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Abstract

We propose IMPARA-GED, a novel reference-
free automatic grammatical error correction
(GEC) evaluation method with grammatical
error detection (GED) capabilities. We fo-
cus on the quality estimator of IMPARA, an
existing automatic GEC evaluation method,
and construct that of IMPARA-GED using
a pre-trained language model with enhanced
GED capabilities. Experimental results on
SEEDA, a meta-evaluation dataset for auto-
matic GEC evaluation methods, demonstrate
that IMPARA-GED achieves the highest corre-
lation with human sentence-level evaluations.

1 Introduction

Grammatical error correction (GEC) is the task
of automatically correcting grammatical or super-
ficial errors in input sentences. While GEC sys-
tems should manually assess the quality of their
corrections, human evaluation for a wide range of
arbitrary inputs is strenuous, making it impractical.
Therefore, it is necessary to establish automatic
evaluation methods for GEC that correlate highly
with human evaluation. The automatic GEC eval-
uation methods can be categorized into reference-
based evaluation methods (Bryant et al., 2017; Go-
tou et al., 2020; Koyama et al., 2024) and reference-
free evaluation methods (Yoshimura et al., 2020;
Islam and Magnani, 2021; Maeda et al., 2022).

Reference-based evaluation methods measure
the closeness between the outputs of GEC systems
and human-written references. However, since
incorrect sentences can be corrected in multiple
ways, accurate evaluation requires multiple refer-
ence sentences. Yet, constructing comprehensive
human references is impractical, and low-coverage
reference sets often deteriorate evaluation relia-
bility (Choshen and Abend, 2018a,b). Therefore,
reference-free evaluation methods, which rely only
on input sentences and system outputs, have the
potential to overcome these limitations.

Most reference-free evaluation methods employ
pre-trained language models (PLMs). For instance,
Scribendi Score (Islam and Magnani, 2021) uses
the perplexity of a PLM to compute evaluation
scores for corrected outputs. SOME (Yoshimura
et al., 2020) trains PLMs separately on human as-
sessment scores for fluency, grammaticality, and
meaning preservation. IMPARA (Maeda et al.,
2022) combines a similarity estimator between in-
puts and system outputs with a quality estimator
for system outputs, which rely on PLMs. The qual-
ity estimator is trained without requiring human-
annotated evaluation results, using only parallel
data of erroneous and corrected sentences con-
structed for GEC systems. However, although the
quality estimator is trained on a vanilla PLM, its
pre-trained knowledge alone is insufficient to cap-
ture grammatical errors accurately.

In this paper, we propose IMPARA-GED, a
novel reference-free automatic evaluation method
for GEC. Inspired by the insight that additional
training on the Grammatical Error Detection (GED)
task enhances GEC systems (Yuan et al., 2021;
Kaneko et al., 2020), the quality estimator of
IMPARA-GED is constructed by first fine-tuning
a PLM on the GED task and then applying quality
estimator construction method of IMPARA. More-
over, we remove the similarity estimator used in
IMPARA, as empirical observations indicate that
it fails to effectively capture grammatical errors
in the outputs of modern GEC systems. Our ex-
perimental results on SEEDA, a meta-evaluation
benchmark (Kobayashi et al., 2024b), show that
IMPARA-GED achieves the highest correlation
with human sentence-level evaluations.

2 Background: IMPARA

IMPARA consists of two models: a quality esti-
mator (QE), which assesses the quality of GEC
systems outputs, and a similarity estimator (SE),
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which evaluates the semantic preservation between
inputs and system outputs. While the similarity
estimator utilizes a vanilla PLM, the quality estima-
tor is constructed by fine-tuning an encoder-based
PLM such as BERT (Devlin et al., 2019).

Construction of Quality Estimator. The qual-
ity estimator is constructed by learning the pair-
wise quality ranking order (S, S_), where S has
higher quality and S_ has lower quality. These
pairs can be automatically generated from parallel
data of incorrect and correct sentences constructed
for GEC systems. Specifically, an edit set for trans-
forming an incorrect sentence into a correct sen-
tence is extracted, and the impact of each edit is
quantified based on the degree of semantic change
when the edit is removed from the correct sentence.
Two different subsets of the edit set are then sam-
pled and applied to the incorrect sentence, gener-
ating two different corrected sentences. Since the
impact of each edit is already computed, the total
impact can be calculated for each subset as a qual-
ity. We regard the higher-quality correction as .S
and the lower-quality correction as S_, forming the
training data 7. Finally, the quality estimator R
is trained using the training data 7~ by minimizing
the loss function £F as follows:
1

T 2.

(S+,5-)eT

L = o(R(S-) — R(S4)), (1)

where o(+) is a sigmoid function. The quality es-
timator R linearly transforms the final layer’s first
token embedding representation of the incorrect
sentence into a real-valued score.

Scoring in IMPARA. IMPARA calculates the
evaluation score S(I,0) € [0, 1] for a pair of an
input sentence I and its corrected output O from a
GEC system using the quality estimator R and the
similarity estimator sim(-) as follows:

o(R(0))

S(I,O):{ ’ sim(/, O;PLM) > 6

otherwise ’

2)
where 6 is the threshold of the similarity. This
threshold is used to filter out sentences that are
irrelevant to the input sentences but receive high
quality estimation scores.

3 Proposed Method: IMPARA-GED

We propose IMPARA-GED by removing the simi-
larity estimator from IMPARA and incorporating

System-level Sentence-level

SEEDA-S SEEDA-E SEEDA-S SEEDA-E

IMPARA-SE r p 1 p Acc. T Acc. T

QE only 916 .902 .902 .965 .753 .506 .752 .504
"BERTpase 916 .902 .902 .965 .753 .506 .752 .504
BERTLurge .889 .867 .909 .916 .731 .463 .737 474

BERTBase-uncased 922 909 .903 .944 746 .493 .745 .491
BERT Lurge-uncased 902 .895 .904 .951 .738 .476 743 .487
ELECTRARuse 920 .902 .904 .965 .752 .505 .751 .503
TELECTRALarge 916 .902 .902 .965 .753 .506 .752 .504
DeBERTa-v3gae 906 .916 .891 .958 .750 .500 .749 .498
DeBERTa-v3rage .915.916 .900 .958 .749 .498 .749 .499
fModernBERT g, .916 .902 .902 .965 .753 .506 .752 .504
ModernBERTLage  .917 .903 .903 .965 .753 .505 .752 .503

Table 1: The score differences on the SEEDA arise from
variations in the PLMs used as the SE. The QE is fixed
using the reproduced IMPARA QE weights. Employing
BERTj3,. as the SE makes it equivalent to the IMPARA.
The threshold 6 is 0.9, as in IMPARA. PLMs marked
with { produced similarity scores above the threshold for
all instances in SEEDA, rendering the SE meaningless.

additional training on the GED task before quality
estimator construction.

3.1 Rethinking of the Similarity Estimator

We observed that, in some cases, filtering by the
similarity threshold did not work properly. This is
due to PLMs struggling to effectively capture gram-
matical errors. Table 1 shows the meta-evaluation
results of IMPARA using SEEDA (Kobayashi et al.,
2024b) (detailed in §4), where various PLMs are
employed as the similarity estimator. These re-
sults indicate that the choice of PLM affects perfor-
mance, and the similarity estimator either does not
work or negatively impacts the results.

This reason is that similarity estimation with
a vanilla PLM results in incorrect filtering. For
instance, the sentence pair “I think the family
will stay mentally healty as_it is , without hav-
ing emtional stress.” and “I think the family will
stay mentally healthy without having emotional
stress.” is assigned a similarity score of 0.787
by BERT arge-uncased- Here, the corrected sentence
is simply a revision of the errors in the incorrect
sentence, meaning it should not be filtered by the
similarity threshold. However, with IMPARA’s
default threshold of 0.9, it is incorrectly filtered.
Moreover, removing the correction of “healthy” in-
creases the similarity score to 0.926, suggesting
that BERT arge-uncased Struggles to understand the
semantic impact of spelling errors. In contrast,
there are cases where incorrect corrections that
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should be filtered are instead accepted. For in-
stance, the pair “I like cats.” and “I dislike cats.”
is assigned a high similarity score of 0.980 with
BERTg,. Since negation is not a valid correction
in GEC, this correction should be filtered. However,
due to the high similarity, it is mistakenly accepted.

These observations suggest that the similarity
estimator fails in its intended role. Furthermore, in
the outputs of modern GEC systems included in
the SEEDA dataset, corrections that significantly
deviate from the original erroneous sentence are
rarely encountered in practice. This issue of ad-
versarial corrections is not unique to IMPARA but
is a general problem observed in other evaluation
metrics, such as SOME (Islam and Magnani, 2021).
Given this, filtering adversarial corrections should
be explored as a separate research direction. There-
fore, we focus on only the quality estimation per-
formance of IMPARA and eliminate the similarity
threshold as follows:

S(I,0) = o(R(O)). 3)

3.2 Additional training on the GED task

The sentence pairs used for constructing IMPARA’s
quality estimator are created based on the impact of
each correction. However, as discussed in §3.1, a
vanilla PLM may not sufficiently capture errors. To
address this, IMPARA-GED introduces additional
training on the GED task to build a quality estima-
tor that more accurately captures token-level error
information. Then, IMPARA’s training method is
applied to construct the final quality estimator.
Following Yuan et al. (2021), the GED model
classifies errors at the token level, using four vari-
ations of error labels: (1) 2-class setting that bi-
narizes tokens as correct or incorrect, (2) 4-class
setting that categorizes tokens into correct, inser-
tion, deletion, and substitution, (3) 25-class set-
ting based on POS categories as defined by ER-
RANT (Bryant et al., 2017), and (4) 55-class set-
ting that combines these classifications. These
token-level labels are automatically assigned based
on existing parallel data of incorrect and corrected
sentences and the alignment results from ERRANT.
Formally, given an erroneous sentence x =
[z1, z2, ..., xN] consisting of N tokens and its cor-
responding error labels t = [t,t2,...,tN], the
model is trained by minimizing the loss function:

N
1
LP(w,t) = =5 > logp(tilwi @) (4)
=1

Next, IMPARA-GED fine-tunes the GED model for
IMPARA’s quality estimator following Equation 1
and performs inference according to Equation 3.
The impact calculation is also done using the same
GED model. Note that, instead of embedding the
first token as in Equation 2, mean pooling over all
token embeddings is applied to make more effec-
tive use of token-level error detection information.

4 Experimental Settings

Construction of IMPARA-GED. We used
CoNLL-2013 (Ng et al., 2013) and FCE (Yan-
nakoudakis et al., 2011) for model construction.
CoNLL-2013 was split into train, dev, and devtest
sets in an 8:1:1 ratio, while FCE was used with
its predefined splits. First, we construct the GED
model following the settings of Yuan et al. (2021).
The PLM is trained for five epochs using a com-
bined train set of FCE and CoNLL-2013, and the
checkpoint that achieves the highest score on the
FCE dev set is selected as the final GED model.
Next, the GED model is used to build the quality
estimator following the procedure described in § 2
and the settings of Maeda et al. (2022), using the
CoNLL-2013 train set. The GED model is then
trained for ten epochs following Equation 1, and
the checkpoint achieving the best performance on
the CoNLL-2013 dev set is selected. We trained
the model using five different random seeds, and
the one that performs best on the CoNLL-2013 de-
vtest set is selected as the final model. We report
results for all combinations of the following label
granularities: 2-class, 4-class, 25-class, and 55-
class, and the following PLMs: BERTg (Devlin
et al., 2019), DeBERTa-v3| 5, (He et al., 2023),
and ModernBERT] yge (Warner et al., 2024).

Evaluations. We conduct meta-evaluations using
SEEDA (Kobayashi et al., 2024b), using both edit-
level annotations (SEEDA-E) and sentence-level one
(SEEDA-S). We follow the TrueSkill-based system
ranking and the Base system setting, which in-
cludes outputs from 12 modern GEC systems. We
report Pearson’s correlation coefficient  and Spear-
man’s rank correlation coefficient p as correlation
metrics for system-level evaluation and Accuracy
(Acc.) and Kendall’s rank correlation coefficient
7 for sentence-level evaluation. As baselines, we
include reference-based evaluation methods: ER-
RANT (Felice et al., 2016; Bryant et al., 2017), PT-
ERRANT (Gong et al., 2022), GREEN (Koyama
et al., 2024), and GLEU (Napoles et al., 2015).
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For reference-free evaluation methods, we re-
port Scribendi Score (Islam and Magnani, 2021),
SOME (Yoshimura et al., 2020), and the orig-
inal IMPARA (Maeda et al., 2022). Addition-
ally, we include GPT-4-S (Kobayashi et al., 2024a)
and its three derivative systems as large language
model-based GEC evaluation methods. Our imple-
mentation uses gec-metrics! (Goto et al., 2025a)
with each system’s default settings. For GPT-4-S,
we cite the reported values from Kobayashi et al.
(2024a). Following Goto et al. (2025b), all system
evaluations are conducted using TrueSkill (Her-
brich et al., 2006), aligning with the aggregation
method used in human evaluation. We also con-
ducted significance testing following Yoshimura
et al. (2020), using Williams significance tests (Gra-
ham and Baldwin, 2014) for system-level evalua-
tion and bootstrap resampling (Graham et al., 2014)
for sentence-level evaluation.

5 Experimental Results and Discussions

Main results. Table 2 shows the SEEDA eval-
uation results for each automatic GEC evaluation
method. We observe a general improvement in
sentence-level evaluation when additional train-
ing on the GED task is applied. Notably, using
ModernBERT] age With the 2-class classification
GED task achieves the highest performance among
all methods in the sentence-level SEEDA-S. Addi-
tionally, in sentence-level SEEDA-E, the model out-
performs all models except GPT4-S. In system-
level SEEDA-E, the benefits of GED training were
not consistently observed. This may be attributed
to the fact that system-level correlations with hu-
man evaluation are already high (above 0.9), leav-
ing limited room for further improvement. In-
deed, global trends reflected in human judgments
are already well captured by automatic evaluation
metrics. Therefore, further improvement in cor-
relation would require the ability to capture more
subtle and fine-grained evaluations at the sentence
level. However, for sentence-level evaluation, the
IMPARA-GED series consistently outperformed
the base model in most cases, and the impact of
GED training was more pronounced. Since IM-
PARA evaluates at the sentence level, this outcome
is reasonable, and GED training has proven effec-
tive in enhancing sentence-level evaluation.

Number of GED types. Increasing the number
of error classification types for GED training does

"https://github.com/gotutiyan/gec-metrics

System-level Sentence-level

SEEDA-S SEEDA-E SEEDA-S SEEDA-E

Methods r p 1 p Acc. T Acc. T

ERRANT .763 .706 .881 .895 .594 .189 .608 .217
PT-ERRANT .870 .797 .924 951 .582 .165 .592 .184
GREEN .855 .846 .912 .965 .600 .199 .574 .148
GLEU .863 .846 .909 .965 .672 .343 .673 .347
Scribendi .674 .762 .837 .888 .660 .320 .672 .345
SOME .932 .881 .893 .944 778 .555 .766 .532
IMPARA .939 .923 .901 .944 753 .506 .752 .504
GPT-4-S .887 .860 .960 .958 .784 .567 .798 .595

+Grammaticality .888 .867 .961 .937 .796 .592 .807 .615

+Fluency 913 .874 .974 .979 .819 .637 .831 .662
+ Meaning Preservation -958 .881 .911 .960 .810 .620 .813 .626

BERTgase 915 .895 .875 .930 .756 .512 .754 .508
+2-class 916 .909 .850 .902 .773 .545 .763 .527
+4-class 908 .902 .859 .923 787 .574 .774 .548

+25-class 925 .902 .875 .923 771 .543 .752 .503
+55-class .900 .902 .842 .923 .763 .526 .750 .499

DeBERTa-v3page 960 .937 912 .944 784 .568 .779 .558
+2-class 951 .923 .895 916 .797 .593 .784 .568
+4-class .939 .895 .899 916 .793 .585 .772 .544

+25-class .945 .930 .906 .930 .801 .602 .786 .573
+55-class .955 .930 .913 .958 .782 .564 .763 .527

ModernBERT Lae 949 .909 912 .937 767 .533 .749 .497

+2-class 2971 .930 .919 .930 .829 .658 .797 .594
+4-class 964 916 .926 .923 .812 .624 .794 .588
+25-class 972 .937 933 .944 .801 .603 .783 .567
+55-class .965 .951 .910 .909 .749 .498 .741 .483

Table 2: Meta-evaluation results on SEEDA. Each
IMPARA-GED variant is identified by the name of the
PLM used for training. The first value in each row shows
the result without additional GED training, and the fol-
lowing rows show the results after additional training
on the GED task using each class label. Bold scores
indicate the best performance, underline indicates the
second-best, red cells indicate improvements owing

to GED task training, and purple values marks statis-
tically significant improvements (p < 0.05) over the
version without GED training.

not necessarily lead to better performance, as even
binary classification was sufficient to improve eval-
uation results. We suspect that label reliability may
be influencing the results. In the 55-class setting,
although the labels carry more information, their
reliability tends to decrease. In contrast, binary
classification conveys less information per label
but offers higher overall reliability. In the context
of GEC evaluation, label reliability may be more
critical than label informativeness. This observa-
tion aligns with the findings of Yuan et al. (2021),
and our results with IMPARA-GED support this
view: the binary setting performed best, followed
by the 4-class setting. Since the goal of this task is
GEC evaluation, using more reliable labels appears
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Spearman (w/o GED) ‘\v/'

1 2 3 4 5 6 7 8 9

Figure 1: Results of the window analysis with a win-
dow size of 4. The x-axis represents the starting rank
in the human rankings; for example, z = 2 corre-
sponds to the results for systems ranked 2nd to 6th
in human evaluation. A comparison is made between
the ModernBERTYyge Without GED training and with
additional training using binary-labeled GED.

better suited to this objective.

System-level Window Analysis. Figure 1 shows
the results of a window analysis on system-level
SEEDA-S using ModernBERT] yge, following the
analysis by Kobayashi et al. (2024b). From Fig-
ure 1, we observe that additional training on the
GED task improves the evaluation performance of
top-ranked systems.

Sentence-level Pairwise Comparison. We inves-
tigate whether IMPARA-GED can distinguish the
output quality of each GEC system in a pairwise
comparison at the sentence level. Figure 2 shows
the improvement in pairwise discriminative ability
on SEEDA-S through the GED task. The results
indicate that GED enhances the ability to distin-
guish between systems with more significant rank
differences.

6 Conclusion

We proposed IMPARA-GED, a novel reference-
free automatic GEC evaluation method, by enhanc-
ing the GED capabilities of PLMs. When using
ModernBERT as the PLM, additional training on
the binary-labeled GED task achieved the highest
correlation with human evaluation among existing
methods on SEEDA. Furthermore, window analy-
sis revealed that IMPARA-GED improves evalua-
tion performance, particularly for top-ranked sys-
tems. Moreover, we revealed that current simi-
larity estimators fail to adequately capture mean-
ing preservation. We suggest that future devel-
opment of GEC evaluation metrics may proceed
in two directions: either by building a stronger
similarity estimator or by enhancing the quality

Rank B
2 3 4 5 6 7 8 9 10 11 12

=~ --0.050.01-0.12-0.02 0.12 0.00 0.08 0.28 0.01 0.11 0.03 I

~N- -0.040.04 0.25 0.01 0.15 -o.o1ﬁ 0.22 0.07
”- -0.120.31-0.13 0.03 -0.12 0.27 0.24 0.23 -0.00 0.4
- 0.23 0.19 0.06 -0.24 0.15 0.04 0.25
n - -0.31-0.19 o.zsﬁo.n -0.10-0.17
< -0.2
Zo 0.31 0.21 0.05 0.10 0.30-0.08
©
o
~- -0.00-0.14 0.06 0.11 0.17
- -0.07 0.14 -0.19 (0.0
o- -0.26 0.08 0.02
o. .
e 0.17 -0.16 0.2
-
- 0.04

Figure 2: Results of pairwise sentence-level analysis.
The hypothesis sentences for each source are ranked ac-
cording to an evaluation metric, and all pairs are created
from the hypotheses while retaining the rank informa-
tion. Then, the same ranked pairs (A, B) are grouped
together at the corpus level, and the percentage of agree-
ment with the human evaluation is calculated for each
pairs; 0 < A < 1land A+ 1 < B < 12, based on
SEEDA’s Base setting. The figure shows a heatmap of
the differences in Kendall’s tau after performing this
pairwise analysis for each of the original IMPARA and
IMPARA-GED. For example, for Rank A=2 and Rank
B=9, the judgment in the hypothesis that the automatic
evaluation ranked 2nd and 9th for each source. The
value of 0.59 at the cell indicates that the GED greatly
improves the evaluation results in this pair. The differ-
ence is calculated between ModernBERTY 4 With and
without additional training using binary-labeled GED.

estimator. We publicly release IMPARA-GED
as the official version, based on ModernBERT
with binary classification, available at: https:
//huggingface.co/naist-nlp/IMPARA-GED.

7 Limitations

GED. We demonstrated that additional training
with the GED task improves IMPARA’s perfor-
mance. However, we did not determine which
class type contributes the most to this improve-
ment. Similarly, Yuan et al. and other studies
related to GED-boosted GEC system construction
have not explored which class type is most effec-
tive. Therefore, identifying the optimal number
of class types is not the primary focus; rather, the
key takeaway is that GED is effective for building
automatic GEC evaluation models. That said, our
findings suggest that even a two-class setting can
yield improvements. Thus, determining the opti-
mal class configuration is an important direction
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for future work.

Training method. We sequentially apply IM-
PARA after training on the GED task. This training
approach allows for various future extensions, such
as multi-task learning or adopting GRECO-style
classifier types, e.g., word and gap labels (Qorib
and Ng, 2023). The contribution of this paper lies
in demonstrating that similarity filtering does not
function effectively in reference-free GEC eval-
uation and that error-type classification, such as
GED, has the potential to improve GEC evaluation.
Therefore, we did not conduct a comprehensive
investigation of alternative training strategies.

Parameter tuning. While we followed the train-
ing settings of Maeda et al. (2022) and Yuan et al.
(2021), further parameter tuning might lead to even
better performance. However, to ensure a fair com-
parison with properly tuned results, we carefully
monitored performance and conducted compar-
isons under a well-controlled experimental setup.
Therefore, while we did not perform extensive pa-
rameter tuning, we believe that our evaluations and
comparisons are sufficiently tuned to achieve the
objectives of our study.

Datasets. In this study, we used CoNLL-2013
and FCE to construct the models, following the
setups of Maeda et al. (2022) and Yuan et al.
(2021). Therefore, leveraging high-quality, large-
scale datasets such as W&I+LOCNESS (Bryant
et al., 2019) may lead to even better performance.
Additionally, exploring data augmentation meth-
ods that enable effective GED training even with
small-scale datasets like CONLL-2013 remains a
future challenge. However, in this study, we specif-
ically investigated the impact of additional training
with the GED task using the same dataset, ensuring
robust and interpretable results. Therefore, while
these points are important future directions, they
are beyond the scope of this short paper.

Evaluation. In this study, we used SEEDA as
the meta-evaluation dataset. SEEDA was intro-
duced to address limitations in previous datasets,
such as GJG (Grundkiewicz et al., 2015), which
lacked coverage of modern neural network-based
GEC models and suffered from a small number of
system comparisons. SEEDA includes two bench-
marks, SEEDA-S and SEEDA-E, both of which were
used in our evaluation. Therefore, the evaluation
conducted in this study is comprehensive and ad-
dresses current challenges in the field. Furthermore,

while SEEDA is currently the only effective dataset
available for automatic GEC evaluation, conduct-
ing evaluations on more specialized domains would
be meaningful. However, due to resource limita-
tions, this remains a broader challenge for the field
rather than an issue specific to this study.

PLMs. IMPARA-GED can be applied to any
encoder-based model. Therefore, leveraging other
PLMs may enable the development of even higher-
quality automatic GEC evaluation models. In this
study, we aimed to verify the performance impact
of additional training with the GED task. To this
end, we conducted experiments using BERTgy,
which was originally used in IMPARA, as well as
DeBERTay 3 and ModernBERTY g, two of the
latest improved versions of BERT. Furthermore,
we conducted pilot studies with other PLMs and
confirmed that additional training with the GED
task consistently enhanced performance across dif-
ferent models. However, due to page limitations
and resource constraints, we did not include these
results in this paper. Thus, while our experiments
fulfill the intended verification objective, achieving
higher performance would require further evalua-
tion with additional PLMs.

8 Ethical Considerations

In this study, we use open-source tools, PLMs, and
datasets that are permitted for research use, ensur-
ing no license issues. Additionally, all datasets
used are publicly available and widely recognized
in related research, guaranteeing that no harmful
data was included in the experiments. For repro-
ducibility, we provide the detailed settings in Ap-
pendices A and B. Thus, this study has no ethical
considerations.
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A Details of Each PLM

We used the Hugging Face transformers li-
brary (Wolf et al., 2020) for all experiments. Ta-
ble 3 shows the PLMs we used in this study and
their corresponding Hugging Face IDs.

PLMs HuggingFace ID
BERT-Base google-bert/bert-base-cased
BERT-Large google-bert/bert-large-cased

BERT-Base-uncased google-bert/bert-base-uncased
BERT-Large-uncased google-bert/bert-large-uncased
ELECTRA-Base google/electra-base-discriminator
ELECTRA-Large  google/electra-large-discriminator
DeBERTa-v3-Base  microsoft/deberta-v3-base
DeBERTa-v3-Large microsoft/deberta-v3-large
ModernBERT-Base answerdotai/ModernBERT-base
ModernBERT-Large answerdotai/ModernBERT-large

Table 3: Lists of the PLMs we used in this study and
their corresponding Hugging Face IDs.

B Details of Implementations

For the training setup of IMPARA-GED, we fol-
lowed the settings of Yuan et al. (2021) for building
the GED model and Maeda et al. (2022) for con-
structing the quality evaluation model. For GED
training, we used ged_baselinesz. For IMPARA
training, we used its public reproduction implemen-
tation®. The quality estimator, IMPARA-QE, we
used in Table 1, a public reproduction model avail-
able on Hugging Face*. Unless otherwise specified,
we used the default hyperparameters of these tools.
We used a single NVIDIA GeForce RTX 3090 GPU
for all experiments. We are ready to publish all ex-
perimental codes after acceptance to ensure repro-
ducibility. Additionally, IMPARA-GED weights
are made publicly available®.

2https: //github.com/gotutiyan/ged_baselines
3ht’cps: //github.com/gotutiyan/IMPARA

4ht’cps: //huggingface.co/gotutiyan/IMPARA-QE
Shttps://huggingface.co/naist-nlp/IMPARA-GED
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