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Abstract: The selection of an appropriate partitioning approach significantly impacts integrated
circuit (IC) size and performance. Inaccurate initial partitioning may lead to cascading issues
throughout the physical design flow, affecting the performance of subsequent stages in the physical
design process. Clustering the chip design into functional units and placing heavily communicating
units in proximity can optimize wiring efficiency and improve overall chip performance. In this paper,
we introduce a unique application of the bat algorithm (BA) to address the minimum cut cost in
partitioning problems. Further, the BA is a nature-inspired metaheuristic algorithm capable of handling
intricate and restricted optimization scenarios. The performance of the proposed partitioning with the
BA was verified with several experiments on the MCNC and ISPD-98 benchmark datasets.
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1. Introduction

Partitioning is crucial for VLSI physical design, especially for large-scale circuits, as it identifies
performance-critical areas. This enables optimized resource allocation, enhanced performance, and
more efficient placement and routing. Further, it enables the designers to focus on the complexities of
specific sections, reducing the overall design difficulty and improving the efficiency of later stages in
the physical design process. Partitioning/clustering the design into well-defined blocks enables more
efficient routing, minimizing the distance signals travel and improving chip performance [1]. This also
leads to minimizing the distance between components, and we can reduce wire length, leading to lower
power consumption and improved signal integrity, which is essential to ensure that high-performance
circuits meet their timing requirements. Over the past decades, substantial research endeavors
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have been undertaken within the domain of VLSI partitioning. Due to the conflictive objectives,
partitioning problems are considered NP-hard [2]. The selection of optimal solutions for NP-Hard
problems requires careful consideration of individual objectives, goals, and the appropriateness of
chosen algorithms concerning specific criteria. On the other hand, researchers have documented
numerous heuristics that effectively solve optimization problems across NP-Hard domains. As a result,
natural-inspired algorithms play a vital role in producing the optimized solution for most of the VLSI
partitioning problems. Consequently, various heuristic and metaheuristic algorithms, such as genetic
algorithms (GA) [3], simulated annealing (SA), and particle swarm optimization (PSO) [4]. have been
developed to address challenging optimization problems. Recent trends show that the bat algorithm
(BA) has emerged as a prominent metaheuristic algorithm, leveraging the echolocation behavior of
bats to provide promising solutions. In this work, we propose a unique dimension of BA for effective
partitioning with a minimum cut degree. Our primary objective of this work is to synthesize the
strengths of existing algorithms to address the specific partitioning challenges encountered in BA [5–7].
Furthermore, the performance of the proposed partitioning with the BA is analyzed through various
experiments run on the MCNC and ISPD-98 benchmark datasets. Similarly, the proposed work is
compared with other algorithms like discrete particle swarm optimization (DPSO), satin bowerbird
optimization (SBO), The whale optimization algorithm (WOA), and adaptive bird swarm optimization
algorithm (ABSO). The experimental results indicate that the proposed work outperforms existing
algorithms. The major highlights of the proposed work are outlined below:

• The proposed BA-based circuit partitioning aims to divide benchmark circuits into balanced
partitions as like the property of the Kernighan–Lin (KL) algorithm.
• BA’s random walk characteristic enables a broader exploration of potential solutions, avoiding

premature convergence.
• The proposed circuit partitioning is designed to efficiently discover both promising starting points

and the best possible solutions.
• It handles various constraints associated with circuit partitioning, such as balancing the number

of nets between partitions or ensuring that specific modules remain together.
• Finally, the scope of this research extends beyond bio-inspired computing, evolving into the realm

of natural computing. This field explores natural phenomena, aiming to emulate these processes
to address real-world challenges.

The sections of the paper are presented as follows. In Section 2, we discusses the related works
in the VLSI circuit partitioning approaches. In Section 3, we present the insights of the proposed
BA-based circuit partitioning approach. In Section 4, we present the experimental results and
discussions over proposed and existing partitioning approaches. Finally, In section 5, we summarize
the conclusions and discuss potential future directions for VLSI circuit partitioning.

2. Related works

A comprehensive examination of relevant research findings on VLSI circuit partitioning utilizing
heuristic and metaheuristic algorithms is presented in this section. Traditional algorithms such as KL
and Fiduccia Mattheyses (FM) are efficient linear-time heuristics for partitioning VLSI circuits [8].
The KL algorithm works on a graph with 2n nodes, creating two balanced partitions. However, the KL
algorithm struggles to partition imbalanced graphs effectively and requires excessive computational
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resources when dealing with large-scale networks. On the other hand, the FM algorithm provides a
solution for imbalanced graphs, but its complex nature and tendency to get stuck in local minima can
limit its effectiveness in finding the best possible solution.

As an alternative, in comparison to conventional approaches, natural-inspired heuristics
demonstrate greater potential for effectively addressing the complexities of VLSI circuit partitioning.
The work in [9] demonstrates the hybrid/memetic algorithm, which combines genetic algorithm (GA)
and SA to solve the circuit partitioning problem. This memetic algorithm holds enhanced convergence
speed and the ability to handle complex optimization problems. However, combining two algorithms
may lead to an increased computational overhead, especially for large-scale problems.

In [3], the cluster-based optimization approach is explored for circuit partitioning. It provides
another dimension in circuit partitioning to address the complexities of modern partitioning,
emphasizing the role of effective clustering in achieving optimal results. By emphasizing the role
of clustering, this technique provides the simplest way to address the challenges of modern circuit
partitioning. Similarly, the work in [10] paper introduces a unique multilevel memetic algorithm
specifically tailored for hypergraph partitioning. Although the algorithm is a significant improvement
due to its uniqueness, its applicability may be restricted by computational efficiency concerns,
particularly for very large hypergraphs.

The studies in [4] present the discrete particle swarm optimization (DPSO) and discrete firefly
algorithm (DFFA) for successful circuit partitioning and it is inspired by the collective intelligence
of bird flocks. Further, the DPSO and DFFA can easily get trapped in local minima, preventing it
from exploring the search space. The research paper [11] offers a multilevel partitioning algorithm
that leverages a refined Kernighan-Lin algorithm. The primary objective of the algorithm is to create
an efficient circuit partitioning method to minimize connections between sub-circuits while ensuring
balanced partitioning of the graphs. The algorithm could face performance challenges with extremely
large datasets. Additionally, its focus on bipartition balancing may limit its versatility for solving
diverse circuit problems.

The researchers in [12] explored the effective adaptation of ant colony optimization (ACO) and
bee colony optimization (BCO) for VLSI circuit partitioning and demonstrates superior performance
in terms of speed compared to Tabu search, GA, and SA. In addition, the support vector machine
(SVM) approach is analyzed for the successive circuit partitioning problem. The authors in [13]
present an ACO-based partitioning approach and highlight the algorithm’s sensitivity to parameter
settings. This suggests that careful tuning and experimentation are essential for optimal performance.
Furthermore, scalability issues may arise when applying the algorithm to larger circuits, leading to
increased computational demands and potentially longer processing times.

The researchers in [14] present a unique satin bowerbird optimization (SBO) algorithm for
VLSI Circuit partitioning, which minimizes the cut cost by clustering the circuits into sub-circuits.
SBO’s performance is highly susceptible to premature convergence, a common limitation among
metaheuristics. Additionally, the algorithm’s scalability to large-scale circuits remains unexplored.
The researchers in [15] investigated the whale optimization algorithm (WOA) and adaptive bird swarm
optimization algorithm (ABSO) for the partitioning approach. Compared to traditional methods,
this provides better results and adapts well to complex designs. However, both WOA and ABSO
can converge prematurely to suboptimal solutions, especially for challenging VLSI designs. The
quality of the solution depends on various factors, including the algorithm’s parameters, the initial
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population, and the complexity of the design. On the other hand, developing solutions for physical
design challenges in 3D IC becomes more challenging. Accordingly, the researchers in [16] introduce
a unique architecture for via alignment and placement, facilitating easy connections between multiple
tiers on a 3D FPGA. Moreover, an SA-based unbalanced partitioning method was developed for better
utilization of 3D FPGA layers (tires) and to fit more highly active circuit gates onto the initial (bottom)
layers to ensure efficient heat transfer.

A comprehensive review of existing literature reveals that the effectiveness of VLSI circuit
partitioning and the minimization of associated performance factors are closely tied to the selection
of a suitable optimization algorithm. Furthermore, the choice of a natural-inspired heuristic algorithm
significantly impacts solution convergence time. As a result, we proposes a BA-based circuit
partitioning (BCP), and the random walk characteristic of BA enables a broader exploration of potential
solutions, avoiding premature convergence.

Figure 1. Circuit partitioning: (a) Sample logic circuit, (b) Simple graph representation, (c)
Hypergraph via star transformation, (d) 2-Partitions, and (e) 3-partitions.

3. Bat algorithm based circuit partitioning

3.1. Hypergraphs and circuit abstractions

Due to their complex structure with multiple interconnected logic gates, VLSI circuits can be
effectively represented by graph theory concepts, such as nodes for components and edges for
connections. The structure of VLSI circuits can be perfectly captured by hypergraphs. In summary, the
degrees of detail present in the hypergraph vary depending on the different types of level of abstraction
in the VLSI circuit. At the gate level of abstraction, logic gates are represented as vertices, and the
signal nets linking their input and output pins are represented as hyperedges. Furthermore, focusing on
the cell level abstraction, the vertices denote standard/macro cells, and the hyperedge denote the nets
connecting their terminals. In view of block level abstraction, the vertices indicate functional block,
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and hyperedge illustrate the inter communication between the functional blocks.
Although the interconnection structure of digital circuits can be naturally modeled using

hypergraphs, where a net forms a hyperedge connecting multiple components, we adopt the star model
in this work. In the star model, each net is decomposed into a set of edges from the net’s driver to each
of its receivers (e.g., a net connecting components {4, 9, 11} becomes edges {4, 9} and {4, 11} (See
Figures 1(b) and 1(c)). This abstraction enables us to apply well-established graph-based algorithms
while maintaining a faithful representation of signal flow. We clarify that while our approach is
inspired by hypergraph connectivity, we use a graph model derived from hypergraphs via this star
transformation.

3.2. Problem statement

Let G be a hypergraph (star model) representing a benchmark circuit. G(L,C) consists of a set of
vertices L, representing logic gates, and a set of edges C, representing interconnections between pairs
of vertices in L. Figures 1(a) and 1(c) represent the sample logic circuit and its star model equivalence,
respectively.

L = {l1, l2, . . . , ln}, |L| = n (3.1)

C = {ci j = (li, l j) ∈ L, i , j} (3.2)

Here, li represents a logic gate or component in the circuit, and ci j denotes a connection (net)
between gates li and l j. We aim to partition the star model such that the cut size or the number of
edges crossing partition boundaries is minimized, while maintaining a feasible and balanced number
of partitions. To address the successive partitioning, the cost function for cut size Fcut(p) for s number
of subsets is defined as follows:

Fcut(p) = min

(α + β) s−1∑
a=1

s∑
b=a+1

∣∣∣{ci j ∈ C | (ci j ∩ Ba , ∅) ∩ (ci j ∩ Bb , ∅)}
∣∣∣ (3.3)

where α is the weight assigned to minimizing cut size, and β is the weight assigned to achieving
partition area balance. Both are user-defined constants ranging between 0 and 1. Ba and Bb denote
distinct partition subsets. Let M and N represent the areas of the maximum and minimum allowed
subsets, respectively. The balanced partition constraints can be expressed as:

B1 ∪ B2 ∪ · · · ∪ Bs = B
Bi ∩ B j = ∅, ∀i , j ∈ {1, 2, . . . , s}

N ≤ S (Bt) ≤ M, ∀t ∈ {1, 2, . . . , s}
(3.4)

Here, S (Bt) denotes the size (area) of subset Bt, and the third condition ensures all partitions stay
within the specified area bounds. A partitioning configuration p ∈ P defines an assignment of all
vertices in L to one of the subsets B1, . . . , Bs. Thus, the cost function Fcut(p) evaluates the quality of
each partitioning configuration p, guiding the optimization process.

3.3. Bat algorithm (BA): An overview

The BA is one of the popular nature-inspired algorithms that mimics the echolocation and hunting
techniques of microbats. The echolocation behavior of microbats is characterized by emitting loud
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sound pulses and analyzing the returning echoes from surrounding objects. The sound pulse emitted
by a microbat is a frequency-modulated signal that falls within the approximate frequency range of 25
kHz to 150 kHz. These frequency-modulated signals are characterized by short, single-burst emissions.

Figure 2. Bat algorithm: (a) Echolocation behavior of the microbat and (b) trajectory of the
microbat.

In addition, microbats can emit sound at a frequency of 15 to 20 bursts per second. On the
other hand, upon approaching prey, the microbat will typically increase its pulse emission rate to
approximately 200 pulses, and simultaneously, the sound of these pulses decreases. Accordingly,
the microbat starts at a random position and then adjusts its location according to its emitted sound
pulses and emission rates, reaching the prey. Upon identifying its prey, the microbat’s echolocation
changes: Loudness decreases while pulse emission rate increases. Figure 2a and Figure 2b represent
echolocation behavior, and trajectory of microbat, respectively.

3.4. BA for circuit partitioning

The work by Xin-She Yang in [5] demonstrated the BA as a computational method inspired by the
echolocation techniques of bats to locate their prey. To apply the BA to the s-way graph partitioning
problem, it is essential to establish a clear correspondence between the BA’s components and the
partitioning problem’s elements. Mapping of BA with partitioning elements is given below:

• The goal of s-way partitioning is to reduce the sum of weights of cut edges. According to BA,
the partitioning cost function is directly used as the fitness function. In BA, the partitioning cost
function is directly used as its measure of fitness. Each candidate solution (or “bat”) is evaluated
based on the total weight of cut edges, thereby guiding the optimization toward solutions with
minimal inter-partition connectivity.
• The properties of each bat in a typical BA are determined by its location and velocity in the

solution space. In the partitioning problem, a bat’s location corresponds to a full assignment of
each graph vertex to one of the s-partitions. The bat velocity in the BA acts as a governing factor
for changes in the assignment, effectively indicating the rules or deviations applied to the current
partition configuration.
• The generation of new solutions in BA (movement of bats) is designed to handle the discrete

characteristics of partitioning problems. Reassigning a selection of vertices to different
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partitions, informed by random search and the best-known solutions, leads to more effective bat
updates. Further, it ensures the proper balance between diversification and intensification of bat
populations.
• The completeness of the proposed BA and the stopping criteria are defined by the best fitness

value remaining unchanged over a set number of consecutive iterations, thereby guaranteeing
sufficient exploration and computational efficiency.

The rest of this section details the concrete implementation of this mapping and explores the step-by-
step procedure for applying BA for successive partitioning.

3.4.1. Bat initialization and partitioning problem

Let G(L,C) be the star-model graph of the circuit, where L is the set of vertices (logic gates) and
C is the set of edges (connections). Let n = |L| denote the total number of vertices in the circuit. For
each vertex li ∈ L, we introduce a decision variable pi, whose value indicates the partition to which the
vertex is assigned. That is,

p = (p1, p2, . . . , pn), where pi ∈ Pi = {1, 2, . . . , s},

and s is the total number of partitions. Each Pi is the domain of allowable partition indices for the i-th
variable. We define the feasible space as the Cartesian product:

P = P1 × P2 × · · · × Pn.

Thus, when we write p ∈ P, it mean that each component pi ∈ Pi for all i = 1, 2, . . . , n. The goal of the
BA’s initialization stage in the partitioning problem is to identify an optimal configuration p ∈ P that
minimizes the partitioning cost. Specifically, the optimization problem is defined as:

min
p∈P

Fcut(p), (3.5)

where Fcut(p) is a cost function that measures the number of cut edges, i.e., those that span more than
one partition.

3.4.2. Bat population initialization

In this stage, the random initialization of bat locations for partitioning is performed as outlined
below

p j
i = lbi + (ubi − lbi).Γ (3.6)

where Γ ∈ [0, 1] is a uniformly distributed random number controlling the randomization of the bat’s
position within the allowable bounds defined by lbi and ubi. lbi and ubi denote the feasible range of
values for the decision variable pi, i.e., the possible partition index to which a vertex can be assigned.
They ensure that bats (solutions) do not exceed valid partition index limits during initialization and
movement phases. Furthermore, the randomly generated partitioning population is ranked by its cost
function values like Fcut(p1) ≤ Fcut(p2) ≤ · · · ≤ Fcut(pN) and arranged in a matrix structure.
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3.4.3. Bat movements

Each bat, p j, is flying with a velocity of ν j, influenced by a randomly generated frequency, λ j. The
new updated bat location (p j+) and it is velocity (ν j+) are represented as follows

λ j = λmin+ | (λmin − λmax) | .Γ (3.7)

ν j+ = ν
j
i + (p j

i − pGbest
i ).λ j (3.8)

p j+ = p j
i + ν

j+ (3.9)

where λmin and λmax represent the minimum and maximum frequency values, respectively. These are
key tuning parameters in the bat algorithm, determining the search step size. The frequency controls
the rate of bat movement across the solution space and thus balances exploration and exploitation.
pGbest denotes the best overall solution found among all bats (i.e., the global minimum cut partition
configuration discovered so far). It steers the global exploration, affecting the velocity and position
update of each bat. The updated offspring bat location is calculated by adding a relatively small value
to the coordinates of the existing parent bat location. As the parent bat gets closer to the offspring bat,
this small value is inherited from the distance between the global best bat location and the parent bat.

3.4.4. Bat updating

To optimize local search, the algorithm creates new solutions for each bat by randomly exploring
the search space using a random walk strategy. The updated bat can be expressed as follows

p j+ = pbest
i + ξΛt (3.10)

where ξ indicates the weight factor of random walk, with values varying between -1 and 1. The mean
loudness of all bats at step time is represented by Λ. Finally, the newly derived bat location, based on
Eqs 3.9 and 3.10, is computed as follows

p j+ =

{
pbest

i + ξΛt if rand() > δt
i

p j
i + ν

j+ otherwise
(3.11)

where rand() is a uniform random number between 0 and 1. δt
i is the pulse rate of the i-th bat at

time t. pbest represents the best solution found by a specific bat (individual solution) based on its
historical movement and evaluations. It guides the local exploitation strategy through random walks
in its neighborhood. The first condition in Eq (3.11) is applied when a randomly generated number is
greater than the bat’s pulse rate, favoring local search around the best solution. Otherwise, the second
formula is adopted, which incorporates the bat’s velocity and encourages exploration of the search
space.

3.4.5. Update of bat population, pulse rate, and loudness

The objective function of newly updated bat population (Fcut(pGbest)) is much better than Fcut(p j+).
Furthermore, as the iteration progresses, the loudness and pulse emission rate (δ) are dynamically
recalculated as follows

Λt+1
i = η.Λ

t
i

δt+1
i = δ

0
i [1 − exp(−µt)]

(3.12)
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where Λt
i is the loudness of the i-th bat at iteration t. δt

i is its pulse rate, η is the loudness damping
factor, and µ is the pulse rate increase coefficient. These control how aggressively bats exploit the
solution space as iterations progress. Bats increase their pulse emission rate as they approach prey, but
their loudness decreases. Figure 3 represents the flow diagram of the proposed mapping approach with
BA.

Figure 3. Flow diagram of the proposed mapping approach with BA.

3.4.6. Post-processing and discretization

While the BA operates in a continuous space for efficient exploration and solution refinement,
the final solution must comply with the discrete nature of the partitioning problem. Thus, after the
algorithm terminates, the final bat position vector pGbest is converted into an integer vector p f inal by
rounding each component to the nearest integer and clamping it to the range [1, s] as follows

p f inal
i = min(s,max(1, round(pGbest

i ))) (3.13)

where s is the number of partitions. This ensures each vertex is assigned to a valid partition.
Intermediate solutions during the optimization are retained as real-valued to facilitate smooth
convergence.

4. Results and discussions

The proposed partitioning method is assessed using five microelectronics centers of North Carolina
(MCNC) and ISPD-98 benchmark circuits. The key attributes of MCNC and ISPD-98 benchmarks are
presented in Table 1 and Table 2, respectively. The proposed partitioning is implemented in python
programming and it is executed on a PC with a 5.6 GHz Intel Core i7 processor and 16 GB of RAM.
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Each benchmark circuit undergoes partitioning into 2, 4, 8, and 16-way partitioning, ensuring that
the area distribution among the partitions is well-balanced. A comparative analysis is conducted
between the BA-based circuit partitioning and the existing algorithms SBO [14], WO-ABSO [15],
and DPSO [4] to determine their relative performance.

Table 1. Key attributes of the MCNC benchmark.

Benchmark Circuit # Nodes/Vertices # Edges/Nets
Fract 149 164

Primary1 833 905

Primary 2 3014 3030

Struct 1952 1920

Biomed 6417 5711

Table 2. Key attributes of ISPD-98 benchmark.

Benchmark Circuit # Nodes/Vertices # Edges/Nets
ibm01 12506 14111

ibm02 19342 19584

ibm03 22853 27401

ibm04 27220 31970

ibm05 28146 28446

To reduce computational time and obtain a promising multi-partitioning solution, BA restricts the
bat population size to 100 individuals and limits the number of iterations to 50. The cut size factor (α)
and balanced weight factor (β) are set to 0.9 to 0.5, respectively. The weight factor used in the random
walk (ξ) process is dynamically determined based on the changes in the bat population. This factor can
range from -1 to +1. Moreover, it is identified that the loudness factor (η) outperforms the value 0.5.

Figure 4 represents the proposed approach’s peak fitness per generation to DPSO, SBO, and WO-
ABSO on the ibm 05 benchmark circuit. A comparative analysis of the performance graph reveals
that the proposed BA consistently achieves superior results compared to existing approaches. Table 3
highlights the differences in performance factors between the proposed partitioning approach and
existing methods. Performance factors include ‘cut’ (cut size), ‘Dcp’ (critical path delay), and ‘Tcpu’
(computation time). Table 4 indicates the percentage of improvement of the proposed partitioning
approach against the existing one.

The proposed partitioning approach outperforms existing methods DPSO, SBO, and WO-ABSO
by an average of 76.9%, 52.5%, and 22.7% in terms of cut size, as shown in Table 4. Similarly, The
proposed BA-based partitioning method achieves an average delay reduction of 32%, 22.5%, and 9.8%
compared to DPSO, SBO, and WO-ABSO, respectively, in terms of critical path delays.

According to computation time, the proposed approach holds an improvement of 28.5%, 31.1%,
and 13% over DPSO, SBO, and WO-ABSO, respectively.
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Figure 4. Performance of the peak fitness/generation on the ibm 05 benchmark circuit.

Table 3. Comparison of performance factors between the proposed partitioning approach
against DPSO, SBO and WO-ABSO.

Benchmark
Circuit

DPSO SBO WO-ABSO Proposed

Cut
Dcp

(ps)
Tcpu

(s)
Cut

Dcp

(ps)
Tcpu

(s)
Cut

Dcp

(ps)
Tcpu

(s)
Cut

Dcp

(ps)
Tcpu

(s)

Fract 32 278 88 23 239 83 18 226 78 12 197 62

Primary1 41 531 191 37 443 177 31 389 167 26 325 153

Primary2 58 566 478 56 578 484 46 486 412 38 435 396

Struct 48 486 332 43 453 374 36 388 276 32 386 249

Biomed 74 564 629 69 593 689 52 579 595 47 567 516

Table 4. Comparison of percentage of improvement between the proposed partitioning
approach against DPSO, SBO, and WO-ABSO.

Benchmark
Circuit

Over DPSO Over SBO Over WO-ABSO

Cut Dcp Tcpu Cut Dcp Tcpu Cut Dcp Tcpu

Fract 96.7 41.1 41.9 91.7 21.3 33.9 50.0 14.7 25.8

Primary1 57.7 63.4 24.8 42.3 36.3 15.7 19.2 19.7 9.2

Primary2 52.6 30.1 20.7 47.4 32.9 22.2 21.1 11.7 4.0

Struct 50.0 25.9 33.3 34.4 17.4 50.2 12.5 0.5 10.8

Biomed 57.4 -0.5 21.9 46.8 4.6 33.5 10.6 2.1 15.3

Average 76.9 32.0 28.5 52.5 22.5 31.1 22.7 9.8 13.0
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4.1. Analysis of the standard and proposed partitioning

This section analyzes the proposed partitioning approach by comparing it to standard methods such
as the KL, FM, and SA algorithms. Table 5 shows the minimum and average cut size results and
average computation time for the standard and proposed partitioning approaches. The KL and FM
algorithms demonstrates the best and average cut sizes over 50 experimental runs. On the other hand,
the proposed approach demonstrates improved efficiency, achieving successful partitioning in 20 runs,
whereas simulated annealing requires 30.

Table 5. Comparison of performance factors between the proposed and standard partitioning
approaches.

Benchmark
Circuit

KL (50 runs) FM (50 runs) SA (30 runs) Proposed (20 runs)

Min.
Cut #

Avg.
Cut #

Avg.
Tcpu

(s)

Min.
Cut #

Avg.
Cut #

Avg.
Tcpu

(s)

Min.
Cut #

Avg.
Cut #

Avg.
Tcpu

(s)

Min.
Cut #

Avg.
Cut #

Avg.
Tcpu

(s)
Fract 51 75 121 38 46 136 65 101 98 12 22 68

Primary1 74 96 248 45 65 257 52 76 225 26 38 164

Primary2 141 164 488 118 139 493 145 157 438 38 53 396

Struct 85 108 285 60 78 299 75 85 289 32 40 258

Biomed 96 121 621 78 85 686 83 92 611 47 54 536

Table 6. Comparison of standard deviation (σ) and percentage of improvement of proposed
over standard partitioning approaches.

Benchmark
Circuit

Standard Deviation (σ)
Improvement of proposed

approach (%)
KL FM SA Proposed Over KL Over FM Over SA

Fract 7.45 5.67 2.56 0.64 76.47 68.42 81.54

Primary1 12.56 10.35 5.38 1.14 64.86 42.22 50.00

Primary2 15.78 14.76 8.83 2.89 73.05 67.80 73.79

Struct 17.35 10.76 6.91 2.23 62.35 46.67 57.33

Biomed 6.87 5.43 13.31 3.16 51.04 39.74 43.37

Average 12.00 9.39 7.40 2.01 65.56 52.97 61.21

Table 6 presents the standard deviation (σ) of the proposed approach compared to the standard
partitioning approach, along with the overall percentage improvement achieved by the proposed
approach. Standard deviation in this context measures the spread of cut size values of the proposed
and standard partitioning approach across multiple runs, indicating that the typical amount each cut
size deviates from the average. The lower standard deviation value indicates that the various cut sizes,
across their runs, are tightly grouped around the mean. On the other hand, the higher standard deviation
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values indicate greater variability in cut sizes around their average. As a result, Table 6 indicates that
the proposed partitioning yields the average smallest standard deviation (2.01) when compared to other
methods over the 20 experimental runs. Similarly, the KL algorithm exhibits the highest standard
deviation (12), compared to 9.39 for FM and 7.40 for SA. Furthermore, the proposed partitioning
approach achieves average cut size improvements of 65.56%, 52.97%, and 61.21% compared to KL,
FM, and SA algorithms, respectively.

4.2. Analysis of the complexity of the proposed and standard partitioning approaches

For a graph with n vertices, the basic KL partitioning algorithm typically has a time complexity of
O(n3) per pass when dividing it into two parts. Under the condition that the KL algorithm executes
m passes to achieve convergence, the total time complexity is given by O(mn3). The KL algorithm
becomes computationally expensive for s-way partitioning when using recursive bipartitioning.
Alternatively, the FM algorithm offers a notably better improvement over KL in time complexity.
The FM algorithm’s time complexity scales approximately linearly with the number of pins (Np) in
the circuit netlist, resulting in an O(Np) complexity. In the worst case, Np exhibits an approximate
proportionality to the product of the total number of vertices and the degree of a vertex. As a result, for
larger circuits, the FM algorithm has a superior time complexity compared to the basic KL algorithm.
On the other hand, the BA is a metaheuristic optimization algorithm. A metaheuristic algorithm’s time
complexity is influenced by factors such as the number of iterations (I), the population size (N), and
the search space dimensions (n) (number of circuit components). Further, the time complexity of the
BA is expressed as O(INn). Hence, the effectiveness of BA’s complexity is evaluated based on the
quality of the solutions it finds within a reasonable time.

5. Conclusions

In this paper, A balanced multi-level circuit partitioning technique employing a BA is presented.
The s-way partitioning has been adopted in this investigation. The proposed partitioning approach has
conducted rigorous testing with MCNC and ISPD-98 benchmark circuits to evaluate its performance
and effectiveness. Each benchmark circuit has been partitioned into 2, 4, 8, and 16 ways. The BA
verified that the area was evenly distributed across all partitions at each level of the partitioning process.
The performance of the proposed BA-based partitioning method compared with the existing algorithms
DPSO, SBO, and WO-ABSO. Comparative analysis revealed that BA-based multilevel partitioning
achieved an average cut size reduction of 76.9%, 52.5%, and 22.7% in comparison to DPSO, SBO,
and WO-ABSO, respectively. In the feature, we aim to investigate the application of the BA for 3D
partitioning and evaluate its effectiveness through extensive benchmarks.
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