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Transformer (ZHE TS5 Transformer |ZH1T5
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[1] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, L. ukasz Kaiser, and Illia Polosukhin. 2017.
Attention is all you need. In Advances in Neural Information Processing Systems, volume 30. Curran Associates, Inc.
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[2] Martin Juan José Bucher and Marco Martini. 2024. Fine-Tuned 'Small' LLMs (Still) Significantly Outperform Zero-Shot Generative Al

Models in Text Classification. arXiv, https://arxiv.org/abs/2406.08660
[3] Zhen Zhang, Yuhua Zhao, Hang Gao, and Mengting Hu. 2024. LinkNER: Linking Local Named Entity Recognition Models to Large

Language Models using Uncertainty. In Proceedings of the ACM Web Conference 2024 (WWW '24). Association for Computing Machinery.
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[4] Suchin Gururangan, Ana Marasovic, Swabha Swayamdipta, Kyle Lo, 1z Beltagy, Doug Downey, and Noah A. Smith. 2020. Don’t stop
pretraining: Adapt language models to domains and tasks. In Proceedings of the 58th Annual Meeting of the Association for Computational
Linguistics, pages 8342—-8360, Online. Association for Computational Linguistics.
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[6] Honglun Zhang, Ligiang Xiao, Yongkun Wang, and Yaohui Jin. A generalized recurrent neural architecture for text
classification with multi-task learning.

In Proceedings of the Twenty-Sixth International Joint Conference on Artificial Intelligence, IICAI 2017, Melbourne
Australia, August 19-25, 2017, pp. 3385-3391, 2017.
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Byte Pair Encoding (BPE) [7] = H\\ T,
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[laenderbank, expects, modest, profit, rise, in,

0 - = oesterreichische, laenderbank, ag, olbv, vi,

expects, ...]

[laenderbank, expects_modest, profit, rise, in,
1 (expects, modest) 2 oesterreichische, laenderbank, ag, olbv, vi,

expects_modest, ...]

[laenderbank_expects_modest, profit, rise, in,

(laenderbank, .
2 2 oesterreichische, laenderbank _expects_modest,
expects_modest) )
ag, olbv, vi, ...]
[laenderbank_expects_modest, profit_rise, in,
3 (profit, rise) 1 oesterreichische, laenderbank _expects_modest,

ag, olbv, vi, ...]

[7] Rico Sennrich, Barry Haddow, Alexandra Birch (2016). Neural machine translation of rare words with subword units. In
Proceedings of the 54th Annual Meeting of the Association for Computational Linguistics, pp. 17151725
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XEDBRIZABEBOIN T

YNISRAEHBDR—7> N-gram " EBALNICTEZINY 2T
(Disregard, Common-Label, Bit-Label)
« All-Phrase: 752 & E L%\, Disregard: 75 XE A DN-gram,

Common-Label: 75 XI2E =55 N-gram 30z {TlT5

Bit-Label: ¥ 20752 HB LA 2 ik

Index Token All-Phrase Disregard Common-Label Bit-Label

1 laenderbank O O O O

2 expects @) @) 0) 0)

3 a O O O O

4 modest B-Phrase B-Classl1 B-Class1 B-10
5 profit I-Phrase I-Class] [-Classl I-10
6 rise I-Phrase I-Class1 [-Classl I-10
7 n O O O O

8 oesterreichische B-Phrase B-Classl1 B-0 B-11
9 laenderbank I-Phrase I-Class1 I-0 I-11
10 ag I-Phrase I-Classl I-0 I-11
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XENENAEFE LT T /L (Baseline) ¥t SRRE %
E%ﬁ Fzﬁc‘:tb%ﬁ'%f‘&)k, XERFEIRT T —RRH9%:
SHEHEOT -9y EFIE
* 20 News Group (20NG), R8, R52: —2—ZAXXE (VI 5 58)
 Ohsumed (OHS): EEXE (R[N DD4E)
* Movie Review (MR): BRE/ DL E2— (BRE D X7 7 $R)
MR 20NG RS R52 OHS

#Train 6,398 10,183 4,937 5,879 3,022
#Valid 710 1,131 548 653 335
#Test 3,554 7,532 2,189 2,568 4,043
#Class 2 20 8 52 23

Avg.#Instances/Class 5,331 942 959 175 321
Std.#Instances/Class 0 94 1,309 613 305
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vector
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[8] Yuxiao Lin, Yuxian Meng, Xiaofei Sun, Qinghong Han, Kun Kuang, Jiwei Li, Fei Wu (2021). “BertGCN: Transductive
text classification by combining GNN and BERT”, In Findings of the Association for Computational Linguistics”, pp. 1456—
1462.
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G E i =

VA7 OF B (BISADAVRYIVZAEHEEIND)

Model MR 20NG RS R52 OHS
RoBERTaGCN 0.880 0.894 0.979 0.944 0.736
Baseline (RoBERTa) 0.881 0.831 0.977 0.962 0.690
Proposed - All-Phrase 0.888 0.838 0979 0.967 0.705
Proposed - Common-Label  0.860 0.850 0.978 0.967 0.704
Proposed - Bit-Label 0.882 0.846 0.979 0.968 0.711
Proposed - Disregard 0.866 0.851 0.979 0.969 0.711

IR F AL, Baseline LYHKREEEN R LET,
AV RILAEH B VI SADREE R EICEE S LTV
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< JOFE (B IS5 ZANDARIZEEEE LR W)

Model MR 20NG RS R52 OHS
RoBERTaGCN 0.880 0.861 0.925 0.756 0.605
Baseline (RoBERTa) 0.881 0.825 0943 0.836 0.594
Proposed - All-Phrase 0.888 0.832 0948 0.842 0.622
Proposed - Common-Label 0.860 0.845 0947 0.841 0.610
Proposed - Bit-Label 0.882 0.840 0953 0.866 0.636
Proposed - Disregard 0.866 0.845 0955 0.851 0.637

BEF LI ISADAVRYI A O T 7T —4 (RS, R52,
OHS) TBaseline £t 1~3 "> MEE@ LELT-
(D ETF—YIhEH)
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money supply 0 ##pec consumer prices re ##uter
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week ended ce ##uador statistics institute | ##me
borrow ##ings crude oil rose pct february jan ##uary
business loans sa ##udi pct march feb ##ruary

IS AE B DY T T—RON-gram B X EDFIHRENIES LATReMER




% 3 E L3Masking £4F BHLYIC

MLMAR—ZDSN!> T

L3Masking = R\ /-
MLM Y X7

ErmXTHRER



MLM Y X7

EAR9121E, Random Token Masking (RTM) ¥

itiﬂ%l\ 7/0)7;<#/7$5zﬂx75\ V5415
XHD15% D=7 %R, ZNED—T>DA

80 % Z[MASK] =7 B, B D 10% 25>%F

LI h—=T B, EZYDI0% =X NI FIZTS
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The quick brown  fox jumps over the lazy dog
5

® The cat brown [MASK] jumps over the lazy dog
The quick brown  fox jumps over the [MASK] dog

The quick brown  fox [MASK][MASK] the lazy dog
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Multi-task Fine-tuning for Language Models
by Leveraging Lessons Learned from Vanilla Models

B FEHHLM 5° T v ™\
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Multi-task Fine-tuning for Language Models
by Leveraging Lessons Learned from Vanilla Models
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X DT EAE

HEXIEWT, EBETUHNEANFBE THIYFBRL TRV
f—7>%F R T57-5H12,Encoder(IRABMEZEET /L) DXD
BT A E (Pseudo-Log Likelihood; PLL) D& Z %38 XN

c LENMBRW=ETFHEI—/ A THIYEHAL TR

I8 g
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o
PLL Score N E &%

PLL Score |21, B DA HEENF 1L

PLL-original PLL-whole-word PLL-word-I2r

(IMASK]| (##uven) [ ## [IMASK]) ((MASK]] [MASK] [IMASK]] ((MASK]| (IMASK]]

| so |[mAsk]| [ ##ir ] IMAsK]| ([MASK]] ((MAsK]|| || [ so | (MASK]| [mAsk]|

[ so | [##uven| (MAsK]] | (IMASK]) (MASK]) (MASK]]| | [ so | [##uven] [(MASK])

* PLL-original [8]:

BL—T2ETRIUIEFD =72 DM A E DR Fo
e PLL-whole-word [9]:

HBBRM TR BUGBLEZEE LA NI DR IEMIEIE R
* PLL-word-12r [9]-

i EEMTVRILT, BBRD I ORBMNBAEE LN HEIEHE
Mxﬁfd:f“% tb‘L,f—I\ 72NV RIEFRIININT (R ER)

[8] Julian Salazar, Davis Liang, Toan Q. Nguyen, and Katrin Kirchhoff. Masked language model scoring. ACL 2020, pp. 2699-2712.
[9] Carina Kauf and Anna Ivanova. A Better Way to Do Masked Language Model Scoring. ACL 2023, pp. 925-935.
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BDL—=72) 5{TRITTHIRATEIE R E

. =7 B DML E (PL score of Token; PLT)

« =7 BAUNEE: HHRMACDOFTREBRMICEKEATS—TIOFERAD
e log 0@V B I BADTRIERETH-O

PLTi2r(s¢ | S) = PyLm (S\t | S\s, >t)
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VRAIHERDPFEX

CBRFEZIBVWLEBLLEWXAD =70
L) PR IHERIITRIRIDMEEE KT IE3 [10]
(f5]:15% = 80%)

R YR

ERFBICEVWTOL IV RIERIITRIRIDRBEICHE .
RIEY AR A

XADTRIERDELE LI EHEES 2EAN

PLT (st |S) = f (1 — PvmLM (S\t | S\St’z t))

B3 13, XAICBITA VR IERD I E L ENEICEERE TS0,
BR—I>DVRIBERN 0L 1 U TOHIHESFY D>, EHEIEENEICT

|~y DO

[10] Alexander Wettig, Tianyu Gao, Zexuan Zhong, and Danqi Chen. 2023,Should You Mask 15% in Masked Language
Modeling? EACL , pp. 2985-3000.
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24 3= AR

FIRIDHEFE LI=ET /L (Single Task

L§am1ng, STL), Random Token Masking (RTM) %
WBNIR7 LI=ETIL[111ED |;[;$§H£,%§§ﬁ-5

EZ2FEATET—ILYRIOWVT

AL F—gEyh ?5(2@7/\/1/03@*6&2'5% 7P ﬁgﬁ:f_gm ;;ZW_g@ 05 2%
FTE#%AS ACL-ARC FIAEH 1,688 114 139 6
E& Ohsumed ¥wXA7T3') 3,022 4,043 4,043 23
Eif\f"l_ IMDb REIE DT 25,000 2,500 22,500 2

[11] Lucio M. Dery, Paul Michel, Ameet Talwalkar, Graham Neubig. 2022. “Should We Be Pre-training? An Argument for
End-task Aware Training as an Alternative”, ICLR, pp.1--18




% 3 & L3Masking B4 EEDYIC

4t 2 (ACL-ARC: st E#F F)

Model Framework Masking <4 78rl V7 89F1
BERT-base STL - 71.34 £0.35 63.07 £0.69
CRA®GXE T MTL RTM 70.77 £0.86 62.15+0.48
ERFE) MTL L3Masking 71.31%+0.98 63.15+0.90
RoBERTa-base  STL - 71.73 £4.06 59.44 *6.70
CRA®GXE T MTL RTM 78.94%1.76 70.30 £2.20
ERFH) MTL L3Masking 79.12 £ 1.60 73.30 £2.90
SciBERT STL - 80.36 £2.45 71.84 £2.73
(B =E:ED MTL RTM 80.14 £1.38 70.88 £3.06
XETHEFE) MTL L3Masking 82.50 £ 1.90 74.10 £2.40

R, K DIREF EIISHEE

W NAA Y TERFE 4 1T-57-SciBERT |2 L THHEY




% 3 & L3Masking B4 EEDYIC

%t 2 (Ohsumed)

Model Framework  Masking S VA= V7 89Fr1
BERT-base STL - 76.69 =3.41 68.76 =3.47
MTL RTM 76.98 +=2.03 67.47 +=2.40
MTL L3Masking 76.81 £1.49 66.1 =3.50
RoBERTa-base @ STL - 70.07 £0.54 60.92 =0.91
MTL RTM 69.92 +0.64 64.83 +0.37
MTL L3Masking 73.38 £0.48 65.02 =0.61
ClinicalBERT STL - 71.02 +0.42 62.85+0.63
(EEEHFRD MTL RTM 70.75%0.36 62.7+0.61
NXETEFE) MTL L3Masking 71.66 +0.78 63.7 £0.60

SR, KRR DR

EFEIERE

WM RAA > THERFE *1T->7ClinicalBERT |2
xiL,TsdJ%El’?




$£ 2 (IMDb)

% 3 & L3Masking £4F BHLYIC

Model Framework Masking Accuracy Fl
BERT-base STL - 88.05 +0.05 87.15%+0.56
MTL RTM 88.05 +0.05 88.19 +=0.08
MTL L3Masking 88.10+=0.21 88.08 +0.08
RoBERTa-base STL - 88.84 £0.32 88.89 +£0.30
MTL RTM 91.2910.27 91.30+0.22
MTL [.3Masking 91.32 +0.15 91.13 +0.09

— BTN T —

FIZIE, HFYIERLGL



TRAIERD DT

ACL-ARC
(RRIBEEDI15% LY EWITIEHRE, KEWIIXrER)

hus , over the past few years, along with advances in the use of learning and statistical methods for acquisition of full
parsers ( Collins, 1997 ; Charniak , 1997a ; Charniak , 1997b ; Ratnaparkhi, 1997 ), significant progress has been made
on the use of statistical learning methods to recognize parsing patterns actic phrases or words that

participate in a syntactic relationship ( Church, 1988 ; Ramshaw and Marcus, 1995 ; Argamon et al ., 1998 ; Cardie and
Pierce, 1998 ; Munoz et al ., 1999 ; Punyakanok and Roth, 2001 ; Buchholz et al .,
1999 ; Tjong Kim Sang and Buchholz, 2000) .

A ROEEFLODBRRARAY, st EMEF AV ERY
E 7 515 A&Eparser CAYPLICE W RIERN|T S
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S

E O)EFE'#EF'/fLi,/}‘L B ERIS 11— /N2 T
%8 X ~BERTX’RoBERTa |25 L ﬁbﬂﬂ?fi?"%’?

“Fl
1]}...1

h‘

ACL-ARC 13 Ohsumed

1201 -

1.0

r0.8

100 A -0.8

80 -

- 0.6 B ” &

< © = @

] = [} =

O 60 =] Q =

2, ] 2 Q

e & H 2
0.4

40 1

-0.2
20 1

0- -0.0 0- -
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