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s {EH Kaggle LAY Twitter Entity Sentiment Analysis Dataset > [RISEEIAH 74,994 EH i
X > A48 F positive + negative + neutral ~ irrelevant %8 > tf35Hh1E irrelevant 85)#2% » RRE

SEFEREERNEITLHE - BRMI2 B RS 70% training ~ 10% validation + 20% testing
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o BHIEAENITEEAEEE—EE > fINNHEMA BERT « RoBERTa * T5 » SN2 EARSERY
ensemble > 40 majority voting 8% probability averaging

o BN EEREIEEMEEANT - B R EARXNFE - fi—REXrIsEREALEIER > EHEERETR
i » X FHIEEEAREEE - 5% neutral fl negative Z &

1RE z: )] (225
RoBERTa Discriminative classifier ERIRE LT XD EE
I5 Generative sentiment ER A text-to-text WA X ELEIBLEIE
model # > thBERIFRE S IR n] 21T

Hybrid Model Decision-level fusion mamEnt o BFEE—SERAIEEEER
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IR > t1EFIRAS « BETew « FARAS « NGRS XFEA XSG
ERNAREBEFZEEBINMEENFPRIIRE 0 TREAEHER + mhi¥ - RENFEGNEE

XI5 > sentiment analysis RIFEY e-commerce * customer service * social media websites

financial sectors ° AR IFEEEER « miEE 2B hiziEE

b

B3 34 A [ =t
Noisy and HBEXFEa3{EL « FREER Borderli i ¢ neutral / positive 8% neutral /
informal text emoji EIFEIENEER orderfine sentimen negative ZHE&E B EA
Contextual R—aEErfEE L T XARMERARE Sinel del limitati RN e R R IR SR =
NUANCES I Ingle-model limitation 35 e

Ambiguous £ =0 B A 41D 2 B s ot 243 , AENEBRFER A —2EF - 54 majority
tweets BB T BB BIEMRE N HRIER Model disagreement voting F— R SEBHRERE R EZE
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o {AE—EE Twitter XF » BEIFEHBFIEAZ N FRYIGEELEARZ positive
neutral 8% negative > W BHZEEN] « JEIER « SEERFERENX P > tFePE
Ro5RiER BHIRZERHA ¢ o Accuracy
e Precision
e Recall

e Fl1-score

e ROC-AUC
e Confusion matrix RFZEEFIVIZE D EEE
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REERAFN

SHARERAE—HEE > fln
BERT » RoBERTa *~ TS5

o

E—-HYERSRIBHRFITE

4%& RoBERTa #1 T5 » fizhk hybrid model

Ensemble /53%

% R5 %% majority voting 5%
probability averaging

EREERAF 6y o FIRAEARRES

£/ decision-level fusion #
precedence rules EIZIEEY
disagreement

B FRRIE

Twitter X553 - H:l2 - 8%
1=

neutral / positive + neutral / negative

B iEE

FUFA T5 MBS 4R AEHEL RoBERTa
B2 $ERE N B

AR

FRoEERAEE R label

(EF B MIBRRIER DT EERFER

T5 #% text-to-text 2248 > KK AT HE(H
RESE BAES iR

E—RRIMAMRFE > BIHE
B5sa

HHERIECHIEN R IR E

Hybrid model £ accuracy
precision * recall ~ F1-score L#i5
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o BREERE
o #f& Twitter sentiment dataset
o EITNFHIREIE
e 535l fine-tune ROBERTa #1 T5
o JFMEEEIE L #ETT hybrid fusion
e {5 accuracy - precision » recall + F1-score + ROC-AUC
confusion matrix ;L IERI R
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e Dataset HHI&E

o ;N fEF Twitter Entity Sentiment Analysis Dataset > 2Ki/E%4
Kaggle - RIAEHEIES4 74,994 |HGENX > FHIES -

e Positive * Negative ~ Neutral - Irrelevant

o IFEHHE irrelevant 2852 FE °» B4 irrelevant FBI EEB4E 9 BHEFS

Positive Viking Assassin’s Creed looks great and HEREM R ZBURBERRE - RIS
awesome. ¥

Negative This is your fault guards for standing in my BEEZRrERE - AAMRMEER
way. ABE L -

Neutral Rock-Hard La Varlope, RARE & POWERFUL, SO EETmMER Y mEER A
HANDSOME JACKPQOT, Borderlands 3. B RABREEEAIBAE -

Irrelevant Clown check. 35 B Assassin’s Creed B2 BARFR
A% - FRLUER A BRI -
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e Data Preprocessing X FRikzIE
* Lowercase :#i—K/ME > [FEXFER

e Unicode normalization :4—3F 1 emoji 45

e URL masking :i&481L#&p% placeholder » & 5 48ht3E RGN

e User tag masking :i§ @user #p% placeholder > B RIFEIRIETIEZER
e Tokenization :4% 3 F IR EI ] :EEYHY token

e Max length : =128 [Ril#iARE > BRI ER

e Remove irrelevant class :#B&IEIBELEEER

e Class-aware sampling :FEIB4E R A EfIRE
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e RoBERTa Model(Robustly Optimized BERT Pretraining Approach)

o 2% BERT B9 Next Sentence Prediction task
o EFAEZEHIER

o {EAEKHAY batch size

e M dynamic masking

e [Eji* encoder-only Transformer
o AR ERES

RoBERTa BYill&kz7E -

Component Configuration
Model RoBERTa-base
Encoder Layers 12
Classification Head 768 — 384 — 3
Activation Function GELU
Loss Function Categorical Cross-Entropy
Optimizer AdamW
Learning Rate 5x107°
Epochs 3
Batch Size 32
Dropout Rate 0.1

12



METHODS PROPOSED TO SOLVE

THE PROBLEM 5/7

e T5 Model (Text-to-Text Transfer Transformer)

e T5 45 2IBFAA NLP {EFZEFE R text-to-text

T5 BYElI#RERRE °

Component

Configuration

task - L E:R ° FEEHE - 8 « BHEND

Model

T5-small

5 > WAMBLAHER ST

Input Format

"analyze sentiment: <tweet>"

o T5 MBRAREAREN 8 > HAFBEMKRES »

Rt i SR AT I BE (R A A RS > BUSITARER [

& RIS R RS negativel

Output positive / neutral / negative
Loss Function Negative log-likelihood loss
Optimizer AdamW
Learning Rate 5x107°

Epochs 10
Batch Size 16
Gradient Accumulation 64
Label Smoothing 0.1
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METHODS PROPOSED TO SOLVE
THE PROBLEM 6/7

e Hybrid ROBERTa-T5 model

o 1EEI(EM weighted soft-voting o T5 #1 ROBERTa # & #itH 154& BRI ERE >
IRERAMEEIYES - RIEEEREB validation set BY grid search 3#%F : T5
:0.6 - ROBERTa :0.4

o EMIEIEEHIRBAEE disagreement » HIG4EIERIHERERBIR 0.25 F > s H1E
TR T5 B94E R » B TS AEBGREVEIVFESIEARRE contextual explanation

o s tIRFNLE S ;Z B decision-level fusion » MiiEid precedence rules f#
oy Ekicd i RTINS
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THE PROBLEM
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7/7

Model Accuracy Precision Recall Fl-score
Fine-tuned T5 95.77% 95.84% 95.78% 95.80%
Fine-tuned RoBERTa 93.84% 94.22% 93.91% 93.89%
Hybrid ROBERTa-T5 96.01% 96.13% 96.00% 96.05%

HYBRID MODEL £ M B 35 12 k£ &

96.01% ° &3%;Ts HYBRID MODEL EE BB IR HEERE SRR

ERE RN ERFER T5 ° HYBRID MODEL B
ACCURACY it 95.77% I # Zl 96.01% ; fHE i ROBERTA > Bt 93.84% iz H# =
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THE MAIN CONTRIBUTION OF THIS WORK

e Contribution 1 : 2 RoBERTa + T5 8Y Hybrid Sentiment Analysis Model
e Contribution 2 : {8 Decision-Level Fusion f#;R {55! &L

e Contribution 3 : EAEEHIE XY IBE D 1B

e Contribution 4 : IR B EMREA v RRIEEEN
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AS-IS
o fitamCEATK L 5%

e Table IV Hybrid 96.01% Accuracy #+ Page 6 ;&/5FEEFEITH (96.24%)

b

 Precedence Rules Conflict: Negative > Neutral > Positive #Figure 1 -

If Positive & neutral -> Positive
e EEHIEIBAT

o NEMXEIBIFS
o ERsHom XIEARIXAFER LRI

o BRsHEREMKIBRSIHIE « RASHEIEN DS LRYZIERE
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T EELEER - TSR AR

precilsion recall fl-score support

negative . 0954 0.8401 . 7610 4210
neutral . 6854 0.4008 . 0058 33581
positive . 6894 0.7858 . 73495 3777

accuracy .6914 11368

macro avg : : L6671 11368
welghted avg : : .6763 11368

sizes train=39786 val=5684 test=11368 params total=60.5M




T EBE4ER - ROBERTAR N HRZAS

precision recall f1l-score support

negative 0.9169 0.9352 . 9259 4210
neutral 0.8967 0.8912 0.8939 3381
positive 0.9101 0.8949 .9024 3777

accuracy .9087 11368
macro avg : : .9074 11368

welghted avg : : . 9086 11368

sizes train=39786 val=5684 test=11368 params total=60.5M




VISP EBEELER - HYBRIDER SHRZAS

=== Hybrid (paper soft voting) on processed/kaggle_val.csv ===

mode'l acc
t5 0.8765
0.9649
0.8753

fl_macro
0.8764
0.9650
0.8751

roberta
hybrid

0.
0

prec
8774

.92650

0.8762

recall
0.8780
0.9652
0.8769

auc
0.9686
0.9955
0.9762

disagreement: 99/826 (11.99%): T5 overrides after >0.25 gap: 98

Hybrid classification report:

precision

negative 0.8759
neutral 0.8976

positive 0.8552
accuracy

macro avg

welghted avg

recall

0.

0

0.

9321
.8000
8986

fl-score

0.9031
0.8460
.8763

0.8733
0.8751

.8745

support

265
285
276

826
826

826

sizes train=39786 val=5684 test=11368 params total=60.5M
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i

Accuracy (Z#EFE

i

Precision (}5iE

Recall (B[EIZE)

F1-Score (F1 93%{)

P ERER - T5amXhRZAS

{REY T5 ¥ BERLER
(Image 5)

69.14%

69.01% (Macro)

67.56% (Macro)

66.71% (Macro)

MmN EFEAY T5 84 (Table 1) PDF

95.77%

95.84%

95.78%

95.80%

& ZEibR

3%

1% 26.63%

&1& 26.83%

&1 28.22%

%18 29.09%
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ENESM XN EES

5 O hiR S RhR

Enoo%il?-ra roberta-base roberta-base

RoBERTa 768 ->384 >3 &

head GELU 1EP

RoBERTa

epochs 3 3

RoBERTa Ir 5e-5 5e-5
weight_decay=0. weight_decay=0.01.

Bgﬁgﬁl? warmup=0, warmup=0.06.
fpl6=False fp16=True

5 S hR S RhR
T5 model t5-small t5-small
T5 max input
length 128 96
T5 epochs 10 6
T5 optimizer AdamW Adafactor
T51r 5e-5 le-3
T5 label
smoothing 0.1 0.0
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MEEBERLGER - 15

precilsion recall fl-score support

negative 0.9574 0.8817 . 9180 4210

neutral 0.9312 0.8728 .9011 33581
positive 0.8364 0.9571 . 8927 3777

accuracy .9041 11568

macro avg L9039 11568
welghted avg . 9046 11368




MR B4R - ROBERTA

precision recall fl-score supponrt

negative 0.9164 0.9238 . 9200 4210
neutral 0.8978 0.9012 .8995 3581
positive 0.92067 0.8954 . 9010 3777

accuracy L9076 113568
macro avg . 9068 113568
welghted avg .9076 11368




MEEEEL4EER - HYBRID

=== Hybrid (precedence rule) on processed/kaggle_val.csv ===
model acc f1_macro prec recall
t5 0.9649 0.9653 0.9667 0.9650
roberta 0.9722 0.9721 0.9722 0.9722
hybrid 0.9625 0.9628 0.9648 0.9627

disagreement: 36/826 (4.36%);: neg<->pos conflicts (TS5-priority): 15

Hybrid classification report:

precision recall f1l-score support

negative 0.9883 0.9585 0.9732 2695
heutral 0.9925 0.9533 0.9620 2895
positive .9136 0.9964 . 9532 276

accuracy 0.9625 826
macro avg . 0.9628 826
welghted avg : L9627 826
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W& A{EMEEHYbrid {222

Discriminative Generative
"great", "awesome", "beautiful” Setting my alarm for
RoBERTa , © S 4 AM... daily

. routine... SO
. . exciting.

28
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TweetEval irony

o FPIHEHNR (Twitter) XAFEETHBARS REEEA

(Benchmark)

—JERln

Dataset

irony 1445 - non_irony 1417

Train 2862

Validation 955 non_irony 499 ~ irony 456

Test 784 non_irony 473 ~ irony 311

29



BasEom I AR A FEA _LRYRIR (FEATH)
lrony(/zGEl):

e Would like to thank my nephew for giving me his horrible
cold & sore throat etc.. Much appreciated!

e Double standards are always a fun thing.

e On my lunch break so sleepy +*

e Simply having a wonderful christmas time :D

30



o=

ROBERTa

RoBERTa head

15

T5 max target length

Hybrid

TS FF

=5 & 271 rn
En\ "% a2 AE.

P RhR

roberta-base
768 -> 384 -> 3

t5-small

Rule-based precedence hybrid

2

Model For Irony

twitter-roberta-base

768 -> 384 -> 2

googlel/flan-t5-small

Logistic Regression Combine

confidence. margin * XFERE « &
2 « hashtag. URL. mention + BE

=1 « 522859 ~ 1IE& A cue



Hybrid¥:R itz

SR A p i
RoBERTa ->1. HFEP1
Logistic Regression

Sentence

3. Margin = P1-P2
=>4. FEEHE

X ZAYIR SR A IBR:RE) 2% T A2 R:R




FLAN-T5-small

Twitter-RoBERTa

Rule Hybrid, T5
threshold 0.67

Stacked Hybrid +
text features

Hybrid Model Performance

Accuracy

0.6939

0.7347

0.7372

0.7844

Macro F1

0.6939

0.7324

0.7356

0.7784

Macro
Precision

0.7270

0.7372

0.7428

0.7759

0.7259

0.7476

0.7531

0.7839

ROC-AUC

0.8076

0.8447

n/a

0.8525
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Conclusion

o REEBHEBLLFLS (Precedence-rule Hybrid)
o HEEERMSRMET —ERNEES
o ZN:HBRRAEAR
o ERsEim X HVBIELER
o EisHim XEA RN ER LARN » Wicd RHybrid
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Division of Roles

e System Design: F&% F 5 Fh184m th2ER
o Literature Review: FH X FX & FBE4m MEHE
e PPT Integration: F&%E F & B4 MEE

* Presentation: FE&E X F 5 B84 MHEH
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	URL masking :將網址轉成 placeholder，避免網址造成雜訊
	User tag masking :將 @user 轉成 placeholder，避免特定帳號干擾模型
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	RoBERTa Model(Robustly Optimized BERT Pretraining Approach)
	RoBERTa 的訓練設定：
	移除 BERT 的 Next Sentence Prediction task
	使用更多資料訓練
	使用更大的 batch size
	使用 dynamic masking
	屬於 encoder-only Transformer
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	T5 Model (Text-to-Text Transfer Transformer)
	T5 的訓練設定：
	T5 的特色是把所有 NLP 任務都轉成 text-to-text task。也就是說，不管是翻譯、摘要、問答或分類，輸入和輸出都被視為文字
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