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Abstract—Analog computing has been recovering its relevance
in the recent years. Field-Programmable Analog Arrays (FPAAs)
are the equivalent to Field-Programmable Gate Arrays (FPGAs)
but in the analog and mixed-signal domain. In order to increase
the amount of analog resources, in this brief a cluster of 40
FPAAs is proposed. As a use case, a 19-8-6-4 feedforward Neural
Network has been implemented on such cluster. With the help of a
DCT-based software framework, this NN is able to classify 28×28
images from MNIST. Results show that the analog network is
able to obtain similar results as the software baseline network.

Index Terms—FPAA, cluster, neural network, analog comput-
ing, approximate computing, classification.

I. INTRODUCING USING COMMERCIAL FPAAS TO

PROTOTYPE ANALOG NN CLASSIFIERS

ANALOG computing techniques demonstrate significant
improvement in computational energy efficiency and area

efficiency compared with digital computation [1], [2], opening
opportunities typically dominated by digital microprocessors
in embedded applications [3]. Neural Networks (NN) are
an important application for analog computation, particularly
because these applications do not require high initial resolution
for effective implementation [4], [5], [6].

This work looks at the opportunities of developing prototype
analog NN structures using commercial Field-Programmable
Analog Arrays (FPAA), such as Anadigm’s AN231E04 IC.
An FPAA is a programmable chip that allows to deploy ana-
log designs and reconfigure certain parameters and topologies.
Although advanced SoC FPAAs are found in the literature
(e.g., [2]), at this stage, they are not widely commercially
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Fig. 1. FPAAs cluster architecture and system overview. The host controls
the cluster by sending analog circuits and dynamic reconfiguration commands
to the cluster. The most significant coefficients extracted from MNIST digits
are converted into analog signals by the dynamic reconfiguration.

available. The main drawback when employing currently avail-
able commercial FPAAs is their reduced integration capac-
ity [7], [8]. Even when such devices become commercially
available, researchers likely will utilize earlier generation
FPAAs towards building next-generation systems, systems that
might directly implement into new FPAAs or might compile
to experimental hardware (e.g., [9]).

This brief demonstrates a cluster of 40 commercial Anadigm
FPAAs (Fig. 1) through a feed-forward NN Proof of Concept
(PoC) implementation. This effort works through the con-
strained communication pathways between parallel processing
circuits arising commercial FPAAs have limited number of
Input-Output Cell elements (IOCells). This approach builds
on early approaches building 3 to 4 non-spiking and spiking
neurons in a single AN221E04 device [7], [8], [10], as well
as discussions on implementing a small 2-input, 1-output, 5
intermediate neurons developed on an array of 5 AN221E04
devices [11].

The construction of the cluster has significantly increased
the analog computation capability and complexity using com-
mercial FPAA devices demonstrating an analog NN for
performing relevant image recognition tasks. Using software-
based Discrete Cosine Transform (DCT) image compression,
this NN classifies digits from 28 × 28 MNIST database
images [12] with similar accuracy as a software-based NN.
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Over the following sections, we discuss the front-end software-
based DCT image compression on 28 × 28 MNIST images
(Section II), the 40 FPAA cluster as well as the software
support for NN inferences (Section III), the accuracy of the
analog and software inference (Section IV), and discussions
projecting to next generation FPAAs (Section V).

II. DCT 28 × 28 IMAGE COMPRESSION

To process 28 × 28 images from MNIST database [12], the
images are passed through a software-based 2-D DCT [13] to
compress the image into a 19-input metric (Fig. 1) as the input
for a 19-8-6-4 NN. The NN identifies 10 different classes of
28 × 28 MNIST images. If the 28 × 28 pixels were taken as
direct NN inputs, the NN would need to process 784 inputs,
requiring hundreds of FPAAs. Directly processing the inputs
would be typical of Convolutional Neural Networks (CNNs)
such as LeNet. In order to diminish the number of inputs of the
NN, the 28 × 28 images go through the DCT. After applying
the DCT, the 19 most significant coefficients are selected by
employing the Zig Zag extraction method [13].

III. COMMERCIAL FPAA CLUSTER TO IMPLEMENT NN

This section presents the FPAA cluster (Fig. 2a). The clus-
ter has been constructed with 10 QuadApex V2.0 boards by
Anadigm. Each of these boards has four AN231E04 FPAAs
connected in a daisy-chain, and are managed by a micro-
controller that receives and sends data through the serial
communication port. The FPAAs are wired to the adjacent
ones with the aim of driving the signals according to the
design. Fig. 2b shows the diagram with the connection among
the QuadApex boards. The cluster is arranged in 3 floors. Each
floor houses 4 Quad Apex V2.0 (except the first floor).

The analog circuits implemented on the cluster have been
designed employing the Anadigm Designer 2 framework
(AD2). This framework allows implementing analog designs
using a library of Configurable Analogue Modules (CAMs)
and can perform dynamic reconfiguration of parameters and
topologies. The host, the green box of Fig. 1, acts as controller
of the whole system, sending the analog circuits to the cluster
and interacting with the Application Programming Interface
(API) generated through the AD2 framework to dynamically
reconfigure the FPAAs.

A MultiLayer Perceptron (MLP) 19-8-6-4 feedforward NN
is the analog cluster PoC. A NN is composed of devices called
neurons. The neurons are responsible for making an analog
weighted sum operations of the outputs calculated in previous
layers as well as inputs into the network. The neurons also
apply a nonlinear activation function; this implementation uses
sigmoidal neurons following similar Anadigm designs [7]).
The 19-8-6-4 MLP requires one hidden layer with 8 neurons,
a second hidden layer with 6 neurons and an output layer with
4 neurons (does not require sigmoid function). An inference
converts the image metrics into analog signals, processes the
analog NN in the cluster of FPAAs, and then reads the NN
result using an Analog to Digital Converter (ADC). The NN
training was employed by TensorFlow. The 19-8-6-4 NN is

Fig. 2. The experimental FPAA demonstration system. (a) Cluster of 40
FPAAs. The boards have been placed in a stacked fashion in order to minimize
the size of the wires. (b) Connection among the QuadApex boards. Each FPAA
is identified by the label FPAAboardid fpaaid. For instance, FPAA2 3 refers
to the third FPAA belonging to the second QuadApex board.

programmed using these coefficients. The following subsec-
tions describe the neuron implementation and managing the
routing of the input signals.

A. Neuron Implementation

Implementing a MLP neuron model requires two ele-
ments. First, the neuron sigmoid activation function is imple-
mented by the Transfer Function (TF) module, an on-chip
256 × 8-bit Lookup Table (LUT). As there is only one LUT
per AN231E04 FPAA, the theoretical maximum number of
MLP neurons is the number of FPAAs.

Second, a weighted adder must sum all neuron inputs,
establishing weights for each input. Configuring and adjust-
ing the adder gains provide the neuron weight values. Each
AN231E04 FPAA has 7 IOCells that can be configured as
input or output. An adder CAM operates in the range of
[−3V, 3V], and multiple CAM can be required for the neuron
weighting as an adder CAM has only 4 inputs. The calculated
weight values are normalized (e.g., divided) by a scaling fac-
tor, and after the entire summation is completed, the result is
multiplied by this scaling factor. This approach avoids saturat-
ing a weighted sum operation caused by an adder CAM that
generating a voltage that falls out of the previous range, avoid-
ing an additional nonlinearity modifying the final classification
decision of the NN.
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Fig. 3. Distributed implementation of two neurons among three CAM.

Fig. 3 shows the implementation of two neurons belonging
to the first layer. Each chip manages the weighted sum opera-
tions belonging to two neurons at the most in order to utilize
as few FPAAs as possible. Let us consider two generic neu-
rons, namely: “X” and “Y”, both belonging to the first layer.
This implementation generalizes to the rest of the neurons
within the network, as all layers have more required inputs
than the 4-input CAM modules. We will focus on the neu-
ron “X”. The components of neuron “X” are highlighted with
orange boxes (Fig. 3). In FPAA3_4, each input of the adder
corresponds to an input of the NN (wires labeled as w7, w8
and w9), except for one, that corresponds to the result of
another weighted sum operation calculated in a prior FPAA
(FPAA3_3) (wires labeled as w5 in the case of neuron “X”).
The result of this weighted sum is addressed (w10) to the
next FPAA (FPAA4_1). In FPAA4_1 the adder processes the
prior result and the last NN inputs. In FPAA4_1 the mod-
ule in charge of multiplying the scaling factor is highlighted
with an orange box and it is placed between w10 and w11
wires (placed between the last adder and the TF module).
After computing the whole weighted sum, the LUT TF mod-
ule will perform the activation function. This CAM is shown
in FPAA4_1. Finally, the w12 wire drives the output value of
the neuron “X” that is the input of the following layer. Due
to resource limitations, the TF module of neuron “Y” must
be allocated in another FPAA (FPAA4_2). The final stretch of
neuron “Y” is implemented in FPAA4_2 in the same way as
the neuron “X” is implemented in FPAA4_1.

B. Input Management

The NN requires 19 inputs for the input inference stage. Our
implementation proposes the internal generation of analog sig-
nals with a group of CAMs. This group is composed of one
element that generates a constant 2V signal, highlighted with
a blue box in Fig. 3, as well as several adder-gain pairs, which
are highlighted with yellow, red and purple boxes. The 2V sig-
nal is driven to both inputs of the adders (blue wires labeled
as w1 in both FPAAs). The only difference among these pairs
is the gain bound to the adders. This gain of the adder is

then dynamically modified thanks to the dynamic reconfigura-
tion capabilities of the FPAAs. The purpose of the gain block
(labeled as G in the figure) is working as a phase converter to
meet the phase requirements of the subsequent adders in the
design.

This input management method allows us to get stable sig-
nals in the whole execution time of NN. In previous tests we
observed that the use of a single Digital to Analog Converter
(DAC) connected to an Arduino board through I2C protocol
and several Sample and Hold modules (one for each input),
which held the signals generated by the DAC, degraded the
signals very quickly, resulting in random internal and classifi-
cation values. Therefore, following the Anadigm’s advices, the
decision was made to implement the current implementation.

IV. ACCURACY OF CLASSIFIER INFERENCE

This section shows the NN inference accuracy compar-
ing between two NN implementations. The baseline design
is a software version of the 19-8-6-4 NN implemented with
TensorFlow. On the other hand, the analog NN design, where
the NN has been trained with the features extracted from
60000 images from the MNIST dataset and tested with other
10000 images. The resulting accuracy will consider the sec-
tion of NN configuration and feature extraction (Section IV-A),
scale factor selection (Section IV-B), and comparison of digital
and analog NN results (Section IV-C).

A. Selection of NN Configuration and Feature Extraction

To find the NN architecture that best suits the cluster, sev-
eral configurations have been tested via software simulation.
The DCT and extraction of 19 coefficients showed the best
results in all simulations, with an accuracy slightly higher than
81%. The DCT was selected because it outperformed (Table I)
a other transform techniques, including Discrete Wavelet
Transform (DWT) [14], [15], and Fast Fourier Transform
(FFT) [16].

The number of outputs is given by the binary codification of
the number of digits of MNIST (10 outputs) and the number
of hidden layers has been fixed to two because of the resource
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TABLE I
TESTED TRANSFORM ALGORITHMS FOR THE 19-8-6-4 NN

Fig. 4. Evolution of the hit rate as a function of the scaling factor applied.
The blue line shows the total analog hit rate (including false positives). On
the other hand, the red line shows the analog hits that match with the digital
NN ones (correctly calculated classifications).

TABLE II
ACCURACY RESULTS OF THE DIGITAL AND ANALOG NNS

constraints. The initial 19 features are input into the FPAAs
cluster by reconfiguring the gain of certain elements within the
FPAAs. A 19-8-6-4 network was the best candidate based on
extensive simulations on number of inputs (from 5 to 25) and
neurons (from 4 to 12) per layer. The 10 outputs are binary
encoded in the four output values.

B. Scale Factor Selection

The weight values are locally scaled to avoid nonlinear sum-
mation (Section III-A). Several values were tested for the best
scaling factor. Fig. 4, shows the evolution of the analog NN
accuracy as a function of the applied scaling factor. The best
scaling factor value is between 4 and 5, and the highest number
of correct classifications in the analog domain is achieved with
a scaling factor value equal to 5. The rest of the experiments
use a scaling factor equal to 5.

Fig. 5. Confusion Matrix. For each class, the blue row represents the
precision while the blue column represents the recall. Each horizontal row
shows how many times a class is predicted. Each vertical column depicts
how many times a true digit is associated with the predicted class.

C. Digital and Analog NN Comparison

Table II contains the data about the accuracy of the digital
and analog NNs. The accuracy columns show the hit percent-
age for both the digital and analog domains, while the Match
column refers to the percentage of analog hits that coincide
with their digital counterpart.

The overall digital accuracy is 81.39%. It must be noted
that this is a feedforward 19-8-6-4 network, much simpler in
comparison with CNNs as LeNet. The analog NN achieved an
overall accuracy close to 81%. As can be observed, all digits
reach 96-100% percentage matches.

Fig. 5 shows the confusion matrix. The precision is quite
similar to that shown in Table II. There are some differences
because of the binary nature output of the NN, producing sev-
eral outputs that actually do not exist as a class, i.e., binary
values greater than 1001.

V. CONCLUSION AND DISCUSSIONS

This brief presents a 40-Anadigm AN231E04 FPAA cluster
classifying 28×28 MNIST images through a 19-8-6-4 Analog
NN with 19-input metrics based on DCT compression. This
PoC demonstrates building an analog NN for image recog-
nition tasks. This deployed analog feedforward NN achieves
an accuracy (81%), similar to equivalent digital computations.
Although this cluster implementation is not optimal, it allows
prototyping analog applications using currently commercially
available FPAAs prior to being implemented through more
advanced FPAA devices (e.g., [2]) or custom IC design.

This prototype MNIST classifer might be implemented
on an SoC FPAA (e.g., [2]) by translating both the DCT
image-compression for the 19 NN metrics as well as the NN
computation. A detailed implementation and demonstration is
beyond the scope of this brief. As the 28 × 28 input image
would be input serially, typical of outputs of imaging devices
(Fig. 6), the DCT image-compression would utilize a simpli-
fied image convolution [4] on a single SoC FPAA. Although
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Fig. 6. Block diagram translating this brief’s commercial Anadigm design
into a single SoC FPAA. (a) The compressive DCT potentially could be imple-
mented on a the SoC FPAA using several CABs (≈ 4-6) to create the DCT
modulation waveforms, and several CABs (≈ 6-12) to modulate and post
process the signals into an 19-element output vector. (b) The 19-8-6-4 NN
structure would require 4 CABs for the first layer, 2 CABs for the second
layer, and 1 CAB for the output layer.

the number of CABs requires some research and implemen-
tation, this algorithmic step likely requires 10-20 (Fig. 6) of
the 98 CABs on the SoC FPAA. The 19 input metrics would
require 4 CAB element for the first NN layer, where the weight
and sum operations are computed in the Computational Analog
Block (CAB) routing fabric. The next NN layer would require
2 CAB elements, and the final layer would require a single
CAB element (Fig. 6). These techniques assume 4 neurons can
be implemented per CAB, based on the four Transconductance
Amplifiers (TA), as well as other amplifier structures per CAB,
to implement sigmoid-type functions. The classifier approach
would use techniques similar to existing FPAA classifiers
(e.g., [17]), and could be further improved using Vector-Matrix
Multiplier (VMM) and Winner-Take-All (WTA) techniques for
both inference and on-chip training [18]. Analog computing
in these fine-grain configurable spaces can use the inherent
behavior of certain analog components, including efficiently
implemented nonlinear differential equations [4], [6]. This dis-
cussion illustrates using one generation of FPAA devices in a
larger array for future device implementation.
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