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Abstract

This study explores the integration of a genera-
tive language model (GLM) into an Automated
Writing Evaluation (AWE) system designed
to highlight both argumentative components
and errors in spelling and grammar. We fine-
tune an open-source GLM using parameter-
efficient techniques. We evaluate the model’s
capabilities in both argument analysis and er-
ror detection against established datasets. We
demonstrate that a single GLM with parameter-
efficient adapters can accurately identify argu-
mentative clauses, classify their types, map re-
lationships between them, and flag mechanical
mistakes. We establish that our AWE system
performs at human-level accuracy, while only
requiring a fraction of the computational power
of much larger models.

1 Introduction

Over the past two decades, Automated Writing
Evaluation (AWE) systems have proven themselves
to be a beneficial technology in educational assess-
ment, offering promising solutions to longstand-
ing challenges in the field of education (Huawei
and Aryadoust, 2023). Generative language mod-
els (GLMs) have demonstrated remarkable abili-
ties across an increasingly diverse range of tasks,
prompting researchers and educators alike to ex-
plore how these capabilities can be effectively ap-
plied to benefit both teachers and students in edu-
cational contexts (Gimpel et al., 2023).

This article focuses specifically on demonstrat-
ing a GLM'’s capabilities in two areas: computa-
tional argumentation, a specialized field within
artificial intelligence (AI) that concentrates on
the systematic analysis of arguments (Eger et al.,
2017), and grammatical error identification (Yan-
nakoudakis et al., 2011). Computational argumen-
tation has several valuable practical applications
in both legal and educational contexts where argu-
ment quality is essential. Given that GLMs have

demonstrated the capacity to comprehend and syn-
thesize complex arguments, we show that they are
especially well-suited for computational argumen-
tation applications. Secondly, since the models
are pretrained on a large corpus of predominantly
well-formatted text, it should be relatively straight-
forward to determine when a piece of text deviates
from conventional norms of language, which makes
it ideal for detecting spelling and grammatical er-
TOrS.

Using the Argument Annotated Essays (AAE)
corpus (Stab and Gurevych, 2014, 2017) and the er-
ror annotated Cambridge Learning Corpus (CLC),
we demonstrate that fine-tuned Low-Rank adapters
(Hu et al., 2021) for the Llama 3 model (AI@Meta,
2024) can accurately perform four distinct AWE-
centered tasks:

* Identifying argumentative clauses within stu-
dent essays.

* Classifying these clauses as either Major
Claims, Claims, or Premises.

* Determining whether clauses are supportive,
opposing, or unrelated.

* Identifying errors in spelling and grammar.

We start by reviewing some of the existing liter-
ature in §2 followed by a description of the dataset
used in this study §4. This includes how it is de-
fined in terms of the tasks of annotating and clas-
sifying components and stance identification. We
then describe the methods in §5 covering the mod-
els we use, the type of prompt-templates they re-
quire, and the fine-tuning methods applied to arrive
at the final results in §6. §7 lastly provides an
overview and discussion.

2 Background and Related Research

AWE systems have naturally evolved in parallel
with Automated Essay Scoring (AES) systems.
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In addition to spelling and grammatical features,
AWE systems incorporate rule-based features de-
veloped for AES systems to provide feedback to
students (Huawei and Aryadoust, 2023). These fea-
tures include syntactic complexity measures such
as sentence length, variation and structural diver-
sity, lexical sophistication indicators such as vo-
cabulary richness and word choice appropriateness,
coherence metrics that evaluate textual organiza-
tion and argument flow, and content relevance mea-
sures that assess topic adherence (Attali, 2013). A
criticism of this approach is that both its features
and feedback ignore the essay’s semantic content.
Moreover, because scoring and feedback rely on
the same features, any score improvement may re-
flect the increased presence of a set of features
rather than a student’s genuine adherence to the
rubric.

In the search for more specific evaluation based
on the semantic content of the essay, it makes sense
to consider the integration of GLMs into the essay
evaluation process. Mizumoto and Eguchi (2023)
explored how well these models can be prompted
to score the ETS Corpus of Non-Native Written En-
glish (TOEFL11). The work of Xiao et al. (2024)
used prompts with GPT-4 and a fine-tuned version
of GPT-3.5 with the Kaggle ASAP AES dataset
(Shermis and Hamner, 2013) to achieve agreement
levels comparable, but inferior to extended versions
of BERT (Yang et al., 2020; Uto and Uchida, 2020).
Other researchers have been successful using large
closed-source models and chain-of-thought prompt-
ing to improve correlation with human-assigned
text quality ratings (Chiang and Lee, 2023; Liu
et al., 2023). Another approach is to use an LLM
to derive supervised features, which can then be
used to provide accurate scoring or feedback (Hou
et al., 2025). This approach is very closely related
to trait-based scoring, which is a way of scoring
that assigns scores to each of the different aspects
of writing (Mathias and Bhattacharyya, 2018).

Due to the computational demands of GLMs,
many researchers rely on the use of an Application
Programming Interface (API), which poses signif-
icant problems in privacy and security when ap-
plied to large-scale assessment (Bulut et al., 2024).
An approach to scoring that circumvents these
concerns uses parameter efficient fine-tuning (Xu
et al., 2023). In particular, researchers showed that
the combination of quantization and Low-Rank
Adapters (QLoRA) (Dettmers et al., 2023), applied
with open-source models to the Kaggle dataset

provided agreements that were higher than those
achieved by much larger models (Ormerod and
Kwako, 2024). In addition to higher agreements,
these models use scores as anchors for some lim-
ited feedback, however, this feedback still requires
careful validation. At this point, much of the vali-
dation for GLM outputs are dependent on subject
matter expert (SME) review. While SME review
is a valuable process, it is also expensive to imple-
ment.

Automated validation is particularly effective
for two types of writing feedback: grammatical
correctness and argument structure. Assessing
grammatical quality involves comparing a given
text against the output of models specifically fine-
tuned for spelling and grammatical error correction
(Rothe et al., 2021). The performance of these
automated systems can be benchmarked using es-
tablished datasets such as JFLEG for fluency edits
(Napoles et al., 2017) and the CLC FCE dataset for
learner English (Yannakoudakis et al., 2011). His-
torically, before the widespread adoption of modern
Generative Language Models (GLMs), significant
effort was dedicated to extending earlier architec-
tures like the T5 model to handle more complex
stylistic and coherence-based edits (Raheja et al.,
2023). Today, however, such corrective and stylis-
tic feedback can often be obtained more directly by
prompting large-scale GLMs.

The other task of interest is the identification and
classification of argumentative clauses. There are
two datasets relevant to this task; the PERSUADE
Corpus (Crossley et al., 2022) and the AAE cor-
pus (Stab and Gurevych, 2014, 2017). It has been
shown that traditional mask-language models, such
as BERT (Devlin et al., 2018) and XLNet (Yang
et al., 2019), can be effectively fine-tuned for argu-
mentation annotation (Habernal et al., 2023). When
using traditional LL.Ms, this task uses a collection
of models; a token classifier to determine and clas-
sify argumentative clauses which can be used with
or without an IOB-tagger, while another model
is used to determine the relations between stances
(Ormerod et al., 2023). When we approach this task
using GLMs, we can essentially use the same tech-
niques applied to scoring established in (Ormerod
and Kwako, 2024) to produce free-form text that
adheres to a particular template that facilitates sim-
ple parsing.
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Major Claim
Technology is entering into our society really quickly and has a positive impact

Claim

Claim Claim
[Scientists now develop robots, which help people] Ehere are some drawbacks about this issu% E’hese inventions will try to take control of the}

cope with their problems

Earth.

Premise
For example, not so long ago there were no
washing machines, which clean our clothes.

Premise
Scientists believe that one day people will
face their creations, for instance robots, and
they will not be able to control them.

Figure 1: An example of the supporting and attacking structures of an argument within an essay.

3 Study Purpose

This article highlights performance in two key ar-
eas: computational argumentation, and grammati-
cal error identification by exploring the following
two research questions.

» To what extent can a parameter-efficient fine-
tuned GLM accurately identify and classify
argumentative components and stance rela-
tions in student essays compared to estab-
lished benchmarks?

* How effectively can the same architecture de-
tect and label spelling and grammatical errors
using standardized evaluation datasets?

This articles therefore provides the performance
of a fine-tuned GLM compared to traditional ap-
proaches for these tasks. This article also provides
insight into how these models may be deployed
within AWE systems.

4 Data

The AAE corpus consists of 402 essays taken from
essayforum.com. The forum is an active online
community that provides feedback and suggestions
for a range of essays. The essays selected from
the website were chosen at random. The chosen
essays are written by students of a variety of ability
levels and are on a diverse set of topics. These es-
says were expertly annotated at the clause level by
trained annotators. Annotators were provided with
a comprehensive annotation scheme as supplied by
Stab and Gurevych (2014, 2017). Annotators were
made familiar with this annotation scheme over the
period of several training sessions whereby anno-
tators worked together to annotate example essays
and discuss disagreements. The 402 essays anno-
tated after annotators’ training saw an inter-rater

agreement of 0.7726, 0.6033, and 0.7594 Krippen-
dorff’s alpha for major claim, claim, and premise
annotation, respectively.

Component Identification Annotators assigned
word-level BIO tags to identify the start and end of
every component and separate argumentative from
non-argumentative text in each essay. Annotators
assigned “B” to mark the first word of each com-
ponent, “I”’ to each of their consecutive words, and
“0” to those words which existed outside of, and
were not part of, any identified component.

Component Classification Alongside marking
component boundaries, annotators were also asked
to consider whether each component was char-

acteristic of either a “major claim”, “claim”, or
“premise”. These were defined as follows:

* Major Claim - Outlines the author’s stand-
point on a given topic. Is considered the
primary position or argument that the essay
is making. The first component identified
in Figure 1 is an example of a major claim:
“‘technology is entering into our society really
quickly”. It is the main argument provided by
the author which is supported by the following
components.

* Claim - Claims are the building blocks of an
overall argument. They provide reasoning that
supports the major claim. The second compo-
nent in Figure 1 was labeled as a claim: “Sci-
entists now develop robots, which help people
cope with their problems”. This component
provides additional reasoning that helps to aid
the major claim by illustrating the speed of
technology advancement.

Premise - A plausible fact that serves as the
basis of a claim. The last component recog-
nized in Figure 1 was marked as a premise:
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Task Label Train Test

Identification B 4,820 1,265
I 71,687 17,797
(e} 28,841 17,105
Classification Major Claim 598 153
Claim 1202 304
Premise 3023 809
Stance Support 2846 767
Attack 177 42

Table 1: A summary of the number of elements to clas-
sify.

“For example, not so long ago there were not
washing machines, which clean your clothes”.
It provides a fact in support of the aforemen-
tioned major claim and claim.

Stance Identification Using the AAE corpus, we
are also able to identify the relationship between
each major claim, claim, and premise. Annotators
were tasked with identifying whether a given claim
or premise (source) either “supports” or “attacks”
another claim or major claim (target), or whether
the two clauses are unrelated. Source and target
pairs that showed the source as having agreement
with or evidence in favor of the target were labeled
as “support”. In contrast, pairs that showed the
source as having disagreement or evidence against
the target were marked as “attack”. This is illus-
trated in Figure 1.

In summary, this dataset consists of 402 essays,
with a total of 147721 word-level BIO-tags account-
ing for 6089 different argumentative components,
with 3832 relations. There is a well-defined test-
train split at the essay level dividing the total num-
ber of tokens tags, argumentative components, and
relations into a train-test split for each task. A sum-
mary of the number of tags and classifications is
given in Table 1.

Error Detection The Cambridge Learner Cor-
pus (CLC; Berzak et al., 2024) was used for inves-
tigating the performance of our fine-tuned GLM
at spelling and grammatical error detection. The
CLC contains scripts from the First Certificate in
English (FCE) exam. The FCE is designed for
upper-intermediate English language learners. The
dataset comprises of free-text responses to writing
prompts, including letters, reports, articles, com-
positions, or short stories, with each script being
200-400 words long. Each response has an overall
grammatical and spelling correctness score. The

Split Sentences Correct (C) Incorrect (I) % Incorrect
Train 1558 27281 1893 6.94%
Dev 222 4099 286 6.98%
Test 446 7951 555 6.98%

Table 2: Summary of Token Counts in Cleaned FCE
Dataset.

CLC was chosen due to its provision of this score.

A derived version of the dataset (FCE-error-
detection) also exists with each individual token
being assigned a correct (c) or incorrect (i) label
depending on whether it contained a spelling or
grammatical mistake or preceded a missing word
or phrase. We further cleaned this version of the
dataset by removing all incorrect (i) labels that
were assigned to words preceding a missing word
or phrase or that were wrongly assigned as in-
correct in the original dataset. These included
acronyms, such as “U.S.A.”, proper nouns, for
instance “Etruscans”, and abbreviations: “Ist”,
“2nd”, “3rd” and so on. The remaining spelling and
grammatical errors were used to train our AWE
system for error detection and were presented to
our model in their original contexts (sentences)
amounting to the following new train, dev, and test
splits shown in Table 2.

The JHU Fluency-Extended GUG corpus (JF-
LEG; Napoles et al., 2017) was also used to de-
termine the performance of our AWE system at
correcting identified errors. This corpus consists
of 1,502 sentences produced by English language
learners that contain grammatical or spelling errors.
These sentences were corrected by four Mechan-
ical Turk workers. Four corrected versions were
subsequently produced for each original sentence.
The original sentences were used as input to our
AWE models with their corresponding corrections
being used to evaluate our model’s performance.
755 sentences were used from training and develop-
ment with the remaining 747 sentences being used
for evaluation.

4.1 Prompt Templates

Prompt templates were constructed for each of the
above tasks (Summarized within Table 3; for a full
list of prompts see Appendix). These prompt tem-
plates were designed to mimic the thought-process
of the human annotator in an attempt to minimize
the variance between LLLM predictions and human
assignments. The inputted prompt template for
each task is provided and described below. A de-
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Task Prompt Summary

Component Identifica- User: List argumentative clauses from essay.
tion

Assistant: Returns list of clauses.

Component Classifica- User: Label component as major claim / claim /
tion premise using rubric.

Assistant: Outputs class label.

User: Given statement + claim, classify as supports
or attacks.

Assistant: Outputs relation.

Error Detection (FCE) System: Spellchecker.

User: List misspelled

words only (bulleted).

Stance Identification

Assistant: Outputs incorrect words.
Error Correction (JF- System: Spellchecker.
LEG)
User: Correct full sen-
tence.

Assistant: Outputs corrected sentence.

Table 3: Overview of prompts used across tasks.

scription of our chosen LLLM and training strategy
is provided with Section 5.

Component Identification Prompt Our compo-
nent identification prompt simply asks for any ar-
gumentative clauses within a given essay. This
is because the original annotators were asked to
identify any argumentative components at a clause
level (Stab and Gurevych, 2014, 2017). When the
model was prompted to identify these clauses, the
output was presented with a restatement of the task
followed by an enumerated list. We can parse the
output by identifying those elements of the list us-
ing regular expressions. This means that we have a
list of true clauses identified by the human annota-
tor, and a list of predicted clauses, predicted by the
model.

We convert the annotations into a set of BIO-
tags by matching the longest sequence of tokens
identified by both human annotators and the GLM
across the tokenized essay. It is worth stating that
the outputs of the GLM capitalized the first word in
the clause, hence, we used case-insensitive token-
level matching to define true and predicted BIO-
tags for each token. When training the GLM to
match the output, we formatted the list so that the
clauses appear in the same order in the essay itself.

Component Classification Prompt The prompt
designed for component classification took as in-
put the entire essay, all identified components, as
well as the official rubric provided to the human
annotators. The provided rubric defined the charac-
teristics of a major claim, claim, and premise. The
LLM was tasked with using the provided rubric to
label each of the listed components. This was done
for all components present within the entire essay,

since the prediction of one label, such as a major
claim, inherently influences the prediction of an-
other: claim or premise. We highlighted the major
claim, claim, and premise in the prompt by using
the markdown for bold (i.e., **text*x). When
fine-tuning the model, this meant that we could
identify the class of the component by extracting
the element in bold in the output.

Stance Identification Prompt The stance identi-
fication prompt asked the LLM to evaluate the rela-
tionship between two clauses: a claim and a related
statement. Rather than using broad concepts of
support or attack, the LLM was specifically asked
to interpret support to mean that both the claim
and statement could be simultaneously true. This
more precise logical interpretation produced better
agreement scores compared to more general sup-
port/attack relationship. Without this specification,
it seemed to interpret the term support in argumen-
tation as equivalence, which is far stronger than
the intended interpretation. We also highlighted
supports and attacks in bold in the prompt so that
we could extract the bold text in the LLM output
to determine the classification.

Error Detection Prompt Multiple rounds of ex-
perimentation were conducted to uncover the most
effective prompt for error detection. Using the FCE
dataset, we provide the LLM with a pre-tokenized
list of all the words in the inputted sentence (argl).
This was done so as to better align the LLM’s out-
put with the original sentence reducing the like-
lihood of unwanted text being generated. The
LLM is then tasked with identifying which of these
words contain a spelling or grammatical error and
to produce its answer in the format of a bulleted
list.

An additional prompt was constructed to deter-
mine our model’s performance for identifying er-
rors and producing valid corrections. Sentences
with grammatical and spelling mistakes were taken
from the JFLEG corpus (Napoles et al., 2017) and
inputted into the LLM using the prompt shown
in Figure 6 (Appendix). The prompt provides the
original sentence and tasks the LLM to correct any
spelling and grammatical mistakes. The LLM then
produces only a corrected version of the inputted
sentence which is compared against four gold stan-
dard sentences also taken from the JFLEG corpus.
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5 Method
5.1 Model Training

The model we employ is based on a modified
Llama 3.1 architecture (Touvron et al., 2023).
This particular variant has been fine-tuned using
instruction-based training and contains approxi-
mately 8 billion parameters. The model utilizes
a decoder-only transformer structure with 32 lay-
ers. Each attention layer has a dimension of 4,096,
complemented by a feed-forward layer of 14,336
dimensions. The model’s vocabulary encompasses
128,000 tokens, and it can natively process input
sequences of up to 8,192 tokens in length.

The availability of the model weights allows us
to run the model locally. This is particularly im-
portant in educational settings where the security
of student data is an important factor (Bulut et al.,
2024). To maximize the accuracy of these models
on the specific task on our modest hardware, we
are required to explore parameter-efficient methods
(Xu et al., 2023). In particular, we seek to fine-tune
this model using the Quantized Low-Rank adapters
(QLoRa) method demonstrated by Dettmers et al.
(Dettmers et al., 2023).

5.2 Fine-tuning with QLoRA

QLoRA is a powerful and parameter-efficient
method of fine-tuning. It was recently used to
demonstrate the ability of GLMs to perform AES
and provide feedback (Ormerod and Kwako, 2024).

At the core of the Llama architecture (Touvron
et al., 2023), and transformers more generally, is
the attention mechanism (Vaswani et al., 2017).
The attention mechanism relies on multiple linear
layers, taking the canonical form

L(z) =Wz +b. ()

The LoRa method replaces (1) with the operator

L(z) = (W + A)z,A = BA )

If W € Mat,,x, then B € Mat,,x; and A €
Maty ., for some k. The multiplication, A = BA
is a convenient parameterization of an element of
Mat,,x, of a rank that is less than or equal to k,
which is assumed to be less than m, hence the term
Low-Rank adaptation. In this method, the matrix
W is not trainable; we are only applying updates to
the matrices A and B using the memory efficient
8-bit paged weighted Adam optimizer (Dettmers
et al., 2022). While LoRa is a general technique

applied to any of the linear layers of a model, it
is commonly applied to the linear layer applied to
obtain the keys, queries, and values.

The instruction tuning phase of the model train-
ing for the Llama models includes a large num-
ber of diverse tasks, in a similar manner to the TS
model (Raffel et al., 2020). More generally, GLMs
that have been instruction-tuned seem to exhibit a
degree of transfer learning. It stands to reason that
the three respective tasks associated with the AAE
corpus may benefit from transfer learning. This
means that, instead of training a model for each
task, transfer learning facilitates the use of a sin-
gle model for all three tasks. We do this simply
by combining prompts associated with component
identification, component classification, and stance
identification into one dataset. Unlike our previ-
ous experiments evaluating our model on each task
independently, for transfer learning our training
corpus consists of prompts for all tasks in combi-
nation.

5.3 Validation and Metrics

F1-score was used to evaluate model performance
for each task. The predictions made for component
identification were used to create a BIO tagged vec-
tor. This resulted in a vector containing three class
predictions of “B” , “I”’ , and “0” which were com-
pared to those provided by the human annotators.
The multi-class and binary labels of the component
classification, stance identification and error detec-
tions tasks were also compared to those produced
by the human annotators. F1-score was calculated
as follows:

Precision - Recall

Fl1=2. 3
Precision + Recall 3)
where
Precisi TP
recision = —————
TP+ FP
Recall e
ecall = ———
TP+ FN

where TP is the number of true positives, F' P
is the number of false positives, and F'N is the
number of false negatives. For multiple classes, we
will be reporting macro-averages over the classes,
which are unweighted averages of the F1-scores
over each class.

GLEU score was used to evaluate our LLM’s
output for producing full sentence corrections us-
ing the JFLEG corpus. GLEU score is based on
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Identification Classification Stance
Model # Learning Strategy F1 F1IB F1I F10 F1 FIMC Fi1Cl FlPr F1

Llama-3-8B - Base 0.396 0.176 0.572 0.410 | 0.380 0.803 0.428 0.287 | 0.624
- Task-Specific Fine-tuning 0.920 0.888 0958 0.915 | 0.891 0937 0.803 0.933 | 0.887

- Multitasking Fine-tuning 0.922 0906 0957 0911 | 0.889 0945 0.789 0.932 | 0.845

Baselines - Human 0.886 0.821 0.941 0.892 | 0.868 0.926 0.754 0.924 | 0.844
- Results of (Stab and Gurevych, 2017) | 0.867 0.809 0.934 0.857 | 0.826 0.891 0.682 0.903 | 0.702

- XLNet Base 0936 0956 0.951 0.947 | 0.847 0.924 0.814 0.950 | 0.827

- XLNet Large 0.933 0.954 0951 0.946 | 0.870 0.932 0.846 0.940 | 0.885

- Claude 3.5 Sonnet 0460 0.385 0.536 0.459 | 0.820 0.841 0.690 0.897 | 0.645

Table 4: The results of Llama 3-8B-Instruct and fine-tuned derivatives against several benchmarks.

FCE JFLEG

Model Learning Strategy F1 F1 Correct (¢) F1 Incorrect (i) | GLEU
Llama-3-8B Base 0.834 0.973 0.694 0.542
Fine-tuned 0.843 0.975 0.710 0.552

Table 5: The results of Llama 3-8B-Instruct and fine-tuned derivative for error detection.

the machine translation metric BLEU score and is
designed specifically for the task of error correc-
tion (Napoles et al., 2017). GLEU score represents
the n-gram overlap between the model’s output and
human corrected sentences. It also penalizes n-
grams that were changed in the human corrected
sentences but left unchanged by a model.

6 Results

In addition to our own results, for component iden-
tification, classification and stance detection we
compare our results to several key benchmarks.
These include the benchmark set by human an-
notators, reported in the original paper alongside
a frequency and rule-based approach (Stab and
Gurevych, 2017), the recent results using XLNet
(Ormerod et al., 2023), and the application of a
version of Anthropic’s Claude model and pars-
ing methods to the prompts used. Table 4 depicts
model performance per task alongside other bench-
marks.

We readily see that the Llama model performs
well against available benchmarks. In fact, the
model performs about as well as human annotators,
however, the model did not perform as well as the
combination of a collection of XLNet models fine-
tuned for each task. While the Claude model was
one of the worst-performing models, it is somewhat
surprising that the Claude model performed so well
in the classification task with no fine-tuning.

Performances for our error detection model on
both the FCE and JFLEG datasets can be seen in
Table 5. The identification of individual spelling
and grammatical mistakes was evaluated using
F1-score, whereas the performance of generating
correct sentences using the JFLEG dataset was

reported using GLEU. Llama achieved a macro-
average F1-score of 0.843 for error detection with
individual class performances being an F1-score
of 0.975 for identifying correct words and 0.710
for recognizing incorrect words. Unsurprisingly,
detecting correct words was therefore an exception-
ally easier task. Words that were wrongly assigned
as being incorrect were often due to Llama’s un-
familiarity with grammatical forms, for instance,
believing that the “s” in “solutions” was grammati-
cally incorrect, the presence of unfamiliar out-of-
vocabulary words, or words that Llama believed did
not fit the provided context written in English, such
as “Buenos Aires.” Additionally, it was discovered
that fine-tuning Llama on the FCE dataset over 10
epochs did little to improve its overall performance.
It would seem that the task of error detection relies
heavily on knowledge acquired during pre-training
more so than that obtained from fine-tuning. This
suggests that larger models greater than 8B param-
eters would demonstrate superior performances.

Llama’s performance at generating corrected
sentences amounted to a GLEU score of 55.2 on
the JFLEG dataset. Human annotators achieved a
GLEU score of 55.3 (Napoles et al., 2017). How-
ever, other models, including Electra (Liu et al.,
2021) and a sequence-to-sequence neural network
(Ge et al., 2018) have attained GLEU scores of
61.61 and 62.42, respectively. As such, despite
Llama’s ability to generate corrected sentences on
par with human annotators, it fails to produce sen-
tences of the same quality as previous approaches.
This is due to Llama’s corrected sentences con-
taining additional unnecessary vocabulary rather
than simply corrected versions of incorrect words.
The sentences produced by Llama were therefore
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Llamawrite

User input

Should students be taught to compete or to cooperate?

Itis always said that competition can effectively promote the development of economy. In order to survive in the competition, companies continue to improve their
products and service, and as a result, the whole society prospers. [However, when we discuss the issue of competition or cooperation, what we are concerned about is
ot the whole society, but the development of an individual's whole life. From this point of view, | firmly believe that we should attach more importance to
caoperation during primary education,

First of a, through cooperation, children can learn about interpersonal skills which are significant in the future life of all students. What we acquired from team work
is not only how to achieve the same goal with others but more importantly, how to get along with others. During the process of cooperation, children can leamn about
how to listen to opinions of others, how to communicate with others, how to think comprehensively, and even how to compromise with other team members when
conflicts occurred. Al of these skills help them to get on well with other people and will benefit them for the whole life.

On the other hand, the significance of competition is that how to become more excellence to gain the victory. Hence it i always said that competition makes the
society more effective. However, when we consider about the question that how to win the game, we always find that we need the cooperation. The greater our
goal is, the more competition we need. Take Olympic games which is a form of competition for instance, it is hard to imagine how an athlete could win the game
without the training of his o her coach, and the help of other professional staffs such as the people who take care of his diet, and those who are in charge of the
medical care. The winner is the athlete but the success belongs to the whole team. Therefore without the cooperation, there would be no victory of competition.

Consequently, no matter from the view of individual development or the relationship between competition and cooperation we can receive the same conclusion that

System Output

from the essay:

1. However, when we discuss the issue of competition or cooperation, what we are concerned about is not the whole society, but the development of an
individual's whole life.

2.First of all, through cooperation, children can

3.0n the other hand, the significance of competition is that how to become more excellence to gain the victory.

4. Hence itis always said that competition makes the society more effective.

learn about interpersonal skills which are significant in the future lfe of all students

that how to win the game, we always find that we need the cooperation.

6. Consequently, no matter from the dual development or the relationship between competition and cooperation we can receive the same

conclusion that a more cooperative attitudes towards lfe is more profitable in one's success.

System Output

Major Claims : These statements reflect your thesis.

2 more cooperative attitudes towards life is more profitable in one's success.

Claims : These statements are sed to assert claims.

Premises : These are your support statements.

Figure 2: We present a demo of the user interface for our integrated AWE system.

not necessarily incorrect. Instead, they were over-
corrected to a degree beyond that required. As a
consequence, they were too far removed from the
gold standard, hence, negatively affecting Llama’s
GLEU score. This can be seen in the below exam-
ple.

Incorrect: However, I strongly maintained
that traveling by their own gives a lot of ad-
vantages.

Gold Standard: However, [ strongly
maintain that traveling by their own has a lot
of advantages.

Llama Output: However, I strongly believe
that traveling by oneself gives a lot of advan-
tages.

7 Discussion

The results of this study demonstrate significant
progress in leveraging a GLM for AWE, while also
highlighting important implications for educational
technology and writing instruction. Llama was
found to perform on par with human annotators for
component identification, component classification
and stance detection. Llama also performed well at
error detection with little change in performance af-
ter having been fine-tuned. Our findings therefore
suggest that a GLM can be implemented within
an AWE with the potential of improving overall
performances. We have created a demo of such
a system which is presented within Figure 2. As
such, the successful implementation of our AWE
system demonstrates a departure from traditional
AWE approaches. While existing systems have
largely relied on predetermined scoring rubrics and

template-based comments, our model shows the ca-
pability to identify argumentative elements similar
to that of human annotators.

8 Conclusion and Future Work

This research represents a step toward more sophis-
ticated and useful automated writing evaluation
systems. By demonstrating the feasibility of gen-
erating open-ended, validatable feedback, we have
shown new possibilities for supporting writing in-
struction at scale. Future research should focus on
refining these capabilities while carefully consid-
ering their implementation in educational contexts.
As these technologies continue to evolve, they have
the potential to significantly enhance writing in-
struction and support both teachers and students in
the writing process.

9 Limitations

Several limitations warrant attention. First, while
our validation framework provides important qual-
ity assurance, further research is needed to evaluate
the efficacy of GLM-generated feedback on student
writing development. Similar to the way in which
we accommodated free-form responses in assess-
ment, we need a way to accommodate free-form
textual feedback. Additionally, questions remain
about how best to integrate such systems into exist-
ing educational practices and how to ensure they
complement rather than replace human instruction.
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Component ID

Component Class.

Stance

Error Detect (FCE)

Error Correct (JFLEG)

User: Task 1: Component
Identification.

List argumentative clauses
without justification.

{essay}

Assistant:
1. {clause}
2. {clause}
3. {clause}

User: Read essay and label
argumentative components:
major claim / claim / premise
using rubric.

Essay: /essay/
Rubric: {rubric}

Component: {component}

Assistant: {clause_type}

User: Given essay:
{essay}

Statement: {argl}
Claim: {arg2}

Classify as: supports / attacks
Assistant: The statement

{argl} relation the claim
{arg2}

System: Spellchecker

User: List: {argl}

Return only misspelled words
as bullets:

« incorrect word

« incorrect word

.

Assistant:
* {mistake 1}
* {mistake 2}

System: Spellchecker

User: Sentence: {argl}

Return corrected sentence
only (no explanation).
Assistant: Corrected
sentence:

{sentence}

Table 6: All prompts used across tasks: component identification, classification, stance detection, error detection

(FCE), and error correction (JFLEG).
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