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why join streams ?

m processing network sensor data

monitoring, security...

sensor distributed
data streams :
one per node

SEensors

telecommunication network nodes

ENS RENNES 22 Septembre 2009 research & development © France Telecom
France Telecom Group



why join streams ?

m feed information system at lower cost : tables are processed
as streams

business intelligence ‘ DWH |

centralized
streams on the ETL server.

N

extraction transformation and loading

/J

N N
_ logs billing
operational data store
~ -~
applications services - billing
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why sample the join of streams ?

m answer various queries on the join of two data streams
F1 and F2 at any point t in time

m the join is F,<t >< F,<
m the join operation is blocking

= the join cannot be emitted as a flow without keeping F, and F, in
memory

= under finite memory constraint, the whole join cannot be
produced.

m the join must be estimated from samples of F, and F,
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general framework

m the sample of the join consists in two reservoirs, which can be
joined at any time.

Stream F rate D, P (i) =P, (x =1) /qk R, P,(i)=P,(x=1i)
(1,,x) — G oun (@)
> ~ >
Stream F, rate D, Fx=Fux P.(i)=P.(x=1) R.x=R,.x
(tz,x)l 9. (Z) —» 9our2 (Z)

R, Py(i)=Py,(x=1)
m four probabilities per stream :
= Pc(i) probability of join key i in F
m Pg(i) probability of join key i in R
m ((i) inclusion probability of join key i in R
= q,,(i) exclusion probability of join key i from R
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reservolr sampling

m reservoir sampling algorithm (see Vitter 1985) evaluates
= the inclusion probability as : q(t) = |[R|/ (t+1)
= the exclusion probability as : q,,, = 1/|R]
= both independent of the key and of the stream
m property :
= wWhen t tuples have been processed, the probability of each tuple to
be in the reservoir is |R|/t
m reservoir sampling allows to draw a uniform sample
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motivation

m avoid wasting reservoir space by having keys in one reservoir not
joining with keys in the other.

m in other words: find the sampling distributions P, and Pg, in the
reservoirs that maximize the size of the join obtained by joining
the two reservoirs.

m "careful with that axe, Eugene" ... there are some constraints
m respect the key distribution in the join !
» the total size of the reservoirs is bounded
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which value for Py(1) ?

m maximize the join size : Z|R,|*Pgr4(i) * [R5 *Pgro(i)

m under the constraints:

= PR1(i)*PR2(i)/ZjPR1(j)*PRZ(j) = Prqs<pal(i)
n R1+R2 =R

m Optimal solution
= R, =R,=R/2

= Prq()) = Pra(j) = [C* Pryscpali)]? ~ [ Pryscra(i)]"?
» Where C= ZPr,(j)*Pro())
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how to reach the right value for Py(1) ?

m Weighted Reservoir Sampling (Kolonko 2004, Efraimidis 2005)
allows to set P(i) to a desired value :

» read key i
= draw v according to an exponential distribution with parameter A = Pg(i)
m if v<R[n].v then

» delete R[n] // n is the size of R

* insert (i,v) in R ordered by ascending v

ENS RENNES 22 Septembre 2009 research & development © France Telecom
France Telecom Group



setting the weights

WRS

stream 1

reservoir 1

w1(i) = VP2(3i)/P1(i)

WRS
w2(i) = VP1(i)/P2(i)
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PR1(i) ~  P2(i)*P1(i)

stream 2

reservoir 2

PR2(i) ~ v P1(i)*P2(i)
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bounding the join size

m using Weighted Reservoir Sampling, we have :
= mean(J(i)) = Ry*Prq(i)" Ry Pro(i)= R/Z)Z*(P1(i)*Pz(i))/(sz1(j)*Pz(j)1/2)2
= mean(Jyrs) = (RI2)2*(EP4(1)*P(0))/ (Z(P1()*P2()) ")
m using Reservoir Sampling, we have :
» mean(Jgs) = (R/2)?*(ZP4(j)*P,(j)) (with two reservoirs of equal size R/
2)
® remark:
= (P () P20 (E(P1()*P2(0)2)? = 1
= under the constraints P, (j) = 1, %, (P,()*P5(j))"? = 1

m therefore mean(Jgs) = mean(Jyrs) = (R/2)?
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RS, WRS

m advantages
= N0 communication between reservoirs
m reservoirs a priori bounded
= "anytime" sampling

m drawbacks

= NO fine tuning of the sample due to the independent sampling
processes
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Deterministic Reservoir Sampling

m Deterministic Reservoir Sampling is a three steps algorithm :

» at the first step a sampling design based on the join key is built.
» at the second step the samples R1 and R2 are collected.
» at the third step the obtained samples R1 and R2 are optimised.

m the size of the join J is fixed.

m the size of the memory needed |R|=|R1|+|R2| depends on
the distribution of join key
= Uunknown in advance, except that |R|<|J|.

ENS RENNES 22 Septembre 2009 research & development © France Telecom
France Telecom Group



Deterministic Reservoir Sampling
first step

m frequencies of the join key are supposed to be known (or
well estimated) for both streams :

PP}
N . .
S PP

J

P(k) =

m the sampling design consists of the draw of |J| keys
according to the distribution of the join key in the join :
m J=0
m fori=1to [J| do
» draw a key k from P(k)
» J=J+{K}
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Deterministic Reservoir Sampling
second step

m the second step consists of the collect of the |J| desired
keys :
m R1=0
m R2=0
= while |R1[.|R2| < |J]
m if a key k arrives from F1
- if [R1(k)| < (k)| and |R1(k)|.max(1,|R2(k)|) < |J(k)| then R1=R1 U {k}
m if a key k arrives from F2
- if |R2(k)| < (k)| and |R2(k)|.max(1,|R1(k)]) < |J(k)| then R2=R2 U {k}
m warning: the current state of each reservoir must be known
to the other at every arrival
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Deterministic Reservoir Sampling
third step

m the purpose of the last step is to avoid rounding error between the
obtained samples R1 and R2 and the sampling design J.

m it is done only when a query is requested on the join.
m forall joinkeyiin |r|><|R)|

E = (R;‘\.{R;‘\-l)—\f\)
£, - (R (R 1))
7))

= while (El <EANDE, <E, AND|R]|> 1)0R (52 <EANDE, < E, AND|R]| > 1)

E= {R;‘ R

IF(E, < E,) THEN |R!|=|R/|-1
IF(E, < E,) THEN |R}| = |Ry|-1
+ evaluate E, E; and E,
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Deterministic Reservoir Sampling

m assuming that we succeed to collect the samples needed
R1 and R2, a sample drawn from the join key distribution is
obtained

m therefore, DRS algorithm leads to the smallest variance of
the key distribution in the join

m drawbacks
m intense communication between reservoirs
= No a priori "tight" bound on the sizes of the reservoirs
= N0 bound on the time needed to fill up the reservoirs

ENS RENNES 22 Septembre 2009 research & development © France Telecom
France Telecom Group



deterministic sampling: another
possible approach

m in the above approach, it is necessary for the two samplers
to communicate intensively

m here is another approach:

= draw a set of |J| keys from the key distribution in the join: N,,(i)
* size of the sample of the join known apriori

= define the optimal sampling design N_(i) on each stream separately

so as to obtain the sample of the join
« minimize Z; (N4,(i) — N4(i)*N5(i))?/N4o(i) with = N () = R, (a=1,2)
* the solution of the optimisation problem gives the size of each reservoir
and the keys to collect in each reservoir

m collect the keys independently on each stream until both reservoirs
are complete
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"light" deterministic sampling

® advantage:
= N0 communication between reservoirs
m reservoir sizes known a priori

m drawback:

= No bound for the time necessary to complete the reservoirs, ie no
bound for the time necessary to get the sample of the join
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Active Reservoir Sampling

m we want a sample where the distribution of the join key is
as close as possible of the true one.

m the idea is to minimize the %? between Pg4,.r, and Pgscrs

: Proira (1) = Pry o (i
Khlz(PszaPRmz) — ‘Rl > < RZ‘E ( R1R2(; g)pz( ))2
‘ F1F2

m by controlling inclusion probabilities q4(i) and q,(i)
m exclusion probabilities are uniform
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Active Reservoir Sampling

aKhlz( F1F2 R1R23) E |R1 P> R2| aK(i)
a% (k) i PF1F2 (l) a% (k)
P ()P, (D)

K(Z) ( R1R2(Z) 1F2( )) - PF1F2 (l)

S Pa (P (D)

dK (i) E 0K (i) 9B,())
aql(k J Rl(j) a%(k)

- if we develop the previous equation we obtain two terms.
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Active Reservoir Sampling

m the first term is obtained by direct derivation :

Pu(DPu (DB ()
(SRR

PRz (1)2 PRI (I)sz (I) - PRI (i)Raz (i)z

PF1F2 (Z)

KD _ o5 ) Lu®P)
0P, (J) S Pa(DPa(D)

Lo (DB, ()

PF1F2 (l)

i

S B (DP() ) (E ()P 2(1))2

m Where A; = 1if i=jand O else
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Active Reservolr Sampling

m Second term is obtained from fluid approximation (balance
equation between inputs and outputs) :

W, D
=-(1- ,k) P () + Ay =5
R OR[ k]

aPR] (j)

|J|
— P.(k)-P.(k

= Where A; = 1if i=jand O else
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ARS

m advantages

m extremely accurate control of the quality of the key distribution in the
sample of the join

= "anytime" sample
m drawbacks

= computing intensive
= communication intensive
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quality of the sampling

m the quality of the sampling is measured by
» the variance of the key distribution in the sample of the join
= the size of the obtained sample of the join
= the memory resources

m very important reminder:

= the confidence interval on the result of a query on the sample
of the join is a function of both variance and join size

m the following results are obtained using 100 draws for
each value.
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synthetic datasets
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first toy problem

m two streams containing three join keys.

m each value of the join key have a different probabilities for
each stream and for join stream :

Frequency table F1 Frequency table F2 Frequency table F1 ><F2
Count |percentage Count |percentage Count percentage
key Key Key
1 5050 5.00000 1 2020 2.00000 1 10201000 117382
2 1010 1.00000 2 90900 90.00000 2 91809000 10.56332
3 94940 94.00000 3 80800 8.00000 3 7671152000 88 26286
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Variance

variance
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Size of Join

join size

Size of Join versus (R1+R2)/2
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first toy problem : conclusion

m Reservoir Sampling estimator is not robust : large variance and small size
of join.

m Deterministic Reservoir Sampling estimator is robust : smaller variance
than other estimators.

m Weighted Reservoir Sampling estimator leads to a large size of join, but
with a variance higher than Deterministic Reservoir Sampling.

m Active Reservoir Sampling outperforms other algorithms : low variance,
and large size of join for limited ressources but potentially very computing
intensive: one update is O(C3) with C the number of keys ...
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second toy problem

m keysin {0, ..., C-1}

m controlled key distributions in streams 1 and 2
a P, (k) ~ 10+
a P,(k) ~ 10PUC-1-K

m from p=0 (uniform distributions in both streams) to p=4 (very
unbalanced distributions)

m from C=10 to C=104
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RS*-WRS o-DRSsquare-p=0

uniform key distribution
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- . RS*-WRS o-DRSsquare-p=0 uniform key distribution
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- . RS*-WRSo-DRSsquare-p=4 unbalanced key distribution
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variance RS *-WRS 0- DRS square -p = 4 unbalanced key distibution
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second toy problem: conclusion

m variance: DRS dominates WRS

» the simpler the problem (small number of keys, not too unbalanced
distributions), the larger the domination at a given reservoir size

= on complex problems, it takes very large reservoir sizes to get a
noticeable domination of DRS on WRS

m join size: WRS makes better use of large reservoirs
= WRS dominates for few keys and biased distributions
s DRS dominates for small reservoirs

= WRS: complex problems AND large reservoirs
= DRS: simple problems OR small reservoirs
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a real dataset
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a large trace

m two traces are extracted from :
m a services subscription: trace F1,
m a use of services: trace F2.

m the join key is the user id.

Compte Rendu Usage :

CRU

PK

CRU_ID

FK1
FKk2

ID_Tiers
EDP_ID
Date_début
Date_fin
Durée
Service
Fonction

Identité Tiers : IT

r

PK ID_IDENT_ID
FK1 ID_Tiers
Type
Login
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F1 F2 F1><F2
size 408 333 30 2339 436 19 550 134 962
#jointkey [ 74117 61 381 61 357

Elément de parc : EDP

PK EDP_ID
FK1 ID_Tiers
FK2 CRU_ID

Date souscription
Date résiliation
Service
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variance

variance
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Join size

join size

Join size
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large trace: conclusion

m with a large number of key Active Reservoir Sampling
cannot be used (computational time cost n3)

m Reservoir Sampling and Weighted Reservoir Sampling have
almost equivalent performances
= Not too unbalanced key distribution in this example

m Deterministic Reservoir Sampling estimator outperforms
other estimators for limited ressources.
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so what ... WRS or DRS ?

m well ... sorry pal !
s complex behaviours

= NO single best solution
« WRS: complex problems AND large reservoirs
- DRS: simple problems OR small reservoirs

m do you mean this is an helpless mess ?

m well ... not really: consider the applicative constraints first !
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the application point of view

No constraint

reservoirs available

Need to know the join key

Need to estimate probabilities of joint key

at any time

control of
the key distribution

a priori bound on

the size of the reservoirs

computing
and
communication
requirements
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Need to know the join key
Need to estimate p(i)

no guarantee on the time
necessary to collect
the reservoirs

no a priori bound on

Need to exchange p1(i) and p2(i)
between each reservoir

Need to know the join key

Need to estimate p(i)

Need to exchange p1(i) and p2(i)
between each reservoir

Only for small number of keys
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the application point of view

reservoirs available
at any time

control of
the key distribution

no guarantee on the time
necessary to collect

the reservoirs

Distributed streams ~ network applications

Centralized Streams ~ informatjon system applications

a priori bound on

the size of the reservoirs

no a priori bound on
the size of the reservoirs

computing
and
communication
requirements
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