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http://keg.cs.tsinghua.edu.cn/jietang (or Google “Jie Tang")
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B BERT #01 GPT #Rsih , FIRSTEIESEEAR. 4RkAN
Seq2Seq{Es5 LEBSE{EMEE

Tasks [END]

Input Text: Input Image:
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~ Transformer (GPT)
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https://arxiv.org/abs/2103.10360
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Autoencoding
Encoder-Decoder
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All NLP Tasks are Generation Tasks. Du and Qian et al



FTANLPES & ERIES

He loves to play all day and all night.
Yy (.

Coronet has the best lines of all day cruisers. It is really [MASK] Grlngo is a happy kitty. [MASK]
T

(a) Classification task (b) Generation task

Figure 3. GLM finetune framework. (a) Formulation of the sentiment classification task as blank infilling with GLM. (b) GLM for text
generation given the context. This can be the language modeling in the zero-shot setting, or seq2seq with fine-tuning.

PREHIS. BFRMERTS. BFREEMTS | #RLST—RERTWEERRAIE.

All NLP Tasks are Generation Tasks. Du and Qian et al
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NLP tasks [END] are  generation tasks

are  generation tasks

Figure 1. lllustration of GLM. We blank out text spans (green part)
and GLM is trained to generate them in an autoregressive fashion.

SIS (A )
1. Sampledha)15%{EALERK B TR
2. SamplezRE50-100%{E AR BR

All NLP Tasks are Generation Tasks. Du and Qian et al
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(a) Sample spans from the input text

Part A: zy z2 [M] z4 [M]
M] 21 [M]

X
X
X
X
X
X
X
X
X

(lt . L5 I H Position 1 1
Position 2 0

(b) Divide the input into Part A and Part B (c) Generate the Part B spans autoregressively : (d) Self-attention mask

All NLP Tasks are Generation Tasks. Du and Qian et al



Table 2. Results on the SuperGLUE dev set. Models with * are pre-trained for two times the number of steps of other methods.

ReCoRD COPA WSC RTE BoolQ WiC CB MultiRC
F1/Acc. Acc. Acc. Acc. Acc. Acc. Fl/Acc. Fla/EM

BERTBase 65.4/64.9 66.0 654 70.0 749 68.8 70.9/76.8 68.4/21.5
GLM gase 73.5/72.8 71.0 721 712 77.0 647 89.5/85.7 72.1/26.1

BERT L arge 76.3/75.6 69.0 644 73.6 80.1 71.0 94.8/929 71.9/24.1
UniLM grge 80.0/79.1 72.0 654 765 80.5 69.7 91.0/91.1 77.2/38.2
GLM Large 81.7/81.1 76.0 81.7 74.0 82.1 685 96.1/94.6 77.1/36.3
GLM Lagge (multi-task) — 80.2/79.6 770 788 76.2 79.8 63.6 97.3/964 74.6/32.1
GLM 4;om (multi-task)  81.5/80.9 80.0 817 794 81.9 69.0 93.2/96.4 76.2/35.5
GLM 550 (multi-task)  82.3/81.7 85.0 81.7 79.1 81.3 694 95.0/96.4 77.2/35.0

T5Base 76.2/75.4 73.0 79.8 783 80.8 679 94.8/92.9 76.4/40.0
TSLarge 85.7/85.0 78.0 84.6 84.8 843 71.6 96.4/98.2 80.9/46.6
BART 4gc * 88.3/87.8 60.0 654 845 843 69.0 90.5/92.9 81.8/48.0
RoBERTap g * 89.0/88.4 90.0 635 87.0 86.1 72.6 96.1/94.6 84.4/52.9
GLM RoBERTa 89.6/89.0 82.0 837 877 84.7 712 98.7/98.2 82.4/50.1

Model Avg

- REEEBHTHE , SEATHE

- FBHMBERT, T5, RoBERTaZ#=ZE! All NLP Tasks are Generation Tasks. Du and Qian et al
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Table 3. Results on Gigaword abstractive summarization Table 4. Zero-shot language modeling results.

Model RGel RO RGAL Model Lambada | BookWiki
MASS 37.7 18.5 349 (Accuracy) | (Perplexity)

UniLM{aree 38.5 19.5 59,8 GLM Large (uni) 0.0 >~ 100

GLM L urge 386 197  36.0 GLM L gy (multi-task,uni) 47.4 15.1

GLM Lagge (multi-task) — 38.5 194 35.8 — 2d positional encoding 45.8 151
GLM 4jom (multi-task)  38.9  20.0  36.2 GLM 410m (multi-task,uni) 49.5 14.5
GLM 515M (multi—task,uni) 50.4 13.9

Before GLM Large (bi) 10.6 > 100
B =ATR R s GLM | yrge (multi-task,bi) 48.5 14.9
After — 2d positional encoding 47.3 15.0

1. 25ZRGLMB] AR =TS EBUSERAT ! GLM 410om (multi-task,bi) 53.5 14.3
GLM s515Mm (multi-task,bi) 54.9 13.7

g%éﬁﬁ‘ﬁ—ﬁﬂ@ﬂ&zﬂﬁ%ﬂ%%% GPTLuge (uni) 50.1 | 14.4




GPT Understands, Too

https://arxiv.org/abs/2103.10385



PromptfJi#{L :
MFEZIBE 0 NBEEEIEEE

— FEPrompt (Brown et al 2020)

- BohE#Prompt (Jiang et al 2020, Shin et al 2020, Gao et al 2020)

—  BhEZEPrompt (P-Tuning)

Prompt P@]

[X] 1s located in [Y]. (original) 31.29

[X] 15 located ?n wh?ch country or state? [Y]. | 19.78 - EEpromptdEH ERSER:
[X] is located in which country? [Y]. 31.40 -  fEfew-shotizE=TEZ

[X] is located in which country? In [Y]. 51.08 overfit dev/test sets

Table 1. Case study on LAMA-TREx P17 with bert-base-cased. A
single-word change in prompts could yield a drastic difference.




P-Tuning

Pseudo Prompts

. Back
Discrete rewards ©

Prompt Generator , Propagation

capital f Britain is [MASK] 1 capital Britain [MASK]

v \ o 1 ¥ Y
Input embedding  e(The) e(capital) e(Of) e(Britain) e(is) e([l\"l.i\SK])
'

Y
Input embedding  hg -+ h; e(capital) e(Britain) h;qq ~-~h,£n e([Mi&SK])

Pre-trained Language Model Pre-trained Language Model

(GPT, BERT, ...) (GPT, BERT, ...)

(a) Discrete Prompt Search (b) P-tuning

Figure 2. An example of prompt search for “The capital of Britain is [MASK]”. Given the context (blue zone, “Britain”) and target (red
zone, “[MASK]”), the orange zone refer to the prompt tokens. In (a), the prompt generator only receives discrete rewards; on the contrary,

in (b) the pseudo prompts and prompt encoder can be optimized in a differentiable way. Sometimes, adding few task-related anchor tokens
(such as “capital” in (b)) will bring further improvement.

ZS)promptAIF AR | USSR, KERE
FR B MRE S prompt embedding : FIELSTM+MLP

GPT Understands, Too. Liu and Zheng et al.



%[h j:u ~)I "J (LAMA) 7""~~ q“ é %
b :
rompt ype : BERT-base (109M) %1 7 51 & | 521 | 523 w0
s BERT-base 31. :
Original BERT-larce -AutoPrompt (Shin et al., 2020) 45.2
(MP) E-BERT 2 i BERT-large (335M) 33 5 54 0 55 0 54.6 (+21.1)
: RoBERTa-base (125M) 18.4 49.2 50.0 49.3 (+30.9)
LPAQA (BERT-base) 34. .
Discrete LPAQA @reuss -AutoPrompt (Shin et al., 2020) 40.0
s o ' RoBERTa-large (355M) 22 1 52 3 57 53.5 +314)
utoPrompt (BERT-base) 3.

(
T T GPT2-medium (345M) 46.5 (+26.2)
P-tuning gggﬂ’;ﬁ ' GPT2-xl (1.5B) . . 5 | 54466
2 y MegatronL.M (11B) L i * | 64.2 +41.1)

* MegatronLM (11B) is too large for effective fine-tuning.

Table 2. Knowledge probing Precision@1 on LAMA-34k (left) and LAMA-29k (right). P-tuning outperforms all the discrete prompt
searching baselines. And interestingly, despite fixed pre-trained model parameters, P-tuning overwhelms the fine-tuning GPTs in
LAMA-29k. (MP: Manual prompt; FT: Fine-tuning; MP+FT: Manual prompt augmented fine-tuning; PT: P-tuning ).

- HHREMESEVSIHRSE— (SotA ) |, BHZHIRIFER20ED =
- P-tuningtBttFfinetuningflE&lpromptiysEis , B BEREH
GPT Understands, Too. Liu and Zheng et a



Dev size

PET~ 732431 | 829443 | 74.8492 | 51.8427 | 62.14+53 | 33.6432 | 74.5+12 | 79.8435 | 85.3+5.1
PET best! 75.1 86.9 83.5 52.6 65.7 35.2 75.0 80.4 83.3
P-tuning 77.8 92.9 92.3 56.3 76.5 36.1 75.0 84.6 87.0

(+4.6) (+10.0) (+17.5) (+4.5) (+14.4) (+2.5) (+0.5) (+4.8) +1.7)

GPT-3 77.5 82.1 S22 55.3 72.9 32.5 74.8 75.0 92.0

Full PET* 79.4 85.1 594 52.4 69.8 37.9 77.3 80.1 95.0
iPET? 80.6 92.9 92.4 52.2 74.0 33.0 74.0 - -

" We report the average and standard deviation of each candidate prompt’s average performance.
T We report the best performed prompt selected on full dev dataset among all candidate prompts.
? With additional ensemble and distillation.

§ With additional data augmentation, ensemble, distillation and self-training.

- DEFZIESHSHRAE— (SotA) |, BHZBIRFERSIX14ET R
- ZKBIRIREL ({X{EMAdev32 ) |, BEP-Tuning , BEEHT{ZGPT-3A95RIN

GPT Understands, Too. Liu and Zheng et al
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(base-scale ~110M) (large-scale ~340M)

{EfinetuningfIER T , GPTLLBERT(R101N B S A=
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GPT Understands, Too. Liu and Zheng et al.



Controllable Generation from
Pretrained Language Models via
Inverse Prompting
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X.Zou, D.Yin, Q. Zhong, H. Yang, Z. Yang, and J. Tang. Controllable Generation from Pre-trained Language Models via Inverse Prompting. KDD'21
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X.Zou, D.Yin, Q. Zhong, H. Yang, Z. Yang, and J. Tang. Controllable Generation from Pre-trained Language Models via Inverse Prompting. KDD'21
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X.Zou, D.Yin, Q. Zhong, H. Yang, Z. Yang, and J. Tang. Controllable Generation from Pre-trained Language Models via Inverse Prompting. KDD'21



Inverse Prompting &

LM Generation

LkAHLY
New York

Beamn Search EIRAPRHE,

Step 2 BeaS”t] Se;r ch Clouds touch the rain in Manhattan,
o BERMEER

s T — e —a 7N Mo

g;g;gg;}i‘ BRwT=ms, ) | Beam Search Everything grows to revive the empire.

Score:26.75 : BERIIEHR. for Several SHAPLNAR,
. ERPONDR, Stepf’ All fields are prosperous in the financial center,
(BEGFEER, ) N ScoreZlor Jj T T I AT B,

Model =S |
Scoring Output ~ + | _kg_Score:23.48 BELERR. Capital brightens the future in a sudden.

Likelihood to text: # Score:26.52 ; G T MR B,

Poem “New York” " —ERBRAHE ': £ , S — St A :
[t v : ERRT SR, The city is worshlriged by all continents,
] N R EEHEM,
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Figure 1: The generation process of open-domain traditional Chinese poems under inverse prompting. Using title New York (
Wk412y» ) as an example.
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Prompting Baseline
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Inform.
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1

Relevance
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Overall
(1-10)

4.32
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6.51
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