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Abstract

Automated grading of student responses still faces numer-
ous challenges, particularly when dealing with complex and
ambiguous answers. In particular, large models are prone to
scoring bias when handling uncertain responses, and few-shot
reasoning methods often lack stability, which limits their ap-
plicability in real educational scenarios. To tackle these chal-
lenges, we propose the Contrastive Error Mining and Fine-
Tuning (CEM-FT) framework, which automatically identifies
high-value hard samples by analyzing scoring disagreements
between a full fine-tuned model and a few-shot model. A
lightweight LoRA adapter is then trained on these samples to
refine model performance with minimal computational over-
head. Experiments on the SciEntsbank, Beetle, and Mohler
datasets show that CEM-FT can improve QWK by up to
3.9% compared to the fine-tuned Qwen model on SciEnts-
bank datasets, which is a significant improvement over the
few-shot baseline. The proposed framework substantially en-
hances both scoring accuracy and consistency, providing a
practical, robust solution for reliable automated assessment
with large language models.

Code — https://github.com/leibnizchen/LLMScoring

Introduction

With the rapid advancement of artificial intelligence, par-
ticularly in natural language processing and large language
models, automated grading systems are becoming increas-
ingly pivotal in educational contexts. (Kooli and Yusuf 2025;
Liang 2025; Lee et al. 2024). Such systems not only sub-
stantially reduce teachers’ workload in grading subjective
responses but also enhance instructional efficiency and stu-
dent engagement through timely, accurate feedback. In re-
cent years, the powerful language understanding and gener-
ation capabilities of large models such as GPT-4 (Achiam
et al. 2024), Qwen (Bai et al. 2023), and LLama (Touvron
et al. 2023) have shown broad prospects in open-ended an-
swer grading tasks. An increasing number of studies have
focused on applying large language models to the auto-
matic evaluation of student responses. For example, (Jiang
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Figure 1: Challenges of current mainstream methods and ex-
amples of high-value hard samples

and Bosch 2024) proposed using GPT-40 with carefully de-
signed prompt-word templates for essay scoring, introduc-
ing a new scoring paradigm driven by prompt-word engi-
neering. (Stahl et al. 2024) incorporated scoring criteria into
prompts to enable large models to generate more accurate
scores. (Chamieh, Zesch, and Giebermann 2024; Funayama
et al. 2025) employed fine-tuning techniques to adapt large
models for short answer scoring, aligning them more closely
with expert-level evaluations.

However, despite the initial results of large language mod-
els on multiple educational scoring benchmarks, they still
face two core challenges in practical applications. As shown
in Figure 1(a), existing methods suffer from the following
major issues: First, current mainstream fine-tuning strate-
gies (Chang and Ginter 2024; Chamieh, Zesch, and Gieber-
mann 2024; Latif and Zhai 2024) generally employ uniform
sampling for training, neglecting "high-value hard samples”
that critically influence model behavior, as shown in Fig-
ure 1(b). This strategy often results in models retaining spe-
cific systematic errors after fine-tuning, limiting the relia-
bility and stability of their scoring results. Second, while
prompt-based few-shot learning methods (Chamieh, Zesch,



and Giebermann 2024; Latif and Zhai 2024) offer particu-
lar advantages in low-resource scenarios, their performance
fluctuates significantly when faced with complex semantic
structures (high-value hard samples). They also rely heavily
on the design of prompt templates and the selection of exam-
ples, resulting in significant deficiencies in consistency and
generalization. These two methods are prone to inconsistent
or even biased scoring when dealing with complex, ambigu-
ous, or novel answers, further weakening the fairness and
reliability of the automatic scoring system in actual teaching
scenarios.

To address the challenges above, we introduce an efficient
and robust framework for contrastive error mining and fine-
tuning (CEM-FT). The framework automatically identifies
and collects key samples with high error potential by analyz-
ing disagreements in scoring results between the fine-tuned
model and the few-shot large model. On this basis, we use
a lightweight LoRA to correct scoring biases with minimal
training overhead systematically.

Extensive experiments across multiple real-world scoring
datasets, including SciensBank, Beetle, and Mohler, show
that CEM-FT significantly outperforms existing fine-tuned
models and achieves the highest QWK improvement of
20.4% over few-shot methods. Our research shows that au-
tomatic scoring should not only focus on improving perfor-
mance, but also systematically identify and correct model
weaknesses. CEM-FT injects precise, controllable capabili-
ties into the automatic scoring of large models, taking a key
step toward transitioning from generalization to deployment
reliability.

Related Work

In recent years, large language models (LLMs) have demon-
strated remarkable capabilities in language understanding
and generation, offering a novel paradigm for automated
scoring. Unlike earlier encoder-based models, such as the
Transformer family of grading (Liu et al. 2019, 2020), LLMs
with billions to trillions of parameters can perform com-
plex natural language tasks under few-shot or even zero-
shot conditions. In addition, they can be adapted to spe-
cific scoring rubrics through parameter-efficient fine-tuning.
In few-shot scenarios, prompt engineering has emerged as
a critical factor. Studies such as (Chang and Ginter 2024)
systematically evaluated the Few-Shot capabilities of GPT-
3.5 (Brown et al. 2020) and GPT-4 (Achiam et al. 2024)
in scoring Finnish-language responses. Their findings indi-
cate that well-crafted prompts, incorporating clear criteria
and diverse examples, allow LLMs to achieve high consis-
tency with human expert evaluations. Similarly, (Jiang and
Bosch 2024) used the gpt-4-1106-preview model and pro-
posed two prompting approaches: a direct scoring mode and
a two-step method that splits the prompt into a direct-scoring
and a reasoning-analysis component. A systematic compar-
ison revealed that incorporating a reasoning step signifi-
cantly improves score accuracy. Furthermore, (Stahl et al.
2024) conducted extensive experiments to validate the fea-
sibility of zero-shot and few-shot prompting strategies to
score long-form answers, while (Henkel et al. 2024) investi-
gated various versions of GPT and prompt engineering tech-
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niques across domains (science and history) and age groups
(5 to 16 years). Their results highlight that FewShot GPT-4
achieves a Kappa value of 0.70, closely aligning with expert
human graders. Additional works, including (Zhao, Silva,
and Poulsen 2025; Wei et al. 2025; Gao et al. 2025), have
also leveraged prompt-based scoring methodologies.

Despite these advances, Few-Shot scoring methods strug-
gle with student responses that contain spelling errors or
slightly irregular but acceptable content, often producing
vague outputs rather than precise scores. To mitigate such
issues, researchers have shifted focus toward fine-tuning
LLMs to standardize outputs and improve evaluation relia-
bility. These efforts not only explore zero-shot and few-shot
scenarios, but also benchmark fine-tuned models against
supervised upper bounds. For example, (Sethi and Singh
2022) proposed an efficient fine-tuning approach for au-
tomated essay scoring, based on the transformer model
(Vaswani et al. 2017) with parameter-efficient fine-tuning
techniques to improve the grammatical accuracy of the
assessment. Similarly, (Latif et al. 2025) introduced an
enhanced shared-backbone architecture that incorporates
lightweight LoRA adapters for task-specific fine-tuning.
This approach achieved competitive performance (raising
the average QWK from 0.848 to 0.888 compared to full fine-
tuning), while reducing GPU memory consumption by 60%
and inference latency by 40%, thus improving deployment
efficiency.

In the context of Chinese-language science education,
works in (Yang et al. 2025) fine-tuned GPT, demonstrat-
ing its ability to evaluate students’ written explanations after
domain-specific adaptation accurately. Other studies, such
as (Chamieh, Zesch, and Giebermann 2024; Latif and Zhai
2024) have also employed fine-tuning to boost scoring pre-
cision. Although LLMs exhibit exceptional scoring perfor-
mance, their deployment on resource-constrained devices
remains challenging. To address this, (Latif et al. 2024) ap-
plied knowledge distillation (KD) techniques (Gou et al.
2021) to compress fine-tuned LLMs into smaller student
models. The distilled models retained scoring capabilities
comparable to those of their teacher counterparts while be-
ing more suitable for real-world deployment.

Framework

In the field of automatic scoring, student answers show
highly diverse characteristics. For example, when faced with
unanswerable questions, some students provide disjointed
words or symbols instead of complete sentences. However,
these answers may still contain partially correct compo-
nents under lenient scoring criteria. Large language models
(LLMs) often struggle to interpret such answers using a few-
shot prompt. Although standard full fine-tuning (FFT) meth-
ods (Lv et al. 2024) use all training data, the predominance
of simple samples leads the model to overfit to easy patterns
while failing to learn from genuinely complex and critical
cases. These challenging samples often reflect the core dif-
ficulties of the task, including ambiguous expressions, con-
ceptual confusion, and borderline-scoring cases.

To address this, we propose the Learning from Scoring
Disagreements: Contrastive Error Mining for Efficient and
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Figure 2: Overview of the CME-FT framework, which is divided into three phases: Dual Model Scoring, Contrastive Error

Mining, and Lightweight Fine-Tuning.

Robust LLM-based Assessment framework, shown in Fig-
ure 2. The core idea is to proactively and automatically iden-
tify these difficult samples using two key signals:

1. Disagreements between models: When the models based
on full-scale fine-tuning and few-shot give significantly
different scores to the same answer, it indicates that the
answer itself is ambiguous, complex, or in the “gray
area” of the scoring rules. Different models make judg-
ments based on the various “perspectives” or biases”
they have learned. Such samples naturally represent scor-

ing difficulties.

Model error: Regardless of the size of the disagreements
between models, as long as there is a significant devia-
tion between the model prediction and the actual score, it
is a clear error signal. Such samples expose the model’s
systematic biases or knowledge gaps.

We collect samples with considerable disagreements be-
tween models or large model errors (denoted as Djqrq),
and then build a high-value training set that condenses the
task challenges, model weaknesses, and scoring uncertain-
ties. This subset represents the most common types of er-
ror within the model’s current capabilities. On this basis,
this framework only performs lightweight LoRA adjust-
ments based on the complete fine-tuned model on this sub-
set, achieving local performance enhancement and gener-
alization improvement at the lowest cost. The framework
effectively addresses the credibility challenge in automatic
scoring through a closed-loop process comprising three con-
secutive stages.

Dual Model Scoring

We begin by quantifying the discrepancies in scores between
the full fine-tuned model (2 epochs) and the few-shot model.
Specifically, we construct two scoring models to estab-
lish a multi-perspective scoring mechanism: the fine-tuning
model Mg, and the few-shot model Mrg based on few-
shot prompts. Given a set of training samples {(x;, y;) }™ 1,
where x; denotes the student answers text and y; is the man-
ual expert score. We compute the predicted scores from both
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models: s(i) and s(i)

FT FS*
Sg)T = Mpr(zi;0rT)
8%)5 = Mps(xi; Pr)

where PK denotes a K-shot prompt template (K = 3
in our experiments), f pp represents the model trainable pa-
rameters

Contrastive Error Mining

Based on inter-model score discrepancies and deviations
from reference scores, we identify representative samples
with a high risk of scoring errors to construct a hard sam-
ple set Dpq.-q. For each response, we define the indicators:

6y = Isir — sirsl
quantifies the magnitude of disagreement between the two
models; _
0 = |5\ — il
Quantifies deviation from expert judgment We then con-
struct the hard sample set as:

Dhara = {(z6, )67 > 74 or 60 > 7.}

To determine hard samples more effectively, we introduce
a dynamic threshold mechanism to adaptively set screening
criteria based on the global statistical characteristics of the
samples:

Tg=fd + 004 ,Te = fte + B - 0

Where 4, pe are the means of the score disagreement
04 and the score deviation J. respectively; o4, o are their
corresponding standard deviations; a and 3 are sensitivity
hyperparameters that control the strictness of the sample se-
lection process.

In our experiments, we varied the hyperparameters o and
B across datasets to evaluate the robustness of the proposed
complex sample mining strategy. In addition, these two pa-
rameters can be further fine-tuned based on the validation



set performance to adapt to specific task requirements. In the
experimental part, we will systematically analyze the impact
of o and 8 on model performance and explore their optimal
configuration.

Lightweight Fine-Tuning

The hard sample set Dj,q,q is used to perform lightweight
LoRA-based (Hu et al. 2022) fine-tuning on the complete
fine-tuned model of the first phase, thereby achieving tar-
geted corrections to the model scoring accuracy. Specif-
ically, for a given intermediate weight matrix W in the
Transformer model, we introduce two low-rank matrices,
A € RF*" and B € R*", to construct the update term:

W' =W +AW =W + BAT

The rank parameter r < min(d, k) ensures that the added
parameters are minimal, reducing overfitting and enhancing
generalization.

Experiments
Datasets

This study used three representative automated short an-
swer scoring (ASAG) datasets, namely SciEntsbank, Beetle
(Dzikovska et al. 2013), and Mohler (Mohler and Mihalcea
2009), covering a variety of scoring dimensions and evalua-
tion scenarios and effectively supporting the comprehensive
verification of the proposed method.

» SciEntsbank and BEETLE datasets: These two datasets
are standard benchmark datasets that are widely used in
short-answer automatic scoring tasks. They are designed
to test model robustness across various generalization
scenarios, including:

— Unseen Answers: Test answers do not appear during
training;

— Unseen Questions: Test questions are unseen during
training;

— Unseen Domains: Test questions originate from do-
mains not present in training.

(Note: The Beetle dataset does not have the Unseen Do-
mains task.)

The student answers in the dataset are annotated into one
of the following 5-way: Correct, Partially Correct, In-
complete, Contradictory, Irrelevant, and Non-domain.

Mohler datasets: Mohler is a classic dataset compiled
by Mohler et al. at the University of Texas. It con-
tains responses to 80 short-answer questions from 12
course assignments, contributed by 2,442 students. Two
domain experts independently score each response on a
0-5 scale. The final label is the arithmetic mean of the
two scores. To ensure consistency, we use the same 80/20
train-test split strategy as in BEETLE and ensure that the
test set covers both “unseen answers” and “unseen ques-
tions,” providing a realistic evaluation of generalization
in educational settings.
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Baselines

To evaluate the effectiveness of the proposed CEM-FT
framework in mining complicated cases from scoring dis-
agreements and enhancing the stability and accuracy of
large language model (LLM) based scoring, we selected
the model of BERT (Devlin et al. 2019), DeBERTa-v3 (He,
Gao, and Chen 2021) and Qwen series (Bai et al. 2023), in-
cluding Qwen2-0.5B, Qwen3-0.6B, Qwen3-1.7B, Qwen3-
4B and Qwen3-8B. Each model was evaluated in both fine-
tuning and few-shot inference settings.

Evaluation Metrics

To comprehensively evaluate model performance, we use
a set of metrics that cover both classification and regres-
sion. Specifically, for ordered classification tasks, we use
accuracy (ACC), quadratic weighted Kappa (QWK) (Bren-
ner and Kliebsch 1996), and Mean Absolute Error (MAE),
and for continuous value score prediction, we use tolerance-
aware accuracy (TAA) and relative matching coefficient
(RMC) (Chang and Ginter 2024). These metrics collectively
assess prediction accuracy, inter-rater agreement, and the
model’s ability to preserve ranking information.

Overall Performance

To verify the versatility and robustness of the proposed
method, we conducted systematic experiments on three
datasets and compared the thoroughly fine-tuned model with
the proposed CEM-FT framework. The results are summa-
rized in Tables 1-3.

SciEntsbank datasets analysis: In the SciEntsbank
dataset, CEM-FT (Qwen3-4B) also showed excellent perfor-
mance, especially on the Unseen Answers task, achieving
0.7685, 0.7671, and 0.7466 in the ACC, QWK, and RMC
indicators, respectively. In the interdisciplinary transfer task
Unseen Domains, the method also achieved high scores of
0.6357 (ACC) and 0.6309 (QWK). In the Unseen Ques-
tions scenario, CEM-FT once again leads all the compari-
son methods. The overall results show that this method has
significant effectiveness in uncertainty modeling and hard
sample mining strategies.

Beetle datasets analysis: On the Beetle dataset, the
CEM-FT framework (based on Qwen3-4B) achieved the
best results in all subtasks, especially in the Unseen An-
swers and Unseen Questions tasks, reaching 0.7995/0.6899
and 0.7899/0.6554 ( Accuracy and QWK Metrics, respec-
tively), which is significantly better than the few-shot ver-
sion (Qwen3-4B_FS) and all baseline models. This shows
that the proposed framework has strong generalization and
consistency optimization capabilities. Compared with the
DeBERTa-V3 and Qwen?2 series, CEM-FT significantly im-
proves RMC and demonstrates greater robustness against se-
mantic ambiguity and diversity in student answers.

Mohler datasets analysis: On the Mohler dataset, CEM-
FT (based on Qwen3-1.7B) achieved RMC of 0.6931 and
TAA of 0.7150 in the Unseen Answers task, outperform-
ing all baseline models; its MAE dropped significantly
from BERT’s 0.5538 to 0.4019, further approaching the



Unseen Answers

Unseen Questions

Unseen Domains

Models
ACCT QWK1 RMCT ACCT QWKT RMCt ACCT QWKT RMCT
BERT 0.4407 0.1997 0.4033 0.4461 0.1321 0.3659 0.3652 0.0614 0.3473
DeBERTa-V3 0.4667 02932 04368 0.4911 0.2288 0.4142 04272 0.2468 0.4301
Qwen2-0.5B 0.7185 0.6896 0.6927 0.5583 0.4767 0.5496 0.5808 0.5735 0.5911
Qwen3-0.6B 0.7537 0.7115 0.7181 0.6276 0.5762 0.6082 0.6208 0.6035 0.6151
Qwen3-1.7B 0.7561 0.7272 0.7251 0.6344 0.5709 0.6189 0.6283 0.6241 0.6229
Qwen3-4B 0.7593 0.7481 0.7331 0.6248 0.5755 0.6024 0.6235 0.6183 0.6192
Qwen3-8B 0.7537 0.7285 0.7238 0.6521 0.6313 0.6364 0.6337 0.6208 0.6253
Qwen2-0.5B_FS 0.2944 0.0214 03342 0.2483 0.0228 0.3107 0.1565 0.0844 0.3027
Qwen3-0.6B_FS 0.3618 0.0336 03175 04175 0.0782 0.3572 0.2998 0.1901 0.2735
Qwen3-1.7B_FS 0.3811 0.3568 0.4879 0.4099 0.3673 0.4971 0.3856 0.3388 0.4807
Qwen3-4B_FS 0.5241 04211 05595 0.5143 0.4354 0.5663 0.4862 0.3235 0.5272
Qwen3-8B_FS 0.4981 0.4957 0.5545 0.5048 0.5438 0.5782 0.4579 0.4215 0.5404
CEM-FT(Qwen3-4B) 0.7685 0.7671 0.7466 0.6968 0.5835 0.6398 0.6357 0.6309 0.6313

Table 1: Performance of different models on SciEntsbank datasets, models with the _FS suffix represent few-shot models.

Models Unseen Answers Unseen Questions
ACCT QWKT RMCT ACCT QWKT RMCT
BERT 0.6196  0.6317 0.5923 0.5726 0.547  0.5022
DeBERTa-V3 0.6834 0.6944  0.6607 0.6129 0.5625 0.5462
Qwen2-0.5B 0.7342  0.7688  0.7261 0.6412 0.6333 0.5888
Qwen3-0.6B 0.7543 0.7588 0.7261 0.6777 0.6453 0.6168
Qwen3-1.7B 0.7380 0.7475 0.7058 0.6768 0.6721 0.6148
Qwen3-4B 0.7677 0.7634  0.7303 0.6838 0.6549 0.6226
Qwen3-8B 0.7449 0.7402 0.7074 0.6923 0.6731 0.6203
Qwen2-0.5B_FS 0.3508 0.0345 0.2968 0.3101 0.1203 0.2747
Qwen3-0.6B_FS 0.3761 0.1334  0.3506 0.3394 0.0251 0.3032
Qwen3-1.7B_FS 0.2938 0.2345 0.4223 0.2772 0.2705 0.4388
Qwen3-4B_FS 0.5558  0.5547 0.5199 0.5558 0.5547 0.5199
Qwen3-8B_FS 0.5262 0.4967 0.5087 0.5287 0.4949 0.5047
CEM-FT(Qwen3-4B) 0.7995 0.7899 0.7594 0.6899 0.6554 0.6281

Table 2: Performance of different models on Beetle datasets, models with the _FS suffix represent few-shot models.

level of manual expert scoring, showing the advantage of
this method in controlling scoring bias. This indicates that
this method is more robust to scoring errors in question-
answering scoring tasks. In the Unseen Questions task,
CEM-FT maintained its leading RMC (0.6029), further con-
firming its strong adaptability to question-type changes and
context transfer, and performing significantly better than tra-
ditional fine-tuning and few-shot reasoning strategies.

Judging from the overall experimental results, DeBERTa-
V3 and multiple Qwen series models (ranging from 0.5B
to 8B) across three datasets have achieved significant per-
formance improvements over the BERT baseline under full-
scale fine-tuning. In the few-shot scenario, the model per-
formance generally declines significantly, indicating that
the lack of targeted training makes it difficult to capture
the complex semantic requirements of the scoring task.
In comparison, the CEM-FT framework continues to lead
across multiple generalization tasks and indicators, espe-
cially in terms of the relative matching coefficient (RMC)
and tolerance-aware accuracy (TAA). These results demon-
strate the effectiveness of the proposed scoring enhancement
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approach, which integrates hard-sample mining based on
model disagreements with LoRA-based fine-tuning to ad-
dress the challenges posed by complex educational assess-
ment tasks. The method has strong practical potential and
offers valuable insights for advancing research in automated
student answer scoring.

Ablation experiments on different base models

To further verify the applicability and potential for perfor-
mance improvement of the proposed framework across a va-
riety of language models, we conducted systematic experi-
ments on 5 Qwen series models.

We averaged the evaluation indicator results across the
three tasks to ensure they more accurately reflect the over-
all trends of different models across various generalization
scenarios. Results in Figures 3 to 5 show that across all
base models, the CEM-FT framework performs better than
the corresponding complete fine-tuning model on multiple
tasks, reflecting strong generalization and structural adapt-
ability. Especially on the Mohler dataset, the TAA index of
CEM-FT across multiple Qwen versions improves by 1.78%



Unseen Answers

Unseen Questions

Models

TAAT RMCT MAE] TAAT RMCT MAE]

BERT 0.6449 0.6324 0.5358 0.6085 0.5802 0.5248
DeBERTa-V3 0.6308 0.6583 0.6014 0.5465 0.5485 0.6363
Qwen2-0.5B 04860 0.5903 0.675 04076 0.5327 0.7151
Qwen3-0.6B 0.6075 0.6545 0.5125 04341 05279 0.6787
Qwen3-1.7B 0.7009 0.6798 0.4216 0.6202 0.5974 0.5116
Qwen3-4B 0.6636 0.6618 0.4758 0.5543 0.5792 0.5845
Qwen3-8B 0.6682 0.6551 0.4811 0.5465 0.5603 0.5942
Qwen2-0.5B_FS 0.1333 03249 3.5839 0.1339 0.2988 4.0039
Qwen3-0.6B_FS 0.1756 0.5054 1.8652 0.1796 0.4074 1.9214
Qwen3-1.7B_FS 0.0871 0.4192 2.6019 0.1078 0.4051 2.5151
Qwen3-4B_FS 03636 0.5859 1.056 0.3636 0.5859  1.056
Qwen3-8B_FS 0.3353 0.5804 1.1519 03048 0.6072 1.0602
CEM-FT(Qwen3-1.7B) 0.7150 0.6931 0.4019 0.6398 0.6029 0.5109

Table 3: Performance of different models on Mohler datasets, models with the _FS suffix represent few-shot models.

SciEntsbank Beetle Mohler

@ Z ACCT QWKT RMCT ACCT QWKT RMC TAAT TMCT MAE]
1 0.6891 0.6487 0.6593 0.7311 0.7104 0.6808 0.6721 0.6421 0.4584

1 1.5 0.6808 0.6431 0.6523 0.7345 0.7123 0.6785 0.6774 0.6480 0.4564

2 0.7003 0.6605 0.6626 0.7447 0.7227 0.6938 0.6644 0.6432 0.4571

1 0.6802 0.6502 0.6599 0.7312 0.7109 0.6801 0.6502 0.6311 0.4642

1.5 1.5 06895 0.6473 0.6525 0.7345 0.7153 0.6753 0.6659 0.6359 0.4798
2 0.6753 0.6538 0.6423 0.7283 0.7010 0.6870 0.6519 0.6395 0.4781

1 0.6964 0.6539 0.6528 0.7316 0.7101 0.6701 0.6512 0.6299 0.4705

2 15 0.6951 0.6531 0.6486 0.7340 0.7123 0.6756 0.6538 0.6410 0.4843

2 0.6913 0.6578 0.6467 0.7215 0.7038 0.6508 0.6582 0.6418 0.4667

Table 4: Results of screening data sets with different o and 8 hyperparameters. The bold font is the optimal value.

to 2.98% compared with the complete fine-tuning scheme.
In addition, across the Beetle and SciEntsbank datasets, the
framework shows a consistent performance gain trend for
each base model, spanning a variety of task settings and
evaluation dimensions.

Overall, the experimental results show that the CEM-FT
framework can migrate across models and achieve stable op-
timization across a variety of scoring-based models. Its wide
adaptability provides stronger theoretical and methodologi-
cal support for the actual deployment and expansion of the
task of automatic scoring of student answers.

Experiments with different screening thresholds

Setting a fixed threshold to measure score disagreements
between the fine-tuned model and the few-shot inference
model lacks sufficient objectivity. To address this issue, we
introduce two hyperparameters, « and 3, to dynamically ad-
just the screening threshold for a divergent sample, thereby
enabling a more robust evaluation of the proposed risk sam-
ple mining strategy under varying conditions. To ensure con-
sistency in the analysis across datasets, this strategy is also
applied to the SciEntsbank and Beetle datasets.

Based on extensive preliminary experiments, the values
of a and 3 are set within the range of [1, 1.5, 2]. This selec-
tion results in score differences between the models typically
spanning 2 to 4 intervals, facilitating a more effective identi-
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fication of challenging answer samples. Table 4 presents the
corresponding experimental results on the Beetle, SciEnts-
bank, and Mohler datasets.

Overall, the model exhibits greater sensitivity to changes
in 8, while performance variations with respect to « are rel-
atively stable. For example, on the SciEntsbank dataset, the
optimal ACC (0.7003), QWK (0.6605), and RMC (0.6626)
were achieved when @ = 1 and 5 = 2, significantly out-
performing other configurations. This result suggests that a
higher value of 3 facilitates more effective mining of poten-
tial semantic alignments, thereby enhancing the consistency
of the scoring. On the Beetle dataset, the model also achieves
the best ACC (0.7447) and RMC (0.6938) with 8 = 2. In the
Mohler dataset, the best TAA (0.6774) and TMC (0.6480)
are achieved with o = 1,8 = 1.5, This combination also
yields the lowest MAE (0.4564), indicating its effectiveness
in reducing error and improving scoring accuracy, making it
the most balanced configuration for overall performance.

In summary, the best hyperparameter combination is not
entirely consistent across datasets, indicating that the model
has some generalization adjustment space across tasks. No-
tably, smaller « and larger (5 values tend to yield better per-
formance, underscoring the dominant role of 3 in refining
the sensitivity to semantic alignment. These findings demon-
strate that appropriate hyperparameter tuning can signifi-
cantly boost model performance, and automatic parameter
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Figure 3: Improvement results of CEM-FT framework on different models on SciEntsbank datasets
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Figure 4: Improvement results of CEM-FT framework on different models on Beetle datasets

Mohler Datasets BN FT model W CEM-FT
TAA RMC MAE

+178% HEAd%
78% e
+233% +1.96%| +3.20% +0.65% +2.40% +0.87% +2.40% ="

o
+2.98% :2.14%

Qwen1'°'5%w er\3'°'GBQwen3-1-7BQwen3‘AB Qwen3‘85 Qw e“—l_o.SBQwen-j_o 'e%wen3'1'7BQweﬂ3‘4B Q wen3-88 Qwe“2'°'5%w e“3_().6%\“‘(3\,\-_:,.1.7\3 Q wen3-48 OWen}SB

Figure 5: Improvement results of CEM-FT framework on different models on Mohler datasets

optimization guided by a validation set can be considered in ciently correct systematic scoring bias. This method effec-
future applications. tively solves three key problems in the current large model
scoring: first, inconsistency and deviation when facing com-

Limitation plex, ambiguous, or novel student answers, which limits

the actual credibility; second, the instability of the few-shot
reasoning method when dealing with atypical answers; and
third, existing models often ignore representative and chal-
lenging complex samples. Extensive experiments across five
variants of the Qwen LLM series on three public datasets
(SciEntsbank, Beetle, Mohler) demonstrate that CEM-FT
significantly enhances scoring accuracy and consistency, of-
fering a practical approach for LLM-driven automated scor-
ing systems.

The CEM-FT framework relies on the score difference be-
tween the fine-tuning model (FT) and the few-shot reason-
ing model (FS) to mine high-value samples. However, when
both models exhibit systematic biases, their score Disagree-
ments may stem from common blind spots or random noise
rather than from truly challenging samples, thereby affect-
ing the quality of the Dy,.q dataset. In addition, the thresh-
old hyperparameters « and /3 introduced in CEM-FT need to
be set empirically through pre-experiments, lacking a data-
driven adaptive strategy. This mechanism, which relies on
manual parameter adjustment, may lead to reduced robust-

ness and difficulty in migration on different datasets or tasks. Acknowledgments
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