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SUMMARY

In scientific workflow systems, it is critical to ensure the timely completion of scientific workflows.
Therefore, temporal constraints as a type of QoS (Quality of Service) specification are usually required to be
managed in scientific workflow systems. Specifically, temporal constraint management includes two basic
tasks: setting temporal constraints at workflow build-time and updating temporal constraints at workflow
run-time. For constraint setting, the current work mainly adopts user-specified temporal constraints without
considering the system performance. Hence, it may result in frequent temporal violations which deteriorate
the overall workflow execution effectiveness. As regards constraint updating, although not well investigated,
so far is in fact of great importance to workflow management tasks such as workflow scheduling and
exception handling. In this paper, with a systematic analysis of the above issues, we propose a probabilistic
strategy for temporal constraint management which utilizes a novel probability-based temporal consistency
model. Specifically for constraint setting, a negotiation process between the client and the service provider
is designed to support the setting of coarse-grained temporal constraints and then automatically derive
the fine-grained temporal constraints; for constraint updating, the probability time deficit/redundancy
propagation process is proposed to update run-time fine-grained temporal constraints when workflow
execution is either ahead of or behind the schedule. The effectiveness of our strategy is demonstrated
through a case study on an example scientific workflow process in our scientific workflow system.
Copyright © 2011 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Scientific workflow is a new special type of workflow that often underlies many large-scale
complex e-science applications such as climate modelling, structural biology and chemistry, medical
surgery or disaster recovery simulation [1-3]. Real-world scientific processes normally stay in a
temporal context and are often time constrained to achieve on-time fulfilment of certain scientific
or business targets. Otherwise, the usefulness of its execution results will be severely deteriorated.
For example, a daily weather forecast scientific workflow has to be finished before the broadcasting
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of the weather forecast program everyday at, for instance, 6:00pm. Furthermore, due to scientific
research requirements, scientific workflows are usually deployed on high-performance computing
infrastructures, e.g. peer-to-peer, cluster, grid and cloud computing, to deal with a large number
of data-intensive and computation-intensive activities [4—9]. Therefore, as an important dimension
of workflow QoS (Quality of Service) constraints, temporal constraints are often set to ensure
satisfactory efficiency of scientific workflow executions [10—13].

In traditional business workflows, workflow systems usually maintain an overall deadline
(a global temporal constraint for the entire workflow instance) and several milestones (local
temporal constraints for some important workflow segments) [12, 14, 15]. Most business workflows
involve a number of tasks which require the execution and decision making by human resources.
Since the performance of human resources is normally difficult to be predicted and controlled
[16, 17], it is neither effective nor realistic to set too many temporal constraints along the business
workflow processes. In the real world, most business workflows are also partially controlled by
human managers. Therefore, a user-defined global deadline and several milestones are normally
enough for human managers who can execute dynamical control over workflow executions to
ensure on-time completion based on their own experiences [18].

In contrast to business workflow systems, scientific workflow systems are designed to be
highly automatic to conduct large-scale scientific processes [2]. Instead of human managers,
scientific workflows are controlled by workflow execution engines where predefined scheduling
and exception handling strategies are implemented to control the underlying high-performance
computing resources [19-23]. For example, in many scientific computing environments such as
grid and cloud computing, resources are shared and competed by many users. Resources such
as clusters and supercomputers usually maintain a job queue of their own and are managed
by local schedulers rather than being under the full control of specific workflow execution
engines outside the organization [9, 19, 24]. Therefore, to meet specific QoS requirements in scien-
tific workflows, hierarchical scheduling is often employed [25]. For hierarchical scheduling, the
central scheduler in the workflow execution engine is responsible for controlling the workflow
execution based on the global QoS constraint and assigning workflow segments to local sched-
ulers with local QoS constraints. Each local scheduler is responsible for scheduling activities
in a workflow segment onto one single resource or multiple resources owned by one organiza-
tion. Therefore, to facilitate hierarchical scheduling and many other tasks for delivering satis-
factory temporal QoS in scientific workflow systems, besides a global temporal constraint, a
large number of local temporal constraints are required. In order to maintain these temporal
constraints, the issue of temporal constraint management is brought up in scientific workflow
systems.

Specifically, temporal constraint management in scientific workflow systems includes two basic
tasks: setting temporal constraints at build-time and updating temporal constraints at run-time.
Here, to illustrate the requirement for these two tasks, we take workflow temporal verification as
an example. As an important means to deliver satisfactory temporal QoS, many efforts have been
dedicated to workflow temporal verification in the recent years. Different approaches for checkpoint
selection and dynamic temporal verification are proposed as scientific workflow functionalities to
improve the efficiency of temporal verification with the given temporal constraints [11, 26-28].
However, with the assumption that temporal constraints are predefined, most work focuses on run-
time temporal verification while neglecting the fact that efforts put at run-time will be mostly in vain
without build-time setting of high-quality temporal constraints [29]. The reason is obvious since
the purpose of temporal verification is to identify the potential violations of temporal constraints
to minimize the exception handling cost. Therefore, if temporal constraints are themselves of low
quality, temporal violations are highly expected regardless of the efforts put on temporal verification.
Meanwhile, with the assumption that temporal constraints are unchanged during workflow run-
time, the task of run-time updating temporal constraints is neglected. However, to support the
many run-time functionalities such as temporal verification and exception handing on temporal
violations, local temporal constraints should be updated dynamically according to real activity
durations (the global temporal constraint which serves as a type of QoS contract between clients
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and service providers should normally stay unchanged unless new contract is signed). As will be
discussed later in Section 2, both the time deficit (the time delay between the execution time and
the temporal constraint) and the time redundancy (the time saving between the execution time and
the temporal constraint) should be propagated to subsequent activities to support the time-related
decision making process [30]. Therefore, setting build-time temporal constraints and updating run-
time temporal constraints are the two basic tasks in temporal constraint management in scientific
workflow systems.

Temporal constraints mainly include three types, i.e. upper bound, lower bound and fixed-time.
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 [11], 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. In the scientific workflow area, upper bound constraints are often used as
a general case to facilitate research investigation [26, 28]. Therefore, in this paper, we focus on
upper bound constraints only.

In this paper, our target is to investigate and address the issue of temporal constraint management
in scientific workflows. Specifically, as mentioned above, there are two basic tasks for temporal
constraint management: setting temporal constraints and updating temporal constraints. The task
of setting temporal constraints is to assign a set of coarse-grained and fine-grained upper bound
constraints to scientific workflows at workflow build-time. Here, coarse-grained constraints refer
to those assigned to the entire workflow instance or workflow sub-processes, while fine-grained
constraints refer to those assigned to individual activities. The task of updating temporal constraints
is to update fine-grained temporal constraints according to real activity durations at workflow
run-time.

To address the above issues, in this paper, a probabilistic strategy for temporal constraint manage-
ment in scientific workflow systems is proposed. Our strategy utilizes a novel probability-based
temporal consistency model where workflow activity durations are modelled as random variables
with their structure weight. Here, the duration of a specific activity is defined as the time period
from the submission of the activity until its completion [31]. Based on system historic data, the
structure weight of a specific activity is defined according to its contribution to the completion
time of the entire workflow instance. Its value is specified as the choice probability or statistic
iteration times associated with the workflow path where the activity belongs. The basic idea
for the structure weight is illustrated in Section 3 with the weighted joint distribution of four
basic Stochastic Petri Nets [32, 33]-based building blocks, i.e. sequence, iteration, parallelism and
choice. Our strategy supports an iterative and interactive negotiation process between the client
(e.g. a user) and the service provider (e.g. a workflow system) through either a time-oriented
or a probability-oriented fashion for setting coarse-grained upper bound temporal constraints.
Thereafter, fine-grained temporal constraints associated with each activity can be propagated auto-
matically. Our strategy also provides a probability time deficit propagation process and a probability
time redundancy propagation process to update fine-grained temporal constraints in an automatic
fashion at run-time. The effectiveness of our strategy is further demonstrated by a weather forecast
scientific workflow in our scientific workflow management system.

The remainder of the paper is organized as follows. Section 2 presents a motivating example and
the problem analysis. Section 3 proposes a novel probability-based temporal consistency model
which facilitates our probabilistic strategy for temporal constraint management in scientific work-
flow systems. Section 4 presents the negotiation-based probabilistic strategy for setting temporal
constraints at build-time. Section 5 presents the probability time deficit and time redundancy prop-
agation process for updating temporal constraints at run-time. Section 6 demonstrates both the
setting and updating processes by a case study with the motivating example to verify the effec-
tiveness of our strategy. Section 7 introduces the implementation of the strategy in our scientific
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workflow system. Section 8 presents the related work. Finally, Section 9 addresses our conclusions
and points out the future work.

2. MOTIVATING EXAMPLE AND PROBLEM ANALYSIS

In this section, we introduce a weather forecast scientific workflow to demonstrate the motivation for
temporal constraint management in scientific workflow systems. In addition, two basic requirements
for temporal constraint management are presented.

2.1. Motivating example

The entire weather forecast workflow contains hundreds of thousands of data-intensive and
computation-intensive activities [34]. The major data-intensive activities include the collection of
meteorological information, e.g. surface data, atmospheric humidity, temperature, clouds area and
wind speed from satellites, radars and ground observatories at distributed geographic locations.
These data files are transferred via various kinds of networks. Computation-intensive activities
mainly consist of solving complex meteorological equations, e.g. meteorological dynamics equa-
tions, thermodynamic equations, pressure equations, turbulent kinetic energy equations and so
forth which require high-performance computing resources. Owing to the space constraints, it is
not possible to present the whole forecasting process in detail. Here, we only focus on one of its
segments for radar data collection. The graphic notations for Stochastic Petri Nets are illustrated
in Figure 1 and the example workflow segment is depicted in Figure 2.

The classical Petri Net is a directed bipartite graph. It contains two types of nodes called places
(represent conditions) and transitions (represent events/activities) which are connected via arcs
(represent control flows). Stochastic Petri Net is a type of high-level Petri Net which extends with
timing and probability features [32]. The notations of constraint start and constraint end represent
the start point and the end point of a temporal constraint, respectively. The notation of structure
weight represents the structure weight for the duration of an activity as defined in Section 3. The
notation of duration distribution represents the distribution model for the duration of an activity.

For simplicity, we denote these activities in our example scientific workflow segment as X to
X12. The workflow process structures are composed of four Stochastic Petri Nets-based building
blocks, i.e. a choice block for data collection from two radars at different locations (activities
X1~X4), a compound block of parallelism and iteration for data updating and preprocessing
(activities X¢~ X10), and two sequence blocks for data transferring (activities X5, X11, X12).

It is evident that the duration of these scientific workflow activities is highly dynamic in nature
due to the data complexity and the computation environment. However, to ensure that the weather
forecast is broadcast on time, every scientific workflow instance must be completed within a
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Figure 1. Graphic notations for Stochastic Petri Nets.
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Figure 2. Example scientific workflow segment.
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specific time duration. Therefore, a set of temporal constraints must be set to monitor the workflow
execution time. For our example workflow segment, to ensure that the radar data can be collected
on time and transferred for further processing, at least one overall upper bound temporal constraint
is required. However, a coarse-grained temporal constraint is not effective enough to control
fine-grained workflow execution time, e.g. the completion time of each workflow activity. It is
evident that without the support of local enforcements, the overall workflow duration can hardly
be guaranteed. For example, we set a two hour temporal constraint for this radar data collection
process. But due to some technical problems, the connection to the two radars is broken and blocked
in a state of retry and timeout for more than 30 min whereas its normal duration should be far less.
Therefore, the two-hour overall temporal constraint for this workflow segment will probably be
violated since its subsequent activities normally require more than 90 min to accomplish. However,
no actions were taken due to the ignorance of the fine-grained temporal constraints. The exception
handling cost for compensation of this time deficit, e.g. workflow rescheduling and recruitment of
additional resources, is hence inevitable. Similar problems also take place in hierarchical workflow
scheduling. If we only set a two-hour upper bound temporal constraint for the whole radar data
collection process, it is difficult for a local scheduler to allocate a suitable time slot for activities
X6~ X0 in order to complete the data updating and pre-processing segment on time. That is
why we also need to set fine-grained temporal constraints to each activity. Specifically, for this
example workflow segment, at least one overall coarse-grained temporal constraint, and ideally,
12 fine-grained temporal constraints for activities X; to X, are required to be set.

Meanwhile, at workflow run-time, fine-grained temporal constraints need to be updated. For
example, the local temporal constraint for the data collection sub-process (activities X~ X4)
is 10 min and the local temporal constrain for the data updating and preprocessing (activities
X6~ X10) sub-process is 60 min given the overall 2-h constraint for the whole workflow segment.
If at workflow run-time, due to some unexpected technical problems, the actual duration for the
data collection sub-process is 30 min, then at activity X5, a time deficit of 20 min will be detected.
In order to resolve such a temporal violation, the durations of the subsequent activities X¢~ X2
need to be decreased to compensate such a 20-min delay. Normally, an exception handling strategy
such as a local workflow rescheduling strategy will be triggered to tackle the occurring temporal
violation. Therefore, the original temporal constraints for activities X~ X172 need to be updated.
The new temporal constraints are required to facilitate the central scheduler to allocate faster
resources or to facilitate local schedulers to assign closer time slots to decrease the queuing time.
For another example, if the actual duration for activities X¢ ~ X 10 is 30 min, then at activity X1, we
can detect that not only is the 20-min delay compensated but also there occurs a 10-min redundancy.
In such a case, the original temporal constraints for data transferring activities X1~ X1o, for
instance 10 min, can be increased to 20 min. In such a case, one possible strategy is that the priority
of the data transferring activities is decreased so that the network can first meet the requirements
of other urgent tasks. Another possible strategy is that the system manger chooses another network
with less bandwidth so that the cost for data transfer can be reduced. With the former strategy, the
overall temporal QoS of the scientific workflow system can be improved. With the latter strategy,
the cost for scientific workflow execution can be reduced. Therefore, it is also important to update
the local temporal constraints so as to fully utilize the time redundancy.

2.2. Problem analysis

From the illustration of the motivating example, it is evident that temporal constraint management
plays an important role in scientific workflow systems. However, setting and updating temporal
constraints are not straightforward tasks. Many factors such as workflow structures, system perfor-
mance and user requirements should be taken into consideration. Here, we present the basic require-
ments for temporal constraint management by analyzing two criteria for high-quality temporal
constraints.

(1) Temporal constraints should be well balanced between user requirements and system perfor-
mance. It is common that clients often suggest coarse-grained temporal constraints based
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on their own interest while with limited knowledge about the actual performance of work-
flow systems. With our example, it is not rational to set a 60-min temporal constraint to
the segment which normally needs 2h to finish. Therefore, user-specified constraints are
normally prone to causing frequent temporal violations. To address this problem, a negoti-
ation process between the client and the service provider who is well aware of the system
performance is desirable to derive balanced coarse-grained temporal constraints that both
sides are satisfied with.

(2) Temporal constraints should facilitate both overall coarse-grained control and local fine-
grained control. As analyzed above, this criterion actually means that temporal constraint
management should support both coarse-grained temporal constraints and fine-grained
temporal constraints. Specifically, the task of setting build-time temporal constraints includes
setting both coarse-grained temporal constraints (an overall deadline for the entire work-
flow instance and local temporal constraints for local workflow segments) and fine-grained
temporal constraints (temporal constraints for individual workflow activities). However,
although the overall workflow process is composed of individual workflow activities, coarse-
grained temporal constraints and fine-grained temporal constraints are not in a simple
relationship of linear culmination and decomposition. Meanwhile, it is impractical to set
or update fine-grained temporal constraints manually for a large number of activities in
scientific workflows. Since coarse-grained temporal constraints can be obtained through
the negotiation process, the problem for setting fine-grained temporal constraints is how
to automatically derive them based on the coarse-grained temporal constraints. Similarly,
the problem for updating fine-grained temporal constraints is also how to automatically
propagate the time deficit/redundancy in an efficient fashion.

To conclude, the basic requirements for temporal constraint management in scientific workflow
systems can be put as: at build-time, effective negotiation for setting coarse-grained temporal
constraints and automatically derive fine-grained temporal constraints; at run-time, automatically
propagate time deficit/redundancy for updating local temporal constraints. To our best knowl-
edge, the problem of temporal constraint management in scientific workflows has so far not been
systematically investigated.

3. PROBABILITY-BASED TEMPORAL CONSISTENCY MODEL

In this section, we propose a novel probability-based temporal consistency model which utilizes
the weighted joint distribution of workflow activity durations to facilitate temporal constraint
management in scientific workflow systems.

3.1. Weighted joint normal distribution for workflow activity durations

To define the weighted joint distribution of workflow activity durations, we first present two
assumptions on the probability distribution of activity durations.

Assumption 1

The distribution of activity durations can be obtained from workflow system logs through statistic
analysis [35]. Without losing generality, we assume that all the activity durations follow the normal
distribution model, which can be denoted as N(u, ¢%), where p is the expected value, o2 is the
variance and o is the standard deviation [36].

Assumption 2
The activity durations are independent of each other.

For convenience of analysis, Assumption 1 chooses normal distribution to model the activity
durations without loosing generality. If most of the activity durations follow non-normal distribu-
tion, e.g. Uniform distribution, Exponential distribution, lognormal distribution or Beta distribution
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[37], the idea of our strategy can still be applied in a similar way given different joint distribution
models. However, we will leave the detailed investigation of different distribution models as our
future work. Furthermore, as is commonly applied in the area of system simulation and performance
analysis, Assumption 2 requires that the activity durations be independent of each other to facilitate
the analysis of joint normal distribution. For those which do not follow the above assumptions,
they can be treated by normal transformation and correlation analysis [36], or moreover, they can
be ignored first when calculating joint distribution and then added up afterwards.

Furthermore, we present an important formula, Formula 1, of joint normal distribution.

Formula 1: If there are n independent variables of X; ~ N (y;, 01.2) and n real numbers 0;, where n
is a natural number, then the joint distribution of these variables can be obtained with the following
formula [36]:

n n n
Z=01X1+0 X2+ 4+0,X,=> 0;X;~N (Z 0ipg Y 0?012) (1)

Based on this formula, we define the weighted joint distribution of workflow activity durations
as follows.

Definition 1 (Weighted joint distribution)
For a scientific workflow process SW which consists of n activities, we denote the activity duration
distribution of activity a; as N (y;, oiz) with 1<i <n. Then the weighted joint distribution is defined as

n n
N (g U%w):N (Z Wil Y wizaiz>
i=1

i=1

where w; stands for the weight of activity @; that denotes the choice probability or iteration times
associated with the workflow path where a; belong.

The weight of each activity with different workflow structures is illustrated through the calcu-
lation of weighted joint distribution for basic Stochastic Petri Nets-based building blocks, i.e.
sequence, iteration, parallelism and choice. These four building blocks consist of basic control
flow patterns and are widely used in workflow modelling and structure analysis [14, 32]. Most
workflow process models can be easily built by their compositions, and similarly for the weighted
joint distribution of most workflow processes. Here, as introduced in Section 2, Stochastic Petri
Nets-based modelling is employed to incorporate time and probability attributes with additional

graphic notations, e.g. @ stands for the probability of the path and 's' stands for the normal
duration distribution of the associated activity. For simplicity, we illustrate with two paths for the
iteration, parallelism and choice building blocks, except the sequence building block which has
only one path by nature. However, the results can be effectively extended to more than two paths
in a similar way.

(1) Sequence building block. As depicted in Figure 3, the sequence building block is composed
of adjacent activities from a; to a; in a sequential relationship which means that the successor
activity will not be executed until its predecessor activity is finished. The structure weight for each
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Figure 3. Sequence building block.
Copyright © 2011 John Wiley & Sons, Ltd. Concurrency Computat.: Pract. Exper. 2011;23:1893-1919

DOI: 10.1002/cpe



1900 X. LIU ET AL.

\ d==jEE: 7]
N\ LT e e @
o x, B e X

Figure 5. Parallelism building block.

activity in the sequence building block is 1 since they only need to be executed once. Therefore,
according to Formula I, the weighted joint distribution is

J J J
k=i k=i k=i

(2) Iteration building block. As depicted in Figure 4, the iteration building block contains two
paths which are executed iteratively until certain end conditions are satisfied. Without the context of
run-time workflow execution, it is difficult, if not impossible, to obtain the number of iteration times
at workflow build-time. Therefore, in practice, the number of iteration times is usually estimated
with the mean iteration times or with some probability distribution models such as normal, uniform
or exponential distribution. In this paper, we use the mean iteration times to calculate the weighted
joint distribution in the iteration building block. The major advantage for this simplification is to
avoid the complex joint distribution (if exists) of activity durations (normal distribution) and the
number of iteration times (may be normal or other non-normal distribution) in order to facilitate
the setting of temporal constraints at build-time in an efficient fashion [36]. Here, to be consistent
with the Stochastic Petri Nets, we assume that the probability of meeting the end conditions for a
single iteration is y (i.e. the mean iteration times is 1/r) as denoted by the probability notation.
Therefore, the lower path is expected to be executed for 1/r times and hence the upper path is
executed for (1/r)+1 times. Accordingly, the structure weight for each activity in the iteration
building block is the expected execution times of the path it belongs. Therefore, the weighted joint
distribution here is

. I .
Z=(1/n+D (i Xp) +(1/V)<kaq> ~N (((1/"/)+1) (i #p)
p=i q=

p=i

l j ]
HW%Zwy(WWM%Zﬁ%ﬂM%Zﬁ»
q=k p=i q=k

(3) Parallelism building block. As depicted in Figure 5, the parallelism building block contains
two paths which are executed in parallel. Since the activity durations are modelled by normal
distributed variables, the overall duration time of the parallelism building block is equal to the distri-
bution of the maximum duration of the two parallel paths. However, to calculate the exact distribu-
tion of the maximum of two random variables is a complex issue [38] which requires fundamental
knowledge on statistics and non-trivial computation cost. Therefore, in practice, approximation
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Figure 6. Choice building block.

is often applied instead of using the exact distribution. Since the overall completion time of the
parallelism building block is dominated by the path with the longer duration [32], in this paper, we
define the joint distribution of the parallelism building block as the joint distribution of the path with
a lager .expected duration, i.e..if Zi,:i [p=> Z.ii.:k 1ty then Z = Z;,:i Ips otherwi.se Z= Z;.:k Hg-
Accordingly, the structure weight for each activity on the path with longer duration is 1 while on
the other path it is 0. Therefore, the weighted joint distribution of this block is

J j l
ZXNN(ZNP,ZG§> leu,, 2 Hy
p=i p=i =, q:
7=
1

ZX~N<Zuq,Z ) otherwise

=k q=k

(4) Choice building block. As depicted in Figure 6, the choice building block contains two
paths in an exclusive relationship which means that only one path will be executed at run-time.
The probability notation denotes that the probability for the choice of the upper path is f and
hence the choice probability for the lower path is 1 — . In the real world, # may also follow some
probability distributions. However, similar to the iteration building block, in order to avoid the
complex joint distribution, f§ is estimated by the mean probability for selecting a specific path,
i.e. the number of times that the path has been selected divided by the total number of workflow
instances. Accordingly, the structure weight for each activity in the choice building block is the
probability of the path it belongs. Therefore, the weighted joint distribution is

/)

j I j i
=ﬁ(ixp)+<1—ﬁ> (Z Xq> ~ N (ﬂ(iup)m—ﬁ)(Z uq) ,/32<
p=i q=k p=i q=k 14
+(1—ﬁ)2(213 o%)).
q=k

Note that the purpose of presenting the weighted joint normal distribution of the four basic
building blocks is twofold. The first fold is to illustrate the definition of structure weight for
workflow activity durations. The second is to facilitate the efficient calculation of weighted joint
normal distribution of scientific workflows or workflow segments at build-time by the composition
of the four basic building blocks. Furthermore, following the common practice in the workflow
area [32, 39], approximations have been made to avoid calculating complex joint distribution. Since
it is not the focus of this paper, the discussion on the exact distribution of these complex joint
distribution models can be found in [36, 38].

10~

3.2. Probability-based temporal consistency model

The weighted joint distribution enables us to analyze the completion time of the entire workflow
from an overall perspective. Here, we need to define some notations. For a workflow activity
a;, its maximum duration, mean duration and minimum duration are defined asD(a;), M(a;) and
d(a;) respectively. For a scientific workflow SW which consists of n activities, its build-time
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upper bound temporal constraint is denoted as U(SW). In addition, we employ the ‘3¢’ rule
which has been widely used in statistical data analysis to specify the possible intervals of activity
durations [37]. The ‘3¢’ rule depicts that for any sample coming from normal distribution model,
it has a probability of 99.73% to fall into the range of [u—30, u+30] which is a systematic
interval of three standard deviations around the mean where u and ¢ are the sample mean and
sample standard deviation, respectively. The statistic information can be obtained through scientific
workflow system logs through statistical analysis [35]. Therefore, in this paper, we define the
maximum duration, the mean duration and the minimum duration as D(a;)=p; +30;, M(a;)=
u; and d(a;)=p; —30; respectively. Accordingly, samples from the scientific workflow system
logs which are above D(a;)or below d(a;) are hence discarded as outliers. The actual run-time
duration at g; is denoted as R(a;). Now, we propose the definition of probability-based temporal
consistency which is based on the weighted joint distribution of activity durations. Note that,
since temporal constraint management includes both setting temporal constraints at build-time and
updating temporal constraints at run-time, our probability-based temporal consistency model also
includes both definitions for build-time temporal consistency and run-time temporal consistency.

Definition 2 (Probability-based temporal consistency Model)
At build-time stage, U(SW) is said to be:

(1) Absolute Consistency (AC), if Z:’zl w;(p; +30;)<U(SW);
(2) Absolute Inconsistency (Al), if 27:1 w;i(y; —30;)>U(SW);
(3) a% Consistency (0%C), if Z:’:l w;(; +Aa;)=u(SW).

At run-time stage, at a workflow activity a,(1<p<n), U(SW) is said to be:

(1) Absolute Consistency (AC), if Zf’zl R(ai)—i—Z;f:pH wi(p; +30;)<U(SW);
(2) Absolute Inconsistency (AD), if Zipzl R(ai)+Z?=p+1 w;(y; —30;)>U(SW);
(3) a% Consistency (%C), if Zle R(ai)+2?=p+l wi(; +Aa;)=U(SW).

Here w; stands for the weight of activity a;, A(—3<A<3) is defined as the a% confi-
dence percentile with the cumulative normal distribution function of F(u;+Ag;)=

A (2 /262 . - )
o—%/%/f;?“’z —1)°/20} g dx = a%(0<o<100). As depicted in Figure 7, different from the

conventional multiple temporal consistency model where only four discrete coarse-grained
temporal consistency states are defined [11, 26], in our temporal consistency model, every prob-
ability temporal consistency state is represented by a unique probability value and they together
compose a Gaussian curve the same as the cumulative normal distribution [37]. Therefore, they
can effectively support the requirements of both coarse-grained control and fine-grained control in
scientific workflow systems as discussed in Section 2.2. The probability consistency states outside
the confidence percentile interval of [—3,4-3] are with continuous values infinitely approaching
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Figure 7. Probability-based temporal consistency.
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0 or 100% respectively. However, since there are scarce chances (i.e. 1—99.73%=0.17%) that
the probability temporal consistency state will fall outside this interval, we name them absolute
consistency (AC) and absolute inconsistency (Al) in order to distinguish them from others.

The purpose of probability-based temporal consistency is to facilitate the management of
temporal constraints in scientific workflow systems. The advantage of the novel temporal consis-
tency model mainly includes three aspects. First, clients normally cannot distinguish between
qualitative expressions such as weak consistency and weak inconsistency due to the lack of back-
ground knowledge, and deteriorating the negotiation process for setting coarse-grained temporal
constraints at build-time. In contrast, a quantitative temporal consistency state of 90 or 80% makes
much more sense. Second, it is better to model activity duration as random variables instead
of static time attributes in system environments with highly dynamic performance to facilitate
statistic analysis. Third, to facilitate the setting of fine-grained temporal constraints at build-time
and the updating of fine-grained temporal constraints at run-time, continuous states-based temporal
consistency model where any fine-grained temporal consistency state is represented by a unique
probability value is required rather than discrete multiple states-based temporal consistency models
where temporal consistency states are represented by coarse-grained qualitative expressions. There-
fore, in this paper, we propose the novel probability-based temporal consistency model.

4. SETTING BUILD-TIME TEMPORAL CONSTRAINTS

In this section, we present our negotiation-based probabilistic strategy for setting temporal
constraints at build-time. The strategy aims to effectively produce a set of coarse-grained and
fine-grained temporal constraints which are well balanced between user requirements and system
performance. As depicted in Table I, the strategy requires the input of process model and system
logs. It consists of three steps, i.e. calculating weighted joint distribution, setting coarse-grained
temporal constraints and setting fine-grained temporal constraints. We illustrate them accordingly
in the following subsections.

4.1. Calculating weighted joint distribution

The first step is to calculate weighted joint distribution. The statistic information, i.e. activity
duration distribution and activity weight, can be obtained from system logs by statistical analysis
[32,35]. Afterwards, given the input process model for the scientific workflow, the weighted
joint distribution of activity durations for the entire scientific workflow and workflow segments

Table 1. Negotiation-based probabilistic setting strategy.

Probabilistic strategy for setting temporal constraints

Overview Input: Process model and system logs for scientific
workflow
Method: Probabilistic setting strategy
Output: Coarse-grained upper bound constraints and
fine-grained upper bound constraints

Step 1: Calculating weighted joint distribution Obtain the statistic information (activity duration
distribution and activity weight) from workflow system
logs; calculate the weighted joint distribution of the
workflow by the composition of basic building blocks

Step 2: Setting coarse-grained constraints Set coarse-grained temporal constraints through either
the time-oriented or probability-oriented negotiation
process based on weighted joint distribution and the
probability-based temporal consistency

Step 3: Setting fine-grained constraints Set fine-grained temporal constraints based on the same
probability consistency as the coarse-grained temporal
constraints obtained in Step 2
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can be efficiently obtained by the composition of the four basic building blocks as illustrated in
Section 3.1.

4.2. Setting coarse-grained temporal constraints

The second step is to set coarse-grained upper bound temporal constraints at build-time. Based on
the four basic building blocks, the weighted joint distribution of an entire workflow or workflow
segment can be obtained efficiently to facilitate the negotiation process for setting coarse-grained
temporal constraints. Here, we denote the obtained weighted joint distribution of the target scien-
tific workflow (or workflow segment) SW as N(igy, 65,,) Where g, => 1 w;i; and ogy=

Y wl2 01.2. Meanwhile, we assume that the minimum threshold for the probability consistency is

% which implies that client’s acceptable bottom-line probability, namely the confidence for timely
completion of the workflow instance; and the maximum threshold for the upper bound constraint is
max(SW) which denotes client’s acceptable latest completion time. The actual negotiation process
can be conducted in two alternative ways, i.e. time-oriented way and probability-oriented way.

The time-oriented negotiation process starts with the client’s initial suggestion of an upper bound
temporal constraint of U(SW) and the evaluation of the corresponding temporal consistency state
by the service provider. If U(SW)= ug,, +0osw With 4 as the «% percentile, and 2% is below the
threshold of f%, then the upper bound temporal constraint needs to be adjusted, otherwise the
negotiation process terminates. The subsequent process is the iteration that the client proposes a
new upper bound temporal constraint which is less constrained than the previous one and the service
provider reevaluates the consistency state, until it reaches or is above the minimum probability
threshold.

In contrast, the probability-oriented negotiation process begins with the client’s initial suggestion
of a probability value of «%, the service provider evaluates the execution time R(SW)of the entire
workflow process SW by the sum of all activity durations as Y ;_; w;(i; +A0;), where 1 is the 2%
percentile. If R(SW) is above the maximum upper bound constraint of max(SW) for the client, the
probability value needs to be adjusted, otherwise the negotiation process terminates. The following
process is the iteration that the client proposes a new probability value which is lower than the
previous one and the service provider reevaluates the workflow duration, until it reaches or is lower
than the upper bound constraint.

As depicted in Figure 8, with the probability-based temporal consistency, the time-oriented
negotiation process is normally where increasing upper bound constraints are proposed and eval-
uated with their temporal probability consistency states until the probability is above the client’s
bottom-line confidence, while the probability-oriented negotiation process is normally where
decreasing temporal probability consistency states are proposed and estimated with their upper
bound constraints until the constraint is below the client’s acceptable latest completion time. In the
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Figure 8. Negotiation process for setting coarse-grained.

Copyright © 2011 John Wiley & Sons, Ltd. Concurrency Computat.: Pract. Exper. 2011;23:1893-1919
DOI: 10.1002/cpe



A PROBABILISTIC STRATEGY FOR TEMPORAL CONSTRAINT MANAGEMENT 1905

real practice, the client and service provider can choose either of the two negotiation processes, or
even interchange dynamically if they want. However, on the one hand, for clients who have some
background knowledge about the execution time of the entire workflow or some of the workflow
segments, they may prefer to choose the time-oriented negotiation process since it is relatively
easier for them to estimate and adjust the coarse-grained constraints. On the other hand, for clients
who have no enough background knowledge, the probability-oriented negotiation process is a
better choice since they can make the decision by comparing the probability values of temporal
consistency states with their personal bottom-line confidence values.

4.3. Setting fine-grained temporal constraints

The third step is to set fine-grained temporal constraints. In fact, this process is straightforward
with the probability-based temporal consistency model. Since our temporal consistency actually
defines that if all the activities are executed with the duration of a% probability and their total
weighted duration equals their upper bound constraint, we say that the workflow process is «%
consistency at build-time. For example, if the obtained probability consistency is 90% with the
confidence percentile 1 of 1.28 (the percentile value can be obtained from any normal distribution
table or most statistic programs [36]), it means that all activities are expected for the duration of
90% probability. However, to ensure that the coarse-grained and fine-grained temporal constraints
are consistent with the overall workflow execution time, the sum of weighted fine-grained temporal
constraints should be approximate to their coarse-grained temporal constraint. Otherwise, even if
the duration of every workflow activity satisfies its fine-grained temporal constraint, there is still a
good chance that the overall coarse-grained temporal constraints will be violated, i.e. the workflow
cannot complete on time. Therefore, based on the same percentile value, the fine-grained temporal
constraint for each activity is defined with Formula 2 to make them consistent with their overall
coarse-grained temporal constraint.

Formula 2: For a scientific workflow or workflow segmentSW which has a coarse-grained
temporal constraint of U(SW) with a% consistency of A percentile, if SW consists of n workflow
activities with a; ~N(y;, 01.2), the fine-grained upper bound temporal constraint for activity a; is
U(a;) and can be obtained with the following formula:

u(al-):,ui—i—)vaix(l— <i w;o; — /iwiza?) iai) 2)
i=1 i=1 i=1

Here, u; and o; are obtained directly from the mean value and standard deviation of activity
a; and A denotes the same probability with the coarse-grained temporal constraint. Based on
Formula 2, we can claim that with our setting strategy, the sum of weighted fine-grained temporal
constraints is approximately the same as their overall coarse-grained temporal constraint. Here,
we present a theoretical proof to verify our claim.

Proof
Assume that the distribution model for the duration of activity a; is N(y;, O'l»2), hence with Formula
1, the coarse-grained constraint is set to be of u(SW)= i, +Aosw, where ug,,=> 7 w;y; and

Osw=1/ D11 w a . As defined in Formula 2, the sum of weighted fine-grained constraints is
Y win(a) =Y il + Ao x (1= wioi — /Y1 w?eH)Y ! 6;)). Evidently, since

w; and g; are all positive values, Y1, w;0;>,/> '_ w?a? holds and Y _, o; is normally big for
a large-size scientific workflow SW, hence the right-hand side of the equation can be extended and

what we get is Y _, w;(i; +Ag; x (1 — A)) where A equals (3 7_, wig;—/ Y 71— w; ‘72)/21—1 ;.

Therefore, it can be expressed as Yy :_jwju(a)= ;_ wil;+iy i_ wio;—Arn (Equa-
tion I) where At;=Y"_, w; A. Meanwhile, since Y7, w;0;>,/>1_ w?a?, thus Y /_; wip;+

I wier< I wiw;+ A " wio;. Therefore, it can be expressed as u(WS)= Y"1, w; y; +
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It wie? =3 wi +AY " wio; — Aty (Equation II), where Aty equals A(Y!_, wio; —

‘/ZLlwizoiz). Furthermore, if we denote () /_, wiai—‘/zyzlwizoiz) as B, then we can

have Ay =(}"7_,w;/> ;_;01)B and An=/iB. Since in real-world scientific workflows,
Qo7 wi/> 7, 0i) is smaller than 1 due to ) 7_, ¢; it is normally much bigger than ) ;_, w;,
meanwhile, A is a positive value smaller than 1 (1 means a probability consistency of 84.13%
which is acceptable for most clients) [36], At; and Ar, are all relatively small positive values
compared with the major component of Equations (1) and (2). Evidently, we can deduce
that) ;_  wiu(ai) =Y witi +Ay i jwioi—An =3P wi+AY i wio; —An=u(WS).
Therefore, the sum of weighted fine-grained temporal constraints is approximately the same as
the coarse-grained temporal constraint and thus our claim holds. O

5. UPDATING RUN-TIME TEMPORAL CONSTRAINTS

In this section, we propose our probabilistic updating strategy for run-time temporal constraints.
At the scientific workflow run-time, build-time temporal constraints need to be updated according
to run-time activity durations. As depicted in Table II, our probabilistic updating strategy consists
of two major steps including calculating the probability time deficit/redundancy and updating
fine-grained constraints. We illustrate them accordingly in the following subsections.

5.1. Calculating the probability time deficit/redundancy

Owing to none or limited context knowledge, it is difficult, if not impossible, to determine the
concrete workflow structure of a workflow instance at build-time. Therefore, we utilize structure
weights based on system historic data to facilitate the setting of temporal constraints. In contrast,
at the scientific workflow run-time, there is normally some context knowledge available which can
be used to determine the previous unknown information such as the execution path which will
be selected in a choice building block. In such a case, the previously specified choice probability
becomes ineffective. For instance, the probability needs to be modified to 1 for the selected path and
0 for others at run-time. Therefore, at the scientific workflow run-time, activity structure weights
are subject to change according to the run-time execution results. However, for the workflow
activities of those workflow paths which have not been determined yet, their structure weights are
still effective as at build-time.

The task of updating the run-time temporal constraint is to automatically propagate the
time deficit/redundancy to update fine-grained temporal constraints. Therefore, the time
deficit/redundancy needs to be calculated first before the propagation process. Here, the effective

Table II. Probabilistic updating strategy.

Probabilistic strategy for updating temporal constraints

Overview Input: Build-time coarse-grained and fine-grained upper bound
constraints, run-time activity durations
Method: Probabilistic updating strategy
Output: Updated run-time fixed-time coarse-grained and
fine-grained temporal constraints
Step 1: Calculating the probability time Based on the run-time activity durations, calculating the
deficit/redundancy probability time deficit/redundancy
Time deficit/redundancy propagation process for activities on
run-time workflow critical path
Time deficit redundancy propagation process for activities on
run-time workflow non-critical paths

Step 2: Updating fine-grained constraints
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workflow segment for time deficit/redundancy propagation is from the next activity point to the
last activity point of the coarse-grained temporal constraint which covers the current activity point.
During the effective workflow segment, as analyzed above, there are probably some workflow
paths which have been determined but others that have not. Therefore, the issue of estimating
the execution time at run-time is very different from its build-time counterpart since there is a
mixture of determined and non-determined workflow paths. To solve such an issue, we define the
run-time workflow critical path which can facilitate the estimation of the duration for the effective
workflow segment.

Definition 3 (Run-time Workflow Critical Path)

Within the effective workflow segment for time deficit/redundancy propagation, the run-time
workflow critical path is defined as the longest execution path from the start node to the end node
of the workflow segment. Specifically, for those workflow paths which have been determined, all
the activities are included; for those workflow paths which have not been determined, only the
activities of the longest path are included. Here, the longest path is the path which has the maximum
mean duration. For calculating the probability time deficit/redundancy, the choice probability for
those longest paths in the previous choice building blocks is changed to 1.

Based on the definition of run-time workflow critical path, the probability time deficit and the
probability time redundancy are defined as follows.

Definition 4 (Probability Time Deficit)

Given a scientific workflow or workflow segment SW with an upper bound constraint of U(SW),
at activity point a, let U(SW) be of «%C with the percentile of 4, which is below the threshold of
% with the percentile of g (8% is the initial probability temporal consistency state agreed upon by
clients and service provides at build-time through the negotiation process). Then the probability time
deficit of U(SW) at a, is defined as PTD(U(SW),ap)=R(a1,ap)+Q rccriticaiparn WkU (@) —
U(SW), where wy and U (ay) are the structure weight and the fine-grained upper bound temporal
constraint for activity ay, respectively.

The probability time deficit is defined to measure the occurring time deficit at the activity
point given the upper bound temporal constraint which is set on the last activity of a scientific
workflow or workflow segment. In order to ensure on-time completion of scientific workflows and
workflow segments, the probability time deficit needs to be propagated to decrease the subsequent
fine-grained temporal constraints. As illustrated in Section 2.1 with the motivating example, in
some cases, if the expected activity durations exceed their fine-grained temporal constraints, some
exception handling strategies such as workflow rescheduling and resource recruitment [40, 41] may
be triggered so as to avoid the possible violations of coarse-grained temporal constraints.

Definition 5 (Probability Time Redundancy)

At activity point a, let U(SW) be of «%C with the percentile of 4, which is above the threshold
of B% with the percentile of 4g. Then the probability time redundancy of U(SW) at a, is
PTR(U(SW),ap) which is equal to U(SW)—R(a1,ap)+Q recriticai parn WkU (ax)), where wy
and U (ay) are the structure weight and the fine-grained upper bound temporal constraint for activity
ay, respectively.

The probability time redundancy is defined to measure the time redundancy at the current
activity point given the upper bound temporal constraints. In order to save the execution cost
or improve the overall temporal QoS, probability time redundancy needs to be propagated to
increase the subsequent fine-grained temporal constraints. As illustrated in Section 2.1 with the
motivating example, in some cases, if the fine-grained temporal constraints are large enough
compared with the expected activity durations, activities can be re-allocated to less expensive
resources to save the execution cost, or be postponed intentionally to decrease the queuing time
of other urgent activities so as to improve the overall temporal QoS in the scientific workflow
systems.
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5.2. Updating fine-grained temporal constraints

After the probability time deficit/redundancy has been obtained, the next step is to propa-
gate it to the subsequent fine-grained temporal constraints. Note that since the probability time
deficit/redundancy is defined based on the critical path, the probability time deficit/redundancy
should only apply to the fine-grained temporal constraints of those activities on the critical path.
However, the fine-grained temporal constraints of those activities which are on the non-critical
paths should also be updated. The reason can be explained as follows. For choice building blocks
(which have not been determined), those non-critical paths still have the probability to be executed
and hence require the update of fine-grained temporal constraints. For parallelism building blocks,
those non-critical paths also need to be updated in case the durations of those non-critical paths
exceed that of the critical path, i.e. non-critical paths may become the critical path, when large
time deficits occur on non-critical paths. Similar situations may also occur on those sequence and
iteration building blocks on the non-critical paths. Therefore, we not only need to update the fine-
grained temporal constraints for the activities on the critical path, but also those for the activities
on the non-critical paths. To address such as issue, in our strategy, we first conduct the probability
time deficit/redundancy propagation process for activities on the critical path. Afterwards, based
on the propagation results, the fine-grained temporal constraints for activities on the non-critical
paths can be updated accordingly.

(1) Probability Time Deficit/Redundancy Propagation Process for Activities on Critical Path

To ensure fairness among subsequent activities, the probability time deficit/redundancy quota
is defined which is based on the ratio of the mean time redundancy (i.e. the difference between the
maximum and mean activity durations) with the mean activity durations. Given the current activity
point a, the effective range for time deficit/redundancy propagation is from the next activity point
apy1 to the last activity, e.g. apm, of the coarse-grained temporal constraint which covers a,.
Here, we denote the critical path in the effective range as Critical Path. Since the probability
time deficit/redundancy is defined based on the critical path, the coefficient for the deficit quota
of each activity on the critical path is hence defined as

D(a)—M(a;) #iA3oi—py
M(ai) _ K _ oi /1
D(aj)—M(a;) — wH3ci—w, S, . g
ZieCriticalPath W ZiECriticalPath 1/17;! ZteCrtttcalPath oi/t;

Therefore, given the probability time deficit PT D(a,) or probability time redundancy PT R(a,) at
activity point a, the time deficit quota PT D Q(a; )or time redundancy quota PT R Q(a;) propagated
to Critical Path are defined with Formula 3 and Formula 4 respectively:

wioi/1;
PT D(ap)* jﬂ/. ijeCriticalPath wjgj/'uj
PTDQ(a;) = ! 3)
w;
wioj/1;
PTR(aP)*%ZjGCriticalPath ij'j/,Ltj
PTRQ(a;)= ’ S

wj

Given the time deficit quota PT D Q(a;) or time redundancy quota PT RQ(a;) for a;, and the
build-time upper bound fine-grained temporal constraint U (a;) for a;, U(a;) is updated according
to Formula 5 or Formula 6, respectively.

F(aj)=U(ai)— PTDQ(a;) ®)
F(a;j)=U(ai)+PTRQ(a) (6)
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(2) Probability Time Deficit/Redundancy Propagation Process for Activities on Non-critical
Paths

Here, the basic idea is to apply the probability time deficit/redundancy quota of the longest path
to the other paths. The motivation of applying the same probability time deficit/redundancy quota
to non-critical paths can be explained as follows. Since the critical path is the longest path which
has the maximum mean duration among all choice or parallel paths in the choice or parallelism
building blocks, its probability time deficit quota will be the maximum one among all the paths if
we calculate the probability time deficit quota for all the paths according to Definition 3. Similarly,
the time redundancy quota of the longest path will be the minimum according to Definition 4.
Therefore, in such a condition, if time deficit occurs, the sum of the updated fine-grained temporal
constraints for all the activities on the non-critical paths will compensate for the time deficit since
the maximum probability time deficit quota is propagated. Similarly, if time redundancy occurs,
the sum of the updated fine-grained temporal constraints for all the activities on the non-critical
paths will not exceed the coarse-grained temporal constraints since the minimum probability time
redundancy quota is propagated. For example, if we assume that the mean duration for the longest
path in a choice building block is 100 min and its probability time deficit quota is 10 min, then
the probabaility time deficit quota of the other paths, e.g. a path with its mean duration of 60 min
will be less than 10 min, e.g. 5 min, according to Definition 3. However, based on our probability
time deficit propagation process, the probability time deficit quota for those non-longest paths
is also set as 10 min. Therefore, given our method, whether at run-time the longest path or the
other non-longest paths are selected, the sum of the updated fine-grained temporal constraints can
compensate for the occurring probability time deficit since the maximum probability time deficit
quota of 10 min has already been propagated. Another example similar is that if the probability
time redundancy quota for the longest path is 5 min, then according to Definition 4, the probability
time redundancy quota for the other non-longest path will be larger than 5 min e.g. 8 min. However,
based on our probability time redundancy propagation process, the probability time redundancy
quota for those non-longest paths is also set as 5 min, i.e. the same as the longest path. Therefore,
at run-time whether the longest path or the other non-longest paths are selected, the sum of the
updated fine-grained temporal constraints will not exceed the coarse-grained temporal constraints
since only the minimum probability time redundancy quota of 5 min has been propagated.

Specifically, the probability time deficit/redundancy propagation process for activities on non-
critical paths is described as follows:

After the fine-grained temporal constraints of the activities on the critical path have been updated,
the following issue is to update the fine-grained temporal constraints of the activities on non-
critical paths. Here, we assume that the longest path in the choice or parallelism building block is
denoted as L P. The fine-grained temporal constraints of activities on L P have been updated and
the sum of their probability time deficit and time redundancy quota are denoted as PT D Q(L P)
and PT RQ(L P) respectively. Here, the probability time deficit/redundancy quota for the other
non-longest paths are defined the same as that of the longest path as shown in Formula 7 and
Formula 8, respectively.

PTDQ(P;|P,#LP)=PTDQ(LP) (7
PTRQ(P;|Pi#LP)=PTRQ(LP) ®)

After that, the probability time deficit/redundancy quota for those activities on the other non-
longest paths is defined the same as in Formula 4/Formula 5, and their fine-grained temporal
constraints are updated according to Formula 6/Formula 7.

5.3. Updating frequency and overhead

Note that the probability time deficit/redundancy propagation processes need to be conducted
numerous times in order to update fine-grained temporal constraints. However, although the compu-
tation cost for a single propagation process is trivial, it is unnecessary to update fine-grained
temporal constraints every time when a minor time deficit/redundancy takes place. In practice,
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there are two alternative ways to update fine-grained temporal constraints in a batch fashion. The
first one is to set a time deficit/redundancy threshold. Accordingly, the propagation process will
only be conducted when the accumulated deficit/redundancy exceeds the threshold. For example,
if the threshold is set as 10 min, then the propagation process will be conducted if and only if the
accumulated deficit/redundancy exceeds the 10 min threshold. An alternative way is to set a fixed
size for workflow activities so that the propagation process will only be conducted at those activity
points with a distance of the fixed size in between. For example, if the fixed size for workflow
activities is set as 20, then the propagation process will be conducted only on those activities such
as the 20th, 40th, 60th and so on. Besides the above two intuitive yet practical methods, some
sophisticated strategies which can choose specific activity points to conduct certain actions such
as some work in temporal checkpoint selection could be referred [11, 28]. However, since it is not
the focus of this paper, we will leave it as our future work.

As regards the overhead of the updating process, the major overhead is the calculation of the
probability time deficit/redundancy. However, since all the required information despite the run-
time durations of completed activities such as the activity duration distribution model, the structure
weight and the workflow run-time critical path is either already available or can be easily obtained
by simple computation based on the build-time setting results, with a moderate updating frequency,
the overhead for updating the fine-grained temporal constraint is acceptable.

6. CASE STUDY

In this section, we evaluate the effectiveness of our probabilistic strategy for temporal constraint
management by further illustrating the motivating example introduced in Section 2.1. The process
model is the same as depicted in Figure 1. Since our strategy consists of build-time setting temporal
constraints and run-time updating temporal constraints, the evaluation also includes two consecutive
parts.

Here, we first illustrate our probabilistic strategy for build-time setting temporal constraints.
As presented in Table I, the first step is to calculate the weighted joint distribution. Based on
statistical analysis and the ‘3¢’ rule, the normal distribution model and its associated weight for
each activity duration are specified through statistical analysis of accumulated system logs. As the
detailed specification of the workflow segment depicted in Table III, the weighted joint distribution
of each building block can be derived instantly with their formulas proposed in Section 4. We
obtain the weighted joint distribution as N(6190,2172) with seconds as the basic time unit.

The second step is the negotiation process for setting an overall upper bound temporal constraint
for this workflow segment. Here, we first illustrate the time-oriented negotiation process. We
assume that the client’s bottom-line confidence of the probability consistency state is 80%. The
client starts to propose an upper bound temporal constraint of 6250, based on the weighted joint
distribution of N(6190,217%) and the cumulative normal distribution function, the service provider
can obtain the percentile as A=0.28 and reply with the probability of 61% which is lower than the
threshold of 80%. Hence the service provider advises the client to relax the temporal constraint.
Later, for example, the client proposes a series of new candidate upper bound temporal constraints
one after another, e.g. 6300s, 6360s and 6380s, and the service provider replies with 69%, 78%
and 81% as the corresponding temporal consistency states. Since 81% is higher than the 80%
minimum threshold, therefore, through the time-oriented negotiation process, the final negotiation
result could be an upper bound temporal constraint of 6190+0.88+217=6380s with a probability
consistency state of 81% where 0.88 is the 81% probability percentile. As regards the probability-
oriented negotiation process, we assume that the client’s acceptable latest completion time is
6400s. The client starts to propose a probability temporal consistency state of 90%, based on the
weighted joint distribution of N(6190,2172) and the cumulative normal distribution function, the
service provider reply with an upper bound temporal constraint of 6468 s which is higher than
the threshold. Afterwards, for example, the client proposes a series of new candidate probability
temporal consistency states one after another, e.g. 88, 85 and 83%, and the service provider replies
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Table III. Specification of the workflow segment.

1911

Workflow activities

Joint distribution

Activity Mean Variance  Weight Building blocks Weighted joint distribution
Activity X1; 105 225 0.67 Choice. The probability Mean=0.67x(105+223)
Activity X» 223 289 0.67 for the upper path is +0.33%(256+358)=422
Activity X3 256 529 0.33 66.7%; the lower path is Variance =0.672(225+289)
Activity X4 358 400 0.33 33.3% +0.332(529+400) =331
Activity X5 558 784 1 Sequence Mean =558, Variance =784
Activity Xg 650 1089 0 Parallelism and iteration. Mean=>5x%(1254-285)

Activity X7 230 225 0 The probability for a +4+594=4426

Activity Xg 125 64 5 single iteration is 25% Variance = 5% (64 + 1444)
Activity X9 285 1444 5 +42%484=45444
Activity X19 594 484 4

Activity X1; 661 529 1 Sequence Mean=661+123=784;

Activity X1, 123 64 1 Variance =529 +64 =593

Mean=422+558+4426+784=6190;

Variance =331+7844-454444-593=47152

The overall weighted joint distribution for the workflow
segment = N (6190, 2172)

Overall weight joint distribution

Table IV. Setting results.

Overall weight joint distribution N(ugw, GSW) =N(6190,217%),

Coarse-grained upper bound temporal constraint
u(SW)=6380s with 81% consistency and 2=0.88
Fine-grained upper bound temporal constraints

U(X{)=108s U(X,)=227s U(X3)=261s
U(X4)=362s U(Xs5)=564s U(Xg)=657s
U(X7)=233s U(Xg)=127s U(X9)=293s

U(X10)=599s U(X11)=666s U(X12)=125s

with 6445, 6415 and 6397s as the corresponding temporal consistency states. Since 6397s is
lower than the 6400 s maximum threshold, through probability-oriented negotiation process, the
final negotiation result could be an upper bound temporal constraint of 6397 s with a probability
temporal consistency state of 83%. Evidently, from this example, with the result of 6380 and 6397 s
obtained through two different negotiation processes, we can confirm that the setting process is
effective regardless of which kind of negotiation process is adopted. Furthermore, the final coarse-
grained temporal constraints obtained are normally similar if the decision maker is the same client.
The setting result of the time-oriented negotiation process is presented in Table IV.

The third step is to set the fine-grained temporal constrains for each workflow activity with
the obtained overall upper bound constraint. As we mentioned in Section 4, the probability-based
temporal consistency defines that the probability for each expected activity duration is the same
as the probability consistency state of the workflow process. Therefore, taking the result obtained
through the time-oriented negotiation process for illustration, since the coarse-grained temporal
constraint is 6380 s with a probability consistency state of 81%, according to Formula 2, the fine-
grained temporal constraints for each activity can be obtained instantly. Since Y ;_, w;o; =412,

JYr wie? =217 and Y_!_, 6; =250, the coefficient here is 1—(412—217)/250 which equals

to 0.22. Therefore, for example, the fine-grained upper bound temporal constraint for activity X is
(1054-0.88%4/225x0.22) =108 s and the constraint for activity X1 is (123+40.88%+/64%0.22)=

125s. The detailed results are presented in Table IV.

Copyright © 2011 John Wiley & Sons, Ltd. Concurrency Computat.: Pract. Exper. 2011;23:1893-1919

DOI: 10.1002/cpe



1912 X. LIU ET AL.

Table V. Updating results.

Probability time deficit PTDU(SW), X5)=200

PTDQ for activities on run-time workflow critical path
PTDQ(Xg)=10.4s PTDQ(Xg)=21.6s PTDQ(X19)=6s
PTDQ(X11)=5.5s PTDQ(X12)=10.5s

PTDQ for activities on run-time workflow non-critical path
PTDQ(Xg)=280s PTDQ(X7)=104s
Updated fine-grained temporal constraints

U(Xg)=577s U(X7)=129s U(Xg)=116.6s
U(X9)=271.4s U(X19)=593s U(X11)=660.5s

U(X12)= 114.5s

Now we further illustrate our strategy for run-time updating temporal constraints. Here, assume
that the fixed size for workflow activities is set as 5, then the updating process will be conducted
on X5 and Xo. Here, we first take activity X5 as an example. If the second radar is selected,
i.e. the lower path in the first choice building block is selected, and activity durations for X3,
X4 and X5 are 248, 445 and 600 s, respectively. Here, the effective range for updating temporal
constraints is from X¢ to X2 and the critical path is easily identified as (Xg, X9, X10, X11, X12)
from the results shown in Table IIl. Therefore, at X5, there occurs a probability time deficit
of 200's since PTD(U(SW), X5)=R(a1,as)+ Y rccriricai parh WU (@) —U(SW)=1293 45287 —
6380=200s. Therefore, we will first update the fine-grained temporal constraints for the activities
on the critical path and then update those for the activities on the non-critical path, i.e. (X¢, X7)
in the sequence building block. The updating results are shown in Table V.

Based on Formula 4, it is easy to calculate the probability time deficit quota for each activity
on the critical path. After that, the sum of the probability time deficit quota for the non-critical
path, i.e. (X¢, X7), is directly set the same as its counterpart of the longest path (Xg, X9, X10), i.e.
184 s. Therefore, we can obtain the probability time deficit quota for X¢ and X7 as 80 and 104 s,
respectively. The fine-grained temporal constraints are hence updated according to Formula 6.

Here, in order to verify the effectiveness of the updated fine-grained temporal constraints, we
test the sum of the estimated execution time to check whether it can compensate for the occurring
200s time deficit. Since R(aj,as)=1293s, and the sum of the fine-grained temporal constraints
is equal to Z,’li() w;U(a;)=5087, hence the estimated execution time for the workflow segment

is R(ay, a5)—|—Zili6 w;U(a;)=6380s which is equal to the coarse-grained temporal constraint set
at build-time as shown in Table IV. Therefore, the updated fine-grained temporal constraints can
ensure that the occurring 200 s time deficit can be compensated for by our probability time deficit
propagation process.

Since the probability time redundancy propagation process is symmetrical to the probability
time deficit propagation process as illustrated above, its evaluation is omitted here.

To conclude, the above demonstration of the setting and updating process evidently shows that
our probabilistic strategy is effective for the management of temporal constraints in scientific
workflow systems. It has met the two basic requirements proposed in Section 2: at build-time,
effective negotiation for setting coarse-grained temporal constraints and automatically derive fine-
grained temporal constraints; at run-time, automatically propagate time deficit and time redundancy
for updating local temporal constraints. As regards the overhead of the setting process, the major
overhead is the calculation of weighted joint normal distribution. However, as presented in Section 6,
with the Stochastic Petri Nets-based modelling tool provided in our scientific workflow system, the
weighted joint normal distribution can be obtained on-the-fly with the user’s modelling process.
The four basic building blocks can speed up both the modelling process and the calculation of
weighted joint normal distribution for scientific workflows. After that, the negotiation process for
setting coarse-grained temporal constraints is totally under the control of the stakeholders and the
propagation process for setting fine-grained temporal constraints can be done instantly. As for the
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overhead of the updating process, the major overhead is the calculation of the probability time
deficit/redundancy. However, since all the required information despite the run-time durations of
completed activities such as the activity duration distribution model, the structure weight and the
workflow run-time critical path is either already available or can be easily obtained based on the
build-time setting results, as demonstrated above; with the guarantee of effectiveness, the overhead
of temporal constraint management with our probabilistic strategy is acceptable.

7. SYSTEM IMPLEMENTATION

In this section, we introduce the implementation of the setting strategy in our SwinDeW-G scientific
workflow system.

7.1. SwinDeW-G scientific workflow system

SwinDeW-G (Swinburne Decentralised Workflow for Grid) is a peer-to-peer-based grid workflow
system running on the SwinGrid (Swinburne service Grid) platform [8]. An overall picture of
SwinGrid is depicted in Figure 9 (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 a significant
number of computing units. The primary hosting nodes include the Swinburne CS3 (Centre for
Complex Software Systems and Services) Node, Swinburne ESR (Enterprise Systems Research
laboratory) Node, Swinburne Astrophysics Supercomputer Node and Beihang CROWN (China
R&D environment Over Wide-area Network) Node in China. They are running Linux, GT4 (Globus
Toolkit) or CROWN grid toolkit 2.5, where CROWN is an extension of GT4 with more middleware,
hence compatible with GT4. Besides, the CROWN Node is also connected to some other nodes
such as those in Hong Kong University of Science and Technology and University of Leeds
in U.K. The Swinburne Astrophysics Supercomputer Node is cooperating with PfC (Australian
Platform for Collaboration) and VPAC (Victorian Partnership for Advanced Computing). Currently,
SwinDeW-G is deployed at all primary hosting nodes as exemplified in the bottom of plane
of Figure 9. In SwinDeW-G, a scientific workflow is executed by different peers that may be
distributed at different grid nodes. As shown in Figure 9, 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 Figure 9, we show
a sample of how a scientific workflow can be executed in the simulation environment.
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Figure 9. Overview of SwinDeW-G environment.
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As an important reinforcement for the overall workflow QoS, temporal verification is being
implemented in SwinDeW-G. It currently supports dynamic checkpoint selection and temporal
verification at run-time [26, 27]. After the running of SwinDeW-G for a period of time, statistical
analysis can be applied to accumulated system logs to obtain probability attributes [35,37]. The
probabilistic strategy for setting temporal constraints is being integrated into the scientific workflow
modelling tool which supports Stochastic Petri Nets-based modelling, composition of building
blocks, temporal data analysis, interactive and automatic setting of temporal constraints.

7.2. SwinDeW-G scientific workflow modelling tool

Our probabilistic strategy for temporal constraint management is being implemented into our
SwinDeW-G scientific workflow system as integrated components. Specifically, the setting strategy
is included in the SwinDeW-G modelling tool which is in charge of the modelling and setting
of QoS constraints at workflow build-time, the updating strategy is included in the SwinDeW-G
temporal adjustment tool which is in charge of maintaining temporal correctness at workflow run-
time. As shown in Figure 10(a), the modelling tool adopts Stochastlc Petri Nets with additional

graphic notations, e.g. @ for probability, N for activity duration, “-* for a sub-process, © for

the start point and © for the end point of an upper bound temporal constraint, to support explicit
representation of temporal information. It also supports the composition of four basic building
blocks and user-specified ones.

The modelling tool supports temporal data analysis from workflow system logs. Temporal data
analysis follows the “2¢”° rule and can generate the normal distribution model for each activity
duration. The probability attributes for each workflow structure such as the choice probability and
iteration times can also be obtained through statistical analysis on historic workflow instances from
system logs. After temporal data analysis, the attributes for each activity, i.e. its mean duration,
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Figure 10. SwinDeW-G Constraint Management Tool. (a) Temporal data analysis; (b) setting
temporal constraints; and (c) updating temporal constraints.
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variance, maximum duration, minimum duration and weight are associated with the corresponding
activity and explicitly displayed to the client. Meanwhile, the weighted joint distribution of the
target process is obtained automatically with basic building blocks. As shown in Figure 10(b), with
our probability-based temporal consistency, the client can specify either an upper bound temporal
constraint or a probability consistency state, and afterwards, the system will instantly reply with
the corresponding probability state or the upper bound temporal constraint.

Based on the visualized results shown by a Gaussian curve (the cumulative normal distribution),
the client can decide whether to accept or decline the results. If the client is not satisfied with the
outcomes, he or she can specify a new value for evaluation until a satisfactory result is achieved.
Evidently, the negotiation process between the client and the service provider is implemented
as an interactive process between the system user and our developed program. After setting the
coarse-grained temporal constraints, the fine-grained constraints for each activity are propagated
automatically. These activity duration distribution models, coarse-grained and fine-grained temporal
constraints are explicitly represented in the scientific workflow models and will be further deployed
to facilitate the control of the overall workflow execution time by run-time temporal verification
in scientific workflows. Foe a detailed discussion on how temporal constraints are employed in
scientific workflow temporal verification refer to [27, 28].

At workflow run-time, fine-grained temporal constraints are updated according to run-time
activity durations. As shown in Figure 10(c), based on run-time activity durations and the statis-
tical information obtained at build-time, the run-time workflow critical path (as the execution
path highlighted in the ‘Run-Time Workflow Critical Path’ interface) and the probability time
deficit/redundancy (as shown in the ‘Run-Time Activity Durations’ interface) can be derived
automatically. As a component in the run-time temporal adjustment tool, the probability time
deficit/redundancy propagation process is normally conducted as a background program given the
system-defined frequency (based on either a time deficit/redundancy threshold or a fixed size for
workflow activities as addressed in Section 5.3) in an automatic fashion. Meanwhile, it can also be
conducted as a foreground program to facilitate the decision making of system managers. When
working as a foreground program, temporal constraints will be updated under manual control.
Therefore, in our SwinDeW-G constraint management tool, the run-time fine-grained temporal
constraints can be updated accordingly either in an automatic or manual fashion.

8. RELATED WORK

In this section, we review some related work on temporal constraints in workflow systems. The work
in [30] presents the taxonomy of grid workflow QoS constraints which include five dimensions,
i.e. time, cost, fidelity, reliability and security. Some papers have presented an overview analysis
of scientific workflow QoS [6,42,43]. The work in [10] presents the taxonomy of grid workflow
verification which includes the verification of temporal constraints. In a distributed environment
such as a distributed soft real-time system, a task is usually divided into several subtasks to be
executed in a specific order at different sites. Therefore, the issue of automatically translating
the overall deadline into deadlines for the individual subtasks is investigated in [15]. Generally
speaking, there are two basic ways to assign QoS constraints, one is activity-level assignment
and the other is workflow-level assignment. Since the whole workflow process is composed of all
individual activities, an overall workflow-level constraint can be obtained by the composition of
activity-level constraints. On the contrary, activity-level constraints can also be assigned by the
decomposition of workflow-level constraints [30]. However, different QoS constraints have their
own characteristics and require in-depth research to handle different scenarios.

As shown in our probabilistic strategy, the primary information required for temporal constraint
management includes the workflow process models, statistics of activity durations and the temporal
consistency model. Scientific workflows require the explicit representation of temporal informa-
tion, i.e. activity durations and temporal constraints to facilitate temporal verification. One of the
classical modelling methods is the Stochastic Petri Nets [32,33] which incorporates time and
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probability attributes into workflow processes that can be employed to facilitate scientific workflow
modelling. Activity duration, as one of the basic elements to measure the system performance,
is of significant value to workflow scheduling, performance analysis and temporal verification
[9, 19, 28, 39]. Most work obtains activity durations from workflow system logs and describes
them by a discrete or continuous probability distribution through statistical analysis [32, 29]. As
regard temporal consistency, traditionally, there are only binary states of consistency or incon-
sistency. However, as stated in [26], it argues that the conventional consistency condition is too
restrictive and covers several different states which should be handled differently for the purpose
of cost-effectiveness. Therefore, it divides conventional inconsistency into weak consistency, weak
inconsistency and strong inconsistency and treats them accordingly. However, multiple-state-based
temporal consistency model cannot support quantitative measurement of temporal consistency
states and lacks the ability to support statistical analysis for constraint management. Therefore, in
our preliminary work [29], a probability-based build-time temporal consistency model is presented
to facilitate the setting of temporal constraints. Furthermore, in this paper, its run-time counterpart
is presented to facilitate the updating of temporal constraints.

Temporal constraints are not well emphasized in traditional workflow systems. However, some
business workflow systems accommodate temporal information for the purpose of performance
analysis. For example, Staffware provides the audit trail tool to monitor the execution of individual
instances [14] and the SAP business workflow system employs the workload analysis [44]. As
regards the support of temporal constraints in scientific workflow systems, a survey was conducted
by us based on some of the work reported in [10, 30]. Since workflow modelling is highly related
to the specification of temporal constraints, the survey also concerns the two aspects of the
modelling language and the modelling tool (language-based, graph-based or both) in addition to
the three aspects of whether they support the specification of temporal constraints (the specification
of temporal constraints in workflow models), the management of temporal constraints (i.e. the
setting and updating of temporal constraints) and the temporal verification (the verification of
temporal constraints). As shown in Table VI, among the 10 representative scientific workflow
projects (ASKALON [45], CROWN [46], DAGMan [47], GridBus [48], JOpera [49], Kepler [50],
SwinDeW-G [8], Taverna [51], Triana [52] and UNICORE [53]), most projects are using XML-like
modelling language and support language-based or graph-based modelling tool. Therefore, in the
modelling stage, a temporal constraint can either be inexplicitly specified as an element in the
XML document or explicitly as a graphic component in the workflow template. As regards the
representation of temporal constraints, the management of temporal constraints and the support

Table VI. A survey on the support of temporal constraints.

Temporal Temporal Temporal
Scientific Modelling constraint constraint constraint
workflow systems language Modelling tool specification management verification
ASKAION AGWL Language-based Supported N/A N/A
Graph-based
CROWN GPEL Language-based N/A N/A N/A
DAGMsm DAG Scripts Language-Based Supported N/A N/A
GriclBus KWPL Language-based Supported N/A N/A
Graph-based
JOpera JVCL Language-based Supported N/A N/A
Graph-based
Kepler SDF Graph-based Supported N/A N/A
SwinDeW-G XPDL/BPEL Graph-based Supported Supported Supported
Taverna SCUFL Language-based Supported N/A N/A
Graph-based
T liana WSFL Language-based N/A N/A N/A
Graph-based
UMCORE BPEL Language-based N/A N/A N/A

Copyright © 2011

John Wiley & Sons, Ltd.

Concurrency Computat.: Pract. Exper. 2011;23:1893-1919

DOI: 10.1002/cpe



A PROBABILISTIC STRATEGY FOR TEMPORAL CONSTRAINT MANAGEMENT 1917

of temporal verification which we are most concerned with, only some of the projects such
as ASKALON, DAGMan, GridBus, JOpera, Kepler, Taverna and SwinDeW-G clearly stated in
their published literatures that temporal constraints are supported in their system QoS control
or performance analysis. Yet, to our best knowledge, only SwinDeW-G has set up a series of
strategies such as the probabilistic strategy for temporal constraint management [29] and the
efficient checkpoint selection strategy to support dynamic temporal verification [28]. In summary,
although temporal QoS has been recognized as an important aspect in scientific workflow systems,
the work in this area, e.g. the specification of temporal constraints and the support of temporal
verification, is still in its infancy [10].

9. CONCLUSIONS AND FUTURE WORK

In this paper, we have proposed a probabilistic strategy for temporal constraint management
in scientific workflow systems. A novel probability-based temporal consistency model which is
defined by the weighted joint distribution of activity durations has been provided to support statis-
tical analysis for temporal constraint management. Meanwhile, the weighted joint distribution of
four Stochastic Petri Nets-based basic building blocks, i.e. sequence, iteration, parallelism and
choice, has been presented to facilitate the efficient calculation of the weighted joint distribu-
tion of specific workflows and workflow segments by their compositions. Our temporal constraint
management consists of a negotiation-based probabilistic strategy for setting temporal constraints
at build-time and a probabilistic strategy for updating temporal constraints at run-time. The setting
strategy aims to achieve a set of coarse-grained and fine-grained temporal constraints which
are well balanced between the user requirements and system performance. With the probability-
based temporal consistency, well-balanced overall coarse-grained temporal constraints can be
obtained through either a time-oriented or probability-oriented negotiation process. Thereafter,
fine-grained temporal constraints for each activity can be propagated instantly in an automatic
fashion. The updating strategy is designed to effectively propagate occurring time deficit and time
redundancy to update run-time fine-grained temporal constraints according to run-time activity
durations. For such a purpose, the probability time deficit and the probability time redundancy
are defined in this paper to effectively estimate the occurring time deficit and time redun-
dancy along scientific workflow execution. Afterwards, the probability time deficit/redundancy
propagation process is conducted automatically to update the run-time fine-grained temporal
constraints.

A weather forecast scientific workflow has been first employed as a motivating example and
then revisited as a case study to evaluate the effectiveness of our strategy. The evaluation results
have shown that our strategy is capable of setting a set of coarse-grained and fine-grained temporal
constraints. Meanwhile, the sum of weighted fine-grained temporal constraints is approximately
the same as their coarse-grained temporal constraint, namely the coarse-grained and fine-grained
temporal constraints are consistent with the overall workflow execution time. The evaluation results
have also shown that our strategy can update the run-time fine-grained constraints effectively so that
the occurring probability time deficit can be compensated for and the occurring time redundancy can
be reasonably propagated among subsequent activities. The system implementation of our constraint
management strategy has been demonstrated with the components in our SwinDeW-G scientific
workflow Systems. To the best of our knowledge, this is the first work that has systematically
analyzed and addressed the issue of temporal constraint management (including setting build-time
coarse-grained and fine-grained temporal constraints, and updating run-time fine-grained temporal
constraints) in scientific workflow systems.

In this paper, to simplify the statistical analysis without losing generality, the normal distribution
model has been used to model the workflow activity durations. In the future, other representative
probability distribution models such as uniform exponential will also be employed to represent the
performance of different underlying services. Furthermore, our strategy will be investigated and
modified accordingly to accommodate those more complex scenarios.
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