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In this work, we propose a new approach towards the efficient design of reservoir computing hard-
ware. First, we adapt the reservoir input mask to the structure of the data via linear autoencoders.
We therefore incorporate the advantages of dimensionality reduction and dimensionality expansion
achieved by conventional and efficient linear algebra procedures of principal component analysis.
Second, we employ evolutionary-inspired genetic algorithm techniques resulting in a highly efficient
optimization of reservoir dynamics. We illustrate the method on the so-called single-node reservoir
computing architecture, especially suitable for implementation in ultrahigh-speed hardware. The
combination of both methods and the resulting reduction of time required for performance opti-
mization of a hardware system establish a strategy towards machine learning hardware capable
of self-adaption to optimally solve specific problems. We confirm the validity of those principles
building RC hardware based on a field-programmable gate array.

I. INTRODUCTION

Machine learning (ML) development has drastically
progressed during the last decade. To only name a few
examples, now machines can accurately describe images
[1], identify and recognize faces [2], recognize speech [3]
and compose music [4, 5]. In 2017, AlphaGo Zero and
AlphaZero with no prior domain knowledge have beaten
the best human and machine players both in Go [6] and
chess [7] games. These all are challenges which, until re-
cently, were thought to remain reserved for the human
intelligence only.

However, the efficiency of current ML methods is re-
stricted by hardware, which in its turn is fundamentally
limited by the minimal transistor size. Today’s silicon
industry is already close to that limit. Another poten-
tial issue is related to the fact the vast majority of ML
hardware rely only on a single design: the Turing-von
Neumann architecture. That results in the second, con-
ceptual limitation: our machines are constrained by their
implementation’s design, and that design is mostly one.
This computing architecture can be regarded as a single
meta-algorithm guiding existing ML techniques in only
one possible direction. A look at nature can be illuminat-
ing to illustrate what potential directions might be miss-
ing. Unlike biological organisms, our machines (1) have
only centralized memory, while in the human brain, mem-
ory and algorithms are inseparable; (2) are much less
energy efficient; (3) cannot efficiently self-adapt to un-
foreseen challenges.

While the majority of discourses quickly tend towards
the philosophical realm, we will constrain ourselves to
improving ML hardware computational effectiveness. A
viable way to circumvent present limitations is by shift-
ing the design paradigm away from Turing–von Neumann
architectures. Furthermore, this shift may also give in-
sight into questions related to self-adapting hardware.
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In this paper, we propose a hardware architecture which
can efficiently adapt its dynamical properties to unfore-
seen changes in data [8] and can be later extended to
non-silicon physical systems. As a proof-of-concept, we
prototype a self-adapting system in simulation, evaluate
it on a speech recognition benchmark, and verify the va-
lidity of the approach using a field-programmable gate
array (FPGA) hardware. The results achieved by FPGA-
based RC with limited bit resolution closely match those
obtained in simulations with noise.

A. Reservoir computing. Single-node approach
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Figure 1. Single-node reservoir computing architec-
ture. The three core components are: input masking, reser-
voir transformation, and linear readout. First, the input data
Mc are masked by multiplying the maskW I , then the masked
input Mu is transformed by reservoir’s nonlinear delay dy-
namics. Finally, the answer is obtained by multiplying the
readout WR and the reservoir’s state Mx.

In this work, we employ a so-called single-node reser-
voir computing (RC) architecture based on complex non-
linear delay dynamics [9]. Reservoir computing first ap-
peared as a modification to recurrent neural networks
training and was proposed independently in [10–12]. The
core principle behind RC is a random mapping of the low-
dimensional input information onto a higher-dimensional
state space, where this information is expected to become
linearly separable. Therefore, a linear readout should
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be sufficient to interpret that information. As a conse-
quence, instead of adapting the whole recurrent network,
only the linear readout layer is trained.

The RC approach achieves multiple objectives: (1) the
training procedure is fast, and (2) is guaranteed to con-
verge using conventional linear algebra techniques, and
crucially for the development of novel computing sys-
tems, (3) the fixed nonlinear part of the network can
practically be delegated to low-level hardware, i.e. phys-
ically existing dynamical systems, not limited to digi-
tal electronics. Reservoir computing is a computation
paradigm that potentially addresses the issues of inher-
ently fast and energy-efficient hardware. This is mainly
due to its support of information processing directly on
the very hardware level. Several experimental implemen-
tations of RC hardware are known: using digital-analog
electronics [13, 14], electro-optical and all-optical systems
[15–17], and spintronic nanoscillators [18]. Both numeri-
cal and experimental RC systems often beat state-of-the-
art in speed (such as in speech recognition task [19]) and
accuracy (e.g. time series prediction [20]).

The single-node approach to RC takes advantage of de-
lay dynamics, which has a high-dimensional, mathemati-
cally speaking even infinite-dimensional phase space, and
can be interpreted as a virtual network [13, 21]. Single-
node RC is frequently implemented in hardware as it is
a technologically efficient way to construct a nonlinear
reservoir network. The benefit of the method is the abil-
ity to reduce the physical neural network’s size to a single
nonlinear unit, thereby resulting in a smaller number of
dynamical parameters to control. Moreover, the single-
node RC architecture is especially suitable for ultrahigh-
speed photonic hardware implementations [19].

A general single-node RC architecture is schematically
represented in Fig. 1. Input information M c is masked
by the input mask W I and then, mapped as Mu on a
high-dimensional state space of a delay reservoir. Then,
the reservoir’s nonlinear response creates a state matrix
Mx. The final answer is obtained by a linear readout,
i.e. by multiplying matrix WR. An introduction to the
single-node RC can be found in [13, 19, 22].

B. Input streamlining

In [23] it was suggested that information processing
in the brain (e.g. in the primary visual cortex) is per-
formed in three stages: first, input projection into prin-
cipal feature dimensions, second, redundant information
filtering, and finally third, higher-level information pro-
cessing. Motivated by that strategy, we propose auto-
matic feature weighting via redundant information filter-
ing, to enhance the conventional random masking of RC.
That is achieved by principal component analysis (PCA),
a technique that constructs linear combinations of input
features.

First, we apply PCA to remove the dimensions with
the lowest variance, i.e. to compress the input data.

That allows us to focus on the input data’s most relevant
structure. Then, an inverse to compression operation, di-
mensionality expansion, is employed to restore the shape
of the inputs. These two linear operators, compression
and expansion, partially remove irrelevant feature infor-
mation, such as noise. Therefore, PCA acts as a partic-
ular case of autoencoders [24]. Finally, random masking
conventional to RC is performed in order to map the in-
formation onto a higher dimensional state space of the
reservoir.

C. Self-adapting reservoir dynamics

Due to the simplified training step in RC, the main
action in system performance optimization is dynamical
system parameters exploration. While the single-node
RC method’s complexity is much reduced, this can still
be a substantial bottleneck for real-world applications
since each problem may require a different set of dy-
namical parameters. For instance, a set of optimized
speech recognition system parameters is potentially dif-
ferent from that of handwriting recognition. Therefore,
quick parameter search is crucial when adapting RC to a
new task.

Another case when dynamical parameters optimization
is essential is testing new RC substrates when there is no
prior RC parameter estimate. This becomes even more
relevant when choosing between several alternative dy-
namical RC systems that differ in materials. For exam-
ple, performing speech recognition in a bucket as in [25],
which liquid is more suitable? A mixture, if then in which
proportions, at which temperature, how deep would be
an optimal reservoir?

As illustrated, one typically deals with multi-
dimensional parameter optimization. There are two quite
contrary approaches towards RC parameters optimiza-
tion which are currently prevailing. One is a so-called pa-
rameter fine-tuning (essentially, trial and error) method.
Here, one relies on often partially heuristic arguments
why a certain set of starting parameters might be well
suited. From that point one searches for the nearest,
potentially only local, performance optimum. Although
this ad-hoc practice can be frequently observed in the ML
community, it does not guarantee an optimal parameter
combination.

An opposite case is a more systematic optimization
approach, the grid search (GS) technique. The method
consists in an exhaustive search of all parameter com-
binations under certain constraints. GS has its advan-
tage in guaranteeing the identification of a global param-
eter optimum, provided that the parameter search grid is
sufficiently dense. In addition, the technique provides a
multidimensional error landscape, giving insight into the
structure of the parameter space and through that poten-
tially into the relationship between task and computing
system. However, GS may take substantial optimization
time due to the exponentially increasing amount of data
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points with each additional optimized parameter. There-
fore, in practice GS is often limited to three-four scanned
parameters.

In the present work, we provide a strategy how to
create a data-driven self-adapting reservoir dynamics by
employing an evolutionary selection-inspired technique
known as genetic algorithm (GA) [26]. The GA opti-
mization method can be regarded as a sweet spot between
the two optimization extrema: it provides a systematic
search while dramatically reducing the number of trials,
making GA especially suitable for RC hardware design.

II. METHODS

A. Enhanced masking via PCA

In our approach, we adapt the input mask to the data
structure particular to each task. A new input mask WI

2

is constructed as a superposition of three linear operators,
compression Wc, decompression Wᵀ

c , and conventional
(random) masking WI :

WI
2 = WI ·Wᵀ

c ·Wc, (1)

where the transposed matrix pair Wc and Wᵀ
c is cal-

culated using the standard unsupervised dimensional-
ity reduction technique of principal component analy-
sis [27, 28]; WI is randomly generated as usual for RC.
The resulting mask WI

2 remains fixed during all RC ex-
periments for the given task. Furthermore, as it opti-
mizes input information content, it is not optimized for
a particular set of dynamical reservoir dynamics.

Principal component analysis (PCA) can be described
as follows. First, an isolated subset of data is selected
such that it reflects the data distribution of the whole
dataset. Then, a covariance matrix Σ ∈ RM×P0 is con-
structed using said subset. Here, M is the input di-
mensionality and P0 is the total number of feature vec-
tors in the subset. During the next step, a new ma-
trix W ∈ RM×M is obtained such that columns in W
are eigenvectors of Σ sorted by decreasing magnitude
of corresponding eigenvalues. This is achieved via sin-
gular value decomposition. Finally, a compression ma-
trix Wc ∈ RM ′×M is constructed by selecting the first
M ′ < M vector-columns of W, the principal compo-
nents, and transposing the resulting matrix.

The superposition of compression Wc and decompres-
sion Wᵀ

c operators is an autoencoder. The autoencoder
Wᵀ

c ·Wc facilitates general data structure extraction by
learning efficient data representation, while WI helps to
map the input data onto a higher dimensional state space.
Therefore, the new operator WI

2 can be interpreted as a
mask made more sensitive to the most relevant features
in the input data, rather than the commonly employed
simple random feature mapping via WI .

Another implication for ML hardware implementation
of our architecture is tackling the input bottleneck. By

decomposing WI
2 into two independent steps, first com-

pression Wc and second masking and decompression
WI ·Wᵀ

c , both steps can be performed by different units.
One can therefore preprocess the information by a sim-
plistic special unit according to the first step. The infor-
mation ultimately to be injected into the physical reser-
voir is then compressed at ratio M/M ′.

B. Reservoir computing

Prior to the reservoir transformation (Fig. 1), input
sample matrix Mc, consisting of L input feature vectors
c(n), n = 1 . . . L, is first masked by multiplying an input
mask WI

2 and then, temporally encoded:

WI
2c(n) = WI

2 (c1(n), c2(n), . . . , cM (n))
= (u1(n), u2(n), . . . , uN (n))
= (u(t+ θ), u(t+ 2θ), . . . , u(t+Nθ)) ,

(2)

where M is the input data dimensionality, and N is
the reservoir network size. WI

2 is calculated from
Eq. (1) with WI ∈ RN×M , (N > M) having weights
randomly drawn from {−0.4; 0; 0.4} (30% connectivity)
and remaining fixed for all experiments. Finally, the
temporally-encoded input signal u(t) is kept constant in-
between times (t + iθ, t + (i + 1)θ), i = 1 . . . N , corre-
sponding to the temporal separation between the virtual
nodes [13]. This temporal encoding technique is some-
times called a sample-and-hold operation.

The temporal information input signal u(t) is subse-
quently processed by the delayed-feedback nonlinear sys-
tem reservoir (Eq. (3)). The choice of this particular
reservoir dynamics model was motivated by its recent im-
plementation as a substrate for numerous photonic RC
devices [13, 16, 19], and can often be described by the
low-pass delay-differential equation

τ ẋ(t) = −x(t) + f (x(t− τD) + ρu(t)) . (3)

In our case, we employ f(x) = β sin2(x+ Φ0) as nonlin-
earity. The nonlinear dynamics parameters τ , β, Φ0, and
ρ are subject to optimization while delay time τD = 6
is kept constant in our experiments. Moreover, similar
bandpass-filtered systems can be easily implemented in
in electro-optical substrates [29].

The result of RC y(n) is computed as:

y(n) = WRx(n), (4)

where vector x(n) = (x(t+ θ), x(t+ 2θ), . . . , x(t+Nθ))
is the decoded nonlinear reservoir response (Eq. 3). The
linear readout weights WR are obtained on a computer
from previously processed data samples (Eqs (2)-(3)) us-
ing the ridge regression:

WR = (Mx ·Mᵀ
x + λ · I)−1(Mx ·Tᵀ), (5)
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GA meta-parameter Value
Crossover rate 88%
Mutation rate 12%
Crossover prob. 50%
Bit mutation prob. 20%
Population size 20
Total no. of generations 40

Table I. Summary of GA parameters. Total no. of RC train-
ing: 40 × 20 = 800 evaluations.

where λ � 1 is a small regularization constant. Mx ∈
RN×Q is a feature matrix of concatenated horizontally
state vectors x(n). T ∈ RK×Q is a teacher matrix, Q de-
notes output dimensionality, and K the number of train-
ing feature vectors. For classification tasks, the teacher is
a one-hot encoded matrix, i.e. consists of target answer
vectors ytgt ∈ RK×1 where the only nonzero elements
correspond to the correct class label.

C. Parameter self-optimization

Genetic algorithms (GAs) is a family of evolutionary-
inspired techniques. Our particular GA implementation
can be summarized as follows. Optimized parameters
are encoded in binary chromosomes [30]. That encod-
ing scheme allows for a simple definition of the crossover
and mutation operators as bit exchange and bit flipping,
respectively.

Parameters of GA (meta-parameters) are summarized
in Table I. The crossover (mutation) rate is the offsprings
percentage in a new generation by crossover (mutation).
The probability of bit exchange in crossover is 50%, while
the probability of bit flip is 20% during mutation. The
number of chromosomes is 20 in a single generation.

D. Hardware implementation

We employ an Artix-7 (XC7A100T) FPGA chip as a
digital hardware substrate for RC. The implemented ar-
chitecture (Fig. 2) is a pipeline of three components
working in parallel: masking, delayed-feedback dynam-
ics, and the readout. The asynchronous communication
between the modules implements a data strobe-like com-
munication protocol [31].

First, the information input is compressed on a com-
puter using matrix Wc precomputed via PCA. The re-
sulting data are transferred to the FPGA via a USB ca-
ble using the serial UART protocol. The masking block
is implemented on FPGA and realizes both masking and
decompression WI ·Wᵀ

c as a single matrix-vector mul-
tiplication operation. The data are then transferred to
the reservoir block which simulates the delay dynamics
of Eq. (3) using the second-order Heun’s method.

The FPGA implements the 16-bit fixed-point arith-
metic, thus introducing quantization (digitization) noise.

Figure 2. FPGA-based standalone RC architecture
implements all essential RC blocks: masking, reservoir, and
readout (cf. Fig. 1). Arrows represent 16 bit wide asyn-
chronous communication buses.

Parameter Min value Max value Resolution step
τ 7.8 · 10−3 0.99 2−7

β −3.98 3.98 2−6

Φ0 0 π 2−6

ρ −3.88 3.88 2−3

Table II. Parameter ranges used for GA search

The impact of quantization noise could be strongly
reduced by an implementation based on a floating-
point module. However, the downsides of the floating-
point FPGA implementation are more consumed pro-
grammable logic area and potentially slower processing
rates. To demonstrate the practical applicability to other
RC realizations, we stick to the less accurate fixed-point
representation natively supported by our hardware.

During the training step, the system is run without the
readout component. The resulting dynamics is sent to a
computer where the readout matrix WR is obtained with
Eq. (5). During the testing step, to avoid model over-
fitting, we utilize a separate testing dataset, i.e. data
neither used in FPGA training, nor in model optimiza-
tion.

III. RESULTS

To benefit from the underlying recurrent network, we
apply RC to a time-dependent signal, human speech. The
benchmark employed in this paper is a speech recognition
task based on the clean isolated digits subset of Aurora-II
database [32] (2412 samples). Following the established
speech recognition paradigm, we model the dynamics of
the inner ear and utilize Lyon model cochleagrams [33] as
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Figure 3. (a) Genetic algorithm convergence averaged over 6 individual runs. Individual genetic algorithm (GA) runs
with PCA preprocessing are illustrated by narrow light-blue lines. The PCA preprocessing not only provides better accuracy
(bold blue line) but also faster GA convergence and better overall performance than without PCA (orange dotted). Both
experiments were conducted for a network of N = 600 virtual neurons. (b) Selecting the number of principal components.
Principal component analysis predicts four as the minimal principal components number for current dataset. That corresponds
to the retained variance of 90.9%. The most accurate value WER = 2.4% is achieved at 13 principal components (orange
crosshair) with 97.6% retained variance. The small number of principal components (M ′ = 13) compared to the original
number of channels (M = 64) indicates that the space containing human speech is sparse. Fixed (suboptimal) dynamical
parameters are τ = 5 · 10−3, τD = 6, β = 0.8, Φ0 = 0.3, ρ = 1.5 (Eq. (3)). (c) Projection of multidimensional error
surfaces in 3D parameter space. The fixed parameter is ρ = 1.5. The error landscape in the three parameter dimensions
(Φ0, β, τ) is characterized by extensive grid search (11,340 data points). An example evolution of the best chromosomes in
each GA generation is visualized with circles converging to a local error minimum after ∼ 20 generations. The final parameter
obtained by this GA run is WER = 2.5% marked in black color. The nested error isosurfaces correspond to WER = 10, 5, 3%,
respectively. The darkest orange volume contains the absolute error minimum of WER = 1.9%.

64-dimensional inputs to the reservoir described by Eqs
(2)-(3).

We start our experimentation with unoptimized reser-
voir dynamics parameters and perform GA search. Ta-
ble II summarizes parameter ranges selected with respect
to physically meaningful RC dynamics. For instance,
the delay system Eq. (3) is π-periodic because of the
nonlinear function f(x) = sin2(x), therefore we restrict
Φ0 ∈ [0;π]; parameter τ cannot be large with respect
to delay time τD, otherwise the system’s complexity is
substantially reduced; finally, β and ρ cannot be large
otherwise the system will bifurcate away from useful dy-
namics. Otherwise, we do not provide any knowledge
common to RC implementations (such as edge-of chaos),
i.e. dynamics parameters are self-adapted to the speech
recognition task.

To evaluate the classification accuracy during GA and
GS optimizations, a so-called two-fold cross-validation is
employed. First, training is performed on a group of
500 digits and another group of 500 digits is used for

validation. Then, the roles are reversed, i.e. training
is performed on the second group and validation, on the
first one. Finally, a separate dataset of 1000 digits is used
for testing the FPGA implementation. The remaining
412 samples are employed for PCA. Each individual step
involved in our procedure is therefore carried out on a
unique data-set, ensuring that findings can be transfered
to applications with a typical continuous stream of input
data. As an error measure (loss function) we utilize word
error rate (WER), i.e. the ratio between errors and total
number of evaluated samples.

To run the experiments quickly, we keep the reser-
voir size at a moderate value of N = 600 nodes; though
our hardware could support substantially larger systems.
The genetic algorithm efficiently converges to optimal
dynamics settings, see Fig. 3(a), orange dotted curve.
The best obtained parameters are τ = 7 · 10−2, β =
−1.69,Φ0 = −1.33, ρ = 1.5 with WER = 3.8%.

In the next step, we study the impact of dimension-
ality reduction on the classification accuracy. With the
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help of PCA, we decrease the number of input dimensions
by removing the principal components corresponding to
the smallest eigenvalue magnitudes, i.e. containing the
redundant information. General practice in PCA is to
reduce the number of principal components so that at
least 90% of variance is preserved. Therefore, we antic-
ipate that the minimal number of principal components
that can be used with these data is four (90.9% vari-
ance). This hypothesis is confirmed in Fig. 3(b), where
the error sharply increases when the number of principal
components goes below four. Principal component anal-
ysis shows that the best result in Fig. 3(b) is obtained
for 13 principal components (97.6% of variance). Thus,
we may conclude that the remaining 64−13 = 51 princi-
pal components carry 2.4% of non-essential information
such as noise. By removing those principal components
we are able to effectively filter the residual information,
which improves the recognition accuracy (Fig. 3(b)). In
the rest of our experiments we reduce the number of in-
put dimensions to seven principal components, preserv-
ing thus 94.9% of variance. That corresponds to 64/7 ' 9
times compression rate. In our case, where data transfer
is serial, this compression rate substantially reduces the
transmission time to FPGA processing unit. Further-
more, ROM memory capacity, containing coefficients for
the input masking, is reduced 9 times comparing to con-
ventional masking without compression. Crucially, ac-
cording to Fig. 3(b), recognition performance is hardly
affected by this stronger compression.

The selected dimensionality reduction consistently im-
proves the overall accuracy (Fig. 3(a), thick blue curve).
The parameters obtained by the GA τ = 7.8125 · 10−3,
τD = 6, β = −1.09375, Φ0 = −3.3125, ρ = 1.5 result
in an optimal performance of WER = 2.1%. Moreover,
PCA preprocessing also helps the GA to converge faster.
This can be explained by the fact that the space of sounds
(and therefore, cochleagrams) is sparse with respect to
the words pronounced by humans, hence the majority of
the sound space is populated by information only weakly
correlated to the information content. Therefore, a sig-
nificant part of information contained in cochleagrams is
redundant.

To better illustrate the GA search (case of PCA pre-
processing), we perform grid search (GS) along the three
most significant parameter dimensions, i.e. Φ0, β, and τ ,
crucially forced to use much coarser resolution: less than
25 points per dimension already result in a total of 11,340
points in parameter space. The exhaustive GS in all four
parameter dimensions with resolution comparable to the
one we used in GA would take 5,106 times longer than
GA. If, as here for our case, a single GA run in our im-
plementation takes around an hour, GS would take more
than seven months. Adding an additional (fifth) param-
eter dimension scanned along e.g. 100 points, would im-
mediately increase the GS time to 59 years. Both GA and
GS can be parallelized, but in case of GS, parallelization
cannot overcome the exponential growth off necessary re-
sources. That clearly highlights the advantage of GA over
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Figure 4. Genetic algorithm convergence in hardware.
Simulation with noise (lines), average over 6 runs in bold; and
FPGA realizations (stars).

exhaustive GS.

Figure 3(c) reveals error isosurfaces in the three-
dimensional parameter space obtained as a result of GS.
The isosurfaces present nested objects corresponding to
WERs = 10%, 5%, and 3%. Error rates obtained from
the GA search are visualized with circles. It can be seen
that the topmost circle is a result of the random search
(zero generation), corresponding WER ' 16%. Then, as
GA is efficiently converging, the circles are quickly ap-
proaching an acceptable local minimum. Although Fig.
3(c) illustrates the GA search in only three dimensions,
GA is simultaneously optimizing parameters in all four
dimensions.

Finally, we apply the GA technique to an FPGA-based
RC. Before we actually implement RC on FPGA, we ac-
curately estimate an optimal parameter set offline on a
computer. In order to take into account the quantization
noise in FPGA with limited bit resolution, we simulate
the dynamics Eq. (3) adding the white noise of level
1.2 · 10−4 to the dynamical variable x(t), the delay term
x(t − τD), and the result of nonlinear transformation f .
The noise level corresponds to the quantization noise on
an actual FPGA device. Additionally, to better model
the behavior of our hardware, in the beginning of numer-
ical experiment we add the noise of the same magnitude
to masking coefficients and also we repeat the procedure
with readout coefficients right after training.

Figure 4 shows the results simulated on a computer
GA (lines). Due to the noise in the experiment, the ac-
curacy of classification has degraded overall. We then se-
lect parameters from a GA optimization creating results
close to the average performance convergence. These are
used for the RC implementation in the FPGA. Computa-
tional results obtained fully autonomously by the FPGA
correspond to the black stars. They excellently match
the average convergence obtained from our offline model,
thereby validating our approach.



7

IV. CONCLUSION

We have proposed a technique towards practical appli-
cation of reservoir computing (RC). The technique con-
sists of two components: data-driven input mask opti-
mization and efficient dynamical parameter optimization.
We have illustrated those methods and their strong pos-
itive impact on the speech recognition. The advanced
input masking reduced the input data to be transfered
to the device by 9 times and lowered the average clas-
sification error by 1.7%, a 1.8 fold improvement. The
improved parameter optimization reduced the number of
iterative optimization steps by 5,106 times when com-
pared to exhaustive grid search.

We took advantage of the fact that the exact RC model
was known in advance and were able to run genetic algo-
rithm (GA) optimizations offline on a PC. We took into
account the hardware’s quantization noise and therefore
added an additional white noise term to the model. Fi-

nally, we have built an FPGA RC confirming our evo-
lutionary technique. This illustrates how our method
can be applied to various physically existing RC systems
where noise is inevitably present.

Another significant benefit of GA is that the method
could be applied even when the exact model of the op-
timized system was unknown. This would enable RC
optimization online, i.e. directly on the actual hardware,
as it was done e.g. in [34]. In this work we have shown
that evolutionary-inspired optimization can significantly
reduce the time to adapt RC dynamics to an unforeseen
task. We leave the implementation of online GA to the
future investigations as the next logical step towards self-
adapting hardware [35].
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