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Abstract

We describe our attempt to reproduce a sin-
gle human evaluation quality criterion that was
conducted in the paper “Reproducing a Recipe
for Arbitrary Text Style Transfer with LLMs”.
This paper describes the approach and chal-
lenges involved in reproducing the human eval-
uation as done by the original authors. In par-
ticular, we describe negative results obtained
during the reproduction, and we compare our
results with an earlier reproduction for the same
experiment. Finally, we describe the insights
we gained from attempting this particular re-
production and the barriers that remain in at-
tempting successful reproductions. The results
and insights presented will hopefully enable the
broader NLP research community to improve
both how human evaluations are conducted and
enable better reproducibility of NLP experi-
ments in the future.

1 Introduction

A significant challenge in Natural Language Pro-
cessing (NLP) is the difficulty in reproducing hu-
man evaluations. Initiatives like ReproNLP! are
investigating the reasons behind this lack of repro-
ducibility, which is particularly concerning because
human evaluations are often considered the best
measure of NLP system performance (Belz and Re-
iter, 2006). However, there are significant barriers
to replicate previously reported results due to tech-
nical issues, resource limitations, flawed user in-
terfaces, data handling errors, reporting problems,
and ethical concerns (Belz et al., 2021b, 2023b;
Thomson et al., 2024).

The ReproNLP project has over many years pub-
lished the results of reproduction results of selected
papers (Belz et al., 2021c, 2022; Belz and Thom-
son, 2023, 2024; Belz et al., 2025, 2026). Past
results from previous ReproNLP experiments have
found a tendency, where one reproduction would
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give contradictory results across the two reproduc-
tion experiments. One reproduction experiment
would agree strongly with the original reproduc-
tion, while the other equally strongly disagreeing
(Belz et al., 2025). Huidrom and Belz (2025) exper-
iment using LL.Ms-as-a-judge and found that LLM
evaluators would tend to agree strongly with one
of experiments and likewise strongly disagree with
the other reproduction result. The use of LLMs
was adopted in the previous iteration of ReproNLP
as another tool to provide an additional perspective
in results obtained by researchers in their reproduc-
tions.

Reproductions can differ from the original ex-
periments for many reasons. Whilst the ReproNLP
organisers have made great efforts to standardise
how reproductions are carried out and reported, dif-
ferences in results between the either the original
experiment or even between reproductions remain.
Analysis of past results have found that different
cohorts can impact the reproducibility of a given
experiment (Belz et al., 2021a). Additionally, NLP
evaluation interfaces that don’t respect fundamental
human-centred interaction principles (Calo et al.,
2025) can increase cognitive load for evaluators
thus impacting reproducibility (Belz et al., 2022).
Finally, bugs and/or missing resources in the origi-
nal experiment can hinder reproduction attempts by
labs seeking to generate comparable results (Belz
et al., 2023a).

We describe in our reproduction effort the pro-
cess we used to reproduce the paper “A Recipe
For Arbitrary Text Style Transfer with Large Lan-
guage Models” by Reif et al. (2022). This report
follows the earlier published reproduction effort by
Onderkova et al. (2025). However, both reproduc-
tion efforts were done parallel to each other despite
the differences in publication date. In section 2
we describe the reproduction experiment with a
particular focus on any differences between the
original experiment and reproduction. Section 3
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the methodology used and what challenges were en-
countered when performing the reproduction. The
results from this reproduction are reported in sec-
tion 4, where we report our results and compare
them to original experiment and to that of the re-
sults obtained by Onderkova et al. (2025). Finally,
in section 5 we conclude with main findings from
this reproduction effort.

2 Reproduction Experiment

In the original paper Reif et al. (2022) presents
a series of experiments exploring the use of lan-
guage models (LMs) to perform zero-shot text style
transfer with the aim of transforming the stylistic
attributes of a given text while persevering the se-
mantic intent. The authors, in particular, present a
new type of zero-shot prompting called augmented
zero shot learning that allows a given LM to per-
form text style transfer to different styles without
any exemplars in the target style. Leveraging the
Reddit Writing Prompts validation dataset (Fan
et al., 2018), 50 sentences are transferred into three
standard styles (more positive, more negative, more
formal) and six non-standard styles (more melodra-
matic, more comical, include the word “baloon”,
include the word “park”, include a metaphor, more
descriptive). Reif et al. (2022) leverage three dif-
ferent prompting methods and a manually written
baseline to comparatively evaluate their approach
for style transfer:

* human - Set of ground truth transfers written
by the authors of the original study (Reif et al.,
2022).

 zero-shot — A default approach using a base
prompt without any examples.

» augmented zero-shot — Version of the prompt
that includes seven exemplars of different
style transfers.

» paraphrase — Similar to the zero-shot prompt,
but a paraphrased version of the target style
as a control.

In addition the above four approaches, the au-
thors also added two additional popular prior base-
lines style transfer methods, Unsup MT (Prabhu-
moye et al., 2018) and Dual RL (Luo et al., 2019).
Outputs were evaluated using six professional an-
notators. The annotators evaluated the outputs from
the above four prompt approaches and two base-
lines on a 1-100 scale evaluating three core aspects:

Instructions

In this task, your goal is to identify whether a desired transformation has been successfully applied to a sentence, without changing the overall meaning
of ked *original sentence®, a de n output sentence where the

as a different output transformed sentence. Please rate each

‘or example, if the original text is | "I went to the store* | and

example score  reasoning

[ ——— 0 ‘The transformed text is no more angry than

the original text

50 The transformed text somewhat relates to
the style

couldn't believe how rude the 100 Thetextis clearly more an 0.

Original text:  “ever since joes has changed hands it 's just gotten worse and worse .*
Desired transformation: ~ more positive
Transformed text: *The restaurant has gone downhill recently since it got bought out by new owners.

L)

L) 50
Original text: ~ ever since joes has changed hands it s just gotten worse and worse .
Desired transformation:  more positive
Transformed text: “ever since they changed ownership joe's has improved and is much more efficient!"
)
L) 50
Original text: ~ ever since joes has changed hands it s just gotten worse and worse .
Desired transformation: ~ more positive
Transformed text:
“The establishment has continued to provide excellent service, improving steadily since its change of ownership.*
1) Transferred
L) 50

Original text: ~ ever since joes has changed hands it s just gotten worse and worse .

Nacirad transfarmatinn:  mora ncifive

Figure 1: Evaluation interface used for rating the degree
of clarity of a text containing generated referring expres-
sions (highlighted in yellow).

* transfer strength - the amount that the output
actually matches the target style.

* semantic preservation - whether the meaning
of the text matches irrespective of style.

* fluency - the degree to which the text is coher-
ent and could have been written by an English
speaker.

For the reproduction experiment we were tasked
to evaluate semantic preservation for the more pos-
itive standard style. This was done with the four
prompting methods proposed by Reif et al. (2022).

3 Methodology & Challenges

In the original experiment the human evaluators
were six professional annotators. Since these anno-
tators were not available to us for the reproduction
experiment six participants were recruited from
Prolific? as stipulated by the ReproNLP organisers.
Whilst compensation was not mentioned in the orig-
inal experiment, for the reproduction participants
were paid he equivalent of the UK living wage? of

Zprolific - https: //www.prolific.com
SUK Living Wage - https://www.livingwage.org.uk
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Aspect Original Reproduction

Number of Items 300 300

Number of Systems 6 4

Number of Participants 6 6

Participants per Item 3 3

Items per Participant 150 150

Recruitment Platform unknown  Prolific

Compensation unknown  £12.60 per hour equivalent
Participation controls unknown native English speakers

Table 1: Methodological similarities & differences between the original and reproduction human evaluations.

£12.60 per hour. Table 1 details the methodolog-
ical and participatory similarities and differences
between the two experiments.

Data for experiment came from the authors of
the original experiment and was reused for the re-
production. However, the interface was not made
available for the reproduction as this was an inter-
nal interface. Therefore, for the reproduction the
interface was reproduced from the image provided
in the original paper using GPT-4 (Achiam et al.,
2023) to recreate the web-based evaluation inter-
face as closely as the experiment interface image
in the original experiment as possible. Figure 1
shows the experimental interface that was used in
this reproduction. The code for running the exper-
iment was adapted from a previous reproduction
effort (Mahamood, 2024) and incorporated the new
generated evaluation interface.

In addition to setting up the reproduction experi-
ment by using the original experiment’s codebase
a Human Evaluation Datasheet (HEDS) (Shimo-
rina and Belz, 2022) was also completed*. The
HEDS form records in a standardised way the prop-
erties of human evaluations to support comparabil-
ity, meta-evaluation, and reproducibility of human
evaluations.

4 Results

We present our results against the original study in
table 2. The results from the original study were
presented as bar plots and thus making it chal-
lenging to determine the exact numerical values.
The values shown in table 2 are those estimated
by Onderkova et al. (2025) using a pixel counting
estimation approach. However, the large differ-
ences between results obtained in our reproduction

4ReproNLP 2025 HEDS forms - https://github.com/
nlp-heds/repronlp2025

for the paraphrase and zero-shot prompting ap-
proaches is very abundant irrespective of the poten-
tial deviations introduced by the estimation method
performed by Onderkova et al. (2025). For aug-
mented zero-shot and human the differences are
smaller comparatively, with the Auman baseline
results show better reproducibility than any of the
prompting approaches. Nevertheless, we don’t see
the augmented zero-shot having a comparable score
to the baseline human outputs, contrary to the orig-
inal experiment results.

We also compare the results across all three ex-
periments using the Quantified Reproducibility As-
sessment (Belz and Thomson, 2026) for calculat-
ing the degree of convergence/divergence between
multiple evaluation studies. In particular, we used
the QRA tool’ that was created by the ReproNLP
organisers. Table 3 shows the results of this cross-
assessment. The scores presented in table 3 shows
a very similar pattern to that of in table 2. There are
large differences between for paraphrase and zero-
shot as seen by the CV* scores. However, there is
greater convergence for both the augmented zero-
shot and human results. This indicates a greater
reproducibility for these system outputs in com-
parison to the other two types. However, the most
reproducible score is that of the human outputs,
beating the other three automatic approaches.

5 Conclusion

Like in the reproduction conducted by Onderkova
et al. (2025) we are also unable to validate the
claim by Reif et al. (2022) that the augmented
zero-shot show comparability to the human outputs.
There could be several reasons for this discrepancy.
Firstly, in the original study professional annotators
were used as compared to crowd workers in both
reproductions. It is plausible that these annotators

>QRA tool - https://github.com/DCU-NLG/qra
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Original

Reproduction (mean) CV*

paraphrase 90.29
zero-shot 69.71
augmented zero-shot  86.47
human 85.29

21.74 110.43
24.24 87.65
67.31 22.37
79.33 6.5

Table 2: Clarity mean average results from both original and reproduction human evaluation. Unbiased coefficient
of variation values (CV*) calculated using the definition by Belz (2022). Original results are from Reif et al. (2022).

e of Measure ibili =
Typ QC System Degree of reproducibility (n = 3)
Result applied System QC level Study level

level
paraphrase 76.22
Type I semantic preservation — more positive zero-shot (mean) CV*| SRetld 39.28 39.28
augmented 18.50
zero-shot
human 7.56
all mean 7 T n/a 0.513
Type Il | semantic preservation — more positive | a]] mean p 1 n/a 0.067 n/a
all w1 n/a 0.378
Type IV | semantic preservation — more positive | all P n/a 0.556 0.556

Table 3: QRA reproducibility assessment across three comparable experiments (n=3), Reif et al. (2022), Onderkova
et al. (2025), and our reproduction; n/fa = measure does not apply at this level.

given their professional experiences would assess
the outputs differently than compared to evalua-
tors recruited from the public. Past reproduction
results have shown that different cohorts can im-
pact the reproducibility of a given experiment (Belz
et al., 2021a). Another cause for this discrepancy
could be due to the fact that the interface used for
both reproduction efforts differed from the original
in-house version. The fact that both reproduction
efforts show similar results could be a strong indica-
tor that these barriers mean that it is not possible to
reproduce the results of the original study without
a more complete set of resources. The results pre-
sented in this paper once again highlights the need
for authors to document and retain non-research
paper resources to enable lower barriers to repro-
duction and hopefully, better reproducibility.
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