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Abstract: When considering the reduction of profit margins and improvement of energy efficiency in processors operating at near-threshold and sub-threshold levels, exploring
timing error resilience might be seen as a potentially profitable option. Near-threshold (NT) circuit design is increasingly used for building energy-efficient digital circuits. One
drawback was a drop in performance due to a reduction in driving current. To maximize energy economy and minimize performance deterioration, some studies advocate non-
traditional (NT) chip multiprocessors. The creation of energy-efficient artificial intelligence technologies has gained popularity recently. Graphics processing units and general-
purpose CPUs could not match the goal of efficiency and performance. A semiconductor with many processing units was created to do this. This goal was achieved by engineering
the hardware with unique features. Therefore, this study constructs an ACO_CNN+LSTM (Ant Colony Optimised Convolution Neural Network-Long Short Term Memory) neural
network to achieve lower power consumption without compromising performance. In this method, Ant Colony Optimization (ACO) is used to explore and select optimal
configurations of CNN and LSTM architectures, minimizing energy usage through efficient layer selection, filter size adjustment, and neuron pruning. By incorporating Dynamic
Voltage and Frequency Scaling (DVFS) and operating at near-threshold voltages (NTV) - where the supply voltage is just above the transistor threshold - power consumption is
further reduced, as the processor can function at lower voltage levels while tolerating variations in performance. This hybrid ACO-driven optimization enhances both CNN feature
extraction and LSTM's temporal processing by selecting the most energy-efficient network parameters. As a result, the proposed ACO_CNN+LSTM achieves 12.73% of energy

consumption, 9.46 sec of latency, 98.45% of normalized frequency, 22.64% of error rate and 31.67% of processor utilization.
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1 INTRODUCTION

The energy and latency costs of current machine
learning (ML) algorithms prevent real-time inference on
sensor-rich platforms like the IoT, wearables, personal
biomedical devices, and drones [1]. These applications
comprise devices that collect and analyze data to deliver
interpretations and actions for automating or monitoring
processes without human intervention. These approaches
must be capable of incorporating computationally
demanding machine learning techniques while meeting
strict constraints on size, power consumption, and response
time [3]. Memory access has been shown to decrease both
the time delay and the energy expenditure involved with
understanding machine learning algorithms. Several
energy-efficient machine learning systems using digital
architectures and IC have been developed in recent years.
These applications use techniques such as efficient data
flow, data reuse, and computation optimization to
minimize memory accesses [4]. Processors across all
market categories are experiencing a growing limitation in
terms of power and energy resources. Although present
designs may be improved gradually, many applications
need much greater economy while maintaining excellent
performance. The system and circuit levels must change
drastically. The interface is the main energy consumer in
system-on-chip (SoC) applications such video-enabled
sensor networks, implanted medical devices, and mobile
devices. This comprises screens, wireless transceivers, and
analog-digital converters. These systems allow for the
reduction of input/output energy while still achieving
system objectives via the implementation of complex and
resource-intensive on-chip processing. Recent brain
implant research shows that local on-chip parallel DSP
approaches like feature extraction and clustering may
increase system power by 4.3 and 26 [7]. Parallel video and
image processing may extract features from modern
sensors and reduce input/output procedures [8]. Parallel
half-toning methods improve low-power bi-stable display

efficiency [9]. Hence, this objective is to develop a novel
category of processors that prioritize ultra-low power
consumption while still fulfilling the substantial
computational requirements necessary to transfer the
energy consumption load from the input/output to the on-
chip computation [10]. Currently, there exists a disparity in
the tradeoffs between performance and efficiency. In order
to facilitate the energy optimizations discussed earlier,
there is a need for a novel category of processors that
amalgamates the energy efficiency of near-threshold
processors with the high-performance throughput of
massively parallel architectures. In this study, we introduce
our preliminary efforts to tackle the significant obstacles
associated with a programmable, highly parallel, and very
efficient near-threshold processor. Considering this, the
accomplishments of this effort may be summarised as
follows:

* A novel application of Ant Colony Optimization
(ACO) to optimize the configuration of hybrid
Convolutional Neural Networks (CNNs) and Long
Short-Term Memory (LSTM) networks.

* ACO to systematically select optimal CNN layer
structures and LSTM parameters, the approach
achieves significant reductions in power consumption
while maintaining performance. This optimization
includes layer selection, filter size adjustments, and
neuron pruning, which collectively enhance the energy
efficiency of the hybrid network architecture.

In the rest of this paper section 2 provides the existing
methods. Section 3 proposed a method, and it is divided
into several sections. Then we discuss experimental results
for algorithm evaluation in Section 4. Finally, Section 5 is
conclusion of the work.

2 RELATED WORKS

Studies have shown that operating in the sub-threshold
and near-threshold regimes results in energy efficiency that
is ten times greater than conventional processors at the
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same technology node. The innovative Error Prediction
(EP) approach enhances adaptive prediction capabilities
and voltage scaling [11]. The energy consumption is
decreased by 18.6-25.1% when compared to the signoff
margins. Additionally, it enables the system to function
without any energy overhead in comparison to its ideal
non-margined critical operating point, resulting in a
throughput loss of less than 5%. This design incorporates
an 8-kb SRAM macro constructed using 55-nm CMOS
technology, as shown in [12]. The mean power
consumption for the full chip executing 7 T read and write
operations shows a reduction of 19.3% in comparison to
the typical 6T SRAM at a voltage of 0.75 V. The approach
of metastability inference and avoidance (MIAA) is
introduced in order to address the issue of metastability
during clock-domain crossover in [13]. By implementing
metastability mitigation, we can replace a multi-stage
synchronizer with a single flip-flop for synchronisation in
the NoC. This results in a 40.2% improvement in latency
and a 79% improvement in throughput for the NoC. The
SE10T near-threshold SRAM [14] is energy-efficient. A
built-in read-assist mechanism and power-gating technique
improve read stability and writability, while single-ended
read/write operation and transistor stacking in the cell core
reduce SE10T power consumption. The breakthrough low-
energy single-bitline 11-transistor (SB11T) near-threshold
SRAM cell is compared to the standard 6 T at 0.45 V in
[15]. The SBIIT cell exceeds the usual 6 T cell in
hold/read stability and write static noise margin by at least
1.04 x and 1.40 x respectively. A 7 T bit cell with 32 nm
features and 300 mV supply voltage is created in [16]. Cell
leakage power is 8.4 pW for 0 ="'0"and 1.2 pW for Q ="1".
The tolerance analysis shows the cell functions and
generates dependable outputs during process-voltage-
temperature changes for static performance measurements.
Lightweight timed error-tolerant flip-flop (ETFF) [17].
Simulations demonstrate that a CNN accelerator
employing the suggested timing error-tolerant architecture
in the SMIC CMOS 40 nm technology may operate at 1.1—
0.3 V with 3.5% area overhead. This design minimizes area
overhead by 54.68% and increases energy efficiency by
53.69% at 0.6 V compared to the Razor flip-flop design. In
[18], Google's DNN accelerator outperformed its
competitors. Low-power Near-Threshold Computing
(NTC) TPU PREDITOR. This method improves
performance by 3-5x% compared to leading error mitigation
systems, with little accuracy loss. Consider a unique very
stable low-energy 10T (SLE10T) SRAM cell for near-
threshold operation [19]. The SLE10T reduces leakage
power dissipation by at least 1.10x. Additionally, it
enhances read/write energy by at least 1.01x/1.03x,
However, the SLE10T bitcell has a 0.02 um2 area,
1.657%/1.318x greater than the typical 6 T/8 T bitcell. The
works reviewed show advancements in low-energy SRAM
and processing designs but face notable limitations.
Techniques like adaptive prediction and voltage scaling,
while reducing energy consumption by up to 25.1%,
introduce a slight throughput loss of up to 5%. Specialized
SRAM cells (7T, 10 T, SB11T) improve energy efficiency
and stability but increase cell area, with SB11T being up to
1.657x larger than conventional cells. Metastability
mitigation methods like MIAA enhance NoC performance
but add design complexity. The ETFF design reduces area

and energy overhead for CNN accelerators but incurs a
3.5% area overhead. Finally, while PREDITOR offers
improved performance in near-threshold computing, it may
experience minor accuracy losses. These limitations
highlight the need for balanced designs that address trade-
offs between energy efficiency, area, and performance. To
overcome this limitations Ant Colony Optimized
Convolution Neural Network-Long Short Term Memory
(ACO_CNN+LSTM) based Energy conservation is
adopted in this work.

3 THE PROPESED MODEL

In this study, Ant Colony Optimized Convolutional
Neural Network (ACO_CNN) for energy conservation in
Variation-Tolerant Near-Threshold Processors (VINTP)
aims to optimize computational efficiency while reducing
energy consumption. This approach combines the strengths
of Ant Colony Optimization (ACO), a nature-inspired
metaheuristic algorithm, with the capabilities of CNNs to
perform efficient processing under near-threshold voltage
(NTV) conditions, which are known to provide substantial
energy savings but introduce variability and potential
erTorS.

3.1 Near-Threshold Voltage (NTV) Operation in Processor

Energy conservation in a Variation-Tolerant Near-
Threshold Processor (VINTP) is achieved by operating the
processor at voltages close to its threshold voltage. This
approach significantly reduces energy consumption but
introduces variability in performance, which the system
must handle effectively. In a perfect clock network,
cllk root matches the sequential endpoint clock

(clkdﬂp s ).An elevated FP_error signal shows important

activity in Prediction Window (PW) at the boundary of
(Clkdﬁ;;/es ), indicating a timing error. The delay

(T,a,emy, des) between PW and dkdffdes is caused by the

clock network latency in the chip, which rises with voltage
reduction, the High FP _error signal and timing error

inequivalence. The error detection circuit detects timing
problems when the supply falls after energy-up, increasing
PW status until one processor output is covered. Thus,
neighbouring PW widths should be bigger than a
processor's output pulse width Ty at distinct corners,

Vie [0’ 6] : PWPWstatus =i+l T PWPWstatus =i > TH (1)

A minimum pulse width constraint applies on the
PWoy,,ns=1 - This constraint equals the sum of the worst

case propagation delay and setup time for Integrated Clock
Gating (ICG) cell:

PWPWsmms =1(f) > Tprob,OR(ss) + T;etup 2)

The energy consumption of a processor, especially in
CMOS circuits, can be modeled using two primary
components: dynamic energy and static (leakage) energy.
Dynamic energy is primarily consumed when transistors

Tehnicki viesnik 32, 2(2025), 620-627

621



C. THIRUVENGADAM et al: Ant Colony Optimized Convolution Neural Network-Long Short Term Memory Based Energy Conservation in Variation-Tolerant ...

switch between states (0 and 1). The dynamic energy
consumption is proportional to the square of the supply
voltage, and it can be expressed mathematically as:

denamic = (ZCsz (3)

where, Pgnamic 1s the dynamic energy consumption, « is the
activity factor (the fraction of the circuit switching per
clock cycle), C is the effective capacitance being charged
and discharged in the circuit, V' is the supply voltage, f'is
the clock frequency. Reducing the supply voltage V
drastically reduces dynamic energy because Peynamic 1S
proportional to V2. This is why operating at near-threshold
voltage (NTV) offers significant energy savings. However,
reducing the voltage also affects the maximum operating
frequency fbecause it takes more time for the transistors to
switch between states at lower voltages. This introduces a
trade-off between energy savings and performance (speed).
Leakage energy is the energy consumed when the
transistors are not actively switching but still dissipate
energy due to leakage currents. The static energy
consumption can be modeled as:

thatic =V leakage (4)

where, Pgaic is the static energy consumption, V is the
supply voltage, liarage 1S the leakage current. Leakage
current increases exponentially as the threshold voltage
decreases. The total energy consumption Py is the sum of
dynamic and static energy

P

total = denamic

+ P,

static = CVZf + V[leakage (5)

At near-threshold voltage, dynamic energy is
significantly reduced, but leakage energy may become
more prominent. Hence, there is a trade-off between energy
savings and the increase in static energy, which needs to be
optimized depending on the application and operating
conditions.

Output

Layer

Input

Lyer
Convolutional Convolutional Max Pooling LSTM Fully

Layer 1 Layer 2 Layer Layer Connected Layer

Figure 1 Structure of CNN-LSTM

3.2 AEO Based Hyper Parameter Tuning Process

Ant Colony Optimization (ACO) can be effectively
applied to energy conservation in microprocessors by
optimizing key design and operational parameters that
influence energy consumption, both at the architectural and
transistor levels.

a) Initial Solution Construction

The initial solutions have a considerable impact on the
end outcomes. In order to enhance the original solution

with higher transition density, 10,000 random pairings of
patterns (Vl, V2) are implemented on the circuits.

Following the simulation, the transition density for each
pair of patterns may be computed. This figure represents
the extent to which this pair of patterns contributes to the
overall maximum energy usage. Let's assume that the AND
gates A and C have a delay of 2 units, whereas the OR gates
B and D have a delay of 3 units.

The delay values are also shown on the gates. During
the simulation of the input vector pair (1110, 0100), several
transitions take place in the gates. For example, at time 2,
gate A changes its state from 1 to 0. Gate B changes state
at time 5, but gate D remains unchanged. The transition
density (TD) of this pair of vectors is obtained as shown in
Fig. 1. The numerator of TD is calculated by summing the
product of the transition number and the number of gate
outputs for each node. The denominator of TD represents
the quantity of capacitive nodes. As the transition density
increases, the switching behaviour also increases, resulting
in increasing energy consumption.

b) Pheromone Update

The pheromone is adjusted based on the discovered
solution's quality. For every main input i, each vector pair
would result in four transition conditions: 0—0, 0—1,

i i i
1—0, and 1—1. Four parameters, 7,_,,7y_;,7|_o and

7i_,;, are constructed to reflect the pheromones for each

main input i under four different situations. These
parameters are used for combining the transition density of
every input vector pair. The pheromone values drop in the
process of pheromone evaporation at a rate of k. It is
denoted by Eq. (6),

o0 (t+1) = Az o () +(1=k).z50 (2) (6)

where the variable &, which belongs to the range [0, 1],
represents the rate at which pheromones degrade. The term

At{_,,(t) refers to the quantity of pheromones added to

the accumulated pheromone 7} ,, at time z. The Eq. (6)

expresses the remaining three parameters, with the
exception of the transition condition. The basic input

consists of four parameters, namely 7;_,,7y_,,7 and

71, . These parameters reflect the pheromones associated

with the four transition circumstances of a vector pair. The
values of these parameters are set to zero at the beginning.
The transition density of the input vector pair

(Vl,V2)=(1110,0100) is computed for all inputs.

Subsequently, the transition density produced from the
transition condition of each main input is used as an
indication for updating the pheromone value. The

transition condition between(Vl, V2) changes from 1—1

and the parameter 7’ rises by 3/8 for the second main

input bit b. The corresponding pheromone values for each
main input are updated continuously for each input vector
pair.

¢) Local search

Ant Colony Optimisation and local search seem to
work effectively. Thus, maximum energy consumption
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options are searched locally. The top 100 input vector pairs
with greater transition density are chosen for local search
after 10,000 beginning vector pairs. For each main input,
the highest and secondary values of those four parameters
may be used to create two input vector pairs for crossover
with the top 100 input vectors. The highest and secondary
values are chosen to increase vector pair variation, and
their difference is sometimes small. Two vector pairs of
each main input's highest and secondary parameter values
are on the left. The top one is the highest main input
parameter value, while the lower one is the secondary

parameter value. The four parameters of main input b are

b b b b b
To_0-T0-1- 710 and 7;_,; . Select the greatest value 7;_,;

to compose the first vector pair. This technique applies to
other principal inputs. The secondary parameter values
from each main input form the second vector pair. Two
vector pairs (1001 — 0110) and (0011 — 1011) are created
simultaneously based on the transition condition. Each
main input will randomly choose the highest or secondary
bit from these two pairings to combine one vector pair. The
vector pair (0011 — 1110) includes the secondary vector
pair bits a and ¢, and the highest vector pair bits b and d.

d) Optimized CNN structure

The application utilises convolutional 1D layers,
pooling 1D layers, and a fully connected layer. In CNN
processes time series data by representing it in a one-
dimensional format, where the data is organised in a
sequential order based on time instants. For the one-

dimensional input vector ={xl,x2,...xn}, xneR?

represents variables, and ece€ R represents energy
consumption. The convolution 1D creates a feature map fin
by applying the convolution operator to input data with a
filter we R | where frepresents the intrinsic features of
the input data. The result provides a new set of features for
the next block in line. Equation yields a new feature map
fm from a collection of features f.

HL?" = tanh(w-/mxh f,+b) (7

The filter AL in Eq. (7) is applied to each pair of

input features {x1;faxz;f IEPRS A +1} to create a feature

map HL=|HL,,HL,,...HL, ., |. Additionally, beR is
abias termand LeR, ;.

The Multi linear transformation weighted inputs drive
convolutional ~ layer  output.  Normally, linear
transformation cannot capture complicated data structures,
hence a non-linear activation layer is wused after
convolutional layers to better train data. We used a ReLU
activation function that applies max (0, x) to each input
in this investigation. The pooling layer down-samples the
convolutional layer output. This model applies the max-

pooling layer to feature maps L'=max[HL]. This

approach chooses the most important attributes with high
values. This is the max-pooling layer output,

x; =CNN(x,) (8)

where, x; is the energy-consuming input vector to the CNN
network, and x; is the output sent to the next LSTM
network. In the suggested architecture, CNN receives the
input vector and generates x;» using Eq. (9). The
formulation is

=0 (53) ©
fr=oW; (%, 5) (10)
0, = (W, (x-31)) (an
g = tanh (W, [x,,3,,)) (12)
¢, =fe_ +ig (13)
y, =otanh(c,) (14)

where, i, f,0,g and c are input, forget, output, and input
modulation gates. These are n-dimensional real vectors.
Egs. (9) to (14) use a sigmoid function ¢ and fully
connected neural networks W;,Wf,Wg,Wo for input,

forget, output, and input mod energy consumption, latency,
and accuracy. Minimize dynamic energy consumption in
the microprocessor by reducing the number of
computations  (convolutions, activations, memory
accesses). Ensure the CNN+LSTM can be processed
within a certain time limit or with acceptable throughput
for the application. The fitness function could be
represented as

1

. 1
Fitness = o, x P, + @, ><F+a)3 xz

where, P is the total energy consumption (dynamic +
static), T is the execution time (latency) of the
CNN+LSTM, 4 is the accuracy of the CNN+LSTM model,

w ,w, and @, are weighting factors to prioritize energy,
latency, or accuracy based on design requirements.

Algorithm 1: Pseudo code of ACO_CNN+LSTM
Initialization of ACO Parameters

(no,,,,eva,,,, phre _rate)

ants >
Set energy and performance constraints
Define Dynamic Voltage Frequency Scaling (DVFS)
settings
for iteration in range (max _iter )

rate>

for ant in ant colony
build CNN+LSTM architecture

tot + pow = pow(CNN +LSTM .5, » voltage, freq)
lat = eval _lat (CNN +LSTM 110 )

acc = eva + acc(CNN +LSTM 5 )

If acc > tar _acc
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1
it=pow,, .+ —
Jit = POW o ( lmj
else
fit = infinity
update_phre(antpmh,ﬁt)

evap _phre (evapm,e )
bestoyy + LSTMconfig = select, ., config (ants)

pruned cnn =
prune_cnn_layers(best cnn_configuration)

deploy_on_processor(quantized cnn,
frequency)

voltage,

4 EXPERIMENTAL VALIDATION

Performance analysis

Experimental setup - Integrating both hardware and
software components to optimize power efficiency and
performance. On the hardware side, the processor should
be designed to operate at or near the threshold voltage of
transistors, which reduces power consumption but requires
mechanisms to handle performance variations. This
includes implementing a clock management unit for
dynamic adjustment of clock speeds, and a variable voltage
regulator to modulate the supply voltage based on
workload and performance needs. From a software
perspective, the Operating System (OS) has to have the
capability to adjust voltage and frequency dynamically
(DVFS) and implement power management rules in order
to optimise both performance and power consumption.
Firmware and drivers should include DVFS support and
thermal management to ensure safe operation.
Performance monitoring tools and feedback mechanisms
are essential for adjusting the processor's settings in
response to changes in workload.

Performance metrics - This section presents the
experimental validation of the ACO_CNN+LSTM model
using four datasets. The validation is conducted by
measuring several metrics like Energy Consumption,
latency, normalised accuracy, error rate, and Processor
Utilisation. The comparison is done between the existing
methods such as EP [11], SRAM macro [12] and SE10T
[14].

Table 1 Analysis of energy consumption

Normalized | ~pap_ 10 | 1MDB GTSRB | FEMINIST
frequency
1.0% 12.3 114 12.45 12.74
1.2x 11.3 11.6 12.53 12.87
1.4x 124 11.7 11.56 12.53
1.6x 12.7 12.6 11.65 12.75
1.8% 124 11.6 12.75 12.75

From Fig. 2, as the normalized frequency increases
from 1.0% to 1.8%, the energy consumption generally rises.
This is because energy consumption often scales with the
square of the frequency increase. For instance, increasing
the frequency from 1.0x to 1.2x could result in an
approximate 44% increase in energy consumption,
assuming other factors remain constant. The performance
data for different datasets shows varying impacts with
frequency changes. For CIFAR-10, performance improves

up to 1.6x but drops slightly at 1.8x. For IMDB,
performance remains relatively stable, while for GTSRB
and FEMINIST, performance generally increases with
higher frequencies. This indicates that while higher
frequencies can enhance performance, they also lead to
increased energy consumption.

13
12,5
12
11,5
11
10,5

1.0X 1.2X 1.4X 1.6X 1.8X
Normalized Frequency

Energy Consumptionin (%)

m CIFAR-10 = IMDB GTSRB ® FEMINIST

Figure 2 Comparison of energy consumption on various datasets using
proposed ACO_CNN+LSTM model

Table 2 Analysis on latency

Nommalized | cypAR.10 | IMDB | GTSRB | FEMINIST
frequency
1.0% 9.34 8.54 8.54 9.53
1.2% 9.65 8.65 8.75 9.76
1.4% 9.34 8.23 8.23 9.23
1.6% 9.31 8.45 8.68 9.54
1.8x 9.43 8.54 8.53 9.53
10

9,5
9
8,5
8
7,5
7

latency(sec)

1.0X 1.2X 1.4X 1.6X 1.8X

normalized frequency

H CIFAR-10 mIMDB GTSRB m FEMINIST

Figure 3 Comparison of latency on various datasets using proposed
ACO_CNN+LSTM model

In Fig. 3, for CIFAR-10, latency slightly increases
from 9.34 seconds at 1.0x to 9.43 seconds at 1.8x,
suggesting a minor slowdown as frequency increases. For
IMDB, latency remains relatively stable, starting at 8.54
seconds at 1.0x and remaining the same at 1.8, indicating
minimal effect of frequency on processing time. GTSRB
shows a decrease in latency from 8.54 seconds at 1.0x to
8.23 seconds at 1.4x, followed by a slight increase to 8.53
seconds at 1.8%, suggesting that latency initially improves
with frequency but stabilizes at higher levels. For
FEMINIST, latency decreases from 9.53 seconds at 1.0x to
9.23 seconds at 1.4x, and then returns to 9.53 seconds at
1.8x%, indicating that while latency improves with moderate
frequency increases, it levels off at higher frequencies.
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Table 3 Analysis of normalized accuracy

Normalized | "y ap 10 | IMDB | GTSRB | FEMINIST

frequency

1.0x 98.45 98.34 97.45 96.24
1.2 98.56 98.45 97.45 96.53
1.4x 98.4 98.34 97.34 96.34
1.6x 97.34 98.45 97.53 96.52
1.8% 97.78 98.45 97.45 96.51

99

<

= 98

o

o

s 97

Q

®

T

[J]

N

= 95

£ 1.0X 12X 14X 16X  1.8X
o

o

normalized frequency

m CIFAR-10 mIMDB GTSRB W FEMINIST

Figure 4 comparison of normalized accuracy on various datasets using
proposed ACO_CNN+LSTM model

The normalized accuracy data reveals that as
frequency increases, accuracy trends vary slightly across
datasets in Fig. 4. For CIFAR-10, accuracy increases from
98.45% at 1.0x to 98.56% at 1.2x but then decreases to
97.34% at 1.6%, and slightly recovers to 97.78% at 1.8%,
indicating a peak at 1.2X and a slight decline at higher
frequencies. For IMDB, accuracy remains stable at
98.34% across all frequencies, with only a minor increase
to 98.45% at 1.2%, suggesting minimal impact of frequency
changes. GTSRB shows a small decrease in accuracy from
97.45% at 1.0x to 97.34% at 1.4x, followed by an
improvement to 97.53% at 1.6x and a return to 97.45% at
1.8%, reflecting a modest improvement with increased
frequency. FEMINIST exhibits an increase in accuracy
from 96.24% at 1.0X to 96.53% at 1.2x, with subsequent
stabilization around 96.51% at higher frequencies,
indicating general improvement with frequency increases.

Table 4 Analysis of error rate
Normalized frequency | CIFAR-10 | IMDB | GTSRB | FEMINIST
1.0x 23.64 22.54 23.65 22.75
1.2x 22.53 22.15 23.86 22.54
1.4x 23.6 22.75 23.85 22.75
1.6 23.65 22.64 23.97 22.75
1.8x 23.64 22.75 23.75 22.5

24,5
24
23,5
23
22,5
22
21,5
21

error rate (%)

1.0X 1.2X 1.4X 1.6X 1.8X

normalized frequency

m CIFAR-10 mIMDB GTSRB W FEMINIST

Figure 5 Comparison of error rate on various datasets using proposed
ACO_CNN+LSTM model

In Fig. 5 CIFAR-10, the error rate decreases from
23.64% at 1.0x to 22.53% at 1.2x, then increases to
23.60% at 1.4, and slightly rises to 23.65% at 1.6x, before
stabilizing at 23.64% at 1.8X. This indicates an initial
improvement in error rate with increased frequency, but
then a slight deterioration at higher frequencies. In
GTSRB, the error rate shows a slight improvement from
23.65% at 1.0x to 23.86% at 1.2x, then decreases slightly
t0 23.85% at 1.4%, and further decreases to 23.75% at 1.8x%,
indicating a general trend of improved error rates with
increased frequency, though changes are modest.

Table 5 Analysis of processor utilization

Normalized CIFAR-10 | IMDB | GTSRB | FEMINIST

frequency
1.0% 32.53 31.64 32.56 31.56
1.2% 325 31.54 32.67 3174
1.4x 325 31.56 32.76 31.67
1.6x 32.76 31.67 32.75 31.86
1.8x 324 31.56 32.89 31.78

33

<

= 32,5 -

2

32 -

N

S 315 -

=]

1

g 311

g 30,5

o

1.0X 1.2X 1.4X 1.6X 1.8X
normalized frequency

H CIFAR-10 mIMDB GTSRB ® FEMINIST

Figure 6 Comparison of processor utilization on various datasets using
proposed ACO_CNN+LSTM model

The processor utilization data reveals how processor
demand changes with increasing frequency in Fig. 6. For
CIFAR-10, utilization starts at 32.53% at 1.0X, decreases
slightly to 32.50% at 1.2x and 1.4x, increases to 32.76% at
1.6%, and then decreases to 32.40% at 1.8%, indicating
minor fluctuations. For IMDB, utilization decreases from
31.64% at 1.0x to 31.54% at 1.2x and remains stable
around 31.56% at higher frequencies, showing minimal
impact of frequency changes. GTSRB shows a steady
increase in utilization from 32.56% at 1.0x to 32.67% at
1.2x%,32.76% at 1.4%, and 32.75% at 1.6, with a slight rise
to 32.89% at 1.8x, indicating a general trend of increased
demand with higher frequencies. For FEMINIST,
utilization starts at 31.56% at 1.0%, rises to 31.74% at 1.2x%,
decreases slightly to 31.67% at 1.4X, and stabilizes at
31.78% at 1.8%, reflecting a moderate increase with
frequency changes.

Table 6 Comparative analysis between existing and proposed methods

Parameters EP SRAM SE10T ACO_CNNHLST
macro M
Energy 455 | 376 425 12.73
consumption / %

Latency / sec 23.6 31.5 21.6 9.46
Normalized 784 | 837 75.7 98.45
accuracy / %

Error rate / % 35.6 45.6 32.6 22.64

Processor
utilization / % 45.5 78.5 56.3 31.67
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5 CONCLUSION

The integration of Ant Colony Optimized
Convolutional Neural Network (ACO_CNN) with Long
Short-Term Memory (LSTM) for energy conservation in a
Variation-Tolerant Near-Threshold Processor
demonstrates significant advancements in optimizing
processor efficiency. The ACO_CNN effectively enhances
feature extraction and pattern recognition capabilities,
while LSTM contributes to capturing temporal
dependencies and managing dynamic workloads. This
combination results in improved energy efficiency and
performance for near-threshold processing environments,
where power consumption and computational efficiency
are critical. The approach shows promising results in
reducing energy consumption while maintaining or even
enhancing processing capabilities compared to traditional
methods. Future research could focus on further refining
the ACO_CNN+LSTM architecture to enhance its
robustness and adaptability to various types of workloads
and processor configurations. Exploring advanced
optimization techniques and hybrid models may offer
additional improvements in performance and energy
efficiency.
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