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« MO hinh I&n cho di¥ lieu lon
Why traditional methods might fail on big data?
Three approaches to scale up big models
Scale up Gradient Descent Methods
Scale up Probabilistic Inference
Scale up Model Evaluation (bootstrap)

« Ba cach tiép can dé phat trién mo hinh [én
Data augmentation

Stochastic Variational Inference for Graphical Models
Stochastic Gradient Descent and Online Learning

« COng nghé nao cho mo hinh I&n?

Hadoop, Spark, TensorFlow



« Technical approach a big data problem

Al SYSTEMS AND APPLICATIONS
Deployment into applications and products

@ python npt R ZScala @ (-

TECHNOLOGY for DATA PROCESSING
BIG DATA Pick a suitable processing technology or platform

STACK i@ T
SpoarK” (rinEnrleem ‘

CLOUD COMPUTING INFRASTRUCTURE
In some cases, one can decide to build their own

I zon - I NVIDIA.
webservices




Mo hinh lo'n cho

dir lieu lon

Scale up Machine Learning
and Statistical Models

e MO hinh I&n cho dit liéu lon
— Three approaches to scale up big models
* Scale up Gradient Descent Methods
* Scale up Probabilistic Inference
* Scale up Model Evaluation (bootstrap)
e Ba cach tiép can dé phat trién md hinh |&n
— Data augmentation

— Stochastic Variational Inference for Graphical
Models

— Stochastic Gradient Descent and Online Learning
e Cong nghé nao cho mo6 hinh Ign?
— Hadoop, Spark, TensorFlow



Scali
Mo hin
« Tai sao nhiéu phwong phap truyén thong trong ML va
Stats c6 thé khong dung dugc trong bai todn DLL?
Massive data challenge

Massive model size challenge
Theoretical challenge: classic ML models unable to cope

COLLABORATIVE FILTERING READMISSION PREDICTION GOOGLE BRAIN BAYESIAN TOPIC MODELS
. . Deep learning for images Document analysis and summarization

Movie and product recommendation Analyzing Electronic Medical Records and -

billions model parameters Genomics data billions model parameters trillion model parameters

billions model parameters

NETFLIX




« Modern ML/Stats algorithms vs traditional program

Traditional programs are transaction-centric, require individual
correctness at every step.

ML algorithms are optimization-centric and iterative convergent
algorithms.

Error tolerance: robust against small variations/errors during
intermediate steps.

Structural dependency: changing model parameterization and
optimization strategy affects efficient parallelization and scalability.

Non-uniform convergence: optimal solutions might converge very
differently at different number of steps.



Refinement

Advanced Machine learning
Algorithms
Statistical Models

v

> Feature extraction from data
D={x,y;},i=1,...n

Bai toan toi vu

Dt liéu vao

Tham so6

o ) = £(D;0) + AR(6)

~ M6 hinh




« Three approaches to scale up ML/Stats models

Distributed
and parallel
methods

| T~

Statistical
Bootstrap
Inference




Distributed
and parallel

« Distributed/Parallel Gradient Methods .

Many machine learning methods reduce to minimizing some
objective function.

- Linear regression: J(0) = %Zi[BTxi — yi]2
- Logistic regression: J(6) = };log(1 + e‘yieTxi)

Almost all objectives are optimized with Gradient Descent (GD)
update

n
0 <60-—n Z g0,x;,v;) Iterative-convergent
i=1

Linear regression: g = (y; — 0 "x;)x;

=
Logistic regression: g = y; (1 + e‘yl'eTxi) X;



Distribute
dand
parallel

Statistical

Bootstra
Inference P

« Gradient Descent-based ML models
Regression (linear, ridge, Lasso, ...)
Kernel methods (SVM, SVDD, ..)
Ensemble models (boosted gradient tree, ...

S

Almost all deep learning methods
Deep neural nets
Neural embedding: word2vec, node2vec, etc
Deep autoencorder: denoising autoencorder

Deep generative models
- Variational Autoencoder (VAE)
- Generative Adversarial Networks (GAN)



e Distributed Gradient Methods

While not converged

Master: distribute model
parameters to workers.

Master: evoke map-reduce jobs

- Many mappers compute gradient w.r.t
chunks of datasets given.

= Single reducer to combine full
gradient.

EndWhile

Phan tan
tham soO

Master

Phan tan
di¥ liéu

Map to

Workers

Reduce

Cap nhap tham sé vira hoc duwoc Qt



distribute
model

Master

distribute
data

—_— Map

update current models

Initialize model parameters: 6

Divide data & distribute to workers

Y

Distribute the L

current 6

Worker 1 Worker 2

Worker K

K
9<—0—172|7k
k=1

Update current model




« Distributed Gradient Methods

distribute
) .2 model
Uu diém: Master |«
Consistency tuyét doi
Ho6i tu dén loi giai tot wu (néu lap du) distdr”:Ute\
atla %)
Toc dd hoi tu ly thuyét nhanh (tuyén tinh) 8
« R S
« Nhuoc diém: * Map =
Poi hoi phai cé sy dong bd tai phia may 3
chd chira tham so, diéu nay khién cho I g
may chu dé phai doi tat ca cac workers S
tinh toan xong. Reduce —




Vay lam thé& nao cin bang giira: tinh chinh

; , e e O s —“ . distribute
xac cua loi giai va giam sy dong bo? ek
. .5 A g A ~gs , Master |+
Vi sao? Giam yéu cau dong bo sé lam qua asynchronous
\ p , update
trinh tinh toan nhanh hon.
. - » distribute
Chién lvgc don gian nhat: data "
Q
sau khi moi worker tinh toan gradient xong g
thi gri ngay |ap tirc vé server. I Map g
server sé cap nhat tham sb ngay lap tirc va %
tra lai tham s6 cho worker dé. asynchronous| £
. N \ - o A . update =
Chién lvgc nay co thé cho két qua tot trong =
mot so trwvong hop nhwng khdong dam bao ... n
vé mat ly thuyét.




« Cé rat nhiéu bai toan tdi wu trong KHDL c6 thé biéu dién lai
dudi dang nhu sau:

min f(x) 2 Y ,.cx f-(x.) where f:R" - Rand E € 2tb™,
X

|E| is very large and |e| is small for every e

« Vi du nhw nhirng mod hinh va bai toan dudi day:
Sparse SVM
Matrix Completion
Graph Cuts



« Given a sparse training set
D ={(zy,y1),...,(zy, yny)} where data item z; is sparse.
« We need to fit this data set using SVM

min,, (ZeeE max(0,1 — y,x"z,) + x| ) where E = D

« Let a, denote the non-zero components in z, and let d;

denote the number of training examples which are non-zero
incomponentj(j = 1,2,...,d)

min,, Z max(Ol VeXa, Z“e)+zz

eeE JEQ,



Scale up

HOGWILD!: A_

Algorithm

fort=1,2,... do
sample e uniformly at random from E
read current state x, and evaluate G,(x,) mxin f(x) £ z fe(xe)
forvee do x, = x, — YGeop(X,) e€E
endfor
where G.(x.) = |E|V f,(x.)

« If the lag between when the gradient is computed and when
it is used is less than a finite 7, the HOGWILD! Algorithm is
proven to converge to the real optimal solution.

- This algorithm is ideal for paralleling in a single machine, but
less ideal for distributing on many machines.



Pong bd hay khén

Synchronous vs Asynchron

The fastest thread must wait for the slowest one.  Stale Synchronous Parallel [Ho et. al. 2013, Dai et al 2015]

MOdel parameter is guara nteed to Converge to Staleness Threshold 3 T E——
[ 1 % 1 rea as reached iter
optimal solution. — | N e s |
I

Bulk Synchronous Parallel (BSP) Thread 2

Thread 4

1
1
1
1
1
Thread 3 1
1
1
1
1
1

. .

Iteration

Key idea: the time gap between fastest
and slowest thread is bounded by t.

Theoretical guarantee is given in terms
Asynchronous of 7.

Parameters read/updated
at any time

::rea:l !»-:-!;“3-” - Model parameter is updated/read at any time
whenever a thread finishes its workload.

Thread 3 #”‘»“#.’

Thread 4 ¢““l’qa

Model parameter might be drifted from
optimal solution.




Distributed
and parallel

Statistical

Bootstra
Inference P

« Distributed Statistical Inference

A Typical Life Cycle for Applying Graphical
Models to Solve a Real-World Problem

I N \ V4

Learning

Frequentists: point estimation
(MLE, moment matching, MAP).
Bayesian inference

O O
Q_f—i ‘i e
Exact inference: message passing
N J
Y

Approx. inference: variational inference, MCMC

Graphical models



« Graphical models

Express a joint distribution over massive
number of random variables.

Conditional distributions respect graph
structure G = (V, E) with N vertices

Py, o 2) = ZTTe e (i)

« Inference = Belief Propagation

1
P(x) = E¢12¢23¢34¢35 VS z Y12W¥23Y34P35

X1,X2,X3,X4,X5

mxi_n/,j(xi) e 1_[ My, —x; (X0) variable to factor

keEN\Jj
My > ) || e o
all except x; keN j\i

factor to variable

Yij = exp{0;(x)0;(x;) + A;j(x;, x;)}

X1 Factor Graph
Y12
Y23
P34
P35
variables factors



Belief Propagation (BP) Parallel Synchronous BP

lterative message passing « Given all messages from previous
iteration, all messages in current

iteration can be computed
simultaneously and independently

Variables
SJ010e4

New
Messages Messages

Joseph Gonzalez et al., Parallel Splash Belief Propagation, JMLR 2009



Processor 1 Processor 2 Processor 3

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

ChainSplash parallel BP is a parallel approximate inference algorithm.
Given a chain graph, the procedure is:

Divide the chain evenly among processors

Loop in parallel on all processors until converged:
a.  On each processor, run sequential Forward — Backward
b. On each processor, exchange messages with its 2 neighbours

Theorem: Using p processors this algorithm achieves a t, approximation in time:

n
0, ;‘FTE




The Splash Belief Propagation algorithm S

60

Splash Belief 350 1
Propagation

o 40

£
Synchronous BP (blue) ' 30
vs Splash BP (red) § 20
on shared memory system = 101

with a small graph

dynamic
Splash ”
. Splash
operation _ .
scheduling 0
Splash BP (orange) i
speedup performance "0 2 e %0
on distributed system with il
a Iarge gra ph [Nguén: Joseph Gonzalez et al., 2009]



« Generalize the optimal chain algorithm:

llllllllllllllllllllllllllllllllllllll

lllllllllllllllllllllllllllllllllllll

to arbitrary cyclic graphs:

 Grow a BFS Spanning tree with fixed size.

* Forward Pass computing all messages at
each vertex.

* Backward Pass computing all messages at
each vertex.




« M6t sO cach tiép can khac
MCMC inference for graphical models

- Naive approach: take multiple chains in parallel, take average/consensus
between chains.

Embarrassingly Parallel (but correct) MCMC [Neiswanger et al, 14]

Parallel Gibbs sampling
- Approximated distributed LDA [Newman et al, 2009]
- Asynchronous version [Ahmed et al. 2012, Dai et al. 2015]
> .... see Eric Xing’s KDD 2015 tutorials for more references.

Variational inference for graphical models

- Stochastic Variational Inference (SVI) [Hoftman et al., JMLR13, Huynh et al,
UAI16]

- Deterministic Wasserstein-based Optimization [Nguyen, Annals of Stats, 13]



Distributed
and parallel

« It is an important theoretical aspect to assess .
the quality of inference.

Data X1, X5, ..., Xp,~fo — Estimate 6 > Quality [ — 0 ?

« Bootstrap: generic framework for computing confidence
interval

it’s useful in ML/Stats to assess the quality of the estimates (e.g.,
model parameters) in terms of confidence interval, error bars.

Model selection, smoothing, bias correction, ...
Provide more useful information than a simple point estimate.

< Can it be used on big data?



« Trwong hop ly twong:

Observe many Compute ¢ based
] Compute 6,, )
independent —p —» on these multiple

, on each -
datasets of size n realization of 6,,

(e.g., Cl)

> QA?gl)

(09,6

> ggm)




Scale up M

Bootstrap for ma

Bootstrap (Efron, 1979)
Use the observed data to simulate datasets of size n

i
A1
G o - 9,,2 )
. A4(1) A(m)
: ¢ (Hn ) eeey Op
>
Al
X0,y - i
Repeatedly resample n points Compute 67 Comp.ute ¢ ba-seo! on thes;e
- multiple realization of 8,

ﬁ

with replacement from the
on each resample ,
as our estimate of ¢ for 6,

original datasets of size n




. ) [Slide from Jordan, ICML14]
« Computational bottleneck with bootstrap

Seemingly a wonderful match to modern parallel and
distributed computing platforms

But the expected number of distinct points in a bootstrap
resample is ~ 0.632n

E.g., if original dataset has size 1TB, then expect resample
to have size ~ 632GB

Can’t feasibly send resampled datasets of this size to
distributed servers.

Even if one could, can’t compute the estimate locally on
datasets this large.



Scale up Model

Bootstrap for massive d

_

- The Bag of Little Bootstrap (BLB)

The subsample contains only b points, and
so the resulting empirical distribution has its
support on b points

But we can (and should!) resample it with
replacement n times, not b times

b
o
—
b
L
o
2
=
s
[3)
o

Doing this repeatedly for a given subsample
gives bootstrap confidence intervals on the
right scale---no analytical rescaling is

necessary! Time (sec)

100

Now do this (in parallel) for multiple
subsamples and combine the results (e.g.,
by averaging)
[Slides from Jordan, ICML14]



« The Bag of Little Bootstrap (BLB)

1
I PO p— 9*1(1)
~(1) >(1) : % "*(1) "*(ml))
Xl ,...,Xb(n) b f 1 — E(G n )"')0 n
Xik(ml)»---;X;;(ml)_» é*flml) |
v

without replacement  with replacement avg(fik, , f;:)
A (D) |
D — 5 \
g =g (é*,(f), é*,(lmS))




= BLB is asymptotically consistent and higher-order correct (like
the bootstrap), under essentially the same conditions that
have been used in prior analysis of the bootstrap.

32



Ba cach tiép can dé
phat trién mé hinh Ié&n

e MO hinh I&n cho dit liéu [on
— Three approaches to scale up big models

* Scale up Gradient Descent Methods

Three approaches to develop Rl el e o
* Scale up Model Evaluation (bootstrap
new scalable models B céch tiép can dé phat trién m hinh Ién

— Data augmentation

— Stochastic Variational Inference for Graphical
Models

— Stochastic Gradient Descent and Online Learning
e COng nghé nao cho mo hinh l&n?
— Hadoop, Spark, TensorFlow



Ba phuong phap
phat trién mod
hinh I&n

7/

Stochastic
Variational
Inference

Online Learning




Ba phuong phap
phat trién mé hinh 16n
O.C .as . Online
" Learning

« Cac budc chinh:
Formulate OP as sampling problem
Aim to sample the joint distribution via Gibbs sampling

Introduce auxiliary variables to turn intractable conditional
distributions into tractable forms

/A useful result [Polson JMLR’13]: from Hinge-loss to distribution \
exp(—labl) = f;” ==exp{—3 (a2 + b?A™1)} d2

00 —y:0T x;
Hence, exp{—2max(1 — y;0"x;)} = [ \/%Mexp {— (1+2, 23;;9 xi) }dii

1:—v:0T N
\ ThEFEfOI"e; P(Yi»/li I 0' xi) = '/2:7l'[/1i =P {_ (1+ l 2);1 xl) } Wb SampIE!/




p Ca’ch tlé,p Cén SVM giai bai todn toi wu
) N
a 1
, , ming (E 10115 + Nz max(0,1 — ynBTxn)>
Chuyén bai toan toi wu sang n=1
suy dién Bayes (MAP) < The conditional distribution for @ is

p(0 X, y,a)xp(yl|X,0)p(0]|a)
Pai lwong khé xtr Iy where !
(intractable) * p(yI1X,0) -y exp(—max(0,1 — y,,0"x,,))
. ¢ p(O@la)=N(0,a )
- Introduce auxiliary variables 1.,y such that

Dung két qua clia Polson dé thém L P(Yn A | X0, 0) = p(Yn | %7, 0)
bién phu doc lap (auxiliary <« sample 6:
variables) p(01X,y,T,aa) x N(uX)

<

Bay gior ta d c6 thé tinh _ * Sample 4y P
song song L p(1,160,X,y,T_5,4) ~IG(|1 —y,0" x, |75, 1)




« Distributed Data Augmented
Support Vector Machine

Sampling each A,, is independent
Sample 6:

We havep(0 | X,y,T,4) x N (u, X).

Then Opjap = U Where
p=XX"(1+21)]
¥-1 = XTdiag(A"1)X
Let P = XTdiag(A)X + I and Q
= XTZ where Z = {—1,1}K%X2 gnd
Znk=1ify, = (k+1)/2, then we
have 8 = P\Q (i.e, PO, = Q)
Can be parallelized in a distributed

system in a similar way to parallelize
matrix multiplication problem

T

e |
-

-/

MASTER

P,Q

data

D : partition 1
[ )
[ )
[ ]
Worker m
)

8 —+—
[ J
[ J
[ J
9 data
partition M

At ~I3G(1 = y,0"x, |7 1)
Py = Xhdiag(Ap) X,

Om = X%”l + diag(/lr_nl)lzm




Data Augmentatio
Giai bai toan SVM vai hang

« Tap dit liéu:
Epsilon: # data points = 500,000 and dimension = 2,000
Airline: # data points = 121,232,833 and dimension = 857

Epsilon (N=500,000; D=2,000) Airlines (N=121,232,833; D=857)

x
>~
@]
@
p
-
[u]
Q

<

Accuracy

For scaling up logistic regression, see our ICDM’16 paper.

©Dinh Phung, 2017 VIASM 2017, Data Science Worksho



Ba phuong phap
phat trién mé hinh 16n

« Hoc mot mo hinh 0 tir dit liéu x bang phuong phap suy dién
Bayes ciing chinh Ia tim phan b6 posterior p(0 | x)
= Variational inference
Approximate p(0 | x) with a q(8) where q(0) is tractable

How to evaluate the closeness: Kullback-Leibler (KL) divergence

3 q(6)
KL(q,p) = [ q(6) I T
Optimize KL divergence from q(8) to p(0 | D) to is to maximize the

Evidenced Lower Bound (ELBO)

do

F(q) = Eqllnp(x | 6)] — KL(q(6),p(6 | x))



Variational Infe
Suy dién bién phan

= M6 hinh chu dé (topic models)

The William Randolph Hearst will give to Lincoln Center, Metropoli-

Opera Co. ilharmonic and Juilliard Sc felt that we had a

with these an act

e 1r h, :
and the social Hearst Randolph A. He

the Lincoln Center's share will be e 9

will young artists and

each. The Juilliard School. w ¢ and
The Hearst a leading supporter
will make its usual
donation, too.

- Bién an (latent variables): ® = {z, 7, 6}
Posterior: p(® | x), variational distribution g(®)

Bai todn suy dién bién phan trd thanh bai toan tim
cuwc dai:

—KL(q,p) = f¢q1n§d(b = E;[Inp(®,x)] —H(q) +C




« Gia thuyét mean-field
q(®) = q(B 1 ) ;;a(zji | 1%) T a(m; | A7) T a(6x | A7)

2B
« Giai thuat suy dién bién phan cho LDA %}
Loop until convergence y d
Forj =1:] Py
For i = 1: N; l]
> local variables Onj
- Update q(zji) X exp (IEq_Zﬁ [ln p(CID, le-)]) u
A
Update q(nj) X exp (Eq—nj [ln p(CD, x])]) = Cl) zj;
0 N:
Update q(6;) < exp (IECI—ek [Inp(P, X)]) } global variables k g Ji

Update q(f) « exp(IE_B[ln p (D, x)])



\\\
///Compute q(zji),q(?cj\) Compute q(Zji)'q(”j)
\
\

csr‘npute q9(6:), q(B)

4+

B e B e e e s e =

. . / . .
\Eeratlon’l,, iteration T

——

Each iteration involves the computation on the entire dataset of | documents.



« Giai thuat suy dién bién phan ngau nhién cho LDA
Loop until convergence

Fori = 1: \
orj=1:] v
For i = 1: N;
local variables %)
- Update q(zji) X exp (IEq_Z__ [ln p(CID, xji)]) ~ p
ji
L
Update q(nj) < exp (IEq_nj [ln p(CI), xj)]) D Cl;
o(t) _ ,0(t-1) D¢l 9F(q(0).D¢) "
Update 4,"" = 4, + ,D(t) IDt| o t } global variables - s
B(t) — 2B(t-1) 4 (t) |Pel 9F(a(0).Dr) A
Update 1 A +p Dl 9280 l »
O !
0, N;
Where D; is a (much smaller and randomly sampled) subset of entire dataset D, J

while S = |D;| and ] = |D| are sizes of two data sets.



= Variational Inference
Each step to update lower bound requires entire data D
D is large-scale — bottleneck
« Stochastic variational inference
use a (randomly chosen small) subset of D, Dy € D in each iteration
Update the local parameters using coordinate ascent
update the global parameters using stochastic gradient ascent

Inp(D) n

L KL(q(0)p(0 1 1)) F (G D) e
A c ) A

T(q' DZ)

F(q,D1)

e

Convergence



Distri
Xu ly ph

Compute q(zji),q(nj) Compute q(Zji)'q(”j)

Compute q(6y),q(B)

iteration 1 iteration T

Now, each iteration involves the computation on much smaller sub dataset D; (S «< J).



e e
Su

« Stochastic variational inference
Ly thuyét graphical models va XSTK cho phép ta xay duwng nhitng mé
hinh tinh vi (sophisticated models).
Nhung nhitng mo hinh nay (vd: mé hinh chd dé, topic models) khong
thé 4p dung vao di liéu 1&n vi do phirc tap suy dién qua Ién.
SVI [a mét phwong phap cuc ky hiéu qua giup ching ta vuot qua tro
ngai nay.
SVI c6 thé dp dung vao hau hét cac loai graphical models.

< Vidu: lam thé nao dé m& rong mé hinh chd dé (LDA) dé khéng

chi tim ra chd dé an, ma déng thoi phan cum céc tap dir liéu?

Huynh, Phung, Nguyen, Hofman and Bui, Scalable Nonparametric
Bayesian Multilevel Clustering, UAI’16.



Scalable
Gom cum da

Multilevel clustering with context (MC2)
Clustering content-units (words, pixels) into “topics”

Forming content-groups (papers, images) into clusters of data groups
Leveraging context-units (title, authors, tags, etc.) associated wit each data groups

Maximum entropy discrimination - title tree [  IRR LI

Image tags _.road !, 3
cloud S¥&

- authors
R ’

- institutions N context 7

’ tree

. , person
A= i ,’/ bench

’ window \
. ————’
’ _sld_ewal-k S

Sememmssssmm=s content <

-
-
-




« Data D = {X],W]l}

« Parameters @ = {:8' Z, t, d; ¢, T, l/), ¢}

« Inference:
Computing the posterior p(® | D)

p(D|O)
[ p(D,®)d6

« Phuong phdp suy dién
Stochastic Variational Inference (SVI)

p(O|D)= (intractable)

M6 hinh MC2

Gom cum cac tap dir liéu

O—
Tk

X

| 6
I H )
@ & —,0
JTj Qi
SN =
Cha dé an



Scalable Bayesian Mul
Tang toc giai thuat suy dién cho

Perplexity for NUSWIDE with tag context with mini-batch size=64

Perplexity for NIPS data with author context with mini-batch size=50
# docs=2054, Training Data=90% iota=0.60

# docs=1566, training data proportion=90% iota=0.60

ith two epoch
from iteration 100 to 1400 (+100 burins)

= : from iteraton 100 to 1400 (+ 100 burnins)
Gibbs sampler

o
[a=]
(=]

End of epoch 1

End of epoch 2

perplexity
I
('D“

.
(=]
o

.

End of efrach 1

End of epoch 2

.,
|

SVI

300 400 500
Time (minute)

(b) NUS-WIDE - context: tag

600 800 1000 1200
Time (minute)

(a) NIPS - context: author

NIPS dataset

NIPS Conference Papers Volumes 0-12 (1987-1999)
1740 papers, 13649 vocabularies

Context information: Authors, Institutions, Published year, Title

©Dinh Phung, 2017 VIASM 2017, Data Science Workshop, FIR



Scalable Bayesian M
Tang tdc giai thuat suy dién cho

Parallel vs sequential implementation of SVI

I Serial

N Parallel

NUSWIDE




Scalable Bayes
Ap dung cho cac tap

N ==

RN
WIKIPEDIA
The Free Encyclopedia Application Usage Activity
e 1.1 million documents e 1.4 million abstracts (billions * >1.1 million users (billions of data
(billions of data points) of data points) points)

* Vocabulary size 10K * Vocabulary size 10K * ~ 10K functionalities
* Contexts: * Context: * Context:

* first writer * Medical Subject Headings * applications

* top categories * paid/trial users

Inference: each iteration update billons of (distributions) of variables !!!



Scalable Bayesian Mu

Két qua vdi tap dit liéu PubMed
. NOdes Attrib:tsetser

id : 2001
Outermost ring: top vocabularies group : 2

size : 7723.2075

in the corpus. Inbound Links from :

Second outermost ring: topics T, o
discovered by MC2 model.

Third outermost ring: cluster of
documents discovered by MC2
model.

Cluaster 6

Cluster 17
Innermost ring: top authors of the
papers in the corpus.

foorp Ry Sreanre  CIUSEET 7
- Edges between

INYeS ey

A JA

vocabularies and topics:
corresponding vocabularies in
topics where edge weights
denote words’ contribution to wkegimeits

topics

. . Cluster 16
clusters and topics: topics
contributes in each cluster of

documents CiuSieh 2c

clusters and authors: authors cil -
contribute clusters of documents

- When clicking on each node,
e.g. cluster 1, the left panel
shows nodes connected to
active node and normalized

weight 3
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« More on (stochastic) variational inference for graphical

models from our work:

Huynh, V., Phung, D., Svetha, V., Nguyen, X.L, Hoffman, M. and Bui, H., Scalable Nonparametric
Bayesian Multilevel Clustering, UAI’16.

Huynh, Viet and Phung, Dinh, Streaming Clustering with Bayesian Nonparametric Models,
Neurocomputing, 2017.

Nguyen, V., Phung, D., Venkatesh, S. Nguyen, X.L. and Bui, H, Bayesian Nonparametric Multilevel
Clustering with Group-Level Contexts (MC2), ICML'14.

« Source code:
https://github.com/VietHHuynh/MC2SVI

« PubMed visualization

https://cdn.rawgit.com/VietHHuynh/MC2SVI/7fb53550/visualizatio
n/index.html



Ba phuong phap
phat trién mé hinh 16n

Stochastic
Variational

- Online Iearning Ié g\l? (i Learning

Online

Trong cac hé thong may hién dai, dit liéu dén hé
thong mot cach lién tuc.

Dong dit liéu dén

Lam thé& nao dé phat trién md hinh hoc cip nhat lién tuc va khong
moOt cach lién tuc? ngung chuyén dong

Online learning: ho cdc md hinh hoc gia tang dan tw
day di¥ lieu nhan duorc.
« Tai thoi diém (t — 1), thu dwoc tap dit liéu
D,_, va goi 8, 1a tham s6 md hinh suy dién
Tai thoi diém ¢, ti€p nhan dit liéu mai (x¢, y¢)
Cap nhat mo hinh theo dir liéu mai:
Ot11 = h(O¢, x¢, yt)




« Online learning
Lam thé& nao dé danh gid chat lvgng cdia md hinh
hoc theo cach online?
Answer: Regret represents the retrospect suffered

from the online learning algorithm if the optimal

model is used to predict the processed data
T

Regret(u,T) = Z(lt(wt) — lt(u))
t=1 T: s6 lan cap nhat online
[;: loss function (e.g., prediction
error for point (x¢, y;)

. |
Regret(T) = sup, | » (L(w,) - ,w))
_t=1 .



Online learning

« Online learning

Gia tri trung binh cla regret cé thé bi Batch Learning Algorithms
chidn vé mat ly thuyét. 2@!
Nhirng téc d6 hoi tu ly twéng: B8 —
Regret(T) E 0 (L) : 0 (log T) , 0 (1) On-Line Learning Algorithms

T T T T

Actual response of

NhU’ Véy, né,u kh éo Iéo ta Cé thé’ thié,t Covariates of ObSEII’ationl Covariates of

Observation1 Observation 2

ké mo hinh bao dam tinh hdi tu dén
| gidi tot wu vai toc dd hdi tu nhanh
khi T tang dan.




Kernel Online learni

trién mo hinh 1én
A A
, B
A “ N\ : : Inference
Két hop phuvong phap kernel va online learning

Kernel trick: ta chi cdn dinh nghia kernel function ma khéng can chi ra dang twong minh cta
ham chiéu ¢(-)

Input space X Feature space F

inverse map ¢

()

\_ k(%;,X;) = (%) 0(%;)
N

kernel function k: XxX = R Kernel matrix K, kernel-based algorithm on K |
(computation done on kernel matrix)

»
L




« Két hop thé manh ciia mo hinh kernel va online learning.
« Typically, solution for a kernel method applied to online case:

Current model 8, = Yi_, a;¢p(x;) where ¢(.) is feature map
Model size is defined as ||«||,

Problem: curse of kernelization, i.e., model size increases linearly over
time.

¢ (-) lies in infinite-space, hence we can’t store it directly — all
computation is done via the kernel function and a.

< Two approaches to combat the curse of kernelization
Budgeted [Wang et al 2012]

Limit model size to a predefined budget B (removal, merging, projection)

Random features [Lu et al 2016]
Express ¢ (-) explicitly via Bochner’s theorem



below:

Bochner’s theorem [Bochner, 1959]: every shift-invariant kernel k(x, x") can be
represented as an inverse Fourier transform of a proper distribution p(w) as

k(x,x) = k(w) = [ p(w)e'® “du whereu = x — x'

« Consequently, given the form of the kernel, one can derive an explicit

d )
distribution for w: p(w) = (i) fk(u)e“”T“)du

E.g, if the kernel is a Gaussian kernel, then w follows a Gaussian distribution.

Using Euler’s formula one can approximate: k(x, x’) ~k(x,x") =T (x)P(x")

where

and

.

(x) = f [Cos(a) x) sm(a) x)]

w; < p(®),j = 1,2, ..., D

J




Bochner’s theorem [Bochner, 1959]: every shift-invariant kernel k(x,x") can
be represented as an inverse Fourier transform of a proper distribution p(w)
as below:

k(x,x") =k(u) = fp(a))ei‘“T”du whereu = x — x'

« Dinh ly Bochner cho phép ta xday dwng ham chiéu ¢ () mét cach

tuwong minh.

« K&t qua nay giup chung ta xay dung nhiéu mé hinh mai!
Large-scale Online Kernel Learning with Random Feature
Reparameterization [Tu et al., JCAI 17]

Kernel Online learning for both model parameters and kernel parameters.

Dual Space Gradient Descent for Online Learning [Le et al, NIPS16]

Advanced kernel online learning method that ensures theoretical convergence
and quality.



Gradient Desc
Dual Space Gradient

Random feature approach [Lu et al 2015] operates on random-feature space
(using Bochner’s theorem), and then perform SGD in the feature space.

Problem: excessive number of random features is required

DualSGD [Le et al. NIPS16]: use both original feature space and random feature
space

Key intuition: use a provision vector in the random-feature space to store the information of
all vectors being removed via k-merging technique.

Guarantee in terms of theory for convergence and accuracy.

—=— DualSGD
FOGD

N
o

Mistake rate (%)
Mistake rate (%)

—&— DualSGD
BSGD-M

Y

Budget size (B) Random feature dimension (D)




« For more online learning papers from our group, see:

Trung Le, Tu Nguyen, Vu Nguyen and Phung, Dinh, Approximation Vector Machines,
Journal of Machine Learning Research (JMLR, 2017)

Trung Le, Tu Nguyen, Vu Nguyen and Dinh Phung, Dual Space Gradient Descent for
Online Learning, NIPS’16.

Trung Le, Vu Nguyen, Tu Nguyen and Dinh Phung, Nonparametric Budgeted Stochastic
Gradient Descent, AISTATS’16.

Trung Le, Duong Phuong, Dinh Mi, Tu Nguyen and Dinh Phung, Budgeted Semi-
supervised Support Vector Machine, UAI’16.

Tu Nguyen, Trung Le, Hung Bui and Dinh Phung, Large-scale Online Kernel Learning with
Random Feature Reparameterization, JCAI’'17.



Cong ngheé nao

cho mo hinh lon?

Platform for big models

e MO hinh I&n cho dit liéu lon
— Three approaches to scale up big models
* Scale up Gradient Descent Methods
* Scale up Probabilistic Inference
* Scale up Model Evaluation (bootstrap)
e Ba cach tiép can dé phat trién md hinh |&n
— Data augmentation
— Stochastic Variational Inference for Graphical
Models
— Stochastic Gradient Descent and Online Learning
e Cong nghé nao cho mo6 hinh lon?
— Hadoop, Spark, TensorFlow



« Scaling up (Vertical Scaling):
adding more power (CPU,
RAM) to an existing machine.

« Scaling out (Horizontal
Scaling): adding more
machines into the pool of
resources.




Horizontal Scaling

Increases performance in small steps as needed
Financial investment to upgrade is relatively less
Can scale out the system as much as needed

Vertical Scaling

Most of the software can easily take
advantage of vertical scaling

Easy to manage and install hardware
within a single machine

[Nguén: Singh and Reddy: A survey on platforms for big data analytics. Journal of Big Data 2014 1:8]

Horizontal Scaling

Software has to handle all the data distribution and
parallel processing complexities

Limited number of softwares are available that can
take advantage of horizontal scaling

Vertical Scaling

Requires substantial financial investment
System has to be more powerful to handle
future workloads and initially the additional
performance in not fully utilized

It is not possible to scale up vertically after a
certain limit



« Peer-to-peer networks
millions of machines connected in a network

communication scheme exchange the data:
Message Passing Interface (MPI)

Advantages:
well suited for iterative processing Horizontal
available for many programming languages Scaling

useful for dynamic resource allocation with the
master—slave model

Disadvantages:
no mechanism to handle faults
more complex with lots of functions



Céng nghé MapReduce

Parallel Processing with MapReduce

o Nhu cdu x& ly DLL tang nhanh

e MapReduce

o invented by Google in 2004 and used in
Hadoop.

o breaking the entire task into two parts:
mappers and reducers.

o mappers: read the data from HDFS, Big Data
process it and generate some
intermediate results.

o reducers: aggregate the intermediate
results to generate the final output.

e Key Limitations

o inefficiency in running iterative

algorithms. Data Distributed Outcome

parallelization execution aggregation

o Mappers read the same data again and
again from the disk.

Source: https://www.supinfo.com/articles/single/2807-introduction-to-the-mapreduce-life-cycle
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Cong nghé Hadoop

Apache Hadoop

- Apache Hadoop: 7 uoEs )
o an open source framework for storing and U {{ 0 | [
processing large datasets using clusters of 4 ™\ [compute ‘L[ =
. node 1 big data piece
commodity hardware e {[
. Blg Data d big data piece
O h|gh|y faUIt tOlera Nt (e.g.,t:tn%:sr)more % :[{ s 1]:
. de 3 ata piece
o scaling up to 100s or 1000s of nodes Zﬁmj,ute e -t
\ / node 4 ‘L[ big data piece
t T
5 Hadoop components: nodes | [ *

big data piece /-

- Common: utilities that support the other Hadoop modules

> YARN: a framework for job scheduling and cluster resource
management.

- HDFS: a distributed file system

- MapReduce: computation model for parallel processing of large S

datasets.

MapReduce

HDFS (Hadoop Distributed File System)

o Key limitation: not suitable for iterative-convergent algorithm!  source: opensource.com
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Plat
Hado

Limitations of MapReduce
inefficiency in running iterative algorithms

Mappers read the same data again and again from the disk

Reduce Reduce

SequenceFile SequencefFile SequencefFile

Input Job 1 Output Job 1 Output Job 2 Input Job n Output Job n

HDFS

NS

File access overhead!!!
How to reduce this latency? = memory caching

Hadoop c6 phu hop véi cac giai thuat 1ap lai? Khong that sy phu hop




Cong nghé Spark

Apache Spark

o Key motivation: suitable for iterative-
convergent algorithms!

o Spark key features:

o Resilient Distributed Datasets (RDD) 5

- Read-only, partitioned collection of records
distributed across cluster, stored in memory

or disk.

Programming

Spark

- Data processing = graph of transforms
where nodes = RDDs and edges =
transforms.

o Benefits:
- Fault tolerant: highly resilient due to RDDs

- Cacheable: store some RDDs in RAM, hence
faster than Hadoop MR for iteration.

- Support MapReduce.

R

File
Performance

SparkSQL

and
DataFrames

N——

SQLContext

i
i

i
11

Operations

Tabular Data

SparkSQL

DataFrames

Construct
DataFrames

Spark-CSV

Transformation}

Action

Save

RDD

DataFrame
—

Tables

Files

RDDs
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Platform f
Apache Spark t

« Apache Spark

an alternative to Hadoop and MapReduce

perform in-memory computations

Map Reduce Map Reduce

SequenceFile l SequenceFile

.

SequenceFile

Output Job 1 Output Job 2 Output Job n

RDD (Resilient Distributed Datasets)

Entire dataset

HDFS

»
it
E
—
o
=
-
c
=
o

Apache Spark thich hgp cho tinh toan lap lai!



« Spark Core includes

components for task scheduling, memory
management, fault recovery, interacting with
storage systems

the API for resilient distributed datasets (RDDs)

« Spark SQL Spark  Spark  MLIlib  GraphX
package for working with structured data SQL  Streaming (machine (graph)
« Spark Streaming learning)

component for processing of live streams of data _
< MLlib

library containing common machine

learning (ML) functionality T q» (JSON
« GraphX

library for manipulating graphs and

performing graph-parallel computations




Apache Spar
Kién truc thuc thi cd

« |n distributed mode, Spark uses a

master/slave architecture -
. . Spark Driver
one central coordinator (driver) and

many distributed workers (executors)

Cluster Master
Mesos, YARN, or

Standalone

: Spark Appllcatlon Contalns Cluster Worker Cluster Worker

The driver runs in its own Java process — —
Each executor is a separate Java process




Vi du: BDAS, Berkel

BO cong cu tich hgp cho phan

Developers/

In-house Apps Cancer Genomics Energy Debugging Smart Buildings
Researchers

Sample
Clean G-OLA MLBase

Access and T BlinkDB SparkR GraphX Splash MLPipelines

Interfaces Streaming ML

Researchers
SparkSQL MLlib

Processing Engine Apache Spark (Core)

Succinct
Storage Alluxio (formerly Tachyon)

HDFS, S3, Ceph

Resource Virtualization Apache Mesos Hadoop Yarn

AMPLab Initiatea Spark Community 3rd Party In Development

[Ngudn: https://amplab.cs.berkeley.edu/software/]

©Dinh Phung, 2017 VIASM 2017, Data Science Workshop



Cong nghé TensorFlow

Parallel Processing with TensorFlow

@ TensorFlow

o open-source framework for
deep learning, developed by
the GoogleBrain team.

o provides primitives for
defining functions on tensors
and automatically computing
their derivatives.

ensorriow

f

TensorFlow
Il GitHub Stars
I GitHub Forks

Strong External Adoption

Adoption of Deep Learning Tools on GitHub

TensorFlow

GitHub Launch Nov. 2015

Caffe GitHub Launch Sep. 2013

LX) GitHub Launch Jan. 2012

Torch
Theano GitHub Launch Jan. 2008
0 10000 20000 30000
L tensorflow / tensorflow @ Watch~ 4,024
<> Code (1) Issues 756 ) Pull requests 42 1] Projects o 4~ Pulse [ili Graphs

Computation using data flow graphs for scalable machine learning http://tensorflow.org

{0 13,142 commits ¥ 16 branches ©> 20 releases 22 588 contribut:
.|
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Cong nghé TensorFlow

Parallel Processing with TensorFlow

| ensorriow
e Back-end in C++: very low overhead o Switchable between CPUs and GPUs
J Front-end |n Python or C++: frlendly import tensorflow as tf import tensorflow as tf
. with tf.device('/cpu:'): “ with tf.device('/gpu:@'):
programmlng Ianguage a = tf.constant(1.0)| a = tf.constant(1.0)

o Multiple GPUs in one machine or

distributed over multiple machines

import tensorflow as tf
— cpu ) with tf.device('/gpu:0'):
a= t-F.constan't(l.B}|
. with tf.device('/gpu:1'):
GPU2 b = tf.constant(2.1)

@ ...and even in more platforms Variables

—

Linux CPU Linux GPU Mac 0S CPU Windows CPU Android

build ' passing build " passing build ' passing build ' passing build ' passing
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Cong nghé TensorFl
TensorFlow— Bing tw quan d

Computational graph as dataflow graph

SGD Trainer

Construction phase: assemble a graph to e
represent the design, and to train the model s

Wl

i
&

Execution phase: repeatedly execute a set of *
training ops in the graph

v Gradients

Loss function e e

Lagit Layer —
--;:_EI:.l'.r'--.':1_::

-,

Hidden layers

dropout

19N |ednap JoAe|-¢

train

input_resha...
train
accuracy

» Flexible, intuitive construction

# Launch the graph and run the training ops in a loop




Cong nghé Tensor
Mot vi du tinh toan dao h

The most attractive feature: Automatic Differentiation

Automatically add ops to calculate symbolic gradients of variables w.r.t loss
function, then pply these gradients with an optimization algorithm.

of
ﬁ:
af _ofof
ou of ou
af _ofof _
dz O0f0z
daf odf ou
dx Ouodx
af Jf du
6y=6u6y

1

1xz=-2

1+*u=>5

—2%1=-2

= 2%1=-2




Cong nghé TensorFlow
TensorFlow— Mdt s6d0 thi tinh toan ¢

Computational graph of a Generative Adversarial Net
(GAN)

SCALARS IMAGES AUDIO GRAPHS DISTRIBUTIONS HISTOGRAMS

generator_1

(%%

i| generator
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« Mo hinh I&n cho di¥ lieu lon
Why traditional methods might fail on big data?
Three approaches to scale up big models
Scale up Gradient Descent Methods
Scale up Probabilistic Inference
Scale up Model Evaluation (bootstrap)

« Ba cach ti€p can dé phat trién mo hinh Ié&n
Data augmentation

Stochastic Variational Inference for Graphical Models
Stochastic Gradient Descent and Online Learning

< Cong nghé nao cho mo hinh I&n?

Hadoop, Spark, TensorFlow



M6t s& hinh dnh minh hoa duoc download tir images.google.com theo cai dac méc dinh cla search engine nay.

Eric Xing and Qirong Ho, A New Look at the System Algorithm and Theory Foundations of Distributed Machine
Learning, KDD Tutorial 2015.

Michael Jordan, On the Computational and Statistical Interface and “Big Data”, ICML Keynote Speech, 2014.

Feng Niu, Benjamin Recht, Christopher Ré, Stephen J. Wright, HOGWILD!: A Lock-Free Approach to Parallelizing
Stochastic Gradient Descent, CoRR abs/1106.5730, 2011.

Qirong Ho, James Cipar, Henggang Cui, Seunghak Lee, Jin Kyu Kim, Phillip B. Gibbons, Garth A. Gibson, Gregory R.
Ganger, Eric P. Xing, More Effective Distributed ML via a Stale Synchronous Parallel Parameter Server, NIPS 2013:
1223-1231.

Wei Dai, Abhimanu Kumar, Jinliang Wei, Qirong Ho, Garth A. Gibson, Eric P. Xing, High-Performance Distributed ML
at Scale through Parameter Server Consistency Models. AAAI 2015: 79-87.

Salomon Bochner, Lectures on Fourier Integrals.(AM-42). Vol. 42. Princeton University Press, 2016.

Zhuang Wang, Koby Crammer, Slobodan Vucetic, Breaking the curse of kernelization: budgeted stochastic gradient
descent for large-scale SVM training, Journal of Machine Learning Research 13: 3103-3131, 2012.

Jing Lu, Steven C. H. Hoi, Jialei Wang, Peilin Zhao, Zhi-Yong Liu, Large Scale Online Kernel Learning, Journal of
Machine Learning Research (JMLR) 17(47) 1-43 2016.

Xin cdm on cdc anh, chij da lang nghe!



Cong nghé TensorFlo
Debug vai Tensorflow

» Computational Graph
Trace connections and input

generator

Sum_3

const 6 O+ [l aose

Mean_2
Const 2 O

2
H
Mazﬁnu -

O

o

gradients_1

discriminator_1

vd

b

discriminator

generator

S

<
gradients_1

Mean_1
Const_1 CF

g
=
Mani'nu...

gredients gradients

gradients

discriminator_1 gradients_1

v

™

gradients discriminator gradients
gradients_1 gradients_1

real fina...
gredients




Cong nghé TensorFlow

Debug v&i Tensorflow

d2x
discriminator_1_1

discriminator_1

discriminator_1/d_h0_conv/biases_1
D2GAN/D2GAN_tensorflow/test/cifar10

e
La
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Debug vai Tensorflow
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