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Abstract

We used confirmatory factor analysis to assess
the reliability and construct representation of
an LLM-based measurement instrument of lan-
guage proficiency. LLMs were at least as reli-
able as human raters and loaded onto the same
underlying factor, though analyses indicated a
less than perfect alignment between LLM and
human raters.

1 Introduction

The assessment of second language (L2) writing
performances often relies on the use of expert hu-
man raters to assign scores against a rating scale
(Barkaoui, 2011). These scores can provide holis-
tic measures of writing quality as well as analytic
ratings of specific language attributes such as vo-
cabulary, syntax, and grammar/mechanics (Hunter
et al., 1996). However, human ratings are inher-
ently subjective and can be unreliable (Barkaoui,
2011; Jølle and Skar, 2020). Various approaches
have been used to mitigate this subjectivity and in-
crease the reliability of human ratings, but they can
add costs, and collecting expert ratings of L2 dis-
course is already resource intensive (Lumley and
McNamara, 1993; Wind and Peterson, 2018).

As a result, automated scoring models have been
developed that predict human scores using surface-
level linguistic features. While such features have
been shown to be useful measures of argumen-
tation, organization, and vocabulary use (Deane,
2013), scoring models trained on surface-level fea-
tures may struggle to adequately measure higher
level discourse traits such as coherence, text orga-
nization, and clarity of ideas, indicating that some
construct-relevant language features are not ade-
quately captured. Within these models, there are
also concerns surrounding bias across certain de-
mographics, such as gender, language background,
nationality, and language proficiency (Ramineni
et al., 2012) and the potential for scoring models

to be gamed by students (Perelman, 2020). De-
spite these concerns, uptake in the use of automatic
scoring systems is increasing, and many large-scale
writing assessments are moving forward with inte-
grating automatic scoring systems. This movement
in the direction of fully automated scoring systems
has become even more pronounced with the devel-
opment of large language models (LLMs) that can
more consistently make human-like decisions, al-
though research in this area is just beginning (Lau-
rer et al., 2024; Morris et al., 2023). The present
study asks whether a finetuned LLM produces pro-
ficiency scores that agree with human raters (RQ1)
and whether those scores measure the same under-
lying construct as human ratings (RQ2).

2 L2 Proficiency Assessment

Researchers typically view language proficiency
as a multi-dimensional construct, with frameworks
such as complexity, accuracy, and fluency (CAF,
Larsen-Freeman, 1978) informing benchmarks like
the Common European Framework of Reference
for Languages, to which many large-scale assess-
ments are aligned (Housen et al., 2012; Housen
and Kuiken, 2009). Fully automated language as-
sessments such as the Duolingo English Test (DET,
Cardwell et al., 2023) and the Pearson Test of En-
glish Language Learning (Pearson TELL, Hidalgo
et al., 2022) use proprietary natural language pro-
cessing (NLP) algorithms to score spoken and writ-
ten language samples, but none of the reviewed
tests describe the use of large language models
(LLMs) in their scoring procedures. Duolingo
and ETS have both signaled that the use of LLMs
for scoring would require strong validity evidence,
with ETS stating that such use would require a
“strong body of evidence to support its use” (Hao
et al., 2024; Burstein, 2024, p. 25). These com-
ments highlight the need for rigorous evaluations
of the scores produced by LLMs.
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2.1 Large Language Models in Language
Assessment

In language research, representation LLMs have
been finetuned to assess human judgements of
learner language proficiency, to synthesize human
ratings, and score essays. For example, Crossley
and Holmes (2022) used LLMs to model English
as a Second Language (ESL) learners’ lexical so-
phistication, finding that LLMs were better aligned
with human rater scores than more traditional, lin-
guistic feature-based approaches. Yee et al. (2023)
explored the potential for LLMs to classify texts ac-
cording to structure, content, and sentiment, finding
that they could use human annotators to label 1%
of their data and then finetune an LLM that was ca-
pable of reliably annotating the remainder. Morris
et al. (2025) found that several linguistic features,
including discourse-level cohesion features, were
more strongly associated with essay scores pro-
duced by finetuned LLMs than the scores produced
by human raters, taken as evidence of “differential
sensitivity,” indicating that finetuned LLMs may
weight discourse properties differently than trained
human raters. Mayfield and Black (2020) com-
pared finetuned LLMs to machine learning models
that use document embeddings or n-grams as in-
put features to score persuasive essays, finding that
human interrater reliability was an “approximate
upper bound on performance” for both automatic
scoring methods.

3 Current Study

Research into the use of LLMs as automatic scor-
ing systems is nascent, and it is not clear whether
LLMs can contribute to automated assessment
of language proficiency. Research generally in-
dicates that automated scoring models, whether
based on linguistic features models or LLMs, have
demonstrated reliability when compared with hu-
man raters. However, Attali (2007) argues that
agreement in observed scores is insufficient to as-
sess the construct validity of automated scores
because automated scores may suffer from con-
struct underrepresentation or construct-irrelevant
variance. This is to say that the source of disagree-
ment is important for determining whether two
sets of scores should have the same interpretation.
Random measurement error can be corrected by
averaging additional measurements, but system-
atic error indicates that the scores are measuring
different constructs. Thus, establishing that auto-

mated scores have the same interpretation as scores
produced by human raters requires decomposing
sources of error and analyzing the construct repre-
sentation of each set of scores.

Following Kane’s (2013) argument-based ap-
proach to validity, the scoring inference for LLM-
based assessment of language proficiency holds
across rating methods only if substituting human
raters with automated systems introduces random
rather than systematic differences in scores.

The goal of this study is to examine the potential
for LLMs to assign language proficiency scores to
L2 learners in a manner similar to expert raters that
is both reliable and valid. We first finetune two
instances of DeBERTa-v3-large (He et al., 2023), a
435M-parameter open-weight encoder-only model,
on different sets of human ratings. We then gen-
erate proficiency score predictions on a held-out
test set and compare the models’ predictions to
both sets of human ratings. To make this compari-
son, we first test the interrater reliability between
the LLM-based ratings and the human ratings to
assess the reliability of the scoring methods. We
then construct a confirmatory factor analysis (CFA)
model to test whether the LLM-based ratings and
human ratings measure the same underlying L2
proficiency construct. CFA separates measurement
error from explainable variance. This provides a
method for assessing construct representation in
the presence of measurement error. This statistical
approach has been successfully employed across a
rich body of scale validation research (e.g., Brown,
2015; Cheung et al., 2023). This study is guided
by the following research questions:

1. Does an LLM finetuned on human ratings of
L2 proficiency produce proficiency scores in
agreement with human ratings?

2. Do LLM-produced proficiency scores mea-
sure the same underlying construct of lan-
guage proficiency as human ratings?

(a) Do these measurement methods demon-
strate adequate construct representation?

(b) Is there any evidence of divergence be-
tween these measurement methods?

4 Methods

4.1 Data

We used the full version of the open-source En-
glish Language Learning Insight, Proficiency, and
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Skill Evaluation corpus (ELLIPSE, Crossley et al.,
2024), which provides human ratings of proficiency
for L2 English learners based on argumentative es-
says. The full ELLIPSE dataset contains all of the
data prior to pruning and score averaging, and com-
prises 8,890 L2 English essays. Essays were writ-
ten as part of state-wide and national standardized
testing for the 8th–12th grade levels in the United
States. All essays were written by L2 English learn-
ers the majority whom identified as Hispanic (72%)
and as economically disadvantaged (70%). Each
essay was written in response to one of 29 different
prompts and learners were allowed 25–30 minutes
to respond to the prompt on a computer.

Each essay was scored by two expert raters using
an analytic rubric. The scoring rubric consisted of
a holistic score, measuring the writer’s language
proficiency, and six analytic traits related to cohe-
sion, syntax, vocabulary, phraseology, grammar,
and conventions. All traits were evaluated on a
5-point Likert-style scale. Several of these traits,
particularly cohesion and text organization, are
discourse-level properties of writing. The current
study focuses on the holistic scores in the ELLIPSE
dataset, which measured “a native-like facility in
the use of language with syntactic variety, appro-
priate word choice and phrases; well-controlled
text organization; precise use of grammar and con-
ventions; rare language inaccuracies that do not
impede communication.” The full rubric is avail-
able in Crossley et al. (2024). There were 26 raters
who scored 634 essays on average (SD = 469.11).
The median and mode holistic score for both sets
of raters was 3. The raters disagreed by plus or
minus one for about 50% of the writing samples,
and agreed on the exact score for the rest. There
were two essays that resulted in a disagreement of
more than one score point. The two scores for each
essay were randomly assigned to a Rater 1 set or
a Rater 2 set to prevent any individual rater from
being overrepresented in either set.

4.2 LLM Selection
For our LLM, we selected DeBERTa because it was
the largest freely available encoder-only model (He
et al., 2023) at time of analysis. Our first step was
to tokenize the texts using DeBERTa’s vocabulary,
which is a closed set of 128,000 tokens. We limited
the maximum sequence length to 512 to minimize
computational costs. After tokenization, we found
that approximately 40% of the ELLIPSE writing
samples were longer than 510 tokens. Thus, we

truncated all texts to 510 tokens by trimming the
right-hand side before adding in the classification
and end-of-sequence tokens required by DeBERTa.
We partitioned the data so that the performance of
our model could be verified on a held-out portion
of the data. We used 70% of the data for training,
15% for development, and 15% for testing. The
development set was used for evaluating perfor-
mance during model development, as described in
Appendix A. We report results on the held-out test-
ing set of 973 essays. We finetuned two DeBERTa
models, one on each set of rater scores. The mod-
els were finetuned to minimize mean squared er-
ror, which is the standard choice of loss function
for data with continuous labels and has also been
shown to be effective for ordinal data (Gaudette
and Japkowicz, 2009; Morris et al., 2024). The
models output continuous scores, which we then
converted back to ordered ranks such that the re-
sulting distribution of ordinal scores matched the
score distribution of the training data.

4.3 Analyses
In the present study, we tested whether human
judgements of L2 proficiency measure the same un-
derlying construct as LLM-based scoring models.
For this, we used CFA, a type of structural equa-
tion model that tests hypotheses about relationships
among measurements and constructs. In a test of
construct representation, the primary advantage of
CFA compared to a simpler approach such as an ob-
served correlation is that CFA separates the latent
construct of interest from measurement error.

To test the validity of our LLM-based scoring
models, we specified two CFA models using the
Lavaan (Rosseel, 2012) package in R and fit them
to the held-out testing portion of the ELLIPSE data.
The first was a model where both sets of human
ratings and both language models loaded onto a
single latent factor representing L2 proficiency. We
followed up this analysis with a more stringent
test of construct validity, which assessed whether
the latent construct of L2 proficiency measured by
human and language models was the same. This
allowed us to derive a value for the “true, unobserv-
able relation” between two constructs, accounting
for random error (Bagozzi, 1981, p. 378). To test
this hypothesis, we specified a second model with
two latent factors, one for each scoring method.
We then examined the covariance ψhuman, aes be-
tween the two latent factors, fixing the variance to
1.0, which makes ψhuman, aes a simple correlation.
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Since this was a one-tailed hypothesis, if the 90%
confidence interval for the estimated correlation
included 1.0, then we would fail to reject the null
hypothesis that the constructs are the same. If so,
model specification with a single latent factor for
L2 proficiency would be preferred. Rejection of the
null hypothesis would suggest that there is some
difference between the constructs being measured
by human raters and our LLM raters.

To ensure proper model estimation, we ad-
dressed model identifiability (Brown, 2015), which
is crucial for obtaining meaningful CFA results.
For both models, we implemented two key con-
straints: first, we fixed the variance for each fac-
tor to 1.0, and second, we constrained the fac-
tor loadings for scores of the same type to be
equal. These equality constraints were theoreti-
cally justified—“Rater 1” and “Rater 2” represent
random collections of human scores expected to
contribute equally to their underlying factor, and
similarly, the LLMs trained on these respective col-
lections should contribute equally to their factor.
Through these specifications, both models achieved
over-identification, and each sub-model within the
two-factor model was independently just-identified.
This identification strategy allowed us to reliably es-
timate each latent construct despite having only two
indicators per factor in the second model, thereby
enabling a robust comparison of the construct mea-
sured by human raters versus our LLM-based scor-
ing models.

For both models, we report model fit statistics
and standardized factor loadings. We used least
squares estimators instead of maximum likelihood
because it is appropriate for ordinal data (Li, 2016).
L2 proficiency was measured on a 5-point ordinal
scale. We fit using unweighted least squares (ULS),
which does not require estimating a weight matrix
and has been shown to yield less biased and more
precise estimates than diagonally weighted least
squares for ordinal indicators with few categories
(Forero et al., 2009). We report standard model
fit statistics for CFA but note that many of these
statistics are influenced by the estimation method
(Xia and Yang, 2019). Furthermore, we do not
report the χ2 test because the test statistic does not
follow a χ2 distribution when the model is fit with
ULS (Blunch, 2008).

The standardized root mean square residual
(SRMR) is the most robust metric of model fit
when working with ordinal data and least squares
estimators (Shi and Maydeu-Olivares, 2020). We

additionally report the root mean square error of
approximation (RMSEA), and the comparative fit
index (CFI). We relied on several rules of thumb
to guide our interpretation of these statistics. A
well-specified model should have SRMR < 0.06,
RMSEA < 0.06, and CFI > 0.95 (Hu and Bentler,
1999). In addition to goodness of fit indices, we
report the average variance extracted (AVE) and
standardized factor loadings. All factor loadings
should have AVE > 0.5, indicating that the la-
tent factor explains at least 50% of the variance in
the observed variables (Fornell and Larcker, 1981).
Likewise, all standardized factor loadings should
be greater than 0.5, or ideally greater than 0.7 (Hair,
2014). These tests assess the strength of the rela-
tionship between indicators and the latent construct
of interest, language proficiency.

We also report a true-score correlation on the
held-out testing set to facilitate comparisons with
previous work on rating methods. The true-score
correlation is calculated from the observed correla-
tion, rxy, and the reliabilities of each measure, rxx
and ryy:

ρ̂xy =
rxy√
rxx · ryy

(1)

We used a Pearson’s correlation to calculate the
observed correlation in the mean scores for each
rating method. We calculated the reliabilities as
intra-class correlation (ICC) coefficients of abso-
lute agreement, using a one-way ANOVA for hu-
man ratings (since each essay was scored by a dif-
ferent, randomly assigned pair of raters) and a two-
way ANOVA for LLM ratings (since the same two
rating models scored every sample).

5 Results

5.1 Interrater Reliability

Table 1 reports the rater-to-rater, model-to-rater,
and model-to-model correlations on the held-out
testing partition of the ELLIPSE corpus, using
Kendall’s τ and quadratic weighted Kappa (QWK).
The rater-to-rater correlation was τ = 0.53. Model-
to-rater estimates had confidence intervals that over-
lapped with the rater-to-rater interval when Rater 2
was involved but not when Rater 1 was involved,
suggesting that the model-rater correlation was sig-
nificantly different from the rater-rater correlation
only for Rater 1. The model-to-model correlation
was substantially higher at τ = 0.85, indicating
that the scoring models were more consistent than
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humans even though they were trained on different
sets of rater scores.

5.2 Construct Validity

One-factor Model. To address research ques-
tion two, we constructed a one-factor CFA model
depicted in Figure 1. The fit indices indicated
good model fit, with CFI = 0.998, SRMR = 0.032,
and RMSEA = 0.042 (90% CI = [0.018, 0.068]).
The test of close fit (null hypothesis that RMSEA
≤ 0.05) yielded p = 0.66, so we do not reject close
fit. Collectively, these tests support the construct
validity of the four measures of learner language
proficiency.

In addition to good model fit, we utilize two
additional guidelines to evaluate the specified mod-
els. First, a latent construct should explain at least
half of the variance in observed variables (Fornell
and Larcker, 1981). The one-factor solution has
an average variance extracted of 0.787, indicating
that 78.7% of the variance in observed variables is
explained by the latent proficiency score. Second,
we found that all standardized factor loadings ex-
ceeded 0.7, revealing that the latent factor explains
at least half of the variance in each observed vari-
able. Additionally, the finetuned DeBERTa models
had small error terms (.07), indicating that nearly
all the variance in these scores is explained by the
latent construct of proficiency. Standardized fac-
tor loadings and error variances are illustrated in
Figure 1.

Collectively, these results support the con-
struct validity of LLM-based language proficiency
scores in the ELLIPSE dataset, with both human-
produced and LLM-produced scores measuring
(with error) the same latent L2 proficiency con-
struct.

Two-Factor Model. An alternative method of as-
sessing construct validity is to pose the question
as a counterfactual. We constructed a model under
the assumption that there are two distinct latent
constructs, one for human-assessed proficiency and
one for LLM-assessed proficiency. We then at-
tempted to find evidence that these two constructs
are divergent. Failure to demonstrate divergence
would indicate that the latent constructs are not suf-
ficiently distinct, leading to a preference to model
them as a single latent construct.

The covariance between human-assessed pro-
ficiency and LLM-assessed proficiency is 0.902,
90% CI = [0.857, 0.947]. The variance of both

Figure 1: One-factor solution for human-generated and
model-generated scores of language proficiency.

latent constructs was fixed to 1.0, so the covari-
ance between them is a simple correlation. While
a correlation of 0.9 would be considered strong
by any standards, it is also significantly different
than 1.0. In other words, the 90% confidence in-
terval does not include perfect unity, so there is
evidence of distinctness between human-assessed
and LLM-assessed proficiency.

The goodness of fit statistics for the two-factor
solution were uniformly superior to those of the
one-factor solution, as shown in Table 2. We ob-
serve CFI = 1.000, SRMR = 0.013, and RMSEA
= 0.0 (90% CI = [0.000, 0.041]), which indicates
excellent model fit. The model passes the test of
close fit, with a p-value of 0.985 (failure to reject
the null hypothesis that RMSEA is ≤ 0.05). While
both models exhibit good fit, the two-factor so-
lution is better able to explain the observed data.
This is consistent with the inter-construct corre-
lation. Adding an additional latent factor would
not improve model fit if the additional factor were
perfectly correlated with an existing factor in the
model. While there is substantial overlap in the
latent constructs measured by each method, results
from the CFA model indicate that these constructs
are not the same.

To facilitate comparisons with previous work,
we calculated the true-score correlation between
each rating method using the reliability estimates
provided by ANOVA. The observed correlation
of the mean scores for each rating method was
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Rating Method τ 95% CI QWK 95% CI

Rater 1 Rater 2 0.53 [0.50, 0.56] 0.60 [0.56, 0.63]
Rater 1 DeBERTa 1 0.61 [0.58, 0.64] 0.66 [0.63, 0.70]
Rater 1 DeBERTa 2 0.60 [0.57, 0.63] 0.65 [0.61, 0.68]
Rater 2 DeBERTa 1 0.57 [0.53, 0.60] 0.63 [0.60, 0.66]
Rater 2 DeBERTa 2 0.55 [0.51, 0.58] 0.61 [0.57, 0.64]
DeBERTa 1 DeBERTa 2 0.85 [0.83, 0.88] 0.88 [0.86, 0.90]

Table 1: Kendall’s τ correlations and QWK between human rater scores and DeBERTa scores of language proficiency
on the test set. All agreement statistics are significant at α = 0.05.

Figure 2: Two-factor solution where LLM-assessed pro-
ficiency and human-assessed proficiency are distinct
constructs.

Model CFI RMSEA [90% CI] SRMR

1-factor 0.998 .042 [.018, .068] 0.032
2-factor 1.000 .000 [.000, .041] 0.013

Table 2: Model fit statistics for a one-factor and a two-
factor solution.

r(1,324) = 0.738, p < 0.01. The human-human
reliability was 0.595 (95% CI = [0.559, 0.629]) and
the model-model reliability was 0.878 (95% CI
= [0.865, 0.890]). The true-score correlation was
1.0, which suggests that the two rating methods
measure the same true score.1 This contrasts with
the CFA results, which provided evidence of small
divergence in the constructs assessed by each rating
method.

1In the language of classical test theory, the expected rating
for a given writing sample is the same whether rendered by
human raters or finetuned LLMs.

6 Discussion

We trained two LLM-based models to automati-
cally assess L2 learners’ writing samples. We first
tested the reliability of the scores produced by these
models by comparing correlations across raters and
finetuned models. Results indicated that the LLM-
based models were at least as reliable as human
raters. The model-human correlations were not
significantly different from the human-human cor-
relation, which is well-aligned with previous work
using automated scoring methods (Mayfield and
Black, 2020).

However, the model-model agreement was sig-
nificantly stronger than other correlations, indicat-
ing that the two models had high interrater reliabil-
ity and thus less random error than human raters.
This is unsurprising because the LLMs were fine-
tuned on random collections of ratings from the
same dataset and would learn roughly the same
information from their respective partitions of the
data. Additionally, LLM ratings are deterministic
given the model parameters and input text, so all
variance in the ratings is necessarily text-dependent,
whereas human raters may experience distractions
or mental states that influence their rating. In prac-
tice, the lower random error of the LLMs can be
controlled for by averaging additional raters and
does not pose the same threat to construct represen-
tation as does systematic error.

Our CFA analyses showed that the LLMs pro-
duced proficiency ratings that were well-aligned,
but not perfectly aligned, with human ratings. The
two-factor model fit better than the unidimensional
model, and the correlation between the measured
constructs was significantly different from 1.0,
indicating that the two rating methods represent
marginally divergent constructs. One possible
source of this divergence is that the LLMs weight
discourse-level features such as cohesion and text
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organization differently than human raters (Morris
et al., 2025). If the human ratings of proficiency are
taken to be perfectly valid measures of language
proficiency, then it can be said that there is sys-
tematic error in the LLM rating method. Even so,
this evidence is not particularly strong, as Cheung
et al. (2023) note “high correlations (e.g., 0.9) that
are statistically significantly less than 1.0 are diffi-
cult to defend as indicating two distinct constructs”
(p. 17). We argue that these results constitute weak
statistical evidence for a two-construct model but
should nonetheless serve to caution test develop-
ers against substituting human rater processes with
LLM-based scoring procedures.

For comparison, we also calculated the true-
score correlation, which was 1.0, somewhat higher
than Attali and Burstein’s (2004) report of 0.93 for
an automatic rating system. The CFA approach is
a more stringent test of construct overlap because
it decomposes variance into construct-relevant vari-
ance and measurement error before estimating the
correlation between latent constructs, whereas the
true-score correlation is a correction applied to the
observed correlation. Our overall results indicate
good, but imperfect, construct overlap between
human-generated and LLM-generated scores.

An important qualification is that these results,
in themselves, are insufficient for a validity argu-
ment for a high-stakes test. Kane (2013) argues that
a comprehensive validity argument should evalu-
ate proposed interpretations and uses of test scores
within the specific assessment context, including
the populations being tested, content structure, and
rating procedures. Our study specifically investi-
gates the rating procedure by examining how fine-
tuned LLM-based assessments compare to human
rating procedures within the ELLIPSE dataset. Our
CFA results provide strong evidence for what Kane
categorizes as the scoring inference: that both hu-
man and LLM-based scoring procedures can appro-
priately measure the same construct in this context.
Future validation work would need to address addi-
tional inferences in Kane’s framework, including
whether scores generalize beyond specific testing
occasions and whether they predict real-world lan-
guage ability.

Limitations

There are several limitations to the generalizability
of these findings. First, the observed interrater reli-
ability (τ = 0.53) is lower than would be expected

in a high-stakes scenario, suggesting that raters
may not have been consistently evaluating all the
important aspects of language proficiency that we
intended to measure. Second, the ELLIPSE dataset
was collected from students enrolled in American
schools, and we might expect different patterns of
proficiency in other learner populations with differ-
ent first language backgrounds or who are learning
English as a foreign language. Finally, our fine-
tuning approach involved truncating all samples
to a fixed length, so the full text sample was not
always provided to the finetuned model. We hope
that future studies will reproduce our findings on
additional datasets and with alternative finetuning
approaches.
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A Hyperparameter Optimization

Following He et al. (2023), we treated batch size,
learning rate, warmup steps, number of training
epochs, and dropout rate as the hyperparameters
most likely to affect finetuning performance. We
searched learning rates of 5e-6, 8e-6, 9e-6, and
1e-5; warmup steps of 50, 100, 500, and 1,000; 2,
3, and 4 training epochs; and dropout rates of 0.0,
0.15, and 0.30. Because the space of configurations
is large, we used the Bayesian optimizer provided
by Weights & Biases (Biewald, 2020) to search it
over 42 training runs, selecting each new configura-
tion based on the development-set performance of
previous runs. The best-performing configuration
had a learning rate of 1e-5, a dropout rate of 0.3,
100 warmup steps, and 2 training epochs, yielding
a mean squared error of 0.318 on the development

set. No early stopping was used; the model from
the final epoch of each run was evaluated.

The final configuration is reported in Table 3.
Batch size, optimizer, and weight decay were left
at their default values in the transformers li-
brary (Wolf et al., 2020). The batch size of 16
was set by the memory available on our GPU (an
NVIDIA RTX A6000 with 48 GB of VRAM). The
AdamW optimizer has been shown to generalize
better to unseen data than stochastic gradient de-
scent (Loshchilov and Hutter, 2019), and its weight
decay of 0.01 matches the value used by He et al.
(2023) during DeBERTa’s pretraining. We report
these values, even though they were not optimized,
to support reproducibility.

Parameter Value Source

Batch size 16 A priori
Loss function Mean squared error A priori
Optimizer AdamW A priori
Weight decay 0.01 A priori
Learning rate 1e-5 Optimized
Warmup steps 100 Optimized
Dropout 0.3 Optimized
Epochs 2 Optimized

Table 3: Final hyperparameter configuration for finetun-
ing DeBERTa-v3-large on ELLIPSE data.
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