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NLP = A F1E RERY# i

N UREHI0ZEE, e
- BX10{ZE=EBE—

REFINT—MNKRHE
RiZ R R R B IR S NASARBIRNEAIESLIE
RIARE" A" HRIE. "
FEEE A Geoffrey Hinton MEErIER, ZEWRREL
Michael I. Jordan

REFINT—ELA "R—ANHE, EES
EREERE SR, pap

Facebook ATEgefAZE= A Yann LeCun MRS BHITRISE: ILEFE

X|#E, RIXK, PXERLENERARER
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fr4=ENLP

0 BAES 4 (Natural Language Processing,
NLP) =RIERITEIXNESE2HITAIER G EHM
K,

0 NLPR—IIRR X EH.

o TTEHEZE
o ALEEgE
o BiEF

0 Birgibit B e A IEAIR#E B A E

—LEEBHHBES.

o EgeBNIE (Siri, Google Assistant, Facebook M, Cortana...)
o HlEFENF

i
W
g'g.

o
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NLP % &

1948-1950 1950-1970 7044%-2000
\ J \ J \ J
H5le | DRAAMR  EZESER
] 2 53 TR RS Biﬁﬁi LRI
=]y S
mm 4
A tfidf
BM25
PageRank

R EEE
2RI

Word2vec
seqg2seq
Attention
Transformer
BERT
GPT
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NLPHY & X

0 (3ZF1R50) BEOCRHITIHAIAPI

https://console. bce. baidu. com/ai/?fromai=1#/ai/oc

r/overview/ index

e
{ @ FHSBEL LR TREFRED R BT REE L

() EFHT AR RS G

W) BHEETHLATHRBRET

&) BHFRETKES, THEMALHHE),

® BATREBEHAL

0 IR A RS S B g MEN A, RIS
RERR. KK, BRKKELE :

(8> RABSEI I SR DAL 4 A RO IR

His GAKRIE

1. EHFRRAEGIORE, SR ARG
P 0% 2 Kol RS B

2. BAREARBUEMBAR, SOIA RS R KA E
A, I RESRHOR R IR Lo is0 s sS1 . .

8. RAAEEERELRATOHE BRI WERK, BASK
HETEMHR, SRR RLENEA, SRR
| SR AR AR SRR AR 205 ~ 50% 1 51
B ARSI B CH

1. BrERASRANEN L RNAE RATERES XM
BEERD o BAENBNE, ERBRN, HIEAERARX.,

s R L i

5 BN A AT SRR IR 7 0 3 AT SO ARG 247
B, FRERBBHLARY . L

E Rt N e

ATy R G F RN, BAARRT AR RH
BT SRR A T E SR A R, S0 & S,
FA PR

—ge

O (9 BA5E=FRLIFL. URSEXNARFELFIRES, (3)EHH
EFSBTEREERERTE) EHRETELNSRAERES:) (516
BEREEAT), FJEEFNEIEAIKE®E) EAFREZARE,; (7) B50E
RAERFFEXBRBPMAENEM, MAVFRERR., XX, BREARE
28, _E(@8) EftRAINNRREABKEFENKRNER. ~£1+5= BOFET1
EATMERFITHAR, RAEBNAEA TR AFEHEIES KER%.
MREE, 2 BAFRERAERERNR, RABNELLRHMERHUEL
A, AERERFZZEMN FIKEHSHTNS. ). 28, BEATREAGEET
SUTENBANERITHERGEESHARITREMY, REBEHRESRNAEES
REYEREY, XA BN S 2 B Bk R AR 8 FIE=%—
50% B9TI S, ABNIRINENEREHERR,. 5 BREE 4. BHERFS
BAENEZ1FNNOES ') ITUSKREHFZLAIRSTY - EHEHENE
., BRRER, EARABEERREET—F RiE___. 52 ( EANER
FERM FRAMENZTORENSTERELATRRE, AERENGDZILESRS
BT BT 2WES) B FAORZERNSEEETREN,
EFREER TRREAEREXFTNLSEHAGRAENLR. FEEA—AHH
. BREHR—h. BEREEEUN —3—
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https://console.bce.baidu.com/ai/?fromai=1
https://console.bce.baidu.com/ai/?fromai=1

NLPEY =X
0 GEEIRFD MARGEZIRAAP

https://www. xfyun. cn/services/voicedictation

0 TTISGBEEERL) http://speech. diotek. com/en/text—

to—speech—demonstration. php

0 (EASH) NLTKTESRIAFIER:
http://www. nltk. org/

>>>from nltk.stem.porter import PorterStemmer
>>>stem = PorterStemmer()

>>>word = ‘playing’
>>>stem.stem(word)

iplay’



https://www.xfyun.cn/services/voicedictation
http://www.nltk.org/

NLPHY & X

a2 (GriE) ARASTHR) REZ

http://ltp.ai/

. r ¢ v S
Root ftl4i] &7 /N £m
r p n nd
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http://ltp.ai/

NLPHY & X

0 (=) WAV R HTAPI

https://www. xfvun. cn/services/emotion—

analysis
o AXES R B 2 ix% 5 1R JE R &
BRSHES e BRESHER By

P15


https://www.xfyun.cn/services/emotion-analysis
https://www.xfyun.cn/services/emotion-analysis

NLPEYE X
0 (FEAIE) (55 0R! (task—oriented)
ﬂﬁ?% %ﬁgw\%ﬂ>

REWEIENEAT

>4 TEHFUEFRRAEIRRITEERN,. TEEEITUS
TR EEITIRIFEE.

Y EIEKFLRERITRICR, WEETEMI, ATEHF
MLERE, FSCERTERFEEEER.

e CUEBRAEERENESbN, SEBRMHSAREE~

fitiXiARt e EiRniE
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NLPF; AR By—LE v F

0 HERE (Word BB T )
0 HlasdhE (Google, BaiduZHi¥)
0 BfEE
(Text rank¥fBXZN5745. end to endAYERKTINFF7A)
A XARZEMERIIE
(FHERE G E. REFEINFER)

0 EEH8ZE  (GooglexFARIEE)
0 EEIMENFIS RIS iR
(W2ZRIEIRAR . LDAEZ 53 4)
0 FRgtr (EFIBRGAERMGE. REFINGE)
0 EEREG  (RLEEER. BNBE )
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NLPEYEZ{ESF

QRS SRS RENGSHAE X
o AN WASEE. FAMERE. SRIERE. HiE%
o RN GRS, BAISIT. IKTESH
o EMHH: AN, AF BEXR) . ETFX UrR., SHEXER)

) EEER: NEMABRTERES Rik
) BESAE: EEZEMNE. iR BT,
SESRR)

0 AR AX L EESEAEEK
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NLPEYEZESLI 5%

4

ET AN IR H 7%

o EHTHNEIARRMERE (FSITE)

o BIFAIES MBI EE (HiETE)

o ZIHHEIESFIBILES

AT 1ERERNEZL HE

o WUARMIEIERIENIES FIREA

o FIAZGITFIMETHENEIREZE S HXEsh3K BRI AR
SEEREFRRENR

o FIBMEMREINA—RYIIERIS

RRTIA

o IEMIRBMEILE S, BEEEFHME. MR THEE

o ZRWHFEHMEL, BERRZINES EFIRAANERMMA
AL TR R

o HEMMIENMNS
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NLP B X 52

0 X
o BIRETCAMNEILS R, SEMWR

0 IS FMIREYER . REVAE R
0 BOEMIRRIBRVALIE
0 XESHREMEMENTSERI LT

o E—1TEENARERE, SEEERBEANIIRHE
o IBEAENEMT, FALN

0 ETxcmtEFER (B BRI R FnALE
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17 [ =

0 ATEHENEBLIEERIESHTS, 5IAAEME
S E,

2 one-hotZRR: M/ MARTA—TKEIE, X
NMEENEE 2R XAX/)N, FERH? /\Q’E

ERE N, ,ié?ﬁfhjjO, XNMNEEmMART

=E=0]: 00 R

]]Il

2 ‘nH c—1 1D, X
Et—riﬂll_ﬁll% FHRANEER =7 5T
. AEAHEEITSHIIE)E.
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17 [ =

O DHINER: BRRTIER— N EKBNESNTFEZ
[Bl=.

0 Word2Vec@iiTHI D HART<EE, EHEER

FIF FCESEFTAMN _ E T3z (skip—gram) & ¥

] T3Sk iCyia] (CBOW) o

0 ﬁj\'JEﬁ%%ﬁ?fﬁﬁ?ﬂﬁ@ﬁ&?éﬁfﬁﬂ%ﬁ’ﬂI‘Eﬂf@i, HH
Al Y —E =2 E £ KRB < [8] B KBk

3%‘”61 . °
é:’%:_>x2 -
X —>xs X1
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1q)[O) =
1 Word2VecHYskip—gram A £

P(wi_p | we) P(Weyo | we)

P(we_q | W) P(Weiq | we)

problems  turning banking  crises as

\ J L J
| Y L Y J

outside context words center word outside context words
in window of size 2 at positiont in window of size 2

0 EREDE O®RAIER, F9iEskin £ T3
giE (RFRFEMIESHTEDRIETER) , S
Fmin e 2 M M E TR E IR A TR R e K1

_ eXp(ugvc)
Plole) = s oaTon

(Efficient Estimation of Word Representation in Vector Space) D23




0.02 -~
ghis
gentence

dor oet

- 0 PCAMRZE Y
0.00 - i Word2Vcec]g]

0.01 -

end =
#NGecogihal ==
-0.01 - girst gnother
gnore
—0.02 A
—0'.02 —0'.01 O.bO 0.2)1 0.62
Word2VecFE31t1f -
https://code. google. com/archive/p/word2vec/source/default/source
= PythonSEH :

https://github. com/RaRe-Technologies/gensim
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https://code.google.com/archive/p/word2vec/source/default/source
https://github.com/RaRe-Technologies/gensim

X|#E, RIXK, PXERLENERARER
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QAB] & 2R %t

a 'H_AIE“:T,I SRG?

)& ARG EXIERGHIFE,
HEE?EAEE%MXTIED?iﬂﬂ%ﬂiﬂﬂ'\]
—RXXIERGZ. Ko Exs, BT
= 'ﬁfhﬁ zf“éf—t/l:b

HEHFDERENERER.

FXF: AERE

D B: EERRRESK

i = BKRE L2

8% & 45 (Question Answering System, QA) 2

ERRREAZN SR, CEEAER. &5

NEAESOZAFRABARESRENEHM. &

MRGENEZRE R AN HRIE . HEHHIHIRE
ERHHER. IBERAZEMALERINBEAE
SHBEMEF—MEZRXEFEE ZRRERR

Q #=x "t ARLARAIE"

"2 3R A RS "BARRREE"
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QAR E R %

o HERBESAAZ—ONE RS HBARIES AL SIENE M

o EFBIERS

£0 &6 32 48

< HEeEE

o [BIERG
3% BUEATH
o [IHEPEY
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QAR E R %

1 ESENE RS
o RPIMFRENES, RETRALNES. BESEHARN

MRZEO.
LIBEEIFE/BEESFE: Siri Cortana, Y Gj#bEcho. Google
Home

< BEeZ AR
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QAR E R %

o MRAFEAZMANBAESHITERMENIER, (BAFRNTFEE
ERPSEEERIIRHBEAPHITIS. )
o SEIPHEN:
& iIkZk (pipeline) :

- BEANRFIDRZNMIARE, BRIGITTERR, SR A ER
AT FZBIFE

% imElim (end—to—end) :
- ERIA 256 B R Z )2k
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QAR E R %

O (ESBIERGE—RIKZF L (pipeline) :

o TEAIJMANES: BNESIEMNLU, XHEKZIBERDST, &S
F3IDPL, BHARIEE 4 ANLG,

Un Sn an
User _ Dialog : System
1: Spoken Aetionl 2 Dialogue R 3: Dialogue Retinn 4: Natural
Language State Policy Language
Understanding Tracking Learning Generation
(SLU) (DST) (DPL) (NLG)
X?l Y?l
Text System

Utterance Q Response
V4

% Natrual Langurage Understading: NLUBRIESIERE. .
% Dialogue State Tracking: DSTXIHIRZSIBER.

% Dialogue Policy Learning: DPLX 1% SRS

% Natrual Langurage Generation: NLG BARIE=E 4.
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QAR E R %

J 1£%£IEXTIE¥QE—7JIL7}<Q£H5£ (pipeline) :
o 1. BAIESIEM: BEAESHRFITIRAEEFMEEHME (GEXE,

semantic slots) o

Sentence | show restaurant | at New York tomorrow
Slots O O O B-desti [-desti B-date
Intent Find Restaurant
Domain Order

02'T—E.:j—'\’é‘l/':ljnnlJl_/LzEéii%FEF'El"]lﬁﬁ?\?éilﬁ NE N FRERF ., FRREF
%\\%Nﬂ: TEEIRAFS 2, 3‘31'313"]75 AR IE A T3S Al Fn gy
*HRIAT (slot filling) =4FF LHIERHTIRT FIBXAng: (6
%, HER, #a%) . F IR EBREE ML (DBNs) , RNN
“ NLUBIZER (intentfislot) SiH—THITIEEIERS (dialogue
Eg(ﬁg_j:ment component) i#{ ﬁifﬂ, FEEMNMERDBIEMNR
F o
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QAR E R %

0 (ERBIHERG—RKZK L (pipeline) :
o 2. MFRTERE: £F—XxhEdEitAPER. EHEIKRES
EHIEIEIEF (slot filling) k1B X HEZR (semantic frame) o
S IEREFERERALEX BN K EFE R B BNGR,
& B —LLFRBIEEIE 7 MEZEREYIAR B ITIEIR S B ER
CHEREFIRTEREEFEFRETETREFS] . RNNRYE
S s ZSUBRIBERRE; 1T7EEFERE THEE 2 RERSS
neural belief tracker (NBT) k#&Mlslot-value pairs.

o 3. MEREFES: WMEREET E—PXERTSHRRRERR
G T —EE (action) . AILUEREEZIfMEtES.

2\ 3 FIRTIETESIER 5T
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Dialog System Technology Challenge (DSTC)\¥;

|Dﬂﬁ¥%ﬁk%ﬁ%m—ﬁﬂﬁ¥%MWm“

RN=EEH,

AR

DSTC/

Dialog System Technology Challenges
Honolulu, Hawaii, USA, January 27, 2019

2013%

S E A

-”/it

- o

DSTC7

.~_\z..—'—.
-+ 2K

Home Calls v Tracks Important Dates aper Submission

DSTCY

Organizing Committees

The Ninth Dialog System Technology Challenge

EiglE KF

Contact  PastChallenges Q
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E%E

0 £S5
zEY‘

ll_a\

HY>

AR
(DP

BB 3

X EALEEA . X EEEEDM

RUHiET

1 H DML

N_U( By 43 SEF0

%IJ\ FEIE7T)
TJHLI:, HTIHE
R7ASEYBERE (DST)
PORFS: 1A=

L) El

NLGBﬁERZ‘f}%

51 F

ﬁE::DPL

I, 1’Eﬂ|=ﬂ ﬁ%

N SHEGRIBS

A o
Text Input 77\« Slot Filling
; . , = ‘
=Are there any action movies to see this weekend? Semantlc Frame
<SS ;
eeeeeee _movie
D

are there any action movies to

see this weekend Language Understanding (LU) |

Speech 3 * Domain Identification
I ; Recognition ¢ User Intent Detection

=

enre=action, date=this weekend

’ Naturallanguage | ialogue Management (DM)
< Dialogue State Track DST
Text response : Genera tion (NLG) ‘ Dialogue Policy g )
Where are you located? System Actio /P licy
eeeeeeeeeeeeeeee J
BacksriAciva /. . i
Knowledge Providers’ |
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DSTIRZSIE R
0 DSTHRBIFEAEAE: KRR KB

o X_.h'%’ikn_.\ ET{DST 115 Alzj-EJ ﬁ-li_y' (domaln)/E Z
(intention) . EJI‘ES(‘f(sIo’c value pairs) ., ZHI
EI,J’H(IL.\ U&Z Zl "zf“éj_tE,]ACt | On ;E:L_ET{é ﬁ']’iklu\ o
ERBIAZU (nBZINEEFMEEXT, IHHF
Action) . An—-1 (n- 1HT?IJEI’J¥Q}EAct|on) ﬂ:lilSn 1
(n—1BTZEVIRES) , W 2ESn (nBTZIAVIRTS)

2 S = {Gn,Un,Hn}, Gn2A P HE#®R. Un[E_E. HnZ2H]
XBYASE, Hn= {UO, AO, U1, A1, ... , U —1, A
1}, S =F(S —1,A —1,U ).

D37
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DSTHI AR % &

Transfer

CRF Learning

Lee, Sigdial Mrksic ACL
2013 2015

Kim et al. 2014 Willams 2013

2014 2015 2016 2017

© X

NN-Based

Mrksic ACL 2015
Henderson et al.
2013

o ®

Multichannel
tracker

Shi et al. 2016

Neural Belief

tracker

Mrksic ACL
2017

O

2017

End-to-end

B AR I0 A
BFRE
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DST-NN

1 Zilka el al., 2015, EFHEISTMEDSTC?
MRS, BABEIT

(food) (area) (food) (area) (food) (area) (food) (area)
| Got || G || G || G [ G [ G || c,,,:\ Il/gw |
> Enc —> Enc [—> Enc > Enc
T T A T
[ looking for chinese food ]
aj a, as dy

Fig. 1. A demonstration of the LecTrack LSTM dialog state
tracker applied to a user utterance “looking for chinese food™.
The encoding LSTM model Enc is sequentially applied to
each input word and its hidden state is used to feed to the
state component classifiers.
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DST-Multichannel

DSTCS
training corpus

Filtered by topic ‘FOOD’

A

Training corpus
in topic: ‘FOOD’

I
Multichannel :
R CNN Model 1

for slot: ‘INFO’

Multichannel INFO’:
NN CNN Model e [Va|U91, valueZ, ]
Utterances with ‘CUISINE’ :

for slot: ‘CUISINE’

v

translations

[value3, value4, ...]
in topic: ‘FOOD’ :

[values, values, ...]

Multichannel
i CNN Model -
forslot: ‘DISH” |

I

1

]

I

]

: :
: ‘DISH’ :
I

I

]

]

1

Sub-dialog segment Predicted labels
(test input) Models crj=HaBtestb it
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Neural Belief Tracker

0 @ﬁiﬁ)‘(ﬁ’iﬁ%ﬂt"l'if*ﬁﬁﬁﬁﬁ’ T 1B MR
FIFTEEXN S HINESHBIquery; ETXE
1R: BT E—3 R %Act, RS8O (tg) +
RGN\ (ts+tv)

System Qutput User Utterance Candidate Pair(s)
... food: Indian,
Would you like Indian food? No, how about Farsi food? food: Persian,
food: Czech ...
Y Y A
Context Representation: [t] Utterance Representation: [r] Candidate Representation: [c]

—
—

gating mechanism

Context Modelling: [m] Semantic Decoding: [d]

\//

Binary Decision Making: [y]

LY




DPL Y%\ FI L

L

Dialogue Policy Learning (DPL)

DPL decides which system action to take based on the dialogue state.

'») N

[ Language Understanding ]

Environment

[ Natural Language Generation ]

Action A \ RewardR I Observation O
-

Optimized dialogue policy selects the best action that can maximize the future reward.

Correct rewards are a crucial factor in dialogue polii tiaiitizig

DST:

LD

S2 ={G2, U2, H2}, Hrh :

G2= {CoffeeType="?, Size=?, Temp=7}
U2={Intention=Ask, {CoffeeType="2}}

H2 ={U1, A1}

A2={Action=Inform, {CoffeeType=Espresso, Americano, Latte, Mocha}}

U3 ={Intention=0rder, {CoffeeType=Latte}}

Ltk

S3 ={G3, U3, H3}, &M :

G3= {CoffeeType=Latte, Size=?, Temp=?}
U3={Intention=0rder, {CoffeeType=Latte}}

H3 ={U1, A1, U2, A2}

DPL:

HMAES3, HiHA3= {Action=Ask, {CoffeeType=Latte, Temp="}}

D42



ETia{LF SJRIDPLEY & RR

Dialogue Policy Learning (DPL)

DPL decides which system action to take based on the dialogue state.

Value Based
—_— +]

Actor Critic

e

Online Training

Interactive
RL

F 4

'
v




Policy based DPL

1 Wen et al. 2016b O Su et al. 2016

Intent Network Generation Network | Natural Language Generator

b [

1 ' :

1 £ 1

1 1

! Can | have <v.food> 1 E E

i ¥ 1 EXAMPLE cB2 1QY north e—

1 " "
E :: 1 Inform  ( , postcode, , ..., area) -- MasterAct
: h > 1 [ 2 0 1 0 & 31 1<=0ulput
....... Far e o

A e fnzandpneas: Phase I:

' Copy field - 4 Dialogue Acts Query Slots Offer Slots Loch Fyne = Su pervised

{ . 1 . .

:.'.::'_'.'_:'_'.'_'.:'_'_::'_'.'_:'.'_::'":_-:::::::'l:::::- DBPOM’I E ( softmax ] [ softmax | Training

E Korean 0.7 1 E ' DataBase

i British 0.2 ! 1

\ French 0.1 i ! )

E :: MySQL query: sle[z = 1 = n Phase Il:

' 11| “Select * where | |2[3[2 B ! = . 1 price=cheap .

: :E ok e’ §% £ i [ Dialogue belief state | S feasdontzare Reinforcement

| ' : = 1 (Top Semantic predictions) Learning
1

| E : . : POLICY NETWORK '

1 ) . .

i ¥ : 5 Dialogue State Tracker

1 1

! 1 Database ]

| 4 : 1

1 : ' '

| LV



QAR E R %

0 SRR RG—RKZ A (pipeline) :
o 4. BRIESHER: RIBL—SF4IMEERBRIES . ATLAETLSTM,
seq2seqFIRBFHITEARIES E /K-
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QAIT) & RSt
0 FEERSHERG——R/KkE 5% (pipel ine) :

* BETRKEFZENRSE, BRSAERFIBIATIZT, ML
NAZEEMIS, AFRETAERLRER: —2BFPRRIEELE
GRE, —EIMEREEERH (—MERPELHES—T
RERBYIIN) , ENFMEHSSERFERZ AT,
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QAR E R %

0 ESEIT &= 2k /5 3% (end—to—end) :

o [network—-based end—to—end trainable task—oriented dialogue system. In
Proceedings of the 15th Conference of the European Chapter of the
Association for ComputationalLinguistics: Volume 1, Long Papers, pages
438 - 449, Valencia, Spain, April 2017. Association for
ComputationallLinguistics. ]

RETETHIMERN. HEHR. ATIENESEMERS, BERLENSE
SEER—IMNAEFIEIEFENEE S IERES], EHEncoder-DecodertZHIsk
NEEBAME. RARBBEFIZTEXERE, HETBEML.

o [T. Zhao and M. Eskenazi. Towards end—to—end learning for dialog state
tracking and management using deep reinforcement learning. In
Proceedings of the 17th Annual Meeting of the Special Interest Group on
Discourse and Dialogue, pages 1 -10, Los Angeles, September 2016.
Association for Computational Linguistics. ]

B T inBinasE A FE S A EKIVIZGON (BIEFHERSBEMEKEES) |,
U RGREEY (REIAP—ZRYYes/NoB]BRBEER) -

o [ X. Li, Y.-N. Chen, L. Li, and J. Gao. End—to—end taskcompletion neural
dialogue systems. arXiv preprint arXiv:1703.01008, 2017.]

Bin2)in RGllZ S9task completion neural dialogue, RZ BB RSH—IN
£%, B, ITEERE D47




mﬂ%%ﬁ

0 {EsH = 2l im 75 3% (end—to—end) :

o lﬂﬁﬂJJffﬁE’JE/fEPiﬂﬁT ‘“‘E%ﬁ?ﬂiﬁiﬂ‘%ﬁ:ﬁ’]% 2, AE
IREERRPipel ine A EFRIFEN S ZAMRIR,

% E2E Task—Completion Bot (TC-Bot) (Li et al., 2017)

Text Input ~ Time t-2
Are there any action _ T'™M® 1 w Wiy Wi €05
movies to see this

Time ¢ - vi.. W £OS
weekend? Language Understanding (LU) ﬁ
ant>

Natural Language Generation (NLG)

P <slot> <|ntent>
o
> Error Model Controller
. : Dialogue

Semantic Frame
request_movie
genre=action,
date=this weekend

User Dialogue Action M s
Inform(location=San Francisco) System Action/ e o <> Backend
Policy (DM) Database
| request_location
User Agenda Modeling <
User Simulator End-to-End Neural Dialogue System
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QAID]E R %t
= %':?271: 7|‘]—<:

o AHBERIBSHE—NERE, RERGREBHBARIESHEESIEN
E] %

o FRENEMA

S

?FHF' EnEIE . FRAESE. FFAduE. FAQ

o IREBZRHMANRIE: ETFHIREE. BETF3cA, EFO)ER
o RFEMERARXT: KEN, £

o BMXEHN: BEXE. ZIE

>|%|E

o
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0 ETFEMBEERE)E RS
o FMRE\E

< MINEE S ARt FR EEMSHR (entity) ZMER (concept) REHX

2, AIHEER— %Ek%E, TRERREARSEE S, MRREMI KR,
A FE—FE VM. HEE TSR/ 2> SR FEY L2,

i}ilﬁﬁL
Z_

o B#r: HHiER, REMMREELPHESEER
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O ETFERENER O RS-

Bai¥EE cEnES

MR A PR BR E XEFE e XY

RENFLE PHRSEE:

| FEF

| =267 Bai(WEE  CHNIEIS
HETE
B, JH

MR A WA B MmE XE WE

RENFLE PARSEHR:

RS

| CONGFREZEEN WEPERasFNENAL
. {EAEHKSHENEFRNNKRNEE,
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4

T FNRENERY IR E RS ;

L

(0

(0

N EE—A% FARDF 2 I\ 12 i 23

RDF: ZmiE4FRAResource Description Framework, I &FRA
FRTEAIESR . ROFE2—Mimd B A ERNEIERE, 1Z28IE
BREBERABE=EPEKIESE, HIRA=H (triples) o
=JLHAFEIE (subject) . 1HIE (predicate) FIEIE (object)
Bk, ELEERE—NEENTF. L.

subject predicate object

richard homeTel (229)276-5135

cindy email cindym@gmail.c
om
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0 BETHNREERRE RS
o FIRDF#a)Z Ry F11R [Bl1E —Hf% I SPARQLIZEI T & 1]
o SPARQLEYZEIZ £ FRJISPARQL Protocol and RDF Query Language,
;& ARDFH & K —H&E161E 5 FEHRIR BN, ERAWCEH T4

HIRDFEIEARBU AT E X, 1B =] AR TR 8] LLARDF kTR REV(E
BRI,

SPARQL
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QAR E RSt
TR EITERY[E) B R4 ;

4

=N

o fRRFIE:
o BB

- HEEBNENES, RERESRUASHNKER, BRI,
LA ZR ElE_EE G AR

< AT EEREREFMERHME

- ETRESHNER () AMREERRER, SRIUASSKRN
PO FE, FERENT ST LMEAER. BEYEG]
LR HE IR L AN SARETE R HE, SEaBFHERE, EZ
Zééiﬁi%ﬂiﬁ)\l‘ﬂﬂiﬁﬁFﬂ%iﬂ‘ﬂ%ﬁ%‘%iﬁﬁﬁ'ﬁ?ﬁ, M5 B
TN

== R

https://zhuanlan. zhihu. com/p/25735572
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O ETFHREEROE RS
o BEZFE:

% E=EFE (Vector Modeling) :
- iz EEENE BB BB AR, RIBOEEHEZEESR,
o e F AL E REBRET A N FKiE (Distributed
Embedding) , BIFINGEEHIEX 20 NRIEHEITINNEG, F1509
FERERNEERENGS (BEUREALN) RES.

https://zhuanlan. zhihu. com/p/25735572
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4

=N

o 7

TAREER e E RS :

NEREIECE

¢ (ERERMAENEN REER G EHITIRA

< (FRERMEMEINE X BT A EHRITRA

¢ EFRAKFEERIZIZMN4E (Long Short-Term Memory, LSTM) , &
FAtRZZE M 4% (Convolutional Neural Networks, CNNs) 1T

o ﬁFHiEHZHQ% (Memory Networks) , ;EFEH#LH] (Attention

Mechanism) 1#{TKB-QA:

https://zhuanlan. zhihu. com/p/25735572
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0 ETEREER ] E RS
o REZFEINEF:
< BRI EZIDEFRIREES OZ R GG ARITS HEY

W&
Comparison in Benchmark of

WebQuestion

52.5

F1

40.8

la
la:

B
Buippaqus3 ydeibang | ¢

Bunjuelay + udeio Aienp

Y1 + ydein uonsanp

womianN Alowayy
|9poyy uonuany

uoissalbay
onsiBoy
uondasiad
paInonIs
Buippaque+9IN
Buippaqu3+uone|ay
Buippaquig-+uoneey+ |

Buippequ3
abelany

Yao Fader Berant Bao Bordes Bordes Berant Yang Yao Dong Yao+Yang Yih Bordes Zhang
2014a 2014 2013 2014 2014a 2014b 2014 2014 2014b 2015 2015 2015 2015 2016

B Traditional Method B cnd-End DL-based System I Traditional Method Promoted by DL

https://zhuanlan. zhihu. com/p/25735572
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0 ETXARWEERS (FIEERE) -
o MFTEANEE, SRE/LENXRERESE, XENRE
B IR HE o) /L _L,%E@J BEXABRTBEESEER, B
AgE R 5OiEAHEX, MASEER. HIFTENX
%IZIKEJ?EH%H MAES L MIMERE R
o ALAKRIZIBEES RG]

FEHEEF T TS
A T— 1R
EHEH TN E
FEHE T TFER

8] SERAEMR?

'

Z: Bv=E

https://blog. csdn. net/malefactor/article/details/52832134/
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d

o) &R G RE

https://blog. csdn. net/malefactor/article/details/52832134/

Juawndoq

BiRNN

Dec-Question Matrix
(function=F(Di,Qy))

OO0

Question

.:-IZIKEI’JIEU SRS (RIEERE) -

?I
~n

::)I[_]

Wordl Word2 Weord3

Answer
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0 BTXAWEIERE (RhEER) -

B fi% o

o |7)IEIE

7 HYFESE

L

R ENANAHE, BETREATE, RaRE/LT

A LA e B 2

EREEBRASTH. tLE—MEiE, BRIESM

IR ERENER (EMIM) . FERBRANGERTERNBERAIE
= EMELUE S EHEIRIE 3R

https://blog. csdn. net/malefactor/article/details/52832134/

P60



QAR E R %

0 ETXARWEERS (FIEERE) -

o |RIEIRRR IR
o IRMEER, MREEAIEESUEIEE AR EBEIEAREM

| | |
| | |
I | |
[T RS — SRk 1 R A "
| | |
| | |
| | |
Attention (g() ) | Attention [(g() ) | Attention (g () ) |
) | |
I | |
> | ’ | 5 |
LIRS 35S t() DFEHS t() EEHzL2 | t()
| | | |
o IR l R : :
B AT || semmae
I
| i |
| ! '
| ! |
I I |
[ | |
I I
[E—— 1 B | ESAEE ;
| I |
| I |
B ERE | B RS l B=ERE n

https://blog. csdn. net/malefactor/article/details/52832134/
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MEEAREXES (AJLAEFE), EEEAERERAIKGEID
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), P eETIRXMEF|F o] AV REL T .
]85 . A0 FFEWin102E iR AR Xk i
BR: BHIXXXELDRXXXK e
¢ REAEEEP I EZOIIE X &HEIEAE)R]), AF1REIZE)
AT HNER
< XMIFA TR LB REIZES|/{EIHEZES| (inverted index) fR7F
RAIE X EE, MILSEE, BOHEUEITE=.
o) @R ANET R Bk M85m0 7] LAF) A (o] @ Fn 2 R A < B
BESKEENDE RS <
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0 BFE

o https://blog. csdn. net/sinat 33231573/article/details/83473741
o https://wyydsb. xin/other/chatbot. html

o https://zhuanlan. zhihu. com/p/25735572

o https://zhuanlan. zhihu. com/p/83825070

o Htip X &iExE
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Instruction finetuning

1 Collect examples of (instruction, output) pairs
across many tasks and finetune an LM

) Evaluate on unseen tasks
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Instruction finetuning

Instruction finetuning

Please answer the following question.

What is the boiling point of Nitrogen?
&

Chain-of-thought finetuning
: . ) N
Answer the following question by A \\
< s The cafeteria had 23 apples \
reasoning step-by-step. originally. They used 20 to
The cafeteria had 23 apples. If they A make lunch. So they had 23 -
used 20 for lunch and bought 6 more, 20 = 3. They bought 6 more
how many apples do they have? La nguage apples, so they have3+6=9. ||
€ — )
model < 4

Inference: generalization to unseen tasks

Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George

Q: Can Geoffrey Hinton have a Washington died in 1799. Thus, they
conversation with George Washington? could not have had a conversation
Give the rationale before answering. together. So the answer is “no”.
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Reinforcement Learning from Human Feedback

(RLHE)

* Let’s say we were training a language model on some task (e.g. summarization).

* For each LM sample s, imagine we had a way to obtain a human reward of that
summary: R(s) € R, higher is better.

SAN FRANCISCO, An earthquake hit The Bay Area has
California (CNN) -- San Francisco. good weather but is
A magnitude 4.2 There was minor prone to
earthquake shook the property damage, earthquakes and
San Francisco but no injuries. wildfires.

S1 52

overturn unstable

objects. R(Sl) = 8.0 R(Sz) = 1.2
 Now we want to maximize the expected reward of samples from our LM:

Espg(s) [R(3)] Note: for mathematical simplicity
53 we’re assuming only one “prompt”
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How do we model human preferences?

Awesome: now for any arbitrary, non-differentiable reward function R(s), we can
train our language model to maximize expected reward.

Not so fast! (Why not?)

Problem 1: human-in-the-loop is expensive!

 Solution: instead of directly asking humans for preferences, model their
preferences as a separate (NLP) problem! [Knox and Stone, 2009]

An earthquake hit

San Francisco.

There was minor
property damage,
but no injuries.

S1
R(Sl) — 80

[

The Bay Area has
good weather but is [rainanlLM RM¢(S) to

prone to predict human
iii;??zzzes and preferences from an
’ annotated dataset, then
S2 @ optimize for RM instead.
R(s,) =122

I

D)
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How do we model human preferences?

* Problem 2: human judgments are noisy and miscalibrated!

» Solution: instead of asking for direct ratings, ask for pairwise comparisons, which can
be more reliable [Phelps et al., 2015; Clark et al., 2018]

An earthquake hit A 4.2 magnitude The Bay Area has
San Francisco. earthquake hit good weather but is
There was minor > San Francisco, > prone to
property damage, resulting in earthquakes and
but no injuries. massive damage. wildfires.

51 1.2 53 S2

Bradley-Terry [1952] paired comparison model
Jrm (@) = —E(ow 1) p[log o (RMg (s") — RMg (s1))]

“winning”  “losing” s" should score
60 The Bay Area .. .. wildfires sample sample higher than s'
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RLHF: Putting it all together wc.. o simmos.

* Finally, we have everything we need:
» A pretrained (possibly instruction-finetuned) LM p”7 (s)

* Areward model RM 4 (s) that produces scalar rewards for LM outputs, trained on a
dataset of human comparisons

* A method for optimizing LM parameters towards an arbitrary reward function.
* Now to do RLHF:

* Initialize a copy of the model ng (s), with parameters 6 we would like to optimize

* Optimize the following reward with RL:
pot (g)) Pay a price when

R(s) = RMy(s) — B log (pPT(S) pEL(s) > pPT(s)
N\ J
This is a penalty which preven?s(us from diverging too far from
the pretrained model. In expectation, it is known as the
62 Kullback-Leibler (KL) divergence between p/“(s) and p”7 (s).
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InstructGPT

Scaling up RLHF to tens of thousands of tasks

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a 6 year old

|
Y

(e}

Z

Some people went
to the moon...

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

o o

Eeplain gravey Explivn waae.

(C] o

Moon is natural Paopke want to
satelite of the moon

N J

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs
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ChatGPT

Instruction Finetuning + RLHF for dialog agents

Methods

We trained this model using Reinforcement Learning from Human
Feedback (RLHF), using the same methods as InstructGPT, but with
slight differences in the data collection setup. We trained an initial
model using supervised fine-tuning: human Al trainers provided
conversations in which they played both sides—the user and an Al
assistant. We gave the trainers access to model-written suggestions to
help them compose their responses. We mixed this new dialogue
dataset with the InstructGPT dataset, which we transformed into a

dialogue format.

(Instruction finetuning!)

68
https://openai.com/blog/chatgpt/
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ChatGPT

Instruction Finetuning + RLHF for dialog agents

To create a reward model for reinforcement learning, we needed to collect
comparison data, which consisted of two or more model responses ranked by
quality. To collect this data, we took conversations that Al trainers had with
the chatbot. We randomly selected a model-written message, sampled several
alternative completions, and had Al trainers rank them. Using these reward
models, we can fine-tune the model using Proximal Policy Optimization. We
performed several iterations of this process.

(RLHF!)
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ChatGPT

Instruction Finetuning + RLHF for dialog agents

Explain in a few sentences what methods were used in training ChatGPT to the audience
of CS224n, Stanford's Deep Learning for Natural Language processing course. A lot of the
students are very Gen Z, so be sure to use a ton of emojis to seem hip and cool.

Hey CS224n peeps! & ChatGPT here to spill the tea on how | was trained to be a savvy

language model! &2

So basically, | was pre-trained using a combination of unsupervised learning techniques,
specifically a transformer-based language model architecture, that allowed me to learn

patterns and relationships within large amounts of text data. &%

The training data came from various sources such as books, articles, and websites, and |
was fine-tuned on a variety of downstream NLP tasks, which involved supervised learning

using labeled datasets to further improve my performance. &
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