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Abstract: Short-answer questions can encourage students to express their understanding. However,
these answers can vary widely, leading to subjective assessments. Automatic short answer grading
(ASAG) has become an important field of research. Recent studies have demonstrated a good
performance using computationally expensive models. Additionally, available datasets are often
unbalanced in terms of quantity. This research attempts to combine a simpler SentenceTransformers
model with a balanced dataset, using prompt engineering in GPT to generate new sentences. Our
recommended model also tries to fine-tune several hyperparameters to achieve optimal results.
The research results show that the relatively small-sized all-distilroberta-v1 model can achieve a
Pearson correlation value of 0.9586. The RMSE, F1-score, and accuracy score also provide better
performances. This model is combined with the fine-tuning of hyperparameters, such as the use
of gradient checkpointing, the split-size ratio for testing and training data, and the pre-processing
steps. The best result is obtained when the new generated dataset from the GPT data augmentation is
implemented. The newly generated dataset from GPT data augmentation achieves a cosine similarity
score of 0.8 for the correct category. When applied to other datasets, our proposed method also shows
an improved performance. Therefore, we conclude that a relatively small-sized model combined with
the fine-tuning of the appropriate hyperparameters and a balanced dataset can provide performance
results that surpass other models that require larger resources and are computationally expensive.

Keywords: short answer question; automatic short answer grading (ASAG); SentenceTransformers;
dataset balancing; GPT; fine-tuning

1. Introduction

As a result of the COVID-19 pandemic that emerged at the end of 2019, E-learning or
web-based distance learning platforms have become a viable alternative to facilitate the
learning process [1]. Within this learning process, knowledge assessment plays a pivotal
role in ensuring effective teaching [2]. Open-ended questions have been identified as a
valuable method for determining students’ level of knowledge and encouraging them to
express their thoughts, perspectives, and experiences in their own words [1]. By inviting
open-ended responses, teachers gain a more accurate and comprehensive insight into how
students grasp domain-specific knowledge [3]. However, manually scoring these responses
can introduce inconsistencies, as scoring may vary among markers or from one student to
another [2]. Additionally, expecting a single definitive response to an open-ended question
proves challenging for teachers, due to variations in students’ vocabulary and writing
structures [4]. This can lead to subjective judgements about the answers and compromise
the objectivity of the assessment process [5].

According to Burrows et al. in Ref. [6], short answers have the following character-
istics: the answer should not inferred just from the question’s words (requiring external
knowledge); the answer should be given in natural language; the length of the answer
typically spans from one phrase to one paragraph; the content of the answer is relevant
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to the subject domain; and the answer is structured as closed-ended yet is not rigidly
defined. However, some short-answer questions require students to express their sub-
jective viewpoints within a defined context. Hence, short-answer questions also refer to
semi-open-ended questions [7].

The grading system for short answers poses inherent challenges compared to auto-
mated multiple-choice grading systems. It is essential to thoroughly examine the nuances
and variations in these answers to ensure accurate assessment [8]. The advancements
in natural language processing (NLP) and machine learning applications have spurred
interest among educators in creating exams comprising open-ended questions that can be
automatically evaluated for a large number of students [5].

Automatic short answer grading (ASAG) is an emerging field of research, reflecting the
educational sector’s increasing adoption of technology to aid students and professionals.
ASAG systems hold potential as valuable resources for educators, facilitating the enhanced
integration of open-ended questions and providing more objective assessments for both
formative and summative evaluations [9]. ASAG functions by analyzing students’ answers
in relation to a given question and the desired answer, as illustrated in Figure 1.
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The recent advancements in natural language processing (NLP) and deep learning
have introduced promising methodologies and frameworks capable of addressing vari-
ous tasks. Across numerous NLP tasks, including ASAG, language models (LMs) have
demonstrated considerable success. In modern approaches, LMs are trained using neural
networks. Initial neural models were based on recurrent neural networks (RNNs), like
long short-term memory networks (LSTMs and BiLSTm) [3]. The development of large
language models like BERT (Bidirectional Encoder Representations from Transformers),
based on the transformer architecture, and the increasing adoption of transfer learning
have been instrumental in constructing custom ASAG systems [11].
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Transformer employs self-attention for natural language processing, enabling the
parallel computation of input and output vectors and addressing the sequential processing
limitations of recurrent neural network (RNN), convolutional neural network (CNN), and
long short-term memory (LSTM) approaches [12]. However, this self-attention mechanism
can be computationally expensive. In the literature, ASAG studies often measure success
by high correlations and a minimal loss value on standard benchmark tests using widely
accessible datasets [5]. Many researchers indicate that the performance of ASAG systems is
closely tied to the volume of training data available [13].

Reimers et al. [14], argued that, while the BERT and RoBERTa language models have
a new state-of-the-art performance in sentence-pair regression tasks like semantic textual
similarity, enabling the input of all the sentences into the network, the computational
overhead is considerable. Though ASAG is crucial, implementing these expensive models
may pose challenges. In this research, we explore some other Sentence-Bidirectional
Encoder Representations (SBERT) models as mentioned in [15], and then propose a simpler
model by fine-tuning certain hyperparameters to optimize the ASAG performance.

The available datasets exhibit an imbalance in the distribution of data across differ-
ent labels. For instance, The SciEnts Bank (SEB) dataset [16] has a correct answer ratio
of 39.9%, with label 4 representing the correct answer, while labels 0–3 are considered
incorrect answers. And in contrast, the Mohler dataset from the University of North Texas
predominantly contains correct answers, with approximately 78% coming from labels 4–5
only. As mentioned in Ref. [17], achieving a balanced dataset is crucial for developing
optimal models, although this is challenging in practice. Augmentation, a method within
oversampling, involves enhancing an existing dataset by adding supplementary data.
Various methods used for augmenting data in NLP include random deletion, synonym
replacement, random swap, and back translation [13,17]. In this research, we augment the
dataset by utilizing GPT to paraphrase the answer, serving as an additional strategy of
synonyms replacement. Despite GPT’s inability to directly augment data, prompts can be
utilized to generate synonyms and antonyms of words.

This paper is organized as follows: Section 2 reviews all works related to ASAG.
Section 3 presents the proposed methods, including the datasets, evaluation metrics, and
experiment setup used in this research. Section 4 presents a proof-of-concept implementa-
tion of the system and discussions of the experimental results. Section 5 concludes with all
of the achievements from these experiments.

2. Related Works

This section starts by introducing the BERT network model, the baseline work in
the area of ASAG, and describing how dataset augmentation influences the performance
of ASAG.

In some various NLP tasks, BERT set a new state-of-the-art performance. BERT is
a pre-trained transformer network [18]. Reimers and Gurevych recommended Sentence-
BERT (SBERT), which uses Siamese BERT-Networks [14] to overcome some deficiencies
in BERT. SBERT is a modification of the pre-trained BERT network that uses Siamese and
triplet network structures to derive semantically meaningful sentence embeddings that can
be compared using cosine similarity.

The SentenceTransformers framework provides various pre-trained models for NLP
tasks. The model size and performance are different to each other. All these models
have been evaluated for performance sentence embeddings and performance semantic
search [14,19]. Table 1 shows some existing models related to sentence classification and
question-answering.
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Table 1. SentenceTransformers model size.

Model Model Size

paraphrase-albert-small-v2 (AS) 43 MB
all-MiniLM-L6-v2 (M6) 80 MB
bert-base-uncased (BB) 110 MB

all-MiniLM-L12-v2 (M12) 120 MB
multi-qa-distilbert-cos-v1 (MD) 250 MB

all-distilroberta-v1 (DR) 290 MB
stsb-distilbert-base (SD) 330 MB

multi-qa-mpnet-base-dot-v1 (MM) 420 MB
quora-distilbert-base (QD) 500 MB

Sentence-T5-large (T5) 640 MB
all-roberta-large (RL) 1360 MB
Sentence-T5-XL (TX) 2370 MB

Several studies with varied models have achieved a good performance. Alreheli et al.
proposed automatic short answer grading using paragraph vectors and transfer learning
embedding [12]. In this work, they utilized the Texas dataset by Mohler to evaluate the
models. The input for the ASAG model is the vector that represents the student answer
(SA), along with the vector that represents the reference answer (RA). In each experiment,
the vectors are inferred using two models; the paragraph vector (PV) model and the transfer
learning model. Then, the similarity between SA and RA is measured using the cosine
similarity. After that, the computed cosine similarity is used as a feature for a regression
model to predict a particular answer score. They evaluate the models by comparing the
actual score provided in the dataset, along with the predicted score using two evaluation
metrics, the Pearson correlation coefficient and root mean square error (RMSE). For the
PV vectors, it achieved 0.401 for the Pearson correlation and 0.893 for the RMSE. For the
transfer learning, they applied the Roberta-large and Scibert models. The best accuracy
achieved by fine-tuning the Roberta-large model on the domain-specific corpus was 0.620
for the Pearson correlation and 0.777 for the RMSE. This superiority is reasonable, because
transformers can learn the context of the words from both directions. On the contrary,
the pre-trained paragraph vectors perform better than the trained paragraph vectors on
a domain-specific corpus. This indicates that paragraph vectors increase the model’s
generalizability.

The second approach for improving the performance of ASAG is to use transfer learn-
ing and augmentation described by the authors of [13]. They fine-tuned three-sentence
transformer models on the SPRAG (Short Programming Related Answer Grading Dataset)
corpus with five different augmentation techniques: viz., random deletion, synonym re-
placement, random swap, back translation, and NLPAug. The SPRAG corpus contains
student responses involving keywords and special symbols. The dataset size is 4039 records,
and it is a binary classification problem. They experimented with four different data sizes
(25%, 50%, 75%, and 100%) with the augmented data to determine the impact of train-
ing data on the fine-tuned sentence transformer model. An SBERT architecture with a
pretrained language model (PLM) was used for training. The experimentation used the stsb-
distilbert-base, paraphrase-albertsmall-v2, and quora-distilbert-base pre-trained sentence
transformer models. This paper provides an exhaustive analysis of fine-tuning pretrained
sentence transformer models with varying sizes of data by applying text augmentation
techniques. They found that applying random swap and synonym replacement tech-
niques together while fine-tuning gave a significant improvement, with a 4.91% increase in
accuracy (84.21%) and a 3.36% increase in the F1-score (88.11%).

The third approach, which achieved the best result so far, is integrating transformer-
based embeddings and a BI-LSTM network [20]. The proposed model uses pretrained
“transformer” models, specifically T5, in conjunction with a BI-LSTM architecture which
is effective in processing sequential data by considering the past and future context. This
research evaluated several pre-processing techniques and different hyperparameters to
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identify the most efficient architecture. Experiments were conducted using a standard
benchmark dataset named the North Texas Dataset. This research achieved a state-of-the-art
correlation value of 92.5%.

A recent study published in 2024 proposed paraphrase generation and supervised
learning for improving ASAG performance [21]. First, they provided a sequence-to-
sequence deep learning model that targets generating plausible paraphrased reference
answers conditioned on the provided reference answer. Secondly, they proposed a super-
vised grading model based on sentence-embedding features. The grading model enriches
features to improve accuracy, considering multiple reference answers. Experiments are
conducted both in Arabic and English. They show that the paraphrase generator produces
accurate paraphrases. Using multiple reference answers, the proposed grading model
achieves a root mean square error of 0.6955, a Pearson correlation of 88.92% for the Arabic
dataset, an RMSE of 0.779, and a Pearson correlation of 73.5% for the English dataset. While
fine-tuning pre-trained transformers on the English dataset provided a state-of-the-art
performance (RMSE: 0.762), our approach yields comparable results.

Data augmentation has become important in ASAG because more alternative answers
can help accommodate the diversity of student answers. Howeve, generating these manu-
ally is difficult and needs significant effort. Some suggested methods used for augmenting
data in NLPs include random deletion, synonym replacement, random swap, and back
translation [13,17]. And in recent years, paraphrase generation become one of the effective
strategies in data augmentation. Okur et al. in Ref. [22] used BART and GPT-2 as the
paraphrasing model. With the development of GPT, we also think that GPT can be one
of the good strategies to generate paraphrasing, especially with the existence of GPT-3.5
or GPT-4.

3. Materials and Methodology

As shown in Figure 2, our proposed method includes processing a dataset, training
and fine-tuning a model, and evaluating the model. In this section, we will show the dataset,
the pre-processing step for the data, the model implementation for this experiments the
use of evaluation metrics, and the overall experimental setup.
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Figure 2. General architecture of proposed method.

For this experiment, we fine-tune the model by hyperparameter optimization. The
details of this implementation will be discussed in the next section.

3.1. Dataset

The Mohler dataset comprises questions and answers in an introductory course in
computer science provided by Texas University [23]. The goal of the dataset is to evaluate
the model in grading the students’ answers by comparing them with the evaluator’s desired
answer. It constitutes 2273 answers from 10 assignments and 2 examinations, collected
from 31 students for 80 different questions.

Each answer in the assignment is graded from 0 (not correct) to 5 (totally correct) by
two evaluators, who are specialized in the computer science major. The average of the
two evaluators’ scores is considered as the standard score of each answer. Each answer
is graded from 0 to 5, in which grade 0 refers to (wrong), grade 5 refers to (correct), and
grades 1 to 4 to partially correct answers. We used the average grade following the original
research in this work. We show an example of the dataset in Table 2.
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Table 2. Examples of questions and answers for the dataset.

Questions Desired Answer Student Answer Score Avg

What is the role of a
prototype program in

problem solving?

To simulate the behavior
of portions of the desired

software product.

A prototype program
simulates the behaviors

of portions of the desired
software product to allow

for error checking.

4

To simulate portions of
the desired final product

with a quick and easy
program that does a

small specific job. It is a
way to help see what the
problem is and how you

may solve it in the
final project.

5

Figure 3 shows the distribution of each grade label in the Mohler dataset. It can be
seen that the grade label classification is not balanced, especially for grade label 0 and
grade label 1. Since the amount of data affects the results, these kinds of data also make the
performance less good.
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Bonthu et al. [13] and Ouahrani et al.’s [21] research results show that data augmenta-
tion improves the ASAG performance, even if only slightly different. This is the basis for
augmenting data so that the dataset become more balanced.

3.2. Data Pre-Processing

Before starting the analysis of the responses, we initially applied some pre-processing
steps to remove irrelevant characters (e.g., numbers, punctuation) and turn the text into
lowercase. After that, we have conducted only a tokenization. The same as Gaddipati et. al.
in [10], we did not use any other checker. Since these transfer learning models are trained
on a huge vocabulary, it is plausible to assume that they can understand the misspelled
words to an extent. The versatility of transfer learning models to assign an embedding to
the new words also assisted in disregarding the spelling mistakes. Other experiments also
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applied the removal of stopwords and lemmatization, to check whether the result is better
or not.

3.3. Automatic Grading

Based on previous research, several strategies have been implemented to obtain a
good ASAG performance. However, the best results from the research pf Gooma et al. [20]
used the T5 model to achieve a correlation value of 92.5%. The T5 model has a large model
size, as mentioned in Table 1, and is also computationally expensive. This research tries to
find the right combination of models and hyperparameters to get better results with lower
computational costs. Figure 4 depicts the recommended ASAG process.
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Figure 4. Modification of our proposed method.

This research will utilize eight SentenceTransformers models which have a relatively
small size and fine-tune the models using some hyperparameters. Based on Table 1, we
recommend several SentenceTransformers models, including paraphrase-albert-small-v2,
all-MiniLM-L6-v2, bert-base-uncased, all-MiniLM-L12-v2, multi-qa-distilbert-cos-v1, all-
distilroberta-v1, stsb-distilbert-base, and multi-qa-mpnet-base-dot-v1. All of these models
are less than 500 MB in size.

In this study, we will fine-tune each model by exploring different combinations of
hyperparameters. The parameters used include the size of the training–test data split, the
number of epochs, learning rate, pre-processing steps, batch size, and the utilization of
gradient checkpointing. Gradient checkpointing serves as a technique aimed at mitigating
the memory requirements during deep neural network training, at the cost of having
a small increase in computation time [24]. The system will be evaluated using various
evaluation metrics, such as accuracy, F1-score, and Pearson correlation. All details about
the experimental setup will be explained further in the next sub-section.

3.4. Dataset Balancing

To address the problem of data imbalance, we propose a data augmentation strategy
utilizing GPT. The GPT methods used in this research are GPT-3.5 (model gpt-3.5-turbo-
1106) and GPT-4 (model gpt-4). The method used is prompt engineering, using GPT to
generate new sentences for each class. We implement the prompt engineering in GPT
model based on the concept of each grade label-specific characteristics:

◦ Label 0: generate new opposite sentences of desired answer in dataset.
◦ Labels 1–4: generate new sentences by paraphrasing the existing student answer. The

amount of data depends on the existing amount of data and the maximum amount of
data in other labels.

◦ Label 5: generate new sentences by paraphrasing the existing desired answer.

By constructing appropriate prompts tailored to the paraphrasing task, we leverage
the advanced natural language processing capabilities of GPT-3.5 and GPT-4 to generate
linguistically diverse and context-specific rephrasings of student answers.

After generating new sentences, we check the quality of the new sentences using
METEOR (Metric for Evaluation of Translation with Explicit Ordering) and cosine similarity.
Figure 5 shows the augmentation process using GPT; the main idea is obtaining new
sentences by paraphrasing the existing sentences.
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3.5. Evaluation Metrics

All processes need to be evaluated, both the new generated datasets and the short
answer grading systems. The evaluation metrics that are commonly used to measure
system performance can be seen in the following points.

1. Accuracy

Proportion of correctly graded answers. Accuracy is a straightforward metric; it is
essential to consider its limitations, especially in scenarios with imbalanced datasets. In
imbalanced datasets, where one class significantly outweighs the other, accuracy can be
misleading. To address the limitations of accuracy, we use other evaluation metrics such as
precision, recall, and F1-score [25].

2. F1-Score

The F1-score is a weighted comparison of average precision and recall. The formula
for the F1-score is as follows:

F1 =
2 × Precision × Recall

Precision + Recall
, (1)

The F1-score pays attention to the model’s ability to handle imbalanced data classes.
In addition, by using the F1-score as one of the evaluation metrics, we can compare the
resulting model with other published models.

3. Pearson Correlation Score

Pearson’s correlation is the most commonly used method in statistics to evaluate
the strength and presence of a linear relationship between predicted and manual grades.
Pearson’s correlation coefficient is the covariance of the two variables divided by the
product of their standard deviations [20].

4. Root Mean Square Error (RMSE)

Root mean square error or root mean square deviation is one of the most commonly
used measures for evaluating the quality of predictions. It shows how far predictions fall
from the measured true values using Euclidean distance. The use of RMSE is very common,
and it is considered an excellent general-purpose error metric for numerical predictions.
RMSE is calculated as follows:

RMSE =
√

MSE, (2)

Meanwhile, mean square error (MSE) measures the square of differences between
predictions and target values and computes the mean of them. MSE is calculated as follows:

MSE =
1
N ∑N

i=1 (y i − ŷi)
2 (3)
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5. METEOR

METEOR stands for Metric for Evaluation of Translation with Explicit Ordering; it is
known for its higher correlation with human judgment, especially at the sentence level.
These metrics always take a value between 0 and 1. This value indicates how similar the
predicted text is to the reference texts, with values closer to 1 representing more-similar texts.
METEOR’s ability to measure the quality of the generated answer is based on unigram
precision and recall. It significantly improves the correlation with human judgments.
METEOR computes the similarity score of two texts by using a combination of unigram
precision, unigram recall, and some additional measures like stemming and synonymy
matching [21].

The cosine similarity technique is used for measuring the similarity between two
vectors. The way it works is by measuring the cosine of the angle between two documents
which are expressed in vectors. Haskova et al. stated that the angle between vectors
determines whether they are pointing in the same or different directions. If vectors are
pointing in the same direction, it means that the documents are similar; the closer they are
expressed on the axis, the more similar they are. Vice versa, the farther they are expressed
on the axis, the less similar they are [26].

3.6. Experimental Setup

As we ran many SBERT models and it required a more powerful graphical processor
unit (GPU), we used Google Colab’s T4 GPU with a high RAM (around 52 GB). Our study
was based on the Hugging Face model based on Transformers for PyTorch 1.11.0 and Ten-
sorFlow 2.0. We also employed the OpenAI API, leveraging prompt-engineering techniques
with GPT-3.5 and GPT-4, to paraphrase sentences for the data augmentation process.

Initially, the general scenario that was formed was to compare the implementation of
each model by fine-tuning the various hyperparameters mentioned previously. We tried
with epoch values of 8, 10, 12, or 16, then batch sizes of 8, 16, or 32, and learning rate values
of 5 × 10−5 or 5 × 10−6. We experimented with various scenarios that were combinations of
these hyperparameters with the original dataset and the models mentioned. Based on these
initial experiments, the best result was obtained from using epoch = 12, batch size = 16, and
learning rate = 5 × 10−5. So, the next experiment would use these three fixed parameters
and the other parameters combined. These included whether or not to apply removing
stopwords, whether to apply gradient checkpoints or not, and dataset-splitting sizes.

The next scenario was related to the data augmentation process. Initially, we used the
GPT-3.5 model with 2 different temperature values. “Temperature” refers to a parameter
that influences the randomness degree of the generated text. A low temperature (close to 0)
leads to more deterministic outputs, where the model tends to choose words with higher
probabilities, resulting in a more conservative and repetitive text. A high temperature (with
a maximum value = 2) increases randomness in the generated text, causing the model to
sample from less predictable words, resulting in a more diverse but potentially less coherent
text. The results for these new generated sentences were evaluated using METEOR and
cosine similarity, giving better results for temperature = 0.7. Next, with the parameter
value temperature = 0.7, we also tried generating a new sentence with GPT-4. So, we will
compare the results of generated new sentences between GPT-3.5 and GPT-4.

In the next scenario, we will compare the performance of the grading system using the
dataset before augmentation and after the augmentation process. In addition, we also have
a scenario for conducting experiments using larger SentenceTransformers models. Then
the results will be compared between our recommended model and the larger model. The
evaluation metrics used are as mentioned in the previous section. We will also check the
running time of each model.
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4. Result and Discussion

In this session, we will explain and discuss the experiment results based on the
experimental setup described previously.

4.1. Initial Answer-Grading Process

As mentioned before, we will conduct experiments using the original dataset and
some fixed parameters include epoch = 12, batch size = 16, and learning rate = 5 × 10−5.
The results shown in Table 3 include the best combination of hyperparameters from the
overall results. We split the dataset into an 80–20 ratio or 70–30 ratio for training and testing
data, respectively. The pre-processing step used for this experiment only removed special
characters and changed the sentences into lowercase.

Table 3. Model performance for original dataset.

Model Name Gradient
Checkpointing

Split
Size RMSE F1-Score Accuracy Pearson

Correlation

bert-base-uncased

Yes 70–30

1.61902 0.19927 0.22287 0.21246
stsb-distilbert-base 1.04117 0.65803 0.66862 0.63649
all-distilroberta-v1 1.06047 0.66809 0.64516 0.66427
all-MiniLM-L6-v2 0.99158 0.60616 0.64367 0.64367

multi-qa-mpnet-base-dot-v1 0.89391 0.70164 0.70614 0.45196
multi-qa-distilbert-cos-v1 1.08879 0.63096 0.64474 0.47758

paraphrase-albert-small-v2 1.31466 0.58836 0.58333 0.43599
all-MiniLM-L12-v2 0.99299 0.63995 0.65351 0.43184

bert-base-uncased

No 80–20

1.91571 0.42417 0.40351 0.25566
stsb-distilbert-base 1.31803 0.67083 0.67105 0.59558
all-distilroberta-v1 1.24106 0.73221 0.72807 0.65142
all-MiniLM-L6-v2 1.19878 0.58192 0.56579 0.64576

multi-qa-mpnet-base-dot-v1 1.22907 0.68833 0.68859 0.76269
multi-qa-distilbert-cos-v1 1.4047 0.67267 0.67105 0.71517

paraphrase-albert-small-v2 1.79938 0.50837 0.49123 0.62883
all-MiniLM-L12-v2 1.15167 0.63541 0.64474 0.71271

Based on the results in Table 3, the all-distilroberta-v1 and mul-ti-qa-mpnet-base-
dot-v1 models show promising results, although their performance across all evaluation
metrics is still not better than the existing research. The best RMSE value obtained is nearly
0.9, whereas even the smallest value in the previous research reached 0.77. Moreover, the
F1-score, accuracy and Pearson correlation values are only around 0.7, while the previous
research has achieved more than that. So, we conducted additional experiments using a
new dataset that has undergone a data augmentation process with GPT.

4.2. Dataset Balancing by Data Augmentation with GPT

Based on the previously explained scenario, the process of balancing the dataset with
data augmentation will use a parameter value of temperature = 0.7 and will also utilize both
the GPT-3.5 and GPT-4 models. For grade label = 0, the prompt text used will be “Please
make a completely different sentence from this following sentence: ‘{answer}’ so it counts
as an opposite sentence” to get the opposite or antonyms. Meanwhile, for other grade
labels, the prompt text used will be “Please paraphrase the following sentence ‘{answer}’”
to get similar sentences or synonyms. Figure 6 shows the new dataset, with additional data
generated by the GPT-3.5 model. Subsequently, the results of this process will be referred
to as BalMohler-3.5, which means Balanced Mohler dataset with GPT-3.5.
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Figure 6. New generated dataset using GPT-3.5.

Figure 7 depicts the new dataset with added data resulting from data augmentation
using GPT-4. Compared to Figure 3, this new dataset has more evenly distributed numbers.
The standard deviation for the original Mohler dataset is 400, while the standard deviation
for the new dataset is around 98 for both models. This dataset will be referred to as
BalMohler-4.
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In addition to the distribution of data, we will also evaluate the results of these new
generated sentences based on METEOR and cosine similarity scores. To facilitate evaluation,
we will categorize grade labels into two categories: the correct category for grade labels
2–5 and the false category for grade labels 0–1. The grade labels 0–1 are considered as the
false category because they represent answers that are far from the correct answer. Table 4
shows the evaluation results of data augmentation from both models.
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Table 4. Data augmentation result evaluation.

Augmentation Model Grade Category Cosine Similarity METEOR

GPT-3.5 False 0.4369
0.59722GPT-3.5 Correct 0.8040

GPT-4 False 0.3645
0.59309GPT-4 Correct 0.8080

These new generated sentences will be considered as student answers and will be
compared with the desired answers for evaluation. So, a smaller value in the cosine
similarity score indicates better results for the false category. Meanwhile, for the correct
category, a larger value indicates better performance. The new sentences of the GPT-4
model are better, although there is only a small increase. Meanwhile, the METEOR score
reflects the overall text quality, where a higher score indicates better quality. As seen in
Table 4, the results of the new generated sentences with the GPT-3.5 model show a better
performance, although the difference is not significant compared to the results from the
GPT-4 model. Therefore, for future research, we will continue to evaluate the ASAG process
using both of these new generated datasets.

4.3. Answer-Grading Process after Balancing Dataset

These experiments will use a new dataset with the additional data through data
augmentation with the GPT-3.5 and GPT-4 models. We will conduct various experiments
with existing model combinations, while fine-tuning the hyperparameters. From the several
experiments that have been carried out, we will present the best results among them. The
details of the scenarios conducted can be seen in Table 5. Exp 1 and Exp 5 represent the
best scenarios for experiments using the original Mohler dataset, for which the results can
be seen in Table 3. Removing stopwords is not included in the parameter combination
because the experimental results are not significant, so it was not involved.

Table 5. Detail experiment scenario.

Experiment Pre-Processing Gradient
Checkpointing Split Size

Exp 1 SpCh LC Yes 70–30
Exp 2 SpCh LC No 70–30
Exp 3 SpCh LC Yes 80–20
Exp 4 SpCh LC RS Yes 80–20
Exp 5 SpCh LC No 80–20

Each scenario is executed with a fixed parameters set based on the results of previous
experiments. The results of this experiment will be evaluated using the evaluation metrics
mentioned earlier, namely RMSE, F1-score, accuracy, and Pearson correlation. These
experiments include the SentenceTranformers model mentioned in Table 1.

Figure 8 displays the RMSE values from our eight recommended models when imple-
mented on three datasets: Original Mohler, BalMohler-3.5, and BalMohler-4, represented as
Ori, Aug-3.5, and Aug-4, respectively, for each subsequent figure. Generally, better results
are obtained from using BalMohler-3.5 and implementing the all-distilroberta-v1 model. To
shorten the model names, what is shown in the figure is the abbreviation for each model
based on Table 1.
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The best RMSE score of 0.39913 was obtained from the implementation of Exp 3, using
the all-distilroberta-v1 model with a new balanced dataset from data augmentation with
the GPT-4 model. However, in general, using BalMohler-3.5 results in a smaller average
RMSE score. Meanwhile, the worst RMSE scores were obtained from implementing Exp 5
on the bert-base-uncased model with BalMohler-4, with a value of 5.33808.

Figure 9 displays the experimental results based on the F1-score score obtained. Over-
all, balancing the dataset by implementing data augmentation improves the performance
of the grading system.
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The best F1-score result of 0.91886 was obtained from Exp 3 with BalMohler-4 and the
implementation of the all-distilroberta-v1 model. Similar to the RMSE results, on average,
the F1-score results from using BalMohler-3.5 are better than BalMohler-4. The worst result,
0.2391, comes from Exp 5, using the BalMohler-4 dataset and the bert-base-uncased model.
This worst value is close to the worst F1-score value with the Original Mohler dataset
(0.2379).

Figure 10 displays the performance evaluation in terms of accuracy. Similar to the
other evaluation metrics, the resulting balanced dataset from implementing GPT data
augmentation generally improves the performance of the grading system.
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The best accuracy result of 0.91969 was obtained from Exp 3 with the implementation
of the BalMohler-4 dataset and the all-distilroberta-v1 model. On average, the accuracy
value of BalMohler-3.5 implementation is also better than the implementation of BalMohler-
4. The lowest accuracy score, 0.30488, comes from Exp 5, with the implementation of the
BalMohler-4 dataset and the bert-base-uncased model.

Figure 11 displays the final evaluation results based on the Pearson correlation value.
It is also clear that the balanced dataset from the implementation of GPT data augmentation
improves performance results.

Slightly different from the previous evaluation, the best result was obtained from Exp
3 and the all-distilroberta-v1 model but with the implementation of BalMohler-3.5. The
highest Pearson correlation score is 0.95855. The lowest score, 0.28748, was obtained from
Exp 4 with the implementation of the BalMohler-4 dataset and the bert-base-uncased model.

Based on the experimental results so far, on average, the best implemented model is
the all-distilroberta-v1 model, along with the use of BalMohler-3.5. The all-distilroberta-v1
model has a size of around 290 MB and can achieve good results for all the evaluation
metrics conducted. As mentioned in Section 2, there have been other studies that have
succeeded in achieving satisfactory evaluation metrics values, but those studies typically
use larger models than those we recommend. For instance, Alreheli and Alghamdi used the
all-roberta-large model [12], which is nearly 400% larger than our recommended model, and
Gomaa used T5-XL [20] which is almost eight times larger than our recommended model.
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We also conducted additional experiments using larger models to observe their per-
formance. Table 6 displays our overall best experimental results, as well as the results
from previous research. Based on this summary, it can also be seen that data augmentation
implementation to balance the dataset helps improve the performance for smaller-sized
SentenceTransformers models. A smaller size means a smaller number of parameters and
also results in a faster processing time [14,27].

Table 6. Comparison of all experimental results with previous research.

Model Name Dataset Pre-Processing Gradient
Checkpointing

Split
Size

Batch
Size RMSE F1-Score Accuracy Elation

all-distilroberta-v1 Mohler SpCh + LC No 80–20 + 16 1.2411 0.7322 0.7281 0.6514
multi-qa-mpnet-base-dot-v1 1.2291 0.6883 0.6886 0.7627

all-distilroberta-v1
BalMohler-3.5 SpCh + LC Yes 80–20 #

16
0.5449 0.8998 0.9009 0.9586

multi-qa-mpnet-base-dot-v1 0.4925 0.8907 0.8912 0.9454
multi-qa-mpnet-base-dot-v1 No 70–30 * 0.6012 0.9139 0.9145 0.9583

all-distilroberta-v1 BalMohler-4 SpCh + LC Yes 80–20 # 16 0.3991 0.9189 0.9197 0.8329
multi-qa-mpnet-base-dot-v1 0.4954 0.8917 0.8929 0.8657

RoBERTa-large BalMohler-4 SpCh + LC Yes 80–20 # 16 0.4021 0.9374 0.9377 0.9612
BalMohler-3.5 0.5096 0.9328 0.9334 0.9579

RoBERTa-large [12] Mohler SpCh + RS - 80–20 16 0.777 - - 0.620
T5-XL [20] Mohler LC - 80–20 3 0.109 - - 0.928

paraphrase-albert-small-v2 [13] SPRAG + Aug SpCh - 85–15 16 - 0.8811 0.8421 -

Ridge-LR [21] Mohler +
Aug-E SpCh + RS - 70–30 - 0.779 - - 0.735

Ridge-LR [21] Mohler +
Aug-A SpCh + RS - 70–30 - 0.6955 - - 0.8892

* Exp 2, # Exp 3, + Exp 5.

Our best results from the experiment are marked with green in the respective column.
Results labeled in blue indicate additional experiments using larger models. The results
obtained for F1-score, accuracy, and Pearson correlation are indeed better than those from
experiments with smaller models, but the difference in performance is not significant
compared to the average running time. In Figure 12 below, it can be seen that the average
running time of the all-roberta-large model is many times longer than the other models.
Given the disparity in performance, it is not proportional to the computational cost required.
Balancing the dataset is also recommended in research by Bonthu et al. [13] and Ouahrani
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et al. [21]. There is an increase in performance when using the augmented data, which is
also consistent with our experimental results.
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The RMSE scores obtained from our experiments are indeed larger than those from
Gomaa’s research [20], but that does not have much impact because of other better evalua-
tion metrics values. Moreover, the use of the T5-XL model would definitely require even
larger and more expensive resources. The comparative F1-score and accuracy values were
only obtained from research by Bonthu et al. [13], and our best experimental results on
average also exceed those results. Bonthu et al. used the relatively small paraphrase-albert-
small-v2 model, which is only about 40 MB in size. However, our recommended model
can potentially perform better, due to differences in the datasets. Bonthu et al. used the
SPRAG dataset, which is a binary classification problem [13], while the Mohler dataset
consists of grade labels ranging from 0 to 5. With a more complex dataset, even though
it requires a larger model, the results can still compete with simpler models. Note also
that the paraphrase-albert-small-v2 model has an average running time that is not signifi-
cantly different from the all-distilroberta-v1 model, which is about seven times larger in
size. The Pearson correlation scores from our recommended model can also achieve better
results than the existing research. When the same dataset and the same hyperparameter
fine-tuning process are implemented on larger models, it indeed produces better results,
but this performance improvement is not proportional to the larger and more expensive
computational cost.

This research aims to find a simpler model with a proper fine-tuning process. The
experiments have shown that relatively smaller-sized models with the proper fine-tuning
can achieve a good performance. The data augmentation for balancing the dataset itself
also contributes to a significant improvement in the performance results of this grading
system. The all-distilroberta-v1 model, which is less than 300 MB in size, with the proper
hyperparameter selection and combined with balancing the dataset, can compete with the
results of larger and more complex models.

4.4. Additional Experiments

We conducted additional experiments to determine whether our proposed method
also improves the performance of the ASAG system on other datasets. We utilized the
SemEval-2013 dataset, a benchmark dataset from the SemEval-2013 Shared Task 7 [28].
Specifically, we used the two-way SciEnts Bank subset, which includes two grade labels:
“correct” as grade label 1 and “incorrect” as grade label 0. This dataset consists of questions,
desired answers, student answers, and two-way grade labels in the science domain.
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We used both the original dataset and an augmented version. The initial dataset
contained 4925 rows, with 2944 rows (60%) labeled as grade 0 and 1981 rows (40%) labeled
as grade 1. We applied the same augmentation process to this dataset. Using prompt
engineering in GPT models, we generated additional answers for grade label 0 by using
antonyms of the desired answer and synonyms of words from the student answers to
create new answers for grade label 1. Figure 13 illustrates the data distribution for both
the original and the balanced datasets after augmentation with the GPT-3.5 and GPT-4.0
models. The blue bar represents data with a grade label of 0, while the orange bar represents
data with a grade label of 1.
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We also evaluated the newly generated dataset using the METEOR score and cosine
similarity score. The evaluation results are presented in Table 7, which shows that the
dataset generated using the GPT-3.5 model performed better. These datasets were also
implemented using the recommended models from the experiments in the previous section:
the all-distilroberta-v1 and multi-qa-mpnet-base-dot-v1 models.

Table 7. SciEnts Bank data augmentation results evaluation.

Augmentation Model Grade Category Cosine Similarity METEOR

GPT-3.5 False 0.4411
0.5921GPT-3.5 Correct 0.7121

GPT-4 False 0.4429
0.5498GPT-4 Correct 0.7059

From the five scenarios mentioned in Table 5, we only present the best two results for
this additional experiment, using the same combination of hyperparameters. The results
are displayed in Table 8.

Our best results from these additional experiments are also highlighted in green in
the respective column. These results indicate that the augmentation process successfully
increased system performance. Moreover, the results labeled in blue indicate experiments
using larger models. The larger models achieved better scores in F1-score, accuracy, and
Pearson correlation but, as with the previous dataset, the performance improvement was
not significant compared to the average running time. When compared with previous re-
search using the same dataset, our proposed method also improves performance quite well.
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Table 8. Comparison of additional experimental results with previous research.

Model Name Dataset Pre-
Processing

Gradient
Checkpoint-

ing
Split
Size

Batch
Size RMSE F1-Score Accuracy Pearson

Correlation
Average
Runtime

all-distilroberta-v1
SEB

SpCh + LC Yes 80–20 # 16
0.8857 0.8186 0.8236 0.6399 1066 s

SEB + Aug3.5 0.8205 0.8556 0.8556 0.7103 1406 s
SEB + Aug4 0.7429 0.8375 0.8377 0.6738 1390 s

multi-qa-mpnet-base-
dot-v1

SEB
SpCh + LC Yes 80–20 # 16

0.7818 0.8301 0.8296 0.6559 1806 s
SEB + Aug3.5 0.7329 0.8507 0.8507 0.6999 2285 s
SEB + Aug4 0.7956 0.8392 0.8393 0.6765 2285 s

RoBERTa-large SEB SpCh + LC Yes 80–20 # 16 0.8648 0.8722 0.8722 0.7411 6381 s
SEB + Aug3.5 1.0093 0.8657 0.8658 0.7319 6769 s

all-distilroberta-v1
SEB

SpCh + LC No 80–20 + 16
1.1348 0.8358 0.8357 0.6668 909 s

SEB + Aug3.5 1.1527 0.8313 0.8312 0.6582 1114 s
SEB + Aug4 1.1986 0.8211 0.8215 0.6404 1121 s

multi-qa-mpnet-base-
dot-v1

SEB
SpCh + LC No 80–20 + 16

0.8226 0.8518 0.8519 0.6928 1898 s
SEB + Aug3.5 0.8161 0.8639 0.8636 0.7265 2409 s
SEB + Aug4 0.9179 0.8521 0.8523 0.7058 2381 s

Graph Convolutional
Networks [29]

SEB - - 90–10 32 - 0.705 0.710 - -
SEB + BT - - 90–10 32 - 0.725 0.732 - -

XLNET base [3] SEB - - 90–10 16 - 0.693 0.702 - -

# Exp 3, + Exp 5, BT: back translation.

When compared with the Mohler dataset, the improvement in experiments with the
SciEnts Bank dataset was not very significant. Based on further observations, we found
that the Mohler dataset had an average of 20 words per row of data, while the SciEnts Bank
dataset had an average of only 12 words per row of data. This difference in word count
may contribute to the less significant performance improvement, as fewer words were
considered in the evaluation.

5. Conclusions

In this study, we proposed a simpler SentenceTransformers model combined with
balancing the dataset and fine-tuning the hyperparameters of the model to handle an
automatic short answer grading system. Our recommended SentenceTransformers model
has a relatively small size, resulting in manageable resource requirements. We also balanced
the dataset using GPT data augmentation, employing prompt engineering in the GPT
model to generate new sentences based on existing student answers or desired answers.
Additionally, we also fine-tuned the model by combining appropriate hyperparameters to
achieve optimal grading performance. From the experiments conducted, the new balanced
dataset significantly improved the performance of the grading system, as observed through
RMSE, F1-score, accuracy, and Pearson correlation metrics.

The newly generated answer data from GPT also display satisfactory results, with a
cosine similarity score reaching 0.8 for the correct category and 0.3 for the false category.
This data augmentation aims to create a more balanced distribution of grade labels in the
dataset. The implementation of this new balanced dataset also resulted in a significant
performance improvement. The best result we obtained reached a Pearson correlation
value of 0.9586 from the implementation of the all-distilroberta-v1 model. This model
has a relatively small size and underwent a fine-tuning of hyperparameters, as well as
the utilization of the new balanced dataset. Key hyperparameters include (1) the use of
gradient checkpointing to reduce memory consumption; (2) the split-size ratio for the
training and testing datasets, with 80% for training and 20% for testing; (3) a pre-processing
step involving the removal of special characters and converting text to lowercase. Other
parameters remained fixed across all the experiments, as mentioned earlier. Furthermore,
the RMSE, F1-score, and accuracy score also consistently achieved better results compared
to the previous research. This has also been demonstrated by additional experimental
results. Although the performance increase for the new dataset is not very significant, there
is still an improvement. This difference can be attributed to the varying characteristics of
the datasets themselves.

In terms of future works, there are several areas that might be explored further.
Currently, the dataset used consists only of English-language data. Hence, future research
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could explore the implementation of models trained on datasets from other languages.
GPT has proven to be able to generate new sentences to enhance performance. Therefore, it
is also possible to leverage GPT for language translation when using datasets other than
in English.
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