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Abstract—Spiking neural networks (SNNs) offer a promising al-
ternative to traditional analog neural networks (ANNSs), especially
for sequential tasks, with enhanced energy efficiency. The internal
memory in SNNs obtained through the membrane potential equips
them with innate lightweight temporal processing capabilities.
However, the unique advantages of this temporal dimension of
SNNs have not yet been effectively harnessed. To that end, this
article delves deeper into the what, why and where of SNNs.
By considering event-based optical flow as an exemplary task
in vision-based navigation, we highlight that the true potential of
SNNs lies in sequential tasks. The event-driven recurrent dynamics
of a spiking neuron merged harmoniously with event camera
inputs enables SNNs to outperform corresponding ANNs with
a lower number of parameters for optical flow. Furthermore,
we demonstrate that SNNs can be synergistically combined with
ANNSs to form SNN-ANN hybrids to obtain the best of both worlds
in terms of accuracy, energy, memory, and training efficiency. Ad-
ditionally, the emergence of various near-memory and in-memory
computing techniques has propelled efficient implementation of
these approaches. Overall, the immediate future of SNNs looks
exciting, as we discover the niche of SNNs, comprising sequential
tasks with low power requirements.

Index Terms—SNNs, SNN-ANN Hybrids, Sequential Tasks,
Neuromorphic Hardware, Algorithm-hardware co-design.

[. INTRODUCTION

While the superhuman skills of modern deep learning models
(henceforth referred to as Analog Neural Networks or ANNs)
such as AlphaGo [1] or today’s ChatGPT [2] never cease to
amaze us, we often fail to comprehend the enormous compute
and highly energy-intensive architectures [3] behind such per-
formance. On the contrary, the human brain can perform intri-
cate reasoning tasks with a meager power budget of ~ 200 [4],
which motivates the quest for efficient artificial intelligence
(AI). Towards that goal, Spiking Neural Networks (SNNs) [5]
are a promising paradigm. Their sparse, event-driven nature
of processing results in superior compute efficiency compared
to ANNs. However, the true potential of SNNs has not been
leveraged fully to date. As such, it is of utmost importance to
thoroughly examine and comprehend the what, why and where
of SNNs as we move forward.

To realize the what part, let us focus on a distinctive
characteristic of SNNs — the temporal dimension. The real
world is inherently sequential and hence, effectively capturing
the temporal correlations embedded in the data is critical.
In practice, ANNs are widely used for such temporal tasks;
however, to capture the temporal dependencies, either they
require the inputs to be stacked over time (e.g. Transformers) or
explicit recurrence needs to be introduced (e.g. recurrent neural
networks (RNNs), long-short-term memory (LSTM) networks),
adding considerable training and parameter complexity [6]. On

the other hand, SNNs can offer compact solutions to sequen-
tial problems leveraging their inherent dynamics, often with
improved performance compared to ANNs while being more
parameter efficient [7]. A spiking neuron (e.g. leaky-integrate-
and-fire (LIF)) accumulates inputs over time in its membrane
potential which acts as a lightweight memory unit and the
combination of spiking threshold and leak provides a simple
gating mechanism to erase past information. Therefore, SNNs
are essentially a simpler alternative to RNNs with implicit
memory. The elimination of explicit feedback connections and
complex gating layers makes SNNs a compact and efficient
version of RNNs, while the sparse binary computations renders
them well-suited for event-driven sequential processing.

The above understanding of what leads us to the horizon
of why and where of SNNs — namely, the realm of sequential
tasks. The application space of SNNs for a long time has been
confined to static tasks [8], [9]. However, simply shifting the
focus from static to sequential data, irrespective of the specific
application, might not be optimal. Rather, it is important to
identify the proper application domain and harness the unique
advantages that SNNs can offer. To that effect, we consider
event camera based vision as an exemplary task. Since SNNs
operate on spikes, and event cameras output spikes directly,
they can be suitably integrated with SNNs. In terms of the
learning algorithms, we find that standalone SNNs can be used
for efficiently performing tasks such as optical flow estimation
[10], object detection [11], even outperforming ANNs with
lesser parameters. However, suitable SNN-ANN hybrids pro-
vide the best of both worlds in terms of accuracy, energy, and
training efficiency. Due to the promising performance of such
hybrid models, we believe they are worth exploring further,
where the SNN components capture temporal correlations and
provide efficiency, whereas the ANN parts capture static infor-
mation and lessen the training burden.

Finally, exploring sequential tasks while leveraging these
algorithmic advancements would only make sense if they can
be supported by appropriate hardware archetypes. To that end,
various in-memory and near-memory computing technologies
and emerging SNN-ANN hybrid accelerators are particularly
promising. An overall schematic pipeline for neuromorphic
computing is illustrated in Fig. 1, spanning from sensors to
algorithms to the appropriate hardware platforms, focusing on
event-based vision. In what follows, we elaborate on the what,
why, and where of SNN-based computing — section II highlights
this from an algorithmic standpoint, while section III discusses
the hardware. Finally, the article is concluded in section IV
with some perspectives and future directions.
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Fig. 1. Overall pipeline of a neuromorphic computing platform encompassing sensing to algorithms to hardware, focusing on event-based vision. The inputs are
sensed as dense frames as well as sparse event streams. We have observed hybrid SNN-ANN models achieve the best accuracy-efficiency trade-offs. The learning
algorithms can leverage the progress on various in-memory (IMC) and near-memory (NMC) computing technologies for efficient, low-latency implementation.

II. NEURON MODELS AND LEARNING ALGORITHMS

To understand what SNNs can offer as a learning paradigm,
we start by taking a closer look at its neuron model. The
fundamental units of SNNs are the spiking neurons, which are
generally modeled as integrate-and-fire (IF) or leaky-integrate-
and-fire (LIF). Mathematically, an LIF neuron is expressed as,

AV
dt (Vim

where V,,, is the membrane potential, I represents the weighted
sum of spike-inputs, 7, is the time constant for membrane
potential leak, I? is the leakage resistance and V,, .5 is the
resting potential. The inputs are sequentially accumulated in
V,n; when this potential exceeds a firing threshold (V45 ), output
spikes are propagated to the next layer, and the potential gets
reset. The implicit recurrence in Eqn. 1 depicts the capacity of
SNNs for sequence processing, where V,,, stores a compact
representation of the past acting as a simple memory unit.
Additionally, the membrane potential leak and threshold offer
a lightweight gating method. Note that the model definition
does not entail explicit feedback connections or complex gates,
making SNNs a simpler form of RNNS.

Taking this understanding into consideration, we can postu-
late that SNN's would be mostly suitable to sequential tasks with
compute constraints- the where piece of the puzzle. However,
to establish the why part, it is pivotal to demonstrate the
specific advantages of using SNNs with such temporal tasks,
and being able to efficiently train SNNs with high accuracy is

Tm Vm < V;,h (1)

Vm,rest) + RI7

a prerequisite for that. To that effect, we begin the discussion
by highlighting the input representation for SNNs.

Input Representations. SNNs inherently operate on spikes;
however, most of the inputs coming from real-world sensors
are analog in nature. Therefore, to use SNNs on traditional
analog data such as images, there is a need to convert the analog
information into spikes. Several encoding techniques have been
proposed for this, such as rate coding [12], temporal coding
[13]-[16], etc. (parts a-e of Fig. 2). They enable the usage of
SNNs on analog data but require processing the inputs over
a large number of timesteps. Another approach termed direct
input encoding [17] (part f of Fig. 2) applies the analog inputs
directly to the SNN and uses the 15 layer as a learned spike
generator. Such direct encoding coupled with appropriate SNN
training methods has shown to achieve comparable performance
to ANNs on large datasets like ImageNet with very few
timesteps, even one time-step [17], [18]. Although the above
encoding techniques enable the usage of SNNs with analog
inputs, it is critical to note that these inputs lacked temporal
information. On the other hand, inputs from neuromorphic
sensors such as event-based cameras (DVS128 [19], DAVIS240
[20], SamsungDVS [21] etc.) provide asynchronous and sparse
spatio-temporal spikes containing rich timing information (part
g of Fig. 2), and therefore, can be natively integrated with
SNNs. Due to this inherent harmony, we believe there is
significant value in exploring event-based inputs with SNNG.

Network architectures and Training. With the desired input
representation at hand, the next important step in obtaining
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Fig. 2. Spike input representations: a) Poisson rate coding- inputs are compared to a random number at each timestep to decide whether to spike or not; b)
Phase coding- each binary spike is weighted (schematically depicted for an 8-bit representation) according to the time of spiking, and earlier spikes get more
weight; ¢) Burst coding- inputs are represented by bursts of spikes, and input values are inversely proportional to inter-spike interval and proportional to spike
count; d) Time-to-first coding- inputs are compared to an exponentially decaying threshold at each step, so the input values are inversely proportional to the time
of spike; ) DCT coding- DCT is performed on the inputs (x) to obtain the DCT coefficients (y); then across timesteps, these coefficients are taken one-by-one
in order and multiplied by the corresponding DCT bases and this is given as input to an accumulator. Upon crossing a threshold, this accumulator generates
the spikes; f) Direct coding- inputs are directly given to the first layer of the SNN, which acts as a learnable spike generator. Note, these spike representations
(a-f) are mostly used for static tasks (for images). g) For an event-based camera, the inputs are already generated as asyncrhonous and sparse stream of spikes

for each pixel, containing rich timing information between spikes.

a high-performing SNN is the selection of an appropriate
network architecture and the related training algorithms (middle
row of Fig. 1). Although SNNs are inherently suited for
event-based visual sequential tasks such as optical flow/depth
estimation, segmentation, etc., ANNs have been the de-facto
choice. Over the years, various convolutional neural networks
(CNNs) [22], [23] have been employed for encoder-decoder
type networks. More recently, transformer-based models have
gained prominence in vision applications [24]-[26], delivering
higher performance at the expense of increased model size
and computational complexity. If we consider perception tasks
utilizing event-based cameras, ANN-based models demonstrate
decent performance [27]-[29] but encounter challenges to track
high-speed objects and are power-hungry.

The majority of conventional ANNs either function with
static frame-based inputs [26] or necessitate the aggregation of
numerous events over a time window to create a consolidated
representation [27]. This often leads to a significant loss of tem-
poral cues, making it progressively difficult for these networks
to learn long-term temporal dependencies. In light of this,
RNNs, LSTMs, and Gated Recurrent Units (GRUs) have been
employed in conjunction with CNNs [30], [31]. These combi-
nations enable sequential processing through explicit feedback

and memory units. While they can capture temporal information
to a certain extent and are inherently compatible with standard
Graphics Processing Units (GPUs), they pose challenges such
as high network complexity, a large parameter count, substantial
energy consumption, and difficulties in training.

Considering the advantages and disadvantages of using
ANN-based processing for sequential tasks, our attention now
turns to the training of SNN-based neuromorphic algorithms.
However, it is essential to acknowledge that deep SNNs, featur-
ing multiple layers and complex architectures, face challenges
in the training process due to vanishing spikes and non-
differentiable activation functions [32]. In the initial phases of
SNN algorithmic development, a prevalent strategy involved the
conversion from ANN to SNN [9], [12], [33]. Such methods
consisted of training an ANN and then converting it into a
corresponding SNN. Despite the high accuracy (comparable
to ANNG5) offered by these conversion-based techniques [35],
[36], they often faced challenges such as high inference la-
tency, restricting their real-time applicability. Subsequently, a
new approach emerged for training SNNs: backpropagation-
through-time (BPTT) from scratch. They offer the advantage
of reduced latency compared to conversion-based methods. To
make backpropagation feasible for SNNs, various surrogate
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Fig. 3. SNN-ANN hybrid approach for optical flow estimation- sensor-fusion based Fusion-FlowNet [34]. The events and the frames pass through the SNN
and ANN encoders, respectively. Then, these representations are fused using an ANN, and the flow is eventually predicted using an ANN decoder.

gradient-based techniques have been proposed [37], [38]. They
are designed to overcome the non-differentiability of the spike
function, enabling gradient-based training. Another comple-
mentary approach directly applies surrogate gradient-based BP
on the analog membrane potential [8], [39]. Initially, these
surrogate gradient-based BPTT methods were instrumental in
advancing the field of SNNs. However, they came with notable
training overheads and inference latency was still considerable
(~30-100 timesteps). To overcome these challenges, a ‘hybrid’
scheme was proposed [40], where an ANN is trained to be
subsequently used as an initialization for surrogate gradient-
based BPTT. Subsequently, [17] proposed to have learnable
neuronal thresholds and leaks to improve accuracy by miti-
gating vanishing spikes and being robust to input noise (due
to leak). Recent advancements have further improved training
strategies, introducing techniques such as temporal pruning
[41], and batch-normalization through time [42].

Inspired by these advancements, there has been a growing
adoption of SNNs for event-based vision. Expanding on [17]
for complex regression tasks such as optical flow estimation,
the authors in [10] employ trainable neuronal dynamics -
namely layerwise thresholds and leaks, to improve the learning
capability and achieve model size reduction. This approach
showcases substantial enhancements in event-based optical
flow estimation, exceeding corresponding ANN-based models
[27], [43]. Despite these improvements, the SNN-only archi-
tectures still suffer from considerable training overhead due
to the requirements of backpropagation by unrolling across
timesteps and the usual spike-vanishing issues. Consequently,
a natural question to ask is- can suitable SNN-ANN hybrids
be manufactured to obtain the best of both worlds? In this
regard, ANNs provide high performance with easier training
pipelines, whereas, SNNs present superior temporal processing
features with better efficiency. To investigate this, authors in
[44] propose a hybrid SNN-ANN architecture based on U-
Net with the encoder block being an SNN and the decoder
block using an ANN. This approach can be regarded as an
SNN-ANN architectural hybrid, where only the event-based
inputs are used. A different but complementary hybrid of SNNs
and ANNSs can be obtained through sensor-fusion, combining
the fast and sparse events with the slow and dense frames
[34]. Therefore, a multi-modal architecture with two separate

input streams, events and frames, handled by SNN and ANN
encoders, respectively (as illustrated in Fig. 3), can be adapted
to obtain dense flow. Such fusion is beneficial as the frames
provide static information, while the events encode dynamic
changes. As a result, overall training can benefit from the proper
blending of temporally as well as spatially rich inputs, resulting
in smaller model sizes while maintaining performance. While
this discussion of SNN’s why and where portrays a fertile future
brimming with opportunities, overall progress is only feasible
if supported by simultaneous hardware advancements, which
leads to our next section.

III. HARDWARE

While standard CPUs and GPUs excel in deploying ANNs
for traditional static tasks, the temporal dynamics of SNNs
pose a significant challenge for such standard hardware, often
resulting in sub-optimal implementations. Consequently, there
is a need for hardware capable of handling the rich temporal
dynamics of SNNs, such as spike communications, membrane
potential accumulation, neuron leakage, and firing. To address
these challenges, the near- and in-memory computing (IMC)
approaches appear to be a promising direction [45]-[47].
However, note that a major bottleneck of analog IMC is the
use of high-precision analog-to-digital converters (ADCs) that
consume a significant amount of energy and area (Fig. 4) [48].

One solution to this problem is to use digital IMC architec-
tures. For instance, [47] proposes a digital IMC SRAM-macro
for SNNs named IMPULSE. This macro fused weight and
membrane potential (V,,¢,,) memory, reducing the movement
of weight and V/,,,.,,, data structures, and performing all spiking
neuron functions using in-memory operations. This design
overcomes the well-known overhead in data movement and
energy usually imposed by high precision V¢, required dur-
ing SNN operations. Furthermore, they demonstrated that such
an approach results in an energy-efficient inference engine for
SNNs suitable for sequential tasks such as sentiment analysis.
While a digital IMC design eliminates the use of ADCs, it
cannot match the high throughput delivered by analog IMC
designs [45].

To that effect, recent advancements in analog In-Memory
Computing (IMC) have focused on reducing ADC overhead.
A significant development in this area is the ADC-less IMC



architecture and a hardware-aware quantization method intro-
duced by authors in [49]. This approach leverages the high
sparsity activation of Spiking Neural Networks (SNNs) to
bypass the need for ADCs, resulting in notable latency and
energy efficiency improvements over traditional high-precision
ADCs. Additionally, this work demonstrates that incrementally
enhancing SNN models’ hardware awareness during training
achieves robust performance in tasks like gesture recognition
and optical flow with DVS cameras. Another notable effort in
this direction is the design proposed by [45] where ADCs are
eliminated using a mixed-mode neuron firing mechanism.
While SNNs achieve high energy efficiency owing to their
event-based processing coupled with tailored hardware designs,
training SNNGs is still a challenging task compared to training
their ANN counterparts. Recognizing the potential of com-
bining SNN’s energy efficiency with ANN’s ease of training,
researchers are exploring SNN-ANN hybrid networks (Section
II). A significant development complementing this area is the
creation of SNN-ANN hybrid hardware accelerators [S0]-[52].
For instance, [52] can support the hybrid SNN-ANN Spike-
FlowNet discussed here using the learnable hybrid units (HU).
Furthermore, the hybrid sensing network proposed in [52] is
very similar to the Fusion-FlowNet. Additionally, the functional
cores (FC) proposed in [50] provide a heterogeneous network
that effectively accommodates both SNN and ANN blocks,
showcasing the versatility and potential of these hybrid systems.
However, it is important to note that while the importance
of advancing algorithms and hardware independently is unde-
niable, the significance of co-designing algorithms and hard-
ware has become increasingly evident. This approach ensures
a harmonious integration where algorithms are finely tuned
to the hardware’s strengths, and conversely, the hardware is
adeptly designed to optimally support these algorithms. Recent
research has explored various ways of algorithm-hardware co-
design for SNNs, including optimizations related to dataflow
[53] and hardware mapping [46]. Also, in [49], the authors
eliminated the ADCs in analog IMC architectures through
hardware-aware quantization during training. Researchers have
also shown significant energy and accuracy improvements by
simultaneously designing hardware and corresponding training
algorithms. For instance, [51] proposes a hybrid ANN-SNN
training accelerator where the sparsity during ANN training is
increased using the corresponding SNN, and the hardware is
designed to leverage that sparsity. Such developments not only
exemplify the effectiveness of algorithm-hardware co-design
in enhancing performance but also pave the way for more
sophisticated and efficient neuromorphic computing systems.

IV. DISCUSSION

The field of SNNs is undergoing a transition from a
fledgling bio-plausible niche to potentially becoming a pivotal
component of edge intelligence. While this evolution brings
exciting prospects, critical scrutiny to realize what they can
offer and ascertain their suitable application space becomes
highly significant. We demonstrate the utility of SNNs in
tasks that rely on sequential information, emphasizing the
importance of leveraging their temporal axis effectively. Such
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optimized SNNs have the potential to result in lightweight and
efficient architectures, making them well-suited for edge ap-
plications.Furthermore, the integration of SNN-ANN hybrids,
combining the strengths of both architectures, can be crucial
for handling more complex tasks that demand high accuracy
and ease of training. Additionally, multi-modal data obtained
through data fusion from multiple sensing modalities such as
vision (frame and event cameras), audio, tactile data, etc., can
be effectively handled by SNN-ANN hybrids (temporal data
handled by SNN and structural data handled by ANN) to obtain
the best of both worlds. In light of this, it will be interesting
to explore how such hybrid techniques can be effectively
utilized in emerging domains of Al such as generative models,
transformers, continual learning, few-shot learning, distributed
intelligence, etc. Parallel to these, progress in neuromorphic
hardware is equally crucial to sustain the demands of the
ever-improving algorithms and architectures and fully realize
their efficiency benefits. To that end, some existing challenges
are- developing event-driven programmable platforms and in-
memory computing accelerators for SNNs and SNN-ANN
hybrids in both digital and analog domains, designing unified
benchmarking techniques and proper evaluation schemes for
specialized neuromorphic hardware architectures, etc.

In conclusion, while SNN-based neuromorphic computing
holds promise, it faces significant hurdles before becoming
a core component of widespread machine intelligence. We
speculate that rather than dominating all existing machine
learning paradigms, it may find its niche in sequential tasks
in low-power edge applications, with event-based applications
looking particularly exciting.
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