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Abstract

We present the 2026 Shared Task on Re-
producibility of Evaluations in NLP (Re-
proNLP’26) which followed on from five pre-
decessor shared tasks on reproducibility of
evaluations, ReproNLP’25, ReproNLP’24, Re-
proNLP’23, ReproGen’22 and ReproGen’21.
This shared task series forms part of an ongo-
ing research programme designed to develop
theory and practice of reproducibility assess-
ment in NLP and machine learning, against a
backdrop of increasing recognition of the im-
portance of the topic across the two fields. We
describe the ReproNLP’26 shared task, sum-
marise results from the reproduction studies
submitted, and provide additional comparative
analysis of their results.

1 Introduction

Natural language processing (NLP) and machine
learning (ML) still have some way to go in fully ad-
dressing how to design, implement and document
experiments in order to achieve high degrees of
reproducibility. Authors generally still do not fully
share information and resources when reporting
experiments (Belz et al., 2023a; Schmidtova et al.,
2025; Thomson et al., 2026), and there is little stan-
dardisation and resource sharing in experiment de-
sign and implementation, in particular human eval-
uation experiments (Thomson et al., 2026). The
core aim of the ReproNLP! shared tasks focusing
on reproducibility in NLP has been to encourage,
coordinate, report and analyse reproduction stud-
ies, but also to bring the results together at a higher
level and identify characteristics of experiments
with good reproducibility and to obtain insights
into how the degree of reproducibility of experi-
ments can be improved.

The sixth shared task event in the Repro-
Gen/ReproNLP series is something of a milestone.

'All information and resources relating to ReproNLP are
available at https://repronlp.github.io.

The ReproNLP shared tasks (and their predeces-
sors REPROLANG and ReproGen) have resulted
in several dozen individual reproducibility studies
(Caines and Buttery, 2020; Belz et al., 2021, 2022b;
Belz and Thomson, 2023, 2024; Belz et al., 2025),
to which we add a further seven this year, together
providing a rich source of repeated experiments for
the study of reproducibility in NLP.

Since the 2021 ReproGen shared task, we have
quantitatively measured reproducibility using the
Quantified Reproducibility Assessment (QRA) for-
malism (Belz et al., 2022a; Belz and Thomson,
2026). Under the umbrella of the ReproHum?
multi-lab multi-test (MLMT) study (Belz et al.,
2023a), we have been reporting (in the ReproHum
Track) on intermediate results from a long-term co-
ordinated, controlled study of how different factors
affect reproducibility. To facilitate collaboration on
this study, we have developed the ReproHum com-
mon approach (Appendix B) to reproduction stud-
ies which ReproNLP participants are encouraged to
adopt. Taken together, researchers now wishing to
conduct reproduction studies can avail themselves
of a toolbox of resources to reduce knowledge and
effort thresholds in reproducibility.

The seven new reproduction studies reported in
ReproNLP’26 add new data points to the body
of directly comparable evaluations available for
investigations of reproducibility. Our new analy-
ses point towards further reasons for worse/better
reproducibility of evaluations. The six studies
conducted in the ReproHum track are shown in
overview in Table 1; additionally we present one
study in the Open Track.

We start in Section 2 with a description of the
organisation and structure of ReproNLP’26. We
then report results by track, starting with the Repro-
Hum Track (Sections 3 and 4) and followed by the
Open Track (Section 5). We examine connections

2https://reprohum.github.io
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between experiment properties and reproducibility
(Section 6), and conclude with a discussion (Sec-
tion 7) and directions for future work (Section 8).

2 ReproNLP 2026

ReproNLP 2026 followed the same two-track for-
mat as recent editions: an unshared open track
(Track A) and a shared ReproHum track (Track B).

A Open Track: Reproduce previously reported
evaluation results from any paper, and report
the approach and outcomes. Unshared task.

B ReproHum Track: For a shared set of se-
lected evaluation studies (listed below) from
the ReproHum Project, repeat one or more
of the studies and compare results, using the
information provided by the ReproNLP or-
ganisers only, and following the ReproHum
common reproduction approach.

Track B forms part of the ReproHum project® and
the original studies offered in it were selected ac-
cording to criteria of suitability and balance to form
part of a larger coordinated multi-lab multi-test re-
production study, as described in detail elsewhere
(Belz et al., 2023b).

This year, Track A had one submission, the study
by Ardestani et al. (2026). In Track B, submissions
were received for each of the following experiments
from the ReproHum set:

1. Reif et al. (2022): A Recipe for Arbitrary Text
Style Transfer with Large Language Models.

Absolute evaluation study; English; 3 quality
criteria; 3 datasets; between 4 and 6 systems
and between 200 and 300 evaluation items per
dataset-criterion combination; crowdsourced.

2. August et al. (2022): Generating Scientific
Definitions with Controllable Complexity.

Absolute evaluation study; English; 5 quality
criteria; 2 datasets; 3 systems and 300 evalua-
tion items per dataset-criterion combination;
some crowdsourced.

3. Yao et al. (2022): It is AI’s Turn to Ask Hu-
mans a Question: Question-Answer Pair Gen-
eration for Children’s Story Books.

Absolute evaluation study; English; 3 quality
criteria; 1 dataset; 3 systems and 361 evalua-
tion items per criterion.

Shttps://reprohum.github.io/

4. Gabriel et al. (2022): Misinfo Reaction
Frames: Reasoning about Readers’ Reactions
to News Headlines.

Absolute evaluation study; English; 3 quality
criteria; 1 dataset; 3 systems and 588 evalua-
tion items per criterion; crowdsourced.

5. Castro Ferreira et al. (2018): NeuralREG:
An end-to-end approach to referring expres-
sion generation.

Absolute evaluation study; English; 3 quality
criteria; 1 dataset; 6 systems and 144 evalua-
tion items per criterion; crowdsourced.

In the ReproHum multi-lab multi-test study (for
which the above papers were selected), rather than
attempt to repeat entire studies, we repeat assess-
ments of individual quality criteria on individual
datasets as indicated above (which is what we mean
by a single ‘experiment’), with specific properties
so as to have equal numbers of assessments with
the specific properties the ReproHum study is de-
signed to compare (size, evaluator type, cognitive
complexity). For each experiment, we obtained
agreement from the original authors to use their
experiment in the ReproHum study and ReproNLP
shared task. They provided very detailed informa-
tion about the experiments which were shared with
all participants.

Each of these experiments is being repeated in
two separate reproduction studies in ReproHum.
Those that have completed in the current batch
(and were not previously reported as part of Re-
proNLP’24 or ReproNLP’25) are included here in
the ReproNLP’26 report. All experiments have
also been open to other ReproNLP participants for
reproduction since 2023. In this way, we have
accumulated some additional, albeit less tightly
controlled, results for some of the ReproHum ex-
periments, enabling us to present degree of repro-
ducibility results for up to five aligned experiments.

2.1 Approach to reproduction and
reproducibility assessment

All participants were encouraged to complete a
ReproHum HEDS datasheet* (Belz and Thomson,
2025), and to follow the ReproHum Common Ap-
proach to reproduction laid out in Appendix B
which includes QRA (Belz and Thomson, 2026), a
set of quantitative reproducibility assessment mea-
sures for four common types of results in NLP/ML

*https://github.com/nlp-heds/repronlp2024
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Original Study Quality Criterion Num Items Labs reproducing study for ReproNLP 2026
Sys- per
tems system
a) University of Bucharest*
August et al. (2022) Factual Truth (all) 3 100 b) McGill University / York University
a) University of Bucharest™*
August et al. (2022) Factual Truth (one) 3 100 b) McGill University / York University
. . a) Trivago*
Castro Ferreira et al. (2018)  Clarity 6 24 b) Ruhr University Bochum
. . - a) University of Cape Town*
Gabriel et al. (2022) Social acceptability 3 196 b) Central China Normal University
. . . a) Charles University Prague®
Reif et al. (2022) Meaning Preservation 4 50 b) Shopify
Yao et al. (2022) Readability 3 12033 & Marburg University

b) Zurich University of Applied Sciences

Table 1: ReproNLP 2026 experiments performed by ReproHum partner labs. All experiments were in the English
language. An item is defined as one system output evaluated absolutely, or a set of system outputs evaluated
relatively. Labs marked with * correspond to papers from previous years; labs submitting to ReproNLP in 2026 are

shown in bold.

that accommodates multiple reproduction studies
of the same original work and produces results that
are comparable across different such sets of repro-
ductions.

In this report we analyse all submissions in terms
of QRA measures recomputed by us to ensure com-
parability across submissions. In brief summary
(for full details see Belz and Thomson (2026)),
QRA distinguishes four types of results commonly
reported in NLP and ML papers:

1. Type I results: single numerical scores, e.g.
mean quality rating, error count, etc.

2. Type II results: sets of related numerical
scores, e.g. a set of Type I results for com-
parable systems.

3. Type HI results: categorical labels attached to
text spans of any length.

4. Type IV results: qualitative findings stated
explicitly or implied by quantitative results in
the original paper.

The above are quantitatively assessed as follows:
1. Type I results: Small-sample coefficient of

variation CV* (Belz and Thomson, 2026).

2. Type II results: Pearson’s r, Spearman’s p,
Kendall’s 7, Kendall’s W.

3. Type I results: Fleiss’s «; Krippendorff’s c.

4. Type IV results: Proportion P of identical
pairwise system ranks in a set of comparable
experiments.’

>To obtain results that are comparable across different

In the submissions presented in this paper we have
Type I, I and IV results, so we apply the corre-
sponding quantitative measures above. CV* is a
version of the standard coefficient of variation, cor-
rected for small samples.

In ReproNLP’26 we are for the first time using
an updated version of CV* (Belz and Thomson,
2026) which avoids the overcorrection for small
sample size of the previous version, now providing
two formulations of the correction, one for use
where normality can be assumed, and one for where
it cannot.

As a consequence, CV* values in the present re-
port are not directly comparable to values reported
in previous ReproNLP reports.® The main results
tables (with the blue shading) in this paper are auto-
matically generated using the QRA3 tool available
from https://github.com/DCU-NLG/gra.

The reproduction studies below that form part of
the ReproHum controlled MLMT study are strictly
controlled to be comparable to each other and the
original work, with the proviso that since 2024, we
no longer aim to achieve complete similarity be-
tween design and implementation of original and
reproduction studies, or try to resolve every last bit
of lack of clarity about the original experiment. In
the second (current) round of ReproHum reproduc-
tion studies, we recognise that evaluation experi-
ments should be robust to minor differences. As

studies, we restrict Type IV assessment to pairwise system
ranks as findings.

*The QRA3 tool (https://github.com/DCU-NLG/qra
still supports the (now deprecated) previous method of calcu-
lation.)

1057


https://github.com/DCU-NLG/qra
https://github.com/DCU-NLG/qra

a result, when there was insufficient clarity about
how an aspect of an original experiment was im-
plemented, partner labs drafted solutions which
were then moderated by the ReproHum coordinat-
ing team to arrive at an agreed solution that both
partner labs reproducing the same experiment then
used. For more details on such cases, please see
the individual ReproNLP participants’ reports in
this volume and those from 2024 and 2025.

Finally, we use the following verbal descriptors
and corresponding CV* ranges in the case of hu-
man evaluations: we refer to any CV* from 0O to
around 10 as indicating a good degree of repro-
ducibility, between 10 and around 30 as medium,
and anything above that as poor. Note that higher
CV* scores indicate worse reproducibility.

3 Track B ReproHum MLMT Results

As outlined above, we report degree of repro-
ducibility results below for each ReproNLP’26 sub-
mission in terms of QRA measures. For Type |
measures, we are using the small sample correc-
tion option in the QRA3 tool that assumes normal
distribution (Belz and Thomson, 2026) in all cases.
While there is discussion regarding where to draw
the line, it is generally agreed that when the items
in the sample are themselves means computed over
large numbers of items, then we are justified in
using normality assumptions, by dint of the central
limit theorem. In the ReproHum set of experiments
used in reproduction studies, all such means are
computed over between 150 and 480 items (aver-
age 262.13).

3.1 Castro Ferreira et al. (2018)

In this experiment, participants are shown outputs
of a data-to-text system (using WebNLG’2017 data,
(Gardent et al., 2017)), and rate their Clarity on a
1 (very bad) to 7 (very good) scale. The following
table shows the mean system ratings, alongside
the corresponding CV* (n=2) values, for O (the
original study), R1 (Mahamood, 2024), and R2
(Langner, 2026):

System o R1 R2 CV*
OnlyNames 4.90 4.92 5.27 5.83
Ferreira 4.93 4.69 5.02 4.96
NREG+Seq2Seq 4.97 4.97 5.21 3.86
NREG+CAtt 5.26 4.97 5.48 6.81
NREG+HierAtt 5.13 5.04 5.31 3.73
Original ______ 542 522 564 536
Mean CV* - - - 5.09

CV* scores here indicate an excellent degree of
reproducibility for system-level scores (Type I),
especially considering this is a human evaluation.

The next table below compares pairs of aligned
experiments, showing Type II (r, p, T correlations)
and Type IV (P, the proportion of identical pair-
wise system ranks) QRA scores. On both Type II
and IV measures, the alignment is high while not
close to 1, indicating that the original study has
very good reproducibility. Moreover, we can see
that O and R2 agree slightly more with each other
than the other pairings.

Study Study CV* T p T P
A B
0] Rl 3.06 0.783 0.841 0.690 0.800 (12/15)

o R2
R1 R2

4.63 0908 0.829 0.733 0.867 (13/15)
7.53 0.893 0.812 0.690 0.800 (12/15)

Table 2 shows the full QRA results, as automat-
ically generated by the QRA3 tool. This table
provides different perspectives again from the two
smaller tables above: QRA is here applied, as in-
tended, to the complete set of aligned experiments,
producing degree of reproducibility assessments
at the (i) system, (ii) QC, and (iii) study level.
This shows us that the experiment originally cre-
ated by Castro Ferreira et al. (2018), and repeated
by (Mahamood, 2024) and (Langner, 2026), has a
very good degree of reproducibility: Type I results
(CV*, lower is better) are very good. Correlations
(Type II) are strong but below 0.9, and the P score
(Type IV) shows 82% shared pairwise system rank-
ings across the three runs of the experiment.

3.2 Gabriel et al. (2022)

Participants in this experiment are shown output
texts from three systems that generate statements
of the writer’s intents given news headlines as in-
put, and are asked to mark system output texts for
Social acceptability, using a binary yes/no rating
instrument. The following table shows the percent-
ages of socially acceptable outputs, alongside the
corresponding CV* (n=2) values for O (the original
study), RI (Mahlaza et al., 2024), and R2 (Fan and
Chen, 2026), finding good to medium degrees of
Type I reproducibility.

System (0] R1 R2 CV*
T5-base 7530  68.67 66.17 7.60
T5-large 74.66 6831 6733 6.41
GPT2large  _ _ _ _ 7466 _ 6530 5867 _13.69
Mean CV* - - - 9.23




Table 2: ReproHum 0124-03: QRA reproducibility assessment for three comparable experiments (n=3), Castro Fer-

reira et al. (2018), Mahamood (2024), and Langner (2026); n/a = measure does not apply at this level.

Type of QC System Measure Degree of reproducibility (n = 3)
Result applied System QC level Study level
level
OnlyNames 5.83
Ferreira 4.96
Type I Clarity NeuralREG+Seq25eq (mean) CV*| e 5.09 5.09
NeuralREG+CALtt 6.81
NeuralREG+HierAtt 3.73
Original 5.36
all mean 7 T n/a 0.861
Type II Clarity all mean p 1 n/a 0.827 n/a
all w1 n/a 0.876
Type IV Clarity all P17 n/a 0.822 0.822

Table 3: ReproHum 0866-04: QRA reproducibility assessment for three comparable experiments (n=3), Gabriel

et al. (2022), Mahlaza et al. (2024), and Fan and Chen (2026); n/a = measure does not apply at this level.

Type of Measure ibili =
yp QC System Degree of reproducibility (n = 3)
Result applied System QC level Study level
level
T5-base 7.60
Type I Social acceptability T5-large (mean) CV*| 6.41 9.23 9.23
GPT2-large 13.69
all mean r T n/a 0.649
Type II Social acceptability all mean p 1 n/a 0.455 n/a
all w1 n/a 0.583
Type IV Social acceptability all Pt n/a 0.556 0.556

The next table below again shows the pairwise
Type I, Il and IV QRA results:

Study Study CV* r p T P
A B
(6] R1 930 0.582 0.866 0.816  0.667 (2/3)
(0} R2 1395 0389 0 0 0.333 (1/3)
R1 R2 468 0976 0.500 0.333 0.667 (2/3)

This reveals that O and R2 produce less similar
results than the other two pairings. In fact, in spite
of the system-level scores being fairly similar (CV*
is at the good end of medium), the correlations are
poor, and just one paired rank is the same.

In contrast, O and R1 have good p and 7, but
lower 7; R1 and R2 have excellent r, but less good
p and 7. These differing results show that all five
measures in our tables provide individually inter-
esting perspectives on degree of reproducibility.

Table 3 shows the corresponding full QRA re-

sults (for all three experiments jointly), revealing
good (bordering on medium) Type I results (CV*),
medium to poor correlations (Type II), and 55%
shared pairwise ranks (P, Type IV).

3.3 Yaoetal. (2022)

For this experiment, participants are shown a
spreadsheet where each row contains a children’s
story, a generated question, and a generated answer
for that question. They are then asked to evaluate
the Readability of the generated question and an-
swer pair (defined as “grammarly [sic] correct and
clear language”) on a scale of 1 (worst) to 5, which
they enter in the adjacent column as an integer.
The table below shows the mean system scores,
alongside the corresponding CV* (n=3) values
(Type I results) for O (the original study), R1
(Braun, 2025), and R2 (Hiirlimann and Cieliebak,
2026). CV* scores here indicate a medium degree
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of reproducibility (in terms of the verbal descrip-
tors introduced above).

System o R1 R2 CV*
Ground Truth 4.95 4.38 4.18 12.87
QAG 4.71 3.85 3.60 21.52
PAQ _______ 408 314 325 2329
Mean CV* - - - 19.23

The next table below again shows the pairwise
Type I, II and IV QRA results. This reveals that
even though CV* is only medium overall, the re-
maining measures are near perfect (r) or in fact
perfect (p, 7, P)

Study Study CV* r p T P
A B
o R1 2298 0986 1 1 1.000 (3/3)
(0} R2 2597 0923 1 1 1.000 (3/3)
Rl  R2 599 0975 1 1 1.000 (3/3)

Table 4 shows the corresponding full QRA results,
for the three experiments jointly. These very much
accord with what we saw from the pairwise results.

3.4 Reif et al. (2022)

In this experiment, participants are asked to rate,
on a 0-100 slider scale, the Meaning Preserva-
tion of output sentences that have undergone style
transfer to make them more positive, given the in-
put sentence. The table below shows the mean
system-level scores, alongside the corresponding
CV* (n=3) for O (the original study), R1 (On-
derkova et al., 2025) and R2 (Mahamood, 2026).
CV* values are very varied here, depending on
the system; the Paraphrase system stands out for
having poor CV*, in fact O considers it to be the
best system and R1 and R2 the worst. The human-
created style-transferred texts in contrast stand out
for having particularly good reproducibility.

System (0] R1 R2 CV*
paraphrase 90.29 4555 2174 76.22
Zero 60.71 49.66 2424 48.10
aug_zero 86.47 6499 67.31 18.50
buman _______ 8529 7476 7933 _ 7.56_
Mean CV* - - - 37.59

from O are very dissimilar to those from R1 and
R2, in fact in terms of both p and 7, the correlation
is inverse, with only 2/6 ranks shared.

Study Study CV* r p T P
A B
0] Rl 28.65 0.300 -0.400 -0.333  0.333 (2/6)
(0] R2 5431 0.401 -0.400 -0.333  0.333 (2/6)
Rl  R2 3395 0987 1 1 1.000 (6/6)

Table 5 shows the corresponding full QRA results,
for the three experiments jointly. These show poor
reproducibility across all measures.

Because there was a substantial difference be-
tween the two reproductions on the one hand, and
the original results on the other, we performed an
LLM sanity check using the same method as in
ReproNLP 2025 (Belz et al., 2025). However, it
was inconclusive.

3.5 August et al. (2022)

Participants in this experiment were shown defi-
nitions of scientific terms and asked whether they
contained any errors (yes or no). They were able to
use the internet to check the definitions. Results are
reported in terms of percentage of definitions with
errors. This QC is called Factual Truth below.

August et al. report separate results for counting
a definition to contain errors if (i) both evaluators
indicated there was an error; and if (ii) at least one
of the evaluators indicated there was an error. In
this report, we first present two repeat runs first for
case ii, then for case i.

(ii) At least one evaluator finds an error

The corresponding percentages for case ii are
shown in the following table, O by August et al.
(2022); R1 by Florescu et al. (2025); R2 by Arous
and Cheung (2026):

System (0] R1 R2 Cv*
DEXPERT 86.00 78.00  80.00 5.78
GEDI 52.00 78.00 65.00 22.57
SVM________3800_7800_ 3900 4982
Mean CV* - - - 26.05

The next table below again shows the pairwise
Type I, Il and IV QRA results. This reveals that R1
and R2 have excellent Type II and IV reproducibil-
ity with respect to each other, despite having poor
Type I reproducibility. Arguably, if Type II correla-
tions are close and pairwise ranks are reproduced,
how close the actual scores is secondary. Results

The 3-way CV* values above range from good
for the DEXPERT system to poor for SVM. The
next table below shows the pairwise Type I, I and
IV measures. These reveal something previously
unseen: O and R2 are in fact very close, whereas R1
is not aligned at all with the other two experiments.
And in fact, it turns out in R1 all systems have the
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Table 4: Reproductions of Yao et al., (2022) by reprohum partners: QRA reproducibility assessment for three
comparable experiments (n=3), Yao et al. (2022), Braun (2025), and Hiirlimann and Cieliebak (2026); n/a = measure

does not apply at this level.

Type of QC System Measure Degree of reproducibility (n = 3)
Result applied System QC level Study level
level
Ground Truth 12.87
Type I Readability QAG (mean) CV*| 21.52 19.23 19.23
PAQ 23.29
all mean r T n/a 0.961
Type 11 Readability all mean p 1 n/a 1.000 n/a
all w1 n/a 1.000
Type IV Readability all P17 n/a 1.000 1.000

Table 5: Reif_etal_2022: QRA reproducibility assessment for three comparable experiments (n=3), Reif et al.

(2022), Onderkova et al. (2025), and Mahamood (2026); n/a = measure does not apply at this level.

Type of Measure ibili =
yp QC System Degree of reproducibility (n = 3)
Result applied System QC level Study level
level
paraphrase 76.22
. . ZETro . 48.10
Type I Meaning Preservation (mean) CV*| 37.59 37.59
aug_zero 18.50
human 7.56
all mean 7 T n/a 0.563
Type II Meaning Preservation all mean p 1 n/a 0.067 n/a
all W1 n/a 0.378
Type IV Meaning Preservation all Pt n/a 0.556 0.556

same percentage (78) assigned to them, so the Type
II measures cannot be computed.

Study Study CV* r p T P
A B
(0] Rl 3507 n/a n/a n/a 0.000 (0/3)
(6] R2 947 0925 1 1 1.000 (3/3)
R1 R2 2581 n/a n/a n/a 0.000 (0/3)

(i) Evaluators agree there is an error

For case i (where both evaluators must agree there
is an error), the situation is worse in some respects,
and improved in others. The 3-way CV* table
shows CV* to be much worse:

System o R1 R2 Cv*
DEXPERT 67.00 54.00 38.00 30.93
GEDI 33.00 51.00 32.00 31.20
SVM_ _______1600_57.00__16.00 _90.03
Mean CV* - - - 50.72

The pairwise reproducibility measures again facili-
tate interesting additional insights: O and R2 are in

near perfect agreement again, while R1 is inversely
correlated with both O and R2:

Study Study CV* T p T P
A B
o R1 52.19 -0.327 -0.500 -0.333  0.333 (1/3)
o R2 1723 0902 1 1 1.000 (3/3)
Rl R2 56.98 -0.703 -0.500 -0.333  0.333 (1/3)

3.5.1 Discussion of August et al. reproductions

Taken in combination, the results from O, R1 and
R2 for the two cases (i and ii) strongly suggest that
something has gone wrong in R1. That all three
systems have the same error rate (as happened in
case ii) is generally unlikely; pronounced negative
correlations for all measures and both O and R2
are another warning flag. As a result, we’ve de-
cided not to present the full QRA tables for all
three aligned experiments jointly, because the re-
sults would be based on an experiment that’s likely
to be faulty, and therefore the presentation would
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be likely to be misleading.

We additionally conducted an LLM sanity check
with the method from ReproNLP 2025 which
strongly agreed with O and R2, and strongly dis-
agreed with R1, in both settings ¢ (where both eval-
uators must agree), and 72 (where just one evaluator
needs to agree). For the full tables, including the
LLM results, see Appendix A.

The above illustrates why multiple reproductions
are needed in reproducibility assessments: any sin-
gle one can go wrong, and more evidence means a
more more complete a picture emerges.

4 Track B Non-MLMT Results

The results presented in this section were produced
for one of the ReproHum MLMT study original pa-
pers (see list above), but not under the strict condi-
tions of the MLMT study. Participants were given
the same resources as the ReproHum partners that
were shared by the original authors, and asked to re-
produce the experiment under as similar conditions
as possible. However, ultimately it was up to them
which quality criteria they evaluate, and how they
conduct their reproduction study. Both participants
presented in this section, Gawinecki et al. (2026)
and Florescu et al. (2024) (from ReproNLP 2024)
reproduced the full set of quality criteria from the
original study by Yao et al. (2022).

4.1 Full set of QCs from Yao et al. (2022)

To recap briefly from above, in this experiment,
participants were asked to evaluate the Readability
of generated question/answer pairs on a scale of 1—
5. However, they also similarly evaluated Answer
Relevance and Question Relevance which were
not included in the ReproHum reproductions.

The following table presents the system-level
scores and corresponding CV* values for the two
reproductions of Yao et al. which included all of
the three evaluation criteria, R1 (Florescu et al.,
2024), and R2 (Gawinecki et al., 2026):

Criterion System O R1 R2 CV*
Answer Relevance QAG 399 320 3.69 17.13
Answer Relevance  PAQ 390 320 3.78 16.08
Answer Relevance GND 4.83 446 457 592
Question Relevance QAG ~ 439 3.83  3.95 10.88°
Question Relevance PAQ 418 3.61 3.64 1288
Question Relevance GND  4.92 471 4.64 4.38
Readability =~ =~~~ QAG ~ 471 452 3.88 1456
Readability PAQ 4.08 4.17 356 12.65
Readability GND 495 471 4.05 1473
Mean CV* - - - - 12.14

The 3-way CV* scores above are medium good

mostly, and are broadly comparable across the three
quality criteria (QCs). The scores for the ground
truth outputs (GND) have better reproducibility for
Answer Relevance and Question Relevance, not
however for Readability. The latter is in contrast to
the other results for Yao et al., presented above in
Section 3.3 where the ground truth outputs had bet-
ter reproducibility for Readability by some margin.

The three tables below show pairwise Type I, 11
and IV results by QC. We can see that for Answer
Relevance, r is near perfect, but p and 7 are less
strong, especially between O and R2, with 2 out
of 3 pairwise ranks shared. In contrast, Question
Relevance and Readability have perfect Type II and
IV reproducibility. CV* values range from good to
medium, but are a bit all over the place, each pair
having lowest CV* for one of the QCs.

Answer Relevance:

Study Study CV* T p T P
A B
(0] R1 20.10 0.996 0.866 0.816  0.667 (2/3)
0] R2 6.44 0.984 0500 0.333  0.667 (2/3)
Rl R2 13.73 0.996 0.866 0.816 0.667 (2/3)
Question Relevance:
Study Study CV* r p T P
A B
(0] Rl 12.76 0996 1 1 1.000 (3/3)
(0] R2 11.77 1.000 1 1 1.000 (3/3)
Rl  R2 213 0993 1 1 1.000 (3/3)
Readability:
Study Study CV* r p T P
A B
0] RlI 425 099% 1 1 1.000 (3/3)
(0] R2 2048 0997 1 1 1.000 (3/3)
Rl R2 1797 1.000 1 1 1.000 (3/3)

The corresponding full 3-way QRA results are
shown in Table 6. Type I reproducibility is good
to medium for all quality criteria, correlations are
very strong except for p and W for Answer Rele-
vance. P scores are perfect for Question Relevance
and Readability, less so for Answer Relevance.

4.2 Reproductions of Readability in Yao et al.

Taking the reproduction studies from the last sec-
tion together with those from Section 3.3, we have
a rare, if not unique in NLP, total of four reproduc-
tions of a Readability evaluation.

The table below shows the system-level Read-
ability scores, alongside CV* values (n=5), for
O by Yao et al. (2022); R1 by Florescu et al.
(2024); R2 by Braun (2025); R3 by Hiirlimann and
Cieliebak (2026); R4 by Gawinecki et al. (2026).
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Table 6: Yao et al. (2022), non-MLMT: QRA reproducibility assessment for three comparable experiments (n=3),
Yao et al. (2022), Florescu et al. (2024), and Gawinecki et al. (2026); n/a = measure does not apply at this level.

Type of Measure ibili =
yp QC System Degree of reproducibility (n = 3)
Result applied System level QC level ‘ Study level
QAG 17.13
Answer Relevance PAQ (mean) CV*| 16.08 13.05
,,,,,,,,,,,,,, Ground Truth | __ | 2 .
QAG 10.88
Type I Question Relevance PAQ (mean) CV*| 12.88 9.38 12.14
,,,,,,,,,,,,,, GroundTruth | ____ | 4.38 L]
QAG 14.56
Readability PAQ (mean) CV*], 12.65 13.98
Ground Truth 14.73
all mean r T n/a 0.992
Answer Relevance all mean p 1 n/a 0.744
77777777777777 al Wt | na | 0.750
all mean r T n/a 0.996
Type 11 Question Relevance all mean p 1 n/a 1.000 n/a
77777777777777 al AWt | na | 1.000
all mean r T n/a 0.998
Readability all mean p 1 n/a 1.000
all w1 n/a 1.000
| Answer Relevance | all | Lt A S wa | __ 0.667 _ |
TpelVe | Question Relevance | all | PY_ | __ wa_ | oo | 0889
Readability all Pt n/a 1.000

The CV* values are all at the good end of medium.

System O Rl R2 R3 R4 CV*
QAG 471 452 3.85 3.60 3.88 16.29
PAQ 4.08 4.17 3.14 325 3.56 18.93
Ground Truth ___ 495 471 438 418 405 1148
Mean CV* - - - - - 15.57

The next table below shows the pairwise Type I, 11
and IV results for the 5 runs of the experiment. CV*
ranges from just under 5 to about 26, r is perfect or
near perfect in all cases, while the remaining three
scores, p, T and P, are all maximum (best) values.

Study Study CV* T p T P

A B

(6] Rl 425 09% 1 1 1.000 (3/3)
(0} R2 2298 0986 1 1 1.000 (3/3)
(6} R3 2597 0923 1 1 1.000 (3/3)
(0} R4 2048 0.997 1 1 1.000 (3/3)
Rl  R2 2042 099 1 1 1.000 (3/3)
Rl R3 2345 0952 1 1 1.000 (3/3)
Rl R4 1797 1.000 1 1 1.000 (3/3)
R2 R3 599 0975 1 1 1.000 (3/3)
R2 R4 862 09% 1 1 1.000 (3/3)
R3 R4 806 0950 1 1 1.000 (3/3)

Table 7 shows the full 5-way QRA results. This
table, and the other two QRA tables for Yao et al.,
Tables 4 and 6 all paint a similar picture: medium
CV* with excellent Type II and IV results.

5 Track A

Ardestani et al. (2026) take a different view of
reproduction than the other contributions so far
presented. Rather than ask, if we re-run an evalua-
tion experiment under similar conditions, can we
expect similar results, Ardestani et al. ask, if we
apply this evaluation method to a different dataset
and task, can we expect similar correlations with
human evaluation.

The evaluation method is AutoNuggetizer
which evaluates long-form answers from retrieval-
augmented generation (RAG) systems by decom-
posing evaluation into atomic facts (nuggets) and
using LL.Ms for nugget creation and assignment.

The original study used TREC 2024 RAG Track
data, an open-ended query task, comprising 301
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Table 7: Yao et al. (2022), all reproductions: QRA reproducibility assessment for five comparable experiments
(n=5), Yao et al. (2022), Florescu et al. (2024), Braun (2025), Hiirlimann and Cieliebak (2026), and GawinecKki et al.

(2026); n/a = measure does not apply at this level.

Type of QC System Measure Degree of reproducibility (n = 5)
Result applied System QC level Study level
level
QAG 16.29
Type I Readability PAQ (mean) CV*| 18.93 15.57 15.57
Ground Truth 11.48
all mean r T n/a 0.977
Type 11 Readability all mean p 1 n/a 1.000 n/a
all w1 n/a 1.000
Type IV Readability all P17 n/a 1.000 1.000

topics (queries or questions) with community-
submitted answers. The main aim for Ardestani et
al. was to test if similarly good correlations with
human evaluations could be obtained on the QAM-
PARI list-QA benchmark, where answers consist
of discrete entities, rather than long-form text.

The following table summarises Kendall’s 7 val-
ues observed in the original study O (Pradeep et al.,
2025) and in Ardestani et al.’s experiments R1
(these are all the specific 7 values that are reported
in the paper):

O(7) R1 (1)
‘/st'rict \AS E/M 0.887 0.810
Astm’ct VS E/M 0.901 0.810
Vatriee vs MM~~~ — 7 0727 0.810
Astrict vs M /M 0.758 0.714

Here, E before the forward slash stands for edited
automatic nugget identification with AutoNugge-
tizer, M for manual nugget identification. After
the slash, M stands for manual nugget assignment.
Vistrice 1s the fraction of vital nuggets labelled fully
supported, Agsrict the fraction of all nuggets fully
supported.

The above figures look broadly comparable in
the sense that the metrics achieve reasonable corre-
lation with human assessment. However in terms
of rank between Vit and Agict, O and R1 do
not assign the same relative ranks to the two met-
rics, neither when compared to E/M, nor when
compared to M/M.

Note that it would not be appropriate to apply
QRA analysis to the figures in the above table,
because task, dataset, and systems were all different
(QRA requires at least the object of measurement,
i.e. the systems, to be the same).

6 Reproducibility by Properties

As in previous years, we examine associations be-
tween experiment properties and QRA measures,
to see if any pattern emerges as to which proper-
ties may be associated with better, and which with
worse, reproducibility.

Table 8 shows some of the main HEDS prop-
erties of the experiments repeated by ReproHum
partner labs, along with mean CV* r and P values
in the last five columns. The three CV* values are
calculated as follows:

* O vs R1: the mean of two-way CV* values
between O and R1.

* O vs R2: the mean of two-way CV* values
between O and R2.

* n=3: the mean of three-way CV* values be-
tween O, R1 and R2.

What we are looking for in this table is any indica-
tion that one of the HEDS properties is associated
with better/worse experiment-level QRA scores.
In previous years, one such property was number
of evaluators (HEDS Question 3.2.1): the pattern
is for more evaluators to be associated with bet-
ter reproducibility, a pattern that is also observed
in Table 8, where August et al. has the smallest
number of evaluators (2) and the worst QC-level
CV#*, r and P. In contrast, the best set of QRA
scores overall is for the experiment with the largest
number of evaluators (Castro Ferreira et al.).
Another trend that was previously observed and
is also observable here is that evaluations that are
more cognitively complex tend to have poorer re-
producibility than cognitively simpler evaluations.
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ReproNLP 2026

Type I (mean CV™) Type I and

v

Orig Study // Repro a/Re-
prob

measurand

3.21| 434438

412] 413 ||OvsR1| OvsR2 | n=3 P

mean 7

August et al. (2022) // Flo-
rescu et al. (2025) / Arous
and Cheung (2026)

Factual Truth (both)

~

Yes, No | DQE | Corr.

NS (ST )
~

Content | EFoR

52.19 17.23 |50.72 | -0.043 | 0.556

August et al. (2022) // Flo-
rescu et al. (2025) / Arous
and Cheung (2026)

Factual Truth (one)

~

Yes, No | DQE Corr.

N NN
~

Content | EFoR

35.07 9.47 26.05| nan |0.333

Castro Ferreira et al.
(2018) /I Mahamood

(2024) / Langner (2026)
Clarity 60 / 1-7
60 /

60

DQE | Good.

Both | iiOR 3.06 4.63 5.09 | 0.861 |0.822

Gabriel et al. (2022) //
Mahlaza et al. (2024) /
Fan and Chen (2026)
Social acceptability UNK] Yes, No
/ 42

/60

DQE | Feature

Both | EFoR 9.30 13.95 9.23 | 0.649 |0.556

Reif et al. (2022) // On-
derkovd et al. (2025) / Ma-
hamood (2026)

Meaning Preservation 0-100 | DQE | Good

(o) e W)

Content Rtl

28.65 5431 |37.59]| 0.563 |0.556

Yao et al. (2022) // Braun
(2025) / Hiirlimann and
Cieliebak (2026)

Readability 1-5|DQE| Good

WD L
~ ~

Both | iiOR 22.98 25.97 19.23| 0.961 |1.000

Table 8: Summary of some properties of ReproNLP experiments performed by ReproHum partner labs, alongside
mean CV* (n=2, or n=3; shown in different columns because different sample sizes are not directly comparable). The
following columns map to experiment properties as recorded in HEDS 3.0 (Belz and Thomson, 2025): 3.2.1 = number
of evaluators in original/reproduction experiment; 4.3.4 = List/range of possible responses; 4.3.8 = Form of response
elicitation (DQE: direct quality estimation, RQE: relative quality estimation, Cl/Lab: classification/labelling, Count:
counting occurrences in text); 4.1.1 = Correctness/Goodness/Features; 4.1.2 = Form/Content/Both; 4.1.3 = each
output assessed in its own right (iilOR) / relative to inputs (RtI) / relative to external reference (EFoR).

An example is the evaluation of Factual Truth in
August et al. which had the highest study-level,
mean CV* of all studies reported. Another exam-
ple is Meaning Preservation in Reif et al. which
has the second worst CV* values. These are both
cognitively complex: the former requires evalua-
tors to look things up online and assess the truth
value of texts. The latter involves comparing inputs
and outputs and determining to what extent they
mean the same thing independently of the manner
in which they are expressed.

7 Discussion

As in previous editions of ReproNLP, we saw that
degree of reproducibility can look very different
depending on which single reproduction study we
look at. For example, in the August et al. experi-
ment variant where both evaluators must agree on
errors (Section 3.5), R1 is inversely correlated with
O, while R2 strongly agrees with it.

Degree of reproducibility can also look very dif-
ferent depending which QRA measure is applied.
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For example, for Yao et al., the Type Il measures
applied (Pearson’s and Spearman’s correlations)
showed excellent reproducibility, as did Type IV
(P, the proportion of identical pairwise ranks), but
CV* was only medium (study-level mean CV* was
19.23). We have observed this pattern a few times
in ReproNLP, but the inverse, excellent study-level
mean CV*, and then terrible correlations and P,
we have never seen (as one would expect).

For the above reasons, it’s important to think of
the full QRA assessment which takes all aligned ex-
periments in a set into account jointly as the truest
assessment of the reproducibility of the experiment
design (and where shared also the implementation).

A type of experiment that’s emerging as having
particularly good reproducibility is one that asks 5
or more evaluators to rate system outputs in terms
of a cognitively non-complex quality criterion on a
small scale, looking only at the system outputs. We
saw two examples in this report: Castro Ferreira
et al., and Yao et al. With four reproductions to
date, the Yao et al. experiment has been thoroughly
stress tested: five different teams of researchers
have implemented and run this experiment design
and all obtained the same system ranks, and near
perfect system-level score correlations.

8 Conclusion

As ever, because shared task results reports are
written under pressure of time and to a deadline,
there are other aspects than those reported here
which we would like to have investigated, but will
have to leave for future work.

Some of our most important insights from the
ReproNLP work have been:

* Multiple reproductions are needed to test
the reproducibility of an experiment design:
we have seen cases where one reproduction
showed terrible reproducibility while the next
showed excellent reproducibility.

* Multiple measures of degree of reproducibility
are needed (as in QRA): system-level scores
can be very different between two runs of an
experiment, yet correlations and P (propor-
tion of same pairwise ranks) can still be very
strong (and vice versa).

* Degree of reproducibility needs to be assessed
at least at the system level and the QC level:
large differences can occur between systems
in terms of how reproducible their aggregated

scores are which is completely obscured at the
QC level.

The ReproHum reproductions reported here com-
plete the second ReproHum MLMT study, and we
will move on to reporting the results from the whole
study in our work next. We hope that the results
and methodological, data and computing resources
that ReproNLP has accumulated over its six edi-
tions will prove useful to the research field. We
plan to release our resources and results in full so
that further work can be conducted on this basis.
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A LLM Sanity Checks for August et al.

The first table below show the system-level scores
for the Factual Truth QC, in the setting where
both evaluators must agree there is an error , aug-
mented by LLM evaluation results as peer the san-
ity check method from Belz et al. (2025), first pro-
posed by Huidrom and Belz (2025). O by August
et al. (2022); R1 by Florescu et al. (2025); R2
by Arous and Cheung (2026); LLM by Belz et al.
(2025).

System (0] R1 R2 LLM CV*
DEXPERT 67.00 54.00 38.00 85.00 35.44
GEDI 33.00 51.00 32.00 35.00 25.65
SVW\mooo o 16.00_ 57.00 16.00_25.00 74.14
Mean CV* - - - - 45.08

The next table below shows the corresponding pair-
wise QRA results:

Study Study CV* r P T P
A B
LLM O 21.70 0.984 1 1 1.000 (3/3)
LLM R1 47.22 -0.156 -0.500 -0.333 0.333 (1/3)
LLM R2 38.19 0.812 1 1 1.000 (3/3)
(0] Rl 52.19 -0.327 -0.500 -0.333 0.333 (1/3)
(0] R2 17.23 0.902 1 1 1.000 (3/3)
Rl R2 5698 -0.703 -0.500 -0.333 0.333 (1/3)

The first table below show the system-level
scores for the Factual Truth QC, in the setting
where only one evaluator need agree there is an er-
ror, augmented by LLM evaluation results as peer
the sanity check method from Belz et al. (2025).
O by August et al. (2022); R1 by Florescu et al.
(2025); R2 by Arous and Cheung (2026); LLM by
Belz et al. (2025).

System (0] R1 R2 LLM CV*
DEXPERT 86.00 78.00 80.00 98.00 11.43
GEDI 52.00 78.00 65.00 75.00 18.87
SVW\mo 38.00_ 78.00 39.00_ 68.00 39.59
Mean CV* - - - - 23.30

The next table below shows the corresponding pair-
wise QRA results:

Study Study CV* r p T P
A B
LLM O 31.27 0.998 1 1 1.000 (3/3)
LLM Rl 1192 n/a n/a n/a  0.000 (0/3)
LLM R2 26.21 0.899 1 1 1.000 (3/3)
(0] Rl 3507 n/a n/a n/a  0.000 (0/3)
(0] R2 947 0.925 1 1 1.000 (3/3)
Rl  R2 2581 n/a n/a n/a  0.000 (0/3)

B The ReproHum Common Approach to
Reproduction

In order to ensure comparability between studies,
we agreed the following common-ground approach

to carrying out reproduction studies:

1. Plan for repeating the original experiment in
a form that is as far as possible identical to
the original experiment, ensuring you have
all required resources in place, then apply to
research ethics committee for approval. If any
aspect of the original experiment is unclear,
contact the ReproHum coordinator who will
either obtain clarification from the author, or
create a sensible design that will then be used
by all partner labs reproducing that experi-
ment.

2. If participants were paid during the original
experiment, determine pay in accordance with
the ReproHum common procedure for calcu-
lating fair pay (Belz et al., 2023a).

3. Following ethical approval start the reproduc-
tion study following the steps below. Contact
the ReproHum team with any questions rather
than the original authors, as they have already
provided us with all the resources and infor-
mation they have. Don’t communicate with
other ReproHum teams about their reproduc-
tion studies. This is to avoid inadvertently
affecting outcomes.

4. Complete HEDS datasheet. Identify the fol-
lowing types of results reported in the original
paper for the experiment:

(a) Type I results: single numerical scores,
e.g. mean quality rating, error count, etc.

(b) Type II results: sets of numerical scores,
e.g. set of Type I results.

(c) Type III results: categorical labels at-
tached to text spans of any length.

(d) Qualitative conclusions/findings stated
explicitly in the original paper.’

5. Carry out the allocated experiment exactly as
described in the HEDS sheet.

6. Report the results in the following form:

(a) Description of the original experiment.

(b) Description of any differences in your
repeat experiment.

(c) Side-by-side presentation of all results
(8a-d above) from original and repeat ex-
periments, in tables.

"We now call these Type IV results.
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(d) Report quantified reproducibility assess-
ments in terms of QRA++ (Belz and
Thomson, 2026) as follows:

i. Type I results: Small-sample coeffi-
cient of variation CV*,

ii. Type II results: Pearson’s r, Spear-
man’s p.

iii. Type III results: Multi-rater: Fleiss’s
r; Multi-rater, multi-label: Krippen-
dorff’s a.

iv. Type IV results: Proportion of pair-
wise system ranks maintained.
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