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Introduction

We often model synaptic plasticity as the change of a single number
(synaptic weight). In reality, there is a complex dynamical system inside a
synapse.

Semi-realistic models of synaptic plasticity have terrible memory without
synaptic complexity.

We will study the entire space of a broad class of models of complex
synapses to find upper bounds on their performance.

This leads to understanding of what structures are useful for storing
memories for different timescales.
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Synaptic learning and memory

Neuronal Hebb rule, STDP,
activity Triplet rules,...

Hopfield attractors, .
Gibbs sampling, ... Plasticity

Synaptic
efficacy

dditive weights,
Binary switch,
Cascade model,...
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Synapses are complex

Legend

Potentiated

mGIuR

Silent

ALtp
YLD

Depotentiation

Depressed

[Coba et al. (2009)] [Montgomery and Madison (2002)]

There is a complex, dynamic system underlying synaptic plasticity.
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Timescales of memory

Memories stored in different places
for different timescales

[Squire and Alvarez (1995)]
cf. Cerebellar cortex vs. cerebellar
nuclei.

[Krakauer and Shadmehr (2006)]
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Complex synapses

Different synapses have different
molecular structures.

[Emes and Grant (2012)]
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Section 1

Why complex synapses?
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Storage capacity of synaptic memory

A classical perceptron has a capacity o< N, (# synapses).

Requires synapses’ dynamic range also o . y ;
. . - . 'E. 15
With discrete, finite synapses: SR I b
— new memories overwrite old. o
-80 -60 -40 -20 20 40 60 80
time (s)

[Petersen et al. (1998), O'Connor et al. (2005)]

When we store new memories rapidly, memory capacity ~ O(log N).
[Amit and Fusi (1992), Amit and Fusi (1994)]
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Trade-off between learning and remembering

Learning Remembering

Very plastic @
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Trade-off between learning and remembering

Learning Remembering

Very plastic @ @
Very rigid @ @

Circumvent tradeoff: go beyond model of synapse as single number.
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Section 2

Modelling synaptic memory
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Recognition memory

Synapses given a sequence of patterns (pot & dep) to store
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Recognition memory

Synapses given a sequence of patterns (pot & dep) to store

Later: presented with a pattern. Has it been seen before?
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Quantifying memory quality

Have we seen pattern before? Test if Wigea - W(t) = 67
Wideal - W(00) ~ null distribution = ROC curve:

SNR(t)+® ' (FPR
ATPR=2 ( ( l)\lNR(t)( )>

o <V_'}idea| W( )> <W4dea|'V_‘}(OO)>
1 SNR(#) = \/Var Wideal* W (00)) ,

TPR

NNR(t) = ¢ Varlfiges #(t))

Var(vT/;dea| . VT/(X))

\/

FPR 1

== —t/T

Look at:  SNR(7) = (SNR(t)ge1ry.  P(t]7) =

T
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Models of complex synaptic dynamics
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Models of complex synaptic dynamics

@ Internal functional state of synapse — synaptic weight. ® weak
e Candidate plasticity events — transitions between states @ Strong

Potentiation

533999333,

Depression

States: #AMPAR, #NMDAR, NMDAR subunit composition,
CaMK Il autophosphorylation, activating PKC, p38 MAPK,...

[Fusi et al. (2005), Fusi and Abbott (2007), Barrett and van Rossum (2008)]
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Models of complex synaptic dynamics

@ Internal functional state of synapse — synaptic weight. ® weak
e Candidate plasticity events — transitions between states @ Strong

® o o o0 o0
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Models of complex synaptic dynamics

@ Internal functional state of synapse — synaptic weight. ® weak
e Candidate plasticity events — transitions between states @ Strong

Potentiation event
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Models of complex synaptic dynamics

@ Internal functional state of synapse — synaptic weight. ® weak
e Candidate plasticity events — transitions between states @ Strong

ooovooooo

Depression event

Metaplasticity: change propensity for plasticity
(independent of change in synaptic weight).
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Models of complex synaptic dynamics
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Models of complex synaptic dynamics

@ Internal functional state of synapse — synaptic weight. ® weak
e Candidate plasticity events — transitions between states @ Strong

Potentiation

893939939,

Depression

Metaplasticity: change propensity for plasticity
(independent of change in synaptic weight).
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Example models

Two example models of complex synapses.

Cascade model Serial model

’ ’ ’ ’ ’ ’ ’ ’ ’
L R e I S T NP A I WY

[Fusi et al. (2005), Leibold and Kempter (2008), Ben-Dayan Rubin and Fusi (2007)]
These have different memory storage properties

‘mi 1072

&

—Cascade
Serial
10° 102 10*
Mean recall time, 7
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Can we understand the space of all possible synaptic models?
How does structure (topology) of model — function (memory curve)?
What are the limits on what can be achieved?

Which transition topologies saturate these limits?

Can synaptic structure be tuned for different timescales of memory?
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Parameters for synaptic dynamics

There are N identical synapses with M internal functional states.

fpot Mpot

r Plasticit

p” events \ P(®) w
fiep /

Mdep
dl()i(tt) _ rp(t)WF, WF — fpotMpot + fdepMdep o |,
p=WF = 0.
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Memory curve given by
SNR(t) = VN(2fP4P) p> (MPt — M%) exp (rtW") w

SNR -1
NR(7) = \/N(szOtfdeP) p™ (Mpot _ Mdep) {I B I’TWF:| w.
Constraints: Mz."t/deP € [0,1], > Mz_ot/dep 1

Eigenmode decomposition:

SNR(t) = ZI e "t/

SN NZl+rT/Ta
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Section 3

Upper bounds
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Upper bounds on measures of memory

Initial SNR:
SNR(0) = SNR(0) < V/N.

1
€
1

Area under curve:

A:/oodtSNR(t): lim = SNR(r) < VN(M — 1)/r.
0 T—00

€

[Lahiri and Ganguli (2013)]
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Initial SNR as flux

Initial SNR is closely related to flux between strong & weak states
4/'N
SNR(0) < *rﬁ o,

Max when potentiation guarantees w — +1,
depression guarantees w — —1.
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Two-state model

Two-state model equivalent to previous slide:

1
Transitions: {} = SNR(t) = /N (4fPotfder)e=rt,

u?

1

Maximal initial SNR:
SNR(0) < V/N.
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Area under memory curve

A= /Oodt SNR(t),  SNR(r) > 2 as 7 o0
0

Area bounds memory lifetime:

SNR

SNR(lifetime) = 1
= lifetime < A. o '

lifetime
Time

This area has an upper bound:
A<VNM —1)/r.
Saturated by a model with linear chain topology.
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Proof of area bound

For any model, we can construct perturbations that

@ preserve equilibrium
distribution,

@ increase area.

e.g. decrease “shortcut” transitions, increase bypassed “direct” ones.
Endpoint: linear chain

The area of this model is

2/ N
A:rf

Pk [k = (k).
k

Max: equilibrium probability distribution concentrated at both ends.
[Barrett and van Rossum (2008)]
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Saturating model

Make end states “sticky”

Has long decay time, but terrible initial SNR.

lim A= VN(M —1)/r.
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Section 4

Envelope memory curve
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Bounding finite time SNR

SNR curve; -
NR =VvN -2
SNR(7) fza: 1+ r7/75

subject to constraints:

YI,<1, Y Lm,<M-1
a a

We can maximise wrt. Z,, 7,.
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Proven envelope: me

Upper bound on memory curve at any time.

Proven envelope Initial SNR:
© VN 1
X 102 ===
5 €
g VNM=1) VNM-1) i
§ rr+(M=1) N
£ NN
8 \
g_ 10' N
k5 \ Late times:
.E
g’ €
e - pe - N AARRRRAR,

Mean recall time, 7

[Lahiri and Ganguli (2013)]

No model can ever go above this envelope. Is it achievable?
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Achievable envelope

Numerical envelopes

© 10 ]
]
5 Serial topology:
=
£ o
a 10 1
|1
,‘é‘
g 100 4
o

——Proven envelope

== Numeric: all topologies

——Numeric: serial topology

o " " \ \
10" 10° 10! 102 10% 104

Mean recall time, 7
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Models that maximise memory for one timescale

Proven and numerical envelopes . . . 0.5

102\

10

—Proven envelope
—Numeric envelope!
—Current model

0.45

I
IS

e
w
o

o o

N w

o
uonnquisip wnuqinbg

o
o

0.15

Recognition performance, SNR(7)

0.1

\

10° 102 10* o
Mean recall time, 7

0.05
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Models that maximise memory for one timescale

Proven and numerical envelopes . . - 0.5
:Proven_ envelope 0.45
Numeric envelope|
= 102 —Current model 0.4
> E
5 0350
g <
8 =
s 03 g
£ 10! 5
i 0255
a @
5 02 7
2 .0 &
g 10 0.158
o
\ 0.1
o . . \ 0.05
10 10 10 0
Mean recall time, 7
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Models that maximise memory for one timescale

Proven and numerical envelopes . . - 0.5
—Proven envelope 1 0.45
—Numeric envelope! .
= 402 —_ —Current model 0.4
c E
Z 0.5
) 0350
g <
8 =
s 03 g
; 0 :
® 02532
8 02 &
= =
g 0.158
0.5
o
0.1
1 0.05
10
10° 10° 10* ! o
Mean recall time, 7
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Models that maximise memory for one timescale

Proven and numerical envelopes . . . 0.5

—Proven envelope
—Numeric envelope!
—Current model

0.45

I
IS

0.5

o o o
Now W
(5 o
uonnquisip wnuqinbg

o
o
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05
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Models that maximise memory for one timescale
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Heuristic envelope

Heuristic envelope

1 N
' ——Numeric envelope
, - - - Heuristic envelope
. VN 1 1
= 1 1
& 10? pLATT 1 1 1
1 1
% .
- 1
8 1
S 1
1
£ '
e} 1
% !
Q 10
c
5)
."é‘
g
o
10°
107

Mean recall time, 7
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Synaptic structures for different timescales of memory

Real synapses limited by molecular building blocks.
Evolution had larger set of priorities.

What can we conclude?

Short timescales — Intermediate timescales —— Long timescales
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Synaptic structures for different timescales of memory

Real synapses limited by molecular building blocks.
Evolution had larger set of priorities.

What can we conclude?

Short timescales — Intermediate timescales —— Long timescales

1 1 €
short & wide — long & thin
strong transitions — weak transitions

Subhaneil Lahiri (Stanford) Complex synapses October 28, 2015 31 /37



Section 5

Experimental tests?
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Proposed Experimental design

Subject a synapse to a sequence of candidate plasticity events.
Observe the changes in synaptic efficacy.
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Proposed Experimental design

Subject a synapse to a sequence of candidate plasticity events.
Observe the changes in synaptic efficacy.

EM algorithms:
Sequence of hidden states — estimate transition probabilities
Transition probabilities — estimate sequence of hidden states
[Baum et al. (1970), Rabiner and Juang (1993), Dempster et al. (2007)]

Spectral algorithms:
Compute P(wy), P(wy, wa), P(wi, wo,w3),...  from data,

from model.
[Hsu et.al. (2008)]
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Fitting algorithm

irue moaer simuiation

wpot

ot dep ESUMAea moael

.
o -

T
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) .
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1 |
State
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Fitting algorithm

1rue mogel Esumatea mogel
pot_dep
WPt

MV |

From

wetrics

From

Ln distance

[*

To
Initial

State

A Log Likelihood
Ln distance
0
®.

Update #
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Fitting algorithm

1rue moce!

Esumatea mogel

pot_dep
strong weak
3

wetrics

From

Ln distance

[*

To To
Initial § A 10 Initial
State 3 ~ g State
—_— B 15
a N L L L L L L L

Subhaneil Lahiri (Stanford) Complex synapses October 28, 2015 34 /37



Fitting algorithm

To arison with previous estimate To
‘

Update #
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Fitting algorithm

Update #
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Fitting algorithm

Update #
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Fitting algorithm
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Fitting algorithm

Update #
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Experimental problems

Need single synapses.
Need long sequences of plasticity events.

Need to control types of candidate plasticity events.

Need to measure synaptic efficacies.

When we patch the postsynaptic neuron — Ca washout.
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@ We have formulated a general theory of learning and memory with
complex synapses.

@ The area under the memory curve of any model < linear chain with
same equilibrium distribution.

@ We find a memory envelope: a single curve that cannot be exceeded
by the memory curve of any synaptic model.

@ Synaptic complexity (M internal states) raises the memory envelope
linearly in M for times > O(M).

@ We understood which types of synaptic structure are useful for storing
memories for different timescales.

@ Gap between envelope and what we can achieve at early times?
@ Trade-off between SNR at different times?
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Techinical detail: ordering states

Let T;; = mean first passage time from state / to state j. Then:
n=>_ Tip},
J

is independent of the initial state i (Kemeney's constant).
[Kemeny and Snell (1960)]

We define:

nt= > TR om = ) TRy

Jj€Estrong j€Eweak

They can be used to arrange the states in an order (increasing = or
decreasing n™).
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Technical detail: upper/lower triangular

With states in order:

(S

Endpoint: potentiation goes right, depression goes left.
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