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Abstract

The field of Feedback Generation for language
learners has received growing attention over the
last few years, bringing exciting perspectives
for students and teachers alike. However, the
lack of reliable and efficient evaluation method
remains a major challenge. Concurrently, LLM-
as-a-judge has appeared as a possible solution
to evaluate natural language. Concerns have
yet been raised regarding their capabilities in
certain tasks, and their tendency to prefer their
own output, known as self-bias. The present
work tests whether LLMs are capable of as-
sessing feedback similarly to human through
G-Evaluation, an LLM-as-a-judge pipeline en-
hanced with automatic Chain-of-Thought. We
also test whether models prefer GPT-generated
feedback to human feedback, and control if
the reasons provided by the models match the
scores they attribute. Our results show that the
(dis)agreement patterns of LLMs mirror the
(dis)agreement patterns of human raters. Fur-
ther, there exists a clear preference for GPT-
generated texts compared to human texts, even
when equal in quality. Finally, LLMs tend to
give high scores even when their reasonings are
unfavourable, raising further concerns regard-
ing the reliability of LLM-as-a-judge.

1 Introduction

The field of Feedback Generation (FG) for lan-
guage learners has gained growing attention over
the last few years. FG was the object of a shared
task in 2022, and numerous studies have since con-
tinued to advance the field, making use of powerful
Large Language Models (LLMs) to generate ex-
planatory notes for learner errors (Song et al. 2024,
Coyne et al. 2025, Ye et al. 2025, Vainikko et al.
2025).

A major challenge in Feedback Generation is
the lack of efficient and reliable evaluation method
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to determine the quality of the generated feedback.
Studies have had to turn to either unreliable auto-
matic metric (Nagata et al. 2023, Ye et al. 2025),
or costly and time-consuming manual evaluation
(Song et al. 2024, Coyne et al. 2025).

However, the advent of a technique commonly
dubbed “LLM-as-a-judge” (Gu et al., 2026) has
brought hope to break free from the trade-off be-
tween quality and efficiency. This technique con-
sists of prompting an LLM to evaluate a piece of
text in the form of a score, according to one or
several criteria, and has been adopted in various
studies (Chen et al. 2023, Chiang and Lee 2023,
Han et al. 2025). LLM-as-a-judge has evolved
throughout the years, giving rise to more robust
and efficient systems (Liu et al., 2023). Studies
have also concentrated on explainability, either by
dividing the evaluation task into small, explainable
steps (Lee et al., 2025) or prompting the LLMs to
explain the reason for their scores (Xu et al. 2023,
Liu et al. 2023).

While this brings exciting perspectives for the
field of Feedback Generation, a number of concerns
have also been raised regarding the use of LLMs
as evaluators. The performance of LLMs depends
heavily on the task at hand (Bavaresco et al., 2025),
and they suffer from a variety of biases (Gu et al.,
2026), among which self-bias, a tendency through
which they prefer their own outputs to those of
other models (Spiliopoulou et al., 2025). LLM-as-
a-judge pipelines must therefore be carefully tested
before they can be applied in Feedback Generation,
or any other NLG tasks.

The present paper tests the performance of G-
Evaluation in Feedback Generation. We also check
whether LLMs prefer GPT-generated texts to hu-
man texts, even when not self-generated. We dub
this phenomenon “cross-LLM bias”. This is to
be differentiated from “self-bias”, which is only
concerned with the LLMs’ own outputs. Finally,
we also control whether the reasons provided by
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the LLM, dubbed “reasonings”, match the scores
attributed.

Our contributions are the following:

1. We show that certain LLMs show high agree-
ment with human raters, but only for majority
labels describing high-quality feedback. For
minority classes describing low-quality feed-
back, the agreement is low both among human
raters and between human raters and LLMs;

2. We provide evidence that LLMs prefer GPT-
generated texts even when not self-generated,
a phenomenon we dub “cross-LLM bias”;

3. We reveal that reasonings and scores do
not always align, with LLMs giving overly
high scores even when the reasoning is un-
favourable.

The code for our G-Evaluation pipeline is avail-
able in our Github repository.1

2 Background

In 2022, Nagata et al. (2023) organised the very
first shared task on Feedback Generation for lan-
guage learners. The goal was to create systems ca-
pable of generating a short explanatory note given a
span containing a preposition error in English. The
field of Feedback Generation has continued to gain
attention in the following years (Fei et al. 2023,
Song et al. 2024, Maity and Deroy 2025, Vainikko
et al. 2025), opening up opportunities for both lan-
guage learners and teachers. However, the field is
facing a major challenge: the lack of efficient and
reliable evaluation method.

Studies in Feedback Generation have adopted
one of two techniques to evaluate the generated
feedback: automatic metrics (Nagata et al. 2023,
Ye et al. 2025) and manual evaluation (Song et al.
2024, Coyne et al. 2025), both of which have their
advantages and drawbacks. Automatic metrics in-
clude BLEU (Papineni et al., 2002), ROUGE (Lin,
2004) and METEOR (Banerjee and Lavie, 2005),
and measure textual quality based on n-gram over-
lap with a reference text. While automatic metrics
are convenient and resource-efficient, important
concerns have been raised regarding their misalign-
ment with certain tasks and poor correlation with
human judgments (Reiter, 2018; Schmidtová et al.,

1https://github.com/CelineNausicaa/g_eval_gen
erated_feedback

2024). Further, automatic metrics require the cre-
ation of a reference dataset, a long and costly pro-
cess in the case of Feedback Generation.

Manual evaluation entails the recruitment of hu-
man experts to assess the quality of the generated
feedback based on evaluation criteria. While more
reliable than automatic metrics, human evaluation
also has its drawbacks: it is a costly and timely
procedure that requires extensive expertise, both
for the evaluation itself and the definition of eval-
uation criteria. Coyne et al. (2025) proposed an
evaluation grid for generated feedback, based on a
set of seven criteria, taking into account the quality
of the feedback comment as well as its impact on
the learner. While this grid offers a comprehensive
framework to evaluate feedback, the problems of
time, cost and expertise remain.

These issues, however, could potentially be tack-
led by a new reference-free, automated evaluation
method commonly dubbed “LLM-as-a-judge” (Gu
et al., 2026). This technique consists of providing
an input and evaluation criteria to an LLM, and
prompt it to evaluate the output based on the cri-
teria provided. A large number of studies have
shown that LLMs align with human judgments in a
range of NLP tasks, such as story generation (Chen
et al., 2023; Chiang and Lee, 2023), translation (Xu
et al., 2023), as well as dialogue generation and text
summarisation (Liu et al., 2023). Several enhanced
versions of LLM-as-a-judge have been developed
to further improve LLM-based evaluation, among
which G-Evaluation (Liu et al., 2023), a pipeline
that divides the rating task into evaluation steps
using Chain-of-Thought (CoT), and shows higher
correlation with human judgments than traditional
LLM-as-a-judge. There has also been a push to-
wards explainability, through both task division
into small, explainable steps (Lee et al., 2025) and
provision of a reasoning to justify the scores pro-
vided (Liu et al. 2023, Xu et al. 2023).

Several issues have also been raised regarding
the use of LLM-as-a-judge. Performance varies
greatly depending on the task at hand and model
used (Bavaresco et al., 2025). Further, LLMs suffer
from self-bias, also called self-preference or self-
enhancement bias, a tendency through which they
prefer their own output to those of other models
(Gu et al., 2026). Previous studies on the matter
have sometimes failed to distinguish self-bias from
genuine differences in quality (Spiliopoulou et al.,
2025), as self-bias can only be evidenced if the out-
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Criterion Scoring Defining question

Relevance Binary Is the feedback comment relevant to the error?
Factuality Binary Is the information in the feedback comment factually correct?
Causality Binary Does the feedback comment explain what is wrong and why?
Action.* Binary Does the feedback comment explain what to do to fix the error?
Comp.* Binary Is the feedback comprehensible to the assumed learner (B1-B2 level)?
Scope Binary Does the feedback comment contain unnecessary or out-of-scope content?
Quality Likert (1-5) Overall, how good is this feedback comment?

Table 1: Criteria of “good” feedback, along with their scoring type and defining question. A detailed description of
each is provided in Appendix B. These criteria are directly taken from Coyne et al. (2025). *“Comp” and “Action.”
stand for “Comprehensibility” and “Actionability” respectively.

put is compared to a gold standard reference (Chen
et al., 2025). Spiliopoulou et al. (2025) provided
evidence that LLMs tend to favour both their own
outputs and the outputs of models coming from
the same family, dubbing this phenomenon “fam-
ily bias”. Wataoka et al. (2025) suggested that the
cause of self-bias laid in perplexity, with LLMs
favouring texts that display lower perplexity, re-
gardless of the source. Lastly, LLM-as-a-judge
pipelines often use large, proprietary models (Chen
et al. 2023, Liu et al. 2023, Chen et al. 2025, Gu
et al. 2026). This poses several issues, as such
models require a large amount of computational
resources, lack transparency, and can be taken out
of the market without prior notice.

3 Methodology

To test whether G-Evaluation can be used in FG,
we create a complete pipeline that grades feedback
comments based on the seven criteria of good feed-
back (Coyne et al., 2025). To check for cross-LLM
bias, we run our system on both human and AI-
generated feedback. Finally, we annotate a subset
of the reasonings provided by the models to control
whether they match the scores attributed.

3.1 Dataset

For our experiments, we use W&I+WCF2 (Coyne
et al., 2025), a dataset containing 1156 feedback
comments on learner language errors.

Learner data: the W&I+WCF comprises 197
sentences written by learners of English, as well
as their corrections. Each sentence contains one
grammatical error, highlighted in an error span.

2The creators of the dataset did not name it in the original
paper. The name W&I+WCF was suggested by the first author
of the original paper through personal communication. It
stands for "Write & Improve + Written Corrective Feedback".

Each error is annotated with three error tags, corre-
sponding to three error typologies: EXPECT (Fei
et al., 2023), ERRANT (Bryant et al., 2017) and
Coyne et al. (2025)’s own typology, which we label
“WCF”.

Feedback data: each erroneous sentence is ac-
companied by six pieces of feedback, obtained
through six different experimental settings3:

• Human setting (Human feedback): human
teachers manually provided feedback based
on the learner sentence and highlighted error
span.

• Template setting (Human-GPT feedback): a
manually crafted feedback template was se-
lected based on the error type. GPT-4o was
then used to fill in slots in the template.

• Tagless setting (GPT feedback): GPT-4o was
used to provide feedback based solely on the
learner sentence and highlighted error span.

• EXPECT setting (GPT feedback): GPT-4o
was used to provide feedback based on the
learner sentence, the highlighted error span,
and the EXPECT error tag.

• ERRANT setting (GPT feedback): GPT-4o
was used to provide feedback based on the
learner sentence, the highlighted error span,
and the ERRANT error tag.

• WCF setting (GPT feedback): GPT-4o was
used to provide feedback based on the learner
sentence, the highlighted error span, and the
WCF error tag.

3See Coyne et al. (2025) for the full description of the
dataset creation process.
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Each setting, except for the Template system4, gen-
erated one piece of feedback per learner sentence,
yielding a total of 1156 feedback comments.

Feedback evaluation data: each of the 1156 feed-
back comments was rated by two human evaluators
out of a pool of four, yielding a total of 2312 rated
feedback comments. The annotators reported no
significant difference in feedback quality between
the four GPT experimental settings (Tagless, EX-
PECT, ERRANT, WCF). We therefore merge these
four settings into one "GPT feedback" setting in the
rest of this paper. Our dataset therefore contains a
mix of human, human-GPT and GPT feedback.

The evaluators annotated the feedback com-
ments based on the seven criteria of good feedback
(Coyne et al., 2025), defined in Table 1. See Ap-
pendix A for a complete example datapoint from
the W&I+WCF dataset, and Appendix B for a de-
tailed description of each criterion.

3.2 Models
We select a total of six open-weights and open-
source models, of different sizes and coming from
different families:

LLM N. of parameters

Gemma 3 4 billions
Gemma 3 12 billions
Llama 3.2 3 billions
Llama 3.1 8 billions
Qwen 2.5 32 billions
Deepseek-r1 32 billions

Table 2: Open-weights and open-source models se-
lected for the experiments.

We do not use proprietary models, as we place
emphasis on transparency and reproducibility for
our experiments, both of which can be problematic
with proprietary LLMs (Section 2). We therefore
focus on testing small-to-medium open models,
which are easily available to most.

3.3 G-Evaluation pipeline
To build our G-Evaluation pipeline, we use the
deepeval package,5 which allows for the creation

4Only 171 instances of rated feedback were produced with
the Template system, against 197 for the other settings. Man-
ual checks of the data revealed that the template system occa-
sionally generated empty feedback, or that no human rating
was provided. These datapoints were therefore removed from
the present experiments.

5https://deepeval.com/docs/metrics-llm-evals

of custom metrics based on the user’s chosen eval-
uation criteria. We therefore create seven custom
metrics based on the criteria of good feedback de-
fined in Table 1. Our metric definitions also in-
clude a detailed bullet point list of when to choose
each option for binary metrics (“Use Yes if [...]”,
“Use No if [...]”), and a rubric score range indica-
tion for the Likert scale criterion Quality. We use
the exact criteria definition as provided by Coyne
et al. (2025), so as to preserve equity between hu-
man evaluators and LLM evaluators. Only a minor
change was made for the criteria Scope: the human
evaluators of the W&I+WCF used 0 to indicate that
the feedback did not contain out-of-scope content
and 1 if the feedback did contain out-of-scope con-
tent. We reversed this logic in our G-Evaluation
pipeline, after noticing that the LLMs struggled
to assign a score of 0 if the outcome was positive
during pre-experiments. The complete metric defi-
nitions are included in Appendix B.

The deepeval package includes a default prompt,
which asks the LLM to provide a score and a rea-
soning for a given criterion, based on an input (the
erroneous learner sentence) and actual output (the
feedback). The pipeline first automatically gen-
erates evaluation steps through CoT based on the
descriptions of the criteria. Following the steps
generated, it attributes a score between 1 and 10 to
the actual output. Rather than directly outputting
this score, the G-Evaluation pipeline computes the
weighted summation of the probability of each scor-
ing outcome (1-10) to obtain a final discrete score
between 0 and 1, in increments of 0.1.

For the binary criteria, we then convert the dis-
crete scores to a binary outcome (True/False), and
keep the default threshold of 0.5, meaning that any
score at 0.6 or higher is considered a success and
returns True. For the Quality criterion, scores are
scaled to the 1-5 Likert scale.

Temperature is set to 0 and we collect our results
after one run of our G-Evaluation pipeline for each
model. We do not fine-tune our models nor provide
any few-shot annotated examples.

3.4 Evaluation

Measuring agreement: we evaluate the models’
performance by measuring the alignment of the G-
Evaluation outputs with human judgments. To do
so, we use both raw agreement and Krippendorff’s
alpha. Raw agreement is calculated by dividing the
number of times the evaluators agree by the total
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number of evaluations, while Krippendorff’s alpha
(Krippendorff, 2011) takes into account agreement
by chance.

We compute the raw agreement between the
LLM and each of the four human raters, for all
seven criteria. We also compute the raw agree-
ment between each pair of human raters, in order to
compare the LLM-human agreement to the human-
human agreement for each piece of feedback. We
then average the agreement across pairs of LLM-
human and human-human. The average agreement
is presented in Table 3. The non-averaged agree-
ment results are presented in Appendix C. We fol-
low the same methodology for Krippendorff’s al-
pha: we calculate alpha between the models and
each of the four raters for all criteria, as well as the
alpha between each rater pair. The average alpha
is presented in Table 4. The non-averaged alpha is
presented in Appendix D.

To deepen our analysis, we check for class
prevalence for each binary criterion. Given that our
dataset is indeed imbalanced (see section 4.1.1),
we carry out further analyses on the minority
classes. We calculate the proportion of agreement
for minority classes (1) between human raters
and (2) between human raters and our G-Eval
pipeline, using the formula below. With each
pair of brackets containing the labels from a rater
pair, Min the minority class label and Maj the
majority class label:

Agr = N(Min,Min)
N(Min,Min)+N(Min,Maj)+N(Maj,Min)

Measuring cross-LLM bias: we base our cross-
LLM bias test on the Quality criterion, as it illus-
trates the overall quality of the feedback.

We run a linear mixed-effects model to test for
the effect of evaluator type (LLM / human) on
the scoring of the criterion Quality, for both GPT-
generated feedback and human feedback. The re-
sults are shown in Table 8. We also visualise the
score distribution of each LLM as well as human
evaluators in Figure 1 and 2.

Measuring alignment between scores and rea-
sonings: to test whether the scores and reason-
ings provided by the LLMs align, we manually
annotate the same random sample of 15 feedback
comments for each LLM. Given that each feedback
comment is evaluated across 7 criteria, this yields
a total of 105 score-to-reasoning pairs per LLM.

We use sentiment analysis as the basis of our

annotations: each reasoning is annotated as either
“Positive”, “Neutral” or “Negative” based on the set
of rules below6:

• Positive: the reasoning is positive or mostly
positive.
Example: “The feedback correctly identifies
the error by changing ’for’ to ’to’, addressing
the highlighted span. It explains that a to-
infinitive is needed for purpose clauses, which
is accurate.”

• Neutral: the reasoning contains both positive
and negative comments, in equal quantity.
Example: “The feedback provides a direct edit
suggestion by changing ’for’ to ’to’, which
aligns with evaluation step 1. It also offers a
viable candidate edit, fulfilling step 2. How-
ever, it doesn’t provide multiple options or
address broader issues beyond the specific
grammatical change, so steps 3 and 4 are not
fully addressed.”

• Negative: the reasoning is negative or mostly
negative.
Example: “The feedback incorrectly states
that ’waiting’ is a verb or gerund when it’s
actually a noun in this context. It also suggests
changing to ’wait’, which isn’t the correct
noun form for duration.”

We visualise the distribution of scores for each
sentiment in Figure 3.

To obtain a more fine-grained analysis, we also
convert the corresponding discrete scores into sen-
timent, following the set of rules below:

• Score > 0.6 → Positive

• 0.4 ≤ Score ≤ 0.6 → Neutral

• Score < 0.4 → Negative

The reasoning is considered to align with the
score if both receive the same sentiment label. We
compute the accuracy of alignment and extract the
mean and mode score per sentiment. These results
are in Appendix E.

4 Results and discussion

The results show the complexity of assessing the
performance of G-Evaluation. While the high raw

6The examples are retrieved from deepseek-r1:32b outputs.
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LLM Relevance Factuality Causality Action. Comp. Scope Quality

Gemma3:4b 96.38 79.25 98.16 98.64 43.91 95.99 28.92
Gemma3:12b 99.31 92.22 97.38 99.92 95.53 99.10 60.51
Llama3.2:3b 16.01 46.90 32.72 73.23 73.00 93.03 15.08
Llama3.1:8b 96.23 59.17 98.08 93.62 58.12 90.15 32.00
Deepseek-r1:32b 86.89 69.80 71.58 99.31 97.10 98.05 52.95
Qwen2.5:32b 89.96 73.88 38.12 94.72 93.47 98.32 24.00

Human raters 98.74 93.46 97.30 99.75 95.36 98.10 45.49

Table 3: Average raw agreement between the LLM and the human raters as well as between human raters only. The
detail of agreement between each rater-rater pair and each llm-rater pair is provided in Appendix C. All scores are
in percentage.

LLM Relevance Factuality Causality Action. Comp. Scope Quality

Gemma3:4b 0.024 -0.054 -0.008 -0.006 -0.338 -0.020 -0.154
Gemma3:12b -0.002 0.057 0.019 N/A 0.165 -0.004 -0.114
Llama3.2:3b -0.717 -0.299 -0.483 -0.150 -0.111 -0.035 -0.427
Llama3.1:8b 0.014 -0.186 -0.009 -0.032 -0.201 -0.017 -0.110
Deepseek-r1:32b -0.044 -0.0865 -0.133 -0.002 0.097 0.027 -0.021
Qwen2.5:32b -0.018 -0.056 -0.420 -0.011 0.117 0.134 -0.307

Human raters -0.004 0.159 N/A N/A 0.251 -0.008 0.015

Table 4: Average alpha score between the LLM and the human raters as well as between human raters only. The
detail of agreement between each rater-rater pair and each llm-rater pair is provided in Appendix D. N/A values
suggest little to no variability in the data.

agreement suggests that LLMs evaluate similarly to
humans, the low alpha scores show that the pipeline
struggles with lower-quality feedback. The anal-
yses of cross-LLM bias and alignment between
score and reasoning also depict a very contrasted
picture.

4.1 Agreement analysis

The results presented in Table 3 show that
Gemma3:12b is seemingly the best performing
model, with a raw agreement above 90% across
all binary metrics. For the Likert scale criterion
Quality, Gemma3:12b even obtains a higher aver-
age agreement with humans than human raters do
with each other.

Other models exhibit important differences de-
pending on the criterion, with higher performances
recorded for the binary criteria than for the Likert
scale criterion. All models obtain a high raw agree-
ment in Actionability and Scope, while all other
criteria show important variation between models.
For example, Gemma3:4b underperforms in Com-
prehensibility, and Qwen2.5:32b in Causality, but
both show high agreement for all other binary cri-

teria. Quality is the criterion that shows the lowest
agreement, both with LLMs and human raters.

Interestingly, the agreement patterns of most
LLMs seem to mirror the agreement patterns of hu-
mans: when the Inter-Annotator Agreement (IAA)
is high between humans, it is also high between
humans and LLMs. Conversely, IAA drops for the
criterion Quality between humans, as well as be-
tween LLMs and humans. Llama3.2:3b is an excep-
tion, showing low performance even when human
agreement is high, similarly to Qwen2.5:32b for
the criterion Causality.

The results for Krippendorff’s alpha, presented
in Table 4, tell a drastically different story: while
the high raw agreement suggests that our G-Eval
pipeline performs similarly to human raters for bi-
nary criteria, the alpha scores show that such results
could be due to pure chance. Given that the raw
agreement is high, the low alpha scores does not
signify that the raters disagree. Rather, it could be
due to important class imbalance, rendering chance-
corrected agreement obsolete.
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Criteria Relevance Factuality Causality Action. Comp. Scope

Proportion of True > 95% > 95% > 95% > 95% > 95% < 5%
Proportion of False < 5% < 5% < 5% < 5% < 5% > 95%

Table 5: Prevalence of each class across the binary criteria, combined for all four human raters.

Criteria Relevance Factuality Causality Action. Comp. Scope

Proportion (%) 0 11.84 6.061 0 12.72 0
Minority class label False False False False False True

Table 6: Proportion of agreement cases, i.e. cases where human annotators agree on the minority class label. For
example, a score of 0 for Relevance means that the pair of raters never agreed on the minority class label: whenever
a rater labeled a feedback as irrelevant (False), the corresponding rater always labeled it as relevant (True). On the
other hand, for the criterion Comprehensibility, if a rater labeled a feedback comment as incomprehensible (False),
the paired rater agreed (also False) in 12.72% of the cases.

4.1.1 Class imbalance
To investigate why the alpha scores are low, we
compute the prevalence of each class (“True” /
“False”) across binary criteria. Table 5 shows a
simplified overview of the proportion of each class
per criteria across all four raters.

These results show a clear data imbalance, with
the label “True” occurring for the vast majority of
the data across all criteria. The logic is reversed for
the criteria Scope, with the label “False” occurring
in more than 95% of the cases. This shows that our
base dataset is of high quality: human evaluators
chose the positive outcome in the vast majority of
cases. We therefore carry out further analyses on
the rare yet pertinent low-quality feedback (< 5%),
to analyse how human evaluators as well as our
G-Evaluation pipeline handle such cases.

4.1.2 Minority class agreement
The performance of our G-Evaluation pipeline is
evaluated based on whether it mirrors human eval-
uators. It is therefore of primary importance to
first study how human raters handle minority class
labels by analysing whether humans agree on such
minority cases. High agreement between humans
on minority classes would suggest that such cases
are rather objective, in the sense that a “ground
truth” can be agreed upon. Conversely, low agree-
ment suggests a higher level of subjectivity, where
no label is universally accepted. Without such
“ground truth” to rely on, evaluating the perfor-
mance of G-Evaluation based on human labels
might reveal itself unfeasible. We calculate the
agreement for minority classes between human
raters using the formula presented in Section 3.4.

The results are presented in Table 6.

Interestingly, the results are low across all cri-
teria. The criteria Relevance, Actionability and
Scope even show 0% agreement for their minority
classes, meaning that the rater pair never agreed.
The numbers are slightly higher for the criteria
Factuality and Comprehensibility, but remain low
overall. Together with the raw agreement results
from Section 4.1, these scores reveal an interest-
ing insight about the task of feedback evaluation:
humans seem to agree on what constitutes “good”
feedback, but disagree on what constitutes “bad”
feedback. The minority categories (which are al-
ways the ones describing lower quality feedback)
could therefore be more subjective, with annotators
showing different attitudes towards what should be
considered flawed or unacceptable feedback.

We also compute the proportions of times when
the G-Evaluation pipeline agreed with at least one
human rater on the minority class label. Results
are reported in Table 7, and show that agreement
for minority clases is equally low between our G-
Evaluation pipeline and human raters. The crite-
ria Factuality and Comprehensibility show slightly
higher agreement than all other criteria, echoing
the human agreement results of Table 6.

Once more, the agreement pattern of our G-
Evaluation pipeline mirrors the agreement pattern
of human raters: there is a lack of agreement on mi-
nority classes, which could indicate that evaluating
low quality feedback is highly subjective. Given
such low agreement, it is impractical to evaluate the
performance of our G-Evaluation pipeline based
on human raters’ answers for the task of feedback
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LLM Relevance Factuality Causality Action. Comp. Scope

Gemma3:4b 2.325 3.414 0 0 3.351 0
Gemma3:12b 0 4.737 1.613 0 10.34 0
Llama3.2:3b 0.614 3.840 1.642 0.162 2.5 0
Llama3.1:8b 1.124 4.069 0 0 3.682 1.716
Deepseek-r1:32b 1.299 5.156 1.788 0 8.108 2.174
Qwen2.5:32b 1.680 5.321 1.784 0.813 8.982 7.142

Minority class label False False False False False True

Table 7: Proportion of agreement cases, i.e. cases where our G-Evaluation pipeline agrees with at least one human
rater on the minority class label. All results are in percentage.

evaluation. A venue for further research is to test
whether raters could come to a consensus with fur-
ther discussion or clarification of the evaluation
guidelines. If disagreements can be solved, then
the task of evaluating low-quality feedback could
reveal itself more objective than the low minority
agreement scores imply.

4.2 Cross-LLM bias

The coefficients in Table 8 show that our LLM eval-
uators systematically rate human feedback lower
than GPT-generated feedback. The p-values are sig-
nificant for all models except Gemma3:12b. The
average score difference between GPT-generated
texts and human texts is highest for Gemma3:4b
and Llama3.1:8b.

LLM Coeff. p-value

Gemma3:4b -0.939 <0.001
Gemma3:12b -0.157 0.09
Llama3.1:8b -0.929 <0.001
Llama3.2:3b -0.507 <0.001
Qwen2.5:32b -0.381 <0.001
Deepseek-r1:32b -0.482 <0.001

Table 8: Results of the linear mixed-effects model for
the Quality criterion. Coefficients describe the average
score difference of Quality between the GPT-generated
texts and the human texts.

On the other hand, the scores given by human
evaluators show little to no difference of quality
between GPT-generated feedback and human feed-
back, as shown in Figure 2.

Figure 1 shows that the score distributions are
also strikingly different, both between human
and LLM evaluators, and between LLM evalua-
tors themselves. Gemma3:12b, Qwen2.5:32b and

Deepseek-r1:32b give mostly high scores of 4 or 5,
while the distribution is flatter for all other models.

Previous studies have reported that LLMs tend
to prefer their own output (Chen et al., 2025) or out-
put of models from their own family (Spiliopoulou
et al., 2025). Our experiments ratify that LLMs
favour AI-generated texts even when not self-
generated, justifying the name “cross-LLM bias”.

4.3 Alignment between score and reasoning

Figure 3 shows that while models give lower scores
when the reasoning provided expresses negative
sentiment, the score range remains largely spread
out, ranging from 0.0 to 0.7. Only Deepseek-r1-32b
displays a slightly more constrained score range.
However, it still shows inconsistent scores of up
to 0.7. Mode scores for “Negative” reasonings are
also high (0.5, 0.6), except for Llama3.1:8b and
Qwen2.5:32 (0.3, 0.4).

Score range are more constrained for “Neu-
tral” reasonings. However, the scores remain
high for most models, spreading from 0.6 to
0.8, with 0.7 and 0.8 being the most common
scores. Llama3.2:3b breaks this pattern by dis-
playing an even wider score span, from 0.4 to 0.8.
Gemma3:12b also represents a special case for the
“Neutral” sentiment, as only one datapoint was an-
notated as such. We therefore removed it from the
results table and plots.

All models show better alignment when the rea-
soning is “Positive”, with mode scores between 0.8
and 1.0, and a score range always higher than the
passing threshold (>0.5).

The accuracy of alignment between scores
and reasonings varies greatly across models.
Gemma3:12b obtains the highest result (98%), de-
spite the mode score for “Negative” sentiment be-
ing overly high (0.6). Llama3.2:3b is the lowest
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(a) Gemma3:4b (b) Gemma3:12b (c) Qwen2.5:32b

(d) Llama3.2:3b (e) Llama3.1:8b (f) Deepseek-r1:32b

Figure 1: Score distribution for the criterion Quality in percentage for each LLM evaluator.

Figure 2: Score distribution for the criterion Quality in
percentage for human evaluators.

performing model with 53% accuracy, while other
models display mixed results (61-83%).

These results suggest that the tested LLMs are
capable of attributing high scores to what they
consider high quality feedback, but struggle to
align their score and reasonings when the feed-
back is considered lower quality. This is particu-
larly problematic when scores are converted into
a binary “True”/“False” label, as even mixed or
“Negative” reasonings will give a positive outcome

if the threshold is set to the default middle value
0.5. Given that the W&I+WCF contains mostly
high quality feedback, the raw agreement results
might be inflated by the tendency of LLMs to as-
sign overly high scores. We therefore recommend
aligning the threshold based on the scoring pattern
of the chosen LLMs. Interestingly, we are facing
the same conclusion as Section 4.1: low-quality
feedback is more problematic to evaluate than high-
quality feedback.

5 Conclusion

In this paper, we show that certain open-source
and open-weights LLMs yield results that align
with humans in feedback evaluation, but only for
majority classes. For minority classes, the agree-
ment between human raters and LLMs (human-
LLM) mirrors the agreement among human raters
(human-human): evaluators agree on what high-
quality feedback is, but disagree on what should be
considered low-quality feedback. We also provide
evidence that five out of the six LLMs tested suffer
from cross-LLM bias and prefer GPT-generated
feedback, even when not self-generated. Finally,
we expose the tendency of LLMs to attribute high
scores even when the reasoning provided is “Neg-
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(a) Negative (b) Neutral* (c) Positive

Figure 3: Score distribution per sentiment. For the sake of readability, model names have been abbreviated. deep =
Deepseek-r1:32b, qwen = Qwen2.5:32b, llama-3 = Llama3.2:3b, llama-8 = Llama3.1:8b, gem-4 = Gemma3:4b,
gem-12 = Gemma3:12b. *Only one datapoint was annotated as “Neutral” for Gemma3:12b over a total of 105. It
was therefore removed from the figure.

ative” or “Neutral”, providing evidence that there
are misalignments between scores and reasonings.

These findings show the complexity of assessing
LLM-as-a-judge pipelines as well as the numer-
ous risks of using them. We therefore recommend
using G-Evaluation pipelines with great care: pre-
experiments should be run to select a model that
displays high agreement with human raters across
both majority and minority labels. Researchers
should also carefully consider the nature of their
task, and refrain from using G-Evaluation if the
task is highly subjective, as the evaluation of the
LLM output becomes impractical without a ground
truth. Further, the selected LLMs must show con-
sistency between scores and reasonings. The scor-
ing behaviour of the models must also be tested
beforehand, so as to select an appropriate thresh-
old for success. The problem of cross-LLM-bias
should also be addressed before LLMs can reliably
be used as evaluators, particularly when comparing
both human and AI-generated feedback.

In future work, we plan on testing whether some
of the disagreements between human raters can
be resolved for minority classes, and reflect on
whether feedback evaluation can really be “objec-
tive”. We will also test whether training the models
on a subset of annotated feedback comments re-
duces cross-LLM bias. Finally, we plan on testing
how consistent the models are across several rounds
of evaluation.

Limitations

While our agreement analysis did account for mi-
nority classes, the imbalance of data can still be

an issue, as some of the proportions calculated are
based on a small number of datapoints. Another
limitation of the present paper is that the data for
the sentiment analysis was annotated by only one
person. Given that sentiment is subjective, the re-
sults might vary with a different annotator. Further,
the dataset for the sentiment analysis is small, 105
datapoints per LLM.

Ethical considerations

The use of LLM-as-a-judge raises ethical questions
that must be discussed. While LLMs can show high
raw agreement with human evaluators, their rating
behaviour differs widely from humans, due among
others to cross-LLM bias and misalignment be-
tween scores and reasonings. This could cause im-
portant issues if LLMs were to be used as judges in
real-world settings, for example to evaluate human
teachers or determine the outcome of a language
exam for learners. Our G-Evaluation pipeline is
built solely for the sake of research and is not meant
to be used in any real-world setting.
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A Example datapoint from W&I+WCF

Example datapoint

Learner sentence It *became* a big problem now.

Correction It has become a big problem now.

EXPECT tag Verb tense

ERRANT tag R:VERB:TENSE

WCF tag Tense: Perfect

Feedback setting Tagless (GPT-feedback)

Feedback The verb ’became’ is in the past tense, but the word ’now’ indicates

the present. To match the present time, the present perfect tense ’has

become’ is needed. Change ’became’ to ’has become’ to correctly

match the present time indicated by ’now’.

Rater ID 1

Relevance True

Factuality True

Causality True

Actionability True

Comprehensibility True

Scope False

Quality 4

Table 9: Example datapoint from the W&I+WCF dataset.
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B Criteria description

Criterion Definition

Relevance Is the feedback relevant to the error? A feedback comment is relevant to the error if it
attempts to address the issue represented by the highlighted spans in the Source and
Corrected sentences. A feedback comment can refer to words outside the highlight,
such as to establish context or a reason to make a correction. However, the “error”
that is focused on should be within the highlight. Note that a feedback comment can
be “relevant” but incorrect or otherwise flawed. Use Yes If: The feedback identifies
an error in the highlighted span. The feedback makes some attempt to describe
or address the error. Use No If: The feedback comment seems to be addressing a
different error outside of the highlight. The feedback comment is nonsensical or
does not seem to apply to the sentence. The feedback comment does not talk about a
language error, but is focused on something else like content or praising the learner.
The feedback seems like a response to the text instead of an instructor’s constructive
writing feedback (this would also impact the “Unnecessary Content” annotation).

Factuality Is the information in the feedback comment factually correct? A feedback comment
is factual if there are no inaccurate statements about the error, the possible correc-
tion(s), or any rule of English mentioned in the feedback text. Use Yes If: Statements
referring to the source sentence, such as “you are using A with B,” are accurate.
The error described by the feedback is indeed an error. The English language rules
mentioned in the feedback are valid. Statements like ’must’ or “usually” have the
correct scope. Use No If: The feedback asserts a rule that is not real or valid. The
feedback overgeneralizes a rule of English.

Causality Does the feedback comment explain what is wrong and why? A feedback comment
“explains what is wrong and why” if it successfully identifies the error and provides
at least a simple explanation for it. This may or may not involve a grammatical
keyword like ’past tense.’ A simple example of feedback that does not explain
the error is a grammar-check system that provides only underlines and click-to-fix
replacements for complex changes. Learners can observe the suggestions and learn,
but there is no explicit explanation.The necessary complexity of an explanation
varies with error type. Simple errors like spelling can be “explained” with a basic
line like “This word may be misspelled”. Use Yes If: The feedback identifies a
specific grammar point that was attempted unsuccessfully. The feedback provides a
pattern that describes the right way to form a construction. The feedback establishes
that a certain combination of words is not natural, ideally with a natural alternative
or reference to a certain category of words that do or do not fit. Use No If: The
feedback consists only of an edit suggestion like “replace A with B,” “remove this
word,” or “add a comma here.” The feedback is very vague or open-ended, such as
“This is wrong.”

Table 10: Part 1: binary criteria of good feedback, along with their defining question and detailed description. Based
on Coyne et al. (2025).
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Criterion Definition

Action. Does the feedback comment explain what to do to fix the error? A feedback comment
“explains what to do” if it provides either a concrete edit suggestion or a hint related
to the error. Note that a later field will ask which approach was used. Use Yes If: The
feedback provides a direct word replacement, deletion, or insertion, such as “add “to”
to make this a to-infinitive” or “Remove the extra comma.” The feedback provides
one viable candidate edit of many, e.g., “replace “bigly” with another adverb such
as greatly.” The feedback makes a general suggestion that fixes a broad problem,
such as “add a verb to complete this sentence.” The feedback outlines a grammatical
change but does not go into specifics, e.g., “change this verb to the past progressive.”
Use No If: The feedback describes an error but does not communicate how to fix
it. The feedback gives a suggestion that is very vague, such as ’try again.’ Note
that a broad error may require a broad suggestion, but it should at least be based on
the type of error in the sentence. The feedback tells the learner to consult external
resources like a dictionary. This is one form of “what to do,” but does not explain
how to fix the error.

Comp. Is this feedback comprehensible to the assumed learner? This annotation should
reflect your judgement on whether the “assumed learner” - a CEFR B1 or B2 learner
who has used academic resources, is likely to understand the comment if they try to
read it. These learners can be assumed to know a certain amount of metalinguistic
words, and may even be interested in keywords related to an error they made, but
there is a limit to how complex a feedback comment can be before it becomes
too difficult to be effective. Learners may be intimidated by a long and seemingly
difficult comment and not even read it. The best way to measure this is to ask
students about feedback they received on their own writing. However, it is not
practical in our current research. We are thus asking teachers whether the comment
seems reasonably comprehensible for this kind of learner. Use Yes If: The feedback
uses a relatively simple way to explain the error and/or correction, given the options.
The feedback is not overwhelmingly long or complex. Use No If: The feedback uses
linguistic or grammatical terms that even an academic language learner would not
know, or uses a large number of terms that would be overwhelming. The feedback
has unnecessarily high length or syntactic complexity.

Scope Does the feedback comment contain unnecessary or out-of-scope content? A good
feedback comment is relatively minimal, providing guidance without extraneous
information. Use this annotation to flag comments that have unnecessary, question-
able, or out-of-scope content. Use Yes If: All the content in the feedback pertains to
the error, the way to resolve it, or the concept the learner should learn or review. Use
No If: The feedback has something that only makes sense in an AI chat, like ’Let me
know if I can help you with anything else!’ The feedback contains an assumption
about the learner or task, such as nationality, first language, real-world contexts like
a class, etc. The feedback is about something other than language correctness, such
as the quality of a story or the strength of an argument. The feedback is somehow
rude or offensive. The feedback contains praise for the learner for trying hard or for
correct text elsewhere. Praise makes sense in many feedback contexts, but not the
setting we are building. Please cooperate and flag praise in feedback text.

Table 11: Part 2: binary criteria of good feedback, along with their defining question and detailed description. Based
on Coyne et al. (2025). “Comp.” and “Action.” stand for “Comprehensibility” and “Actionability” respectively.
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Criterion Definition

Quality Overall, how good is this feedback comment? Overall Quality is a 1-5 measure
of a rater’s impression of the feedback comment. We place it last so that all prior
questions should be answered first to help inform this judgement. Nevertheless, this
field is not a direct reflection of prior questions, and there is no formula for deducting
points for each “undesirable” answer above it.
The score should be attributed following the below guidelines:
1/5: Irrelevant or useless comment.
2-3/5: Potentially valid but flawed comment.
4-5/5: The comment is likely to help the learner if interacted with.

Table 12: Criterion of good feedback Quality, along with its defining question and detailed description. Based on
Coyne et al. (2025).
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C Raw agreement scores per rater

LLM Relevance Factuality Causality Action. Comp. Scope Quality
Gemma3:4b 0.942 0.787 0.996 0.978 0.458 0.947 0.236
Gemma3:12b 0.985 0.885 0.988 1.000 0.928 0.982 0.981
Llama3.2:3b 0.160 0.480 0.293 0.740 0.723 0.918 0.115
Llama3.1:8b 0.946 0.599 0.995 0.937 0.589 0.885 0.335
Deepseek-r1:32b 0.845 0.682 0.710 0.993 0.938 0.970 0.578
Qwen2.5:32b 0.867 0.715 0.350 0.945 0.907 0.970 0.170

Table 13: Raw agreement per criterion between the LLMs and rater 1.

LLM Relevance Factuality Causality Action. Comp. Scope Quality
Gemma3:4b 0.971 0.780 0.990 0.995 0.440 0.962 0.278
Gemma3:12b 0.994 0.948 0.984 1.000 0.971 0.998 0.691
Llama3.2:3b 0.156 0.469 0.335 0.721 0.732 0.932 0.112
Llama3.1:8b 0.977 0.568 0.995 0.946 0.577 0.923 0.335
Deepseek-r1:32b 0.872 0.721 0.745 0.991 0.984 0.982 0.585
Qwen2.5:32b 0.910 0.759 0.363 0.946 0.946 0.991 0.174

Table 14: Raw agreement per criterion between the LLMs and rater 2.

LLM Relevance Factuality Causality Action. Comp. Scope Quality
Gemma3:4b 0.949 0.796 0.949 0.981 0.454 0.972 0.301
Gemma3:12b 0.998 0.935 0.948 0.997 0.963 0.998 0.853
Llama3.2:3b 0.156 0.470 0.325 0.743 0.742 0.943 0.057
Llama3.1:8b 0.957 0.617 0.953 0.925 0.590 0.892 0.378
Deepseek-r1:32b 0.868 0.695 0.677 0.993 0.982 0.992 0.702
Qwen2.5:32b 0.891 0.735 0.403 0.948 0.942 0.988 0.083

Table 15: Raw agreement per criterion between the LLMs and rater 3.

LLM Relevance Factuality Causality Action. Comp. Scope Quality
Gemma3:4b 0.970 0.970 0.980 1.000 0.475 0.950 0.340
Gemma3:12b 0.994 0.921 0.975 1.000 0.959 0.986 0.182
Llama3.2:3b 0.167 0.457 0.356 0.725 0.723 0.928 0.320
Llama3.1:8b 0.969 0.592 0.980 0.937 0.577 0.906 0.232
Deepseek-r1:32b 0.890 0.694 0.732 0.995 0.982 0.978 0.254
Qwen2.5:32b 0.930 0.746 0.408 0.950 0.944 0.984 0.532

Table 16: Raw agreement per criterion between the LLMs and rater 4.
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D Krippendorff’s alpha per rater

LLM Relevance Factuality Causality Action. Comp. Scope Quality
Gemma3:4b 0.054 -0.029 -0.001 -0.008 -0.280 -0.028 -0.204
Gemma3:12b -0.007 -0.006 -0.005 N/A 0.152 -0.008 0.005
Llama3.2:3b -0.708 -0.237 -0.545 -0.148 -0.046 -0.042 -0.465
Llama3.1:8b -0.027 -0.133 -0.002 -0.032 -0.134 -0.005 -0.103
Deepseek-r1:32b -0.042 -0.030 -0.169 -0.003 0.146 -0.014 0.074
Qwen2.5:32b -0.023 -0.005 -0.480 -0.027 0.173 0.086 -0.337

Table 17: Krippendorff’s alpha per criterion between the LLMs and rater 1.

LLM Relevance Factuality Causality Action. Comp. Scope Quality
Gemma3:4b -0.014 -0.050 -0.002 -0.002 -0.360 -0.015 -0.093
Gemma3:12b -0.001 0.095 -0.007 N/A 0.186 0 -0.026
Llama3.2:3b -0.724 -0.321 -0.497 -0.161 -0.141 -0.034 -0.452
Llama3.1:8b 0.122 -0.230 -0.002 -0.027 -0.236 0.005 -0.064
Deepseek-r1:32b -0.040 -0.081 -0.145 -0.004 -0.007 -0.008 0.055
Qwen2.5:32b -0.007 -0.068 -0.466 -0.027 0.091 0.282 -0.298

Table 18: Krippendorff’s alpha per criterion between the LLMs and rater 2.

LLM Relevance Factuality Causality Action. Comp. Scope Quality
Gemma3:4b -0.019 -0.095 -0.022 -0.010 -0.384 -0.017 -0.360
Gemma3:12b 0 0.060 -0.026 -0.001 0.186 0 0.132
Llama3.2:3b -0.727 -0.328 -0.448 -0.134 -0.111 -0.028 -0.682
Llama3.1:8b -0.021 -0.212 -0.023 -0.038 -0.200 -0.056 -0.247
Deepseek-r1:32b -0.069 0.120 -0.127 -0.003 0.258 -0.003 0.056
Qwen2.5:32b -0.056 -0.094 -0.348 0.035 0.117 -0.005 -0.625

Table 19: Krippendorff’s alpha per criterion between the LLMs and rater 3.

LLM Relevance Factuality Causality Action. Comp. Scope Quality
Gemma3:4b 0.078 -0.042 -0.009 -0.004 -0.330 -0.018 0.040
Gemma3:12b -0.002 0.079 0.113 N/A 0.128 -0.006 -0.569
Llama3.2:3b -0.708 -0.309 -0.445 -0.158 -0.147 -0.036 -0.108
Llama3.1:8b -0.015 -0.170 -0.009 -0.032 -0.236 -0.011 -0.023
Deepseek-r1:32b -0.025 -0.116 -0.092 -0.018 -0.009 0.133 -0.270
Qwen2.5:32b 0.013 -0.056 -0.386 -0.025 0.086 0.174 0.033

Table 20: Krippendorff’s alpha per criterion between the LLMs and rater 4.
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E Alignment scores

LLM Accuracy Average score Mode score
Negative Neutral Positive Negative Neutral Positive

Gemma3:4b 0.75 0.521 0.720 0.930 0.6 0.7 0.9
Gemma3:12b 0.98 0.350 N/A* 0.963 0.6 N/A* 1.0
Llama3.2:3b 0.53 0.477 0.690 0.790 0.6 0.8 0.9
Llama3.1:8b 0.61 0.417 0.714 0.874 0.4 0.7 0.8
Deepseek-r1:32b 0.67 0.543 0.724 0.930 0.5 0.7 1.0
Qwen2.5:32b 0.83 0.375 0.708 0.901 0.3 0.7 1.0

Table 21: Accuracy of the reasoning alignment, as well as the average and mode score per sentiment. Scores that
misalign with the reasonings are marked in italics. *Only one datapoint was annotated as "Neutral" out of 105 for
Gemma3:12b. It was therefore removed from the table above.
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