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A Neuron model parameterizations

We now turn to the implementation details of NIR equations across the different platforms, with a
particular focus on leaky integrate-and-fire dynamics from experiments 1 and 3 in the main paper.
We note that the idealized reset can be discretized by either a hard reset to 0y, or a “soft” subtractive
reset that retains the residual from a possible overshoot:

vy U < Oipr
Hard reset Veyl = b th (1)
0 v =
. v v < 6
Subtractive reset Vpp1 = k ! thr (2)
V¢ — Oreset Ut = Ogir

*Corresponding author: jeped@kth.se
fequal contribution
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The differences in the discretization of spiking neuron dynamics are detailed below; equations
for Spyx are not listed, as they follow the same implementation as snnTorch.

A.1 LIF
NIR The leaky integrate-and-fire model in NIR is given by:
TU = Vleak —V + R @ (3)

where 7 is the time constant, vje.x is the membrane leak, R is the resistance and i(t) is the input
current. Discretized using explicit Euler’s method, this turns into:

ot +1) = (1 _ ‘f) o(t) + L rea + LR ) (4)

T

where dt is the discretization timestep.

Exact solution for constant input current The course of the membrane potential v can be
exactly calculated for a constant input current ¢ = 9 = const. and initial condition v(0) = v¢ [T} eq.

o 01 < (1o (1)) s () 5

Lava-dl In lava-dl, we used the CuBa-LIF model as:

u(t) = (1 — ay)u(t — 1) +i(¢) (6)
o(t) = (1= a)o(t = 1) + u(t) (7)

with «, = 1 to effectively turn it into a LIF model:

v(t) = (1 — ay)v(t —1) +i(t) (8)
with
dt
v — 9
“ TH]BH] ( )
With the constraints
dt
R =1 (10)
Tmcm
dt
ea. =0 11

One may implement the first constraint (R) by hard-coding it into a linear layer, or into the voltage
threshold. One may implement v)e,) through a bias term, but this was not done in our experiments.

Norse The LIF model in Norse lacks the resistivity term, which we compensate for by scaling the
input
dt .
v(t+ 1) =v(t) + —~ (Vieak — v(t) +19) (12)
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snnTorch The LIF model in snnTorch is given by:
v(t+1) = Bou(t) +i(t+1) (13)

where 3 is the membrane potential decay rate. We have:

dt
=1-— 14
p=1-2 (14
And the constraints are:

dt
R—=1 15
- (15)

dt
eak— — 0 16
Uteak — (16)

However, we can use a linear layer before the LIF in simulation to effectively implement the
resistance term. The weight matrix of this linear layer is given by:

Wy=47 D (17)
0 otherwise

SpiNNaker2 In py-spinnaker2 [2] the LIF model is given by:
0(t) = QdecayV(t — 1) +4(t) + doffset (18)

Two modes for the translation between NIR and SpiNNaker2 are supported:

In Exponential-Euler mode, the decay factor agecay is calculated such that in case without input
(i = 0 and iofrses = 0) and with vieax = 0 the voltage exactly matches the analytical expression for
continuous-time dynamics:

Ut + dt) = Ogecayv(t) = v(t) exp (—%) (19)
= Qdecay = €XP (—g) (20)

The SpiNNaker2 threshold © is scaled to cope for the non-exisiting resistance variable:

Otnr
©= (1 — exp(—%)) R @1)

In Forward-Euler mode we match the discrete Euler update of the LIF model (Eq. so that
decay factor and threshold become:

dt
Qdecay — 1- ? (22)
T
I 2
© =6 iR (23)

In both modes, the offset current igget is used to consider the parameter vieax and the bias ipias
from incoming Affine or Conv2D nodes:

Vleak
R

ioffset - + ibias (24)

Nengo The default LIF model in Nengo’s CPU implementation is identical to the Exponential-
Euler model for SpiNNaker2 described above, except that it has a fixed threshold ©. To compensate
for this we adjust the gain on each neuron (a multiplicative factor applied to all inputs).
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Rockpool The LIF model in Rockpool is a time-discretized neuron membrane, with difference or

update equations

Vinem [TL] = aVinem [7?, - 1]

Vmem [’I”L] > ethr — SOUt [n] =1
Vinem [n] = Vinem [’I’L] -0

where o = exp(—dt/Tmem). Here Ve is the floating-point membrane potential state; S;, and
Sout are the incident and output spike trains respectively; o([n] is a scaled white noise process with
mean 0 and std. dev. o; b is a bias current and 6 is the firing threshold. We have neglected neuron
indices in the above equations; all parameters are independently defined per neuron in Rockpool.

A.2 CuBa-LIF
NIR The current-based LIF model in NIR is given by:

Toynl = —U + Wit

7_mcmi) = Vleak — V + Ru

where u(t) is the synaptic current, Tyem the membrane time constant, 74y, the synaptic time con-
stant, and wj, the scaling factor of the current input i(t). Discretized:

u(t+1) = <1 o ) u(t) + winﬂz‘(t +1)

Tsyn Tsyn

dt dt
v(t+1) = (1 — ) v(t) + —Vjeax + R

7_IIICIII Tmcm

Lava-dl In lava-dl, the model is:

Such that:
dt
Q=
Tsyn
dt
Q=
Tmem
With the constraints
dt
Win = 1
Tsyn
dt
R =1
Trnem
dt
Vleak —— = 0
TIHEIH

dt

Tmcm

u(t)

(27)

(28)

(33)
(34)

(35)

Where the first constraint (wi,) can be hard-coded into a linear layer, or into the voltage threshold.
One may also implement v, through a bias term, but this was not done in our experiments.
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Norse Norse discretizes the CuBa-LIF model as follows:

w(t+1) = u(f) — T:Zjni(t) (36)
v(t+1)=v(t)+ Tdt (Vieak — v + 1) (37)

This deviates from the canonical formulation by lacking a weight and resistance term. The weight
term is introduced by scaling the input, while the resistance term can be introduced by adding a
weight factor between the synaptic (u) and somatic (v) parts.

snnTorch
u(t+1) =au(t)+i(t+1 (38)
v(t+1) = Pou(t) +u(t+1 (39)
Leading to:
a=1- dt (40)
Tsyn
p—1--" (41)
Tmcm
With constraints:
t
w1 (42)
Tsyn
dt
R =1 43
Tmem ( )
dt
Vleak = 0 (44)
Tmem
Where a linear layer can be used with:
ini ifi=j
Wi = YTy BT j_ (45)
0 otherwise

to replace the first constraint.

snnTorch also offers a tunable membrane potential threshold which is shared across a population
of neurons. As such, if W is a multiple of the identity matrix, the first constraint can also be satisfied
by simply scaling the membrane potential threshold accordingly.

SpiNNaker2 In py-spinnaker2 [2] the CuBa-LIF model is given by:
Tsyn(t) = Qsyndsyn(t — 1) + (1) (46)
V(t) = Amem¥(t — 1) + Igyn(t) + tofisct (47)

As for LIF, two modes for the translation between NIR and SpiNNaker2 are supported:
In Exponential-Euler mode, the decay factors, the threshold and iogset are calculated as follows:

dt

Qmem = €XP (—T ) (48)
dt

Qtsyn = €XP (—7_ ) (49)
syn

-1
O = Oy ((1 - exp(—Tdt )) R (1 — exp(—Tdt )) win) (50)
mem syn
. Vleak dt -1 . dt -1
loffset — R 1-— eXP(* T ) Win + Tbias 1-— exp(f T ) (51)
syn syn




o4 In Forward-Euler mode we match the discrete CuBa-LIF equations (36{37)) so that SpiNNaker2
s parameters become:

dt

QOmem = 1— (52)
T’mem
dt
Qo = 1 — 53
R TS’yTL ( )
T, Ts
O—0 mem Tsyn 54
PUHR dtw, (54)
i _ Vleak Tsyn T dt (55)
offset R dtwm bias Toyn
9 We note that in both modes the integration of the bias into igset is not exact. Instead, the

o7 conversion is chosen such that for bias-only input the membrane voltage converges to the same value
o¢ as in the NIR model.

o Rockpool The Rockpool CuBa-LIF neuron is a time-discretized simulation of exponential LIF
100 dynamics.

Isyn[n] = Isyn[n — 1] + Sin[n] + WreeSout[n — 1]
Lsyn [n] = Blsyn [n]
Vinem[n] = aVpem[n — 1]
Vinem[n] = Vinem[n] + Lsyn[n] + bj 4+ o([n]
Vinem[1] > Vine — Sowt[n] =1
Vinem[n] = Vinem[n] — Vinr

101 where o = and 8 = exp(—dt/Tsyn). Here W is the recurrent weight matrix for the layer of
102 neurons; Seut[n] is the vector of spikes produced by the layer at timestep n; and other symbols
103 are as in the Rockpool LIF equations above. We have neglected neuron indices for simplicity; all
e neurons have independent state variables and parameters.

w5 Xylo The Xylo CuBa-LIF neuron is a time-discretized low-bit-depth integer logic neuron, simu-
ws lating an approximation of exponential LIF dynamics using integer bit-shift decay circuitry. In the
w7 following, the state variables Iy, and Vy,em are 16-bit signed integers; W.. are 8-bit signed integers;
108 dgyn and diem are unsigned integer bit-shift decay parameters approximating d ~ logy (7/dt); Vipy
wo and b are 16-bit signed integers; S;, and S, are unsigned integer number of events per dt.

Isyn [Tl] = Isyn [n - 1] + Sln [TL] + Wrecsout [TL - ]-]

1 [n} = Isyn[n] - Isyn[n] >> dSy” if Isyn [n] > dsyn >0 (56)
syn Tayn[n] — 1 otherwise
Vmem [n] - Vmem [n] >> dmem if Vmem [TL] >> dmem >0
. _ 57
mem [’I’L] {Vmem [TL] -1 otherwise ( )

Vinem ] = Vinem 1] + Lsyn[n] + b+ 0[]
Vinem[n] > Othr — Sout[n] =1
Vinem[1] = Vinem[n] — t0:hr
110 where x >> n is the right-shift operator, shifting « by n bits.
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The bit-shift decay operation in Egs. and approximates exponential decay for Ve and

12 gy state variables. When the integer quantised decay parameters d, obtained from 7, are close to
u3  the corresponding floating-point values for d., this approximation causes only small deviations in
us  dynamics. For values of Ve and Iy, close to zero, where the bit-shift decay operation would not
us result in a decrease of the state variables, we include a unit decay per dt. We have neglected neuron

s indices in the above equations; all neurons have independent state variables and parameters.

~» B Relation to other intermediate representation and compi-

118

lation frameworks

no  To clarify the relation of NIR to other compilers, code generators, optimizers, and network modelling
120 tools, we provide the following comparison table. Most of the frameworks in the table solve different
121 problems. As such, the table provides high-level and independent descriptions of each framework to
122 situate NIR in the literature.

Supplementary Table 1:

Comparison of ONNX, MLIR, LLVM, PyNN, NeuroML.

Feature / ONNX MLIR LLVM PyNN NeuroML NIR

Framework | (Open (Multi-Level
Neural Intermediate
Network Representa-

Exchange) tion)

Scope AT model Compiler Compiler for Abstraction Models neural | Declaration of
formats and infrastructure the layer for connectivity discrete- or
runtimes targeting optimization neural network | and dynamics, | continuous-

CPUs, GPUs, and generation | descriptions, focusing on time neural
and more of machine focusing on biological primitives
code spiking models | realism

Language Not applicable | Based on Primarily Python XML-based Not applicable
(format) LLVM, C++ description (format)

supports many
frontends (e.g.,
C++, Python)

Supported | TensorFlow, Integrates Wide range of | NEURON, NEURON, Lava, Loihi,

Platforms PyTorch, and with hardware from | Brian, NEST Brian, jJLEMS | Nengo, Norse,

/ Frame- other major TensorFlow, desktops to Rockpool,

works Al frameworks | PyTorch, and embedded Sinabs,

others through | devices snnTorch,

LLVM SpiNNaker2,
Speck, Spyx,
Xylo

Typical Exchanging Optimizing Low-level Research and Detailed Application-

Use Cases models performance of | optimization educational simulations of | dependent
between machine of applications | use in neuronal models and
different Al learning in various computational | behavior and also able to
frameworks models at programming neuroscience neural exchange

compile time languages circuitry for models
research between
platforms
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