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Distributed ML: one machine to many

A Setting:haveiterative, parallel ML algorithm
I E.g. optimization, MCMC algorithms
I For topic models, regression, matrix factorization, SVMs, DNNs, etc.

A Critical updates executed on one machine, in parallel
I Worker threadsshare global model parametersvia RAM

Parallelize over Share global model
worker threads J\/\/— parameters via RAM

for(t=1toT){
doThings ()

parallelUpdate  (x, P) 2 >

doOtherThings () \
}
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Distributed ML: one machine to many

A Want: scale up by distributing ML algorithm
I Must nowshare parameters over a network

A{SSya tA1S | &aAYLXS Gl aix
I Many distributed tools available, so just pick one and go?
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Single machine,
multiple threads

Multiple machines,
communicating over
network switches
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Distributed ML Challenges

Ab20 |jdAGS OGKIG SIaex
A Two distributed challenges:

T Networks are slow
i GLRSYGAOIf £ YIOKAYSa NJINBfe& LISNIF2N

Unequal «w
performance J\/\Jﬁﬂ <0 Gl

Low bandwidth,
High delay
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Networks are (relatively) slow

A Low network bandwidth:
I 0.1-1GB/s (intetmachine)vs)XH n D. K-RAM) / t |
I Fewer parameters transmitted per second

A High network latency (messaging time):
I 10,006100,000 ns (intemachine)vs100 ns (CPARAM)
I Wait much longer to receive parameters
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Networks are (relatively) slow

A Parallel ML requires frequent synchronization

I Exchange 1-A000K scalars per second, per thread
i tIF N YSUOSNE y2i &K EoNBRicdjczhodgnbck Sy 2 dz=
A Significant bottleneck over a network!
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Networks are (relatively) slow
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Time Breakdown: Computes Network
LDA 32nachines (256 cores)0%data periter

m Network waiting time

m Compute time

d Of S Iyl £ontéolDvelimaghiieand fulli fétwork capacity

Real clusters with many users have even worsgwork:computeratios!
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A Even when configured identically

A Variety of reasons:
I Vibrating hard drive
I Background programs; part of a distributBlgsystem
I Other users

T Machine is a VM/cloud service
A Occasional, random slowdowns in different machines




Conseqguence: Scaling up ML Is hard

A Going from 1 to N machines:
I Naive implementations rarely yieldfNld speedup
A Slower convergence due to machine slowdowns, network bottlenecks

I If not careful, even worse than a single machine!
A Algorithm diverges due to errors from slowdowns!
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EXxisting genergburpose scalable ML

Theoryoriented Systemsoriented
A Focus on algorithm correctness/convergence A  Focus on high iteration throughput
A Examples: A Examples:
T Cyclic fixeddelay schemegLangford et al., T MapReduce Hadoopand Mahout
Agarwal& Duch) i Spark
I Singlemachine asynchronouéNiuet al.) i Graphbased GraphLabPregel

T Naivelyparallel SGOZinkevichet al.)

T Partitioned SG¥Gemullaet al.) A May OverSImpIIfy ML issues

i So®3d |aadzyS fA2NAGKYaA

A May oversimplify systems issues distributed setting, without proof
I e.g. need machines to perform consistently I e.g. must convert programs to new
i e.g. need lots of synchronization programming model; nontrivial effort

I e.g. or even try not to communicate at all

SAUEING
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EXxisting genergburpose scalable ML

Theoryoriented Systemsoriented
A Focus on algorithm correctness/convergence A  Focus on high iteration throughput
A Examples: A Examples:
T Cyclic fixeddelay schemegLangford et al., T MapReduce Hadoopand Mahout
Agarwal& Duch) i Spark
I Singlemachine asynchronouéNiuet al.) i Graphbased GraphLabPregel

T Naivelyparallel SGOZinkevichet al.)

T Partitioned SG¥Gemullaet al.) A May overSImpIIfy ML issues

i So®3d |aadzyS fA2NAGKYaA

A May oversimplify systems issues distributed setting, without proof
I e.g. need machines to perform consistently I e.g. must convert programs to new
i e.g. need lots of synchronization programming model; nontrivial effort

I e.g. or even try not to communicate at all

Can we take both sides into accoun|t?
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Middle of the road approach

A Want: ML algorithms converge quickly underperfect systems conditions
I e.g. slow network performance
I e.g. random machine slowdowns
I Parameters are not communicated consistently

A Existing workmostly use one of two communication models
I Bulk Synchronous Parallel (BSP)
I AsynchronousAsyng

A First, understand pros and cons of BSP aksync

L.aboratory for Statistical Artificial InteLligence & INtegrative Genomics
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Bulk Synchronous Parallel

Synchronization Barrier
(Parameters read/updated here)

Thread 1 mEEp | HEE) | HER) | B
Thread 2 | HEEp | HER) | B
Thread 3 N | HEE) | HER) | )
Thread 4 | HEEp | HER) | B

=)
=)
=)
=)

L.aboratory for Statistical Artificial InteLligence & INtegrative Genomics
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Threads synchronize (wait for each other) every iteration
Threads all on same iteration #
Parameters read/updated at synchronization barriers oAU,
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The cost of synchronicity

Thread 1 “ q “
Thread 2 “ “
Thread 3 “ ‘»
Thread 4 @ ‘»

(a) Machines perform unequally
(b) Algorithmic workload imbalanced
So threads must wait for each other

Time

Si
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The cost of synchronicity

Wasted computing time!

Thread 1 “

Time

Threads must wait for each other
Endof-iteration sync gets longer with larger clusters

Precious computing time wasted

Si
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Asynchronous

Parameters read/updated
at any time

Thread 1-‘@@“@“
Thread 2.’@“!’““
rveas s e e s mp
rvead « iy M )

Time

Threads proceed to next iteration without waiting
Threads not on same iteration #
Parameters read/updated any time

L.aboratory for Statistical Artificial InteLligence & INtegrative Genomics
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Slowdowns and\sync

SATFSNBYOS Ay AUSNYOGA2ya b |

Thread 1-@1»“@“
Thread 2.’@“!’““
rveas s e e s mp
rvead « iy M )

Time

Machine suddenly slows down (hard drive, background process, etc.)
Causing iteration difference between threads
Leading to error in parameters
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Asynoworst-case situation

SATFSNBYOS Ay AUSNYOGA2ya b |

A
<
N\

Thread 1

Thread 2.’@“!’““
rveas s R MRy N R o o)
rvea <y Wt i mEnp

Time

Large clusters have arbitrarily large slowdowns!
Machines become inaccessible for extended periods
Error becomes unbounded!
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What we really want

AdtNIAFITE ae8yOKNRBYAOAUER
i Spread networkcommsS Sy f & OR2Yy Qi &aeéeyoO dzyf Saa
i ¢ KNBF RA& dza dzl fdodziia izt BAO@ G RNBRFE 0 2 2

A Straggler tolerance
I Slow threads must somehow catch up

A Is there a middle ground between BSP aAdyn®

Thread 1 1

Thread 1

e s DD mOp )

Thread 4

-l ] =
Thread 2 Thread 2 »““l’““
~2ASEA=] < D ey
o> o || =
BSP D7

Async
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That middle ground

AGtFINIAFITE ae8yOKNRBYAOAUER
i Spread networkcommsS Sy f & OR2Yy Qi &aeéeyoO dzyf Saa
i ¢ KNBF RA& dza dzl fdodziia izt BAO@ G RNBRFE 0 2 2

A Straggler tolerance
I Slow threads must somehow catch up

AP
i )

REENEN
BNENEN

Force threads to sync u

Thread 1 S )
Thread 2.’@“
Thread 3“@@

Thread 4[}@.:*

Time
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That middle ground

How do we realize this?

AP
i )

REENEN
BNENEN

Force threads to sync u

Thread 1 S )
Thread 2.’@“
Thread 3“@@

Thread 4[}@.:*

Time
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Stale Synchronous Parallel

Staleness Threshold 3

Thread 1 waits until
Thread 2 has reacheater 4

N\

Thread 1

—_—— .Y

|
Thread 3 E

Thread 4

| P ppp——.. AP

—>
9 lteration

m N = —
m - _— — _——

o

=

N

" .

N T
~

o)

Note: xaxis is nowteration count not time!

Allow threads tousuallyrun at own pace
Fastest/slowest threads not allowed to drift >S iterations apart
Threads cache local (stale) versions of the parameters, to reduce network syncing



Stale Synchronous Parallel

Staleness Threshold 3

Thread 1

Thread 1 will always see
these updates

4

—_—— .Y

|
Thread 3 E

Thread 4

Thread 1 may not see
these updates (possible error)

4

1 2 3

i —
8 9 lteration

I SR,

m - _— — _——

|
|
1
1
5

o
_h R = —

A thread atiter T sees all parameter updatelsefore iter T-S
Protocol: check cache first; if too old, get latest version from network

Consequence: fast threads must check network every iteration
Slow threads only check every S iteratiog$ewer network accesses, so catch up!
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SSP provides beest-both-worlds

SSP combines best properties of BSP Asgnc

BSHike convergence guarantees
I Threads cannot drift more than S iterations apart
i Every thread sees all updates before iteratie8 T

A Asynchronoudike speed
i ¢KNBIRA dzadzZrffe R2y QU 61 A0 odzyft Saa GKSNB )
I Slower threads read from network less often, thus catching up

A SSP is a spectrum of choices
i /Ly 06S FdZ fe& adyOKNRy2dza o{ I n0v 2NJ OSNE |
i Orjust take the middle ground, and benefit from both!

Thread 1 I

Thread 2
ez s [ ———)

(R B
Thread 4
roa |
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Why does SSP converge?

noisy gradient

"-
..-
-

gradient

Next state = previous state + noisy gradient

Instead ofX, o, SSP See§,jc = Xyye + €rror

Theerror caused by staleness Bunded
Over many iterations, average error goes to zero

25
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Why does SSP converge?

SSP approximates sequential execution

Thread 1|1 V)
Thread 2 I lf 'f " ===p Sequential execution
Thread 3 1 7 I 7 7 :)
Thread 4 / J J :)
— >
0 1 2 3 4 5 6 7 8 9 Clock
‘-i LL‘.\ Qg%i' gy

L.aboratory for Statistical Artificial InteLligence & INtegrative Genomics
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Why does SSP converge?

SSP approximates sequential execution

Staleness 3
<€ >
Thread 1|1 f D
Thread 2 I y . ===p Sequential execution
/ / . Possible error
Thread 3 [ 7 7/ 7 gl ') windows for this
{ { / J update: = " " 3
hemw
Thread 4 :>
— >
0 1 2 3 4 5 6 7 8 9 Clock

SSP majose up to S iteration2 T

L.aboratory for Statistical Artificial InteLligence & INtegrative Genomics
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Why does SSP converge?

SSP approximates sequential execution

Staleness 3
<€ >
Thread 1] f f I ::
Thread 2 I y y . ===p Sequential execution
/ / / Possible error
Thread 3 [ T 7 . /& N :> windows for this
/ / J J update: = " " 3
N hemw
Thread 4 I V)
i i i i i i t i i —>

0 1 2 3 4 5 6 7 8 9 Clock

DIRAWEIN{

E .‘:f’\
) ; . 0
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Why does SSP converge?

SSP approximates sequential execution
Error window (2x3)L = 5iters

€ >
Thread 1] f ﬂ [ I ::
Thread 2 I y :b . ===p Sequential execution
/ / / Possible error
Thread 3 1 7 7 7 71 I :> windows for this
{ { / J update: = " " 3
henw
Thread 4 I I:>
i i i i i i t i i —>

0 1 2 3 4 5 6 7 8 9 Clock

Thus, at most 294 iterations of erroneous updates
Hence numeric error in parameters is also bounded
Partial, but bounded, loss strializability

L
&

I ~ é\ N
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Convergence Theorem

A Want: minimize conve: /(x) = £ 37, fi(x) (Example: Stochastic Gradier
I L-Lipschitz problem diameter bounded by”

I Staleness, usingP threads across all machines

" : _ O g - F
I Use step sizey: = 7 with o = L2t )P

L.aboratory for Statistical Artificial InteLligence & INtegrative Genomics
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Convergence Theorem

A Want: minimize conve /(x) = 137, filx (Example: Stochastic Gradier
I L-Lipschitz problem dlameter bounded biy”

I Staleness, usingP threads across all machines

.. S S _ _F
I Use step sizey: = 7 with o = L2t )P

Difference between
SSP estimate and true optimum

A
r )

T i}
Z w ) <AFL 2(“

_I_

1)P

A SSP converges according RX] :=
I WhereT is the number of iterations

N

A Note: RHS bound contailis, F) and(s, P)

I The interaction betweemeory andsystemgparameters

< \ \
>
‘-é. .
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SSP solves Distributed ML challenge:

A SSP is a synchronization model fast and correct distributed ML
i C2aleliart LI NI} YSGUSNI dzLIRJ=G.S&) 2F GKS F2N

A SSP reduces network traffic
I Threads use stale local cache whenever possible
T Addresseslow networkandoccasional machine slowdowns

M N W W
Cache Cache Cache Cache

[ [ [ ]
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SSP + Parameter Server
= Easy Distributed ML

A 2SS AYLISYSyld {{t I & OxaeddSNBEHESISNI aSNIDSNE 6t {
T Provides all machines with convenient access to global nuataimeter
T Can be run on multiple machinegeduces load per machine

A SSPTablallows easy conversion of singl®achine parallel ML algorithms
i dDistributed shared memody LINR ANJ YYAyYy 3 aidets
T No need for complicated message passing
i Replace local memory access with PS access

| | UpdateVar (i) {
Worker 1 Worker 2 Slngle old = y[ I ]
Machine delta = f(old)
\ / Parallel y[ 1] +=delta
}
SSPTable
J (one or- more ] Updatevar( I ) {
meenne Distributed | old =
Worker 3 Worker 4 with SSPTable delta = f(Old)
}

WAhmed et al. (WSDM 2012), Power and Li (OSDI 2010)




SSPTablerogramming

A Easy, tabldased programming just 3 commands!
I No message passing, barriers, locks, etc.

A read_row (table,row,s )
I Retrieve a table row with staleness s

A inc( table,row,col,value )
i LY ONBYS yrow,ca) byovalueQa 6

I Inform PS that this thread is advancing to the next iteration

.
L.aboratory for Statistical Artificial InteLligence & INtegrative Genomics
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SSPTablerogramming

Ry

A Just put global parameters in L Q&«oj;@
SSPTableExamples: FEL S
Topic 1
. . Togicz
A Topic Modeling (MCMC) Topic 3 ,
i Topieword table Topic 4 /
A Matrix Factorization (SGD) - R
I Factor matrices L, R
SSPTable
A Lasso Regression (CD)
I Coefficients 1

A SSPTablsupportsgeneric classes
of algorithms

I With these models as examples L rl rLL

L.aboratory for Statistical Artificial InteLligence & INtegrative Genomics



SSPTableses networks efficiently

8000 -
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Time Breakdown: Computes Network
LDA 32nachines (256 cores)0%data periter

m Network waiting time

m Compute time
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SSPTableses networks efficiently

Time Breakdown: Computes Network
LDA 32nachines (256 cores)0%data periter

8000 -

7000 -

6000 - m Network waiting time

8 5000 - m Compute time
c

O
S 4000 -

O
U 3000 -

2000 -

I I 10 B B
O T T T T T T
8 16 24 32 40 48

BSP\
Staleness

Network communication is a huge bottleneck with many machines
SSP balances network and compute time
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SSPTablesBSP and\sync

LDA onNYtimesDataset
LDA 32 machines (2%6res),10%docs peiter

LogLikelihood

-1.15E+09 /
-1.20E+09
-1.25E+09 /

-1.30E+09

-9.00E+08

0 500 1000 1500 20
-9.50E+08
-1.00E+09 /
-1.05E+09 //4
-1.10E+09

/|

——-BSP (stale 0 | ]

async -

Seconds

NYtimeglata

N = 100M tokens
K =100 topics

V = 100K terms

00

BSP has strong convergence guarantees but is slow
Asynchronous is fast but has weak convergence guarantees
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SSPTablesBSP and\sync

LogLikelihood

LDA onNYtimesDataset
LDA 32 machines (2%6res),10%docs peiter

-9.00E+08

0 500 1000 1500 20
-9.50E+08 /./F?_.'e
-1.00E+09 // /
-1.05E+09 //,
-1.10E+09 /
-1.15E+09 / // --BSP (stale O | -
-1.20E+09 / -=-Stale 32 —
-1.25E+09 / async -
-1.30E+09 !

Seconds

NYtimeglata

N = 100M tokens
K =100 topics

V = 100K terms

00

BSP has strong convergence guarantees but is slow
Asynchronous is fast but has weak convergence guarantees
SSPTables fast and has strong convergence guarantees
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The Qualitys Quantity tradeoff

Quantity: iterations versus time Quality: objective versus iterations
LDA 32 machines, 10% data LDA 32 machines, 10% data
1000 -9.00E+08
900 -0.50E+08 $
800
700 - -8 -1.00E+09- ——BSP (stale 0
600 - 2 _1.05E+09-
500 —
o - D -1.10E+09 ——stale 16
300 BI) -1.15E+09 —<stale 24
200 - o
100 - —1 -1.20E+09-
0 -1.25E+09- stale 48
0 2000 4000 6000 8000 1.30E+09 - |
Seconds Iterations

Progress per time istérs/sec) * (progressiter)
High staleness yields moiters/sec, but lowers progresgér
Find the sweet spot staleness >0 for maximum progress per second



The Qualitys Quantity tradeoff

A

Gain per second

Gain per iteration Iterations per second
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More
Staleness

Progress per time istérs/sec) * (progressiter)
High staleness yields moiters/sec, but lowers progresgér
Find the sweet spot staleness >0 for maximum progress per second
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Matrix Factorization (Netflix)

Netflix data
100Mnonzeros
Objective function versus time oo
MF 32 machines (256 threads) rank 100
1.40E+09
. 1.00E+09 \ \ ——-BSP (stale T
£ 8.00E+08 I\ _=stale 7
%‘6.00E+08 -\
2 00E-+08- ~___
0.00E+00
0 500 1000 1500 2000
Seconds
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LASSO (Synthetic)

Synthetic data
N = 500 samples

P = 400K features

Objective function versus time
Lasso 16 machines (128 threads —-BSP (stale 0
4.80E01 —=-stale 10
4.70E01 LN stale 20
8 4.50E01 \\9‘\ -«stale 80
o) \\
O 4.40E01 —
A ‘\ —,
4.30E01 A, _i
#pj—m—_m
4.20E01 | , | |

0 500 1000 1500 2000 2500 3000 3500 4000
Seconds

Si
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SSPTablscaling with # machines

LDAon NYtimesdataset
(staleness = 10, 1k docs per core per iteration
-8E+08 Double # machines:
) 2000 4000 6000 8000 10000 - - Al A ~
I'tv) Ty.: a L:]S S RdzLJ]
oE+08 M 02y OSNES My pcez
=, N
—X
-1E+09 / \'_/
—“-7“)—/—7’ —--———70————
/ g _
-1.1E+09 )/ =—&—32 machines (256 cores Eg 30 7 deal Scal %
——16 machines (128 cores 2257 SsP 7
. o 20
-1.2E+09 / =8 machines (64 cores S 15 /.
/ =4 machines (32 cores é 10 /
—=2 machines (16 cores ® 5 .
-1.3E+09 - , , 4
=®-1 machine (8 cores 20 . . . .
= o0 10 20 30 40
1 AE+09 # machines
Seconds

SSP computational model scales with increasing # machines
(given a fixed dataset)
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Recent Results

A Using 8 machines * 16 cores = 128 threads
I 128GB RAM per machine

A LatentDirichletAllocation

I NYTimeslataset (100M tokens, 100K word<g)K topicy
A SSP 100K tokens/s
A GraphLatBOK tokens/s

I PubMeddataset {.5B tokens 141K words, 100 topics)
A SSP 3.3M tokens/s
A GraphLatl.8M tokens/s

A Network latent space role modeling
I Friendster network sampl€89M nodes 180M edges)
I 50 roles:SSP takes 14h to conver{¢s5 days on one machine)
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Future work

A Theory
I SSP for MCMC
I Automatic staleness tuning
I Averagecase analysis for better bounds

Load balancing

Fault tolerance

Prefetching

Other consistency schemes

A Applications
I Hardto-parallelize ML models
I DNNs, Regularizddyes Network Analysis models

-
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Workshop Demo

A SSP is part of a bigger systeRetuum
I SSP parameter server
I STRADS dynamic variable scheduler
I More features in the works

A We have a demo!
I Topic modeling8.2M docs, 7.5B tokens, 141K wortl8K topic}
I Lasso regressiofLO0K sampled,00M dimensions5 billionnonzerog
I Network latent space modeling39M nodes 180M edges, 50 roles)

A At BigLearning2013 workshop (Monday)
I http://biglearn.org/




Summary

A Distributed ML is nontrivial
T Slow network
I Unequal machine performance

A SSP addresses those problems
I Efficiently use network resources; reduces waiting time
I Allows slow machines to catch up
I Fast likeAsyng converges like BSP

A SSPTablparameter server provides easy table interface
I Quickly convert singlenachine parallel ML algorithms to distributed

A Slides: www.cs.cmu.edu/~gho/ssp_nips2013.pdf

S
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