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[Abstract]

In this paper, we propose a comparative analysis to evaluate the impact of activation functions and
attention mechanisms on the performance of time-series models for Mars meteorological data. Mars
meteorological data are nonlinear and irregular due to low atmospheric density, rapid temperature
variations, and complex terrain. We wuse long short-term memory (LSTM), bidirectional LSTM
(BiLSTM), gated recurrent unit (GRU), and bidirectional GRU (BiGRU) architectures to evaluate the
effectiveness of different activation functions and attention mechanisms. The activation functions tested
include rectified linear unit (ReLU), leaky ReLU, exponential linear unit (ELU), Gaussian error linear
unit (GELU), Swish, and scaled ELU (SELU), and model performance was measured using mean
absolute error (MAE) and root mean square error (RMSE) metrics. Our results show that the integration
of attentional mechanisms improves both MAE and RMSE, with Swish and ReLU achieving the best
performance for minimum temperature prediction. Conversely, GELU and ELU were less effective for
pressure prediction. These results highlight the critical role of selecting appropriate activation functions

and attention mechanisms in improving model accuracy for complex time-series forecasting.
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I. Introduction

sPde EjAoNA U WA sid o 2], Rlqete] 2 obs ChE AMEE, sjEish ofy], ot AP So2 <l
it GAbg mhEe] 4 Al7] B9t ARt mst gqe] & ol S5¢ S4E 2ol o 71 diolEe] a4 E
Aof] Qlom, oF 24A17t 37429] sH& Zojo} oF 2520 M2 7|& ASto] el AFet FEHS Alwstd, =9

A% 712712 700 9lof Al 79t AN U] Jjo] Eaiat 714 AL AlBaolMatn Qi H Ego] St Ol
ARG AN, 2XA|9e] Aot 1A 20 58 54 23 A2 AR A=, AFK] A, Bl AP &34
2 5}40] g AP} BRI 4 PE FAS MRS AL o DAL 9P 9% WAl WA BF 9 5 Aol
LS AARBHH2) 22U o]2idt SAdo e Bstn,  AlHT 4 Qle =7t g divlshs o] B4Rl
SPe ghe 1o} ot AVVFS B402 oo, okt SH0) uMAeln §A V)Y WHe awos
o Bl 2% 7Jest vix] BE, =0 470 olsjeta, AL o5sP] sl B A olEye &
S5 YA & 5 VRS @738 RAJSHL, 2] A 4 Qe wdo] dgsit6]. RNN(Recurrent
o|2|dt 23t A0 B sty 31 EAF 2 Alulx]st  Neural Network) oF7|ElA Q1 LSTM(Long Short-Term

Musk?} o]77=  Memory), BiLSTM(Bidirectional LSTM), GRU(Gated
o] = Wz A=A gt Recurrent Unit), BiGRU(Bidirectional GRU)= o]2st

S 2o85t7 QlH3]. o] Ao MRSt T]. of=fgt RH9 o s> vkl 2

2fgt lﬂj—i% 7]? %@r, K}%ﬂﬁ : KF’ 17k, MAyap ke 7], Fojo Zlojot 2 &ulyiH 4 (Hyperparameter),
24 9] S Aslsfof 5t eF5E(Learning Rate), Attention = Mechanism,

L 31 Moj|A] H]%ﬂ(}itﬂz}] x]:rL F 7Zzx]o] &=le  Activation Function 5 thket Q9loj| oJsf 34 H3FS

ol20o] A7|Ao] &S 9ol WiAo|ch EjA oA A|t  W=CH8]. 56| Attention Mechanism¥} Activation
of RAZH WY Bl e e oIge 330 e Functiong U2 ARE Aelskn 21 st YA
1R YAGH A2 9 7|eA AL 7P SHoA 7 = 2745t HlojEY] EA4SH i/ 2Afsh= RH9| 5

A} ot MERK|o|CH5]. QI7to] AlEo] WQEt B8 %]—} 2ol Jake jFIcHo]

AL ATAS A5 ] Aot dg BEY] =AM . o v ARWER] s 71 olEoll AREElE TRt
ARStet A7} 2835 5H 7|12 OISloP AtxLh o2 234 RNN of7[Elx oA Attention Mechanismi} Activation

o

714 MOXIE(Mars Oxygen In-Situ Resource Utilization =~ Function®] A&Ho] /d-50f] oj2dA JFS U]x]=A|o] Tf

Experiment) 7} So| A193%]3 QIcH2, 5], g BRI slol=atele REG UAolt. ofo] we} 2
spd0] 714 TR olsfshe e wE Bl &Eat o] ARAIME ol2ig BUL w97 9la. cleret RNN B

2o} Alulx]g} oA e Z st 3149 715 x| o of2] Activation Functiong A-8dtil, Attention
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Mechanism®] A& offo] ©g d5 ¥etE Frlsto]
anmel e slojselole Algotuat gt

H AILofjAl= LSTM, BILSTM, GRU, BiGRU of7|€lx]
= Algslo] o) wule %511, ReLU(Rectified
Linear Unit), Leaky ReLU, ELU(Exponential Linear
Unit), GELU(Gaussian  Error Linear  Unit),
Swish(SiLU) SELU(Scaled ELU) & oA 71K
Activation Functiong A-83tch Esh ZF mElofa
Attention Mechanism@] A8 ofXof w2} H=& H7t
stk 22 NASAQ] MSL(Mars Science Laboratory)
Curiosity roverof &&= REMS(Rover Environmental
Monitoring Station)o] 201295E 2022W71X] $A18H
oM 714 ElolHE ARESH sk 3 grieith

2 =Y YAl 42 oh2at 2ot 240 A= ebd
71 oiEo et A%Y A4S dESkL, oM ARE:
H go]E9] HA2] 28} thefel RNN 2519} 514 3
A ARZ AAe] Agsith AgoMe Ad 218 A
Alstal FA5HY, AR .2 bRJofM= ZE5 WL
S AT UFS AR

=

%

II. Related Work

51101
Atmospheric

20209
Modeling

MRAMS(Mars

System)2}
MarsWRF(Mars Weather Research and Forecasting
model)& ARSI 817 2020 HAH|ojfA 2H9] ALF
A7Ql o2 Feolele] A 714 272 oIEsHA.
o] 939 EALS  MEDA(Mars
Dynamics Analyzer) 8] 25E ojzl Ho|gE sHA
ote O &8 Fe Zojoh. AtolME A%, Ul AE(H
¥ A 0%, 90°, 180°, 270°) 9to] Ax71E RALSIF O
o, OP7] ®AlH 2%, 7], 510 5, AR A 59
A, 2 HolHg ZEYsgH. o] A= MRAMSQF
MarsWRF 2Ho] 7|4 2742 Agdshs o aaRds
Hojpglon, o] &l oAz Aol We] 714 =11
= d&ste ol 229 A=dE =%

Priyadarshini®} Puri[11]+= 20219
CNN(Convolutional Neural Network), GRU, LSTM,
Stacked LSTM, CNN-LSTM 22 & cjokst da{d =
e Abgstol aby s dolele FuRoR Al
k. o A7 vlele] 2y ARxlet wae £715p) 9
5 3bg 712 olslst 2ol Fasiths e

Pla-Garcia
Regional

Environmental

ol

ch 7zF 2dlo] M=o MAF(Mean Absolute Error)Q}
MSE(Mean Squared Error), RMSE(Root MSE), 24 #]
SR 22 BAA R wE Bl F7HEdeH, LSTM
odo] 7MY =2 o5 AEEE a6

Pant 5{12]2 20230l 7]A|st5 7ol eHd 714
ol A0 t]x]= AE S ZAFHIT. o] A= MSL
219] REMSo] Al5-<t Hlo]8 g &8sttt A9 &4,
A YR, A2E WE tAl, Y 2 AE, AT
S Ot 7S ¢SS ARgSto] HlolE o] mf
Hat #AS wpofstu At sioict. A1 A}, ehde] 2=
+ ¥sids Holy, £ T HuA F2 Heo W

= 4 [S1515 el e AL B

I 57 5o A &H4
WS ARt £A9
13t Al 7S 221287 ARQle
ol =HE2 obd 714 miE oE5oA
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%A I ATEL BP9 S £E AL
2ajo7] Sl oRt B2 7 R s FhEe
g3ttt Pla-Garcia 5{10]2 =2] 7]89] oj7] ==
QI MRAMS®} MarsWRFE &85t E4 X999 714f &
7S AMM5] o|&st9 o, Priyadarshini®t Puri[11],
Pant 5{12]2 Hai'dut 71Alsks daelEs ARESHo]
a1d 714 HlolBlE A6t o &5ttt 124 ol ¢
= 52 54 22 B 0B A8 1 45 B
7t 242 9hEa 9lon, thefet RNN o7 |Elx el 2
o} g4, offld HIAYSY 28] 2 Aol tRl=
= SYACr vlwsl] FAGHK= AU

2 A oM 71 dF0l Qlo] ©ds RNN 25
(LSTM, BIiLSTM, GRU, BiGRU)} o] 243t
(ReLU, Leaky ReLU, ELU, GELU, SiLU, SELU)9] &£
535 AAACR Hlwshn, oA uAUSe] B0l
25 450 ORI WS WA o] Fa uIHA
2 A1 Holelg T o] 9o} offl = P &
Aok @47t 7Py BRI ot A Stolset
Q2 ARS8, 14]. E3], offld HHYEL] /-7
oE 29 s wets 2o eM, B4k iiES 7H
a1d 714 HlolH & A&st diEsh7] st 2189 25
B AFE AARIH1S, 16].
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» 2] sjol=atel Al Hy 7
23 0] dist PAES Al
A7 U AR Ago| &

Bopo 71 A7) el
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III. Methodology

1. Dataset and Preprocessing

B oA = NASAS] MSL n]Me] ¥gto 2 20129
BH 2022¥71X] Curiosity 2Hof &A1= REMSo] 44
gt g 714 tlolE g AR&SHAITH7]. i HlolEl= gf
g9l 71 Hi'lS olslistal oEsh] At SRt HEE
Als2t.

1.1 Dataset Composition
clol8 Alojl= th3at 22 ¥aso] ZEo] it}
¢ Terrestrial Date: X|G+ E@At2, G087} £4= I}
* Sol: 31 Y(Martian Solar Day)&, &4Jof|x2] Z#t
* Ls (Solar Longitude): B%} 4=+ 2Mde] A/EA Higt=
UEhh= w2, 3P89 24 Al Aok $1A1E 0%
E] 360717 2ju]
o A 2% (min_temp):
LE(IH)
* Z|tff 25(max_temp): SHF SoflA]
. Eﬂﬂ%‘(pressure) g EollA
clol8 A2 & 3,2537H9]

U8 ol AXAP} EAfEIC

ARg]

g £(Sol)ollM £/ 2)A]

S35 A1 22U
=9 1)
5x|2 gelo] glom),

5]

[

1.2 Data Preprocessing
20| HeS ol7] 9ol A5A| A2, BLRd
& AA, 27173 W, gloly et sk 22 AA2] ot
e S3psioich. ASA] ARlolME 2 2E, A &
W71 Haol AEAPE A, ol A9
A}ﬂs}oﬂ BYISTH18]. ol E5] dolele]
#AltL 2edo] shgo] Wit 3 Hole
[t B4 A|AoA= dlofE AlE W
AEA7t WAL 240 Fojulet

Ao

ox k
rulo rulo

tiﬁ

}

=

lor mu @ T

o] ol Q
A =
SE W 2

\=|
=
7 %TL.

—QJQ_‘

o

ako =x| orr}y moksto] A stoict 2714 vkdoj
A At T B2 2718 EAS vHYsh] sl Al

IAK Terrestrial Date), E]Y AE(Ls), L(month) To]

B2 Alelisin)a} BAlRl(cos) 342 WEHIgon], ol
F714 Rl 9eo] ST 4 e wAECH14, 16]
WaE WAt Ch3) 2

* Day_sin, Day_cos: A|t @#to] 2717 9y

e Ls_sin, Ls_cos: % A &9 Z7]4 vty

¢ Month_sin, Month_cos: €9 7|4 81y

tlole} Aol s 298 359 84S w0l 7
Hapo] A7Y Aol g £0]7] Yol &A-Fd FetE A
&sto] B= HAE [0, 1] HHz A6 19]. &
g A el 54 9 % 71% HwHo] Za3t A4 2
T A 2=, gr|ges AAsilth

Axe]d dolels 2de] shaart Hr1E sl & A
v F7E Ao R FEsioitt. gytAel Hlolg 2 WAl

mfe} A1A] HlolEie] 80%E £ A 02 AF&st, Loix]
20%2 B2t Ao FLG0, AA HolE] £4
Tejsto] A7F £AE AlstelA Bastect

O

=2

2. Models and Activation Functions
3l 714 dojele] wlMgA ol Al
gd oz 5] 9Jsf thekst RNN op7|El
oF &5 AESIATHIS, 14]. E3F, 29| %
Hsll ol HAHYUES =UsHATH1S, 16].

2.1 Model Architecture

2 A= 022 Yl 71X] RNN 7|9 225 ARESIC)

o LSTM: A7] 9= 2AIS s Z25}7] sl AA1E RNN
o] gt TF=, 719 At Ao|E &S Foll AIAIZ Tl
olglo] 7] WElS FupAo g sh43HH20, 21).

* BILSTM: LSTMQ] &} jM o2 uiskul odulgk
£ HolElE A2jsto] apAet nl2jje] FEE ©
235F &~ 9lo], ordlsko] wiel Yy 2 EsShslo]
A= TeTH22, 23].

+ GRU: LSTMQ] 7t4slsl vjxlo g, dolE Ao|E
oF 2Al Alo|EE ARESHO] At SRS £0|HA]
T 7] Q&GS S5E 2 18, 16].

* BiGRU: GRUQ] &} vjxl o2 BiLSTMu} UlR7}A]
2 dUFos HolHE A2jsto] A|HAL e o
T2 25 aeTi24].

O
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2.2 Activation Functions
A5} skl AlAgutofA] U ASE £
5l= "|M3 stz gdlo] &k Lain Mo
= 03T 14]. 2 Aol = o3 oA 71A] 2
= vlwsioint. ZF st ool A2 1 10|
Atk
* ReLU: o] 4ol T2 E=stil, S40H 02
gt} Alkto] m-aAoln FajdoflA g2 ARgE
* Leaky Rel.U: ReLUQ] PO g2, 84 Yof| AL 7]27]
£ Hojsto] £2 v ZAIE Heieith
* ELU: ReLU9] TS wesP| sl AL oH, 24

[

w b
lu

ﬂo&l‘i

ook o9k ok

mk’;
ox I

=,

[A1%]

24

Q

Qo] thsh A4RoR asts B MBS
» GELU: Q2igte] €5 £u2 nofsio] Leale uldaly

S A25}0, Transformer 7]8F RElofA] XI5 AREITH

* Swish (SILU): Q237 A|150]c skao] o2 A9]
B, 7202 ABEYoIN st 52 Helth
« SELU: 2izte] £33} W@ Alsks S40] 9lol,
SNN(Self-Normalizing Neural Network)o]] Agtstct.
Table 1. Formulas of Activation Functions
Activation Functions Formulas
RelLU f(x) = max(0, x)
f(x) =
Leaky RelLU {xifx>0
ax otherwise}
f(x) =
ELU {xifx>0
a(e*x - 1) otherwise}
f(x) = 0.5x(1 + tanh(+/(2/m) *
GELU (x + 0.044715x"3))
Swish (SiLU) f(x) = x * sigmoid(x)
f(x) =\
SELU xifx>0
a(e*x - 1) otherwise}

2.3 Attention Mechanism

offld HAHYSS AlEA HolEolA Fagt 230
7HeAIE Folsto] o] Zagt AEd F5E 4 A=
£ ZoRRCH25]. ol RNN 2H10] 5 ol 2atAo]
o}, 53] 71 AJHAY =49 172 5o HlojEjollA &
gslth & AtolA= 2 RNN 258of] offld tiAUE2
Agstel ds Hels Bristith ol tiAYE>
RNNOJ 24 A& &340 7]8tsto} 2} AJ7(Time Step)©]
=S AL, o8 7Hsste A5 &3] vrgelitt
(16, 24]. offd HAHUSEL] A& offo] et 223 &

Tg02 Yol Adstyt,

o ofEId Mg ol (With attention, w/ att) : RNN
offld 2fojojg F7tsto] st Al
VS

» OBl 0]AE =d (Without attention, w/o att) :
7] RNN 2224 ofgld fAYE glo] AAIE b
o|8{ g A=fqtth.

IV. Results

1. Experimental Setup

ZF QE(LSTM, BiLSTM, GRU, BiGRU)oj| tjsl| oAl 7t
A &/438}F 3t(RelU, Leaky RelLU, ELU, GELU, SiLU,
SELU)E Algstgion, offld HAHYEY A& ofFo
me} % 48710 B e At ol S v
opIEN, et A%, ofSA ol UF0] B ko
ulRle Y FEHoE WSl

o=
23 g U3 25 AFe oel 2o
¢ 24 B oPYRIo] BT 8] 24 B2S A5}
AcH26, 27].

+ 2]A3} % 12]%5: Adam SEJUIO]XE AFsIGon,
SHSE-L 0.0012 HAstgITH28].

« 27] &2 W32 ¥ix|s17] 2J5]| Early Stopping
78S Agsielen, 45 &4do] 109] d&4o= 7
HEJKI %e o 643; S ESIATH29].

2E 100% *EW%}?‘;
2eo] 52 oA AN eErHoR ARgE=

MAES} RMSES: A}g3to] #7kstici{15, 30]

« MAE: 05313t ASIZE Ajole] Aozt BRoe, QAL
o] 272 AFHoR LERIC

- RMSE: ©Ate] Al Waol Mg 3st oz, 2
oAt o 2 mdElE Bofsicy

2. Results and Analysis

B dpoAx LSTM, BiLSTM, GRU, BiGRU 2@-&
7¥7 AF835to], RelU, Leaky RelLU, ELU, GELU, SiLU,
SELUQF 22 tofet &/det g4l Jg2 2AIsHT
Table 2%€ Table 77}A] 212} ] A& 2% (min_temp), %]
O 2%(max_temp), 7|YU(pressure)o] gt 2HO] ofj%
458 Uetil= MAESF RMSE ZAHE AlAJsHIL) 2A]
Aoz, Table 2= 4 2% o0 tfst MAE A2,
Table 3& &4 2% of=of st RMSE A1}, Table 4
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L g &% dZ0] tjst MAE Z1}E, Table 5= F|
Q¢ &0 j3t RMSE A2, Table 62 7|9 6jj &0
Oigh MAE Z3}, Table 7:& 719 o 5ol theh RMSE 2
2 wojzth

Table 2. MAE Results for Minimum Temperature
(min_temp)

Model RelU | 283K g1y | GELU | Swish | SELU
RelU

LSTM 2652 | 3.091 | 3.669 | 2.462 | 2.657 | 3.498
(w/ att)
LSTM 3595 | 3.408 | 3280 | 2714 | 3.132 | 3.060
(w/o att)
BILSTM | 3 446 | 2944 | 3.809 | 2581 | 2.636 | 3.741
(w/ att)
BILSTM 15574 | 3182 | 3.010 | 2.343 | 3.241 | 2.848
(w/o att)
GRU

2969 | 2.418 | 3910 | 3.414 | 2.422 | 2975
(w/ att)
GRU

2728 3333 | 3367 | 2761 | 1.967 | 3433
(w/o att)
BIGRU 15972 | 2963 | 3.539 | 3.422 | 3.100 | 3.139
(w/ att)
BIGRU 1 3120 | 3268 | 3.445 | 3.612 | 2.540 | 3.753
(w/o att)
Table 3. RMSE Results for Minimum Temperature
(min_temp)
Model ReLU | Y@YW | £y | GELU | Swish | SELU

RelLU

LSTM 3.809 | 4.155 | 4598 | 3.682 | 3.780 | 4.520
(w/ att)
LSTM 4880 | 4587 | 4363 | 3784 | 4.142 | 4.208
(w/o att)
BILSTM 1) 456 | 4.074 | 4865 | 3815 | 3.831 | 4.819
(w/ att)
BILSTM 1 350 | 4.328 | 4.093 | 3.650 | 4505 | 3.979
(w/o att)
GRU

4054 | 3623 | 5215 | 4779 | 3.602 | 4.063
(w/ att)
GRU 3779 | 4.414 | 4531 | 3953 | 3.247 | 45m
(w/o att)
BIiGRU 4815 | 4028 | 4616 | 4548 | 4217 | 4.235
(w/ att)
BIiGRU 4234 | 4370 | 4486 | 4779 | 3.697 | 4.748
(w/o att)

7F BoX= ofgld oAYES A8t wHl(w/ att)zt
M85 2(w/o att)2] =g v]wato], thoksth &/dst
Sk~ (RelU, Leaky RelLU, ELU, GELU, Swish, SELU)7}
Qo] o= ebdo] vlRl= P2 AT olF F4l
olglld WIAUZY} /g2t el HElo] AIAIE HlolH ofl&
9] dso 2 FFE tFIt: AL Rl BE
iy JW 7]-(min_temp)o] 20| mz} 71 =

o5 = B, ti7]Ulpressure)= 71 2 o

[m]

2 r{m

Mo o

)

QA2 B} o] f7]|¢h ¥Ho] =0
o] 3A AL ]RS-S AABIH

oo=az2

&30l A&

i

Table 4. MAE Results for Maximum Temperature
(max_temp)

Model ReLU | 8% | gy | GELU | Swish | SELU
RelLU

LSTM 4967 | 6479 | 5573 | 5.972 | 5.755 | 6.407
(w/ att)
LSTM 5.831 | 6.177 | 5.918 | 5.783 | 6.511 | 6.767
(w/o att)
BiLSTM 6.287 | 5515 | 6.029 | 5.646 | 4928 | 5.778
(w/ att)
BILSTM 5.482 | 5.765 | 6.076 | 5.431 | 5.861 | 5.165
(w/o att)
GRU

5.247 | 5585 | 7.248 | 6.445 | 5.371 | 6.521
(w/ att)
GRU

5.367 | 5.233 | 6.253 | 6.193 | 5.316 | 6.383
(w/o att)
BiGRU 5.571 [ 5.077 | 4.915 | 6.925 | 5.435 | 5.985
(w/ att)
BiGRU 5.100 | 5512 | 5.348 | 5.854 | 6.419 | 5.387
(w/o att)

Table 5. RMSE Results for Maximum Temperature
(max_temp)

Model RetU |53 | ELy | GELU | Swish | SELU
RelLU

LSTM 7393 | 8.824 | 7.503 | 8209 | 7.948 | 8.681
(w/ att)
LSTM 8118 | 8263 | 8313 | 8138 | 8721 | 9.290
(w/o att)
BILSTM | 6 018 | 8.037 | 8.464 | 8.171 | 7.258 | 8.269
(w/ att)
BILSTM g 010 | 8362 | 8.623 | 7.770 | 8242 | 7.557
(w/o att)
GRU

7.668 | 7.994 | 9.335 | 8399 | 7.547 | 8.860
(w/ att)
GRU

7.854 | 7541 | 8578 | 8.400 | 7.421 | 8.506
(w/o att)
BiGRU 8750 | 7.510 | 7.209 | 9.346 | 7.532 | 8.287
(w/ att)
BIGRU |5 449 |8.037 | 7.800 | 8.107 | 8.849 | 7.765
(w/o att)
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< 2/Jat eo vlsl gi7]e) oflFoA W2 g5 B
t}. BiGRUOA = Attentiono] &AJatel AFEoflA] Leaky
ReLUZ} &]A] 7|2 oi5of|lA gdet A5(MAE: 2.963,
RMSE: 4.028)2 B, Oj7|YollA= GELUZ} 7P =
2 QAFS YEYIIT

Table 6. MAE Results for Pressure (pressure)

Model |RelU | 62X gLy |GELU |Swish | SELU
RelU

LSTM 1 19,434 | 23.995 | 25.529 | 27.332 | 22.675 | 16.999
(w/ att)
LSTM 119 034 | 24.494 | 23.319 | 30.550 | 18.741 | 20.414
(w/o att)
BILSTM 1 55 678 | 19.956 | 18.809 | 18.463 | 20.866 | 27.509
(w/ att)
BILSTM 11, 934 | 25,050 | 22.350 | 21.686 | 28.624 | 24.499
(w/o att)
GRU

15.215 | 21.616 | 15.615 | 37.536 | 15.827 | 22.893
(w/ att)
GRU

14.304 | 16,040 | 19.221 | 31.179 | 24.216 | 14.317
(w/o att)
BIGRU 150 676 | 15.631 | 16.661 | 25.378 | 20.488 | 19.101
(w/ att)
BIGRU 117860 | 15.661 | 17511 | 33.691 | 23.458 | 20.092
(w/o att)

Table 7. RMSE Results for Pressure (pressure)

Model |RelU | 62X gLy |GELU |Swish | SELU
RelU

LSTM 1 54371 | 31.024 | 34.633 | 37.298 | 28.293 | 21.057
(w/ att)
LSTM 1 03 666 | 31.241 | 30.925 | 42.272 | 23.059 | 25.576
(w/o att)
BILSTM | 4 358 | 24.226 | 23.956 | 23.557 | 26.201 | 34.812
(w/ att)
BILSTM 151 006 | 31.297 | 29.728 | 27.878 | 36.909 | 36.026
(w/o att)
GRU

19.167 | 30.255 | 19.659 | 53.934 | 20.161 | 29.773
(w/ att)
GRU

17.639 | 19.552 | 24.797 | 41.667 | 33.211 | 16,963
(w/o att)
BIGRU | 5 514 | 18.913 | 21.157 | 35.597 | 26.216 | 25.594
(w/ att)
BIGRU 1) 808 | 19.689 | 23.137 | 51.600 | 31.256 | 25.489
(w/o att)
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V. Conclusions
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