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RoBiRank

Problem setting

Users and ltems

@ X ={x1,x2,...,xn} set of users

© Y={y1,y2,...,Ym} set of items
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RoBiRank

Problem setting

Users and ltems
o X ={x1,x2,...,Xn} set of users

e Y={y1,y2,...,Ym} set of items

@ For each user x € X we have
e YT C Y: positive items
e Y~ C Y. negative items
e Y% C Y: unobserved

v

What we want

@ A function f : X x Y — R such that
o f(x,y") = f(x,.y°%) = f(x,y7)
@ Note: actual value of f(x, y) is not important. Only order matters.

.
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RoBiRank

Objective function

Optimize Rank

@ Note: Simplifying assumption Y~ =)

@ Minimize the rank of positive items:

J(f) —ZZrankfxy

x€X yey+

@ Problem: rank is hard to write analytically. How to optimize?
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RoBiRank

Rewrite the rank

ranks(x, y) = ZI (x,y) — f(x,y") <0)
y'eY

= Z Z ranks(x, y)

x€X yey+
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RoBiRank

Rewrite the rank

ranke(x, y) = Z/ (x,y) — f(x,y’) < 0)
y'€Y

=22 D I{flxy) —f(x.y) <0)

xeX yeyYt y'ey
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RoBiRank

Rewrite the rank

ranks(x, y) = ZI xy—fxy)<0)
y'ey

= 2 2 (x,y) <0)

(x,y)eQy’'eY
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RoBiRank

Upper bound the indicator
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RoBiRank

Upper bound the indicator
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RoBiRank

Upper bound the rank

ranks(x, y) < ranks(x,y) = Z o (f(x,y) — f(x,y'))
y'eyY

Z Zl (x,y) — f(x,y") <0)

(x,y)eQy’'eY
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RoBiRank

Upper bound the rank

ranks(x, y) < ranks(x,y) = Z o (f(x,y) — f(x,y'))
y'eyY

()= > D o (flxy) = f(x,y))

(x.y)eQry’'€Y

where, for instance, o(t) = log, (1 4+ 27F).
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RoBiRank

Detour: DCG
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Apple

machine learning - Google Search

(@] [ + ] Q machine learning

iCloud Facebook Twitter Wikipedia Yahoo News v Popular ™

Google

machine learning

Web  News  Videos  Images  Books  More~  Searchtools

About 6,74,00,000 results (0.34 seconds)

Scholarly articles for machine learning

Genetic algorithms and machine learning - Goldberg - Cited by 1954

An introduction to MCMC for machine learning - Andrieu - Ciled by 1239
Machine learning for the detection of ol spillsin ... - Kubat - Cited by 742

Machine learning is the science of getting computers to act without

being explicitly programmed. In the past decade, machine learning has

given us self-driving cars, practical speech recognition, effective web
search, and a vastly improved understanding of the human genome.

Machine Learning - Stanford University | Coursera
hitps:/iwww.coursera.orgicourselml

More about Machine learning

Foedback

Machine learning - Wikipedia, the free encyclopedia
en.wikipedia.org/wikiMachine_learning ~

Machine learning is a subfield of computer science that evolved from the study of
patter recognition and computational learning theary in artificial intelligence.

List of machine learning - Pattern recognition - Reinforcement leaming - Boasting

Machine Learning - Stanford University | Coursera

yrser: -

“ +Swaminathan

Shop for machine learning on Google

A ———
Machine The Complete R Machine
Leamingfor..  Smith Machine:  Learning
Rs. 550.00 Rs. 956.75 Rs. 525.00
Amazon.in Amazonin Amazonin

Data Scientist: ~ Machine. Foundations of

The Definitive  Learning In Machine
Rs.255653  Rs.539.00 Rs. 4,227.78
Amazon.in Amazon.in Amazon.in

Google's Machine Learning
cloud.google.com/prediction ~
Leverage Google's Machine Leaming
Algorithm Using Predition API

See your ad here »

Sponsorsd ®

AFirst Course in
Machine
Rs.371.25
Amazoniin

Introduction to
lachine

Rs. 525.00

Amazon.in
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RoBiRank

Attractiveness
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RoBiRank

Bending the loss

ranks(x, y) < ranks(x,y) = Z o (f(x,y) — f(x,y/))
y'ey

JE) =) > D o (flxy) —f(x.y)

xeXyeYty'ey

where, for instance, o(t) = log, (1 +271).
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RoBiRank

Bending the loss

ranks(x, y) < ranks(x,y) = Z o (f(x,y) = f(x,y"))

y'eY

JE) = Y | Do (fley) = flxy)

(x,y)eQ y'eY

where, for instance, o(t) = log, (1 +27%) and p(t) = log,(t + 1)
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RoBiRank

Bending the loss

ranks(x, y) < ranks(x,y) = Z o (f(x,y) = f(x,y"))

y'eY

JE) = Y | Do (fley) = flxy)

(x,y)eQ y'eY

where o(t) = log, (1 4+ 27%) and p(t) = log,(t + 1)
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RoBiRank

Different ways to parameterize f(x,y)

Joint features

@ If joint features of users and items available

f(x,y) = (d(x,y), w)

| A\

Independent features

@ If independent features of users and items available

fF(x,y) = o(x)"W¢'(y)

Latent models

| \

@ If only interactions are available

F(x,y) = (U vy)

A
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RoBiRank

Optimization: Stochastic gradients

Ve (f) :=1Q|Vp Z o (fux, vy) — fux, vy))

y'€eY
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RoBiRank

Bounding p

Since p is concave

pt) < p () +o (€7 (t-¢7)

Bound tight at £ = t~!

J(f) = Z p Z o (f(ux, vy) — f(ux, Vy’))

(x,y)eQ y'€Y
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RoBiRank

Bounding p

Since p is concave

pt) < p () +o (€7 (t-¢7)

Bound tight at £ = t~!

J(f) = Z (gxy) +p gxy ZU “Xny f(uX7Vy/))_§;yl

(x.y)eQ y'

S.V. N. Vishwanathan (UCSC) Optimization for Machine Learning 14 / 48



RoBiRank

Alternate minimization

(uvI&) == Y >0 (651) Volf(ux, vy) — F(ux, vyr))

(x.y)EQ ¥

Sample (x,y) uniformly from Q
Sample y’ uniformly from Y
Estimate the gradient by

Q- [9] - Pl (g;yl) : Vux,vya(f(“Xa Vy) — f(ux, Vy’))

Update uy and v,
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RoBiRank

Alternate minimization

If U and V are fixed then

1
22y o (F(ux; vy) = Fux, vyr))

gxy =
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RoBiRank

Experiments: Million song dataset

1,129,318 users, 386,133 songs, and 49,824,519 records
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RoBiRank

Experiments: Million song dataset

1,129,318 users, 386,133 songs, and 49,824,519 records
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RoBiRank

Experiments: Million song dataset

1,129,318 users, 386,133 songs, and 49,824,519 records
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RoBiRank

WordRank
WS-353 word similarity task
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WordRank

RoBiRank

Google word analogy task
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Collaborative filtering
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Collaborative Filtering

Matrix completion

%
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Collaborative Filtering

Matrix completion

min J(U, V),
U e R™*k
Ve Rnxk

VOAYEEED DR (C o) SO (I ALY

(x,¥)EQ
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Collaborative Filtering

Stochastic approximation

HUV) = Sy (U V) = 50X — )24 A (sl + vy 1) )

Vi, Jey(U. V) = {(Xuv = {ue ) vy Au,
4 0

Xy — (o)) tx |
Vo JelU v>:{( (s )+ A
’ 0
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Collaborative Filtering

Stochastic updates

ux = ux — 1 (X — (ux, vy)) vy + Aux)
vy vy — (X — (ux, vy)) tux + Avy)
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Collaborative Filtering

Distributed SGD (Gemulla et al., 2011, Re and Recht, 2012)
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NOMAD

Some observations

The good

@ Updates are decoupled and easy to parallelize

@ Easy to implement using map-reduce

The bad

@ Communication and computation are interleaved

o When network is active then CPU is idle
o When CPU is active then network is active

| A\

A,

Question: Can we keep CPU and network simultaneously busy?
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NOMAD

Illustration of NOMAD communication
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NOMAD

Illustration of NOMAD communication
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NOMAD

Illustration of NOMAD communication
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NOMAD

Illustration of NOMAD communication
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NOMAD

Illustration of NOMAD communication
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NOMAD

Illustration of NOMAD communication
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NOMAD

Illustration of NOMAD communication
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NOMAD

Illustration of NOMAD communication
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NOMAD

Illustration of NOMAD communication
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NOMAD

Illustration of NOMAD communication
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NOMAD

Illustration of NOMAD communication
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NOMAD

Eventually ...
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Experiments: Datasets

NOMAD

Name Rows Columns Non-zeros
Netflix 2,649,429 17,770 99,072,112
Yahoo! Music | 1,999,990 | 624,961 252,800,275
Hugewiki 50,082,603 | 39,780 | 2,736,496,604
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NOMAD

Experiments: Scaling on a single machine

Netflix, machines=1, cores=30, A = 0.05, kK = 100
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NOMAD

Experiments: Scaling on a single machine

Yahoo!, machines=1, cores=30, A = 1.00, kK = 100
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NOMAD

Experiments: Scaling on a single machine

Hugewiki, machines=1, cores=30, A = 0.01, kK = 100
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NOMAD

Experiments: Scaling across multiple machines (HPC cluster)

Netflix, machines=32, cores=4, A = 0.05, kK = 100
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NOMAD

Experiments: Scaling across multiple machines (HPC cluster)

Yahoo!, machines=32, cores=4, A = 1.00, kK = 100

—e— NOMAD
— DSGD |

DSGD++
--- CCD++ |]

26

L R

-=-

24

test RMSE

22

|
0 20 40 60 80 100 120
seconds

S.V. N. Vishwanathan (UCSC) Optimization for Machine Learning 33 /48



NOMAD

Experiments: Scaling across multiple machines (HPC cluster)

Hugewiki, machines=64, cores=4, A = 0.01, kK = 100
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NOMAD

Experiments: Scaling on commodity hardware

Netflix, machines=32, cores=4, A = 0.05, kK = 100
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NOMAD

Experiments: Scaling on commodity hardware

Yahoo!, machines=32, cores=4, A = 1.00, kK = 100
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NOMAD

Experiments: Scaling on commodity hardware

Hugewiki, machines=32, cores=4, A = 1.00, kK = 100
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Background

Regularized risk minimization

Machine Learning
@ We want to build a model which predicts well on data

@ A model's performance is quantified by a loss function
@ a sophisticated discrepancy score

@ Our model must generalize to unseen data

@ Avoid over-fitting by penalizing complex models (Regularization)

More Formally
@ Training data: {x1,...,Xm}

o Labels: {y1,...,ym}
@ Learn a vector: w

d m
L J 1
minimize J(w) =\ E 1 @j(V\/J')—f—E E 1 li({w, xi))
Jj= =
—_————
Regularizer Risk Remp
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Background

Stochastic optimization

m

mlnlmlze J(w) = /\Z¢J w;) Z/i(<W,Xi>)

i=1
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Background

Stochastic optimization

mlmmlze Je(w) = /\Ztﬁj w;) + le({w, x¢))
j=1
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Background

Stochastic optimization

J(w) = E¢ [Je(w)]
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Background

Stochastic optimization

Wil <— W — T]tv./t(Wt)
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Background

Stochastic vs batch optimization
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Background

Stochastic optimization

Wil < We — 1tV Je(we)
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Wit1 < We — UtVJt(Wt)



Wi i1 = W — 1 VJe(wy)



Distributed Stochastic Saddlepoint Optimization (DSSO)

Problem reformulation

min A d(w;) + ;Z h((w, xi))

j=1

Il
A
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Distributed Stochastic Saddlepoint Optimization (DSSO)

Problem reformulation

m|n )\Zqﬁj w;)) —|—%Z/,-(u,-)

=1

=
subject to  uj = (w,x;) {i=1...m}
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Distributed Stochastic Saddlepoint Optimization (DSSO)

Problem reformulation

m

min max )\Zqﬁj wj) —i—%Z/,( i)-F%Zozi(u,’— (w, xi))
i=1

i=1
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Distributed Stochastic Saddlepoint Optimization (DSSO)

Problem reformulation

m

1 1 «
mo?xmln )\Zqﬁj w; +;Z/:( i)"‘EZO&i(Ui_ (w, xi))
i=1

i=1
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Distributed Stochastic Saddlepoint Optimization (DSSO)

Problem reformulation

m m

d
max mvin /\Z oj(wj) — % Za,- (w, x;) + % min Z (li(ui) + aiuy)

j=1 i=1 i=1
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Distributed Stochastic Saddlepoint Optimization (DSSO)

Problem reformulation

d m
: L 1 .
max min A g dj(w;) — ( w, - El apXj ) + = E I (—ai)
=

j=1

S.V. N. Vishwanathan (UCSC) Optimization for Machine Learning

39 / 48



Distributed Stochastic Saddlepoint Optimization (DSSO)

Problem reformulation

. u A 1 L.
maxmin f(w, ) ::ZZ ’_ ‘¢j(‘/‘/j)_;ai"'/jxij+mli(_af)

o w
i=1jeQ;
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Distributed Stochastic Saddlepoint Optimization (DSSO)

Stochastic gradients

f(w,a) = Ej [fi(w, a;)].

A 1
wj = wj — nw €] (KZ‘({)@(WJ) mOéiXij>
j
1 1 .
aj — aj+ 14 |Q —;WJXU + IQi|6oé,/,-( a;)
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Distributed Stochastic Saddlepoint Optimization (DSSO)

Decoupling the updates

w® e w3 w®

77777777777 vy VAR e—
227277277770 32 s 7777777777
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Also see Gemulla et al., 2011 and Re and Recht, 2012.
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Distributed Stochastic Saddlepoint Optimization (DSSO)

Convergence: Assumptions

Suppose, DSSO is run with p < min (m, d) processors, and let (w’, a?)

and (W', &%) := (3 3°0_; w®, 1 3°f_ | o) denote the parameter values,

and the averaged parameter values respectively after the t-th epoch.
Moreover, assume that

S.V. N. Vishwanathan (UCSC) Optimization for Machine Learning 42 / 48



Distributed Stochastic Saddlepoint Optimization (DSSO)

Convergence: Assumptions

There exists a partitioning of Q such that ‘Q(qvm(q))‘ s % |2| and
~ 9

[ Jg| = 5 for all g.

Performing updates takes constant amount of time denoted by T,.

Communicating w across the network takes constant amount of time
denoted by T., and communicating a subset of w takes time
proportional to its cardinality.

The diameter of the search space is bounded. In other words, there
exists a constant D such that for all (w,«) and (w/, &) we have

lw = w/|* + [l — o/||* < D.

The gradients of f; j (w}, «;) are bounded by a constant that does not
depend on i or j.

IVwfij (W, ai)l|* < C and || Va—fi (wj, ai)]|* < C2.

S.V. N. Vishwanathan (UCSC) Optimization for Machine Learning 43 / 48



Distributed Stochastic Saddlepoint Optimization (DSSO)

Convergence: Theorem

Theorem

There exists a constant C such that after (lmTT“ + TC) T time, the
duality gap is

e(w,a) = maxf (VT/T,O/> —min f (W',dT> < % (1)

(e w
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Experiment

SVM training with 50 million data points and 11.7 million dimensions.
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