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言語モデル

文書分類 機械的に構築した
タスク（補助タスク）

•
IoB2 

• Masked Language 
Modeling 
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𝑝 𝑤 𝑤ି … 𝑤 =  
𝐶(𝑤ି … 𝑤ିଵ𝑤)

𝐶(𝑤ି … 𝑤ିଵ)

N-gram
n 

𝑖 n-gram 𝑤
𝐶 𝑤

𝑝 𝑑𝑜𝑔 𝑇ℎ𝑒 𝑞𝑢𝑖𝑐𝑘 𝑏𝑟𝑜𝑤𝑛 𝑓𝑜𝑥 𝑗𝑢𝑚𝑝𝑠 𝑜𝑣𝑒𝑟 𝑡ℎ𝑒 𝑙𝑎𝑧𝑦
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Transformer [1] 
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Transformer 

[1] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, Ł ukasz Kaiser, and Illia Polosukhin. 2017. 
Attention is all you need. In Advances in Neural Information Processing Systems, volume 30. Curran Associates, Inc.

Transformer 
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[2] Martin Juan José Bucher and Marco Martini.  2024. Fine-Tuned 'Small' LLMs (Still) Significantly Outperform Zero-Shot Generative AI 
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,
pp.4047–4058. https://doi.org/10.1145/3589334.3645414
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1. 2. 

日本語（にほんご、にっぽんご）は、
日本国内や、かつての日本領だった国、
そして国外移民や移住者を含む日本人
同士の間で使用されている言語。

入力：石破総理大臣と
トランプ大統領が～

答え：政治カテゴリ

入力：石破総理大臣と
トランプ大統領が～

答え：[石破総理大臣]
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Wikipedia 

[4] Suchin Gururangan, Ana Marasovic, Swabha Swayamdipta, Kyle Lo, Iz 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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[5]
•
•

[5]  Rich Caruana. 1997. “Multitask Learning”, Machine Learning,Vol 28, No.1, pp.41–75.
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•

• Masked Language Modeling MLM

ID
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N-gram 



[6]
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[6] Honglun Zhang, Liqiang 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, IJCAI 2017, Melbourne, 
Australia, August 19-25, 2017, pp. 3385–3391, 2017.

HeadquartersNationsUnitedthevisitedObamaBarackToken
LOCORGORGOOPERPEREntity Label



BERT ModernBERT
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N-gram 
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##s##quarterHeadNationsUnitedthe##edvisitObamaBarackToken
LOCLOCORGORGOOOPERPEREntity

IBOOOOIBToken
N-gram 



MTL 

1. N-gram

2.
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N-gram 

Byte Pair Encoding (BPE) [7]
N-gram
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[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. 1715–1725
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Bit-LabelCommon-LabelDisregardAll-PhraseTokenIndex
OOOOlaenderbank1
OOOOexpects2
OOOOa3

B-10B-Class1B-Class1B-Phrasemodest4
I-10I-Class1I-Class1I-Phraseprofit5
I-10I-Class1I-Class1I-Phraserise6
OOOOin7

B-11B-∅B-Class1B-Phraseoesterreichische8
I-11I-∅I-Class1I-Phraselaenderbank9
I-11I-∅I-Class1I-Phraseag10

•
∅



Baseline

5 
• 20 News Group (20NG), R8, R52: 
• Ohsumed (OHS): 
• Movie Review (MR): 
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OHSR52R820NGMR

3,0225,8794,93710,1836,398#Train

3356535481,131710#Valid
4,0432,5682,1897,5323,554#Test

23528202#Class
3211759599425,331Avg.#Instances/Class
3056131,309940Std.#Instances/Class



BertGCN BERT GCN [8]
BERT
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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.



F

OHSR52R820NGMRModel
0.7360.9440.9790.8940.880RoBERTaGCN
0.6900.9620.9770.8310.881Baseline (RoBERTa)
0.7050.9670.9790.8380.888Proposed - All-Phrase
0.7040.9670.9780.8500.860Proposed - Common-Label
0.7110.9680.9790.8460.882Proposed - Bit-Label
0.7110.9690.9790.8510.866Proposed - Disregard
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Baseline 



OHSR52R820NGMRModel
0.6050.7560.9250.8610.880RoBERTaGCN
0.5940.8360.9430.8250.881Baseline (RoBERTa)
0.6220.8420.9480.8320.888Proposed - All-Phrase
0.6100.8410.9470.8450.860Proposed - Common-Label
0.6360.8660.9530.8400.882Proposed - Bit-Label
0.6370.8510.9550.8450.866Proposed - Disregard
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F

R8, R52, 
OHS Baseline 1~3 



N-gram 
N-

gram
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Token N-gramorangemoney-fxbop

re ##uterconsumer priceso ##pecmoney supply

fe ##bconsumer price indexb ##pdmln dlrs ibillion dlrs

l ##mestatistics institutece ##uadorweek ended

jan ##uaryrose pct februarycrude oilborrow ##ings

feb ##ruarypct marchsa ##udibusiness loans

N-gram 
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L3Masking 
MLM 

MLM



MLM 

Random Token Masking RTM

• 15 % 
80 % [MASK] 10 % 

10 % 
BERT

29

.doglazytheoverjumpsfoxbrownquickThe
RTM 

.doglazytheoverjumps[MASK]browncatThe

.dog[MASK]theoverjumpsfoxbrownquickThe

.doglazythe[MASK][MASK]foxbrownquickThe
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L3Masking

Multi-task Fine-tuning for Language Models 
by Leveraging Lessons Learned from Vanilla Models
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Fine-tuning



L3Masking

Multi-task Fine-tuning for Language Models 
by Leveraging Lessons Learned from Vanilla Models
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Encoder
Pseudo-Log Likelihood; PLL

• ≒
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PLL Score 
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PLL Score 

• PLL-original [8]

• PLL-whole-word [9]

• PLL-word-l2r [9]

[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.



1 PL score of Token; PLT
•
• log 
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PLT୪ଶ୰ 𝑠௧ | 𝑆 ≔ 𝑃 𝑆∖௧ | 𝑆∖௦
ᇲಱ 



2
[10]

15% ⇒ 80%

𝑓
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PLT୪ଶ୰ 𝑠௧ | 𝑆 ≔ 𝑓 1 − 𝑃 𝑆∖௧ | 𝑆∖௦
ᇲಱ 

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

𝑓
0 1 



Single Task 
Learning; STL Random Token Masking RTM

[11] 
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61391141,688ACL-ARC

234,0434,0433,022Ohsumed

222,5002,50025,000IMDb

[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



ACL-ARC

F1F1MaskingFrameworkModel
0.6963.070.3571.34-STLBERT-base
0.4862.150.8670.77RTMMTL
0.9063.150.9871.31L3MaskingMTL
6.7059.444.0671.73-STLRoBERTa-base
2.2070.301.7678.94RTMMTL
2.9073.301.6079.12L3MaskingMTL
2.7371.842.4580.36-STLSciBERT
3.0670.881.3880.14RTMMTL
2.4074.101.9082.50L3MaskingMTL

38

SciBERT



Ohsumed
F1F1MaskingFrameworkModel

±3.4768.76±3.4176.69-STLBERT-base
±2.4067.47±2.0376.98RTMMTL
±3.5066.1±1.4976.81L3MaskingMTL
±0.9160.92±0.5470.07-STLRoBERTa-base
±0.3764.83±0.6469.92RTMMTL
±0.6165.02±0.4873.38L3MaskingMTL
±0.6362.85±0.4271.02-STL
±0.6162.7±0.3670.75RTMMTL
±0.6063.7±0.7871.66L3MaskingMTL
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ClinicalBERT



IMDb

F1AccuracyMaskingFrameworkModel
±0.5687.15±0.0588.05-STLBERT-base
±0.0888.19±0.0588.05RTMMTL
±0.0888.08±0.2188.10L3MaskingMTL
±0.3088.89±0.3288.84-STLRoBERTa-base
±0.2291.30±0.2791.29RTMMTL
±0.0991.13±0.1591.32L3MaskingMTL
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ACL-ARC
15 % 

parser 
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BERT RoBERTa



• N-gram
• MLM 
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