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NATURAL-GRADIENT LEARNING
FOR
SPIKING NEURONS
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K What is synaptic strength?

/ ........ 0
O S
&
. . ﬁ
dendritic EPS S
: c
amplitude &
.......................... o
i} =
......... 3

somatic EPSP % = ()
amplitude |

- Many equivalent ways to describe the strength of a synapse.
—> What really matters is the neuron's firing wrt. synaptic input.
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n-gradient-based-learning depends on parametrization
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Euclidean-gradient-based-learning depends on parametrization
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Euclidean-gradient-based-learning depends on parametrization
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Euclidean-gradient-based-learning depends on parametrization
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Different parametrizations lead to different predictions—> inconsistent
and 1nefficient!
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Suboptimal choice of paramterization leads to inefficient
Euclidean-gradient-based-learning
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Natural-gradient learning

Natural gradient descent
follows steepest descent
direction of cost function on
manifold of output
distributions.

cost
function ic ] Ol

statistical | ®xp(z,y) o
manifold [P *XP (, )
parameter

Xw”

spaces XW R




Learmng rule
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Euclidean gradient descent
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K Learning rule

Euclidean gradlent descent
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Natural gradient descent
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Learnlng rule
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Euclidean gradient descent

w=-n[Y" " —o(V)] ¢ (V)
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Natural gradient descent
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* Keeps error term and homosynaptic term of EGD-learning.

* Introduces global and synapse-specific learning rate scaling and
heterosynaptic plasticity.

* Global terms can 1n many cases be locally approximated.
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K Synaptic democracy
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erplay of homo- and heterosynaptic plasticity
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* Natural gradient yields a parametrization-independent plasticity (
rule.

\l\) Conclusion O/
\
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* Learning with the Natural gradient rule 1s faster than with the
standard Euclidean gradient descent rule.

* The natural gradient learning rule predicts the existence of
"synaptic democracy" and heterosynaptic plasticity.
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What is synaptic strength?
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What is synaptic strength?
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K Approximation
\l\@ LA . B

K <

o =

E E

% @

45 0.25 1 w5 0.25 1

| = =

.2 =

3] 9]

o o

g e

0.0 T 0.0 4 -
( 45 90 () 45 90
angle Fisher metric [deg] angle Euclidean metric [deg]
approximation _ approximation
10—+ == natural gradient 10— == natural gradient
— = Euclidean gradient 3 = Euclidean gradient
- :
¥ = =
= 10" 4 101 4
S ]
(0 ol 100 0 ol 100

C

¢'(V)
(V)

w1 V=0 S @) [ ey eV S (w) |




\

O

Backup
B

o
! . - Ow!
Cd de_ _ c If [.wd” >
E
=
I
=
CH[_wH

acr

ow”

C"
A _1(1:_ fe, 1(1(
. Jlw )8-11:-“
E)4
{:.'.f.
I
=
z
-
F::..
N Y LO0C"
Aws — fr(wd}_?": |
y o Jw®
Aw' = —
Hw®

dendritic
amplitude
A

dendritic weight
change

a8ueYd JYFom
oS SAYOAR

reparametrization
uonezinaweiedar

somatic weight
change

somatic
amplitude

learning




Backup

\ 4

A«

AV alil
A it = e d [y "1 9C
O w Il Gl 5 ace dendritic learning dendritic weight

1 dj| , dy—1 : 1 .
G4 ] - ff|u,f| G* flu1 = A\ ! f’{u, } G* [u ] amplltude ....... . ;!"!L ________ change
R
g { . v <l <
= S-S S LI R =
n 5 : . Qo % 1S
N . © P S x|
= = N : . I E
N — - -
-, E_ E . . g w g
I — = . . L O il=
* = = x| T h T LI =] 3 s =.
= = © Q ~;7 IN
= C:L._ © . - . " [1)] o g':
E}' matchys” % 5. 5 4 S
r;-: : o,". '

" ) . . . . = ') . Smme . '

) Aw = — ] 19C somatic . somatic weight

s dw® : learning h
5w wor 190 amplitude change
T | ! ['-’.U]

ows



\

Backup

0.00 'A .
Y [
°
& —0.04 1
0 o0
r
0.00 L
. L
® ]
& —0.12
—0.24 4 T
0 200
T
0.00 @ o o
& —0.45
® samples
approximation
—0.90 -
0 5000

n*xr

0.00 1 B
o0
M ]
S —0.01 1
0
—0.02 T
0 50
r
F
0.00 7 ®
° o
& —0.02 ~'
—0.04 T
0 200
n
J
0.06 7
]
oy @
& 0.03 1
samples
’ bisecting
0.00 +—— ._
0.00 0.03 0.06

5

ag;

0.00 - C
M 0
—0.01 A
0
—0.02 T
0 o0
r
0.00 1 G .
0 o
—0.02 -'
0 200
Vi
K
3.00 1 .
0.00 /
® samples
. bisecting
—3.00 : 3
—3.00 0.00  3.00
gV

0.08 1 ® samples
mean
san.m-i E g ; :
® 9 o
0.00 ;
0 50
,
H
0.08 1 ® samples
mean
S 0.049 a I l
0.00 T
0 200
T
3.00 7 °
= (.00 1
‘ Amples
b bisecting
—3.00 T !
—3.00  0.00 3.00

o,V




Different types of plasticity
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