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Google LaMDA: our breakthrough

conversation technology

But the most important question we ask ourselves when it
comes to our technologies is whether they adhere to our Al
Principles. Language might be one of humanity’'s greatest
tools, but like all tools it can be misused. Models trained on
language can propagate that misuse — for instance, by
internalizing biases, mirroring hateful speech, or replicating
misleading information. And even when the language it's
trained on is carefully vetted, the model itself can still be put

to ill use.

https://blog.google/technology/ai/lamda/
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Our highest priority, when creating technologies like
LaMDA, is working to ensure we minimize such risks.
We're deeply familiar with issues involved with
machine learning models, such as unfair bias, as
we've been researching and developing these
technologies for many years. That’s why we build and
open-source resources that researchers can use to
analyze models and the data on which they're
trained; why we’ve scrutinized LaMDA at every step
of its development; and why we’ll continue to do so
as we work to incorporate conversational abilities into
more of our products.
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Welcome to Schema.org mi5
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Types = "is-a”

0 Book
[0 BookSeries

[0 EducationalOrganizati
on

] Event
[0 GovernmentOrganizat

ion
[0 LocalBusiness
1 Movie

[0 MovieSeries
[0 MusicAlbum

0 MusicGroup

[0 MusicRecording
[0 Organization

[ Periodical

[0 Person

[1 Place

0 SportsTeam

0 TVEpisode

O TVSeries

[ VideoGame

[0 VideoGameSeries
[0 WebSite
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http://schema.org/Movie
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http://schema.org/Place
http://schema.org/Place
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http://schema.org/SportsTeam
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http://schema.org/TVEpisode
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Person
/people/person

S8 | Film Actor
/film/actor

Politician
/government/politician

One entity, many types.
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schema.org T® Entity D =E D 4

[0 Thing > CreativeWork > Book

[0 Thing > CreativeWork > CreativeWorkSeries >
BookSeries

Ning
Ning

Ning

ning
Ning

Ning

> QOrganization > EducationalOrganization
> Event
> Organization > GovernmentOrganizatio

> Organization > LocalBusiness
> Place > LocalBusiness

> CreativeWork > Movie



schema.org TdDPerson®Property
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Properties = “has-a”

gender [0 education

birthdate [0 jobTitle

birthplace O follows

profession 0 knows

nationality [0 owns

ethnicity O seeks Action
parents

children ... and more

religion



Google Knowledge Graph Search API

[0 The Knowledge Graph Search API lets you find
entities in the Google Knowledge Graph. The API

uses standard schema.org types and is compliant
with the JSON-LD specification.

O “Taylor Swift” [CDW\THEESLTIL

https://kgsearch.googleapis.com/v1/entities:searc
h?query=taylor+swift&key=API_KEY&limit=1&inde
nt=True
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{
"@context": {

"@vocab": "http://schema.org/",

"goog": "http://schema.googleapis.com/",
"resultScore": "goog:resultScore",
"detailedDescription": "goog:detailedDescription”,
"EntitySearchResult": "goog:EntitySearchResult",

"kg": "http://g.co/kg"

}I 13 n .,
ll@typell: IIItemListll, Image"- { .
"itemListElement": [ contentUrl™:
{
"@type": "EntitySearchResult",
"result": {

"@id": "kg:/m/0dI567",
"name": "Taylor Swift",
|I@typell: [

"Thing",

"Person”

1,

"description”: "Singer-songwriter"

~
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schema.org THEntity & DB D15

® Thing > CreativeWork > Book

® Thing > CreativeWork > CreativeWorkSeries >
BookSeries

T
T

T
N

T
T

T

Ning
Ning

ning

Ning
Ning

Ning

> Organization > EducationalOrganization
> Event
> Organization > GovernmentOrganizatio

> Organization > LocalBusiness
> Place > LocalBusiness

> CreativeWork > Movie



schema.org CMDEntity & D ESE D4

® Thing > Place

® Thing > Organization > SportsOrganization > S
portsTeam

® Thing > CreativeWork > Episode > TVEpisode

® Thing > CreativeWork > CreativeWorkSeries >
TVSeries

T

T
T

ning > CreativeWor
ning > CreativeWor

ning > CreativeWor

VideoGame

K > TVSeries
K > Game > VideoGame

K > SoftwareApplication >
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. COFE—EERBREADRALALGZT7IO—FTlL, KRE
EEETILLUND .. EREBEO7IO—FEBNALESERNE
9,




XEXDERD:

¥R ST




X EEBRDI R TE (compositionality) |

® IIIEITH-TEEM LFEREINDS
XDLANILTIE, EOBRIEIXCEICE-TEODNSD

® XNDEMKIF, FFEOEKITIKFLTERINDS
® XMDEKIE, K@I&E’J*ﬁﬁkl KETD

® SGEMICIELWLWAEKRMNZLIVXXEH S
Colorless green ideas sleep furiously.

@ “DONEKRZTRED. HLVELVEX

I saw a man with a telescope.




ERDOIE—1] / EROEXERBEDHFE

CIERZHDOENFET Do
CIERZFOXNFET S

® EEMNELG-TLTH.T
® EEMNELG-TLTH.T

gl 1ol

B BRI IIRELI- KABEEETILOKIIIE. C
DIEROLBEBRIFINGFEL. TNETEBARRE T D8N
ZEDZEICKBEDEE. BZABIENTES,




REDETLZEARASHELEODEEL
X3k X ORI EERLTLEL

1 1
1 1
1 I
I I
Intent®TI/L X : X :
1 I
: ' Typed
. Entity® [ I Action
Entity€7 /L Ontology : X : Property
I | g m5eRo0 L
WWERETIL BRITIANIMNL X | 1zk249tkm
[CKHDEIRE | 1 (230 B)
(BATRAOZFIA) | I



Alexa®Intent Signature

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

"What is the weather in Seattle today'?" == uytterance

......... \\ \

a—H—pAlexalZETEED R \ A—F—DROFL3ET S
ActionA IOk (AIhEIET) "‘\_\\ \ Entity )
i _
| Searchhcta.on(object@WeatherForecast> _'ntent

................................................................................ slgnature

Z D _ETactionhEfTEN 3 l
EntityZ$§%E 9 %, Search
Action®property 3

WeatherForcast® Z DD E .

SkilllzxfL Tslot&L TiESN S
4 4

object.location.addressLocality.name object.startDate
"Seattle" "Today"

L

“Today”l&. Date7+—<whZZE#shsd, | "2016-11-01"




<!I-- John listened to Pink with Steve at Anna's apartment on his iPod. -->
<script type="application/Id+json" >

{
"@context": "http://schema.org”, - — <
"@type": "ListenAction", Entlty:ET)l/—CO)
"agent": { Action Type %Fﬁ L\T:s
"@type": "Person", Xo)%riu*a) %EIE,
"name": "John"
i

"object": {
"@type": "MusicGroup"”,
"name": "Pink!"

i

"participant”: {
"@type": "Person",
"name": "Steve"

T

"location": {
"@type": "Residence"”,
"name": "Ann's apartment"

3

"instrument": {
"@type": "Product”,
"name": "iPod"

¥

https://schema

</script>

Action Property
actionStatus

agent

endTime
instrument
error
location
object
participant
result
startTime

target

.org/Action


https://schema.org/actionStatus
https://schema.org/agent
https://schema.org/endTime
https://schema.org/instrument
https://schema.org/error
https://schema.org/location
https://schema.org/object
https://schema.org/participant
https://schema.org/result
https://schema.org/startTime
https://schema.org/target
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MEEEMRDRIZEH#LI-ETILEEETS

EEDERD X DIERE XDEKRD
[$=3 ] Grammar / [F=37 ]
Syntax Semantics

ZRITTANIRIL . .
Word2Vec =L B5 EETE

Combinatory

Categorial ‘ Céartaerg%rlaa:‘l BFESLAK
Grammar Curry—Howardxf i

DisCoCat ZRITANIRIL Pregroup 2 RITNIR)L
I2&DnEERE  Grammar  [TXKEHDEFRIR

Functor Semantic




IBM Watson

“Mary gave a book to John.”
Tree Line + Word Sense + Features

Slots

Features

[ Surface Structure ]

[ Tree Lines |

J

[ Deep Structure

Word Senses

Arguments

subj(n)
top
ndet
obj(n)
iobj(p)

Maryl (1)

givel(2,1,4,5) verb vfin vpast sg vsubj

a(3)
book1(4)
£02(5,6)

objprep(n) Johnl(6)

noun propn sg h

det sg indef

noun cn sg

prep pprefv motionp
noun propn sg h




cca “CCG is fun”

Parsing with CCGs

CCG 1S fun

NP S\NP/ADJ _ ADJ
CCG | M x.f(x) Ax.fun(x)

7 S\NP
i mﬂz( x)

s /
fun(COG)

Ci)mbine categoy’é usin

pe rators

B:g| A\B{f= A:|f(9) (<)




DisCoCat

“John does not like Mary” O EK%%
RI X EFDER

John does not likes Mary

I 1 | l
I 1| not| ||




KR EEET /LECompositionality

KREEBETILDSEDEREZEZSDATREMZDIL,
Google®Kristina Toutanovabht, compositionality(Z;E
BEIRHTI-FLEEZTINVS,

BESDERFOMXIL. ” Evaluating the Impact of Model
Scale for Compositional Generalization in Semantic
Parsing” TIX. "Despite their strong performance on
many tasks, pre-trained language models have been
shown to struggle on out-of-distribution
compositional generalization.” & RTLVS,



Z)0

® IBM WatsonlZDW Tk, ZOMERRET ITO—FEE
E<FHELTWZS, SEIDEZF—DFEEHR—TIZ, LLIFEID
EMZEEEL-,
https://www.marulabo.net/docs/meaning/

® CCGIZTDOWWTIE. TATRIBELERD A2 A IR 1D FE =
A TIELLY,
https://www.marulabo.net/docs/semantics/

® DisCoCatlz2WZTl&k, WILLOTZEIXEEKRD BRI
DNWTINT—TELTRYLIFTLNS,
https://www.marulabo.net/docs/discocat/



https://www.marulabo.net/docs/meaning/
https://www.marulabo.net/docs/semantics/
https://www.marulabo.net/docs/discocat/
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RO BRI B3
BOBHRAIN L OFLE

BERDDHKRIR. £ . EOEKDDHRIBELTEENFE T,
%*L(i EEIZXDE ﬂik‘c’%ﬁnJrEl’]( W T B DR EH DR
Mg EYET , BengioldZENFI RITDB LN EFEUELT=,
Hinton®Autoencoderlf. —a—3JL = vkIZ, 7"“—’5!0)35@_5%
KRSE A0 TLI=, Mikolovb®DWord2Vec [(&. EEDEK
’\7I~)M"é.¢-.)ﬂi?’%>x)]$E’J&?s‘&"ﬂ?s;?éttﬂ_\%0) ﬁ&
REN, FWEEHEHEZEFOIELEZRRLET,

—AT.RNN / LSTM BNARBEEBLGREAZTEFEOZEN . RSN
F9,

Ilyald. BARBEDRF 1AV NS B IE T, SCEMICELLE
AN EZOVE 2 —FTERSESEICHOHTHRIILET .

. ZEOXEICIEKRNHYFFATL -,




Bengio®D I Rt DL ]




A Neural Probabilistic Language Model

Yoshua Bengio et al.

http://goo.gl/977AQp

2003%




DNHADEFENDREH T TO—F DR

MEAD, REDEET —F=METHICLETLIE, FFED
FENDOMNDIEZADEVSEBGRBLIE, SFWLDE
75\01':0

19

BZIE. ROXDTHEEIZ. =DDEEE{to, two, too}H
b, —DEANTXEHXESELVOSBEZZEZ LD,

For breakfast I ate eggs.

LAWL. ##IC10{25EH D ABIE “Very Very Large
Corpora”"#=2(Ed8TH. IEfEEMN, 100%IZEMNELDT,

http://research.microsoft.com/pubs/66840/acl2001.pdf



http://research.microsoft.com/pubs/66840/acl2001.pdf

IARTOXHZEHBEL-AEREFFEELFELD

TNEEHSOREZRR2EIZLD,

26 FDTILI7AYRISXFLURNTHEBINDIEDO L.
=R .2615THSH, I-F-L. BEEI10FEHSHEFETNH10
BDEMNSEDIEL. 10000010=1055F5E+H S !

:0)1 3, (X3 104 s D¢ 5&7 Aog TE T LND
FE X ELVDDIE, FARITRLDXETIEZRL, A, 10°0&
L\')O)li ETOHKLERGHETH S,

IARTD; i%%bf‘ﬁi(iﬁﬁ:?—éﬁ\%L*Lﬁb\f)‘ ERS
TOXHl=REL-ARRIIFELEEL,



BengioMD [ RTDWLLY ]

Bengiold, BE<{Mn. SE NEBIZHENSGEBAETHEDEHD
BREREZEHLTWNV=—ATHS, 2003FDHXT. KIX. £
NnEIRTDOUILY] Curse of Dimentionality &AL,

Yoshua Bengio et al.
A Neural Probabilistic Language Model
http://goo.gl/977AQp

RIFEEREZT Do

DX T. BengioldE


http://goo.gl/977AQp

featureD T EARIF T, [ RITD WL | EEES

COMX T, RIE RODESGFEZTIRET Do

1L.EBEFOENETNDEIZ. RMCEHBEDEZRED. 7E
LT-SED4E AL (word feature vector)Zxt s>
7%,

2.GBONVDIEEHERENZ. COHVDHDFEDHFEN
JRILVTRIRT B,

B.FBDFHEANVMIILECDIEREBDINTA—F—% . [EIFF
IZFEI D,

(I, EBDOIEFHEANIRILIEWND, EBEOTEKR IO EEEALIIELD
ZEEEEFEEZLTLNS, 2HLEE77a—F L. Tomas Mikolovis®
Word2Vec [ZZ (TN TL,



WLELRICEEDH THS

o X 2= MFICTBE. ZOHIIHFYICZT T,
W BOIRETIFE2E->TH, SBOFHZEHZXDDI(F
LW, [RITORW] THELEIFAWL, TN L UEHIC
BOLEW [E| OISl LS, [E] 1o
(X =W & 5,

@ TNICLTH [FB] OFEA—DDHETERINS LIZE
2 W, MEDODEFEDHE §ahbmRIchRT FLE LT,
(B O aRdT &Il LD,

e [XX] X [3E] ot THhHb, [xX] D, [FE] o)
L ThHhHIEXRIFHMAE T D>, £NiE [35] 0 esE
IDFBRZENTESILT T,

@ I b a1—&(F, FBOEHENI bILE [FE] OLVDIEE
HERBEMDNT A —2—%  FRFICEEINITL0,



Encoder / Decoder
Hinton? Autoencoder

CCTIX, AITOEKRDFZLNDHFILDG &SI ZRT-TF
Encoder / Decoder MO##AHZHENT 5,



Reducing the Dimensionality of Data
with Neural Networks

G. E. Hinton et al.

https://www.cs.cmu.edu/~tom/10701 sp1l
1/slides/DeepNets science2006.pdf

20064



https://www.cs.cmu.edu/~tom/10701_sp11/slides/DeepNets_science2006.pdf
https://www.cs.cmu.edu/~tom/10701_sp11/slides/DeepNets_science2006.pdf

am S DL

BRITDANARIZI—ZBIERT H/NSEHREFZHFDOZED
Za—JIL YT —IFNFETH_ET. GRITDT—F%IE
RITDIA—RIZERT HENTES,

S AT HDIZh)
s A DIEAEL . BiF

ZNDLH%Auto EncoderrybcT—o M

BCpE FIEZFIATSE 4. 1=12L. T,
IEREICIEVMS B IZD HOFELEL,

imlt  Lmli

¥ <lx. T4—FAuto EncoderrybT—OMN AERTHI—FK
FFETHEEFAREICTHEADNERIL DI EMLAEIZD
NWThRB, ZDFEIF. T—F3DORTETITAHY—ILELTD
FRAAHTEY, T 26EBNTINS,




Autoencoder

ROEDHR, TOADFRWLEMNEncoderTH S, Encoder
(. 2000 ZTTDRILIL (2000 pixelDEHET—42)%. 30
RITDRIRIVIZEZD, LEOADFL D Decoderld., Z
D30RTDRIR LIS, 2000 RTDRIMILEERKT B,
(ZHOLT., BRI ETIND)

X Tl CDAutoencoderZziZfiEd 55 LN RSN TLY
BOEN(TRIOAR,, BIENAHREEINTLNS) . FNIZDOLY
TIXEIZT 5,

FBELTHLLWDIE, STl AAIZEZon=-T—32B 5
N, BENADT—2DERENZRI-T DT, TOEKRTIE, TN
WD TN =HENEDOT—2&ELLENENS T,
Autoencoder&ld. TEEB IV A—X | OEKRTHS,




Hinton®Autoencodery====="=" 5. oder

bt LAl At A L) a i »
: sIo S [
: I I
W, :
Top:
I wi |
........................................... i 2000 I
500 I w3 [
fw, E 1000 :
: A |
.............. 1000 | _REMi | L I
} o !
........................................... .—k— — - i, - - i
1000 : b LR0) Cod el
I W, l :
.............. o JneM: | I
! I
[ !
1 !
I I
! I
I !
1 I
[ I
! I
RBM  Encoder == ===l

Pretraining Unrolling Fine-tuning



¥~ MDAutoencoder®d ¥ A

o KDPllE. lBEEEMHmEMIO—TELLTEEZLTELDLDTE
M. ZOFX T, Hintonl&., T 2E@EBALMVIIE#E T L TLNVAS,
EHENHEEIZ. ZOAutoencoderzEH5ELV58DTH B,

O J[FEHONAHEEZT2000IZEES, HARICCNODEELE
MIMAESENTWNANEAO LT B, T5F 5L HAHKIC
2000 RTT DB SHEBININILEX LD ITEHZENTES,
:0)’\‘7I~)I/’E—Autoencoder0))UJ [Z5 % T. Autoencoder

SCDRIRIILEH AIZBIRTESALIIZENEEZT S,
Autoencoderd)ﬂlﬂﬂid)ﬂ'\h)b*de)ﬁll Nz, 10RITDORY
MLIZCTBE, HAKRICIVE DI FEXFEDITHEMTES,

® HintonlZ. 40 A NDECRREEZXWRIZ. COAHETHLN
F10EDEEL. EE DR EICHEMOESIHIETRERLT-, £
B, ZRTIZAIRIELI=EON . RO, REIZ, 5 FEIC
FILTLA,




First compress all documents to 2 numbers.

Then use different colors for different document categories

European Community

Interbank Markets Monetary/Economic

s

Disasters and
Accidents

Leading Ecnomic - u,’ ﬁ%

ﬁ Legal/Judlcual
ES

Indicators 8 ¥ 2
’ 3‘ v,w
5. iy~
i GRS 74:;5; Government
Accounts/ ‘r'f;: \.,r\fr, Borrowings
i g ¥ AutoencoderzfUL =7 %A




First compress all docur.nentS to 2 numbers using a type of PCA
Then use different colors for different
document categories

ERD TR =5%E




Semantic hashing (BEkBI/ w2 )

BELGIERX.TERILTERZ ITE. AROT—IDHEFF
BHTELDDT=HA . Autoencoderld, #FOWLWFhIZxtLTH.
ERTODT—3HBEBRITDT—RIZEBRLTNNSELNSTET
H5. ADEETEARX. TNIF. FZOERTODT—EM DB,
BRTOT—5%. TDFHROIVERELTRMYHLTL
Hintonld. Z5L1-Autoencoder® =% . Semantic
hashing (BB YT ) EMFEATLNS,

SHA-1D E5% /Ny T Tlk, /\viatkanf-7—43mn5
TTDT—REETT A EIXRARELZ DA, Semantic
hashing&hf=7—21&. T—2DRFTIZELNELDD . TTDIE
DB ERFLTLS,




Word2Vec -- [ZEDEBRANTRIL ]

MikolovioMWord2Vecii X M 5D d. BengioD i
X510 %D2013%F>1=,



Word2VeciiX

2013412, Google (&) dTomas Mikolovis (&, EEAVE
ORAENT-AVZ—ZFEEH ., FEBEFIICCUERIZE. EBR
WICH) mEWVEEZF > TSI EZTZHR T S,

Tomas Mikolov,Wen-tau Yih,Geoffrey Zweiget

Linguistic Regularities in Continuous Space Word
Representations

https://www.microsoft.com/en-us/research/wp-
content/uploads/2016/02/rvecs.pdf



https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/rvecs.pdf
https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/rvecs.pdf
https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/rvecs.pdf
https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/rvecs.pdf
https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/rvecs.pdf

Word2Vec —DH DX EI—F B

Jeff Deanh DX ICHKKEFL, £FET
DHDmXZEHEE,

RERHZ

=

Tomas Mikolov,Kai Chen,Greg Corrado,]effrey Dean
Efficient Estimation of Word Representations in Vector
Space

https://arxiv.org/pdf/1301.3781.pdf

Google CodelZ, #Z—T Y —RELTARHIN . KE4E
DEEDH D,

https://code.google.com/p/word2vec/



https://arxiv.org/pdf/1301.3781.pdf
https://code.google.com/p/word2vec/

am S DL

EHGTEREEETIVIEE ., #MRAGIRITEN-FEREZ T

LTWS, RERXTIE. ANBDEAICK-THEAMICFE
SNHNIMILVZERTOEBFRBICONTERETT S,

HRIE. INoDRBENFEDEXH ., BEREIHRAIEZEL
[FELGRATNDZE, ifa%%ﬂ%#%ﬂﬁi BDANIRIL
7Y EoTHEM ToNAIEEZRH L=,

NIZkY ., BEMOA 7EYMIEDIKARINILIER D HER
MAJREE %D, BIZ X, BELLEOBRIEIBEEMNICEES
N, FEINTAVMLREIZKY, "King - Man +
Woman" [& "Queen" [ZIEBIZTIELIWRINLELS,



HEEANIRILHY

A ZEIRA D EE.

& SCARHE B8 (R

A TR [CKYEREL. [RF4BIDOMBICERET HEMN

TS,

F=. ROMLATEYREFALTSemEval-2012 Task 2
DEIBEIZEZEL., BEANINLAE KRR AIEEIEZ TL
BELEEIELT-, BIREZEIZ.COAEIFEENDRED

VATLEZEELTLVS,



FE_mXDHE

HalE, ERBICKBELGL T3V LBEEBEOEHEATL
IRIREZAETE-OD2O0OH LWVETILT—XTIF~
*IRET D,
NoNREORBIIEEZEOEUMIRITHESIN., TD
HRIIELGDZZ2MTD=_a—FJILAR YT —O([2E DI, ThE
TTHRLEREDOBULETELEE SN S,

ZDHR. 16BEDT 2y O EREBEDEIEANINL
FFETHDIZIHEMIDIST  KYEBWSEIRFTRED
KIEIZR LT BHIEMNFERINT-,

SHIZ. INEDARIRILIE. LR DTAMEYMIBNT, &
NHIBFIUVERMTEEOEUEZERET 5= D&k in
DHEEEZFIRIET HEETTRT,




[FEDERANTRILIDTE



EATTEMN . BEZoNT=5EDELIC

BOIAENOIMN?

® LII-EKRZFDI2EENR., H=~UrILZEHFD,
® Lf-EXETESHATLH. ELLWXIE. ELLWXIZEDD,

“a few people sing well” ELLVX

|

\ ¢

“a couple people sing well” IELLVX

@ ERMUTILVEKTH. RILYSRDEETESTHTATE.
ELWLWXIE IELWLVXIZZED S,

“the wall is blue” —»"“the ceiling is red”



ERZTZREBLITONIILITHEE?

Word Embeddingld., +-¢EBAWMVMEEZRFD, TOR®D
FOZ BENSKEADRINILEHASELIZRZ S,

W('woman™)—W(man”) =~ WM aunt™)—-W (M uncle”)
W('woman")—W('man") =~ W(*''queen")—-W("king")

WOMAN

MAH/ /

UNCLE

AUNT

QUEEN

KING



ERZTZREBLITONIILITHEE?

Vector Offset Method

Word Embeddingld., +-¢EBAWMVMEEZRFD, TOR®D
FOZ BENSKEADRINILEHASELIZRZ S,

W('woman")—-W("'man") =~ W("'queen")-W("king")

WOMAN

woman — man

MAN \
CDZDODOARTRILIEZFELL

QUEEN

% — king

—> KING



King - Man + Woman = Queen

Vector Offset Method

RDEIGEMELTED,

W('woman")—W("'man") + W("king") = W("'queen")

WOMAN




Word2Vech x iz B D(F=~"I8 LD

Relationship Example 1 Example 2 Example 3
France - Paris Italy: Rome Japan: Tokyo Florida: Tallahassee
big - bigger small: larger cold: colder quick: quicker
Miami - Florida Baltimore: Maryland Dallas: Texas Kona: Hawaii

Einstein - scientist
Sarkozy - France
copper - Cu
Berlusconi - Silvio
Microsoft - Windows
Microsoft - Ballmer
Japan - sushi

Messi: midfielder
Berlusconi: Italy
zinc: Zn
Sarkozy: Nicolas
Google: Android
Google: Yahoo
Germany: bratwurst

Mozart: violinist
Merkel: Germany
gold: Au
Putin: Medvedev
IBM: Linux
IBM: McNealy
France: tapas

Picasso: painter
Koizumi: Japan
uranium: plutonium
Obama: Barack
Apple: iPhone
Apple: Jobs
USA: pizza




SRR 5 his

Category | Relation Patterns Tested # Questions | Example
Adjectives | Base/Comparative | JJ/JIR, JJR/JJ 1000 good:better rough:___
Adjectives | Base/Superlative JJ/1JS, JJS/1) 1000 good:best rough: ___
Adjectives | Comparative/ JIS/JIR, JJR/JIS 1000 better:best rougher: ___
Superlative
Nouns Singular/Plural NN/NNS, 1000 year:years law:___
NNS/NN
Nouns Non-possessive/ NN/NN_POS, 1000 city:city’s bank: ___
Possessive NN_POS/NN
Verbs Base/Past VB/VBD, 1000 see:saw return:___
VBD/VB
Verbs Base/3rd  Person | VB/VBZ, VBZ/VB | 1000 see:sees return:___
Singular Present
Verbs Past/3rd  Person | VBD/VBZ, 1000 saw:sees returned: ___
Singular Present VBZ/VBD




EZxzH &I D (TFERTR)L

2 T T
China«
~»Beijing
15 Russia
Japarx
1k Moscow
Turkey Ankara Tokyo
05
Poland«
0} Germxany‘
France *Warsaw
' % Berlin
05 F italy< Paris
-1} Spairnx Rome
| " Madrid
-1.5 | Portugal iiakian
5 | 1 1 L 1 L 1
-2 15 -1 -0.5 0 05 1 1.5

http://arxiv.org/pdf/1310.4546.pdf



,D\HEIE’\OD’\OHI/ TEREGE

DERDBSZEEFTZTSD

BEHRDORY F)bifﬁjf‘%otﬂbi%ﬁi:&(i\ —DF7T
|:| 9‘-( EOTC.EDEKRDIASHFERZETELH_LETH S,

BUVERBWDNIMNLRIRZVEWT S, CDEF,
'nvt'nwd) = RDESSimilarity(v, w)Z& . NIMILvEWDANTE
WTEEY %,

—_— —

Similarity(v,w) = v - w = |v||w]|cos8

20X RORILVEWDTET A THS, L%, cosine-
similarity &5\,




EBITEDIIARNIRILIC
ZHRIN5DH



Word#%VectorZZ Z2 545 %

FE—HRXTIE. RO KIGERNNAEHNTIND,

w(t)

s(t)

y(t)

s(t) = f (Uw(t) + Ws(t—1))

y(t) =g (Vs(?)),




Word#%VectorZZ Z2 545 %

E_MmMXTEDODNTWASAZEIE. RDZDTHS,

e CBOW(Continuus Bag-of-Word”) €T /L
BHOEODEFYMS, —#ICTHBRLEZYLT—DODEDHE
—’I“—Enﬂ/\é

® Skip-gram £TI/L
—DDENEZoNTF. —FEICHILERERDE
HERZRRD,




INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT

.‘ A\ m‘;‘g{ "

“th 1)

\\*h el’
—p W) wit)|
‘ A\ o n 14 4 n

w(t+1)

EELDETILE, BOMN=FYELTD Jat"

— HIREEZ RS, [EBOAT (21, EEk
ZHEHOTULVELY,

w(t+2){ “cat” J:;ZI)’
Continuous Bag-of-Words

CBOW Skip-gram

http://arxiv.org/pdf/1301.3781.pdf

wt+1)|
]



http://arxiv.org/pdf/1301.3781.pdf

BDERDAHRET IV 2165

Tai-Danae®:iBH

BIZ X TFEEARTELWD., HABEELF-O—NZXhHo1=ELELD,
FIhn, context words {wy,...,w,} EFEIENDEBEDEFYE
B, TNIE, A—NNRAADTRTHOEETHLWL, D —FD
THLWY, ZD{wy, ..., w,} DW;ZERNIRIILZERVD | & B DOFE%E
HGEEEEZEZDDT,

FOTNIE. a—/NNRAHNDITRTOEIL., XD KS57%context
WordD R HFES TRINARNIMNILREFHFDOZEIZH S,

W = ZCiWi

=1
CDFREc;I&. A— /AR T, EBEwWHEEw, DELIZIHEN B # %
Y EBTHS,




A DERDDEET ILDH

{sweet, green, furry} ELVSEZETHLIANHIzELELD,
ZD=DMEEHEZDa—/\ADcontext word [TEATFZSL. N
ZHEREELT. RDOKIIRIMLTERT,

1 0 0
sweet = | ( green = |1 furry = |0
10 10 1

ZOF. COAXRDHDEE banana, puppy, fruit (. XD K>S
[CREIND,

21 8 43
banana=| 9 puppy = | 1 fruit = [ 19
0 32 0



A DERDDEET ILDH

RINEETEZILX. BARIZ. O— /I ANSDT—E2ENSHNDE
E=RITDOANINILVERBICEHIADLT-OIZFIALI-DOTHS,

i& banana MERIX (21, 9, 0). & puppy OERKIZ (8, 1,
32). & fruit®EmkIE (43, 19, 0) &EWLNVSZEIZHS,

e
farey
Pt

%reu\
S Bt

Sweet P




RNNDO A EZE 72 )



2011 F DO ChatGPT

RNNIZKOXEDERK




Generating Text
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Ilya Sutskever et al.
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Figure 1. A Recurrent Neural Network is a very deep feedforward
neural network whose weights are shared across time. The non-
linear activation function used by the hidden units is the source of
the RNN’s rich dynamics.
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The meaning of life is the tradition of the ancient
human reproduction: it is less favorable to the
good boy for when to remove her bigger. In the
show’s agreement unanimously resurfaced. The
wild pasteured with consistent street forests were
incorporated by the 15th century BE. In 1996 the
primary rapford undergoes an effort that the
reserve conditioning, written into Jewish cities,
sleepers to incorporate the .St Eurasia that
activates the population.
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The Unreasonable Effectiveness
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For @,._, .. where £, = 0, hence we can find a closed subset H in % and
any sets F on X, U is a closed immersion of S, then U — 7' is a separated algebraic
space.

Proof. Proof of (1). It also start we get
S=8Spec(R)=UxxUxxU

and the comparicoly in the fibre product covering we have to prove the lemma
generated by [[Z xy U — V. Consider the maps M along the set of points
Schyyy and U — U is the fibre category of S in U in Section, 77 and the fact that
any U affine, see Morphisms, Lemma 7?. Hence we obtain a scheme § and any
open subset W C U in Sh(G) such that Spec{R’) — S is smooth or an

U=|JUixs U

which has a nonzero morphism we may assume that f; is of finite presentation over
S. We claim that Oy . is a scheme where z, z', 5" € §' such that Ox .- — O, . is

separated. By Algebra, Lemma 7?7 we can define a map of complexes GLg (z"/S")
and we win, c

To prove study we see that F|y is a covering of A, and 7, is an object of Fy g for
i > 0 and F, exists and let F; be a presheaf of Ox-modules on C as a F-module.
In particular F = U/F we have to show that

M*=1° Rspec(k) Og.s — i;{lf)
is a unique morphism of algebraic stacks. Note that
Arrows = (SCh/s)?;,};f’ (SchiS) fpns

and
V =TI'(S,0) — (U, Spec(A4))
is an open subset of X. Thus U is affine. This is a continuous map of X is the

inverse, the groupoid scheme S.
: S ‘ Stack Theory O#FE%H
[2E | SE=30

Proof. See discussion of sheaves of sets.



Proof. Omitted. )

Lemma 0.1. Let C be a set of the construction.
Let C be a gerber covering. Let F be a quasi-coherent sheaves of O-modules. We
have to show that
Oo, = 0x(£)

Proof. This is an algebraic space with the composition of sheaves F on X, we
have
Ox(F) = {morphy xox (G, F)}

where G defines an isomorphism F — F of O-modules, O
Lemma 0.2. This is an integer Z is injective,
Proof. See Spaces, Lemma 27, O

Lemma 0.3. Let S be a scheme. Let X be a scheme and X is an affine open
covering. Let U C X' be a canonical and locally of fimte type. Let X be a scheme,
Let X be a scheme which 1s equal to the formal complex.

The follownng to the construction of the lemma follows.
Let X be a scheme. Let X be a scheme covering. Let

b: X Y 2Y 2Y a2Y ' xxY =2 X,
be a morphism of algebraic spaces over S and Y.

Proof. Let X be a nonzero scheme of X. Let X be an algebrai
quasi-coherent sheaf of Ox-modules. The following are equivalent

(1) JF is an algebraic space over S.

(2) If X is an affine open covering.
Consider a common structure on X and X the functor Ox(U7) v Stack Theory DHEMEZ
finite type, [ZE |SE=1D




This since F € F and r € C the diagram

&

l

£

=a ———an X
Spec{Ky) Morse, 4(Ox,,,.0)

is o limit. Then € is 4 Guite type and assume S is a flat and F and € s a finite
type fo. This is of finite type diagruns, and
e the composition of § 15 a regular sequence,
o Oy is a sheal of rings,
O

Proof, We buave soe that X = Spec{R)] and F is a Anite type represencable by
algebraic space. The property F is a hinite morphism of algebraic stiscks. Then the
cobomology of X i an open neighbourbood of UL

Proof, This is clear that § is a Anite presemtation, soo Lemmas 77,

A reduocd above we conchixde that £ is an open covering of C. The fi
“Held

Oxx=sFe -HOx,.) = 0;:03\-4.(0&,)
i= an isomorphisan of covering of Oy,. If F is the unique element of F such that X
i= an =omorphiso.
The property F is a disjoint union of Proposition 77 and we can filtered set of
prescutations of a scheme O c-algebra with F are opens of finite type on —
If F is a schieme theoretic anage points. StaCk Theory @ﬁ*ﬂ%%
If F is a finite direcs sum Ox, is & closed inunersion, see Lenuna 77 r%%‘]éﬁf:%w
sequence of F is a similar morphism,
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\begin{proof}

We may assume that $\mathcal{l}$ is an abelian sheaf on $\mathcal{C}$.
\item Given a morphism $\Delta : \mathcal{F} \to \mathcal{l}$

is an injective and let $\mathfrak q$ be an abelian sheaf on $X$.

Let $\mathcal{F}$ be a fibered complex. Let $\mathcal{F}$ be a category.
\begin{enumerate}

\item \hyperref[setain-construction-phantom]{Lemma}
\label{lemma-characterize-quasi-finite}

Let $\mathcal{F}$ be an abelian quasi-coherent sheaf on $\mathcal{C}$.
Let $\mathcal{F}$ be a coherent $\mathcal{0}_X$-module. Then
$\mathcal{F}$ is an abelian catenary over $\mathcal{C}$.

\item The following are equivalent

\begin{enumerate}

\item $\mathcal{F}$ is an $\mathcal{O}_X$-module.

\end{lemma}



/*
* Increment the size file of the new incorrect Ul_FILTER group information
* of the size generatively.
¥/
static int indicate_policy(void)
{
int error;
if (fd == MARN_EPT) {
/*
* The kernel blank will coeld it to userspace.
"/
if (ss->segment < mem_total)
unblock_graph_and_set_blocked();
else
ret=1;
goto bail;
}
segaddr = in_SB(in.addr);
selector = seg / 16;
setup_works = true;
for (i = O; i < blocks; i++) {
seq = buf[i++];

bpf = bd->bd.next + i * search; _ R
i (Fd) | Linux®Y—Xa—k%

current = blocked; [FEISE-L0
}




/*
* 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_seg);
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);
pci_disable_spool(port); Linux®Y—Xa—K#
retum [#E 1S40

}
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I =1

Diagram

This since F € F and r € © the diagram

S -
l
£ Ox:
\
2ol T )
= o —————e
I
= a0 ——

RNN(ZDiagram®
ERICRERL TLVS

LYy

:\[‘]rﬁql‘ ‘i(o~‘._‘l" Gl /




For the convenience of further reference we numbered all the arrows. The
right vertical face of the diagram is the diagram (2) defining the 2-morphism
Id —» ¥ and the upper horizontal face is the diagram (1) defining the 2-
morphism X0 — Id. The whole diagram is the union of the front part which

Voevodsky “The Origins and Motivations of Univalent Foundations” &\
https://www.ias.edu/ideas/2014/voevodsky-origins
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Sequence to Sequence Learning
with Neural Networks

Ilya Sutskever et al.

https://arxiv.org/pdf/1409.3215.pdf
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Neural machine translation by jointly
learning to align and translate

Bahdanau, D., Cho, K., and Bengio, Y

https://arxiv.org/pdf/1409.0473.pdf
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Google’s Neural Machine Translation
System: Bridging the Gap between
Human and Machine Translation

Yonghui Wu et al.
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Attention Mechanism
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Residue Connection
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Bi-directional Encoder for First Layer
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Quantizable Model and Quantized Inference

W = [W1, Wy, W3, Wy, W5, W, W, Wy
i; = sigmoid(Wix; + Wamy)

! h(W W ) Input Gate
LSTM 1; = tan 3X: + Wamy
with Residual f; = sigmoid(Wsx; + Wgmy) Forget Gate
connection ¢ = sigmoid(Wrx, + Wym,) Output Gate

o/ .
ct =C—1 0O +1:O1s

m; = C; (0

s; — max(abs(W]i,:]))
WQ|i, j| = round(W]i, j]/si x 127.0)

All accumulator values (c'. and x'\) are represented using 16-bit integers
All matrix multiplications are done using 8-bit integer multiplication
All other operations (Activation, elementwise operation) 16bit
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Google’s Multilingual Neural Machine

ranslation System:

Enabling Zero-Shot Translation

Melvin

Johnson et al.

https://arxiv.org/pdf/1611.04558.pdf

20164
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Zx—NEERFFR

Model Single Multi

WMT German—English (oversampling) 30.43  30.59
WMT French—English (oversampling) 35.50  35.73
WMT German—English (no oversampling) 30.43  30.54
WMT French—English (no oversampling) 35.50  36.77
Prod Japanese—English 23.41  23.87

Prod Korean—Eng

ish 2542 2547

Prod Spanish—Eng

ish 38.00 38.73

Prod Portuguese—Eng’

ish 44.40 45.19
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