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Abstract
Automatic Short Answer Grading (ASAG) is a well-known research task in the field of
natural language processing (NLP). Its major purpose is to automatically grade descrip-
tive answers of the students by keeping automatic grading consistent with the evaluation
of human graders. Recent developments in Large Language Models (LLMs) have demon-
strated a greatly enhanced performance in automated grading; however, the generalizability
of the models and accuracy is still quite low because of the absence of dataset-specific
grounding. We present EDURAG, a Retrieval-Augmented Generation (RAG) based model
to improve contextualization of the LLM-based grading with exemplar-based grading and
extra knowledge as generated by QFKE (Question Focused Knowledge Extraction) module.
The proposed QFKE module provides extra layer of contextuality for the EDURAG. In
contrast to conventional supervised methods, EDURAG does not need model fine-tuning.
The suggested framework is tested against theASAG2024 benchmark that consolidates seven
short-answer grading datasets across various domains, educational levels, and grading scales.
The benchmark protocol of measuring performance is weighted Root Mean Square Error
(wRMSE). The experimental findings show that dual contextuality provided by EDURAG
enhances the accuracy of grading significantly when compared to vanilla LLM grading. The
ablation study also confirms the significance of dual contextuality provided by EDURAG.Al-
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though promising results (almost 15% improvement) have been achieved during experiments,
there is still a discrepancy between human grading performance and merit, indicating the
potential of hybrid human-AI grading systems. The results indicate that retrieval-enhanced
LLMs offer a scalable and generalizable direction for automated assessment.

Keywords: Automatic grading, LLM, Short answers, Machine learning.

1. INTRODUCTION

Evaluation of students learning is one of the most crucial phases in education. Traditional evaluation
involves manual grading of paper-based answer sheets. While many have consulted automatic
grading systems, but their use remains limited to grading of multiple-choice questions or fill-in-
the-blanks where the answers are short and easy to compare with a fixed key [1]. These systems are
not sufficient for the evaluation of descriptive answers, where students write explanations in natural
language. Descriptive answers are common in science, history, and literature, and they give deeper
insight into student understanding. But they are also difficult to grade because the same idea can be
expressed in many ways, with different words, order, or level of detail [2].

Manual grading by teachers is still considered the most reliable method for descriptive answers.
However, it requires a large amount of time and effort, especially in large classes or online education
environments. Grading inconsistency is one of the major issues students face in manual grading [3].
All these challenges motivate research community to look for better alternatives.

Emergence of Large Language Models (LLMs) [4] can be considered an excellent opportunity
for the development of effective automatic grading systems. It has been experienced that LLMs
understand natural language to the extent where it becomes challenging to differentiate between
computers and human beings. Several studies have reported that LLMs can reach moderate agree-
ment with human graders on short-answer datasets [5, 6]. However, LLMs still face some issues
when employed for this task. For example, LLMs often lack access to the specific knowledge [7]
that is needed to evaluate domain-heavy subjects like science or history. However, this issue can
be solved if domain-specific information can be provided to LLMs. This is where the approach of
Retrieval Augmented Generation (RAG) comes to aid us.

1.1 Retrieval Augmented Generation (RAG)

To overcome the default issue of LLMs, a promising approach is Retrieval-Augmented Generation
(RAG). RAG combines two parts: a retrieval system and a language model. The retrieval sys-
tem searches for relevant knowledge or examples from external sources, and the language model
then uses this information to produce a more accurate and context-aware output [8] as shown in
FIGURE 1. In the case of automatic grading, retrieval can provide curriculum material, rubrics,
or exemplar student responses, and the LLM can then judge the new student answer against this
evidence. This approach helps reduce hallucination, improves fairness, and aligns the grading more
closely with teacher expectations [9, 10].
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Figure 1: Overview of the RAG process

In this paper, we present EDURAG, a framework that applies RAG to the task of descriptive answer
grading. The proposed model comes with unique approach of providing dual-context to RAG
to grade descriptive answers. In addition to this, it also highlights the supporting evidence and
generates short formative feedback. The model is evaluated using 07 benchmark datasets included
in ASAG2024 and a fair compare with potential baselines is provided. The results demonstrate the
effectiveness of the proposed RAG-based model.

1.2 Contributions

This work makes the following key contributions:

• We propose EDURAG, a retrieval-augmented grading framework that enhances Large Lan-
guage Model (LLM)–based short-answer assessment by incorporating dual context to RAG.
One context is extracted from the data itself while other one is generated using QFKE module
which retrieves question focused knowledge to be fed to the RAG.

• We introduce a unique approach of providing dual context to our model for ASAG task. The
QFKE module utilizes the potential of LLMs to generate question focused extra knowledge
for the RAG which uses it to grade the answers.

• We provide a comprehensive evaluation of retrieval-augmented LLMgrading on theASAG2024
benchmark, which combines seven short-answer grading datasets into a unified evaluation
framework.

• We conduct ablation analysis to quantify the individual and combined impact of different
components of the proposed system.

Unlike existing RAG-based grading approaches that rely solely on retrieved exemplars or reference
materials, this work introduces a dual-context augmentation strategy, where both retrieved grading
patterns and generated conceptual knowledge are jointly leveraged. This enables the model to better
handle semantic variability in student responses while aligning predictions with human grading
behavior.
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1.3 Structure of the Paper

This is how this paper is structured: In section 2, we provide a highlight of the related work. The
architecture of the proposed model is well described in section 3 and in section 4 we introduce our
proposed model EDURAG. The experimental setup is described in section 5 while detailed results
are presented in section 6. Any risk factors and implications are discussed in section 7 along with
deployment details. The limitations of the work are given in section 8 and we conclude the paper
in section 9 along with highlights of the future work.

2. RELATEDWORK

A significant amount of work has been published on automatic grading of student answers during
the previous decades. It involves approaches using simple rule-based techniques to modern neural
networks and large language models (LLMs). In the following sub-sections, we discuss some of
these works grouped by their methodology.

2.1 Rule-Based and Semantic Similarity Approaches

Early work in automatic grading mainly relied on handcrafted rules and semantic similarity mea-
sures. The Intelligent Essay Assessor (IEA) applied Latent Semantic Analysis (LSA) to capture
semantic overlap between student essays and reference texts, achieving performance comparable to
human graders [11]. Similarly, c-rater [12] used pattern matching and hand-coded linguistic rules
to grade short answers in science and reading comprehension tasks. These techniques were good in
small-scale areas but lacked flexibility and could not respond effectively to open-ended or creative
responses.

2.2 Feature Engineering with Machine Learning

The next wave of systems focused on engineered features (e.g., lexical overlap, syntactic similarity,
n-grams) combined with traditional machine learning models. Mohler, Mihalcea, and Mihalcea
(2011) [13] have shown that the use of semantic similarity features plays a major role in enhancing
automatic short answer grading. Osaka et al. (2025) [14], proposed a workflow for automated short-
answer scoring based on active and deep learning for large datasets. These approaches improved
over purely rule-based systems but required labor-intensive feature design and still struggled with
unseen topics. TABLE 1 provides a highlight of comparison between rule-based and feature based
machine learning approaches.
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Table 1: A short comparison of Rule-based and Feature-based Machine learning Approaches.

Approach Key Methods Limitations
Rule -Based Approaches Pattern matching, Keyword

overlap, templates
Cannot detect paraphrasing,
brittle, domain-specific

Feature Based ML SVM, RF with handcrafted
lexical and syntactic features

Heavy feature engineering,
weak generalization

2.3 Deep Learning Approaches

With the rise of deep learning, researchers shifted towards end-to-end neural models that auto-
matically learn semantic representations. Liu et al. (2019) [15] introduced a Multiway-Attention
Network that modeled the relationship between student responses and reference answers, showing
state-of-the-art performance on K–12 datasets. Mathias et al. (2020) [16], explored a zero-shot
essay grading model augmented with cognitive signals such as eye-gaze, showing potential for
grading without prompt-specific training. Deep learning approaches improved generalization but
still required large training datasets, which are scarce in education. TABLE 2 summarizes different
deep learning models along with their weaknesses.

Table 2: A brief comparison of Deep Learning Approaches for Automatic Answer Evaluation

Category Models Weaknesses
Neural Networks LSTM, BiLSTM, CNN Need large, labelled data
Transformers BERT, RoBERTa, DeBERTa Domain-sensitive
LLM-based grading GPT-3/4, PaLM, Claude Bias, hallucination, drift

2.4 Large Language Models (LLMs) for Grading

The recent work has explored the use of LLMs like GPT-3 and GPT-4 in grading. According to Jiang
and Bosch (2024) [5], GPT-4 had a Quadratic Weighted Kappa (QWK) of 0.677 on the ASAP-SAS
dataset [17], which is close to the human agreement levels. The article [6] conducted an analysis of
LLMs in zero- and few-shot tasks and concluded that despite promising results, the models do not
work in a variety of educational settings and may produce inconsistent or bias scores. These studies
emphasize the possibilities and threats of adopting generative models exclusively as assessment
tools.

2.5 Retrieval-Augmented and Example-Based Methods

One of the recent dynamics is to use a combination of LLM and retrieval mechanisms to enhance
the reliability of grading. Wang and Ormerod (2024) [18], suggested a Generative Language Model
(GLM) pipeline in which the model is used to find semantically similar graded answers and score
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the new answers to enhance the likelihood that they agree with the human rubric on the SemEval-
2013 dataset [19]. Chu et al. (2025) [10], released GradeRAG, an augmented retrieval framework
in science education, and demonstrated comparable accuracy improvements to baselines with the
LLM alone. These approaches demonstrate the ways in which the Retrieval-Augmented Generation
(RAG) can alleviate the problem of hallucinations and enhance the degree of fairness in automated
grading.

The majority of the earlier methods (i) were based on hand-written rules and features that are often
not scalable, (ii) involved large labeled datasets, which are challenging to acquire in education
and (iii) employed LLMs that were not grounded on domain-specific knowledge or rubric-aligned
examples, thus causing inconsistency and bias.

Our proposed framework EDURAG, in turn, takes this research direction further, as it incorporates
knowledge retrieval and exemplar retrieval along with the LLM-based grading. Such dual retrieval
scheme combined with the calibration and fairness auditing enables our system to provide more
transparent, fair, and accurate grading than the former schemes.

3. EDURAG ARCHITECTURE

The basis of the proposed EDURAG framework is aimed at automatically grading descriptive
student responses through the combination of retrieval-augmented reasoning and topic-centered
knowledge expansion. The architecture can be divided into four key modules, which are the Input
Module, the Question Focused Extra Knowledge Extraction (QFKE) module, the Retrieval Module,
and the LLM Grader.

FIGURE 2 describes the overall architecture of the EDURAG system in detail while QFKE module
is separately explained in FIGURE 3.

Figure 2: Overall Architecture of the proposed System EDURAG

6



https://www.oajaiml.com/ | May 2026 Advances in Artificial Intelligence and Machine Learning

Figure 3: Question Focused Extra Knowledge Extraction Module

3.1 Input Module

There are 3 main inputs to the system:

• 𝑞: the question or prompt,

• 𝑟: the reference answer and grading rubric provided for the question,

• 𝑥: the student response to be evaluated.

All the inputs are in the standard format specified by ASAG2024 benchmark dataset.

3.2 Question Focused Extra Knowledge Extraction (QFKE) Module

To promote contextual learning of the grading task, EDURAG proposes a Question Focused Extra
Knowledge Extraction (QFKE) module. This module produces more knowledge on the subject
of the question through a Large Language Model. Formally, the module takes the question and
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reference answer as input and produces supplementary topic knowledge:

𝑘 = 𝑔(𝑞, 𝑟)

Where 𝑔 (·) represents the knowledge generation function implemented using a Large Language
Model, and 𝑘 denotes the generated topic-focused knowledge.

In practice, the function 𝑔(·) is implemented using a Large Language Model prompted with the
question 𝑞 and reference answer 𝑟. The model generates structured topic-focused knowledge,
including key concepts, definitions, and related explanations. The output is formatted as a concise
knowledge block that can be directly incorporated into the grading prompt.

The generated knowledge expands the conceptual context surrounding the question. In many cases,
students express correct ideas using different vocabulary, phrasing, or explanations that may not
directly match the wording of the reference answer. The QFKE module enriches the available
context by generating semantically related explanations, terminology, and conceptual descriptions
relevant to the question topic. This additional knowledge helps the system recognize correct answers
even when they are expressed differently from the reference answer. To prevent potential bias or
information leakage, a different Large Language Model is used in the QFKE module than the one
used for grading.

3.3 RAG Module

The retrieval module constructs a dataset-grounded retrieval database using the training portion
of the ASAG2024 benchmark. Reference answer, topic-focused knowledge generated by QFKE
module and previously graded student responses, along with their corresponding human-assigned
scores are embedded and stored in a vector database.

Given a student response 𝑥, the system retrieves semantically similar exemplar answers:

𝐸 = Retrieve(𝑥)

where 𝐸 represents a set of retrieved exemplar responses and their associated gold scores.

These exemplars provide insight into human grading patterns and score distributions observed in
the dataset. The retrieval process therefore exposes the grading model to examples that illustrate
how different answer qualities correspond to different score levels.

3.4 LLM Grader

The grading component integrates all available contextual sources to evaluate the student response.
Specifically, the following elements are combined into a structured prompt:

• the question 𝑞,

• the reference answer and rubric 𝑟,
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• the generated topic knowledge 𝑘 ,

• the retrieved exemplar responses 𝐸 ,

• the student response 𝑥.

The augmented prompt is provided to a Large Language Model that acts as the grading engine. The
model evaluates the student response with respect to the reference answer, rubric guidance, retrieved
grading examples, and the additional topic knowledge generated by the QFKE module.

The grading process can be represented as:

(𝑦, 𝑓𝑏) = 𝑓 (𝑞, 𝑟, 𝑥, 𝑘, 𝐸)
Where 𝑦̂ is the predicted score assigned to the student response, 𝑓𝑏 is the formative feedback
generated for the student, which may include justification of the score, explanation of missing
concepts, or suggestions for improvement, 𝑓 (·) represents the grading function implemented by
the Large Language Model.

The function 𝑓 (·) is implemented as a prompt-based inference using a Large Language Model. The
input consists of a structured prompt combining the question, reference answer, rubric, generated
knowledge, retrieved exemplars, and student response. The model outputs both a predicted score 𝑦
and optional feedback 𝑓𝑏. No parameter fine-tuning is performed; instead, the model relies entirely
on in-context learning.

3.5 Output Generation

The model outputs a predicted score 𝑦 for the student response along with optional feedback. The
predicted score is evaluated against human annotations using theweighted RootMean Squared Error
(wRMSE) metric defined in the ASAG2024 benchmark evaluation protocol.

To clearly understand the whole process, FIGURE 4 gives a very detailed explanation of the whole
process of the proposed system EDURAG.

3.6 Method Novelty

The proposed EDURAG framework extends the conventional Retrieval-Augmented Generation
(RAG) paradigm by introducing a bi-contextual augmentation strategy adapted for automatic short
answer grading (ASAG). While existing RAG-based approaches primarily rely on retrieving rele-
vant documents or exemplar responses, they operate using a single-context, where all supporting
information is treated uniformly.

In contrast, EDURAG explicitly decomposes contextual information into two functionally distinct
and complementary sources:

1. Exemplar Context (Empirical Grounding):Retrieved graded student responses that reflect
human scoring behavior and grading distributions.

9



https://www.oajaiml.com/ | May 2026 Asma Amjad, et al.

2. Knowledge Context (Conceptual Grounding):Topic-focused knowledge generated through
the proposed Question Focused Extra Knowledge Extraction (QFKE) module, which expands
the semantic space of the question beyond the reference answer.

This dual-context formulation enables the grading model to simultaneously reason about:

• what constitutes a correct conceptual answer (knowledge grounding), and

• how such answers are typically evaluated (grading pattern grounding).

Table 3: Comparison of Standard RAG and EDURAG

Aspect Standard RAG EDURAG (Proposed)
Context Type Single (retrieved documents or

examples)
Dual (retrieved exemplars + generated
knowledge)

Knowledge Source External corpus / dataset Dataset + LLM-generated conceptual
knowledge (QFKE)

Handling Paraphrasing Limited to retrieved examples Enhanced via semantic expansion (QFKE)
Architecture Single-stage augmentation Multi-stage (generation + retrieval +

grading)
LLM Usage Single model Decoupled multi-LLM design
Bias Control Not explicitly addressed Reduced via separation of roles
Task Adaptation
(ASAG)

Generic Specifically tailored for grading (rubric +
exemplars + knowledge)

A key novelty of EDURAG lies in the introduction of the QFKE module, which departs from
standard retrieval mechanisms by generating question-specific conceptual knowledge using a ded-
icated Large Language Model. This shifts the paradigm from purely retrieval-augmented systems
to a generation-augmented retrieval framework, allowing the system to better handle semantically
correct but lexically diverse student responses.

Furthermore, EDURAG adopts a decoupled multi-LLM architecture, where:

• one model is responsible for knowledge generation (QFKE), and

• another model performs grading.

This separation reduces bias, improves robustness, and enhancesmodularity, which is not commonly
explored in existing RAG-based grading systems.

Finally, the effectiveness of the proposed design is supported by ablation experiments, which demon-
strate that:

• knowledge augmentation and exemplar retrieval contribute independently, and
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• their combination yields complementary performance gains, resulting in a significant reduc-
tion in grading error.

Overall, EDURAG introduces a structured, dual-context extension to RAG that is specifically de-
signed to address the challenges of semantic variability and subjective evaluation in automatic short
answer grading. TABLE 3 summarizes the novelty of the proposed system by comparing it with
Standard RAG Systems.

Figure 4: A Run-Through the System using an Example
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4. EXPERIMENTAL SETUP

To assess the performance of the EDURAG, we constructed a controlled experimental environment
with standard datasets, standard evaluation metrics and a collection of powerful baseline models.

4.1 Datasets

The ASAG2024 [20] benchmark data is used in our study to measure the performance and general-
izability of the automated short-answer grading systems. This benchmark combines seven publicly
available datasets that cover a variety of domains, level of education and grading scale into one
benchmark. It has more than 18,000 responses (English) of students on topics Physics, Com-
puter Science, Machine Learning and Statistics. The flexibility and standardized grading format
of ASAG2024 have made it a perfect tool in assessing grading designs in various settings and in
providing robust and fair performance comparisons. TABLE 4 lists the details of the ASAG2024
dataset and TABLE 5 give insight into the data set by highlighting an example from the Mohler
dataset.

Table 4: ASAG2024 Dataset statistics [20]

Dataset Year Domain Education
Level # Entries Grading

Scale
Mean Grade
(scaled)

Beetle 2014 Physics Upper secondary 3941 4 categories 0.67 ± 0.33
CU-NLP 2021 NLP Undergraduate 171 0–100 0.28 ± 0.24
DigiKlausur 2019 Machine Learning Graduate 646 0–2 0.68 ± 0.36
Mohler 2011 Data Structures Undergraduate 630 0–5 0.81 ± 0.24
SAF (English) 2022 Computer Science Undergraduate 2463 0–1 0.76 ± 0.31
SciEntsBank 2012 Science Education Various 10,804 4 categories 0.60 ± 0.41
Stita 2022 Statistics Undergraduate 333 0–1 0.68 ± 0.28

Table 5: An example of data taken from ASAG24 (Mohler)[13]

Component Content
Question How are overloaded functions differentiated by the compiler?
Reference Answer According to the signature of the functions. In a case of an

overloaded function call, the compiler will locate the function
with the closest signature with the received function call.

High-Score Exemplar Response They are distinguished in terms of number, types and order of
arguments in the function call.

Medium-Score Exemplar
Response

By the type they are initialized with (int, char, etc.)

Low-Score Exemplar Response They are differentiated automatically.
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4.2 Evaluation Metrics

As per the ASAG2024 benchmark protocol, weighted Root Mean Square Error (wRMSE) is our
main evaluation measure. Root Mean square error (RMSE) is used to determine the overall mag-
nitude of the difference between predicted grades and human-assigned grades. Simple RMSE can
however, prefer models that predict the most common grades due to the grade imbalance. To solve
this, weighted RMSE will provide weights to each instance according to the distribution of grades
so that all grades’ ranges are fairly evaluated.

The weighted RMSE is defined as:

𝑤𝑅𝑀𝑆𝐸 =

√√√
1
𝑁

𝑁∑
𝑖=1

𝑤𝑖 (𝑦𝑖 − 𝑦𝑖)2

Where 𝑁 is the total number of samples, 𝑦𝑖 is the human-assigned grade, 𝑦𝑖 is the predicted grade,
𝑤𝑖 is the weight assigned based on grade frequency.

In accordance with the benchmark approach, grades are categorized into ten equal ranges between
0 and 1, and each of the ranges counts an equal weight. Reduced wRMSE demonstrates enhanced
grading. Themeasure is especially appropriate in the assessment of automatic grading systems since
it punishes the large errors of grading but provides a balanced evaluation among the grade levels.

4.3 Baselines

We measure the performance of the proposed EDURAG framework and compare it with a number
of base systems that have been assessed in the ASAG2024 benchmark. These baselines are vari-
ous methodological strategies of automatic short-answer scoring, incorporating embedding-based
methods of similarity, fine-tuned grading models, and general-purpose large language models.

The baselines are described below in TABLE 6:

5. Results and Analysis

This part provides experimental outcomes of the suggested EDURAG framework on the ASAG2024
benchmark and compares its work with the baseline automatic grading systems. We also apply
weighted root mean squared error (wRMSE) as the main measure of evaluation according to the
benchmark protocol. The lower values show a strong agreement with human grading.

5.1 Overall Performance

TABLE 7 shows the performance of EDURAG and baseline models on the ASAG2024 dataset in
terms of their grading performance. The * denotes statistically significant improvement over the
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Table 6: Baselines and their description

Baseline Description
Mean Baseline A simple baseline that predicts the average grade of the training

dataset for all responses. This provides a lower-bound reference
Embedding-based
Similarity Model

Nomic-embed-text, which computes cosine similarity between student
answers and reference answers to estimate grades.

Fine-tuned Grading
Models

• BART-SAF
• PrometheusII-7B
These models are specifically trained for grading tasks.

Large Language Models • Llama-3-8B
• GPT-3.5-turbo
• GPT-4o
These models perform grading using in-context learning without
task-specific fine-tuning.

GPT-4o baseline (p < 0.05), computed using paired t-test and confirmed withWilcoxon signed-rank
test.

Table 7: The results of baselines and the proposed model EDURAG [20]

Model wRMSE ↑
Mean Baseline 0.40
Nomic-embed-text 0.34
BART-SAF 0.48
PrometheusII- 7B 0.43
Llama-3-8B 0.39
GPT-3.5-turbo 0.30
GPT-4o 0.27
EDURAG (proposed) 0.23* (14.81% ↑)

The findings as reported in TABLE 7, above indicate that EDURAG has the lowest error of all
the tested systems, as compared to the baseline GPT-4o model. The average baseline yields fairly
large error which proves that straightforward statistical forecasting cannot be relied upon to grade
the tasks. The embedding-based model is more effective than the mean baseline but does not
have rich semantic knowledge, which causes more grading errors than the LLM-based approaches.
Specialized grading models like BART-SAF and PrometheusII-7B are worse than general-purpose
LLM. This implies that there is poor generalization ability in different areas of grading. Baseline
LLMs GPT-4o is the most effective, which proves the high grading ability of the model without
task-specific fine-tuning.

However, the suggested EDURAG framework further enhances performance adding retrieval aug-
mentation by lowering the wRMSE from 0.27 to 0.23. This is a relative error reduction of about
15%, which shows the efficacy of retrieval-augmented grading.
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5.2 Ablation Study

To gain deeper insight into the contribution of each of the components of the proposed EDURAG
framework, we perform the ablation study of the ASAG2024 benchmark. The objective of this
analysis is to quantify the individual and combined effects of Question Focused Extra Knowledge
Extraction (QFKE) and retrieval augmentation using graded exemplar responses on grading perfor-
mance.

Unlike standard LLM-based grading approaches, EDURAGenhances the evaluation process through
two complementary mechanisms: (1) topic-focused knowledge expansion generated by the QFKE
module, and (2) retrieval of graded exemplar student responses from the dataset. The ablation study
systematically removes these components to analyze their relative impact on grading accuracy.

All variants are evaluated using weighted Root Mean Square Error (wRMSE) and are described in
TABLE 8.
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Table 8: Model variants used for Ablation Study along with their description

Model Description
GPT-4o
(Vanilla)

This baseline corresponds to the standard grading setup used in the ASAG2024
benchmark, where GPT-4o receives only the question, reference answer, rubric,
and student answer as input. No knowledge generation or retrieval augmentation
is applied

GPT-4o +
QFKE

In this variant, the Question Focused Extra Knowledge Extraction module
generates additional topic knowledge using the question and reference answer.
The acquired knowledge is put together with the prompt, yet exemplar retrieval is
not carried out.

GPT-4o +
Exemplar
Retrieval

Such an arrangement retrieves semantically close graded student answers in the
training section of the data. These example responses give grading patterns and
distributions of scores, but no QFKE knowledge is provided.

EDURAG
(Full Model)

The following is the entire proposed structure. It combines knowledge generated
by QFKE and exemplar retrieval with the question, reference answer, rubric and
student response to give the conceptual frame and examples of grading.

TABLE 9 presents the performance of each variant.

Table 9: Ablation study results on ASAG2024 benchmark

Model Variant QFKE Knowledge Exemplar Retrieval wRMSE ↑
GPT-4o (Vanilla) No No 0.27
GPT-4o + Exemplar Retrieval No Yes 0.25
GPT-4o + QFKE Yes No 0.24
EDURAG (Full Model) Yes Yes 0.23

The outcome of the ablation study as in TABLE 9, indicates that knowledge generation and aug-
mentation of retrieval play a significant part in the grading accuracy. The addition of QFKEmodule
lowers the weighted Root Mean Square Error (wRMSE) to 0.24, meaning that expanded topic
knowledge can aid the model in improving its interpretation of student answers that cannot be
described using vocabulary or explanations not listed in the reference answer. A larger improvement
is achieved by retrieving graded exemplar student responses, which diminishes the error to 0.24.
This finding indicates that the model can more accurately predict human scoring patterns and partial
credit assignments when exposed to previously graded answers.

The entire EDURAG setup, combining the knowledge generated by QFKE as well as exemplar
retrieval, has the highest performance at 0.23 wRMSE. Such results suggest that the two compo-
nents yield complementary advantages, QFKE enhances the conceptual knowledge of the question
subject, and exemplar retrieval offers dataset-specific grading information. The combination of
these two together makes the model generate predictions closer to human evaluation as well as a
richer grading context.
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In general, the ablation study demonstrates that the two components, namely knowledge expansion
and exemplar retrieval are critical elements of the EDURAG architecture, and when combined, they
result in the most accurate grading performance.

6. CONCLUSION

This paper introduced EDURAG, which is a retrieval-augmented framework of automatic short an-
swer grading that combines Question Focused Extra Knowledge Extraction (QFKE) with exemplar-
based retrieval and large language model reasoning. The proposed architecture broadens the con-
textual interpretation of grading tasks by creating topic-specific information through the question
and reference answer, and, at the same time, using already graded answers of students to learn
human grading behavior. This combination enables the system to analyze the answers provided by
students more resiliently even when students respond in different ways with other vocabulary and
explanations.

The experimental assessment of the ASAG2024 benchmark illustrates that retrieval augmentation
can help to enhance grading performance in comparison with a vanilla LLM grading. Specifically,
the combination of reference answers, exemplar answers, and knowledge generated by QFKE offer
some form of complementary information that makes the model more compatible with human
scoring behavior. The findings affirm that conceptual knowledge, as well as grading examples,
enrichment of the grading context, contributes to the improved automated assessment.

In general, the EDURAGmodel shows that the synergy of knowledge creation and retrieval-augmented
reasoning can be used to ensure high-quality automated grading. Future studies can address adaptive
retrieval strategies, better knowledge generation processes, and wider evaluation on a wide range
of educational data and subject fields.
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