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Abstract

Chinese Ci poetry generation requires bal-
ancing strict prosodic constraints with
aesthetic quality. We decompose Ge-
netic Algorithms (GA) into selection
and evolution components, evaluating
across 3 LLMs, 8 Cipai formats, and
48 prompts (144 configurations, 5,760 po-
ems). Our findings reveal that GA
is highly effective: multi-sampling with
selection achieves +19.2% improvement
over zero-shot. Decomposition analysis
shows that selection accounts for 96.3%
of performance gain, serving as a pow-
erful “drafting” phase. The “revision”
phase (evolution) is where methods diverge.
LLM-guided operators achieve 40%+ suc-
cess rates on capable models (DeepSeek:
43.8%, GPT-5.1: 41.7%), significantly
outperforming the blind mutation base-
line (character-level: ~25%, p < 0.01).
While mechanical operators actively de-
grade quality, semantic-aware evolution
successfully simulates a human poet’s intel-
ligent revision process. Our results suggest
a strategy to “evolve wisely”: rely on
selection for robust baselines, and reserve
expensive semantic evolution for capable
models to achieve quality breakthroughs.

1 Introduction

Chinese Ci poetry (SongCh), a crown jewel of
classical Chinese literature, requires a delicate
balance between strict prosodic constraints
(schema, tonal patterns, rhyme) and aesthetic
quality (Li et al., 2020; Song, 2022). Generat-
ing high-quality Ci poetry is thus a quintessen-
tial problem in Constrained Creative Text
Generation (Zhang and Lapata, 2014; Yan,
2016). While Large Language Models (LLMs)
have revolutionized natural language genera-
tion, they often struggle with this dual con-
straint (Hu et al., 2024), either generating
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Figure 1: Human poet’s workflow versus LLM pow-
ered evolutionary algorithm.

fluent text that violates rules or failing to
strictly adhere to character-count or tonal re-
quirements due to their token-based nature
(Yu et al., 2024; Qu et al., 2025).

Genetic Algorithms (GA) offer a promising
solution by simulating the evolution process.
However, in the context of poetry, this biologi-
cal metaphor is better understood through the
lens of a poet’s workflow: drafting (generat-
ing multiple initial ideas) and polishing (iter-
atively refining words and sentences). Recent
work has integrated GA with LLMs (Lehman
et al., 2024; Meyerson et al., 2024), but the
precise mechanism remains under-explored. It
is unclear whether the benefit stems from
the evolutionary operators (the "polishing”) or
simply from the act of generating multiple can-
didates and selecting the best (the ”drafting”).
Without decomposing these factors, there is
a risk of attributing benefits to complex evolu-
tionary mechanics when simpler rejection sam-
pling might suffice.

To address this ambiguity, we conduct the
first systematic decomposition of GA for LLM-
based text generation. We isolate the contribu-
tion of selection (multi-sampling with fitness
ranking) from evolution (crossover and mu-
tation operators). Our analysis introduces a



success rate metric to measure the proba-
bility of improvement (breakthrough), distin-
guishing it from degradation.

Our findings reveal a clear distinction be-
tween blind mutation and semantic evo-
lution. While selection provides the ini-
tial +19% performance gain (the “drafting”
benefit), traditional evolutionary operators
(character /word-level) act as "blind polishing,”
often degrading the poem’s quality. In con-
trast, LLM-guided operators serve as "intel-
ligent polishing,” achieving 40%-+ success
rates on capable models. This signifies a se-
mantic breakthrough: unlike random per-
turbations that succumb to entropy, LLM
operators leverage semantic understanding to
navigate the constrained search space effec-
tively.

The main contributions of this study are:

1. We provide the first systematic decom-
position of GA for LLM text generation,
demonstrating that selection provides the
"drafting” foundation (418.5%) while evo-
lution serves as the "revision” phase.

2. We demonstrate that traditional opera-
tors function as blind mutation (net-
negative impact), whereas LLM-guided
operators enable semantic evolution
with meaningful success rates (40%+) on
capable models.

3. We offer practical guidelines to evolve
wisely: prioritizing selection for effi-
ciency and reserving semantic evolution
for high-capability models where it can ef-
fectively navigate the search space.

2 Related Work

2.1 Neural Chinese Poetry Generation

Early Chinese classical poetry generation
mainly relied on rule-based templates or Sta-
tistical Machine Translation (SMT) methods,
which struggled to capture deep semantic co-
herence. With the development of deep learn-
ing, sequence-to-sequence models based on
RNNs and LSTMs became mainstream. Yan
et al. proposed i, Poet (Yan, 2016), employing
hierarchical RNNs with an iterative polishing
mechanism that echoes evolutionary concepts.

In recent years, Transformer architectures
have revolutionized the field. Li et al. pro-
posed SongNet (Li et al., 2020), which utilizes

rigid format control symbols to constrain the
generation process, achieving excellent metri-
cal accuracy. To address character count con-
trol, CharPoet (Yu et al., 2024) introduced a
token-free LLM-based architecture for precise
character-level control. Beyond format, Shao
et al. (Shao et al., 2021) explored sentiment
control, while Liu et al. (Liu et al., 2020)
demonstrated interactive generation. Recent
benchmarks like Fuzi (Zhao et al., 2025) and
WenMind (Cao et al., 2024) provide com-
prehensive evaluation frameworks. However,
these methods typically require task-specific
fine-tuning, whereas our approach explores
inference-time optimization.

2.2 Constrained Text Generation

Song(C'i generation requires strict adherence to
tonal patterns (Ping-Ze) and rhyme schemes.
Existing approaches fall into three -cate-
gories. Architecture-based methods like
MRCG (Zhang et al., 2019) encode constraints
as vectors; Cao and Cheng (2024) survey these
approaches. Post-generation methods like
PoeTone (Qu et al., 2025) use Generate-Critic
architectures with rule-based feedback, while
BIPro (Zou, 2025) achieves zero-shot con-
straint satisfaction via prompting. Decou-
pled approaches like PoetryDiffusion (Hu
et al., 2024) separate semantic generation from
metrical control.  Unlike these works, we
treat metrical constraints as fitness functions
within an evolutionary algorithm, enabling
population-based optimization without archi-
tectural changes.

2.3 Evolutionary Computation with
LLMs

The integration of EA and LLMs is a growing
field (Wu et al., 2025), typically categorized
into “LLM-enhanced EA” and “EA-enhanced
LLM. In the former, researchers utilize LLMs
as intelligent operators. LMX (Language
Model Crossover) (Meyerson et al., 2024) em-
ploys LLMs for mutation and crossover, while
Evol-Instruct (Xu et al., 2025) uses evolution-
ary strategies to enhance instruction data. In
code generation, ELM (Lehman et al., 2024)
demonstrates LLMs’ potential for open-ended
search through intelligent mutation. While
Zhang et al. (Zhang and Eger, 2024) ex-
plored multi-agent poetry generation, the spe-



cific effectiveness of evolutionary operators in
highly constrained creative text remains un-
derexplored. We fill this gap by decomposing
GA components to isolate the true source of
improvement.

3 Methodology

3.1 Problem Formulation

Let C be a target Cipai format specifying the
tonal pattern and rhyme scheme. Given a title
or topic T', our goal is to generate a poem P
that maximizes a fitness function F(P|C,T),
which measures both structural validity and
aesthetic quality.

3.2 Evolutionary Framework

We employ a Genetic Algorithm where the
population consists of candidate poems. As
shown in Figure 1, we decompose the GA
framework into two core components: se-
lection (multi-sampling + fitness-based rank-
ing) and evolution (crossover/mutation oper-

ators).
Initialization. The initial population
(N = 10) is generated via zero-shot LLM

prompting with title 7" and Cipai C. Fach
candidate is independently evaluated.
Selection. We employ tournament selec-
tion (size=3) to choose parents. The top-k
(k = 2) elites are preserved directly to the
next generation (Elitism). The G A-selection
baseline represents the selection component
alone: generate IV samples and select the best,
without applying evolutionary operators.

3.3 Genetic Operators

We implement four operator types to compare
traditional vs. LLM-guided evolution. All op-
erators are designed to be length-invariant
to strictly respect Ci poetry prosodic con-
straints.

GA-char. Character-level operations.
Crossover exchanges character segments be-
tween parent poems at random split points
Mutation randomly swaps two
Both operations

within lines.
characters within a line.
strictly preserve line lengths.
GA-word. Word-level operations using
jieba segmentation. Crossover exchanges
length-matched words between parents. Mu-
tation swaps words within a line. This en-

sures lexical variety while maintaining syllable
counts.

GA-line. Line-level operations. Crossover
exchanges contiguous segments of lines (up
to 50% of a stanza) between parents. Mu-
tation randomly replace one among all lines
with same length, preserving the remaining
context.

GA-Illm. Full LLM-guided evolution.
Crossover prompts the LLM to merge imagery
and style from two parents into new poems.
Mutation instructs the model to refine 1-3
specific positions to improve literary quality.
Both use structured XML prompts to enforce
constraints (see Appendix B).

3.4 Evolution Strategy

To ensure robust optimization and avoid at-
tacking a weak baseline, we implement several
advanced strategies:

e Adaptive Mutation: We dynamically
adjust mutation rates based on popula-
tion diversity (threshold 0.6) to balance
exploration and exploitation.

« Random Immigration: We inject ran-
dom individuals (rate 0.2) every 4 gener-
ations to prevent premature convergence.

e Early Stopping: Evolution terminates
if fitness does not improve by 0.001 for 6
consecutive generations.

Detailed hyperparameters are provided in Ap-
pendix A.

4 Experimental Setup

4.1 Dataset

We constructed a dataset of 48 prompts (6
topics x 8 Cipai formats) spanning lengths
from 27 to 100 characters. Table 1 details
the specifications and sample titles.

Human Baseline (Modern Amateur).
For each prompt, we collected 1-2 poems sub-
mitted by modern users to zgshige.cn as refer-
ence. Crucially, these represent modern am-
ateur level rather than canonical works (e.g.,
Su Shi or Li Qingzhao), providing a realistic
baseline for evaluating whether Al can surpass
average human enthusiasts.

Models. We evaluate three LLMs spanning
capability levels: DeepSeek-v3.2 (Medium),
GPT-5.1 (High), and Qwen-flash (Low). This
yields 144 configurations (3 models x 48



prompts) and 5,760 total poems across all op-
erators.

4.2 Evaluation Metrics

Structural Accuracy. A Cipai template
t specifies a sequence of m lines S =
(s1,82,...,5m), where each s; denotes the re-
quired character count for line j. Given a gen-
erated poem g, let P = (p1,p2,...,pn) be its
parsed line sequence, where n is the number
of lines and p; is the character count of line j.
Structural accuracy is defined as:

1 ifn=mAVje[l,m],p=s;

Acc(g,t) = {

0 otherwise
(1)
Since many Cipai admit structural variants,
we compute variant-aware accuracy over tem-
plate set T' as Accyar(g,T) = maxier Acc(g, t).
Prosody Score. For structurally valid po-
ems, we evaluate tonal compliance with the
Ping/Ze pattern. Let N denote the total num-
ber of characters in poem g, let g; be the i-th
character, and let 7(g;) € {Ping, Ze} denote its
tonal category. Let T;(i) € {Ping, Ze, Any} be
the prescribed tone at position ¢ in template t.
The prosody score is:

Spres(:1) = 0 SOKIr(g) =T (2)
i
where C = {i : T;(i) # Any} is the set of
constrained positions. We adopt Zhonghua
Xinyun (HF4E##)) as the phonological stan-
dard.

Quality Evaluation. We employ an LLM-
as-a-judge ensemble comprising Gemini-2.5-
Pro (DeepMind, 2025), Kimi-K2 (Team et al.,
2025), and Doubao-Seed-1.6 (ByteDance,
2025). Each judge scores two dimensions
on a 1-10 scale: Informativeness Si,, (im-
agery density, classical allusions) and Aes-
thetic S,es (emotional resonance, thematic co-
herence). Final scores are averaged across
judges.

Fitness Function. The fitness F' inte-
grates quality and prosody scores:

F(g,t) = ¥[Acc(g, 1)) (0.1(Sinto+Sacs) + Spros)

(3)
This formulation prioritizes structural validity
as a hard constraint, while balancing literary
quality (scaled to [0,2]) with prosodic preci-
sion (in [0, 1]).

5 Results

5.1 Decomposed Performance
Analysis

Table 2 presents our decomposed analysis, iso-
lating the contribution of selection from evo-
lution. We compare zero-shot (single sam-
ple), GA-selection (multi-sampling + selec-
tion, no evolution), and GA-llm (selection +
evolution operators). To ensure reliability, the
zero-shot and one-shot baselines were run inde-
pendently 3 times, and we report the average
evaluation results.

Key Observation: While selection pro-
vides the primary performance gain (96.3%
of total improvement), GA-llm achieves
only +3.7% average improvement over GA-
selection. However, average metrics obscure
the operator’s behavior: GA-llm achieves a
37.5% success rate overall, which significantly
outperforms the blind mutation baseline
(GA-char: 25.7%). This suggests that while
improvement is hard, semantic evolution finds
it far more often than blind chance.

5.2 Success Rate Analysis

To better understand the reliability of evolu-
tionary operators, we analyze success rates
(probability of breakthrough): the percentage
of cases where an operator improves upon the
baseline. Table 3 presents our findings us-
ing the Poet’s Workflow terminology: Break-
through (Success), Degradation (Failure), and
Preservation (Tie).

Critical Finding: GA-llm achieves a se-
mantic breakthrough with >40% success
rates on capable models (DeepSeek: 43.8%,
GPT-5.1:  41.7%).  While all operators
preserve format validity by design (length-
invariant), they differ fundamentally in their
ability to improve quality. Blind character-
level mutation (GA-char) disrupts semantic
coherence and tonal patterns, achieving only
25.7% success rate with 44.4% degradation. A
one-sided binomial test confirms that GA-llm’s
37.5% success rate significantly exceeds this
baseline (p < 0.01, n = 144). On capable mod-
els, this 15-point delta (40% —25%) represents
the value of “Intelligent Revision”: the ability
to navigate the tonal and semantic constraints
where blind perturbations predominantly de-
grade quality.



Cipai Length Complexity Sample Titles (Topic)

W ¥ (Nanxiangzi) 27 Simple Farmhouse (‘K ZH /&), Evening Rain (E 111357)
&4 (Rumengling) 33 Simple Mid-Autumn (FFk), Spring Sleeplessness (F M)
PR (Huanxisha) 42 Simple Reminiscence (F1EA#5), Lotus (JAUfif)

¥ (Busuanzi) 44 Medium Ode to Plum Blossom (Wk#f), Bamboo (kA7)
I (Yumeiren) 56 Medium Qingming Festival (8]), Autumn Thoughts (Fk&)
WEA4E (Dielianhua) 60 Medium Spring Scenery (F%t), Missing Father (1F:&45%)
Kk I (Shuidiaogetou) 95 Hard Construction Worker (35 T.\), Revisit (MHbTEF)
28 (Niannujiao) 100 Hard Osmanthus (H:EHFA), Great Wall (£3%)

Table 1: Dataset Statistics and Examples. We cover 8 Cipai formats ranging from 27 to 100 characters,

spanning three complexity levels.

Method Info Aes Prosody Format Acc Fitness A Fitness Cost
Human (Amateur) 3.44  3.17 91.5% 100% 1.577 - -
Zero-shot 556  5.83 71.2% 76.4% 1.850 baseline 1x
One-shot 5.02 5.22 77.7% 83.3% 1.801 -2.6% 1x
GA-selection (Initial Best) 6.24 6.50 94.0% 97.9% 2.192 +18.5% 20
GA-char 6.00 6.07 94.7% 97.9% 2.133 +15.3% 20x
GA-word 6.09 6.26 93.9% 97.9% 2.152 +16.3% 20x
GA-line 6.15 6.37 95.4% 98.6% 2.193 +18.5% 20x
GA-llm 6.25 6.39 95.3% 98.6% 2.205 +19.2% 30x%

Table 2: Decomposed Performance: Selection vs Evolution.

GA-selection generates N=10 candidates

and selects the best (20x cost). GA-llm adds mutation/crossover calls (30x). While selection provides
the primary gain (96.3%), GA-llm contributes the remaining 3.7% of the improvement on average, though

with higher success rates on capable models.

Figure 2 provides a visual comparison of
success rates across operators and models,
highlighting the clear advantage of semantic
evolution over blind mutation.

5.3 Operator Effectiveness by Model
and Cipai

5.3.1 Model Capability Effects

Figure 3 shows the
model capability and evolution effectiveness.
High-capability models (GPT-5.1) have zero-
shot outputs already near-optimal (Prosody
95.9%), leaving little room for improve-
ment. Low-capability models (Qwen-flash)
lack the fundamental coherence to benefit
from evolution. Only medium-capability mod-
els (DeepSeek-v3.2) show marginal gains from
GA-llm (43.8% success rate).

interaction between

5.3.2 Cipai Complexity Effects

Table 4 and Figure 4 reveal a strong negative
correlation between Cipai length and evolution
success rate (r = —0.89). Short Cipai (&3 A,
56 chars) achieve 50% success rates, while long
Cipai (7KL, 95 chars) drop to 22.2%.
Interpretation: Search space complexity
grows exponentially with Cipai length, mak-

ing it harder for evolutionary operators to find
beneficial mutations.

5.4 Why Selection Dominates

We decompose the mathematical foundation
of GA’s performance. For zero-shot sampling
from an approximately normal distribution
with mean p and standard deviation o, the
expected value of the maximum of N samples
is Elmax| ~ p + 1.540. Empirically, our fit-
ness score distribution approximates normal-
ity. For N = 10, the theoretical gain from se-
lection alone is ~18.5%, closely matching our
empirical observation (+18.5%). Evolution
operators contribute the remaining gain, ac-
counting for ~3.7% of the total improvement.
Figure 5 visualizes this decomposition, high-
lighting that selection accounts for the vast
majority of the fitness gain (96.3%), while evo-
lution provides the final optimization.

6 Discussion

6.1 Mechanisms Behind Selection
Dominance

Our results reveal a counterintuitive finding:
the real power of genetic algorithms lies not



Comparison Success Rate Degradation Preservation Avg A  Sig. Imprv.
Zero-shot vs One-shot
Overall 53.5% 45.8% 0.7% +0.023 -
GPT-5.1 68.8% 31.2% 0% +0.052 Yes
DeepSeek-v3.2 54.2% 45.8% 0% +0.024 -
Qwen-flash 37.5% 62.5% 0% -0.006 No
GA-llm vs GA-selection (Initial Best)
Overall 37.5% 36.8% 25.7% +0.014 30.6%
DeepSeek-v3.2 43.8% 39.6% 16.6% +0.001 27.1%
GPT-5.1 41.7% 35.4% 22.9% +0.012 41.7%
Qwen-flash 27.1% 35.4% 37.5% +0.028 22.9%
Operator Comparison (vs GA-selection)
GA-llm 37.5% 36.8% 25.7% +0.014 30.6%
GA-line 34.0% 35.4% 30.6% +0.002 25.0%
GA-char 25.7% 44.4% 29.9% -0.059 21.5%
GA-word 22.9% 35.4% 41.7% -0.040 17.4%

Table 3: Success Rate Analysis. Sig. Imprv. = Significant improvement (A > 5%). GA-llm achieves
37.5% success rate overall, significantly exceeding the Blind Mutation Baseline (GA-char: 25.7%,
binomial test p < 0.01). Capable models achieve Semantic Breakthroughs with >40% success rates
(DeepSeek: 43.8%, GPT-5.1: 41.7%). In contrast, blind operators (char/word) are net-negative, primarily

causing degradation.
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Figure 2: Success Rate Comparison Across Op-
erators and Models. Left: Overall operator suc-
cess rates (vs GA-selection baseline). GA-llm
achieves 37.5% overall, significantly outperform-
ing the blind mutation baseline (GA-char, 25.7%).
Right: GA-llm performance by model capabil-
ity. Capable models achieve Semantic Break-
throughs (40%+ success rates), contrasting with
the degradation seen in weaker models.

in evolution, but in selection. We explain this
through three mechanisms:

The Multi-Sampling Effect. When gen-
erating N candidates from a distribution, the
expected maximum follows E[max] ~ pu +
1.540. For N = 10, this theoretical pre-
diction closely matches our empirical results
(+18.5%). Selection alone (choosing the best
of 10 samples) captures 96.3% of GA’s total
benefit.

The

LLM-as-Optimizer Paradox.

Selection vs Evolution
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Figure 3: Model Capability Effects: Selection pro-
vides the primary benefit across all model capabili-
ties. GA-llm shows meaningful improvement on ca-
pable models (DeepSeek: 43.8%, GPT-5.1: 41.7%
success rates), while weaker models (Qwen-flash:
27.1%) benefit less from evolution.

LLMs already perform internal optimization
during generation, effectively searching for
high-likelihood sequences that satisfy the
prompt’s constraints. As noted by Wu et al.
(2025), the In-Context Learning (ICL) (Dong
et al., 2022) capability of LLMs implies that
the model’s output distribution is already
highly optimized. = Consequently, applying
coarse evolutionary operators (like random
character/word replacement) acts as noise
injection, disrupting the delicate internal
semantic coherence established by the LLM.
This explains why traditional operators fail
(negative average deltas) and why even GA-



Cipai Length GA-llm Success Rate
EEN 56 50.0%
[EENE 27 44.4%
wmas 4 33 44.4%
VIR 42 44.4%
NET 44 33.3%
WAL 60 33.3%
o e 100 27.8%
S SS 95 22.2%

Table 4: GA-llm Success Rate by Cipai Length
(N=18 for all Cipais). Negative correlation r =
—0.89.

Evolution Success vs Complexity
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Figure 4: Cipai Complexity vs Evolution Suc-
cess Rate.  Strong negative correlation (r =
—0.89): longer Cipai have exponentially larger
search spaces, making it harder for evolution to
find beneficial mutations. Short Cipai like Yu Mei
Ren (56 chars) achieve 50% success rates, while
long Cipai like Shuidiaogetou (95 chars) drop to
22.2%.

llm struggles to beat the ”selection baseline”
unless the model is capable enough to perform
semantic-aware optimization (as seen with
GPT-5.1).

Semantic Coherence Disruption. Tra-
ditional operators (char/word) disrupt the
delicate semantic coherence that LLMs care-
fully construct. Character-level changes break
rhyme schemes; word substitutions destroy im-
agery. This explains their low success rates
(22.9-25.7%) and negative average deltas (-
0.04 to -0.06).

6.2 When Does Evolution Help?

Our analysis identifies three boundary condi-
tions for evolutionary effectiveness:

1. Model Capability Matters. Low-
capability models (Qwen-flash) cannot benefit
from evolution; they lack fundamental coher-
ence to refine. One-shot prompting (62.5%

Selection = 96.3% of Total Gains
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Figure 5: Fitness Gain Decomposition. The water-
fall chart illustrates that Selection (Green) drives
96.3% of the total gain (4+0.34), elevating fitness
from the Zero-shot baseline (1.85) to 2.19. Evo-
lution (Orange) provides the final 3.7% boost
(40.02) to 2.21. Both significantly outperform the
Human Amateur baseline (red dashed line).

success) outperforms zero-shot (37.5%),
suggesting these models need constraints
rather than optimization. Medium models
(DeepSeek-v3.2) occupy the “Goldilocks zone”
with 43.8% evolution success rate. High
models (GPT-5.1) are already near-optimal
at zero-shot (95.9% prosody), leaving little
room for improvement.

2. Task Complexity Matters. Short
Cipai (J&3 A, 56 chars) achieve 50% success
rates, while long Cipai (7K #Kk, 95 chars)
drop to 22.2%. Search space complexity grows
exponentially with length, making it exponen-
tially harder for evolution to find beneficial
mutations.

3. Operator Design Matters. LLM-
guided operators achieve 40%-+ success
rates on capable models (DeepSeek: 43.8%,
GPT-5.1: 41.7%), significantly outperform-
ing mechanical operators (char: 25.7%, word:
22.9%). This demonstrates that semantic-
aware evolution can meaningfully improve
upon initial best samples when the underlying
model has sufficient capability.

6.3 Practical Recommendations

Based on our findings: (1) Default to GA-
selection: multi-sampling with fitness rank-
ing provides +20% improvement over zero-
shot at 20x cost; (2) Add LLM evolution
for capable models: DeepSeek and GPT-
5.1 achieve 40%+ success rates, especially on



shorter formats (50% on E 3 N); (3) Use
one-shot for weak models: Qwen-flash ben-
efits more from constraints (62.5% one-shot
success rate) than optimization; (4) Avoid
mechanical operators: character and word-
level mutations are net-negative (-2.7% to -
1.8%).

Figure 6 illustrates the cost-performance
trade-off. GA-selection achieves near-maximal
performance (2.192) at 20x cost. GA-llm adds
the final 3.7% of benefit at 30x cost, worth-
while only when maximum quality is required.

Cost-Performance: Selection is Pareto-Optimal
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Figure 6: Cost-Performance Trade-off.  GA-

selection provides the primary benefit at 20x
cost (generation + evaluation). GA-llm improves
+3.7% further at 30x cost, but achieves 40%-+ suc-
cess rates on capable models.

6.4 Implications for Future Research

Our findings challenge the “EA + LLM = bet-
ter” paradigm and suggest several research di-
rections:

1. Decomposed Reporting. Future
work should decompose GA into selection vs.
evolution components, reporting success rates
alongside average scores. Our results show
that aggregate metrics can obscure important
patterns: while overall evolution contribution
appears limited (3.7% of total gain), capable
models achieve 40%+ success rates.

2. Adaptive Selection. Rather than ap-
plying evolution uniformly, develop quality-
thresholded operators: only evolve when
Sprosody < 90% or when semantic diversity is
low.

3. Cross-Model Evolution. Our prelim-
inary exploration suggests using strong mod-
els (GPT-5.1) as mutation operators for weak

generators (Qwen-flash) can recover structural
validity (22% — 80% prosody). However, this
remains cost-prohibitive vs. simply using the
strong model directly.

4. Domain Generalization. We specu-
late that our findings may generalize to other
creative domains (code generation, story writ-
ing) where LLMs already perform internal op-
timization. Testing this hypothesis is an im-
portant future direction.

7 Conclusion

This study presents the first systematic decom-
position of Genetic Algorithms for LLM-based
constrained text generation. By isolating the
contributions of selection and evolution, we
reveal a nuanced reality: for many tasks, the
“evolutionary” advantage is primarily a ”selec-
tion” advantage. Multi-sampling with fitness
ranking accounts for 96% of the total perfor-
mance gain, effectively serving as a powerful
"drafting” phase that exploits the variance in
LLM outputs.

However, evolution is far from obsolete.
We demonstrate that while mechanical oper-
ators (character/word-level) actively degrade
the semantic coherence of LLM outputs,
LLM-guided evolution achieves a "seman-
tic breakthrough.” On capable models like
DeepSeek-v3.2 and GPT-5.1, these intelligent
operators achieve 40%-+ success rates, success-
fully navigating the narrow channel between
strict prosodic constraints and aesthetic qual-
ity—a feat that random mutation and simple
selection cannot reliably replicate.

Our findings advocate for a pragmatic shift
in how we apply evolutionary strategies to
LLMs—to evolve wisely. Rather than treat-
ing GA as a monolithic optimizer, we recom-
mend a composite approach: sample widely to
exploit LLM variance, and evolve strategically
only when the model possesses the semantic
capability to refine without destroying. In the
era of strong LLMs, the role of evolution shifts
from blind search to intelligent revision, mir-
roring the human creative process of drafting
and polishing.

8 Limitations

Our study has several limitations. First,
we only tested Chinese poetry; other cre-



ative domains (code, stories) may show dif-
ferent evolution effectiveness. Second, while
our three-model ensemble mitigates LLM-as-
a-judge bias (Zheng et al., 2023), automated
evaluation may not fully align with human
aesthetics. Third, we tested only four oper-
ator types; more sophisticated operators (e.g.,
gradient-guided, tree-structured) may perform
better. Fourth, our cost estimates assume
no caching; practical deployments can reduce
costs significantly through result reuse. Fi-
nally, current evaluation relies heavily on
LLM-as-a-judge ensembles which can be unsta-
ble; future work should introduce specialized
modules for allusion (Hi) detection to better
guide and evaluate the evolutionary path.
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A Implementation Details

Table 5 provide the detailed hyperparameters
used in our experiments.

Parameter Value

Population Size
Generations
Mutation Rate
Crossover Rate
Tournament Size

10
10
0.5
0.7
3
Elite Count 2

Advanced Strategies
Adaptive Mutation
Immigration

Early Stopping

Diversity < 0.6
Interval=4, Rate=0.2
Patience=6

Table 5: Genetic Algorithm Hyperparameters.

B Prompt Templates

This appendix provides the complete prompt
templates used in our experiments, orga-
nized by functional category: (1) Generation
Prompts for baseline methods, (2) Evolution
Operator Prompts for genetic operators, and
(3) Evaluation Prompts for LLM-as-a-judge
assessment. All prompts were designed with
careful attention to task constraints, output
format consistency, and mitigation of common
LLM biases.

B.1 Generation Prompts
B.1.1 Zero-Shot Generation Prompt

Used for generating initial candidate poems in
the population initialization phase.

Zero-Shot Generation Prompt

Al — T:fﬂ}%ﬁx cipai”, A "title” WA, A&
e, TELHCAWERES. REbREELR
&, T%%M{ﬁ%ﬁﬁl‘ﬂﬂ&

.

Design Rationale:

» Explicit Novelty Constraint: 7 DAJi4
AfE” (must be newly created) prevents the
model from simply retrieving existing poems
from its training data.

¢ Minimal Instruction: By stating ” H#jH
JA{EAE” (only output the poem itself), we
avoid the model’s tendency to add explana-
tions, apologies, or meta-commentary.

e Constraint Priming: Explicitly men-
tioning the cipai (format schema) and ti-
tle primes the model to pay attention to
prosodic requirements before generation be-
gins.

/
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B.1.2 Omne-Shot Generation Prompt

Used for the one-shot baseline, where the
model receives a single human-written exam-
ple before generating its own poem.

One-Shot Generation Prompt

RN ERFAER, FREUTER, €EFE—

’ﬁ?ﬁﬂﬁ%frﬂ&'ﬂﬁlé’ﬁﬂ: # 1R M4 cipai #H
tit
conetent
ShRAFAME, FEL W A FEMES. R
HIEA R, T%%Hj{%ﬁ%ﬁﬁmfa
. J
N

Design Rationale:

¢ Role Assignment: ” {2 — 1 HiFE %
Z” (you are a classical poetry expert) frames
the task as expertise demonstration rather

than mere imitation.

¢ Example Demonstration: Providing a
complete human-written example with ex-
plicit formatting reinforces the expected
structure and quality level.

o Task Framing: 7 @fF— 54 [ A1 H
I4)id)” (create a poem with the same cipai and
title) clarifies that the model should match
format and topic, not content.

g J

B.2 Evolution Operator Prompts

B.2.1 LLM-Guided Crossover Prompt

Used in the GA-llm operator to perform se-
mantic crossover between two parent poems.

LLM-Guided Crossover Prompt

HRE-NBFEFEEAFRANLR. FHEUTH
HARF AL E fe iR AR AR, HFENAERERG X
XEA” #IE, (HEALHKE, NEAEEE
RS, BEE

# RIHE1E S B4 cipai AL E title

1€ —: <poem__1> poeml </poem_1>
1Bk —: <poem_ 2> poem2 </poem_ 2>

# RERA
- HERWER, EEAFOAL. BR. BHEMR
o, TREAFHAL, AR E T HT. AR

4T, %%%ﬁ/\ﬁ’ﬁiﬂ%fé%, ERIRA BT
HTREARAMFE. - BUA, AAERA

K4, ﬁﬁ“ﬂ%% AT, BHXBEAE,
J&%ﬁ%ﬂ R - i EREERAE S T B 4
uﬁi@’i%ﬁl%é’ﬂ%ﬁé‘o

# AR TR BT XML &8
<output> <operation> #HEWH: H 1 HE X
7 BEXT =7 HX (RHE) BERA: A28%
Y /7 BEX” = " #HX” (EE) </operation>
<poem> ¥ 1 A A (H4—47) </poem>
<poem> ## 2 WHW A (&4 —17) </poem>
< /output>

HAETE T 4628 X FAE:




o Explicit Constraint: 7 ¥ &% £ FEEN
TR and 4> A) 459”7 (maintain character
count and sentence structure) prevents the
model from breaking prosodic rules during
Crossover.

¢ XML Output Format: Structured XML
output enables reliable parsing of operation
logs and resulting poems, separating the ez-
planation from the result.

¢ Quality Guidance: Explicitly encourag-
ing ” fbH. HH” (allusion, H#f) and 7
25757 (careful character selection) directs
the model toward high-quality poetic tech-

niques.
N\ Y,

B.2.2 LLM-Guided Mutation Prompt

Used in the GA-llm operator to perform se-
mantic mutation on a single poem.

LLM-Guided Mutation Prompt

HR—AFEFEFAFERNE XK.
Pl T g, FENEREEG TR
AL, HF 13 AH#TER, FHEEXNEE
BEAER,
# AIEE A R4 cipai B E title
<poem> poem < /poem>>
# BAEWH - PR, R 1-3 AT R E 4
7, ﬁi@i&ﬁﬁ%%{, FHEEX KRBT RER
- DA A, LA ﬁﬁ?%ﬁ“ﬁ &?’rf’ﬁuné’ﬂu
B2, BE, fa‘?é BREANT T - BEERHE
’Fé’]%’—"%ﬁ(ﬁﬂ/\@ﬁ*’] DA 45,5k 4R 7 M A
# %ﬁ%ﬁ?%%‘imU\T XML #% R4 :
<output> <operation> & X 4&: 7 B — " ¥
X7 (b REFR/HEEL/)..) EY AR
5(” — 7 HX” (Ed: ...) </operation>
<poem> % & W E N A (4 —4T) </poem>
< /output>
#EEET - ?ﬁiﬂ%?ﬁ%%%ﬁiﬂ%é#ﬁ[ﬂ%@%
KE-TRABEL 3N, REEFAEZRAS - 4@
H XML FHE, W%%Hiﬂﬁ??% A AL H

B
%ZJE%%H’AQ%%M’F
\,

A

Design Rationale:

e Bounded Mutation: 7 %It 1-3 4bik
T8 (modify 1-3 places) prevents over-
aggressive mutation that would destroy the
poem’s coherence. This bound was empiri-
cally determined to balance exploration and
exploitation.

¢ Requirement for Reasoning: The <oper-
ation> field forces the model to explain why
each mutation was made, enabling analysis

N
Design Rationale: ( of mutation patterns and preventing ”silent”
low-quality changes.
o Biological Metaphor: Framing the task
as " AR NP A X EH BE” (simu- o Format Enforcement: Repeated emphasis
lating biological genetic crossover) helps the on maintaining structure (7 %1 4)/A) 45
model understand it should combine genetic 7, 7 MEIH A7 E”) addresses the most
material from both parents, not merely select common failure mode: mutations that break
one. prosodic rules. )
\

B.3 Evaluation Prompts

B.3.1 LLM-as-a-Judge
Dual-Dimension Assessment

Used for evaluating both GA-generated poems
and human-written baselines on informative-
ness and aesthetic quality.

LLM-as-a-Judge Evaluation Prompt

11 R—4ARFPEERXFHER, ARTHH
- XA T AENFE B & (informativeness) o
Ték (aesthetic) Wﬂ‘/\éﬁﬁﬁﬁﬁ 1-10 ﬁﬁﬁ-’

FRE: THBELRTE. ﬁ;’(ﬁ:E{ g

RATEHE % Ul 0-10 4 = BB E (o

BY), 1-2 4 = EREHHE,

CARM: FERFEEAE. FAZEH

ﬁ%:/\.\/f%j\é,]a'ﬁﬁj l&%’m\%ﬁ 9-10 /\ =

¥ (R <<am&») 2% = ARE

i@ f#: cipai frAL: title

content

mu xml B XA B ARG TFEER, H4
H AR By T fh R el W A& X T o <evalua-

tion> <reasoning> 1R B i & ¥ # < /reason-

ing> <informativeness>1-10</informativeness>
<aesthetic>1-10< /aesthetic> < /evaluation>

\ J

¥

#E I i
QA\.‘T
¢ i

° 01#3?% a&}
=

Design Rationale:

o Expert Persona: 7 {RE—% 55

A X ¥ E” (you are a scholar of
ancient Chinese literature) establishes high

standards and academic rigor for evaluation.

¢ Dual-Dimension Framework: Separat-
ing informativeness (semantic richness, allu-
sions, imagery density) from aesthetic (emo-
tional resonance, fit between content and
form) enables fine-grained analysis. A poem
can be information-rich but aesthetically
clumsy, or vice versa.

¢ Anchor Examples: Referencing canonical
works (FLE €& EY , Tl CGEXIEY ) grounds
the 1-10 scale in concrete examples, reducing
inter-evaluator variance.

¢ Expanded Scale (1-10): Preliminary ex-
periments used a 1-5 scale, but this proved
too coarse to distinguish between mediocre
and good poems. The 1-10 scale provides
finer granularity.

¢ Mandatory Reasoning: The <reason-
ing> field requires the evaluator to justify
its scores, enabling human verification and
detection of scoring biases or hallucinations.
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e XML Format: Structured output enables
automated parsing at scale (5,760 poem eval-
uations) while maintaining human readabil-
ity for spot-checking.

B.3.2 Multi-Model Evaluation
Ensemble

To mitigate individual model bias, we use an
ensemble of 3 LLMs (gemini-3-pro, gpt-5.1,
deepseek-3.2) for evaluation. The final score
is computed as:

1
Score fina = M Z Score,, (4)
meM

where M is the set of models that success-
fully parsed and evaluated the poem (typically
|M| = 3, but failed parses reduce |M|).

Calibration Procedure: Before full-scale
evaluation, we calibrated each model on a
held-out set of 20 human-written poems to de-
tect systematic bias. We found that gemini-
3-pro scores approximately 20% lower than
other models across both dimensions. To
address this, we report results using (1)
raw scores from individual models, and (2)
ensemble-averaged scores. Our key findings
(selection dominance, evolution ineffective-
ness) hold across all individual models and the
ensemble, demonstrating robustness to evalu-
ator choice.

C Case Study

We present two cases illustrating when evolu-
tion succeeds and the contrast between LLM
outputs and human baselines.

C.1 Case 1: Evolution Recovers
Prosodic Failure

Qwen-flash on “ZKJHEEL - AZEHE4L”: initial
best had zero prosody (broken format) de-
spite good content.

13

G A-selection GA-llm (After
(Initial Best) Evolution)
ELIIFAL .
e i
KA R B e
ST J1 iy
e I R HEEME
haxxp B S
o PEHE I PP 2
frAskabels EREIR
MRBTAR 2 ST IH I %5
OB Mk

Bk i a4
JiTE ¥ T55
BRaisc P
SR FRIE ki o
& TN FACK T
L Ti G A5 %)
B LE KI5
fer i A e

Pro: 0.00 Fit: 0
Info: 7.3 Aes: 5.7

Pro: 0.92 Fit: 2.52
Info: 8.3 Aes: 7.7

Human Baseline (zgshige.cn)
Ty i asi2, /NE SRR

RITHHE RS, RSB
LRI T, PrsaiE A, AL ANEAR
CEHTER, BEIRFE

IR, 75, &

BT, AETAEBLE

ki kS B, TE RSy 4230, SCHABU IR
e B, Rk

Pro: 0.96 Fit: 1.63

Info: 4.0 Aes: 2.7

Analysis: LLM-guided mutation corrected
sentence structure to match 7KJEH L schema
while enhancing imagery (“R KWg5", “—
SR R”). Compared to the human baseline
(Prosody 0.96 but weak semantics), GA-1lm re-
covers prosody and substantially improves con-
tent—recovering from structural failures that
selection alone cannot fix.

C.2 Case 2: LLM vs Human Quality

Comparing GA-llm (DeepSeek-v3.2) with hu-
man baseline on “E3E A - ¥JELHFEF":



Human Baseline
(zgshige.cn)
FEMRAE R
HesZ
SHLZ M T i ]
BRI 37 R AR B BT
AR R R
TP XL
W~ A IR AR
JBERS B T 7 25 2 R
Pro: 0.96 Fit: 1.80
Info: 3.7 Aes: 4.7

TR BEA. SRR

Kimi-K2

GA-llm
(DeepSeek-v3.2)

BV AR R
BEIHELMR

AR GE 3 e
200 F 2R Se B st
WAL SEHE L
BRANT IR

AR EHEY
I BERA R 3 R
Pro: 1.00 Fit: 2.67
Info: 8.0 Aes: 8.7
“H AR BB ARAE, LA
7 —Kimi-K2

Analysis: Human poem uses generic im-
agery (“J§W7, “B&1X”) without allusions;
LLM employs classical references (“ZgMi” for
wine, “ K" for snow) and painting terminol-
ogy (“Z%”, “#%”). This quality gap explains
why all LLMs outperform human baselines.

D Genetic Algo Details

We demonstrate the detailed evolution process
using the case of ”"Yumeiren - Chu Dong Dai
Xue” (EFE N - WIX5E), illustrating how the
genetic algorithm optimizes the poem across
generations.

D.1 Evolution Timeline

Generation 0 (Initial Pool) The evolu-
tion began with a high-quality initial popula-
tion, achieving an average fitness of 2.157 (72%
of the maximum potential). The best individ-
ual already scored 2.611 with 95.7% prosody
accuracy. The population diversity started at
100%, indicating a rich pool of unique candi-
dates.

Generation 1 (First Shock) The intro-
duction of genetic operators initially disrupted
the population’s stability. Average fitness
dropped sharply to 1.743 (-19.2%), and the
invalid rate spiked to 30% as mutation and
crossover operators explored the search space.
Both informativeness and aesthetic scores
dipped slightly. Crucially, the elitism mecha-
nism preserved the best individual, preventing
regression in peak performance, while diversity
remained high (100%).

Generation 2 (Strong Recovery) The
population quickly adapted to the constraints.
Average fitness rebounded to 2.456 (+40.9%
from Gen 1), surpassing the initial generation.
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Validity returned to 100%, and prosody ac-
curacy recovered to 93.6%. Notably, LLM
evaluation scores for both informativeness and
aesthetics saw a significant boost, jumping to
around 8/10.

Generation 4 (First Breakthrough) A
qualitative leap occurred in the fourth gen-
eration, with the best fitness reaching 2.682
(+2.7%). Prosody accuracy stabilized around
85-95%. This generation marked a shift from
structural correction to semantic refinement,
replacing generic imagery like ” [ 4 J5 V"
(warming wine by the stove) with the more
evocative 7 ZL WG FF KB (red stove and
green wine awaiting the flying jade/snow). Di-
versity began to decrease (90%), suggesting
convergence towards higher quality regions.

Generation 7 (Historical Peak) The evo-
lution converged to its peak in Generation 7.
The best fitness reached 2.700, achieving per-
fect 100% prosody accuracy. LLM aesthetic
and informativeness scores remained consis-
tently high (around 8.0). The model demon-
strated sophisticated artistic control, refining
the imagery to 7 B4 T I (wishing to
patch the robe of a thousand peaks). Diver-
sity converged to 90% before dropping further
in subsequent generations.

Generation 8-9 (Late Stage Dynamics)
In Generation 8, we observed a temporary dip
in LLM scores and prosody accuracy, likely
due to aggressive mutation attempts to break
local optima, but the population recovered by
Generation 9. Final prosody accuracy reached
97.9%, with diversity stabilizing at 70%, indi-
cating a focused but not fully collapsed popu-
lation.

D.2 Best Poem Evolution

The evolution from the initial best poem to
the final version showcases significant seman-
tic and aesthetic improvements. The initial
poem (left), while structurally sound, relies
on somewhat clichéd imagery such as ” Ftifrf”
(withered lotus) and ” #§4£” (plum blossoms).
The emotional tone is standard (” %" - hag-
gard).

In contrast, the final poem (right) developed
through evolution demonstrates a much higher
density of unique imagery and cultural allu-
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Figure 7: Fitness evolution across 10 generations for Yumeiren case. Key events: Gen 1 initial shock (-
19.2%), Gen 2 strong recovery (+40.9%), Gen 4 breakthrough (4+2.7%), Gen 7 peak performance (2.700).
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Figure 8: Poem evolution from initial best (2.611)
to final best (2.700). Key improvements: enhanced
imagery (7 FU&#”), better prosody (100%), richer
artistic language (" REHE L, 7 AE).

sions. The phrase ” Z[ 1 £g ML (red stove,
green ant wine) is a classic allusion to Bai
Juyi’s poem, adding cultural depth. The im-
agery of ” Hgft” (jade flower/snow) ” #KZE”
(wanting to write seal script) on the eaves as-
signs a dynamic, scholarly agency to the snow.
7 WEHL” (using a dry brush technique in paint-
ing) borrows terminology from traditional Chi-
nese painting to describe the pine shadows,
showing a sophisticated cross-domain seman-
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tic capability. The prosody is perfect (100%),
and the imagery is more coherent and evoca-
tive, explaining the higher fitness score.

D.3 Evolution Statistics

Metric Gen 0 Gen 9 Change
Average Fitness 2.157 2.649

Best Fitness 2.611 2.700

Avg Informativeness  5.6/10  7.9/10 +40.9%
Avg Aesthetic 6.4/10  8.8/10 +37.5%
Prosody Accuracy 95.7%  97.9% +2.2%
Invalid Individuals 0/10 0/10 Stable
Diversity 100% 70% Converged

Table 6: Evolution summary for Yumeiren

Evolution Contribution Analysis Our
analysis reveals that the Genetic Algorithm
contributes to performance through two dis-
tinct mechanisms. First, selection alone
provides a strong baseline; the best individ-
ual in the initial generation (Gen 0) already
achieved a fitness of 2.611. Second, the full
GA process pushes this boundary further,
reaching a peak fitness of 2.700 in Generation
9. While the contribution of evolution oper-



ators to the absolute best score might seem
modest (+0.089 or +3.4%), the impact on the
population average is substantial (+0.492 or
+22.8%). This indicates that the GA is highly
effective at lifting the overall quality of the
population, transforming a pool of mixed qual-
ity into a consistently high-quality set of can-
didates, even if the ”genius” outlier improves
only incrementally.

This case demonstrates that under favor-
able conditions, the genetic algorithm can ef-
fectively refine the population, improving both
fitness and poetic quality over generations.

E Complete Algorithm

Fitness Function. For each poem P, we com-
pute:
Info(P) + Aes(P
Faditive(P) = — ol )1—5 es(P) + Prosody(P)
Faating(P) = (Info(P) + Aes(P)) x Prosody(P)

where Info(P), Aes(P) € [1,10] are LLM-judge
scores, and Prosody(P) € [0, 1] is rule-based
prosody accuracy. We report additive fitness
in the main results.

Operators.

o baseline: No crossover/mutation (selec-
tion only)

o char: Character-level crossover (segment
swap) + mutation (position swap)

o word: Word-level crossover (using jieba) +
mutation (word substitution)

o line: Line-level crossover (segment swap) +
mutation (line reordering)

e llm: LLM-guided crossover (“combine best
of both parents”) + mutation (“refine 1-3
places”)
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Algorithm 1 Genetic Algorithm for LLM-Based Ci Poetry Generation

Require: Cipai format C, title/topic T', population size N = 10, max generations G = 10,
tournament size k = 3, elite size e = 2, operator O € {baseline, char, word, line, llm}
Ensure: Best poem Beqt
1: Phase 1: Initialization

2: Population P « GenerateCandidates(C, T, N) > Zero-shot LLM sampling
3: for each poem P, € P do
4: F; + EvaluateFitness(P;,C,T) > LLM judge + prosody checker
5: end for
6: P <« SortByFitness(P)
7: Poest < P[0] > Track global best
8: Phase 2: Evolution Loop
9: for generation g =1 to G do
10: > 2a. Selection
11: Pelite < PO : €] > Elitism: preserve top-e
12: 7Dparents < @
13: while |Pparents| < N — e do
14: T < TournamentSelect(P, k) > Random k candidates
15: Pparents <~ Pparents U {Winner(T)}
16: end while
17: if O = baseline then > Baseline: Selection only, no evolution
18: Pnew < Pelite U 7)paren‘cs
19: else > 2b. Evolution (Crossover + Mutation)
20: Poffspring 0
21: for pair (P,, Py) in RandomPairs(Pparents) do
22: P.ross < Crossover (P, Py, O) > Operator-specific
23: Pyt < Mutate(Peposs, O) > Operator-specific
24: Poﬁspring — Poffspring U {Pmut}
25: end for
26: Prew < Pelite U Poffspring
27: end if
28: > 2c. Evaluation
29: for each poem P; € Ppew do
30: if I} not cached then
31: F; < EvaluateFitness(P;,C,T)
32: end if
33: end for
34: P + SortByFitness(Prew)
35: if P[0]. fitness > Ppest. fitness then
36: Pyest < PI0]

37: end if
38: end for
39: return P
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