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Abstract. Multi-goal pathfinding (MGPF) is a problem of searching
for a path between an origin and a destination, which allows a set of
goals to be satisfied. We are interested in MGPF in ubiquitous environ-
ments that are composed of cyber, physical and social (CPS) entities
from connected objects, to sensors and to people. Our approach aims
at exploiting data from various resources such as CPS entities and the
Web to solve MGPF. However, accessing resources creates overheads –
specifically latency affecting the efficiency of the approach. In this paper,
we present a collaborative multi-agent search model that addresses the
latency problem. The model handles the process of accessing resources
such that agents are not blocked while data from resources are being pro-
cessed and transferred. Agents search concurrently and collaboratively
on different parts of the search space. The model exploits the knowl-
edge and structure of the search space to distribute the work among
agents and to create an agent network facilitating agent communications
as well as separating the search from the communications. To evaluate
our model, we apply it in uniform cost search, creating a collaborative
uniform cost algorithm. We compare it to the original algorithm. Exper-
iments are conducted on search spaces of various sizes and structures.
In most cases, collaborative uniform cost is shown to run significantly
faster and scale better in function of latency as well as graph size.

Keywords: Collaborative search, Multi-Agent search, Multi-goal pathfind-
ing, Ubiquitous environments

1 Introduction

Pathfinding is a problem that has been studied extensively due to its importance
in various fields such as AI, robotics, logistics and video games. There are dif-
ferent variations of pathfinding problems [2, 8] such as single-agent pathfinding,
multi-agent pathfinding in static, dynamic and real-time environments. Numer-
ous techniques have been proposed to address pathfinding [1]. In this paper,
we focus on a particular kind of pathfinding problem, multi-goal pathfinding
(MGPF) in the context of ubiquitous environments accommodating cyber, phys-
ical and social (CPS) entities such as sensors, smart objects and humans.
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MGPF is a problem of searching for a path between an origin and a des-
tination, which allows a set of goals to be satisfied. Our approach to solving
MGPF exploits data acquired from CPS entities in a given environment and
from external resources such as the Web. It uses up-to-date and dynamic infor-
mation from various resources for path computation. For path evaluation, we
use generic criteria, which are not limited to distance, and quality of entities,
which is determined using qualitative information from resources. To understand
the underlying motivation of our approach, consider the following scenario. A
traveler, Carol, arrives at an airport. Carol wants to find a path to her departure
gate. Carol has a set of activities (goals) she wants to do on her way to the gate:
get a trolley for her luggage, check-in, buy a takeout for lunch and find a waiting
seat near a power socket to charge her laptop. Using spatial information of the
airport, we can find a path to the gate. Information about the airport makes it
possible to determine which locations allow Carol to satisfy each of her goals.
For example, restaurant is a business which prepares and serves food and drinks
to customers in exchange for money. By obtaining that piece of information from
the Web, we are able to deduce that Carol can buy lunch at locations of type
restaurant. Dynamic and up-to-date information from sensors and smart objects
enables us to determine the optimal path for Carol. For instance, instead of going
to a trolley area, which is at the opposite direction of her gate, it is possible to
locate an available trolley nearby that was left by other people, thanks to data
from connected trolleys. We might suggest Carol to take an escalator instead
of an elevator because we know that there are too many people in the queue
waiting for the elevators or that the elevators are out of service thanks to the
feeds from sensors. In addition, information from social entities such as other
travelers or personnel can be used to enhance Carol’s travel experience. For in-
stance, reviews by travelers (e.g. quality or availability) on restaurants enable
us to choose locations that are at Carol’s best interests.

Considering the aim of the approach, one might ask two challenging ques-
tions: (1) Which resources to use to solve a MGPF problem? (2) How to deal with
the dynamics, mobility and heterogeneity of CPS entities? The first question is
concerned with the discovery of resources that are relevant to a given MGPF
problem. We address this question via the use of a data model to capture nec-
essary knowledge enabling resource discovery. Regarding the second question,
there are existing works that address these issues in the context of IoT. As an
example, in [4], the authors propose a multi-agent-based socio-technical network
(STN) to manage the complexity of CPS entities. In our approach, we focus on
the conceptual level, and we employ one of the existing solutions such as STN
to abstract away the complexity at the lower level.

In our approach, we solve MGPF by abstracting a given environment as a
search space and use search algorithms to find the path. Necessary information
for finding and evaluating a path during a search is acquired from various re-
sources from CPS entities to the Web. Accessing resources creates overheads
resulted from the latency of processing and transferring data from their sources.
To address this issue, we propose a collaborative search model for search algo-
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rithms, which is the main contribution of this paper. The model is composed
of multiple agents collaboratively and concurrently searching on different parts
of a search space. It handles the process of resource accesses such that agents
do not have to wait for data and are able to perform other tasks while requests
to resources are being processed. It exploits the structure and knowledge of the
search space to distribute the work efficiently among agents and to construct
an agent network on-the-fly to facilitate agent communications and separate the
search from the communications.

The rest of the paper is organized as follows. First, we review related work.
Second, we present the problem addressed in this paper. Third, a detailed de-
scription of the collaborative search model is provided. Fourth, we present an
application of our model in uniform cost search, and provide some experimental
results. Fifth, we conclude the paper and outline future work.

2 Related work

There are two common variants of MGPF. First, given a single start and multiple
goals, MGPF is defined as a problem of searching for paths for each start-goal
pair, resulting in multiple paths [12]. Second, MGPF is treated as a traveling
salesman problem (TSP) in which the aim is to find a path from a start to a
number of goals before reaching the destination such as in [5, 13]. Our problem
is close to the second definition. However, unlike the classical TSP, we have
constraints on the order of goals to satisfy. The work in [21] addresses a TSP
with partial order constraints. The author proposes two algorithms to solve the
selection and ordering of points-of-interests (goals), which are places, for indoor
navigation systems. Path computation is based on complete spatial knowledge
of an environment, and distance is the sole criterion for path evaluation. In this
paper, we address a problem similar to [21], but the specific property of our
problem is that satisfying a goal is not limited to passing by a place, but can
be any activity carried out via a CPS entity, which can be mobile and dynamic.
Furthermore, we have a strict order in which goals are satisfied.

There is a rich body of literature on pathfinding. Many search algorithms
have been proposed to address various aspects of the problem. The most com-
mon search algorithms are the centralized and synchronous ones such breadth-
first search, depth-first search, Dijkstra’s algorithm, uniform cost search and A*.
A* is probably the most used heuristic algorithm due to its theoretical proper-
ties that guarantee completeness and optimality [9], provided that the heuristics
are consistent. Considerable efforts have been invested to optimize A* by re-
ducing search space [3], mitigating memory requirements [15] and adapting it
to dynamic environments [11, 18]. In these algorithms, each step is performed
sequentially as the global state of the search is required. For example, A* selects
a promising node to expand by comparing it to all the candidate nodes. With
latency, sequential search will become impractical as the algorithm is blocked
while waiting for requested data to determine the cost of each node.
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Much work has been done [16, 17, 20] to address search that involves multiple
agents, commonly known as cooperative pathfinding or multi-agent pathfinding.
However, such work aims at finding non-interfering paths for each agent from
their current state to their respective goal state. In our case, each agent may have
different starts, but they cooperate to find the same goal state. This falls under
the definition of collaborative mulit-agent search as classified by the author in
[6]. Parallelization techniques such as [10] and [19] have been used to improve
search. They distribute workloads or search operators between processors using
generic mechanisms independent of the problem (e.g. using hash function to
assign each node to a process). Furthermore, in [14], the authors propose a
multi-agent A* based on agents possessing different search operators. Workloads
are distributed based on the operators (i.e. discovered nodes are sent to agents
who have the operators to expand them). In our model, we separate a search
space among agents based on the structure of the space, thus distributing the
workload by assigning each agent a sub search space. In addition, to the best of
our knowledge, there is no work that addresses the latency during search, which
makes reasonable sense since accessing resources to compute node cost is specific
to our approach.

3 The problem

In this section, we present our method to abstract a ubiquitous environment into
a search space. Then, we provide an overview of our approach, and describe how
search algorithms are positioned in the approach.

3.1 Environment abstraction

Spatial information is necessary but insufficient to determine the locations at
which a goal can be satisfied. Up-to-date and qualitative information from CPS
entities and external resources are also required to find an optimal path. There-
fore, in our approach, we model a ubiquitous environment by integrating its
spatial and CPS dimensions along with the notion of resources. We assume that
the spatial topology of a ubiquitous environment is abstracted as a graph SG
where nodes are locations in the environment. A directed edge between two
nodes n and n′ is defined if, in the given environment, the location represented
by n′ is directly accessible from that by n.

Definition 1. Environment
An environment at a given time is a tuple Et = (SG ,HE ,CPSE ,R) where:

– SG is a search graph defined as SG = 〈L,C〉 where L is a finite set of nodes
representing locations in E and C ⊆ L × L is a set of edges representing
connections between locations

– HE represents an organizational hierarchy of E. It is a tree whose elements
correspond to hierarchy entities (e.g. terminals) of E and the child relation
indicates sub-hierarchy entities (e.g. zones within a terminal). Locations are
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grouped under hierarchy entities, so the leafs of HE are directly connected to
the locations

– CPSE is a finite set of CPS entities located in E
– R = (rn)n∈CPSE∪C is a finite set of resources providing information about

a CPS entity or giving information on how to move between locations. An
example of a resource can be a website, a database or an API to sources of
data collected from cyber-physical entities.

Fig. 1 shows an example of an abstracted environment. The top layer is the
spatial dimension of an environment. The bottom layer consists of resources
relevant to an environment. The middle layer integrates L with CPSE , and
connects them to R.

Fig. 1. An example of an environment description

Definition 2. Multi-goal pathfinding
By abstracting a given environment as previously described, we can formulate
MGPF as a tuple MGPF = (Et , no, nd, G,CR, f) where Et is a representation
of an environment at time t, no ∈ L is a node representing the start location,
nd ∈ L is a node representing the destination, G is an ordered list of goals to
satisfy, CR is a set of criteria for evaluating a path and f is a cost function
used to evaluate paths. Criteria are problem-specific. For instance, a criterion
can be distance, price, duration or all of them combined. f determines how CR
is taken into account in the decision process when choosing a path (e.g. prioritize
a subset of CR or compromise all the criteria in CR). A problem is solved when
an optimal path is found. A path is a list of locations through which every goal
can be satisfied in the given order. A path is optimal if it has a minimum cost
evaluated using f .
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3.2 The approach

Our approach to MGPF consists of two main steps goal-space graph generation
and multi-layer search. In the first step, we construct a goal-space graph to
represent goals, the locations where each goal can be satisfied and the order of
goals to satisfy. A goal-space graph, denoted by π, is an acyclic graph where
nodes are goal-location pairs, and nodes are connected according to the order
of goals defined in G. In this work, we associate a goal g to an activity ag.
We say that g can be satisfied at a location l if l contains at least one entity
cpse ∈ CPSE through which ag can be carried out. For illustration purpose,
suppose the followings are the locations where Carol’s goals can be satisfied:
trolley = {l21, l32}, check-in = {l43, l64}, lunch = {l15, l61, l11} and waiting seat
= {l20, l71}. We can generate a goal-space graph π as shown in Fig. 2.

In the second step, we search over π to find an optimal path. π is an ab-
stract graph built on top of SG . An edge of π is equivalent to a path that may
consist of multiple nodes on SG . For instance, an edge between (lunch, l15) and
(waitingseat, l20) may be equivalent to a sequence of nodes (l15, l16, l28, l18, l20)
on SG . Computing the cost of an edge between two nodes of π is equivalent
to a pathfinding problem of two corresponding nodes on SG . Searching on SG
requires accesses to resources to determine the cost of moving between nodes,
which leads to the issue of latency. In this paper, we address the search on SG
by providing a collaborative search model that can be used to adapt search
algorithms to efficiently handle latency and to improve search efficiency.

Fig. 2. An example of a goal-space graph

4 Collaborative search model

The aim of the collaborative search model is to manage resource accesses, thus
the consequential latency, and to improve search efficiency. This model can be
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applied to forward-search algorithms such as breadth-first search, depth-first
search, uniform cost search and A*. Generally, during each iteration, a forward-
search algorithm selects a node from the list of candidate nodes Frontier, gen-
erates its child nodes, prunes some unpromising nodes, and updates Frontier to
include the remaining children [7]. The critical point that creates latency is the
generation of child nodes. To determine the cost for moving from an expanded
node n to its child node n′, we need to retrieve information from one or multiple
resources. An example of the cost can be time, distance or all of them combined.
Besides enabling us to determine the value of the cost, dynamic information from
resources allows us to factor in cost-influencing criteria such as the fact that an
elevator in the path is out of service or the path is currently blocked. This pro-
cess results in latency as the algorithm has to wait for the requested information
to arrive to determine the cost of child nodes and proceed the execution. The
proposed model adapts each step of forward-search algorithms. More precisely,
to distribute workloads, agents explore different parts of a search space concur-
rently by executing a search algorithm, thus selecting nodes from their respective
part of the search space. Child generation is modified into an asynchronous and
non-blocking process where agents are able to execute other tasks while infor-
mation from resources is being retrieved. Discovered paths to a node in another
part of the search space are communicated to agents responsible for that part
so that they can prune and update their local search process.

Definition 3. Collaborative search model
A collaborative search model is a tuple CSM = (Et , no, nd,SA,Sao ,RA,NA)
where Et is an abstraction of an environment at time t as previously defined,
no ∈ L is a node representing a start location, nd ∈ L is a node representing a
destination location, SA is a set of search agents executing the search algorithm,
Sao ∈ SA is the initial search agent that starts the search process, RA is a set of
resource agents, each of which is responsible for retrieving information from a set
of resources, and NA is a set of network agents. A network agent is responsible
for managing a search process and related communications within the coverage
of a set of hierarchy entities.

The model is based on collaborations among search agents, resource agents
and network agents. We describe in the following subsections the roles of these
agents in realizing the aim of this search model.

4.1 The search agents

In our model, the role of search agents is to execute a given search algorithm.
The execution cycle of a search agent consists of expanding a node, retrieving
the cost of a child node and processing received messages. A search agent Sa
is responsible for exploring a part of the search space. The nodes constituting
the part of the search space for which Sa is responsible are dynamically and
incrementally assigned by Sa’s parent agent (a network agent) and are stored in
ResponsibledNodes. The dynamic assignment and distribution of a search space
is presented in depth in the following section (section 4.2).
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As in a forward-search algorithm, Sa has a set of candidate nodes to expand
Frontier and a set of expanded nodes Expanded. In each iteration, Sa executes
the search algorithm which starts by selecting a node n from Frontier to expand.
If n is the destination, goal verification procedure (GVP) is initiated (further
explained in section 4.3), and Sa continues its execution until the destination
is verified or a better path to the destination is found. Otherwise, Sa generates
the child nodes of n. To generate each child n′, it is necessary to know the cost
for moving from n to n′. We call the moving from n to n′ an action a(n, n′). If
n′ belongs to Sa’s part of the search space (i.e. in its ResponsibledNodes), Sa
stores a(n, n′) in its ActionList to be queried for its cost. Otherwise, Sa sends
a(n, n′) to a search agent Sa ′ that is responsible for n′ through the parent agent
of Sa. Upon receiving a(n, n′), Sa ′ discards a(n, n′) if it already knows the path
to n′ with a better cost than through n; this prevents Sa ′ from requesting for
the cost to move from n to n′, which is clearly in a non-optimal path. Otherwise,
Sa ′ adds a(n, n′) to its ActionList.

After node expansion, Sa takes an action aq from its ActionList to query for
its cost. The cost of an action is determined by using information retrieved from
resources associated with the action, and is computed using the cost function
f given as a part of MGPF. To obtain the cost of aq, Sa sends a request to
a resource agent. A resource agent is capable of accessing a number of types
of resources. Information about resource agents are provided to search agents
as a part of their knowledge. Depending on the type of resource, Sa chooses a
resource agent to inquire. While the cost of aq is being retrieved, aq is moved from
ActionList to PendingActionList where all the actions pending for their cost
are stored. Retrieving an action cost is a non-blocking process. After sending the
request to a resource agent, Sa continues its execution. Once the necessary data
is acquired, the resource agent sends it to Sa. This asynchronous mechanism
for retrieving information enables search agents to perform other tasks while
resources are being accessed, thus mitigates the latency.

After retrieving the cost of an action, Sa processes received messages. When
receiving a message containing the cost of an action a(n, n′), Sa computes the
cost of n′, f(n′) and removes a(n, n′) from PendingActionList. Based on f(n′),
Sa prunes unpromising nodes from Frontier and updates Expanded. How the
pruning is done depends on the actual algorithm (e.g. A*, uniform cost search).
The algorithm is terminated when a verified solution is found or the entire search
space has been explored. Naturally, we reach the end of a search space when all
search agents have no node in their Frontier, no action in ActionList and no
pending action in PendingActionList.

4.2 The network agents

In this search model, we separate a search space based on the knowledge of
the search space, in this case, the hierarchy information. A network agent is
responsible for a set of hierarchy entities at a certain level of hierarchy. The
role of a network agent is to manage the search process related to the hierarchy
entities for which it is responsible. This management entails routing an action
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to a relevant search agent, distributing workloads to search agents, assigning
sub-hierarchy entities to other network agents to manage, creating new search
agents and network agents when necessary, and handling communications among
agents. Search space separation and assignment as well as workload distribution
are done on-the-fly during the search in order to focus only on the parts of the
search space relevant to a given pathfinding request. This process is triggered by
the routing of actions, illustrated in Algorithm 1, to their relevant search agents,
and progressively, it constructs an agent network tailored to a given request.

Algorithm 1 action-routing-protocol(a〈n, n′〉)
1: hierarchy ← get the entire hierarchy of n′

2: if the executing agent Na is in charge of a hierarchy entity he in hierarchy then
3: if he is the direct parent hierarchy entity (i.e. a leaf of HE) of n′ then
4: if Na has no search agent that is the agent responsible of n′ then
5: if Na has no search agents OR all search agents cannot take more respon-

sibility then
6: create a new search agent Sa and send a〈n, n′〉 to Sa
7: set Na as the parent agent of Sa and Sa as a search agent of Na
8: else
9: select the search agent with the least responsibility and send it a〈n, n′〉

10: end if
11: else
12: send a〈n, n′〉 to the search agent responsible
13: end if
14: else
15: get he′ from hierarchy where he′ is a direct child hierarchy entity of he
16: if Na has no child agents OR all child agents cannot take more responsibility

then
17: create a network agent Na ′ and make Na ′ responsible for he′

18: set Na as the parent agent of Na ′ and Na ′ as a child agent of Na
19: else
20: assign he′ to Na ′ where Na ′ is a child agent of Na with the least responsi-

bility
21: end if
22: forward a〈n, n′〉 to Na ′

23: end if
24: else
25: if Na’s parent agent doesn’t exist yet then
26: create a network agent Nap

27: make Nap responsible for the hierarchy entity that is the direct parent of Na’s
hierarchy entity(ies)

28: set Nap as the parent of Na and Na as the child of Nap

29: end if
30: forward the request a〈n, n′〉 to the parent agent Nap

31: end if
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During node expansion, when a search agent Sa discovers an action a(n, n′)
where n′ is not under its responsibility, Sa sends a(n, n′) to its parent agent
Na. However, if it is the beginning of the search, which is an exceptional case
where there are no network agents yet, the initial search agent Sao creates the
first network agent Na to route a(n, n′). Na becomes the agent responsible for
the hierarchy entity in which n is directly located. Upon receiving a(n, n′), Na
executes the action routing protocol (Algorithm 1) to find the search agent
responsible for n′.

We separate a search space based on the hierarchy, so a search agent San′

that is responsible for n′, if it exists, is under the management of a network agent
that is responsible for the hierarchy entity in which n′ is directly located. Na uses
the hierarchy information of n′ to guide the search (Algo:1 - L:1). The hierarchy
of n′ is an ascending ordered list of hierarchy entities in which n′ is located. For
instance, in an airport, the hierarchy of n′ can be Zone 1 -Terminal 2 -Airport
where n′ is located directly under Zone 1. Zone 1 is a sub-hierarchy entity of
Terminal 2, which is in turn a sub-hierarchy entity of Airport.

If n′ is not a part of Na’s search space (i.e. not located in one of Na’s hierarchy
entities), Na passes the control to its parent Nap, if Nap already exists, to do
the routing (Algo:1 - L:25-30). If Nap does not exist yet, Na creates Nap to
take charge of a hierarchy entity in which all Na’s hierarchy entities are located
and forward the request to Nap. For example, suppose Na’s hierarchy entities
are Zone 1 and Zone 2 of Terminal 1; as Na’s parent, Nap takes charge of all
the search processes in Terminal 1. Then, Nap takes over the routing operation
and executes the action routing protocol. On the other hand, if n′ is located in
one of Na’s hierarchy entities, denoted by heNa , Na takes control of the routing
process (Algo:1 - L:2-23). This implies one of the two possibilities - (1) n′ is
directly under heNa (i.e. heNa is a leaf of HE ) or (2) n′ is indirectly under heNa

(i.e. n′ is under a leaf, which in turns is under heNa).

In the case of (1), the relevant search agent San′
should be under the manage-

ment of Na. In such case, a(n, n′) is sent to San′
if San′

already exists (Algo:1 -
L:12), and the routing operation of a(n, n′) is finished. If n′ has not been assigned

to any search agent (i.e. San′
does not exist), Na selects a search agent under

its management that has the least responsibility to take charge of n′ (Algo:1 -
L:9). To determine the responsibility of a search agent, we take into account its
current workload, which is the number of nodes in its Frontier, and number
of nodes for which it is responsible ResponsibledNodes. The workload indicates
the current tasks that a search agent has to execute, and the number nodes in
ResponsibledNodes indicates the amount of potential tasks that it may have to
do. The potential tasks include requesting the cost of actions, processing update
messages and pruning. Using both criteria to measure responsibility enables us
to assign more work to a search agent that is more likely to become idle (i.e.
having few current tasks), and also preventing assignments to the ones that
might potentially be occupied (i.e. responsible for many nodes). However, when
all the search agents of Na reach the responsibility limit, a new search agent is
created to take charge of n′ (Algo:1 - L:5-7). The reason for introducing respon-
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sibility limit is to distribute workloads among the search agents exploring the
same part of the search space. This is essential when the part of the search space
of a network agent is large. The responsibility limit is determined according to
two factors: the computational resources available and the search space. If the
computational resources are limited, the responsibility limit should be high to
reduce the number of search agents. This configuration, however, may affect the
efficiency when working with a large graph. Otherwise, the limit should be low,
resulting in more search agents exploring in parallel.

In the case of (2), San′
, if it exists, is under the management of one of the

direct or indirect child agents of Na. Na forwards a(n, n′) to its child agent
Na ′ (Algo:1 - L:15-22). Na ′ is the direct child agent of Na and is the agent
responsible for a hierarchy entity he′ where he′ is a direct sub-hierarchy entity
of heNa and n′ is located directly or indirectly under he′. If Na ′ does not exist,
he′ is assigned to a child agent with the least responsibility (Algo:1 - L:20).
The responsibility of a network agent is measured by the sum of the number
of nodes under the hierarchy entity(ies) for which it is responsible. We employ
such indicator because the number of nodes determine the number potential
tasks such as routing and other communications a network agent has to handle.
Each network agent has a responsibility limit that is the maximum number of
nodes it should handle. This limit is determined by the computational resources
available. Setting the limit low results in having more network agents, but this
would avoid problems such as communication bottlenecks. If all child agents of
Na reach the responsibility limit, he′ is assigned to a new network agent and
a(n, n′) is forwarded to the new agent, which will continue the routing.

4.3 Goal verification procedure, termination and optimality

Goal verification procedure When a destination node nd is expanded, the
expanding search agent Sad initiates the GVP. The objective is to determine
whether a found path leading to nd is a minimum-cost path. This process is
necessary because each search agent does not possess global knowledge of the
search state. The verification is conducted in a distributed manner by each search
agent. A path is a minimum-cost path only if all search agents reach a consensus
concerning its validity. For each search agent, a path to nd is optimal if there
exists no node n where f(n) < f(nd). To verify this property, each search agent
performs the following verification:

– If there is any node n in Frontier where f(n) < f(nd), the path is not
verified.

– If there are actions in ActionList or PendingActionList, the path is not
verified. The cost of those actions are still unknown, so it is impossible to
determine the cost of the nodes to which those actions lead.

To start this procedure, Sad sends a goal verification request to its parent agent
Nad. Nad propagates the request by forwarding the request to its other children
and its parent agent. The receiving parent agent repeats the propagation process.
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In this way, every search agent will receive the request from its parent agent.
Each search agent keeps verifying the found path leading to nd until the path is
verified or a better path to nd is found.

– If the found path is verified by an agent, the agent sends the response to
its parent. Responses are sent back in the opposite direction of the one in
which the request is propagated. Therefore, eventually, Sad receives all the
responses directly from Nad, who receives responses from its parent and
other children.

– If a better path to nd is found, the expanding agent initiates another GVP
to replace the previous one.

Besides determining the validity of a path, GVP also enables search agents to
filter nodes and actions. When the found path is under location verification of
an agent, the knowledge about the found destination such as its cost is used to
discard unpromising nodes from Frontier and actions from ActionList.

Termination A search execution is terminated when a path verified by GVP
is found or when the entire search space has been explored. Naturally, the end
of a search space is reached when all search agents have no nodes in Frontiers,
no actions in ActionList and no pending actions in PendingActionList.

Optimality GVP enables us to determine whether a path has a minimum-cost.
However, whether a path is optimal depends on the actual algorithm and the cost
function(s) that it uses. For instance, in uniform cost search, the cost of a node
is the cost from the start node to the node, which guarantees optimality. In such
case, a path verified by GVP is an optimal path. However, for a greedy algorithm,
a path verified by GVP is a minimum-cost path based on the algorithm’s cost
function, but not necessarily an optimal path.

The algorithm terminates by finding a minimum-cost path if one exists, as-
suming the following properties:

– The search space is finite.
– All messages arrive at their destinations.
– For every request for the cost of an action, we get a response.
– All operations take a finite amount of time.

5 Experimental evaluation

Our experiments were conducted on a 2.4GHz Intel Core i7 laptop with 16GB
of RAM. We used 2 types of requests: the start and destination nodes are (1)
in the same hierarchy entity (same hierarchy entity request) and (2) in different
hierarchy entities (inter-hierarchy entity request). The principle of our approach
is that it acquires information from various resources. As a result, we introduced
simulated latency in accessing resources (1, 5, and 9 milliseconds). 1, 5 and 9
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milliseconds (ms) are the maximum latency of each respective case. For instance,
in the 5 ms case, we generate latency values between 0 to 5 ms. We applied our
collaborative search model in uniform cost search (UC), creating a collaborative
uniform cost algorithm (CUC). In our experiments, we compare CUC with UC.
The choice of UC for our experiments is motivated by the fact UC is independent
of any domain-specific or case-based heuristics. Consequently, the impacts of the
collaborative search model on UC’s performance can be accurately observed.

In the first experiment, we used both algorithms to solve the two types of
requests on the same environment, abstracted as graph 1. Graph 1 has a 4-level
depth hierarchy (1 hierarchy entity at first level, 10 at second, 100 at third, 1000
at fourth), 10000 locations and 10000 CPS entities. Fig. 3 demonstrates time
efficiency in (%) gained by using CUC compared to UC to solve the two types of
requests. The results show that for requests of type (1), UC is more efficient than
CUC when there is no latency. This is because in type (1) requests, the start and
the destination are under the same hierarchy entity containing approximately
100 nodes. In both algorithms, the solution was quickly found, but CUC takes
more time because there are overheads for creating the network agent and man-
aging communication as well as workload distribution. However, these overheads
become negligible when latency is present. CUC starts to outperform UC from
around 1 ms of latency. For type (2) requests, which involve multiple hierar-
chy entities, CUC performs better even without latency. The reason is that our
model is based on concurrent agents exploring different parts of a search space
(i.e. nodes under relevant hierarchy entities), which leads agents to discover the
destination quicker. With latency, CUC is remarkably more efficient, reaching
over 90% of time efficiency gains in the case of 9 ms latency. Regarding node
expansion, in our model, each search agent has only partial knowledge of the
search process, so it selects nodes to be expanded based on its limited knowl-
edge. This may lead to expansion of costly or unpromising nodes. Despite such
limitation, the results of our experiment, depicted in Fig. 4, suggest that CUC
expands approximately the same number of nodes for type (1) requests and less
for type (2). This is thanks to agent collaboration and the GVP. Collaborative
and concurrent search leads to rapid discovery of the destination, irrespective of
its optimality. Once the destination is found, the GVP is initiated, informing all
search agents about the destination. While the destination is under local verifi-
cation (i.e. verifying the properties described in section 4.3), search agents use
knowledge about the found destination to filter unpromising nodes and actions
(i.e. having higher cost than the found destination).

In the second experiment, we compared CUC with UC over three different
graph structures of the same size, namely graph 1, 2 and 3. Graph 2 has the same
hierarchy structure and location distribution as graph 1. The only difference is
that in graph 2, there is only one connection between 2 locations and 1 exit
point for each hierarchy entity, while there are 3 connections and 2 exit points in
graph 1. Graph 3 has a 3-level depth hierarchy (1 hierarchy entity at first level,
10 at second, 100 at third), 10000 nodes (locations) and 10000 CPS entities. Fig.
5 illustrates time efficiency (in percentage) gained by using CUC compared to
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Fig. 3. Run time efficiency of collaborative uniform cost compared to uniform cost

UC on different graph structures. CUC performs best on graph 1 because there
are more connections between nodes and more exits to other hierarchy entities.
Our collaborative search model does not use a predefined method to separate a
search space, but it dynamically and progressively distributes the search space
among agents based on the structure of the space, in this case the hierarchy,
during the search process. More exits to different hierarchy entities allow agents
to reach more parts of the graphs faster, and thus finding the destination faster;
more connections to other nodes also lead to a more efficient search since more
nodes can be explored by concurrent agents. In graph 2 and 3, each node has
only one neighbor node and a hierarchy entity has only one exit. With such
connectivity, the algorithm takes more time to find the exits to enable agents to
explore different parts of the graph. Between graph 2 and 3, CUC works better on
graph 2 because locations are more distributed in graph 2. In graph 3, each 1000
locations are grouped under the same hierarchy entity, and there is only one exit
from each hierarchy entity. In such case, the algorithm can only distribute the
workloads, which are nodes under the same hierarchy entity, and has to expand
many nodes to find an exit allowing spreading of the search to other hierarchy
entities. This reason coupled with the overheads for communications and agent
network management makes UC outperform CUC in graph 2 and 3 when there
is no latency.

In the third experiment, we compared the two algorithms on three different
graphs of the same structure and connectivity, but different sizes to examine the
scalability. Graph 1, as described previously, has 10000 nodes; graph 4 has 4096
nodes, and graph 5 has 1296 nodes. Fig. 6 shows the order of growth of both
algorithms over the three graphs. Regardless latency, CUC outperforms UC as
the graph size grows due to the concurrent graph exploration by collaborative
agents. Remarkably, CUC scales much better in function of latency.
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Fig. 4. Comparison of expands between collaborative uniform cost and uniform cost

Fig. 5. Run time efficiency of collaborative uniform cost compared to uniform cost over
different graph structures

Fig. 6. Time comparison between collaborative uniform cost and uniform cost
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These experimental results show the impact of graph structures, request types
and latency on the efficiency of search algorithms. These factors can be used to
choose a search algorithm suitable for each given MGPF problem.

6 Conclusion

This paper describes an approach to solve MGPF in ubiquitous environments by
exploiting data from various resources from CPS entities to data sources on the
Web. The overview of the approach was provided. We proposed a collaborative
multi-agent search model that can be applied to forward-search algorithms to
improve the efficiency and handle latency issue resulting from resource accesses.
The model is based on agents searching collaboratively towards a shared goal.
Such collaboration is enabled and facilitated by an agent network constructed by
exploiting the structure and knowledge of a search space. While the collaborative
search model is applicable to forward-search algorithms in general, we presented
a specific example by applying it to uniform cost search. We used this example
to demonstrate a concrete application of the model and to evaluate its efficiency.
The results showed that the collaborative algorithm improves search efficiency
in most cases, and scales better in function of latency and graph size.

In this paper, we focus on pre-trip planning. In ubiquitous environments, CPS
entities are mobile and often changing their states. An activity for satisfying a
goal takes a certain amount of time, during which CPS entities may be changing.
Consequently, an optimal pre-planned path may lose its optimality over time.
This necessitates en-route planning to keep refining the initial path according to
the current state of the environment. In future work, we plan to extend our search
model to support en-route planning. An agent network constructed during each
search is tailored to that particular search. The network agents can be extended
to support monitoring of CPS entities and resources under their coverage to
detect mobility and changes. Such knowledge will then be taken in account to
adapt the path on-the-fly while users are traveling.
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