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Abstract
Real-time video processing using state-of-the-art deep neural networks
(DNN) has managed to achieve human-like accuracy in the recent past but
at the cost of considerable energy consumption, rendering them infeasible
for deployment on edge devices. The energy consumed by running DNNs on
hardware accelerators is dominated by the number of memory read/writes
and multiply-accumulate (MAC) operations required. This work explores
the role of activation sparsity in efficient DNN inference as a potential
solution. As matrix-vector multiplication of weights with activations is the
most predominant operation in DNNs, skipping operations and memory
fetches where (at least) one of them is a zero can make inference more
energy efficient. Although spatial sparsification of activations is researched
extensively, introducing and exploiting temporal sparsity has received far less
attention in DNN literature. This work introduces a new DNN layer (called
temporal delta layer) whose primary objective is to induce temporal activation
sparsity during training. The temporal delta layer promotes activation sparsity
by performing delta operation that is aided by activation quantization and l1
norm based penalty to the cost function. As a result, the final model behaves
like a conventional quantized DNN with high temporal activation sparsity
during inference. The new layer was incorporated into the standard ResNet50
architecture to be trained and tested on the popular human action recognition
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dataset, UCF101. The method resulted in a 2x improvement in activation
sparsity, with a 5% reduction in accuracy.

3.1 Introduction
DNNs have lately managed to successfully analyze video data to perform
action recognition [1], object tracking [2], object detection [3], etc., with
human-like accuracy and robustness. Unfortunately, DNNs’ high accuracy
comes with considerable costs, in terms of computation and memory consumption, resulting in high energy consumption. This makes them unsuitable
for always-on edge devices.
Techniques such as network pruning, quantization, regularization, and
knowledge distillation [4] [5] have helped reduce model size over time,
resulting in less compute and memory consumption overall. Sparsity is a
prominent aspect in all of the aforementioned methods. This is significant
because sparse tensors allow computations involving zero multiplication to
be skipped. They are also easy to store and retrieve in memory. In the DNN
literature, structural sparsity (of weights) and spatial sparsity (of activations)
are well-studied topics [6]. However, while being a popular concept in neuromorphic computing, temporal activation sparsity has received less attention
in the context of DNN.
This work applies the concept of change or delta based processing to
the training and inference phases of deep neural networks, drawing inspiration from the human retina [7]. DNN inference, which processes each
frame independently with no regard to the temporal correlation is dense and
obscenely wasteful. Whereas, processing only the changes in the network can
lead to zero-skipping in sparse tensor operations minimizing the redundant
operations and memory accesses.
Therefore, the proposed methodology in this work induces temporal sparsity to theoretically any DNN by incorporating a new layer (named temporal
delta layer), which can be introduced in a DNN at any phase (training,
refinement, or inference only). This new layer can be integrated to an existing
architecture by positioning it after all or some of the ReLU activation layers
as deemed beneficial (see Figure 3.1). The inclusion of this layer does not
necessitate any changes to the preceding or following layers. Furthermore,
the new layer adds a novel sparsity penalty to the overall cost function of
the DNN during the training phase. This l1 norm based penalty minimizes
the activation density of the delta maps (i.e., temporal difference between
two consecutive feature maps). Apart from that, the new layer is compared
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(a) Standard DNN, and (b) DNN with proposed temporal delta layer

in conjunction with two activation quantization methods, namely fixed-point
quantization (FXP) and learned step-size quantization (LSQ).

3.2 Related Works
Although DNNs are in essence bio-inspired, they have not been able to find
the balance between power consumption and accuracy yet, especially while
dealing with computationally heavy streaming signals. On the other hand, the
brain’s neocortex handles complex tasks like sensory perception, planning,
attention, and motor control while consuming less than 20 W [8]. Scalable
architecture, in-memory computation, parallel processing, communication
using spikes, low precision computation, sparse distributed representation,
asynchronous execution, and fault tolerance are some of the characteristics
of the biological neural networks that can be leveraged to bridge the energy
consumption gap between the brain and DNNs [9]. Among these, the proposed methodology focuses on the viability of using sparsity within DNNs
to achieve energy efficiency. During a matrix-vector multiplication between
a weight matrix and an activation vector, zero elements in the tensor can be
skipped leading to computational as well as memory access reduction (see
Figure 1.2).
There are broadly two types of sparsity available in DNNs: weight sparsity (related to the interconnect between neurons) and activation sparsity
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Figure 3.2 Sparsity in activation (∆x) drastically reduce the memory fetches and multiplications between ∆x and columns of weight matrix, W, that correspond to zero [10].

(related to the number of neurons). Furthermore, activation sparsity can be
categorised into spatial and temporal sparsity, which exploits the spatial and
temporal correlation within the activations, respectively, [11]. Unlike weight
and spatial sparsity [12, 13, 14, 15], exploiting the temporal redundancy
of DNNs while processing streaming data as a means to reduce energy
consumption is a relatively less explored idea. Exploiting temporal sparsity
translates to skipping re-calculation of a function when its input remains
unchanged since the last update.
One of the methods to exploit temporal sparsity is to use the compressed
representation (like H.264, MPEG-4, etc.) of videos at the input stage itself.
These compression techniques only retain a few key-frames completely
and reconstruct others using motion vectors and residual error, thus using
temporal redundancy [16] [17]. Another path includes finding a neuron
model which is somewhere in between “frame-based DNN” and “event-based
spiking neural networks”. This work is an attempt in the aforementioned
direction. A similar work, CBInfer [18], proposes replacing all spatial convolution layers in a network with change-based temporal convolution layers
(or CBconv layers). In this, a signal change is propagated forward only
when a certain threshold is exceeded. Likewise, [19] tapped into temporal
sparsity by introducing Sigma-Delta Networks, where neurons in one layer
communicated with neurons in the next layer through discretized delta activations. An issue when it comes to CBInfer is the potential error accumulation
over time as the method is threshold-based. If the neuron states are not
reset periodically, this threshold can cause drift in the approximation of the
activation signal and degrade the accuracy. Whereas, sigma-delta scheme
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experiments on smaller datasets like temporal MNIST, which might not be
a reliable confirmation of the method’s effectiveness.

3.3 Methodology
In video-based applications, traditional deep neural networks rely on framebased processing. That is, each frame is processed entirely through all the
layers of the model. However, there is very little change in going from one
frame to the next through time, which is called temporal locality. Therefore,
it is wasteful to perform computations to extract the features of the nonchanging parts of the individual frame. Taking that concept deeper into the
network, if feature maps of two consecutive frames are inspected after every
activation layer throughout the model, this temporal overlap can be observed.
Therefore, this work postulates that temporal sparsity can be significantly
increased by focusing the inference of the model only on the changing pixels
of the feature maps (or deltas).
3.3.1 Delta Inference
This work introduces a new layer that calculates the delta (or difference)
between two temporally consecutive feature maps and quantifies the degree
of these changes at only relevant locations in the frame. Since zero changes
are not propagated through the layer, the role of this layer may be perceived as
"analog event propagation". It is considered an "analog event" as it is not the
presence of change, but the magnitude of change that is propagated through.
To better understand it mathematically, in a standard DNN layer, the
output activation is related to its weights and input vector through Eq. 3.1
and 3.2.
Yt = W Xt + B
(3.1)
Zt = σ(Yt )

(3.2)

where W and B represent the weights and bias parameters, Xt represents the
input vector, and Yt represents the transitional state. Then, Zt is the output
vector which is the result of σ(.) - a non-linear activation function. t indicates
that the tensor has a temporal dimension. However, in the temporal delta
layer, weight-input multiplication transforms into,
∆Yt = W ∆Xt = W (Xt − Xt−1 )

(3.3)
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Yt = ∆Yt + Yt−1
= W (Xt − Xt−1 ) + W (Xt−1 − Xt−2 ) + ... + Y0 , where Y0 = B
= W Xt + B,
(3.4)
∆Zt = Zt − Zt−1 = σ(Yt ) − σ(Yt−1 ), where σ(Y0 ) = 0

(3.5)

In Eq. 3.3, instead of using Xt directly, only changes or ∆Xt are
multiplied with W. Using the resulting ∆Yt , the corresponding Yt can be
recursively calculated with Eq. 3.4, where Yt−1 is the transitional state
obtained from the previous calculation. Eq. 3.5 is the final delta activation
output that is passed onto the next layer.
Another notable difference between the standard DNN layer and the
proposed layer is the role of bias. In delta based inference, bias is only used
as an initialization for the transitional state, Y0 in Eq. 3.4. However, since
bias tensors do not change over time, their temporal difference is zero and is
removed from Eq. 3.3.
Now, as the input video is considered temporally correlated, the expectation is that ∆Xt and by association ∆Zt are also temporally sparse. In
essence, the temporal sparsity between consecutive feature maps is cast on
the spatial sparsity of the delta map that is propagated. Additionally, Yt in Eq.
3.1 and 3.4 are always equal. This indicates that as long as the input is the
same, both standard DNN and temporal delta layer based DNN provide the
same result at any time step.
3.3.2 Sparsity Induction Using Activation Quantization
As shown in Figure 3.3, there is temporal redundancy evident in feature maps
of two consecutive frames. However, if looked closely, it can be observed
that these feature maps are similar but not identical as shown in Figure 3.3a
and 3.3b. Therefore, if two such consecutive feature maps are subtracted,
the resulting delta map has many near zero values, thus restricting the
potential increase in temporal sparsity (Figure 3.3c). This is mainly due to
the higher precision available in the floating point representation (FP32) of
the activations. For example, in IEEE 754 representation, a single-precision
32-bit floating point number has 1 bit for sign, 8 bits for the exponent and
23 bits for the significant. It, not only, leads to a very high dynamic range,
but also, increases the resolution or precision for numbers close to 0. The
number nearest to 0 is about ±1.4 x 10−45 . Therefore, due to high resolution,
two similar floating point values have difficulty going to absolute zero when
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Figure 3.3 Demonstration of two temporally consecutive activation maps leading to near
zero values (rather than absolute zeroes) after delta operation.

subtracted. A plausible solution to decrease the precision of the activations is
to use quantization.
In this work, a post-training quantization method (fixed point quantization
[20]) and a quantization aware training method (learnable step size quantization [21]) are considered for comparison as a temporal sparsity facilitator for
the new layer.
3.3.2.1 Fixed Point Quantization
In this method, the floating point numbers are quantized to integer or fixed
point representation [20]. Unlike floating point, in fixed point representation,
the integer and the fractional part have fixed length. This limits both range
and precision. That is, if more bits are used to represent the integer part, it
subsequently decreases the precision and vice versa.
Method:
Firstly, a bitwidth is defined to which the 32-bit floating parameter is to be
quantized, BW. Then, the number of bits required to represent the unsigned
integer part of the parameter (x) is calculated as shown in Eq. 3.6.
I = 1 + blog2 ( max |x| )c
1<i<N

(3.6)

A positive value of I means that I bits are required to represent the
absolute value of the integer part, while a negative value of I means that
the fractional part has I leading unused bits. Now, it is known that 1 bit is for
sign, so the number of fractional bits, F , is given by Eq. 3.7.
F = BW − I − 1

(3.7)
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Considering the parameters, BW - bitwidth, F - fractional bits, I - integer
bits, and S - sign bit, Eq. 3.8 maps the floating point parameter x to the fixed
point by,
C(R(x.2F ), −t, t)
(3.8)
2F
where R(.) is the round function, C(x, a, b) is the clipping function, and t is
defined as,
(
2BW −S , BW > 1
t=
0
BW ≤ 1
Q(x) =

Possible Drawback of Fixed Point Quantization:
Fixed point quantization, as shown above, is a fairly straightforward mapping
scheme and is easy to be included in the model training process during
the forward pass before the actual delta calculation. However, it poses a
limitation to the extent of quantization possible without sacrificing accuracy.
Typically, an 8-bit quantization can sustain floating point accuracy with this
method, but if the bitwidth goes below 8 bits, the accuracy starts to deteriorate
significantly. This is because, unlike weights, activations are dynamic and
activation patterns change from input to input making them more sensitive
to harsh quantization [22]. Also, quantizing the layers of a network to the
same bitwidth can mean that the inter-channel behaviour of the feature maps
are not captured properly. Since the number of fractional bits is usually
selected depending on the maximum activation value in a layer, this type
of quantization tends to cause excessive information loss in channels with a
smaller range.
3.3.2.2 Learned Step-Size Quantization
Quantization aware training is the most logical solution to the aforementioned
drawback as it can potentially recover the accuracy in low bit tasks given
enough time to train. Therefore, a symmetric uniform quantization scheme
is considered called Learned Step size Quantization (LSQ). This method
considers the quantizer itself as a trainable parameter which is trying to
minimize the task loss using backpropagation and stochastic gradient descent.
This serves two purposes: (a) step size, which is the width of quantization
bins, gets to be adaptive through the training according to the activation
distribution. It is vital to find an optimum step size because, as shown in
Figure 3.4, if the step size is too small or too large, it can lead to the quantized

3.3 Methodology 43
Quantized data
Raw value
Quantized value
Step size - Too small

Raw data

0

Step size - Optimum

0

0

Step size - Too large

0

Figure 3.4 Importance of step size in quantization: on the right side, in all three cases, the
data is quantized to five bins with different uniform step sizes. However, without optimum step
size value, the quantization can detrimentally alter the range and resolution of the original data.

data being a poor representation of the raw data. (b) as the step size is a model
parameter, it is also directly seeking to improve the metric of interest, i.e.
accuracy.
Method:
Given: x - the parameter to be quantized, s - step size, QN and QP - number
of negative and positive quantization levels respectively, and q(x;s) is the
quantized representation with the same scale as x,

x

if − QN ≤ xs ≤ QP
b s e.s,
q(x; s) = −QN .s, if xs ≤ −QN
(3.9)


x
QP .s,
if s ≥ QP
where bae rounds the value to the nearest integer. Considering the number of
bits, b, to which the data is to be quantized, QN = 0 for unsigned and QN
= 2b−1 for signed data. Similarly, QP = 2b−1 for unsigned and 2b−1 − 1 for
signed data.

Modified LSQ:
In this work, the original LSQ method is slightly modified to remove the clipping function from the equations as (a) the bitwidth, b, required to calculate
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QN and QP is not known. This is because the bitwidth is not pre-defined
and is determined using the activation statistics of each layer while training
which leads to a mixed precision model, which is more advantageous, and (b)
clipping leads to accuracy drop as it alters the range of the activation. That
is, if activations are clipped during training, there could be a significant difference between the real-valued activation value and the quantized activation
value, which in turn affects the gradient calculations and, therefore the SGD
optimization.
Thus, in temporal delta layer, the forward pass of the quantization
includes only scaling, rounding and de-scaling and can be mathematically
expressed as,
x
(3.10)
q(x; s) = b e.s
s
The gradient of the Eq. 3.10 for backpropagation is given by Eq. 3.11.
x
x
∇s q(x; s) = b e −
s
s

(3.11)

3.3.3 Sparsity Penalty
Quantized delta map, created using the above-mentioned methods, in itself
has a fair number of absolute zeroes (or sparsity) available. However, like
the biological brain, learning can help in increasing this sparsity further.
The inspiration for this came from an elegant set of experiments performed
by Y. Yu et al. [23]. The experiment showed a particular 30 seconds video
to rodent specimens and tracked their activation density during each presentation. It was found that activation density decreased as the number of
trials increased, i.e as the learning increased, the active neurons required for
inference decreases.
Adapting the said concept to this work, a l1 norm based constraint
is introduced to the loss function. This is termed as the sparsity penalty.
Therefore, the new cost function can be mathematically expressed as cost
function = task loss + sparsity penalty, i.e,

Cost f unction = T ask loss + λ (

l1 norm of active neurons in delta map
)
total number of neurons in delta map
(3.12)

where task loss minimizes the error between the true value and the predicted value and, sparsity penalty minimizes the overall temporal activation
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density. The λ mentioned in Eq. 3.12 refers to the penalty co-efficient of the
cost function. If λ is too small, the sparsity penalty takes little effect and
model accuracy is given more priority and if λ is too large, sparsity becomes
the priority leading to very sparse models but with unacceptable accuracy.
The key is to find the balance between task loss and sparsity penalty.

3.4 Experiments and Results
In this section, the proposed methodology explained in section 3.4 is analyzed
to study how it helps achieve the desired temporal sparsity and accuracy.
3.4.1 Baseline
For baseline, the two-stream architecture [24] was used, with ResNet50 as the
feature extractor on both spatial and temporal streams. The dataset used was
UCF101, which is a widely used human action recognition dataset of ‘in-thewild’ action videos, obtained from YouTube, having 101 action categories
[25]. The spatial stream used single-frame RGB images of size (224, 224,
3) as the input, while the temporal stream used stacks of 10 RGB difference
frames of size (224, 224, 10 × 3) as the input. Also, both these inputs were
time distributed to apply the same layer to multiple frames simultaneously
and produce output that has time as the fourth dimension. Both the streams
were initialized with pre-trained ImageNet weights and fine-tuned with an
SGD optimizer.
Under the above-mentioned setup, spatial and temporal streams achieved
an accuracy of 75% and 70%, respectively. Then, both streams were average
fused to achieve a final classification accuracy of 82%. Also, in this scenario,
both streams were found to have an activation sparsity of ∼ 47%.
3.4.2 Experiments
Scenario 1: The setup consecutively places the fixed point based quantization
layer and temporal delta layer after every activation layer in the network. The
temporal delta layer here also includes a l1 norm based penalty. The baseline
weights were used as a starting point, and all the layers including the temporal
delta layer is fine-tuned until acceptable convergence. The hyper-parameters
specifically required for this setup were bitwidth (to which the activations
were to be quantized) and penalty co-efficient to balance the tussle between
task loss and sparsity penalty.
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Scenario 2: The setup is similar to the previous scenario except for the activation quantization method used. The previous experiment used fixed precision
quantization where all the activation layers in the network were quantized
to the same bitwidth. However, this experiment uses learnable step-size
quantization (LSQ), which performs channel-wise quantization depending
on the activation distribution resulting in mixed-precision quantization of the
activation maps.
The layer also introduces a hyperparameter during training (apart from
the penalty coefficient mentioned earlier) for the step size initialization.
Then, during training, the step size increases or decreases depending on the
activation distribution in each channel.
3.4.3 Result Analysis
Table 3.1 and 3.1 show the baseline accuracy and activation sparsity compared against the two scenarios mentioned.
Firstly, when the temporal delta layers with fixed point quantized activations are included in the baseline model, it can be observed that the activation
sparsity increases considerably with a slight loss in accuracy in both streams.
Table 3.1 Spatial stream - comparison of accuracy and activation sparsity obtained through
the proposed scenarios against the baseline. In the case of fixed point quantization, the reported
results are for a bitwidth of 6 bits.
Model setup
Accuracy
Activation sparsity
(Spatial stream)
Baseline
75%
48%
Temporal delta layer with
73%
74%
fixed point quantization
Temporal delta layer with
69%
86%
learned step-size quantization
Table 3.2 Temporal stream - comparison of accuracy and activation sparsity obtained
through the proposed scenarios against the benchmark. In the case of fixed point quantization,
the reported results are for a bitwidth of 7 bits.
Model setup
Accuracy
Activation sparsity
(Temporal stream)
Baseline
70%
47%
Temporal delta layer with
68%
67%
fixed point quantization
Temporal delta layer with
65%
89%
learned step-size quantization
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This is because lowering the precision from 32 bits to 8 bits (or less) leads to
temporal differences of activations going to absolute zero.
Additionally, the reason for close-to baseline accuracy in the method
involving fixed point quantization can be attributed to fractional bit allocation
flexibility. That is, as the bitwidth is fixed, the number of integer bits required
is decided depending on the activation distribution within the layer, and the
rest of the bits are assigned as fractional bits. This makes sure that the precision of the activation is compromised for range. Also, another contributing
factor for accuracy sustenance is that the first and the last layers of the model
are not quantized, similar to works like [26][27]. This is because the first
and last layer has a lot of information density. Those are the layers where
input pixels turn into features and features turn into output probabilities,
respectively, which makes them more sensitive to quantization.
Although the activation sparsity gain in the case of the temporal delta
layer with fixed point quantization is better than the baseline, it is still not
sufficiently high as required. In this effort, the bitwidth of the activations are
decreased in the expectation of increasing sparsity. However, as the bitwidth
goes below a certain value (6 bits for spatial and 7 bits for temporal stream),
sparsity increases, but accuracy starts to deteriorate beyond recovery, as
shown in Table 3.3. This is because quantizing all layers of a network to the
same bitwidth can mean that the inter-channel variations of the feature maps
are not fully accounted for. Since the number of fractional bits is usually
selected to cover the maximum activation value in a layer, the fixed bitwidth
quantization tends to cause excessive information loss in channels with a
smaller dynamic range. Therefore, it can be inferred that mixed-precision
quantization of activations is a better approach to obtain good sparsity without
compromising accuracy.
Table 3.3 Result of decreasing activation bitwidth in fixed point quantization method. For
spatial stream, decreasing below 6 bits caused the accuracy to drop considerably. For temporal
stream, the same happened below 7 bits.
Spatial stream
Temporal stream
Activation
Accuracy
Activation
Accuracy
Activation
bitwidth
(%)
sparsity (%)
(%)
sparsity (%)
32
75
50
70
47
8
75
68
70
65
7
75
71
68
70
6
73
75
61
73
5
65
80
-
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Figure 3.5 Evolution of quantization step size from initialization to convergence in LSQ.
As step-size is a learnable parameter, it gets re-adjusted during training to cause minimum
information loss in each layer.

Finally, using the temporal delta layer where incoming activations are
quantized using learnable step-size quantization (LSQ) gives the best results
for both spatial and temporal streams. As the step size is a learnable parameter, it gives the model enough flexibility to result in a mixed precision
model, where each channel in a layer has a bitwidth that suits its activation
distribution. This kind of channel-wise quantization minimizes the impact of
low-precision rounding. It is also evident in Figure 3.5 that as the training
nears convergence, the values of the step size differ according to the activation distribution and bitwidth required to represent each layer. Moreover,
consistent with the expectation, the first and last layers during training opts for
smaller step sizes implying they need more bitwidth for their representation.
Table 3.4 Final results from two-stream network after average fusing the spatial and temporal stream weights. With 5% accuracy loss, the proposed method almost doubles the activation
sparsity available in comparison to the baseline.
Baseline
Proposed method
Model
Accuracy
Activation
Accuracy
Activation
type
(%)
sparsity (%)
(%)
sparsity (%)
Spatial
75
50
69
86
stream
Temporal
70
46
65
89
stream
Two-stream
(Average
82
47
77
88
fused)
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The weights generated using this method was then average fused to find
the final two-stream network accuracy and activation sparsity (Table 3.4).
Finally, the proposed method can achieve an overall 88% activation sparsity
with 5% accuracy loss.

3.5 Conclusion
Intuitively, the proposed new temporal delta layer projects the temporal
activation sparsity between two consecutive feature maps onto the spatial
activation sparsity of their delta map. When executing sparse tensor multiplications in hardware, this spatial sparsity can be used to decrease the
computations and memory accesses. As shown in Table 3.4, the proposed
method resulted in 88% overall activation sparsity with a trade-off of 5%
accuracy drop on UCF-101 dataset.
The collateral benefit of the obtained temporal sparsity is that the computations does not increase linearly with the increase in frame rate. In typical
DNNs, doubling the frame rate would automatically necessitate doubling the
computations. However, in the case of temporal delta layer based model,
increasing the frame rate will not only improve the temporal precision of
the network but also increase its temporal sparsity limiting the computations
required [28].
The downside of using the temporal delta layer is that it requires keeping
track of previous activations in order to perform delta operations. As a
result, the overall memory footprint grows, putting more reliance on off-chip
memory. However, the rising popularity of novel memory technologies (like
resistive RAM [29], embedded Flash memory [30], etc.) may improve the
cost calculations in the near future.
Disclaimer: This paper is a distillation of the research done by one of the
authors as a part of her master thesis and is partially published in chapter 3
of [32]. The complete thesis, along with the results and analysis, is available
online [31].
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