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Abstract

Creativity is an important ability in the 4th industrial revolution so writing is one of educational tools to improve
creativity. However, student’s essays have been mainly evaluated subjectively in schools. To address this problem,
Automated Essay Evaluation(AES) plays an important role in objective evaluation in addition to reducing the time
and effort of instructors. This paper presents a novel AES model in which contrastive learning-based loss function is
added to BERT. Furthermore, for contrastive learning, positive and negative samples are selected based on mean
embedding vectors per essay score. The experimental results show that the proposed Contrastive Learning Essay
Scoring-Bidirectional Encoder Representations from Transformers(CLES-BERT) improved average accuracy up to 3%,
compared to main AES models, in Automated Student Assessment Prize(ASAP) data set.
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Algorithm 1 : Mean vector generation

INPUT : training_cls_vectors, training_labels,
mean_vectors

1. label_list = setltraining_labels)
2. for label in label_list:
3. cls_vectors_per_score

= fraining_cls_vectors[training_labels == label]
4. mean_vector = mean(cls_vectors_per_score)
5. mean_vectors.append(mean_vector)

return mean_vectors
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Algorithm 2 : Sampling for contrastive leaming

INPUT : mean_vectors, median, batch_labels
. median = int(median)
. for idx in range(len(batch_labels)):
. €ssay_score = batch_labelslidx]
. positive_sample = mean_vectorslessay_score]
. If essay_score > median :
. negative_samples = mean_vectors[: median+1]
else :
. negative_samples = mean_vectors[median+1 :]
. negative_sample = random.choice(negative_
samples)
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1 o
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Fig. 5. Example of sampling positive and negative samples
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Fig. 6. Contrastive learning based on mean embedding
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Table 2. Experimental set-up
IV, Al 5 Classification Specification
Intel(R) CoreT™ i9-10940X (3.30GHz,
CPU )
o core: 14)
41 A 2ty GPU NVIDIA GeForce RTX 3090
SSD 250GB
ASAP Hlo|EHAEL 8719 A=E tE ZEZER O8] Ubuntu 18.04 LTS
TAE] 9tk B AFS 189 g7 ZEXE Software Python, Pytorch, BERT(Base Model)
% ZEIZE 782 AHg WHS7F 0-303% 0~600.%
Howz $F BAS ddsplde Adsn g ES OMES A 2ibldr
- _ Table 3. Fine-tuning hyperparameters
a7] o] A Wb 1~69) oMol LE il >
- - - . _ 1st nd
ZET} AL AL R3PS ol e
Hesto dd } gi}oiq B 'er Bl Hyperparameter Fine-tuning Fine-tuning
E@\O 82 H]EE BE g?l' . .TJL- 1'8_‘ /1::!_ §l’ ASAP Step Step
golEAle 6718 ZEZE gk o Ao < 9 Dropout rate 0.1 0.1
Aol Hi o] 4 dlAlo] A WY, oA Batch size 24 24
FAE UEhin oAl 4T £&4E Beel LeamiTg rahte 68‘25 68‘25
T A5 Qe dMolL wesE REsA of e e o :
pochs
3l5t7] ol olAlelth 2 B 5
# 2% Ao A8E AFE A% Yehdt % 0
ol . 2 -
Held 22 BERTE 31<53k7] 918 Python 3.7,
1. ASAP C[O|E{Al SH
Table 1. Characteristics of ASAP data set
Prompt # of Average # of Score Sssmp fdle
essays word tokens range
1 1,785 350 o2 Write a letter to the local neyvspaper giving an opinion about
the effect computers are having on people
5 1.800 350 6 erte a pgrsuaswe essay. for the newspaper that reflects your
views on library censorship
3 1726 150 03 Wntg a response explaining how environmental influences affect
cyclists
4 1772 150 03 Write a response explaining the reason for the author's last
phrase
5 1,805 150 074 | Describing the atmosphere created by the author in the memoir
6 1.800 150 04 To. d.esorlbe the obstacles the builders of .thel Empire State
Building faced when attempting to dock airships there.
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