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FERERY 7 & 2 b orJEE, FERSER R Tk e G
HH, ORI IEHRM A RIEET H 5 KK, ML
HTAVRCBIEZT—RPHETH 5720, /AR
WP B MEISEDS L AR 72 5. Z ORE R R
R 272D120F, PET—XITBVWTH /4 RITK
bEINT, XWROKRER LR 2 3 2 B
KD b, KT, THEBELHREETLVERK
HEIZ & X ¥ 5 Hierarchical Text Classification with
ATM (HTCATM) Z12%3 5. HTCATM 1%, WE=E
TOVDERLT B OS> TovE Fl v KI5
X, AT VICBNTHEVERIIFES & B
Tz HiES. EROMR, REFEEIR-XF7 1
Td % BERT [1] DfEEZ LRI D, BN F 2 —=
YT KB EREDTHEFE T E Tz

1 FC®HIC

TER R Mo, KEROBERINP=2—2X
DHERY, BRMERICBIT 2 EHRLE o EE 5
BN TH 5. R, SECEFEREORB)IERE W
R 2RO EEICHEES 2 29121, B
MR T 3721 TR, BIRR T
EofEH S BAE rvokiflikshranic
ML LER T 20BN H 5. TOERIZIEZ S
20, TXAEITAVE ) —FeITEEER
EATHET 3BT ¥ R b 434$E (Hierarchical Text
Classification; HTC) 2B 3 2 I AT T
W3 [2][3][4]. LA L, FEEMGZ W8I,
PEEMIEICER S 2 7 — Xm0 ARG, 374b
5, BEOEMICNET 2 —KkWkh T3Vt
N, FOLINiE S 2572 h 7 3 VIR REZR
AR T — 2P 3 [57— X FmEME ©
MESFEET 5. AT, £ DHIC XA 73—
DDTFAMINLEBOA TV 25T 5~
ANF TRV L TERbLEN S 720, BTN
NOMAEGDEPEMILL, T—XPHER L
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HTAVIZBFL27HIXHICHEEY 25, HHE
D SNS LHIMALFITITZ K D/ 4 ARRERDL S
FNTED, T—XHBWMELRMIATIVTE, T
NH0 /4R EDPREGEFDBNLEIRIZD T
{, BERT R ¥ DIERD T TV TIE D EFEED
FZLLAETT 220 MEPERHEATY S [5].
AR, D XS RT— X mELRFEEREED M
HTIAVITBEBVWTD, /A XPBEGEEHRITH LT
FICEMET 27 F A MHEETLVEMET L Z L
ZPHRE T 3. FAlE Zhu & 6] ICE DIRRE M-
ATM (Adversarial Tuning Multi-agent System) D #%:4H %
AR, Zhu 1%, MBEILRAER (RAG) I8
WT, MREINELEBICE TN 2 BIEHRLEBN
7% (fabrications) 25 LLM DNV 3 —3 a ¥ &5
ZRITHEICERL, ATM 212K L7 [6]. ATM
1%, MEAEKEITS Generator £, FhrHKb T/
DD 7 BATEIRE KT % Attacker £V 5 2D
D Agent THRKENE. TN ZRARBIOE K
BRI Y F 2 — = > 27" (Iterative Adversarial Tuning)
#1715 Z & T, Attacker 1& & D B[R ) 4 X%
RS 2 X 51Z, Generator I3 Z D/ A X &AL
T2 X0 L, R L TRBRIRAERIC
BOTEWEBREELEE ST 5. RFRTIE, 20
ATM ORESZREEMN T F 2 2 22710 L
72 HTCATM %8 £ 3 5. BRI, PRl h
7oA T3V ENRE T 5 BERT R— XD fHA
(Classifier) &, R Z NIEMITE L X 5 7RO
B TINBERT 2KEE FIL (Attacker) B RESE L,
INH2DODETAZHMNCTF 2 —=0 7T 5.
Rz, BEMEICBIT2 s, —F) % MEhis
/=R RY, BHRINGEELBRDE LT WA T
TYANDFEEITH T, BEREOHL X 2%
BLEREERENRTS. oo 2kMEO ER
BfRICHED S ERAIERCIRTEE S, BEcazh
287 —RMILT—HLTHEHAINS., Zhick
b, HEEIIEAOME L LIice b, R
H7 ) 4 XA SRR 0 R T 72 SR
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OFFERFFICER L, 7= 2Rl Fih 73 Y
IZBWT D EAEICHHTE 2N ONEE R HIST.

2 REFE
21 ETIEE

RIFFETIE, Zhu 5 [6] D ATM DOHHHA % BEEI
7 & R b EICHEER U7z HTCATM %4853 5. &
FHEE, 7F A MPEEITS Classifier &, &%
BT SO > TV R RS B Attacker D
2 DD Agent 2> 5 E 5. Classifier 1213 BERT
ZERH L, Atacker [ I3 RIFHRAKEES D&V LLM
T» 5 Mistral-7B 28 3 5. HTCATM DD,
B 2200a v R—3x v b ERKENCHE
BRI NFREF 2 —=>7I12H 3. Classifier
% Attacker 23T 2 BT T AT EZ &9,
Attacker I3FRLED Classifier DIFm E22L, X h I
BRYPVYINEERT 2 IO ICHAEIZHEE 2 ED 5.
Kz, FEEDHEOFRMEZZE B L, Attacker IXIEfEH
TaAVD Thsh) 2 MEnH) KdsaEh 7
UVNFBETLZ X7y PREZITS. ZhiTkD,
W27 V&L 4 TR, BRI
RO > IR L, T — X FmEEBICE
B RER R O Z X 5.

22 TINFREFa—=J

Step 1: Attacker ® DPO Hil{b

TFE D Classifier # HENR (Ra77—) & LTH
ET 5. Attacker ZFHW, ANTFA P xITH3T 3
ORI 7 ¥ 2 P 2EBERT 5. s ok
ffi % Classifier IC AL, &Y ¥ FLVONEEN U
ZHEMT 5. U Classifier D 0 FHIRELE Z /R 545
BETHDY, %57 3 VI % Binary Cross Entropy
(BCE) Rk offlie L TERI N 5.

C
U= BCE(y;l) (1)
i=1

ZZT, vy YIEfEA T3V, I; 1 Classifier D7
oYy bThHB. BHEINZUICED X, EHiRE
2 7 F 5. Classifier 2| bEALIEZ (U
WERR) BERZ Xchosen, B DIEALS BRI o7 (U
DR B Z Xrejected & U TR RT 2GR T 5.
DT —X+E v k%W, DPO (Direct Preference
Optimization) [7] {2 & D Attacker # 7 7 f ¥ F 2 —=
> 7% %. DPO OERBIIZLL T D@D TH 5.

— 753 —

Ao (Xchosen |X)
Aref (Xchosen [X)
Ag (xrejccted |x)
Aret (xrejected |x)

ZLppro(Ag; Aref) = —logo (Blog
2
—Blog

Z 2T, ol logistic sigmoid function, [ IFSEET
IV At 225 DRI Z FIE T 2 N4 R=08F X — &
THD. Ag IXFEXWNRTH % Attacker, Aer 13FH
FIDSBHMETALEZRL, A(YX) XA xITHL T
FRAMy ZAERT HMHERLRT. ZOFFITED,
Attacker X Classifier D55 ri% & D W RAICHEL,
THERMEZRAKMCZIEETFAMNEERT S L5
Hhxnb.

Step 2: Classifier DEEF{LH

Classifier DL 21T 5 728, Fd{t X 17z Attacker
ZHWTILD¥E 7 — % (clean text) 1IZXf)&3 5 ML
MY > TV BB T S, Classifier I clean text,
OO > 7 IUIZ clean text ARG S L7=8 > T
DR7 ZFRIFICEE T 5. KRFETIE, BoTmyRE
WP AR om BT, Aob3 hirZdt
WED PHIRRPIKRELSEH LRVESICT S
®, Miyato 5 [8] ZZ#IZ, clean text & B >~
TN DT HI A DS MR (Consistency Loss) %
BAT 3. Db RMENLRIRIEE Low &, clean
text WX % AR Letean, FORTHIY > T NTX S
2 FEEK Logy, B EUEGMEERL Leons DINER
LK Q) TEFRINS.

glotal = /lcleangclean + /lrobustgadv + /lconsgcons (3)

Z T Acteans Arobust> Acons (EFFEDH 5 & 2 HIH 3 %
HARHMTHE., XEELEIR D7D, Ao I
W OMEIT IRV REE 0 205 BIEMEE TR A
W82 5—07 v 7HAEEH L.

2.3 RIFINILGDE

HERRIF I, BA 72V 0 FHERICK 2R D
MRy (BX D) 233, 73V LTl
SACEMEHIE 21T 5 FEZERA L. BRI,
Sigmoid BA¥Z#H L 72 &H 7 2V O T HITEREDS,
RESINT-BEZBZ 702 THIFREE L.
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®1 EFCTHWET—X

7 —2%& | |L| | Depth | Avg(|L;|) | Train | Val Test
RCV1 103 4 3.24 | 20,833 | 2,316 | 781,274
WOS 141 2 2.0 | 30,070 | 7,163 9,397
NYT 166 8 7.6 | 23,345 | 5,834 7,292
3 RER
3.1 RERETE

F=Rty b ERT BERTFZ N0
DNV F<3—2TH% WOS [13], RCVI [14], BX
NYT [15] D 3O T -2ty P2HLE. &
T—Xty FEERIIRT. T—2DHEHICTOV
T, NYT ¥ RCV1 I22WTId HIAGM [9] TARIE h
T % 53| (train/dev/test) Z i L7=. —7%, WOS
WOWTIE, JTOTF—Xty FOFE R FFL
RS T R LIHTEILTHERLZ.

EBETILEE®RE HTCATM O Classifier 11X
BERT(bert-base-uncased) %, Attacker {213 A 1EHAER
BE 1435\ Mistral-7B-Instruct-v0.2 [16] Zf# FH L 7-.
25 DETIMIWVT 4D Hugging Face Transformers
FATIZV NN EHCTEEL. Ry L
T, AFEOHF 2 —=> 7 %4772 BERT Il
Z, BEMT XX N BHORFTOFIETDH % HiSR
[12] Z&¢ 4 FEZ W, FHMlifEEC X Micro-F1
B X O Macro-F1 ZfEf L7z, Fic7 — 2 A~GMD
WEEZIRPTOIMIA TV ORBEZH 2729,
RIS TlE Macro-F1 ZEH T 5.

3.2 ERER

R=XFA DT, F£212, FETLITHL
BIEZ 0.5 \CEE L TRl 21T o AR 2 Rd. &
2, R—RZ 74 T»H5BERT 2L L, RCVI B
FUONYT F—&t v MZBWTHEZTFL HTCATM
73 Micro/Macro-F1 OS5 T EEIAEEZRLT-. B
2 NYT TlE, Macro-Fl I23 T BERT O 60.59 7>
5 HTCATM (Iterd) @ 64.82 \¥, 423 KA >+ D
SHE R UGEDTHERTE S, £72, RCVIIZBWTH
RAGHLEDECICONTHEDNM L L, Iterd FRT
1% 62.77 Zit#% LT BERT ® 59.63 % kAl 5 7=, —
77, WOS 1235\ Tid BERT A% Macro-F1 T 82.36 &
BWRa7ERL, BEFEOREME (ter3: 82.03)
FhFrIickIEE»r o7 LrL, WOSIZBWT
3 Iter0 D 80.96 72 5 Iter3 D 82.03 N\ &, KIEMEIKAH
WZ 2 ONTHEEHEENALLTED,

— 154 —

Fa—=VIWREBPETNVORENRITMHERTE
7. —J3 T, SOTA FiETH % HiSR % NERHTC ¥
bl 2 &, 2fR¥ LT HTCATM @ 2 a2 713 &R
BRWkER 72 572, Z4UZ, HiSR X° NERHTC 237
NUVE OB TEBRERZ 2 -ODRkKR T 7 7/
TERANE A AR A T VB DI L, AFER
BERT Z#RX— R & L7 Bl s HAE 2 o Tun
2120 ThHsrrEZ6NS. LrL, ETHEER
BT 5 2 ez, RIEZFEDAIZELD BERT O
PHEEE KELBI&E BT, ThoDETILE DEZSE
O 7z mX, Attacker 23 ERLT A EO Y > T %@
U T Classifier DIRERFICBIT 2 rEE X
B, ZNEELAMERE - @b T2 A8FEO¥ER 7
0t XOEMEEZRBL TV,
FERELICKDFFME K31, MiEtT—2%H
W T Macro-Fl DAL 72 % X 5 1B Z Rt (B
RKEF [0.1,0.6]) LIAEROKBEZRT. RCVL B
XUNYT F—&t v MIZBWT, HTCATM X —
A74 ¥ TdH5BERT % LO2EEEEK L]z, B
AR, NYT 123\ T BERT 78 64.52 TH 5 DI
®f L, HTCATM (Iter4) Tld 66.99 ¥ 7 b, 247 K
4> o ENRRE SN, RCV] T3 FEEEIC, BERT
D 63.51 7» 5 HTCATM (Iterd) D 65.09 \ ¥ & EH
mELTW3., —J5T, SOTA T& % HiSR ¥ [t#g
35, HSRIZZTDT—Xty MZBWTHEMS
FEEE (RCV1: 69.70, WOS: 83.28, NYT: 69.28) % iC %
LTEY, BEFHRI TR o7 FiC
WOS 128\ TIiE, HiSR 75 83.28, BERT %% 82.65 T
HHDIIHL, IBEFIEIE Iter3 T8ROLIZEEYE
D, MZFZOTPICREZFERE 2072 LaL,
HiSR D & 5 RFHEAE D E T ARG Z F 72 R W0Igd
b oS, FICHEEMEIELS, PO 1XED:
DDHTIVEHZWRCVE R NYT &\ o /-85
BEOoEWF—&+ty MZHBWTBERT % LA 5 7=
HEZEETHS. ZhiX, BHNFa2—=>
WX TETADPRERFHEDOHE L W > T
(F—&FmER R A TaVRY) % XD IEREICH
MTEZ XD holzlzbEZI NS,
EELANILNOZERE R4, &7 —-%Xtv
o EAME (L) BXURFE (Deepest) IZHF
% Macro-F1 227 OB L2/ RT. BEME T
FIEW WOS (L2) % RCVI (L4) 2B\ T, ME
38 % BRI E 7L L TW 3 HiSR DMKA &
LTENTH-72. L, BEIESRDHS
FEDEWNYT (L8) IZBWTIX, IREFETH S
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R2 REFRER-ZTA Ve OFEHE: RPATFEIREHEELZRT.

ETIN RCV1 WOS NYT
Micro-F1 Macro-F1 | Micro-F1 Macro-F1 | Micro-F1 Macro-F1

BERT 86.01 59.63 88.09 82.36 79.49 60.59
HiAGM [9] 83.96 63.35 85.82 80.28 74.97 60.83
HALB [10] 86.94 69.32 87.45 82.04 79.56 69.28
NERHTC [11] 87.50 69.76 87.42 81.93 80.97 70.99
HiSR [12] 87.59 70.72 87.52 82.04 80.32 70.11
HTCATM (Iter0) 86.41 58.96 87.07 80.96 79.52 62.81
HTCATM (Iterl) 86.70 60.29 87.30 81.45 79.80 64.54
HTCATM (Iter2) 86.70 61.15 87.44 81.79 79.83 64.58
HTCATM (Iter3) 86.70 60.29 87.50 82.03 79.63 64.31
HTCATM (Iterd) 86.77 62.77 87.10 81.68 79.88 64.82

&3 BRERELIC S 2 HETK

ETI RCV1 WOS NYT
Macro-F1 | Macro-F1 | Macro-F1
BERT 63.51 82.65 64.52
HiSR[Zhou’ 25]| 69.70 83.28 69.28
HTCATM (Iter0) 62.86 81.22 65.68
HTCATM (Iterl) 63.56 81.45 66.44
HTCATM (Iter2) 63.93 81.79 66.76
HTCATM (Iter3) 64.76 82.01 66.72
HTCATM (Iterd) 65.09 81.77 66.99

F4 & EAJE L) ¥ i FE (Deepest) (281 % Macro-Fl
ETIN WOS (L2) | RCV1 (1L4) NYT (L8)
L1 Deepest| L1 Deepest| L1 Deepest
HiSR 92.48 82.80 [93.00 83.25 |89.04 54.46
HTCATM(iter0)|91.81 80.66 |92.61 79.83 |89.52 50.31
HTCATM(iter1)|91.96 80.90 (92.81 82.18 [89.66 57.73
HTCATM(iter2)|92.13 81.25 [92.78 82.06 [89.42 59.06
HTCATM(iter3)|91.96 81.49 [92.65 81.92 |89.54 57.28

HTCATM(iter4)|91.83 81.24 92.80 81.40 |89.59 56.01

HTCATM 725 HiSR Z #E § 2 iR Zn L7z, R
NYT O FE (Deepest) ICEHT 2L, R—2 7
A 2272 % Tter0 DFFRTIX 5031 & HiSR D 54.46
ZRE o T\, Tterl DIBETHEL L, Tter2 Tl
59.06 L WO R EEE LRk L7z, Tterd ICBWVWT D
56.01 &, R ¥ LT SOTA % L[O 2 M EHERF L
TW3., —fRICKFED ) — FIZ¥E 7 — 2D
HTHH DEPREETH 25, NYTD XS RHELHE
MBS ICBWT lter ZERL Z L ITHBENK
B ELTW3 Z s, BRSSO E A DR
ETS OB 2 G5, FICT — X FmER Midh T
2 OFAIRES M TR FHFE L TWE EF R 5.

4 HHDHIC

AIFZEIE, BENT XX N JHEICBI 37— X
MEEB LU ) 4 ANOREWZA EXE 3720,
RAG OBRELFIETH 3 ATM 125 M % 18 7= ot
] F 2 — = 7 F1E HTCATM %424 L 7. BERT
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N — R & L7 Classifier £, LLM % F\ 7= Attacker
PREMICHREZIEZET, EFAH /A4 R
RKbIns, RENZFRHEzEETZ 2R HA%
WLz 320DRVyFv—2rF—&Xty F2HOV
FRHiSEER I X b, LUFofmsEohiz. H—
12, HTCATM ZX— 2 5 4 > T» % BERT ¥ [L#
L, RCVI BEXUENYTIZBWT—EBLTEWNEE
FERE 232 L=, IS NYT T, BIMERELED
Macro-F1 T 247 KA > bOM EEMHER L. H
12, SOTA EF /L TdH % HiSR L DB X b,
M F 2 —=> 7 OEMEIR RSz, WOS D X
5 IRV B HEE T3 HISR DB TH o 1208, B
JEHBENNYT O NETIE, HTCATM 28 & b &w
FBEZRLUZ. Fhig, R CHVR NEORKE
MARIECE E (ter0 @ 50.31 22 5 Tter2 @ 59.06 “\)
L 72658 E, HTCATM O FxhtEx2Rr L TWw5b. DL
FofERL» S, HTCATM 1%, FEEMIEICREILL /-
T=%77F v EHVT E SEEE O AEH
WBERT ORENZFIEH L, ™A T3V DA
BOWTENRBEZRETZ ZenEh. 5%
DFEY LTI, SOTA TH % HiSR D E % £
WKWhloTEEST 2720, 2 HEMETT5. &7,
HiSR D & 5 R FEE#EE 2 IHRINICE D )AL E T L
ANDRFEDHETH S, ZHUTX D, RVEED
LIEWEE E T2 hbz > TSOTA % A%, X
DERECERBELREFVOMENHEINS. 24
Hix, 7—&tvy b OFRHEICIE U 7o R EIIE O 5
{ETH2. WOS D XS i2hs /7 — FEOEKRKE
BEDSEWIES, BHEDONL—AR—2 X —57 v FIK
BTIEMNTROVATREEYRD . 22T, HdiAAL
ZEENC B A ERNBBELMUEICE S XX -7y v &
FIPNTHE T 5 72 ¥ Attacker DG 2 S L35 &
IZkD, BEHEDOHES I LRVWERLLEH
BT FETHS.

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



&!I'I'

i

AW, BIFE 24K15085, N2 N F L 2 A 5eiRE:
MFE it v X — DR EZ T = DTT.

BE Xk

(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

(9]

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina
Toutanova. Bert: Pre-training of deep bidirectional trans-
formers for language understanding. In Proceedings
of the 2019 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies (NAACL-
HLT), 2019.

Fabian Karl and Ansgar Scherp. Hydra: A multi-head
encoder-only architecture for hierarchical text classifica-
tion. In Proceedings of the 2025 Conference on
Empirical Methods in Natural Language Process-
ing, 2025.

Mingxuan Xia, Zhijie Jiang, Haobo Wang, Junbo Zhao,
Tianlei Hu, and Gang Chen. Ensembling prompting strate-
gies for zero-shot hierarchical text classification with large
language models. In Proceedings of the 2025 Con-
ference on Empirical Methods in Natural Language
Processing, 2025.

Qian Zhang, Qinliang Su, Wei Zhu, and Yachun Pang. Hi-
erprompt: Zero-shot hierarchical text classification with
Ilm-enhanced prototypes. In Findings of the Associa-
tion for Computational Linguistics: EMNLP 2025,
2025.

Guilherme Fonseca, Gabriel Prenassi, Washington Cunha,
Marcos André Gongalves, and Leonardo Rocha Rocha.
Instance-selection-inspired undersampling strategies for
bias reduction in small and large language models for bi-
nary text classification. In Proceedings of the 63rd
Annual Meeting of the Association for Computa-
tional Linguistics (Volume 1: Long Papers), 2025.
Junda Zhu, Lingyong Yan, Haibo Shi, Dawei Yin, , and Lei
Sha. Atm: Adversarial tuning multi-agent system makes
a robust retrieval-augmented generator. In Proceedings
of the 2024 Conference on Empirical Methods in
Natural Language Processing (EMNLP), 2024.
Rafael Rafailov, Archit Sharma, Eric Mitchell, Stefano
Ermon, Christopher D. Manning, and Chelsea Finn. Direct
preference optimization: Your language model is secretly
a reward model. In Advances in Neural Information
Processing Systems (NeurlPS), 2023.

Takeru Miyato, Shin ichi Maeda, Masanori Koyama, and
Shin Ishii. Virtual adversarial training: A regulariza-
tion method for supervised and semi-supervised learning.
IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2018.

Jie Zhou, Chunping Ma, Dingkun Long, Guangwei Xu,
Ning Ding, Haoyu Zhang, Pengjun Xie, and Gongshen Liu.
Hierarchy-aware global model for hierarchical text classi-
fication. In Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics,
2020.

(10]

[11]

[12]

[13]

[14]

[15]
[16]

[17]

— 756 —

Jun Zhang, Yubin Li, Fanfan Shen, Chenxi Xia, Hai Tan,
and Yanxiang He. Hierarchy-aware and label-balanced
model for hierarchical text classification. Knowledge-
Based Systems, 2024.

Fuhan Cai, Duo Liu, Zhonggiang Zhang, Ge Liu, Xiaozhe
Yang, and Xiangzhong Fang. Ner-guided comprehen-
sive hierarchy-aware prompt tuning for hierarchical text
classification. In Proceedings of the 2024 Joint In-
ternational Conference on Computational Linguis-
tics, Language Resources and Evaluation (LREC-
COLING 2024), 2024.

Juncheng Zhou, Lijuan Zhang, Yachen He, Rongli Fan, Lei
Zhang, and Jian Wan. A novel negative sample generation
method for contrastive learning in hierarchical text clas-
sification. In Proceedings of the 31st International
Conference on Computational Linguistics (COLING
2025), 2025.

Kamran Kowsari, Donald E. Brown, Mojtaba Heidarysafa,
Kiana Jafari Meimandi, Matthew S. Gerber, and Laura E.
Barnes. Hdltex: Hierarchical deep learning for text clas-
sification. In 2017 IEEE International Conference on
Machine Learning and Applications, 2017.

David D. Lewis, Yiming Yang, Tony G. Rose, and Fan Li.
Revl: A new benchmark collection for text categoriza-
tion research. Journal of Machine Learning Research,
2004.

Evan Sandhaus. The new york times annotated corpus.
Linguistic Data Consortium, 2008.

Albert Q. Jiang, Alexandre Sablayrolles, et al. Mistral 7b.
arXiv preprint arXiv:2310.06825, 2023.

Thomas Wolf, et al. Transformers: State-of-the-art natural
language processing. In Proceedings of EMNLP 2020:
System Demonstrations, 2020.

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



