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Empirical Study on the Loss Functions of Contrastive
Learning-based Multi-scale BERT model for Automated Essay
Scoring
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Abstract

Essay writing is the most populary used method to evaluate students achievement in the class. However, the usage
of essay writing is limited by the labor intensive and subjective nature of the essay scoring process. To overcome
the latter, many researches have been done to automate essay scoring process. However, the performance of
automated essay scoring is not suitable in practical usage. In this paper, we are proposing a contrastive learning-based
Multi-scale BERT model to improve the performance of automated essay scoring. We applied many different loss
functions to generate the positive and negative samples for contrastive learning, and experimented with ASAP
benchmark dataset. According to our experiments, the constrastive learning based Multi-scale BERT model shows 3%
improvement in QWK, and 4.5% improvement in Pearson according to the loss functions.
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Table 1. Accuracy comparison of AES models

Type Model Accuracy
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Machine GBM 0.617
learmning RF 0.625
SVR 0.630
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Prompt Essays Score range
1 1783 2712
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4 1772 073
5 1805 074
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7 1569 0730
8 723 0760
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Table 4. Fine-tuning hyperparameters

Hyperparameter Fine-tuning step

Dropout rate 0.1
Batch size 24
Leamning rate 6e-5
Max length 512
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Table 5. Experiment results of CL-based multi-scale BERT per pPrompt
Evaluation Loss function Prompt
metrics 1 2 3 4 5 6 7 8
MSE+SIM+MR 0845 | 0707 | 0704 | 0818 0812 | 082 | 0843 | 0745
pearsen MSE+SIM#MR+CL | 0.867 | 0744 | 0746 | 0844 | 0837 | 0843 | 0856 | 0.786
MSE+SIM+MR 082 | 0697 | 0700 | 0809 0795 | 0805 | 0827 | 0737
K MSE+SIM#MR+CL | 0.846 | 0714 | 0730 | 0819 | 0818 | 0.829 | 0836 | 0.739
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Table 7. Positive and negative samples of the ASAP dataset

Type

Essay

Score

Input
essay

Censorship, or the removing of material deemed inappropriate or offensive, has been used as a means of
controlling people’s thoughts and feelings for many centuries. The @CAPST used it in the @CAPS2 colonies during
the @CAPS2 @CAPS4 to keep the colonists loyal to the crown. The @CAPS5 used censorship not just during the
@CAPS6 @CAPS7 @CAPS8 as a brand of propaganda, but also during @CAPS7 @CAPS8 @CAPS11 under
@CAPS12 guidance. Censorship is still in use in the @LOCATION1 today, as a way to 'protect the children’. The
@ORGANIZATIONT tells the @CAPS2 public what we can and cannot watch on television and what we can and
cannot listen to on the radio. Other organizations tell us what books we can and cannot read, what video games
we can and cannot play, and what items we can and cannot buy. Such organizations, | believe, are pushing the
@LOCATION1 @LOCATION1 and other freedom-loving nations to the edge of totalitarianism. As Katherine
Paterson stated, 'If | have the right to remove that book from the shelf-that work | abhor-then you also have
exactly the same right and so does everyone else.” If one person has the right to control what we buy, what we
listen to, and what we see, then how come we don't have that right to control the same things for them? Where
do we draw the line? Eventually, all books, movies, magazines, music, and video games would be deemed
offensive and inappropriate. Culture would slowly wither and die, and our lives would become drab and essentially
useless, for lack of a better term. | recently read a book titled '@CAPS14, by @PERSON2, about two periods in
a boy's life: his childhood with his family in tribal @LOCATIONZ, and the life he had after his mother's death in
the @CAPS15 capital of @LOCATION3. @PERSON2's work includes some passages that are less than angelic,
and, had strict censorship been in place, these passages would have caused the book to go unpublished.
@PERSON2's work gave not only myself but a multitude of others insight into the life that @CAPS16 face in the
changing landscape of their @CAPS7, and it certainly made me realize once again that | have a life rich in family,
friends, and comfort. All in all, censorship is a horrid disease that slowly infects and consumes every part of
our lives. If you get to censor something you find offensive, then why don't | do the same thing? Some censorship
is good, and a fact of life. But we have to ask ourselves, where do we draw the line? Where's the boundary
between safety and and outright police state? Censorship is just a fancy term for blatant disregard of the
@CAPS17, as freedom of speech is guaranteed for all @CAPS2 citizens. As a famous colonial revolutionary once
said, '@CAPS19 me liberty, or @CAPS19 me death!’ If censorship continues to grow and our libraries grow
emptier and emptier, then | shall take death over liberty, for liberty with censorship is no liberty at all.

Positive
sample

Censorship in the world we live in today is a very interesting concept. With the advent of social media, we now
have thriving communities of people that want their voice to be heard, and people are listening. We now are able
to tap into the huge amount of knowledge from people all around the world, allowing us to see what is really
happening in the countries like @LOCATION2, where media is considered treason. What do we do now that
governments are starting to censor the internet? Lets start by looking an arguement that has been long talked
about: library censorship. Today, it is almost a requirement for cities to have public libraries to be considered as
real cities. Public libaries, and the funding they require, are not anywhere within the @ORGANIZATION1. Even so,
they have taken a place in our neighborhoods that has made them indefinate sources of knowledge and culture.
One public library @MONTH1 be a source of; historical town records, children’'s books, novels, research papers,
non-fiction books, fiction books, magazines, and many other types of entertainment and knowledge. Public libraries
are, even with the widespread usage of the intemnet, important places for us, as residents of a city, to socialize and
learn. Libraries today @MONTH1 carry books that were in the past on the 'banned books' list, but that does not
mean books are not being banned from libraries. Libaries are generally family institutions, and as being funded by
the public, required to adhear by the moral and ethical standards of those who live in the area. This means that
there is not one, 'national banned books list, but there many discrepencies througout @LOCATION1 in banning
books. As culture moves more and more into more and more questionable materials, libaries are faced with a
tough decision; keep up with the times and have more questionable and controversial reading material, or get lost
in the past and try to kiing onto the senior generation to stay alive. Bringing new literary materials into the library
that is fresh and new means that more people will retumn to the library again, be it young-adults or older adults
trying to get in touch with the current world. One major controversy of books in public libaries are the inclusion of
sexual inimacy. As a new generation sprouts, fed with music lyrics by such names as, '@ORGANIZATIONZ, or
'@ORGANIZATIONS, we enter a new age where younger and younger kids are learning about sex. The authors of
today have recognised this and have started to include references to sexual intimacy, but not detailed encoutners. |
believe this is fine, because as we move on in generations we are going to find out that education about sex; safe
sex, birth control, @CAPST prevention and testing, is much more important than trying to keep children ignorant.
Keeping these young adults involved in books and trying to continue their learing outside of school is a much
larger issue we should be trying to tackle instead of trying to create silly arguments against new reading material in
a public libary. Public libaries are the centerpiece for leaming outside of school in many communities, small and
large. Knowing this, how could anyone truly believe that it would be smart to stop including new books that would
entice new patrons? Even as a commercial buisness, this would make no sense, simply tumning people away
because you have a single view of what the future is and you refuse to listen to anyone else’'s opinion of the
future. So why is there a question on including new knowledge? Isn't it obivous that we, as a nation, should show
the world that we aren't living in the past. That we are indeed the future of the world, and that our young-adults
will recieve the best education in the world by not only learing in schools, but by being the most active readers,
and by extension, leamers in the world.

Negative
sample

| believe that they need to keep every thing and gain more. Their is so much to leamn about. The more
information you have the better. | for one think that they need to put more magazines on the stands so you
can have more information. How you can not trust every thing in one, You can still find many facts about what
your wanting to learn about. On the other hand, Children should not be able to reach or see some of this. |
could teach our children stuff that they are not yet ready to leam about. The fact is they need to have people
watching the stuff so kids wont get in it and we can still lurean and find out new things. Not everything should
be hidden. The more you know could just save the world
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