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Al

Computer systems that can sense their environment, think, learn, and take action in response to

what they’re sensing and their objectives

« Automated Intelligence: Automation of manual/cognitive and routine/non-routine tasks
« Assisted Intelligence: Helping people to perform tasks faster and better
* Augmented Intelligence: Helping people to make better decision

« Autonomous Intelligence: Automating decision making processes without human intervention



Clova: Al Platform Sponsored by NAVER & LINE

NAVER and LINE team up to develop a General-purpose Al platform
Synergies through Co-operation
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CLOVA Platform Service

App - Device Clova Contents - Service

v

Clova Interface Clova Brain

o D =
2oiE Y

)
16
I>+(B

Voice Conversation
Eﬂ T @ T @
CjEo|A : L ‘ MHIA
Vision Recommand

£ 1 &

MEord AR NMT i loT

£

Clova Interface Connect > Clova Skill Tools >



Al Services:
Enhanced NLP



Language Understanding NAVER specialty

Semantic based Matching
- Using 25M QA documents to embed a query to a vector

- Top score on Quora and SNLI dataset
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Context-driven User Inference NAVER specialty

Leveraging Search Technology

- User Profiling and Contents Understanding
- AiRS: Collaboration Filtering, RNN-based News Recommendation
- AITEMS: Personalized Shopping Recommendation
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Al Services:
VOICE & SPEECH



Speech Recognition @ CLOVA NAVER and LINE specialty

Up-to-date Dictionary and Language Model with 300million search queries per day

Korean Japanese .

Accuracy of Speech Recognition
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Speech Synthesis @ CLOVA NAVER and LINE specialty

Many diverse things to read (News, Dictionary, Blog, Café, ...)
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Clova Voice

‘Excellent’ HDTS
World-class Voice Synthesis Technology capable of ‘best quality’ with 4hrs of recording

‘Easy’ NES

Personalized Speech Synthesis Technology that allows users to make ‘easy’ sysnthtesizers

with 8mins (100 sentences) recording

'‘Everybody’ VoiceMaker

Voice Synthesis System that allows anyone to use the Voice Synthesizer of their choice
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CLOVA Voice (HDTS Demo)

Generate personalized voice with 4-hour training data
- 1/10 training data reduction
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Al Services:
VISION



CLOVA Vision

Smart Lens: DNN-based Visual Search
Collaborating with Naver Labs Europe (Fashion, Visual, Search, and so on)
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Al Service Platforms



MORE DATA for a few Accuracy Improvement

(From Andrew Ng's observation)

Data and machine learning

New Al methods
(deep learning)

)
3]
-
©
=
.
o)

=
)

ol

I

Amount of data




451.92




MORE DATA for a few Accuracy Improvement

(From BAIDU Research)

Minimum Validation Loss (Log-scale)
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“Enterprises must
unify their data warehouse”

e
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UNIFYING DATA : FOUR essential features to be integrated for Al & ML

BACKUP & DATA WAREHOUSE
- key requirement: High Throughput File & Object

DATA LAKE serves

- Huge repository of raw data (contents and logs)
- Catalog for data retrieval

- Universal data Input & output API

COMPUTING CLUSTER provides

- Computing resource based on distributed huge file system

- Big-data processing tools and application management env.

Al Service Engine Provides

- Deep-learning work-bench

- Inference PaaS for high-performance service production






Big DATA and Al Infra @NAVER
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Big DATA and Al Infra @NAVER
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Big DATA and Al Infra @NAVER
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UNIFYING DATA : Big-Data & Al Infra @ NAVER

BACKUP & DATA WAREHOUSE
- Provided by NAVER Infra-structure Group (Data-center Level)

- So, We do not care of it

DATA LAKE

- CUVE: Huge data cluster contructed based on hBASE
- LOGISS: Short-term Log-Ingester based on Elastic-Search

COMPUTING CLUSTER

- C3: Multi-tenant Computing Cluster based on Hadoop whose SIZE is Asia Big 3
- C3App: Integrated work-bench provided by C3

Al Service Engine
- C3-DL: Deep-learning toolkit based on Nvidia-docker & GPU, CPU

- AISP: Inference PaaS based on Tensor-Flow Serving (planned PyTorch)



Big DATA and Al Infra @NAVER
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Al & ML Owe so many technical depts to ENGINEERING!!

Hidden Technical Debt in Machine Learning Systems

D. Sculley, Gary Holt, Daniel Golovin, Eugene Davydov, Todd Phillips
{dsculley,gholt, dgg, edavydov, toddphillips}@google.com
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Correspondance b/w Technical Debts and NAVER Big-Data & Al Infra
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Example:
Al @ Shopping Search
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Approach: Machine Learning using Neural Network

Long Short Term Memory - Bidirectional Recurrent Neural Networks
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Approach: Machine Learning using Neural Network

Model Learning Process
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Approach: Machine Learning using Neural Network

Inference Process using Learned Model
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Implement: Processing at Big-Data & Al Infra Side

AT St Del ol ﬁ(— | (D cshB0329.nfra.io:51337/ncmp.aps?o=#{L|~
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This XML file does not appear to have any style information as

v<result>

D EM O: v<prob categoryl>
v<item>
http://stage.ncmp—aps.kr-cc.fe.ige.navercorp.com/?g=%EC%9B%I0%ED%94%BCHEC%B8A%AL lﬂfank}l{jrﬁnk}

<probability>0.997623</probability>

<label>B</label>
<group>categoryl</group>
&« C | @ cshB0328.nfra.io:51347/nexp.aps?g=2~2 <name>IH8| S </ names
<code>50000000</code>
This XML file does not appear to have any style information associated witt . :i i‘;}“"
<rank>2</rank>
r<result> <probability>0.000932</probability>
v<prob service> <label>4</label>
<item rank="1" probability="0.341922" label="9"»nws</item= <group>categoryl</group>
<item rank="2" probability="0.305854" label="1">fsn</item> <name>AR X /2||X{</name>
<item rank="3" probability="0.165765" label="12">vdo</item> <code>50000007</code>
<item rank="4" probability="0.120078" label="2">img</item> </item>
<item rank="5" probability="0.05236" label="3">kdec</item> Y<item>
<item rank="6" probability="0.0044636" label="11">sit</item> <rank>3</rank> .
citem rank="7" probability="0.00369693" label="0">bok</item> <probability>0.000513</probability>
<label>3</label>

<item rank="8" probability="0.00320936" label="7">mgz</item> <group>categoryl</group>
<item rank="9" probability="0.001169" label="8">mus</item> enamesME M2 fnamas
<item rank="10" probability="0.000724829" label="5">ldc</item>
</prob_service>
v<gtatus>

<code>0K</code> %l o =x 5 L= = It
<message/> E..IO‘IE = 9}E‘||_|_E| o il O:I—l—  C
</status>

</result>



Implement: Processing at Big-Data & Al Infra Side
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Implement : Processing at Big-Data & Al Infra Side
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Implement : Processing at Big-Data & Al Infra Side
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