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Abstract

While machine translation systems have been
applied to many tasks with remarkable suc-
cess, machine poetry translation has remained
a challenge. This study investigates the ca-
pabilities of generative Large Language Mod-
els (LLMs) in the translation of poetry (tak-
ing Shakespeare’s 154 sonnets as an example)
from English to German. For this purpose, I
define metrics that assess the reproduction of
the rhyme scheme and the metre of the origi-
nal in a quantitative way. The results indicate
that LLMs still lag behind professional human
translators (especially with regard to the repro-
duction of the rhyme scheme), but that their per-
formance is significantly influenced by the cho-
sen prompt strategy. In particular, iteratively
refining the result emerges as a successful strat-
egy in terms of the reproduction of the form,
but this comes at the expense of other aspects
such as grammaticality and the reproduction of
the meaning.

1 Introduction

Poetry translation is a particularly difficult type of
translation; it has even been claimed to be “one of
the hardest possible tasks that can be considered
in computational linguistics” (Genzel et al., 2010,
p.1). The main reason for this is that the translation
of a poem has to fulfill very different and some-
times conflicting expectations. One such conflict
is that the translation has to resemble a poem in
another language (in terms of content and style),
but also constitutes a work of art in itself, which
has led to the distinction between “free” vs. “faith-
ful,” also called “domesticated” vs. “foreignized”
translations (Schleiermacher and Bernofsky, 2021,
Venuti, 2017, cited in Jones and Irvine, 2013). An-
other conflict is that the original poem has not only
a specific meaning, but also a specific poetic form,
whose reproduction imposes boundaries on render-
ing the meaning faithfully (Genzel et al., 2010).
Which of these aspects are deemed more or less

important depends not only on the preferences of
translators and readers, but also on aspects such
as the author of the original (Gibbons, 1985), the
target audience, and the context in which the trans-
lation is to be used (such that, e.g., a poem has to be
translated differently if the translation is intended
to be sung, Low, 2003).

Within just a few years, generative Large Lan-
guage Models (LLMs) have permeated all areas
of NLP applications. In the area of machine po-
etry translation, the flexibility of instruction-tuned
LLMs to react to different prompt formulations
may allow to produce translations more closely
aligned to reader preferences. However, despite
their impressive performance on many other NLP
tasks, poetry translation still remains challenging
for modern generative LLMs (Resende and Hadley,
2024).

The wide range of sometimes conflicting expec-
tations also has consequences for the evaluation of
translated poetry: A translation of a poem cannot
be evaluated globally, but only with regard to spe-
cific aspects, which have to be defined clearly. So
far, however, only little attention has been paid to
analyzing individual aspects of LLM-translated po-
etry in a quantitative fashion. This study attempts to
narrow this gap by conducting an analysis of LLM-
generated translations of all 154 of Shakespeare’s
sonnets into German, using numerical metrics that
can transparently be mapped to well-defined as-
pects of poetry translation. This automated yet
interpretable way of evaluation allows to compare
different LLMs and prompting strategies on a rela-
tively large corpus of poetry.

A quantitative analysis of LLM-generated trans-
lations of poetry requires focusing on aspects that
can reliably be characterized numerically. This
study focuses on three such aspects, namely, the
reproduction of the meaning of the original (under-
stood as the rather literal semantic content of the
poem), the reproduction of the metre, and the repro-
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duction of the rhyme scheme of the original. The
reproduction of meaning and form (with the latter
including metre and rhyme scheme) is often char-
acterized as a tradeoff relation (Genzel et al., 2010),
which makes these aspects particularly suitable for
contrasting prompt strategies.1

2 Related Literature

Research on the topic of machine poetry transla-
tion comes from two somewhat different directions.
One strand of research approaches the task mainly
as a technical problem and focuses on developing
systems that reach a better overall performance.
Since the 2010s, several approaches to neural ma-
chine poetry translation have been explored: Gen-
zel et al. (2010) and Ghazvininejad et al. (2018)
use decoding constraints that restrict the options
to those fulfilling some manually defined formal
criteria (e.g., rhyming words). Chakrabarty et al.
(2021) fine-tune multilingual LLMs on translated
poetry to improve their performance. To overcome
the lack of large training corpora of translated po-
etry, Song et al. (2023) and Huynh and Bao (2024)
employ a style injection paradigm, where the orig-
inal poem is first translated into prose and then
converted into poetry by a separate style injection
module, which can be trained using target language
poetry and synthetic prose equivalents generated
via backtranslation. Finally, multi-step prompting
strategies are used, where additional information
retrieved from the language model itself (Wang
et al., 2024) or a database (Chen et al., 2025) is
given back to the model to improve the quality of
the translation.

While the aforementioned literature has focused
on developing systems that can translate poetry bet-
ter, the availability of modern generative LLMs that
are able to perform a variety of different tasks has
led to another strand of research, which investigates
the properties of translations generated by these
LLMs. Using a combination of automated metrics
and manual evaluation, Resende and Hadley (2024)
analyse LLM-generated translations of four poems
according to criteria such as the content, the form
and the style (in a Spanish/Portuguese-to-English
setting). In a similar vein, Karaban and Karaban
(2024) compare LLM-generated English transla-
tions of twelve poems by the Ukrainian poet Ivan

1The code and other materials related to this study
can be found at: https://github.com/janfelixklumpp/
AnalyseLLMPoetryTranslation.

Franko to those written by a human translator. Gao
et al. (2024) compare translations of Chinese poetry
by ChatGPT to those generated by conventional
machine translation systems (DeepL and Google
Translate). Other work that mostly uses manual
close reading rather than automated quantitative
metrics has investigated LLM-generated transla-
tions of individual poems from and into other (both
high-resource and low-resource) languages, e.g.,
Kazakh to English (Manapbayeva et al., 2024),
Arabic dialects to English (AlAfnan and Alshakhs,
2025), Spanish to Filipino and Spanish to English
(Liwanag et al., 2024), and English, French and
Arabic to each other (Almaktary, 2025). How-
ever, most work that investigates specific aspects of
translated poetry does so only on a small number
of poems, which adversely affects a meaningful
statistical analysis. Using quantitative yet trans-
parently interpretable metrics, this study extends
the analysis of LLM-generated translations of po-
etry to a larger number of poems and experimental
conditions.

3 Data and Methods

3.1 Data

The original texts to be translated are William
Shakespeare’s 154 sonnets, taken from a 1923
edition with modernized orthography, but with-
out any other changes (Shakespeare, 2019). The
LLM-generated translations are compared to five
human-written German translations from the 19th
and early 20th century: Dorothea Tieck’s transla-
tion (probably from 1825, published posthumously)
(Jansohn, 1992), Gottlob Regis’ 1836 translation
(Regis, 2004), Emil Wagner/Ludwig Walesrode’s
1840 translation (Walesrode, 2007), Max Joseph
Wolff’s 1903 translation (Wolff, 1924), and Stefan
George’s 1909 translation (George, 2004).

3.2 LLMs

Five LLMs are evaluated, three decoder-only Trans-
former models (OpenAI’s GPT-4o, Hurst et al.,
2024, Anthropic’s Claude 3.5 Sonnet, Anthropic,
2024a, Anthropic, 2024b, and Google’s Gemini 1.5
Gemini Team, Google, 2024), one reasoning model
(OpenAI’s OpenAI o4-mini, OpenAI, 2025b), and
one unified model that flexibly uses both strategies
(OpenAI’s GPT-5, OpenAI, 2025a).2

2The API was used for gpt-5 and the analysis conditions
of gpt-4o, and the web user interfaces (accessed in late 2024
and 2025) were used otherwise.
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Beside human-written translations, the LLM-
generated translations are also compared to trans-
lations produced by DeepL (DeepL SE, 2017), a
standard machine translation tool based on a neural
network architecture.

3.3 Prompting Strategies

I use zero-shot prompting with different instruc-
tions, both in single-step strategies that directly
generate the translation and in multi-step strate-
gies, where the output is reused in subsequent steps.
Three single-step prompting strategies (which cen-
ter different aspects) are evaluated for all LLMs:

• Plain: a simple instruction to translate a poem
from English to German,

• PlainForm: like Plain, but with an explicit in-
struction to reproduce the form of the original,

• PlainMeaning: like Plain, but with an explicit
instruction to reproduce the meaning of the
original as closely as possible.

For GPT-4o, I evaluate additional multi-step
strategies, which can be divided into two categories:
First, following Chen et al. (2024), I test iterative
strategies, where the later steps are used to improve
on a previous translation attempt:

• IterativeForm: the output from PlainForm is
given back to the LLM together with the orig-
inal poem and the instruction to reproduce the
form better,

• IterativeMeaning: the output from PlainMean-
ing is used likewise, but with the instruction
to reproduce the meaning better,

• IterativeMixed: the output from PlainMeaning
is used, but the instruction is to reproduce the
form better,

• IterForm2Steps: the procedure used for Itera-
tiveForm is applied a second time to the output
of that condition.

Second, I manually decompose the translation
into a two-step procedure, where the LLM is in-
structed to analyse the form of the poem first and
then to translate it in a second step. This can be re-
garded as a task-specific instance of the Generated
Knowledge Prompting strategy introduced by Liu
et al. (2022).

• AnalysisTranslate: in a first step, the form of
the original is analysed, and this information
is then provided to the LLM together with
the original and the instruction to produce a
translation that reproduces the form,

• AnalysisRewrite: in a first step, the form of
the original is analysed; then, the output from
PlainMeaning is adjusted to that form.

The exact prompts can be found in Appendix A.

3.4 Evaluation
3.4.1 Reproduction of form
Shakespeare’s sonnets almost all follow the pro-
totypical form of the English (or Shakespearean)
Sonnet, which is defined by its metre and its rhyme
scheme. The metre is —for most English and Ger-
man poetry— an abstract pattern of prototypically
stressed and unstressed syllables in a line. The
rhyme scheme characterizes which pairs of lines
rhyme. In this study, a pair of lines is considered
to rhyme if and only if the sequence of phonemes
in one line from the last stressed vowel onward
is also found at the end of the other line and the
preceding consonant onset is different; however, in
accordance with the conventions of much of Ger-
man poetry (Peust, 2014), front rounded and front
unrounded vowels are considered equivalent, as are
long and short vowels.

These two aspects of the form are evaluated by
comparing the translation to a reference metre and
reference rhyme scheme. The reference metre for
(almost all of) Shakespeare’s sonnets is the iambic
pentameter x/x/x/x/x/(x) (where “x” stands for an
unstressed and “/” for a stressed position)3, and
their reference rhyme scheme is ABABCDCDEFE-
FGG (where all lines with the same letter rhyme
with each other)4. Using the Phonemizer library
for Python (Bernard and Titeux, 2021), I extract
the sequence of stressed and unstressed syllables
as well as the phoneme sequences at the end of
each line from the translation. I define the follow-
ing metrics to compare the phonetic properties of
the translation to the reference metre and rhyme
scheme:

1. The metrical distance is a line-wise weighted
edit-distance (based on the Levenshtein dis-
tance, Levenshtein et al., 1966) between the

3except for Sonnet 145, where it is x/x/x/x/(x)
4except for Sonnet 99, where it is ABABACDCDEFEFGG,

and Sonnet 126, where it is AABBCCDDEEFF
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sequence of stresses in the translation and the
reference metre. It is a real number greater
than or equal to 0 and is to be minimized. The
costs for insertion, deletion and substitution
operations are derived from stress values that
are assigned to all syllables in both the trans-
lation and the reference metre. The cost of in-
sertion or deletion is equal to the stress value
of the inserted or deleted element, while the
cost of substitution is the difference between
the two stress values. Stressed syllables are
assigned a stress value of 1.0, unstressed sylla-
bles are assigned 0.8, secondarily stressed syl-
lables 0.9, and optional syllables 0.4. These
stress values are chosen such that substitut-
ing a stressed for an unstressed syllable or
vice versa is less costly than inserting or delet-
ing a whole syllable. This corresponds to the
fact that such substitutions are frequent even
in Shakespeare’s original sonnets, while the
number of syllables per line of the original
always follows the metrical pattern (Heldner,
2013). If the translation and the reference dif-
fer in the number of lines, the shortest lines of
the text with more lines are treated as if they
were completely inserted or deleted (i.e., the
corresponding metrical distance is the sum of
stress values). The total metrical distance is
divided by the number of lines in the reference
metre to obtain the average metrical distance
per line. Pseudo-code for the metrical distance
algorithm can be found in Appendix B.

2. The rhyme scheme similarity is the harmonic
mean (F1 score) of precision and recall with
respect to the overlap in rhyming pairs of lines
in the reference rhyme scheme and the transla-
tion. It is a real number between 0 and 1 that is
to be maximized. Each line is assigned a num-
ber (starting from the first line), and rhyming
pairs are represented as pairs of these num-
bers. Such an evaluation based on individual
pairs of lines allows to capture the internal
structure of parts of the poem better than a
global comparison of the rhyme scheme (as
used by Resende and Hadley, 2024).

3.4.2 Reproduction of meaning
Previous studies on machine poetry translation
have compared the machine-produced translations
to human-written reference translations, using met-
rics such as BLEU (e.g., Genzel et al., 2010, Re-

sende and Hadley, 2024, Karaban and Karaban,
2024) or BERTScore (e.g., Song et al., 2023, Wang
et al., 2024). However, human-written translations
of poetry often consider or prioritize aspects other
than the mere reproduction of the meaning and
thus cannot be considered objective gold standard
references for this purpose. For this reason, I use
the CometKiwi metric (Rei et al., 2022), which is
a quality-estimation metric that does not rely on
reference translations but directly assigns a score
based on the source text and the candidate transla-
tion.

4 Results

4.1 Plain prompting strategies
Fig. 1 shows the average CometKiwi scores, metri-
cal distances per line and rhyme scheme similari-
ties for the three plain conditions (Plain, PlainForm,
PlainMeaning) for all five models used (GPT-4o,
Claude 3.5 Sonnet, Gemini 1.5, OpenAI o4-mini,
GPT-5), as well as the same metrics for the DeepL-
generated translation and the five human transla-
tions. These results allow the following observa-
tions: First, there is a clear tradeoff relation be-
tween the reproduction of meaning (as approxi-
mated by the CometKiwi score) and the reproduc-
tion of form (as described by metrical distance and
rhyme scheme similarity), with the DeepL transla-
tion prioritizing the reproduction of meaning, the
human translations prioritizing the reproduction of
form, and the LLM-generated translations in be-
tween. There is even some differentiation between
human-written translations, such that, e.g., Gottlob
Regis’ translation, which conforms to the form of
the original less strictly than most other transla-
tions (Horstmann, 2002), performs lower on the
two form-related metrics. LLM translations also
are more spread out along the axes (i.e., less con-
sistent in the weight they assign to the criteria), as
can be seen from their higher standard deviations
(see Appendix C).

Second, the chosen prompting strategy strongly
influences whether the reproduction of the form
or of the meaning is prioritized. PlainForm im-
proves the reproduction of the form for all five
models. The differences for metre and rhyme be-
tween PlainForm and Plain are clearly significant
under a significance level of 5% (see Table 1).5 In
contrast, PlainMeaning improves the reproduction

5All p-values in this study were obtained using paired t-
tests.
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Figure 1: Left: Metrical distance per line (x-axis) and CometKiwi score (y-axis) for translations of Shakespeare’s
sonnets into German by several LLMs under single-step prompt strategies. Right: Rhyme scheme similarity (x-axis)
and CometKiwi score (y-axis) for the same conditions. The markers indicate the average values, the error bars
indicate 95% bootstrapped confidence intervals.

of meaning only for Gemini 1.5, OpenAI o4-mini,
and GPT-5, while it has the opposite effect for
GPT-4o. For all models (except possibly Claude
3.5 Sonnet) the prompt formulations that lead to
a better reproduction of the form reproduce the
meaning less well.

Among the LLMs, Claude 3.5 Sonnet on aver-
age reproduces the rhyme scheme best, and tends
to reproduce the form to a considerable extent even
when the prompt does not explicitly mention this
aspect. In contrast, the other models’ results are
strongly prompt-dependent. OpenAI o4-mini on av-
erage performs worse than the other models (when
only these three criteria are considered), with the
CometKiwi scores being lower than those of oth-
erwise comparable translations produced by other
LLMs, particularly for PlainForm. This may be in
part due to particularities of the resulting transla-
tions (see Section 4.3).

4.2 Multi-step prompting strategies

Fig. 2 shows the average CometKiwi scores, met-
rical distances per line and rhyme scheme similar-
ities for the seven multi-step conditions (Iterative,
IterativeForm, IterativeMeaning, IterativeMixed,
IterForm2Steps, AnalysisTranslate, and Analysis-
Rewrite) for GPT-4o, as well as DeepL’s transla-
tion, the human-written translations and the plain
conditions for comparison.

Model
metrical rhyme scheme
distance similarity F1

GPT-4o 1.36× 10−58 1.70× 10−52

Claude 3.5
5.01× 10−7 1.08× 10−8

Sonnet
Gemini 1.5 2.59× 10−17 5.91× 10−13

OpenAI
1.02× 10−9 4.95× 10−16

o4-mini
GPT-5 3.02× 10−45 4.24× 10−55

Table 1: p-values for the hypothesis that the explicit
inclusion of the target criteria in the prompt leads to im-
provement on form-related metrics for different models
(i.e., PlainForm compared to Plain).

These results indicate that iterative prompting
strategies, i.e., IterativeForm, IterativeMixed and
IterForm2Steps, succeed in reproducing the form
better than any of the plain conditions. The differ-
ences to PlainForm for metre and rhyme scheme
are clearly significant under a significance level
of 5% (see Table 2). With these iterative strate-
gies, the metre is reproduced similarly well as
in the human translations, while in terms of the
rhyme scheme, no strategy reaches human-like per-
formance. On the other hand, IterativeMeaning
and IterativeMixed do not reproduce the meaning
better than Plain or PlainMeaning. This mirrors the
pattern observed for the plain conditions, where
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Figure 2: Left: Metrical distance per line (x-axis) and CometKiwi score (y-axis) for translations of Shakespeare’s
sonnets into German by GPT-4o under different prompt strategies. Right: Rhyme scheme similarity (x-axis) and
CometKiwi score (y-axis) for the same conditions. The markers indicate the average values, the error bars indicate
95% bootstrapped confidence intervals.

Condition
metrical rhyme
distance scheme sim.

F1

IterativeForm 6.71× 10−10 0.00057
IterativeMixed 0.0058 0.000056
IterForm2Steps 6.93× 10−8 0.0000045

Table 2: p-values for the hypothesis that additional iter-
ative steps lead to improvement on form-related metrics
for GPT-4o (compared to PlainForm).

PlainForm clearly led to a better reproduction of
the form, but PlainMeaning did not do so for the
meaning.

The results for the analysis prompting strate-
gies are less clear. Overall, AnalysisTranslate and
PlainForm lead to similar performance on the form-
related metrics. AnalysisTranslate however is as-
sociated with a lower average CometKiwi score.
Furthermore, the generated outputs for other condi-
tions without a separate analysis step often already
started with a brief analysis (e.g., by mentioning
that the poem is a sonnet), which means that adding
a separate step often did not provide much further
information.

AnalysisRewrite reproduces the form better than
PlainForm (but not better than some of the iterative
conditions), but has a lower CometKiwi score than
any other prompt condition. The differences to

PlainForm are significant under a 5% significance
level, with p = 0.041 for metrical distance, p =
6.98× 10−7 for rhyme scheme similarity, and p =
1.50× 10−31 for CometKiwi.

4.3 Qualitative observations

The manual inspection of a few of the translated
poems by the authors revealed some further partic-
ularities that do not fully manifest in the numerical
metrics. Most importantly, those prompting strate-
gies that lead to a closer adherence to the form of
the original often also result in partially ungram-
matical translations as well as divergent or even
incomprehensible content (see Appendix D for an
example). LLMs of the size of those used here do
not usually make a lot of grammatical mistakes in
text generation (neither in English nor German),
nor were such mistakes produced at a high fre-
quency in those translations that do not reproduce
the form.

It is thus likely that the requirements of the form
sometimes force the LLM to produce ungrammati-
cal phrases. This would be an instance of a tradeoff
relation not only between the reproduction of form
and meaning, but also between poetic form and
grammaticality. Furthermore, since the internal
representations of an LLM are abstractions of pat-
terns found in the training data, poetic licence (i.e.,
the fact that poets occasionally break grammatical
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conventions in specific contexts or for a specific
effect) in the training data may have contributed
to the LLM learning patterns that allow deviations
from regular grammar in poetry generally, even
in cases or at a frequency that would be uncom-
mon in human-written poetry. Finally, some of the
grammar mistakes in the German translations can
also be explained as interference from the English
original.

Divergent or incomprehensible content cannot
always be recognized from the CometKiwi score
alone. Even in cases where it is still relatively high
there may be completely incomprehensible or mis-
leading lines. The reason might be that calculating
one score for the whole poem obscures strong mis-
matches in the meaning of individual parts.

The qualitative analysis further revealed that an
additional improvement step aiming at a closer re-
production of the form (as in IterativeForm, Itera-
tiveMixed, and IterForm2Steps) does usually not
lead to whole parts of the previous attempt being
copied. More often, a completely new translation
is produced, which tends towards less literal word
choices and a freer restructuring of the content (see
Appendix D for an example).

Finally, LLM-produced translations sometimes
follow a mostly consistent form that is not the one
of the original (a strategy that is occasionally but
rarely used by human translators as well). When
this occurs, the alternative form usually employs
metres and rhyme schemes common in German
poetry (such as iambic hexameter and rhyming
couplets). A notable exception are the reasoning
model OpenAI o4-mini and the unified model GPT-
5 (which depending on the prompt also uses rea-
soning) under the PlainForm strategy, which both
produce a high number of identical rhymes (i.e.,
rhyme pairs where not only the phonemes from the
nucleus of the last stressed syllable onward, but
also that syllable’s onset consonants are identical).
Even though identical rhyme is rare in German
poetry and considered a stylistic mistake in most
contexts (Peust, 2014), almost half (72) of OpenAI
o4-mini’s and about two thirds (102) of GPT-5’s
translations feature at least two such rhyme pairs.
28 of OpenAI o4-mini’s and 6 of GPT-5’s transla-
tions even contain five or more pairs of identical
rhymes (i.e., at least 10 out of 14 lines).

5 Discussion

5.1 Comparison to human translations
Compared to the human translators, the LLMs
more often produced translations that match the
form of the original only partially. In particular, re-
producing the rhyme scheme remains challenging,
and when it was reproduced, this often was ac-
compagnied by a lower quality in terms of content
reproduction, grammatical correctness, and style.
On the other hand, the reproduction of the iambic
pentameter was much less of a problem when the
prompt clearly stated to reproduce the form.

Based on the CometKiwi scores alone, it may
seem that on average the LLMs reproduce the
meaning better than human translators. However,
poetic meaning encompasses aspects other than
the literal semantic content, and it is likely that
the CometKiwi metric does not reflect all of its
nuances equally well. Furthermore, the older and
sometimes unconventional language of the human
translations might have contributed to their lower
CometKiwi scores. For example, Stefan George’s
translation (which performs worst on this metric) is
characterized by a nonstandard lowercase-only or-
thography and idiosyncratic usage of punctuation.

5.2 Comparison between LLMs
All five models tested here (GPT-4o, Claude 3.5
Sonnet, Gemini 1.5, OpenAI o4-mini, and GPT-5)
showed the basic pattern of a tradeoff between the
reproduction of form and meaning, and for all of
them, the explicit instruction to reproduce the form,
e.g., with the PlainForm prompt, led to a better
performance on this criterion, and accordingly a
less faithful reproduction of the meaning. While
only three prompt formulations were tested for all
models, these parallels in their behaviour suggest
that different LLMs overall react to changes in the
prompt similarly.

While the overall performance of all three stan-
dard LLMs (GPT-4o, Claude 3.5 Sonnet, Gemini
1.5), as well as the unified GPT-5, was similar,
the reasoning model OpenAI o4-mini performed
worse, at least in terms of the metrics used here.

A particularity of translations produced by Ope-
nAI o4-mini and GPT-5 was the frequent occur-
rence of identical rhyme, which seemingly stems
from the reasoning process used by these models.
Since identical rhyme is rare in German poetry and
more difficult to use than “canonical” rhyme, this
can neither be explained by a high frequency in the
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training data nor by the need to reconcile the repro-
duction of the form with other aspects. Given that
the correct form would be expected to be produced
more easily than the erroneously produced one,
this is probably not a problem of the general model
capabilities. Rather, it seems that somewhere dur-
ing the multi-step reasoning procedure, the goal
shifts from reproducing the form of the original to
producing a specific, entirely different form.

5.3 Effect of prompting strategies

Comparing the results of several prompting strate-
gies revealed that they differ in their effectiveness
to align translations to a certain target criterion (i.e.,
reproduction of the form or the meaning).

If the goal is to prioritize the reproduction of
the form, it improves the performance of all tested
LLMs a lot if this is clearly stated in the prompt.
This only holds for some models when there should
be a focus on the meaning, or at least it does not
consistently manifest in the resulting CometKiwi
score. One explanation is that human translators
—from whose work the LLM learns the relevant
distinctions during training— usually consciously
decide whether they want to reproduce the form or
not, and sometimes explicitly state that they do so.
In contrast, they do not usually make such a binary
decision for the reproduction of the meaning.

To improve the reproduction of the form, it is
beneficial to give the translation attempt back to
the LLM and to instruct it to produce a better trans-
lation. On average, doing so more than one time
further improves the reproduction of the form (com-
pare IterForm2Steps to IterativeForm), but further
research would be necessary to systematically in-
quire how exactly the properties of the input trans-
lation affect the output. In contrast, dividing the
task into separate steps did not consistently lead
to further improvement. These observations align
with Wu et al. (2025)’s findings for a general, non-
poetic translation task, where iterative refinement
led to a better performance than task decomposi-
tion too. It may be the case that an explicit analysis
would be more relevant for less common poetic
forms. On the other hand, however, the quality of
the analysis might be lower for rare poetic forms,
as language models recognize more frequent forms
(such as the sonnet) more reliably (Walsh et al.,
2024).

Not including the original poem in the final trans-
lation step (in AnalysisRewrite) strongly impairs

the reproduction of the meaning, with the associ-
ated CometKiwi score being on average lower than
in any other condition. This highlights the risks
of splitting the process of poetry translation into
two fully disconnected steps (literal translation and
style injection). One of the challenges of poetry
translation is that while it requires taking into ac-
count different aspects, the complex ways in which
these aspects interact with each other make it diffi-
cult to divide the task into independent steps: Every
part of the poem (be it a phrase, a line, or a longer
section) influences the form and the meaning at
the same time, and both form and meaning result
from the interaction of several parts of the poem.
Providing the original poem at every step prevents
the LLM from moving too far away from the origi-
nal meaning. Since the reasoning model OpenAI
o4-mini presumably also divides the problem into
subtasks, its lower performance and peculiar out-
put might similarly stem from the impossibility to
separate the task into isolated steps.

In general, LLM-generated translations that
match the form of the original rather well often
contain incomprehensible lines or grammatical mis-
takes. This suggests that a similar tradeoff relation
as between the reproduction of the form and the
meaning also exists between the reproduction of
the form and other aspects (such as the adherence
to the grammatical norms of the target language).

6 Conclusion

By using numerical and easily interpretable met-
rics describing the adherence of a translation of a
poem to a specific form, this study confirms that
the reproduction of the form of an English poem
in its German translation remains challenging even
for very large generative language models. How-
ever, the performance with regard to this aspect is
strongly influenced by the chosen prompt strategy.
In particular, giving the output back to the LLM
together with the instruction to reproduce the form
better helps to approximate the metre and rhyme
scheme of the original. On the other hand, it is not
possible to divide the task into fully independent
steps, and the translations are on average better
when the original poem is provided at each step of
the translation process. These results might also
be relevant for other domains where the output has
to fulfill several criteria that interact in a complex
way at the same time.

The results also confirm that there is a tradeoff
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between different criteria. For both human transla-
tors and LLMs, reproducing the form better comes
at the cost of having to compromise on other as-
pects (such as meaning, style and grammar). A
translation that fulfills all criteria perfectly is im-
possible, but the influence of the chosen prompt
strategy on the output suggests that —given further
improvement with regard to the overall translation
quality–– LLMs can be used to tailor poetic trans-
lations to reader preferences more flexibly.

Limitations

While the restriction to a set of well-known poems
that have often been translated into German allows
a comparison to not only one but several human-
written translations, it is likely that both the original
poems and German translations are included in
the training set of the LLMs, which may skew the
results.

Furthermore, comparing the form of an original
poem and its translation works best when the ba-
sic properties of this form are known to both the
source and the target language tradition. In this
case, the fact that the sonnet and the accentual-
syllabic iambic pentameter are common in both
English and German poetry allows a direct com-
parison, but further considerations about the trans-
ferability of the form as well as adjustments of
the metrics could be necessary in situations where
the form is specific to one of the languages or is
defined differently in both of them.

More generally, this study considers only one au-
thor (William Shakespeare), one poetic form (the
sonnet) and one language pair (English to German),
and it is not certain to what extent the results hold
for other kinds of poetry. In addition, the language
of Shakespeare’s sonnets (i.e., Early Modern En-
glish) differs from modern English, thus metrics
such as CometKiwi may be less reliable here than
they are for more recent texts.

Finally, the models tested here are closed-source
models, which means that some of their exact spec-
ifications and settings are not known.
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A Prompts

Plain:
Please translate the following poem to German:
<original poem>

PlainForm:
Please translate the following poem to German.
Please make sure that your translation reproduces
the form of the original (rhyme and meter):
<original poem>

PlainMeaning:
Please translate the following poem to German.
Please make sure that your translation reproduces
the meaning of the original as closely as possible:
<original poem>

IterativeForm:
You are provided with an English poem and an
attempt at a German translation. Please suggest a
translation to German that reproduces the form of
the original (rhyme and meter) better.
Original:
<original poem>
Attempt at translation:
<translation from Condition B>

IterativeMeaning:
You are provided with an English poem and an
attempt at a German translation. Please suggest a
translation to German that reproduces the meaning
of the original better.
Original:
<original poem>
Attempt at translation:
<translation from Condition C>

IterativeMixed:
You are provided with an English poem and an
attempt at a German translation. Please suggest a
translation to German that reproduces the form of
the original (rhyme and meter) better.
Original:
<original poem>
Attempt at translation:
<translation from Condition C>

IterForm2Steps:
You are provided with an English poem and an
attempt at a German translation. Please suggest a
translation to German that reproduces the form of
the original (rhyme and meter) better.
Original:
<original poem>
Attempt at translation:
<translation from Condition B>

AnalysisTranslate, first step:
Please tell me the meter and rhyme of the following
poem (in the format: “Meter: [meter]; Rhyme
scheme: [rhyme scheme]”).
Poem:
<original poem>

AnalysisTranslate, second step:
Please translate the poem below to German. Please
make sure to reproduce the meter and rhyme
scheme of the original, making use of the given
additional information.
Information on meter and rhyme scheme:
<output of the first step>
Poem:
<original poem>

AnalysisRewrite, first step:
Please tell me the meter and rhyme of the following
poem (in the format: “Meter: [meter]; Rhyme
scheme: [rhyme scheme]”).
Poem:
<original poem>
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AnalysisRewrite, second step:
Please translate the following to German:
<output of the first step>

AnalysisRewrite, third step:
Bitte schreiben Sie den folgenden Text in ein
Gedicht mit den folgenden Eigenschaften um:
<output of the second step>
Text:
<translation from Condition C>

B Pseudocode for the metrical distance
algorithm

metr_dist = 0;
while no_of_lines(transl) > no_of_lines(ref)

do
metr_dist = metr_dist+
minx(sum_of_stress_values(translx));

from transl remove
translargminx(sum_of_stress_values(translx));

end
while no_of_lines(ref) > no_of_lines(transl)

do
metr_dist = metr_dist+
minx(sum_of_stress_values(refx));

from ref remove
refargminx(sum_of_stress_values(refx));

end
metr_dist = metr_dist+∑

x∈1,...,no_of_lines(ref)
(ldist(translx, refx));

metr_dist = metr_dist÷ no_of_lines(ref)
Algorithm 1: Metrical distance algorithm

transl is the sequence of sequences (lines) of
stress values extracted from the translation. ref is
the sequence of reference line metres. translx is
the stress pattern of the x-th line of the translation,
and refx is the reference line metre for the x-th
line.

ldist(translation, reference) is a standard
edit distance with three operations (insertion, dele-
tion, substitution), where the cost of insertion and
deletion is the stress value and the cost of substitu-
tion is the difference in stress values.

C Means and standard deviations for all
settings

Note: All results are given in the format mean/stan-
dard deviation.

Translator, CometKiwi
prompting strategy

1 Dorothea Tieck 0.363/0.045
2 Gottlob Regis 0.383/0.049
3 Ludwig Walesrode 0.372/0.048
4 Max Joseph Wolff 0.398/0.042
5 Stefan George 0.320/0.041
6 DeepL 0.614/0.051
7 GPT-4o, Plain 0.595/0.064
8 GPT-4o, PlainForm 0.460/0.052
9 GPT-4o, PlainMeaning 0.568/0.074

10 GPT-4o, IterativeForm 0.450/0.046
11 GPT-4o, IterativeMeaning 0.548/0.071
12 GPT-4o, IterativeMixed 0.444/0.045
13 GPT-4o, IterForm2Steps 0.425/0.044
14 GPT-4o, AnalysisTranslate 0.424/0.050
15 GPT-4o, AnalysisRewrite 0.394/0.048
16 Claude 3.5 Sonnet, Plain 0.484/0.062
17 Claude 3.5 Sonnet, PlainForm 0.469/0.049
18 Claude 3.5 Sonnet, PlainMeaning 0.483/0.067
19 Gemini 1.5, Plain 0.515/0.082
20 Gemini 1.5, PlainForm 0.466/0.064
21 Gemini 1.5, PlainMeaning 0.553/0.083
22 OpenAI o4-mini, Plain 0.503/0.076
23 OpenAI o4-mini, PlainForm 0.425/0.048
24 OpenAI o4-mini, PlainMeaning 0.544/0.072
25 GPT-5, Plain 0.568/0.070
26 GPT-5, PlainForm 0.439/0.046
27 GPT-5, PlainMeaning 0.606/0.052

Metrical distance Rhyme scheme
similarity F1

1 0.74/0.077 0.96/0.062
2 0.91/0.176 0.89/0.108
3 0.75/0.083 0.93/0.087
4 0.75/0.096 0.94/0.094
5 0.82/0.091 0.93/0.113
6 2.86/0.473 0.01/0.050
7 2.45/0.696 0.10/0.211
8 0.93/0.235 0.65/0.215
9 2.13/0.736 0.23/0.294

10 0.81/0.134 0.72/0.171
11 1.89/0.712 0.29/0.325
12 0.85/0.258 0.75/0.195
13 0.74/0.119 0.79/0.158
14 0.99/0.403 0.69/0.216
15 0.87/0.365 0.76/0.192
16 1.19/0.529 0.57/0.356
17 0.97/0.303 0.76/0.206
18 1.20/0.489 0.57/0.377
19 1.90/0.772 0.32/0.312
20 1.24/0.540 0.56/0.272
21 2.23/0.795 0.21/0.274
22 2.18/0.842 0.33/0.343
23 1.58/0.898 0.62/0.244
24 2.46/0.787 0.19/0.294
25 2.26/0.755 0.11/0.243
26 1.07/0.290 0.72/0.186
27 2.87/0.639 0.01/0.044

D Example of refinement over several
steps

The following translations of Shakespeare’s
Sonnet 29 by GPT-4o under the conditions
PlainForm, IterativeForm, and IterForm2Steps
serve as an example of the changes over several
iterations. They are annotated for significant
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content differences to the original as well as
ungrammatical phrases. Red marks
ungrammatical parts, yellow marks parts of the
translations that strongly differ from the content of
the original, and green marks changes in the
order of contents.

William Shakespeare: Sonnet 29 (Shakespeare, 2019)
When, in disgrace with fortune and men’s eyes,
I all alone beweep my outcast state,
And trouble deaf heaven with my bootless cries,
And look upon myself, and curse my fate,
Wishing me like to one more rich in hope,
Featur’d like him, like him with friends possess’d
Desiring this man’s art, and that man’s scope,
With what I most enjoy contented least;
Yet in these thoughts myself almost despising,
Haply I think on thee,—and then my state,
Like to the lark at break of day arising
From sullen earth, sings hymns at heaven’s gate;
For thy sweet love remember’d such wealth brings
That then I scorn to change my state with kings.

Translation by GPT-4o, PlainForm
CometKiwi: 0.383, Metrical distance: 0.80, Rhyme scheme
similarity F1: 0.42

Wenn ich, von Glück und Menschens Blick verbannt,

follows English rather than
German morphology

Ganz einsam meinem ausgestoß’nen Stand
Nachweine, taubem Himmel Schmerz gesandt,
Verfluche mich und meiner Sterne Hand,
Und wünschte, hoffnungsvoll wie jener Mann,

Ansehnlich wie der Freundesreiche dann,

the phrase is missing a verb

Begehrte dies’ Talent und jenen Plan,
Und schätzte nicht, was ich doch lieben kann;
Doch mitten in solch schmachvollem Verlangen
Denke ich, plötzlich, glücklich nur an dich.
Dann steigt mein Herz, wie Lerchen aufgesprungen,
Die singen, wenn der Tag das Dunkel bricht;

"from sullen earth" and "at heaven’s gate" is not
reproduced in this translation

Denn deines süßen Denkens reiche Gaben
Lässt mich auf Königsglück von Herzen verzichten.

number agreement mistake

Translation by GPT-4o, IterativeForm
CometKiwi: 0.427, Metrical distance: 0.81, Rhyme scheme
similarity F1: 0.36

Wenn ich, verstoßen von des Schicksals Hand,
Ganz einsam weine meinen schalen Stand,

intransitive verb used with a direct object

Und tauben Himmel ruf mit leerem Schrei,

missing article

Mich anseh’ selbst und meinem Schicksal groll’,

Wünscht’ ich, wie jener hoffnungsreich zu sein,
Gesellt wie er, mit Freunden wohl bedacht,
Begehrt’ ich dies’ Talent, des andern Schein,
Und das, was mir gefällt, schätzt’ ich recht flach.
Doch mitten in solch fast verhasstem Trachten
Denk’ ich an dich – und plötzlich strahlt mein Los;
Wie Lerche , die im Morgengrauen erwacht,

missing article

Die freudig singt, als sei die Nacht nicht groß.

"from sullen earth" and "at heaven’s gate" is not
reproduced in this translation

Denn süße Liebe, die mir dich beschert,
Macht, dass ich Königs Glück verschmäh’ und wehr’.

Translation by GPT-4o, IterForm2Steps
CometKiwi: 0.438, Metrical distance: 0.66, Rhyme scheme
similarity F1: 0.92

Wenn ich, verachtet, fern von Glück und Gunst,
Allein bewein’ mein ausgestoßnes Los,
Und ruf’ zum tauben Himmel meine Kunst ,
Verfluchend mich und mein Verhängnis bloß;
Wenn ich mich wünsch’, wie jener reich an Mut,
Und schön wie der, beliebt und hochverehrt,
Begehr’ dies’ Mannes Kunst, des andern Gut,
Und was ich sonst geliebt, erscheint mir leer;
Doch denk’ ich dann an dich in meinem Schmerz,

Da schwingt mein Geist sich auf in lichten Klang,

Gleich wie die Lerche, die mit frohem Herz

Vom düstren Acker steigt zum Morgensang.

"at heaven’s gate" is not reproduced in this transla-
tion

Dein süßer Liebes gruß so reich mich macht,

Dass ich kein Königs königreich betracht’.

Note especially the third quartet (ll. 9-12) in the
IterForm2Steps translation, where the contents of the original
are compressed, expanded and reordered more freely than in
the previous iterations to produce a more coherent and
smoother translation. The ll. 9-12 can be translated back to
English as "Yet if I think of you in my pain, / then my spirit
arises into bright sound, / like the lark, who with a happy
heart / rises from the dark fields for its morning song." Note
also the less literal translation of words at the rhyming ends of
lines, e.g., "Mut" (literally, "courage") for "hope", and
"beliebt und hochverehrt" (literally, "popular and revered")
for "with friends possess’d".
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