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Abstract. To adapt to uncertain and dynamic requirements, exploratory service
composition enables business users to construct service composition processes
in a trial-and-error manner. A large number of service composition processes are
generated, which can be learned to improve the reusability of the service
composition processes. By mining these service composition processes and
abstracting the mining results to service patterns, the efficiency of service
composition can be effectively improved. At present, there has been some
research on the methods of service pattern mining. Most of the work focuses on
successful service composition processes, but the ones that fail are also valuable.
For example, by using the mining results of failure service composition pro-
cesses, the accuracy of service recommendations can be improved. To solve this
problem, this paper proposes a “failure” service pattern mining algorithm
(FSPMA) for exploratory service composition, which extends the gSpan algo-
rithm, and can mine “failure” service patterns from service composition pro-
cesses for further reuse. Meanwhile, the exploratory service composition model
and the service pattern model are explained for the FSPMA. The prototype
implementation of the exploratory service composition environment is intro-
duced, which integrates the FSPMA. The experimental evaluation is explained
to verify the algorithm, and the result shows that the efficiency of the FSPMA
has a significant improvement in mining “failure” service patterns compared
with the gSpan algorithm and the TKG algorithm. Finally, the application of
“failure” service patterns in service recommendations is given.

Keywords: Exploratory service composition + Service pattern mining + gSpan

1 Introduction

In the big data era, people’s lives rely more and more on the services delivered via the
Internet, and servitization becomes one of the most important trends [1, 2]. User
requirements are increasingly complicated, and no single service could completely
fulfill a coarse-grained requirement [3]. Service composition has become increasingly
popular in both business and scientific domains [4, 5]. In some situations, end users
can’t make a thorough experiment plan in advance and cannot decide on which steps to
take next without reviewing the results of the previous steps [6]. They may want to
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dynamically adjust the composition logic at runtime. Therefore, exploratory service
composition [6] is paid great attention in academics these years. There are a large
number of service composition process instances generated at runtime, which may
contain valuable knowledge. The knowledge refers to previous experiences and is
valuable for reuse. If it can be fully utilized, the efficiency of exploratory service
composition will be improved.

Through the analysis of service composition process instances generated by
exploratory service composition, it is found that users’ selection of services has certain
commonalities. Some services often appear together in one service composition process
track, as a form of a fragment. The fragment shows the characteristic of large granu-
larity and high reusability. Related research refers to this service fragment which
frequently appears as a service pattern [7]. There are two kinds of tracks for service
composition process instances generated by exploratory service composition which are
successful track and failure track. So, the corresponding service patterns can be divided
into two kinds, one is the “success” service pattern, and the other is the “failure” service
pattern. Applying these two kinds of service patterns to exploratory service composi-
tion, on the one hand, can improve the efficiency of constructing service composition
processes, on the other hand, can make full use of previous knowledge to improve the
reusability of service composition processes. Recently, most of the work is only
focused on the mining of “success” service patterns, and there is little research on the
mining of “failure” service patterns. The value of the corresponding historical dataset
has not been fully utilized. In addition, if the method of mining “success” service
patterns is used in mining “failure” service patterns, it will cause unnecessary waste of
time and resources. Because if a track is a failure track, it does not mean the entire track
is failed, but only part of the track is failed. Mining can be limited to the scope of
failure.

To solve this problem, this paper proposes a method for modeling exploratory
service composition instance and its corresponding service pattern and designs a
“Failure” Service Pattern Mining Algorithm (FSPMA) which extends the gSpan
algorithm. Through the proposed models and algorithm, “failure” service patterns in
the failure process tracks can be efficiently mined. Compared with the gSpan algorithm
and the TKG algorithm, the mining efficiency is significantly improved.

The rest of the paper is organized as follows. Section 2 of this paper introduces the
analysis of related research status and the problems that need to be solved. Section 3
gives the formal definitions of exploratory service composition instance and service
pattern. Section 4 elaborates on how to mine the “failure” service patterns based on the
FSPMA algorithm that focuses on probe points and failure process tracks. Section 5
designs and implements the prototype. Section 6 gives experimental analysis and
performance evaluation of the FSPMA algorithm. Section 7 introduces the application
of the “failure” service patterns that are used in service recommendations. Finally,
summarize the full paper and look forward to future work.
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2 Related Work

2.1 Log-Based Service Pattern Mining

Currently, there are mainly four kinds of log-based service pattern mining algorithms.
One is the o algorithm [8]. This algorithm scans all instances in the log, abstracts the
basic relationship between activities, and directly constructs the processes according to
the type of basic relationships. It can handle various control flow structures, but cannot
deal with the noise in the log. The second is the heuristic algorithm [9], which mainly
considers the frequency of process instances in the log. It can mine the main behaviors
of the processes and deal with the log noise, but it ignores the details of the processes
and cannot handle log diversity and quality monitoring. The third is the genetic
algorithm [10], which is a search technology that simulates the evolution of biological
processes. It can handle various types of control flow structures and log noise at the
same time, but the algorithm may not get the optimal process model in the end. The last
is based on the log classification algorithm. It clusters the execution instances which are
saved in the log [11], divides them into multiple sub-logs, and uses existing mining
algorithms on the sub-logs. This algorithm can handle the log diversity well, but it
relies on the existing specific mining algorithms.

2.2 Process-Based Service Pattern Mining

Process-based service pattern mining can be abstracted as frequent subgraph mining
(FSM). A survey done by literature [12] presents several significant FSM algorithms.
According to the survey, no “new” algorithms were proposed recently but there had
been much work on developing variations of existing algorithms [13]. FSM algorithms
mainly adopt two algorithm ideas, the Apriori algorithm and the FP-growth algorithm.
The mining algorithms that apply Apriori’s idea include the AGM algorithm [14]
and the improved algorithms based on the AGM algorithm. The AGM algorithm is
based on recursive statistics. It can mine all frequent subgraphs, but its execution
efficiency is lower for large databases. Its improved algorithms include the FSG
algorithm [15] and AcGM [16] algorithm, their execution efficiency is higher than that
of the AGM algorithm. In the current research, the representative work of service
pattern mining algorithms that use Apriori’s idea is shown in the literature [17].
Another algorithm idea is the FP-growth algorithm [18, 19], which compresses the
data into a frequent pattern tree, stores the association relationship of the items, and
finally generates frequent sets for the pattern tree. Since it does not need to generate
candidate frequent sets repeatedly, its execution efficiency is higher than that of the
Apriori algorithm. FSM algorithms based on the idea of this algorithm such as gSpan
algorithm [20] and FFSM algorithm [21]. The rightmost path expansion and frequent
pruning strategy of gSpan algorithm greatly reduce the running time of the algorithm.
FFSM algorithm only scans the embedding set when calculating the support degree,
which outperforms gSpan. But FESM cannot be used in the context of directed graphs;
while gSpan, with some minor changes, can accommodate directed graphs [12].
Besides, TKG [22], which extends gSpan algorithms, utilizes a dynamic search pro-
cedure to always explore the most promising patterns first. Experiments show it has
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almost excellent performance as well as gSpan, but its memory use is high. According
to the survey, the representative work of applying the idea of the FP-growth algorithm
in service pattern mining is present in literature [23].

The related work of service pattern mining above is aimed at the mining of suc-
cessful service composition process. They mine the entire service composition process.
For failed tracks, they will produce unnecessary waste of time and resources. There-
fore, this paper comprehensively considers the characteristics of current service pattern
mining and its existing problems, adopts a process-based service pattern mining
algorithm, considers the mining efficiency and feasibility of these optional algorithms,
and finally chooses to extend the gSpan algorithm so that the algorithm can support the
mining of “failure” service patterns.

3 Model Definition

This section mainly introduces the exploratory service composition instance model and
the service pattern model.

3.1 Exploratory Service Composition Instance Model

Exploratory service composition can support business users to incrementally construct
service composition processes at runtime. During the composition, if the intermediate
result is incorrect or unsatisfactory, probe points can be added at the corresponding
activity, so that new tracks can be derived from the original track until a successful
track is explored. The exploratory service composition instance model is shown in
Fig. 1.

Instance
1
1
trackSet
L C
1 0..*
success failure
Track Track

Fig. 1. Exploratory service composition instance model.

Definition 1 (Instance). The Instance describes the exploratory execution for certain
goals through service composition and is regarded as a package of tracks. It can be
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depicted as a 3-tuple: Instance = <instancelD, name, trackSet>. The InstancelD
represents the unique identifier of the exploratory service combination instance. The
name represents the name of the exploratory service composition instance. The trackSet
represents the track set contained in the instance.

Definition 2 (Track). The Track is the ultimate executable process unit, and can be
depicted as Track = <trackProfile, instancelD, status, activities, transitions, direct-
Deriv, dataPocket, exploredstate>. The trackProfile represents the basic track infor-
mation, like trackID, name, createTime, etc. The InstancelD indicates the instance to
which the track belongs, a track must belong to one certain instance, so the instancelD
cannot be null. The status € {init, running, suspend, complete, terminated} [4], which
represents the execution status of the track. The activities and transitions represent the
activities and the transition relationships of the tracks respectively. The directDeriv
locates the original track in the derived relationship, which is shown as Fig. 2, defined
as directDeriv = <originalTrack, probePoint>, where originalTrack marks the parent
track of the current derived track, probePoint marks the probe point in the original
track when it is derived. And the operation of adding a probe point is shown as
Definition 5. The dataPocket is the data information generated by the track. The
exploredstate € {success, failure}, represents the track state after explored, which can
be successful or failed.

O OO

| |
v v
OO OO
originalTrack

originalTrack

s (e (B (e)

Legend @ probePoint ————— success Track ====-==----- - failure Track

Fig. 2. The original track and its derived tracks.

Definition 3 (Activity). The Activity is one of the primary elements of the exploratory
service composition instance model and the service pattern model. It is the executable
task in service composition processes. It can be depicted as Activity = <activitylD,
Input, Output, QoS, type, status>. The activityID represents the unique identifier of the
activity. The Input represents the set of input parameters. The Output represents the set
of output parameters. The QoS means the quality of the activity. The type € {service,
start, end, orSplit, orJoin, andSplit, andJoin} [4] represents the type of the activity. The
status € {init, running, suspend, executed)} is the execution status of the activity.
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Definition 4 (Transition). The Transition is the other primary element of the models
and is a mapping from one activity to another activity. It can be depicted as Transi-
tion = <tranlD, fromAct, toAct, dataMapping>. The tranID represents the unique
identifier of the transition relationship. The fromAct represents the source activity of the
transition relationship. The foAct represents the target activity of the transition rela-
tionship. The dataMapping € {Exact, Plugin, Container, Disjoint} represents the
collection of data mapping relationships between the source activity and the target
activity.

Definition 5 (the Operation of Adding a Probe Point). The Operation of Adding a
Probe Point can be recorded as addProbePoint (pt, a), where pt is the track and a is the
activity. If the status of pt is not terminated and the status of a is executed, then the
operation of adding a probe point is allowed. This operation will generate a new track
pt'. The dataMapping of the transition relationship generated by cloning from the
original track remains unchanged, so are the predecessor activities of probe point
a. The probe point a and the successor activities are reset and initialized after being
cloned.

3.2 Service Pattern Model

After the execution of the exploratory service composition instance, both the successful
tracks and the failed tracks can be generated. Two kinds of service patterns can be
gained by mining these two kinds of tracks. Considering the characteristics of a service
pattern, it can be defined as follows:

Definition 6 (Service Pattern). A service pattern is a frequent subgraph mined from a
set of process tracks, which can be depicted as SP = <spID, activities, transitions,
type>. The spID represents the unique identifier of the service pattern. The activities are
the activities contained in the service pattern. The transitions are the transitional
relationships that exist between activities. The type € {success, failure} represents
which kind of tracks the service pattern is mined from.

4 FSPMA

Our problem is defined as: mining the tracks of exploratory service composition
instances and obtaining service patterns. And we mainly focus on mining the failure
tracks to obtain the “failure” service patterns. To solve the problem, this paper proposes
a Failure Service Pattern Mining Algorithm (FSPMA) which extends the gSpan
algorithm.
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Compared with the gSpan algorithm, the extension of the FSPMA is that it limits
the mining scope to the vicinity of the probe points. In the following, the algorithm is
introduced in detail. It takes a set of failure tracks as input. Firstly, the input called T is
abstracted as a graph set D. The predecessor activities of the probe points on the tracks
are marked as success points (can also be said as vertices). The successor activities of
the probe points are marked as failure points (Algorithm 1 line 1). Secondly, vertices
and edges are sorted based on their frequencies. The infrequent vertices and edges will
be removed (Algorithm 1 line 2-3), and the remaining frequent edges will be sorted in
DFS lexicographical order (Algorithm 1 line 5). Thirdly, to discover “failure” service
patterns, frequent subgraphs must contain at least one probe point or failure point. So,
the algorithm only performs Subgraph_Mining for three kinds of frequent edges which
are shown in Fig. 3. This step is the main part where FSPMA extends the gSpan
algorithm (Algorithm 1 line 8). These three types of frequent edges can grow based on
the gSpan algorithm’s search strategy and growth strategy which are the depth-first
search and the rightmost path expansion strategy (Subprocedure 1 line 4). For the
strategies, details can be seen in [20] or [22], we will not introduce them further. After
mining the frequent subgraphs, remove the mined edge from the original graph
(Algorithm 1 line 11), continue with the expansion mining of the next frequent edge
which must be one of the three kinds of edges in Fig. 3, and repeat these procedures
until all frequent subgraphs are found. Finally, after filtering the frequent subgraphs
(Algorithm 1 line 14), we can get the “failure” service patterns.

: % Legend

@_»@ @ successPoint
@ probePoint

(5) niuepoint

Fig. 3. Three kinds of frequent edges that can grow.

An example is given below to illustrate the operation of the algorithm, as shown in
Fig. 4. Given the 8 graphs which are converted from tracks and the minimum support
threshold minSup = 2, the algorithm sorts vertices and edges according to the fre-
quency, removes infrequent ones, and obtains all frequent edges. Then, only three types
of frequent edges which are shown in Fig. 3, can grow based on the depth-first search
and the rightmost path expansion. When no new frequent subgraphs are generated, the
growth for the next edge starts. Repeat these procedures and get all frequent subgraphs.
Finally, remove the repeated frequent subgraphs, and obtain the final result.
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Algorithm 1: FSPMA

Input: Track set T, minSup
Qutput: “Failure” service pattern collection S

1: Abstract T to graph set D and label success points and failure points;
2: sort the labels in D by their frequency;

3: remove infrequent vertices and edges;

4: S! « all frequent 1-edge graphs in D;

5:sort S! in DFS lexicographic order;

6:S « Sl;

7: for each edge e in S' do

8:  if both e.from and e.to are failure points

or e.from is probePoint and e.to is a failure point
or e.to is probePoint;

9: Initialize s with e, set s.D by graphs which contain e;
10: S «— Subgraph-Mining (D, S, s);

11: D«—D-e¢;

12: if |D| < minSup;

13: break;

14: remove the repeated frequent subgraphs from S;

15: return S;

Subprocedure 1: Subgraph-Mining

Input: D, “Failure” service pattern collection S, frequent fragment s, minSup
Output: §

1: if s # min(s)

2 return S;

3. S SUsk

4: enumerate s in each graph in D and count its children;
5: for each ¢, cis s’ child do

6 if support(c) > minSup;

7 s c;

8

S <= Subgraph-Mining (Ds, S, s);

45
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Fig. 4. An example of the algorithm.

5 Prototype Implementation

Exploratory service composition environment is an online service composition system
developed to support the FSPMA algorithm. Figure 5 shows its architecture. The
environment has five modules, which are the modules of exploratory service orches-
tration tool, runtime user interaction, execution engine, service pattern mining, and

service library.

Exploratory Service Composition Environment

’ Exploratory Service Orchestration Tool I

Runtime User Interaction

\ 4

A Service/
Service Pattern|

A

Service Composition

Execution Engine

Process Engine| | Task Engine
Service Service Service
Y Composition Compostion| Pattern
Service Library
Service Service Composition Service Pattern
M: ment Management M:

Service Registration

Web Services

ah
e

e X

Fig. 5. The architecture of exploratory service composition environment.
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The modules of exploratory service orchestration tool, runtime user interaction,
execution engine, and service library are the fundamental modules of the environment.
The module of exploratory service orchestration tool supports users to build the service
composition processes. And users can execute and adjust the processes in the runtime
user interaction module. Both the module of exploratory service orchestration tool and
the module of runtime user interaction can interact with the execution engine module.
There are two engines contained in the execution engine, which are the process engine
and the task engine. This module can provide the functions of application parsing,
service collaboration, service invocation, and exception handling. The service library
module provides services and service patterns to exploratory service orchestration tool
and runtime user interaction and saves the service composition processes which are
generated by these two modules.

For the mining part, the module of service pattern mining has two data sources,
which are the service composition process instances generated by runtime user inter-
action and the historical service composition process instances saved in the service
library. Because the tracks of the process instances can be divided into two kinds,
success and failure, this module has two submodules, one of them integrates the
FSPMA algorithm to mine “failure” service patterns from failure tracks. The other
integrates the gSpan algorithm to mine “success” service patterns from success tracks.
These service patterns are written back to the service library in the end. Therefore, the
function of service pattern management is developed for the module of the service
library, to manage the service patterns.

6 Experiment

6.1 Dataset and Environment

This section uses simulation experiments to evaluate the performance and effectiveness
of the FSPMA algorithm. To improve the credibility of the experiment, this paper uses
1405 processes crawled from the myexperiment (www.myexperiment.org) research
community as the experimental dataset. The data is in the XML or t2flow format with
the highest visits and downloads in the community. This community is a collaborative
environment for global biocomputing researchers to publish and share information
about biocomputing processes and experimental plans. Scientists can safely publish
their processes and experiments, share them with groups, and find other researchers’
processes. It can reduce follow-up experiment time, share professional knowledge, and
avoid reengineering.

To meet the needs of the algorithm, this paper analyzes the collected biological
processes, abstracts services as vertices, sets service names as vertex labels, and
abstracts the relationships between services as edges. To obtain more frequent service
patterns, we model the most sixteen frequent services as probe points. Since the pro-
cesses crawled from the website can be executed successfully, failure process tracks are
constructed through simulation. A total of 10,490 failure tracks are constructed for the
mining algorithm.
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The simulation program is developed using Anaconda 3.6 and PyCharm, runs on a
PC with a Windows operating system, CPU of AMD Ryzen 7 2.90 GHz, and memory
of 16G.

6.2 Experimental Verification

The experiment mainly observes mining efficiency improvement of the FSPMA
algorithm compared with the gSpan algorithm and the TKG algorithm. The impacts of
minSup, the number of tracks, and the number of mining results on the runtime of the
algorithms are analyzed while the experiments’ mining accuracy is the same. The TKG
algorithm can find the top-k frequent subgraphs, where the only parameter is k, the
number of patterns to be found. It is also an extension of gSpan. Since TGK can
generate the optimal minSup according to the value of k, we only compare the runtime
with the TKG algorithm in terms of the number of tracks and the number of mining
results.

The algorithm parameters are mainly the minSup and the number of tracks. As
shown in Fig. 6, we use 10,000 tracks and set the minSup from 3 to 15. The result
shows that when the minSup is adjusted to 10, the runtime of the FSPMA reduces the
most compared with the gSpan algorithm. As can be seen from the histogram, the
number of mining results that the two algorithms produce is the same. Besides, by
comparing the contents of the output files, the frequent subgraphs obtained by the two
algorithms are exactly the same. The mining accuracy of other subsequent experiments
is also exactly the same.
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Fig. 6. The impact of minSup on runtime.
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Then, we select the minSup = 10 and analyze the runtime under different numbers
of tracks. By changing the number of tracks from 1000 to 10,000, Fig. 7 illustrates the
runtimes of these three algorithms and shows the FSPMA achieves better performance
compared with the gSpan algorithm and the TKG algorithm. The histogram can show
their accuracy is the same.
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Fig. 7. The impact of the number of tracks on runtime.

In addition, the number of mining results may also affect the runtime of the
algorithm. When the minSup = 10, the runtimes of the three algorithms under different
numbers of mining results are shown in Fig. 8. As the number of mining results
increases, the runtime of the FSPMA algorithm is greatly lower than that of the gSpan
algorithm and the TKG algorithm.

In summary, the FSPMA algorithm can effectively focus mining on the generation
of “failure” service patterns, avoiding the mining of the entire tracks of service com-
position process instances which the gSpan algorithm and the TKG algorithm do. The
efficiency is improved under different minSup and the number of tracks. When the
minSup is set to 10 under the current dataset, the efficiency of FSPMA is improved the
most. And under this minSup, as the number of tracks increases, the efficiency
improvement of the FSPMA algorithm is stable at about 43% compared with the gSpan
algorithm, and about 50% compared with the TKG algorithm.
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Fig. 8. The impact of the number of mining results on runtime.

7 Application

7.1 Service Recommendation Using “Failure” Service Patterns

In the traditional service recommendation, the operation dependency is used to rec-
ommend services that are highly constrained by current services. The operation
dependency can be identified by combining the semantic matching of inputs and
outputs interfaces between service operations and the analysis of process instances [5].
Through the semantic matching of inputs and outputs interfaces between service
operations, the semantic matching degree u can be calculated. The analysis of process
instances can generate the reuse degree 1. These two values are used for recommending
the Top N services with high strength of dependencies as candidate services through
pattern matching.

However, this recommendation method also recommends the services where their
strengths of dependency are high, but there are a large number of error process
instances during the analysis of process instance. Therefore, we improve the traditional
service recommendation method by using the “failure” service patterns, which can
improve the accuracy of service recommendations.

The strengths of dependency (1) between services considers the frequency degree
(y) of “failure” service patterns which is generated by FSPMA, besides the semantic
matching degree (1) and the reuse degree (A).

The calculation formula is as follows:

T=w; X U+wy X A—w3 Xy (1)
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Among them, w; is the weight of the semantic matching degree, w, is the weight of
reuse degree, ws is the weight of the frequency degree of the “failure” service pattern,
w1 >0, wy >0, ws >0, and w; + wp + w = 1.

When the strength of dependency satisfies T > %, where y is the minimum
dependency strength, it is considered that there may be a relationship of dependency
between services. Otherwise, there is no relationship of dependency. Finally, the rec-
ommendation can be given by selecting Top N services that satisfy the relationship of
dependency.

7.2  An Example

In this section, we use an example of a bioinformatics process to illustrate how the use
of the “failure” service patterns can improve the accuracy of service recommendations.
As shown in Fig. 9. The traditional method does not consider the “failure” service
patterns. The correctness of the process instances cannot be guaranteed during process
instance analysis. In this case, remove_entrez_duplicates, remove_Nulls2, create_re-
port are recommended. After considering the “failure” service patterns, the fragment
hsapiens_gene_ensembl -> remove_entrez_duplicates which is used to recommend by
the traditional method is a sub-segment of the “failure” service pattern. Although its
reuse is high, the wrong process instances are mainly used in the analysis of process
instances. This recommendation may cause the execution of the current process to fail.
After considering the “failure” service pattern, this problem can be effectively solved,
and the recommended results are remove_Nulls2, create_report, split_for_duplicates.
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Wmend

sapiens_gone_cnsembl |—[ reate_report | W+ W [hapiens gene_cnsembl |——] remove_entrez_duplicates ]TOP 5 remove_enirez_duplicates |
hsapiens_gene_ensembl |—{remove_uniprot_duplicates| " [ nsapiens gene_ensembl |—{ remove Nulls2 | 5 [ remove Nulls2 |
hsapiens_gene_ensembl |—{ remove_entrez_duplicates | hsapiens_gene_ensembl |— create_report | create_report
hsapiens_gene_ensembl |—{remove Nulls| _
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Fig. 9. Comparison of service recommendation using different methods.

8 Conclusion

This paper focuses on the issues related to mining “failure” service patterns from failure
tracks of exploratory service composition instances. To make full use of historical
service composition process instances, an exploratory service composition instance
model and a service pattern model are defined at first, then the FSPMA algorithm is
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proposed, which extends the gSpan algorithm and focuses the mining on the vicinity of
the probe points in the failure tracks to get “failure” service patterns. The prototype is
introduced to support the FSPMA algorithm in the paper. Evaluation experiments are
given to compare the FSPMA algorithm with the gSpan algorithm and the TKG
algorithm, which proves the effectiveness and practicability of the FSPMA algorithm.
Finally, we use the “failure” service patterns to improve the accuracy of service
recommendations.

In future research, the incremental mining method will be studied to support the
dynamic evolution and timely update of the service patterns in the service library, and
the evolutionary trend of service patterns will be analyzed. In addition, the experi-
mental verification of the “failure” service pattern applied to service recommendations
will be realized.
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