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N 517 GLUE

O %5
B ZMESER

m ok, EREMESS

O EaRE
B BERTZAIEHEY

Corpus |Train| |Test| Task Metrics Domain
Single-Sentence Tasks
CoLA 8.5k 1k  acceptability Matthews corr. misc.
SST-2 67k 1.8k  sentiment acc. movie reviews
Similarity and Paraphrase Tasks
MRPC 3.7k 1.7k paraphrase acc./Fl news
STS-B 7k 1.4k  sentence similarity  Pearson/Spearman corr. misc.
QQpP 364k 391k paraphrase acc./F1 social QA questions
Inference Tasks
MNLI 393k 20k NLI matched acc./mismatched acc.  misc.
QNLI 105k 54k QA/NLI acc. Wikipedia
RTE 2.5k 3k NLI acc. news, Wikipedia
WNLI 634 146  coreference/NLI acc. fiction books

GLUE: A Multi-Task Benchmark and Analysis Platform for Natural Language
Understanding, Wang et al.2018

BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding, Devlin et al.2018



N 5F: GLUE

O %5
B ZMESER

O ZEEsd
B BERTE&K1EEU

]

S ERIUTS

7 R T

Abstract

We introduce a new language representa-
tion model called BERT, which stands for
Bidirectional Encoder Representations from
Transformers. Unlike recent language repre-
sentation models (Peters et al., 2018a; Rad-
ford et al., 2018), BERT is designed to pre-
train deep bidirectional representations from
unlabeled text by jointly conditioning on both
left and right context in all layers. As a re-
sult, the pre-trained BERT model can be fine-
tuned with just one additional output layer
to create state-of-the-art models for a wide
range of tasks, such as question answering and
language inference, without substantial task-
specific architecture modifications.

BERT is conceptually simple and empirically
powerful. It obtains new state-of-the-art re-
sults on eleven natural language processing
tasks, including pushing the GLUE score to
80.5% (7.7% point absolute improvement),

Corpus |Train| |Test| Task Metrics Domain
Single-Sentence Tasks
CoLA 8.5k 1k  acceptability Matthews corr. misc.
SST-2 67k 1.8k  sentiment acc. movie reviews
Similarity and Paraphrase Tasks
MRPC 3.7k 1.7k paraphrase acc./Fl news
STS-B 7k 1.4k  sentence similarity  Pearson/Spearman corr. misc.
QQpP 364k 391k paraphrase acc./F1 social QA questions
Inference Tasks
MNLI 393k 20k NLI matched acc./mismatched acc.  misc.
QNLI 105k 5.4k QA/NLI acc. Wikipedia
RTE 2.5k 3k NLI acc. news, Wikipedia
WNLI 634 146  coreference/NLI acc. fiction books

GLUE: A Multi-Task Benchmark and Analysis Platform for Natural Language
Understanding, Wang et al.2018

BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding, Devlin et al.2018
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Corpus |Train| |Test| | Task Metrics Domain
Single-Yentence Tasks
CoLA 8.5k 1k | acceptability Matthews cdr. misc.
SST-2 67k 1.8k | sentiment acc. movie reviews
SimilarityjanH Paraphrase Thsks
MRPC 3.7k 1.7k | paraphrase acc./Fl news
STS-B Tk 1.4k | sentence similarjty | Pearson/Speprman corr. misc.
QQP 364k 391k | paraphrase acc./F1 social QA questions
Infference Tasks
MNLI 393k 20k | NLI matched acq/mismatched acc.  misc.
QNLI 105k 5.4k | QA/NLI acc. Wikipedia
RTE 2.5k 3k | NLI acc. news, Wikipedia
WNLI 634 146 | core fercncefNLlI acc. fiction books
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[ ETR*EJEF

B REERG (IntrmSIC) R ERFHENT W ERFFIEE

HESS1ERE

7

i, MARRR

m SNERHE (Extrinsic): XML AERNE R Frohk xR BIrMESHIEE
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B iwsskan s

O BEiEEE
B NENE L ERTHMERFENENNEEIEEL, MARRZNESERE
B SNSRI XML S EEENER AR BNMESEED, AR
EEREREERIMERE
B ERE (PPL) {415

SRA? BERAHIEES
RIHEIESRE?
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B iwsskan s

[

SRR

A_Z T
S&FEh

%
—=|| =8

>{ Human 5 Labels for
\ Training

Unlabeled data

> GPT3 » Labels for

(IHE
s

Training
- Labels for
Training
= f
GPT.3 —> Labeling confidence E&} Humen Re-Labeling

ranking

Want To Reduce Labeling Cost? GPT-3 Can Help (EMNLP 2021)
Is ChatGPT better than Human Annotators? Huang et al.2023
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N wsmmeinng

: WFSER (sample)
37 ZZFN (system prediction)
y : &% (reference)
B % (Label)
m 5% (Sequence)

OO O
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N zEsir: @R FEET B

O iZit— MRS SR B (S sE AV SR
B x: HpE
B j: REFUNTRES
By I E@irE

O {H&isin

m ?




N zEsir: @R FEET B

O iZit— MRS SR B (S sE AV SR
B x: HpE
B j: REFUNTRES
By I E@irE
O {H&isin
B EWEZR(Accuracy): E=RI203SET1ER S RAYHMAFE S S MBEEIHILL 7




N s

O i&ir—/MEELIREME EIR B RIS
B x: HpE
B j: REFUNTRES
By I E@irE
O {H&isin
=R (Accuracy): BEHIE 0 L5 1ERD RAVAMF SIS S RMYERIEC 51
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N s

O i&ir—/MEELIREME EIR B RIS
B x: HpE
B j: REFUNTRES
By I E@irE
O {H&isin
=R (Accuracy): BEHIE D LSS IER RAVAMGEL S S RMYERIEC 51

MEFI00MERF, BEHmALOH
WIR R, BPfEiRE & ERTm
AHIEHEHREE, EFHERDBEI0%




N s

O i&ir—/MEELIREME EIR B RIS
B x: HpE
B j: REFUNTRES
By I E@irE
O {H&isin
=R (Accuracy): BEHIE D LSS IER RAVAMGEL S S RMYERIEC 51

BB ERF VR B AP IE I “is
M 5 “xfp”, FTERBRER




N mEain

O igit—MEERARER T SR E AV IER
B x: HBE Predicted
" 5 RO L
By [FRE

O FEHER
B HEIRZER(Accuracy): BIEHIE D RAS1EHRD RAYARFEN S S BB AERIEC
B (EEEZE(Precision): #RICALREMFRIEMG, SEFR/OLRABARILLH]

O TP/(TP+FP) => 0/0 => BEiEEN A0

1

Actual




N mEain

O igit—MEERARER T SR E AV IER
B x: HBE Predicted
" 5 RO L
By [FRE

O FEHER
B HEIRZER(Accuracy): BIEHIE D RAS1EHRD RAYARFEN S S BB AERIEC
B (EEEZE(Precision): #RICALREMFRIEMG, SEFR/OLRABARILLH]
B FZ[EIE(Recall): FrESEhRbakEMGF, IEFRIREIHEAIECH]

O TP/(TP+FN) = 0/10

Actual

1




N mEain

O igit—MEERARER T SR E AV IER
B x: HBE Predicted
" §: RATRES e
By I E@irE

O FEHER
B HEIRZER(Accuracy): BIEHIE D RAS1EHRD RAYARFEN S S BB AERIEC
B i5HE (Precision): #iRICALIREMFRIERMG R, SCRR/ALIINERMARIELH]
B FZ[EIE(Recall): FrESEhRbakEMGF, IEFRIREIHEAIECH]
B F15320(F1 Score): #SHZFE BIERAVEFISE (2 P*R/(P+R))

Actual

1




hsath: BR "F5° BEE

O &ITXPRBIHERS

3 TVAN SV

V. R E

y : ANEHEE

& AREE, 2EERNTELERT FERAMZGHL, RILESH,
A FEAGEHK, AR ET —BEHLHEH, ERIFGLIK, T
MTF, AMS3EE, Akt ik TREF mEMOBER., HRGER L,
i heil, B3| T RS EREIFHE A AT A RIK T .

WTABRN, SAREFFH T, TRELEYTZ Y, FTARGEEF
AM, ILELEFLAFIER, RRKMNEEFH, REFEEEFHNA,
Beot, —RIRTILAEN T B AAMS T, B3| T KT R A LA RN T
FalkB, 5 AF, M. 0. BEF AR, BENSAEAHR—ER
W RS E L, BRI THIZRTERINER ARE AT, RERMNE
el b EE, A B B R AR 2 T MUE &

BEANAE, LERAMTLERIA, KAREALL GBI ER, HAM
TRT R AR, AMGHAHREI, BAZRGEIF, BTAERY
%7

SEERAE ML, B,

FH I, WP g AR
R, Mooy EIl=E
AR, WRES, Bt
EHzZ £,

AFK A ERK RFEF
B, AT ] 5 A,
BLe 5 9% 6 58 A8 42 58
RAKEH KT, Wiz
REZ P, REFHR
X E T E4F.

28




hsath: BR "F5° BEE

O &ITXPRBIHERS

3 TVAN SV

u(x,y,y)=?

V. R E

y : ANEHEE

& AREE, 2EERNTELERT FERAMZGHL, RILESH,
A FEAGEHK, AR ET —BEHLHEH, ERIFGLIK, T
MTF, AMS3EE, Akt ik TREF mEMOBER., HRGER L,
i heil, B3| T RS EREIFHE A AT A RIK T .

WTABRN, SAREFFH T, TRELEYTZ Y, FTARGEEF
AM, ILELEFLAFIER, RRKMNEEFH, REFEEEFHNA,
Beot, —RIRTILAEN T B AAMS T, B3| T KT R A LA RN T
FalkB, 5 AF, M. 0. BEF AR, BENSAEAHR—ER
W RS E L, BRI THIZRTERINER ARE AT, RERMNE
el b EE, A B B R AR 2 T MUE &

BEANAE, LERAMTLERIA, KAREALL GBI ER, HAM
TRT R AR, AMGHAHREI, BAZRGEIF, BTAERY
%7

SEERAE ML, B,

FH I, WP g AR
R, Mooy EIl=E
AR, WRES, Bt
EHzZ £,

AFK A ERK RFEF
B, AT ] 5 A,
BLe 5 9% 6 58 A8 42 58
RAKEH KT, Wiz
REZ P, REFHR
X E T E4F.

29




B Exact Match (Em)

O 45

B {fi2%: High precision: if metric is 1 => we have a
good sequence

B ARE: Low recall: if the metric is not 1, then we
still may have a good hypothesis

O A
B BaaE

ulx,y,y) =1y

~
— —

y)

30



J Word error rate (WER)

O S=:
B {j{#8: Relaxes exact match

B AE: Semantically similar words ignored

O MF:
B EE1R5

m HlEREhE

. 0y
u(x,y,y) = 7]

d(y,y) word edit distance
betweeny and y
ly| is the length of y

31



B Perplexity (PPL)

O S=:
B {j{#8: Relaxes exact match

B AE: Semantically similar words ignored

O NH:

B EEERE

v
_ 1
u(x,y,3) = exp| = ) loge, (ilyra-s
=1

32



B BLEU/ROUGE

O 5=

B EBRERNNAFSZE AR LZERIN-gram (JE4E
FInNA) BEGERIE

B {ft#}: Relaxes exact match

B AE: Semantically similar words ignored

O MA:
B RENE. XAEE

33



& BLEU/ROUGE

O 5=
B TR SRERNNATIZSE A ZERIN-gram (IE4E
RIn/Mal) BEERIE
B {ft#}: Relaxes exact match
B AE: Semantically similar words ignored
O MIA:
m HlEEENE. XAREE
7 : RIS y: NSRS

sEsmEewr, wik. || sxrsErsmey
B E I, W E| S AT A BEAR, IR T B| 4 AT,

LA IR /’\Tf!]?z}‘?z}ﬂﬂ-&’- B 5 B 58 A8 A .
AKX, RIEY, BT B A H R, Ri2A
ERNZE, HEZ P, R I

XEY M ELT,




J BERTScore

O 5=
B S ANKEREHTENZH
B 3B STHHENZW
O MH:
m =sEhE. XAREE

B F3RRFNHEE

O IBEEWA (non-contextualized)
m Context-independent

O B4 (contextualized)
m Context-dependent

h,

Non-contextualized

35



J BERTScore

O 4§
B SIAXEEHITIEN
B 3B STHHENZW
O MHA:

m =sEhE. XAREE

Nzt

Contextual
Embedding
Reference I ﬁ
the weather is — | | —
cold today =
. 7
Candidate I oy
., . FFIO'OLN —»
it is freezing today (@ /
L)

Pairwise Cosine
Similarity

Reference

B SSREF05S

O IEEEWAY (non-contextualized)

®m Context-independent

O EEKAY (contextualized)

m Context-dependent

Next word
h, \ | [

Recurrent Neural Networks: 9 ‘ Contextualized

SR i | 5 g W e

Look-up table: 0, ] Non-contextualized
| will 20 to

Maximum Similarity Importance Weighting

(Optional)
(W 5%10.597 0.428 0.408 ;
7.94
1.82 . e
70| = IpERT = (Ollégi;(‘]?:i—ﬁ(;;:?]g(;f;)ag
e (608

eSS

45 .
K\?’@ €7 weights

Candidate

36



J BERTScore

O &=

N N E \Y S Contextual Pairwise Cosine Maximum Similarity Importance Weighting

B S|\ KEEGHTENZW Embedding Similarity (Optional)
the {Ug£%10.597 0.428 0.408| (1.27
L . i\E v :—{_ Reference x ;-“- . weather {0.462 0.393 h 7.94

O . =] MIZ the weather is — | | — .
\ - 2 . |
I I % cold today = g N - — R _ (0.713x1.27)+(0.515%7.94) + ...
‘ . 7 £ cold {0.479 0.454[RER0.343) | 7.90 BERT = “13747.94+1.8247.9018.88
‘ ‘ : Candidate :f; — (o) —_— % today 10.347 0.361 0.307GKJE] (8.88
., . . d - . ‘)‘ |
it s freezing today = T O B
& € weights

B HEEERR. XARE =

37



J BERTScore

O

BRM

EEATfiFReference

Reference 20
the weather is
cold today

Candidate I’
it is freezing today

-

Contextual
Embedding

Pairwise Cosine
Similarity

Reference

Maximum Similarity

cold 10.479 0.454 LT 0.343

today {0.347 0.361 0.307 (EJE

NRIES

K@,"-‘ " weights

Candidate

1.27

7.94

1.82

7.90

8.88

idf

Importance Weighting

—» ApgerT =

(Optional)

(0.713% 1.27)+(0.515 X 7.94) +...

1.2747.944+1.82+7.90+8.88

38



J BERTScore

[

BRM
B EE(KiiTFReference
BRI —

— System

Image

HEES

Fluency

Quality?

= x|

Relevance
Coherence
Informativeness
Factuality

Semantic Coverage

N I N I I

Adequacy

Output Perspectives

39



J BERTScore

O BRI

EH (KT Reference
THMEREER—

BES TS “x"  (source) BIfER

Source [J  Fluency
\ [J Relevance
Metricl ? ? [ Coherence
Generated / >< [J  Informativeness
Metric2 [J Factuality
? [J Semantic Coverage
Metric3 []

Reference Adequacy
Text



J BERTScore

O BRMYE

EH (KT Reference
THEREER—

BES TS “x"  (source) BIfER
BN REAEE

/

Output

Layer
BERTScore 000 |::> Downstream
MoverScore Task
BLEURT ﬁ
COMET

BERT

\ 4




J BARTScore: Evaluation as Generation

42



J BARTScore: Evaluation as Generation

O EX

m
BARTScore = ) i logp(yely<e, %, 6) |BART,
= [BART Encoder " BART Decoderj

O TS HEE ik

Have a great weekend! Generate
w - e :
o .
(,3(. Source = Hypothesis ; ‘ HiE|EIN “
| : Generation @ PLpR AR |
m‘\(‘} Probability o OO0 :
PN : A = |

| Hypothesis = Reference

..........................................

o)
\(\‘(O'(d] Reference €<—> Hypothesis




J BARTScore: Evaluation as Generation

e Original * Prompt Learning ' happy today.

I

I’'m happy today.
ﬁ Encoder — Decoder
Encoder — Decoder ﬁ
Today is a sunny day, I'm very In Score =-3
happy. summary,
ﬁ Today is a sunny day, I'm very TL;DR, Score =-2
Today is a sunny day, I’'m very Score = -3 happy.

happy.

—3)+ (-2
Final score = ( )2( )= —2.5

Final score = -3

44



J BARTScore: Evaluation as Generation

—=— \\
O EX
m
BARTScore = ) wqlogp(ely<e,,0) BART,
t—1 fBART Encoder  BART Decoderj
+ T
u ij:\_.l'g$ 411% . Input
Have a great weekend! Generate

P e e T

oood .
: Generation PLpR AR |

5 01 | =4k ! |

..........................................




J GPTScore

[1 Evaluation

B How to evaluate a model as you desire?

Task Specification

p
Generate a summary

\.

for the following text.

Evaluation Sample

Template (

'4 N

Aspect Definition

Text: ...
Summ: ...

” {Task_Specification}
{Aspect_Definition]}

S

Text: {Text}

source text.

REL)The details pr-
ovided by the genera-| -
ted text are consisten
with the details in the

Demonstrated Samples

Tl;dr: {Summ}

)

J A

j )
REL
1 ]
Text: ...
[ | Summ: ...
J

Evaluation Protocol

REL

Generate a relevant summary
with consistent details for the
following text.

Text: {Text} Tl;dr: {Summ}
Text: {Text} TLdr: {Summ} /!
[l
Soa |
Text: {Text} Tl;dr: {Summ}_,ll'
Text: {Text} TLdr: {Summ }—

\J

jdweg ouwR(

Input

GPTScore

Scoring

46



ChatGPT Score

1 Evaluation
B How to evaluate a model as you desire?

prompt:

You are evaluating a response that has been submitted for a particular task, using a specific set of standards. Below is the data:

[BEGIN DATA]

EE

[Task
*kk

1: {input}

[Submission]: {completion}

R

[Criterion]: {criteria}

LS

[END

DATA]

Does the submission meet the criterion? First, write out in a step by step manner your reasoning about the criterion to be sure that your conclusion is correct. Avoid simply stating the correct answers at

Reaso
eval_ty
choice_.

B

criteri
helpf

.

2.
3
: 4.
5
6

2
3
"4":
5
6

ning:
pe: cot_likert
scores:
1.0
(2]
.0
(2]
.0
.0
a:
ulness:
"Not helpful - The generated text is completely irrelevant, unclear, or incomplete. It does not provide any useful information to the user.”
"Somewhat helpful - The generated text has some relevance to the user's question, but it may be unclear or incomplete. It provides only partial information, or the information provided may not be us
"Moderately helpful - The generated text is relevant to the user's question, and it provides a clear and complete answer. However, it may lack detail or explanation that would be helpful for the use
"Helpful - The generated text is quite relevant to the user's question, and it provides a clear, complete, and detailed answer. It offers additional information or explanations that are useful for t
"Very helpful - The generated text is highly relevant to the user's question, and it provides a clear, complete, and detailed answer. It offers additional information, explanations, or analogies tha
"Highly helpful - The generated text provides a clear, complete, and detailed answer. It offers additional information or explanations that are not only useful but also insightful and valuable to t
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N wtses g=a"

Text

Source
Text

|

Generate
Text

d] (Hypothesis,
System output)

Gold
Text

J (Reference)
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N

Text Evaluation .
Purpose of Evaluation:

* Assess the quality of generated text

Human output from a given system
Judgment

Source
Text
Generated
Text

Gold
Text




N

Text Evaluation

Human
Judgment

Source
Text
Generated
Text

Gold
Text

Types of Evaluation:
e Human evaluation
e Automated evaluation




N

Text Evaluation

e.g. Pyramid &
Responsiveness

Source
Text

ESenerated

Text

Types of Evaluation:

Human evaluation



Text Evaluation

e.g. Pyramid &
Responsiveness

e.g. Coherence

Generated @
Text

Gold
Text

Types of Evaluation:

Automated evaluation

Many metrics
Easy way to characterize them



N iwis

Text Evaluation

Judgment
Source
Text
e.g. Coherence
ESenerated

Text

Gold @ e.g. Factuality
Text

e.g. Pyramid &
Responsiveness

Summary

Document




N iwis

Text Evaluation

Human
Judgment

e.g. Pyramid &
Responsiveness

Source
Text

e.g. Coherence

Generated
Text
Gold e.g. Factuality
Text

e.g. ROUGE
BERTScore

Summary




Text

Source
Text
Generated
Text

Gold
Text

Evaluation

Human
Judgment

e.g. Pyramid &
Responsiveness

e.g. Coherence

e.g. Factuality

e.g. ROUGE
BERTScore

Meta Evaluation

Correlation

Correlation

Correlation

..............................................

Purpose of Meta Eval:
* Assess the reliability of
automated metrics



Text Evaluation Meta Evaluation
Human
Judgment
Source
Text
e.g. Coherence
ESenerated]

e.g. Pyramid &

Human Judgment
Metric

-

What’s the reliability?
- Metric Reliability is defined as ...
Correlation _
Metric
Metric
Correlation Human Judgment
Metric

Text

Gold e.g. Fagtuality
Text

e.g. ROUGE
BERTScore




Text

Source
Text
Generated
Text

Gold
Text

e.g. Pyramid &

Responsiveness

e.g. ROUGE
BERTScore

Correlation

Correlation

Meta Evaluation

Correlation

Human Judgment
Metric

What’s the reliability?

Metric
Metric

Metric
Human Judgment
Metric



Text

Source
Text
Generated
Text
Gold
Text

e.g. Pyramid &
Responsiveness

Correlation
Correlation

Correlation

e.g. ROUGE
BERTScore

Meta Evaluation

Purpose of Meta Eval:
e Assess the reliability of

automated metrics
Human Judgment

Metric

What’s the reliability?

Metric
Metric

Metric
Human Judgment
Metric



Text Evaluation Meta Evaluation

Human
Judgment

Meta evaluation dominates the
direction of system optimization?

e.g. Pyramid §
Bra Sac] cney

Source Correlation Human Ridgment . .
Text 7 vidkric Evaluation metric -> systems
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Text Evaluation Meta Evaluation

Human
Judgment

e.g. Pyramid &

Responsiveness
Human Jqument
Metric
What'’s the reliability?
I\/Ietr?c
Metric
Metric
“ Correlation Human Judgment
Metric

Source
Text
Generated
Text

Gold
Text

e.g. CoQerence

e.g. ROUGE
BERTScore
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Text Evaluation Meta Evaluation When calculating reliability
10 Years old! (correlation), we need
10 Years old! Human \  e.g. Pyramid & * Metric judgment
Judgment RESPeRs]

-

Human udgmen e Human judgment
etric

Generated
Text

Gold
Text

Question: Are metrics selected by an outdated evaluation reliable?
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Text Evaluation Meta Evaluation

10 Years old!

e.g. Pyramid &

> Correlation man Judgment
Metric

10 Years old!

Human
Judgment

Generated
Text

Gold
Text

Question: Are metrics selected by an outdated evaluation reliable?

When calculating reliable

S

core, we need

Human judgment
* Gold text

outdated! (e.g. TAC)



Huge gap

)
| Word \

Mover Mover
DUC ROUGE TAC Similarity XSUM Score
2003 2004 2008 2015 2018 2019

DUC JS-2 TAC CNN/ Sentence BERT
2004 2006 2009 DM .I\/I _ove_r Score
2016 Similarity 2020

2019
‘ Summarization dataset

‘ Meta-evaluation dataset ﬁi:lZ{EﬁyE&ja EEE ﬁjg

‘ Automatic evaluation metric

Can meta-evaluation on old datasets be trusted?
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Text Evaluation Meta Evaluation

10 Years old!

Human
Judgment

10 Years old!

e.g. Pyramid &
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> Correlation

Human Judgment
Metric

Generated
Text
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Text

Question: Are metrics selected by an outdated evaluation reliable?

When calculating reliable
score, we need

Human judgment

Gold text
Generated text from
diverse systems
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