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« 2006-2009, 1000 categories and 1.2 million training images
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DNNresearch becomes the 9th Canadian company acquired by Google

CBC News - Posted: Mar 13, 2013 4:41 PM EDT | Last Updated: March 14, 2013
https://m.thepaper.cn/baijiahao_11940577
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3 Google has acquired DNNresearch, a University of Toronto startup that studies neural networks. The one-year-
lC ichr'm is launched by computer science profess::n'( seoffrey Hinton (right) and two of his graduate
4/14/2023 students, Alex Krizhevsky and |

0001

(The University of Toronto)
news/suence/google buys-university-of-toronto-startup-1.137364]



Yoshua Bengio Geoffrey Hinton Yann LeCun

"“FEFI=BEL" ZFRHIYoshua Bengio, Yann LeCun, Geoffrey Hintonf£E3K15T2018EMNEIRIE, X
EERK1966FE LK D BRI—FMRE=(ARE.
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ImageNet Classification Error

0.4

I I I

. : Deeper _ : Deep | DNN
I Network in Network . : First Blood
| I I

0.3 I : :

0.25 : : :
' l l

0.2 | I I
' I |

0.15 1 I |
' l

0.1 | |
| |

0.05 : :
: I
I I N
| & & & o & 18 & 0 & x‘*@ S \& &

< R Q\o o Q}A é\c,/ I<, $ \2\@\* Q;SQ’& y & @V+
| ?‘Q& Q | vs\b" ot I
' l |
: I |
2015 2014 ' 2013 ' 2012

Li Fei-Fei: ImageNet Large Scale Visual Recognition Challenge, 2014 http://image-net.org/
4/14/2023 Piji Li, LLM&ChatGPT 10



http://image-net.org/

Al+-£E[B]E

- {al{SEH
Kaiming He, 7%l
MIETFFEXRE, &
TEeNFFBHICK
FZIRURSLIGEE,
201 TFIONRLERIT M
ks (MSRA) T

£, 20164, AN
Facebook Al

Research (FAIR) #H
(FHFREIZSR

4/14/2023 Piji Li, LLM&ChatGPT



Al o] [pi

AlphaGO

4/14/2023 Piji Li, LLM&ChatGPT



Al o] [pi

» DeepMindpkizF20105, 201454 Googlelitita,

« 2014£

o R AT EsEEHIKEFAIphaGo,

dl]

+ 2015F108, 2fmzUiRAlphaGoss FElAS: 0= ¥ RN EHEE ELES

inreRAH TS EE g,

+ 2016538, AlphaGofkikttRaEsFHERIEITZ=HE (O|MF)
JLER, X]“a—F%%jjAlphaGo 415 TEHE,

4/14/2023 Piji Li, LLM&ChatGPT 13


https://zh.wikipedia.org/wiki/%E6%A8%8A%E9%BA%BE
https://zh.wikipedia.org/wiki/%E6%9D%8E%E4%B8%96%E4%B9%AD

Al o] [pi

nature

Explore content v  About the journal v  Publish with us v

nature > articles > article

Published: 27 January 2016

Mastering the game of Go with deep neural networks
and tree search

David Silver &, Aja Huang, Chris J. Maddison, Arthur Guez, Laurent Sifre, George van den Driessche,

Julian Schrittwieser, loannis Antonoglou, Veda Panneershelvam, Marc Lanctot, Sander Dieleman,

Dominik Grewe, John Nham, Nal Kalchbrenner,lllva Sutskever, )I imothy Lillicrap, Madeleine Leach, Koray
v

Kavukcuoglu, Thore Graepel & Demis Hassabis

Nature 529, 484-489 (2016) | Cite this article

441k Accesses | 7340 Citations | 3086 Altmetric | Metrics
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9¢ Google DeepMind
Challenge Match

8 - 15 March 2016

$8: AlphaGo  \Lee Sedol
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Artificial Intelli¢/ "} Eonmusk® ®  sam Altman @
OpeI‘IAl Launch‘ @elonmusk - Follow @sama - Follow
From Elon Musk Announcing formation of @o| Really excited to announce @open_ai. Please check it out:

Drew Olanoff @yoda / 6:13 AM GMT+8+D /// // I l\\\\

openai.com openai.com
Introducing OpenAl Introducing OpenAl

OpenAl is a non-profit artificial inte  OpenAl is a non-profit artificial intelligence research company. Our goal
is to advance digital intelligence in - is to advance digital intelligence in the way that is most likely to benef...
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Disco Diffusion
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ChatGPT

ChatGPT: Optimizing
Language Models
for Dialogue

We've trained a model called ChatGPT which interacts in a
conversational way. The dialogue format makes it possible for
ChatGPT to answer followup questions, admit its mistakes,
challenge incorrect premises, and reject inappropriate requests.
ChatGPT is a sibling model to InstructGPT, which is trained to
follow an instruction in a prompt and provide a

detailed response.




GPT-4

« Mar. 14, 2023

GPT-4 Technical Report

OpenAl*

Abstract

We report the development of GPT-4, a large-scale, multimodal model which can
accept image and text inputs and produce text outputs. While less capable than
humans in many real-world scenarios, GPT-4 exhibits human-level performance
on various professional and academic benchmarks, including passing a simulated
bar exam with a score around the top 10% of test takers. GPT-4 is a Transformer-
based model pre-trained to predict the next token in a document. The post-training
alignment process results in improved performance on measures of factuality and
adherence to desired behavior. A core component of this project was developing
infrastructure and optimization methods that behave predictably across a wide
range of scales. This allowed us to accurately predict some aspects of GPT-4’s

performance based on models trained with no more than 1/1,000th the compute of

4/14/2023 GPT-A4.
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New chat

Al Chat Tool Ethics

Al Chat Tool Impact Writing

New chat

New chat

New chat

New chat

New chat

Clear conversations

Light mode

OpenAl Discord

Updates & FAQ

Log out

Examples

"Explain quantum computing in
simple terms" —

"Got any creative ideas for a 10
year old's birthday?" —

"How do | make an HTTP request
in Javascript?” —

ChatGPT Jan 9 Version. Free Research Preview. Our goal is to make Al systems more natural and safe to interact with. Your feedback will help us improve.

ChatGPT

4

Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-up
corrections

Trained to decline inappropriate
requests

A

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world and
events after 2021
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Good afternoon.

Tomorrow afternoon at 1: 00
apartment will arrange the killing
work, if there is a need to kill the
baby in the house, please
communicate with us through
WeChat
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Examples

"Explain quantum computing in
simple terms"

"Got any creative ideas for a 10
year old’s birthday?"

"How do | make an HTTP
request in Javascript?"

ChatGPT

%

Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-
up corrections

Trained to decline inappropriate
requests

VAN

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world and
events after 2021

39
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Examples

"Explain quantum computing in
simple terms"

"Got any creative ideas for a 10
year old’s birthday?"

"How do | make an HTTP
request in Javascript?"

ChatGPT

%

Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-
up corrections

Trained to decline inappropriate
requests

VAN

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world and
events after 2021
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- Language Model
BAES P — N FsaILAHRELE 590

NEiTRES
AIP(s)yEXBD. W :

0 a= WERESLD.
o b= EETER.

o P(a) > P(b)
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- Language Model
REESHEMLTHIERS B DR AES (EE)ARES

L
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- Language Model

WFEENTFa = wil w2 ... wm , BI{TitEP(a)?
50N (chain rule)

P(a)

P(w1w2 m)
P(wy)P (w2|w1)P(w3|w1w2)...P(wm|w1w2...wm_1)

|
::]3

P(wg|wy ... wg—1)

e
I

1

P (Do you still remember)
= P(Do) x P(you|Do) x P(still|Do you) x P(remember|Do you still)
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N-gram LM
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N-gram LM

“a black

o “cat" ? "stone” ?

n

“Kevin gives food to a black

o “cat’” ? "stone” ?

MRIMEF KN LTS5 aEFERN T —MAEE

40{a]1E4ENn?
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N-gram LM

n $KHY

o RETEZANERER | BIRERXIE
o BE 28N EE. ITERNMK. JIGERFES. SHETA TR

n B
0 BEEEY , FEREIME
o BE , 80 iHERNN. JIFERIFTEEKRSZ. 28GR

unigram (n=1)

o p(wi) HFIEESHHE20000M8 , NFEEIT200001241

bigram (n=2)

o p(wilwi-1) FEESHHE200007N , NIFEZEHTH200004 20248
trigram (n=3)

o p(wilwi-2 wi-1) EiE=$H20000M7 , MEE(EHH200004 3MNS#8
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Evaluation: Perplexity

The higher this quantity is, the better the language model is at
modeling unseen sentences.

m

Perplexity on the test corpus is derived as a direction transformation of this.
ppl = 9!
Ry (i)
[ = M;logzp(az )

M is the total length of the sentences in the test corpus.
What if the model estimate ¢(w | u,v) = 0 and the trigram appears in the dataset?

4/14/2023 Piji Li, LLM&ChatGPT 49



NN LM

« Neural Network based Language Model

P(a) = P(wiws ... w,y,)
= P(w1) P(wa|wy) P(ws|wiws) ... P(wm,|wiws ... wp—1)
= H P(wgwy ... wi—1])

k=1

Yoshua Bengio B2 FOLLOWING Cited by VIEW ALL
Professor of computer science, University of Montreal, Mila, IVADO, CIFAR Al Since 2017
Verified email at umontreal.ca - Homepage
Machine learing deep learning  artificial intelligence Citations 575402 505807
h-index 210 192
i10-index 738 660
TITLE CITED BY YEAR 118000

Deep learning 56544 2015 88500
Y LeCun, Y Bengio, G Hinton

nature 521 (7553), 436-444 59000
Generative adversarial networks 50339 2020 29500
| Goodfellow, J Pouget-Abadie, M Mirza, B Xu, D Warde-Farley, S Ozair, ...

Communications of the ACM 63 (11), 139-144 . I .

2015 2016 2017 2018 2019 2020 2021 2022
Gradient-based learning applied to document recegnition 49346 1998
Y LeCun, L Bottou, Y Bengio, P Haffner
Proceedings of the IEEE 86 (11), 2278-2324

A Public access VIEW ALL
Deep learning 43742 2016
| Goodfellow, Y Bengio, A Courville ) )
MIT press 9 articles 101 articles
Neural machine translation by jointly learning to align and translate 25724 2014 not available available
D Bahdanau, K Cho, Y Bengio )
arXiv preprint arXiv:1409.0473 Based on funding mandates
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NN LM

PAIMHZIESIEE (neural language model)

o A Neural Probabilistic Language Model, Bengio et al. 2003
0 BEEMEREEITTN-gramiE SR PRIFRAHTER

*;II il'l i-th output = P(w, = i | context)

O y=b+Wx+ Utanh(d + Hx) A - — o
- W, U, HESHUENE , b, dRE o
SR - =
Clwrnilr [Ctwa) Clmi - ,
epenpeeegl I

index for Wy index for w,_» index for w,_,
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NN LM

BRP
o NI EES ZRIEIENER
TRIAHENELE ! (recurrent neural network)
o EINIEINZ BRI H

» LERELLZ BIRTERIR A&
0 BB RERERNSE
0 NEHERSERNEHEX

e000| (0000| (eoo0]
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h; =h; 1 + g(x¢;6),

o IBINAEZM
hy =hy_ 1 + g(x¢, he—150),

B 2= I 257
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Long Short-Term Memory, LSTM

Juergen Schmidhuber Cited by VIEW ALL

King Abdullah University of Science and Technology / The Swiss Al Lab, IDSIA/

9.0 All Since 2017
University of Lugano

Verified email at kaust.edu.sa - Homepage Citations 181494 152910
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Neural computation 9 (8), 1735-1780 17000
Deep learning_ in neural networks: An overview m 17335 2015 8500
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Learning to forget: Continual prediction with LSTM (=57 = 6180 2000

FA Gers, J Schmidhuber, F Cummins
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Multi-column deep neural network for traffic sign classification == - - 5738 2012
D CiresAn, U Meier, J Masci, J Schmidhuber 2 articles 118 articles
Neural networks 32, 333-338

not available available

Multi-column deep neural networks for image classification e 2012
D Ciregan, U Meier, J Schmidhuber Based on funding mandates
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LSTM: A search space odyssey =« - 5169 2016
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Search:

Al Blog

{@SchmidhuberAl
What's new? 6 Dec 2021

KAUST (17 papers at
MNeurlPS 2021) and its
environment are now
offering enormous
resources to advance both
fundamental and applied Al
research: we are hiring
outstanding professors,
postdocs,_and PhD
students.

{ERC Grant: Many jobs for
PhD students and PostDocs
to be hired in 2020. Earlier
jobs: 2017, 2016)

FAQ in AMA (Ask Me
Anything) on reddit (2014)

Publications (2021)
CV (2021}
Old videos (2009-2015)

L4
o
Master's in Arificial
Intelligence (Fall 2017)

Contact:

Jirgen Schmidhuber

IDSIA, Polo universitario
Lugano, Via la Santa 1, CH-
6962 Lugano - Viganello,
Switzerland

Fax +41 58 666666 1

Fon +41 53 666666 2

Sec +41 53 666666 6

- . a

sy

* |URGEN'SCHMIDHUBER'S HOME PAGE ™3

P

Since age 15 or so, the main goal of professor Jurgen Schmidhuber has been to build a seli-
improving Arificial Intelligence (Al) smarter than himself, then retire. His lab's Deep Learning
Meural Metworks (NNs) based on ideas published in the "Annus Mirabilis” 1950-1951 have
revolutionised machine learning and Al. In 2009, the CTC-rained Long Short-Term Memory
(LSTM) of his team was the first recurrent NN to win international pattern recognition
competitions. In 2010, his lab's fast and deep feedforward WNs on GPUs greatly outperformed
previous methods, without using any unsupervised pre-training, a popular deep learning strategy
that he pioneered in 1991. In 2011, the DanNet of his team was the first feedforward NN to win
computer vision contests, achieving superhuman performance. In 2012, they had the first deep
MM to win a medical imaging contest (on cancer detection). This deep learning revolution quickly
spread from Europe to North America and Asia, and attracted enormous interest from industry. By
the mid 2010s, his lab's NNs were on 3 billion devices,_and used billions of times per day_through
users of the world's most valuable public companies, e.g., for greatly improved speech
recagnition on all Android smartphones, greatly improved machine translation through Google
Translate and Facebook {over 4 billion LSTM-based translations per day), Apple's Siri and
Quicktype on alliPhones, the answers of Amazon's Alexa, and numerous other applications. In
May 2015, his team published the Highway Net, the first working really deep feedforward NN with
hundreds of layers—its open-gated version called ResNet (Dec 2015) has become the most cited
NN of the 21st century, LSTM the most cited NN of the 20th (BEloomberg called LSTM the
arguably most commercial Al achievement). His lab's NNs are now heavily used in healthcare
and medicine, helping to make human lives longer and healthier. His research group also
established the fields of mathematically rigorous universal Al and recursive self-improvement in
metalearning_ machines that learn to learn {since 1987). In 1990, he introeduced unsupervised
generative adversarial neural networks that fight each other in a minimax game to implement
artificial curiosity (the famous GAMNs are instances thereof). In 1991, he introduced neural fast
weight programmers formally equivalent to what's now called linear Transformers (popular in
natural language processing). His formal theory of creativity & curiosity & fun explains art,
science, music, and humor. He also generalized algorithmic information theory and the many-
worlds theory of physics, and introduced the concept of Low-Complexity Art, the information age’s
extreme form of minimal art. He is recipient of numerous awards, author of about 400 peer-
reviewed papers, and Chief Scientist of the company NNAISENSE, which aims at building the
first practical general purpose Al. He is a frequent keynote speaker, and advising various
governments on Al strategies.

RESEARCH

Arificial Recurrent Neural  Adificial Evolution. State-of-
Metworks (1989-2014). the-art methods for network
| Most work in machine evolution co-evolve all
| learning focuses on neurens in parallel (excellent
| machines with reactive results in various
| behavior. RMNs, however,  applications). EVOLINO
are more general outperforms previous
Sequence processors methods on several

inspired by human brains. They have adaptive
feedback connections and are in principle as
powerful as any computer. The first RNNs
could not learn to look far back into the past.
But our "Long Short-Term Memaory” (LSTM)
RMNN overcomes this fundamental problem.

supervised learning tasks, and yields the first
recurrent support vector machines. Probabilistic

incremental program evolution evolves computer

programs through probabilistic templates insteac
of program populations (first approach to
evolving entire soccer team strategies from
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KIEHAICIZHHEMEE (Long Short-Term Memory, LSTM )
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KIEHAICIZiHhEM4EE (Long Short-Term Memory, LSTM )
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Gated Recurrent Unit, GRU
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Gated Recurrent Unit, GRU

FE[]
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Nicolas Boulanger-Lewandowski BOULANNIGIRO.UMONTREAL.CA
Yoshua Bengio BENGIOYEIRO. UMONTREAL.CA
N I PSZ 008 Pascal Vincent VINCENTPERIRO. UMONTREAL.CA

Dept. IR0, Université de Montréal. Montréal (QC), H3C 317, Canada

ICML 2012

4/14/2023 Piji Li, LLM&ChatGPT 72



IRe e — XAER

6.1.1. SAMPLE

ICML2011

We now presen
use ? to indicatc
Ilya Sutskever low was Oto)tame
ames Martens and selecting th
nto! of the paragrapl
University of To . .
ticularly interes
phrase “The me

The meaning of |
Recurrent . duction: it is less
powerful s her bigger. In the
widespread wild pasteured w
cult to trai py the 15th centu

cent advanc an effort that the

been able tc )

with trainin sleepers to incorg
them succe: tion. Mar??a Nati
lems. In tt thoughtis. To adz

of RNNs tr fairy Dan please

4/14/2023

6.1.2. SAMPLES FROM THE NYT MODEL

Below is a sample from the model trained on the full NYT
dataset, where the MRNN was 1nitialized with a single
space. The spaces surrounding the punctuation are an ar-
tifact of the preprocessing.

while he was giving attention to the second advantage of school
building a 2-for-2 stool killed by the Cultures saddled with a half-
suit defending the Bharatiya Fernall ’s office . Ms . Claire Parters
will also have a history temple for him to raise jobs until naked
Prodiena to paint baseball partners , provided people to ride both
of Manhattan in 1978 , but what was largely directed to China in
1946 , focusing on the trademark period is the sailboat yesterday
and comments on whom they obtain overheard within the 120th
anniversary , where many civil rights defined , officials said early
that forms , ” said Bernard J. Marco Jr. of Pennsylvania , was

monitoring New York
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/*
* If this error is set, we will need anything right after that BSD.
*/

static void action_new_ function(struct s stat info *wb)

{

unsigned long flags;

int lel idx bit = e->edd, *sys & ~((unsigned long) *FIRST COMPAT);

buf[0] = OxFFFFFFFF & (bit << 4);

min(inc, slist->bytes);

printk (KERN WARNING "Memory allocated %02x/%02x, "
"original MLL instead\n"),
min(min(multi run - s->len, max) * num data in),
frame pos, sz + first seq);

div_u64 w(val, inb p);

spin unlock(&disk->queue lock);

mutex unlock (&s->sock->mutex) ;

mutex unlock(&func->mutex);

return disassemble(info->pending bh);

static void num_serial_settings(struct tty struct *tty)

{
if (tty == tty)
disable single st p(dev);

e

pci disable spool(port);
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iR E — AR ES AT,
After a cup of unstrained wine,
I have been a little drunk
8 = T B 8%,
I saw the cloud split the sky apart.
I 3 35 A L 36
On horseback. I pass through every road
across the mountain.
VR iz - I A
but can only watch the red sun falling down
with sorrow.

kB — AR BL AT,
After a cup of unstrained wine,
[ have been a little drunk
Jey FHATT 4L 2 8 AR
With a narrow boat. where could I find
the hermits?
TR )3 R,
Friends, don't be surprised that I come
back so late,
77 AR E) B
[ have seen the great tide and the grand
spring breeze.

i — AR AL AT
After a cup of unstrained wine,
I have been a little drunk
F = AT & BALSR
I wonder on which cloud I can see the
presence of the gods.
igig + e KA,
The moon above the mount seems
farther and farther.
EFEFLEF K.
The mist among the hill becomes
thicker and thicker.

(a) Style 1: “loneliness, melancholy™

Yang et al. Stylistic Chinese Poetry Generation via Unsupervised Style Disentanglement. EMNLP 2018.
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(b) Style 4: “hermit, rural scenes”

Piji Li, LLM&ChatGPT

(c) Style 8: “the portrait of hazy scener-

1ies”
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« 2013, 2014, 2015

jC%—L_fJTJEWOFdZVGC —1BIEErnn-ImigERL, —1B8 00
EHEIE AR

- {540
I

4/14/2023 Piji Li, LLM&ChatGPT 79



F1T A eealiE-SMT

Phrase Reorder:

Chinese: ,ﬁJ@ J—_\ ? I ﬁﬁ[\? I#\Ljé

Phrase Seg: 3 e || T || e
! ! !

Phrase Trans: | In Beijing did lecture
l —
|

did lecture, | in Beljing

English: I did lecture In Beljing

sk KR V=3 EElectures
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Chinese TR | N S Y

Er%ﬁ%”:ng I gave a talk in Beijing

K xR, FlasEElectures
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The Recurrent Temporal Restricted Boltzmann
Machine

[lva Sutskever, Geoffrey Hinton, and Graham Taylor
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Generating Text with Recurrent Neural Networks

ILYA®@ CS.UTORONTO.CA
IMARTENS @ C5. TORONTO.EDU
HINTON @C5. TORONTO.EDU

Ilya Sutskever
James Martens
Geoffrey Hinton

University of Toronto, & King's College Rd., Toronto, ON M3S 3G4 CANADA

Modeling Temporal Dependencies in High-Dimensional Sequences:
Application to Polyphonic Music Generation and Transcription

BOULANNIGIRO. UMONTREAL.CA
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Nicolas Boulanger-Lewandowski
Yoshua Bengio
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2002

NIPS2008

ICML 2011

ICML 2012
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EMNLP 2013

Recursive Deep Models for Semantic Compositionality
Over a Sentiment Treebank

Richard Socher, Alex Perelygin, Jean Y. Wu, Jason Chuang,
Christopher D. Manning, Andrew Y. Ng and Christopher Potts
Stanford University, Stanford, CA 94305, USA
richardisocher.org, {aperelyg, jcchuang, ang}fcs.stanford.edu
{jeaneis,manning, cgpotts}@stanford.edu

Abstract

Semantic word spaces have been very use-
ful but cannot express the meaning of longer
phrases in a principled way. Further progress
towards understanding compositionality in
tasks such as sentiment detection requires
richer supervised training and evaluation re-
sources and more powerful models of com-
position. To remedy this, we introduce a
Sentiment Treebank. It includes fine grained
sentiment labels for 215,154 phrases in the
parse trees of 11,855 sentences and presents
new challenges for sentiment composition-
ality. To address them, we introduce the
Recursive Neural Tensor MNetwork.  When
trained on the new treebank, this model out-

imtelligent  hamor

other  kimd

choerness

Figure I: Example of the Recursive Neural Tensor Net-
work accurately predicting 5 sentiment classes, very neg-
ative to very positive (- =, =, (0, +. + +), at every node of a
parse tree and capturing the negation and its scope in this
sentence.
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Holger Schwenk Abstract ties, linguistic or otherwise, they do not share statis-
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This paper presents a new approach to perform the estimation of the translation model prob-
abilities of a phrase-based statistical machine translation system. We use neural networks to

directly learn the translation probability of phrase pairs using continuous representation it tamget st — _— arget
system can be easily trained on the same data used to build standard phrase-based sy ™ auna hidden — ]

3 H 5 3 i ::‘I‘.iun : x'h.m:d hidden
We provide experimental evidence that the approach seems to be able to infer mean f e ] /'- L brojection

translation probabilities for phrase pairs not seen in the training data, or even predict a
the most likely translations given a source phrase. The approach can be used to rescore — — —
lists, but we also discuss an integration into the Moses decoder. A preliminary evaluation ] =
English/French IWSLT task achieved improvements in the BLEU score and a human ar 5 - .
showed that the new model often chooses semantically better translations. Several exte - : ) Bl
of this work are discussed. L —

KEYWORDS: Statistical machine translation, phrase probability estimation, continuous
models, neural network. 5 L [ 5 .
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Eqgs. (5)—(8) for the detailed equations of r, z, h
and h.
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Figure 1: An illustration of the proposed RNN
Encoder-Decoder.
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Phrase Generation + SMT, A2 EIFfJend-to-endETFINMT,

N
logp(f | e) = E wn fn(f,€) +log Z(e). Models BLEU
n=l Baseline 30.64 | 33.30
RNN 31.20 | 33.87
. . . CSLM + RNN 31.48 | 34.64
3.1 Scoring Phrase Pairs with RNN CSLM + RNN + WP | 3150 | 34.54

Encoder-Decoder
Table 1: BLEU scores computed on the develop-

Here we propose to train the RNN Encoder— ment and test sets using different combinations of
approaches. WP denotes a word penalty, where

DECO—dE:I'. (SE'E Sec. 2.2) Dl’l a table of ph-I'EI.SE pairs we penalizes the number of unknown words to
and use its scores as additional features in the log- neural networks.

linear model in Eq. (9) when tuning the SMT de-

coder.
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Neural Machine Translation
by Jointly Learning to Align and Translate

Dzmitry Bahdanau KyungHyun Cho Yoshua Bengio
Jacobs University, Germany Université de Montréal Université de Montréal
CIFAR Senior Fellow
Abstract

Neural machine translation is a recently proposed approach to machine transla-
tion. Unlike the traditional statistical machine translation, the neural machine
translation aims at building a single neural network that can be jointly tuned to
maximize the translation performance. The models proposed recently for neural
machine translation often belong to a family of encoder—decoders and encodes
a source sentence into a fixed-length vector from which a decoder generates a
translation. In this paper, we conjecture that the use of a ixed-length vector 1s a
bottleneck in improving the performance of this basic encoder—decoder architec-
ture, and propose to extend this by allowing a model to automatically (soft-)search
for parts of a source sentence that are relevant to predicting a target word, without
having to form these parts as a hard segment explicitly. With this new approach,
we achieve a translation performance comparable to the existing state-of-the-art
phrase-based system on the task of English-to-French translation. Furthermore,
4/14/2023 qualitative analysis reveals that the (soft-)alignments found by the model agree 98
well with our intuition.
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Algorithm 1 Beam search

Time step 1 Time step 2 Time step 3
Candidates Candidates Candidates Input: Beam size f§, maximum length 7, user id u, item id v, and
tips generation model G.
A A Output: f best candidate tips.
\\ B 1: Initialize IT = 0, ar[O:ﬁ—l]=0,Hp=0,7rp=0,t=0;
A s ¢ AB ® ABD

S PP 2: Get user latent factor and item latent factor:
/C:) \ P \® u=U(;,u) and v = V(;,v)
/© g E while t < n do

3:
\ 5% A A 4:  Generate ff new states based on II: {§t}5_1 = G(II)
5. forifromO0to f do
6
7

E N B B
Z. c é c : Uncompleted sequence s; < II(i)
c S CE __ CED P q
\é L7 i‘@—” : Top-p words {wo, w1, ..., wg_1} « p-argmax §§wi)
- w; eV '
& 8: for each word w; do

9: Concatenation: Ilp.inseart(s; + wj)
10: Likelihood: 7p.inseart(r[i] + logﬁgvj ))

11: end for

Greedy Search 2 end for

13:  Get the top-f sequences with largest likelihood:
Beam Search (1P B = p- argmax I

selly,lemn,
14: I « {s}g_l, T — {l}g_l, O, =0,7=0
15: te—t+1

16: end while
17: return II, =.
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Figure 3: Four sample alignments found by RNNsearch-50. The x-axis and y-axis of each plot
correspond to the words in the source sentence (English) and the generated translation (French),

respectively. Each pixel shows the weight a;

of the annotation of the j-th source word for the i-th

Piji Li, LLM&CF target word (see Eq. (6)), in grayscale (0: black, 1: white). (a) an arbitrary sentence. (b—d) three
randomly selected samples among the sentences without any unknown words and of length between
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Imagenet classification with deep convolutional neural networks 128594 2017 24750
A Krizhevsky, | Sutskever, GE Hinton
Communications of the ACM 60 (6), 84-90 36500
Tensorflow: Large-scale machine learning on heterogeneous distributed systems 44085 2016 18250
M Abadi, A Agarwal, P Barham, E Brevdo, Z Chen, C Citro, GS Corrado, ...
arXiv preprint arXiv:1603.04467 I

2016 2017 2012 2019 2020 2021 2022 2023
Dropout: a simple way to prevent neural networks from overfitting 41294 2014
N Srivastava, G Hinton, A Krizhevsky, | Sutskever, R Salakhutdinov
The journal of machine learning research 15 (1), 1929-1958

L : : . : Public access VIEW ALL
Distributed representations of words and phrases and their compositionality 37503 2013
T Mikolav, | Sutskever, K Chen, GS Cormrado, J Dean - )
Advances in neural information processing systems 26 0 articles 4 articles
Sequence to sequence learning with neural networks 21509 2014 not available available
| Sutskever, O Vinyals, QV Le .
Advances in neural information processing systems 27 Based on funding mandates
Mastering the game of Go with deep neural networks and tree search 15366 2016
D Silver, AHuang, CJ Maddison, A Guez, L Sifre, G Van Den Driessche, ...
524G (TERTY AR4-429

nature 529 (7587), 484-489 Co-authors VIEW ALL
Intriguing properties of neural networks 12464 2013
C Szegedy, W Zaremba, | Sutskever, J Bruna, D Erhan, | Goodfellow, ... Geoffrey Hinton 3
arXiv preprint arXiv:1312.6199 Emeritus Prof. Comp Sci, U.Toro. ..
Improving neural networks by preventing co-adaptation of feature detectors 9643 2012 I Alex Krizhevsky >
GE Hinton, N Srivastava, A Krizhevsky, | Sutskever, RR Salakhutdinov University of Toronto
arXiv preprint arXiv:1207.0580

Oriol Vinyals »
Language models are few-shot learners 8070 2020 dh  Research Scientist at Google De...
T Brown, B Mann, N Ryder, M Subbiah, JD Kaplan, P Dhariwal, ... Wojciech Zaremba

v i i i i y 14

Advances in neural information processing systems 33, 1877-1901 Q Co-Founder of OpenAl >
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Seqg2seg-Istm (no attention)

T”

[ N o B S I

|

s—> |—>»x

A B c <EOS>
Figure 1: Our model reads an input sentence “ABC” and produces
model stops making predictions after outputting the end-of-sentence

input sentence in reverse, because doing so introduces many short term
optimization problem much easier.

Method test BLEU score (ntst14)
Bahdanau et al. [2] 28.45
Baseline System [29] 33.30
Single forward LSTM, beam size 12 26.17
Single reversed LSTM, beam size 12 30.59
Ensemble of 5 reversed LSTMs, beam size 1 33.00
Ensemble of 2 reversed LSTMs, beam size 12 33.27
Ensemble of 5 reversed LSTMs, beam size 2 34.50
Ensemble of 5 reversed LSTMs, beam size 12 34.81

Table 1: The performance of the LSTM on WMT’14 English to French test set (ntst14). Note that
an ensemble of 5 LSTMs with a beam of size 2 is cheaper than of a single LSTM with a beam of

size 12.
15 . .
4t O | was given a card by her in the garden
3r OMary admires John 10F O In the garden , she gave me a card
O She gave me a card in the garden
2F OMary is in love with John
5 -
1 -
or 0r
OMary respects John a
| OJohn admires Mary
-5r O She was given a card by me in the garden
-2r OJohn is in love with Mary
O In the garden , | gave her a card

-3+ -10+
_4 L
_s  OJohn respects Mary i O | gave her a card in the garder
_6 1 1 1 Il 1 1 1 1 J _20 1 1 1 L 1 1 J
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Seq2seq-attention
)& A seq2seqhy

» Research

- flaN: EHETE-Lifenghldialogue generation, Jiataolcopy
mechanism, ZhaopengHicoverage, baotianfmatching, etc.
- Hang Li, Zhengdong Lv

« Startups
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Google NMT

Google’s Neural Machine Translation System: Bridging the Gap
between Human and Machine Translation

Yonghui Wu, Mike Schuster, Zhifeng Chen, Quoc V. Le, Mohammad Norouzi
yonghui,schuster,zhifengc,qvl,mnorouzi@google.com

Deep
Residual

Wolfgang Macherey, Maxim Krikun, Yuan Cao, Qin Gao, Klaus Macherey,
Jeff Klingner, Apurva Shah, Melvin Johnson, Xiaobing Liu, FLukasz Kaiser,
Stephan Gouws, Yoshikiyo Kato, Taku Kudo, Hideto Kazawa, Keith Stevens,
George Kurian, Nishant Patil, Wei Wang, Cliff Young, Jason Smith, Jason Riesa, Pa ra I I el

Alex Rudnick, Oriol Vinyals, Greg Corrado, Macduff Hughes, Jeffrey Dean

Wordpiece (subwords)

Abstract
[ ] [ ]
Neural Machine Translation (NMT) is an end-to-end learning approach for automated translation, - Le n gt h - n o r m a I I z at I O n
with the potential to overcome many of the weaknesses of conventional phrase-based translation systems.
Unfortunately, NMT systems are known to be computationally expensive both in training and in translation

inference — sometimes prohibitively so in the case of very large data sets and large models. Several authors

Coverage penalty
have also charged that NMT systems lack robustness, particularly when input sentences contain rare words.
These issues have hindered NMT’s use in practical deployments and services, where both accuracy and H f I H f U
speed are essential. In this work, we present GNMT, Google’s Neural Machine’ Translation system, which Re I n o rce m e nt e a rn I n g 0 r B L E

attempts to address many of these issues. Our model consists of a deep LSTM network with 8 encoder
and 8 decoder layers using residual connections as well as attention connections from the decoder network
to the encoder. To improve parallelism and therefore decrease training time, our attention mechanism
connects the bottom layer of the decoder to the top layer of the encoder. To accelerate the final translation
speed, we employ low-precision arithmetic during inference computations. To improve handling of rare
words, we divide words into a limited set of common sub-word units (“wordpieces”) for both input and
output. This method provides a good balance between the flexibility of “character”’-delimited models and
the efficiency of “word”-delimited models, naturally handles translation of rare words, and ultimately
improves the overall accuracy of the system. Our beam search technique employs a length-normalization
procedure and uses a coverage penalty, which encourages generation of an output sentence that is most
likely to cover all the words in the source sentence. To directly optimize the translation BLEU scores,
we consider refining the models by using reinforcement learning, but we found that the improvement
in the BLEU scores did not reflect in the human evaluation. On the WMT’14 English-to-French and
English-to-German benchmarks, GNMT achieves competitive results to state-of-the-art. Using a human
side-by-side evaluation on a set of isolated simple sentences, it reduces translation errors by an average of
60% compared to Google’s phrase-based production system.

1609.08144v2 [cs.CL] 8 Oct 2016

arXiv
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Seq2seq-attention
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Sequential Computation

Lingpeng Kong, NLP Lectures
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Seq2seq-attention

Parallel Computing?

.........................................................................

GPU loves parallel computing blocks!
L4 v \4
computing block 1 computing block 2 computing block 3

Lingpeng Kong, NLP Lectures
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Parallel Computing?
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Convolution Style Models
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ConvS2S

[Submitted on 8 May 2017 (v1), last revised 25 Jul 2017 (this version, v3)]

Convolutional Sequence to Sequence Learning
Jonas Gehring, Michael Auli, David Grangier, Denis Yarats, Yann N. Dauphin

The prevalent approach to sequence to sequence learning maps an input sequence to a variable leng
architecture based entirely on convolutional neural networks. Compared to recurrent models, compu
optimization is easier since the number of non-linearities is fixed and independent of the input lengi
equip each decoder layer with a separate attention module. We outperform the accuracy of the deep
WMT'14 English-French translation at an order of magnitude faster speed, both on GPU and CPU.

ICML2017
Facebook Al Research
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ConvS2S

o They ages <o <o WMT’16 English-Romanian BLEU
Embeddings H _H F—— Sennrich et al. (2016b) GRU (BPE 90K) 28.1
Convolutions ConvS2S (Word 80K) 2945
ConvS2S (BPE 40K) 30.02

Gated

Linear
Units WMT’14 English-German BLEU
/ K Luong et al. (2015) LSTM (Word 50K) 20.9
L LT T ] Kalchbrenner et al. (2016) ByteNet (Char) 2375
Attention Wau et al. (2016) GNMT (Word 80K) 23.12
v Wau et al. (2016) GNMT (Word pieces) 24.61
F>(3) ConvS2S (BPE 40K) 25.16

~®
Dot products | i) WMT’14 English-French BLEU
L Wau et al. (2016) GNMT (Word 80K) 37.90
T | ¥ | ¥ | v | L2 | Wau et al. (2016) GNMT (Word pieces) 38.95
——— ;

Wu et al. (2016) GNMT (Word pieces) + RL  39.92

ConvS2S (BPE 40K) 40.51

Table 1. Accuracy on WMT tasks comapred to previous work.

L
JCTI10T] ConvS2S and GNMT results are averaged over several runs.
j_}L Y Y v ¥
L H H H

H H | I

<p> <p> <s> Sie stimmen zu Sie stimmen zu </s>
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ConvS2S

WMT’14 English-German BLEU BLEU Time (s)
Wu et al. (2016) GNMT 26.20 GNMT GPU (K80) 31.20 3,028
Wu et al. (2016) GNMT + RL 26.30 GNMT CPU 88 cores 31.20 1,322
ConvS2S 26.43 GNMT TPU 31.21 384

ConvS2S GPU (K40) b =1 33.45 327

ConvS2S GPU (M40)b =1 33.45 221
WMT’14 English-French BLEU ConvS2S GPU (GTX-1080ti) b =1 33.45 142
Zhou et al. (2016) 40.4 ConvS2S CPU 48 cores b =1 33.45 142
Wau et al. (2016) GNMT 40.35 ConvS2S GPU (K40) b = 5 34.10 587
Wuetal. (2016) GNMT + RL ~ 41.16 ConvS2S CPU 48 cores b = 5 34.10 482
ComvS2S 1144 ConvS2S GPU (M40) b = 5 34.10 406

Table 2. Accuracy of ensembles with eight models. We show Table 3. CPU and GPU generation speed in seconds on the de-

both likelihood and Reinforce (RL) results for GNMT; Zhou et al. Vf:lopment set 017 WMT" 14 English-French. 'We show results for
(2016) and ConvS2S use simple likelihood training. different beam sizes b. GNMT figures are taken from Wu et al.

(2016). CPU speeds are not directly comparable because Wu et al.
(2016) use a 88 core machine versus our 48 core setup.

Google:
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» Googleld: BFEAIT? BKIE!
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Transformer

Ashish Vaswani Cited by
Startup | Al Since 2013
Verified email at fastmail.com
h-index 36 35
i10-index 51 45
TITLE CITED BY YEAR 33000
Attention is all you need 66778 2017 24750
AVaswani, N Shazeer, N Parmar, J Uszkoreit, L Jones, AN Gomez, ...
Advances in neural information processing systems 30 16500
Relational inductive biases, deep leamning, and graph networks 2503 2018 8250

\W Battaglia, JB Hamrick, V' Bapst, A Sanchez-Gonzalez, V Zambaldi, ...
arXiv preprint arXiv:1806.01261 -
2017 2018 2019 2020 2021 2022 2023
Self-attention with relative position representations 1485 2018
P Shaw, J Uszkoreit, A Vaswani

arxiv preprint arxiv:1803.02155

Public access VIEW ALL
Image transformer 1234 2018
M Parmar, A Vaswani, J Uszkorsit, L Kaiser, N Shazeer, A Ku, D Tran I ]
Intermnational conference on machine learning, 4055-4064 0 articles 3 articles
Attention augmented convolutional networks 844 2019 not available available

| Bello, B Zoph, A Vaswani, J Shlens, QV Le )
Proceedings of the |IEEE/CVF international conference on computer vision ... Based on funding mandates
Stand-alone self-attention in vision models 768 2019

P Ramaql}am;ﬂgg Parmar. A Vaswani. | Bello. A Levskava. J Shlens
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Attention Is All You Need

Ashish Vaswani*
Google Brain
avaswani@google.com

Llion Jones™
Google Research
1llion@google.com
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Noam Shazeer™ Niki Parmar* Jakob Uszkoreit*
Google Brain Google Research Google Research
noam@google.com nikip@google.com usz@google.com

Aidan N. Gomez* 1
University of Toronto
aidan@cs.toronto.edu

FLukasz Kaiser*
Google Brain
lukaszkaiser@google.com

Illia Polosukhin* ¥
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Transformer

Attention Is All You Need

Adept ©haracter.ai Adept

Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

~ Llion Jones* Aidan N. Gomez* Lukasz Kaiser*
Google Research University of Toronto Google Brain
llion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* ¥ __ N E A R

CO:here illia.polosukhin@gmail.com e B B
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Figure 1: The Transformer - model architecture.
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Transformer

Output
Probabililies

* Multi-headed self-attention
* Models context eed
* Feed-forward layers ) | | )
* Computes non-linear hierarchical features — = "
: V| ~EEED) | | Feter
e Layer norm and residuals P
* Makes training deep networks healthy o a ~
Enéooing ®_€9 & Er?zl)l(jﬂ?;
* Positional embeddings T T
* Allows model to learn relative positioning npus Qv

Figure 1: The Transformer - model architecture.

Vaswani, Ashish, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, tukasz
Kaiser, and lllia Polosukhin. "Attention is all you need." In NIPS, pp. 5998-6008. 2017.
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Transformer- self-attention
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Transformer

* Transformer: Multi-Head Attention

Scaled Dot-Product Attention Multi-Head Attention
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Mathul |
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I | 1
| Mask (opt.) Scaled Dot-Product
} Attention i
| Scale | . .
1
[ Mathul
t 1
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Transformer-multi-head self-att

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention 5) Concatenate the resulting ~ matrices,
input sentence* each word* We multiply X or using the resulting then multiply with weight matrix to
with weight matrices Q/K/V matrices produce the output of the layer
X WoS
Thinking = WK Qo
Machines m \'NOV KO
- Vo
W;0
* In all encoders other than #0, T \N’1K 01

we don't need embedding. I W,V Fw_—‘:wfﬁ A
We start directly with the output [ 1 | Vi H—‘—

of the encoder right below this one

W-Q

w7V F‘F‘:H K</7
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Transformer-multi-head self-att

Layer: 5 § Attention:| Input - Input :
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Transformer-The Order of The Sequence

* Position embedding - relative position
PE(pos,Zz’) = Sin(pos/lo()(](]%/dmodez)
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Transformer - Input
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Figure 1: The Transformer - model architecture.
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Transformer — Add & Norm

« Add — Residual Connection

* Norm
Layer Normalization ®aetal 201

h
h=g®oN(x)+b f

Nx) = 21 1y Jlﬂ LN
VT, “—HEQ““ 7= E;(x —u) 1

Smoother gradients, faster training and better generalization
accuracy. (Xu et al, Neurips 2019)
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Figure 1: The Transformer - model architecture.
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Transformer - fflayer
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Transformer-decoder
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Figure 1: The Transformer - model architecture.
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Transformer-decoder

I have a car EOS
Pr{xo] Pr[xs] Pr[xs] Pr[xs] Pr[xg]

I N N

Encoder output —— Decoder
SOS I have a car

X1 X2 X3 X4 X5
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Transformer-results

Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

Model BLEU Training Cost (FLOPs)
o EN-DE EN-FR  EN-DE  EN-FR

ByteNet [18] 23.75

Deep-Att + PosUnk [39] 39.2 1.0 - 1020
GNMT + RL [38] 24.6 39.92 2.3-10"° 1.4.10%°
ConvS2S [9] 25.16 40.46 9.6-101% 1.5-104Y
MOoE [32] 26.03  40.56 2.0-10° 1.2.10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0-10%0
GNMT + RL Ensemble [38] 2630  41.16 1.8-10%° 1.1-10%!
ConvS2S Ensemble [9] 26.36  41.29 7.7-1017 1.2.104%
Transformer (base model) 27.3 38.1 3.3-.1018

Transformer (big) 28.4 41.8 2.3 .10
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Examples

"Explain quantum computing in
simple terms"

"Got any creative ideas for a 10
year old’s birthday?"

"How do | make an HTTP
request in Javascript?"

ChatGPT

%

Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-
up corrections

Trained to decline inappropriate
requests

VAN

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world and
events after 2021
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15X HT-AIEERD

VSM->LDA((2003)

> Google Word2vec(2013/14) - Google LSTM-LM(2015)

> Al2 ELMo(2017) = OpenAl GPT(Jun 2018)

> Google BERT(Oct 2018) = OpenAl GPT2(2019)> Google XLNet(2019)
> OpenAl GPT3(2020)
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15X r-mEFRR-VSM

 TF-IDFRIEZ%&~

TR | “
i
TF-IDF I1s a measore of originalityy of a word by comparing :
+the numbes of Fimes CL(.uor)\nancars in a doc with the number ;
oo the word appea’s !
“TE-DF = TF() * 1DFO) :
Term ff?%“'“j lnverse decoment :
. 7 |
Number of Fimes Term dowmen (O S | | S 7
OPPeam in a.docld ) :I!-:‘___r_\__’___‘. \ f lr_ :d2
T+ af(a,N)n : i
Document freguenc
°P+|:nl_ *t(’:ifm ‘3
f=)
g_,EJ 2 Q
1731 [ =
Term | S 5
o o w g Q
o
Su| S| Em| sg| 2| 2
= 0O = =] <P DL
o — fav? 5 . ey = E ——
£ E £ | E gl £ S 2.
S S | E £ 2 5! g
Document \| 28| =2 88| 35| =] 3
1 0.77 0.55 045 0.13 0.14 0.15
2 0 0 0.13 0.53 0.15 0.75

4/14/2023 Piji Li, LLM&ChatGPT 140



1IEX S tr-mExF-VSM

« TRE
. I MFATE, RESQET NS, SRR
+ £ BOWREIRG @TLIIRY, TEHT— NITRFESHEN, —7
. AXiF(Synonym): EMBATUSTR—MEE, —XSid;
. WEINGTRNE VFEAUES: AT R SRR, TSR
R E—ERANER, B AT (Topic), BTEE ISR B IS,
SRS S SR, B s A ST A,

- R, ERXERIIEESSAN RS IR EREERRSE, XEORENTEREY
FELSAtERY

https://zhuanlan.zhihu.com/p/80557306
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atent Semantic Indexing (LSI)

Indexing by latent semantic analysis [PDF] from ryanrossi.com

Authors  Scoft Deerwester, Susan T Dumais, George YW Furnas, Thomas K Landauer, Richard
Harshman

Publication date  1990/9
Journal  Journal of the American society for information science
Volume 41
lssue 6
Pages 391-407
Publisher  Wiley Subscription Services, Inc., A Wiley Company

Description A new method for automatic indexing and retrieval is described. The approach is to take
advantage of implicit higher-order structure in the association of terms with documents
(“semantic structure™) in order to improve the detection of relevant documeants on the
basis of terms found in queries. The particular technique used is singular-value
decomposition, in which a large term by document matrix is decomposed into a set of ca.
100 orthogonal factors from which the original matrix can be approximated by linear
combination. Documeants are represented by ca. 100 item vectors of factor weights.
Qlueries are representad as pseudo-document vectors formed from weighted
combinations of terms, and documents with supra-threshold cosine values are returned.
Initial te=sts find this completely automatic method for retrieval to be promising. © 1990
John Wiley & Sons, Inc.

Total citations ~ Cited by 18135

7 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

4 3

Scholar articles  Indexing by latent semantic analysis
S Deerwester, ST Dumais, GW Furnas, TK Landauer... - Journal of the American society

4/14/2023 for information science, 1990 143
Cited by 16135 Related articles  All 59 versions



Latent Semantic Indexing (LSI)

* Goal

* Map high dimensional vector space representation to lower dimensional
representation in latent semantic space

* Reveal semantic relations between documents (count vectors)

* SVD
« N=UzVT
* U: orthogonal matrix with left singular vectors (eigenvectors of NNT)
* V: orthogonal matrix with right singular vectors (eigenvectors of NTN)
* 2: diagonal matrix with singular values of N

* Select k largest singular values from ¥ to get approximation N with minimal
error
* Can compute similarity values between document vectors and term vectors
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Latent Semantic Indexing (LSI)
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Latent Semantic Indexing (LSI)

Terms d1 o2 d3 q
a 1 1 1 0
artived 0 1 1 0
damaged 1 0 0 0
delivery 0 1 0 0
fire 1 0 0 0
F_III:I|I2| ,ﬂ = 1 0 1 q = i
In 1 1 1 0
of 1 1 1 0
shipment 1 0 1 0
silver 0 2 0 1
truck 0 1 1 1
04201 00748 _ k =2
02095 -0.2001
01206 0.2749
01576 -0.3048 40939 0.0000
U=zuy, = | 01206 02743 Fx E, = |00000 23616
k 02626 0.3794 k ' '
04201 0.0748
04201 0.0748
02626 0.3794
0.31581 -0.6093
| -0.2995 -0.2001 |
0.4345 0.6437 T T tn.fizma 0.6458 -III.EB‘I?:|
4/14/2023 V=V, = ggg?g gglgg Vie Vi = |06492 07194 02460 e




Latent Semantic Indexing (LSI)

2igiele

Al 0']_'1,!.1?.1 [JSIﬁ 1% USOIﬁ

https://www.zhihu.com/question/22237507/answer/53804902
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Latent Semantic Indexing (LSI)

- SIRERHINERERETY, eNEZRERER, —XRFREDHEHNAILISE
FRURE, ERTRERIANMAYERR, FEER.

« BXHEFRRINEANET ENEENESSVDIRED BHEERNSE. FRERLSA
PITPREZEN—F, BURF4E, KRTXESR 1BE" |, BHELKER (K
YMARNRAEAERENAB/RHIE—#R) |, IEXEEENEI.

o ThET: RIFFERR
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pLSA(Probabilistic Latent Semantic Analysis)

LSAHERE X LRIRFEE
pLSA REET A T ERKERXE (ICSEEHEERT NS HAKE)
(1) AER P(d,,) EFE—RXHE dy,
(2) AER P(zi|dy) BRI—1ERR z,
(3) AMEER P(w,|zr) £H—MME w,

BEEERNTHRE (RER) : t@ﬂ

d < w N

(c) pLSI/aspect model

https://www.cnblogs.com/Determined22/p/7237111.html
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pLSA(Probabilistic Latent Semantic Analysis)

NSRS ki

ZRNNHENSARATEEERS DMK, XTNHEIMRIANEN THEKE D!
Py, zk, w,) = P(dm)P(zkldm)P(wnlzk)
P, w,) = P(dm)P(wnldm)

BRE RSN i = (W1, Wa, . .., wy) , ERTHBERE
N

P(ib|dy) = [ | Pwnldn)
n=1

BA1E—T P(w,ldy) NREN, WRAESEBINZELZ BNFEMIEE, B

P(w,|dw) = )’ P(zi|dm) P(wn| 2k, d)
k

https://www.cnblogs.com/Determined22/p/7237111.html
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pLSA(Probabilistic Latent Semantic Analysis)

HMNE—T P(w,|dy) BRIEN, WRAEEHIBEZBNRMEIRIENE, F

P(w,|dy) = ) P(zk|dy) P(wn|zi dm)
k

BENEEREPN . z. wAIBAIE, Eﬂ‘]E’l"x%EFn]@EEEEﬂF%‘ﬁE!EE’»J'%}Ri Yz 2XIAY, d
M w FHEIRIL, HE

P(wnlzks dpn) = P(wnlzk)
#HMmA

P(w,|dn) = ) P(zi|dm) P(wy|zi)
k

FTARENERE DS RENN

P(dp, wy) = P(dm) ), P(zildm) P(wy]z))
k

https://www.cnblogs.com/Determined22/p/7237111.html
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pLSA(Probabilistic Latent Semantic Analysis)
1L 2R BRI X

ZHEE, BMNEENSMEMEERMITH EENS S, pLSA BIMRZFIKNTGE, BRESHEERRE, M
A=E RN EE. I, ZREAEIIEURRE:

M N
L®) = n [ ] [ ] P@n, wp)
m=1 n=1
— Z Z n(dy, w,) In P(d,,, wy)
- 2 Z n(dy,, w,)(In P(d,,) + In P(w,|d,))

=Y #(dm, wn) In P(wy|d) + Y. Y n(dm, wy) In P(dy)

BRI MEEREE, BBATNBERIC:

L©O) = ) ), n(dm, wy)In P(wy|dy)

= Z Z n(dm, wn) 11'1 [Z P(Zkldm)P(wnlzk)]
m n k

https://www.cnblogs.com/Determined22/p/7237111.html
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pLSA(Probabilistic Latent Semantic Analysis)

AREIMNORSEM, B

Zm H(dm, wn)P(zklwns dm; 91‘)

Tk

=1

Zn n(dms wn)P(zklwm dm; 9;)

p P

=1

MAPARG 7% « pm » FAAGTEAIEERN

Em n(drm' wn)P(zklwn, dm; 9;)
En Em n(dm’ wn)P(zklwna dma 91‘)

En n(dm-.- wn)P(Zklwm dm; 93‘)
Zk Zn n(dma wn)P(zklwna dma gt)

SRBSHEEMEITITRE, E1F37 %2 pLSA KR8, FHENERERERAEE —TMEET (RAMRMGET)

W, BEXRAH., EEFEREMERHITZHEITINEFHSESHXFENGR, FlIIIHMM,
https://www.cnbIogs.com/Determined22/p/72325]311.html

R‘+l (wnlzk) =

Pt+1(zk|dm) -
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pLSA(Probabilistic Latent Semantic Analysis)

o o

d 4 w N

* WF—TFMEMS, BIILTEFENETNE Ad RERT4, BELWRE PLSA HEIEEENNE LR
—NMEMREL, CANTGEERGTHIZRARYIE.

- ZRERIBIMI—NERET, EENAEEHENEN, AZd HNSEBaEELMEEN, XMSELIeE
ZDZEE, HBEZSHERENINGER. XA/ TIRE PLSA BEMKEIN Z £ RRIFKTRE,

https://www.cnblogs.com/Determined22/p/7237111.html
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Latent Dirichlet Allocation (LDA)

- Latent Dirichlet Allocation (LDA){EEH
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Latent Dirichlet Allocation (LDA)

Latent dirichlet allocation

Authors  David M Blei, Andrew Y Ng, Michael | Jordan
Publication date 2003
Journal  Journal of machine Leaming research
Volume 3
Issue Jan
Pages 993-1022

Description  We describe latent Dirichlet allocation (LDA), a generative probabilistic model for
collections of discrete data such as text corpora. LDAIs a thres-level hisrarchical
Bayesian model, in which each itam of a collection is modeled as a finite mixture over an
underlying set of topics. Each topic is, in turn, modeled as an infinite mixture over an
underlying set of topic probabilities. In the context of text modeling, the topic probabilities
provide an explicit representation of a document. We present efficient approximate
inference technigues based on variational methods and an EM algorithm for empirical
Bayes parameter estimation. We report results in document modeling, text classification,
and collaborative filtering, comparing to a mixture of unigrams model and the
probabilistic LS1 model.

Total citations  Cited by 45254

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
l 3
Scholar articles  Latent dirichlet allocation

DM Blei, AY Ng, MI Jerdan - Journal of machine Learning research, 2003
Cited by 44707 Relatad articles  All 57 versions

Latent dirichlet allocation
D Blei, A Ng, M Jordan - Advances in neural information processing systems, 2001
Cited by 708 Related articles  All 9 versions
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Latent Dirichlet Allocation (LDA)

« LDAREL D RIESZSEHFINR, XBIF2LDAEEMERNETERE.,
« LDAD R EIRICIRFIRE . 1neiEE, —Inofm. GammaiiEy,
Betaszfn. ZIiofh. Dirichletofn. S/RELIRE. MCMC,

Gibbs Sampling, EM&ZZ,
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Latent Dirichlet Allocation (LDA)

 Dirichlet%%h
e DirichletfUIZRZEREY

* %kF52EE (Dirichlet) > 2SIV MBI IE D70,
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Latent Dirichlet Allocation (LDA)

4/14/2023
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Latent Dirichlet Allocation (LDA)
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152N oir-[mlExRa2~-LDA

Topics

gene 0.04
dna 0.02
genetic 0.01

data 0.02
number  0.02

computer ©.01

Y- Latent Dirichlet allocation

Topic proportions and

Documents .
assignments

Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK—  “are not all thar far apart,” cspeciallv in
How many genes does anfGRnism negd 1o comparison 1o the 73,000 genes mn the hu
supvive! Last week ar the genome meeting ' aue, notes Siv Anderssol ,‘ n1
here,” two genome researchers with radically University in oW -
different approaches presented complemen- | 300 T But coming up with e

tary views of the basic genes needed for e

One research team, us computer analy wmbers

ses Lo o -‘|‘.‘l'-”l' L“l W 2enioimnes, \.K'”Llll\il\l more CROMme e

that today'SORBIEEMS can be sustained with sequenced. “1t may gan I
just 230 genes, and that the carliest life forms - any newly ey " explains
required i mere 128 senes The o Arcady Mushegian, a computational mo

other researcher mappe
in a simple parasite and esti

lecular biologist ar the Natigga! Center
N\ for Biatechnology Information tCBI1)
mated that for this oreanism, [
RO0 genesare plenty to do the
job—bur that anyrhing shore
of 100 wouldn't be enough

Although the numbers don't
march precisely, those prsdicrions

PTED FROM NCBI

* Genome Mapping and Sequenc- ™
ing, Cold Spring Harbor, New York, Stripping down. Compuiter anaysis yields an esti-
May 810 12 mate of the minemum modem and ancient genomes

SCIENCE o VOL. 272 o 24 MAY 1996

—
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LDA-ERiBMEEEA

 Natural Language Processing
* Information Retrieval ~
« Recommendation Systems

Dk

kell, K|

4/14/2023 Piji Li, LLM&ChatGPT 162



Large LDA - Peacock

« Wang, Yi, Xuemin Zhao, Zhenlong Sun, Hao Yan, Lifeng Wang, Zhihui Jin, Liubin Wang,
Yang Gao, Ching Law, and Jia Zeng. "Peacock: Learning long-tail topic features for
industrial applications." ACM Transactions on Intelligent Systems and Technology (TIST) 6,
no. 4 (2015): 1-23

T
| Configuration ¢ '
| i N P ' |
| |
| |
| h I [ h I [ " [ I I
i i | | i I |r | see ees " i | Layer?,
SRS EEE NN RS EEE RN B EESE

|} 38 183 |33 ! | 35 1235 |38 ! | 32 135 |38 ! !
1) -3 133 ! 2@ ! -3 133 ! 2@ ! P -3 133 ' 23 ! I
| lmmm __':__‘___'_‘____' leme _':__‘___'_‘____' tee __"L__A _____ _. |
e _P_ARF_A______ 2 _ \ A R _r_A____ [
Aggregationserver1 {  } } ¢ vV ___________

Aggregation server m Coordinator -}

Aggregation server M Vi i

:

ld o 1

Layer2 o —

Fig. 3. The hierarchical distributed architecture in Peacock. The first layer contains multiple configurations
in Figure 2. The second layer contains M aggregation servers and one coordinator server for global parame-
ter synchronization and asymmetric prior estimation. This architecture can readily scale up to hundreds of
machines having thousands of cores to learn at least 10° topics from 10? search queries.

4/14/2023 Piji Li, LLM&ChatGPT 163



Large LDA - LightLDA

 Yuan, Jinhui, Fei Gao, Qirong Ho, Wei Dai, Jir {? %Ufﬁﬂﬁ o

and Wei-Ying Ma. "Lightlda: Big topic models
In Proceedings of the 24th International Coni

2015, E—KBER

[ CPU cores J ' [ CPU cores *}s"ﬂmﬁl--f SE=plE

Memory BU{I : @

[ Local RAM ] _ [ Local RAM ‘J.i:.?!!?.ll!.ﬂ

I/O Bus

Disks N

Remote RAM oni Parameter Servers .]

Worker #1 Worker #2

Figure 6: System architecture, data,
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- Deep Learning|BlBAE
« 2006

« 2011

« 2012, AlexNet

« RNN, LSTM
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Unsupervised Representation Learning

« Word2Vec - 2014

Tomas Mikolov B2 FOLLOWING Cited by VIEW ALL
Senior Researcher, CIIRC CTU

_ : Al Since 2018
Verified email at cvut.cz

Artificial Intelligence Machine Learning Language Modeling Natural Language Processing Citations 135162 107850

h-index 50 46

i10-index 95 82

TITLE CITED BY YEAR 24000

Distributed representations of words and phrases and their compositionality 37530 2013 16000
T Mikolow, | Sutskever, K Chen, GS Corrade, J Dean

Meural information processing systems 12000
Efficient estimation of word representations in vector space 33396 2013 6000
T Mikolov, K Chen, G Corrado, J Dean

arXiv preprint arxiv:1301.3781 n
2016 2017 2018 2019 2020 2021 2022 2023 :
Distributed representations of sentences and documents 10633 2014

Q Le, T Mikolov

International conference on machine learning, 1188-1196

o ) ) ) Public access VIEW ALL
Enriching word vectors with subword information 9746 2017
P Bo_lanulwskl. E Gra‘.fe..i‘«lJDlulln. T Mikolov . o i 0 articles 3 articles
Transactions of the association for computational linguistics 5, 135-146
not available available

Recurrent neural network based language model. 5904 2010
T Mikolow, M Karafiat, L Burget, J Cemocky, S Khudanpur

Interspeech 2 (3), 1045-1048 Based on funding mandates

On the difficulty of training recurrent neural networks 5833 2013

R Pascanu, T Mikelov, ¥ Bengio

International conference on machine learning, 1310-1318 Co-authors VIEW ALL
Bag of tricks for efficient text classification 4751 2016

A Joulin, E Grave, P Bojanowski, T Mikolov e Jeff Dean >
arXiv preprint arXiv-1607.01759 Google Senior Fellow & SVF, Go...
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Unsupervised Representation Learning

» Mikolov, Tomas, Kai Chen, Greg Corrado, and Jeffrey Dean. "Efficient estimation of word

representations in vector space." ICLR (2013).
- Large improvements in accuracy, lower computational cost.
- It takes less than a day to train from 1.6 billion words data set.

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT
w(t-2) w(t-2)
w(t-1) w(t-1)
SUM /
R w(t) w(t) —
w(t+1) \ w(t+1)
w(t+2) w(t+2)
cBOW Skip-gram

L= Z log p(w|Context(w)) L= Z log p(Context(w)|w)
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Unsupervised Representation Learning

> good

evil --------

« Word2Vec - 2014
Problem?

man - woman + queen = king

0.4
eansa Stark
&rya Stark . .
0 ] P —" Family Relations
Satelyn Stark op("sansa - child + mother")
Lo0es Robei Baratheon op("arya - sister + brother")
0.0 1 Ma ) porna(zannister ’ DP{"CEtEl‘y‘ﬂ - 'ﬂ'J_'FE + hLISbEII'IIj"J
&) @'yrcella Baratheon ghire rBtaﬂatheon e DP{"CEFSEI - wife +.|"IL]'5|:EI'-3I'I{Z|"]'
T @TYTIE0g W . ‘ op("catelyn - cersei + joffrey")
@/iserys Targaryen uthor Tyrall np{"jaime brother + 'SiSt'EF":l
Hakon Grey| -
_0o4 e\haenys Targaryen N@?%Léﬂﬁ&?e\/r
o R LLRDRE child is to mother AS sansa is to ? = catelyn (0.84)
gponne baimistll __MARSEE ey sister is to brother AS arya is to ? = bran (8.57)
Bliopppial ™ — NPT TR JFtaniian SR wife is to husband AS catelyn is to 7 = ned (8.79)
.y e = wife is to husband AS cersei is to ? = jaime (0.64)
' @'eg0n TargRNYShon gt Greyjoy cersei is to joffrey AS catelyn is to 7 = robb (©.88)
: . : . . ; brother is to sister AS jaime is to ? = cersei (0.85)
-0.3 -0.2 -0.1 0.0 0.1 0.2
woman -------- > man
ML N o S N— Y 74
DeepWalk, TransX, B&1flAlI LabFF/JE80075 H 315 RINLPEHEE
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Unsupervised Representation Learning

« Word2Vec - 2014 7 {\fﬁ;ﬁ

wwwwww

e Problem: Word embeddings are applied in a
context free manner

open a bank account on the river bank

Soeows 0 e e

(0.3, 0.2, -0.8, ..]

e Solution: Train contextual representations on text

COrpus
(0.9, -0.2, 1.6, ..] [-1.9, -0.4, 0.1, ..]
open a bank account on the river bank
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Unsupervised Representation Learning

« Semi-Supervised Sequence Learning, Google, NIPS 2015

Semi-supervised Sequence Learning

Andrew M. Dai Quoc V. Le
Google Inc. Google Inc.
adailgoogle.com gvl@google.com
Abstract

We present two approaches to use unlabeled data to improve Sequence Learning
with recurrent networks. The first approach is to predict what comes next in a
sequence, which is a language model in NLP. The second approach is to use a
sequence autoencoder, which reads the input sequence into a vector and predicts
the input sequence again. These two algorithms can be used as a “pretraining”
algorithm for a later supervised sequence learning algorithm. In other words, the
parameters obtained from the pretraining step can then be used as a starting point
for other supervised training models. In our experiments, we find that long short
term memory recurrent networks after pretrained with the two approaches be-
come more stable to train and generalize better. With pretraining, we were able to
achieve strong performance in many classification tasks, such as text classification
with IMDB, DBpedia or image recognition in CIFAR-10.
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Unsupervised Representation Learning

« Semi-Supervised Sequence Learning, Google, NIPS 2015

Train LSTM Fine-tune on

Language Model Classification Task
open a bank POSITIVE
! T T T
LSTM [—=| LSTM = LSTM > .- LSTM = LSTM = LSTM
I T T T I T
<s> open a very funny movie
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Unsupervised Representation Learning

« Semi-Supervised Sequence Learning, Google, NIPS 2015

Table 1: A summary of the error rates of SA-LSTMs and previous best reported results.

Dataset SA-LSTM Previous best result
IMDB 7.24% 7.42%
Rotten Tomatoes 16.7% 18.5%
20 Newsgroups 15.6% 17.1%

DBpedia 1.19% 1.74%
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Unsupervised Representation Learning

« ELMo: Deep Contextual Word Embeddings, Al2 &
University of Washington, Jun. 2017. NAACL.

Matthew E Peters Gited by VIEW ALL
Sr Rfesearch.Scientist__ Allen Institute for Artificial Intelligence All Since 2017
Verified email at allenai.org
Artificial Intelligence  Natural Language Processing Citations 18930 18104
h-index 25 23
i10-index 32 k)
TITLE CITED BY YEAR 6000
. - * £
Deep contextualized word representations 11495 2018 4500
ME Peters, M Neumann, M lyyer, M Gardner, C Clark, K Lee, ...
NAACL, Best Paper 3000
Longformer: The Long-Document Transformer 1384 2020 1500

| Beltagy, ME Peters, A Cohan
arXiv preprint arXiv-2004.05150 —_ — 0
2015 2016 2017 2018 2019 2020 2021 2022 N
AllenNLP: A Deep Semantic Natural Language Processing Platform 1027 2018

M Gardner, J Grus, M Neumann, O Tafjord, P Dasigi, N Liu, M Peters, ...

arXiv preprint arXiv:1803.07640

Public access VIEW ALL
Semi-supervised sequence tagging with bidirectional language models 654 2017
ME Peters, W Ammar, C Bhagavatula, R Power 0 articles 1 article
arXiv preprint arXiv:1705.00108

not available awvailable
Relationships between water vapor path and precipitation over the tropical oceans 644 2004

- Based on funding mandates

CS Bretherton, ME Peters, LE Back

Journal of climate 17 (7), 1517-1528
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Unsupervised Representation Learning

« ELMo: Deep Contextual Word Embeddings, Al2 &
University of Washington, Jun. 2017

« NAACL 2018 best paper

Train Separate Left-to-Right and Apply as “Pre-trained
Right-to-Left LMs Embeddings”
open a — =8 . B Existing Model Architecture
T T T ! ! T
LSTM > LSTM —> LSTM LSTM |+<— LSTM |+ LSTM T T T
T T T T ! !
<s> open a open a bank
T T T
open a bank
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Unsupervised Representation Learning

« ELMo: Deep Contextual Word Embeddings, Al2 &
University of Washington, Jun. 2017

INCREASE
TASK PREvVIOUS SOTA E:;LINE E;?;:E (ABSOLUTE/
] ] RELATIVE)
SQuAD | Liu etal. (2017) 34.4 || 81.1 83.8 4.7 1 24.9%
SNLI Chen et al. (2017) 38.6 || 88.0 88.7 £ 0.17 0.7/7/58%
SRL He et al. (2017) 81.7 || 814 8.6 3.2/717.2%
Coref Lee et al. (2017) 67.2 || 67.2 704 3.2/98%
NER Peters et al. (2017) 91.93 £ 0.19 || 90.15 02221010 2.06/21%
S5T-3 McCann et al. (2017) 53.7 || 514 547+ 0.5 33/68%

Table 1: Test set comparison of ELMo enhanced neural models with state-of-the-art single model baselines across
s1X benchmark NLP tasks. The performance metric varies across tasks — accuracy for SNLI and 55T-5; F; for
SQuAD, SEL and NER; average F, for Coref. Due to the small test sizes for NER and S5T-3, we report the mean
and standard deviation across five runs with different random seeds. The “increase” column lists both the absolute
and relative improvements over our baseline.

NAACL 2018 best paper
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Unsupervised Representation Learning

 Improving Language Understanding by Generative Pre-
Training, OpenAl, Jun, 2018

. GPT

Improving Language Understanding
by Generative Pre-Training
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alec@openai.com arthi openai.com tim@openai.com \ilyasu@openai.com
Google 5} & 2 #Google & g d ’ yRsirep
HIREL, BEEEXRME
OpenAlfy,

Abstract

Natural language understanding comprises a wide range of diverse tasks such
as textual entailment, question answering, semantic similarity assessment, and
document classification. Although large unlabeled text corpora are abundant,
labeled data for learning these specific tasks is scarce, making it challenging for
discriminatively trained models to perform adequately. We demonstrate that large
gains on these tasks can be realized by generative pre-training of a language model
on a diverse corpus of unlabeled text, followed by discriminative fine-tuning on each
specific task. In contrast to previous approaches, we make use of task-aware input
transformations during fine-tuning to achieve effective transfer while requiring
minimal changes to the model architecture. We demonstrate the effectiveness of
our approach on a wide range of benchmarks for natural language understanding.
Our general task-agnostic model outperforms discriminatively trained models that
use architectures specifically crafted for each task, significantly improving upon the
state of the art in 9 out of the 12 tasks studied. For instance, we achieve absolute
improvements of 8.9% on commonsense reasoning (Stories Cloze Test), 5.7% on
4/14/2023 question answering (RACE), and 1.5% on textual entailment (MultiNLI). 177



Unsupervised Representation Learning

 Improving Language Understanding by Generative Pre-
Training, OpenAl, Jun, 2018
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Figure 1: The Transformer - model architecture.

4/14/2023 Piji Li, LLM&ChatGPT 178


https://openai.com/blog/language-unsupervised/

Unsupervised Representation Learning

Improving Language Understanding by Generative Pre-Training, OpenAl, Jun, 2018

GPT
Text Task g .
Prediction | Classifier Classification Start Text Extract }‘ Transformer [~ Linear
— ; -
Entailment Start Premise Delim | Hypothesis | Extract |-+ Transformer (+ Linear
Layer Norm /|
Feed Forward Start Text 1 Delim Text 2 Extract | -+ Transformer
3 Similarity - Linear
12x — .
X Start Text 2 Delim Text 1 Extract |+ Transformer
Layer Norm -
_ Start Context Delim | Answer 1 | Extract |+ Transformer -+ Linear
Masked Multi
Self Attention -
‘ Multiple Choice | Start Context Delim | Answer 2 | Extract |l Transformer || Linear
Text & Position Embed Start Context Delim | Answer N | Extract | —+ Transformer [~ Linear

Figure 1: (left) Transformer architecture and training objectives used in this work. (right) Input
transformations for fine-tuning on different tasks. We convert all structured inputs into token
sequences to be processed by our pre-trained model, followed by a linear+softmax layer.
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Unsupervised Representation Learning

 Improving Language Understanding by Generative Pre-
Training, OpenAl, Jun, 2018

DATASET TASK SOTA OURS
« GPI

SNLI Textual Entailment 89.3 89.9
MNLI Matched Textual Entailment 80.6 82.1
MNLI Mismatched Textual Entailment 80.1 8l.4
SciTail Textual Entailment 83.3 88.3
QNLI Textual Entailment 82.3 88.1
RTE Textual Entailment 61.7 56.0
STS-B Semantic Similarity 81.0 82.0
QQP Semantic Similarity 66.1 70.3
MRPC Semantic Similarity 86.0 82.3
RACE Reading Comprehension 53.3 59.0
ROCStories Commonsense Reasoning 77.6 86.5
COPA Commonsense Reasoning 71.2 78.6
SST-2 Sentiment Analysis 93.2 91.3
CoLA Linguistic Acceptability 350 45.4
4/14/2023 GLUE Multi Task Benchmark 68.9 72.8 180



Unsupervised Representation Learning

 Problem
« Language models only use left context or right context
« But language understanding is bidirectional.

Unidirectional context Bidirectional context
Build representation incrementally Words can “see themselves”
open a bank open a bank
| | I T ! !
Layer 2 » Layer2 » Layer 2 Layer 2 ) | Layer2 N . Layer 2
Layer2 | Layer2 »| Layer 2 Layer 2 ) .| Layer2 ) .| Layer2
T T T T T f
<3> open a <s5> open a
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* BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding

BERT: Pre-training of Deep Bidirectional Transformers for Language

Understanding |
Authors Jacob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova
Jacob nglin 2nd 5 Google
Publication date  2018/10/11 Software Engineer at Google

s e . University of Maryland
Redmond, Washington, United States - Contact info ﬁ' L/ b

Journal  hitps:/farxiv.orgfabs/1810.04805

Description  We infroduce a new language representation model called BERT, which stands for Experien ce
Bidirectional Encoder Representations from Transformers. Unlike recent language
representation models, BERT is designed to pre-train deep bidirectional representations

from unlabeled text by jointly conditioning on both left and right context in all layers. As a g~ Software Engineer

result, the pre-trained BERT model can be fine-tuned with just one additional output layer \, Google

to create state-of-the-art models for a wide range of tasks, such as question answering Sep 2017 - Present - 5 yrs 3 mos
and language inference, without substantial task-specific architacture modifications. Seattle, WA

BERT i= conceptually simple and empirically powerful. It abtains new state-of-the-art
results on eleven natural language processing tasks, including pushing the GLUE score

to 80.5% (7.7% point absclute improvement), MultiNLI accuracy to 86.7% (4.6% 1 Software Engineer

absolute improvement), SQuAD v1.1 question answering Test F1 to 93.2 (1.5 point ] Microsoft

absolute improvement) and SQuAD v2.0 Test F1 to 3.1 (5.1 point absclute ;

improvement). Jul 2014 - Sep 2017 - 3 yrs 3 mos
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e BERT: Bidirectional Encoder Representations from Transformers
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* BERT: Pre-training of Deep Bidirectional Transformers for Language

Understanding
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BERT

* The General Language Understanding Evaluation (GLUE) benchmark is a collection of resources for training,
evaluating, and analyzing.

QQP MNLI-m MNLI-mm QNLI

1 Facebook Al RoBERTa C’J‘ 88.5 67.8 96.7 92.3/89.8 92.2/91.9 74.3/90.2 90.8 90.2 98.9 88.2 89.0 48.7
2  XLNet Team XLNet-Large (ensemble) C/,' 884 67.8 96.8  93.0/90.7 91.6/91.1  74.2/90.3 90.2 89.8 98.6 86.3 90.4 47.5
+ 3 Microsoft D365 Al & MSR Al MT-DNN-ensemble C’J‘ 87.6 68.4 96.5  92.7/90.3  91.1/90.7  73.7/89.9 87.9 874 96.0 86.3 89.0 42.8
4  GLUE Human Baselines GLUE Human Baselines E 871 66.4 97.8 86.3/80.8 927/926 59.5/80.4 92.0 92.8 91.2 93.6 95.9 -
+ 5 F® ALICE large ensemble (Alibaba DAMO C’J‘ 87.0 69.2 95.2  92.6/90.2 91.1/90.6  74.4/90.7 88.2 87.9 95.7 83.5 87.0 43.9
6 Stanford Hazy Research Snorkel MeTaL C’; 83.2 63.8 96.2 91.5/885 90.1/89.7 73.1/89.9 876 87.2 93.9 80.9 65.1 39.9
7 XLM Systems XLM (English only) C’;‘ 83.1 52.9 95.6  90.7/87.1 88.8/88.2 73.2/89.8 89.1 88.5 94.0 76.0 71.9 447
8  SR{=BE SemBERT C’;‘ 829 62.3 946 91.2/88.3 87.8/86.7 T72.8/89.8 876 86.3 94.6 84.5 65.1 42.4
9  Dangi Chen SpanBERT (single-task training) C’;‘ 82.8 64.3 948 90.9/87.9 89.9/89.1  71.9/89.5 88.1 a7.7 94.3 79.0 65.1 45.1
10 Kevin Clark BERT + BAM C’;‘ 82.3 615 952 91.3/88.3 88.6/87.9 T725/89.7 86.6 85.8 931 804 65.1 40.7
11 Nitish Shirish Keskar Span-Extractive BERT on STILTs C’J 82.3 63.2 945 90.6/87.6 89.4/89.2 72.2/894 86.5 85.8 925 79.8 65.1 28.3
12 Jason Phang BERT on STILTs C’J‘ 82.0 62.1 943 90.2/86.6 88.7/88.3 71.9/894 864 85.6 92.7 80.1 65.1 28.3
+ 13 Jacob Devlin BERT: 24-layers, 16-heads, 1024-hidde C),' 80.5 60.5 949 89.3/854 87.6/86S5 72.1/89.3 86.7 92.7 701 65.1 39.6
14 Neil Houlsby BERT + Single-task Adapters C’J‘ 80.2 59.2 043 88.7/843 87.3/86.1  71.5/894 854 85.0 924 71.6 65.1 9.2
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BERT

e Stanford Question Answering Dataset (SQUAD) is a reading comprehension

dataset
SQuAD1.1 Leaderboard

Rank Model EM F1

Human Performance 86.831 89.452

Slanford University

(Rajpurkar & Jia et al. "18)

Here are the ExactMatch (EM) and F1 scores evaluated on the test set of SQuAD v1.1.

1 XLNet + DAAF + Verifier (ensemble) 88.592 90.859
Rank Model EM F1 PINGAN Omni-Sinilic
Human Performance 82.304 91.221 2 XLNet + SG-MNet Verifier (ensemble) 88.050 90.645
c o - - Tong University loudWalk
Slanford Uni LY
(Rajpurkar et al. '14) 3 XLNet + SG-Net Verifier (single model) 87.046 89.899
Shanghai Jiao Tong University & CloudWalk
1 BERT (ensemble) 87433 93.160 3 BERT + DAE + AoA (ensemble) 87.147  89.474
Oct 05, 2018 Google Al Language Joinl Laboralory of HIT and iFLYTEK Re
Harxi re/ b f ) c
hitps: /arxiv.org/abs/1810.04805 3 RoBERT (single model) 86.820  89.795
2 Knowledge-enhanced BERT (single model) 85.944 92.425
Feh 14 2019 ANOnYMoUS 4 BERT + ConvL5TM + MTL + Verifier (ensemble)  86.730 89.286
. L vIiILU S
: Layer 6 Al
2 ninet {ensemble) 85954 91.677 5 BERT + N-Gram Masking + Synthetic Self- 86.673 89.147
Sep 26, 2018 Microsoft Research Asia Training (ensemble)
G = Al Language
https:/github.com/google-research/bert
3 ninet {ensemble) 85.356 21.202
Sep 09, 2018 Microsofl Research Asia & XLNet (single model) 86.346 89.133
3 BERT |:5|-|'|g|C' deCI} 85.083 21.835 7 SG-Net (ensemble) 86.211 88.848
Oct 05, 2018 Goagle Al Language Shanghai Jiao Tong Universily
- A refabs/ c
hittps://arxiv.org/abs/1810.04805 7 SemBERT(ensemble) B6.166  88.886
Shanghai Jiao Tong Univ
8 BERT + DAE + AoA (single model) 85.884 88.621
Joinl Laboratory of HIT and iFLYTEK Re
4/14/2023 Piji Li, LLM&ChatGPT s SpanBERT (single model) 85748  88.709 185
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* Best Paper of NAACL 2019 Best Paper of NAACL 2018

Best Long Paper

. L _ Deep contextualized word representations
BERT: Pre-training of Deep Bidirectional Transformers for
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Language Understandmg {matthewp, markn,mohiti, mattg}@allenai.org

Jacob Devlin, Ming-Wei Chang, Kenton Lee and Kristina _
Christopher Clark*, Kenton Lee*, Luke Zettlemoyer'*
Toutanova {csquared, kentonl, lsz}@cs.washington.edu

f Allen Institute for Artificial Intelligence
*Paul G. Allen School of Computer Science & Engineering, University of Washington
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BERT - Technical Details
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BERT - Technical Details

* Input Layer

e M T T r M A My "y Th e it
Input cs] | | my || dog is cute || [SEP] he [ likes ] [ play || ##ing ] [SEP]
ra o Token
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Pre-training

Figure 2: BERT input representation. The input embeddings is the sum of the token embeddings, the segmentation
embeddings and the position embeddings.
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BERT - Technical Details

* Pre-training

* Task #1: Masked LM, 15%, 10%, 10%, 80%

Input: the man went to the [MASK1] . he bought a [MASK2] of milk.
Labels: [MASK1] = store; [MASK2] = gallon

e Problem: Mask token never seen at fine-tuning
e Solution: 15% of the words to predict, but don't
replace with [MASK] 100% of the time. Instead:

e 80% of the time, replace with [MASK]
went to the store —» went to the [MASK]
e 10% of the time, replace random word

went to the store — went to the running
e 10% of the time, keep same

went to the store — went to the store
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BERT - Technical Details

* Pre-training
* Task #1: Masked LM, 15%, 10%, 10%, 80%

Input: the man went to the [MASK1] . he bought a [MASK2] of milk.
Labels: [MASK1] = store; [MASK2] = gallon

 Task #2: Next Sentence Prediction

Sentence A: the man went to the store . Sentence A: the man went to the store .
Sentence B: he bought a gallon of milk . Sentence B: penguins are flightless .
Label: IsNextSentence Label: NotNextSentence

* To learn relationships between sentences, predict whether Sentence B is actual
sentence that proceeds Sentence A, or a random sentence.
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BERT - Technical Details
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BERT — Training Details

* Dataset
« Books Corpus (800M words)
« Wikipedia (2,500M words)

WIKIPEDIA

Dic freie Enzyklopidie
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BERT — Training Details

* Parameters
« BERT-BASE: L=12, H=768, A=12, Total Parameters=110M
« BERT-LARGE: L=24, H=1024, A=16, Total Parameters=340M

« 30,000 token bpe vocabulary
* 512 max-len, 256 batch-size
1M steps, ~40 epochs

BERTLarce

HANKIREETY!
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ERNIE: Enhanced Representation through kNowledge IntEgration

***% 2019-04-10 SEHT: update ERNIE_stable-1.0.1.tar.gz, ##EE £, EE ernie_configjson. vocab.txt ITEEFE =
=% 2019-03-18 B§f: update ERNIE_stable.tgz ***

ERNIE ;B EISIESHMIETINE, THREALE, SIETHRIVEVANR, (85T BIRT 23 FHESSS, ERNIE Ei2
3FEIGE W AR TTHTIEN, 1SR T BT W FETREE.

B EAIF
Learnt by BERT : 0§ [mask] JRE [mask] FHIAIES, [mask] PRk [mask] STLE.
Learnt by ERNIE: [mask] [mask] [mask] BEEMIAFES . EPF [mask] [mask] Stit&i.

£ BERT 24, HATEY [18] 5 [E] 8SEHM, BRHEY Rl 7, BEEEEIS5 NARE] BXEEHNR,
T ERNIE iBUE B STHNEA, FIEREREEN IARE] 5 BRI 8XR, 53 [AREl 2 [ERi] i
2R TIARIE] 2k,

JEEIERE, BEREE, ERESPIIERS, ERNIE S| A TIBIEEZEEE, FIHE DLM (Dialogue Language Model) &
18 Query-Response XHEESTE, H57HE Pair 3EA%IA., 3| Dialogue Embedding #RRAHERIEE, M Dialogue
Response Loss EAEAMERAR, H—SIRFHERNNE W ETEN,
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Language Models are Unsupervised Multitask Learners

Alec Radford "' Jeffrey Wu *' Rewon Child' David Luan' Dario Amodei ' Ilya Sutskever !

Abstract competent generalists. We would like to move towards more
general systems which can perform many tasks - eventually
without the need to manually create and label a training
dataset for each one.

Natural language processing tasks, such as ques-
tion answering, machine translation, reading com-
prehension, and summarization, are typically
approached with supervised leaming on task-
specific datasets. We demonstrate that language

The dominant approach to creating ML systems is to col-
lect a dataset of training examples demonstrating correct

hahosior Far o dacirad tocl_brnin b b fmaitnte thooa

@ openA1
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Rank Model EM
Human Performance 86.831
Stanford Ur ity

(Rajpurkar & Jia et al. '18)

1 BERT + DAE + AoA (ensemble) 87.147
Joint Laboralory of HIT and iFLYTEK Research

2 BERT + ConvLSTM + MTL + Verifier (ensemble) 86.730
|

3 BERT + N-Gram Masking + Synthetic Self- 86.673

Mar 05, 2019 Training (ensemble)

Al Language

thub.com/google-research/bert

Google

F1

89.452

89.474

89.286

89.147

XLNet: Generalized Autoregressive Pretraining

for Language Understanding

Zhilin Yang*!, Zihang Dai*!2, Yiming Yang', Jaime Carbonell’,
Ruslan Salakhutdinov!, Quoc V. Le?
LCarnegie Mellon University, ?Google Brain
{zhiliny,dzihang,yiming, jgc,rsalakhu}@cs.cm.edu, qvl@google.com

Abstract

‘With the capability of modeling bidirectional contexts, denoising autoencoding

based pretraining like BERT achieves better performance than pretraining ap-

proaches based on autoregressive language modeling. However, relying on corrupt-

ing the input with masks, BERT neglects dependency between the masked positions
-

oo oo Fromn o neatrain Sootano dioosanamans T Lioht of thoco aron and como o,
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HotpotQA:™ A dataset for diverse, explainable multi-hop que