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Abstract In this paper, in order to obtain the optimization of the RNN model used for sentiment analysis,
the correlation of each model was studied by observing the trend of loss and accuracy according to
hyperparameter tuning. As a research method, after configuring the hidden layer with LSTM and the
embedding layer that are most optimized to process sequential data, the loss and accuracy of each model
were measured by tuning the unit, batch-size, and embedding size of the LSTM. As a result of the
measurement, the loss was 41.9% and the accuracy was 11.4%, and the trend of the optimization model
showed a consistently stable graph, confirming that the tuning of the hyperparameter had a profound
effect on the model. In addition, it was confirmed that the decision of the embedding size among the
three hyperparameters had the greatest influence on the model. In the future, this research will be
continued, and research on an algorithm that allows the model to directly find the optimal
hyperparameter will continue.
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T39] Fig 12 SimpleRNNS] 71:24Q] -2 0[cHg].
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h,—,  output of previous timestep
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h, * output
h, = tanh (Wyh, _, + Wyx, +b,)

Fig. 1. SimpleRNN Layer
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Fig. 4. Structure of Model
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No Document Label
0 400101 Arecord of the genealogy of Jesus Christ the 0
1 400102 Abraham was the father of Isaac, Isaac the fat.. 0
2 400103 Judah the father of Perez and Zerah, whose mot... 0
3 400104 Ram the father of Amminadab, Amminadab the fat. 0
4 400105 Salmon the father of Boaz, whose mother was Ra... 0
5 400106 and Jesse the father of King David David was 0
6 400107 Solomon the father of Rehoboam, Rehoboam the ... 0
7 400108 Asa the father of Jehoshaphat, Jehoshaphat the.. 0
g 400109 Uzziah the father of Jotham, Jotham the father... 0
9 400110  Hezekiah the father of Manasseh, Manasseh the .. 0

Fig. 5. Data set(header)

No Document Label
T4z 432116 Again Jesus said, "Simon son of John, do you t.._
3743 432117 The third time he said to him, "Simon son of J...
3744 432118 Jesus said, "Feed my?sheep. | tell you the tru...
3745 432119 Jesus said this to indicate the kind of death ...

3746 432120 Peter turned and saw that the disciple whom Je...
3747 432121 When Peter saw him, he asked, "Lord, what abou...
3748 432122 Jesus answered, "I | want him to remain alive...
3749 432123 Because of this, the rumor spread among the%br...

3750 432124 This is the disciple who testifies to these th...

o o o 4 o o o 4o o oo

3751 432125

Jesus did many other things as well. If every ...

Fig. 6. Data set(footer)

A, 1549 tolHE 5711 S5E HolHE
EIAESE| Yote] HA9] 75%% 2,814
olf & 1L, UM 25%<1 938702 4
£ {lsto] &Skl

A, RNNQ sl=golol= 4 dlolE 9] dolq
H w3 JFS A7 9= LSTMI EmbeddingC & +
goto] HdS LS 29 Fig. 7 8T
RNNEES vt Zlofo

flo nlo



M 3b

RNNZZO|A SO|TIRHIIE] Half M2 Hal=ot &4 o

oIr
AT

[e)3

Ho] wsjo] e} &Alm Hokwst Wskske 2

flo

mode! . add( layers.Flatten()) _ _ N =
s gt 1 4 a0 ) % gk A9 dolHe B AT Uniro] 16,
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Laver (type) Output Shape Paran # lﬂ] _%]Zﬂ'i}-ﬂ- O]“T“ﬂﬁ‘g—% ?—:'].— ‘/l\‘ %‘J;}

enbedding_| (Embecding)  (Mone, Mone, 400) 1467600 Eo] ok SF &A1} A3 o] £
Istu_2 (LSTH) (Nere, 16) 26688 2 129 Fig. 8, 99 Zo] It

flatten (Flatten) (Hone, 16) a

dense (Dense) (Hone, 1) 17

Total params: 1,494,305
Trainable params: 1,494,305
Non-trainable parans: O

Fig. 7. RNN Model
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0 T T T T T T T T
25 5.0 75 100 125 150 175 200
epochs (times)

Table 1. Change according to hyper-parameter

Batch i :
Unit . Embgddmg Loss Accuracy Flg' 8. Loss of model
Size Size
200 0.6371 0.7745 }
300 0.6939 0.7654 Fig. 814 & 4= Q10| wthdo 2 REH Sk H
) 400 0.6398 07923 o9} HIAE tlo]Elo] &Alo] QAR AGkS Holn
500 0.6803 0.7836
5 5k71 01©.9 o} A 0]
" 600 0.6645 0.7973 Tr-’]ul"]'}" ‘l‘u"]'—l— rE= 2 T /v\qT
200 06721 07813
300 05977 0.7904
64 400 0.5079 0.8273
500 0.5934 0.7996 os
600 0.6328 0.7859
200 06103 0.7585
300 06216 0.7904 08
) 400 06718 0.8018 ]
500 0.8087 07676 i
i 600 0.6441 0.7904
200 06117 0.7881 I
300 0.6020 0.7767 ol
64 400 0.6899 0.7790
500 0.6467 0.7425 25 50 75 100 125 150 175 200
600 0.6492 07972 epochs (times
200 0.6598 07835 ) .
300 05837 07904 Fig. 9. Accuration of model
) 400 0.6057 0.8018
500 0.6220 07927 Fig 99] AL £ u} &2 02 3k fo|get gA
600 0.6541 07972 .
64 200 0.6206 0.7835 E tjo]g]9] FYLT} Aokl Y= FEHE Eolal 9lo]
300 06155 0.8018 2 A79] Hojget 1Elo] A=gE Hojal Slth
64 400 0.6205 07882 - 7] —
500 08753 07722 A, oA gRlE sto|mjnlatn|E Q] Weto] ut
600 0.7435 0.7836 £ 249 &4n AL s 929 Fig

10, 113} Zth
#]9] Table 194 Holz v} Zo] Sjo]wutain|
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accuracy
0.9

0.8 e e FRES
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200 300 500 600
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Embedding Size
—16unit-32batch—16unit-64batch—32unit-32batch

—— it-32batch it-6abatch

Fig. 10. Accuration comparison table

919 Fig. 10014 Z2+9] stolujutetn|g Figof wf
£ A ¥} Fol= TP o Yt Izt 7}
7} 4793t HElE HolW Embedding Size?} 40074
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Embedding Size
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Fig. 11. Loss comparison table
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Table 2. Loss and Accuracy per Unit

Unit Loss Accuracy
16 0.5079 0.8273
34 0.6020 0.8018
64 0.5837 0.8018

Table 2014 Yehd 2 Zo] Unit?] 7i5o] @2
7+ A Ha 2487 Ao BT Unit] 787t
1670 o 7H8 HA3kE g UEia itk ol=
Unit®] A57F S71845 &4 29 48]
oS veilie £ 2o HF3kE Unite] =
16719 &= A

th2-9 Table 33 Table 4= Batch Size®t
Embedding Size®3tol] mhE &47} FEr s Hehd
o]},

Table 3. Loss and Accuracy per Batch Size

B;i?;h Unit Loss Unit Accuracy mRaerk
16 0.6371 16 0.7973 o
32 32 0.6103 32 0.8081 o
64 0.5837 64 0.8018 o
16 0.5079 16 0.8273 o
64 32 0.6020 32 0.7972 o
64 0.6205 64 0.8018 o

Table 3004 Yerd v} Zro] Batch Sizew &
9] &4 A= E Yl o] A @A 1674
9] Unitg 7H F2tolA SLsHA Y o 3¢
AA] FYRE Unitt7tol] 322 & & Utk ol= Unit
o] Fagol| m F&52 UL YEhdth

t}29 Table 4= Embedding Size Fdol ©E
£A3 Lo Wk eIt Aol

Table 4. Loss and Accuracy per Embedding Size

Embgddi Unit- Loss Unit- Acouracy Re
ng Size Batch Batch mark
200 16-32 0.6103 32-64 0.7881 X
300 64-32 0.5837 64-64 0.8018 X
400 16-64 0.5079 16-64 0.8273 ¢}
500 16-64 0.5934 16-64 0.7996 o
600 16-64 0.6328 2‘21:3‘21 0.7972 X

Table 4014 UrER vte} 2] H2s1E tehfs
F7H04 9] Sol izl wule] AAHS 5L
e}, 7zke] 77b HAs) e A 9l Unidt
Batch Sizeo] Q8-S ¥ Qe 77l0] WATS & 4
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