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Neural networks learning

Neural Network Learning = Neural Network Model + Learning Algorithm
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Neuron Model +  Network Architecture  e.g., BP algorithm
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MP Neuron Model, 1943

e.g., feed-forward e.g., recurrent
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little explored extensively studied



Spiking neuron model
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spiking neuron model

Leaky Integrate-and-Fire equation (LIF)

denotes the "leak" term
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Computation Procedure

Step 1: Integration

du =
Tm—7; = —U+ W; T;
TP

Step 2: Firing
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Raster Illlustration

SPIKING NEURAL NET CREATED
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Values are Random from 4 to 8
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Inhibitory Probability =

spike sequence hidden




Computation P;

Step 1: Integratior

du B
Ty T

Step 2: Firing

foruw— 85, wo...

Time

spike sequence

Potentials:

» Sparse computation

* Event-driven

* Temporal representation
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Two key Issues:
* Theoretical Understandings

» Killer Applications
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Investigation from dynamical systems

uZ(t_) A

du ik
T —— = —U WX,
TS

@ multiply u on both sides
\

T du? 9 ( i )
—— = —u" + szx@ U
2 dt ;
=1 energy estimation

energy function
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#H(u,t) denotes the integral of motion u?.
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Bifurcation

B 1 dH .
energy derivative — <0 — >0 energy increases

Tm dt (F AR S)

dH du 1 (& 2, 1 dH hanged
2 o | 2 s __“ —~ _—o 2t _p energyunchange
a " [ a " ( T )] 4 ™ dt (RFR)
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1 >0 dH 0  energy decreases

: — < >
relies on 7y, . Tm dt FEERS)
not on connection weight w;

Theorem 1. Given the initial condition u, = 0, the An improper setting of ,,, will disable
dynamical system led by one layer of LIF neurons the possibility of proper learning.

Is a bifurcation dynamical system, and t,,, is the Before learning, one can hardly

corresponding bifurcation hyper-parameter. know how to set a proper t,,.




To make the bifurcation hyper-parameter adaptive
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O Gradient-based approach LIF solution: u(t) = ) w; 5!/ exp (r'—'\> i (s) ds]
=1 Lt e
» Alternating gradient optimizaton ~___--~ entangled
lack of convergence guarantee Gradients: ) S— -
VT Zwi E/ exp (t — 8) (s—t'):{lzz(s)ds] :
» Pack t,,, and w; as one parameter y =1 W ____ N ’f}"f __________ ;
v Cexp (22 (s)d
easy to fall into the problems of | Vwioc | [ exp | —— Jaifs)ds
|

gradient explosion and vanishing <
Integration on the time interval

O Zero-order approach

succeeds on an apposite initialization and larger computation and storage



Our solution: Introducing the mutual promotion

BSNN (Bifurcation Spiking Neural Network)

Input Hidden Layer

O employs the self-connection structure S wax
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mutual promotion zm _—

between neurons =1

O leaves learnable connection weights
and mutual promotion parameters



BSNN (Bifurcation Spiking Neural Network)

energy derivative upper bound: 271
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Theorem 2. If the bifurcation parameters A;; are all great
than 0, there are at most 2™~ bifurcation solutions, BSNN Is calculable and has enough

solutions to be adaptive to data/environment.
where n is the number of hidden spiking neurons.




Experimental Results | ------- oo

1
1
1
. Best Accuracy Fastest Convergency Robustness
1
|
| Table 2: The comparative performance of the contenders and BSNN. ; ‘ :
— BSHN
: Data Sets Contenders Accuracy (%) Setting Control Rate () Epochs I . —z'i:"-} |
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Further Research ..

O approximation to

O adaptive dynamical systems discrete-time dynamical systems

Theorem 3. Let K C R™ be a compact set. If the .\'/)ike‘ .
e = = : excitation function [, is l-finite and w; € R for any i € |n|, un'Versal
greal than 0, there are [at most 2 btfurcatton solutmn.ﬂ mn then for all v < |l], there exists some time L such that the

BS the neuron model. set of IFR functions [(-,1) : K — R of the form [(x,l) = appr0X|mat|0n
Zi(.[”[ w; [i(x, 1), is dense in C" (K, R).

Theorem 2. Let H(n) denote the maximum possible number Theorem 4. Given a compact set K™ C R™, a probability

. . . . . ) PP, > : ofr & ~m > v > i
of bifurcation solutions of dynamical systems in BS the neuron meunire J5 ang o radial funcrion g : K= -+ B. For some olvnomial
. = o N . N apposite spike excitation function [. and any ¢ > 0, there p y

model with n-order polynomial bifurcation fields in BS the

Theorem 1. If the bifurcation hyper-parameters A;; are all

exists some time | such that the radial function g can be well pa ram eter
neuron model. Then [H(n) is calculable] and we have H (n) € approximated by a one-hidden-layer scSNN of O(Cm'/*)
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Theorem 5. Let n > m. Let (L) € w(Ax) and E(xy) = Mg :
Ca|CU|ab|e Jor A\, > 0, k € [m], and t € |T|. If V is a non-degenerate pOIynom|a|

matrix, then for any ¢ > 0 and matrix G < R™*™ with

enou g h a d a ptlve SOl Utl ons ' [|Gll2 < oo, when the time complexity satisfies tl me

N v (<] P complexity
z" > —— T "
! ( VIVl )

» Shao-Qun Zhang and Zhi-Hua Zhou. Theoretically , _ _
o . . there exists some one-hidden-layer scSNNs with the IFR vector
Provable Spiking Neural Networks. In: Advances in F=Cfa,..., 1T el i
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Neural Information Processing Systems 36 (NeurlPS'22),
in press. 2022.

» Gao Zhang and Shao-Qun Zhang. Structural Stability of
Spiking Neural Networks. arXiv:2207.04876. 2022.
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For details

Focus:

» Shao-Qun Zhang, Zhao-Yu Zhang, and Zhi-Hua Zhou. Bifurcation Spiking Neural Network. Journal of Machine
Learning Research (JMLR), 22(253):1-21. 2021.

Others:

» Shao-Qun Zhang and Zhi-Hua Zhou. Theoretically Provable Spiking Neural Networks. In: Advances in Neural
Information Processing Systems 35 (NeurlPS'22), in press. 2022.
» Gao Zhang and Shao-Qun Zhang. Structural Stability of Spiking Neural Networks. arXiv:2207.04876. 2022,

You can find the detailed proofs and codes Thank YOU |
on the Homepage of Shao-Qun Zhang.
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Contact me by email at zhangsg@Ilamda.nju.edu.cn
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