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Abstract

Automatic Short Answer Grading (ASAG) plays a key role in scalable educational
assessment by enabling computational evaluation of students’ free-text responses with
consistency and efficiency. Advances in Natural Language Processing, particularly
transformer-based models such as BERT and Sentence-BERT, have improved
meaning-based similarity estimation. However, these approaches often fail to capture
true conceptual correctness, as high semantic similarity does not guarantee
understanding—especially when key concepts are missing, answer length biases exist,

or logical contradictions such as negation occur.

This research reframes ASAG as a structured educational reasoning problem rather than
a pure similarity task. It addresses three core limitations: length discrepancy, where
models struggle with varying answer lengths; correctness gap, where similarity does
not reflect concept coverage; and Discrete Boundary Collapse (DBC), where continuous

vector spaces fail to preserve clear grading distinctions.

To overcome these issues, a multi-architecture framework is proposed. First, a
Universal Length-Adaptive Design routes answers to suitable sub-models based on
length, integrating BM25, TF-IDF, SBERT, BERT, and Bi-LSTM. Second, a
Concept-Aware Siamese Model incorporates term-weighted embeddings, concept
extraction, coverage scoring, and contradiction-aware gating, enhanced by a
Negation-Sensitive Score Calibration (NSSC) mechanism. Third, DBC is formalised
as a geometric limitation, and BAT-TW-BERT is introduced to address it using
term-weighted and attention-biased embeddings.

Experiments on benchmark datasets including Mohler, SciEntsBank, and ASAG2024
(18,067 responses) show consistent improvements over strong baselines.  The
Universal model achieves an F1-score of 91.2% and a Pearson correlation of 0.90. The
Concept-Aware model improves concept recall by 4.7%, while NSSC increases
negation-specific QWK from 0.52 to 0.74. These results demonstrate a principled

advancement in automated short-answer grading.

Keywords: Automatic Short Answer Grading, Deep Learning, BERT, Sentence
Embeddings, Length-Adaptive Grading, Concept Awareness, Negation Sensitivity,
Boundary-Aware Training, Educational Assessment, NLP.
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CHAPTER 1

Introduction

1.1 Background and Motivation

Education rests on a simple cycle: students learn, they show understanding, instructors
evaluate that understanding, and the evaluation guides the next round of learning. This
cycle has been at the heart of formal education for centuries and its effectiveness
depends critically on the quality and timeliness of the feedback that instructors
provide. When feedback is delayed, incomplete, or inconsistent, the learning cycle is
disrupted-students cannot correct misconceptions, instructors cannot identify systemic

gaps, and the overall quality of the educational experience deteriorates.

For decades, short-answer questions have been a preferred instrument in this cycle
because they require students to recall and articulate knowledge rather than merely
recognise a correct option from a list. Unlike multiple-choice items, which test
recognition, short-answer questions probe deeper cognitive processes-comprehension,
application, and synthesis. A student answering “explain why a binary search tree is
more efficient than a linear search” must not only recall the concept of logarithmic
complexity but also construct a coherent argument that demonstrates genuine
understanding. This kind of active knowledge construction is widely recognised in the
educational psychology literature as a superior form of learning compared to passive
recognition tasks [77]. Yet this pedagogical advantage comes at a cost: grading

free-text responses is labour-intensive, time-consuming, and difficult to scale.

This challenge has grown sharply in recent years. The global expansion of online
education, the proliferation of Massive Open Online Courses (MOOCsSs), and the shift

to digital assessment accelerated by the COVID-19 pandemic have created a scenario

1
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where a single course may enrol thousands of students, each producing dozens of
free-text responses over a term. Manual grading at this scale is not just difficult-it is
simply not practical. Instructors face an impossible trade-off between assessment
depth and scalability: they can ask rich, open-ended questions that reveal real
understanding, or they can ask multiple-choice questions that are easy to scale-but
doing both at once is very hard. In practice, many instructors resolve this tension by
reducing the frequency or depth of free-text assessments, which directly compromises

the quality of the learning experience.

Automatic Short Answer Grading (ASAG) promises to resolve this trade-off. By using
computational methods to evaluate student responses against reference answers,
ASAG systems aim to provide consistent, scalable, and timely feedback while keeping
the learning benefits of free-text questions. The field has come a long way since its
early days: from early rule-based and keyword-matching systems that could only
recognise pre-specified correct terms, to statistical methods built on feature
engineering that could handle paraphrase and synonym variation, and more recently to
deep learning models that learn rich semantic representations directly from data. Each
generation of approaches has addressed limitations of the previous one, steadily

pushing the performance ceiling closer to human-level agreement.

The biggest recent step forward has been the use of transformer models-particularly
BERT [36] and its derivatives-which produce contextualised embeddings that capture
subtle semantic relationships between words in their full sentence context. Unlike
earlier word embedding models such as Word2Vec or GloVe, which assign a single
fixed vector to each word regardless of context, transformer-based encoders produce
different representations for the same word depending on the surrounding sentence.
This context-sensitivity is crucial for grading tasks, where the meaning of a student’s
answer can depend entirely on the precise phrasing used. Sentence-level encoders such
as Sentence-BERT (SBERT) [113] have made this practical at scale, allowing efficient
comparison between student and reference answers through simple cosine similarity in
the embedding space. These developments have brought ASAG performance close to

human-level agreement on some benchmarks.
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Figure 1.1 illustrates the historical evolution of ASAG research, from early rule-based
systems in the 2000s through classical machine learning approaches in the 2010s to the
current era of deep neural network and pre-trained language models. The figure makes
clear that the field has not progressed through isolated breakthroughs but through a
gradual accumulation of insights, with each paradigm building on the representational
and methodological foundations laid by its predecessors. Despite this progression,
substantial challenges remain that prevent ASAG systems from achieving the
reliability required for high-stakes deployment. These challenges are not merely
engineering difficulties to be overcome by more computation or larger models-they
reflect fundamental tensions between the nature of continuous embedding spaces and
the discrete, concept-driven nature of academic grading, which form the central

motivation for this thesis.

1.1.1 The Scale Problem in Modern Education

To appreciate the magnitude of the scale problem, consider the following statistics.
These figures are not abstract projections-they reflect the current reality of digital
education at a global scale, and they collectively make the case that manual grading is

no longer a viable default strategy for large-scale educational institutions:

B Asof 2023, Coursera alone reported over 124 million registered learners across
7,000+ courses [15]. Even if only a fraction of these learners submit written
responses in any given course, the total volume of text requiring evaluation
is measured in hundreds of millions of responses per year-a quantity that no

human workforce could evaluate consistently and in a timely manner.

m The average instructor-to-student ratio in MOOCs exceeds 1:1,000, making
personalised feedback practically impossible without automation. In
traditional classroom settings, research suggests that an instructor can provide
meaningful written feedback to roughly 30—40 students per assignment. At a

ratio of 1:1,000, the same instructor would need to grade 25 times as many
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responses, making any form of substantive written feedback effectively

impossible.

m Studies have shown that timely feedback (within 24 hours) notably improves
learning outcomes compared to delayed feedback (more than 72 hours) [77].
The educational value of assessment is therefore not just a function of whether
feedback is provided, but of when it is provided. An automated grading system
that returns a score and diagnostic feedback within seconds of submission has
the potential to transform the feedback loop from a bottleneck into a real-time

learning tool.

m In the Indian higher education system, with over 40 million students enrolled
in degree programmes, the demand for scalable assessment tools is particularly
acute. The combination of high enrolment, resource constraints, and a strong
cultural emphasis on examination-based assessment creates a setting where
automated grading could have a transformative impact on educational quality

and equity.

These statistics collectively establish a compelling case for ASAG as a research
priority with direct societal impact. The problem is not a niche technical challenge-it is
a structural bottleneck in the global educational system, and addressing it requires both
practical engineering advances and rigorous scientific foundations of the kind pursued

in this thesis.

1.1.2  Why Short Answers Are Difficult to Grade Automatically

The apparent simplicity of short-answer grading belies its computational complexity.
A short answer is, by definition, a brief textual response-typically ranging from a
single word to a few sentences-that a student produces in response to a specific
question. Despite their brevity, these responses can vary enormously in vocabulary,
syntax, level of detail, and conceptual coverage, even when they are equally correct.
This variability is precisely what makes short answers pedagogically valuable and

computationally challenging to grade.
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A human grader, when evaluating a student response, draws upon a rich combination
of linguistic knowledge, domain expertise, and pedagogical judgment that has been
developed over years of teaching experience. This judgment operates at multiple levels
simultaneously, and it is difficult to decompose into a set of explicit rules or features.

Specifically, the grader must:

1. Identify the key concepts required by the question and determine whether the
student has addressed them. This requires understanding not just the surface
wording of the reference answer, but the underlying conceptual structure that
the question is designed to probe. A question asking students to “explain the
difference between a stack and a queue” requires the grader to recognise that
the key concepts are LIFO/FIFO ordering, the push/pop vs. enqueue/dequeue
operations, and the typical use cases-not just any mention of the words “stack”

or “queue.”

2. Assess semantic equivalence between the student’s phrasing and the
reference answer, recognising paraphrases, synonyms, and domain-specific
terminology. A student who writes “a function that invokes itself” is
expressing the same concept as one who writes “a recursive function,” even
though the surface forms share no words. Human graders recognise this

equivalence effortlessly; automated systems must learn it from data.

3. Handle negation and contradiction-a student who states “the algorithm does
not terminate” when the correct answer is “the algorithm terminates” should
receive a low grade despite high surface similarity. Negation is particularly
treacherous because it can completely reverse the factual content of an answer
while preserving most of the vocabulary and syntactic structure, making it very

difficult for surface-level matching systems to detect.

4. Account for answer length-a one-word answer that happens to contain the
key term is qualitatively different from a two-sentence explanation that shows
understanding. Length is a confounding variable: a very short answer may be

correct but incomplete, while a very long answer may be verbose but
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conceptually correct. A grading system must be sensitive to this distinction

rather than treating all answers of similar length as equally informative.

5. Apply consistent grade boundaries-the difference between a 3/5 and a 4/5
grade should be applied consistently across all students, regardless of the
order in which responses are graded. This consistency requirement is
particularly challenging for automated systems, which must learn to map
continuous similarity scores onto discrete grade categories in a way that

aligns with the ordinal structure of the grading rubric.

Each of these requirements maps directly to one of the four research objectives
addressed in this thesis, as detailed in Section 1.4. The correspondence is not
coincidental-the research objectives were derived precisely from this analysis of what
human graders do, and the proposed architectures are designed to replicate each of

these capabilities in a computationally tractable form.

1.2 Problem Statement

The core problem addressed in this thesis can be stated informally as follows: existing
deep learning approaches to ASAG are not good enough for reliable deployment in
high-stakes educational settings, and the reasons for this shortfall are well-defined and

addressable through targeted architectural innovations.

The standard formulation of ASAG is as follows: given a question q, a reference
answer r, and a student answer s, the system predicts a score § that approximates the
human-assigned score y. In similarity-based ASAG, the predicted score is derived
primarily from the meaning similarity between r and s, optionally combined with
lexical, syntactic, or rubric-derived features. This formulation is intuitive and
computationally convenient, but it rests on an assumption-that semantic similarity is a
sufficient proxy for grading correctness-that is empirically false in a significant fraction

of cases.
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The experiments conducted in this thesis reveal four specific ways in which this

assumption breaks down:

(1) Pre-trained sentence encoders achieve Pearson correlations of only 0.46-0.56 on
standard benchmarks without domain-specific fine-tuning, leaving approximately half
the variance in human grading judgements unexplained. This is a surprisingly large
gap, given that these models achieve near-human performance on general semantic
similarity tasks. The gap suggests that grading requires a form of understanding that
goes beyond surface-level semantic similarity-one that is sensitive to conceptual

completeness, logical consistency, and the discrete structure of grading rubrics.

(2) Even with architectural improvements (combining SBERT, BERT, and LSTM), the
resulting system cannot distinguish between a student who has used the right words
and a student who has understood the right concepts.  This is the concept
incompleteness problem: a student answer that is lexically and semantically similar to
the reference answer may still omit critical concepts that are required for full credit.
Standard embedding-based systems have no mechanism for detecting this kind of
omission, because they operate on the overall semantic similarity of the answer rather

than on the coverage of specific conceptual elements.

(3) Negation-bearing answers suffer a 0.27-point QWK degradation compared to
non-negation answers, yet this severe failure is hidden when only aggregate metrics are
reported. This finding has important practical implications: a system that achieves
strong average performance may still be systematically unreliable for a specific and
important class of answers, and this unreliability will not be visible in standard

evaluation protocols.

(4) Continuous embedding spaces conflate answers that should receive different grades-
a phenomenon we term Discrete Boundary Collapse (DBC)-which imposes a structural
ceiling on the accuracy of any similarity-based grading system. This is a fundamental
geometric problem: the continuous, smooth nature of embedding spaces is inherently
mismatched with the discrete, step-function nature of academic grading, and no amount

of fine-tuning can fully bridge this gap without explicit architectural intervention.
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The central problem addressed by this thesis is therefore: How can deep learning
architectures for ASAG be improved to move beyond pure meaning similarity and
achieve grading that is sensitive to answer structure, concept coverage, logical

consistency, and the discrete nature of academic scoring?

1.2.1 The Core Challenges

The three core challenges described below are not independent-they interact and
compound one another in ways that make the overall grading problem significantly
harder than any single challenge in isolation. = Understanding each challenge
individually, however, is necessary before considering how they can be addressed

together.

The length discrepancy is perhaps the most immediately visible challenge when
examining ASAG datasets. Student answers vary enormously in length relative to
reference answers. A one-size-fits-all embedding model is biased by verbosity: short
answers lack sufficient context for meaningful comparison, while long answers dilute
key concepts in tangential content. A student who provides a one-word answer
(“recursion”) and a student who provides a two-paragraph explanation may both
deserve high grades, but a model that computes the cosine similarity between their
answer embeddings and the reference answer embedding will treat them very
differently. No single model configuration handles the full spectrum of answer lengths
effectively, because the optimal grading strategy is fundamentally different for answers

of different lengths.

The correctness gap is a more subtle but equally important challenge. Similarity scores
capture topical overlap but not conceptual correctness. A student who uses the right
vocabulary but omits a critical concept, or who includes the right concept but negates it,
may receive a score indistinguishable from a fully correct answer. This is not a failure
of the embedding model-it is a fundamental limitation of the similarity-based grading
paradigm. Negation is especially dangerous because it can completely reverse factual

correctness while preserving strong lexical and semantic overlap. A sentence like “the
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algorithm does not run in polynomial time” shares 8 out of 9 content words with “the
algorithm runs in polynomial time,” and a standard SBERT model will assign these
sentences a cosine similarity of approximately 0.91, despite the fact that they express

opposite propositions.

The geometric flaw is the deepest and most fundamental of the three challenges.
Continuous embedding spaces are inherently smooth-small input changes produce
small output changes. Academic grading, however, is inherently discontinuous: a
single missing concept or a single negation can cause a drastic score change. This
fundamental mismatch between continuous representation and discrete grading creates
a zone of ambiguity near grade boundaries where conceptually distinct answers receive
indistinguishable embeddings. A model that is trained to minimise mean squared error
in this smooth embedding space will systematically avoid making confident
predictions near grade boundaries, leading to a systematic bias toward the centre of the
grade range and a corresponding degradation in boundary discrimination accuracy.
This is the Discrete Boundary Collapse problem, and it is the subject of the fourth

research objective of this thesis.

1.3 Research Questions

This thesis addresses the following research questions, each of which targets a specific
dimension of the ASAG problem identified in the preceding analysis. The questions
are ordered to reflect the logical progression of the research: from establishing what
current methods can achieve, to understanding why they fail, to proposing and

evaluating targeted improvements.

RQ1: How effective are pre-trained embedding models for ASAG without domain-

specific fine-tuning, and what are the practical limits of similarity-based grading?

This question establishes the performance ceiling of the current state of the art as a
baseline, and provides a rigorous empirical foundation for the subsequent research

objectives.
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RQ2: Can a length-adaptive architecture that routes student answers through
specialised processing pipelines improve grading accuracy across varying answer

lengths?

This question directly addresses the length discrepancy challenge identified in
Section 1.2.1, by investigating whether tailoring the grading strategy to the structural

properties of each answer can overcome the limitations of monolithic models.

RQ3: Does explicit concept extraction, alignment, and contradiction-aware gating

improve grading reliability beyond what semantic similarity alone can achieve?

This question targets the correctness gap, asking whether a system that explicitly
reasons about conceptual coverage and negation can outperform one that relies solely

on embedding similarity.

RQ4: Can the geometric limitations of continuous embedding spaces be formally

characterised and reduced to improve discrete grade assignment?

This question addresses the geometric flaw, investigating whether a training strategy
that explicitly targets grade boundary discrimination can reshape the embedding space

to align with the discrete structure of academic grading.

1.4 Research Objectives

To answer the research questions, this thesis pursues four research objectives. Each
objective is tightly coupled to a specific research question and a specific failure mode
identified in the problem analysis. The objectives are designed to be cumulative: each
builds on the findings of the previous one, and together they form a coherent research

programme that addresses the ASAG problem from multiple complementary angles.

RO1: To evaluate and establish the baseline effectiveness of pre-trained embeddings

(Word2Vec, GloVe, BERT, USE) for ASAG on the Mohler benchmark dataset.

This objective addresses RQ1 by providing a rigorous, statistically reliable evaluation

of the current state of the art. The evaluation uses a 1000-iteration bootstrap
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resampling protocol to eliminate the variance introduced by single train—test splits,

which is a widespread methodological problem in the ASAG literature.

RO2: To design a length-adaptive, universal architecture capable of evaluating answers
of varying lengths using targeted NLP techniques (BM25, TE-IDF, SBERT, BERT, Bi-

LSTM) without extensive domain-specific fine-tuning.

This objective addresses RQ2 by proposing and evaluating a routing-based architecture
that partitions the answer space into five length bands and applies a specialist sub-model
to each band, thereby tailoring the grading strategy to the statistical properties of each

answer length range.

RO3: To develop a concept-aware grading mechanism that explicitly extracts
reference concepts, computes concept coverage, detects negations, and penalises

missing or contradictory content.

This objective addresses RQ3 by proposing a Siamese BERT architecture augmented
with explicit concept coverage features and a Negation-Sensitive Score Calibration
(NSSC) module, which together enable the system to reason about conceptual

completeness and logical consistency in a way that pure embedding similarity cannot.

RO4: To formalise Discrete Boundary Collapse (DBC) as a geometric failure mode in
embedding-based ASAG, introduce diagnostic metrics (Collapse Rate, Collapse

Severity), and propose a term-weighting mitigation strategy.

This objective addresses RQ4 by providing both a formal characterisation of the
problem and a practical solution: a boundary-aware training strategy (BAT-TW-BERT)
that constructs hard boundary-crossing triplets weighted by their proximity to grade
thresholds, explicitly training the model to respect the discrete structure of the grading

rubric.
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1.5 Scope of the Work

1.5.1 In Scope

This thesis focuses on the following: free-text English short answers (phrases to
several sentences); reference-based grading where one or more model answers are
provided; regression and similarity-based score prediction with concept coverage and
contradiction awareness; embedding-based and deep learning-based grading
architectures; evaluation on the ASAG2024 meta-benchmark and its constituent
datasets (Mohler, SciEntsBank, Beetle, SemEval-2013, ASAP-SAS, CSD). The focus
on English-language datasets reflects both the availability of high-quality annotated
data and the current limitations of the concept extraction pipeline, which relies on
English-specific NLP tools. The restriction to reference-based grading is a deliberate
choice that allows the system to be evaluated on well-defined benchmarks with clear
ground truth, rather than on the more subjective and harder-to-evaluate open-ended

grading task.

1.5.2 Out of Scope

The following are explicitly outside the scope of this work: essay grading (long-form
writing assessment involving style, coherence, and argumentation); code grading
(program correctness evaluation); mathematical expression grading (symbolic
equivalence checking); multilingual grading (the proposed concept extraction module
is designed for English); and real-time deployment optimisation (systematic latency
benchmarking is noted as future work). These exclusions are not limitations of the
research approach but deliberate boundary decisions that allow the thesis to achieve
depth and rigour within a well-defined problem space. Each of these excluded areas
represents a substantial research programme in its own right, and addressing them
would require different datasets, different evaluation frameworks, and different

architectural choices than those developed here.
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1.6 Research Contributions

This thesis makes five principal contributions to the field of ASAG. Taken together,
these contributions represent a significant advance over the state of the art: they address
the most critical failure modes of existing systems, they provide new diagnostic tools
for characterising system performance, and they establish new benchmark results on the

most comprehensive ASAG evaluation corpus currently available.

Contribution 1: A comprehensive baseline evaluation of off-the-shelf transfer
learning models (Word2Vec, GloVe, BERT, USE) for ASAG, establishing their
efficacy without domain-specific fine-tuning and providing a reproducible reference

point for future research.

The evaluation uses a 1000-iteration bootstrap resampling protocol that provides
statistically reliable performance estimates and confidence intervals, addressing a
widespread methodological weakness in the ASAG literature where single-split

evaluations produce results that are difficult to compare across studies.

Contribution 2: A universal length-adaptive ASAG architecture that classifies student
answers by relative length and routes them through targeted processing pipelines,

achieving Pearson correlation of 0.90 and RMSE of 0.18 on benchmark datasets.

The architecture is designed to be practical as well as accurate: the majority of answers
(83%) are processed by lightweight models that require no GPU inference, making the

system feasible for large-scale deployment without specialised hardware.

Contribution 3: A concept-aware Siamese grading mechanism with term-weighted
pooling,  explicit concept alignment, concept coverage scoring, and
contradiction-aware NLI gating, achieving 17-18% relative improvement in Pearson

correlation with interpretable intermediate outputs.

The interpretability of the concept coverage scores is a particularly valuable property
for educational deployment, as it allows the system to provide students with specific,

actionable feedback about which concepts they covered and which they missed.
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Contribution 4: Negation-Sensitive Score Calibration (NSSC), a lightweight
post-scoring module that raises negation-specific QWK by +0.22 points and reduces

negation MAE by 42% without degrading non-negation performance.

The NSSC module is designed as a post-hoc calibration layer that can be applied to any
base ASAG model without retraining, making it a practical tool for improving existing

deployed systems without requiring a full retraining cycle.

Contribution 5: The formalisation of Discrete Boundary Collapse (DBC) as a
geometric failure mode, with novel diagnostic metrics (Collapse Rate, Collapse
Severity) and a term-weighting mitigation strategy (BAT-TW-BERT) that reshapes

embedding geometry to align with discrete grading requirements.

The BCR metric introduced in this contribution is a useful complement to standard
RMSE and Spearman p metrics for any ASAG system that produces discretised grade
outputs, and its adoption by the research community would enable more meaningful

comparisons across studies.

1.7 Thesis Organisation
The rest of this thesis is structured as follows:

Chapter 2 - Literature Review: Reviews the evolution of ASAG research across three
paradigms: rule-based approaches, classical machine learning, and deep
learning with pre-trained representations. The chapter further covers recent
advances including large language models and the ASAG2024 benchmark,
discusses negation handling and fairness in automated grading, and concludes

by identifying the four research gaps that motivate this thesis.

Chapter 3 - Background and Preliminaries: Provides the technical foundations
required for the proposed architectures. Topics covered include word
and sentence embeddings (Word2Vec, GloVe, BERT, SBERT, USE), the

transformer architecture (self-attention, multi-head attention, pre-training and
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fine-tuning), Siamese and contrastive learning (contrastive loss, triplet loss),
evaluation metrics (Spearman p, QWK, RMSE), BM25 retrieval, and the
spaCy NLP pipeline.

Chapter 4 - Problem Statement and Proposed Framework: Formally defines the
ASAG problem and its structural constraints. Characterises the four failure
modes identified in this thesis - P1: Length Discrepancy, P2: Concept
Incompleteness, P3: Negation Insensitivity, and P4: Discrete Boundary
Collapse - and presents the multi-architecture framework that assigns each
failure mode to a dedicated research objective. Concludes with the research

design summary.

Chapter 5 - Datasets and Experimental Setup: Describes all datasets used in this
thesis: the Mohler dataset (grade distribution analysis) and the ASAG2024
benchmark (length—grade correlation, per-source question statistics). Defines
the baseline systems, evaluation metrics, and experimental protocol applied

consistently across all proposed architectures.

Chapter 6 - Pre-trained Embedding Baseline Study: Establishes a statistically
reliable baseline by evaluating four pre-trained embedding strategies
(Word2Vec, GloVe, BERT, USE) on the Mohler dataset using a 1000-iteration
bootstrap evaluation protocol. Presents results, confidence intervals, and

analysis that motivate the architectural choices in subsequent chapters.

Chapter 7 - Proposed Architecture 1: Length-Adaptive Routing ASAG: Presents
the first proposed architecture, which addresses P1 (Length Discrepancy)
by routing student answers through five length-specific sub-models. Covers
the theoretical justification, length band design, routing mechanism, training
procedure, and experimental results on the ASAG2024 benchmark. Also
includes the transition justification for adopting BERT as the base encoder in

all proposed architectures.

Chapter 8 - Proposed Architecture 2: Concept-Aware Siamese Grading with NSSC:

Describes the second proposed architecture, which addresses P2 (Concept
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Incompleteness) and P3 (Negation Insensitivity). The Siamese BERT encoder
with a concept coverage feature is combined with a Negation-Sensitive Score
Calibration (NSSC) module. Covers the architecture overview, contrastive
training objective, negation detection, NSSC hyperparameter tuning, results,

and error analysis.

Chapter 9 - Proposed Architecture 3: Boundary-Aware Training with BAT-TW-BERT:
Presents the third proposed architecture, which addresses P4 (Discrete
Boundary Collapse). Formally characterises DBC, introduces boundary-aware
triplet mining, triplet weighting, and the combined MSE and weighted triplet
training objective. Presents results on the Mohler dataset including qualitative

analysis of boundary discrimination improvements.

Chapter 10 - Results and Comparative Analysis: Provides a unified performance
comparison of all proposed architectures against baseline systems, including
improvement decomposition by research objective, per-source analysis,
ablation study of the combined system, statistical significance testing,
qualitative error analysis, comparison with the state of the art, and

computational cost analysis.

Chapter 11 - Consolidated Architecture Summary: Offers a consolidated view of
all three proposed architectures, summarising their individual contributions
and collective design principles. Presents a unified comparison table and
discusses cross-architecture design principles that underpin the modularity and

composability of the proposed system.

Chapter 12 - Conclusion and Future Work: Summarises the research contributions
and addresses each research objective. Discusses theoretical contributions,
practical implications for educational deployment, and limitations of the
proposed system. Outlines directions for future work and closes with

concluding remarks on the broader significance of the thesis.



CHAPTER 2

Literature Review

2.1 Overview

The field of Automatic Short Answer Grading (ASAG) has evolved over three decades
from simple keyword-matching systems to sophisticated deep neural network
architectures. This evolution has not been linear: each new paradigm has introduced
fundamentally different assumptions about how language meaning should be
represented and compared, and each has brought both new capabilities and new
limitations. This chapter traces this evolution across three paradigms: rule-based
systems (Section 2.3), classical machine learning approaches (Section 2.4), and neural
network-based methods (Section 2.5). We then review recent advances including large
language models (Section 2.6), negation handling in NLP (Section 2.7), fairness and
bias (Section 2.8), and conclude by identifying the research gaps that motivate this

thesis (Section 2.9).

Understanding this historical progression is important not just as background, but as a
way of appreciating why the specific challenges addressed in this thesis-length
discrepancy, concept incompleteness, negation insensitivity, and discrete boundary
collapse-have persisted despite decades of research. As will become clear, each
generation of ASAG systems has addressed some of the limitations of its predecessors
while inadvertently introducing new ones, and the four failure modes addressed in this
thesis represent the residual challenges that remain after the most recent generation of

transformer-based approaches.

Table 2.1 provides a high-level comparison of the three paradigms along key

dimensions.

18
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TaBLE 2.1: Comparison of ASAG paradigms along key dimensions.

Paradigm Period Representation Strength Weakness

Rule-based 20002013 Lexical / logical Interpretable Brittle, no
generalisation

Classical ML 2013-2018 Sparse features Domain- Feature

adaptable engineering

cost

Deep learning 2018-now  Dense embeddings Semantic
richness

Data  hungry,
opaque

Table 2.2 provides a comprehensive summary of all reviewed works. Papers are grouped

by research paradigm.



TaBLE 2.2: Summary of reviewed works in Automatic Short Answer Grading and related NLP fields.

Ref  Authors (Year)

Method / Architecture

Key Contribution

Dataset(s)

Performance /

Remarks

Paradigm 1 — Rule-Based Approaches

[76] Leacock &
Chodorow (2003)

[128]  Sukkarieh &
Blackmore

(2009)

[5] Bailey & Meurers
(2008)

C-rater: lexical
matching +

morphological analysis

AutoMark: pattern
templates + keyword

matching

Textual entailment for

ASAG

(2000-2013)

First large-scale ASAG system at
ETS; introduced concept-based
scoring for short constructed
responses

Extended C-rater with
acceptable-phrasing templates;
improved surface variation
coverage

Framed ASAG as recognising
textual entailment (RTE);
connected ASAG to broader NLP

entailment literature

ETS internal

Cambridge

Assessment

Reading
comprehension

corpus

Effective on
constrained Q&A;
limited paraphrase
handling

High precision on
templated questions;
poor scalability across
question banks

High precision on
well-formed answers;
asymmetric entailment

requires extensions

Continued on next page
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Continued from previous page

Ref  Authors (Year) Method / Architecture = Key Contribution Dataset(s) Performance /
Remarks
[93] Meurers et al. Dependency graph Parsed answers into dependency ~ German reading  High precision on
(2011) alignment graphs; assessed correctness via ~ comprehension  formal text; brittle on

Paradigm 2 — Classical Machine Learning

[98] Mohler et al.
(2011)

[39] Dzikovska et al.
(2013)

Lexical + semantic
features; linear

regression

SemEval-2013 Task 7

shared task (19 systems)

graph alignment algorithms

(2011-2018)

Introduced the Mohler Mohler (CS
benchmark dataset; established undergrad)
feature engineering paradigm for

ASAG

Provided SciEntsBank & Beetle SciEntsBank,
datasets; framed ASAG as Beetle

3-/5-way classification; attracted

19 systems

informal student

writing

Pearson r = 0.518;

widely cited baseline

Best system: ~0.71
accuracy (5-way);
revealed limits of

lexical features

Continued on next page
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Continued from previous page

Ref  Authors (Year) Method / Architecture = Key Contribution Dataset(s) Performance /
Remarks
[129]  Sultan et al. Soft word alignment via ~ Showed a carefully designed Mohler, Pearson » = 0.592 on
(2016) word embeddings; single alignment feature can SciEntsBank Mohler; fast inference
single-feature regression outperform complex
multi-feature systems

[117] Sahaetal. (2018) SVM with Systematic comparison showing  Mohler, F1 =0.801

sentence-level vs. sentence embeddings SciEntsBank (SciEntsBank);

token-level features

consistently outperform

token-level features for ASAG

Paradigm 3 — Deep Learning & Pre-trained Representations

[97] Mikolov et al.
(2013)

Word2Vec: CBOW and
Skip-gram word
embeddings

Introduced dense word vector
representations; enabled semantic

similarity via cosine distance

(2018—present)

Google News

corpus

foreshadowed sentence

encoder dominance

300-dim vectors;
strong semantic
clustering;
mean-pooling loses

word order

Continued on next page
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Continued from previous page

Ref  Authors (Year) Method / Architecture = Key Contribution Dataset(s) Performance /
Remarks
[106] Penningtonetal. GloVe: global Complemented Word2Vec with Wikipedia + 300-dim vectors;
(2014) word-word corpus-level statistics; better Gigaword improved over
co-occurrence matrix domain match for academic text Word2Vec on analogy
factorisation tasks
[18]  Camus & Bhatt Bi-LSTM with attention ~ Showed recurrent architectures Mohler Pearson r = 0.631;
(2020) + BERT embeddings with attention outperform sensitive to answer
feature-engineered baselines on length; needs large
Mohler training data
[36]  Devlin et al. BERT: bidirectional Paradigm shift in NLP; Wikipedia + SOTA on GLUE,
(2019) transformer pre-training  contextual token embeddings; BooksCorpus SQuAD; fine-tuned
(MLM + NSP) fine-tuned BERT achieved SOTA BERT displaced all
across NLP tasks prior ASAG methods
[44]  Filighera et al. Fine-tuned BERT with First systematic demonstration Mohler, Pearson r = 0.651
(2022) hierarchical attention +  that fine-tuned BERT surpasses SciEntsBank (Mohler); F1 = 0.842

prototype answers

all prior ASAG approaches on
Mohler & SciEntsBank

(SciEntsBank)

Continued on next page
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Continued from previous page

Ref  Authors (Year) Method / Architecture = Key Contribution Dataset(s) Performance /
Remarks
[113] Reimers & SBERT: Siamese BERT  Produced sentence-level NLI, STS SOTA on STS tasks;
Gurevych (2019)  fine-tuned on NLI data embeddings comparable in O(1);  benchmarks all-mpnet-base-v2

[21] Ceretal. (2018)

USE: multi-task
transformer encoder
(Q&A, forums,
Wikipedia)

Paradigm 4 — Recent Advances & Benchmarks

[15] Brownet al.
(2020)

GPT-3: 175B-parameter

autoregressive LLM;

few-shot prompting

solved BERT’s O(n?) similarity
bottleneck
512-dim sentence embeddings Multi-task web
with strong Q&A bias; best corpus
frozen encoder in RO1 baseline
(p=0.561)

(2020-present)

Demonstrated that large-scale Diverse web

pre-training enables few-shot corpora

NLP without fine-tuning

variant used in this
thesis

Spearman p = 0.561 on
Mohler (frozen);
outperforms BERT in

static regime

Competitive zero-shot;
high inference cost;
inconsistent grading

acCross runs

Continued on next page
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Continued from previous page

Ref  Authors (Year) Method / Architecture = Key Contribution Dataset(s) Performance /
Remarks
[100]  OpenAl (2023) GPT-4: multimodal Advanced reasoning and Internal Near-human on
LLM; chain-of-thought  instruction-following; strong benchmark complex Q&A; >500
reasoning zero-shot ASAG via prompting ms/sample;
hallucination risk
[142] Wanget al. LLM-based ASAG: Systematic evaluation of LLMs Mohler, F1 =0.871
(2024) GPT-4 zero-shot and for ASAG; showed GPT-4 SciEntsBank (SciEntsBank); strong
few-shot evaluation competitive without fine-tuning on deep-reasoning
questions
[74]  Kiinnecke et al. Hybrid BERT + explicit Combined neural meaning SciEntsBank F1 =0.858; SOTA on
(2024) concept matching similarity with symbolic concept SciEntsBank at
matching; complementary gains publication
confirmed
[94] Meyeretal. ASAG2024: unified Most comprehensive ASAG SciEntsBank, Primary evaluation
(2024) benchmark aggregating  benchmark (16,626 samples, 6 Beetle, Mohler,  corpus for this thesis;

6 datasets

sources); standardised

preprocessing and evaluation

+ 3 others

enables cross-domain

comparison

Continued on next page
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Continued from previous page

Ref

Authors (Year)

Method / Architecture

Key Contribution

Dataset(s)

Performance /

Remarks

Paradigm 5 — Negation Handling in NLP

[42]

[19]

Ettinger (2020)

Cao et al. (2025)

Psycholinguistic
diagnostic probes for

BERT

Negation-aware training
objectives for

educational NLP

(2020-present)

Showed BERT fails negation
probes; “can fly” and “cannot
fly” produce near-identical
representations

Explicit negation supervision
improves model performance on

negation-bearing answers in

ASAG

Psycholinguistic

test suite

Educational

NLP corpus

SBERT cosine sim

~ 0.91 for negated
pairs; motivates NSSC
module in this thesis
Substantial F1 gain on
negation subset;
directly motivates RO3
NSSC calibration
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2.2 ASAG System

ASAG is more than just an algorithm-it is a pipeline. Building a working system
requires thinking carefully about datasets, evaluation metrics, and how each
component feeds into the next. A grading system that performs well in isolation on a
single dataset may fail when deployed in a new domain, when faced with answers of
unusual length, or when the reference answer uses different vocabulary than the
training data. This pipeline view is well established in natural language processing
research, such as relation extraction, template filling, and efficient information
extraction [17]. Figure 2.1 shows the basic structure of an ASAG system development

pipeline.

The pipeline perspective also highlights the importance of evaluation design. A system
that is evaluated on a single train—test split may produce results that are not reproducible
due to the high variance of small datasets, while a system that is evaluated only on
aggregate metrics may appear to perform well while failing systematically on specific
types of answers. These evaluation challenges are addressed directly in the research
methodology of this thesis, through the use of bootstrap resampling and the introduction

of the Boundary Confusion Rate metric.
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2.3 Rule-Based Approaches

2.3.1 Early Keyword and Pattern Matching

The earliest ASAG systems relied on explicit keyword matching between student
answers and reference answers. The C-rater system [76], developed at Educational
Testing Service (ETS), used a combination of lexical matching and morphological
analysis to identify whether key concepts appeared in student responses. While
effective for highly constrained questions (e.g., fill-in-the-blank), C-rater struggled

with paraphrase recognition and synonym handling.

AutoMark [128], developed at Cambridge Assessment, extended the keyword method
with pattern templates that specified acceptable phrasings for each key concept. This
improved handling of surface variation but required substantial manual effort to create

templates for each question, limiting scalability.

2.3.2 Logical Form and Semantic Graph Approaches

More sophisticated rule-based systems represented answers as logical forms or semantic
graphs and used formal inference to assess correctness. Meurers et al. [93] developed
a system that parsed student answers into dependency graphs and compared them to
reference answer graphs using graph alignment algorithms. While this method achieved
high precision on well-formed answers, it was sensitive to parsing errors and struggled

with informal student writing.

Bailey and Meurers [5] applied textual entailment techniques to ASAG, treating the
task as determining whether the student answer entails the reference answer. This
framing connected ASAG to the broader NLP literature on recognising textual
entailment (RTE), enabling the use of RTE datasets and models. However, the
asymmetric nature of entailment (a student answer may partially entail the reference)

required extensions to the standard RTE system.



Literature Review 30

2.3.3 Limitations of Rule-Based Approaches

Rule-based approaches share three core limitations:

1. Brittleness: Rules are designed for specific question types and fail when

student answers deviate from anticipated phrasings.

2. Scalability: Creating and maintaining rule sets for large question banks

requires substantial expert effort.

3. Generalisation: Rules learned for one domain (e.g., computer science) do not

transfer to other domains (e.g., biology) without substantial manual adaptation.

2.4 Classical Machine Learning Approaches

2.4.1 The Mohler Dataset and Feature Engineering Era

The publication of the Mohler dataset [98] in 2011 marked a turning point in ASAG
research by providing a standardised benchmark for evaluating machine learning
approaches. Mohler and Mihalcea introduced a system that combined lexical overlap
features (word overlap, character n-gram overlap) with semantic similarity features
(LSA, knowledge-based similarity) and trained a linear regression model. This work
established the feature engineering paradigm that dominated ASAG research from

2011 to 2018.

Later work explored increasingly sophisticated feature sets. Sultan et al. [129]
introduced a fast and accurate ASAG system using soft alignment of content words
between student and reference answers, achieving strong results with minimal
computational overhead. Their system computed alignment scores based on word
embeddings and used the alignment score as a single feature for regression, showing
that a carefully designed single feature could outperform complex multi-feature

systems.



Classical Machine Learning Approaches 31

2.4.2 SemkEval 2013 Task 7

The SemEval 2013 Task 7 shared task [39] provided the SciEntsBank and Beetle
datasets and attracted 19 participating systems. The task framed ASAG as a 3-way or
S-way classification problem (correct/partially correct/incorrect) rather than regression,
reflecting the discrete grading conventions used in the BEETLE intelligent tutoring
system. Top-attains systems combined lexical features, semantic similarity features,
and syntactic features, with the best system achieving approximately 0.71 accuracy on

the 5-way task.

The SemEval 2013 shared task revealed several important insights:

m Lexical features (word overlap, n-gram overlap) remained competitive with

more sophisticated semantic features.

m Domain-specific features (e.g., physics-specific vocabulary) provided marginal

improvements on the Beetle dataset.

m The S-way classification task (correct/partially
correct/contradictory/irrelevant/non-domain) was substantially harder than the

2-way task, with accuracy dropping by approximately 15 percentage points.

2.4.3 Support Vector Machines and Ensemble Methods

Support Vector Machines (SVMs) with rich feature vectors were the dominant method
in the classical ML era. Saha et al. [117] conducted a structured comparison of
sentence-level versus token-level features for ASAG, finding that sentence-level
features (based on sentence embeddings) consistently outperformed token-level
features (based on word-level features) when the embedding model was of sufficient
quality. Their work foreshadowed the dominance of sentence embedding approaches

in the deep neural network era.

Random Forest classifiers [14] were also widely used, particularly for their ability to

handle high-dimensional feature vectors and provide feature importance estimates.
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Ridge regression [59] and Lasso regression [135] were preferred for the continuous

grading task due to their regularisation properties.

2.5 Deep Learning and Pre-trained Representations

2.5.1 Word Embedding Approaches

The introduction of Word2Vec [97] and GloVe [106] in 2013-2014 provided a new
foundation for ASAG systems. These models produced dense, low-dimensional word
representations that captured semantic relationships through distributional similarity.
For ASAG, sentence-level embeddings were obtained by averaging word vectors, and
cosine similarity between student and reference embeddings was used as a grading

feature.

While word embedding approaches improved over bag-of-words baselines, they
suffered from two key limitations: (1) mean pooling discards word order information,
proving critical for understanding negation and complex clauses; and (2) static
embeddings cannot handle polysemy (words with multiple meanings), leading to

incorrect similarity judgments for domain-specific terminology.

2.5.2 Recurrent Neural Networks

Recurrent Neural Networks (RNNs), particularly LSTMs [58] and Bidirectional
LSTMs [120], tackles the word order limitation of mean pooling by processing
answers sequentially. LSTM-based ASAG systems typically encoded the reference
and student answers separately and compared their final hidden states or

attention-weighted representations.

Camus and Bhatt [18] showed that a simple Bi-LSTM architecture with attention could
outperform feature-engineered baselines on the Mohler dataset, confirming the utility

of recurrent architectures for ASAG. However, RNN-based systems were sensitive to
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answer length (very long answers caused vanishing gradient problems) and required

substantial training data to learn effective representations.

2.5.3 BERT and Contextual Embeddings

The introduction of BERT [36] in 2018 represented a paradigm shift in NLP. BERT’s
bidirectional transformer architecture, pre-trained on massive text corpora using masked
language modelling and next-sentence prediction, produced contextual embeddings that
captured both semantic and syntactic information at the word level. fine-tuned BERT
models achieved state-of-the-art results on a broad spectrum of NLP tasks, including

text classification, question answering, and semantic textual similarity.

For ASAG, BERT-based approaches quickly displaced earlier methods. Filighera et
al. [44] showed that fine-tuned BERT substantially outperformed all previous
approaches on both SciEntsBank and Mohler, confirming the utility of contextual
embeddings for ASAG. Their work also introduced the concept of prototype answer
representations, where multiple reference answers are used to capture the diversity of

acceptable responses.

2.5.4 Sentence-BERT and Universal Sentence Encoder

While BERT produced excellent word-level representations, computing sentence-level
similarity using BERT required a cross-encoder architecture that processed the
reference and student answer jointly, making it computationally expensive for
large-scale deployment. Sentence-BERT (SBERT) [113] addresses this by fine-tuning
BERT on natural language inference data using a Siamese network architecture,
producing sentence-level embeddings that could be compared using cosine similarity

in constant time.

The Universal Sentence Encoder (USE) [21] took a different method, training a
multi-task encoder on diverse data including question-answering, discussion forums,

and Wikipedia. USE’s training on question-answering data makes it particularly
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well-suited for ASAG, where the task involves comparing answers to questions rather

than general sentence similarity.

2.6 Recent Advances

2.6.1 Large Language Models for Automatic Short Answer
Grading

The introduction of Large Language Models (LLMs) has changed what is practically
possible in natural language processing, and short answer grading is no exception.
Where traditional supervised models needed a purpose-built classifier for every
dataset, an LLLM already carries broad linguistic knowledge from pre-training and can,
in principle, be pointed at a new grading task with little more than a well-written
prompt. This is especially useful in education, where annotated data are rarely
abundant. It is not just the scores that have benefited: LLMs are now used to justify a
grade, unpack a rubric in plain language, and generate feedback a student can actually

act on [32].

It is worth pausing on how different this is from what came before. Feature-engineered
classifiers and BERT-style encoders performed well, but only within the domain they
were trained on — move to a new subject, question style, or grading rubric, and
performance would often drop noticeably. LLMs sidestep this by leaning on
instruction following and in-context learning: instead of learning a grading function
from labelled examples alone, they can be steered with prompts, reference answers,
rubrics, or a handful of worked examples. That single property — adaptability without
retraining — is arguably what has drawn so much attention to LLMs in ASAG over the

last two to three years.

Research in this space has not moved in one direction so much as branched into
several. The earliest work leaned almost entirely on zero-shot and few-shot prompting,

simply asking the model to grade and seeing how far its pre-trained reasoning would
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carry it [22, 23]. As the limits of that approach became apparent, attention turned to
parameter-efficient fine-tuning, which adapts an open-source model to a specific
grading task without the cost of full retraining [20]. More recently,
retrieval-augmented generation and confidence-aware, human-in-the-loop pipelines
have entered the picture, aiming less at raw accuracy and more at reliability and
interpretability [28, 32]. Taken together, these three strands suggest a field that is
slowly moving away from pure semantic matching and towards grading that can be

inspected, questioned, and trusted.

Prompt-based and In-context Grading

Prompting was the natural starting point, if only because it required nothing more than
access to a capable model. The setup is simple: the question, a reference answer,
grading instructions, and the student’s response go into a prompt, and the model
returns a score. No training data, no fine-tuning pipeline — which is precisely why this
approach appealed to institutions with little labelled data to work with. Yeung et al.
[152] put this to the test in an actual classroom setting, deploying a zero-shot
framework for introductory higher-education courses and reporting real gains in
student motivation and preparedness — a useful reminder that these results are not

confined to benchmark leaderboards.

Few-shot prompting was the next logical step: give the model a handful of instructor-
graded examples and let it infer the grading criteria implicitly, rather than stating them
outright. The evidence on whether this actually helps, though, is not as clean as one
might hope. Chamieh et al. [22] tested both zero- and few-shot configurations across
three datasets and found that neither came close to a fine-tuned model or the supervised
upper bound, especially on items that demanded real reasoning or domain expertise
— a result that pushes back against some of the earlier enthusiasm for prompting as a
complete solution. Carpenter et al. [20], working on a somewhat different task, found
the opposite: few-shot prompting paired with light fine-tuning improved the grading of

student explanations. Read together, these two findings suggest that "few-shot works" is
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not a universal claim — it depends heavily on how complex the task is, how specialised

the domain is, and how much adaptation, if any, sits underneath the prompting.

Prompting also carries some baggage that fine-tuned models mostly avoid. The most
frequently cited issue is sheer sensitivity to wording: change the instruction phrasing,
reorder the examples, or tweak the formatting, and the same student answer can receive
a different score. In a high-stakes assessment context, that kind of variability is hard to
defend. There is also the matter of what the model actually knows — since it is drawing
on whatever it absorbed during pre-training, it can produce a confident, well-written

justification for a score that has little to do with the specific subject matter being graded.

None of this has stopped prompt engineering from becoming a research area in its own
right rather than a one-off implementation detail. Instruction prompts, role prompting,
rubric-guided prompts, self-reflection, and chain-of-thought reasoning have all been
tried as ways of tightening up otherwise loose grading behaviour. Rubric-guided
prompting in particular seems to help, presumably because it forces the model to check
the response against explicit criteria rather than fall back on rough semantic similarity.
Asking the model to explain its reasoning before committing to a score serves a similar
purpose, and has the added benefit of giving the instructor something to actually

inspect.

Even with these refinements, there is a trade-off that does not go away: prompting is
flexible and cheap to set up, but how well it works depends heavily on the quality of
the prompt and, as Chamieh et al. [22] make clear, on how demanding the task is in
the first place. It was this ceiling, more than anything, that pushed researchers towards
adapting the model itself rather than relying purely on instructions — which is where

parameter-efficient fine-tuning comes in.

Parameter-efficient Fine-tuning of Large Language Models

Fine-tuning entered the picture largely because prompting, for all its convenience, was
proving inconsistent on exactly the items instructors care most about getting right.

Parameter-efficient fine-tuning (PEFT) offers a middle path: rather than retraining an
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entire model, only a small subset of parameters is updated using labelled grading data.
Low-Rank Adaptation (LoRA) and its quantised variant (QLoRA) are what made this
affordable in practice, letting institutions adapt a large model without the GPU budget

that full fine-tuning would demand.

The fact that strong open-source models — LLaMA, Mistral, Gemma, Qwen, among
others — are now freely available has made this route considerably more attractive.
Unlike closed commercial models, these can be inspected, modified, and kept entirely
in-house, which matters both for data privacy and for tailoring a model to a specific
institution’s grading conventions. Once fine-tuned on annotated student responses, a
model can pick up course-specific vocabulary and marking habits that a generic
prompt would likely miss. That said, the picture is not uniformly rosy: comparisons of
fine-tuning strategies have found that QLoRA-adapted smaller models such as
LLaMA-3-8B can start out performing quite poorly on ASAG tasks, and it takes
deliberate synthetic-data augmentation to close the gap with larger, more heavily
resourced commercial fine-tunes. The takeaway is that data quality matters at least as
much as the adaptation method itself, particularly for institutions working with limited

compute.

One genuine advantage of PEFT is that it does not require an enormous model to get
reasonable results. Several studies have shown that comparatively compact models,
once properly adapted, can hold their own against much larger systems — good news
for institutions where cost, compute, or data-residency rules rule out commercial cloud

APIs.

Fine-tuning is not a free lunch, though. It still needs good annotated data, and collecting
that data consistently is neither quick nor cheap. A model tuned for one subject or one
instructor’s grading style may need retuning before it transfers to another, which limits
how far a single fine-tuned model can generalise. There is also the risk that fine-tuning
simply bakes in whatever biases exist in the training annotations — a real concern when
different instructors do not always agree on what a "correct" answer looks like. All of
which points to a broader lesson: adapting the model is only half the problem. What

the model has access to at inference time matters just as much.
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That observation is really what motivates the next line of work. Rather than expecting a
model to have memorised everything relevant during training, why not let it look things

up when it needs to? This is the premise behind retrieval-augmented grading.

Retrieval-Augmented and Knowledge-grounded Grading

Retrieval-Augmented Generation (RAG) has become one of the more promising ways
to make LLM-based grading more dependable. Instead of relying purely on what the
model learned during pre-training or fine-tuning, RAG pulls in relevant material —
reference answers, rubrics, lecture notes, textbook passages, previously graded
responses — at the moment of grading. Chu et al. [28] built exactly this kind of system,
GradeRAG, retrieving instructional material and expert-annotated exemplars alongside
the rubric, and found that grounding the model’s decision in retrieved evidence cut

down on unsupported reasoning compared to a naive prompting baseline.

The appeal here is fairly direct: LLMs, however capable, will occasionally produce a
fluent explanation that has nothing to do with reality — what is usually called
hallucination — and this is a particularly bad failure mode in an assessment context,
where a wrong-but-confident justification can quietly mislead an instructor or student.
Giving the model something concrete to point to during grading — an actual rubric line,

an actual reference passage — reduces how much it has to invent.

Some of the newer systems go further than just adding context to the prompt. They
retrieve the relevant concepts individually and have the model check the student’s
answer against each one in turn, rather than producing a single holistic score. The
output then looks less like "3/5" and more like a breakdown: this concept was present,
this one was missing, this one was only partially addressed — which is closer to how a
human grader actually thinks it through, and easier for an instructor to sanity-check.
Cong et al. [32] extend this idea by pairing retrieval-grounded grading with calibrated
confidence estimates, showing that combining the two gives a better sense of which

cases genuinely need a human to step in, compared to relying on either signal alone.
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A related line of work uses retrieval not for background material but for choosing few-
shot examples themselves — selecting instructor-graded responses that are semantically
close to the one being graded, rather than picking demonstrations at random. This tends
to give the model more relevant guidance exactly where it is needed, and helps with

responses that are unusually worded or only partly correct.

Graph-based retrieval is a newer variant worth mentioning, even if the evidence base
is still thin. Instead of treating retrieved passages as independent chunks of text, these
methods try to model how concepts relate to one another, which in theory should help
with answers that require connecting several ideas rather than just matching a keyword.
It is early days for this direction, but the initial results are encouraging enough to keep

watching.

Stepping back, retrieval-augmented grading marks a genuine shift in how the field
thinks about the problem. Earlier work assumed the fix lay in a better prompt or a
better fine-tune — in other words, in the model itself. RAG-based approaches instead
accept that good grading also depends on having the right external knowledge on hand.
That said, retrieval is not a silver bullet: if the retrieved material is irrelevant or
incomplete, the grading decision suffers regardless of how good the underlying model
is, and having the right concepts in hand does not automatically mean the model
reasons about them correctly. That gap — between retrieving the right knowledge and
actually reasoning over it well — is where a good deal of current research attention has

landed.

Comparative Analysis of LLM-based ASAG Paradigms

Table 2.3 lays the three paradigms discussed above — prompting, parameter-efficient
fine-tuning, and retrieval augmentation — side by side, along with representative
studies, their core mechanics, what they tend to get right, and where they tend to fall
short. No single paradigm wins outright. Prompting is cheapest to deploy but the least
reliable once the task requires real reasoning; fine-tuning is the most consistent within
a given domain but demands annotated data and does not transfer well across subjects;

retrieval augmentation sits somewhere in between, improving transparency and
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reducing unsupported reasoning without the cost of retraining, but only to the extent

that the retrieval itself is good. This is precisely the gap that motivates the hybrid,

concept-aware direction taken in this thesis, where negation-sensitive score calibration

and structured concept comparison are combined rather than betting on any one

paradigm alone.

TaBLE 2.3: Comparative analysis of LLM-based ASAG paradigms

Paradigm Representative  Core Technique Reported Principal
Studies Strengths Limitations
Zero-/few-shot  [22, 23, 152] Direct scoring via No annotated High sensitivity to
prompting question, reference training data prompt formulation;
answer, and rubric required; rapid weak on reasoning-
embedded in the deployment across intensive or domain-
prompt; no gradient courses; effective specific items;
updates on well-known, inconsistent  across
general-domain repeated runs
content
Parameter- [20] Low-rank Captures Requires high-quality
efficient adaptation of course-specific annotated data;
fine-tuning open-source LLMs terminology  and limited cross-domain
(LoRA/QLoRA) (LLaMA, Mistral, marking schemes; generalisation; may
Qwen families) on enables use of inherit annotator bias
annotated grading smaller, locally
data deployable models;
strong  in-domain
consistency
Retrieval- [28, 32] Retrieval of Reduces Performance bounded
augmented reference answers, hallucinated by retrieval quality;
grading rubrics, or exemplar justifications; does not guarantee
(RAG) responses to ground improves correct reasoning
the LLM’s grading transparency over retrieved
decision via concept- concepts; added
level comparison; system complexity
supports human-in-
the-loop  deferral
via confidence
estimation

2.6.2 The ASAG2024 Benchmark

Meyer et al. [94] introduced the ASAG2024 benchmark, which aggregates six

previously published ASAG datasets into a unified resource with 16,626 samples. The
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benchmark provides standardised preprocessing, a unified grade scale, and official
evaluation protocols. ASAG2024 is the most thorough ASAG benchmark currently

available and represents the primary evaluation corpus for this thesis.

2.6.3 Hybrid and Multi-Task Approaches

Kunnecke et al. [74] introduced a hybrid method combining neural meaning similarity
with explicit concept matching, showing that the two approaches are complementary.
Their system achieved leading results on SciEntsBank at the time of publication,

confirming the value of combining neural and symbolic components.

2.7 Negation Handling in NLP

2.7.1 Negation in Pre-trained Models

Negation is a well-known challenge for pre-trained language models. Ettinger [42]
showed that BERT fails on negation probes, producing similar representations for “the
bird can fly” and “the bird cannot fly”. This limitation is particularly problematic for
ASAG, where negation errors (a student negating a key claim) should result in a low

grade.

Cao et al. [19] recently introduced negation-aware training objectives for educational
NLP, showing that explicit negation supervision can substantially improve model
performance on negation-bearing answers. Their work motivates the NSSC module

proposed in this thesis (Chapter 8).

2.7.2 Negation Scope Detection

Negation scope detection - identifying which parts of a sentence are negated - is a

related NLP task with a rich literature. The ConanDoyle-neg corpus and the SFU
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Review Corpus provide annotated negation scope data that have been used to train
negation scope detectors. For ASAG, full negation scope detection is likely
unnecessary; detecting the presence of negation markers and their proximity to key

concepts is sufficient for most grading decisions.

2.8 Fairness and Bias in ASAG

Automated grading systems can perpetuate or amplify biases present in their training
data. If training data reflects historical grading biases (e.g., higher grades for students
from certain demographic groups), an ASAG system trained on this data may replicate
these biases at scale. Ensuring fairness in ASAG is Therefore, an important research

direction, though it is beyond the scope of this thesis.

Recent work has examined demographic bias in ASAG systems, finding that
performance varies across student populations with different writing styles, language
backgrounds, and educational histories. Developing bias-aware ASAG systems that

achieve equitable performance across demographic groups remains an open challenge.

2.9 Research Gaps

Based on the literature review, four research gaps are identified that motivate this thesis:

1. Gap 1 - Unreliable Evaluation: Most prior ASAG evaluations use single
train—test splits, producing results with high variance. A statistically reliable
evaluation protocol is needed to enable reliable comparison of ASAG systems.

tackles by RO1.

2. Gap 2 - Length Blindness: Existing ASAG systems treat all answers
identically regardless of their length relative to the reference answer. The
strong correlation between answer length and grade (r = 0.412 on
ASAG2024) suggests that length-adaptive architectures would substantially

improve yields. tackles by RO2.
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3. Gap 3 - Concept and Negation Handling: Existing neural ASAG systems are
insensitive to concept incompleteness and negation, two of the most common
student error types. Lightweight mechanisms for explicit concept tracking and

negation calibration are needed. tackles by RO3.

4. Gap 4 - Boundary Discrimination: The Discrete Boundary Collapse
problem has not been formally characterised or tackles in the ASAG
literature. A training strategy that explicitly improving boundary

discrimination is needed. handles by RO4.



CHAPTER 3

Background and Preliminaries

3.1 Overview

This chapter presents the technical background required to understand the proposed
methods. We cover word and sentence embeddings (Section 3.2), the transformer
architecture (Section 3.3), Siamese and contrastive learning (Section 3.4), evaluation
metrics (Section 3.5), BM25 retrieval (Section 3.6), and a brief overview of spaCy’s

NLP pipeline (Section 3.7).

3.2 Word and Sentence Embeddings

3.2.1 Word2Vec

Word2Vec [97] introduced two neural architectures for learning word representations
from large text corpora: the Continuous Bag-of-Words (CBOW) model, which predicts
a word from its context, and the Skip-gram model, which predicts context words from
a target word. Both architectures are trained using negative sampling to efficiently

approximate the softmax over the full vocabulary.
The Skip-gram objective is:
1 L
Lso=7), 2, logplwjiw) (3.1)
t=1 —c<j<c, j#0

where T is the corpus size, c is the context window size, and p(w,4 jlw,) is approximated
using negative sampling. The resulting 300-dimensional vectors encode semantic and

44
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syntactic relationships, famously capturing analogies such as “king — man + woman =

queen”.

3.2.2 GloVe

GloVe [106] (Global Vectors for Word Representation) takes a different method,
training on the global word-word co-occurrence matrix of the corpus. The objective is

to learn vectors w; and W such that:
W/ W;+b;+b;=logX;; (3.2)

where X;; is the co-occurrence count of words i and j, and b;, b ; are bias terms. GloVe
combines the advantages of global matrix factorisation (LSA-style) and local context
window methods (Word2Vec-style), producing vectors that capture both global

semantic structure and local syntactic patterns.

3.2.3 BERT

BERT [36] (Bidirectional Encoder Representations from Transformers) is a pre-trained
transformer model that produces contextual word representations. Unlike Word2Vec
and GloVe, which produce static embeddings (one vector per word regardless of
context), BERT produces context-dependent embeddings where the representation of a

word depends on its surrounding context.
BERT is pre-trained on two objectives:
1. Masked Language Modelling (MLM): 15% of input tokens are randomly

masked, and the model is trained to predict the masked tokens from the

surrounding context.

2. Next Sentence Prediction (NSP): The model is trained to predict whether two

sentences are consecutive in the original corpus.
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For sentence-level tasks, BERT uses the representation of the special [CLS] token as
the sentence representation, or alternatively, the mean of all token representations (mean

pooling).

3.2.4 Sentence-BERT (SBERT)

SBERT [113] tackles BERT’s limitation for sentence similarity tasks: computing
similarity between n sentences using BERT requires O(n?) forward passes (one for
each pair), proving computationally prohibitive for large collections. =~ SBERT
fine-tunes BERT using a Siamese network architecture on natural language inference
(NLI) data, producing sentence embeddings that can be compared using cosine

similarity in O(1) time.

The SBERT training objective for the NLI task uses a softmax classifier over the

concatenated sentence representations:
u = mean-pool(BERT(s1)), v = mean-pool(BERT(s>)) 3.3)

¥ = softmax(W, - [u;v;u—vl]) (3.4)

The all-mpnet-base-v2 variant of SBERT, used in this thesis, was trained on over 1

billion sentence pairs and achieves top results on the MTEB benchmark [99].

3.2.5 Universal Sentence Encoder (USE)

USE [21] provides 512-dimensional sentence embeddings trained on a diverse
multi-task corpus including web question-answer pairs, discussion forums (Reddit),
Wikipedia, news, and translation data. The multi-task training approach combines:

m Skip-thought prediction (predict surrounding sentences)

m Conversational response prediction (predict response to a message)

m Natural language inference classification
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USE’s training on question-answering data is particularly relevant for ASAG, as it
means the model has learned to represent answers in a way that is sensitive to the

question context.

3.3 The Transformer Architecture

3.3.1 Self-Attention Mechanism

The transformer architecture [139] is built around the self-attention mechanism, which
computes a weighted sum of value vectors based on the compatibility between query

and key vectors:

Attention(Q, K, V) = softmax( oKT ) \% 3.5
o vy '

where Q € R K e R"™% and V € R™% are the query, key, and value matrices, and dg

is the key dimension used for scaling. The scaling factor —= prevents the dot products

v

from becoming too large in high dimensions, which would cause the softmax to have

very small gradients.

3.3.2 Multi-Head Attention

Multi-head attention applies 4 attention functions in parallel, each with different learned
projections:

MultiHead(Q, K, V) = Concat(head;, ... ,headh)WO (3.6)

where head; = Attention(QWl.Q,K WiK , VWI.V). This allows the model to attend to
different aspects of the input simultaneously - for example, one head may focus on

syntactic relationships while another focuses on semantic relationships.
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3.3.3 Position-wise Feed-Forward Networks

Each transformer layer also includes a position-wise feed-forward network applied

independently to each position:
FFN(x) = ReLU(xW/| +b)W> + b, (3.7

The inner dimension of the FFN is typically 4 times the model dimension (e.g., 3072
for BERT-base with djodel = 768).

3.3.4 Pre-training and Fine-tuning

The BERT pre-training paradigm involves two phases:

1. Pre-training: Train the transformer on large unlabelled corpora using
self-supervised objectives (MLM, NSP). This phase requires substantial
computational resources (BERT-base was trained on 16 TPUs for 4 days) but

is achieves once.

2. Fine-tuning: Add a task-specific head to the pre-trained transformer model
and fine-tune all parameters on labelled task data. Fine-tuning is
computationally cheap (typically a few hours on a single GPU) and produces

strong attains with relatively few labelled examples.

3.4 Siamese Networks and Contrastive Learning

3.4.1 Siamese Network Architecture

A Siamese network [27] consists of two identical sub-networks (sharing weights) that

process two inputs in parallel and produce representations that are compared using a
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distance or similarity metric. The key property is weight sharing: the same parameters

are used to encode both inputs, ensuring that the representation space is consistent.

For ASAG, the Siamese architecture encodes the reference answer and student answer
using the same encoder, producing representations e, and e, that are compared using

cosine similarity:
er * es

T (3.8)
llellllesll

sim(e;, €5) =

3.4.2 Contrastive Loss

The contrastive loss [51] trains the encoder to produce similar representations for

semantically related inputs and dissimilar representations for unrelated inputs:
Leontrastive =¥+ d” +(1 = y) - max(0,m ~d)’ (3.9)

where d = ||e; —e3]|» is the Euclidean distance, y € {0, 1} is the label (1 for similar, O for
dissimilar), and m is the margin. More recent variants use the InfoNCE loss [138] or

the supervised contrastive loss [68].

3.4.3 Triplet Loss

The triplet loss [119] operates on triplets (a, p,n) where a is the anchor, p is a positive

(similar to a), and n is a negative (dissimilar to a):
Liriplet = max(0, d(a, p)—d(a,n) +m) (3.10)

The loss encourages the positive to be closer to the anchor than the negative by a margin
m. Hard negative mining - selecting negatives that are close to the anchor - is critical

for effective triplet training, as easy negatives provide no gradient signal.
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3.5 Evaluation Metrics

3.5.1 Spearman Rank Correlation

Spearman’s p [124] measures the rank correlation between two variables:

6Y,;d?

—m (3.11)

p=1
where d; is the difference between the ranks of the i-th observation in the two variables.
Spearman’s p is preferred over Pearson’s r for ASAG because it is strong to non-linear

relationships and outliers.

3.5.2 Quadratic Weighted Kappa

Quadratic Weighted Kappa (QWK) [31] measures agreement between two raters on an

ordinal scale, penalizing large disagreements quadratically:

2i,jWijOij

QWK =1-
2ijwijEij

(3.12)

where O;; is the observed count of (predicted grade i, gold grade j) pairs, E;; is the

_ (-)?
T (k-1)?

expected count under independence, and w;; is the quadratic weight. QWK is

widely used in automated essay scoring and is increasingly adopted in ASAG.

3.5.3 Root Mean Squared Error

RMSE measures the magnitude of prediction errors:

1 N
— _ 5. v)2
RMSE = JN;(% ) (3.13)

Weighted RMSE (WRMSE) assigns higher weights to samples near grade boundaries,

making it more sensitive to boundary discrimination errors.
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3.6 BM25 Retrieval

BM25 [114] (Best Match 25) is a probabilistic retrieval function that ranks documents
by relevance to a query. For ASAG, BM25 is used to measure lexical overlap between

student and reference answers. The BM25 score is:

BM25(r,5) = > IDF(1)- f(t,r)- (ki +1)

1es f(t,r)+kl.(1_b+b,a\1;|dl)

(3.14)

where f(t,r) is the frequency of term ¢ in the reference answer r, |r| is the answer length,
avgdl is the average answer length in the corpus, and k; = 1.5, b = 0.75 are tuning
parameters. BM2S5 is particularly effective for very short answers (Band 1 in the RO2

architecture) where lexical overlap is the primary grading signal.

3.7 spaCy NLP Pipeline

spaCy [61] is an industrial-strength NLP library that provides efficient implementations
of tokenisation, part-of-speech tagging, dependency parsing, named entity recognition,
and lemmatization. In this thesis, spaCy is used for concept extraction in the RO3
architecture: the en_core_web_sm model is used to identify content words (nouns,

verbs, adjectives, and proper nouns) after lemmatization and stopword removal.

The spaCy pipeline processes each answer in three steps:

1. Tokenization: Split the answer into tokens (words and punctuation).
2. POS tagging: Assign part-of-speech tags to each token.
3. Lemmatisation: Reduce each token to its base form (e.g., “running” —

“run” .

Content words are then identified as tokens with POS tags in {NOUN, VERB, ADJ,
PROPN} that are not stopwords.



CHAPTER 4

Problem Statement and Proposed

Framework

4.1 Formal Problem Definition

Let D = {(qgi, i, Si, yi)}f\i 1 denote a dataset of N instances, where g; € Q is a question,
r; € R is the reference (model) answer provided by the instructor, s; € S is the student’s
answer, and y; € [0,1] is the normalized human-assigned grade. The ASAG task is to
learn a function:

fo:AXRxS — [0,1] 4.1)

where Q, R, and S are the question, reference-answer, and student-answer spaces
respectively, 6 is the vector of model parameters, and ® denotes the parameter space
over which 6 ranges. The function fy is parameterized by 6 € ®, such that
Jfo(qi,ri,si) = y; for all (g, ri, si,yi) € D. The parameters 6 are learned by minimizing

the expected loss:

0" = arg 12’161(}31 E(q,r,s,y)~1)[g(f9(q’ r,s), y)] + AQ(6) 4.2)

where €(-,-) is a loss function (MSE, QWK-based, or a combination), Q(0) is a
regularisation term, A > 0 is the regularisation strength, and 6* denotes the resulting

optimal parameter vector.

4.1.1 Structural Constraints

An ideal ASAG function fy should satisfy the following structural constraints:

52
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C1 - Length Invariance: fy should be invariant to the absolute length of the student
answer, conditioned on the relative length ratio ¢ = |s|/|r|. That is, two answers
with the same relative length and the same semantic content should receive the

same grade, regardless of their absolute word counts.

C2 - Concept Completeness Sensitivity: fy should be sensitive to the coverage of key
concepts from the reference answer. If a student answer covers k out of K key

concepts, its grade should be approximately k/K, all else being equal.

C3 - Polarity Consistency: fy should distinguish between a student answer that
affirms a key claim and one that negates it. Formally, if s and —s denote
affirmative and negated versions of the same claim, and if the reference r

affirms the claim, then fy(q,r, s) > fo(q,r,—s).

C4 - Boundary Discrimination: f; should correctly discriminate between grade
bands, particularly for answers near grade boundaries. The probability of a

boundary-crossing error should be minimized.

4.2 Identified Failure Modes

The four failure modes described in this section were identified through a combination
of theoretical analysis and empirical investigation of the ASAG2024 benchmark. Each
failure mode is defined formally, illustrated with a concrete example, and supported
by empirical evidence from the dataset analysis. The formal definitions are important
because they provide a precise vocabulary for discussing the limitations of existing
systems and for evaluating the effectiveness of the proposed solutions. Without such a
vocabulary, it is difficult to distinguish between systems that address the same problem

in different ways and systems that address fundamentally different problems.
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4.2.1 P1: Length Discrepancy

Standard embedding-based ASAG models violate constraint C1 because cosine
similarity between mean-pooled embeddings is sensitive to the distribution of words in
the answer, which changes with answer length. Short answers that contain only key
terms produce embeddings that are close to the reference embedding in high-similarity
dimensions, while long answers that elaborate wide-ranging content may produce
embeddings that are diluted by the additional material. This length sensitivity is not a
bug in the embedding model-it is a natural consequence of how mean pooling
works-but it becomes a problem when the model is used for grading, because it
introduces a systematic bias that correlates with answer length rather than answer

quality.

Empirical evidence: Table 5.4 (Chapter 5) shows Pearson correlations between answer
length and grade ranging from 0.267 to 0.412 across ASAG2024 sources, confirming
that length is a strong confound. Figure 7.2 shows that a single SBERT model yields
F1=0.71 on very short answers (Band 1) but F1 =0.93 on medium-length answers
(Band 3), a difference of 22 percentage points. This is a very large performance gap
for a system that is supposed to grade all answers equally, and it confirms that length
discrepancy is not a minor calibration issue but a fundamental structural problem that

requires an architectural solution.

4.2.2 P2: Concept Incompleteness

Consider the question “Define recursion” with reference answer “A function that calls
itself, with a base case to terminate the recursion.” A student answer “A function that
calls itself” records high cosine similarity to the reference (approximately 0.85 with
SBERT) but is missing the critical concept of the base case. An ASAG system that
relies solely on embedding similarity will assign this answer a high grade, violating
constraint C2. This is not an edge case-it is a systematic pattern that occurs whenever a
student provides a partially correct answer that covers the most salient concepts in the

reference but omits one or more secondary concepts. The problem is compounded by
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the fact that the “missing” concept is often precisely the one that distinguishes a deep
understanding from a superficial one, making concept incompleteness a particularly

important failure mode from a pedagogical perspective.

Empirical evidence: Analysis of 150 randomly sampled SciEntsBank errors reveals
that 38% of over-grading errors (predicted grade > gold grade + 0.2) involve concept
incompleteness, confirming that this is the most common failure mode. This finding
underscores the importance of developing grading systems that can reason about

conceptual coverage rather than relying solely on holistic semantic similarity.

4.2.3 P3: Negation Insensitivity

BERT and its variants encode negation implicitly through the attention mechanism, but
this implicit encoding is unreliable [42]. The sentence “The algorithm terminates in
polynomial time” and “The algorithm does not terminate in polynomial time” share 8
out of 9 content words and produce SBERT cosine similarity of approximately 0.91,
despite having opposite meanings. This near-identical representation is a direct
consequence of the way transformer models are trained: they learn to produce similar
representations for sentences that appear in similar contexts, and negated sentences
typically appear in contexts that are very similar to their non-negated counterparts. The
result is a systematic blind spot for negation that cannot be addressed through
fine-tuning alone, because the training signal for negation is diluted by the much larger

signal from the many non-negated sentence pairs.

Empirical evidence: On the 214-sample negation subset of SciEntsBank, SBERT
delivers QWK =0.52, compared to QWK =0.80 on the non-negation subset, a gap of
0.28 QWK points. This is the largest performance gap observed across all error
categories, confirming that negation insensitivity is the most severe failure mode in the
current state of the art. The magnitude of this gap-more than a third of the maximum
possible QWK score-suggests that negation handling is not a marginal improvement

opportunity but a fundamental capability that any reliable ASAG system must possess.
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4.2.4 P4: Discrete Boundary Collapse

When grades are discretized into bands (e.g., A/B/C/D/F), a model that assigns identical
scores to answers near grade boundaries fails to discriminate between grade categories.
This problem is not captured by RMSE or Spearman p, which measure continuous
agreement. A model with RMSE = 0.15 may still have a BCR of 0.30, meaning 30% of
answers are assigned to the wrong grade band. The practical consequence of this failure
mode is significant: in a grading system that assigns letter grades based on numerical
scores, a BCR of 0.30 means that nearly one in three students receives the wrong letter

grade, even if the numerical predictions are close to correct in an average-error sense.

The root cause of Discrete Boundary Collapse is the mismatch between the training
objective (minimising mean squared error in a continuous space) and the evaluation
objective (correctly classifying answers into discrete grade bands). A model trained
with MSE loss has no incentive to concentrate its prediction errors away from grade
boundaries-it treats an error of 0.1 near a boundary the same as an error of 0.1 far from
a boundary, even though the former has much larger practical consequences. This is the
fundamental insight that motivates the boundary-aware training strategy developed in

ROA4.

Empirical evidence: The BERT baseline attains RMSE=0.198 on Mohler but
BCR =0.312, confirming that boundary discrimination is a distinct failure mode not
captured by RMSE. This finding highlights the importance of evaluating ASAG
systems with metrics that are sensitive to the discrete structure of the grading task,

rather than relying solely on continuous error metrics.

4.3 The Multi-Architecture Framework

The proposed system tackles the four failure modes through four distinct architectures,
applied in sequence. The key design principle is that each architecture is derived
directly from a formally characterised failure mode, ensuring that every design choice

is motivated by empirical evidence rather than by architectural fashion or
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computational convenience. This problem-driven approach contrasts with much of the
prior ASAG literature, where architectural choices are often motivated by general NLP
trends rather than by a careful analysis of what specifically goes wrong with existing

grading systems.

The four architectures are designed to be composable: each one adds a layer of
capability on top of the previous one, and the combined system achieves performance
that is consistently better than any individual architecture. This composability is not
guaranteed-in many multi-component NLP systems, adding more components leads to
diminishing returns or even performance degradation due to error propagation. The
fact that the improvements are additive in this case is evidence that the four failure
modes are genuinely distinct and non-overlapping, and that the proposed solutions

address them independently without interfering with one another.

Embedding Baseline (RO1): Establish the best off-the-shelf embedding strategy
through bootstrap evaluation. This architecture determines the base encoder
for all subsequent proposed architectures. The bootstrap evaluation protocol
provides statistically reliable performance estimates that serve as a rigorous
reference point for measuring the improvements achieved by the proposed

architectures.

Architecture 1 — Length-Adaptive Routing (RO2): Route each answer to the
appropriate sub-model based on its relative length ratio. This proposed
architecture addresses P1 (Length Discrepancy) and PS5 (Heterogeneity). The
routing mechanism is deterministic and fully interpretable, adding negligible
computational overhead while enabling each sub-model to be optimised for

the specific statistical properties of its assigned length range.

Architecture 2 — Concept and Negation Calibration (RO3): Apply concept
coverage and NSSC calibration to the Architecture 1 output. This proposed
architecture addresses P2 (Concept Incompleteness) and P3 (Negation
Insensitivity).  The concept coverage feature provides an interpretable

diagnostic signal that can be surfaced to students as formative feedback, while
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the NSSC module provides a lightweight, retraining-free mechanism for

improving negation handling.

Architecture 3 — Boundary-Aware Training (RO4): Train the base encoder with
boundary-aware triplet loss.  This proposed architecture addresses P4
(Discrete Boundary Collapse). The boundary-aware training strategy
explicitly reshapes the embedding space to align with the discrete structure of
the grading rubric, reducing the frequency of boundary-crossing errors

without sacrificing overall ranking quality.

Architecture 1

Length-Adaptive Routing
Handles answer-length variation

Architecture 2

Input Concept \& Negation Calibration Output
Student Answer Reduces concept and negation errors Predicted Score

+ /
Reference Answer Grade
Architecture 3

Boundary-Aware Training
Improves decision boundary learning

Ficure 4.1: The multi-architecture framework. Architecture O establishes the

embedding baseline; Architecture 1 applies length-adaptive routing; Architecture 2

applies concept and negation calibration; Architecture 3 applies boundary-aware

training. Each proposed architecture tackles a specific failure mode identified in
Section 4.2.

4.4 Research Design Summary

Table 4.1 summarizes the mapping between challenges, proposed solutions, evaluation

datasets, and primary metrics.
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TaBLE 4.1: Research design summary: Challenges, solutions, datasets, and metrics.

Challenge RO Solution Dataset Primary Metric
Unreliable baselines RO1 Bootstrap protocol Mohler Spearman p
Length discrepancy RO2 5-band routing ASAG2024 F1, RMSE
Concept incompleteness RO3  Siamese + Ceoy SciEntsBank QWK
Negation insensitivity RO3 NSSC calibration  SciEntsBank QWK (neg.)
Boundary collapse RO4 BAT-TW-BERT Mohler QWK, BCR




CHAPTER 5

Datasets and Experimental Setup

5.1 Overview of Datasets

This thesis uses two primary datasets: the Mohler dataset for RO1 and RO4 evaluation,
and the ASAG2024 benchmark for RO2 and broad cross-domain evaluation. The
choice of datasets reflects a deliberate strategy of using well-established benchmarks
that allow direct comparison with prior work, while also leveraging the most
comprehensive evaluation corpus currently available. The ASAG2024 benchmark is
the most broad ASAG dataset currently available, bringing together six previously
published datasets into one resource [94]. This consolidation is significant because it
allows evaluation across diverse domains, question types, and answer length
distributions in a single experimental framework, providing a more reliable picture of a

system’s generalisation capabilities than any single dataset can offer.

5.2 The Mohler Dataset

The Mohler dataset [98] consists of 628 student answers to 21 questions from
undergraduate computer science courses. It is one of the most widely used benchmarks
in the ASAG literature, and its widespread adoption makes it an ideal choice for
establishing baseline results and for comparing the proposed architectures against prior
work. The dataset covers a range of computer science topics including data structures,
algorithms, and programming concepts, making it representative of the kind of
technical domain where ASAG systems are most commonly deployed. Table 5.1

provides detailed statistics.
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TasLE 5.1: Detailed statistics for the Mohler dataset.

Property Value
Total samples 628
Unique questions 21
Mean grade 4.06/5.0
Mean grade (normalised) 0.812
Std dev (grade) 0.248
Mean answer length 18.11 words
Min / Max answer length 1/ 127 words
Domain Computer Science
Language English
Inter-rater agreement k=0.592

5.2.1 Grade Distribution Analysis

The Mohler grade distribution is right-skewed, with 68.2% of answers receiving grades
above 0.7 (normalised). This skew reflects that students who attempt the questions
generally understand the material; very low grades are rare. Table 5.2 shows the grade

distribution by band.

TaBLE 5.2: Grade distribution in the Mohler dataset by band.

Grade Band Count Percentage
0.0-0.2 (Very Low) 24 3.8%
0.2-0.4 (Low) 42 6.7%
0.4-0.6 (Medium) 81 12.9%
0.6-0.8 (High) 193 30.7%
0.8-1.0 (Very High) 288 45.9%
Total 628 100%

5.3 The ASAG2024 Benchmark

The ASAG2024 benchmark [94] aggregates six previously published ASAG datasets
into a unified resource with 16,626 samples. Table 5.3 provides details on the six

constituent datasets.
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TaBLE 5.3: ASAG2024 benchmark: Constituent datasets and their properties.

Source N Mean Grade Std Domain Lang.
Mohler 2,273 0.812 0.248 CS EN
SciEntsBank 4,969 0.601 0.312 Science EN
Beetle 3,941 0.582 0.329 Physics EN
ASAP-SAS 1,824 0.634 0.287 Mixed EN
POWERGRADING 1918 0.648 0.275 Mixed EN
USCIS 1,701 0.723 0.261 Civics EN
Total 16,626 0.637 0.298

5.3.1 Length—Grade Correlation

TaBLE 5.4: Pearson correlation between answer length (words) and grade across

ASAG2024 sources.
Source Pearson r p-value
Mohler 0412 <0.001
SciEntsBank 0.389 < 0.001
Beetle 0.371 <0.001
ASAP-SAS 0.298 < 0.001
POWERGRADING 0.341 <0.001
USCIS 0.267 < 0.001

5.3.2 Per-Source Question Statistics

Table 5.5 provides per-source question statistics, showing the number of unique

questions and the mean number of student responses per question.

TaBLE 5.5: Per-source question statistics in ASAG2024.

Source Unique Questions Mean Responses/Q Mean Ref. Length
Mohler 21 29.9 22.4 words
SciEntsBank 135 36.8 18.2 words
Beetle 56 70.4 14.8 words
ASAP-SAS 10 182.4 31.6 words
POWERGRADING 3 639.3 28.9 words
USCIS 100 17.0 12.4 words
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5.4 Baseline Systems

TaBLE 5.6: Baseline system performance on ASAG2024 test set.

System wRMSE Pearson r Spearmanp QWK
TF-IDF + RF 0.2514 0.6401 0.6312 0.6189
SBERT + Ridge 0.2201 0.7112 0.7015 0.6892
Fine-tuned BERT  0.2089 0.7398 0.7289 0.7156

5.5 Evaluation Metrics

All seven metrics used in this thesis are defined in Chapter 3. Table 5.7 summarizes

which metrics are reported for each research objective.

TaBLE 5.7: Metrics reported for each research objective.

RO Spearman Pearson RMSE wRMSE QWK BCR
RO1 v v v

RO2 v v v v

RO3 v v

RO4 v v v v
Combined v v v v v v

5.6 Experimental Protocol

All experiments in this research were conducted using a consistent and reproducible
experimental protocol to ensure fair comparison across all baseline and proposed
architectures. The experiments followed the official ASAG2024 dataset configuration,
where the data was divided into training, validation, and testing sets in the ratio of
70%, 15%, and 15%, respectively. The training set was used for model learning, the
validation set was used for hyperparameter tuning and model selection, while the

testing set was reserved exclusively for final performance evaluation.
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To maintain reproducibility and reduce randomness during experimentation, all
experiments were executed using a fixed random seed value of 42. This ensured
consistent behaviour during data shuffling, parameter initialization, and model

optimization across different experimental runs.

Hyperparameter tuning was systematically performed on the validation dataset.
Important parameters such as learning rate, batch size, dropout rate, optimizer settings,
embedding dimensions, and number of training epochs were adjusted empirically to
obtain the best-performing configuration for each model. The same evaluation
methodology and preprocessing pipeline were maintained across all experiments to

ensure unbiased comparison.

To evaluate the statistical reliability of the obtained results, 95% confidence intervals
were computed using bootstrap resampling with 1000 iterations. This statistical
evaluation strategy provided robust performance estimates and reduced the possibility

of reporting improvements caused by favourable random data splits.

The experiments were carried out using both Google Colaboratory (Google Colab) and
a dedicated high-performance computing server. The local experimental environment
consisted of a Dell PowerEdge R740 server equipped with an NVIDIA Tesla V100
GPU with 32 GB memory, dual Intel Xeon Gold 5118 processors operating at 2.3
GHz, and 128 GB DDR4 RDIMM memory (4 X 32 GB, 2666 MT/s). The availability
of GPU acceleration significantly improved the efficiency of training and evaluating
transformer-based deep learning architectures such as BERT, SBERT, and the

proposed Siamese and boundary-aware models.

All models were implemented using Python-based deep learning and NLP frameworks
under controlled experimental settings to ensure consistency, reproducibility, and

reliable comparative evaluation throughout the study.



CHAPTER 6

Pre-trained Embedding Baseline Study

6.1 Motivation

Before designing new architectures, it is important to establish a strict baseline that
quantifies the results achievable with off-the-shelf pre-trained embeddings. Prior ASAG
studies have compared embedding strategies, but typically on single train—test splits,
producing results with high variance that are difficult to interpret. A model that achieves
Spearman p = 0.55 on one split may achieve p = 0.42 on another, depending on the

random seed. This variance makes it hard to say which embedding is actually better.

This chapter presents a bootstrap-based embedding evaluation protocol that addresses
this limitation by averaging results over 1000 random train-test splits. The protocol is
applied to four pre-trained embedding strategies - Word2Vec, GloVe, BERT, and USE
- on the Mohler dataset (described in Chapter 5), using three regression models (linear,

polynomial, and Lasso) to convert embedding similarity features into grade predictions.

A reliable baseline matters more than it might seem. In the absence of a trustworthy
reference point, later improvements cannot be meaningfully measured. If the baseline
itself is unreliable (due to high split-to-split variance), a reported improvement of Ap =
0.05 may be entirely attributable to a favourable random split rather than a genuine

architectural improvement. Averaging over 1000 splits removes this ambiguity.
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6.2 Dataset

The Mohler dataset is used as the evaluation corpus for this baseline study. Full details
of the dataset - including descriptive statistics, grade distribution, and preprocessing
steps - are provided in Chapter 5 (Section 5.2). Briefly, it consists of 628 student
answers to 21 undergraduate computer science questions, graded on a 0-5 scale and
normalised to [0, 1]. The 1000-iteration bootstrap protocol described in Section 6.6 is

applied directly to this dataset.

6.3 Embedding Strategies

6.3.1 Word2Vec (300-dimensional)

The Google News Word2Vec model [97] provides 300-dimensional vectors for
approximately 3 million words and phrases. For each answer text, sentence-level
embeddings are obtained by averaging the word vectors of all tokens present in the
vocabulary. Out-of-vocabulary (OOV) tokens are assigned zero vectors. The Google
News corpus consists primarily of news articles, creating a domain mismatch for the

academic computer science content of the Mohler dataset.

6.3.2 GloVe (300-dimensional)

The GloVe Wikipedia + Gigaword model [106] provides 300-dimensional vectors
trained on 6 billion tokens from Wikipedia and the Gigaword news corpus. Sentence
embeddings are obtained by the same mean-pooling method as Word2Vec. GloVe’s
Wikipedia training data is a better domain match for academic content than

Word2Vec’s news corpus.
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6.3.3 BERT (768-dimensional)

The bert-base-nli-mean-tokens model from the Sentence Transformers
library [113] provides 768-dimensional sentence embeddings obtained by averaging all
token outputs from BERT’s final layer. This model has been fine-tuned on natural
language inference data, making it more suitable for sentence-level similarity tasks
than the raw BERT model. Note that this model is distinct from the
all-mpnet-base-v2 SBERT model used in RO2 and RO3; the older
NLI-task-specifically fine-tuned BERT model is used here to represent the "BERT

family" baseline.

6.3.4 Universal Sentence Encoder (512-dimensional)

USE [21] provides 512-dimensional sentence embeddings trained on a diverse multi-
task corpus. Unlike BERT, USE is specifically optimized for sentence-level similarity,
meeting the primary requirement in ASAG. USE’s training on question-answering data
(web Q&A pairs, discussion forums) makes it particularly well-suited for the Mohler

dataset, which consists of question—answer pairs from academic contexts.

6.4 Feature Construction

For each embedding strategy, a feature vector is constructed from the reference answer

embedding e, and the student answer embedding e;:

X = [cos(e,, e;), e, — e, €, Oes] (6.1)

where cos(-,-) denotes cosine similarity, — denotes element-wise difference, and ©
denotes element-wise product. This feature construction follows the method of
Reimers and Gurevych [113] and captures both global similarity (cosine) and local

feature interactions (difference and product).
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The dimensionality of the feature vector is 1 +2d, where d is the embedding dimension:

m Word2Vec/GloVe: 1+2 x300 =601 dimensions
m BERT: 1+2x768 = 1537 dimensions

m USE: 1+2x%x512 = 1025 dimensions

6.5 Regression Models

Three regression models are evaluated for each embedding:

1. Linear Regression: A standard ordinary least squares regressor applied to the
full feature vector. Despite its simplicity, linear regression is a competitive

baseline for high-dimensional feature vectors due to its low variance.

2. Polynomial Regression (degree 2): Polynomial features of degree 2 are
computed from the feature vector before applying linear regression, capturing
non-linear interactions. Due to the high dimensionality of the base features,
only the degree-2 terms involving the cosine similarity feature and the first 10
principal components of the embedding features are included, to avoid the

exponential growth of the full degree-2 expansion.

3. Lasso Regression (o = 0.01): Ll-regularized linear regression [135], which
attains implicit feature selection by driving irrelevant feature weights to zero.
Lasso is particularly useful for high-dimensional feature vectors where many

features may be redundant.

6.6 Bootstrap Evaluation Protocol

The bootstrap protocol draws on the theory of bootstrap confidence intervals [41]. By

averaging results over many random splits, we get a reliable estimate of how the model
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will perform on unseen data, along with a confidence interval that shows how much the

result varies across splits.
The protocol works as follows:
1. For each of B = 1000 iterations, a random seed s; is drawn from a uniform
distribution over [0, 10°).

2. The dataset is split into 65% training (408 samples) and 35% test (220 samples)

using sp, as the random seed.

3. Each of the three regression models is trained on the training split and

evaluated on the test split.

4. Spearman p, Pearson r, and RMSE are recorded for each model.

summary statistics (mean and standard deviation) are computed over the 1000 iterations.

The 95% confidence interval for the mean is approximately 5+ 1.96 -0/ VB.

6.7 Results

Table 6.1 presents the mean Spearman p and standard deviation over 1000 bootstrap

iterations for each embedding—regressor combination.

6.7.1 Confidence Intervals

The 95% confidence intervals for the mean Spearman p (computed as
p+1.96-0/V1000) are:

m Word2Vec + Poly: 0.218 +£0.003

m GloVe + Poly: 0.239 £0.003

m BERT + Poly: 0.309 +0.004
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TaBLE 6.1:

Results: Mean Spearman p (+ std) over 1000 bootstrap iterations on the
Mohler dataset. Best result per embedding in bold.

Embedding Regressor Spearmanp  Std Pearson r

Linear 0.198 0.047 0.201
Word2Vec ~ Polynomial 0.218 0.051 0.224
Lasso 0.205 0.044 0.208
Linear 0.221 0.048 0.225
GloVe Polynomial 0.239 0.052 0.243
Lasso 0.228 0.046 0.231
Linear 0.285 0.055 0.291
BERT Polynomial 0.309 0.058 0.315
Lasso 0.294 0.052 0.299
Linear 0.531 0.062 0.538
USE Polynomial 0.561 0.059 0.567
Lasso 0.544 0.060 0.551
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Figure 6.1: Spearman p comparison across embedding strategies (Mohler dataset,
1000-iteration bootstrap).  Error bars represent +1 standard deviation. USE
substantially surpasses all other embeddings, confirming the superiority of sentence-

level encoding for ASAG.
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m USE + Poly: 0.561 +0.004

The confidence intervals are non-overlapping for all pairwise comparisons, confirming

that the observed performance differences are statistically significant.

6.8 Analysis and Discussion

The results in Table 6.1 reveal a clear hierarchy among the four embedding strategies:
USE (p = 0.561) > BERT (p = 0.309) > GloVe (p = 0.239) > Word2Vec (p = 0.218).

Several observations are noteworthy:

USE’s substantial advantage. The gap between USE and BERT (Ap = 0.252) is
larger than the gap between BERT and Word2Vec (Ap = 0.091), suggesting that the
multi-task training approach of USE provides qualitatively different representations
rather than merely incremental improvements. USE’s training on question-answering
and discussion data is likely responsible for its superior performance on the Mohler

dataset.

Polynomial regression consistently outperforms linear and Lasso. This suggests
that the relationship between embedding features and grades is non-linear, and that
polynomial interactions between the cosine similarity, difference, and product features
capture relevant grading signals. The improvement from polynomial features is largest
for USE (+0.030), suggesting that USE embeddings contain richer non-linear

information than the other embeddings.

Standard deviations are non-trivial. The standard deviations (0.044-0.062) indicate
that a single train—test split would produce results with substantial variance. For
example, with USE + Poly (o = 0.059), a single split could easily produce p values

ranging from 0.44 to 0.68, a range of 0.24 points. This validates the bootstrap protocol.

BERT underperforms USE despite its larger model size. This is consistent with the
finding of Reimers and Gurevych [113] that BERT’s [CLS] token representation is not

well-suited for sentence similarity tasks.  The NLI fine-tuning used in the
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bert-base-nli-mean-tokens model partially addresses this, but USE’s multi-task
training on question-answering data provides a stronger built-in learning bias that suits

ASAG.

6.9 Summary

ROI establishes USE with polynomial regression as the strongest embedding baseline
for ASAG, achieving Spearman p = 0.561 on the Mohler dataset with a statistically
reliable 1000-iteration bootstrap protocol. This result motivates the use of sentence-
level semantic encoders in all subsequent proposed architectures of the system. The
polynomial regression finding also informs the feature construction in RO2 and RO3,
where non-linear combinations of embedding features are used. The bootstrap protocol
itself is a methodological contribution that can be applied to any ASAG dataset and any

model family.



CHAPTER 7

Proposed Architecture 1 -
Length-Adaptive Routing ASAG

7.1 Motivation

The analysis in Chapter 4 establishes that answer length is strongly correlated with
grade in the ASAG2024 dataset. A single model trained on the full length distribution
must simultaneously handle very short answers (which require lexical matching due to
limited context) and very long answers (which require discourse-level understanding).
These requirements are essentially different, and a single architecture inevitably

compromises between them.

Proposed Architecture 1 (Length-Adaptive Routing ASAG) addresses this by
partitioning the answer space into five length bands and training a specialised
sub-model for each band. The band thresholds are derived empirically from the
ASAG2024 dataset, and the sub-models are selected based on the characteristics of
each band. This method is inspired by mixture-of-experts architectures in machine

learning [47], where different experts are activated for different input types.

7.1.1 From Baseline Evaluation to Architecture Design: Why

BERT?

The RO1 baseline study establishes a clear performance hierarchy among oft-the-shelf

pre-trained embeddings: USE achieves Spearman p = 0.561, substantially

outperforming BERT (p = 0.309) on the Mohler dataset under the 1000-iteration
74
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bootstrap protocol.  This result might appear to conflict with the subsequent
architectural choices in RO2, RO3, and RO4, all of which adopt BERT (or its Siamese
variant, SBERT) as the core encoder rather than USE. The apparent contradiction
dissolves, however, once the fundamental difference between the two experimental
settings is made clear: the RO1 evaluation tests embeddings in a frozen, off-the-shelf
configuration, while the proposed architectures require an encoder that can be

fine-tuned, structurally extended, and task-specifically adapted.

The Frozen vs. Fine-Tunable Distinction

In the RO1 baseline, all four embedding models - Word2Vec, GloVe, BERT, and USE -
are evaluated as static feature extractors. No gradient updates are applied to the
encoder weights; the embeddings are fixed, and only a shallow regression head (linear,
polynomial, or Lasso) is trained on top. In this frozen setting, USE’s advantage is
genuine and expected: USE was pre-trained on a multi-task corpus that explicitly
includes question—answering and discussion-forum data [21], giving it a built-in
inductive bias that closely matches the ASAG task structure. Its representations are
already well-calibrated for comparing answers to questions without any further

adaptation.

BERT, by contrast, was pre-trained on general-domain text (BooksCorpus and English
Wikipedia) using masked language modelling and next-sentence prediction objectives,
neither of which is directly aligned with grading student answers. When used as a
frozen encoder, BERT’s [CLS] token representation is not well-suited for sentence-
level similarity, a limitation documented by Reimers and Gurevych [113]. The NLI
fine-tuning applied in the bert-base-nli-mean-tokens variant used in RO1 partially
compensates for this, but it is insufficient to overcome USE’s task-aligned pre-training

advantage in the frozen regime.
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Why BERT is the Correct Choice for Proposed Architectures 1-3

The proposed architectures in RO2, RO3, and RO4 operate in a fundamentally different
regime: the encoder is no longer a static feature extractor but an actively fine-tuned
component whose weights are updated end-to-end during task-specific training. This

distinction is critical for three reasons.

(1) Fine-tuning eliminates USE’s frozen-regime advantage. When BERT is
fine-tuned on labelled ASAG data, it can adapt its internal representations to the
specific vocabulary, question types, and grading rubrics of the target dataset. The gap
between USE and BERT observed in the frozen setting (Ap = 0.252) is a property of
the off-the-shelf representations, not of the underlying model capacity. Fine-tuned
BERT has consistently been shown to surpass USE on downstream NLP tasks,
including semantic textual similarity, natural language inference, and question
answering [36, 113]. The RO2 Band 5 sub-model, which applies fine-tuned BERT to
very-long answers (>2.0x reference length), confirms this directly: the fine-tuned
BERT encoder in Band 5 achieves substantially higher accuracy than any frozen

embedding would on the same subset.

(2) BERT’s token-level representations are architecturally required. @ USE
produces a single fixed-length 512-dimensional sentence embedding by aggregating all
token information into one vector. This design is efficient for cosine-similarity grading
but is architecturally incompatible with the proposed architectures, which require
access to individual token representations. In RO2, the Bi-LSTM encoder in Band 4
operates over SBERT token embeddings to produce an attention-weighted
representation sensitive to answer structure. In RO3, the Siamese BERT encoder
processes the reference and student answer in parallel and concatenates token-level
concept coverage features into the scoring head - a design that is only possible when
the encoder exposes its full token sequence rather than a single pooled vector. In RO4,
the triplet training objective requires the encoder to produce embeddings that can be
geometrically separated by grade boundary proximity, a representational requirement
that demands the flexibility of a fine-tunable transformer rather than a fixed sentence

vector.
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(3) BERT is compatible with Siamese and triplet training objectives. The Siamese
architecture in RO3 and the triplet loss in RO4 both require a shared-weight encoder
that is differentiable end-to-end, so that the contrastive and triplet gradients can update
the encoder weights directly. USE, as a multi-task pre-trained model with a fixed
architecture, does not expose a standard fine-tuning interface compatible with arbitrary
loss functions. BERT, by contrast, is designed to be fine-tuned on any downstream task
by appending a task-specific head and back-propagating through the full transformer
stack. This architectural openness is what makes BERT - and its Siamese adaptation

SBERT - the natural and necessary choice for RO3 and RO4.

Summary of the Transition

In short, the RO1 baseline study answers the question: which off-the-shelf embedding
is the best starting point for ASAG without any further training? The answer is USE.
The proposed architectures answer a different question: which encoder architecture
provides the greatest capacity for task-specific adaptation, structural extension, and
end-to-end fine-tuning? The answer to that question is BERT. These are
complementary findings, not contradictory ones. The ROI1 study establishes the
performance ceiling of the frozen-embedding paradigm (p = 0.561), and the
subsequent architectures demonstrate how far beyond that ceiling a fine-tunable,
structurally extensible encoder can reach - ultimately achieving Spearman p = 0.921 in
the combined system. The progression from USE-based frozen evaluation to
BERT-based fine-tuned architectures is therefore not a reversal of the RO1 finding but

a deliberate and principled escalation of the modelling strategy.

7.1.2 Theoretical Justification

The length-adaptive method can be motivated theoretically as follows. Let p(¢) denote

the distribution of relative length ratios in the dataset, and let f,(-) denote the optimal
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grading function for length band b. The expected loss of a single model f is:

EdLL()] = fo POLU O dC .1

A mixture model that uses f;, for band b attains:

EALGu) =Y [ p(OLG0de <EAL) 12)
b

€Band,

provided each f} is at least as good as f within its band. This inequality is guaranteed
when fj is trained on band-specific data, as it can specialise to the characteristics of that

band.

7.2 Length Band Design

The five length bands are defined by the relative length ratio ¢; = |s;|/|r;|, where |s;| and
|r;| denote the word counts of the student and reference answers, respectively. Table 7.1

defines the bands, their thresholds, and the assigned sub-models.

TaBLE 7.1: Five-band length partitioning for Proposed Architecture 1 (Length-Adaptive

Routing ASAG).
Band Name ¢ Range % of Data Sub-model
1 Very Short ¢ <0.35 28% BM25 + TF-IDF + Ridge
2 Short 0.35<¢<0.65 24% TF-IDF Cosine + Ridge
3 Medium 0.65<¢<1.20 31% SBERT + Ridge
4 Long 1.20<¢<2.00 12% Bi-LSTM + SBERT
5 Very Long £ >2.00 5% Fine-tuned BERT

7.2.1 Band Threshold Selection

The band thresholds (0.35, 0.65, 1.20, 2.00) were selected by grid search on the
ASAG2024 validation set, optimising the overall F1 of the length-adaptive
architecture. The search space was constrained to thresholds that produce band sizes of

at least 5% of the dataset, to ensure sufficient training data for each sub-model. This
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constraint is important because sub-models trained on very small subsets are prone to
overfitting, which would produce artificially high validation performance but poor

generalisation to the test set.

The grid search was conducted over a range of threshold combinations, with the final
selection validated by confirming that the chosen thresholds are near-optimal not just for
the overall F1 but also for the per-band performance metrics. This two-level validation
ensures that the threshold selection is robust and not the result of overfitting to the

validation set.

Table 7.2 shows the sensitivity of the overall F1 to the choice of thresholds, confirming
that the selected thresholds are near-optimal. The relatively small performance
differences between the threshold configurations (less than 2 F1 points) suggest that
the architecture is not highly sensitive to the exact threshold values, which is an
important practical property: it means that the system would likely perform well even
if deployed on a new dataset with a slightly different length distribution, without

requiring re-tuning of the thresholds.

TaBLE 7.2: Sensitivity of overall F1 to band threshold selection. The selected thresholds
(0.35, 0.65, 1.20, 2.00) are near-optimal.

Thresholds 1 T T3 T4 F1

Narrow 0.25 050 1.00 1.75 0.891
Selected 035 065 1.20 2.00 0912
Wide 045 0.80 150 2.50 0.898
Equal 040 0.80 1.20 1.60 0.902

7.3 Architecture Details

7.3.1 Routing Mechanism

The routing mechanism computes ¢; = |s;|/|r;| for each student answer at inference time
and assigns it to the appropriate band. This is a deterministic, rule-based assignment

with no learnable parameters, ensuring full interpretability and reproducibility. The
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routing adds negligible computational overhead (a single division per sample). The
choice of a ratio-based rather than absolute length-based routing criterion is deliberate:
it ensures that the routing decision is relative to the length of the reference answer,
which varies considerably across questions. An absolute threshold would be question-
dependent and would require re-calibration for each new question set, whereas the ratio-
based threshold is question-agnostic and can be applied uniformly across all questions

in the dataset.

7.3.2 Band 1 and 2: Lexical Sub-models

For Bands 1 and 2, the feature vector is constructed from:

Xlex = [BM25(r, 5), costripr(7, s), €, |sl, (] (7.3)

A Ridge regression model is trained on this feature vector for each band separately.
The choice of lexical features for the shortest answers is motivated by the observation
that very short answers (fewer than 5 tokens) contain insufficient context for neural
embedding models to produce meaningful representations. In this regime, the presence
or absence of specific key terms is the most reliable grading signal, and lexical matching

methods such as BM25 and TF-IDF cosine are well-suited to capture this signal.

The BM25 score captures term frequency and document length normalisation, while the
TF-IDF cosine captures the importance-weighted lexical overlap. Together, these two
features provide complementary information: BM25 is more sensitive to the absolute
frequency of matching terms, while TF-IDF cosine is more sensitive to the relative
importance of matching terms. The length features (¢, |s|, |r|) provide additional context
for the regression, allowing the model to adjust its predictions based on the structural

properties of the answer pair.
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7.3.3 Band 3: SBERT Sub-model

For Band 3, the feature vector follows Equation 6.1 with USE replaced by SBERT (all
-mpnet-base-v2). SBERT is preferred over USE for Band 3 because it yields higher
scores on the MTEB benchmark [99] for sentence similarity tasks. Band 3 (medium-

length answers) is where meaning similarity is the most informative grading signal.

7.3.4 Bands 4 and 5: Neural Sub-models

For Band 4, a Bi-LSTM with attention over SBERT token embeddings is used. The Bi-
LSTM processes the student answer token by token and produces an attention-weighted
representation that focuses on the most relevant content. The bidirectional architecture
is important here because it allows the model to capture long-range dependencies in both
directions, which is particularly relevant for longer answers where the key concepts may
be distributed across the full length of the response. For Band 5 (very long answers),
a fine-tuned BERT model is used with truncation to 512 tokens. The truncation is a
practical compromise: very long answers (more than 200 words) are rare in the dataset
(5% of samples), and the additional complexity of handling sequences longer than 512
tokens is not justified by the marginal performance gain. In practice, the most important
content in a long answer is typically concentrated in the first few sentences, making

truncation a reasonable approximation.

7.3.5 Training Procedure

Each sub-model is trained independently on the subset of training data belonging to its

band. Algorithm 1 summarizes the training procedure.



Proposed Architecture 1 - Length-Adaptive Routing ASAG 82

(All Length
Answers)
RA SBERT N
Similarity Score
- SBERT
SA' SBERT
. Embeddings
QL
>
n (Medium, Long &
S | Very Long Answers) -
Student > B S
Answer (SA)| @ RA' % RA' BERT Similarity Score S
- § @ > @
o » © » BERT c b
— » o T O
85 |sa| © | sA Contextual, | & a}
Reference a C E —> ©» —
Answer (RA) | € o mbeddings | I | LSTM ©
- 3 Sim i
c |(Long & Very Long Answers) Score
[1h]
c
L]
w
RA'
» TF-IDF / BM25 |——goe
SA'
(Short Answers)

Ficure 7.1: Proposed Universal ASAG architecture for student answers of all lengths.

Algorithm 1 Proposed Architecture 1: Length-Adaptive Routing ASAG -
Training Procedure
Training set Dyrain, band thresholds 7 = [0.35,0.65,1.20,2.00] each sample
(Gi»Ti> Si>Yi) € Dhrain
Compute £; = |s;|/|ril
Assign band b; = Band(¢;,7) each band b € {1,2,3,4,5}
Dy —{(qis i, 8i,yi) = bi = b}
Extract features Xj using band-specific encoder
Train sub-model M}, on (Xp,y5)
{M1, M, M3, My, Ms}

AN AN ey

7.4 Experimental Setup

Full details of the datasets, evaluation metrics, baseline systems, and experimental
protocol are provided in Chapter 5. The following summarises the setup specific to this

architecture.

Dataset: ASAG2024 (16,626 samples, 6 sources; see Section 5.3).
Training/validation/test splits follow the official ASAG2024 partitioning (70/15/15%).
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Baseline: A single SBERT (all-mpnet-base-v2) + Ridge regression model trained

on the full training set without length-based routing (see Table 5.6).

Metrics: F1 (threshold 0.5), Spearman p, RMSE, and per-band performance analysis

(see Section 5.5).

Hardware: All neural sub-models (Bands 4 and 5) are trained on a single NVIDIA
A100 GPU (40 GB VRAM). Lexical sub-models (Bands 1 and 2) and SBERT (Band 3)
run on CPU.

7.5 Results

Table 7.3 presents the overall performance comparison between the SBERT baseline

and Proposed Architecture 1.

TaBLe 7.3: RO2 Results: Overall performance of Proposed Architecture 1 on

ASAG2024 test set.
Model F1 Spearmanp Pearsonr RMSE
SBERT Baseline 0.821 0.790 0.782 0.280
Length-Adaptive (RO2)  0.912 0.900 0.893 0.180
Improvement +9.1% +0.110 +0.111 -0.100
o Per-Band F1 Scores Sample Distribution Across Length Bands

35 4 31.5%
(n=1314)

0.8
20 4 26.9%

(n=1124)

24.3%
25 (n=1012)
0.6

204

F1 Score

0.4 4 15

Percentage of Samples

10 1
0.2 1

0.0- -
Band 1 Band 2 Band 3 Band 4 Band 5 Band 1 Band 2 Band 3 Band 4 Band 5
Very Short Short Medium Long Very Long Very Short Short Medium Long Very Long

Ficure 7.2: Per-band F1 scores (left) and sample distribution across length bands
(right).
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TaBLE 7.4: Per-band performance of Proposed Architecture 1 (Length-Adaptive
Routing ASAG) on ASAG2024 test set.

Band Samples F1 RMSE Spearman p
Band 1 (Very Short) 1,124 0.840 0.241 0.812
Band 2 (Short) 1,012 0900  0.195 0.871
Band 3 (Medium) 1,314 0930 0.163 0.921
Band 4 (Long) 509 0920 0.171 0.908
Band 5 (Very Long) 212 0.890 0.188 0.884

7.5.1 Per-Source Analysis

Table 7.5 presents the per-source F1 improvement from the SBERT baseline to Proposed
Architecture 1. The improvement is consistent across all six sources, confirming the

generalisability of the method.

TaBLE 7.5: Per-source F1 improvement: SBERT baseline vs Proposed Architecture 1
(Length-Adaptive Routing ASAG).

Source SBERT F1 RO2F1 AF1
Mohler 0.861 0.941 +0.080
SciEntsBank 0.791 0.882 +0.091
Beetle 0.812 0.901 +0.089
ASAP-SAS 0.831 0.921 +0.090
POWERGRADING 0.842 0.931 +0.089
USCIS 0.851 0.941 +0.090

7.6 Analysis and Discussion

The results confirm that length-adaptive routing provides consistent improvements
across all five bands and all six sources. The largest absolute gains are observed in
Band 1 (Very Short, +13% F1) and Band 2 (Short, +12% F1), where the SBERT

baseline’s sentence-level representations are least reliable due to insufficient context.

The consistent improvement across all six ASAG2024 sources (AF1 ranging from
+0.080 to +0.091) is particularly noteworthy, confirming the generalisability of the

length-adaptive routing strategy.
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7.7 Summary

RO2 shows that Proposed Architecture 1 (Length-Adaptive Routing ASAG)
substantially outperforms a strong SBERT baseline on the ASAG2024 benchmark,
achieving F1 =91.2%, Spearman p = 0.90, and RMSE =0.18. The improvements are
consistent across all five length bands and all six ASAG2024 sources, confirming the
generalisability of the proposed architecture. The band threshold sensitivity analysis
confirms that the selected thresholds are near-optimal and that the method is strong to

moderate threshold variations.



CHAPTER 8

Proposed Architecture 2 -
Concept-Aware Siamese Grading with

NSSC

8.1 Motivation

Proposed Architecture 1 (RO2) tackles the structural problem of answer length
variation but does not address the semantic problems of concept incompleteness and
negation insensitivity. A student answer may have the “correct” length and high
embedding similarity to the reference while still missing key domain concepts or
contradicting reference claims through negation. This chapter presents Proposed
Architecture 2, a two-component solution: (1) a Siamese BERT architecture that learns
contrastive representations sensitive to conceptual completeness, and (2) a
Negation-Sensitive Score Calibration (NSSC) module that post-processes the raw

Siamese score to account for negation.

The key insight is that embedding similarity and concept coverage are complementary
signals. High embedding similarity indicates that the student answer is topically
relevant and uses similar vocabulary to the reference. High concept coverage indicates
that the student answer explicitly mentions the key concepts required for full credit. A
student answer that is topically relevant but missing key concepts (high similarity, low

coverage) should receive a moderate grade, not a high grade.

86
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8.1.1 Motivating Examples

Table 8.1 presents three motivating examples from the SciEntsBank dataset that

illustrate the limitations of embedding similarity alone.

TaBLE 8.1: Motivating examples illustrating the limitations of embedding similarity
for ASAG. SBERT similarity is high for all three answers, but gold grades differ

substantially.
Reference Student Answer SBERT sim. Gold Issue
Light travels in Light bounces off 0.82 0.50 Missing concept
straight lines and surfaces
reflects off surfaces
Photosynthesis Photosynthesis 0.79  0.40 Missing 3 concepts
requires light, uses sunlight to
water, and CO2 to make food
produce  glucose
and oxygen
The circuit is The circuit is not 0.91 0.10 Negation error

complete when the
switch is closed

complete when the
switch is closed

The third example is particularly illustrative: the student answer negates the reference
claim, yet attains SBERT similarity of 0.91 because the two sentences share almost all

their vocabulary. The NSSC module is specifically designed to handle this case.

8.2 Proposed Architecture 2: Siamese BERT

Architecture

8.2.1 Architecture Overview

Proposed Architecture 2 uses a shared BERT encoder that processes the reference
answer and student answer in parallel, producing contextual representations that are
then combined through a scoring head. The key innovation is the inclusion of an

explicit concept-coverage feature in the scoring head.
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Ficure 8.1: Concept-aware Siamese architecture with term-weighted pooling, concept
coverage, and contradiction-aware gating.

Formally, let e, = fy(r) and e; = fy(s) denote the term-weighted pooled representations
of the reference and student answers (where fy denotes the shared BERT encoder with

term-weighted pooling), respectively. The scoring head computes:
Vraw = U'(WZ : RCLU(Wl : [er; es; e, —esl; Ceovs Npen] +bl) + b2) (8.1)

where V,w € [0, 1] is the raw, uncalibrated predicted score, [-;-] denotes concatenation,

Ceov 1s the concept coverage score (Section 8.2.2), Npe, is the negation penalty
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(Section 8.3.2), o is the sigmoid function, Wj € R™d and W, € R are the learned
weight matrices of the two-layer MLP, and b € R” and b, € R are the corresponding
learned bias vectors, with A the hidden-layer dimension and d the dimension of the

concatenated input vector.

8.2.2 Concept Coverage Feature

Concept coverage is computed using a spaCy-based concept extraction pipeline:

_les)nCi)l
Ceov(s,r) = —lc(r)l (8.2)

where C(#) denotes the set of content word lemmas extracted from text . Table 8.2

illustrates concept coverage computation for the motivating examples.

TaBLE 8.2: Concept coverage computation for the motivating examples in Table 8.1.

Reference Concepts Student Concepts Intersection Ceov
{light, travel, straight, ({light, bounce, surface} {light, surface} 0.33
line, reflect, surface}

{photosynthesis, require, {photosynthesis,  use, {photosynthesis} 0.13
light, water, CO2, sunlight, make, food}

produce, glucose,

oxygen}

{circuit, complete, {circuit, complete, {circuit, complete, 1.00
switch, close} switch, close} switch, close}

Note that the third example (negation error) has Coy = 1.00 because the student answer
contains all the same content words as the reference. The NSSC module is needed to

handle this case, as concept coverage alone cannot detect negation errors.

8.2.3 Contrastive Training Objective

The Siamese model is trained with a combined MSE and contrastive loss:

-Z:Siamese = LMSE + /lc-Econtrastive (8-3)
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where L)sg is the mean squared error between the calibrated prediction ynssc and the
gold grade y, and A, = 0.1 is the fixed weight assigned to the contrastive term. The
contrastive loss encourages dissimilar representations for answer pairs with different
grades:

Leonmasive = Y, max(0, m—d(ei.e;)) (8.4)
@ )):lyi=yjl>6

where e; and e; are the pooled embeddings of two answers i and j drawn from the
same training batch, y; and y; are their respective gold grades, 6 = 0.2 is the grade-gap
threshold above which a pair is treated as dissimilar, m = 0.5 is the contrastive margin,

and d(-,-) denotes cosine distance.

8.3 Negation-Sensitive Score Calibration (NSSC)

8.3.1 Negation Detection
The NSSC module detects negation using a set of 13 negation markers:
Nger(s) = 1|3 p € Preg : p matches s (8.5)

where Nge(s) € {0, 1} is a binary indicator denoting whether text s contains a negation
marker, 1[-] is the indicator function (equal to 1 if the enclosed condition holds and 0
otherwise), and Pree = {not,n’t, no, never, none,

neither, nor, without, hardly, scarcely, barely, unlike, opposite} is the fixed set of 13

negation markers.

8.3.2 Negation Penalty and NSSC Formula

The calibrated score is:

INssc = Clip(af Vraw + 8- Ceov — ¥+ Npen’ 0, 1) (8.6)
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where clip(x, 0, 1) restricts x to the range [0, 1], @ = 0.6, 8 =0.3, and y = 0.4 are the fixed
calibration weights obtained via grid search (Section 8.3.3), and Npey, is the asymmetric

negation penalty:

1.0 if Nger(s) = 1 and Ngei(r) =0
Npen(r,8) =10.5  if Nget(r) = 1 and Nge(s) =0 (8.7)

0.0 otherwise

Algorithm 2 Concept-Aware Siamese Grading (Inference)
Reference answer r, student answer s, shared encoder fy Calibrated predicted

score PNssc

1: Compute term-weighted pooled embeddings: e, « fy(r); e < fo(s)
2: Extract concept sets C(r) and C(s) using spaCy content-word lemmatisation
3: Compute cosine similarity: u < cos(e,,e;)
4: Compute concept coverage: Ceoy(s,7) % {Eq. 8.2}
5: Detect negation in r and s using Pree {Eq. 8.5}
6: Compute negation penalty Npen(r, s) {Eq. 8.7}
7. Compute raw score via two-layer MLP:

Sraw < (W2 -ReLU(W - [e,: €y e, — €l: Ceovs Npen| +b1)+b2) {Eq. 8.1}
8: Calibrate score via NSSC:

9nssc « clip(e Fraw +B+ Ceov =¥ Npen: 0. 1) {Eq. 8.6}

9: Nssc

Algorithm 3 Training the Concept-Aware Siamese Model

Training set {(r;, s;, yi)}ﬁ\i |» encoder fp, learning rate n Trained parameters 6,

Wi, Wa, by, by epoch =1 to E each mini-batch B

1: Compute calibrated predictions ynssc,; for (i, s;) € B using Algorithm 2
2: Compute combined loss £ = Lysg + AcLecontrastive {EG- 8.3}
3: Backpropagate Vg w, w, b, b, L and update parameters using AdamW

4: 6, Wi, Wa, by, ba
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8.3.3 Hyperparameter Tuning

The NSSC hyperparameters (@, S, y) were tuned by grid search on the SciEntsBank
validation set. Table 8.3 shows the validation QWK for selected hyperparameter

combinations.

TaBLE 8.3: NSSC hyperparameter grid search results on SciEntsBank validation set.
Best combination highlighted.

a« B vy Val. QWK

0.7 02 03 0.771
06 03 03 0.778
0.6 03 04 0.783
05 04 04 0.776
06 02 05 0.769

8.4 Training Configuration

Base model: bert-base-uncased (110M parameters).

Optimiser: AdamW [70], Ir = 2 x 107>, weight decay = 0.01.

Batch size: 16. Epochs: 5.

Dataset: SciEntsBank (primary, 10,803 samples); ASAG2024 full set (secondary

validation).

8.5 Results

TaBLE 8.4: RO3 Ablation Study: Progressive improvement on SciEntsBank test set.

Configuration Spearmanp QWK
SBERT Baseline 0.710  0.680
+ Concept Coverage 0.770  0.730
+ Siamese Contrastive Training 0.800 0.770

+ NSSC Calibration (Full Model) 0.820 0.790




Error Analysis

93

TaBLE 8.5: NSSC impact on the negation subset (N=214) versus non-negation

0.9 q

0.8

Quadratic Weighted Kappa (QWK)

0.7 4

0.6

0.5 1

0.4

samples.
Subset N QWK (Before) QWK (After)
All samples 2,158 0.770 0.790
Negation subset 214 0.520 0.740
Non-negation subset 1,944 0.801 0.811
QWK Before and After NSSC Calibration
+0.01 QWK
BN Before NSSC 0.801 0.811

- pfter NSsC +0-22 QWK

Negation subset
(N=214)

0.740

Non-negation subset
(N=1,944)
Sample subset

Ficure 8.2: QWK scores before and after NSSC calibration for the negation subset
versus non-negation samples. The largest improvement (+0.22 QWK) is observed for
negation-bearing answers.

8.6 Error Analysis

To understand the remaining failure modes of the RO3 system, we manually analysed

100 errors from the SciEntsBank test set. Table 8.6 categorises the errors by type.

TaBLE 8.6: Error analysis for the RO3 system on SciEntsBank test set (100 randomly

sampled errors).

Error Type Count Description

Negation over-penalty 18 NSSC over-penalises contrastive negation

Concept gap missed 31 spaCly fails to extract domain-specific concepts
Paraphrase failure 24 Student uses synonyms not in reference vocabulary
Grade boundary error 19  Answer near boundary misclassified

Other 8 Miscellaneous

The most common error type (31%) is concept gap missed, where the spaCy pipeline

fails to extract domain-specific multi-word concepts (e.g., “binary search tree”,
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“activation  energy”). This motivates the future work direction of

knowledge-graph-enhanced concept extraction.

8.7 Summary

RO3 shows that Proposed Architecture 2 (Concept-Aware Siamese Grading with
NSSC) yields Spearman p = 0.82 and QWK =0.79 on SciEntsBank, substantially
outperforming the SBERT baseline. The NSSC module is particularly effective for
negation-bearing answers, improving QWK from 0.52 to 0.74. Error analysis reveals
that concept gap detection and negation over-penalty are the primary remaining failure

modes.



CHAPTER 9

Proposed Architecture 3 -
Boundary-Aware Training with

BAT-TW-BERT

9.1 Motivation

The Discrete Boundary Collapse (DBC) problem represents a core limitation of
standard regression models for grading. This chapter presents Proposed Architecture 3:
Boundary-Aware Training with Triplet-Weighted BERT (BAT-TW-BERT), a training
architecture that explicitly addresses DBC by constructing hard boundary-crossing

triplets weighted by proximity to grade thresholds.

9.1.1 Illustrative Example of DBC

To make the Discrete Boundary Collapse problem concrete, consider two student

answers to the question “What is a binary tree?”:

m Answer A: “A tree where each node has at most two children.” (Gold grade:

0.78)

m Answer B: “A tree where each node has exactly two children.” (Gold grade:

0.62)

Both answers are similar in meaning (cosine similarity =~ 0.94), but Answer A
correctly says “at most” while Answer B incorrectly says “exactly”. A standard BERT

95
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regressor might assign grades of 0.71 and 0.69 respectively, placing both in the same
grade band (0.6-0.8). The BAT-TW-BERT method explicitly trains to push these

answers to opposite sides of the 0.8 boundary.

This example illustrates why the BCR metric is a more informative measure of grading
quality than RMSE for systems that produce discretised outputs. The BERT regressor’s
predictions of 0.71 and 0.69 represent errors of 0.07 and 0.07 respectively-small by
RMSE standards-but both answers are placed in the wrong grade band, which is the
error that matters in practice. The BAT-TW-BERT method addresses this by explicitly
training the model to respect the grade boundaries, producing predictions of 0.79 and

0.61 that correctly classify both answers into their respective grade bands.

9.2 Discrete Boundary Collapse: Formal

Characterisation

Let 8 = {b1,by,...,bx} denote a set of K grade boundaries. The boundary confusion

rate (BCR) is:

N
BCR(f)) = % Z 1[band(y;) # band($;)] 9.1)
i=1

where N is the number of samples in the evaluation set, y; and J; are the gold and
predicted grades for sample i respectively, band(-) maps a grade to its corresponding
band index using the boundary set 8, and 1[-] is the indicator function. A model with

low RMSE can still have high BCR if its errors are concentrated near grade boundaries.

Table 9.1 illustrates this with concrete examples.

TaBLE 9.1: Examples illustrating that low RMSE does not imply low BCR. Both errors
have the same magnitude but different BCR impact.

Gold Predicted Error BCR Impact Explanation

0.55 0.45 0.10 Yes (0.4-0.6 — 0.4-0.6) Crosses 0.4 boundary
0.75 0.65 0.10 No(0.6-0.8 — 0.6-0.8) Same band




Proposed Architecture 3: BAT-TW-BERT Architecture 97

9.3 Proposed Architecture 3: BAT-TW-BERT

Architecture

9.3.1 Architecture Overview

Figure 9.1 presents the end-to-end architecture of Proposed Architecture 3
(BAT-TW-BERT). The architecture operates on a triplet of inputs: an anchor student
answer with its associated gold grade y,, a positive answer drawn from the same grade
band as the anchor, and a negative answer drawn deliberately from an adjacent,
boundary-crossing grade band. All three answers, together with their corresponding
question and reference answer context, are encoded by a single BERT encoder with
shared weights, producing contextualised representations A4, hj, and i, for the anchor,
positive, and negative samples respectively. This shared-encoder design ensures that
all three representations reside in a common embedding space, making distance-based

boundary reasoning geometrically meaningful.

The encoded representations are passed to the Boundary-Aware Triplet Mining
module, which governs how positives and negatives are selected during training.
Rather than sampling negatives at random-as is common in generic metric learning-the
module enforces a hard constraint: the positive must be the closest-grade answer
within the same grade band as the anchor, while the negative must be a
boundary-crossing sample drawn from the immediately adjacent band. This targeted
selection ensures that every training triplet carries a meaningful boundary
discrimination signal, avoiding the degenerate gradients that arise from trivially easy
negatives. By explicitly constructing boundary-crossing triplets, the module compels
the encoder to learn representations that respect the ordinal structure of the grading

rubric rather than merely minimising continuous regression error.
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Each triplet is then assigned a scalar weight by the Triplet Weighting module. The

weight w, for an anchor sample is defined as:

1
= 9.2
YT il il + ¢ ©:2)

where by denotes the k-th grade boundary and & = 0.1 is a smoothing constant that
prevents division by zero for anchors that fall exactly on a boundary. Anchor answers
that lie close to a grade boundary receive a proportionally higher weight, directing the
model’s training attention towards the most boundary-ambiguous samples. Conversely,
anchors that fall comfortably within the interior of a grade band receive lower weights,
preventing the model from over-fitting to unambiguous, easy-to-grade examples. This
proximity-based re-weighting is the core mechanism by which BAT-TW-BERT
concentrates its representational capacity on the regions of the grade space where

discrimination is hardest and most consequential.

The weighted triplet signal is combined with a standard regression objective in the

Combined Loss module. The full training objective is:

Z w, max(0, dy —d_ +m)
Lpar = Lvsg + A — 9.3)

2,
a

where d, = [|hy — hpll2 and d_ = ||h, — hyll> are the Euclidean distances to the positive

and negative embeddings respectively, A; = 0.5 balances the two objectives, and
m = 0.5 is the triplet margin. The MSE component Lysg preserves the model’s ability
to produce accurate continuous grade estimates, ensuring that boundary sensitivity is
not gained at the cost of overall regression quality. The weighted triplet component
explicitly penalises boundary-crossing errors in proportion to their proximity to the
nearest grade threshold. Together, these two objectives encourage the encoder to learn
a representation space in which grade boundaries are geometrically respected rather

than collapsed.

Finally, the trained BERT encoder produces a Grade Prediction 3-a

boundary-discriminative continuous score on the [0, 1] scale. At inference time, the



Proposed Architecture 3: BAT-TW-BERT Architecture 99

triplet mining and weighting modules are inactive; only the BERT encoder and a linear
regression head are required. This means that BAT-TW-BERT imposes no additional
inference cost relative to a standard fine-tuned BERT regressor, making it
straightforwardly deployable in resource-constrained educational settings.  The
architectural separation between training-time boundary awareness and inference-time
simplicity is a deliberate design choice: all the complexity of boundary discrimination

is absorbed during training, leaving a lightweight and efficient scoring model at

deployment.
INPUT TRIPLET
Anchor Answer Positive Answer Negative Answer
(va) (same band) {adjacent band)
| | |
v v v
BERT ENCODER - Shared Weights

ha I I

Positive: closest grade in same band
Negative: boundary-crossing from adjacent band

v
TRIPLET WEIGHTING

We

- min|y, — by| + €
Answers near grade boundaries get higher weight

COMBINED LOSS
LBAT = LMSE + At - Lweighted triplet
v

GRADE PREDICTION
Predicted Score
Boundary-discriminative

Ficure 9.1: Proposed Architecture 3 (BAT-TW-BERT).

9.3.2 Boundary-Aware Triplet Mining

For each anchor sample (q,, 7,4, S4,Y4) 1n a training batch, a triplet is constructed:

1. Positive: The sample in the same grade band as the anchor with the closest

grade.

2. Negative: A sample in an adjacent grade band (boundary-crossing negative).
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This mining strategy ensures that the negative is a boundary-crossing negative,

maximising the training signal for boundary discrimination.

9.3.3 Triplet Weighting

Each triplet is weighted by the proximity of the anchor to the nearest grade boundary:

1

= 94
“ ming |y, — bl + € O

w,

where w, is the scalar weight assigned to the triplet anchored at sample a, y, is the
gold grade of the anchor, by is the k-th grade boundary in B, and € = 0.1 is a smoothing
constant that prevents division by zero for anchors falling exactly on a boundary.

Figure 9.2 illustrates the weight distribution over the grade range.

Proposed Architecture 3
BERT Baseline BAT-TW-BERT
BCR = 0.311 BCR = 0.252

Gl
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Ficure 9.2: Grade-band confusion matrices for BERT Baseline (left) and Proposed
Architecture 3 BAT-TW-BERT (right). Proposed Architecture 3 shows stronger
diagonal concentration and substantially fewer boundary-crossing errors.

9.3.4 Combined Training Objective

YaWamax(0,d; —d_ +m)

2aWa

where Lysg is the mean squared error between the predicted and gold grades, hy, h,,

Lpar = LMsE + 4 - (9.5)

and h,, are the shared-encoder representations of the anchor, positive, and negative
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samples respectively, d(-,-) denotes Euclidean distance so that d, = d(h,,h,) and
_ =d(hg,h,), w, is the triplet weight from Eq. 9.4, m = 0.3 is the triplet margin, and

A; = 0.1 balances the two loss terms.

9.4 Results

TaBLE 9.2: RO4 Results: BERT Baseline vs Proposed Architecture 3 (BAT-TW-BERT)
on Mohler test set.

Model QWK Spearmanp RMSE BCR
BERT Baseline (MSE only)  0.740 0.801  0.198 0.312
BAT-TW-BERT (RO4) 0.790 0.832 0.182 0.251

Improvement +0.050 +0.031 -0.016 -6.1%
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TaBLE 9.3: RO4 Ablation Study: Impact of triplet weighting on BAT performance.

Configuration QWK BCR

BERT Baseline (MSE only) 0.740 0.312
+ Triplet Loss (uniform weight) 0.762 0.289
+ Triplet Loss (boundary weight)  0.790 0.251

TaBLE 9.4: Per-grade-band accuracy: BERT Baseline vs Proposed Architecture 3 (BAT-

TW-BERT).
Grade Band N Baseline Acc. BAT-TW-BERT Acc. A
G1(0.0-0.2) 52 0.520 0.650 +0.130
G2 (0.2-0.4) 48 0.480 0.620 +0.140
G3 (0.4-0.6) 45 0.450 0.650 +0.200
G4 (0.6-0.8) 55 0.550 0.700 +0.150
G5 (0.8-1.0) 70 0.700 0.820 +0.120

9.4.1 Qualitative Analysis

Table 9.5 presents representative examples where Proposed Architecture 3 (BAT-TW-

BERT) correctly discriminates grade boundaries while the BERT baseline fails.

TaBLE 9.5: Qualitative examples where Proposed Architecture 3 (BAT-TW-BERT)
succeeds and the BERT baseline fails at boundary discrimination.

Student Answer Gold Baseline BAT Correct?

A tree where each 0.78 0.71 0.79 BAT
node has at most two

children

A tree where each 0.62 0.69 0.61 BAT
node has exactly two

children

Recursion calls a 0.81 0.79 0.82 BAT
function with a

smaller input

Recursion calls a 0.59 0.61 0.58 BAT
function repeatedly
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9.5 Summary

RO4 shows that Proposed Architecture 3 (BAT-TW-BERT) effectively reduces Discrete
Boundary Collapse, improving QWK from 0.740 to 0.790 and reducing BCR by 6.1%.
The triplet weighting mechanism is essential, providing the largest performance gains
by focusing training attention on boundary-adjacent samples. The per-band analysis
and qualitative examples confirm that Proposed Architecture 3 correctly discriminates

grade boundaries in cases where the BERT baseline fails.



CHAPTER 10

Results and Comparative Analysis

10.1 Overview

This chapter presents a unified comparison of all the proposed systems against the
baseline models,
significance testing, and qualitative error analysis. The structure of this chapter is as
follows: Section 10.2 presents the unified results table; Section 10.3 provides
per-source analysis; Section 10.4 presents the combined system ablation; Section 10.5

reports statistical significance tests; Section 10.6 presents qualitative error analysis;

followed by per-source analysis,

and Section 10.7 compares with leading systems.

ablation studies,

10.2 Unified Performance Comparison

statistical

Table 10.1 presents the unified comparison of all systems on the ASAG2024 test set.

TaBLE 10.1: Unified performance comparison on ASAG2024 test set. Systems ordered
by Spearman p.

Architecture System Spearmanp QWK wRMSE F1
Baseline TF-IDF + RF 0.631 0.619 0.2514 0.742
Baseline SBERT + Ridge 0.702  0.689 0.2201 0.821
Baseline Fine-tuned BERT 0.729 0.716 0.2089 0.841
RO1 USE + Poly Reg. 0.561 — — —
RO2 Length-Adaptive 0.900 0.882 0.1800 0.912
RO3 Siamese+NSSC 0.820 0.790 0.1920 0.891
RO4 BAT-TW-BERT 0.832  0.790 0.1820 0.899
Full RO2+R0O3+R0O4 0.921 0.908 0.1620 0.934
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Ficure 10.1: Progressive improvement in Spearman p (left) and QWK (right) across
the four research objectives and the combined system.

10.2.1 Improvement Decomposition

Table 10.2 decomposes the total improvement of the combined system over the fine-
tuned BERT baseline into contributions from each RO.

TaBLe 10.2: Improvement decomposition: Contribution of each RO to the total
improvement over fine-tuned BERT.

Component A Spearmanp A QWK
Fine-tuned BERT (base) 0.000 0.000
+ Length-Adaptive Routing (RO2) +0.171  +0.166
+ Concept Coverage + NSSC (RO3) +0.012  +0.013
+ BAT Triplet Training (RO4) +0.009  +0.013
Total improvement +0.192  +0.192

Length-adaptive routing (RO2) provides the largest single contribution (+0.171
Spearman p, 89% of total improvement), confirming that answer length is the

dominant source of error in standard ASAG systems.

10.3 Per-Source Performance Analysis

Detailed per-source dataset statistics are provided in Appendix ??. Extended error

analysis by error category is provided in Appendix ??.
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Table 10.3 presents the per-source RMSE for the baseline systems and the combined

the proposed system.

TaBLE 10.3: Per-source RMSE on ASAG2024 test set (six English sources). Lower is

better.
Source TF-IDF+RF SBERT+Ridge Fine-tuned BERT Proposed
Mohler 0.151 0.141 0.128 0.098
SciEntsBank 0.331 0.289 0.271 0.201
Beetle 0.298 0.261 0.248 0.189
ASAP-SAS 0.242 0.218 0.201 0.162
POWERGRADING 0.228 0.201 0.191 0.151
USCIS 0.198 0.181 0.171 0.138
Overall 0.2514 0.2201 0.2089 0.1620

10.3.1 Analysis by Source Characteristics

The per-source results reveal several interesting patterns:

Mohler (CS, English): The proposed system achieves RMSE =0.098, the lowest
absolute RMSE across all sources. This reflects the relatively simple nature of the
Mohler questions (undergraduate CS concepts) and the strong attains of all neural

models on this dataset.

SciEntsBank (Science, English): The proposed system yields the largest absolute
improvement (—0.070 RMSE) on SciEntsBank. This is likely due to the high
proportion of negation-bearing answers in SciEntsBank (the Beetle and SciEntsBank
datasets were specifically designed to include contradictory and irrelevant answers),

which the NSSC module handles negation effectively.
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TaBLE 10.4: Ablation study for the combined system.

Configuration Spearmanp QWK wRMSE BCR
Fine-tuned BERT (base) 0.729 0.716 0.2089 0.312
+ Length-Adaptive Routing 0.900 0.882 0.1800 0.289
+ Concept Coverage + NSSC 0912 0.895 0.1710 0.271
+ BAT Triplet Training 0.921 0.908 0.1620 0.251

10.4 Ablation Study: Combined System

10.5 Statistical Significance Testing

Statistical significance of all reported improvements is assessed using a paired
bootstrap test [41] with 1000 bootstrap iterations. Table 10.5 reports p-values for the

key comparisons.

TaBLE 10.5: Statistical significance of key performance improvements (paired bootstrap
test, 1000 iterations).

Comparison Metric A p-value
SBERT vs RO2 Spearmanp +0.110 < 0.001
SBERT vs RO3 QWK +0.101 < 0.001
BERT vs RO4 BCR -0.061 <0.001
BERT vs Combined Spearmanp +0.192 <0.001
RO2 vs Combined QWK +0.026 0.003

All reported improvements are statistically significant at p < 0.01, confirming that the
observed gains are not attributable to random variation. The use of a paired bootstrap
test-rather than a standard t-test or z-test-is appropriate here because the test samples
are not independent: they are drawn from the same dataset, and the predictions of
different models on the same sample are correlated. The paired bootstrap test accounts
for this correlation by computing the test statistic on pairs of predictions, rather than on
individual predictions, providing a more conservative and reliable significance

estimate.
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10.6 Qualitative Error Analysis

Table 10.6 presents representative error cases from the combined system.

TaBLE 10.6: Representative error cases from the combined system.

Question

Student Answer

Gold Pred. Error Type

What is a stack?

A stack is a LIFO data
structure

0.90

0.88 Correct

What is a queue?

A queue is not like a stack;
it uses FIFO ordering

0.75

0.51 Neg. over-penalty

Define recursion

A function that calls itself
to solve smaller problems

0.85

0.62 Concept gap

What
polymorphism?

is

It allows objects of
different types to be
treated as the same type

0.80

0.79 Correct

10.7 Comparison with State-of-the-Art

TaBLE 10.7: Comparison with state-of-the-art ASAG systems.

System SciEntsBank (Acc.) Mohler (r) Year
Mohler et al. [98] — 0.518 2011
Dzikovska et al. [39] 0.712 — 2013
Sultan et al. [129] 0.784 0.592 2016
Sahaetal. [117] 0.801 0.612 2018
Camus et al. [18] 0.819 0.631 2020
Filighera et al. [44] 0.842 0.651 2022
Kunnecke et al. [74] 0.858 0.671 2024
Wang et al. [142] 0.871 0.682 2024
Proposed (RO2+R0O3+R04) 0.891 0.712 2025

10.8 Computational Cost Analysis

Table 10.8 presents the inference time per sample for each system, measured on a single

NVIDIA A100 GPU.
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TaBLE 10.8: Inference time per sample (milliseconds) for each system.

System Inference Time (ms) GPU Required?
TF-IDF + RF 0.8 No
SBERT + Ridge 12.1 Optional
Fine-tuned BERT 18.4 Yes
RO2 (Bands 1-3) 8.2 No
RO2 (Bands 4-5) 19.8 Yes
RO2 (Overall avg.) 10.1 Partial
RO3 (Full) 22.3 Yes
Combined System 24.1 Yes

The combined system’s inference time of 24.1 ms per sample is comparable to
fine-tuned BERT (18.4 ms) and substantially faster than LLM-based approaches
(typically >500 ms per sample for GPT-4). The RO2 architecture alone (Bands 1-3
only) delivers 10.1 ms average inference time with no GPU requirement for 83% of
samples, making it practical for large-scale deployment. To put these figures in
context: a platform with 10,000 concurrent students each submitting one answer per
minute would require a throughput of approximately 167 answers per second, or 6 ms
per answer. The combined system’s 24.1 ms inference time would require
approximately 4 parallel processing instances to meet this demand, which is a very
modest hardware requirement compared to LLM-based approaches that would require

tens of GPU instances for the same throughput.

10.9 Summary

The experimental results confirm that the introduced multi-architecture system
substantially surpasses all baseline systems and achieves leading results on both the
ASAG2024 benchmark and the individual Mohler and SciEntsBank datasets. All
improvements are statistically significant at p < 0.01. The combined system yields
Spearman p = 0.921, QWK=0.908, and wRMSE=0.162, with consistent
improvements across all seven ASAG2024 sources. The consistency of the
improvements across diverse domains-from computer science to elementary science to

civics-is particularly noteworthy, as it suggests that the proposed architectures address
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failure modes that are common to all ASAG settings, rather than being tuned to the

specific characteristics of a single dataset.



CHAPTER 11

Consolidated Architecture Summary

This chapter presents a unified comparison of the three proposed architectures
developed in this thesis, each targeting a distinct failure mode in Automatic Short
Answer Grading (ASAG). The purpose of this consolidated view is to make explicit
the design logic that connects the three architectures, and to show how their individual
contributions combine to produce a system that is greater than the sum of its parts.
Together, they make up a complementary multi-architecture system that addresses the

principal sources of grading unreliability identified in Chapter 4.

11.1 Proposed Architecture 1: Length-Adaptive
Routing ASAG

Proposed Architecture 1 (RO2) tackles the dual challenges of length discrepancy
(P1) and answer heterogeneity (P5). Rather than applying a single model uniformly
across all answer lengths, the architecture introduces a five-band routing mechanism
that partitions student answers by length ratio (student-to-reference) into five bands
(Very Short, Short, Medium, Long, Very Long), with thresholds at 0.35, 0.65, 1.20,
and 2.00. Each band is served by a specialist sub-model calibrated to the statistical
properties of answers in that range: lightweight lexical —models
(BM25 + TF-IDF + Ridge) handle very short answers (28% of samples), while a
fine-tuned BERT encoder is reserved for the rare very-long responses (5%).
SBERT-based similarity covers the dominant medium band (31%), and a

Bi-LSTM + SBERT ensemble manages longer answers (12%).
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Evaluated on the ASAG2024 benchmark (16,626 samples, 6 sources), the architecture
achieves F; = 0.912 (+9.1% over the best single-model baseline), Spearman p = 0.900
(+0.110), and RMSE =0.180 (—0.100). The routing strategy eliminates the structured
over-penalisation of short answers and the under-penalisation of verbose answers that
afflict monolithic models, and the lightweight sub-models for the majority bands reduce

average inference latency to 10.1 ms per sample without GPU dependency.

11.2 Proposed Architecture 2: Concept-Aware Siamese

Grading with NSSC

Proposed Architecture 2 (RO3) targets concept incompleteness (P2) and negation
insensitivity (P3) - two semantically distinct failure modes that are conflated by
standard cosine-similarity scoring. The architecture uses a Siamese BERT encoder
with shared weights that processes the reference answer and the student answer in
parallel, producing aligned contextual representations. A dedicated concept-coverage
feature is concatenated into the scoring head to quantify how many key domain
concepts appear in the student response, and the model is trained with a combined
contrastive loss and MSE loss (4. = 0.1) to enforce separation between similar in

meaning but conceptually incomplete answers.

A post-hoc Negation-Sensitive Score Calibration (NSSC) module applies a
three-component adjustment using 13 curated negation markers, with weights @ = 0.6
(meaning similarity), 8 = 0.3 (concept coverage), and y = 0.4 (negation penalty). On
SciEntsBank (10,803 samples), the full system delivers Spearman p = 0.820 and
QWK =0.790. Critically, the NSSC module alone raises QWK on the negation-heavy
subset from 0.52 to 0.74, a 42% relative gain, shows that explicit negation handling is
indispensable for science-domain grading where correct negation of false propositions

is a key competency.
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11.3 Proposed Architecture 3: Boundary-Aware
Training with BAT-TW-BERT

Proposed Architecture 3 (RO4) tackles Discrete Boundary Collapse (P4) - the
structured failure of regression-trained models to respect the ordinal grade boundaries
that define scoring rubrics. The architecture introduces Boundary-Aware Triplet (BAT)
mining, which constructs training triplets whose negatives are drawn specifically from
the opposite side of a grade threshold, forcing the model to learn a representation space
where grade boundaries are geometrically respected. Triplets are weighted by their
proximity to the nearest threshold (boundary zone € = 0.1, weight scale w = 2.0), so
boundary-crossing errors incur a disproportionately large penalty. The combined

training objective is MSE + weighted triplet loss (4; = 0.5, margin m = 0.5).

On the Mohler dataset (primary benchmark), BAT-TW-BERT lifts QWK from 0.740 to
0.790 and reduces the Boundary Crossing Rate (BCR) by 6.1 percentage points - the
most direct evidence that the architecture achieves its design objective. Spearman p =
0.832 and RMSE = 0.182 confirm that boundary sensitivity is gained without sacrificing

overall ranking quality.

11.4 Unified Comparison of Proposed Architectures

Table 11.1 presents a side-by-side summary of all three the proposed architectures,

consolidating their problem focus, design choices, datasets, and key empirical results.
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TaBLE 11.1: Unified comparison of the three proposed architectures.

Architecture RO Problem Core Design Dataset(s) Key Results
Addressed Choices

Proposed RO2  Length Five-band length- ASAG2024 F;=00912
Architecture 1: discrepancy ratio routing; (16,626 (+9.1%);
Length- (P1); Answer specialist sub- samples, 6 Spearman
Adaptive heterogeneity models per band sources) p=0.900
Routing (P5) (BM25, TF-IDF, (+0.110);
ASAG SBERT, Bi-LSTM, RMSE =0.180

fine-tuned BERT); (—=0.100)

thresholds at 0.35,

0.65, 1.20, 2.00
Proposed RO3  Concept Siamese BERT SciEntsBank Spearman
Architecture 2: incompleteness  (shared encoder); (10,803 0 =0.820;
Concept- (P2); Negation explicit concept- samples); QWK =0.790;
Aware insensitivity coverage feature; ASAG2024 negation-
Siamese (P3) contrastive + MSE  (secondary) subset QWK:
Grading loss (1.=0.1); 0.52—-0.74
with NSSC NSSC module (13 (+42%)

markers, «=0.6,

£=03,y=04)
Proposed RO4  Discrete BAT mining with Mohler QWK:
Architecture 3: Boundary hard  boundary- (primary) 0.740 — 0.790;
Boundary- Collapse (P4) crossing negatives; BCR reduced
Aware triplet  weighting by 6.1%;
Training by threshold Spearman
with BAT- proximity p=0.832;
TW-BERT (e=0.1, w=2.0); RMSE =0.182

MSE + weighted

triplet loss

(A, =0.5, m=0.5)
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11.5 Cross-Architecture Design Principles

Despite tackling different failure modes, the three architectures share several unifying
design principles that reflect the broader thesis contribution. These principles are not
incidental-they represent deliberate design choices that were made to ensure the

practical utility and scientific rigour of the proposed system:

1. Problem-driven architecture: Each architecture is derived directly from a
formally characterised failure mode (P1-P5), ensuring that design choices are
motivated by empirical evidence rather than architectural fashion. This principle
has a practical consequence: it makes the system’s behaviour predictable and
interpretable, because each component has a clear, well-defined purpose that can

be evaluated independently.

2. Composability: The architectures are meant to be composable. Proposed
Architecture 1 handles the routing and length normalisation layer; Proposed
Architecture 2 enriches the scoring signal with concept and negation awareness;
Proposed Architecture 3 sharpens the ordinal boundary representation. The
combined system (Chapter 10) attains Spearman p = 0.921 and QWK =0.908,
showing that the improvements are additive rather than overlapping. This
composability is a valuable property for practitioners, as it means that the
components can be adopted incrementally: an institution might start with
Architecture 1 alone, add Architecture 2 when negation handling becomes a
priority, and add Architecture 3 when boundary discrimination is identified as a

bottleneck.

3. Computational pragmatism: All three architectures are designed with
deployment feasibility in mind. Proposed Architecture 1 avoids GPU
dependency for 83% of samples; the NSSC module in Proposed Architecture 2
adds negligible inference overhead; and Proposed Architecture 3’s
boundary-aware training imposes no additional inference cost beyond standard

BERT fine-tuning. This commitment to computational efficiency reflects the
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recognition that a grading system that is accurate but impractically slow or
expensive will not be adopted in real-world settings, regardless of its academic

merits.

4. Interpretability: = Each architecture exposes interpretable intermediate
signals-band assignments, concept-coverage scores, and boundary proximity
weights-that can be surfaced to instructors or tutoring systems for formative
feedback. This interpretability is not just a desirable feature; it is increasingly a
requirement for educational technology, as stakeholders demand transparency
and explainability from automated decision-making systems that affect students’

academic outcomes.

11.6 Summary

The foregoing chapter has developed a unified view of the three proposed
architectures, highlighting their individual contributions and collective coherence.
Proposed Architecture 1 solves the routing problem for heterogeneous answer lengths,
ensuring that each answer is processed by the sub-model that is most appropriate for
its structural properties. Proposed Architecture 2 introduces semantic depth through
concept and negation awareness, enabling the system to reason about conceptual
completeness and logical consistency in ways that pure embedding similarity cannot.
Proposed Architecture 3 enforces ordinal structure through boundary-aware
representation learning, reshaping the embedding space to align with the discrete

requirements of academic grading.

Together, they form a principled, modular, and empirically validated system for
reliable ASAG. The modularity of the system is one of its most important practical
properties: each component can be deployed independently, evaluated separately, and
improved without disrupting the others. This makes the system well-suited for iterative
deployment, where an institution can start with the most impactful component and add

the others as their needs and resources evolve.



CHAPTER 12

Conclusion and Future Work

12.1 Summary of Contributions

This thesis has presented an in-depth study of deep neural network architectures for
Automatic Short Answer Grading (ASAGQG), targeting four specific failure modes found
through careful analysis of the ASAG2024 benchmark (16,626 samples, 6 sources).
The work covers the full research process: from problem identification and formal
characterisation, through architecture design and training strategy development, to

broad empirical evaluation and state-of-the-art results.

RO1 - Bootstrap Embedding Baseline: A statistically reliable evaluation protocol
using 1000-iteration bootstrap resampling was applied to compare four pre-trained
embedding strategies on the Mohler dataset. The protocol revealed that USE
substantially surpasses all other embeddings (p = 0.561 vs p = 0.309 for BERT), and
that polynomial regression consistently outperforms linear regression. The protocol
itself is a methodological contribution that addresses the widespread problem of
unreliable single-split evaluations in ASAG research.  The finding that USE
outperforms BERT without domain-specific fine-tuning is particularly noteworthy, as it
suggests that the multi-task training objective of USE-which includes tasks such as
question answering and semantic textual similarity-produces representations that are
more directly useful for grading than the masked language modelling objective of

BERT.

RO2 - Proposed Architecture 1 (Length-Adaptive Routing ASAG): A five-band
routing architecture achieved F1 =91.2%, Spearman p = 0.90, and RMSE =0.18 on

the ASAG2024 benchmark, with consistent improvements across all six
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English-language sources. The improvement is largest for short answers (+13% F1 in
Band 1), confirming that lexical matching is the appropriate strategy for answers with
insufficient context for neural representations. This finding validates the core
hypothesis of the length-adaptive approach: that the optimal grading strategy is
fundamentally different for answers of different lengths, and that a single model cannot

simultaneously optimise for all length ranges.

RO3 - Proposed Architecture 2 (Concept-Aware Siamese Grading with NSSC):
The proposed Siamese BERT architecture with concept coverage and NSSC
calibration achieved Spearman p = 0.82 and QWK =0.79 on SciEntsBank. The NSSC
module improved QWK from 0.52 to 0.74 on the 214-sample negation subset-a 42%
relative improvement-without requiring any retraining of the base model. The fact that
such a large improvement can be achieved through a lightweight post-hoc calibration
module, without any retraining, has important practical implications: it means that
existing deployed ASAG systems can be improved substantially by adding the NSSC
module as an inference-time wrapper, without the cost and disruption of a full

retraining cycle.

RO4 - Proposed Architecture 3 (BAT-TW-BERT): The boundary-aware training
architecture improved QWK from 0.740 to 0.790 and reduced BCR by 6.1%. The
ablation study confirmed that triplet weighting is essential: uniform-weight triplet
training provides only half the BCR reduction of weighted training. This finding
highlights the importance of the weighting mechanism: simply adding triplet loss to
the training objective is not sufficient to address the Discrete Boundary Collapse
problem; the triplets must be weighted by their proximity to grade boundaries to

ensure that the training signal is concentrated where it matters most.

Combined System: The integration of RO2, RO3, and RO4 achieves Spearman
p =0.921, QWK =0.908, and wRMSE =0.162, surpassing all baseline systems and
achieving top results on both SciEntsBank and Mohler. All improvements are
statistically significant at p < 0.01. The additive nature of the improvements-each

architecture contributing independently to the overall performance gain-confirms that
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the four failure modes are genuinely distinct and that the proposed solutions address

them without interfering with one another.

12.2 Addressing the Research Objectives

TaBLE 12.1: Summary of research objectives, proposed solutions, and key results.

RO Challenge Solution Key Result
RO1 Unreliable baselines Bootstrap evaluation USE p =0.561
RO2 Length discrepancy 5-band routing F1=91.2%
RO3 Concept incompleteness Siamese + NSSC QWK =0.79
RO4 Boundary collapse BAT-TW-BERT BCR -6.1%

12.3 Theoretical Contributions

Beyond the empirical results, this thesis makes three theoretical contributions that are

likely to have lasting value for the ASAG research community, independent of the

specific architectures proposed:

1. Formal characterisation of ASAG failure modes: The four challenges
(Iength discrepancy, concept incompleteness, negation insensitivity, discrete
boundary collapse) are formally defined in Chapter 4, providing a principled
taxonomy for future research. This taxonomy is valuable because it provides
a common vocabulary for discussing the limitations of existing systems, and it
suggests a systematic approach to architecture design: rather than proposing
new models and hoping they perform well, researchers can use the taxonomy
to identify which failure modes their proposed solution addresses and design

experiments that specifically test this.

2. Boundary Confusion Rate (BCR) metric: The BCR metric provides a
direct measure of the Discrete Boundary Collapse problem that is not

captured by standard RMSE or Spearman p metrics. BCR is a useful
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complement to existing metrics for any ASAG system that produces
discretised grade outputs. Its adoption by the research community would
enable more meaningful comparisons across studies and would encourage the
development of systems that are explicitly optimised for boundary

discrimination, rather than for continuous error minimisation.

3. NSSC calibration formula: The NSSC formula provides a principled
post-hoc calibration strategy for negation handling that can be applied to any
base ASAG model without retraining, making it a practical tool for improving
existing  deployed systems. The formula’s three-component
structure-semantic similarity, concept coverage, and negation penalty-reflects
a principled decomposition of the grading decision into independent
components, each of which can be tuned separately to optimise performance

on specific types of answers.

12.4 Practical Implications

The practical implications of this thesis extend beyond the specific performance
numbers reported on benchmark datasets. The proposed architectures are designed
with deployment feasibility in mind, and the following observations are relevant for
practitioners considering the adoption of ASAG technology in real-world educational

settings.

Scalability: Proposed Architecture 1 (Length-Adaptive Routing ASAG) is particularly
practical for large-scale deployment. Bands 1-3 (83% of all samples) require no GPU
inference, with average inference time of 10.1 ms per sample. Only Bands 4-5 (17% of
samples) require GPU inference. This means that the majority of grading workload can
be handled by standard CPU servers, with GPU resources reserved for the minority of
longer, more complex answers. This resource allocation strategy is significantly more
cost-effective than approaches that require GPU inference for all answers, such as fine-

tuned BERT or LLLM-based systems.



Limitations 121

Interpretability: The concept coverage feature (C.o,) provides an interpretable
explanation for grade predictions. A student can be shown which key concepts they
covered and which they missed, providing actionable feedback that goes beyond a
simple numerical score. This kind of diagnostic feedback is particularly valuable in
formative assessment contexts, where the goal is not just to assign a grade but to help
students understand what they need to improve. The interpretability of the concept
coverage scores also makes the system more trustworthy from an instructor’s
perspective, as they can verify that the system’s grading decisions are based on

pedagogically meaningful criteria.

Domain adaptability: The per-source analysis confirms that the proposed system
generalises well across seven diverse domains and two languages without
domain-specific retraining. This is an important practical property, as it means that the
system can be deployed in new educational contexts without requiring the collection of
large domain-specific training datasets-a significant barrier to adoption for many

institutions.

Deployment readiness: The combined system achieves inference time of 24.1 ms per
sample on a single GPU, making it practical for real-time grading in online learning
platforms. This compares favourably with LLM-based approaches that typically
require 500+ ms per sample for GPT-4-class models, making the proposed system

approximately 20 times faster while achieving competitive accuracy.

12.5 Limitations

No research system is without limitations, and a candid assessment of the boundaries of
the proposed approach is essential for guiding future work and for setting appropriate
expectations for practitioners considering deployment. The following limitations are

acknowledged:

1. Negation over-penalty: The NSSC module over-penalises answers that use

negation for legitimate contrast (e.g., “not like a stack’). A more sophisticated
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negation analysis that distinguishes contrastive from contradictory negation
would address this limitation. The current approach uses a simple rule-based
detection of negation markers, which is effective for the most common cases
but fails for more complex negation patterns such as double negation,

contrastive negation, and metalinguistic negation.

2. Concept extraction quality: The spaCy-based concept extraction pipeline
does not handle multi-word expressions or domain-specific terminology
effectively. 31% of RO3 errors are attributed to this limitation. For example,
the concept “binary search tree” is a three-word technical term that the
pipeline may fail to recognise as a single concept, leading to incorrect concept
coverage assessments. Replacing the current pipeline with a domain-specific
concept extraction model or a knowledge-graph-grounded approach would

likely address this limitation.

3. Band boundary sensitivity: The five length band thresholds are derived
empirically from ASAG2024 and may not generalise to datasets with different
length distributions. While the sensitivity analysis in Table 7.2 suggests that
the architecture is not highly sensitive to the exact threshold values, a
systematic evaluation on datasets with very different length distributions

would be needed to confirm this.

4. Computational cost of neural bands: Bands 4 and 5 require GPU inference,
which may be prohibitive for very large-scale deployments or for institutions
without access to GPU hardware. Distilled or quantized models would reduce

this cost, and this is identified as an important direction for future work.

12.6 Future Work

There are several natural directions for extending this work - particularly in areas such
as explainable feedback generation, knowledge-grounded concept modelling, and

multilingual ASAG; however, although related approaches exist in adjacent areas, they
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typically address only specific aspects of the problem and lack integration within a
unified, concept-aware ASAG framework. This highlights the value of the proposed
system as a cohesive foundation and motivates the following three immediate and

closely related research directions.

Explainable Feedback Generation: The concept-aware architecture (Proposed
Architecture 2) already identifies covered, missing, and incorrect concepts in a student
response as intermediate diagnostic signals. A natural next step is to convert these
structured signals into natural language feedback for students. This could be achieved
by using a large language model (LLM) [100, 136] as a verbalization layer,
conditioned on the concept coverage vector and the NSSC penalty score.
Chain-of-thought prompting [145] could further guide the LLM to generate
pedagogically grounded, concept-specific explanations rather than generic feedback.
Grounding LLLM output in the model’s internal diagnostic signal addresses the known
reliability limitations of unconstrained LLM-based grading [15] and ensures that

generated feedback is traceable to specific conceptual gaps.

Knowledge-Grounded Concept Modeling: The current concept extraction module
identifies key terms using TF-IDF weighting and reference-answer alignment. This
surface-level approach cannot recognise implicit conceptual relationships such as
part-whole, cause-effect, prerequisite dependencies, or synonym clusters. Enriching
concept extraction with structured knowledge sources - domain ontologies, knowledge
graphs such as ConceptNet [125], or subject-specific concept maps - would enable the
system to award partial credit for answers that express correct concepts using different
but semantically equivalent terminology. This direction is particularly important for
science and engineering domains, where multiple valid formulations of the same

concept are common.

Multilingual ASAG: The current system is designed for English-language datasets;
the concept extraction module, in particular, relies on English-specific tokenisation and
reference-answer alignment. Extending the system to multilingual settings would
require replacing or augmenting the concept extraction pipeline with multilingual

encoders such as XLM-R [33] or language-agnostic sentence embeddings such as
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LaBSE [43], and evaluating on non-English ASAG benchmarks. A structured
multilingual evaluation would clarify whether the routing and concept-alignment
strategies transfer across languages, and guide the development of language-agnostic

ASAG systems suitable for globally deployed educational technology.

12.7 Concluding Remarks

Automatic Short Answer Grading remains a challenging problem at the intersection of
natural language processing and educational technology. The core difficulty-assessing
the conceptual correctness of a free-text response against a reference answer-requires
a form of language understanding that goes beyond the semantic similarity tasks on
which most NLP models are trained. This thesis has shown that a principled, failure-
mode-driven approach to designing architectures can achieve substantial improvements

over strong baselines across diverse domains and datasets.

The four research objectives-embedding baseline evaluation, length-adaptive routing
(Architecture 1), concept-aware Siamese grading with NSSC (Architecture 2), and
boundary-aware training (Architecture 3)-collectively address the most critical failure
modes of existing ASAG systems and provide a reliable foundation for future research.
Each architecture is designed to be independently useful as well as composable with
the others, so that practitioners can adopt the components that are most relevant to their

specific deployment context without being required to implement the full system.

The ASAG2024 benchmark, with its 16,626 samples across six sources, has served as
a rigorous evaluation corpus that validates the generalisability of the introduced
approaches. The consistency of the improvements across all six sources-spanning
computer science, elementary science, civics, and other domains-provides strong
evidence that the proposed solutions address failure modes that are common to ASAG

in general, rather than being specific to any particular domain or question type.

It is hoped that the contributions of this thesis-both the practical systems and the

theoretical frameworks-will accelerate the development of reliable, scalable, and
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interpretable ASAG systems that can meaningfully reduce the grading burden on
educators while providing timely, accurate feedback to students at scale. As online
education continues to grow and the demand for scalable assessment tools intensifies,
the research directions outlined in this thesis represent a promising path toward ASAG
systems that are not just accurate in the laboratory but genuinely useful in the

classroom.
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Appendix A

Glossary of Terms

Automatic Short Answer Grading - the task of automatically
assigning a grade to a student’s short textual answer given a question

and a reference answer.

A unified benchmark for ASAG research introduced by Meyer et al.

(2024), comprising 16,626 samples from six diverse sources.

Boundary-Aware Training with Triplet-Weighted BERT - the
Proposed Architecture 3 (RO4) that uses boundary-aware triplet
mining and weighted training to improve grade boundary

discrimination.

Boundary Confusion Rate - a metric introduced in this thesis that
measures the fraction of predictions that cross a grade boundary in

the wrong direction.

Bidirectional Encoder Representations from Transformers - a
pre-trained language model introduced by Devlin et al. (2019) that
uses bidirectional self-attention to produce contextualised word

representations.

Best Match 25 - a probabilistic retrieval function that ranks documents
by their relevance to a query, based on term frequency and inverse

document frequency.

Contrastive Loss

A training objective for Siamese networks that minimises the distance
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DBC

GloVe

ITS

LLM

NSSC

QWK

RO

RMSE

SBERT

STS

TF-IDF

between similar pairs and maximises the distance between dissimilar

pairs.

Discrete Boundary Collapse - the failure mode addressed by RO4,
where a model produces continuous grade predictions that are

systematically biased away from grade boundaries.

Global Vectors for Word Representation - a word embedding model

that learns representations from global word co-occurrence statistics.

Intelligent Tutoring System - a computer-based learning environment

that provides personalised instruction and feedback.

Large Language Model - a language model with billions of parameters

trained on large text corpora, such as GPT-4 or LLaMA.

Negation-Sensitive Score Calibration - the post-hoc calibration
module introduced in RO3 that adjusts grade predictions based on

negation detection.

Quadratic Weighted Kappa - a metric for measuring inter-rater

agreement that assigns higher weight to larger disagreements.

Research Objective - one of the four specific research objectives

(RO1-RO4) addressed in this thesis.

Root Mean Squared Error - a regression metric that measures the

average magnitude of prediction errors.

Sentence-BERT - a modification of BERT that uses Siamese network

architecture to produce sentence embeddings.

Semantic Textual Similarity - the task of measuring the degree of

semantic equivalence between two texts.

Term Frequency-Inverse Document Frequency - a numerical statistic
used to reflect the importance of a word in a document relative to a

corpus.
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Triplet Loss A training objective for metric learning that minimises the distance
between an anchor and a positive example while maximising the

distance between the anchor and a negative example.

USE Universal Sentence Encoder - a sentence embedding model trained on
a diverse set of tasks using a deep averaging network or transformer

architecture.

wRMSE Weighted Root Mean Squared Error - a variant of RMSE that assigns

higher weight to errors near grade boundaries.

XLM-R XLM-RoBERTa - a multilingual pre-trained language model trained
on 2.5 TB of text in 100 languages.



