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els for workflows and networks, and formulate the workflow
mapping as a set of optimization problems with different
objectives and mapping constraints. For each of these problems,
we conduct in-depth analysis of computational complexity and
develop either an optimal or an efficient heuristic solution [8]–
[14]. The performance superiority of the proposed approaches
is illustrated by extensive simulation-based comparisons with
existing algorithms and further verified by large-scale experiments on real-life scientific workflows through effective system
implementation and deployment in real networks [15], [16].

The advance of supercomputing technology is expediting the
transition in various basic and applied sciences from traditional
laboratory-controlled experimental methodologies to modern
computational paradigms involving complex numerical model
analyses and extreme-scale simulations. These computationbased simulations and analyses have become an essential
research and discovery tool in next-generation scientific applications and are producing colossal amounts of simulation
data. Other scientific data of similar scales generated in broad
science communities include real-world environmental observations such as satellite climate data [1] and multimodal sensor
data, and high-throughput experimental measurements such as
Spallation Neutron Source [2] and Large Hadron Collider [3].
No matter which type of scientific data is considered, one
crucial task would be to develop an effective and efficient endto-end solution for geographically distributed users to transfer,
process, visualize, analyze, and synthesize the data in heterogeneous network environments for collaborative research [4],
[5]. The computing tasks of these applications feature complex workflows consisting of many computing modules with
intricate inter-module dependencies and require the use of a
wide range of expensive resources including supercomputers,
PC clusters, high-end workstations, and experimental facilities [6]. Typically, these resources are deployed at various
research institutes and national laboratories, and are provided to
application users through wide-area network connections that
may span through several countries [2], [7], hence inevitably
exhibiting an inherent dynamic nature in their accessibility,
availability, capacity, and reliability. As new computing and
networking technologies rapidly emerge, enabling functionalities are progressing at an ever-increasing pace, unfortunately,
so are the dynamics, scale, heterogeneity, and complexity of the
networked computing environments. Application users need to
manually configure and run computing tasks over networks on
their own, oftentimes resulting in unsatisfactory performance in
such diverse and dynamic environments. As thus, the science
community has identified an urgent need to support such distributed workflows and optimize their end-to-end performance
in order to ensure the success of mission-critical e-science and
maximize the utilization of massively distributed resources.
We investigate the problem of mapping computing workflows
structured as either linear pipelines or Directed Acyclic Graphs
(DAGs) to heterogeneous network environments with the goal
of automating workflow executions and optimizing their endto-end performance in terms of Minimum End-to-end Delay
(MED) for unitary-input applications (i.e. one-time processing)
and Maximum Frame Rate (MFR) for serial-feed applications
(i.e. streaming processing). We construct rigorous cost mod-
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Many e-science applications face a major performance optimization problem of mapping/scheduling computing workflows
with complex execution dependencies in distributed network
environments. This problem has attracted much attention from
researchers in various disciplines [17]–[32] and continues to
be the focus of distributed computing due to its theoretical
significance and practical importance.
In the early years, most research efforts were focused on
static workflow mapping on multiprocessors that are considered
as identical/homogeneous resources [23], [33]. Over the years,
workflow mapping problems in heterogeneous environments
have been increasingly identified and investigated by many
researchers [20], [34], [35]. However, some of these studies
only considered independent tasks in the workflow [35] or assumed independent/fully-connected nodes in the network [20],
[34], which may not be sufficient to model the complexity
of real applications. Recently, a significant number of efforts
have been devoted to workflow mapping or task scheduling in
grid environments under different mapping and resource constraints. Grid initiatives and projects, such as ASKALON [32],
Nimrod/G [36], Globus Toolkit [37], Pegasus [38] and Condor/DAGMan [39], provide toolkits and infrastructures to deploy grid-based scientific computing systems. Similar mapping
problems are also studied in the context of stream processing
placement [40], sensor networks [41] and bioinformatics [42].
Many workflow mapping or task scheduling problems in grid
environments or multiprocessor systems assume independent
tasks, complete networks, homogeneous resources, and particular mapping constraints. Our work differs from the aforementioned ones in several aspects: (i) we generalize and formulate
the workflow mapping problem based on realistic cost models;
(ii) we consider computer networks of arbitrary topology with
heterogeneous nodes and links; (iii) we investigate resource
sharing dynamics among concurrent module executions and
data transfers; (iv) we provide thorough complexity analysis
and rigorous stability analysis; (vi) we conduct extensive workflow mapping experiments in both simulated and real network
environments for model validation and performance valuation.
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U NIQUENESS

the same node as a “group”, and refer to those modules located
on the CP as “critical” modules and others as “branch” or “noncritical” modules. A general mapping scheme divides the CP
into q (1 ≤ q ≤ m) contiguous groups gi , i = 0, 1, · · · , q − 1 of
critical modules and maps them to a network path P of not
necessarily distinct q nodes, vP[0] , vP[1] , · · · , vP[q−1] from source
vs = vP[0] to destination vd = vP[q−1]. The ED of a mapped
workflow is calculated as:
TED (CP mapped to a path P of q nodes) = Texec + Ttran !



A. Cost Models and Problem Definition
We model the workflow as a Directed Acyclic Graph (DAG)
Gw = (Vw , Ew ), |Vw | = m, where vertices represent computing
modules and edges represent execution dependency and data
transfer between modules. Module w j receives a data input
from each of its preceding modules and performs a predefined
computing routine whose complexity is modeled as a function
λw j (·) on the aggregate input data size zw j . Once the routine is
executed successfully in its entirety, module w j sends a different
data output to each of its succeeding modules.
We model the computer network as a weighted graph Gc =
(Vc , Ec ) with arbitrary topology, consisting of |Vc | = n nodes
interconnected by |Ec | overlay links. We use a normalized
variable pi to represent the overall processing power of node
vi without specifying its detailed system resources. The link
li, j between nodes vi and v j has Bandwidth (BW) bi, j and
Minimum Link Delay (MLD) di, j . We specify a pair of source
and destination nodes (vs , vd ) to run the start module w0 and
the end module wm−1 , respectively, and further assume that
w0 serves as a data source without any computation to supply
all initial data needed by the application and wm−1 performs a
terminal task (e.g. display) without any further data transfer.
We use Texec (w, v) to denote the execution time of module w
on node v:
α (t) · δw (t)
, ∀ w ∈ Vw , v ∈ Vc ,
(1)
Texec (w, v) = ∑
p
where α (t) is the number of concurrent modules on node
v during ∆t, δw (t) = α p(t) ∆t denotes the amount of partial
module execution completed during time interval [t, t + ∆t]
when α (t) remains unchanged, and λw (zw ) = ∑ δw (t) is the
total computational requirement of module w. Similarly, we
use Ttran (e, l) to denote the data transfer time of dependency
edge e over network link l:
β (t) · δe (t)
Ttran (e, l) = ∑
+ d, ∀ e ∈ Ew , l ∈ Ec ,
(2)
b
where β (t) is the number of concurrent data transfers over link
l during ∆t, δe (t) = β b(t) ∆t denotes the amount of partial data
transfer completed during time interval [t, t + ∆t] when β (t)
remains unchanged, and ze = ∑ δe (t) is the total data transfer
size of dependency edge e. Due to the dynamics in concurrent
workload on nodes and concurrent traffic over links, both α (t)
and β (t) are time-varying in nature and their distributions
generally do not exist in a continuous form, which renders
standard mathematical solvers inapplicable.
End-to-end Delay (ED) or latency, is the total completion
time of the entire workflow. Once a mapping scheme is determined, ED is calculated as the total time cost incurred on the
critical path (CP), i.e. the longest path in the DAG. We denote
the set of contiguous modules on the CP that are allocated to

q−1

q−2

q−1

α j (t)·δw j (t)
pP[i]

= ∑ Tgi + ∑ Te(gi ,gi+1 ) = ∑
∑
∑
i=0
i=0
i=0 j∈gi , j≥1


q−2
βe(g ,g ) (t)·δe(g ,g ) (t)
i i+1
+ ∑ ∑ i i+1b
+ dP[i],P[i+1] ,
P[i],P[i+1]

(3)

i=0

where e(gi , gi+1 ) denotes the dependency edge from group gi to
gi+1 mapped to link lP[i],P[i+1] between nodes vP[i] and vP[i+1] .
Frame Rate (FR) or throughput, i.e. the inverse of the global
Bottleneck Time (BT) of a workflow, is the data production rate
at the last module. We maximize FR to produce the smoothest
data flow in streaming applications. The BT TBT could be either
on a computing module or a dependency edge, computed
 as:
Texec (wi , vi′ ),
TBT (Gw mapped to Gc ) =
max
wi ∈Vw ,e j,k ∈Ew Ttran (e j,k , l j ′ ,k′ )
=

max

wi ∈Vw ,e j,k ∈Ew
vi′ ∈Vc ,l j′ ,k′ ∈Ec




∑
∑

vi′ ∈Vc ,l j′ ,k′ ∈Ec

αi (t)·δwi (t)
,
p i′
.
β j,k (t)·δe j,k (t)
+ d j′,k′
b′ ′

(4)

j ,k

We assume that the inter-module communication cost on
the same node is negligible. Since the execution start time
of a module depends on the availability of its input data, the
modules assigned to the same node may not run simultaneously.
This is also true for concurrent data transfers over the same link.
The mapping problem is formally defined as follows:
Definition 1: Given a DAG-structured computing workflow
Gw = (Vw , Ew ) and a heterogeneous computer network Gc =
(Vc , Ec ), we wish to find a mapping scheme that assigns each
computing module to a network node such that the mapped
workflow achieves:


1
MED =
min
(TED ) , MFR =
max
.
all possible mappings
all possible mappings TBT
B. Pipeline Mapping [8]–[11]
Linear pipelines are a special case of the general DAGstructured workflows. In pipeline mapping, we categorize the
problem into six classes with two optimization objectives and
three network constraints as shown in Fig. 1: MED/MFR with
No Node Reuse (NNR), Contiguous Node Reuse (CNR), or
Arbitrary Node Reuse (ANR). Here, “contiguous node reuse”
means that multiple contiguous modules along the pipeline may
run on the same node and “arbitrary node reuse” imposes no
restriction on node reuse. These mapping problems and their
2

complexities are tabulated in Fig. 2.
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Complexities of six pipeline mapping problems.

C. DAG-structured Workflow Mapping [13], [14], [44]
Before proceeding to workflow mapping, we wish to determine whether or not a workflow stabilizes and if it does,
how long it takes to stabilize. We make conjectures upon three
possibilities of stability: (i) stable, if the last module stabilizes
and produces final outputs at a constant rate; (ii) semi-stable, if
the interval of final outputs exhibits a periodic pattern; and (iii)
unstable, if the output interval is completely unpredictable. We
rigorously prove that a one-to-one mapped workflow stabilizes
after the global bottleneck time TBT of the entire workflow, and
extend this stability result to arbitrarily mapped workflows [14].
Mapping DAG-structured workflows to heterogeneous networks is well known to be NP-complete in a general form [45].
For MED, we first design an algorithm, extED, to calculate the
exact execution time of each module and data transfer time over
each edge by determining the number of concurrent module
executions and data transfers, respectively. We then propose
an improved Recursive Critical Path (impRCP) algorithm [13],
which recursively chooses the Critical Path (CP) based on the
previous round of calculation and maps it to the network using
a DP-based procedure until the results converge to an optimal
or suboptimal point as illustrated in Fig. 4. For those branch
modules, we develop an A∗ search- and Beam Search-based
heuristic algorithm to find their corresponding mapping nodes.

We propose a set of mapping algorithms, Efficient Linear
Pipeline Configuration (ELPC), for pipeline mapping under different constraints, in which a polynomial-time optimal solution
is designed to solve MED-ANR using a Dynamic Programming
(DP)-based procedure. Let T j−1 (vi ) denote the MED with the
first j modules mapped to a path from the source node vs to
node vi in the network. We have the following recursion leading
to the final solution
T m−1 (vd ):


λw

(z j−2, j−1 )

T j−2 (vi ) + j−1 pi



= min 
,
λw
(z j−2, j−1 )
z
j−1
+ j−2,
+
d
min
T j−2 (vu ) + j−1 pi
u,i
bu,i
vu ∈pre(vi )

(5)

where pre(vi ) denotes the set of preceding neighbor nodes of
node vi . Since there is no concurrent node sharing in pipeline
mapping with an unitary input, Eq. 5 does not contain α , β ,
and δ . As shown in Fig. 3, modules are listed in order along
the horizontal axis and nodes are arranged along the vertical
axis. Each cell T j−1 (vi ) in the DP table represents an optimal
mapping solution that maps the first j modules in the pipeline
to a path between vs and vi in the network.
mapping the first j modules (w0,…, wj-1) to a network path from vs to vi
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We show that MED/MFR-NNR/CNR are NP-complete by
reducing to them from the problem of finding two vertexdisjoint paths in a directed graph and also prove that these
problems cannot be approximated by any constant factor, unless
P = NP [9], [10]. We prove MFR-ANR to be NP-complete by
reducing from the Widest path with Linear Capacity Constraints
(WLCC) problem [43]. We develop heuristic solutions by
adapting the optimal DP-based method for MED-ANR to the
rest five NP-complete problems with appropriate modifications:
for MED-CNR, we skip the cell of a neighbor node (slanted
incident link) in the left column whose solution (path) involves
the current node to ensure a loop-free path; for MED-NNR,
we further skip the immediate left neighbor cell (horizontal
incident link) to ensure that the current node has never been
reused. The steps for MFR problems are similar to those for
their corresponding MED problems, but with focus on BT
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For MFR, we propose a Layer-oriented DP mapping algorithm, LDP, to achieve MFR by identifying and minimizing the
global BT TBT of the workflow [14]. The key idea of LDP is
to first sort a DAG-structured workflow in a topological order
and then map computing modules to network nodes on a layerby-layer basis, while taking into consideration both module
dependency and node connectivity as illustrated in Fig. 5, where
the horizontal coordinates represent the sequence numbers of
topologically sorted modules (using the priority to break a tie
within the same layer), and the vertical coordinates represent
the network nodes starting from source to destination. We also
propose a greedy version of LDP, referred to as Greedy LDP,
to reduce the search complexity of the original LDP algorithm.
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We also successfully decentralize these mapping algorithms
to improve the scalability and adapt them to faulty network
environments to provide a guaranteed level of reliability [44]
in addition to satisfying the end-to-end optimization goals.
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algorithms, and the average MFR speedup over the other
algorithms is around 25%. To further investigate the robustness
of Greedy LDP, we randomly generate 500 problem instances
with different topologies and sizes. For each algorithm, we
calculate and plot the mapping success rate in Fig. 14, defined
test cases with valid mapping schemes
× 100%. We observe
as the number of
the total number of test cases
that Greedy LDP has a success rate around 98% while the other
algorithms have a success rate around 80%, which indicates
that Greedy LDP has a stable mapping performance due to its
consideration of module dependency and network connectivity.

C ONTRIBUTIONS

For pipeline mapping, we conduct simulation-based performance comparison between ELPC, Streamline [27], and Naive
Greedy algorithms with various mapping constraints under 20
different problem sizes, indexed from 1 to 20. We plot the
performance measurements of MED and MFR produced by
these three algorithms in Figs. 6, 8, and 10, and Figs. 7, 9 and
11, respectively. We observe that ELPC exhibits comparable
or superior performances in terms of MED and MFR over the
other two algorithms in all the cases we studied.
For DAG-structured workflow mapping, we adapt and implement three existing methods for comparison, namely, Greedy
A∗ [41], Streamline [27], and Greedy, and conduct performance
evaluations using both simulations and experiments.
In the simulations, we generate workflows and networks by
randomly varying the parameters within a suitably selected
range of values, represented by a four-tuple (m, |Ew |, n, |Ec |):
m modules, |Ew | dependency edges, n nodes, and |Ec | network
links. The MED measurements in 15 problem sizes indexed
from 1 to 15 are plotted in Fig. 12, where we observe that
the proposed impRCP algorithm consistently outperforms all
other mapping algorithms and the average MED speedup over
the other algorithms is around 10%. The speedup of solution A
over solution B is defined as | B−A
B | × 100%. We also investigate
the MFR performance of the proposed Greedy LDP in 20
problem sizes indexed from 1 to 20 and plotted the performance
measurements in Fig. 13. Greedy LDP consistently exhibits
comparable or superior MFR performances over the other
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In the experiments, we set up a wide-area network testbed
consisting of 12 PC workstations with different hardware
configurations. We create an arbitrary network topology by
configuring a different firewall setting on each computer and
using the Linux traffic control command “tc” to allocate a
different bandwidth along each overlay link. We implement
and deploy a Condor/DAGMan-based workflow management
4

Percentage of valid mapping results

100%

simulation program in [46], which overlays a workflow on a
network based on a given mapping scheme and visually illustrates the dynamic execution process as shown in Fig. 18, where
squares, circles, and shadowed rectangles represent modules,
nodes, and datasets being processed, respectively; (iii) expED,
an experimental measurement using SWAMP.
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system, Scientific Workflow Automation and Management Platform (SWAMP) [15], [16], in the network testbed to evaluate
the performance of different mapping algorithms.
We integrate the proposed impRCP and Greedy LDP algorithms into SWAMP to run a large-scale scientific application,
Spallation Neutron Source (SNS) [2], in a real network environment. The SNS data analysis process includes two basic
modules, i.e. data rotation and data rebinning, and six auxiliary
modules. The experimental dataset used in this study contains
160 energy slices, each of which contains 61 runs of reduced
data. For each energy slice, we create a separate workflow that
rotates the data of 61 runs in parallel and then performs a
concatenation operation on the rotated data. We run a single
component SNS workflow with 10 different input data sizes and
measure its MED using impRCP and the Condor/DAGMan’s
default mapping scheme. Since the default Condor/DAGMan
uses a centralized data forwarding mechanism, we adopt Stork
in SWAMP to implement a distributed execution model for
impRCP. The MED measurements plotted in Fig. 15 show that
impRCP consistently achieves a smaller MED than the default
Condor/DAGMan. The differences between these two methods
are not significant for small input data sizes because Stork
itself runs as an individual job and introduces extra overhead
during file transfer, but the advantage of impRCP becomes more
obvious for large input data sizes because impRCP optimizes
the entire workflow mapping and avoids redundant file transfers
between execution and submission nodes in Condor/DAGMan.
We run SNS streaming experiments on the same datasets
to compare MFR among different mapping algorithms. The
performance curves produced by Greedy LDP, Greedy A∗ and
Greedy are plotted in Fig. 16. Note that Streamline cannot
find a feasible mapping scheme in some cases and hence its
performance measurements are not plotted.
To verify the accuracy of extED, we compare it with: (i)
appED, an approximate estimate used in [12]; (ii) SDEDS

A running example of a small-scale workflow in SDEDS.

We randomly generate 10 cases, in each of which, we run
impRCP to compute a mapping scheme, based on which, we
calculate the theoretical values of extED and appED. We then
simulate the execution of the mapped workflow in SDEDS
to collect simED measurements, and also deploy it through
SWAMP in the real network to collect expED measurements.
We plot the ED calculations or measurements in Fig. 17 and
observe that extED is very close to the SDEDS-based simED
and SWAMP-based expED, which indicates (i) the accuracy
of the extED calculation, (ii) the validity of the cost models,
(iii) the accuracy of the objective functions, and (vi) the
correctness of the SDEDS and SWAMP implementation. The
appED solution requires much less execution time, and hence
could be applied to applications that do not require a high level
of accuracy but a prompt response.
In sum, our work lays down a solid mathematical foundation
for the analysis and control of system dynamics of large-scale
scientific workflows: (i) The complexity analysis (including
both NP-completeness and non-approximability proofs) provides a deep insight into the difficulty of workflow mapping
problems, which essentially arises from the topological matching nature in the spatial domain, and is further compounded by
the resource sharing complicacy in the temporal dimension. (ii)
The stability analysis helps us understand the conditions under
which a distributed workflow system stabilizes and provides
practical guidelines to the design of stable workflow systems.
(iii) The mapping optimization solutions represent the state of
the arts in this domain and their low polynomial-time computational complexity ensures the scalability of the system in coping
with large network sizes and complex workflow structures. (iv)
The workflow system with these integrated mapping algorithms
has demonstrated salient features in improving the end-to-end
performance of real-life scientific applications in wide-area
network environments.
5
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