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ABSTRACT

Literature is the art of storytelling in human language created by creativity. In this project
we study from existing research about the process of applying deep learning to compose short
story. We found that the results from previous studies can be further developed and improved. We
therefore adopt a deep learning model called Convolutional Sequence to Sequence along with
other models from concept of Strategies for Structuring Story Generation to improve for better
result. To be able to compose a short story with a continuation of the story, the deep learning
model developed will be able to find a long-term relationship between the story written from the
prompt in each parts The beginning of the story, The middle of the story and The end of the story
in order not to make the story go out of the original, and we study on how to directed the storyline
from the plot or the literary style of short story so the model can compose short story that can run
in a new storyline, not repeating in the same place. Development will be done on a Google
Colaboratory. By composing quality short stories without the use of humans, the results of this

project can open many new possibilities.
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2.1.7 Semantic Role Labeling

< o 4 o 4 o
Wunszuum st uasoanne sz UNLIMNIANNKLIBYeI 1oy 1n lumaa o

' ' 9 v v
whlanihnvesdilusz Toa ldungetu Fazsanulszansnmlumsizouives

Tuea

A rare herb that grows once a millenium is

said to grant immortality

A rare<quality> herb<what> that
grows<action> once a millenium<when> is
said to grant<action>

immortality<property>

%] 1 Y ' 9 (2 o . .
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2.1.8 Entity Anonymization
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A rare herb that grows once a millenium is
said to grant immortality. You aren't sure
about that but you do know that herb is very
tasty, and you don't know why everyone
keeps trying to raid your garden once every

thousand years

<ent0> that grows once a millenium is said
to grant immortality. <ent1> aren't sure
about that but <ent1> do know that <ent0>
is very tasty, and <ent1> don't know why
<ent2> keeps trying to raid your garden

once every thousand years
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2.1.9 Entity Reference Generation
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<ent0> that grows once a millenium is said A rare herb that grows once a millenium is
to grant immortality. <ent1> aren't sure said to grant immortality. You aren't sure

about that but <ent1> do know that <ent0> about that but you do know that herb is very

is very tasty, and <ent1> don't know why tasty, and you don't know why everyone
<ent2> keeps trying to raid your garden keeps trying to raid your garden once every
once every thousand years. thousand years
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You're a Werewglf. You begin to transform, but instead of a terrifying Story Prompt -
beast, you turn into a small puppy.
<A0> ent0 <A1> entO eyes
<AO0> to entO
<A0> ent0
<Al> Action Plan with )
<ol cars Semantic Role
<AO0> the hunger <A1> gone 4 ]
<AO0> Confusion <A1> mind Labelmg
<A0> ent0 <Al1> ent2
<A1> ent0 <A2> a nearby puddle
<A0> ent0
ent0 opened ent0 eyes. Looking to ent0 , ent0 found that Entity /
were now neatly clipped. ent0 ears flopped on either side of ent2 L
lazily, too soft and formless to hunt properly. Most of all, the Anonym|zed ]
hunger was gone. Confusion clouded ent0 mind and ent0 tilted Story
ent2 instinctively. ent0 approached a nearby puddle and looked in.
| opened my eyes. Looking to my razor-sharp claws, | found that
y were now neatly clipped. My ears flopped on either side of my /
head lazily, too soft and formless to hunt properly. Most of all, the Full Story
hunger was gone. Confusion clouded my mind and | tilted my head
instinctively. | approached a nearby puddle and looked in.
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Pretrained Training
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3.2 MseanuUUlNAAUaTTHABHMIINNH

-Action Plan
Input Trained

You're a Werewolf. You <V> opened <A0> ent0 <A1> ent0 eyes
begin to transform, but <V> looking <A0> to ent0 ent1
tead of a territyr Model 1 <V> found <AO> entO
;:st ygu.tum :vy'tong (convseq2seq) v o AT aiist
3 [ <V> clipped
small puppy. <V flopped <A0> ent0 ears —‘

Abstract Story
Trained

ent0 opened ent0 eyes. Looking to ent0
anil, entO found that ent! were now

neally clipped. ent0 ears flopped on eithdr,
side of ent2 lazily, too soft and formiess tp
hunt propesly.

Completed Story [
Trained Output

| opened my eyes. Looking to my

{ipep-claws, | found that they
were now neatly clipped. My ears
flopped anreither side of my haad
lazily, t60 soft and formless to hunt
propety

Model 2
(convseq2seq)
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