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Abstract

Subtext refers to “the hidden meaning that is not directly and clearly expressed
behind a certain utterance”, which requires readers to have a deeper understanding of
the content to be expressed by words. Subtext exists not only in Chinese, but also in
different languages and cultures. Subtext is rarely mentioned in existing works. How-
ever, subtext is a popular way of experssion not only in our daily communication, but
also in literary works. If the machine can understand the subtext behind the literal
meaning, it will be a great breakthrough for both the general dialogue system and the
domain-specific dialogue system: the machine can be real intelligent and the conver-
sation between human beings and robots can be more fluent. Moreover, understanding
subtext for machines can help to the educational activities a lot, such as helping teachers
in creating questions and judging scores and so on. Therefore, subtext is significant.
In view of this, subtext analysis and its sub-tasks are proposed by this paper, including
subtext judgment, subtextual segment recognition and subtext reduction. This paper
collects relevant data from social networking sites, and we annotate and make a de-

tailed analysis of these data. The main content of this article is described as follow.

1. This paper proposes subtext analysis, including subtext detection, subtextual seg-
ment recognition and subtext reduction, and makes clear definitions of them and
make clear differentiations for them.

2. This paper constructs a dataset, termed as CSD-dataset, for subtext analysis. The
source data of CSD-dataset comes from well-known social networking sites. We
annotated the source data and made a detailed data analysis. In analysing process,

TAE Score, a new evaluation metrics, is proposed, which explicitly models the
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relationship between agreement, randomness and reliability. Moreover, we verified
the reliability of TAE score in the open-sourcing Amazon dataset.

3. In order to solve the problem of subtext detection, SASICM algorithm is proposed
and compared with other models. In SASICM algorithm, this paper models the rela-
tionship between the target statement (comment is the corresponding content from
hence) and the full context. The subtext is determined by judging whether they
agree with each other that the semantic representations of the target statement with
or without context. At the same time, in order to solve the problem of poor differen-
tiation of attention value caused by self-attention, this paper introduces Strengthen
Attention, and the F'; score of subtext detection has been improved by 1.5%.

4. In order to solve the problem of subtextual segment recognition, this paper ana-
lyzes the tasks of nested named entities together, and puts forward the concept of
centerness after analysing their common features. Then, combining with the unique
characteristics of subtextual segment recognition, a CBM model based on center-
ness is constructed, and experiments are carried out on the CSD dataset. This paper
analyzes the effects and shortcomings of different models to clarify what can be fur-
ther improved in future work. At the same time, this paper also applies centerness to
the task of nested named entity recognition by designing the CBLM model. Com-
pared with the state-of-the-art models, it has achieved a well result: at the equivalent
running speed, CBLM has the best effect; in the equivalent effect, CBLM has the
fastest reasoning speed and it does not need complicated preprocessing.

5. In this paper, the subtext detection and subtextual segment recognition are inte-
grated into a demonstration system for users. Meanwhile, this system aggregates
the functions of data collection and annotation. From the performances displayed
in the demonstration system, it can be seen that the models (SASICM and CBM)

are both useful and effective.

keywords: Subtext Detection, Subtextual Segment Recognition, CSD-Dataset, Strengthen

Attention, Centerness
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B, BAWSHEEN ST AR, AR FRXLenE It TAR L I LUR 70 KT
e BHEE. AT RSO R IRE LT IR SR

K 2-1: Plutchik A5 28 %6 204 11

2.1 HUEE&E

Mishra 55 NSV FC ) ) U2 15 26 90 28, W 2-1 0w, Al T3l I 2 48 52
(AR IR SR ) 1 28 B 2, AT T 40 R 4E B2 AN Plutchik JIT £ Hi 175 JEk A0 A5 2 11
— 8, B ATA s R\, AFEA S (anger). A (fear). IR
(disgust). 1AL (trust)s FF» (oy). P ¥F (surprise). #A 2 (anticipation) I ¥ i
(sad). Kant 55 NPT 8 ) 57— M 470 R A1) W0 5 1R R[] 1) 73
A, Lin A1 hsieh% &5 AN BT SRR 0 o) /0, Ao AT 3a 3 99 28 Ak 16 77 20k by
HAEEE, 1 Lin 5 NMEAR S, AR SOREHRAAE S5 Bk Bl 7 — AP
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MIi“%@ﬁ,m&mﬁ#&mofsmﬁmmmwuw&mﬁmmnWWG
TS5, P 2-240 AT T#R K4 15 1B 7 T (Sentiment Analysis) 7] 8 15 11 i
T — AN KR, ) N IETH (Positive)s 1 (Negative) F1H1 {4 (Neutral).
Ohman?? £& N Ryl 7 &ML 84, JFHAEH SVM 2i# BERTP! X
P B 1 BT B AT PEAG

Instructions: Subjective words are ones which convey an opinion. Given a sentence, identify whether it is objective,
positive, negative, or neutral. Then, identify each subjective word or phrase in the context of the sentence and mark
the position of its start and end in the text boxes below. The number above each word indicates its position. The
word/phrase will be generated in the adjacent textbox so that you can confirm that you chose the correct range.
Choose the polarity of the word or phrase by selecting one of the radio buttons: positive, negative, or neutral. If a
sentence is not subjective please select the checkbox indicating that “There are no subjective words/phrases”. Please
read the examples and invalid responses before beginning if this is your first time answering this hit.

Sentence: friday’ evening’ plans’ were' great,’ but’ saturday's’ plans’ didnt’ go" as" expected” --" i' went" dancing” &" it was” an™ ok™ club,” but” "terribly"* crowded™ :-(*

Overall, the sentence is O Objective O Positive @ Negative O Neutral

CThere are no subjective words/phrases.

Subjective Phrase 1: s s great, ® Positive O Negative O Neutral
Subjective Phrase 2: 9 10 12 didnt go as expected O Positive @ Negative O Neutral

K 2-2: Sem-Eval2013 [f1kxiE 2151 2

2.2 A]FRIBISCAR TS

2.2.1 ZHEHBEFEIFZE

22 ML A 2% 21 5 VA A S HRE 1Al E L (Support Vector Machine, SVM). %
#1514 (Logistic Regression, LR) &5 £k 14 7 F A A, i i K] 43 8 ~F 1] B A2 o 5
HHFWIE, WFEARBAT 2 WA VLt B (Naive Bayes, NB) i i J5 46
BRI KA T K0 € 7 R A R EE . A5 U528 A S AR B 7R+ 4y
Iz, BN TR TR FEARIRAE, SRS 1 AH 9G4 SR AR B AT 43 2K
Shanahan %% A [23], Mahdi 2§ A\ P4, Keerthi 25 A\ 121 #{# FH SVM 1E N 2883047
AT RAES . SufE NP, Dai 25 NP7 A H NB /Ry 70 a2 BTt ARFE_E gk
174735, Wahiba 25 A\ 281 f F e S8 (Decision Tree, DT) X SCA N 5347 9325 .
Aseervatham %5 A\ 21 1 P. Jurka Timothy% ¥ % # [5] I (Logistic Regression,
LR) Xf XA N 2347 F ). Pranckevicius 25 A B ¥ NB. DT. SVM. LR Flff
HL#&# (Random Forest, RF) %5 5 V4 N A £ SCARPER 43 8 )@t b, FFxHib A 13347
FEAIHL LEAL . & IHLER 5% ) i W R e AT ek, fER HAES BT LU
AHEMRCR . M H NB. DT. LR Al RF S5 B0RY 0 S FS R HE 2 T R AR (15 R
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B2, KPS INESR G BRI E: B, REmsit R K
R, BARIRIZALTEA AL

2.2.2 FHAMESE

B EAEDS PR B E. SEAE S EPS 18
Bataal?¥l. schmittP Fll Tang &5 A\ BO 1) TAE R, A AT T#SR: A B B @Al 17—
M) F LB 3 FE iR R, Hrr O RRLRE () 1Rl L, 2458 — AN ) il B A &
I R SRR G RS SR IR EOVMRE R @R, 4E— T, [
25 %€ 7)) J7 T 18] (Aspect words), 25 I WA — /N J TH 1) % B2 1 ik & 75 72
1ET . schmittBS 254 17 B 248 X 2% (Convolutional Neural Networks, CNN) £
FastTextB7, ## | —NETHZ GG BT . Tang % ABY, Luo &
A B8 AN Bao &5 A BV #5548 1 X0 m) i 4 3R] 12 /285 2 (Bidirectional Long-Short
Term Memory , Bi-LSTM) Fl1yF: & J7 ML (Attention Mechanism) /£ A4t A1 L AE A
FRFE SRR B . Horp Tang B 7F Bi-LSTM Al Attention 342 38 hn T &4k
1) W5 B AT 25 R B8 TH I B A BT IR R . Luo B S A A et 17 5 2 A R I 1
&4 (Sentiment Embedding) F1X} 87 (115 Stk N HFAE (Semantic Embedding) K
W oE s A R 15 5. Bao 8 APIAR T i B AIHLHI 8977 AE 4R 2% (Loss),
yE R INLHI S 0N T A E R IE W 4L 5 (Regularization). 4 1 A PLEE
I iRl 4 | F 305 B (Context Information), Liang 2% A0 5] N7 | R SCHH ¢
(Context-aware) [ ik N5 S, HFHELS 7 B F SUE S RHEA B b5 5 51 1
R o

S W43 M1 (Sarcasm detection) ™43 w] DL AW AE & 15 18 43 B 1) — A 4 358
Zhang 55 NP Af ] GloVel®) /£ 9 Fil Il 2k 118 & B AL, 45 & 1 0 ph &2 I 4%
(Recurrent Neural Networks, RNNs) 1F N RF{E FH BB He Xt tweet & H SCA3EAT 43
Mro Tay &5 A6V 5 K 7 51 B ARe AR A0 PN 35 B 58 BLRRAE 20 0l 2 455, % 1 1) 1)
fIEFR N Sequential Feature, PN B I4RHIEAC B FR A Intra-attention, F H I SL46iE BH
T BXARFHIZE RNNs R ER 2 5, A ST Attention 1
B, EATH A AR AR R, T AR ST A T AH DG SRR A E T
X— 5, HARNZFE I . Hazarika 25 N7 7 CNNs /E ARHEREES
I H45E T RO (Max-pooling) £ AR 73 il @A | SCA ) N B REAEAN P By
fiE, BLFE LT CHFE (Contextual Feature)s P& 4F1IE (Content-based Feature). X
FHFAE (Stylometric Feature) A% 1 4F/E (Discourse Feature), 1 X4 L HU A
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TRKERHERE.

LG WG 73 BT (Metaphorical analysis) 28 £& T ¥R 2 A A [FIAE & 50 P9 A AN [F] 45
WARCZ AR R U8, bean “Mshti A, inaig. 7 Xaagd,  “CARBT
Fe AN, AR A, T EERT B B H S D T REE R X — xR, I
HAEEANZ AR R RS A A Z AR, iAW D (Metaphor
detection) %200 & LU gy 73 A7 () B EERA YT, B HAE 55 H bRt a2 HI W45 5 1) SCA R 2
MAFAE LU B TE 05 . FEONARRL RE I LU 40 B4 55 D192 T 23R 1) 45 7 SOA
R — AN O3 a2 B R M AR AR AR, X AT 25t R Dy ] 2 ) 1) B Mg 2 AT AR 5%
(Token-Level Metaphor Analysis). Mao %5 A 53 F| ] WordNetPHH 115 XRFIE,
FH HATSR 7 A b ia] 2 (A P ABACLEE, 38 i AHACLAR B ke 0 Wi ) - H 7 75 A7 AE Ll
Mao %5 N B4 5 SCAR AT 1404, TIZR S0 E#R A (literal embedding),
SR J5 8 A Bi-LSTM A Attention 1 4 X 4% [ 3 EE AR EL 73 A 2 15 A L

2.2.3 AIFRAINZEFERGE

Majumder 55 N5 FEAE IR AR5 9l T ARSI 380, £ g5k,
A5 F U] ) T8 34 B8.G (Bi-directional Gated Recurrent Unit, Bi-GRU) A1 Attention
VERRIEFHEL S, A — A AL 15k & M 2% (Tensor Network) XJ A [F]4E: 55 2 [A]
FVRFE AT R A o Jin 55 N ST B1 00 AS [B] 1 75 it 28 28 S AR d AT A, 15t A
PP g & I ZE VP, BRSO () AT 55 B O T RN S0l 43 B XoF
ST T i 2R T I B b ek R B . Jin 28 A\ POV S F LSTMs il 4>
JIRFE, Ad A 2 4 1) CNNs(Multi-scale Convolutional Neural Networks) fii X
JREREHIE, 4 = FH G GE ARG IRHE. N T R IL A R ERE 2 (A L &,
O — N Rk E R 2%, DUEAT X 2% 72 I 2RI AT LIS S B A 1) 28080 o
fiE. Akhtar ¢ A\ BT R YR NMESS: 1Rl EX (Term-Extraction) 1: 55 A1 8453
FKAESS, AT BARS T 1EA eIt

2.3 REBHIRIARITR

Jr B B SCAS 7 28 )R] DAL RS 0 B B R AR AT S B T 2
FRABEAT IS, ] LLE e A B AR IR GO AN Tk lhn, R4
AR, LGB R A SRRk Al g5, ARJEROT k. el g AT

ORI ITIRA M, N TREHRR R, BIE LTSGR




2.3 RERZHNXES L 13

PHEAR R 58 B sk, T SEIUN A B i SCAS AT HERA R . AR
BTG EEN A AT R .

2.3.1 ERFAWMREIRAGE

R 2R (FLAT) W7 B bR iE 2 — N EE @ i v B 77, Hoh AR
FMEMIAESS A FLAT AU 1) iy 44 SE A& iR 1l (Named Entity Recognition, NER),
PAF 18 #% 4 FLAT-NER. ‘%) B Ax NN — B 0T, X B gl
T T Sk, AR YR U R AN R, SEAAR R SR AN AH [F]. Yan SNBSS A
7 Vanilla Transformer®®! & NER fT45 L RIA G R A, 2ot 7 H A5 T4r
B Y15 (Positional Embedding) M) i% i, K A AH X AL B %% 69 (Relative positional
encoding) G 45 il Kl - )73 & J3HLH (Un-scaled Attention) ) 7 5, SZI 1 7E
FLAT NER b HJ$2TF. Xuan 85 A0 §2 ! 1) ERINE 1§ FH 22 Fofobir 252 14 41 AL A5 20
(Masking Model) SEILEIIREE R, H AR AL$E T SR (Entity-Level) (46,
£ NER LS EEUS T AR RIACR . Ma 28 AU 32 1 48 ] ExSoftword 7775k
FH1A#E R (Lexicon), fi#H T A3 NER AT 45 Hh 43 18] £ i 1 1) @UFN 45 Lattice
LSTM H T+ 52 2% A TSI R B0 el el Li 55 A\ 121 Gl 1K Lattice LSTM
AL 7 OR AR T lattice PRSI 1 n) @, HLAS FH AR A7 B 2 608 4 T Vanilla

Transformer [ 7] f1 391,

2.3.2 WMERAWREIRAGE

FERET FLAT BB BORA, 55— DN RE) 2 RIBRAES N IR EL T
Fr BRI, AR MRS A B 1 i 4 SC AR 1) (Nested Named Entity Recog-
nition, Nested NER). Nested NER £l FLAT NER ) [X 5 21 & 2-3(a) A1 & 2-3(b) il
7N, {E FLAT NER 21, S5 sifk 2 (A2 ANAHAEH); 1 Nested NER HI4E 55
P2 M HbR, SCRTTRBAAAEAMZE . HHEE . BEFZ S,

2.3.2.1 EFBRTMESGE

Zheng & N9 £} %} Nested NER 1F55, $i& th 5 T30 F 0 1) 07 3%, %07
TR B — 5 TR 3% S R i & — AN i) 22 (Token) (I FTI@ARAS, X EEHRZE 70N
“B” . “1” . “E” . “O” WM, oilMRET — ALK K (Begin).
i) (Inside). 45 (End) F1ESZ4A (Outside) PURNEAL, 55 — 2B & 20 & T () e
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Method Method Task
V—A—V . . /—A—\ V—A—\
Mor ##pa is a fully implemented par #ser for a text - to - speech system

(a) "1 JE A i 44 LA A7 ]

GPE PER
I ‘ 1 (—X—\
Premier of the western Canadian province of British Columbia ... Premier Visited
L J
Y
L GPE |

Y

PER

The Province of \British Columbiq
T

GPE
(b 15 FA ) iy 44 AR U
B 2-3: ARSI I i 44 SEAA R ) s ]

__________________________________

(mouse, alpha): Protein (mouse, gene): DNA

T T T T RNA DNA Protein

I
: ( )
BILSTM : Head h Tail t
| A 4
N e
‘ : | .« -« .« -«
| : BiLSTM
char emb | | —_— —_— —_ L)
1
BERT emb AN 3 4 3 4
NGO Y——» he
-l - N -

the mouse alpha gene ... —

2-4: Xu et al. $&H IR 25 ) B3]

A “B” W%A “E” , M —XHR%E (B, E), PAUHRACE —AN 0l B ) i ik 5244
(Span), R SCARAL R4S R il EAT SCAAR ISR ALFIWT, Dy 17 38 S B R 11 S A ik
MNfRIESR, SR I ISR H 2N B SEARIX — I, Tan S5 AT R A 1 2840
IR BAT RO, 5 Zheng 58 NPV ANFE/Z, Tan 55 NAZ LI 4> Token
PrAl e IR 2R R, T e LGRS — 70 3688, — AT Token & 7542 —



2.3 RERZHNXES L 15

SEARIIEL A, — NI Token A& 1522 — N SEARINZ S, AR E X EATHITHE .
Xu FANB X T F @8BS Zheng 55 A H Tan 58 N B8 A Xu 55
N B T &4 Token ARZERA, A LEHEN T LEMWES K, MH2EH
FORF B YA AR [) B A 386 BUBRZF 70 R g . HAR T S5 an 1] 2-4 7R . Xu F58 AP
¥ BT ) Token Wit 2] 1 C s S A iz Al SREXTHEATA S, REH
H& JG 1 Span £2id Self-Attention [ £ #4) Bt S 21 AN [8] ) S 28 1) 225 8] Hh 1R 4T 43
Ko WHTA KRR TIN5 R SRR AR P, I EE B EONE B K 2R A
Span Xt R SEARZE Ao Lin 58 A 651 S 4h—AN M BESEAT @A, M T T 1
SARH R %A — AN K] Token, FRZ Y Anchor. Anchor ] MR —ANS4K K
Huifr B, Lin 5 NS IRYE Anchor £ R . XKL TR TR 775
FEWHLZ 5y B, (H 2 M DUIBE S 5 3% 5 1) /L (Error Propagation), Rl 4figik
SEAR AL SR 2 SR AME DS 7 SIANIFIy, Hoor B R Ui 1 SEAR F A E S5 o
Xu % N B BRI BEAL IR TN &5 5, M &4 T Error Propagation iy
Kz, H S HAERHE SO AT H A I R AR R B B, H2AE5%
) BE AL B0 1 3 b B YR PRIV A

2.3.2.2 ETEREHMWGE

JRR SR ) FE B R — R — KB — P K R A B sk

R, ERARERMES W E 2-5FT 7R, Ju 55 N1 £ X Nested NER 1T 45 Fir #2
T M2 FLAT NER BB 734 5 B 2-528 10k 1% 77 ¥% M s /N R FE BT To-
ken, JF4R7rHT, i#EId FLAT NER HIREAY, (U)X FORLEE N 7 51 hRaE, 1931
“B” . “1” . “E” . “O” MW ZTH]. BT RMNKFIREE, ATLLE

JeFAF— I sk, BRI “B” 2| “B” JN—ANSEAR, I 5 7 SRR 38
B4k (Mean Pooling) ) /5 3, 53] — N4 %R ) Token K 1E (Representation). 74
JE iz R ) Token B AFE R AR PIAERIN B, 15 20HT 1) Token 741, Af FH ¥
[]—JZ FLAT NER BB 34T BB R /. Wang S8 N B9, B 2-5F7R )
TiiE, R EAXNSARFAT L, MARAINNESR ()7, BAX— 2 EH
Wt K BN ik, SRR, DN T GRS 2 B B Span 15 &
VT G v S A P A R B TGk B4R, A T AEE BINMIRE LSTM AR Ty
KA ife SCARREAT T & R AL, Tan 55 N7 44 Nested NER A5 il 1 70 14 1) T
3, 5 Wang AW AL, @I pER A5 R v R R EAREANF K Span. FRibZ
b, Tan &5 N7 42 H 48 FH XU M4 5 R 30 (Biaffine function) ()77 70 2% AR % 45
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(Farmer UN, Ambassador™ \ >

layer 5 N Jeane Kirkpatrick 7",
7 Former UN. ) ,/UN. Ambassado™
layer 4 \mbassodor Jeand "eane x.mwn—.%y’ Z
) i it Ol
Former UN, N, Ambass: Am N
layer 3 Ambassador / "\ Jeane K
Pad WA=
— e & * -
S UN, bassad /~ Jeane ™
layer 2 (Former UN,) . )i B
S~ & Ambassadog’ 1, Jeane o fickpatricg”
o~/ I TN )
layer 1 'irrFormer;j'g" UN, —*Ambassador—> Jeane > Kirkpatrick —

inputs: Former U.N. Ambassador Jeane Kirkpatrick ...
labels: =ORG= ROLE FIRST NAME
ROLE
ROLE

PER:
EF

2-5: Wang et al. $&H 1] 2 A 45 74 14

L i B j R — SRR . [RIRF, Tan 55 A7 [R5 ol B it SE 2 il =
PR AL: AT AR SR AN AT AL SR AT I S A m I S R B 2R A b i
ORISR s R A7 SRR B AR B AR TE K, (B S ARTE ORI SEAR A
R BRI SEAR; A AT SRR RPARTE, (R A Db LR R
SR, IXE I SR AT A R LR AR R A I 2R S 7T

2.3.2.3 ETFRNEEWBIEE

el pE B E B AR E — A, MSCEFR R — B E FE TR
AR Y D7 2R ] e B ) T 2o — AR, IR BROTVESEAT M T AR AR S 1]
R, RJE R R RSB AT P, A AR RS AT X )
SRJE M SC B R0 HAE R N 25 Yan 58 NS ZEARATT) SCE A, K BT A 1) )
RS BT T R AR, B E L “PER” (N 44, Person) SEAA, [a] £ M|
N: “Which person is mentioned in the text?” o XA77E MR EBE HH LA ET
SEARIS, BT AN A B ) R 25 X 2 JF, DRI 2 5 1 BB R0 ) o) . SR T
AT A —E W R BRI, 2 2R o) ) FR AL B [ i ), B R R B e 1 i)
BT R S R AE R, BB I R B R B ) SEAR & T A — AN SR
I, 7R B BRI ) A BOE T, RIFIE 2 — MR ESHR KR, AR IR I 5
o AN AR RF PR BCTE Y, I B AE B ) SEAR S A — R, (H2
S ANIA]A] R ) 0, AT DA AR . SR TR (] ) I BT AR R AR TR,
B A TR AT RE R DL 2% € HilA — R B ) A



2.4 KEBINE 17

= S i L, i ———————— S
= 7 bna [
@ UG = E
is loss loss

Y as; b~
\ndex: 0, 1) )

{ I ' I
| | : | | loss
| | . 4 | | i !
i lusuka."y @ | [ Span Proposals Boundary Offsets | | Entity I
i ‘eodng | Pl ! Yieq = (0.09,0.11) | | | Classifier :
up looking up | Israel 1 >
! ! '\mdex: G.5) ) i index: (0, 1) 4 [PEizEST ] ! | R |
| | > H 0009  11n | | | Boundary Adjusted
! ¢ ! : token index 1 | Span Proposals !
: ) 1 2 9 . : |
| | - : > ! ) I )
i // Y | Y;eq = (—0.13,1.96) i :> : Israel |
| | the president of R | the Pr:;‘fm of + < — i . index: (0, 1) |
\ the ) i e o S S T | [ ;
| . (index: (6, 10) / ! index: (6, 10) 5876 10 1196 | | -
; & | token index i . H |
| iz ! J -
i ) i i | i
| 7 \ P ] Span Boundary i I 'tht: Sn“:l:.sn': 'of |
4) - Ve B . Proposal Filter Offset R : ha Unl es
| 1e [ States for some \ ! 2o et oot | i index: (6, 12) !
index: (11, 14) ) -/ : i
| \m\ei (_ _ /) : [ seed span representation ] J | :
s T e O NN R L S e S SR Y R
Representation  Seed Span Generation Span Proposal Module Entity Classifier Module
P! P P P

Vel 2-6: 2 U I g

2.3.2.4 ETHREANSE

N T R W B i, Ak S 51 N — N # §8 A5 ——Intersection-
over-Union (IoU). ToU #1417 /& P 4> Span Z [H] 5 & K K. % & M1 Span
s1= Wi wa, o W Bl sy = (g, 00,0 X}, wi xp €V, i VRS AR . T
Span s, Al s, [ IoU {5 LN -

N
IoU(sy, 52) = AR

. 2-1
s1 U sy ( )

U 2-6]17, Shen 55 NPV I\ ik B 1) fim 44 SEAR R A W] BLAR 73 RO A T
f£55: Span 13 JEFI Span )73 38. Hrh Span KIS JE= 485 — B B — B
A, BT AT RE A Span BEAT A A, AWREMIMZEE R, NG — Dk
&, XN RAE BN TA B Span X 73 L AP =5 E Y Span, K2 N
Proposals; X5t & [ Span, 75 Z# L IER. MmEmREMKRERNX 7, #Eid
IoU #4718 % . 29— Span 1 Entity 2 [8] 1] IoU 1& & T BIME o B, MPHEIXE
Span & A Proposal. # BB, X Proposal #4776 BB [r 1 B A5 2K

2.4 KRG
AR STHIX M BH TSR T SAAEATRE, B A E

& WA TR S SR AR AR DL R R AL B AN R T
BSCAR P FRTIAE, ZWHNE T A TEO TR RONIR A Heig 73 Al



18 FT-E HXIE
—UE B AT SR . B8 = AN N B BRI B SR A 2R A, %78 A B )
H SEAS G AR Y 43 B P R B HEAT A48 FLAT 27N Nested 257, X =456
SIS TAE RN N T G KT i =N




i~ — =%

=T PESWHBEENE

AR E A B XA S R R BEAT VRGN 4, S SRR YR 1
. bRiEs BE B EAE M. Qi KEMMEM I, AR ILE G
(Subtext) H HILAEPIFII 5. AR M DRI AR A TR I PPR . SCEEAT
TR G EEHARRE 2, FRNE SR Z L N ES EARE K, EAER D E
FHNIEAMMRE, JINETZRA R TR R R RIS SE
RE SRR TR UL BB R, A SCAN XS I ER 73 B s 24T 0 M SR R A
T PEE T R IARYE, B E KRR SR BT R AT Akl
FITEie, HAREE R A LM e TR ERR S, HprfERE
M7 G i, ARZE S B R LA PPAR 1 5 B E AR IR 2 3R . DAk, AL
FRIBTE 7E N 2 2 B AR AR IR AL B SO A

[ -

3.1 BUERE

AR B AR A B R W S 2 B S R IR R e L g b ) A5
HEeRE R AR m A REREMBEZ KPR ERE. T Ak EE B A 2
MR T3 2 I 7 b, ASCOREE TURER I — a5 E R, Ay
HIPFR (5 & (Comment information). 477 1 1F18 ID(Comment ID). X IFIB1E S
(Parent Comment). i¥1& ID(Parent ID). K515 & (Source Information). I /@il
{5 & (Theme Information), X PFR1E B SR WR — &P e 8 7 — %Pt
Frvbie, WHZPER G BB E R, PR &G BRI oA TR e (E
Bo ACHRBEIXMEEREMAMRA: 1 HET SR E R EEE 5T
B BTG 20 IR FE W DUE X AR OGS, X 258 (Multi-rounds) 2544 T
BE AT . B2, ARSI R AR 2 72,494 S5 VPR R .

3.2 #rE



20 F=F PBRIRBIESENNE
* 3-1: IR
No. comm p-comm
1 T+0 Z57 i FLE R TH. . . . AP S, A A 2 SKMAFIIZE 5
W - RO I
2 FARAFAE — A KIS 7R g ? A 2 AT b 0 IS R SRR R
o AR T .
3 BURABAENON - 382 K&y, (HA2fs Abrraed B O, -, b5 i 7 RAD
hres® 7)) LE 1 [1IRE] SR ANWTEE TN o
4 MAERF S, REFEFZD L NULL
AR -, ERERRAER
PSS eN!
5 fe U e a AU, AREREEZ T NULL
AR [M2R]
F 3-2: Bl AR R B
No. subt sarc meta exag homo emot sent
1: I8 I
; WP -
o o o o
1 N B -15-5- #2F - 0 1
;T+0 XF A i
A
B INANEF
I, KK & I, KK E
B IR IL; 0 BE 9% IL; B 7
2 Ny -1;- . -1;- -15-- 2 0
i 58 4+t 1R KEEMBA
BN T T
1 BLAE A
L EHEsE - EREKH
B )LE o, HE B
3 N - -1;-;- -1;- -15-- 2 0
KEsar NE fhread s
N o LA T
]
1 FEE 5 i
4 -L- -1i- - I 6 0

FATCERIR




3.2 fRE 21

I A& B &
5 -15-5- B 45 FH AL -155- -1;- -1;-- 0 0
A

NIRRT NEERL, ASCEATARER, DX HdR T e, K58~
AAMREERBWAH A ID. AP BeRREELRR, AR AR A AN 44
Fo FRER 3B WER 327, FAr B R 46 £ s rT RS No. fE& 3-1
B’E. HF comm Fl p-comm 7 B KR PF IR T VP A SCE R B4R R R G
B, FRETERER: G (subt). KIA (sarc)s LT (meta)s Z 3K (exag)s
& (homo). 5% (emot). M & (sent)o FHort, “H'e” B —NELGMIRE,
AT ERBIB I JURERI T L AN R e Tk “HE” f it
MRITE, EARCHHIRETIHEET D, K54 L 50 %, HMmKX
RRIFEAARE NG W T. e, xR . F5k. 5%
HEA KRNI, AR ETAEPR TS B — A FRidfE B 005 —AARER
HA X MFR A R SCAN S T G, Eem i, E&f 58 =AM hsiE
R, XAFEERRPZENELEREMHNE. Hl, ER3-2%, Hai
P =AAMER R “THo X A EInAL” , AR “WMEFHR. « « o 7
EANWNEBRIEMANES X WS =AM REEE “HBRRERUNR
b RFER R “RANEGREFEN AWK N “AREK” . &—141
PRyEAS Bk < AT o Fl KT AREAE B — A0, AT A ¢ T AR
ik, BEATRER =3 “1” REZFHEACE “WEi” . “Ib
7o R L IR O R 07 RERIZ R B AT E & A IR
BRE; “17 REZFHEWUMAET BEwH” o “tm” o RN . “F
gk BCCHEET o IRE RO, ASCHEEANREH “Eik” M CEE T 2R
TUEW TAE. Britbzhb, ARSCEX 55, aid 7 FeE 1R i 415 B
O AL, R FRATT 00 B4l B T DA FHAE B 2 AR 55 28 A rp . Ho i 2515
B, A5 Mishra 58 AN U8, R ERRE R 7\ RSN “8” ZAE LK
Ao WATRIX LA 3 AR N 2] T A, “0” /A% “8”, “17 iR
FKAS (anger). “27 MREFEM (fear)s “37 REAFIE (trust). “4”7 RERE
(disgust), “5” ARFEHMEL (sad).  “6”7 AAKIFL Goy)s  “77 AREWVF (surprise)
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A “8” AREAE (anticipation)o AT WLRAE, AT Sem-Eval201312, ¥
HARER =28 “-17 T/ “0” RRLW BB /M. “17 AR
o %, it X EMERLHEE, NG R T 8,843 K init
AEITR

3.3 FREIE

N T HAARAS SCRRVE TAE B 51 S AT AL HoA R, ARSCRA 7 B bR
7717 (Two-Stages Labeling Methods) S22 AR I 7= A2 (1) WA 52 ma AR T PR
7 Ak VAL CSD Z AR T SENE . (RN 25 [EARVE BOCAS A W R = B s2m, A
SR B B AR J7 R LT AN BR . SR AR ARiE R, B EdE A A
AN NSL AT AR 2B T RARTER, B DY AR S — R AR 1) = A 4
AT HAZ . BRI AT =MoL .

o WIRTAIREL R —3, Wz, FHhriEs: RN ER%E (Golden
Label) {E N A FIARENEE R, I HXTAREE B WS A2 = A3 47 56
A1

® IR ARiES R —F, WAL N AR S — R bn it 10 45 R k47 vF
H, PR ERECE BB — AN R N E SRR, I HX RS B
A = AL AT S8

® LA RA L, W&EF %K.

N T E AR R T FE M, AR SR Ghanem &5 A1, Khodak %5 A 79 Al
Webster %5 A\ 7! ffi H Kappa Score {F A & ) —Wifebx. #R1, Kappa Score i#
W RAE N RS S ML AR R PR E TR, XS AR bR T
Lot N, B3, Kappa Score 18£8 A 5 A7 1 26 140 10 45 3R B A K I
P27 B G W B AN, RS ARy EE A AR i — 2ok, Kappa Score
EE AT REIRAC, SBOSEEE =S R A RES 10 Bk, AR ) — i
&7 7 FHR A Y BObRvE 17 & 77 7% (Two-Rounds Annotation Evaluation, TAE). Jf
H 51\ Ohman & A\ P2 PJER DAL TTE, T SVM AR A K88, HEUR
L N ZRER AN A, s AR b () P10 25 S0 2cdle o 2 b A7 1 2

TAE Score: 4 115 TAE Score, T 569 5 4% 24k S AN R AL 2 UM ME

- —EME (Agreement): S —FOBRIE I = ANPRIE S RS A AR 45 KA
Al ECE S R BERI LU ¥ Ly = {0, Loy -+ D) NEBE—REARTE RO SRR,
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B L NS RIMENER, REGRTAN L, = (L), HA n A% RISEN
NE RS F50 i 28, e r— 2 S h .

jlh € Ly, j=1,2,--- ,nl

agr; = . (3-1)
n

- BEMLYE (Randomness): W e ARiESE R B R BHON T, 125 —HIriEs
PR HBUE RS R ARE S R I AR E R RN N, W BEHLE
E SN AT BB 1 Is(s) 2 — IR s B e & R, W
Liy = [Ly, Loy o L] AR 2B —RORRIE RIS R, W Liy = (L] /258 R bk 145
B, M i RBAERIBENLE TR QT

N

rad,- = T (3—2)
N = Is(Liy)\Is(Liy) (3-3)
T = Is(Li;) U Is(Liy). (3-4)

VE N AT SEME AT B 7%, TAE MNiZiw 2 LA N =2 -

® i (Monotony): TAE Score 71— U BL1% 2435 2 B R 18 3 1 1 oa,  [F)
12 22 5 T i AL A 3 A R R Dk ) 12 o

® 51 (Boundness): TAE Score V1% 5< T REHL A1 — A 0 e 1 L1 5%,
REWERER BT, B4t E MRS ST

® JhS7 M (Independence): TAE Score HIZUAE B 12 BR AR BUHE 1 b5 25 53 A7 & 4
HASL, BIANIZEEE E AR AR AR, TIX AN & Kappa Score
FE B3 e 21 i 3 ZEERE

Rlt, ARHE FIRYERT, ASSCR: TAE 5€ LanF:

exp(agr —rad) — 1/e

TAE = 3-5

e—1/e (3-5)

agr = w (3-6)
" rad,

rad = Z'_ITM, (3-7)

Hr e HEHAREE . TR, TAE W2 5\, X H T agr.rad € [0,1], T %I
TAE € [0,1], Rt TAE Wi @A A1 . TAE B30 M A S i@ o A 52 56
HEATIOAE, W 3-1F7R.
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T T e TAE BA &M, AU 7 AHSGFRE S ES . AR SCAE AN R | IE 47
FEARLERIZAE TS, #EHT 7 NAHSLE, FF4% Kappa scores 1EFfZ (Accuracy) 1E A
Pt BRI AT TS N =TS, K EARTTAT IS, 52
R ME3-1R~. KE3-1(a). K3-1(b). K 3-1(c)E =& Kappa score-

—— pos rate 0.0001 M pos rate 0.0001
pos rate 0.0401 m pos rate 0.0401
"| —— pos rate 0.0801 2] —— pos rate 0.0801
g —— posrate 0.1201 8 *1 —— pos rate 0.1201
ﬁ "l —— posrate 0.1601 U;\"_ —— pos rate 0.1601
a —— pos rate 0.2001 g —— pos rate 0.2001
<
" The Awgreemenﬁt”& (%) ’ ' " The Agreemenfﬂs. (%)
(a) Kappa Score Fifi & — S0 1) 7R (b) Accuracy Score B —EU AL 1) EIR
—— pos rate 0.0001 Kappa score
pos rate 0.0401 Accuracy Rate
o — pos rate 0.0801
g —— posrate 0.1201 TAE score
8 —— pos rate 0.1601 L
n I}
e @
F 04
" The /&Ugreemengs. (%) ' " The Agreemengs. (%) ’
(c) TAE Score B4 — B2 AL KR (d) AR R IE G REAS BT B AS [R5 238 A B

B 3-1: AN[FAT R VA LRSS R R

Accuracy score Al TAE score ] i1 ZefE %5 — B ARG IR L, B BRI AR #T 22

REE CATRAEAN R EAFEA L 2545 T i S5, B 3-1(d)En 2 £E 1k
AEAEL A 1: 5 %4, Kappascore. Accuracy score A1 TAE score ‘& 41142
BB e B 3-1(b) 3 B IE A 28 (1) ith 2 B8 25 — B i 39 2 I 2P AR 4k,

FEBAE 75 RS B B AL T R B 52 . 1 B 3-1(a) A1 B 3-1(c)# B Kappa score Al
TAE score KT — 8 R ILARZR AR A, —FARE I 1 BEAL AL PEAS Hh AL 11
Mo MK 3-1(a)F, 7] LLKIN Kappa score )72 M 28 A2 [E 2 1, 12 SbEE
IEAREAR LR R AR, JCH Y IE AR R /NG, BPEE A P,

‘B HT 2 I H 1 Kappa score 24 Agreement 73 £0/R =y iy, 24 Bodis 42 40 € AN
AIEE, MIXERANEH. mMME3-1(c)F, "TPAKRIL, TAE score JL-FA2Ff1E
FREAR LR T AR AL, X T AFE R IE AR LB #f Re S SRR 45 R, R
Wi _ESCRTR s . HAE 3-1(d)H A5, EEEECA FATR, TAE score
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10000

5000

0
3 5 7 9 11 13 15 17 19 21

bRy A&

[ 3-2: BEAAREAR AR N BT

F Kappa score Fr) T UM 2. H B 3-1(d)3R B IERf R LEAH [F] 1E SRR A b 2644
T Lt Kappa score fl TAE score ¥ 5. 4—# AKX T 0.35 B, TAE score FI%{H
25T Kappa score, 15 2 L HBEAK. SAKT S, TAE A #iL Kappa score [
MH . ik, TAE °TLUH T4 B AT s 4L & BT 5E. [RIEE, FRAIT@E
i AR AU, 24 Kappa score FEUELTE 0.6 B, BTt M) TAE score K%
7E 0.53, XEWRE, Kappascore H—MIREWMR ST 0.6 ZATFM), HALE
TAE 1, H53%805T 0.53 i, AN AT,

RN T BIAIE, ASCHTHE TAE score A FEVERIA 20, A CHE Amazon
PEHE A TF $ 5 4£© _E d ] Kappa score fil TAE score #£47 3. T Amazon
(& 2 - B AT VR4S 2, 1T TAE score £E 1170 I 35 B4 X i 48
PREHEATHT R . 1 Amazon WIEHEHH = TO0CH — 58, [k, 7ExF kAT
BN, FFEREENFR TR AT IS, RERE A RATE T,
G ATEE R ZRARERN S R . BRI — NI o WbsiE, RmsE 48
e NRE R, JUREIE 1-5 208 ik, o] RUKHE B2 B 2R . i
Kl 3-2017R, BEAFEAR BRI BRI N B N E 8 i SRR o [R5 SRR AR
A5 HRIE N B 5200 A5 A ST A 7 1) R AR AL, % Amazon B 1 Y
WRALE, ¥ 3 0 DU IEHE R E 82 (-1), 3 WA E SCA—f (0), 3
73 LA EREASE SUREF (1)

BT PRI, ARSCH Amazon HIEE AT SEMEREAT VAL, & T A RS
ENE R E AR, A A 7 e TR] i B4 P S 1 AT S AR e SR I T SE .

O PR IE: http://snap.stanford.edu/data/web- Amazon-links.html


http://snap.stanford.edu/data/web-Amazon-links.html
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% 3-3: Amazon HHE SR T B 45 R

P AN B THIE S Kappa score TAE Score agreements 1:0:-1
Jewelry 37.21 61.34 83.16 1228:49:67
Arts 51.75 62.55 83.79 289:9:33
Shoes 38.88 56.47 80.64 3791:157:293
Home & Kitchen 49.69 55.69 79.77 5332:171:809
Watches 41.29 57.69 80.93 781:19:72
3 Software 53.85 45.71 73.21 700:32:317
Office_Products 52.50 54.30 78.96 976:25:192
Patio 46.86 52.81 78.30 1443:43:248
Health 45.90 56.42 80.32 2964:106:373
Electronics 50.37 52.05 77.55 5820:222:1189
Average 48.57 54.69 79.27 -
Jewelry 30.09 50.46 79.64 578:11:25
Arts 45.67 49.87 78.69 133:3:17
Shoes 19.22 48.90 78.57 2035:46:52
Home & Kitchen 40.32 46.79 76.75 2718:79:354
Watches 32.77 49.94 79.51 343:7:19
5 Software 44.03 37.42 68.98 392:13:143
Office Products 46.45 46.37 76.69 486:10:84
Patio 43.80 44.98 76.04 742:25:116
Health 35.00 49.14 78.66 1534:23:131
Electronics 42.33 43.77 74.48 3134:85:555
Average 39.40 46.29 76.51 -
Jewelry 11.63 38.81 74.81 143:0:3
Arts 46.16 48.41 83.20 37:0:4
Shoes 22.18 42.27 81.89 797:1:20
Home_ & Kitchen 35.03 38.91 74.59 1242:5:151
Watches 15.91 45.86 80.25 123:0:3
9 Software 43.79 32.99 68.38 159:1:67
Office_Products 41.35 38.08 73.94 231:2:42
Patio 32.89 38.62 74.14 286:2:36
Health 30.18 40.49 76.13 644:5:53
Electronics 37.37 37.99 73.34 1356:9:235
Average 35.86 39.21 75.37 -

BAERMKI-3R, HbsE—F8ENSE 1. 0 F-1 MEHEEZ . A
TP RN E A R, IRAT R 33 B, IR — 8ok MR B AT HE
b, ¥—E8E (EEH ). TAE score(4% (0 43) Al Kappa score(3 4 343) FL[A]
IR 3-3% . WRPEHEATLUEH, Amazon [EHE/E 5 A T HdE £ L
— M RIREN, BARSIEEN SR EREN. BEAR B &
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g g |||||||||I

(a) 3 NPREERBFRELGE RATHAL  (b) S AARTERVBFEESS SEATHAL (o) O Ahmik i i e 4 SR T AL,
3-3: W EAR K AL

R 3-4: AFEBTEIVAN SRR

type sarc  meta subt exag homo sent

Kappa 0.6028 0.6021 0.6042 0.7065 0.6113 0.7307
TAE 0.8071 0.5618 0.5016 0.8818 0.9515 0.5063
Fisvy 0.5087 0.4976 0.4657 0.5030 0.5322 0.5421

T, Kappa score Fll TAE score RINEH A, LEHAREA T H#T I {%, Kappa
score X s M B IAFAEMZ, &5 FIATTEE. 1l TAE score WA 252 #4f
PRI A A2 5 AT 52, 4K TH 7] LLEE Kappa score B8 REHERf 7 & B £E 1) m]
FEME . FEBIE BN AT B, Kappa score Al TAE score #5AJ PLS H AHABLRA) 7]
SEMESS e . M 3-39 A LLEE LA tH, TAE score Al —EU it HoA B — Az
R 2, 1M Kappa score F1—E1%: I8 REOVIREL, IR LILHREE R
H It ] L, TAE score #H bt T Kappa score, & H5FE  brid i — 280 1,
[ i AN TAE score F1—EU1%: 2 [H] ) 22 5B ] & HH, TAE score i & 1 briF 15
BLE.

3.4 HIESh

2l EICHrR, ARFEATEAE TS R TR R . CSD-ER AL
T Kappa score. TAE score A1 SVM T i 1l & 45 S a2 3-4FT 7R .

CEE T H ML AT LLE WA B CSD- B EEELE RN, . W EIAE. F
sk W S B R, HOTASAE =AM Fa A 004 = i G i ) AT SE YRS A
R ATRER AR Z, W] LI B AR S5 AR AR S E B, B N
WA R 5 AT UAERG R . B 3-4f87R T CSD-BIEE N E ST E R, H
Kl 3-4(a) 7R M 2 T A =70 KRR 2K At ke Bl 3-4(b) R/ 1) 2 A [F] 1
LIFEAR AT, ATRAKIL, KR IREARER A RIL e s 4, RILHE K
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3500

3000

E
@

2500

=
S
=]
5

5 a
‘ -‘ = ‘ I‘ I'|

© 2
= £ 2000
Z
Xag
1500
subt I class 1000
I -0
— - 0.0 s00
 — =
0 2000 4000 6000 8000 0 1 2 3 4 5 6 7 8
number Classes
(a) =ZAARZE I A (b) 15 BRI Al

Bl 3-4: B2 A

YR G2 S(HET), 60T L) Al 8(AEE), X AMAIL R 1K) 15 25 SR AR AIE
FEH AT A BATHI A BRI

1.0

Wsarc Mmeta Msubt Whomo Mexag

(a) JB& T 22 2015l AT A FEAR T B F 2R 14 (b) Spearman &%
) MREA S L

B 3-5: MM T o

Fhb BATESS AR bR & 2 18] A SRAEREAT 1 o0, 0Bl R 3-5
Ao HEI3-5)RR 2, ERAN type2 KIFTAFEA T, A5 typel HIKE
ALefl. AR AAK type2, WU typel. AT, FERFIFEAF, G
JIT o LA A de s 1Y), FL b S UR S TR R L i 28 2 ) R A AT K I — 2R R AR
RS T G, AR G 1 Hh SO S TRONT B i SR BT 7 BB R e
& 3-5(b)Kom (218 B 1A AR BN EA Z TR spearman %, KBS AT EL
W5 G A BRI SRR, SR T 0.5, KON TN SCIRATT TR B 5 i S it
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T LG B A

3.5 KENE

A F, CSD-E AT 714N A, BFEEE SR B, Hods R IR
ST AR RbRE VA B i VPl TR R R AR M A A . AE SR
FUEVEAL —7T, ACHEH T TAE score, BT T TAE score 7€ RN FH W 1% 355
SRR . AR CAE Amazon (54 X TAE score A1 Kappa score 3R B 7 AH
KAFEE, #3tH TAE score & AT FEIF), AIUALH TWFHIBR 2 ST 5. &E, A
4 TAE score FHAEH AW Ecds 2 5 T S — M7 30, FF H A Kappa score. F;
score F:[A]IGAE T CSD i Ll FE k.






FNE AITFRIRES: BaiA
ol

AN E N S AEXTHE G s LR AS SCHT B ARt T SR EEAT VEAH Y
Ao BFESHIFNT. BB R, SEIREIR L.

4.1 BHRRMNSHEXESHEKRS XS

A EEAE BN QIR 5. oA A R R i 2
(A1 X 531 o

B S S RN, EAE S A T — R AR UE, K 3-5(a) ]
%, BATMHEZEEGES, HAAR. e - MEFHER, & Ff&E
BERTB, EEHEAFPEME, s SORe AT LA Gl e
KRERGIREE R, HE2NAEEAREHIESAAEGH, ©%
Hit— PR MET XEERARRIE 5RESCT A HNER, Bd—2, #&
Bl S N AT B 2 AR AR, DO AR —/NER gy, T2 i G R i
T BN SCOC R ECE MR — LU S AR RIS R, 3K B 6 i e
FATTS IR A BT AL ) | SO BE A AT SE IR Z AR

N T S U B B 1A S SO EE R AN B M L T R R, AT K
2R T G T AT . BlnAE — SR A N i, XA AR
“ORprOAE R, REEDIKER” , ZAWEHIESEREE—RERX
R, RABIBRIR. X T Lo, B H R A B A Lo, 3
g LURETIRIAE, PSR bLM AR R KE. 0T RRIRBIT S, e H bR
e FIWT I A A B RN XTI S, E R 2 X A5 i
gt ‘e, RRMSEEE M AR T R EME. EE20 TG
WS, B IR XA R GE.. RE BT BWE Tk
wAET IS M AR LR, FIRIXE CRTEHREER T AT
JEH, A “EERIR” KPR R 105 T i i i A 1
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PR CTAH L S m i, B LB T [doge]” IITIROY “UFHX
ko R 9 7, XA R B AT A AT RN & 30, gl — min] BUE 221
“UFSART AN ST B IRSE N INOR] R . 5 AR A A AR R S HR I
PHERIITFIRE, 1§42 “WE7 o HR A5 I A TR BCA e . X T
BRI R ESL, XAWEAFBGE, RIENER, 4a6 T “1
A, 3 ET, BETHER, AR AR MRS E B XA R
HIALAE B AR 2218 .

EARFAE G, #eA OREE temze & . Blanmmxs “ 9t &5 2
T I/ MRAERIE [doge]” XAJVFIR, A ANRBIRU “FEXNE [F2E]” , KAWL
Mg 73 B A0 S YR 70 B o B 45 R T e gt 8 S, (ELR A B ST N Ak AE R
We” iX—H)alfq, iZAEWMEKZ /MR, TR RN, e
2ot “CM/MKLERRIE” B AR R B Rt R I/ MAOL” A
CHRAER” o T, BEZIEMME TIE N TR, MHTERENA
7B ERINAI g, COERE R L7 ERE BRI B H .

AT AT SCHIR IR0, LeMars SOl 5 A B R R T R R AN &5 3] 2
Pra iz AL, EiEEARKK KL, sy, TR RS
RO HTANE GiE 2R BOR, o BAs AR S, AR
SCERRI) — AN REBr o TSS T SORNT g EL AR S 1k NP AR R R . R
TAEAE SO LT R B 1, A ] BEAR W iR, H XM i L AERAE Dy 1B 5 A
HITE SR — A RB 7y, (HAGR 2, RE2HTm— A 30Ame; EaHE
H, WE R —E - #R WS BRSO A R, 5 HRTAT SRR TE SRR

ABCR B R LURErS 1 O M AT 5 1R 3 B 0 DA Rl EEMR R T . T
G EAN TR SORSHT A LI A AT AR S B AR E] 1S BT B AE
M HARTE R IO 4 DR EERIIE S s S R AT 5 A2 20 HY 2 AT iE A 2
TR SRR ERR; i i 5 A2 0T M ATE A S R B 2 Tk
B DRSS R AR AR B S B 208 TR A TR ST
T N HRZEIRE S i =MES E I . ok, Gk
DU EE SN oA B g o A AR I BT SRR R 3G, T B2 A R AT B
"y, AREME MRS BAE SN I RBR, WARLSR. fa, #Giilfa
I ik e AT BE SR TS AR, RO E AR SCE A BRI A% AT BE AN 2 A7 A EL e 4y
B SR M SR S A D9 I B R A H o DRI, ASSCE AT, T
&1 70 M B H VAT RTIE 1 !
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4.2 SASICM {EBILE#

AT BT G 1A I A LT BN A WRIEET L1 1R
Pk, FRATTX 3 & A BRI T R 2] MR R R I(x,y), 4
x My FonE—A 2 B, R R R B RE ony) = -1 2 x My AE 2 S
FToRFE—NEER, BRRENME I(x,y) =05 4 x My ARRFE—AZ B,
MR 7R KB I(x,y) = 1o [FIE, FRAE &3 48R 7 a5 R EoR, iR
AL 59 6 WA AR, AT LUNTE G iade it — 2, DRIt ASCR A
AR5 77 SRR G AT RCR . AR EAMES R A iE R S A
AW Rz A RS B T DGR AR S B G, TR EA
RS U e Y AT 2R, VE WL R 3. AT R ABI R oy 4 03 TR e =
JINLEI R A P55 NI 245451522 (Strengthen Attention based Sequence and
Intra-Attention Confused Multi-Task Model, SASICM), H45 ¥ anE 4-1Fr7x. A
AE T LR UL Smfd itk (Encoder). 584k VE 7 71 )2 (Strengthen Atten-
tion). XU [A] [ KGR ICIZ 4 M 4% (Bidirectional Long Short-Term Memory) 74l
FHIETR G 1L (Feature confusion). 15 X HUE H (Mean Extractor) A =AME55 1
oy R

4.2.1 [O)RREE

WS = {< cls > wi,wa, o Wy, < sep >,¢1,0,0 0, 0} AT ISR FP
I, HA < cls >l < sep > & WK H BERTY BF % 57 1 A AN 4 Bk F £+
W o= {wi,wa, o w,} BREDSITHILARANE, C = {cr,e0, o0} A& 4RI
RFFKERN EFXEE S BERZ%EI=ARE: 1 &8N %
B yamr < LunW,S)s Yo € {=1,0,1}, 73 AR € & A 6. A
TRGEBGRMB T AEBHEER: 20 RINFAWEE: yae « LadW),
Vsare € (=1,0, 1}, 2> BACRHE AT RN AR E & 54 SORFIf 2 B A RN
3. HEMEIB R Yiera < DnetadW)s Yimera € (=1,0, 1}, 73 ARERHA E 1A LLIET
ANH S A2 15 LU AT A s LA b . AR B TE = A el R N R 1 O A AR
JER: 1. NEETT 3-5 T LUREL, iR —AMa)F B soREs e, A4 i%4)
A KM TR R G 2. B S URAAN L T LSS T8 & 17 (1) A T e AL B 2
k%
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‘ . . ,Comment

‘ \ %‘r
D D D Encoder
SRR )

' content

K 4-1: SASICM #7145 4

4.2.2 Embedding &

AFTEEL GloVel®™) HI BERTPME MW G gmts = . Horh GloVe 1E A gmts /= AE
CSD-#¥a 45 LT I k15 2], fEM 2 F i3t 1774 (Fine-tuning); BERT 1E A4
22K H T Ture 55 AU 78 H SCE b B4 FH BN SR BEAY 72 I 2% th gk AT 1
Wo BRULZ AN, ASCAEYRRGM, B3I T X B gD, KA BN
KR THME . HhASORIERINE, 8 GloVe 1yl n) &Il 2577 2 1) g b 4
JE75 300, {3 BERT 1E Jyia] [n) &I 2577 s i 4L E g 768, Ar B 4 fith () 4L
N 50.

4.2.3 BUIFEHNE

SRAGTE ) T R R MR B A 22 R, I oAbk AS R E
PEZ B 22 S ok e s A S ) SEIL A 2T BV E R UL RS RO ER A
P/~ Token #; 1 ¢; Z [BJIAHALRE, SR J5 14 Softmax BREUN Token ¢ AIHRAE S
Token Z [A] (P AHAL BEMCT 18, R ENER 1540 att;e X are, FE—I0 k, 5 HAK
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FEH by, MEEERNO, HFXHTF E—DNEHIRT 6, K ENERE
Al Softmax BREL, FEIAEREINAAN 1, VMRS arr & — DA S .
AR A-13] 4-6 7R T Wi Eam iy & i EE

_ Wyqi - (wkkj)T

Sij = ‘/d_h (4-1)
Si = [Si0, Sits 5 Sin-1] (4-2)
att; = Softmax(s;) (4-3)
scaleds; = 0; - (ReLU(att; — b)) (4-4)
scaledatt; = Softmax(scaleds;) (4-5)
ri = scaledatt; - w,v;, (4-6)

H 0, w0, € RS2 g, kv, WU SH d, 20 W& 4R KN, dy 2
BREYERE, gk v AREH i M ERIE, =FHTAHMEA. r, e R4, 4
x>0, ReLU(x) = x, 5] ReLU(x) = 0. 6,,b; € R! #E— D LBESH, |
NPT E . &a, WAER AT TR r, N 2

Fra= ) 7i (4-7)

1
i=1

4.2.4 WEKFEHAIZIZE T

K55 #9212 W 4% (Long Short-Term Memory, LSTM)[74 J& Hochreiter Z¢ A\
TE 1997 EFE ) — PN 2 25 40, Foik A T @B B 7 51 45 1 1) s 2 4L
B EE M TR AT R BETETE0, S
Fr i 8] RS BB AT B 5 AR . 5% 4 ) RNNUS A EL, LSTM 7] DL 22 fig
Pof FEE VA 2 RBE P8 A2 i) R, 3& T @K 1 7 A R . L R A 45 4
El4-2fiR. H o RMETTIRE, EELTIHETHERELR, REHH
A Ja A3, o 9 sigmoid M%L. Hit 57 A 4-834-12ff7. 2304-9.
4-8F14-1073 AR R ATT BB TG ST, e85 L7Eae—%.
A A-1TM 4- 12 7R K2 M & RS R 77 0. a1 4-110 i 5
WIRAS . AT ZI AR &2 TORES AN Y T ANRESEE R, S—H T HEH 4011
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ht
Ct-1 ° ° —>Cy
i [ x ] hy
Xt
Kl 4-2: LSTM ()45 Hy
P TOIRAS, FFkIm fafEid.

i) = o(Welhi—y, x:] + by) (4-8)
yi(t) = o(Wilh_1, x:] + b;) (4-9)
yo(t) = O-(Wo[ht—l’ xt] + bo) (4_10)
C, = tanh(W,[h,_1, x] + b,) (4-11)
Cr = yp(t) X Cpoy + yi() X Cta (4-12)

Foofr, ARERSEERRE, x REB AT, [ AR, W, W, W, W, €
RO BT ST RE B AL, by, by, by, b, € RS T2 MRESH, o(x) =
L TR I s R LR OHIEN s T BiLSTM

E"Jiﬁiﬁ%} hc = []’lff, hfb]’ H ]’lc € R,

4.2.5 HHIRLEE

LR AR I AT N R AE rp, AT R) T P SRR he 25
B —FPHE. N TR AL R e, A AR e, AR R ) ik
TR . BRI A 4-13F7R .

rp = Whihe rral, (4-13)

Frf Wy, € RIS Jyn] 2 3] {15 MU b
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4.2.6 KiN. EEMiFumE

N TERRAMMES RS 22 2 2% B AR, AR rp BT PIAS LA
70 T WSS 21 S AR EE e PR RFALE 5 25 1), e A IR AR A ORI T VPR 2
MAESE EFXAR. AR 4-14FF7R.

_ T
Fsarc = Wsarc

ry+ bsare (4-14)

_ T
Timeta = VVmeta

s + byetas (4-15)

ﬁ;‘ E':l WSCZFC’ Wmeta e R3dh deubspace ’ bsarc’ bmeta E Rd.wbspace o //f%l: %U%/l\ﬁ:? I‘Eﬂ—t E/‘J"JF%?—[E I"’ﬂﬁi
ZJa, AR 4-16F14-17Fr7~18FH Softmax 1E N EE ek BUs kAT 1

Ysare = Softmax(WY,,.,7sarc) (4-16)
ymeta = SOftmaX(WnY;g[aprl’nela)9 (4_ 1 7)

dsubspace X3
EEF' WX‘a}’L‘p, Wmetap [ R subspace o

4.2.7 FEEIENEMHEER

AT MLP /R 38 CHTEUCBE SR 50T, & 26K ok B T VP10 I REAE e S 3]
B G R RFE S A S 2 rops RIS MLP 4 ry, WU SI3E SRR, 43
B Foean—commo FIFERT, FATK S 73921 strengthen attention I Bi-GRU 15 2|
RVRRAE [a) S EAT PHEE,  &end [A]— AN 16 SR BUSE A5 B 584 R SCHAE SCFrAiE
Fmean—conto TC L FEHNA X 4-18 2] 4-20/775

Vsubt = Wzl;blrf + bsubt (4_18)
Tmean—comm = MLP(Fgupt) (4_ 1 9)
Vimean—cont = MLP(WLY-;;m[hcont,ca rcont,fa] + bcont), (4_20)

:/H;I:F' hcon[,c e RZdh y\j;—-aj}% E@?iu S ééjj: BI'GRU E?%l:iu E/\Jtl:#//fﬂzﬁ%’ I’wm’fa E Rdh
y\j S % ﬁ ‘EE %r: jj B/(J 5%“ ?E IJ':’] % ’ Wsuhl" Wcontent € R3dh deubmwe s b cont € Rdmbwwe y\j ﬁ #
AZH
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4.2.8 FEBEINTFUNFELR

R BORGEVEIR AT 2 TE SR Fonean-comm FIARE 76 2 7 51145 21 B 38 IR0 &
Vinean—cont j:#%’ /fi}zﬁ MLP %D Softmax E{%ﬁiﬁﬁ?ﬁ‘{m o

Ysubr = Softmax (MLP([rmean—comm’ rmean—cont])) . (4_21)

4.2.9 IRKEEE
AT 2 B8 8 v DL LB M4

® TR Ly H =303 BE, 43 ) 0 EE MG 000U AR 453 2K« S R Tl £y 453 2 AT
T B TR AR % o B 23 451 2R B N 28 SURR (CrossEntropy)

Lpred = WsarcLsarc + WmetaLmeta + Wsuthsubt (4_22)
Lsarc = Z Yi sarc log yi,sarc (4_23)
Lyeta = Z Yimeta 10g j}i,mem (4_24)
Lsubt = Z Yi,subt log yi,subt, (4_25)

A Woares Winera> Wourr € R IR T

@ Strengthen Attention ZE([JZ) W, Jy T 1A F| Strengthen Attention ¥ H Az, H
ZRARTCARN, HAEZNMEREE b AR, &Ny 43
HE, HIRARKKR, SN EAE 2, K2 A i e —
SEVLHE N . Strengthen Attention HIZEERLE 6, i 5/NTF 1, ) Hk 51 1 250 1
RN E S, AREREEIEE, XA IR, R 6 ik
Q. b, RILWIE by, MTEHETREAE [b,b] 218, SN ERK, [H
FER, BOE 0, AREIRT HIME 6.

Leons = ) ReLU(b = by) + ReLU(b; - b) + ReLU(@ - ). (4-26)
o [ENIL, Dy MG, AT LR U MLP Z R BITE 2

BERHEI L ML, 0 Lo
UL, %R AL R R R BOE R TS, A
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Lpreq N FARH BUK 2 20T RSO Bm S 0 I 204 . Sk 48 DL R I
&, AU BURREE S B E AR IE I UE SR 1 25 REEE I hd RE b AT R . 3
UEEE AT DAAS B =AN KA fi 8 fios fio B fis REATEHTIH—HZ G,
Fe b—P R g, FNAFZERBIRE .

exp(f1.)
Zie{—l,o,l} exp(/f1.)

wi=gll- (4-27)

4.3 W55t

AT 4 20 FrIR i E AT VRGN SEIA A, 1HEAT AE DG BB 5

1 SASICM A 241 DL B 3E A7 AH DG (10 R S 38 LB U4 07 V6 B0 RtE . A

FE SIS PRI 1 BAR DY 1]

® TSI G IR M T % AR SCLESLIRFR 40 X LG 7 HAFE S 15 0L T SASICM
fEAGEE A, IF HoRE LU 7 ik AT 7 A ORI R . 2 E M FEEH R
X HE AT S5 T IEAETRATT R AN ) SR SR

® ALK GTRIRM ik A L& T SASICM F1H 4 24T %5 K 4844
IR A SCHEAT T AR 55 0 = AT 55 AR AE TS & R HONAE 55 B ROR .
ZBE M EH 2Vl SASICM 1E3E & A iR BT SS B e, AR
SEASCTHR I SASICM BE&E S A A — AN 3R Z A5 Y (Baseline).

® N [F] i 1d] ] B R AL J5 ik T A A R B S . AR SCAE A GloVe ™! Al
BERT 3! Ry ppinl [a) &R AL 7 2, 0 AIAETRATIAE S8 AT 5GBS )i
AT S AFRIE K S AS ICM, 1 S AS ICMpprro %V B AT LALESE# B L
AN 77 1] ) B SR AR AR TS 61T S B ZE R

o NIIRIM: A SCHs [FIRE B PEAL 77 vE R AE N ARiESS R b, idfE HP. %
wWENH M REERIMIES RS, I B8 aEsgt—4 B
(Upper Bound).

4.3.1 HEZREAFYIEEL
AN EEAG TG TSI rf, 9 & 7 IAE 55 57 B X b 28
R,
® Bag-Of-Word + 281104y 3638 1 T18 & 1A (£ 55 [ Bamg e, o LU A 2%
IR, IR A SIS, W T2 M4 K58, A0SR i 48 (Bag-Of-
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FOE AFRIEMES: EBaiEw

Word) 6 A%FAE, {8 SVM. LR. NB. DT fl# kK (Maximum Entropy)
RAUSI AR g 73 A0 2 5 A0 6 1 1HEAT H I

BTM-Based Model BTM & — /> —JGAT 55 1 73 KA AL ST, BTM [A] B 27 2] )
WS B e B ARAR DL AR 7 B RO, I R A5 A e KRR S Wi 4 SRAE B
FEAEFH DU 908 r 25 FE R i . AEASSCSERG Hr, BTM I AME 55 BT UM
e 1. WG R AN SORAN W, R A R BTMS S 5 2. 38 & A il Al
Eb gy 30 W, X R AR AL e B BTMS M. [, AT F1 SASICM f) = AT 45
AAFFF, ARICGEH BTM F R T ARS8, e BTM3; N 7 FHAT
SRS T, ARSOK BTM (A B R 1 B 55 B, Horh i & Ja] ds g
IR B BT MS ubt, R W XS B2 AL B BT MS arc,  HHa 2] WXt
NI C B BT MMeta.

MIARN-Based Model MIARN 6] & — ANy 1 KRR BT 55 8 T 1) AT 55 5
RIBUHR) . MIARN it T Intra-Attention £5 5 A DL 47 (1) 4 92 5] 7 P4 35 22 22
PERSAE, I B4 FI R E AN Intra-Attention S3RAF [R5 HHEC, 0 A SR HE B 1)
SGERIEAT BT, RS T RS RAE AR R G I T IR AL A 3 S T AR R
R . SRT BTM, ¥ & kil s B A5 8010 5% MIARNS ubt, [ RH| T
X R E B MIARNS arc,  EUIg WX B2 A 2 10 B MIARN Meta. 7
A MIARN R H SASICM —FEH77 Y R U A XUE SRR 1. &
TR IR S R, S B R R T B MIARNS S 5 2. 8 & 1l #6000 R L vy )
Wr, XFN A R MIARNS M; A1 SASICM —FE 5 Y J@ i =AT
Z 1A, 1eAE MIARN3.

BERT+ £ ¥ 1E##H22 W 4& BERT ) 7515 5 B A o< (AT 45 1 B A R % U1
RO, HAT AR N — A nEsxf be B A, A DAIUEIRAT I 7k 2 5 A 2. &
SR FE R SCAT UL 7 3, R R A A T A SR & I 4% LA
F A RS, AT BB BT ESCATR, ¥ BERT
FASCIIAR T %, BERT3+ BERTSS . BERTSM. BERTSubt. BERT Meta Fl
BERTS arc. 3% 4-41¥) BERT + FF B’y BERT S ubt.

GBP g 1 iE B FRATT BB B R6F LU R (R R0, A SCRR 2R 0 24T BE VLSS
M &5 2R (Guess By Probability, GBP), F44H H LMERN—Zxf L, fEXT HSss
H—[A] R .
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4.3.2 SKHGYATS

AT BN AT W S BT AT HIR . A T IR LG 1 ) 2
SASICM X 75 Z AT I CAR N2 W RS2 N7 41 S #RR A T dropout
A, HHEBRT TAF K dropout A . BRItz 4k, SASICM B H T 28 X5 F
(Cross Validation) ] 77 it — D IREEIX AN In] 8, e 4 1 I 45 R 58 IRk 1)
PIME. BRI, WAL YER R 5 KA 28R Fi Score BT ITAl .
RN SLLG A, B 148 #5k GPU(GTX 1080Ti) #EAT ISR, SR s M iia
ZH, R 4-1F7R.

®4-1: BSHCR

Embedding Size GloVe ‘ 300 | BERT 768 Positional | 50
Meaning Subspace Size 100 b 3e-3 b 1
learning rate le-2 warm up step 50 0 5
Random seed 42 batch size 12 | patience for early stop 10
dropout rate for W | 0.2 | dropout rate for § | 0.4 | cross validation fold 5

4.3.3 XL RE SR

ARG M BIHLES 5 ) VAN =P B T & 2% 1) 77155 SASICM i34 T %¢
bb, % RE RN LSt i A P, Kt Eesest o A =, RN TE AT 4 bR
PLsgt g . BTSSR B bl S 30 45 SR AN = AT S BB I X b st g5 R . 3L
H = 4F55 N SASICM FEREMIRLAY, WAL 1) SASICM F5 T = AF55Hl ek 1 H A —
MES W LAAE], BARSE TSI SR — M. Rt wHE
FEMIRNL 55 LE ) = R 2 % 7. GMIHLER = ISR TFHAE 42
B, HAGHRE 7 R —MES M52, FmEE &, AXE AR X
L i i S

4.3.3.1 S5EZRBIFIEFRITEL

LA 2RI R =TS ERRT L s2ae 45 B, R 4-3 IR R T S% E %t B
iR, K44I PSS LTt R

W G5 L, SASICM £ =415 LIV IEF R & T HEMRE, &
MIARN3 FIRBUAIUT, 15X 55 R BUE T HAD & R 4540, 7E AT 455 E
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T 4-2: SATSHEA IR SR, Hp <p” NHERR, “r BRR, FRLIT RN
HIHE (SASICM), *,, and * 735483 X (sarcasm) A LLF§T (metaphor) 145 5 .

Subtext Task Metaphor Task Sarcasm Task

p(%) r(%) F (%) acc(%) p.(%) r.(%) Fi (%) acc,(%) py(%) r(%) Fi (%) acc(%)
sasicM,  67.57 6852 67.04 6852 83.72 91.50 87.43 91.50 8438 91.86 87.96 91.86
SASICMzzzr  060.35  66.38  65.89  66.38  84.73 88.02  86.28 88.02 8557 90.02 87.70 90.02
MIARN3  62.89 68.04 63.80 68.04 83.34 91.12 86.73 91.12 8251 90.84 86.48 90.84
BTM3 63.24 6733 63.08 67.33 8425 90.26 86.89 90.26  82.62 91.08 86.43 91.08
BERT3 63.98 6459 6422  64.59 849 86.72 85.76 86.72 8539 88.64 86.97 88.64
GBP 57.39 5738 5738 5738 84.83 8522 85.02 8522 8544 8576 85.60 85.76
HP 81.05 76.82 7820 76.82 9220 89.54  88.65 89.54  93.01 9290 92.89 92.89

Model

R 4-3: BUEFHEIR L8 45 2R

Model Subtext Task Metaphor Task Sarcasm Task
p(%) r(%) Fi(%) ace(%) pu(%) r.(%) Fi (%) acc.(%) po(%) r(%) Fi (%) ace(%)
sasicmss  65.17  69.02  66.07  69.02 - - - - 84.38 91.86 87.96 91.86
MIARNsS  62.15 71.61 63.94  71.61 - - - - 85.33 91.14 87.87 91.14
Brmss  61.66 7131 6252  71.31 - - - - 84.98 92.19 87.82 92.19
BERTSS  61.97 72.09 6441 72.09 - - - - 84.98 92.19 87.82 92.19

sasicusmM  63.23  66.39 62.80 6639 83.78 90.97 87.21 90.97
miarRNsM  61.75 70.65 63.68  70.65 84.62 9127  87.62 91.27
BtMsm  61.57 71.71 6227 71.71 8435 91.72  87.85 91.72
BERTSM 6197 72.02 6440 72.02 8432 91.82 8791 91.82

N IET ARG T H AR, (ER BN ZR DU S A ok S o AH i T B A AE A
A, T IR A AL 1) 2 BRI B e Py R[N ST T A R [ R
HIZE &3 1 AP o) s ok T B w22, BRIk, ASCRfgEfebsh, F B
EMIR GRS /IR
#4-2, SASICM, fREEAMH GloVe*! fE Jyi] ] & 77 s, SASICM pegr

AR A ) BERTPY A 1] 1] £ 77 s 7Y, SASICMper 1E 78 & 18 A I L 9
Fy fH tE SASICM, IR ¥ 1%, {H 2 7E K5 i % L b SASICM, 5 1.23%, SA-
SICM gy 1E A [FI K L L SASICM, ik 3%, ., 75 I 2R B A HEH 8 5 1,
SASICMgggr b SASICM, E &R T 1 1%, I HAEI KN KB EPifE. %
JE B SRR HEERI A) L ISR SR, AR SCK SASICM, AE 9 A 55 5T
baseline. SASICM, ¢ T G 1Akl (¥ Fi fE L BTM3 &1 3.15%, IEfiZLZ &
1.6%; 1 AFI LI A FAE 55 B0 Fy HEEH BTM3 RILFE L . SASICM,
A BTMSS # Lk, KT Gt 1) F) fEEL BTMSS & 3%, {ER2I1IE#RIEA
A igs SASICM, Xf T SOR A i) Fy fH 5 BTMSS AH2, {HJ2 78 IE#i % _EI& IS
TH. SASICM, M1 BTMSM # LLE#E G A L2 7% 5 BTMSS A2, {H21ER
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Mgy b F RAOR ZES AR T BTMSM,  {H2 2 7 A K. SASICM, A1 BTMSubt #H EE,
fE Fy B3I 4%, (HIERZR L ZAK 3%. XTHLAT %1, SASICM, Lt BTM %
A A FE RIS A R, 2R UL, SASICM, 5 MIARN3. MIARNSS. MIARNSM
A1 MIARNSubt #HEE, WS WE N . £ =(E5%5 I, SASICM, 1EM M EIR
A MIARNS SE47, (HEXS L BAT S5 AT 55, SASICM, #7E Fy LA AL
#, HARIEME LK. [, X BTM fl MIARN RAI#%, MIARN A]
DAEUASEE BTM BEUF 1) Fy B, [RIBS IEff 6 B8 (K T BTM. J& T BERT+ 42 3% 4%
JZ (FF) 1 SASICM, H)J7iEMHEE, W AEUIRRR T SASICM Z A bif i) 4521, 1B
e I 2R B ANHE B B IR 2, H LW 2AE5%5 H4E5%, BERT+ & iE#H%
2 (FF) I8 RV T . v RAEMWZE A & E, X SASICM Al R =A% T
RS SRR B AT R, WL /8 3. SASICM, > BERT + FF > MIARN >
BTM.

HI T 22 M7 VR R, o0 LA LM AR S5 A, BRI, % Tax 2R
JIE, AU T R A-4b PRl . INGE RIS, HORE AT S R Y
BT WA MMM, AR R RET AR M7k, F A
ZEPEAR Ko fF 72 56 T Ah 3¢ DU 17 1) 75 v T LA L G A A 438 07 2 T v ) A
FE, X ULHIANER DU S B T e 1 RHE, BRI IE IS,
REH XL G, RZWTG. HIX AL LR 5, %A 58
BRI 8] (25 2SS Lo RS I T VAR & B i) 7V R B i, AT DA
BTM IRBUAR Y, (H/2 HAEHER B b RIEE .

R A4-4: PAEFHESLMI IR L5 R

Subtext Task Metaphor Task Sarcasm Task
p(%) r(%) Fi(%) acc(%) pu(%) r.(%) Fi, (%) acc,(%) py(%) ri(%) Fi (%) ace(%)
sasicmsubt  63.80  69.99  66.56  69.99
MIARNsubt  61.70  70.56  63.64  70.56
Brmsubt  62.04  71.96  62.59  71.96
BERT+FF  61.98 72.10 6441  72.10
SVM 60.67 72.00 60.60 72.00
LR 5593 72.05 6044 72.05
MEC 51.98 72.10 6040 72.10
NB 61.14 1150 1335 11.50
DT 62.19 66.62 63.09 66.62

Model

X BRI R BT S5 B 55, F 8 AR S5 M R fa b e i oL, KL
3£ BERTHFF [ RLAE M NATE 55 B IEABAT 24840, #In—MME55, mtH %
T HREFHRAL, JRAEES AR P AERXMIRKIER, A
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RAREAR A E, ASCAN, KRN DU &) 15 B B0 B T A
fE, FFH=4—wnidalg, @ik BERT HRMEHMERIER 21, &4 T E
55 B R & IRFAE At UM OC B8 4 1047 4325 2R T BTM IR, 7EXUE S5 b
R R EAT 2827, ERFRMMN TR, (H&E=AF5% L3R US54
—EER R . XA, R AT — MRS, AU, SRR
JR A AR 55 25 = B0 A G0 1) 374 25 AR AE o T 22 AN 384 55 16 4998 & TRl R AR 1Y
FO) W EAR SN, MR R —NRHIE. 5T MIARN B R 588,
MIARNSS 1E# & i8] FEUAS T R IF IR, MIARNSubt U8R i %, MIARNS3 ]
R R T MIARNSM A1 MIARNSS 2 [8], BT HATSS PR . AFRFAEE R
RRAEST T8 & 1 R A IS IR A F 1. MHER R A H [BR - oW, ARIMTAT
% %7 T MIARN 11 5, 0 DA T8 & R Bl e s 22/ E Bl 2. (H 4 FAE 55 (A
WP AEAERS, Aot @R, BIAEEZ A TAESSH, MIARN [\ 3%
AN TR 0 AT 55 772 A R AE A2 4 FH SR 0 B v 65 1), o8 45 140 Wi s o A3 45 58 T 2
B, EAE TR EAS FE LR A B R 198 & 17 2 IE R .

4.3.3.2 FRIESH

AT BN B B R R AE AT 4. A SCE TS +-SNE®! T kg R
AIE N 5 2 R A R 25 () B 31 e =S 1) b, B — A — AN . Xt
HdE 5548 F K-nearest neighbors (KNN) 7 BLyE#ET 4328 KNN H 1) K AT &
20, BT 0MREAHE, KAELRHHE LA HRAARE M, K3k
BIXE I 2k, R 4-3%, WEBH 1 (BFEEE) -1 ChREFEES
WD) P EARI AR, Kk X A1 2500, s X IR 1R
Al B b, d RO R AR AT LA 4G [F]— 200 i s A BRSO, AR 2R
s M BB, MR PR NI R R AE . A, ARz 28n A 24 A F
MRS, WZRAEEE R R RS R, N2 M2 A, B [F— A X
BWRNAZEMZ ARARMNTES . BT AR AT 55 2] 2038 & 16 A 1R
fiE, X< T3 t-SNE FF4EE R0 B e A —E. Fitk, EXRAEEAT I,
TATTHE A DR WS L X I o A RN &, DUARE T BB, A KEE
P IS E . WO X EGROR, BB 2] B T BNz AR AR, AT AR
B2 A OIS mEE, WIHERR TEZIEL, TRXAR
R R . HHIE AT, WA 6 DX IR K 7 A7 8 22 0 150 B R AE AR B T

P 4-3(H) A1 4-3(e) B BLI /& SASICM 1E AN [Flia] ik A\ 75 20T 27 > 2 8] 5058
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TERMEERYOR, WA, SASICM [ 5 1254 31 (1) R AE 5 2K Ja 1 T R
BILH R TN KR L. H SASICM, = I EMERFFHIXEEZ, i
SASICMpgry > B HIRFIE N BE N EE, E19% A4 K HL. 13T BERT+FF (197
RHEBIMRER KR, WE4-3)FTr, EIHIFREZHXE, HEE—
B D AR R AR W /N, BIJE T BERTHFF B 5 VET DL ST RR 2 ik =, (H
R JUPER M B4 T I WA BLS, WX 2 BERT+FF 163 & id 1%
R GF R . ABLRE BLHIAE TR T BOW+ S BUNLE8 % ) 77k |,

Bl 4-3(d) 7 12 YL S 2 ) B NRRAE, nTDUE B, Wi B A BOW fE
A IRAE, 2 BERT —#f%, A LAMREE K2 1B, (H2f A B#f L

(a) BERT+FF [{)EAE (b) BTM [HZRAE

(c) MIARN [¥&1E (d) BOW (R34

(e) SASICM, [{IRAE () SASICM gy IIFRAE

Bl 4-3: AFBERIRALRG] . RALHRIET A R R IR — )=, ] t-SNES X {51 £k
R IIBS IR R RELE, JF HAEA KNN SCRSERTS .



46 FNE [ FRHEES: BN
AW AE NS AT BTM M4, WE4-3b)FR, RIEEEET
T A KT SASICM, (H2ANA — B (X Ik, X UiHEE T BTM 177 A %
SIENT — RARFAE, X HARBEIR A R LR, X BTM SR AT
P —ANJE . JET MIARN 1773, B 4-3(c)Fw, & M 6 XIS A B8
BH BTM K, (Hi2 &% 2 mT LA LA A =4, W BTM EH £, H
52 Ml SASICM AL, #E O XIREAR A K, HEXKA SASICM £

4.3.4 HRASSIGKRESHR

MF4-4. 4-3F14-27] LLFE F| SASICM, M HAT 55 BT 55 3] =T 55 2 [A]
PIFEAR AL . MPPALFEFR IR G DL AT IR B, FEARAT B AT H 2 ke
FRIIFEF:, FALS L) SASICM B R LEXUAT 55 4« (H R AUESWIFE—T R
b, Horb RORAE S5 NN AT LASE =it i & i FU e 2 . B iF 45 R & = AR 55
FRRR, =SS E, DT — e F R A, AT LR BE 52 =
o W, FATATLUAIWT, 25 1A AMESS Bk, BRI EN ) TR G
AT S5 RAE,  H T 4HBIAE 55 LU AT 5, b B — 0 B A 25 X AR 2R 16 52 e 65
K HG=ZMEF R g, BAE = NES b AT AU, I 4 B A 5555
BRI S MpR AN B2 B — T 51 5, T2 2 A7 W, I AS [F] 7 0] AR A
&S AT DO & 18] B A T R AR

bR TR 4-4213K 42 R SERG 2 b, ARSCERE N 7 HA LT Rt s 56 DS
R BTt () & B
A 2A 2R Self-Attention: [H 3= JIHLH (Self-Attention) 7& H 2R 15 5 AL HE B
A AR 72, el TransformerP. £ RZHAE W T, BEFEREJIHLHIE
T E BT AL S5, B S rT DLEAS LT (R 0R,  ERT I A7 0 ek AT 43
M, WA SCHTHEN Strengthen Attention # # il Self-Attention, BEAT X} E., sk
Ik a3k 4-5 SASICMSA R
SEE MIEIR T HY Strengthen Attention S AN S B &F: A X H # Strengthen
Attention FZ N 1 — 28R, XAE—ERE FiEY 7B EN, A
HHE KM ERHEMZIN,E. 4 251k Strengthen Attention 5€ 4= 545 IR B) 2
AR ? ik, AR5 SEIR R I8 UE BT A I PR 1 2 S B . LSRG 4
HUn5k 4-5 SASICMWC Fi7R.

At 445t Strengthen Attention 1 LSTM ZE# R B S RNHITHSE: Tay
SNV SR RIS G, A Attention J7 AT R AR, H
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A Token [ RAE1FIEH AHL. AFTXT UL, 7E SASICM W E:Aili 2 EilFAT 58

k. HSRIGEER, N3 4-5 SASICMSt fiar. BRItz Ah, AFFEHEF T GRU M

LSTM Z [A] (/) X 1) LA S £ s v fd FH L) (1) LSTM 55 7]

Strengthen Attention tt Self-Attention #FHYJEE : 3 4-57 1] LLE K Strengthen

R A4-5 THRSEE AR

Subtext Task Metaphor Task Sarcasm Task
p(%) r(%) Fi(%) acc(%) pu(%) r.(%) F, (%) acc,(%) py(%) r(%) Fi (%) acc(%)
sasicmst  67.68 69.13  66.61  69.13 8372 91.50 87.43 91.50 8438 91.85 87.96 91.85
sasicMGg 6512 68.93 66.23 6893  83.72 91.50 8743 91.50 8438 91.86 87.96 91.86
sasicmwe  64.46  70.07 6625  70.07 8332 91.69  87.30 91.69 8438 91.85 8795 91.85
sasicMsL ~ 66.07 68.53 6628  68.53  83.72 91.50 87.43 91.50 8438 91.85 87.96 91.85
sasicmsa 6547 6794 6516 6794 8458 91.00 87.40 91.00 84.68 89.35 86.82 89.35

Model

Attention %5 # i, Self-Attention Z J5, RURFEK T KIE 2%. 7] I Strengthen At-
tention LU Self-Attention 7EJ% & 1{F55 EAUR B #F. DL “BiFpfhai 28 b 173
st 7 el A FR Self-Attention V3 2 /115 1 Strengthen Attention
BMERAT R . MAASEE R E TS R 4-4F 7w . P 5K B T
CLEM A B, Self-Attention F- BV EE AE T B AW S b, i HBEAET
A IX 43 BEs T Strengthen Attention MIAN[F], X 43 FE# N B T .

RSk RERBE T B M RS RERBET B MR

iy =i

% [ i
il [ ] #if ..

2 ] 2
B ] B

7 ] 7 B

5 ] ®

b [ ] f [ ]

() Self-Attention [y & /11E (b) Strengthen Attention FI¥ERE JI{H

K 4-4: HiER S0 (Self-Attention) F15HE AL A &= JJHLH (Strengthen Attention) X} b

=
g
E
~ & 3

ST HIRIXBNAY Strengthen Attention RYEIFH: 58 2 44 JX5) 1) Strengthen At-
tention 25 R UNFR 4-5F7, o WAn S 3% A PR A OE,  5CR 2 B in DA PR ) 1) A
0.8%. XA MR Strengthen Attention ZEU3HAT 04T, KB H 0L 215 1 46



48 FNE [ FRHEES: BN
JEILEE 6 € (—1,1), BMH b Filr T 05 Wihn 7 BRI Strengthen Attention [¥]4f i
B 0 € (0,10) 18], Hr 24 RE-BUA AT LE (1, 5) 18], BE b > 3e — 3.
WEBEWNRIE: HEEWNERNERI-STR, SR THIE 0.5%, B
Strengthen Attention {45 AT 04T, KINHES LERIK Strengthen Attention 2 J5
(19 SR AE AR LS 35 2978 0.96 o Aq, 1 AEHE S 4 4 (1) 18] SR AE AR LS ~F 3 29 °R
0.87. Tay 55 N U61 B4 i in) i SC A7 7E,  ELAEALL B SR AIE ff S5 2 5 T A 24 (1) S5 56
4k

HE: RAFIEHI T H GRUARE LSTM (S22 8, Wik 4-5 SASICMG
fizR, RIUEH GRU S5 BUR E EL LSTM ICK T 0.8%, 1A B2 B LSTM it
12.5% (GRU f#H 3.5 /NI S8 BB 5255, 1 LSTM {FH 4 /M) o B8 GRU
Pem VI E R A, HRRCR A LR R . [RI AT B4R 5T 78 )
SRR SIS ROR, WISk 4-5 SASICMSL Fiar, KIUHCER T BRI 0.8%, 1] i
S F-18 o B SR AOAT S5, U A% EL B ) AR TR 4T

4.4 KREINZ

TEATE R, TATRE G IR MIX AT ST S e #f g b, [FBS4H T
— b LS S5 I 2 AR 55 1A ——SASICM. SASICM 3 it i 5 #1 RE A A1 41 Y
HREAE 2 AR B T R RSB R AE . SASICM [H I H A5 e 51 A0 58 $E 1
R SCF R AR R R Ay S AR, 153 TN EME BT BURHIE . (R B i
ANE 452, SRBLT % SOUR Bl R R A, S O R & A LA
G AT FIWT . H SASICM W IFAT 45, FIT GPU X H b7 Inidk, 1+ & EE
o Bfa, ARFIEX SASICM BT 7 — RFINE GRS A @hse s, IR kAT
TVEAI 53T



BEE HRENKES: HBEH
SR F BRS)

bR IRAR Y AT O I AR S —— 1 G AR . A SERR AR
SLECLA S b, AFHIE A BAA R G, %R, B ERE A B
AW G LA AR 6. 5124E 55 #H SR AR 55 QA o) AR i
AT SR [ 3 FARIEAE 55 AR B2 2R B P bR AR 55 (HRE i 44 SE A4 IR
A o WA L, =35 1) H AR R e SO T 2 B JF B
R TR R, (A AR AT A RO AN IR B Token HEAT [ 70 2R 4E 55
RENE BN ZIAES A FIEN — AL, S dust, I R A SOt E
T2 P T 3 ) A BOR AR 5 1) i 44 SEAR M 55

5.1 RERBIAMNESHES

S;

Wb F, T A B KGN (%]

fetapl

Subtext

(a) B 1
iRtk 9 4
(b) F£45 2
Sub}cxt
IF BRI B L2 )\ TR BT T, ke IHEE T —
P INHLBI W8 B E ST o

Sarcasm

(c) F¥451 3
Bl 5-1: 38 & 3 P BOlUi ) = A



50 FHE RERHDEKES: BERSIERERIAH
B 5- 13T 9 & W i BORBI K =11, 2 lidias 1B 5-1() s, &
B9 N RS RON N R B b AV B I S-1(0) s, IRIAA A
BWEENE: MWES-1e)fr, =MAEEACE G AT F K
HA SR B Ly A2 7 B 1 FR 9 SO SR AL B U R R s S 1], HARAR
N R ) 6 1]

PER GPE
ZHWEOLH S HEMNERXILRH 2 RACTE MW
B
(a) B£H 1
GPE ~ ORG GPE GPE GPE GPE GPE
Foa K AR X AT R R TR X Al AR K IE 163 5
T ORG GPE |
GPE
(b) FE45l 2

B 5-2: kB A 44 SRR B PSRRI

B fr 4 ST R TS, K 5-20TR, BEUT I8 &1 BOR ST S,
HAFLE 2 Fh 2R AL W AH B R B B NMRE RIS L. X T A2 (1 ST AR BT 55 B
B RE R T HIAMEAR S, WAR, RER 4 SRR AT 55 35 Bz etk
AER . X T 5S- 1R 5-2F R~ 5%, At frd g ieh: Sa— 7o)
S ={wiwa, - oweb RA S = {wi- - wy) KIPTE R

5.1.1 MEBEITIEBNAE

WA 2.3 1FTR, P RIEAY 0P F bR 5% T A~ Token 73 28 3 —Ff
Fold, (HRHEBAZLTIEGHEHKENEN, FENHY RAGRMAUEHT
RERA, Ho—Fd @75 N E BIME, 4 Token MIHE— R4 R T H
EEF, PR EE ARSI, KPR 5 1EE AT @ R A faE: 10 0F
TREMIAR 2R, HRRAG T ERNZ RAFEAR, EHEE B DL LR,
“ABCDEFG” A, BA#E T “B-1,B-2” K%, C ¥ T “BE-2,1-2,1-17 (%!, D
TREE T “E-1, E-2” K8, WA RE=AMF PN “BC” KA 2, “BCD” HFHAY
2, “BCD” NI 1. MIEFEAR NG R 2“BC” A 1“BCD” i, J& T 1
(1) “BCD” 7 VLM E 2 Br. 2. BEMELER . BT 3A — s 7k
FH TR BRI AR, D]t ) %) BDLOR 5 75 B 48 AT S0, T I AR FE I FE



5.1 RERERINESHES Sl

To Fi— MY JRITIENIET AL SRR E A, FRESERMAEHE T
FFIREATTN, 2R e U5 iR AT LU R K B R 0L, (BT AR SR iR
A IH TG ik G e R e rp — R R T

BV TR B 2R A (0 17 1 b i R S0 T e S AL 1) P A bR SR 2t 4T
Ve, EAAAREMEAE. R, XEREAEAERRME. BT 5
RIS, AFAERRRAEARI IR A, R 2430 SR ) AR I FL e i 211 Ui 1) 70 2R 4
Ko BTREEENHEL, HEREAReIELRExRHELZR. ETPE
77, HROR B F, (HR b PN A%, R AE 55 — [ B I [R) R0 2
IR R XM FREN LTS, AR RS o M, T B
RITVELESE — B B R BB IR (2L — M) = M/2, 9 O(ML) I (8] 17 H]
HIRIE .

AREPEIET LR FUNEEE H KRN 1R RS T B AL
AT 25 FLAE IV ISP IF T R0 25 T 52 2% 8 A v ) ) AL

5.1.2 FupEREME

AR S AMREBRRA 0 SCA B O E TR B RS L, B
HARLBN p = (pipure - o)y WHALH conter = ZL L K ST Bk A

] FE) Pt BE D i 5 B b RORRRE, B P 200 B i i S G Bz i, AR
il Fr BUh R A TR % . HH AT

|pi — center]|
j—i+1
HHCo B AR i e 19 B8 27 VR N T A 25 1) 59 2% B v 1) 1) R 2 A S DL 5-3 4
AT ULE, 1% RIE TR A Y EAE S GENIA. 0 T B I T7vA T &
B M T A T RE Span, TEE/RBIF 1, Span KM E/NEREN 14, Wit
A e 8 o5 B BB 1 b A TR SR . RN SAE T, MBS
FEMAEN Span BLH A: (24 +23+22+21) L 904, R, AP
B, WA DU Z 3 H R iz o Ao BE e S ml DURI H g A 35 Bl ok . ) 25 2
PERERE . MR ORI E X, HOERNER R /NMEN 0.5, HTHRMPIRES
&, AT DU 2 TR0CHE XA BR 1o AR 0 BE AT DL KRR BE 1) 25 et T e ok A B
XA RS . EEDRG] 7, BRARE DL T, ANFR EON 20 A i 8 X AT AR
ZERAT, DB OO BT R EALZE 1 Span BUH M (443+2+1) + (2+1) 3k

(5-1)

C,’ZI—
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+ Induction of Jurkat leukemic T cells with phorbol 12-myristate 13-

acetate and ionomycin did not affect the level of FKBP mRNA .

5-3: FttamE B L R

1340 AT, Tt JE B MC 28 T AAR K BRI s A0 28 1R 280 25 R gl /) s )R 2 ]
HAE
H 2N AT EE BIEO ()34 SR ¥t 5472 who BEAHEE T BIEO I AT, Hoil
EUE, BAETIN TS BV BRI A TR O R R . BT 0.5, TN
% Token T AL B Rz IE A 5L, HBR IR T FI M F 0. T BIEO 1R8N
B LNAEERHCHER, BT B5E L4, FHFEAMEMAREEAEHT,
N T E O A S, RSO O B R AR R E R ANMESS B, 40
AT TR I8 6 18] BOR B AR dr 44 SRR, I AR SCH AR YR S
SRR R, Bt T AN IR TT &

5.2 ETHOCENESRAEIRA

T 1A BN TR A R — AN ) R ) L b R B R IR B R d
(8 G Bre =R RS SO By, @ I R — AN B AT SR . DL <R
Y, FFE NS KGR (] A, B S-1@F R, EATA BRSO
5N “Z BT AERNT BRI T R ORAE R A, 188 A VER S “UR AR oK
TEAERT LRER NN E LS, WASHERXRAMEE” [ERIER]. %
) ISR BR R Oy R o EEM A E AN NE CIREE, iR
HEHARXRLAE, K AW HKGH” BERE T “HFREARXLFHTA
B WE X— WA & X AR <SR R IR, K8
17, Bl S-1(b), TEHF “GFztk, @A LE o, HErhm ERsCh «—A4
H—H#1, 100 177 LUIB JLAE 177, 8 S AR A “BiliBili BIARLA0”, % 5] Bk %
P R B, R L R G, B EERR R A, S )R
I <A, AWM EBENF NI —NRTHOEMNMBRTSR, iz
DURH B e R 8 & i =38 76 I SO Hox L 51, 9 FLRT DLTE B ik
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B, MZMAMZ G HEEERIEN: & rype; € {HLla, SO, 7 & )
HOPFEERR, S = (< cls >wiwae Wi < sep >oen, L) RN,
hi € RADEHWFFIEGME,  A7REHRTFIRLIEME, W
G A BORA M H AR5 S — AR F(o), i3 F AL TR =00
HES T = {(h, 11, typer), (ha, 12, 1ypes), -+, (M s typen)}s FH 1,0 € (1,m),
Sw={wi,wa, - wy) NERDITFI, Sc={cr,--- . cn) NHIRIHTFFFIFTALR
ol N5 21 8

AT BOR M B E R 1. FISEBLRE QWA A RE, 2. &
AT T EAR A RN R B D BT, AR AR S5 A R AE 28,
S 0T LT RORFR S SE (138 0m 9 28 BOEAT IR A . a0 XA Token #E4T
Ty, RIR AR A A s B s, RIS AR 1 IE SRR AR L2 N
1.9 : 100, W] W IHHEARAEF A6 WK45 Token 4328/ BIEO H1 ) —AMr
2, HIERAFEARNLZN 9.4 0100, v LAJRSE IE SRR AR FEAS P47 1 i) . A5 FH
O JEHATTI, BT A BIEO 4328 5 10— FF AT AR ZE 1E SR AR G AS P4 (19 1) Rt
ZAh, A UAEREAMLE FRME S N FHE R, B A O BE U FT BATR

Sarcasm Subtext Metaphor
cllelfelle

Confidence [ &
Filter foe)

Feature <?

Confusion

Comment )
DFML ! B : Intra-sentence
Sequential{ N(? o e s et} /Q ST 7@ Feature
Feature e 4 Sl 4-(7 i 'k | ’i’
Extractor |Bi-LST | ‘ E %‘ “L( ) :‘ !
. } > e . q k mmy .
; O . . b | At LRt A v
) - — — 7 -
T { Encoder
| |
o O O O O
cls w; Wn,  sep c1 Cm

K 5-4: CBM &I 4544 &
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BB I IR . BIA SR A A crbrCo B2 AR TG H b, IR T L3R
BT AFOER 2SN A F BRI (Centerness Based Multi-task Content
Segment Recognition Model, CBM)”

5.2.1 F1REBIZEH

AT B AN CBM B — N EAI 4, HAR R S U] 5-4 . 4
Gifd PP AVRFAE S OB B . A VRFIE U B . FHIERR S R . = A BT
MIZF =AW BORAE -

5.2.1.1 mEEE

BATES B AN AT Sk, NEBAE BT XHFEAS = (< cs >
SWI W2ttt Wy, < SEP >, C1,Coy w0 5 Cpto AEGRISE AR SUAE H GloVe™ 7EFRA T 1E
B E3EAT 2R, 43 20AHOC K ) & . A BERTP! B RATAESS HidkiT
T [RIEE,  FRATTIE BG N BE HLAT 46 A0 5 48 %5 A B 2 i8] CAAR 12 554 Token Y
(A=

5.2.1.2 FHFFEHERR

PR RSB AL & T N R 7, 8 BN SO FIRRER G, =
REE N URHER G = g, PAIRHERBCR ] LSTM AE N A T, Xk
SCFR SCHVRRAE 23 e AT S 0. T 5, S0 B R SURFAE AT BLSR FH XA
1] LSTM ENFEAR ST, SR EWK SO U8 BB Z R T P15 2. 28
1M, XA T BN ORI A T 5, 2 BRI . Ak, ARSCHEH—
FhET LSTM HIVRE bR SCRp ARG 73, T 0 Z1 R AR HEAT A, R
2 NIRERFIERE A )2 (Deep Feature Mixture Layer, DFML). DFML 5 i & 7%
AFZAAET, RIGETE R ERE &S, ARHPHER T A0 B 0E Bk
TR XA E i, HAPE 7 B SCGRAEATR SCRAEREAN4E L 1 i KA 57 35
B, RIEXERKESFEMEATRRYE, ERRERERE K E K. Hrh RME
WHEELRFE B SURAER R, TP IME A R e bR SCRMIE R 3L . Horr, 28
i ME B SRR R R EAC A By R SO R I A f:-’ T2



5.2 ETHUERESIRRERIRR S5
iNMIEM S, HRERE SR A 5-28] 5-6/7s.

hi = LSTM([eo; -~ 5 ei]) (5-2)
B = LSTM([enomns - s eil). (5-3)
e = MaxPooling([Fe; hy)) (5-4)
Fimeani = MeanPooling ([ 1) (5-5)
Rturi = [Mmaxis Pmean.i] (5-6)
hpuir = [0 P =<+ 5 fruttneme2]s (5-7)

Hr, ¢ e REANFE I NMIBENIRARE, d NRAFRENFIEGEE, MaxPooling
R AR 2 B AT W e KAk, MeanPooling 935 FrAE 4 FE 3E47 IH~F 34k,
i, I:i, onax is Bonean,is Ppur; € R gy € ROFm2>32e [G]E, Sy 1 ik B7R SCRFAERT DA
BARE, K hpy WA RN, MU RRYES 2 .

K=o (MLP(hyu)). (5-8)

Horr, h' e Rimeme2x(de) - g, JRa RRFAERI4ERE . MLPEI g2 BERRGIHL, AS0E
I 25 2 0 ST A 9 4 2 1 IS 4% T T . o) = s
sigmoid VI PRI o

5.2.1.3 AIAFEHEE

AL BRAG Y Self-Attention J7iEM A ARFIE. THEH R ERT
PrE i ERRTERE, FFCLZ NBE S B A B AR AEHEAT IBUR A, G201 H i
ERIEINRFE hygs TS 2N FP A IR NRFIER SO By = [y s hugs Byl o

5.2.1.4 4 IR&EE

1320 7 FHRE b AE)NRHE by J5, AR B LR OR H AR S S AH R S 2>
8N by, M by, s B by, € R4, by € RO, JATG —FPHEG, @42
S PR A AR A AT R 5o

hm = [h,W’ hw,]] (5_9)
By = W! Tanh(h,,) + b,, (5-10)



56 EEE HBASEES: BLIASSAHA BRI
HH, b, € RO, € R WIS BH, d, R L % )
UEPE, by € R™ TS E BH. Tanh(x) = S-S0 Sl g b A5 s
EE

5.2.1.5 HuLEMNE
P BNGL 5 AT hs K2 40 SIS IR LIR30 T8 £ ] O A 2

[Beh, 1530 H & B3 EFAE . AEREANERAE 25 1) o i fay B R MR (el T, P 4 A
Token Ffr X B T H 0o

hmt,task = Wtzskhmt + btask (5_1 1)
Crask = Wzmsko-(hmt,task) + bc,taxk’ (5_ 1 2)

Forf, Wigg € RI=n R 2 2] B4, brage € R AT F I HIME S EL Weraw €
Rim gl e SP R FEBR S AL, bejug € R NTFT IO EME, task €
{Sarcasm, Metaphor, S ubtext}.

5.2.1.6 EEFEETNE

FERFARHE T2 (A, SO EEA Token B HCBE, 38 FF X G EE R A 1
BTN . DRI, AR SCAEREANRF AL 2 T mh F00 r O 2 PR [0 B of JH 00 A5
JZ po

Drask = W;tgskhmt,task + bp,task’ (5_ 1 3)

HA, pusk € Re Wyiase € R N ZEAWEZHL, byjag € R A FMES
Ko TR, BOEBRME 6, & pus > 6, VEHIEATHITN SO ERE, REH
TN EE R S0, AT e BEARE, B 0 EEE N 0,

5.2.1.7 MEKEH

SRR R AR A R R0 B B R, e AN RME S5 B ol B
AR, AT EASVR R E N TR, W L HORRTAFRESNEA
B, AR I AR 3 AR 553047, DRk HI 22 XU (CrossEntropy)
VENIZER 73 AR R AL, 0N L. WA 5-16818, mE R NHAHR



5.2 ETHUERESIRRERIRR S7
AL .

& (¢ = 0)?
ERPIDIDI Ty G-

task se||S|| i=1

L£,=2 3 ~(pd(p, > ) log(py)

task s€||S||
+(1 _IA?\)I(PA <= 6)10g(1 _p.v)) (5_15)
L=wLl +w,L, (5-16)

Hr, S NETAERARES, s NEDFEAR, IS NFEARRIEE, L AFEATH
BRKE. ¢ NESEZHFOEME. p, 0,1 NELKBEEEHE. I(x) NEREREL
I(x) = 1 B HAY x AEB B w,.,w, € R NEANHKFIFE .

5.2.2 SEIGOHT

AT B AR G v BOR A B T A LR i — N .
BN R LAy FEREALER. MR PR IR, SR X LS
FVH RS ES
B &ERIANIXE
® BERT+LSTM+Softmax+Multi-task: 7% & ia] F BOSU 0 B — 4145 AT LA S

A BRI T IRIEAT R . B I& B RAE S M T FbrE 2 R K &, 3K

AR e Z FR s A vho F I SR A B AR S DAy g, A — A

XTHOARY,  fajic iy BLSM.

o ETihFAREL: 38 &1 ;v BOR B AR E (1) i 4 SR RUIATE S5 B 4514 B
ge—VE, RSN FAH KB WAN J7 7% Tan S8 64 52 H R B0 1E A
AL, 124 BENSC #5285 Zheng &5 A 631 $2 tH X% 554> Token iR %1 BIEO H
— 7, FIHZEB IR ZALS S AW, Id8 MHSA, 1ERTRATH
Forp AN L LR AR

® E T Span 75 7%: BRI P FARvE ] LAE £ T Span () J7 5347
Woil, MR EERIZE M BT s, el DUH T g S NSRBIk, 5
N 24 Bl 58T I P By 5125 Locate-And-Label(LAL) S A g Fe AT He b — AN %t b
Jiiks

TN HEARAYIZER
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R ) = % L Lo} [ X ES 1

0.5818 0.5777 0.5791 0.5781 0.578 0.5805 0.5797 0.5796 0.5776

(a) FHC LR TR 45 R
b L 0]

WO

0.5833 0.0

(b) Lo BE Y B SRAR RS R
K 5-5: AP A TRE SN ToU A4

TR T d 2 SE MR B AR 55w, PR Fi b 8 8 O o R BELVE VR AN 48 FR
Fro SR, T 610 P25 FIAE SGAT 25 G iy 44 SEAA IR 51 6 DX 7E T i 4 S 41 31 B
5 B B ST AR SRR B, X R TN IE T SR B A B
W S-SHRBIBFH, B 5-5(a) ARERLET IO 45 R, 1 B 5-5(b) 8 N TARTE
R, MIESUZTM S, P FT R P9 253808 nT AR g & 18 AH S 1 717 91
(HRTEMEA Fy 3T VR RS, 1200000 25 5 R B o R T kAT i 5, AR
L. Bk, A IS B AR AR PN 7 2——Intersection-Over-
Union(IOU)BY,  Hat 577 KAl ¢ TAEHR ik, HAAAFHHE. ToU 1E HAnk:
DH e R VEAN IR B R I HER I . RN PR A — e T AR ek e, 4o
RERA— A SSALARICES A BRI IE R, RS T ™4 . ToU JUl@ i iR 51 1E
B S B o EOR AT B R A AR, RS EONEHL, WX FERSE R TS A
FEGRA . Bz A, ARSCHET IoU EFHE T F, fBbs, B 1Y 6,
X IoU(x, %) > 0 I, x #HE NIEMFIIEFEAR; 240 < ToU(x, %) < 0 I, x N
WRIIEREAR; 24 ToU(x, %) = 0, IoU(x,x) = | HESZhRIESE BRI IEFIN, R
IREAS; 24 ToU(x,%) = 0, ToU(%,%) = 1 FLTFII 45 5 T6 1EREAS I B R 1 1E
FEA
LI 4TS

A FE Fi AR SRR B T AR SO =B ATR TAE, AR ECHE G b A
SORAH SR IFEBIEAT N She N T IR R & 1B, AR TE 6 1 B dl
BEALIEE 1/10 BISAFEAS, S-St &8 3270 5%, M8 8: 2 Bytkwl, KA
WGREAMREE . N T IR S LA B8, CBM X M i SCAR N 2
W F 2B NS S #RH T dropout # A, I HI T T ARMIELE, *FT
TEMANTH, HTHFIRK, HERNE SR, FEIRATR 785m0
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dropout L. BRibz 4k, CBM i&fii A | Early Stop 177 3t — Dt 114 vl
B, B RIS RONTEIRUESETE Early Stop 25148 N 7 5 45 S et BT 5 B A A
R, RN BT RS . M TR, A G 0 R SR bR
Fy A ToU #E4T VP4l . EFRATA LI F1, FRATAE A #15K GPU(GTX 1080Ti) i#47
gk, TN AdamW, SEgHl KIS E, R S-1FR.

*5-1: &R

Embedding Size GloVe ‘ 300 | BERT 768 Positional | 50

Train: Validation: Test 6:2:2 k 3 0 0.5

learning rate le-2 warm up step 50 epoch 50
Random seed 2021 batch size 8 W, 0.5
dropout rate for W | 0.2 | dropout rate for S | 0.4 w, 0.5
cross validation fold - patience for early stop 10

5.2.2.1 XjEbscig

AK CBM 5 B FN 28 LS i SR B 7 B A v 7 V5 A 1 1 B8 I B 45
P ) SEAR R R AT R . A T BRI A T A AP M, T — M A
(1)1 @ K B 7 bR it Bk (BLSMD F1 = itk 2 28 B (1) bR id 5 9% (BENSC,
MHSA. LAL) , &FFpEVEARERA AR @A RS, HAEMNAE S EH IS T
AEERI R . JTELSZIG I SE B, R S-3FTR. XA FEAE AR, K
AT B A Ak B RS AE B A 2, JF H R BRAR SO AR A i AT, DU A TR
AT 555 X T8 A FFIRARS 1) 771, FRATT0 b Hal SO B i b 47 52301
K 5-285-39, PrE WA KBRS H ST B SHAT Z AR S I
SER . WH NIRRT RN TR R BT e — s Webr 2 ok, K
el & 1 78 R — R EE ERHERERT R, B s AE HH] Inference Time — %),

R 5-2: ANFEREAILEIE & 18] B BOR A BT ToU PRAS 45

Model IoUgy 10Uy 10U, Inference Time

CBM  0.5690 0.4897 0.3467 40s
BLSM  0.5222 0.4421 0.3088 37s
BLSM* 0.5325 0.4482 0.3012 38s
BENSC* 0.5198 0.4311 0.3010 41s
MHSA 0.5198 0.4524 03175 65s
MHSA* 0.5245 0.4535 0.3117 75s

LAL 0.5485 0.4551 0.3378 125s
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R 52 eon AN FIR R (R TN 45 SR AE ToU BRIP4 R . KBk CBM
b, HARIEAL T # 2 X% Span B3 Token HEAT 73284584, Bk, WTLAEH
FOLEEOYAE 0 BT 1, RTEAE CBM fEJR 8 LIk B4 —. M ToU MISGTTT45
RAAE, PR OISR T G RO HERR R, X7 0.5 ih, X
SNSRI B AR, JRATY CBM IR HEAT 70, R IR AT B K B0 il
e G SOMECE LEMTAE SS R N A . IS E TR TN A PN A T e o B
ANHEER, 2R T ARE, EARARR ToU k. X3 H A
A, NN R AN, HAR FN g AT w0 NS SR A RANAS, 53— &)
T S5 RIS R o, BIFNVE KA 2. R A AL 3t
FIA R ZAME T, #A — i  K BEAR HK

R 5-3: ANFEBARLER G 1A F BOR B LI Fy PG SE R

MOdel psubr(%) rsubr(%) Fl,subt(%) pmem(%) rmem(%) Fl,mem(%) pmrf(%) rsarc(%) Fl,.mrc(%) Macro — Fl(%)

CBM 73.44 41.59 53.11 56.83 16.36 25.40 87.83 15.81 26.79 36.71
BLSM 68.13 39.49 50.00 58.27 13.80 2237 84.35 15.25 25.83 33.84
BLSM*  68.75 39.71 50.34 58.99 13.80 2237 84.35 15.25 25.83 33.84
BENSC*  70.75 38.71 50.04 58.27 13.59 22.04 84.35 15.25 25.83 33.73
MHSA 69.53 39.71 50.55 59.71 13.97 22.65 84.93 15.55 26.28 33.93
MHSA*  68.85 39.78 50.43 61.15 14.29 23.16 84.93 15.55 26.28 34.08
LAL 70.95 40.62 51.66 61.15 14.39 23.30 84.38 15.25 25.83 34.34

R5-3 R 1A K UL Ry PRAS SR, O3 T ToU A5
Macro — Fy NERIESAMES LIS AT E 28 WRBEIERTH, P ik
AR VR 3 SR [ 7 65 9 AT R 6 A8 1) b BRI AT SRR (178 5 1] SE A, L
1 CBM B A R UFIBCR, LAL k2. Hel Al sOR R B3 & 1 100, A
RIFASGERF BIRIF M SE R FIIF, MERAPAIAG, K i 2L A A7 AE (14 ) U A
RPN RIAERA B, (B A IR A AN AL Fa 3K o RIUT LAL IX SRR
HARAWRE 72 G N E b PH, fEHE ToU MR e, R LIE
ANRIRE 2R 45 B AN B SEFRVE ST I Span. PRBG, X SEEELE oU M1 Fy ERCR
#A L CBM. i CBM AN Z TS A1 41, 1M EAEARYE ToU A AT A
BT AR AIERIREAR . Rk gh, AR PO RS T IRy
TERY B, B AL E (K P S P T AR TN 22 J5 e 30000 3 81 11 320 5 AT 1l
W, AR T RIT 2T Span FJHAIWITTI,  BL Span N FRALEAT HE .
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5.2.2.2 HphsCIf

ARATRFEA SO 0 G BEANR FERE R & JZ R . AT AT =AM
RRSEES, — AIRATR L B e — 402K, RIHIWT RS Token A2 15 J& T AN Fr
TRINAZS, 109 BCBM; a2¥grhO 5 B i il BIEO IARZE TN, 124 SLBM;
=&AMEH DFML JZ, TR BN SCREPfE, @it MLP BE4E 7 AT
B, 1N CMBM. JHRLSZIGH ToU PRAL &5 R a3k 5-4F7, Fy PRAL 45 R
K 5-5F7R.

£ 5-4: JHRLSZIGAE ToU P4l 45 5

Model IoUgp 10Ugye 10U e
CBM 0.5690 0.4897 0.3467
BCBM 0.5479 0.4773 0.3246
SLBM 0.5532 0.4690 0.3306
CMBM 0.5554 0.4725 0.3240

FATRE FEAE S5 A AE 0 B 1 2 4RSS I, MR S-4 Al fE, HACRE
AR T8 o BE ST AR 25 R o S X AE ] AR IR A S R AT e, il 5-6
7N, BCBM T4 RN SEHI SR ()L BB H R85 707 A # 0 A7
AL, EAZEEE R AECIRERNLR; 1 CBM Fristilfgi R, KZ5e¥u
BHSLER, HEWHRRERIEGNEE S

* 5-5 WHELSEIRAE Fy _ERITEAL 45 R

Model  poup(%)  ruw(%)  Fiom(%)  Puea(%)  Tne(®)  Frumea(%)  Psarc(%)  Tyare(%)  Fisare(%)  Macro — F (%)

CBM 73.44 41.59 53.11 56.83 16.36 25.40 87.83 15.81 26.79 36.71
BCBM  70.63 40.57 51.54 61.15 14.36 23.26 85.22 15.48 26.20 34.72
SLBM  71.25 40.71 51.82 60.43 14.21 23.01 85.22 15.43 26.13 34.69
CMBM  71.88 40.78 52.04 56.12 13.81 22.16 86.09 15.54 26.33 35.29

$£T BIEO bRyEVEREAT B SLBM BB, 7EIX 7 [HIRg 4F - BCBM, A,
MRS I, AT IRIMERM RECR 1, Bk TEIRESEN, =27
AFERIIEE . R 5-4RN S-S5 PRI 45, IR BERF Ak il 5 g AR B 4 5 10 XA
LSTM HHIERL & 5 AL = ME S5 EHA IS GCA Pri It d IR LR IR & J2 A
Xt B SCEEE SRR S S, ARG R R R & 05 SE
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* M OE B X O + L %5 B B B B ® 5 2

0.4708 0.4773 0. 4759

(a) CBM [ 7 45
%

B ®E WM .+ L ¥ W B W = m B9

(b) BCBM [ Fiil il 2% S

K 5-6: CBM Fil BCBM ¥ T R4 &

5.2.2.3 BREESH

MO EEBR S A B s g b, FRATES AT LAAS 2], Aikag CBM 8l HR Xt
PR, A SRR LM AN BEMUAS AR AT o A SO SRR EAT 400, B BILLT
[ LA B A«

WIRAE: 1. AT RANEES, WA THE SR ANS. AWEIEHEAT 5T
A RIA SCAT 3 B2 BN, T AN S E SR EAA RIS S, XA
B E LA, Kk, ATl 7 ARG R 5 T AR RE AR AT Y24
& R BNV 6 1 15 AT BEAE I AR AT — AN E S, PRk, R B i B S 20 SO
— LR ST S AT B . FRATTKE BG5S (B E AT SL 515 B Macro — Fy BUE
N 35.73, Figae N 2831, Flpew N 23.32, Figu N 52.04. G HERAT
RORBSA TR, (H2 SRS G IR T, vl WA A 8 a1 o T BONA 2 1)
IR g, R ABCRIE T DL SRR T 2. BT ORI EL gy 5 b b, ZEREARL)I|
Gt e, K2 WEIRCAAEH SORF LG RED], DA 5 B0 2 2 > 31 () 45
A RERMEBEHNZG SRR XA TR IR T EFB, HKIEA
RELE EARLF AR Sk o 1T ER T8 38 )9 5 1R AR FRA A R A SR A S b %
MAFAEIX IS A, DRI & 3 3 R R 2 T H AR PIMESS

BWREE: TR & A, R TR S ) B S A . BR T
s AR B A A AAE, FRATTEXS HE AT T PIAh s, H— A —tEdm A
HA b 5 SCURIRE, 0022 AR AR AN 7 A 50 T BORURH B s () 43 2R 25 T4
B) R SORANEL I, FRATA AL 3. 1 B SOEFEAR LLEE T RAE, i
ZIECT AT o FLSRIG 2 AR AR SO R 25 o SR, IR R ¥ AR Y )
RN, RE = ANFEARANEA el oK, HARIRA N 28 — M E
15 BE TN H A A EE g A BRI B8 23 o H o — R oA B I e B
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I, FRAT L B — MR O i A SRR A 2 PP AR R o X AN R R A DT
B, ARLERT 5% 10% 5 20% MM, HEARARFHISER. KM, 4
AN, HAASZ R ARGAT RSO Y s SMEERBORN, MEIANT
T2 AR, A4, ERONEEINGIE RS, W AR M KR A e
E R, BIEEG .

5.3 ETHOERNREDRLERR

B S LN RMESTE, T8 G BORAMAE, XA E T,
SEARA A BRI T, AT 6 BOR L LA B kT ikE
ARG X —MMES, FIRZ I TAEBR Y (EK TAER ) o RE
HIATF T AR RRCR, RIS H LA R R A R 2 b, FLBR Ik 2 A Dy K
S HTT REBRA F IR LR S AR 2 AR T EREWRTTE AT UH
AR i AR KGR A R T SIS ) G B A Y SEAR ML AL AR, 4 Pyramid #5814 A
PO-TreeCRFs A4 167 55, {H 2 IX ST R HS0A E— 2000 Hoadh A7 i 48E, AN LEAR Y
H B MR AR 7 AT 5 2 . X2 WRR Ao AR R 7 . HA R
Z AR ATIA, TR TR R A B TT R EH B T A Span 7R, #E
HilEE— A8, BIVEFEREMN A, Fik, ETFXMA, A
G E I TR T 44 SR o, I S U E AR A S A 2 TR G &R
ARICHRAZER 73 BRI i 0 R A58 (Centerness Based Layer Model for
Nested Named Entity Recognition, CBLM)” F Tk By 44 SEAR A, A [ 4544
WK 5-70R. toh, 5 E—rR AR, ATPRH PR IHET ZES4E
B8, M A K] RE SRR B 8 — b, PRIHEXT T centerness [ € LR & — A
CEERIL A R Ak, WHAM—ANRERES, W E = (e, e, e} AR
A Token i FITEEI) k ANSEAR,  BEASSAR It B2 B HG BE 20 A ¢y cins s s i
WX T Token i &, HrubBEER/N, WIHBEERA TR, ke, HiEEiTse
Rty . W SEELE D M AE Span 77 AR [ TR RN 25 8] Y 6, DU BE R 1% Q3 24 AT X
BN 1 Token, »& % A RENIEALARK]—H# 7, Bk, L& R LER
¢; = max(ci1,Ciay - »Cix) N Token i IO ERIR, A LALLM 5 A EH Token
iR, R TR ],
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5.3.1 f&EBIZEH

AT EEA G CBLM BRI SER, 5 7R UL B e 2 J2 51 mh s A oca JBE
I HLA6 I e AR AT S AR 2 T R B R o BT 200 N LA 4 iD=, |
PICEE)R. SR BREREYRIZ . iR A SCR AT LAL A3
MRIPT — s, HAR AR R AR AT IR Span RAEAIERAF. £ N 3CEB)R
KADUR LSTM HEAT @A, 5341 4 prid —8, A5, HRBEIE L)
LRIk

Prediction Layer

i
T
t

- Size-1 ize=
‘ Filter |
Layer

4 4 aye > leenter

) Contex ® wufi

- Layer
[ oo, ] © EEHR
: SpanK & #kHloss
Leenter Centerness#loss
Class Query Table proto; Class i#y B & @&
’1 A 93 A W.s W." @ CrossLevel Attention module

5-7: CBLM R 4E#)

5.3.1.1 TSEE

WL XA LSTM AL PR J5 15 2 (118 SCRHIE R 808 by EPERFIE R 2N Apps s
SHREANL B RFAE hy FIEAOL B AR YRR Ry s JEATHEE, 18I MLP B 5] —
Y72 7] 2 R AR B BT RO E o REHEFOEMENLIENESE, 5
JER M FFEAR e, 13305 A O ERRRE, R ZRas M b Z T L,
HAts = 5-178) 5-18F7~

ARl
Il

MLP([ht’ hi,pos]) (5_17)
hc,i =c; X h;. (5_18)
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/D\

Cross-Level Cross-Level
Attention Attention

K 5-8: 15 )2 R L] R

AP B W€ — N BIE 6, TN ¢ 1T 6 I, BHBR =24 A0 A B 1 4FAIE,
JR BN REA T R A AL EA R P A AT R ASRIE 28 2R

5.3.1.2 BEIENE

5 JZ27EE /12 (Cross Level Attention Layer) ) H )2 2 11 HAH B A BT
Span Z [ IV L, 8 A5 A K SR BEAT HI Wiy, ] DUSE A 20 FH 5 A
KINFLTABME B Toh, AU, A5 SR SER 2 (B A Z K, AA
RN AR Z [AIAAEAE DL IR R o BRIL,  A/NT BTl 185 2 1 B AR k 2
DA ) SEAR B4k R o FEJZ B ZE K ZULA, B REE I ZERTHE B 5-8Fr
N, HAuEah TRE, SR, Bs ESR K K R O A
B3 1 R 7173 7 LA BT TSV E 920 (Query),  LAF-F B8 A 359 s A et
W RAE B (Key) MME (Value). MEIRIAEM S, E5-82&—MHMAE, B2
FERANEWE TIAENTARE, kK BAR R APER KRR, 2B
& IHL ) —Ff

THEEENE RS, 752 2E)ZE Span RHIER R, 5 1 JZRAEH =
SRR, Ho— AT — R RAEH @K R Dy 2 B E BRI 2 = g
WA R IR he; BEAT SORMARAR 2] =8 R AE FP 21 Bk B 1 1] P4 A
BTN hpos 1930 25 1 Z5 ] ML BRI R 5-1907R

rij = [r;—l,j;r;,j; r;',j,pos] (5-19)
r;_l,j = Wlrii1 s riot sl (5-20)
rl’.’j = MaxPooling([he; j; - s hejj+il) (5-21)
i ipos = MaxPooling([h poss -+ 3 st pos])- (5-22)
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Hrt we R ONFIZERUE, d AFFAERNHILERE . 19 BIAH RZE R IE R R

Bk 5.0 N4
HWIN: kI TR KES: s : A)FIsRKE
it : masks

tl « k * (2s+1+k)/2
masks « torch.ones((1, s, tl))
1051
repeat
base « 0
repeat
masksli, i + base : min(s + base + j,i + base + j+ 1)] « 0
base «— base + s + j
je—j+1
until j =k+1
i—i+1
untili = s

J& . AERTREAS A BE SR AT #4058 R AT Attention ()77 SUREAT @ . HTA
7] JZAH R Span AN E A FeIR S AT LERHE, BRI AR SO A #ERS () 77 20SE
PRBOR R M . MR TR EYE SART7R . SREU T AHR ) mask 2 5, )
H Self-Attention {71577 206 AT @A . =X 5-237%

Vi span = attTV (5—23)
q'k

att = masks X S oftmax(—) (5-24)
Vd

q=Wlr, k=W, v=Wr, (5-25)

Hr wy, Wi, W, € R®ONFZIRE S, x AtElRis. &a, @idkzE
AR AT O b R R AT r AINAS B S 45— R IR ALE

5.3.1.3 FoNE

ARV REE, AT EEN G ZE 2 WRHEET 25,
SelE LT AE A — H R BIAR S R B a2, W S-T7RR . Il T R — BRI
A B ) B AR RS, JEE SRR AR G By R R R M EA Proto,
W53 F 55 a2 5-26 R «

y; = argmax S o ftmax(Proto” (i span + 11))- (5-26)
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5.3.1.4 IKEH

CBLM W42k 2, AWM, H— POk, =R
Bt X BEAS Span W3 KA gk, Hor, w0 BRI TN 2R K H 77 1% 2 (Mean
Square Error, MSE) , 732845 K I 28 X it 2% (Cross Entropy Loss, CEL) o

5.3.2 SCIGOHR

AR SCAY (B A B2 0 GENIA, %3088 58 08 FF U8 1 A= 4 A8 1 ik 2 i 44
SEARR B R AR, BFE T TR SRS DNAL RNA. protein. cell_line I
cell_type. ASCHZEIEAEILE Yu 55 N B R B 3T RI5r, R4 Eel il 2
R 1H 90%, MHREE f 10%. ASLIGHZE 5308 P100 GPU _HIg47 it . YIZRAN
DS 5 B B S 2R 5-6F7R .

% 5-6: CBLM &5

Epoch 80 | max length | 512 batch size 24

learning rate | 3e-5 | random seed | 42 | centerness threshold | 0.35

5.3.2.1 XtEESCif

A CBLM A5 8L AR 22 iy 44 S Y i ol AR B HEAT LA, b auds
B T30 FR A Y MHSA 3] FI BENSCLO4, 3T 2 245 /) A5 A Pyramid
1 PO-TreeCRFs[®7 1 J& T W B AL A LALPY, &5 R R 5-7f 7=, Hp
Speed — A= IR B R A P HERE R B, H B N R FD AT 1998 A 2R (words-
per-second, w/s), ZIUEE M KERLF. WK S-THEERAT1G, Ak CBLM
BLRLAN LAL BEAYAE BB 1 iy 4 S0k B RCR AT, i HRBA, AR LAL B
TR RCR IS 47 T RRATHRE AL, (R NIBATHE b, BATE S H i i T 3.
T CBLM 1 LAL HJZ 5], AT PR 2 18] it AN B DL ORI 04T 1 Seit o
Br, I CBLM Hh BITHRA AR e (0 1) 3 R SEEAAR (1 AR, %o 4K P88 1 R Py i
AR R g 72T LAL.
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5.3.2.2 EERSCIS

N T BRAEA ST T4 7 ZE P R WA R, AR SGEWCE T LA JLAH I Rl s
5, IR EREER HEEZ RN TEA (BASE) | A B ZERE
IR (BASE+CLA) ¥ J5 8 [m) & B 7 v T A7 (BASE+CLA+Q)
i 23 2AE NI I8 2 B B = 1R (BASE+CLA+F) O EEN
e 2 BB R & A (BASE+CLA+C) Al CBLM B, Hszie 4k B
KS5-8Fm. MR, AR S EE R IEA G RFHE R AT HL

300
200
100 I
: . _ _ _ _
1 2 3 4 5 6 7 8 9

K 5-9: SRR E G THE R . KA B CR A IRFE DI IR L, R ARIZ K R
FEBIEH -

10 11

73 0.93% MRBCRSET:,  FINJEAL [y & A 2 830000 ) 75 T LA oK 0.15% 2L
BETE, BN RI IR AT LA R 0.56% MR IETE, Se B R, fRiX
fit 2 b — BRI R, 7 PATE R 0.47% HIRURIET, SIETHN 2.08%.
TH Rl 5256 BASE+CLA+F i A AE R AN IZ 47 1 A2 >R FHAE 0 B 1 3 98 77 XA B
THRTE R RCR . T RS2 BASE+CLA+C 7E BASE+CLA+F X} b5 5 a] LA
RS A Bh TR AL B 4 R 00, R A 1 ok i mT LR 4 (R AR B AR AR, 2
AR . SEBERIEITY CBLM A1 R VH AL SCIR Rt bE, 910 B B =F B AR AR AT

R 5-7: B 2 AR R EL s g 45

Model Precision(%) Recall(%) F;(%) Speed
Pyramid 80.3 78.3 793 3280 w/s
LAL 80.2 80.9 80.5 2582 w/s
BENSC 79.2 77.4 78.3 10675 wis
PO-TreeCRFs 78.2 78.2 78.2 1897 w/s
MHSA-BERT 80.3 78.9 79.6 10798 w/s

Ours 82.1 78.6 80.3 10547 wis
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F 5-8: CBLM 31 fili S 36 45 R

Model Precision(%) Recall(%) F;(%)
BASE 79.41 77.75 78.20
BASE+CLA 81.10 77.24 79.13
BASE+CLA+Q 80.83 77.79 79.28
BASE+CLA+F 81.42 77.42 79.37
BASE+CLA+C 81.38 78.35 79.84
Ours 82.15 78.55 80.31

A RS T 3R TR R ORISR

o
< )
° “+2° S o o 9 g 2 =9
< 322 ¢ .2 T3 ° 9 £ 0% %3
i o © T B ? o © § @ = o® o B2t
s ; 23 =S > 2 S o ? £5 2
¢ 02 6580l SLooB0os2W £< fd=o0pm 50 &
2o02? TCEEIRoL9352Smsoo? B0, 942059 ® £~
;-gmoiEm?w-.o‘?.:ng—;(uog.:,-O.m.ﬁl;,sou‘_;on.
o x 29 €030 =205 E5ROS=335 Y 7 528
SISgozlc2aizc23gcdizZ259282223228s22¢894
TE20 FDdS5woIssovasES>Sadn ~ESEROT SwaoakFs t a4

However, in-0-0

in Jurkat-0-0

Jurkat cells-3-3

cells ,-0-0

, TNF-alpha-0-0
TNF-alpha dramatically-0-0
dramatically enhanced-0-0
enhanced the-0-0

the spread-0-0

spread of-0-0

of HIV-1-0-0

HIV-1 through-0-0
through the-0-0

the cell-0-0

cell population-0-0
population and-0-0

and increased-0-0
increased viral-0-0

viral RNA-2-0

RNA synthesis-0-0
synthesis ,-0-0

, indicating-0-0
indicating that-0-0

that in-0-0

inT-0-0

T cells-4-4

cells HIV-1-0-0

HIV-1 multiplication-0-0
multiplication was-0-0
was stimulated-0-0
stimulated by-0-0

by TNF-alpha-0-0
TNF-alpha treatment-0-0
treatment .-0-0

. [SEP]-0-0

—1 0y =¥ RETEE
(a) BJRER I EARMEEE
[
= S
- © © < B ° © 2
IS 0% o B k) . S e c €
[ S5 O < = ) a = = © a9
F o T ® c 3 =) o © o © o 5 o E -
s S [JEZ S I3 2cPsgsE Su wIE L2 LB &
§_tg £f€2s5. 2223582082 3E TZEL5zEL 4
ITE30 .Fosotswb6IEsSvacESEn . ESE-OITEZRIFES 9
| T T N T T N T T N T T T A T B |||I
'[::::mlIIIIIIIIIIIIIIIIII”IIIII*III

(b) 398 2 72 AE A Fp o B TN 25 B
K 5-10: 8520 & Ao

AT CBLM A e HUAS B 45 ORI IR M 1 3 — B B b, RELEE
AT R H—2y CBLM 8 KRB 24k, X2 CBLM K451
FroRsg (1, A BOB L AT DAS B (R AEE Sl 2, DR A i Sk st 5
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Gyo ABREMXTIN S, CBLM fE AL B L BIE ) SCAR B A 2. B 5-9Ffm A
CBLM WA IR A S5 S, BRI BI KL, A2 KL T
I HIEH , @gtit, SOKSRKE N 30, B AUR S T3R5 IR A B
GiitE R MWETATAR, KE2HOT, CBLM AU ELE KDY 3 LLN RS
T B AR U B A SRR L A LA 2R

H OO AR RAR I R ROR I, WA — @A L. BI5-10FTRA
CBLM Fril sl iR i — MG UL E R, B 5-10)Fm vits RiE R E T
HERE, B 5-100)Fin Nid g2 e o AR, W TR IR
HERIEHN, BRI SR O BN A 2, B AR LA SR 0 JBE P
UE, MR BRI R, 2 gt T R R AR R 0 5 LA B T
52.96%.

5.4 KRB/

FEA T, FATTE VR B 5 BB 1A AT G R BOR BIESS
AR E a4 SRARHMESS, JERZIAE ST IR AL, S T LR %S
fibo ARIEANTT EHIAL, AT O RIS . IR N AERS & 18 Fr B
TR S5 IR B i 40 SEAR R AE S5 b, IF HARSE P& 1% =, 0 it 17 A
fRRTT S Hrp S G B BORAER 7>, B IR SR R A B HUAS AR 4 (14
ROR, AR H AR R T R L BEAT 7o, IR HARW T ARKR AR BT 7L s
[ o P EAE R B i 44 SEAR RN ERCRAR G, R RINIZ AR, CBLM
WA 7 BRAFHIRCR, EMFERZCR T, CBLM RARIRKEIEEHCEK .,



R ESEeWT AR
4t
N T BAEA S P 38 SAE SEPRHERE 7 SR A R, AR 7 — N

B WRBER RGIHRA ST AR H . R SCRRE & 38 IR 50 R &
GUE B ThAE. BRI SIS SRR ST VR4 4

iy N =%
E-yaN=]

6.1 HXER

FER RE B H il B S AR BEALAR BOBORB R AT B, AT 3R
PLES N RESRAESG I, X5 TR AL AR REAL 0 2k e 3R sy, DIk, iR
RALES N TE N G 18 B A R R . T AR SR A A 1 T 7 BoR
518, ASCAR AR B8 A B AT I 2 e —— R R30 N SRNS 1 Hh /& 75 H A
18 B DL R T G i IXANRTI D B2 R LA A RE 1 LR ER Al A
Kig G ) EE Ak, MR AL N AT R0 = B35 A0 o 2 15 BAT I8 6 16 1 fE
I, REARIERMRAANE, (HRAEXNZE A A AT PEE A i, mT A
Kt B RAE GRS YEE, By SR EEE. A
Ho TUMER — 07k, AEIRALES AR R EAR R & 17 R A, 45
HIN R (1 PN 2 B AT TR

FUSL IR R G e T A 2T Al Ty, BEA RIS Bk, EHA
TR R GARIETB A BB XS 1. EIIREM G, EIFEH B2 %A L
ORI UM S 2251, ek AT A RIE G s i R A N, At
AT DRt — MR SE R R SCE B S AR, BRI & 18 1 20 b 4 A
XHHERATA & S ASCH T I SR B Pl s st AN AR, DXOIE T4
SR RT AT AR E R SUE R A RE R e B eE LN AE B S
B, AREZPIRER R, MR Ry st 5 Wb Be. Fi,
VIR, RSOGO LN TIRE, Tr A 24T AR SEERTR
AR TR .
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