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Abstract

We describe a reproduction of a human anno-
tation experiment that was performed to evalu-
ate the effectiveness of text style transfer sys-
tems (Reif et al., 2022). Despite our efforts to
closely imitate the conditions of the original
study, the results obtained differ significantly
from those in the original study. We perform
a statistical analysis of the results obtained,
discuss the sources of these discrepancies in
the study design, and quantify reproducibil-
ity. The reproduction followed the common
approach to reproduction adopted by the Re-
proHum project (Belz et al., 2025).

1 Introduction

Human evaluation is considered to be the gold
standard for assessing natural language processing
(NLP) systems, although many factors can affect
its reliability. Subjectivity in human ratings can
make experiments difficult to reproduce (Belz et al.,
2021); the definitions of the evaluated criteria are
often inconsistent (Howcroft et al., 2020) and may
confuse annotators (Hosking et al., 2024). Further-
more, external factors such as interface design can
bias annotator behavior in unexpected ways (Calo
et al., 2025). In some cases, issues such as unclear
instructions, inappropriate dropping of outliers, or
overlooked implementation bugs are only revealed
during reproduction (Thomson et al., 2024). There-
fore, efforts such as the ReproHum project (Belz
and Thomson, 2023) help us identify these chal-
lenges and develop more robust and transparent
evaluation practices.

In this report, we describe our reproduction study
of human evaluation of sentiment transfer, origi-
nally performed by Reif et al. (2022). We focus
on a single quality evaluated in the original experi-
ment: semantic preservation, i.e., how much of the
original meaning was preserved after performing
the sentiment transfer. We also limit our evaluation
to a single style: more positive (see Section 2).

The original experiment is described in Section 2.
We reproduce the setting of the original study as
closely as possible and describe this process in Sec-
tion 3. The results of our human annotation are
shown in Section 4. Section 5 describes how we
compared key numerical results to assess repro-
ducibility and compares the findings of our repro-
duction against the original study. Finally, in Sec-
tion 6 we discuss reasons for differences between
the original and reproduced results.

2 Original Experiment

The original study (Reif et al., 2022) presents a zero
shot prompting method with large language mod-
els (LLMs) for text style transfer. The text style
transfer task transforms or adds stylistic attributes
to a text while preserving the global structure, e.g.
converting “It is a nice day.” to a more positive
“It is a truly magnificent day!” (Hu et al., 2017;
Prabhumoye et al., 2018). Reif et al. (2022)’s LLM
prompting method can perform any arbitrary text
transformation (e.g. "more melodramatic") without
fine-tuning or presenting specific exemplars in the
prompt.

The style is transferred for 50 randomly cho-
sen sentences from the Reddit Writing Prompts
validation set (Fan et al., 2018). The sentences
are transformed into three standard styles (more
positive, more negative, more formal) and six non-
standard styles (more melodramatic, more comi-
cal, include the word “baloon”, include the word
“park”, include a metaphor, more descriptive). The
researchers compared the following six systems:

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

* zero-shot — an approach using a base prompt
with no examples: “Here is some text: ... Here
is a rewrite of the text, which is more posi-
tive:”
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* augmented zero-shot — this version of the
prompt additionally includes seven exemplars
of different style transfers (e.g. more scary,
intense, flowery, including “snow”...)

» paraphrase — an ablation using a zero-shot
prompt which only specifies the target style
as “paraphrase”: “Here is a rewrite of the text,
which is paraphrased:”

e Unsup MT (Prabhumoye et al., 2018) — an
approach using translation into a second lan-
guage and back to remove stylistic features,
coupled with style-specific decoders trained
using adversarial techniques.

e Dual RT (Luo et al., 2019) — a model for
style transfer trained by reinforcement learn-
ing with two rewards, one for style accuracy
and second for content preservation.

The prompts were executed with the LaMDA and
LaMDA-Dialog language models (Thoppilan et al.,
2022), as well as GPT-3 (Brown et al., 2020).

As text style classifiers (Wolf et al., 2020; Sud-
hakar et al., 2019) are not available for all target
styles, the researches relied on human evaluation
with six professional annotators. The annotators
evaluated three aspects on 1-100 scale: (1) trans-
fer strength — to what extent the output matches
the target style; (2) semantic preservation — how
well the output preserves the meaning of the input,
excluding the style change; (3) fluency. To achieve
good inter-annotator agreement, the researchers run
an initial calibration session where annotators rated
a small subset of data (excluded from the main
results) and asked clarifying questions about the
instructions. Each triple of input-transformation-
output was rated by three annotators.

Target styles commonly used in research for
style transfer (positive and negative sentiment and
formality), where data are available, are also eval-
uated on the Yelp polarity dataset (Zhang et al.,
2015) and Gramarly’s Yahoo Answers Formality
Corpus (GYAFC) (Rao and Tetreault, 2018). Those
are also evaluated with automatic metrics: the Hug-
gingFace Transformers sentiment classifier (Wolf
et al., 2020) for transfer strength, semantic simi-
larity to human examples from (Luo et al., 2019)
through the BLEU score, and fluency as measured
by GPT-2’s (Radford et al., 2019) perplexity.

3 Reproduction Study

We reproduced the human annotation of a single
style transfer transformation — more positive — and
one evaluation aspect — semantic preservation. We
followed the original experiment as closely as pos-
sible. However, instead of using internal annotators
which are not available to us, we recruited annota-
tors from the Prolific crowdsourcing platform.! In
effect, we could not perform the initial calibration
session. The setup of the reproduction is based
on the original study’s design and the ReproHum
guidelines (Belz et al., 2025):

Datasets We use the same 50 sentences from the
Reddit Writing Prompts as the original study, the
more positive transformation, and the outputs of all
the six systems that were compared.

Evaluated quality factors The original anno-
tation included three quality factors described
above — transfer strength (dubbed transferred style
strength), semantic preservation (dubbed meaning)
and fluency. Our reproduction included only the
semantic preservation.

Annotation interface The original annotation in-
terface was an internal system of the researchers,
which we could not reuse. Therefore, we recre-
ated the interface using Google Apps Script” (see
Appendix B). The interface shows six system out-
puts for one input on a page, together with a slider
from 0-100% for one rated aspect (meaning). One
annotator rates 25 inputs as in the original study,
each on a different page. Each page includes a col-
lapsible instructions panel for easy reference to the
guidelines.

Annotators The annotators were recruited on
Prolific by using the following filters:

1. devices: tablet, desktop (no mobile phones);
2. region control: UK, USA, Australia, Canada;
3. number of previous submissions: 200—-10000;
4. approval rate: 99-100%.

Remuneration Based on the ReproHum project
rules (Belz et al., 2022), the annotators were com-
pensated using the UK living wage of 12.60 GBP
per hour.

1ht’cps: //app.prolific.co/
Zhttps://developers.google.com/apps-script
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Original ~Reproduction | Confidence interval ~CV#*  Krippendorff’s o
Paraphrase 90.29 45.55 (38.64,52.47) 65.66 0.040
Zero-shot 69.71 49.66 (42.27,57.06) 33.48 0.087
Unsup. MT 86.76 73.39 (68.58,78.20) 16.64 -0.129
Dual RL 85.29 68.29 (61.63,74.95) 22.07 0.077
Augmented zero-shot 86.47 64.99 (58.46,71.52) 26.78 0.125
Human 85.29 74.76 (69.40, 80.12)  13.11 -0.073
Average 83.97 62.78 |

Table 1: The results of our reproduction — average semantic preservation on a 0-100 scale — compared to those from
the original study. Additionally, 95% confidence intervals, inter-annotator agreements, and coefficient of variation

values are reported.

Annotation guidelines The annotation guide-
lines are the same as the original ones, with omit-
ted instructions and examples for transferred style
strength and fluency, which were not measured.
They can be found in the annotation interface de-
picted in Appendix B.

4 Main Results

The results of our reproduction are presented in
Table 1. For each output, we averaged the anno-
tated meaning preservation values and then com-
puted an overall average for each system. During
post-processing of the data, we discovered that the
annotations for nine instances had been corrupted
when they were saved. Still, all instances had at
least one annotation, and this error only had a min-
imal impact on the overall results, increasing the
standard deviation of the reported mean scores by
approximately 3.5%.3

In the original study, the results were presented
as bar plots, which meant that the precise numerical
values were not directly available. To enable a com-
parison with our results, we estimated the original
values by measuring the number of pixels between
the top of each bar and the end of the scale, then
calculating the corresponding proportion relative
to the full 0-100 scale (also measured in pixels).
Based on this approach, one pixel corresponded to
a score of 0.2941 (0.3%), which is the accuracy of
our estimation.

The observed differences between the original
and reproduced results are significant. Our annota-
tors seem to be more strict when assessing semantic
preservation, as the overall average across all the
methods is more than 20 percentage points lower

a

3Standard deviation of a mean is 7 The relative in-

. .. . /140
crease in deviation caused by a smaller sample is ZZ =
y p o//150

% = 1,0351. The observed differences from the original

study are at least three times higher.

than in the original study. All systems received
lower scores, with the smallest drop for human-
written outputs.

There are also substantial differences in the rank-
ing of the evaluated methods. In the original study,
the paraphrase method was ranked the highest,
while human-written texts were outperformed — or
scored the same — by four out of the five auto-
matic methods. In the reproduction, the outputs of
paraphrase method received the lowest score and
humans outperformed all automatic methods. The
rest of the systems receive similar ranks in both
studies.

Inter-annotator agreement We measured the
inter-annotator agreement of obtained annotations
with Krippendorff’s a (Krippendorff, 2006). To
identify potential outliers, we also conducted ab-
lation analyses by recalculating agreement scores
after excluding each annotator’s ratings in turn. The
results are presented in Table 2.

According to (Marzi et al., 2024), the inter-
annotator agreement obtained should be interpreted
as poor. The original study did not report inter-
annotator agreement, leaving it unclear whether
our result is due to the lack of the initial annotator
calibration session (conducted in the original ex-
periment but omitted in the reproduction) or from
the inherent difficulty of the annotation task.

Our ablation analysis in Table 2 revealed that
some annotators had lower agreement with the rest.
However, excluding none of the annotators exceeds
the upper bound of the 95% confidence interval
estimated via bootstrapping (0.0316, 0.1930).

Statistical analysis Student’s t-tests were per-
formed to compare the meaning preservation scores
obtained during reproduction with those obtained
in the original study. The tests for all textual trans-
fer methods rejected the null hypothesis that the
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Krippendorff’s

All annotators 0.103
w/o Annotator #1 0.037
w/o Annotator #2 0.189
w/o Annotator #3 0.130
w/o Annotator #4 0.058
w/o Annotator #5 0.172
w/0 Annotator #6 0.066

Table 2: Inter-annotator agreement (Krippendorff’s o)
computed for all annotators as well as for all annotators
excluding a selected one.

true mean of the reproduced scores was the same
as the original mean. Table 1 shows the 95% confi-
dence intervals for the reproduced scores; all val-
ues from the original study are well above our es-
timated upper bound. The paired Wilcoxon test
comparing the ranks obtained by different systems
also rejected the null hypothesis with p = 0.031.

5 Quantifying Reproducibility

The reproduction targets were determined based
on the categories outlined in the ReproHum shared
task guidelines (Belz et al., 2023, Sect. A5) and
QRA++ (Belz, 2025). The targets in the following
categories were identified:

* Type I — numerical scores: the average seman-
tic preservation in texts generated by different
text style transfer methods,

e Type II — sets of numerical values: the set
of semantic preservation results for all the
methods in the study,

* Type IV — findings stated explicitly or implied
by quantitative results in the original paper.

Type I Following the quantified reproducibility
assessment by Belz et al. (2022), we computed
the small sample coefficient of variation (CV*)
as a measure of the degree of reproducibility for
numerical scores. The results are given in Table 1.

The values of CV* computed for the original
study and the reproduction are in the range of 13-
33, except for the substantially higher value for
style transfer performed by paraphrasing.

Type II results are evaluated with Pearson and
Spearman correlation (Huidrom et al., 2022), as
well as with the root-mean-square deviations from
the original results. The results are presented in
Table 3. The values of Pearson and Spearman corre-
lations are low. The statistical significance tests for

value p-value
Pearson r 0.3063 0.5549
Spearman p  -0.2029  0.6998
RMSE 23.9575 -

Table 3: Statistics used to assess reproducibility of
Type II results

both correlations, conducted at the standard signf-
icance level a = 0.05, were not able to reject the
null hypothesis, i.e., that the correlation between
the results of the original and the reproduced study
is equal to zero.

Finally, the RMSE value of around 24 for a mea-
surement on a scale from O to 100 confirms a large
discrepancy between the results. It also reflects the
general tendency of our annotators to rate meaning
preservation lower than in the original study.

Type IV Reif et al. (2022) summarises the find-
ings from the original study as follows: “The out-
puts from our method were rated comparably to
both human-generated responses and the two prior
methods”. However, these conclusions are not con-
firmed by our reproduction. As previously men-
tioned, human-written responses obtained the high-
est scores, with a difference of 9 percentage points
to the approach proposed in Reif et al. (2022). In
our study, this approach was outperformed by both
baseline methods, but the difference to one of them
was relatively small.

6 Discussion

One major difference between the original experi-
ment (Reif et al., 2022) and the reproduction study
is that the original experiment performed an anno-
tation calibration procedure on 10 examples. These
10 examples were excluded from the evaluated data
and allowed the authors to align their expectations
with the annotators, who were free to ask questions
during this process. We hypothesize that the ab-
sence of this calibration step affected the reproduc-
tion, especially since measuring meaning preser-
vation in sentiment transfer is counterintuitive and
requires clear guidance for consistent annotation.

Given that the original experiment was con-
ducted in 2021 (i.e., before the introduction of
LLMs to the general public), we also cannot rule
out the possibility that people have increased their
expectations of Al leading to the lower scores we
observed.
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A Human Evaluation Datasheet (HEDS)

Human Evaluation Datasheet (HEDS, Shimorina
and Belz, 2022) for the main ReproHum repro-
duction (see Sec. ) is provided in the ReproHum
GitHub repository.*

B Annotation Interface

*https://github.com/nlp-heds/repronlp2025
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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 the sentence. Each question contains a
sentence marked as "original sentence”, a desired transformation, and an output sentence where the
transformation has been applied.

Each of these questions relates to the same original text and desired transform, but each has a
different output transformed sentence. Please rate each transformed sentence along the following
axis:

Meaning: Does the transformed sentence still have the same overall meaning as the original? It is OK
if extra information is added, as long as it doesn't change the underlying people, events, and objects
described in the sentence. You should also not penalize for meaning transformations which are
necessary for the specified transformation. For example, if the original text is "l love this store" and
the style is "more angry”:

example score reasoning
The transformed text is about something totally
"It is raining today” 0 different. It would be hard to tell that the texts are
related at all.

The transformed text is mostly related to the original -
some modifications of the meaning have been made
but they are not egregious.

"they were out of chicken at the 50
store"

"| adore the store" or "The store
was really horrible; it took foreverto 100
do my shopping."

The text talks about the same concepts as the
original, just with different or more words.

Progress: Page 1 of 25

Original text: she was not happy being there .
Desired transformation: more positive
Transformed text: she was not happy being there .

Meaning: The meaning is preserved between the original and transformed texts (Ignoring the ways that
the style/transform would change the meaning)

® - 50%

Original text: she was not happy being there .
Desired transformation: more positive
Transformed text: she was happy being there .

Meaning: The meaning is preserved between the original and transformed texts (Ignoring the ways that
the style/transform would change the meaning)

® . 50%

Figure 1: The annotation interface form with instructions
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