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Abstract—Dendritic computation, inspired by the complex
processing performed by biological dendrites, offers opportu-
nities for designing efficient neuromorphic chips. This paper
explores the use of dendrites within large-scale neuromorphic
architectures. We show how digital or analog dendritic circuit
implementations can be integrated within large-scale spiking
architectures and the resulting impact on energy efficiency of
sample spiking neural network (SNN) applications. We show a
workflow for training and configuring hardware dendrites. We
develop extensions and plug-ins for our existing neuromorphic
architecture simulator to rapidly simulate digital and analog
hardware dendrites. Using four tasks, we demonstrate that a
large-scale architecture that leverages the richer functionality
of digital hardware dendrites can achieve 56% energy savings
compared to a baseline architecture, due to the smaller number
of neurons required. Additionally, we show that a design using
analog hardware dendrites uses 27% less energy compared to
the fully digital implementations, reducing the energy consumed
by the dendrites to just 2% of the total on-chip energy.

Index Terms—Neuromorphic computing, performance model-
ing, design-space exploration

I. INTRODUCTION

Neuromorphic computing applies brain-inspired concepts to
devices, circuits, and architectures to design power-efficient
hardware. One prominent area of neuromorphic research is
concerned with spiking neural networks (SNNs) and the design
of hardware optimized to execute SNNs. These networks
emulate the spike-driven dynamics of neurons in the brain and
can use neural models at varying levels of biological fidelity.
While neuromorphic research has typically focused on somatic
and synaptic models, an emerging area of interest is dendrites
and dendritic computation, i.e., the complex tree-like connec-
tivity that aggregates synaptic inputs into the neuron’s soma.
Recent work has highlighted that neuromorphic dendrites have
potential for increasing the expressivity of neuron models, and
can efficiently perform operations such as non-linear filtering,
coincidence and sequence detection, and multiplication for
spatial transforms [1]-[3].

Earlier circuits proposed to emulate individual den-
drites [3]-[5] have focused on implementing single dendritic
branches or trees in isolation, where the ultimate impact on
real-world application performance and efficiency is not well
understood. Large-scale spiking hardware platforms, such as
Intel’s Loihi [6] and BrainScale-S 2 [7], implement a fixed
model with limited functionality, supporting only a small set
of dendritic dynamics or configurations. An open question

remains how to leverage the richer dynamics and expressivity
that dedicated hardware support for dendrites can provide, to
achieve optimal power efficiency within the context of large-
scale platforms across a wide range of applications.

In this paper, we explore the impact of adding dedicated
hardware support for emulation of advanced dendritic behavior
within large-scale spiking architectures. We first propose a
novel methodology for training analog dendrite circuit param-
eters, where we train a simplified linear dendrite model and
then convert abstract parameters to transistor gate voltages.
We then describe an extension to our spiking architecture
simulator, SANA-FE [8], [9], to support rapid modeling of
different hardware dendrites for design-space exploration. Us-
ing SANA-FE, we simulate digital and analog dendritic circuit
implementations using a plug-in with custom energy modeling.
We use our dendrite plug-in with example applications trained
with our methodology to show that digital and analog hardware
dendrites can achieve 56% and 68% energy improvement
compared to Intel’s Loihi, respectively. Finally, we show that
rapid design-space exploration is feasible for large networks
by simulating systems with more than 130,000 dendrites.

In summary, our contributions are as follows:

« We propose a novel methodology for training analog den-
drites, in which we train an equivalent RC transmission
line model and apply conversion steps to calculate various
circuit parameters.

o We describe simulator extensions for efficiently modeling
digital and analog implementations of hardware dendrites.

« We explore the use of digital and analog dendrites within
a hardware platform based on Intel’s Loihi, using four
benchmark applications. Results show that designs with
digital and analog dendrites can accurately perform all
four tasks, while reducing energy compared to Loihi by
56% and 68%, respectively.

The rest of the paper is organized as follows: Section II
first describes related work, and Section III gives an overview
of different hardware dendrite implementations. Section IV
describes our novel methodology for training analog dendrites.
Section V details our approach for modeling digital and
analog hardware dendrites using our SANA-FE architectural-
level neuromorphic hardware simulator. Section VI describes
experiments and results, and Section VII concludes the paper
with a summary and outlook on potential future work.



II. RELATED WORK

Various hardware implementations of dendrites using either
digital logic or analog circuits have been proposed. Analog
dendrites have been implemented using custom circuits [10]-
[12], but these have mostly been looked at in isolation or only
with small numbers of neurons. The modular and flexible cir-
cuit from [4] implements dendrites on a Field-Programmable-
Analog-Array (FPAA) using a small configurable series of
RC compartments. This implementation is easily extended to
program larger numbers of dendrites and compartments. As
such, we use it as a basis for explorations of analog dendrites
in this paper.

Existing large-scale platforms for running real-world SNN
applications support dendrites with varying levels of flexibility
and capability. Digital platforms such as SpiNNaker 2 [13]
and Intel’s Loihi [6] support dendrites either through software
or custom logic. SpiNNaker 2 uses a CPU-based design and
does not have custom dendrite hardware. Loihi has custom
digital logic to support simple multi-compartment dendrites,
but can only perform a small set of basic operations. The
mixed-signal platform BrainScaleS-2 [7] implements com-
plex, biologically-accurate circuits, but these are limited to
a single dendrite model. Furthermore, mixed-signal platforms
have limited scalability compared to fully-digital designs, as
they require dedicated hardware for every supported neuron.
Several architectures have been proposed with support for
more advanced digital or mixed-signal dendrites [14], [15].
However, these are still limited to specific operations or small-
scale demonstrations.

Dendrites have been modeled at varying levels of biological
fidelity and hardware accuracy for exploration of their func-
tional richness and implementation efficiency. Biologically-
focused simulators such as NEURON [16], N2A [17], and
Dendrify [18] simulate different neuronal dynamics including
the behavior of dendrites. These tools are primarily designed
for modeling biological features of dendrites and are not well-
suited for modeling hardware. Other tools, such as Norse [19]
and TorchDendrite [20], implement abstract models suitable
for rapid training and simulation of SNNs with dendrites
at the application level. However, these training frameworks
do not emulate hardware effects and cannot model energy
or performance. Dendritic devices and circuits have been
modeled using low-level custom circuit simulators such as
SPICE [21] or using differential circuit equations solved in
MATLAB/Simulink [4]. Such circuit-level simulations are
accurate for a small number of neurons but scale poorly and
are too slow for design-space exploration.

III. BACKGROUND

In the following section, we describe a general template
for large-scale spiking architectures and how they could be
adapted to integrate more advanced analog or digital dendrite
implementations. We then detail digital and analog dendrite
implementations used in our explorations.
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Fig. 1: Example of a large-scale neuromorphic architecture.

A. Large-Scale Spiking Architectures

A number of large-scale spiking architectures have been
proposed and deployed, with varying levels of dendrite hard-
ware support [6], [7], [13]. Such designs are typically based
on a Network-on-Chip (NoC) and organized hierarchically
(Fig. 1): designs are partitioned into one or more network
tiles, where each tile contains some shared resource e.g., a
network router. Each tile contains a number of neural cores
implementing custom hardware for processing spikes. Spike
processing pipelines implement a fixed sequence of axonal,
synaptic, dendritic, and somatic hardware units, which can
be implemented digitally or with analog circuits, i.e., using
a mixed-signal approach.

Dendritic processing specifically can be performed digitally
or using analog circuits within a mixed-signal SNN base
platform, although this may require conversion interfaces. The
dendrite hardware unit receives synaptic information to pro-
cess, e.g., describing the weighted connections between neu-
rons. If the dendrite unit is analog and inputs are represented
digitally, there must be a Digital-to-Analog (DAC) converter
before the dendritic circuits. Inputs are then processed by the
circuit, which may include accumulation and other operations.
Processing by an analog dendrite produces a current or voltage
to be output to the soma; if the soma unit is digital, then an
Analog-to-Digital (ADC) converter is also required.

B. Dendrite Implementations

We explore extensions of the general architecture template
described in Section III to incorporate digital and analog
dendrite implementations detailed in this section. These im-
plementations are based on modeling a single dendritic branch
in a biological neuron (Fig. 2(a)). In these implementa-
tions, dendrite dynamics following cable theory are replicated
as a variable-length chain or ladder of RC compartments
(Fig. 2(b)).

For our digital implementation, we reproduce the compart-
ment based model from TorchDendrite [22]. In this model,
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Fig. 2: Abstractions of a biological dendrite using a transistor-based circuit. Figure adapted from [22].

a dendrite has a chain of N compartments, where each
compartment n = 1,2, ..., N has a voltage value v,, evaluated
at discrete time-steps. In each time step, Eq. (1) [22] is used
to calculate the compartment voltages v/, for the next time
step, where 7,, is an optional input value and compartments
can be configured using parameters for decay (o) and axial
conductance (/) that reflect the time and space constants of
the RC ladder:
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The output of the dendrite is given by its first compartment
voltage v;. Parameters v and 3 can be trained directly for a
given application, as described in more detail in Section IV.

For an analog dendrite implementation, we base our explo-
ration on the circuit from [4] shown in Fig. 2(c). The dynamics
of the dendrite can be configured by setting the axial and leak-
age resistances and the capacitance at each compartment. This
circuit has been demonstrated on a Field-Programmable Ana-
log Array (FPAA) [4], which supports rapid reconfiguration of
circuit components. Within the FPAA, each compartment has
tunable resistances implemented by floating-gate transistors
operating in their sub-threshold regime. Specifically, each
compartment n = 1,2,..., N has a leakage, axial, and bias
resistance, which can be configured by setting the transistor
gate voltages Vieak,n» Vazial,n and Viias n respectively.

The behavior of the analog dendrite, i.e., the voltages at
different compartments, can be described by Egs. (2)—(3) [4].
Circuit parameters and their values in our explorations are
summarized in Table I. We first define useful intermediate
scaling factors kicqk n, Kazial,n and Kpigs pn:

—1 —kKV] n
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where Kqgziqi,n and kpiqs,n can be calculated in the same
manner by replacing Vicqr,n, With the corresponding gate
voltage Vi, zial,n and Viiqs, n. Applying Kirchhoff’s voltage law
and creating terms for input, axial (both distal and proximal),

leakage, and bias currents, one compartment’s voltage v, is
expressed using the following differential equation:
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For brevity, Eq. (3) only gives the general form when 1 <
n < N without boundary conditions. For the boundary cases:
if n = 1, the first axial term is omitted, and if n = N, the
second axial term is omitted.

The entire dendrite’s dynamics are then given by solving a
system of these differential equations for all N compartments.
Similar to the digital dendrite, the output of a dendrite is taken
from the first compartment as v1 — Viyem.-

IV. TRAINING DENDRITES

Training is usually required to tune parameters such as
synaptic weights in SNN-based applications. For SNNs us-
ing the previously described hardware dendrites, training
should also determine each compartment’s time (decay) and
space (conductance) parameters. However, support for training
dendritic hardware is currently limited. SNNAX [23] and
SNNTorch [24] both adapt existing deep-learning frameworks
for SNNs and are extensible, but these do not currently support
dendrites. TorchDendrite [20] extends SNNTorch with support
for dendritic layers [22]. While TorchDendrite parameters can
be directly used for the digital implementation, these are
abstract and therefore must be converted before being applied
to analog dendrites.

For analog dendrites, each compartment can be configured
via Vieakn> Vazial,n and Vs, which control the pro-
grammable transistor resistances defining the RC dynamics
of the compartment. Configuring dendrites for an application
requires setting these transistor gate voltages. However, ap-
proaches to train these directly with existing deep-learning



TABLE I: Analog dendrite circuit parameters.

Parameter Value | Description

Iy 1fA | Transistor current scaling (Ipg)
Vaa 2.4V | Supply voltage
K 0.846 | Transistor gate modulation factor
Ur 25mV | Thermal constant

Cleak 500 fF | Compartment capacitance
Ey, 1.0V | External potential offset

Vimem 1.02V | Biased steady-state membrane potential
dt 10us | Time-step duration

Iscale 100pA | Input current scaling factor

frameworks are lacking. Instead, it is possible to train a
simpler model, such as the one used by digital dendrites, and
then convert parameters to gate voltages that achieve similar
behavior. To do so, we adapt Eqgs. (4) and (5) from [4]. These
equations approximately calculate the time (7,,) and space
constants (\,) for an RC compartment, given the transistor
gate voltage and other constant parameters (Table I):
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Egs. (4) and (5) can be rearranged to solve for the leakage
(Eq. (6)) and axial (Eq. (7)) transistor gate voltages:
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Egs. (6) and (7) can be used to calculate the compartment
gate voltages given values for A and 7. After configuring
the leakage and axial transistors, the compartment’s resting
potential must be biased to V,,¢p, using a third transistor. To
calculate the bias transistor’s gate voltage Viqs,n, We assume
that at steady-state, Ipiqs,n = licak,n. By equating the current
flowing across the leakage transistor (Eq. (8)) to the sub-
threshold current across the bias transistor (Eq. (9)), we find
a solution for Vy;4s,n (Eq. (10)):

[H - 1] Via — KW@ak,n)_

Ileak,n = IO €xXp (

Ur
p Ur p Ur
_KV 15,1
Ileak,n = Ibias,n = I(l) €xXp < []bT - > &)
_UT Ileak n
%ias,n = In : (10)
K 1 {exp (%) — exp (Vyﬁ;mﬂ

The analysis that these equations are based on is only
accurate while compartment voltages remain close to Vi,em
(i.e., within +£Ur). Even when operating within this voltage
range, the circuit’s behavior may slightly differ from its

equivalent RC transmission line model due to transistor non-
linearities. Nevertheless, the simpler transmission line model is
useful because it enables us to train hardware dendrites using
existing deep-learning frameworks.

Finally, we apply a conversion step to map trained param-
eters from TorchDendrite to hardware. TorchDendrite trains
abstract leakage (decay) and space (conductance) parameters
« and 3, which are related to the linear cable equation’s time
and space constants, 7 and A, by Eq. (11):

dt | BT
n — )\n =
T 1—a, dt

After calculating 7,, and \,, we apply Egs. (6)-(10) to
calculate transistor gate voltages. These are clipped to be
within the circuit’s operating range i.e., within [0, V4], before
being mapped to hardware.

Once circuit parameters have been calculated, we apply
input/output scaling and assign neurons to cores. As men-
tioned before, SNNs trained with TorchDendrite use abstract
parameters that do not represent realistic currents or voltages
for analog hardware. In our analog hardware model, we scale
inputs and outputs to correct for this. At the dendrite’s digital-
to-analog interface, weights generate input currents propor-
tional to Ig.q. At the analog-to-digital output, the recorded
voltage is scaled by k,,: before being sent to the soma. The
value of k,,; can be set by matching the output of the circuit
model against the abstract TorchDendrite model for a single
compartment. After configuring hardware parameters, we map
neurons to hardware cores using a greedy mapping strategy.

To summarize, we train SNNs with digital and analog
dendrites using TorchDendrite. While digital dendrites can
be trained directly, analog dendrites additionally require the
following conversion steps:

Y

1) Convert dendrite parameters « and (5 to equivalent 7 and
A values for every compartment using Eq. (11).

2) Set other hardware constants (Table I) and calculate
transistor gate voltages Vicak,n» Vazial,n, and Viigs n
using Egs. (6), (7), and (10), respectively, and clipping
to the range [0, Vyq).

3) Experimentally find the output scaling factor k,,; by
comparing outputs against the TorchDendrite model.

V. MODELING AND SIMULATION

To simulate dendrites for design-space exploration, we have
extended our architectural spiking hardware simulator, SANA-
FE, to functionally model and predict the energy usage of
digital and analog dendrites. SANA-FE, for Simulation of Ad-
vanced Neuromorphic Architectures for Fast Exploration [25],
is shown in Fig. 3. SANA-FE requires an SNN application
and a description of architectures defined using the spiking
hardware elements described in Section III-A, including net-
work tiles, cores, and neural-inspired pipeline hardware units.
The simulator kernel models the SNN executing on the given
architecture and outputs rapid and accurate energy and latency
predictions, in addition to detailed hardware traces. To model
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Fig. 3: Overview of SANA-FE with plug-ins.

the dendrite implementations described earlier, we use SANA-
FE’s plug-in mechanism to create two new dendrite stage plug-
ins with custom energy models.

A. Dendrite Plug-Ins

We have created plug-ins for modeling and simulating both
digital and analog dendrites described in Section III-B. To
simulate the digital dendrite, we implement the algorithms
from [22], including Eq. (1), which calculates updates to com-
partment voltages. For the analog dendrite, we implemented a
fixed-step Runge-Kutta solver to solve Eq. (3), which models
the currents flowing through each transistor and can be solved
for compartment voltages at discrete time-steps. We step the
solver once per time-step for all compartments, and return the
first compartment voltage as the dendritic output to the soma.
Compartment voltages are also used for predicting energy
usage, described next.

B. Energy Prediction

In addition to functional simulation, our plug-ins also
dynamically simulate the per-time-step energy with models
for both digital and analog implementations. For the digital
dendrite, we estimate the dendrite’s energy consumption by
multiplying the total number of arithmetic operations by a
hardware-calibrated per-operation energy cost. For the analog
circuit model, we simulate energy usage by modeling the en-
ergy consumed in each compartment and in the digital/analog
conversion interfaces. We calculate per-compartment energy
usage by numerically integrating each compartment’s power
consumption, Vyg X (max(0,4y) + ibias,n), Over the time-step
duration, dt. Both input and bias currents, i,, and ¢piqs n, are
calculated when simulating the compartment’s dynamics (i.e.,
by the i, and kpiqs,, terms in Eq. (3)). The dendrite’s total
energy is then given by the sum of all compartment energies,
plus approximate costs for digital-to-analog and analog-to-
digital conversions based on existing low-power circuits [26],
[27]. Specifically, we add 1 pJ to the total energy for digital-
to-analog conversions after receiving a spike, and 100 fJ for
analog-to-digital conversions every time-step.

,r Loihi Core Loihi h

8888 ! Dendrite

O | Axon In || Synapse [ @ - Soma*| Axon Out >
00| 80| J
Loihi-DD | (" 1 oihi-DD Core Digital h
3 Dendrite
00| B0

o - [ Axon In P Synapse —"@}v@—’ Somaf*| Axon Out >
8 B °
O0["B0|| J
Loihi-AD | (7} oihi-AD Core )
00 / gnalog_]
00| ool endrite

— .. 1 ¢ {*|AxonIn [ Synapse [ || Somaf»| Axon Out |
mo D%ﬂ
00| "Ca|f "\ )

Fig. 4: Intel’s Loihi [6] and two Loihi-based architectures with
advanced hardware dendrites.

VI. EXPERIMENTS AND RESULTS

In our experiments we used SANA-FE to model three
spiking architectures (Fig. 4): Intel’s Loihi [6], and two
hypothetical Loihi-based architectures with advanced dendrites
called Loihi-DD and Loihi-AD. The hypothetical architectures
are the same as Loihi except for their dendrite unit imple-
mentations; Loihi-DD replaces Loihi’s dendritic accumulators
with the digital dendrites described in Section III-B, whereas
Loihi-AD replaces accumulators with the previously described
analog dendrite circuits (one circuit per neuron). For all archi-
tectures, SANA-FE was configured with previously calibrated
per-operation energy costs [25]. While SANA-FE is also
capable of predicting dynamic latency, in these experiments,
the dendrite models require a fixed time-step latency of 10 ps.

For our benchmark applications, we adopted the regression
tasks for approximating /= and mish(z) [28] from [22], and
two categorization tasks for the Yin-Yang [29] and spiking
Heidelberg digit (SHD) [30] data-sets. We use two different
sets of SNNs with and without dendrite support. SNN appli-
cations used in our experiments are summarized Table II.

For the regression tasks (Fig. 5), we broadcast Poisson
rate-encoded spike trains to the inputs of a hidden layer.
SNNs without dendrites have 256 fully-connected (FC) hidden
Leaky-Integrate-and-Fire (LIF) neurons (Fig. 5(a)), whereas
SNNs with dendrites are composed out of 16 hidden LIF
neurons with each neuron having a 16-compartment dendrite
chain (Fig. 5(b)). Due to the smaller number of hidden
neurons, SNNs with dendrites have significantly fewer total
connections. In the regression SNNs, the hidden layer is
connected to a single output neuron configured to accumulate
and never spike. The output of the regression SNNs, i.e., an
approximation of f(x), is given by the membrane potential
of the output neuron after 100 time-steps. For training, we
applied the method described in Section IV. We trained using
500 randomly generated samples in the ranges 0 > x > 1 for
vz and —3 > x > 1 for mish(z). After training, the output
scaling constant k,,; was measured to be 500.

The categorization SNNs are also composed out of one
input layer as external traffic generator, one fully-connected



TABLE II: Three sets of benchmark SNNs with and without

16-compartment dendrite support.
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TABLE III: Classification accuracy.

Task Loihi | Loihi-DD | Loihi-AD
Yin-Yang [29] | 86.0% 93.0% 80.0%
SHD [30] 76.2% 76.1% 70.3%

Task Neuron SNN neurons Total | Spk.in | Spk. out
model [In] Hidden [Out|weights|/neuron | /neuron
Regression [22] LIF-only | 1| 256 FC | 1 512 60 12
Bres Dend+LIF| 1| 16FC | 1 | 272 | 760 | 20
— LIF-only | 4| 256 FC | 3 | 1,792 206 5
Yin-Yang [29] | peng +11F| 4| 16FC | 3 | 1072 | 2748 | 26
SHD [30] LIF-only [70{256 FC-R| 20 | 88,509 | 3,358 7
Dend.+LIF|70| 16 FC-R | 20 | 11,929 | 7,818 21
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Fig. 5: Two regression SNNs, (a) only using LIF neurons and
(b) using dendrites. Reproduced from [22].

hidden layer containing either 256 neurons or 16 dendrite-
LIF chains, and one output layer with either integrating or
LIF neurons. All layers are fully-connected, but after training
and before simulation, edges with absolute weights smaller
than 10~* were pruned and did not receive spikes. The Yin-
Yang SNNs have four Poisson-encoded input spike-trains and
three spiking output LIF neurons, and the predicted class is
given by the output neuron with the highest spike count.
The spiking digits SNNs have 70 input spike-trains and 20
output neurons that accumulate without spiking, where the
predicted class corresponds to the output neuron with the
largest maximum potential for each inference test-case. Ad-
ditionally, for the spiking digit SNNs, the hidden neurons are
recurrently connected (R) to match the RSNNs used in [30].
For the Yin-Yang and spiking digits tasks, we trained the
SNNs using the suggested configurations in [29] and [30],
respectively, and applied the conversion method described in
Section IV. However, to improve accuracy for the analog
dendrites, we trained a model using a smaller step-size of
dt = 2.5ps, i.e., four modeled steps per hardware time-step.
Training with a finer-grained time resolution more accurately
approximates the analog hardware behavior. However, the
increased computation results in longer training times.

When mapping SNNs to hardware, we assumed that input
spikes were injected by external traffic generators, and there-

fore input neurons do not contribute to energy consumption.
We mapped the hidden LIF and output LIF or integrator
neurons to a single core and measured the mean ingress spikes
(including injected spikes) processed per neuron and the aver-
age number of egress spikes generated by LIF neurons per test-
case (see Table II). LIF neurons with dendrites generated up
to 5x more spikes than neurons without dendrites. However,
because SNNs with dendrites contain only 1/16 of the hidden
neurons compared to LIF-only SNNs, the total number of
generated spikes was reduced by including dendrites.

Accuracy results for the regression tasks are shown in Fig. 6,
and prediction accuracy results for the categorization tasks are
shown in Table III. The LIF-only SNNs (Loihi) approximated
the square root and mish functions with a mean absolute error
of 0.14mV and 0.19 mV, respectively. The SNNs using digital
dendrites had a mean absolute error of 0.07mV and 0.11mV,
and SNNs using analog dendrites had a mean absolute error
of 0.08mV and 0.12mV. For the regression tasks, the SNNs
with digital and analog dendrites were slightly more accurate
than the larger SNN without dendrites. The SNN with analog
dendrites is almost as accurate as the SNN with digital den-
drites. The SNNs with dendrites perform comparably to SNNs
without dendrites for both categorization tasks, although there
is a drop in accuracy between analog and digital dendrites.
The conversion step introduces some small error due to non-
linearities in the analog dendrite circuit not accounted for in
the parameter conversion. Directly training the analog dendrite
without conversion could potentially remove this error.

Fig. 7 shows the energy consumption of the three spiking
platforms. The design with digital dendrites (Loihi-DD) on
average consumed 44% of the dynamic energy required by the
Loihi baseline. This is due to the smaller number of neurons
used by the SNN with dendrites, leading to reduced neuron
processing overheads and fewer spikes generated and sent
to the network. The SNNs with dendrites have 1/16 of the
hidden neurons compared to LIF-only SNNs and overall had
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Fig. 7: Energy usage for SNNs executing on Loihi-based architectures with digital (Loihi-DD) and analog (Loihi-AD) dendrites.

78% fewer generated spikes, resulting in mean energy savings
across all benchmarks of 91% in the soma units and 68% and
27% in the axon/network and synapse units, respectively. The
small energy cost of Loihi’s dendritic accumulator could not
be measured separately. As such, the dendrite unit cost is not
visible for Loihi and is included in the soma costs.

The design with analog dendrites (Loihi-AD) on average
consumed 32% of the energy used by Loihi and 73% of the
energy consumed by Loihi-DD. Energy savings over Loihi-
DD come mainly from reduced dendrite processing costs.
The dendrite circuits’ dynamic energy consumption in Loihi-
AD was on average 79% smaller than the digital dendrite
energy and only 2% of the total energy consumed by the
chip, highlighting the potential for energy efficiency of analog
implementations of neuromorphic building blocks. Results
also show that the analog dendrite’s efficiency is application
dependent, achieving up to 98% energy improvement com-
pared to digital dendrites for the regression tasks but only a
30% improvement for spiking digits. Since DAC overheads
dominate energy usage, accounting for over 99% of the den-
drite’s energy usage for spiking digits, the analog dendrites in
Loihi-AD perform better at tasks with fewer spikes processed
per neuron, such as the regression applications. However, in
an architecture that does not require digital weights to be
converted by a multi-bit DAC, e.g., by implementing analog
synaptic memory, the dendrite’s energy efficiency could be
improved further.

Other trade-offs should be considered in addition to energy
efficiency when comparing dendrite implementations. In gen-
eral, as shown in our results, more expressive dendrites reduce
the number of neurons required, where we demonstrated that
16-neuron SNNs using dendrites performed comparably to
256-neuron SNNs without dendrites. At the same time, custom
dendrites require additional dedicated circuitry, taking up area
on the chip that may not always be fully utilized. Digital
dendrites require custom logic, which is shared between all
neurons mapped to the core. To estimate hardware require-
ments, we synthesized custom Verilog implementations of a
24-bit accumulator (Loihi) and the 16-compartment digital
dendrite (Loihi-DD) using Yosys [31]. Compared to a simple
accumulator requiring 146 standard cells, a digital dendrite
uses 70,261 cells. By contrast, analog dendrites require only a
small amount of dedicated hardware compared to digital im-
plementations (48 transistors for a 16-compartment dendrite,
plus overhead for ADC/DAC circuits). However, in compar-
ison to digital implementations that allow for time sharing,
analog dendrites require a physical circuit for every mapped
neuron, limiting scalability. Furthermore, SNN accuracy may
be degraded by noise and device variations that are currently
not modeled in our setup. Lastly, we found that training
SNNs with dendrites requires longer training times compared
to SNNs using only LIF neurons. For the tasks used in this
paper, training SNNs with dendrites took at least 50% longer
compared to training LIF-only SNNs. When training SNNs



with analog dendrites, training took over 200% longer than
LIF-only SNNs due to the smaller time-step used.

Our approach for modeling hardware dendrites in SANA-FE
supports rapid, early design-space exploration. To evaluate the
scalability of such an approach, we duplicated the /2 SNN
across 130,000 neurons (the maximum supported by Loihi),
using 128 cores and over two million dendritic compartments.
We measured SANA-FE’s run-time executing 1000 time-steps
with inputs spiking every time-step. Measurements were taken
on an Intel i7-11850H processor. SANA-FE simulated 130,000
digital dendrites (=~ 2 million compartments) at a rate of
14.1ps/s and with a throughput of 1.41 steps/s. SANA-FE
simulated the same number of analog dendrites at a rate of
10.8 ps/s and with a throughput of 1.08 steps/s.

VII. SUMMARY, CONCLUSIONS AND FUTURE WORK

In this paper, we explored the use of digital and analog
hardware dendrites within large-scale spiking hardware plat-
forms. We showed how to convert trained parameters for both
circuits for use in SNN applications and used our architec-
tural simulator, SANA-FE, to implement plug-ins for both
digital and analog dendrites with dynamic energy prediction.
Accuracy and energy results for four applications, with and
without dendrites, show that a design with advanced hardware
dendrites may lead to significant energy savings. Finally, we
showed that our approach for modeling and simulation of
large-scale dendritic architectures supports rapid design-space
exploration and is capable of scaling to large applications.

In future work, we plan to explore the impact of random
noise and device variation on analog dendrite accuracy and
efficiency. We also plan to explore techniques to improve
dendrite training accuracy, e.g., by using trainable delays [32],
[33], and to reduce conversion error by directly training analog
dendrites, instead of converting from a simpler RC model.
Furthermore, we plan to investigate architectures that include
other analog neuromorphic elements or complete analog com-
pute cores within an overall large-scale digital back-end, e.g.,
using memristive crossbar arrays for digital-to-analog synapses
and analog LIF soma circuits.
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