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y in Servi
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hool of Informati
sUniversity of Edinburghd.j.lambert�sms.ed.a
.ukAbstra
t. Servi
e oriented 
omputing o�ers a new approa
h to pro-gramming. To be useful for large and diverse sets of problems, e�e
tiveservi
e 
omposition is 
ru
ial. While 
urrent tools o�er various tools andmethods for sele
ting servi
es based on various user-de�ned 
riteria, lit-tle attention has been paid to how su
h servi
es intera
t. We believe thatsemanti
 
oördination or agreement between servi
es will be an impor-tant fa
tor in the usability and su

ess of servi
e 
omposition, and thatthis agreement 
annot be guaranteed by semanti
 des
ription alone. Wehave developed a simple but apparently e�e
tive te
hnique for sele
tingservi
es based on their re
ord of performan
e with others.1 Introdu
tionGrid and Web servi
es are making possible a new style of programming. In �eldsranging from bioinformati
s, through natural language pro
essing and on to as-trophysi
s, domain experts 
an use graphi
al tools to 
ompose s
ienti�
 work-�ows that tie together a range of servi
es in order to solve problems. Currenttools aim at helping the user in the pro
ess of dis
overing appropriate servi
es,
onstru
ting the work�ow, and monitoring the exe
ution. What is missing fromthis pi
ture is information about how well the servi
es a
tually a
t and, parti
-ularly, intera
t. Servi
es are treated as fungible bla
k boxes, when there is goodreason to believe they are not. We present a te
hnique whi
h attempts to sele
tan optimal set of servi
es, in a manner that is transparent to the user.Middle-agents [1℄ 
onne
t 
lients with providers, based on mat
hing 
apa-bility advertisements from providers with requests for servi
e from 
lients. Oneof the most 
ommon types of su
h middle-agents is the mat
hmaker, on whi
hwe fo
us. Most mat
hmaking resear
h has 
on
entrated on sophisti
ated me
h-anisms for des
ribing servi
es and requirements, su
h as 
apability des
riptionlanguages [2℄. It is unlikely that many servi
es will fully mat
h their spe
i�
a-tion, and so not all servi
es will 
oöperate well with ea
h other, even when they
laim to. Mutual misunderstandings will o

ur, 
liques will form. Why mightthis happen, and what 
an we do to over
ome this obsta
le to widespread use ofmultiple-servi
e intera
tions in real-world operation?



2 MotivationPrevious resear
h has produ
ed powerful languages for des
ribing servi
e in-terfa
es and semanti
s. Why do we believe this is insu�
ient? Regardless ofhow 
arefully servi
e providers spe
ify the behaviour of their systems, therewill remain, for any non-trivial servi
e, some level of `semanti
 sla
k' su
h thatmat
hmaking based on purely semanti
 servi
e des
ription 
an be improved bystatisti
al or other learning te
hniques. Below, we examine several reasons forthis en
oding gap. Only the �rst is a te
hni
al problem: in the remainder, addi-tional information is absented for other reasons.Semanti
 des
riptions of servi
e su�er the same problems as any other logi
-based knowledge representation:1. unknown theory we might not understand what 
auses inter-relationshipsto work or fail2. unknown fa
ts even if we had a theory, we might not have adequate em-piri
al data about the domain3. laziness it would be impra
ti
able to re
ord all this information in thesemanti
 des
riptionThe empiri
al data problem is hard to solve for individual servi
e providersor users: it is best done by some middle-agent. But what explanations have wefor the la
k of a theory? Some possible reasons are: so
ial 
on
erns, su
h asdi�erent 
ommunities of pra
ti
e 
lustering around parti
ular servi
e providersjust be
ause their friends are there; business partnerships, su
h as an airlinehaving a deal with a parti
ular 
ar-hire 
ompany; organisations that seem tohave nothing in 
ommon may well be using software 
reated by a single group,
ausing them to inter-operate better within their 
lique than with outsiders;parti
ular resour
es or 
onstraints, su
h as network bandwidth, shared betweenproviders (we use this as a running example). In the real world, parti
ularlywhen money is involved, some servi
es are likely to be misanthropi
 in somesense: some servi
e providers will not want to work with 
ertain others, whileothers might deliberately 
on
eal information.`Laziness' might be genuine laziness: servi
e providers not bothering to pro-vide a 
omplete des
ription of their o�ering. But there are other 
auses: the userbeing unaware of the language's ability to express a 
onstraint, or of the e�e
t ofde
laring the 
onstraint; user expe
tation that the information will not be usedby 
lients or mat
hmakers; 
omprehensive 
onstraints might be too expensive togenerate or use.3 Lightweight 
oördination 
al
ulusWe use a language 
alled the Lightweight Coördination Cal
ulus (l

), basedon the Cal
ulus of Communi
ating Systems (

s) [3℄, to spe
ify our servi
eintera
tions. l

 provides a simple language featuring message passing (denoted
⇒ for sending, and ⇐ for re
eiving) with the operators then (sequen
e), or



(
hoi
e), par (parallel exe
ution), and ← (if). An l

 proto
ol is interpretedin a logi
-programming style, using uni�
ation of variables whi
h are graduallyinstantiated as the 
onversation progresses. The rules governing exe
ution of aproto
ol are in �gure 2.An l

 proto
ol 
onsists of dialogue framework, expanded 
lauses, and 
om-mon knowledge. The framework de�nes the roles ne
essary to 
ondu
t an in-tera
tion, along with the allowable messages and the 
onditions under whi
hthey 
an be sent. For our astronomy work�ow (�gure 1), the roles (or types)in
lude astronomer, astronomy_database, and black_hole_finder. The ex-panded 
lauses note where ea
h servi
e has rea
hed in the dialogue. The 
ommonknowledge re
ords 
onversation-spe
i�
 state agreed between the servi
es.4 In
iden
e 
al
ulusTo store this data, and to 
al
ulate the probabilities, we use the in
iden
e 
al-
ulus [4℄. It is a truth-fun
tional probabilisti
 
al
ulus in whi
h the probabilitiesof 
omposite formulae are 
omputed from interse
tions and unions of the sets ofworlds for whi
h the atomi
 formulae hold true, rather than from the numeri
alvalues of the probabilities of their 
omponents. The probabilities are then derivedfrom these in
iden
es. Cru
ially, in general p(φ ∧ ψ) 6= p(φ) · p(ψ). This �delityis not possible in normal probabilisti
 logi
s, where probabilities of 
ompositeformulae are derived only from the probabilities of their 
omponent formulae. Inthe in
iden
e 
al
ulus, we return to the underlying sets of in
iden
es, giving usmore a

urate values for 
ompound probabilities.
i(⊤) = worlds i(⊥) = {}
i(α ∧ β) = i(α) ∩ i(β) i(α ∨ β) = i(α) ∪ i(β)
i(¬α) = i(⊤)\i(α) i(α → β) = i(¬α ∨ β) = (worlds\i(α)) ∪ i(β)

p(φ) = |i(φ)|
|i(⊤)|

p(φ|ψ) = |i(φ∧ψ)|
|i(ψ)|The in
iden
e 
al
ulus is not frequently applied, sin
e one requires exa
t in
identre
ords to use it. For the appli
ation at hand, however, we have detailed informationabout ea
h mat
hmaker invo
ation, and the 
al
ulus provides a simple, intuitive wayof dealing with the problem.5 The LCC mat
hmakerIn using l

 for mat
hmaking, we must ask how we arrive at a proto
ol. A 
lienthas a task or goal it wishes to a
hieve. Using either a pre-agreed lookup me
hanism,or by reasoning about the proto
ols available, the 
lient will sele
t a proto
ol: morethan one might be suitable. This done, it must re
ruit a mat
hmaker to propose otherservi
es to �ll the various roles in the proto
ol. These we term `
ollaborators' anddenote col(Role, Service).When a dialogue is in progress and a message needs to be sent to role for whi
han servi
e has not yet been sele
ted, the mat
hmaker is engaged. It �nds a servi
ethat maximises the probability of a su

essful out
ome given the 
urrent proto
ol type



and role instantiations. Over time, the mat
hmaker builds a database of the variousrole/servi
e instantiations, and the 
lients' satisfa
tion with the out
omes.The su

ess of a proto
ol and the parti
ular team of 
ollaborators is de
ided bythe 
lient: on 
ompletion or failure of a proto
ol, the 
lient informs the mat
hmakerwhether the out
ome was satisfa
tory to the 
lient. Ea
h 
ompleted brokering sessionis re
orded as an in
ident, represented by an integer. Our propositions are ground pred-i
ate 
al
ulus expressions. Ea
h proposition has an asso
iated list of worlds (in
idents)for whi
h it is true. Initially, the in
ident database is empty, and the broker sele
tsservi
es at random. As more data is 
olle
ted, a threshold is rea
hed, at whi
h pointthe mat
hmaker begins to use the probabilities.Fig. 1. Astronomy work�ow s
enario with LCC dialogue frameworkWe take a hypotheti
al Grid work�ow for our example s
enario, 
alledbla
k_hole_sear
h. Astrid, our astronomer, wants to �nd and visualise a sus-pe
ted bla
k hole in a region of spa
e around Cygnus-X1. The voluminous data aboutthis segment of spa
e is kept in the very large �le 
ygnus_x1 , whi
h is stored atnumerous repositories, all of whi
h 
an �ll the role astronomy_database. She uses a
omputationally intensive servi
e 
alled bla
k_hole_�nder to a
tually determine ifthere is a bla
k hole present. The bla
k_hole_�nder , if su

essful, will send the data(now re�ned and signi�
antly smaller) to a visualisation servi
e, whi
h will pass the�nal image to Astrid. The variables AD, BHF , and V represent the systems providingthe servi
es. Ea
h of these will be sele
ted by the mat
hmaker when the proto
ol isexe
uted.The 
on
eit on whi
h this example hangs is that network bandwidth between variouspairs of bla
k_hole_�nder and astronomy_database will be di�erent, largely unknownto the persons providing the individual servi
es, and hen
e not de
lared to the mat
h-maker.
a(astronomer(File), Astronomer) ::

search(File) ⇒ a(black_hole_finder, BHF ) then
„

success ⇐ a(black_hole_finder, BHF ) then
receive_visualisation(Thing, V ) ← visualising(Thing) ⇐ a(visualizer, V )

«

or
failed ⇐ a(black_hole_finder, BHF )

a(black_hole_finder, BHF ) ::
search(File) ⇐ a(astronomer(File), Astronomer) thengrid_ftp_get(File) ⇒ a(astronomy_database, AD) then
0

B

@

grid_ftp_sent(File) ⇐ a(astronomy_database, AD) then

success ⇒ a(astronomer, Astronomer)
← black_ hole_ present(File, Black_ hole) then

visualize(Black_hole, Astronomer) ⇒ a(visualizer, V )

1

C

A

or

failed ⇒ a(astronomer(File), Astronomer)

a(astronomy_database, AD) ::grid_ftp_get(File) ⇐ a(black_hole_finder, BHF ) thengrid_ftp_sent(File) ⇒ a(black_hole_finder, BHF )
← grid_ ftp_ completed(File, AD)

a(visualizer, V ) ::
visualize(Thing, Client) ⇐ a(?, Requester) then
visualising(Thing) ⇒ a(?, Client) ← serve_visualisation(Thing, Client)



Fig. 2. Rewrite rules governing mat
hmaking for an LCC proto
olThese rewrite rules 
onstitute an extension to those des
ribed in [5℄. A rewrite rule
α

Mi,Mo,P,O,C,C′

−−−−−−−−−−−→ βholds if α 
an be rewritten to β where: Mi are the available messages before rewriting;
Mo are the messages available after the rewrite; P is the proto
ol; O is the messageprodu
ed by the rewrite (if any); C is set of 
ollaborators before the rewrite; and C′(if present) is the�possibly extended�set of 
ollaborators after the rewrite. C is aset of pairs of role and servi
e name, e.g. col(black_hole_finder, ucsd_sdsc)}. Thesame rewrite rules hold regardless of the implementation of the mat
hmaking fun
-tion extendcollaborators. This enables us to apply other l

 tools, su
h as model-
he
kers and the interpreter itself, without alteration while allowing us to 
hange
extendcollaborators, and means 
lients 
an use their own 
hoi
e of mat
hmaker andmat
hmaking s
heme.

A :: B
Mi,Mo,P,C,O
−−−−−−−−−−→ A :: E if B

Mi,Mo,P,C,O
−−−−−−−−−−→ E

A1 or A2

Mi,Mo,P,C,O
−−−−−−−−−−→ E if ¬closed(A2) ∧ A1

Mi,Mo,P,C,O
−−−−−−−−−−→ E

A1 or A2

Mi,Mo,P,C,O
−−−−−−−−−−→ E if ¬closed(A1) ∧ A2

Mi,Mo,P,C,O
−−−−−−−−−−→ E

A1 then A2

Mi,Mo,P,C,O
−−−−−−−−−−→ E then A2 if A1

Mi,Mo,P,C,O
−−−−−−−−−−→ E

A1 then A2

Mi,Mo,P,C,O
−−−−−−−−−−→ A1 then E if closed(A1) ∧ A2

Mi,Mo,P,C′,O
−−−−−−−−−−−→ E

∧collaborators(A1) = C
′

A1 par A2

Mi,Mo,P,C,O1∪O2
−−−−−−−−−−−−−−→ E1 par E2 if A1

Mi,Mn,P,C,O1
−−−−−−−−−−−→ E1∧

A2

Mn,Mo,P,C,O2
−−−−−−−−−−−→ E2

C ← M ⇐ A
Mi,Mi\{M⇐A},P,C,∅
−−−−−−−−−−−−−−−−→ c(M ⇐ A, C) if (M ⇐ A) ∈ Mi ∧ satisfied(C)

M ⇒ A ← C
Mi,Mi,P,C,C′,{M⇒A}
−−−−−−−−−−−−−−−−−→ c(M ⇒ A, C′) if satisfied(C)∧

C
′ = extendcollaborators(P, C, role(A))

null ← C
Mi,Mi,P,C,∅
−−−−−−−−−→ c(null, C) if satisfied(C)

a(R, I) ← C
Mi,Mo,P,C,∅
−−−−−−−−−−→ a(R, I) :: B if clause(P, C, a(R, I) :: B)

∧satisfied(C)

collaborators(c(Term,C)) = C

collaborators(A1 then A2) = collaborators(A1) ∪ collaborators(A2)
collaborators(A :: B) = collaborators(A) ∪ collaborators(B)5.1 AlgorithmsWe have developed three algorithms for 
hoosing servi
es, although others are possible.The �rst, 
alled mat
hmake-joint, �lls all the va
an
ies in a proto
ol at the outset.It works by 
omputing the joint distribution for all possible permutations of servi
esin their respe
tive roles, sele
ting the grouping with the largest probability of a goodout
ome.The se
ond approa
h, mat
hmake-in
remental, is to sele
t only one servi
e ata time, as required by the exe
uting proto
ol. The various servi
es already engagedin the proto
ol, on needing to send a message to an as-yet-unidenti�ed servi
e, willask the broker to �nd an servi
e to ful�l the role at hand. mat
hmake-in
remental
omputes the probability of a su

essful out
ome for ea
h servi
e available for role

R given C (C being the 
ollaborators 
hosen so far), and sele
ts the most su

essfulservi
e. To illustrate mat
hmake-in
remental, imagine the work�ow s
enario. At�rst, Astrid must ask the mat
hmaker to �ll the bla
k_hole_�nder role. The BHFservi
e's �rst a
tion is to request the data �le from an astronomy database. It therefore



returns the proto
ol to the mat
hmaker, whi
h sele
ts the astronomy_database mostlikely to produ
e su

ess, given that the bla
k_hole_�nder is already instantiated to
BHF .The �nal method, mat
hmake-tree is a mix of the �rst two. Like mat
hmake-joint, it runs only on
e, before the proto
ol exe
utes. Like mat
hmake-in
remental,it sele
ts only one servi
e at a time (that is, when a message is sent). This seemingparadox is resolved by 
onsidering that mat
hmake-tree walks through the proto
ol,exploring ea
h possible bran
h, and sele
ting an servi
e when ne
essary in the samemanner as mat
hmake-in
remental. This tree of possible 
hoi
es 
an be stored withthe proto
ol that is sent to the 
lient, and 
onsulted as required.All three algorithms support the pre-sele
tion of servi
es for parti
ular roles. Anexample of this might be a 
lient booking a holiday: if it were a

umulating frequent�yer miles with a parti
ular airline, it 
ould spe
ify that airline be used, and themat
hmaker would work around this 
hoi
e. This me
hanism also allows us to dire
tthe mat
hmaker's sear
h: sele
ting a parti
ular servi
e 
an suggest that the 
lient wantssimilar servi
es, from the same so
ial pool, for the other roles, e.g. in a peer-to-peersear
h, by sele
ting an servi
e you suspe
t will be helpful in a parti
ular enquiry, thebroker 
an �nd further servi
es that are 
losely `so
ially' related to that �rst one.5.2 Dis
ussionHaving des
ribed the three algorithms, we must 
onsider whi
h to use, and when.mat
hmake-joint is preferable when one wishes to avoid multiple 
alls to the mat
h-maker, either be
ause of priva
y 
on
erns, or for reasons of 
ommuni
ation e�
ien
y.mat
hmake-in
remental and mat
hmake-tree would probably be more suit-able in proto
ols where many roles go un�lled: total work on the broker would be re-du
ed, and the results would probably be at least as good as for brokering all servi
es.Su
h a proto
ol, in whi
h many roles are never used, 
ould be viewed as a super
lassof a set of more spe
i�
 proto
ols: the mat
hmaker would then be determining theparti
ular type at run-time, and sele
t the optimal set of servi
es for that subtype.One 
annot determine in general whi
h of the two solutions would provide the opti-mal sele
tion of servi
es. mat
hmake-joint appears to provide the `optimal' solution,but there are some issues with it. The most immediate is that, unlike mat
hmake-in
remental and mat
hmake-tree, servi
es 
an be unfairly bla
k-balled for `under-performing' in unsu

essful proto
ols in whi
h they never a
tively parti
ipated. Se
-ondly, we hope to add ba
ktra
king to l

, su
h that we might undo 
ertain servi
esele
tions: this is not possible if all roles are �lled at the outset.5.3 Inherent di�
ulties in the problemWe note here two signi�
ant problems that seem to be ines
apable issues intrinsi
 tothe problem: trusting 
lients to report honestly and in a so
ially `normal' manner theout
ome of proto
ol exe
utions; and the problems of lo
ating mutually 
o-operativeservi
es in a large so
iety.Sin
e individual 
lient servi
es are responsible for the assigning of su

ess metri
s tomat
hmakings, there is s
ope for servi
es with unusual 
riteria, or downright mali
iousintentions, to 
orrupt the database.Mat
hmaking is a so
ial a
tivity: 
lients wish to 
ommuni
ate with servi
e providersthat, by de�nition, they are unaware of. It is un
lear how this aspe
t of agen
y will



develop, and it will depend in many respe
ts on 
ompanies' e
onomi
 de
isions, andthe behaviour of individuals as to how many servi
es are deployed. Some areas will bedominated by 500lb gorillas (Google, Amazon, E-Bay), for others (personal 
alendaragents) millions will exist, and some will o

upy a middle ground of dozens or hundredsof providers (insurers). We presume that, for most purposes where one would use amat
hmaker, we would be dealing with roles that supported numbers toward the lowerend of the s
ale. Further, we must ask how many servi
e types will be provided. Again,in ea
h domain, we might have a simple, monolithi
 interfa
e, or an interfa
e withsu
h �ne granularity that few engineers ever fully understand or exploit it. Here, it isperhaps harder to predi
t the numbers.While our te
hnique handles large numbers of in
iden
es, it does not s
ale forvery large numbers of servi
es or roles. For any proto
ol with a set of roles R, andwith ea
h role having |providers(ri)| providers, the number of ways of 
hoosing ateam is Q

ri∈R
|providers(ri)|, or O(mn). No mat
hmaking system 
ould possibly hopeto dis
over all the various permutations of servi
es in a ri
h environment, althoughma
hine learning te
hniques might be helpful in dire
ting the sear
h for groupings ofservi
es. How mu
h of an issue this a
tually be
omes in any parti
ular domain will beheavily in�uen
ed by the out
omes to the issues dis
ussed above.6 Related workThe brokering problem arises in agent systems, semanti
 web, and grid environments.The mat
hmaking problem is dis
ussed in [1, 6, 7℄. We 
ons
iously ignored methodslike those found in [8℄, though they would be 
ru
ial in any real-world deployment: webelieve our te
hnique would usefully augment su
h systems, and we intend to fuse thetwo approa
hes.Our problem 
on
eption�mat
hmaking multiple roles for the same dialogue�isanti
ipated by the self-serv system [9℄, though we believe our approa
h is novelin dete
ting emergent properties that are not known to the operator, and is moretransparent, requiring less intervention (i.e. spe
i�
ation of servi
e parameters) fromthe 
lient. Our use of performan
e histories is predated by a similar approa
h foundin [10℄, although that, again, only examines the 
ase of two-party intera
tions.7 Con
lusion and future workWe have shown that, in plausible s
enarios, the su

essful 
ompletion of a task maydepend not only on the advertised abilities of servi
es but on their 
olle
tive suitabilityand inter-operability. We presented a simple, but e�e
tive, te
hnique for dete
tingsu

essful groupings of servi
es. We highlighted the intra
tability of the problem inenvironments with large numbers of available provider servi
es and/or roles.We have simulated several s
enarios, in
luding the astronomy Grid example. Initialresults are en
ouraging: �gure 3 shows the improvement in the out
ome of servi
einvo
ations as the mat
hmaker a
quires experien
e of the various servi
es' intera
tions,as 
ompared with a randommat
hmaking strategy. However, the gain is highly sensitiveto s
enario and the parti
ular servi
es available.We are working to apply this te
hnique to real-world web servi
es in the bioin-formati
s domain, where we expe
t to �nd the kinds of inter-servi
e mismat
hes wehypothesise here. We intend to examine other ma
hine learning te
hniques, and also



Fig. 3. Servi
e sele
tion improves as mat
hmaking database grows
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