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Is SGD inherently Serial?

* How to parallelize SGD?

« Master/Worker (Bertsekas and Tsitsiklis 1985)

« Round Robin (Langford et al, 2009)

« Average Runs (Zinkevich et al, 2010)
 Average Gradients (Duchi et al, Xiao et al 2010)

 All require massive overhead due to lock contention
and synchronization

e Don’tlock! Dont communicate!

What happens when we
run parallel instances of
SGD without locks?




“Sparse” Function: f() =) f.(z.)

Hypergraph: G = (V,E)
« V - coordinates on RP

e« E-visin eeE if fe depends on xv w
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Sparse Support Vector Machines
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Matrix Completion
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Entries Specified on set E

Idea: approximate X ~ LR’
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Graph Cuts

/1 e Image Segmentation
e Entity Resolution
e Topic Modeling

minimize; ), ,yep Wuol|Tu — Zol1
subject to 1%z, =1, 2, >0, forv=1,...,D

O=2K| |A=du/|E|l |p=2duu/|E




HOGWILD!

Run SGD in parallel without locks.

Each processor independently runs:

1. Sample e from E
2. Read current state of xe
3. for v in e do z, «— x, — a|V f.(x:)]s

Only assume atomicity of T, < Ty — Q

Issues:
 Updates can be very old
e Processors can overwrite each others’ work



Convergence Theory
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Then after k gradient updates with appropriate choice of constant

stepsize, we have
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Robust 1/k rates

Nemirovski et al (2009): v = % with © > 1

1 M? K
ka — xoptH < -max<{ —5 - 7DO
k c?2 40 —4

e If ®<1, can get exponentially slow convergence
* Slow rate if DO is large

Sort of obvious, but...

a log(2/P)

Tk = 3¢ With ¥ <1, reduce by [ after =57= iterations
log(2/68) M? 1
l2x = Zopell < 4(1 — B) 2 1 4Dgc?
k— v~ !log ( SSVE )

e Pay linearly for bad curvature estimate
e Logarithmic dependence on DO



Hogs gone wild!

data set [size (GB) p A time (s)|speedup
SVM RCV1 0.9 4.4E-01 [ 1.0E+00 10| 4.5
Netflix 1.5 2.5E-03 | 2.3E-03 301 5.3
MC KDD 3.9 3.0E-03 | 1.8E-03 878 5.2
JUMBO 30 2.6E-07 | 1.4E-07 9,454 6.8
DBLife 0.003 |8.6E-03| 4.3E-03 230 8.8

CUTS

Abdomen 18 9.2E-04 | 9.2E-04 1,181 4.1

Experiments run on 12 core machine
All times are for 20 epochs
10 cores for gradients, 2 cores for data shuffling




Speedups

Speedup
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Example:

JELLYFISH

SGD for Matrix Factorizations.

minimize Y, »yep(Xuw — Muw)? 4 pf| X]].

Idea: approximate X ~ LR’
MINimize iy, r) Z {(LuRZ — Mouw)? + pru|| L] F + /MHR?}H%}

(u,v)EE

Step 1: Pick (i,j) and compute residual:
e = (LURZ — M)

Step 2:

‘ake a grad
L _
- R’U -

lent step:
(1 — ypto) Ly — veR,,
(1 = vpo)Ry — vely,




JELLYFISH

Observation: With replacement sample=poor locality

Idea: Bias sample to improve locality.

Algorithm: Shuffle t

1. Process {
2. Process {
3. Process {

-1
-1

-1

R4y
R5,

R3,

ne data.

R,, L3R5} in
R3, L3Ry} in
Ry, L3R5} iIN

DAdld
DAdld

DAdlld

)

Big win: No locks!
(model access)

Recht and Ré, 2010



100x faster than standard solvers
25% speedup over HoOGWILD! on 12 core machine
3x speedup on 40 core machine (sub minute timing)

Extends to other structured matrix problems

* max-norm

« NMF (with non-negativity or simplex constraint)
« LDA?

Decoupling works for any algorithm where we can
oroject the rows independently

However, those not arising from SDPs have anything
resembling guarantees.
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SGD on
Netflix Prize

Theory: treats without replacement sampling like

deterministic sampling.

Practice: without replacement sampling is always faster.

Open question: Why?



Simplest Problem? Least Squares

N
minimize, g (ai x — by)?
k=1
. T
Assume overdetermined: ai Topt = bk Vk

N
fixed order: TN = Zopt T+ H([ — yakay, ) (o — Topt)
k=1

N
N

with replacement: 43[:13‘]\;] = Topt T (I — % Zakaf) ($0 — leopt)
k=1

Which is better?



Example: Computing the mean

minimize Z (2 — k)°
k=1

To = Stepsize = 1/2k
r1 =x9— (xg—1) =1
ro =21 — (r1—2)/2=1.5
r3 =29 — (12 — 3)/3 =2
ry =x3— (r3—4)/4=2.5
N
In general, if we minimize Z ( — z1)°
k=1

1 N

SGD returns: TN = N 1; Zk



9
minimize Z (cos (717—’5) T1 + sin (717—75) x2)2

k=0
_ B 1 B 1 1 — Cj —Sj
Stepsize = 1/2 T — §Vfg(33) ~ 5 { —s;  1+c } L
Choose the

best ordering

Choose a
direction
uniformly with
replacement

Choose
directions in
order




Simple Question
Given A1, ... AN>'O DxD is it true that

4] < |y 4] 2

If Ai are scalars, this is a/ways true by the
arithmetic-geometric mean inequality.

Is it true for matrices?
True for N=2 (Bhatia and Kittaneh 1990).



Simple Question
Given A1, ... AN>'O DxD is it true that

4] < |y 4] 2

If Ai are scalars, this is a/ways true by the
arithmetic-geometric mean inequality.

Is it true for matrices?
True for N=2 (Bhatia and Kittaneh 1990).
True for “generic” A

Straightforward bound:

N
H Aill <
i=1

=] S

N
Z A
1=1
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e Given 41,... AN ~ 0  DxD, is it true that

HA < if:A.
-~ Ni:1 ()
 No! Counterexamp e:
A, — { 1—|—COS(2X,k) sin (%721c }

Sm(Qz\T,k) 1 — cos QT)
N 1 N
Z];[lAz = 2N COSN_1 (%) ~ 2N N Z:ZlAz =y

e Saturates the bound

N
D
EAiSN

1[~]=
B

 Similar counterexamples for all N,D>2
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minimize Z (cos (717—’5) T1 + sin (717—75) x2)2

k=0
_ B 1 B 1 1 — Cj —Sj
Stepsize = 1/2 T — §Vfg(33) ~ 5 { —s;  1+c } L
Choose the
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replacement
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order




What about generically?

Given Aq,..

HA

<

_ZA

AN ~ 0, DxD, |s it true that

?

If sampled from the normal dlstrlbution?

Ai = 9i9;




DY|@n|l = D™ Tr(Qn)
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But what about on average?

« Given A;,..., Ay = 0, DxD, is it true that
N

1 al 1 &

~ 2 H Ao <524 ?
O‘ESN 1=1 1=1

« Using the counterexample:

A, 1+cos(2]7{,k) Sm(%)
b Sm(QX,k) 1—008(2§k)
N
1 1 —-N/241/2 —N/2
N! 2 [ A0w| = —2F { 1/2 —N+1 ;1}
ceSn =1

1 N
NZAi = I =1
i=1

 Yet to find a counterexample for averaging!

 Is there a noncommutative arithmetic-geometric
mean inequality?



Does the noncommutative
arithmetic-geometric mean
inequality hold?

Given Ai,...,Any = 0, DxD, is it true that
N

1 i 1 o
N Z HAa(z') < N;Az Pe

ccSny 1=1




e Given A4,..., Ay = 0 , DxD, is it true that
K

1 = 1
ﬁ Z HAa(i) < NZAZ ?
oSy 1=1 1=1
1 K
N! Z HAU(Z)HAU(K i+1) < m Z HA HA]k it1
occSn 1=1 L Je=11i=1 i=1

e True for D=1

. rue for N=2

. rue for random matrices

Does it hold in general?




1 1 <
=2 40| /|54
1=1

occS31=1

1
) sin(26) 1 4 cos(26-)

[ 1 —cos(260;)  sin(26) ]
|

1 — cos(265) sin(265) ]

1
) sin(26-) 1 4 cos(265)

1 0
4=l o)

The rank |, 2x2, 3 matrix case



rank 1 asymptotically...

« Define the quantities (joint spectral radius)

1
L T T T

e = Jim B [log Jasafai,af,, - au o]

. 1 T T

>\WO ~ 811{:20 %EWO isnajzsn 1azsn 1 . .aﬂilalil
For rank one matrices:

T T
1 Wi Wi 1 Wqp i1 dj, 1 |12 11112 Ti41
log ||a;, a; a;, _,a; - @ = log ||a;, ||2 + log ||a;, || + log\a a;

71=1

This immediately implies Awo < Awr




Specifically for SGD

. ar random, ii
minimize,, Z(a%x — b,)? & aTdO , 11d
b1 b = aj Ty + W

Ewolllzr — 24*] = Ewolzr—1 — zx]* (I — 29A + Y A)Ewolzi_1 — 2,] + p*v* trace(A)

Ew:[[|zr — 2 ||?] = Ewr [(@p—1 — 20)" (I — 297, + 72 Ap) (wk—1 — 24)] + p*7° trace(A)

A :=Ela;a ] A:=E| |aH2aCLT]
1 1
Ap ==Y a;a] Ap == ail*aia]
n “4 n -
1=1 1=1

Without replacement bound is tighter because sample averages
are worse conditioned than expectations




Summary

* Practical Lessons
e Don’t lock!

 Locality Matters.

« Theory: Bias in sampling for better data access
 understanding is only beginning here:

« Noncommutative arithmetic-geometric mean in
full generality

 Biased orderings of SGD
 Automatic identification of locality
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