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PSContext.getOrCreate(spark.sparkContext)

val psVector = PSVector.dense(dim, capacity)

rdd.map { case (label , feature) =>
psVector.increment(feature)

}

println("feature sum:" + psVector.pull.mkString(" "))

- BnhSparkSession

o #)9EPSContext, BnhAngelfJPSServer

'« 3@ PSContext, BllEEPSVector
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. {=1ESparkSession
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NumericOps[T] Executor Angle PS

def round(t: T):T ---

def dot(t: T):T

def max(t: T):T
Task [
& J
4 BreezePSVector L [ ]
e N s N -
<<class>> <<class>> 7o ---
BreezeVector BreezePSVector BreezePSVector <:> © }
~+
def round(t: T):T def round(t: T):T BreezePSVector ---
def dot(t: T):T def dot(t: T):T
def max(t: T):T def max(t: T):T \ / ---
\ J \ J \ )

« JEBreezeVectorERAE#E PsVector
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* Spark

def runOWLQN(trainData: RDD[(Vector, Double)l, dim: Int, m: Int, maxIter: Int): Unit = {
val initWeight = new DenseVector[Double] (dim)
val llreg = 0.0
val owlgn = new BrzOWLQN[Int, DenseVector[Doublel]l(maxIter, m, 0.0, le-5)

val states = owlqgn.iterations(CostFunc(trainData), initWeight)

« Spark on Angel

def runOWLQN(trainData: RDD[(Vector, Double)l, dim: Int, m: Int, maxIter: Int): Unit = {

val initWeightPS = PSVector.dense(dim, 20).toBreeze()
val 11regPS = PSVector.duplicate(initWeightPS.component).zero().toBreeze

val owlgn = new OWLQN(maxIter, m, 1llregPS, tol)
val states = owlgn.iterations(PSCostFunc(trainData), initWeightPS)
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A Better Way of Online Learning
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- Bfr: TEonlineRVi7= P&/ MEIG18(regret)

For t=12,...T
Learner receive an inputx, € X
«Learner output prediction p, = f,(x,) €Y
Nature looks at output 2: and send the learner the true label ¥, €Y
Learner suffers loss V' (p,, y,) and updates its model

The learner is trying to minimize the regret

R, (H)= ZV(p;ay;)_%i}'[le(f(x;),y,)

- HAIE L. FTRL(follow the regularized leader)



Logistic RegressionBYFTRL

Algorithm 1 Per-Coordinate FTRL-Proximal with L; and
L2 Regularization for Logistic Regression

# With per-coordinate learning rates of Eq. (2).
Input: parameters a, 3, A1, A2
(Vi € {1,...,d}), initialize z; =0 and n; = 0
fort=1to T do
Receive feature vector x; and let I = {i | z; # 0}
For i € I compute

0 if |zi| <X\
= _ -1 .
W, _ (ﬁ+T AL A2) (zi —sgn(zi)A1) otherwise.

Predict p; = o(x¢ - w) using the w; ; computed above
Observe label y; € {0,1}
for alli € I do

gi = (pt —yt)zi F#gradient of loss w.r.t. w;

& = %(\/ni + g% — \/n_l) #equals m% - "7t—11,i
Zi ¢z +gi — oWt
ni < ni + g2
end for
end for




[Spark Streaming on Angel] FTRLZE44

-

Angel

/— FTRL.streamingTrain (Z, N) -\4

_________________

A
z N

_________________
v

\_ —

Executor t-1 t t+1 t+2 t+3
PR . . .
%kqfkq Z>I [ RDD ] [ RDD ] [ RDD ] [ RDD ] [ RDD ] '

featureDStream

<SparselLRWithFTRL.scala>

mapPartitionsWithindex



P e e e e e e e e e
. .

U

) T —"

-------

Push AN

Push AZ

o Em s o w mmm s R mm s o R s Em s o

RDD

k Partition O / \ Partition 1 / \ Partition n /

N ommm w mms s mmm s s R mmm 8 s R mEm 8 M R EEm A EEm R MmN EEm R M A MEm R M A MEm N M R MEm F MmN Mmm § Mmm R MEm 4 Em R M A Em R M A MmN M A Emm R M 8 M N mmm A w8 e n mm

Spark Streaming

. .
L L LR L R



FTRLAY ZAR R ADHESR

1. #1881 3 (Spark Streaming & Angel)

val ssc = new StreamingContext(sparkConf, Seconds(streamingWindow))

val sc = ssc.sparkContext
PSContext.getOrCreate(sc)

2. Xf#EKafka, @liEDataStream (Receiver-baset®z()

val topicMap: Map[String, Int] = Map(topic —> 1)
val featureDS = KafkaUtils.createStream(ssc, zkQuorum, group, topicMap).map(_._2)

3. IEAngelfIPSModel (PSVector)

PSVector.sparse(dim)
PSVector.sparse(dim)

val zPS: SparsePSVector
val nPS: SparsePSVector

4. EEFFeatureDS, ZrzPSHInPSHE £ ATE

SparseLRWithFTRL.train(zPS, nPS, featureDS)

5. BahSparkStreaming

ssc.start()
ssc.awaitTermination()
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Spark on Angel vs Spark —— LR

Spark Sparkon Angel  HnELLHGI
SGD LR (stepSize=0.05,maxlIter=100) 2.9 hour 1.5 hour 48.3%
L-BFGS LR (m=10, maxIter=50) 2 hour 1 hour 50.0%
OWL-QN LR (m=10, maxlter=50) 3.3 hour 1.4 hour 57.6%

Spark on Angel VS. Spark

LBFGS OWLON

25
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1
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0
SGD

mSpark mSpark on Angel



Angel vs XGBoost —— GBDT

GBDT Algorithm
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E2S Worker PS I 201FETIE]
Angel 50 NITE: 10G / Worker) 101 (R7E: 10G/ PS) 58 min
XGBoost 501 (R7F: 10G/Worker) N/A 2h 25 min
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Angel vs Spark LDA

LDA Algorithm
350
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Angel Spark
1EZE Worker PS Bl
Angel 201NA7FE: 8G/Worker) 20N (ARE: 4G/PS) 15min
Spark 207N (R7E: 20G/Worker) N/A >300min
#44E: PubMED
2% Worker PS Byl
Angel 50 ™NRTE: 10G/Worker) 50M™NRTE: 4G/PS) 1h 7min

DataSet: 40G Token: 2 billion Word: 52w Topic : 1000



Angel vs Spark LR

GD-LR Algorithm
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Angel vs Spark — ADMM-LR

ADMM-LR loss @ loss(spark) @ loss(angel)
07
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Tencent / angel ® Unwatch~v = 321 % Unstar = 2,889 ¥ Fork 704

LightBGM{EZ# : [GBDT] The purposes of using parameter server in GBDT #7

. BYMEA: English translation of documents #95

github:issues
(PR 98) « 1EHNTHENH: [WIP]Upgrade the netty version of RPC to 4.x #94

HORME . 1858 REA, IIAyEEERF
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- ElfFTgi&iPaper ( CCF A3k)

LDA*: A Robust and Large-scale Topic Modeling System VLDB, 2017

« Heterogeneity-aware Distributed Parameter Servers. SIGMOD, 2017

« Angel: a new large-scale machine learning system. National Science Review (NSR), 2017

TencentBoost: A Gradient Boosting Tree System with Parameter Server. ICDE, 2017

SIGMOD/PODS 2017

Chicago, lllinois, USA, May 14-19
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