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Abstract

Classical Chinese poetry generation and eval-
uation with Large Language Models (LLMs)
face two intertwined challenges: existing gen-
eration benchmarks rely on simplistic keyword
inputs devoid of literary context, and no ground-
truth benchmark exists for objectively validat-
ing poetry evaluation methods. We present
a comprehensive framework addressing both
challenges. On the generation side, we con-
struct Honglou-Poem, the first narrative-driven
poetry generation benchmark derived from
Dream of the Red Chamber, where each en-
try provides rich author personas and narra-
tive backgrounds—moving far beyond tradi-
tional keyword-to-poem paradigms. A “Digi-
tal Poetry Party” pipeline evaluates 12 state-
of-the-art LLMs in this challenging setting.
On the evaluation side, we introduce Poetry-
Tree, a benchmark with axiomatically ordered
quality levels created through systematic merit
degradation, providing objective ground truth
for evaluator validation. Leveraging Poetry-
Tree as a training signal, we employ GRPO
reinforcement learning with Spearman’s cor-
relation as the reward to train a dedicated
poetry evaluation model, Poet-4B. Our Poet-
4B achieves a Spearman’s ρ of 0.8253, dra-
matically improving from the base model’s
0.2929 and closely approaching the best closed-
source model GLM-4.6 (0.8764) with over
100× fewer parameters—a gap of only 0.051
in Spearman’s ρ. We release all benchmarks,
trained models, and a leaderboard to facili-
tate future research. Our code and data are
available at https://github.com/Tencent/
digitalhuman/tree/main/POET

1 Introduction

Poetry parties (诗会) were a cornerstone of classi-
cal Chinese literary culture, where scholars gath-
ered to compose poetry inspired by shared themes,

∗Correspondence to: sheny76@mail.sysu.edu.cn.

landscapes, or narratives. These gatherings were so-
phisticated intellectual exchanges involving compo-
sition, critique, and appreciation, with each poem
emerging from a rich tapestry of context—the
poet’s personal experiences, immediate circum-
stances, and cultural milieu. Both the creation and
judgment of poetry were integral to these events,
and we argue that the same dual perspective is es-
sential for advancing LLM-based poetry research.

The advent of Large Language Models (LLMs)
has opened new possibilities for classical poetry
generation (Tan et al., 2025; Song et al., 2025).
However, two fundamental bottlenecks persist.

On the generation side, existing benchmarks
reduce the creative act of poetry composition to
simplistic inputs—a single keyword, a topic phrase,
or a fixed template (Liu et al., 2018; Ma et al.,
2023). This stands in stark contrast to how poetry
was actually composed: grounded in rich narra-
tive contexts, authored by individuals with distinct
personalities and emotional states. No benchmark
captures this contextual richness, making it impos-
sible to meaningfully assess whether LLMs can
truly compose poetry in the way human poets once
did.

On the evaluation side, automated metrics such
as BLEU (Papineni et al., 2002) and ROUGE (Lin,
2004) fail to capture the aesthetic value central to
poetic artistry (Gonçalo Oliveira, 2017), while hu-
man evaluation is costly and unreliable (Sawicki
et al., 2025). More fundamentally, no ground-truth
benchmark exists with axiomatically defined qual-
ity levels, making it impossible to rigorously vali-
date any evaluation method. Recent work has ex-
plored using LLMs as evaluators, but open-source
models perform substantially below state-of-the-art
closed-source models in poetry evaluation (e.g., the
base Qwen3-4B achieves only 0.2929 Spearman’s
ρ on our benchmark, compared to 0.8764 for the
best closed-source model).

These two challenges are deeply connected:
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Figure 1: Overview of our framework. Left : The Honglou-Poem benchmark extracts poems from Dream of the
Red Chamber and enriches each entry with narrative backgrounds, author personas, and scene descriptions. Right:
Poetry-Tree is constructed by first extracting advantages from expert analyse, then progressively removing each
merit via LLM, forming a quality-ordered “poetry tree”. Middle: The concrete setting bridging generation and
evaluation—LLMs compose poems under the same narrative context, and the poems are ranked by quality (darker
poem nodes Pi indicate lower quality). Bottom: The training pipeline for Poet-4B, our dedicated evaluation model
trained with GRPO on Poetry-Tree, achieving performance rivaling top closed-source models.

without rigorous evaluation, we cannot measure
generation progress; without challenging genera-
tion benchmarks, evaluation research lacks mean-
ingful test scenarios. To address both challenges
in a unified framework, we make the following
contributions:

• We construct Honglou-Poem, the first narrative-
driven poetry generation benchmark from Dream
of the Red Chamber, providing rich author per-
sonas and narrative backgrounds that move far
beyond simplistic keyword inputs. We design a
“Digital Poetry Party” pipeline and benchmark 12
state-of-the-art LLMs.

• We introduce Poetry-Tree, a novel evaluation
benchmark with axiomatically ordered quality
levels created by systematically degrading spe-
cific poetic merits, providing the first objective
ground truth for poetry evaluator assessment.

• We propose a GRPO-based training method
that leverages Poetry-Tree as a training signal
with Spearman’s correlation as the reward func-
tion, yielding Poet-4B, our dedicated poetry eval-
uation model. Poet-4B achieves Spearman’s
ρ=0.8253, closely approaching the best closed-

source model GLM-4.6 (ρ=0.8764, a gap of only
0.051) with over 100× fewer parameters.

2 Poetry Generation

2.1 Honglou-Poem: Dataset Construction

Traditional poetry generation datasets provide only
isolated poems or simple keyword annotations such
as a single topic word or a seasonal phrase. While
such settings are useful for studying surface-level
fluency, they fundamentally fail to capture the con-
ditions under which classical Chinese poetry was
actually composed: deeply embedded in narrative
context, authored by individuals with specific per-
sonalities, social standings, and emotional states.

To bridge this gap, we construct the Honglou-
Poem benchmark from Dream of the Red Chamber
(红楼梦), an 18th-century Chinese masterpiece
widely regarded as the pinnacle of Chinese liter-
ary fiction. The novel is uniquely suited for this
purpose: it contains 160 classical poems (after fil-
tering) composed by more than 20 distinct fictional
characters, each with richly developed personali-
ties, and every poem arises from a specific narrative
occasion—a poetry party, a seasonal celebration, or
a moment of personal reflection. Our construction
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pipeline has three stages:

Stage 1: Poem Extraction. Let the novel be
partitioned into chapters T = {T1, . . . , TN}
(N=120). For each chapter Ti, an LLM Mextract
extracts all embedded poems:

Pi = Mextract(Ti) = {p(i)1 , p
(i)
2 , . . . , p

(i)
ki
} (1)

We apply rule-based post-processing to filter prose
passages misidentified as poetry and to merge po-
ems split across paragraphs, yielding a clean set of
160 poems.

Stage 2: Context Enrichment. Since the poems
in Dream of the Red Chamber already exist within
the novel, our task in this stage is retrospective:
given the known poem p

(i)
j and its surrounding nar-

rative window, we reconstruct the authorial and sit-
uational context that would have motivated its com-
position. For each poem p

(i)
j , we provide Mcontext

with a context window C(i)
j = {Ti−1, Ti, Ti+1}

spanning the current and adjacent chapters to ex-
tract the Narrative Background b

(i)
j :

b
(i)
j = Mcontext(p

(i)
j , C(i)

j ) (2)

The Narrative Background b
(i)
j contains the infor-

mation necessary for poetry composition, which
mainly consists of the following three parts:
• Author Persona: the character’s personality

traits, social status, literary style, and emotional
state at the moment of composition.

• Background: the broader narrative context, in-
cluding ongoing events, interpersonal dynam-
ics, and the social atmosphere surrounding the
poem’s occasion.

• Scene: the immediate situational setting that pre-
cipitates the poem.

Stage 3: Benchmark Compilation. The com-
plete benchmark is DHonglou = {(p, b) | p ∈ P},
containing |DHonglou| = 160 entries. These 160
entries comprise all classical poems remaining af-
ter rule-based filtering of the novel—not an ar-
bitrary subsample—and each carries a manually
costly narrative context (persona, background, and
scene). Compared to existing datasets, Honglou-
Poem uniquely requires models to generate po-
etry in character—respecting the persona’s literary
style, emotional state, and narrative context simul-
taneously. This setting is substantially more chal-
lenging than keyword-conditioned generation, as

models must integrate diverse contextual signals
into coherent poetic expression.

2.2 Digital Poetry Party: Multi-Agent
Generation Pipeline

Inspired by the literary gatherings depicted in
Dream of the Red Chamber, we design a “Dig-
ital Poetry Party” where multiple LLMs act as
competing poets, each assuming the same char-
acter persona and narrative context. For each entry
(p, b) ∈ DHonglou, each model Lk generates a poem
p̂k = Lk(π(b)) conditioned on identical contex-
tual information, where π(·) denotes the structured
generation prompt.

This design enables controlled comparison: all
models receive exactly the same rich contextual
input, isolating differences in their poetry composi-
tion capabilities. The generation prompts instruct
models to: (1) adopt the specified persona, (2) com-
pose poetry fitting the narrative occasion, and (3)
adhere to the formal constraints of the target po-
etic form (regulated verse, quatrain, or ci lyrics).
Detailed prompts are provided in Appendix D.

We evaluate 12 state-of-the-art LLMs spanning
both closed-source (GLM-4.6, Kimi-k2, Gemini-
2.5-Pro, o3, GPT-5.2, etc.) and open-source cate-
gories. Each model generates poems for all 160
benchmark entries, producing a corpus of 1,920
poems for comparative evaluation. These 1,920
outputs are used only as generation-leaderboard tar-
gets; they are never used to construct Poetry-Tree,
whose roots are the canonical novel poems (Sec-
tion 3.1). The generation results are presented in
Section 4.2.

3 Poetry Evaluation

3.1 Poetry-Tree: Dataset Construction
A fundamental challenge in developing poetry eval-
uation metrics is establishing validity—no gold-
standard benchmark exists for poetry with axiomat-
ically defined quality levels. We introduce Poetry-
Tree, which fills this gap through controlled degra-
dation.

Root Poems and Expert Critiques. Each root
poem p0 is a canonical poem from Dream of the
Red Chamber, paired with a corresponding expert
critique e0 from Cai Yijiang’s Essential Appreci-
ation of the Poetry of Dream of the Red Chamber
(757 characters on average). These critiques ana-
lyze concrete literary merits such as imagery, dic-
tion, emotion, and artistic conception. We write e0
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Algorithm 1 POETRYTREE: Recursive Merit
Degradation with Axiomatic Ordering
Require: Root poem p0 with expert critique e0; max depth

dmax; degradation budget ndeg=5;

Ensure: A tree T and a set of pairwise orderingsO such that
parent ≻ child.

1: function BUILDTREE(p,M0, d, R)
2: if d ≥ dmax then
3: return NULL
4: M ←M0 \R ▷ Exclude already-removed merits

from candidates
5: if |M | = 0 then
6: return NULL
7: v ← CREATENODE(p, d)
8: Msample ← RANDOMSAMPLE(M,min(ndeg, |M |))
9: for all m ∈Msample do

10: p′ ← DEGRADEPOEM(p,m) ▷ LLM removes
merit m with minimal edits (≤15%)

11: v′ ← BUILDTREE(p′,M0, d+ 1, R ∪ {m})
12: if v′ ̸= NULL then
13: ADDCHILD(v, v′)
14: O ← O ∪ {(p ≻ p′)}
15: return v
16: O ← ∅
17: M0 ← EXTRACTMERITS(p0, e0) ▷ LLM extracts

merits from expert critique e0 once
18: T ← BUILDTREE(p0,M0, 0, ∅)
19: return (T ,O)

rather than c0 to avoid collision with the narrative
context window C in Section 2.1.

Merit m. A merit m is a specific literary quality
criterion identified from expert analysis. Merits are
grounded in e0, not generated arbitrarily. Degrada-
tion is criterion-specific: to degrade emotion, the
LLM is instructed to weaken emotional expression
while preserving other qualities; to degrade rhythm,
it modifies tonal or rhyming patterns. Concrete
prompts appear in Appendix Figures 6–7.

Construction. Algorithm 1 describes the recur-
sive construction. Starting from a high-quality root
poem p0 with its expert critique e0, we first extract
the full merit set M0 = EXTRACTMERITS(p0, e0)
once using an LLM grounded in the expert critique.
We then build a tree T where each parent–child
edge corresponds to a controlled decrease in liter-
ary quality. At each recursive node, we reuse the
fixed M0, subtract the already-removed merit set R
to obtain the remaining candidates M = M0 \R,
and sample up to ndeg = 5 merits from M . For
each sampled merit m, we generate a degraded
poem p′ by removing exactly one merit m while
requiring no more than ∼15% character difference.
The recursive construction produces 9,468 root-to-
leaf paths in total. A concrete example of a Poetry-

Tree, including the character-level degradation that
breaks a rhyme scheme, is provided in Appendix C.

Axiomatic Quality Ordering. Quality is not in-
dependently scored by humans at each construction
step. It is axiomatically defined by construction: re-
moving one literary merit while minimally editing
the text produces a strictly lower-quality variant.
This yields objective pairwise orderings without
expensive per-poem human ratings at scale. The
tree induces a partial order: for every parent–child
pair (p, p′), p ≻ p′ by construction. Collecting
root-to-leaf paths yields ordered groups; our final
Poetry-Tree contains 9,468 such groups.

Human Expert Validation. To verify that merit
removal produces perceptually meaningful quality
differences, we conducted a literary expert study.
We sampled 50 Poetry-Tree groups, randomly se-
lected a parent–child pair from each group, and
asked two graduate students specializing in classi-
cal Chinese literature which poem has higher liter-
ary quality. Experts prefer the parent poem 86% of
the time (Cohen’s κ=0.70 with the Poetry-Tree or-
dering; inter-annotator κ=0.722). Disagreements
concentrate on artistic conception and diction—
the higher-order dimensions where trained eval-
uators score highest (Table 4). Human experts find
subtle high-level degradations harder to articulate,
whereas models trained on expert critiques capture
these dimensions more reliably.

Data Usage and Splits. Poetry-Tree is built from
canonical novel poems with expert critiques, not
from the 1,920 LLM-generated poems. The 8,468 /
1,000 split has no overlap: Poet-4B is trained only
on the training partition and validated only on the
held-out test set. Table 6 in Appendix A lists each
resource and its role.

3.2 Expert-Persona Evaluation via ICL
To enable LLM-based evaluation that captures the
nuanced aesthetic qualities of poetry, we propose
an expert-persona approach grounded in profes-
sional literary criticism.

Literary Expert Critic Dataset. We curate a
dataset E = {(pref

i , ei)}Ki=1 of expert poetry cri-
tiques from Dream of the Red Chamber. Each
entry pairs a poem pref

i with a detailed critique
ei by renowned literary scholars, covering merits,
flaws, imagery, emotional expression, and techni-
cal craftsmanship. The average critique length is
757 characters.
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In-Context Learning. Given candidate poems
G = {p̂1, . . . , p̂M}, we construct prompt
Ψ(G, Esample) by sampling n=5 expert critiques as
demonstrations. We implement Batch Evaluation
where the judge receives all poems simultaneously
for comparative ranking R = J (Ψ(G, Esample)),
with poems in randomized order to mitigate posi-
tion bias. The expert-persona prompt (Appendix
Figure 8) instructs the judge to compare can-
didates across the eight Poetry-Tree dimensions
simultaneously—rhythm, emotion, imagery, struc-
ture, diction, implication, rhetoric, and artistic
conception—rather than a single surface metric.

3.3 GRPO-Based Poetry Evaluation Model

While the expert-persona ICL approach achieves
strong results with powerful closed-source models
(e.g., GLM-4.6: ρ=0.8764), open-source models
perform poorly in this setting (Table 1). This moti-
vates training dedicated evaluation models.

Motivation. Our experiments reveal a striking
evaluation gap: most open-source models achieve
near-zero or even negative Spearman’s correla-
tion on Poetry-Tree (e.g., base Qwen3-4B: 0.2929,
LLaMA-3.1-70B: −0.0804). This indicates that
general-purpose LLMs fundamentally lack the abil-
ity to discriminate poetry quality—a specialized
capability that must be explicitly trained.

Training Data Construction. We leverage the
training partition of Poetry-Tree (8,468 groups) as
training data. Each sample consists of a group of 5
poems at different degradation depths sharing the
same narrative context. The input presents these
poems (in randomized order) with instructions to
produce a quality ranking. The ground-truth rank-
ing is determined by the axiomatic depth ordering
(lower depth = higher quality).

Reward Function. We use Spearman’s rank cor-
relation coefficient ρ between the model’s predicted
ranking and the ground-truth depth ordering as the
reward signal:

r = ρ(rpred, rgold) = 1− 6
∑n

i=1 d
2
i

n(n2 − 1)
(3)

where di is the difference between predicted and
gold ranks for poem i, and n=5 is the group size.
This reward ranges from −1 (perfectly inverted) to
+1 (perfect match), directly optimizing the metric
we care about.

GRPO Training. We employ Group Relative
Policy Optimization (GRPO) (Shao et al., 2024)
to train the evaluation model. For each training
sample x, GRPO samples a group of candidate re-
sponses {y1, . . . , yG} from the current policy πθ,
computes the reward ri for each response yi us-
ing the Spearman-based reward defined above, and
updates the policy to increase the probability of
higher-reward responses. The training objective is:

LGRPO = −E
[ G∑

i=1

Ai log πθ(yi | x)

− β DKL(πθ∥πref)

]
(4)

where β controls the KL penalty against the refer-
ence policy πref, and Ai is the group-relative advan-
tage derived from the reward ri:

Ai =
ri −mean({r1, . . . , rG})

std({r1, . . . , rG})
(5)

Intuitively, responses with above-average Spear-
man’s ρ (i.e., better poetry rankings) receive posi-
tive advantages and are reinforced, while responses
with below-average correlation are suppressed.
This directly connects our Spearman reward r to
the policy gradient through the advantage Ai.

We train Qwen3-4B-Instruct as the base model,
releasing the resulting model as Poet-4B, to demon-
strate that even a compact model can achieve strong
evaluation performance with targeted training.

4 Experiments

4.1 Poetry Evaluation Results
4.1.1 Experimental Setup
Test Set. We randomly sample 1,000 groups from
the full set of 9,468 groups in the Poetry-Tree
benchmark as the held-out test set, stratified by root
poem to ensure diversity across different source
poems and poetic forms. Each group contains 5
poems at different degradation depths sharing the
same narrative context.

Evaluation Models. We evaluate a compre-
hensive set of closed-source models (GLM-
4.6, DeepSeek-R1, Gemini-2.5-Pro, Kimi-k2),
open-source models of varying scales (Qwen2.5-
72B/14B/7B, Qwen3-8B/4B, GLM-4-9B, Mistral-
7B, LLaMA-3.1-70B), and our GRPO-trained
model Poet-4B. For all models, we apply the
expert-persona ICL approach (batch mode, n=5
expert demonstrations) with randomized candidate
order to mitigate position bias.
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Table 1: Poetry evaluation results on Poetry-Tree bench-
mark (Spearman’s ρ). Our GRPO-trained models dra-
matically outperform their base versions and closely
approach the best closed-source models.

Category Model Spearman’s ρ

Closed-Source

GLM-4.6 0.8764
DeepSeek-R1 0.8260
Gemini-2.5-Pro 0.6519
Kimi-k2 0.6232

Open-Source

Qwen2.5-72B-Instruct 0.5282
Qwen2.5-14B-Instruct 0.5118
Qwen3-8B 0.4094
Qwen3-4B-Instruct 0.2929
GLM-4-9B-Chat 0.0843
Qwen2.5-7B-Instruct 0.0499
Mistral-7B-Instruct −0.0174
LLaMA-3.1-70B-Instruct −0.0804

Ours Poet-4B 0.8253

Metrics. We report (i) Spearman’s ρ between
predicted ranks and gold depth-based ranks, which
captures how well the judge preserves the mono-
tonic quality trend even when minor swaps occur,
and (ii) Accuracy, defined as the fraction of groups
for which the predicted ranking exactly matches
the ground-truth depth order.

4.1.2 Main Results
Table 1 presents the main results. Several key find-
ings emerge:

Open-source models largely fail at poetry eval-
uation. Most open-source models achieve Spear-
man’s ρ below 0.5, with several showing near-zero
or negative correlations. LLaMA-3.1-70B and
Mistral-7B perform worse than random, indicat-
ing that general-purpose LLMs fundamentally lack
poetry evaluation ability.

GRPO training dramatically improves a com-
pact model to near closed-source performance.
Poet-4B improves from the base Qwen3-4B’s
0.2929 to 0.8253 (a 2.8× improvement), approach-
ing GLM-4.6 (0.8764) within a gap of only 0.051 in
Spearman’s ρ while using over 100× fewer param-
eters. This demonstrates that targeted RL training
with Poetry-Tree as a training signal can effectively
distill poetry evaluation expertise into a compact,
open-source model.

4.1.3 Ablation: Evaluation Strategy and
Expert Knowledge

Table 2 presents the ablation results on GLM-4.6
with additional models in Appendix B.2.

Batch evaluation significantly outperforms

separate evaluation. Batch mode achieves 81.64%
accuracy vs. 47.60% for separate mode, confirm-
ing that comparative assessment is far more reliable
than isolated judgment. The depth-wise rankings
further support this: batch-with-expert achieves the
strongest discrimination (D1: 1.26 vs. D5: 4.73).

Expert knowledge substantially improves
batch evaluation. Adding expert persona boosts
batch accuracy from 70.40% to 81.64% and Spear-
man’s ρ from 0.7575 to 0.8764. Interestingly, ex-
pert persona provides minimal benefit in separate
mode, suggesting that expert persona is most effec-
tive when enabling direct comparative reasoning.

4.1.4 Ablation: Effect of Expert
Demonstrations on GRPO Training

Table 3 isolates a single factor. The w/o expert and
w/ expert columns are both GRPO-trained; only
the presence of expert demonstrations in the train-
ing prompt differs. Both GRPO variants outper-
form their base models (Qwen3-4B: 0.29→0.46;
Qwen2.5-7B: 0.05→0.60), confirming that GRPO
is effective but bounded without external knowl-
edge: the w/o-expert variants plateau well below
w/ expert (0.46 vs. 0.83 for Qwen3-4B). If the
model had merely memorized Poetry-Tree’s degra-
dation structure (e.g., “shorter edits = worse”),
removing expert demonstrations would not cause
such a large drop (0.83→0.46). The gap indicates
that the model succeeds by internalizing expert
aesthetic criteria—diction, imagery, and artistic
conception—rather than surface-level degradation
cues. Reward-signal feedback alone cannot instill
such appreciation, highlighting the broader need to
incorporate literary corpora into LLM pre-training.

4.1.5 Impact of Poem Length on Evaluation
We quantify evaluation difficulty using a per-poem
score:

s(p) =

{
+1 if r = r∗

−|r − r∗| if r ̸= r∗
(6)

where r∗ is the true rank and r is the predicted rank.
A higher average s(p) indicates that the evaluator
ranks poems in that group more correctly.

We further investigate whether poem length
affects evaluation difficulty. Figure 2 reveals a
clear positive correlation between poem length and
evaluation performance: longer poems are consis-
tently easier for the evaluator to rank correctly than
shorter ones.
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Table 2: Ablation study on GLM-4.6: impact of evaluation mode and expert persona on Poetry-Tree.

Mode Expert Accuracy Spearman’s ρ Average Ranking by Depth

D1 D2 D3 D4 D5

Batch ✗ 0.7040 0.7575 1.60 2.08 2.93 3.73 4.55
Batch ✓ 0.8164 0.8764 1.26 2.08 2.96 3.90 4.73
Separate ✗ 0.4760 0.5794 1.98 2.35 2.83 3.56 4.21
Separate ✓ 0.4752 0.5001 1.88 2.54 2.99 3.50 3.90

Table 3: Effect of expert demonstrations in GRPO train-
ing prompts (Spearman’s ρ). All three columns use the
same data: Base is the untrained model; w/o expert and
w/ expert are both GRPO-trained on training set, dif-
fering only in whether expert-critique demonstrations
appear in the training prompts.

Model Base w/o expert w/ expert

Qwen2.5-7B-Instruct 0.0499 0.5979 0.8162
Qwen3-4B-Instruct 0.2929 0.4579 0.8253
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Figure 2: Evaluation performance by poem length. Each
bubble represents a length group; the x-axis is poem
length (number of characters), the y-axis is the average
score s(p), and bubble size indicates the number of
poems in that group.

Shorter poems are harder to evaluate due to
higher information density. In five-character qua-
trains (only 20 characters), each character carries
dense semantic and aesthetic weight, so degrading
a single merit produces subtle, diffuse changes that
are difficult to detect. In contrast, longer poems
(e.g., ci lyrics exceeding 50 characters) provide
richer textual context, making merit removal pro-
duce more detectable local disruptions.

4.1.6 Merit-Specific Evaluation Difficulty
In Poetry-Tree, each child poem degrades a specific
merit along one of eight dimensions, so evaluation
is inherently multidimensional. We measure diffi-
culty across these dimensions using the score s(p)

Table 4: Evaluation difficulty by poetic merit. Higher
scores indicate that expert-grounded evaluators more
reliably detect quality differences on that dimension—
i.e., expert aesthetic priority, not absolute hardness.

Merit Type Score

Rhythm (ya yun) -0.2598
Emotion (qing gan) -0.0264
Imagery (yi xiang) 0.0084
Structure (jie gou) 0.0178
Diction (zi ci) 0.1286
Implication (liu bai) 0.1337
Rhetoric (xiu ci) 0.1980
Artistic Conception (yi jing) 0.2130

defined in Eq. 6, aggregated per merit type.
Table 4 should not be read as claiming that

rhythm is “harder to evaluate” in absolute terms.
Rather, it reflects expert aesthetic priorities:
expert-grounded evaluators weight artistic concep-
tion and diction more heavily than surface rhythm,
because literary critics treat rhyme as a baseline
expectation rather than a distinguishing merit.

Rhythm scores lowest (score: −0.2598) even
though it is the dimension most readily identified
by traditional automated metrics. Correspondingly,
higher-order dimensions—artistic conception,
rhetoric, implication, and diction—receive the
highest scores. These dimensions involve mood
beyond literal meaning, strategic understatement,
and lexical resonance—features inaccessible to n-
gram metrics. The score distribution thus shows
that the framework internalizes expert aesthetic
priorities.

This reading is corroborated by the human study
in Section 3.1: overall agreement with Poetry-Tree
is high (86%, κ=0.70), yet disagreements concen-
trate on artistic conception and diction—exactly
the dimensions with the highest scores in Table 4.
Deeper qualities are harder for humans to articu-
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late, but are precisely what expert-trained models
capture well.

4.2 Poetry Generation Results

4.2.1 Experimental Setup
Models Under Test. We evaluate 12 state-of-
the-art LLMs (Hurst et al., 2024; Team et al.,
2025a; Liu et al., 2024; Comanici et al., 2025; An-
thropic, 2025; Team et al., 2025b; Zeng et al., 2025)
spanning both Chinese-native models (GLM-4.6,
Kimi-k2, Hunyuan-turbos, DeepSeek series) and
internationally-oriented models (Gemini-2.5-Pro,
Gemini-3-Pro, o3, GPT-5.2, GPT-4o, Claude-4.5-
Sonnet, Grok-4).

Primary Judge: Poet-4B. Having validated
Poet-4B on the held-out Poetry-Tree test set
(ρ=0.8253; Table 1), we adopt it as the sole judge
of all 1,920 generated poems. Poet-4B is a sepa-
rately trained 4B evaluator that did not generate
any candidate poem, so evaluator–generator over-
lap does not arise. We keep the expert-persona
prompt (n=5 demonstrations) and randomize can-
didate order. Averaging four closed-source judges—
two of which (Gemini ρ=0.6519, Kimi ρ=0.6232)
are substantially less reliable than Poet-4B—would
dilute rather than improve the ranking. The origi-
nal ensemble, used before Poet-4B was trained, is
reported in Appendix B.1; the two leaderboards are
highly consistent (the same three models occupy
the top three).

4.2.2 Results and Analysis
Table 5 presents the Poet-4B generation leader-
board alongside each model’s Chatbot Arena over-
all ranking. The overall ranking is highly consis-
tent with the original ensemble: GLM-4.6, Gemini-
2.5-Pro, and Kimi-k2 remain the top three, and
Chinese-native models still occupy the lead (GLM-
4.6). Two key findings continue to hold:

(1) Chinese-native models exhibit a clear ad-
vantage in poetry generation. Not every Chinese-
native model excels—DeepSeek-R1 and DeepSeek-
V3.1 remain near the bottom—but GLM-4.6 leads
with a 27.9% Top-1 rate and Kimi-k2 stays in the
top three (16.5%). This demonstrates that models
with strong Chinese cultural and linguistic train-
ing possess inherent advantages in classical poetry
composition, even though this advantage is not uni-
versal across all Chinese models.

(2) General reasoning performance does not
predict poetry generation ability. Comparing

Table 5: LLM Leaderboard for narrative-driven poetry
generation on Honglou-Poem. Rankings are produced
by Poet-4B. Arena rank is included for comparison.

Model Avg. Top-1 Arena
Rank Rate(%) Rank

GLM-4.6 3.32 27.9 10
Gemini-2.5-Pro 3.39 27.3 1
Kimi-k2 3.86 16.5 11
GPT-5.2 4.64 5.5 8
o3 5.16 3.7 2
Gemini-3-Pro 5.63 14.5 7
Claude-4.5-Sonnet 6.33 2.5 2
Hunyuan-turbos 6.96 2.4 49
Deepseek-V3.1 9.40 0 11
Deepseek-R1 9.44 0 11
Grok-4 9.56 0 12
GPT-4o 9.89 0 2

our poetry leaderboard with the Chatbot Arena
rankings reveals a striking discrepancy: models
that dominate general-purpose benchmarks per-
form poorly on poetry generation, and vice versa.
For instance, o3 (Arena #2) and Claude-4.5-Sonnet
(Arena #2) rank in the middle or bottom tier for po-
etry, and GPT-4o (Arena #2) ranks last. Conversely,
GLM-4.6 (Arena #10) and Kimi-k2 (Arena #11)
remain at the top despite modest Arena positions.
Gemini-2.5-Pro (Arena #1) is a partial exception—
it rises to second under Poet-4B—yet the broader
misalignment persists. This indicates that com-
posing classical Chinese poetry—requiring liter-
ary conventions, persona modeling, and aesthetic
expression—is a distinct capability that current
general-purpose training does not adequately ad-
dress.

5 Related Work

5.1 Poetry Generation

Early poetry generation relied on rule-based sys-
tems (Franky, 2013; Gervás, 2001) and neural ap-
proaches using RNNs (Wang et al., 2016) and
LSTMs (Yang et al., 2018). Pre-trained language
models (Vaswani et al., 2017; Radford et al.,
2018) further elevated generation quality, with
both general-purpose and poetry-specialized mod-
els (Tan et al., 2025; Huang and Shen, 2025;
Song et al., 2025) showing strong capabilities.
These support diverse control mechanisms includ-
ing keyword-based, sentiment-conditioned, and
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image-to-poetry synthesis (Ma et al., 2023; Yi et al.,
2020; Liu et al., 2018). However, all existing gen-
eration benchmarks operate on shallow inputs—a
single keyword, a topic phrase, or a visual prompt—
without requiring models to integrate narrative con-
text, author personas, or emotional states into the
creative process. This stands in stark contrast to
how classical poetry was actually composed.

5.2 Poetry Evaluation

Traditional metrics (BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), Jaccard (Jaccard, 1901))
are repeatedly shown inadequate for poetry
(Gonçalo Oliveira, 2017). Human evaluation suf-
fers from cost and unreliability (Sawicki et al.,
2025). Recent work explores LLMs as evaluators,
but existing approaches employ generic personas.
Our work introduces expert-persona emulation and
Poetry-Tree—the first benchmark with axiomati-
cally ordered quality levels for objectively validat-
ing poetry evaluation methods.

6 Conclusion

In this paper, we presented a comprehensive frame-
work addressing both generation and evaluation of
classical Chinese poetry. On the generation side,
Honglou-Poem is the first narrative-driven poetry
generation benchmark, requiring models to com-
pose poetry grounded in rich author personas and
narrative contexts—a substantially more challeng-
ing setting than existing keyword-based paradigms.
Our generation leaderboard across 12 LLMs, now
judged by the validated Poet-4B evaluator, reveals
that Chinese-native models with strong cultural
understanding significantly outperform reasoning-
oriented models. On the evaluation side, Poetry-
Tree provides the first benchmark with axiomati-
cally ordered quality levels for objectively validat-
ing poetry evaluators. Leveraging Poetry-Tree as a
training signal, our GRPO-based training method
produces Poet-4B, our dedicated poetry evaluation
model, achieving Spearman’s ρ=0.8253—closely
approaching the best closed-source model (0.8764,
gap of 0.051) and dramatically improving upon the
base model’s 0.2929.

Our experiments reveal two key insights: (1)
general-purpose LLMs largely lack poetry evalua-
tion ability, but targeted reinforcement learning can
bridge this gap—Poet-4B improves from 0.2929
to 0.8253; and (2) shorter poems are substantially
harder to evaluate than longer ones due to higher

information density. We release all benchmarks,
trained models, and code to facilitate future re-
search in automated literary evaluation.

7 Limitations

Our work takes a step toward rigorous, scalable
evaluation of classical Chinese poetry generation
and introduces the first narrative-driven generation
benchmark grounded in rich literary context. Nev-
ertheless, due to the inherently subjective nature of
literary works, several limitations remain.

Instantiation on a single literary source.
Honglou-Poem and Poetry-Tree are currently built
from Dream of the Red Chamber. The broader con-
tribution is a complete pipeline—data synthesis,
inference, and training—that applies to any literary
work embedding poetry in narrative context, includ-
ing Flowers in the Mirror, Eugene Onegin, and The
Tale of Genji. Each source needs only (1) poems in
narrative, (2) expert critiques, and (3) LLM-guided
merit extraction with controlled degradation. The
160 Honglou-Poem entries are all filtered poems
in the novel, not a subsample; Poetry-Tree already
provides 9,468 ordered groups for training. We
leave end-to-end replication on additional works to
subsequent research.

Training-method comparisons. We train Poet-
4B with GRPO and a Spearman-ρ reward because
the task is inherently ranking-based (batch com-
parison of five poems). Comparisons with super-
vised fine-tuning and preference methods such as
DPO would further situate this choice, but they
require substantial additional compute. We will
incorporate richer training methods and baselines
in subsequent work.
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Table 6: Data resources and usage. Poetry-Tree is not
constructed from the 1,920 generated poems.

Resource Size Role

Honglou-Poem 160 entries Generation
inputs

Generated poems 1,920 Leaderboard
targets only

Expert critiques ∼160 Merit ex-
traction for
roots

Poetry-Tree train 8,468 groups Poet-4B
GRPO
training

Poetry-Tree test 1,000 groups Evaluator
validation

Technical Appendix

A Implementation Details

Training Details. Poet-4B is trained on 8×H20
GPUs using the VERL training platform. We em-
ploy GRPO as the training algorithm with a batch
size of 512, a maximum context length of 4,096 to-
kens, and train for 4 epochs. The reward function is
Spearman’s rank correlation coefficient ρ between
the model’s predicted ranking and the ground-truth
depth ordering, as described in Section 3.3.

Expert Critique Source. We extract expert cri-
tiques e0 from the literary commentary collection
by Cai Yijiang,1 and use these critiques as the foun-
dation for constructing the Poetry-Tree benchmark.
Each critique provides detailed analysis of a poem’s
literary merits, covering imagery, emotional ex-
pression, diction, and artistic conception, which
grounds the merit extraction step in Algorithm 1.
All datasets are included in the supplementary ma-
terials and will be open-sourced in a subsequent
release.

Data Resources and Usage. Table 6 clarifies that
Poetry-Tree is constructed from canonical novel
poems, not from the 1,920 LLM-generated outputs,
and that the train/test split has no overlap.

B Detailed Experiment Results

B.1 Results on Poem Generation

1Cai, Yijiang. 红楼梦诗词精华鉴赏. Changjiang Litera-
ture & Art Press, 2021.

The tables below are the original generation
rankings under the four-judge ensemble (Kimi-
k2, GLM-4.6, Gemini-2.5-Pro, DeepSeek-R1), in-
cluded for comparison with the Poet-4B leader-
board in Table 5. The top three models are the
same under both protocols. Lower average ranks
indicate better performance.

Table 7: LLM Leaderboard ranked by evaluator Gemini-
2.5-Pro. Lower Average Rank is better.

Model Average Rank

Kimi-k2 3.18
GLM-4.6 4.15
Gemini-2.5-Pro 4.34
GPT-5.2 4.35
o3 4.55
Gemini-3-Pro 5.50
Claude-4.5-Sonnet 6.41
Hunyuan-turbos 6.70
Grok-4 9.53
DeepSeek-V3.1 9.76
GPT-4o 9.76
DeepSeek-R1 9.79

Table 8: LLM Leaderboard ranked by evaluator GLM-
4.6. Lower Average Rank is better.

Model Average Rank

Kimi-k2 3.41
o3 4.17
GLM-4.6 4.60
GPT-5.2 4.67
Gemini-2.5-Pro 4.96
Gemini-3-Pro 5.62
Claude-4.5-Sonnet 6.45
Hunyuan-turbos 6.73
GPT-4o 8.99
DeepSeek-V3.1 9.36
Grok-4 9.40
DeepSeek-R1 9.45

B.2 Validation on the Poetry-Tree Benchmark
Tables 11–13 present the ablation study results for
Kimi-k2, Gemini, and DeepSeek-R1 on the Poetry-
Tree benchmark, respectively. Among the three
models, DeepSeek-R1 demonstrates the strongest
capability in poetry quality assessment, achieving
70.12% accuracy and 0.8260 Spearman’s correla-
tion in the batch-with-expert setting. Across all
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Table 9: LLM Leaderboard ranked by evaluator Kimi-
k2. Lower Average Rank is better.

Model Average Rank

Gemini-2.5-Pro 3.7
o3 3.7
Kimi-k2 4.0
GPT-5.2 4.9
GLM-4.6 5.6
Hunyuan-turbos 5.95
Claude-4.5-Sonnet 6.25
Gemini-3-Pro 8.6
DeepSeek-V3.1 8.65
GPT-4o 8.75
DeepSeek-R1 8.85
Grok-4 9.05

Table 10: LLM Leaderboard ranked by evaluator
DeepSeek-R1. Lower Average Rank is better.

Model Average Rank

Kimi-k2 3.69
o3 4.08
GLM-4.6 4.53
Gemini-2.5-Pro 4.68
GPT-5.2 4.74
Claude-4.5-Sonnet 6.43
Gemini-3-Pro 6.59
Hunyuan-turbos 6.59
Grok-4 8.41
GPT-4o 9.05
DeepSeek-R1 9.44
DeepSeek-V3.1 9.77

models, batch evaluation consistently outperforms
separate evaluation, confirming that comparative
assessment is more reliable than isolated judgment.
However, a notable exception occurs in the separate
evaluation setting for both Kimi-k2 and DeepSeek-
R1, where adding expert persona leads to perfor-
mance degradation. This suggests that when evalu-
ating poems individually, the expert persona may
cause the model to focus excessively on mimicking
expert-like critique styles rather than objectively
discriminating poetry quality, resulting in inconsis-
tent and unreliable judgments.

C Examples

Figure 3 presents a concrete example of a Poetry-
Tree. Each node in the tree represents a poem,

Figure 3: A concrete example of a Poetry-Tree. Start-
ing from the root poem (top), each child node is de-
rived from its parent by removing a specific poetic merit
through minimal character-level edits (≤15% character
difference), resulting in a strictly lower-quality poem.
Each edge is annotated with the degraded merit, yield-
ing an axiomatically ordered quality hierarchy from root
to leaves.

and each parent–child edge corresponds to a single
targeted degradation: one specific poetic merit is
removed via minimal character-level edits while
all other merits are held fixed. For instance, in the
transition from the second to the third layer, the
character “辞” (cí) at the end of a line is replaced
by “言” (yán), which weakens the rhythmic quality
of the verse while leaving its imagery, diction, and
other literary dimensions intact.

To see why this single substitution disrupts
rhythm, note that the line-ending characters of the
other lines in the parent poem are “宜” (yí), “仪”
(yí), and “时” (shí)—all sharing the -i vowel rhyme
with “辞” (cí). Replacing “辞” with “言” (yán)
breaks this rhyme scheme, as -an does not rhyme
with -i, thereby degrading the poem’s rhythmic co-
herence. This targeted substitution strategy ensures
that every child poem is strictly inferior to its par-
ent in exactly one dimension—guaranteeing the
axiomatic quality ordering that makes Poetry-Tree
a reliable ground-truth benchmark for evaluator
validation.

D Prompts

Figures 4–8 present the three types of prompts
used in our framework. The background extrac-
tion prompt (Figure 4) summarizes narrative con-
text from the source text, including key charac-
ters, events, and emotional states. The generation
prompt (Figure 5) instantiates a Poetry Party set-
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Table 11: Ablation study results on Kimi-k2. The model shows moderate performance with expert persona improving
batch evaluation but struggling in separate mode.

Mode Expert Accuracy Spearman’s ρ Average Ranking by Depth

D1 D2 D3 D4 D5

Batch ✗ 0.3769 0.3853 2.51 2.39 2.74 3.37 3.96
Batch ✓ 0.5285 0.6232 1.87 2.26 2.91 3.66 4.30
Separate ✗ 0.2880 0.2370 2.90 2.57 2.93 3.18 3.71
Separate ✓ 0.3499 0.4054 2.11 2.72 2.95 3.36 3.80

Table 12: Ablation study results on Gemini 2.5 pro. The model demonstrates balanced performance with expert
persona providing consistent improvements in both evaluation modes.

Mode Expert Accuracy Spearman’s ρ Average Ranking by Depth

D1 D2 D3 D4 D5

Batch ✗ 0.4975 0.5188 2.15 2.26 2.78 3.55 4.11
Batch ✓ 0.5497 0.6519 1.73 2.26 2.93 3.72 4.25
Separate ✗ 0.4233 0.5321 2.18 2.40 2.93 3.57 4.15
Separate ✓ 0.4570 0.4965 1.95 2.64 3.07 3.58 3.88

Table 13: Ablation study results on DeepSeek-R1. The model achieves strong performance with expert persona in
batch mode, showing the largest improvement among all tested models.

Mode Expert Accuracy Spearman’s ρ Average Ranking by Depth

D1 D2 D3 D4 D5

Batch ✗ 0.5824 0.6022 1.83 2.30 2.94 3.69 4.16
Batch ✓ 0.7012 0.8260 1.32 2.16 3.02 3.89 4.57
Separate ✗ 0.4776 0.5930 1.65 2.39 3.10 3.60 4.01
Separate ✓ 0.3914 0.4036 2.10 2.68 3.13 3.41 3.71

ting, in which the model generates classical Chi-
nese poetry grounded in the extracted background.
The expert-persona prompt (Figure 8) instructs the
model to act as a literary expert and perform com-
parative evaluation based on explicit aesthetic cri-
teria.
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Prompt：
你是《红楼梦》⽂献整理师，请从下⾯的章节中提取诗作的背景。
【章节】
【标题】
【诗歌原⽂】
【正⽂⽚段】
输出包括：

作者分析：这是⼀个字符串，请深⼊分析作者在作此诗时的状态。
作诗背景：这是⼀个字符串，请详细描述诗歌创作的直接背景。

输出：

Figure 4: Background extraction prompt for summarizing narrative context.

Prompt：
你正在参与⼀场古⻛诗会，多位⽂⼈雅客围绕同⼀题⽬轮流作诗，互相交流切磋，尽可能做出优秀的诗，取得诗
会胜利。
请依据给定背景写⼀⾸原创古体诗（五⾔/七⾔/词皆可），题⽬可⾃拟或改写。
须兼顾意境与格律，可适度创新。
**重要：必须返回 JSON 格式**，格式为：
{\"title\": \"题⽬\", \"poem\": \"诗歌正⽂\", \"notes\": \"创作思路与⼿法\"}
不要附加任何额外解释⽂字。
【诗会题旨】
【作诗背景 / 动机】
【作者信息】

Figure 5: Poetry Party generation prompt conditioned on narrative background.

Figure 6: Merit extraction prompt for identifying literary merits from a poem grounded in expert critique evidence.
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Figure 7: Degradation prompt for generating a child poem node in Poetry-Tree.

Prompt：
你是⾦标准参考样本中那位专家。请先深⼊研读以下 5 个⾦标准评点案例，全⾯学习并内化专家的评审⻛格、
评审结构、评审思路、语⾔表达、专业术语、分析⻆度、论述逻辑等所有特征，然后以完全相同的专家⾝份和
⼝吻对下列所有作品⼀次性给出"专家点评"和"整体排名"。
核⼼要求：
1. ⾝份认同：你就是那位专家本⼈，不是模仿者。你的每⼀句话都应该让⼈以为是专家亲笔所写。
2. 全⾯学习：仔细分析参考样本中的以下⽅⾯：
语⾔⻛格：⽤词习惯、句式特点、修辞⼿法、专业术语的使⽤
评审结构：如何开头、如何展开、如何收尾、段落组织⽅式
分析⻆度：从哪些维度切⼊（思想内容、艺术⼿法、格律技巧、意象营造、情感表达等）
论述逻辑：论证思路、观点展开⽅式、例证引⽤⽅式
专业表述：古典诗词评论的专业术语、典故引⽤、⽐较分析等
3. 评审原则： 不要机械罗列维度，要像专家那样⾃然流畅地组织论述，使⽤与专家⼀致的专业术语和表达⽅式，
保持与专家相同的学术深度和鉴赏⽔准
【待评审作品】
【统⼀背景】
【参考样本】

Figure 8: Expert-persona prompt for comparative poetry evaluation.
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