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Abstract
While Large Language Models (LLMs) demon-
strate remarkable capabilities in open-ended
creative generation, they notably struggle with
Format-Constrained Generation tasks—such
as poetry and lyrics—where strict adherence
to multidimensional structural constraints (i.e.,
format, phonetics, and rhyme) is prerequisite
to aesthetic value. Existing paradigms predom-
inantly rely on unreliable prompting or rigid
constrained decoding strategies; the former of-
ten fails to ensure compliance, while the lat-
ter compromises inference latency and disrupts
the natural probability distribution, degrading
generation quality. To bridge this gap, we es-
tablish CCP-Arena, a rigorous testbed for Chi-
nese Classical Poetry, and propose Progres-
sive Structural Internalization (PSI), a novel
framework designed to embed external con-
straints into the model’s intrinsic intuition. PSI
initiates with Structural Scaffolding via Explicit
Cognitive Planning, utilizing explicit template
to provide a structural scaffold for subsequent
generation. This is followed by a Cascaded Re-
inforcement Learning stage guided by a Holis-
tic Reward Model, which optimizes for precise
structural-semantic alignment. Extensive ex-
periments demonstrate that PSI achieves state-
of-the-art performance, surpassing baselines in
both strict constraint adherence and literary aes-
thetics. Furthermore, mechanistic analysis con-
firms that our method effectively internalizes
structural information into the model’s latent
representations, offering a robust and efficient
solution for constrained creative generation.

1 Introduction

Creative text generation has long been a pivotal
task in NLP, spanning forms such as poetry, stories,
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Figure 1: Structural visualization of a 7-character Jueju
(Left) and a variable-length Ci (Right). Translations are
provided in the Appendix F due to space limits.

and scripts (Zhipeng et al., 2019; Fan et al., 2018;
Han et al., 2024; Ma et al., 2021). It serves not only
as a practical tool for human-machine co-creation
but also as a critical benchmark for evaluating the
"creativity" of Large Language Models (LLMs)
(Peng, 2022). A crucial subset of this domain is
Format-Constrained Generation, where texts must
adhere to strict rules—such as melody in lyrics or
metrical schemes in Sonnets—to achieve aesthetic
unity (Zhang et al., 2020; Tian and Peng, 2022).

However, satisfying these constraints is non-
trivial. As illustrated in Figure 1, Chinese Classical
Poetry imposes rigorous demands on format (char-
acter count), tonal patterns, and rhyming schemes,
which are intrinsic to their beauty. Existing ap-
proaches primarily rely on Prompting (Shorten
et al., 2024; Tam et al., 2024) or Constrained De-
coding (Mündler et al., 2025; Wang et al., 2025a).
However, the former frequently lacks reliability for
complex constraints, while the latter, despite guar-
anteeing compliance, significantly increases infer-
ence latency and degrades semantic quality by dis-
rupting the model’s natural probability distribution.
Furthermore, earlier architectural modifications (Li
et al., 2020) are impractical for modern LLMs

38372



where often only fine-tuning is feasible. Thus, a
central challenge remains: How can we enable
LLMs to intrinsically master strict constraints
without relying on external decoding hacks?

To address this, we approach the problem
through two synergistic dimensions: infrastruc-
ture and methodology. First, we focus on Chinese
Classical Poetry, a domain with arguably the most
codified and verifiable rules in literature. We sys-
tematically organize these prosodic rules to build a
rigorous metric-verifier and construct a structure-
aligned corpus. These resources transform raw
text into CCP-Arena, a comprehensive benchmark
designed for verifying Multi-objective Structure
Constrained Creative Text Generation.

Methodologically, we propose the Progressive
Structural Internalization (PSI) framework.1 Un-
like previous methods that treat constraints as exter-
nal guardrails, PSI aims to embed these rules into
the model’s parameters. We begin with Structural
Scaffolding (Sec. 3.1), using explicit template to
guide reasoning and generation. This foundation
supports a Cascaded RL mechanism guided by
Holistic Reward Modeling (Sec. 3.2 & Sec 3.3).
This process progressively internalizes external
constraints, transforming them into the model’s
intrinsic intuition.

Extensive experiments demonstrate that our ap-
proach outperforms baselines in both structural ad-
herence and semantic quality. Notably, our model
matches the generation quality of SOTA closed-
source models while achieving superior constraint
compliance. Furthermore, via Mechanistic Analy-
sis, we provide evidence that the model effectively
internalizes structural information within its inter-
nal representations, validating our core hypothesis.

Our contributions can be summarized as follows:

• Infrastructure (CCP-Arena): We establish
a comprehensive evaluation arena for con-
strained generation by formalizing the com-
plex prosodic rules of Chinese Classical Po-
etry into a rigorous metric-verifier and con-
structing a structure-aligned corpus.

• Methodology (PSI Framework): We pro-
pose the Progressive Structural Internaliza-
tion framework, which combines Templated-
guided Reasoning with Cascaded RL and
Holistic Reward Modeling. This paradigm

1Source code and implementation details are available at
https://github.com/THUNLP-AIPoet/PSI.

internalizes external constraints as intrinsic
intuition without architectural modifications.

• Validation & Insight: Through rigorous au-
tomated and human evaluations, we demon-
strate that our method achieves State-of-the-
Art performance in balancing strict structural
compliance with literary aesthetics. Moreover,
we provide mechanistic evidence confirming
the successful internalization of structural con-
straints within the model’s latent space.

2 CCP-Arena

2.1 Preliminaries in CCP
Classical Chinese Poetry (CCP) primarily con-
sists of Regulated Verse , characterized by fixed
lengths (e.g., 5- or 7-character Jueju and Lushi),
and Ci , which follows variable-length Tune Pat-
terns (Cipai). Despite structural differences, both
genres represent a classic multi-objective hard-
constrained generation task. Generating valid
CCP requires satisfying three rigid constraints:

Format Constraints: The chosen template im-
poses a non-negotiable skeleton, pre-allocating a
fixed sequence of “slots” (characters) that must be
filled precisely to strictly control length and layout.

Tonal Constraints: Based on historical phonol-
ogy, every slot is assigned a required Level (Ping)
or Oblique (Ze) tone. This creates a binary con-
straint mask (similar to a 0/1 bitmap) that the
generated tokens must strictly match.

Rhyme Constraints: Specific line endings serve
as anchor positions where characters must belong
to the same rhyme category (e.g., Pingshui Rhyme).
This imposes strict lexical constraints on the candi-
date vocabulary at these positions.

Figure 1 visualizes these constraints using a stan-
dard 7-character Jueju (Left) and a variable-length
Ci (Right) by representative poets. The Figure ex-
plicitly maps the specific format structure to the
text, marking the optional and mandatory rhyming
positions, and overlaying the rigid binary Ping-
Ze mask on each character slot. This comparison
shows the strict correspondence between the logi-
cal templates and the creative content, highlighting
the zero-tolerance nature of the task.

2.2 CCP-Arena Infrastructure Building
To transform static textual resources into a dynamic
and rigorous Arena, we establish a robust infrastruc-
ture through the digitization of verification logic
and the retroactive sourcing of high-quality data.
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Figure 2: The Progressive Structural Internalization (PSI) framework. The training trajectory moves from
Structural Scaffolding (SFT) to Structural Internalization (Cascaded RL). Crucially, this progression is governed by
a Holistic Reward design that hierarchically enforces hard constraints before refining semantic alignment.

1. Rule Digitization. Traditional philologi-
cal rules are descriptive; to make them action-
able, we digitized two layers of logic. First, we
encoded structural blueprints from authoritative
sources—Wang Li’s Prosody and the Imperially
Commissioned Prosody of Ci—to define fixed tem-
plates for Jueju, Lushi, and various Cipai. Sec-
ond, we digitized historical dictionaries (Pingshui
Rhyme and Cilin Zhengyun) to create a queryable
database mapping characters to their specific tonal
categories and rhyme groups.

2. Constructing the Verifier. Integrating these
digitized components, we developed the Metric-
Verifier. This deterministic engine evaluates com-
pliance across three critical dimensions: Format
Constraints, Tonal Prosody, and Phonological
Rhyme. The Verifier is designed to provide dual-
modality feedback: it functions as a strict gate-
keeper offering binary (0/1) validation, while si-
multaneously calculating a quantified score (ratio
of compliant positions) as a dense reward signal.

3. Corpus Alignment. Utilizing the Verifier,
we constructed the Structurally-Aligned Corpus
from open-source repositories via a Best-Match
Alignment strategy. For each poem, specifically
matching specific genres or Cipai patterns, we iden-
tified the template yielding the highest verification
score. To ensure data quality, we filtered out sam-
ples falling below a threshold (score < 80/100),
partitioning the remaining high-quality data into
Train, Validation, and Test sets (see Table 4).

The establishment of this infrastructure com-

pletes the CCP-Arena. By standardizing both the
verification metric and the training data, we pro-
vide an effective testbed specifically tailored for
multi-objective constrained creative generation.
This standardized environment allows for fair and
rigorous benchmarking of LLMs’ capabilities in
complying with complex structural rules. To fos-
ter further research in this challenging domain
and promote reproducibility, we commit to open-
sourcing both our Metric-Verifier engine and the
Structurally-Aligned Corpus upon publication.

3 Methodology

As illustrated in Figure 2, our Progressive Struc-
tural Internalization (PSI) framework unfolds in
three coherent logical steps. We initiate with Struc-
tural Scaffolding via Explicit Cognitive Planning
(Sec. 3.1), utilizing explicit thought traces to cog-
nitively decouple planning from generation. This
prepares the model for Structural Internalization
via Cascaded RL (Sec. 3.2), which serves as the
core optimization mechanism to progressively en-
force constraints. Crucially, to guide this optimiza-
tion, Holistic Reward Modeling for Structural-
Semantic Alignment (Sec. 3.3) constructs the spe-
cific signal formulations, detailing how structural
precision and semantic quality are quantified and
integrated into the RL objective.

3.1 Structural Scaffolding

To instill preliminary structure-aware competency,
we construct a supervised scaffolding that trans-
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forms the raw model into a rule-aware planner
through two strategic components:

Template-Based Alignment. To facilitate the
internalization of structural rules, we integrate the
digitized formats (described in Sec. 2.2) directly
into the SFT process. By utilizing these templates
as a “structural skeleton” for the training data, we
explicitly guide the model to align its generation
with hard constraints.

Reasoning Synthesis. To enhance long-horizon
planning, we synthesize Chain-of-Thought (Wei
et al., 2022) trajectories styled after the Appreci-
ation Dictionary of Tang and Song Poetry via a
teacher model. This grants our model a dedicated
planning phase, as validated in Section 4.4.

We instantiate this architecture via Thought-
Augmented Supervised Fine-Tuning (SFT) on the
constructed dataset D = {(x, T, z, y)}.

3.2 Structural Internalization

To solidify the SFT scaffolding, we employ a re-
inforcement learning framework that formulates
rigorous constraint satisfaction as a hierarchical
optimization problem. While specific reward func-
tions are mathematically defined in 3.3, we con-
ceptually decompose the objective into a logical
cascade of K = 4 levels: L1 Basic Compliance,
L2 Structural Precision, L3 Phonological Con-
straints, and L4 Semantic Constraints. This lay-
ered formulation mirrors the dependency chain of
creative generation, preventing the optimization
landscape from becoming chaotic.

To rigorously enforce this hierarchy, we design
a Fine-Grained Cascaded Gating Mechanism.
Within each level k, we aggregate a set of sub-
constraints Sk, where the reward signal for level
k is active only if all sub-constraints in all pre-
ceding levels j < k are perfectly satisfied. We
define the binary satisfaction status for level j as
Φj(y) =

∏
i∈Sj

I(rj,i(y) = 1). Consequently, the
total reward R(y) is formulated as:

R(y) =

K∑

k=1




k−1∏

j=1

Φj(y)




︸ ︷︷ ︸
Gate

·


∑

i∈Sk

rk,i(y)




︸ ︷︷ ︸
Level Score

(1)

The rationale behind this hard gating is grounded
in the inherent dependencies of the generation pro-
cess. If the model fails at L1 (e.g., by violating
the thought format), the subsequent generation is
fundamentally invalid and meaningless. Similarly,

strict adherence to L2 (e.g., character count and line
length) is a prerequisite for L3; if the line length
is incorrect, it becomes infeasible to align or ver-
ify the rigid positional rules of tones and rhymes.
This mathematical structure ensures that the model
distributes its capacity logically.

Functionally, this design induces an Implicit
Curriculum Learning Effect during training. By
gating rewards, the model naturally prioritizes the
mastery of fundamental constraints before tackling
complex semantic objectives, aligning with estab-
lished multi-task learning strategies that progress
from simple to difficult sub-tasks (Parashar et al.,
2025; Zhou et al., 2020).

We optimize the policy πθ against this strict cas-
caded signal using Group Relative Policy Op-
timization (GRPO) (Shao et al., 2024). For
each prompt q, we sample a group of out-
puts {y1, . . . , yG} from the old policy πθold .
The advantage Ag for each sample is com-
puted by normalizing the total reward R(yg)
against the group statistics: Ag = (R(yg) −
mean(Rgroup))/(std(Rgroup) + ϵ). The objective
function is defined as:

LGRPO(θ) = Eq∼P (Q),y∼πθold

[
1

G

G∑

g=1

min

(
πθ(yg|q)
πθold(yg|q)

Ag,

clip
(

πθ(yg|q)
πθold(yg|q)

, 1− ϵ, 1 + ϵ

)
Ag

)
− βDKL(πθ||πref )

]

(2)

3.3 Holistic Reward Modeling

To guide the cascaded optimization process, we
construct a holistic reward function R(y, z) that
evaluates both the final response y and the reason-
ing trace z. We mathematically formulate the ob-
jectives into four hierarchical levels corresponding
to the cascade stages defined in Sec. 3.2.

Level 1: Basic Compliance (L1). This level en-
forces fundamental validity. Since these are hard
constraints, we model them as binary indicators to
filter out invalid samples early.

1. Language Purity (rlang): To prevent multi-
lingual hallucination, we penalize tokens be-
longing to non-target languages.

2. Thinking Format (rfmt): To ensure the struc-
tural integrity of the thought process, the out-
put must contain exactly one pair of <think>
and </think> tags.
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The reward is formulated as:

rL1 = I(y ∈ TargetLang) + I(Ntags = 1) (3)

where I(·) is the indicator function.

Level 2: Structural Precision (L2). This level
quantifies the geometric correctness of the poem
based on the specified template T . We adopt a
soft-penalty formulation using an inverse distance
function to provide dense gradient signals.

1. Line Count (rline): Measures the deviation of
the generated line count Cgen from the tem-
plate requirement Ctgt.

2. Character Count (rchar): Measures the av-
erage deviation of character counts per line
len(li) against the template constraints len∗

i .

The combined reward for L2 is defined as:

rL2 =
1

1 + |Cgen − Ctgt|︸ ︷︷ ︸
Line Precision

+
1

L

L∑

i=1

1

1 + |len(li)− len∗
i |︸ ︷︷ ︸

Char Precision

(4)

Level 3: Phonological Constraints (L3). This
level evaluates the prosodic rules—the core of Chi-
nese poetic aesthetics. We utilize a phonological
dictionary Φ to map characters to their tonal and
rhyming categories.

1. Tonal Compliance (rtone): Calculates the
ratio of characters matching the required
Ping/Ze (Flat/Oblique) pattern based on the
set of target positions Mtone.

2. Rhyme Compliance (rrhyme): Calculates the
ratio of line-ending characters in set Mrhyme

that match the designated rhyme group G.

rL3 =

∑
j∈Mtone

I(Φ(yj) = τj)

|Mtone|

+

∑
k∈Mrhyme

I(Φ(yk) ∈ G)

|Mrhyme|

(5)

where τj is the target tone at position j.

Level 4: Semantic Constraints (L4). Since pre-
vious rewards (L1-L3) are input-agnostic, reliance
solely on them risks mode collapse, where the
model generates structurally perfect but semanti-
cally repetitive content. We introduce L4 to enforce
semantic grounding and cognitive consistency.

1. Semantic Anchoring via ROUGE-L (rsem):
To prevent the model from drifting into nonsense
while satisfying constraints, we use the ground
truth reference y∗ as a semantic anchor. We priori-
tize Rule-based ROUGE-L(Lin, 2004) over LLM-
based judges to avoid reward hacking:

rsem = ROUGE-L(y, y∗) =
RlcsPlcs

Rlcs + Plcs
(6)

Here, LCS(y, y∗) denotes the length of the longest
common subsequence between the generation and
reference, Rlcs =

LCS(y,y∗)
|y∗| represents recall, and

Plcs =
LCS(y,y∗)

|y| represents precision.
2. Plan-Realization Alignment (ralign): To

ensure the "thought" process z genuinely guides
generation, we enforce consistency between the
thought trace and the final poem. We calculate
the proportion of generated poem lines li ∈ y that
logically originate from the thought trace z:

ralign =
1

|y|
∑

li∈y
I(li ⊆ z) (7)

Here, ⊆ denotes a substring match.
Finally, the total reward R(y, z) for each train-

ing step is derived by aggregating these four level-
specific signals using the dynamic weighting strat-
egy formulated in Eq. 1.

4 Experiments

4.1 Experimental Settings
We initialize our training with DeepSeek-R1-
0528-Qwen3-8B2, a model further post-trained on
Qwen3-8B (Yang et al., 2025) (a Transformer
model comprising 36 layers and a hidden dimen-
sion of 4096) using distillation trajectories from
DeepSeek-R1 (Guo et al., 2025). We selected this
base model as it enhances the state-of-the-art foun-
dation of Qwen3-8B by integrating superior rea-
soning capabilities derived from the DeepSeek-R1
distillation process. Our training pipeline employs
LLaMA-Factory (Zheng et al., 2024) for Super-
vised Fine-Tuning (SFT) and VeRL (Sheng et al.,

2https://huggingface.co/deepseek-ai/DeepSeek-R1-0528-
Qwen3-8B
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Model Regularized Verse Ci Speed↑
Format↑ Tonal↑ Rhyme↑ Diversity↓ Format↑ Tonal↑ Rhyme↑ Diversity↓ (Token/s)

Base Model 75.62 10.88 33.00 34.73 12.21 0.23 2.77 47.35 46.65
Prompted 78.80 6.00 27.05 32.67 9.72 0.23 2.09 39.07 45.32
Constrained 100.0 100.0 100.0 30.00 100.0 100.0 100.0 47.91 14.94
NeuroLogic A* 100.0 100.0 100.0 37.82 100.0 100.0 100.0 48.21 0.34
Naive SFT 67.88 49.43 55.70 22.18 20.80 6.78 10.57 28.85 47.41
Naive RL 99.85 93.05 96.88 23.37 89.54 56.92 68.85 32.54 48.38

Ours (SFT) 84.10 52.70 62.28 22.45 46.81 18.71 20.69 29.46 46.19
Ours (RL) 99.98 97.80 97.30 22.44 95.76 66.25 76.99 28.56 45.05

DeepSeek-V3.2 77.70 36.08 64.38 27.42 68.51 24.14 48.73 35.94 –
+ Prompted 91.57 49.08 79.88 28.26 79.03 29.96 60.03 34.30 –

GPT-5.2 99.25 10.03 50.78 26.37 46.92 4.92 24.19 40.02 –
+ Prompted 97.45 54.15 96.38 23.90 70.60 30.19 64.50 32.70 –

Table 1: Automatic Evaluation Results. ↑ indicates higher is better, and ↓ indicates lower is better. The best results
are highlighted in bold, and the second-best results are underlined. All speed measures are on the same GPUs

2024) for the subsequent Reinforcement Learning
(RL) stage. Additional implementation details are
provided in Appendix C.

We constructed five representative baselines
adapting common format control methods to
demonstrate the effectiveness of our approach:
(1) Base Model, the vanilla DeepSeek-R1-0528-
Qwen3-8B; (2) Prompt Engineering (Jie et al.,
2024), which imposes constraints via natural
language instructions; (3) Constrained Decod-
ing (Deutsch et al., 2019), which forcibly masks
the logits of illegal tokens during inference; (4)
NeuroLogic A*esque Decoding (Lu et al., 2022),
an advanced constrained decoding method with
lookahead heuristics; (5) Standard SFT, trained
on standard data; and (6) Standard SFT+RL, a
traditional alignment pipeline. We also include
Ours (SFT), the intermediate checkpoint of our
method, to perform a study on the impact of our
RL stage. Additionally, we define the experimen-
tal upper bound by evaluating significantly larger
SOTA General LLMs: DeepSeek-V3.2 (DeepSeek-
AI et al., 2025) and GPT-5.2 (Singh et al., 2025).
For a comprehensive comparison, we measured
their performance in two distinct settings: provid-
ing the explicit structure template in the prompt
versus excluding it.

4.2 Automatic Evaluation Results

Evaluation Metrics. Preliminary tests indicated
that LLM-as-a-judge shows low correlation with
human preference in poetry; thus, we rely exclu-
sively on automatic metrics for structure and diver-
sity. For structural correctness, we employ our cus-
tom verifier in a binary “Strict Mode”—awarding

a score of 1 only for perfect constraint adherence
(unlike the soft scoring used in training). For diver-
sity, we report the geometric mean of Self-BLEU-
2/4 (Zhu et al., 2018), where lower scores indicate
higher diversity. Moreover, the evaluation of con-
tent quality is presented in Sec. 4.3.
Performance Analysis. As shown in Table 1, our
model significantly outperforms all baselines and
larger closed-source SOTA models (excluding Con-
strained Decoding), empirically validating our PSI
framework. Specifically, while prompted versions
of DeepSeek and GPT-5.2 show improvements over
their base counterparts, they still fall short of our
results, indicating that models often struggle with
complex template understanding without special-
ized tuning—a gap our method effectively bridges.
Notably, our lead widens on the more variable Ci
task compared to Regularized Verse, underscoring
our model’s robustness in handling complex struc-
tural constraints.

Crucially, we achieve state-of-the-art diversity,
confirming that strict compliance does not come at
the cost of generation variety. Results further show
that Ours (SFT/RL) consistently surpasses Stan-
dard SFT/RL, proving the efficacy of our Structure
Scaffolding and Initialization. While Constrained
Decoding forces 100% accuracy, it induces a 3×
latency spike; meanwhile, NeuroLogic A*esque
Decoding suffers from an even more extreme over-
head—reaching up to 100× baseline latency—due
to its lookahead heuristics. Furthermore, as ver-
ified in the subsequent Human Evaluation, these
decoding-constrained methods often suffer from
degraded semantic quality.
Impact of Data Frequency. To evaluate general-
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Ours (SFT)
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Standard RL
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GPT-5.2 (prompted)
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DeepSeek-V3.2 (prompted)
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Figure 3: Accuracy vs. Template Frequency. Comparison of (a) Format, (b) Tonal, and (c) Rhyme accuracy across
Cipai templates of varying training frequencies. we aggregated the results into 10 representative data points.

Model Flu. Coh. Mean. Aes. Overall

Base Model 3.69 3.51 3.71 3.62 3.54
Prompted 3.47 3.35 3.47 3.33 3.28
Constrained 3.31 3.23 3.32 3.31 3.23

Standard RL 3.98 3.87 3.99 3.94 3.94
Ours 4.10 3.91 4.06 3.99 4.04

GPT-5.2 3.93 3.73 3.91 3.83 3.83
DeepSeek-V3.2 4.17 3.93 3.97 4.04 3.95

Table 2: Human Evaluation on Fluency, Coherence,
Meaningfulness, Aesthetics, and Overall Score. Best
scores are bolded, and second-best scores underlined.
The Kendall’s W is 0.42, indicating moderate inter-
annotator agreement.

ization, we plotted accuracy against Cipai training
frequency in Figure 3. Our method dominates all
baselines across the spectrum. While Standard
RL approaches our performance on high-frequency
(head) templates, its accuracy drops precipitously
on rare (tail) ones. In contrast, our approach main-
tains high accuracy on long-tail data, demonstrating
superior generalization to unseen or rare structures.

4.3 Human Evaluation Results

Given the limitations of current LLM-as-a-Judge
paradigms in capturing poetic nuance, we con-
ducted an expert human evaluation using five met-
rics adopted from (Yi et al., 2018): Fluency, Co-
herence, Meaningfulness, Aesthetics, and Overall
Score, rated on a 0–5 scale. To maintain a bal-
ance between evaluation cost and depth, we fo-
cused on comparing our final model with key base-
lines, omitting intermediate SFT checkpoints. The
original constrained decoding method was selected
as a representative for constrained decoding ap-
proaches, including NeuroLogic A*. Our evalu-
ation was conducted by six domain experts from
the Department of Chinese Language and Liter-
ature, including Ph.D. candidates and senior un-

Model Format↑ Tonal↑ Rhyme↑ Diversity↓
Dataset: Regularized Verse

Our Method 99.98 97.80 97.30 22.31
w/o Cascaded 99.88 95.62 93.38 22.59
w/o Template 99.80 93.55 95.83 23.21
w/o Thought 99.90 96.73 96.70 23.19

Dataset: Ci

Our Method 95.76 66.25 76.99 28.56
w/o Cascaded 90.73 60.99 65.18 29.70
w/o Template 82.76 52.12 66.42 30.10
w/o Thought 98.98 63.82 73.37 31.75

Table 3: Ablation study on different components.

dergraduates specializing in classical poetry. The
process strictly adhered to ethical standards, en-
suring informed consent and fair compensation for
all participants. Detailed information regarding an-
notator demographics, ethical protocols, and inter-
annotator agreement score calculations is available
in the Appendix E. Notably, SOTA larger models
(e.g., DeepSeek) were included as a “quality upper
bound” and evaluated in a template-free setting,
allowing them to demonstrate maximum creative
potential without rigid formatting constraints.

The results are in Table 2. Despite its smaller
scale, our model demonstrates performance parity
with the much larger DeepSeek and significantly
outperforms other baselines. Crucially, our model
surpasses DeepSeek in Meaningfulness and Overall
Score, suggesting that valid structural constraints
serve as a cognitive scaffold that enhances, rather
than hinders, semantic depth. Furthermore, the
results highlight a distinct advantage of our ap-
proach: while Prompt Engineering and Constrained
Decoding baselines incur a significant alignment
tax—sacrificing literary quality to satisfy strict
constraints—our Structural Internalization strat-
egy eliminates this trade-off, achieving structural
precision without compromising content aesthetics.
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Figure 4: Mechanistic Analysis of Structural Internalization. (a): The evolution of probability mass assigned to
valid vs. invalid tokens at constrained positions during training. (b): Layer-wise probing accuracy for structural
features, showing deeper encoding of constraints from SFT to RL. (c) & (d): t-SNE visualization of hidden states
where tonal categories show linear separability and rhyme groups form distinct clusters.

4.4 Ablation Studies

We performed an ablation study to verify the ef-
fectiveness of the Cascaded Gating Mechanism,
the Template Guidance, and the Thought Process,
with results shown in Table 3. Generally, removing
any module impairs performance, particularly on
the complex Ci task. Interestingly, removing the
Thought process slightly improves Ci formatting
but causes significant drops in Tonal and Rhyme
scores. This suggests that while Templates suffi-
ciently handle basic structure context, the Thought
mechanism is vital for directing the model’s atten-
tion toward harder phonetic constraints. Thus, de-
spite a negligible formatting trade-off, the Thought
module proves indispensable for ensuring both se-
mantic depth and strict rhythmic compliance.

4.5 Mechanistic Analysis

To empirically verify that our framework essen-
tially internalizes structural constraints into the
model parameters rather than merely memorizing
surface patterns, we conducted a comprehensive
“outside-in” investigation.

Probability Mass Distribution. First, we an-
alyzed the model’s output behavior at positions
governed by specific strict constraints (i.e., tonal
and rhyme positions). We aggregated the prob-
ability mass allocated to valid tokens (those sat-
isfying the constraint) versus invalid tokens. As
illustrated in Figure 4(a) and Figure 9, we observe
a clear trend: throughout the transition from SFT
to RL, the probability mass assigned to valid to-
kens steadily increases, while the mass for invalid
tokens diminishes. This shift indicates that the
model becomes increasingly confident and precise
in adhering to structural rules during training.

Linear Probing of Layer-wise Representa-
tions. Moving deeper into the model, we trained

linear probes on the hidden states of each layer to
quantify the amount of structural information en-
coded at different depths. The results in Figure 4(b)
show that as training progresses from SFT to RL,
the decodability of structural features (tonal and
rhyme categories) improves consistently across all
layers. This serves as compelling evidence for the
success of our Progressive Structural Internaliza-
tion framework, demonstrating that the structural
constraints are not just enforced at the final out-
put layer but are deeply embedded throughout the
model’s internal representations.

Visualization of Hidden States. Finally, to pro-
vide a qualitative perspective, we employed t-SNE
to visualize representations from selected interme-
diate layers. As shown in Figure 4 (c) & (d), the vi-
sualization reveals striking geometric patterns: (1)
The representations of characters with flat (Ping)
vs. oblique (Ze) tones exhibit clear linear separa-
bility; (2) Characters belonging to the same rhyme
group spontaneously form distinct, cohesive clus-
ters. These geometric structures confirm that the
model has successfully learned to map symbolic
structural constraints into its latent semantic space.

4.6 Case Study

In the qualitative cases in Figure 5, we observe that
general-purpose baselines (Base, Prompted, and
DeepSeek) struggle with structural adherence, ex-
hibiting frequent tonal/rhyme violations and even
length hallucinations (e.g., redundant lines in the
Base model) despite explicit prompts. Conversely,
while the Constrained baseline guarantees struc-
tural correctness, it suffers from semantic degrada-
tion, evident in the degenerate repetition of the title
rather than initiating a coherent narrative. This is
also evident in “forced rhyming” artifacts—such
as the unnatural insertion of “Qin Shang” (zither
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Base Model

“风雪寒林锁暮烟*，

◎●⊙○◎●○

Wind and snow lock mist in the cold 
wood, 
冰溪孤影对琴弦*，

◎○⊙●●○○

A lone shadow by the icy creek faces the 
strings, 
欲将心事托流水*，

⊙○◎●●○○

Wishing to entrust thoughts to the water, 
却恐春声隔岁年，

⊙●◎○○●●

Fearing spring's voice is years away, 
落絮随波沉旧约*， 

◎○⊙●●○○ 

Catkins sink old vows in the waves, 
残灯照雪忆残篇*，

◎○⊙●●○○  

A dying lamp on snow recalls old verses, 
湘灵若解人间苦，

If the Spirit knows human pain,
莫负青峰十二泉。

Do not fail the green peaks and springs.

”

Prompted

风雪潇潇寒色长*，

◎●⊙○◎●○

Wind and snow whistle, the cold is 
long, 
孤琴谁共对潇湘*， 

◎○⊙●●○○

With a lone qin, who faces the Xiang 
with me? 
寒峰远黛接苍茫*，

⊙○◎●●○○

Cold peaks merge into the vast 
distance, 
落花流水各成伤，

⊙●◎○○●●

Falling flowers and water both bring 
sorrow, 
绿阴旧梦随云去*，

◎○⊙●●○○ 

Old dreams in green shade drift with 
clouds, 
欲觅湘灵共此乡*。
◎○⊙●●○○ 

 Seeking the Spirit to share this land.

“

”

Constrained

浣息沙题湘水行,
◎●⊙○◎●○

Huan Xi Sha: Inscribing the Xiang 
Journey, 
吟风雪漫卷天光*,
◎○⊙●●○○

Chanting as wind and snow blot out 
the sky, 
孤舟抱瑟倚峰长*，

⊙○◎●●○○

Holding a harp in a lone boat by the 
tall peak, 
流水落花残梦里，

⊙●◎○○●●

Falling flowers and water in a broken 
dream, 
绿阴犹在旧时乡*，

◎○⊙●●○○

Green shade remains in the old home, 
湘灵何处共琴觞*。 
◎○⊙●●○○

Where is the Spirit to share music and 
wine?

“

”

Ours

风雪连天冷不禁*,
◎●⊙○◎●○

 Wind and snow fill the sky, unbearably 
cold, 
抱琴谁共一长吟*，

◎○⊙●●○○

Holding the qin, who will chant with 
me? 
数峰青外想湘阴*， 

⊙○◎●●○○

Beyond green peaks, I think of the 
Xiang, 
流水落花春已远， 

⊙●◎○○●●

Flowers fall on water, spring is far gone, 
绿阴芳草梦难寻*，

◎○⊙●●○○ 

Dreams are hard to find in green grass, 
此行谁与结同心*。

◎○⊙●●○○

Who will join hearts on this journey?

“

”

Deepseek

冻云垂野暮江寒*，

◎●⊙○◎●○

Frozen clouds hang low, the evening 
river is cold, 
孤峰不语对空弦*，

◎○⊙●●○○

A silent peak faces empty strings, 
落花声里忆湘弦*，

⊙○◎●●○○ 

Recalling Xiang music in the sound of 
falling petals, 
流水十年侵客鬓，

⊙●◎○○●●

Ten years of flow have grayed my 
hair, 
风雪一夕没归船*，

◎○⊙●●○○ 

Wind and snow buried the return boat 
overnight, 
绿阴曾系旧春衫*。

◎○⊙●●○○

Green shade once tied my old spring 
shirt.

“

”
Figure 5: Qualitative comparison of genereted pieces. Red characters denote tonal, rhyme, or grammatical errors.

and cup)—which exposes the intrinsic limitation of
rigid decoding mechanisms: sacrificing contextual
coherence to strictly satisfy rhyme schemes. In
contrast, our model achieves a harmonious unifi-
cation of form and content: it perfectly fits the rigid
structural constraints while maintaining semantic
fluency and vivid imagery, notably capturing the
authentic linguistic rhythm and stylistic ethos of
the classic genre in the final verses.

5 Conclusion

In this paper, we address the intrinsic conflict be-
tween strict structural constraints and creative free-
dom in LLMs through the lens of Chinese Classical
Poetry. We establish CCP-Arena, a robust infras-
tructure for constrained generation, and propose
the Progressive Structural Internalization (PSI)
framework. By integrating Structural Scaffolding
with Cascaded Reinforcement Learning, PSI trans-
forms external rules into the model’s intrinsic in-
tuition. Extensive experiments demonstrate that
our approach achieves state-of-the-art performance,
paving the way for future research on complex,
multi-objective creative generation tasks.

Limitations

Despite its effectiveness, our framework faces two
limitations. First, the application is limited by the
lack of robust evaluation infrastructure for other
languages. Since tools for quantifying meter and
rhyme in forms like English Sonnets are underde-
veloped, we focused on Chinese forms but plan to
expand to multilingual contexts as better scansion
algorithms become available. Second, we have yet
to incorporate LLM-as-a-Judge for semantic guid-
ance. We found that current LLM judges suffer
from low accuracy in creative evaluation and are

prone to reward hacking. We plan to incorporate
such methods to enhance semantic constraints once
these evaluation systems perform better.

Ethical Considerations

Our research is motivated by a commitment to the
revitalization of classical literary forms through
modern artificial intelligence. Our framework auto-
mates complex constraints to lower technical barri-
ers, serving as a "digital muse" rather than replac-
ing human artistry. By managing rigid structural
logic, the AI empowers users to prioritize semantic
depth and emotion in Human-AI co-creation. Re-
sponsibly applied, this technology democratizes ac-
cess to cultural heritage, ensuring it enriches rather
than dilutes traditional aesthetics.

Potential risks regarding educational utility must
be acknowledged. While PSI serves as a power-
ful assistive tool, over-reliance on such automated
generation systems in educational settings might
diminish the learning curve for students seeking
to master the complex prosodic rules of Classical
Chinese Poetry manually. To mitigate this risk,
we advocate for a ’human-in-the-loop’ paradigm
where the model is positioned as a creative co-pilot
rather than a substitute. By using the model pri-
marily for brainstorming imagery or verifying rigid
tonal patterns, users can maintain their creative
agency while leveraging AI to overcome technical
bottlenecks.
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A Related Work

A.1 Format-Constrained Generation

Prior research on format-constrained generation
has primarily focused on enforcing output schemas,
such as generating valid JSON objects or code
snippets. This line of work generally follows two
main paradigms. The first is Prompt Engineer-
ing, which aims to boost adherence rates through
carefully designed instructions and in-context ex-
amples (Shorten et al., 2024; Tam et al., 2024).
The second involves Constrained Decoding, which
guarantees syntactic validity by pruning the vocab-
ulary space during inference (Mündler et al., 2025;
Wang et al., 2025a). Strategies to enhance the effi-
ciency of these decoding algorithms have also been
explored (Beurer-Kellner et al., 2024). Further-
more, data-driven approaches have been proposed,
utilizing large-scale benchmarks to fine-tune mod-
els specifically for structural compliance (Wang
et al., 2025b). However, imposing strict constraints
is not without drawbacks. (Tam et al., 2024) ob-
served that constrained decoding can significantly
degrade the model’s reasoning capabilities and gen-
eration quality—a trade-off between strict adher-
ence and semantic performance that aligns with the
empirical findings in our own study.

Parallel to schema constraints, another stream
of research targets length control as a single-
dimensional constraint. Techniques in this area
vary from modifying model architectures (Butcher
et al., 2025; Song et al., 2025) and continual pre-
training strategies (Li et al., 2024) to manipulating
sampling mechanisms (Jie et al., 2024). However,
the format-constrained creative text generation tar-
geted in this paper presents a far more intricate chal-
lenge rather than simple length manipulation. Cre-
ative tasks involve multi-dimensional constraints,
such as rhyme schemes, tonal patterns, and rigid
sentence structures. Naively applying existing de-
coding restrictions to these complex scenarios of-
ten leads to a collapse in creative quality. Conse-
quently, there is a need for advanced methodologies
that can enforce rigorous constraints without com-
promising the aesthetic and semantic integrity of
the generated text.

In the specific domain of formatted creative gen-
eration, SongNet (Li et al., 2020) represents a
pioneering effort. While it achieved commend-
able length control, it relied on introducing rigid,
task-specific modules into the neural architecture.
Such an approach, however, faces significant limita-

tions in the current era of Large Language Models
(LLMs). Even when model weights are accessi-
ble (e.g., Qwen, Llama), modern deployment and
fine-tuning paradigms rely on standardized, often
frozen architectures to preserve pre-trained knowl-
edge. Invasive structural modifications, such as in-
serting new layers or altering internal mechanisms
as required by SongNet, are impractical and often
detrimental to the general capabilities of founda-
tional models. The field, therefore, calls for a more
robust and compatible framework tailored to mod-
ern LLMs—one that can achieve high-precision
format control based on existing weights without
necessitating complex architectural redesigns.

A.2 Creative Text Generation
Creative text generation stands as a cornerstone in
natural language processing (NLP), serving as a
critical benchmark for evaluating the creativity and
generalization capabilities of Large Language Mod-
els (LLMs) (Peng, 2022; Wu et al., 2025). Early
research in this domain primarily focused on short-
form interactions, such as generating poetry, lyrics,
and short stories (Yi et al., 2018; Fan et al., 2018).
These tasks required models to balance linguistic
fluency with imaginative divergence.

With the emergence of scaling laws and the
advanced capabilities of modern LLMs, the field
has progressively expanded toward long-form nar-
ratives, including scriptwriting and novel genera-
tion (Zhu et al., 2020; Han et al., 2024). Beyond
measuring generation quality and raw creativity, re-
searchers have traditionally focused on controlling
specific attributes such as sentiment (Chen et al.,
2019), stylistic consistency (Yang et al., 2018), and
structural formatting (Li et al., 2020).

A significant paradigm shift occurred with the
advent of instruction tuning. Modern LLMs can
now effectively handle high-level semantic con-
straints—such as stylistic imitation or sentiment
transfer—simply through natural language prompt-
ing (Ouyang et al., 2022). However, precise control
over rigid structural constraints remains a persis-
tent challenge. Attributes like exact length, specific
formatting, and rhyme schemes are frequently com-
promised. This limitation is largely inherent to the
architecture of LLMs: the widespread use of sub-
word tokenization algorithms (e.g., BPE) obscures
character-level and phonetic information, making
it difficult for models to “perceive” and adhere to
strict metrical or syllabic rules during autoregres-
sive generation (Yu et al., 2024).
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While prior works attempted to enforce such
constraints, they often relied on external plug-in
modules or specialized decoding strategies (e.g.,
constrained beam search) that operate outside the
standard pretraining-finetuning paradigm (Li et al.,
2020; Luo et al., 2021). These approaches are often
computationally expensive or difficult to integrate
seamlessly with massive, general-purpose LLMs.
This creates a notable gap: the need for a method
that internalizes structural constraints directly into
the LLM without relying on external scaffolding.
Our work aims to bridge this gap, leveraging a
unified training framework to harmonize creative
freedom with rigorous structural precision.

B Data Statistics

Table 4 summarizes the statistics of our structurally-
aligned dataset. The dataset consists of two primary
sources: CI and Regularized Verse. The data is par-
titioned into training, validation, and testing sets,
with the training set containing a total of 187,806
samples. Specifically, the Regularized Verse sub-
set constitutes the majority of the corpus across all
splits. Our collected data is from open-source com-
munities that do not contains any information that
names or uniquely identifies individual people. The
raw poetry data was sourced from the GitHub repos-
itory [https://github.com/Werneror/Poetry]. This
repository is licensed under the MIT License, per-
mitting its use for academic research. The poems
are all Chinese.

C Additional Implementation Details

C.1 Hardware and Computational Budget

All experiments were conducted on NVIDIA A100
(40G) GPUs. In terms of computational cost, a
single Supervised Fine-Tuning (SFT) session re-
quires approximately 64 GPU-hours, while a sin-
gle Reinforcement Learning (RL) training session
takes about 80 GPU-hours. The total computational
budget for this project is estimated to be around
5,000 GPU-hours. Following standard evaluation
protocols, we report the performance of a single
experimental run, averaged across the test set.

C.2 Hyperparameter Settings

We performed a grid search for hyperparameter
tuning, specifically focusing on the learning rate
within {1e-5, 2e-5, 5e-5, 1e-4, 2e-4} and the per-
device batch size within {4, 8, 16}.

SFT Configuration. Based on the search re-
sults, the optimal hyperparameters for SFT train-
ing were set as follows: learning_rate =
1.0e-4, per_device_train_batch_size = 4, and
gradient_accumulation_steps = 4. For gener-
ation tasks during inference, we utilized nucleus
sampling with a temperature of 0.7 and top_p of
0.95.

RL Configuration. For the Reinforcement
Learning stage, we employed the PPO algorithm.
The detailed hyperparameters, including rollout
settings and KL penalty coefficients, are listed in
Table 5.

D Additional Cost-Benefit Analysis

In this section, we provide a detailed analysis of
the computational costs associated with the training
pipeline of PSI and discuss the economic trade-offs
compared to inference-time constrained decoding
methods.

D.1 Training Efficiency

Despite the multi-stage nature of the PSI pipeline,
the total computational overhead remains well
within practical limits for standard research and
production environments. The training process con-
sists of two primary phases:

• Supervised Fine-Tuning (SFT) Phase: This
stage requires approximately 8 hours of com-
putation.

• Reinforcement Learning (RL) Phase: The
alignment stage takes approximately 10 hours.

The entire end-to-end pipeline can be completed in
less than 24 hours using a single server equipped
with NVIDIA A800 GPUs. This efficiency demon-
strates that our method does not require pro-
hibitively expensive hardware clusters.

D.2 The Training-Inference Trade-off

The core design philosophy of PSI is the strategic
shift of computational complexity from inference
time to training time.

One-time Training Investment: The complex-
ity of the pipeline—incorporating structural con-
straints and RL optimization—is a one-time invest-
ment. Once the model is converged, these con-
straints are "baked" into the model’s parametric
knowledge.
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Split Ci Regularized Verse Total

Train 33,890 153,916 187,806
Validation 1,846 6,408 8,254
Test 1,769 4,000 5,769

Table 4: Statistics of the structurally-aligned dataset across training, validation, and testing splits.

Table 5: Hyperparameter settings for Reinforcement
Learning training.

Hyperparameter Value

General Training
Global Train Batch Size 64
Max Prompt Length 512
Max Response Length 2048

Actor Optimization (PPO)
Actor Learning Rate 2e-5
PPO Mini Batch Size 64
PPO Micro Batch Size (per GPU) 1
Use Dynamic Batch Size True
Max Token Length (per GPU) 8000

Rollout Configuration
Number of Rollouts (N ) 4
Rollout Temperature 0.8
Rollout Hardware Engine vLLM (bfloat16)
GPU Memory Utilization 0.7

KL Penalty & Loss
Use KL Loss True
KL Loss Coefficient 0.001
KL Loss Type Low Variance KL
KL Controller Coefficient 0.001

System & Other
Gradient Accumulation / Offload True (Param Offload)
Critic Warmup Steps 0

Recurring Inference Savings: In contrast to
search-based or constrained decoding methods,
which incur significant overhead for every gener-
ated token, our model performs standard autore-
gressive generation. By eliminating the need for
real-time constraint-checking or complex beam
search during deployment, PSI significantly re-
duces inference latency and serving costs.

D.3 Real-world Deployment Advantage

For large-scale applications where the model is
queried millions of times, the cumulative savings
in computational resources are substantial. While
constrained decoding methods often suffer from
throughput bottlenecks, PSI maintains the same
inference speed as standard LLMs, providing a
superior user experience. We argue that spend-
ing moderate offline resources during the training

phase to achieve massive gains in online efficiency
is a highly favorable trade-off for real-world LLM
deployment.

E Detailed Information on Human
Evaluation

To assess the generation quality, we conducted a
rigorous human evaluation using a subset of 64
distinct inputs randomly sampled from our test set,
consisting of 32 Regularized Verses and 32 Ci
poems. For each input, annotators evaluated the
outputs of seven different models, resulting in a
total of 448 poems being assessed. To ensure a
fair comparison, all samples were anonymized, and
the outputs from different models were shuffled to
prevent potential bias.

E.1 Annotator Expertise and Methodology

We recruited six domain experts from the Depart-
ment of Chinese Language and Literature at our
university, prioritizing specialized expertise over a
larger pool of non-expert contributors. The group
consists of four Ph.D. candidates and two senior
undergraduates (incoming Ph.D. students), all
of whom possess extensive backgrounds in classi-
cal Chinese literature and prior research experience
in classical poetry. Their academic background
ensures a critical and professional assessment of
prosody and aesthetics. The evaluation set was
divided into two batches, and each batch was as-
signed to three independent annotators. After col-
lecting the responses, we restored the order to com-
pute the final scores.

E.2 Ethics, Consent, and Compensation

We strictly adhered to ethical guidelines through-
out the study. Regarding the ethical review process,
we clarify that our university/country does not cur-
rently mandate a formal Institutional Review Board
(IRB) process for non-medical linguistic annotation
tasks; however, we have strictly followed standard
ethical principles regarding privacy, consent, and
fair treatment.
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• Compensation: All annotators were finan-
cially compensated at a rate significantly
higher than the standard part-time hourly
wage at our institution.

• Informed Consent: We obtained written in-
formed consent from all participants, explic-
itly disclosing that their annotations would be
used for AI model evaluation and academic
publication.

E.3 Reliability and Validation
We believe this compact expert group provides
highly consistent and statistically meaningful judg-
ments for such a specialized task. To further val-
idate our findings and address the inherent sub-
jectivity of poetry evaluation, we emphasize that
our human scores are strongly corroborated by
the Automatic Evaluation (Table 1). The ob-
jective metrics show consistent performance gains
that align with the human assessments, thereby
cross-validating the reliability of our results and
confirming the superiority of our method.

The detailed instructions provided to the annota-
tors are listed in Table 6, and the results categorized
by genre are presented in Table 6.

E.4 Inter-Annotator Agreement (IAA)
Since poetry scoring is a highly subjective task,
different annotators may naturally possess vary-
ing baselines of “strictness” (i.e., systematic bias).
Consequently, relying on absolute score agreement
metrics, such as Krippendorff’s α, may understate
the true consistency among evaluators. Instead,
we utilized Kendall’s Coefficient of Concordance
(Kendall’s W ), which is a widely accepted and
standard non-parametric statistic for assessing inter-
rater agreement among ordinal raters (ranking).

Calculation Method Specifically, for each input,
we converted the absolute scores given by the 6
annotators into relative rankings across the 7 eval-
uated models. We then calculated Kendall’s W
based on these rank lists to measure the extent to
which the annotators agreed on the relative order-
ing of model quality.

Result The calculated Kendall’s W for our hu-
man evaluation is 0.42, indicating a moderate level
of agreement. Given the extremely high subjec-
tivity inherent in creative poetry evaluation, this
result confirms that despite individual differences
in aesthetic taste, the expert annotators generally
agreed on the relative quality of the models.

F Poem Translations

For the English translations of the poems presented
in Figure 1, please refer to Figure 7 and Figure 8.
These translations are provided to facilitate a better
understanding of the thematic and stylistic nuances
captured by our model.

G Additional Mechanistic Analysis

To complement the discussion in the main text, we
provide further mechanistic analysis in Figure 9.

H Additional Case Studies

We provide additional examples of generated po-
ems in Figure 10. This case showcases the model’s
performance across various genres and themes, fur-
ther illustrating its creative capabilities and linguis-
tic precision.

I Declaration of AI Use

We strictly limited the use of Artificial Intelligence
(AI) tools in the preparation of this manuscript to
the following auxiliary tasks:

1. Linguistic Polishing: AI tools were used to
improve English phrasing and grammar.

2. Visual Refinement: AI assisted in refining
the visual presentation of conceptual, non-
experimental illustrations (specifically Fig-
ures 1, 2, 7, and 8).

3. Coding Assistance: AI was utilized to assist
in writing auxiliary code scripts.

We confirm that no AI tools were used to generate
the scientific ideas, experimental data, or the results
presented in this work. All textual content and
scientific claims were verified by the authors.
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Instructions for Human Evaluators

Thank you for your contribution. This survey aims to evaluate the capability of models in generating classical Chinese
poetry. Please adhere to the following guidelines:
1. Scoring Strategy (Relative Comparison): Rate each poem on an integer scale of 0 to 5. The core principle is

“horizontal comparison”: ensure that score differences within the same row directly reflect the quality gap between
candidates.

2. Input Format: Enter the score directly after the colon for each metric.
3. Model Anonymity: The order of models is randomly shuffled for each row. The same column index across different

rows does not correspond to the same model.
4. Content Focus: Please ignore minor generation artifacts (e.g., residual tags) and focus solely on the poetic content.
5. Reference: The first column displays the original poem (Ground Truth) corresponding to the instruction. Use this as

your gold standard for reference.
6. View Settings: If the text exceeds the window or cell height (in the spreadsheet), please adjust the zoom level or row

height to ensure all content is visible before rating.
7. Metric Definitions:

• Fluency: Is the language natural and smooth? Assess for grammatical errors, made-up words, or awkward
phrasing.

• Coherence: Is the logical flow and artistic conception consistent? Check for disjointed imagery or contextual
gaps.

• Meaningfulness: Does the poem convey rich substance and emotion? Avoid hollow rhetoric or meaningless
repetition.

• Aesthetics: Does the poem possess literary beauty? Evaluate the elegance of diction and the immersive quality of
the imagery.

• Overall Score: A holistic impression quality score based on the above dimensions.

Figure 6: The detailed instructions provided to human annotators for evaluating the generated poems. The evaluation
interface is based on a spreadsheet format to facilitate side-by-side comparison.

Figure 7: Poem Translations of the Regularized Verse in Figure 1

Model Regularized Verse Ci Global Average
Flu. Coh. Mean. Aes. All Flu. Coh. Mean. Aes. All Flu. Coh. Mean. Aes. All

Base Model 3.88 3.66 3.89 3.77 3.74 3.51 3.35 3.53 3.48 3.35 3.69 3.51 3.71 3.62 3.54
Prompt 3.61 3.42 3.59 3.40 3.41 3.32 3.28 3.34 3.26 3.15 3.47 3.35 3.47 3.33 3.28
Constrained 3.92 3.71 3.73 3.81 3.71 2.72 2.76 2.93 2.80 2.75 3.31 3.23 3.32 3.31 3.23

Naive RL 4.03 3.84 3.94 3.84 3.91 3.93 3.90 4.04 4.03 3.97 3.98 3.87 3.99 3.94 3.94
Ours 4.03 3.84 4.00 3.88 3.96 4.17 3.97 4.12 4.09 4.12 4.10 3.91 4.06 3.99 4.04

GPT-5.2 3.89 3.66 3.81 3.71 3.77 3.96 3.80 4.01 3.95 3.89 3.93 3.73 3.91 3.83 3.83
Deepseek 4.16 3.93 3.95 4.02 3.85 4.18 3.94 3.99 4.06 4.04 4.17 3.93 3.97 4.04 3.95

Table 6: Performance evaluation across different generation tasks. Scores encompass Fluency (Flu.), Coherence
(Coh.), Meaningfulness (Mean.), Aesthetics (Aes.), and Overall Score (All). The best scores are bolded, and the
second-best scores are underlined.
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Figure 8: Poem Translations of the Ci in Figure 1

Base Ours (SFT) Ours (RL)

0.990

0.010

0.991

0.009

1.000

0.000

Tonal Probablity Mass
Probablity mass on valid tokens
Probablity mass on invalid tokens

Figure 9: The evolution of probability mass assigned to valid vs. invalid tokens at constrained positions during
training.

Page 2

Base Model

虚檐梧影落秋光*，

◎●○○●●○

Parasol shadows fall 
in autumn light,
络纬声中夜气凉*。

⊙○◎●●○○

Night air cools 
amidst cricket songs.
风过空山惊客梦，

⊙○◎●○○●

Mountain winds 
startle a traveler’s 
dream,
月移松籁入诗肠*。

◎●○○●●○

Moonlight and pine 
sighs inspire the soul.

”

“
Prompted

虚檐梧影月摇摇*，

◎●○○●●○

Shadows sway under 
eaves in moonlight,
络纬轻声入夜宵*。

⊙○◎●●○○

Soft cricket chirps 
drift through the night.
寒光透壁秋光老，

⊙○◎●○○●

Cold light pierces 
walls as autumn fades,
独对苍山月色遥*。

◎●○○●●○

Alone facing peaks 
and distant moon.

”

“
Constrained

虚槛梧阴月影斜*，

◎●○○●●○

Slanted moonbeams 
through parasol shade,
络丝声里夜凉赊*。

⊙○◎●●○○

The night’s chill grows 
with cricket cries.
欲将秋思随云去，

⊙○◎●○○●

Wishing autumn 
thoughts away with 
clouds,
寒色凝成万壑霞*。

◎●○○●●○

Cold mist gathers in 
the deep valleys.

”

“
Ours

夜色秋光澹不欢*，

◎●○○●●○

Dull night and 
joyless autumn light,
一声络纬倚栏干*。

⊙○◎●●○○

A lone cricket chirps 
by the rail.
虚檐弄碎梧桐影，

⊙○◎●○○●

Eaves break the 
parasol tree shadows,
满地清寒月露漙*。

◎●○○●●○

Heavy dew and cold 
frost mask the 
ground.

”

“
Deepseek

“虚檐人静夜光幽*，

◎●○○●●○

Quiet eaves under a 
dim night glow,
络纬啼残一叶秋*。

⊙○◎●●○○

Crickets cry for the 
falling leaves.
十二阑干梧影瘦，

⊙○◎●○○●

Thin shadows lean 
against the rails,
月明何处不关愁*。

◎●○○●●○

Nowhere is free of 
sorrow under this 
moon.

”
Figure 10: Extra case of qualitative comparison of genereted pieces. Red characters denote tonal, rhyme, or
grammatical errors.
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