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Abstract We shed light on the key ingredients of reservoir computing
and analyze the contribution of the network dynamics to the spatial en-
coding of inputs. Therefore, we introduce attractor-based reservoir net-
works for processing of static patterns and compare their performance
and encoding capabilities with a related feedforward approach. We show
that the network dynamics improve the nonlinear encoding of inputs in
the reservoir state which can increase the task-specific performance.

Keywords: reservoir computing, extreme learning machine, static pat-
tern recognition.

1 Introduction

Reservoir computing (RC), a well-

Fig. 1. Key ingredients of RC

established paradigm to train re-
current neural networks, is based
on the idea to restrict learning to
a perceptron-like read-out layer,
while the hidden reservoir network
is initialized with random connec-
tion strengths and remains fixed.
The latter can be understood as
a “random, temporal and nonlin-
ear kernel” [1] providing a suit-
able mixture of both spatial and
temporal encoding of the input data in the network’s hidden state space. This
mixture is based upon three key ingredients illustrated in Fig. 1: (i) the projec-
tion into a high dimensional state space, (ii) the nonlinearity of the approach and
(iii) the recurrent connections in the reservoir. On the one hand, the advantages
of a nonlinear projection into a high dimensional space are beyond controversy:
so-called kernel expansions rely on the concept of a nonlinear transformation of
the original data into a high dimensional feature space and the subsequent use of
a simple, mostly linear, model. On the other hand, the recurrent connections im-
plement a short-term memory by means of transient network states. Due to this
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short-term memory, reservoir networks are typically utilized for temporal pat-
tern processing such as time-series prediction, classification and generation [2]. In
principle, short term memory can also be implemented in a simpler fashion, e.g.
by an explicit delay-line. But we point out that the combination of spatial and
temporal encoding makes the reservoir approach powerful and can explain the
impressive performance on various tasks [3, 4]. It remains nevertheless unclear
how the network dynamics influence the spatial encoding of inputs.

Our hypothesis is that the dynamics of the reservoir network enhances the
spatial encoding of static inputs by means of a more nonlinear representation,
which consequently improves the task-specific performance. Moreover, we expect
an improved performance when applying larger reservoirs, i.e. when using an in-
creased dimensionality of the nonlinear feature expansion. We systematically
test the contribution of the network dynamics to the spatial encoding indepen-
dently from its temporal effects by using attractor-based computation and by
considering purely static input patterns, A statistical analysis of the distribu-
tion of the network’s attractor states allows to access the qualitative difference of
the encoding caused by the network’s recurrence indepently of the task-specific
performance.

2 Attractor-Based Computation with Reservoir Networks

We consider the three-layered network architecture depicted in Fig. 2, which
comprises a recurrent hidden layer (reservoir) with a large set of nonlinear neu-
rons. The input, reservoir and output neurons are denoted by x ∈ �D, h ∈ �N

and y ∈ �C , respectively. The reservoir state is governed by discrete dynamics

h(t + 1) = f
(
Winp x(t) + Wres h(t)

)
, (1)

where the activation functions fi are applied componentwise. The reservoir neu-
rons have sigmoidal activation functions such as fi(x) = tanh(x), whereas the
output layer consists of linear neurons, i.e. y(t) = Wout h(t).

Learning in reservoir networks is restricted to the read-out weights Wout. All
other weights are randomly initialized and remain fixed. In order to infer a de-
sired input-to-output mapping from a set of training examples (xT

k ,yT
k )k=1,...,K ,

the read-out weights Wout are adapted such that the mean square error is
minimized. In this paper, we use ridge regression: For all inputs x1, . . . ,xK

we collect the corresponding reservoir states hk as well as the desired output
targets yk column-wise in a reservoir state matrix H ∈ �

N×K and a tar-
get matrix Y ∈ �

C×K , respectively. The optimal read-out weights are de-
termined by the least squares solution with a regularization factor α ≥ 0:
Wout = YHT

(
HHT + α1

)−1.
The described network architecture in combination with the offline training by

regression is often referred to as echo state network (ESN) [2]. The potential of
the ESN approach depends on the quality of the input encoding in the reservoir.
To adress that issue, Jaeger proposed to use weights drawn from a uniform
distribution in [−a, a], where often a sparsely connected reservoir is preferred.
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Fig. 2. Reservoir network

Algorithm1. Convergence algorithm

Require: get external input xk

1: while Δh > δ and t < tmax do
2: apply external input x(t) = xk

3: execute network iteration (1)
4: compute state change

Δh = ||h(t) − h(t − 1)||2
5: t= t+1
6: end while

In addtion, the reservoir weight matrix Wres is scaled to have a certain spectral
radius λmax. There are two basic parameters involved in this procedure: the
reservoir’s weight connectivity or density 0 ≤ ρ ≤ 1 and the spectral radius
λmax, which is the largest absolute eigenvalue of Wres.

In this paper, an attractor-based variant of the echo state approach is used,
i.e. we map the inputs xk to the reservoir’s related attractor states h̄k: The
input neurons are clamped to the input pattern xk until the network state
change Δh = ||h(t + 1) − h(t)||2 approaches zero. This procedure is condensed
in Alg. 1. As a prerequisite it must hold that the network always converges to a
fix point attractor, which is related to a scaling of the reservoir’s weights such
that λmax < 1. The resulting attractor states H̄ are used for training.

Note that an ESN with a spectral radius λmax =0 or with zero reservoir con-
nectivity (ρ=0) has no recurrent connections at all. Then, the ESN degenerates
to a feedforward network with randomly initialized weights. In [5], this special
case of RC has been called extreme learning machine (ELM). As our intention
is to investigate the role of the recurrent reservoir connections, this feedforward
approach obviously is the non-recurrent baseline of our recurrent model and we
present all results in comparison to this non-dynamic model.

3 Key Ingredients of Reservoir Computing

We investigate the influence of the key ingredients of RC on the network per-
formance for several data sets (Tab. 1) in a static pattern recognition scenario.
Except for Wine, all data sets are not linearly seperable and constitute nontriv-
ial classification tasks. The introduced models are used for classification of each
data set. We represent class labels c as a 1-of-C coding in the target vector y
such that yc =1 and yi =−1 ∀i �=c. For classification of a specific input pattern,
we apply Alg. 1 and then determine the estimated class label ĉ from the network
output y according to ĉ = arg maxi yi. All results are obtained by either parti-
tioning the data into several cross-validation sets or using an existing partition
of the data into training and test set and are averaged over 100 different network
initializations. We use normalized data in the range [−1, 1].
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Role of Reservoir Size and Nonlinearity
Fig. 3 shows the impact of the reser-
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Fig. 3. Classification performance depend-
ing on the reservoir size N

voir size to the network’s recognition
rate for a fully connected reservoir,
i.e. ρ = 1.0, with λmax = 0.9 and α
as in Tab. 1. The number of correctly
classified samples increases strongly
with the number of hidden neurons.
On the one hand, this result shows
that the projection of the input into a
high-dimensional network state space
is crucial for the reservoir approach:
The performance of very small reser-
voir networks degrates to the perfor-
mance of a linear model (LM). We
observe also a saturation of the per-
formance for large reservoir sizes. It
seems that the random projection can
not improve the separability of inputs in the network state space anymore. On
the other hand, note that the nonlinear activation functions of the reservoir neu-
rons are crucial as well: Consider an ELM with linear activation functions, then
the inputs are only transformed linearly in a high dimensional representation.
Hence, the read-out layer can only read from a linear transformation of the input
and the classification performance is thus not affected by the dimensionality of
that representation. Consequently, the combination of a random expansion and
the non-linear activation functions is essential.

Role of Reservoir Dynamics
In this section, we focus on the role
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Fig. 4. Recognition rate for the Iris data
set depending on λmax and ρ

of reservoir dynamics and restrict our
studies on the Iris data set. We vary
both the spectral radius λmax of the
reservoir matrix Wres and the den-
sity ρ for a fixed reservoir size of
N = 50. Note again that we obtain
an ELM for λmax = 0 or ρ = 0.
Fig. 4 reveals that for recurrent net-
works the recognition rate increases
significantly with the spectral radius
λmax and surpasses the performance
of the non-recurrent networks with
the same parameter configuration. In-
terestingly enough, this is not true for the weight density in the reservoir: adding
more than 10% connections inbetween the hidden neurons has only marginal im-
pact on the classification performance, i.e. two many connections neither improve
nor detoriate the performance. Note that there is a trade-off in an increased
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number of iterations the network needs for settling in a stable state, which cor-
relates with the spectral radius λmax.

4 On the Distribution of Attractor States

We give a possible explanation for the
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Fig. 5. Normalized cumulative energy con-
tent g(D) of the first D PCs

improved performance caused by the
recurrent connections. Our hypothe-
sis is that these connections spread
out the network’s attractors to a
spatially broader distribution than a
non-recurrent approach is capable of,
which results in an increasingly non-
linear hidden representation of the
network’s inputs. Because we per-
form linear readout, it is reasonable
to analyse the encoding H̄ by linear
methods, namely PCA. Given the di-
mension D of the data, we expect the
hidden representation to encode the input information with a significantly higher
number of relevant principle components (PCs). Therefore, we calculate the shift
of information or energy content from the first D PCs to the remaining N−D
PCs. Let λ1 ≥ . . . ≥ λN ≥ 0 be the eigenvalues of the covariance matrix Cov(H̄).
We calculate the normalized cumulative energy content of the first D PCs by
g(D) = (

∑D
i=1 λi)/(

∑N
i=1 λi), which measures the relevance of the first D PCs.

The case of g(D) < 1 implicates a shift of the input information to additional
PCs, because the encoded data then spans a space with more than D latent
dimensions. If g(D) = 1, no information content shift occurs, which is true for
any linear transformation of data.

Fig. 5 reveals that both approaches are able to encode the input data with
more than D latent dimensions. In the case of an ELM, the information content
shift is solely caused by its nonlinear activation functions. For recurrent networks,
we observe the forecasted effect: The cumulative energy content g(D) of the first
D PCs of the attractor distribution is significantly lower for reservoir networks
than for ELMs. That is, a reservoir network redistributes more of the existing
information in the input data onto the remaining N −D PCs than the feedword
approach. This effect, cuased by the recurrent connections, shows the enhanced
spatial encoding of inputs in reservoir networks and can explain the improved
performance (cf. Fig. 4).

We remark that the introduced measure g(D) does not strictly correlate with
the task-specific performance. Although the ESN reassigns a greater amount of
information content on the last N −D PCs than the ELM (cf. Fig. 5), this does
not improve the generalization performance for every data set (cf. Tab. 1).



Recurrence Enhances the Spatial Encoding of Static Inputs 153

Table 1. Mean classification rates with standard deviations

data set classification rate [%] network
properties (L-fold cross-validation) properties

D C K L LM ELM ESN N a α

Iris [6] 4 3 150 10 83.3 88.9 ± 0.7 92.7 ± 2.1 50 0.5 0.001
Ecoli [6] 7 8 336 8 84.2 86.6 ± 0.5 86.4 ± 0.6 50 0.5 0.001
Olive [7] 8 9 572 11 82.7 95.3 ± 0.5 95.0 ± 0.7 50 0.5 0.001
Wine [6] 13 3 178 2 97.7 97.6 ± 0.7 96.9 ± 1.0 50 0.5 0.1

Optdigits [6] 64 10 5620 - 92.0 95.9 ± 0.4 95.8 ± 0.4 200 0.1 0.001
Statlog Shuttle [6] 9 7 58000 - 89.1 98.1 ± 0.2 99.2 ± 0.2 100 0.5 0.001

5 Conclusion

We present an attractor-based implementation of the reservoir network approach
for processing of static patterns. In order to investigate the effect of recurrence
on the spatial input encoding, we systematically vary the respective network pa-
rameters and compare the recurrent reservoir approach to a related feedforward
network. The reservoir dynamics result in an increased nonlinear representation
of the input patterns in the network’s attractor states which can be advanta-
geous for the separability of patterns in terms of static pattern recognition. In
temporal tasks that also require a suitable spatial encoding, the mixed spatio-
temporal representation of inputs is crucial for the functioning of the reservoir
approach. Incorporating the results reported in [3, 4], we conclude that the spa-
tial representation is not detoriated by the temporal component.

References

[1] Verstraeten, D., Schrauwen, B.: On the Quantification of Dynamics in Reservoir
Computing. In: Alippi, C., Polycarpou, M., Panayiotou, C., Ellinas, G. (eds.)
ICANN 2009. LNCS, vol. 5768, pp. 985–994. Springer, Heidelberg (2009)

[2] Jaeger, H.: The echo state approach to analysing and training recurrent neural
networks. Technical Report 148, German National Research Center for Information
Technology (2001)

[3] Verstraeten, D., Schrauwen, B., Stroobandt, D.: Reservoir-based techniques for
speech recognition. In: Proc. IEEE IJCNN, pp. 1050–1053 (2006)

[4] Ozturk, M., Principe, J.: An associative memory readout for ESNs with applications
to dynamical pattern recognition. Neural Networks 20(3), 377–390 (2007)

[5] Huang, G., Zhu, Q., Siew, C.: Extreme learning machine: Theory and applications.
Neurocomputing 70(1-3), 489–501 (2006)

[6] Frank, A., Asuncion, A.: UCI machine learning repository (2010),
http://archive.ics.uci.edu/ml

[7] Forina, M., Armanino, C.: Eigenvector projection and simplified nonlinear mapping
of fatty acid content of italian olive oils. Ann. Chem. (72), 125–127 (1982)

http://archive.ics.uci.edu/ml

	Recurrence Enhances the Spatial Encoding of Static Inputs in Reservoir Networks
	Introduction
	Attractor-Based Computation with Reservoir Networks
	Key Ingredients of Reservoir Computing
	On the Distribution of Attractor States
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




