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Abstract. Temporal workflows are becoming increasingly important in many 
real-world applications. In such workflows, activity durations and times are spec-
ified and it is necessary to ensure both at design time and run time that temporal 
constraints are not violated. However, in real-time workflows, such as in a med-
ical process or emergency situations, some violations are unavoidable.  Hence, a 
more nuanced view of violations should be taken. Here we introduce the notion 
of controlled violations as the ability to monitor a running process and develop 
an approach based on constraint satisfaction to determine the best schedule for 
its completion in a way so as to minimize the total penalty from the violations.  
The violations are evaluated in terms of metrics like number of violations, delay 
in process completion, and penalty of weighted violations. We also relate our 
work to the concept of controllability in literature and show how it can be checked 
using our method. Finally, the expressive power of our approach is discussed.   

1 Introduction 

Many real-world workflows need to run under time constraints. In modeling such time-
aware processes [3,4,10,18,13], the duration of each activity (or task) is provided as a 
range, or just a lower or upper limit. For example in a medical process the duration of 
the patient admission activity is, say, between 10 and 20 minutes.  By associating such 
durations with each activity one can determine expected minimum and maximum times 
for each execution path of the workflow from start to end.  Moreover, deviations from 
the expected times can be monitored, and appropriate messages and alerts can be gen-
erated to draw attention. Another aspect of temporal workflows relates to inter-activity 
constraints that impose restrictions on the elapsed time between one activity and an-
other.    Further they may be specified with reference to the start or finish time of the 
respective activities.  A variety of temporal constraints can be imposed on a workflow 
[11]. While general types of semantic constraints have been studied in literature 
[9,16,17], there is less work on temporal constraints.  

Some examples of such constraints that arise in a medical process (say for a fracture 
treatment) are:  

 A radiologist’s report must be submitted within 24 hours of a CT scan 



 
 

 If surgery is needed it must take place within a week of the radiologist’s report 
 Antibiotics must be taken for 3 days before surgery 
 A blood thinner like Aspirin must be stopped 24 hours before surgery 
 The patient must recover in the hospital for 2 days before being discharged 
 The total time from patient admission to discharge should not exceed 7 days 

A temporal workflow should represent various temporal patterns and relationships 
among activities. Temporal patterns and ways of reasoning with them are discussed in 
[1,2].  To some extent, planning a temporal workflow is like scheduling with concepts 
like early (late) start times and finish times for various activities [6,7].  Another concept 
in the context of temporal workflows is the idea of controllability [4,8,10,15] which 
relates to the flexibility present in a workflow schedule. The work on controllability is 
based on the notion of conditional simple temporal networks [20] which were devel-
oped in the context of planning. A workflow that allows activity durations to fall any-
where within their allowed range and still complete successfully is said to be dynami-
cally controllable. Algorithms for dynamic controllability are discussed in [8,10,15].  

In this paper, we take the view that the prescribed time duration ranges for an activity 
should not be very strict. Some unexpected delays may occur for various reasons at run 
time (e.g. patient admissions is backed up; CT machine has broken down, etc.) and lead 
to violations of constraints.  If a task deviates slightly from its range, it does not mean 
that the workflow is uncontrollable. The natural question to pose then is: how will this 
deviation or violation affect the rest of the workflow? If the effect is small then the 
workflow can continue normally. Our goal in this paper is to develop a model that can 
take into account the possibility of violation of various constraints and explore the 
tradeoffs among the violations.  Thus, if antibiotics medication has to be taken for three 
days before surgery and this will delay the surgery, there is a tradeoff between reducing 
the duration of the medication and delaying the surgery.   

The novel aspect of our work is that we allow for constraints to be violated by intro-
ducing relaxation variables in our model, thus allowing for “graceful degradation.” Our 
approach is based on constraint satisfaction with respect to an objective function. Each 
temporal constraint (both intra-activity and inter-activity) can be expressed as a linear 
equation(s).  By checking if the constraints are consistent one can verify if they will all 
be satisfied.    These variables assume values equal to the amount of violation in a 
constraint to force satisfaction.  At the same time we also associate penalties with each 
violation, e.g. for every time unit of delay in start of surgery beyond the guidelines. 
Finally, these penalties are aggregated and minimized in an objective function.   

There are several contributions of this work. First, we develop a new approach to 
temporal workflow consistency and illustrate it in detail. Second, we introduce the no-
tion of controlled violations of constraints and show how it can be applied in practice 
along with “what-if” analysis.  Third, we relate our work to controllability and show 
how our method can be used to check for controllability. Finally, we argue that this 
approach is complete in terms of expressiveness since it can cover a variety of temporal 
patterns.  

This paper is organized as follows. In section 2 we discuss a basic model for describ-
ing temporal constraints and show how it can be translated into structural and temporal 
constraint equations. Then, in Section 3, we describe how the approach was imple-
mented and tested. Later, Section 4 extends our approach for managing violations of 
constraints and develops a formal optimization model based on penalties. Section 5 



 
 

discusses how our approach can be extended to more complex control flow structures 
involving overlapping and repetitive activities. Finally, Section 6 discusses related 
work, and the last section gives the conclusions and shares some thoughts for future 
work.  

2 Modeling approach 

2.1 A simple temporal model 

To create a temporal model of a process two types of constraint models are combined: 
(1) basic structural constraint model, and (2) temporal constraint model.  The structural 
constraints capture the control flow of the process to coordinate the proper sequence in 
which the tasks occur.  The temporal flow model considers the permitted durations of 
each activity and the minimum or maximum gaps between them.  
Def. 1. A general temporal process model TP can be represented as: 

TP = (T, A, X, E, TI, C) 
Where 
T: set of task nodes, T1, T2, … 
A: set of AND control nodes, A1, A2, … 
X: set of XOR control nodes, X1, X2, … 
E: set of edges among the nodes in {T, A, X} 
TI: set of task duration ranges:{(i, Dimin, Dimax),…} 
C: set of additional inter-task constraints. 

 

Fig. 1.   A basic temporal model with XOR and AND connectors 

Fig. 1 gives an example of a simple temporal model. It shows the control flow, along 
with [min,max] durations of each task and inter-task constraints. It can be expressed as: 
T: {T1, T2, …, T6} 
A: { A1, A2} 
X: { X1, X2, X3, X4} 



 
 

E: {(start, X1), (X1, T1), (X1, T2), (T1, A1), (A1, T3), (A1, T4), (T3, A2), (T4, A2),…} 
TI: {(T1, D1min, D1max), (T2, D2min, D2max), (T3, D3min, D3max), …} 
C: {(T1, T5, S, S, TI1min, TI1max), (T4, T5, S, F, TI2min, TI2max) } 
    Note that while we only consider durations of, and delays between pairs of, activities, 
fixed time activities can also be modeled by setting their relative time with respect to 
the start of a process and converting them into delays with respect to the start activity.  

2.2 A constraint satisfaction approach 

Next we show how to map the above model into a series of constraint equations that 
can be solved using a constraint satisfaction approach. We need to consider two types 
of constraints: structural flow constraints and temporal constraints. The flow con-
straints capture the coordination sequence among tasks, while the temporal constraints 
specify the durations for a task and also the inter-task gaps or delays.  

2.2.1 Structural constraints (SC) 

Structural constraints are represented by structural equations to capture the flow of a 
process. Each node in a process is represented by a binary 0-1 variable.  

Def. 2. Structural constraint representation. SC constraints are represented by struc-
tural balance equations of a process. The equations for sequence, choice and parallel 
patterns are shown in Fig. 2. All processes also have two special tasks or events, “Start” 
and “End.” We add a constraint “Start = 1” to denote that the process is triggered. Also, 
constraint “End = 1” must hold true to indicate proper completion of a process instance.  
 
  Sequence  

 2 1; 

Choice  
 1 1; 1 2 3;  

2 2 3; 4 2 
 

Parallel 
 1 1; 2 1; 	 3 1	

2 2; 4 2	
 

Fig. 2. Structural balance equations for process modeling structures  

Additional structural patterns are described in Table 1.  

2.2.2 Basic temporal constraints (TC) 

The temporal constraints express a variety of temporal relationships. Here we consider 
three types of constraints: flow constraints, task duration constraints and the inter-task 
gap constraints. We will discuss each one separately.   

 

 

 



 
 

Def. 3. Temporal Flow (TF) constraints: These constraints are derived from the edge 
set E.  For every node ni and successive node pair (ni, nj) in E, we add a constraint as: 

TSi  TFi 
TFi  TSj 
where  
TSi: start time of node i relative to the start time of the workflow instance 
TFi: finish time of node i relative to the start time of the workflow instance 

Table 1. Additional structural constraints 

Constraint Meaning  Formal Specification  
mandatory ( ) Task Ti must be executed.  1
prohibited (Ti) Task Ti must not to be executed.  0
coexist (Ti, ) Both or none of Ti and  are exe-

cuted.  
 

choice (T1, T2, …, 
Tn, m)  

Exactly m of T1,T2, …, Tn should 
be executed. 

1 2 ⋯  

exclusion (Ti, ) At most one of Ti or  can be exe-
cuted.  

1 

 
Def. 4. Task duration (TD) constraints: These constraints ensure that the duration of 
an activity i lies between the permitted range [Dimin, Dimax]. They are specified as: 
Dimin	  TFi – TSi  Dimax.  

 
Def. 5. Inter-task (TI) constraints: These constraints ensure that the gap or delay be-
tween the start (end) of an activity pair (i,j) lies between the permitted range [Gij_min, 
Gij_max]. They are specified as: Gij_min	  TFi (TSi) TSj (TFj)  Gij_max 
 
Def. 6. Duration constraints for A and X connectors.  

(i) For X connectors, the duration is XFi – XSi = 0.  
(ii) For A-split connectors also, AFi – ASi = 0.  
(iii)        For A-join connectors, AFj = Max(TFi), ∀TFi s.t. (TFi, AFj) ∈	E. 

 
Next, we define temporal consistency and show that our approach is correct. It is also 
possible to give non-zero times to the X and A connector durations, and our approach 
will not be affected by it.  

Def. 7. Temporal consistency. A temporal process model is temporally consistent if 
for every valid and complete execution path (from start to end) there exists a solution 
that satisfies the duration and inter-task constraints.  

Lemma 1: Combining the SC and TC constraints and solving them leads to a tempo-
rally consistent solution.  

Proof sketch. To argue correctness of our formulation, we note that the SC constraints 
ensure that: (i) a structurally valid set of tasks is selected; and (ii) that it represents a 
complete process instance from start to end (by Def. 2). Moreover, with the TC con-
straints, we define: (i) the durations for all tasks and connectors (by Def. 4, 6); and (ii) 
the finish-start time relationships between task-task, task-connector, connector-task and 



 
 

connector-connector (by Defs. 3 and 5). Since all variables for task and connector 
start/finish times are included in the formulation, all possible paths are evaluated. 
Hence, a solution to this system of equations will be a temporally consistent and struc-
turally correct solution.  If no solution is found, then it implies that one does not exist.  
    This is a weak consistency in that it shows that a schedule exists for the temporal 
workflow for one combination of durations for each activity. It does not show that all 
combinations of durations in the allowed range will lead to a valid solution as in dy-
namic controllability [8]. Moreover, solving this system of equations will give one so-
lution but other solutions can be found by assigning specific values to certain variables.  

2.3 Additional temporal constraints  

Table 2 gives a summary of various kinds of temporal constraints, categorized in three 
groups: basic constraints, overlap constraints and repetition constraints.  The con-
straints 1 and 2 are the basic ones discussed above. Constraints 3-5 are overlap con-
straints. Finally, constraints 6-9 are repetition constraints. This shows that we can also 
represent more complex constraints involving combined durations of activities and 
overlap among activities, as well as express loops and restrict the number of times a 
loop is repeated. All of these constructs have practical applications which will be dis-
cussed later. We will also argue completeness of our approach later too.  

Table 2. Summary of modeling constructs for temporal constraints 

 Constraint Meaning  Formal  
Specification  

B
a
s
i
c 

1.Duration of a task  Duration of a task  is between t1 and t2 tmin  tmax 

2. Minimum (maximum) 
gap between ( , ) 

Specify minimum (maximum) gap be-
tween two tasks 

g (  g) 

 

O
v
e
r
l
a
p 

3. (CO) Combined over-
lap ( , , ,…)  

Duration for which all n tasks are over-
lapping with one another 

Min( , , , …) – 
Max( , , , …) 

4. (CD) Combined dura-
tion ( , , ,…)  

Duration from the start of the first to 
start, to the end of the last to finish (Time 
span) 

Min ( , , , …) – 
Max( , , ,  …) 

5. Pair-wise overlap 
( , , ,…)  

Duration for which at least two or more 
tasks overlap 

 ∑ ) – CD 

R
e
p
e
t
i
t
i
o
n 

6. rt-dependency 

( , , g) 

occurrences o, o+1 of a repeatable task 
should be separated by time gap (g)  

 

7. Alternating ( , )  every occurrence k of ( , ) alternates    

8. Maximum number of 
repetitions of a loop 

Task Ti must not repeat more than r 
times. 

∑  r 

9. Max repetitions in a 
time interval 

No more than two successive occur-
rences must occur within a duration D  

For all k = 1, 2, … 
    



 
 

3 Building and solving the constraint satisfaction model 

Above we presented a general approach for constructing a set of structural and temporal 
constraint equations to describe a temporal process model.  The two sets of constraints 
are combined to obtain a complete model and solved to check for consistency by a 
constraint satisfaction tool such as CPLEX [5].  If a solution is found it means that the 
model is temporally consistent; otherwise, it is not.  

To illustrate our approach, the example in Fig. 3 of a patient suspected of having a 
proximal femoral fracture will be used as a running example.  This figure shows a sim-
plified clinical pathway in BPMN notation. This process model consists of 14 tasks 
coordinated by sequential flows along with choice and parallel structures in BPMN 
notation. Briefly, after a patient is admitted (T1), she undergoes anamnesis and exami-
nation (T2). Depending upon the result of the examination, if the patient is under sus-
picion of having a  proximal femoral fracture, she has to take a CT scan test (T5); oth-
erwise, she is diagnosed further and prepared for therapy (T3), followed by customized 
therapy A (T4). Alternatively, depending on the results of her imaging diagnosis (T6), 
she is either treated with therapy B (T7) or by surgery (T11). If surgery is needed, then 
it must be scheduled (T8), and two prerequisite tasks surgical planning (T9) and admin-
istering pain medication (T10), are carried out. Recovery (T12) follows surgery (T11). 
Finally, the case is documented (T13) and the patient is discharged (T14). 

Fig. 3. A medical process for proximal femur fracture 

The duration for each task is written in square brackets adjacent to it (in time units). 
If a value is blank it does not apply. An inter-task constraint is represented by a dashed 
line connecting the pair of tasks to which it applies. In Fig. 3, there is a constraint be-
tween T1 and T2 that requires that T2 must finish no more than 30 time units after the 
start of T1.  When the dashed line connects the left boundary of a task, it means that 
the constraint applies to its start time, while if it connects the right boundary of a task 
it applies to its finish time.   

Following the general approach described above, the formulation is given in Fig. 4.  
It shows four groups of constraints.  These constraints form a system of equations in 14 



 
 

binary task variables (T1, T2, …) for the presence or absence of the 14 tasks and 14 
start (TS1, TS2, …) and 14 finish time (TF1, TF2, …) floating point variables for the 
14 tasks also. In addition there are corresponding variables for the connector nodes as 
well such as X1, XS1, XF1, …, A1, AS1 AF1, …. All the TD and TI constraints are 
preceded by a condition check to see if the task(s) to which they apply are activated in 
the process path. Otherwise, the conditions would not apply.  

This system of equations can be solved for constraint satisfaction. However, in gen-
eral this problem will have an infinite number of solutions since we are dealing with 
floating point variables for generality.  Hence, we added an objective function to create 
a mixed integer programming formulation (MILP), where the objective is to minimize 
the finish time of the last task 'End'.  

We used the tool CPLEX to solve the formulation. CPLEX is a well-known tool for 
solving such MILP models. It offers several operators such as if-then, min, max, count, 
etc. for representing various constraints.  
  
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

 

 

Fig. 4. A (partial) formulation of a temporal workflow 

3.1 Design time solution  

Fig. 4 shows the (partial) formulation for the process model of Fig. 3.  To create this 
formulation we combine the TF, TD, TI and connector duration constraints (see Def. 
3-6). In addition, we add the objective function.   

We used CPLEX to solve this MILP model and got an objective function value of 
210.  This is a design time solution showing that the problem is feasible. Tasks 1-4, 13-
14 are present in this solution. This corresponds to the path in Fig. 3 where the upper 

Minimize TS['End']    //Minimize end time of process 
s.t. 
//Structural constraints (SC) 
Start. Start = 1; 
End. End = 1; 
SF1. T2 = T1;  
SF2. X1 = T2;  
SF3. T3+T5 = X1;  
SF4. T4=T3; T15=T5; X2 = T15; 
… 
//Temporal flow constraints (TF) 
TF1. TF1  TS1; 
TF2. TS2  TF1; 
TF3. XS1  TF2; 
… 
//Temporal duration constraints (TD) 
TD1. T1 == 1 => TF1 – TS1  5;  
TD2. T1 == 1 => TF1 – TS1	 	10;	
…	
//Temporal inter-task constraints (TI) 
TI1. T1 == 1 && T2 == 1 => TF2 – TS1	 	30; 
TI2. T11 == 1 && T8 == 1 => TS11 – TS8 100; 
TI3. T11 == 1 && T8 == 1 => TS11 – TS8	 140; 
TI4. T11 == 1 && T10 == 1 => TF11 – TS10 250; 
TI5. T11 == 1 && T10 == 1 => TS11 –TF10 20;



 
 

outgoing branch is taken at X1. The solution also shows the start and finish times of 
each activity in this solution.   

Clearly, other outgoing branches could have been taken at X1 and then at X2. To 
find a design time solution that shows whether these paths are feasible and the actual 
solution, we can force the lower outgoing path at X1 by adding a constraint T5 = 1.  
This produced a solution with an objective function value of 465 and included tasks 1-
2, 5-6, and 8-14.  Finally, we tried forcing a solution with the upper outgoing branch at 
X2 by adding T7 = 1.  In this case the objective function value is 255 and it includes 
tasks T1–T2, T5–T7, and T13–T14.  

3.2 Run-time solution  

Above we developed an "ideal," design time solution that can be planned even before 
the process starts running. At run time changes have to be made to the formulation in a 
running process based on its actual progress. So, say we have just completed task T8 
(schedule surgery) and while its scheduled completion time was 45, the actual comple-
tion time was 65 because the scheduling became complicated for various reasons and 
manual intervention was needed.    We wish to find out what constraints if any will be 
violated on account of this delay and how the process will run from here on. Hence, we 
make changes to the formulation in the following steps: 

(i) Add the start and finish times of each task that has been completed. 
(ii) Remove any duration constraints for these tasks as they do not apply any more.  

Next, we solve the formulation again to see if a feasible solution can be found. If so, it 
will give us the new schedule taking into account the runtime delay.  
Run-time scenario 1. Consider the situation where task T8 is delayed. Its normal du-
ration is [10,20], but in this case it has taken 30 time units as shown below:  

TS1= 0; TS1 = 5; TS5=10; TS6=30; TS8= 35;  
TF1=5; TF2=10; TF5=30; TF6= 35; TF8 = 65; 

To analyze the subsequent run-time behavior of this process, we add these constraints 
to our formulation and remove the duration constraints for these tasks (i.e. 1,2,5,6, 8) 
since they are already completed.  Upon solving the new formulation, a new solution 
with a finish time for the process of 485 is found.   When we set TF8 = 75 the finish 
time became 495. However, when we set TF8 = 85, no solution was found.   On further 
inspection it was realized that constraint TI3 (see Fig. 4) was being violated.  
In general, if a design-time solution exists, but a run-time solution is not found then it 
means that the problem has become infeasible on account of either duration or inter-
task constraints.  In this situation it is helpful to know the reason for the violation and 
its extent. For instance we would like to know that a certain constraint C1 is violated 
by X1 time units. To deal with such situations we will introduce the notion of constraint 
violations in the next section. 
Process changes. Our approach can also deal with process changes easily.  If the pro-
cess changes through insertions and deletions of activities, or if activity durations are 
modified, only the link and activity information file needs to reflect these changes and 
then a new formulation can be generated easily with our program. Moreover, it is very 
easy to force certain branches in the process, say, at an X-split connector, by adding a 
constraint like Ti = 1 where Ti is the first task on the desired path.   



 
 

“What-if” analysis. Further, various kinds of what-if analyses can be performed with 
this approach. To find the maximum possible duration of a task (say, T5) without vio-
lating any constraints, we modify the objective function to: Maximize (T5- TS['End']), 
and solve the new MILP.  We can also assign specific duration values to a combination 
of tasks and check if these values still lead to a feasible solution.  

4 Model for temporal constraint violations 

4.1 Relaxation variables 

So far, we assumed that every constraint was strict and could not be violated. The main 
idea for dealing with violations is to introduce relaxation variables for each constraint 
in such a way that if a constraint is violated then the variable takes on a positive non-
zero value, and otherwise it is 0. Thus a duration constraint such as, say, “schedule 
surgery” (T8) with a duration of [10, 20] is expressed as: 

8 	 8 10 

By introducing a constraint variable 8, we may rewrite this constraint as: 

8 	 8 8 10 

Now, CD8 is simply a relaxation variable that assumes a non-negative value. If the 
actual duration of T8 is less than 10, say, the duration is 5, then CD8 = 5. Thus the 
constraint is satisfied and CPLEX can find a solution for the formulation.  CD8 is an 
example of a lower bound relaxation variable. The upper bound constraint in our ex-
ample on the duration of T8 is 20. In this case a similar relaxation variable, say 8′ is 
introduced as follows: 

8 	 8 8′ 20 

Notice that the negative sign before 8  means that the relaxation allows us to sat-
isfy the upper bound constraint by again assuming a positive value. If the duration lies 
between 10 and 20, then 8′ is 0.  

Relaxation for inter-task constraints is modeled in the same way.  Constraint TI2 of 
Fig. 4, for instance, is:  

11 	 8 100 
 
Again, by adding a new relaxation variable, say, 2 we can rewrite this constraint 

as: 

11 	 8 2 100 

The corresponding upper bound constraint TI3 in Fig. 4 is relaxed by another relax-
ation variable 3	as follows: 

11 	 8 3 140 

Run-time Scenario 2. When we revised these constraints by adding the relaxation var-
iables in the ILP formulation, and solved it for the case where TF8=85, we found a 
solution with an objective function value of 505 for TF14.  Moreover, the value for 



 
 

3		was 10 indicating that constraint TI3 was violated by 10 time units due to the delay 
in completion of T8.  
     Relaxation can also be applied to TF and TD constraints if some flow and duration 
requirements are not very strict. In addition, the amount of relaxation can be restricted 
by imposing limits on the amount of violation that is allowed. Thus, we could add a 
constraint like CD10  20 to specify that the maximum lower end relaxation allowed 
in the duration range constraint for pain medication (T10) is 20. Thus, the duration of 
the pain medication can be decreased from 80 to 60, but no more.  

4.2 Controlled violation with penalties 

Our notion of controlling a temporal process subject to violations is that it is not suffi-
cient to simply detect a violation and stop there. It is necessary to explore the effects of 
a violation that has occurred further and suggest corrective action.  In the above exam-
ple for Run-time scenario 2 we noticed that the delay in the surgery scheduling activity 
leads to the violation of constraint TI3 by 10 and also an overall delay of 50 in the 
completion of the process.  Hence, it is necessary to explore further to see if there is 
any corrective action possible to: (1) rectify the violation in constraint TI3 by making 
changes to the succeeding tasks; (2) reduce the delay in completion time of the process.  
It is also useful here to distinguish between strict and violable constraints.  

Run-time Scenario 3. If, say, the constraint TI3 is strict, then we would like to see 
whether there is an alternative solution that would restore TI3 but force changes in 
another constraint. In order to check for this we remove the relaxation variable CI3 for 
the constraint TI3 to make it a strict constraint and add relaxation variables to the re-
maining constraints TI1, TI2, TI4, TI5. In addition we also add the corresponding re-
laxation variables CI1, CI2, CI4 and CI5 to the objective function because we wish to 
minimize the extent of the violation.  Now, we found a solution in which CD10 = 10 
and TF14=495. This means that by reducing the duration of Pain medication (T10) by 
10 time units, we are able to satisfy constraint TI3 and find a solution.  

4.3 Associating Penalties with slack variables 

Above in Run-time scenario 3, we assumed that the objective function was:  

Minimize TS['End'] + ∑  + ∑  

This means we added the violations due to each relaxation variable taking a non-
zero value to the finish time of the process. However, this objective function treats each 
violation equally. In real practice, it is likely that the various constraint violations might 
have a differential impact on the outcome. Hence, in general a different penalty may be 
assessed for the violation of each constraint. Such penalties would be determined by 
the domain experts.  Therefore the revised objective function should be: 

Minimize TS['End'] + ∑ ∗  + ∑ ∗  

Run-time Scenario 4. In our running example, a doctor may feel that violation of con-
straint CI5 is less important than a violation of the other constraints.  Hence, we could 



 
 

assign say a penalty of just 0.5 to CI5 and of 1 to the other constraints.  When we rerun 
the MILP with this change we get a solution in which CI5 = 20.  Now the process 
completion time TF[14] drops to 485.  Clearly, since the penalty for CI5 is smaller the 
optimal solution is one which relaxes this constraint.  
     In general, each constraint may have a different penalty assigned to it based on the 
domain knowledge.  In this way it is possible to evaluate the tradeoffs between different 
constraints and find different solutions at run time.  

5 Further Extensions 

A key feature of our optimization based approach is that a variety of temporal patterns 
can be handled with this method. The various patterns were organized in Table 2 into 
three categories: basic, overlap and repetition. So far the focus of this paper was on the 
basic patterns. Now, we will discuss the other two in some detail. 

5.1 Overlap patterns 

Overlap patterns allow constraints that specify a minimum or maximum amount of 
overlap between two or more activities. Take the example in Fig. 5 that is a variant of 
our running example in Fig. 3. Here we have added a second pain medication (T15) in 
parallel with the first one (T10), but with the additional requirement that two medica-
tions (say, aspirin and marcumar) may be taken together only for 20 time units.  

 

Fig. 5. An example to illustrate the overlap constraint 

To capture this idea, we can write a constraint such as: 

Min(TF10, TF15) – Max(TS10, TS15)  20 

Overlap Scenario 1. We modified the MILP formulation to include this change and 
solved it for design time. CPLEX still gave us a best solution of 465 for the revised 
process.  On further inspection, it was realized that the new task T15 is scheduled in 
such a way that TS10=45; and TS15=105.  Further, TF10=125; and TF15=145.  Since 
there is a gap of 20 between T10 and its successor T11 by inter-task constraint TI5, the 
allowed maximum overlap of 20 between T10 and T15 ensures that the total process 
time does not increase. However, if we increase the overlap between T10 and T15 to 0, 
then the process completion time increases to 485.   



 
 

In general, for n overlapping tasks, the combined period overlap among (when at 
least two or more tasks overlap is given by: 

Min( , ,  , …) – Max( , ,  , …) 

It should also be noted that containment is a special case of overlap. If task i is con-
tained in task j then TSi  TSj; and TFi  TFj.  

5.2 Repetition patterns 

Repetitive patterns also arise frequently and must be handled appropriately. One 
form of this pattern is shown in Fig. 6 in the context of our running example.  

Repetition Scenario 1. In the example of Fig. 6 a CT scan is performed and then eval-
uated. If there was a problem in the scan and the report was not complete, the scan must 
be repeated. However, the repetitions must be separated by an interval of 150.  Moreo-
ver, there cannot be more than three repetitions.  

Fig. 6. Modeling a loop pattern 

Such patterns can be expressed in our framework. In general, the successive incar-
nations of task T5 (and, similarly, of T6) are denoted as T5(1), T5(2), T5(3), …. They take 
on binary values just like other tasks. Now, 1  T5(1) + T5(2) + T5(3)	  3.  Also, the start 
and finish times of these incarnations are related as: TS5(i+1)  TF6(i); and the temporal 
condition between successive iterations of the T5 loop is: TS5(i+1)–TS5(i)   150, i  1. 
Finally, as shown in Fig. 6, T5 itself is a super task that can still relate to other tasks 
through inter-task constraints. Thus, we need additional constraints in our formulation 
to capture the semantics of T5 (and T6) as tasks in themselves: 

T5 ==1 => T5(1) + T5(2) + T5(3)  1 
T5 ==1 => TS5 = Min(TS5(1), TS5(2), TS5(3) 
T5 ==1 => TF5 = Max(TF5(1), TF5(2), TF5(3)) 
 

      Now, T5 (and T6) relate to the other tasks as shown in the Fig. 6. Once these con-
straints are incorporated we can solve the optimization model in the same way as the 
models without loops. The main limitation with our approach in theory is that it requires 
a cap on the number of repetitions. However, in actual practice such a limit always 
exists as in the situation described here.  



 
 

6 Discussion and related work 

The approach presented above is general and extensible. Not only does it apply to struc-
tured processes with AND and XOR connectors, it can also be extended to new types 
of connectors such as inclusive ORs by defining the formal structural balance equations 
for them. It would simply require changing Def. 2. Moreover, this approach applies to 
unstructured processes as well where split and join connectors are not well-nested or 
matched since we treat each connector separately. The MILP problem is NP-complete; 
however, very efficient solution techniques for it are known.  

Although a formal proof is beyond the scope of our current work, yet we can infor-
mally argue completeness of our approach in terms of expressive power as follows. 
With the overlap feature we can describe any reasonable interval of time by combining 
durations of multiple tasks and the delays between them. Further we can write con-
straints across intervals, like "interval 1 is larger than interval 2." Moreover, we can 
handle repetitions. This gives us a powerful capability for modeling temporal con-
straints that covers the space of possibilities from a modeling point of view.  

The first efforts towards developing temporal patterns are due to Allen [1] who de-
veloped a general theory of action and time for reasoning about actions based on tem-
poral logic. He also introduced relationships like before, equal, meets, overlaps, during, 
starts and finishes as a way of relating two or more time intervals, and then reasoning 
about them. However, the work of Allen was not done in the context of workflows. 
Temporal reasoning in the context of workflows is discussed in [1]. By far, the early 
efforts on introducing time into workflow systems were due to Sadiq, et al. [18] and 
Eder, et al. [6,7].  The approach in [6,7] relies on ideas from project planning and crit-
ical path methods to determine various metrics like earliest start date, latest finish date, 
etc. for various activities.  Zhao and Stohr [22] also developed a framework and algo-
rithms for temporal workflow management in the context of a claims handling system 
based on turnaround time prediction, time allocation and task prioritization. They used 
reward functions to guide workers’ behavior.  

Lanz et al. presented several time patterns (TP) that represent temporal constraints 
of time-aware processes [12,13]. These patterns are in four groups: durations and time 
lags; restricting execution times; variability; and recurrent process elements.  Most re-
search however has focused on the first group.  The approach of [12,13] and others 
towards dealing with time-aware processes have relied on the conditional simple tem-
poral networks (CSTN) as a representational technique [20]. These networks allow a 
mapping from time points at which observations are taken to propositional statements 
attached to nodes. These statements are checked for their truth values at the observation 
times and the corresponding actions at the nodes are performed if the statements are 
true. The propositions are Boolean combinations of simple range constraints. Tech-
niques for checking such networks are discussed in the work of Combi et al. [8] where 
they have also extended the CSTN’s to CSTNU’s (CSTNs with uncertainty) which are 
more general CSTNs.  In CSTNUs the uncertainly arises from the fact that some con-
tingent edges become applicable only if a condition is satisfied.  

CSTNs were developed in the context of planning problems and have also been ap-
plied to workflows. Since the main idea is to partition the nodes in a CSTN based on 
the truth values of propositions, they do not always follow a workflow like structure. 
The idea of constraint violation and relaxation that we presented here does not exist in 



 
 

the context of CSTNs.  Moreover, to the best our knowledge, extensions like overlap 
and iteration using special functions like max and min are also not present since they 
restrict the constraints to simple range constraints. 

Another related concept in the context of temporal workflows is that of dynamic 
controllability [10,20,15]. In this view, a temporal workflow consists of contingent 
links whose actual duration is determined by nature within a given range, and agent-
controlled links whose actual value is under the control of and determined by an agent 
at execution time. The actual values of the durations of the contingent links are known 
only at run-time. A CSTN or CSTNU network corresponding to a workflow process is 
dynamically controllable if there exists a viable agent strategy to successfully complete 
the execution of the workflow for all combinations of values of the contingent link 
durations.  Algorithms for ensuring controllability are described in [4, 8,10,20,15].  It 
is not possible to compare our approach directly with dynamic controllability because 
in our formulation there are no contingent links. All our task duration and inter-task 
duration ranges are determined based on, say, medical (or some other kind of) guide-
lines.  However, it would be interesting to explore how our approach can be applied to 
solve the dynamic controllability problem as part of future work.       

Another interesting constraint based approach for modeling clinical pathways is dis-
cussed in [21]. It considers resources and various scheduling patterns with setup costs 
and temporal constraints, but it does not use a process focus and does not provide a 
solution methodology.  

7 Conclusions 

We presented a new approach for temporal process modeling based on constraint sat-
isfaction. It can be used to check temporal consistency at both design and run times.  A 
unique aspect of our approach is that it can allow controlled violation of constraints by 
allowing relaxation of some constraints and associating penalties with the violations.  
It was illustrated with a realistic example of a clinical workflow. However, the approach 
is general. We also showed that it can express a variety of temporal patterns and deal 
with changes in the process.  

Further investigation is needed to compare our approach with the ones based on 
dynamic controllability and CSTN networks. More work is also needed in developing 
methods for associating the right penalties with constraints and optimal ways of recov-
ering from violations. Compensation and substitution based methods may also be used 
for this purpose and costs can be included in the model as well. As an example, in a 
process running late, it may be possible to substitute an expensive procedure or diag-
nostic test that runs faster, say, in two days versus another less expensive one that takes 
four days. There is also need for faster solution techniques for the MILP formulation.   

Finally, activity durations, path choices, violation types, degrees and frequencies, 
and temporal patterns can all be statistically characterized. This would allow for a sto-
chastic approach to managing constraint violations along the lines of the work in [19].  
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