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« ANI (Artificial Narrow Intelligence)

--> AGI (Artificial General Intelligence)
--> ASI (Artificial Super Intelligence)
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Human Performance 86.831 89.452
Stanford University
(Rajpurkar & Jia et al. '18)

1 BERT + DAE + AoA (ensemble) 87.147 89.474
Joint Laboratory of HIT and iFLYTEK
Research
2 BERT + ConvLSTM + MTL + Verifier (ensemble) 86.730 89.286
Layer 6 Al
3 BERT + N-Gram Masking + Synthetic Self- 86.673 89.147
Training (ensemble)
Google Al Language
https:/github.com/google-research/bert
: 4 BERT + DAE + AoA (single model) 85.884 88.621
. Research
PC looks good, but the dress looks nice, and
5 BERT + MMFT + ADA (ensemble) 85.082 87.615
L] ] L] L] . .
battery life is too short. the fabric is not bad. Microsoft Research Asia
5 BERT + ConvLSTM + MTL + Verifier (single 84.924 88.204
model)
—_ Layer 6 Al
= Google 83i% Y
5 BERT + N-Gram Masking + Synthetic Self- 85.150 87.715
. . Training (single model)
XorE B Google Al Language
https:/github.com/google-research/bert
wREE X R WS e < KB FX (WE)  BE M 6 BERT + Synthetic Self-Training (ensemble) 84.292  86.967
Google Al Language
ﬁ*E*iﬁgiﬂ % Introduction to Data SCienCE https:/github.com/google-research/bert
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The Stanford Question Answering Dataset
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Foundations of Neural Networks Natural Language Processing

Frank Rosenblatt

L .
Yoshua B,

engio

____________________________________________________________________

®
Perceptron Backpropagation
o (1958) 2 (1988)

General NLP models

outpet RecurrentINLeSu_Il_-:II Networks ‘ S :“z%l::«f;l e
(90s born 2013 widely used) RNN for Speech Recognition Geoffrey Hinton
(2013)
CNN for NLP
.. - (2014)
Distributed Representation
Neural Probabilistic Word2Vec Seq2Seq Attention
L _— > _—
Language Model (2001) (2013) \ / (2014) (2015) El]l'l'l[]l.ltEl' ViSi[lI'I

ELMo
. (2018) K / LeNet / CNN (1998)
Large Pretrained Language Models < ————__ .

BERT (2018) Transformer AREON
(201 7) \Vision Transformers | ’

RoBERTa (2019) XLM (2019)
ViT (2020) Swin Transformer (2020)

SpanBERT (2019)  ERNIE (2019)

Cross Modality
GPT 1/213 15 UL2 (2022) Text-Vision PTMs
(2018-2020) (2020) VideoBERT(2019) Vision PTMs
MASS / BART PalLM (2022) .BZT2(2019) VILBERT(2019) iGPT(2020) MAE(2021)
(2019) e — BEIT(2021) LR -
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> BERERIAREN —ERBMIESHISCATHNBEERAY A/
S1: BRI REN — R B AE SIS TRRIBEATA

S2: IFSREMARREX B —E0E SHIMAHE THNEEEREIA/)
S3: A RENAREN ERIES —ERHISANHE THGUREERRIA/N

-

MATARRIR N FEE— I SERNTF, EELTHS

-

P(S) = P(wy,wy, ..., wy) = P(W)P(wy|lwy)P(ws|wy, wy) e P(Wplwy,wa, o, wyq)

-

BE=iEE L = z log P(w|context(w))

wEeC




BAERSLE

» Step1: 18521t (Tokenization)
« BLEENFRARIIRD B —EYFRHHNERE
- Hep, 87 FRHIEFRA— 1AL (Token)

- AR EBESHERTL

CHRRNASE, F

S

texts[i] = “the catsat on the bed”

1 Tokenization

tOkenS [ j_] — [che”’ llcat”’ IlsatH’

%Z

Ilon”’ ”the”’ llbed”]
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 To be or not to be...
* IR SHIENY
« EZFFRF: Self-motivation
- 5|5 K&&RE/R (O'Neal)
- TRRAERYFD

« New York University or New / York University?

. |
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- 1ER R/ MIEEENESIN, BER/NNESEAL

71 — 144

F' . BEREEN, TEENRE, TRHRIIEIERIATE NG

ICUNo

» ERIMEGB2312-80 FENXATEREINEF /67631,
“ir)” . BEREMESEN, AL IzHNR/INESE
 RIFRREENESR, BENXIEEN N EE105 ML, HIGEZ S 1E)
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- ILEAMUERANES, MXIENRFHISE

- TEXDRAFED af)ﬂ” HQEAT:T_\ZEJJDIX’E
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» 1A Al BT RAYRE
+ SIESRIOA BT, SEC=ENLSIERE. BHRMS00V (Out of Vocabulary) i,
© SRR SEE MR

» KIE=HiA]
- {S£FE18 (Stopwords) I3 EHSNELHINEITSEFME M2 AKRYIAE,
g, TXFHThe, of, FXFH "B . "B &,
« HF. ARAFESIENKREAKBRAREEAERERGIE,
o ITALEEBRERIR?
- (ERRIEEELSIRA
- (ERIENEESERENMYREX
« g0, URLAAGwWww, Wikipediadbfgwiki
- BREYERIEIREIGE
« ARRAIERIFIRGES: AR, @5, HitEs.
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» Step 2: E371F1% (dictionary)
« BNMFEATLAR— N EREEER R

texts[1i] = “the catsaton the mat”

l Tokenization

tokens [i] — [che”’ Hcat”’

" ”n u :the»’ umatu] _\ .
Encoding

sat”, “on”, ‘
Build dictionary
sequences[i] = [1,2,3,4,1,5]

token index = {“the”:1, “cat”:
2, “sat”:3, “on”: 4, “mat”: 5, ...}
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» Step3: I@HRA  ( Word Embedding)
o JEIURAS (One-hot encoding)
- RIRFEERIRIRZE v
l/\ﬁi__lﬁﬁﬁ—/\vfﬁﬂiij_i, — MUEN1, HERAO
G HEAK, BEEESTREAN
. E_'_lr'f'rﬁ2. FERITREERIERR, IRAGRIBAFERRIEEE

____ Word | _Index | One-hot encoding

“movie” 1 e; =[1,0,0,0,0,---,0]

“good” 2 e, =[0,1,0,0,0,:--,0]

“fun” 3 =[0,0,1,0,0,:-,0]
“boring” 4

e, = [0,0,0,1,0,-,0]
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e 1@a® A\ (Word Embedding)

« NTHRR IR, 14

Djj 1—_| EEIJQEF_
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JFESURSIA (ESFREHE T RE SEELHITKAR
RZFTI/E: Constituency KZFTE: CNN, LSTM, REI/E: GPT
parsing word2vec
7\ 7\ 7\ 7\ N\ -
o/ ./ o/ N U/
20135 2R 20185ES
5= =] .
HIELE o5 247
NDRITHIE X BFARESTA LB aR
RN EEI /T FERE RIS B8
KZFEIAE: CRF . . £ZET{E: ELMo, BERT
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» NNLMB2IANE. REE. R, HPBRNEE— 1 EEC, 83K
BEATFMEECHERATBE CH—1781F, 2word embeddingfy/REEY

ERTEED

1 .
NNLMIM Matrix C
i-th output = P(w, = 7 | context)
S =Suiiliend = === === I
[ EBUH:II = Ciee > o 1
’_,_,__________\___ 1
DfS["bUted RE[ Il II most| comput |
e Neural Probabilistic P |
aaaaaaaaaaaaa (2001) . b
r——/—\————"——u _______________ |
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T o 1
. |
1 N
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(Went N
| BUAE Fe—o) .. (& 1

/
’
’
W Clwa)\ _ - 4
® . .9) (e o)
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look—uj R A0 N -
incC P shared parameters
mc N across words
index for wy_, 11 index for wy_» index for w,_y
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king — man = queen - woman
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table

/-

nice

good

China — Beijing = Russia - Moscow

king — man + woman ~= queen

kKing I I
man | I
woman | |
King-man+woman |
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X
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>Beijing
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Xt

RNN
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one2one: WINBIHTEEE,

RNNLGER®, BGOSR ES

one2many: BMARETEX/),
HETK S, RNNIRIEHESE

ZIRTER, WEHSFRERER
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1
T

1
T

one to many

many2one:

%am
g

e

g.g‘ t ot
gon ooc

MARTKFY, #

HEEEA/\, RNNIBIRESAEZE

ZIRTEIR, NBRGDR

EXIFY S

01

02

l |
-

What time it ?

many2many: HIN@HERLZTK
75, RNNIRIBIARESIXIELR,
MFFFIERE

many2many: BINEIHERLTTIK
7%, RNNSBIRIESANSLBEAYSE
RIZIRTEIR, WIHEEENZE
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