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- BREFRRSEEHATOE, BRGNS ESEEPI—NEMRDR, XED IS PHFRAER
RUINSKER ( Generative Classifiers)

1.A0tERr932888" (Naive Bayes Classifier, NB)
P(label) x P(f1|label) * --- * P(label) * P(fn|label)

P(label|features) = P(features)

2.NNtHRMIZE2 (Bayesian Network, BN)
BRIZFTEREREEIRTH, HEE— 1 EAERTGHAERINMHETMEERE, BHhHKRETNEZE,
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Kang H, Yoo S J, Han D. Senti-lexicon and improved Naive Bayes algorithms for sentiment analysis of restaurant reviews[J]. Expert Systems with Applications, 2012, 39(5): 6000-6010.

2. Ortigosa-Hernandez J, Rodriguez J D, Alzate L, et al. Approaching sentiment analysis by using semi-supervised learning of multi-dimensional classifiers[J]. Neurocomputing, 2012, 92: 98-115.
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3. EANEDEEE (Maximum Entropy Classifier;, ME)

o BARBOEBNEIRASZIIEENSSEEE (conditional exponential classifier) , HH—2H "IXE" £,
BFAGET "wmiE" MFAESEFNSERI4 R aYBR SHFIE.

o RSB —ANEX (weights i T8EY, XENEHRATFHESE IencoderfmfBid B SIFIE, FIR
BUTAREHE—MREIT AV :

dotprod(weights, encode(fs, label))
sum(dotprod(weights, encode(fs, 1)) for L in labels)

P(label|fs) =

1. Kaufmann M. JMaxAlign: A maximum entropy parallel sentence alignment tool[C]//Proceedings of COLING 2012: Demonstration papers. 2012: 277-288.
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3. ETFIRIzsEEESEl: HlalfERFisherFIplza kB ToEITE.

1. Lewis D D, Ringuette M. A comparison of two learning algorithms for text categorization[C]//Third annual symposium on document analysis and information retrieval. 1994, 33: 81-93.
2. Chakrabarti S, Roy S, Soundalgekar M V. Fast and accurate text classification via multiple linear discriminant projections[J]. The VLDB journal, 2003, 12(2): 170-185.
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Xianghua F, Guo L, Yanyan G, et al. Multi-aspect sentiment analysis for Chinese online social reviews based on topic modeling and HowNet lexicon[J]. Knowledge-Based Systems, 2013, 37: 186-195.
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. thunlp/THULAC- =
Python Jieba Java AE=

NIVERSITY

A
An Efficient Lexical Analyzer for Chinese Q U

msr_test (560KB) pku_test (510KB)

Algorithm Time Precision Recall F-Measure

Algorithm Time  Precision Recall F-Measure
LTP-3.2.0 3.21s 0867  0.896 0.881 — i A [—— —
ICTCLAS(2015k%) ~ 0.55s 0869 0914 0.891 ICTCLAS(201585) ~ 0.53s e 081
jieba(C++R) 0.26s 0814  0.809 0.811 jieba(C++) 0.23s 0850 0784 0.816
THULAC lite 0.62s 0877  0.899 0.888 THULAG lite 051s 0944 0908 0.926

&l: ICTCLAS, LTP, jieba, THULACMEEXTEL
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Attention
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2014 Seq2Seq, GRU

1. Learning phrase representations

2017

5. Convolutional Seq2Seq Learning
CNN HZt RNN, {#Attention

. i BEIJING INSTITUTE OF TECHNOLOGY

2019

10. Transformer-XL
B E R, BN0ERE

2. Seq2Seq Learning with NN 6. Attention is all you need 11.GPT-2
Self-Attention HIff CNN, RNN 15{Z&# Transformer
M\ 2% =5 ' ) A
./ \/ N ./ ./
2018

2015 Attention .S W B RE(H

3. Neural Machine Translation

4, Effective Approaches to Attention-based NMT

e BiZ Tt

7.ELMo WELSTM LM{flembedding

8.GPT fa)llETransformer

9. BERT FEN RIS Transformer
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/ SOTA

Trend Dataset Best Model Paper Title
" : SMART: Robust and Efficient Fine-Tuning for Pre-trained Natural
: SST-2 Binary classification . SMART-RoBERTa Large Feri x R e
’ el il LI Language Models through Principled Regularized Optimization
o IMDb ® NB-weighted-BON + dv-cosine Se.:ntimerjt Cla..ss.ific‘:ation Using Document Embeddings Trained
Seeeea with Cosine Similarity
SST-5 Fine-grained ~ RoBERTa-large+Self-
/ S & . 8 Self-Explaining Structures Improve NLP Models
= classification Explaining
- _— XLNet: Generalized Autoregressive Pretraining for Language
\\ Yelp Binary classification - XLNet v . an

- Understanding

: . . = ; XLNet: Generalized Autoregressive Pretraining for Language
: Yelp Fine-grained classification ' XLNet :
" P B Understanding

/’ MR ¥ EFL Entailment as Few-Shot Learner

: Amazon Review Polarity . BERT large Unsupervised Data Augmentation for Consistency Training
de | < — 5 3 ? pic=

: Amazon Review Full _ BERT large Unsupervised Data Augmentation for Consistency Training

b BIZ 202 36
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Rank Model

| SMART-RoBERTa Large

2 T5-3B
3 MUPPET Roberta Large

4 ALBERT

5 T5-11B

6 StructBERTRoBERTa ensemble

XLNet

(single model)

e BiZ Tt

Accuracyd

97.5

974

974

97.1

97.1

97:1

97

Paper

SMART: Robust and Efficient Fine-Tuning for
Pre-trained Natural Language Models through
Principled Regularized Optimization

Exploring the Limits of Transfer Learning with a
Unified Text-to-Text Transformer

Muppet: Massive Multi-task Representations
with Pre-Finetuning

ALBERT: A Lite BERT for Self-supervised
Learning of Language Representations

Exploring the Limits of Transfer Learning with a
Unified Text-to-Text Transformer

StructBERT: Incorporating Language Structures
into Pre-training for Deep Language
Understanding

XLNet: Generalized Autoregressive Pretraining
for Language Understanding

Code

@)

D gL k¥

Result

BEIJING INSTITUTE OF TECHNOLOGY

Year

2019

2019

2021

2019

2019

2019

2019
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1. A Unified Generative Framework for Aspect-Based Sentiment Analysis. Yan et.al. ACL2027

AN IAspect-based Sentiment Analysis(ABSAYES B E LN FES, BEiliEIT{EAZRE
SR EIRERDESS, BRO—PNRE—HMESR., A OEX TN HESHBIRER T B a8t f1B
BRI IB9RY, MMg— 7 bk 7MES0HEE. ASCERT)IIEMEEIBART, Bindlimads
ARRABSARIFRBE TN IS,

2. Dual Graph Convolutional Networks for Aspect-based Sentiment Analysis. Li et.al. ACL2027

AARH— T NERESRMLEEDUalGCN, AJLARREEREIE EEWRIEAMELRIE AERME,
{ERSYynGCNERBBREFENDIAER, EREEEEEIIVHIRISemGCNAERIE X KEX.

3. Aspect-Category-Opinion-Sentiment Quadruple Extraction with Implicit Aspects and Opinions.
Lietal ACL2027

ASGRE—RMESS, HE (BiEE. BHESSE. WA, BRRE) Ml ERthXEREpe
fEERR B,
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4. A Joint Training Dual-MRC Framework for Aspect Based Sentiment Analysis. Mao et.al.
AAAI2027

AIIEABSARRIE AR NN ERIREIRREMMMRC, EId¥I® N BERT-MRCIRELH TS HHEZELE|
%, BRTEENTFES. .

5. Modelling Context and Syntactical Features for Aspect-based Sentiment Analysis.
Phan and Ogunbona. ACL2020

AR REAHDAIEIE BRSO RIS FKAR, SEBERTHIOAERMENGREMLR, BiRE
BRI BRI 2L,

6. Aspect Sentiment Classification with Document-level Sentiment Preference Modeling. ACL2020

ASIRH T MHEBREIEBRD0E, MTANTIEEMIBEFH RN AL WY FEINHN X,
SFFENSRIREIN, ME/LIRXEAET. BREA—HGFHRDI. HIt, RH7—
BASEITENIMLECoGANTTE, DAITENSRIBXNRE N ERIERRER, FIEXHIHERK
SEEEIEEOMNE LK, EERREDTREHITEINRAIBRMRTE
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1. Directed Acyclic Graph Network for Conversational Emotion Recognition. Shen etal. ACL20217

8%’ BEIJING INSTITUTE OF TECHNOLOGY

2. Topic-Driven and Knowledge-Aware Transformer for Dialogue Emotion Detection. Zhu et.al. ACL2027

3. DialogueCRN: Contextual Reasoning Networks for Emotion Recognition in Conversations. Hu et.al.
ACL20217

4. DialogXL.: All-in-One XLNet for Multi-Party Conversation Emotion Recognition. Shen et.al. AAAIZ027

5. Quantume-inspired Neural Network for Conversational Emotion Recognition. Li et.al. AAAI2027

6. Relation-aware Graph Attention Networks with Relational Position Encodings for Emotion
Recognition in Conversations. Ishiwatari et.al. EMNLP2020

/. DialogueGCN: A Graph Convolutional Neural Network for Emotion Recognition in Conversation.
Ghosal etal. EMNLP2079

8. DialogueRNN: An Attentive RNN for Emotion Detection in Conversationsn. Majumder et.al. AAA/ 2079

BumiZ 2 43
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1. Learning Modality-Specific Representations with Self-Supervised Multi-Task Learning for
Multimodal Sentiment Analysis. Yu et.al. AAAI2027

RIONAERSARSR AN ERE ARSI —EEERY, AR —RISESIRERE T
=21, EREBRENTEEMERERERIESIRE, FEISESESNRESESIKE
G REIRSE— B NER L.

2. Multi-modal Multi-label Emotion Recognition with Heterogeneous Hierarchical Message Passing.
Zhang et.al. AAAI2027

AR StRE R THSESBERBIAE, MUBETIREZERIKER, BH—PEE T FHE
SIS SRS R, 124 T SR RICEEEERNEHHMPN,

3. Humor Knowledge Enriched Transformer for Understanding Multimodal Humor. Hasan et.al. AAAI2027

AN AR SIESWENRRI O, 12 7 WERENRERAI Transformert& 8y, ZiERIE ST FTRIH
HANEBRIRSRARPA SRS U EA R AR E R
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4. A Text-Centered Shared-Private Framework via Cross-Modal Prediction for Multimodal
Sentiment Analysis. Wu etal. ACL20217

LMERRAR B SIESRHIMAREEE, ARRIUIEN ARG Z AR EFHTEE, A SOANSIES
BRI, MARSOEEEDN, EMESRERFIEMIREEXNFMMER. B, REHT—
ETEESTUURIAXF AR ORIESTABHES.

5. CH-SIMS: A Chinese Multimodal Sentiment Analysis Dataset with Fine-grained Annotations of Modality.
Yu etal. ACL2020

A H— NP SIES BRSO ENESECH-SIMS, FRE T — M ETHMERMEHNSESFEIE
SRIEMEIERES.

6. Multi-Modal Sarcasm Detection in Twitter with Hierarchical Fusion Model. Cai et.al. ACL2019

A AFEREXRHRMIRIER, RETZEMSERIHFM, SO\ NEG BRI EIRFIS Y
RBBRRARIER, BEARENER, RILENSHEGTUESRIEI £, 8T BGRIEIEERS.
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ImageNet Dataset

Visual Aspect Attention

Sentence Encoder

Word Attention

Visual Aspects

Word Encod

VistaNet: Visual Aspect Attention Network for Multimodal Sentiment Analysis. Truong and Lauw. AAAI 2019
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SKEP: Sentiment Knowledge Enhanced Pre-training for Sentiment Analysis. Tian et al. ACL2020
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’ BERT-WWM-Chinese ) simaxs |

WWM (Whole Word Masking)

[Original Sentence]

{5 & = BADR TN T — 18 i probability -
[Original Sentence with CWS]

A 5 S A Ok W T — 14 /Y probability -

[Original BERT Input]

& FH & 5 [MASK] & 5% [MASK] #l N — /> 17 {9 pro [MASK] ##lity -

[Whold Word Masking Input]

fifi FH 1& 5 [MASK][MASK] > [MASK][MASK] T — 1~ i ] [MASK] [MASK][MASK] -

Figure 1: Examples of whole word masking in BERT.
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Accuracy
RBERN AT 98.0 (97.6) 97.8 (97.6) LCQMC

T A 98.0 (97.6) 97.8 (97.6) THUCNews
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ZEFAEN (Support
vector machine, SVM)
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——  FNEMMHER (Naive Bayes)

1950s 1990s Now

ExliZ Fia#He



\ IEF I L K ¥

! ‘,-,-*'7 BEIJING INSTITUTE OF TECHNOLOGY

Y mesirnES T

e

"X ERBROITASEE R, M. BEFSHEAEEHTONALT, FEESITETIN
. IBE IR FRART.



{7 N

&

5| 12
5,

Y ismsaimasoR

m @R
n HEelt
m Zyit
m ZHHE




fe v MIE FilHL




