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This article presents a cost sensitive probabilistic contingent planning approach for automated 

semantic web service composition, when the execution of each web service incurs some cost, 

whereas its alternative outcomes along with their probabilities of occurring are known in advance. 

The implemented planner, MAPPPA, produces a contingent plan by integrating alternative 

deterministic plans previously computed in an anytime fashion from a determinized version of the 

original problem.  Importantly, while producing each plan the planner takes into account the 

information that each web service contains in relation to its execution cost and probability of 

alternative outcomes. The article presents new extensive evaluation results regarding the approach, 

based on three web service composition domains.  
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1.   Introduction 

Semantic web services are web services with a formal description of their capabilities, 

utilizing an ontology language, e.g., OWL.1 Given a composite user requirement, an 

atomic web service with the desired functionalities is not usually available; in such cases, 

a combination of several atomic web services may be able to satisfy that user 

requirement. Composite web service descriptions can be defined in semantic description 

languages such as OWL-S2 and WSMO.3 

AI planning is the task of coming up with a partially ordered set of actions that 

achieve a goal. If one considers Web Service Composition (WSC) as the task of finding a 

partially ordered set of atomic web services, so that their aggregate behavior achieves the 

intended goal of the desired composite web service, then the connection between WSC 

and AI planning becomes obvious and existing AI planning techniques can be effectively 

utilized to tackle the automated WSC problem. 

Automating the process of composing semantic web services can lead to great 

reductions in the time and cost required to develop enterprise web-based applications. 

However, since web service descriptions refer to real world web services, their outcomes 

cannot be anticipated in all cases. As such, a non-deterministic planning approach is 

required in order to automate the process of web service composition. This is a difficult 

task, as it has been shown that solving the composition problem of non-deterministic web 

services with complete information is EXP-hard.4 
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In this article, we consider semantic web services at their functionality level, that is, 

web services are defined in regards to preconditions and effects over ontological 

concepts.5 Web services are also allowed to have multiple alternative outcomes, each 

with a probability of occurring attached to it, thus the problem is formulated as a fully 

observable probabilistic (FOP) one. 

The proposed algorithm, MAPPPA, first presented in our previous work,6  is based on 

an anytime contingent planning framework. Initially, the web service domain is modeled 

as a probabilistic planning one. Then, a determinized version of it is produced, while 

retaining the information the original one contains in regard to the probabilities and cost 

of the web services/actions. This problem is solved repeatedly by a deterministic planner 

until either a time limit set by the user is reached, or no more plans can be generated. 

Finally, the deterministic plans are merged in a decision tree, using the initial non-

deterministic actions as its decision nodes. Merging prioritizes the alternative plans 

according to a custom metric that combines cost and probability to achieve the goal. This 

metric is updated each time a plan is selected for merging, by taking into account 

potential common web services between the newly merged plan and the remaining ones, 

under the additional assumption that re-executing the same web service within a short 

period of time will result in the same output. 

This work has been inspired by the winner of the 2004 International Probabilistic 

Planning Competition (IPPC-04)7 FF-Replan,8 as well as by subsequent planning 

approaches that were based on it.9,10 It is specifically targeted for web service 

composition problems and differs from related work in that it takes the probabilities and 

the cost of the original non-deterministic actions into consideration while generating a 

contingent plan. The probability of such a plan being successfully executed 

monotonically increases as more time is allowed for planning and more plans are 

generated and added to it.  

This article advances our work in Ref. 6 by positioning it more accurately within the 

literature, as well as by presenting new evaluation results, concerning both existing and 

new WSC problems. Several improvements are also present in all sections of the article. 

The rest of the article is structured as follows. First, we formulate the problem and 

position our work within the literature, both regarding contingency planning and web 

service composition. Next, we present the MAPPPA framework, which comprises 

determinizing the WSC problem, generating alternative deterministic plans and merging 

them in a contingent one using a custom metric for prioritization. The evaluation section 

presents results from three planning domains, each having two variants. Finally, we 

conclude the article and pose directions for future work. 

2.   Background 

Given a set of semantic web service descriptions in OWL-S format available in a registry, 

an automatic translation of the original WSC problem to an AI planning one is possible. 

Various methods have been proposed for converting OWL-S descriptions to PDDL that 

do not differ significantly to each other; we adopt an approach similar to those in Klusch, 
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Gerber and Schmidt,11 and Kim and Kim.12 Our translation module is based on existing 

source code13 with the necessary extensions to generate of PPDDL14 files instead of 

PDDL ones. 

We view WSC as “planning for service chaining”,15  that is, we only take into account 

semantic web services at their functionality level; this is described in the service profile 

part of OWL-S. In essence, all technical details regarding the actual data structures or 

WSDL schemata used in the web services are ignored, and each atomic web service is 

considered to be executed instantly, with an one shot functionality.  

The semantic web services are characterized by their name, Inputs/Outputs and 

Preconditions/Effects (IOPEs); the web services’ inputs and outputs comprise a set of 

typed objects, the typing of which is in regard to their membership in ontological 

concepts.15, 5 Concepts are defined within relevant ontologies (in our case, in OWL) as 

classes, with possibly complex relationships between them, e.g., each concept can be a 

supertype of or be subsumed by another concept. In this work though, we only consider 

exact matches,16 and plug-in or subsume relationships between ontological concepts are 

not taken into account. We also assume that web services have neither delete effects, nor 

negated preconditions.  

The basic translation process that we follow requires that the OWL-S web services’ 

inputs and preconditions (hasInput and hasPrecondition in OWL-S, respectively) be 

transformed to a PPDDL  action’s preconditions, and the add effects of the action be 

comprised of its outputs and effects (hasOutput and hasEffect in OWL-S, respectively).10 

The OWL-S profile of a web service allows the definition of non-functional properties of 

it; the standard supports the qualitative definition of a web service, within a specified 

rating system of the publisher’s choice. It also supports an unbounded list of service 

parameters that can contain any type of information, e.g., the service’s response time.2 

The current web service repository used to evaluate our approach17 comprises all the 

OWL-S descriptions obtained from the latest version of the OWL-S Service Retrieval 

Test Collection.18 However, the descriptions in this collection do not contain any QoS 

(Quality of Service) information in relation to the services’ reliability, that is, their ability 

to execute their stated purpose for a specified period of time, or cost (of requesting and 

executing the service). For this reason, for now, we assign random costs and probabilities 

to each effect of an action in our evaluation tests.  

The set of ontological concepts that is present as IOPEs for the web services 

constitutes the domain’s predicates. The initial state and the goal of the problem consist 

of a conjunction of literals, i.e., ontological concepts, and the solution of the planning 

process essentially provides a template for execution, having selected the necessary web 

services and their order of execution, without though specifying any interaction pattern 

between them. 

2.1.   Problem formulation 

In this section we introduce the definitions and notation in relation to probabilistic 

planning that we will use in the rest of this article: 
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Definition 1. A probabilistic planning domain is of the form 𝐷 =  (𝑆, 𝐴, 𝛾, 𝑃𝑟, 𝐶𝑜), 

where 𝑆 is a finite set of states, 𝐴 is a finite set of actions, 𝛾 ∶ 𝑆 × 𝐴 →  2𝑆 is the state-

transition function, 𝑃𝑟 ∶ 𝑆 × 𝐴 ×  𝑆 → [0,1] is the probability-transition function and 

𝐶𝑜 ∶ 𝑆 × 𝐴 ×  𝑆 → ℕ is a bounded cost-function. The set of all actions that can be 

applied to state s (in the specific domain 𝐷) is 𝐴𝐷(𝑠) = {𝛼 ∈  𝐴 ∶   𝛾(𝑠, 𝛼)  ≠ }.  

Definition 2. A planning problem is a triple 𝑃 =  (𝑠0, 𝑠𝑔 , 𝐷) where  𝑠0 ∈ 𝑆 is the initial 

state and 𝑠𝑔 ∈ 𝑆 the goal. The definition of the initial state is with respect to closed world 

semantics; moreover, the initial state only contains static propositions whose truth value 

cannot change during the planning process. We consider the problem to be FOP.  

Definition 3. If we define 𝑆𝜋 ⊆ 𝑆 as the set of states to which any action has been 

assigned under policy π, and 𝑆𝜋(𝑠) as the set of reachable states from 𝑠 using 𝜋, solutions 

to FOP planning problems can be (total) policies 𝜋 ∶ 𝑆 → 𝛢, or partial functions from a 

set 𝑆𝜋 to Α, with 𝑠0 ∈ 𝑆𝜋  and 𝑆𝜋 closed under policy 𝜋; then, for 𝑠 ∈  𝑆𝜋, the solution 𝜋 

dictates to apply action 𝜋(𝑠) in state 𝑠.19  

Definition 4. A policy 𝜋 is closed with respect to a state 𝑠 iff 𝑆𝜋(𝑠) ⊆ 𝑆𝜋. If the goal can 

be achieved using 𝜋 from all (𝜋-reachable) states 𝑠′ ∈  𝑆𝜋(𝑠), then 𝜋 is considered proper 

w.r.t. a state 𝑠. Iff 𝜋 is both closed and proper w.r.t. the initial state 𝑠0 then it is deemed a 

valid solution.20  

A policy 𝜋 is acyclic if for all possible executions 𝜏 =  𝑠0𝑠1𝑠2 …  of  𝜋 from 𝑠0, it 

holds that 𝑠𝑖 ≠  𝑠𝑗, for any 𝑖 ≠  𝑗.21 In general, though, solutions to non-deterministic 

problems can be either weak (with a chance of success), strong (guaranteed to achieve the 

goal despite non-determinism), or strong cyclic (guaranteed to achieve the goal with 

iterative trial-and-error strategies).20 Assuming that each outcome of an action a from 

state s has a non-zero probability, then a strong plan reaches the goal with probability 1 

in at most n steps, 𝑛 ≤ |𝑆|, since the execution path of a strong (acyclic) plan cannot 

pass through the same state twice. It should be noted that since strong solutions to a 

planning problem are a subset of the strong cyclic solutions, there are problems in which 

strong solutions do not exist, but strong cyclic ones do.22 

3.   Related Work 

In this section we present related work, both in relation to WSC and the AI planning part. 

3.1.   Web service composition approaches 

Concerning WSC, there is a variety of approaches, with differences in regard to the 

compatibility to specific - standard or proprietary - input languages, the use of semantic 

technologies, the types of problems tackled and their general purpose.5 Those closer to 

the MAPPPA framework are the approaches in da Costa et al.23 and Kuzu and Cicekli.24  

 OWLS-Xplan presented in Ref. 11 is one of the first approaches incorporating a 

translation between OWL-S and PDDL. The result of this translation is given as input to a 

hybrid planner that combines guided local search with graph planning and a simple form 



 Cost-Sensitive Probabilistic Contingent Planning for Web Service Composition 
 

5 

of HTN decomposition. OWLS-Xplan does not take non-determinism into account. On 

the other hand, although in Ref. 24 a translation very similar to that of Ref. 11 and Ref. 

12 is provided, that approach acknowledges the domain’s non-determinism and 

incorporates (a modified version of) an existing PDDL planner, in specific Simplanner25, 

to tackle it through interleaving planning and execution. 

The WSC approach closest to our goals and problem formulation is the one presented 

in Ref. 23. The web services used are described in OWL-S and their IOPEs reference 

OWL concepts. More importantly, the planning algorithm used generates contingent 

plans; specifically, all the different possible (deterministic) paths are outputted, with a 

reordering of the paths so that the shortest ones are executed first.  

The concept of useful web services is introduced, that is, services that generate 

outputs and effects that are part of the goal, or inputs and preconditions of other useful 

web services. For each user output, effect or activity, a vector is created, containing only 

the useful operations that produce it. Then, all the possible paths comprising an element 

of each vector are produced. The use of only the useful web services and not the entire set 

of them allows for a restriction of the search space. Users of the approach are required to 

specify a workflow through its inputs and activities that must be executed before 

planning, in a proprietary high level workflow description language, thereby restricting 

its automatic nature. Moreover, the approach in Ref. 23 does not make use of any QoS 

based cost models, while also not taking into account a service’s probability of failing. 

Thus, all web services are considered equal during the search phase and the plans do not 

differentiate between two services that produce the same results. 

Deng et al. present a QoS-based WSC approach generating the top-k solutions of 

WSC problems through the combination of backtrack search and depth-first search.26 The 

original problem is split into mutually independent smaller ones and transformed into a 

graph search one. Then, in a manner similar to that in Ref. 23, web services are identified 

as either useful or irrelevant and the best k solutions in terms of their response time are 

returned. During the generation of a solution, only the web services with the highest QoS 

are selected in each case, instead of the entire set of candidates. Moreover, during the 

merging process, if a solution subgraph can generate a superset of concepts in 

comparison to other ones, then all the rest are discarded instead of being merged with it. 

Thus, some correct compositions are not generated in exchange for improved efficiency.  

Rodríguez-Mier et al. implemented an optimal and complete backward search 

approach that generates multiple optimal solutions to WSC problems without taking into 

consideration their non-functional properties.27 First, an extended service dependency 

graph representing a suboptimal solution is created dynamically. Each layer of this graph 

contains all the web services that can be executed using the outputs of the ones in the 

previous layer. This solution is then improved by removing services that are not used and 

combining those having equivalent outputs. A backward search based on A*28 generates 

all optimal solutions that have a different number of services and runpath, using their 

distance to the initial state as the heuristic. Finally, the solutions found are optimized so 

that the parallel execution of each is maximized and the number of services in each one is 
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minimized. The approach does not support alternative flow control structures and 

requires a pre-computed table mapping inputs to the web services that cannot be executed 

if they are not present. So, each time the description and/or functionalities of a service are 

modified, the dependency graph has to be partially recomputed, hindering the approach’s 

efficiency. 

A multi-objective optimization approach is presented in Wagner et al., which outputs 

multiple alternative solutions to WSC problems through the use of Hierarchical 

Workflow Graphs.29 The problem is first encoded as a genome and then solved through a 

genetic algorithm, with multiple QoS elements being considered; namely the cost of web 

services, the required time to output a response, and their reliability. As in Ref. 26, 

though, the set of alternative, and in the case of Ref. 29 also non-dominated, solutions is 

only generated so that a single one can be chosen, and the set as a whole is not used to 

tackle non-determinism. Importantly, based on its evaluation, the approach could not 

efficiently compute optimal solutions even for simple, small, problems. Instead, an 

approximation of optimal solutions was generated.29 

Finally, an approach dedicated to non-deterministic WSC utilizing AI planning was 

implemented in Ref. 5 that treats the application of a web service as a belief update 

operation. Two special cases of WSC under uncertainty were identified that are tractable 

and allow for a compilation of the original problem into conformant planning. 

Subsequently, an existing conformant planner is used, namely, Conformant-FF.30 

3.2.   Contingency planning and determinizations of non-deterministic domains 

FF-Replan utilizes the FF31 planner to generate a single plan for a deterministic version of 

the original Markov Decision Process (MDP) problem, and produces a new plan each 

time one of its simulated executions of the current plan results in an unexpected state 

(from that state to the goal state). Ref. 8 introduced two methods of creating a 

“determinized” version of a non-deterministic problem. The first was single-outcome 

determinization, which selects only one probabilistic effect as the outcome of each 

probabilistic action, without taking into account the rest of its effects or any of their 

probabilities. The second one, all-outcomes determinization, creates a new action for 

each of the outcomes of the probabilistic effects in the original non-deterministic action.  

For the non-deterministic planning domain D described in Definition 1, let              

𝐴 =  {𝛼1, 𝛼2, … , 𝛼𝑛}, then for an action 𝛼𝑖 ∈ 𝛢 with 𝑘 different probabilistic outcomes,  

the all-outcomes determinization is the set of deterministic actions                         

𝐷𝑒𝑡𝛼𝑖 =  {𝛼𝑖1, 𝛼𝑖2, … , 𝛼𝑖𝜅} along with a state-transition function �̅� such that for every 

state s, 𝛾(𝑠, 𝛼𝑖) =  �̅�(𝑠, 𝛼𝑖1)  ∪ … ∪  �̅�(𝑠, 𝛼𝑖𝑘);9 the single-outcome determinization for 

action 𝛼𝑖 simply chooses one of the actions in 𝐷𝑒𝑡𝛼𝑖 to replace 𝛼𝑖. 

FF-Replan uses the all-outcomes determinization process, as do NDP9 and the 

planning approach in Ref. 10. NDP is very similar to FF-Replan; in contrast to it, though, 

NDP is sound and/or complete on the condition that the deterministic planner used is 

sound and/or complete accordingly. Moreover, NDP, as well as the approach in Ref. 10 
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that uses NDP as its starting point, generate strong cyclic solutions. FF-Replan on the 

other hand, generates a single weak plan every time it is executed. 

 RFF is a planner that makes use of the single-outcome determinization; it does so in 

order to generate offline policies that provide some guarantees against failing.32 RFF 

generates multiple plans from the initial state(s) to the goal and creates a policy with a 

low probability of causing replanning during execution through the use of Monte-Carlo 

simulation. The probability that a partial policy will fail is computed and in case it is 

sufficiently low, the current one is returned; else, the policy is expanded further. 

If the execution results in a state for which the policy does not specify any actions, 

RFF tries to reach neighbor states of the failure state for which an action has already been 

specified, instead of generating a new plan to the goal. The intuition behind this choice is 

that a neighbor state will probably be closer to reach than the goal, thus requiring less 

planning time. Similarly to FF-Replan, RFF may require replanning; it is also not 

guaranteed to generate optimal solutions, and does not handle dead end states. 

Both the all-outcomes and the single-outcome determinizations, however, ignore the 

probabilities attached to the probabilistic outcomes and allow the planners that utilize 

them to be overly optimistic. That is, planners can simply choose the most convenient 

action, one that achieves the desired effect, regardless of its underlying (true) likelihood.  

An alternative, dynamic determinization process is presented in Yoon et al.;33 this 

approach is a generalization of FF-Replan, which, instead of solving a single 

determinized problem, randomly produces various determinized problems and combines 

their solutions. The value of each state is approximated by sampling these (non-

stationary) problems originating from it, with the selected outcome for each action 

varying with time. The problems are then solved in hindsight and the values of the states 

are combined. Thus, the determinization process is no longer static as in FF-Replan, 

which can be simply considered an optimistic approximation of hindsight optimization. 

An attempt to take the actual outcomes’ probabilities into account is made in Jiménez, 

Coles and Smith;34 the all-outcomes determinization is combined with a translation of 

these probabilities to associated cost values for the new deterministic actions’ outcomes, 

each denoting the risk of it failing. In that way, a metric planner compliant with PDDL is 

able to improve the robustness of the plans, by trying to minimize the sum of the negative 

logarithms of the success probabilities, which in turn minimizes the product of the failure 

probabilities. 

This translation process was used in Ref. 35 for anytime contingency planning; an 

initial deterministic seed plan is generated that is iteratively improved through an analysis 

and repair cycle. The original plan is analyzed to find outcomes that are relatively 

probable and result in dead-ends, and then precautionary actions are added in relation to 

the most problematic outcomes. Recoverable failures, on the other hand, are left as-is in 

the plan and are repaired through replanning at execution time.  

In Dearden et al., a seed plan is constructed initially though the use of a deterministic 

planner, assuming that each action is executed as dictated by its expected behavior.36 

Then, additional (deterministic) branches are generated and added to the existing plan 
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incrementally, so as to improve its expected utility. The best place to insert a branch is 

computed based on the amount of utility gained in the seed plan from adding it at the 

specific place. Since this computation is intractable, an approximation is used instead, 

using Monte Carlo simulations and propagating utility distributions through a graph. This 

process is repeated either until the plan is sufficiently robust, or the process runs out of 

time. Both the MAPPPA approach and the one in Ref. 36 attempt to generate a 

contingent plan with the maximum possible expected utility; however, the methodologies 

used to generate the respective solutions are very different, as are the sources of 

uncertainty, which in Ref. 36 regard continuous quantities, e.g., time. 

4.   Alternative Plan Generation and Merging 

MAPPPA is a cost-sensitive probabilistic anytime contingent planning framework for 

automated web service composition, consisting of three steps: creating a determinized 

version of the domain based on the original probabilistic one; generating multiple 

solutions to the new deterministic problem; and, finally, merging these solutions in a 

single decision tree, which constitutes the contingent plan.  

This approach is not a generic contingency planning one; it is tailor-made for web 

service composition problems and specifically for ones where the web services involved 

do not produce irreversible results. That is, we assume that it is always possible from any 

state in the problem to return to the initial one. This is considered possible through the 

assumption that the actions in the planning domain do not have delete effects or negated 

preconditions.   

Moreover, we assume that once an action has been executed with a specific effect as 

an outcome, then for the rest of the particular branch it cannot be executed again with a 

different outcome. This assumption also holds if the action’s execution produces 

undesired effects, i.e., once an action fails in a particular branch, we assume that it will 

always fail in that branch. This is a realistic assumption in a WSC domain, as a web 

service that produces undesirable effects for some reason, e.g., network failure, is not 

probable to be available again in a very short amount of time. A consequence of this 

assumption is that the contingent plan is allowed to execute each of the actions at most 

once in each of its branches; thus, the solutions do not contain infinite branches or cycles. 

Thus, the output (deterministic) solutions are weak ones; each one can only succeed 

in the case that all the actions in it have the desired effect as their actual outcome. If there 

are 𝑛 actions in branch 𝑃𝑙𝑎𝑛𝑖 =  [𝑎1𝑗1,𝑎2𝑗2, … , 𝑎𝑛𝑗𝑛,], the desired outcome 𝑗𝑘 of each 

having a probability of 𝑝𝑟𝑜𝑏𝛼𝑘𝑗𝑘
 of being the actual one, then each branch has a 

probability 𝑃𝑟𝑜𝑏𝑏𝑟𝑎𝑛𝑐ℎ =  𝑝𝑟𝑜𝑏𝛼1𝑗1
× 𝑝𝑟𝑜𝑏𝛼2𝑗2

× … × 𝑝𝑟𝑜𝑏𝛼𝑛𝑗𝑛
  of being executed 

successfully. 

A motivational real world example of such a problem containing web services is the 

following: Assume a person wants to purchase an item (the problem’s goal) from the web 

using his credit card. We consider the state in which he has available a credit card that 

has not yet been charged and the product has not been purchased to be the problem’s 

initial state. Using an eBay web service, the user searches for the item among various 
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eBay sellers and finds several ones that have the item in stock. In the case that none of 

these sellers offers the item in the desired price or ships it to the user’s address, the user 

can return to the initial state, having an available credit card with the goal of purchasing 

the particular item. He can then choose an alternative action, e.g., using an Amazon web 

service to search for the item in the Amazon web store.  

MAPPPA adopts the all-outcomes determinization process, but in order to produce 

meaningful plans in relation to the outcomes’ probabilities, each deterministic action 

produced from the original domain is associated with an aversion factor. That is, we 

maintain the original probabilities and costs from the probabilistic domain and combine 

them into a single metric that indicates how much the planner should try to avoid using 

this action due to its high probability of failing or its high cost. 

The algorithm does not guarantee to converge to an optimal contingent plan, although 

it is straightforward to see that the probability of the contingent solution being 

successfully executed monotonically increases as each new branch is generated and 

added to it. In the case that all the decision tree branches achieve the goals then the result 

is a strong plan. In the general case, however, the decision tree is a weak plan. 

The planning process can be based on any search algorithm that returns multiple 

deterministic plans to the goal. We used an implementation of the A* algorithm for our 

evaluation. A* has been forced to continue finding solutions after the first one is found, 

whereas it terminates only when either a time limit, or a limit on the number of possible 

solutions has been reached. 

The aversion metric can be integrated into the planning process both as the past path-

cost function of A* during planning, and as a sorting metric of the plans afterwards.  

Since there is obviously a variety of ways to combine the probability of an action to 

produce a specific effect with the cost of its execution, we considered several options, as 

demonstrated in Section 5. When no more plans can be generated, the outputted ones are 

integrated into a decision tree plan, based on the algorithms shown in Fig. 1 and Fig. 2. 

In the decision tree’s generation function 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝐷𝑇 (Fig. 1), the algorithm’s input 

are the determinized plans, with their deterministic actions mapped back to their non-

deterministic counterparts; these plans are sorted by their ascending aversion factors (Fig. 

1, line 1) and the first action of the first plan (based on its order of execution) is added to 

the tree. While there are still plans left in the input set, a new decision tree node is created 

based on the first action of the current plan (lines 4-6). Then for the rest of the actions in 

the current plan, if the current action considered is non-deterministic, a left branch is 

added to the current decision tree node, corresponding to the result of the action’s 

alternative outcome, or its failure; the actual branch is returned as the result of a recursive 

call to 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝐷𝑇 (Fig. 1, line 10). 

Function 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝐷𝑇 

Input A set of plans P 

Output A decision tree containing all the plans 

1.    𝑆𝑜𝑟𝑡(𝑃, 𝑎𝑣𝑒𝑟𝑠𝑖𝑜𝑛_𝑚𝑒𝑡𝑟𝑖𝑐) 

2.    𝑝 = 𝑃 → 𝑓𝑖𝑟𝑠𝑡_𝑝𝑙𝑎𝑛() 

3.    While (𝑝 ≠ null) 
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4.      𝑟𝑜𝑜𝑡 = 𝑛𝑒𝑤 𝐷𝑇𝑁𝑜𝑑𝑒() 

5.      𝑎 = 𝑝 → 𝑓𝑖𝑟𝑠𝑡_𝑎𝑐𝑡𝑖𝑜𝑛() 

6.      𝑟𝑜𝑜𝑡 → 𝑎𝑑𝑑𝐴𝑐𝑡𝑖𝑜𝑛(𝑎) 

7.      𝑛 = 𝑟𝑜𝑜𝑡 

8.       While (𝑎 ≠ 𝑛𝑢𝑙𝑙) 

9.           If  𝑛𝑜𝑛_𝑑𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑖𝑠𝑡𝑖𝑐(𝑎) 

10.  𝑛. 𝑎𝑑𝑑𝐿𝑒𝑓𝑡𝐵𝑟𝑎𝑛𝑐ℎ = 

   𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝐷𝑇 (𝑆𝑜𝑟𝑡(𝑉𝑎𝑙𝑖𝑑𝑃𝑙𝑎𝑛𝑠(𝑃, 𝑛) → 𝑔𝑒𝑡_𝑏𝑟𝑎𝑛𝑐ℎ( ))) 

11.          Endif 

12.          𝑎 =  𝑎 → 𝑛𝑒𝑥𝑡_𝑎𝑐𝑡𝑖𝑜𝑛() 

13.          If  (𝑎 ≠ 𝑛𝑢𝑙𝑙) 

14.  𝑛2 = 𝑛𝑒𝑤 𝐷𝑇𝑁𝑜𝑑𝑒() 

15.  𝑛. 𝑎𝑑𝑑𝑅𝑖𝑔ℎ𝑡𝐵𝑟𝑎𝑛𝑐ℎ =  𝑛2 

16.  𝑛 =  𝑛2 

17.  𝑛 → 𝑎𝑑𝑑𝐴𝑐𝑡𝑖𝑜𝑛(𝑎) 

18.          Endif 

19.      EndWhile 

20.      𝑝 = 𝑝 → 𝑛𝑒𝑥𝑡_𝑝𝑙𝑎𝑛() 

21.    EndWhile 

22.    Return(𝑟𝑜𝑜𝑡) 

Fig. 1. Function 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝐷𝑇 - Generation of the decision tree 

The recursive call’s input is the result of a call to 𝑉𝑎𝑙𝑖𝑑𝑃𝑙𝑎𝑛𝑠 (Fig. 2). 𝑉𝑎𝑙𝑖𝑑𝑃𝑙𝑎𝑛𝑠 is 

called with the set of all plans and the current branch as its inputs. Then, the plans in this 

set that are valid candidates for insertion at this point are computed, and a new simplified 

set of them is returned.  

If a plan in the input set of 𝑉𝑎𝑙𝑖𝑑𝑃𝑙𝑎𝑛𝑠 contains at any point actions that have 

already been executed in its input branch, there are two possibilities: If the action was 

executed having the same outcome as the one dictated by the current plan, then the plan 

will be inserted into this branch without the particular action (Fig. 2, lines 4-5).  

This is the result of our assumption that if an action has been executed with a particular 

result, it will have this result in case of re-execution. Moreover, as there are no delete 

effects or negated preconditions, since the action is considered to have already been 

executed, its output effects still hold and, as such, there is no need for it to be executed 

again. If the plan contains an action that was previously executed in the current branch 

having a different outcome, then the entire plan is not contained in the plan set returned 

by the function for this particular branch (Fig. 2, lines 6-7).  

Since the set of valid plans is not the same as the original one, as some actions have 

been removed from them, their cost and probability of successful execution have also 

been updated. For this reason, the set of plans that is used as an input for the recursive 

call to 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝐷𝑇 is sorted again by their plans’ ascending aversion factors (Fig 1, line 

10), so as to be inserted to the branch in the correct order.  

For any action in the current plan considered, whether deterministic or non-

deterministic, a right branch is created for the current node (Fig 1, lines 14-15) that 

corresponds to the action’s desired outcome in the particular plan, and the next action in 

the plan is added to it (Fig. 1, lines 12 and 17). This procedure is repeated for all the plans 

in the original plan set. 
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The algorithm’s output is a combination of weak solutions; as such, it may produce 

strong contingent solutions, if all possible plans are computed. However, in general, there 

is no guarantee that the resulting contingent plan will be strong. Therefore, for problems 

that only have strong cyclic solutions, the proposed algorithm is not suitable. 

Function 𝑉𝑎𝑙𝑖𝑑𝑃𝑙𝑎𝑛𝑠 

Input A set of plans 𝑃 and a branch 𝐵 

Output A simplified set of plans than can be added to 𝐵 

1.    For (Plan 𝑝 in 𝑃) 

2.        For (action 𝑎 in 𝑝) 

3.         If (𝑎 ∈ 𝐵) 

4.       If(𝑟𝑒𝑠𝑢𝑙𝑡(𝑎) ∈ 𝑝 ≡ 𝑟𝑒𝑠𝑢𝑙𝑡(𝑎) ∈ 𝐵) 

5.   𝑝 = 𝑝 − {𝑎} 

6.       Else 

7.   𝑃 = 𝑃 − {𝑝}; 𝑏𝑟𝑒𝑎𝑘 

8.        Endif 

9.         Endif 

10.      Endfor 

11.    Endfor 

12.    Return P 

Fig. 2. Function 𝑉𝑎𝑙𝑖𝑑𝑃𝑙𝑎𝑛𝑠 - Insertion of valid plans in the decision tree 

4.1.   Contingent plan example 

An example of the contingent planning procedure we propose for a simple domain is 

shown in Fig. 3. Fig. 3a-3e present the generation of the plans. The problem consists of a 

(single) initial state 𝑠0 and the goal state 𝐺 (each state is represented by a circle). Actions 

𝑎2 and 𝑎7 are deterministic (denoted by a straight line), while the rest of the actions are 

probabilistic (denoted by a dotted line); for each probabilistic action 𝑎𝑖, 𝑖 ∈ {1,3,5}, its 

(single) effect is achieved with a probability 𝑝𝑟𝑜𝑏𝛼𝑖
= 0.8, ∀𝑖 ∈   {1,3,5}, and with a 

probability of 1 − 𝑝𝑟𝑜𝑏𝛼𝑖
= 0.2, it  fails and no effect is achieved (the current state does 

not change).  Actions 𝑎4 and 𝑎6 have two different effects, each having a different 

probability of being produced when executing the related action, with 𝑝𝑟𝑜𝑏𝛼41
= 0.9, 

prob𝛼42
= 0.1  and 𝑝𝑟𝑜𝑏𝛼61

= 0.8, 𝑝𝑟𝑜𝑏𝛼62
= 0.2 .  

The cost associated with each action is shown opposite it, e.g., 𝑐𝑜𝑠𝑡𝛼11
= 4, 𝑐𝑜𝑠𝑡𝛼7

= 2. 

For the example in Fig. 3, we use as an aversion metric, 𝑔 =  ∑ 𝑐𝑜𝑠𝑡𝑎𝑖𝑗
+ ∑

1

𝑝𝑟𝑜𝑏𝛼𝑖𝑗
+1

, 

where 𝑎𝑖𝑗  is a plan’s action and 𝑗 is a specific outcome with probability of occurrence 

𝑝𝑟𝑜𝑏𝛼𝑖𝑗
 and incurred cost 𝑐𝑜𝑠𝑡𝑎𝑖𝑗

 As all aversion metrics, 𝑔 increases as more actions 

with high cost and low probability of occurrence are inserted into the plan. 

After the all-outcomes determinization process, the actions available to the 

deterministic planner are 𝑎11, 𝑎12, 𝑎2, 𝑎31, 𝑎32, 𝑎41, 𝑎42, 𝑎51, 𝑎52, 𝑎61, 𝑎62 and 𝑎7. Of 

these, 𝑎12
, 𝑎32, and 𝑎52 are discarded as they do not produce any effect, whereas 𝑎2 and 

𝑎7 remain as-is, since they were already deterministic. The planner can generate all the 

solutions to the problems, which in order of increasing aversion metric value, are denoted 

with 𝑃𝑙𝑎𝑛1 through 𝑃𝑙𝑎𝑛6.  𝑃𝑙𝑎𝑛1  =  [𝑎11], is shown in Fig. 3a, consisting of a single 
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action that leads directly to the goal state 𝐺. 𝑃𝑙𝑎𝑛2  =  [𝑎2,𝑎31] has the same probability 

of reaching the goal (𝑝𝑟𝑜𝑏𝑃𝑙𝑎𝑛1
= 0.8, 𝑝𝑟𝑜𝑏𝑃𝑙𝑎𝑛2

= 1 ∗ 0.8 = 0.8), but its cost is 

greater, thus leading to a larger aversion metric; 𝑔𝑃𝑙𝑎𝑛1
= 4 +

1

0.8+1
=  4.55, whereas 

𝑔𝑃𝑙𝑎𝑛2
= (2 +

1

1+1
) + (3 +

1

0.8+1
)  =  6.05. The rest of the plans along with their 

aversion metrics are   𝑃𝑙𝑎𝑛3  =  [𝑎41, 𝑎51, 𝑎61, 𝑎7] (Fig. 3, 𝑔𝑃𝑙𝑎𝑛3
= 13.13), 𝑃𝑙𝑎𝑛4  =

[𝑎42, 𝑎61, 𝑎7]  (Fig. 3d, 𝑔𝑃𝑙𝑎𝑛 4
= 17.96), 𝑃𝑙𝑎𝑛5  =  [𝑎41, 𝑎51, 𝑎62]  and 𝑃𝑙𝑎𝑛6  =

 [𝑎42, 𝑎62] (both shown in Fig. 3e, 𝑔𝑃𝑙𝑎𝑛5
= 19.91, 𝑔𝑃𝑙𝑎𝑛6

= 24.74).  

Fig. 3f presents the form of the contingent solution; Circular nodes are chance nodes 

that lead to alternatives over which the planner has no control, i.e., they denote non-

deterministic actions, with the ones that can potentially lead to the goal being depicted in 

grey. Triangular nodes are end nodes; either goal ones (“𝐺”), or dead-end (“𝐷”) ones. 

The edges depict the actual executed outcome of the action. Having sorted the plans by 

their aversion factors, 𝑃𝑙𝑎𝑛1 is inserted first into the decision tree. The successful 

execution of  𝑎1 is added as the first right branch in the tree. The left branch of  𝑎1 

corresponds to its failure, and requires the computation of the possible plans for insertion. 

Since no other plan contains 𝑎1, all plans except 𝑃𝑙𝑎𝑛1 can be inserted; moreover 

they all retain their aversion metric value. 𝑃𝑙𝑎𝑛2 is added; since 𝑎2 is deterministic, it 

leads to 𝑎3, where the previous procedure is followed again. Following the insertion of 𝑎4 

and its outcome 𝑎42, 𝑃𝑙𝑎𝑛1, 𝑃𝑙𝑎𝑛2, 𝑃𝑙𝑎𝑛3 and 𝑃𝑙𝑎𝑛5 are rejected, as they contain 

outcomes 𝑎11, 𝑎31,𝑎41 and 𝑎41 respectively, which correspond to actions that have 

already been executed with different results. 𝑃𝑙𝑎𝑛4 and 𝑃𝑙𝑎𝑛6 are valid, and since 𝑎42 is 

now considered to have happened, only their remaining portions need to be added, i.e., 

[𝑎61, 𝑎7]  and  [𝑎62] respectively. As such, their probabilities and cost have changed to 

𝑔𝑃𝑙𝑎𝑛4
= 7.05  and 𝑔𝑃𝑙𝑎𝑛6

= 20.83 and 𝑃𝑙𝑎𝑛6 is chosen as the right branch of the tree. 

After the execution of the left branch at that point (𝑎62), only 𝑃𝑙𝑎𝑛4 is valid, and as it 

contains no more actions, we reach a goal state. 

 

 

 

 

 

 

 

 

Fig. 3.     (a-e) Solution steps. (f) Solution plan 
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5.   Evaluation 

In order to test the efficiency of MAPPPA we empirically evaluated the system using three 

domains; the first is the one presented in Section 4.1, namely 𝐷𝑜𝑚1. The second domain, 

𝐷𝑜𝑚2, is a modified version of the evaluation domain from Ref. 13; the problem 

describes a user that desires to purchase a book through an electronic bookstore. He 

knows the book title and its author, and can provide his credit card information, and 

shipping address. The results of the output composite web service should be the book’s 

purchase, as well as shipping dates and customs cost for it.  

In addition to the aforementioned domains taken from the literature, we created and 

present here for the first time a third, more complex domain, namely 𝐷𝑜𝑚3, which  

describes a situation in which a U.S. traveler who is on a business trip is required to visit 

two locations at difference cities of a European country. He has to travel to both locations 

within the same day by car, knowing only their respective addresses; his goal is to obtain 

driving directions that include both the locations, as well as a visit to an ATM so that he 

has some cash for the trip. Moreover, he desires to know the local time of sunrise and 

sunset for the day he will be traveling so that he can adjust his trip accordingly for as long 

as there is sunlight. Finally, he would like to know whether there are any traffic related 

incidents along his route in order to avoid delays to his appointments, as well as the total 

distance he has to cover in kilometers.  

We created a probabilistic version of each domain, with costs attached to the web 

services that comprise it, and a subset of the web services being deterministic. Moreover, 

we added alternative web services achieving the same results as the existing ones, with 

different probabilities and/or costs, as well as different preconditions, in order to facilitate 

the generation of alternative plansa. All the original web services are part of version 4.0 

of the OWL-S Service Retrieval Test Collection. 

All domains have two versions, one with uniform costs for the web services 

(𝐷𝑜𝑚𝑥
𝑢𝑛𝑖), and one with variant costs (𝐷𝑜𝑚𝑥

𝑣𝑎𝑟). The services’ costs in each one start 

from 1 and are taken from an exponential probability density function, that is, (𝑥) =

𝑒−(𝑥−1) , for 𝑥 ≥ 1. The three domains are in increasing order of difficulty, with 𝐷𝑜𝑚1 

containing 7 web services, 𝐷𝑜𝑚2 containing 23 web services and 𝐷𝑜𝑚3 containing 44 

web services. The experiments were run on a PC using a Dual-Core Intel i5 processor 

running at 1.6GHz, allowing at most 8 GB memory.  

We examined different setup options for the evaluation; A* was the employed search 

algorithm, for which we tested various combinations of the path-cost function as well as 

of the heuristic estimates, one variation of which corresponds to Breadth First Search 

(BFS).  

In regard to the heuristic estimates for A*, we investigated four different ones. The 

first being the max heuristic (ℎ𝑚𝑎𝑥) and the second being the additive heuristic (ℎ𝑎𝑑𝑑).37 

Due to the complex way in which the aversion metric is defined, ℎ𝑚𝑎𝑥  is not admissible 

 
a The created  planning domains and problems, as well the web services used are available at  

http://ai.uom.gr/gmarkou/Files/IJAITMappaDomains/ 

http://ai.uom.gr/gmarkou/Files/IJAITMappaDomains/
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in all of our settings. We also used two simplistic heuristics, ℎ = 0 and ℎ𝑠𝑖𝑚. ℎ𝑠𝑖𝑚 was 

calculated in a slightly different manner than in Ref. 6; here, ℎ𝑠𝑖𝑚  is equal to the 

percentage of achieved goals so far,  i.e., ℎ𝑠𝑖𝑚𝑖
=

𝑝𝑟𝑒𝑑𝑖𝑐𝑎𝑡𝑒𝑠 ∈ 𝑠𝑔− 𝑝𝑟𝑒𝑑𝑖𝑐𝑎𝑡𝑒𝑠 ∈ 𝑠𝑖

𝑝𝑟𝑒𝑑𝑖𝑐𝑎𝑡𝑒𝑠 ∈ 𝑠𝑔
,               

 0 ≤ ℎ𝑠𝑖𝑚𝑖
≤ 1. 

We considered four different path-cost functions / aversion metrics for A*:  

(i) 𝑔𝑎 =  ∑ (𝑐𝑜𝑠𝑡𝑎𝑖𝑗
) + ∑

1

probαij
+1

, 

(ii) gb =  ∑
𝑐𝑜𝑠𝑡𝑎𝑖𝑗

𝑝𝑟𝑜𝑏𝑎𝑖𝑗
+1

, 

(iii) 𝑔𝑐 =  ∏
𝑐𝑜𝑠𝑡𝑎𝑖𝑗

𝑝𝑟𝑜𝑏𝑎𝑖𝑗
+1

, 

(iv) 𝑔𝑑 = ∑ 𝑐𝑜𝑠𝑡𝑎𝑖𝑗
− ∏ 𝑝𝑟𝑜𝑏𝑎𝑖𝑗

. 

The experiments’ results for 𝐷𝑜𝑚1, 𝐷𝑜𝑚2 and 𝐷𝑜𝑚3 are shown in Tables 1, 2, 3, 

respectively. In all cases we refer to the domain instead of the problem, as the initial 

states/goals of the problems do not change; the differences between the two versions of 

each specific domain lie in their definition of costs. The tables show the required time in 

milliseconds, the number of unique solutions generated and the amount of states that 

were expanded during the process. The best results in terms of producing the most 

solutions, expanding the least amount of states and requiring the least amount of time are 

shown in bold. 

Compared to our previous results from Ref. 6, besides the variation in the 

computation of ℎ𝑠𝑖𝑚 and the insertion of the new third domain, we made various 

optimizations in the implementation of the search algorithm. Importantly, in our previous 

work we tried to generate all possible solutions for the problems at hand. Since in the case 

of 𝐷𝑜𝑚3 the number of possible solutions is extremely high and it was inefficient to 

compute the entire set, we modified the algorithm so as to generate a subset of them. So, 

MAPPPA now generates a fixed total number of solutions backwards from the goals and 

then prunes those solutions that are subsumed by others. The solutions returned in each 

run of the planner are not the same, as the plans that are generated backwards from the 

goals are selected stochastically. For this reason, the reported time and number of 

solutions in each case represent the median of 100 runs.  

In the simplest domain, 𝐷𝑜𝑚1, all combinations output the same number of unique 

solutions. Multiple combinations of path cost functions and heuristic provide similarly 

good results; ℎ = 0 along with 𝑔𝑐 or 𝑔𝑑, and ℎ𝑠𝑖𝑚 in conjunction with 𝑔𝑎 or  𝑔𝑐  generate 

the best results in 𝐷𝑜𝑚1
𝑢𝑛𝑖, and the combination of 𝑔𝑏 with ℎ𝑠𝑖𝑚 is the best in 𝐷𝑜𝑚1

𝑣𝑎𝑟 .  

Additionally, when 𝑔 = |𝑎| is used, the number of states expanded is always the least 

in both versions of 𝐷𝑜𝑚1. In the case of 𝐷𝑜𝑚1
𝑣𝑎𝑟 , only the use of 𝑔 = |𝑎| and the 

combination of 𝑔𝑑/ℎ𝑎𝑑𝑑  achieve this result, whereas in 𝐷𝑜𝑚1
𝑢𝑛𝑖, other path cost function 

- heuristic combinations also expand the least amount of states, but not in all cases.  
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Table 1.  Evaluation results – 𝐷𝑜𝑚1. 

 𝑫𝒐𝒎𝟏
𝒖𝒏𝒊 𝑫𝒐𝒎𝟏

𝒗𝒂𝒓 
Path-

cost/Heuristic 
Time Expanded Solutions Time Expanded Solutions 

𝑔 = |𝑎| / ℎ =0  1.0 9 6 3.2 9 6 

𝑔 = |𝑎| /ℎ𝑎𝑑𝑑 6.2 9 6 9.0 9 6 

𝑔 = |𝑎| /ℎ𝑚𝑎𝑥 9.4 9 6 15.4 9 6 

𝑔 = |𝑎| /ℎ𝑠𝑖𝑚 3.2 9 6 6.4 9 6 

𝑔
𝑎
/ℎ =0 1.2 10 6 3.0 10 6 

𝑔
𝑏
/ℎ =0 3.2 9 6 6.2 10 6 

𝑔
𝑐
/ℎ =0 0.6 10 6 3.2 10 6 

𝑔
𝑑
/ℎ =0 0.4 9 6 3.1 10 6 

𝑔
𝑎
/ℎ𝑎𝑑𝑑  25.0 10 6 30.4 10 6 

𝑔
𝑏
/ℎ𝑎𝑑𝑑  28.2 9 6 23.8 10 6 

𝑔
𝑐
/ℎ𝑎𝑑𝑑  30.1 10 6 30.0 10 6 

𝑔
𝑑
/ℎ𝑎𝑑𝑑  29.6 9 6 25.4 9 6 

𝑔
𝑎
/ℎ𝑚𝑎𝑥  29.2 10 6 25.8 10 6 

𝑔
𝑏
/ℎ𝑚𝑎𝑥  27.2 9 6 24.8 10 6 

𝑔
𝑐
/ℎ𝑚𝑎𝑥  28.0 10 6 22.2 10 6 

𝑔
𝑑
/ℎ𝑚𝑎𝑥  22.1 9 6 28.2 10 6 

𝑔
𝑎
/ℎ𝑠𝑖𝑚  0.4 10 6 6.2 10 6 

𝑔
𝑏
/ℎ𝑠𝑖𝑚  3.8 9 6 0.6 10 6 

𝑔
𝑐
/ℎ𝑠𝑖𝑚 0.8 10 6 3.8 10 6 

𝑔
𝑑
/ℎ𝑠𝑖𝑚 3.0 9 6 3.6 10 6 

Similar results are encountered in both 𝐷𝑜𝑚2
𝑢𝑛𝑖  and 𝐷𝑜𝑚2

𝑣𝑎𝑟 . In both versions of the 

domain, if 𝑔 = |𝑎| is used in combination with any heuristic, the number of states 

expanded is always the least (83). In contrast to 𝐷𝑜𝑚1, though, using 𝑔 = |𝑎| in 

combination with an appropriate heuristic does not necessarily lead to the best overall 

results. Although its use also results in the least amount of time required, with               

𝑔 = |𝑎| / ℎ = 0 being the best combination overall in 𝐷𝑜𝑚2
𝑢𝑛𝑖  and 𝑔 = |𝑎| /ℎ𝑠𝑖𝑚 in 

𝐷𝑜𝑚2
𝑣𝑎𝑟 , other path cost – heuristic combinations lead to more solutions being generated. 

In specific, in 𝐷𝑜𝑚2
𝑢𝑛𝑖 , the implementation using 𝑔𝑐/ℎ =0 outputs 2.5 more solutions on 

average than 𝑔 = |𝑎| / ℎ = 0, an increase of 13.66%. In 𝐷𝑜𝑚2
𝑣𝑎𝑟, using  

𝑔𝑎/ℎ𝑎𝑑𝑑  produces on average 1.5 more solutions than 𝑔 = |𝑎| /ℎ𝑠𝑖𝑚, an increase of 

8.47%. Their use, however, requires 29.31% and 165.7% more time, accordingly.  

It is also noteworthy that although using ℎ = 0 and ℎ𝑠𝑖𝑚 produces a larger set of 

unique solutions in 𝐷𝑜𝑚2
𝑢𝑛𝑖 , this result does not also hold in 𝐷𝑜𝑚2

𝑣𝑎𝑟 . Using ℎ𝑎𝑑𝑑  and 

ℎ𝑚𝑎𝑥  consistently leads to similar results in terms of the produced solutions, but is also 

consistently inefficient in terms of time and expanded nodes required.  
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Table 2.  Evaluation results – 𝐷𝑜𝑚2. 

 𝑫𝒐𝒎𝟐
𝒖𝒏𝒊 𝑫𝒐𝒎𝟐

𝒗𝒂𝒓 
Path-

cost/Heuristic 
Time Expanded Solutions Time Expanded Solutions 

𝑔 = |𝑎| / ℎ =0  161.7 83 18.3 177.8 83 17.7 

𝑔 = |𝑎| /ℎ𝑎𝑑𝑑 187.2 83 17.9 198.1 83 17.9 

𝑔 = |𝑎| /ℎ𝑚𝑎𝑥 199.6 83 18.1 193.3 83 18.1 

𝑔 = |𝑎| /ℎ𝑠𝑖𝑚 181.0 83 19.4 144.9 83 17.7 

𝑔
𝑎
/ℎ =0 207.4 106 20.1 193.3 104 15.5 

𝑔
𝑏
/ℎ =0 206.2 102 19.8 187.2 93 16.5 

𝑔
𝑐
/ℎ =0 209.1 107 20.8 206.0 110 15.9 

𝑔
𝑑
/ℎ =0 210.5 104 19.9 189.3 97 15.3 

𝑔
𝑎
/ℎ𝑎𝑑𝑑  375.4 101 19.1 385.0 98 19.2 

𝑔
𝑏
/ℎ𝑎𝑑𝑑  381.6 100 17.6 349.6 99 17.8 

𝑔
𝑐
/ℎ𝑎𝑑𝑑  342.2 101 18.2 390.4 112 18.6 

𝑔
𝑑
/ℎ𝑎𝑑𝑑  413.6 101 18.4 379.2 102 17.0 

𝑔
𝑎
/ℎ𝑚𝑎𝑥  416.8 104 16.4 377.4 101 19.0 

𝑔
𝑏
/ℎ𝑚𝑎𝑥  413.6 103 18.1 374.4 101 18.6 

𝑔
𝑐
/ℎ𝑚𝑎𝑥  381.4 104 18.8 405.6 119 18.0 

𝑔
𝑑
/ℎ𝑚𝑎𝑥  385.2 103 18.4 366.8 101 18.6 

𝑔
𝑎
/ℎ𝑠𝑖𝑚  204.5 106 19.2 206.0 104 16.2 

𝑔
𝑏
/ℎ𝑠𝑖𝑚  209.0 102 19.7 195.2 93 15.9 

𝑔
𝑐
/ℎ𝑠𝑖𝑚  184.2 107 20.1 204.3 110 16.2 

𝑔
𝑑
/ℎ𝑠𝑖𝑚 218.6 104 19.7 182.4 97 16.5 

Finally, the experimental results concerning 𝐷𝑜𝑚3 are consistent with the ones 

related to the computationally easier problems. In specific, in both versions of the domain 

using 𝑔 = |𝑎| / ℎ = 0 expands the least amount of states (1186) and requires the least 

amount of time. However, other path cost function and heuristic combinations manage to 

either generate more solutions on average, or expand the same amount of states. In 

𝐷𝑜𝑚3
𝑢𝑛𝑖 , 𝑔𝑎/ℎ𝑠𝑖𝑚 has a very similar performance to 𝑔 = |𝑎| / ℎ = 0, generating 6.46% 

more solutions, while requiring 7.34% more time. The use of 𝑔𝑐/ℎ =0 results in the 1186 

states being expanded, while generating 1.3 more solutions, while 𝑔𝑐/ℎ𝑠𝑖𝑚  also expands 

1186 states, but outputs 1.6 less solutions on average than 𝑔 = |𝑎| / ℎ = 0. Finally, using 

𝑔𝑐/ℎ = 0 requires 4.75% more time, but produces 6.46% more solutions. 

In both version of 𝐷𝑜𝑚3, the use of ℎ𝑎𝑑𝑑  results in the generation of the most unique 

solutions (on average).  In 𝐷𝑜𝑚3
𝑢𝑛𝑖, 𝑔𝑎/ℎ𝑎𝑑𝑑   outputs 22.8 solutions, an increase of 

13.43% over 𝑔 = |𝑎| / ℎ = 0; in 𝐷𝑜𝑚3
𝑣𝑎𝑟 , 𝑔𝑐/ℎ𝑎𝑑𝑑 manages to outperform 𝑔 = |𝑎| / ℎ =

0 by generating 11.73% more solutions. However, as in 𝐷𝑜𝑚1 and 𝐷𝑜𝑚2, using ℎ𝑎𝑑𝑑  or 

ℎ𝑚𝑎𝑥  results in a considerable increase in time. 

In general, the experimental evaluation showed that our approach is promising. The 

planner is able to produce multiple unique solutions to the problems at hand, even when 

the problem is computationally hard and its search space is large. We experimented with 

problems containing almost double the number of web services than in previous work, and 
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even in this case, the planner managed to produce more than 20 different plans in under 

2.3 seconds.  

Table 3.  Evaluation results – 𝐷𝑜𝑚3. 

 𝑫𝒐𝒎𝟑
𝒖𝒏𝒊 𝑫𝒐𝒎𝟑

𝒗𝒂𝒓 
Path-

cost/Heuristic 
Time Expanded Solutions Time Expanded Solutions 

𝑔 = |𝑎| / ℎ =0  2279.3 1186 20.1 2401.2 1186 21.3 

𝑔 = |𝑎| /ℎ𝑎𝑑𝑑 5488.4 1186 19.9 5388 1186 21.0 

𝑔 = |𝑎| /ℎ𝑚𝑎𝑥 5368.0 1186 20.0 5408.5 1186 21.0 

𝑔 = |𝑎| /ℎ𝑠𝑖𝑚 2388.2 1186 19.5 2405.3 1186 18.6 

𝑔
𝑎
/ℎ =0 2422.1 1455 18.1 2452.0 1577 21.1 

𝑔
𝑏
/ℎ =0 2435.0 1455 20.7 2449.9 1512 18.2 

𝑔
𝑐
/ℎ =0 2387.7 1186 21.4 2479.7 1511 17.3 

𝑔
𝑑
/ℎ =0 2433.1 1455 19.7 2527.9 1660 18.0 

𝑔
𝑎
/ℎ𝑎𝑑𝑑  62260.6 2323 22.8 65129.8 2419 19.0 

𝑔
𝑏
/ℎ𝑎𝑑𝑑  62616.2 2337 18.4 65433.2 2275 17.8 

𝑔
𝑐
/ℎ𝑎𝑑𝑑  64290.8 2238 17.4 64362.8 2370 23.8 

𝑔
𝑑
/ℎ𝑎𝑑𝑑  62656.2 2335 14.8 68249.1 2455 16.4 

𝑔
𝑎
/ℎ𝑚𝑎𝑥  40933.4 1610 16.1 43533.4 1752 16.4 

𝑔
𝑏
/ℎ𝑚𝑎𝑥  43978.0 1692 19.2 44705.7 1713 20.1 

𝑔
𝑐
/ℎ𝑚𝑎𝑥  39267.4 1464 19.0 44681.1 1711 19.0 

𝑔
𝑑
/ℎ𝑚𝑎𝑥  42028.2 1598 20.9 51468.2 1924 14.3 

𝑔
𝑎
/ℎ𝑠𝑖𝑚  2446.7 1455 21.4 3109.0 1577 19.2 

𝑔
𝑏
/ℎ𝑠𝑖𝑚  2479.9 1455 18.4 2532.6 1512 15.9 

𝑔
𝑐
/ℎ𝑠𝑖𝑚  2367.6 1186 18.5 2509.6 1511 18.6 

𝑔
𝑑
/ℎ𝑠𝑖𝑚 2415.9 1455 20.3 2596.7 1652 19.4 

Moreover, in comparison to our previous implementation, the optimizations we made 

resulted in a far superior performance. Table 4 presents the time required by the best 

combination of path cost function and heuristic for each variation of 𝐷𝑜𝑚1 and 𝐷𝑜𝑚2 of 

our previous version of the planner and the current one. In the easier domain 𝐷𝑜𝑚1 the 

current implementation only requires a fraction of the time in comparison to the old one, 

whereas in 𝐷𝑜𝑚2 about half the time needed previously. 

As to the use of path-cost functions, the results in 𝐷𝑜𝑚1 indicate that in simple 

domains the choice of path-cost function is not as important as the heuristic, at least in 

relation to the time needed. However, in general, the use of a simple path-cost function 

equal to the number of actions (𝑔 = |𝑎|) produces plans faster expanding the least 

amount of states in almost all problems. It is also clear that when using the simpler 

heuristics ℎ = 0 and ℎ𝑠𝑖𝑚 the planner is able to generate solutions to the problem at hand 

in less time than when using more complex ones.   

Although ℎ𝑎𝑑𝑑  and ℎ𝑚𝑎𝑥  are more informed heuristics, it seems that, in our 

evaluation domains, heuristics that are easier to compute are generally more suitable. 

This is probably due to a combination of their fast computation and the relative 
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computational hardness of our evaluation domains. We expect that in other domains, 

results may differ. However, the usefulness of such heuristics was partly shown in the 

presented evaluation as well; in 𝐷𝑜𝑚2
𝑣𝑎𝑟 , the use of ℎ𝑎𝑑𝑑  and ℎ𝑚𝑎𝑥 resulted in a more 

diverse set of solutions being produced than any other heuristic. 

Table 4.  Efficiency gains in comparison to Ref. 6 due to code optimization. 

 Previous implementation Current implementation 
Domain Minimum time Minimum time 

𝑫𝒐𝒎𝟏
𝒖𝒏𝒊

 86 2.1 

𝑫𝒐𝒎𝟏
𝒗𝒂𝒓 88 0.6 

𝑫𝒐𝒎𝟐
𝒖𝒏𝒊

 317 161.7 

𝑫𝒐𝒎𝟐
𝒗𝒂𝒓 316 144.9 

6.   Conclusions and Future Work 

In this article, we presented a contingent planning framework for the problem of semantic 

web service composition. MAPPPA is a cost-sensitive probabilistic planner that produces 

a contingent plan by integrating alternative deterministic solutions to a determinized 

version of the probabilistic problem. The determinized problem is generated without 

disregarding each web service’s non-functional information regarding its reliability or 

cost of requesting and executing. Having made optimizations to our initial 

implementation we provide extensive evaluation of our approach on two domains from 

the literature, as well as on a new, more complex one, created by the authors for the needs 

of this article. The experimental results indicate that the planner’s efficiency is currently 

significantly better. 

At the time being though, our implementation of A* is not yet fully optimized; it 

would be simple to prune the paths that are subsumed by others, by checking whether all 

the previously added actions of the path already form another, shorter, solution. Such 

optimizations could result in an even more efficient implementation. Our main goal in the 

future, however, is to replace A* with an established deterministic planner to generate the 

alternative plans to be merged in the decision tree of the contingent solution, so as to 

make use of optimizations and search techniques that are found in state-of-the-art 

planners.  

In regard to OWL-S, for the time being, we only consider exact matches between 

ontological concepts; we plan to extend the matches to also cover plug-in or subsumes 

relationships. Finally, there are OWL-S extensions that allow the efficient description of 

web service QoS elements; one such extension is OWL-Q38 that supports the definition of 

QoS elements such as the execution time of a web service, its reliability and availability, 

or its cost. We plan to integrate such an extension into our approach. 
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