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ABSTRACT
Several FPGA architectures exist for accelerating Restricted
Boltzmann Machines (RBMs). However, the network size
for most is limited by the amount of available on-chip mem-
ory. Therefore, many FPGAs are required to implement
very large networks for use in real-world applications. A
virtualized design is able to time-multiplex the hardware re-
sources and handle much larger networks but suffers a per-
formance penalty due to the context switch. In this paper,
we present a number of improvements to a virtualized FPGA
architecture for RBMs. First, we take advantage of 16-bit
arithmetic to pack larger networks onto a chip. Second, a
custom DMA engine is designed to reduce the performance
impact of the large amount of memory transactions. Finally,
the architecture is scaled to multiple FPGAs to gain addi-
tional performance through coarse grain parallelism. The
design effort required to implement these changes is mini-
mized through the use of an embedded MPI framework. The
architecture, tested on a Berkeley Emulation Engine 3 plat-
form running at 100 Mhz, achieves a speed of 12.563 GCUPS
on a 8192x8192 network.

Categories and Subject Descriptors
C.3 [Computer Systems Organization]: Special-Purpose
and Application-Based Systems; I.5.5 [Computer Method-
ologies]: Pattern Recognition—Implementation

General Terms
Design, Performance
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Restricted Boltzmann Machines, Neural Network Hardware,
FPGA, High Performance Computing
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1. INTRODUCTION
A Restricted Boltzmann Machine (RBM) is a type of Ar-

tificial Neural Network that has garnered interest in the Ma-
chine Learning community recently due to its role as a fun-
damental building block of Deep Belief Networks (DBNs).
DBNs have been successfully applied to a number of machine
learning problems including semantic hashing of text docu-
ments [1] and recognition of handwritten digits [2]. How-
ever, a serious impediment to applying RBMs in real world
applications is the quadratic increase in computation time
with network size. Training of large DBNs can take days on
general purpose computers [2].

Fortunately, the structure of the RBM is very amenable
to parallel hardware architectures and several FPGA imple-
mentations have been proposed to accelerate operations on
the network [3, 4, 5]. These architectures are able to achieve
a very large speed-up relative to software implementations
by utilizing the FPGA multiplier and RAM resources to
perform the RBM operations in linear time. However, the
size of network is limited by the amount of available on-chip
memory. In follow-up works, Ly and Chow developed two
methods to handle larger networks. First, one could dis-
tribute the network onto multiple FPGAs [6]. This method
has the advantage of achieving additional speed-up due to
the parallelism afforded by the extra FPGAs, but it does
not scale well since the number of required FPGAs increases
quadratically with network size. Second, one could virtual-
ize the hardware of a single FPGA to compute the different
portions of the network sequentially as they are loaded from
external memory [7]. This method is more practically viable,
but memory bandwidth and latency become the limiting fac-
tors for performance. Kim et al. also proposed loading the
network from off-chip [3, 4], but have not yet demonstrated
such a system. In comparison to software implementations,
a multi-FPGA implementation by Kim et al. [4] achieved
a speed-up of 76.67 fold over a MATLAB implementation
and a 32 fold speed-up was observed with the virtualized
architecture by Ly and Chow [7] relative to an optimized C
implementation.

In this paper, we present a number of improvements to
the virtualized system in [7]. First, to increase the network
size operable on a single FPGA as well as simplify logic, the
fixed-point representation of the RBM parameters was re-
duced from 32-bits to 16-bits. This allowed for a doubling
of network size that could fit on-chip. Second, a new Di-
rect Memory Access (DMA) engine was designed to increase
the throughput to the external memory as well as minimize
processor interaction. Finally, the virtualized design was ex-
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Figure 1: Structure of a 3× 3 Restricted Boltzmann
Machine. Each line between nodes is a weighted
connection.

tended to multiple FPGAs to gain additional performance
through coarse grain parallelism.

The architecture in [7] was developed using an embedded
Message Passing Interface (MPI) programming model. MPI
is popular in the High Performance Computing (HPC) com-
munity for implementing parallel distributed memory sys-
tems. In embedded systems, MPI allows for the abstraction
of hardware engines, streamlining the design flow as well as
providing a simple method of interaction between hardware
and software components. However, due to the differences
between HPC and embedded system environments, MPI im-
plementations in the embedded domain are still maturing.
This work presents an opportunity to study the use of em-
bedded MPI. In particular, we examine how the MPI pro-
gramming model facilitates the modification and extension
of embedded FPGA applications.

The rest of the paper is organized as follows: Section 2
provides some background on the operation of Restricted
Boltzmann Machines as well as an overview of the basis vir-
tualized architecture. Section 3 describes the modifications
made to the hardware due to the 16-bit fixed point repre-
sentation. Section 4 describes some of the communication
challenges involved in implementing the virtualized system
as well as the custom DMA engine. In Section 5 the exten-
sion to multiple FPGAs is presented. Section 6 examines the
use of embedded MPI in this project. Results are presented
in Section 7 and conclusions are given in Section 8.

2. BACKGROUND
A Restricted Boltzmann Machine (RBM) consists of two

layers of binary-valued neurons or nodes; a visible layer as
well as a hidden layer. The network is a bipartite graph,
where each node of one layer is connected to all of the nodes
of the opposite layer by a weighted connection with no con-
nections between nodes of the same layer. We will denote
the weight connecting visible node i to hidden node j by
wi,j . A graphical representation of this topology is shown
in Fig. 1.

If we partition the visible and hidden nodes into sub-
sequences, the weights can be represented as a block matrix
as shown in Eqns. 1-3

W =

 W0,0 · · · W0,M−1

...
. . .

...
WN−1,0 · · · WN−1,M−1

 (1)

V = [V0 · · ·VN−1] (2)

H = [H0 · · ·HM−1] (3)

Each weight block and related visible and hidden sub-
sequences have the same structure as the overall weight ma-
trix and node layers. Thus, operations performed on the
overall network can be divided into similar operations on
the smaller partitions of the network. This method of par-
titioning is important for time-multiplexing the RBM hard-
ware. Eqns. 4-6 show the individual components of partition
(n,m) assuming the sub-sequences are of equal length K.

Wn,m =

 wnK,mK · · · wnK,(m+1)K−1

...
. . .

...
w(n+1)K−1,mK · · · w(n+1)K−1,(m+1)K−1

 (4)

Vn = [vnK · · · v(n+1)K−1] (5)

Hm = [hmK · · ·h(m+1)K−1] (6)

The state of each node is a function of the sum of its
weighted connections, which can be interpreted as an en-
ergy. Eqns. 7 and 8 show the energy for the visible node i
and hidden node j respectively. For the partitioned block
weights and nodes, partial energies may be computed that
must be accumulated to then form the final energy.

EVi =

MK−1∑
j=0

hjwi,j =

M−1∑
m=0

(

K−1∑
k=0

hmK+kwi,mK+k) (7)

EHj =

NK−1∑
i=0

viwi,j =

N−1∑
n=0

(

K−1∑
k=0

vnK+kwnK+k,j) (8)

The energy calculation may also be expressed in vector
form:

EV = H ·WT =

 EV0

...
EVN−1

 =


M−1∑
m=0

HmW
T
0,m

...
M−1∑
m=0

HmW
T
N−1,m

 (9)

EH = V ·W =

 EH0

...
EHM−1

 =


N−1∑
n=0

VnWn,0

...
N−1∑
n=0

VnWn,M−1

 (10)

Given the energy, node states are determined stochasti-
cally using the sigmoid function shown in Eqns. 11 and 12.

P (vi = 1) =
1

1 + e−EVi
(11)

P (hj = 1) =
1

1 + e
−EHj

(12)

RBM training consists of two main stages: a node state
calculation stage called Alternating Gibbs Sampling (AGS)
and a weight update stage. AGS consists of a number of
phases. In the first AGS phase, the visible layer is initial-
ized with a training example or test data and the hidden
layer is generated using the equations above. In the next



AGS phase, the visible layer is similarly reconstructed. This
node selection continues in an alternating fashion until some
S’th AGS phase. The AGS phase will be denoted by a su-
perscript so that v1i is the state of the i’th visible node in
the first AGS phase. The energy calculation during the AGS
phases is an O(n2) operation in a sequential processor and
the sigmoid function involves costly division and exponenti-
ation operations.

The weight update stage involves taking the nodes from
the first and S’th AGS phases and applying the learning rule
shown in Eqn. 13 where ε is the learning rate. The most
precise weight update is calculated when S =∞. However,
learning has been shown to perform well when S = 3 [8] .
Notice that the weight updates may be performed indepen-
dently for each partition of the network.

∆wi,j = ε((vihj)
0 − (vihj)

S) (13)

To have weight updates that represent the entire set of
training data, it would be best to calculate the average
weight update for all training examples before committing
the change; this is called batch learning. However for large
training sets, this method of weight update could result in
long computation times between updates. To address this
problem, we can reduce the number of training examples by
splitting them into mini-batches and thus increase the up-
date rate at the expense of precision. The number of train-
ing examples used per weight update is called the mini-batch
size. More details on RBM operation can be found in [9].

This work extends upon the single FPGA virtualized ar-
chitecture in [7]. That system consisted of four major com-
ponents connected via an embedded MPI network: A Re-
stricted Boltzmann Machine Core (RBMC), an Energy Ac-
cumulator Core (EAC), a Node Select Core (NSC) and a
PowerPC processor. The RBMC performed Eqns. 7 and 8
in O(n) time by operating on a row or column of the weight
matrix in parallel. To facilitate this kind of access pattern,
many Block RAMs (BRAMs) were required to store com-
ponents of the weight matrix, thus the size of RBM was
limited by the number of BRAMs available on the FPGA.
Partial energy accumulation was handled by the EAC that
then passed the energy to the NSC to perform stochastic
node selection (Eqns. 11 and 12) using a look up table and
piecewise linear interpolator. The PowerPC was used to ar-
bitrate the hardware engines as well as stream data to and
from external memory.

3. FIXED-POINT REPRESENTATION
The virtualized Restricted Boltzmann Machine architec-

ture in [7] represented weight and energy values as 32-bit
fixed-point numbers. This data width was a convenient de-
sign choice since the on-chip network operated with 32-bit
data widths and the configurable dual-ported Block RAMs
(BRAMs) supported up to 36-bit widths. However, signif-
icant performance improvements can be realized with a re-
duction in bit widths. In particular, by reducing the width
to 18-bits or less, two weights can be stored on the same
BRAM. This is significant since it doubles the amount of
weight data the RBMC can process at once.

Reducing the fixed-point precision can introduce some se-
rious problems that must be weighed against the perfor-
mance advantages. Depending on the RBM application,
there exists the possibility of overflow or underflow. This
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Figure 2: Arrangement of a 4 × 4 weight matrix
in BRAM. a) Original BRAM structure with one
weight at each address. b) Block diagonal structure
where each BRAM is responsible for two adjacent
elements of every row and column. c) Layout of the
weights in the BRAMs. One set of weights occupies
the Lower Half Word (LHW) at each address while
the other occupies the Upper Half World (UHW).
d) The two phases of weight re-ordering during a
column read. This pipeline stage allows one column
to be read out each cycle. The weights shown il-
lustrate reading the first two columns of the weight
matrix from BRAM 0.

could lead to problems finding a set of values in weight
space to accurately represent the given training set. Based
on software simulations, a width of 16-bits for weights and
energies was found to be adequate for training images from
the MNIST data set of handwritten digits. In addition, the
RBM implementation by Kim et al. uses 16-bit weight rep-
resentation [3] and previous studies support the use of 16-bit
weights in neural networks [10].

The RBMC was able to to access rows or columns of the
weight matrix in parallel by storing the diagonals of the
matrix in separate BRAMs such that each was only respon-
sible for one element in every row and column. A special
addressing scheme was used to ensure the correct elements
were accessed during the row or column reads.

By halving the fixed-point precision, the same BRAM can
store two sets of weights but the access pattern becomes
more complicated since two weights, not necessarily at the
same address, must be accessed in parallel on the same
BRAM. FPGA RAM primitives are typically dual-ported,
so a simple way of accessing two weights simultaneously is
to take advantage of the independent read ports. However,
there are advantages to using a single read port. For in-
stance, the 18 Kbit Xilinx Virtex-5 BRAMs can be con-
figured in simple dual-ported mode in which case the port
width doubles from 18-bits to 36-bits, with a correspond-
ing decrease in depth, but with one dedicated read port and
one dedicated write port. To take advantage of this type of



RAM, we would like a method of addressing using only one
read port. This can be achieved by storing block diagonals
of the weight matrix in each RAM as shown in Fig. 2b.

This method of weight distribution in BRAM allows for
any two sequential rows or columns of the weight matrix to
be read every two cycles. When reading rows of the ma-
trix, the elements of any row may be accessed in parallel by
simply setting the address of all of the BRAMs to the ap-
propriate row number. However, when reading columns, the
weights must be reordered as they exit the BRAMs before
they can enter the energy calculation hardware. This step
requires one buffer and can be pipelined so that effectively
one column is read per cycle. Fig. 2d shows an example of
how this buffer works to re-order the weights during column
reads.

4. COMMUNICATIONS
Communications can easily become the bottleneck in hard-

ware systems. This is especially true in virtualized systems
where it is important to minimize the time spent moving
new data and synchronizing components during a context
switch relative to the time spent in computation. In this
section we will examine the data flow to and from memory
required to virtualize the hardware engines, the capabilities
of the MPI network on chip and describe a new DMA En-
gine that helps reduce the cost of communication and thus
increase the relative time spent in computation.

4.1 Context Switch
The memory structure in the RBMC works well when

weights are loaded in BRAMs with individual read ports.
However, the access patterns are not well suited to stream-
ing portions of weights from external memory since non-
contiguous addresses must be read and thus burst reads may
not be used. Instead of streaming, the virtualized design in
[7] used full context switches; loading entire weight blocks
into the BRAMs before any computation. This allowed for
the use of bursts, but created a very large amount of idle
time for the RBMC while data was being read and written
back to external memory.

To examine the data flow in the virtualized system, we
can break the computation into three main parts for each
network partition. First, in the energy computation phase,
weights and node states are sent to the RBMC after which
partial energy is calculated and written back for each node
layer in the mini-batch. During the node selection phase,
the partial energies calculated for a row or column are accu-
mulated in the EAC which forwards the result to the NSC.
The NSC then calculates the node states and the result is
written back to memory. Note that node selection occurs
once for each block row or column of the weight matrix con-
sisting of P partitions and thus only occurs for a fraction
of the total partitions. Finally, in the weight update phase,
weights are sent once more to the RBMC along with the
node states calculated during the AGS phases and the up-
dated weights are written back to memory. Fig. 3 shows the
data flow between hardware components and Table 1 sum-
marizes the types and amount of data that must be sent for
each phase.

Of primary concern in terms of performance is the O(n2)
amount of weights that must be transferred during energy
computation and weight update. The system achieves speed-
up by performing the RBM operations in O(n) time, thus if
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Figure 3: Data flow between memory and the hard-
ware components for a network partition (n,m). a)
Energy computation for AGS phase α. b) Node se-
lection for AGS phase α. c) Weight update phase

Energy Computation
Data Type Complexity Size [bits]

weights O(n2) 16n2

energy O(n) 16n ∗ L
nodes O(n) n ∗ L

Node Selection
Data Type Complexity Size [bits]

energy O(n) 16n ∗ L ∗ P
nodes O(n) n ∗ L

Weight Update
Data Type Complexity Size [bits]

weights O(n2) 2 ∗ 16n2

nodes O(n) 4 ∗ n ∗ L

Table 1: Summary of major memory transfers for
each network partition during a batch update where
n is the number of nodes in the layers of the network
partition, L is the batch size and P is the number of
partitions in a row or column assuming the network
is symmetric

the majority of the time is spent in weight transfers, we lose
a dramatic amount of performance. One way of reducing the
impact of the context switches is by using large batch sizes.
Once the weights are loaded into the RBMC BRAMs, com-
puting energies and weight updates only require the transfer
of node states and energy. These transfers are much smaller
in size and grow linearly with network and batch size. Thus,
we can amortize the cost of the weight transfers by using
sufficiently large batch sizes such that the operating time
becomes dominated by the O(n) operations. Fig. 5 in the
results section shows the effect of batch size on performance.

4.2 Network on Chip
The communication layer is provided by ArchES-MPI1

[11], an embedded implementation of the Message Passing
Interface (MPI). Processors and hardware engines are ab-
stracted by the concept of ranks and a maximum throughput
of 128 bits/cycle is available between each rank via point-
to-point links. Hardware engines interact with the network
via a message passing engine (MPE) that handles the de-
tails of the network protocol. To initiate a transfer, one

1ArchES-MPI is derived from TMD-MPI



72-bit command is written to the MPE. Thus, the layer is
low overhead while providing high bandwidth. ArchES-MPI
supports both rendezvous and ready sends. The former in-
curs additional latency due to the synchronization of the
transmitting and receiving MPEs but is safer and avoids
network congestion.

The 128-bit data path allows for the transfer of eight 16-
bit weights or energies per cycle or 128 node states per cy-
cle. To take advantage of the wide datapath, the EAC and
NSC were modified to perform parallel energy accumulation
and node selection on the eight incoming energies per cy-
cle. This required the use of eight parallel uniform random
number generators for node selection. During the develop-
ment of this system, multiple Tausworthe-88 generators [12]
were instantiated with arbitrarily chosen seeds to facilitate
testing. This is not satisfactory in practice, since generated
subsequences could overlap and are not necessarily uncorre-
lated [13]. The other FPGA RBM architectures [4, 6] also
used parallel node selection but also have not addressed the
problem of parallel random number generation. This is left
as a topic for future work.

4.3 DMA Engine
In [7], the processor was responsible for queuing MPI data

transfers between the compute cores and the external mem-
ory. A Direct Memory Access (DMA) engine connected via
the Processor Local Bus (PLB), called the PLB MPE, was
used to interface the processor with the MPI network. The
PLB MPE allowed for the use of burst transactions from a
Multi-Port Memory Controller (MPMC) [14] over the PLB
as well as nonblocking sends and recieves. However, the
PLB has significant overhead and relatively low throughput.
In addition, the PowerPC incurred function call overheads
when beginning MPI transactions.

Instead of using a PLB connected interface, a new Memory
Access Core (MAC) was designed to use the Native Port In-
terface of the MPMC. The MAC operates using a simple set
of instructions identifying the MPI operation (Ready Send,
Synchronous Send or Receive), the memory location to ac-
cess, the message tag and the size of the message. These
instructions are stored on a simple FIFO and can be loaded
either from another rank or read directly from external mem-
ory. Thus, once loaded in the FIFO, only one cycle is re-
quired to fetch the next instruction and begin the next MPI
transaction. By operating the core at the memory frequency,
twice that of the hardware cores, the MAC is able to satu-
rate its MPI link with 128-bits per cycle during bursts. The
MAC handles all memory accesses and essentially replaces
the processor during computation. A processor is only re-
quired as an interface to load data from a host computer
and to send the first instruction to the MAC. In the future,
the on-chip processor could be completely replaced with a
MPI link directly to an external X86 processor.

5. EXTENSION TO MULTIPLE FPGAS
The goal in extending the virtualized architecture to mul-

tiple FPGAs is to use the coarse grain parallelism to pro-
vide extra speed-up. Two primary challenges arise when dis-
tributing the RBM across chips. First, the amount of work
should be balanced such that the available hardware is be-
ing fully utilized at all times. Second, since communication
costs can be very high in off-chip interconnects, inter-FPGA
communication should be minimized.
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Figure 4: Distribution of 4× 4 partitions of weights
among multiple FPGAs. a) Two FPGAs: Each
FPGA can calculate two blocks of hidden nodes
independently but synchronization is required be-
tween both FPGAs during selection of visible nodes.
b) With four FPGAs, each is responsible for one
block of hidden nodes and synchronization is re-
quired for visible node selection. c) Visualization
of energy summation and node selection for a block
of visible nodes Vn in the four-FPGA system shown
in (b).

The partitioning method described for virtualizing a RBM
on a single FPGA can be easily applied to distribute the
work across multiple FPGAs. Partitions of the weight ma-
trix and the corresponding nodes are distributed across the
FPGAs by grouping the partitions into larger contiguous
blocks as shown in Fig. 4a and 4b. The system operates
very similarly to the single FPGA version. The phases of en-
ergy computation and weight update only require data local
to each partition, so they can be performed independently
on each FPGA. During node selection, energies are first
summed locally and if required, accumulated across FPGAs
before the final node calculation. For instance, when calcu-
lating visible node states in the two FPGA system shown
in Fig. 4a, two partial energies would be accumulated lo-
cally on each FPGA before being summed on one FPGA.
The selected nodes are then broadcast to the participating
FPGAs. Notice that if the partitions on an FPGA span an
entire row or column of the weight matrix, no inter-FPGA
communications are required to calculate the corresponding
node states.

The synchronization step involved in node selection rep-
resents a major bottleneck in terms of the scalability of the
system. To facilitate the transfer of partial energies between
many FPGAs, the EACs were modified to support a large
scale tree-adder style summation. This helps reduce net-
work congestion by limiting the number of energy transmis-
sions at any one time to log2(N) where N is the number
of FPGAs. Fig. 4c shows the steps in node selection for a
four-FPGA system. The node states are only n bits, where
n is the number of nodes per layer in the RBM partition, so
the broadcast is acceptable. However, the number of node
transmissions increases linearly with the number of FPGAs,
thus the overall cost of synchronization increases as O(N)
with the number of FPGAs.



6. MPI PROGRAMMING MODEL
As FPGAs increase in size, they become more and more

viable as platforms for reconfigurable hardware accelerators
such as the RBM architecture presented in this paper. How-
ever, as the systems become more complex, they also become
more difficult to design and manage. The Message Passing
Interface (MPI) programming model provides one method of
partitioning embedded systems and simplifying their design.

In an MPI design flow, the application is first explicitly
partitioned into a number of tasks. These tasks are per-
formed by compute engines divided into ranks. Through
the abstraction provided by the concept of ranks, the im-
plementation details of compute engines are hidden from
other components in an MPI system. This abstraction can
be provided in a reconfigurable hardware design by embed-
ded MPI implementations such as ArchES-MPI. In ArchES-
MPI, hardware engines interact with an on-chip point-to-
point network via a Message Passing Engine (MPE). The
MPE hides the details of the communication layer and thus
isolates the engine from other parts of the system.

The use of ArchES-MPI has several benefits from a de-
sign and maintainability standpoint. First, since the hard-
ware components are encapsulated into ranks, the design be-
comes portable and scalable over platform changes. Designs
may take advantage of larger FPGAs by simply instantiat-
ing more engines on the same chip. Since each instantiation
is an independent rank, the control required to utilize the
additional hardware is just the appropriate MPI messages.
Likewise, additional FPGAs may be added to the system
by connecting them to the MPI network. No significant re-
design is required to take advantage of additional resources.

ArchES-MPI also provides an abstraction between hard-
ware and software components. This enables the seamless
interaction of software and hardware though a standard in-
terface. Since the implementation details of each rank are
hidden, systems may be easily prototyped in software and
very intensive tasks can be independently moved to hard-
ware without affecting the operation of the remaining soft-
ware components. In addition, hardware changes can be
made very easily without affecting the operation of the rest
of the system. This is imperative for incremental improve-
ments in large designs.

Finally, from a system design perspective, ArchES-MPI
allows for a flexible data flow. Since data is routed through
a point-to-point network on chip, the data path can be easily
reconfigured via messages. This creates flexibility in the way
hardware engines are used in different situations.

During the design of the multi-FPGA RBM architecture
in this paper, we took advantage of several of the features
provided by ArchES-MPI. First, the architecture was ported
from the Berkeley Emulation Engine 2 (BEE2) [15] platform
to the Berkeley Emulation Engine 3 (BEE3) [16]. The BEE2
consisted of five Virtex-II Pro FPGAs with hard PowerPC
processors connected in a mesh whereas the BEE3 contained
four Virtex-5 FPGAs connected in a ring without any hard
processor. In the absence of the PowerPCs, MicroBlaze soft-
processors were instantiated and integrated seamlessly into
the MPI network. Since the hardware engines were behind
the MPI layer, only an update in the netlist was required
during the transition. In addition, the details of the inter-
FPGA links were abstracted by the network on chip. Since
the data ports between FPGAs on the BEE3 were only 72-
bits wide, the width of the MPI network had to be reduced

to 32-bits to facilitate synchronous communication bewteen
the FPGAs. A packet width converter was used to split the
128-bit MPI data into four 32-bit parts before being sent
over the interconnection. This change in data width was
also transparent to the hardware components. Second, the
MAC took over many of the responsibilities of the proces-
sor. Originally, the processor was used to feed the compute
engines since the PLB interface was a simple way to access
external memory. However, when additional performance
was desired, the MAC was designed. No modifications to
the rest of the hardware cores were required to accommo-
date this change. Finally, the programmable nature of the
MPI network allowed the EACs to be configured to act as
a large scale tree adder across chip boundaries as well as
simple summation units.

ArchES-MPI may not be appropriate for all scenarios.
First, not all designs may be amenable to an MPI based
dataflow. In particular, the design must be carefully par-
titioned such that portions requiring very high throughput
and specific control such as pipelined datapaths do not trans-
fer data through the network. In addition, some overhead is
incurred during data transfer, especially during synchronous
sends where handshaking is required between the sender and
receiver. Finally, to make the most of the on-chip links, the
data width of the hardware engines should be matched to
the width of the network. Designs should be evaluated to
determine whether or not they fit the MPI framework.

7. RESULTS AND ANALYSIS
The design was tested on the Berkeley Emulation Engine

3 (BEE3) hardware platform [16]. The BEE3 contained four
Xilinx Virtex-5 XC5VLX155T FPGAs connected in a ring
via 72-bit wide interconnects. Each FPGA was also config-
ured with a 2GB RDIMM. The XC5VLX155T has 24,320
logic slices (each slice contains four 6-input LUTS) and 424
18 Kbit BRAMs for 7,632 Kbits of embedded RAM. Based
on the number of BRAMs available, a maximum RBMC
size of 256x256 was instantiated on each FPGA. A MicroB-
laze soft processor was also instantiated on every FPGA
to initialize the system. The compute engines, MicroBlaze
and MPI network ran at 100 MHz while the DDR2 memory
controller and MAC ran at 200 MHz. The clock frequency
was limited by long wire delays on this platform. Future
work will include the investigation of these critical paths to
achieve timing closure at higher clock frequencies. Com-
putation time was measured by calling the MPI function
MPI TIME() on the MicroBlaze after each mini-batch.

7.1 Metrics
One popular method of measuring neural network perfor-

mance is Connection Updates per Second (CUPS). This is
defined as the number of weight updates per second or:

CUPS =
n2

T
(14)

Where n is the size of the node layers and T is the amount
of time for all of the weights to be updated. One problem
with CUPS when measuring hardware performance is it does
not take into account mini-batch size; as mini-batch size in-
creases, CUPS will decrease although the number of weight
update calculations increases.
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Figure 5: Relationship between mini-batch size and
performance for a 1024x1024 network running on a
four-FPGA virtualized system.

We will use a slightly modified version of CUPS in this
paper:

CUPS =
n2

T
L (15)

Where L is the mini-batch size. This definition of CUPS is
the effective number of weight changes per second.

In [4], Kim et al. described a performance measure called
mult/s which measured the major vector multiplication op-
erations involved in RBM training. For three AGS phases,
this results in:

1 CUPS = 5 mult/s (16)

We will use CUPS as defined in Eqn. 15 as the metric for
the rest of this paper.

7.2 Context Switch Penalty
As mentioned in Section 4, the transfer of weights dur-

ing context switches represents a very large performance
penalty. Fig. 5 shows the speed of the four-FPGA 1024x1024
system for different mini-batch sizes. Performance increases
dramatically with mini-batch size. For small mini-batch
sizes, the majority of time is spent transferring the weights
to and from the RBMC during the energy computation and
weight update phases. Once the weights are loaded into the
RBMC, the remaining operations of transferring node states
and energies as well as the computations take a relatively
small percentage of time. Thus, performance scales linearly
at low mini-batch sizes with diminishing returns once batch
operations begin to dominate at large mini-batch sizes.

It is clear from these results that large mini-batches should
be used to maximize the performance of the virtualized sys-
tem. From an RBM training perspective, this is accept-
able since the precision of weight updates increases with
mini-batch size for stationary data. The trade-off for mini-
batch size has traditionally been computation time. How-
ever, since the virtualized system is bottlenecked by the
weight transfers for small mini-batches, there is very little
penalty in performance for increasing mini-batch size in this
system.
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Figure 6: Performance of the single-FPGA and
four-FPGA virtualized systems for different network
sizes. The mini-batch size was fixed at 1024.

7.3 Scalability
The scalability of the system to additional FPGAs is lim-

ited by the energy accumulation and node broadcast steps
during the node selection phase. Although node selection
only takes place for a fraction of the total compute time and
involves relatively few operations, the cost of this step is ex-
acerbated by the limited bandwidth available and latency
in the FPGA interconnects. In the BEE3 platform, the
links are direct PCB connections and thus relatively low la-
tency, but MPI data must be converted to 32-bit words when
crossing FPGA boundaries because of the limited number of
connections. In addition, during node broadcast, the node
states must cross two inter-FPGA links to reach a diagonal
FPGA due to the ring topology of the platform. Depending
on the distribution of the network partitions, a good topol-
ogy would have connections between FPGAs which share
rows and columns of the weight matrix. In the performance
tests, a distribution similar to Fig. 4b was used, so a fully
connected network would be desired since all FPGAs must
interact to reconstruct visible nodes. These costs cause the
scalability of the system to be limited when working with
smaller networks.

As the network size increases, the proportion of time spent
carrying out inter-FPGA synchronization decreases relative
to the amount of work performed independently on each
FPGA. Therefore, the synchronization penalty decreases as
network size increases and almost linear speed-up can be
achieved. Fig. 6 shows the speed of the virtualized system
running on the single and four-FPGA systems for different
network sizes. At a network size of 1024x1024, the four-
FPGA system achieves a speed of 9.0 GCUPS or about a
three-fold improvement over the single FPGA performance
of 3.1 GCUPS. However, at a network size of 8192x8192, the
four-FPGA system demonstrates an almost linear speed-up
of 12.6 GCUPS relative to the 3.3 GCUPS of the single
FPGA.

This architecture performs best when a small number of
FPGAs are working on a large network. This type of ap-
plication is the focus of the virtualized RBM design, and



thus the limits on scalability will not affect the majority of
use cases. However, the application should be kept in mind
when using this architecture.

7.4 Hardware Architecture Comparison
Table 2 shows a performance comparison of the different

FPGA architectures. First, in comparison with the previous
virtualized RBM architecture in [7], the improvements made
to this system allow it to achieve much greater performance.
The architecture in [7] was implemented on a Virtex-II Pro
XC2VP70 FPGA with 328 18 Kbit configurable BRAMs.
That platform allowed for a maximum 32-bit RBMC of size
128x128 to be instantiated at 100 MHz. On a single FPGA,
virtualized systems do not gain much extra performance
from increasing RBM size since the number of partitions
grows as O(n2). This can be seen in Fig. 6 where the single-
FPGA implementation remains at around 3 GCUPS over a
large range of network sizes although the four-FPGA imple-
mentation gets extra performance by amortizing the inter-
FPGA communication. Therefore, we can roughly compare
the raw performance of the single-FPGA virtualized systems
and see that the modifications made in this architecture al-
low for an over four-fold improvement in performance com-
pared to the design in [7].

The virtualized architecture in this paper allows for large
networks to be accelerated, but at the cost of performance
limitations. First, to achieve maximum performance, the
application of this design is limited to large mini-batch sizes
and large RBM sizes relative to the number of FPGAs.
These conditions are necessary to amortize the cost of the
context switch as well as the inter-FPGA communication.
Next, even for large mini-batches, the performance of this
system is limited by the memory latency and bandwidth. In
the best case, the system would achieve maximum perfor-
mance by keeping the RBMC constantly performing vector
and matrix operations. However, since frequent memory ac-
cesses are required during node selection, the RBMC must
wait for that stage to complete before it can continue pro-
cessing new data. The latency of external memory access is
an additional performance penalty relative to on-chip RAM
access.

It is interesting to compare this architecture to the ones
proposed by Kim et al. [3, 4]. In their designs, an array of
multipliers was used to perform the vector-matrix multipli-
cations. This allowed them to use real valued visible nodes
instead of binary valued ones. A key decision in their design
was the use of the same memory access pattern for accessing
weights from BRAM at the cost of having different sets of
accumulator logic for row and column operations. By stor-
ing their weights and batch data on-chip, they were able to
keep the multiplier array almost constantly busy and thus
achieved very high performance. Their architecture also did
not require very large batch or RBM sizes to maintain high
performance since they did not have external memory access
costs to amortize. A disadvantage of this method is that the
network and mini-batch sizes are limited by the amount of
on-chip resources. However, they may take less of a perfor-
mance hit if weight streaming is implemented, since the reg-
ular weight addressing allows for the use of burst reads and
writes from external memory and thus higher bandwidth.

The multi-FPGA architecture presented by Kim et al. [4]
also scales better at smaller network sizes. They achieve
very high scalability by requiring only nearest neighbour

transactions and thus reduce the overhead associated with
inter-FPGA communication. In contrast, the architecture
presented in this paper only scales well once the cost of inter-
FPGA synchronization is accounted for by using large RBM
sizes. However, the topology of FPGAs in their architecture
is restricted to a ring structure, whereas the multi-FPGA im-
plementation presented in this paper may be used in many
different network topologies due to the flexibility provided
by ArchES-MPI.

Kim et al. implemented their architecture on four Stratix
III EPSL340 FPGAs with the RBM modules running at
150 MHz. The FPGAs were connected in a ring via LVDS
pairs with a datarate of 4.8 Gbps in each direction. An
EPSL340 FPGA contains 130,000 Adaptive Logic Modules,
each acting as two combined 6-input LUTs, for a total of
260,000 6-input LUTs. In addition, the chip contains 288
18x18 multipliers and 16,272 Kbits of embedded RAM. The
number of multipliers limits the number of compute elements
on each FPGA to 256, thus each FPGA was able to perform
256 multiplications per cycle during the vector operations.
This is equivalent to the RBMC size on the BEE3 since a
256x256 RBMC can also operate on 256 vector elements per
cycle.

Note that the XC5VLX155T FPGAs in the BEE3, with
97,280 6-input LUTS and 7,632 Kbits of embedded RAM,
have about half the logic and RAM capacity as the EPSL340.
Given FPGAs with a greater amount of embedded RAM, ad-
ditional RBMCs could be instantiated to increase computa-
tional throughput of this system. The difference in clock fre-
quency also plays an important part in relative performance
of the two architectures. The implementation by Kim et at.
has inherently 50% greater performance due to the higher
clock frequency. Clock frequency was limited by long wire
delays on the BEE3 platform; further investigation will be
performed to address the critical paths and achieve timing
closure at greater frequencies.

As seen in Table 2, performance of the four-FPGA vir-
tualized design is dramatically worse than the multi-FPGA
architecture by Kim et al. when compared at the same net-
work size of 1024x1024 and mini-batch size of 16. The low
mini-batch size causes the RBMC to be idle for a large por-
tion of the running time while weights are being transferred
during the context switch. This is discussed in Section 7.2,
and the effect of mini-batch size on performance is shown in
Fig. 5. The performance of the architecture by Kim et al.
was reported as being invariant to mini-batch size provided
the multiplier pipelines were kept fed [4], thus a comparison
is still valid at larger mini-batch sizes. Unfortunately, no
comparison may be made for larger network sizes, but it can
be noted that at 1024x1024 nodes, the inter-FPGA commu-
nication costs are not yet amortized and thus the virtualized
four-FPGA system performs sub-optimally. If performance
is compared at a network size of 8192x8192 and a mini-batch
size of 1024, the performance gap partially closes. The re-
maining difference exists due to the greater clock speed as
well as the limited memory bandwidth and latency issues as
described earlier. Although the architecture by Kim et al.
achieves very high performance in its custom pipeline, the
flexibility of MPI makes the design presented in this paper
very portable and extensible.

Finally, a number of implementations using Graphics Pro-
cessing Units (GPUs) have been designed to accelerate RBM
training [4], [17]. Since the RBM operations are very heavy



Implementation Network mBatch Absolute
Size Size Performance

Virtualized 1-FPGA 1024x1024 16 1051 MCUPS
Virtualized 4-FPGA 1024x1024 16 2433 MCUPS
Virtualized 1-FPGA 1024x1024 1024 3070 MCUPS
Virtualized 4-FPGA 1024x1024 1024 8958 MCUPS
Virtualized 1-FPGA 8192x8192 1024 3286 MCUPS
Virtualized 4-FPGA 8192x8192 1024 12563 MCUPS

Virtualized 1-FPGA [7] 256x256 1024 725 MCUPS
Kim et al. 4-FPGA [4] 1024x1024 16 30666 MCUPS

Table 2: Absolute performance comparison between
different FPGA implementations. Here, mBatch
size is the mini-batch size. Virtualized FPGA de-
signs were run with a clock speed of 100 MHz and
the architecture by Kim et al. used a clock speed of
150 MHz.

in terms of vector and matrix operations, GPUs perform
well with respect to general purpose computers and com-
petitively with FPGAs. Comparisons between FPGAs and
GPUs may be found in [7] and [4].

8. CONCLUSION
This paper presents several methods of improving the per-

formance of a virtualized Restricted Boltzmann Machine ar-
chitecture within an embedded MPI framework. Core mod-
ifications were made to improve the operable network size
and reduce the impact of swapping data to and from external
memory. In addition, extra performance was gained through
the extension of the architecture to multiple FPGAs. The
design effort was greatly reduced through the abstraction
provided by ArchES-MPI. Performance of 12.6 GCUPS was
achieved on a 8192x8192 RBM with a four-FPGA platform.
Very large RBM networks can be realized using this virtual-
ized approach, but due to the inherent performance penalties
incurred during memory access, this architecture should be
used for applications with large networks and batch sizes to
achieve the most speed-up.

Avenues of future work include removing the MicroBlaze
processor and replacing it with a PCIe connection to a host
processor. This would free up LUTs and BRAMs on the FP-
GAs as well as improve the speed of initializing the DRAM
with test data relative to the JTAG connection currently
used. In addition, given more resources, a second MAC
could be instantiated to perform node selection in parallel
with energy computation. This would reduce the amount
of idle time for the RBMC and thus further improve per-
formance. Many neural networks share a similar structure
and thus require similar operations. Given the flexibility of
the MPI framework, the acceleration of other types of neu-
ral networks could also be investigated with this architec-
ture. Finally, the application of this system to Deep Belief
Network problems such as the classification of handwritten
digits in [2] is currently being investigated.
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