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A Cost-Efficient Digital ESN Architecture on FPGA

Victor M. Gan

(ABSTRACT)

Echo State Network (ESN) is a recently developed machine-learning paradigm whose processing
capabilities rely on the dynamical behavior of recurrent neural networks (RNNs). Its performance
metrics outperform traditional RNNs in nonlinear system identification and temporal information
processing. In this thesis, we design and implement ESNs through Field-programmable gate array
(FPGA) and explore their full capacity of digital signal processors (DSPs) to target low-cost and
low-power applications. We propose a cost-optimized and scalable ESN architecture on FPGA,
which exploits Xilinx DSP48E1 units to cut down the need of configurable logic blocks (CLBs).
The proposed work includes a linear combination processor with negligible deployment of CLBs,
as well as a high-accuracy non-linear function approximator, both with the help of only 9 DSP
units in each neuron. The architecture is verified with the classical NARMA dataset, and a symbol
detection task for an orthogonal frequency division multiplexing (OFDM) system on a wireless
communication testbed. In the worst-case scenario, our proposed architecture delivers a matching
bit error rate (BER) compares to its corresponding software ESN implementation. The performance
difference between the hardware and software approach is less than 6.5%. The testbed system is
built on a software-defined radio (SDR) platform, showing that our work is capable of processing

the real-world data.
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A Cost-Efficient Digital ESN Architecture on FPGA

Victor M. Gan

(GENERAL AUDIENCE ABSTRACT)

Machine learning is a study of computer algorithms that evolves itself by learning through
experiences. Currently, machine learning thrives as it opens up promising opportunities of solving
the problems that is difficult to deal with conventional methods. Echo state network (ESN), a
recently developed machine-learning paradigm, has shown extraordinary effectiveness on a wide
variety of applications, especially in nonlinear system identification and temporal information
processing. Despite the fact, ESN is still computationally expensive on battery-driven and cost-
sensitive devices. A fast and power-saving computer for ESN is desperately needed. In this thesis,
we design and implement an ESN computational architecture through the field-programmable
gate array (FPGA). FPGA allows designers to build highly flexible customized hardware with rapid
development time. Our design further explores the full capacity of digital signal processors (DSP)
on Xilinx FPGA to target low-cost and low-power applications. The proposed cost-optimized and
scalable ESN architecture exploits Xilinx DSP48E1 units to cut down the need of configurable logic
blocks (CLBs). The work includes a linear combination processor with negligible deployment of
CLBs, and a high-accuracy non-linear function approximator, both with the help of only 9 DSP
units in each neuron. The architecture is verified with the classical NARMA dataset, and a symbol
detection task for an orthogonal frequency division multiplexing (OFDM) system in a wireless
communication testbed. In the worst-case scenario, our proposed architecture delivers a matching
bit error rate (BER) compares to its corresponding software ESN implementation. The performance

difference between the hardware and software approach is less than 6.5%. The testbed system is
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built on a software-de ned radio (SDR) platform, showing that our work is capable of processing

the real-world data.
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Chapter 1

Introduction

1.1 Motivation

Neural network (NN) has shown extraordinary e ectiveness on a wide variety of applications,
such as image recognitiorbp, 63, speech processin@p 4§, and wireless communication/3.

The success greatly propels the evolution of hierarchical neural network architecture. Recurrent
neural network (RNN), as a sub-category of NN, evolves a loop back structure, creating temporal
memory for the network. This advancement profoundly expands the capability of NN in processing
time-dependent data. However, RNNs are notoriously di cult to train, in terms of computational

complexity.

Reservoir computing (RC), a recently developed machine-learning paradigm whose processing
capabilities rely on the dynamical behavior of RNN, greatly simpli es the training procedure in
that only the weights in output neurons have to be trained. RC has proved its power e ciency

in various applications %4, including pattern classi cation 5 47, 57], time series forecasting

[3]], pattern generation 82, channel equalization33, etc. Currently, there are three kinds of

RC systems, speci cally, liquid state machine (LSI34[ delayed feedback reservoir (DFR],[

and echo state network (ESN) [30].

There is an urgent need for RC hardware design to provide fast, less expensive and more energy-

e cient computing platforms [ 30 37. In spite of the improved training strategy, the inference

1



2 Chapter 1. Introduction

operation of ESN is still costly due to the nature of vector-matrix operations and non-linear
functions. Calculation using conventional von Neumann architecture is time and energy consuming,
making it unattractive for power/cost-sensitive platforms, such as mobile device and unmanned
aerial vehicle (UAV) 31]]. Field-programmable gate array (FPGA) provides a good opportunity for
the digital hardware designers to take advantage of the parallel essence of ESN. Several FPGA
approaches have been made, but none of them have explored the full capacity of DSP blocks to

target low-cost/low-power FPGA devices [41 43, 62].

1.2 Objectives

In this thesis, we introduce a cost-optimized, scalable ESN architecture on FPGA which exploits
Xilinx DSP unit, DSP48E1. To be more speci c, the proposed work includes a linear combination
processor with negligible deployment of con gurable logic blocks (CLBs), and a high-accuracy non-
linear function approximator, both with the help of only 9 DSP units in each neuron. Furthermore,
we cut down the need of CLBs in the ESN FPGA implementation, which makes our design ideal for
the low-cost Xilinx Artix-7 devices by o ering a higher DSP-CLB ratio. Our design is veri ed by
the classical NARMA10 dataset and a symbol detection task on a physical Wi-Fi communication
system. The test bed is built on a software-de ned radio (SDR) platform, showing that our work

is capable of processing the real-world data.

1.3 Thesis Organization

The organization of this thesis are summarized as the following: Chapter 2 introduces the background
of ESN, the critical components in an FPGA, a comparison between FPGA and ASIC, a functional

review of Xilinx DSP48E1, as well as a literal survey of state-of-the-art ESN implementations
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on FPGA; Chapter 3 focuses on our proposed hardware architecture, including a cost-e cient
synapse design, and a high-accuracy hardware hyperbolic tangent function with no additional
DSP cells required; Chapter 4 demonstrates how we apply the proposed ESN hardware to 1) the
classical NARMA dataset and 2) a real-world symbol detection task on GNU software-de ned
radio platform [4Q along with its performances; Chapter 5 summarizes our work and discusses

potential future improvements.



Chapter 2

Background and Literature Review

2.1 Echo State Network

2.1.1 Fundamental Structure of Echo State Network

The basic structure of ESN is illustrated in Figure 2.1. The computational model consists of three
layers: an input layer takes in data from the user, a reservoir layer evaluates the current state
using both a memorized state and current inputs, and an output layer predicts the outcome based

on the given state.

Consider a typical ESN structure with M input nodes, N reservoir neurons, and L output nodes, we
denote inputs of time step asu(n)=(u(n); ux(n); ;ny(n)) . Reservoir states are written as

x(n)=(xa(n);x2(n);  ;xn(N));y(n)=(yi(n);y2(n);  ;yr(n)) represents the output predictions.

The calculation of the current state(n) and the predictiorny (n) are represented by the following

equations:

x(n)=f Whu(n)+ Wx (n 1)+ WPy(n 1) (2.1)

y(n) = (W *z(n)) ; (2.2)

4



2.1. Echo State Network 5

where extended statg(n)=fx(n); u(n); y(n 1)g;f=(fy;f5; ;fn) aretheactivationfunctions
used in the reservoir neurons (usually hyperbolic tangent or sigmoid functions) fafid ( f 2 f U4 f 349

are the activation functions used in the output layer (usually linear functions).

Figure 2.1: An illustration of a typical ESN structure with M input nodes, N reservoir
neurons, and L output nodes'™, with shapeN M, mapsu(n) into the reservoir
neurons;W™ has the shapeN L and brings in the last outputy(n  1); W is the
reservoir weight with the formN N, which is the critical part to create echo (short
term memory). W has the formL (N+M+L) and is the only weight set to be
trained in ESN.

2.1.2 Training

The major reason that ESN is so popular is due to the simplicity of training compared with
traditional RNNs. Only output weight8V °'* need training in order to match the application. ESN
is commonly trained by supervised learning methods, given a set of training ingptd"n9 2

RM T and desired output’ @' 2 RL T with a training length T time steps. A good approach

tries to nd W °“t such that the mean square error (MSE) betwa€ff"ed andY '2°¢! js minimized,
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whereY taned 2 RL T js the inferential output of ESN. The MSE can be de ned as equatibi)

MSE = % Ylabel Ytrained T Ylabel Ytrained (23)

Regard an ESN with linear functions applied as output activation functions and withwg .

Y trained can be depicted by equation (2.4):

Y trained — W outZ. (2_4)
wherez 2 RIN*M) T is the row-wise concatenation ¢fX ; U "@"9g andX is derived by equation

(2.1), running through the whole training time steps T.

The training then becomes a simple linear regression problem. The well-known normal equation

method shown as equation (2.5) is often used to solve such a problem:

1

W out — Y IabeIZT ZZT (25)

To mitigate the impact of over tting and penalize extreme lard °", Tikhonov regularization

[44] is commonly added to (2.5). The training of ESN then can be rewritten as:

Wout: YIabeZT ZZT + | 1 (26)

where is the regularization factor andl is an identity matrix.
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2.1.3 State-of-art ESN Implementations on FPGA

FPGA is an ideal platform to build acceleration hardware of arti cial neural networks (ANNS),

since developers can largely exploit its parallel nature. For the same reason, application-speci c
integrated circuits (ASICs) are options to researchers too. Previously, cutting-edge ASIC implementation
using delay-based RC has been realized. Bai at el. design and fabricate a pure analog delay-based
RC integrated circuit on the CMOS 130-nm technology node, veri ed by NARMA datals®t A

series of related research work is conducted in the following publicatid2 4 17, 39. However,

ASIC design of RC consumes longer development time and cost much more on experienced

personnel and testing equipment, compared with the FPGA design.

FPGAs, on the other hand, provides a great balance between power, performance, area, and exibility.
Several FPGA implementations of ESN have been investigated. Yi et al. introduce the use of
FPGA to reservoir computing with on-board training capabilitg?]. Liao et al. realize pattern
recognition and sinusoidal wave generation with on-board batch training on a 65-nm Intel Stratix

[l high-performance FPGA41 43. Antonik et al. show the potential of applying recursive least
squares (RLS) online trainin@f on FPGA when solving the channel equalization probleéh [
Another group of research on ESN hardware tries to improve the e ciency using stochastic
bitstream neurons 11]. Signals in stochastic neurons are represented by a series of bitstream,
where the information is encoded as the probability of 1 s. With stochastic neurons, complex
arithmetic such as multiplication and non-linear functions can be implemented with reduced
hardware. The idea is rst introduced to reservoir computing i), and a proof-of-concept
implementation is presented ind] 5]. Furthermore, Huang et al. propose a scalable ESN hardware
generator P7]. The use of high-level synthesis reasonably reduces the development time. However,
none of the above fully utilizes the advantage of DSP blocks on contemporary FPGAs. To our best

knowledge, the work presented in this thesis is for the rst time exploiting the full capacity of



8 Chapter 2. Background and Literature Review

Xilinx DSP48 units to minimize the cost of the physical RC.

2.2 Field Programmable Gate Array

Field Programmable Gate Arrays (FPGASs) are semiconductor devices whose function can be
programmed to mimic a wide variety of digital circuit designs. A common FPGA device contains
con gurable logic blocks, 1/0s, and fabric routing resources. More advanced devices often comes
with dedicated arithmetic units and built-in soft-cores/intellectual properties (IPs). AFPGA designer
usually writes hardware description languages (HDLSs), e.g., Verilog or VHDL, to sketch adesired
digital circuit system. Contemporary FPGA development environments, e.g., Intel Quartus Prime
[20 and Xilinx Vivado [6]], read the HDL code and synthesize them into cells and nets delivered
by the target device. Such technique is referred to as inference . Next, the tool automatically
decide the physical location of each cell and route them together using available wiring resources.
This step is also known as automatic place & route (APR). Finally, the tool generates a bit-stream
le that can be sent to the FPGA through a device programmer. Then the designated function
can be run on the programmed FPGA chip. In the following sections, we compare the major
di erences between FPGA and ASIC, and two key components of FPGAs that regularly impact a

designer's decision.

2.21 FPGAVvs. ASIC

ASIC, or application speci c integrated circuit, is another popular option of realizing high-speed
operations. It's extremely high e ciency has attracted the industry for decades. Similar to FPGA,
digital circuit designers can freely implement arithmetic units, customized logic, memory, and

even analog modules in an ASIC. The comparison between FPGA and ASIC can start from four
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major aspects: recon gurability, cost, time to market, and e ciency. These four considerations
a ects our decision on which platform is more suitable for building a dedicated ESN hardware. A

comparison is summerised in Table 2.1.

Recon gurability

The production procedure of ASICs requires masking, which contains the design pattern of the
circuit of each production step. Once the mask is created and the pattern is etched onto the wafer,
it is almost impossible to change it. Redesign of the mask is not only time consuming, but costly.
On the other hand, FPGA o ers phenomenally great exibility. The circuit functionality can be
entirely changed even after a previous version has been burned on the chip. The upgrade can also

be done in a reasonable amount time, with nearly no cost.

Cost

Two major costs are involved on both side: development cost and production cost. For development,
FPGA costs apparently lower than ASIC. The former one usually only require one evaluation board,
a set of EDA tools provided by chip vendors, and a small team of personnel; while the latter one

may demand dedicated testing equipment, a more complex EDA tool set, and a larger team with

longer development cycle.

The production cost of FPGA and ASIC is consist of very distinct elements. The manufacturing
steps of ASIC intrinsically bring in higher non-recurring engineering (NRE) costs, including wafers,
masks, and equipment. This could be up in tens of thousand to millions of USD, whereas with
high enough volume, its cost of each die could be in cents. In contrast, FPGAs are sold with zero or

negligible NRE, where the per die price is higher. Generally speaking, the production cost makes
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ASIC shines in high volume, while FPGA plays a better role in low to medium volume.

Time to Market

Development time is a signi cant factor of the adoption of each technology. With both approaches,
engineers write hardware description language, such as Verilog HZd ¢r VHDL[ 2] for the front-

end design. Modern FPGA EDA tool chains usually can handle the rest of the procedures, including
synthesis, automatic place and route (APR), generation of bit-stream, and chip programming. ASIC
EDA tools are capable of synthesis and APR as well, however, back-end ASIC design involves
more electrical challenges. The unskippable additional probing, testing, and packaging stages take
substantial amount of time too. In fact, FPGA are well-known for its better time-to-market that it

is often used for fast prototyping of digital circuits.

E ciency

The better operational speed and energy e ciency are often one of the crucial criteria why ASIC

is chosen in the industry. The top speed of Xilinx 7-series FPGA runs at around 50MHz to few
hundreds of MHz, while an ARM A9 CPU made in ASIC can easily work at 800MHz to few GHz.
This is due to the programming mechanism of FPGAs, whose routing is achieved by programmable
switches and CLBs are mostly made by static random-access memory (SRAM). For the same reason,
excessive devices in FPGA and longer routing distances take away more enerygy, making it not

as e cient as ASIC approaches.

Best Fit of ESN Hardware

When the target application requires extremely high speed, or when the power consumption

has to be reduced at all cost, ASIC performs better because of its magni cent e ciency. Also,
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Table 2.1: Comparison between FPGA and ASIC

Criteria

FPGA

ASIC

Recon gurability
Language for development
Front-end design ow
Additional back-end steps
Time to market

Product cycle
Development cost

Best production volume
Clock speed

Energy E ciency

Common applications

yes

no, or costly

Verilog HDL or VHDL

synthesis, simulation, place, & route

programming & testing
short to medium
less restriction
low to medium
low to medium
medium

medium
fast prototyping
designs require constant updates

manufacturing, packaging, & testing
long
long
high
high volume
high

high
high-e ciency circuit
high-volume product




12 Chapter 2. Background and Literature Review

when a high volume of production is expected, ASIC might be the superior option in terms of
cost. However, ESN, as well as most machine learning methods, evolve rapidly in this era. We are
under a time when algorithms advance faster than hardware. The reprogrammability nature of
FPGA grant the opportunity to bridge the gap. Furthermore, ESN itself is sensitive to multiple
hyperparameters, such as the number of reservoir neurons and whether applying output feedback
to the reservoir layer. Users may nd one architecture suits the application better after a more
thorough training or a change of the input scenario. Building the circuit on an FPGA is the only
way for upgrading, while there is nearly no chance or too costly on ASICs. Last but not least,
the lower cost for development and the more compact time to market really makes FPGA stand
out against the ASIC path. We argue that FPGA works best in most cases for specialized ESN
hardware. In the coming sections, we will discuss the critical components in Xilinx FPGAs which

we exploit to improve its e ciency.

2.2.2 Con gurable Logic Blocks

Con gurable logic blocks (CLBs) are the elemental units implementing combinational and sequential
logics in Xilinx FPGAs. As suggested by its name, FPGA engineers can con gure the function
of CLBs, in order to realize custom logics. In FPGA terminologies, it is also referred to as logic
array block (LAB) or logic element (LE). On Intel FPGA devices, they have a similar unit named as

adaptive logic module (ALM), coming with similar purposes but very di erent architectureq] [

Xilinx CLBs provide extraordinary exibility and high performance for designers. Each CLB

consists of four slices, and each slice contains:

" Four logic-function generators (6-input look-up tables)

" Eight storage elements (ip- ops or latches)
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" Wide multiplexers

" High-speed carry logic for arithmetic functions

Look-Up Tables

The look-up table (LUT) in a CLB is the key component making it con gurable . It can work
as any arbitrarily de ned 6-input boolean function, or two arbitrarily de ned 5-input boolean
function.

Storage Elements

In the eight storage elements in each slice, four of them can be con gured as either D-type ip- ops
(D-FFs) or latches. When working as D-FFs, they can be accessed by the LUTs directly, performing
registered functional output. The D-FF is driven by clock, clock enable, and optionally set/reset
input signals, creating versatile register options.

Multiplexers

With the help of function generators and built-in multiplexers (MUXs), a 7-series CLB can perform

the following functions:

" 4.1 multiplexers using one LUT (4 MUXs per slice)

~ 8:1 multiplexers using two LUTs (2 MUXs per slice)

~ 16:1 multiplexers using four LUTs (1 MUX per slice)
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Carry Logic

The lookahead carry logic helps perform fast addition and subtraction in a slice. It is speci cally
reserved for small (less than 16-bit) adder designs. Each slice contains a CIN pin, a COUT pin, as
well as a 4-bit carry logic. The CIN and COUT pin of adjacent slices are wired physically for a

shorter carry delay.

Distributed RAM

One interesting application of CLBs is the distributed RAMhe CLBs can be con gured as a

various type of memory cells. The following is the list of con gurations [58]:

" 32 1-bit Single-Port RAM

" 32 1-bit Dual-Port RAM

" 32 2-bit Quad-Port RAM

" 32 6-bit Simple Dual-Port RAM
" 64 1-bit Single-Port RAM

" 64 1-bit Dual-Port RAM

" 64 1-bit Quad-Port RAM

" 64 3-bit Simple Dual-Port RAM
~ 128 1-bit Single-Port RAM

" 128 1-bit Dual-Port RAM

" 256 1-bit Single-Port RAM

The write operation of distributed RAM is synchronous, while the read operation can be either
synchronous with ip- ops or asynchronous without one. The freedom of con gurations largely

increases the on-chip memory capacity besides dedicated block memories.

1CLBs in Xilinx 7-series consist of two types of slice, SLICEM and SLICEL. The distributed RAM function is only
available in SLICEMs. A typical SLICEL:SLICEM ratio is around 2:1. For detailed numbers of each slice, please consult
[58].
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The Cost of CLB

With aforementioned basic components and functions, combined with fabric wiring resources,
designers can almost freely implement any logics on FPGA, including our goal, an ESN accelerator.
However, the utilization of CLBs is highly related to the cost in FPGA design. Using less CLBs
indicates a broader choice of low-cost devices, introducing higher possibility of reducing cost
in large-volume production. This thesis provides a solution deploying the DSP units in Xilinx
FPGAs. The DSP unit is fabricated with dedicated circuit, introducing high-speed and low-power
arithmetic capability. Unlike CLBs, the DSP unit is not fully con gurable. Some of its ports are
hidden from custom wiring. We must understand the in-depth architecture of it to unlock its full

power, which will be discussed in the next section.

2.2.3 Xilinx DSP48 Units

The basic computation of equatid@.1)and(2.2)is matrix multiplication and accumulation, which
can be e ciently realized with the Xilinx DSP48 units. DSP48 is a dedicated circuit designed for
arithmetic data path in Xilinx FPGAs, which is widely supported in Xilinx's product family. It
provides higher performance and lower power consumption for multiplication and accumulation,

compared to using CLBs.

In this section, as well as in our proposed ESN architectural design, DSP4&E [mainly

discussed and optimized for, speci cally, for the following reasons:

" DSP48EL1 is widely supported in Xilinx's 7-series product family since announced in 2010.

" The multiplier width is improved from 18 18 in the previous version, DSP48A1, to 23.8.
This is critical since in certain circumstances, multiplicands with up to 20 bits are required

in calculating equation (2.1).
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" The latest version DSP48E&(] is functionally equivalent and backwards compatible with

DSP48E1. The major di erence is the further extended bit length of inputs.

Figure 2.2: DSP48EL1 architecture. (a) The simplified architecture of DSP48E1. Our
design primarily makes use of the multiplier, the 3-input ALU, and PCIN/PCOUT inter-
DSP connection. Unrelated paths and units are hidden in this graph. (b) DSP slices are
cascaded and linked with PCIN/PCOUT ports.

Architecture

Figure 2.2 illustrates the simpli ed architecture of DSP48EL1. It consists of three major arithmetic
units - one 2-input multiplier, one 2-input power-saving pre-adder before the multiplier, and one

3-input ALU at the end of the c€ll

Four inputs are brought into one cell at the same time. Each input drives a series of con gurable

registers before fed into the next stage. A proper setting of the registers can be handful in pipelining

2Additionally, DSP48E1 has a built-in pattern recognizer, which extends its application by including more ags
available to designers. However, it it not essential in building an ESN accelerator. Please check the DSP48E1 user
guide [59] for the very detailed information.
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and increasing clock speed. The pre-adder is prestigiously useful for Iter designs. Depending on
the structure, Ahmed Akif demonstrates that building nite impulse response (FIR) Iters with

the help of pre-adders can reduce either latency or the demand of CLBs [3].

The DSP48E1 multiplier accepts 18-bi25-bit inputs with two's complement number capability.

The multiplication result is then optionally stored in register M. Before the number goes into the
next ALU, a stage of MUXs is deployed to control the three inputs of the arithmetic unit. In the
end, the nal number is stored in register P as the output, which can nally be accessed by fabric

routing resources.

Operations

The three MUXs (X, Y, and Z), along with the input register setting, de ne the functionality of
the DSP cell. By careful planning, users can almost freely determine the arithmetic equation of

P3. The general equation of output P can be expressed as:

P=C (B (A D)) 2.7)

One advanced feature that can be exploited is the PCIN/PCOUT inter-DSP connection. These
two ports cannot be accessed by custom logics, but they are wired with high-speed connections
between cells, as shown in Figure 2.2 (b). Also, DSP48E1 provides a 48-bit [A:B] concatenation bus
as an option of inputs of the nal stage ALU. By carefully selecting OPMODE, one can con gure

the operation of DSP48EL1 into 3-input adders as equation (2.8a) & (2.8b):

3When multiplication is activated, product M occupies both MUXs X and Y. This fact is due to the multiplier
design, which register M actually holds two partial products of the multiplier, taking two of the three inputs of the
ALU.
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P=PCIN+C+P (2.8a)

P=[A:B]+C+P (2.8b)

This feature is greatly useful when building the compressor in synapses. In section 3.2, we will

further describe how we utilize the advanced features to improve cost-e ciency.

Table 2.2: Available resources of typical Xilinx FPGA devices

CLB
Max
Distributed CLB-DSP  Block
Family Device Slices RAM (Kb) Ratio  RAM (Kb)
Spartan-7  XC7S100 16,000 1,100 100 4,320
Artix-7 XC7A200T 33,650 2,888 45 13,140
Kintex-7  XC7K325T 50,950 4,000 60 16,020
Virtex-7  XC7VX485T 75,900 8,175 27 37,080
Kintex
UltraScale KU040 60,600 7,100 31 21,000
Virtex
UltraScale VU095 134,400 4,800 175 60,800

*We list the devices whose native Xilinx evaluation boards are available on the market.

The Adoption of DSP48E1

Naturally, designers tend to avoid placing multipliers to minimize cost in digital circuit design.
However, it is not true when working on a FPGA, where DSP blocks are pre-planned and already

included inside the chip. In contrast, utilizing DSP blocks largely reduce the need of CLBs, making
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the design compatible with low-cost FPGAs. Xilinx Artix-7 family devices are good examples
falling into this category, whose DSP-to-CLB ratio is greater than their 7-series brothers. Table

2.2 lists the resources available of typical Xilinx FPGAs.
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ESN FPGA Design

3.1 Numerical System

In hardware arithmetic, dealing with fractional numbers can be challenging. There are two major
ways to represent fractional numbers, oating-point and xed-point expression. The rst one
usually follows the IEEE 754 standard] ith either single-precision (32 bits) or double-precision

(64 bits) format. They are widely used in general purpose computers due to a wide representative
value range and a better precision. However, the down-side of oating-point expression is also
obvious. Ittakes more storage space for each number and itis more complex to build the arithmetic
unit with oating-points. This approach is often not desirable for application-dedicated hardware,

such as our work.

In our implementation, unless otherwise stated, all fractional numbers are stored in signed xed-
point interpretation. We denote the numbers usirgl;f > expression, wheré represents the
total bit length andf represents the number of fractional bits reserved. Negative numbers are
depicted by the 2's complements of their absolute value. The maximum precision 1@s$ jsand

the value range can be declared as following:

2|f1.+2|f1 2f

20
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A conversion between the nominal valug., and representative valuee, can be written in

equation (3.1)

8

Veom 2 '; whenvysg =0
Vrep = g ; (31)
T Veom 27 whenvysg =1

where Vo, is the 2's complement o¥,m, andvysg is the most signi cant bit of the stored

number.

3.2 Reservoir Synapses - Linear Combination Without CLBs

Synapses in reservoir computing take the analogy from neural science, where a synapse connects
between neuron cells and takes in information. In ESN, reservoir synapses receive data from both
input and reservoir layer, applying pre-de ned weights to the data accepted. Data here indicate
the extended states(n) and the process is mathematically modeled by equati@r8a)as the

linear combination before the sum-of-product is fed into non-linear functidns

The two fundamental operations in a linear combination are multiplication and accumulation.
Consider an ESN without feedback connections &é° . Each neuron involves (M+N) multiplications
and (M+N-1) additions in each time step. A naive implementation may try to instantiate (M+N)
DSP cells as the multiply-accumulator followed @§°9: (M+N)e 1 fapricated adders as the

compressor tree, where erepresents the ceiling function. Nonetheless, such design is unscalable
and not suitable for a larger neural network. Moreover, building the compressor using CLBs

consumes more power and execution time than adopting dedicated DSP blocks [59].

In our work, a reservoir synapse using DSP blocks almost eliminates the need of CLBs. In fact,
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we con gure individual DSP unit such that it explores the full function introduced in equation
(2.7)& (2.8) The same DSP block is reused in the compressing stage and as well as the non-linear

function calculation. Figure 3.1 demonstrates the architecture of the entire reservoir neuron.

Figure 3.1: Reservoir neuron architecture. The whole neuron consists of 9 DSP48E1
slices, a local weight memory (16 bits 9 words), and two look-up tables for the
approximative coe icients of tanh.

Each neuron has only 9 xed DSP blocks. A local weight memory is introduced to storegthe
reservoir weights and input weights. The extended stafa) is brought in by a bus connected
to the global state memory. As shown in Figure 3.2, we then divide the computation of equation

(2.1) into three phases:

" Multiplication and Accumulation (MACC): 9 groups of weight and state are multiplied

and accumulated every clock cycle. Partial sum-of-products (SoPs) are saved inside P registers.

" Compression I: With 3 DSP blocks as a group, the 9 SoPs are compressed into three. For
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examplePlo = Poo+ P10+ on.

" Compression Il: Finally, the 3 SoPs are compressed into one. We can express this step as

P> = Pyp+ P11+ Py The nal resultx;(n) is store in the registeP 1».

The example con gurations of each DSP are given in Figure 3.2:

Figure 3.2: Example DSP configurations for each phase. In MACC stage, all DSPs have
the same setup. In Compression I, 3 DSPs are combined as a group. The inputs of upper
and lower DSPs are tied to O to prevent washing out of P registers. The three partial
SoPs are cached iRy, P11, & P15. In Compression IIDSR; is assigned to compute

the final linear combination result. Last but not least, the result is sent to non-linear
function LUTs, and DSR is arranged to close up the calculation.

3.3 Non-Linear Function Units - Hyperbolic Tangent

In software, users can precisely approach hyperbolic tangent (tanh) using Cody-Waite polynomial
[19, with high precision oating-point numbers, whereas, our work use xed-point number

system and the polynomial approach is surely too expensive.
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The required accuracy for tanh hardware approximation may di er from one application to
another. The di erence majorly stems from the dynamic range of output weights, due to the
nature of the applications. Take our two experiments for example, in 10 individual test runs, the
teacher labels from NARMA10 dataset are no smaller than 0.2 and no larger than 0.8, yielding
the trained output weights in the range of (-200, 200). In contrary, in the symbol detection task,
some output weights can go up to100,000. The large weight numbers can magnify any small
accuracy/precision loss in the reservoir stategthe output of tanh), and thus mess up the nal

prediction. The bit-length ok, as well as the tanh approximator has to be carefully designed.

3.3.1 Piece-wise Linear Approximation

To compensate the large weights while reducing resources, we apply-artier piece-wise linear
approximation to tanh. Lef (s) = tanh( s);jsj < 16, wheresis the 36-bit compressed sum-of-
product from the linear combination stagg;j denotes the absolute value. The method tries to

nd the approximated functionf (s), such that:

x = f(s) = slope s+ intercept
(3.2)
s=s round(s);

where round(s) is the roundeds to a certain precisionslope and intercept are two sets of

constants such that f (s) = f'\(s) f (s) is minimized.

This work employs two look-up tables (LUTS) to stostopeandintercept, respectively.
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Number Formats

Dynamic range, precision, and accuracy are three key factors for constructing the approximator.
Thanks to the characteristics of tanh, the neuron outputs always within the range of [-1, 1],
meaning that we can grant all the bits to the fractional part except for the rst sign bit. Precision
loss is introduced by the xed-point number system. We can calculate the appropriate fractional
bit length, as long as the precision loss is less than the application requirement. For example, given
the output weights from the symbol detection task (Table 421), 10 © is a safe precision setting.

A reasonable number of fractional bits can be calculated by:

#fractional bits=  log, 2 10° =19; (3.3)

whered edenotes the ceiling function. Therefore,is safely applied with a< 20; 19> format.

Accuracy, on the other hand, is a relative complex problem, since it is impacted by howltpe
and intercepttables are generated, as well as the number format of each table entry. Further

experiments and analysis are needed, which we will discuss more in the following subsections.

The Generation of slopeand intercept

Before working on the table, we rst need to de ne the interval= [G;H], whereG <H and
all input of the approximator lies within. Due to the symmetry nature of tanh function, the two
tables only need to serve the positive half of inpsitMoreover, whers > 8, tanh(s) is very close

to 1 (error <10 ©). Combining the above two reasons, we $et [G;H] =[0; 8].

Next, leta denotes the address bit-length of the tables. This divides the intelrvato 22 sections
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by entry points. Tha, entry pointis denotedas; =0+(8 0) i 2 2. Theintercepts then

derived by:

intercept; =tanh ('s));

each entry ofslopes further extended as:

_ (interceptis1 intercept;)

slope 3 7 a

Analysis of The First Approach

An analysis is performed to verify if the rst approach is optimal. Four metrics are useful to
evaluate the e ectiveness of the approximation. We follow the de nitions ih] & [ 56. The

metrics are de ned as follows.

For functionf : 1 =[G;H]! R,the approximation"\: I ' R has the absolute error df(s)
f(s), where there are K uniformly sampleslin interval | . ( Please note that the absolute here
intend to distinguish itself from the relative errors. It has nothing to do with the mathematical

absolute value.) That is,

P
Sif(s) F(s)i
< :

AverageAbs:Error = (3.4)

wheres; = G+ i ,and =(H G)=K. Analogously, we de ne the maximum absolute error

as:

MaximumAbs:Error :m%xjf(si) f'\(si)j: (3.5)
S
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Next, we have the average relative error de ned as:

Pk 1 1) s
i=0 f(si)
AverageRel:Error = K ; (3.6)
and the maximum relative error is de ned as:
. f(s) f(s
MaximumRel:Error = max M : (3.7)
szl f(si)

For hyperbolic tangent function, relative errors always approach in nity whernis close to 0,

sincetanh 0 is 0. Thus, the following paragraph will mainly discuss absolute errors.

Figure 3.3 shows that the error uctuates between intervals. Zooming in on a single sub-interval,
we nd the error goes from nearly O to a local maximum, and goes down again, forming a convex
and parabola-like trend in the graph. It makes sense that the error are closer to 0 on both ends,
since they are calculated by the tanh function exactly. The error only arises from the precision
loss of xed-point numbers. But the convex shape, along with the all positive error, suggest that

this method can be improved.

Improved intercept Table

In Figure 3.4, the whole interval [0,8] is divided in®3° sub-intervals. We extract the maximum
and minimum absolute error in each sub-interval and plot them in the graph. The gure further
con rms our hypothesis that all errors are positive. That is, it is possible to decrease the absolute
error f (s) f'\(s), by lifting the approximationf’\(s) slightly. The idea is to o set downward the
positive, parabolic error curve, such that the local minimum decreases from nearly O to a negative

number, and the local maximum is reduced jlocal minimunj. This modi cation potentially
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Figure 3.3: The zoomed-in absolute error before applying the improvement. In this
graph, each table hag!° entries;slopehas the format< 10; 10 >; interceptis stored
with < 19,19> numbers; s consumes 8 bits.
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Figure 3.4: The minimum and maximum local absolute error before improvement. The
experiment follows the same se ing in Figure 3.3.

moves the error curve closer to the y-axis, decreasing the average and maximum absolute error.

The improvedintercepttable is updated by the following steps:

1) Calculateo set = %(M ax:Abs:Err: + Min:Abs:Err: ) in each sub-interval.

2) Add theo set back to eachnterceptentry.

Figure 3.5 demonstrate the absolute error before and after the advancement. The maximum
absolute error within [0,8] declines froml2 10 ® to around6 10 8, which is nearly half
of the original value. Table 3.1 lists the experimental result of the tanh approximation with

various con gurations. The results displays that the improvedercepttable e ectively mitigates

approximation errors.



30 Chapter 3. ESN FPGA Design

Figure 3.5: The absolute error comparison before and a er the improvement. The
absolute error using the improveithtercepttable is about half of our first approach. The
number formats follows the same se ing in Figure 3.3.

Let us look deeper into the data. Unsurprisingly, larger LUT entries and wider LUT instances
yield better results. Using 8-bit LUT address (256 entries) with the improved method, generates
7 10°to5 10 ° average absolute error, while the maximum error is about one magnitude
higher 6 10 °to5 10 #). By widen the LUT address to 10 bits (1024 entries), the maximum
and average error can go down 6 10 ®and1:6 10 5, respectively, almost approaching

the limit of <20,19> output numbetsBut the cost of memory usage of 10-bit-entry LUTs is four
times higher than using 8-bit-entry ones. It is truly a performance-cost trade-o that a designer
should consider. Table 3.1 provides a handy reference for building a 1-st order piecewise-linear

tanh approximation.

The LSB of a <20,19> number represetd®, whichis abou2 10 6. The maximum erroi7:6 10 ©indicates
that only the last two bits are o .
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Table 3.1: Errors on the interval [0,8] and memory usage of the tanh approximator

LUT  intercept
Addr.  Format

slope
Format

Absolute Error
Absolute Error (Improved Method)

Memory
S Avg. Max. Avg. Max. Usage (Kb)

8 bits  <15,15>

<19,19>

10 bits <19,19>

<8,8>

<10,10>

<8,8>

<10,10>

<8,8>

<10,10>

6 bits  7.467e-5 5.294e-4 4.904e-5 4.530e-4 5.75
8 bits 5.270e-5 2.145e-4 2.752e-5 1.229%e-4
6 bits 6.448e-5 4.694e-4 4.558e-5 4.201le-4 6.25
8 bits 4.193e-5 1.608e-4 2.346e-5 9.304e-5
6 bits 5.098e-5 4.798e-4 3.369e-5 4.223e-4 6.75
8 bits 3.851e-5 1.574e-4 1.308e-5 7.924e-5
10 bits 2.870-e5 1.578e-4 1.308e-5 7.96le-5
6 bits 3.911e-5 4.186e-4 2.876e-5 3.844e-4 7.25
8 bits 1.642e-5 1.084e-4 7.248e-6 5.502e-5
10 bits 1.650e-5 1.090e-4 7.243e-6 5.526e-5
6 bits 1.168e-5 1.228e-4 8.094e-6 1.086e-4 27
8 bits 6.131e-6 3.354e-5 2.852e-6 1.758e-5
10 bits 6.190e-6 3.389e-5 2.851e-6 1.758e-5
6 bits 9.001e-6 1.002e-4 7.237e-6 9.720e-5 29
8 bits 3.355e-6 1.368e-5 1.610e-6 7.602e-6
10 bits 3.378e-6 1.386e-5 1.61le-6 7.602e-6
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3.3.2 Hardware Tanh Implementation

Here we take the most precise approximation setting in Table 3.1, where each LUT has a 10-bit
addressinterceptis 19-bit wide, holding <19,19> numbegdppes 10-bit wide, holding <10,10>

numbers; s has 8 bits available.

Figure 3.6 depicts the overall architecture of the non-linear function block. Before the linear
combination sum-of-producs is sent to the tanh unit, the module rst derive the absolute value
of it and omit the most signi cant bit (MSB) (sign bit), as well as redundant least signi cant bits

(LSBs), truncating it down to a 10-bit number.

For convenience, we uss® to denote the< 10;10 > converted positive number in the rest of

this section.

s© = jSjaazs (3.8)

In our design, each LUT takes the whole 10 bitssbfas input. Now the approximation can be

expressed as:

f(s) =

8
§ £ (isi) 5<0
%1 2 19 ‘s 8 (3.9)

slopgs®) | Sjoaag+ intercept(s) 21 0 s 8
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Figure 3.6: The architecture of the non-linear function (tanh) unit.

As shown in Figure 3.6, the multiplication and addition is dispatched back the DSP array in each
neuron, more speci cally, DSB, to eliminate the need of additional arithmetic units. The only part
that uses CLBs are simple MUXs, concatenations, and a 2's complement generator. Furthermore,

two LUTs are comprised of two-port block memories, thatis, one Tanh core can serve two reservoir

neurons simultaneously, making our design more e cient.
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Experimental Results and Analysis

To verify our work, the hardware ESN architecture is tested on two distinct tasks. Two major
versions of ESN are implemented, targeting two di erent applications. The rst one is tested and
optimized for the classical nonlinear autoregressive moving average (NARMA) datédetfhe
second is ne tuned for a a real-world symbol detection task in an orthogonal frequency division
multiplexing (OFDM) system4(. The major di erences between these two applications in terms

of hardware architecture are summarized in table 4.1. In short, the symbol detection task requires
more accurate approximation of the non-linear function, which is explained in more details in

section 3.3.

All experiments are conducted using post-synthesis timing simulation with Xilinx Vivado 2018.3.
The environment targets Virtex-7 VC707 FPGA evaluation board. The initial reservoir weights
and output weights are trained on a Ubuntu server using Python 3.7 and a modi ed pyB8N [

framework.

4.1 NARMAI1O Datasets

First introduced in [LJ, the NARMA system is widely used for testing RNN performances. We
follow the 10y, -order parameter setup in49 to build the testing vectors. Modeling such system

is challenging since the nonlinearity and the relative long-term memory are being stressed. The

34
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Table 4.1: Major ESN architecture di erences between two applications.

NARMAL10 Dataset Wireless Symbol Detection

# of input nodes 1 4

# of reservoir neurons 20/50/100 16

# of output neurons 1 2

Range of inputs normalized t 1;1)

Range of training labels (0:1;0:8) (-8, 8)

Range of learned output weights (-20, 20) (-50,000, 50,000)
Sustainable tanh accuracy loss j4 10 3 j4 10 9

Tanh output bit length 16 bits 20 bits

system can be described as:

X
y(t +1) =0 :3y(t) + 0:05y(t) y(t 1)+1:5y(t 9)y(t)+0:1 (4.2)

i=0

4.1.1 Experiment Results

The ESN is trained with three di erent settings. Small-size (20-neuron) to midium-size (100-
neuron) ESNs are tested to demonstrate the scalability and versatility of the architecture. Table 4.2
lists the experimental setup of three implementations using the same proposed architecture. All
three sizes of ESN are achieved by only 20 physical neurons in the circuit. That is, the same
smaller size ESN core is capable of processing larger size ESN data, with the help of proper
peripheral circuits. For example, updating 100 neurons using 20 physical neurons can be realized
by calculating each 20 neuron outputs at a time. This is a design trade-o between speed and

resources. In this case, ve iterations are taken to nish up one time step of the ESN. Circuit

1The range of training labels and learned output weights may vary depending on random seeds in NARMA dataset
and real test data in the wireless communication.
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designers can choose the optimal number of physical neurons for the target application and
device. Our solution uses a temporary cache to store the partial calculated states. The global state

memory will then updates its value from the cache once all 100 neuron outputs are calculated.

To carry out the best performance, the length of the training and testing sequence are varied.
Distinct regularization factors in equatioii2.6)are selected to mitigate over- tting. Detailed

numbers are also summarized in Table 4.2.

Table 4.2: NARMA experimental setup and performances

20 Neurons 50 Neurons 100 Neurons

# of physical neurons 20

Training sequence (steps) 1000 2000 8000
Regularization factor 0 108 2 107
Testing sequence (steps) 200 1000 1000
Training NMSE 0.136 0.142 0.203
Testing NMSE 0.246 0.132 0.103
Testing NMES (HW) 0.228 0.141 0.126

We test the performance of ESN in both software and circuit simulation using the metric, normalized

mean square error (NMSE):

P
lrb {1:1 ytest(t) ylabel(t) 2
Lo dyRee() E (ylee())?

1

yiEe(t);
0

NMSE =

(4.2)

1
E ylabel(t) —
L

wherey®™s{(t) is the ESN output given the test set in time step/'2°®'is the ground truth; and |

denotes the Euclidean norm. NMSE gives an idea of how well the prediction follows the actual
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NARMA system. The smaller the number, the better the system is inferred.

Figure 4.1 shows that our design models NARMA10 system genuinely well, almost as good as using
the Python model. In the case of 20 neurons, the outcome from the hardware circuit performs
even slightly better than the Python inference. We believe this is due to the small output deviation
between the hardware and software intrinsically introduced by the xed-point numerical system.
The hardware model tries to follow the software prediction as precise as possible, but the small
deviation may fall closer to the actual NARMA output. A slightly better NMSE could possibly be
obtained. This situation does not appear in the case of 50 and 100 neurons, where software and
hardware ESNs both perform excellently, leaving smaller gap for the deviation to luckly drive

NMSE better.

Figure 4.1: NARMAL10 performances in NMSE (lower the be er).

Figure 4.2 further visualizes the performance of our hardware implementation. The dotted green
line indicates the actual NARMA system output; the blue and orange line represents the ESN

inferences using software and hardware, respectively. As shown in the graph, the pattern of
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