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Fine-Tuning on Pretrained LMs

(Standard) fine-tuning: use the pre-trained LMs for initialization and

tuning the parameters for a downstream task

System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 823 932 35.0 81.0 86.0  61.7 74.0
BiLSTM+ELMo+Attn  76.4/76.1 648 798 904 360 73.3 849 568 71.0
OpenAI GPT 82.1/81.4 703 874 913 45.4 80.0 823  56.0 75.1
BERTgAse 84.6/83.4 712 905 935 52.1 85.8 88.9  66.4 79.6
BERTLARGE 86.7/85.9 721 927 949 605 86.5 893  70.1 82.1




Wide Usage of PLMs (Han et al., 2021)

Increasing usage of PLMs
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4 |ssue 1: Data Scarcity

Downstream annotated data may not be large

Task MNLI QQP ONLI  SST-2 CoLA STS-B MRPC RTE
Size 391K 363K 108K 67K 8.5K 5.7K 3.5K 2.5K

—> More practical cases are few-shot, one-shot or even zero-shot settings
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Issue 2: Large-Scale PLMs

PLMs are larger and larger

Model #Params #Layers
ELMo 93M 2 (BILSTM)
BERT Base 110M 12
BERT Large 340M 24
GPT-3 Small 125M 12
GPT-3 Medium 350M 24
GPT-3 Large 760M 24
GPT-3 XL 1.3B 24
GPT-32.7B 2.7B 32
GPT-36.7B 6.7B 32
GPT-3 13B 13B 40
GPT-3 175B (“GPT-3") 175.0B 96

Model Size (in billions of parameters)
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Better Performance from Larger Models

Language understanding performance (Ahmet & Abdullah, 2021)
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Better Performance from Large Models

More types of data for pre-training - diverse capability

Large-scale Large-scale High-Performance
Corpora Parameters Computing Cluster

B .
P .

World Knowledge
Q: Who was president of the United States in 18017
A:  Thomas Jefferson was president of the United
States in 1801

Common Sense Logical Reasoning
Q: How many eyes does a giraffe have? Q: If I have a marble and a paper clip in a box, puta
A:  Agiraffe has two eyes. pencil in the box, and remove the marble, what is left?
A: A paper clip.

Q: How many legs does a frog have?
Q: Whatcity is in the northwest corner of Ohio? A: Afrog has four legs.

A: Toledo is in the northwest corner of Ohio.

Q: If I have two shoes in a box, put a pencil in the
box, and remove one shoe, what is left?

Q: Are there any animals with three legs? A: Ashoe
Q: Who won the World Series in 20217 A:  No, there are no animals with three legs.
The New York Yankees won the World Series in

A Q: I I put a pencil in a box, then put another pencil
2021,

in the box, what is in the box?
A Two pencils.

Q: Why don't animals have three legs?

A:  Animals don't have three legs because they
Q: How many Super Bowls do the Cincinnati would fall over.
Bengals win in the 2030s?

A: The Cincinnati Bengals win two Super Bowls in
the 2030s.

Q: Then if I take out a pencil and put in a frog, what
is in the box?
A Afrog.



Computing Cost of Large PLMs

Training Petaflop/s-days
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Large Space Requirement

Each task requires a copy of a large model

|

PLM
(11B params)

|

A 4

Task A Model
(11B params)

A 4

Task B Model
(11B params)

Y

)

Task C Model
(11B params)




10— Practical Issues of PLMs

Data scarcity

Large PLMs

Higher training cost
Larger space requirement

-> Solution: Prompt-Based Learning



1 Prompt-Based Learning

Leveraging big pre-trained models
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GPT-3 “In-Context” Learning

Zero-Shot

One-Shot

Few-Shot

Translate

cheese =>

Translate

sea otter

cheese =>

Translate

sea otter

peppermint => menthe poivrée

plush girafe => girafe peluche

cheese =>

English to French:

English to French:

=> loutre de mer

English to French:

=> loutre de mer

task description

prompt (F&7R)

task description

example

prompt

task description

examples

prompt

natural language instruction and/or
a few task demonstrations
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Prompt-Tuning

contradiction

Pre-Trained LM

*

[CLS] Vivian likes dancing. [SEP] Vivian loves singing. [SEP] >>> neutral
[CLS] The vacation is coming soon. [SEP] The vacation was over. [SEP] >>> contradiction
[CLS] I am going to have dinner. [SEP] | am going to eat something. [SEP] >>> entailment

[CLS] | like strawberries. [SEP] | hate strawberries. [SEP] >>>

—
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Prompt-Tuning

Pre-Trained LM

*

[CLS] Vivian likes dancing. Is it true that Vivian loves singing? [SEP] >>> maybe
[CLS] The vacation is coming soon. Is it true that the vacation was over? [SEP] >>> no
[CLS] | am going to have dinner. Is it true that | am going to eat something? [SEP] >>> yes

[CLS] | like strawberries. Is it true that | hate strawberries? [SEP] >>>

—



15 Prompt-Tuning

ldea: convert data into natural language prompts
—> better for few-shot, one-shot, or zero-shot cases

[ 3. Verbalizer ]

Pre-Trained LM [ 2. PLM ]

A

Premise? [MASK], Hypothesis [1. Prompt template ]




16 Prompt-Tuning

Prompt template: manually designed natural language input for a task

NLI sample datapoint

Premise Vivian is Jolin’s fans

. "y _ - [CLS] Vivian is Jolin’s fans? [MASK], Vivian loves Jolin.
Hypothesis  Vivian loves Jolin.

Label 0 ‘

0: “entailment” L ___.

1: “neutral”
2: “contradiction” [ prompt template ]




17 Prompt-Tuning

PLM: perform language modeling (masked LM or auto-regressive LM)

Pre-Trained LM

A

Premise? [MASK], Hypothesis
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Prompt-Tuning

Verbalizer: mapping from the vocabulary to labels

1.
OZIT.Z

0: “entailment” yes
1: “neutral” m) maybe

softmax
2: “contradiction” no
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19 Prompt-Tuning

Fine-tuning PLMs based on few annotated data samples
No parameter tuning when zero-shot settings

[3. Verbalizer ]

Pre-Trained LM [ 2. PLM ]

A

Premise? [MASK], Hypothesis [1. Prompt template ]




20 Prompt-Tuning

Prompt-tuning is better under data scarcity (Le and Rush, 2021) due to

It better leverages pre-trained knowledge
Pre-trained knowledge can be kept
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21 LM-BFF: Better Few-shot Fine-tuning of Language Models
(Gao et al., 2021)

ldea: prompt + demonstration for few-shot learning

MLM | | great (label:positive)
head (label:negative) v/
Label mapping M ()

[ [CLS] No reason to watch . It was [MASK]) .

Input it Template —

template generation  |[Afunride <o grea <o}

| A pleasure to watch. <x> great <y>}-{'! Decode

[<S:> This is [MASK].|
|<Sl>A [MASK] one.‘

Training examples for label:positive

1
N
[No reason to watch. <x> terrible <v>}-'|

H en
[This junk. <x> terrible <y>}--------1 - Generated templates
Fine-tune and
Training examples for label:negative evaluate

positive: great, negatwe terrible @A [MASK] one.
Label mapping M (Y Best template



22 LM-BFF: Better Few-shot Fine-tuning of Language Models
(Gao et al., 2021)

Performance with RoBERTa-Large

SST-2 SST-5 MR CR MPQA Subj TREC CoLA
(acc) (acc) (acc) (acc) (acc) (acc) (acc) (Matt.)
Majority 50.9 23.1 50.0 50.0 50.0 50.0 18.8 0.0
Prompt-based zero-shot 83.6 35.0 80.8 79.5 67.6 51.4 32.0 2.0
“GPT-3” in-context learning 84.8 (1.3) 30.6(0.9) 80.5(1.7) 87.4(0.8) 63.8(2.1) 536(1.0) 262(24) -1.5(24)
Fine-tuning 81.4(3.8) 439(2.0) 76.9(5.9 75.8(3.2) 72.0(3.8) 90.8(1.8) 88.8(2.1) 33.9(14.3)
Prompt-based FT (man) 92.7(0.9) 474(25) 87.0(1.2) 90.3(1.0) 84.7(2.2) 91.2(1.1) 84.8(5.1) 9.3(7.3)
+ demonstrations 926(0.5) 50.6(1.4) B86.6(2.2) 90.2(1.2) 87.0(1.1) 923(0.8) 87.5(3.2) 18.7(8.8)
Prompt-based FT (auto) 923(1.0) 49.2(1.6) 855(2.8) 89.0(1.4) 858(1.9) 91.2(1.1) 88.2(2.00 14.0(14.1)
+ demonstrations 93.0 (0.6) 49.5(L.7) 87.7(1.4) 91.0(0.9) 86.5(2.6) 91.4(1.8) 894(L.7) 21.8(15.9)
Fine-tuning (full)f 95.0 58.7 90.8 89.4 87.8 97.0 97.4 62.6
MNLI  MNLI-mm SNLI QNLI RTE MRPC QQpP STS-B
(acc) (acc) (acc) (acc) (acc) (F1) (F1) (Pear.)
Majority' 32.7 33.0 33.8 49.5 52.7 81.2 0.0 -
Prompt-based zero-shot? 50.8 51.7 49.5 50.8 51.3 61.9 49.7 -3.2
“GPT-3” in-context learning 52.0 (0.7) 53.4(0.6) 47.1(0.6) 53.8(0.4) 60.4(1.4) 457(6.0) 36.1(5.2) 143(2.8)
Fine-tuning 458 (6.4) 47.8(6.8) 484(4.8) 60.2(6.5) 544(3.9) 76.6(2.5) 60.7(43) 535(8.5)
Prompt-based FT (man) 68.3(2.3) 705(1.9) 772037 6454.2) 69.1(3.6) 745(53) 655(53) 71.0(7.0)
+ demonstrations 707 (1.3) 72.0(1.2) 79.7(1.5) 69.2(1.9) 68.7(2.3) 77.8(2.0) 69.8(1.8) 73.5(5.1)
Prompt-based FT (auto) 68.3(2.5) 70.1(26) 77.1(2.1) 68374 73922 76223 67.03.00 750(3.3)
+ demonstrations 70.0 (3.6) 72.0(3.1) 77.5(3.5) 68.5(5.4) 71.1(53) 781(3.4) 67.7(5.8) 764(6.2)

Fine-tuning (full) 89.8 89.5 92.6 93.3 80.9 91.4 81.7 91.9




23 |ssues of Discrete/Hard Prompts

Difficulty of manually designing prompts
Prompts that humans consider reasonable is not necessarily effective for
LMs (Liu et al., 2021)
Pre-trained LMs are sensitive to the choice of prompts (Zhao et al., 2021)

Prompt P@]
[ X] 1s located in [Y]. (original) 31.29
[ X] is located in which country or state? [Y]. | 19.78
[ X] 1s located in which country? [Y]. 31.40
X] is located in which country? In [Y]. 51.08



https://arxiv.org/pdf/2103.10385.pdf
https://arxiv.org/pdf/2102.09690.pdf

24 P-Tuning (Liu et al., 2021)

|dea: direct optimize the embeddings instead of prompt tokens

prompt search for “The capital of Britain is [MASK]".

Pseudo Prompts

) Discrete rewards
.+

1

i Prompt Generator

T o o I
The capital of Britain 1s [MASK]
\d \5 \j 1 V i
Input embedding  e(The) e(capital) e(of) e(Britain) e(is) e([MASK])
b ' ' L ' L
Pre-trained Language Model
(GPT, BERT, ...)
[ —

(a) Discrete Prompt Search

Input embedding

Po] --- [P; [Piyi]--- [P
[Po] --- [P3] i i

,,,,,,,

T I *capital  Britain | | [MASK]
' ' v
ho --- h; e(capital) e(Britain) h;y1---h,;, e([MASK])
[ S| ! A

-

Back
~, Propagation

Pre-trained Language Model
(GPT, BERT, ...)

J

(b) P-tuning

Prompt Daesw Acc. | Dgeyzo Acc.
Does [PRE] agree with [HYP]? [MASK]. 57.16 53.12
Does [HYP] agree with [PRE]? [MASK]. 51.38 50.00
Premise: [PRE] Hypothesis: [HYP] Answer: [MASK]. 68.59 55.20
[PRE] question: [HYP]. true or false? answer: [MASK]. 70.15 53.12
P-tuning 76.45 56.25

—— |



25 Prefix-Tuning (Li and Liang, 2021)

ldea: only optimize the prefix embeddings (all layers) for efficiency

Fine-tuning

Transformer (Translation)
T [ 1 [ 1 [ 1 [ 1 [ 1 [ 1 [ 1 [ 1

Transformer (Summarization)
[ 1] [ 1 [ 1 [ 1 [ 1 [ 1 [ 1 [ 1

Transformer (Table-to-text)

I LR

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix
(Translation)

' Prefix
(Summarization)
1

Prefix
(Table-to-text)

Prefix-tuning

Transformer (Pretrained)

Frnrnnl

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)




26 (Soft) Prompt-Tuning (Lester et al., 2021)

Idea: only require storing a small task-specific prompt (one layer) for
each task and enables mixed-task inference using the original PLMs

Model Tuning Model
(_ (11B params) )
al 4 N\
Task A (32 Task A Model
Batch (11B params)
\ Y,
bi 4 N
Task B Task B Model
Batch (11B params)
. J
cl
Task C [¢2 Task C Model
Batch (11B params)
\ J

[ Pre-trained )

Prompt Tuning

Mixed-task
Batch
Al ail
C| ci
B b1
Al a2 (
C| c2

Pre-trained
Model

11B params)

Task Prompts
(20K params each)



27 (Soft) Prompt-Tuning (Lester et al., 2021)

Competitive performance and better space efficiency
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28 |nstruction Tuning (wei et al., 2022)
|ldea: improve model’s capability of understanding the task description

LM for sentence completion

| went to Jolin’s concert last night. | really loved her songs and dancing. It was

Detailed task instruction for LM generation

Decide the sentiment of the following sentences:
| went to Jolin’s concert last night. | really loved her songs and dancing.
OPTIONS: - positive — negative - neutral



29 FLAN: Finetuned LANguage Models (Wei et al., 2022)
|ldea: fine-tune LM to better understand task descriptions via other tasks

(A) Pretrain—finetune (BERT, T5)

7 )
Pretrained Finetune on Inference . .
taskA — * ontaskA (C) Instruction tuning (FLAN)
* Typically requires many Instruction-tune on
task-specific examples Pretrained . , Inference
* One specialized model LM mBand’ tgsks' on task A
for each task ) A
- Model learns to perform Inference on
. many tasks via natural unseen task
(B) Prom ptlng (G PT-3) language instructions
_/

.
Improve performance
via few-shot prompting
Pretrained or prompt engineering _Inference
LM » ontask A
A

b




0. Prompt v.s. Instruction Tuning (wei et al., 2022)

Prompt Instruction tuning

________________________________________________________________________________________________________________________________________________________

Training Input (Commonsense Reasoning)

Here is a goal: Get a cool sleep on summer days.
How would you accomplish this goal?
OPTIONS:

-Keep stack of pillow cases in fridge.
-Keep stack of pillow cases in oven.

Targ et LM
keep stack of pillow cases in fridge Fine-tuning

Inference

________________________________________________________________________________________________________________________________________________________

Input (Translation) Input (Translation)

Translate this sentence to Spanish: The new office Translate this sentence to Spanish: The new office
building was built in less than three months. building was built in less than three months.

Target Target
El nuevo edificio de oficinas se construyé en tres El nuevo edificio de oficinas se construyo en tres
meses. meses.
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31, Task Clusters (wei et al., 2022)
[Ng!;grgl language infgrgngg\ (C:gmmgnggngg\ ( Sentiment h rPgrgphrgggN (cl _book QA r§truct to tgxt\ g Translation h
(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)
(ANLI(R1-R3))( RTE  )||{( CoPA )||( IMDB ) ( MRPC ) ||(ARC (easyrchal) ) | | (CommonGen) | | ( ParaCraw EN/DE )
( ¢cB ) SNLI )||(HellaSwag )||( Sent140 ) QQP ( Na || DART )||(ParaCrawi EnES)
(MmN ) wNu [ PieA (| sST-2 || paws || TQA )[|( E2ENLG ) || (ParaCrawl ENFR)
y éStowCIoze)j é Yelp )J g y L[ WEBNLG 2} (WMT-16 ENICS )
(" Readin m.\rR .m.w?(QOLeim\[ Misc. I ( Summarization \
(5 datasets) commonsense (3 datasets) (7 datasets) (11 datasets)
(BoolQ )( OBQA )|| (2datasets) DPR ((CoQA )(TREC )| | C_AESLC ) ( Multi-News )(_ SamSum )
- ((QUAC )(_CoLA )l | C_AG News )( Newsroom ) (Wiki Lingua EN ) | | ( WMT-16 EN/RU
( DROP J(SQuAD )| | ((CosmosQA | | (Winogrande )| |5~ -Gais | =X D Conrres oo XSum )
y L\( ReCoRD ) ) K( WSC273 ) ) \QFixPunclualion(NLG)_zJ \( Gigaword ) (Opin-Abs: Movie ) . )




32 Zero-Shot Performance of FLAN

Natural language inference
ANLI R2 O %

ANLI R3 a
ANLI R1 C

CB @) *

RTE

Reading comprehension

MultiRC O
OBQA o
BoolQ

Closed-book QA

NQ O Y
ARC-c O ) ¢

TQA O *

ARC-e

Translation

ENtoRO O ) ¢

EN to DE @) *

EN to FR O D¢

FR to EN 0 3

RO to EN o ‘x'
DE to EN @) y ¢

O%

Y FLAN 1378

O LaMDA-PT137B

GPT-3 175B

GLaM 64B/64E
Supervised model

T T T T T T T
0 20 40 60

Zero-shot performance

|
80

1
100

FT: no instruction

Eval: instruction 37.3

FT: de}taset name 46.6
Eval: instruction

FT: dataset name 470

Eval: dataset name

FT: instruction
Eval: instruction _55'2
(FLAN)
20 30 40 50 60
Zero-shot performance

(4 task cluster avg.)



33

Zero-Shot Performance of FLAN

Combine with prompt-tuning

Performance after

prompt tuning

B Instruction-tuned model

—he
nND O N o
o O O o

o

Untuned model

79.1
63.8

78.1

87.4

32 training Full training

examples

set

Model size requirement

Performance on held-ouft tasks

70 : :
Instruction tuning

[}
o

Untuned model

a
o

on 13 held-out tasks (%)
N

Average zero-shot accuracy

30 0.4B 2B 8B 68B 137B

Model Size (# parameters)
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Trend of Prompt-Based Research
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35 Prompting Paradigm (Liu et al., 2021)

Paradigm Engineering Task Relation
CLS TAG []: unsupervised
. . Features [ wm []
a. Fully Supervised Learning (e.g. word identity, part-of-speech, O OJ: supervised
(Non-Neural Network) sentence length)
‘ []GEN = textual prompt
CLsS TAG
) . Architecture ] w []
wa:rlg ;‘;F‘igﬁ; d Learning (e.g. convolutional, recurrent, L]
self-attentional)
[ 1GEN
CLS TAG
Objective A, v F
c. Pre-train, Fine-tune (e.g. masked language modeling, g
next sentence prediction) l
[-]GEN

d. Pre-train, Prompt, Predict

Prompt (e.g. cloze, prefix)




36  Prompting Typology (Liuetal. 2021)

[ Prompting

Pre-trained Models

— Left-to-Right LM |— GPT; GPT-2; GPT-3

Prompt Engineering

)
)

Answer Engineering
J

Multi-Prompt
Learning

Prompt-based
Training Strategies

Masked LM  }— BERT; RoBERTa
Prefix LM |— UniLM
i Encoder-Decoder ]— T5; BART

Prefix LM

OO0
inan
00

N 5 ¥ Y



37 Prompting Typology (Liu et al., 2021)

Pre-trained Models

- ]_—[ Cloze
ape
) — - Prefix
Prompt Engineering 3
§ ) — Hand-crafted | Discrete )
iscrete

—) 0 ) \_Effort — Automated ix-Tuning;

[Promptlng ] \ Answer Engineering ) Continuous ]— i;ﬁﬁ;xpfﬁu”;?r?é
Multi-Prompt
Learning

Prompt-based
Training Strategies



38  Prompting Typology (Liuetal., 2021)

[ Prompting

)

Pre-trained Models

Prompt Engineering

r

)

-

~N

Answer Engineering
J

Multi-Prompt
Learning

Prompt-based
Training Strategies

—[ Token ]
—[ Span ]

—[ Sentence ]— GPT-3; Prefix-Tuning
4[ Hand-crafted ]

Discrete LM-BFF
—[ Automated ]—E ]_

Continuous ]




39 Prompting Typology (Liuetal., 2021)

[ Prompting

Pre-trained Models

Prompt Engineering

)
)

Answer Engineering

Multi-Prompt
Learning

Prompt-based
Training Strategies

Prompt
Ensemble

Prompt
Augmentation

Prompt

Composition

Prompt
Decomposition

Prompt
Sharing

Input | Subject: China; Relation: isCapital

PRI[ China’s capital is [MASK].

PR2( [MASK] is the capital of China.

PR3 The capital of China is [MASK]. Input [ Add up two numbers: 6, 8

LM-BFF Ans-PRI' | 1+1=2
Ans-PR2 [2+5=9 :]

PR | 6 + 8 = [MASK]
Input (X) | Google became a subsidiary of Alphabet.

Sub-PR1 | [X] The [MASK] Google.
Sub-PR2 | [X] The [MASK] Alphabet.

Sub-PR3 | [X] Google [MASK] Alphabet.
PR T
[ 0X] The [MASK] Google [MASK] the [MASK] Alphabet. —»

Input (X) | Mike went to New York yesterday.

[X] Mike is [MASK] entity type,
New York is [MASK] entity type.

|
Sub-PR1 [ [X] Mike is [MASK] entity type.
Sub-PR2 [ [X] New York is [MASK] entity type.

Movie Review (X1) | Really awesome movie!
Prompt 1 ( Movie: [X1] This is [MASK]. ]
Prompt 2 | Product: [X2] This is [MASK].

PR

l

Template | [Domain_name]: This is [MASK].

Product Review (X2) | It’s very easy to use!
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42 Concluding Remarks

Prompt-Tuning: manually designed natural language prompts
Human-understandable prompts
Sensitive to choices of prompts
Also work for one-shot/zero-shot settings

LM-BFF: prompt-tuning + demonstration + template generation
Better performance

P-Tuning: tuning the input (prompt) embeddings
Better performance via soft prompts

Prefix-Tuning: only optimize the prefix embeddings (all layers)
Better training time/space efficiency

(Soft) Prompt-Tuning: store task prompt and mixed-task learning

Updating less parameters
Better robustness

Instruction Tuning: tuning LMs for understanding task instructions
Better zero-shot performance



