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Abstract

To build a Retrieval-based dialog system, we can exploit conversation log to
extract question-answer pairs. However, the question-answer pairs are hidden in
the conversation log, interleaving each other. The conversation task that separates
different sub-topics from the interspersed messages is called conversation
disentanglement. In this paper, we examined the task of judging whether two
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Reddit messages belong to the same topic dialogue and found that the performance
is worse if training and testing data are splitted by time. In practice, it is also a very
hard task even for human beings as there are only two messages and no context.
However, if our goal is to predict whether a message is a reply to the other, the
problem becomes much easier to judge. By changing the way of data preparation,
we are able to achieve better performance through DA-LSTM (Dual Attention
LSTM) and BERT-based models in the newly defined Reply prediction task.
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Keywords: Chatlog Disentanglement, Reply Relation Prediction, BERT Neural
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1. 4&5% (Introduction)

G EERAGIIT KRS » FEERAFN AT I > FRESE I HBhEEE A
GRECHN A A ES A (Chatbot) R LARGFERASIEA « I HEIENT QA ZRAREHIR
HEEE L (REFEITET 43 By Retrieval-based Eil Generation-based [Wif& » Retrieval-based (15 /5355
THEHSCERNIMES  BalE LB ENESR  HEFE SRS EE L4 - IR
L RETE B EEEC Sk TP E P AR S R E BB - 207 Retrieval-based 1Y%k 7478 ©
7€ B MH 2 f Y EROE H o Bl M ) Y o SRR S S B aE g % ( conversation

disentanglement) -

MRS EE S A SR R R 23 AR R 2 NIIRIESR S - DUE 1 B FhAE
FHEFLHY IRC WK 2= 7 BL - Horf Thread F£on{ & IEAE 2B 58 - N G E A 1E
L KD E g ERE AT AL ERY S 5> DUT EE & E SR B S EE0 T -

Speaker Message Thread
Elli | Any idea why 'passwd' would ask for a new password four times? T77
Priscila | Elli: A hacked version. T77
Melda | is there a way to get Is -1 to print full path in each response? T78
Acrlie | Julietta, do whatever you want ... its an ethernet packet T75
Leota | Jeanice: i had to replace most of the the startup scripts with just T71

echo boo, the problem seemed to be with the kernel not being
detected or something

Melda | so it'll show /home/user/filename.jpg at the end of every single T78
line?
Elli | Priscila, yeah that could be a posshility except I just recompiled it T77
from sources, thinking just that

Elli | And still the same behavious T77
Priscila | Elli: Hmmm. Weird indeed .. T77
Julietta | Arlie, well, i can't, to actually inject valid packets i would need to T75
modify the sockets state
Jeanice | Leota: strange... and what errors did you get when you tried to T71
compile?
Priscila | Melda: Is -1 /nome/user/* T78

. HEHRPXER K

[Figure 1. Conversation log in real-word chat room]
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2 s = (Client) BLIZ AR A\ & (Staff) @y A2 I EEEEEACHE > H o Topic %
el EHINAE 73 - tHE TopiclD #YEH S ( Messages ) £y N2 — B & 55 +
(conversation ) EA| [ FRAE Y R EFC 5 FE FHAH[S] TopiclD YRR AT4HE WIEHE ID (2,8) ~
(4,6)54(5,9)1VEC & A I TR B A B 40{0] [0l & P Ay 2 AC ¥4 (1,2) ~ (3,4) ~ (3,5)

E o REEP M DR R RIEER AT > AR EME TRER R BT -

ID | Author Messages TopiclD
1 | Client can't connect to nas, any suggestions? T1
2 | Staff Do you know what the IP of the NAS was? T2
3 | Client The device was setup by an admin who is no longer here. T1

I renamed the machine and to setup a new IP and
restarted. now it's not responding.

4 | Staff Can you make sure the NAS is powered on? T3

5 | Staff What is the model of the NAS? T4

6 | Client yes it was. T3

7 | Client but he did it incorrectly in my opinion. T1

8 | Client he didn't set a static IP he set it for DHCP and made a T2
reservation for it on the DHCP server.

9 | Client ts-ec880u-rp T4

2. HFFHEZRA S EEEELHF

[Figure 2. Conversation log between client and staff]

HA WIS R S GRS RN > (EH VT AR S SR s S B A st R iy
BB —ETEAMEE - EOER R E BN HE S T REN: » SR AT ENAER
FERTHERE R BRI T (Fsh) » SR BNIRANTEEE - Jiang %4 IICNLP2018
P2 L () B 4 g A Pl (AR A S FE ) SHCNIN ( Siamese  Hierarchical Convolutional Neural
Network) (Jiang, Chen, Chen & Wang, 2018)5 /ARG » BiasE B A
EHHE SHIRLEE - B Jiang & AMRRFTAE M THI SRR HIER ORI 3 B8 - R Bt
HEGRERC B 774 » (B RECE PAvEE - BB RS R e E s -
AP AV B B st s H A AL A R 2k (GREE ) SREAIRGESRIR > (E1REN
EE P IRFIEEE SHCNN fETEHRAGHRERRUIRIEE 2 - FHIbfAERNEBF -

By TR T VMW (EERE R S B E S sE , AVERRS > FRPIEHENE R e i EE HY
BUEREAET N TAEC o (EAECETE h IR AT 2 BEa AN E Nt A A R e
K E EFEEEE - EFEREERBECE P8 - T SCER - DB LIS HERE FTEAE
SEm T o H JE RSB R S B R R - T (S IS TS B Ry IR - R38R
ELALHIET e E R R 2 B 2K B MHE g S - AFTHE &N HE SR SR S EAE e S —(E
R BN T EREEIE R G TN A R SO TEANER > T T AR R RS
PHEEEES | A R EE S 6 -

BRI BERIES S - A LUEBEEREESA L0y T HERREN
(O 7 RBE (% o [E10SF ER A (0] 78 TEORIAE RS B A (5] & 56175 2L A A [l i A B =X > (E4S0E]
7 TENERS o] DUE ISR A S sE i AT - 5L STERAE BTt
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ARSI - BURHRE AR SR H BRI - SRR > ASUE B
AVEERTE SR » 0 SHCNN S FORFIEEEAF R HTRRE - 1 bR s BERT FAYETE
SRS - EERGEREBUNEM FE S st R M a A ER > FMTEIZE] BERT 5%
RESFEH H AR -

2. }HRAIAZE (Related Work)

AR T - &% RAVRRRITE BB IR ARG T R R E S AR EUE - 2K
HE —(@H AR E BN AN a2 G EsE - Al SR
HERBEHERIRTR T - BIRMIEESH LS E R R T2 AIRESR A AT
RE » PRIEFARE oy Bl EReT S SE AR B R R I (R -

BECHTZHEEERSIITZE - Allan %2 A (Allan, 2002) L kg R AT §E T 2Rk
SEHTHER S BN IR A Y & sE B BCH & 5E o AR4E Shen £ AAYBSE(Shen, Yang, Sun &
Chen, 2006) - FHEAEMHFEIEsET - B BARSHEDE - Wang % A (Wang & Oard,
2009)# 35 A8 [E gras P AVEHE S EA BN B30 6 DU AR S s lUE AR U T E IR
BE o (HARPMEIRVENE @AW EEBN F T30 BRE A EMUEHE -
R SR8 72 - Elsner % A (Elsner & Charniak, 2008) (Elsner & Charniak, 2010) (Elsner &
Charniak, 2011)HIl;27% #5558 (linguistic features) R+ HEEHEHIMHPLIE - Hep - E
ALY 2 Le SR A ER FHEESS (bag-of-words) WYFRoRT5 =X - i fie A e He aa B e R AU BR % -

Mehri % A (Mehri & Carenini, 2017)£% FBERE AT U A EIRY 73 48085 - W51 ATE
A (RNN) BSR4k T FEOR M EEE A, A9y 828 (Next Utterance
Classification) (Lowe, Pow, Serban & Pineau, 2015)-E 1 in-thread 4328 25 @& ) Same thread
Jy¥5Es ~ Reply 738581 RNN iy &S SRR A RERE BRI ErE st - il
PETTARRE I A AR -

Jiang % A (Jiang et al., 2018)$% Fi #Hik8 77 @ & 8 (4L 4 (SHCNN) #EfTRHEAHLIE
HIETE « B2 E &M {E T GRS (CNN) - o3 sl HHe S AR P B =
W U R R B IR B BB I (representation) [ - KCIBE B
BERRAENERERER - 2 EREE W (E S g sEmais - HER
4EIRAE IRC B Reddit FiHA AHE 41 HYZRIR o (H AR A R & HER A ISR &R R RN
REN G AR BB EEUANER - IR L PR{F 7 2 EoAth BE 47 Y A) 221 ('sentence representation ) -

Devlin Z A (Devlin, Chang, Lee & Toutanova, 2018)$2H} T —f&FEL 7> Transformer 451
25 B2 fE ) BERT ( Bidirectional Encoder Representations from Transformers) - BERT
DA Masked 5865 AT ELRE4E T /) TEHT (next sentence prediction ) {£75 1T TEAN 4
R AN SR 1R Y 280 By T £ 75 ( downstream task )Y HTT4AE 778 ( Fine-Tuning ) -
EREI AR % HAAGE S BT SRR -
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3. MEERHEHEREERE (Problem Definition and Datasets)

IeEm S R FTE A& RIS A = (/> 43515 IRC - Reddit B2 QNAP ZF AR #5540 8% - H o IRC
H1 Reddit B/ \BIIYERIEE o IRC ERIEZH Elsner % A (Elsner & Charniak, 2008)Fi 717
FINTARESCE R - 4647 6 /NIFHTEEEACSE - FHEF LS TR AhEEE A BN g
56 A EAHE g EENEE PSRN S R — B > FoRiE S B IF G AHRB E A
AYEREET - Reddit ERHEZH Reddit SCEE RV SN S RE RS > & Jiang &
A(Qiang et al., 2018) i VAL » I RaTam d A IR ERE, - MR Bl —RISCZEE NPT
PR A A E S sE YRR - FAREEEE R f QNAP FAR O BRI A SE » FAM
B EIET s N AN SR R RO EEE -

3.1 Reddit& R EH HACEHMESLE (Message Pair Generation for Reddit

Dataset)

M2 Jiang % A (Jiang et al., 2018)FiHEH 7772 2K EE Reddit EkHE < fR#5 Aoki S5 A
(Aoki et al., 2006) 5% » /INEI G 1152 5 P[RR AT TR & 58 £ 1.79 {1 - fii Reddit
SERRIVSCE RS AL T RE S B R - RILE AR Reddit BRHEERE > FAFIFEER—L5C
o (MR E R E TS SEECE AT N BRI « BhAh > FRATHMEGE
EMEL N SCE R Ry E M N e am HERAE S E TPy SR S B Im i S EE R 0 3R
975 E A FESCEA R RN S — 2 -

EMEEEEER T FRMBEEREEREF YIRS A - (78RS EE R FTA iTAE
HUEREECYE - B EANIHBEBENER - LA HEGENNE S EES S
MHEEFENEE o REEFAM A5 B ERERE T ARVEREECE - #asEsR - Wit —:
B¥ (mymy) »omy B myPrsdRmasEe B oo HEEEG — o] < T - fEILge s
9 T 8% Fs—/INK; > B Jiang 55 \FY B ERa BAHNE -

I TEHE B A E R IR Reddit th iR 80 & B Phisk 7o (B ah
TERBCE - T A(ERER P EE (B BEEW O E S % - HegE AP ER SRR T
WIVERE FrEE Pk e - S VO(ERRE A v RE Fo 2k B AB[E EREECR B 0T am -

3.2 Fl|&k ~ Ep=BELHIBERIAY4TE| (Training and Testing Data Splitting)
e BN SRE R} ~ Basg &R SOl ERHES - Jiang 55 A (Jiang et al., 2018)EEFE 1L AT A Y
IRERE S - DI 50 > S BIISRE R - B B RHEDAEE R - (HDIRE
WA AV BB RHEEZ R > WE 3 fr - sREESBICEHEE—HE nTRE g HEE
FFAECE T - R DR AU 07 S TR o B MR T AR IR AR SR
FEEEE R - T2 o BEEERTT BIHAHIEER > ERERS AR SR T
HYEREETT TR « AH R AV IR ER S S8 RIS Ry EUHIEUE R (20iE 4 B ) RIDHIGE
Rt R A ERUE B SR AB RRER 1 = R R AR ERE. -
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Eg%ﬁﬂﬁﬁiﬁﬁ SRS B DA e (R e R e ] R e o B 5 = UET T oA - AE iR 53 1
i o B LA 80%(E RydllISRE ) ~ 10%E RBRaG E0rt ~ 10%(E R sl &t EL BIA#E T 73
E - £ B RU BT A AV E B o (€ DL —FAVFIISRE R TSR (40%HEE R 2 ) -
DU RS B AR ISR R B &R I 2

Randomly select test pairs

Conversation 1

Conversation2 () _

Conversation 3

Conversation 4

time >

Training pair

o Message in training data

O Message in testing data = = = Testing pair

B 3. BEREERRY 75 7057 S Rt B
[Figure 3. Training and Testing Splitting in Random]

Split by time order

Conversation 1
Conversation 2 O e —,O
Conversation 3 O &

Conversation 4

time

W

Training pair

O Message in training data

O Message in testing data = = - Testing pair

B 4. LR ZEFETHY 77 57 R BT
[Figure 4. Training and Testing Data Spllttlng by Time]

FEAHEI SRR > FAIE IRC 8 Reddit 1 Ryl SR s Ml Bk - % 1 23 AEER
BRI R - o Reddit (VER B GERGER  WIILABZ I ERE R - 1 Reddit £y =
8555 H o Bl S A FIRYEAPTRERE - FE[E AR THAES S > S5 BENR 2 For - K
ittt Reddit =& 15 s HI A ERIEE B -
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[Table 1. Datasets for Same Conversation Prediction Task]

T Reddi IRC
gadgets iPhone politic

EEhE 468 529 6,197 159
HEE 11,071 10,261 148,942 1,865
HEEY 6,387 4,506 28,365 183
SR A T S SRR 5.28 8.73 13.95 2.75
A 487,695 507,226 | 4,492,361 | 79,682
GEIEN =l a4 118,889 111,145 | 1,226,863 5,390

2. [OIB AR Py =& ET T
[Table 2. Datesets for Reply Message Pair Prediction Task]

- Reddit
gadgets iPhone politic
EEhE 174 1,524 27,361
SHEE 6,007 35,286 800,619
BEER 3,953 11,355 72,787
KTy 19,169 103,179 | 2,423,900
EE AR AR EE 3,835 20,636 484,780

4. FERIZEEE (Models)

TERIRI BT P2 R By S, (B A+ 36 FELHIER my S, 2 5146
[EI 3R R P (samelmy, my) + Er s m B — OIS - E BB R G - L
S B i A B 413 3L, (OIS HTHE2P (my reply mylmy, my) » 8
AR 5 (5 60 T 5 MBI + LA B0y A BBty L2 - IR A3 e -
Wit BEa{(m,my,y)}  Ey € (0,1} RENEIEED -« o7 Fim Btm R A EHE &
S B Ry (T -

SR A SR m T T B SR R M = (W, o, ey wa) » TIFFERISCE
PR BT ST AR © B E A AR R (w € RY) < R AR
AR AR SR AF T e RIS LURAISIRFSE (UNK) Hift -

TR P LSTM {80 R ELIAREE 28 + 1 IR IR - 16 A SR m ARt — e
(19 Rz FT Bz = BILSTM (m) i i (B 1 S5 7E 2/ F-##% A sentence embedding) -
SN o R 3 WO + T PR A S Ay BB 0 5P
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=fEE I (shared weight) -

i A IR my Bilmy 53 I W AR TS Bl 2, B2, 1% $R ] 2 S i 1 Py s 1 Y i o
ETEHMT

P(same|m,, my) = o (ELU([zy, z,]"W, + by)W; + by) 1)
Hepw, € R¥" > W, € R D R BRI HAE 3 s EE AT -

P(same|m,, m;)

Feed Forward

B5. BHAE##HTBILSTM ZefE/E
[Figure 5. BiLSTM Model with dual attention mechanism]

Dual Attention LSTM: 5 B 47 iy EC & H Wi (EEUE VR (% FFIIA AR
EE A - SEEm Y BILSTM B mEFRom el - Hofi=1..L> LEHEEE -
A48T 55— (B FHm 4R s Az, A T A FIARGETEm W E B I Ee! R EFRE S,
SHENEAT

a} = softmax;(z,"e}) )

w =Xk aje) ®
A6 BAEAME T AR B, - ErhufE RzVEINRE R - JEEIEHINEEOE 3
LREOER RN o FLHEFEE JJEEAY BILSTM 4551 7E A M P (6 FI AV S — ({40 R S
B fE e BT L Dual-Attention LSTM (£5f% DALSTM)ZE 3 -

CNN+LSTM: FRAFEAE R HIIEER S A A R LR b (E A (E B I EENE
SUT 0 AR REEEMAERE (CNN) (E BT P e FAYEE (8 @405 s 2850 - 0
ARG E & i A A B GRS RE A > St T8 A BT 4RI - B 50 S ARYEREm,
7 iR i A BRI PR B AEREM, € ROY (df i AMERE - LERERRE) « JMIE
FhAE R/ NFsd x ke 1 kernel » [RILGIE @ RFErfm i he X LA/INGY feature map » i Y
feature map & & Gated Linear Unit (GLU) (Dauphin, Fan, Auli & Grangier, 2016){E &
JE4R A BE T (Activation function) 37 Layer Normalization - £%{%h. x LF feature
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map A5 B LIBLERE Foh HIIEL &+ 1F s EERIR AR ERA T A, - [ETBERY » R Byt
FIAFIRI4RAE 52 » A3 FTHERE - B ONN (94IBS30IE 6 Fom » HBUR{E R BT L

CNN+LSTM IR -
e D’D‘ﬂ‘ﬂ‘ -l: —[

|

L vectors with

dimension h, !
| | 1
-\ \e I\ J\

L)

—

feature map h, X L !

X &
\ ot

Convolution
h. dxk kemels

,.“,-.\/ = -
o N

d % L input matrix M

B 6. CNN S5 z5 215 18
[Figure 6. CNN Decoder Structure]

BERT Model: H% A Devlin % A (Devlin et al., 2018)F#& 4/ BERT fEIEF %
T I EBERS R - R 258 EISREY BERT #4Y » fEAHE & aE (5 0]
ETHRNERS L #ETT Fine-Tune « 1E8 ABYESSY - sRUEm Elm, i AMHE B A > IEAEE
i A B E SR (token) o 7Rl (B ES 53 3 SERF SR AL E b AH HURF FH R B AR Y FECHT -
i HY () & 2 78 08 o BB g e HH A AU R 0 8 ST ERLT S TN Ao - H
WO = thh s [/V1 I= thl .

P(same|m,,m,) = a(ELU(zTW, + by)W, + b;) (4

FAME A (cross-entropy ) 1E & HEL = » WEMESE B L2 IEFYE > Hhok
SHES > STEFAAT -
Z(mym;y)esly 1og P + (1 —y) -log(1 — P)] + Al6]|? ®)

5. LM (Experiments and Analysis)

FEAZET > WATRAET SR E A B BERT fRAVKRERIELRIBLIIAT © HHFY LW
P RYEERE R T B NIERMIEAEAEE G (SCEEEE ) #Y F1-Measure DL
HERfEAR (Accuracy ) ARHETTEFAG o FRATRAAHE S hlc s HE B A= RCH AV ERHE R IEH
(Positive) &} - MR GRENIFHERIEE G A& F (Negative) Hiff -
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FIER A Tensorflow (Google, 2015)fi Ry 5 i 17 HY T 5 o (R {H &S 2GRN 7
FeAM{sE A GloVe (Pennington, Socher & Manning, 2014)f%%1 » & Common Crawl[J[ &R} E
AGRA/ NS & I HY BE SRR A R 2 4EfS d = 300 4t 220 & {E 5 - & [m) LSTM 1Y hidden
size h } 128 » CNN i FHHY kernel #(& fyh, = 128{@ » H A kernel k/Nk =5 - {#5%
P B AR N P FH 94 & Ry 256 ~ 5K epoch By 40~ wl4AEEE#2 - 107* - fF BERT
RELTR 3 (75 I {58 FE A/ NES & 431 BERT base 51750 > 12 @iy Transformer~hidden size & 768 »
Multi-Head %8 fy 12 - SCF e K RELEE fy 128 - Wi B It REAYSCF § £ BERT
R A B R Eet R 128 I EHE B s AR EVE 5y - BERT BRI AR {HE AL
K&Ky 32 ~ K epoch £y 6 ~ WIHAEEF B2 - 1075 o JEATA YBEEL o AT {d A AR R B 2%
By Adam~ 81=09- 82 =0.999 > L2 fEETEH 0.01 - SEHGHEZRNEER - H
TEEEE 21 30%%& A (training step) {6/ warmup - Dropout 355E £ 0.1 » £35Sk A
2R - HE g R B E g Ec Y ([IE R GECH BRI ARG EC Y ) AVERHE
=Ll

TEAR EME AR BN E R B 720 FAPTiE 53 7l 58 FH BB A 2R H o B B Bt 3
FHR ] 53 B W AE 7 TR 5 (R O3 TROAERS I SREBDAEN & Ry #0700 > PR
{5 AR e S el o B Y 7 OB TR Al - SERTAL A4S SRAE A T E IR FEAYE L © T2/
TR FRAMHER L a4 e S 225U BERT base 571 » 5 Jiang % A ffgt
LI CNN FsAEmEHT SHCNN 54U (Jiang et al., 2018) ~ & A3 AT EE m LSTM DURE
7> CNN %5 LSTM 1y CNN+LSTM Y -

5.1 fHEEEE{EH (Same Conversation Task)

2 3 RAEMHEI G EEER T - BRI R e E oy B Sk HE 38 SR BE L 43 B W A 7 =S RE 22
B o BEMEEE ST EINTHERER - RESRHE A I CL R E I A R - BB LK
B EH S 38 RIS T oy & > AP P ER B BRI SRR = BoRAGRE - BT
FRE Ry SR E R P FERRE N - 2 3 (VT 2 2B ATA IS A BRI R 1Y
AUEHE > RURE B KR FF% > BURFTA AN AT RIR AATERE. -

FoREEE T MR Ry (R A R s TN Z R R A - DU A AE R B AH S
BRI FRMBEHIE Reddit (I EORE Hr BB 500 (ERCE - Wi 4 (AR E D
Fkt o G5 4 LERIFTR - M AT E S SR TR0 - R FER -

SEC BRI th B AR BT s B (A EOE > MEUE MBS B s E B E S aR Y £
o R HETW SR XS A o W AR BT SER S o AMIE D E
SEHE AT RN A - RSB AT > AR e sk R R RE RIA A RN
JREA - L ETRER A AL -
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7 3. HFE TR B & Vs BFfET7 )

[Table 3. Performance Evaluation for Same conversation Task (Splitting by Time or

73

Randomly)]
— Reddit RC
gadgets iPhone politic
S F1 Accuracy F1 Accuracy F1 Accuracy F1 Accuracy
SHCNN 0779  0.887 0.608 0.816 0.639 0.770 0.805 0.967
ﬁi DALSTM 0.809 0.900 0.618 0.804 0.638 0.775 0.346 0.854
B | CNN+LSTM | 0.981 0.990 0.956 0.980 0.945 0.969 0.319 0.801
. BERT base 0.988 0.994 0.994 0.994 0.996 0.970 0.888 0.985
5 SHCNN 0.253 0.709 0.318 0.553 0.411 0.553 0.039 0.939
g | DALSTM 0.308 0.710 0.417 0.500 0.441 0.616 0.089 0.854
?{J CNN+LSTM | 0.289  0.645 0.364 0.516 0.309 0.601 0.098 0.630
BERT base 0522  0.508 0.298 0.534 0.423 0.667 0.223 0.898
KA. UHEN 77 G e & a2 (5 2 e B TR B TR ECAGE
[Table 4. Human Label Performance on Two Tasks]
M E s B 7= THHI S
FHE T F1 Accuracy F1 Accuracy
B 0.105 0.728 0.548 0.860
fEE 2 0.352 0.763 0.800 0.930
T H 3 0.263 0.732 0.590 0.875
T H 4 0.638 0.796 0.703 0.865

5.2 EEFEHIER (Reply Prediction Task)

(R R — (S 5 - BTN LAV R B 3 - DR 5
ST LR TS AERRAETS - A TAECAS A0 4 BRIFR - APHEFRT

R IEAEEE BRSNS -

RS B AR AE LT TEOHY ©

TEEI BTN BT T - PR PO IR S 2T 55 BRI SRS At 2
FTaTA » % 5 BRI F SR R S BB A R A R - T DL PR B
U1 178 (75 O A S AR 3+ BSOS - RS son s -
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2 5. M/ (E R ol B TR PR 7T

[Table 5. Same Conversation vs Reply Prediction]

. .Reddit _
gadgets iPhone politic
ST F1 Accuracy F1 Accuracy | F1 Accuracy
i SHCNN 0.253 0.709 0.318 0.553 0.411 0.553
5] DALSTM 0.308 0.710 0.417 0.500 0.441 0.616
CNN+LSTM | 0.289 0.645 0.364 0.516 0.309 0.601
; BERT base 0.522 0.508 0.298 0.534 0.423 0.667
B SHCNN 0.249 0.789 0.336 0.716 0.498 0.726

% DALSTM 0.343 0.690 0.455 0.690 0.594 0.792
T | CNN+LSTM | 0.260 0.646 0.413 0.688 0.561 0.782
A

A BERT base 0.631 0.854 0.639 0.863 0.706 0.887

5.3 YR EEs (Ablation Test)
Ry 1B T /B a s T RRE R 2 AL FR(FT%T CNN+LSTM B LSTM i fefi f5 20 74
T T REENVIBRER T o« I LSRR IS iR T AT -

32 6 o] DAERZ2 2] CNN+LSTM fEAYAE CNN J& {8 A Gated Linear Unit &b {8 ELU
HH S FHYREE © 1iAE CNN # &M T Layer Normalization Ay /4 S 4FAYRLAE - H
PESE R R R I S (A S R pE =2 e i B -

7 6. CNN+LSTM SAV L]0 B Bieés 5
[Table 6. Ablation Test on CNN+LSTM]

Reddit — gadgets  (fH[E&5E(E#)

R EPAEEY F1 Accuracy
CNN+LSTM 0.981 0.990
CNN+LSTM ELU 0.960 0.980
CNN+LSTM no norm 0.958 0.979
CNN+LSTM with attention 0.906 0.951
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7 7. DALSTM AL Eraa R
[Table 7. Ablation Test on DALSTM]

Reddit — politic  ( [=]7&Z FHIERS )

2R WaEEY F1 Accuracy
DALSTM 0.594 0.792
LSTM no attention 0.577 0.775

HER 7 AT DS AIE R TOEETIHAIRY LSTM SRAVE S 4 ARE - HEHERANEENE
SERGHERERTH VETAIRGE -

5.4 ZR A BWIR4:$% (QNAP Conversation Log)
FH A LA T i W) N BN AIR 7S S R BRI R A S50y L SEAR RS A7 - RIE IR P I AEA P
PRI R4S T E AT E R T4 -

TEBREEFIT > N ERZ REFISE R HAEF KRB A T &R -
FEREIWAEGEESR T HEAZ L —H—ERER » BB E—HEN MEERD
Fylol7E > W DAL EREEST BB - R E MR/ \FR - RN EEII R M E
S BV AMEFPE - BT LIS EIEREN B SIS ANE BF 2 PRI E R » R MIFR 2L
S/ D BB R AR B B LY E - FAMTE R EL 60 RINIRACSR#EIT N TREECIRTE
Tl &k LB AT 8 Avr « BB RIERAE - MBI EEE AW AL
FAKIEE NMEAR 0.801 #HER - T HEAM AN FRHRET  BE2ANA
Wi R YRR R LASE S8 T X 23 -

7 8. MIAACHE TR AT By
[Table 8. QNAP Training & Testing Data]

QNAP Chat Log
FRHE | Heuristic Labeling | Human Annotated
Training Data Testing Data
Geani 1,937 60
AHEEL 53,548 1,425
o 257,306 6,779

EiEp—ERERAE > WIMEFIRCH: T EE TR AR - DLE s
AVBEDRME Redlll SRR > M08 A TARSCERME Rl Bk > EEREROR 9 TREUR > 2
RIFIA QAR -

HERIEREUREI IS E B E A EEEISRE RS DIYER T - A A2 EEER
SRR G > B SRR B TR G OSSR L AEE D] > AT E R E IS
AYRERERE > B ZATE AT B R TR SO AR A A e SRV F R -
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K 9. BB LEEC R B L AR
[Table 9. Model Performance on QNAP Human Annotated Test Data]

ks CNN+LSTM DALSTM BERT Heuristic Labeling
B L | A
e ccuracy F1 Accuracy F1 Accuracy F1 Accuracy

®He | 0.308 0.636 0.367 0.600 0.363 0.733 0.681 0.848

6. 453w (Conclusion)

A S L (5 F [ P o3 s EL QA S e s o SR A B it o Jas U0 - (AL ]
DL a P RE R Ay 5 sUME T RE R Y L AF - MR R B T OCRAR B N E
REAARE G EE TS - [BIE TN s i) DUE B i S BCH PRV SE & 8 f25
HEEREE R LR AT T REE -

PR o > (EFHSERR TSRy BERT fHAEST Fine-Tuning ] LISELS ELA4T
AYRIRERRIR » BIEAERNSRE R DAV T e A sBRIRGE - (EMIREC sk E Rt
A LASAL > (EH] BERT #E{T Fine-Tuning B » I (ER AT 6 FAVEREC - A RAFAVERRC i
5 > NN THEECIE Rl R H 22 B -
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