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Abstract—Many high-end computing applications in critical
areas of science and technology are becoming more and more
data intensive. These applications transfer large amounts of
data from storage nodes to compute nodes for processing,
which is costly and bandwidth consuming. The data movement
often dominates the applications’ run time. Active storage
provides a promising solution for these applications by moving
appropriate computations from compute nodes to storage
nodes. The prior research has achieved considerable progress
and developed several active storage models. However, the
existing studies have neglected the influence of data dependence
on the performance of active storage systems. This study shows
that the data dependence has a critical impact on active
storage, and the ignorance of dependence can lead to waste
of the precious bandwidth. To address this issue in active
storage, this paper also presents a new Dynamic Active Storage
(DAS) architecture that analyzes the bandwidth requirement
of operations, determines the applicability for active storage
requests, and optimizes data layout on servers to minimize
the bandwidth requirement. Experimental tests have been
conducted, and the results have confirmed that the proposed
DAS architecture outperforms existing active storage systems.
The DAS architecture reduces the data movement caused by
data dependence and improves applications’ performance over
existing schemes. It holds a promise for high performance I/O
system in high-end computing.
Keywords-dynamic active storage; active storage; high end
computing; data intensive computing; parallel I/O; parallel file
systems

I. I NTRODUCTION
The data volumes of many critical high-end computing
(HEC) applications in science and engineering, such as
astrophysics, geographic systems, climate modeling and
weather forecasting, medical image processing, and highenergy physics, have grown considerably in complexity and
scale. For example, the data sizes of climate modeling,
combustion, and astrophysics simulations range from 100TB
to 10PB [25]. Most of these applications have data-intensive
components. The storage and analysis of data remain a
serious bottleneck for these data-intensive applications. Although there are many reasons, the most important one is
that the bandwidth between the compute nodes and the
storage nodes has not improved at the same rate as the
storage capacity of these systems and data requirements of
applications. The data explosion demands the rapid evolution
of storage technologies.

Active storage provides a promising solution to addressing the limited I/O bandwidth issue for HEC applications
with growing data demands [7, 19, 25, 32]. The essential
idea of active storage is to move computation close to
data and to reduce bandwidth requirement by offloading
appropriate data-intensive operations to storage nodes. Each
active storage node is responsible for processing its local
data, and then sends the results back to compute nodes
for further computation. It has been proven effective in
reducing bandwidth requirement and improving the system
performance [7, 19, 25, 32].
The desired applications’ access pattern for active storage
would be that there is no dependence among data from
different storage nodes, which means each active storage
node does not need to request dependent data from other
storage nodes when processing each local data element.
However, it is hard to meet such desired situation in practice.
For instance, in the fields of Geographic Information System
(GIS) and Medical Image Processing, many commonly used
operations, such as flow routing, flow accumulation [27]
and median filter, always require eight neighbor data items
to process each data element (except data elements on
boundary), as shown in Fig. 1. Due to the fact that a file
is distributed and stored in a striped manner in parallel file
systems, it is possible that the data elements required for
processing are distributed on different storage nodes. In this
case, the data intensive operation needs to request data from
other storage nodes if the file is not distributed in an ideal
manner. If active storage requests are carried out as normal,
it can potentially cost more bandwidth consumption than
normal processing and degrade the system performance because of excessive movement of dependent data. It is desired
for active storage systems to identify whether an operation
is suitable to be offloaded to the storage nodes for the best
system performance. If there is no performance gain or even
performance degradation than moving data to compute nodes
for processing, the active storage system should not offload
the request for the best system performance.
It is common that successive operations share the same
data dependence patterns in many data-intensive applications. For instance, the flow-accumulation operation always
follows the flow-routing operation. The flow-routing operation generates the same size intermediate terrain image with
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Figure 1. Example of Single Flow Direction Calculation in Flow Routing
(depending on 8 neighbor data items).

each cell filled with directions, and the flow-accumulation
operation consumes this intermediate image data to calculate
how much water would flow through each cell. They both
need to access 8-neighbor data elements to process the
data in the central cell [2, 27]. In such situation, if the
image data can be distributed in a reasonable method, the
flow-accumulation operation would be able to avoid data
movement caused by data dependence and fully leverage
the power of active storage systems. There is a great need
to have an active storage aware of data dependence and
arranging data in a proper manner for minimizing data
movement and bandwidth consumption.
In this paper, we propose a novel dynamic active storage
(DAS) architecture to address these issues. The fundamental idea is to dynamically determine operations that are
beneficial to be offloaded and processed on storage nodes
by analyzing the data dependence and communication cost
of operations. We have built a prototype for the proposed
DAS architecture. A bandwidth prediction core is embedded
in the prototype to make the decision for operations. To
further improve the active storage systems, an active storage
oriented data distribution model is integrated in the dynamic
active storage systems to minimize the data movement. The
experimental results have confirmed advantages of the dynamic active storage architecture over existing active storage
systems.
The rest of paper is organized as follows. Section II briefly
reviews related work in active storage, active disks, parallel
file systems, and runtime systems. In section III, we present
the proposed dynamic active storage architecture and discuss
its design and implementation. Experimental and analytical
results are presented in Section IV. Section V concludes this
study and discusses future work.

II. R ELATED W ORK
Extensive studies have focused on improving the performance of data-intensive HEC applications at various levels.
This section discusses existing studies along three lines:
disk-level improvements, file system level improvements,
and runtime system improvements.

Active disks or intelligent disks appeared in early
1990s [1, 3, 4, 8, 11, 12, 20, 23, 28] and were proposed
to address I/O bottleneck issue. An active disk or intelligent disk integrated a processing unit inside the disk,
and offloaded computations to embedded processing units.
Both hardware architectures [3, 8, 11] and programming
models [1, 20, 21] were studied to address the problem.
Keeton et al. first introduced the intelligent disks concept for
decision support systems by offloading computation to disks
that has increasing processing and RAM capability [11].
Acharya et al. proposed a stream-based programming model
for active disks [1]. Riedel et al. presented a detailed
analysis of active disks for scan-intensive applications that
search in database with large amounts of data [20]. These
active disks or intelligent disks, however, are designed to
explore the power of embedded processor, and have limited
computation-offloading capability. It is easy to see that active
storage provides a more powerful platform for the same
purpose.
B. File System Improvements for Data Intensive High-End
Computing
The idea of active storage is generated from active disks.
It is proposed in the context of parallel file systems to
serve the similar purpose with active/intelligent disks and
has gained increasing attention [7, 13, 14, 16–19, 22, 24, 30–
32]. Sivathanu et al. proposed an active storage prototype
where servers receive the service command from clients by
extending the RPC (Remote Procedure Call) diagram [22].
Ma et al. proposed an multi-view storage system architecture
with virtual file system technology to provide a flexible
active storage [13, 14]. Wickremesinghe et al. proposed a
method to assign the computation to storage nodes dynamically according to available resources to achieve system load
balance [30]. Felix et al. presented the first implementation
of active storage on Lustre file system [7]. Son et al.
proposed a more complete implementation of the active
storage on Parallel Virtual File System (PVFS) [25].
The active storage system is generally more powerful
than active disks or intelligent disks, and thus can offload
more computations to reduce data movement. A key research
issue for active storage is the communication between the
compute nodes (clients) and storage nodes (servers). Most
of existing studies have been concentrated on this issue, and
have achieved notable progress with several active storage
prototypes built.
All existing studies, however, have not considered the
problem of data dependence among storage nodes, as discussed in Section I. Such problem is common in many dataintensive applications. The proposed dynamic active storage
system in this paper aims to address this issue. The DAS
system determines whether an operation is suitable to be
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offloaded on the fly. In addition, it employs a new data
layout method for automatically distributing data in the way
of avoiding data dependence among storage nodes.

Active Storage Client
Parallel File System
Client

C. Runtime System Improvements for Data Intensive HighEnd Computing
Current parallel programming models and runtime systems are primarily designed for computation-intensive applications. These programming models include Message Passing Interface (MPI) [29], Global Arrays [15], and Unified
Parallel C [6]. These programming models and runtime systems focus on the memory abstractions and communication
mechanism among processes. I/O is treated as a peripheral
activity and often a separate phase in these programming
models and runtime systems. High-end computing systems
and high-throughput systems such as Condor [26] always
moves data to computation and have been observed bottlenecks for data intensive applications. The recent MapReduce
programming model and runtime system that move computation to data is an instant hit and have been proven effective
for many data-intensive applications [5]. MATE [10] is
another API based on MapReduce. Due to the programmermanaged reduction object, it has lower memory requirements
at runtime, and likely to achieve better performance than
MapReduce. Ex-MATE [9] provides an extension to MATE
supporting disk-resident reduction objects and updating them
efficiently. The MapReduce model, however, is typically
layered on top of distributed file systems such as Google
file system and Hadoop distributed file system. They are
not designed for high performance computing semantics and
analytics. MATE is designed under multi-core environment
and ex-MATE is specially designed for graph mining applications. The proposed dynamic active storage system inherits
the features of active storage and is designed specially for
high performance computing systems. It is more effective
than MapReduce in HPC environments.
III. DYNAMIC ACTIVE S TORAGE A RCHITECTURE
This section describes the proposed dynamic active storage (DAS) architecture. We first introduce the architecture
and then describe the core components in detail.
A. DAS Architecture
In high-end computing systems, there are two ways to
deploy storage and compute nodes in general. The first way
is to deploy storage nodes separately from compute nodes.
It can provide highly parallel I/O and is widely used in highperformance computing. The second approach is to collocate
storage and compute operations on the same node, which
is suitable for MapReduce/Hadoop distributed data-intensive
processing model. In this paper, we focus on the first model
as it is the mostly common architecture in HEC systems.
Fig. 2 illustrates the high-level view of the proposed
dynamic active storage architecture. Applications interact
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Dynamic Active Storage Architecture

with the client of parallel file systems for normal I/O
operations, and the Active Storage Client responds to active
storage I/O requests. The Processing Kernels are designed
as separate components and can run independently. They
are invoked by the AS (Active Storage) component which
is a helper process when an active storage I/O is served.
The local I/O API is abstracted from parallel file systems.
It provides a function that abstracts local strips as a file and
reads local data for Processing Kernels.
The dynamic active storage system works as follows.
First, applications pass active storage I/O requests to the
Active Storage Client, and then the Active Storage Client
begins to analyze the bandwidth cost of the operation
according to the distribution information of the requested
data and its data dependence pattern. If the operation requires more bandwidth than servicing it as a normal I/O
operation, the request will be served as in normal instead
of as an active storage request. If the request is served
as an active storage request, it will be transferred to the
storage nodes through improved parallel I/O APIs, similarly
as done in [25]. Meantime, the dynamic active storage
calculates an appropriate data distribution method with the
consideration of data dependence and arranges the data to
minimize data movement among storage servers 1 . A helper
process is invoked to call the processing kernels to carry out
offloaded computations. Fig. 3 demonstrates the workflow of
our prototype.
B. Kernel Features Description
In order to predict the bandwidth cost for an operation,
it is necessary to know its data dependence pattern, which
describes which data elements will be required when processing an element. In our prototype, a component called
Kernel Features is embedded in the active storage client
1 Parallel

file systems such as PVFS2 provide the required APIs.
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to identify data dependence patterns. The patterns can be
implemented and represented as a plain text file or an XML
file. Two sections including operator name and dependence
relationship are used to describe a pattern. In general, a file
can be abstracted as a one-dimension array of bytes in file
systems. Thus the dependence can be described with offsets
among mutually dependent data elements. If the dependent
data is located before the processing data, the respective
offset is negative; otherwise it is a positive value. The format
of a record is as follows:
Name:operator
Dependence: offset0, offset1,
offset2 ...
For example, the flow-routing operation depends on 8neighbor data elements. Assuming the width of a map/image
is imgW idth, its record is as follows:
Name:flow-routing
Dependence: −imgW idth
+
1,
−imgW idth, −imgW idth − 1, −1, 1,
imgW idth − 1, imgW idth, imgW idth + 1
C. Bandwidth Analysis and Prediction
In many data-intensive HEC applications, the most useful
data dependence patterns are 4-neighbor and 8-neighbor
patterns. Most operations in these applications would process the data elements through analyzing the 4- or 8neighbor data elements for each data element. Flow-routing,
flow-accumulation, surface slop analysis, digital evaluation
model establishment, median filter, and 2D Gaussian filter
are examples with such data dependence patterns. Fig. 1
illustrates the flow-routing operation on the central element.
It compares the value of central element to every 8-neighbor
element and find out the element with the minimum value
as the flow direction of the central element.
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Files are stored in a striped manner in parallel file systems.
A round-robin strategy is usually the default method for
stripping in most parallel file systems. Fig. 4 shows how
a file (e.g. a map or an image) is organized in a logical
file view and divided into strips. Fig. 5 shows a possible
distribution of strips among four storage nodes and how data
is organized physically. As shown in Fig. 4, when operations
with data dependence, such as flow-routing, operate on data
elements S, S1 ∼S8 are needed, which means that strip j
and strip k are needed and transferred from other two
storage nodes. Due to the data dependence, such operation
would require considerable data movement and bandwidth
consumption, which is not desired. It is necessary to analyze
the bandwidth requirement before carrying out offloaded
requests. We introduce a model for predicting the bandwidth
requirement through analyzing the strips distribution among
storage nodes and adopt it in the DAS for identifying desired
active storage requests dynamically.
The data dependence patterns of operations are obtained
from kernel features’ description file as discussed in the
previous section. The data distribution information and strip
size can be obtained from parallel file systems. With these
information, our model first calculates the location of data
elements and strips.
Given the data element size E (bytes) and the number
of storage nodes D (numbered from 0∼D − 1), for i-th
(i = 0, 1, 2, 3 . . .) data element in a file, its strip number
and location (in the round-robin fashion) can be calculated

as:
i·E
strip size
location(i) = strip(i) mod D
strip(i) =

(1)
(2)

where, the strip size indicates how many bytes each strip
consists of. For example, the default strip size is 64KB
in PVFS2. The strip number of its dependent data and the
location of them can be derived as follows:
(i + of f setn ) · E
strip size
location(dn ) = strip(dn ) mod D (n = 0, 1, 2...)
strip(dn ) =

Figure 6.

can be calculated with the following equations:
l·E
mod D
strip size
(l − stride) · E
Lm =
mod D
strip size
(l + stride) · E
Ln =
mod D
strip size
Ll =

(3)
(4)

The bandwidth cost for processing each element is estimated
as follows:
bwcost = E ∗

n
X

aj

(5)

j=1

aj = 1 if location(dj ) 6= location(i), or aj = 0 if
location(dj ) = location(i) . Thus, the total data movement
n
P
would be
aj times of data size.
j=1

However, from the above equations, we can find that if
of f setn ·E
strip size mod D = 0(n = {0, 1, 2 . . .}), all the dependent
data elements would be located on the same storage node,
and it will not require extra data movement if the operation
is offloaded. Otherwise, the offloaded operation would need
to request dependent data from other storage nodes when
processing each data element. To better explain this critical
problem, we illustrate it with an example. Assuming that
when processing a data element, the operation depends on
two data elements, and the distance between them is stride
elements, as shown in Fig. 6. When processing element l,
elements m and n are required. The relationship among the
locations of these three elements is as follows:
m = l − stride
n = l + stride

(m ≥ 0)

(6)

(n ≤ f ilesize)

(7)

The strips where elements l, m and n are located can be
calculated by the following equations:
l·E
strip size
m·E
stripm =
strip size
n·E
stripn =
strip size
stripl =

(8)
(9)
(10)

The storage nodes where elements l, m and n are located

Data Dependence

(11)
(12)
(13)

From Eq. 11, Eq. 12 and Eq. 13, we can observe that if
mod D = 0, then Ll = Lm = Ln , which means
that these three elements reside on the same storage server.
In other words, the dependent data is located on the same
storage server. In this case, offloading operations would
not require extra data movement among storage servers.
stride·E
Otherwise, if strip
size mod D 6= 0, it means that dependent
data and strips need to be transferred from/to other storage
servers. The total bandwidth cost can be estimated from
Eq. 5. These equations are simple but effective, and are used
to guide the DAS for an effective active storage system.
stride·E
strip size

D. Improved Data Distribution
Based on the data dependence and bandwidth requirement
analysis, we know that whether an operation is appropriate
to be offloaded to storage servers has a close relationship
with how the data is distributed among storage servers. If a
reasonable data distribution method is adopted, and mutually
dependent data is located on the same storage node, the dynamic active storage system can reduce the bandwidth cost
considerably. An example of data distribution for reducing
the data movement is demonstrated in Fig. 7.
In Fig. 7, strips S1 , S4 and S6 are located on the
same storage node to reduce the data movement caused by
dependence. Nevertheless, it is unavoidable that S, S2 as
well as S7 would be located on another storage node. These
two storage nodes are neighbors as shown in Fig. 8. Thus,
strips l, m and n need to be transferred from storage p to
storage q when processing element S. Reversely, strips i,
j, k need to be transferred from storage q to storage p,
when processing element S4 . The DAS employs a replication
strategy to avoid these data transfers, as shown in Fig. 9,
an improved data distribution for Fig. 8. Two extra copies
of strips are stored in successive storage nodes. Therefore,
no additional data transfer is required when each storage
node processes its local data elements. A potential concern
of this strategy is the storage capacity consumption. In this
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example, it requires twice of extra storage space than the
normal case. Although storage capacity grows drastically
and is usually not a bottleneck any more, it could be a
limited resource for data-intensive applications. To mitigate
this issue, the DAS manages to store r successive strips
in the same storage node. Meanwhile, the 1st strip is also
stored in a previous storage node as a replicated copy, and
the rth strip is stored in the next storage node similarly.
Thus, the location of strips in Fig. 4 can be calculated as
following:
l·E
mod D
r · strip size
(l − stride) · E
Lm =
mod D
r · strip size
(l + stride) · E
Ln =
mod D
r · strip size
Ll =

(14)
(15)
(16)

The storage capacity consumption is reduced to 2r compared to a straightforward method. Based on the enhanced
data distribution method, the criteria of offloading operations
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We have carried out extensive experimental tests to verify
the potential of the proposed dynamic active storage. This
section presents the experimental settings and experimental
results.
A. Experimental Settings
This subsection describes our experimental platform, the
evaluated schemes, and the benchmarks we have used in our
experiments.
1) Evaluation Schemes: To demonstrate the effectiveness
of our proposed dynamic active storage system, we compared three schemes:
• Traditional Storage (TS). In this scheme, the servers
are responsible for normal I/O operations. The analysis
kernels are executed on the clients.
• Normal Active Storage (NAS). In this scheme, the
data is distributed with normal round-robin pattern.
The kernels are employed and executed at the server
side, with each node processing its local data. When
dependent data needed, it has to acquire them from
neighbor server nodes, which is required by current
active storage systems.
• Dynamic Active Storage (DAS). In this scheme, we
implement the proposed dynamic active storage with
the enhanced data distribution method.
2) Benchmarks: To evaluate the effectiveness of our
approach, three data analysis kernels were used in the tests
as shown in Table. I. These kernels were chosen because
they are widely used in the areas of GIS, Medical Image
Processing as well as Data Mining. For example, flowrouting and flow-accumulation are two basic operations used
in Terrain Analysis. 2D Gaussian Filter are usually used
in Medical Image Processing to smooth the images. These
operations are representative operations in data-intensive
applications.
3) Experimental Platform: The platform we have used
to perform experimental evaluation is the Hrothgar cluster
at the Texas Tech University. The Hrothgar consists of 640
nodes, and each node is equipped with Intel(R) Xeon(R)
2.8GHz CPUs (12 cores per node) and 24GB memory.
It has 600TB Lustre parallel file system storage. In the
experimental tests, we were allocated 60 nodes. Part of these
nodes were used to simulate the active storage nodes, and the
rest was used as compute nodes. The ratio between active
storage nodes and compute nodes can be configured, and
the default ratio is 1 : 1. With this configuration, NAS, DAS
and TS would have the same computation capability. Thus, it
will show the influence of data dependence and data transfer
clearly.

Table I
D ESCRIPTION OF DATA A NALYSIS K ERNELS

Flow-accumulation
2D Gaussian Filter

Description
Basic operation of terrain analysis application from GIS. It produces distinctive spatial and statistical patterns depending on
the maximum number of downslope cells to which flow could be directed
Another basic operation of terrain analysis application from GIS. It calculates accumulated flow as the accumulated weight
of all cells flowing into each downslope cell in the output raster.
Basic operation of signal and medical image processing. It takes the raw data as input and output the same size smoothed
data

B. Experimental Results
This subsection presents the experimental results. We
begin our analysis by focusing on the impact of our scheme
on overall execution time, and then extend to the scalability
analysis with increasing the number of nodes and data
set size. At last, we evaluate and compare the bandwidth
achieved of each scheme.
1) Performance Improvement: The first set of experiments we have carried out analyzes the influence of data
dependence on the performance for active storage systems.
In this experiment, 24 nodes were used and 12 of them
were configured as storage nodes. The rest of nodes was
configured as compute nodes. Fig. 10 reports the execution
time of flow-routing, flow-accumulation, and 2D Gaussian
Filter tests with NAS and TS schemes respectively. The
figure clearly shows that the performance of NAS is much
lower than TS in these tests. The performance degradation of
NAS is attributed to the following two reasons. First, because
of the data dependence, each active storage server not only
needs to conduct offloaded computations, but also serves
the requests from other storage nodes (for the dependent
data), which unavoidably increases the load of each active
storage server. Second, the data dependence causes extensive
data movement traffic among storage servers in the existing
NAS scheme. Each strip was transferred multiple times
among the storage nodes, because dependent data had to be
transferred to local for processing. Clearly the current active
storage schemes have drawbacks because of the ignorance of
data dependence among active storage servers. The dynamic
active storage architecture is proposed to address this issue.
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Comparison of Execution Time for NAS and TS Schemes.

Fig.11 reports and compares the execution time of all

three schemes, NAS, TS, and the proposed DAS. These tests
were conducted with 24GB data size. Similarly, 24 nodes
with half configured as storage nodes and the other half as
compute nodes. It could be observed that the proposed DAS
achieves the best performance, with over 30% improvement
compared to TS and 60% improvement compared to NAS.
This performance improvement is the result of the awareness
of data dependence in the proposed DAS architecture and
the improved data distribution. The DAS scheme not only
helps to avoid the excessive data transfer among storage
nodes, but also reduces the workload of storage nodes for
serving other nodes’ requests. The proposed dynamic active
storage system considers the data dependence and addresses
the limitation of existing active storage systems well.
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Figure 11. Comparison of Execution Time for NAS, DAS and TS Schemes.

2) Scalability Analysis: We have also carried out tests
with varying the number of nodes and data sizes to study
the performance and scalability of the proposed DAS architecture. The tests were conducted with 24, 36, 48, and 60
nodes, respectively, with data sizes ranging from 24GB to
60GB.
We first present the case when the dataset size was
increased. In this set of experiments, we tested all three
schemes to compare their performance with the same system
configuration as in previous experiments. The data size was
increased from 24GB to 60GB. Fig. 12 shows the execution
time of operations with each scheme respectively. It can be
observed that DAS has the lowest increase of execution
time when the data size was increased with 12GB. The
detailed analysis shows that the execution time of DAS
increased only 15% on average, while the execution time
increased over 30% with NAS and TS schemes. The reason

is that, when data accesses become intensive for a given
system resource, the NAS scheme or TS scheme causes
intensive data movement traffic either among storage nodes
or between compute nodes and storage nodes, whereas the
DAS addresses this issue.

the TS scheme. The experimental tests confirmed that the
proposed dynamic active storage considerably improved the
sustained bandwidth. It reduces excessive data movement
traffic and improves the execution time of data-intensive
HEC applications.
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Figure 12. Comparison of Execution Time of NAS, TS, and DAS Schemes
as Data Size Increased

In addition to varying data set sizes, we have also measured and compared the performance of DAS and TS with
varying the number of nodes. Fig.13 shows the execution
time of DAS and TS schemes with the number of nodes
ranging from 24 to 60. The data size was fixed at 60GB.
As observed from the results, both DAS and TS schemes
are scalable with a large number of nodes. They share a
similar scalability trend with the execution time reduced by
about 15%, when the number of nodes was increased with
12 nodes. The DAS scheme is scalable as verified when the
system size increased.
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Increased

Comparison of Execution Time when the Number of Nodes

3) Bandwidth Analysis: Fig. 14 plots the sustained bandwidth comparison among three schemes, NAS, DAS, and
TS. This set of tests was conducted with the flow-routing
operation under the same configuration as in the second
set of tests. We observe that the bandwidth improvement
with the DAS scheme is much higher than that of NAS and
TS. The analysis shows that the DAS scheme improved the
sustained bandwidth by nearly one fold when compared to

Figure 14.

Normalized Sustained Bandwidth Improvement

V. C ONCLUSION AND F UTURE W ORK
Poor I/O performance has been a bottleneck in many parallel computing systems and data-intensive high-end/highperformance computing applications. Active storage provides a promising solution for these applications by moving
appropriate computations from compute nodes to storage
nodes. Prior research, however, mainly focused on how to
offload operations to the storage nodes, and ignored the
importance of data dependence in operations. The ignorance
of the data dependence can cause costly data movement and
degrades the system performance.
This paper proposes a Dynamic Active Storage (DAS)
architecture considering the data dependence issue in active
storage systems. The contribution of this study is threefold. First, we demonstrate that the data dependence in
operations offloaded to storage servers have a clear impact
on the system performance. Second, we present a new DAS
system to address this issue. The DAS has a bandwidth
requirement analysis component embedded and makes the
offloading decision dynamically on the fly. An improved
data distribution method is adopted in the DAS to minimize
the data movement. Third, we have built a prototype and
evaluated the proposed DAS with representative processing
kernels. The results show that the proposed DAS scheme
outperforms existing active storage architectures.
As many high-end computing applications tend to be
highly data intensive than ever before, a high performance
I/O system is critical and can significantly improve the
productivity of applications. This study advances the active
storage systems, and also calls for further research on
dynamic, access-aware, and intelligent storage solutions to
meet the growing data demands.
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