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Abstract struction of workflows are increasingly desirable to facili
tate the construction of complicated workflows. An effec-

The increasingly complicated workflow systems necessitive and efficient workflow recommendation technique is
tates the development of automated workflow recommenuseful in these tools. First, it can speed up the workflow
dation techniques, which are able to not only speed uggonstruction process by reducing the development time.
the workflow construction process, but also reduce the er5€cond, it can provide a guidance for choosing the mostly
rors that are possibly made. The existing workflow rec-likely node and, therefore, minimize the errors that are
ommendation systems are quite limited in that they canP0ossibly made in the workflow construction.
not produce a correct recommendation of the next node An important observation in workflow construction
if the upstream nodes/sub-paths that determine the occupractice is that, in most cases, the prediction of a down-
rence of this node are not immediately connected with itstream node is only dependent on one of its adjacent up-
To solve this drawback, we propose in this paper a newstream sub-paths in the workflow. Here, the adjacent sub-
workflow recommendation technique, calledwRecom- path is not necessarily continuous nor immediately con-
mender FlowRecommender features a more robust exnected the node. The influence exerted by the remote up-
ploration capability to identify the upstream dependencystream sub-paths becomes negligible when the distance
patterns that are essential to the accuracy of workflow recbetween the node and the upstream sub-path increases.
ommendation. These patterns are properly register offlindhe existing work perform recommendation either based
to ensure a highly efficient online workflow recommen- on the last node only [1] or the continuous paths that ends
dation. The experimental results confirm the promisingin the last node in the current workflow [2]. They can-
effectiveness and efficiency of FlowRecommender. not perform recommendation based on the paths that are
not continuous nor does not terminate in the last node of
) the current workflow. For example, suppose we need to
1 Introduction produce the recommendation of the next node for a partial
workflow ¢ — a — b. The method in [1] provides predic-
In recent years, workflow systems are becoming more antion based on nodgonly while the method in [2] provides
more complicated as a result of a fast growing numbeiprediction based on one of the two continuous sub-paths
of scientific processes available. Scientific workflows arethat end at nodé: ¢ — a — b anda — b. These two
based on the automation of scientific processes in whicinethods will fail to provide correct recommendation if the
scientific programs are associated, based on data and corext node is actually decided by other sub-paths such as
trol dependencies [1]. These scientific processes, mostlg, ¢ — aorc — ... — b.
taking the form of Web services, could either be local or  To solve the drawbacks of the existing work, we pro-
remote scientific tools or programs that can be shared bgose a new workflow recommendation technique based
scientists from a common domain. However, the construcon workflow provenance, calledFlowRecommender
tion of most workflows are based on some pre-determine@lowRecommender provides a more effective yet efficient
templates and relevant domain knowledge plays a cruciaheans for producing the prediction by investigating the
role in creating these templates. As such, the workflowcorrelation of each possible workflow node with respect to
construction is d_|ff|(_:ult or even impossible when domainits adjacent upstream paths. More specifically, FlowRec-
knowledge is missing or the workflows are to be con-ommender takes two main stages for performing workflow
structed by amateurs in the field. Workflow recommendarecommendation: the offline stage and the online stage.
tion based on provenance turns out to be a possible ang the offline stage, FlowRecommender extracts the pat-
promising approach in the case when no templates argrns of nodes that will appear in the workflows. The
available. patterns are called thiafluencing upstream sub-patle$
Provenance of workflows is a practice to archive histor-the nodes that determine the occurrence of these nodes in
ical workflows that have been executed and, sometimeghe workflows. The extracted patterns are registered into
also the intermediate and final results generated by ththe so-callegattern tablefor the subsequent recommen-
workflow processes. A number of provenance systemsglation. In the online stage (when recommendation is re-
and techniques have been proposed [6, 7, 8, 9, 10, 11, 1guired), the pattern table is scanned to match the patterns
13, 14, 15]. The provenance of workflows is of consid-with the current partial workflow under construction. The
erable value to scientists. From it, one can ascertain thgode is recommended if its influencing upstream sub-path
quality of the data based on its ancestral data and derivanatches the partial workflow. Compared with the exist-
tions, track back sources of errors, allow automated reing methods, FlowRecommender is advantageous in that
enactment of derivations to update a data, and provide ait features a stronger capability to identify the influemgin
tribution of data sources [4]. Recent work has also showrupstream sub-paths, leading to a better recommendation
that provenance information (the metadata required foperformance.
reproducibility) can be used to simplify the process of The reminder of this paper is organized as follows.
pipeline creation [5]. Tools for assisting automatic con-
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Figure 1: The system architecture of FlowRecommender

Section 2 presents an overview of FlowRecommender andiorkflow, the recommendation generation module tries to
its system architecture. In Section 3, greater details arprovide recommendation as to which node should be se-
given on the two major modules of FlowRecommender,lected to extend/complete the workflow. The recommen-
i.e. pattern extraction and registration, and the workflowdation results are fed to the users who will decide whether
recommendation. The experimental results are reported ithe recommendation is followed. The users’ decision will
Section 4. The final section concludes the whole papelead to the extension of the worklow. This cycle continues
and presents some future research directions. until the workflow has been constructed to the point such
that the desired task has been fulfilled.

The major constituting modules of FlowRecommnder

2 AnOverview of FlowRecommender are discussed in details in the following subsections.

In this section, we will present an overview of FlowRec- ] . .

ommender for workflow recommendation based on work-2.1  Pattern Extraction and Registration

flow provenance. The system architecture of FlowRec- ) o ) _

ommender is presented in Figure 1. Generally, there ar# this section, we will discuss in details how to extract
two modules involving in FlowRecommender, i.e., pat- Patterns from provenance that are useful to the workflow

tern extraction and registration and workflow recommen-ecommendation. These patterns serves as a sort of signa-
dation. The first two modules are performed offline while tures to activate the recommendation of certain nodes to
the last module is conducted online during the construcextend/complete the partial workflows.

tion of workflows.

e Pattern extraction and registration. The patterns 2.1.1 Pattern Extraction

of the candidate nodes are extracted from the work-rhe patterns of the candidate nodes are extracted from the
flows in the provenance. Here, the candidate nodeg oyenance. The candidate nodes are those nodes that can
are those tools/programs that can be utilized to expe notentially used to extend/complete the partial work-
tend/complete the workflow in the recommendation, fio\ys under construction. The patterns are the influenc-

and the pattern for each candidate node refers to itg,q ' psiream sub-paths that determine the occurrence of
influencing upstream sub-path that determines the,gqes in the workflows.

occurrence of this node. Such pattern is identified ~ _

when the correlation (measured bgnfidencgbe-  Definition 2.1: Candidate Node Set for all the work-
tween the sub-path and the node is sufficiently strongflows. The Candidate Node Set with respect to all the
The discovered patterns are registered intoggae  workflows in the provenance, denoted@a'S(D), is the
tern table making FlowRecommder ready for the set of nodes that can be potentially recommended in var-
subsequent workflow recommendation module; ious locations of workflows. It is defined as the set of

. ) nodes that have appeared in the workflows but do not only
 Workflow recommendation. During workflow con-  appear in the start position of the workflows.

struction, workflow recommendation module tries to L
match the influencing upstream sub-paths of the canDefinition 2.2: Upstream sub-paths.The upstream sub-
didate nodes against the current workflow under conPaths of a node in a workflow w is defined as the se-
struction. The nodes are recommended to users oncguences of ordered nodes that appear befdrew. For
its influencing upstream sub-path matches the currergxample, in a workflow — a — ¢, the set of upstream
workflow. sub-paths for nodeare{b, a,b — a}.
We evaluate the correlation of a node and its upstream
From the system architecture of FlowRecommender asub-paths through the measurecohfidence Confidence
shown in Figure 1, we can see that, in the workflow con-of a nodev given a upstream sub-paftis the probability
struction process, a close cycle is formed among the folthat v appears given that has already appeared in the
lowing components: the workflow currently under con- workflow. It is defined as
struction, the workflow recommendation generation mod-
ule and the end human users. The workflow currently Conf(v,p) = freq(v,p)
under construction serves the input to the recommenda- onJj\v,p) = freq(p)
tion generation module. Based on the current status of the



where freq(v,p) and freq(p) correspond to the fre- The algorithm for finding the influencing upstream
guency/count that and p occur together angh occurs  sub-paths for all the candidate nodes is presented in Figure
alone in the workflow, respectively. 2. To speed up the pattern extraction, particularly the cal-

Unlike association rules, only confidence is leveragedculation of confidence, we leverageverted indexingpf

in our work to measure the significance of the patterngvorkflows, which speeds up the search of the workflows
extracted, instead of using both support and confidencevhere a given node appears. This can significantly reduce
In workflow domain, it is likely that some workflows are the number of workflows to be evaluated for calculating
executed in a quite low frequency, but their constitutingconfidence. The inverted indexing based on the candi-
nodes and/or paths feature strong correlations with otheflate nodes are first performed in order to streamline the
If support measure is used, then it may lead to many lowSubsequent confidence calculatiérv.S(D) is cloned to
frequency workflows being screened out and the recomS¢tO f PendingNodes which will dynamically updated

mendations based on these workflows becomes imposgP the algorithm to track the set of nodes whose patterns
ble. have not yet been found. The FOR loop in Line 3 controls

e . the order of the sub-paths the algorithm will evaluate, in-
Definition 2.3: Influencing upstream sub-path. For a  creasing from 1 throughk. The algorithm will continue
nodev, the influencing upstream sub-patin a workflow  when not all the candidate nodes have been evaluated.
is defined as the sub-path that satisfies that the confidenggnce the influencing upstream sub-path for the node has
of v givenp is no less than a given confidence thresholdpeen identified, the node and its pattern will be registered
Ocony, as follows: into the pattern able and the algorithm will start to process

the next candidate node. Pattern registration in pattern ta
Conf(v,p) > Ocont ble will be discussed in the next subsection. The BREAK
clauses in Line 10 enables the algorithm to be terminated

The technical challenge lies in extracting the influenc-early the moment when the influencing upstream path has
ing upstream sub-path for a nodés that we are not able been identified with respect to each candidate node.
to accurately pinpoint the location and order of the influ-
encing upstream sub-path of The concept of the loca-
tion of an influencing upstream sub-patfin a workflow

is relative to the end (last node) of this workflow. This is . .

what we call the backward location of a sub-path within a\S{YJ?f_m tr;]ey hfavhe beeg ext_racted,dt_kée mflueracmg upfstre?]m

workflow, which is defined as follows: paths of the nodes in Candidate Node Set for the
' provenance will be registered into the pattern table. Next,

Definition 2.4: Backward location of an influencingup-  we will present the definition of pattern table.

stream sub-path. The backward location of an influenc- Definition 2.4. Pattern Table. The pattern table is an

ing upstream sub-path within a workflow is defined as y x 2 table, wherer;; is the node that possibly appears

the distance (i.e., the number of edges) between the firsh the workflows (i.e.,z;; € CNS(D)) andz;, is the

node ofp and the last node af, i.e. corresponding influencing upstream sub-path of the node

given inz;;, wherel <i <n.

An influencing upstream sub-path is represented as an
o S ) ordered sequence of nodes in the pattern table. Each node
To solve the difficulty in pinpointing the location and in the sequence is associated with the location information
order of the influencing upstream path of given nodes, wgepresented by its distance to the candidate node given in
devise a technique to do this irpeogressivdashion. For  the filed ofz;;. The order of this sequence of nodes is con-
a given node, the technique first evaluates its confidencsistent with the order they appear in the workflows from
with respect to its upstream sub-paths consisting of nodeghere they are extracted, but they do not necessarily ap-
with the smallest overall distance (based on the locatiorpear consecutively. The pattern table is pre-constructed
of the sub-path within the workflow as defined in Defini- pefore recommendation is performed.
tion 2.4) to ensure that the more adjacent upstream paths 5, example of pattern table is given in Table 1. Sup-

a{ﬁ evalugted first, f?IIOE"’etﬂ by tge mtﬁre r%r]notg.otnes. '(rﬁose that this table is derived from a repository of work-
othér words, we evaluate the sub-patns with a diStance 4,y jnyolving a total of 7 nodes (labeled@s, ¢, d, e, f

1, 2,.... For the sub-paths with the same distance fro 3
the end of the workflows, we will first evaluate those witrﬁn?)m\j,\f]goined itnr}(laLJrgniri?]’gha\pl)Vgt\rlggrr? nsI)l/JS_BgtdheSs é\fgc%dagr?tiﬁed

a smaller order. In the case of a tie of the order of CONiyen 5 certain confidence threshold level: the 2-order sub-
stituting nodes in the paths, the algorithm will randomly . b(1) is identified for node: and 1-order sub-

choose a path for evaluation. This design is consistenggmig andg(1) are found for noded ande, respec-
with the rationale that the influencing upstream path of; '

: , ; . ively. The influencing upstream sub-path of nagee.,
ﬁaﬁ?gggtﬁoré%dﬁ 'tf]éevlveg'r"kﬁg/v\flose to the location of the, 3)"_, (1), means that node is recommended when

i i | . the current workflow under construction contains a path
As the algorithm will potentially evaluate all the possi- that takes the form of — ¢ —? — b, where the wildcard

ble upstream sub-paths, thus the total number of such sulsymbol asterisk(*) represents a sub-path with any possible

paths could be large especially when the sub-path is fagequence of nodes while the question-mark(?) represents

from the node in the workflow. To prevent an explosion a single node.

of the possible upstream paths, a paramei@r> 1) will

be used to specify the maximum backward location for )

the sub-paths to be evaluated. In other wokdsjill de- 2.2 Workflow Recommendation

termine the extent to which the upstream back-track will . )

be performed to find the influencing upstream sub-pathd he workflow recommendation that our method provides

for the given candidate node. For a candidate node, this offered in a stepwise fashion; the systems automatically

upstream sub-path exploration is continued until either ofécommends the next most likely node to choose in order
the following conditions is met: to extend/complete the current workflow that is under con-

struction. The users can exert to activate/inactivate work
1. The influencing upstream sub-path of this node isflow recommendation anytime in the construction process,
found: or providing users with a great flexibility to choose construc-
tion with or without automatic workflow recommendation.

Definition 2.5: Candidate Node Set for a workflow.

2.1.2 Pattern Registration

Location(p) = Dist(start(p), end(w)),p € w

2. All the sub-paths with a backward location not ex-
ceedingk have been evaluated.



Algorithm: findInfluencingSubPath( D, k)
Input: The whole workflow repository) and the limitk for upstream back-tracking for identifying patterns.
Output: The influencing upstream sub-paths of node€'iN.S (D).
1. Perform inverted indexing based on the nodeS WS (D);
2. SetOfPendingNodes — CNS(D);
3. FORi =0tok —1DO
FOR each node in SetO f PendingN odes DO
FOR each sub-paghof backward location of in the workflowsw of index(v), starting from the smallest order, DO
Conf(v,p) < computeCon fidence(v, p, D);
IFConf(v,p) > o THEN {
Registerp for v in the pattern table;
Removev from SetO f Pending N odes;
0. BREAK; }}

Boo~No G M

Figure 2: The algorithm for finding the influencing upstrearb-paths for candidate nodes

[ Candidate node label] Influencing Upstream Sub-path|

c a@3)_ b(1)
d @)
e 9(1)

Table 1: A sample pattern table

The (E,ar)ldidate Node Set for a workflow, denoted as that satisfies that

CNS(w), is the set of nodes that can be potentially rec-

ommended to extend/complete an incomplete workftow matchedCN S(w) € CNS(w)

that has been constructed. It is defined as the set of nodeg, 4

that satisfy the I/O constraints w.rdé. That is, the in-

put data type of the node i@ N S(w) matches the out- Vv € matchedCNS(w), Dist(w,p) < o4

put data type of the last node af. Obviously, we have ] ) )

CNS(w) € CNS(D), andCNS(w) may change when Wherep is the influencing upstream sub-path of nade
w is constructed at different stages. Each node inmatchedC N S(w) will be recommended

The moment when the recommendation is required td"ith @ probability to indicate the strength that this node is
extend or complete a workflow, we need to go through recommended. The probability is quantified proportion-

evaluating the influencing upstream sub-path of each nod@lly based on the confidence level, i.e.,

in CNS(w), which have been stored in the pattern ta- Conf(v,w)
ble, to see whether they match the current workflow under Strength(v,w) = =——————
construction. To perform pattern matching, we need to > Conf(vi, w)

first define the distance between a partial workfiovand h isfi
an influencing upstream sub-pathof a candidate node. WNerév; € matchedCNS(w). strength(vi, w) satisfies
Specifically, such distance, denotedRsst(w, p), is de-  thatd < strength(vi,w) < 1and}; strength(vi,w) =
fined as the normalized sum of the location difference bel-

tween the same pair of nodesinandp as If no influencing upstream sub-path can be matched
against the partial workflow under construction for any
3" Dist(n¥,n?) candidate node, then only the nodes that satisfy the 1/0O
Dist(w,p) = e = w,nk € p interface of the workflow will be recommended (i.e., the
Order(p) - Order(w) output datatype of the last node of the workflow matches

w » _ . the input datatype of the node to be recommended), each
wheren; anfjnj represept the game nodeumn(jp with with the same strength qg S;](w)‘ , where|C N S(w)| de-
(probably) different locations withiw andp, 1 < i < |w| notes the number of nodes N S (w).

andl < j < |p|. ) _
—_— The algorithm for the recommendation gen-
Based on the above definition, we know that< eration is presented in Figure 3. Two  sets,

Dist(w,p) < 1. We haveDist(w, p) = +oo if w does SetO f RecommendedNodes and  SetO fSten
9 ) . - gth;
not have the same sequence of nodes appearipgon are used to record the set of nodes whose patterns

ﬁocﬁrglggéeigo%%mﬂgg Iiiftrl)l:nncsiggjeutggttrég?npg{}é&_lgavt%rkr_natched the workflow and their respective recommenda-
have the same sequence of nodes, though these nodes n strength, respectively. These two sets are initidlize
: empty sets at the beginning (Step 1 and 2). The pattern

have (slightly) different locations within the workflow and table is then scanned to identify those nodes whose

sub-pa}th. _ patterns match the partial workflow and these nodes
~ Adistance threshold, denoted@g needs to be speci- zre stored inSetO f RecommendedNodes (Step 3-5).
fied to determine whether the partial workflawmatches  Their strength in the recommendation is calculated and
the influencing upstream sub-pattof a candidate node. stored inSetO f Stength based on their confidence level.
That is, if Dist(w,p) < oq then we say thaty matches  Fipally, the recommendation is presented by returning

p and does not otherwises, is a parameter providing  §etO f RecommendedNodes and SetO fStength to
flexibility for controlling the accuracy/fuzziness in path ~ gers.

matching. The larget, is, the less accurate (more fuzzy)
the matching will be, and vice versa.
If the patterns are matched for more than one candi3 Experimental Evaluation
date downstream nodes, then the recommendation can be
presented in @robabilisticmanner. Specifically, suppose In this section, we present experimental evaluation of the
matchedCNS(w) is the set of matched candidate nodesour workflow recommendation technique. Three major



Algorithm: RecommendationGeneration(w)
Input: A partial workfloww.
Output: The set of nodes recommended ferand their respective strength.
. SetO f RecommendedNodes «+ {);
. SetO fStength «— 0;
FOR each node registered in the pattern table DO
IF Dist(w,p) < o4, Wherep is the pattern ofy, THEN
SetO f RecommendedN odes «— Uv;
FOR each node € SetO f RecommendedN odes DO

SetO fStength «— U%, wherev; € SetO f RecommendedN odes;

OutputSetO f Recommended N odes andSetO f Stength;

© Nouh,hwdhpE

Figure 3: The algorithm for producing workflow recommendati

sets of experiments are carried out, evaluating the accu- The effectiveness of recommendation is measured by
racy of recommendation, scalability towards large prove-the accuracy of recommendation. Because the nodes in the
nance, and sensitivity to the major parameters. The proworkflows are generated stochastically based on the tran-
gram is developed in C++ and all the experiments are consition probability matrices, thus we will consider the top
ducted in Windows Vista 2.26GHz system with a mainm recommended nodes when we evaluate the recommen-
memory of 2G. dation accuracy. A hit (i.e., accurate recommendation) is

The workflow provenance that we will use in the ex- counted as long as the test node is one of thertapcom-
periments are generated synthetically. To render the worknended nodes by FlowRecommender. We compare rec-
flow repository generated as being close to the real-life apommendation accuracy of FlowRecommender with that of
p|icati0n scenarios as possib|e, four major aspects of dé)ther two competitive recomme'ndatlon methods. The fl.rSt
sign are carefully considered in the designing process: alrgetmd recommends the next likely node based on its im-
What is the total number of workflows in the provenancemediately preceding single node, and the other one per-
(denoted asV,ovenance)? b) What are the nodes that will forms recommendation based upon the immediately pre-
appear in the workflow provenance (here, the total numbe¢eding continuous upstream sub-paths. The comparison
of nodes that will appear in the provenance is denoted akesult is shown in 4. The value of is set as 3 in this
Npoaes)? €) What is the length of each workflow? and d) €xperiment. This figure shows that FlowRecommender
What is the order of nodes appearing in each workflow? Eerfocrims much l()jetielr than thg_ methodd recTohmmenbds node

: _ based on immediately preceding node. This is because
if eol? 0;2 ]ggg)iqtjﬁ/neaniﬁte?gg?s{v "Oé‘fn geai:(,dbee ise assiglg ci?igg? that there are quite a few nodes in the workflows whose oc-

; rrence is not based on its immediately preceding node.
t}‘le Iggenera}%rf autoglgtgi?&yu%ﬁgﬁgat}]egf svosr(lﬁ‘l g\tvgogg_s owRecommender is also superior to the method that per-
I 3t node " ]

noted as, .., iS specified and the length of each workflow forrrt1_s recommetndatlon Ltjjsmgththe Ar?tmedlaltely preceding
is a random integer variable in the range ... continuous upstream sub-patns. Aler a closer examina-
max tion, we find there are some nodes that correlates with the

To decide the order of nodes appearing in Workﬂ.o.""sqpstream sub-paths that are not connected with itself.
a set of matrices are constructed to decide the transitiona

probability for each pair of nodes. Specifically, each en-
try x5 in the matrixM () corresponds to the transitional : ‘ -
probability of nodeb given node: that is of a distance af e T T~
beforeb. Here,i is an integer and, without losing general- P \

ity, we set it in the range dfl, 3], meaning that the occur- o8- \/\/ 1
rence of a particular node in the workflows we generate |
is depended on a preceding node that is of a distance n
exceeding than 3. Certainly, one may specifs another

valid value. Each workflow is initialized using a node ran-
domly chosen from the set of nodes. When each subse

guent node needs to be generated in the workflow, a matri o4 1
is randomly chosen from the matrix set (which contains osl i
three matrices) and the new node is generated based ¢

the transitional probability presented in this matrix. §hi 0y 2 3 : : ; 7 b o
design ensures that occurrence of a node within workflow: Epermenal

is not only determined only by its immediately preceding

node, but also some more remote non-connected nodes.  Figure 4: The accuracy of FlowRecommender
The workflow grows in this way until its specified length

is reached.

—— Recommendation by immidiately preceding node
—s—Recommendation by immidiately preceding continous sub-path

Recommendation accuracy
o
S

3.1 Effectiveness Study 3.2 Efficiency Study

In order to carry out effectiveness study, we need to havdVe also want to evaluate the efficiency of recommenda-
a mechanism to validate the accuracy of the recommenddion. We mainly investigate the execution time of pattern
tion provided by FlowRecommender. To this end, we samextraction and workflow recommendation which are per-
ple a small fraction of the workflows from the provenanceformed in the offline and online fashion, respectively. Fig-
(e.g., 10%) to evaluate the effectiveness of recommendas#re 5 and 6 report the execution time of these two steps
tion of FlowRecommender. This set of workflows is called under varying number of workflows in the provenance.
thetest set For each workflow in this test set, a so-called First, from Figure 5, we can see that the extraction of pat-
test nodds randomly chosen. The test node, which is theterns from the provenance scale in an approximately linear
node that has really been executed, will be compared witiinanner with respect to the size of the provenance. This is
the recommendation produced using FlowRecommenderecause that the complexity of constructing the inverted



indexing of workflows dominates that the step of patternservices are well-specified by users when the workflow is
extraction and, when constructing the indexing, the wholeconstructed. Based upon those abstract Web services, the
workflow provenance needs to be scanned. Interestinglhyso-called concrete Web services (namely the instances of
we do not observe such a linear scalability behavior forabstract Web services) are discovered and the best one is
the workflow recommendation step. As Figure 6 revealsrecommended to construct the workflow. In contrast, the
the execution time of the workflow recommendation stepconstruction of workflows in our problem is purely driven
is independent of the provenance size. This is becauday the workflows themselves archived in the provenance
that it is the pattern table, instead of the original workflow without leveraging any pre-defined templates.
provenance, that needs to be scanned to find the matched A recommendation service that aims at Suggesting fre-
patterns for the current workflow under construction. Theguent combinations of scientific programs for reuse is pro-
size of the pattern table is determined by the number ohosed in [1]. This is an early effort to provide workflow
candidate nodes for the whole provenance, €&V,S(D).  recommendation using provenance. This recommendation
CNS(D) will remain unchanged if the workflows in the ' seryice is designed to work over repository of workflow
provenance are constructed using only a fixed set of nodegxecution logs. It allows users discover useful workflow
The fluqtuatlon of the exe_CUtlon time results from the dif- Components and how they can be Combined, and collected
ferent size o'V .S (w) at different recommendation loca- provenance histories are used to recommend a set of can-
tions within the workflow. didate services that may be useful to individual scientists
The drawbacks of this method, however, are as follows:

1. The recommendation of a node in the workflow is
only depended on its immediately upstream node.
For example, nodé is recommended for execution
after nodea (i.e., a — b) as long as there exists a
high correlation betweem andb. However, in many
cases, correlation exists for non-consecutive nodes
and, therefore, this method is not able to identify
these patterns for recommendation;

Execution time (Sec.)

. This method performs this on-the-fly in the workflow
construction process. As such, this method is not ef-
ficient to generate recommendation as the computa-
tion of confidence typically involves costly workflow
scans.

L I
6000 8000

Number of workflows in provenance

L
4000

2000

10000

Figure 5: The efficiency of pattern extraction A more sophisticated workflow recommendation tech-

nigue is propose in [2]. This technique is designed only as
a module in a workflow visualization system, calleid-
Complete This method decomposes the original work-
flow (pipeline) into a number of linear paths with varying
number of orders, and the confidence of each possible con-
tinuous sub-path in the workflow are quantified in order
o 1 to provide recommendation. All the possible sub-paths
(with varying orders) that terminates at the same node in
the workflow are ranked based on the their corresponding
ar 1 confidence score. The downstream node/path that features
— ] the highest confidence amongst all candidates is picked
up for completing the current workflow. The major draw-

I 1 backs of this method are summarized as follows:

Execution time (Sec.)

1. In this method, the recommendation of a node for
completing the sub-workflow under construction is
dependent on the confidence level of only the paths
are immediately connected with this node. For ex-
ample, given a sub-workflow in the provenance-»

b — ¢, this method will, for node, evaluate the con-
fidence of given bothu — bandbi.e.,Conf(cla —

b) andCon f(c|b). However, if the actual influencing
upstream sub-path structure of nade nodea, then
this method is not able to find this pattern for recom-
mendation purpose;

I I
6000 8000

Number of workflows in provenance

I
2000 4000 10000

Figure 6: The efficiency of recommendation

4 Related Work

There are abundant research work carried out on service

discovery and optimization for composition (which can be 2.

This method evaluates the confidencelbfpossible

considered workflows) in the Service Oriented Comput-
ing (SOC) domain. The nodes (in this case, Web services)
that are appropriate to the task that are to be fulfilled are
first discovered and the best Web service(s) is then iden-
tified for execution in the workflow through some service
optimization process [3]. In a sense, this resembles to a
workflow recommendation problem where the service dis
covery and optimization help recommend to users the bea
service that needs to be execute in each step. Neverthe-
less, there are some fundamental difference between the}
work and the problem that we are trying to address in thi
paper. The Web services are recommended based on so
pre-defined template where the high-level abstract We

paths which involving calculating the support (i.e.,
frequency) of both upstream and downstream sub-
paths. Given the potentially large number of work-
flows accumulated in the repository, such calculation
is rather expensive.

Conclusions and Future Research Directions

this paper, we propose a new workflow recommen-
ation technique, called FlowRecommender, that lever-
ges provenance of workflows to provide recommendation
or the best node (e.g., tool/service/program) that needs



to be chosen to complete the workflow. FlowRecom- [8] I. T. Foster, J.-S. Vockler, M. Wilde, and Y. Zhao.
mender is able to find the influencing upstream sub-paths
of nodes that are not necessarily immediately adjacent to
them. FlowRecommender performs offline pattern extrac-

tion

ble. This contributes to a highly efficient online recom- (9]

step which are maintained in the compact pattern ta-

mendation when it is required.
There are some further research directions we are in-

terested in exploring, including

1.

First, FlowRecommender is only able to find the most
adjacent influencing upstream sub-paths for candi-
date nodes in its current implementation. It is pos-
sible that, however, there exists multiple influencing

upstream sub-paths for the same candidate node. TH&1]

recommendation will fail if the influencing upstream
sub-paths other than the one registered in the pattern
table are present in the worklflow;

[12]
. Second, there have been a plenty of techniques on in-

dexing the sequence patterns. We would like to inves-
tigate how these techniques can be used in FlowRec-
ommender to index the influencing upstream sub-

paths and to what extent the performance boost caht3l]

be therefore achieved;

. Finally, the premilinary experimental evaluation that
we have performed is only based upon a synthetic{l4]

workflow provenance. We plan to utilize the Web
service workflow construction system we have de-
veloped for biologicain-silico experiments to collect
real-life workflows for a further performance valida-
tion of FlowRecommender.
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