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Introduction



Weakly-supervised text classification(2018CIKM)

Weakly-Supervised Text Classification

Any labeled documents are not allowed, suface names or limited word-level
descriptions of each category can be used.
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Fine-Tuning

Type of fine tuning

Predictions ctions Vocabulary Predictions
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Head Token Fine-Tuning Prompt-Based Fine-Tuning (MLM) Prompt-Based Fine-Tuning (ELECTRA)
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Head Token Fine-Tuning

Predictions

Classifier

p(c|ld) = Softmax(g(hc-5))

[CLS] ‘It is to die for!’

Y
Input Text

Head Token Fine-Tuning
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Prompt-Base Fine-Tuning(MLM)

Pctions Vocabulary
<P
Il " TMM () = d Tt was [MASK].
pos. neg. good o a
e OO -] ‘
G |0 - sotmn(r ). ()
‘It is to die for!"It was 5 '
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Prompting ELECTRA(EMNLP2022)

Prompt-Base Fine-Tuning(ELECTRA)

Predictions

[ \
<@ Prob. of original: 0.2 Itis pretty Qamned funnY' ¢(great) ( Dis | rreplaced

Prob. of original: 0.8 ©
O pos. neg. O .
w000 - = 20~ \Irwas. head korlgmal\/ J
y, \ J

& i3

M€ Ppre-Trained Language Model {

Pre-Trained Language Model r 2 . N
o | ° Itis pretty damned funny . |c(cerrinie)| g replaced >

\It is to die for!”It was good, A is to die for!“It was bad, —_— —* l
Inpu't Text Pror;":pt Inpu‘t Text Pro'mpt Jt was (ter rlble) : ) \ head ) \Ongma )

Prompt-Based Fine-Tuning (ELECTRA)

Introduction
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ELECTRA(ICLR 2020)

ELECTRA Pre-train model

Cast the word prediction problem into a binary classification problem

Predict each token is the

Replace masked original or replaced
tokens of the input text

Qmple

the — [MASK] —> --> the —> —> original

chef — chef — chef —>{ . . | —> original
Generator Discriminator

cooked —>» [MASK] —> (typically a -> ate —> (ELECTRA) —> replaced

the —» the —»| small MLM) the —> —> original

meal —» meal —> meal —>» —> original

Introduction
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Two fine-tuning strategies for
pre-trained language model

Initial Pseudo Labels P°

/ Head Token Fine-Tuning \

Positive sentiment

OOO.
@

Pre-Trained Language Model

kg J

[CLS] It is to die for!

Input Text
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/ Prompt-Based Fine-Tuning \
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It is to die for! lIt was good,
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Input Text Prompt

N /
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Prompt-Based | /=

Output: classiier F' for classes C.

_____ = | Updateg P_segdtl La_bels Pt
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Zero-Shot .fﬂ‘__ ) Head Token : 2 D =Y
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Prompting l ' Fine-Tuning P 9 8 == =
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i == =N %2\ Prompt-Based | |E A3 | EEE!
| . . L
Zm Fine-Tuning PL
Unlabeled
Corpus Use updated pseudo labels to repeat the process

(1) Zero-Shot Prompting for
Pseudo Label Acquisition

Method

(2) Noise-Robust Training with Iterative Ensemble

11



[ero-Shat Prompting for Pseudo Label Acquisition

Construct input with the template

( )

, . ( d
ELECTRA It is to die for! Clgood) | Dis. |_, | replaced
T (d, good) = d It was good. itwasgood || head | | original
- — R Ak
ELECTRA _ / 1 PRI ,
T (d,bad) = d It was bad. oy e (Dn ) (i
i It was ) head original

/1 Zero-Shot Prompting for Pseudo Label Acquisition;

Input: A corpus D; a set of classes C and their label ~ for < € P do

. for c € Cdo
names [(c), ¢ € C; a pre-trained language T{d4(e)) ~Constructinput withhe
; . emplate;
model £ a template T for prompting. p(i(c)|d) < Prompt E with Eq. (1);
p(c|d) < Eq. (2);

Method P « top t” percentage of predictions; 12



[ero-Shat Prompting for Pseudo Label Acquisition

_ . . l(C) 4 pos. neg. >
pll(c)|d) = Sigmoid(f(h™)), (1) 3] oot
it @
‘ Pre-Trained Language Model 2T Pre-Trained Language Model
— e T—
lIt is to die for!“lt was qood[ ‘It is to die for!nlt was :;:,cf.‘
Y Y Y Y
P l c d Input Text Prompt Input Text Prompt
pleld) = <2HND @ -
ECIGC p(l(c )ld) Prompt-Based Fine-Tuning (ELECTRA)

/1 Zero-Shot Prompting for Pseudo Label Acquisition;

‘ for d € D do

for c € Cdo
T (d,l(c)) < Construct input with the
P° — topk(p(cld)) | el P

template:
| p(l(c)|d) < Prompt E with Eq. (1);
p(c|d) < Eq. (2);
P « top t” percentage of predictions;
Method
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[ero-Shat Prompting for Pseudo Label Acquisition

p(l(c)|d) = Sigmoid(f(n")),

P? = topk(p(c|d))

Method

2)

Predictions
Prob. of original: 0.8 © |_44 <@ Prob. of original: 0.2
4 ks

pos. neg.

i« O 00 = 10O
o) o
Pre-Trained Language Model 22N pre-Trained Language Model
‘ o o
lIt is to die for!“lt was good. lIt is to die for!nlt was bad,
Inpu't Text Pror‘npt Inpu!c Text Pro'mpt

Prompt-Based Fine-Tuning (ELECTRA)
/I Zero-Shot Prompting for Pseudo Label Acquisition;
ford € Ddo
for c € Cdo
T (d,l(c)) < Construct input with the
template;
| p(l(c)|d) < Prompt E with Eq. (1);
p(c|d) < Eq. (2);
P « top t” percentage of predictions;
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[ero-Shat Prompting for Pseudo Label Acquisition

p(l(c)|d) = Sigmoid(f(n")),

\ £

C p©)ld)
pldd) = s~ @)

\ 4

PO = topk(p(c|d))

Method

2)

pos. neg.

Predictions
Prob. of original: 0.8 © |_44 <@ Prob. of original: 0.2
4 ks

i 000 = 10O
33 @

. same .
Pre-Trained Language Model - Pre-Trained Language Model
o i
lIt is to die for!“lt was good. lIt is to die for!nlt was bad,
T Y \f )|
Input Text Prompt Input Text Prompt

Prompt-Based Fine-Tuning (ELECTRA)

/1 Zero-Shot Prompting for Pseudo Label Acquisition;
for d € Ddo
for c € Cdo

T (d,l(c)) < Construct input with the

template;

p(l(c)|d) < Prompt E with Eq. (1);
p(cld) < Eq. (2);
P < top t” percentage of predictions;
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Zero-Shot
Prompting

1

Unlabeled
Corpus

L
:

Two fine-tuning strategies for
pre-trained language model

Initial Pseudo Labels P°

/ Head Token Fine-Tuning \

Positive sentiment
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| Pre-Trained Language Model J
! - ;

[CLS] It is to die for!

/ Prompt-Based Fine-Tuning \
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Mole ok
i

l Pre-Trained Language Model J
i)

\ Input Text /

It is to die for!“It was good,

Y T
\ Input Text Prompt /

Prompt-Based 2
—| =1

(1) Zero-Shot Prompting for
Pseudo Label Acquisition

Method

Fine-Tuning pi Ny 5 lf; :' Y
Head Token | [= % N :—‘:
Fine-Tuning 8/:’ =] :
Prompt-Based _’lf A3 I_:_l
Fine-Tuning pL

Use updated pseudo labels to repeat the process

(2) Noise-Robust Training with Iterative Ensemble
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Noise-Robust Training with lterative Ensemble

pseudo labelsnoisy range

15%-50%)

Initial Pseudo Labels P°

Zero-Shot
Prompting

1= 1
D l
— BB
1

Weakly
Classifier

?

2B

Initial Pseudo Labels P°

Zero-Shot
Prompting

$)

Class result decrease by noise

large gap between fully-supervised )

EIERET
—! :_.

lterative

Ensemble /~__ Classifier

Weakly

?

Unlabeled
Corpus

Method

2B

Ensure the quality of pseudo labels




Noise-Robust Training with lterative Ensemble

fori 10T do

F; + Head token fine-tuning using P*~";

P} + Select top t; predictions by Fy;

S « Randomly sample r subsets of Pj;

for 55 € S do
F} + Prompt-based fine-tuning using Sy
P} + Select top t; percentage by Fy;

P' + Eq. (4);

Method

g |
Prompt-Based J : Updated Pseudo Labels P*

K e =N ey
%\@ [ Fine-Tuning
2

Fine-Tuning

SN
r % oL | |
Head Token |, = 7 31 |

. . '—w‘ 11} m i
Fine-Tuning | i %”’x o) : :

B A )\ 2l 0 3 .
’@,\[ Prompt-Based }_’ Jg 5 '__ _'

=N

Use updated pseudo labels to repeat the process
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Noise-Robust Training with lterative Ensemble

Utilize two PLM fine-tuning methods to ensure the quality of pseudo labels
improve the self-training quality

1. Head token fine-tuning: Capturing the information of the entire document

2. Prompt-based finetuning: Focusing more on the context surrounding the

/ Head Token Fine-Tuning \ / Prompt-Based Fine-Tuning \

Positive sentiment

“ O
D) Q) ==
o O O

Two fine-tuning strategies for

pre-trained language model Pre-Trained Language Model
ety

[CLS] |It is to die for!’ ‘It is to die for!“It was

MethOd \ e / k lnpu't Text Pror!')pt ' / 19
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Noise-Robust Training with lterative Ensemble
4 N

p’i—l - Intial Pseudo label

L 2

Classifier Fg;
top € :I ;
l Pg :Candidate Pseudo label I

Head Token
Fine-Tuning




Noise-Robust Training with lterative Ensemble

Prompt base only requires a small amount of data to achieve competitive
performance with head token fine-tuning

y 4
PS5 :Candidate Pseudo label
L Prompt % | mm( cop 2N 7] P :Candidate Pseudo label
- Prompt-Ba sed g 9 Updated Pseudo Labels P!
& | Fine-Tuning T EY TR EY
> ) 1 —| = =1
Head Token |, 7 2 By mgeY
Fine-Tuning Pi % q /': :
] ) | o) ==)..|=
2\ Prompt-Based | = 43| IBE=El
Fine-Tuning pi ‘
Use updated pseudo labels to repeat the process

Method



Noise-Robust Training with lterative Ensemble

Only those most confident ones into the pseudo label pool to alleviate the
error accumulation problem. '

1 1
PI?: :Candidate Pseudo label » Intersection » P = ﬂpk (4)

k=0

I__
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> | N

A == =
|
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I
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Experiment



Datadet

e Topic

Ag_News(New topic with 4 class)

20_News (New topic with 20 class)

NYT-Topics (New York Times context: imbalanced with 9 class)

NYT-Fine (New York Times context: imbalanced & fine-grained with 9 class)

o O O O

e Semantic(with 2 class)

o Yelp(Review:Semantic analysis)
o IMDB(Movie Review: semantic analysis )
o Amazon(Amazon Review:semantic analysis )

Experiment
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Compared Methods

e Weakly method compare
WeSTClass

ConWea

LOTClass

XClass

o ClasskG

e Pre-train model compare

o RoBERTa (0-shot):Head Token
o ELECTRA (0-shot):Head Token
o  Fully- Supervised BERT baseline

o O O O

Experiment
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Weakly-supervised text classification(2018CIKM)

WeSTClass

Define the source of weakly supervision

_____________________ 3 Pseudo documents Unlabeled documents
: Source 1: Label surface names | Generating pseudo documents & ‘\l
| o) (D) @D A .
-------------------- - Frmmmmmm e m { |
____________________ ! Pseudo-document : S S S
Il Source 2: Class-related keywords | : Generator | l Pre-training step l Self-training step
| : ! Politics 1
| o | : i Deep Neural Models Deep Neural Models
|:">»: ',:Ip;b': : h 1 CNN pr— CNN pe—
1 ]| mmem———s ]| mmem——
User : 1' i — Q00 &0 shared | OO QIO & Documents with label
-------------------- ! ! fe]leJe)le} Model | 1OIO QIO P i T
1 1 e ) O ML N O h ; \
--------------------- i | 000 O--1 Q Parameters 000 O~ Q 1 r |
£ Source 3: Labeled documents | 1 IS=seo= s Sossas e —> n r i
any source of | ! ! ! RNN RNN L ;)
supervision ! ! v A S, | TR -
1 | 1
| ] 1
1 |
! _polnlea news sports news technology news !



https://chaozhang.org/papers/2018-cikm-westclass.pdf

ConWea

Source.2

User-Provided Seed Words Extended Seed Words Contextualized & Expanded Seed Words Comparative Ranking
Class Seed Words Class Seed Words Class Seed Words -
Soccer | soccer, goal, penalty Soccer soccer, goal$0, goal$1, Soccer soccer, goal$0, penalty$1, ...
Law law, judge, court penaliy$), penaltySl, Law law, judge, court$1, I x t
Law law, judge, court$0, court$ 1 penalty$0, ...
Raw Docs Contextualized Docs g ﬁ
- - Messi scored the penalty$1! ...
Messi scored the penalty! ... Messi scored the penalty$1! ... Judge passed the order of ...
Judge passed the order of ... Judge passed the order of ... The courtSl iseusd'a penalty$0 ...
The court issued a penalty ... The court$l issued apenalty$o ... ~  o—~~o~» | :
Text Classifier Contextualized Docs with Predictions
27

Experiment



LOTClass

Source.1

Category 1 Vocabulary:
politics, political, politicians, government...

Category 2 Vocabulary:

)
=
<]
o
1Y
g
o
3
]
=
Q
]
—_
g
©
o
o
-

sports, soccer, game, baseball, sport...

Category 3 Vocabulary:
business, trade, commercial, enterprise...

: Word-Level
: Category Prediction: <+— MCP
’ [0, 1, 0]

BERT Encoder
(Pre-trained, not fine-tuned, as general knowledge)

BERT Encoder
(Pre-trained, fine-tuned, as classification model)

[cLs] TUCE us team competition =+ - * [cLs]
us team sports competition

[: Input Tokens O Contextualized Embeddings

Experiment

LR us team competition = -+

uUs team sports competition

:I Neural Network Modules
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XClass

Class-Oriented
Representation

Document-Class Alignment

(confidence estimated)

[ hafppy )

Text Classifier
Training

Source 1
Raw Input Corpus User-Specified
(Daifferent classification criteria could Class Names
be applied on the same corpus.) ,
Sentiment
ha
ID Documents s |:>
sad
Dy  Icheered for Lakers winning NBA. a -
D, Tam sad that Heat lost.
D3  Great news! Scientists discovered ... E> Topics
D,  The new film is not satisfactory. i |$
arts
...... science

Experiment

science D, .sports
L]

D4°' arts

D;*  °D, E>




(lassKG

Source

s ---> “computer”
GNN b
o --> “traffic

generate pseudo labels

baseball

Text B (b)




Compared Methods

Although ClassKG achieves the better results ClassKG uses more time

Methods AGNews 20News NYT-Topics NYT-Fine Yelp IMDB Amazon
WeSTClass 0.823/0.821  0.713/0.699  0.683/0.570 0.739/0.651 0.816/0.816 0.774/- 0.753/-
ConWea 0.746/0.742  0.757/0.733  0.817/0.715 0.762/0.698 0.714/0.712 -/- -/-
LOTClass 0.869/0.868  0.738/0.725  0.671/0.436  0.150/0.202 0.878/0.877 0.865/- 0.916/-
XClass 0.857/0.857  0.786/0.778  0.790/0.686 0.857/0.674 0.900/0.900 -/- -/-
ClassKG' 0.881/0.881 [0.81 1/0.820 | 0.721/0.658  0.889/0.705 0.918/0.918  0.888/0.888 0.926/-
PIEClass
ELECTRA+ELECTRA 0.884/0.884 (0.816/0.817 | 0.832/0.763 0.910/0.776 0.957/0.957 0.931/0.931 0.937/0.937
Fully-Supervised 0.940/0.940 0.965/0.964  0.943/0.899 0.980/0.966 0.957/0.957 0.945/- 0.972/-
Micro-F1/Macro-F1 S0A Tifieom 20N
XClass ||0.7hr
LOTClass | 1hr
PIECIass 3hr
ClasskG 30hr

Experiment
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Compared Methods

Methods AGNews 20News NYT-Topics NYT-Fine Yelp IMDB Amazon
RoBERTa (0-shot) 0.581/0.529 0.507/0.445%  0.544/0.382 -4 0.812/0.808 0.784/0.780 0.788/0.783
ELECTRA (0-shot) 0.810/0.806 | 0.558/0.529, 0.739/0.613 0.765/0.619 0.820/0.820 0.803/0.802 0.802/0.801
PIEClass

ELECTRA+BERT 0.884/0.884 10.789/0.791| | 0.807/0.710f 0.898/0.732 0.919/0.919 0.905/0.905 0.858/0.858

RoBERTa+RoBERTa 0.895/0.895| 10.755/0.760% | 0.760/0.694 /-4 0.920/0.920 0.906/0.906 0.912/0.912

ELECTRA+ELECTRA |0.884/0.884] 10.816/0.817| | 0.832/0.763] 0.910/0.776 0.957/0.957 0.931/0.931 0.937/0.937
Fully-Supervised 0.940/0.940] 0.965/0.964 |0.943/0.899| 0.980/0.966 0.957/0.957 0.945/- 0.972/-

Micro-F1/Macro-F1

Experiment
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Ablation Study

e Two-Stage:Directly trains classifier using pseudo labels from zero-shot
prompting

e Single-View ST: Standard self-training method(only using zero-shot
pseudo label)

e Co-Training: W/O Regularize in step Intersection

Experiment
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Ablation Study

e The single-view and two-stage method is not stable.
e Co-training ensures the consistency of model predictions, yielding great

results.
Methods AGNews 20News NYT-Topics NYT-Fine Yelp IMDB Amazon
Two-Stage 0.847/0.847 P.739/0.733 | 10.776/0.664 | 0.838/0.678 0.913/0.913 || 0.870/0.87(f | 0.836/0.835
Single-View ST 0.871/0.871 .736/0.737 | 10.757/0.668 | 0.853/0.695 0.912/0.912 || 0.846/0.846| | 0.892/0.892

Co-Training
PIEClass

0.877/0.877+70.795/0.791 ~70.818/0.715 ~70.877/0.744 ~70.948/0.948 ~70.925/0.925.~70.930/0.930
0.884/0.884 0.816/0.817 0.832/0.763 0.910/0.776 0.957/0.957 0.931/0.931 0.937/0.937

Micro-F1/Macro-F1

Experiment
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Ablation Study

20News Yelp
0.85 1.00
The PIEClass can surpass the bottleneck T oo T oo
0.80 Single-View ST 0.951 —*— Single-View ST
of traditional self-learning. F. Fon /
i R o | 8| FIm———
= B o i =
[y . . . 0.70 0.85
Traditional self-learning micor-f1 will
0.65 0.80
1 2 3 4 5 1 2 3 4 5
be fl atte n ed afte r Seve ra | ite rati O n S Number of full iterations Number of full iterations
0.95 AGNews 1.00 IMDB 1.00 Amazon
—— PIEClass —— PIEClass —»— PIEClass
0.901 o Single-View ST 0.951 ° Single-View ST 0.954 ° Single-View ST
20.851* / £ 0.90 £ 0.90 —_
= — = = .
0.80 0.85 0.851
0.75 0.80 .80
1 2 3 B! 5 1 2 3 ! 5 1 2 3 ! 5
Number of full iterations Number of full iterations

Number of full iterations

33
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Quantities and qualities of the pseudo labels

We can see at the first servals iteration the pseudo label qualities in well.

Yelp (PIEClass) AGNews (PIEClass) 20News (PIEClass) IMDB (PIEClass) Amazon (PIEClass)
100/ 963 998 997 994 990 oo | 1] %5 T %4 958 97 g 100 943 %9 959 048 o34 g3 100] oz BL_N4 98 %5 0 100{ o1 %9 %84 99 911 o7
63 3
a Q " Q Q Q
w 7 78 i i
5 751 S P'mm comect E' - comect ‘E’D-cotrect Em-mvm
o BN correct ¥ @ wong g & wrong g 50 wrong g 50 wrong
8 501 wrong < e ~e— accuracy e —e— accuracy e ~#— accuracy
S ~—e— accuracy g g g g
s o 2% a2 o 2% a 2
o 254
0 0 0 0
0l 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5
1 2 3 4 Iterations Iterations lterations Iterations
Iterati . . . . . . ; :
el (s_eral'm\'; sT) AGNews (Single-View ST) 20News (Single-View ST) IMDB (Single-View ST) Amazon (Single-View ST)
elp (Single-View CET ==
100 9@,92%1 W) %2081 %9 g7 a 0 9&'%%‘ le Mf’\%’i@& ano 9&—1——’1‘\%4
Q . T 5 7 s = 5 7
g 75 — correct :n B correct g BN correct Y " B correct
P wrong © 50 i 3 50 ki) 2 S 50 e
%‘ 501 ACCTSEY ~#— accuracy § ~#— accuracy § §
o - = =
& 254 % ¢ % d & 95
0- 0 0 0
0 1 2 3 4 5

Iterations Iterations Iterations Iterations Iterations




Conclusion
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Conclusion

1. Using zero-shot PLM prompting to assign pseudo labels based on
contextualized text understanding.

2. Implementing a noise-robust iterative ensemble to expand pseudo
labels while ensuring their quality.

Conclusion

38



Personal Comment

e In this paper, the noise-robust approach is crucial. Fully embracing it
could significantly improve model adaptability in noisy environments.

Conclusion
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