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A
bstract

In
the

com
ing

era
of

segm
ent-of-onem

arketing,decisionsaboutbusinesstransac-
tions

w
ill

be
quite

intricate,so
thatcustom

ertreatm
entscan

be
highly

individual-
ized,reflecting

custom
erpreferences,targetedbusinessobjectives,etc.

T
his

paper
describesa

paradigm
called

“decision
flow

s”
for

specifying
a

form
of

increm
ental

decision-m
akingthatcan

com
binea

m
yriad

of
diversebusinessfactorsand

be
ex-

ecutedin
near-realtim

e.S
tarting

w
ith

initial
input,a

decision
flow

w
ill

iteratively
gatherand

derive
additionalinform

ation
until

a
conclusionis

reached.D
ecision

flow
s

can
be

specifiedin
a

rules-basedm
annerthatgeneralizesso-called“b

usiness
rules”

but
provides

m
ore

structurethan
traditionalexpertsystem

s.In
m

any
cases

businessm
anagersw

ill
be

able
to

understandand
even

m
odify

decisionflow
s.

W
e

also
introducean

executionm
odelthatsupportseagerand

parallelexecution
(a.k.a.speculative

execution)ofdecisionflow
tasks.T

his
paperdevelopsalgorithm

s
thatcanhelp

m
inim

ize
responsetim

e
and/orw

orkload.T
he

algorithm
sdetectatrun-

tim
e

three
key

propertiesof
tasks:e

lig
ib

le
for

eagerevaluation,even
if

the
output

m
ay

notbe
usedin

the
finaloutput;u

n
n

e
e

d
e

d,i.e.,the
task

is
notneededfor

com
-

pleting
the

decisionflow
instance;and

n
e

ce
ssa

ry,i.e.,the
task

is
definitely

needed
for

com
pletingthe

decisionflow
instance.

1
Intr

oduction

A
variety

of
technologiesw

ill
be

neededto
supportthe

explosive
grow

th
of

elec-
tronic

com
m

erce.R
esearchchallengesinclude

the
developm

entofnew
fram

ew
orks,

infrastructures,and
protocolsthat(a)supportcom

m
unicationbetw

eene-com
m

erce
players,and

(b)
perm

itindividualplayersto
m

axim
ize

theireffectivenessw
hen

us-
ing

e-com
m

erce.T
he

currentpaperfocuseson
the

secondarea.S
pecifically,

the
paperdescribesa

paradigm
called

“decision
flow

s”
for

specifying
businesspolicies

and
executingthem

in
near-realtim

e.D
ecision

flow
s

supporta
form

of
increm

ental
decision-m

aking,thatcaneasilyincorporatea
m

yriad
ofbusinessfactorsandspecify

the
relative

w
eightsthey

shouldbe
given.D

ecisionflow
s

supporta
rule-basedstyle

ofspecifyingdecisionpolicies;they
are

m
ore

expressive
than

decisiontreesand
tra-

ditionalbusinessrule
system

s,butcanneverthelessbe
understoodandeven

m
odified

by
businessand

m
arketing

m
anagers.A

s
such,decisionflow

s
are

idealfor
m

aking
m

any
differentkinds

of
decisionsduring

e-com
m

ercetransactions.T
his

paperde-
scribesand

illustratesdecisionflow
s,and

introducesalgorithm
sfor

m
inim

izing
the

responsetim
e

and
w

ork
load

ofdecisionflow
execution.

A
decisionflow

consistsofa
fam

ily
ofattributesw

hich
m

ay
be

evaluatedduring
execution.S

om
eofthe

attributesw
ill

be
“target”and

em
bodythe

outputof
a

deci-
sion

flow
,

e.g.,w
hatpriority

of
serviceto

give
this

custom
er,or

w
hatprom

otional
im

age
to

display
on

the
next

w
eb

page.O
therattributescorrespondto

interm
ediate

resultsof
the

decision
flow

.
For

exam
ple,a

“prom
o

hit
list”

attribute
m

ighthold
a

listing
of

potentialprom
o

m
essagesto

display,
along

w
ith

scorescom
bining

the
lik

elihood
thata

custom
erw

ill
buy

the
prom

o
and

the
potentialprofitthatm

ightbe
derived.S

om
einterm

ediateattributesm
ightgatherdatafrom

externalsources,such
asdatabases.Sinceattribute

evaluationcan
have

a
realcost,enablingconditionsare

usedto
decidew

hich
attributesshouldbe

evaluated.T
he

setofdataflow
and

control
flow

dependenciesin
a

decision
flow

m
ustform

an
acyclic

graph.T
he

“attribute-
centric”perspective

of
decisionflow

s
perm

itsa
system

aticapproachfor
specifying

w
hatfactorsshouldbe

incorporatedasa
decisionis

being
m

ade.
In

the
decision

flow
m

odela
variety

of
m

echanism
sare

provided
for

specify-
ing

how
attributes

should
be

evaluated.T
his

includesuser-defined
functions

and
databasedips.

Im
portantly,

attribute
evaluation

can
be

specifiedusing
sim

ple-to-
understandm

echanism
sfor

synthesizingand
aggregatinginform

ation.Forexam
ple,

a
sim

ple
table

look-up
can

be
used,e.g.to

decidebetw
eengiving

a
custom

era
nor-

m
alm

arketing
treatm

ent,or
a

specialcollectionstreatm
ent.A

setof
rules

can
be

specified,eachof
w

hich
potentially

contributesa
value

for
the

attribute,along
w

ith
a

“com
bining

policy”,
w

hich
describeshow

the
contributed

valuesshould
be

com
-

bined.A
s

a
sim

ple
exam

ple,eachrule
m

ightcontribute
a

possibleintegervalue
for

the
businesspriority

ofa
custom

ercontact,and
the

valuescontributed
by

rulesw
ith

true
condition

m
ightbe

com
binedusing

aggregate
functions,such

as
m

axim
um

or



average.
D

ecision
flow

s
are

especially
usefulin

custom
ercare

applications(e.g.,
e-

com
m

erce,callcenters,insuranceclaim
s

processing).Increasingly,
theseapplica-

tions
callfor

“segm
ent-of-onem

arketing”,i.e.,providing
very

individualized
treat-

m
entto

differentcustom
ers[9].

S
uchtreatm

entscancaterto
the

individualtastesand
preferencesofcustom

ers,and
can

supporttargetedm
arketing

initiativesand
prom

o-
tions

by
the

hostenterprise.T
his

individualizedtreatm
entis

im
portantin

connection
w

ith
establishingand

m
aintaining

a
loyalcustom

erbase,a
cornerstoneto

success
in

businessin
generaland

e-com
m

ercein
particular[11].

A
m

yriad
of

factorsm
ay

be
involved

in
differentiatingbetw

eencustom
ers,including

theirstatusw
ith

the
en-

terprise
(e.g.,green

card,gold
card),current“cases”they

are
involved

w
ith

(e.g.,
hom

e-m
ortgageapplication,applicationfor

insurance),the
history

ofrecentinterac-
tions

w
ith

the
enterprise,and

theirpotentialvalue
to

the
enterprise.In

m
any

cases,
the

datais
w

idely
distributed

acrossan
enterprise,and

m
ultiple

databasequeriesare
neededto

processeachcustom
ercontact.S

ince
currente-com

m
erceand

custom
er

careapplicationsm
ustsupportthousandsoreven

m
illions

ofcontactsperday,there
is

a
trem

endousneedfor
optim

ization
of

this
kind

of
decisionm

aking,in
term

sof
both

throughputand
responsetim

e.
D

ecisionflow
s

w
ere

firstintroducedin
[4]

aspartofa
w

orkflow
m

odelthatper-
m

its
the

specificationof
w

orkflow
schem

assupportinghighly
differentiatedtreat-

m
ents.T

he
currentpaperfocusesdirectly

on
decisionflow

s
and

theirapplicability
in

e-com
m

erceapplications.T
he

paperalso
introducesalgorithm

sfor
optim

izing
the

executionofdecisionflow
s.E

xperim
entalperform

anceanalysishasverified
the

benefitsofsom
eofthesealgorithm

s.
T

he
executionalgorithm

spresentedin
this

paperfocus
on

m
inim

izing
response

tim
e

and
w

ork
load,by

using
paralleland

eager(a.k.a.speculative)processingof
decisionflow

tasks.S
im

ilartechniqueshave
beenapplied

in
variousareas,such

as
pipelined

execution
of

m
achinelevelinstructionsin

the
field

of
com

puterarchitec-
ture

[8].
W

e
develop

here
algorithm

sfor
detectingatruntim

e
three

key
properties

of
tasks:e

lig
ib

le
for

eagerevaluation,even
if

the
outputm

ay
notbe

usedin
the

fi-
naloutput;u

n
n

e
e

d
e

d,i.e.,the
task

is
notneededfor

com
pletingthe

decisionflow
instance;and

n
e

ce
ssa

ry,i.e.,the
task

is
definitely

neededfor
com

pletingthe
deci-

sion
flow

instance.U
nlike

the
notion

ofeligible
typicalofm

any
parallelprocessing

paradigm
s,the

notion
heretakesinto

accountthe
sem

anticsofthe
decisionflow

,and
in

particular,the
enablingconditionson

tasks.T
he

notionsof
unneededand

neces-
sary

perm
ittw

o
im

portantoptim
izations,by

perm
itting

the
task

schedulerto
delete

unneededtasksfrom
consideration,and

to
prom

otenecessarytasksto
the

frontof
the

queue.
T

he
fram

ew
ork

establishedin
this

paperprovidesthe
basisfor

a
future

studyofa
broadvariety

ofheuristicoptim
izations.

A
prototype

decision
flow

engine
has

been
im

plem
entedthatincorporatesthe

algorithm
sfor

detectingeligible
and

unneededtasks.E
xperim

entsverify
thatiden-

tifying
the

unneededtasks
can

dram
atically

reduceboth
responsetim

e
and

w
ork

perform
ed.W

e
plan

future
experim

entsconcerningthe
usefulnessof

determ
ining

necessarytasks.
O

rganization.� 2
presentsexam

plesof
decision

flow
s,

and
definesthe

decision
flow

m
odel.� 3

describesan
architecturefor

a
decision

flow
engine.� 4

presents
algorithm

sforidentifying
eligible

andunneededtasks,and� 5
presentsthe

algorithm
for

identifying
necessarytasks.� 6

discussesthe
advantagesofthesealgorithm

sand
describesperform

anceresultsconcerningthe
unneededalgorithm

.� 7
offers

brief
conclusions.D

ue
to

spacelim
itations

the
presentationhereis

ratherterse.Form
ore

detailthe
readerm

ay
referto

[5].
R

elated
W

ork.
D

ecision
flow

s
can

be
usedto

supportnear-realtim
edecisionm

ak-
ing,and

are
richerthan

decisiontreesand
traditionalbusinessrules

fram
ew

orks.A
problem

w
ith

som
eexpertsystem

s,resultingfrom
the

possibility
ofarbitrarylength

chaining,is
a

“ripple”
effectw

hen
individualrules

are
m

odified.B
ecausedecision

flow
s

provide
m

ore
structurethan

expertsystem
s,this

ripple
effectis

substantially
reduced.

D
ecisionflow

s
are

com
plim

entaryto
decisionsupportand

datam
ining

system
s.

T
hosesystem

sprovide
toolsto

analyzelarge
volum

esofdatathatchronicleprevious
businesstransactions,to

help
develop

appropriatepolicies
for

future
transactions.

D
ecisionflow

s
canbe

usedto
im

plem
entthosepoliciesduring

executionofthe
future

transactions.
W

orkflow
system

ssuch
as

F
low

m
ark

[7],
M

eteor[6],
and

others[12]
specify

w
ork

activities
(for

hum
anagentsorcom

puters)using
graphsw

hosenodesare
tasks

and
edgescorrespondingto

enablingconditions.A
lthough

decisionflow
s

can
serve

asthe
basisfora

w
orkflow

m
odel(see[4]),the

currentpaperfocusesprim
arily

on
the

applicationofdecisionflow
s

fornear-realtim
eautom

ateddecision-m
aking,w

hereno
hum

anagentsareinvolved.M
any

currentw
orkflow

andrelatedsystem
s(e.g,[7,6,2,

12]
can

supportsuchdecisionflow
s

aspartofa
largerw

orkflow
.A

lternatively,such
w

orkflow
system

sm
ightuse

a
decision

flow
engine

as
an

adjunctthatis
invoked

w
henevera

com
plex

decisionm
ustbe

m
ade.

T
he

use
of

enabling
conditionsin

decision
flow

s
is

rem
iniscentof

their
use

in
the

T
hinkS

heetm
odel[10].

Tw
o

differencesbetw
eenthe

m
odelsis

thatdecision
flow

s
can

be
executedin

a
fully

autom
atedm

ode,and
decisionflow

s
give

different
handlingfor

side-effectand
non-side-effecttasks.

To
the

bestof
our

know
ledge

there
has

been
no

w
ork

on
optim

izing
w

orkflow
executionsby

varying
the

schedulingof
tasksor

by
using

speculative
evaluation.

S
uchoptim

izationis
possiblew

ith
decisionflow

s,becauseoftheiracyclic
form

and
the

use
of

speculative
evaluation

of
non-side-effecttasks.

C
oordinating

accesses
to

m
ultiple

databasesw
as

studiedin
C

arnot[1,
13],

butthe
focus

is
on

scheduling
policiesin

the
executionm

odelthatensuresconsistency
ratherthan

optim
ization.



2
A

n
A

bstract
M

odel
of

D
ata-intensive

D
ecision

F
low

s

T
his

sectionpresentsseveralexam
plesthatillustratedecisionflow

s
andtheirpossible

applications.T
he

section
also

presentsa
form

aldefinition
of

decision
flow

s,that
is

used
to

describethe
execution

m
odeland

optim
ization

algorithm
sdevelopedin

subsequentsections.T
his

m
odelis

a
subpartof

the
V

ortex
m

odel[4],
w

hich
w

as
developed

as
a

com
pletelanguagefor

specifying
w

orkflow
s

involving
substantial

decision-m
akingactivities.

W
e

begin
w

ith
an

illustration
of

decision
flow

s
in

m
oderatedetail,and

briefly
describeadditionaldecisionflow

s.

D
ecisionflow

forselectingprom
osw

hen
generatingw

eb
pages.F

igure
1(a)show

s
partofa

(sim
plified)decisionflow

thatcould
be

usedto
respondto

custom
ersinter-

acting
w

ith
the

w
eb-basedstore

frontof
a

hypotheticalclothing
catalogsalescom

-
pany.T

he
decisionflow

focuseson
selectingitem

sthatcan
be

prom
oted,and

m
ight

be
executedeachtim

e
a

pageis
generatedfor

a
custom

er.A
notherdecisionflow

that
m

ightbe
usedfor

eachpagew
ith

a
custom

eris
decidingthe

levelofserviceto
pro-

vide
(e.g.,give

fasterserviceby
m

oving
the

interactionto
a

lessloadedw
eb

server).
O

therdecisionflow
s

m
ightbe

usedw
hen

a
custom

erfirstvisits
the

store-front(e.g.,
to

determ
inew

hetherto
give

norm
altreatm

entora
collectionstreatm

ent).
In

F
igure

1(a),each
databaseand

(solid
boundary)rectanglecorrespondsto

a
ta

skw
hich

m
ightbe

perform
edfor

a
given

decisionflow
instance.E

achtaskhasthe
effectofproducinga

value
for

one
orm

ore
attributesw

hosevaluesm
ay

be
usedby

othertasksofthe
instance(“interm

ediate”attributes)orreturnedasan
outputvalue

of
the

instance(“target”
attributes).

T
he

dashedrectangles(exceptfor
the

far
left

one)indicate
groupingsof

tasksinto
m

o
d

u
le

s;
this

helpssupportscalability
in

the
specificationofdecisionflow

s.
T

he
inputattributes

for
this

decision
flow

include
the

profile
of

the
custom

er,
the

currentvalue
of

the
shoppingcart,inform

ation
aboutprom

osthatthe
business

is
especiallyinterestedin

m
oving,and

inform
ation

aboutthe
w

eb
sessionw

ith
the

custom
erso

far.
B

asedon
differentenablingconditions(show

n
as

diam
ondnodes)

differentcategoriesof
prom

otionsw
ill

be
consideredby

the
decisionflow

.
For

ex-
am

ple,if
thereis

alreadyone
boy’s

item
in

the
shoppingcart,orif

thereis
a

child’s
item

in
the

shoppingcartand
the

custom
erhas

boughtsom
ethingfor

a
boy

in
the

pasttw
o

years,then
a

prom
o

for
a

boy’s
coatis

considered.T
his

involves
doing

a
databasedip

to
getinform

ation
aboutthe

clim
ate

atthe
custom

erhom
e,deriving

a
“hit

list”
of

coatsthatm
ightbe

appropriateto
the

custom
er,checking

w
ith

inven-
tory

for
coatsin

the
appropriatesize,and

then
creatinga

listing
ofpossiblecoatsto

prom
o,along

w
ith

info
on

the
price,potentialprofitand

degree
of

confidencethat
the

prom
o

m
atchescustom

erinterest.

cu
sto

m
er p

ro
file

    p
ro

m
o h

isto
ry

    p
ro

m
o to

leran
ce

    . . . 

sh
o

p
p

in
g

cart

lo
ad on

in
ven

to
ry d

b

p
ro

m
o

s
g

iven th
is

sessio
n

b
o

y’s c
o

at p
ro

m
o

. . .

p
resen

tatio
n

im
ag

e
retrievals

im
ag

e
selection an

d
co

m
p

o
sitio

n

text
selection

g
ive_p

ro
m

o
(s)?

          = tru
e

p
rice, p

ro
fit an

d 
m

atch sco
re o

f 
availab

le co
ats

p
ro

m
o

h
it list

m
en

’s co
at p

ro
m

o

at least o
n

e
b

o
y’s item

  in 
sh

o
p

p
in

g cart, 
o

r at least on
e

ch
ild

’s item
  in  

sh
o

p
p

in
g cart 

an
d cu

sto
m

er 
h

as pu
rch

ased 
b

o
y’s item

 in
p

reviou
s 2

years 

. . .

search
es

m
ad

e th
is

sessio
n

im
ag

e an
d text

assem
b

ly

in
pu

t fo
r g

en
eratin

g
p

ro
m

o
s fo

r n
ext w

eb p
ag

e

g
ive_

p
ro

m
o

(s)?

at least o
n

e
co

at availab
le

at least o
n

e co
at 

h
as s

co
re > 80

o
r d

b lo
ad < 95% h

it list o
f

ap
p

ro
p

riate
co

ats
tru

e

ch
eck in

ven
to

ry
fo

r co
ats in

ap
p

ro
p

riate size

tru
e

. . .

exp
en

d
ab

le
in

co
m

e > 0

tru
e

tru
e

tru
e

tru
e

tru
e

tru
e

w
o

m
en

’s co
at p

ro
m

o cu
rren

t
clim

ate o
f

cu
st h

o
m

e

id
en

tify im
ag

es 
w

ith o
n

e o
r m

o
re 

p
ro

m
o item

s

cu
sto

m
er

exp
en

d
ab

le
in

co
m

e
tru

e

catalo
g o

f
item

s fo
r sale

(a)D
ata

flow
and

controlflow
dependencieshidden

b
o

y’s c
o

at p
ro

m
o

. . .

p
resen

tatio
n

g
ive_p

ro
m

o
(s)?

          = tru
e

p
ro

m
o

h
it list

m
en

’s co
at p

ro
m

o

at least o
n

e
b

o
y’s item

  in 
sh

o
p

p
in

g cart, 
o

r at least on
e

ch
ild

’s item
  in  

sh
o

p
p

in
g cart 

an
d cu

sto
m

er 
h

as pu
rch

ased 
b

o
y’s item

 in
p

reviou
s 2

years 

in
pu

t fo
r g

en
eratin

g
p

ro
m

o
s fo

r n
ext w

eb p
ag

e

g
ive_

p
ro

m
o

(s)?

tru
e

w
o

m
en

’s co
at p

ro
m

o

cu
sto

m
er

exp
en

d
ab

le
in

co
m

e
tru

e

exp
en

d
ab

le
in

co
m

e > 0

(b)D
ata

flow
(dashedarrow

)
and

controlflow
(solid

arrow
s)dependenciesshow

n

F
igure

1:
D

ecision
flow

for
selectingand

generatingprom
o

im
agesin

w
eb-based

storefront



T
he�

decision
m

odule
w

ill
estim

atethe
custom

erexpendableincom
e

(basedon
custom

erprofile,shoppingcart,and
perhapsotherfactors),and

createa
listing

of
prom

osobtainedso
far.B

asedon
the

businessvalueofthe
prom

osandthe
lik

elihood
oftheirsuccess,a

decisionis
then

m
adeaboutw

hetherto
give

prom
osornot.

F
inally,if

a
prom

o
w

ill
be

given,the
presentationm

odule
identifiesim

agesand
text

thatcan
be

usedto
display

the
prom

o(s),and
assem

blesthesefor
inclusion

in
the

generatedw
eb

page.

A
ttrib

utesand
tasks.A

decisionflow
m

odelis
a

ttribu
te

-ce
n

tric:
the

m
ain

objective
ofthe

executionis
to

determ
inethe

valuesofcertainattributes,basedon
othergiven

orderived
attribute

values.D
ecisionsm

adeby
a

decisionflow
are

representedin
the

attribute
values.

A
ttrib

utesare
com

putedin
decisionflow

s
by

tw
o

kinds
of

tasks.Fo
re

ig
n

ta
sks

are
externalto

the
decisionflow

executionengine(e.g.,databasequeries,w
eb

server
routines,questionsto

a
hum

an).T
hesecan

produceone
orm

ore
attribute

value;for
brevity

here
w

e
assum

ethateachproducesa
single

attribute.
S

yn
th

e
sista

skspro-
ducesa

single
attribute

value,using
a

fram
ew

ork
for

aggregating
and

synthesized
inform

ation
basedon

com
biningpolicies.A

lthough
nota

prim
ary

focusofthe
cur-

rentpaperw
e

illustrate
briefly

illustrate
this

fram
ew

ork
now

.
T

he
fram

ew
ork

forspecifyingsynthesistasksis
m

otivatedlargely
by

tw
o

factors:
(a)

there
are

m
any

differentw
ays

to
com

bine
businessfactors,and

(b)
“b

usiness
rules”

provide
a

fam
iliar

and
convenientm

echanism
for

specifying
policies.

O
ne

w
ay

to
specify

a
synthesistask

is
to

specify
a

setof
rules

along
w

ith
a

co
m

b
in

in
g

p
o

licy.
A

s
a

very
sim

ple
exam

ple,an
attribute

businesspriority
m

ightbe
com

puted
by

specifying
rules,eachof

w
hich

contributesa
value

betw
een1

and
10.

E
xam

ple
rules

are:“if
the

custom
eris

green
card,then

businesspriority�

4”,
and

“if
the

custom
erbought	

$100
in

the
lastm

onth,then
businesspriority�

9”.
A

sim
ple

com
biningpolicy

w
ould

be
to

take
the

m
axim

um
value

contributed
by

any
rule

w
ith

true
condition.

A
nothercom

bining
policy

w
ould

be
to

take
the

averageof
such

contributions.A
s

a
secondexam

ple,supposethata
decisionm

ustbe
m

adebetw
een

a
sm

allsetofalternatives,e.g.,to
choosethe

agentskillneededto
answ

era
particular

phonecall(e.g.,sales,service,collections,high-tier).A
setofrules

can
be

w
ritten,

eachcontributing
a

(value,w
eight)pair,

e.g.,(high-tier,20).
T

he
com

bining
policy

could
groupthe

contributedpairsaccordingto
value,add

up
the

contributedw
eights,

and
choosethe

skillw
ith

greatestw
eight.

N
on-rules-basedparadigm

sare
also

supported.Forexam
ple,w

hen
developing

a
hit-list

of
prom

os,one
could

use
a

“w
eighted

dotproduct”approach.S
pecifically,

in
the

custom
erprofile

one
m

ighthave
data

on
the

custom
er,storedin

the
form

of
a

vectorof
(attribute,confidencelevel)

pairs.For
exam

ple,Joe
m

ightbe
described

using
[


“has
children”,70%	

,


”notfashionconscious”,80%	

,...].E
achitem

to
be

consideredm
ighthave

a
vectorindicatingthe

im
portanceofdifferentattributes,

e.g.,fora
heavy-duty

raincoatthe
vectorm

ightbe
[


“notfashionconscious”,90	

,




“lik
esyellow

”,
40	

,...].
A

scorefor
eachprom

o
relative

to
Joecan

be
obtained

by
doing

a
dotproduct(or

join)
operationon

Joe’s
vectorw

ith
the

vectorof
the

prom
o.

D
ata

flow
and

enabling
flow

:
T

he
decisionflow

m
odelpresentedto

usersis
m

od-
ular,to

supportscalabilityand
levels

ofabstraction.B
asically,a

m
oduleconsistsof

a
setof

tasksand
subm

odules,allof
w

hich
com

putevaluesof
attributes,the

m
od-

ule
then

specifiesenablingconditionsfor
thesetasksand

subm
odules.In

turn
the

m
odulecan

be
usedin

specifyinga
higherlevelm

odel.

D
efinition

2.1
A

(d
e

cisio
n
flo

w
m

o
d

u
le)

is
a

4-tuple�
�
��� �
���
� � ���
��� �
��� ���

w
here

1.�
�� is

a
setofa

ttribu
te

s.Foreachnon-sourceattribute�

thereis
a

taskorm
odule

w
hich

com
putesthe

value
of�

.

2.� ���
��

and�
��� ��

are
disjointsubsetsof�

�� ,correspondingto
the

so
u

rce
and

ta
rge

tattributes,respectively.T
he

targetattributesareusedoutsideofthe
current

decisionflow
.

In
an

execution
of

the
decisionflow

,a
value

should
be

produced
for

eachtargetattribute
thatis

enabled(seebelow
).

3.�
���
�

�  
!
"
#

is
a

taskorm
odulecom

putinga
non-sourceattribute$

is
the

setofenablingconditions,one
for

taskorm
oduleused.

T
he

flow
of

data
and

enablingin
a

decisionflow
is

largely
im

plicit.
F

igure
1(b)

show
s

the
dataflow

(usingdashedarrow
s)andthe

enablingflow
(usingsolid

arrow
s)

for
the

exam
ple

decisionflow
.

A
dataflow

edgeis
included

from
task/m

odule�

to
task/m

odule%

if
an

attribute
specifiedby�

is
usedasinputfor%

.
Forexam

ple,the
outputofprom

o
hit

listis
usedasinputfor

identifying
im

agesthatshow
the

prom
o

item
s.A

enablingflow
edgeis

includedfrom
task�

to
task%

if
an

attribute
specified

by �
is

usedin
the

enablingcondition
for %

.
For

exam
ple,custom

erexpendable
incom

eis
usedin

determ
ininggive

prom
o(s).

A
m

odule
can

be
representedby

its
correspondingd

e
p

e
n

d
e

n
cyg

ra
p

h
thathigh-

lights
the

enablingand
datadependenciesbetw

eenattributes.N
odesofthe

graphare

�
�� .

T
he

dependency
graph

containstw
o

kind
of

edges:D
a

ta
flo

w
edgesof

form

� �� %�

w
herethe

value
ofattribute�

is
usedin

the
m

odulefor%

and
E

n
a

b
lin

g
flo

w
edgesform

� �� %�
w

hereattribute�

is
referredto

in
the

enablingcondition 
&

for

%

.
F

igure1(b)show
s

a
variantof

a
D

ependency
G

raph,w
here

enablingconditions
are

also
show

n
asnodes,and

w
hereflow

m
odulesare

present.
A

decisionflow
m

odule'
is

w
e

ll-fo
rm

e
dif

the
dependencygraphof'

is
acyclic.

T
he

acyclicity
condition

im
plies

thatattribute
assignm

entis
m

o
n

o
to

n
ic:

if
an

at-
tribute

value
is

assigned,then
it

w
ill

neverbe
overw

ritten.T
his

is
becauseduring

executionofa
decisionflow

eachm
odulew

ill
be

executedatm
ostonce.



Target
(

and
side-effectattributes.

Intuitively,a
targetattribute

is
one

thatm
ustbe

stablein
orderfor

executionofa
decisionflow

instanceto
successfullycom

plete.In
the

exam
ple

the
only

targetm
odule

is
the

one
for

im
age

and
text

assem
bly(show

n
in

gray).If
this

m
oduleis

enabled,then
executionw

ill
notcom

pleteuntila
value

is
obtained.If

the
m

odulebecom
esdisabled,then

executioncan
haltim

m
ediately.

A
sid

e
-e

ffe
ctattribute

is
one

w
hoseevaluationhasa

significantside-effect,such
asperform

inga
fundstransfer,issuinga

confirm
ation,orincurring

a
substantialcost

(e.g.,if
a

query
againstan

externaldatabasehasan
associatedcharge.)

In
the

ex-
am

ple,the
databasequeryconcerningcoatinventoryis

a
side-effectattribute

(show
n

w
ith

bold
outline).T

his
m

ightbe
becausethe

inventorydatabaseis
heavily

loaded,
or

becausethe
databasew

ill
be

updatedto
indicatethatone

orm
ore

coatshasbeen
“reserved”

for
this

custom
er,in

casethey
decide

to
purchasea

coatthatw
as

pro-
m

oted.T
he

determ
inationof

side-effectvs.non-side-effectqueriesdependson
the

application.
D

uring
executionnon-side-effectattributesm

ightbe
evaluatedspeculatively,be-

fore
theirenablingcondition

is
know

n
to

be
true.T

his
is

prohibited
for

side-effect
attributes.

E
xecution

ofdecisionflow
s.

B
efore

presentingthe
declarative

sem
anticsfor

deci-
sion

flow
s

w
e

describeintuitively
how

they
can

be
im

plem
ented.D

uring
execution,

an
attribute

becom
essta

b
leif

its
enablingcondition

becom
estrue

and
the

taskspec-
ifying

the
attribute

has
executedand

returneda
value,or

if
its

enabling
condition

becom
esfalse,in

w
hich

the
attribute

is
assignedthe

value )

,
i.e.,null

value.
(In

a
generalizationofthis

m
odel[4]

w
e

could
distinguishexceptionvaluesfrom

other
values,to

explicitly
m

odelsituationsw
herea

m
oduleis

launchedbutunsuccessful.)
A

m
odulecan

be
executedafterallofits

inputattributeshave
becom

estable.
Im

portantly,
tasksin

a
decision

flow
m

ustbe
capableof

executing
once

their
inputattributesare

stable,even
if

som
eof

them
have

value )

.
T

his
requirem

entis
appropriatein

m
any

e-com
m

erceapplications,w
here

a
decision

m
ustbe

m
ade

on
the

basisof
incom

pleteinform
ation.For

exam
ple,even

if
the

inventorydatabaseis
unavailable,a

decisionm
ustbe

m
adeaboutw

hetherto
include

a
prom

o
ornot.

D
eclarative

sem
anticsof

decision
flow

s.
In

the
abstract,during

execution
an

attribute
w

ill
have

one
of

four
states:

U
N

IN
IT

IA
LIZ

E
D

,
E

N
A

B
LE

D
,

V
A

LU
E

or
D

IS
A

B
LE

D
.

(A
dditionalstatesare

possibleand
describedw

hen
specific

execution
details

are
involved;see� 3

below
.)

S
ourceattributes

startw
ith

state
V

A
LU

E
.

A
n

attribute
w

ill
becom

eE
N

A
B

LE
D

if
its

enablingcondition
becom

estrue,and
it

w
ill

becom
eD

IS
A

B
LE

D
if

its
enablingconditionbecom

esfalse.If
E

N
A

B
LE

D
,an

attribute
w

ill
take

a
valueandw

ill
thenreachthe

V
A

LU
E

state.If
D

IS
A

B
LE

D
,the

attribute
w

ill
take

the
nullvalue)

.
T

he
sem

anticsof
decisionflow

s
is

declarative,and
definedusing

the
notion

of
“com

pletesnapshot”.

D
efinition

2.2
A

co
m

p
le

tesn
a

p
sh

o
tis

a
pair* �

� +�,� ,w
here

(a)
the

statefunction+

m
apseachnon-sourceattribute

into� V
A

LU
E

,D
IS

A
B

LE
D$ ,

(b)
the

value
function,

m
apseach

non-sourceattribute �

w
ith

state
V

A
LU

E
into

the
value

returnedby
the

m
odule

producing�

(using
the

valuesgiven
by,

for
attributesoccurringin

the
m

odule)and
m

apseachnon-sourceattribute
w

ith
state

D
IS

A
B

LE
D

into
the

nullvalue)

,and
(c)

non-sourceattributes�

is
in

stateV
A

LU
E

if
the

enablingcondition 
-

evaluates
to

true
(using

the
valuesgiven

for
attributes

occurring
in 

-

),
and

is
in

state
D

IS
A

B
LE

D
otherw

ise.

T
he

acyclicity
assum

ptionguaranteesthatthere
is

a
unique

com
pletesnapshot

for
given

sourceattribute
values.A

n
executionofa

decisionflow
instanceis

co
rre

ct
if

it
producesstatesand

valuesfor
the

setoftargetattributes,and
is

com
patiblew

ith
the

uniquecom
pletesnapshot.(T

he
statesand

valuesproducedornotproducedfor
otherattributesare

view
ed

asirrelevant.)
In

this
paperw

e
w

e
assum

ethatfor
eachgiven

instanceofthe
decisionflow

,the
data

neededby
the

databasequeriesto
com

putethe
attribute

valuesrem
ainsfixed

during
the

processingof
this

decision
flow

instance.W
e

view
this

assum
ptionas

reasonablefor
the

kinds
of

decisionflow
s

thatarising
in

e-com
m

erce,thatexecute
autom

aticallyin
near-realtim

e.T
his

assum
ptionperm

itsflexibility
in

the
tim

ing
of

launchingqueriesand
the

useofspeculative
execution.

S
napshotsand

reporting.
A

crucialaspectof
any

productionsystem
usedin

busi-
nessis

the
ability

to
understandhow

w
ellit

is
achieving

the
objectivesof

the
enter-

prise.
T

he
snapshotconstructof

decision
flow

s
provides

a
naturalm

echanism
for

reportingon
how

decisionsare
m

ade.To
illustrate,supposethatone

is
interestedto

seehow
w

ellthe
exam

pledecisionflow
is

functioning.A
(possiblynested)relation

can
be

created,w
here

each
row

correspondsto
a

single
execution

of
the

decision
flow

.
E

achrow
w

ill
be

constructedfrom
the

snapshotofthe
execution,for

exam
ple,

holding
selectedinputattributes(e.g.,custom

erprofile,shoppingcart,...),selected
internalattributes(e.g.,prom

o
hitlist,give

prom
os?,...),and

the
targetattributes(in

this
case,perhapsthe

listofprom
o

item
spresentedto

the
user).T

he
row

m
ightalso

include
“outcom

e”attributes,such
as

w
hetherthe

custom
erpurchasedany

of
the

prom
oteditem

s.(In
som

ecasesthe
outcom

eattributesm
ightbe

available
im

m
edi-

ately;in
othercasesthesem

ightbecom
eavailable

aftersom
edaysor

m
onthshave

passed.)W
e

shallcallthis
relation

a
sn

a
p

sh
o

th
isto

ry.
A

snapshothistory
can

be
usedin

a
variety

ofw
ays.M

anualand
autom

ateddata
m

ining
techniquescan

be
usedto

find
patternsand

relationships.T
hesecan

be
used

in
turn

to
determ

inethatthe
specificationofsom

esynthesistaskscan
be

im
proved,

and
thatothersynthesistaskshave

little
im

pact(and
can

be
elim

inated).In
som

e
cases,the

snapshothistory
could

be
usedto

supporta
feedbackloop,thatrefinesthe

decisionflow
on

a
daily

basis.




