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Abstract

Human evaluation is crucial as it offers a nu-
anced understanding that automated metrics
often miss. By reproducing human evaluation,
we can gain a better understanding of the origi-
nal results. This paper is part of the ReproHum
project, where our goal is to reproduce human
evaluations from previous studies. We report
the reproduction results of the human evalua-
tion of cross-lingual summarization conducted
by Bai et al. (2021). By comparing the origi-
nal and reproduction studies, we find that our
overall evaluation findings are largely consis-
tent with those of the previous study. How-
ever, there are notable differences in evalua-
tion scores between the two studies for certain
model outputs. These discrepancies highlight
the importance of carefully selecting evaluation
methodologies and human annotators.

1 Introduction

In recent years, natural language processing (NLP)
has witnessed remarkable progress, driven by ad-
vances in NLP models and data sources. This
progress has led to significant improvements across
a wide range of NLP tasks, including machine
translation (Supryadi et al., 2024), text summa-
rization (Hasan et al., 2021), reasoning (Shi et al.,
2024b), and question answering (Yu et al., 2024).
Evaluation plays a crucial role in assessing NLP
models before they are deployed in real-world ap-
plications (Guo et al., 2023; Shi et al., 2024a). NLP
model evaluation is typically conducted using au-
tomated metrics such as BLEU (Papineni et al.,
2002) and ROUGE (Lin, 2004). In addition to these
metrics, human evaluation also plays an important
role by providing insights into model performance
based on human preferences and real-world appli-
cability.

Reproduction studies are crucial for ensuring
the reliability and quality of research experiments,
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especially for human evaluation. They help verify
the validity of findings and build trust in scientific
results. However, reproduction can be challenging
due to missing information and lack of detailed
documentation in previous experiments (Belz et al.,
2023). The ReproHum project (Belz and Thomson,
2024) organises a shared task to investigate the
extent to which human evaluation experiments are
reproducible.

As part of the ReproHum project B batch exper-
iment (Belz et al., 2025), we focus on reproduc-
ing the human evaluation conducted in the paper
“Cross-Lingual Abstractive Summarization with
Limited Parallel Resources” by Bai et al. (2021).
The original study aims to improve cross-lingual
summarization in low-resource settings. Specif-
ically, for the human evaluation, they assessed
60 Chinese paragraphs with four different English
summarization results each.

In this paper, we first detail the experiments con-
ducted in the original research, with a specific focus
on human evaluation in Section 2. We then intro-
duce our reproduction setting in Section 3. Finally,
we report the quantified reproducibility assessment
and compare the results of our reproduction study
with those of the original study in Section 4.

2 Original Study

The study we are focusing on reproducing is
“Cross-Lingual Abstractive Summarization with
Limited Parallel Resources” by Bai et al. (2021).
In the original study, the authors proposed Multi-
Task Cross-Lingual Abstractive Summarization
(MCLAS), a framework designed to enhance cross-
lingual summarization in low-resource settings.
The model employs a pre-training and fine-tuning
strategy. Initially, it is pre-trained on a large-scale
monolingual document-summary dataset to equip
the decoder with general summarization capabili-
ties. Subsequently, it is fine-tuned on a small num-
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ber of parallel cross-lingual summary samples to
transfer the learned summarization capabilities to
low-resource languages.

2.1 Dataset and Models

The datasets used in the experiments include
Zh2EnSum (Chinese-to-English) and En2ZhSum
(English-to-Chinese) (Zhu et al., 2019). Addi-
tionally, a new En2DeSum (English-to-German)
dataset was constructed. These datasets vary in
size and are used to evaluate the model’s perfor-
mance in both low-resource scenarios (with mini-
mum, medium, and maximum sample sizes) and
full-dataset scenarios of training samples for all
datasets. For the baselines, the authors compared
neural cross-lingual summarization (NCLS) and
neural cross-lingual summarization + monolingual
summarization (NCLS+MS) (Zhu et al., 2019).

2.2 Human Evaluation

They also conducted human evaluations to exam-
ine the model performance. First, they randomly
selected 60 examples (20 for each low-resource sce-
nario) from the Zh2EnSum test dataset. Seven grad-
uate students proficient in English and Chinese eval-
uated three generated summaries (MCLAS, NCLS,
NCLS+MS) and gold summaries, focusing on in-
formativeness (IF), fluency (FL), and conciseness
(CC). IF assesses the importance of the extracted
information, CC evaluates whether the summary
is concise and free of redundant information, and
FL checks the grammar and syntax fluency of the
summaries.

The evaluation used the Best-Worst Scaling
method (Kiritchenko and Mohammad, 2017),
where participants chose the best and worst items
for each perspective. Final scores were calculated
based on the percentage of times each system was
selected as best minus the times it was selected as
worst, ranging from -1 (worst) to 1 (best). The re-
sults showed that MCLAS outperformed NCLS and
NCLS+MS in all metrics, particularly in concise-
ness. The Fleiss’ Kappa scores and overall agree-
ment percentages indicated good inter-observer
agreement among participants.

3 Reproduction Settings

In this study, we focus on reproducing the human
evaluation from the original study. We express
our gratitude to the original authors for sharing the
experiment data, from the evaluation forms and

the anonymized annotation results. With this data,
we can compare our reproduction results with the
original study.

We filled Human Evaluation Datasheet (HEDS),
a document containing the comprehensive details
for the human evaluation reproduction experiment.
The HEDS document is available in a GitHub cen-
tral repository.1

3.1 Human Annotators and Annotation
Platform

We followed the annotator requirements outlined
by the original authors by recruiting 7 students pro-
ficient in both English and Chinese. Upon further
inquiry with the authors, we learned that these stu-
dents were master’s students and labmates of the
authors, actively engaged in NLP research. Sim-
ilarly, we recruited 7 master’s students from our
university’s NLP laboratory, to ensure consistency
in the evaluation process.

The previous author reported that the annota-
tion platform is currently inaccessible. Therefore,
we use another platform for the annotation. We
considered using WeSurvey,2 an open-source ques-
tionnaire platform by Tencent in China. We chose
this platform because the participants are based in
China, and it offers greater accessibility and conve-
nience.

3.2 Evaluation Annotation Design

We conducted the experiments by distributing a
questionnaire link to respondents. Upon opening
the link, respondents see a consent form. This form
confirms that the research has been explained, they
can ask questions, and their anonymized data will
be used for research purposes. They can withdraw
at any time before data anonymization. If they
agree, they proceed to complete the questionnaire.

Next, we collect the respondents’ names and
email addresses to send them vouchers upon com-
pleting the questionnaire. We also inquire about
each respondent’s English language proficiency.
Additionally, we verify that the respondents are
indeed master students studying NLP.

We follow the previous study by using 60 exam-
ples, with 20 examples for each of the three dif-
ferent low-resource scenarios (minimum, medium,
and maximum). However, this study differs in its
focus, as it evaluates only the “informativeness”

1https://github.com/nlp-heds/repronlp2025
2https://wj.qq.com/
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Figure 1: Screenshot of the annotation platform used in reproduction study.

metric, without including “conciseness” or “flu-
ency”. For each set of four candidate abstracts,
participants need to select the summarization result
with the highest informativeness and mark “1” in
the corresponding grid. The result with the low-
est informativeness need to be marked “-1” in the
matching grid. All remaining grids will be filled
with “0”.

The screenshot of our questionnaire is shown in
Figure 1. We label each scenario as Alpha, Beta,
and Delta. Given that our respondents are Chinese
students, the instructions are in Chinese. We ex-
plain the “informativeness” metric, which measures
the important information extracted in the summary.
For annotation, respondents are instructed to mark
the best summarization result as 1, the worst as -1,
and the others as 0. The example includes a Chi-
nese paragraph with four English summarization
results.

3.3 Payment

We follow the approach of previous studies by com-
pensating participants for evaluating the summa-
rization results. Specifically, we provide JD vouch-
ers, a shopping voucher in China valued at approx-
imately 100 RMB, as a token of appreciation for
their participation in annotating the datasets.

Scenarios Models Original Repro CV*

Minimum

MCLAS -0.264 -0.329 9.21
NCLS -0.243 -0.093 17.97
NCLS+MS -0.371 -0.264 15.63
GOLD 0.879 0.686 10.8

Medium

MCLAS 0 -0.007 0.7
NCLS 0.036 -0.214 27.36
NCLS+MS -0.343 -0.3 6.32
GOLD 0.3 0.521 15.62

Maximum

MCLAS 0.057 0.079 2.05
NCLS -0.129 -0.129 0
NCLS+MS -0.179 -0.193 1.71
GOLD 0.257 0.25 0.56

Table 1: Human evaluation results from original paper
and reproduction experiment for “informativeness” met-
ric. We also present the CV* score. The best score
is bolded without comparing the gold summarization
results.

Scenario r r (p-value) ρ ρ (p-value)

Minimum 0.98 0.019 0.8 0.2
Medium 0.86 0.138 0.8 0.2

Maximum 0.99 0.003 1 0

Table 2: The pearson (r) and spearman (ρ) correlation
between original and reproduction study for each differ-
ent scenarios.
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Figure 2: Example of error annotation.

Models Krippendorf’s α

MCLAS 0.135
NCLS 0.130

NCLS+MS 0.160
GOLD 0.204

Table 3: Krippendorff’s α results from original and
reproduction study for each model.

4 Quantified Reproducibility Assessment

The evaluation in this study follows the stan-
dardized procedure established by the ReproHum
project, which categorizes reproducibility into four
types of results (Belz, 2025). In Type I, we report
the single numerical scores and coefficient of vari-
ation (CV) values. For Type II, we calculate both
Pearson and Spearman correlation coefficients. In
Type III, we present an agreement score that quan-
tifies the level of alignment between the original
and reproduced results. Finally, for Type IV, we
provide the comparison of conclusions and key
findings from both the original and reproduction
experiments.

Type I First, we report the score human evalua-
tion result using Best-Worst Scaling method. We
report the score of original experiment and our re-
production experiment. Next, we calculated the
coefficient of variation (CV) values for each model
across different scenarios to assess the precision
of the results. Following Belz (2022), we adjusted
the CV for small sample sizes, referring to this
adjusted value as CV*. Since the measurements
included negative values, we shifted the measure-
ment scale by adding 1 to ensure all values were

Claim

Claim 1: As the data size increases, all the
models achieve better results.
Claim 2: MCLAS outperformed NCLS and
NCLS+MS in all the metrics
Claim 3: MCLAS is especially strong in con-
ciseness.

Table 4: Claims from original experiment.

positive, according to the recommendation of Belz
(2025) regarding such shifting. The results are pre-
sented in Table 1.

Our findings are similar to the previous study,
showing that NCLS is the best model in the min-
imum scenario, while MCLAS is the best model
in the medium and maximum scenarios. However,
in some results, only the maximum scenario has a
low CV* score, which lower CV* score represents
better result. This indicate that only the reproduc-
tion results of the maximum scenario are close to
the original study.

Type II Next, we report the correlation between
original and reproduction study using Pearson and
Spearman correlations. The result is presented
in Table 2. In the maximum scenario, both lin-
ear and monotonic relationships are nearly perfect
and statistically significant. In the minimum and
medium scenarios, the correlations appear strong,
but they are not statistically validated, possibly due
to smaller sample size.

Type III Next, we report the Krippendorff’s α
value from the original and reproduction annotation
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results. We report almost all of the models have
low values of Krippendorff’s α. These shows the
less agreement between original and reproduction
study for each annotations.

Type IV Finally, we report whether the findings
from the original experiment were verified in our re-
production study. The original study claimed three
key findings, listed in Table 4. However, due to
instructions from the organizers, our evaluation fo-
cused solely on the “informativeness” metric, lim-
iting verification to claims related to this aspect.
Regarding claim 1 , from the original study, both
MCLAS and NCLS+MS showed improved perfor-
mance as the data size increased; in our reproduc-
tion, only MCLAS was confirmed to exhibit such
improvement. For claim 2 , from the original study,
MCLAS outperformed both NCLS and NCLS+MS
only in the maximum scenario, whereas in our re-
production, MCLAS outperformed these systems
not only in maximum scenario, but also in medium
scenario. Claim 3 falls outside the scope of this
reproduction and could not be assessed. Overall,
both the original and reproduction experiments con-
firm that the MCLAS model performs best among
the models.

5 Discussion

From the results, we conclude that the reproduc-
tion findings align with the original study. In the
minimum scenario, the best model is NCLS, while
for the Medium and Maximum scenarios, the best
model is MCLAS. However, the correlation scores
indicate only slight agreement. We hypothesize
that this may be due to annotator quality, as we
recruited master’s students studying NLP. If we
had chosen experts in both Chinese and English
language, the annotation quality might have been
significantly better.

When reviewing the annotations, we noticed that
some annotators occasionally scored the models in-
consistently in a small occurence. For instance, in a
single paragraph, two or three models output might
be labeled as worst (-1) or best (1). This inconsis-
tency arose because the annotation platform did not
restrict such settings. To address this, we contacted
the annotators with these issues and asked them to
reannotate the data manually, providing them with
the correct annotations as a reference. Surprisingly,
we also found this errors in original study, where
there is a participant score two models as best (1).

Additionally, upon reviewing the incorrect an-

notations, we suspect that the Best-Worst Scaling
method may not be the most appropriate option for
rating these outputs. As illustrated in Figure 2, the
outputs from models 3 and 4 are both uninforma-
tive and provide incorrect information within the
paragraph. This may lead to confusion for the anno-
tators when selecting only one result to be marked
as the worst. We suggest that it might be more
effective to use a different approach to evaluate the
models, such as rating each result on a scale from
worst to best (1-5).

From these findings, we recognize the critical
importance of annotator quality in achieving con-
sistent evaluation, especially when dealing with
multiple languages. We also understand that the
choice of evaluation methodology significantly im-
pacts the quality of the results.

6 Conclusion

In this study, we report our reproduction experi-
ment from paper “Cross-Lingual Abstractive Sum-
marization with Limited Parallel Resource”. We
reproduce the human evaluation with the similar
setup as the original paper reported, but we only
evaluate one metric instead of three by following
the instructions from the organizer. By comparing
the results between original and reproduction study,
we found that the scores differs in several mod-
els. This highlights the importance of the choice of
evaluation methodology and evaluators.
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