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footage are compared to the
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KA VEE Marlene Hans Salli Justin BBEE Seoyeon
Vicki Kendra Matthew E>F1—88 Aditi
TA ATV REE Déra Karl Kimberly
12T Carla Giorgio Ivy
JI T —5E Liv 2A VEECKE) Penélope Miguel
R—2 FEE Ewa Jacek
Maja Jan
RIL N HILEBANYT) Inés Cristiano
=T Carmen
0> 73 Tatyana Maxim
ANRA VEBHRTA)Y) Conchita Enrique
AU T—T Vi Astrid
NLOEE Filiz
REE(EE) Amy Brian
Emma
EE(V—ILR) Geraint aws

DT —I)LXFE

Gwyneth

https://docs.aws.amazon.com/ polly/latest/ dg/voicelist.htm
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Polly ®m&
BARICECA5ERE

TXFANZBUNIED IFHES
« Today in Las Vegas, NV it's 90

« "We for the music”, from the Madison Square
Garden.

SELDAY TS
o« REITIEX_PIDOEEA LD

dWs



AE—FT—0UICLDEEEMBREDEEHA

Change file format % I .m\ﬂL K"‘ga“ ’:-}"3
| {"tine®:0, "typa":"sentence”, “start®:7, end” 10, "value®: "Hi| "}
Specify type of file you want fo save on your disk | {"tine® 16, "type®”: "word", “start":7,"ond*:9, "value": "Hi"}
! ('tm‘:tn,"typ-':'sentencc","stlrt':11,'cnd':27,'valua':;ﬂy name iz Tara.")
| ("time~ 1808, “type” :“word","start™ 11, "end":13, "value": "My"
e forwt Sempis e Speach Marks Typos @ 1 {"time":1025,"type": "word", "start”:14,"end” :18, "value™ : "name" }
MP3 & 22050Hz Visame | {"tine®:1476, “type": "word®, "start":19,“end”: 21, “value®;"is"}
0GG 16000Hz v  ‘Word | {"time* 11671, "type": "word®, "start”:22,"end" 126, "value*: "Tara")
PCM BO00HZ W Semence i {"time®:2112,"type":"sentence”, "start":28, “end": 76, "value®: "I an excited to talk about Polly's new
® Speech Marks SSML futures.'){'une 12498, "type™ i “word®, "stact":28,"end" 129, "value": 1"}

('tin'-zws “type":"word", *start”:30,%and" :32,"value": *an")
."uord‘,'st;rt':n.'md':lo,"value':'udted')
("tln 13364, "type":"word"®, *start”:41, end" :43,"value": "to")

Cancel | {("time”:3503, "type": "word", *start”:44, *end” :48, "value®: “talk")
RS | {"time*:3917, "type":"word®, "start™:49, "end” :54, "value™ : “about "}

| {"tima® 14251, "type": "word", “start”:55,"and" :62, "value® : *Polly’s*)
| {"tine®:4701, “type":"word®, "start":63, "end” :66, “value™ : "new"}
| {"time® 14957, "type": "word", “start”:67, end" 175, "value": "features”)

X 13{%?

a0 1EEER

t”z“—A : Ekﬂfﬁﬁ_é =D
SSML : <mark>% 7

dWs



Polly S41l: FM F0FrL==E

« ZRICBFbINEF v XY —FREBEDOZ1 —AE{ENBIEEIC

. BELTIFIUH—ERRTZONHLVRRTE, F1AU—C=1—X
RS hiEIRE

. SEEKEBREDY AL —RREECEERELTVFE
Banana FM 87.7TMHz

FYrSOAERL :,g R o

N rORDEHS AT ~DESEEA PROES EN TOMIEAR

VOB IKRE ¢ A=Y ANE
EAERA &>

<=3 LRMEND

RRT>2) Cr .

b= Lifl=8

2000~

T ik
#an

TRED, W1%
Mo

HETE H1eIuT AFITABN

LINE@

dWs



JI\>XA>

UFDOR—=Z(CT7IO1TALT, ERICXFZAT

https://console.aws.amazon.com/polly/home/SynthesizeSpeech

GE : RODI\>XA>THIBEI D28, TREICVERR SNTEMP3FEDEH
FEI7AI)ILESFDO>O0—RU. BODS3)\ Uy ~MNZoZ7vTJO—RUTKL
JE=0Y)

dWs


https://console.aws.amazon.com/polly/home/SynthesizeSpeech
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Amazon Transcribe
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Amazon Transcribe

BraTFANIERITDIVR—

SRY—ER

UL A LAEDHIEST, S3
[CHMSNIZERT — Y DILES
Hih— bk

WEDKIHSFE(FREBEANRT
=h

1 NRICXFRIULZITOIEER
DOECE DV TCOREREF

(1 #3&7=D 0.0004 USD)
aws



Amazon Transcribe D4FE]

§ BT S mIEERE (8kHz) OmAEYR— ~

1 HRILEBEEEERT DT EHTEE
(L) RESNFEYALRYIITE, E=RT UDEBEEL S

a EEGEEORMCOTEDE B

Hellol ) T ([CTEBEARA DE(ICHEL, SESILFEFE
dws



AALRY 2T EE5EE

1.0 2.0 3.0 4.0 5.0 6.0 7.0 8.0 9.0 10.0 11.0 12.0 13.0 14.0 15.0 16.0 17.0

J

“Hi, I would like to reschedule my flight to Seattle to later tonight”

3.480 sec 6.402 sec 10.541 sec
Confidence : 1 Confidence : 0.95 Confidence : 1

dWs



]

u}b,nxd)*mjﬁ

please extrapolate the projections based on market growth
and segment share can you email it to me once you are

done

Please extrapolate the projections based on market
growth and segment share. Can you email it to me once
you're done?

dWs



I—RT—X: =)L A—-DOEFFT —FDuHL

Amazon S3
3,
| H II'IIIIII‘.. 4_:
‘ (I , Amazon Amazon
AWS Lambda Transcribe Comprehend Amazon

Athena

ud

Amazon
QuickSight

dWs
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JI\>XA>

UTFOR—Z(CT7O0XUT, PollyDI\>> XA TH I
O— RUEBEI7Z71ILDS3)\ oy cEIEEL. 3%
YERR 9 B

https://console.aws.amazon.com/transcribe/home?r
egion=us-east-1#createlob

dws
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https://console.aws.amazon.com/transcribe/home?region=us-east-1#createJob
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1{I]=}

I
&

dWs



Amazon Comprehend
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Amazon Comprehend

o ANTNETHFANIHUT, XS FLDh=EENM
o RFEEEANRA ZEEICHIG
o TFADBMDMH: 100 XFICDE $0.0001

« MEVOEFTUST:1 23T(CDEF $1.000 TFXME IMB (CDE
$0.004

dWs



ADUTEXEZ D S

1CEIRUE] Hokkaido Nippon-Ham Fighters Beleb Celylin) Friday =l has until m to

sign with a U EICAEEELTEY team.

m recently narrowed his list to EEGEREEIGEY -- the , , ,
and -- and met with of them Ru=Rl==1d in .

The made headlines . not only by trading for All-Star .

but by also netting an additional G ul114] to their international bonus pool. The deal catapulted into
the top spot in terms of how much international bonus money they can offer , at $3.557 million §

followed by the | $3.535 million |ETils] Angels [| $2.315 million |RzEl= UL @ is not E

m he is sub;ect to international spending rules, so while he likely would've earned a salary
on the open market, his bonus will be far smaller.

986 of 1000 characters used

Language @ Auto-Detect v

Detected language: English

dWs
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DGR

T>5 47+« Dtk

~ Entity

This AP retums the named entites (“Person”, "Organization”, "Locations”, etc) within the text you analyzed

Ust | Ties = JsON Filter = Show fl categeries v

.a. 0.85 # 0.88 9 0.99+

Cther Confowrse Quarnty Carddmce Dy Corfidence

o |
0.84 0.94 @ 0.99+

Organastion Contoerce Qgananton Carddmnos Date Corfioence
m
0.37 e 0.99+ y 1 0.76
-
Orpanazation Confioerce Ot Confience Event Confidence

F—TJL—XDihH

~ Key phrases

This AP! returns key phrases and a confidence scom 1o support that ths = a key phrase,

List  JSON

Key phrase

the Hot Stave

all eyas

Japanese two-way star Shohal Ottani
His Nippon Professional Baseball team
the Hokkaido Nippor-Ham Fighters
Friday

Ottani

Dec. 22

8 Major League team

his st

seven teams

Count

0.94

0.98

0.95

0.99

099

082

0.99

083

097

0.9%

dWs
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DGR

Il

a8 (Do etk T2 F A bR

- Language ~ Sentiment
This AP| returns the doeninant language in the toxt and a confidence score 1o support that a language is This API returns the overall sentiment of a document (Positive, Negative, Neutral, or Mixed).
doeninant
T List JSON
Larguage code Language Confisence Sentiment Confidence
- English i Neutral 0.88
Positive 0.06
Negative 0.04
Mixed 0.01

aws
81 p S



Ny FF—HCHFTDREYVIETID

Create topic modeling job

Starts an imsyrehionous Iopi MOdesn( Joo The 166K MOGKING Joi WH £ e MOSE COMMON 10pKs I the topic, term, weight
COMCICN NG Organus R i DhiaRe gIouds. pPef Jape 1 Sa3U0N T Servite wil map st Jocuments Deong
%0 which tope For example you can see ol documents tnat map (o & tope group that has a hgh weght & words 000,aw,0.0926182

e olay” “Saes” ang “Daccunss’ 000, week, 0.0326755

Select data type to use 000, annocunce, 0.0268909
M*«lmmmmmm.emw Our 19 anyIXS SENCES WOIK Des! when Pare
are at loast 1.000 document of at least 100 wreds eact), but tan be appded 10 documents of any s op 10 TME 000, blog, 0.0206818
a0 from 1 (0 mekons 0 docummets 000, happen, 0.0143501
Tope MOGEING Aample Sata (1000 documeonts |
Wosgdrigpe 000,1and,0.0140561
000,quick,0.0143148
M foenton. | SAvtgsomcatni | $ 000, stay, 0.014145

000, tune, 0,0140727
000, monday, 0, 0125666
Mumber of topics 100 o 001,cioud, 0.0521465
001,quot, 0.0292118

Input format  One document per fio - 0

AM role  @_access_s_roke - 0
¥ faret Ty YUl OAC) COMQIINMN] FTAI0NIWR COT
o0 = . o docname, topic, proportion
AT VIO g Seteaen 1250 calil lona_hrows ~html ’ 015, 0.577179

Output calillona_brows.html,062,0.129035

Setsct e poterred DUPUL At o your ANAlKS 43 GALA Culpall I0CAtON. And e Kormat of LA iy CSV calillona_brows.html,003,0.128233
calillona_brows.html,071,0.125666

calillona _brows.html,076,0.039886
amazon-rds-now-supports-sgl-server-2012.html, 003,0.851638
e

amazon-rds-now-supperts-sgl-server-2012.html, 059,0.061293

$3 data jocation &N Jcomp-out (L]

T ——



A—RT—R: DRI —DE=Z D

Twitter D5 —45%Z 5 HAA T Comprehend THI {4
[T %EZ 1TV, Redshift THOM

(o)
o) 2l
{
Entithes
e e =
270 —
Input <3 . ‘rE ~

aws
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O—RT—XR: FLYSDIIXRZ DA MERRK

BIFD R A MFHCXH U T bEY ODFEZITLY, TD
fasR a5 UITHZC, FATZ(CHIET S

: _
B8 0B =
(=] ‘@; -‘ ==

Input S3 Comprehend Output

1 Ne matn Topics o7 the { ent IC ( Pl 1
are identified and the articles ars the database used by the recommended to readers
£ tically 100 ontent manaacement n at ¢ }

dws
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JI\>XA>
UFDR=2(CT7017ALT, ERICXEZATD

https://console.aws.amazon.com/comprehend/home
region=us-east-1#

dws
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https://console.aws.amazon.com/comprehend/home?region=us-east-1
https://console.aws.amazon.com/comprehend/v2/home?region=us-east-1#home
https://console.aws.amazon.com/comprehend/home?region=us-east-1
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Amazon Translate

dWs



% =EEMEERY — E X Amazon Translate 7L E 1 —Ft8

FEEBZFEICEDVE, EmBRZEEREERY —E X Amazon
Translated 7 L E 1 —ZFita

— Encoder-decoder + attention model

Polly > Lex &MiEHE(C KDL EEBMILT — EXDIEENBIEE(C
JN—=Z574688, A)\AA, ALT>TITLE1—Z=igH
100 AXFI(CDE $15 DR+

ij}:—f\mun(a"y&u =) jj/Zul:l, EF'.E 'ﬁg%j_d\&
12 fIEE(:chl:/s\

dWs



Amazon Translate (C K BE]

Services «~ Resource Groups ~ *

%IDII

N. Virginia ~ Support ~

Amazon Translate X Amaxos Translate AP| Expl

AP] Explorer API Explorer

Translate text

Source Language

French (fr) v

Hotel Les Nuits est situé au coeur culturel et commercial
d'Anvers. La cathédrale, des musées et les théitres sont
a quelques pas. Les boutiques du Schuttershofstraat, la
créativité du Kammenstraat et les magasins au “Wilde

TRV . — hmeddinin i
. 4

253 characters and 268 of 1000 bytes used

Was this translation what you expected? Please leave us feedback

Switch Language Pair | Translate

Target Language
English (en)

Hotel Les Nuits is located in the cultural and
commercial heart of Antwerp. The cathedral, museums
and theaters are just a few steps away. The shops of
Schuttershofstraat, the creativity of Kammenstraat

dWs



Amazon Translate

#E 2 BASBESO127 ANTF—2ELT . @R 30 EUTTHNIE Comprehend & i3 L T
ESEE NPT DT FRMIMAT U7 LA A LEIER =EEE AN TAE
HTML @ & S B #g3E(L 7 SI4E ( <500 ms )
F 2 MZEHXIS
=AM ERET - CLl IAM % SSL - S3BES{E7 A=Y =74 FAA JEE (=50 ROI
SDK Tt 7 7 7 =2 3~ EoMWSDEEAUF4 A .oALTY . ZFLTAH
DEELER MEREIN TN 7 ¥ I T4

dWs
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REEN D HARGENDENERHB!

nlk

—H-ip
Koo

It’s very difficult for human
translation teams to keep up with
dynamic or real-time content. With
Amazon Translate, you can easily
translate massive volumes of user-
generated content in real-time.
Websites and  applications can
automatically make content such as
feed stories, profile descriptions, and
comments, available in the user's
preferred language with a click of a
“translate” button

HAE

HREAFWICOY TV I
RALAYTUOYERET S L&
JE B IC # T 9 -  Amazon
Translatez A9 & - RED 1 —
Y—Ea> TV E)TILEA L
CTEEBEICEIRTEET - UV TH
A ce7F)Tr—vg320& - TE
R, AR HED )T T BHEST
J4— KX h=U—=~TOT7A4I)
DB~ AV NG EOOa YT Y
FA—H—DHFHFDSB THERIC
YERRT 52 &EMNTEZET o

dWs



WMEIR (S K D EEREREDE E& T X MDOED

A7, B 2R D s u

. FEEAEB XS M BNER D 18

. 2hz e | SR e
JT7ILRZA LDXY &Y ?%§%@W\

YTV T 4 AHA/NY
o FYNICEET HNE
e BEEICEDAOINE
o« LNEDEM
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Translate =%l: VMWare = £ + Lionbridge = %

e« VMWare S £DEF-> T2 JaAVTUVOERBRE LAY FDOFE)
RO A MDIRE, - [ 18 SEITX L T2000 HEDEIER

o« MWMEIREADEREHAESDLET A LT BROBZO@ESHE - 5D
OX MEET

Error Severity by Translation Process MT Effort Ratio
70.0% 100.00%
90 00%
60.0% .
80.00%
50.0% : 20.00%
40.0% i i 60.00%
30.0% o 50.00% » Human Transiation
20.0% . Wl 40.00% # MT « PostEditing
10.0% L I 3000%
. , 2000%
00%  — e NN S — :
Human Transiation Other NMT System Amazon Transiate 1000%
mSevl wSev2 wSev3 mSevd 200 EWS
= |




11— —R: SNS O3

<bucket>/enriched ‘
_

@
®A - ” 2 Amazon Amazon

Athena QuickSight

<bucket>/raw

[ &
Amazon AWS Glue
Kinesis w» Data Catalog
Firehose
I//\\t/} P — O T —" e
(V.1 Amazon Translate - -
L2 5 Amazon Comprehend (NLP) " '&\\Il ‘]

https://aws.amazon.com/blogs/machine-learning/build-a-social-media-
dashboard-using-machine-learning-and-bi-services/

93 L) (NG ki e .:-" - .


https://aws.amazon.com/blogs/machine-learning/build-a-social-media-dashboard-using-machine-learning-and-bi-services/

I\ XA
LFOR—=(ICT77OTALT, EBICERUIZEVLVWASZ AT

https://console.aws.amazon.com/translate/home?re
gion=us-east-1#explorer

dws
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https://console.aws.amazon.com/translate/home?region=us-east-1#explorer
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Amazon Lex
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Amazon Lex

BEEOTXRAMNFERALT. FEO7 75— avIcxwigBlA o 2—TJ (R

(RyR)EHET 24 —E R

Eham

Deglayrnent g

) e PR
& [Dleing Menegemicn :
Nadve support & One click
. Epesch i lnient T —
& o RN
ASReNLY RN Completely managed
Marhm Q “ "«? service
T Endiio ot § | ;
iy

;
=: 2/ i \
- o Specch EN 4 Business Loghe

Arazon Poly Intagrated N Native integration with
Into APt AWS Lambda
Ryt Ssourty” j
Monitor and improve Encrypted data In

dWs



Lex - ft#A&: Ry FOERER

Intents

intent (FA—YMNAALI-BREE
2152 L Tfulfillment2£179 %

BookHotel

Utterances

I'd kke to boaok a hotel intent ZF& 34 5088, £ L < I[Z.
ARENBTL—X

Slots
Slot I& intent Zi@ -9 1=IZE
RENBAHDT—4

| Whatdate do you check In?
& e

Prompt
Slot Z5|ZHIF=HDTL—X

Fulfillment

intent #%EI{T 5
=2 S I DIXIRy/




Lex - 1—XRT—R: & b
BEMITERFHINY NZBET

AWS LAMBDA  peemeses >3 % DYNAMO DB

¥ :
AMAZON LEX AN q . L
2 AN < . P SNS AND SES
--------------------------------- » :
@ O sesrpormon, ¥ o) ¢ A FHEEERENS : OTHER AWS
. rAzSRY G ““““ P (Colamazon)  sErvices
.-
CLOUDWATCH
=] Y et 7 4 o, Tra,
l.'u%h;;ggﬁg&%ﬂfEﬁsgw 2.Lex FFHDRToa—)o T M el TtA
JOTRNENCLERET D -
5. % (KM B O #3851 h .
FHRT OBHNEE S Lex DFFARL AR A

dWs



NAZAZ MY —)LORFEBIM

< BookTrip Lawst «

Editor Settings Channels Monitoring

Intents (4] BookHotel 1~
BOOKCar
| BookHote! ~ Sample utterances ©
Book a hote)
Slot types ©

| want & make hotel reservatons
Book a ERTMUSHE might stay m i

» Lambda initialization and validation @

RoomTypeValues

Etror Handiing

~ Slots ©
1 [ Location | AMAZON.US. . » Buit-in v
2 AMAZON DATE w Buit-n -
3 - AMAZONNU . w Buit-n =
4 RoomType RoomTypeva., w 1w

Bulid: Latest | Status READY

book a hotel

What city wlt you be staying In?

tas vegas
What day do you want 1o check In?

201762
How manv ninhts will vni e stzavinn?

Clewr
D=

dWs
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Lex - {#84: “Book a Hotel”

Hotel Booking
’ a Hotel =2 1
""-'ﬂ![’|‘/k'~"~”“l\ tW\""" in NYC - New York City
“Book a Hotel in EENEAERE(ASR ESASSSHEAR(NLU Intent/Slot
NYC” i ) ( ) “— EI

l

Hotel Booking

City New York City
Checkln

CheckOut

dWs



Lex - {#84: “Book a Hotel”

Hotel Booking
City New York City
Checkln
“Can I go ahead }@
CheckOut — with the booking?
e o No
“When would you —— AR Prompt

“When would you check in ?”

check in ?”

Polly(TTS)
dWs



Lex - {#84: “Book a Hotel”

M"JVl'IW"""U\'lWl"‘ N

“November
30thll

A

Hotel Booking

City New York City
Checkln

CheckOut

f\'.'ﬁ!l'|‘[L""!'c‘;\"‘M'.‘ﬁ

==
Fl:l
“When would you
check in ?”

FFI
7 Prompt

“When would you check in ?”
Polly(TTS)



Lex - {#84: “Book a Hotel”

M\ N l’ “ /\'*"”“ M\ J\ !\"""

“November
30thll

Hotel Booking

FER N
BEESEEH(ASR) BASE
Hotel Booking

City New York City
Checkln November 30th
CheckOut

ber 30t

HBAZ(NLU)

Intent/Slot
— EFL

dWs



Lex - {#84: “Book a Hotel”

Hotel Booking
City New York City
Checkin November 30th
“Can I go ahead %}
oL — with the booking? —

"""ﬁ.{l’u‘f\’“"’Wuw\'-‘*" No

FFR N
7 Prompt

“When would you check out ?”

“When would you

check out ? Polly(TTS)

dWs



Lex - {#84: “Book a Hotel”

«r.'ﬁlfl"\ﬁrlf,.,,‘\ MW\"\ i

“December
2ndll

A

«r.'ﬁlfl"\ﬁrlf,.,,‘\ MW\"\ i

il
B

“When would you

check out ?”

Hotel Booking

City New York City
Checkln November 30th
CheckOut

(p)

Polly(TTS)

FFZ
7 Prompt

“Can I go ahead

— with the booking?

No

“When would you check out ?”

N

dWs



Lex - {#84: “Book a Hotel”

Hotel Booking

ARy AL D ber 2nd ﬂ,
T S December 2nd
“December BEER2H(ASR) EASERR(NLU) Intent/SI
>nde — ot
l 5
Hotel Booking

City New York City

ChecklIn November 30th

CheckOut December 2

dWs



Lex - {#84: “Book a Hotel”

Hotel Booking
City New York City
Checkin November 30th
5 —— . “Can I go ahead Yes %}
oL el with the booking? —

"«'-'ﬂ.rl’l‘fk'»"!WWN\"”"' ‘

FFEZ ) . P
— Confirmation: “Your hotel <

Polly(TTS) is booked for Nov 30t”

for Nov 30th”

dWs
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« INBEDETFAIBCET, ESRADP THMME
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