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Hypotheses
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oE! PR BUE!

n=All !
Enterprise Data Warehouse _, Enterprise Data Hub/Data Lake
External data sources

Structured _ semi-structured _ unstructured
* Log analysis

* Text analysis

* Image/video

* Data with geo and temporal tags

* Networks and graphs
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n=All ?

" More data vs. sampling

= “Raw data” is an oxymoron
" Signals and noises

= Sampling bias

Data exchange and sharing
* Data rights, data pricing

Data lifecycle management
" Provenance capture, representation, and querying

* Sometimes data are not assets, but costs
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Noisy, biased and polluted data are unavoidable

* Goal: models = components for noise + relatively complex models
for signal

Cleansing, validation, ...
* Can it start with a small subset? Can the process be automated?

* Work together with visualization, machine learning

Curation, Wrangling, ...

* Automated learning to discover structure, resolve entities, and
transform data

N




BRI

Reduce compute and communication complexity
" Sparse, compressed data structure

" Approximate computation

Reduce statistical complexity UIMA: Unstructured

= Dimensionality reduction, clustering Information Management
Architecture

Sampling

* Non-random sampling, compressive sensing, ... ...

Choose best representation for specific computational methods

* E.g. tables for data parallelism, networks/graphs for graph parallelism
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Computational Science

Source: blogs.sas.com m
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ML Pipeline

Scikit-learn style pipelines
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all models are wrong, but some are useful

RIE (—BEIZEX) vs. B (—IBFARA—ES)
RENERESRIALE: R-RIEH 7] RIE

BN TE RS APRI R
" BIBEAATRZRBINZE: BEREE + KMIE > SFEE + /)EEE ?
" Ensemble
- RAHE
* Non-parametric vs. Parametric

®* Linear vs. Non-Linear
= Discriminative vs. Generative

A1 EIES Exponential assumption vs. long tail
= PCA/LDA/pLSA vs. 34Rilll%k. BREAS. MXRERE., FEMHZNLE
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Velocity

Interactive query

MitE
- MEEHIE

£2% [ A/ HEFS
- MBI, BUSSER, REHE

AN AKNINRES, (RATNIERSA
= Big Learning System : #1711t / 2%k, RFEFM
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Deep Learning

MIEEIRA, BIEGIERE, HIBAESIEMR
" U WEFEGS

HZE “JEIARDT ESS
" BR, &, #E, , visuo-motor skills, drug discovery
= Automated laboratory

Open Source _ Collaborative Open Computer Science
* Pylearn2, Theano, Caffe
" GitXiv = arXiv + Github + Links + Discussion

ﬂ




Sparse Coding

A strong tool to deal with low SNR and poor veracity

Source: HT Kung
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Source: Andrew Ng
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ABVAE Human Machine Intelligence

AR TR B AR
" SETAE
= LbanLl MLBase # VizDeck AR Bhit 2 Al el fL 1k

ASV s EERITRIEIERE

= b3l Exploratory analytics/visualization

RKIREAAN. AWIDESR AT
= Ml Kaggle , &RE CrowdDB , #fE DataHub, A35i+&E Duolingo
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STEM o STEAM




Story telling and “ideas worth spreading”
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