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Overview of topics

a Basic description of neural networks
a Standard STDP learning rule

a Description of the new approach

a The STDP-TTS

a Test environment

a L earning features
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Artificial neural networks

a2 Are a computational model
inspired from the analysis of
biological neural networks. A
huge number of small units
(neurons or cells) interconnected;

@ Neurons communicate using
spikes;

» Biological neural networks are
able to learn and adapt to
external stimuli. Can we make
artificial neural networks learn
from external stimuli?
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Spike Timing Dependent Plasticity
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Implementation

Triggering the STDP algorithm

The usual way:

-

PRE (-) LTD o
Y

POST (+) T T LTP

STDP is triggered on:

4 Pre-synaptic spike arrival (LTD)

# Post-synaptic spike emission (LTP)

School of Computer Science

The SpiNNaker way:

- LTP
PRE (-) LTD &_} TIME
AXIS

TT T

a STDP is triggered only on pre-synaptic
spike arrival (LTD and LTP)

a Weights are available only at pre-
synaptic spike arrival.

a Since LTP needs future information, the
algorithm needs to be deferred until the
time window is filled

Sergio Davies SpiNNaker
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New approach

# |s it possible to simplify the STDP model so that its
implementation on SpiNNaker is more performant
(from both memory and computational points of view)?

a To avoid the Deferred Event Model, we need to have
statistics that tell us when a neuron is going to fire in
the future (at least with some probability).

- LTP
Wy
PRE (-) —>  TIME

= ‘ AXIS
»
T Spike Forecast

¥
POST (+) T T i

Current simulation time
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Statistical approach - 1

a The idea is: the higher the membrane potential of a
neuron (that receives a spike), the sooner it is likely to
emit an action potential.

a Starting with a random network

b

of Izhikevich neurons,
fed with input to random S e Ul ea S 21
. . ,. *u; x}. .,-:H;. _"ﬂ"‘i‘nﬁkﬁﬂﬁ __ .__’_
neurons with random delays; « /.20 _gwﬁ,

a2 We store all the activity in the
network (especially membrane
potential evolution).
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Statistical approach - 2

Raster plot in Matlab (fixed—point)
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;i Statistical approach - 3
§ Outgoing spikes |
: T
Y
o) ; »Time
#——f 1TTS (V3) |
Membrane potential * : 4:' ETFS (V2) E
(mVv) — LTS (V1) !
2 We evaluate all the R s A
: i ; Iri
couples (membrane .
potential; time-to-spike) o \\
' \\ V4
\\ V3 :
Membrane V2 :
Membrane potential , re*f'et| V1 Membrane potential
otentia
Membrane reset potential '
== == : Firing threshold >Time
N A
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Results of the statistical approach

a Representation of all the couples computed before
Sliding window (512 samples)

Raw representation filtered representation
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The STDP-TTS

a The wider the STDP time window, the greater the

uncertainty of the forecast of the time-to-spike. We limit
the STDP time window to 32 msec.

Forecast limited to
The learning window
30 ‘ ‘ ‘ ‘ ‘ __7‘512 |

0 ‘ ‘ ‘ ‘ I
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Membrane potential (mV)
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(msec)
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32 msec

3 msec
1 msec

Time-To-Spike forecast
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Input provided
Solution: in red the pattern

J91saypuey Jo
Kyisianiun ag L

_lih.ﬂ-.ll.-“_.ﬁ.ll‘\l. &
By N R FE SR T el

I I e T A TR R s A o ATt T M T
-_-_l.r-a_.f? o "I ._._-h_v.-_.whﬂ- N ._-.r-il#lf ll_-!rlt.vu
.—fi-t.t.-rfi t.ﬁr--.l- i P .—l_.rii!.-.._it.l-- Foing? g r
YA A Ll Rt Pt PN IR L W M
A G N S oY G R
[F" & L + S o 1-.‘..-.-..‘”-.‘. ai e Rruse

ﬁfﬁ’lﬂﬁ.—iﬁﬁ‘ rl. l..-.ﬂ.f-.'.-f o -ﬂ_ .-.‘.-_!.-. l.fi * w'e .

| uodnaN

. ®

i L - -

3 . [N 0 - e -1!—1-._.

.-lrﬁ-}-_-.rlﬂﬂ‘ﬂﬁﬁhﬁ'fﬂﬂ ¥, Hti.__.- .Hiwolh?’ T el
_”-

700 800 900

Simulation time (msec)

400 500 600

100 200 300

SpiNNaker

Sergio Davies
A forecast-based biologically-plausible STDP learning rule

School of Computer Science
Research Symposium 2011



Yy
er

The Universit
of Manchest

MANCHESTER
1824

Testing the features

a To test this forecast learning rule we use as a
benchmark the tests ran by Masquelier et al. in 2008
and 2009.

NEURON INPUT LAYER NEURON INPUT LAYER NEURON INPUT LAYER

W U O
N\~
RN

QO 0O (O
./
Inhibitory connection Inhibitory connections

NEURON OUTPUT LAYER NEURON OUTPUT LAYER NEURON OUTPUT LAYER
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Results of the tests - 1
STDP-TTS (with forecast)

Standard STDP
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Results of the tests - 2
Two output neurons — one input pattern

Standard STDP STDP with forecast

“Neuron 1 Neuron 1

200 180
1801 : . : e 160l
1601 | a0l
140}
120f
120} .
100
W -
80 [ L . N -
s . 0 . 60r - .-,
60 ey L 1 EE
g v gy ;. 40t 3
40 Pl v’&g‘\‘ | . . . L
L N Sty
. . ;". . e PR =
20 {',;.Mmq,f_wf.";‘ i .- .y 20+ '-"','(;r""'_'-k |
e e " . 3. .t b e
o T E PN i o~y . V9
OB el . T B A AL o ‘ ‘ . . L L .
0 1 2 3 4 5 6 7 8 9 10 0 1 2 3 4 5 6 7 8 9 10
x10* x 10°
Neuron 2 Neuron 2
200 ; ; ; , . ‘ 200 ; ; ; ; :
180 | K : . — 1800
160, . . . 1 160}
wl R . ) i 140
120 . - : . R 120+
100F © - . e T 100"
80F. -
N o
w0l L
- ™ R L
20
0 .
0 3
x10* x 10°

School of Computer Science Sergio Davies SpiNNaker
Research Symposium 2011 A forecast-based biologically-plausible STDP learning rule y



ity

The Universit
of Manchester

Pattern 1

Pattern 2

MANCHESTER
1824

Results of the tests - 3

Four output neurons — two input patterns
standard STDP

Neuron 3
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Neuron 4
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Results of the tests - 4
Four output neurons — two input patterns

Neuron 1

STDP with forecast

Neuron 2

Neuron 3

Neuron 4
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Thank youl!l

STDP
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Questions???
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Limitations of the new rule

s STDP with forecast

cannot tune
to the earliest
spikes

The forecast

function is related

to the type of

|zhikevich Membrane

reset
potential

neuron
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The Izhikevich phase space
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Implementation on SpiNNaker
CoH T
3 S | .’II'.'.'.'.'.'.'.'.'.';H o

: Incoming spike delayed by synapse

T I T I Synaptic delay
Pre - -

— » time
R . Forecast based on the current
..... ) | neuron membrane potential
.................... S
Post » time
— Real outgoing spike
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