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Abstract—Due to the dynamic nature of the underlying high-performance infrastructures for scientific workflows such as grid and
cloud computing, failures of timely completion of important scientific activities, namely, temporal violations, often take place. Unlike
conventional exception handling on functional failures, nonfunctional QoS failures such as temporal violations cannot be passively
recovered. They need to be proactively prevented through dyngmyigady, mREREES ard adidstiew HiedeprReiahoprsisipagy states of
scientific workflows at runtime. However, current research on werspoiinig e i@ teesifiaatigrabiktiylyt fvruaas iy g tigé-monitoring,
while the adjusting strategy for temporal consistency states, nanpelfforengpoeisfdasstoatatebas so far not been thoroughly investigated.
For this issue, two fundamental problems of temporal adjustment, HanieBlitwheeieatitichawrsie wesiw aivanabhsykisshtel addressed
in this paper. Specifically, a novel minimum probability time red@ﬁ%é{/mfﬁﬁ%é%ﬁﬂl%@%@fﬁ%@ﬁp@Jﬁgﬂﬁgﬁt’}ﬁ&fﬂrselectlon

strategy is proposed to address the problem of where and an |WRW5‘?We%féJTE %&quﬂe&a@%ﬁ/e t@ﬂlﬁ%n‘f’boal

ecmc C|e tif]
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workflows and specific real-world applications demonstrate thaﬁgg&ﬁ%@mr&l mtgnggtasg i@gxﬁ@ﬂﬁqﬁﬁr@&y&ﬁy&

cations normally contain a large number of computation and between clients and service providers 2. Due to the nature
data-intensive activities and their nonfunctional reuire- of computation and data-intensive activities for scientific

ments such as Quality of Service (QoS) constraints 24, 26.
Then, at the runtime instantiation stage, scientific workflow
instances are normally created with initial resource alloca-
tion such as static scheduling and advance reservation 41,
48. Finally, at the runtime execution stage, scientific

investigation purposes, scientific workflows are usually
deployed on distributed infrastructures, such as grid
computing environments, with great flexibility and highly

dynamic performance. Therefore, the states of workflow
execution toward the success or failure of meeting specific

temporal constraints, namely, system temporal consistency
or inconsistency, are monitored by the mechanism of
temporal verification at runtime 9. Current work on
temporal verification in scientific workflows mainly focuses
on runtime checkpoint selection and multiple-state-based
temporal verification. A ru ntime Checkpoint Selection
Strategy (CSS) aims at dynamically selecting activity points
to conduct temporal verification so as to reduce the
computation cost and improve the efficiency of monitoring
of large-scale scientific workflows 11, 12. Multiple state-
based temporal verification defines and detects multiple
fine-grained temporal consistency states in order to save
expensive exception handling costs 8. However, check-
point selection and temporal verification can only monitor
temporal consistency states, while a more important issue is
how to prevent the violations of both local and global
temporal constraints (or local violations and global viola-
tions for short) in scientific workflows. To date, the study on
preventing temporal violations, i.e., how to adjust temporal
consistency states when a strong trend toward temporal
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Fig. 1. A radar data collection segment for weather forecast scientific workflow.

The radar data collection process contains 23 activities
which are modeled by Petri Nets [3]. For simplicity, we
denote these activities as a; to as3. The first choice
structure is for sending requests of data collection to two
radar sites at different locations (activities ai-as and as-ay),
the second parallel structure is for radar data collection
(activities as-ag). The cloud in the middle of the radar data
collection represents an initial data preprocessing process
(activities aj9-a19) which mainly includes data quality
checking, data cleaning, loading of historic data, and data
updating. After that, data files are transferred by a parallel
process (activities agp-as3) to their designated sites for
further processing.

The durations of these activities are highly dynamic in
nature due to their data complexity and the distributed
execution environment. However, to ensure that the weath-
er forecast can be broadcast on time (e.g., 6:00 p.m. every
day), all scientific workflow instances must be completed
within specific time durations. Therefore, a set of global and
local temporal constraints is normally set as QoS contracts
or Service Level Agreement (SLA) [2], [24] at workflow
build time to ensure the efficiency of workflow execution.
For the example workflow segment, to guarantee that the
radar data can be collected in time and then transferred for
further processing, an global upper bound temporal
constraint UdW;P is assigned and specified as 60 minutes;
this means that the duration of the entire radar data
collection process must be less than or equal to it. In
addition, a local upper bound temporal constraint U8WW5p of
50 minutes is also set to ensure the efficiency of data
collection and preprocessing (activities as-ai9). At runtime,
checkpoint selection and temporal verification are imple-
mented to monitor the temporal consistency state. For
example, in the first choice structure, data collection request
will first be sent to both radar sites (e.g., radars A and B)
and then the one which is currently available and with a
shorter responsible time, e.g., radar A, will be selected.
However, during the connection process with radar A,
some unexpected network problems occur and the connec-
tion is broken and blocked in a state of retry and time-out
for more than 20 minutes while its normal duration should
be only 5 minutes (activities a;-as). Finally, after successful
connection and the data collection (activities as-ag) of
15 minutes, assume that activity will be selected as a
checkpoint to verify the temporal consistency of UdW;b.
Since the subsequent activities ajg-az; normally require
about 30 minutes to complete, this 60 minutes constraint
will thus probably be violated and a compensation process

of at least 5 minutes of time deficit needs to be triggered by
the workflow management system in order to meet UdIV,b.
Meanwhile, since activity ag is also covered by another
temporal constraint U8WW5b, the temporal consistency state
regarding UdW,b also needs to be verified and if there is a
time deficit occurring during activities as-ag, the compensa-
tion process also needs to make up this time deficit.

As can be seen from this example, a properly designed
temporal adjustment strategy is required to compensate for
time deficit occurring along scientific workflows. Other-
wise, at least the process of radar data collection will be
significantly delayed, and in the worst case, the entire
weather forecast scientific workflow will not be able to
finish for broadcasting on time. This is unacceptable to all
stakeholders. However, due to the dynamic nature of the
scientific workflow environment, at activity ay it is difficult
to predict whether the 5 minutes time deficit can be
compensated for before the completion of the entire radar
data collection process so as to meet USWb. A similar
problem also applies to UdW,b. Meanwhile, considering the
complicated runtime environment of scientific workflows,
where huge numbers of workflow activities and other
general tasks are executed concurrently, where to conduct
the compensation process among activities ajp-ags and how
to compensate for the 5 minutes time deficit effectively and
efficiently are also challenging problems. Therefore, tem-
poral adjustment is not a trivial issue in scientific work-
flows. To prevent temporal violations, two fundamental
problems, namely, where and how, need to be properly
analyzed and addressed.

2.2 Problem Analysis of Where and How

The problem of where: Temporal adjustment is to compen-
sate time deficit based on current resources in scientific
workflow systems instead of expensive conventional
exception handling strategies such as resource recruitment
and workflow restructure. However, that time deficit
cannot be totally compensated for in all cases by temporal
adjustment. Therefore, in this paper, the range of temporal
consistency states where temporal adjustment is statistically
effective needs to be determined first to draw the line
between itself and conventional exception handling. Un-
fortunately, conventional discrete state-based temporal
consistency model with static attributes cannot be em-
ployed directly to support statistical analysis. Meanwhile,
given multiple and overlapping temporal constraints along
scientific workflows, in order to be cost-effective, temporal
adjustment should be implemented on selected activity
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points if and only if potential temporal violations are
detected at that point, i.e.,, adjustment point selection is
required. Therefore, in fact, adjustment point selection can
be regarded as a special kind of checkpoint selection which
meets the criteria of both necessity and sufficiency. Here,
necessity means that only those activity points where real
temporal inconsistency states take place are selected and
sufficiency means that there are not any omitted activity
points [10]. Furthermore, adjustment point selection itself
should be cost-effective since its cost contributes to the total
cost of temporal adjustment.

The problem of how: After the selection of adjustment
points, a compensation process needs to be activated to
make up the time deficit. The cost of the compensation
process, both in terms of budget and time, should be taken
into account since it is unreasonable if the cost of the
compensation process itself exceeds the expected cost
caused by temporal violations. As mentioned in the
introduction, conventional exception handling strategies
are normally too expensive for temporal adjustment in
practice. What we target in this paper is a cost-effective
temporal adjustment strategy which can effectively com-
pensate for time deficits without recruiting additional
resources or amending original workflow specifications.
Besides cost effectiveness, the two major measurements for
a compensation process are its effectiveness, i.e., how much
time deficit can be compensated for, and its efficiency, i.e.,
how long it takes to compensate for the time deficit.
Meanwhile, although the compensation process aims to
compensate for the time deficit as much as possible on the
selected adjustment point, it is normally not the case that
time deficit could be removed completely just by speeding
up the execution of one subsequent activity. For example,
when the current time deficit at activity ag for UdW;P is
300 seconds (“s” for short) while the mean activity duration of
the adjustment point, e.g., activity a1, is only 120 s, the time
deficit obviously cannot be compensated for entirely by
saving the execution time only on activity a;9. Therefore, a
reasonable quota of time deficit should first be allocated to a
suitable number of subsequent activities before the real
compensation takes place. As for efficiency, the completion
time of a compensation process is of great importance since it
isregarded as extra delay and contributes to the existing time
deficit. For example, the current time deficit at activity ag for
UdWsb is 200 s, and the compensation process can save the
execution time of subsequent activities by 300 s. However,
the completion time of the compensation process itself is
120 s. Evidently, these 120 s need to be regarded as extra
delay and, since 200sp 120s%320s > 300s, the time
deficit is not totally removed. Therefore, effectiveness and
efficiency should be both considered and well balanced.

To conclude, the range of temporal consistency states
where temporal adjustment is statistically effective needs to
be identified with a probability-based temporal consistency
model. Furthermore, a cost-effective adjustment point selec-
tion strategy of both necessity and sufficiency is required to
address the problem of where, and a cost-effective compensa-
tion strategy which is well balanced between its effectiveness
and efficiency is required to address the problem of how.

3 WHERE TO ADJUST

In this section, a novel probability-based runtime temporal
consistency model and a minimum probability time
redundancy-based adjustment point selection strategy are
proposed to address the problem of where.

3.1 Preliminaries on the Temporal Consistency

Model

A temporal consistency model which defines the states of
workflow execution toward the success of meeting specific
temporal constraints is the basis for temporal verification. A
runtime temporal consistency model is generally defined
with three basic elements, including temporal constraints,
the real workflow execution time for completed workflow
segments, and the estimated workflow execution time for
uncompleted workflow segments.

Temporal constraints, especially global temporal con-
straints, normally do not change after service contract is
signed. Note that, generally speaking, temporal constraints
mainly include three types: upper bound, lower bound, and
fixed-time [8]. An upper bound constraint between two
activities is a relative time value so that the duration
between them must be less than or equal to it. A lower
bound constraint between two activities is a relative time
value so that the duration between them must be greater or
equal to it. A fixed-time constraint at an activity is an
absolute time value by which the activity must be
completed. As discussed in [12], conceptually, a lower
bound constraint is symmetrical to an upper bound
constraint and a fixed-time constraint can be viewed as a
special case of upper bound constraint whose start activity
is exactly the start activity of the whole workflow instance,
hence they can be treated similarly. Therefore, in this paper,
we focus on upper bound constraints only.

As for real workflow execution time, given a specific
activity point (e.g., a checkpoint), it is defined as the overall
duration between the start time of the workflow and the
system time at the current activity point. Therefore, such a
value can be easily obtained at workflow runtime.

As for the estimated workflow execution time, it is the
estimated overall duration of all unfinished workflow
activities after the activity point. However, even with the
knowledge of the average durations for individual activ-
ities, it is not a straightforward task to estimate the overall
workflow execution time given the complex process
structures, e.g., sequence, iteration, parallelism, and choice
[1], [26]. To solve such an issue, two major types of methods
are often used in workflow temporal verification. The first
type is the critical path (or PERT)-based method [10], [35],
[42], where multiple paths such as parallelism or choice
structures are compared to determine the longest path, i.e.,
the path with the largest execution time. Finally, the longest
paths in different process structures are joined together to
form the critical path and its average execution time (i.e.,
the sum of average activity durations along the critical path)
is regarded as the estimation for the workflow execution
time. The second type is the probability-based method [1],
[26], [27], where joint probability distribution models are
obtained for different process structures. Note that in order
to obtain the joint distribution models, activity durations
are normally assumed to be independent of each other and
follow the same types of discrete or continuous distribution
models. For example, a maximum Gaussian distribution
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model can be created for multiple paths in a parallelism
structure where activity durations are independent and
follow normal distribution models [33]. Finally, the work-
flow execution time can be estimated by the joint distribu-
tion of different process structures.

In practice, critical path (or PERT)-based methods are
often applied together with directed acyclic graph (DAG)-
based process models [22], but its accuracy is not very
satisfactory due to the lack of stochastic information,
especially in dynamic and uncertain application scenarios.
On the contrary, probability-based methods are often
applied together with stochastic Petri nets SPN [3] and thus
the workflow execution time can be better analyzed and
estimated based on probability models [1], [26]. However,
the accuracy of the probability-based methods may be
affected by the error of the assumption on distribution
models. In addition, the overhead of probability-based
methods is normally much higher than that of critical
path-based methods since more computation cost is re-
quired for nonlinear models than linear ones [23], [27], [42].
In scientific workflow temporal verification, both accuracy
and overhead should be considered. Poor accuracy will
affect the performance of adjustment point selection
strategies. For example, if the estimated workflow execution
time is much higher than the real workflow execution time,
many unnecessary adjustment points will be selected due to
the inaccurate verification results on temporal consistency
states, and vice versa. Meanwhile, high overhead will cost
significant time on temporal verification/adjustment and
bring down the overall efficiency of workflow execution.
Therefore, a proper compromise between accuracy, i.e.,
effectiveness, and overhead, i.e., efficiency, needs to be made
for the estimation of workflow execution time.

In this paper, we adopt a hybrid estimation method
which utilizes the advantages of both critical-path-based
and probability-based methods. The hybrid method is
described as follows: For a scientific workflow containing
much parallelism, choice, and other mixed structures, first,
based on the idea of critical path, we treat each structure as
a compound activity. Then, for each compound activity,
probability-based methods are applied to obtain their
probability distribution models. After that, the whole
scientific workflow will be an overall sequential execution
path, i.e., the critical path. Finally, the probability distribu-
tion model of the critical path can be obtained by calculating
the joint distribution model of the activities (including both
ordinary and compound activities) on the critical path.
Based on such a joint probability distribution model, the
workflow execution time can be estimated in an effective
yet efficient fashion.

The critical-path-based method described in [42] and the
probability-based method described in [27] can be em-
ployed in our hybrid method. Therefore, the detailed
algorithms are omitted in this paper. However, since our
hybrid method has made inevitable sacrifice in both
effectiveness and efficiency to achieve proper compromise,
the comparison with other estimation methods and the
design of better estimation methods with higher accuracy
and lower overhead may be investigated in the future.

Here, to facilitate the hybrid estimation method, two
assumptions are presented and discussed as follows:

Assumption 1. The distribution of activity durations can be
obtained from workflow system logs through statistic analysis.

Here, we assume that all the activity durations follow the
normal distribution model, which can be denoted as Ndu, o°b,
where (1 is the expected value, o2 is the variance, and o is the
standard deviation.

This assumption chooses normal distribution to model
the activity durations. However, in the real world, most
measurements (such as duration, height, and weight) may
not exactly follow a normal distribution. Therefore, dealing
with nonnormal data is a common issue in many applica-
tions such as simulation, forecasting, and performance
analysis [23]. A common practice in statistics is to make
nonnormal data resemble normal data by using a normal
transformation such as the Box-Cox power transformations
and the logarithm of the likelihood function [7], [40]. The
detailed algorithms are omitted in this paper but the simple
fact is that, as long as we can obtain the sample mean and
variance for the data (may be normal or nonnormal), such
data can be transformed to normal data (with a small
sacrifice on accuracy for nonnormal data due to different
transformation algorithms). Therefore, if some activity
durations follow nonnormal distribution such as uniform
distribution, exponential distribution, and/or a mixture of
them, our strategy can still be applied in a similar way by
normal transformation.

Assumption 2. The activity durations are independent of each
other.

This assumption requires that the activity durations be
independent of each other in order to facilitate the analysis
of joint distribution. Such an assumption is commonly
applied in the area of system simulation and performance
analysis [7], [23]. However, in the real world, some activity
durations may be dependent on each other due to some
data or resource dependencies. If without any prior knowl-
edge, a practical method to judge the dependency relation-
ship between two objects is through the correlation analysis.
For example, based on the popular Pearson’s correlation
[40], some activity durations are regarded as interdepen-
dent to each other if their correlation coefficient is above a
minimum threshold, e.g., 0.9. In scientific workflows,
activity durations are interdependent to each other only
when the activities are topologically close (e.g., having close
precedence relationship) and have data dependency (e.g.,
having the same input data) and/or resource dependency
(e.g., having the same execution resources). Therefore, there
are normally only a few interdependent activity durations
in scientific workflows since the chance of having data
dependency and/or resource dependency among neighbor-
ing activities is very small in distributed computing
environments such as grid and cloud computing. However,
in such a case, our strategy can be applied in a similar way
by treating these interdependent activities as a compound
activity as described in our hybrid estimation method.
Similarly, the duration distribution of a compound activity
is calculated as the joint distribution of these interdepen-
dent activities with or without normal transformation.

Note that in the simulation experiments demonstrated in
Section 5, we have tested our strategy under the circum-
stance of different noises and with other representative
distribution models, such as uniform and exponential, to
simulate the possible errors brought by the assumptions
[39]. The results are similar and thus verify the usefulness of
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our strategy in different system environments. Details will
be further illustrated.

3.2 Probability-Based Runtime Temporal

Consistency Model
Conventional discrete state-based temporal consistency
models which utilize static attributes such as the maximum,
mean, and minimum activity durations are of very limited
ability in performing complex statistical analysis [8].
Therefore, as introduced in [26], continuous state-based
temporal consistency model where activity durations are
modeled as independent random variables is defined to
estimate the probability of meeting given temporal con-
straints at build time. Defining the range of temporal
consistency states where temporal adjustment is statistically
effective is to determine the range where time deficit could
be compensated by utilizing the resources of the current
system itself, instead of recruiting additional resources at
runtime. Therefore, a runtime temporal consistency model
needs to be defined in this paper.

Given Assumptions 1 and 2, we adopt the “3 ” rule to
specify statistic activity durations. The “ 3 ”rule depicts that
for any sample coming from normal distribution model, ithas
a probability of 99.74 percent of falling into the range of
% 3; p 3 ,ie., the probability range of (0.13 percent,
99.87 percent), where is the expected value and is the
standard deviation [23]. Therefore, similarly to the build-time
model, the maximum, mean, and minimum durations of
activity a; are defined asD&bP ¥ p 3 i, Md&Pb % i, and
déeib ¥ ; 3 i, respectively, where ;issamplemeanand |
is the sample standard deviation [40]. Its actual duration at
runtime is denoted as Rd; P The expected value and standard
deviation can be obtained from scientific workflow system
logs or other forms of historic data through statistical
approaches [25], [48]. Fig. 2 shows the probability-based
runtime temporal consistency model.

Definition 1 (Probability-Based Runtime Temporal Con-

sistency Model). At the runtime execution stage, at activity 5nq has a statistical lower bound of

point a,, wherep |, the upper bound constraint éay; a P
with the value ofuday; ajk wherek p, is said to be of:

1. Absolute Conlgistency (AC),
if RBGaP P 1010 b 3 jP<uda;aR
2. Absolute Incqgsistency (A,
if Raay;aph p j1/4pb16J 3 P>uda;ak
3. Percent Coasisteno@ % CRh
if Réay;aph p }%pblaj b P Ywd;ak
Here, Uday; ab with the value of uday;ab denotes an
upper bound temporal constraint which covers the activ-
ities from ax to a, Rda; a,b denotes the sum of runtime
durations, o 3 3b is defined as the percent
confidence percentile with the cumulative normal distribu-
tion function of

z

|p 1
Fa.b ipl/rp%

X B 2 gy o
1
with 0< < 100 [40]. Furthermore, temporal consistency
and temporal inconsistency are symmetrical to each other.
Therefore, as defined above, percent consistency equals
1 percent inconsistency. However, to avoid confusion,
we will only refer to the definition of temporal consistency in
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Fig. 2. Probability-based runtime temporal consistency.

this paper. Meanwhile, for the convenience of discussion, we
only consider one execution path in the acyclic DAG-based
workflow [10], [48]. However, our strategy can be applied to
multiple paths by the repetition method as used in [10], [12].
Similarly as in our hybrid estimation method, for a scientific
workflow containing many parallel, choice, and/or mixed
structures, first we treat each structure as a compound
activity. Then, the whole scientific workflow will be an
overall execution path and we can apply the results achieved
in this paper to it. Second, for every structure, for each of its
branches, we continue to apply the results achieved in this
paper. Third, we carry out this recursive process until we
complete all branches of all structures.

As depicted in Fig. 2, every temporal consistency state is
represented with a unique probability value and they
together form a continuous Gaussian curve which stands
for the cumulative normal distribution. According to the
“3 " rule, the effective range for temporal adjustment is
defined as (0.13 percent, 99.87 percent), which is repre-
sented by the shadowed area. The reason can be explained
as follows: Since the maximum and minimum duration for
each activity are defined as Db % ip 3§ and dégb Y

i 3 i, respectively; as explained in our hybrid estimation
method and proven in [27], the overall workflow execution
time can be estimated with the normal distribution model
3 (with 0.13 per-
cent consistency) and an upper bound of p 3 (with
99.87 percent consistency), where and are the joint
normal mean and standard deviation, respectively, for the
durations of all activities included. In practice, at scientific
workflow runtime, temporal adjustment is only triggered in
the probability consistency range of (0.13 percent, percent)
as shown in the area marked with upward diagonal lines in
Fig. 2, while the probability consistency range of ( percent,
99.87 percent) marked with downward diagonal lines
requires no action. Here, the threshold of percent denotes
the minimum acceptable temporal consistency and it is
usually specified through the negotiation between clients
and service providers for setting local and global temporal
constraints [26]. In practice, percent is normally around or
above 84.13 percent, i.e., p . Therefore, if current
temporal consistency of percent ( percent Consistency)
is larger than  percent, including AC, no action is required
since the contract still holds. Otherwise, temporal adjust-
ment is triggered to compensate the time deficit. In other
words, a potential temporal violation is deemed as detected
when the current temporal consistency state is below the
threshold of percent. However, when  percent is below
0.13 percent, i.e., Al, instead of temporal adjustment,
resource recruitment or workflow restructure must be
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implemented since the time remaining is smaller than the
minimum completion time that the current scientific work-
flow system could statistically achieve without an expen-
sive exception handling process.

To conclude, the probability consistency range where
temporal adjustment is statistically effective is defined as
(0.13 percent, 99.87 percent). At scientific workflow run-
time, based on temporal QoS contracts, temporal adjust-
ment is only triggered when the probability of current
temporal consistency state is within the range of (0.13 per-
cent, 0 percent), where 6 percent is the bottom-line temporal
consistency state.

3.3 Minimum Probability Time Redundancy-Based
Adjustment Point Selection Strategy

After we are aware of the effective probability consistency
range for temporal adjustment, the next issue is to decide at
which activity point it should be conducted. Here, a
necessary and sufficient adjustment point selection strategy
is proposed. First, the probability time redundancy and
minimum probability time redundancy are defined.

Definition 2 (Probability Time Redundancy). At activity
point a,, between a; and a; (i 7)) let Uda;, a ;b be of 3 percent C
with the percentile of Ag which is above the threshold of 6 percent
with the percentile of Ag. Then, the probability time redundancy
of Uda;,a;p at a, is defined as PTRIUba;,a;b,a,P ¥s
ig,aqi, a;p [ER3a;, apb P Bayp1,a;Pl] Here, Gdappr,ap ¥a

?ﬁ%}]bl 6,uk b )\gakb.

Definition 3 (Minimum Probability Time Redundancy).
Let Uy, Uy, .., Uy be the N upper bound constraints and all of
them cover a,. Then, at a,, the minimum probability time
redundancy is defined as the minimum of all probability time
redundancies of Uy,Us,...,Ux and is represented as
M PTR8a,b Ya MinfPTR3U,, a,Pjs Vs 1,2, ..., Ng.

The purpose of defining minimum probability time
redundancy is to detect the earliest possible temporal
violations. Based on Definition 3, Theorem 1 is presented
to locate the exact temporal constraint which has the
temporal consistency state below the ¢ percent bottom line.

Theorem 1. At the workflow activity point a,, if Rda,P >
6da,P o MPT Rda, P, then at least one of the temporal
constraints is violated and it is exactly the one whose time
redundancy at a, s MPT Rda, h

Proof. Suppose that Uday, a;P is an upper bound constraint
whose probability is above the threshold before execu-
tion of a, 0k < p < IP and it is the one with M PT Rda, 5
Then, according to Definition 1, at a,awe have uday,
a;P > Rday, a, i p 60a,,ap and here MPTRda,h %
ubay, ;b CRBay,, a, rhy [k, a;P. Now, assume that at
activity a,, we have Rda,P > 63a,b o M PT Rda, rf, which
means Rda,p > 03a,b p uday, aip CRday, aph CHdhy, a;P

whose time redundancy at a,is M PT Rda,th Thus,
the theorem holds. L

Based on Theorem 1, we further present Theorem 2,
which describes our adjustment point selection strategy,
followed by the proof of its necessity and sufficiency.

Theorem 2 (Necessary and Sufficient Adjustment Point
Selection Strategy). Within the consistency range of
30.13% < a% < 99.87%b, at activity a,, if Rayb > 6da,b P
MPTR3a,1h, we select ayp1 as an adjustment point;
otherwise, we do not select ayp1 as an adjustment point. This
strateqy is of necessity, i.e., all adjustment points selected
along workflow execution are necessary, and of sufficiency, i.e.,
there are no omitted adjustment points.

Proof. According to Theorem 1, once we select an activity,
say appi, as an adjustment point, there must be at least
one temporal constraint which has potential temporal
violations detected at a, and it is exactly the one whose
time redundancy at a,—is M PT Rda,H That is to say,
selecting ayp1 as an adjustment point is necessary. Thus,
the necessity property holds. Lt

With an activity point a,pi;, we consider it as an
adjustment point only if Rda,P > 6da,p b M PT Rda,1d ie.,
Ria,b > 0da,P p uda;, a;p CEHYa;, ayP P 68a,p1, a;P. According
to Definition 3, if we assume that uda;, a;P is the constraint
where minimum probability time redundancy occurs,
then Rda,p > uda;, a;p CEABa;, a, thi P 8a,, a;p. According to
Definition 1, Definition 2, and the probability consistency
range of (0.13 percent, 6 percent) where temporal adjustment
needs to be triggered, we do not need toselect a,p1 as an
adjustment point if R8a;,a,p Cula;, a;p I:Ii%p 3 P Agoib,
which means the probability consistency is above 6 percent,
that is, Rda,P [Cwda;,a;p CiAday,ap CRYa;, a,PL] which is
Rda,p CHY,b b MPTRIa, P Therefore, no adjustment
points are omitted. Thus, the sufficiency property holds.

Here, we also adopt the method of Dynamic Obtaining of
Minimum Time Redundancy (DOMTR) [11], [12]. Based on
some initial values which are set up during the runtime
instantiation stage, DOMTR can compute the minimum
probability time redundancy on the fly along scientific
workflow execution with minimal computation. Based on
DOMTR, the computation of our adjustment point selection
strategy is basically one or two subtractions or comparisons
at each activity covered by one or more upper bound
constraints. Therefore, as presented in [12], the computation
cost is basically negligible.

To conclude, our adjustment point selection strategy
strictly ensures that temporal adjustment will be triggered
only when current temporal consistency is below the
minimum acceptable threshold, i.e., a potential temporal
violation is detected. Meanwhile, since our strategy is aware
of the effective probability consistency range, it also ensures

and that is wday, P < Rda,P P Rday, a, kP 000y, aip [ Jthat the time deficit can be compensated statistically by

#da,p where the right-hand side equals Rdag,a,P p
6da, rmaP. Since  Riay,apb p 68a, omaP < Rday, a,P b
dapp1, P, we have uday, aip < Rday, apb P 0ayp1, ap and
this results in a probability of temporal consistency
which is lower than that of 6 percent where
ubay, a;p ¥4 Riay, a,P p 08app1, a;p. Therefore, a potential
temporal violation is detected and it is exactly the one

temporal adjustment.

4 How 1O ADJUST

This section provides a maximum probability time deficit
quota allocation process and a GA-based local rescheduling
strategy to address the problem of how.
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4.1 Maximum Probability Time Deficit Quota
Allocation Process

As analyzed in Section 2.2, a suitable quota of time deficit
should be first allocated to a suitable number of subsequent
activities before real compensation takes place. In our
strategy, we propose a maximum probability time deficit
quota allocation process which is described as follows: After
an adjustment point is selected, its coallocated activities are
also selected to compensate for the time deficit. Here,
coallocated activities are those that directly follow the
adjustment point in the same workflow instance and are
allocated with resources in the same resource community. As
introduced in [45], a resource or service community consists
of interchangeable resources which possess similar capabil-
ities. Therefore, the adjustment point and its coallocated
activities are selected and joined together to form an
integrated compensation process rather than a number of
consecutive ones. Furthermore, a time deficit quota is
allocated to each activity. Selected adjustment points are
often covered by multiple temporal constraints, such as
activity a9 mentioned in our motivating example, which is
covered by both USW;p and UdWsb. In order to adjust the
temporal consistency states given all detected potential
violations, we need to compensate for the maximum time
deficit that has occurred. The probability time deficit and
maximum probability time deficit are defined as follows:

Definition 4 (Probability Time Deficit). The probability time
deficit that occurs at activity a, with the upper bound temporal
constraint of Uday, aip is PT D3Uday,, b, a,b ¥4 tR8ay, a,P P
eaappl, albljlﬁdak, alD.

Definition 5 (Maximum Probability Time Deficit). Let
Uy, Us,...,Un be the N upper bound constraints and all of
them cover a,. Then, at a,, the maximum probability time
deficit is defined as the maximum one of all probability time
deficits of Uy, Us,...,Uy, and is defined as MPT Dda,P ¥4
Max®PT DU, apbjs ¥4 1,2, ..., N.Q.

Here, to ensure fairness among all activities, the time
deficit quota is based on the ratio of the mean time
redundancy (the difference between the maximum and
mean durations) with the mean activity duration [12]. For
the selected adjustment point ayp; and its m [Ttoallocated
activities apps to aypm, the coefficient for the deficit quota of
each activity involved is defined as

Dda;p CMba,p wuiPp3o; Ll
o MBap vp M yp T /1
P pbm  Déa,b (iba,P pbm P30, Cul pbm - / b
Yappl  Maa;p iYapp1 i app1 i/ Hi

Therefore, the actual quota of time deficit allocated to each
activity is defined as

07:/#7:

pbm . ]
app1 T / i

MPTDQda;P ¥a M PT Dda,b . a1p

After our maximum probability time deficit quota
allocation process, both the subsequent activities and their
allocated time deficit are specified. During the process of
temporal adjustment, if the compensated time deficit on
each activity is larger than its allocated time deficit quota or
the sum of the compensated time deficit on all activities is
larger than the overall time deficit, then potential temporal
violations have been resolved.
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4.2 Preliminaries for GA-Based Local Rescheduling
Strategy

In this paper, what we propose is a GA-based local
rescheduling strategy which aims to compensate time
deficits by optimizing the current task-resource list to speed
up the execution of subsequent activities. Here, the meaning
of “local” is twofold. The first means local resources. Rather
than recruiting additional resources, our strategy only
utilizes existing resources which are currently deployed in
the system. The second means the local workflow segment.
Instead of global rescheduling that modifies the global task-
resource list for the entire workflow instance, to reduce the
overall completion time our strategy only optimizes the
local task-resource list of a small workflow segment. This is
made up of a selected adjustment point and its coallocated
activities to compensate for the time deficit. Furthermore,
we adopt GA to optimize the local task-resource list. GA is a
search technique often employed to find the exact or
approximate solutions for optimization and search pro-
blems [19], [28], [51]. GA is a specific class of evolutionary
algorithms inspired by evolutionary biology. In GA, every
solution is represented with a string, also known as a
chromosome, which follows the semantics defined by the
encoding method. After encoding, the candidate solutions,
i.e., the initial population, need to be generated as the basic
search space. Within each generation, three basic GA
operations, i.e., selection, crossover, and mutation, are
conducted to imitate the process of evolution in nature.
Finally, after the stopping condition is met, the chromosome
with the best fitness value is returned, representing the best
solution found in the search space. That ends the whole GA
process [20], [48]. In recent years, GA has been adopted to
address large complex scheduling problems and proven to
be effective in many distributed and dynamic resource
environments, such as parallel processor systems and grid
workflow systems [32], [34], [43]. However, as analyzed in
Section 2.2, for the scenario of temporal adjustment in
scientific workflows, conventional GA needs to be im-
proved toward the effectiveness and efficiency in four
important aspects identified as follows.

4.2.1 The Balance between Time Compensation and the

Completion Time of Other Activities
The key optimization objective for GA-based local resche-
duling is to maximize the compensation time. However, if
we only focus on expediting the execution of the workflow
instance where potential temporal violations are detected,
the completion time of other activities, e.g., the activities of
other workflow instances and ordinary nonworkflow tasks
in the local task-resource list, could be delayed and may
violate temporal constraints of their own, if any. Therefore,
a balance between time compensation and the completion
time of other activities should be considered. Otherwise, the
overall efficiency of scientific workflows will be signifi-
cantly deteriorated.

4.2.2 The Quality of Initial Population

As discussed in the literature, the quality of initial popula-
tion is a key issue for the effectiveness of GA [19], [20]. The
reason is that if the quality of initial population is low, which
means there are usually many invalid solutions, the quality
of “best solution” found is poor in most cases, even after
many generations. In a wide range of optimization
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problems, to ensure the low overhead of initialization as
well as the diversity of candidates, the initial population is
automatically and randomly generated [20], [43]. However,
in this scenario, with the precedence relationships specified
for workflow activities, conventional random allocation of
resources will probably result in many invalid solutions.
Therefore, designing an approach which is capable of
automatically generating various valid solutions is a
challenging problem.

4.2.3 The Population Size

The population size of conventional GA, i.e., the search
space, is rapidly expanded after each generation [47], [51].
For example, after each crossover operation, two parents
will create two children resulting in four together, which
has an expansion rate of 2". This is actually one of the major
reasons why the overhead of conventional GA is normally
much larger than other heuristic optimization approaches
[41], [48], [51]. But this is also one of the major advantages of
GA since the search space is rapidly expanded to
incorporate a large amount of candidates with which to
search for the global optimized solution. However, as
mentioned in Section 2.2, since the completion time of the
compensation process is of great importance in temporal
adjustment, a trade-off between effectiveness and efficiency
of GA has to be made. Therefore, controlling the expansion
of population size while ensuring the possibility of finding
satisfactory solutions is a critical issue in our strategy.

4.2.4 The Stopping Condition

Besides the population size, another important issue in
controlling the efficiency of GA is the stopping condition
[19]. In practice, there are many candidates for stopping
conditions, e.g., meeting the optimization goal, reaching a
maximum generation, minimum optimization rate, and
fixed evolution time, to name a few [51]. For most of the
cases, meeting the optimization goal is the intuitive stopping
condition. Maximum generation defines the maximum times
for the iteration of GA evolution. The minimum optimization
rate stops the evolution process when the fitness value of the
best solution in the current generation compared with the
one in the last generation is below a minimum increase rate.
Fixed evolution time defines the upper bound temporal
constraints for the execution time of GA. In our strategy, a
suitable stopping condition needs to be designed to control
the overhead while granting enough time to search for
desired solutions.

Based on the above four highlighted aspects, in our
innovative GA-based local rescheduling strategy we have
adopted four corresponding solutions, i.e., two-phase
searching, package-based random generation, fixed-size
population, and a compound stopping condition. The
detailed discussions are presented next, along with the
introduction of the entire strategy.

4.3 Algorithms for GA-Based Local Rescheduling
Strategy

The overview of our GA-based local rescheduling strategy
is presented in Fig. 3. The algorithm has five input
parameters, ie., the integrated task-resource list which
consists of all the local task-resource lists of current
resources, the maximum probability time deficit quota for
selected activity points, the DAG task graphs, normal

Strategy:GA based local rescheduling

Input: DAG task graphs DAGIG, 1a; <a,,}
Activity duration models N(/ti,a'l_z} ;
MPTDQ of selected activity points MPTDQ(a,) ;
Resources r{r,,ES(R)1i=1.p} >
Integrated task-resource list 7{(4;,R,)};

Output: Rescheduled task-resource list

/ltwo dimensional encoding

1) ENCODING(Z);

// package based generation of initial populaton

2) Create initial Population of fixed size;

// Optimising overall completion time

3) While (stopping condition is not met)

/Iselecting Parents from Population

4) SELECTION(Population) ;

5) CRSSSOVER(Parents)—Children;
//change resource peer of a random cell

6) MUTATION(Children);
//check with DAG, retain or discard

7) VALIDATION(Children);
//store the best child into a solution set; replace the worst child
// with the best one

8) STORE(BestChild, SolutionSet);

9) REPLACE(WorstChild, BestChild);

10) Return SolutionSet and BestChild in Population.
// Searching for BestSolution from solution set
11) BestSolution =BestChild;
12) While (not end of SolutionSet)
{
//Compare each solution and set BestSolution as the one with
//larger compensation time

13)  BestSolution=COMPARE(BestSolution, Child);,

14) Return BestSolution;

// decoding and update

15) DECODING(BestSolution);
16) UPDATE(L).

Fig. 3. GA-based local rescheduling strategy.

distribution models of activity durations, and resources
with their execution speed. Note that here the input DAG
task graphs specify the precedence relationships of coallo-
cated workflow activities, while the other independent
workflow activities or ordinary nonworkflow tasks are free
of any precedence constraints. As the first aspect identified
in Section 4.2, a balance between time compensation of
inconsistent workflow instances and temporal correctness
of other activities should be considered in temporal
adjustment. For this purpose, as depicted in Fig. 3, our
GA-based local rescheduling strategy adopts a two-phase
search. The first searching phase (lines 3 to 10) aims to
optimize the completion time of the entire task set of the
integrated task-resource list (this is an optimization phase),
while the second searching phase (lines 11 to 14) aims to
find the best solution with the largest compensation time
from the whole solution set composed of all best solutions
in each generation produced in the first searching phase
(this is a comparison phase). Note that in our strategy,
temporal constraints of nonworkflow activities, e.g., the
latest start time, are not specified in the optimization
process [20], [34]. This is actually a significant simplification
and overhead reduction compared with GA-based multi-
objective scheduling without affecting the performance of
workflow execution. The reasons are as follows: First, the
temporal correctness is statistically guaranteed by the first-
phase optimization on the overall completion time. Second,
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Fig. 4. Two-dimensional encoding and package-based generation of initial population.

temporal adjustment will handle potential temporal viola-
tions of other activities taking place, if any.

Now, we will further illustrate the main functions in our
strategy. The strategy starts with the encoding of the current
local task-resource list (line 1 of Fig. 3). According to
different application scenarios, different encoding methods
are adopted. Here, as depicted in Fig. 4, what we have
employed is two-dimensional encoding where the first
dimension, Sched;, denotes scheduled activities and the
second dimension, alloc;, denotes the allocated resources.
Two-dimensional encoding is widely used in multiproces-
sor task scheduling algorithms [43], [47].

The next step is to create the initial population as the
starting search space. As the second aspect identified in
Section 4.2, the quality of initial population is critical for the
final outcome. Therefore, in our strategy, instead of adopting
conventional random generation, we propose a package-
based random generation (line 2 of Fig. 3). The packages here
consist of coallocated activities of the same workflow
instance with correct precedence relationships defined in
each DAG task graph. Meanwhile, these activities share the
same resource randomly allocated to each package. For
example, as Package 1 of the chromosome shown in Fig. 4,
activities 1 to 3 are consecutively arranged and allocated with
same resource, i.e., Ry. Other than these k packages, which
represent a total of k workflow instances, other cells with
random tasks are allocated with random resources where the
precedence relationships between them are not important.
The pseudocode for package-based generation of initial
population is presented in Fig. 5.

Meanwhile, note that as the action for the third aspect
identified in Section 4.2, the size of initial population is set
as a fixed size to control the search space (line 1 of Fig. 5).
As a matter of fact, in our first GA-based searching phase,
the population size is fixed as a constant: number of
individuals (NIND). Our GA starts with the generation of a
fixed size initial population. Furthermore, as illustrated
later, no matter which genetic operation is conducted, the
population size remains unchanged during each generation.
This setting can significantly reduce the searching space
compared with conventional GA, which normally has an
exponential expansion rate. In our strategy, since the
population size is kept as a constant, the searching time
can be dramatically reduced. However, this will bring up
the potential issue of premature convergence, which is
when GA only finds local-optimal solutions instead of
global-optimal solutions because the search space does not
include all valid solutions. In our strategy, the basic goal is
to find out a “satisfactory” scheduling plan which can
compensate the time deficit, but it does not necessarily
mean finding the global-optimal solution, a task which

normally requires significant computation. Therefore, as a
trade-off between effectiveness and efficiency, a fixed size
population is adopted to restrict the search space. However,
as verified in the simulation experiment in Section 5, our
GA-based rescheduling strategy is capable of finding
satisfactory solutions in most cases. In practice, a suitable
value for NIND can be first obtained from large-scale
simulations and then modified progressively.

With initial population, the process of evolution starts
(lines 3 to 10 of Fig. 3) and repeats itself until the stopping
condition is satisfied. As the fourth aspect identified in
Section 4.2, the stopping condition is crucial for the control of
GA’s execution time. For the generic stopping conditions
presented earlier, meeting the optimization goal focuses only
on effectiveness. In contrast, fixed evolution time focuses
only on efficiency. However, both effectiveness and effi-
ciency need to be considered in temporal adjustment. In our
strategy, we employ a compound stopping condition which
is described as follows: The GA evolution process starts from
the initial population and repeats for at least a minimum
number of generations. Afterward, the best solution of each
generation has its fitness value compared with that of the last
generation. If the optimization rate, i.e., the fitness increase
divided by the fitness value of the last generation, is below the

Function: Generation of initial population

Input: number of activities n; number of resources p;
number of DAG k.

QOutput: sched;,alloc; : chromosome i(1<i < size)

1) fori= 1 to size // size of fixed initial population

2) forj=1toK

// package based generation of initial population

3) for each DAG(j)

// function size() returns the number of nodes in each DAG,

//namely, the number of activities in each workflow instance

4) sched,-(jil size(DAG(m)) +1: 3 size(DAG(m))]
m=1 1

m=

m=1

// allocate random resources to each package
6; alloc; ’z:: size(DAG(m)) +1: £ lsize(DAG(m))]

;) eng ranmd_om(l 1p);

9) end
// encoding for other non-workflow activities
10)

5) = activity j)f .\'ize(DAG(m))+]]:az'tivit_v[ ﬁsize(DAG(m))];
m=1

sched,( £ size(DAG(m)) +1: nj
m=1 .
1) =activiz‘y( %size(DAG(m)Jrl) zactivity(n);

m=l1
12) alloc; % size(DAG(m)) +1 :n)
13) = ranj(;n(l 1p);
14) end

Fig. 5. Function for generation of initial population.
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Fig. 6. GA operation—selection.

minimum optimization rate, then the evolution process
stops. The evolution process also stops when the maximum
generation is reached. Here, for the purpose of efficiency, the
maximum generation restricts the upper bound limit of GA’s
completion time and the minimum optimization rate stops
the process when more generations are not worthwhile. For
the purpose of effectiveness, the minimum generation
guarantees that the initial population can be optimized with
at least a reasonable amount of time so as to ease the problem
of premature convergence. Therefore, the compound stop-
ping condition takes into account both efficiency and
effectiveness of our GA-based local rescheduling strategy.
The suitable values for the above parameters can be first
obtained from large-scale simulations and then modified
progressively in practice.

The first genetic operation is selection (line 4 of Fig. 3),
where the chromosomes with higher fitness values have
higher chance of being selected and surviving for the next
generation. The pseudocode for selection is presented in
Fig. 6. Here, the fithess function is defined as

fitness &Cip “4RankingdLAST FTd&C;pb &p

Here, LAST _FTdC;b denotes the finish time of the last
activity, i.e., the completion time of the entire task list, of
chromosome C;. The Ranking function automatically
returns the fitness value according to the input objective
value, i.e., LAST _FT&Cib where the chromosome with
higher objective value gets lower fithness value. Hence, it
well matches our optimization objective. This function is
adopted from the GA toolkits [17] developed by Sheffield
University which are widely applied in machine learning.

In selection, we adopt Stochastic Universal Sampling
(SUS) which uses a single random value to sample all of the
solutions by choosing them at evenly spaced intervals [19],
[51]. SUS exhibits no bias and minimal spread compared
with conventional Roulette Wheel Selection [19]. Note that
in our strategy, to keep the efficiency of GA, the population
size of each generation is always under control with a fixed
size of NIND. Therefore, the number of individuals to be
selected is NIND.

815

Fig. 7. GA operation—crossover.

The second genetic operation is a sequential pairwise
crossover (line 5 of Fig. 3). For each pair of chromosomes,
i.e., the first and second chromosomes, the third and fourth
chromosomes, and so on, crossover is conducted with a
specific probability such as 70 percent. Sequential pairwise
crossover continues to the last pair. The basic idea of
crossover operation is that a random crossover point is
chosen first and then the segments of parents are swapped
at that point to produce new children. Therefore, children
inherit the characteristics of both parents. The pseudocode
for crossover is presented in Fig. 7. Here, since conventional
one-point crossover could destroy the precedence relation-
ships of workflow activities and, even worse, some of
the activities may be redundant and some of them may be
omitted after crossover, in our crossover operation we
design a find function (line 4) and a sort function (line 5) to
handle these problems. As shown in lines 7 to 13, child C;
and child C; are created by inheriting the cells, i.e., the tasks
and their allocated resources, from their parents and the
correct topological order maintained. Furthermore, since we
control the population size to improve the efficiency of
evolution, the parents are replaced with newly created
children so that the population size remains unchanged.

The third genetic operation, as depicted in Fig. 8, is
mutation (line 6 of Fig. 3), where the allocated resource is
mutated, i.e., substituted for another resource, at a randomly
selected cell of a chromosome (line 4). The mutation rate is
normally set to a small probability value such as 10 percent
since mutation can easily destroy the correct topological
order and result in invalid solutions. However, with our
package-based generation approach, a new child will be
created to replace the invalid mutated one. Meanwhile,
similarly to the crossover operation, the parent is replaced
with the new child to maintain the population size (line 6).

In our GA, besides the three basic genetic operations, an
additional operation which is performed at the end of each
generation is validation (line 7 of Fig. 3), where generated
chromosomes are checked with input DAGs. As shown in
Fig. 9, the first step of the validation process (lines 1 to 7) is
to calculate the start time and end time of each activity
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GA Operation: Mutation

Input: schedy,allocy : parent X

Output: schedc,allocc : child C

1) Generate a random mutation point k, 1<k <length(sched )
// change the allocated resource of cell k to a random
/lone other than the original one

2) sched, = schedy;

3) alloco(l:k—1)=allocy (1:k-1);

4) allocy (k)= random(p|p c RuU p#allocy (k));

5) alloc(k+1:end) = allocy (k +1: end);

6) replace parent sched y ,allocy with child sched ., alloc.

Fig. 8. GA operation—mutation.

according to the generated schedule. After that, each
chromosome is checked with input DAG task graphs (lines 8
to 15). If the end time of an activity is later than the start
time of its succeeding activity, the chromosome is invalid.
Otherwise, it is a valid chromosome. The valid chromo-
somes are then retained and the invalid ones are discarded
and replaced with newly generated ones.

After validation, a STORE function (line 8 of Fig. 3)
records the best child, i.e., the chromosome with the best
fitness value, of each generation into a separate solution set
for further use in the second searching phase. The last step
is REPLACE (line 9 of Fig. 3), where the child with the worst
fitness value is replaced with the best child. The genetic
evolution process repeats itself until the stopping condition
is satisfied. Finally, the best child and the solution set are
returned (line 10 of Fig. 3).

After the completion of the first GA-based optimization
phase, the strategy enters the second comparison phase
(lines 11 to 14 of Fig. 3), where the BestChild with the
minimum overall completion time of each generation
are compared with each other and in the end, the best
solution, i.e., the chromosome with the largest compensation
time, is returned. Note that the BestChild obtained in the first
phase is not necessarily the BestSolution in the second phase
since they are defined with different criteria. Here, the
compensation time is defined as

CompensationdAdjp Ya ComdAdjp CRES_ComdAdjb. 083p

Here, Adj denotes the set of the workflow adjustment point
and its coallocated activities, ComdAdj b and RES_Com0Ad;p
are the scheduled completion time before and after GA-
based local rescheduling, respectively. Here, if and only if
CompensationdAdjb is larger than M PTDQdAd b, which
equals the sum of their maximum probability time deficit
quotas, can a time deficit be totally removed.

Finally, after decoding the best solution (line 15 in Fig. 3)
and updating the integrated task-resource list (line 16 in
Fig. 3), the compensation process is completed with the
time deficit significantly reduced, if not entirely removed.

4.4 Time Complexity Analysis

Now we briefly analyze the efficiency of our GA algorithm
from a theoretical perspective, i.e., the time complexity,
before the simulation experiments presented in Section 5.
Generally speaking, the dominator of conventional GA’s
overhead is the population size. If we assume the initial
population size as n, then the time complexity of conven-
tional GA is 082"p since normally, after each generation, the
population size is twice as large as that of the previous

Function:Validation
Input: schedy ,allocy : chromosome X

DAG{G; 14; <4, } : DAG task graphs
Output: validation result
// obtain the start time and end time of each activity
1) for each resource R{R;, ES(R;)1i =1..p}

2) act{} = (sched, | find(allocy )= R;)

3) forj=1 to size(act;{}) //start(acty)=end(acty)=0
4) Start(act ;) = End(act ;_y);

5) End(act;) = Start(act;)+ M (act;) | ES(R,);

6) end

7) end

// validate the chromosome with DAG task graphs
8) for each DAG task graph

9) for j=1to size(DAG;)

10) if End(act;) > Start(act ., );

11) return false;

12)  else

13) return true;

14) end

15) end

Fig. 9. Function for validation.

generation due to GA operations such as crossover, where
two children are created by two parents. However, in our
strategy, as a trade-off between effectiveness and efficiency,
the population size of each generation is a fixed value which
equals the initial population size, i.e., n. Meanwhile, for our
GA operations, their time complexity is decided by three
inputs which are independent of the population size,
namely, the number of activities A, the number of workflow
instances W, and the number of resources R. Therefore, the
time complexity of our GA-based local rescheduling strategy
can be simply denoted as Odnb CObASY "Rp. However, since
A, W, and R are specific numbers and remain unchanged for
each generation, the overall time complexity of our GA
rescheduling strategy, in the worst case, is polynomial
instead of exponential for conventional GA.

5 EVALUATION

Comprehensive simulation experiments are conducted in
our scientific workflow system. In order to evaluate the
effectiveness of our strategy generically, both simulated
workflows and real-world workflows are used in our
experiments. Sections 5.2 to 5.5 demonstrate the experi-
ments with simulated scientific workflows. Specifically, for
where, the necessity and sufficiency of our minimum
probability time redundancy-based adjustment point selec-
tion strategy is rigorously proved in Section 3.2. Here, in
Section 5.3, to further test the effectiveness of our strategy in
different system environments, simulation experiments are
conducted in the circumstance of different noises, and with
other representative distribution models such as uniform
and exponential. As for how, in Section 5.4, our GA-based
local rescheduling strategy has been comprehensively
evaluated on its CPU time and time deficit compensation.
Furthermore, in Section 5.5, a comparison experiment with
two other representative temporal adjustment strategies,
i.e., No Action (NIL) [37] and Time Deficit Allocation (TDA)
[8], is demonstrated to verify the performance of our
strategy in preventing the violations of both global and local
temporal constraints. Finally, Section 5.6 demonstrates the
experiments with two real-world examples including the
weather forecast and pulsar searching workflows to test our
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Fig. 10. Overview of SwinDeW-G environment.

strategy with real-world applications. All the related
information including the program code, simulation data,
and generated figures can be found online at www.
swinflow.org/docs/Temporal Adjustment.rar.

5.1 Simulation Environment

Swinburne Decentralized Workflow for Grid (SwinDeW-G)
is a peer-to-peer-based scientific grid workflow system
running on the Swinburne service Grid (SwinGrid)
platform [45].

An overall picture of SwinGrid is depicted in Fig. 10
(bottom plane). SwinGrid contains many grid nodes
distributed in different places. Each grid node contains
many computers including high-performance PCs and/or
supercomputers composed of significant numbers of
computing units. The primary hosting nodes include the
Swinburne Centre for Complex Software Systems and
Services (CS3) Node, the Swinburne Enterprise Systems
Research laboratory (ESR) Node, the Swinburne Astrophy-
sics Supercomputer Node, and the Beihang China R&D
environment Over Wide-area Network (CROWN) Node in
China. They are running either Linux, GT4 (Globus Toolkit),
or CROWN grid toolkit 2.5, where CROWN is an extension
of GT4 with more middleware and thus is compatible with
GT4. The CROWN Node is also connected to some other
nodes, such as those at the Hong Kong University of Science
and Technology and at the University of Leeds in the
United Kingdom. The Swinburne Astrophysics Supercom-
puter Node is cooperating with the Australian Platforms for
Collaboration (PfC) and Victorian Partnership for Ad-
vanced Computing (VPAC). Currently, SwinDeW-G is
deployed at all primary hosting nodes, as exemplified in
the top of plane of Fig. 10. In SwinDeW-G, a scientific
workflow is executed by different peers that may be
distributed at different grid nodes. As shown in Fig. 10,
each grid node can have a number of peers, and each peer
can be simply viewed as a grid service. In the top plane of
Fig. 10, we show a sample of how a scientific workflow can
be executed in SwinDeW-G.

5.2 Experiment Settings on Simulated Workflows
The experiment settings on simulated workflows mainly
include the settings on scientific workflows for the evalua-
tion of where and the settings on GA-based local reschedul-
ing strategy for the evaluation of how.

The settings on scientific workflows are based on the
observation for the weather forecast example depicted in
Section 2.1 and a pulsar searching example which will be
illustrated later in Section 5.6. Specifically, the process
definitions for both generic and specific scientific work-
flows (and workflow segments) are generated according to
the real example workflow processes. Meanwhile, the
settings on activity durations and time deficits are specified
through the statistical analysis of historic data for the
running of scientific workflow instances, and the temporal
constraints and other parameters are defined according to
the common practice in the SwinDeW-G scientific grid
workflow system.

Based on the weather forecast and pulsar searching
scientific workflow, we generate 10 scientific workflows of
different sizes ranging from 200 to 10,000 activities. For
temporal constraints, we adopt the probabilistic setting
strategy introduced in [27] with a set of three normal
percentiles as 1.28, 1.15, and 1.00, which denotes a relatively
high, moderate, and low initial probability consistency state
of 90, 87.5, and 84.1 percent for three rounds of the
independent experiments. Within each round, five different
experiments are conducted where local temporal constraints
are set to each workflow segment with an average size of 10,
20, 30, 40, or 50 activities. In our experiments, for each
selected adjustment point, if and only if the time deficit can
be compensated for within its current segment, the previous
local constraint is not considered as violated. Otherwise, one
local violation is counted and the time deficit is accumulated
and rolled over to the next segment. Meanwhile, the global
violations are decided by the actual completion time of the
entire workflow and the global temporal constraints. For the
purpose of comparison, three groups of the experiments,
i.e.,, COM(1.28), COM(1.15), and COM(1.00), with different
normal percentiles and segments of five different lengths as
defined above, are conducted. Within each group, every
workflow is executed 100 times to get the average violation
rates of both local temporal constraints and global temporal
constraints. Therefore, a total of 10:3"500 ¥ 15,000 com-
parison experiments are conducted.

The settings on GA-based local rescheduling strategy are
as follows: As presented in Section 4.3, our GA-based local
rescheduling strategy has five input parameters, including
the integrated task-resource list, the maximum probability
time deficit quota, the DAG task graphs, normal distribu-
tion models of activity durations, and resource peers with
their execution speed. Therefore, as shown in Table 1, in
order to evaluate the performance without bias, the inputs
are set as follows.

5.2.1 DAG Task Graphs

To simplify the simulation scenario without losing general-
ity, this paper focuses on workflow critical path. Here, the
input DAG task graphs are defined as sequence structures
with a random size of 3 to 5 activities (including the selected
adjustment point and its coallocated activities) which
represent the typical local workflow segments of the
violated workflow instances according to the historic data.

5.2.2 Normal Distribution Models

In both weather forecast and pulsar searching scientific
workflows, the activity durations range from seconds to
hours in the historic data. Therefore, a filtering process is
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TABLE 1
Setting for Inputs of Experiment

Sequence processes (critical paths) with random size of 3~5

DAG Task Graphs ackivities

Normal Distribution | Duration distribution of activity & is N(F’j ) cr%)
Models where 4= random(303000) and o = 33.3% * u
Maximum
Probability Time | for activity @; with N(t;,0%) MPTDO(@ ;)= 50% %4 ;
Deficit Quota

R(R; ,ES(R;)), resource peer & with the execution speed
of ES(R;)= random(l,3) where the mean duration of @i on
resource & is Hi /ES(RI')

L(aj o), which is defined by A (the number of activities),

Resource Peers

Integrated Task-

Resource List W (the number of workflow instances) and R (the number of

TESOULCE PEErs)

first conducted to discard the outliers according to the “30”
rule. Afterward, to ensure the representativeness, the
expected values of activity durations are randomly selected
from a wide range of 30 to 3,000 seconds where most of the
activity duration samples (around 99 percent) are covered.
As for the standard deviation of activity durations, they are
defined as one third, i.e., 33.3 percent, of the corresponding
expected values to simulate the highly dynamic perfor-
mance of underlying resources.

5.2.3 Maximum Probability Deficit Quota

A higher probability time deficit quota denotes a larger
temporal violation. In our example scientific workflows, the
maximum probability time deficit quota is normally around
30 percent but there are huge differences among all the
recorded workflow instances. In our simulation experi-
ments, to pose a big challenge, the maximum probability
time deficit quota is defined as 50 percent of the expected
activity duration. From the statistical view, this is actually a
very demanding rate which requires great effectiveness of
the compensation process.

5.2.4 Resource Peers

The input resource peers are those that belong to the same
resource community [45]. To simulate resource peers
(including commodity machines and supercomputers) with
different levels of computing power as in SwinDeW-G, the
execution speed of each resource peer is randomly selected
from a range of 1 to 3 where 1 denotes that the mean
execution time is equal to the expected duration, while 3
denotes that the mean execution time is equal to the
expected duration divided by 3.

5.2.5 Integrated Task-Resource List

The integrated task-resource list consists of the resource
allocation for all the workflow activities and general tasks.
This denotes the initial state in the scientific workflow
system. Considering the scenario of local workflow resche-
duling, the number of activities (4) which includes both
workflow activities and general tasks increases gradually
from 20 to 150 for each round of experiment (normally
below 100 in practice) and the number of workflow
instances (W) increases in the same way from 2 to 14. The
number of resource peers (R) increases moderately from 2
to 5, i.e., an average size of 10 to 30 activities for each local

TABLE 2
Setting for Each Round of Experiment

task list, since most resource peers in scientific workflow
environments are of high performance and usually main-
tain a long queue of tasks.

The setting of A, W, and R for eight rounds of the
experiment is shown in Table 2. As for GA operation,
the population size is fixed as 50. The crossover rate and the
mutation rate are set as 0.7 and 0.1, respectively. These are
common settings in GA operation. Based on the observation
of large-scale simulation, the maximum generation,
the minimum generation, and the minimum optimization
rate are set as 100, 10, and 2 percent, respectively, for the
compound stopping condition. The other parameters are all
default values defined in the GA toolkits developed by
Sheffield University [17]. In practice, these parameters may
need to be adjusted dynamically according to the changes of
scientific workflow environment so as to optimize the
performance. Within each round, our GA-based local
rescheduling strategy has been executed independently
10 times to get the average performance results.

5.3 Evaluation on Where

Here, we demonstrate the experiments on adjustment point
selection to evaluate where. The number of selected
adjustment points is recorded for every experiment.
However, due to the space limit, we will only demonstrate
the results in COM(1.28), ie., with 90 percent initial
probability temporal consistency state. Since the necessity
and sufficiency of our adjustment point selection strategy
have already been proven in Section 3.3, the experiment
here is mainly to verify the effectiveness of our strategy in
different system environments. Therefore, additional ex-
periment settings have been implemented. First, we
demonstrate the results with different noises. Embedding
noises is to artificially increase the duration of a randomly
selected activity. The purpose of embedded noises is to
simulate the system environments where unexpected
delays often take place. Meanwhile, noises can also simulate
estimation errors such as those brought by the two
assumptions (e.g., nonnormal distribution and interdepen-
dent activity durations). Here, we conduct four rounds of
experiments where the noises are 0, 10, 20, and 30 percent,
respectively (i.e.,, to increase the durations of selected
activities by 0, 10, 20, and 30 percent, respectively). A
random activity in each workflow segment with the average
size of 10 will be selected as the noisy point. Second, we
illustrate the results with different distribution models.
The purpose of mixed distribution models is to simulate the
system environments where many activity durations follow
nonnormal distributions. Here, we conduct five rounds of
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local rescheduling strategy increases with the growth of 4, W,
and R. However, note that a common local rescheduling
scenario has fewer than 100 activities. Therefore, as depicted
in Fig. 13, the average CPU time for our GA-based local
rescheduling strategy is normally below 10 seconds.

To the best of our knowledge, there is so far no similar
work which utilizes GA-based local rescheduling to facil-
itate temporal adjustment in scientific workflows. Hence, it
is difficult to make direct comparison in CPU time.
However, compared with the average durations of scientific
workflow activities (normally in minutes or hours), we can
claim that the overhead of our GA-based local rescheduling
strategy is negligible and acceptable for the scenario of
temporal adjustment in scientific workflow systems. In
other words, our strategy is very efficient.

5.4.2 Effectiveness

In this section, based on the results of 10 rounds of the
experiment depicted in Table 2, the value of improvedPer-
cent, which is the compensation time divided by the
scheduled completion time before temporal adjustment, is
first obtained. The value will be used in Section 5.5 for the
comparison experiment with two other representative
temporal adjustment strategies (NIL and TDA) to verify
the performance of our strategy in preventing the violations
of both global and local temporal constraints.

The overview and example instance view of the
simulation results are depicted in Figs. 15 and 16,
respectively. To avoid intersections and get a clear view,
the improvedPercent in each round of the simulation are first
ranked in an ascending order and the points having the
same rank are linked together. As can be seen in Fig. 15, the
improvedPercent varies greatly within each round of simula-
tion, especially when the number of activities is small.
Meanwhile, the average improvedPercent denoted by the
bold line is also seen on the rise with the increase of number
of activities. This verifies that our GA-based rescheduling
tends to be more effective when the complexity of the
scenario increases. Specifically, the average effectiveness is
with a minimum value of 60.08 percent and a maximum
value of 78.77 percent, and the average improvedPercent of
the entire simulation, i.e., averagelmprovedPercent is
71.21 percent. Fig. 16 presents the detailed instance view
of four rounds of simulation experiments with different
number of activities, workflow instances, and resource
peers as shown on the top of each subplot. Clearly, for most
of the instances within each round, the scheduled comple-
tion time after temporal adjustment is much shorter than
the one before temporal adjustment. Meanwhile, with the
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increase of the complexity, e.g., from the first round
(A%20, W¥2, and R Y 2) to the fourth round (A ¥ 120,
W ¥ 12, and R % 4), the scheduled completion time after
temporal adjustment tends to be stable around a specific
value, i.e., the local-optimal solution. Since the averagelm-
provedPercent of 71.21 percent is much higher than the
maximum deficit quota allocation ratio of 50 percent,
the simulation results demonstrate that time deficit can be
removed effectively by our GA-based local rescheduling
strategy. In other words, our strategy is very effective.

5.5 Comparison Results

Now, we demonstrate the comparison experiments with
NIL and TDA through simulated scientific workflows.
Specifically, NIL is based on the idea of automatic
compensation where the time redundancies of subsequent
activities may automatically compensate the time deficit so
that the global temporal constraints can still be met.
Actually, NIL reflects the natural performance of scientific
workflows. As for TDA, it compensates for current time
deficit by allocating the expected time redundancies of
subsequent activities so as to handle current potential
violations. As depicted in Fig. 17, without any compensation
process, i.e., NIL, the violation rates of both local and global
constraints are gradually increasing with the decrease of
normal percentile. As defined by our probability-based
temporal consistency, this result shows that a smaller
normal percentile, namely, a weaker initial consistency
state, produces more temporal violations. TDA utilizes the
expected mean time redundancy of the activities in the next
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segment and is capable of reducing local violation rates
compared with NIL. Meanwhile, for both NIL and TDA, the
local violation rate has a decreasing trend with the increase
in the average size of workflow segments, namely, the
decrease in the average number of local constraints.
However, since TDA only allocates the time deficit without
compensation, it has no effectiveness on global temporal
constraints. Therefore, as can be seen from the right-hand
subplot of Fig. 17, the global violation rate for TDA overlaps
that of NIL. As for our GA-based local rescheduling strategy,
with the averagelmprovedPercent of 71.21 percent obtained in
the first phase of the experiments, the simulation results
show that time deficit can normally be eliminated by the
rescheduling of 3 to 5 activates, ie., a local workflow
segment. As depicted in the left-hand subplot of Fig. 17,
within the probability consistency range where temporal
adjustment is statistically effective, the average local viola-
tion rate is kept close to 0 in most of the cases with a
maximum violation rate of 0.18, 0.5, and 1.4 percent in each
group; and the global violation rate is strictly maintained at
0 percent in all cases, as depicted in the right-hand subplot of
Fig. 17. Meanwhile, as depicted in Fig. 18, which presents the
instance view of the comparison experiment in each group,
for NIL the local violation rates behave very similarly, while
the global violation rates seem to behave randomly to and
independent of the number of activities. As for TDA, its
effectiveness on local temporal violations decreases signifi-
cantly when the number of activities increases, especially
when it exceeds 3,000. This is because, without actual
compensation of time deficit, TDA can only postpone the
temporal violations detected during the early execution
stage of scientific workflows while the local violation rate
rises sharply with the accumulation of time deficit.

5.6 Experimental Results on Real-World Workflows

In this section, in addition to generic experimental simulation
presented earlier in this section, we demonstrate the experi-
mental results of some specific real-world workflows. Here,
besides the weather forecast example presented in Section 2.1,
an astrophysics scientific workflow running in our Swin-
burne high-performance supercomputing facility is also
investigated. A brief introduction is as follows: Parkes Radio
Telescope (http://www.parkes.atnf.csiro.au), one of the
most famous radio telescopes in the world, is serving
institutions from all nations. Swinburne Astrophysics group

COM(1.15) COM(1.00)

'¢*¢‘$

coM(1.28) COM(1.28) cOM(1.15) COM(1.00)

-
R
a

¥

f
+
o

—4—NIL (1.28)
—4-NIL (1.15)

*NIL(1L.0O) [}
—&—TDA (1.28)
—&--TDA (1.15)

©--TDA (1.00)
——GA (1.28)
& : 2% —®*-GA(1.15) |;
& GA (1.00)
4 i "
20 30 40 80 10 20 30 40 80 {0 20 30 40 &0

Average Size of Workflow Segments

Local Violation Rate
@
¥
a4
[}
d

/

2%

ol i Lol S P A i 8
0 20 30 40 50 10 20 30 40 50 10 20 30 40 50 1
Average Size of Workllow Segments
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(http:/ /astronomy.swinburne.edu.au) has been conducting
a pulsar searching survey (http://astronomy. swin.edu.au/
pulsar) based on the observation data from Parkes Radio
Telescope. The Parkes Multibeam Pulsar Survey is the most
successful pulsar survey to date. The pulsar searching
process is a typical scientific workflow which involves a
large number of data and computation-intensive activities.
For a single searching process, the average data volume (not
including the raw stream data from the telescope) is over 4
terabytes and the average execution time is about 23 hours
on the Swinburne high-performance supercomputing facil-
ity (http://astronomy. swinburne.edu.au/supercomput-
ing). For more details, please refer to [50].

To utilize the real-world workflow examples, we reuse
their workflow process definitions and obtain their time
attributes such as activity durations and temporal con-
straints from the historic data of the workflow system. For
demonstration purposes, we focus on those workflow
segments which are typically data and computation-inten-
sive. Specifically, we select the data collection and proces-
sing segment in the weather forecast workflow, and the
pulsar seeking segment in the pulsar searching workflow.
Since the workflow structure of other workflow segments
such as satellite data collection are very similar to the one for
radar data collection depicted in Fig. 1, the DAGs for the data
collection and processing segment in the weather forecast
workflow are omitted. Here, we present a high-level view of
the pulsar seeking segment as shown in Fig. 19. Given the
generated dedispersion files (the main outputs for the
processing of the raw data collected from the telescope),
different seeking algorithms can be applied to search pulsar
candidates, such as FFT seek, FFA seek, and single pulse
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Fig. 19. The pulsar seeking segment in the pulsar searching scientific
workflow.

seek. For the instance of 1,200 dedispersion files, it takes
around 1 hour for FFT seeking to seek all the candidates.
Furthermore, by comparing the candidates generated from
different beam files (around 20 minutes), some interference
may be detected and some candidates may be eliminated
(around 10 minutes). With the final candidates, the original
beam files are retrieved to find their feature signals and fold
them to XML files. This activity usually takes around 4
hours.

The high-level descriptions about the two example
workflows and the experimental results are presented in
Table 3. Since the historic data contain the running results
for many workflow instances, the statistics for the example
workflows, such as the average number of activities, the
maximum, minimum, and average activity durations, and
their temporal constrains, are obtained so as to generate the
test cases. The other experiment settings are similar to those
presented in Tables 1 and 2. Note that since the performance
of GA-based local rescheduling has been comprehensively
evaluated in Section 5.4, here we focus on the aspect of
where i.e., temporal adjustment point selection, and the
results for both local and global violation rates as an overall
evaluation for both whereand how.

For the data collection and processing workflow seg-
ment, which contains around 600 activities, the average
number of adjustment points is 28 out of 600 activities; the
previous local violation rate and the global violation rate in
SwinDeW-G are 10.8 and 19 percent, respectively. After the
implementation of our probabilistic temporal adjustment
strategy, the current local violation rate and the global
violation rate have been effectively decreased to 0.6 and
0 percent, respectively. The results for the pulsar seeking
workflow segment are also convincing. The average
number of adjustment points is 55 out of 1,200 activities.
The previous local violation rate and the global violation
rate in SwinDeW-G are 12.5 and 15 percent, respectively,
and their current counterparts have been successfully
decreased to 0.8 and O percent, respectively. Note that the
results for the workflow examples are consistent with the
results for the simulated generic workflows as described in
the sections above. Therefore, we can claim that our strategy
can significantly improve the temporal QoS in the Swin-
DeW-G scientific workflow system.

5.7 Summary

With a large number of simulated generic workflows and
two specific real-world workflow examples, both whereand
how have been evaluated in this section. With the proof of
necessity and sufficiency in Section 3.3 and the experi-
mental results demonstrated in this section for our mini-
mum probability time redundancy-based adjustment point
selection strategy, we can claim that our strategy can
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TABLE 3
Example Workflows and Experimental Results

adaptively select necessary and sufficient adjustment points
under different system environments. Meanwhile, with
experimental results on our GA-based local rescheduling
strategy, we can claim that within the probability consis-
tency range where temporal adjustment is statistically
effective, our strategy can effectively compensate for
occurring time deficits in an efficient fashion. Finally, based
on the results of large-scale comparison experiments as well
as the statistics on the real-world workflow examples, we
can claim that our strategy is capable of preventing both
local and global violations in an effective yet efficient way.
Therefore, to conclude, our probabilistic temporal adjust-
ment strategy can significantly reduce temporal violations
in a cost-effective fashion in comparison to conventional
strategies in scientific workflows.

6 RELATED WORK

Temporal constraint is one of the most important workflow
QoS dimensions as proposed in [9], [46]. In practice, temporal
constraints can be deemed as a kind of QoS contract between
clients and service providers. To fulfill these contracts,
dynamic monitoring mechanisms such as checkpoint selec-
tion and temporal verification are required in scientific
workflow systems. However, while the existing work mainly
focuses on how to detect temporal violations [8], [37], a
significant follow-up work is on how to prevent them.
Temporal adjustment is to prevent temporal violations
by a compensation process to reduce, or ideally remove, the
time deficit caused by previous delays [8]. Generally
speaking, temporal adjustment can be regarded as a kind
of exception handling strategy in scientific workflows.
However, temporal violation is dramatically different from
conventional exceptions in workflow systems, which
mainly occur on system functional failures [4], [38], [44].
The work in [18] discusses exception handling in workflow
management systems with a view of fault-tolerant pro-
cesses and it claims that, to support the design of fault-
tolerant processes, the modeling language needs to be
enhanced to add constructs for error handling and the
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runtime system needs to be modified to implement the new
semantics. However, modifying workflow structures nor-
mally involves expensive human interactions and affects
the fulfilment of scientific goals, and thus results in
significant cost of time and budget at workflow runtime
which is likely to be unacceptable to all stakeholders. The
work in [37] introduces five types of workflow exceptions
where temporal violations can be classified into deadline
expiry. In [38], three alternate courses of recovery action,
including NIL, rollback (RBK), and compensate (COM), are
proposed. NIL, which counts on the automatic recovery of
the system itself, is normally not considered “risk-free.” As
for RBK, unlike handling conventional system function
failures, it normally causes extra delays and makes the
current consistency state even worse. In contrast, COM,
especially deficit compensation, is suitable for handling
temporal violations.

As analyzed in Section 2.2, a temporal adjustment
strategy needs to comprise both an adjustment point
selection strategy and a time deficit compensation process.
An adjustment point selection strategy is similar to a
checkpoint selection strategy, with the only difference being
that adjustment points should be the subsequent activities
of the selected checkpoints since the compensation process
can only be implemented on subsequent activities that have
not commenced. In [12], a minimum time redundancy-
based checkpoint selection strategy is proposed and
compared with seven other representative checkpoint
selection strategies such as one which takes every activity
as a checkpoint, one which takes decision activities as
checkpoints, and one which adopts user defined static
checkpoints [14], [29], [52]. The comparison result shows
that with the measurement of necessity and sufficiency, the
one based on minimum time redundancy has outperformed
all the other checkpoint selection strategies.

As for time deficit compensation, the work in [8]
proposes a time deficit allocation strategy which compen-
sates current time deficit by utilizing the expected time
redundancies of subsequent activities. However, since time
deficit has not truly been reduced, this strategy may only
delay the violations of local constraints for some workflow
segments, but has no effectiveness on global constraints,
e.g., the final deadlines. On the contrary, one of the
compensation processes which can actually make up the
time deficit is to amend the schedule of the workflow
activities which have not commenced, i.e., workflow
rescheduling [13], [49]. Workflow rescheduling, such as
local rescheduling which deals with the mapping of
underling resources to workflow activities within specific
workflow segments and global rescheduling within an
entire workflow instance, is normally triggered by the
violation of QoS constraints [30].

Workflow scheduling as well as workflow rescheduling
are classical NP-complete problems [15], [21]. Therefore,
many heuristic algorithms are proposed. The work in [41]
has made a comparison of 11 static heuristics such as
Minimum Execution Time, Minimum Completion Time,
Min-min, Max-min, GA, Simulated Annealing, A and
others for mapping independent tasks onto distributed
resources. Among them, GA-based scheduling is ranked
first in terms of makespan, i.e., overall completion time. In
recent years, GA has been adopted to address large
complex scheduling problems and proven to be quite

effective in many distributed and dynamic resource envir-
onments, such as parallel processor systems and grid
workflow systems [21], [43], [48]. However, the problem
with the overhead of GA makes it difficult to implement in
some real-time systems. Recently, with the emergence of
parallel GA, which is based on the island model with an
asynchronous migration mechanism, the overhead can be
significantly reduced in comparison to conventional se-
quential GA [32]. In this paper, to address the problem of
temporal adjustment in scientific workflows, both the
effectiveness and efficiency of workflow rescheduling have
been considered and well balanced.

In summary, although the research on temporal verifica-
tion, or the support of temporal QoS in a general sense, has
attracted increasing attention in recent years, the work on
temporal adjustment is still in its infancy. To the best of our
knowledge, this is the first paper that systematically
analyzes and addresses the problems of adjusting temporal
inconsistency in scientific workflow systems.

7 CoNcCLUSIONS AND FUTURE WORK

In this paper, instead of adopting expensive conventional
exception handling strategies, a novel cost-effective prob-
abilistic temporal adjustment strategy has been proposed to
prevent temporal violations in scientific workflows. Speci-
fically, two fundamental problems of temporal adjustment,
i.e., where and how, have been systematically analyzed and
addressed. Two aspects of where, namely, the probability
consistency range where temporal adjustment is statistically
effective and the selection of necessary and sufficient
adjustment points, have been addressed, respectively, by a
probability-based runtime temporal consistency model and
a minimum probability time redundancy-based adjustment
point selection strategy. Two aspects of how, namely, how
much time deficit quota should be allocated for each
subsequent activity and the implementation of a cost-
effective compensation process, have been addressed,
respectively, by a maximum probability time deficit
allocation process and a GA-based local rescheduling
strategy. A theoretical proof has been presented to verify
the necessity and sufficiency of our adjustment point
selection strategy, while comprehensive simulation experi-
ments have been conducted to verify the efficiency and
effectiveness of our GA-based local rescheduling strategy.
Within the probability consistency range where temporal
adjustment is statistically effective, the simulation results
for both generic simulated workflows and specific real-
world applications have shown that our strategy can keep
the violation rate of local temporal constraints close to
0 percent in most cases and the violation rate of global
temporal constraints strictly at 0 percent for all rounds of
experiments. This illustrates a significant improvement in
preventing temporal violations over the other strategies that
were investigated.

In the future, more investigation and comparison work
will be conducted to improve the hybrid estimation method
in our adjustment point selection strategy and the genetic
algorithm in our GA-based local rescheduling strategy.
Furthermore, how to prevent the violation of multiple QoS
constraints such as time and cost will be investigated in
scientific workflows.
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