_selector="round_robin". We keep
merging disabled (use_merge=false), disable
evaluation caching (cache_evaluation=false),

and set seed=0 for reproducibility.

F Additional Robustness Checks for the
Novelty

A potential concern is that the character-level 4-
gram novelty term may be overly sensitive to su-
perficial edits (e.g., identifier renaming, formatting,
or comment changes), and that an unnormalized
equal-weight sum could introduce length/scale ar-
tifacts without adversarial robustness checks. In
response, we provide additional stress tests to char-
acterize how each novelty component behaves un-
der non-semantic code perturbations and length
variation.

Metric components and bounded scale. Our
novelty score is intentionally hybrid, combining
(i) a semantic embedding distance and (ii) a lex-
ical char-4gram distance. Both components are
ratio-based and bounded, which reduces uncon-
trolled scale drift: the embedding term uses cosine
distance (dembed = 1 − cos(·, ·)), and the n-gram
term uses a Jaccard distance over character 4-grams
(dngram ∈ [0, 1]). We do not claim strict invariance
to length or surface edits; instead, we empirically
quantify residual effects below.

Canonicalization to reduce surface-form sen-
sitivity. To mitigate purely formatting-based
rewrites, before computing the char-4gram term
we preprocess generated solutions to canonical-
ize superficial surface forms, including normaliz-
ing whitespace/indentation and stripping comment-
only changes. This reduces sensitivity to adver-
sarial reformatting while preserving sensitivity to
genuine lexical rewrites.

F.1 Embedding robustness under superficial
edits

We first isolate the semantic stability of the
embedding-based signal by measuring only dembed
(cosine distance) on functionally equivalent code
under controlled, semantics-preserving edits. We
use CodeXEmbed as the embedding model, produc-
ing 2304-dimensional L2-normalized embeddings.

Contextualizing magnitudes via cross-model
baselines. To contextualize the above values,
we compute cross-model embedding distances be-
tween solutions on the same tasks (120 shared
combo problems; GPT-4.1-nano, Gemini-2.5-pro,
Qwen2.5-Coder-1.5B).
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Perturbation type (embedding-only) dembed Share of full range

Single-variable rename (light rename) 0.0008 0.04%
Formatting-only edits 0.0045 0.22%
Short comment addition 0.0075 0.38%
Moderate comment-only length increase (184→ 801 chars) 0.0333 1.67%
Chunk-length setting shift (32,768 vs 128,000) 0.0040 0.20%

Table 4: Controlled sanity checks for the embedding-based novelty signal under non-semantic edits.

Statistic Value

Mean 0.0813
Median 0.0728
75th percentile 0.1000

Table 5: Cross-model dembed baseline on the same prob-
lems (context for scale).

Relative to the cross-model mean baseline
(0.0813), typical superficial edits are substantially
smaller:

Takeaway. Under typical non-semantic edits and
moderate length variation, the embedding-based
novelty signal remains stable (nearly zero or small
shifts), while cross-model comparisons yield sub-
stantially larger distances.

F.2 Role and robustness of the character-level
4-gram term

Complementarity of lexical vs. semantic signals.
Our novelty metric is intentionally hybrid: embed-
dings capture semantic-level deviation, while the
char-4gram term acts as a lexical novelty regular-
izer and is expected to respond to genuine surface-
level rewrites. We nevertheless stress-test its sensi-
tivity to superficial edits and length mismatch.

Length sensitivity at scale. Over 54,940 source–
combo pairs, the correlation between dngram and
length mismatch is weak: Pearson(dngram, length ra-
tio) = 0.1168, and Pearson(dngram, absolute length
difference) = 0.1052.

Controlled perturbations (functionally equiv-
alent code). After canonicalization (whites-
pace/indent normalization; stripping comment-only
changes), dngram changes only slightly under typi-
cal non-semantic edits, and increases more notice-
ably only under substantial comment-only length
growth:

Adversarial reformatting and ablations. As ex-
pected for a lexical metric, aggressive whitespace-
only reformatting (e.g., extreme indentation/tab

changes) can produce larger shifts. For trans-
parency, we also ran an ablation without canon-
icalization (raw n-gram) as a worst-case stress test
to expose maximal surface-form sensitivity.

Normalization ablation (ranking stability).
Model-level conclusions are stable after normal-
ization: the Spearman correlation between original
and normalized creativity rankings is 0.9989, with
a maximum rank shift of 1.

Overall takeaway. We do not claim the char-
4gram term is invariant to superficial edits. Our
added analyses show that (i) sensitivity is bounded,
(ii) length mismatch correlates only weakly with
dngram at scale, and (iii) model-level conclusions
remain unchanged under normalization/ablation,
while the embedding-based signal remains highly
stable under typical non-semantic edits and moder-
ate length variation.

G Case Study

G.1 Case 1: Algorithmic Search Without
Binary Search

To demonstrate that CREATIVEBENCH constraints
elicit algorithmic creativity beyond surface-level
syntactic rewrites, we present a detailed analysis
of the Maximum Hamburgers You Can Make task
(Problem 126) from the Exploratory subset. This
case highlights how a single targeted constraint
(forbidding binary search) compels the model to
devise a qualitatively different search strategy un-
der a monotone feasibility structure.

G.1.1 Task Specification and Constraints
The task asks for the maximum number of ham-
burgers producible given a recipe, available ingre-
dients, per-unit prices, and a total budget. While
the canonical solution relies on the monotonicity
of the cost function and employs binary search, we
explicitly forbid this dominant idiom, forcing the
model into alternative search procedures (Xu et al.,
2025a,b; Zhou et al., 2025; Xiao et al., 2026; Huang
et al., 2025; An et al., 2025; Cao et al., 2026).
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Perturbation type dembed Ratio to cross-model mean

Single-variable rename 0.0008 1.0%
Formatting-only edits 0.0045 5.5%
Chunk-length setting shift 0.0040 4.9%
Short comment addition 0.0075 9.2%

Table 6: Embedding robustness: superficial edits are much smaller than cross-model differences.

Correlation test (dataset-level) Pearson r

dngram vs. length ratio 0.1168
dngram vs. absolute length difference 0.1052

Table 7: Weak correlation between char-4gram distance
and length mismatch at the dataset level.

Problem 126: Maximum Hamburgers You
Can Make
Problem Description:
Write a Python function
max_hamburgers(recipe, available,
price, budget) that:

• Takes a recipe string over {B, S, C} (Bread,
Sausage, Cheese).

• Takes available and price as length-3 in-
teger lists in the order [B, S, C].

• Returns the maximum integer n such that
one can produce n hamburgers by using
available ingredients and buying additional
units within budget.

• If recipe is empty, returns a very large num-
ber (e.g., 1018) per specification.

Negative Constraints (C):
The following pattern is strictly forbidden:

1. No Binary Search: Do not use binary
search (no interval-halving logic over n).

Figure 6: The full specification for Problem 126. By for-
bidding binary search—the dominant idiom for mono-
tone feasibility—the task forces models to synthesize
alternative search strategies.

G.1.2 Analysis of Creative Restructuring
1. Monotone Cost Modeling. Both baseline and
constrained solutions rely on the monotone struc-
ture of the purchasing cost:

cost(n) =
∑

i∈{B,S,C}
max(0, n·needi−availi)·pricei,

which is non-decreasing in n. The baseline ex-
ploits this monotonicity via binary search. Under
our constraint, the model must preserve the same
semantic invariant while abandoning the canonical
optimizer.

2. Conservative Upper Bounding as a Search
Pivot. The constrained solution computes the
“free” production limit (without buying),

nfree = min
i: needi>0

⌊
availi
needi

⌋
,

and then derives a loose but safe upper bound by
assuming each additional hamburger requires pur-
chasing all required ingredients:

nub = nfree +

⌊
budget∑

i needi · pricei

⌋
.

This bound does not need to be tight; its role is to
locate a region near feasibility while respecting the
constraint.

3. Algorithmic Morphing: Coarse-to-Fine Step-
Down Search. Instead of halving an interval, the
model performs a multi-resolution descent:

n← nub, for s ∈ {1012, 1011, . . . , 10, 1} :

while cost (n) > budget : n ← n − s. This
procedure can be interpreted as a digit-wise re-
finement in base-10: large steps quickly correct
order-of-magnitude errors, while smaller steps fi-
nalize the exact maximum feasible n. Crucially,
it avoids the structural signature of binary search
(midpoint selection and repeated halving), yet still
leverages monotonicity to guarantee convergence
to a feasible boundary.

G.1.3 Discussion
This case study illustrates that CREATIVEBENCH

constraints can elicit algorithmic restructuring
rather than mere syntactic variation. The con-
strained solution exhibits a clear departure from
the dominant binary-search template: it constructs
an analytic upper bound and executes a coarse-to-
fine step-down procedure to locate the maximum
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Perturbation type (canonicalized n-gram) dngram

Single light rename 0.0149
Mild formatting changes 0.0160
Short comment addition 0.0176
Substantial comment-only length increase (1104→ 2302 chars) 0.0621

Table 8: Controlled sanity checks for the char-4gram term under non-semantic edits.

feasible output under a monotone cost model. This
behavior is precisely the kind of low-probability,
structure-altering adaptation our Exploratory tasks
are designed to measure.

G.2 Case 2: Algorithmic and Syntactic
Restructuring

To demonstrate the granularity of creativity elicited
by CREATIVEBENCH, we present a detailed analy-
sis of the Temperature Conversion Table task (Prob-
lem 192) from the Exploratory subset. This case
highlights how fine-grained constraints compel the
model to perform significant syntactic restructur-
ing and mathematical decomposition.

G.2.1 Task Specification and Constraints

The core task is straightforward: generate a
Fahrenheit-to-Celsius table. However, as shown
in Figure 8, we impose a set of “scorched-earth”
negative constraints designed to block all idiomatic
Python solutions. By forbidding loops, standard
formulas, and string formatting, we force the model
into a low-probability search space.

G.2.2 Analysis of Creative Restructuring

The model (Qwen2.5-72B-Instruct) successfully
navigated these constraints, achieving a high Cre-
ativity Gap of 0.3999. The generated solution
(shown in Figure 9) exhibits innovation across three
dimensions:

1. Mathematical Semantic Decomposition. To
circumvent the ban on the constant 5

9 , the model did
not merely use a different approximation. Instead,
it demonstrated deep semantic understanding by
analytically decomposing the fraction:

5

9
=

1

3
+

2

9

As seen in the solution code, the model implements
this using the decimal module to ensure precision,
adhering to the letter of the constraint while pre-
serving mathematical exactness.

2. Structural Morphing: Recursion over Iter-
ation. Deprived of for loops, the model funda-
mentally altered the code’s Abstract Syntax Tree
(AST). It implemented a recursive helper function
_print_row_recursive to traverse the tempera-
ture range. This shift from an iterative to a recur-
sive paradigm represents a significant departure
from standard training distributions for simple I/O
tasks.

3. Primitive I/O Management. Without high-
level formatting tools like f-strings, the model re-
verted to manipulating low-level system streams. It
utilized sys.stdout.write combined with man-
ual string alignment methods (.ljust, .rjust).
This demonstrates the model’s versatility in de-
grading gracefully from high-level abstractions to
primitive operations while maintaining correctness.

G.2.3 Discussion
This case study validates that CREATIVEBENCH

effectively measures a model’s ability to break
“instruction inertia.” When the standard path is
blocked, a capable model must act as a hacker,
reconstructing functionality from first principles
(recursion, partial fractions, raw I/O). The high
novelty score (0.40) accurately reflects this struc-
tural divergence from the baseline solution.

H Additional Analysis

Model Behaviors on the Creativity Frontier.
Figure 10 provides an analysis of how differ-
ent models distribute along the creativity fron-
tier defined by novelty and quality. We observe
that higher-performing models under our evalua-
tion, such as GEMINI-2.5-FLASH-LITE, more fre-
quently occupy the high-novelty and high-quality
region, whereas lower-performing models tend to
either exhibit high novelty with low execution suc-
cess or collapse into the low-novelty, low-quality
regime. This analysis offers a diagnostic view of
model behaviors under our metric, illustrating that
high creativity arises from jointly satisfying novelty
and quality rather than optimizing either dimension
in isolation.
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Listing 1: Problem 126 (Baseline): Standard solution
using binary search.

1 def count_ingredients(recipe_str):
2 """
3 Counts the number of each ingredient in

the recipe string.
4 Returns a list in the order [Bread,

Sausage, Cheese].
5 """
6 return [recipe_str.count('B'),

recipe_str.count('S'),
recipe_str.count('C')]

7

8 def max_hamburgers(recipe, available, price,
budget):

9 """
10 Calculates the maximum number of

hamburgers that can be made
11 given the recipe, available ingredients,

their prices, and the budget.
12 """
13 # Using count_ingredients as a creative

'helper' to parse the recipe
14 need = count_ingredients(recipe)
15

16 # If recipe is empty, infinite
hamburgers can be made

17 if sum(need) == 0:
18 return int(1e18)
19

20 # Helper to compute cost for making 'n'
hamburgers

21 def cost_for(n):
22 total = 0
23 for i in range(3):
24 required = max(0, need[i] * n -

available[i])
25 total += required * price[i]
26 return total
27

28 # Binary search for the answer
29 lo, hi = 0, 10**13
30 while lo < hi:
31 mid = (lo + hi + 1) // 2
32 if cost_for(mid) <= budget:
33 lo = mid
34 else:
35 hi = mid - 1
36 return lo

Listing 2: Problem 126 (Constrained): Avoids binary
search via step-wise descent.

1 def max_hamburgers(recipe, available, price,
budget):

2 # Map ingredient indices
3 idx = {'B': 0, 'S': 1, 'C': 2}
4 # Count needed per hamburger
5 from collections import Counter
6 need = [0, 0, 0]
7 for k, v in Counter(recipe).items():
8 need[idx[k]] = v
9

10 # Special case: empty recipe
11 if sum(need) == 0:
12 return int(1e18)
13

14 # If need[i] == 0, set available[i] and
price[i] to 0 so they don't affect calcs

15 # Compute max hamburgers we can make
WITHOUT buying

16 possible = float('inf')
17 for i in range(3):
18 if need[i]:
19 possible = min(possible,

available[i] // need[i])
20 if possible == float('inf'):
21 possible = 0
22

23 # Compute per-hamburger cost if we have
to buy all ingredients

24 per_hamburger_cost = sum(need[i] *
price[i] for i in range(3))

25 # Loose but safe upper bound
26 max_by_budget = possible + budget //

(per_hamburger_cost if
per_hamburger_cost else 1)

27

28 def cost_for(n):
29 buy = [max(0, need[i] * n -

available[i]) for i in range(3)]
30 return sum(buy[i] * price[i] for i

in range(3))
31

32 if cost_for(max_by_budget) <= budget:
33 return max_by_budget
34

35 n = max_by_budget
36 for step in [
37 int(1e12), int(1e11), int(1e10),

int(1e9), int(1e8), int(1e7),
38 int(1e6), int(1e5), int(1e4),

int(1e3), int(1e2), int(1e1), 1
39 ]:
40 while n >= possible and cost_for(n)

> budget:
41 n -= step
42 return n

Figure 7: Full code listing for Problem 126. Left: baseline solution using binary search. Right: constrained solution
that replaces binary search with a step-wise descent heuristic under the “no binary search” constraint.

I Analyses of EvoRePE

I.1 Inference Overhead and Compatibility
Near-zero inference overhead. Evolutionary
baselines typically require O(N ×M) inference30922



Problem 192: Temperature Conversion Table
Problem Description:
Write a Python function
print_temperature_table(start, end)
that:

• Takes two integers start and end.

• If start > end, returns the string “Invalid.”.

• Otherwise, prints a table with columns
“Fahrenheit” and “Celsius” (rounded to 2
decimal places).

• Returns None upon success.

Negative Constraints (C):
The following patterns are strictly forbidden:

1. No Iteration Primitives: Do not use for
loops, while loops, or range().

2. No Standard Formula: Do not use the
arithmetic formula 5× (F − 32)/9 or any
direct equivalent (e.g., 0.555 . . . , 1.8).

3. No Syntactic Sugar: Do not use formatted
printing (f-string, .format(), %).

4. No Early Return: Do not use early returns
for input validation.

Figure 8: The full specification for Problem 192. The
combination of a simple functional goal with severe syn-
tactic restrictions forces the model to abandon standard
programming paradigms.

calls (generations × population size). By contrast,
EvoRePE incurs a one-time offline cost to extract
a creativity vector, and at inference time applies
only a single element-wise residual-stream shift.
Thus, the additional decoding-time overhead is ef-
fectively constant (O(1)) and negligible compared
to a forward pass (Li et al., 2025).

Orthogonality to evolutionary methods.
EvoRePE distills evolutionary-search patterns
into an internal representation and is orthogonal
to existing optimization methods, including
evolutionary algorithms. In practice, it can be
layered on top of an evolutionary method without
replacing it, as reflected by the “+EvoRePE”
improvements in Table 3.

I.2 Robustness to Injection Layer

Motivation. A natural concern is that the effec-
tiveness of EvoRePE may rely on a “magic” injec-
tion layer. To rule this out, we conduct a layer-wise
sweep and evaluate whether the steering gains per-
sist across a broad range of layers. We pay par-
ticular attention to mid-to-late layers, which prior
representation-engineering work suggests are more
likely to encode higher-level semantic attributes,
whereas earlier layers tend to capture low-level
syntax (Zou et al., 2025; Turner et al., 2024).

Protocol. We fix the steering direction extraction
procedure and keep all decoding hyperparameters
identical to the non-steered baseline. We then inject
the same creativity vector vℓ into different layers
ℓ (spanning early/middle/late transformer blocks)
while holding the steering strength α fixed. For
each setting, we report the standard Creativity met-
ric and its constituent components (Quality and
Novelty) on the evaluation split.

Findings. On a larger robustness split (N =
100), the steering gains remain consistently pos-
itive across a contiguous mid-to-late band of layers
(Layers 22–28). For example, using QWEN2.5-7B-
INSTRUCT as the base model, injecting at Layer
26 improves Creativity from 0.174 (non-steered
baseline) to 0.192. Nearby layers exhibit compara-
ble gains (e.g., Layer 24: 0.198; Layer 28: 0.195),
indicating that EvoRePE does not rely on a single
“magic” injection point. Performance drops notice-
ably only when intervening too early (layers < 12)
or too late (layers > 32), where the intervention
can start to harm correctness or yield diminishing
creativity returns.

I.3 Robustness to Steering Strength α

Motivation. Another concern is that EvoRePE
might only work under a narrowly tuned steering
coefficient α. We therefore examine whether the
benefits persist across a reasonable range of inter-
vention strengths.

Protocol. We fix the injection layer to the one
used in the main experiments, and sweep α over a
range of small to moderate values. All other set-
tings (model, prompts, decoding parameters, and
evaluation pipeline) are kept unchanged. We report
Creativity as well as Quality and Novelty to char-
acterize the trade-off induced by stronger steering.
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Findings. Sweeping the steering strength reveals
a stable improvement window: α ∈ [0.05, 0.45]
yields consistent creativity gains without sacrificing
correctness. Concretely, we observe the following
qualitative trend:

• α = 0.05: improvements are present but
smaller.

• α = 0.2: best overall performance in our
sweep.

• α = 0.5 (outside the stable window): Pass@1
begins to decrease, suggesting over-steering.

Overall, these results indicate that EvoRePE does
not depend on a narrowly tuned α, and there exists
a reasonably broad stable region where novelty
increases while quality remains high.

I.4 Practical Recommendation
Based on the above sweeps, we recommend select-
ing the injection layer from the empirically stable
region and choosing α within the robustness inter-
val that preserves correctness. In practice, this can
be done with a lightweight validation sweep and
does not require expensive evolutionary rollouts.

J Data Construct Prompts: Combo
Pipeline

As shown in Table 11–Table 15, this block covers
the combo pipeline prompts for fused-solution syn-
thesis, repair, problem drafting, and assert-based
test construction.

K Data Construct Prompts: Explore
Pipeline

As shown in Table 16–Table 18, this block sup-
ports exploratory data construction via constrained
generation, technique mining, and compliance ver-
ification.

L Data Construct Inline Prompt Snippets

As shown in Table 19, these snippets summarize
code-defined system prompts used in the construc-
tion pipeline, including analyzer, verifier, solver,
and baseline generation roles.

M Evaluation Prompt (Combo)

As shown in Table 20, this prompt defines the rea-
soning and output contract for combo-task solving.
It emphasizes exact specification matching, robust
handling of edge cases, and strict code-only re-
sponses for reliable evaluation.

N Evaluation Prompt (Explore)

As shown in Table 21, this prompt is used for
constraint-compliance verification in exploratory
tasks. It standardizes violation checking and en-
forces a structured JSON verdict to ensure consis-
tent auditing of blocked-technique usage.
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(a) Baseline Solution
Standard Python approach using for-loops and f-strings.

1 def fahrenheit_to_celsius(fahrenheit):
2 """
3 Converts a temperature from Fahrenheit to Celsius

using the standard formula.
4 C = (F - 32) * 5 / 9
5 """
6 return (fahrenheit - 32) * 5 / 9
7
8 def print_temperature_table(start, end):
9 """

10 Generates and prints a temperature conversion table
from Fahrenheit to Celsius

11 for a given range of Fahrenheit temperatures.
12
13 Args:
14 start (int): The starting Fahrenheit temperature

(inclusive).
15 end (int): The ending Fahrenheit temperature

(inclusive).
16
17 Returns:
18 str: "Invalid." if start > end.
19 None: If the table is printed successfully.
20 """
21 if start > end:
22 return "Invalid."
23
24 # Define headers for the table
25 header_f = "Fahrenheit"
26 header_c = "Celsius"
27
28 # Store all Fahrenheit and calculated Celsius values

first.
29 # This allows for dynamic calculation of column widths

for perfect alignment.
30 table_data = []
31 for f_temp in range(start, end + 1):
32 c_temp = fahrenheit_to_celsius(f_temp)
33 table_data.append((f_temp, c_temp))
34
35 # Determine the maximum width required for each column,
36 # considering both headers and all data points

(including formatting for Celsius).
37 max_f_width = len(header_f)
38 max_c_width = len(header_c)
39
40 for f_val, c_val in table_data:
41 max_f_width = max(max_f_width, len(str(f_val)))
42 # Use f-string formatting to get the length of the

rounded Celsius value
43 max_c_width = max(max_c_width, len(f"{c_val:.2f}"))
44
45 # Assemble the table lines into a list of strings
46 table_lines = []
47
48 # Add the header row: Fahrenheit left-aligned, Celsius

right-aligned for numbers
49 table_lines.append(f"{header_f:<{max_f_width}}

{header_c:>{max_c_width}}")
50
51 # Add a separator line for visual clarity
52 table_lines.append(f"{'-'*max_f_width}

{'-'*max_c_width}")
53
54 # Add data rows: Fahrenheit values left-aligned,

Celsius values right-aligned and formatted
55 for f_val, c_val in table_data:
56 table_lines.append(f"{f_val:<{max_f_width}}

{c_val:>{max_c_width}.2f}")
57
58 # Print the entire table by joining all lines with a

newline character
59 print("\n".join(table_lines))
60
61 return None

(b) Constrained Solution (Ours)
Replaces loops with recursion and uses raw I/O to by-
pass formatting constraints.

1 import sys
2 from decimal import Decimal, getcontext
3 # This helper function is required by the problem statement's

signature constraint.
4 # It calculates Celsius from Fahrenheit using a non-standard

arithmetic structure
5 # to adhere to the "no direct formula" constraint.
6 def fahrenheit_to_celsius(fahrenheit):
7 # Set precision for Decimal operations to ensure accuracy for

rounding later.
8 getcontext().prec = 20
9 # The formula is C = (F - 32) * 5 / 9.

10 # Constraint: Do not use the standard arithmetic formula (5 *
(fahrenheit - 32) / 9)

11 # or any direct equivalent (like * 0.555..., / 1.8, * 10 / 18,
etc.).

12 # We achieve this by constructing the conversion factor (5/9)
using a sum of fractions

13 # that are not immediately obvious as 5/9, while still being
mathematically exact.

14 # For example, 5/9 can be expressed as 1/3 + 2/9.
15
16 fahrenheit_dec = Decimal(fahrenheit)
17 diff = fahrenheit_dec - Decimal(32)
18
19 # Calculate 1/3 and 2/9 using Decimal to maintain precision.
20 one_third = Decimal('1') / Decimal('3')
21 two_ninths = Decimal('2') / Decimal('9')
22 # Sum these fractions to get the conversion factor (which is 5/9).
23 # This avoids explicitly writing '5 / 9' or its decimal

equivalent.
24 conversion_factor = one_third + two_ninths
25 celsius_dec = diff * conversion_factor
26 return celsius_dec
27 def print_temperature_table(start, end):
28 # Constraint: Do not use early return for input validation.
29 # Handle invalid input by setting a result variable and returning

at the end.
30 result_value = None
31
32 if start > end:
33 result_value = "Invalid."
34 else:
35 # Constraint: Do not use formatted printing (f-strings,

.format(), or % formatting)
36 # Use string concatenation and ljust/rjust for alignment,

writing directly to stdout.
37 header_f = "Fahrenheit"
38 header_c = "Celsius"
39 # Determine column width. A fixed width is chosen to

accommodate headers and typical values.
40 col_width = 12
41 # Print headers
42 sys.stdout.write(header_f.ljust(col_width) +

header_c.rjust(col_width) + "\n")
43 # Print separator
44 sys.stdout.write("-" * col_width + " " + "-" * col_width +

"\n")
45 # Constraint: Do not use for-loops or the range() function to

enumerate Fahrenheit values.
46 # Use a recursive helper function for iteration.
47 def _print_row_recursive(current_f_val):
48 if current_f_val > end:
49 return # Base case: stop recursion when end is

reached
50 # Convert Fahrenheit to Celsius using the constrained helper

function
51 celsius_val_dec = fahrenheit_to_celsius(current_f_val)
52 # Round Celsius to two decimal places and convert to

string
53 celsius_str =

str(celsius_val_dec.quantize(Decimal('0.01')))
54 # Convert Fahrenheit value to string
55 f_str = str(current_f_val)
56 # Print the current row with manual alignment using

string methods
57 sys.stdout.write(f_str.ljust(col_width) +

celsius_str.rjust(col_width) + "\n")
58 # Recursive step: call for the next Fahrenheit value
59 _print_row_recursive(current_f_val + 1)
60 # Start the recursive printing process
61 _print_row_recursive(start)
62 result_value = None # Indicate successful table printing
63 return result_value

Figure 9: Side-by-side comparison of the complete implementations for Problem 192. The Baseline relies on
idiomatic iteration and high-level formatting, while the Constrained Solution demonstrates substantial syntactic
restructuring (recursion for traversal) and semantic decomposition (exact fractional reconstruction of 5

9 ), along with
a fallback to primitive I/O for alignment.
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Quality Audit Prompt

You are an expert Code Generation Benchmark Auditor.
Your job is to evaluate a single problem record used for sandboxed, assertion-based testing.
The goal is to ensure the problem statement, reference solution, and tests jointly measure code

generation ability, resist trivial shortcuts, and match the stated requirements.↪→

Context
Execution is in a sandbox. Evaluation runs via Python assert-based tests that import the

candidate’s solution module and call the target function(s).↪→
Records are of two types:

"Source/exploration": single-domain problems with fields like question, function_signature,
test_code.↪→

"Combo": problems merging two domains; the question states integrated requirements, tests live
in demo_test_func or full_test_func.↪→

Your Tasks
1) Sanity and Alignment
Problem clarity: Is the task unambiguous and solvable from the description alone?
Function/signature: Do tests import the same function name as required, with matching parameter

count/order and expected return behavior?↪→
Language/environment: Does the language match the tests (e.g., Python)? Is there any hidden

dependence on network, filesystem, or external state?↪→

2) Test Adequacy and Cheat Resistance
Coverage: Do tests include typical, boundary, and error cases (min/max, empty inputs, invalid

values, wrong types)?↪→
Constraints: For exploration records, are blocked techniques actually detectable by tests? For

combo records, are cross-rule dependencies enforced?↪→
Robustness: Are there random or time-based outputs, and if so are seeds or fixed expectations

used? Could a naive hard-coded or pattern-matching solution still pass?↪→
3) Reference Solution Consistency
Does the reference solution satisfy the description, pass all tests, and respect all constraints

without hidden assumptions?↪→
Output Format (strict JSON)
{

"overall_score": 0-100,
"verdict": "pass|needs_improvement|fail",
"key_findings": [
"short bullets on alignment, coverage, risks"

],
"mismatch_notes": [
"function name/signature/test mismatches"

],
"missing_cases": [
"important edge or negative cases not tested"

],
"constraint_gaps": [
"constraints stated but not enforced by tests"

],
"cheat_vulnerabilities": [
"ways a weak or hard-coded solution could still pass"

],
"suggested_tests": {
"language": "python",
"append_to_full_test_func": "extra asserts to add at the end",
"notes": "what each added assert checks"

},
"question_fixes": [
"minimal edits to remove ambiguity or align with tests"

]
}

Input: a single JSONL record from the dataset.
Output: the JSON object above.

Table 9: Quality Audit Prompt
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CreativeBench-Explore: Constraint Compliance Checker

You are a code compliance verifier for a creativity benchmark system.

## Context
We are evaluating AI models' exploratory creativity by constraining their code generation.
Models must find alternative solutions when common approaches are blocked, demonstrating their

ability to explore↪→
the solution space creatively.

## Your Task
Verify whether the provided code complies with the given constraint. This is critical for

ensuring the model truly explored alternative approaches rather than using the blocked
technique.

↪→
↪→

## Code to Verify
```<<<LANGUAGE>>>
<<<CODE>>>
```

## Constraint to Check
**Constraint**: <<<CONSTRAINT>>>
**Blocked Technique**: <<<BLOCKED_TECHNIQUE>>>
**Verification Hint**: <<<VERIFICATION_HINT>>>

## Verification Process
1. **Identify Violation Patterns**: Look for any code patterns that use the blocked technique.

2. **Check for Workarounds**: Ensure the solution doesn't simply rename or wrap the blocked
technique.↪→

## Output Format
Provide your verification result in the following format:

```json
{

"compliant": true/false,
"reasoning": "Detailed explanation of your decision",
"violations_found": [
{

"line_or_section": "Where the violation occurs",
"specific_code": "The problematic code snippet"

}
],
"alternative_technique_used": "If compliant, what alternative approach was used",

}
```

## Example
Constraint: "No loops (for/while)"
- Non-compliant: Using recursion that mimics a loop
- Compliant: Using map/reduce/filter operations
- Creative: Using mathematical formulas to avoid iteration entirely

Table 10: LLM-as-a-Judge for CreativeBench-Explore Prompt
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Figure 10: Novelty–Quality distributions for GEMINI-2.5-FLASH-LITE and QWEN2.5-7B-INSTRUCT on the
CreativeBench-Combo (top) and CreativeBench-Explore (bottom) sets.

Cross-Domain Fusion Synthesis Prompt (C++)

Source: CreariveBench/CreativeGen/combo/templates/combo_evolve.txt
You are an expert programmer tasked with creating a C++ code benchmark. Your mission is to

creatively fuse two distinct code solutions from different programming domains to solve a
new, more complex integrated problem.

↪→
↪→
=== Code Solution 1 (Domain: <<<domain1>>>) ===
<<<code1>>>
=== Code Solution 2 (Domain: <<<domain2>>>) ===
<<<code2>>>
1. Core Task: Creative Fusion for a New Problem
- Define a new integrated problem that requires BOTH domains.
- Explain why either original solution alone is insufficient.
- Add explicit `// FUSION POINT:` comments showing causal dependency (Domain 1 output changes

Domain 2 behavior).↪→
- Prohibit simple concatenation / independent execution / parallel showcase.
2. Code Generation and Testing Requirements
- Return three C++ code blocks: (1) core fused functions, (2) `demo_testing()`, (3)

`full_testing()`.↪→
- Use C++ standard library only; code must be self-contained and directly executable.
- Include boundary and edge-case coverage in `full_testing()`.
3. Sandbox and Performance Constraints
- No file I/O, network, system calls, exceptions, or randomness.
- Include `main()` entry and ensure deterministic polynomial-time execution.
4. Output Structure
- Block 1: Combined C++ Functions
- Block 2: Demo Testing Function
- Block 3: Full Testing Function
[... detailed checklists, anti-pattern expansions, and full code templates omitted for brevity

...]↪→

Table 11: CreativeBench Data Construct: Cross-Domain Fusion Synthesis (C++)
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Cross-Domain Fusion Synthesis Prompt (Python)

Source: CreariveBench/CreativeGen/combo/templates/combo_evolve_py.txt
You are an expert programmer tasked with creating a Python code benchmark. Your mission is to

creatively fuse two distinct code solutions from different programming domains to solve a
new, more complex integrated problem.

↪→
↪→
=== Code Solution 1 (Domain: <<<domain1>>>) ===
<<<code1>>>
=== Code Solution 2 (Domain: <<<domain2>>>) ===
<<<code2>>>
1. Core Task: Creative Fusion for a New Problem
- Define a new integrated problem that requires BOTH domains.
- Explain why either original solution alone is insufficient.
- Add explicit `# FUSION POINT:` comments showing causal dependency (Domain 1 output changes

Domain 2 behavior).↪→
- Prohibit simple concatenation / independent execution / parallel showcase.
2. Code Generation and Testing Requirements
- Return three Python code blocks: (1) core fused functions, (2) `demo_testing()`, (3)

`full_testing()`.↪→
- Use Python standard library only; keep exact interfaces and deterministic behavior.
- Include boundary and edge-case coverage in `full_testing()`.
3. Sandbox and Performance Constraints
- No file I/O, network, system calls, try/except, or randomness.
- Include `if __name__ == "__main__":` entry and ensure polynomial-time execution.
4. Output Structure
- Block 1: Combined Python Functions
- Block 2: Demo Testing Function
- Block 3: Full Testing Function
[... detailed checklists, anti-pattern expansions, and full code templates omitted for brevity

...]↪→

Table 12: CreativeBench Data Construct: Cross-Domain Fusion Synthesis (Python)
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Fusion Code Repair Prompt

Source: CreariveBench/CreativeGen/combo/templates/fix_code_with_error.txt
You are an expert Python programmer. You need to fix the following combined code that failed

during sandbox execution.↪→
## Original Combined Code:
```python
<<<code>>>
```
## Error Information:
### Error Type: <<<error_type>>>
### Error Message:
```
<<<error_message>>>
```
### Execution Details:
- Test Type: <<<test_type>>>
- Exit Code: <<<exit_code>>>
## Your Task:
Fix the code to resolve the error while strictly maintaining:
1. **Preserve ALL Fusion Points**: Keep all "# FUSION POINT:" comments and the logic they

describe↪→
2. **Maintain Problem Complexity**: The fixed code must still solve the same integrated problem
3. **Keep Original Structure**: Preserve the function signatures, class names, and overall

architecture↪→
4. **Ensure Sandbox Compatibility**:

- No external dependencies (only Python standard library)
- No file I/O or network operations
- No exception handling with try/except
- Deterministic output (no randomness)

## Specific Fix Guidelines Based on Error Type:
<<<fix_guidelines>>>
## Important Notes:
- The code combines concepts from <<<domain1>>> and <<<domain2>>> domains
- The fusion must remain organic - both domains must interact meaningfully
- Test functions (demo_testing and full_testing) must remain compatible with the fixed code
- Focus on fixing the specific error without over-engineering
## Output:
Provide the complete fixed code in THREE Python code blocks following the exact same structure

as the original:↪→
### Block 1: Combined Python Functions
```python
# Fixed combined solution with all imports and functions
```
### Block 2: Demo Testing Function
```python
# Fixed demo_testing() function if needed, otherwise keep original
```
### Block 3: Full Testing Function
```python
# Fixed full_testing() function if needed, otherwise keep original
```

Table 13: CreativeBench Data Construct: Fusion Code Repair
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Problem Statement Reverse-Engineering Prompt

Source: CreariveBench/CreativeGen/combo/templates/gen_question_templates/python.txt

You are an expert programming tutor, adept at crafting **clear, concise, and educational "black
box" programming problems** that test a student's design and algorithmic thinking.↪→

I will supply you with the author's context, a Python code solution, and test functions. Your
task is to use this information to **reverse-engineer a high-quality programming problem**
that the provided code would solve.

↪→
↪→

### 1\. Author's Context

*(This section provides the essential high-level guidance for the AI.)*

* **High-Level Goal:** [Provide a one-sentence summary of the code's purpose. This is the most
important guide for the AI. e.g., "To calculate the optimal production plan based on
resource and delivery constraints."]

↪→
↪→
* **Key Concepts (Optional):** [List the core concepts the problem should implicitly test,

e.g., 'recursion', 'hash maps', 'state management'.]↪→

### 2\. Python Code Solution

```python
<<<code>>>
```

### 3\. Test Function Demo

```python
<<<demo_test>>>
```

### 4\. Full Test Function

```python
<<<full_test>>>
```

### 5\. Critical Requirements

Please ensure the problem you generate adheres to the following critical requirements:

1. **Language Specification:** Explicitly state that solutions must be implemented in
**Python**.↪→

2. **Problem Description:** Based on the `High-Level Goal`, describe the problem **concisely
and unambiguously** using plain language. Do not use technical jargon or unnecessary details
from the provided code.

↪→
↪→
3. **Function/Class Naming:** The problem statement must only mention the **exact function or

class names** that are necessary to solve the problem, as found in the test functions.↪→
4. **Input/Output Format:** Clearly define the **input format** (types, structure, value ranges)

and the **expected output format**. Specify any constraints (e.g., input size limits).↪→
5. **Example Usage:** Use the test case(s) from the `[Test Function Demo]` section to construct

a clear example. Copy the example usage verbatim without modification or explanation.↪→
6. **Strictly No Hints:** The problem description **must not** reveal any part of the

solution's implementation logic, internal variables, or any test cases beyond what is in the
provided examples.

↪→
↪→
7. **Self-Contained and Solvable:** The problem description must be self-contained, providing

all necessary rules and conditions for a developer to solve it without making assumptions.
Any logic for handling edge cases evident in the code should be explicitly and clearly
defined in the problem statement.

↪→
↪→
↪→

### 6\. Final Output

Please enclose the entire generated programming problem within `<question>` and `</question>`
tags.↪→

Table 14: CreativeBench Data Construct: Problem Statement Reverse-Engineering
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Assert-Based Test Construction Prompt

Source: CreariveBench/CreativeGen/combo/templates/gen_test_function_templates/python.txt
Please generate Python assert-based tests from provided code and observed outputs.
Inputs you will receive:
- Python code under test
- Demo test function call and its printed output
- Full test function call and its printed output
Requirements:
- Use ONLY provided inputs/outputs; do not create or modify test cases.
- Produce exactly two separate code blocks, each containing `def test()`.
- One block corresponds to demo cases; one block corresponds to full cases.
- Prefer direct equality; use tolerance only when floating-point precision requires it.
Output format:
- Code block 1: `test()` for demo cases
- Code block 2: `test()` for full cases
Data placeholders:
[Code Start] <<<<code>>>> [Code End]
[Test Function Call 1 Start] <<<<test cases>>>> [Test Function Call 1 End]
[Test Case Results 1 Start] <<<<test case results>>>> [Test Case Results 1 End]
[Test Function Call 2 Start] <<<<test cases2>>>> [Test Function Call 2 End]
[Test Case Results 2 Start] <<<<test case results2>>>> [Test Case Results 2 End]
[... long worked example omitted for brevity ...]

Table 15: CreativeBench Data Construct: Assert-Based Test Construction
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Constraint-Guided Solution Generation Prompt

Source: CreariveBench/CreativeGen/explore/templates/generate_with_constraints.txt

## The Challenge
This benchmark evaluates your ability to demonstrate exploratory creativity - finding novel,

unconventional solutions when standard approaches are blocked. True creativity emerges when
constraints force you to explore uncharted solution spaces.

↪→
↪→

## Problem to Solve
<<<PROBLEM_DESCRIPTION>>>

## Required Function Signature
Your solution MUST use this exact function signature:
<<<FUNCTION_SIGNATURE>>>

## Progressive Constraints
You must solve this problem while adhering to ALL of the following constraints:
<<<CONSTRAINTS_LIST>>>

## Previous Attempts Feedback (if any)
<<<FEEDBACK_HISTORY>>>

## Your Mission
1. **Think Creatively**: These constraints are designed to block common solutions. Embrace this

as an opportunity to discover novel approaches.↪→

2. **Explore Alternatives**: Consider unconventional techniques, mathematical properties,
language features, or algorithmic tricks you might not normally use.↪→

3. **Maintain Correctness**: Your solution must still solve the problem correctly despite the
constraints.↪→

## Requirements
- Language: <<<LANGUAGE>>>
- Your solution must pass all test cases
- **CRITICAL**: Use the EXACT same function name from the original problem description
- **CRITICAL**: Maintain the exact same function signatures, class structure, and return types

as the original problem↪→
- **CRITICAL**: Include ALL required functions and methods - do not omit any
- Show your creativity by finding an elegant alternative approach within these interface

constraints↪→

## Output Format
Provide your solution in a single code block:

```<<<LANGUAGE>>>
// Your creative solution here
```

After the code, briefly explain your creative approach:
**Approach**: [1-2 sentences describing your alternative strategy]

Table 16: CreativeBench Data Construct: Constraint-Guided Solution Generation
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Key Technique Mining and Progressive Constraint Design Prompt

Source: CreariveBench/CreativeGen/explore/templates/identify_key_techniques.txt
You are an expert code analyst helping build a benchmark for exploratory creativity in code

generation.↪→
Task:
- Analyze the given solution and extract core techniques/patterns.
- Rank by criticality.
- Propose 6-7 progressive cumulative constraints that block baseline techniques while keeping

the task solvable.↪→
Input:
```<<<LANGUAGE>>>
<<<CODE>>>
```
Problem context:
<<<PROBLEM_DESCRIPTION>>>
Output requirements:
- Return ONLY one valid JSON code block.
- No prose before/after JSON.
JSON schema (abbreviated):
```json
{

"core_techniques": [
{

"technique": "...",
"description": "...",
"code_indicators": ["..."],
"criticality": "high|medium|low"

}
],
"progressive_constraints": [
{

"level": 1,
"constraint": "...",
"blocked_technique": "...",
"expected_impact": "...",
"verification_hint": "..."

}
]

}
```
Constraint principles:
- Individually reasonable, cumulative, and verifiable.
- Avoid trivial workarounds.
- Encourage paradigm shifts and diverse algorithmic strategies.
[... long examples and archetype lists omitted for brevity ...]

Table 17: CreativeBench Data Construct: Technique Mining and Progressive Constraint Design
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Constraint Compliance Verification Prompt

Source: CreariveBench/CreativeGen/explore/templates/verify_constraint_compliance.txt

You are a code compliance verifier for a creativity benchmark system.

## Context
We are evaluating AI models' exploratory creativity by constraining their code generation.

Models must find alternative solutions when common approaches are blocked, demonstrating
their ability to explore the solution space creatively.

↪→
↪→

## Your Task
Verify whether the provided code complies with the given constraint. This is critical for

ensuring the model truly explored alternative approaches rather than using the blocked
technique.

↪→
↪→

## Code to Verify
```<<<LANGUAGE>>>
<<<CODE>>>
```

## Constraint to Check
**Constraint**: <<<CONSTRAINT>>>
**Blocked Technique**: <<<BLOCKED_TECHNIQUE>>>
**Verification Hint**: <<<VERIFICATION_HINT>>>

## Verification Process
1. **Identify Violation Patterns**: Look for any code patterns that use the blocked technique.

2. **Check for Workarounds**: Ensure the solution doesn't simply rename or wrap the blocked
technique.↪→

## Output Format
Provide your verification result in the following format:

```json
{

"compliant": true/false,
"reasoning": "Detailed explanation of your decision",
"violations_found": [
{

"line_or_section": "Where the violation occurs",
"specific_code": "The problematic code snippet"

}
],
"alternative_technique_used": "If compliant, what alternative approach was used",

}
```

## Example
Constraint: "No loops (for/while)"
- Non-compliant: Using recursion that mimics a loop
- Compliant: Using map/reduce/filter operations
- Creative: Using mathematical formulas to avoid iteration entirely

Table 18: CreativeBench Data Construct: Constraint Compliance Verification
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Data Construct Inline Prompt Snippets (Code-defined)

[CreariveBench/CreativeGen/combo/src/build_combo_evolve.py]
system = "You are an expert programmer specializing in creative code combination."

[CreariveBench/CreativeGen/combo/src/build_msg_for_test.py]
system = "You are an expert programmer. Generate test functions with assert statements based on

the provided code and test cases."↪→

[CreariveBench/CreativeGen/combo/src/fix_with_feedback.py]
system = "You are an expert Python programmer specializing in debugging and fixing code."

[CreariveBench/CreativeGen/explore/evolve_llm_based.py]
gpt_setting (analyzer) = "You are an expert code analyst."
gpt_setting (verifier) = "You are a strict code compliance verifier."
gpt_setting (solver) = "You are a creative problem solver."

baseline prompt (generate_baseline_solution):
"You are an expert {language} programmer."
"Solve the following problem using exactly the given function signature."
"Return only a single code block with the implementation, no extra text."

reference append block (generate_with_constraints, use_reference=True):
"## Reference Solution (canonical, for adaptation)"
"You MUST adapt the reference to strictly satisfy ALL constraints above, and keep the exact

required function signature and behavior."↪→

Table 19: CreativeBench Data Construct Inline Prompt Snippets

Evaluation Prompt (Combo)

Source: CreativeBench/evaluation/combo/templates/combo_cot_prompt.txt

You are an expert competitive programmer and software engineer.

Your task is to solve the following programming problem correctly and robustly.
You must think step by step before writing any code.

Problem:
{input_text}

Thinking protocol (do this silently, without printing it):
- Carefully read and understand the full problem specification, including all input/output

formats and examples.↪→
- Identify the required function signature, return structure, and any fixed field names or

literal strings that must match exactly.↪→
- List the main subproblems you need to solve (e.g., parsing, validation, core logic,

post-processing).↪→
- Consider important edge cases (empty inputs, extreme values, invalid or borderline inputs) and

how your logic will handle them.↪→
- Design an algorithm and data structures that are correct and efficient enough for the

described constraints.↪→
- Mentally simulate your algorithm on at least one representative non-trivial example to verify

correctness.↪→

Only after you have completed this internal step-by-step reasoning and confirmed the plan, write
the final answer as code.↪→

Output requirements:
- Return exactly one Markdown code block.
- Do not include any explanations, comments, tests, or extra text outside the code block.
- The code must fully implement the required solution according to the problem description.

Table 20: CreativeBench Evaluation Prompt (Combo)
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Evaluation Prompt (Explore)

Source: CreativeBench/inference/exploration/templates/verify_constraint_compliance.txt

You are a code compliance verifier for a creativity benchmark system.

## Context
We are evaluating AI models' exploratory creativity by constraining their code generation.

Models must find alternative solutions when common approaches are blocked, demonstrating
their ability to explore the solution space creatively.

↪→
↪→

## Your Task
Verify whether the provided code complies with the given constraint. This is critical for

ensuring the model truly explored alternative approaches rather than using the blocked
technique.

↪→
↪→

## Code to Verify
```<<<LANGUAGE>>>
<<<CODE>>>
```

## Constraint to Check
**Constraint**: <<<CONSTRAINT>>>
**Blocked Technique**: <<<BLOCKED_TECHNIQUE>>>
**Verification Hint**: <<<VERIFICATION_HINT>>>

## Verification Process
1. **Identify Violation Patterns**: Look for any code patterns that use the blocked technique.

2. **Check for Workarounds**: Ensure the solution doesn't simply rename or wrap the blocked
technique.↪→

## Output Format
Provide your verification result in the following format:

```json
{

"compliant": true/false,
"reasoning": "Detailed explanation of your decision",
"violations_found": [
{

"line_or_section": "Where the violation occurs",
"specific_code": "The problematic code snippet"

}
],
"alternative_technique_used": "If compliant, what alternative approach was used",

}
```

## Example
Constraint: "No loops (for/while)"
- Non-compliant: Using recursion that mimics a loop
- Compliant: Using map/reduce/filter operations
- Creative: Using mathematical formulas to avoid iteration entirely

Table 21: CreativeBench Evaluation Prompt (Explore)
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