STy HOTRAER RSy FER G (202143 1)

BERT-based Bi-Ranker Ic &k 2 XAz Z E L 7-5| B SIEE

Z YN

RO R R

kaito_sugimoto@is.s.u-tokyo.ac. jp

1 FC®IC

AR S DRRENINES 2RI R L TE D (1],
SIS RERBLE RO 2 Z e AREEICKR D 20D
5. ZORECHHLT 2L, 5IHGRX#EES 2T
2 (citation recommendation system; DL T, G SCHEE >
AT L) WCHETAWEPED SNTE/. ZHEA
helLTHesrOTFRA e 52722 512, ZOWN
KeBMNI2 L5 EHNIT22 05 DT,
Google Scholar ¥ D X 5 72 ¥ — 7 — FR— Z DX
MBI ZXTLAED BBEOEWIEELRENS.

MOCHEEICH T 2 7 P a—FE, KRIEIZ dRscHE
B L R 72 i S HEE o 2 I KAl X R B [2].
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ML DSLE D MG % AT BERT THOIA A, 54

®1 RZEZRE L B IC BT 2 A - A
Instead of using the poly-encoder as a trade-off
between cross-encoder and bi-encoder, we propose to

A train a bi-encoder model with knowledge distillation
(Buciluundefined et al., 2006; [*]) from a cross-
encoder model to further improve the bi-encoder’s
performances.

) Distilling the knowledge in a neural network
(Hinton et al., 2015)
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B [13] 72 ¥ ED ST X 7=,

FCHEREE IS BT H BERT [5] & W= e/ THFSE
BHEETZD, RHEBORMMD 2. Jeong & [14] 1
BERT ¥ GCN [15] # AW T AXIROIEDIAA %15
% Z 2T, LSTM X—ZDBEFFIE (1111 L TR
a7 O EERHERLED, OB TIERM DR
DTFFAMEEHLTWARW, —J, Cohan 5 [16]
¥, BERT N\— Z DX DDA AL % 7250 B
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X% Z L X HEE IS IS T E R WL, 2200
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(b) 1EFH DFER S d % Document Encoder % W T~X 2
MV yg CEHT 5.
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score(c,d) = y¢ * ya (1

(a) DFFAHIZDWT, Context Encoder 12 A 15 % 5|

HxRiE, UTDE5R b= F T 5.

[CLS] letxt [CIT] retxt
T 2T, letxt X5 IHANMEDEB DT, retxt 1X5]
RGO F5%2RS. £/, [CIT1IE5(H
NEZEKRTIREN—27Th3. 5IH RO
®»iAA y. & Context Encoder @ [CLS] k— 27 > DAL
BICH 72 REBEOBNUEOH 10615 %.

(b) DFEANZOWT, Document Encoder 12 A 15 3
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[CLS] title [DOC] abstract
35, ZIT, title \3#EH, abstract (FEFERT.
[(DoC] WFEH C EEZ T T 25 % =2V Th 5.
X DD IAA ya 1EHT & FIBE, Document Encoder
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Uy FHROMDHCEDRa7 Y bEL k3 &
SHET 5. Tihbb, IR WSS 25D
M (cidy) (i=1,..,n) SR DZ NNy FHRIZBIT
HZEEEBAELITOESITED S [3, 18]

n
L(c;,d;) = —score(c;, d;) +log Z exp(score(c;, d;))
j=1

2
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LS BIEICHEE 217 5 .
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ZOETMIBVWTX, @EETVERRICSIH
XARDEDIAA y. 21527213 TR, 5IHITDG
X DDA y, % Document Encoder Z FWTK
5. ANMERIEMARCDOEDIAA y; 218255
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score(c,d) =y, - ya (@))
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F2 FEEHER (BM2S THEOLNEMICHT 2HEHR)

ACL-600 ACL-200 RefSeer
Recall MRR Recall MRR Recall MRR
NCN [13] 0.291 0.267

SemCon [12]  0.568 0.306 0.537 0.291 0.340 0.166
SemEnh [12]  0.553 0.290 0.546 0.285 0.445 0.216
RETIE
GEEEFIL)
BETIE
(K== L)

0.657 0.408 0.611 0.381 0.627 0.365

0.651 0.394 0.638 0.382 0.645 0.350

4.1.1 ACL-ARC
ACL-ARC [ HAS BB O 2 IER L 7=
F—Xty NTH 5 [19]. AL TIE [12] DEERR
FIZHEWY, ACL-200 £ ACL-600 D 2 DY 7't v
FeHWS. mBiEEG IR UTH A E DR
600 XF3DO%, HBEIZ200XFIoRMHLED
DTH5. AT —%, Mit7T—%, 7APT—4&
DY A4 FFNZ I 30K, 9K, 10K & 7% > T\
5. %7z, THHEROFR L DORENIA 20K TH 5.

4.1.2 RefSeer

RefSeer & Web EICTEE T 5 k% & 7208 D 4fTRC
HEhoRBT—Xty hTH 5 [8]. FlT— 4,
MEET — X, TA M T —=2D% 4 XFZh 2z
3.5M, 125K, 127K 7% ->TW5. £/, Tz
DEL DFENIH 625K TH 5.
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4.2.1 NCN

Ebesu 5 [13] & NCN (Neural Citation Network) & \»
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H D D IA A % Decoder filliC 5 2 THE N ITHDH
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LTHR L7 BT, 206 0EM%Z NCN Z T
Re-ranking L 7z. 723, BM25 O CTIEME 7 ~oL
DERLDF B IR D o T235E 13, Re-ranking DIERHIZ
IEfEZ L EMZ TS,
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£ 3 Ablation Study DFER (2FEFIH 3 2FEHR)

ACL-600

Recall MRR
BM25 [12] 0.095 0.049
RBEFE BEETIL) 0535 0306
EH DA 0461 0.271
BERT CHJHA(L 0.465 0.258

422 SemCon, SemEnh

Medi¢ & [12] 1&, XR%E % & L =G SCHERE > 2 7
2 D 7z 8 D Semantic module & Bibliographic module
%#EZZ 7=, Semantic module {55 | HARD A
BRI T 2 DI L, Bibliographic module (&3
DA XIEHR (BIHBE) 2EET 5. RWFKTIEN
I X BHEEICHER R E 72, Semantic module O
AT ONRE T 5.

Semantic module % F W72 € 7 LIZHFIZ SemCon ¥
SemEnh @ 2 fFHIZ 5224 5. SemCon 1% 5| H Xk
RO HR X ONEENZNOH DAL %
Bi-LSTM Z W THUR L, a4 4 VELEZEHET
% . SemEnh (3 KIHY 72 1EH % T SemCon % #i
RLUZETLTH S, BRI, IHTHXOH
DAAZINEEL, 5IHXROEDAAL B LE
HLETHhs, ayv A VEUELZFET 5.

NCN O L FREIC, Medié 512 HDETIL
Z T, RefSeer 7— &+t v MIXf L Tik BM25
T8 o Nz EA7 2,048 K D L % Re-ranking L,
ACL-ARC 7 — & £ v hizxf L Tid L7 2,000 AD
#W X % Re-ranking L 7z. NCN O35 & & [k, BM25
DI R TIEMEZ NV DFRX B[ o NLn o 58
IZ, Re-ranking DIEFIICIEMREZ XV EIMZTW5.

43 PHEFH

FATISE L FIRRIC, BB LG HEE S X7 40
MO OG5 A%z Y 0RETHITE 302 HE
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27 =) O5|IH T X Language Identification using Classifier Ensembles

...be some redundancy in the large number of character ngram features and removing these might increase

7 ) O5| AR

the diversity and thus accuracy of the ensemble using the feature analysis methodology outlined by [*]

we analyzed the feature interactions using the training and development set this methodology uses yule’s
gcoefficient statistic which can be a useful measure of pairwise dependence between two cla...

BERT-based Bi-Ranker GEHET L)

BERT-based Bi-Ranker (KIHET L)

1. A Two-level Classifier for Discriminating Similar Languages
2. Measuring Feature Diversity in Native Language
Identification

3. Proceedings of the ACL Workshop on Feature Engineering
for Machine Learning in Natural Language Processing

4. A Simple Baseline for Discriminating Similar Languages

5. Feature Space Selection and Combination for Native
Language Identification

1. Language Identification using Classifier Ensembles
2. A Two-level Classifier for Discriminating Similar Languages

3. Using Maximum Entropy Models to Discriminate between
Similar Languages and Varieties
4. A Simple Baseline for Discriminating Similar Languages

5. The NRC System for Discriminating Similar Languages

2 ) O5IHICAL A Computational Approach for Generating Toulmin Model Argumentation

...tween the claim and data one of the aspects of the toulmin model in terms of determining stance

7Y D5k

previous work has utilized attack or support claims in user comments as a method for determining stance

[*] inspired by hashimoto et al 6’s excitatory and inhibitory templates in this work we similarly compose
a manual list of promotexy and suppressxy relations and rely on these relations coupled with pos...

BERT-based Bi-Ranker GEEF L)

BERT-based Bi-Ranker (KIE{EF L)

1. Cats Rule and Dogs Drool!: Classifying Stance in Online
Debate

2. Get out the vote: Determining support or opposition from
Congressional floor-debate transcripts

3. Recognizing Stances in Ideological On-Line Debates

4. Why are You Taking this Stance? Identifying and Classifying
Reasons in Ideological Debates

5. Stance Classification in Online Debates by Recognizing
Users’ Intentions

1. A Computational Approach for Generating Toulmin Model
Argumentation

2. Back up your Stance: Recognizing Arguments in Online
Discussions

3. Contrasting Opposing Views of News Articles on
Contentious Issues

4. Combining Textual Entailment and Argumentation Theory
for Supporting Online Debates Interactions

5. Stance Classification in Online Debates by Recognizing
Users’ Intentions

[l->TW%. %72, ACL-600 ¥ ACL-200 Di5EHR % [t
B35, 5IHXRDEZ 2%\ ACL-200 1B W T
KBETADRNTH 2 Z bbb,

BETFEOTEN 2 4 177, EEOFIZE W
T, BFET O THMES DI "Feature" &
WHHEERELHDNZ V. I Z ) D5
Ak D "feature analysis" & W5 7% & b FEIZ AN
FRBEThHIEEZLND. ZHIIXHL, FTEDH
WKBWTIE, KIREFLOFHEMICBVTDA
"Arguments" X° "Argumentation” ¥ WD HFENFE SN
5. ZhiE, 7TV DD Argumentation (2 B3
X TH % &\ 5 KB 2 EHHA TR KBS
TW3eEZILNS.

HEE Y AT 2B RT3 LT, HEEE
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Ry —RAbEZLNE. Z2IZT, #fEFELCBL
T, MXOEEZHVT, EHOAZHEOIAAT
BaotgEz#N. MAT, WMo ya—x
% SciBERT T3 7z < @ H O HHi¥ 3 A BERT [5]
THIL L2588 2 HERER AR FRE2R
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