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Learning to Generate Sequences
with Combination of Hebbian and
Non-hebbian Plasticity in Recurrent
Spiking Neural Networks

Priyadarshini Panda * and Kaushik Roy

Nanoelectronics Reserach Laboratory, Purdue Univerisjt$chool of Electrical and Computer Engineering, West Lafagte, IN,
United States

Synaptic Plasticity, the foundation for learning and memgrformation in the human brain,
manifests in various forms. Here, we combine the standard ske timing correlation
based Hebbian plasticity with a non-Hebbian synaptic decaymechanism for training
a recurrent spiking neural model to generate sequences. Wehow that inclusion of the
adaptive decay of synaptic weights with standard STDP helpsearn stable contextual
dependencies between temporal sequences, while reducinghte strong attractor states
that emerge in recurrent models due to feedback loops. Furttrmore, we show that
the combined learning scheme suppresses the chaotic actity in the recurrent model
substantially, thereby enhancing its' ability to generatsequences consistently even in
the presence of perturbations.

Keywords: reservoir model, non-Hebbian learning, Hebbian p
eigenvalue spectra
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1. INTRODUCTION

Learning to recognize, predict and generate spatio-tempeaence of spikes is a hallmark of the
nervous system. It is critical to the brain's ability for afpating the next ring of a telephone or
next action/movement of an athlete. Several neurosciemckshave shown that such abilities can
emerge from dynamically evolving patterns of neural actigénerated in a recurrently connected
neocortex Klamp and Maass, 2013; Laje and Buonomano, 2013; Zenke 2045. Implementing
a“stable and plastiaecurrent spiking neural network for learning and genergtsequences with
long-range structure or context in practical applicationsdisas text prediction, video description
etc.), however, remains an open problem.

Here, we develop a reservoir spiking neural model with a lgiaally relevant architecture
and unsupervised plasticity mechanisms that learns to gémesaquences with complex
spatio-temporal relations. Generally, reservoir netwodging to their high level of recurrence,
operate in a dynamic regime wherein stable input driven pedatitivity and chaotic activity tend
to coincide Rajan, 2009; Rajan et al., 2D1We show that the chaotic activity can be reduced by
e ective tuning of connections within a reservoir with a mutime scale learning rule and diverse
plasticity mechanisms. This helps in the robust learning ebk correlated activity that is even
resistant to noise. This further enables the reliable gatn@m of learnt sequences over multiple
trials lending our reservoir model a key feature charastériof biological systemghe ability to
remember the previous state and return to the sequence &eangtgdn presence of perturbations.
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Recent e orts in building functional spiking neural systemsto learn the context between the characters such that thratlea
with Spike Timing Dependent Plasticity (STDP) for self-model can generate words by predicting one character at a
learning on practical recognition tasks have been mostlyged time.
on feed-forward and hierarchical deep/shallow architeetur In addition, to reduce the strong/dominant attractor state
(Masquelier and Thorpe, 2007; Diehl and Cook, 2015; Esstnat emerge from the strong feedback loops in the reservoir,
et al., 2016; Kheradpisheh et al., 2016; Panda and Roy) 20 introduce a non-Hebbian adaptive weight decay mechanism
with minimal recurrent connections (for instance, recunte in the learning rule. The decay in addition to STDP enables
inhibitory connections incorporated with such architecésr synaptic depression for hyperactive neurons in the reservoir
for inducing competition and stabilizing neural activity in that result from strong feedback dynamics instead of cotoizlx
an unsupervised learning environment). Another body ofdependencies. We show that the combined e ects of Hebbian
work in the spiking domain encompasses “Reservoir oand non-Hebbian plasticity mechanisms results stable-plastic
Liquid Computing” frameworks that attempt to capture the recurrent SNN capable of generating sequences reliably I$tle a
anatomy of the neocortex with substantial recurrent corinéty ~ justify the e ectiveness of the combined plasticity scheme by
between groups of excitatory and inhibitory spiking neuronsanalyzing the eigen value spectra of the synaptic connections
(LukoSewtius and Jaeger, 2009; Maass, 2010; Srinivasa and Cabthe reservoir before and after learning. As shown in later
2019. Jaeger (2001proposed a similar randomly connected sections, this theoretical analysis provides a key insigbug
recurrent model, termed as echo state network, that useke inclusion of non-Hebbian decay to reduce chaotic dyrzmi
analog sigmoidal neurons (instead of spiking) as fundamentavithin a reservoir.
computational units. In both liquid or echo state framewarks
the burden of training the recurrent connections is relaxed
by xing the connectivity within the reservoir and that from 2, MATERIALS AND METHODS
input to reservoir. Instead, an output layer of readout newson .
is trained (generally in a supervised manner i.e., with clasg-l- Reservqlr Model: Framework and
labels) to extract the information from the reservoillgass Implementatlon
et al., 2002; Sussillo and Abbott, 2D0Blowever, the xed 2.1.1. Network Architecture
connectivity severely limits the ability of such frameweardo The general architecture we consider is a 2-layered netwsrk a
do general learning over varied applications. Such networkshown in Figure 1A. The topology consists of an input layer
perform poorly as the number of possible patterns (or classegpnnected to a reservoir dfl Leaky-Integrate-and-Fire (LIF)
as well as the temporal correlations (or context) betweerepast neurons Diehl and Cook, 201} with a connection probability
increases. Pn of 30%. The input layer contains the pixel image data

It was shown recently that incorporation of synaptic plasticit (with one neuron per pixel), corresponding to the visual words
within the reservoir can result in the emergence of long¥ter or characters in the dictionary. Of the tot&M neurons in
memory (Mongillo et al., 2003; Klamp and Maass, 2Q1hat the reservoir, 80% are excitatory and 20% are inhibitory, in
can help in learning and inferring relationships between itgpu accordance with the ratio observed in the mammalian cortex
(Miller and Wing eld, 2010; Diehl and Cook, 20).6However, (Wehr and Zador, 2003 The reservoir is composed of all
the main aim of those works were to build neural computingpossible combinations of recurrent connections, depending upon
models that suitably elucidate the activity of the neocorte  the pre- and post-neuron type at each synapseEEE |, 1! E,
better understand the mammalian brain. On the other hand]! [, where E (I) denote excitatory (inhibitory) neurons. These
in this work, we take a more practical approach to engineer acurrent connections are set randomly with a relativelyrspa
recurrent spiking model capable of character-level recogniti connection probability oPegg g, . Here, all connections going
and word prediction. Essentially, given a dictionary of wisu to excitatory neurons (i.e., input to reservoir excitatogunons
words, our spiking reservoir model learns to recognize eachnd E E connections within the reservoir) are plastic, while all
visual character (or alphabet) as well as the context/@tati other connections maintain their initial random values.
between subsequent characters of di erent words such theatrit Note that the synaptic weight modi cation of the plastic
consistently generate the entire word. Note, in this work,wse connections shown inFigure 1A helps in learning the rich
the term “reservoir” in the context of a recurrent spiking mali  temporal information present in the input data and also enables
network similar to that of a Liquid State Machine (LSMji§ass, the understanding of contextual dependencies (for learrdng
2010 with spike-driven dynamics compatible with STDP. word from individual characters) that span over multiple time

Similar to Klamp and Maass (2013and Diehl and Cook steps. Another interesting property of our model is that it does
(2016) we modify the synaptic weights of the connections fromnot contain a readout layer that is generally present acrtiss a
input to reservoir as well as the recurrent connections withi conventional reservoir spiking modelsggenstein and Maass,
the reservoir to develop the character-level language mode€007; Maass, 2010; Srinivasa and Cho, Pda# sequence
The learning is performed over di erent time scales. While therecognition. The synaptic plasticity from input to reservoir,
fast input to reservoir learning, operating in milliseconchge, speci cally, helps in learning the generalized representatiof
facilitates in recognition of individual characters, thevger the input patterns (i.e., images of characters in this cases T
learning of the recurrent connections, operating in the rang in turn enables us to perform unsupervised inference without a
of 100 milliseconds, within the reservoir enables the nekwo readout layer of output neurons.
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FIGURE 1 | (A) General topology of Recurrent SNN used for sequence learnjnand prediction (B) Sample image of dictionary of visual word§C) STDP Potentiation
window for Hebbian Phase learning of Ih Exc & B E reservoir connections over diverse time scaleD) Synaptic changes with the combined Hebbian/non-Hebbian
Plasticity as a function of rate of post-synaptic neuron thiaprevents strong attractor dynamics by regulating the ovepotentiation of synapses. Note,(C,D) are
cartoons (that do not depict empirical data) to show the behgior of STDP based weight change for slow/steep learning ifC) and effect of inclusion of non-Hebbian
decay on the hyperactive neuronal weights irfD).

In  Figure 1A, the connection probabiliies and the used weight update rule to accomplish unsupervised learning in
Excitatory(E)/Inhibitory(l) neuron ratio in the reservoiare = SNNs. The weights of the synaptic connections are strengtthen
chosen such that we have a balanced contribution of E/l syoaptor weakened based on the time interval elapsed between pre-
currents that contribute to the spontaneous activity of theand post-synaptic spikes. We adopt di erent forms of weight
reservoir (Vehr and Zador, 2003 Generally, the number of E/I dependent STDP rule to compute the weight updates. To
neurons in the reservoir maintain a 4:1 ratio as observeda t implement the non-Hebbian plasticity, we introduce an adagtiv
neocortex. SinceH, inhibitory connections must be larger than decay mechanismChen et al., 2013; Chistiakova et al., 2014;
excitatory connections (i.eBeg < Pz Pig). The connection Panda et al., 20){that only depends on the state of the post-
probabilities are usually set randomly while ensuring thét E synaptic neuron) in the weight update rule.
balance is maintained. However, a simple excitation of the In addition to synaptic plasticity, we employ a homeostatic
reservoir with noisy Poisson inputs and observing the ti@gc  membrane threshold mechanisn¥l{ang and Linden, 2003
(or neuronal ring activity from the reservoir) generally s for the excitatory neurons in the reservoir that regulatés t
to choose a probability range. For such random noisy inputsring threshold to prevent a neuron from being hyperactive
the reservoir will be chaotic and should ideally show irdlegu and dominating the overall response. Speci cally, each aariy
trajectory with varying ring activity for every stimuladh. neuron's membrane threshold is not only determined hytesh
However, if excitation dominatesPée > Pg Pi), then, butby estC , Where isincreased each time when the neuron
there will be a mean positive drift of the neuronal membraneres and then decays exponentiallp(erlioz et al., 20031t is
potential toward the threshold, resulting in a xed trajecgqor ~ worth mentioning here that the interplay between homeostati
regular ring activity). In contrast, if excitation and irnhition  threshold and combined Hebbian/non-Hebbian plasticityuis
balance each other, the membrane potential will follow a randonn a stable and plastic network with a balance between ercjtat
trajectory resulting in a trajectory with Poisson staftistias and inhibitory currents at each neuron in the reservoir.
expected. This happens whéaeg < Pz Pie. While it might In Klamp and Maass (2013)Srinivasa and Cho (2014)
seem that a lot of synaptic ne-tuning is required, onthe netly  and Diehl and Cook (2016)the authors have used inhibitory
level, such an E/I balance can arise dynamically if two adtovti ~ STDP to induce homeostasis or balance the activity of the
are met. First, connections must be sparse and random as showRrcitatory neurons by modifying the synaptic weights of
in Van Vreeswijk and Sompolinsky (199@econd, connections |I! E recurrent connections. This is in stark contrast to
for inhibitory must be greater than excitatory. We follow bot our model where only the E E connections within the
these rules in addition to observing the reservoir trajegto reservoir are plastic. We note that among all the recurrent
for random noise triggering while initializing our modeRN  connections, E E help learn the context between subsequent
(30%) is set such that a minimal ring rate of 15-20 Hz ispatterns while reinforcing patterns with similar statistics.
observed from the reservoir for a45 Hz input that will allow The remaining connections mainly contribute to fostering
signi cant synaptic learning within the STDP timing window o competition (E 1) among dierent excitatory neurons to

simulation. learn dierent patterns while maintaining a balanced and
asynchronous ring activity (I I, I' E) in the reservoir.
2.1.2. Synaptic Plasticity and Homeostasis Since the main aim of our model is to learn the underlying

The synapses connecting the input to excitatory reservoifepresentations of visual inputs and understand the coriatat
neurons (Il Exc) and the E E connections within the between subsequent patterns, we can achieve this simply with
reservoir are trained using a combination of Hebbian STDRE! E plasticity, while maintaining an optimum xed and
and non-Hebbian Heterosynaptic plasticity that preventsisfo sparse connectivity across remaining connections as spkiri e
feedback loops in the recurrent connections. STDP is a widelyigure 1A.
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2.2. Sequence Learning with the Proposed where 1 is the learning rate (0.002, 0.01) amghax value is
Reservoir Model 0.5. Similar to above learning, the weights are potentiated o

Given a visual word “CAT” composed of individual charactersdepressed based on the spike timing correlation. Howeve, wit
as shown inFigure 1B, our model processes each charactesglower learning rate and smaller time constants of decay for
individually to learn the representations of each charactef€ pre-/post-synaptic tracesyed=xXposd, prépost D 10,20 ms,
with Input to Excitatory reservoir (Ih Exc) plasticity. Signi cantsynaptic weightupdates are carried out for reafiyall
Simultaneously, the plasticity among thé E connections SPiking di erences between pre- and post- neurons in this case.
within the reservoir should be such that the network learnsThis slow learning is desirable as thé EE connections must
that “CAT” is one entity with a sequential correlation (j.&C” encode the correlation between the individual images. léenc
is followed by “A’ followed by “T"). During testing, when the the B E connections should get updated only when both the
model is presented with a test image “C”, the network shouldP'e- and post- excitatory neuron in the reservoir have spiked
recognize the character and output the next most probabl¥€ry closely and over longer periods of time. The synapticesac
character from the entity it has learnt previously. In order toWill increase more and cause meaningful weight updates fdr suc
perform such sequence generation, we conduct the learning #fronger causal relationship. Please note that all the pre- and

two phases as described below. post-synaptic traces in the above learning rules are dispmiak
calculated separately. Furthermore, the weight dependencest
2.2.1. Hebbian Phase in the above equations prevents abrupt or fast change in weight

In this phase, we modify the synaptic weights of bothvalues. Note, value is 0.9 for both Equations 1, 2.

In! Exc and E E connections with di erent forms of STDP. )

For In! Exc plasticity that helps in learning the underlying 2-2-2- Non-Hebbian Phase

representations of the individual images/characters, wéoper N addition to the exponential STDP learning, the! B

the weight updates using the power law weight dependent sTpgPNnections further undergo a decay toward a baseline value
rule (Querlioz et al., 2013; Diehl and Cook, 2)liflustrated in ~ (Wo D 0.2) to prevent the reservoir plasticity to cause strong
Figure 1C. To improve simulation speed, the weight dynamicsf@@dback loops in the network thereby curtailing the emeogen
are computed using synaptic traces as proposéddrrison etal.  Of dominant attractor dynamics. Such strong attractor etat
(2007) Besides the synaptic weight, each plastic synapse ke(ﬁ_%‘se the network dynamics to converge to the same state for
track of the pre-synaptic (or post-synaptic) tra@gse (OF Xpos)- i erent input sequences, drastically degrading the inferen
Each time, a pre (or post) neuron res, the corresponding tracéapability of the network. For instance, if the network learn

is increased by 1, otherwisgre (O Xpos) decays exponentially. the words “CAT”, “COT” wherein the recurrent connectionsar

When a post-synaptic neuron res a spike, the weight chahge strongly correlated for excitatory neurons representing,“©”,

is calculated as and “T” then, the network will only output “O” when presented
with “C” during testing. Ideally, we would like our Reservoir
ITWint ExcD [(Xpre O S€)(Wmax W) )] (1) Model to give all possible sequences or words for a given input.

The decay of E E synaptic weights is performed at every

where (0.05) is the learning rateymax (1.0) is the maximum Simulation time step as

constraint imposed on the synaptic weightyre is the pre- dw

synaptic trace value that exponentially decays with D 30ms e D (®w wo) 3)

and w is the current weight value. The synaptic strength is

increased byv D w C 1w gxcif @ pre-neuron subsequently where (t) is the decay rate that is a time dependent quantity

causes the connected post-neuron to re which signi es arsgyo proportional to the squared post-synaptic trace valwq)((gt)2

causal relationship. On the other hand, the synaptic strengtfrom Equation 2) and the homeostatic membrane threshold#al

is decreased for larger spike time dierences as determined mresh C ) at a given time instant. The direction of change

by the o set. This training enables the excitatory neurons independs on the present valueof the synaptic weight in relation

the reservoir (connected to the input) to encode a generito the baseline valuep. If the post-synaptic neuron res more

representation of an image pattern in their correspondingdue to the strong feedback loops, the decay rate proportiopatel

In! Exc weights. increases weakening thé EE connections thereby reducing the
Concurrent to the above training, we simultaneously modifyin uence of very strong attractor states on the network dgmies.

the B E connections within the reservoir with steeper STDP In some situations, dominant attractor states may also

learning as shown irFigure 1C For the E E weight updates, arise due to disproportionate input sequences. For instance,

we use a modi ed version of the exponential weight-dependenif the network learns the words “CAT"/“CRAFT”, “CRAFT"

STDP rule P ster and Gerstner, 2006; Diehl and Cook, 2115 on account of being a longer sequence will induce stronger

The synaptic weight updates based upon the arrival of pre- ancorrelation between the neurons representing the undegyin

post-synaptic spikes are again calculated using synapticstece characters thereby creating an imbalanced recurrent model

follows: The homeostatic membrane threshold of an excitatory neuron

is representative of the length of the input pattern. For a

1wD  1[Xposw ](when pre-neuron rgs ) longer sequenceEE connections are reinforced more with the
1wWD  2[XposXpré(Wmax W) )](when post-neuron rgs @ exponential rule (Equation 2) such that the neuron learns the
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correlation well. The reinforcement in turns causes themoas  visual words (samples shownfigure 3A) from the handwritten
to spike more thereby increasing their membrane thresholdcharacters in Char74K datasefe(Campos et al., 20Dthat were
Higher membrane threshold correspondingly increases tlagle used to train and test our reservoir model for sequence liearn
rate, thus, preventing the length of input sequences from We rst show the e ectiveness of the combined plasticity
causing strong attractor states. Please note that thisydecenechanism in reducing the strong/dominant attractor dynam
mechanism is non-Hebbian (does not involve pre, post spikéhat emerge in a recurrent spiking neural network. We simeht
timing correlation) and bears resemblance to the heteragyic  a reservoir model of 400 excitatory, 100 inhibitory LIF neus
plasticity observed in the mammalian brain that preventswith an input layer composed of 400 Poisson Spike Generators
runaway synaptic dynamics and stabilizes the distributidn othat gives the input a Gaussian shaped ring rate pro le.
synaptic weights@hen et al., 2013; Chistiakova et al., 2014 In this case, learning the In Exc and E E connections as
The rate of change of weight with our combined plasticitydescribed earlier (along with non-Hebbian decay) causes the
scheme is illustrated inFigure 1D. The adaptive decay reservoir neurons' spiking response (that red randomly befo
mechanism helps in un-learning the weights of neurondraining) to match the ring rate pro le of the input as shown
that become hyperactive due to strong feedback loops. Fam Figure 2A. Correspondingly, the weight matrices for the
synaptic weights that are larger than the baseline valge In! Exc connections and!E E connections within the reservoir
it allows synaptic depression ofl EE connections even for form a diagonal structure representative of the bell-shaped
high post-neuronal ring activity that is not possible with Gaussian distribution of the input patterns over the reservoi
lone exponential STDP learning. In addition to reducing theneurons, as illustrated irFigure 2B In contrast, the weight
strong attractor states, the synaptic decay acts a memomalues accumulate in certain regions causing strong dtrac
consolidation mechanism wherein certain connections thisg  dynamics in the reservoir because of the feedback loops when
relevant for the reliable generation of the sequence aeetetly the non-Hebbian decay based plasticity is not incorporated in
potentiated while depressing recurrent connections thatl leathe B E synaptic learning as shown Figure 2B Such weight
to undesirable correlation. As mentioned earlier, both liExc  crowding is caused by the Hebbian nature of lone STDP legrnin
and B E connections are updated simultaneously with theSince STDP causes reinforcement of correlated activitg, th
above mentioned rules (Equations 1-3). Thé IExc learning feedback loops between sub-groups of neurons that are syrongl|
is done at each time step based upon pre/post ring (order ofnterconnected due to the recurrent dynamics of the resirvo
ms). In contrast, the Exc Exc weight updates occur slowly will over-potentiate the E E connections, further causing them
over multiple time steps due to the slower STDP learning. Thiso be overly active. As a result, the weights get crowdedadsié
concerted interplay of the multiple plasticity mechanismstfbo having a homogeneous distribution. Inclusion of non-Hebbia
Hebbian and non-Hebbian) leads to a stable reservoir thatlecay in the learning mechanism helps in decreasing theigctiv
avoids strong/dominant attractor states and reliably gates all  of such sub-groups of neurons by enabling synaptic depression

possible answers for di erent sequence of words learnt. even at high post-synaptic ring rates as seen earlier (refer t
In our simulations, each individual character of the word Figure 1D).
sequence (that is a 28 28 pixel image of “A to Z") is Now, we discuss the recognition and generation of words

presented to the reservoir as Poisson spike trains (with ringrom visual characters. We simulated a reservoir model & 20

rates proportional to the intensity of the pixels) for 350 mstwit neurons (160 excitatory, 40 inhibitory) to recognize a idicary

a simulation time step of 0.5ms. For instance, while leagnin of words: “CAT”, “CRAFT”, “COT". Please note, the words

“CAT”, each individual character (“C”, “A’, and “T") is shaw selected are such that some sequences have more common

individually and sequentially for 350 ms each. Then, beforeinderlying characters (such as CAT, COT) than others. To

presenting the next sequence/word (for instance, “COT” or aalidate that our model is e ective and can generate all pdssib

di erent representation of “CAT”), there is a 300 ms phaselearnt sequences consistently without any bias toward aquaati

without any inputs to allow all variables of all neurons to dgc sequence, we use the above selection. For training, we use 200

to their resting values (except the adaptive membrane thieé$ho di erent representations for each word composed of dissimilar

This sequential presentation of the characters (withouettasy  characters (i.e., total 600 words for training). For tegtinve

the membrane potential of the neurons until the entire seqzeen used 100 distinct representations of each charaétigure 3A

or word is shown) helps the !E E connections to learn the showsthe sample training and testing images used. After trgjni

correlation between them. the Inl Exc connections that are essentially responsible for
Note, the Supplementary Material (at the end of the paperjecognizing the individual characters of the word encode th

contains additional details regarding the neuron/synapselel, generalized representations of the individual characteshiasn

input encoding method and the training/assignment/infecen in Figure 3B Individual characters get associated with di erent

methodology. Please refer it to get further insights abd t excitatory neurons in the reservoir that re steadily when

intrinsic parameter values. presented with an input similar to the pattern it has learnt.
During testing, when an input pattern is shown, several
3. RESULTS excitatory neurons assigned to dierent characters may

potentially re. For example, for a test image of “C”, a group of
The proposed reservoir model and learning was implemented ineurons associated to “D” may also re. The spiking/ ring rate
BRIAN (Goodman and Brette, 2008Ne created a dictionary of for di erent groups will however di er (say spiking rate of “C”
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FIGURE 2 | (A) Response pattern of reservoir neurons for Gaussian Input pre (average: 5 Hz) before and after learningB) Visualization of the weight matrices
between Input Exc and B E reservoir connections learnt with and without non-Hebbia decay.
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FIGURE 3 | (A) Sample training and testing images of visual word¢B) Representations encoded by Ih Exc connections of 100 excitatory neurons in a 200-neuron
reservoir. The color intensity of the patterns are represéative of the value of synaptic weights (after training) witowest intensity (white) corresponding to a weight
value of “0” and highest intensity (black) corresponding tt1”. (C) Percentage of correct predictions made by the 400-neuron reervoir for different sequences during
testing. The prediction accuracy is averaged across 100 s of different presentations of the test input characters‘C”, “D”, “P”, “M”, “B”, and “T".

% Correct

1 c Sequence | % Correct | Sequence
Prediction
CAT 30 PEN

Prediction
coT 26 8% MAN 90
CRAFT 32 BIRD 95
DOG 93 TOW 83

o

> “D"). However, since we learn the! EE connections in the
reservoir while presenting the individual characters sedjadly
(without resetting the membrane potentials) during traigirthe
average ring rates of the neurons in the reservoir inteiregty

a correct word from the dictionary 85 times with “CRAFT”,
“CAT”, and “COT" generated 34, 23, 28 times respectively. In
the remaining 15 trials, some garbage words such as “CAFT”,
“CRT” etc. were generated.

follow a particular sequence. For a test image of “C”, the top-2 Next, we simulated a reservoir model of 400 neurons (320
average spiking activity are observed for neurons assdciatexcitatory, 80 inhibitory) to learn a larger dictionary Wit
with “C”, “A’. Further, the di erence between the top-2 spiking “CAT”, “COT", “CRAFT”, “DOG”, “PET”", “MAN", “BIRD",

activities is quite low (an average of3-4). Similarly, based on

and “TOW”. Figure 3C shows the number of times a correct

the second highest spiking activity, we input the next chaact sequence is generated by the reservoir across 100 dierent

(i.e., “Ain this case) to which the top-2 spiking activity ceded

presentations of the rst character of every word: “C”, “D",

are for neurons associated with “A’, “T”". Next, when we input“M”, “B”, “T”. The average accuracy of the reservoir is 91.2%

“T”, while the highest spiking activity is observed for “Thet
second highest activity is quite random (associated witkrdnt
neurons for varying test presentations) with an average sgiki
di erence that is>10. The large spiking di erence in the top-2

wherein the sequence generation was more accurate for “PET”,
“DOG”, and “BIRD” that share less characters with the remagni
words of the dictionary. Minimum accuracy is observed for
“TOW” since presentation of “T” in most cases yielded a large

activity indicates that the last character of the sequenas hdierence in the top-2 spiking activity of the neurons. This
been recognized by the reservoir for a given test trial and noan be attributed to the fact that “T” being the last characte
further inputs are then provided to the reservoir. Please notgfor most words limits the neuron learning a “T” to develop
similar to training, the membrane potentials of the neuronscontextual dependencies toward other neurons. Few garbage
in the reservoir are not reset in a test trial until the entirewords generated by the reservoir include “COW”, “CRAT”,
sequence/word is generated or a large spiking di erence ifiDOT”, “BRD”, “PT", “MAT", and “BRAT” among others. Of the

top-2 activity is observed. We observe such consistent sdigqlie
generation of top-2 spiking activity across all test trials. the
dictionary contains 3 words starting with “C”, the secondhést
spiking activity alters between “R”, “A’, and “O” for di erent
trials. This di erence arises due to the randomness in thesBoim
distribution of inputs. In fact, for 100 trials, when the reseir

garbage words, it is quite remarkable to see that some anelact
English words that the reservoir generates not having seemt
earlier. Another noteworthy observation is that most gamiag
words end with “W”, “T”, and “D”, that are essentially the last
characters of the words in the dictionary. Please note thatén
words present in the dictionary, repetition among characiers

model was presented with test input “C” the network yieldednot present (for instance, “SEEN” or “RALLY"). In such cases,
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reservoir model generates “SEN”, “RALY” instead of theettrr the highest spiking activity is observed for the given chiaac
words. Since the generation of sequences in our reservaiteno in that particular neuron. Based on the second highest agtivi
is based on top-2 spiking activity, when “E” is presented to thevhen the next character is presented to the network, the neairo
reservoir, the top-2 highest spiking activity with minor dience activity of the neuron across di erent trials varies as expdct
is observed for neurons associated with “E”, “N”. We cannofdue to the randomness in the input distribution as well as
identify such repetition among characters with this scheme.  the chaotic activity). However, the trajectories tend tameerge
In order to demonstrate the e ectiveness of our combinedtoward one another with time implying more correlated adiyvi
learning scheme for generating sequences, we recorded thefact, sequences that have less commonality with othedw/or
average synaptic weights of thé EE connections (that encode (“PET” and “BIRD”) have more synchronized trajectories. $hu
the correlation) learnt among the excitatory neurons agged we can infer that the contextual dependencies developed with
with di erent characters.Figure 4A shows that the average the modi cation of E E connections has a stabilizing e ect on
value of the recurrent connections learnt by the 400-neurorithe chaotic states of the reservoir. While the existence abth
reservoir model described above, di ers across di erent veord states help a neuron di erentiate between sequences that hav
with minimal variation. In fact, for words with similaritie (such more similarities (such as “CAT”, “COT"), it does not have an
as “CAT”,“COT”, and “CRAFT") the weights have almost simila overwhelming e ect disrupting its inference capability thieye
values. The slight variation across the weight values is@tide  enabling our model to operate at tleelge of chaos
of the fact that the reservoir model (after learning) hasueed Suitably learnt reservoir models generally operate with co-
chaotic activity. Generally, all recurrent networks exh#mme existing chaotic states and stable trajectories as showkeab
chaotic activity owing to the feedback connections thafhof  However, external noise can induce more chaos in the regervo
controlled, can cause abrupt changes in neuronal activégiteg  that will overwhelm the stable patterns of activity due to the
to a severe degradation in their inference ability. The iin  inevitable feedback loops among recurrent connections. Here
in chaotic states enables our model to produce stable recurrewe discuss the susceptibility of our reservoir model (anddeen
activity while generating a particular sequence. This ferth our learning scheme) to external noise. To conduct the noise
establishes the suitability of our combined learning scedor  analysis, we introduced random Gaussian noise along with the
reservoir plasticity. Additionally, the strength of the ecmttions standard Poisson inputs to the 400-neuron reservoir model
between neurons associated with random sequences (thabare during testing. The injection of noise alters the net post-
present in the dictionary) such as “DR”, “POM”, “TMO”, “CG” synaptic current received by the reservoir neuromgg D
etc. are very low (2.46x lesser than the mean of all connegtio 6 i[Wilnput; C Ngrandn(i)], where Ng is de ned as the noise
generating relevant sequences). This result illustrates ttne  amplitude) thereby a ecting the overall ring rate (or trajemrty).
proposed reservoir model learns stably to form and retrievén order to prevent the variation in trajectory caused due he t
relevant sequences. randomness in the Poisson inputs, we xed the distribution for
To supplement the above result of reduction in chaotic states given input/chararcter across di erent trialsigure 5A shows
we plot the trajectories (i.e., ring rates of neurons as timethe trajectories of ve di erent recurrent units for varyingvels
evolves) of 5 excitatory neurons in the 400-neuron reservoiof noise (with di erentNg) for 10 di erent test trials. Since the
that encode the characters (“C”, “B”, “P”, and “T”) acros®5tt input distribution is constant, the neuronal trajectory dng the
trials as shown irFigure 4B It is clearly seen that the activity presentation of the rst character in each trial (fromQ O to
of each neuron prediciting a particular word follows a stable D 350 ms) remains almost equivalent in all cases. As time
trajectory with slight variation across di erent trials foli erent  evolves, we input the next character predicted by the reservoi
sequences. When the network is presented with any input (séyased on the top-2 spiking activity that leads to a dierent
“P” corresponding to Unit 5), initially, the trajectories waacross trajectory for each neuron, representative of the chaotitest As
di erent trials until they converge around time® O ms, where Ng increases, we observe a steady increase in the variatibe of t
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FIGURE 4 | (A) Normalized average value of trained weights of [E E reservoir connections corresponding to different corretdincorrect sequences predicted by the
400-neuron reservoir model. All weight values are normaéd with respect to the highest average value (0.42) recordetbr the sequence “BIRD” in this case(B) Firing
rates/Trajectories of 5 excitatory neurons in the 400-neumo reservoir encoding different characters. Different cotacoding of trajectories specify different trials.
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FIGURE 5 | Robustness of the reservoir spiking model learnt with combied Hebbian/non-Hebbian plasticity against noise(A) Trajectories shown for 5 different
excitatory neuron of the 400-neuron reservoir model for vging noise activity across 10 different test trialg(B) Projections of the spontaneous activity of the excitatory
neurons in the reservoir onto Principal Component Vectors,12, 3 plotted against each other in a 3-D manner.

trajectories which in turn degrades the capability of eactroe  combined Hebbian/non-Hebbian plasticity learning in redug

to predict correctly. However, only for noise levels with 0.7, the chaotic states within the reservoir model. The redutiio

the reservoir yields diverse trajectories. For moderaisenfwith  chaotic dynamics during the training phase allows the nekwor

No  0.5), our model exhibits high robustness with negligibleto look back in history to formulate the predictions correctl

degradation in prediction capability. In addition to visughig even in presence of external noise. The accuracy levels, bgwev

the trajectories, we also plotted the Principal Componentss)PC degrade steeply with increasing levels of noiggl{eyond 0.5) as

of the ring activity of the excitatory neurons in the resaiv  the chaotic activity (due to the recurrent feedback loopsgytst

against each other, as shown kigure 5B for varying levels overwhelming the locally stable reservoir activity. Forase

of noise. Generally, the rst 10 principal components accoun@amplitude of 1.0, the accuracy observed is 78.2%.

for signi cant portion of variance in the chaotic spontaneous To further elucidate the e ectiveness of Hebbian/non-

activity of the reservoirRajan, 2009; Rajan et al., 2)1Hence, Hebbian plasticity in reducing chaos, we probed into random

we plotted the projection of the activity of the neurons onto PCmatrix theory that gives a powerful understanding of the coexpl

vectors 1, 2, 3, and visualized them in a 3D space. Itis clezgly s emergent behavior of large networks of neurons, such as the

that the addition of external noise of varying amplitude chesg reservoir, with random recurrent connections. Diagondiiaa

the trajectory themselves. This shows that the neuronaViact of the synaptic weight matrix of the reservoir connectiorslgs

or trajectories are not simply variable in time due to addeiseo  equal number of modes as the number of neurons in the

Instead, there is a drastic transformation of the trajegtiself reservoir Rajan and Abbott, 2006 Each mode can be labeled

that probably kicks the reservoir out of a stable state intbaotic by a complex numbered eigenvalue, whose real part corresponds

one limiting its' prediction capability. to the decay rate of an associated mode and imaginary part
Figure 6A also shows the prediction accuracy of the 4004s proportional to the frequency of the pattern. Activation of

neuron reservoir model for varying noise levels. For noiseny one of these complex modes results in a network that

amplitude of 0.5, the accuracy observed is 90.8% (0.4% lowexhibits spontaneous oscillations at the corresponding feagy

than the model without noise). Our model's insensitivity to (Rajan, 2009 The activation of multiple such modes results

adequate levels of noise further validates the e cacy of thén complex dynamics due to a superposition of individual

Frontiers in Neuroscience | www.frontiersin.org 8 December 2017 | Volume 11 | Article 693



Panda and Roy Sequence Generation with Hebbian/Non-Hebbian Plasticity

FIGURE 6 | (A) Variation of Prediction accuracy with noise amplitudéB) Evolution of spectrum of eigen values of the reservoir syndip connections (includes
E! EE! LI E/I! 1)inthe complex plane before and after learning.

frequencies in a highly nonlinear manner resulting in cheot locally stable trajectories in the reservoir that worksymghony
dynamics/persistent reservoir activity as observed eaitier with the reduced chaotic states to produce di erent sequences
Figures 4B 5. We analyzed the EigenValue (EV) spectra of thaVhile we demonstrate the e cacy of our model for fairly simple
synaptic weights of the reservoir before and after learnifi;e  character-level prediction of visual words, we believe that t
EV of all the connections (include ! EE ! 1,1 ! general functional properties of our combined plasticity feag

E,l ! 1) in the reservoir initially (drawn from a random can be extended to larger recurrent models for more complex
distribution) are distributed uniformly in a circle in theaenplex  spatio-temporal pattern recognition (such as action recagnit
plane in accordance with Girko's circle lawsitko, 1989. If  video analysis etc.). Investigation of the learning rule dneo
the real part of a complex eigenvalue exceeds 1, the activatexturrent architectures is a promising direction of future
mode leads to oscillatory behavior contributing to the alker research. However, large-scale networks, with a largeeurof
chaotic dynamics of the reservoir. FroRigure 6B we observe recurrent connections, are more vulnerable to chaotic dyitam
that before learning, the eigenvalues of the 400-neuroarvesr  that would require a larger number of training examples for
have a larger radius with more values RealPartl implying convergence. This will aect the training complexity of the
more activated modes characteristic of cha®sjén and Abbott, reservoir. In such cases, the decay rate as well as the lgaate
2009. However, as learning progresses, the EV spectral circ{gn Hebbian phase learning) has to be varied suitably to avoid
shrinks to a non-uniform distribution with a high density of the formation of strong feedback dynamics while maintaining
values toward the center and few mode®RealPartl. The dense reasonable training time. Also, the inference ability of the
center EVs are xed points that are non-chaotic and persistentreservoir is a strong function of the synaptic connecticity (

In fact, the changing shape of EV spectrum with training ofsize of the reservoir). To avoid escalating the reservae si
E ! E, computationally corresponds to learning. The graduafor more complex problems, the learning rules can further be
movement of EV spectra from chaotic to xed points establishesptimized. For instance, varying the learning rate as tragni
the stabilizing e ect of learning the!E E reservoir connections progresses or a mechanism that adapts the decay rate (in the

with our combined plasticity scheme. non-Hebbian phase) depending upon the extent/intensity of
attractor states formed, might further enhance the infaen
4. DISCUSSION ability of a reservoir.

It is worth mentioning that there has been previous e ort
We presented an unsupervised recurrent spiking neurabn combining di erent plasticity schemes with reservoir mdsle
model learnt with dierent forms of plasticity for reliable In Lazar et al. (2009)the authors combine STDP, synaptic
generation of sequences even in presence of perturbations. Wealing ofE !  E connections and homeostasis to engineer a
incorporated a non-Hebbian decay mechanism, inspired fronplastic reservoir model that performs better than static reks
the Heterosynaptic plasticity observed in mammalian brainpn simple tasks. While our paper complemeritszar et al.
with standard STDP learning while evolving the recurrent(2009) the inclusion of non-Hebbian decay gives an entirely
connections within the reservoir. The combined learningesme new perspective toward learning in recurrent networks with
suppressed the chaotic activity of the network while reducingeduced chaos and regular trajectories even in presence of
the dominant attractor states and substantially enhancesl thnoise. Furthermore, this work deals with more di cult vista
inference ability of the reservoir. character prediction while entailing a detailed analysisthef

Our results indicate that the mutual action of the contribution of the Hebbian/non-Hebbian Plasticity scherfoe

Hebbian/non-Hebbian plasticity enables the formation ofstable memory states. Finally, we would like to mention ttoerg
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work Thiele et al. (2017that deals with reducing the dominant FUNDING

attractor states developed in a recurrent SNN (di erent from

our model) by un-learning the strong feedback connectiditera This work was supported in part by C-SPIN, one of the six
training. In contrast, the combined plasticity scheme prombse centers of StarNet, a Semiconductor Research Corporation
in this paper can serve as a general learning methodolodyrogram, sponsored by MARCO and DARPA, by the
that cohesively reduces the synaptic weights of strong domeelatSemiconductor Research Corporation, the National Science
during training for more robust and noise-resilient recurrent Foundation, Intel Corporation and by the DoD Vannevar Bush
SNN implementations. Fellowship.

AUTHOR CONTRIBUTIONS SUPPLEMENTARY MATERIAL

PP and KR conceived the study, PP conducted the experiment(§he Supplementary Material for this article can be found
both PP and KR analyzed the results. PP wrote the paper. Adhline at: https://www.frontiersin.org/articles/10.38hins.
authors reviewed the manuscript. 2017.00693/full#supplementary-material

REFERENCES Maass, W., Natschléger, T., and Markram, H. (2002). Real-time conmgpwithout
stable states: a new framework for neural computation based on peitaris.
Chen, J.-Y., Lonjers, P., Lee, C., Chistiakova, M., Volgusie and Bazhenov, Neural Computl4, 2531-2560. doi: 10.1162/089976602760407955
M. (2013). Heterosynaptic plasticity prevents runaway synaptic myjce  Masquelier, T., and Thorpe, S. J. (2007). Unsupervised learningisoglv

J. NeuroscB3, 15915-15929. doi: 10.1523/JINEUROSCI.5088-12.2013 features through spike timing dependent plasticBy.oS Comput. BioB:e31.
Chistiakova, M., Bannon, N. M., Bazhenov, M., and Volgushdy, (2014). doi: 10.1371/journal.pchi.0030031

Heterosynaptic plasticity: multiple mechanisms and multiple roles.Miller, P., and Wing eld, A. (2010). Distinct e ects of perceptuguality on

Neuroscientis20, 483-498. doi: 10.1177/1073858414529829 auditory word recognition, memory formation and recall in a neural model
de Campos, T. E., Babu, B. R., and Varma, M. (2009). “Characterniéoogn of sequential memoryFront. Syst. Neurosch:14. doi: 10.3389/fnsys.2010.

natural images,” irProceedings of the International Conference on Computer 00014

Vision Theory and Applicatiorfsisbon), 273—-280. Mongillo, G., Amit, D. J., and Brunel, N. (2003). Retrospective andpeotive
Diehl, P. U., and Cook, M. (2015). Unsupervised learning of digibgaition persistent activity induced by Hebbian learning in a recurrent aaithetwork.

using spike-timing-dependent plasticityFront. Comput. Neurosci9:99. Eur. J. Neuroscl8, 2011-2024. doi: 10.1046/j.1460-9568.2003.02908.x

doi: 10.3389/fncom.2015.00099 Morrison, A., Aertsen, A., and Diesmann, M. (2007). Spike-timitggendent
Diehl, P. U., and Cook, M. (2016). Learning and inferring relatiomsortical plasticity in balanced random network®Neural Comput.19, 1437-1467.

networks.arXiv Preprint arXiv:1608.08267 doi: 10.1162/neco.2007.19.6.1437
Esser, S. K., Merolla, P. A., Arthur, J. V., Cassidy, A. S., AppuswBmy Panda, P., Allred, J. M., Ramanathan, S., and Roy, K. (2017).€epihg to forget

Andreopoulos, A., et al. (2016). Convolutional networks for fastergy- with adaptive synaptic plasticity in spiking neural networkSEE J. Emerg.

e cient neuromorphic computing. Proc. Natl. Acad. Sci. U.S.A13, Select. Top. Circ. Sysbi: 10.1109/JETCAS.2017.2769684

11441-11446. doi: 10.1073/pnas.1604850113 Panda, P., and Roy, K. (2016). “Unsupervised regenerative lgashimierarchical
Girko, V. L. (1985). Circular law.Theory Probab. Appl29, 694-706. features in spiking deep networks for object recognition,Nieural Networks

doi: 10.1137/1129095 (IJCNN), 2016 International Joint Conference (dancouver, BC: IEEE),
Goodman, D., and Brette, R. (2008). Brian: a simulator for spikiewyal networks 299-306.

in python. Front. Neuroinform2:5. doi: 10.3389/neuro.11.005.2008 P ster, J.-P., and Gerstner, W. (2006). Triplets of spikes in aehofispike timing-

Jaeger, H. (2001The “Echo State” Approach to Analysing and Training Redurren  dependent plasticityJ. Neurosci26, 9673—-9682. doi: 10.1523/JNEUROSCI.
Neural Networks-with an Erratum Not&erman National Research Center for 1425-06.2006

Information Technology GMD Technical Report, Bonn. Querlioz, D., Bichler, O., Dollfus, P., and Gamrat, C. (2013). Immutitdevice
Kheradpisheh, S. R., Ganjtabesh, M., and Masquelier, T. (2@&l6)inspired variations in a spiking neural network with memristive nanodevid&EE
unsupervised learning of visual features leads to robust invaradojéct Trans. Nanotechnol2, 288—295. doi: 10.1109/TNANO.2013.2250995

recognition.Neurocomputing@05, 382—-392. doi: 10.1016/j.neucom.2016.04.02Rajan, K. (2009)5pontaneous and Stimulus-Driven Network Dynan@lofumbia
Klamp, S., and Maass, W. (2013). Emergence of dynamic memory traces in University.
cortical microcircuit models through stdpJ. Neurosci33, 11515-11529. Rajan, K., and Abbott, L. (2006). Eigenvalue spectra of randomgeatfor neural

doi: 10.1523/JNEUROSCI.5044-12.2013 networks.Phys. Rev. Le®7:188104. doi: 10.1103/PhysRevLett.97.188104

Laje, R., and Buonomano, D. V. (2013). Robust timing and motortepas Rajan, K., Abbott, L., and Sompolinsky, H. (2010). Stimulus-depend
by taming chaos in recurrent neural networksdat. Neuroscil6, 925-933. suppression of chaos in recurrent neural networRbys. Rev. B2:011903.
doi: 10.1038/nn.3405 doi: 10.1103/PhysRevE.82.011903

Lazar, A., Pipa, G., and Triesch, J. (2009). Sorn: a self-onggméecurrent neural  Srinivasa, N., and Cho, Y. (2014). Unsupervised discriminatibpatterns in
network.Front. Comput. Neuros@:23. doi: 10.3389/neuro.10.023.2009 spiking neural networks with excitatory and inhibitory synaptic gtlaity.

Legenstein, R., and Maass, W. (2007). Edge of chaos and [wadict Front. Comput. Neuros@:159. doi: 10.3389/fncom.2014.00159
computational performance for neural circuit modelbleural Netw. 20, Sussillo, D., and Abbott, L. F. (2009). Generating coherent ipattef activity
323-334. doi: 10.1016/j.neunet.2007.04.017 from chaotic neural networksNeuron 63, 544-557. doi: 10.1016/j.neuron.

LukoSewtius, M., and Jaeger, H. (2009). Reservoir computing approaches 2009.07.018
to recurrent neural network training.Comput. Sci. Rev3, 127-149. Thiele, J., Diehl, P., and Cook, M. (2017). A wake-sleep algoridmmecurrent,

doi: 10.1016/j.cosrev.2009.03.005 spiking neural networksarXiv preprint arXiv:1703.06290

Maass, W. (2010). “Liquid state machines: motivation, theang applications,” Van Vreeswijk, C., and Sompolinsky, H.(1996). Chaos in neuronalvor&s
in Computability in Context: Computation and Logic in the R&afld (World with balanced excitatory and inhibitory activityScience274, 1724-1726.
Scienti ¢), 275-296. doi: 10.1126/science.274.5293.1724

Frontiers in Neuroscience | www.frontiersin.org 10 December 2017 | Volume 11 | Article 693



Panda and Roy Sequence Generation with Hebbian/Non-Hebbian Plasticity

Wehr, M., and Zador, A. M. (2003). Balanced inhibition undesliéuning Conict of Interest Statement: The authors declare that the research was
and sharpens spike timing in auditory corteXNature 426, 442-446. conducted in the absence of any commercial or nancial relatidps that could
doi: 10.1038/nature02116 be construed as a potential con ict of interest.

Zenke, F., Agnes, E. J.,, and Gerstner, W. (2015). Diverseapsyn
plasticity mechanisms orchestrated to form and retrieve memoriesCopyright© 2017 Panda and Roy. This is an open-access artitdedidtunder the
in spiking neural networks. Nat. Commun. 6:6922. doi: 10.1038/ terms of the Creative Commons Attribution License (CC B¥)u3e, distribution or
ncomms7922 reproduction in other forums is permitted, provided theémalguthor(s) or licensor

Zhang, W., and Linden, D. J. (2003). The other side of the engexperience- are credited and that the original publication in this joalris cited, in accordance
driven changes in neuronal intrinsic excitabilityat. Rev. Neurose, 885-900.  with accepted academic practice. No use, distributiorpoodaction is permitted
doi: 10.1038/nrn1248 which does not comply with these terms.

Frontiers in Neuroscience | www.frontiersin.org 11 December 2017 | Volume 11 | Article 693



