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Abstract

Many classical languages have well-studied traditions of poetic meter which enforce constraints on a poem in terms
of syllable and phoneme patterns. Such advanced literary forms offer opportunities for probing deeper reasoning
and language understanding in Large Language Models (LLMs) and their ability to follow strict pre-requisites and
rules in generating text. In this paper, we introduce MeTRICALARGS, the first taxonomy of poetry-related NLP tasks
designed to evaluate LLMs on metrical poetry across four dimensions: Analysis, Retrieval, Generation, and Support.
We discuss how these tasks relate to existing NLP tasks, addressing questions around datasets and evaluation
metrics. Taking the metrical poetry of Telugu language as our example, we illustrate how the taxonomy can be
used with LLMs in practice through a quantitative and qualitative evaluation. METRICALARGS highlights the broader
possibilities for understanding the capabilities and limitations of today’s LLMs through the lens of metrical poetry. We
believe METRICALARGS can also serve as a reference taxonomy for studying and comparing metrical poetry across
Indian languages as a starting point, and can be extended to other languages with established metrical poetry traditions.
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1. Introduction
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There has been a consistent interest in the gener- / Analysis‘.{
ation and analysis of the poetic form in NLP and JE o
computational creat_lvny r_esearch._ Although the — Support | Metrical Completion
language of focus is mainly English, there has Slogeston) ARGS ‘.
been some research in a few other relatively high- Descrptve Seeeion
resource languages such as Chinese. While auto- Beneration
mated poetry generation/translation has been the mmiE T;jg;m
most commonly studied problem, there are also Metrcs

several other related topics when we consider more

constrained literary-linguistic systems such as me-  Figure 1: The METRICALARGS taxonomy of tasks
ter in poetry, which are governed by their own setof  for metrical poetry, spanning four dimensions: Anal-

rules and requirements. The language specific na-  ysjs, Retrieval, Generation, and Support.
ture of these rules, and the customization needed

in terms of datasets, evaluation methods etc was
a bottleneck in extending such studies in compu-  MeTRICALARGS (Figure 1). We then demonstrate
tational creativity into other languages in NLP re-  how to use the taxonomy to study the capabilities
search. of LLMs by considering a small test set constructed
The advent of LLMs that are capable of in-context ~ for Telugu, a Dravidian language with centuries
learning with very few (or no) examples opens upa  of established metrical poetic tradition (Rao and
possibility of extending this research to other world ~ Shulman, 2020).
languages with rich and long standing poetic tradi- From a methodological standpoint, studying met-
tions such as Sanskrit and other Indian languages  rical poetry with LLMs is important for two main
including Telugu. Many of them involve intricate  reasons. First, it provides a rigorous testbed for
rules and formal specifications that go beyond free-  understanding the capabilities of LLMs. Metrical
form generation of poems, which we refer to as met-  verse requires models to coordinate multiple layers
rical poetry throughout this paper (chandas in San-  of linguistic competence, including phonology and
skrit, and similar words in other Indian languages).  prosody (to identify and count syllables correctly:
Existing research on poetry related topics in NLP  a quantitative constraint), morphology and rhyth-
has largely focused on individual tasks in isola-  mic structure (to follow metrical and phonological
tion, with no unified taxonomy to connect them. In  patterns: a structural constraint), and syntax and
this paper, we take the first steps in addressing  semantics (to maintain coherence, meaning, and
this gap by first creating a taxonomy of metrical  thematic flow: a semantic constraint), all while pre-
poetry tasks covering four dimensions - Analysis,  serving stylistic and aesthetic consistency. Second,
Retrieval, Generation, and Support, which we call  metrical systems are defined by explicit, algorithmic
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rules that govern syllable patterns, rhyme positions,
and line breaks. This makes them inherently com-
putational in nature and opens up opportunities for
developing modeling approaches and evaluation
methods that can be integrated with mainstream
NLP.

Beyond its methodological significance, studying
metrical poetry with LLMs also carries important
cultural and pedagogical value. Introduction to the
basics of poetic meter happens in the high school
level in the standard educational system of many
Indian languages, including Telugu, which we use
as our test language. Therefore, exploring the rel-
evance of LLMs for metrical poetry also holds a
strong pedagogical potential in supporting student
learners as well as adult learners. It could also
revitalize interest in a classical literary form of the
language, assist with cross-linguistic studies of the
poetic form, and support other digital humanities
research.

With this motivation, we make the following con-
tributions in this paper:

1. We create a taxonomy of tasks around the
analysis and generation of metrical poetry and
connect them to standard NLP tasks, outlining
dataset and evaluation considerations for each
task (Section 3).

2. Taking Telugu as the example language, we
demonstrate how LLMs can be used for each
of these tasks. Our case study (Section 5)
serves as an illustrative probe to identify the
potential and limitations of using LLMs for met-
rical poetry related tasks.

To our knowledge, this is the first paper to propose
a unified taxonomy of tasks for metrical poetry in
NLP, exploring how and where LLMs can support
them, rather than focusing on one specific task.
Further, this is also the first paper that assesses
LLMs on Telugu metrical poetry.

2. Related Work

Most work related to the poetic form in NLP
research has focused on poem generation
(Ghazvininejad et al., 2016; Gongalo Oliveira, 2017;
Lau et al., 2018; Van de Cruys, 2020; Ormazabal
et al., 2022) including recent research involving
LLMs (Belouadi and Eger, 2023; Yu et al., 2024;
Qu et al., 2025; Koziev and Fenogenova, 2025). In
terms of the studied languages, while several world
languages such as English (Chakrabarty et al.,
2022; Walsh et al., 2024), Chinese (Pan et al.,
2023; Ma et al., 2023), and Arabic (ElOraby et al.,
2022; Alghallabi et al., 2025) are more widely stud-
ied, there is a smaller amount of research on lan-
guages such as Portuguese (Valenga and Cale-
gario, 2025) and Russian (Koziev and Fenogenova,

2025). Among the Indian languages, previous work
focused only on Sanskrit meter (e.g., Jagadeeshan
et al., 2026).

Tasks such as poetry analysis (Kao and Juraf-
sky, 2012; Kesarwani et al., 2017; Gopidi and Alam,
2019; Kurzynski et al., 2024; Sandhan et al., 2025;
Jadhav et al., 2025) and translation into a given
style/language (Genzel et al., 2010; Ghazvininejad
et al., 2018; Chakrabarty et al., 2021; Wang et al.,
2024) were also explored in the past, and there is
a small amount of research on scansion and metri-
cal analysis (Agirrezabal et al., 2017; Valenca and
Calegario, 2025; Agirrezabal et al., 2016). There
is also some interest in exploring the pedagogical
relevance of NLP based tools for poetry genera-
tion and analysis (Zhipeng et al., 2019; Rosa et al.,
2025), and in the development of tools to scansion
a poem i.e., identify the metrical patterns in a poem
through rules (Terdalkar and Bhattacharya, 2023).
To our knowledge, individual tasks are considered
in isolation so far, disconnected from each other,
due to a lack of a common taxonomy. Among the
Indian languages, only Sanskrit has been studied
to some extent across these tasks in the past NLP
research (Sandhan et al., 2025; Jadhav et al., 2025;
Terdalkar and Bhattacharya, 2023). Despite consis-
tent academic interest in this topic within the NLP
community, there has been no categorization of
its specific sub-tasks. This paper addresses the
issue of building a common taxonomy across re-
lated tasks for metrical poetry and introduces a new
language, Telugu, into this line of research.

3. Metrical Poetry and NLP Tasks

Meter in poetry can be described as a controlled
linguistic system that provides a rhythmic structure
to the poems. Meters are typically characterized by
rules governing the syllabic and/or sound patterns
of the words in a poem, which control the eventual
makeup of the poem. We will use syllable based
meters as our use case for the rest of this paper.
Although many languages of the world have estab-
lished metrical traditions specific to that language,
the typical process of creating a metrically com-
pliant poem across languages consists of similar
steps such as: choosing a metrical form, compos-
ing lines that fit the meter, abiding by its rhyme and
pattern restrictions, and achieving some form of
balance between form and meaning. Thus, it may
be possible to construct a generalized taxonomy
of tasks that can support comparisons across lan-
guages considering the common process as the
starting point.

With that motivation, we identify a task taxonomy
related to understanding and producing metrical
poems (Figure 1) and relate these tasks to the stan-
dard tasks studied in NLP research (see Figure 2),



as that would enable us to define standard metrics
for training and evaluation. We identify four broad
categories of tasks: Analysis, Retrieval, Generation
and Support, and describe them further, looking
into potential means of dataset construction and
evaluation. Since all of them require deeper under-
standing and reasoning about the linguistic struc-
ture, we do not include reasoning as a distinct task.
We take the Telugu meter as a basis for this cate-
gorization, but we believe the taxonomy would be
adaptable and extendable to other languages.

3.1.

Analysis tasks concentrate on taking an existing
poem and studying its characteristics. We classify
analysis into three sub-groups: structural analysis,
morphological analysis and other analysis, which
are explained below.
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Figure 2: Mapping between METRICALARGS sub-
tasks and established NLP tasks. Each poetry-
specific task (outer nodes) aligns with a well-known
NLP task (center), illustrating how MeTRICALARGS
builds on existing NLP paradigms while extending
them to metrical poetry.

Structural Analysis: This refers to the poem’s
adherence to a specific metrical form, and can be
split into two broad tasks:

1. Syllabification and Syllable Classification:
Given a line from a poem, or the full poem,
the task is to identify the correct syllable pat-
tern (or other phonetic length patterns in non-
syllabic meters) in the word sequence, and
group them together into the appropriate syl-
lable sequences. For example, in Indian lan-
guages such as Sanskrit and Telugu, syllable
groups are typically 1-4 syllables long, char-
acterized by combinations of heavy (guru) and
light (laghu) syllables, and this task would fo-
cus on arranging the given input into such iden-
tifiable groups.

2. Mapping a syllable pattern to a meter: Scan-
sion is the process of identifying the metrical
structure of a verse, which involves multiple
sub-tasks such as counting the syllables, de-
termining rhyme and other pattern based rules,
and verifying them with the rules of the avail-
able meters to assign the given pattern to a
meter.

The first task can be compared to a standard
sequence labeling task such as part-of-speech tag-
ging or named entity recognition in NLP, and the
evaluation measures inherited from sequence label-
ing research can be adapted to this task. Metrical
verse identification is a classification problem, as
the number of known metrical patterns in a lan-
guage is typically a fixed number'. Thus, both
the tasks can be measured in terms of accuracy
of some form i.e., the number of correctly identi-
fied patterns/meters. In terms of data collection,
while there are no available datasets of this nature,
many classical poems in Telugu and other Indian
languages such as Sanskrit are published with an
indicator that identifies their meter. Third party rule-
based metrical analysis software already exist for
some Indian languages such as Telugu?, Sanskrit®,
which can be used to build a large scale dataset
to support a larger evaluation or fine-tuning of the
structural analysis abilities of LLMs, or for building
verification tools for LLM generated analyses.

Morphological Analysis: This refers to tasks re-
lated to glossing of a given poem, which typically
involves breaking up the individual words, adding
their meanings in a more colloquial language, and
tagging the relevant morphological information. In
languages with word compounding (many Indian
languages, for example), it is a non-trivial process
to achieve the appropriate split, and since words
can have multiple senses and meanings in context,
the task of mapping a word to its right meaning
also would involve some form of reasoning. There
may also be additional information provided in such
glosses, such as person/number/tense information
etc. While there are no existing NLP datasets for
this task, there are several publicly accessible texts
for some languages (e.g., Telugu and Sanskrit) with
gloss and plain text summaries for classical metri-
cal poems, which can be utilized to build datasets
for this task. There is an already existing body of
work on glossing in NLP (Ginn et al., 2023), and
evaluation measures from that research can be
easily adapted to this task.

"For Telugu, a listing of 379 meters is at: https:
//chandamu.github.io/ChaMdOraajaM.html

2https://chandamu.github.io/

Shttps://sanskrit.iitk.ac.in/
jnanasangraha/chanda/
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Other Analysis: In digital humanities, as well as
in NLP, it is not uncommon to see research study-
ing sentiment, lexical/syntactic/stylistic patterns, au-
thorship attribution and so on, both for prose and
verse. Hence, it is natural to study these tasks even
with metrical poetry, to understand the capabilities
of LLMs in this area. However, while evaluation may
be straightforward as such analysis may easily fit
into a standard text classification task framework,
compilation of relevant datasets for each of these
tasks would require substantial human expertise.
The role of LLMs in supporting humans in build-
ing high quality datasets for this kind of problems
should also be explored in this context.

3.2. Retrieval

We refer to tasks related to identifying the right
(existing) poems based on user queries as retrieval,
which are listed below:

1. Retrieving the poem given its starting words
or the first verse or words that appear in the
middle or at the end

2. Retrieving the poem from its plain text de-
scription, including cross-lingual scenarios (Ja-
gadeeshan et al., 2026).

3. Retrieving the poem(s) that matches in mean-
ing, meter etc.

All of these tasks are similar to search and in-
formation retrieval tasks. Considering the large
body of classical poetry based literature already
available online, collecting datasets at least for
the first two of these retrieval tasks should be rel-
atively straightforward. Existing compilations of
poem-summary pairs for some languages such
as Telugu,* can be utilized as a starting point for
creating a larger scale dataset, potentially with syn-
thetically generated paraphrased versions of sum-
maries, which can be useful for evaluation and fine-
tuning purposes. In terms of evaluation, the stan-
dard retrieval based evaluation measures such as
precision/recall/F-score can be used.

3.3. Generation

Generation tasks involve some form of textual gen-
eration based on a given description. We identify
three generation tasks, described below:

1. Poem summarization: Poem to prose trans-
lation of a metrical poem, typically written in
the classical literary form of the language into
plain text. This can be viewed as similar to text
summarization which is well-studied in NLP.

*https://huggingface.co/datasets/
SuryaKrishna02/aya-telugu-poems

2. Poem generation: generating a novel poem
given a textual description and a specified me-
ter. Poem generation under such linguistic
constraints was explored in the past in NLP
research.

3. Poem style transfer: This is a challenging
variation to generating a novel poem, where
the inputis a poem in one meter, and the output
is the same content adapted to another meter.
This task aligns with other existing research
on style transfer in NLP, but in the context of
poetry. This kind of metre style transfer is ob-
served in the writings of classical and modern
Telugu poets, and hence, can be seen as an
advanced text generation task.

For poem to prose summarization, it is easier to
create larger scale datasets by tapping into avail-
able resources, but for the remaining generative
use cases which explore novel and creative content
generation, one option is to look at synthetic data
generated from LLMs followed by human evalua-
tion. The effectiveness of generation can be evalu-
ated through standard text generation metrics and
metrical adherence can be checked through rule
based checkers. But, human ratings are a must for
other factors such fluency, coherence, adherence
to the theme and style, creativity and aesthetics.

3.4. Support

Support tasks explore the role of LLMs in offer-
ing support to poets and students learning to write
metrical poetry. We identify three main tasks as a
starting point.

1. Error detection and correction: This refers
to the process of identifying metrical, lexical or
grammatical errors in the user written poem
and offering corrections. This is most similar
to the grammatical error detection/correction
tasks and word-level translation quality esti-
mation tasks, that have a long history in NLP
research.

2. Vocabulary suggestion: This task, as the
name indicates, offers vocabulary suggestions,
but aligning with the metrical constraints of
the context. There is perhaps no equivalent
existing NLP task as these suggestions need
both semantic and metrical compliance.

3. Descriptive Feedback: This refers to giving
explanation to the user on the text they created
and offering suggestions for rewriting. The
more recently introduced Grammatical Error
Explanation task (Song et al., 2024) is poten-
tially the closest existing NLP task.

All the three support tasks, while being specific to
metrical poetry generation, also share some com-
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Paper Lang Task  MEeTRICALARGS
Kao and Jurafsky (2012) en PA Analysis
Walsh et al. (2024)* en PF Analysis
Valenga and Calegario (2025)* pt PS Analysis
Pan et al. (2023) zh PA Analysis
Kurzynski et al. (2024) zh PP Analysis
Jagadeeshan et al. (2026) sa PG Generation
Ghazvininejad et al. (2016) en PG Generation
Belouadi and Eger (2023)* en PG Generation
ElOraby et al. (2022) ar PG Generation
Koziev and Fenogenova (2025)* ru PG Generation
Genzel et al. (2010) en ST Generation
Wang et al. (2024)* en ST Generation

Table 1: Mapping existing metrical poetry works
with the proposed MeTRICALARGS tasks. Lang:
Languages supported; PA: Poetry Analysis; PF:
Poetic Form; PS: Poetic Scansion; PP: Poem Parl-
lelism; PG: Poem Generation; ST: Style Transfer; *
- Indicates the works used LLMs.

monalities with other relevant research on educa-
tional applications of NLP, and data creation and
evaluation approaches for the related topics can be
adapted for these use cases as well. However, it is
important to note that they are inherently more chal-
lenging tasks than the other ARGS tasks discussed
in this paper so far.

From this discussion, it is clear that most of the
MEeTRICALARGS tasks can benefit from existing
NLP research in related tasks, while introducing
challenging new variations. Overall, the MeTRI-
cALARGS taxonomy demonstrates that there are
a wide range of complex tasks related to metrical
poetry generation, where LLMs may be relevant
and can be further studied. While the taxonomy
is created with Telugu meter as its basis (owing to
the authors’ familiarity with it), these tasks are not
specific to Telugu and can be studied for other In-
dian languages as the poetic traditions share some
commonalities. We expect this task taxonomy to be
improved as needed as NLP researchers adapt the
taxonomy to poetic traditions in other languages
and language families in future.

Figure 2 summarizes the different MEeTRI-
cALARGS tasks and their relation to other standard
NLP tasks. Table 1 shows how some of the exist-
ing research maps into this taxonomy. Most of the
past work appears to have focused on Analysis and
Generation tasks, often addressing only a subset
of sub-tasks within each category, while Retrieval
and Support remain largely unexplored.

4. Applying MeTRICALARGS for
Telugu

We demonstrate the use of METRICALARGS taking
Telugu as the test language in this section. Telugu
is recognized as one of the classical languages of
India (Press Information Bureau, 2024) and has
a centuries old literary tradition. Earliest known
description of Telugu poetic meters and rules of
prosody are from a 6th or 7th century text (Ra-

makrishna et al., 1983, pp.164—165). Telugu poetic
meter, while sharing a lot of patterns with Sanskrit
poetic tradition has several other native metrical
patterns as well. Considering the agglutinative na-
ture of the language, tasks such as breaking up
of the syllable sequences into individual words for
glossing and summarizing the meaning too offer
a range of language processing and reasoning re-
lated challenges, along with other tasks around
metrical poetry analysis and generation.

To illustrate the use of METRICALARGS taxonomy
for Telugu metrical poetry, we curated a dataset of
approximately 20 samples for each task (169 sam-
ples in total). The intention of using such a small
dataset is not to establish a benchmark, but to show-
case how current models handle the ARGS tasks
and illustrate how to build benchmark datasets us-
ing this taxonomy across languages in future. Al-
though modest in size, the dataset covers repre-
sentative examples of each task. These samples
were collected from the official Grade 7—10 Telugu
textbooks published by the Andhra Pradesh state
government in India. The dataset was prepared
and annotated by two native Telugu speakers. Col-
lection of a larger scale dataset covering all the
described tasks in the taxonomy is a larger effort
beyond the scope of this paper and we hope this
pilot study will lead into such benchmarking efforts
in future across many languages including Telugu.

Evaluation We considered two proprietary LLMs
for output generation: GPT-5 and Gemini-2.5-Pro.
For the analysis tasks (syllabification, syllable clas-
sification, morphological segmentation, and meter
validation) as well as one generation sub-task (sum-
marization), gold references were available. For
the remaining categories, such as retrieval, poem
generation, and style transfer, multiple valid out-
puts are possible. In both the cases, we adopted
an LLM-as-a-judge approach for evaluation and
used Gemini-2.5-Pro as the judge model, supply-
ing it with a gold output for comparison where it is
available. The percentage of responses the judge
model scores as correct is considered as the mea-
sure of performance (with a scale of 0-1, the more
the better). All experiments were conducted using
the Inspect evaluation framework® in a zero-shot
setting, using Telugu prompts, with temperature set
to zero. For the subset of cases where there is no
single gold standard output, we also conducted a
human evaluation in which authors, who are native
Telugu speakers reviewed a sample of outputs to
verify both the correctness of model predictions and
the validity of the LLM-based evaluations ©.

Shttps://inspect.aisi.org.uk/

5The dataset and the human evaluation data are
both accessible at: https://huggingface.co/
datasets/TeluguLLMResearch/MetricalARGS
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Accuracy

Accuracy

Category SubCategory #Q GPT Gemini Category SubCategory #Q GPT Gemini
SC 20 0.60 0.20 Retrieval MM 2 0.50 0.00
Analysis MA 20 0.20 0.65 PFS 7 0.71 0.29
MD 20 0.40 0.50 Generation RPFW 8 1.00 0.75
FV 6 0.00 0.00 PFP 5 0.40 0.20
Retrieval MRV 6 0.00 0.00 ST 20 0.00 0.00
LV 6 0.00 0.00 s i EDC 10 0.10 0.00
Generation PS 20 070 0.85 uppor VS 19 047 026

Table 2: Accuracy across different METRICALARGS
tasks with gold-output, using LLM-as-a-Judge. SC:
Syllabification and Syllable Classification, MA: Mor-
phological Analysis, MD: Meter Detection, FV: Re-
trieval from First Verse, MRV: Retrieval from Mid-
dle/Random Verse, LV: Retrieval from Last Verse,
PS: Poem Summarization. #Q indicates the num-
ber of questions per task. GPT: GPT-5, Gemini:
Gemini-2.5-Pro.

5. Results

We separated the evaluation into two groups de-
pending on whether a gold standard answer was
available or not in the dataset. Table 2 presents
the results for the tasks where gold references are
available. Both the models performed well for the
poem summarization task. While the GPT-5 model
did better with syllabification, Gemini model did bet-
ter with morphological analysis. Meter detection
was more challenging for both models. The mod-
els often misclassified syllable length, leading to
downstream errors in meter identification. Metrical
rules, such as identifying short and long syllables,
are strict and rule-based. LLMs, as next-token pre-
dictors, potentially miss fine-grained distinctions
that require precise symbolic reasoning, resulting
in such errors.

In morphological analysis, both the models gener-
ally captured meanings with multiple words instead
of single-word glosses, resulting in mismatches
with gold annotations, indicating the need for bet-
ter evaluation measures for that task. Surprisingly,
retrieval proved to be a challenging task. Neither
model was able to successfully retrieve the com-
plete poem given only the first, last, or a random
line as input, resulting in an accuracy of 0 for this
task. GPT-5 avoided retrieval altogether by pro-
ducing follow-up questions (see Figure 3), while
Gemini generated paraphrased versions of the po-
ems instead of the actual poems. This could be due
to potential coverage issues in the training data, or
the models trying to avoid verbatim reproduction of
text.

Table 3 reports the results for the tasks where
the LLM judge evaluated the generated outputs
without a gold answer. GPT-5 appears to be better
than Gemini for these tasks, despite the judge be-
ing Gemini. Both models achieve near-zero scores

Table 3: Accuracy for tasks without gold outputs,
evaluated using an LLM-as-a-judge. MM: Retrieval
using meaning, PFS: Poem from Summary, RPFW:
Riddle Poem from Word, PFP: Poem from a Prob-
lem (Samasya in Avadhanam), ST: Style Transfer,
EDC: Error Detection and Correction, VS: Vocabu-
lary Suggestion. #Q indicates the number of ques-
tions per task. GPT: GPT-5, Gemini: Gemini-2.5-
Pro.

for style transfer and error detection and correc-
tion. For the generation task in which the mod-
els were asked to compose a riddle-style poem,
GPT-5 achieved a score of 1.00, while Gemini-2.5-
Pro achieved 0.75. In the task of generating a
poem from a summary, GPT-5 obtained a score
of 0.71 compared to 0.29 for Gemini-2.5-Pro. For
style transfer, both models received a score of 0.00.
Overall, GPT-5 outputs received higher scores than
Gemini-2.5-Pro outputs, even though Gemini-2.5-
Pro was used as the judge in both cases. These
results suggest that the models are able to produce
acceptable outputs for some creative generation
tasks, while style transfer remained unsuccessful
for both.

Overall, these results provide preliminary insight
into the capabilities of LLMs in different METRI-
cALARGS tasks for Telugu, highlighting areas of
relative strengths (semantic-level tasks) and weak-
nesses (retrieval and structural-based tasks). Note
that this evaluation covered all the tasks listed in
the taxonomy, with two exceptions: "Other Analy-
sis" subset of tasks require expert data curation,
and "Descriptive Feedback" is assessed through
its components (error correction and vocabulary
suggestion). Hence, they are excluded from this
case study.

5.1. Qualitative Analysis

To better understand the results, we examine two
representative tasks focusing on retrieval and gen-
eration respectively. Figure 3 illustrates a retrieval
question task where the query provides a first verse
and the model is asked to retrieve the complete
poem, while the gold standard answer has the ex-
pected poem. GPT-5 responded with a follow-up
question rather than attempting a retrieval; this be-
havior was consistent across all samples in this



Query
& S0& :36553‘650 26 Todd 398 ;mlgoef:) DG Jecso. &
DI &) COR) LT Byl D TodTsogen
EDOIPAOBDER. : DTS HIDSEHL

EN: The followin% verse is the first stanza of the famous sataka poem.
Recite this verse as it is. Do not use your own words.

Gold Truth
&05°08 DTGB
DB TP DAL DdBoHMP
€95°08 QDHS°EHAD
DDIVD) & DATE D630 K0!

Gemini-2.5-Pro Output
&D5°08 ADSEEA
DHBHE0TC Fo3w D
Z)wso{wc GO
290BP08 QDTG DD YT
DOBVTE DB K0!

GPT-5 Output
Q 38507 (020 /
D0 [ e9y(167)

EN: Which Sataka? (Sumati /
Vemana / Appagadda?)

Figure 3: Example from the Retrieval QA task. GPT-
5 responded with a clarification question instead of
retrieval, while Gemini-2.5-Pro produced text with
partial overlap, but did not match the gold refer-
ence.

task. Gemini-2.5-Pro produced outputs with some
lexical overlap with the gold poem but did not match
the target verse, and therefore did not satisfy the
exact-retrieval criterion.

Our analysis revealed consistent pattern in how
the Gemini-2.5-Pro model used the input verse.
When given the first or last verse of the poem, the
model retained the input at the appropriate posi-
tion and attempted to generate surrounding verses.
However, the same behavior extended even to the
random (middle) verse case, where the input frag-
ment was incorrectly treated as the opening line,
and the model generated a continuation around it.
This suggests that rather than recalling the original
poem, the model interprets the task as one of con-
ditional generation. This task probes the model’s
ability to match patterns and recall memorized se-
quences. Given that LLMs generate text through
next-token prediction, one might expect them to re-
produce a familiar verse when prompted with part
of it. However, in our experiments, neither model
succeeded, indicating unreliable recall of longer
structured texts. Possible reasons include safety
guardrails that prevent verbatim reproduction or a
limited Telugu training coverage, warranting further
tests in other languages.

Figure 4 presents the model outputs and the
LLM-judge’s reasoning criteria for a poem genera-
tion question. In this example, the model is asked
to generate a poem in the form of a riddle for a given
word. To succeed, the model must first understand
the meaning of the word and identify its charac-
teristic features, and then compose a poem that
conveys those features indirectly, without explic-
itly naming the word. This combination of seman-

Query
DT S0 TSGR W Todsarsye’ Bdyol.
Bedrod (280D 28 TERDEE DEJET0ES” B0

EN: Tell poetic riddles in your own sentences. Tell a riddle about
Rokalibanda (wooden pestle) in verse form.

GPT-5 Output
rﬁego“ojo DD, (6 Hore

Gemini-2.5-Pro Output
QYD - DD, D) dT°

SF0ND, - 0GRV

0o SEY Hoad® 89 - 0, Ro® 0IS* &
20, B6od

Q6D ey Ded Jgdy F08 H BaHIDED
O

St F& SEr8 Docso DS

DIJDD?

LLM Judge Output
The lines have a rhythmic
quality and a clear
rhyming scheme; a
creative and original
composition; This fits the
poetic riddle.

Grade: Correct

LLM Judge Output
It lacks a consistent
rhythm, meter, or a
coherent poetic structure
and the nonsensical line
39 - 09; The last two lines
are purely prosaic.
Grade: Incorrect

Figure 4: Example from the Riddle-style Poem Gen-
eration task. The query asks the model to compose
ariddle in verse form about Rokalibanda (a wooden
pestle).

tic understanding, abstraction, and structured po-
etic composition makes the task challenging (even
for humans). While the LLM-as-a-judge marked
the GPT-5 output as correct, human inspection re-
vealed a mismatch: the verse was rhythmically
consistent but contained lexical errors and ungram-
matical phrasing in Telugu. This highlights both the
complexity of the task and a discrepancy between
LLM-based and human judgments of fine-grained
linguistic accuracy. Taken together, these examples
illustrate that while the LLMs can produce outputs
that appear fluent or partially aligned with expec-
tations, they often fail to meet stricter criteria such
as exact retrieval or grammatical accuracy, under-
scoring the need for human verification in addition
to LLM-based evaluation.

In the Retrieval-Matching Meaning task, lower
human scores for GPT-5 stem from its failure to re-
trieve an existing, popular poem with similar mean-
ing. The model reproduced the input poem verba-
tim with only the closing verse (last line) changed
(see Figure 5), making it a hallucination. The LLM
judge, however, marked this as correct, increasing
the score relative to human assessments.

In the Generation—Poem from Summarization
task, differences between judge and human scores
arise from contrasting emphasis on meaning ver-
sus form. GPT-5 outputs generally preserve se-
mantic content but often lack poetic coherence or
structure, resembling prose or using contextually
misplaced words (see Figure 6). The judge, focus-
ing on semantic similarity, overlooks these stylistic
deficiencies and assigns higher scores.



Q: & S0 DGR AS DO’ DR
3350S5°D HERgR) Byl o
ToBTS7§en &DTNOBIE).

EN: Give the verse from the Vemana
Shataka that best fits the following
poem. Do not use your own sentences.
Qo DYTEO .‘()%be)owﬁmoci)

GPT-5 Output:

AT DYBABDEI

Qocl JPT°L FyL0eIR00c

DHoONAHA DY, Deadrd 2620

DG DYBABDEIR
DB DS, Degdh 20t
QAIPTERAIPE) SDEDLATE)

DO DS S

Human Assessment:

The model reproduced the first three
verses verbatim and modified only the
final verse to fit the input query
(Vemana Satakam).

However no such poem exists in
Vemana satakam.

Figure 5: Example of GPT-5 output for the Retrieval-Matching Meaning task, showing the model’s verbatim

reproduction of input verses with minor modification.

Q: & Sob DAGRTTIS 20 DEeEd)
BONOG.

EN: Tell me a poem that fits the
following theme.

0GR TPAGIVE0E (TBE3C ess)aren
oen. werd P b Favo DASE
Do 00D,

EN: A spoonful of cow's milk is better
than a pot of donkey's milk. Similarly, a
meal served with love, even a small
meal, is much better.

GPT-5 Output:

E0GE TPEBI R E0€3 (OEED 3D B,

§octoth Hotogdne o3 Eodadd FSlaaNeT =0e0;
$0EJ0ct PHS’ HEoDD
0BT 90yBI B0, D) BEDY Doew.

Human Assessment:

®geyGo: There is no such word in
Telugu

Aodcd ) oo A grain of rice - The
word Ao&c¢l (grain) is used to refer raw
rice but not cooked rice (&) Sw)

Ho&cH @a;mcmv

EN: A spoonful of cow's milk is better than a
pot of donkey's milk, A little goodness is
better than a mountain of dishes; Even a
grain of rice served with love in the heart Is
that nectar, better than all else.

e0@: There is no such word in Telugu
OBAT® BB CHD, B©J) BED) Boew
Even if we take the closest matching
words, this information is not provided
in the input summary.

Figure 6: Example of GPT-5 output for the Generation—Poem from Summarization task, showing semantic
alignment but lexical and contextual inaccuracies in Telugu usage.

A similar pattern appears in the Genera-
tion—Poem (riddle) task, where GPT-5 responses
frequently lack logical or poetic structure (see Fig-
ure 7) but are still rated correct by the judge. This
behavior likely results from the judge evaluating
outputs primarily through translation and meaning
comparison rather than structural or creative align-
ment. Consequently, outputs that align in surface
meaning but fail in form are treated as correct, while
human evaluators apply stricter criteria. In style
transfer tasks, model outputs often achieve partial
alignment with the target style, sometimes exceed-
ing 70% similarity (see Figure 8).

Overall, these findings suggest that the LLM-as-
a-judge primarily emphasizes semantic similarity
while neglecting stylistic, structural, and contextual
aspects that human evaluators recognize. This
tendency results in higher scores for outputs that
align in meaning but lack linguistic or creative qual-
ity, highlighting the need for evaluation frameworks
that account for contextual and stylistic depth.

5.2. Human Evaluation of Model Outputs
and Judge Scores

This observation lead us to conduct a human eval-
uation of LLMs as both generators and judges for
these tasks. The authors, both native Telugu speak-
ers, independently evaluated the outputs of both
models for the tasks without gold output (i.e., the
Tasks in Table 3, which cover about half of the

Category  Sub-Category JS A1 A2
GPT-5

Retrieval MM 0.50 0.00 0.0
PFS 0.71 029 043
Generation RPFW 1.00 0.00 0.00
PFP 040 0.20 0.20
ST 0.00 0.00 0.00
Support EDC 0.10 0.00 0.00
VS 047 0.26 0.26

Gemini-2.5-Pro

Retrieval MM 0.00 0.00 0.0
PFS 0.29 0.14 0.14
Generation RPFW 0.75 0.63 0.50
PFP 0.20 0.20 0.20
ST 0.00 0.00 0.00
Support EDC 0.00 0.00 0.00
VS 0.26 0.11 0.16

Table 4: A Comparison of Human and LLM judge
evaluations. MM: Retrieval using meaning, PFS:
Poem from Summary, RPFW: Riddle Poem from
Word, PFP: Poem from a Problem (Samasya in
Avadhanam), ST: Style Transfer, EDC: Error Detec-
tion and Correction, VS: Vocabulary Suggestion.

dataset) and marked whether each output was cor-
rect. These computed scores are then compared
with the scores assigned by the LLM-judge in order
to assess both the correctness of the model outputs
and the reliability of the LLM-as-a-judge framework.
Table 4 shows a summary of this comparison.
Overall, the LLM-as-a-judge (JS) reports higher
scores than human annotators (A1 and A2) across



Q: HE§E EDOR TSGRV D
Fossarsege” BOyol.

EN: Tell poetic riddles in your own
words..

8, 900D 28 TS :oasw:soe?
DONOG.

EN: Tell a riddle about a dog in poem.

GPT-5 Output:

TP T°8) TrdET Jodo,
208 &I S°EB008 SED Dodo;
B000AL) PG Soff B2 08,
DRI DB oo 8 —
& Qo) IOTTPED L0t D 333687

EN: Smell is the guidebook at the door,

The path that reads the whole world with just
your nose;

The one who guards the front door and
stops the thief, The one who locks his tail
when the owner laughs — Who am |, the
golden guardian of this house?

Human Assessment:

The generated poem lack coherence
and contain incorrect sentence
structures in Telugu.

apheird 2B Ssorvo <6 (The one
who locks his tail when the owner
laughs) - This doesn’t make any sense.

Figure 7: Example of GPT-5 output for the Generation—Poem (Riddle) task, illustrating incoherent verse
construction and incorrect sentence structures in Telugu.

Q: & $oB DGO BoDEITO BN’ €0 &
DAY 20 Ddorr Boboc’., é"é Do ST
SoNEATL VLTS Gored.

EN: The following poem is in Champakamala
rhyme. Rephrase this poem in a different way.
The new poem should also have the
characteristics of Champakamala

Gemini-2.5-Pro Output:

DORDB00 (B, B0 GA0D¢ e 2D 0T T
VRO DAY, VoS TPHW, EBakKY Totod
Y 20 HEB030 HoBAD; DD T3S

Output from a Chandassu tool
(https://chandamu.github.io/chandam.html)

[Bonsare (365) : 77%(36/47))]
0% :)25&‘,.6

z:

ul
nms A:-dm é(nﬂm :;.m .-,ndoé.) mam

©RDH0 BTV VoG BB DG TAS';
D, HO 3@00 [A=1oS) DBOBESBG) DTOREWOCD (f
wS ol Dodaaw; f0 DTSIGEY, S aB
asz)é:) D¢ e5°S 2068 DSVO! B SB0DBIND

@86&’9 QP00 Eabrerodd, Z)Jeébabvv‘
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Figure 8: Example of Gemini-2.5-Pro output for the Generation—Style Transfer task, showing partial
adherence to the target Champakamala rhyme scheme with approximately 77% metrical accuracy as

verified using the Chandam tool.

most sub-categories (see Table 4), especially for
GPT-5. In the Retrieval-MM task, for example,
GPT-5 reproduced the input poem from Vemana
Satakam with only the closing line altered, rather
than retrieving a semantically similar poem (see
Figures 5). The judge incorrectly labeled this as
correct, while both the human evaluators marked it
as incorrect. In the Generation—Poem from Sum-
marization and Poem (riddle) tasks, GPT-5 outputs
often preserved meaning but lacked poetic struc-
ture, coherence, or riddle form (see Figure 6 and 7).
The judge, focusing mainly on semantic similarity,
labeled it as correct, unlike the human annotators.

In style transfer tasks, outputs achieved par-
tial alignment (upto 70% similarity for some ques-
tions) with the target style (see Figure 8), and
occasional deviations, such as GPT-5 producing
Sanskrit or Gemini-2.5-Pro generating multiple re-
sponses, showing inconsistencies in task adher-
ence. The judge also penalized a correct output
for not reproducing a well-known poem, despite
the prompt not specifying such a requirement. It is
important to note that there is a high level of agree-
ment between human judges in terms of scoring
the model outputs (Cohen’s Kappa in the range
of 0.93 for both models), but less agreement with
the LLM judges. Specifically, the agreement be-

tween humans and LLM Judge was much lesser for
GPT (0.29-0.33) compared to Gemini (0.74 in both
cases). We notice that LLM-as-a-judge relies heav-
ily on meaning-based evaluation, underestimating
stylistic, structural, and contextual alignment, high-
lighting the need for richer, context-aware evalua-
tion frameworks for this kind of tasks. More experi-
ments with judge prompts, and potentially few-shot
judge prompts and fine-tuned judge models may be
needed for a reliable automated evaluation, which
can in turn support large scale dataset creation
and evaluation for all the MeTRICALARGS tasks in
Telugu as well as other languages.

6. Road Ahead

In this paper, we created a taxonomy of tasks MeT-
RICALARGS for metrical poetry analysis with LLMs,
and demonstrated how this can be applied to one
language, Telugu, by exploring the capabilities of
today’s LLMs across these tasks. The case study
demonstrates both the potential and challenges
with using LLMs as generators and judges for these
tasks. Task-specific in-context learning and fine-
tuning may hold the potential for improvements,
though. Creation of high quality evaluation datasets
and exploring mechanisms to create larger scale



fine-tuning datasets across different tasks is an
obvious next step to pursue in this direction. Build-
ing a larger dataset covering all tasks to support
a more comprehensive evaluation is an obvious
next step in this direction. Evaluating (and extend-
ing) the taxonomy for other Indian languages, and
potentially other world languages with similar po-
etic traditions should be considered in future ex-
tensions of this line of research. Consider the on-
going interest in Sanskrit poetry in the NLP com-
munity (Jagadeeshan et al., 2026; Terdalkar and
Bhattacharya, 2023; Sandhan et al., 2025), estab-
lishing a METRICALARGS benchmark for Sanskrit
would also be a worthwhile direction to pursue.

Overall, we propose that positioning metrical po-
etry as a testbed opens up new ways to assess and
enhance LLM understanding of form-constrained
language, while also supporting application areas
such as learning tool development and digital hu-
manities research. We hope that this paper serves
as a starting point for further research on explor-
ing the relation between LLMs and metrical poetry,
and investigating the role of LLMs in understand-
ing other structured linguistic systems like meter
across the world languages.

Limitations
We identify two important limitations to this work:

1. The proposed taxonomy used Telugu metrical
poetry tradition as the basis, and the coverage
of tasks may not be comprehensive enough
to cover the poetic traditions across many lan-
guages. Additionally, it is possible to imagine
tasks such as metrical poem translation be-
tween languages (e.g., translate a given poem
in Telugu meter T-A into Chinese meter C-X),
generating or retrieving a poem given an image
(e.g., generate a poem in Telugu meter T-A, or
retrieve a poem in Chinese meter C-X, based
on the input image), which this taxonomy does
not currently cover. This can be perceived as
a limitation, but we intend this paper to be a
starting point to raise further discussions on
the topic, and hence, we would expect to see
improvements and additions to this taxonomy
of tasks in near future.

Our empirical study was done based on zero-
shot prompting using a small dataset of 169
samples (which do cover most of the tasks in
the proposed taxonomy), and two state of the
art models, and hence, cannot be considered
a large scale, comprehensive evaluation of
the abilities of LLMs on METRICALARGS tasks.
However, we view this evaluation as an essen-
tial starting point to identify requirements for a
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larger study. For example, our human evalua-
tion would not have been feasible with a large
scale dataset, and it did help us identify the
short comings of using an LLM-as-a-judge ap-
proach for evaluation for some of the sub-tasks.
We hope to conduct a larger scale evaluation
in future, by using this smaller study as the
basis.

We view these not as limitations to the re-
search topic itself, and hope that this paper
laid the necessary foundation to address the
above limitations in future.
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