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This appendix provides additional insights and imple-
mentation details supporting the main paper. We first de-
scribe our method’s energy efficiency by analyzing infer-
ence costs in Sec. |. We then present how our Spiking Tem-
poral Modulator (STM) inherently denoises compressed
signals by isolating meaningful motion cues in Sec. 2. Fi-
nally, we detail our full network architecture and the con-
figuration of model variants used in experiments in Sec. 3.

1. Inference Cost Computation

This section evaluates the energy-efficiency of our method
in terms of compute intensity per inference cycle. Spiking
Neural Networks (SNNs), often referred to as the third gen-
eration of neural networks, are well known for being highly
energy-efficient compared to traditional Artificial Neural
Networks (ANNs) (non-spiking networks) [1]. For esti-
mating the inference cost per cycle for different architec-
tures, we try to highlight how computation in SNNs and
ANNSs primarily differ from each other. SNNs offer highly
sparse, asynchronous event-driven ACcumulate (AC) op-
erations over time. Hence, a synaptic compute operation
is performed only when an input spike arrives. In con-
trast, ANNs perform expensive Multiply-and-ACcumulate
(MAC) operations for computing dense Matrix-Vector Mul-
tiplication (MVM) functions, irrespective of the sparsity of
inputs. We use the findings in [2] to specify that a MAC op-
eration requires a total of Ey;ac = 4.6pJ of energy while
an AC operation requires only E4c = 0.9pJ for a 32-
bit floating-point computation in 45nm CMOS technology.
This makes an AC operation 5.1x more energy-efficient
than a corresponding MAC operation. Coupled with the
number of floating point operations (FLOPs) performed by
the network for a single inference including all temporal and
spatial views used, we benchmark compute energy cost of
existing approaches following the estimation method used
in [1, 3, 4] on the popularly used 45nm CMOS process
node. Note that comparisons on a different technology node
would also generate similar energy requirement trends be-
tween SNNs and ANNs: while absolute energy values may

vary with hardware, FLOPs are hardware-agnostic, so the
ratio of costs between MAC and AC operations is preserved
across platforms.

It is worth mentioning that we neglect energy consumed
by the memory or any peripheral circuitry and only consider
the compute cost for MAC/ AC operations. First, we cal-
culate the total number of synaptic operations performed in
each layer. For SNNs, the number of FLOPs at a layer is ob-
tained by multiplying the mean spiking rate at each timestep
for that layer, the number of synaptic connections and the
number of operating timesteps. The small input spiking ac-
tivities obtained in different SNN layers are mainly because
of the fact that P-frame streams are highly sparse in nature
and the spiking neurons generate progressively sparser out-
puts as the network depth increases. This sparse firing rate
is essential for exploiting efficient sparsity-based computa-
tions in the SNN layers. In contrast, ANNs execute dense
matrix-vector multiplication operations without considering
the sparsity of inputs. In other words, ANNs simply feed-
forward the inputs at once, with a fixed total number of op-
erations. This leads to high energy requirements (compared
to SNNs) since operations are executed for both zero and
non-zero input values, leading to unnecessary compute [1].

Given a number of neurons M, a number of synaptic
connections C, and a mean firing activity F', the num-
ber of FLOPs at each timestep for a layer [ is calculated
as M; x C; x F;. 1In the case of ANNs, we have a
mean_spiking rate = 1 and number_of timesteps = 1
for each layer. Hence, the total compute energy cost per
inference cycle can be formalized as follows:

FLOPsinN = Z M; x C
l

FLOPsgnn = NZMl x C; x Fy
l

Erotal = FLOPsann X Epjac + FLOPssyn X Eac

where N is the number of timesteps and Er,;,; denotes
the total compute cost for a single inference. We utilize



the above-described formulation to estimate the total com-
pute energy required by different networks during infer-
ence. Note that we only consider convolution operations
to compute the number of FLOPs, and neglect energy con-
sumed by Batch-norm layers, or activations after each con-
volution layer. The results in the main manuscript suggest
that our method achieves competitive performance and the
least compute energy requirement compared to the heav-
ier current state-of-the-art approaches using compressed
videos [5—11], raw-domain videos [12—15] or both [16, 17].
Specifically, we reduce inference cost (~ 113X lower) and
inference latency (~ 56x lower) compared to prior art.
This is mainly attributed to our efficient hybrid temporal-
spatial feature learning method which enables us to use
a lightweight architecture for edge-compute without com-
promising on video recognition performance. Additionally,
the STM pathway in our network contributes negligibly to
the total compute energy cost, reducing our energy require-
ments even further.

2. Inherent robustness to noise with STMs

To model the compressed signals efficiently, we aim to
isolate relevant motion corresponding to objects of inter-
est in the scene, filtering out any spurious values or move-
ment generated due to background clutter and camera noise.
Spiking neurons such as the Leaky-Integrate and Fire [ 1, 18]
are excellent candidates as they are capable of maintain-
ing an internalized state called membrane potential w, e,
which decays over time at a rate controlled by the leak fac-
tor. The leak factor denotes how much of the membrane po-
tential is retained for the next time step, i.e., the higher the
leak factor, the slower the rate of decay. If the accumulated
membrane potential of the neuron exceeds the threshold at
any point, (Umem > vt ), the neuron emits an output spike
and resets its membrane potential.

Spurious motion in the P-frames due to sensor noise is
usually generated at much lower rates than actions made by
objects of interest in a scene. As such, if the time between
input events is large, the membrane potential decays its
value before it can reach the threshold. However, if these in-
put events occur more frequently, they are able to overcome
the decay and increase the membrane potential towards the
threshold. Thus, the neuron generates output spikes if the
recorded motion occurs at a frequency higher than a cer-
tain value, which is usually the case for actions made by
foreground characters in contrast to redundant background
motion. We visualize this phenomenon in Fig. 1. Lever-
aging this sparse spiking property of LIF neurons, our STM
module enjoys the benefits of implicit denoising of the com-
pressed signals with no extra overheads. This is in contrast
to the dense processing mechanism in RNNs which does not
directly lend itself to filtering out sensor and background
noise. This contributes to our observed performance gains
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Figure 1. Temporal sensitivity of our LIF neuron. Left graph
shows the neuron response to inputs at a given pixel occurring at
lower rates; the right graph shows neuron response to inputs occur-
ring at a higher rate. Once the inputs occur at an intensity higher
than the learnt threshold, i.e, there is significant motion recorded
at a pixel location, the neuron records ‘spikes’ and resets to a rest-
ing value.

in noisy, compressed settings.

3. Architecture Details and Network Variants

Our network is inspired by the U-Net [19] architecture. We
use a temporal (STM), local spatial (learnable patch em-
bedding) and global spatial encoder (unified transformer en-
coder), followed by a feature mixing module (Multi-modal
Fusion Block) and a decoder (Residual-in-Residual Dense
Block and linear classifier).

The STM includes three conv-LIF layers with a ‘soft
reset’ strategy [20, 21]. Accumulated analog membrane
potential maps from the STM branches and the I-frame
streams are used as context inputs to separate local spa-
tial encoders comprising a learnable convolution and flat-
ten layer. This decomposes the multi-modal features into a
N non-overlapping patches, where N = 16. The global
spatial encoder (unified transformer) adds spatiotemporal
positional encoding [11] to maximize context in the multi-
modal feature maps and follows the Vision transformer
(ViT) [13] architecture as its base (depth= 12 and nheads=
12). Tokens from the transformer encoder are then reshaped
back to their original dimensions using the pytorch token
folding operation and modulated with Conv. Folding mod-
ules comprising a 3 x 3 overlapping kernel convolution
layer with ReLU activation. Fusion with the initial fea-
ture maps happens with the Conv. Folding outputs after
passing through a learnable convolution connection in the
skip branch. These consolidated features are then passed
through a Conv. Fusion block consisting overlapping 3 x 3
kernel convolution layers with LeakyReLU activation [22].
The output filter size for all these conv. layers are set to
64. We do element wise addition on these multi-modal fea-
tures and feed them to the residual in residual dense block
(RRDB) [23] before the final classifier. For the ‘Ours-L’



variant reported in the main paper, the output filter size is
set to 96 and the unified transformer is increased to 16, to
enhance network complexity and depth for learning more
challenging datasets.
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