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- Prefix-Tuning: Optimizing Continuous Prompts for Generation

Prefix-Tuning: Optimizing Continuous Prompts for Generation

W EERE . https: //arxiv. org/pdf/2101. 00190. pdf

KA EEEE: https://github. com/Xiangl.i1999/PrefixTuning




- Background and Motivation
Fine-tuning

Transformer (Translation)
|j] - - - . . - O .
\ N . W, Transformer (Summarization)
A B TN R R )| G AR E H & - = e = o= om omom

1. Fine-tuning: £ —# & Flp s, FFI% A% =M | Tanstrme e
D3 R T AE S, B R 3 R B R B N E N NN RN
BrE B R AEY, RERESTFENTANES, HE |
FRE-AFEBGHHEAEA, FHRE e e

2. Lightweight fine-tuning: [ & & 4 A # 4 # F)I 28 5 4K,
T G .
7 LI A DL T R B H 4 S Tanstormer (Fravained
(adapter-tuning, FUIGIE S 1A% B 2 GBS 11111111

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

Prefix-tuning

MFfine—turning M E H &8y, AX 4% H T prefix—tunning, #MNEF A ML EMEF R ENSEH, FH
prefix HEMEIHE A MNKFFHR, ARG AN FIH—o. EHRAry, 7008 FH8E XT3

© T F B A B Transforner B2 WHE 258 A, HTFEIFLSRERMOBEK. 5E5HK
W EAML, prefix—tuning B E B T ENMELS T ENBINFREE,




- Problem Statement

F E £ Etable-to—textff % fisummarizationff % (conditional generation) , ¥ Acontext x,
Hsequence of tokens y, # T TransformerZEAyayAEAl, T I &4 A i E 4% F T — A tokenHy #E
e

5
[

2=z y] RELHHERT, Xiax 7 Yiex 7 BFFMindices, hy € R? 2FEHES i T

"'Ifli'

{
A

YOS 1R

hi = Lﬂf@(zi, h‘»::i)

e r

h, ®1% G — B R FiTE T — 4 token# 4 i :
T
Ds(zis1|hs) = softmax(ﬁ}hi )
n F F % fine—tuning, 23 A W

mgx logps(y | ) = Z log pg (2 | h<i)

2;';~;—1-|f'irlz-;



M et h (0] d Autoregressive Model (e.g GPTz2) Summarization Example

PREFIX & soirce tabla| y"lmﬂ“mn“ul Article: Scientists at University College London discovered people
I 11 1 tend to think that their hands are wider and their fingers are
shorter than they truly are.They say the confusion may lie in the
way the brain receives information from differemt parts of the
body.Distorted perceptiorg may dominate in 5(]:me people, leading to
s 3 body image problems ... [ignoring 388 words] could be very
hctivatlon hl h2 h3 h"‘ h's hﬁ h'r h@: h'g hm h” h'u hla h“ h's motivating for people with eating disorders to know that there was
a biological explanation for their experiences, rather than
Indexing I1 21 [3 4 5 6 7 8 1 19 19 11 12 13 14 15 1 f“lmﬁ it was their fault."

Summary: The brain naturally distorts body image -
Piax = [1,2] Kigx = [3,4,5,6,7, 8] Yige = [9,10,11,12,13, 14, 15] a finding which could explain eating disorders like |

anorexia, say experts.

Harry Potter , Education , Hogwarts [SEP] Harry Potter is graduated from Hogwarts

J
Encoder-Decoder Model (e.g. BART) PREFIX
PREFIX L (source table, PREFIX' Y nargeruuerance; Table-to-text Example
I 1l | | 11 Table: name[Clowns] customer—
oA Harry Potter , Education , Hogwarts ISEP] Harry Potter (s graduated from “DQWNTJ rating[1 out of 5] eatTy['pelcoffee
shop] food[Chinese] arealriverside]
Activation  p, by,  hy hy hs he by hs hg  hi  hu ki hig by by hie har near[Clare Halll
Textual Description: Clowns is a
11 12 13 14 15 16 17 coffee shop in the riverside area
Amitxciog P A e R - ml 1 1 near Clare Hall that has a rating
Por=11,2] Xux=13.4,5.6,7,8| Pux +=[0,10]  Yige = [11,12,13,14,15,16,17] S INEORS o T e e

HI0—"prefix, decoderfz=/ z = [prefix; z;y|, encoder-decodert&BiFEK <A z = [prefix; x; prefix’; y].

prefix-tuning®¥Iatk— N IERERIES, iBfEDy ¢ RIPidxixdim(h) - jorep/ssestmthorefix parameters,

P, dxZFmprefix indicesF5; | Pidx| FaprefixdHi<E,

training objective?tFine-tuningfiEe, {EIESHEEIIEEL 0 BlE, ({Xprefix22{ 020ILUJIERY, Et h; 20TLAER) Py RIE2, X
i € PdecBY, h; B Py BI2RE; XTF i ¢ Pdex, HFprefix activationsihtZiz{Eleft contextEILBILURTE h;.

_ o= EEEFPHEHESEUMEIINEE, Bt ERMLP S reparametrize k5%
Peli, o], if i € Pigy,

LM, (zi, hei), otherwise. Pyliy 1) = MLPy(P,li, :])
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FINE-TUNE__38.15__ 15513026

39.20

1635 31.15

PREFIX |39.23 16.74 31.51

39.41

16.87 31.47 |

Table 3: Extrapolation performance on XSUM. Prefix-
tuning outperforms fine-tuning on both news-to-sports

and within-news splits.
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- GPT Understands, Too

GPT Understands, Too (P-Turning)

WX A5 https://arxiv.org/abs/2103.10385

KA HEE . https://github.com/THUDM/P-tuning
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GPT Understands, Too
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: =0 3 &= m . - . 202 et 1426.2)
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- P-Tuning v2: Prompt Tuning Can Be Comparable to Fine-tuning Across Scales and Tasks

P-Tuning v2: Prompt Tuning Can Be Comparable to
Fine-tuning Across Scales and Tasks

W gk #E: https://arxiv.org/pdf/2110.07602.pdf

R A &8 https://github.com/THUDM/P-tuning-v2
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ATUN, AR TR verbalizer:P I




-

8BS | —— embedding —=— MLP 89.0

11 88.5 | i
BB K I \ \
| 88.0 X \
g7 J \ ! -~y ;;'m-i % y
o
i

Dev 11
Dew T1

87.0 |

De

86 B6.5

865.0

85
B5.5

20 40 60 B0 25 50 73 100 135 150 20 40 &0 BO 20 40 B0 a0

(a) NLI: RTE (b) NER: CoNLLO0O4 (c) MQA: BoolQ (d) SRL: CoNLL12

Figure 4: Ablation study on prompt length and reparamerization using RoOBERTa-large. The conclusion can be
very different given certain NLU task and dataset. (MQA: Multiple-choice QA)
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Method Task param. PT task verb. Some datasets (like RTE and CoNLL0O4) see consistent improvement
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P-tuning KP oM § ) ; BoolQ and CoNLL12) do not benefit as much, and the use of MLP

(Liu et al., 2021) NLU could even lead to worse performance.
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#Size CoNLLO3 OntoNotes 5.0 CoNLL04
FT PT PT-2 MPI=2 FT PT PT-2 MPT22 FT PT PT-2 MPT2
BERT . ge 335M 928 819 902 91.0 89.2 746 864 863 856 736 845 86.6
(+1.0)
ROBERTaj,qe 355M 92.6 86.1 924  92.8 898 808 894 898 88.8 762 873 90.6
(+0.2) (+0.0) {+0.8)
DeBERTajarge 750M 93.1 902 93.1  93.1 904 851 904 905 89.1 824 865 90.1
(+0.0) (+0.0) (+0.0) (+0.1) (+1.0)
" SQuAD 1.1 dev SQuAD 2.0 dev
£ /NF10Bpy -
ZFTJ JJ;$P t E/.] 1R #Size gy PT PT-2 MPT-2 FT PT PT2 MPT-2
Z= [, F-uning EM F1 EM F1 EM Fl1 EM Fl EM F1 EM FI EM Fl EM Fi

H \/:I:7j 13 -
V2 Him\ﬂ?f BERTarge 335M 84.2 91.1 10 85 778 86.0 823 89.6 78.7 819 50.2 50.2 69.7 735 727 75.9
tuning, F 5 RoBERTaj,;gc 355M 889 94.6 1.2 120 88.1 941 88.0 941 86.5 89.4 502 502 82.1 855 83.4 86.7

i}ﬁ E["\] 'E ‘H‘Ejﬂ ffif- . DeBERTaxjarge 750M 90.1 955 2.4 19.0 2['}!.31 ag.z'{ 89.6 954 88.3 91.1 50.2 50.2 {833 'S:%:]_l. 88.1 90.8
#Size CoNLL12 CoNLLO5 WSJ CoNLLO5 Brown
FT PT PT-2 MPT-2 FT PT PT-2 MPT-2 FT PT PT-2 MPT-2
BERT arge 335M 849 64.5. 82.5 85.1 88.5 76.0 863 88.5 827 700 80.7 83.1
(+0.2) (+0.0) (+0.4)

RoBERTajarge 355M 86.5 672 83.8  86.2 90.2 768 883 90.0 856 707 842 857

(+0.1)

DeBERTaxiarge 750M 86.5 74.1 839 871 91.2 823 906 911 89 777 863 873

(+0.6) (+0.9)
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Visual Prompt Tuning

WX 4EH:  https://arxiv.org/abs/2203.12119

KR8 https://github.com/kmnp/vpt
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Fig. 5. Ablation on prompt location. We illustrate different location choices at top, and
present the results at bottom. For easy comparison, two blue dashed lines represent
the performance of the default VPT-DEEP and VPT-SHALLOW respectively
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- Cutting Down on Prompts and Parameters: Simple Few-Shot Learning
with Language Models

Cutting Down on Prompts and Parameters: Simple
Few-Shot Learning with Language Models

WX AEEE: https://arxiv. org/pdf/2101. 00190. pdf

RALEEEE . https://eithub. com/Xiangli1999/PrefixTuning




- Background and Motivation
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Finetuned Params

100% - L
”]%' _ [ What does it feel like to be on Xanax?} and [ Do 4mg Xanax bars exist?} 2 have different
1% - 0.0 meanings. {How do you know if you're unconditionally in love with someone?}y and
0.1% - : In-Context {How do you know if you're in love with someone and might only be denying the fact to
ourself?}y have similar meanings. {Will GST affect the price level in India?]; and {'Will
CB (Fy) Y 2 F !
90.6 1 90.6 GST effect the price level in India?}a have [MASEK] meanings.
100 = : -
50 S

Prompt-Based | {will GST affect the price levelin India?}, 7 [MASK] . I want to know {Will

0 - Finetuning GST effiect the price level in India?}»
QQP (F) : e
75 - 55.6 629 65.1 Null Prompts {Will GST affect the price level in India?}, {Will GST effect
g[} . (Ours) the price level in India?}> [MASK]
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Figure 1: Different Methods of Few-Shot Learning. Right: We visualize different types of prompts for QQP. We
denote the input fields using curly brackets {}, the manually-written pattern using magenta, and the verbalizers
using green. We show that null prompts, ones that do not contain training examples or task-specific patterns, can
achieve competitive accuracy. Left: We compare different methods for model finetuning. Unlike standard prompt-

based finetuning, we propose to update only the masked LM'’s bias terms (BitFit). This achieves competitive
accuracy while only updating (0.1% of the parameters.
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Experiments and results
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Figure 3: Simplifying the Selection of Prompts. We apply prompt-based finetuning in conjunction with six
different types of prompts. We report accuracy or £, on each dataset. Manually-designed prompts from prior work
achieve the best accuracy but require manual tuning on validation sets. On the other hand, null prompts and prompt
tuning both perform competitively without requiring any tuning of the pattern.
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Method Finetuned Params Prompt Design Few-shot

AUTOPROMPT (Shin et al., 2020) None Learned (Discrete) X
Prompt Tuning (Lester et al., 2021) Prompt Token Embeds Learned (Continuous) X
OPTIPROMPT (Zhong et al., 2021) Prompt Token Embeds Learned (Continuous) X
Soft Prompts (Qin and Eisner, 2021)  All Contextualized Embeds Learned (Continuous) X
GPT-3 (Brown et al., 2020) None Manual v
PET (Schick and Schiitze, 2021a) All Manual v
LM-BFF (Gao et al., 2021) All Learned (Discrete) v
P-Tuning (Liu et al., 2021) All + Prompt Token Embeds  Learned (Continuous) v
Null Prompts + Bitfit (Ours) Bias Terms None v

Table 1: Overview of Existing Work on Prompting. Finetuned Params indicates the parameters altered during
training. Prompt Design indicates how prompts are created; we use null prompts. Few-Shot indicates using few-
shot training and validation sets.



