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Abstract

While large language models (LLMs) show
promise in literary translation, Shijing (The
Book of Songs) serves as a rigorous yet under-
explored testbed for testing their limits, given
its linguistic antiquity and complex poetic con-
straints. Automated evaluation in this domain
is currently hindered by a scarcity of multi-
lingual resources and the inadequacy of exist-
ing metrics in capturing both semantic fidelity
and aesthetic quality. In this paper, we bridge
these gaps by curating a Shijing parallel cor-
pus with line-by-line Chinese-English-German
alignments, together with a fine-grained lexi-
cal knowledge base (KB) for archaic expres-
sions. Based on these resources, we propose
a hybrid evaluation framework that integrates
knowledge-driven, rule-based, and LLM-as-
judge metrics. Experimental results show that
our framework achieves significantly higher
human correlation than traditional metrics and
demonstrates high statistical stability. By ap-
plying this framework to evaluate representa-
tive LLMs, we reveal that while top-tier models
like Gemini-2.5-Pro and DeepSeek-3.1 show
potential, achieving semantic precision and
aesthetic sophistication—particularly in lower-
resource directions like German—remains a
persistent challenge. Our code, lexical KB,
and corpus reconstruction protocols are avail-
able at https://github.com/ML-KULeuven/
ShijingLLMTrans.

1 Introduction

Poetry translation is uniquely challenging, requir-
ing the preservation of semantic meaning along-
side stylistic and cultural characteristics. Large lan-
guage models (LLMs) have recently demonstrated
strong performance in literary translation, includ-
ing poetry, often outperforming traditional machine
translation systems in capturing content, tone, and
aesthetic qualities (Wang et al., 2024; Chen et al.,
2025). While promising results have been reported
for modern and Tang-Song poetry, early Chinese

poetry, as exemplified by Shijing (The Book of
Songs), remains largely unexplored, leaving open
questions about LLMs’ ability to handle archaic
lexemes and formulaic structures.

As the earliest collection of Chinese poetry, Shi-
jing dates from the Western Zhou Dynasty to the
Spring and Autumn periods (eleventh to sixth cen-
turies BCE). It stands as the fountainhead of the
Chinese literary tradition and provides an indis-
pensable record of the pre-Qin socio-cultural land-
scape (McNaughton, 1963; Granet, 2015). Trans-
lating this canon poses unique linguistic and cul-
tural challenges that distinguish it from later poetic
forms (see Figure 1 for an example). These chal-
lenges are demonstrated in its sophisticated syn-
tax and imagery design (Yu, 1983; Zhi, 2007), as
well as in expressions deeply embedded in histori-
cal contexts that complicate interpretation through
modern knowledge alone. Consequently, these
multifaceted characteristics render Shijing a com-
pelling case for examining the capacity of LLMs
to perform context-sensitive semantic inference
under linguistic ambiguity, and to achieve genre-
sensitive generation when engaging with archaic
poetic forms.

Beyond the intrinsic linguistic and interpretive
challenges of Shijing, systematic research is hin-
dered by a severe lack of evaluation resources.
Most authoritative translations are restricted to
English, with even fewer in languages like Ger-
man (Song, 2025). Crucially, to our knowledge,
fine-grained lexical resources for cross-lingual ad-
equacy evaluation remain largely absent. Further-
more, existing metrics like BLEU (Papineni et al.,
2002) and COMET (Rei et al., 2020) fall short of
capturing the rigid formal constraints and nuanced
literariness essential to poetry, as they focus on
surface or semantic similarity (Chakrabarty et al.,
2021; Thai et al., 2022; Chen et al., 2025).

To address these gaps, we curate a multilingual
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Figure 1: Illustrative example and framework overview. Left: Shijing example with translation from Waley (1937). ⋆,
underlines, and different colors denote incremental repetitions, rhymes, and different lexical categories, respectively.
Right: Multilingual resources and the hybrid evaluation framework.

parallel corpus for Shijing 1, featuring line-by-line
Chinese-English-German alignments across mul-
tiple authoritative translations. This is comple-
mented by a lexical knowledge base (KB) that
maps linguistically complex and culturally-loaded
archaic expressions to their English and German
equivalents. Leveraging these resources, we pro-
pose a hybrid evaluation framework that integrates
knowledge-driven metrics for semantic accuracy,
rule-based metrics for form and rhyme, and selec-
tive LLM-as-judge scoring for artistic conception.

Our experimental results validate the effective-
ness of the proposed framework. Compared to
existing metrics, our method achieves significantly
higher correlations with human judgments and
robustly consistent system-level rankings across
both languages. Applying this framework to a
benchmark of seven representative LLMs, we find
that while top-tier models such as Gemini-2.5-
Pro (Google DeepMind, 2025) and DeepSeek-
3.1 (DeepSeek, 2025) show promising potential,
achieving high-quality translation remains a per-
sistent challenge for all models. Furthermore, our
analysis reveals a notable performance disparity
between languages, with models consistently un-
derperforming in the lower-resource Chinese-to-
German direction compared to Chinese-to-English.

Our work makes three main contributions: (i)
Multilingual Resources: We curate a Shijing
Chinese-English-German parallel corpus and con-
struct a lexical KB, providing a vital foundation
for cross-lingual research on early Chinese po-
etry; (ii) Hybrid Evaluation Framework: We in-
troduce a multi-dimensional evaluation approach

1Due to copyright restrictions on the specific Shijing edi-
tion and several modern translations, we will release a corpus
reconstruction protocol and representative samples to ensure
reproducibility. Please refer to Appendix A for details.

that combines knowledge-driven, rule-based, and
LLM-based metrics, significantly outperforming
traditional baselines in human correlation; (iii)
LLM Evaluation: We evaluate seven representative
LLMs to reveal their strengths and limitations in ar-
chaic poetry translation, establishing a benchmark
for future cross-lingual research in this domain.

2 Related Work

2.1 Classical Chinese Poetry Resources

Progress in classical Chinese poetry translation has
benefited from parallel corpora, annotated datasets,
and knowledge bases. Chen et al. (2019) released
a corpus of Chinese quatrains annotated with fine-
grained emotion labels, while Li et al. (2021) devel-
oped a parallel dataset of classical Chinese poems
and their modern translations for evaluating seman-
tic understanding. Liu et al. (2020) and Chen et al.
(2025) introduced classical Chinese poetry datasets
enriched with metadata such as authorship, topics,
and historical context. Most of these resources,
however, focus on Tang and Song poetry, leaving
Shijing, a foundational corpus of early Chinese po-
etry, largely underrepresented. We address this gap
by curating a parallel Chinese-English-German cor-
pus for Shijing, together with a multilingual lexical
knowledge base.

2.2 Poetry Translation

Translating poetry requires preserving semantic
meaning, aesthetic style, and cultural resonance,
which poses challenges for conventional machine
translation (Chakrabarty et al., 2021). Early studies
showed that statistical and neural machine trans-
lation models struggled with poetic form, such as
rhyme and meter (Genzel et al., 2010), motivating
style-aware or domain-adapted approaches (Yang
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et al., 2018; Song et al., 2023). Recent work demon-
strates that LLMs achieve promising results in po-
etry translation (Wang et al., 2024; Chen et al.,
2025). Wang et al. (2024) studied modern English
poetry translation into Chinese, while Chen et al.
(2025) focused on Tang and Song poetry into En-
glish. However, translating Shijing, a foundational
corpus of early Chinese poetry, presents distinct
challenges due to its archaic language, dense cul-
tural references, and repetitive structures, making
it an useful testbed for LLM translation abilities.

2.3 Poetry Translation Quality Evaluation

Standard machine translation evaluation metrics
such as BLEU (Papineni et al., 2002), BERTScore
(Zhang et al., 2020), and COMET (Rei et al., 2020)
developed for general-domain translation correlate
poorly with human judgments on literal (Thai et al.,
2022; Zhang et al., 2025) and poetry (Chakrabarty
et al., 2021) translation tasks. In the poetic transla-
tion domain, Genzel et al. (2010) emphasized the
importance of rhyme and meter, using rule-based
computations to optimize these aspects in statisti-
cal machine translation outputs. More recently,
Chen et al. (2025) employed knowledge-driven
metrics for accuracy of classical Chinese poem
translation along with LLM-based judgment for
sound, form, and meaning. Their results indicate
that LLM-based assessment of aesthetic quality
aligns most closely with human evaluations, while
sound and form scores show larger discrepancies.
Our work builds on this line and proposes a hy-
brid evaluation approach that integrate knowledge-
driven, rule-based, and selective LLM-based met-
rics, combining interpretability with the advantages
of LLMs for capturing poetic qualities.

3 Dataset and Resources

3.1 Multilingual Parallel Corpus

Shijing presents a comprehensive picture of social
life in China during the Zhou Dynasty and is tradi-
tionally divided into three sections: Feng (Songs),
Ya (Odes), and Song (Hymns). In this work, we
focus on Feng as a representative example, while
noting that our resource construction and evalua-
tion framework can be readily applied to the re-
maining sections as well as to other poetic corpora.
Feng accounts for more than half of the collection
(160 out of 305 poems) and exhibits a rich diver-
sity of themes and forms. Its vivid depiction of
the emotional experiences and sociocultural reali-

Chinese English German
Unique Tokens 1676 10882 7826
Avg. Tokens / Line 4.1 6.2 5.3
Avg. Lines / Poem 16.3 16.3 16.3
Avg. Tokens / Poem 66.6 100.4 87.1

Table 1: Statistics of the parallel corpus.

ties of commoners has also attracted comparatively
more attention in human translation studies, mak-
ing it particularly suitable for both resource devel-
opment and systematic evaluation (Wagner, 2007;
Kim, 2016).

We curate a multilingual parallel corpus based on
Feng (Cheng and Jiang, 2017), in which all source
poems are in simplified Chinese, to enable cross-
lingual analysis. The corpus contains 160 classi-
cal Chinese poems, each aligned line-by-line with
multiple high-quality human translations by recog-
nized translators. Specifically, each Chinese poem
is aligned with four independent English transla-
tions (Legge, 1871; Jennings, 1891; Waley, 1937;
Xu, 1993) and two independent German transla-
tions (von Strauß, 1880; Simon, 2015), capturing
both the inherent ambiguity and stylistic diversity
of poetic translation. Table 1 presents statistics
of the multilingual parallel corpus. Chinese token
counts are computed at the character level, while
English and German tokens are whitespace-based.
The target-language translations have substantially
larger vocabularies than the Chinese originals, high-
lighting the broader lexical choice space and the
inherent complexity of poetic translation.

3.2 Lexical Knowledge Base
The lexical knowledge base (KB) is constructed
by an expert 2 consulting multiple classical com-
mentaries (Karlgren, 1950; Gao, 2009; Zhu, 2011;
Zhou, 2013; Granet, 2015; Lv, 2015; Cheng and
Jiang, 2017). Each entry corresponds to a word
or multi-character expression in classical Chinese
and includes its associated poem and line, as well
as multiple English and German renderings. The
target-language renderings are provided by the ex-
pert based on source-side semantic interpretations
drawn from these authoritative commentaries. This
design ensures high-quality semantic annotations
that are directly usable for translation evaluation.

The resulting KB contains 1195 entries in to-
tal, averaging 7.5 entries per poem. Entries are
selected based on expert judgment, and only words

2A researcher specialized in the translation of Shijing with
6-year experience.
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or expressions that are linguistically challenging,
prone to confusion, or of particular cultural signif-
icance are included, making the overall coverage
comparable to that of classical commentaries. This
ensures that the KB emphasizes high-value items
that are most informative for evaluating translation
quality. Each entry is classified into one of four
types: tongjia (phonetic loan character) 3, term for
object, culture-specific item, and confusable char-
acter 4. Table 2 provides representative examples
of each category; additional samples are included
in Appendix F.1.

Beyond its role in translation evaluation, the KB
constitutes a curated inventory of archaic lexical-
semantic conventions grounded in authoritative
classical commentaries. Given that early classi-
cal texts share a substantial cultural and conceptual
substrate, the KB may also support tasks involving
related pre-Qin corpora and later poetic traditions
that reuse and reinterpret canonical expressions.
More broadly, it holds potential value as an inde-
pendent linguistic resource for diachronic lexical
analysis, culturally grounded term interpretation,
and systematic error diagnosis in cross-lingual gen-
eration involving early Chinese texts. While the
current version is expert-curated to ensure quality,
we plan to investigate semi-automatic methods for
scaling the KB in future work.

4 Evaluation Framework

Following prior work that characterizes poetry
translation quality in terms of accuracy and literari-
ness (Raffel, 1988; Robinson, 2010), we model the
overall quality score of a translation t as a weighted
combination of these two dimensions:

Ovl(t) = α ·Acc(t) + (1− α) · Lit(t),
where α ∈ [0, 1] controls the relative importance of
the two components. In this work, we set α = 0.5
to treat accuracy and literariness equally, but the
weighting can be adjusted depending on evaluation
priorities. Notably, we apply a zero-score penalty
to all metrics if the translation fails to be rendered
in the target language. Further details on fail trans-
lation detection are provided in Appendix B. In the
following subsections, we describe in detail how
Acc(t) and Lit(t) are computed.

3Tongjia is homophonous or near-homophonous character
employed to convey the semantic meaning of the word it
phonetically represent.

4Confusable character refers to archaic lexeme that is or-
thographically identical to modern Chinese but possess dis-
tinct, often deceptive, meanings.

4.1 Accuracy
We define poem-level accuracy based on the cov-
erage of lexical knowledge base (KB) entries (see
Section 3.2). For a given translation t of source
poem s, accuracy is computed as

Acc(t) =
#matched(t)

#total(s)
,

where #total(s) is the number of KB entries as-
sociated with s, and #matched(t) is the number of
matched entries in the translation.

To determine whether an entry is matched in a
translation, we first align its source line to a cor-
responding target line. Let a source poem contain
Ls lines and its translation contain Lt lines. For
a source line indexed by i ∈ {0, . . . , Ls − 1}, we
approximate its aligned target line index as

ĵ = round

(
i

Ls
· Lt

)
,

where round(·) denotes standard rounding to the
nearest integer. Given the creative nature of po-
etic translation, we define a local search window
W(ĵ) = {ĵ−1, ĵ, ĵ+1}∩{0, . . . , Lt−1}, to allow
limited restructuring of content in the translation.

An entry is considered matched if the search
window W(ĵ) contains any of the provided render-
ings associated with the specific target language.
We adopt exact string matching to prioritize preci-
sion. This approach may produce false negatives
and potentially leading to an underestimation of
accuracy scores. The impact on recall is partially
mitigated by applying stemming to both KB ren-
derings and target translations, and by including
multiple human-provided renderings per KB entry
to broaden lexical coverage. More flexible match-
ing strategies remain a direction for future work.

4.2 Literariness
Building on prior analyses of the aesthetic char-
acteristics of Shijing (Saussy, 1997; Smith, 2015),
we define the literariness of a translation Lit(t) as
the average of three dimensions: rhyme, form, and
artistic conception.

4.2.1 Rhyme Score
We quantify the rhyme quality of a translation t as
the proportion of lines that participate in rhyming
patterns, defined as

Rhyme(t) =
#rhymed(t)

#total(t)
.
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Category Lexicon Poem Source English German
Tongjia 养 中心养养(二子乘舟) restless, unrest, unease unruhig, Bangen, Sorge
Object Term 蒲 有蒲与荷(泽陂) cattail, rush Binse, Rohrkolben
Culture-specific Item 归 之子于归(桃夭) wed, marriage, bride Ehe, Braut, heiraten
Confusable Character 微 式微式微(式微) dusk, darkness dunkeln, dämmern, dunkel

Table 2: Examples from the lexical knowledge base. “Poem Source” represents original line (title).

Higher values indicate stronger and more consistent
rhyming throughout the poem. Our computational
framework maintains consistent criteria for English
and German translations, enabling a comparable
cross-linguistic assessment of rhyme quality.

To determine #rhymed(t), we follow the rhyme
definition of Greene et al. (2012) as the phonetic
linkage between line endings achieved through
the identity of stressed vowels and all succeeding
phonemes. Let R = [r0, r1, . . . , rL−1] denote the
sequence of rhymes of a translation t with L lines.
We scan R sequentially to identify lines that partici-
pate in rhyming sequences according to two criteria
inspired by Baxter (1992) and Cai (2008):

• Consecutive Rhyme: any two or more consec-
utive lines with identical rhyme endings are
considered rhymed.

• Pattern-based Rhyme: for segments of com-
mon stanza length n, we normalize the rhymes
to a canonical pattern (mapping the first
unique rhyme to "A", the next to "B", etc.).
If the normalized pattern matches any prede-
fined canonical pattern of the same length, all
lines in the segment are considered rhymed.

The pseudocode of rhyme score computation is
shown in Algorithm 1.

4.2.2 Formal Score
A defining formal characteristic of Shijing is incre-
mental repetition, where identical or near-identical
lines recur across stanzas to reinforce rhythm and
meaning (Shaughnessy, 1992; Yen, 2021). To eval-
uate whether translations preserve this repetitive
structure, we measure the extent to which line-level
repetition in the source poem is reflected in the
translation. We define the formal score as

Form(t) = min

(
1,

#repeated(t)

#repeated(s)

)
.

This formulation assigns a maximum score of 1
when the translation fully preserves the degree of
repetition observed in the source, while avoiding

Algorithm 1: Rhyme Score Computation
Input :List of extracted rhymes R of translation t,

Length of translation L, Canonical pattern
dictionary P

Output :Rhyme score Rhyme(t)
1 rhymed_lines← 0;
2 i← 0;
3 while i < L do

// Check consecutive rhymes (e.g., AA)
4 if lines starting at i share the same rhyme ending

then
5 k ← count of consecutive lines;
6 rhymed_lines← rhymed_lines+ k;
7 i← i+ k;

8 else
9 match_found← false;

// Check specific patterns by
length (e.g., ABAB, ABCABC)

10 foreach n in descending order of pattern
lengths do

11 if i+ n < L then
12 S ← R[i : i+ n];
13 Snorm ← Normalize(S) ;

// Canonical form
14 if Snorm ∈ P [n] then
15 rhymed_lines←

rhymed_lines+ n;
16 i← i+ n;
17 match_found← true;
18 break;

// No pattern matched, skip line
19 if not match_found then
20 i← i+ 1;

21 return rhymed_lines/L;

rewarding over-repetition beyond the original struc-
ture. If the source poem contains no repeated lines
(i.e., #repeated(s) = 0), we define Form(t) = 0.

4.2.3 Artistic Conception Score
We employ LLMs to assess the artistic conception
of translations, motivated by recent findings that
LLM-based evaluations demonstrate high align-
ment with human aesthetic judgment in poetry and
other creative domains (Chiang and Lee, 2023;
Sawicki et al., 2025).

Following the protocol of Chen et al. (2025), we
use the same 5-point Likert scale (Likert, 1932)
for LLM evaluation. Specifically, a score of 1
indicates poor preservation of imagery and artis-
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tic effect, 3 denotes an adequate but unremark-
able rendering, and 5 corresponds to an excellent
translation that strongly preserves the original im-
agery, atmosphere, and overall artistic conception
(see Appendix C.4 for the full prompts). Both
rhyme and formal scores naturally fall in the range
[0, 1]. To ensure consistency in scale, we nor-
malize the artistic conception score to [0, 1] using
ACnorm(t) =

AC(t)−1
4 .

5 Experiments

5.1 Research Questions
Our experiments aim to answer the following re-
search questions:

• Evaluation Validity: Is the proposed evalua-
tion framework more consistent with human
judgments than existing automatic metrics for
assessing translations of poems in the Feng
section of Shijing?

• LLM Translation Performance: How well
do LLMs translate the Feng section of Shijing,
and how does translation quality vary between
English and German?

5.2 Experimental Setup
5.2.1 Human Evaluation
Human evaluation is performed by three expert an-
notators on a stratified subset of 60 poems. The
stratification is based on translation difficulty, cap-
tured by poem length and the density of linguisti-
cally complex and culturally-loaded archaic expres-
sions (see Appendix C.1 for details). This subset is
used to validate the correlation between automatic
metrics and human judgments. Each translation of
the poems in this subset, produced by the LLMs in
English and German, is assessed along three dimen-
sions: accuracy, literariness, and overall quality, all
scored on a 1–5 scale. The annotation protocol and
scoring guidelines are described in Appendix D.1.
Human judgments show strong reliability across
evaluation dimensions for both English and Ger-
man, as evidenced by high Krippendorff’s α (Krip-
pendorff, 2019) and excellent Intra-class Correla-
tion Coefficient (Shrout and Fleiss, 1979) for ag-
gregated scores (Appendix D.2).

5.2.2 Translation Systems
We evaluate seven LLMs for translating po-
ems from the Feng section of Shijing into En-
glish and German. The closed-source mod-
els are GPT-5 (OpenAI, 2025), Gemini-2.5-Pro

(Google DeepMind, 2025), ERNIE-4.5 (Baidu Inc.,
2025), and Spark-4.0 (iFLYTEK, 2025), while the
open-source models are DeepSeek-3.1 (DeepSeek,
2025), Qwen-3-14B (Yang et al., 2025), and
LLaMA-3.1-8B (Meta AI, 2024). Among these,
ERNIE, Spark, DeepSeek, and Qwen are Chinese-
developed models trained extensively on Chinese
corpora. All models are evaluated in a zero-shot
setting. The full prompts and all hyperparameter
configurations are provided in Appendix C.2.

5.2.3 Baseline Evaluation Metrics
We compare our evaluation framework against
widely used automatic metrics in machine trans-
lation. Surface-level metrics include BLEU (Pap-
ineni et al., 2002), ROUGE (Lin, 2004), and ME-
TEOR (Banerjee and Lavie, 2005), which mea-
sure n-gram overlap between translation and ref-
erence. We also include chrF++ (Popović, 2017),
a character-level F-score metric suitable for short
texts such as poetry. Embedding- and model-based
semantic metrics include BERTScore (Zhang et al.,
2020), BLEURT (Sellam et al., 2020), and COMET
(Rei et al., 2020), capturing semantic similarity be-
yond surface forms. Implementation details are
provided in Appendix C.3.

5.2.4 Our Evaluation Framework
Implementation

For evaluating artistic conception, we employ
Gemini-2.5-Pro, as it achieved the highest overall
and literariness ranking among the seven evaluated
LLMs on our human-scored 60-poem subset. All
prompts, technical details, and hardware specifica-
tions are provided in Appendix C.4.

5.2.5 Data Contamination Analysis
To discern whether LLM performance stems from
genuine capability or memorization, we evaluate
potential contamination using CoDeC (Zawalski
et al., 2025) on Qwen3-14B and LLaMA-3.1-8B.
We construct seven evaluation corpora: one Shijing-
source-poem-only and six paired with specific
translation mentioned in Section 3.1. Pythia-1.4B
(Biderman et al., 2023), trained on the documented
Pile corpus (Gao et al., 2020), serves as the uncon-
taminated baseline.

Pythia produces near-zero scores across all seven
datasets. Both Qwen and LLaMA achieve com-
parable scores on the six poem–translation paired
corpora, providing no evidence of direct contamina-
tion with the translation datasets. For the Chinese-
only source corpus, LLaMA scores near zero while
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Qwen yields a relatively higher score (0.27), sug-
gesting potential exposure to classical Chinese text
distributions during pretraining, even without di-
rect access to Shijing itself. Nonetheless, this value
remains well below the 0.80 threshold indicative of
direct contamination (Zawalski et al., 2025).

We note that contamination detection methods
including CoDeC are not fully reliable indica-
tors (Samuel et al., 2025). These results should
therefore be interpreted as evidence against direct
memorization rather than a definitive guarantee of
contamination-free evaluation.

Nonetheless, our evaluation framework is by de-
sign robust to potential memorization: accuracy is
assessed against a semantically grounded lexical
knowledge base constructed independently of any
of the six translations, and literariness is evaluated
through rule-based structural criteria and LLM-
based judgment of poetic atmosphere rather than
comparison to specific reference editions. Con-
sequently, reproducing a historically established
translation would not automatically yield a high
score, as the scoring function rewards semantic
precision and structural quality rather than surface
overlap with any reference.

5.3 RQ1: Evaluation Validity
To evaluate how well automatic metrics align with
human judgments, we compute correlations at both
poem and system levels. We report Spearman cor-
relation (Spearman, 1961) as the primary measure,
as it reflects ranking consistency, while Pearson
(Pearson, 1895) and Kendall correlations (Kendall,
1938) are included in Appendix E.1.

On the human-evaluated 60-poem subset, we
evaluate four aspects: poem-level accuracy, liter-
ariness, and overall quality, as well as system-level
overall quality. Poem-level correlations are com-
puted by comparing automatic and human scores
over all individual poem translations produced by
the LLMs (60× 7 instances per language), while
system-level correlations are computed by compar-
ing average scores over the 60 poems for each LLM.
Our evaluation framework explicitly produces sepa-
rate scores for accuracy and literariness. In contrast,
baseline metrics output a single overall score; for
these metrics, we compute correlations between
the metric scores and the corresponding human rat-
ings for each aspect. For reference-based metrics,
scores are averaged over all references for each
language (four for English and two for German).
We report ROUGE-L as a representative ROUGE

variant, with results for ROUGE-1 and ROUGE-2
provided in Appendix E.2.

Table 3 compares our framework with baseline
metrics across all aspects and target languages.
Across both English and German, our evalua-
tion framework consistently achieves substantially
higher correlations than all baseline metrics at both
poem and system levels. At the poem level, our
method exhibits strong alignment with human judg-
ments for accuracy, literariness, and overall qual-
ity, whereas baseline metrics show substantially
weaker correlations across aspects. At the system
level, our framework produces system rankings
that are fully consistent with human judgments on
this subset, while baseline metrics exhibit ranking
discrepancies. The correlations achieved by our
framework are stable across all evaluation aspects,
with narrow bootstrap confidence intervals (CIs),
indicating robustness to sampling variation (see
Appendix E.3 for complete CI results).

We further conduct ablation studies to assess the
robustness of our framework to the LLM evalua-
tor and the validity of its design choices (see Ap-
pendix E.4). First, replacing the artistic conception
evaluator with Qwen-3-14B—a smaller, locally de-
ployable model—yields correlations that remain
substantially higher than baseline metrics, confirm-
ing that our framework’s effectiveness does not rely
on a specific proprietary model. Second, ablating
individual dimensions (accuracy vs. literariness)
and literary sub-dimensions leads to decreased per-
formance, demonstrating that each component con-
tributes meaningfully to the overall assessment.

5.4 RQ2: LLM Translation Performance
We apply our evaluation framework to assess En-
glish and German translations of seven LLMs on
the full multilingual corpus of 160 poems. Table 4
summarizes system-level scores, which are com-
puted by averaging the evaluation results over the
160 translations produced by each LLM for each
target language.

The results suggest that current LLMs exhibit
encouraging capability in translating early Chinese
poetry from the Feng section of Shijing, but still
fall short of high-quality literary translation. When
mapped to the 1–5 human evaluation scale, over-
all scores range from approximately 2.0 to 3.6.
According to our human rating criteria, this cor-
responds to translations spanning from basic to
the upper end of average quality. Notably, even
the strongest model does not consistently reach
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English German

Metric Acc-P Lit-P Ovl-P Ovl-S Acc-P Lit-P Ovl-P Ovl-S
BLEU 0.219 0.058 0.164 0.643 0.234 0.075 0.182 0.821
ROUGE-L 0.350 0.091 0.269 0.607 0.288 0.130 0.237 0.857
METEOR 0.256 0.082 0.214 0.857 0.239 0.107 0.200 0.857
chrF++ 0.261 0.059 0.184 0.929 0.252 0.113 0.215 0.893
BERTScore 0.342 0.132 0.272 0.786 0.325 0.186 0.289 0.929
BLEURT 0.014 0.070 0.085 0.429 0.147 0.286 0.220 0.286
COMET 0.183 0.097 0.181 0.786 0.230 0.172 0.223 0.857
Ours 0.818 0.813 0.810 1.000 0.824 0.807 0.814 1.000

Table 3: Spearman correlation between automatic metrics and human judgments on the 60-poem subset. Acc-P, Lit-P,
and Ovl-P denote poem-level accuracy, literariness, and overall quality, respectively; Ovl-S denotes system-level
overall quality.

English German

Model Overall Accuracy Literariness Overall Accuracy Literariness
Closed-source models
GPT-5 0.568 (3.272) 0.480 0.656 0.546 (3.185) 0.453 0.640
Gemini-2.5 Pro 0.655 (3.619) 0.610 0.700 0.617 (3.468) 0.549 0.685
ERNIE-4.5 0.558 (3.232) 0.475 0.640 0.479 (2.914) 0.411 0.546
Spark-4.0 0.505 (3.022) 0.455 0.556 0.336 (2.343) 0.302 0.370
Open-source models
DeepSeek-3.1 0.566 (3.263) 0.506 0.625 0.483 (2.934) 0.386 0.581
Qwen3-14B 0.499 (2.994) 0.407 0.590 0.363 (2.452) 0.267 0.459
LLaMA-3.1-8B 0.316 (2.265) 0.233 0.400 0.247 (1.987) 0.113 0.380

Table 4: System-level evaluation results on translations of the full 160-poem corpus using our evaluation framework.
Scores lie in [0, 1] (higher is better); Overall scores are additionally mapped to a 1–5 scale for interpretability (shown
in parentheses).

the “good” level, indicating that while current
LLMs show promising potential, high-quality po-
etry translation remains a challenging task. De-
scriptions of the 1–5 rating criteria are provided in
Appendix D.1. We emphasize that the mapping to
the 1–5 scale is introduced solely for interpretabil-
ity and does not affect the quantitative analysis.

Among all models, Gemini-2.5-Pro achieves the
strongest performance across accuracy, literariness,
and overall quality in both English and German, in-
dicating a balanced advantage rather than strength
in a single dimension. While closed-source models
generally exhibit higher performance than open-
source ones, some open-source models approach or
even surpass certain closed-source counterparts. In
particular, DeepSeek-3.1 stands out among open-
source models, achieving competitive performance
across languages, which may be attributed to its
strong Chinese-language modeling and training on
large-scale bilingual data.

Across all evaluated models, we observe a con-
sistent performance disparity, with German transla-
tions systematically underperforming their English
counterparts. This gap potentially stems from the
relative paucity of Chinese-German training data,

Figure 2: Translation comparison for a Shijing stanza.
Color spans and underlines indicate challenging expres-
sions and rhymes, respectively.

which limits the models’ ability to capture the com-
plex semantic and formal mappings required for
archaic Chinese-to-German translation. Further-
more, the morphological complexity of German
and the structural differences in its poetic tradition
may pose additional challenges for models trained
primarily on more abundant English-centric data.

5.5 Case Study

We present a case study of a stanza from the Shijing
poem Didong (Rainbow) to illustrate the varying ca-
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pabilities of LLMs in translating early Chinese po-
etry. Gemini-2.5-Pro demonstrates the most robust
semantic fidelity in its English translation. While it
offers vivid imagery and accurate content, the trans-
lation lacks a formal rhyme scheme. DeepSeek-3.1
represents the most capable open-source model. It
achieves a consistent rhyme scheme at the cost of
accuracy: it fails to recognize the term for "rain-
bow" and the final line "ahead" loses the original
logic of the woman’s separation from her fam-
ily. LLaMA-3.1-8B yields a substandard transla-
tion. Its deficiency in both semantic precision and
aesthetic grace reflects the inherent limitations of
smaller open-source models when tasked with the
dense semantics of archaic Chinese poetry.

While Gemini achieves near-perfect accuracy in
English, its German translation shows a marked
decline in quality. Although it correctly identifies
the rainbow ("Regenbogen"), it misses the central
theme of marriage and the motif of the woman
leaving her family. This discrepancy supports our
conclusion that the paucity of Chinese-German par-
allel corpora hinders models from achieving the
same level of cross-linguistic mapping as seen in
the Chinese-English task.

6 Conclusion

In this work, we present a comprehensive evalua-
tion ecosystem for the multilingual translation of
Shijing. By curating a Chinese-English-German
parallel corpus and constructing a fine-grained lex-
ical knowledge base, we effectively bridge the re-
source gap for archaic Chinese poetry. Our pro-
posed hybrid evaluation framework demonstrates
superiority over existing metrics, achieving signif-
icantly higher correlations with human judgment
and providing a reliable benchmark for this nu-
anced domain.

Our evaluation reveals that while current LLMs
show promising potential, there remains substantial
room for improvement in both semantic precision
and aesthetic sophistication. Furthermore, the per-
formance disparity in the Chinese-to-German di-
rection underscores the challenges of literary trans-
lation in lower-resource scenarios. By establishing
a robust benchmark, we hope to catalyze future ad-
vancements in cross-lingual literary research, mov-
ing closer to models that can truly capture the cul-
tural resonance and aesthetic integrity of archaic
poetry across linguistic boundaries.

Limitations

Despite the contributions of our framework, several
limitations remain.

First, while our human-evaluated 60-poem sub-
set demonstrates high statistical stability, it repre-
sents only a fraction of the entire Shijing corpus.
Expanding the scale of expert validation would
further strengthen the benchmark.

Second, our work is currently limited to English
and German. The framework’s generalizability
to linguistically distant families remains to be ex-
plored.

Third, the use of LLMs as evaluators introduces
potential self-preference bias and the risk of cul-
tural homogenization. Models might prioritize
modern, standardized linguistic fluency over the
unique, archaic aesthetic nuances of the original
text. More broadly, translation quality is inher-
ently subjective: different translators and readers
may prioritize semantic fidelity, aesthetic form, or
cultural resonance differently, and no single evalu-
ation framework can fully capture this diversity of
interpretive stances. This underscores the risk of
misinterpretation if automated metrics are used in
isolation. We thus emphasize that our framework
serves as a complementary tool, intended to assist
rather than replace human philological expertise.

Fourth, while our CoDeC analysis provides no
evidence of direct memorization of the evaluated
translations, the memorization–generalization dis-
tinction cannot be fully resolved for closed-source
models, and residual ambiguity remains an inherent
limitation of LLM benchmark evaluation.
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A Copyright and Data Availability
Statement

A.1 Source Material and Copyright Status

The Shijing corpus utilized in this study is com-
piled from multiple sources with varying copyright
statuses. We categorize these materials into three
groups to ensure full compliance with intellectual
property rights:

1. Original Chinese Text: We adopt the edition
by Cheng and Jiang (2017), which is protected
by its own copyright. While the ancient text
of Shijing is in the public domain, this spe-
cific modern collation and arrangement are
proprietary.

2. Open-Domain Translations: The translations
by Legge (1871), Jennings (1891), and von
Strauß (1880) are in the public domain glob-
ally.

3. Copyrighted Translations: The modern trans-
lations by Xu (1993), Waley (1937), and Si-
mon (2015) remain under active copyright pro-
tection.

A.2 Data Distribution Policy

To facilitate research while respecting intellectual
property, we will implement the following distribu-
tion strategy upon the publication of this work. We
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will provide the full text for the open-domain trans-
lations. For the original Chinese text and the copy-
righted translations, we will provide representative
snippets for illustrative purposes under "fair use"
guidelines for academic research. For the copy-
righted portions not included in the release, we will
provide SHA-256 hashes for each line. This allows
researchers who independently acquire the texts
to verify that their data matches our experimental
setup.

A.3 Reproducibility and Reconstruction
To ensure our corpus can be fully reconstructed by
other researchers, we will provide detailed ISBNs,
editions, and stable URLs for all source books. For
poems where we performed manual line-merging
or splitting to achieve line-by-line alignment, we
provide a structured mapping file. This file in-
cludes the poem title, the original line numbers, and
the specific coordinates of our modifications (e.g.,
"Line [line index]-[line index] merged," "Split at
[character index]").

A.4 Licensing and Terms of Use
Our release will be under an open-source license
(e.g., MIT License) to support future research. All
data and resources released through this project are
provided strictly for non-commercial research and
educational purposes.

B Failure Translations

A generation is flagged as a failure if it meets any
of the following three criteria:

1. Empty or Null Responses: Instances where
the model fails to generate any content or ex-
plicitly returns a "None" string.

2. Untranslated Source Retention: We identify
cases where the model fails to perform the
translation task and instead outputs exclu-
sively Chinese text. Specifically, a response is
categorized as a failure if it contains at least
one CJK Unified Ideograph but contains no
Latin characters (including German-specific
umlauts and eszett).

3. Lexical Invalidity (Garbled Text): To filter out
gibberish or non-lexical "hallucinations," we
calculate a validity ratio for each generation.
A word is considered "valid" if its cleaned
form (stripping punctuation) exists in the tar-
get language’s frequency dictionary (English

or German). If the ratio of valid words to to-
tal words falls below a threshold of 0.5, the
output is marked as garbled.

C Experimental Setup Details

All experiments were conducted on a workstation
with 2 × NVIDIA RTX A5000 (24GB VRAM
each), 128-thread processor architecture, 256 GB
RAM. Note that all tasks were configured to utilize
a single GPU.

C.1 Data Subset Selection
To ensure that the 60-poem subset used for human
evaluation is representative of the entire 160-poem
corpus, we implement a stratified sampling strategy
based on text complexity.

For each poem i in the 160-poem corpus, we
define a Composite Complexity Score (Si) based
on poem length (Li) and the density of challeng-
ing expressions (Di). Li is calculated as the total
Chinese character number in the poem. Di is calcu-
lated as the ratio of entries in our lexical knowledge
base corresponding to the poem relative to its total
character length. Both metrics are normalized to
the range [0, 1]. The final score for each poem is
calculated as Si = Norm(Li) + Norm(Di).

The 160 poems were ranked in ascending order
according to their composite scores Si. We divide
the ranked list into five equal strata and randomly
select 12 poems to be included in the evaluation
subset. To ensure the reproducibility of the selec-
tion, we utilized a fixed random seed (Seed=42) for
all sampling operations. The Feng section contains
15 parts, each represents poems from a specific
region. We guaranteed the 60 subset includes at
least one poem from each of the 15 regions. This
approach ensures that the subset covers a balanced
spectrum of translation difficulties while maintain-
ing geographical and cultural diversity.

C.2 Translation Models
We evaluate seven LLMs: GPT-5 (OpenAI, 2025)
via OpenAI gpt-5 API, Gemini-2.5-Pro (Google
DeepMind, 2025) via Google gemini-2.5-pro API,
ERNIE-4.5 (Baidu Inc., 2025) via Baidu Qian-
Fan ernie-4.5-turbo-128k API, Spark-4.0 (iFLY-
TEK, 2025) via iFlytek 4.0Ultra API, DeepSeek-
3.1 (DeepSeek, 2025) via Baidu QianFan deepseek-
v3.1-250821 API rather than locally deployed due
to computational constraints, as well as Qwen-3-
14B (Yang et al., 2025)5 and LLaMA-3.1-8B (Meta

5https://huggingface.co/Qwen/Qwen3-14B
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AI, 2024)6 via HuggingFace (Wolf et al., 2020).
Gemini is evaluated using temperature=0,

top_p=1, top_k=0, and 10000 maximum output
tokens for both target languages. GPT is used
with its default setting (temperature=1.0) as the
API restricts temperature adjustment with 10000
maximum completion tokens for both target lan-
guages. Spark is evaluated using temperature=0,
top_p=1, top_k=0 with 1200 and 1600 maximum
output tokens for English and German, respectively.
For ERNIE and DeepSeek accessed via the Qian-
fan API, which does not support zero temperature,
we apply a near-greedy setting (temperature=0.01,
top_p=1, top_k=0, seed=42) with 1200 and 1600
maximum output tokens for English and German,
respectively. LLaMA and Qwen are evaluated us-
ing greedy decoding (do_sample=False) with 1200
and 1600 maximum new tokens for English and
German, respectively. The translation generation
of open-source models completed within 3 GPU
hours. The prompts used for all LLMs are shown
in Table 5.

English Prompt
You are an expert in classical Chinese poetry and trans-
lation studies. Translate the following poem from the
Book of Songs (Shijing) into English. Ensure that the
translation is faithful to the original meaning while pre-
serving its poetic beauty and rhythm. Only output the
translation. Do not add any explanations or notes.
{poem_text}
German Prompt
Du bist ein Experte für klassische chinesische Poesie
und Übersetzungswissenschaften. Übersetze das fol-
gende Gedicht aus dem Buch der Lieder (Shijing), einer
klassischen Sammlung altchinesischer Dichtung, ins
Deutsche. Stelle sicher, dass die Übersetzung dem ur-
sprünglichen Sinn treu bleibt und gleichzeitig die poet-
ische Schönheit und den Rhythmus bewahrt. Geben Sie
nur die Übersetzung aus. Füge keine Erklärungen oder
Anmerkungen hinzu.
{poem_text}

Table 5: Prompts used for zero-shot translation of Shi-
jing into English and German.

C.3 Baseline Evaluation Metrics

The specific implementations and configurations
of the baseline evaluation metrics are detailed as
follow. We report BLEU (Papineni et al., 2002)
and chrF++ (Popović, 2017) using the default sig-
natures of the sacreBLEU (Post, 2018) package.
METEOR (Banerjee and Lavie, 2005) is computed
using the NLTK implementation (Loper and Bird,

6https://huggingface.co/meta-llama/Llama-3.1-8B-
Instruct

2002). We report ROUGE scores (Lin, 2004) using
the rouge-score implementation. For semantic sim-
ilarity, we utilize bert_score (Zhang et al., 2020)
with the default roberta-large model. We utilize the
comet package with the Unbabel/wmt22-comet-da
model (Rei et al., 2022) and the bleurt package
with the BLEURT-20 checkpoint (Pu et al., 2021).

C.4 Our Implementation Details

We utilize the spaCy library (Honnibal et al.,
2020) with "en_core_web_sm" for English and
"de_core_news_sm" for German to perform stem-
ming. All tokens are converted to lowercase during
the matching process.

We extract phonetic representations using the
CMU Pronouncing Dictionary (Carnegie Mellon
University, 2014) via NLTK (Loper and Bird, 2002)
for English and espeak-ng (Dunn et al., 2024) for
German.

Following the rhyme analysis of Shijing by Cai
(2008) and Baxter (1992), we define a set of tar-
get rhyme schemes based on stanza length. For
4-line stanzas, we consider abab, abba, and abcb.
For 6-line stanzas, we detect abcabc and ababab
patterns.

For the evaluation of artistic conception, we em-
ploy Gemini-2.5-Pro (Google DeepMind, 2025)
and Qwen-3-14B (Yang et al., 2025). Gemini with
temperature=0, top_p=1, top_k=0, and 10000 max-
imum output tokens. Qwen with do_sample=False
and 10000 maximum new tokens. The prompts
following the design of Chen et al. (2025) are pro-
vided in Table 6.

D Human Evaluation

D.1 Human Evaluation Protocol

Human evaluation plays a central role in this work
and serves as the reference for validating the pro-
posed automatic evaluation framework. We invited
three expert annotators, all PhD researchers spe-
cializing in translation studies. All annotators are
proficient in Chinese, English, and German, and
their research focuses on Shijing and its translation.
They were fully informed about the research’s ob-
jectives. We obtained their explicit consent before
the evaluation process began, and they were aware
that their anonymized feedback would be used for
academic analysis and publication. The evaluators
participated on a voluntary basis as members of the
research group.

Human evaluation is conducted on a stratified
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English Prompt
/* Task */ Evaluate the translation of classical Chinese
poetry from the Book of Songs (Shijing) for the beauty
of meaning, focusing on whether the translation effec-
tively conveys the themes, emotions, and messages of
the original. This includes the use of concise and precise
language to create vivid imagery and a rich atmosphere.
1 point: Poor translation, fails to convey the depth and
richness of the original poetry. 2 point: Basic transla-
tion with significant shortcomings in capturing themes,
emotions, and messages. 3 point: Average translation,
conveys basic themes and emotions but lacks refinement
or depth. 4 point: Good translation, effectively captures
most themes, emotions, and messages with minor im-
perfections. 5 point: Excellent translation, accurately
conveys the depth, richness, and atmosphere of the orig-
inal poetry with full thematic and emotional resonance.
/* Input */: Original Chinese poem: {source}
English translation: {translation}
/* Evaluation (score only) */:
German Prompt
/* Aufgabenbeschreibung */ Bewerten Sie die Überset-
zung eines klassischen chinesischen Gedichts aus dem
Buch der Lieder (Shijing) im Hinblick auf die Bedeu-
tungsschönheit, also darauf, ob die Übersetzung die
Themen, Emotionen und zentralen Aussagen des Origi-
nals angemessen vermittelt. Dazu zählt auch der Einsatz
knapper und präziser Sprache, die eindrucksvolle Bilder
und eine stimmige Atmosphäre entstehen lässt. 1 Punkt:
Schlechte Übersetzung, gibt Tiefe und Reichtum des
Originals kaum wieder. 2 Punkte: Einfache Überset-
zung mit deutlichen Mängeln bei der Vermittlung von
Themen, Emotionen und Aussagen. 3 Punkte: Durch-
schnittliche Übersetzung, vermittelt grundlegende The-
men und Emotionen, bleibt jedoch in Feinheit und Tiefe
zurück. 4 Punkte: Gute Übersetzung, erfasst die meis-
ten Themen, Emotionen und Aussagen überzeugend,
mit nur geringfügigen Schwächen. 5 Punkte: Hervor-
ragende Übersetzung, gibt Tiefe, Reichtum und Atmo-
sphäre des Originals präzise wieder und erreicht eine
hohe thematische und emotionale Resonanz.
/* Eingabedaten */: Originaltext des chinesischen
Gedichts: {source}
Deutsche Übersetzung: {translation}
/* Bewertung (nur Punktzahl) */:

Table 6: Prompts used for artistic conception evaluation.

subset of 60 poems. For each poem in the sub-
set, translations produced by the seven LLMs (see
Section 5.2.2) in both English and German are eval-
uated. Each translation is assessed along three di-
mensions: accuracy, literariness, and overall qual-
ity, using a 1–5 Likert scale (Likert, 1932).

Before the annotation process, we developed
detailed scoring guidelines for each evaluation di-
mension. The guidelines were established in con-
sultation with two senior scholars specializing in
Shijing studies and classical Chinese poetry transla-
tion. To calibrate the annotators’ understanding of
the criteria, they first independently evaluated five
English translations and five German translations
based on the guidelines, followed by a discussion

to resolve discrepancies and achieve a shared in-
terpretation of the scoring standards. After this
calibration phase, the remaining translations were
annotated independently.

For each translation, the final human evaluation
score for each dimension is computed as the me-
dian of the scores assigned by the three annotators.
The median was chosen to ensure a more robust
measure of central tendency, thereby mitigating the
impact of potential outliers or a single divergent
rater that might otherwise skew the final results in
our 3-rater setup.

The guidelines for each dimension are:

Dimension 1: Accuracy

5 (Excellent) The translation is perfectly accurate.
All challenging elements—including culture-
specific items, terms for object, phonetic loan
characters, and confusable characters—are
precisely conveyed.

4 (Good) The translation is mostly accurate, with
the core meaning correctly preserved. Most
challenging terms and cultural nuances are
handled appropriately.

3 (Average) The general meaning is correct, but
there are notable inaccuracies in translating
challenging terms.

2 (Basic) Only part of the meaning is correctly
conveyed. There are significant mistransla-
tions or omissions that distort the original in-
tent.

1 (Poor) The translation completely deviates from
the original meaning or is entirely incoherent.

Dimension 2: Literariness

5 (Excellent) Exceptional literary quality with a
strong sense of rhyme. The translation per-
fectly reproduces the formal beauty and aes-
thetic imagery of the original poem.

4 (Good) Good literary quality. Most lines follow
rhyme schemes, successfully capturing most
of the original form, imagery, and mood.

3 (Average) Average literary quality. The presen-
tation of rhyme schemes as well as the repro-
duction of poetic form and aesthetic imagery
is inconsistent throughout the translation.
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2 (Basic) Basic literary quality. The translation
feels prosaic, with significant flaws in rhyme,
formal structure, or the evocation of imagery.

1 (Poor) No recognizable poetic structure or
rhyme. The translation fails to convey any aes-
thetic or formal beauty of the original poem.

Dimension 3: Overall Quality

5 (Excellent) A superior translation that excels in
both accuracy and poetic elegance, achiev-
ing a perfect balance among meaning, rhyme,
form, and imagery.

4 (Good) A high-quality translation. The mean-
ing is largely correct, and the translation pos-
sesses satisfying rhyming, formal and aes-
thetic beauty.

3 (Average) An acceptable translation. The mean-
ing is basically correct, showing a notice-
able but inconsistent effort to maintain poetic
rhyme, form and imagery.

2 (Basic) A subpar translation with significant defi-
ciencies in either semantic accuracy or literary
expression.

1 (Poor) Fails to convey the original meaning and
lacks any recognizable poetic or formal struc-
ture.

D.2 Inter-Annotator Agreement (IAA)

To validate the reliability of our human evalua-
tion, we calculate inter-annotator agreement (IAA)
across the three human evaluation dimensions: ac-
curacy, literariness, and overall quality. We re-
port two complementary metrics: Krippendorff’s α
with an ordinal metric (Krippendorff, 2019) and the
Intra-class Correlation Coefficient (ICC) (Shrout
and Fleiss, 1979). Specifically, for ICC, we utilize
the two-way random-effects model. We report both
the single rater absolute agreement (ICC2) and the
average rater absolute agreement (ICC2k). The lat-
ter is particularly relevant as our final gold-standard
scores are derived from the median of the three an-
notators’ ratings. The agreement coefficients are
calculated by concatenating all annotations across
all seven LLMs and 60 poems per language, re-
sulting in N = 420 translations per annotator for
each language. The results for English and German
translations are summarized in Table 7.

The IAA results demonstrate high reliability
across all dimensions. According to the criteria sug-
gested by Cicchetti (1994), the ICC2 and ICC2k
scores indicate excellent agreement. All ICC2k
values exceed 0.92, demonstrating that the pooled
judgment used in our experiments is highly robust
and reliable.

Furthermore, all Krippendorff’s α coefficients
are above 0.72, which satisfies the threshold for reli-
able conclusions in content analysis (Krippendorff,
2019). Notably, the accuracy dimension achieves
the highest consistency, while literariness remains
firmly within the substantial agreement category.
This slight variation is theoretically expected, given
the inherent subjectivity of aesthetic appreciation
compared to the more objective nature of seman-
tic fidelity. Overall, these high agreement scores
validate that our proposed rubrics (see Appendix
D.1) provided precise and consistent guidance to
the annotators.

E Extended Results and Ablation Studies

E.1 Pearson and Kendall Correlation Results

We report Pearson’s r (Pearson, 1895) and
Kendall’s τ (Kendall, 1938) correlation coefficients
in Table 8. These additional results consistently
align with the Spearman’s ρ (Spearman, 1961) re-
ported in the main paper (Table 3), reinforcing the
observations that our framework consistently out-
performs all baselines across all evaluation aspects
and achieves perfect alignment with human rank-
ings at the system level.

E.2 ROUGE-1 and ROUGE-2 Spearman
Correlation Results

We provide the Spearman correlation results for
ROUGE-1 and ROUGE-2 in Table 9. The re-
sults show that the performance of ROUGE-1
and ROUGE-2 is generally comparable to that of
ROUGE-L (Table 3), while both remain signifi-
cantly weaker than our proposed method across all
evaluation aspects.

E.3 Confidence Intervals

To evaluate the statistical stability of our frame-
work, we compute 95% confidence intervals (CIs)
for all correlation measures across English and Ger-
man. Following standard practices, we perform
B = 10, 000 bootstrap iterations with replacement
from the human-evaluated samples. The 2.5th and
97.5th percentiles of the resulting bootstrap distri-
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Language Dimension Krippendorff’s α ICC2 (Single) ICC2k (Average)

English
Accuracy 0.81 0.85 [0.82, 0.87] 0.94 [0.93, 0.95]
Literariness 0.74 0.81 [0.78, 0.83] 0.93 [0.91, 0.94]
Overall 0.77 0.81 [0.78, 0.83] 0.93 [0.91, 0.94]

German
Accuracy 0.83 0.87 [0.85, 0.89] 0.95 [0.95, 0.96]
Literariness 0.73 0.83 [0.81, 0.86] 0.94 [0.93, 0.95]
Overall 0.78 0.85 [0.82, 0.87] 0.94 [0.93, 0.95]

Table 7: IAA Results for English and German Poem Evaluations. ICC values are reported with 95% Confidence
Intervals (CI) in brackets. All p-values < 0.001.

English German

Metric Acc-P Lit-P Ovl-P Ovl-S Acc-P Lit-P Ovl-P Ovl-S
BLEU .19 / .16 .07 / .04 .15 / .13 .61 / .52 .20 / .18 .13 / .06 .16 / .14 .74 / .62
ROUGE-1 .28 / .21 .10 / .04 .20 / .14 .73 / .62 .33 / .19 .22 / .05 .31 / .14 .87 / .71
ROUGE-2 .26 / .20 .10 / .06 .19 / .16 .69 / .62 .21 / .18 .11 / .06 .17 / .14 .83 / .71
ROUGE-L .34 / .26 .13 / .07 .28 / .21 .72 / .52 .36 / .22 .28 / .10 .35 / .18 .82 / .71
METEOR .26 / .19 .13 / .06 .23 / .17 .72 / .71 .32 / .18 .27 / .08 .33 / .15 .82 / .71
chrF++ .26 / .20 .11 / .05 .21 / .14 .86 / .81 .37 / .19 .37 / .09 .42 / .18 .81 / .81
BERTScore .35 / .26 .18 / .10 .30 / .21 .76 / .71 .39 / .25 .35 / .14 .41 / .23 .88 / .81
BLEURT .04 / .01 .11 / .05 .13 / .07 .26 / .33 .21 / .11 .38 / .22 .32 / .17 .46 / .14
COMET .18 / .14 .14 / .08 .21 / .14 .82 / .71 .31 / .18 .36 / .13 .39 / .17 .85 / .71
Ours .81 / .72 .85 / .70 .82 / .68 .97 / 1.0 .84 / .73 .85 / .70 .83 / .70 .97 / 1.0

Table 8: Pearson / Kendall correlation between automatic metrics and human judgments on the 60-poem subset.
Acc-P, Lit-P, and Ovl-P denote poem-level accuracy, literariness, and overall quality; Ovl-S denotes system-level
overall quality.

butions are reported as the lower and upper bounds
of the CIs in Table 10.

As shown in the results, the CIs across all four
evaluation aspects and both languages are consis-
tently narrow. These concentrated intervals demon-
strate that our framework’s high correlation with
human judgment is not a byproduct of sampling
bias but reflects a robust and reliable evaluation
capability for Shijing translations.

E.4 Ablation Studies

E.4.1 Artistic Conception Evaluator

Table 11 presents the evaluation performance when
replacing the artistic conception evaluator with
Qwen-3-14B (Yang et al., 2025), a smaller, locally
deployable model. The results demonstrate that
our framework maintains high correlations with hu-
man judgments at both the poem and system levels,
consistently outperforming the baselines reported
in Table 3. Notably, the system-level correlations
(Ovl-S) consistently reach or approach 1.000, indi-
cating near-perfect alignment with human rankings.
Furthermore, the narrow CIs across all dimensions
confirm that our framework’s reliability remains
robust regardless of the evaluator’s parameter scale,
ensuring high-quality evaluation even in resource-

constrained environments.

E.4.2 Core Evaluation Dimensions
The ablation results in Table 12 demonstrate that
the full evaluation framework consistently outper-
forms individual components across the evaluation
aspects for overall quality. This synergy suggests
that both accuracy and literariness are indispens-
able for human-like poetry evaluation. While both
branches maintain strong correlations for system-
level evaluation, the full version achieves perfect
alignment by integrating complementary informa-
tion of semantic accuracy and literary quality. The
consistent performance patterns observed in both
English and German further validate the robustness
of our framework across different languages.

E.4.3 Literary Sub-components
The ablation results in Table 13 evaluate the con-
tribution of each component—Rhyme, Form, and
Artistic Conception (AC)—to the overall assess-
ment of literariness. The full (Rhyme+Form+AC)
configuration consistently achieves the highest
correlation with human judgments in both En-
glish and German, confirming that literariness is a
multi-dimensional construct that requires a holis-
tic evaluation of both structural and semantic fea-
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English German

Metric Acc-P Lit-P Ovl-P Ovl-S Acc-P Lit-P Ovl-P Ovl-S

ROUGE-1 0.278 0.056 0.186 0.821 0.256 0.062 0.184 0.857
ROUGE-2 0.262 0.081 0.203 0.714 0.241 0.073 0.185 0.893

Table 9: Spearman correlation between ROUGE-1, ROUGE-2 and human judgments on the 60-poem subset.

English German

Correlation Acc-P Lit-P Ovl-P Ovl-S Acc-P Lit-P Ovl-P Ovl-S

Spearman [.77, .86] [.77, .85] [.77, .85] [1.0, 1.0] [.77, .87] [.77, .84] [.77, .85] [1.0, 1.0]
Pearson [.77, .85] [.81, .88] [.79, .85] [.78, 1.0] [.79, .87] [.82, .87] [.80, .86] [.96, 1.0]
Kendall [.67, .80] [.66, .74] [.65, .72] [1.0, 1.0] [.68, .77] [.66, .74] [.65, .74] [1.0, 1.0]

Table 10: 95% confidence intervals (2.5th and 97.5th percentiles) for our framework on the 60-poem subset,
estimated via 10,000 bootstrap iterations.

tures.Specifically, the removal of any single com-
ponent leads to a performance degradation. In the
English dataset, the Form+AC variant (omitting
Rhyme) shows the most significant drop in cor-
relation, suggesting that rhyme plays a dominant
role in human perceptions of English poetic quality.
Conversely, in German, the dependencies appear
more balanced. These patterns underscore the ne-
cessity of the integrated framework in capturing the
complex, synergistic nature of literary translation
quality.

F Supplementary Examples

F.1 Lexical Knowledge Base Examples
Table 14 provides additional representative exam-
ples for each category of the lexical knowledge
base, supplementing those discussed in the main
text.

F.2 LLM Translation Examples
Figure 3 and Figure 4 present example translations
across the LLMs we evaluated.
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English German

Correlation Lit-P Ovl-P Ovl-S Lit-P Ovl-P Ovl-S

Spearman .80 [.75, .83] .78 [.74, .82] 1.0 [1.0, 1.0] .73 [.67, .77] .78 [.73, .83] .96 [.70, 1.0]
Pearson .80 [.77, .84] .78 [.74, .82] .98 [.93, 1.0] .82 [.78, .86] .83 [.79, .86] .98 [.97, 1.0]
Kendall .68 [.64, .72] .65 [.61, .70] 1.0 [1.0, 1.0] .63 [.58, .68] .67 [.62, .71] .90 [.56, 1.0]

Table 11: Ablation results with Qwen-3-14B as the backbone evaluator. Cells report the mean correlation coefficients
and the corresponding 95% confidence intervals.

English German

Variant Ovl-P Ovl-S Ovl-P Ovl-S

Full (Acc+Lit) 0.81 / 0.82 / 0.68 1.00 / 0.97 / 1.00 0.81 / 0.83 / 0.70 1.00 / 0.97 / 1.00
Acc Only 0.67 / 0.65 / 0.56 0.96 / 0.96 / 0.90 0.68 / 0.67 / 0.58 0.89 / 0.95 / 0.81
Lit Only 0.60 / 0.67 / 0.50 0.93 / 0.97 / 0.81 0.65 / 0.71 / 0.54 0.96 / 0.93 / 0.90

Table 12: Ablation results comparing the full evaluation framework with variants using only accuracy or only
literariness. Spearman / Pearson / Kendall correlations are reported on the 60-poem subset.

Variant English German

Full (Rhyme+Form+AC) 0.81 / 0.85 / 0.70 0.81 / 0.85 / 0.70
Rhyme+Form 0.78 / 0.75 / 0.67 0.66 / 0.67 / 0.56
Rhyme+AC 0.69 / 0.71 / 0.58 0.67 / 0.68 / 0.58
Form+AC 0.36 / 0.50 / 0.30 0.64 / 0.70 / 0.56

Table 13: Ablation study on the literariness evaluation component. We compare the full framework (Rhyme + Form
+ Artistic Conception) against variants using only two components. Spearman / Pearson / Kendall correlations are
reported on the 60-poem subset.

Category Lexicon Poem Source English German

Tongjia 流 左右流之(关雎) pick pflücken, sammeln
Tongjia 说 我心则说 (草虫) joy, happy froh, freudig, Freude
Tongjia 畜 畜我不卒(日月) love lieben
Tongjia 骄 维莠骄骄 (甫田) tall, high hoch, stolz
Object Term 薪 翘翘错薪 (汉广) firewood, fuel wood Reisig
Object Term 鹊 维鹊有巢(鹊巢) magpie Elster
Object Term 荼 谁谓荼苦(谷风) sowthistle, sow-thistle Gänsedistel
Object Term 桐 椅桐梓漆(定之方中) wutong, parasol tree Parasolbaum
Culture-specific Item 狱 何以速我狱 (行露) law, court Gericht
Culture-specific Item 浚 在浚之下(凯风) Jun, town of Jun Jun, Stadt von Jun
Culture-specific Item 东宫 东宫之妹(硕人) crown prince Kronprinz, Thronfolger
Culture-specific Item 德音 德音不忘(有女同车) gracious virtue tugendhafter Ruf
Confusable Character 微 微我无酒(柏舟) not, nor nicht
Confusable Character 终 终鲜兄弟(扬之水) already schon
Confusable Character 斯 斧以斯之(墓门) hew, cut, chop hauen, fällen, schlagen
Confusable Character 伤 伤如之何(泽陂) I, me ich, mich

Table 14: Supplementary examples from the lexical knowledge base.
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Figure 3: Example of Shijing translations across seven LLMs. ⋆, underlines, and boldface denote incremental
repetitions, rhymes, and challenging terms, respectively.

Figure 4: Example of Shijing translations across seven LLMs. Underlines and boldface denote rhymes and
challenging terms, respectively.
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