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Today
* JEE

m Parallel SCD (Shotgun)

One way to solve LASSO problem
Stochastic Coordinate Descent (SCD)
Minimizing a coordinate in LASSO

A simple SCD for LASSO (Shooting)

Your HW, a more efficient implementation! ©
Analysis of SCD

Other parallel learning approaches for linear models
'| 0 Parallel stochastic gradient descent (SGD)
Parallel independent solutions then averaging
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Coordinate Descent ., 2

Given a function F(/S)

1 Want to find minimum pﬂc mia F(/\)
27 s

Often, hard to find minimum for all coordinates, but easy for one coordinate

- A ophimyzabm Pro.”t»\

Coordinate descent:

While not Cbrwl?lx
Pick csrdinade )

py e~ min F(F'//"v"'//‘Ju;’/f’Jﬂ,w/"‘)

—
How do we pick a coordinate?

K)V\’\A "bs'(v\, rﬁ/lxo“"" SM'H‘:) IS
When does this converge to optimum? Q‘JJ ‘S'.]-“,,\a(,a Con vtk (Skru\}i,ib)
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LASSO Regression
B

m LASSO: least absolute shrinkage and selection operator

m New obje(‘:\’jive:
ml;n Z' (y*- (8, + 87 )(5»))2 + A ”/5”,
RSS(A)

U

min R$S(8) st UAIL2D
4
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Soft Threshholding  t#)=&ssa) + sl
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m Gradient of RSS term:

J . o R s

) Vo <l
— L2_2Lx;)’ "%
Azl J°( Co a(( bu‘t t‘\L
m Subgradient of full objective: re( XJ - e coefE.
2. S,
GO = By rdglell, me, T
o "'el'c 0‘1) rest

e a Erom /'\OCJ('
= ) 85 Ry - §.<0 i:,. P::d X; o wh ik,
[~c: =X, =€ 4)] Kjz0 on " 'y '
) ’ ) KJ Wl\‘lft %[‘
S Yy
aJBJ C‘\ ‘\’>\ ) 0 ¢ OH\t’fs c“'\

©Carlos Guestrin 2013

)f: O =) min ‘F(f,,..)p)." ,p,‘”’”&)

Soft Threshholding * ‘

" JEEE—
m Set subgradient = 0: a;B; —¢j — A B, <0
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arg Shrunk re'ccttve, to/g

Stochastic Coordinate Descent for LASSO

(aka Shootin% Algorithm)

m Repeat until convergence
1 Pick a coordinate j at random

—

. Set: {(cﬁowaj % Sinle) (- Nt

B =
(¢; —N)/aj c; >)\

j o\\)
= Where: gm.klN N \__\\/
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. o
An a IyS I S Of S C D [Shalev-Shwartz, Tel\/\%/)rli '09/11]

f—'——\—
" JEE
m  Analysis works for LASSO, L1 regularized logistic regression, and other objectives!

Lassa

m  For (coordinate-wise) strongly convex functions:

Fle1as) < £(p) t 9 VF(,Z) +X(>A) b=

Aﬂ ’gﬁ J ‘,m ‘uw e, “'l"*'l' Z, LGJ{’HL
. Th.eggm Fr.) "H @jnbs:w

> oo " o Y= |-
Em—@/& H;*L t 2 F[g) } %

T+ e
‘7(‘3 Iir\u«}j
1 Where E[ ] is wrt random coordinate choices of SCD ‘Dl'AV w! l-ln | _h/‘[
\_
m  Natural question: How does SCD & SGD con ergence r%siﬁer”
{Q f\r M) &S W,
0CD 9 Mgk ™ "’vﬂ' N s A
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Shooting: Sequential SCD

Lasso: mMInF(B) where  F(B)=IXf-yIE+AIpN, |

e F(p) contour
Stochastic Coordinate Descent (SCD)
(e.g., Shalev-Shwartz & Tewari, 2009)

While not converged,
7’ Choose random coordinate j,
\ Update /3’ (closed-form minimization)

hoo do L w.qiu/l?

7
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ShOthﬂ: Para||6| SCD [Bradley et al *11]
"

| Lasso: minF(B) where F(B)=IXB-yI} +AllBl, |

4ol

Shotgun (Parallel SCD) v

While not converged, ey 28

» On each of P processors, \ @ A Curekdy L
o Choose random coordinate j, :

» Update B (same as for Shooting)
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Is SCD inherently sequential?
" JEE
Lasso: minF(B) where  F(B)=IXB-yIE+AlAI, |

Coordinate update:
B;< B;+9p;

(closed-form minimization)

Collective update:

P,

0
AB=]|0
- (5ﬁj
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Is SCD inherently sequential?
" JE—
| Lasso: minF(f) where  F(B)=IXB-yIE +211 1, |

ﬁheorem: If X is normalized s.t. diag(X™X)=1, \
Acrer oSd'xc"i\/k
F(B+AB)-F(p) )

Sl S (), o
iep ”k

i, EP,
“ : 3%
post oulde be foﬁw\ N;f‘ !
e
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far, g g
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Is SCD inherently sequential?

Theorem: If X is normalized s.t. diag(X™X)=1,

mestonts magntLode
Fp+ap)-Fp)  Fakn @ et

S_E (6ﬁi.f )2+ E (XTX)L,ik 6ﬁi.f6ﬁik

; L J
i,€P i, EP,

v Wy e : \(W);‘ fo

“ Corpedin® ke bante
G ? X

Nice case: Bad case:

Uncorrelated % Correlated
features features




Shotgun: Convergence Analysis
" D
| Lasso: minF(f) where  F(B)=IXB-yIE +211 1, |
i

Assume # parallel updates P <d/p +1
L 5?“[«

e (] -Fl) < Alige e
e K 7
wies- :H\‘;::im' ‘SF“'L “‘f5 u,p .h FF“(&%‘C\«J

| abans o ¥

e # ,F,..U

Generalizes bounds for Shooting (Shalev-Shwartz & Tewari, 2009)

Convergence Analysis
"
Lasso: minF(B) where  F(B)=XB-yIL+AlAI, |

Theorem: Shotgun Convergence

Assume P<d/p+1 Nice case:

where O = spectral radius of XTX Uncorrelated |, @
features NS
= \ =P =

E[F(ﬁ(T))]—F(ﬁ*) p=_ max — —
Bad case: (G

d(% Il g1, +F(ﬂ(0))) Correlated \%Q\

= features \~
TP

p= i = Pmax = ] (at worst)
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Empirical Evaluation
" JEEE

g 10000 ; Mug32 singlepixcam g 56870 ¢ Ball64_singlepixcam
o Prax=158 2 Prax=3
g [too0 d=1024 g "d = 4096
() (&)
) p=64967 8 3 p=20478
»n | 100 ) )
c c D P—-“
i) 3 9 .
g €10 ‘ ‘ £ 14000 .

1 10 100 1 4

P (# simulated parallel updates) P (# simulated parallel updates)
A ‘\:
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Stepping Back...
" S

= Stochastic coordinate ascent (D . y .
0 Optimization: ?ICL Q le;nJl J ) A:\,L ’:;\'m

1 Parallel SCD: .,\‘J,,J
rck 0 coordi
Wy ey inhten P coordind
Coordina ! J baed  On 2
0 Solution: 'D-’M& ’Fas;jh T8ty /
|
= Natural counterpart: § & D i pE f- ,L UF()( }ﬁ)
0 Optimization: ?lLL “%e\‘h Po' ! 4 i
& pdath pinh 8 Indp opTTEs
e S all (oo rdinchs

[ Issue:

[ Parallel ?

0 lIssue:  Can ‘,l\(rdl

1 Solution: bow\& ‘l'\h r&no.
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Parallel SGD with No Locks

[e.g., Hogwild!, Niu et al. “11]
" JEE
m Each processor in parallel:

Pick data point i at random
Forj=1...d:

e p-q (97

= Assume atomicity of: lﬁ" e ﬂJ +a

e abrfirates
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Addressing Interference in Parallel SGD
" JEE—

m Key issues: )

i (XX a4
sse O@I)d gre(;d)lents VFL™, ﬁm),_\‘ y
£, f'"“)

[

Processors overwrite each other’'s work

m Nonetheless:
Can achieve convergence and some parallel speedups
—_—
Proof uses weak interactions, but through sparsity of data points
—_—
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Problem with Parallel SCD and SGD
= JEE

m Both Parallel SCD & SGD assume access to current estimate of
welght vector

it

icor
m  Works well on shared memory machines M ch ¢

= Very difficult to implement efficiently in distributed memory , [/Oqgk

R E— T LN
- e

m  Open-problem: Good parallel SGD and SCD for distributed setting...
Let’s look at a trivial approach
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D . hgaccss /g veLhr 5:] ol Proasse,

Simplest Distributed Optimization

_ Alﬁorithm Ever Made

N} .
= Given N data points &Pl machines ( ) - Z F(‘l', F)
m  Stochastic optimization problem:M'-'\F A T
= Distribute data: P mauchin” A

alur o5len
e [0 B Ty .
"\$S\7\ Ad“ © ) f{_

m  Solve problems independently (1\ ,&
Miathine ,qﬂ;?(,,J—LJ Lsfionads g™ — ml,l,L. "'ZGDLF ;)
© @

m  Merge solutions
e L i ¢

= Why should this work at all????
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For Convex Functions...

F)+Flg) 3 F(2)

m  Convexity:
e T2
| N
= Thus: . %(';(;,),F(,,)) > :p(;‘)

4

Hopefully...

m  Convexity only guarantees:

t(3) = - )

m  But, estimates from independent data!

—_—

Figure from John Duchi
24
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Analysis of Distribute-then-Average

[Zhang et al. “12]
"

m Under some conditions, including strong convexity, lots of

smoothness, and more... [
1 e Qrab\hL Z»Fa;’)
m [f all data were in one machine, converge at rate: /g'J /3 W =

ECV w133 = 005)

= With @ machines com/erge at a rate:
\

o
e t (/') Cics " Froun fu‘.«ll,{&\

E[“P_ ,;nf] - O(l{, n

eq 1T Aabpint | 090 machw >4 NE I
L - m,l:j}?&_ whym (m\rﬁ_‘,('!»N

-:) T)h:ﬁ no l:)w_/\-}- pqm/f:liém
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A
f

Tradeoffs, tradeoffs, tradeoffs,...
= JEEE

m Distribute-then-Average:
“Minimum possible” communication

Bias term can be a killer with finite data
» Issue definitely observed in practice

Significant issuesfo.r L1 problems: Con 5\ very A‘th{.
S‘n,g;-& rmd'l"'\’ N mechine |

’l"“r\ #W " IV\*"/‘;’*‘S 'S‘*’

5 avtag £ Yow sphes

m Parallel SCD or SGD
Can have much better convergence in practice for multicore setting
Preserves sparsity (especially SCD)
But, hard to implement in distributed setting
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What you need to know
* JEE
One way to solve LASSO problem
Stochastic Coordinate Descent (SCD)

Minimizing a coordinate in LASSO
A simple SCD for LASSO (Shooting)

Your HW, a more efficient implementation! ©
Analysis of SCD
m Parallel SCD (Shotgun)

m Other parallel learning approaches for linear models
Parallel stochastic gradient descent (SGD)
Parallel independent solutions then averaging
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