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8803 Rüschlikon, Switzerland
Email: {wee,pol,fab,hle}@zurich.ibm.com

Abstract—FPGAs (Field Programmable Gate Arrays) are
making their way into data centers (DC). They are used as
accelerators to boost the compute power of individual server
nodes and to improve the overall power efficiency. However, this
approach limits the number of FPGAs per node and hinders the
acceleration of large-scale distributed applications.
We propose a system architecture to deploy large-scale DC
applications on standalone FPGAs, independently of the number
of CPUs. In our architecture, the FPGAs are directly attached to
the DC network, making the FPGA infrastructure scalable and
flexible. This FPGA infrastructure enables the creation of flexible
multi-FPGA fabrics by connecting several FPGAs together over
the DC network.
We implemented a prototype of the network-attached FPGA
and ported a distributed text-analytics application onto such a
multi-FPGA fabric. We compared our approach with a SW-only
implementation and an implementation accelerated with PCIeattached FPGAs. The results show that the network-attached
FGPAs outperform both other implementations by large margins.
Keywords—network-attached FPGA; multi-FPGA fabric, distributed computing, data center.

I. I NTRODUCTION
An increasing number of big data analytics applications
are moving to the cloud to benefit from the flexible and
scalable infrastructure offered by modern DCs. In the mean
time, the rapid and continuous growth of the datasets processed
by these applications have put a tremendous pressure on the
DC computing infrastructure, which struggles to produce the
desired results in a timely manner. FPGA is one potential
solution to bridge this widening gap because of its known
power efficiency and superior communication capacity. We
have already started to see this happening in the DC space [1]
[2] [3]. In all these attempts, the FPGAs are used as accelerators on PCIe plug-in cards to boost the compute power
of individual server nodes and to improve the application
response time, power efficiency, or both. However, this type
of bus-attached accelerator has two major drawbacks: (1)
the small number of FPGAs per node limits the scalability
required for the acceleration of large-scale applications, and
(2) the dominating static power of the server nodes weakens
the full FPGA power efficiency that can be exploited.
Rather than bus-attachment, Weerasinghe et al. [4] proposed to deploy standalone network-attached FPGAs in the
DCs, aiming to accelerate large-scale applications by interconnecting several FPGAs into a flexible software-defined multi-
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FPGA fabric. We expect such new DC compute infrastructures
to successfully bridge the widening performance gap between
applications and servers. The implications of the integration of
network-attached FPGAs into a DC infrastructure range from
the design of the compute nodes up to the racks, and have
been outlined in [4]. In this work, we focus on the architecture
and prototype implementation of a suitable network-attached
FPGA, and show its potentials in distributed computing in
DCs. Our contributions in this paper are threefold:
1) We propose an architecture for running distributed DC
applications on FPGAs.
2) We implement a prototype of the architecture on a
merchant FPGA.
3) We port a distributed text-analytics application onto the
prototype implemented and compare the results with a
SW-only implementation and an implementation accelerated with PCIe-attached FPGAs.
The remainder of this paper is organized as follows: We
explain the motivation behind this work in Section II, followed
by related work on deploying FPGAs in DCs in Section III. We
then propose an architecture for network-attached FPGAs and
its prototype implementation (Section IV). Next, in Section
V, we explain how we build a multi-FPGA fabric using the
network-attached FPGA prototype implemented. After that, we
explain the application that we port onto such a multi-FPGA
fabric (Section VI). We present and discuss the experimental
results in Section VII and conclude in Section VIII.
II. M OTIVATION
Big data platforms analyze heterogeneous datasets by sorting, indexing, ranking or clustering. While the amount of data
to be analyzed increases continuously, the acceptable time
to produce the desired results is shrinking. Timely analysis
of big data has a significant impact on productivity and for
improving the user experience, eventually leading to growth
revenue. To execute analytics tasks in a timely manner over
large datasets, big data platforms have started to scale out. For
an example, large-scale analytics applications use distributed
frameworks, such as Hadoop [5], Spark [6], Dryad [7], and
UIMA [8] spread over a cluster of servers in DCs. However,
many distributed applications do not scale well on these
infrastructures because of (i) the limited compute power of
individual server nodes, (ii) the performance of the network
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that interconnects them, and (iii) the varying response times.
Therefore, to host large-scale distributed applications, those
three issues have to resolved.
1) Compute Power: The obvious way to increase the compute capacity for running large-scale applications is to add
more servers to the DC. However, server expansion is usually
hindered by the DC’s power and cooling capacity. One way
to increase the power efficiency of individual server nodes is
to use accelerators, but unfortunately, the potential boost that
an accelerator, which is hosted by a server, can provide is
weakened by the dominating static power of server nodes [9].
2) Network Performance: Even if the available compute
power is sufficient, inefficient networks hamper the scalability
of IO-bound applications. For example, when the number of
servers is increased beyond a certain threshold, the training of a distributed deep neural network becomes slow, as
the network overhead starts to dominate [10]. Similarly, the
scalability of Hadoop TeraSort [11] [12] is hindered by the
network throughput performance, particularly in the datashuffling phase.
Distributed applications, such as search, online shopping,
social networking, and high frequency trading are interactive
in nature with stringent latency requirements. When these
applications are running in DCs, a major cause of poor
network latency is the SW-based packet processing in the
server nodes. The OS network stack takes around 15µs to
take a network packet from the wire to the application, where
as modern network switches and network interface cards take
only around 1µs.
3) Varying Response Time: In synchronous cluster applications, a typical cause of degraded performance is variance
in processing times across different servers, leading to many
servers waiting for the single slowest server to finish a given
phase of computation [10]. This variance in processing
times is caused by unpredictable scheduling of CPU and IO
resources. To alleviate these issues, some distributed applications use straggler mitigation methods by cloning the same
task multiple times [13], which, however, does not solve the
fundamental issue.
In summary, the scaling demand of modern DC applications
in terms of compute and communication capacity is exceeding
the historical scaling rate of the server performance. This creates an increasing mismatch between the resources available,
calling for novel big data processing technologies.
III. R ELATED W ORK
The common approach for deploying FPGAs in a server
is by tightly coupling one or two FPGAs to the CPU over
the PCIe bus. However, this PCIe attachment has two major
issues in DC deployment. First, the power consumption of a
server is order of magnitude higher than that of an FPGA.
Hence, the power efficiency that can be gained by offloading
tasks from the server to 1 or 2 FPGAs is very limited [9].
Second, in DCs, the workloads are heterogeneous and run at
different scales. Therefore, the scalability and the flexibility
of the FPGA infrastructure are vital to meet the dynamic

processing demands. With PCIe attachment, a large number of
FPGAs cannot be assigned to run a workload independently
of the number of CPUs, and also those FPGAs cannot be
connected in flexible user-defined topologies. Some large-scale
FPGA deployments [1] get around this issue of scalability and
flexibility to a certain extent by having a secondary dedicated
network connecting multiple PCIe-attached FPGAs together.
However, a dedicated secondary network breaks the homogeneity of the DC network, and increases the infrastructure
management overhead.
The other approach for deploying FPGAs is by attaching
them directly over the DC network [2] [3] [14], which
significantly improves the scalability and the flexibility of
the FPGA infrastructure compared with the PCIe attachment.
Even though those attempts provide a network connection, the
FPGA always remains physically attached, hosted and controlled by a dedicated server. Instead, [4] proposed the concept
of standalone network-attached FPGA to completely disaggregate the FPGA resource from the server. This approach frees
the FPGA from the traditional CPU-FPGA attachment and
tightly couples the network and application processing in the
same FPGA device. We believe that this is the key enabler for
large-scale deployments of FPGAs in DCs.
The network attachment opens new opportunities, such as
connecting multiple FPGAs together in flexible topologies in
a DC according to the application demands. For example,
several FPGAs can be configured into a multi-FPGA fabric
in the form of a pipeline or a tree. However, forming flexible
multi-FPGA fabrics using network-attached FPGAs in DCs
and porting distributed applications to such fabrics have not yet
been addressed. In this work, we focus on porting a distributed
application onto such a multi-FPGA fabric and evaluate its
performance.
IV. N ETWORK -ATTACHED FPGA
This section explains the architecture of the networkattached FPGA and the implementation of the prototype. As
shown in Figure 1, the network-attached FPGA is partitioned
into two main layers: (i) the application layer, which we call
virtual FPGA (vFPGA), and (ii) the network service layer
(NSL). Aiming to provide line-rate (10G) network connections
to the applications running in the FPGA, these two layers
are implemented with a 64 b bus at 156.25 MHz. To speed
up the development time, we used Xilinx Vivado High Level
Synthesis (HLS) to implement the prototype.
A. vFPGA
The vFPGA hosts the application. The vFPGA has one or
more communication links through the NSL to the servers and
to other vFPGAs over the DC network. As shown in Figure
1, we call these communication links the data path of the
network-attached FPGA. The links can be reliable connectionoriented, such as TCP, or unreliable connection-less, such as
UDP. These communication links offered to the vFPGAs are
FIFOs, relieving the user (application writer) from complex
network programming tasks. The data fed to the TX FIFOs
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is wrapped in network packets and forwarded to the relevant
destination by the underlying NSL. Similarly, the network
packets received by the NSL are first unwrapped, and then the
payload is fed to the RX FIFO to be used by the application.
The user distinguishes the various communication links to
the vFPGA from each other using the FIFO index. When
application-specific protocols are needed, they can be built
within the vFPGA atop the FIFO-based TCP or UDP links.
The use of the vFPGA in a real application is discussed in the
Section VI.

Fig. 3.

The flow of forming a multi-FPGA fabric

B. Network Service Layer (NSL)
The NSL provides the network connection for vFPGAs
to communicate with servers and other vFPGAs over the
DC network, similarly to the power service layer (PSL) of
IBM’s coherent accelerator processor interface (CAPI), which
provides a PCIe-based communication link for its accelerator
function units for communicating with SW applications. The
NSL consists of (i) an application interface layer, (ii) a
management layer, and (iii) a network protocol stack.
1) Management Layer (MGL): The MGL includes one
or more agents that listen on a pre-defined TCP port for
commands and management data from an external SW service, which we call FPGA management utility (FMU). The
communication link to the MGL is called the control path of
the network-attached FPGA. The agents may include functions, such as configuring a new vFPGA using partial reconfiguration1 , vFPGA monitoring, and executing other utility
functions. In this implementation, the management layer runs
an agent that can execute TCP listen, connect, and close
commands on the underlying FPGA network protocol stack
to connect multiple FPGAs together in a software-defined
manner.
1 In this work, we do not implement partial reconfiguration and hence it is
not further discussed.

2) Application Interface Layer (AIL): The AIL executes
two main tasks: (i) It servers as a switch that multiplexes and
de-multiplexes incoming and outgoing data path and conrol
path network payloads to and from vFPGAs and MGL. (ii) It
offers multiple FIFO-based TCP and UDP network interfaces
to the vFPGAs through the vFPGA IF. The AIL can have one
or more vFPGA IFs, so that the network-attached FPGA can
run multiple applications simultaneously. The AIL also offers
a FIFO-based TCP interface to the MGL.
3) Network Protocol Stack (NPS): The NPS contains a
network interface and a protocol stack to connect the FPGA to
the DC network. The protocol stack may contain any network
(L3) or transport (L4) protocol, which runs atop Ethernet. In
our implementation, the protocol stack contains a TCP/IP stack
from Xilinx, which is also developed in vivado HLS. The
NPS executes all the networking tasks, such as connection
management, and only forwards the payload of the network
packets to the AIL.
V. M ULTI -FPGA FABRIC
Usually, when several FPGAs are required for an application, either those FPGAs are soldered on a PCB [15] [16]
[17] [18] or connected in a network on a fixed topology [19]
[1]. However, these implementations are not flexible enough

to be deployed in general-purpose DCs, as the applications
running on those DCs are heterogeneous and run at different
scales, creating ever changing requirements for the underlying
compute infrastructure. In general-purpose DCs, several FPGAs must be able to be connected in fexible topologies on
demand and to be released when no longer needed.
Once the network-attached FPGA presented in Section IV is
up and running in a DC, several such FPGAs can be connected
together over the DC network flexibly in a software-defined
maner according to the application demands, as shown in
Figure 2. We call this configuration of multiple FPGAs a
software-defined multi-FPGA fabric (SDMFF). In this section,
creation of such an SDMFF in a pipelined manner is explained.
To form an SDMFF, the FMU introduced in Section IV
is used. The server running the SW part of the distributed
application first starts listening on a particular port. Then it
sends a request to the FMU with its listening port (S P1) and
IP address (S IP). Upon receiving the request from the server,
the FMU sends connect and listen commands to each FPGA
as shown in Figure 3. Accordingly, each FPGA executes the
commands received by the FMU to connect with the server
application and the other FPGAs. Once all the FPGAs are
connected, the FMU sends a reply to the server with the
listening port (F1 P1) and the IP address (F1 IP) of the first
FPGA in the pipeline. Once this information has been received,
the server starts a connection to that listening port (F1 P1).
With that step completed, the SDMFF has been formed and
the distributed application is ready to start execution.
VI. A PPLICATION
We ported a distributed text-analytics application to the
SDMFF described in Section V. In this section, we explain that
text-analytics application, the distributed computing framework on which the application runs, and how we integrate
network-attached FPGAs into this framework.
A. Text Analytics
Text analytics refers to the task of information extraction
from documents containing natural-language text. The main
aim is to transform the unstructured information contained
in these documents into a structured form, i.e. tables. This
is an important processing step in many of today’s analytics
applications ranging from social media analysis to compliance
check and data-center log surveillance. The document-level
analysis needs to be run before any higher-level algorithms
can perform further analyses.
Text analytics involves several steps from the naturallanguage processing (NLP) domain, such as tokenization or
named-entity recognition (NER). Each step may be performed
by either a rule-based or a machine-learning-based implementation. While machine-learning-based approaches are well
established, rule-based approaches are often maintained in
the enterprise domain to achieve fast and deterministic results [20].
Tokenization is usually the first step when analyzing a
document, which breaks up the input text into individual words
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and characters. For many Western languages, whitespace tokenization is often sufficient to produce a useful set of tokens
by splitting the text on whitespace and punctuation characters.
The tokens are then used by subsequent processing steps such
as dictionary pattern matching or distance checks (how many
tokens are two entities apart).
Named-entity recognition (NER) identifies words or patterns
in the document text and assigns them to categories. Words
or word sequences can be determined to be a person’s name
or a geographic location, whereas character sequences may
be identified as telephone numbers or date/time stamps. Thus
NER involves pattern matching in the form of dictionary
matching, which requires a pattern to match on token boundaries, and regular expressions, which operate on the document
text without token definitions. Both operations are essential for
text analytics and have shown significant performance benefits
when run on FPGAs [21] [22].
B. UIMA
Several libraries exist to perform natural-language processing tasks. Every library uses its own type system to create
and exchange information between different processing steps.
This makes the integration of several libraries into a single application difficult. The Unstructured Information Management
Applications (UIMA) [8] specification is an OASIS standard
that defines how various components can define a common
type system and how data is exchanged between them. The
UIMA framework also manages the execution of multiple
components and can be configured to create a processing
pipeline.
UIMA defines multiple component types and the Common
Analysis Structure (CAS) data structure. The CAS object is the
central data structure that is created for every document. Every
analysis step can retrieve information from the CAS or create
results on it. As shown in Figure 4, the three main components
to create a UIMA processing pipeline are (i) Collection Reader
(CR), (ii) Analysis Engine (AE), and (iii) CAS Consumer
(CC).
The CR is the input component and retrieves the documents
from an input source, i.e., filesystem or database. It creates
the initial CAS object and passes it to the actual processing
pipeline. The processing pipeline is a so-called aggregated
analysis engine (AE) consisting of multiple primitive AEs. The
UIMA framework will call specific routines from each of the
primitive AEs to process every document. When processing
completes, the CS will receive the CAS and store the relevant
results to an output destination.
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Implementation of vFPGA for the application: (a) network-attached FPGA1 and (b) network-attached FPGA2

To create large-scale high-throughput and low-latency applications, UIMA offers an asynchronous scaleout (UIMAAS) [23] version. Instead of calling the processing routines
of the AEs synchronously, the individual AEs receive their
input CAS from a queue that is assigned to each AE. This
allows every AE to work on its own input queue whenever
data becomes available. It also simplifies multi-threading as
multiple individual threads that run the same AE share the
same input queue.
To scale out the analysis application to multiple machines in
a cluster, UIMA-AS uses the Java Message Service (JMS) and
a messaging broker to manage the queues. The CAS object is
communicated via the individual nodes as a serialized XML
object, and connections are made through TCP or HTTP. If the
CAS object remains on a node, it is kept as a binary object.
On each node, one or multiple AEs can be deployed together
with their corresponding queues. The deployment descriptor of
UIMA-AS specifies how many threads should be used to run a
specific AE and additional parameters. The CAS object is then
sent around between the individual nodes for processing before
returning to the master node, where the application resides.
When the FPGA is attached via PCIe to each node, there is
no change in the communication scheme, but the AE’s code
that uses the FPGA needs to be adapted. For using networkattached FPGAs, we alter the communication structure by
adding a sending (TX AE) and a receiving (RX AE) primitive
AE to the processing pipeline that remain on the master
node. The descriptor of the TX AE contains all information
necessary to set up the multi-FPGA fabric pipeline before
starting the processing step. In this setup, the FMU is also
running in the master node. Once the fabric is formed, every
FPGA knows where it receives data from and where it has
to send its results. When processing, the TX AE will send
only the text document embedded in the CAS object to the
first FPGA in the processing pipeline and forward the CAS
to the RX AE. As this is a local operation, no network
communication is involved. The RX AE will wait for the
FPGA processing pipeline to complete processing the text
document, which was embedded in the CAS, and then add
the results to the actual CAS object.
This setup allows a flexible and efficient communication
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without implementing a complex JMS stack on the individual
FPGAs. The UIMA-AS framework enables the TX and RX
AEs to continuously send and receive data while maintaining
UIMA compliance.
C. Text Analytics on FPGAs
To run a text-analytics task on the FPGA, we use IP cores
generated by the compilation framework presented by Polig
et al. [24]. The framework compiles queries written in the
Annotation Query Language (AQL) to a hardware description
(verilog) that can be synthesized to FPGA logic. The toplevel module generated uses AXI-Streaming-like interfaces
to accept an input document and produce output results.
The input document stream is synchronized with an optional
token stream, which defines the token boundaries. If not
token definitions are available, this stream must indicate the
document size for the input logic to consume the document
stream. The results are annotations in the form of four integers:
two defining the begin and end the position of the annotation,
and one identifier value to determine the type of annotation.
To employ generally available libraries, we use the compilation framework only to compile regular expressions. Regular
expressions can be implemented in Java using the builtin java.util.regex package. This enables a straight forward
software reference implementation for a UIMA processing
pipeline.
D. Implementation
In this work, we use a regular expression IP core as the
application, and an SDMFF that consists of two network-
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attached FPGAs. This application is hosted by the vFPGA as
shown in Figure 5. The vFPGA has three main components:
(a) a data pre-processor, (b) a data post-processor, and (c)
the regex core. The data pre-processor and the post-processor
are collectively called the vFPGA application wrapper. The
data pre-processor executes two functions: First, the regex core
must be fed with each document and its size. When documents
are sent over TCP, the document boundaries are lost. Hence,
the document boundaries must be recovered before feeding
data to the application. Therefore, a messaging layer atop TCP
is implemented in the data pre-processor. The server sends
each document with its size prepended in 8 bytes. According
to the document size, the messaging layer stacks TCP data
belongs to each document into a single AXI stream message
and forwards it to the application. Second, as the data bus
width of the regex core is 128 bit, but the bus width of the
vFPGA is 64 b, we convert the bus width from 64 b to 128
b. For the conversion, we used Xilinx AXI stream data-width
converters.
The data post-processor first converts the data width of
the results generated by the application from 128 bit to 64
bit, and then combines the converted result with the data
coming directly from the data pre-processor before forwarding
everything to the vFGPA interface.
As shown in Figure 5, the data pre-processor of vFPGA
in network-attached FPGA1 forwards the document as it is
to the data post-processor, whereas in the vFPGA of networkattached FPGA2, the data pre-processor discards the document
after feeding the application with the document data and its
size. After that, the data pre-processor forwards the result
received from the vFPGA of network-attached vFPGA1 to the
data post-processor. The data post-processor of the vFPGA
in network-attached FPGA2 combines the results of networkattached FPGA 1 and 2, and forwards it to the vFPGA
IF, which eventually ends up in the RX AE in the UIMA
framework.
VII. E XPERIMENTS , R ESULTS AND D ISCUSSION
We evaluated our architecture in terms of network latency,
throughput, and lantecy variation. The network-attached FPGA
architecture presented was implemented and validated on a

Alpha Data PCIe card featuring a Xilinx Virtex7 XC7VX690T
FPGA. The design uses one 10GbE network interface.
A. Experiments
As shown in Figure 6, the experimental setup consists
of up to three server nodes, each equipped with two IBM
POWER8 processors running at 3.5 GHz. Two servers contain
commercial off-the-shelf FPGA accelerator cards using an
Altera Stratix V A7 FPGA and are connected to the processor
via CAPI. All servers run Linux Kernel 3.10 and use IBM Java
version 8 and UIMA 2.8.1. The network-attached FPGA cards
are plugged into a PCIe expansion chassis [25], from which
only power is taken for the cards. The FPGA cards and the
three servers are connected to a 10 GbE top-of-rack switch.
We considered three experimental cases: (i) a SW-only implementation (Figure 7-(a)), (ii) an implementation accelerated
with PCIe-attached FPGAs (Figure 7-(b)), and an implementation accelerated with network-attached FPGAs (Figure 7-(c)).
One server is considered the master server and is responsible
for the running the collection reader (CR) and the CAS
consumer (CC). It also runs the aggregate analysis engine,
which coordinates the order in which the primitive analysis
engines (AEs) are executed. The primitive AEs are run by
the other two server nodes. These run either the software-only
variants of the AEs implemented in pure Java or the FPGAaccelerated version.
For the network-attached scenario, the two servers running
the primitive AEs are replaced by the network-attached FPGAs. The master server remains in charge of reading the
documents and collecting the results, but now also sets up
the multi-FPGA fabric using the FPGA management utility
described in Section V, and sends and receives data to and
from the FPGAs. Internally the CAS object moves from the
sending AE (TX AE) to the receiving AE (RX AE), which
involves no data movement or processing.
As explained earlier, both of our AEs perform regular expression matching. AE1 identifies several date formats, while
AE2 reports credit card numbers in the document. The SW
case uses the standard Java regular expression class, whereas
the FPGA version is compiled using [24].

B. Results

C. Discussion
1) Performance: The minor performance improvement observed when moving from SW only to PCIe-FPGA reflects
the overhead of the scaleout framework. Because the actual
processing time for running the regular expression in the
FPGA is much shorter than in SW. The regular expression
used for AEs requires 700µs on average in SW, while only
taking 18µs in the FPGA. This is an 38 fold improvement, but
the communication overhead of the framework still dominates
the end result of latency, throughput, and latency variation.
Compared with the SW-only version and the acceleration of
the application with PCIe-attached FPGAs, the tight coupling
of network packet processing and computation within the
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The latency and the throughput measurements are
done by using standard UIMA tooling. By running
runRemoteAsyncAE, the number of processed documents
and characters are reported together with the required run
time. These numbers represent an end-to-end measurement for
processing a document collection. The scaleout deployment
has been tuned by using available knobs from the UIMA-AS
framework, such as the number of threads running an AE or
taking care of the (de-)serialization of the CAS, CAS pool size
and memory requirements.
1) Latency: Figure 8 shows the latency results in milliseconds for different document sizes. The SW-only implementation took 6, 8, and 20 ms for the document sizes of 512,
1024, and 2055 B, respectively, whereas the implementation
accelerated with PCIe-attached FPGAs took 6, 7, and 18
ms. Regardless of the document size, the network-attached
FPGA implementation took 0.5 ms. When moving from SWonly version to PCIe-FPGA version, we observed a minor
improvement in latency. In contrast, for network-attached
FPGAs, the latency improved by a factor of 40 compared with
SW-only version.
2) Throughput: Figure 9 shows the throughput results
in number of characters per second for different document
sizes. Similarly to the latency results, when comparing the
throughput between the SW case and the PCIe-FPGA version,
we observe a minor improvement of 30%. In contrast, for
network-attached FPGAs, the throughput increases by a factor
of 14 for the two smaller document sizes and by a factor of
18 for the 2 kB case.
3) Latency Variation: We evaluated the latency variation
by considering the latency of one million iterations for each
document size. The standard deviation of the latency distribution is shown in Figure 10. The standard deviation of
the latency ranges between 2.9 and 4.1 in the case of SWonly and PCIe-attached FPGA implementations, where as for
the network-attached FPGAs it ranges between 0.5 and 0.8.
Our preliminary experiments for inter-FPGA communication
with raw TCP data showed that the standard deviation varies
between 0.2 to 0.4, but in these experiments the master server,
which generates and receive data contributes to the increment
of the variation.
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FPGA, and the elimination of the overhead of the framework
when sending and receiving CAS objects (CAS-object creation, the serialization and de-serialization) lead to superior
latency, throughput, and latency variation results for networkattached FPGAs.
An alternative way to setup the PCIe-attached FPGA experimental case is to add a sending AE and a receiving AE
to the master server, similarly in the case of network-attached
FPGAs. Even if we do this, the servers that host the PCIeattached FPGAs have to execute the network packet processing, which significantly degrades the overall application

performance, particularly when the processing pipeline gets
longer. Furthermore, a DC-class server consumes around 200
W of power, where as an FPGA device consumes around 25
W. Hence, moving from PCIe-attached FPGA implementation
to standalone network-attached FPGAs, we achieve an order
of magnitude improvement in power consumption.
TABLE I
R ESOURCE C ONSUMPTION

Module
NSL
AIL
MGL
vFPGA APP Wrapper
APP(RegEx)
Total
% of XC7VX690T

LUT
88213
1913
621
2761
5548
99056
23

FF
101122
1768
458
1650
6807
111805
13

BRAM
429
15
9
14
2
469
32

2) Resource Consumption: Table I shows the resource
usage of the network-attached FPGA prototype with the application. The design uses around 99K LUTs, 111K Flip-Flops,
and 469 BRAMS, which is equal to 23%, 13%, and 32% of
the overall available resources, respectively. Out of the total
resources, the NSL consumes around 20% of the LUT, 11%
of the FF and 29% of BRAM resources, contributing the most
for the resource consumption. In this work, the application we
use consumes only a very low amount of resources, but in our
future work we want to experiment with applications that fully
use the FPGA resources.
VIII. C ONCLUSION
The performance requirements of modern big-data applications are exceeding the performance offered by generalpurpose servers in current data centers (DC). We believe that
FPGAs have the potential to bridge this ever-increasing gap.
We proposed a scalable and flexible system architecture to
improve the processing of such applications using networkattached FPGAs. We implemented a prototype of a networkattached FPGA and formed a multi-FPGA fabric by connecting multiple network-attached FPGAs together over the
DC network. We ported a text-analytics application, which
runs on the UIMA distributed computing framework, onto
this multi-FPGA fabric. We compared the results of our
approach with a SW-only implementation and an implementation accelerated with PCIe-attached FPGAs. The comparison
shows that our network-attached FPGAs outperform both these
implementations in large margins, and improve the latency, the
throughput, and the latency variation by a factor of 40, 18, and
5 respectively. The insights gained from these results open the
way for running large-scale applications on network-attached
FPGAs in DCs.
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