R AEESIEER
M iE A B BR 155

Finetune vs. Prompt
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“A mouse riding on the head of an
elephant, using reins to steer the giant
creature.” (powered by Midjourney )
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/gt — YIRS The Natural Language Decathlon: Multitask Learning as Question Answering
/H\H Tﬂ- . }ﬁ% ﬁj_ . 1
https://arxiv.org/abs/1806.08730

- =,
Question Context Answer Question Context Answer
u:rfhg;i:ET:JE;:::F;:?:,E;EHD,—, -'-,S.?Iefrl.?rnf_ﬂffrflzftlal:s;f;;{:l mMajor economic What has something Areas '.af the Baltic that have tronhicatic

i ) ST R ~enter experienced? experienced eutrophication.
to California and the US? of California and the US....
Cycle of the Werewolf is a short
What is the translation Most of the planet is Der Grofiteil der Whao is the illustrator of novel by Stephen King, featuring Bernie Wrichtson
from English to German? ocean water. Erde ist Mearwasser Cycle of the Werewolf? illustrations by comic book artist ) -
Bernie Wrightson.
What is the larry P tter star Danie Harry Potter star What is the change in Are there any Eritrean food: | -
summary? Radclire gains arcess toa Daniel Radcliffe gets dialogue state? restaurants in town? - I
reported £320 million fortune... £320M fortune...
Hypothesis: Product and geography Premise: Conceptually cream What is the translation The table has column names... J"L:II_ notes from table
are what make cream skimming skimming has two basic Ent nt from English to SQL? Tell me what the notes - _r,', ¥ Elooar
work. Entailment, neutral, dimensions — product and geography. are for South Australia . “I.'j_,'l - _]-‘{" 1._
or contradiction? South Australia
A stirring, funny and finally lean made sure o thank
I= this sentence transporting re-imagining of nesitiv Who had given help? Susan for all the help
or negative? Beauty and the Beast and . or Joan? she had given.
1930s horror film.
s AN A

Ask Me Anything: Dynamic Memory Networks for Natural Language Processing
https://arxiv.org/abs/1506.07285
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W Provide ten concise prompts or templates that can make you translate.

"Translate this sentence from English to French: __"

"What does this word mean in Spanish? __

"Can you help me translate this paragraph from Chinese to English? __

1. "Please provide the German translation for this phrase: __
"| need the Japanese translation of this word: __"
"Translate this sentence from Russian to English: __

"What is the Arabic translation for this phrase? __ "

Is ChatGPT A Good Translator?
A Preliminary Study

8. "Can you help me translate this message from Korean to English? __

"Please provide the Italian translation for this word: __"

https://a rxiv.org/a bS/2301.08 0. "l need the Dutch translation of this sentence: __"
745
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De-En Ro-En Zh-En
System
= <= =% — =% <=
Google 45.04 41.16 50.12 46.03 31.66 43.58
DEE[]L 49‘.23<+u..=f: b 4] 415-{ H T Sﬂ'ﬁ 1 (LD 48.39-+?~.L':i I 3 1 22- -1.3%) 443 ]<+1.hf: b
Tencent n/a n/a n/a n/a 29 09629  46.060:55%)
ChatGPT 43.71i20%  38.870ss%  44.95003% 24.850as0%y  24.73218%  38.2701201%
De-Zh Ro-Zh De-Ro
System
= <= =% — =% <=
Is ChatGPT A Good Translator?
A Preliminary Study Google 38.71 21.68 39.05 25.59 33.31 32.27
DEE[]L 4[].46'{+4.."-“1 b 22 .82-:#-.!“: b 38.95|-u.:f: b 25 .39--(1 T4 35 ] 9-+?~.h'-i I 34.27‘”&.1*: b
https://arxiv.org/abs/2301.08 Tencent  40.66:50% 194403 n/a n/a n/a n/a

745 ChatGPT 34.46cwes;  19.80ss%  30.84c20% 19170250 333802 29.8%73%
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System COMET-22 COMETKkiwi ChrF BLEU | COMET-22 COMETkiwi ChrF BLEU
DE-EN EN-DE
WMT-Best 85.0 8$1.4 58.5 334 87.2 83.6 64.6  38.4
~text-davinci-002 | 73.2 731 461 233 | 820 790 560 @ 286
text-davinci-003 848" 81.2° 56.8 309 85.6" 82.8" 602° 318"
ChatGPT 84.8* 81.1 58.3* 334° 84.2 81.0 59.6 30.9
ZH-EN EN-ZH
WMT-Best 81.0 77.7 61.1 335 86.7 82.0 41.1 44.8
" text-davinci-002 | 741 731 0 496 206 | 840 790 0 321 364
text-davinci-003 81.6" 78.9" 56.0°  25.0 85.8" 81.3° 34.6 38.3
ChatGPT 81.2 78.3 56.0  25.9° 84.4 78.7 36.0° 403"
RU-EN EN-RU
WMT-Best 86.0 81.7 689  45.1 89.5 84.4 583 324
How Good Are GPT Models at " text-davinei-002 |~ 775 76 587 349 | 84 809 516 251
) . text-davinci-003 84.8* 81.1° 64.6 385 86.7 82.2° 540" 275°
Machine Translation? A ChatGPT 84.8* 81.0 66.5*  41.0° 77.6 70.4 41.1 19.0
Comprehensive Evaluation FR-DE DE-FR
WMT-Best 89.5 80.7 81.2  64.8 85.7 79.5 746  58.4
) . text-davinci-002 66.6 67.9 458 ~ 259 647 676 4456 245
https://arxiv.org/abs/2302.09 text-davinci-003 84.6 77.9 65.7* 425" 78.5 76.1 58.9 35.6
210 ChatGPT 84.7" 78.5" 65.2 42.0 R1.6" 79.8" 607" 373"
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How to use BERT — Case 1

class

. Random
Linear o *=p ..~ .
8 : initialization

L Init by pre-train

Input: sequence
output: class

Example:
Sentiment analysis

i thisis good

v
positive

This is the model
= to be learned.

[z2282021] BEEENXEE (Self-supervised

Learning) (—) - BERT&& 7T

https://youtu.be/ghOhewYkjgo
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bertForSequenceClassification

class
Linear Trained from Input: single sentence
Classifier Scratch Ul IIN '
output: class
Example:
4 4 Sentiment analysis (our
A A ...
BERT=PFine-tune Document Classification
WREF : SST-2, ColA
[C[S] w; W, W3
sentence
R ¥16) F 5 FR1EFS
bertForSequenceClassification
Class Input: two sentences, output: class
t Example: Natural Language Inference
U Given a “premise”, determining whether

a “hypothesis” is T/F/ unknown.

BERT ]

t t t | t t t
[CLS] Wy W, [SEP] W3 Wy Wsg
Sentence 1 Sentence 2
R © MNLI, QQP, QNLI, STS-B, MRPC, RTE, SWAG

IN49ME (Head)

BE—0) FEFETS
bertForTokenClassification

class class class

t t t
Linear Linear Linear  |npyt: single sentence,
Cls Cls Cls output: class of each word
t t t
! 1 | 1 Example: Slot filling
BERT Jarrive _Taipei_on_November 2+ |
J I | I 1
other dest other time time
[ t t t g sy )
[CLS] w, w, W3 WEREH : CoNLL-2003 NER
sentence
REE

bertForQuestionAnswering
L3 0.
t 1

Learned
from scratch Softmax

0 2 0i7
s=2,e=3
The answer is “d, d3". dot product = % /\
1 | | t t |
BERT ]

t t t t t t t
[CLS] @ q; [SEP] d; d, d;
question document
P R{EFS - SQUAD v1.1, SQUAD 2.0

Source of image: https://leemeng.tw/attack_on_bert_transfer_learning_in_nlp.html
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Initialization

Finetune
Update network parameters by
gradient descent

Good morning! =——



¥R F) AR AL B N 3E — Adapter

Initialization

Finetune

HEERE
Good morning! —-> —fp 777 €
. Adapter

. .
------------------------------

Update parameters in the adapter
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LayerNorm I .

w4

| Feed-Formard & |

Lafta
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v . N | ]Hidun Siales | I
https://adapterhub.ml/ ; E
Source of image:

https://arxiv.org/abs/2210.06175
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llllllllllllllllllllllllllllllllllllllllll

*
.

=
%
~F 1 EAREEEA]

100 & adapter



MiE A E T SR MR AR EASL T

c HiG— : BAET

SRR MBEWNOEN — This course
ANBEESERE .. » is about ......

« BB pNAEBL
¥ PN O ENRE

BB T (] REY e —— This course
S FUEE = 5 7 IS about

T=HAA /3™

LS




WRTREE

/

(i

/

RS, eE H BB

#—3 My 0 BHEfEE
4HM L 158 B —EEK -
# 4R ﬁA%ﬁ%%iﬂ s

FAamEA-B-C D wia:Z5E ¢
EHREE -

A.

o 0w

It's e1ght o'clock now. Sue

study
studies
studied

1s studying
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~

1n her bedroom.
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Instruction Learning

35 In-context Learning



How to use GPT?

#—8fy - Wkdeibik
AR 150 - HMA—@EH - WUEMHFEA-B-C-D mi:gé

[ R RASMEBELY - AL SR - ] AT GPT AR BIR

- Description BERT — X EMHESE! ?

It's enght o'clock mow, Sue in her bedroom. -

A .xi-;l:.- * _FaﬁgA OpenAI %j-}\j/\

C. i Al ARSI

D s studying

EEERAD AASRELERHS - « X4 BERT 2418 G

28 RIFFEEK?

[##2222882021] EEEIN A (Self-supervised

F

) - GPTRYEFE

Learning) (

https://youtu.be/WY_E0Sd4K80
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It's e1ght o'clock now. Sue

study

. studies
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. 1s studying
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In-context Learning
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Rethinking the Role of Demonstrations: What
Makes In-Context Learning Work?

Ref: https://arxiv.org/abs/2202.12837
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Rethinking the Role of Demonstrations: What
Makes In-Context Learning Work?

| n _CO nteXt I—ea rn I n g Ref: https://arxiv.org/abs/2202.12837

Classification

Macro-F1 (%)
[#5] L [ Fiy (4] [}
= R (= i f= n

[~
o

Accuracy (%)
EoN £n L =] &h |
o [ Ln [=] Ln =

e
=]

L
“

[ No Demos T Demos w/ gold labels B0 Demos wi random labels

Direct Channel Direct Channel Direct Channel Direct Channel Direct
GPT-2 GPT-2 MetalCL MetalCL GPFT] GPT-] fairseq 6.7B  fairseq 6.7B fairseq 13B fairseq 138 GPT-3 GPT-3

Multi-choice

M No Demos 7 Demos w/ gold labels B Demos w/ random labels

Direct Direct Channel Direct Channel Direct Channel

Direct Channel

GPT-2 GPT-2 MetalCL MetalCL GFT] GPT] fairseq 6.7B  fairseq 6,78  fairseq 13B  fairseq 13B GPT-3 GFPT-3




Rethinking the Role of Demonstrations: What
Makes In-Context Learning Work?

| n _CO nteXt I—e a rn I n g Ref: https://arxiv.org/abs/2202.12837
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In-context Learning

Rethinking the Role of Demonstrations: What

Classification

Direct MetalCL

Channel MetalCL Direct GPT] Channel GFI-]
Multi-choice

Direct MetalCL

Channel MetalCL Direct GPT-] Channel GPT-]

Makes In-Context Learning Work?
Ref: https://arxiv.org/abs/2202.12837

FLI M
© Gold labels v o
B Random labels v X
o 00D + Random labels + « X X
B No demonstrations XX x x

F: Format

L: Label space

I: Input distribution

M: Input-Label Mapping



In-context Learning
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Rethinking the Role of Demonstrations: What
Makes In-Context Learning Work?

Ref: https://arxiv.org/abs/2202.12837
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Rethinking the Role of Demonstrations: What
Makes In-Context Learning Work?

| n _CO ntEXt I—e a rn I n g Ref: https://arxiv.org/abs/2202.12837

60 Classification 60 Multi-choice
55 55
50 50
-
o e
S 45 = 45
@ &)
2, <
40 401
Demos w/ gold Demos w/ gold
Demos w/ random Demos w/ random
3575 4 16 32 355 4 16 32

8 8
k k



Finetuning

In-context Learning oPT cPT

(Sentence1, Answer1) (Sentence2, Answer2)

il — e = =

- =

Back-Propagation

I
]
v

Gradients AWy

&
In-Context Learning Dual
View Answer
+
GPT o
Feed-Forward Network
v '
Meta-Gradients AW ¢ js
R " Self-Attention
Forward ¥
Computation
. H i -
httpS //a rXIv.0 rg/a bS/22 12.10559 (Sentence1, Answer1) (Sentence2, Answer2) (Sentence, 7)
https://arxiv.org/abs/2211.15661 ' —

Demonstration Examples Cuery Example



In-context Learning

100

Accuracy (%)
N B Oy
o oo & o

0 25 50 75 100
% flipped labels

Codex

0 25 50 75 100
% flipped labels

100
80
60
40
20

0

Ref: https://arxiv.org/abs/2303.03846

InstructGPT
100

0 25 50 75 100
% flipped labels

—4— PalLM-540B —e— code-davinci-002 —+— text-davinci-002

PalLM-62B
PalLM-8B
Random

—e— code-davinci-001

—a— code-cushman-001

Random

text-davinci-001
text-curie-001
text-babbage-001
text-ada-001

0 25 50 75 100
% flipped labels

—e— davinci

—de— CUrlie
babbage
ada

Random



Ref: https://arxiv.org/abs/2303.03846

In-context Learning

. . . Input: 680, 841, 842, 496, 204, 985, 546, 275, 453, 835, 644, 1, 308, 5, 65, 160
* Classification!
Output: Bar

Input: 193, 101, 270, 957, 670, 407, 104, 23, 569, 708, 700, 395, 481, 105, 234, 785
Output: Foo

Input: 16, 409, 28, 668, 53, 342, 813, 181, 963, 728, 558, 420, 975, 686, 395, 931
Output: Bar

Input: 448, 421, 190, 246, 413, 766, 463, 332, 935, 911, 304, 244, 876, 93, 236, 695
Output: Foo

Input: 632, 318, 49, 138, 602, 508, 924, 227, 325, 767, 108, 254, 475, 298, 202, 989
Output: Foo

Input: 412, 140, 30, 508, 837, 707, 338, 669, 835, 177, 312, 800, 526, 298, 214, 259
Output:

Answer:

Bar



In-context Learning

100

Accuracy (%)
= &
o & S

g
o O

1 2 4 &
# dimensions

100
80
60
40
20

Ref: https://arxiv.org/abs/2303.03846

1 2 4 8 16 32 64

# dimensions

PalLM-540B
PalLM-62B
PalLM-8B
code-davinci-002
code-davinci-001
code-cushman-001
SVM

Random



https://arxiv.org/abs/2110.15943

Learning In-context Learning

00 Example for translation Input for translation el ===  Qutput for translation
c

[=

©

- Example for QA Input for QA m—l g Output for QA

o]0

=

7 Example for NLI Input for NLI m—l g Output for NLI

@

NLI = Natural Language Inference
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It's e1ght o'clock now. Sue

A. study

B. studies

C. studied

D. 1s studying
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1n her bedroom.
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Instruction-tuning
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Summarization

Poundland store on Whymark Avenue [...] How

The picture appeared on the wall of a

would you rephrase that in a few words?

Sentiment Analysis

Ve

-

Review: We came here on a Saturday night
and luckily it wasn't as packed as I
thought it would be [...] On a scale of 1
to 5, I would give this a

J

Question Answering

.

-
I know that the answer to “What team didj\

the Panthers defeat?” is in “The Panthers
finished the regular season [...]". Can
you tell me what it is?

Multi-task training

Zero-shot generalization

Natural Language Inference

https://arxiv.org/abs/2110.08207

Graffiti artist Banksy
is believed to be
behind [...]

Suppose “The banker contacted the professors

and the athlete”. Can we infer that "The
banker contacted the professors"?




Instruction-tuning

FLAN (Finetuned Language Net)
https://arxiv.org/abs/2109.01652

A

' k M i Sentiment \( Paraphrase b Fun-%mﬂntl-tnt-'-'rht ) Fﬁ.tmﬂ.tn_tm_\ [ Translation i
(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)
(ANLI(R1-R3) ) RTE ) {(_ CoPA )| IMDB  J|{(C MRPC )||(ARC (easyicnal))| | (CommonGen ) | | (ParaCrawi ENDE )
( cB ) SNU )| |(HellaSwag )||( Sent140 ] aar  )||( NQ M| DART )||(PareCrawiEneS)
( MmNLE ) who ) PiGA )| ssT-2 )| Paws )||( TQA )||(_E2ENLG )||(ParsCraw ENFR)
g QNLI ) ) éﬁtﬂwCquEl J: Yelp jﬁ (818 )| J\(LWEBNLG J‘, (wmT-16 ENICS )
o,
(WMT-16 ENIDE )
( | (Read. comp. wi) [ Coreference - mise. | [ Summarization ) (WMT-16 EN/FI )
(5 datasets) commonsense | | (3 datasets) (7 datasets) (11 datasets)
(“Bool )(OBQA)|| (2datasets) || ppr )| (TooA)(TREC)| |(CAESLC ) (Muli-News )(_SamSum ) EWMME E“mg
. QuAC ) CoLA ) AG News ) Newsroom )({ Wiki Lingua EN WMT-16 EN/RU
( DROP )(SQuAD)||( CosmosQA )| |( Winogrande ) T €D gmgmgﬁ (o )
ul[ ReCoRD L é WSC273 ]J (FPurcmien w51 | (CGigaword ) (Opin-abs: Move )

A

. W,




. . FLAN (Finetuned Language Net)
| n St r u Ct I O n _t u n | n g https://arxiv.org/abs/2109.01652

Premise Template 1 Template 3

('Russian cosmonaut Valery Polyakov (<premise> ) f‘; ead the following and N
ﬂ:;ﬁ;ﬁ?ﬁg;?;}%ﬁ: zt e Based on the paragraph determine if the hypothesis can
space, a staggering 438 da'yrge above, can we conclude that be inferred from the premise:
between 1994 and 1995. <hypothesis>? Premise: <premise>

~ g <options> Hypothesis: <hypothesis>
Hypothesis # N /| TYPOMESS: <Iyp

<pptions>
Russians hold the record for the ~
longest stay in space. <premise> \ v
Target o Can we infer the following? Template 4. ...
ptions: _ lempiate 4. ...

Entailment - ¥es <hypothesis> [1 _-)

Mot entailment - C:c-ptinns:-




FLAN (Finetuned Language Net)

Instruction-tuning nttps://arxiv.org/abs/2109.01652

.~ GPT-3175B zero shot [l GPT-3 175B few-shot B FLAN 137B zero-shot

Performance
on unseen
task types

Natural language inference = Reading Comprehension Closed-Book QA



Ref: https://arxiv.org/abs/2201.11903

Chain of Thought (CoT) Prompting

Standard Prompting
Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

Model Output

A: The answer is 27. x



Finetuned GPT-3 175B

Prior best

PalLM 540B: standard prompting

B Pal.M 540B: chain-of-thought prompting

NI

100
< 80
gﬁo //5/5
A 28 é%

Ref: https://arxiv.org/abs/2201.11903 Math Word Problems (GSMSK)



Ref: https://arxiv.org/abs/2205.11916

Chain of Thought (CoT) Prompting

(a) Few-shot

él;nger has 5 tennis balls. He buys 2 more cans of te®

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A

(Output) The answer is 8. X

(b) Few-shot-CoT

ﬁﬁuger has 5 tennis balls. He buys 2 more cans of lem
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A

(Output) The juggler can juggle 16 balls. Half of the balls are golf

N /

balls. So there are 16/ 2 = 8 golf balls. Half of the golf balls are
W. So there are 8 / 2 = 4 blue golf balls. The answeris 4. +




Ref: https://arxiv.org/abs/2203.11171

Chain of Thought (CoT) Prompting

Self-consistency

ﬂ): If there are 3 cars in the parking
lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot

already. 2 more arrive. Now there are
3 + 2=5cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells

much does she make every day?

Sample a diverse set of
reasoning paths

She has 16 - 3- 4 =9 eggs
left. So she makes $2* 9 =

Marginalize out reasoning paths
to aggregate final answers

. |

| The answer is $18. \

Language
model

the remainder for $2 per egg. How

Qz

she bakes muffins, so she
has 13 - 4 = 9 eggs left. So
she has 9 eggs * $2 = $18.

she has 16 - 3 = 13 left. Then |

$18 per day. | ) ‘\
i
This means she she sells the | i \
remainder for $2 * (16 - 4 - 3)  The answer is $26.
= $26 per day. |
} J
She eats 3 for breakfast, so | )

| The answer is $18.

| )
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Ref: https://arxiv.org/abs/2205.10625

Chain of Thought (CoT) Prompting

Least-to-most
prompting

Froblem Reduction

Q: It takes Amy 4 minutes to climb to the top
of a slide. It takes her 1 minute to slide down.
The water slide closes in 15 minutes. How

many times can she slide before it closes?

Language

A: To solve "How many times
can she slide before it
closes?", we need to first
solve: "How long does each
trip take?”

Model

Subguestion 1

Append model
answer to
Subguestion 1

It takes Amy 4 minutes to climb to the top of a
slide. It takes her 1 minute to slide down. The
slide closes in 15 minutes.

Q: How long does each frip take?

ﬂ—tal-.es Amy 4 minutes to climb to the top {:h

a slide. It takes her 1 minute to slide down.
The slide closes in 15 minutes.

Q: How long does each trip take?

| A:lttakes Amy 4 minutes to climb and 1

minute to slide down. 4 + 1 = 5. 5o each tnip
takes 5 minutes.

Subguestion 2 —

Q: How many times can she slide before it

\ Sosee? J

A: It takes Amy 4 minutes to
climb and 1 minute to slide
down. 4 + 1 = 5. 5o each trip
takes 5 minutes.

Language
Model

A: The water slide closes in
15 minutes. Each trip takes 5

Language minutes. So Amy can slide
Model 15 + 5 = 3 times before it
closes.
o S




Ref: https://arxiv.org/abs/2205.10625

Problem Reduction

/A: To solve "How many times\

Q: It takes Amy 4 minutes to climb to the top G
of a slide. It @kes her 1 minutg to slide down. Language BT we need to first
The water slide closes in 15 minutes. How Model e How long does each
many times can she slide before it closes? trip take?"
. P

Stage 1

Q: The Seahawks played the San Francisco 49ers. In the first quarter, the "Hawks RB Julius Jones
got a 27-yard TD run, along with DT Craig Terrill returning a fumble 9 yards for a touchdown. In
the third quarter, the 49ers almost rallied as RB T. J. Duckett made a 12-yard TD pass to Lucas
Nelly, along with Mare kicking a 32-yard field goal. How many yards do the shortest touchdown
run and the longest touchdown pass combine for?

A: To answer the question “How many yards do the shortest touchdown run and the longest touch-
down pass combine for?”, we need to know: “How many yards was the shortest touchdown run?”,
“How many yards was the longest touchdown pass?”.

Q: The Steelers went home for an AFC North duel with the Baltimore Ravens. Pittsburgh would de-
liver the opening punch in the first quarter with a 1-yard touchdown run from running back Rashard
Mendenhall. The Ravens would make it even in the second quarter as running back Willis McGahee
got a 9-yard touchdown run. The Ravens kicker Billy Cundiff got a 45-yard field goal in the second
quarter and a 33-yard field goal in the third quarter. Game ended with a scoreless fourth quarter.
How many points did the Ravens have at halftime?

A: To answer the question “How many points did the Ravens have at halftime?”, we need to know:
“What were all the scores the Ravens had at halftime?”.
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Hard Prompt Soft Prompt
Good Good
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Trained by task-specific labeled data

Adapter at the input?



https://arxiv.org/abs/2206.03931

1% e2 2K Prompt

» Using reinforcement learning

C(6(x, 1))
Response

w

BlenderBot
DialoGPT



e Using an LM to find prompt

https://arxiv.org/abs/2211.01910

1% e2 2K E Prompt

Forward Generation Template

[ gave a friend an instruction and five inputs.
The friend read the instruction and wrote an

output for every one of the inputs. Here are
the input-output pairs:

Input (1] Output: [A]]
Input [Q5] Output: [Ag]

The instruction was <COMPLETE=>

n}% /;J/Z'_Ei/j HEZEJ—_EEtEE E




https://arxiv.org/abs/2211.01910

e K% Prompt
/-1 LLM:s as Inference Models_}\

Professor Smith was given the
following instructions: <INSERT>

Here are the Professor’s responses:

# Demostration Start
Input: prove Output: disprove

Input Output: off SEopo.
nput: on utput: o
3 . :> write the antonym of the word.
# Demostration End : q ,
\ / give the antonym of the word provided.

reverse the input.

to reverse the order of the letters




https://sites.google.com/view/automatic-prompt-engineer

No. Category Zero-shot CoT Trigger Prompt Accuracy
| APE Let’s work this out inia step by step way to 820
be sure we have the right answer.
2 Human-Designed Let’s think step by step. (1) 78.7
3 First, (*2) 77.3
+ Let’s think about this logically. 74.5
5 Let’s solve this problem by splitting it into 779
steps. (*3) '
6 Let’s be realistic and think step by step. 70.8
7 Let’s think like a detective step by step. 70.3
3 Let’s think 57.5
9 Before we dive into the answer, 55.7
10 The answer is after the proof. 45.7

- (Zero-shot) 17.7
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To learn more ......

 AACL 2022 Tutorial: Recent Advances in Pre-trained Language Models:
Why Do They Work and How to Use Them

* Link: https://d223302.github.io/AACL2022-Pretrain-Language-Model-
Tutorial/
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