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Enhanced Representation through Knowledge Integration
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ERNIE 2.0 . A Continual Pre-training framework for Language Understanding

Application

Text Similarity Question Answering Sentiment Analysis " Natural Language Inference

Continual Pre-Training

Pre-training Task N

E Sequentially Sequentially

: Task N e Task 2 . Task1 |

; Pre-training Tasks Construction Multi-Task Pre-training
\ | Task1 | Task2  Task3 | e Task N V 4 3 Pre-training Task 1

ERNIE " Pre-training Task 2

: Model / Pre-training Task 3

Big Data Prior Knowledge
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l BERT Pre-train

|- Next Sentence Prediction(NSP)
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Pre-train BERT Masked Language Model(MLM)
| Next Sentence Prediction(NSP)

Fine-tune

Model for Model for Model for Model for
Task 1 Task 2 Task 3 Task 4
|
Downstream

tasks I
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I-Pre—training bert is challenging

« Pre-training corpus include 3300M

words 84
« 4 days on 16 TPUs (64 TPU chips : 52
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l BERT down stream tasks

l?entence embedding

embedding embedding
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Minimize Cosine
! Embedding Loss
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GPT(Generative Pre-Training) series

I-G PT =2

BERT
(340M)

-
<

o

=

\

1545

=

GPT2.0
(1542M)
( 1‘
)
GPT-2
EXTRA
LARGE
- J

Megatron
(8B)

T LAY

BEIJING INSTITUTE OF TECHNOLOGY



£ nimaxy

EIJING INSTITUTE OF TECHNOLOGY

GPT(Generative Pre-Training) series
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GPT 3.0 Network Architecture

a robot must obey the orders given it Okay
GPT-3 3 1 1 L [ 1 1 ; 1
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IGPT 3.0 Pre-train

Predict Next Token

« Pre-training corpus include 45TB
words

« 335 GPU years

« Cost 4.6 million dollars
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GPT and “Few-shot” Learning
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“Few-shot”
Learning

“one-shot”
Learning

n

“zero-shot
Learning

Translate English to French:
sea otter => loutre de mer
peppermint => menthe poivrée
plush girafe => girafe peluche

cheese =>

Translate English to French:
sea otter => loutre de mer

cheese =>

Translate English to French:

cheese =>

task description

examples

prompt

task description

example

prompt
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GPT Performance
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i Aggregate Performance Across Benchmarks

—eo— Few Shot
—e— One Shot
80 —e— Zero Shot

Accuracy
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0.1B 04B 08B 1.3B 26B 6.7B 13B 175B
Parameters in LM (Billions)

Source: https://arxiv.org/pdf/2005.14165.pdf
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How can the pre-trained model be applied to NLP
tasks? Why?



NLP Tasks
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Input

"~ one sentence

_multiple sentences

Output =
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one class

class for each token

copy from input

_general sequence
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Output-Copy from Input

I I I Task 0'1 0 2 0-7

s=2 e=3 Specific Softmax

The answer is “d, d5”. dot product }i }i }i
t t 1 1

1

[ Model

rt t t 't t 1
[CLS] a9 [SEP] dp dy  dy

question document I
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Output-Copy from Input

l- Extraction-based QA

In meteorology, precipitation is any product

Document: D = {d,,d,, -, dy}
Query: Q =191, 92, qu}

D QA S
Q Model e

output: two integers (s, e)

Answer: A={d,,-,d,}

of the condensation of atmospheric water vapor
that falls under gravity. The main forms of pre-
cipitation include drizzle, rain, sleet, snow, grau-
pel and hail... Preci on as smaller
droplets coalesce via ion 79 other rain
drops or ice crystals within a cloud. Short, in-
tense periods of rain in scattered locations are
called “showers”.

What causes precipitation to fall?
gravity

Where do water droplets collide with ice crystals
to form precipitation? \

within a cloud | ¢ — 77, e =79 ‘

-
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lOutput-GeneraI Sequence

l- Seg2seq Model
output sequence

Attention W, Ws <EQOS>

Model

Task Specific

Encoder Decoder

[CLS] Wy W, W

input sequence I
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lOutput-GeneraI Sequence

I output sequence  Wj W, Ws <EOS>
Task Task Task
Specific Specifid Specific

t t 1 t t 1

[ vode ]

f f [sgp] f f f

input sequence




Output-General Sequence
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Google

what is the weather|

what is the weather

23°C
Thu — Bengaluru, Karnataka 560098

what is the weather in bangalore

what is the weather today in bangalore
what is the weather today

what is the weather now

what is the weather of tomorrow

what is the weather like

what is the weather this weekend

what is the weather like today

what is the weather outside

=
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lOutput-GeneraI Sequence

l- How are you? TRUFNE?

How, are you?

A Y (RIFIE?

How,are u? ﬁT ?run“?
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[ Task-specific ]

f&man

1 1 1
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Pre-trained

{ 1 |

W1 Wz W3
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> Fine-tune

A gigantic model for
down-stream tasks
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BEIJING INSTITUTE OF TECHNOLOGY
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Feature 1 t 1
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Model
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-
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Fine-tune
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Fine-tune
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Feedforward
up-project

Nonlinearity

]
OIO
[ Feedforward J
down-project
]
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D <
I
; —20 +— Adapters (ours) i
i =—a Fine-tune top layers
: _25 5 I 1 llllll|6 1 I Illlll|7 I I llllll]B I LI 9
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' Num trainable parameters / task

| -

Source of image: https://arxiv.org/abs/1902.00751
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lWhy Fine-tune?

& v« R 12

O
o

Training Loss
= o
N 4=

O
o

[Hao, et al., EMNLP’19] Source of image: https://arxiv.org/abs/1908.05620

F it 2

== MNLI fine-tune
—#=: MNLI scratch
-+ RTE fine-tune

\ -4 RTE scratch
= MRPC fine-tune
- MRPC scratch
w—t SST-2 fine-tune
- SST-2 scratch

.
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":*\*_ =4

~
b e 99
il b e ok Ik
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l Demo
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CPM-LM

BRI

CPM: A Large-scale Generative Chinese Pre-trained Language Model
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I =Y CPM /M2

518 CPM(Chinese Pretrained Models) 2ItEEBRATEEEHAR
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1. GPT-388175BESHFERTS70GBHAEHEHITIIIG. BEXIZHERNEET
R (93%) , #HGPT-3/9& §5Z/xﬁ >f5, FTLARRETCPM (Chinese
Pretrained language Model) : ©@82.6B&%, FHA100GBFXIIZ&LEIE.

2. CPMATL M E TR {ES: Wik, XEERK. THEZE. E5EHE.

-
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l Demo

r

3. EESHUENEN, CPME—EHEELRIEY, RAREEESE
P AR fiF B E AR

4, APREMENEM LNET —MHFNFTFCRENOEEME, FEHL
WEEEMBIB0724, RREERENEEI%, BENMNFAEZ0FEEXFEER
REF R RE

OLIXRAEANEETEBMInf, BeJLAIBS THEKEE, EHFEAAR
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T

CPMRIRE R SEGPTHRMEM (NEEIGRTransformer encoder)

‘BERT-Chinese (2019 FHFRIELCEMAEETHX, FHFHNF1EELC
=, CEEFFMENRILC

AFHRXIEREYsHmEEE,
batch size (=B Htokens)

D ILT L KY

BEIJING INSTITUTE OF TECHNOLOGY

ZEXALGPT-3—B ARtokensE XHY

Nparam  Mlayers dmodel  Mheads  @head
CPM-Small 109M 12 768 12 64

CPM-Medium 334M 24 1,024 16 64
CPM-Large 2.6B 32 2,560 32 80

Table 1: Model sizes. Nparam is the number of param- Data Source  Encyclopedia Webpage  Story News  Dialog

eters. Niayers 1 the number of layers. dmoger 1s the di- Size ~ 40GB ~39GB ~ 10GB ~ I0GB ~ 1GB

mension of hidden states, which 1s consistent in each

layer. 1s the number of attention heads in each . .« .
o heads 1 on e ! Table 2: Details of training data.
ayer. dpeqq 18 the dimension of each attention head.
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BERhEH:

Relation:

41 (Capital)

Prompt:

CPM:

RE g R

America Capital Washington
FPE A AL

China Capital Beijing

A7 54

Japan Capital

i

Tokyo

Relation:

£ % "7 (Main Process)

Prompt:

CPM:

=HER T2 L2 W

(Sauce Braised Chili) (Main Process) Stew
SR E FE L7 E

(Duck with Angelica) (Main Process) Boil
EEMEHRTFELZE

(Leek Omelette) (Main Process)

Hif

Fried

Post: NEETREFERR X AN T
How crazy the math competition of high
school is!

CDial-GPT: TRl EfR"

(Few-shot) Do you really believe it?

CDial-GPT: HCEibTf%2TRE, 7%, WK

(Supervised) -ﬁt
Math lets us learn a lot. Study hard and go
home, tomorrow.

CPM-Large: HTEALZRITH 7, 22 2R b & A i 5

(Few-shot)

CPM-Large:
(Supervised)

R aR?

Now it’s all calculus. The things in college

are much simpler than those of high school.

What else?

X B SO Y AR AN 2 ]
Is this going to kill me? I can’t answer
any question.

Relation:

2%} (Subject)

Prompt:

CPM:

HEREF FH FHie

(Stellar Black Hole) Subject Cosmology

e TR R ST

(Category Demand Intensity) Subject Economics
KHIFg I 5 &

(Tectonic Geology) Subject

Hb i

Geology

Post: B AREIERRIRRIE. R ECTME
EREE R
I laugh every day, but only I know how
tired | am.

CDial-GPT: il

(Few-shot) Me, too.

CDial-GPT: HAEHCARIEFEMHLR .

(Supervised) Only [ know how tired [ am.

CPM-Large: = {5AB B 58007 R 58 L 25 A2 RAGR e

(Few-shot)

CPM-Large:
(Supervised)

HIE .

When you want to cry, go to those familiar
places.

E-I‘I’M\%Lhﬂin' ELEIXANR

I really don’t know how my life could be

s0 tiring.

T LAY

BEIJING INSTITUTE OF TECHNOLOGY
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(EAIZEREHITHIEES:

paddle
argparse
T numpy as np
from GPT2 import GPT2Model, GPT2Tokenizer

parser = argparse.ArgumentParser()

"

parser.add_argument("--pretrained | 1", type=str, required=True, help="the de

args = parser.parse_args()

model = GPT2Model(
vocab size=30000,
layer siz
block size=1024,
embedding dropout=0.e,
embedding size=2560,
num_attention heads=32,
attention_dropout=0.0,
residual dropout=0.8)

print('1

state dict = paddle.load(args.pretrained model)

for param in state dict:
state dict[param] = state dict[param].astype('flo

model.set dict(state dict)

model.eval()

tokenizer = GPT2Tokenizer(
'GPT2/b 3b. json
"GPT2;

max_len=512

_ = tokenizer.encode(' ")

print|(

éﬁi;

T LAY

BEIJING INSTITUTE OF TECHNOLOGY
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def predict(text, max len=10):

mode = 'q’ ids = tokenizer.encode(text)
funs = ask question input_id = paddle.to tensor(np.array(ids).reshape(1, -1).astype('inte4'))
print( #HA 5 R , ) output, cached kvs = model(input id, use cache=True)
while True: nid = int(np.argmax(output[@, -1].numpy()))
if mode == 'q": ids += [nid]

inputs = input(" AT NEERR, FHARME: out = [nid]
e for i in range(max len):

_ ‘AL 2 input_id = paddle.to tensor(np.array([nid]).reshape(1, -1).astype( inte4"))

if 1$:Ezzf— {#?fu}( = output, cached kvs = model(input_id, cached kvs, use cache=True)

) L, nid = int(np.argmax(output[e, -1].numpy()))

5 mﬁgje: j ids += [nid]

funs = dictation poetry S A=zt

else: break
mode = ‘g’ out.append(nid)
funs = ask question print(tokenizer.decode(out))
elif inputs=="exit':
break
else: def ask question(question, max_len=18):
funs(inputs) pr'edlct( o). FEAEAEEET

i 1 \.EE_ 1_: 9

' % question, max len)

def dictation poetry(Front max_len=10):

R =

predlct(
3 E |_| :" %__\‘H-:ﬁ:
* % front, max len)
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aistudio@jupyter—-85620-2436722:~$ python demo.py
bash: python demo.py: command not found
aistudio@jupyter-85620-2436722:~$ python demo.py
python: can't open file 'demo.py': [Errno 2] No such file or directory
aistudio@jupyter-85620-2436722:~$ pip install sentencepiece==0.1.92
Looking in indexes: https://pypi.tuna.tsinghua.edu.cn/simple
Requirement already satisfied: sentencepiece==0.1.92 in /opt/conda/envs/python35-paddlel20-env/lib/python3.7/site-packages (0.1.92)
aistudio@jupyter-85620-2436722:~$ python AI_ Bot.py --pretrained model data/data62514/CPM-LM.pdparams
/opt/conda/envs/python35-paddlel20-env/lib/python3.7/site-packages/paddle/fluid/layers/utils.py:26: DeprecationWarning: ‘np.int' is a deprecated alias for the builtin ‘int'. T
o silence this warning, use ‘int' by itself. Doing this will not modify any behavior and is safe. When replacing 'np.int', you may wish to use e.g. ‘np.int64' or 'np.int32' to
specify the precision. If you wish to review your current use, check the release note link for additional information.
Deprecated in NumPy 1.20; for more details and guidance: https://numpy.org/devdocs/release/1.20.0-notes.htmlfdeprecations
def convert_to~list(value, n, name, dtype=np.int):
w1004 15:57:59.058010 210 device_context.cc:362] Please NOTE: device: 0, GPU Compute Capability: 7.0, Driver API Version: 10.1, Runtime API Version: 10.1
W1004 15:57:59.062708 210 device context.cc:372] device: 0, cuDNN Version: 7.6.
ﬁE’EﬂDiﬂﬁﬁs Featar e ) Lo, WME...
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T : Hello World?
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M @ pardon?

E R HER?
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Semi-supervised Sequence Learning

context2Vec
Pre-trained seq2seq

ULMFiT ELMo
GPT

Multi ]lingual
MultiFiT
al
Cross-lingual BERT

XLM
UDify
ME-DNN

Knowledge|distillation UniLM

MT-DNNgp
ERNIE
(Tsinghua)
Spﬂll BERT KnowBERT
RoBERTa KEPLER

Transformer Bidirectional LM
Larger model
) Maore data

Defense

VideoBERT

CBT
"ff’iLEERT . BART
Vus:;;zlggm ERNIE (Baidu) ~ PEGASUS
Unicoder-vi, PERT-wwm 15
LXMERT Mok
VL-BERT Switch Transformer
UNITER

70
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PTMs Architecture™ Input Pre-training task Corpus Params GLUE™  FT?®
ELMo [14] LSTM Text BiLM WikiText-103 No
GPT [15] Transformer Dec. Text LM BookCorpus 117M 728 Yes
GPT-2 [60] Transformer Dec. Text LM WebText 117M-1542M No
BERT [16] Transformer Enc. Text MLM & NSP WikiEn+BookCorpus 1 10M-340M 81.9¢ Yes
InfoWord [54] Transformer Enc. Text DIM+MLM WikiEn+BookCorpus =BERT 81.1% Yes
RoBERTa [42] Transformer Enc. Text MLM BookCorpus+CC- 355M BE.5 Yes
News+OpenWebText+ STORIES
NLNet [48] Two-Stream Text PLM WikiEn+ BookCorpus+Gigas =BERT 9054 Yes
Transformer Enc. +ClueWeb+Common Crawl
ELECTRA [55] Transformer Enc. Text RTD+MLM same o XLNet 335M 88.6 Yes
UnmLM [43] Transformer Enc. Texi MLM"+ NSP WikiEn+BookCorpus 340M 808 Yes
MASS [40] Transformer Text Seq2Seq MLM #*Task-dependent Yes
BART [49] Transformer Texi DAE same (o RoBERTa 110% of BERT 88.4¢ Yes
T5 [41] Transformer Text Seq25eq MLM Colossal Clean Crawled Corpus (C4) 220M-11B 897 Yes
ERNIE(THU) [61] Transformer Enc. Text+Entities MLM+NSP+dEA WikiEn + Wikidata 114M T9.6 Yes
KnowBERT [62]  Transformer Enc. Text MLM+NSP+EL WikiEn + WordNet/Wiki 253IM-523M Yes
K-BERT [63] Transformer Enc.  Text+Triples MLM+NSP WikiZh + WebtextZh + CN-DBpedia =BERT Yes
+ HowNet + MedicalKG

KEPLER [59] Transformer Enc. Texi MLM+EKE WikiEn + Wikidata/WordNet Yes
WELM [56] Transformer Enc. Text MLM+ERD WikiEn + Wikidata =BERT Yes
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MODEL en fr es de el bg ru tr ar vi th zh hi SW ur Avg

Evaluation of cross-lingual sentence encoders (Cross-lingual transfer)

BiLSTM 73.7 677 687 677 689 679 654 642 648 664 641 658 641 557 584 656
mBERT 81.4 - 743 705 - - - - 62.1 - - 63.8 - - 38.3 -

XLM 85.0 787 789 TIE T66 774 753 725 731 76l 732 765 696 684 673 751
Unicoder 85.1 790 794 TIE8 772 772 763 T728 735 To4d 36 T62 694 697 667 7T54
XLM-Rpaee 858 797 807 787 775 796 781 742 T38 765 46 T6T T4 665 683 U762
HICTLRase 86.3 805 813 795 789 80,6 790 754 748 774 T57 Ti6 T31 699 697 773

Machine translate at training (Translate-train)

BiLSTM 73.7 683 o688 665 664 674 665 645 658 0660 628 670 621 582 566 654
mBERT 51.9 - T8 759 - - - - 70.7 - - 76.6 - - 61.6 -

XLM 85.0 802 808 803 781 793 781 747 65 T66 V55 T86 T23 709 632 T6.7
Unicoder 85.1 800 81.1 799 777 802 779 753 767 764 752 794 7T18 718 645 769
HICTLRase 85.7 81.3 821 80.2 814 810 805 797 774 782 TIS5 802 754 735 729 79.1

ON LEARNING UNIVERSAL REPRESENTATIONS ACROSS LANGUAGES
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Original Image | red

Question : What color is the hydrant?

Complementary Image | black and yellow

Original Image | brown

Question : What color is the ground?

Complementary Image | brown and green
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l hide all showall} [person1]

[person2]

‘ more objects »
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F it 2

Why is [ person4jfl] pointing at

[person1§]?

a) He is telling [pers:

] that [person1i]] ordered
the pancakes.

b) He just told a joke.

c) He is feeling accusatory towards [person1fif]].

d) He is giving [person1i]] directions.

Rationale: | think so because..

a) [person1] has the pancakes in front of him.

[persond]

b) [personm] is taking everyone's order and asked for
clarification

c) [pcrson3¥;] is looking at the pancakes both she and
[personZ‘U are smiling slightly

- g :
d) [porsonsh] is delivering food to the table, and she
might not know whose order is whose.

T LAY
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Query: leopard-print women's shoes

Relevant product Irrelevant product
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roberta-base-18-1 I roberta-base-1B-2 B roberta-base-18-3

roberta-base-100M-1 B roberta-base-100M-2 B roberta-base-100M-3

roberta-basa-10M-1 Il roberta-base-10M-2 B roberta-base-10M-3 . e
roberta-med-small-1M-1 roberta-med-small-1M-2 g roberta-med-small-1M-3 How much P retrainin g data do

language models need to learn syntax?
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B MiniBERTastY=ITE AT —_SIRHEBAR el lmatEtmE (PoS) . #kiza
=201 (Dep. parsing) FIFEN RS (Paraphrase id.) ZEAVFISMHEE

Model family Cost  COze (Ibs) PoS Dep. parsing Paraphrase id.
roberta-base-1B $20320 2330  96.03 (+0.5%)  85.73 (+1.76%) 89.59 (+2.02%)
roberta-base-100M  $5075 582.5 9553 (+1.11%)  83.97 (+4.04%) 87.57 (+2.79%)
roberta-base-10M $500 5825 9442 (+2.73%) 79.93 (+14.48%) 84.78 (+5.34%)
rob-med-small-1M $50 5.825 91.69 (base) 65.45 (base) 79.44 (base)

How much pretraining data do
language models need to learn syntax?
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Linear

Transformer
(Katharopoulos et al, 2020)

Performer
(Choromanski et al., 2020)

Low Rank /
Linformer Kernels

{Wang et al, 2020k)

Set Transformer
(Lee etal, 2019)

{Ainslie et al, 2020)

Big Bird

(Zaheer et al., 2020)

Synthesizer

[Tay et al, 2020a)

Fixed/Factorized/ | ¢, 1om
Random Patterns ' Transform

Blockwise Transformer
(O ex al., 2019)

Sparse Transformer

Image Transformer (Child et al. 2019)

(Parmar et al, 2018)

Axial Transformer
(Ho et al, 2019)

Compressive

Transformer
(Rae et al, 2018)

Compressed
Liu et al, 2018] i
(B ) Longformer Routing
ETC  (Beheoyetal,20) Transformer,

(Roy et al,, 20:20)

(Tay et al, 2020b)

Transformer-XL
(Dai et al., 2019)

Recurrence

er

Reformer
(Kitaev et al., 2020)

Efficient Transformers: A Survey
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| —e— Transformer Linear Transformer
1 —#— Longformer —o— Poolingformer
—~ 104 —&— BigBird —e— Fastformer
-°£« | —e— Linformer
= 1
>
©
-]
S_LS o o o
o 103 -
S
|_
(@)
-
£
O — —
T 107 ——t —
. o *~— -—

128/512 256/256 512/128 1024/64 2048/32 4096/16 8192/8 16384/4 32768/2 65536/1
Sequence Length/Batch Size

Fastformer: Additive Attention Can Be All Y ou Need
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B ZIEREEHET 2000 {21888, b GPT 3 2 2500 51N &8, BEUESM
BIFeRk T IEXAREE, [RIEHIXIEERFIESES.

Task Dataset Input&Prompt
WPLC j
CHID /
Cloze and completion PD&CFT /
CMRC2017 /
CMRC2019 /
CMRC2018 £ E: $Document\n/?): $Question\nZ: (Read document: $Document\inQuestion: $Question\nAnswer: )
Reading comprehension  DRCD £ E: $Documentn[a): $Question\nZ: (Read document: $Document\inQuestion: $Question\nAnswer: )
DuReader £ E: $Documentn[a]: $Question\nZr: (Read document: $Document\inQuestion: $Question\nAnswer:
Closed book QA WebQA IA]: $Question\nZ: (Question: $Question\nAnswer: )
Winograd-Siyle CLUEWSC2020 /
Common sense reasoning  C° 7]: $Question\nZr:$Choice\ni% Z 25 3#: H 4115 $Passage (Question: $Question\nAnswer:SChoice\nAnswer from dialogue: $Passage)
NLI CMNLI SS17Hf/EL /5, $S2 (3817Yes/Maybe/No, $52)
OCNLI SS17Hf/EL /5, $S2 (3817Yes/Maybe/No, $52)
TNEWS ST Slabel I L E: $passage (This passage is about$label: $passage)
Text classification IFLYTEK X S F T Slabel Y FHFEF:  Spassage (This application is about: $passage)
A AFQMC FEF A FE LHE/AE: $S1- $S2 (The following two sentences have the same/different semantics: $S1. $52)
CSL % Spassage, FKHEIE: SkeywordZ/EFLIE K HEIT (Abstract: $passage, keywords: Skeyword True/False keywords)
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