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Abstract

BrainScaleS-2 is a spiking neuromorphic platform that promises accelerated em-
ulation of biological neural networks. As a first step towards emulating memory
consolidation in recurrent neural networks that incorporate the synaptic tagging
and capture (STC) hypothesis and calcium dynamics in their synaptic model, we
investigate the behavior of a single synapse. We simulate the standard plasticity
protocols for a single synapse that induce different plasticity mechanisms. We then
account for the computational time required by the digital circuits of BrainScaleS-2
to update the synaptic weights. By simulating the model using different timescales,
we show that the root-mean-squared error (RMSE) in synaptic weights obtained at
a slow timescale compared to synaptic weights obtained at the original timescale can
be tolerated up to a certain time beyond which the behavior of the protocols diverges
from their expected behavior. We argue that the final assessment of the weight up-
dates depends on the full-network simulation where we use memory performance
measures that depend on the synaptic weights.
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Introduction

With the rising need for parallel and energy-e cient computing, the standard Von
Neumann computer architecture fails to satisfy these requirements due to its mem-
ory constraints and use of sequential commanding that hinder the computing per-
formance (Schuman et al., 2022). Inspired by the human brain's architecture and
connectivity, neuromorphic computing promises to ful Il these needs using a spik-
ing neural network architecture. Neuromorphic architectures possess processing-
memory collocation similar to the neuron-synapse functionality in the brain assum-
ing the neurons and synapses to be the primary computational units (Schuman
et al., 2022). Neuromorphic computing has gained even more popularity with the
advancement of arti cial intelligence and the demand for powerful hardware with
low-power features by which it can o er signi cant advantages to many elds such
as autonomous systems including sensors, brain machine interfaces, and robotics
(Indiveri and Liu, 2015). This computing paradigm is also used to solve machine
learning tasks using large-scale neural modelling or very-large-scale spiking neural
networks (Indiveri and Liu, 2015). For research purposes in computational neuro-
science, neuromorphic computing can speed-up the simulation of biological neural
networks (Indiveri and Liu, 2015).

The neurological function we are considering in this work is memory consolidation
in recurrent neural networks. Memory is a cognitive function of the brain that

Is associated with learning; whether gaining new knowledge or modifying existing
knowledge, this knowledge is stored in the brain in the form of a memory trace
(Nadel and Land, 2000). One of the established theoretical explanations to the
learning-memory association is referred to as Hebbian learning which depends on
the spiking activity of the presynaptic and postsynaptic neurons (Luboeinski and
Tetzla, 2021). A consistent ring of the presynaptic neuron elicits postsynaptic
spikes and drives the postsynaptic calcium concentration. Depending on this con-
centration, the synapse is either strengthened in a process referred to as long-term
potentiation (LTP) or weakened in a process referred to as long-term depression
(LTD) (Luboeinski and Tetzla , 2021).

Memory involves a variety of dynamics, starting with encoding which is the initial
learning of information. Information is then stored by a process referred to as con-
solidation to maintain information over time. Memory consolidation is performed

in two stages; the rst stage is synaptic consolidation, which involves local molec-
ular processes and morphological changes of the synapse (Lamprecht and LeDoux,
2004). The second stage is systems consolidation which occurs at a higher level,
mainly between the hippocampus and neocortex to maintain information for a pro-
longed period (Luboeinski and Tetzla, 2021). Finally, the stored information is
accessed through retrieving or recalling (Luboeinski and Tetzla , 2021).

More details on plasticity are explained in the theory on synaptic consolidation, in
which both plasticity mechanisms, LTP and LTD, involve two phases (Lamprecht



and LeDoux, 2004). The early phase is characterized by the increase in calcium
concentration, while the late phase is characterized by insertion of neurotransmitter
receptors in the case of LTP and their removal in the case of LTD (Lamprecht and
LeDoux, 2004). However, the transfer from the early phase to the late phase was not
resolved for a long time. Plasticity is input-speci ¢ and occurs at speci ¢ dendrites
of the neuron, while proteins necessary for late-phase plasticity are synthesized and
tra cked from inside the cell to this specic synapse, so it was unclear how the
neuron can identify the synapse that should be strengthened or weakened (Luboein-
ski and Tetzla, 2021). To explain this transfer, the synaptic tagging and capture
(STC) hypothesis was proposed. This hypothesis states that early-phase plasticity
initiates the creation of a short-lasting protein-synthesis-independent "synaptic tag'
as a potential for a long-lasting change in synaptic e cacy but not a commitment
itself (Frey and Morris, 1997). If the proteins needed for the late-phase transfer
are su cient, the tagged synapse captures these proteins and late-phase plasticity
is induced (Frey and Morris, 1997). Consequently, this tag serves as the indicator
for the neuron to know which synapse is involved in the plasticity mechanism, but
the tag does not guarantee the transfer to the late phase.

The STC hypothesis was able to explain memory consolidation in single synapses
and feedforward neural networks, but only recently Luboeinski and Tetzla (2021)
veri ed that STC can explain and improve memory consolidation in recurrent neu-
ral networks. Recurrent networks are the most prevalent networks in the brain,
especially when it comes to memory functions, so understanding the underlying
mechanisms behind recurrent-network models is essential for understanding mem-
ory functions in the brain.

In this work, we aim to emulate memory consolidation in biological networks on the
neuromorphic BrainScaleS-2 system using the STC hypothesis and calcium dynam-
ics for plasticity. We rely on the simulations and approach provided by Luboeinski
and Tetzla (2021) in their work on memory consolidation in recurrent neural net-
works. We focus on single-synapse behavior and start by reproducing simulations of
single-synapse plasticity using standard plasticity experiments. We then de ne the
constraints imposed by the emulation of a single synapse on BrainScaleS-2 (Pehle
et al., 2022). Specically, we account for the computation time required by the
digital circuits to update synaptic weights by reproducing the simulations at slower
time steps. To assess the feasibility of this approach, we use the root-mean-squared
error (RMSE) to compare the synaptic weights obtained at the slow time steps with
the synaptic weights obtained using the simulation time step de ned in (Luboeinski
and Tetzla, 2021). We conclude that using slower timescales is a feasible solution
for the hardware emulation but should be further assessed during the full-network



simulation.

Methods

2.1 Single-Synapse Simulation

2.1.1 Plasticity Scheme

In this section, we describe the neurological mechanisms behind the used synaptic
model in g. 2.1. The model incorporates the calcium dynamics according to the
STC hypothesis. In this model, spikes arriving from presynaptic neuropand oc-
curring at times t' along with the total synaptic weight w;; a ect the postsynaptic
membrane potentialv; of postsynaptic neuroni. If the membrane potential ex-
ceeds a threshold, a postsynaptic spike is elicited at tim&. The presynaptic and
postsynaptic spikes drive the postsynaptic calcium concentratiogy which induces
early-phase plasticity, quanti ed by the early-phase weighty; . If the synapse is
tagged, and the protein amount synthesize@, during the early phase is su cient,
late-phase plasticity is induced, quanti ed by the late-phase weight;; .

Figure 2.1: The synaptic model integrating various mechanisms of calcium dependent
synaptic plasticity and the STC hypothesis. Modi ed from Luboeinski and Tetzla (2021).

2.1.2 Model Equations

All equations governing the single-synapse plasticity are adopted from Luboeinski
and Tetzla (2021). The dynamics of the postsynaptic membrane potential follow



the integrate-and- re neuron model and are described in eq. (2.1):
dVi(t
ren L = Ve, VMR (@ +1 s+ gmi®) @)
with reversal potential V,e,, membrane time constant ,em, Membrane resistance R,
external background current jy(t), external stimulus current Igim (t), and synaptic
current lgy,i(t). The synaptic current Iy, is de ned as:
X X

lsyn:i(t) = wii exp (t tjk tax;delay)= syn (2.2)
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with axonal time delay tax.qelay @nd Synaptic time constant s,. For a single synapse,
the background current and the stimulation current are set to zero. The membrane
potential for the single synapse thus reduces to eq. (2.3).
dVi(t
mem% = Viev Vi(t)+R Isyn;i(t) (2.3)
The calcium dynamics follow eq. (2.4) with . being the calcium time constant,
Core being the contribution of presynaptic spikesc,ost being the contribution of
postsynaptic spikes, andgqelay being the delay of calcium concentration triggered
by presynaptic spikes.
dc: (t . (t X X
qc'it( o GO LT 0 )t G ) (24)
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The dynamics of the early-phase weight are governed by eq. (2.5) with:][being
the Heaviside function and ,, being a time constant. The rst term of eq. (2.5)
describes a relaxation of the early-phase weight to its initial valuby, the second
term describes early-phase LTP with rate , for calcium concentration above the
threshold ,, and the third term describes early-phase LTD with rate 4 for calcium
concentration above the threshold 4.

hdhji (t) = 0:1 (ho hji (t)) + p(l nC hji (t)) [ Cji (t) p] (25)

dt
ahi 1) [Gi() o]+ (1);

The term (t) = P n[(Gi(t) )+ (Gi(t) 4g) o (t)describes the calcium-
dependent noise-driven uctuations with standard deviation ,, and Gaussian white

noise (t) with mean zero and varianceit, where t is the time step for numerical

computations. Knowing the early-phase weight, the protein amount is updated
using eq. (2.6) where is the protein synthesis rate and y is the protein synthesis

threshold. " I #

dp(t X .
P = pn+ i® N 26)
j
The dynamics of the late-phase weight depend on the protein amount, early-phase
weight, and a tagging threshold .

zdzi;t(t): pt) @ z®)) [(hi®) ho)  tag] (2.7)

pi(t) (zi +0:5) [( ho h;i(t)  tag]
Finally, the total synaptic weight is given by:

wii (t) = h;i (1) + ho z; (1) (2.8)
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2.1.3 Plasticity Protocols

Stimulating the synapse is performed through Poisson presynaptic spikes. To ac-
count for di erent plasticity forms of the synapse, we use the standard plasticity
protocols which vary by strength and frequency described in g. 2.2 for stimulating
a single synapse. Tetanic (high-frequency) stimulations induce potentiation due to
the high calcium concentration while low-frequency stimulations induce depression
due to the moderate calcium concentration. On the other hand, strong stimulations
cause the tagging of the synapse and the synthesis of a su cient protein amount
whereas weak stimulations only cause the synapse tagging without a su cient syn-
thesis of protein amount. Consequently, the strong tetanic stimulation (STET)
protocol induces early-phase and late-phase LTP whereas weak tetanic stimula-
tion (WTET) protocol induces only early-phase LTP. On the other hand, strong
low-frequency stimulation (SLFS) protocol induces early-phase and late-phase LTD
whereas weak low-frequency stimulation (WLFS) protocol induces only early-phase
LTD.

Figure 2.2: Standard protocols for the the induction of early- and late-phase synaptic
potentiation and depression. From supplementary information of Luboeinski and Tetzla
(2021).

2.1.4 Simulation Scheme and Parameters

For the dierential equations de ned in section 2.1.2, we use the explicit Euler
method to update all the model parameters (Kong et al., 2021). More speci cally,
let % = F(t;y) be a rst-order di erential equation. The linear approximation of
y(t) at t,+; aroundt, is:

dy

at . (2.9)

Y(tne1) = Y(tn) + (ther  th)

For a regular time step t = t,+1 t,, we can re-write the explicit Euler formula
as (Kong et al., 2021):

ytn+ )= y(ta)+ t F(tn;y(tn)) (2.10)
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By following the plasticity scheme in section 2.1.1, the weights for the dierent
protocols are computed for a total duration of 8 hours and a time stept = 0:2
ms. Poisson presynaptic spikes are simulated according to the plasticity protocols
in section section 2.1.3, and the parameters presented in the equation are provided
in table 2.1 (Luboeinski and Tetzla, 2021).

Symbol Value Description
i 02 ms Duration of one time sjtep for numerical
computation
mem 10 ms Membrane time constant
syn 5 ms Synaptic time constant
tax:delay 3ms Axonal spike delay
tref 2ms Refractory period
R 10 M Membrane resistance
Viev 65 mV Reversal potential
Veset 70 mV Reset potential
Vin 55 mV Threshold potential for spiking
ho 0:420075 nC Initial early-phase weight
teciolay 0:0188 s Delay of poztrseysr;anr:;igasl;iil;;n in ux after
Core 1 Presynaptic calcium contribution
Cpost 0:2758 Postsynaptic calcium contribution
c 0:0488 s Calcium time constant
D 60 min Protein time constant
z 60 min Late-phase time constant
D 16456 Potentiation rate
d 3131 Depression rate
D 3 Calcium threshold for potentiation
d 1.2 Calcium threshold for depression
) 0:290 436 nC si=2 Standard df(;/tﬁlgtci)gngor plasticity
1 Protein synthesis rate
pro 0:210037 nC Protein synthesis threshold
tag 0:0840149 nC Tagging threshold

Table 2.1: Neuron and synapse model parameters. Adapted from Luboeinski and Tetzla
(2021).
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