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Big Data refers to the growing challenge of turning massive, often unstructured datasets into meaningful,
organized, and actionable data. As datasets grow from petabytes to exabytes and beyond, it becomes increas-
ingly difficult to run advanced analytics, especially Machine Learning (ML) applications, in a reasonable
time and on a practical power budget using traditional architectures. Previous work has focused on acceler-
ating analytics readily implemented as SQL queries on data-parallel platforms, generally using off-the-shelf
CPUs and General Purpose Graphics Processing Units (GPGPUs) for computation or acceleration. However,
these systems are general-purpose and still require a vast amount of data transfer between the storage
devices and computing elements, thus limiting the system efficiency. As an alternative, this article presents
a reconfigurable memory-centric advanced analytics accelerator that operates at the last level of memory
and dramatically reduces energy required for data transfer. We functionally validate the framework using an
FPGA-based hardware emulation platform and three representative applications: Naı̈ve Bayesian Classifica-
tion, Convolutional Neural Networks, and k-Means Clustering. Results are compared with implementations
on a modern CPU and workstation GPGPU. Finally, the use of in-memory dataset decompression to further
reduce data transfer volume is investigated. With these techniques, the system achieves an average energy
efficiency improvement of 74× and 212× over GPU and single-threaded CPU, respectively, while dataset
compression is shown to improve overall efficiency by an additional 1.8× on average.
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1. INTRODUCTION

Big data has become a ubiquitous part of everyday life [Sun and Heller 2012; Garber
2012; Gray 2013]. For companies that amass large datasets—whether from sensor data
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or software logs, social networks, scientific experiments, network monitoring applica-
tions, or other sources—the problem is not acquiring the data, but rather analyzing it
to identify patterns or provide insight for operational decisions [LaValle et al. 2011].
Often, these decisions are time-sensitive, such as identifying network intrusions in real
time or reacting to fluctuations in stock indicators. Meeting such low-latency require-
ments on a limited power budget will become increasingly difficult as data streams
increase in size and velocity [Sun and Heller 2012], especially when leveraging Ma-
chine Learning (ML) techniques for data processing.

To address this issue, many have turned to hardware acceleration, relying primarily
on either the parallel-processing capabilities of General Purpose Graphics Process-
ing Unit (GPGPU) platforms like NVIDIA CUDA [Nickolls et al. 2008; Chen et al.
2012; Araya-Polo et al. 2011] or Field Programmable Gate Array (FPGA) implementa-
tions of certain time-intensive kernels [Helmreich and Cowie 2006; Shan et al. 2010;
Papadonikolakis and Bouganis 2012]. Such solutions are promising for simple ana-
lytics because they generally accelerate relational database queries on platforms im-
plementing the MapReduce framework [Dean and Ghemawat 2008], exploiting the
straightforward data parallelism in such applications [Gray 2013]. However, there are
two main issues with these techniques:

(1) The problem of accelerating more complex analytics, where the parallelism may
not be as readily apparent and the communication requirements vary significantly
between applications, remains to be addressed in the context of increasingly strin-
gent power and latency budgets. In fact, it has been shown that conventional mul-
ticore (both CPU and GPU) scaling is unlikely to meet the performance demands
in future technology nodes, even with a practically unlimited power budget and
that additional cores yield little increased performance due to limited application
parallelism [Esmaeilzadeh et al. 2013].

(2) While these accelerators generally connect to the host via high-speed interconnects
(e.g., PCIe), they are still at the mercy of the data transfer energy bottleneck.
Regardless of the speed and/or efficiency of the accelerator, data transfer require-
ments vastly reduce their efficacy when processing massive datasets [Bergman
et al. 2008].

These issues motivate us to find an alternative, ultralow power domain-specific ar-
chitecture, focusing on energy-efficient execution of ML application, especially in the
context of big data analytics. Such an architecture must be scalable, to deal with grow-
ing datasets, and reconfigurable, to readily implement a broad range of kernels as
needed by the various applications. Furthermore, domain-specificity will improve area
efficiency while supporting diverse applications in the target domain [Karam et al.
2016].

In this work, we present a framework that addresses these issues using a memory-
centric spatiotemporal reconfigurable accelerator [Paul et al. 2014a, 2014b] customized
for analytics applications, which operates at the last level of memory. As a memory-
centric accelerator, it leverages the high-speed, high-density cell integration found
in current memory devices to efficiently map entire analytics kernels to the acceler-
ator. Furthermore, as a memory-centric framework, advances in promising emerging
CMOS-compatible memory technologies can be leveraged to improve performance while
reducing power consumption [Paul et al. 2009; Karam et al. 2015a, 2015b].

To validate this approach, three classes of analytics applications are analyzed for
their typical operations and communication patterns, then mapped to the frame-
work: classification (Naı̈ve Bayes Classifier [NBC]), artificial neural networks (Convo-
lutional Neural Network [CNN]), and clustering (K-Means Clustering [KMC]). Data is
streamed to the framework using a back-buffering technique in both uncompressed and
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compressed formats, employing a Huffman-based entropy coding scheme to effectively
increase data bandwidth and system storage capabilities while significantly reducing
transfer energy. A Verilog model of the framework is synthesized, and the power, per-
formance, and area are extracted, and the energy efficiency is calculated. Finally, these
values are compared with CPU and GPGPU implementations using the same datasets.

In summary, this work offers the following novel contributions:

(1) It presents the processing element microarchitecture and hierarchical interconnect
for a domain-specific, memory-centric reconfigurable accelerator for ML kernels in
the context of big data analytics. PEs support multi-input, multi-output lookup
tables and are highly tailored to the application domain.

(2) It explores the processing and communication requirements for three classes of
analytics applications and uses these observations in the design of the processing
elements and interconnect.

(3) It considers the role of data compression for big data analytics in the context of
disk-to-accelerator bandwidth and overall power savings and demonstrates the
feasibility of in-memory decompression of datasets in the accelerator framework.

(4) It validates the approach using a multi-FPGA hardware emulation framework
which provides functional and timing verification for the design. It studies the
power, performance, and area results from synthesis and compares these with
implementations on CPU and GPGPU. Overall, the accelerator demonstrates ex-
cellent energy efficiency when compared with CPU and GPU for the ML and clas-
sification domain of applications.

The rest of this article is organized as follows: Section 2 provides a brief overview on
existing work in the related fields and summarizes the domain-specific requirements
for the target applications. Section 3 describes the system organization, hardware ar-
chitecture, the application mapping procedure, parallelism and execution models, and
the data management techniques. Section 4 provides accelerator-specific implemen-
tation details for the benchmark applications, the dataset compression methodology,
and the experimental setup. Sections 5 reports the experimental results, including
raw throughput, energy efficiency, and the effects of dataset compression. Section 6
discusses the performance, parallelism, scalability, and application scope. Section 7
covers a broad range of related works for the hardware acceleration field, including
FPGA, GPGPU, CGRA, and other many-core architectures, and contrasts these with
the proposed accelerator; finally, Section 8 concludes, with future directions for the
research.

2. BACKGROUND AND MOTIVATION

In this section, we explore the requirements of a big data analytics accelerator and
discuss the state-of-the-art systems. We note the shortcomings of these systems, which
motivates us to find a new solution.

2.1. Overview of Big Data Analytics

In general, analytics aims to identify meaningful patterns in data by employing a
variety of statistical or ML methods. “Big Data” analytics presents a slew of problems
beyond the basic algorithms and methods employed [Jacobs 2009], including storage
and retrieval of data, and division and balancing of workloads, among others. These
problems are multifaceted and complex, but are wholly contingent on the distributed
computing paradigm (e.g., MapReduce) that is commonly used. A growing body of
research aims to reduce processing time under these conditions using general-purpose
CPUs, GPUs, or FPGAs for acceleration [Dean and Ghemawat 2008; Papadonikolakis
and Bouganis 2012; Atasu et al. 2013; Bakkum and Skadron 2010; Bandre and
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Fig. 1. Proposed reconfigurable accelerator for general analytics kernels. Moving the processing to the last
level memory interface reduces data transfer power and results in greater overall efficiency when processing
massive datasets.

Nandimath 2015; Chen et al. 2012; Farivar et al. 2008; Fu et al. 2014; Govindaraju
et al. 2004; Halstead et al. 2013; Neshatpour et al. 2015; Putnam et al. 2014; Shan
et al. 2010; Sukhwani et al. 2012; Wu et al. 2009; Zhao et al. 2009], but generally
prioritize raw performance over energy efficiency due to the rapidly increasing data
volume and generation velocity. We mainly compare with these platforms, rather than
other CGRAs or many-core systems, because CPU, GPGPU, and FPGA tend to be more
commonly used in larger scale and enterprise-level big data systems. A more in-depth
discussion of these platforms is offered in Section 7.

Although these approaches tend to give excellent results once the data are trans-
ferred to the CPU/accelerator memory, the data transfer itself cannot be ignored. In
fact, for most big data applications, data transfer represents the single largest compo-
nent of the total processing power, potentially taking half the total processing time just
in the transfer [Bergman et al. 2008]. Bringing the processing or acceleration closer to
the data is therefore crucial for big data processing. Several examples of integrating
processing in the main memory exist [Patterson et al. 1997; Murakami et al. 1997;
Guo et al. 2014]. However, this brings up two issues: (i) compared to the last level of
memory, main memory is limited in capacity, and (ii) data must still be brought to the
main memory, which unnecessarily expends energy. By pushing the processing further
down the hierarchy, a system is no longer limited by the main memory capacity, and
data movement is greatly reduced. Therefore, an accelerator situated at the last level of
memory, as shown in Figure 1, can take full advantage of the analytics domain-specific
architecture.

2.2. Analytics Applications

Common analytics applications, including classification [Duda et al. 1973; Friedman
et al. 1997] and clustering [MacQueen et al. 1967], are evaluated in order to identify
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typical operations and communication requirements. Neural networks, which are ca-
pable of both classification and clustering, are also evaluated. Finally, the concept of
in-accelerator dataset compression/decompression, which can potentially reduce over-
all power consumption, is also explored.

2.2.1. Operations. In general, the most common datapath operations were addition,
multiplication, shift, and comparison, which were common to classification and clus-
tering applications, as well as to neural network-based approaches. Furthermore, both
the neural networks and the clustering algorithms require evaluation of analytic func-
tions that are readily implemented in Lookup Tables (LUTs). In particular, the logistic
(sigmoid) and hyperbolic tangent functions are popular for nonlinear activation stages
in neural networks. For clustering, the distance computation (e.g., distance from the
cluster mean/median/centroid/etc., or locating a nearest neighbor in hierarchical clus-
tering) is critical because it is repeatedly applied to all points in the dataset. Two
common distance metrics are Euclidian (LUT, square, and square root) and Man-
hattan distance (datapath, subtraction). In all instances studied, no more than four
different non-datapath functions were required by the applications. In general, a very
lightweight datapath, paired with sufficient lookup memory, enables the mapping of a
wide range of analytics kernels.

2.2.2. Communication. To some extent, all applications exhibit a mix of Instruction
Level Parallelism (ILP) and Data Level Parallelism (DLP) that can be exploited by
an amenable multicore environment. Here, we refer to each core more generally as
a Processing Element (PE), and we assume inter-PE communication is available on-
demand for illustrative purposes.

—Classification: For NBC, training can be parallelized at the instruction level among
several PEs as long as there is sufficient inter-PE bandwidth to communicate copies
of the partial probabilities. Once each PE has a copy of the probabilities, independent
classification (DLP) of each vector in a dataset is readily parallelized and requires
no inter-PE communication.

—Clustering: For KMC, the PE communication requirement is higher than for NBC
and could be significantly higher using another technique (e.g., agglomerative hier-
archical clustering). From the algorithm definition, we know the number of clusters
is predetermined, and we assume that the initial locations of the cluster centers are
distributed along with a portion of the data among the PEs. Summary statistics—for
example, the local cluster means and number of cluster members—must be com-
municated among the PEs so that each has a locally up-to-date copy of the current
cluster means.

—Neural Network: The PE communication requirement is highest for the neural net-
works. In the convolutional neural network model evaluated, at least two mappings
are possible, exploiting either ILP or DLP. For example, individual PEs can perform
the two-dimensional convolution and nonlinear activation function independently for
each feature map (DLP) given sufficient memory resources. Alternatively, a group
of PEs can simultaneously evaluate the same network as long as there is sufficient
inter-PE bandwidth for data transfer.

In general, the applications evaluated are highly parallel, with varying communi-
cation requirements that depend strongly on the particular mapping strategy. With
smaller internal memories, individual kernel iterations must be mapped to multiple
PEs, indicating a greater reliance on ILP, PE communication, and, therefore, higher
bandwidth requirements. In contrast, larger internal memories allow individual kernel
iterations to be mapped in individual PEs, reducing the overall inter-PE bandwidth re-
quirements. For a fixed die area, this translates to fewer PEs. From the communication

ACM Journal on Emerging Technologies in Computing Systems, Vol. 13, No. 3, Article 34, Publication date: May 2017.



34:6 R. Karam et al.

Fig. 2. Area plots represent different compression routines, using (from bottom to top) 15, 50, 100, 250,
and 500 cycles on a given platform. Energy savings are achieved when the sum of transfer energy and
decompression energy is less than the transfer energy for the uncompressed dataset. In this case, 1GB is
transferred at 13 nJ/bit [Bergman et al. 2008].

analysis, the preferred model depends on the application mapping: Classifications are
more likely to achieve higher throughput using a large number of small PEs, while
KMC and CNN can use either model depending on the desired latency and through-
put. Finally, we consider the data network: In the first case, for example, a classifier will
only achieve its maximum throughput when sufficient data are available for process-
ing. With a large number of PEs, this data distribution network increases in size and
complexity. By having a smaller number of PEs with larger memories, the complexity
of this network decreases. For a system to retain high performance and remain energy
efficient, these factors must be balanced.

2.3. Disk-to-Accelerator Compression

Next, we consider the role of dataset filtering or compression in the context of big data
analytics. Data filtering has been used previously at an enterprise level [Helmreich
and Cowie 2006] to intelligently reduce the data volume by selectively transferring
rows of structured data that met the query requirements. For unstructured data, it
is unknown a priori where the salient data resides; this motivates us to instead use
dataset compression to increase the effective disk-to-accelerator bandwidth. This is
especially important in big data applications, where a reduction in data volume can
result in lower transfer energy and latency if certain conditions are met, as discussed
here.

Assuming that the data can be effectively compressed, decompression at the accel-
erator end must be lightweight and not negate the latency and energy saved from
transferring less data. Determining if the application can benefit from in-accelerator
dataset decompression therefore requires consideration of several variables, including
the amount of data to be transferred, the associated transfer energy per bit, and the
energy and latency associated with the decompression routine, as summarized by the
inequality Pcx + Pdr < Pdx, where Pcx refers to the compressed dataset transfer power,
Pdr is the decompression routine power, and Pdx is the full dataset transfer power.
Furthermore, we assume the data are compressed once, but accessed and processed an
indefinite number of times, so the initial data compression energy is amortized and not
considered in the inequality.

Using representative values obtained from the synthesis results (Section 5), we
can observe the relations among compression routine cycles, compression ratio, and
estimated overall energy savings in Figure 2. Here, individual area plots represent
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different compression routines, from 15 cycles (lowest) to 500 cycles (highest). Depend-
ing on the compression ratio, expressed as a percentage of space saved, the different
routines achieve varying levels of total energy savings (I/O +Compute). We use this
analysis when choosing the dataset compression for the accelerator.

Huffman coding [Huffman 1952] is chosen to compress the data prior to transfer.
Decompression is implemented as a table lookup, and can be completed in a single
cycle, whereas data setup and processing contribute an extra 13 cycles/byte. Further-
more, in cases where the data output size is of the same magnitude as the data input
size, it is beneficial to compress the result using a viable technique. As a reconfig-
urable framework, several compression algorithms (among them Huffman coding) are
supported.

3. IN-MEMORY ANALYTICS ACCELERATION

In this section, we provide a broad system-level overview and describe in detail the
hardware architecture including the PE microarchitecture, the hierarchical intercon-
nect, the application mapping strategy, supported parallelism, execution models, and,
finally, system-level memory management.

3.1. System Organization

From a system-level perspective, the in-memory analytics accelerator is situated at the
last level of memory, between the last level memory device and the I/O controller, as
shown in Figure 1. This is in contrast to previous work that situates processing at the
main memory level [Guo et al. 2014] or within the last level memory itself, requiring a
memory redesign [Paul et al. 2014b].

Sitting at the I/O interface, the accelerator intercepts and relays I/O commands as
needed for typical operation. Acceleration mode is initiated when the host issues a read
command to a specific disk location containing configuration information. The host can
specify a set of file locations or directories which contain the data to be processed.
Using standard I/O transfers, the accelerator can read these files, distribute data, and
resume processing as specified by the particular configuration.

3.2. Accelerator Hardware Architecture

The accelerator comprises a set of single-issue RISC-style processing elements. Multi-
ple PEs are interconnected with a two-level hierarchy that balances bandwidth with
scalability, as described here:

3.2.1. PE Architecture. Each PE contains lightweight integer datapaths, data mem-
ory, scratch memory, an instruction (“schedule”) table, and support for multi-input,
multi-output lookup operations, as shown in Figure 3. The datapath supports typical
operations, including addition/subtraction, shifting, comparison and equality opera-
tors, and fixed point multiplication, all of which are common to the evaluated kernel
classes, making this lightweight datapath tailored to the analytics domain. Instruc-
tions are encoded in 32 bits, and 256 instructions can be mapped to each PE. Based
on the communication and data distribution requirements discussed in Section 2.2, a
total of 4kB lookup and data memory is available. At least 1kB is reserved for four
LUTs, another 1kB each to the dedicated data input and output buffers, and up to 1kB
for scratch memory. A portion of the scratch memory can also be used for LUTs if more
functions are needed. Data input/output buffers and scratch memories are addressed
using a 2-bit bank offset and 8-bit address in memory instructions. Similarly, a LUT
offset is determined at compile time by the particular function it implements and its
physical placement during kernel mapping. The PE specification is summarized in
Table I.
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Fig. 3. The processing element architecture. Significant area is dedicated to the lookup and data/scratch
memories.

Table I. Accelerator Architecture and Configuration for
Processing Element, Memories, and Interconnect

Property Description
Single Issue

Processing Integer ALU (Add/Sub/Shift/Comp.)
Element 8-bit Fixed Point Multiplier

32 × 32 bit General Purpose Registers
256 × 32 bit Instruction Memory

Memory 2 kB I/O Memory Buffers
1 kB LUT Memory
1 kB Shared LUT/Scratch Memory

Intcnt Cluster: 4 PE, Fully Connected
Intercluster: Mesh

3.2.2. Interconnect Architecture. From the application analysis, we observed a range of
communication requirements and consequently chose a suitable interconnect archi-
tecture to match. With 4kB/PE, applications like clustering and neural networks will
require significant inter-PE communication, whereas applications like classification
can achieve high throughput. To accommodate the various communication require-
ments, we use a two-level hierarchical interconnect, as shown in Figure 4. At the low-
est level, groups of four PEs are fully connected in a cluster, which provides maximum
on-demand communication between local PEs, thus satisfying the bandwidth require-
ments for clustering and neural networks. Each PE has a dedicated 8-bit output, to
which all other PEs in the cluster connect, giving us a 32-bit intra-cluster intercon-
nect. Data written to the bus are available on the next clock cycle; at the maximum
operating frequency of 1.27GHz, this provides a maximum 4̃0.6Gbps local link between
PEs.

For the second hierarchical layer, we implement a routerless two-dimensional mesh
interconnect; individual PEs within the cluster are responsible for communication with
their inter-cluster neighbor. Specifically, the top left PE in one cluster communicates
with the bottom right PE in the other cluster; similarly, the top right PE in one cluster
communicates with the bottom left PE in the other, as shown in Figure 4. Commu-
nication is two-way, with one dedicated input and output bus from each PE to the
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Fig. 4. The two-level hierarchy with a 6,416-cluster mesh. The design is routerless, and relies on individual
PEs to communicate with adjacent clusters.

inter-cluster mesh. For the applications evaluated, clustering and neural networks are
the most likely to utilize the inter-cluster bus; other analytics applications too large
to map into one cluster, or for which lower kernel latency is required, can also make
use of this resource. Furthermore, we note that the mesh reduces physical distances
and wire length between clusters, making it scalable to larger numbers of clusters. It
is preferable to global bus lines, which are commonly used in other frameworks.

3.3. Application Mapping

We developed a software framework for automatic application mapping into the pro-
posed framework by modifying the general purpose MAHA mapper tool [Paul et al.
2014b], accounting for differences in the interconnect architecture and supported in-
struction set. The tool is written in C and maps applications according to the flow
shown in Figure 5. An input kernel is first decomposed into a set of subgraphs, which
are opportunistically fused to reduce overall instruction count. The fused operations
are mapped to each PE under the given resource constraints using Maximum Fanout
Free Cone and Maximum Fanout Free Subgraph heuristics [Cong and Xu 1998]. Oper-
ation groups (including LUTs and datapath operations) are mapped to individual PEs
during placement and distributed in such a way that communication between PEs is
minimized, following the specific interconnect architecture. Finally, the communication
schedule is generated, which statically schedules intra- and inter-cluster communica-
tions among PEs. In this manner, the software tool generates the configuration file
used to program the accelerator.

Several operation classes are supported, including bit-sliceable operations such as
logic or arithmetic, as well as complex (LUT-based) operations. Memory access instruc-
tions, including those for requesting new data from the data manager, are inserted
in appropriate locations in individual PEs as well as the gateways between clusters.
Thus, this flexible software framework complements the reconfigurable nature of the
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Fig. 5. Software flow for the modified mapper tool, which takes as its input a kernel code file, constraints
file, and configuration file.

hardware, enabling the mapping of different sizes of applications to different hardware
configurations.

3.4. Parallelism and Execution Models

We note that the described hardware architecture offers a high degree of flexibility
for kernel execution. First, because each PE retains its own local instruction and data
caches, there is implicit support for both SIMD and MIMD execution. Second, there is
flexibility in how the analytics applications can be mapped. As noted from the appli-
cation analysis, these applications can generally exploit different types of parallelism,
including instruction-level (ILP) and data-level (DLP). The particular execution model
is in part determined by the application mapping. For example, four iterations of NBC
can be mapped to a single cluster in several ways; assuming four vectors comprised
of four 8 bit variables 〈A0 B0C0 D0, . . . , A3 B3C3 D3〉 executing on 〈PE0, . . . , PE3〉, we can
have:

(1) Each PE independently processes each vector (DLP).
(2) Two PEs 〈PE0, PE1〉 coordinate to process a single vector (ILP/DLP).
(3) Four PEs 〈PE0, . . . , PE3〉 coordinate to process a single vector (ILP).

Cases 2 and 3 require the use of the intra-cluster bus, whereas Case 1 does not. Fur-
thermore, the MIMD execution model also enables task-level parallelism. For example,
multiple PEs can be pipelined, where one is responsible for dataset decompression or
preprocessing, and the other three within the cluster handle the primary kernel using
any of the preceding execution models.

3.5. System-Level Memory Management

Data management is a crucial aspect of big data processing, and ensuring that PEs are
not starved while maintaining efficient and scalable on-chip data transfer is key. In the
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Fig. 6. Schematic of the system-level memory management. A SATA/SAS interface transfers data to/from
the LLM. Read and Write LUT controls are configured at compile time and control the behavior of the memory
management. Data are distributed through the cluster, separate from the intra-cluster bus, allowing data
transfer and computation to overlap.

proposed accelerator, a system memory manager is responsible for transferring data
streamed in by the onboard SATA/SAS controller (Figure 6). Configurable Read and
Write memories contain the data schedule, determined at compile time. The memory
manager intercepts SATA commands from the OS, including what files or memory
locations to retrieve and where results can be safely written back.

Within each cluster, a simple data router called the Data I/O Block (DIOB) (Figure 6)
accepts a directed data transfer and distributes it to the correct Cluster and PE. Di-
rected data transfers are preceded by a 9-bit header containing an MSB of 1 (header
ID), a 5-bit Cluster ID, and a 2-bit PE ID; after that, each data byte is automatically for-
warded to the appropriate PE. Note that 1 bit is reserved as a “continuation” bit which
will allow expansion by using multiple bytes to specify the Cluster ID. Data transfer
is localized to rows of Clusters; DIOBs cannot route data to clusters in their columns.
Instead, the main data manager, shown in Figure 4, initiates row-wise transfers as
data are received.

Internally, dedicated data lines to and from the PEs are used for I/O, rather than
reusing the intra-cluster bus, allowing data transfer to overlap with execution. Each
PE contains two data buffers, Front and Back (labeled “F and “B” in Figure 6), which
are reserved for I/O. If the data can be processed in a single iteration, and the output
data size matches the input data size, the results can be read from the backbuffer
while data in the front buffer is processed. When ready, the PE swaps the roles of the
buffer. However, for clustering and neural networks, the intermediate values may not
be of interest, or, in other cases, the data output sizes may be significantly smaller
than data input. In these cases, scratchpad memory can hold intermediate results,
and the data manager does not need to read back values between computations. This
allows the system to efficiently coordinate the parallel processing of a large volume of
data.

This memory management scheme is flexible enough to contend with the various
uses of the fabric, including cases where PE data transfer requirements differ between
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Clusters or even between PEs (e.g., ILP or TLP modes). Static scheduling is leveraged
to ensure PEs have sufficient data to process and that there are no contentions for the
data I/O bus. By having a single DIOB per cluster and not relying on global data lines,
the architecture can scale to an arbitrary number of clusters.

4. METHODS

In this section, we describe the experimental setup and FPGA-based hardware emula-
tor for functional and timing validation, and we provide implementation details of the
three representative kernels on the accelerator.

4.1. Experimental Setup

We obtain initial functional and timing verification of the accelerator using the hard-
ware emulation platform described in Section 4.2. For CPU and GPU implementations,
we use a desktop system running Ubuntu server 12.04 x64, with an Intel Core2 Quad
Q8200 2.33GHz CPU [Intel Core2 Quad Q8200], 8GB of 800 MHz DDR2 memory, and
a 384-core NVIDIA Quadro K2000D GPU [NVIDIA]. The same datasets were used for
functional verification on the emulator, the CPU, and the GPU.

For CPU results, NBC and KMC were written in C and optimized with processor-
specific MARCH flags and -O3 compiler optimization. Latency results were obtained us-
ing the C function clock_gettime, with the CLOCK_PROCESS_ CPUTIME_ID high-
resolution clock specifier [CLOCK GET TIME]. CNN code was obtained from Theano
[Bergstra et al. 2010] for the sample network provided in the documentation. For GPU
results, the NBC and KMC kernels were written in C with the CUDA extensions and
compiled with the NVIDIA C Compiler (NVCC). Latency results were obtained using
the built-in NVIDIA profiling tools for high-precision kernel and PCIe data transfer
timing [NVIDIA]. CNN latency was obtained using high-resolution timing functions
available in Python.

Energy results were derived from the latency and estimated power consumption of
the CPU based on 25% maximum TDP (95W), scaled by the number of active cores and
threads (1 of 4), for a conservative power estimate of 6W. We believe this is estimated
to the benefit of the CPU because the actual power consumption is likely to be greater
than 6W. Similarly, we estimate GPU power consumption based on the number of active
cores and threads; since GPU kernels were launched with sufficient blocks and threads
per block to ensure maximum occupancy and core utilization, the TDP (51W) is used.
For isoarea comparisons, the CPU area is taken to be 1/4 of the die shown [George et al.
2007], which we estimate to be 25mm2 at 45nm.

The accelerator was also implemented in Verilog (the same used in the emulation
platform). This was synthesized using Synopsys Design Compiler and a 90nm cell
library. The maximum clock frequency of 1.27GHz, as reported by the synthesis tool,
was used. Power, performance, and area estimates for the non-memory components
were extracted from this model. CACTI [CACTI] was used for the power, performance,
and area of the memories, also estimated for a 90 nm process.

4.2. Functional Verification

The proposed accelerator was functionally verified using the hardware emulation plat-
form pictured in Figure 7. Two separate FPGA boards were used: first, a Nios II/f
softcore processor [Nios II] was mapped to a Terasic DE0 with Cyclone III FPGA, la-
beled “Host”; second, the accelerator and flash interface were mapped to a Terasic DE4
with Stratix IV FPGA, labeled “SSD.” The flash interface facilitates communication
between the “LLM,” a 2GB SD card, and the accelerator. The two boards communicate
over SPI using the GPIO ports.

The hardware was developed in Verilog and compiled using the Altera Quartus II
software [Altera 2016] with optimizations for speed. A single cluster (4 PEs) is
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Fig. 7. Photograph of the hardware emulation platform. Two FPGA boards, one “SSD” and one “Host,” are
used for functional verification of the accelerator.

Fig. 8. Breakdown of the average (a) lookup table and datapath instructions for kernels mapped to the
framework, and (b) the four most common datapath (non-memory access) operations.

used in the hardware prototype, though for synthesis and simulation results, a two-
cluster (8 PE) implementation was used. The three kernels, NBC, CNN, and KMC,
were mapped to the framework using techniques highlighted in Section 4. For NBC
and KMC, randomly generated 1GB datasets were processed; for CNN, samples from
the MNIST handwritten digit dataset were used instead.

For the emulated CPU processing, data are transferred from the “SSD” to the “Host”
over the SPI connection, emulating the functionality of the SATA interface. After pro-
cessing, data are similarly written back to the “SSD.” The results are then offloaded
to a desktop system, the SD card is reformatted, and the original dataset is reloaded.
Accelerator-based processing follows, initiated by the “Host” sending the kernel speci-
fication and data location. This initiates the transfer and processing stages. Data are
written back to designated locations once processing is complete, and results are again
offloaded for analysis. For all three kernels, accelerator output and CPU output were
compared and found to match. Figure 8(a) shows the average instruction breakdown for
the LUT versus Datapath, and Figure 8(b) shows the same for the four most frequent
datapath (non-memory access) instructions.
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4.3. Analytics Kernels

4.3.1. Classification. For testing, we implement NBC, although the principles apply
similarly to classification using SVM [Boser et al. 1992], especially the linearly
separable case. NBC makes heavy use of the available datapath operations but does
not require any of the scratchpad memory; the register file is used to store intermediate
results. Training is performed offline (e.g., on the host) on a small subset of the data,
and the probabilities are stored as 8-bit fixed point. No complex functions are used,
and no inter-PE or inter-cluster communications are required.

4.3.2. Neural Network. As with NBC, the neural network implementation (specifically,
CNN) also requires two stages, one for training and the other for evaluating the input.
The input is a set of small grayscale images containing handwritten digits from the
MNIST database [Lecun and Cortes 2016]. The network consists of convolutional layers
with nonlinear subsampling operations immediately following. The test network is
based on the example CNN from Theano [Bergstra et al. 2010].

Input images are stored in 8-bit grayscale in the data memory, and a copy of each
image, along with the filter coefficients, is distributed to each PE. The full convolution
operation is evaluated over multiple cycles using a multiply-accumulate unit. A nonlin-
ear activation function, tanh, is approximated with lookups, using the most significant
bit as the sign bit, with the remaining bits used for the decimal. Portions of the same
image are processed in parallel within a single 4 PE cluster, and output data are shared
among the PEs upon completion of a single stage.

Like KMC, a mix of datapath and lookup operations is used. While this implementa-
tion requires significantly more intra-cluster communication, individual network eval-
uation latency is decreased, and clusters can independently evaluate different input
data. We note that the approach applied to CNN can be applied to a more general Artifi-
cial Neural Network (ANN), where the primary difference will be increased utilization
of the intra-cluster bus.

4.3.3. Clustering. Parallel implementations of KMC have been investigated with re-
spect to large datasets using MapReduce [Zhao et al. 2009], GPUs [Farivar et al. 2008],
and other multiprocessor, multinode machines [Kraj et al. 2008]. We implement paral-
lel KMC on the accelerator, testing two scenarios, in which (i) one processing cluster is
used and (ii) multiple processing clusters are used. The number of processing clusters
is not solely a function of the number of vectors in the dataset; additional consideration
is given to the desired balance between spatial and temporal computing, in particu-
lar, the energy/latency tradeoff. In the first case, communication within the cluster
occurs after each point in local PE memory has been assigned to a group and the
group summary statistics have been computed. The same principles apply to the sec-
ond case, except summary statistics must be additionally shared between processing
clusters.

During the KMC operations, a mix of datapath and lookup operations are used.
Namely, the Euclidian distance measure is used, requiring SQUARE and SQRT functions,
which are stored in fixed point in the LUTs, in addition to datapath addition. Magnitude
comparisons are also performed using datapath operations.

4.4. Dataset Compression

Dataset compression using Huffman-based entropy encoding is employed to reduce
data transfer volume. Decompression is straightforward, implemented as a table
lookup, in total requiring 14 cycles: 1 for the actual lookup and the remainder for
data management and formatting for the NBC, KMC, or CNN routines. Compression
is slightly modified, using padding to enable the efficient lookup. For example, in the
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Fig. 9. Comparison of (a) raw throughput, (b) throughput per core, (c) isoarea throughput, (d) throughput
improvement from compression, (e) energy efficiency, and (f) improvement in energy efficiency from com-
pression. From (a), we observe that, on average, the accelerator outperforms both the CPU and the GPU
in terms of raw throughput. However, architectural differences must be considered, and in (b) we observe
how this affects per-core performance. Finally, (c) demonstrates the effect of architecture-level domain cus-
tomization, which heavily favors the analytics-specific accelerator. We observe in (d) the improvement in raw
throughput from compression, which varies based on the dataset and decompression speed. Finally, (e) and
(f) demonstrate the significant increase in energy efficiency of the accelerator compared with the CPU and
GPU, as well as the improvement in energy efficiency due to compression.

case of the NBC data, the longest Huffman code was determined to be 4 bits, and the
shortest was 2 bits. Values shorter than 4 are left-aligned in a half-byte and padded
with all remaining combinations. For code lengths greater than 4 bits, an extra 2 cycles
are needed to track intermediate values.

As a reconfigurable framework, the user has the freedom to choose one of several
compression/decompression algorithms and implementations; the choice depends on
the data and which algorithm can provide the best compression ratio. Run length
coding or an LZ variant [Ziv and Lempel 1977, 1978] can be used, as long as the
inequality (Section 2.3) holds.

5. RESULTS

The implementations of all three applications resulted in identical outputs for the
proposed accelerator, CPU, and GPU, confirming functionality of the implementations.
The following is a comparison of throughput (at iso-area) and energy-efficiency (at
iso-throughput) among the three platforms.

5.1. Throughput

We begin the throughput analysis by comparing the raw throughput of applications on
the target platforms (Figure 9(a)). Both the GPU and accelerator outperform the CPU
considerably, about 6× on average. While the CPU implementation was single threaded,
a multithreaded/multicore implementation is unlikely to bridge the performance gap;
even if we assume CPU performance to scale linearly with the number of cores for all
applications—an unlikely scenario—this would at most achieve 66% the performance
of the other systems (assuming a quadcore CPU) and would certainly increase power
consumption.
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Interestingly, when considering raw throughput, the GPU outperforms the accel-
erator by about 1.2× for NBC, and the two are nearly equivalent for CNN; but, for
KMC, the accelerator outperforms the GPU by about 1.6×. This can be explained by
considering the GPU warp-based execution model: NBC achieves higher performance
through the use of coalesced memory accesses; meanwhile, KMC suffers from both
uncoalesced memory accesses and significant branch divergence, leading to poor per-
formance [Rogers et al. 2013].

Iso-Comparison: Given the architectural differences between the processing ele-
ments in the three platforms, we provide two iso-comparisons in Figure 9(b) and (c),
which show Throughput per Core and isoarea throughput, respectively, in Megabits per
second (Mbps). The main takeaway is the effect of core size and domain specificity: The
CPU (a “heavyweight” core) yields the highest per-core throughput, while the GPU (a
“lightweight” core) yields the lowest. Between them is the accelerator, which provides
moderate per-core throughput.

Considering area efficiency, we observe relatively low average isoarea throughput
for the general purpose platforms (CPU, GPU), whereas the accelerator yields signifi-
cantly higher results. This is primarily due to the domain specificity, both the inclusion
of functional units which are related and useful to the particular domain, and the ex-
clusion of functional units that are less relevant. In other words, the accelerator cores
are more focused toward the target domain, resulting in a higher percentage of useful
area on the chip.

Application Level: At the application level, we generally observe the highest av-
erage isoarea throughput for NBC in all platforms, followed by KMC and finally CNN.
There are two reasons for this difference: First, the average number of operations ap-
plied to each byte during processing varies from NBC (least) to CNN (most); second,
the inter-cluster communication overhead, which similarly varies from NBC (no in-
tercluster communication) to KMC (frequent communication, but a small amount of
data), and finally CNN (frequent, with a large amount of data). Generally, applications
highly amenable to parallelization (DLP) will benefit most from a larger number of
cores, up to a point [Esmaeilzadeh et al. 2013], which in this case favors the GPU.
The mesh inter-cluster interconnect supports greater throughput for small, frequent
data transfers, leading to a significant performance increase for KMC when using the
accelerator.

Effect of Compression: We conclude our discussion of throughput by observing the
effect of dataset compression on performance. Figure 9(d) shows that, on average, the
CPU was adversely affected, the GPU was unaffected, and only the proposed accelerator
experienced an increase in raw throughput by compressing the dataset. Generally, we
can expect to see an increase in throughput only when the decompression routine
overhead is less than the difference in transfer latency between the compressed and
uncompressed datasets (Figure 2). This was not the case for any of the CPU kernels, and
therefore it experienced the greatest decline in performance among the three platforms.
Note that, among the kernels, the lowest decline was experienced by NBC; in fact, across
all three platforms, NBC experienced the highest performance improvement relative
to the other kernels while KMC experienced the lowest. This is primarily due to the
high compression ratio achieved for the NBC dataset and the low compression ratio
achieved for KMC.

The GPU saw a significant increase in throughput for the NBC kernel and a steep
decline for the others. Compared with CPU, the decline in performance for CNN and
KMC is far more drastic on the GPU. The same factors affecting the raw throughput
without compression are exacerbated by the addition of the compression routine, which
itself suffers from warp divergence. Finally, the accelerator demonstrates the only
positive average improvement due to dataset compression among the three platforms,
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which indicates that the decompression routine had sufficiently low overhead on this
platform.

5.2. Energy Efficiency

For big data analytics, throughput is only one aspect. Arguably, the more critical design
consideration, especially in the coming years, is the energy efficiency of the system.
Figure 9(e) shows the Energy Delay Product (EDP) of the applications on the three
platforms. Note that a lower EDP implies greater energy efficiency. The CPU appears
as the least efficient platform on average, followed by the GPU. The accelerator achieves
the design goal of high energy efficiency and is on average two orders of magnitude
more energy efficient than either the CPU or GPU.

From an application standpoint, the most energy efficient on all three platforms
was NBC, which is primarily due to the small size of the kernel. For the accelerator,
this results in 61× and 11× improvement versus the CPU and GPU; for CNN, we
observe improvements of 84× and 89× versus CPU and GPU; and for KMC, we observe
improvements of 798× and 67× versus CPU and GPU, respectively. The relative EDP
improvement over CPU, even when comparing to the GPU, is quite large and primarily
stems from the already significant difference in compute energy and, ultimately, from
the difference in compute latency between the CPU and other platforms.

On the accelerator, the mix of lookup operations and customized datapath, as well as
the reduced transfer energy and latency, result in an average 212× improvement over
single-threaded CPU and 74× improvement over GPU. On average, the majority of this
improvement (>80%) is attributed to the lowpower, domain-specific architecture and
interconnect network, while the remainder derives from energy saved in data transfer.

Efficiency and Dataset Compression: Finally, we consider the effect of dataset
compression on the overall energy efficiency of the system (Figure 9(f)). Similar to the
effect on raw throughput, we observe that the proposed accelerator is the only platform
to benefit from the compression. This is primarily driven by the EDP improvement of
NBC, but CNN also demonstrates a slight efficiency improvement. However, the low
compression ratio for KMC yields no increase in efficiency on any platform.

6. DISCUSSION

In this section, we discuss different aspects of the experimental results with regards to
benchmark performance, the memory-centric architecture, and the application scope,
and we provide a thorough differentiation from related work.

6.1. Performance and Parallelism

All three benchmark applications performed well on the accelerator in terms of through-
put and energy efficiency. Moreover, the accelerator can rival the much larger GPU, even
in raw throughput, while using significantly less power. Depending on the mapping, the
application kernels are amenable to ILP and DLP. The high-bandwidth intra-cluster
communication network allows greater flexibility in the mapping, so a wide range of
kernels can take advantage of any inherent parallelism. This was observed for NBC,
which can exploit ILP in training and DLP in classification. CNN and KMC can both
benefit from a mix of these two models as well. Finally, task-level parallelism can also
be exploited, for example, pipelining the dataset decompression and dataset processing
in adjacent PEs or clusters as needed. This task-level parallelism can even be taken
one step further, running multiple classifiers (NBC and SVM, for example) or other
statistical models simultaneously for forecasting.
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6.2. Scalability

The results presented used an 8-PE (two cluster) version of the accelerator. With more
clusters, we expect to see a performance increase while maintaining comparable lev-
els of energy efficiency, given the scalable interconnect architecture. In contrast to
other Coarse Grained Reconfigurable Arrays (CGRAs) such as RaPiD [Ebeling et al.
1996], MATRIX [Mirsky and DeHon 1996], or MorphoSys [Singh et al. 2000], which
contain some form of global bus along rows or columns at the top level of hierarchy, the
second-level interconnect of the accelerator uses a routerless mesh to provide adequate
bandwidth for the analytics applications while keeping physical connections between
PEs short.

Generally, the performance of any accelerator for big data will have some inherent
limitations due to available I/O bandwidth since it remains constant even when adding
additional memory capacity. However, one can assume that the data already reside in
the last level memory of the system. With a typical platform, these data will have to be
read out of the disk, passing through the system I/O controller, to be processed by the
CPU or GPU. Conversely, the proposed system places the accelerators between the last
level of memory and the I/O controller. This results in two use cases: (i) each accelerator
can operate independently of the others with limited host intervention, using data on
the disk to which they are connected (typical of kernels amenable to map/reduce); or
(ii) accelerators must communicate intermediate results, in which case host interven-
tion is required. In the first case, the physical limitations of the system (e.g., pin count)
would not cause a bottleneck because processing is distributed among the disks. In
the second case, system performance would be reduced only if the communication re-
quirement exceeds that available for the system. If possible, applications should be
mapped in such a way that only intermediate results (e.g., summary statistics) need to
be communicated in order to minimize the negative impact.

Furthermore, note that effective data compression can go a long way in addressing
the limitation imposed by memory bandwidth. Since our reconfigurable accelerator is
amenable to efficient implementation of on-chip decompression/compression logic, as
described in Section 4.4, it can significantly help in reducing the bandwidth require-
ment for diverse application kernels. Our results show that even a simple compression
routine can significantly reduce the input data size, leading to an improvement in both
energy-efficiency and scalability for handling larger datasets.

6.3. Transfer Energy and Latency

Hiding data transfer latency is ubiquitous to modern computing, used in caching sys-
tems and employed by off-chip accelerators (FPGA and GPUs) to overlap processing
with data transfer. Frameworks like CUDA Streams [NVIDIA] provide higher lev-
els of abstraction to programmers for hiding transfer latency. Modern GPU hardware
contains on-board DMA engines which can transfer data directly from the last-level
memory without CPU intervention; when paired with streams, this greatly reduces
or entirely eliminates transfer latency after the initial transfer. While this does help
improve performance, it cannot hide the data transfer energy, which has been shown
to consume a large percentage of overall power consumption for high-performance
systems [Bergman et al. 2008].

Therefore, bringing computation closer to the memory has been investigated as a
means to reduce transfer energy and latency. With the advent of 3D integration, the
efficiency and cost-effectiveness of Processor-in-Memory (PIM) architectures has im-
proved [Liu et al. 2005]. However, there are several important considerations: (i) data
must still be transferred into the memory, which must pass through the I/O controller,
and would therefore be subject to the physical bandwidth limitations mentioned in
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the previous comment; (ii) the amount of physical memory available to PIM archi-
tectures is significantly less than the last-level memory available to a given system
through the use of port multipliers or expanders, meaning that applications whose
data size exceeds hundreds of gigabytes will need to be processed piecemeal and se-
quentially in the memory; (iii) while PIM solutions can reduce data transfer latency
and energy, they do not aim at developing a tailored accelerator architecture for data-
intensive kernels by customizing the datapath elements and interconnection fabric; and
(iv) as general-purpose processors, PIM architectures are unlikely to perform suffi-
ciently low-overhead data compression/decompression, making it difficult to reduce
the already limited memory bandwidth in modern computing systems. By comparison,
the proposed accelerator offers greater scalability and energy-efficiency compared to
PIM architectures for future growth of big data analysis.

In the ultimate case, processing can be moved into the last-level memory itself,
removing the need for external data transfer entirely. This, however, would require a
fully custom-designed last-level memory and the replacement of existing drives. The
proposed accelerator overcomes this difficulty by operating at the interface, rather
than inside the memory itself. Nevertheless, with the headway in “universal memory”
research (i.e., a memory technology that can be used for anything from CPU cache to
main memory to secondary storage), it is plausible to integrate efficient processing at
other levels of the memory hierarchy to further reduce data movement.

6.4. Memory-Centric Processing

The proposed architecture is memory-centric in that the primary component within
each PE is the memory. Synthesis results estimate that upward of 90% of the PE area
and power consumption is taken by the memory array. Therefore, higher density, lower
power, and more reliable memories have the potential to vastly improve the energy
efficiency and reliability of the accelerator. Many emerging memory technologies are
not only promising in terms of integration density, efficiency, and reliability, but also
offer nonvolatility.

6.5. Analytics and Machine Learning

Analytics is a rapidly evolving field, and, for many businesses, the ability to make more
informed operational decisions is driven by smarter data processing. A reconfigurable
accelerator tuned to the analytics domain can potentially reduce the costs associated
with big data analysis. The three benchmark applications represent a diverse range of
algorithms, from statistical classification to biologically inspired neural networks, but
by tailoring the accelerator design to common execution patterns and providing a highly
flexible interconnect, the accelerator is general enough to handle other applications
from this domain, including basic statistics (e.g., mean, median, variance, histograms,
etc.), other classifiers (e.g., SVM and decision trees), and different clustering techniques
(e.g., hierarchical), as well as standard ANNs. The framework can also be expanded to
include support for single precision floating point operations, catering to applications
where more precision is required than can be offered by the fixed point datapath.

7. RELATED WORK

There are many examples in literature of accelerating big data analytics workloads
using different hardware frameworks, including FPGA and GPGPU, as well as dis-
tributed computing systems with MapReduce. Here, we describe the related work and
how the proposed architecture differs, primarily focusing on FPGA and GPGPU rather
than other CGRAs or many-core systems, because the former tend to be more commonly
used in larger scale enterprise systems.
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7.1. FPGA Analytics

One of the most famous uses of FPGA to accelerate analytics is the IBM Netezza
platform [Helmreich and Cowie 2006], where database queries are sifted such that only
the relevant results are transferred to the host for processing, effectively compressing
the data. Other query processing and join processing systems exist [Sukhwani et al.
2012] [Halstead et al. 2013], along with more general regular expression acceleration
for text analytics [Atasu et al. 2013] or FPGA systems for general data mining or search
applications [Woods and Alonso 2011; Putnam et al. 2014]. Additionally, FPGAs have
been used to implement a custom accelerator within a Hadoop MapReduce framework
[Neshatpour et al. 2015].

One common theme among FPGA-based systems is the focus on raw performance. In
many cases, the significantly reduced latency associated with FPGA acceleration will
reduce power consumption over a comparable CPU implementation, but this is not a
scalable architecture in the context of overall power draw. More efficient reconfigurable
architectures, with domain-specific features such as that presented here, can serve to
improve performance while maintaining or even reducing overall power consumption.
Finally, the high flexibility of the FPGA systems is such that any future change to the
application/kernel/implementation will require a redesign of the underlying hardware
description (e.g., Verilog or VHDL). Frameworks with higher-level software support
can compile high-level descriptions into hardware, making them somewhat immune
from this. Nevertheless, an ideal system would be programmable, as in software, and
potentially easier to update and manage.

7.2. GPGPU Analytics

Like FPGAs, GPUs have also been used to accelerate analytics operations in the context
of big data. While the architecture is not as flexible as FPGA, the intrinsic parallel pro-
cessing in GPGPUs makes them attractive for a wide variety of analytics and mining
applications, including various clustering algorithms [Farivar et al. 2008; Stoffel and
Belkoniene 1999; Wu et al. 2009] and general MapReduce functions [Chen et al. 2012].
In addition, GPU database acceleration has been investigated [Govindaraju et al. 2004;
Bakkum and Skadron 2010], as well as accelerating Network Intrusion Detection Sys-
tems [Bandre and Nandimath 2015], graph processing [Wang et al. 2015; Fu et al.
2014], and deep learning from neural networks [Wang et al. 2014]. High bandwidth
PCIe interconnects, as is standard for modern GPUs, enables multiway data streaming,
which is complemented by the GPU hardware architecture and memory hierarchy.

However, like FPGAs, GPUs are not domain-specific. Fitting an analytics problem,
including required computations and communication between parallel elements, to the
GPU architecture may not result in optimal energy efficiency, as we observed in the
KMC and CNN benchmarks.

8. CONCLUSION

We presented a domain-specific, memory-centric, adaptive hardware acceleration frame
work that operates at the last level of memory and is capable of running advanced
analytics applications on a large volume of data. The architecture is tailored to the
functional and inter-PE communication requirements of the common kernels. A soft-
ware tool for automatic application mapping is developed that takes advantage of the
features of the underlying architecture. The framework is functionally validated us-
ing a hardware emulation platform with implementations of three common analytics
kernels. Synthesis results and subsequent comparison with CPU and GPU imple-
mentations of these kernels demonstrate excellent improvements in energy efficiency,
which we attribute primarily to the domain-specificity and the proximity to the data.
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In-accelerator dataset decompression is also shown to be a viable option by improving
overall system energy efficiency. Using the proposed accelerator, reduced latency and
power requirements will translate into faster results and lower energy costs, both of
which are crucial to many business applications. Finally, as a memory-centric hard-
ware acceleration framework, it can leverage promising properties of emerging memory
technologies (e.g., high-density, low-access energy, and nonvolatility) to further improve
area- and energy-efficiency. Future work will include extending the automatic appli-
cation mapping front-end to support kernel description in higher level languages and
investigation of other compression techniques, including LZ variants, as well as test
chip fabrication for the acceleration framework.
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