Computational Approaches to Automatic Poetry Generation and
Evaluation: A Survey

ILYA KOZIEV?, SberAl Russia
LEONID SINEV, SberAl, Russia

This survey provides a comprehensive synthesis of research on automatic poetry generation and evaluation from 2017 to 2025.
We examine computational approaches that leverage pre-trained LLMs, multimodal architectures, and specialized algorithms
for handling poetic constraints such as meter, rhyme, and stanza structure. In addition to surveying generative methods,
we analyze practices in data engineering, including corpus construction, annotation, and preprocessing tools tailored to
poetry. Evaluation receives particular attention: we review automatic metrics, LLM-as-a-judge methods, and human-centered
protocols, discussing their strengths and limitations. Compared with prior surveys, our work emphasizes (1) the dominant
role of LLMs in both generation and evaluation, (2) a taxonomy of poetry generation tasks categorized by interaction modality,
(3) systematic coverage of dataset engineering challenges, and (4) a comprehensive analysis of automatic and human evaluation
approaches, highlighting their drawbacks. By consolidating advances across diverse research lines, we show how poetry
serves as a challenging benchmark for controllable text generation, multimodal grounding, and human-aligned evaluation.
Building on this perspective, the survey summarizes current methods and open challenges in the generation, control, and
evaluation of poetic and lyrical text.
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1 Introduction

Text generation has become one of the most dynamic areas of research in natural language processing (NLP)
and artificial intelligence (AI). While recent years have seen the rapid progress of large language models (LLMs)
in general-purpose tasks, poetry generation represents a particularly demanding domain. Unlike ordinary text
generation, poetry requires not only semantic coherence but also sensitivity to form, rhythm, rhyme, imagery,
and cultural nuance. As such, it serves as a challenging benchmark for controllability, multimodal grounding,
and evaluation — issues of broad relevance to the NLP and generative Al communities.

Research on automatic poetry generation has expanded considerably since 2017, encompassing diverse ap-
proaches such as rhyme- and meter-controlled generation, cross-lingual poetic translation, multimodal condi-
tioning (e.g., image-to-poem), and interactive human-in-the-loop systems. These efforts provide insights into
fundamental challenges in generative modeling, including dataset scarcity, alignment with human preferences,
reproducibility of evaluation, and the integration of symbolic constraints with neural architectures.
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For the purposes of this survey, we adopt an operational definition of poetry grounded in literary theory and
computational practice. Following Attridge (1995), poetry can be treated as text in which formal properties such
as rhythm, rhyme, meter, line structure, or patterned repetition play a central role in meaning construction,
which distinguishes it from ordinary prose. This view is consistent with formal accounts of poetry that emphasize
constraint and structure, particularly in fixed-form verse (Fussell 1979, page 127).

Accordingly, this survey focuses on systems that explicitly model or evaluate at least one poetic constraint,
such as meter, rhyme, stanza structure, or line-level organization. We include both traditional poetic forms (e.g.,
sonnets, haiku, quatrains, limericks) and closely related forms such as song lyrics, including rap, where similar
formal constraints apply. Texts that lack explicit poetic structure or are treated purely as unrestricted prose are
outside the scope of this review.

Poetry is not only of literary interest but also a useful testbed for challenges in generative Al It combines
structural constraints such as rhyme and meter with requirements for meaning and style, making it a compact
example of controllable text generation. The lack of large, consistent poetry datasets mirrors data limitations in
many other domains. Evaluating poems is also difficult, raising broader questions about human-aligned evaluation
and the use of LLMs as judges. For these reasons, the survey is intended to support both researchers in generative
poetry and the wider NLP and Al communities interested in control, alignment, and evaluation.

Our contributions are as follows:

e We analyze and systematize research on generative poetry published between 2017 and 2025, extending
and updating earlier surveys such as Gongalo Oliveira (2017).

e We introduce a taxonomy of poetry generation tasks, organized by user control modality (structural,
semantic, stylistic, multimodal), highlighting how different interaction formats shape the generation
problem.

e We provide systematic coverage of data engineering practices, including open datasets, preprocessing
pipelines, and tools for rhyme, stress, and scansion — resources that remain underexplored in prior surveys.

e We analyze model architectures and decoding strategies, with special attention to the role of LLMs in
shaping the state of the art.

e We conduct a comprehensive review of evaluation practices, comparing automatic metrics, LLM-based
evaluation methods, and human protocols, and we highlight their limitations.

e Finally, we identify open challenges and future research opportunities that connect poetry-specific problems
to broader issues in controllability, alignment, and evaluation in generative Al.

By consolidating and synthesizing recent advances, this survey is intended not only as a technical reference
for computational creativity but also as a resource for the wider NLP and Al communities seeking to address
fundamental challenges in creative and controllable text generation.

Given the substantial engineering innovations in recent years, this survey aims to provide an updated synthesis
of methods, models, and results that have not been adequately covered in previous surveys. We begin by briefly
summarizing these earlier works to contextualize our contribution.

Compared to previous surveys, our work makes several distinct contributions. Gongalo Oliveira (2017) provided
valuable coverage of rule-based and pre-neural approaches but offered limited synthesis on datasets, evaluation
practices, and task taxonomies. Our survey extends this line of work by presenting a high-level analysis of
datasets (Section 3.1), task formulations (Section 2), and assessment methods (Section 5), with particular emphasis
on how LLMs now shape both poem generation and evaluation. More recently, Franceschelli and Musolesi (2024b)
provided an in-depth discussion of creativity and figurative language, but expressed skepticism about the role of
transformer-based architectures (Vaswani et al. 2017) in creative systems. In contrast, we highlight the dominant
role of transformers in state-of-the-art generative poetry systems (Section 4.2.3). Furthermore, while their review
takes a primarily theoretical perspective on creativity and evaluation, our survey approaches evaluation from an
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engineering standpoint, analyzing concrete metrics and methods used in published systems. These perspectives
are complementary: together they provide both conceptual and practical insights, whereas our contribution is to
consolidate advances in methods, data, and evaluation with a focus on how LLMs reshape the field.

Our analysis focuses primarily on research articles published between 2017 and 2025, drawing in particular on
works indexed in the ACL Anthology'. Supporting statistics are reported in Appendix A. In a small number of
cases, we also include papers published before 2017 when this helps to contextualize trends in areas with limited
prior work.

This survey is organized into the following sections. Section 2 introduces a taxonomy for classifying poetry
generation systems. Of particular interest in this part of the survey are the new methods of controlling text
generation that have emerged in recent years with the rise of multimodal language models (LMs), such as
generating song lyrics from audio or generating poems based on a given image. Each subsection focuses on
a specific group of tasks, categorized by the tools they provide for managing generation or the input data used to
form the final text. We discuss tasks such as keyword-conditioned poem generation (Section 2.2), instructive
prompting (Section 2.3), poetic translation (Section 2.4), poetry style imitation and parody generation (Section 2.5),
prose-to-poem conversion (Section 2.6), acrostic generation (Section 2.7), image-conditioned poem generation
(Section 2.8), melody-to-lyric generation (Section 2.9), controlled generation approaches with other modalities
(Section 2.10), and poem writing assistance (Section 2.11). Section 3 examines approaches to preparing training
data, addressing challenges such as scraped data quality control and tasks specific to poem text preparation,
including syllabification (Section 3.2), stress assignment (Section 3.3), rhyme detection (Section 3.4), and part-of-
speech tagging (Section 3.5). In Section 4 of this survey, we aim to highlight both mainstream architectures used
for poetry generation and contemporary alternatives that, while underrepresented, hold potential interest for
researchers. This section explores the design of poetry generation systems through three orthogonal factors:
(1) text representation, for example, character-level (Section 4.1.1), syllable-level (Section 4.1.2), word-level
(Section 4.1.3), or phonetic (Section 4.1.4) representation; (2) the architecture of the LM (Section 4.2); and (3)
the LM decoding algorithm (Section 4.3). Each factor requires a choice among alternatives. Selecting the right
combination often depends on the researcher’s intuition and domain expertise. Section 5 focuses on the assessment
of generated poems, emphasizing the importance of research in this area. We provide a high-level analysis of
popular approaches to automatic evaluation, then examine individual metrics and their calculation methods,
and offer recommendations for their use. After that, we review specific metrics, including meter, rhyme, and
form (Section 5.1.2); grammaticality and meaningfulness (Section 5.1.3); diversity (Section 5.1.4); novelty and
creativity (Section 5.1.5); naturalness (Section 5.1.6); and others. In a separate section (Section 5.2), we systematize
approaches to human assessment of generative poetry. Finally, in Section 6, we outline open challenges in the
field of generative poetry and propose a research agenda for the coming years.

2 Generative Poetry Tasks

In this survey, we categorize generative poetry tasks according to the type of user control exerted during the
generation process. Control can take structural forms, such as specifying rhyme schemes or metrical patterns;
semantic forms, such as guiding themes, keywords, or emotional tones; stylistic forms, such as imitating the
voice of a specific poet or performing cross-lingual poetic translation; or multimodal forms, where inputs like
images or melodies influence poetic output. This taxonomy emphasizes how different interaction modalities
shape the generation problem, rather than grouping systems by underlying architectures. By organizing tasks
around user control, we highlight the ways in which poets, researchers, and end-users can steer creative output,
providing a coherent framework that unifies diverse approaches under a common perspective. Table 1 presents
the result of using this taxonomy construction principle based on works published between 2017 and 2025.

Uhttps://aclanthology.org/
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Table 1. Generative poetry tasks in publications (2017-2025). Implementation complexity reflects the difficulty of building
systems given available datasets. Target languages indicate natural languages with implementations.

Task Implementation Target Papers

complexity languages
First line Lowest (none in case Chinese, English ~ Aguiar and Liao (2019), Badura et al. (2022), Boggia et al.
continuation of decoder LM) (2022), D’Souza and Mimno (2023), K6bis and Mossink (2021),

(Section 2.1)

D. Liu et al. (2018), Lo et al. (2022), Ram et al. (2021), Y. Song
(2022a), Uthus et al. (2022), and K. Yang and Klein (2021)

Keywords-
conditioned
poem generation
(Section 2.2)

Low (requires key-

Chinese, English,
French,
Portuguese,
Spanish

Boggia et al. (2022), Chang et al. (2023), Gongalo Oliveira,
Mendes, et al. (2017), Z. Guo, X. Yi, et al. (2019), Himélainen,
Alnajjar, and Poibeau (2022), Hegade et al. (2021), and Z. Liu
et al. (2019)

Instruction-
tuned prompting
(Section 2.3)

word extraction
pipeline)

Medium to high
(requires human
involvement or LLM-
powered  synthetic
prompt  generation
pipeline)

Chinese, English,
Russian,
Vietnamese

Agirrezabal and Oliveira (2024), Chakrabarty, Padmakumar,
et al. (2022), Y. Chen, Groner, et al. (2024), D’Souza and
Mimno (2023), Davis (2024), Horishny (2022), Z. Hu et al.
(2024), Huynh and Bao (2024), Koziev and Fenogenova (2025),
Porter and Machery (2024), Shalevska (2024), Tian and Peng
(2022), Walsh, Preus, et al. (2024), C. Yu et al. (2024), and
R. Zhang and Eger (2024)

Poetic translation
(Section 2.4)

High (there is little
quality data for train-
ing, the assessment
approach must take
into account many cri-
teria simultaneously)

Chinese, Dutch,
English, French,
German, Italian,
Japanese, Korean,
Portuguese,
Russian, Spanish

Cespedosa Vazquez and Mitkov (2023), Chakrabarty,
Saakyan, et al. (2021), A. Chen et al. (2024), Cho et al. (2025),
Ghazvininejad, Y. Choi, et al. (2018), Moreno (2021), Mukher-
jee et al. (2024), Resende and Hadley (2024), W. L. Song et al.
(2023), and S. Wang, Wong, et al. (2024)

Poetry style
imitation and
parody
(Section 2.5)

Medium to high (there
are no datasets with
parodies or imitation
of style)

Chinese, English,
Russian

Chang et al. (2023), Nalci et al. (2025), Sawicki, Grzes, Goes,
Brown, Peeperkorn, and Khatun (2023), Sawicki, Grzes,
Goes, Brown, Peeperkorn, Khatun, and Paraskevopoulou
(2023), Shihadeh and Ackerman (2020), and Tikhonov and
Yamshchikov (2018a)

Prose-to-poem
(Section 2.6)

Medium  (requires
LLM-powered sum-
marization pipeline)

English, French,
Persian

Khanmohammadi et al. (2023) and Van de Cruys (2020)

Acrostics
(Section 2.7)

Medium (no ready-to-
use datasets available)

English

Agarwal and Kann (2020), Fan et al. (2019), and Fedchin et al.
(2025)

Image-
conditioned
poem generation
(Section 2.8)

Medium

Chinese, English

Jiang et al. (2025), B. Liu et al. (2018), L. Liu et al. (2018),
Loller-Andersen and Gambéck (2018), Nalci et al. (2025), Xu
et al. (2018), and D. Zhu et al. (2024)

Melody-to-lyric
(Section 2.9)

Medium (few datasets
available, web scrap-
ing and data prepro-
cessing required)

Chinese, English

Y. Chen and Lerch (2020), Elzohbi and R. Zhao (2024), Lu, J.
Wang, et al. (2019), Tian, Narayan-Chen, et al. (2023), Vech-
tomova et al. (2021), and Y. Yu et al. (2021)

Other controlled
generation tasks
(Section 2.10)

The complexity varies
greatly for different
subtasks

Chinese, English,
Spanish

Cerdas (2025), H. Chen et al. (2019), McCormack et al. (2024),
Rastvold and Gambéck (2020), X. Song et al. (2025), Tholke
et al. (2024), Tonra et al. (2019), Wockener et al. (2021), X.
Yang et al. (2018), and X. Yi, R. Li, C. Yang, et al. (2020)
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We begin by detailing common prompting strategies before discussing their application to specific generative
tasks.

The prevalence of instruction-tuned transformer models has led most modern systems to adopt a single-turn,
prompt-to-poem paradigm. This approach leverages widely available LLMs and inference tools. It also requires
minimal user training, as the chat-based interface has become a de facto standard for generative Al. Within this
paradigm, we can distinguish several core prompting strategies, which often correspond to distinct historical
tasks:

e Generating from a keyword or set of keywords.
e Continuing from a given first line provided by the user or generated by another LM.
o Following a complex instruction (which may include keywords, first lines, or other constraints).

Historically, systems built for keyword-based generation or line continuation predate modern instructional
LLMs. They often relied on more straightforward and easier-to-implement controls within recurrent neural
architectures. The technical implementation for each strategy also dictates different data engineering requirements.
For instance, fine-tuning a decoder-only transformer on a poetry corpus is a natural fit for a line-continuation
task, as it requires no special instruction dataset. In contrast, building a keyword-based system necessitates either
a ready-made dataset with poems marked by genre, era, style,? or building a pipeline to extract keywords from
text using standard NLP methods, though this offers greater flexibility by allowing control over attributes like
genre, emotion, or authorial style.

Due to these fundamental differences in their historical development and technical underpinnings, we describe
keyword-based and line-continuation approaches separately from modern instructional prompting. The advent
of powerful, publicly available LLMs like GPT-2 (Radford et al. 2019) and T5 (Raffel et al. 2020) has enabled all
these strategies to be implemented under a unified prompting paradigm.

In the following subsections, we will discuss the approaches mentioned and also discuss other options,
highlighting their challenges for researchers and practitioners. In Section 2.10 we highlight some notable examples
of approaches to certain control modalities that do not neatly fit into other categories, as they often encompass
unique or hybrid mechanisms that defy straightforward classification. Finally, in Section 2.11 we discuss interactive
systems that can implement different approaches to generation control, providing a user interface to access the
relevant tools.

We’ll start with the easiest approach to implement — poem completion based on the first line given.

2.1 First Line Continuation

The task of continuing a poem from a given first line simplifies system implementation, particularly when using
decoder transformer models. These models can operate directly in text completion mode after being trained on
poetic texts, with the first line provided either by the user or selected from existing human-written poems. The
initial line implicitly provides structural constraints — such as meter or syllable patterns — that guide the LM in
generating subsequent lines that adhere to poetic form requirements.

While this approach offers implementation advantages, it limits user control over other aspects of generation
compared to instructive prompting methods described in Section 2.3. Users cannot explicitly specify additional
constraints or stylistic preferences beyond what is embedded in the initial line.

Using human-written first lines: The initial line can be sourced from a corpus of human-written poems or
provided directly by the user. While simple to implement, this approach carries risks of line-level plagiarism and,
on a broader scale, potential reproduction of memorized content if the generative model lacks sufficient originality.
Another potential issue may be the inability of the generative model to complete the poem in the intended style,
especially in cases where the model’s training data did not contain enough poems in the required style. Examples

2See examples of such datasets in Section 3.
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of this method include: interactive poetry generation in Uthus et al. (2022); Chinese poem generation in D. Liu
et al. (2018); GPT-2 fine-tuning for English poetry in Kébis and Mossink (2021); controlled generation testing for
couplet completion in K. Yang and Klein (2021); haiku generation in Aguiar and Liao (2019); and generation of
Shakespeare-styled poems with the first line provided by the user in Badura et al. (2022). D’Souza and Mimno
(2023) used a first-line completion approach to test the ability of LLM Pythia (Biderman et al. 2023) and GPT-2 to
memorize and reproduce poem texts.

Employing a dedicated first-line generator: A separate LM, potentially with a different architecture or
reduced capacity, can be trained specifically to generate the first line. This increases the number of models
involved in the generation process, raising resource requirements for inference. For instance, Boggia et al. (2022)
describe such an approach. Additionally, Lo et al. (2022) propose a two-stage generation technique for limericks.
In the first stage, a fine-tuned GPT-2 model generates the first line. The second stage uses a separate model trained
on a corpus of limericks with reverse-ordered (right-to-left) tokens within each line, preserving the overall line
order. This reverse tokenization facilitates rhyme selection, ensuring adherence to the AABBA® rhyme scheme.

Collaborative line-level generation: The system generates multiple alternative variants of the next line,
from which the user selects one. This process iterates, with the system generating subsequent lines based on
the extended text. An example of this approach is described in Ram et al. (2021), where the T5 transformer
model generates the next line based on user-provided initial lines. Uthus et al. (2022) implemented an interactive
system in which the user can enter a string and receive continuation options with specified properties (number
of syllables, rhyme), from which to choose the best one.

Generating poems from a given first line offers limited control over content, particularly for longer compositions.
A common alternative is an approach where one or more keywords serve as input to guide the generative model.
The following subsection details this method.

2.2 Keywords-Conditioned Poem Generation

Generating poems from a user-specified list of keywords is a popular approach for defining generative poetry
tasks, particularly before the widespread adoption of LLMs. This method places the responsibility on the user to
select keywords that best capture the desired theme of the poem. However, it offers significant flexibility to the
generation algorithm in terms of lexical choices and rhetorical devices, as the set of keywords does not impose
the level of detail achievable with modern instructional LMs. Additionally, this approach simplifies the creation
of training datasets, as researchers can leverage existing NLP tools for topic modeling and keyword extraction
from documents.

A notable example of this approach is the system for automatic French poetry generation described by Hamalai-
nen, Alnajjar, and Poibeau (2022). Their system employs an encoder-decoder architecture, where the encoder is
a RoBERTa (Y. Liu, Ott, et al. 2019) model and the decoder is a GPT-2 model. The system uses Spacy? to extract
up to four keywords from each poem in a corpus of 8,500 poems. The first line of the poem is generated based on
one to four keywords, and subsequent lines are generated sequentially, conditioned on the previously generated
lines.

Po-MiINER by Hegade et al. (2021) is another example of the poem generation system accepting a single keyword
as user input. Its architecture diverges from mainstream approaches by eschewing generative LMs in favor of
a rule-based system that incorporates syllabification and rhyme selection. A unique aspect of this work is its
proposed application: generating hack-resistant one-time passwords.

3The notation AABBA indicates a five-line stanza where the first, second, and fifth lines rhyme with each other, while the third and fourth
lines share a separate rhyme.
4https://spacy.io
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Some interactive systems® provided the ability to enter a set of keywords as a way to control the generation of
the next line or an entire poem. The JruGe system (Z. Guo, X. Yi, et al. 2019), designed as a poetry creation assistant
with interactive editing capabilities, accepts both keywords and images as input modalities for poem generation.
Another interactive poetry generation assistant that uses seed words for content control is COPoETRYME (Gongalo
Oliveira, Mendes, et al. 2017). In this system, seed words do not necessarily appear verbatim in the generated
poem. Instead, they define a semantic field of related words from which the system selects appropriate terms to
satisfy poetic constraints.

A keyword-based generation scenario can serve as an internal system component rather than a user-facing
feature. For example, the Supowoopo system for Chinese lyric generation (Chang et al. 2023) employs an
auxiliary model that generates lyrics from keywords. This model creates synthetic training data by first extracting
keywords from target songs, then generating corresponding lyrics. These synthetic pairs are subsequently used
to build the final training dataset.

In the system proposed by Boggia et al. (2022), one of the two models generates a poem’s first line from
user-provided keywords. To train this model, the authors extract nouns, adjectives, and verbs from the first lines
of poems in their corpus. These extracted terms serve as keywords, forming (keyword, first-1line) pairs for
the training dataset.

The limited expressiveness of keyword-based input makes this approach less suitable for contemporary LLM-
powered systems, which typically rely on the more sophisticated control offered by instructional prompts. In
the next subsection, we will consider examples of the implementation of poetry generation systems with this
approach to control.

2.3 Instruction-tuned Prompting

Instruction tuning (supervised fine-tuning on instruction, output pairs) enables LLMs to accept direct natural-
language constraints (e.g., “Write a 8-line poem about spring sunsets, with ABAB rhyme for each quatrain”) and
produce usable poetic outputs. This approach offers maximum flexibility to users, enabling control over various
properties of the generated poem, such as genre, topic, keywords, emotional tonality, and more (Chakrabarty, Pad-
makumar, et al. 2022). Off-the-shelf instruction-tuned chat models (ChatGPT (OpenAlI 2022), DeepSeek (DeepSeek-
AT 2024), and other virtual assistants) respond well to zero- and few-shot instructive prompts and are widely
used in empirical studies; researchers used these models with instructive prompts to generate poems for human
rating. For instance, Shalevska (2024) conducted a comprehensive study on the creativity and rhetorical devices
employed in poems generated by ChatGPT and found that this system can mirror human poetic expression,
producing complex poems with numerous literary devices, but its creativity is constrained by training data and
mastery of prompt engineering. Furthermore, Walsh, Preus, et al. (2024) provided a comparative analysis of
poems generated by ChatGPT and those authored by human poets from the Poetry Foundation and the Academy
of American Poets. They found that the ChatGPT models can successfully produce poems in a range of both
common and uncommon English-language forms, but are much more constrained and uniform than human
poetry.

Another example of using ChatGPT to generate poems using few-shot prompts is the paper by Tian and Peng
(2022): in each prompt, they specified two sonnet examples and additional information about the topic of the
required generation, using this approach as a baseline for evaluating the proposed approach.

One of the key advantages of instructive prompting is its ability to control poetic parameters like meter and
rhyme directly through prompt instructions. In contrast, other systems often rely on separate components to
manage these aspects during generation. For instance, Z. Hu et al. (2024) employ a specialized module to control
diffusion processes, whereas instructive prompting integrates such control directly into the prompt.

5See more on interactive systems in Section 2.11.
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However, a significant challenge with instructive prompting is the requirement for a training dataset that
includes prompts for every sample. While C. Yu et al. (2024) used human-written prompts, this approach becomes
impractical for datasets with tens of thousands of samples due to its labor-intensive nature. To address this,
Huynh and Bao (2024) propose generating prompts automatically using LLMs.

Several studies have systematically evaluated instruction-tuned models. Porter and Machery (2024) conducted
a large human study using ChatGPT to generate poems in the style of various poets. Walsh, Preus, et al. (2024)
evaluated GPT-3.5 and GPT-4 (OpenAl 2023) across 24 poetic forms using instructional prompts. Y. Chen, Groner,
et al. (2024) quantitatively compared the diversity of poetic outputs from general-purpose instruction-tuned LLMs
and poetry-specialized models. R. Zhang and Eger (2024) explored multi-agent poetry generation where agents
follow instructional prompts to produce diverse outputs. Agirrezabal and Oliveira (2024) tested whether off-the-
shelf LLama 2 (Touvron, Martin, et al. 2023) can generate metrically controlled verse via zero-shot instructional
prompts. D’Souza and Mimno (2023) used custom-designed prompts to test the ability of the ChatGPT and
PaLM (Chowdhery et al. 2023) LLMs to accurately reproduce poems by famous authors.

Instruction-tuned prompting has become the dominant method for controlling poetry generation, largely
supplanting earlier techniques. This approach enables flexible control over both form and content in poetry writing
assistance systems (Section 2.11), as demonstrated by CoPoeT (Chakrabarty, Padmakumar, et al. 2022) — a T5-
based model fine-tuned on instruction-output pairs for poetry generation. User studies confirm that instruction
tuning enhances collaborative poem writing.

Many generation paradigms — including first line continuation (Section 2.1), keyword-conditioned (Section 2.2),
and image-conditioned (Section 2.8) approaches — can be implemented as specialized cases of instruction-tuned
prompting without sacrificing versatility. Additionally, a number of specialized tasks, such as poetic translation,
poetry style imitation, and converting prose into poetry, can also be implemented using this approach. Due to
the specific nature of these tasks, we decided to consider them separately in the following subsections.

2.4 Poetic Translation

Poetic translation requires reconciling semantic fidelity with formal and aesthetic constraints such as rhyme,
rhythm, and imagery, making it one of the most technically demanding tasks in generative poetry. Due to its
complexity, this task is well-suited for benchmarking multilingual LLMs (A. Chen et al. 2024) and all kinds of
neural MT systems (Cespedosa Vazquez and Mitkov 2023; Mukherjee et al. 2024).

An analysis of the poetry translation studies cited in Table 1 reveal several consistent trends in computational
approaches to poetry translation.

Training one’s own LM from scratch or retraining open LLMs (Chakrabarty, Saakyan, et al. 2021; Ghazvininejad,
Y. Choi, et al. 2018; Moreno 2021; W. L. Song et al. 2023) is less popular than zero-shot experiments with LLMs,
including proprietary systems and open LLMs (Cespedosa Vazquez and Mitkov 2023; A. Chen et al. 2024; Cho
et al. 2025; Mukherjee et al. 2024; Resende and Hadley 2024; S. Wang, Wong, et al. 2024), especially in the period
after 2023. Two studies examine the effect of adding information about the poem being translated to the prompt
(A. Chen et al. 2024; S. Wang, Wong, et al. 2024).

For many language pairs, the task of poetry translation is low-resource, forcing researchers to use different
approaches with training data augmentation by adding prose translations or translations for an auxiliary language
pair (Ghazvininejad, Y. Choi, et al. 2018; Moreno 2021).

Evaluation remains dominated by n-gram similarity metrics, though LLM-as-a-judge methods are beginning
to emerge as effective alternatives to human evaluation (A. Chen et al. 2024; S. Wang, Wong, et al. 2024). Novel
metrics such as Levenshtein distance (Levenshtein 1966) have also been explored (Cho et al. 2025), but no
consensus has yet been reached on how to best capture poetic fidelity.
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The development of new models, datasets, and quality assessment algorithms for poetry translation represents
a promising research direction. Even when constrained to proprietary LLMs like ChatGPT, researchers can explore
innovative approaches, such as prompt engineering, to enhance poetry translation, as demonstrated by S. Wang,
Wong, et al. (2024). However, this area remains underexplored within the broader field of MT, as current models
and evaluation protocols often fail to address the unique features of poetic texts. Insights from translation studies
also offer valuable perspectives for computational approaches. Robinson (2010) highlights the philosophical and
creative dilemmas inherent to poetry translation. Y. Ma and B. Wang (2020) proposed a systemic functional
linguistics (SFL) framework for analyzing translations across multiple levels, from phonology to context. Herbert
et al. (2024) introduced the collaborative “poettrio” method, where a source-language poet, a target-language
poet, and a language advisor jointly refine translations — a process reminiscent of multi-agent approaches in
LLM research.

Overall, research on poetic translation remains fragmented, with promising but underexplored directions
in both model design and evaluation. Stronger integration with insights from human translation studies may
provide a path forward.

2.5 Poetry Style Imitation and Parody

Like poetic translation, style imitation and parody require preserving stylistic fidelity, but within the same
language rather than across languages. These tasks demand that models generate fluent verse while capturing
the characteristic voice, rhythm, and creative intent of a source author. We identify two main approaches.

Author-stylized generation. This approach targets the style of a specific poet or a closed set of poets. Notable
examples include EMILY (Shihadeh and Ackerman 2020), which imitates Emily Dickinson using a Markov model
trained on 444 poems; Sounds Wilde (Tikhonov and Yamshchikov 2018a), which mimics several English and
Russian poets; and William ShakesBlake 2.0 (Nalci et al. 2025), a GPT-3.5 model fine-tuned on 400 sonnets by
Shakespeare and Blake that can generate hybrid, image-prompted verse.

A. Dai (2021) studies the imitation of Emily Dickinson’s poetic style using GPT-2 further trained on a dataset
of 586 stanzas from her poems, totaling fewer than 7,000 lines. Their evaluation is limited to qualitative analysis,
without quantitative metrics, which makes comparison with other studies difficult.

Sawicki, Grzes, A. Jordanous, et al. (2022) study authorial style reproduction in poetry by fine-tuning GPT-2 on
poems by Byron and Shelley collected from Project Gutenberg. Their evaluation combines BLEU-based similarity
to reference poems, a BERT-based style classifier, and a qualitative assessment of grammaticality and fluency.

Open style transfer. In this setting, models imitate the style of an arbitrary prototype text rather than a fixed
author. For example, Supowoopo (Chang et al. 2023) adapts to the style of Chinese song lyrics provided at
inference time.

Parody generation can be addressed by applying controlled transformations to an existing text, such as
substituting words with synonyms or semantically related alternatives (Bay et al. 2017). This approach avoids the
need to train LMs on limited domain-specific data.

Gongalo Oliveira (2020) adopts a transformation-based method, mainly driven by analogy, to generate new
song lyrics from an original song and a target theme word. This system computes analogies in a distributional
semantic space based on GloVe word vectors (Pennington et al. 2014) and shifts the theme by replacing selected
words in the original text. To improve output quality, the substitution process is constrained using part-of-speech
information and phonetic data from the CMU Pronouncing Dictionary.®

An alternative strategy for selecting replacement words uses masked LMs. Gongalo Oliveira (2021) applies
this approach to Portuguese song lyric generation using BERT (Devlin et al. 2019), with additional constraints to
support grammatical correctness, meter, and singability.

Shttp://www.speech.cs.cmu.edu/cgi-bin/cmudict
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When the parody task is narrowly defined in terms of the target effect and input data, it may be possible to
avoid the use of LMs. This is shown by Gatti et al. (2017), who present a system for generating parodies of popular
English-language songs. Their approach starts from a corpus of 100 well-known songs and a user-provided text
that defines the parody context. The system replaces words using lexical resources such as WordNet (Fellbaum
2010), the Oxford Thesaurus (Urdang 1993), and WikiData (Vrandeci¢ and Krétzsch 2014). Only song choruses are
modified, and word selection is guided by heuristic rules together with part-of-speech and phonetic constraints,
including rhyme and syllable count.

Several strategies address the data scarcity that characterizes the parody task. One approach employs models
that can learn from small corpora, though limited training and evaluation samples often undermine reliability.
A more common direction adapts LLMs through supervised fine-tuning or few-shot prompting. Sawicki, Grzes,
Goes, Brown, Peeperkorn, and Khatun (2023) report weak results with GPT-3.5 and GPT-4 under few-shot
prompting, while other work (Sawicki, Grzes, Goes, Brown, Peeperkorn, Khatun, and Paraskevopoulou 2023)
shows that fine-tuning GPT-3 on approximately 300 poems per author yields more convincing stylistic fidelity.

The small number of studies prevents reliable trend analysis in evaluation. Most rely on human judg-
ments (Chang et al. 2023; Gatti et al. 2017; Nalci et al. 2025; Shihadeh and Ackerman 2020), sometimes combined
with automatic metrics (Tikhonov and Yamshchikov 2018a). Automatic evaluation remains rare, with only Sawicki,
Grzes, Goes, Brown, Peeperkorn, and Khatun (2023) experimenting with a GPT-3 classifier.

The scarcity of work on parody generation underscores the difficulty of collecting suitable data, evaluating
results reproducibly, and modeling humor. These challenges define important directions for future research.
Moving beyond style imitation, the next task category considers how prose can be transformed into poetry,
compressing narrative content into verse.

2.6 Prose-To-Poem: From Narrative to Verse

Transforming prose into poetry challenges systems to compress narrative content into verse, introducing rhythm,
imagery, and figurative language without losing essential meaning. There are several examples of solutions to
this problem. Khanmohammadi et al. (2023) apply the NMT approach for the generation of ancient Persian poetry
given the prose source. The peculiarity of the experiment was the limited data available. As a parallel corpus
of translations, they had 5,191 samples, of which 1,720 were set aside for testing, and the remaining samples
were augmented to 28,820 pairs. On this data, an encoder-decoder model was trained with the Gated Recurrent
Unit (GRU) in the encoder and decoder with an attention mechanism. A larger dataset (289,422 couplets in the
training part) with poems in Old Persian was used to train the masked LM (MLM), which generates poetry by
substituting mask tokens into templates prepared using a special algorithm collected from the translation results.
The authors experimented with BERT, RoBERTa, ALBERT (Z. Lan et al. 2020), and DistilBERT (Sanh et al. 2020) as
MLM:s for this stage. The evaluation protocol included automated metrics and human evaluation. The automated
metrics are BLEU and ROUGE. The human evaluation stage involved two groups with different levels of expertise
who rated the final texts on a scale of 1-5 based on the following criteria: fluency, coherence, meaningfulness,
poeticness, and translation quality.

Van de Cruys (2020) presents a system for generating poetry in English and French. The authors use an encoder-
decoder model with GRU and attention. The text is presented as words (a dictionary of 17 thousand words),
and the words in a line go from right to left to improve rhyme generation. Poem generation is implemented by
introducing additional restrictions on the distribution of words in the decoder. The authors did not use automatic
metrics to evaluate the results. Instead, a group of 22 people evaluated a small number of texts on a 5-point
scale according to a set of criteria: fluency, coherence, meaningfulness, and poeticity. In addition, people tried to
determine whether the text of the poem was written by a person or generated by a model.
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From the researcher’s perspective, translating prose into a semantically equivalent poetic form can be regarded
as a form of MT within a single language. This process comes with additional strict requirements, including
the necessity to incorporate rhyme, maintain a poetic meter, and meet softer criteria such as embedding deeper
metaphors, bold epithets, and allusions that are characteristic of poetry.

2.7 Acrostic Poetry Generation

Acrostic generation is often treated as a separate task in the generative poetry literature due to the explicit
structural constraints it imposes (see more on acrostic at R. Greene et al. 2012, p. 4; and Dunphy 2010, p. 8) and
the way it is addressed in prior work. Several studies (Agarwal and Kann 2020; L.-H. Shen et al. 2019) focus on
acrostic generation as their primary research problem, proposing models designed to enforce strict positional
constraints on line-initial letters. In multi-genre poetry generation systems, acrostic-related constraints are
sometimes implemented as a dedicated module that complements other generation mechanisms, as in Jiuge (Z.
Guo, X. Yi, et al. 2019). Although acrostic generation can also be framed within instruction-based prompting
approaches (Section 2.3), its recurring treatment as either a standalone focus or a specialized system component
motivates its separate discussion in this survey.

One of the challenges in creating acrostic generation systems, especially those based on transformer LLMs,
is the limited number of available datasets. To address this, Fedchin et al. (2025) developed ACROSTICSLEUTH,
a tool for detecting acrostics in corpora of French, English, and Russian poems, enabling the creation of training
datasets. The authors also released an example dataset, called the Acrostic Identification Dataset.

Agarwal and Kann (2020) propose a method for generating English acrostics up to 8 lines long. Their approach
modifies the token probability distribution for the first words of each line, guiding the decoding algorithm to select
tokens with the required initial letter. This eliminates the need for a specialized acrostic dataset. Additionally, the
authors used an auxiliary model to generate line-ending words, reducing reliance on the main model’s ability to
produce rhymes.

L.-H. Shen et al. (2019) describe an acrostic generation system for both English and Chinese based on a trans-
former model. The training data were constructed from web-scraped texts, comprising approximately 651,000
Chinese samples and 1,000,000 English samples. A key feature of their approach is the use of user-defined control
codes that specify properties such as text length and rhyme scheme, allowing explicit control over the generation
process.

The acrostic constraint, which specifies the first letters of poem lines, provides a valuable test of an LM’s
character-level control. This is particularly relevant for models using Byte Pair Encoding (BPE) tokenization (Sen-
nrich et al. 2016), where character-level manipulation can be challenging.” Since verifying correct acrostic
generation can be implemented as a formal analysis of line-initial letters, this task could be effectively incorpo-
rated into LLM benchmarks, as suggested for sonnets by Walsh, Antoniak, et al. (2024).

2.8 Image-Conditioned Poem Generation

Beyond text-based control methods, multimodal inputs such as images have become increasingly important.
Image-conditioned poetry generation explores multimodality, requiring models to interpret visual inputs and
translate them into poetic language that conveys both description and emotion.

Traditionally, image-conditioned poem generation relied on either image captioning models to produce short
descriptions of a given image (Nalci et al. 2025) or image classifiers to detect the depicted object class. These
outputs were then used to select keywords, effectively reducing the task to a keyword-to-poem generation
approach (Section 2.2). An example of this method is described by Loller-Andersen and Gambéck (2018).

7See discussion in Section 4.1.
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Several additional papers on image-to-poem generation were published in 2018, prior to the availability of
open multimodal LLMs:

(1) B. Liu et al. (2018) use an GRU-based generator trained in an adversarial setting. The key idea of this work
is a common space of embeddings for images and poem texts, formed at the training stage and then used to
condition the generation of a poem by a recurrent LM. As part of this work, the authors published a dataset
with image-poem pairs (more than 8,200), available in a repository on GitHub. Unfortunately, all texts in
this dataset are converted to lowercase and are more like free verse than metrical poems.

(2) Xu et al. (2018) describe a system for generating Chinese poems from images. The architecture employs
a multi-stage pipeline: for an input image, visual features are extracted using a VGG-19 (Simonyan and
Zisserman 2015) model, and keywords are subsequently identified. These features and keywords are then
used to control the generation process in a GRU-based decoder.

(3) L. Liu et al. (2018) present another image-to-poem generation system built upon Long Short-Term Memory
(LSTM) (Hochreiter and Schmidhuber 1997)-based LM. A distinctive feature of this work is its handling of
image sequences, where the model automatically selects the most suitable image for feature extraction.

(4) The system proposed by Loller-Andersen and Gambéck (2018) processes input images through the following
pipeline: an Inception network classifies the image, the top-5 predicted classes are selected, relevant
keywords are identified for these classes, rhyme candidates are generated, and finally, the collected words
guide poem generation in an LSTM-based LM.

The systems described above share common architectural features, including the use of recurrent LMs and
earlier-generation encoders like VGG for visual processing. Since 2019, the availability of pre-trained generative
LMs has enabled more advanced approaches. For instance, MiniGPT-4 (D. Zhu et al. 2024) combines the Q-Former
visual encoder from BLIP-2 (J. Li et al. 2023) with the Vicuna LM (Zheng et al. 2023) (a LLaMa (Touvron, Lavril,
et al. 2023) variant), using a two-stage fine-tuning process on a custom dataset. Although the paper does not
detail the evaluation protocol, it suggests that the developers used a binary scale to assess whether generated
texts matched the prompt and image content.

The release of open-source multimodal LLMs in 2023 — such as LLaVA (F. Liu et al. 2023) and Qwen-VL? —
simplified the development of image-to-poem systems by providing high-quality text generation capabilities.
An example is VISUCRAFT by Jiang et al. (2025), which integrates LLaVA and InstructBLIP (W. Dai et al. 2023).
Its architecture comprises: (1) a multimodal structured information extractor that generates detailed image
descriptions, and (2) a dynamic prompt generation module that constructs prompts from these descriptions
and user instructions. Human evaluation results reported in the paper indicate that enriching user queries with
extracted image information improves performance across several metrics (Perceived Visual Relevance, Human
Creativity Score, Human Instruction Adherence, and Overall Quality), all rated on a 5-point Likert scale.

Given the rapid progress of open multimodal LMs, we can expect to see more research in generative poetry
with more complex user interaction scenarios inherent in virtual assistants described in Section 2.11.

2.9 Melody-Conditioned Lyric Generation

Beyond image-to-poem generation, another multimodal task involves generating song lyrics for a given musical
accompaniment. A critical requirement for this task is the alignment of musical rhythm with the prosodic
properties of the lyrics, ensuring compatibility in terms of rhythm, syllable count, and overall musicality. This
section provides a brief analysis of relevant research in this area.

Y. Chen and Lerch (2020) propose an end-to-end system based on the SeqGAN (L. Yu et al. 2017) architecture,
capable of generating a line of song lyrics given a melody and a topic as input. The model was trained on a dataset’

8https://qwenlm.github.io/blog/qwen-vl
%https://github.com/yy1lab/Lyrics-Conditioned-Neural-Melody-Generation
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containing 12,197 MIDI songs, each with paired lyrics and melody alignment. This dataset was originally created
by Y. Yu et al. (2021) for a lyrics-to-melody system using a combination of LSTM and generative adversarial
network (GAN) architectures. Unfortunately, at the time of writing this survey, the dataset in the repository
appears to be incomplete and lacks MIDI samples.

Vechtomova et al. (2021) developed a real-time system that generates lyric lines congruent with live music
during a jam session. Their approach uses a variational autoencoder (VAE) (Kingma and Welling 2014) to learn
representations of mel-spectrograms from audio clips and a conditional VAE to learn representations of lyric
lines. These representations are aligned so that the text representation can be inferred from the melody and then
decoded into a line of lyrics using a text VAE decoder.

Tian, Narayan-Chen, et al. (2023) designed a hierarchical lyric generation framework that first generated a song
outline and then the complete lyrics. To overcome the limitations of copyrighted data, the authors trained their
model solely on song lyrics. The alignment of lyrics to the melody was achieved during decoding by imposing
constraints on the generation algorithm. The framework operated in two steps: (1) a fine-tuned BART-large (M.
Lewis et al. 2020) model generated a song outline based on the song title, genre, and salient words, and (2) a fine-
tuned GPT-2 large model generated the full song text from the outline. The system was evaluated using automatic
metrics (topic relevance, diversity, and fluency) and human evaluation. Human annotators assessed the generated
songs on a 1-5 Likert scale for singability, intelligibility, coherence, creativity, and rhyme match.

Elzohbi and R. Zhao (2024) presented a system for generating English song lyrics with stress patterns adapted
to musical rhythms. Their approach uses a ByT5 (Xue, Barua, et al. 2022) transformer encoder-decoder with
byte-level tokenization. The model, fine-tuned on a dataset of over 1 million samples, takes as input a sequence of
0s and 1s representing musical beats and generates corresponding lyrics. For training data preparation, lyrics were
converted to beat patterns through phonemicization using DeepPhonemizer,'° a text-to-phoneme conversion
library. For evaluation, following common practice in generative poetry research, the authors developed a custom
protocol measuring both the perplexity of generated texts against reference samples and the accuracy of stress
pattern alignment with given beats. The full system source code is available in their repository.!!

Y. Chen and Teufel (2024) addressed the lack of large parallel melody-lyrics datasets for Mandarin song
generation by introducing an intermediate text representation that captures key phonetic and rhythmic properties
of a song. An mBART (Y. Liu, J. Gu, et al. 2020)-based generative model is trained to produce Mandarin song
lyrics conditioned on this representation. The training data are derived from a corpus of 36,891 Mandarin song
lyrics available in a public GitHub repository.'? At inference time, an input melody provided in MIDI format is
first converted into the intermediate representation, which is then used as input to the mBART model.

Qian et al. (2023) address Chinese melody-conditioned lyric generation by decomposing the task into two
stages using an intermediate representation. This representation consists of compound templates that combine
acoustic parameters of the melody with textual attributes. The system is based on the mT5 model (Xue, Constant,
et al. 2021), which is further fine-tuned on a synthetic Lyric-Template dataset containing 249,007 samples.

Given the growing popularity of song generation models like Suno,'* this research direction holds significant
potential. Future work could explore combining melody-to-lyric generation with other control methods, such as
incorporating author style or emotional tone, as well as integrating cross-task ideas, such as simulating a song
based on a given sample of an author’s performance.

Ohttps://github.com/spring-media/DeepPhonemizer
Mhttps://github.com/melzohbi/poem-rhythm
2https://github.com/gaussic/Chinese-Lyric-Corpus
Bhttps://suno.com
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2.10 Other Controlled Generation Tasks

In the field of automatic poetry generation, certain control modalities do not neatly fit into the previously discussed
categories, as they often encompass unique or hybrid mechanisms that defy straightforward classification. These
modalities are frequently represented by individual examples that embody a specific control method, making it
challenging to group them into broader, separate sections. Consequently, these approaches are best described
within this section to preserve their distinctiveness and to avoid fragmenting their representation across multiple
categories. Below, we highlight some notable examples of such approaches, which demonstrate the diversity and
creativity in controlling poetic output.

Elzohbi and R. Zhao (2025a) explored the generation of English song lyrics by use of ByT5 byte-level transformer
model (Xue, Barua, et al. 2022) finetuned on LLM-generated poetry line paraphrase dataset, to rephrase poetry
lines according to a given beat template.

Rostvold and Gambick (2020) explore the generation of English poetry with a specified sentiment. Their
system employs an LSTM as the generative model, augmented with auxiliary components for rhyme selection
and evaluation of the generated text. A unique feature of this system is its representation of text: words are
processed from right to left within each line. Before generating a line, the system selects a pair of rhyming words
with the desired sentiment, and the LM then generates the line from the rhyme backward to the beginning.

Another approach to controlling sentiment and style in Chinese poetry generation is presented by Shao et al.
(2021). They propose a GPT-2-based system for Chinese classical poetry in which control is achieved through
input tags. Evaluation focuses on the model’s ability to follow the specified attributes using automatic metrics.

Modern transformer LMs can generate coherent text through prompt-based instruction following. However,
prompts alone may not reliably enforce explicit structural or lexical constraints. To address this limitation, Roush
et al. (2022) proposed a plug-and-play approach implemented in the Constrained Text Generation Studio. Their
framework applies token-level filters during decoding to enforce constraints such as banning specific letters,
requiring a fixed number of syllables, or restricting words to partial anagrams of a given term. To evaluate this
approach, the authors fine-tuned GPT-2 on the Lipogram-e dataset,'* which consists of texts that avoid the letter
“e” They compared generations from the fine-tuned model with outputs from the base GPT-2 model combined
with their constraint filtering method. The results show that the plug-and-play constraints effectively enforce the
desired properties without requiring task-specific retraining.

Tonra et al. (2019) propose a system that uses biometric data from wearable fitness devices to generate poetry.
The approach correlates the wearer’s physiological states (e.g., heart rate and activity level) with poetic content,
automatically creating and publishing poems that reflect real-time physiological changes. A related approach
using brain activity data is implemented in Bio-MEcHANICAL PoET (Tholke et al. 2024), described by its authors
as an adaptive brain-computer interface that integrates real-time electroencephalography (EEG) with generative
Al to create immersive audiovisual poetic experiences. The system calculates a spectrum from recorded electrical
activity, extracts dominant frequencies, and computes powers for six canonical frequency bands along with
additional neuroscience metrics. These signals are transformed into prompts every 20-30 seconds for the OpenAl
GPT model, which generates corresponding poems. This system enables users to explore their internal cognitive
states through real-time poetic generation.

Cerdas (2025) presents a method for generating poems using X-ray intensity maps as an input. While this
technique employs a simple Markov model as the generator and does not provide significant NLP or generative
modeling results, we include this work in our survey due to its original interdisciplinary approach.

McCormack et al. (2024) introduce “The Mimetic Poet Machine” — a physical device designed for interactive
poetry creation. Users interact with ChatGPT through a set of built-in prompt templates by selecting word
cards from a collection of approximately 200 words and special control markers. The authors argue that this

4https://huggingface.co/datasets/Hellisotherpeople/Lipogram-e
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device fosters creative ideation, inspiration, and reflective thought. The Mimetic Poet was evaluated through a
two-week installation in the researchers’ laboratory, where lab members were invited to use it freely. Data on user
interactions was collected and supplemented with a focus group discussion. Key findings included: (1) a positive
reception of the physical interface, with participants describing the tangible, magnetic poetry approach as “playful”
and “intuitive;” (2) an appreciation for poetic responses, as users valued the Al's ambiguous, poetic outputs over
purely factual ones, finding them more engaging and thought-provoking; (3) creative constraints, where some
participants found the limited vocabulary stimulating, while others felt constrained; (4) time for reflection, as
the slower pace of interaction was generally appreciated for encouraging thoughtful engagement. The paper
also presents a methodology for analyzing human-Al interaction sessions, along with the authors’ findings and
conclusions.

These examples illustrate the diversity of control modalities in poetry generation. While the methods discussed
here are not exhaustive, they highlight the potential for exploring new modalities. Future research could focus
on identifying novel control mechanisms, necessitating the full research cycle — from data collection and model
architecture design to the development of evaluation protocols.

2.11 Interactive System and Poem Writing Assistance

The problems and approaches discussed in previous subsections primarily support offline operation, including
batch generation for statistical analysis. In contrast, a distinct class of generative poetry systems prioritizes
interactivity and user control over individual steps in the generation process. These are often categorized in the
literature as writing assistance tools, artistic support tools, or creativity support tools. Their objective is to assist
the poet at various stages — such as drafting, rhyme selection, or text revision — enabling the user to remain an
active participant in the creative process rather than a passive consumer of generated text. In this section, we
examine several examples of such systems.

PoEM MACHINE is an interactive online tool for co-authoring Finnish poetry (Haméldinen 2018b) primarily
targeted as an educational tool for children. The system does not use generative LMs, relying instead on
dictionaries, tools for working with the morphology and syntax of the Finnish language, and a set of rules for
generating lines of poetry.

JIUGE is a human-machine collaborative system for generating Chinese classical poetry (Z. Guo, X. Yi, et al.
2019). The features of this system are its multimodality — both text prompts (keywords, texts) and images can
be used as input data. The described pipeline of the system includes an encoder-decoder LM for line-by-line
generation of poems and a ranker for selecting the best option.

Boggia et al. (2022) describe a human-computer co-creative poetry writing system that combines several
approaches: the first model generates an initial line based on keywords, while the second model proposes
continuations based on the existing text. The user selects a continuation, and the process repeats iteratively.

Y. Sun et al. (2023) propose a song rewriting system based on an encoder-decoder transformer architecture
for generating Chinese lyrics from existing text prompts. The system allows users to control text generation by
specifying keywords for masked fragments, which can range from individual tokens to entire lines. This flexibility
enables both partial editing and full lyric generation from scratch. The authors implement a sophisticated rhyme
generation scheme:

e Lines are generated right-to-left to prioritize rhyme selection at the start of each line.
e Special positional embeddings indicate token positions relative to line beginnings.
o A custom restricted vowel loss component during training reinforces internal rhyme patterns.

For evaluation, the authors developed a specialized protocol assessing rhyme quality and diversity. Their results
show superior rhyme performance compared to GPT-2, though the custom evaluation metrics limit direct
comparison with other approaches.
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PHRASELETTE is an artistic support tool designed to assist poets in word and phrase selection (Calderwood,
Chung, et al. 2025). The authors highlight the system’s ability to support various low-level search scenarios while
allowing flexible control over search constraints. Most of the paper focuses on detailed descriptions of these
usage scenarios with practical examples. While the authors repeatedly claim their approach is more user-friendly
than ChatGPT, they do not specify which LMs power the system.

Roush et al. (2022) introduce “Constrained Text Generation Studio,” an interactive Al tool for composing poetry
and other texts in English. The paper’s main contribution is a method for vocabulary control in LMs to enable
constrained text generation. A notable omission is the lack of any systematic evaluation of the poetry generation
capability.

J. Ma et al. (2023) present an interactive system for Chinese song lyric generation. Their approach allows users
to begin with an initial draft and make guided improvements to text fragments. Technically, the system employs
GPT-2-based models for initial draft generation and a masked token regeneration model for word replacement.
While the paper includes evaluation results, the use of a custom evaluation protocol limits comparability with
other approaches.

Gongcalo Oliveira, Mendes, et al. (2017) present a multilingual assistant (English, Spanish, Portuguese) for
poetry generation that supports semi-automatic text refinement. The system allows users to control textual
aspects through a graphical interface, including syllable count per line, rhyme scheme, and sentiment. Additional
functionality includes edit history tracking, social media sharing capabilities, and saving/loading poems at any
stage of composition.

Research on writing assistance systems should extend beyond technical aspects to examine their impact on
professional writers’ productivity and creative authorship. This perspective is explored by Reza et al. (2025), who
conducted (1) a systematic review of 100+ works on human-AlI collaborative writing and (2) interviews with
15 system users across multiple domains (including poetry). Similar investigations of writing tool applications
appear in works by Calderwood, Qiu, et al. (2020) and A. Guo et al. (2025).

The rapid development of chatbots in recent years has led to many interactive scenarios for working with
text being implemented in “general-purpose” virtual assistants. On the one hand, this reduces the motivation to
create writing assistance systems specialized in creating poetry. On the other hand, we believe that this opens up
the possibility of studying user behavior, as was done, for example, by Booten and Gero (2021).

Similar to earlier tools ranging from typewriters to grammar checkers, modern writing assistance systems
should minimize disruptions to the creative process. However, the significant influence of current LLM-powered
systems on all forms of linguistic expression necessitates careful examination of their effects. Studies by Padmaku-
mar and He (2024) and Doshi and Hauser (2024) exemplify this research direction through their investigations of
impacts on linguistic diversity. Comparable studies focusing on domains like song lyric composition will prove
equally valuable for advancing the field of Al-assisted creative writing,.

We also suppose that the development of interactive poetry creation systems can have a socially useful effect,
for example, to support children with autism spectrum disorders (Shabani Minaabad 2020) or to develop creativity
for children (Coles 2017).

Taken together, all task formulations discussed in the subsections above illustrate the diverse ways in which
user control — through structure, semantics, style, or modality — shapes the design and evaluation of generative
poetry systems. Realizing these task formulations in practice depends heavily on the availability and quality of
datasets, which provide training material for generative models and benchmarks for their evaluation, as well as
on supporting data-engineering tools such as syllabification and rhyme detection.
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3 Data Engineering

Generative poetry tasks depend on both carefully curated datasets and specialized preprocessing. This section
surveys the data-engineering foundations of the field, focusing on available corpora as well as tools for their
annotation and analysis.

Modern LMs are highly data-dependent. While some studies (Hamaildinen 2018a; Rashel and R. Manurung
2014; Tian and Peng 2022) rely on prose corpora, which are more readily available, the mainstream approach
uses poetry-specific datasets in the target language and genre. Consequently, one of the researcher’s first tasks is
to locate suitable training data, preprocess it, and, where necessary, augment it to enable control mechanisms.'®
Key criteria for selection include poem length, genre or form, and language. To simplify experimentation, many
projects constrain poem length, often reducing even lengthier genres (e.g., sonnets) to a single quatrain.

Among the key factors influencing the choice of training data, the issue of copyright and data licensing occupies
a special place. Modern LLMs require large volumes of poetic text for training, much of which is protected by
copyright, particularly in the case of contemporary works by professional poets, songwriters, and other authors.
The use of text collected without explicit permission, and sometimes in violation of usage restrictions, has raised
regulatory and legal concerns (Buick 2024; Lucchi 2023). Consequently, access to modern poetry for academic
model training is often legally constrained or requires costly licensing arrangements (K. Li et al. 2024). As a result,
many studies rely on public-domain or classical poetry — such as Shakespearean verse or pre-modern Chinese
poetic forms — as a legally safer alternative. While this approach facilitates reproducibility and legal compliance,
it also introduces stylistic and temporal biases that limit the diversity of forms, themes, and language patterns
captured by current generative poetry systems.

Among poetic genres, sonnets are the most frequently studied (Agnew et al. 2023; Ghazvininejad, X. Shi, et al.
2016; Hopkins and Kiela 2017; Walsh, Antoniak, et al. 2024), likely due to the availability of open datasets and
the absence of copyright restrictions. Other explored genres include limericks (J. Wang et al. 2021), acrostic
poetry (Agarwal and Kann 2020), and blackout poetry (Baral et al. 2021). Multi-genre systems exist, but remain
less common (J. Hu and M. Sun 2020; Koziev and Fenogenova 2025).

In lyric generation, researchers have explored rap (Xue, K. Song, et al. 2021) and pop lyrics (Ram et al. 2021).
Multi-genre systems are facilitated by large-scale lyric datasets, such as the “Genius Song Lyrics” corpus,'® which
contains over 5 million songs across 100 languages and is scraped from platforms like Genius.!’

Language choice is often constrained by corpus availability. Multilingual resources such as PoeTree (Plechac et al.
2024) provide deduplicated poems in nine languages, enriched with Universal Dependencies annotations (Marneffe
et al. 2021) in machine-readable form. Most open datasets, however, are monolingual and vary in metadata quality,
an issue that must be carefully addressed during data engineering.

The availability of suitable training data remains a major limitation in generative poetry research, given
the language and genre restrictions of most corpora. To provide researchers with practical guidance, we next
describe open datasets in detail (Section 3.1). Where additional processing is required — such as stress placement,
syllabification, or rhyme detection — we discuss the corresponding tools in Sections 3.2-3.5.

3.1 Datasets

The use of existing datasets can significantly reduce research costs. Well-constructed datasets serve two primary
purposes in generative poetry. Small, high-quality datasets with carefully defined evaluation and human labeling
protocols enable precise assessment of generated poems. Conversely, large, diverse corpora of high-quality texts
facilitate the rapid prototyping of experimental machine learning pipelines. This section reviews both types

15See more on control mechanisms at Section 2.
Ohttps://www.kaggle.com/datasets/carlosgdcj/genius-song-lyrics-with-language-information
7https://genius.com

Journal of Artificial Intelligence Research, Vol. 86, Article 4. Publication date: May 2026.


https://www.kaggle.com/datasets/carlosgdcj/genius-song-lyrics-with-language-information
https://genius.com

4:18 + Koziev & Sinev

Table 2. Open datasets for solving generative poetry problems.

Language Poetry genres Datasets

English multi-genre Gutenberg Poetry Corpus (github.com/aparrish/gutenberg-poetry-corpus)
Poems dataset (www.kaggle.com/datasets/michaelarman/poemsdataset)
Poetry Foundation Poems (www.kaggle.com/datasets/tgdivy/poetry-
foundation-poems)
Public Domain Poetry (huggingface.co/datasets/DanFosing/public-domain-
poetry)
Aoyama et al. (2023), Haider (2021), Haider, Eger, et al. (2020), Mahbub et al.
(2023), and Sreeja and Mahalakshmi (2019)

English limericks Abdibayev, Tikhonov, et al. (2021)

Chinese multi-genre THUNLP-AIPoet Datasets (github.com/THUNLP-AIPoet/Datasets)
Chinese Classical Poetry Matching Dataset (CCPM) (github.com/THUNLP-
ATPoet/CCPM)
Comprehensive Database of Chinese Poetry (github.com/chinese-
poetry/chinese-poetry)
C.-L. Liu et al. (2022)

Chinese song lyrics Crothers et al. (2023)

Spanish multi-genre Garzo6n and Pérez (2020)

Spanish sonnets Barbado et al. (2022)

Persian multi-genre Shereno: A dataset of Persian modernist poetry
(www.kaggle.com/datasets/elhamaghakhani/persian-poems)
Khanmohammadi et al. (2023)

Arabic multi-genre Abboushi and Azzeh (2023), Alyafeai et al. (2023), and Shahriar et al. (2023)

German multi-genre Haider (2024)

French multi-genre french_poetry (huggingface.co/datasets/manu/french_poetry)

Turkish multi-genre turkish-poems (huggingface.co/datasets/okg/turkish-poems)

Kurdish lyrics and songs Ahmadi et al. (2020)

Hindi multi-genre Hindi_Poems (huggingface.co/datasets/Sourabh2/Hindi Poems

Bulgarian multi-genre bulgarian_poems (huggingface.co/datasets/Dilyana56/bulgarian_poems)

Czech multi-genre R. Rosa et al. (2025)

Italian multi-genre biblioteca_italiana (github.com/linhd-postdata/biblioteca_italiana)

Multilingual song lyrics Bertin-Mahieux et al. (2011) and Meseguer-Brocal et al. (2018)

of datasets available for researchers. A complete catalog of poetry datasets with detailed statistics and links is
provided in Appendix B and summary information by language and genre is available in Table 2.

The quality of the training datasets significantly impacts the performance of the resulting systems. Therefore,
careful consideration must be given to several key points: (1) defining what constitutes defects in poetic texts
collected from the internet, (2) cleaning the collected poems to remove noise, and (3) annotating texts for training
various model architectures. Addressing these issues ensures the creation of high-quality datasets, which are
essential for developing robust and effective generative poetry systems.

An analysis of the data presented in Table 2 shows that 1) in absolute terms, two languages — English and
Chinese — dominate, possessing datasets suitable for both LLM training and evaluation (Aoyama et al. 2023;
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Haider, Eger, et al. 2020; C.-L. Liu et al. 2022; Sreeja and Mahalakshmi 2019; X. Yi, M. Sun, et al. 2018). Human-
labeled data can also be found for other languages (Barbado et al. 2022; Garzon and Pérez 2020; Shahriar et al.
2023), but in most cases, the choice is significantly narrower.

Public datasets from other NLP domains can provide valuable data for generative poetry research. Conver-
sational datasets like WildChat (Y. Deng et al. 2024) and the OpenAssistant Conversations Dataset'® contain
user interactions with virtual assistants that can be filtered for poetry-related queries. This approach could yield
data for both instructive prompting (Section 2.3) and interactive poetry systems (Section 2.11). Initial filtering
experiments using regular expressions suggest approximately 1474 English prompts and 626 Russian prompts
from WildChat are poetry-related, potentially providing several hundreds examples for further analysis.

Several tasks that have gained attention in the broader NLP community remain under-explored in generative
poetry, representing potential research gaps. These include applying Chain-of-Thought (Wei et al. 2022) (CoT)
and reasoning approaches to poetry generation, where models would explicitly plan content while satisfying
poetic constraints. While datasets like OpenMathReasoning (Moshkov et al. 2025) exist for reasoning tasks, and
preliminary work like Tian and Peng (2022) demonstrates constraint-aware generation, comprehensive studies
integrating cognitive processes of poetry composition (Hanauer 2010; Peskin and Ellenbogen 2019) with modern
reasoning techniques are lacking.

Data scarcity also limits research on user preferences for generated poetry. While a small Chinese dataset
exists (X. Yi, M. Sun, et al. 2018) with 173 samples, much larger preference datasets are available for general text
generation, such as HELPSTEER3-PREFERENCE (Z. Wang, Zeng, et al. 2025) with 40,000 human-annotated samples.
These could serve as prototypes for developing poetry-specific preference datasets.

Poetry datasets are few in number and often inconsistent in quality. This makes it difficult to study tasks that
require strict formal control or rely on human judgments of quality. Similar challenges are likely to appear in
other creative areas of NLP, such as storytelling, style transfer, or humor, where good benchmarks are also scarce
and expensive to build. In short, poetry datasets illustrate how data scarcity and quality issues slow progress on
creative NLP tasks, a challenge shared with areas like storytelling, style transfer, and humor generation.

Datasets containing synthetic (machine-generated) poetry, primarily developed for training and evaluating
detectors of LLM-generated text as well as for solving highly specialized poetry-related problems, warrant
separate discussion.

Hayawi et al. (2024) released a small dataset of LLM-generated texts that includes 502 poems produced by
GPT-3.5 and BARD.!? The dataset is publicly available via a GitHub repository.*’

S. Wang, J. Wu, et al. (2025) study the detection of synthetic poetry in Chinese and describe a dataset consisting
of 800 poems written by professional poets and 41,600 poems generated by multiple virtual assistants. At the
time of writing, the dataset referenced in the paper was not publicly accessible.

A smaller publicly available dataset hosted on Kaggle®! contains 776 English-language poems generated by
LLMs, including GPT, Phi (Microsoft 2024), LLaMA, and Gemini, alongside 375 poems authored by humans.
While limited in scale, this resource enables comparative analysis of human- and machine-generated poetry.

Elzohbi and R. Zhao (2025a) released the ParaPoetry dataset,’? which contains approximately 4.7 million
English poetry lines along with GPT-3.5-generated paraphrases. The dataset was originally designed to address
the task of paraphrasing song lyrics to fit a specified musical beat.

A more detailed discussion of algorithms and models for detecting LLM-generated poetry is provided in
Section 5.1.6.

Bhttps://huggingface.co/datasets/OpenAssistant/oasst1

1BARD was a conversational Al service developed by Google DeepMind.
Dhttps://github.com/sakibsh/LLM

A https://www.kaggle.com/datasets/armandszokoly/human-and-language-model-generated-poems
Zhttps://borealisdata.ca/dataset.xhtml?persistentld=doi:10.5683/SP3/WMU1BC

Journal of Artificial Intelligence Research, Vol. 86, Article 4. Publication date: May 2026.


https://huggingface.co/datasets/OpenAssistant/oasst1
https://github.com/sakibsh/LLM
https://www.kaggle.com/datasets/armandszokoly/human-and-language-model-generated-poems
https://borealisdata.ca/dataset.xhtml?persistentId=doi:10.5683/SP3/WMU1BC

4:20 + Koziev & Sinev

In the following subsections, we address the challenges associated with preparing data for training generative
poetry systems, including segmenting text into syllables (Section 3.2), determining poetic meter and placing
stresses (Section 3.3), detecting rhymes (Section 3.4), and part-of-speech tagging (Section 3.5). Certain data
engineering issues remain underexplored in the context of generative poetry due to the lack of relevant research.
Examples include extracting poems from web pages, correcting spelling errors, and addressing punctuation and
grammar issues. These tasks, while potentially valuable, are not discussed in this survey.

3.2 Syllabification

Some generative models operate on a syllabic representation of text, where tokens correspond to syllables.”’
This approach necessitates the use of a syllabification tool, typically tailored to a specific language. For instance,
Agirrezabal, Alegria, Arrieta, et al. (2012) describe a syllabifier for Basque, while Chudoba and R. Rosa (2024)
discuss experiments with syllabified Czech poetry using the tool SEKACEK.?* Similarly, Zugarini, Melacci, et al.
(2019) employ a syllabifier based on Italian hyphenation rules, and Haider (2021) uses hyphenation information
for syllabifying English and German poetry. For Russian poetry, tools such as RusyLLAB*’ and the syllabification
module in RUPO?® are available. Additionally, De Sisto et al. (2024) mention syllabifiers for several Indo-European
languages.

However, syllabification tools are not readily available for many languages. When selecting an architecture that
relies on syllabic text representation, researchers must either allocate resources to develop a custom syllabifier
or consider alternative architectures that do not require syllabic segmentation. This decision is critical, as the
availability of language-specific tools can significantly influence the feasibility and effectiveness of the chosen
approach.

3.3 Scansion and Stress Assignment

Scansion and stress assignment are important components in poetry generation systems, as they ensure the
generated text adheres to the metrical and rhythmic patterns of the target language. The complexity of stress
placement depends largely on the target language, which can be categorized into two types: (1) languages with
fixed stress and (2) languages with variable stress. In fixed-stress languages, such as Czech, Finnish, and Hungarian,
stress placement follows predictable rules. For instance, in Czech, stress always falls on the first syllable. In
contrast, variable-stress languages, such as English and Russian, lack straightforward rules for predicting stress
position. In English, stress shifts can alter a word’s morphological category (e.g., noun vs. verb). Similarly, in
Russian, stress placement distinguishes grammatical forms or parts of speech in homographs. For variable-stress
languages, accurate stress prediction typically requires a stress dictionary and part-of-speech analysis, either
explicit or implicit. The inherent complexity of this task has led to the development of benchmarks to evaluate
the performance of LLMs in related tasks (Suvarna et al. 2024).

A common approach to solving this problem is to combine a dictionary, if memorization of non-rule-predicted
cases is needed, and some set of rules to resolve ambiguous cases. For instance, Ram et al. (2021) utilize phonetic
transcription libraries such as eSpeak?’ and Festival’® to generate pop lyrics. Many English-language systems rely
on the Carnegie Mellon University (CMU) Pronouncing Dictionary®’ for stress placement, as seen in Agirrezabal,
Gongalo Oliveira, et al. (2023). However, the effectiveness of this tool is questionable due to its limited coverage

23See Section 4.1 on text representation approaches.
Znhttps://github.com/Gldkslfmsd/sekacek
Bhttps://github.com/Koziev/rusyllab
https://github.com/IlyaGusev/rupo
2Thttps://espeak.sourceforge.net
Bhttps://www.cstr.ed.ac.uk/projects/festival
Phttps://www.speech.cs.cmu.edu/cgi-bin/cmudict
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and inability to account for the prosodic variability of English. E. Greene et al. (2010) address this limitation by
proposing an unsupervised approach to stress placement based on finite-state automata (FSA).

Ghazvininejad, X. Shi, et al. (2016) provide a detailed discussion of stress placement, highlighting the importance
of secondary stress (included in the CMU Pronouncing Dictionary) and the challenges of adjusting stress
patterns in poetic texts. For Spanish-language poetry, Marco et al. (2021) present algorithmic approaches to stress
assignment. Agirrezabal, Alegria, and Hulden (2017) describe an approach to stress assignment in lines of English
and Spanish poetry using a combination of LSTM, conditional random fields (Lafferty et al. 2001), and a text
representation of word embeddings enriched with character-wise embeddings of those words. A comprehensive
survey of tools for annotating poetic texts in Indo-European languages, as well as Finnish and Basque, is provided
by De Sisto et al. (2024), including links to relevant code repositories.

Navarro et al. (2016) present an automatic scansion system for Spanish poetry and introduce a large, metrically
annotated corpus of Spanish sonnets. Their work also evaluates the quality of the markup through two key
analyses: (1) a comparison between automatic and manual markup, and (2) an assessment of inter-annotator
agreement for the manual markup. Both the annotated corpus and the results of the annotation evaluation are
particularly valuable to generative poetry researchers, as they provide essential resources for developing and
validating systems that require precise metrical understanding and high-quality poetic data. RANTANPLAN®? is
another poetry scansion tool for Spanish language, accompanied by evaluation scripts.

Researchers aiming to incorporate stress information into their systems should first evaluate existing libraries
for the target language, testing their effectiveness on poetic texts. Developing a custom tool may require significant
effort, as it involves both algorithmic design and the preparation of evaluation datasets. This step is crucial for
ensuring the accuracy and reliability of stress assignment in poetry generation systems.

3.4 Rhyme Detection

Rhyme is one of the most distinctive features of poetic texts and song lyrics, though it is worth noting that
certain poetic genres explicitly avoid rhymes. The requirement for rhyme imposes significant constraints on
vocabulary selection, making it a challenging aspect of poetic composition. Inexperienced poets often resort to
homogeneous rhymes — such as indefinite or conjugated verb forms in Russian, where suffixes are tightly bound
to verb morphology, simplifying the selection of rhyming pairs. When training data for generative poetry systems
is sourced from open internet collections (for example, amateur poetry), the prevalence of such low-quality
rhymes makes it essential to evaluate the rhyme quality in poems and songs. This necessitates a tool capable of
verifying whether two words rhyme, particularly in languages with shifting stress patterns, while accounting for
stress placement.

Such tools are highly specialized, and their availability is limited. The following is an analysis of rhyme
detection approaches used in research papers on generative poetry, including relevant pre-2017 papers not
covered in previous surveys.

e Hirjee and Brown (2009) proposed an algorithmic approach to detecting partial and internal rhymes in rap
lyrics.

e Reddy and Knight (2011) discussed the compilation of a rhyme dictionary using n-gram statistics.

e Haider and Kuhn (2018) presented a neural network-based method for rhyme detection in English, German,
and French poetry.

e Haider (2021) explored corpus-driven neural models that evaluate prosodic features at both syllable and
line levels, leveraging rhythmically diverse datasets.

e Abdibayev, Igarashi, et al. (2021) investigated methods for detecting limericks by analyzing key features
such as syllable count, poetic meter, and rhyme scheme.

30https://github.com/linhd-postdata/rantanplan

Journal of Artificial Intelligence Research, Vol. 86, Article 4. Publication date: May 2026.


https://github.com/linhd-postdata/rantanplan

4:22 + Koziev & Sinev

For evaluating rhyme and poetry detection tools, the BPoMP dataset (Abdibayev, Riddell, et al. 2021) provides
a notable resource. Constructed using the BLIMP methodology (Warstadt et al. 2020), it contains paired limericks
where one text represents a standard poem in the genre while its counterpart presents a deliberately distorted
version.

Rhyme detection relies heavily on phonetic information, making phonemecization models and libraries for the
target language valuable resources for this task. However, due to the scarcity of ready-made tools, researchers
aiming to filter datasets based on rhyme quality must either develop custom solutions or adopt simplified
approaches, such as using rhyme dictionaries or stress pattern matching, depending on the phonetic structure of
the target language.

3.5 Part-of-Speech Tagging and Syntax Analysis of Poetry

While NLP research has increasingly focused on the architecture and training of LLMs, part-of-speech (POS)
tagging and syntactic analysis remain important tools for data engineering and generation analysis. For instance,
in languages with frequent homography, a combination of POS tagging and a stress dictionary is a practical
approach for resolving homographs when assigning stress marks to poems (see Section 3.3).

Poetic texts often exhibit significant differences in vocabulary and syntax compared to prose, leading to a strong
domain shift that can degrade the performance of conventional POS tagging tools. One example of a poetic-specific
phenomenon is enjambment (R. Greene et al. 2012, p. 241), which is further explored by Ruiz Fabo et al. (2017).
While POS tagging is comprehensively reviewed by Chiche and Yitagesu (2022), we focus here on recent studies
that address the unique challenges of the poetic domain.

Kanerva and Ginter (2022) analyze the performance of a parser for Finnish texts across multiple domains,
including poetry. Their work introduces a new treebank for Finnish in the Universal Dependencies format and
provides a comparative evaluation of UDPipe across several treebanks.

Several studies focus on building treebanks for specific languages, expanding resources for POS tagging and
syntactic analysis. Aoyama et al. (2023) present GENTLE, a new mixed-genre English corpus totaling 17K tokens
and consisting of 8 unusual text types for out-of-domain evaluation, including poetry. This dataset was manually
annotated for a variety of popular NLP tasks, including syntactic dependency parsing. J. Lee and Kong (2012)
detail the creation of a dependency treebank for Chinese poetry, comprising 521 poems by ancient Chinese
authors.

Colhon et al. (2017) describe the development of a treebank for Romanian, covering multiple domains, including
poetry. For Arabic, Habash et al. (2022) introduce CAMELTB, a treebank containing 188K words, with a focus on
pre-Islamic poetry. The authors also compare lexicon and syntax across different text domains within the corpus.
Additionally, Al-Ghamdi et al. (2021) present a dependency treebank specifically for Arabic poetry.

Finally, we highlight several studies that explore syntactic analysis of poetry in various languages: Latin (Behr
2024; Calvi et al. 2024), Italian (Corbetta et al. 2024), and Chinese (P. Wang, S. Zhang, et al. 2023). The methodologies
and insights from these works can inform the development of data preparation pipelines for generative poetry
systems.

While data quality and volume are critical determinants of performance, architectural factors — such as
tokenization strategies, model design, and decoding algorithms — play an equally central role. We next turn to
these implementation aspects in Section 4.

4 Implementation Aspects

This section discusses the options available to researchers for building a LM-based poetry generation system,
covering alternative tokenization approaches (Section 4.1), LM architectures (Section 4.2), and LM decoding
algorithms (Section 4.3). From an engineering perspective, two main approaches exist: (1) building a generative
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system from scratch, beginning with LM pre-training, (2) utilizing a pre-trained LM and fine-tuning it on a custom
poetry dataset.

The first approach provides complete control over tokenization, architecture, and training objectives. Such an
approach allows developers to carefully balance creativity, linguistic accuracy, and adherence to poetic constraints.
However, this method requires substantial computational resources for effective pre-training.

The second, more common approach, inherently constrains these choices. The pre-trained LM typically
determines the tokenization algorithm (BPE, for example), though some researchers have explored post-hoc
modifications to character (C. Yu et al. 2024) or syllable-level (Chudoba and R. Rosa 2024) tokenization through
additional training. Consequently, this approach offers two primary degrees of freedom for the researcher: (1) the
data engineering process for constructing the training corpus, and (2) the selection of decoding algorithms during
generation. The main disadvantages of using pre-trained LLMs include potential negative effects of subword
tokenization on metrical poetry generation and the often unclear influence of pre-training corpus composition on
literary quality. Since LLM developers typically prioritize metrics from domains like mathematics or reasoning,
their models may be suboptimal for poetic generation tasks.

When selecting a pre-trained LM from available alternatives, researchers should consider several factors:

o Target language(s) and expected generation quality for this language. Some languages may be underrepre-
sented in the LM pretraining corpus, resulting in generation quality degradation for those languages.

e Available computational budget, which constrains model capacity.

e Maximum context length requirements for longer poetic forms or tasks like prose-to-poem.

e Potential benefits of multimodality for certain applications.

o Architectural variations (e.g., mixture-of-experts vs. dense models, layer count, vocabulary size) that may
affect poetry generation metrics.

31

Several model families (e.g., Qwen>?) offer multiple variants along these parameters, enabling researchers to
begin with smaller prototypes and scale their solutions as needed.

4.1 Tokenization

Most work on generative poetry, particularly within the period covered by this survey, relies on LMs. These
models present two inherent challenges for poetry generation: (1) they typically operate on subword tokenizations,
which can misalign with phonological units, and (2) pre-trained LMs are generally trained on written text, which
lacks explicit phonetic or prosodic information. Consequently, using standard LMs in poetry generation pipelines
creates clear difficulties for maintaining metrical structure and modeling rhyme. In this section, we discuss text
tokenization approaches designed to mitigate the aforementioned specific issues.

An alternative approach involves moving beyond discrete representations by adopting continuous space
methodologies, as seen in chain-of-thought research (S. Hao et al. 2025). However, no current work on generative
poetry has adopted this methodology. We also exclude discussions of traditional vector representations used in
generative poetry systems for tasks such as measuring text similarity, finding parodic samples, or controlling
generation flow. These standard representations typically do not encode poetic attributes and thus fall outside
the scope of this survey.

For transformer architectures, which are currently dominant in generative poetry, subword tokenization
methods such as BPE and SentencePiece (Kudo and Richardson 2018) are the most widely adopted. Many
generative poetry systems fine-tune popular LMs on poetry or song lyrics datasets while retaining the base
model’s tokenization (Haméldinen, Alnajjar, and Poibeau 2022; Panahandeh et al. 2023; Yee-king et al. 2023).

31See more on prose-to-poem task at Section 2.6.
32https://huggingface.co/Qwen/collections
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However, some systems adapt the tokenization process to better align with poetry constraints. For example, Lo
et al. (2022) reverse the order of tokens within lines to improve rhyme generation. This approach of reversing the
order of tokens in each line of the poem has been repeatedly utilized in other works (Ou et al. 2023; Van de Cruys
2020; Xue, K. Song, et al. 2021). While this technique facilitates rhyme generation, it inevitably restricts the
pretrained model’s ability to leverage transfer learning effectively. This limitation arises because the model was
exclusively exposed to left-to-right word order during pretraining.

An alternative approach, proposed by Pasini et al. (2024), addresses this issue by introducing a specialized
method for rhyme specification. In this approach, the rhyme is explicitly indicated at the beginning of each line.
The model first selects a rhyme during generation and then proceeds to generate the entire line, ensuring it
concludes with the preselected rhyme.

Recent work on Claude 3.5 Haiku (Transformer Circuits Thread 2025) demonstrates that LLMs can employ
a planning mechanism to generate rhyming poetry, rather than relying solely on improvisation during autore-
gressive decoding. While LMs typically predict text sequentially, the model exhibits evidence of pre-planning
line-final rhyme words before composing the full line. Specifically, feature activation patterns suggest that the
model generates candidate rhyming words early in the decoding process, integrates these candidates into its
latent state, and uses this information to guide the generation of semantically coherent lines that satisfy the
rhyme scheme.

A notable challenge arises when combining subword unit tokenization with Chinese word segmentation, as
highlighted by X. Zhang et al. (2023). Haslett (2025) examines how suboptimal segmentation of Chinese text
affects semantic representation in models such as GPT-4, GPT-40 (OpenAlI 2024), and Llama 3 (Llama Team
2024). To address the mismatch between tokenization and poetry text segmentation, C. Yu et al. (2024) propose
transitioning the Qwen model to a token-free tokenization approach.

In the context of poetry, syllable-level tokenization offers a promising alternative to subword tokenization
methods. We discuss its advantages and limitations in Section 4.1.2.

The following subsections detail alternative tokenization methods to BPE for poetic texts.

4.1.1 Character-level Text Representation. Tokenization methods relying solely on subword frequency informa-
tion often yield inconsistent performance for multilingual texts or rare words. Character- or byte-level tokenization
can address these limitations, particularly benefiting generative tasks requiring fine-grained character-level
processing. Poetry generation exemplifies such tasks, as models must accurately capture language phonetics. In
many languages, pronunciation correlates significantly with spelling, making character-level representations
especially valuable for poetry systems.

Several studies in generative poetry support this approach. C. Yu et al. (2024) demonstrate that character- and
byte-level tokenization outperforms subword unit tokenization for Chinese poetry due to the language’s unique
writing characteristics. Similarly, Y. Chen, Groner, et al. (2024) find character-level models superior for generating
diverse poetry, while Belouadi and Eger (2023) show that such models outperform transformer architectures
based on subword unit tokenization (GPT-2 and T5) in English and German quatrain generation.

A specific application appears in work with Russian accentual-syllabic poetry by Koziev and Fenogenova
(2025). Their approach involved: (1) training character-level LMs of varying capacities on mixed poetry/prose
corpora, then (2) fine-tuning them on instructional datasets containing poetry samples.

Beyond phonetics, linguistic creativity — such as the ability to coin new words from morphemes (Kitzlerova
2022) — is crucial for generative poetry. For morphologically rich languages, subword unit tokenization often
misaligns with morpheme boundaries (Ismayilzada, Circi, et al. 2025), making character-level tokenization
a preferable alternative.

Before the widespread adoption of transformer architectures, character-level representations were commonly
used with recurrent LMs (Alyafeai et al. 2023; Hopkins and Kiela 2017; Lau et al. 2018; Popescu-Belis et al. 2022;
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Tikhonov and Yamshchikov 2018b; S. Xie et al. 2017). With the rise of transformer architecture, researchers
have explored character- and byte-level tokenization in this framework. Pre-trained models like CANINE (J. H.
Clark et al. 2022) and ByT5 are now available for research in generative poetry. CANINE, an encoder-decoder
Transformer, uses Unicode codepoints as tokens, while ByT5 employs byte-level tokenization, making it well-
suited for generative tasks, including poetry. For example, Z. Zhang et al. (2024) fine-tuned CANINE to weight
syllable tokens for melody-to-lyrics generation. Additionally, Belouadi and Eger (2023) trained character-level
decoder transformers from scratch, comparing them to ByT5 and GPT-2.

However, byte-level models face challenges in poetry generation for languages with non-Latin alphabets. For
instance, Cyrillic letters are encoded as two bytes in UTF-8 encoding, effectively doubling the token count and
reducing the effective context length during both training and inference. Similarly, character-level approaches
suffer from increased fertility,** which results in significantly longer token sequences. Longer sequences, in
turn, negatively impact the computational budget required for pre-training (due to the quadratic complexity of
self-attention mechanisms in many LLMs), as well as generation time and memory consumption.

To address the limitations of character-level representations, researchers have proposed innovative solutions.
Pagnoni et al. (2025) combine the computational efficiency of BPE with character-level granularity using dynamic
byte chain packing via an auxiliary transformer. Deiseroth et al. (2024) introduced T-FREE, which represents words
as combinations of character trigrams, enabling morpheme-level processing and improved performance on low-
resource languages. L. Sun, Luisier, et al. (2023) proposed a two-stage pipeline with a shallow transformer to learn
word representations from characters, and Tay et al. (2022) developed CharFormer, which uses a gradient-based
subword tokenization module to learn latent subword representations from byte sequences.

Despite the dominance of BPE and unigram tokenization in mainstream LMs, character- and byte-level
approaches continue to evolve. Given their strong performance in poetry generation, experimenting with these
newer character-level tokenization methods, even in smaller LMs, holds promise for researchers in generative
poetry.

4.1.2  Syllable-level Tokenization. Syllable-level tokenization arises naturally when it comes to syllabic or
accentual-syllabic versification, and also in some cases when working with song lyrics (D. Zhang et al. 2022). This
type of tokenization can be considered a specialized form of subword tokenization, where each token corresponds
to a syllable. For example, Zugarini, Melacci, et al. (2019) successfully employed syllable-level tokenization
for generating Italian poetry. Koziev and Fenogenova (2025) describe experiments with generating Russian
accentual-syllabic poetry using small LMs with syllable-level tokenization, trained from scratch. The results show
that a small LM with syllable-level tokenization can compete in the task of generating poetry with large models
with subword unit tokenization.

Unfortunately, despite all the obvious advantages in terms of compatibility with syllabic and accentual-syllabic
poetry, syllabic tokenization is not without its drawbacks, which make it difficult to use with LMs and hinder
its widespread adoption. First of all, syllable-level tokenization is not well-suited for general-purpose language
modeling tasks, and as a result, there are no open pre-trained LMs available. Researchers must train such models
from scratch.

Chudoba and R. Rosa (2024) propose a workaround by combining GPT-2 tokenization with syllable-level
text splitting. Their evaluation of the Czech poetry generation shows promising results. However, it would be
beneficial to include metrics that can assess the impact of the modified tokenization on the grammaticality of
the generated text. A similar approach, using standard GPT-2 tokenization with syllable-level text splitting, is
mentioned in a study on Vietnamese poetry generation by Nguyen et al. (2021).

33The term “tokenization fertility” was coined in https://juditacs.github.io/2019/02/19/bert-tokenization-stats.html.
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Second, syllable-level tokenization is computationally more expensive than other tokenization methods,
especially for languages where syllable boundaries are not easily inferred from surface characters.*

To summarize the above, it can be said that syllable-level tokenization, on the one hand, can be a very effective
representation of text for the tasks of generative poetry, but its inherent technical shortcomings should be
carefully taken into account when choosing a tokenization method for a poetic LM.

4.1.3  Word-level Tokenization. Using word-level tokenization in generative models with a large or unbounded
dictionary is challenging, if not impractical, due to the open-ended nature of natural language. Consequently,
word-level text representation is rarely used in poetry generation systems in papers published after 2017. One
notable exception is S. Xie et al. (2017), who explored a hybrid approach combining word-level and character-level
representations in recurrent and convolutional models.

Another example is Tikhonov and Yamshchikov (2018b), which employs word-level representation using
vectors of connected embeddings. These embeddings encode semantic, phonetic, and character-level information,
along with additional features to capture the style of specific poets.

EMILY (Shihadeh and Ackerman 2020) is a pipeline for generating poems in the style of Emily Dickinson. The
system uses a generative Markov chain model, operating at the word level. This design represents a practical
compromise, chosen due to the extremely limited training data (10,178 lines from 444 poems) and the goal of
replicating the author’s style without employing an LLM.

Given the inherent limitations of word-level tokenization, such as difficulties handling neologisms, occasion-
alisms, and the challenges posed by agglutinative languages like Turkish and Finnish — where word derivation is
highly frequent due to their morphological structure — this approach is generally not recommended for new
studies. If considered, the implications of this choice must be carefully evaluated to ensure the model’s ability to
handle creative and unconventional language use.

4.1.4  Phonetic Representation of Text. To complete our discussion of text representation options for poetic
LMs, we briefly address phonemization, a rarely used but intriguing approach. Phonemization represents text
as a sequence of phonemes using a specialized phonetic alphabet. Libraries like Phonemizer (Bernard and
Titeux 2021) and Transphone (X. Li et al. 2022) facilitate this process, enabling the grapheme-to-phoneme (G2P)
conversion.

There are a few works that study LMs with phonemic representation of text, mainly for acoustic speech
recognition (ASR) and text-to-speech (TTS) tasks. This list includes several encoder models: Phoneme-BERT (Sun-
dararaman et al. 2021), Mixed-Phoneme BERT (G. Zhang et al. 2022), XPhoneBERT (The Nguyen et al. 2023),
BORT (Gale et al. 2023). An example of the use of phonemic representation of text for the tasks of generative
poetry is provided by Hopkins and Kiela (2017), who trained two stacked LSTMs on English poetry texts encoded
phonetically using the CMU dictionary* and rules for out-of-vocabulary words. The model was trained on
sequences of 150 phonemes corresponding to four lines of a sonnet quatrain.

Unfortunately, phonemization has notable drawbacks for generative poetry tasks. First, the process is cum-
bersome, requiring third-party libraries and additional computational resources that may be unavailable for the
target language. Second, converting phonetic representations back into standard text is challenging, particularly
for languages like English. This difficulty arises in part due to the abundance of homophones in English — words
that are pronounced the same but spelled differently (for example, “to,” “too,” and “two”). Such linguistic features
complicate the disambiguation process during conversion, as phonetic representations alone often lack sufficient
context to determine the correct orthographic form.

34The complexity of syllabification for such languages is discussed in detail in Section 3.2.
3Shttps://www.speech.cs.cmu.edu/cgi-bin/cmudict
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Given the limited research employing phonetic representation, its inclusion in new architectures should be
approached with caution. However, it is important to recognize that certain tasks critically depend on phonetic
information, making studies based on this approach potentially valuable. Such research can yield unexpected and
insightful results, not only in the context of poetry generation but also as interdisciplinary scientific contributions
that explore connections to cognitive processes, such as brain function. For instance, the generation of tongue
twisters (Loakman et al. 2024) exemplifies a task where phonetic considerations are essential, much like in
generative poetry, while also requiring a balance with creative generation.

4.2 Models and Algorithms

Research on generative poetry has explored a wide range of language modeling paradigms. Early systems relied on
explicit structural representations, such as templates and handcrafted rules. Later work introduced evolutionary
algorithms, reinforcement learning (RL), and recurrent neural networks (RNN). More recently, transformer-based
LMs and diffusion models, often also using the transform model for the task of text denoising, have become the
dominant approaches.

Figure 1 shows the distribution of the algorithmic approaches discussed in this survey over time. Template-based
methods are mainly found in earlier work and show little growth, likely due to their dependence on manually
defined structures and resources. RNN-based approaches, especially those using LSTM and GRU architectures,
are most common between 2017 and 2020, in line with their broader use in neural language generation during
that period. From 2021 onward, most new studies adopt transformer-based models, reflecting general trends
in natural language generation. The figure is intended as a descriptive summary of the surveyed literature
rather than a measure of research impact or quality. Details on the construction of the visualization are provided
in Appendix C.

Trends in Poetry Generation Approaches
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Fig. 1. Number of publications per year employing template-based, RNN-based, and transformer-based approaches for
poetry and song lyric generation between 2016 and 2025. Counts are based on the papers included in this survey and are
intended to illustrate broad methodological trends rather than provide an exhaustive bibliometric analysis.
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This section reviews mentioned methods in a structured manner, beginning with template-based approaches (Sec-
tion 4.2.1), then covering RNN (Section 4.2.2), transformer (Section 4.2.3) and text diffusion methods (Section 4.2.4),
and finally mentioning other approaches like RL, adversarial networks and evolutionary algorithms (Section 4.2.5).

4.2.1 Template-based Approaches. Before the introduction of transformer-based LMs, poetry generation often
relied on manually designed templates or those automatically derived from reference poems or song texts.
Representative systems from this period include:

e Full FACE (Colton, Goodwin, et al. 2012), which generates English-language poems using templates
constrained by features such as rhyme, meter, and word choice.

e PoeTryMe (Gongalo Oliveira 2012) and its adaptation to Spanish (Gongalo Oliveira, Hervas, et al. 2014),
which use user-defined template structures for lines and stanzas to generate Portuguese and Spanish poetry.

e Tra-la-Lyrics (Gongalo Oliveira 2015), which extends the PoeTryMe framework by integrating a rhythm
module with semantic templates for song lyric generation.

o InkWell (Gabriel 2016), which focuses on generating English-language haiku.

For a more detailed historical overview of template- and rule-based poetry generation systems, including those
relying on human-written text corpora, we refer readers to Lamb, Brown, and C. L. A. Clarke (2017).

In addition to templates, these systems rely on linguistic resources such as simile collections, frequency
dictionaries, thesauri, and knowledge bases. In recent work, template-based approaches have been largely
replaced by systems based on LLMs.

Although template-based methods are no longer the dominant approach in poetry and song lyric generation
research, templates are still used as a core or auxiliary mechanism for controlling generation in some recent
systems. For example, Bay et al. (2017) describe the LYRIST system for generating song lyrics and poems, which
performs word replacement in human-written texts based on vector word similarity. In this system, templates
are constructed dynamically and filled during generation.

Manjavacas et al. (2019) propose a hip-hop lyrics generation system that extracts conditional templates from
text snippets to guide LM decoding. These templates are designed to enforce rhythmic and rhyming constraints
and are used together with LSTM-based character-level and word-level LMs. The system relies on syllabified text
and phonological representations from the CMU Pronouncing Dictionary.

Hybrid approaches that combine templates with neural LMs have also been explored. J. Wang et al. (2021)
present a system that derives templates from a small set of examples and uses GPT-2 to fill the resulting slots.
A related approach is described by P. Li et al. (2020), who generate poems in hard forms (Fussell 1979, page 127),
such as English sonnets (Lotman 2013) and Chinese SongCi poetry (Lang and Liangzhi 2024), using templates
to constrain generation. N. Liu et al. (2022) also use a combination of user-provided templates describing the
structure of song lyrics and a transformer model that generates song lyrics based on a given template. Similarly,
Murakami and Terai (2023) combine automatically extracted templates with BERT in a Japanese song lyric
generation pipeline.

PoELM (Ormazabal et al. 2022) is another example of a hybrid approach that combines templates with
a GPT-2-based transformer LM. The system controls generation at the line level using special code prefixes,
whose sequence defines the high-level structure of the poem, including the number of syllables and the rhyme
scheme.

Similarly, Agnew et al. (2023) propose a sonnet generation system that integrates approximately 120 handcrafted
templates with part-of-speech slots, while relying on GPT-2 for slot filling. Finally, T. Zhang, M. Lee, et al. (2023)
introduce a framework for generating text from automatically constructed templates. Although not directly
focused on poetry, this approach may be relevant in settings where predictable and controllable poetic output is
required.
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Qian et al. (2023) use automatically constructed compound templates as an intermediate representation for
Chinese song lyric generation. These templates encode high-level information about both the melody and the
lyrics, and the generative model produces the final lyrics by conditioning on this representation.

Template-based methods remain a common foundation for systems that generate jokes and short humorous
texts (Amin and Burghardt 2020; Goel et al. 2024; Winters et al. 2018), riddles (Gongalo Oliveira and Rodrigues
2018; Terai et al. 2020), slogans (Alnajjar and Toivonen 2021; Repar et al. 2018), and puns. Several of these genres
partially overlap with poetic forms, particularly in the case of riddles and humorous verse, and often rely on
structured mechanisms for constructing metaphors, similes, and associative mappings. As a result, techniques
developed for template-based humor generation may be relevant to generative poetry research. This connection
is further strengthened by the use of modern LLMs as flexible template instantiation mechanisms capable of
producing linguistically varied realizations from fixed structural patterns (T. Zhang, M. Lee, et al. 2023).

Template-based approaches alone were limited in the diversity and flexibility they could provide in generated
poetry. RNN-based neural networks were the first widely used models to address this limitation, with LSTMs
dominating early NLG research (Gatt and Krahmer 2018). Although transformers are now standard, RNNs remain
relevant and are briefly reviewed in the next subsection.

4.2.2 RNN-based Approaches. Transformer-based LMs have largely replaced RNN-based solutions due to their
superior scalability and pretraining performance. However, some post-2017 poetry generation systems still utilize
LSTM or GRU architectures. Taking this into account, as well as the unclear prospects of this architecture, we
decided to mention these works in this survey without going into details of the implementation and results:

e Lau et al. (2018) describe the DEEP-SPEARE system, which jointly models language, meter, and rhyme using

word- and character-level LSTMs.

X.Yi, R. Li, and M. Sun (2018) proposed a Chinese poetry generation system based on LSTM with attention.

B. Liu et al. (2018) used a GRU-based model to generate poem texts conditioned by an input image.

Van de Cruys (2019) described a GRU-based system for generating French poetry.

Aguiar and Liao (2019) implemented a haiku generation system that uses beam search and an LSTM model.

Manjavacas et al. (2019) uses character- and word(syllable)-level LSTMs along with control templates to

generate hip-hop lyrics.

o Agarwal and Kann (2020) used an LSTM network to generate English acrostic poems.

e Rostvold and Gambick (2020) explored a poetry generator combining a bidirectional LSTM with rhyme
pair generation, rule-based word prediction, and tree search to expand generation possibilities.

e Van de Cruys (2020) presented an encoder-decoder RNN architecture for generating English and French
poetry. Their system incorporates unique features, such as training on non-poetic texts, reversing token
order within lines to improve rhyme selection, and controlling token probabilities to enforce poetic
constraints.

o Wockener et al. (2021) conducted experiments with RNNs to generate English poetry using a small training
corpus.

e Heerden and Bas (2021) used a two-layer LSTM architecture with 50 units per layer, trained on a 208,616-
word contemporary novel, to generate Afrikaans poetry in a machine-in-the-loop setting.

4.2.3 Transformer-based Approaches. Currently, transformer models for poetry generation are typically used as
pre-trained architectures fine-tuned on poetry datasets of various formats. These models, pre-trained on hundreds
of billions of tokens, excel at generating highly grammatical texts. However, shortly after the introduction of
the transformer architecture, researchers also explored custom models incorporating transformers. For example,
Takeishi et al. (2022) developed a Japanese poetry generation system combining a transformer with a variational
autoencoder. This system accepts user-specified keywords and generates tanka (Ishikawa 2016) — a type of
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fixed-form poetry. Another example is Y. Sun et al. (2023), who proposed a song rewriting system based on
a transformer encoder-decoder model. Their model, pre-trained on Baidu Encyclopedia® texts and fine-tuned on
scraped song lyrics, assists users in creating song lyrics from existing text.

Many poetry generation tasks®’ are naturally framed as sequence-to-sequence problems, making encoder-
decoder architectures a convenient choice. Typically, researchers opt for pre-trained T5 models (Chakrabarty,
Padmakumar, et al. 2022). However, the simplicity and efficiency of decoder-only architectures, along with the
availability of open pre-trained models, have also made them popular for such tasks despite research papers (Qorib
et al. 2024) showing the advantages of encoder-decoder architectures on many similar problems.

Upon its public release in 2019, the GPT-2 model offered state-of-the-art English text generation capabilities
alongside the facility for further training. These features led to its widespread adoption in generative poetry
research. As a result, research papers employing GPT-2 continued to appear through 2023.

For instance, Pardinas et al. (2023) fine-tuned the 140M version of GPT-2 to generate haiku (Harr 1975). They
implemented a RLHF scheme: readers rated the generated haiku, and a reward model was trained based on this
feedback to improve the generative model. Sawicki, Grzes, A. Jordanous, et al. (2022) fine-tuned GPT-2 to replicate
the poetic style of two selected English-language authors.

For non-English poetry generation, variants of GPT-2 trained on additional language-specific data are often
employed. For example, Haméildinen, Alnajjar, and Poibeau (2022) developed a French poetry generation system
based on RoBERTa and BelGPT-2 (Louis 2020). Abboushi and Azzeh (2023) fine-tuned the AraGPT2 (Antoun
et al. 2021) model on an Arabic poetry corpus and evaluated the results using both automatic metrics and human
experts. Chudoba and R. Rosa (2024) experimented with a small GPT-2 model trained on Czech texts for Czech
poetry generation. Additionally, Tian and Peng (2022) proposed a method for fine-tuning LMs to generate Spanish
syllabic poetry without requiring poetry-specific training data. Their approach involves training the model to
generate lines with a specified number of syllables and clauses, combined with ranking the generated results.

Following the release of more capable, advanced, and multilingual publicly available LLMs — such as LLaMa and
Qwen — researchers began transitioning to these more powerful alternatives. For example, C. Yu et al. (2024) fine-
tuned a token-free model based on Qwen-7B-Chat (Bai et al. 2023) to generate Chinese classical poetry following
complex instructions. Huynh and Bao (2024) explored the applicability of the BLOOM (BigScience Workshop 2023)
model for Vietnamese poetry generation. An evaluation of the quality of poetry, namely diversity for quatrains
generated using LlaMa3-8B, can be found in the paper by Y. Chen, Groner, et al. (2024). The SONGCOMPOSER
system for music and song lyrics generation, described by Ding et al. (2025), uses the InternLM2-7B (Z. Cai et al.
2024) as base LLM.

Other transformer-based models have also been applied to poetry generation tasks. For example, Boggia et al.
(2022) used the mBART model fine-tuned on the Gutenberg Poetry Corpus (Parrish 2016) to generate poetry line
by line. Their system employs two models: one generates the starting line based on keywords, and the other
generates subsequent lines based on previous ones. Similarly, Z. Wang, Guan, et al. (2023) used BART to generate
Chinese classical poetry, with inputs including the first line of the poem, theme words, and a list of keywords to
be embedded in the output. Riedl (2020) utilized XLNet (Z. Yang, Z. Dai, et al. 2019) for slot-filling to generate
parody lyrics. Qian et al. (2023) use the mT5 model for Chinese song lyric generation.

Classical encoder architectures, particularly BERT, are also widely used for tasks such as classifying themes in
Chinese poetry (Hou and S. Zhang 2024), embedding poetic texts (Z. Guo, J. Hu, et al. 2020), metaphor retrieval (M.
Choi et al. 2021), and multilingual poetry analysis, as demonstrated by the ALBERTI model (J. d. I. Rosa et al.
2023), trained on the PULPO corpus containing poems in 12 languages. Baral et al. (2021) applied RoBERTa to
generate “blackout poetry” by leveraging its masked language modeling capabilities.

36https://baike.baidu.com
%7See Section 2 on poetry generation tasks.
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4.2.4  Diffusion Language Models. While transformer-based architectures dominate the field of NLP, alternative
approaches such as diffusion LMs (Z. Hu et al. 2024), state-space models such as Mamba (A. Gu and Dao 2024), and
novel LSTM variants (Beck et al. 2024) continue to show promise, particularly in the context of poetry generation
systems. Among these, diffusion models have garnered significant attention due to their remarkable success in
image-related tasks, inspiring their adaptation to language modeling (Q. Yi et al. 2024).

Recent work by Z. Hu et al. (2024) introduced PoetryDiffusion, a novel framework that integrates a diffusion
model for semantic generation with a metrical controller to enforce structural constraints such as rhythm and
format. This approach has demonstrated impressive results in generating sonnets and Chinese SongCi poetry,
highlighting the potential of diffusion models for creative text generation.

Further advancing this line of research, Nie et al. (2025) explored the capabilities of generative diffusion models
in the context of poetry composition. Their work leverages the LLaDA (Nie et al. 2025) model to tackle the
challenging task of generating both subsequent and preceding lines of a poem, showcasing the versatility and
robustness of diffusion-based architectures in handling sequential and context-sensitive text generation tasks.

Beyond template-based, neural, and diffusion models, a few alternative methods have been explored in the
generative poetry domain. We discuss them below.

4.2.5 Other Approaches. In addition to template-based, recurrent, transformer-based, and diffusion models,
a number of alternative approaches to poetry and song lyric generation have been explored. These methods
are used relatively rarely and have not developed into dominant paradigms, but they address specific aspects of
creative text generation and therefore deserve mention in this survey. In particular, evolutionary algorithms, RL,
and adversarial training frameworks have been applied to poetry generation, often with the goal of incorporating
explicit quality objectives, user feedback, or external evaluation signals into the model training process.

Research employing evolutionary approaches for generative poetry has remained relatively limited. Notable
examples include the Finnish poetry generation system proposed by Hiaméldinen and Alnajjar (2019a) and an
evolutionary approach to Tang poetry generation described by Mu et al. (2020). Even prior to the time span
covered by this survey, work based on genetic algorithms was confined to a small number of studies (Levy 2001;
H. M. Manurung 2003; R. Manurung et al. 2012; Soo et al. 2015).

Another approach to poetry generation involves RL, though its applications remain limited. RL is primarily
used to enhance generative LMs through user feedback, as demonstrated in haiku generation (Pardinas et al. 2023)
and Chinese poetry generation (Y. Song 2022b). In this scheme, reinforcement learning from human feedback
(RLHF) acts as an alternative way of retraining an LM whose architecture is not limited to transformers.

An alternative RL approach employs automatic evaluation metrics as reward signals. For instance, X. Yi, M. Sun,
et al. (2018) trained two GRU-based generators using rewards based on poeticity, grammaticality, coherence,
and meaningfulness. Zugarini, Pasqualini, et al. (2021) proposed a different method where poems are iteratively
refined through word replacement. Their architecture uses separate models: a “detector” to identify problematic
words and a “promoter” to suggest replacements. Only the detector participates directly in RL, learning to select
words that require modification. This iterative refinement process mirrors human poetic composition (Oliver
1994, p. 109; Addonizio and Laux 1997, p. 186).

Another way to use external evaluation of the generation quality to improve the efficiency of the LM is
generative adversarial networks (GANs) (Goodfellow et al. 2014). This approach assumes that there are reference
texts that have a certain quality, for example, creativity. The discriminator learns to distinguish between the LM
generations and reference texts, and the generative part learns to “fool” the discriminator. Due to the complexity
of applying GANSs to the text domain, research in the field of generative poetry based on this method is limited to
a few works (Y. Chen and Lerch 2020; Saeed et al. 2019; L. Yu et al. 2017; Y. Yu et al. 2021). Based on these works,
it is difficult to draw conclusions about the potential effectiveness of GANSs, but it can be stated that offline RL
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methods and their implementation in ready-to-use libraries (Werra et al. 2020) allow solving at least the same
problems.

4.3 Text Generation

The task of generating text for poems and song lyrics, as a subset of NLG, involves several unique challenges. A key
challenge is the presence of strict constraints on the text, such as meter, rhyme, and structure (P. Li et al. 2020).
Generative transformer models, which have become the standard tool for poetry generation, use autoregressive
text generation. In this approach, the text of a poem is produced token by token, from the beginning to the end.
At each step, the next token is chosen based on a probability distribution over the entire vocabulary. Below, we
discuss various methods for selecting tokens.

Common LM decoding methods include nucleus sampling (top-p) and top-k sampling, along with their variants
such as typical-p (Meister et al. 2023). While numerous new decoding algorithms and their modifications exist in
the literature (Das et al. 2025; Garces Arias et al. 2024; Gareev et al. 2024; J. Guo et al. 2025; Luo et al. 2025; Minh
et al. 2025; Pynadath and R. Zhang 2025; Tu et al. 2024; H. Yang et al. 2024; W. Zhu, H. Hao, et al. 2024), their
effectiveness for generative poetry tasks remains largely unverified. The following discussion is therefore limited
to alternative decoding methods for which specific evaluations on poetry generation are available.

X. Zhang et al. (2023) propose a new decoding method called “nucleus sampling with flattened head (NS-FH)” for
modern Chinese poetry generation. This approach modifies the predicted word distribution by randomizing high-
frequency words while preserving low-frequency selections, improving the novelty of generated poems compared
to standard sampling techniques. The authors developed NS-FH to address limitations in conventional top-p and
top-k sampling when used with their transformer-based LM. These standard methods often produced repetitive
and predictable outputs, negatively impacting poetic quality. Through frequency analysis, they demonstrate how
different NS-FH configurations influence the characteristics of the generated poetry.

FUDGE (K. Yang and Klein 2021) is a controlled text generation method that uses a plug-and-play approach.
It modifies the token probability distribution from a base LM using additional discriminators, steering the
autoregressive generation toward texts with desired properties. The method works by adjusting the LM’s next-
token probabilities to favor tokens that are more likely to produce the target text property in subsequent generation
steps. This adjustment is calculated using a pre-trained binary classifier that evaluates token significance. The
authors demonstrate FUDGE’s effectiveness on several tasks, including couplet completion.

Panahandeh et al. (2023) propose dynamic temperature control during decoding: the temperature is set higher
at the beginning of each line to encourage exploration of the search space, then gradually decreases as the line
progresses to improve adherence to metrical and rhyme constraints. Dhuliawala et al. (2024) extend this idea
by developing a framework for automatically controlling the decoding temperature at the token or text level,
demonstrating its effectiveness in story generation and mathematical problem-solving tasks.

Chudoba and R. Rosa (2024) describe a line-by-line generation approach using “forced generation,” where
a service prompt (for example, rhyme information) is provided before each line to enforce a specific rhyme
scheme. Similarly, Ormazabal et al. (2022) propose a method for generating Spanish and Basque poetry without
fine-tuning GPT-2 on poetry data. The model is trained to generate text from a given list of string descriptors
that specify the required number of syllables and the string representation of the last syllable in the string. This
proves sufficient to generate poems in the specified languages. Amina et al. (2025) extended this approach to
generate poetry in Bangla.

Autoregressive generation can also be modified to incorporate additional constraints beyond the model’s token
probability distribution. For instance, Geng et al. (2023) propose grammar-constrained decoding, which uses
formal grammar to guide the generation of structured text. Agnew et al. (2023) apply a similar approach to poetry
generation, using beam search constrained by handcrafted templates that specify fixed text fragments and slots
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to be filled. Riedl (2020) uses XLNet to fill template slots (for example, mask tokens) after selecting rhyme words.
Zou (2025) proposes block inverse prompting, a constrained generation framework designed to emulate the
human text-writing process. This framework leverages block generative models to enhance zero-shot generation
quality, particularly for challenging tasks such as open-domain traditional-form Chinese poem generation.

Roush et al. (2022) propose a plug-and-play approach for generating English poetry. Their method does not
require modifications to the underlying LM, which they highlight as its key advantage. The authors classify
poetic text constraints into two categories:

e Soft constraints: Style-related requirements (e.g., generating text in a specific poetic form).
e Hard constraints: Token-level requirements, particularly phonetic ones.

At each generation step, tokens violating hard constraints are suppressed in the probability distribution, while
the remaining tokens undergo standard sampling. Phonetic constraints are enforced using CMUdict. The authors
identify one limitation: the method performs poorly with LMs that use small vocabularies, as low-frequency words
are often split into subword tokens, disrupting the constraint system. For evaluation, they tested GPT-2-medium
on a synthetic task (generating text without the letter “e”). However, the study does not assess the quality of the
generated poems, making it difficult to compare with other poetry generation approaches.

Beam search is a widely used text generation method; however, it is less popular in automatic poetry generation
systems due to its tendency to produce repetitive or locally optimal outputs. This limitation significantly reduces
the diversity of generated texts, resulting in less effective use of the inference budget for creative tasks. To
address this issue, several variants of beam search have been proposed, such as diverse beam search (Vijayakumar
et al. 2018), grid beam search (Hokamp and Q. Liu 2017), self-evaluation guided beam search (Y. Xie et al. 2023),
and creative beam search (Franceschelli and Musolesi 2024a). These methods aim to enhance the diversity and
creativity of generated outputs while mitigating the limitations of standard beam search.

Improving text generation can be achieved not only by modifying low-level token selection algorithms based
on the probability distributions produced by the LM. Another approach involves multi-step, plan-and-solve
schemes (L. Wang et al. 2023), where the LM iteratively refines the conditions specified in the user prompt,
ultimately generating a poem with the desired properties. For example, Young et al. (2024) demonstrate how this
approach enhances diversity metrics in both poetry and code generation tasks.

The choice of decoding algorithm and its parameters significantly impacts the quality of generated poems.
For example, dynamically adjusting decoding parameters based on the poem’s structure could improve overall
quality, as poems often exhibit a clear two-dimensional structure distinct from prose. Additionally, exploring
speculative decoding or similar techniques to optimize inference speed presents an interesting avenue for future
research.

5 Evaluation of Generative Poetry

Evaluating how effectively a system composes poems or lyrics is a critical step in generative poetry research. This
section provides an overview of evaluation metrics, their calculation methods, and the applicability of current
practices in the field. One consequence of the proliferation of open-source LMs capable of text generation is the
need to develop automatic methods and protocols for objectively evaluating their outputs. For generative models
that solve mathematical problems, answer exam questions, or write code, there has been active development of
diverse datasets, benchmarks, leaderboards, and even the use of LMs themselves for evaluation and comparison.
However, in the case of automatic poetry generation, such tools for rapid comparison and metric measurement
of new models are virtually nonexistent. Even side-by-side human evaluations across different studies are often
incomparable due to significant differences in protocol details.

Poetry evaluation approaches can be categorized as follows:
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Offline vs. online evaluation: Offline evaluation assesses pre-collected poems, either to filter low-quality
samples®® or to compare outputs from different models, architectures, and training configurations. Online
evaluation (generation ranking) selects the best outputs in real time by comparing multiple generations for
a given prompt.

Automatic metrics vs. human evaluation: Automatic metrics are widely used for evaluating generative poetry
(Section 5.1), yet human assessment (Section 5.2) remains essential for judging poetic quality. However, human
evaluation faces challenges of high cost, limited reproducibility, and poor scalability. These limitations have
motivated the development of automated alternatives.

A promising compromise is the LLM-as-a-judge approach, whose popularity grows alongside improvements
in both open-source instruction-tuned models and proprietary API-accessible LLMs. Section 5.1.1 examines
applications of this method for evaluating generative poetry.

The need for automated, reproducible evaluation of LMs on open-ended tasks has driven the development
of LLM-based benchmarks. However, current benchmarks remain limited for generative poetry evaluation. For
example, the BiGGen Bench framework (Kim, Suk, et al. 2025) — which employs LMs to conduct fine-grained,
instance-specific evaluations instead of coarse metrics like “helpfulness” — contains fewer than ten poetry-specific
prompts, only one of which targets Urdu poetry generation. Similarly, while the FLASK benchmark (Ye et al. 2024)
includes poetry in its “Language” section (approximately 10% of tasks), a search for “poem” returns fewer than
ten prompts. These limitations suggest significant opportunities for developing more comprehensive benchmarks
for multilingual generative poetry evaluation.

Human evaluation methodologies vary across studies. Some employ side-by-side comparisons, where evaluators
choose the better poem from a pair (similar to A/B testing, as described by Ghazvininejad, X. Shi, et al. 2016).
Others use scoring systems, where evaluators rate each poem on a scale (for example, 3, 5, 7, or 10 points)
based on predefined criteria. Examples of human evaluation studies that used discrete scales for individual poem
generations include Nguyen et al. (2021) (overall quality scored from 0 to 5), Van de Cruys (2020) (five-point
scales for fluency, coherence, meaningfulness, and poeticness), C.-C. Wu et al. (2019) (five-point assessment of
image-to-poem generations), and B. Liu et al. (2018) (annotators give a 0-10 scale score to a poem given an image,
considering their relevance).

A specialized task in human evaluation is determining the authorship of poems. Here, evaluators assess whether
a poem was written by a human or a generative system. This task assumes a positive correlation between the
“naturalness” of a text and its poetic quality, implying that human-written poems are generally superior. Z. Deng
et al. (2024) used this approach to evaluate whether LLMs can generate classical Chinese poems indistinguishable
from human-written ones. Similarly, ]. Wang et al. (2021) assessed the quality of generated limericks through
authorship evaluation, and Zugarini, Melacci, et al. (2019) used it to evaluate a system imitating the style of
Dante’s Divine Comedy.

Several important poetic properties were excluded from our summary table due to limited research coverage.
Metaphor detection and other figures of speech (R. Greene et al. 2012, page 273) represent valuable evaluation
dimensions for poetic language, yet we found only one relevant study in generative poetry (Chakrabarty, X.
Zhang, et al. 2021). For comprehensive coverage of figurative language processing, we refer readers to Lai and
Nissim (2024).

Similarly, humor detection was omitted despite its relevance to certain poetic genres. The only work where
the human evaluation protocol mentions binary classification based on the criterion of humor presence is Gatti
et al. (2017). Research on humor detection outside poetry is surveyed by Ren et al. (2024).

38See Section 3 on data engineering.
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Poetry translation®” evaluation presents particular challenges when considering literary translation stan-
dards (Matusov 2019). We identified only one work (Chakrabarty, Saakyan, et al. 2021) that employs both
automatic metrics (BLEU (Papineni et al. 2002), BERTScore (T. Zhang, Kishore, et al. 2020), COMET (Rei et al.
2020)) and human evaluation of meaning preservation and poetic style.

In Section 5.1, we present a holistic analysis of current approaches to automated assessment of generative
poetry, drawing on papers published between 2017 and 2025.

5.1 Automatic Evaluation

An analysis of generative poetry papers from 2017 to 2025 shows that researchers use about a dozen metrics to
evaluate their systems and approaches, less than half of which are the most frequently used. Table 3 summarizes
the relevant statistics for groups of metrics that are close or overlapping in terms of the measured value.

In the next subsection, we will analyze the algorithmic approaches to calculating the most popular automatic
metrics and provide our conclusions on their application.

5.1.1 Automatic Metric Computation Methods. One of the most popular methods for various evaluations of
generative poetry is the use of n-gram frequency characteristics obtained for generated texts. Notable imple-
mentations for poetry evaluation include style imitation assessment (Sawicki, Grzes, A. Jordanous, et al. 2022;
Tikhonov and Yamshchikov 2018b), assessing the similarity of generated text to a ground-truth poem in the
image-to-poem system (B. Liu et al. 2018), measuring similarity of generated poems to the training data (Ram
et al. 2021), novelty computation (Agirrezabal, Gongalo Oliveira, et al. 2023), measuring the average fluency
of generated poems using the 5-gram character based LM trained on poetry corpus (L. Shen et al. 2020), topic
relevance (Tian, Narayan-Chen, et al. 2023), measuring diversity by count distinct unigrams and bigrams (Tian,
Narayan-Chen, et al. 2023).

A large number of papers directly use n-gram metrics such as BLEU (Papineni et al. 2002) and ROUGE (C.-Y. Lin
2004), originally developed for machine translation. Calculating these metrics requires a reference text, typically
human-written poems. This method is used by many researchers to assess how well a generative system addresses
the requirements specified in the input prompt or reproduces the style and vocabulary of the target genre.

For open-ended tasks like poetry generation, where no single reference text exists, the methodological validity
of these metrics is often questionable. Several authors acknowledge their limited usefulness for evaluating
generative poetry (Z. Zhang et al. 2024). S. Wang, Wong, et al. (2024) demonstrate this limitation by comparing
automatic metrics (SacreBLEU, BERTScore, COMET) with human evaluations for poetry translation, revealing
poor correlation between the two assessment methods.

An analysis of the studies reveals that the comparison of n-gram frequency distributions of generated texts and
the target poem corpus, depending on the interpretation, is presented by the authors as one of the following metrics:
(1) novelty (the model’s ability to generate word combinations not present in the training data), (2) plagiarism
(the model’s tendency to literally reproduce the training data), or (3) reproduction of the style of the target genre
or author. It can be concluded that authors, when applying such assessments, do not always realize that n-gram
frequency estimates can be indicators of all of the above characteristics simultaneously.

Another limitation of the n-gram approach is that it is based on surface text properties and can only assess
the superficial similarity of two texts. For texts in Chinese and, to some extent, English, inflection has virtually
no effect on the results, ignoring compound words. However, for languages with complex morphology, such
as Russian, Finnish, and Turkish, inflection must be taken into account. For agglutinative languages (Turkish),
a stemmer is sufficient, but for fusional languages (Russian), a stemmer can be unreliable, so a lemmatizer appears
to be a more reliable way to eliminate the influence of inflection. However, we have not encountered any analysis

398ee Section 2.4 on poetic translation task.
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Table 3. Automatic evaluation metrics for generated poetry (2017-2025). The “Evaluated Property” column indicates the
poetic quality being measured.

Metrics group

Evaluated Property  Papers

Meter, Rhyme,
Form
(Section 5.1.2)

Are there any
rhymes?

Is the meter
correct?

Are the line and
syllable counts
correct?

Agirrezabal, Gongalo Oliveira, et al. (2023), Alyafeai et al. (2023), Amina et al. (2025),
Belouadi and Eger (2023), Chakrabarty, Padmakumar, et al. (2022), Chudoba and R.
Rosa (2024), De Araujo Possi et al. (2023), Ferraz de Arruda et al. (2022), Gokirmak
(2021), Hamaldinen and Alnajjar (2019b), Horishny (2022), J. Hu and M. Sun (2020),
Z. Hu et al. (2024), Huynh and Bao (2024), P. Li et al. (2020), Nguyen et al. (2021),
Nikolov et al. (2020), Ormazabal et al. (2022), Ou et al. (2023), Ram et al. (2021), Tian
and Peng (2022), Z. Xie et al. (2019), Xue, K. Song, et al. (2021), C. Yu et al. (2024), and
J. Zhao and H. J. Lee (2022)

Grammaticality,
Meaningful-
ness, Fluency
(Section 5.1.3)

Does the text
comply with
grammar rules?
Is the text
meaningful?

Amina et al. (2025), Baral et al. (2021), Che et al. (2017), A. Chen et al. (2024), Z. Guo,
X.Yi, et al. (2019), Horishny (2022), Z. Hu et al. (2024), P. Li et al. (2020), Z. Liu et al.
(2019), Lo et al. (2022), Saeed et al. (2019), L. Shen et al. (2020), Takeishi et al. (2022),
Tian, Narayan-Chen, et al. (2023), Xue, K. Song, et al. (2021), Yan (2016), K. Yang and
Klein (2021), X. Yi, R. Li, C. Yang, et al. (2020), C. Yu et al. (2024), X. Zhang et al. (2023),
J. Zhao and H. J. Lee (2022), W. Zhu and Bhat (2020), and Zugarini, Melacci, et al. (2019)

Novelty,
Plagiarism,
Originality

Difference from
training set;
Training data
reproducibility

Agirrezabal, Gongalo Oliveira, et al. (2023), Belouadi and Eger (2023), D’Souza and
Mimno (2023), Lu, Sclar, et al. (2025), Nguyen et al. (2021), Ormazabal et al. (2022), Ram
et al. (2021), Sawicki, Grzes, Goes, Brown, Peeperkorn, and Khatun (2023), L. Shen
et al. (2020), Takeishi et al. (2022), Tian and Peng (2022), R. Zhang and Eger (2024), and
Z. Zhang et al. (2024)

Similarity to
ground-truth
texts

How close are the
vocabulary and
style of the
generations to the
ground-truth
poems?

Abboushi and Azzeh (2023), Cespedosa Vazquez and Mitkov (2023), Chakrabarty,
Saakyan, et al. (2021), Chiang et al. (2021), Fan et al. (2019), Gokirmak (2021), Z. Hu
et al. (2024), Khanmohammadi et al. (2023), B. Liu et al. (2018), Z. Liu et al. (2019), Lu, J.
Wang, et al. (2019), Moreno (2021), Nikolov et al. (2020), Panahandeh et al. (2023), Ram
et al. (2021), Resende and Hadley (2024), Sawicki, Grzes, Goes, Brown, Peeperkorn,
Khatun, and Paraskevopoulou (2023), L. Shen et al. (2020), W. L. Song et al. (2023),
Tikhonov and Yamshchikov (2018a), Tikhonov and Yamshchikov (2018b), Z. Xie et al.
(2019), and Z. Yang, P. Cai, et al. (2019)

Diversity
(Section 5.1.4)

How big is the
active vocabulary?

Boggia et al. (2022), Y. Chen, Groner, et al. (2024), Hamat (2024), Z. Liu et al. (2019),
Lo et al. (2022), Ram et al. (2021), L. Shen et al. (2020), Takeishi et al. (2022), Tian,
Narayan-Chen, et al. (2023), K. Yang and Klein (2021), X. Yi, R. Li, C. Yang, et al. (2020),
R. Zhang and Eger (2024), and X. Zhang et al. (2023)

Naturalness Signs that text was ~ Z. Zhang et al. (2024)

(Section 5.1.6)  generated

Relevance Input conditions Agirrezabal, Gongalo Oliveira, et al. (2023), Boggia et al. (2022), Tian, Narayan-Chen,
matching et al. (2023), and C. Yu et al. (2024)

Coherency Is the poem text Belouadi and Eger (2023), Boggia et al. (2022), and Z. Zhang et al. (2024)
coherent?

Aesthetics, Evokes emotion; A. Chen et al. (2024), Himéldinen and Alnajjar (2019b), C. Yu et al. (2024), and Z. Zhang

Imagery, Aesthetically et al. (2024)

Elegance, pleasing;

Poetic value

Has poetic value

Conformity to
the author’s
style

How well does the
style of a given
author appear?

Sawicki, Grzes, Goes, Brown, Peeperkorn, and Khatun (2023)
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of these issues in studies of generative poetry in languages other than the aforementioned English and Chinese,
which also raises several questions about the methodological purity of the demonstrated results.

The advantage of n-gram metrics, in addition to their ease of implementation, is the good interpretability of
their results. Other evaluation approaches, such as LLM perplexity or cosine distance for embeddings, typically
lack a simple way to understand why a metric deviates from expectations in a given case.

In general, the use of n-gram metrics in poetry evaluation should be carefully justified and, if possible, verified
against expert annotation (see more on BLEU verification on a variety of tasks at Reiter 2018). Tools such as
BERT for text similarity estimation, LLM-based perplexity calculations, and increasingly popular LLM-as-a-judge
approaches, which have become standard in many NLP fields, can effectively replace n-gram metrics.

Another popular tool for evaluating generated poems is the LLM perplexity calculation on these texts. The
availability of open-source, high-quality multilingual models and supporting libraries allows for calculations
with minimal researcher effort. The resulting perplexity is typically considered an indicator of grammaticality
or fluency. Examples of such applications can be found in many works (Che et al. 2017; Z. Hu et al. 2024; Yan
2016; X. Zhang et al. 2023; Zugarini, Melacci, et al. 2019). It should be noted that, as a universal method for text
evaluation, LLM model perplexity, like n-gram metrics mentioned above, requires methodological care when
interpreting the results. We will discuss all of this in detail in Section 5.1.3.

A complementary evaluation approach employs embedder LMs such as BERT and RoBERTa and measures
cosine similarity between text embeddings. This approach can be used to assess the relevance of the generated
text to the input prompt or a given topic (Agirrezabal, Gongalo Oliveira, et al. 2023), the coherence of text
fragments (W. Zhu and Bhat 2020), and grammaticality (K. Yang and Klein 2021). Furthermore, the ability of
BERT-like models to produce context-sensitive word embeddings can be used to detect metaphors (Y. Li et al.
2023).

The constantly improving ability of advanced LMs to analyze literary works (Z. Yang, Z. Liu, et al. 2024),
generated poetry (A. Chen et al. 2024; Sawicki, Grzes, Brown, et al. 2025; C. Yu et al. 2024; Z. Zhang et al. 2024;
C. Zhao et al. 2024), poetic translations (S. Wang, Wong, et al. 2024) suggests promising progress in automating
the evaluation of generative poetry by use of LLM-as-a-Judge and similar approaches. For example, Z. Zhang et al.
(2024) explored ChatGPT-based evaluation for generated lyrics, while Z. Li et al. (2024) provided a systematic
overview of using LLMs for evaluating generative models. Researchers planning to use LLMs to replace human
evaluation protocols for generative poetry should be aware of the tool’s inherent limitations. For instance,
in side-by-side evaluation scenarios, the order in which generated texts are presented within a prompt can
systematically bias the model’s selection, as demonstrated by L. Shi et al. (2025).

However, many properties of poetic texts cannot be assessed using universal tools such as perplexity calcula-
tions, as these properties require a specialized approach. An example is the assessment of poetic attributes such
as thyme and meter. In Section 5.1.2, we will discuss approaches for assessing them.

5.1.2  Meter, Rhyme, Form. Evaluating the quality of generated poetry is a challenging task. Many researchers
emphasize that only humans can comprehensively assess poetic quality, making automation difficult, time-
consuming, and costly.

Typically, a poetic text must adhere to specific prosodia-related requirements, such as rules for alternating
stressed and unstressed syllables (in accentual-syllabic versification) or tone patterns (in Chinese poetry). Addi-
tionally, the text often needs to conform to structural constraints, such as a fixed number of lines and syllables per
line. A well-known example is the haiku, a three-line poem following a strict 5-7-5 syllable structure, traditionally
incorporating a seasonal reference (Higginson and Harter 1985, p. 104).

Some genres and forms also require specific rhyme schemes between lines. A well-known example is the
varieties of sonnet (Fuller 2017, p. 2).%

40These properties of poetic texts can be automatically assessed using tools described in Section 3.
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Automatic evaluation of rhyme- and rhythm-related properties of poetry is employed in various projects. For
example, De Araujo Possi et al. (2023) propose metrics for assessing rhyme and meter automatically. J. Zhao and
H. J. Lee (2022) introduce a “tone-checker” module with rules tailored to classical Chinese poetry. Chudoba and
R. Rosa (2024) use a set of automatic metrics to evaluate the form of generated poems, including compliance with
meter, rhyme, and syllable count. Similarly, Z. Hu et al. (2024) incorporate a metrical controller to constrain their
diffusion-based poetry model. Nguyen et al. (2021) apply automatic quantitative evaluation to assess rhyme and
tone rule conformance in Vietnamese poetry generation. Agirrezabal, Goncalo Oliveira, et al. (2023) describe
a suite of automated tests that evaluate poeticity (for example, rhyme richness), novelty (using ROUGE as
a similarity metric), and topicality (using BERT-based embeddings). Ferraz de Arruda et al. (2022) propose an
approach that uses binary classification models — such as random forest, k-nearest neighbors, support vector
machines, and multi-layer perceptron — along with phonetic features to distinguish between English-language
prose and poetry. The texts were sourced from Project Gutenberg. Their results show that the classifiers achieved
an accuracy of at least 75% in identifying the type of text.

While these metrics offer algorithmic and interpretable benefits, their use depends on the availability of tools
capable of analyzing poetic meter and rhyme and detecting defects. Such tools are not universally available for all
languages and may require significant development effort. An alternative approach, albeit potentially less precise,
could involve leveraging audio modality models capable of detecting rhythm and consonance independently of
language. Such an approach could provide a more generalizable solution for assessing poetic form.

Rhyme and meter are important properties of a poetic text. On the other hand, a poem remains a text that must
be written correctly, coherently, and meaningfully. The assessment of these properties is described in Section 5.1.3.

5.1.3  Grammaticality and Meaningfulness. H. M. Manurung (2003) identifies three key properties of well-formed
poetry: poeticness, grammaticality, and meaningfulness. These criteria have been directly assessed by human
judges in several studies (Agarwal and Kann 2020; Restvold and Gambéck 2020). Similarly, Ram et al. (2021)
employed human evaluators to assess the grammaticality and other properties of generated song lyrics.

The grammaticality and meaningfulness of generated texts can also be approximated computationally. One
common approach is to calculate the probability of the text, as demonstrated by X. Yi, M. Sun, et al. (2018). This
is often operationalized using the perplexity of LMs (Che et al. 2017; Z. Hu et al. 2024; Yan 2016; X. Zhang et al.
2023; Zugarini, Melacci, et al. 2019). However, perplexity can be an unreliable metric, as noted by Kuribayashi
et al. (2021) and Y. Wang et al. (2023). Additionally, low perplexity may indicate overly simplistic or repetitive
texts, which can detract from the perceived quality of poetry.

J. Zhao and H. J. Lee (2022) propose an alternative approach by training a separate model, termed a “text-
fluency-checker” They use a synthetic dataset for training, where positive samples consist of human-written
poems, while negative samples are generated by applying distortion rules to these texts.

W. Zhu and Bhat (2020) introduce a BERT-based model to evaluate the linguistic quality of generated poems
across multiple criteria: (1) grammaticality, (2) non-redundancy, (3) focus (semantic relatedness between adjacent
sentences), and (4) structure and coherence. Similarly, Boggia et al. (2022) measure line coherence in generated
and human-written texts using cosine similarity between Word2Vec vectors.

The assessment of grammaticality and linguistic acceptability in poetry presents an interesting research
direction, particularly in exploring how algorithms, models, and datasets developed for prose perform in the
poetry domain.

A generative poetry system that produces literate, coherent, rhyming, and metered texts must possess one
more property to be engaging to the user: the ability to create lexically diverse texts. We will examine the metrics
used to evaluate this property in Section 5.1.4.

5.1.4 Diversity Assessment. Linguistic diversity in poetry refers to the range and variability of linguistic features
present in a text. It may involve lexical, syntactic, stylistic, and semantic variation, and is often interpreted as an
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indicator of expressive richness or non-redundancy. In the context of generative poetry, diversity is typically
assessed through lexicographic analysis at the word or n-gram level, which serves as a practical proxy for
estimating the size and variability of a model’s active vocabulary.

A variety of metrics have been proposed in computational linguistics to quantify lexical diversity, including:

o MTLD (Measure of Textual Lexical Diversity) (McCarthy 2005), which estimates lexical diversity based on
the stability of type—token ratios across a text;

o TTR (Type-Token Ratio) (Johnson 1944), a simple measure that is strongly influenced by text length;

o MATTR (Moving Average TTR) (Covington and McFall 2010), which mitigates length effects by averaging
TTR over sliding windows;

e HD-D (Hypergeometric Distribution D) (McCarthy and Jarvis 2010, p. 383), a probabilistic measure of
lexical diversity;

o the hapax legomenon ratio (Baayen and Lieber 1991), which quantifies the proportion of words that occur
only once in a text or corpus.

The application of these metrics to both human-written and generated poetry is discussed in, for example, Hamat
(2024) and Y. Chen, Groner, et al. (2024).

In addition to these general measures, diversity estimation methods used in generative poetry papers published
between 2017 and 2025 can be grouped into two broad categories.

(1) Lexical diversity ratios. Diversity is computed as the ratio of unique n-grams (typically unigrams or
bigrams) to the total number of n-grams. For unigrams, this metric is commonly referred to as Diversity-1,
while for bigrams it is known as Diversity-2. These measures are widely used in poetry generation studies,
including (Z. Liu et al. 2019; Lo et al. 2022; Ram et al. 2021; L. Shen et al. 2020; K. Yang and Klein 2021).

(2) Inter-text similarity measures. Diversity is assessed by computing the average or maximum pairwise
similarity among generated texts. Similarity is estimated using measures such as Jaccard similarity over
unigrams or bigrams (Boggia et al. 2022; X. Yi, R. Li, C. Yang, et al. 2020), the Dice-Sgrensen coefficient
(Takeishi et al. 2022), BLEU (X. Zhang et al. 2023), or embedding-based measures such as BERTScore (Y.
Chen, Groner, et al. 2024).

As suggested by the definition at the beginning of this section, linguistic diversity extends beyond lexical
variation. Developing evaluation methods that account for additional dimensions, such as syntactic or stylistic
diversity, remains an open and promising direction for future research in generative poetry.

5.1.5 Creativity Assessment. There is a view, supported by experimental evidence, that creativity is very closely
related to human intelligence (Frith et al. 2021). This connection makes computational creativity interesting from
the point of view of building systems with artificial general intelligence (Colton and Wiggins 2012).

Automatic poetry generation is an example of an NLG task where we expect the system being created to not
only follow the formal rules and constraints inherent to the poetry genre but also to exhibit a certain creativity,
even if the system developers do not explicitly set such a task, limiting themselves to assessments of novelty or
the absence of plagiarism in generations. We will leave aside the controversial question of whether a generative
LM can be creative without being capable of human perception and reflection, although we consider it necessary
in this regard to mention the opinion of Kreminski (2024) that “machines are often usefully creative because they
fail to see things completely as humans do: their oversights and inabilities lead them to mix human-like with
non-human-like creative decisions in unanticipated ways, and thereby to supply human creators with ideas that
they otherwise never would have considered.” In this section, we discuss what creativity is and what practical
methods and approaches for assessing the level of creativity exist in the domain of generative poetry and in NLG
in general.
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The main difficulty in assessing the creativity of poetry generation models is the lack of a single, generally
accepted definition of creativity, on the basis of which one could select automatic metrics or develop protocols for
objective human assessment. Different authors decompose this concept differently and offer different approaches
to assessing the identified key elements, which makes it difficult to compare the results. For example, Nguyen
et al. (2021) define creativity as a value complementary to the level of plagiarism, that is, the share of texts that
the model reproduced from the training data. A similar approach to automatic assessment of creativity is being
developed by Lu, Sclar, et al. (2025): they introduce a “creativity index,” that is the share of the words that are
covered by verbatim and near-verbatim matches of n-grams from a given poem against the web. According
to Elzohbi and R. Zhao (2023), the main components of creativity are (1) originality, (2) unpredictability, and
(3) sociability. The first two components, if we follow their author’s definition, are directly related to the novelty
of the work. The last component, called sociability, should reflect the interest that the given work will arouse in
readers and critics and will encourage them to evaluate and analyze the text. In our view, this third component is
directly related to the value mentioned in the following paper. A good discussion of alternative definitions of
creativity and its components is given in Ismayilzada, Paul, et al. (2024).

When developing methods to assess the creativity of generative poetry systems, it is useful to draw on
established creativity assessment frameworks. Below, we briefly summarize several influential approaches that
are commonly referenced in the computational creativity literature.

Rhodes (1961) conceptualizes creativity through four complementary aspects, known as the Four Ps: Person,
which concerns individual traits and dispositions; Process, which covers cognitive and motivational mechanisms
involved in creation; Press, which refers to environmental and contextual factors; and Product, which denotes the
creative artifact itself. This framework has been widely adopted as a theoretical foundation in computational
creativity research. Relevant examples include the following works:

(1) Kantosalo (2019), which applies creativity theory to the development and evaluation of co-creative poetry
systems;

(2) A. Jordanous (2016), which analyzes the applicability of the Four Ps model to computational creativity
assessment, with emphasis on novelty and value;

(3) Carnovalini and Roda (2020), which discusses creativity evaluation in the context of generative music
systems;

(4) Lamb, Brown, and C. L. A. Clarke (2018), which provides a tutorial-style overview of methods for evaluating
creative computational systems.

Beyond the Four Ps framework, several other approaches to creativity assessment are relevant to generative
poetry research. One example is SPECS, a structured methodology for evaluating computational creativity
proposed by A. K. Jordanous (2012). Another is the Creative Tripod framework, consisting of Skill, Appreciation, and
Imagination, introduced by Colton (2008) to assess systems that generate creative artifacts such as poems, paintings,
melodies, and mathematical results. Karimi et al. (2018) present a framework for evaluating computational
creativity based on four questions: (1) who evaluates creativity, (2) what is being evaluated, (3) when the
evaluation takes place, and (4) how the evaluation is performed. The framework is illustrated with several
practical examples.

The following examples illustrate how creativity is assessed in generative poetry systems in practice, where
automatic metrics often rely on simplified definitions of creativity compared to the frameworks discussed above.

Franceschelli and Musolesi (2022) describe an approach to assessing two components of creativity — novelty
and value, using neural network methods. Value is assessed using a discriminator from a GAN, which learns to
distinguish real (and valuable) poems from generated ones. Novelty is proposed to be assessed using a generative
adversarial network. Bena and Kalita (2019) investigate the ability of a retrained GPT-2 LM to generate creative
English-language poems, defining creativity as a combination of (1) the ability to evoke certain emotions and
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feelings in the reader, (2) the ability to imitate dream language in poetry (see more on dream poetry in Spearing
1976).

The novelty of a literary text includes the absence of plagiarism, that is, the inclusion of fragments of other
people’s texts without indicating the source. This must be taken into account in the case of generative poetry
systems that use LLMs, since transformer-based generative models are known for their ability to memorize and
then reproduce verbatim poem texts from the training set, as shown by D’Souza and Mimno (2023). Reproducing
fragments of human-written verse during generation is generally undesirable, except in parody, where limited
quotation can be used to support recognition of the source text. To reduce the effect of memorization at the
training stage, various approaches have been proposed. For example, Hans et al. (2024) suggest masking losses
for some of the tokens in the batch. To assess the model’s tendency to reproduce texts from the training set, some
works on poetry generation utilize plagiarism rate evaluation. Nguyen et al. (2021) count how often lines from
the training dataset occur in generated poems.

While the above-mentioned works use n-gram approaches to calculate novelty or plagiarism level to assess
LLM creativity, Olson et al. (2024) proposes a fundamentally different way to simultaneously calculate creativity
and improve LLM creativity. The key idea is to calculate the “direction of creativity” as an average vector obtained
through the difference in activations of the selected internal LLM layer for pairs of texts that differ only in the
level of creativity specified in the prompts. Then, the resulting creativity vector can be used to (1) evaluate
the creativity of new generations by calculating the cosine proximity of activations on the selected layer and
the “direction of creativity,” (2) improve the creativity of generations by mixing the creativity vector with the
corresponding activations.

There are also a number of works devoted to the analysis of poetry written by people from the point of view
of various linguistic and statistical properties. Although these works do not mention generative poetry as an
object of study or comparison, we admit that the ideas from these works can be useful for poetry generation
tasks. For example, Kao and Jurafsky (2012) examine the statistical and linguistic correlates of good poetry.

Publicly available LLM-based chatbots have enabled comparative studies of model creativity across a range of
generation tasks (L. Sun, Yuan, et al. 2025). A broader overview of LLM creativity is provided by Franceschelli and
Musolesi (2024c). This survey focuses instead on practical approaches to assessing creativity in generative poetry.

The assessment of the creativity of poems is one of the most poorly formalized and controversial procedures,
starting from the lack of a generally accepted definition of creativity as such and ending with the lack of generally
accepted standard protocols for its assessment. Probably, an important and interesting direction of research
may be the automation of creativity assessment, including the assessment and improvement of the alignment of
automatic assessment with human assessments.

5.1.6  Naturalness Assessment. A key objective for automatic poetry generation systems is to produce text that is
indistinguishable from human-written poetry, focusing on the naturalness or human-like quality of the output.
Detecting Al-generated poetry can be achieved through human evaluation or algorithmic approaches, including
artificial text detection techniques. However, assessing naturalness presents several challenges:

e Plagiarism and memorization: Models may reproduce training texts, leading to outputs that are effec-
tively human-written, which can bias results in favor of the model. Thus, it is essential to evaluate the level
of plagiarism or memorization.

o Evaluator bias: Evaluators’ familiarity with human-written works may lead them to recognize and favor
human-authored texts, skewing results in favor of humans.

S. Ma and Q. Wang (2024) propose token cohesiveness as a criterion for distinguishing LLM-authored texts
from human-written ones. Token cohesiveness is measured by randomly deleting tokens and assessing the
semantic difference. The authors demonstrate that LLM-generated texts exhibit higher token cohesiveness than
human-written texts.
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Hayawi et al. (2024) introduced a dataset comprising human-authored and LLM-generated texts across various
genres, such as essays, stories, and poetry. They utilized several machine learning models to classify the texts
within the dataset. The study found that while binary classification tasks (distinguishing human-authored from
LLM-generated texts) achieved strong performance, more complex multiclass tasks — such as differentiating
between human-generated texts and outputs from multiple LLMs — yielded significantly poorer results.

Kushnareva et al. (2021) propose a method based on topological data analysis (TDA) for analyzing attention
maps in a BERT model. Differences in the topological properties of attention maps between human and machine
texts enable authorship identification with reasonable accuracy. P. Wang, L. Li, et al. (2023) address the artificial
text detection (ATD) task at the sentence level, focusing on documents that mix human- and LLM-authored
sentences.

E. Clark et al. (2021) analyze the challenges faced by untrained evaluators in determining the authorship of
texts across domains such as news, recipes, and stories. They note that evaluators often rely on text fluency,
which modern LMs can replicate effectively, making detection difficult.

The MAUVE metric, introduced by Pillutla et al. (2021), quantifies the divergence between the distributions
of human-written and machine-generated texts. Unlike ATD, MAUVE requires a large number of text samples
(approximately 5,000) to achieve statistically reliable results. The code for MAUVE calculations is available in the
repository.*! When using MAUVE, it should be noted that some studies Garces Arias et al. (2024) show poor
correlation of this metric with human assessments.

Future research in this area should explore how methods for detecting machine-generated content perform
under domain shift conditions in poetry, considering the unique features of this domain.

5.2 Human Evaluation

The automated evaluation metrics discussed previously offer advantages in speed, scalability, and reproducibility.
However, they are often insufficient for a comprehensive assessment. Certain aspects of poetry perception are
inherently subjective and difficult to formalize. Additionally, the correlation between automated metrics and
human judgment is often poorly established. For these reasons, human evaluation remains a critical component
in most generative poetry research, frequently used alongside automated metrics within the same study.

This section examines popular human evaluation approaches, protocol design considerations, and common
challenges. Our analysis covers papers published between 2017 and 2025. Table 4 provides relevant statistics,
with metrics grouped by similarity or overlapping properties. We have tried to form groups of metrics that are as
consistent with those presented in Table 3 as possible, given the wide variety of approaches.

Human evaluation differs from automated metrics in two key aspects. First, assessment instructions are critical
for human judges. These instructions must be detailed, cover edge cases thoroughly, and ideally include checks
for assessor understanding. This requirement parallels the careful prompt engineering needed for LLM-as-a-judge
approaches. Second, human evaluation outcomes should include not only average scores but also an analysis
of inter-annotator agreement. Variability between assessors can significantly affect the reliability of the results.
Unfortunately, many studies omit this information, complicating cross-study comparisons.

In addition to the differences mentioned above, human metrics often produce values not on a continuous
interval, but on an ordinal-scale metric, as in the case of a Likert scale. Table 5 provides summary statistics for
different scale types in human assessments. We have allocated evaluation through side-by-side comparisons and
choosing the best of two or more options to a separate group.

One challenge in human evaluation of generative poetry is the potential for systematic differences across
assessor populations. In particular, crowd-sourced evaluations have been shown to produce more favorable
judgments of generated poetry than evaluations conducted by domain experts, as reported by Lau et al. (2018).

“1https://github.com/krishnap25/mauve
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Table 4. Human evaluation metrics for generated poetry (2017-2025). The “Evaluated Property” column specifies the poetic
quality assessed by human judges.

Metrics group

Evaluated Property

Papers

Rhyme, Meter,
Singability

The text is checked for
rhymes and meter.

Belouadi and Eger (2023), H. Chen et al. (2019), Gongalo Oliveira (2020), Lau
et al. (2018), Y. Liu, D. Liu, et al. (2020), Nikolov et al. (2020), Ram et al. (2021),
Xue, K. Song, et al. (2021), and Z. Zhang et al. (2024)

Grammaticality,
Meaningful-
ness, Fluency

Compliance with grammar
rules is assessed.

The text is checked to
ensure it is meaningful
and fluent.

Abboushi and Azzeh (2023), Agarwal and Kann (2020), Agnew et al. (2023),
Amina et al. (2025), Chakrabarty, Padmakumar, et al. (2022), Chang et al.
(2023), H. Chen et al. (2019), Elzohbi and R. Zhao (2025a), Gongalo Oliveira
(2020), Hamélainen, Alnajjar, and Poibeau (2022), Z. Hu et al. (2024), Khanmo-
hammadi et al. (2023), Lau et al. (2018), Y. Liu, D. Liu, et al. (2020), Lu, J. Wang,
et al. (2019), Nguyen et al. (2021), Panahandeh et al. (2023), Ram et al. (2021),
Restvold and Gambéck (2020), Sawicki, Grzes, A. Jordanous, et al. (2022), Shao
et al. (2021), L. Shen et al. (2020), Z. Sheng et al. (2021), W. L. Song et al. (2023),
Takeishi et al. (2022), Tian and Peng (2022), Van de Cruys (2020), Xue, K. Song,
et al. (2021), L. Yi (2023), X. Zhang et al. (2023), Z. Zhang et al. (2024), and
J. Zhao and H. J. Lee (2022)

Originality,
Creativity,
Novelty

How original or banal is
the text?

Elzohbi and R. Zhao (2025a), Gongalo Oliveira (2020), Nguyen et al. (2021),
Tian and Peng (2022), L. Yi (2023), X. Zhang et al. (2023), Z. Zhang et al. (2024),
and J. Zhao and H. J. Lee (2022)

Imagery, Poetic
value,

Does the poem evoke
emotion?

Abboushi and Azzeh (2023), Agarwal and Kann (2020), Agnew et al. (2023),
Elzohbi and R. Zhao (2025a), Himéldinen, Alnajjar, and Poibeau (2022), Z. Hu

Emotions Does it have poetic value? et al. (2024), Khanmohammadi et al. (2023), Lau et al. (2018), Nguyen et al.
(2021), Panahandeh et al. (2023), Restvold and Gamback (2020), Shao et al.
(2021), L. Shen et al. (2020), W. L. Song et al. (2023), Tian and Peng (2022), and
Van de Cruys (2020)

Diversity Do generated sentences Lu, ]J. Wang, et al. (2019), Shao et al. (2021), and Xue, K. Song, et al. (2021)
often show similar phrases,
words, or rhymes?

Naturalness Turing test. Agnew et al. (2023), Baral et al. (2021), Belouadi and Eger (2023), Lau et al.
Does the text feel like it (2018), D. Lewis et al. (2021), Pascual (2021), Van de Cruys (2020), J. Wang
was written by a human? et al. (2021), Z. Wang, Guan, et al. (2023), J. Zhao and H. J. Lee (2022), and

Zugarini, Melacci, et al. (2019)

Relevance Are all conditions specified Agnew et al. (2023), Chakrabarty, Padmakumar, et al. (2022), Chang et al.
in the input request taken  (2023), and Z. Zhang et al. (2024)
into account?

Translation How fully does the A. Chen et al. (2024) and Khanmohammadi et al. (2023)

quality translation reflect the
meaning, form, and poetic
attributes of the original?

Style How well does the style of Tikhonov and Yamshchikov (2018a) and J. Zhao and H. J. Lee (2022)

a given author appear?
Overall quality ~ General assessment Benhardt et al. (2019), Chakrabarty, Padmakumar, et al. (2022), Chang et

without details.

al. (2023), H. Chen et al. (2019), Gatti et al. (2017), Gongalo Oliveira (2020),
Hamaldinen, Alnajjar, and Poibeau (2022), K6bis and Mossink (2021), Lu, J.
Wang, et al. (2019), Ormazabal et al. (2022), Popescu-Belis et al. (2022), Z.
Sheng et al. (2021), and W. L. Song et al. (2023)
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This issue is examined more systematically by Lamb, Brown, and C. Clarke (2015), who analyze how assessor
expertise influences judgments of creative text.

When using human authorship assessment, in which annotators judge whether a text was written by a human
or generated by a system, several factors should be considered. Even relatively small LMs such as GPT-2 can
produce texts that are difficult to distinguish from human writing, and annotators often overestimate their
confidence in these judgments, as shown by Gunser et al. (2022).

Rahmeh (2023) presents a comparative human evaluation of LLM-generated and human-authored poetry and
explicitly report demographic characteristics of the assessor group, including gender and age, as potential sources
of bias. Their study is based on a survey of 80 graduate students in English language and literature from a Lebanese
university and compares Shakespeare’s Sonnet 18 with a thematically similar sonnet generated by ChatGPT.
Participants rated enjoyment, emotional engagement, and perceived linguistic complexity on a ten-point scale.
The results show that the human-authored poem is preferred overall, while a subset of participants reports
positive reception of the generated sonnet. A limitation of the study is that the evaluation relies on only two
poems whose authorship was known to the assessors.

The absence of prior information about text authorship is an important methodological condition in studies
where assessors are asked to judge whether a text was written by a human or generated by a system, a setup
often compared to a Turing-style test. Examples of relevant work are provided below.

Porter and Machery (2024) explore people’s inability to distinguish LLM-generated poetry from human-written
poetry. Their study reveals an intriguing finding: “the simplicity of Al-generated poems may be easier for non-
experts to understand, leading them to prefer Al-generated poetry and misinterpret the complexity of human poems
as incoherence generated by AI” Similarly, Kébis and Mossink (2021) evaluate people’s ability to distinguish
GPT-generated poems. They generate continuations of human-written poems using GPT-2, based on the original
poem’s headline. Two evaluation settings are used:

e Human-in-the-loop: The best GPT-generated continuation is selected and compared to the human-written
poem. In this setting, evaluators struggle to reliably distinguish between Al-generated and human-written
poems.

¢ Human-out-of-the-loop: A random GPT-generated continuation is compared to the human-written
poem. Here, evaluators confidently identify the Al-generated text.

Another example of a Turing-style evaluation is presented by B. Liu et al. (2018), who develop a GRU-based
system for generating English-language poems conditioned on images. Their human evaluation involves 500
assessors, including 30 poetry experts, and uses 1,500 images from the dataset. In addition to relevance and quality
ratings, assessors are asked to judge whether each poem was written by a human or generated by a system. The
results show that both non-expert and expert assessors are sometimes unable to reliably distinguish generated
poems from human-authored ones, although experts perform better on this task.

For a detailed overview of the relevant features of the human assessment protocols, we recommend the reader
to refer to the survey by Himaélédinen and Alnajjar (2021).

While human evaluation remains the gold standard, it is often costly, time-consuming, and inconsistent across
studies. This has motivated interest in understanding how well automatic metrics, and especially LLM-based
judgment, align with human assessments. We therefore next review what is known about the correlation between
automatic metrics and human evaluation in generative poetry, as well as insights from adjacent domains.

5.3 Automatic Metrics vs. Human Judgments

The concurrent use of automatic metrics and human evaluation in generative poetry research raises important
questions about their correlation. This is particularly relevant for LLM-as-a-judge approaches, which aim to
replicate human assessment.
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Table 5. Statistics on scale variants used in human assessment protocols for generative poetry in papers from 2017 to 2025.

Scale Papers

Likert Abboushi and Azzeh (2023), Agarwal and Kann (2020), Amina et al. (2025), Chakrabarty, Padmaku-
mar, et al. (2022), Chang et al. (2023), H. Chen et al. (2019), Haméliinen, Alnajjar, and Poibeau
(2022), Z. Hu et al. (2024), Khanmohammadi et al. (2023), Lau et al. (2018), Nikolov et al. (2020),
Panahandeh et al. (2023), L. Shen et al. (2020), Z. Sheng et al. (2021), Shihadeh and Ackerman
(2020), Takeishi et al. (2022), Tian and Peng (2022), Van de Cruys (2020), Xue, K. Song, et al. (2021),
L. Yi (2023), X. Zhang et al. (2023), and J. Zhao and H. J. Lee (2022)

Binary Baral et al. (2021), Benhardt et al. (2019), Chakrabarty, Padmakumar, et al. (2022), Gatti et al. (2017),
D. Lewis et al. (2021), Nikolov et al. (2020), Pascual (2021), J. Wang et al. (2021), and Zugarini,
Melacci, et al. (2019)

Side-by-side Agnew et al. (2023), Belouadi and Eger (2023), Kobis and Mossink (2021), and Ormazabal et al.

(2022)
0to5 Lu, J. Wang, et al. (2019), Nguyen et al. (2021), Q. Wang et al. (2016), and Z. Zhang et al. (2024)
Oto1l A. Chen et al. (2024)
1to3 Nalci et al. (2025) and Restvold and Gambéack (2020)
1to 10 Nalci et al. (2025)
0 to 100 Elzohbi and R. Zhao (2025a)

At the time of writing, only Sawicki, Grzes, Brown, et al. (2025) provide a systematic comparison of LLM-
based judges for poetry evaluation. Their study uses a corpus of 90 poems with gold standard annotations and
follows principles inspired by the Consensual Assessment Technique (Amabile 1983), which is the generally
accepted approach for assessments in psychology. Claude-3-Opus and GPT-4o are used as surrogate judges, with
rater diversity simulated through temperature variation. The results show strong correlations with the gold
standard and higher accuracy than nonexpert human judges, while maintaining high agreement across repeated
evaluations. These findings suggest that LLM-based evaluation of poetry is increasingly feasible.

W. Wang et al. (2025) study the relationship between automated and human evaluation for literary fiction
and report good agreement between human ratings and their LLM-based framework. However, their focus on
long-form narratives limits direct applicability to poetry.

Similarly, Kim, Shin, et al. (2024) demonstrate that an LLM-based judge performs well across a range of
evaluation tasks and correlates with human judgments. Their evaluation does not include poetry generation,
leaving its relevance to this domain open.

Complementary evidence comes from Walsh, Antoniak, et al. (2024), who evaluate how well different LLMs can
detect specific poetic properties, including form, rhyme, meter, line repetitions, thematic adherence, and length
constraints. Because their dataset was annotated by human experts, the study effectively measures how well
LLM-as-judge can replicate human labeling across fine-grained poetic features, though not holistic judgments of
quality.

Our analysis of the reviewed literature reveals several noteworthy patterns, albeit less systematic than the
fiction study.

Importance of prompt engineering: Multiple studies emphasize that careful prompt construction is crucial
for reliable LLM assessment. C. Yu et al. (2024) and Z. Zhang et al. (2024) specifically highlight the need to specify
all relevant evaluation details in the prompt.
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Varying correlation levels: The agreement between automated and human evaluation appears inconsistent
across different poetic qualities. Belouadi and Eger (2023) found that automatic rhyme evaluation significantly
diverged from human judgment, altering model rankings. By contrast, naturalness assessment showed better
alignment. Similarly, Z. Zhang et al. (2024) report good correlation between human evaluations and LLM-as-a-
judge scores, suggesting this approach could reduce reliance on costly human assessment. A. Chen et al. (2024)
also demonstrate strong agreement between GPT-4 judgments and human ratings for translation adequacy in
poetry, though without providing explicit correlation coefficients.

Taken together, these findings suggest that while LLM-based evaluation holds promise as a scalable proxy for
human judgment, its reliability remains uneven across poetic qualities and task types. More systematic studies
are needed to establish when such metrics can replace or complement human evaluation. This gap is not only
critical for generative poetry but also reflects a broader challenge in generative Al: ensuring that automatic
evaluation faithfully captures human-centered criteria such as creativity, coherence, and poetic value.

6 Conclusion and Future Insights

This survey reviewed recent research on generative poetry published between 2017 and 2025, with particular
attention to model architectures, task formulations, data resources, and evaluation practices. Several consistent
trends emerge from the surveyed literature.

Observed trends. First, there is a clear and sustained shift toward transformer-based LMs as the dominant
architecture for poetry generation (see Figure 1). Most recent systems rely on subword tokenization schemes
such as BPE, with only limited exploration of syllable-, character-, or byte-level representations. Second, research
activity around alternative paradigms — including RL, evolutionary methods, purely template-based systems,
and non-transformer architectures — has declined considerably. Third, LLMs are increasingly used as evaluators,
either to complement or partially replace traditional automatic metrics and human assessment. Finally, several
studies report that, under specific conditions, LLM-generated poems can approach human-written poetry in
perceived quality, although other works report mixed or contrasting results. Taken together, these findings
suggest substantial improvements in fluency and stylistic control, while also highlighting the variability of
evaluation outcomes.

Current limitations. Despite this progress, the field faces several methodological and practical limitations.
A major challenge is the absence of standardized evaluation protocols, shared benchmarks, and public leaderboards
for poetry generation. This stands in contrast to other areas of NLP, where large-scale benchmarks and evaluation
toolkits are widely available (Gao et al. 2025; Hendrycks et al. 2021; Y.-T. Lin and Y.-N. Chen 2023). Although
LLM-as-a-judge approaches show promise, robust evaluation methods that account for genre, style, language,
and versification systems remain largely undeveloped.

A second limitation is the lack of systematic comparative studies of decoding strategies*? for poetry generation.
While recent work has proposed a wide range of decoding algorithms aimed at improving diversity, constraint
satisfaction, and fluency (Das et al. 2025; Garces Arias et al. 2024; Gareev et al. 2024; J. Guo et al. 2025; Luo et al.
2025; Pynadath and R. Zhang 2025; Tu et al. 2024; W. Zhu, H. Hao, et al. 2024), their impact on poetic quality has
not yet been systematically evaluated.

A third gap concerns linguistic creativity. Poetic phenomena such as nonce word formation, compounding, and
unconventional morphology remain underexplored, particularly in languages with productive word-formation
systems (Benigni and Masini 2009; Crystal 2008). Although related work exists (Coil and Shwartz 2023; Ismayilzada,
Circi, et al. 2025; Lencione et al. 2022; Lynott and Keane 2005), generative poetry offers a distinct setting in which
to study these forms of creativity.

42Decoding methods are discussed in Section 4.3.
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Finally, the limited availability of high-quality, publicly accessible poetry and song lyric datasets — especially
for non-English and Chinese languages and less common poetic forms — continues to constrain progress. This
limitation is particularly relevant for transformer-based models, whose performance depends heavily on data
scale and quality.

Future research directions. Looking ahead, several research directions appear especially promising. Chain-of-
thought methods, which have proven effective in structured reasoning tasks (Xia et al. 2025), may offer a way to
model planning, drafting, and revision processes observed in human poetic composition (Addonizio and Laux
1997; Flower and Hayes 1981; Oliver 1994). While early attempts to apply CoT to poetry evaluation have yielded
mixed results (Tomizawa et al. 2025), further exploration remains warranted.

Retrieval-augmented generation (RAG) also presents clear opportunities for poetry generation. Potential appli-
cations include integrating factual knowledge, stylistic exemplars, metaphor databases, rhyme dictionaries, and
genre-specific constraints (A. Chen et al. 2024; Y. Liu, L. Lan, et al. 2025). Recent systems demonstrate that incorpo-
rating external retrieval can substantially improve generation quality in poetry-specific settings (Chatzikyriakidis
and Natsina 2025; Y. Liu, L. Lan, et al. 2025).

Finally, agent-based approaches remain largely unexplored in this domain. Preliminary work suggests that
multi-agent systems may improve diversity and novelty, though trade-offs with coherence and lexical control
remain (R. Zhang and Eger 2024). Combining agent-based methods with CoT and RAG frameworks may offer
new ways to balance structure, creativity, and evaluation in future poetry generation systems.

Broader perspective. Although this survey has focused primarily on technical methods and empirical findings,
poetry generation is also situated within the broader field of computational creativity. Conceptual frameworks
such as Boden’s taxonomy of creativity (Boden 2004) provide useful perspectives for interpreting recent advances.
Connecting empirical progress in generative poetry with such theoretical models may help clarify both the
capabilities and the limitations of current systems, and guide future work at the intersection of NLP and creativity
research.

7 Limitations

The primary limitation of this survey stems from the wide variety of approaches used for similar tasks, often
with little methodological overlap. This diversity makes it difficult to compare the effectiveness of different
systems. For instance, nearly every study employs a unique evaluation protocol, making direct comparison of
results challenging even when similar metrics are reported for similar poetry genre and target language. These
same factors limited our analysis of tokenization methods, as differences in model architecture, target languages,
and evaluation design prevent meaningful generalization of results — for example, findings on syllable-level
tokenization in one context may not transfer to others.

Another issue in the generative poetry domain is the strong focus on English and Chinese as the main target
languages (Table 7). These languages share several similarities: (1) they use word order to show grammatical
relationships, that is, analytic syntax; (2) they have limited inflectional morphology; and (3) they rely heavily
on function words. As a result, languages with different grammatical structures, such as Turkish or Russian,
are rarely studied in the context of poetry generation. For example, our analysis reveals only 2 papers related
to the Russian poetry generation in the ACL Anthology (see ACL Anthology analysis procedure and results
in Appendix A), compared to over 40 for both English and Chinese. This lack of representation makes it harder
to assess how well the discussed methods work for such languages.

8 Ethical Considerations

This section discusses ethical aspects of generative poetry systems and the creation of this survey.
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8.1 Ethics in Generative Poetry Systems

Ethical challenges emerge throughout the development pipeline of generative poetry systems, including data
collection, preprocessing, model training, inference and evaluation. We highlight key concerns below, referring
readers to Ungless et al. (2025) for detailed discussion.

Data collection raises ethical questions because poetic texts are typically not created for machine learning
purposes. Authors may not anticipate their work being used to train models, particularly regarding potential
reproduction of text fragments or style imitation by LMs.

Data representation presents another concern, as training datasets may unevenly represent different social
groups, languages, or age demographics. Such imbalances can propagate through model outputs.

Data preprocessing introduces ethical considerations through:

o Filtering methods (n-grams, keyword lists, content detectors).
e Potential biases in hate speech detection models.
o Unintended side effects of text cleaning.

Model training involves ethical challenges in tokenization (see more on tokenization in Section 4.1). Tokenizer
choices affect text representation across languages and registers, potentially reinforcing linguistic inequalities.

Model inference, particularly in interactive generative systems, may exhibit various forms of unintended
bias depending on the content of user prompts. For example, generated outputs can reflect social biases related to
gender, ethnicity, or other personal attributes, which are often difficult to control at inference time. An analysis of
the sources of such biases, along with bias detection, evaluation and mitigation methods, is provided by E. Sheng
and Uthus (2020).

Related concerns about the effects of implicit biases in LLMs on user creativity are discussed by Olatunji (2023).
They note that sociocultural, demographic, and age-related biases present in training data can influence model
outputs and may limit users’ creative expression. As a possible mitigation strategy in poetry co-creation systems,
the authors suggest broadening training data to include underrepresented genres, such as rap.

Evaluation presents distinct ethical concerns for automated versus human assessment:

o Automated metrics may favor texts with simpler vocabulary or grammar, and LLM-based evaluators can be
implicitly biased toward outputs that resemble the distributions or stylistic preferences of the evaluating
model itself, leading to inflated or misleading scores.

e Human evaluation introduces subjectivity through individual preferences and cultural background.

o Assessment protocols may inadvertently introduce systematic biases.

8.2 Ethics of This Survey

We used DeepSeek Assistant*’ for proofreading and improving readability. While some text may be flagged as
Al-processed by detection tools, all intellectual content, research, and ideas remain our own. We assume full
responsibility for this work.
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Table 6. Statistics of works in the ACL Anthology from 2006 to 2025. Qwen3-8B model (Qwen Team 2025) with zero-shot
prompting is used to determine whether a paper with title and abstract data belongs to the field of poetry generation,
analysis, or evaluation.

Year Total entries Num. of poetry-related Share of poetry-related, %

2006 2,174 1 0.046
2007 1,601 2 0.125
2008 2,232 3 0.134
2009 2,233 1 0.045
2010 3,069 4 0.13
2011 2,290 2 0.087
2012 3,391 4 0.118
2013 2,824 4 0.142
2014 3,639 4 0.11
2015 2,958 2 0.068
2016 4,220 7 0.166
2017 3,487 8 0.229
2018 4,822 8 0.166
2019 5,074 10 0.197
2020 7,245 9 0.124
2021 7,148 8 0.112
2022 8,649 12 0.139
2023 9,032 13 0.144
2024 12,098 5 0.041
2025 14,547 12 0.082

A ACL Anthology Analysis

An analysis of ACL Anthology database reveals that research interest in poetry-related topics, including the
analysis of human-authored poems, has remained relatively stable over time compared to the overall volume of
recorded works (see Table 6). However, it is important to note that a significant portion of these papers focuses
on the analysis of human-written poetry rather than generative poetry. Consequently, the number of works
directly relevant to the focus of this survey — generative poetry — is considerably smaller.

The data presented in Table 6 was collected by processing the ACL Anthology using the following automated
procedure.

(1) The complete anthology dataset was downloaded from full ACL Anthology as BiBTEX with abstracts
archive** on January 21, 2026. This dataset contained 119,961 entries.

(2) The BIBTEX data was parsed using the pybtex library.*

(3) For each entry, the title and abstract text were extracted. Curly braces, { and }, were removed from title
fields to prevent reducing LLM performance due to KIEX formatting.

(4) Each publication was classified using a zero-shot prompt with the following template, where the title_text
and abstract_text placeholders were replaced with the extracted data:

Analyze the following title and abstract of an article from the ACL Anthology.
Determine whether this article is about generative poetry, poetry text analysis,

4https://aclanthology.org/anthology+abstracts.bib.gz
“Shttps://pybtex.org
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meter and rhyme definition, poetry evaluation metrics, or other topics related
to LLM-generated poetry.

If it is, output <result>True</result>
If it is not, output <result>False</result>

Title:
{title_text}

Abstract:
{abstract_text}

(5) Each assembled prompt was processed by the Qwen3-8B model*® using model’s chat template. Greedy
decoding was used to generate the response.

(6) If the model’s response contained the exact string <result>True</result>, a publication was categorized
as poetry-related.

For entries classified as poetry by the above procedure, another analysis was performed using the same LLM
Qwen to identify the target languages of poetry mentioned in the paper’s title and abstract (if available). This
analysis yields a rough distribution of the papers by language, summarized in a Table 7.

Table 7. Distribution of languages in the ACL Anthology poetry-related papers from 2006 to 2025

Language Total entries

Chinese 27
English
French
Classical Chinese
Basque
Finnish
Czech
Russian
Persian
Arabic
Mandarin
Greek
Cantonese
Latin
Bangla
German
Spanish
Tibetan
Afrikaans
Portuguese
Romanian
Tamil
Japanese

—_
(e
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46https://huggingface.co/Qwen/Qwen3-8B
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The complete processing pipeline required approximately 8 hours to execute on an A100 GPU.

It is important to note that all classifications and language identifications reported in this appendix are produced
fully automatically by the LLM-based procedure described above. We did not perform manual validation or
post-processing of the model outputs. As a result, the reported statistics may contain a non-negligible rate of
misclassification. This includes, for example, papers incorrectly labeled as poetry-related, papers on generative
poetry that were not detected as such, or cases where the target language of the poetic text was misidentified or
not mentioned explicitly in the abstract. The presented results should therefore be interpreted as approximate
indicators of broader trends rather than as exact counts.

B Datasets

This section provides detailed parameters for the datasets mentioned in Table 2. These datasets can be used for
generative poetry projects, eliminating the need for researchers to spend time collecting training or test data
from online resources like Poetry Foundation,?” Project Gutenberg,*® Wikisource,* PoetryDB.*

For English-language poetry, a common solution is to use Project Gutenberg, such as the Gutenberg Poetry
Corpus,’’ which contains about 3 million rows. This corpus does not store poems, but rather lines from them,
without information about their order, so this data is only suitable for special generation tasks. In addition to
this source, there are English-language datasets collected from various platforms, such as the “Poems dataset,.”?
“Poetry Foundation Poems™* (contains collections of poems in specific genres or forms, such as acrostics), “Public
Domain Poetry”** Haider (2021) presented the dataset® of annotated verse for a varied sample of around 7,000
lines for German and English languages. Poems are given line-by-line meter information and syllable stress
placement, which can be useful when developing poetry scansion tools or testing automated generative poetry
assessments. In addition, we can mention PO-EMO®® — a dataset with emotional tagging for English-language
poems described by Haider, Eger, et al. (2020). Poem Emotion Recognition Corpus (PERC)*’ is a small dataset
of English-language poems by Indian authors with emotion annotation described by (Sreeja and Mahalakshmi
2019). Emotional labeling can be used to create instructional datasets for training generative models, as well as
for calibrating classifiers used to evaluate poem generations.

Abdibayev, Tikhonov, et al. (2021) released a large dataset of English-language limericks (R. Greene et al. 2012,
page 449) containing 98,000 samples collected from The Omnificent English Dictionary In Limerick Form.”®

Mahbub et al. (2023) introduced the “PoemSum” dataset® consisting of 3,011 samples of poetry and its
corresponding summarized interpretation in the English language.

Aoyama et al. (2023) presented a manually annotated dataset of English texts covering several NLP tasks,
such as syntactic dependency parsing, named entity recognition, coreference resolution, and discourse parsing.
Because poetry is among the covered genres, the dataset can support the evaluation of data engineering tools
(Section 3).

4Thttps://www.poetryfoundation.org/

“8https://gutenberg.org/

“https://wikisource.org/

Shttp://poetrydb.org/index.html
Shttps://github.com/aparrish/gutenberg-poetry-corpus
2https://www.kaggle.com/datasets/michaelarman/poemsdataset
Shttps://www.kaggle.com/datasets/tgdivy/poetry-foundation-poems
>https://huggingface.co/datasets/DanFosing/public-domain-poetry
SShttps://github.com/tnhaider/metrical-tagging-in-the-wild
SShttps://github.com/tnhaider/poetry-emotion
SThttps://huggingface.co/datasets/ COMP0087- GROUPS- 22-23/PERC
Bhttps://www.oedilf.com/
https://github.com/Ridwan230/PoemSum
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For Spanish, several poetry datasets are available:

e A Spanish poetry dataset® containing 5,133 poems with metadata, collected by Garzon and Pérez (2020).

This dataset, containing authorship information, can be helpful as a source for systems generating poems
in a given style.

o The Diachronic Spanish Sonnet Corpus with Psychological and Affective Labels (DISCO PAL),°! consisting
of 4,530 sonnets and described by Barbado et al. (2022).

Available datasets for Chinese include:

e THUNLP-AIPoet Datasets®” — released by THUAIPoet (Jiuge) group at Tsinghua University’s Natural
Language Processing Lab (THUNLP) for automatic poetry generation. The following datasets are included:
a poetry quality evaluation dataset containing 173 poems labeled by fluency, coherence, and meaningfulness
described in X. Yi, M. Sun, et al. (2018); a fine-grained sentimental poetry corpus containing 5,000 poems;
a Chinese classical poetry corpus containing more than 127k samples divided into training, validation, and
evaluation splits.

e Chinese Classical Poetry Matching Dataset (CCPM)®® — a parallel corpus of poetry in modern and archaic
Chinese (W. Li et al. 2021), containing over 27,000 poems.

e Comprehensive Database of Chinese Poetry,** containing over 330,000 poems from the Tang and Song
dynasties.

e Mojim Popular Lyrics® — lyrics dataset (Crothers et al. 2023) from a lyrics sharing website, containing
over 39,000 popular Chinese songs.

e Corpus of tokenized classical Chinese poems (C.-L. Liu et al. 2022) containing 32,399 poems labeled by
human annotators — focuses on Tang and Song dynasty poetry.

For the Persian language, available datasets include:

e Shereno: A dataset of Persian modernist poetry®® containing over 4,000 poems.
e Prose2Poem:®” A parallel corpus of prose and ancient Persian poetry containing 1,319 poems, released
by Khanmohammadi et al. (2023).

Several datasets are available for Arabic poetry research:

e Poem Comprehensive Dataset (PCD)*® — used by Abboushi and Azzeh (2023) to train an AraGPT2-based
Arabic poetry generation system. This dataset contains 1,831,771 poems.

o Ashaar dataset® — employed by Alyafeai et al. (2023) for Arabic poetry analysis and generation. The
structure of this dataset is not described clearly enough, so we cannot provide information on the number
of poems presented.

e Arabic Poetry Emotion dataset’’ — open-source dataset for emotion classification developed by Shahriar
et al. (2023). This dataset includes 9,452 Arabic poems, labeled with emotions.

%Ohttps://huggingface.co/datasets/andreamorgar/spanish_poetry
S1https://github.com/pruizf/disco
2https://github.com/THUNLP- ATPoet/Datasets
S3https://github.com/THUNLP- AlPoet/CCPM
4https://github.com/chinese-poetry/chinese-poetry
Shttps://github.com/ecrows/mojim-lyrics
%https://www.kaggle.com/datasets/elhamaghakhani/persian-poems
7https://github.com/mitramir55/Prose2Poem

%8 https://hci-lab.github.io/ArabicPoetry-1-Private
%https://github.com/ARBML/Ashaar
TOhttps://github.com/sakibsh/Arabic-Poem-Emotion
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Biblioteca_italiana’! is a subset (more than 18000 works from over 159 authors) of the available poems in the
poetry corpus from the Biblioteca Italiana.
Poetry datasets are also available for other languages:

e German (Haider 2024): over 65,000 poems from the New High German period.
e French:’* 1,821 poems with metadata.

e Turkish:”* 4,691 poems with metadata.

e Kurdish (Ahmadi et al. 2020): folkloric lyrics and songs in Sorani Kurdish.

e Hindi:’* 1,151 poems with metadata.

e Bulgarian:”® 1,346 poems.

A detailed description of available datasets and tools for analyzing Czech poetic texts is provided by R. Rosa
et al. (2025). In their paper, the authors summarize their work on analyzing and generating Czech poetry using
the Corpus of Czech Verse, which contains 80,229 poems. The first part of the paper introduces a framework
for the automatic analysis of poetry. This framework extracts various properties from a given poem, including
phonetic transcriptions, syllabic features, morphological and syntactic annotations, versological annotations
(reduplicants, rhymes, stresses, and metres), thematic motives, and stylometric analysis results. The second part
presents a method for generating Czech poetry using finetuned Czech GPT-2 and Llama-3.1 LMs. The quality of
the generated poetry was evaluated using the aforementioned analytical framework, with a focus on metrics
such as rhyming consistency, metre consistency, and style accuracy.

For certain tasks, suitable datasets are either unavailable, incomplete, or require substantial preprocessing. This
is particularly evident in poetry translation (Section 2.4), where obtaining high-quality professional translations
involves navigating legal constraints, while scraping amateur translations introduces both copyright concerns
and significant data cleaning overhead.

In melody-to-lyrics generation (Section 2.9), several small datasets exist for evaluation via side-by-side compar-
ison. For instance, DALI (Meseguer-Brocal et al. 2018) provides approximately 5,000 songs with aligned audio and
lyrics. For larger-scale training, researchers must assemble data from multiple sources. One approach involves
combining the Million Song Dataset (Bertin-Mahieux et al. 2011) — which contains metadata and audio links —
with lyric repositories such as the 5 Million Song Lyrics Dataset,’® followed by downloading and processing
hundreds of gigabytes of audio data.

C Visualization of Mainstream Approaches Over Time

This appendix describes the procedure used to produce Figure 1, which summarizes the number of papers on
generative poetry that employ template-based (Section 4.2.1), RNN-based (Section 4.2.2), or transformer-based
(Section 4.2.3) approaches.

First, we collected all relevant papers cited in the survey and grouped them into three lists according to their
primary modeling approach. Several papers were included in more than one list because they describe hybrid
approaches that combine template-based methods with either RNN-based (Manjavacas et al. 2019) or transformer-
based (Qian et al. 2023) models. Diffusion-based models (Section 4.2.4) were grouped with transformer-based
approaches, as they rely on similar large-scale transformer language modeling infrastructures. In addition, several
papers (Cheng et al. 2025; Elzohbi and R. Zhao 2025b; Huang and X. Shen 2025; Murakami and Terai 2023; Secha

"Lhttps://github.com/linhd-postdata/biblioteca_italiana
72https://huggingface.co/datasets/manu/french_poetry
Bhttps://huggingface.co/datasets/okg/turkish-poems
T4https://huggingface.co/datasets/Sourabh2/Hindi_Poems
TShttps://huggingface.co/datasets/Dilyana56/bulgarian_poems
https://www.kaggle.com/datasets/nikhilnayak123/5-million-song-lyrics-dataset
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et al. 2022; L. Zhang et al. 2022; R. Zhang, Mao, et al. 2020) that were not discussed in detail in the main text but
satisfied the same inclusion criteria were added to the lists.

The resulting lists were then used as input for Python-based processing and visualization. Publication years
were obtained from a bibliography file parsed using the bibtexparser library.”’

Papers published before 2016 were excluded, as earlier work is not systematically covered in this survey.

Finally, the processed publication-year lists were visualized using the matplotlib library (Hunter 2007).

Received 29 September 2025; accepted 01 April 2026

"Thttps://github.com/sciunto-org/python-bibtexparser
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