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Abstract— Efficient and robust data streaming and in-transit
data manipulations are critical requirements of emerging scientific and engineering application workflows, which are based
on seamless interactions and coupling between geographically
distributed application components. The overall goal of this
research is to address these requirements and develop a data
streaming and in-transit data manipulation service. In this paper,
we experimentally investigate reactive management strategies
for in-transit data manipulation, as well as cooperative endto-end management for wide-area data-streaming and in-transit
data manipulation for data-intensive scientific and engineering
workflows.

I. I NTRODUCTION
The Grid cyberinfrastructure is rapidly enabling new data
intensive scientific and engineering application workflows,
which are based on seamless interactions and coupling between geographically distributed application components. For
example, a typical fusion simulation consists of coupled codes
running simultaneously on separate HPC resources at supercomputing centers, and interacting at runtime with additional
services for interactive data monitoring, online data analysis
and visualization, data archiving, and collaboration. A key
requirement of these applications is the support for asynchronous, high-throughput low-latency robust data streaming
between the interacting components. The fusion codes, for
instance, require continuous data streaming from the HPC
machine to ancillary data analysis and storage machines.
Moreover, these data-streaming services must deal with high
data volumes and data rates, have minimal impact on the
execution of the simulations, deal with natural mismatches
in the ways data is represented in different program components and on different machines, be able to “outsource” data
manipulation and transformation operations to less expensive
commodity resources in the data path while satisfying stringent
application/user space and time constraints, and guarantee
that no data is lost. Satisfying these requirements presents
many challenges, especially in large-scale and highly dynamic
environments with shared computing and communication resources, resource heterogeneity in terms of capability, capacity
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and costs, and where application behaviour, needs, and performance are highly variable.
The overall goal of this research to develop a data streaming
and in-transit data manipulations service that provides the
mechanisms as well as the management strategies for data
intensive scientific and engineering workflows to addresses
the requirements outlined above. In our previous work we
addressed efficient and robust wide-area data streaming, and
developed autonomic management strategies based on online
control [1]. The developed service minimizes overheads on
the simulations, provided proactive model-based Quality of
Service (QoS) control at the data source, and avoids loss of
data.
In this paper, we address in-transit data manipulation and
transformation using resources in the data path between the
source and the destination. The specific objectives of this paper
are (1) to experiment with reactive management strategies for
in-transit data manipulation, and (2) to investigate the coupling
of these strategies with the application level self-managing
data streaming service developed in our previous work, to create a cooperative management framework for wide-area datastreaming and in-transit data manipulation for data-intensive
scientific and engineering workflows. This research is driven
by the requirements for the Department of Energy (DOE)
Scientific Discovery through Advanced Computation Solicitation (SciDAC), Center for Plasma Edge Simulation (CPES)
Project [2] and the Grid-based coupled fusion simulations that
are used in the experiments presented in this paper.
The rest of this paper is organized as follows. Section II
describes the driving Grid-based fusion simulation project and
highlights its data streaming and in-transit data processing
challenges and requirements. Section III presents the overall architecture of the proposed data streaming service and
the cooperative management framework, and summarizes our
previous work on autonomic application level data streaming
using model based online control. Section IV describes the intransit data manipulation framework and presents experimental
evaluations of various strategies for managing the in-transit
operation and cooperative end-to-end management. Section V
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presents related work. Section VI concludes the paper and
presents future work.
II. T HE F USION S IMULATION P ROJECT AND ITS DATA
S TREAMING R EQUIREMENTS
A. Fusion Simulation Workflow
The overarching goal of the DOE SciDAC CPES fusion
simulation project [2] is to develop a new integrated Gridbased predictive plasma edge simulation capability to support
next-generation burning plasma experiments, such as the International Thermonuclear Experimental Reactor (ITER). Effective online management and transfer of the simulation data
is a critical part for this project and is essential to the scientific
discovery process. It consists of coupled simulation codes, i.e.,
the edge turbulence particle-in-cell (PIC) code XGC coupled
with Nimrod and the microscopic MHD code (M3D), which
run simultaneously on thousands of processors on separate
HPC resources at possibly distributed supercomputing centers.
The data produced by these simulations must be streamed at
runtime, to remote sites, for online simulation monitoring and
control, simulation coupling, data analysis and visualization,
online validation, and archiving. Furthermore, the data may
have to be processed enroute to the destination as the data
may have to transformed to match the coordinate system,
representation, format, distribution and mapping, etc., of the
destination node. Similarly, features of interest may need to be
extracted and processed enroute to visualization or monitoring
applications.
B. Data Streaming and In-Transit Processing Requirements
The fundamental requirement for a wide area data streaming
and in-transit data processing service is to efficiently and
robustly stream data from live simulations to remote services
while satisfying the following constraints: (1) Enable highthroughput, low-latency data transfer to support near real-time
access to the data. (2) Minimizing overheads on the executing
simulation. The simulation executes in batch for days and we
would like the overhead of the streaming on the simulation
to be less than 10% of the simulation execution time. (3)
Adapting to network conditions to maintain desired QoS. The
network is a shared resource and the usage patterns typically
vary constantly. (4) Handle network failures while eliminating
loss of data. Network failures usually lead to buffer overflows,
and data has to be written to local disks to avoid loss. This
increases the overhead in the simulation. Further, the data
is no longer available for remote analysis. (5) Effectively
schedule and manage in-transit processing while satisfying the
above requirements - this is particularly challenging due to the
limited capabilities and resources and the dynamic capacities
of the typically shared processing nodes.

Fig. 1. Conceptual overview of the self-managing data streaming and intransit processing service.

two key components: The first is an application level data
streaming service, which provides adaptive buffer management
mechanisms and proactive QoS management strategies based
on online control and user-defined polices, at application endpoints. The second component provides scheduling mechanisms and adaptive runtime management strategies for intransit data manipulation and transformation. These two components work cooperatively to address the overall application
constraints and QoS requirements outlined in Section II-B.
The first component has been addressed in our previous
work [1] and is briefly summarized below. This paper focuses
on the second component and experiments with different in
network processing strategies as well as their couplings with
the application level mechanisms.
A. Application Level Data Streaming

Fig. 2.

III. A S ELF -M ANAGING S ERVICE FOR DATA S TREAMING
AND I N -T RANSIT P ROCESSING
A conceptual overview of the self-managing data streaming
and in-transit processing service for Grid-based data intensive
scientific workflows is presented in Figure 1. It consists of

A self-managing application level data streaming service.

The application level self-managing data streaming service
combines model-based limited look-ahead controllers (LLC)
and rule-based autonomic managers with adaptive multithreaded buffer management and data transport mechanisms at
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the application endpoints. It is constructed using the AccordWS infrastructure for self-managing Grid services [3] and
supports high throughput, low latency, robust application level
data streaming in wide-area Grid environments as demonstrated in [1]. The autonomic data streaming service is illustrated in Figure 2 and consists of a service manager and an
LLC controller. The service manager monitors the state of the
service and its execution context, collects and reports runtime
information, and enforces the adaptation actions determined by
its controller. Augmenting the element manager with an LLC
controller allows human defined adaptation polices, which may
be error-prone and incomplete, with mathematically sound
models and optimization techniques for more robust selfmanagement. Specifically, the controller decides when and
how to adapt the application behavior and the service managers
focus on enforcing these adaptations in a consistent and efficient manner. The structure of the LLC-based online controller

the service. For example, the controller decides the amount
of data to be sent over the network or to local storage,
and the service manager uses the controllers advise to select
the corresponding buffer management scheme to be used
within the data streaming service to achieve this. The element
manager can also adapt the data streaming service to send
data to local storage rather than streaming it to a remote site
when the network is congested. Experimental evaluation of the
application level data streaming service in a wide area Grid
environment demonstrate its scalability, stability, its ability to
effectively maintain application QoS and avoid data loss, as
well as its low overheads on the simulation [1].
B. In-Transit Data Manipulations

Fig. 4.

Fig. 3. Design of the LLC controller for an application level data streaming
service.

is shown in Figure 3. The figure shows the key operating
parameters for the controller at simulation node ni at time
step k which are as follows. (1) State variable: The current
average buffer size at ni denoted as qi (k). (2) Environment
variables: λi (k) denotes the data generation rate into the buffer
qi and B(k) the effective bandwidth of the network link from
source to the sink. (3) Control or decision variables: Given
the state and environment variables at time k, the controller
decides ωi (k) and μi (k), the data-transfer rate over the remote
storage (Data Grid) and to the local storage respectively [1].
The objective of the controller denoted by q ∗ is to keep the
%buffer occupancy qi (k) (%data blocks in the buffer) at zero.
Note that qi (k) should be less than 100% so that the buffer
does not overflow.
The self-managing service behaves as follows. The element
manager supplies the LLC controller (as shown in Figure 2)
with information about the internal state of the application
and the environment, which includes the observed buffer size,
simulation-data generation rate, and the network bandwidth.
When the controller detects congestion due to a decrease in
parameter B(k), it advises the service manager to increase
ωi (k) and decrease μi (k) to avoid loss of simulation data.
The element manager contains the set of rules, which are
invoked based on the controller’s advice or decisions to adapt

Architecture of an in-transit node.

The in-transit data manipulation framework consists of a
dynamic overlay of available in-transit processing nodes (e.g.,
workstations or small to medium clusters) with heterogeneous
capabilities and loads. Note that these nodes may be shared
across multiple workflows. The conceptual architecture of a
node is illustrated in Figure 4. Each node performs three steps,
viz., processing, buffering and forwarding. The processing
depends on the capacity and capability of the node and the
amount of processing that is still required. The basic idea is
that each node completes at least its share of the processing
(which may be predetermined or dynamically computed) and
can perform additional processing if the network is too congested for forwarding. The amount of processing completed
is logged in the data block itself. The goal of the in-transit
processing is to process as much data as possible before the
data reaches the sink. A processing that is not completed intransit will have to be performed at the sink. The current
design of the framework assumes that each node can perform
any of the required data manipulations functions. Each intransit node maintains a buffer associated with each flow.
The structure of this buffer is shown in Figure 5. The buffer
has a fixed size and wraps around once it fills up. The
data input rate at each in-transit node is the amount of data
queued at the buffer per second and the buffer drainage rate
is proportional to the network connectivity of the outgoing
link. The buffering algorithm at the node is reactive in that
it attempts to dynamically adjust to the buffer input and
buffer drainage rates. It does this by aggregating the blocks of
data that have accumulated since the start of the transfer and
transfers this aggregated block of data in the next transmission.
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this case, rather the node attempts to further process the data
block. The heuristic used is based on %Buffer Occupancy, i.e.
the %data blocks stored in the buffer - when a node’s buffer
occupancy exceeds a certain threshold; the node decides to
perform additional computation on the data blocks. This is
illustrated in Figure 6. The rationale is that subsequent intransit nodes downstream or the sink will then have to perform
a smaller processing, which will offset the increased latency
due to congestion.
C. Cooperative Self-Management: Coupling Application Level
and In-Transit Management
Fig. 5.

Adaptive buffering at the in-transit node.

The size of the block transferred thus depends on the network
connectivity and the transfer time of the previous transfer. Data
transmission is multi-threaded and the number of transmission
threads is controlled dynamically. Depending on the data input
and drainage rates, the following situations can occur:
• Input rate exceeds drainage rate: In this situation the node
attempts to maximize the data sent out by increasing
the level of multi-threading at the transmission layer and
improves throughput.
• Input rate is approximately equal to the drainage rate: In
this situation new data accumulates in the buffer during
each transfer. The first transfer will be the first data
block queued, and the subsequent transfers will consist of
blocks aggregated during the previous transfer. The buffer
management scheme subsequently achieves equilibrium
on the number of blocks transferred.
• Input rate is smaller than the drainage rate: In this
situation, if the buffer manager encounters an empty
buffer, it waits until more data is queued.

Fig. 6. Adaptive processing of data at in-transit nodes in response to network
congestions.

The operation of an in-transit node is a follows. Each
incoming data block is first processed, then queued in the
buffer and finally forwarded to the next stage. Thus, the time
spent by a data block at each in-transit node is thus the
sum of the processing time (tp ), buffering time (tbuf f ) and
forwarding time (tf ). During congestion, tbuf f can sharply
increase in relation to tp and tf . Since congestion can cause
buffer overflows and loss of data at the in-transit nodes. In

Fig. 7. Application level management in response to network congestions
(without coupling).

The application level and in-transit management can be
coupled to achieve cooperative end-to-end self-management.
Coupling is beneficial particularly in cases of congestion,
which normally occur at one of the shared links in the data
path between the sources and sink nodes.
In the standalone case as illustrated in Figure 7, if application level management was used in isolation, the application
level controller would detect the congestion by observing a
decrease of parameter B(k), and it would advise the service
manager to increase ωi (k) and decrease μi (k), i.e., to reduce
the amount of data sent on the network and increase the
amount of data written to the local storage thereby avoiding
data loss. While this would eventually reduce the congestion
in the data path, it would require that the data blocks written
to the local storage be manually transferred to and processed
at the sink.
However in the coupled scenario (see Figure 8), the intransit node signals the controller at the source in response
to local congestion that it detects by observing its buffer
occupancy and sends it information about its current buffer
size. This allows the application level controller to detect
congestion more rapidly, rather than have to wait until the
congestion propagates back to the source, and in response, it
increases its qi (k) (or in turn q ∗ ) to a value higher than zero
so as to throttle items in its buffer till the congestion at the
in-transit nodes is relieved. This, in turn, reduces the amount
of data that is written to the local disk at the source.
IV. I MPLEMENTATION AND E XPERIMENTS
This section presents experiments using the cooperative
self-managing data streaming service as part of a fusion
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Fig. 8.
Cooperative end-to-end management - in-transit node signals
application controller about network congestions (with coupling).

generation rates at the simulation end [1]. DTS uses a generic
high performance transfer library for transferring data from
simulation machines and is based on Logistical Networking
(LN) [5].
The Data Analysis Service (DAS) operating at PPPL and
Rutgers consists of the Processing Service (PS), Reactive
Buffer Management Service (BMS) and Data Transfer Service (DTS). DAS consumes data blocks streamed from the
simulation or adjacent DAS services, and after applying the
right PS it forwards them to the following DAS. Three intransit processing functions were used in these experiments,
viz., sorting, scaling and FFT, each of which could be run
on any of the in-transit nodes. The experiments conducted are
presented below.
A. Normal operation of DAS without congestion

Fig. 9.

The fusion simulation workflow used in the experiments.

workflow. The overall application setup is shown in Figure 9.
It consists of the Simulation Service (SS), i.e., the GTC
fusion simulation, which runs at NERSC (CA) and ORNL
(TN), and streams data for analysis to PPPL (NJ) and final
data archiving at Rutgers University (NJ). The simulation
service (SS) executes on 32 to 256 processors on “Seaborg”,
an IBM SP machine at NERSC, and on 256 processors
on “RAM”, an SGI Altix machine. The Autonomic (selfmanaging) Data Streaming Service (ADSS) is co-located with
the SS at NERSC and ORNL. The in-transit processing is
performed by the Data Analysis Service (DAS) located at the
in-transit nodes at PPPL and Rutgers. Data Archiving Service
(ArchS) is also located at Rutgers which is referred to as
the sink or data consumer. Three in-transit nodes were used
in these experiments. These included 32 AMD Athlon MP
2100+ processors (“gridn” cluster), 4 dual-core AMD Opteron
processors (“portalx” cluster) both located at PPPL and a 64
processor Intel Pentium (1.70GHz) Beowulf cluster (“Frea”)
located at Rutgers. Note that there is a 155 Mbps (peak)
ESNET [4] connection between PPPL and NERSC and a 100
Mbps network connection between PPPL and Rutgers.
The ADSS service consists of a Controller based Buffer
Management Service (CBMS), which contains an LLC online
controller, and a Data Transfer Service (DTS). The controller
interval for the CBMS was set to 80 seconds based on the data

Fig. 10. Breakup of the %time spent at the each of the services comprising
the DAS per data block.

This experiment evaluates the behavior of DAS at the intransit nodes during normal operation, i.e., when there is no
congestion. Figure 10 plots the average relative times spent
per data block on each of the three component services, i.e.,
processing (PS), buffering (BMS) and forwarding (DTS). As
seen from the figure, processing time (i.e., PS) is 80% on
average, buffering time (i.e., BMS) is 3.2% on average, and
forwarding time (i.e., DTS) is 17.8% on average. Buffering
time mainly denotes the idle time for the data block in the
DAS. Note that during the initial phases of the experiment, it is
observed that the BMS time is significantly higher because of
initial buffer warm up. This experiment provides the baseline
for the experiments presented below.
B. Operation of the DAS during congestion but without adaptation
In this experiment, congestion was introduced between
PPPL and Rutgers using the Trickle library [6], and the
experiments conducted above were repeated. Figure 11 once
again plots the average relative times spent per data block on
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each of the three component services, i.e., processing (PS),
buffering (BMS) and forwarding (DTS). The plots show that
during congestion, the forwarding time increases significantly
when compared to the normal operation case (i.e., Figure 10)
and accounts for 41.64% of the total time. The buffering
time (i.e., BMS) also increases as expected. Since there is no
adaptation, the processing component (i.e., PS) remains the
same but only accounts for 33% of the total time in this case.

time increases correspondingly as expected. The adaptation
does not effect the forwarding (DTS) time. The effects of
the adaptation can be seen in Figure 12. In this figure, the
buffering (BMS) time (thick lines in the graph) reduces from
an average of 1.2 seconds in the case without adaptation to an
average of 0.06 seconds with adaptation. The overall time per
data block in the DAS is slightly reduced from 4.83 seconds
to 4.53 seconds as data blocks would have to be written to
high latency local storage without adaptation.

Fig. 11. Breakup of %time spent at the each of the services comprising the
DAS per data block during congestion and no adaptation.

Fig. 13. Breakup of %time spent at the each of the services comprising the
DAS per data block during congestion with adaptation.

D. Operation of ADSS with and without coupling

C. Operation of DAS during congestion with adaptation

Fig. 14.
Fig. 12. Effects of adaptation on DAS during congestion - buffering or idle
time reduced significantly.

This experiment modifies the experiment above to introduce adaptation at the in-transit nodes, i.e., the DAS service
adaptively processes data in its buffers when it observes the
%buffer occupancy is above 60%. As seen in Figure 13,
the buffering (BMS) time decreases and the processing (PS)

ADSS behaviour with and without coupling.

This experiment evaluates the end-to-end behavior of the
application level ADSS service with and without cooperative
management and coupling with the in-transit DAS service. The
cumulative data transferred for different controller intervals
for the two cases are plotted in Figure 14. Since congestion
events sent by the in-transit nodes cause ADSS to buffer data
blocks rather than having them written to local storage, the
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effective cumulative data transferred during congestion (i.e.,
controller intervals 9-20) drops. Figure 15 plots the average

Fig. 16. Quality of data received at sink during congestion without adaptation
at in-transit nodes.
Fig. 15.

Average %Buffer Occupancy at the in-transit nodes with coupling.

%buffer occupancy at an in-transit node (averaged over the
three in-transit nodes used in the experiments) before, during
and after congestion for this experiment. The average %buffer
occupancy before the congestion is between 48.2% and 51%,
which corresponds to normal operation (slight increase is due
to the overheads of adaptation). During congestion, ADSS
decides to throttle data blocks in response to congestion events
from the in-transit nodes. This causes the average %buffer
occupancy to decrease to about 60.8%. Without throttling
and coupling, the average %buffer occupancy is significantly
higher above 80%. Higher buffer occupancies at the in-transit
nodes may lead to failures and result in data being dropped,
and can impact the QoS at the sink. After the congestion
clears and ADSS stops throttling data, the average %buffer
occupancy at the in-transit nodes resets to around 50-57%.
E. Effect of adaptations at in-transit nodes on the quality of
data received at sink
This experiment measures the quality of data received at
the sink, in terms of the number of processing functions
completed, with congestion and with and without in-transit
adaptations. The higher the number of processing functions
completed, the higher the quality and utility of the data to
the sink. The quality of data without adaptations is plotted in
Figure 16. It can be seen from the plot that during congestion,
the cumulative amount of data received at the sink with 3
processing functions (PS) applied is 0 MB, while the cumulative amount of data received with 2 processing functions (PS)
applied is around 300 MB. In contrast, when adaptation at
the in-transit nodes are turned on in Figure 17, the cumulative
amount of data received at the sink with 3 processing functions
(PS) applied is around 232 MB. Higher data quality can
save significant time at the sink. For example, if the average
processing time per data block is 1.6 sec, adaptations save
about 372 sec (approx. 6 minutes) of processing time at the
sink.

Fig. 17. Quality of data received at sink during congestion with adaptation
at in-transit nodes.

F. Effectiveness of end-to-end cooperative management
This experiment measures the cumulative amount of data
that is not delivered on time to the sink with only application
level management and with end-to-end cooperative management. This is plotted in Figure 18. In all cases, when there is
no congestion, all data blocks reach the sink. However, when
there is congestion, if only application level management is
used, about 399 MB does not reach the sink. When cooperative
management is used, this drops to around 294 MB.
V. R ELATED W ORK
Data Grids [7] and related research efforts such as SRM [8]
have focused on the management and transport of large volumes of data for visualization and analysis. Traditionally data
movement in Grid systems has been done using specialized
protocols such as GridFTP [9], Internet Backplane Protocol
(IBP) [10], bbcp [11] and SABUL [12], which define file
management and transfer protocols for general-purpose secure,
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Fig. 18. Cumulative amount of data that does not reach the sink in time
with and without cooperative management.

reliable data movement in Data Grids. These efforts focus only
on data movement and not on in-transit data manipulations,
and are complementary to this work. There is also some
existing work addressing scientific data manipulation, such
as DataCutter [13], which focuses more the partitioning and
distribution of out-of-core computation, rather than scheduling,
runtime and QoS management. Research efforts addressing
Grid workflows, such as Pegasus [14], Sphinx [15], GridBus [16], GridAnt [17] and myGrid [18], focus on constructing
end-to-end Grid applications. These efforts have addressed
QoS issues related to workflow execution using cost based
scheduling, brokering, and negotiation using Grid Quality of
Service Management (G-QoSm). The work presented in this
paper is complementary to these efforts and can be used in
combination with them. The systems that are most related
to this work are adaptive Grid workflow systems, such as
Active Buffering [19] and Autoflow [20], which address issues
of data streaming and/or in-transit processing. Our approach
however differs from these in that it develops a cooperative two
level approach that is specifically targeted to address both data
streaming and in-transit manipulations for Grid workflows.
VI. C ONCLUSION
This paper presented the two level self-managing framework
for in-transit manipulations of data in scientific workflows.
The first level uses application level online controllers for
high throughput data streaming while the second level of
management operating at the in-transit nodes uses reactive
strategy for processing data. It was found that this two level
cooperative scheme achieves good QoS management for realworkflows involving the GTC application even during network
congestions. In future we will investigate various strategies
involving utility and micro-economic principles for scheduling
in-transit computations in Grid workflows.
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