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1. Background
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Background

State-Space Models (SSMs) Spiking Neurons (SNNs)
® long sequence modeling ® sequence modeling
® parallelization ® recurrent non-linearity
® general dynamics ® neuro-inspired dynamics
® continuous-valued ® spike-based

Our work — general linear SSM-based Multi-input
Multi-output (MIMO) spiking neurons
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Singe-Input Single-Output (SISO) vs Multi-Input Multi-Output (MIMO)

(a) Single-Input Single-Output (SISO) spiking neuron (b) Multi-Input Multi-Output (MIMO) spiking neuron
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2. Methods
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2. Methods

2.1 General spiking neuron model
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Background - LIF model

The discrete-time LIF neuron:
uft + 1] = ault] — abseu[t] + (1 — )i[t]

Sout[t] = f(u[t]) = {(1) :ti:lvizse(.)
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LIF model vs General

The discrete-time LIF neuron:
uft + 1] = ault] — abseu[t] + (1 — )i[t]

Sout[t] = fiult]) = {(1) 'cfth“ﬁlwie”

A discrete-time general n-dimensional spiking
neuron:

v[t + 1] = Av[t] — Rsou[t] + Bi[t]

sout[t] = fa(v[t]) = {1 if v[t] € ©

0 otherwise

Parameter

State

State transition

Reset

Input transition

Threshold

LIF General
neuron neuron
u v
« A
ab R
(1-a) B

0 (C]
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Background - AdLIF model

Discrete-time adLIF is defined as follows

u[t + 1] =au(t] — abseue[t] + (1 — @)i[t] — (1 — a)v[t]
v[t + 1] =au(t] + Bv[t] + bsou[t]
Sout[t] =fi(ult])

Re-written in matrix form:

e e [+ K R R
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AdLIF model vs General model

The discrete-time adLIF neuron: A discrete-time general n-dim. neuron:
ut+1]] _la —(1—a)| |ut] v[t + 1] = Av[t] — Rsou[t] + Bit]
vt +1] g v[t] vl e o

IT v|t| €
—ab 1—«of. Sout|t] = fo(v[t]) =
+ [ g }sout[t] + { 0 “} i[t] ouelt] = fo (v[t]) {O otherwise
Sout[t] :f/l(u[t])
Parameter LIF neuron General neuron

State [u[t] vt v

State transition —(1-a) A
a B

Reset R = —ad R
b

Input transition ! 6 “ B

Threshold 0 ()
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2. Methods

2.2 General Spiking Model vs State Space Model
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General Spiking Model vs State Space Model (SSM)

A discrete-time general n-dim. neuron:

v[t + 1] = Av[t] — Rsyu:[t] + Bi[t]

lifv[t] e ®
0 otherwise

Sout[t] = fo(v[t]) = {

Parameter | Dimension
A nxn
B nx1
Sout[t] 1x1
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General Spiking Model vs State Space Model (SSM)

A discrete-time general n-dim. neuron: A discrete-time linear SSM can be written as

v[t + 1] = Av[t] — Rsyu:[t] + Bi[t] v[t+ 1] = Av[t] + Bi[t]

Lifv[t]e © y[t] = Cv[t] + Dilt],
ol = B 0D = {0 otherwise
Parameter | Dimension
Parameter | Dimension g nnxxnf?
g i ;.1 9 Noyt X N
;.1 " 1 D Nout X Nijp
Sout[t] X Sl o >
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2. Methods

2.3  Proposed Models
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Proposed Model

Our Multi-input Multi-output (MIMO) spiking
neuron is given by
v[t + 1] = Av[t] + Bi([t]
y[t] = Cv[t] + cvias

Sout[t] = fo(y([t])

Parameter | Dimension
A nxn
B nx nj,
(o Nout X N
Chias Nouyt X 1
i[t] ni, x 1
Sout[t] Nout X 1
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Proposed Model vs General Spiking Model

Our Multi-input Multi-output (MIMO) neuron
with n;, inputs and n,,; outputs is given by

A discrete-time general n-dim. neuron:

v[t + 1] = Av[t] — Rsou[t] + Bi[t]
v[t + 1] = Av[t] + Bi[t]

lifv[t] e ©
ylt] = Cult] + o salt] = o (vIt) = {0 e
Sout[t] = fi(y[t])
- . Parameter | Dimension
Parameter | Dimension B 1
g 1 X Min ilt] 1x1
sl | 101
1as out
i[t] nip, x 1
sout[t] Nout X 1
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[[lustration

Layer of h neurons with Layer of h neurons with

Nout Output and n;, input dim. Nyt Output and ng, input dim.
Wof size

(Riout, himin)

(a) Single MIMO neuron. (b) An example network.
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Research Questions

® Neuron state dimension vs number of neurons trade-offs?

® What structures of the state-transition matrices should be preferred?

® What should be the number of input and output channels?

® Performance lost in spiking-based neuron vs continuous-valued neuron?

® Can multi-output compensate for the information loss in spiking-based neuron?
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1. Background

2. Methods

3. Results
3.1 Number of Neurons vs Dimension of Neuron’s State
3.2 Effect of Increasing Input and/or Output Dimension
3.3 Combined effect of Input/Output Dimensions, Activation Function, and State transition structure

4. Conclusions
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Activation Function

When is the activation function f applied?

f(x)

What activation functions are used in our work?

Non-Signed spike function

== Signed spike function
- GELU srmnenananans

-15 -1.0 =05 0.0 0.5 1.0 15
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Experimental Set-Up

® SSM-Neuron Parametrization - Diagonal A = A and Non-Diagonal A = Q"AQ where Q is
the DFT matrix. In both |A;| < 1 for stability.
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Experimental Set-Up

® SSM-Neuron Parametrization - Diagonal A = A and Non-Diagonal A = Q"AQ where Q is
the DFT matrix. In both |A;| < 1 for stability.

(a) Diagonal (b) Non-Diagonal
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Experimental Set-Up

® SSM-Neuron Parametrization - Diagonal A = A and Non-Diagonal A = Q"AQ where Q is
the DFT matrix. In both |A;| < 1 for stability.
® Types of models based on input/output dimensions
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Experimental Set-Up

® SSM-Neuron Parametrization - Diagonal A = A and Non-Diagonal A = Q"AQ where Q is
the DFT matrix. In both |A;| < 1 for stability.
® Types of models based on input/output dimensions
Parameter Dimension

Single-Input Single-Output (SISO) | njy = 1,5y =1
Multi-Input Multi-Output (MIMO) | nip > 1, noyr > 1
Single-Input Multi-Output (SIMO) | njp =1, ngy > 1
Multi-Input Single-Output (MISO) | njpp > 1, ng =1
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Experimental Set-Up

® SSM-Neuron Parametrization - Diagonal A = A and Non-Diagonal A = Q"AQ where Q is
the DFT matrix. In both |A;| < 1 for stability.

® Types of models based on input/output dimensions

® 2 hidden layer network trained using BPTT with surrogate gradient 30 epochs.

20/37



Experimental Set-Up

® SSM-Neuron Parametrization - Diagonal A = A and Non-Diagonal A = Q"AQ where Q is
the DFT matrix. In both |A;| < 1 for stability.

® Types of models based on input/output dimensions

® 2 hidden layer network trained using BPTT with surrogate gradient 30 epochs.

® Dataset - Spiking Heidelberg Digits (SHD)
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3. Results

3.1 Number of Neurons vs Dimension of Neuron’s State
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Number of Neurons vs Dimension of Neuron's State

Table: Number of hidden neurons h and state dimension of neurons n for h x n = 2048, where 2
hidden layered model is used with SISO signed-spiking neurons and diagonal state transition matrix.

h n Accuracy
1024 2 88.1 + 0.8 %
128 16 883+13%
64 32 874+ 1.0%

32 64 84.1+16%

16 128 741 +23%

2 1024 120+ 56 %
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3. Results

3.2 Effect of Increasing Input and/or Output Dimension
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Effect of Increasing Input and/or Output Dimension

Table: Neurons with diagonal transition matrix and signed-spiking activation function used.

Architecture used h = 32, n = 64.

Type Input Output Accuracy
Dim Dim
SISO 1 1 83.4+12%
1 8 80.0 + 0.8 %
SIMO 1 64 885+ 1.6 %
1 128 89.2 + 1.4 %
8 1 383+ 4.6 %
MISO 64 1 343+ 42 %
128 1 36.8 +3.7%
8 8 62.3+3.9%
MIMO 64 64 729 + 4.4 %
128 128 75.6 + 2.8 %
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Effect of Increasing Input and/or Output Dimension

Table: Neurons with diagonal transition matrix and signed-spiking activation function used.
Architecture used h = 32, n = 64.

Type Input Output Accuracy
Dim Dim
SISO 1 1 83.4+12%
1 8 80.0 + 0.8 %
SIMO 1 64 885+ 1.6 %
1 128 89.2 +1.4 %
8 1 383+ 4.6 %
MISO 64 1 343+ 42%
128 1 36.8 + 3.7 %
8 8 62.3+3.9%
MIMO 64 64 729 + 4.4 %

128 128 75.6 £ 2.8 %
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Effect of Increasing Input and/or Output Dimension

Table: Neurons with diagonal transition matrix and signed-spiking activation function used.

Architecture used h = 32, n = 64.

Type Input Output Accuracy
Dim Dim
SISO 1 1 83.4+12%
1 8 80.0 + 0.8 %
SIMO 1 64 885+ 1.6 %
1 128 89.2 +1.4 %
8 1 383+ 4.6 %
MISO 64 1 343+ 42 %
128 1 36.8 +3.7%
8 8 62.3 + 3.9 %
MIMO 64 64 729+ 4.4 %
128 128 75.6 + 2.8 %
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3. Results

3.3 Combined effect of Input/Output Dimensions, Activation Function, and State transition structure
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Table Backgorund

Table: Architecture used h = 32, n = 64. SIMO with output dimension of 128.

State Transition Matrix Single/Multi- Activation Function Accuracy
Input/Output

Non-Sgn Spikes 79.9 £22%
Diagonal SISO Sgn Spikes 83.9+09%
GELU 87.4+11%
Non-Sgn Spikes 86.6 £ 1.2 %
Diagonal SIMO Sgn Spikes 895+ 13 %
GELU 904 +12%
Non-Sgn Spikes 799 £31%
Non-Diagonal SISO Sgn Spikes 83.4+16%
GELU 84.1+19%
Non-Sgn Spikes 83.6 £ 25 %
Non-Diagonal SIMO Sgn Spikes 846 +13%
GELU 879 +13%
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Impact of Multiple-Output Channels

Table: Architecture used h = 32, n = 64. SIMO with output dimension of 128.

State Transition Matrix Single/Multi- Activation Function Accuracy
Input/Output

Non-Sgn Spikes 79.9 £22 %
Diagonal SISO Sgn Spikes 839+ 09 %
GELU 874 +1.1%
Non-Sgn Spikes 86.6 + 1.2 %
Diagonal SIMO Sgn Spikes 895+ 13 %
GELU 904 +12%
Non-Sgn Spikes 799 +£31%
Non-Diagonal SISO Sgn Spikes 83.4 1.6 %
GELU 84.14+19%
Non-Sgn Spikes 83.6 £ 25 %
Non-Diagonal SIMO Sgn Spikes 84.6 1.3 %
GELU 879+ 13 %
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Spike-Based Communication

Table: Architecture used h = 32, n = 64. SIMO with output dimension of 128.

State Transition Matrix Single/Multi- Activation Function Accuracy
Input/Output
Non-Sgn Spikes 799 +22%
Diagonal SISO Sgn Spikes 839+ 09 %
GELU 87.4+11%
Non-Sgn Spikes 86.6 + 1.2 %
Diagonal SIMO Sgn Spikes 895+ 13 %
GELU 904 +12%
Non-Sgn Spikes 799 +31%
Non-Diagonal SISO Sgn Spikes 83.4 1.6 %
GELU 84.1+19%
GELU 879 +13%
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Coupling of State Variables of a Neuron

Table: Architecture used h = 32, n = 64. SIMO with output dimension of 128.

State Transition Matrix Single/Multi- Activation Function Accuracy
Input/Output

Non-Sgn Spikes 799 +22%
Diagonal SISO Sgn Spikes 839+ 09 %
GELU 874 +11%
Non-Sgn Spikes 86.6 + 1.2 %
Diagonal SIMO Sgn Spikes 895+ 13 %
GELU 904 +£12%
Non-Sgn Spikes 799 +31%
Non-Diagonal SISO Sgn Spikes 83.4 1.6 %
GELU 84.14+19%
Non-Sgn Spikes 83.6 £ 25 %
Non-Diagonal SIMO Sgn Spikes 84.6 £13%
GELU 879 +13%
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4. Conclusions
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Conclusions

® Promising results can be achieved using our proposed general SSM-based MIMO neuron
compared other neuro-inspired SNN results such as LIF and adLIF.
® Trade-offs among various parameters:
® neuron state size vs number of neurons
® number of input/output channels
® activation functions
® In networks with low number of neurons with large internal states, using multiple-output
channels may improve the performance significantly
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Thank you!
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Other tables

Other tables
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Additional table

Table: Input-Output dimension comparison and trade-off. Neurons with diagonal transition matrix
and signed-spiking activation function used. Architecture used h = 128, n = 16.

Type Input Output Accuracy
Dim Dim
SISO 1 1 88.8 +1.0%
1 8 87.7+1.0%
SIMO 1 64 90.0 + 0.7 %
1 128 89.9 + 0.8 %
8 1 59.8 + 2.0 %
MISO 64 1 523+ 2.4 %
128 1 542 +33 %
8 8 755+ 2.0 %
MIMO 64 64 765+ 22 %

128 128 78.0+£1.9%
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Additional table

Table: Architecture used h = 128, n = 16. SIMO with output dimension of 128.

State Single/Multi- Activation Accuracy
Transition  Input/Output Function
Matrix
Non-Sgn Spikes 87.4 =12 %
Diagonal SISO Sgn Spikes 883+07%
GELU 88.8 £ 0.7 %
Non-Sgn Spikes 89.2 + 1.0 %
Diagonal SIMO Sgn Spikes 90.2 0.9 %
GELU 895+ 1.1%
Non-Sgn Spikes 86.1 = 1.5 %
Non-Diagonal SISO Sgn Spikes 86.5+ 1.0 %
GELU 86.7 1.5 %
Non-Sgn Spikes 86.1 + 1.2 %
Non-Diagonal SIMO Sgn Spikes 875+18%

GELU 88.2+ 0.7 %
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