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(57) ABSTRACT 
Generalized learning rules may be implemented. A frame­
work may be used to enable adaptive spiking neuron signal 
processing system to flexibly combine different learning 
rules (supervised, unsupervised, reinforcement learning) 
with different methods ( online or batch learning). The gener­
alized learning framework may employ time-averaged per­
formance function as the learning measure thereby enabling 
modular architecture where learning tasks are separated from 
control tasks, so that changes in one of the modules do not 
necessitate changes within the other. Separation of learning 
tasks from the control tasks implementations may allow 
dynamic reconfiguration of the learning block in response to 
a task change or learning method change in real time. The 
generalized spiking neuron learning apparatus may be 
capable of implementing several learning rules concurrently 
based on the desired control application and without requir­
ing users to explicitly identify the required learning rule com­
position for that task. 
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Olpara.mE::ts:~r.s = {} # f!a':0.02,'l::,i:0.2r!c':-65~'d 1 :8} 

02 neuron equations= 
03 dv/dt 0.04*v~*2 
04 du/dt 

T :)f..·acv-,. T }4() -

+ d*delta out 
05 1. exc ,,= w*eps(t - t 1.!l) r ~ 1 

+ (c-v)*del_ta out 
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i ext 1.1 

06 sto,:::hastic thresh()ld = '''lambda = lambda.O*exp (k*· (v-t:hE~ta)) 'r 1 #1810 

07 state trace?~;= t;t:a~E3t:rar~E~srnode1 (r1e11r·c)r1 eq~1ati()rts, par·E3~etE~rs) #1802, 
1804 

08 state tracesAprocess()#J.806, 1808 

IO th.t'E:t3ho~~d mode] = .stochastict~h·r_•0.s·:'1oldrnorjRl ( .sr:ocha~;tis th-resboldr 
parameter3) 

11 threshold ___ model. calc ___ par tial ___ deri·vatives ( 
state traces.get state va~s() )#1812 

13 IP□ derivative threslwld~model.qet ,'qs st.:::() #1822 
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03 class Stat:eVariableEquation(): 
04 def :i.n.i.t ___ (c,eJ_f, name, eq, pararns); 
05 self.name name 
06 self.eq = sympy.sympify(eq) 

07 for name, val in params.iterit:ems(): 
08 x = sympy.Symbol(name) 
09 self.eq = self.eq.subs(x,val) 

10 def f:xtrac·t~_V_R __ G(~3e1J): 
.. I ___ ext = sympy.~>,nr,bol('I ___ ext ' + self.name) 
12 clel:.a cut = sy:·,i:•Y-~'yirbol('cle:_ta 0.11: ') 

US 2013/0325768 Al 

[delta out, I ext], eva1uate=Falsel 
14 try: 
15 self.R = d[delta out] 
16 except: 
17 self. R 0 

.1.8 tr.y: 
19 self. C d[I ext] 
~2 0 excr::pt:: 
21 self~ G ·-·-· 0 

22 self.V self.eq 
;13 sel:f:.V self.V.sub3(cielt.a out:,0) 
24 self.V = self.V.subs(l ext,0) 

25 def calc~acobians(self, vars, I ext): 
26 sel:f:.J V = {l 
27 for v in vars: 
28 -....7a_r. -= sy:mpy~Sy:nbo.1.(\1) 
29 self.J_Vfv] sympy.diff(self.V, var) 

30 self.JR= (} 
31 i'o,: V :in ViLC'3: 

32 var= sympy.Symbol(v) 
:-3:-l :0 :elf.,J_R[v] = :;ympy.d:L:E:E(_c;",U.R, va>:) 

34 self.J_G = {} 
35 for v 1n vars: 
36 \.ra.r· = sympy~SyYn.bcl (v) 
37 self.J G[v] = syTr,py.diff(selLG, var) 

38 self. I ext = sympy. sympify ( I ext) 
3 9 w = s yrnpy _ S yirtbo l ( ''/'l' ) 
40 self. en ext syrnpy.diff(self"I ext, \r.i) 
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4"1 ctef ca:,c ___ state __ traces eq(self): 
42 seif.state ___ evolutior: ___ eq = sy1npy.sympify (Oj 
43 for v, j ___ v in self.J __ V.iteritems(): 
44 se l f ~state_ eve 1-ut 1 ()n_eq -~-~ syn~py ~ Symbol ( 's_' +v) -;.;~i v 

45 for v, j g in c;E,lf. ,J~G. it:erit:E'ms (): 
46 self.st:::,te ,~vo1nt:lcr1 eq += syrr:py.Symbol('s '+v)*j g".c:,~Lf.I ei,t 

sym.py ~ s yrnpi.fy ( 0) 

4ll for v, j ___ r J_n self.,J_i-:..iteritems(): 
43 self~ £es8l _ecJ += sy.mpy. ,S_'/ff:b•;_Jl ( 's ___ ' +v) g _.___ 

50 self.input eq = self.Gxself.dI ext 

51 self. full __ eq self.state evolution eq ~ 
self.Input. eq 

'.:,2 def get __ diff __ eq __ st:r (self) 
53 return 'ds %s/dt = s' (self.name, self.full eq) 

54 class StateTracesModel(l 
SS (j_ef j_nit (se1f, ne,1ro:--t ;~qs, paramct:<~rs): 
56 ~;epa.ra.t.ed_equaL.i_(:,.ns = re .. sub('\\\s·k?\n_r, ' ' neuron equations) 
57 d.iffeq_patt.ern re~comp:i_l.f:~(s\s*d{\w+)\s·,,-/\s*dt\s*:.·+\s·J--(.-r.)\s*r) 
bB E~rnpty_pattt~rn rE':.compi~Lt~(r\.s·k$'i) 
59 ext_I_p::.1.t.t.f:::rn. = r:e~cornJ;).i .. 1.f:::(~\s*I ext: (\w+)\s*-:--;--\s*(_-,..)\s·"'f) 

60 seJ_ f ~ syrn .. _eqs ~ {} 
61 self.I exl egs 

62 self.parameters= parameters 

63 self. variables in wri tte,1 orde::: [] 

64 for li,,e in separat:eci~eq·:.iati:rns.split:li,tes() 
65 if unpty_pat;t;e.2:n.match(line): 
66 conti[JllE~ 
6 7 re.sul t = Ncne 
68 result;= diffeq pattern.match(line) 
l'i9 if' resu1t: 
70 name, eq = result.groups() 

StateVariableEquation(name, eq, parameters) 
"/2 se1f~syrn eqslnameJ = eq 
73 self.variables in_wrillen order.appen~(name) 
74 else: 
75 result= ext I pattern.match(line) 
76 if result: 
77 name, eq result.groups() 
78 self.I ext eqs[namej = eq 

79 if not result:: 
BG raise Exception('Equatl.on was not recognjzed! ') 
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81 def proce:s.s (self) : 
82 for eq in self.symeqs.itervalues() 
83 eq.extract V R G() 

84 for narne, eq in self .. syrn .. _eqs.iteritems() 
85 try: 
86 I ext= self.I ___ ext __ eqs[nameJ 
87 except:: 
88 I ext = :; 
89 eq.ca.__l_c ·ja.cobia~J-~3(~;elf.~3:·-lm~ec{.c:;.kevs{), I e~'\_t) 

90 for eq in self. sym_eqs. it:ervaL1es () 
91 eq.calc_state traces eq() 

92 def get eqs str(self): 
93 S ___ equat:ions = '~ 
94 for var in self.variables in written order: 

.... .... ··-

US 2013/0325768 Al 

95 S equations+= self.syrn_eqs!_var_i .ge,: cliff eq_str() '\n' 

96 return S equations[0:-1] 

97 def get state vars(self): 
98 return self.variables in written order 

99 
10() 
101 

class StochasticThresholdModel(): 
de£ ir;i t: (self, stochastic t:hresh_eq_s, 
separated equations= re.sub('\\\sx?\n', 

stochastic thresh_eqs) 

pa..:::·a.rns) 

' ' 

102 la.n1bda. ___ pa t: t:ern = re~ compile ( 1 \s * larnbda \ s *=\ s * ( ~ *) \s * 1
) 

103 empty __ pattern = re.ccmpile('\s-k$') 

104 self. lambda eq = '' 

105 for line in separated equations.splitlines(l 
10 6 if empty _pa t:t:ern. ma t:ch (line) : 
l(n conti_nue 
108 ,·esult: " Jamt,da_pattern.matcr1 (line) 
109 if not result: 
110 :;:aise Exception ( 'EgL1a tion 1,as not recogr;ized! ') 
.L.L.L s0lf.::_ambda eq- - re3:Jl-c.gre,up:s() [O: 
112 b:ceak 

113 self.lambda syrrtpy·. syrnr_::,ify (self~ larnbda 

114 £or name, val in params.iteritems(): 
115 x = sympy.Symbol(namel 
116 self.lambda eq = self.lambda eq.subs(x,val) 

eq ) 

117 def calc partial_derivatives(self, state_vars): 
1113 se1f. cLambda = {] 
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119 for v in state vars: 
120 var sympy.Symbol(v) 
121 self. dlambda [vJ = sympy. dif f (self.lambda_ eq, var) 

1?? def calc_full_derivative(self): 
12 3 self . result_ e q = s ymp y . s ymp if y ( 0 ) 
124 for v, eq in self.dlambda.iteritems (): 
125 var= sympy.Symbol('s '+v) 
126 .se·c-:c.re2t1lt eq != vaY*,cc,q 

127 def get_eqs .st" (se: f): 
return 'dlarrbda =' + str{self.result eq) 

129 def get: sco2"E' function _equations () : 
L:JU str = 'dh = dlambda* (1 - dt*de1 t.a cut/Lambda _bi_q) ' 
L:n ret.1_1'::'n st.r 

FIG. 19B 
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STOCHASTIC SPIKING NETWORK 
LEARNING APPARATUS AND METHODS 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

[0001] This application is related to a co-owned and co­
pending U.S. patent application Ser. No. 13/XXX,XXX 
entitled "STOCHASTIC APPARATUS AND METHODS 
FOR IMPLEMENTING GENERALIZED LEARNING 
RULES", [ attorney docket 021672-0405921, client reference 
BC201202A] filed contemporaneously herewith, co-owned 
U.S. patent application Ser. No. 13/XXX,XXX entitled 
"IMPROVED LEARNING STOCHASTIC APPARATUS 
AND METHODS", [ attorney docket 021672-0407763, client 
reference BC201208A], filed contemporaneously herewith, 
and co-owned U.S. patent application Ser. No. 13/XXX,XXX 
entitled "DYNAMICALLY RECONFIGURABLE STO­
CHASTIC SPIKING NETWORK APPARATUS AND 
METHODS", [attorney docket 021672-0407729, client ref­
erence BC201211A], filed contemporaneously herewith, 
each of the foregoing incorporated herein by reference in its 
entirety. 

COPYRIGHT 

[0002] A portion of the disclosure of this patent document 
contains material that is subject to copyright protection. The 
copyright owner has no objection to the facsimile reproduc­
tion by anyone of the patent document or the patent disclo­
sure, as it appears in the Patent and Trademark Office patent 
files or records, but otherwise reserves all copyright rights 
whatsoever. 

BACKGROUND 

[0003] 1. Field of the Disclosure 
[0004] The present disclosure relates to implementing gen­
eralized learning rules in stochastic spiking neuron systems. 
[0005] 2. Description of Related Art 
[0006] Adaptive signal processing systems are well known 
in the arts of computerized control and information process­
ing. One typical configuration of an adaptive system of prior 
art is shown in FIG. 1. The system 100 may be capable of 
changing or "learning" its internal parameters based on the 
input 102, output 104 signals, and/or an external influence 
106. The system 100 may be commonly described using a 
function 110 that depends (including probabilistic depen­
dence) on the history of inputs and outputs of the system 
and/or on some external signal r that is related to the inputs 
and outputs. The function F(x,y,r) may be referred to as a 
"performance function". The purpose ofadaptation ( or learn­
ing) may be to optimize the input-output transformation 
according to some criteria, where learning is described as 
minimization of an average value of the performance function 
F. 
[0007] Although there are numerous models of adaptive 
systems, these typically implement a specific set of learning 
rules ( e.g., supervised, unsupervised, reinforcement). Super­
vised learning may be the machine learning task of inferring 
a function from supervised (labeled) training data. Reinforce­
ment learning may refer to an area of machine learning con­
cerned with how an agent ought to take actions in an environ­
ment so as to maximize some notion of reward ( e.g., 
immediate or cumulative). Unsupervised learning may refer 
to the problem of trying to find hidden structure in unlabeled 
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data. Because the examples given to the learner are unlabeled, 
there is no external signal to evaluate a potential solution. 
[0008] When the task changes, the learning rules (typically 
effected by adjusting the control parameters w={ w,, w 2 , ... , 

w n}) may need to be modified to suit the new task. Hereinaf­
ter, the boldface variables and symbols with arrow super­
scripts denote vector quantities, unless specified otherwise. 
Complex control applications, such as for example, autono­
mous robot navigation, robotic object manipulation, and/or 
other applications may require simultaneous implementation 
of a broad range of learning tasks. Such tasks may include 
visual recognition of surroundings, motion control, object 
(face) recognition, object manipulation, and/or other tasks. In 
order to handle these tasks simultaneously, existing imple­
mentations may rely on a partitioning approach, where indi­
vidual tasks are implemented using separate controllers, each 
implementing its own learning rule (e.g., supervised, unsu­
pervised, reinforcement). 
[0009] One conventional implementation of a multi-task 
learning controller is illustrated in FIG. lA. The apparatus 
120 comprises several blocks 120, 124, 130, each implement­
ing a set oflearning rules tailored for the particular task ( e.g., 
motor control, visual recognition, object classification and 
manipulation, respectively). Some of the blocks (e.g., the 
signal processing block 130 in FIG. lA) may further com­
prise sub-blocks ( e.g., the blocks 132, 134) targeted at differ­
ent learning tasks. Implementation of the apparatus 120 may 
have several shortcomings stemming from each block having 
a task specific implementation of learning rules. By way of 
example, a recognition task may be implemented using super­
vised learning while object manipulator tasks may comprise 
reinforcement learning. Furthermore, a single task may 
require use of more than one rule ( e.g., signal processing task 
for block 130 in FIG. lA) thereby necessitating use of two 
separate sub-blocks (e.g., blocks 132, 134) each implement­
ing different learning rule ( e.g., unsupervised learning and 
supervised learning, respectively). 
[0010] Artificial neural networks may be used to solve 
some of the described problems. An artificial neural network 
(ANN) may include a mathematical and/or computational 
model inspired by the structure and/or functional aspects of 
biological neural networks. A neural network comprises a 
group of artificial neurons (units) that are interconnected by 
synaptic connections. Typically, an ANN is an adaptive sys­
tem that is configured to change its structure (e.g., the con­
nection configuration and/or neuronal states) based on exter­
nal or internal information that flows through the network 
during the learning phase. 
[0011] A spiking neuronal network (SNN) may be a special 
class of ANN, where neurons communicate by sequences of 
spikes. SNN may offer improved performance over conven­
tional technologies in areas which include machine vision, 
pattern detection and pattern recognition, signal filtering, data 
segmentation, data compression, data mining, system identi­
fication and control, optimization and scheduling, and/or 
complex mapping. Spike generation mechanism may be a 
discontinuous process ( e.g., as illustrated by the input spikes 
sx(t) 220, 222, 224, 226, 228, and output spikes sy(t) 230, 
232, 234 in FIG. 2) and a classical derivative of function 
F(s(t)) with respect to spike trains sx(t), sy(t) is not defined. 
[0012] Even when a neural network is used as the compu­
tational engine for these learning tasks, individual tasks may 
be performed by a separate network partition that implements 
a task-specific set of learning rules (e.g., adaptive control, 
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classification, recogmt10n, prediction rules, and/or other 
rules). Unused portions of individual partitions ( e.g., motor 
control when the robotic device is stationary) may remain 
unavailable to other partitions of the network that may require 
increased processing resources ( e.g., when the stationary 
robot is performing face recognition tasks). Furthermore, 
when the learning tasks change during system operation, such 
partitioning may prevent dynamic retargeting ( e.g., of the 
motor control task to visual recognition task) of the network 
partitions. Such solutions may lead to expensive and/or over­
designed networks, in particular when individual portions are 
designed using the "worst possible case scenario" approach. 
Similarly, partitions designed using a limited resource pool 
configured to handle an average task load may be unable to 
handle infrequently occurring high computational loads that 
are beyond a performance capability of the particular parti­
tion, even when other portions of the networks have spare 
capacity. 

[0013] By way of illustration, consider a mobile robot con­
trolled by a neural network, where the task of the robot is to 
move in an unknown environment and collect certain 
resources by the way of trial and error. This can be formulated 
as reinforcement learning tasks, where the network is sup­
posed to maximize the reward signals (e.g., amount of the 
collected resource). While in general the environment is 
unknown, there may be possible situations when the human 
operator can show to the network desired control signal ( e.g., 
for avoiding obstacles) during the ongoing reinforcement 
learning. This may be formulated as a supervised learning 
task. Some existing learning rules for the supervised learning 
may rely on the gradient of the performance function. The 
gradient for reinforcement learning part may be implemented 
through the use of the adaptive critic; the gradient for super­
vised learning may be implemented by taking a difference 
between the supervisor signal and the actual output of the 
controller. Introduction of the critic may be unnecessary for 
solving reinforcement learning tasks, because direct gradi­
ent-based reinforcement learning may be used instead. Addi­
tional analytic derivation of the learning rules may be needed 
when the loss function between supervised and actual output 
signal is redefined. 

[0014] While different types oflearning may be formalized 
as a minimization of the performance function F, an optimal 
minimization solution often cannot be found analytically, 
particularly when relationships between the system's behav­
ior and the performance function are complex. By way of 
example, nonlinear regression applications generally may not 
have analytical solutions. Likewise, in motor control appli­
cations, it may not be feasible to analytically determine the 
reward arising from external environment of the robot, as the 
reward typically may be dependent on the current motor 
control command and state of the environment. 

[0015] Moreover, analytic determination of a performance 
function F derivative may require additional operations ( often 
performed manually) for individual new formulated tasks that 
are not suitable for dynamic switching and reconfiguration of 
the tasks described before. 

[0016] Some of the existing approaches of taking a deriva­
tive of a performance function without analytic calculations 
may include a "brute force" finite difference estimator of the 
gradient. However, these estimators may be impractical for 
use with large spiking networks comprising many (typically 
in excess of hundreds) parameters. 
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[0017] Derivative-free methods, specifically Score Func­
tion (SF), also known as Likelihood Ratio (LR) method, exist. 
In order to determine a direction of the steepest descent, these 
methods may sample the value ofF(x,y) in different points of 
parameter space according to some probability distribution. 
Instead of calculating the derivative of the performance func­
tion F(x,y), the SR and LR methods utilize a derivative of the 
sampling probability distribution. This process can be con­
sidered as an exploration of the parameter space. 
[0018] Although some adaptive controller implementa­
tions may describe reward-modulated unsupervised learning 
algorithms, these implementations of unsupervised learning 
algorithms may be multiplicatively modulated by reinforce­
ment learning signal and, therefore, may require the presence 
of reinforcement signal for proper operation. 
[0019] Many presently available implementations of sto­
chastic adaptive apparatuses may be incapable oflearning to 
perform unsupervised tasks while being influenced by addi­
tive reinforcement ( and vice versa). Many presently available 
adaptive implementations may be task-specific and imple­
ment one particular learning rule ( e.g., classifier unsuper­
vised learning), and such devices invariably require retarget­
ing ( e.g., reprogramming) in order to implement different 
learning rules. Furthermore, presently available methodolo­
gies may not be capable of implementing generalized learn­
ing, where a combination of different learning rules (e.g., 
reinforcement, supervised and supervised) are used simulta­
neously for the same application (e.g., platform motion sta­
bilization), thereby enabling, for example, faster learning 
convergence, better response to sudden changes, and/or 
improved overall stability, particularly in the presence of 
nmse. 

Stochastic Spiking Neuron Models 

[0020] Where certain elements of these implementations 
can be partially or fully implemented using known compo­
nents, only those portions of such known components that are 
necessary for an understanding of the present disclosure will 
be described, and detailed descriptions of other portions of 
such known components will be omitted so as not to obscure 
the disclosure. 
[0021] Learning rules used with spiking neuron networks 
may be typically expressed in terms of original spike trains 
instead of their secondary features ( e.g., the rate or the latency 
from the last spike). The result is that a spiking neuron oper­
ates on spike train space, transforming a vector of spike trains 
(input spike trains) into single element of that space (output 
train). Dealing with spike trains directly may be a challenging 
task. Not every spike train can be transformed to another 
spike train in a continuous manner. One common approach is 
to describe the task in terms of optimization of some function 
and then use gradient approaches in the parameter space of 
the spiking neuron. However gradient methods on discon­
tinuous spaces such as spike trains space are not well devel­
oped. One approach may involve smoothing the spike trains 
first. Here output spike trains are smoothed with introduction 
of probabilistic measure on a spike trains space. Describing 
the spike pattern from a probabilistic point of view may lead 
to fruitful connections with the huge amount of topics within 
information theory, machine learning, Bayesian inference, 
statistical data analysis etc. This approach makes spiking 
neurons a good candidate to use SF/LR learning methods. 
[0022] One technique frequently used when constructing 
learning rules in a spiking network, comprises application of 
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a random exploration process to a spike generation mecha­
nism of a spiking neuron. This is often implemented by intro­
ducing a noisy threshold: probability of a spike generation 
may depend on the difference between neuron's membrane 
voltage and a threshold value. The usage of probabilistic 
spiking neuron models, in order to obtain gradient of the 
log-likelihood of a spike train with respect to neuron's 
weights, may comprise an extension of Hebbian learning 
framework to spiking neurons. The use of the log-likelihood 
gradient of a spike train may be extended to supervised learn­
ing. In some approaches, information theory framework may 
be applied to spiking neurons, as for example, when deriving 
optimal learning rules for unsupervised learning tasks via 
informational entropy minimization. 
[0023] An application of the OLPOMDM algorithm to the 
solution of the reinforcement learning problems with simpli­
fied spiking neurons has been done. Extending of this algo­
rithm to more plausible neuron model has been done. How­
ever no generalizations of the OLPOMDM algorithm have 
been done in order to use it unsupervised and supervised 
learning in spiking neurons. An application of reinforcement 
learning ideas to supervised learning has been described, 
however only heuristic algorithms without convergence guar­
antees have been used. 
[ 0024] For a neuron, the probability of an output spike train, 
y, to have spikes at times t_f with no spikes at the other times 
on a time interval [O, Tl, given the input spikes, x, may be 
given by the conditional probability density function p(ylx) 
as: 

(Eqn. 1) 

where A(t) represents an instantaneous probability density 
("hazard") of firing. 
[0025] The instantaneous probability density of the neuron 
can depend on neuron's state q(t): A(t)=A(q(t)). For example, 
it can be defined according to its membrane voltage u(t) for 
continuous time chosen as an exponential stochastic thresh­
old: 

(Eqn. 2) 

where u(t) is the membrane voltage of the neuron, 8 is the 
voltage threshold for generating a spike, xis the probabilistic 
parameter, and A0 is the basic (spontaneous) firing rate of the 
neuron. 
[0026] Some approaches utilize sigmoidal stochastic 
threshold, expressed as: 

Ao 
A(t) = 1 - e-K(u(t)-0) 

or an exponential-linear stochastic threshold: 

/c(t)~lc
0 

ln(l +eK(u(,)-B)) 

(Eqn. 3) 

(Eqn. 4) 

where A0, K, 8 are parameters with a similar meaning to the 
parameters in the exponential threshold model Eqn. 2. 
[0027] Models of the stochastic threshold exist comprising 
refractory mechanisms that modulate the instantaneous prob­
ability ~ffiring after the last output spike A( t )=j:_( t )R( t, tzas,°u'), 
where A(t) is the original stochastic threshold function (such 
as exponential or other), and R(tzasi°u'-t) is the dynamic 
refractory coefficient that depends on the time since the last 
output spike tlasi°u'. 
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[0028] For discrete time steps, an approximation for the 
probability A(u(t))E(0,1] offiring in the current time step may 
be given by: 

(Eqn. 5) 

where li.t is time step length. 
[0029] In one dimensional deterministic spiking models, 
such as Integrate-and-Fire (IF), Quadratic Integrate-and-Fire 
(QIF) and others, membrane voltage u(t) is the only one state 
variable (q(t)=u(t)) that is "responsible" for spike generation 
through deterministic threshold mechanism. There also exist 
plenty of more complex multidimensional spiking models. 
For example, a simple spiking model may comprise two state 
variables where only one of them is compared with a thresh­
old value. However, even detailed neuron models may be 
parameterized using a single variable ( e.g., an equivalent of 
"membrane voltage" of biological neuron) and use it with a 
suitable threshold in order to determine the presence of spike. 
Such models are often extended to describe stochastic neu­
rons by replacing deterministic threshold with a stochastic 
threshold. 
[0030] Generalized dynamics equations for spiking neu­
rons models are often expressed as a superposition of input, 
interaction between the input current and the neuronal state 
variables, and neuron reset after the spike as follows: 

d/-

d/
q = V(q) + °\' t R(q)b(t- f'ut) + G(q)I'xt 
t L.....tou 

(Eqn. 6) 

where: q is a vector of internal state variables ( e.g., compris­
ing membrane voltage); Iex' is external input to the neuron; 
F-is the function that defines evolution of the state variables; 
G describes the interaction between the input current and the 
state variables (for example, to model synaptic depletion); 
and R describes resetting the state variables after the output 
spikes at t0 u'. 
[0031] For example, for IF model the state vector and the 
state model may be expressed as: 

(Eqn. 7) 

where C is a membrane constant, and ures is the value to which 
voltage is set after output spike (reset value). Accordingly, 
Eqn. 6 becomes: 

d/u I - =-Cu+ (u - u)b(t- f'ut) + rxt dt refr 

(Eqn. 8) 

put 

[0032] For some simple neuron models, Eqn. 6 may be 
expressed as: 

div °\' 
d/t = 0.04v2 + Sv + 140 - u + L.. (c - v)b(t- f'ut) + rxt 

(Eqn. 9) 

put 

d/u °\' 
d/t = a(bv - u) + d L.. b(t- f'ut) 

tout 

where 

- ( v(t)) ( 0.04v
2

(t) - Sv(t) + 140 - u(t)) 
q= ; V(q)= ; 

u(t) a(bv(t) - u(t)) 

(Eqn. 10) 

( 
C - v(t)) ( 1 ) 

R(q) = d ; G(q) = 0 , 

and a, b, c, dare parameters of the model. 
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[0033] Many presently available implementations of sto­
chastic adaptive apparatuses may be incapable oflearning to 
perform unsupervised tasks while being influenced by addi­
tive reinforcement ( and vice versa). Many presently available 
adaptive implementations may be task-specific and imple­
ment one particular learning rule ( e.g., classifier unsuper­
vised learning), and such devices invariably require retarget­
ing ( e.g., reprogrammed) in order to implement different 
learning rules. 
[0034] Accordingly, there is a salient need for machine 
learning apparatus and methods to implement generalized 
stochastic learning in spiking networks that is configured to 
handle simultaneously any learning rule combination ( e.g., 
reinforcement, supervised, unsupervised, online, batch) and 
is capable of, inter alia, dynamic reconfiguration using the 
same set of network resources. 

SUMMARY 

[0035] The present disclosure satisfies the foregoing needs 
by providing, inter alia, apparatus and methods for imple­
menting generalized probabilistic learning configured to 
handle simultaneously various learning rule combinations. 
[0036] One aspect of the disclosure relates to one or more 
systems and/or computer-implemented methods for effectu­
ating a spiking network stochastic signal processing system 
configured to implement task-specific learning. In one imple­
mentation, the system may comprise a controller apparatus 
configured to generate output control signal y based at least in 
part on input signal x, the controller apparatus characterized 
by a controller state parameter S, and a control parameter w; 
and a learning apparatus configured to: generate an adjust­
ment signal dw based at least in part on the input signal x, the 
controller state parameter S, and the output signal y; and 
provide the adjustment signal dw to the controller apparatus, 
thereby effecting the learning where the control parameter 
may be configured in accordance with the task; and the adjust­
ment signal dw may be configured to modify the control 
parameter based at least in part on the input signal x and the 
output signal y. 
[0037] In some implementations, the output control signal 
y may comprise a spike train configured based at least in part 
the adjustment signal dw; and the learning apparatus may 
comprise a task-specific block, configured independent from 
the controller state parameter, the task-specific block config­
ured to implement the task-specific learning; and a controller­
specific block, configured independent from the task-specific 
learning; and the task-specific learning may be characterized 
by a performance function, the performance function config­
ured to effect at least unsupervised learning rule. 
[0038] In some implementations, the system may further 
comprise a teaching interface operably coupled to the learn­
ing apparatus and configured to provide a teaching signal; the 
teaching signal may comprise a desired controller output 
signal; and the performance function may be further config­
ured to effect a supervised learning rule, based at least in part 
on the desired controller output signal; and the teaching sig­
nal may further comprise a reinforcement spike train associ­
ated with current performance of the controller apparatus 
relative to desired performance; and the performance func­
tion maybe further configured to effect a reinforcement learn­
ing rule, based at least in part on the reinforcement spike train. 
[0039] In some implementations, the current performance 
may be based at least in part on adjustment of the control 
parameter from a prior state wO to current state we; the rein-
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forcement may be positive when the current performance 
may be closer to desired performance of the controller; and 
the reinforcement may be negative when the current perfor­
mance may be farther from the desired performance; and the 
task-specific learning may comprise a hybrid learning rule 
comprising a combination of the reinforcement, the super­
vised and the unsupervised learning rules simultaneous with 
one another. 
[0040] In some implementations, the adjustment signal dw 
may be determined as a product of controller performance 
function F with a gradient of per-stimulus entropy parameter 
h, the gradient may be determined with respect to the control 
parameter w; and per-stimulus entropy parameter h may be 
configured to characterize dependence of the output signal y 
on (i) the input signal x; and (ii) the control parameter w; and 
the per-stimulus entropy parameter may be determined based 
on a natural logarithm of p(ylx,w), where p denotes condi­
tional probability of signal y given signal x with respect to the 
control parameter w. 
[0041] Another aspect of the disclosure relates to one or 
more apparatuses for effectuating learning in a stochastic 
spiking network. In one implementation, a computer readable 
apparatus may comprise a storage medium, the storage 
medium comprising a plurality of instructions to adjust a 
learning parameter associated with a computerized spiking 
neuron configured to produce output spike signal y consistent 
with (i) an input spike signal x, and (ii) a learning task, the 
instructions configured to, when executed construct time 
derivative representation of a trace S of a neuron state, based 
at least in part on the input spike signal x and a state parameter 
q; obtain a realization of the trace S, based at least in part in 
integrating the time derivative representation; and determine 
adjustment dw of the parameter w, based at least in part on the 
trace S; and the adjustment dw may be configured to transi­
tion the neuron state towards a target state, the target state 
associated with the neuron generating the output spike signal 
y. 
[0042] In some implementations, the integrating represen­
tation may be effected via symbolic integration operation, the 
state parameter q may be configured to characterize time 
evolution of the neuron state; the realization of the trace S 
may comprise an analytic solution of the time derivative 
representation; and the construct of the time derivative rep­
resentation enables to attain the integration via symbolic inte­
gration operation. 
[0043] In some implementations, the state parameter q may 
be configured to characterize time evolution of the neuron 
state in accordance with a state evolution process character­
ized by: a response mode and a transition mode, the response 
mode may be associated with generating a neuronal response 
P; state transition term V describing changes of neuronal state 
in the transition mode; state transition term R describing 
changes of state set in the response mode; and state transition 
term G describing changes of state set due to the input x; the 
state parameter q may be configured to characterize neuron 
membrane voltage; and the input may comprise analog signal 
and the state transition term G may be configured to describe 
changes of the voltage due to the analog signal. 
[0044] In some implementations, the state parameter q may 
comprise neuron excitability and, the time derivative repre­
sentation may comprise a sum ofV, R, Geach multiplicatively 
combined with the trace S, state transition term V may com­
prise the trace S multiplicatively combined with a Jacobian 
matrix Jv configured in accordance with the transition mode 
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of the evolution process; state transition term Rmay comprise 
the trace S multiplicatively combined with a Jacobian matrix 
Jr configured in accordance with the response mode of the 
evolution process; and state transition term G may comprise 
the trace S multiplicatively combined with a Jacobian matrix 
Jg configured in accordance with the input x. 
[0045] In some implementations, the input may comprise 
feed-forward input via an interface; and the learning param­
eter may comprise efficacy associated with the interface, the 
interface may comprise synaptic connection and the learning 
parameter may comprise connection weight, the state param­
eter q may be configured to describe time evolution of the 
neuron state in accordance with a state evolution process, 
characterized by evolution process may be characterized by 
an instantaneous probability density distribution IPD of gen­
erating neuronal response P. 
[0046] In one or more implementations, the instructions are 
further configured to, when executed, determine derivative 
dAldw of the IPD, with respect to the learning parameter w, 
based at least in part on the trace S; and obtain an instanta­
neous score function value g, based at least in part on the 
derivative dAldw; and the determine the adjustment dw may 
be based at least in part on the instantaneous score function 
value g, where the determination of the realization of the trace 
S, and the determination of the derivative dAldw, and the 
obtaining of the instantaneous score function value g coop­
erate to produce the adjustment dw such that a next instance 
of the neuron state, associated with an adjusted value w2, 
configured based on the current value wl and the adjustment 
dw, may be closer to the target state. 
[0047] In one or more implementations, computerized 
apparatus may be configured to process input spike train x 
using hybrid learning rule, the apparatus comprising stochas­
tic learning block configured to produce learning signal based 
at least in part on the input spike x and training signal r, the 
hybrid learning rule may be configured to simultaneously 
effect reinforcement learning rule and unsupervised learning 
rule. 
[0048] In some implementations, the stochastic learning 
block may be operable according to a stochastic process 
characterized by a current state and a desired state, the pro­
cess being described by at least a state variable configured to 
transition the learning block from current state to the desired 
state, the training signal r may comprise a reinforcement 
spiking indicator associated with current performance rela­
tive to desired performance of the apparatus, the current per­
formance corresponding to the current state and the desired 
performance corresponding to the desired state, the current 
performance may be effected, at least partly, by transition 
from a prior state to the current state, the reinforcement learn­
ing may be configured based at least in part on the reinforce­
ment spiking indicator so that it provides: positive reinforce­
ment when a distance measure between the current state and 
the desired state may be smaller compared to the distance 
measure between the prior state and the desired state; and 
negative reinforcement when the distance measure between 
the current state and the desired state may be greater com­
pared to the distance measure between the prior state and the 
desired state. 
[0049] In some implementations, the training signal r fur­
ther may comprise desired output spike train yd, current per­
formance may be effected, at least partly, by transition from 
prior state to the current state; and the reinforcement learning 
may be configured based at least in part on the reinforcement 
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spiking indicator so that: positive reinforcement when the 
current performance may be closer to the desired perfor­
mance, and the reinforcement may be negative when the 
current performance may be farther from the desired perfor­
mance. 
[0050] In some implementations, the stochastic learning 
block may be operable according to stochastic process char­
acterized by current state and desired state, the process being 
described by at least state variable configured to transition the 
learning block from current state to the desired state; the 
hybrid learning rule may be characterized by a hybrid perfor­
mance function F comprising a simultaneous combination of 
reinforcement learning performance function Fre and super­
vised learning performance function Fsu; and the simulta­
neous combination may be effectuated by at least in part on a 
value of the hybrid performance function F determined at a 
time step t, the value comprising reinforcement performance 
function Fre value and supervised learning performance 
function Fsu value. 
[0051] These and other objects, features, and characteris­
tics of the present disclosure, as well as the methods of opera­
tion and functions of the related elements of structure and the 
combination of parts and economies of manufacture, will 
become more apparent upon consideration of the following 
description and the appended claims with reference to the 
accompanying drawings, all of which form a part of this 
specification, wherein like reference numerals designate cor­
responding parts in the various figures. It is to be expressly 
understood, however, that the drawings are for the purpose of 
illustration and description only and are not intended as a 
definition of the limits of the disclosure. As used in the speci­
fication and in the claims, the singular form of"a", "an", and 
"the" include plural referents unless the context clearly dic­
tates otherwise. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0052] FIG. 1 is a block diagram illustrating a typical archi­
tecture of an adaptive system according to prior art. 
[0053] FIG. lA is a block diagram illustrating multi-task 
learning controller apparatus according to prior art. 
[0054] FIG. 2 is a graphical illustration of typical input and 
output spike trains according to prior art. 
[0055] FIG. 3 is a block diagram illustrating generalized 
learning apparatus, in accordance with one or more imple­
mentations. 
[0056] FIG. 4 is a block diagram illustrating learning block 
apparatus of FIG. 3, in accordance with one or more imple­
mentations. 
[0057] FIG. 4A is a block diagram illustrating exemplary 
implementations of performance determination block of the 
learning block apparatus of FIG. 4, in accordance with the 
disclosure. 
[0058] FIG. 5 is a block diagram illustrating generalized 
learning apparatus, in accordance with one or more imple­
mentations. 
[0059] FIG. SA is a block diagram illustrating generalized 
learning block configured for implementing different learn­
ing rules, in accordance with one or more implementations. 
[0060] FIG. 58 is a block diagram illustrating generalized 
learning block configured for implementing different learn­
ing rules, in accordance with one or more implementations. 
[0061] FIG. 6A is a block diagram illustrating a spiking 
neural network, comprising three dynamically configured 
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part1t10ns, configured to effectuate generalized learning 
block of FIG. 4, in accordance with one or more implemen­
tations. 
[0062] FIG. 6B is a block diagram illustrating a spiking 
neural network, comprising two dynamically configured par­
titions, adapted to effectuate generalized learning, in accor­
dance with one or more implementations. 
[0063] FIG. 7 is a block diagram illustrating spiking neural 
network configured to effectuate multiple learning rules, in 
accordance with one or more implementations. 
[0064] FIG. SA is a logical flow diagram illustrating gen­
eralized learning method for use with the apparatus of FIG. 
SA, in accordance with one or more implementations. 
[0065] FIG. 8B is a logical flow diagram illustrating 
dynamic reconfiguration method for use with the apparatus of 
FIG. SA, in accordance with one or more implementations. 
[0066] FIG. 9A is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7 prior to 
learning, in accordance with one or more implementations, 
where data in the panels from top to bottom comprise: (i) 
input spike pattern; (ii) output activity of the network before 
learning; (iii) supervisor spike pattern; (iv) positive reinforce­
ment spike pattern; and ( v) negative reinforcement spike pat­
tern. 
[0067] FIG. 9B is a plot presenting simulations data illus­
trating supervised learning operation of the neural network of 
FIG. 7, in accordance with one or more implementations, 
where data in the panels from top to bottom comprise: (i) 
input spike pattern; (ii) output activity of the network before 
learning; (iii) supervisor spike pattern; (iv) positive reinforce­
ment spike pattern; and ( v) negative reinforcement spike pat­
tern. 
[0068] FIG. 9C is a plot presenting simulations data illus­
trating reinforcement learning operation of the neural net­
work of FIG. 7, in accordance with one or more implemen­
tations, where data in the panels from top to bottom comprise: 
(i) input spike pattern; (ii) output activity of the network after 
learning; (iii) supervisor spike pattern; (iv) positive reinforce­
ment spike pattern; and ( v) negative reinforcement spike pat­
tern. 
[0069] FIG. 9D is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
reinforcement learning aided with small portion of supervisor 
spikes, in accordance with one or more implementations, 
where data in the panels from top to bottom comprise: (i) 
input spike pattern; (ii) output activity of the network after 
learning; (iii) supervisor spike pattern; (iv) positive reinforce­
ment spike pattern; and ( v) negative reinforcement spike pat­
tern. 

[0070] FIG. 9E is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
an equal mix of reinforcement and supervised learning sig­
nals, in accordance with one or more implementations, where 
data in the panels from top to bottom comprise: (i) input spike 
pattern; (ii) output activity of the network after learning; (iii) 
supervisor spike pattern; (iv) positive reinforcement spike 
pattern; and (v) negative reinforcement spike pattern. 

[0071] FIG. 9F is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
supervised learning augmented with a 50% fraction of rein­
forcement spikes, in accordance with one or more implemen­
tations, where data in the panels from top to bottom comprise: 
(i) input spike pattern; (ii) output activity of the network after 
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learning; (iii) supervisor spike pattern; (iv) positive reinforce­
ment spike pattern; and ( v) negative reinforcement spike pat­
tern. 
[0072] FIG. l0A is a plot presenting simulations data illus­
trating supervised learning operation of the neural network of 
FIG. 7, in accordance with one or more implementations, 
where data in the panels from top to bottom comprise: (i) 
input spike pattern; (ii) output activity of the network before 
learning; (iii) supervisor spike pattern. 
[0073] FIG. 10B is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
supervised learning augmented by a small amount of unsu­
pervised learning, modeled as 15% fraction of randomly dis­
tributed (Poisson) spikes, in accordance with one or more 
implementations, where data in the panels from top to bottom 
comprise: (i) input spike pattern; (ii) output activity of the 
network after learning, (iii) supervisor spike pattern. 
[0074] FIG. l0C is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
supervised learning augmented by a substantial amount of 
unsupervised learning, modeled as 80% fraction of Poisson 
spikes, in accordance with one or more implementations, 
where data in the panels from top to bottom comprise: (i) 
input spike pattern; (ii) output activity of the network after 
learning, (iii) supervisor spike pattern. 
[0075] FIG. 11 is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
supervised learning and reinforcement learning, augmented 
by a small amount of unsupervised learning, modeled as 15% 
fraction of Poisson spikes, in accordance with one or more 
implementations, where data in the panels from top to bottom 
comprise: (i) input spike pattern; (ii) output activity of the 
network after learning, (iii) supervisor spike pattern; (iv) 
positive reinforcement spike pattern; and (v) negative rein­
forcement spike pattern. 
[0076] FIG. 12 is a plot presenting simulations data illus­
trating supervised learning operation of the spiking neural 
network of FIG. 7. Data in the panels from top to bottom 
comprise: (i) input spike pattern; (ii) output activity of the 
network after learning; (iii) supervisor spike pattern. 
[0077] FIG. 13 is a plot presenting simulations data illus­
trating predictive supervised learning operation of the spiking 
neural network of FIG. 7. Data in the panels from top to 
bottom comprise: (i) input spike pattern; (ii) output activity of 
the network after learning; (iii) supervisor spike pattern. 
[0078] FIG. 14 is a plot presenting simulations data illus­
trating reciprocal supervised learning operation of the spiking 
neural network of FIG. 7. Data in the panels from top to 
bottom comprise: (i) input spike pattern; (ii) output activity of 
the network after learning; (iii) supervisor spike pattern. 
[0079] FIG. 15A is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
unsupervised learning. Data in the panels from top to bottom 
comprise: (i) input spike pattern; (ii) output activity of the 
network after learning; (iii) evolution of weights during learn­
ing. 
[0080] FIG. 15B is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
unsupervised learning via Kullback-Liebler divergence mini­
mization. Data in the top panels represents the average per­
formance, while data in the bottom panel shows evolution of 
weights during learning. 
[0081] FIG. 15C is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
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unsupervised learning via Kullback-Liebler divergence mini­
mization. Data in the top panels represents the input spike 
pattern; while data in the bottom panel shows network output 
after learning. 
[0082] FIG. 16 is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
reinforcement learning. Data in the top panel illustrate mean 
distance <d> between the actual position of anAUV y(t) and 
the desired positionoftheAUV yd(t); while data in the bottom 
panel present variance of the distanced. 
[0083] FIG. 17 A is a plot presenting simulations data illus­
trating operation of the neural network of FIG. 7, comprising 
reinforcement learning. Data in the panels from top to bottom 
comprise: (i) input spike pattern; (ii) output activity of the 
network at time interval corresponding to the epoch 250 of 
FIG. 17B, (iii) reward spike pattern. 
[0084] FIG. 17B is a plot presenting simulations data illus­
trating averaged performance (top) and evolution of weights 
(bottom) of the spiking neural network of FIG. 7, comprising 
reinforcement learning configured in accordance with one or 
more implementations. 
[0085] FIG. 18 is a logical flow diagram illustrating auto­
matic computation of eligibility traces in a spiking neural 
network, in accordance with one or more implementations. 
[0086] FIG. 19 is a program listing illustrating textual 
description of spiking neuron dynamics and stochastic prop­
erties configured for processing by Matlab® symbolic com­
putation engine in order to automatically generate score func­
tion, in accordance with one or more implementations. 
[0087] All Figures disclosed herein are© Copyright 2012 
Brain Corporation. All rights reserved. 

DETAILED DESCRIPTION 

[0088] Exemplary implementations of the present disclo­
sure will now be described in detail with reference to the 
drawings, which are provided as illustrative examples so as to 
enable those skilled in the art to practice the disclosure. Nota­
bly, the figures and examples below are not meant to limit the 
scope of the present disclosure to a single implementation, 
but other implementations are possible by way of interchange 
of or combination with some or all of the described or illus­
trated elements. Wherever convenient, the same reference 
numbers will be used throughout the drawings to refer to 
same or similar parts. 
[0089] Where certain elements of these implementations 
can be partially or fully implemented using known compo­
nents, only those portions of such known components that are 
necessary for an understanding of the present disclosure will 
be described, and detailed descriptions of other portions of 
such known components will be omitted so as not to obscure 
the disclosure. 
[0090] In the present specification, an implementation 
showing a singular component should not be considered lim­
iting; rather, the disclosure is intended to encompass other 
implementations including a plurality of the same compo­
nent, and vice-versa, unless explicitly stated otherwise 
herein. 
[0091] Further, the present disclosure encompasses present 
and future known equivalents to the components referred to 
herein by way of illustration. 
[0092] As used herein, the term "bus" is meant generally to 
denote all types of interconnection or communication archi­
tecture that is used to access the synaptic and neuron memory. 
The "bus" may be optical, wireless, infrared, and/or another 
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type of communication medium. The exact topology of the 
bus could be for example standard "bus", hierarchical bus, 
network-on-chip, address-event-representation (AER) con­
nection, and/or other type of communication topology used 
for accessing, e.g., different memories in pulse-based system. 

[0093] As used herein, the terms "computer", "computing 
device", and "computerized device "may include one or more 
of personal computers (PCs) and/or minicomputers (e.g., 
desktop, laptop, and/or other PCs), mainframe computers, 
workstations, servers, personal digital assistants (PDAs), 
handheld computers, embedded computers, programmable 
logic devices, personal communicators, tablet computers, 
portable navigation aids, J2ME equipped devices, cellular 
telephones, smart phones, personal integrated communica­
tion and/or entertainment devices, and/or any other device 
capable of executing a set of instructions and processing an 
incoming data signal. 

[0094] As used herein, the term "computer program" or 
"software" may include any sequence of human and/or 
machine cognizable steps which perform a function. Such 
program may be rendered in a programming language and/or 
environment including one or more of CIC++, C#, Fortran, 
COBOL, MATLAB™, PASCAL, Python, assembly lan­
guage, markup languages ( e.g., HTML, SGML, XML, 
VoXML), object-oriented environments (e.g., Common 
Object Request Broker Architecture (CORBA)), Java™ ( e.g., 
J2ME, Java Beans), Binary Runtime Environment (e.g., 
BREW), and/or other programming languages and/or envi­
ronments. 

[0095] As used herein, the terms "connection", "link", 
"transmission channel", "delay line", "wireless" may include 
a causal link between any two or more entities (whether 
physical or logical/virtual), which may enable information 
exchange between the entities. 

[0096] As used herein, the term "memory" may include an 
integrated circuit and/or other storage device adapted for 
storing digital data. By way of non-limiting example, 
memory may include one or more of ROM, PROM, 
EEPROM, DRAM, Mobile DRAM, SDRAM, DDR/2 
SDRAM, EDO/FPMS, RLDRAM, SRAM, "flash" memory 
(e.g., NAND/NOR), memristor memory, PSRAM, and/or 
other types of memory. 

[0097] As used herein, the terms "integrated circuit", 
"chip", and "IC" are meant to refer to an electronic circuit 
manufactured by the patterned diffusion of trace elements 
into the surface of a thin substrate of semiconductor material. 
By way of non-limiting example, integrated circuits may 
include field programmable gate arrays ( e.g., FPGAs ), a pro­
grammable logic device (PLD), reconfigurable computer fab­
rics (RCFs), application-specific integrated circuits (ASICs), 
and/or other types of integrated circuits. 

[0098] As used herein, the terms "microprocessor" and 
"digital processor" are meant generally to include digital 
processing devices. By way of non-limiting example, digital 
processing devices may include one or more of digital signal 
processors (DSPs ), reduced instruction set computers 
(RISC), general-purpose (CISC) processors, microproces­
sors, gate arrays ( e.g., field programmable gate arrays (FP­
GAs )), PLDs, reconfigurable computer fabrics (RCFs ), array 
processors, secure microprocessors, application-specific 
integrated circuits (ASICs), and/or other digital processing 
devices. Such digital processors may be contained on a single 
unitary IC die, or distributed across multiple components. 
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[0099] As used herein, the term "network interface" refers 
to any signal, data, and/or software interface with a compo­
nent, network, and/or process. By way of non-limiting 
example, a network interface may include one or more of 
FireWire (e.g., FW400, FW800, etc.), USB (e.g., USB2), 
Ethernet (e.g., 10/100, 10/100/1000 (Gigabit Ethernet), 
10-Gig-E, etc.), MoCA, Coaxsys (e.g., TVnet™), radio fre­
quency tuner (e.g., in-band or OOB, cable modem, etc.), 
Wi-Fi (802.11), WiMAX (802.16), PAN (e.g., 802.15), cel­
lular (e.g., 3G, LTE/LTE-A/TD-LTE, GSM, etc.), IrDA fami­
lies, and/or other network interfaces. 
[0100] As used herein, the terms "node", "neuron", and 
"neuronal node" are meant to refer, without limitation, to a 
network unit ( e.g., a spiking neuron and a set of synapses 
configured to provide input signals to the neuron) having 
parameters that are subject to adaptation in accordance with a 
model. 
[0101] As used herein, the terms "state" and "node state" is 
meant generally to denote a full ( or partial) set of dynamic 
variables used to describe node state. 
[0102] As used herein, the term "synaptic channel", "con­
nection", "link", "transmission channel", "delay line", and 
"communications channel" include a link between any two or 
more entities (whether physical (wired or wireless), or logi­
cal/virtual) which enables information exchange between the 
entities, and may be characterized by a one or more variables 
affecting the information exchange. 
[0103] As used herein, the term "Wi-Fi" includes one or 
more of IEEE-Std. 802.11, variants of IEEE-Std. 802.11, 
standards related to IEEE-Std. 802.11 (e.g., 802.1 la/b/g/n/s/ 
v), and/or other wireless standards. 
[0104] As used herein, the term "wireless" means any wire­
less signal, data, communication, and/or other wireless inter­
face. By way of non-limiting example, a wireless interface 
may include one or more of Wi-Fi, Bluetooth, 3G (3GPP/ 
3GPP2), HSDPA/HSUPA, TDMA, CDMA (e.g., IS-95A, 
WCDMA, etc.), FHSS, DSSS, GSM, PAN/802.15, WiMAX 
(802.16), 802.20, narrowband/FDMA, OFDM, PCS/DCS, 
LTE/LTE-A/TD-LTE, analog cellular, CDPD, satellite sys­
tems, millimeter wave or microwave systems, acoustic, infra­
red (i.e., IrDA), and/or other wireless interfaces. 

Overview 

[0105] The present disclosure provides, among other 
things, a computerized apparatus and methods for imple­
menting generalized learning rules given multiple cost mea­
sures. In one implementation of the disclosure, adaptive spik­
ing neuron network signal processing system may flexibly 
combine different learning rules (e.g., supervised, unsuper­
vised, reinforcement learning, and/or other learning rules) 
with different methods ( e.g., online, batch, and/or other learn­
ing methods). The generalized learning apparatus of the dis­
closure may employ, in some implementations, modular 
architecture where learning tasks are separated from control 
tasks, so that changes in one of the blocks do not necessitate 
changes within the other block. By separating implementa­
tion of learning tasks from the control tasks, the framework 
may further allow dynamic reconfiguration of the learning 
block in response to a task change or learning method change 
in real time. The generalized learning apparatus may be 
capable of implementing several learning rules concurrently 
based on the desired control task and without requiring users 
to explicitly identify the required learning rule composition 
for that application. 
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[0106] The generalized learning framework described 
herein advantageously provides for learning implementations 
that do not affect regular operation of the signal system ( e.g., 
processing of data). Hence, a need for a separate learning 
stage may be obviated so that learning may be turned off and 
on again when appropriate. 
[0107] One or more generalized learning methodologies 
described herein may enable different parts of the same net­
work to implement different adaptive tasks. The end user of 
the adaptive device may be enabled to partition network into 
different parts, connect these parts appropriately, and assign 
cost functions to each task (e.g., selecting them from pre­
defined set of rules or implementing a custom rule). A user 
may not be required to understand detailed implementation of 
the adaptive system ( e.g., plasticity rules, neuronal dynamics, 
etc.) nor is he required to be able to derive the performance 
function and determine its gradient for each learning task. 
Instead, a user may be able to operate generalized learning 
apparatus of the disclosure by assigning task functions and 
connectivity map to each partition. 

Generalized Learning Apparatus 

[0108] Detailed descriptions of various implementations of 
apparatuses and methods of the disclosure are now provided. 
Although certain aspects of the disclosure may be understood 
in the context of robotic adaptive control system comprising 
a spiking neural network, the disclosure is not so limited. 
Implementations of the disclosure may also be used for 
implementing a variety of learning systems, such as, for 
example, signal prediction ( e.g., supervised learning), 
finance applications, data clustering ( e.g., unsupervised 
learning), inventory control, data mining, and/or other appli­
cations that do not require performance function derivative 
computations. 
[0109] Implementations of the disclosure may be, for 
example, deployed in a hardware and/or software implemen­
tation of a neuromorphic computer system. In some imple­
mentations, a robotic system may include a processor embod­
ied in an application specific integrated circuit, which can be 
adapted or configured for use in an embedded application 
( e.g., a prosthetic device). 
[0110] FIG. 3 illustrates one exemplary learning apparatus 
useful to the disclosure. The apparatus 300 shown in FIG. 3 
comprises the control block 310, which may include a spiking 
neural network configured to control a robotic arm and may 
be parameterized by the weights of connections between 
artificial neurons, and learning block 320, which may imple­
ment learning and/or calculating the changes in the connec­
tion weights. The control block 310 may receive an input 
signal x, and may generate an output signal y. The output 
signal y may include motor control commands configured to 
move a robotic arm along a desired trajectory. The control 
block 310 may be characterized by a system model compris­
ing system internal state variables S. An internal state variable 
S may include a membrane voltage of the neuron, conduc­
tance of the membrane, and/or other variables. The control 
block 310 may be characterized by learning parameters w, 
which may include synaptic weights of the connections, firing 
threshold, resting potential of the neuron, and/or other param­
eters. In one or more implementations, the parameters w may 
comprise probabilities of signal transmission between the 
units (e.g., neurons) of the network. 
[0111] The input signal x(t) may comprise data used for 
solving a particular control task. In one or more implemen-
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tations, such as those involving a robotic arm or autonomous 
robot, the signal x(t) may comprise a stream of raw sensor 
data (e.g., proximity, inertial, terrain imaging, and/or other 
raw sensor data) and/or preprocessed data (e.g., velocity, 
extracted from accelerometers, distance to obstacle, posi­
tions, and/or other preprocessed data). In some implementa­
tions, such as those involving object recognition, the signal 
x(t) may comprise an array of pixel values (e.g., RGB, 
CMYK, HSY, HSL, grayscale, and/or other pixel values) in 
the input image, or preprocessed data ( e.g., levels of activa­
tions of Gabor filters for face recognition, contours, and/or 
other preprocessed data). In one or more implementations, 
the input signal x(t) may comprise desired motion trajectory, 
for example, in order to predict future state of the robot on the 
basis of current state and desired motion. 

[0112] The control block 310 of FIG. 3 may comprise a 
probabilistic dynamic system, which may be characterized by 
an analytical input-output (x-y) probabilistic relationship 
having a conditional probability distribution associated there­
with: 

P=p(ylx,w) (Eqn.11) 

In Eqn. 11, the parameter w may denote various system 
parameters including connection efficacy, firing threshold, 
resting potential of the neuron, and/or other parameters. The 
analytical relationship ofEqn. 1 may be selected such that the 
gradient ofln [p(ylx,w)] with respect to the system parameter 
w exists and can be calculated. The framework shown in FIG. 
3 may be configured to estimate rules for changing the system 
parameters (e.g., learning rules) so that the performance func­
tion F(x,y,r) is minimized for the current set of inputs and 
outputs and system dynamics S. 

[0113] In some implementations, the control performance 
function may be configured to reflect the properties of inputs 
and outputs (x,y). The values F(x,y,r) may be calculated 
directly by the learning block 320 without relying on external 
signal r when providing solution of unsupervised learning 
tasks. 

[0114] In some implementations, the value of the function 
F may be calculated based on a difference between the output 
y of the control block 310 and a reference signal yd charac­
terizing the desired control block output. This configuration 
may provide solutions for supervised learning tasks, as 
described in detail below. 

[0115] In some implementations, the value of the perfor­
mance function F may be determined based on the external 
signal r. This configuration may provide solutions for rein­
forcement learning tasks, where r represents reward and pun­
ishment signals from the environment. 

Learning Block 

[0116] The learning block 320 may implement learning 
framework according to the implementation of FIG. 3 that 
enables generalized learning methods without relying on cal­
culations of the performance function F derivative in order to 
solve unsupervised, supervised, reinforcement, and/or other 
learning tasks. The block 320 may receive the input x and 
output y signals ( denoted by the arrow 302_1, 308_1, respec­
tively, in FIG. 3), as well as the state information 305. In some 
implementations, such as those involving supervised and 
reinforcement learning, external teaching signal r may be 
provided to the block 320 as indicated by the arrow 304 in 
FIG. 3. The teaching signal may comprise, in some imple-
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mentations, the desired motion trajectory, and/or reward and 
punishment signals from the external environment. 
[0117] In one or more implementations the learning block 
320 may optimize performance of the control system ( e.g., 
the system 300 of FIG. 3) that is characterized by minimiza­
tion of the average value of the performance function F(x,y,r) 
as described in detail in co-owned and co-pending U.S. patent 
application Ser. No. 13/XXX,XXX entitled "STOCHASTIC 
APPARATUS AND METHODS FOR IMPLEMENTING 
GENERALIZED LEARNING RULES", incorporated supra. 
The above-referenced application describes, in one or more 

implementations, minimizing the average performance ( F 

) x,y,r using, for example, gradient descend algorithms where 

a (Eqn. 12) 
8w; (F(x, y, r))x.v = 

where: 

-ln(p(ylx, w)) = h(ylx, w) (Eqn. 13) 

is the per-stimulus entropy of the system response ( or 'sur­
prisal'). The probability of the external signal p(rlx,y) may be 
characteristic of the external environment and may not 
change due to adaptation. That property may allow omission 
of averaging over external signals r in subsequent consider­
ation of learning rules. 
[0118] As illustrated in FIG. 3, the learning block may have 
access to the system's inputs and outputs, and/or system 
internal state S. In some implementations, the learning block 
may be provided with additional inputs 304 (e.g., reinforce­
ment signals, desired output, and/or current costs of control 
movements, etc.) that are related to the current task of the 
control block. 
[0119] The learning block may estimate changes of the 
system parameters w that minimize the performance function 
F, and may provide the parameter adjustment information ti. w 
to the control block 310, as indicated by the arrow 306 in FIG. 
3. In some implementations, the learning block may be con­
figured to modify the learning parameters w of the controller 
block. In one or more implementations (not shown), the learn­
ing block may be configured to communicate parameters w 
( as depicted by the arrow 3 06 in FIG. 3) for further use by the 
controller block 310, or to another entity (not shown). 
[0120] By separating learning related tasks into a separate 
block (e.g., the block 320 in FIG. 3) from control tasks, the 
architecture shown in FIG. 3 may provide flexibility of apply­
ing different ( or modifying) learning algorithms without 
requiring modifications in the control block model. In other 
words, the methodology illustrated in FIG. 3 may enable 
implementation of the learning process in such a way that 
regular functionality of the control aspects of the system 300 
is not affected. For example, learning may be turned off and 
on again as required with the control block functionality 
being unaffected. 
[0121] The detailed structure of the learning block 420 is 
shown and described with respect to FIG. 4. The learning 
block 420 may comprise one or more of gradient determina­
tion (GD) block 422, performance determination (PD) block 
424 and parameter adaptation block (PA) 426, and/or other 
components. The implementation shown in FIG. 4 may 
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decompose the learning process of the block 420 into two 
parts. A task-dependent/system independent part (i.e., the 
block 420) may implement a performance determination 
aspect of learning that is dependent only on the specified 
learning task (e.g., supervised). Implementation of the PD 
block 424 may not depend on particulars of the control block 
(e.g., block 310 in FIG. 3) such as, for example, neural net­
work composition, neuron operating dynamics, and/or other 
particulars). The second part of the learning block 420, com­
prised of the blocks 422 and 426 in FIG. 4, may implement 
task-independent/system dependent aspects of the learning 
block operation. The implementation of the GD block 422 
and PA block 426 may be the same for individual learning 
rules (e.g., supervised and/or unsupervised). The GD block 
implementation may further comprises particulars of gradient 
determination and parameter adaptation that are specific to 
the controller system 310 architecture (e.g., neural network 
composition, neuron operating dynamics, and/or plasticity 
rules). The architecture shown in FIG. 4 may allow users to 
modify task-specific and/or system-specific portions inde­
pendently from one another, thereby enabling flexible control 
of the system performance. An advantage of the framework 
may be that the learning can be implemented in a way that 
does not affect the normal protocol of the functioning of the 
system ( except of changing the parameters w ). For example, 
there may be no need in a separate learning stage and learning 
may be turned off and on again when appropriate. 

Gradient Determination Block 

[0122] The GD block may be configured to determine the 
score function g by, inter alia, computing derivatives of the 
logarithm of the conditional probability with respect to the 
parameters that are subjected to change during learning based 
on the current inputs x, outputs y, and state variables S, 
denoted by the arrows 402, 408, 410, respectively, in FIG. 4. 
The GD block may produce an estimate of the score function 
g, denoted by the arrow 418 in FIG. 4 that is independent of 
the particular learning task, ( e.g., reinforcement, unsuper­
vised, and/or supervised earning). In some implementations, 
where the learning model comprises multiple parameters w,, 
the score function g may be represented as a vector g, com­
prising scores g, associated with individual parameter com­
ponents w,. 

[0123] Implementation ofthis block may be non-trivial for 
the complex adaptive systems, such as spiking neural net­
works. However, using the framework described herein, this 
implementation may need to be changed only once and then 
used without changing for different learning tasks, as 
described in detail below. 

[0124] In order to apply SF/LR methods for spiking neu­
rons, a score function 

ah(ylx) 
gi = ~ 

may be calculated for individual spiking neurons parameters 
to be changed. If spiking patterns are viewed on finite interval 
length T as an input x and output y of the neuron, then the 
score function may take the following form: 

10 
Dec. 5, 2013 

(Eqn. 14) 

where time moments t, belong to neuron's output pattern Yr 
(neuron generates spike at these time moments). 
[0125] If an output of the neuron at each time moment is 
considered ( e.g., whether there is an output spike or not), then 
an instantaneous value of the score function may be calcu­
lated that is a time derivative of the interval score function: 

g; = ah(y(t)lx) = aA(t)[l - °\' b(t-t1)J 
aw; aw; L. A(t) ,, 

(Eqn. 15) 

where t1 is times of output spikes and o(t) is a delta function. 
[0126] For discrete time the score function for spiking pat­
tern on interval T may be calculated as: 

(Eqn. 16) 

where t1Ey r denotes time steps when neuron generated a 
spike. 
[0127] Instantaneous value of the score function in discrete 
time may equal: 

ah&, aA ( I 1-A(t) ) g; = - = - 1- --bd(t-t1) 
aw; aw; t A(t) 

(Eqn. 17) 

where tz is the times of output spikes and od I (t) is the Kronecker 

delta. 

[0128] In order to calculate the score function, 

may be calculated, which is a derivative of the instantaneous 
probability density with respect to a learning parameter w, of 
the i-th neuron. Without loss of generality, two cases oflearn­
ing are considered below: input weights learning (synaptic 
plasticity) and stochastic threshold tuning (intrinsic plastic­
ity). A derivative of other less common parameters of the 
neuron model (e.g., membrane, synaptic dynamic, and/or 
other constants) may be calculated. 
[0129] The neuron may receive n input spiking channels. 
External current to the neuron Iex' in the neuron's dynamic 
equation may be modeled Eqn. 6 as a sum of filtered and 
weighted input spikes from all input channels: 

n 

rx, = I I w,.s(t - () 
(Eqn. 18) 

i tjEx1 

where: i is the index of the input channel; x' is the stream of 
input spikes on the i-th channel; t/ is the times of input spikes 
in thei-thchannel; w, is the weight ofthei-thchannel; andE(t) 
is a generic function that models post-synaptic currents from 
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input spikes. In some implementations, the post-synaptic cur­
rent function may be configured as: E(t)=O(t), E(t)=e-'1''H(t), 
where o(t) is a delta function, H(t) is a Heaviside function, and 
-cs is a synaptic time constant. 
[0130] A derivative of instantaneous probability density 
with respect to the i-th channel's weight may be taken using 
chain rule: 

(Eqn. 19) 

is a vector of derivatives of instantaneous probability density 
with respect to the state variable; and 

(Eqn. 20) 

is the gradient of the neuron internal state with respect to the 
i th weight ( also referred to as the i-th state eligibility trace). In 
order to determine the state eligibility trace of Eqn. 20 for 
generalized neuronal model, such as, for example, described 
by equations Eqn. 6 and Eqn. 18, derivative with respect to the 
learning weight w, may be determined as: 

(Eqn. 21) 

[0131] The order in which the derivatives in the left side of 
the equations are taken may be changed, and then the chain 
rule may be used to obtain the following equations (argu­
ments of evolution functions are omitted): 

d!S;(t) , 
-----;fr = (Jv(q) + lc@· I'x) ·S; + 

(Eqn. 22) 

°\' h@·S;·b(t-f'"')+G(q)°\' .. 1o(t-
L....,. L......t1·EXJ 
tout J 

Where J p, JR' JG are Jacobian matrices of the respective evo­
lution functions V, R, G. 
[0132] As an example, evaluating Jacobean matrices IF 
neuron may produce: 

(Eqn. 23) 

so Eqn. 22 for the i-th state eligibility trace may take the 
following form: 

(Eqn. 24) 

where uw denotes derivative of the state variable (e.g., volt­
age) with respect to the i-th weight. 
[0133] A solution of Eqn. 24 may represent post-synaptic 
potential for the i-th unit and may be determined as a sum of 
all received input spikes at the unit ( e.g., a neuron), where the 
unit is reset to zero after each output spike: 

(Eqn. 25) 

where a(t) is the post-synaptic potential (PSP) from the j th 

input spike. 

11 
Dec. 5, 2013 

[0134] Applying the framework of Eqn. 22-Eqn. 25 to a 
previously described neuronal (hereinafter IZ neuronal), the 
Jacobian matrices of the respective evolution functions F, R, 
G may be expressed as: 

( 
0.08v(t) + 5 -al )·, 

iv= ab 
(Eqn. 26) 

The IZ neuronal model may further be characterized using 
two first-order nonlinear differential equations describing 
time evolution of synaptic weights associated with each input 
interface (e.g., pre-synaptic connection) of a neuron, in the 
following form: 

(Eqn. 27) 

When using the exponential stochastic threshold configured 
as: 

(Eqn. 28) 

then the derivative of the IPD for IZ neuronal neuron 
becomes: 

(Eqn. 29) 

[0135] Ifwe use the exponential stochastic threshold Eqn. 
2, the final expression for the derivative of instantaneous 
probability 

8,l(t) 

aw 

for IF neuron becomes: 

(Eqn. 30) 

Combining Eqn. 30 with Eqn. 15 and Eqn. 17 we obtain score 
function values for the stochastic Integrate-and-Fire neuron 
in continuous time-space as: 

(Eqn. 31) 

and in discrete time: 

[0136] In one or more implementations, the gradient deter­
mination block may be configured to determine the score 
function g based on particular inputs into the neuron( s ), neu­
ron outputs, and internal neuron state, according, for example 
with Eqn. 15. Furthermore, in some implementations, using 
the methodology described herein and providing description 
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of neurons dynamics and stochastic properties in textual 
form, as shownanddescribedindetail with respect to FIG.19 
below, advantageously allows the use of analytical mathemat­
ics computer aided design (CAD) tools in order to automati­
cally obtain score function, such as for example Eqn. 32. 

Performance Determination Block 

[0137] The PD block may be configured to determine the 
performance function F based on the current inputs x, outputs 
y, and/or training signal r, denoted by the arrow 404 in FIG. 4. 
In some implementations, the external signal r may comprise 
the reinforcement signal in the reinforcement learning task. In 
some implementations, the external signal r may comprise 
reference signal in the supervised learning task. In some 
implementations, the external signal r comprises the desired 
output, current costs of control movements, and/or other 
information related to the current task of the control block 
(e.g., block 310 in FIG. 3). Depending on the specific learning 
task (e.g., reinforcement, unsupervised, or supervised) some 
of the parameters x, y, r may not be required by the PD block 
illustrated by the dashed arrows 402_1, 408_1, 404_1, 
respectively, in FIG. 4A The learning apparatus configuration 
depicted in FIG. 4 may decouple the PD block from the 
controller state model so that the output of the PD block 
depends on the learning task and is independent of the current 
internal state of the control block. 

Generalized Performance Determination 

[0138] In some implementations the PD block may trans­
mit the external signal r to the learning block ( as illustrated by 
the arrow 404_1) so that: 

(Eqn. 33) 

where signal r provides reward and/or punishment signals 
from the external environment. By way of illustration, a 
mobile robot, controlled by spiking neural network, may be 
configured to collect resources (e.g., clean up trash) while 
avoiding obstacles ( e.g., furniture, walls). In this example, the 
signal r may comprise a positive indication (e.g., representing 
a reward) at the moment when the robot acquires the resource 
( e.g., picks up a piece of rubbish) and a negative indication 
( e.g., representing a punishment) when the robot collides with 
an obstacle (e.g., wall). Upon receiving the reinforcement 
signal r, the spiking neural network of the robot controller 
may change its parameters ( e.g., neuron connection weights) 
in order to maximize the function F (e.g., maximize the 
reward and minimize the punishment). 

[0139] In some implementations, the PD block may deter­
mine the performance function by comparing current system 
output with the desired output using a predetermined measure 
(e.g., a distanced): 

(Eqn. 34) 

where y is the output of the control block ( e.g., the block 310 
in FIG. 3) and r=yd is the external reference signal indicating 
the desired output that is expected from the control block. In 
some implementations, the external reference signal r may 
depend on the input x into the control block. In some imple­
mentations, the control apparatus (e.g., the apparatus 300 of 
FIG. 3) may comprise a spiking neural network configured 
for pattern classification. A human expert may present to the 
network an exemplary sensory pattern x and the desired out­
put yd that describes the input pattern x class. The network 
may change (e.g., adapt) its parameters w to achieve the 
desired response on the presented pairs of input x and desired 
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response yd. After learning, the network may classify new 
input stimuli based on one or more past experiences. 
[0140] In some implementations, such as when character­
izing a control block utilizing analog output signals, the dis­
tance function may be determined using the squared error 
estimate as follows: 

(Eqn. 35) 

[0141] In some implementations, such as those applicable 
to control blocks using spiking output signals, the distance 
measure may be determined using the squared error of the 
convolved signals y, yd as follows: 

F~[(y*a)-(1"*13)]2 , (Eqn. 36) 

where a, ~ are finite impulse response kernels. In some imple­
mentations, the distance measure may utilize the mutual 
information between the output signal and the reference sig­
nal. 
[0142] In some implementations, the PD may determine 
the performance function by comparing one or more particu­
lar characteristic of the output signal with the desired value of 
this characteristic: 

(Eqn. 37) 

where f is a function configured to extract the characteristic 
(or characteristics) of interest from the output signal y. By 
way of example, useful with spiking output signals, the char­
acteristic may correspond to a firing rate of spikes and the 
function f (y) may determine the mean firing from the output. 
In some implementations, the desired characteristic value 
may be provided through the external signal as 

(Eqn. 38) 

In some implementations, the fd(y) may be calculated inter­
nally by the PD block. 
[0143] In some implementations, the PD block may deter­
mine the performance function by calculating the instanta­
neous mutual information i between inputs and outputs of the 
control block as follows: 

F~i(x,y)~-!n(p(y))+!n(p(ylx), (Eqn. 39) 

where p(y) is an unconditioned probability of the current 
output. It is noteworthy that the average value of the instan­
taneous mutual information may equal the mutual informa­
tion I(x,y). This performance function may be used to imple­
ment ICA (unsupervised learning). 
[0144] In some implementations, the PD block may deter­
mines the performance function by calculating the uncondi­
tional instantaneous entropy h of the output of the control 
block as follows: 

(Eqn. 40) 

where p(y) is an unconditioned probability of the current 
output. It is noteworthy that the average value of the instan­
taneous unconditional entropy may equal the unconditional 
H(x,y). This performance function may be used to reduce 
variability in the output of the system for adaptive filtering. 
[0145] In some implementations, the PD block may deter­
mine the performance function by calculating the instanta­
neous Kullback-Leibler divergence dKL between the output 
probability distribution p(ylx) of the control block and some 
desired probability distribution 8(ylx) as follows: 

F~dKL(x,y)~!n(p(ylx))-!n(0(ylx)). (Eqn.41) 

It is noteworthy that the average value of the instantaneous 
Kulback-Leibler divergence may equal the dKL(p, 8). The 
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performance function ofEqn. 41 may be applied in unsuper­
vised learning tasks in order to restrict a possible output of the 
system. For example, if8(y) is a Poisson distribution of spikes 
with some firing rate R, then minimization of this perfor­
mance function may force the neuron to have the same firing 
rate R. 
[0146] In some implementations, the PD block may deter­
mine the performance function for the sparse coding. The 
sparse coding task may be an unsupervised learning task 
where the adaptive system may discover hidden components 
in the data that describes data the best with a constraint that 
the structure of the hidden components should be sparse: 

F=llx-A(y, w)ll2 +IIYll2 , (Eqn. 42) 

where the first term quantifies how close the data x can be 
described by the current output y, whereA(y,w) is a function 
that describes how to decode an original data from the output. 
The second term may calculate a norm of the output and may 
imply restrictions on the output sparseness. 
[ 014 7] A learning framework of the present innovation may 
enable generation of learning rules for a system, which may 
be configured to solve several completely different tasks­
types simultaneously. For example, the system may learn to 
control an actuator while trying to extract independent com­
ponents from movement trajectories of this actuator. The 
combination of tasks may be done as a linear combination of 
the performance functions for each particular problem: 

(Eqn. 43) 

where: F 1 , F 2 , ... , F n are performance function values for 
different tasks, and C is a combination function. 
[0148] In some implementations, the combined cost func­
tion C may comprise a weighted linear combination of indi­
vidual cost functions corresponding to individual learning 
tasks: 

(Eqn. 44) 

where ak are combination weights. 
[0149] It is recognized by those killed in the arts that linear 
cost function combination described by 44 illustrates one 
particular implementation of the disclosure and other imple­
mentations (e.g., a nonlinear combination) may be used as 
well. 
[0150] In some implementations, the PD block may be 
configured to calculate the baseline of the performance func­
tion values ( e.g., as a running average) and subtract it from the 
instantaneous value of the performance function in order to 
increase learning speed of learning. The output of the PD 
block may comprise a difference between the current value 

F(ttur of the performance function and its time average ( F): 

F(t)=F(trr -( F). (Eqn. 45) 

In some implementations, the time average of the perfor­
mance function may comprise an interval average, where 
learning occurs over a predetermined interval. A current value 
of the cost function may be determined at individual steps 
within the interval and may be averaged over all steps. In 
some implementations, the time average of the performance 
function may comprise a running average, where the current 
value of the cost function may be low-pass filtered according 
to: 

d/F(t) 
~ = -rF(t) + F(t)'"r, 

(Eqn. 46) 

thereby producing a running average output. 
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[0151] Referring now to FIG. 4A different implementa­
tions of the performance determination block ( e.g., the block 
424 of FIG. 4) are shown. The PD block implementation 
denoted 434, may be configured to simultaneously imple­
ment reinforcement, supervised and unsupervised (RSU) 
learning rules; and/or receive the input signal x(t) 412, the 
output signal y(t) 418, and/or the learning signal 436. The 
learning signal 436 may comprise the reinforcement compo­
nent r( t) and the desired output ( teaching) component yd( t ). In 
one or more implementations, the output performance func­
tion F _RSU 438 of the RSUPD block may be determined in 
accordance with Eqn. 69 described below. 
[0152] The PD blocks 444, 445, may implement the rein­
forcement (R) learning rule. The output 448 of the block 444 
maybe determined based on the output signal y(t) 418 and the 
reinforcement signal r(t) 446. In one or more implementa­
tions, the output 448 of the RSUPD block may be determined 
in accordance with Eqn. 38. The performance function output 
449 of the block 445 may be determined based on the input 
signal x(t), the output signal y(t), and/or the reinforcement 
signal r(t). 
[0153] The PD block implementation denoted 454, may be 
configured to implement supervised (S) learning rules to gen­
erate performance function F _S 458 that is dependent on the 
output signal y(t) value 418 and the teaching signal yd(t) 456. 
In one or more implementations, the output 458 of the PD 454 
block may be determined in accordance with Eqn. 34-Eqn. 
37. 
[0154] The output performance function 468 of the PD 
block 464 implementing unsupervised learning may be a 
function of the input x(t) 412 and the output y(t) 418. In one 
or more implementations, the output 468 may be determined 
in accordance with Eqn. 39-Eqn. 42. 
[0155] The PD block implementation denoted 474 may be 
configured to simultaneously implement reinforcement and 
supervised (RS) learning rules. The PD block 474 may not 
require the input signal x(t), and may receive the output signal 
y(t) 418 and the teaching signals r(t), yd(t) 476. In one or more 
implementations, the output performance function F _RS 478 
of the PD block 474 may be determined in accordance with 
Eqn. 43, where the combination coefficient for the unsuper­
vised learning is set to zero. By way of example, in some 
implementations reinforcement learning task may be to 
acquire resources by the mobile robot, where the reinforce­
ment component r(t) provides information about acquired 
resources (reward signal) from the external environment, 
while at the same time a human expert shows the robot what 
should be desired output signal yd(t) to optimally avoid 
obstacles. By setting a higher coefficient to the supervised 
part of the performance function, the robot may be trained to 
try to acquire the resources if it does not contradict with 
human expert signal for avoiding obstacles. 
[0156] The PD block implementation denoted 475 may be 
configured to simultaneously implement reinforcement and 
supervised (RS) learning rules. The PD block 475 output may 
be determined based the output signal 418, the learning sig­
nals 476, comprising the reinforcement component r(t) and 
the desired output (teaching) component yd(t) and on the 
input signal 412, that determines the context for switching 
between supervised and reinforcement task functions. By 
way of example, in some implementations, reinforcement 
learning task may be used to acquire resources by the mobile 
robot, where the reinforcement component r(t) provides 
information about acquired resources (reward signal) from 
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the external environment, while at the same time a human 
expert shows the robot what should be desired output signal 
yd(t) to optimally avoid obstacles. By recognizing obstacles, 
avoidance context on the basis of some clues in the input 
signal, the performance signal may be switched between 
supervised and reinforcement. That may allow the robot to be 
trained to try to acquire the resources if it does not contradict 
with human expert signal for avoiding obstacles. In one or 
more implementations, the output performance function 479 
of the PD 475 block may be determined in accordance with 
Eqn. 43, where the combination coefficient for the unsuper­
vised learning is set to zero. 

[0157] The PD block implementation denoted 484 may be 
configured to simultaneously implement reinforcement, and 
unsupervised (RU) learning rules. The output 488 of the block 
484 may be determined based on the input and output signals 
412,418, in one or more implementations, in accordance with 
Eqn. 43. By way of example, in some implementations of 
sparse coding (unsupervised learning), the task of the adap­
tive system on the robot may be not only to extract sparse 
hidden components from the input signal, but to pay more 
attention to the components that are behaviorally important 
for the robot (that provides more reinforcement after they can 
be used). 

[0158] The PD block implementation denoted 494, which 
may be configured to simultaneously implement supervised 
and unsupervised (SU) learning rules, may receive the input 
signal x(t) 412, the output signal y(t) 418, and/or the teaching 
signal yd(t) 436. In one or more implementations, the output 
performance function F _SU 438 of the SU PD block may be 
determined in accordance with Eqn. 68 described below. 

[0159] By the way of example, the stochastic learning sys­
tem (that is associated with the PD block implementation 
494) may be configured to learn to implement unsupervised 
data categorization ( e.g., using sparse coding performance 
function), while simultaneously receiving external signal that 
is related to the correct category of particular input signals. In 
one or more implementations such reward signal may be 
provided by a human expert. 

Performance Determination for Spiking Neurons 

[0160] In one or more implementations of reinforcement 
learning, the PD block (e.g., the block 424 of FIG. 4) may 
generate the performance signal based on analog and/or spik­
ing reward signal r (e.g., the signal 404 of FIG. 4). In one 
implementation, the performance signal F (e.g., the signal 
428 of FIG. 4) may comprise the reward signal r(t), transmit­
ted to the PA block (e.g., the block 426 of FIG. 4) by the PD 
block. 

[0161] In one or more implementations related to analog 
reward signal, in order to reduce computational load on the 
PA block related to application of weight changes, the PD 
block may transform the analog reward r(t) into spike form. 

[0162] In one or more implementations of supervised learn­
ing, the current performance F may be determined based on 
the output of the neuron and the external reference signal 
(e.g., the desired output yd(t)). For example, a distance mea­
sure may be calculated using a low-pass filtered version of the 
desired yd(t) and actual y(t) outputs. In some implementa­
tions, a running distance between the filtered spike trains may 
be determined according to 
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F(x(t), y(t))= 

(l~y(s)a(r-s)a!r- l~yd(s)b(r-s)a!rr where: y(t) = 

Io(r-tf"'J, yd(rJ = Io(r-

(Eqn. 47) 

with y(t) and yd (t) being the actual and desired output spike 
trains; o(t) is the Dirac delta function; t,0 u', t/ are the output 
and desired spike times, respectively; and a(t), b(t) are posi­
tive finite-response kernels. In some implementations, the 
kernel a(t) may comprise an exponential trace: a(t)=e- th;

a. 

[0163] In some implementations of supervised learning, 
spiking neuronal network may be configured to learns to 
minimize a Kullback-Leibler distance between the actual and 
desired output: 

F(x(t),y(t))~DKL(y(t)llr(t)). (Eqn. 48) 

[0164] In some implementations, ifr(t) is a Poisson spike 
train with a fixed firing rate, the DKL learning may enable 
stabilization of the neuronal firing rate. 
[0165] In some implementations of supervised learning, for 
example in "information bottleneck", part of the performance 
optimization may comprise maximization of the mutual 
information between the actual output y(t) and some refer­
ence signal r(t). For a given input and output, the performance 
function may be expressed as: 

F(x(t),y(t))~J(y(t),r(t)). (Eqn. 49) 

[0166] In one or more implementations of unsupervised 
learning, the cost function may be obtained by a minimization 
of the conditional informational entropy of the output spiking 
pattern: 

F(x,y)~H(ylx) (Eqn. 50) 

so as to provide a more stable neuron output y for a given input 
X. 

Parameter Changing Block 

[0167] The parameter changing PA block (the block 426 in 
FIG. 4) may determine changes of the control block param­
eters 11w, according to a predetermined learning algorithm, 
based on the performance function F and the gradient g it 
receives from the PD block 424 and the GD block 422, as 
indicated by the arrows marked 428, 430, respectively, in 
FIG. 4. Particular implementation of the learning algorithm 
within the block 426 may depend on the type of the learning 
task ( e.g., online or batch learning) used by the learning block 
320 of FIG. 3. 
[0168] Several exemplary implementations of PA learning 
algorithms applicable with spiking control signals are 
described below. In some implementations, the PA learning 
algorithms may comprise a multiplicative online learning 
rule, where control parameter changes are determined as fol­
lows: 

(Eqn. 51) 

where y is the learning rate configured to determine speed of 
learning adaptation. The learning method implementation 
according to (Eqn. 51) may be advantageous in applications 
where the performance function F(t) depends on the current 
values of the inputs x, outputs y, and/or signal r. 
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[0169] In some implementations, the control parameter 
adjustment /1w may be determined using an accumulation of 
the score function gradient and the performance function 
values, and applying the changes at a predetermined time 
instance ( corresponding to, e.g., the end of the learning 
epoch): 

• r ~ . ~ •. llw(t) = N 2 · U F(t- tilt)· f., g(t- tilt), 
i=O i-0 

(Eqn. 52) 

where: Tis a finite interval over which the summation occurs; 
N is the number of steps; and /1t is the time step determined as 
TIN. 
The summation interval T in Eqn. 5 2 may be configured based 
on the specific requirements of the control application. By 
way of illustration, in a control application where a robotic 
arm is configured to reaching for an object, the interval may 
correspond to a time from the start position of the arm to the 
reaching point and, in some implementations, may be about 1 
s-50 s. In a speech recognition application, the time interval T 
may match the time required to pronounce the word being 
recognized (typically less than 1 s-2 s). In some implemen­
tations of spiking neuronal networks, /1t may be configured in 
range between 1 ms and 20 ms, corresponding to 50 steps 
(N=50) in one second interval. 
[0170] The method of Eqn. 52 may be computationally 
expensive and may not provide timely updates. Hence, it may 
be referred to as the non-local in time due to the summation 
over the interval T. However, it may lead to unbiased estima­
tion of the gradient of the performance function. 
[0171] In some implementations, the control parameter 
adjustment 11w, may be determined by calculating the traces 
of the score function e,(t) for individual parameters w,. In 
some implementations, the traces may be computed using a 
convolution with an exponential kernel ~ as follows: 

(Eqn. 53) 

where ~ is the decay coefficient. In some implementations, 
the traces may be determined using differential equations: 

di ➔ ➔ ➔ 
dte(t) = -re(t) + g(t). 

The control parameter w may then be adjusted as: 

"i::(thF(t)--; (t), 

(Eqn. 54) 

(Eqn. 55) 

where y is the learning rate. The method ofEqn. 53-Eqn. 55 
may be appropriate when a performance function depends on 
current and past values of the inputs and outputs and may be 
referred to as the OLPOMDP algorithm. While it may be local 
in time and computationally simple, it may lead to biased 
estimate of the performance function. By way of illustration, 
the methodology described by Eqn. 53-Eqn. 55 may be used, 
in some implementations, in a rescue robotic device config­
ured to locate resources ( e.g., survivors, or unexploded ordi­
nance) in a building. The input x may correspond to the robot 
current position in the building. The reward r ( e.g., the suc­
cessful location events) may depend on the history of inputs 
and on the history of actions taken by the agent ( e.g., left/right 
turns, up/down movement, etc.). 
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[0172] In some implementations, the control parameter 
adjustment /1w determined using methodologies of the Eqns. 
16, 1 7, 19 may be further modified using, in one variant, 
gradient with momentum according to: 

ll ,;, (t)⇒ µLl. ,;, (t-M)+ll ,;, (t), (Eqn. 56) 

where µ is the momentum coefficient. In some implementa­
tions, the sign of gradient may be used to perform learning 
adjustments as follows: 

llw;(t) 
llw;(t) ⇒ lllw;(tJI. 

(Eqn. 57) 

In some implementations, gradient descend methodology 
may be used for learning coefficient adaptation. 
[0173] In some implementations, the gradient signal g, 
determined by the PD block 422 of FIG. 4, may be subse­
quently modified according to another gradient algorithm, as 
described in detail below. In some implementations, these 
modifications may comprise determining natural gradient, as 
follows: 

r (' '7\-1 (' ) llw = g · g I · g · F , 
x,y x,y 

(Eqn. 58) 

where (!fgr)x,y is the Fisher information metric matrix. 
Applying the following transformation to Eqn. 21: 

(Eqn. 59) 

[017 4] natural gradient from linear regression task may be 
obtained as follows: 

(Eqn. 60) 

_,. _,. 
[0175] where G=[g/, ... , g/] is a matrix comprising n 

samples of the score function g, fI'=[F 0 , ••• , F nl is the a vector 
of performance function samples, and n is a number of 
samples that should be equal or greater of the number of the 
parameters w,. While the methodology of Eqn. 58-Eqn. 60 
may be computationally expensive, it may help dealing with 
'plateau' -like landscapes of the performance function. 

Signal Processing Apparatus 

[0176] In one or more implementations, the generalized 
learning framework described supra may enable implement­
ing signal processing blocks with tunable parameters w. 
Using the learning block framework that provides analytical 
description of individual types of signal processing block 
may enable it to automatically calculate the appropriate score 
function 

for individual parameters of the block. Using the learning 
architecture described in FIG. 3, a generalized implementa-
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tion of the learning block may enable automatic changes of 
learning parameters w by individual blocks based on high 
level information about the subtask for each block. A signal 
processing system comprising one or more of such general­
ized learning blocks may be capable of solving different 
learning tasks useful in a variety of applications without 
substantial intervention of the user. In some implementations, 
such generalized learning blocks may be configured to imple­
ment generalized learning framework described above with 
respect to FIGS. 3-4A and delivered to users. In developing 
complex signal processing systems, the user may connect 
different blocks, and/or specify a performance function and/ 
or a learning algorithm for individual blocks. This may be 
done, for example, with the special graphical user interface 
(GUI), which may allow blocks to be connected using a 
mouse or other input peripheral by clicking on individual 
blocks and using defaults or choosing the performance func­
tion and a learning algorithm from a predefined list. Users 
may not need to re-create a learning adaptation framework 
and may rely on the adaptive properties of the generalized 
learning blocks that adapt to the particular learning task. 
When the user desires to add a new type of block into the 
system, he may need to describe it in a way suitable to auto­
matically calculate a score functions for individual param­
eters. 

[0177] FIG. 5 illustrates one exemplary implementation of 
a robotic apparatus 500 comprising adaptive controller appa­
ratus 512. In some implementations, the adaptive controller 
520 may be configured similar to the apparatus 300 of FIG. 3 
and may comprise generalized learning block ( e.g., the block 
420), configured, for example according to the framework 
described above with respect to FIG. 4, supra, is shown and 
described. The robotic apparatus 500 may comprise the plant 
514, corresponding, for example, to a sensor block and a 
motor block (not shown). The plant 514 may provide sensory 
input 502, which may include a stream of raw sensor data 
(e.g., proximity, inertial, terrain imaging, and/or other raw 
sensor data) and/or preprocessed data (e.g., velocity, 
extracted from accelerometers, distance to obstacle, posi­
tions, and/or other preprocessed data) to the controller appa­
ratus 520. The learning block of the controller 520 may be 
configured to implement reinforcement learning, according 
to, in some implementations Eqn. 38, based on the sensor 
input 502 and reinforcement signal 504 (e.g., obstacle colli­
sion signal from robot bumpers, distance from robotic arm 
endpoint to the desired position), and may provide motor 
commands 506 to the plant. The learning block of the adap­
tive controller apparatus ( e.g., the apparatus 520 of FIG. 5) 
may perform learning parameter (e.g., weight) adaptation 
using reinforcement learning approach without having any 
prior information about the model of the controlled plant 
(e.g., the plant 514 of FIG. 5). The reinforcement signal r(t) 
may inform the adaptive controller that the previous behavior 
led to "desired" or "undesired" results, corresponding to posi­
tive and negative reinforcements, respectively. While the 
plant 514 must be controllable ( e.g., via the motor commands 
in FIG. 5) and the control system may be required to have 
access to appropriate sensory information (e.g., the data 502 
in FIG. 5), detailed knowledge of motor actuator dynamics or 
of structure and significance of sensory signals may not be 
required to be known by the controller apparatus 520. 

[0178] It will be appreciated by those skilled in the arts that 
the reinforcement learning configuration of the generalized 
learning controller apparatus 520 of FIG. 5 is used to illustrate 
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one exemplary implementation of the disclosure and myriad 
other configurations may be used with the generalized learn­
ing framework described herein. By way of example, the 
adaptive controller 520 of FIG. 5 may be configured for: (i) 
unsupervised learning for performing target recognition, as 
illustrated by the adaptive controller 520_3 of FIG. SA, 
receiving sensory input and output signals (x,y) 522_3; (ii) 
supervised learning for performing data regression, as illus­
trated by the adaptive controller 520_3 receiving output sig­
nal 522_1 and teaching signal 504_1 of FIG. SA; and/or (iii) 
simultaneous supervised and unsupervised learning for per­
forming platform stabilization, as illustrated by the adaptive 
controller520_2 ofFIG. SA, receiving input 522_2 and learn­
ing 504_2 signals. 
[0179] FIGS. SB-SC illustrate dynamic tasking by a user of 
the adaptive controller apparatus (e.g., the apparatus 320 of 
FIG. 3Aor520 of FIG. 5, described supra) in accordance with 
one or more implementations. 
[0180] A user of the adaptive controller 520_ 4 of FIG. SB 
may utilize a user interface (textual, graphics, touch screen, 
etc.) in order to configure the task composition of the adaptive 
controller 520_ 4, as illustrated by the example ofFIG. SB. By 
way of illustration, at one instance for one application the 
adaptive controller 520_ 4 of FIG. SB may be configured to 
perform the following tasks: (i) task 550_1 comprising sen­
sory compressing via unsupervised learning; (ii) task 550_2 
comprising reward signal prediction by a critic block via 
supervised learning; and (ii) task 550_3 comprising imple­
mentation of optimal action by an actor block via reinforce­
ment learning. The user may specify that task 550_1 may 
receive external input {X} 542, comprising, for example raw 
audio or video stream, output 546 of the task 550_1 may be 
routed to each of tasks 550_2, 550_3, output 547 of the task 
550_2 may be routed to the task 550_3; and the external 
signal {r} (544) may be provided to each of tasks 550_2, 
550 _3, via pathways 544_1, 544_2, respectively as illustrated 
in FIG. SB. In the implementation illustrated in FIG. SB, the 
external signal {r} maybe configured as {r}={yd(t), r(t)}, the 
pathway 544_1 may carry the desired output yd(t), while the 
pathway 544_2 may carry the reinforcement signal r(t). 
[0181] Once the user specifies the learning type(s) associ­
ated with each task (unsupervised, supervised and reinforce­
ment, respectively) the controller 520_ 4 of FIG. SB may 
automatically configure the respective performance func­
tions, without further user intervention. By way of illustra­
tion, performance function Fu of the task 550 _1 may be deter­
mined based on (i) 'sparse coding'; and/or (ii) maximization 
of information. Performance function F s of the task 550 _2 
may be determined based on minimizing distance between 
the actual output 547 (prediction pr) d(r, pr) and the external 
reward signal r 544_1. Performance function Fr of the task 
550_3 may be determined based on maximizing the differ­
ence F=r-pr. In some implementations, the end user may 
select performance functions from a predefined set and/or the 
user may implement a custom task. 
[0182] At another instance in a different application, illus­
trated in FIG. SC, the controller 520_ 4 may be configured to 
perform a different set of task: (i) the task 550_1, described 
above with respect to FIG. SB; and task 552_ 4, comprising 
pattern classification via supervised learning. As shown in 
FIG. SC, the output of task 550_1 may be provided as the 
input 566 to the task 550_ 4. 
[0183] Similarly to the implementation of FIG. SB, once 
the user specifies the learning type( s) associated with each 
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task (unsupervised and supervised, respectively) the control­
ler 520_ 4 ofFIG. SC may automatically configure the respec­
tive performance functions, without further user intervention. 
By way of illustration, the performance function correspond­
ing to the task 550 _ 4 may be configured to minimize distance 
between the actual task output 568 ( e.g., a class {Y} to which 
a sensory pattern belongs) and human expert supervised sig­
nal 564 (the correct class yd). 
[0184] Generalized learning methodology described herein 
may enable the learning apparatus 520_ 4 to implement dif­
ferent adaptive tasks, by, for example, executing different 
instances of the generalized learning method, individual ones 
configured in accordance with the particular task ( e.g., tasks 
550_1, 550_2, 550_3, in FIG. SB, and 550_ 4, 550_5 in FIG. 
SC). The user of the apparatus may not be required to know 
implementation details of the adaptive controller ( e.g., spe­
cific performance function selection, and/or gradient deter­
mination). Instead, the user may 'task' the system in terms of 
task functions and connectivity. 

Partitioned Network Apparatus 

[0185] FIGS. 6A-6B illustrate exemplary implementations 
of reconfigurable partitioned neural network apparatus com­
prising generalized learning framework, described above. 
The network 600 of FIG. 6A may comprise several partitions 
610, 620, 630, comprising one or more of nodes 602 receiving 
inputs 612 {X} via connections 604, and providing outputs 
via connections 608. 
[0186] In one or more implementations, the nodes 602 of 
the network 600 may comprise spiking neurons ( e.g., the 
neurons 730 of FIG. 9, described below), the connections 
604, 608 may be configured to carry spiking input into neu­
rons, and spiking output from the neurons, respectively. The 
neurons 602 may be configured to generate responses (as 
described in, for example, U.S. patent application Ser. No. 
13/152,105 filed on Jun. 2, 2011, and entitled "APPARATUS 
AND METHODS FOR TEMPORALLY PROXIMATE 
OBJECT RECOGNITION", incorporated by reference 
herein in its entirety) which may be propagated via feed­
forward connections 608. 
[0187] In some implementations, the network 600 may 
comprise artificial neurons, such as for example, spiking neu­
rons described by U.S. patent application Ser. No. 13/152,105 
filed on Jun. 2, 2011, and entitled "APPARATUS AND 
METHODS FOR TEMPORALLY PROXIMATE OBJECT 
RECOGNITION", incorporated supra, artificial neurons 
with sigmoidal activation function, binary neurons (percep­
tron), radial basis function units, and/or fuzzy logic networks. 
[0188] Different partitions of the network 600 may be con­
figured, in some implementations, to perform specialized 
functionality. By way of example, the partition 610 may adapt 
raw sensory input of a robotic apparatus to internal format of 
the network ( e.g., convert analog signal representation to 
spiking) using for example, methodology described in U.S. 
patent application Ser. No. 13/314,066, filed Dec. 7, 2001, 
entitled "NEURAL NETWORK APPARATUS AND 
METHODS FOR SIGNAL CONVERSION", incorporated 
herein by reference in its entirety. The output {Yl} of the 
partition 610 may be forwarded to other partitions, for 
example, partitions 620, 630, as illustrated by the broken line 
arrows 618, 618_1 in FIG. 6A. The partition 620 may imple­
ment visual object recognition learning that may require 
training input signal y~(t) 616, such as for example an object 
template and/or a class designation (friend/foe). The output 
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{Y2}) of the partition 620 may be forwarded to another 
partition ( e.g., partition 630) as illustrated by the dashed line 
arrow 628 in FIG. 6A. The partition 630 may implement 
motor control commands required for the robotic arm to reach 
and grasp the identified object, or motor commands config­
ured to move robot or camera to a new location, which may 
require reinforcement signal r(t) 614. The partition 630 may 
generate the output {Y} 638 of the network 600 implement­
ing adaptive controller apparatus ( e.g., the apparatus 520 of 
FIG. 5). The homogeneous configuration of the network 600, 
illustrated in FIG. 6A, may enable a single network compris­
ing several generalized nodes of the same type to implement 
different learning tasks ( e.g., reinforcement and supervised) 
simultaneously. 
[0189] In one or more implementations, the input 612 may 
comprise input from one or more sensor sources ( e.g., optical 
input {Xopt} and audio input {Xaud}) with each modality 
data being routed to the appropriate network partition, for 
example, to partitions 610, 630 of FIG. 6A, respectively. 
[0190] The homogeneous nature of the network 600 may 
enable dynamic reconfiguration of the network during its 
operation. FIG. 6B illustrates one exemplary implementation 
of network reconfiguration in accordance with the disclosure. 
The network 640 may comprise partition 650, which may be 
configured to perform unsupervised learning task, and parti­
tion 660, which may be configured to implement supervised 
and reinforcement learning simultaneously. The network 
configuration of FIG. 6B may be used to perform signal 
separation tasks by the partition 650 and signal classification 
tasks by the partition 660. The partition 650 may be operated 
according to unsupervised learning rule and may generate 
output {Y3} denoted by the arrow 658 in FIG. 6B. The 
partition 660 may be operated according to a combined rein­
forcement and supervised rule, may receive supervised and 
reinforcement input 656, and/or may generate the output 
{Y4} 668. 
[0191] The dynamic network learning reconfiguration 
illustrated in FIGS. 6A-6B may be used, for example, in an 
autonomous robotic apparatus performing exploration tasks 
( e.g., a pipeline inspection autonomous underwater vehicle 
(AUV), or space rover, explosive detection, and/or mine 
exploration). When certain functionality of the robot is not 
required (e.g., the arm manipulation function) the available 
network resources (i.e., the nodes 602) may be reassigned to 
perform different tasks. Such reuse of network resources may 
be traded for (i) smaller network processing apparatus, hav­
ing lower cost, size and consuming less power, as compared 
to a fixed pre-determined configuration; and/or (ii) increased 
processing capability for the same network capacity. 
[0192] As is appreciated by those skilled in the arts, the 
reconfiguration methodology described supra may comprise 
a static reconfiguration, where particular node populations 
are designated in advance for specific partitions (tasks); a 
dynamic reconfiguration, where node partitions are deter­
mined adaptively based on the input information received by 
the network and network state; and/or a semi-static reconfigu­
ration, where static partitions are assigned predetermined 
life-span. 

Spiking Network Apparatus 

[0193] Referring now to FIG. 7, one implementation of 
spiking network apparatus for effectuating the generalized 
learning framework of the disclosure is shown and described 
in detail. The network 700 may comprise at least one stochas-
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tic spiking neuron 730, operable according to, for example, a 
Spike Response Model, and configured to receive n-dimen­
sional input spiking stream X(t) 702 via n-input connections 
714. In some implementations, the n-dimensional spike 
stream may correspond ton-input synaptic connections into 
the neuron. As shown in FIG. 7, individual input connections 
may be characterized by a connection parameter 712 w iJ that 
is configured to be adjusted during learning. In one or more 
implementation, the connection parameter may comprise 
connection efficacy ( e.g., weight). In some implementations, 
the parameter 712 may comprise synaptic delay. In some 
implementations, the parameter 712 may comprise probabili­
ties of synaptic transmission. 

[0194] The following signal notation may be used in 
describing operation of the network 700, below: 

y(t)= I b(t-t;) 
; 

denotes the output spike pattern, corresponding to the output 
signal 708 produced by the control block 710 ofFIG. 3, where 
t, denotes the times of the output spikes generated by the 
neuron; 

yd(t) = I b(t-tf) 
t; 

denotes the teaching spike pattern, corresponding to the 
desired ( or reference) signal that is part of external signal 404 
of FIG. 4, where t/ denotes the times when the spikes of the 
reference signal are received by the neuron; 

y+(t) = I b(t-t;); 
t; 

denotes the reinforcement signal spike stream, corresponding 
to signal 304 of FIG. 3. and external signal 404 of FIG. 4, 
where t,+, t,- denote the spike times associated with positive 
and negative reinforcement, respectively. 

[0195] In some implementations, the neuron 730 may be 
configured to receive training inputs, comprising the desired 
output (reference signal) yd(t) via the connection 704. In 
some implementations, the neuron 730 may be configured to 
receive positive and negative reinforcement signals via the 
connection 704. 

[0196] The neuron 730 may be configured to implement the 
control block 710 (that performs functionality of the control 
block 310 of FIG. 3) and the learning block 720 (that per­
forms functionality of the control block 320 of FIG. 3, 
described supra.) The block 710 may be configured to receive 
input spike trains X(t), as indicated by solid arrows 716 in 
FIG. 7, and to generate output spike train y(t) 708 according 
to a Spike Response Model neuron which voltage v(t) is 
calculated as: 
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where w, w, represents weights of the input channels, t/ 
represents input spike times, anda(t)=(th:a)e1-Cth;0l represents 
an alpha function of postsynaptic response, where "ta repre­
sents time constant ( e.g., 3 ms and/or other times). A proba­
bilistic part of a neuron may be introduced using the expo­
nential probabilistic threshold. Instantaneous probability of 
firing A(t) may be calculated as A(t)=eCv(t)-Th)K, where 
Th-represents a threshold value, and K represents stochas­
ticity parameter within the control block. State variables g 
(probability of firing A(t) for this system) associated with the 
control model may be provided to the learning block 720 via 
the pathway 705. The learning block 720 of the neuron 730 
may receive the output spike train y(t) via the pathway 708_1. 
In one or more implementations (e.g., unsupervised or rein­
forcement learning), the learning block 720 may receive the 
input spike train (not shown). In one or more implementations 
( e.g., supervised or reinforcement learning) the learning 
block 720 may receive the learning signal, indicated by 
dashed arrow 704_1 in FIG. 7. The learning block determines 
adjustment of the learning parameters w, in accordance with 
any methodologies described herein, thereby enabling the 
neuron 730 to adjust, inter alia, parameters 712 of the con­
nections 714. 

Exemplary Methods 

Generalized Learning Rules 

[0197] Referring now to FIG. SA one exemplary imple­
mentation of the generalized learning method of the disclo­
sure for use with, for example, the learning block 420 of FIG. 
4, is described in detail. The method 800 of FIG. SA may 
allow the learning apparatus to: (i) implement different learn­
ing rules ( e.g., supervised, unsupervised, reinforcement, and/ 
or other learning rules); and (ii) simultaneously support more 
than one rule ( e.g., combination of supervised, unsupervised, 
reinforcement rules described, for example by Eqn. 43) using 
the same hardware/software configuration. 

[0198] At step 802 of method 800 the input information 
may be received. In some implementations (e.g., unsuper­
vised learning) the input information may comprise the input 
signal x(t), which may comprise raw or processed sensory 
input, input from the user, and/or input from another part of 
the adaptive system. In one or more implementations, the 
input information received at step 802 may comprise learning 
task identifier configured to indicate the learning rule con­
figuration (e.g., Eqn. 43) that should be implemented by the 
learning block. In some implementations, the indicator may 
comprise a software flag transited using a designated field in 
the control data packet. In some implementations, the indica­
tor may comprise a switch ( e.g., effectuated via a software 
commands, a hardware pin combination, or memory regis­
ter). 

[0199] At step 804, learning framework of the performance 
determination block ( e.g., the block 424 of FIG. 4) may be 
configured in accordance with the task indicator. In one or 
more implementations, the learning structure may comprise, 
inter alia, performance function configured according to Eqn. 
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43. In some implementations, parameters of the control 
block, e.g., number of neurons in the network, may be con­
figured as well. 
[0200] At step 808, the status of the learning indicator may 
be checked to determine whether additional learning input is 
required. In some implementations, the additional learning 
input may comprise reinforcement signal r(t ). In some imple­
mentations, the additional learning input may comprise 
desired output (teaching signal) yd(t), described above with 
respect to FIG. 4. 
[0201] If required, the external learning input may be 
received by the learning block at step 808. 
[0202] At step 812, the value of the present performance 
may be computed performance function F(x,y,r) configured 
at the prior step. It will be appreciated by those skilled in the 
arts, that when performance function is evaluated for the first 
time (according, for example to Eqn. 35) and the controller 
output y(t) is not available, a pre-defined initial value ofy(t) 
(e.g., zero) may be used instead. 
[0203] At step 814, gradient g(t) of the score function (loga­
rithm of the conditional probability of output) may be deter­
mined by the GD block (e.g., The block 422 of FIG. 4). 
[0204] At step 816, learning parameter w update may be 
determined by the Parameter Adjustment block ( e.g., block 
426 of FIG. 4) using the performance function F and the 
gradient g, determined at steps 812, 814, respectively. In 
some implementations, the learning parameter update may be 
implemented according to Eqns. 22-31. 
[0205] At step 814, gradient g(t) of the score function may 
be determined according, by the GD block ( e.g., block 422 of 
FIG. 4). The learning parameter update may be subsequently 
provided to the control block (e.g., block 310 of FIG. 3). 
[0206] At step 818, the control output y(t) of the controller 
may be updated using the input signal x(t) (received via the 
pathway 820) and the updated learning parameter Aw. 
[0207] FIG. 8B illustrates a method of dynamic controller 
reconfiguration based on learning tasks, in accordance with 
one or more implementations. 
[0208] At step 822 of method 830, the input information 
may be received. As described above with respect to FIG. SA, 
in some implementations, the input information may com­
prise the input signal x(t) and/or learning task identifier con­
figured to indicate the learning rule configuration ( e.g., Eqn. 
43) that should be implemented buy the learning block. 
[0209] At step 834, the controller partitions (e.g., the par­
titions 520_6, 520_7, 520_8, 520_9, of FIG. 5B, and/or par­
titions 610,620, 630 of FIG. 6A) may be configured in accor­
dance with the learning rules ( e.g., supervised, unsupervised, 
reinforcement, and/or other learning rules) corresponding to 
the task received at step 832. Subsequently, individual parti­
tions may be operated according to, for example, the method 
800 described with respect to FIG. SA. 
[ 021 OJ At step 83 6, a check may be performed as to whether 
the new task ( or task assortment) is received. If no new tasks 
are received, the method may proceed to step 834. If new 
tasks are received that require controller repartitioning, such 
as for example, when exploration robotic device may need to 
perform visual recognition tasks when stationary, the method 
may proceed to step 838. 
[0211] At step 838, current partition configuration (e.g., 
input parameter, state variables, neuronal composition, con­
nection map, learning parameter values and/or rules, and/or 
other information associated with the current partition con­
figuration) may be saved in a nonvolatile memory. 
[0212] At step 840, the controller state and partition con­
figurations may reset and the method proceeds to step 832, 
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where a new partition set may be configured in accordance 
with the new task assortment received at step 836. Method 
800 of FIG. 8B may enable, inter alia, dynamic partition 
reconfiguration as illustrated in FIGS. 5B, 6A-6B, supra. 

Automatic Derivation of Eligibility Traces 

[0213] FIG. 18 illustrates exemplary data flow of automatic 
determination of eligibility traces for use with spiking neuron 
networks ( e.g., the network 600 of FIG. 6A), in accordance 
with one or more implementations. 
[0214] At step 1802 of method 1800, the state vector q, 
describing dynamic model of the neuron, may be provided. 
As described above with respect to Eqn. 7, the state vector 
may comprise membrane voltage and/or current and may be 
provided as user input, in some implementations. 
[0215] At step 1804, the dynamic state of the neuron is 
described, such as, for example the structure ofIF model or IZ 
neuron model. In one or more implementations, neuron state 
dynamics may be specified in generalized symbolic form as: 

V(qf~(Vi(q),Vo(q), ... , Vn(q)), 

(Eqn. 61) 

[0216] At step 1806, partial derivatives of the state func­
tions ofEqn. 61 may be determined as: 

8V; 8R; 8G; 

aq1 • aq1 • aq1 · 

(Eqn. 62) 

[0217] At step 1808, Jacobian matrices J v(q), JR(q), Jc(q), 
associated with the respective dynamic neuronal model may 
be constructed. In some implementations of the IF neurons, 
the Jacobian matrices may be determined according to Eqn. 
23. In one or more implementations of the IZ neuronal neu­
rons, the Jacobian matrices may be determined according to 
Eqn. 26. 
[0218] At step 1818, state traces SP), associated with the 
respective dynamic neuronal model, may be determined. 
[0219] At step 1810, instantaneous probability density 
(IPD) A(q(t)) of the neuron may be constructed. In some 
implementations of the IF neurons and/or IZ neuronal neu­
rons, the IPD may be determined according to Eqn. 2-Eqn. 4. 
[0220] At step 1812, partial derivatives 

of the IPD with respect to the state vector q may be deter­
mined. 
[0221] At step 1820, the instantaneous PDF derivative 

may be determined using the partial derivatives of IPD from 
the step 1812 and the gradient from step 1818. In one or more 
implementations, the instantaneous PDF derivative may be 
determined using Eqn. 19. 
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[0222] At step 1822, the score function 

may be determined using, for example, Eqn. 17. In one or 
more implementations ofIF neuronal model, the exponential 
stochastic threshold may be implemented using Eqn. 2 and 
the score function g, may be determined using Eqn. 32. 
[0223] In some implementations ofIZ neuronal model, the 
exponential stochastic threshold may be implemented using 
Eqn. 28 and the score function g, may be determined using 
Eqn. 17 and Eqn. 29. 
[0224] FIG. 19A presents one exemplary implementation 
of Python script configured to effectuate automatic derivation 
of eligibility traces of the method 1800 of FIG. 18. In FIG. 
19A, the designators #18XX refer to the respective steps of 
the method 1800 of FIG. 18, according to one or more imple­
mentations. 
[0225] FIG. 19B is a python script illustrates exemplary 
object constructs for use with the python script of FIG. 19A. 
The script shown in FIG. 19B is configured to interface with 
MATLAB® symbolic computations engine, according to one 
implementation. It will be appreciated by those skilled in the 
arts, that various other symbolic computations computer 
aided design (CAD) tools (e.g., Mathematica, etc.) may be 
used with the methodology described with respect to FIGS. 
18-19B. 

Performance Results 

[0226] FIGS. 9A through 17B present performance results 
obtained during simulation and testing by the Assignee 
hereof, of exemplary computerized spiking network appara­
tus configured to implement generalized learning framework 
described above with respect to FIGS. 3-6B. The exemplary 
apparatus, in one implementation, comprises learning block 
( e.g., the block 420 ofFIG. 4) that implemented using spiking 
neuronal network 700, described in detail with respect to FIG. 
7, supra. 

[0227] The average performance ( e.g. the function ( F) x,y,r 

average ofEqn. 33-Eqn. 43) may be determined over a time 
interval Tav that is configured in accordance with the specific 
application. In some implementations, the spike rate of the 
network output y(t) may be configured between 5 and 100 Hz. 
In one or more implementations, the Tav may be configured to 
exceed the spike rate of output by a factor of 5 to 10000. In one 
such implementation, the spike rate may comprise 70 Hz 
output, and the averaging time may be selected at about 100 s. 

Combined Supervised and Reinforcement Learning Tasks 

[0228] In some implementations, in accordance with the 
framework described by, inter alia, Eqn. 43, the cost function 
F sr' corresponding to a combination of supervised and rein­
forcement learning tasks, may be expressed as follows: 

For ~aF,up +bFrdnfi 

where F sup and F reinfare the cost functions for the supervised 
and reinforcement learning tasks, respectively, and a, b are 
coefficients determining relative contribution of each cost 
component to the combined cost function. By varying the 
coefficients a, b during different simulation runs of the spik-

20 
Dec. 5, 2013 

ing network, effects of relative contribution of each learning 
method on the network learning performance may be inves­
tigated. 
[0229] In some implementations, such as those involving 
classification of spiking input patterns derived from speech 
data in order to determine speaker identity, the supervised 
learning cost function may comprise a product of the desired 
spiking pattern yd (t) (belonging to a particular speaker) with 
filtered output spike train y(t ). In some implementations, such 
as those involving a low pass exponential filter kernel, the F sup 

may be computed using the following expression: 

(Eqn. 63) 

where -cd is the trace decay constant, and C is the bias constant 
configured to introduce penalty associated with extra activity 
of the neuron does not corresponding to the desired spike 
train. 
[0230] The cost function for reinforcement learning may be 
determined as a sum of positive and negative reinforcement 
contributions that are received by the neuron via two spiking 
channels (y+(t) and r(t)): 

(Eqn. 64) 

where the subtraction of spike trains is understood as in Eqn. 
65. Reinforcement may be generated according to the task 
that is being solved by the neuron. 
[0231] A composite cost function for simultaneous rein­
forcement and supervised learning may be constructed using 
a linear combination of contributions provided by Eqn. 63 
andEqn. 64: 

F = aFsup + bFreinf == 

a 1~(~ b(t- t;)e-1,-,)/Td ds)(~ b(t- tf)dt- c) + 

b(~ b(t-t[)dt- ~b(t-t1)dt)-

(Eqn. 65) 

Using the description ofEqn. 65, the spiking neuron network 
(e.g., the network 700 of FIG. 7) may be configured to maxi­
mize the combined cost function F sr using one or more of the 
methodologies described in a co-owned and co-pending U.S. 
patent application entitled "APPARATUS AND METHODS 
FOR IMPLEMENTING LEARNING RULES USING 
PROBABILISTIC SPIKING NEURAL NETWORKS" filed 
contemporaneously herewith, and incorporated supra. 
[0232] FIGS. 9A-9F present data related to simulation 
results of the spiking network (e.g., the network 700 of FIG. 
7) configured in accordance with supervised and reinforce­
ment rules described with respect to Eqn. 65, supra. The input 
into the network (e.g., the neuron 730 of FIG. 7) is shown in 
the panel 900 of FIG. 9A and may comprise a single 100-
dimensional input spike stream of length 600 ms. The hori­
zontal axis denotes elapsed time in milliseconds, the vertical 
axis denotes each input dimension ( e.g., the connection 714 in 
FIG. 7), each row corresponds to the respective connection, 
and dots denote individual spikes within each row. The panel 
902 in FIG. 9A, illustrates supervisor signal, comprising a 
sparse 600 ms-long stream of training spikes, delivered to the 
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neuron 730 via the connection 704, in FIG. 7. Each dot in the 
panel 902 denotes the desired output spike yd(t). 
[0233] The reinforcement signal may be provided to the 
neuron according to the following protocol: 

[0234] If the network ( e.g., the network 700 of FIG. 7) 
generates one spike within a [0.50 ms] time window 
from the onset of the input, then it may receive the 
positive reinforcement spike, illustrated in the panel 904 
in FIG. 9A. 

[0235] If the network does not generate outputs during 
that interval or generates more than one spike, then it 
may receive negative reinforcement spike, illustrated in 
the panel 906 in FIG. 9A. 

[0236] If the network is active (generates output spikes) 
during time intervals [200 ms, 250 ms] and [ 400 ms, 450 
ms], then it may receive negative reinforcement spike. 

[0237] Reinforcement signals may not be generated dur-
ing one or more other intervals. 

A maximum reinforcement configuration may comprise (i) 
one positive reinforcement spike and (ii) no negative rein­
forcement spikes. A maximum negative reinforcement con­
figuration may comprise (i) no positive reinforcement spikes 
and (ii) three negative reinforcement spikes. 
[0238] The output activity (e.g., the spikes y(t)) of the net­
work 660 prior to learning, illustrated in the panel 910 of FIG. 
9A, shows that output 910 comprises few output spikes gen­
erated at random times that do not display substantial corre­
lation with the supervisor input 902. The reinforcement sig­
nals 904, 906 show that the untrained neuron does not receive 
positive reinforcement (manifested by the absence of spikes 
in the panel 904) and receives two spikes of negative rein­
forcement (shown by the dots at about 50 ms and about 450 
ms in the panel 906) because the neuron is quiet during [0 
ms-50 ms] interval and it spikes during [ 400 ms-450 ms] 
interval. 
[0239] FIG. 9B illustrates output activity of the network 
700, operated according to the supervised learning rule, 
which may be effected by setting the coefficients ( a, b) ofEqn. 
65 as follows: a=l, b=0. Different panels in FIG. 9B present 
the following data: panel 900 depicts feed-forward input into 
the network 700 of FIG. 7; panel 912 depicts supervisor 
(training) spiking input; and panels 914, 916 depict positive 
and negative reinforcement input spike patterns, respectively. 
[0240] The output of the network shown in the panel 910 
displays a better correlation (compared to the output 910 in 
FIG. 9A) of the network with the supervisor input. Data 
shown in FIG. 9B confirm that while the network learns to 
repeat the supervisor spike pattern it fails to perform rein­
forcement task (receives 3 negative spikes-maximum pos­
sible reinforcement). 
[0241] FIG. 9C illustrates output activity of the network, 
operated according to the reinforcement learning rule, which 
may be effected by setting the coefficients ( a, b) of Eqn. 65 as 
follows: a=0, b=l. Different panels in FIG. 9C present the 
following data: panel 900 depicts feed-forward input into the 
network; panel 922 depicts supervisor (training) spiking 
input; panels 924, 926 depict positive and negative reinforce­
ment input spike patterns, respectively. 
[0242] The output of the network, shown in the panel 920, 
displays no visible correlation with the supervisor input, as 
expected. At the same time, network receives maximum pos­
sible reinforcement ( one positive spike and no negative 
spikes) illustrated by the data in panels 924, 926 in FIG. 9C. 
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[0243] FIG. 9D illustrates output activity of the network 
700, operated according to the reinforcement learning rule 
augmented by the supervised learning, effected by setting the 
coefficients (a,b) ofEqn. 65 as follows: a=0.5, b=l. Different 
panels in FIG. 9D present the following data: panel 900 
depicts feed-forward input into the network; panel 932 
depicts supervisor (training) spiking input; and panels 934, 
936 depict positive and negative reinforcement input spike 
patterns, respectively. 

[0244] The output of the network shown in the panel 930 
displays a better correlation (compared to the output 910 in 
FIG. 9A) of the network with the supervisor input. Data 
presented in FIG. 9D show that network receives maximum 
possible reinforcement (panel 934, 936) and begins starts to 
reproduce some of the supervisor spikes (at around 400 ms 
and 4 70 ms) when these do not contradict with the reinforce­
ment learning signals. However, not all of the supervised 
spikes are echoed in the network output 930, and additional 
spikes are present (e.g., the spike at about 50 ms), compared 
to the supervisor input 932. 

[0245] FIG. 9E illustrates data obtained for an equal 
weighting of supervised and reinforcement learning: (a=l; 
b=l inofEqn. 65). The reinforcement traces 944,946 ofFIG. 
9E show that the network receives maximum reinforcement. 
The network output (trace 940) contains spikes correspond­
ing to a larger portion of the supervisor input (the trace 942) 
when compared to the data shown by the trace 930 of FIG. 9E, 
provided the supervisor input does not contradict the rein­
forcement input. However, not all of the supervised spikes of 
FIG. 9E are echoed in the network output 940, and additional 
spikes are present (e.g., the spike at about 50 ms), compared 
to the supervisor input 942. 

[0246] FIG. 9F illustrates output activity of the network, 
operated according to the supervised learning rule augmented 
by the reinforcement learning, effected by setting the coeffi­
cients (a,b) ofEqn. 65 as follows: a=l, b=0.4. The output of 
the network shown in the panel 950 displays a better correla­
tion with the supervisor input (the panel 952), as compared to 
the output 940 in FIG. 9E. The network output (950) is shown 
to repeat the supervisor input (952) event when the latter 
contradicts with the reinforcement learning signals (traces 
954, 956). The reinforcement data (956) of FIG. 9F show that 
while the network receive maximum possible reinforcement 
(trace 954), it is penalized (negative spike at 450 ms on trace 
956) for generating output that is inconsistent with the rein­
forcement rules. 

Combined Supervised and Unsupervised Learning Tasks 

[0247] In some implementations, in accordance with the 
framework described by, inter alia, Eqn. 43, the cost function 
F su, corresponding to a combination of supervised and unsu­
pervised learning tasks, may be expressed as follows: 

(Eqn. 66) 

where F sup is described by, for example, Eqn. 34, F unsup is the 
cost function for the unsupervised learning tasks, and a, c are 
coefficients determining relative contribution of each cost 
component to the combined cost function. By varying the 
coefficients a, c during different simulation runs of the spik­
ing network, effects of relative contribution of individual 
learning methods on the network learning performance may 
be investigated. 
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[0248] In order to describe the cost function of the unsu­
pervised learning, an instantaneous Kullback-Leibler diver­
gence between two point processes may be used: 

F unoup ~!n(p(t) )-!n(pd (t)) (Eqn. 67) 

where p(t) is the probability of the actual spiking pattern 
generated by the network, and pd(t) is the probability of a 
spiking pattern generated by Poisson process. The unsuper­
vised learning task in this implementation may serve to mini­
mize the function of Eqn. 67 such that when the two prob­
abilities p(t)=pd(t) are equal at all times, then the network may 
generate output spikes according to Poisson distribution. 
[0249] Accordingly, the composite cost function for simul­
taneous unsupervised and supervised learning may be 
expressed as a linear combination ofEqn. 63 and Eqn. 67: 

F = aFsup + c(-Funsup) (Eqn. 68) 

c(ln(pd(t)) - ln(p(t))) 

[0250] Referring now to FIGS. SA-SC, data related to simu­
lation results of the spiking network 700 may be configured in 
accordance with supervised and unsupervised rules described 
with respect to Eqn. 68, supra. The input into the neuron 730 
is shown in the panel 1000 of FIG. lOA-l0C and may com­
prise a single 100-dimensional input spike stream of length 
600 ms. The horizontal axis denotes elapsed time in ms, the 
vertical axis denotes each input dimension ( e.g., the connec­
tion 714 in FIG. 7), and dots denote individual spikes. 
[0251] FIG. lOA illustrates output activity of the network 
(e.g., network 700 of FIG. 7), operated according to the 
supervised learning rule, which is effected by setting the 
coefficients (a,c) ofEqn. 68 as follows: a=l, b=0. The panel 
1002 in FIG. l0A, illustrates supervisor signal, comprising a 
sparse 600 ms-long stream of training spikes, delivered to the 
neuron 730 via the connection 704 of FIG. 7. Dot in the panel 
1002 denotes the desired output spike yd(t). 
[0252] The output activity (the spikes y(t)) of the network, 
illustrated in the panel 1010 of FIG. l0A, shows that the 
network successfully repeats the supervisor spike pattern 
which does not behave as a Poisson process with 60 Hz firing 
rate. 
[0253] FIG. 10B illustrates output of the network, where 
supervised learning rule is augmented by 15% fraction of 
Poisson spikes, effected by setting the coefficients (a,c) of 
Eqn. 68 as follows: a=l, c=0.15. The output activity of the 
network, illustrated in the panel 1020 of FIG. 10B, shows that 
the network successfully repeats the supervisor spike pattern 
1022 and further comprises additional output spikes are ran­
domly distributed and the total number of spikes is consistent 
with the desired firing rate. 
[0254] FIG. l0C illustrates output of the network 700, 
where supervised learning rule is augmented by 80% fraction 
of Poisson spikes, effected by setting the coefficients ( a,c) of 
Eqn. 68 as follows: a=l, c=0.8. The output activity of the 
network 700, illustrated in the panel 1030 ofFIG.10B, shows 
that the network output is characterized by the desired Pois­
son distribution and the network tries to repeat the supervisor 
pattern, as shown by the spikes denoted with circles in the 
panel 1030 of FIG. l0C. 
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Combined Supervised, Unsupervised, and Reinforcement 
Leaming Tasks 

[0255] In some implementations, in accordance with the 
framework described by, inter alia, Eqn. 43, the cost function 
F sur, representing a combination of supervised, unsupervised, 
and/or reinforcement learning tasks, may be expressed as 
follows: 

(Eqn. 69) 

[0256] Referring now to FIG. 11, data related to simulation 
results of the spiking network configured in accordance with 
supervised, reinforcement, and unsupervised rules described 
with respect to Eqn. 69, supra. The network learning rules 
comprise equally weighted supervised and reinforcement 
rules augmented by a 15% fraction of Poisson spikes, repre­
senting unsupervised learning. Accordingly, the weight coef­
ficients ofEqn. 69 are set as follows: a=l; b=l; c=0.1. 

[0257] In FIG. 11, panel 1100 depicts the input comprising 
a single 100-dimensional input spike stream oflength 600 ms; 
panel 902 depicts the supervisor input; and panels 904, 906 
depict positive and negative reinforcement inputs into the 
network 700 of FIG. 7, respectively. 

[0258] The network output, presented in panel 1110 in FIG. 
11, comprises spikes that generated based on (i) reinforce­
ment learning (the first spike at 50 ms leads to the positive 
reinforcement spike at 60 ms in the panel 1104); (ii) super­
vised learning ( e.g., spikes between 400 ms and 500 ms 
interval); and (iii) random activity spikes due to unsupervised 
learning (e.g., spikes between 100 ms and 200 ms interval). 

Supervised Leaming Tasks 

[0259] FIG. 12 presents to simulation results of the spiking 
network ( e.g., the network 700 of FIG. 7) configured in accor­
dance with supervised learning rule. In one implementation, 
the costs function, comprising a measure between the desired 
yd (t) and the actual y(t) output spike train of the neuron, may 
be determined using low-pass filtering of the desired and 
actual spike trains, as follows: 

F(x, y) = d(y, l) = (l y(s)a(t-s)d/s- l l(s)b(t- s)d/s r 
where, 

y(t) = I b(t- ff"'), 
; 

l(t) = I b(t-tf), 
j 

(Eqn. 70) 

(Eqn. 71) 

xis the input signal, Ii is the Dirac delta function, t,0 u', t/ are 
the output and desired spike times, respectively, and a(t), b(t) 
are some positive finite-response kernels. In one or more 
implementations, one or both kernels (e.g., a(t)) may com­
prise an exponential trace: 

(Eqn. 72) 

where 1:
0 

is the time interval, typically selected according to 
average output firing rate of a neuron. 

[0260] The results, depicted in FIG. 12 correspond to the 
input signal {X} comprised of 100 input spike trains (shown 
in the panel 1200 in FIG. 12); the network is able to reproduce 
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the desired spike train (shown in the panel 1202), as illus­
trated by very close match of the network output shown in the 
panel 1210. 

Predictive Supervised Learning Tasks 

[0261] The generalized learning framework described 
herein is not limited to the applications characterized by an 
immediate correspondence between the network activity and 
the cost function. In one or more implementations, the present 
framework may be applied to a spike prediction task, using 
spike train distance as the cost function configured as: 

F(x,y)~fy{J_00'y(s)a(t-s)ds):E}1(t-t/)dt (Eqn. 73) 

where a(t) is the alpha function. As shown by Eqn. 73, first, 
the actual output spike train y(t) may be low-pass filtered via 
a convolution with the alpha-function kernel. This may create 
an output trace that reaches a maximum value after a time 
delay of -cd from the output spike occurrence. Subsequently, 
the value of the filtered trace may be evaluated at the desired 
spike times ~ d_ The resulting cost function F may reach its 
maximum when spike output precede desired output (i.e., 
supervisory input) by the time interval of -ed. Accordingly, the 
network learns to maximize the cost function of Eqn. 73 in 
order to predict the desired spikes with the exact delay. The 
predictive supervised learning may be used, in some imple­
mentations, for a variety of prediction tasks such as, for 
example, building forward models. 
[0262] FIG. 13 presents simulation results of the spiking 
network ( e.g., the network 700 of FIG. 7) configured in accor­
dance with predictive supervised learning rule of Eqn. 73. 
The results depicted in FIG. 13 correspond to the input signal 
{X} comprised of 100 input spike trains (shown in the panel 
1300 in FIG. 13); the network is able to predict the desired 
spike train (shown in the panel 1302), as illustrated close 
match of the network output shown in the panel 1310, and 
indicated by the arrows 1304 in FIG. 13. Notice that the 
network predictive output y(t) is not the exact shifted replica 
of the desired signal pattern yd(t), as may be seen from com­
paring data in the panels 1302, 1310 inFIG.13. This is due to, 
partly, the low-pass filter kernel, embodied in the perfor­
mance function F which' smooth' out the presence of multiple 
closely-spaced spikes, indicated by spike group marked with 
the arrow 1306 in FIG. 13. 

Reciprocal Supervised and Leaming Tasks 

[0263] In some implementations, supervised learning may 
be used to in order to cause pauses in the activity of the neuron 
prior to generating the desired spikes, also referred to as the 
reciprocal supervised learning. This task may be formalized 
as minimization of the performance function F of Eqn. 73 
with a constant non-associative potentiation of the synaptic 
weights (e.g., the weights 712 in FIG. 7. The non-associative 
potentiation may lead to a gradual increase of the firing rate of 
the neuron (performing exploration), while the associative 
minimization of the function F may cause pauses with a 
certain delay before the supervised spike, as illustrated in 
FIG. 14. The results depicted in FIG. 14 correspond to the 
input signal {X} comprised of 100 input spike trains (shown 
in the panel 1400 in FIG. 14). The network output (shown in 
the panel 1402) comprises periods of inactivity (pauses) 
denoted by broken lines 1406_1, 1406_2 in FIG. 14, preced­
ing network output pulse associated with respective desired 
output pulse of the training signal yd(t) (the association being 
indicated by the arrows 1404 in FIG. 14). It is noteworthy that 
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multiple consecutive pulses in the training signal yd(t) (e.g., 
the pulse group 1408) cause longer period of inactivity, as 
indicated by the inactivity period 1406_1, as compared to the 
inactivity period 1406_1, that is associated with a single pulse 
in the training signal yd(t). 

Unsupervised Learning Tasks 

Mutual Information Maximization 

[0264] In one or more implementations, the learning frame­
work of the disclosure may be applied to unsupervised learn­
ing where the cost function F is configured based on inputs x 
and outputs y(t) of the network ( e.g., the network 700 of FIG. 
7). In some implementations of unsupervised learning, the 
mutual information I(x,y) between the input x and output y 
spike trains of the networks may be used as the cost function 
F, so that: 

(F) ~J(x,y)~( !n(p(ylx)/p(y))) x,y⇒ F(x,y)~h(y)-h 
(ylx) (Eqn. 74) 

where h(y) is the unconditional per-stimulus entropy (sur­
prisal), described by (Eqn. 13). Leaming by the network 700 
may be configured to maximize the cost function F ofEqn. 7 4. 
[0265] FIG. 15A presents simulation results of the spiking 
network ( e.g., the network 700 of FIG. 7) configured in accor­
dance with unsupervised learning rule ofEqn. 7 4. The results 
depicted in FIG. 15A correspond to the input signal {X} 
comprised of 100 input spike trains (shown in the panel 1500 
in FIG. 15). The network output (shown in the panel 1510) 
show that neurons activity does not decay to zero and does not 
increase uncontrollably, so that the neuron is capable of 
extracting information from the input 1500. The panel 1502 
illustrates evolution of weights during learning. While some 
of the weights shown in the panel 1502 exhibit continuing 
growth, the resulting activity of the network (panel 1510) is 
not adversely affected, as the average of the weights remains 
constrained. 

Minimization ofKullback-Leibler Divergence 

[0266] In some implementations of unsupervised learning, 
the performance function may be configured to minimize the 
Kullback-Leibler divergence (DKL) between the output spike 
train distribution p(y) and the desired probability distribution 
pd(y). The performance function may be expressed as: 

( F) ~DKL(pll1:l)~( ln(p(y)/pd(y))) x,y ⇒ F(x,y)~hd 
(y)-h(y) (Eqn. 75) 

[0267] In one or more implementations, the desired output 
yd(t) is characterized as the Poisson point process with aver­
age firing rater and pd(y) comprises Poisson distribution. This 
configuration of results in a constrained average firing rate of 
the neuron ( e.g., the neuron 730 in FIG. 7), thereby preventing 
the weights from growing infinitely large. Furthermore, Pois­
son distribution of the desired output, causes output y(t) with 
exponential distribution of inter-spike intervals (ISI). The 
Poisson process is the point process with the largest entropy 
for that particular firing rate and therefore it is the most 
informative point process. This means that minimizing the 
Kullback-Leibler divergence between the output distribution 
and the Poisson distribution causes maximization ofinforma­
tion transmission by the network subject to the firing rate 
(energy) constraint. 
[0268] FIGS. 15B-15C present simulation results of the 
spiking network (e.g., the network 700 of FIG. 7) configured 
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in accordance with unsupervised learning rule of Eqn. 75, 
corresponding to the input signal {X} comprised of 100 input 
spike trains, (shown in the panel 1540 in FIG. 15C). Each 
input spike train in the panel 1540 is characterized by Poisson 
distribution with 50-Hz average firing rate. 
[0269] Network averaged performance and weight evolu­
tion with time are shown in the panels 1530, 1532, of FIG. 
15B, respectively. The performance shown in FIG. 15B cor­
responds to maximization of negative divergence, hence the 
performance increases over time. The weight evolution in the 
panel 1532 illustrates weight stabilization after the best 
(stable) performance is achieved. As shown by the neuron 
weight evolution (panel 1532 in FIG. 15B) and network out­
put) the KL-divergence minimization ensures that weight do 
not grow substantially after the desired performance ( average 
filing rate) is achieves. Accordingly, firing rate of the neurons 
(panel 1542 in FIG. 15C) remains controlled and does not 
increase infinitely with time. 

Reinforcement Leaming Tasks 

[0270] One or more implementations of reinforcement 
learning may require solving adaptive control task ( e.g., 
AUV/UAV navigation) without having detailed prior infor­
mation about the dynamics of the controlled plant ( e.g., the 
plant514 in FIG. 5). The reinforcement signal (e.g., the signal 
504 in FIG. 5) is typically used to specify to the adaptive 
controller (e.g., the controller 520 of FIG. 5) whether prior 
behavior led to "desired" or "undesired" results. 
[0271] FIG. 16 illustrates operation of the neural network 
of FIG. 7, configured to control navigation of an autonomous 
unmanned vehicle (AUV) along a trajectory using reinforce­
ment learning. Data in the top panel 1600 illustrate mean 
distance <d> between the actual position of anAUV y(t) and 
the desired position of the AUV. Data in the bottom panel 
1610 present variance of the distance d. Data in FIG. 16 
illustrate improved network operation, characterized by a 
decrease of the position mean error and variance with time 
due to learning rules that enable provides minimization of 
average costs (maximization of average performance). 
[0272] FIGS. 17 A-17B illustrate operation of the neural 
network of FIG. 7, configured to implement coincidence 
detector. The neuron 730 of FIG. 7 may be configured to 
receive two spiking inputs, presented by the traces 1700-1, 
1700_2 in FIG. 17A. The output of the network and the 
reward signal are presented in the panels 1710, 1702 in FIG. 
17A, respectively. The neuron 730 may be configured to 
generate an output spike only when it receives two input 
spikes simultaneously and remain silent otherwise. When the 
neuron performs coincidence detection (e.g., it spikes at the 
right time, as illustrated for example by the arrow 1712 in 
FIG. 17 A), it receives a positive reward spike (reinforcement 
equals to one, illustrated by the arrow 1704 in FIG. 17 A). If a 
neuron does not generate a spike when the two input spikes 
are present, or if it spikes after only one input, the reinforce­
ment may be negative ( e.g., reinforcement equals to zero). 
[0273] The learning process is depicted in FIG. 17B, where 
the panel 1720 displays performance, determined by an aver­
age normalized reinforcement through epoch ( epoch equals 
to 250 s ); and the panel 1730 presents evolution of weights 
during learning. Performance measure in FIG. 17B is config­
ured as a ratio of correct coincidence detections by neuron 
and it ranges from 0.5 ( corresponding to random guesses: no 
detection), to 1.0, when each output spike is associated with 
coincident input (perfect detection). As seen from the data 
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shown in FIG. 17B, the performance gradually increases due 
partly to increase in weights and after about 2000 s weight 
change stabilizes and performance remains within a range 
between 0.75 and 0.95. The network operation illustrated in 
FIG. 17B, is advantageously enabled by learning rules that 
provide minimization of average costs (maximization of aver­
age performance). 

Exemplary Uses and Applications of Certain Aspects of the 
Invention 

[0274] Generalized learning framework apparatus and 
methods of the disclosure may allow for an improved imple­
mentation of single adaptive controller apparatus system con­
figured to simultaneously perform a variety of control tasks 
( e.g., adaptive control, classification, object recognition, pre­
diction, and/or clasterisation). Unlike traditional learning 
approaches, the generalized learning framework of the 
present disclosure may enable adaptive controller apparatus, 
comprising a single spiking neuron, to implement different 
learning rules, in accordance with the particulars of the con­
trol task. 
[0275] In some implementations, the network may be con­
figured and provided to end users as a "black box". While 
existing approaches may require end users to recognize the 
specific learning rule that is applicable to a particular task 
(e.g., adaptive control, pattern recognition) and to configure 
network learning rules accordingly, a learning framework of 
the disclosure may require users to specify the end task ( e.g., 
adaptive control). Once the task is specified within the frame­
work of the disclosure, the "black-box" learning apparatus of 
the disclosure may be configured to automatically set up the 
learning rules that match the task, thereby alleviating the user 
from deriving learning rules or evaluating and selecting 
between different learning rules. 
[0276] Even when existing learning approaches employ 
neural networks as the computational engine, each learning 
task is typically performed by a separate network ( or network 
partition) that operate task-specific (e.g., adaptive control, 
classification, recognition, prediction rules, etc.) set ofleam­
ing rules (e.g., supervised, unsupervised, reinforcement). 
Unused portions of each partition (e.g., motor control parti­
tion of a robotic device) remain unavailable to other partitions 
of the network even when the respective functionality of not 
needed ( e.g., the robotic device remains stationary) that may 
require increased processing resources (e.g., when the sta­
tionary robot is performing recognition/classification tasks). 
[0277] When learning tasks change during system opera­
tion (e.g., a robotic apparatus is stationary and attempts to 
classify objects), generalized learning framework of the dis­
closure may allow dynamic re-tasking of portions of the 
network (e.g., the motor control partition) at performing other 
tasks ( e.g., visual pattern recognition, or object classifications 
tasks). Such functionality may be effected by, inter alia, 
implementation of generalized learning rules within the net­
work which enable the adaptive controller apparatus to auto­
matically use a new set of learning rules (e.g., supervised 
learning used in classification), compared to the learning 
rules used with the motor control task. These advantages may 
be traded for a reduced network complexity, size and cost for 
the same processing capacity, or increased network opera­
tional throughput for the same network size. 
[0278] Generalized learning methodology described herein 
may enable different parts of the same network to implement 
different adaptive tasks (as described above with respect to 
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FIGS. SB-SC). The end user of the adaptive device may be 
enabled to partition network into different parts, connect 
these parts appropriately, and assign cost functions to each 
task ( e.g., selecting them from predefined set of rules or 
implementing a custom rule). The user may not be required to 
understand detailed implementation of the adaptive system 
(e.g., plasticity rules and/or neuronal dynamics) nor is he 
required to be able to derive the performance function and 
determine its gradient for each learning task. Instead, the 
users may be able to operate generalized learning apparatus 
of the disclosure by assigning task functions and connectivity 
map to each partition. 
[0279] Furthermore, the learning framework described 
herein may enable learning implementation that does not 
affect normal functionality of the signal processing/control 
system. By way of illustration, an adaptive system configured 
in accordance with the present disclosure (e.g., the network 
600 of FIG. 6A or 700 of FIG. 7) may be capable oflearning 
the desired task without requiring separate learning stage. In 
addition, learning may be turned off and on, as appropriate, 
during system operation without requiring additional inter­
vention into the process of input-output signal transforma­
tions executed by signal processing system (e.g., no need to 
stop the system or change signals flow. 
[0280] In one or more implementations, the generalized 
learning apparatus of the disclosure may be implemented as a 
software library configured to be executed by a computerized 
neural network apparatus ( e.g., containing a digital proces­
sor). In some implementations, the generalized learning 
apparatus may comprise a specialized hardware module ( e.g., 
an embedded processor or controller). In some implementa­
tions, the spiking network apparatus may be implemented in 
a specialized or general purpose integrated circuit ( e.g., 
ASIC, FPGA, and/or PLD). Myriad other implementations 
may exist that will be recognized by those of ordinary skill 
given the present disclosure. 
[0281] Advantageously, the present disclosure can be used 
to simplify and improve control tasks for a wide assortment of 
control applications including, without limitation, industrial 
control, adaptive signal processing, navigation, and robotics. 
Exemplary implementations of the present disclosure may be 
useful in a variety of devices including without limitation 
prosthetic devices (such as artificial limbs), industrial control, 
autonomous and robotic apparatus, HVAC, and other electro­
mechanical devices requiring accurate stabilization, set-point 
control, trajectory tracking functionality or other types of 
control. Examples of such robotic devices may include manu­
facturing robots (e.g., automotive), military devices, and 
medical devices ( e.g., for surgical robots). Examples of 
autonomous navigation may include rovers (e.g., for extra­
terrestrial, underwater, hazardous exploration environment), 
unmanned air vehicles, underwater vehicles, smart appli­
ances (e.g., ROOMBA®), and/or robotic toys. The present 
disclosure can advantageously be used in other applications 
of adaptive signal processing systems ( comprising for 
example, artificial neural networks), including: machine 
vision, pattern detection and pattern recognition, object clas­
sification, signal filtering, data segmentation, data compres­
sion, data mining, optimization and scheduling, complex 
mapping, and/or other applications. 
[0282] It will be recognized that while certain aspects of the 
disclosure are described in terms of a specific sequence of 
steps of a method, these descriptions are only illustrative of 
the broader methods of the invention, and may be modified as 
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required by the particular application. Certain steps may be 
rendered unnecessary or optional under certain circum­
stances. Additionally, certain steps or functionality may be 
added to the disclosed implementations, or the order of per­
formance of two or more steps permuted. All such variations 
are considered to be encompassed within the disclosure dis­
closed and claimed herein. 
[0283] While the above detailed description has shown, 
described, and pointed out novel features of the disclosure as 
applied to various implementations, it will be understood that 
various omissions, substitutions, and changes in the form and 
details of the device or process illustrated may be made by 
those skilled in the art without departing from the disclosure. 
The foregoing description is of the best mode presently con­
templated of carrying out the invention. This description is in 
no way meant to be limiting, but rather should be taken as 
illustrative of the general principles of the invention. The 
scope of the disclosure should be determined with reference 
to the claims. 

What is claimed: 
1. Stochastic spiking neuron signal processing system con­

figured to implement task specific learning, the system com­
prising: 

a controller apparatus configured to generate output con­
trol signal y based at least in part on input signal, said 
controller apparatus characterized by a controller state 
parameter, and a control parameter and 

a learning apparatus configured to: 
generate an adjustment signal based at least in part on 

said input signal, said controller state parameter, and 
said output signal; and 

provide said adjustment signal to said controller appa­
ratus, thereby effecting said learning; 

wherein: 

said control parameter is configured in accordance with 
said task; and 

said adjustment signal is configured to modify said con­
trol parameter based at least in part on said input 
signal and said output signal. 

2. The system of claim 1, wherein said output control signal 
comprises a spike train configured based at least in part said 
adjustment signal; and 

said learning apparatus comprises: 
a task-specific block, configured independent from the 

controller state parameter, the task-specific block 
configured to implement said task-specific learning; 
and 

a controller-specific block, configured independent 
from said task-specific learning; 

wherein said task-specific learning is characterized by a 
performance function, said performance function 
configured to effect at least unsupervised learning 
rule. 

3. The system of claim 2, further comprising a teaching 
interface operably coupled to said learning apparatus and 
configured to provide a teaching signal; 

wherein: said teaching signal comprises a desired control­
ler output signal; and 

wherein said performance function is further configured to 
effect a supervised learning rule, based at least in part on 
said desired controller output signal. 
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4. The system of claim 3, wherein: 
said teaching signal further comprises a reinforcement 

spike train associated with current performance of the 
controller apparatus relative to desired performance; 
and 

said performance function is further configured to effect a 
reinforcement learning rule, based at least in part on said 
reinforcement spike train. 

5. The system of claim 4, wherein: 
said current performance is based at least in part on adjust­

ment of said control parameter from a prior state to 
current state; 

said reinforcement is positive when said current perfor­
mance is closer to desired performance of said control­
ler; and 

said reinforcement is negative when said current perfor­
mance is farther from said desired performance. 

6. The system of claim 4, wherein said task-specific learn­
ing comprises a hybrid learning rule comprising a combina­
tion of said reinforcement, said supervised and said unsuper­
vised learning rules simultaneous with one another. 

7. The system of claim 1, wherein said adjustment signal is 
determined as a product of controller performance function 
with a gradient of per-stimulus entropy parameter, said gra­
dient is determined with respect to said control parameter; 
and 

per-stimulus entropy parameter is configured to character­
ize dependence of said output signal on (i) said input 
signal; and (ii) said control parameter. 

8. The system of claim 7, wherein said per-stimulus 
entropy parameter is determined based on a natural logarithm 
of p(ylx,w), where p denotes conditional probability of said 
output signal given said input signal x with respect to said 
control parameter w. 

9. Computer readable apparatus comprising a storage 
medium, said storage medium comprising a plurality of 
instructions to adjust a learning parameter associated with a 
computerized spiking neuron configured to produce output 
spike signal consistent with (i) an input spike signal, and (ii) 
a learning task, the instructions configured to, when executed: 

construct time derivative representation of a trace of a 
neuron state, based at least in part on said input spike 
signal and a state parameter; 

obtain a realization of said trace, based at least in part in 
integrating said time derivative representation; and 

determine adjustment of said learning parameter, based at 
least in part on said trace; 

wherein said adjustment is configured to transition said 
neuron state towards a target state, said target state asso­
ciated with said neuron generating said output spike 
signal. 

10. The apparatus of claim 9, wherein said integrating said 
representation is effected via symbolic integration operation. 

11. The apparatus of claim 9, wherein: 
said state parameter is configured to characterize time evo­

lution of said neuron state; 
said realization of said trace comprises an analytic solution 

of said time derivative representation; and 
said construct of said time derivative representation 

enables to attain said integration via symbolic integra­
tion operation. 

12. The apparatus of claim 9, wherein: 
said state parameter q is configured to characterize time 

evolution of said neuron state in accordance with a state 
evolution process characterized by: 
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a response mode and a transition mode, said response 
mode is associated with generating a neuronal 
response; 

state transition term V describing changes of neuronal 
state in said transition mode; 

state transition term R describing changes of state set in 
said response mode; and 

state transition term G describing changes of state set 
due to said input. 

13. The apparatus of claim 12, wherein: 
said state parameter is configured to characterize neuron 

membrane voltage; and 
said input comprises analog signal and said state transition 

term G is configured to describe changes of said voltage 
due to said analog signal. 

14. The apparatus of claim 12, wherein said input com­
prises a plurality of spikes and said state transition term G is 
configured to describe changes of said state parameters due to 
an integral effect of said plurality of spikes; and 

said output comprises at least said neuronal response. 
15. The apparatus of claim 12, wherein: 
said state parameter q comprises neuron excitability and; 
said time derivative representation comprises a sum ofV, 

R, G state transition terms each multiplicatively com­
bined with said trace. 

16. The apparatus of claim 12, wherein said 
state transition term V comprises said trace multiplica­

tively combined with a Jacobian matrix Jv configured in 
accordance with said transition mode of said evolution 
process; 

state transition term R comprises said trace multiplica­
tively combined with a Jacobian matrix Jr configured in 
accordance with said response mode of said evolution 
process; and 

state transition term G comprises said trace multiplica­
tively combined with a Jacobian matrix Jg configured in 
accordance with said input x. 

17. The apparatus of claim 9, wherein: 
said input comprises feed-forward input into said neuron 

via an interface; and 
said learning parameter comprises efficacy associated with 

said interface. 
18. The apparatus of claim 17, wherein said interface com­

prises synaptic connection and said learning parameter com­
prises connection weight. 

19. The apparatus of claim 9, wherein said state parameter 
q is configured to describe time evolution of said neuron state 
in accordance with a state evolution process, said evolution 
process characterized by an instantaneous probability density 
(IPD) of generating neuronal response; 

said instructions are further configured to, when executed, 
determine derivative of said IPD, with respect to said 

learning parameter, based at least in part on said trace 
and 

obtain an instantaneous score function value, based at 
least in part on said derivative of said IPD; and 

said determine said adjustment is base at least in part on 
said instantaneous score function value. 

20. The apparatus of claim 19, wherein: 
said determine said realization of said trace, said determine 

said derivative of said IPD, and said obtain instanta­
neous score function value cooperate to produce said 
adjustment such that a next instance of said neuron state, 
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associated with an adjusted value, configured based on 
said current value and said adjustment, is closer to said 
target state. 

21. A computerized apparatus configured to process input 
spike train using hybrid learning rule, the apparatus compris­
ing stochastic learning block configured to produce learning 
signal based at least in part on said input spike and training 
signal; 

wherein said hybrid learning rule is configured to simulta­
neously effect reinforcement learning rule and unsuper­
vised learning rule. 

22. The apparatus of claim 21, wherein said stochastic 
learning block is operable according to a stochastic process 
characterized by a current state and a desired state, said pro­
cess being described by at least a state variable configured to 
transition said learning block from current state to said 
desired state; 

said training signal r comprises a reinforcement spiking 
indicator associated with current performance relative to 
desired performance of the apparatus, said current per­
formance corresponding to said current state and said 
desired performance corresponding to said desired state; 

said current performance is effected, at least partly, by 
transition from a prior state to said current state; 

said reinforcement learning is configured based at least in 
part on said reinforcement spiking indicator so that it 
provides: 
positive reinforcement when a distance measure 

between said current state and said desired state is 
smaller compared to said distance measure between 
said prior state and said desired state; and 

negative reinforcement when said distance measure 
between said current state and said desired state is 
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greater compared to said distance measure between 
said prior state and said desired state. 

23. The apparatus of claim 22, wherein: 
said training signal further comprises desired output spike 

train; 
current performance is effected, at least partly, by transi­

tion from prior state to said current state; and 
said reinforcement learning is configured based at least in 

part on said reinforcement spiking indicator so that: 
positive reinforcement when said current performance is 

closer to said desired performance; and 
said reinforcement is negative when said current perfor­

mance is farther from said desired performance. 
24. The apparatus of claim 22, wherein: 
said stochastic learning block is operable according to 

stochastic process characterized by current state and 
desired state, said process being described by at least 
state variable configured to transition said learning 
block from current state to said desired state; 

said hybrid learning rule is further configured to simulta­
neously effect reinforcement learning rule, unsuper­
vised learning rule, and supervised learning rule; 

said hybrid learning rule is characterized by a hybrid per­
formance function, comprising a simultaneous combi­
nation of reinforcement learning performance function, 
supervised learning performance function, and unsuper­
vised learning performance function; and 

said simultaneous combination is effectuated by at least in 
part on a value of said hybrid performance function 
determined at a time step t, said value comprising rein­
forcement performance function value, supervised 
learning performance function value, and unsupervised 
learning performance function value. 

* * * * * 
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