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Abstract

Online communities are rapidly developing and have become a part of modern life.
However, due to the complex composition of community members, disagreements often lead
to unrest. Furthermore, the rapid spread of sentiment in online posts can affect the community's
overall atmosphere and even lead to its gradual decline if managers fail to detect it promptly.
Therefore, understanding member sentiment and developing effective countermeasures are
paramount to maintaining the long-term development of these communities. While manual
review of community posts is feasible, it is clearly insufficient. Therefore, using machine
learning to automatically detect sentiment in community posts has become a viable solution.
To address this, this paper develops a multi-layered, multi-model sentiment detection method
based on the sentiment hourglass model and employs deep learning to accurately predict the
complex emotions in social media posts. Unlike traditional approaches, the proposed
architecture consists of two layers: the first layer constructs binary classification models based
on various traits, combining them using continuous filtering and balanced filtering to improve
the accuracy of identifying positive and negative polarity in articles. In the second layer, we
propose combining multiple binary classification models using weighted averaging and voting
to further classify the outputs of the first layer, generating a more refined sentiment score. To
validate the effectiveness of our proposed approach, we conducted experiments using real-
world publication data. The results demonstrate that our proposed multi-layer, multi-model
architecture outperforms single models or intuitive multi-classification approaches. The
combination of continuous filtering and weighted averaging achieves the best accuracy, with
an improvement exceeding 20%. These results not only validate our proposed approach but also
serve as an important reference for website management.
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MU N wE BB » 16525 Max-Count) 2 F-35;%(Averaged-Outcome) © 7 1%
B 40 A 75 e (Filtered-NP) B2 7 =((Balanced-NP) 2 5 5 7777 Jig 221

=~ BTS2 AR ZERE S ST (Multi-model frameworks for the resolution layer)

A48 = FEFRAT TG Z5HS- NP-C3 ~ NP-MaxCountEiNP-OAvg = Hrft » NP-C3 /5
RERAFE 5152 » NP-MaxCountBINP-OAvg Il ks 18 &2 SR J75% « fEARRfT » 55—
T (537 T ) H I et P — (8 B — — S T M ) > DU RIS B M B IF - &l
4 < ILAh S TR T % R D-SE » TR BB (TR E DA  TE —E (%
BB )6 FHSZEHE « 140 » NP-C3{YFE— B — oM - % BRI A=
SYAERER .
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(—) NP-C3 ZE#E
DATE it A B AT 200 > B CE R S SR A P ST 40
SHEE9 > BEILY TG BB EEAIME) SRR ST BT
JEE HIIfEE P — (= 5 SR M Y, M Sy I E ~ RSO EE 5y B (+3, 42, + B3, -2, -1) -
BREHRAE S, DU BNP-C34aRE o [ uliZeks > (BEReEA T
(a) IBHHEREL SR 2R TE & RN - 2R E RS 3 M

FH]

HﬁJ—/\

<IN

+1l +zl +3l

[&9: NP-C3Z A E (G TR NI (B 4E)

FRUERS 7 I (R R RE Y o B = SRR & - ANIERRAE(ES -

R TR BRI T AR ERE - BRI o S BIATIRAIL MOSREIR - RIERALREE
2L MO = 1#M@+2¥M® o

\ 3 33

(b) Z&f0 - EFM, ™, My
YRR
(2.3)%F) » BB EMERZ I E

S RIERE - ARG SORHE H 55 A R AT 2 5

=

PRSI - e AR NIRRT - RS CEN
ST ] RER R oy AT IR A& B (B120(-3, -2), (-1,-2), (1,2),

o 5EF 3 EBER - MY, MO >
YRS IR 2 (4 R LRy 0.52 B 0.45) < $PAMEVTS > 32 3B ricsE s
(2 R [E12(0.06) » BEZK+2 JARIA BHEERHA R+H1 B+3 o M BEiE b
BRI, {ELR 43R 2 i P B [ S R A

RIZRRE > 20 = T 7y
fift Ry R 2 (18l — oy JRRA RIS K, - B Al S HAUA (RS - s LGB =S > P
74 B TER TEOHIAS SR -

#3: (i ) Bl—BER TR/ T3 5008 (17 (4540 Introspection)
(b) [EFIM S S TEB S (-1,2,-3) 555

(a) [FEFIMSD M TIE3 500 (41 ,42,43) 2 48R

R~ Precision | Recall Fl-score | Support R~ Precision | Recall | Fl-score | Support
+1 0.51 0.85 0.64 375 -1 0.60 0.49 0.54 375

+2 0.38 0.06 0.10 375 2 0.35 0.53 0.42 375

+3 0.55 0.65 0.60 375 -3 0.48 0.31 0.38 375
Accuracy 0.52 1125 Accuracy 0.45 1125
Macro avg 0.48 0.52 0.45 1125 Macro avg 0.48 0.45 0.45 1125
Weighted avg | 0.48 0.52 0.45 1125 Weighted avg | 0.48 0.45 0.45 1125

12
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(Splray R SLRE

! !
I N S B I S B B

2 2 2 2 2 (2) (2) (2) (2) (2)
[ MISI)PZ]( MI(Jl)P31 ( M}SZ)PQ] ( M}EM)NEJ (M:(vzl)m] [MISZ)NQ] [ Mplpz][ MP1P31 [ MPZPJ [ MNlN’J [Mﬂ(‘le)m] (MNZM]
02 03 | o4 05 06 o1 02 03 o4| 05 06

Count{oi) Count{oi)
output output

+ +
(a) NP-MaxCount 41 (b) NP-OAvg 424

[E10: ABFEfR 2 R AT 15 S TN

(Z) NP-MaxCount ZE/%

DR ME AR R 7 ST TG 28 - NP-MaxCount » HRFEE 5% i 5 (6 — 43 SEs A
HEILE I ShE AT E A RSB - BB E10(a) 0 LRSS — TR MY,
GG BIEE T S TR A N E TR » A5 R A ME,, Moy,
Mo AR IEREAEE My Miodvs Miows FIFE LS AR B AR » Harft > My B
AR SO S 4 (EBRE Bamb - M e, 2 B H  EP 1 (+1)ERP2(+2) » MRS
{8 FE R aBIb I R TG - SRR RS REANZRAFTT - Horh M$, 8aM ). BRI
(B EL Y DU (755 T 720.84) » ETEBR B S5 E.(+H1,43) ~ (-1,-3) B EL AT 4H & T2 5 5y 3
{ELEBETT S > FAR MR > BERFURE B = SV ERA (S5 23) o $BIL » & Sraal IR
g EmEME,,, MP, . M), s e a] g A A DL R AR 2

M%) = {(01,02,03)] 01 = My, (%), 02 = M3 (x), 03 = M5y (%) } (1)

={(1,1,2),(1,1,3),(1,3,2),(1,3,3),(2,1,2),(2,1,3),(2,3,2),(2,3,3) }

TRAM o PTEE 3R » 1,283 (E A REAH & g HHERS N - Ry T ARG &8 = EFEA A -
MaxCountif P SCEEAE = (5 A0 ) o HH R A 20 RV EL R et I S (B /2 AR 550
JUEBR B4 E - R SR REETERY] B SCERRE R IERT - H AR &AM o R 0 K
ZRIPM ou R © Mo /VEII T Z STER EEH & » HRHETREAM o i1 E -

Moui(x) = { (04,05,06)| 04 = M2, (x), 04 = M2y, (%), 06 = M52, (x) } ?)
= {('13'15'2)5('19'17'3)7('17'39'2)9('19'37'3)5('25'19'2)9('25'19'3),('2,'3,'2),(-2,-3,—3)}
EA Mo S FEAREAYAHE A gEAYMaxCount&E &g H AIF ST~  lHFEH EFEaIH1 »
6 8 FFI MaxCount 5 MPou () » fB (8 1 5 45 51,2303 2 B4R & & 208 « 7
(1,3.2)(2,1,3)4 & » AIREEREIE - Al B E B E SR - B - Bt
MPou(x) » MaxCountA7NVA M [EIHVGEF(2HF R T HE)
FRANP-MaxCountZEHEEIEFTRE » HEEBHBAIZOFTT: « S — RIS Bl
G 4E I dim » S5 I M () B A2 HL 1 (E polarity (line 2)« #3255 - AR 43 71 LAp_modells

13
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2in_models I HY = {IEH A (line 5-6)#E1 T HIBIFEEERYH]A] - Fpolarity 51 - Al Lip_models
th Z(EfE RIS S EEpHET T30 > A4F Apdictdi(line 8-10) - Fpolarity /-1 > Hil#n_models
T = (BRI AT RIS AT Andictf (line 13-14) < fizfk - LA AL S GE R E Pl
TEé{Eev(dim, p) » EALMECAREREATT: BEAR X AR TSRE Al (B = A > (H
ZEWTERREZE S » INIEAZREE B 2 — o A R SRS R E iR 1 46 H - WIRE
FET A e -

R4 BAE o IEAL Z YIRS FE(54E 4EE: Introspection)

Models M@p1py M@p1p3 M@5psp3 M®nine M@ M®ons
0.67(P1) 0.82(P1) 0.59(P2) 0.56(N1) 0.84(N1) 0.63(N2)
Precision
0.63(P2) 0.75(P3) 0.55(P3) 0.54(N2) 0.83(N3) 0.60(N3)
7 5: DIMaxCount;E4H & 2615 8 i ) DU E S X 2 1B 45 1
MPou(xx) @,12) | 1.13) 1,3,2) 133 | @212 (2,1,3) 232 | 233)
MaxCountifi - 1 1 {1,2,3} 3 2 {1,2,3} 2 3
MPNou(x) (1,-1,-2) | (z1,-1,-3) | (-1,-3,-2) | (-1,-3,-3) | (2,-1,-2) | (-2,-1,-3) | (2,-3,-2) | (-2,-3,-3)
MaxCountiigy - -1 -1 {-1,-2,-3} -3 -2 {-1,-2,-3} -2 -3
76: NP-MaxCount 424~ 8 {F )7 A2 R 1505
1 function NP MaxCount
2 INPUT x: a text string to be classified
3 INPUT dim: the considered emotion dimension
4 INPUT Mpip2, Mpirz, Mp2p3, Myinz, Myinz, Mwowz: sub-models
5 OUTPUT ev: the emotion value of x in dimension dim
6
7 polarity = Myp(x) # would be 1/-1 for positive/negative
8 pdict = {3:0, 2:0, 1:0}
9 ndict = {-3:0, -2:0, -1:0}
10 p_models = {Mpipz, Mpip3, Mp2p3}
11 n models = {Myin2, Mwinz, Mwons}
12 ev = 0
13 if polarity == 1:
14 for model in p models:
15 pdcit[model (x) ]+=1
16 ev = max (pdict, pict.get)
17 else: # polarity = -1
18 for model in n models:
19 ndcit [model (x) ]+=1
20 ev = max (ndict, nict.get)
21 return ev

(=) NP-OAvg Z2jE
FrMaxCount;EZ5h » AR S5t 2 55— Tt g (L HI 2R A%-O Avg - 2 1E[ 10(b) » NP-
OAvgfif -2 — 7 iH I 8 & BT A BINP-Max CountAH[] > {HFE S5 URF S AR A it

14
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TP o BEITS o ESrE MR BEEME,, M, MO G > B E 5
A Fy01, 02, 03 » RISCE 2 IE4EERF Ky (01 + 02 + 03) /3HIUFE T AR 2 G55 - 5 S A4
B BIBMS 0 MPs M Dys 2 Bittiod, 05, 06 T « IL5h + B TR
RIEIRUEE > 78 o] 5 Hg AT IR T - S IE 2 = (AR B 5 E fyrlir2:r3 > H|
NEXHIIE4EEFERE B0l 11+ 0212+ 03-13)/(r1 + 12 + r3)E(E& (04-7r1+ 05 12+
06-713)/(r1+r2+1r3) « BT - $H¥ CFx 2 M Ky I1E H(01,02,03)=(2,1,3) » #55%
rlr2:r3=1:2:1 > HIERK T BEEE B2 1+1-24+3-1)/1+2+ 1) =1.75(VUH A%
H(2) o BysREEE » A% 485 DL NP-OAvg(rlir2:r3) FEF r1 ~ r2 ~ r3 B s fE s > NP-
OAvg ZEf# - Bt OAvg SIERIZERENGHEIERIE - SB2ER 7 IV 2 EHS - i
A TR A E - PR EE A

%27: NP-MaxCountZEt# 7 S {E A2 RE #Ei%

function NP OAvg

INPUT x, dim: the text to be classified, emotion dimension
INPUT rl, r2, r3: three integers for assigning model’s weights
INPUT Meipz, Mpips, Meop3, Myinz, Myinz, Mwonz: sub-models

OUTPUT ev: the emotion value of p in dimension dim

polarity = Myp(x) # would be 1/-1 for positive/negative

ev = 0

O 0O J o U b W N =

if polarity == 1:

ev = (Mpipz (X) *r1+Mpips (X) *r2+Mpops (x) *r3) / (r1l+r2+r3)
else: # polarity = -1

ev = (Mymnz (x) *r1+Myns (x) *r2+Mweons (x) *r3) / (rl+r2+1r3)

e e
w N P O

return round(ev,0) # Round to the nearest integer

58: MaxCount, OAvg(1:1:1), OAvg(1:2:1)55 = fEfENTE 1734 Fh#k

Mo (1L,12) | (1L,1,3) | (1,3.2) | (1.3.3) 2,1,2) 2,1,3) | 232 | 23.3)
MaxCount 1 1 {1,2,3} 3 2 {1,2,3} 2 3
OAvg(l:1:1) 1 2 2 2 2 2 2 3
OAvg(1:2:1) 1 2 2 3 2 2 3 3

R T f# OAvg kBl | — i $2 tf &~ MaxCont /% HY Ff & 7= £ » 32 8 41| MaxCount,
OAvg(1:1:1) &z OAvg(1:2:1) =& J7 ¥ A AR A H 4H & (Mow) FTEEAE VB 481E - F5F8
HHEC S, » hpe R ARG GEE R o] - HAE IR v i 2 A4 (E - 25 R0Avg(1:1:1)7]
AEETE > BAMaxCountAH#L » Hfg A2 2 5L o E EMouwbs(1,1,3)FF » MaxCoutigiiH &y 1 -
MmOAvg(1:1:DHATEAFT 5 g2+ PG L ERAE(1,3,3)8 > HEiFMaxCoutiigi i3 -
MOAvg(1:1: DRIAFE M H2 < $72(1,3,2),(2,1,3) “4H4H & » MaxCout R S A E
MAEREZENE S —E - (HOAvg AR E B IEQ2) » B EATAL RN ECEERIEGE
OAvg(1:1: ) EAEER R EIE Q)R - FEFF RS MAT g {2 A S 2R T - M oaiseHY
Tl E 153 o EERHOAVE(1:2: DI » HINEAFEE — (EfEAIM @y p 2 B HHIME - 400 —2K >
B MouFs(1,3,3), (2,3,2) » HAERG G HF &R R 3(BLOAve(1: 1: DAY [E]) - #aE ~ » RN

15
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BRI EM O T8 » 8 MO st EBLRRTRIRENSO) - EE RS S
et - BEVSTIEFINS - GO T IRIEAE AR » SO TR R M 1 -

Vg~ g2 R 2RSS E (Multi-model frameworks for the dispatch layer)

FHS SCEARME (M R — RS > A B e Z B0 > (AL E—6ifR 21544
TEHIZEE AIMONe SR E R 1% 48 77 M 2 R B (S — T R @) » 2RI » FRAM T3 B TE A
PR (- JE S AR > RITRAA(SE e At ) OIS B S S 2 (e B4 K ) Ay 7
SIES TR o 40 > FEMCnp BRI 7 BERER 585 % » HIIREEE H B 1% 1Y 51 (65 H5) 45 A ITREE
#85% o TERTAMINTSE [ 113835 » SRS Gk S AR AR - mTEE A S fER
A ERIERS - ERe LS B AU E - (R AREET T s a RN - & bl
R AR AUTFTINRERR OIS - 720 e s PR AIZEA - Filtered-NP
iBalanced-NP » DLE B —M@ e8I DB (5 AR R SO 2R ) 7) -

REMISCEE

5y e
l_$_l

[ M) [ M)

[ MNP(3=1)1 [MNP(1:3)]

Neg

v

(a)Filtered-NP #2484 8 24247 (b)Balanced-NP -1 i & 42k
[ 11: AHHTEERES . R R AR CHI Al S & TE B )

(—)Filtered-NP B 4EHIEZEHE

2:7%1E11(a) > Filtered-NPZR A by S{l — 3 A FTAH AL > 73 HIZMne(S:1) » Mne(1:5) »
Mnp(3:1) » Me(1:3)B2Mne(1:2) « Fot > Me(rlr2) ZoR EAR PRI RL 2 1F ~ SEllsf s
Fobb Rrlin2 « ZFISRERIECELRIS 8 > SRS E R E BN IR A FE R EE (25 %R
9) o AR B AR AR o e T
() EAIEH Z Mne(1:DAHEE - Mne (5:1) G E & Z IEEB G TEHIEE - (HER B 15
Z TEIAIBEA 250 - MM > Me(1:S)E R nE S E R R A TR - (B4R
fHente > TETEETEM - [N » AAE 5 I LA Me(S:1)ER Me(1:5)#ET ST TS > 55
EELE Me(S: DIARTHE Ry bt - RIREHERIE Ry Pos - ANHEITIREMAE - &H - HI
A HH Mne(1:5)HEFTER (M s R Ry Sk » FUGRFELER S Fy Neg » B SUAE ]S
AR AR i SCEEAR Y > RISSET Me(3:1)EE Me(1:3)AH A -
16
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(b) Me(1:3A0 Me(1:5)FEI » L IF FIRAE TEORIA RIS 6 - &S 4ETEONAIEE B4t - (o)
B > Mie(3: )82 Mue(S: D) IRASEDNRIT » BRIEE » 25 A8 ERiér o5 i I — Rt 4
SE_E— PR A A 2 S0 -

(c) 45 F MU R AT (S e E A - FIIESO P Mive(1:2) BB 5348 EFS Mive(1:2)
SIIE - i HIFIRAE R - BRI R e — (B (SR -

H DUBTEEHET IE SRR IR o (T EL R 3 3 (L — AR e » DU A

R4RERER > F5 [ ] EE 4 Filtered-NP-C3 ~ Filtered-NP-MaxCount » Filtered-NP-OAvg S 424 -

%9 DI R E R ACEE S A A R R S RE R

NEERBCEL 2 5 Precision (Neg) | Precision(Pos) | Accuracy Data size
Mar(5:1) 0.85 0.95 0.90 2250
Mye(1:5), 0.98 0.80 0.87 2250
Myr(3:1) 0.85 0.94 0.90 2250
Mar(1:3) 0.93 0.90 0.91 2250
Mnp(1:2) 0.94 0.87 0.91 2250

(Z)Balanced-NP M4 {E HIZE 2
Filtered-NPA2 {5 FH e 4 8 5 2T S B 48 il HAREREIRA FIA P ORI

R ERFEAE A — RS EA RIS - o g RSy H R B En[1] - HEER I

A R S — S B i #7155 A-Balanced-NPZEkE » DL SR A58 M0y 5 2o A K RIS 22

HIEEESE - 275E 1 1(b) 2 2= #4(E - Balanced-NPHYES— @ /s FH STEAAYFTAHEY - 3 A1 £y

Mnp(5:1) ~ Mnp(1:5) ~ Mnp(3:1) ~ Mnp(1:3)E2Mnp(1:2) o KN[EIFA LR E - FEARRERT A F]

03 Fs = {EIPEES:

(1) 55— B Ry (o P —(EEHEAEAL Me(S: 1)1 Mne(1:5) 73 Al TEHIS & 2 Al o5 e (s
IR HIRIEE SR (d1=d2)MH[E] - RTEREEA T — (i g) 2 BeE g E A - 5 &
[F(d1=d2) » AIFERAHEA T —F& B 2 AR AR o FLPEEL ARV ES s R T R
Mne(5:1) 82 Mne(1:5) 73 BTN TE G 4 B &1 48 A s 2 TEORIREIE - 25 —FHYH 45 R
ANE] - AR E PR — (AL E R Y o DRI R [EI S EE - I s
ACEEHEN T —FE BV HIRIRAR -

(2) TEEPEE T > [FEIREEH S EER Mae(3:1)FT Mae(1:3) 53 B FEHIE RIS EE 2 ik
P = WIRITATAE » Map(1:3)EEATE Y S 4 S s 2 ATHIE R SR 20 Mae(1:5) » {EEAIE
T Z AR AN > Me(3:1)82 Mne(S: DL EHILIRE AL - FEIEPE s — (1
A AR [E] (d3=d4) » R E A O AE AT — G (AT E) A5 i dhas - AR
ARIGZE L Feie—PEEHIA] -

(3) TEE =FEE: > RIILA Mne(1:2)fEBHEFT YRR » PR FH Hm (U5 S (R 45 5 -
EiiFilterd-NPAH[E] » Balanced-NPZEt i] B3 3EHE H 2 S AEMENT B ALAE SR 1 - #ELL T

4:Balanced-NP-C3 ~ Balanced-NP-MaxCount - Balanced-NP-OAvgZ 22 57 53 JE 2044 - i

P ERRYTEE 0 T T AT R R Y R S AR T 20 RS R RG  tEHEE

HEMRGEMUEZ 2R - NS ITESAR G TR E kRS EeE - X T

ST AL B -
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B - HERERHEN

Fo 7 BRa8 A FE TR T A2 ARUE > AREIERA EIRESCE R ETE i - (EEER
AR RS RN ERY o e AT R AR & o PR FlRG T S R IR S TN
B AR B A 2 -

— HERECE

AR A9 o B R FARIMDB RO RS A B8 - LRI Fh AR
P AT AR IMD B B A Tan S A T A - ZERMIESE 60 550,000 5T 20R) -
%E@(Posmve)ﬁﬁéﬁ(Negatwe) TR - Ho TS 2R RS 525,000

ISR Y J7ETYS 915 G S A DU R Lt B

r%%%@g% PR S RIEE TR - (ORI + 5
L 75 93,6005 AT - SRS » A BRHHRI e AL AR
T A R B PTG B 25 S5 Gemin o GPT-
3.5-turboBHGPT-4-turbo-preview % = MEFSUIIAR A e (TR » fifé FVENLFFI B\ T e i 2
/N ASERY o LB - ASHEZE R FESORRI2DFT L Yelp 3 e R B 4A RO AR (JE3665)
R » R e I RS A TBEE - Yelp Review BB HaTan s
FERAE Y ABIETARE - ORBURREA - MERASHHEE -

F10: £ ATEEERS G AR T > 2 R GRS RMSE)

Dimension/Al Models Gemini Pro Gpt-3.5-turbo Gpt-4-turbo-preview
Introspection 1.47 1.24 1.02
Temper 1.77 1.47 1.37
Attitude 1.72 1.24 1.11
Sensitivity 1.58 1.30 1.13
All(Z B4R aR) 1.64 1.32 1.17

PRI » AR TR T AR GRALR S i AT 5 48 VIR R I E A 1 45T -
Rt - BEEERTAHIT G 46 T BV RAISL @ (HH 7B S BIE SR - ks
RZ LR 100 » Horp B (E fy B\ TAR SR 2 RMSE(EY NERET) » FR ] Al » $HEI
TEIF4EHES - GPT-4-turbo-preview Z I A+ ‘P HIRMSE(E1.17 - (It » A TF PR HGPT-
4-turbo-preview HIMDBERHE B TIH4E T - A5 FHIMDBE R EH 22 25,0008 &
FHETER(EE%12,500%)  SERiEs & nl R &R 2 BB IR 2 2 IO E e &
(&4 BARTEAR FEIFEE3F3) o EILSEFIERET - AHEERFH Googlef2 i 2
BERTHf » {58 FHAYRCAS Sy BERT-base-uncased © FHNE R E A IMDB Y &imatam @ RILEE
TZBERTHERUNG » $5fF  BE Token /& FREZ 5500 « AMHFE(H H Python(3. 10 #ETTHHZE »
[ 3% R 557 Jy Google Colaboratory Pro - ¥R IS 2 Gl 4 ~ B 56 BLATEUE R EE G175 7l
Train:Validation:Test = 0.64:0.16:0.2 °

Lhttps://www.kaggle.com/datasets/lakshmi25npathi/imdb-dataset-of-50k-movie-reviews
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b 2% 1 75 74 2 SRE I > P AT {5 I RMSE(Root-Mean-Square Error) [fij JF 42 i 14
(Accuracy)E Bt EIEHE « RN T NS BEEINS » SEEEA-3 - FHIE -2,
-1,+1, 2, 3 BFOHIRRL - (HEEE > HEANE- 22800+ 1 B0 - B @ s
ZHEERLESE » BRER/AS]-3,-2,1,1,2] - TB=[-2,-1,1,3,2] ~ C=[1,-1, 1, 1, -2]
By TR EEEIMe, McZ FURME « DIERERTTE > Ms, McHURIAE R (35 /2£0.4=2/5) »
{H&* ERMSERE RIA[ 15 FR [E #9455 - FHRRMSE(A,B)=y/ (12 + 12 + 02 + 22 4+ 02) /5
= 1.095, RMSE(A,C)=y/(4% + 12 + 02 + 02 + 42) /5 =2.569 » [ a] T fi@fr It Fei
REAIMBHYZE IR BHZEE Y Mc °

=~ BRRESEEIBE TR R

AEREE A _E A A 2 IMDB 2 4E I 48 B SR ET T B > M EEHESE =i/ 48 2 25
RUIFSE TR ZR0RE -

(—) e SRR AL

B RS2 fE KT HIZRRE - AR B E DU — AR TR R o T
5 2 3HE » BEAN > R Bt S5 AR AR AT I 5 7A(C3, OAvgHBIMaxCount)BE A He T PRI AERAEME: -
Fyltt > AR LB R AR S A A R e BEC e A EIfER R A T E R
SERMFIFTR © HRPBIRATH > FHEGE— /<7 A (Naive-C6) Z THHIRMSE £y
1.4558 © [fI{EZ JE FOMZERE S - NP-OAvg(1:2: 1) i JE15 A (. RMSE (1.2809) » HX
By R BsNP-OAvg(1:1:1) (1.2889)EANP-Max-Count(1.3204) » f{&HI| BNP-C3271.3334 - A
HELTE R EREL > T AR —7 0 SRR (Naive-Co) (U Ry B AEHf (baseline) - 5T RS TE
ZAMEZUE ] - 2R T ZImp%dl]  FIEEZNP-OAve(1:2:1) i JE1F12% /25 HY
M B NINP-CIHIE8.4%M I o fH_Faltah S ml4:

(1) Butgeiet =~ T @ 22t (O AvgBiMaxCount HEE A B Fe B MM > g m] &
S 11%~12%100% > FIREHEE X ZFEEE57E (NP-C3)28.4% - & it & EiE4M
TR AR o DR

(2) B REGERIARERIAHEE B MEGE — L R o YR AHPERERAINP-
C3ZEfE » JRA[JEE-8. 4% I3 o

EFR11LH > BRIEESRMSESNAvVeY!) » S B 1544 (Int, Tem, Att, Sen) Z &5RtH

FAIEEES  sREFIEH AR A BFRIREENE » AN » NP-OAvg(1:2:1) 2 (BEAFEE R > H
FETFAERE M i 2 M@pip3, MONina PRI HE B 5550% » {5 H 8 M = 1AM Ppip2, MPpaps,
MPN1n2, MOz AR o
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F11: DU —TE SRR MR M P xe) B TR HE 2 2 TR NI ZE R R L

RMSE NP-C3 NP-OAvg NP-OAvg NP-MaxCount Naive-C6
(1:1:1) (1:2:1) (64 #7)
Int 1.3233 1.2669 1.2636* 1.2671 1.3717
Tem 1.3284 1.2601 1.2540% 1.3339 1.5448
Att 1.2906 1.2849 1.2687* 1.3043 1.4605
Sen 1.3915 1.3439 1.3374* 1.3766 1.4462
Avg 1.3334 1.2889 1.2809* 1.3204 1.4558
Imp% 8.4% 11.5% 12.0%** 9.3% -
Rank 4 2 1 3 5

AR R EESE *¥*(1.4558-1.2809)/1.4558=12%

2212: LFiltered-NP 1= S|4 H 51| B 2B TR AR AE EE#E

RMSE Filtered-NP-C3 | Filtered -NP- | Filtered -NP- Filtered -NP- Naive-C6

OAvg (1:1:1) | OAvg (1:2:1) MaxCount (64 #7)

Int 1.3350 1.2439 1.2366* 1.2407 1.3717

Tem 1.2080 1.1207* 1.1322 1.1960 1.5448

Att 1.1270 1.0753* 1.0817 1.1193 1.4605

Sen 1.2450 1.1826 1.1718* 1.2482 1.4462

Avg 1.2228 1.1556 1.1555* 1.2010 1.4558
Imp% 16.0% 20.62% 20.63%* 17.5% -
Rank 4 2 1 3 5

*hay MR 2 B

%213: [\ Balanced -NPIFE St P4 H 5l Fy B 2~ THHIZSE R AE L (FE 12 RMSE)

RMSE | Balanced-NP-C3 Balanced-NP- Balanced-NP- Balanced-NP-MaxCount | Naive-C6

OAvg (1:1:1) OAvg (1:2:1) (64 %¢)

Int 1.2889 1.2476* 1.2590 1.2664 1.3717

Tem 1.3540 1.2641* 1.2657 1.3431 1.5448

Att 1.2640 1.2685* 1.2757 1.2909 1.4605

Sen 1.3882 1.3386* 1.3403 1.3803 1.4462

Avg 1.3237 1.2797* 1.2851 1.3201 1.4558
Imp% 9.07% 12.10%* 11.73% 9.32% -
Rank 4 1 2 3 5

*AHRARZ R ERS

(2) mRfEZ SEFASEREE LR

BR824 G e R ([ F B —MOnefE ) > (5B BT ST 4% 2 Filtered-NPEH
Balanced-NPZRf » FEITIBSETHME R - 25512 > Hp8dE & DU H ) AFiltered-
NP 5 IE &t 4 I A 2 S M A 2R S pe bh o - s R o s &1 » {3 DA Filtered-NP-
OAvg(1:2:1) 7 FEMIGE SR Ky e (1.1555) » HER 775 2 3 ReHERa B R 305 0L » (K Fy fyFiltered-
NP-C3 > Filtered-NP-OAvg(1:1:1)EdFiltered-NP-MaxCount 5 D0 2 5 47 Eb(Imp%) A sl i
FEAE » v B FHE E HiFiltered-NP-OAvgéH & ] JEASHE i 20% AV AEME M2 T - SHHSIT S -
Filtered-NPRijEzHE A » n[JELY16~20% 2 3G HELN 2 « _FAllsE SR A g B Filtered-NP-OAvg
25 AN WERE A RUR A E T B — A AR SH o FI13HI B

Balanced-NPHC & 2518 73 it Jg 5 A Z &5 R » HL&5 R DU Balanced-NP-OAvg(1:1:1) [y e
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(1.2797) » Balanced -NP-OAvg(1:2:1)Zx 7 (1.2851) » EEFHERELIF4AMH[E] - ZA1M > EidNaive-
NPHH#% - Balanced-NP{EXF H 73EE (Imp%) /7 I AKBHECRE F59~12%) - JRINER
HAGRE R A A G B AP 2L (1] -

FLLE SR IG )T E 2 e » M Fafi &R BEpeE RN FR12 - &
14(a) e A1 » & {8 HFiltered-NP Ry 73t JE (55 A1) » w0 a i (B 2 milus4(2 58k
FNBRAIREEL) - &5 B e Z T8 J775O0Avg(1:2: DI » Filtered-NPEFG: 2 RMSE(1.1555)
#57 NP-OAvg(1:2:1)(1.2809)F1Balanced-NP-OAvg(1:2:1)(1.2851) » IgEAH B HHER © 4]
EEAC3 ~ OAvg(1:1:1)EAMaxCount & fEHTZR AL &1 > Filtered-NPIR S H (E45 5 -
At EE SR Filtered-NP J7 7AMERE A SR T+ IR & 70 B 2 B HEME - 0 75 B a8 DANP-
OAvg(1:2: D)l 53 i & 2 AR & DAREE B 43 EL(Imp%) 2 B ELH 45 SRS » Filtered-NP-
OAvgZEtts 7 (BELEH B BHEE - 223 14(b) » Filtered-NP-OAvg 22t T SR H20% A 1 2 »
I FANP-OAvg(12%)EdBalanced-NP-OAvg(11.73%) - 44EL T =(S2 2 E 127 BEE) > &
B FE AT 2RI &1 - Filtered-NPZREE ] EL16%~20% 2 ZEREMEE - BHEEER
Balanced-NPEANaive-NP 7 9%~13%Ed 8%~12% -

S DAUEERGEIR AR > AW IR e e AR AR B TN T A RE A R T T TRUAIAE
bl > AIERFLL R
(a) JRFEE— n Sy RIS AR B 25 (18] 2 S0 3 S iy » B A BN ER TR -
(b) #K(a) » DIANFEITTREE & ZAE A it - s B 2 IS G USSR -
(c) MefEAERRIR 2 PSS HERSIF (IHIA S MR MERT) - DL LL a1 A IR 2 S SRR ARk
ZERY, > TRl REFEAE L THMIGER -

= 14: DA E AT G 2 a4 (H TG SRR
(a) LARMSEf Ry s ¥ E 51

T 14 BT g P/ C3 OAvg (1:1:1) | OAvg (1:2:1) MaxCount Naive-C6
THE&EEA R (657550
Naive-NP" 1.3334 1.2889 1.2809 1.3204 1.4558
Filtered-NP 1.2228@ 1.1556? 1.1555 O™ 1.20109® 1.4558

Balanced-NP 1.3237 1.2797 1.2851 1.3201 1.4558

* fof Y B — o R R M O U5 73

(b) PAESEE 5 53 EE(Imp%) {F Ry s S5 17

** (n): n Ry 5 ANES Z FMIGE R TR

TP g e B/ C3 OAvg (1:1:1) | OAvg (1:2:1) MaxCount Naive-C6
TBE&EE A (67355
Naive-NP 8.4% 11.5% 12.0% 9.3% -
Filtered-NP 16.0%® 20.62%® 20.63%W 17.5%® -
Balanced-NP 9.07% 12.10% 11.73% 9.32% -
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SR 2L & SRR ELEN (S H 77 EEImp%)

25.0%

20.6% 20.6%
20.0% 16.0% 17.5%
W ‘0
15.0% 11.5%  12.1% 12.09 1.7%
lo0%  8.4% 0 9-1% 9.3% BN 9.3%
0.0%
Cc3 OAvg (1:1:1) OAvg (1:2:1) MaxCount

M Naive-NP M Filtered-NP Balanced-NP

12: e g 2 AR AU AN 2 SRE PRI (DA 1 47 EEImp % SV 15 1E)

(Z) SERIREZ AR

TS Ry AR FH A 2% Ak B — 5 AR BRI o RIS R 4t (LA o 88) - T
& FGoogle Colab Pro » 2 f5ERI5 DI BERTHE{ THEFR » i35 T4 GPU(6MB L2 cache/16GB
GDDR6) o HHERFHEHE AR » H4E A (Naive C6). 2 BRI E14Y F560 min © [fiNP-
CIZERERF B HEMPnp, MON, MOpAfe 2R > AL ARRF Y By 114 min (=56+29+29) - & fif
FANP-MaxCount5{NP-OAvgZ 15 RIZLFEIS » (A TR A 7(EF A5 1E10) - NIL&IRRFE
i 174 min(=56+59+59) o [f& % H i (& fEAY Filtered-NPEk Balanced-NPZLAE RS - 157771
& FH S 257 S (S5 MONe S RE) - AR 5 (5 FH O [E2 3 e Y » YRS R TR A i 2%
#4398 min (=56*5+59+59) «

B — A SEBELA - AT S R AT I BV - (% &
R PRSI (THE20% 2545) » TERHE E Y VAR BSS « IR T #i— H e
HESERY » (E T HBsE B IR TR RS o » SR S| ok - P WU
FERARERS » (L7 BHAREFRcf + (6 T RRH L & Ay B -

15 RBFIE 2 & MBS 2 WARE 45 (W44 Introspection)

(a) & HE B — Ay JAMSAR 7 VAR R
Model | Naive C6 | M@y | MOy M®p | M@ning/ M@Ping/ M@Prons M@p1p2/M®p1p3/MPpps

Time 60 min 56min | 29min | 29min 59min (20/19/20) 59 min(20/20/19)
(b) 2T 5 &8 (RO SRR = A R ]
Model Naive C6 | NP-OAvg/NP-MaxCount | Filtered-NP/Balanced-NP
Time 60 min 174 min 398 min
No. of models 1 7 1

R SHE0 RS E 1
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1h ~ &SRR TAE

P& AR Y R BB R e - GRS LR E R TER AU ARG A AT BhHY
— IR o HEZRITER > (E ARSI AR AR BB - SIS A [F R A ST 3% - 280
R R ERE S EE > A NMAEFE RS SRRl - EENGHNBELFZ - BB FR
EEfERE o PLILTRAE - A PEE (L ARG IR S (R Ry B B R B - 281 > f LB A
AR LR » BRI A LI TR R 5 2R - (NIE - (3 e ERE TR B B (M
FEEFSESCHYIRSE - R R AT TR Z 3 -

AL - AL LS LIRS DR R R AR - B e R E AR AN LS
JER BB ZR R > DRI R AN © Rottt - SRR T —EDOCEM MR
Ailpa i 2 B RUIIZRRE: B— R RE - ARHRISCERE Z et 55 R
il > AR AT m 2 B4 E - AEomash - [T 7 LA ERER 08
AL 53 51| LU 4 48 (Filtered-NP) B iy 8 (Balanced-NP) S U LASH & 28 H > LUEETT
SCEEM RN o AR T o FITE i MaxCountB1OAvg FlEAE » 53 Al LUIIHE
SPHEETETT A EH & S A R oy SRS A L - DUZE AR SRR SRR © ol
tEt A2 AR M A IMDB P R R M T E B - SRR BT FHOAve
EAMaxCount e - GERMEFEN G ER AL - W n] L E 0% AN -
FE57 e R I Filtered-NPH#E & SR > IR ] #E —1 2 A o AR A 7 Ak oy AR - 0
& # HFiltered-NP-OAvgaH & A4RHT - MG 2 (MR > DS RE S EE20% - L
AEEREREE T AR LT A AR - MR TR Bt R S SR EH I (FE
T IR E B EESHRE -

AREISCE Z LRGN - ARACA A DU FIREAE T R AR THRT
(1) RZEEIFENMEEE > AT S EREEEED R NEES > EEECERER

BT e AR S0 o RAKATE A FB G488 - BT S

TH4EE - (EOITEEREHE -

2) HREREATHERE L SEEEEHIMDBERIEETMAK - RItED T miEE
ZIEEEE - NI > RATFAIFEREEINABRE T (ISR Err e NEEIRE
SESE

(3) AT AL ARSI - AIRE B S A L T AL b ARE - 2RI > i
AT FEER R 5% skl (heuristic approaches) » 725 #8522 B B R ACGHR R LRI
& EREERENTTT T3 R ARYRHRAME I Bt SR 572 - R B R SaE i
S D IET TR RG HERE
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