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Abstract- Routing in Very Large-Scale Integration (VLSI)
is a challenging task that involves managing interconnect
length, congestion, power consumption, and timing. With
the rapid growth of semiconductor technology, traditional
algorithms like Integer Linear Programming (ILP) and
dynamic programming often become too slow and
impractical for large-scale circuits. Overcome this,
metaheuristic algorithms such as Genetic Algorithms
(GA), Simulated Annealing (SA), Ant Colony
Optimization (ACO), and Particle Swarm Optimization
(PSO) offer effective solutions. These algorithms are
particularly useful for NP-hard problems like Steiner tree
construction and wire-length optimization, striking a
balance between accuracy and computational effort. This
paper provides a comprehensive overview of metaheuristic
applications in VLSI routing, analyzing their strengths,
limitations, and real-world performance. It also
highlights emerging trends like AI-powered optimization
and hybrid algorithms. By offering valuable insights, this
survey serves as a helpful resource for researchers and
engineers navigating the complexities of modern VLSI
design.
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L INTRODUCTION

VLSI routing is an important step in designing
circuits, as it directly affects performance, power use,
and manufacturability. The main goal of routing is to
connect different parts of a circuit while keeping wire
length short, reducing power consumption, and
avoiding congestion [1]. As technology advances and
chip sizes shrink, the number of required connections
grows significantly, making routing more complex.
Traditional methods for routing, such as shortest-path
algorithms, become slow and inefficient when
dealing with large circuits [2]. This has led to the use
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of heuristic and metaheuristic techniques, which can
find good solutions in a reasonable amount of time
without needing to check every possibility [3].

The routing problem in VLSI can be divided into
three main areas: Steiner tree construction, wire-
length driven routing, and constrained spanning tree
problems [4]. The Steiner tree problem focuses on
finding the shortest network to connect a given set of
terminals, sometimes adding extra nodes (Steiner
points) to reduce total wire length. Wire-length
driven routing aims to optimize wire length to
improve signal delay and overall circuit performance.
Constrained spanning tree problems involve routing
under certain design limitations, such as power

limits, signal integrity requirements, or clock
synchronization needs. Since these problems are
difficult to solve exactly, researchers rely on
metaheuristic approaches to find near-optimal
solutions efficiently [5].

1.2 Metaheuristic Approaches in VLSI Routing

Many routing problems in VLSI design are NP-hard,
which means finding the best possible solution can
take an extremely long time, especially for large
circuits [6]. Instead of using exact methods, which
may be too slow, metaheuristic algorithms are used to
quickly find good solutions. These algorithms do not
guarantee the best solution, but they offer effective
ways to explore many possible designs and choose
one that is close to optimal. Inspired by natural
processes such as evolution, swarm behavior, and
thermodynamics, these techniques have been
successfully applied to routing problems in VLSI [7].

Different metaheuristic methods have been used in
routing, including Simulated Annealing, Tabu
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Search, Ant Colony Optimization, Particle Swarm
Optimization, and Genetic Algorithms [8]. Simulated
Annealing follows the principle of heating and
cooling in metals, allowing the algorithm to avoid
getting stuck in poor solutions. Tabu Search
remembers previously visited solutions and avoids
them, helping to explore new possibilities. Ant
Colony Optimization is based on how ants leave
pheromone trails to guide others toward the shortest
path. Particle Swarm Optimization simulates how
birds move in flocks, balancing individual
exploration with collective intelligence. Genetic
Algorithms use selection, crossover, and mutation,
similar to how evolution works, to gradually improve
solutions over time [9]. Each of these methods has
strengths and weaknesses, making them useful for
different types of routing challenges. In particular,
Genetic Algorithms have been widely used for
optimizing wire length while handling other
constraints like congestion and power consumption
[10].

IL. ROUTING PROBLEMS IN VLSI

Routing in Very Large-Scale Integration (VLSI)
design is a critical challenge that affects how well
circuits perform, how much power they use, and how
reliable they are. Solving routing problems involves
making choices to meet different goals while staying
within limits [11]. Algorithms like Ant Colony
Optimization (ACO), Particle Swarm Optimization
(PSO), and Genetic Algorithms (GA) help by finding
good solutions quickly. This section looks at key
VLSI routing problems, including Steiner tree
construction, wire-length driven routing, and
constrained spanning tree problems.

2.2 Steiner Tree Construction

Steiner tree construction is important for connecting
different points in a VLSI circuit using the shortest
possible path. One common method is the Rectilinear
Steiner Minimum Tree (RSMT), which only uses
straight horizontal and wvertical lines, making it
suitable for traditional designs. Another method, the
Hexagonal Steiner Tree (HST), uses 60-degree
connections to reduce wire length in more complex
layouts [12].

IRE 1718966

When there are obstacles, Obstacle-Aware Steiner
Trees (OAST) adjust the paths to go around pre-
existing wires or blocked areas. This ensures that the
design remains practical while keeping wire length
low. Algorithms like ACO, PSO, and GA are often
used to optimize these trees. They refine the
connections step by step to find a balance between
short paths and fast results [13].

23 Wire-Length Driven Routing

Wire-length driven routing focused on reducing the
length of connections to make signals travel faster,
save power, and increase the reliability of circuits. In
large circuits, global routing methods using ACO,
Simulated Annealing (SA), and PSO spread wires
efficiently across the chip, preventing congestion and
making effective use of space [14].

Some models are designed to avoid obstacles. These
algorithms, especially those using ACO and GA,
ensure that the shortest possible paths are chosen
while avoiding blocked areas. Multi-layer routing is
another technique where fewer vertical connections
(vias) are used to reduce resistance and improve
performance [15].

2.4 Constrained Spanning Tree Problems
Constrained spanning tree problems add extra
challenges to routing by setting specific goals like
reducing signal delay, limiting power usage, or
preventing congestion. Delay-aware minimum
spanning trees (MSTs) are useful for minimizing the
time it takes for signals to travel, which is important
for large circuits [16].

When multiple constraints are involved, more
advanced methods are needed. Hybrid algorithms,
such as Genetic Algorithm-Tabu Search (GA-TS),
combine the broad search ability of GAs with the
precise adjustment of TS. This results in faster and
better solutions [17].

Using these modern algorithms, VLSI designers can
solve routing problems efficiently, ensuring circuits
meet today’s performance demands. This section
provides insights into how these methods are applied
in real-world scenarios.
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I1I. METAHEURISTIC TECHNIQUES FOR
VLSI OPTIMIZATION

TABLE 1. Overview of Metaheuristic-Based VLSI
Routing Techniques.
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3.1 Genetic Algorithm (GA)

Genetic Algorithms (GA) are inspired by the
principles of natural selection and evolution. They
work by encoding potential solutions as
chromosomes and applying genetic operators such as
selection, crossover, and mutation to evolve better
solutions over multiple generations. In the context of
VLSI routing, GA is widely used in Steiner tree
formation and spanning tree constraints, where it
helps optimize routing paths by generating multiple
candidate solutions and selecting the best based on a
fitness function. The ability of GA to explore a vast
solution space makes it effective in solving complex,
large-scale routing problems.
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Input: Terminal set T, connection graph

Output: A rectilinear Steiner tree T
1. Initialize a population of candidate solutions.
2. Evaluate the fitness of each individual based on wire length,
3. while termination condition not met do
4. Select parents using tournament or roulette wheel selectiof
-t Perform crossover to generate offspring.
6 Mutate offspring with a small probability
7. Evaluate the fitness of offspring.
8. Select the best individuals to form the next generation

9. end while

10. Return the best individual as the optimal Steiner tree.

Figl: Algorithm For Construct Steiner Tree

Explanation

The process begins by creating a "population" of
candidate solutions. Each candidate solution
represents a potential Steiner tree configuration. We
initialize these solutions randomly, creating a diverse
starting point.

Next, we evaluate how "good" each candidate
solution is. This evaluation, called "fitness," is based
on the total wire length of the tree. Shorter wire
lengths are better.

Then, we enter a loop that continues until we reach a
stopping condition (e.g., a certain number of
generations or a satisfactory solution). Inside this
loop, we do the following:

1. Selection: We select pairs of "parents" from our
population. The likelihood of a solution being
selected as a parent is based on its fitness.
Solutions with better fitness have a higher chance
of being selected. This mimics natural selection,
where the "fittest" individuals are more likely to
reproduce. We can use methods like tournament
selection or roulette wheel selection.

2. Crossover: We combine the "genetic material" of
the selected parents to create new "offspring”
solutions. This mimics biological crossover,
where genetic material is exchanged between
parents. The offspring inherit characteristics from
both parents.
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3. Mutation: We introduce random changes, or
"mutations," to the offspring solutions with a
small probability. This mimics genetic mutations,
which introduce diversity into the population and
can lead to new and potentially better solutions.

4. Evaluation: We evaluate the fitness of the new
offspring solutions, just like we did for the initial
population.

5. Selection (Next Generation): We select the best
individuals from the combined pool of parents
and offspring to form the next generation. This
ensures that the population gradually improves
over time.

Input: Graph G, initial population

Output: Optimized constrained spanning tree
1. Initialize a population of candidate spanning trees.
2. Evaluate the fitness of each tree based on constraints.
3. while termination condition not met do
4 Select parents using tournament or roulette wheel selection
5 Perform crossover to generate offspring
6. Mutate offspring with a small probability
7 Evaluate the fitness of offspring
8 Select the best individuals to form the next generation
9. end while

10. Return the best individual as the optimal constrained spanning tree

Fig2: Algorithm for Constrained Spanning Tree
Explanation

The process begins by creating a "population" of
candidate spanning trees. Each tree represents a
potential network design. We initialize these trees
randomly, creating a diverse starting point for our
search.

Next, we evaluate how "good" each tree is. This
evaluation, called "fitness," is based on how well the
tree meets our constraints. For example, we might
evaluate the tree based on its total delay, power
consumption, or congestion.

Then, we enter a loop that continues until we reach a
stopping condition (e.g., a certain number of
generations or a satisfactory solution). Inside this

1. Selection: We select pairs of "parent" trees from
our population. The likelihood of a tree being
selected as a parent is based on its fitness. Trees
that better meet our constraints have a higher
chance of being selected. This mimics natural
selection, where the "fittest" individuals are more
likely to reproduce. We can use methods like
tournament selection or roulette wheel selection.

2. Crossover: We combine the "genetic material" of
the selected parent trees to create new "offspring”
trees. This mimics biological crossover, where
genetic material is exchanged between parents.
The offspring inherit characteristics from both
parents.

3. Mutation: We introduce random changes, or
"mutations," to the offspring trees with a small
probability. This mimics genetic mutations, which
introduce diversity into the population and can
lead to new and potentially better trees.

4. Evaluation: We evaluate the fitness of the new
offspring trees, just like we did for the initial
population.

5. Selection (Next Generation): We select the best
trees from the combined pool of parents and
offspring to form the next generation. This
ensures that the population gradually improves
over time, focusing on trees that better meet our
constraints.

3.2 Simulated Annealing (SA)

Simulated Annealing (SA) is a probabilistic
optimization technique that mimics the annealing
process in metallurgy. It allows for occasional
acceptance of worse solutions to escape local
minima, enabling a more thorough exploration of the
solution space. In VLSI routing, SA is particularly
effective for wire-length reduction and timing
optimization, as it refines routing solutions by
continuously  adjusting net topologies and
interconnections while  maintaining design
constraints. The slow cooling schedule ensures
convergence to a near-optimal solution.

Accept new solution if,

loop, we do the following: P=ce :”i‘g
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SA explores the solution space by iteratively modify
a current solution, unlike greedy methods, greedy
methods, SA allows occasional acceptance of worse
solutions to escape local minima. The process
involves:

1.Initialize temperature T

A explores the solution space by meratively modifying a current salution. Unike
greedy methods. SA allows occasional acceptance of worse solutions 10 escape

local minima. The peocess invohies
1. Initialize temperature T}; and generate &n initial schution
2. Generate a neighbocing solution and compute the cost difference AC

1. Accept the new solution probabilisticaly:
P—e¥
i AC < 0, acompt the solution. ¥ Al 0, accept with peobability P

4, Gradually reduce temperatuse using a cooling schedule

5. Repeot until temperature approaches rero

Input: Initial routing path P

Output: Optimized wire-length driven routing path

1. Initialize solution P randomly

N

Set initial temperature T} and cooling rate o

3. while termination condition not met do

4 Generate a neighboring solution P’

5 Calculate the cost difference AE = E(P') — E(P)
6 if AE < 0 then

Accept the new solution

AET

8 elseife - random(0, 1) then
9 Accept the new solution

10 Reduce temperature. T' = aT

11. end while

12. Return the best solution P as the optimized routing path

Fig3: Algorithm for Wire Driven Routing
Explanation:

The process begins with an initial, randomly
generated, layout of the wires. This initial layout
serves as our starting point, acknowledging that it is
not the best possible configuration. Guide the
optimization, we establish a starting "temperature"
and a "cooling rate." The temperature allows us to
accept changes that might temporarily worsen the
layout, giving us room to explore different

Now, the core of the algorithm kicks in. We enter a
loop that continues until we have reached a
satisfactory solution or a stopping point. Within this
loop, we make small adjustments to the current wire
layout, creating a slightly modified version. We then
assess how these changes affect the total wire length.
If the new layout results in shorter wires, we
automatically adopt it. However, if the new layout
increases the wire length, we do not automatically
reject it. Instead, we use a probabilistic approach. We
calculate the likelihood of accepting this change
based on the current "temperature" and the increase
in wire length. The higher the temperature, the more
likely we are to accept a worse layout, allowing us to
escape local optima.

As we progress through the loop, we gradually
decrease the "temperature,”" making us less likely to
accept changes that worsen the wire length. This
simulates the cooling process in annealing, guiding
us towards better and better layouts.

Finally, once we have completed the loop, we return
the best wire layout we've discovered. This layout
represents the optimized routing path, achieved by
balancing exploration and refinement through the
Simulated Annealing process.

3.3 Ant Colony Optimization (ACO)

Ant Colony Optimization (ACO) is a swarm
intelligence algorithm that simulates the behavior of
ants searching for the shortest path between food
sources and their nest. In VLSI routing, ACO is
extensively applied in Steiner tree construction and
obstacle avoidance, where artificial ants traverse
routing graphs and deposit pheromones to reinforce
optimal paths. The self-reinforcing nature of ACO
allows for dynamic adjustments to routing paths,
making it highly effective in scenarios with
congestion and variable constraints.

Ant Movement & Solution Construction: Ants

traverse the graph, constructing a possible Steiner
tree based on a probabilistic rule:

(7(e)™ - (n(e))”

possibilities. The cooling rate dictates how quickly Ple) = 5 (r(e))° - (n(e))?

we become more selective, gradually favouring ==

improvements.
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7(€): Pheromone level on edge €.
1n(e) = 1/w(e): Heuristic information (inverse of wire length).

a, B: Parameters controlling the influence of pheromones and heuristic data.

Output: A rectiinear S

1 1 orxd Pt the vertex into its

while ant n 1 do
Sedect an ant m randoenly
AntMaove!
Add the edge in passes nt
if et then
Add vertce L tof ot ' 4
3 L
Relocaten
11 Pruneln

& PRetum |

Fig4: Algorithm for Constructed Steiner Tree
Explanation:

The process begins by placing a virtual "ant" on each
terminal point in our set of points (T). Each ant starts
by marking its initial location as "visited" to prevent
revisiting, using a "tabu-list" to keep track. We also
initialize an empty sub-tree (t) where the ants will
gradually build the Steiner tree.

Then, we enter a loop that continues as long as there
are multiple ants still active. Inside this loop, we
randomly select an ant (m) to move. The ant then
performs a movement step, guided by the pheromone
trails and heuristic information, aiming to connect to
other terminals. The path this ant takes, the edges it
traverses, are added to our growing sub-tree (t).

As the ants move, they might encounter each other.
When an ant (m) meets another ant (ml), it means
they have connected a portion of the tree. In this case,
the ant (m) essentially "dies," and its "visited"
locations (tabu-list) are added to the other ant's (m1)
knowledge. The remaining ant (ml) then adjusts its
position to integrate the newly connected path.

After all ants have either connected or "died," we

perform a pruning step on the sub-tree (t). This step
removes any unnecessary edges or branches,
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simplifying the tree and reducing its overall length.
Finally, the algorithm returns the resulting rectilinear
Steiner tree (T), which represents the optimized
network connecting all terminal points.

Input: Graph G, terminal set T

Output: Optimized wire-length driven routing path
1. Place an ant on each vertex in the terminal set |
2. Initialize pheromone levels on all edges

3. while termination condition not met do

4 for each ant k do

S Construct a path using pheromone and heuristic information
6 end for

7 Evaluate path quality based on wire length

8 Update pheromone using: 7;; = (1 — p)7i; + 3., A7)

9. end while

10. Return the best path as the optimized wire-length driven routing

Fig5 : Algorithm for wire driven routing Explanation:

The process begins by placing a virtual "ant" on each
terminal point within our graph (G) and terminal set
(T). We then initialize the "pheromone levels" on all
the edges of the graph. Think of pheromones as a
guide; initially, all paths have equal attractiveness

We then enter a loop that continues until a
termination condition is met (e.g., a certain number
of iterations or a satisfactory solution). Inside this
loop, each ant constructs a path. Ants don't just move
randomly; they use a combination of pheromone
information (more pheromone means a more
attractive path) and heuristic information (like the
distance to the next terminal) to decide their next
step.

Once all the ants have constructed their paths, we
evaluate the quality of these paths based on wire
length. Shorter paths are considered better.

Then, we update the pheromone levels on the edges.
This is a crucial step in ACO. We use the formula: tij
=(1 - p)tij + Xk Atijk

This formula essentially does two things:

» It reduces the pheromone level on all edges by a
factor (1 - p), where p is the "evaporation rate."
This prevents the algorithm from getting stuck in
local optima.
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e It increases the pheromone level on the edges
used by the ants, with the increase (Atijk) being
higher for shorter paths. This reinforces the paths
that lead to better solutions.

Finally, after the termination condition is met, the
algorithm returns the best path found, which
represents the optimized wire-length driven routing.

3.4 Particle Swarm Optimization (PSO)s

Particle Swarm Optimization (PSO) is inspired by the
collective behavior of birds flocking or fish
schooling. Each particle in the swarm represents a
potential solution and updates its position based on
both individual and global best-known positions.
PSO is widely applied in timing-driven and
congestion-aware routing, as it efficiently balances
exploration and exploitation, enabling quick
convergence to optimal routing solutions. Its
adaptability makes it suitable for large-scale circuit
designs.

Mathematical Formulation:
Velocity update:

, \e+1)

‘S‘IT;- i 3 flrl {}7}-‘?5?; = x:l:‘l} - (2}’\1’(‘1()‘?’?5‘?: e }’: ‘lt\)

letl) — o (0) + p (41

Position update: x;

Where,
v; is the velocity of particle 2,

w is the inertia weight,
p; is the personal best position,

g is the global best position.
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Input: Graph G, initial particle positions and velocities

Output: Optimized routing paths

Initialize particles with random positions and velocities
2. Evaluate the fitness of each particle based on congestion and wire length

3, Set initial personal best p, and global best g

while termination condition not met do
for each particle i do
1 Update velocity using: 1, w4 epry(py r) +egralg — ay)

7 Update position using: & = & 41,

8 Evaluate the new fitness

9 Update personal and global bests
10 end for

11 end while

12. Return global best 4 as the optimized routing path

Fig 6: Algorithm Global Routing

Explanation:

The process begins by initializing a group of
"particles," each representing a potential routing
solution. We assign each particle a random position
and velocity. Think of position as the current route,
and velocity as the direction and speed of change for
that route.

Next, we evaluate how "good" each particle's current
route is. This evaluation, called "fitness," is based on
factors like congestion (how crowded the routes are)
and wire length (how long the routes are). We want
to minimize both.

We then store the best position found by each particle
so far (personal best, pi) and the best position found
by the entire group so far (global best, g).

Now, we enter a loop that continues until a stopping
condition is met. Inside this loop, each particle
adjusts its position and velocity based on the
following:

* Inertia (w*v;): The particle keeps moving in its
current direction, but with some damping (w).

* Personal Best Influence (ciri(pi - Xi)): The particle
is drawn towards its own best position found so
far.

* Global Best Influence (car2(g - xi)): The particle is
drawn towards the best position found by the
entire group.
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Here, 11 and r2 are random numbers, and ¢: and c: are
constants that control the influence of personal and
global bests.

The particle's new position is then calculated by
adding its updated velocity to its current position.

abbe vt do

Fig 7: Algorithm on Construct Steiner Tree

Explanation:

The process begins by creating a "swarm" of
particles, each representing a potential solution for
the Steiner tree. We initialize each particle with a
random position, essentially a random configuration
of the Steiner tree. We also give each particle a
random velocity, which represents how it will change
its configuration.

Next, we evaluate how "good" each particle's current
Steiner tree solution is. This evaluation, called
"fitness," is based on the total wire length of the tree.
Shorter wire lengths are considered better.

We then store the best Steiner tree solution found by
each particle so far (personal best, p;) and the best
solution found by the entire swarm so far (global
best, g).

Now, we enter a loop that continues until a stopping
condition is met. Inside this loop, each particle
adjusts its position and velocity based on the
following:
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* Inertia (w*v;) : The particle maintains some of its
current velocity, allowing it to continue exploring
its current direction.

* Personal Best Influence (ciri(pi - xi)): The particle
is drawn towards its own best solution found so
far.

* Global Best Influence (car2(g - xi)): The particle is
drawn towards the best solution found by the
entire swarm.

Here, 11 and r2 are random numbers, and c¢: and c: are
constants that control the influence of personal and
global bests.

The particle's new position, representing its new
Steiner tree configuration, is then calculated by
adding its updated velocity to its current position.

3.5 Tabu Search (TS)

Tabu Search (TS) employs a memory-based approach
to prevent revisiting previously explored solutions,
helping the algorithm escape local minima. In VLSI
routing, TS is highly effective in minimum spanning
tree constraints, where it iteratively refines
interconnect structures by adjusting spanning tree
configurations while respecting design limitations.
The use of a tabu list enhances the search efficiency
by avoiding redundant calculations.

The probability of selecting a chromosome for
reproduction is given by:

P, = b

where is the fitness of the -th chromosome.

Input wh G, Initiad routing path £, constramt

Output: Optinized obal routing patt

while terming conuitio t met do

H the now path is better than the bost so tar then

11, Return the bt path as the optimized globel routing

Fig 8: Algorithm on Global Routing
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Explanation:

The process begins by creating an initial, working
routing path (P) that meets the given constraints. We
then set up a "tabu list" to remember the paths we
have recently explored, and we define how many
iterations (attempts) we will make to find the best
solution.

Then, we enter a loop that continues until we reach
our iteration limit or find a satisfactory solution.
Inside this loop, we generate a set of slightly
modified versions of our current routing path. We
call these "neighbouring" paths.

Next, we evaluate how "good" each of these
neighbouring paths is. This evaluation, called
"fitness," is based on factors like wire length (how
long the routes are) and congestion (how crowded the
routes are). We want to find the path that minimizes
both.

We then select the best of these neighbouring paths,
but with a twist: we only consider paths that are not
on our "tabu list." This prevents us from revisiting
solutions we have recently explored, helping us
escape local optima.

We then add the path we selected to our "tabu list,"
marking it as recently explored.

If the new path we selected is better than the best
path we have found so far, we update our best path.

Inputi Graph G, initial spanning tree 5, constraints
Output: Optimized constrained spanning tree
1. Initialize solution § randomly
2. Set tabu list empty and define maximum iteratians
3. while termination condition not met do
4 Generate neighboring solutions
5 Evaluate the fitness of each solution based on constraints
6 Select the best non-tabu solution
7 Update the tabu list
] If the new solution is better than the best so far then
9 Update best solution
10, end while
11. Return the best constrained spanning tree

Fig9: Algorithm on Constrained Spanning Tree
Explanation:
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The process begins by creating an initial spanning
tree (S), often randomly generated. This serves as our
starting point. We also set up a "tabu list" to
remember the solutions we've recently explored, and
we define how many iterations (attempts) we'll make
to find the best tree.

Then, we enter a loop that continues until we reach
our iteration limit or find a satisfactory solution.
Inside this loop, we generate a set of slightly
modified versions of our current spanning tree. We
call these "neighboring" solutions.

Next, we evaluate how "good" each of these
neighboring solutions is. This evaluation, called
"fitness," is based on how well the tree meets our
constraints. For example, we might evaluate the tree
based on its total delay, power consumption, or
congestion.

We then select the best of these neighboring
solutions, but with a twist: we only consider

solutions that aren't on our "tabu list." This prevents
us from revisiting solutions we've recently explored,
helping us escape local optima and explore new
possibilities.

We then add the solution we selected to our "tabu
list," marking it as recently explored.

If the new solution we selected is better than the best
solution we've found so far, we update our best
solution.

3.6 Hybrid Metaheuristic Methods

Hybrid metaheuristic methods combine multiple
optimization techniques to leverage their respective
strengths. For instance, GA + SA integrates GA’s
exploration capability with SA’s fine-tuning ability,
while ACO + PSO merges swarm intelligence
principles to enhance routing solutions. These hybrid
approaches provide improved convergence rates and
better-quality solutions, making them highly valuable
in complex VLSI routing scenarios.
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Iv. CONCLUSION

In the realm of Very Large-Scale Integration (VLSI)
design, efficient routing is paramount, and this study
examined the effectiveness of several metaheuristic
algorithms in tackling core routing challenges:
constructing Steiner trees, minimizing wire length,
and handling constrained spanning trees. Each
method brings its own set of strengths and
weaknesses to the table, influencing their suitability
for different scenarios [18].

1. Steiner Tree Igorithms: A Comparative Look

* In simpler terms: Simulated Annealing (SA)
provides a balanced approach. Particle Swarm
Optimization (PSO) reduces wire length
significantly but can increase congestion. Ant
Colony Optimization (ACO) shines in minimizing
wire length without causing congestion issues.

3. Constrained Spanning Trees: Meeting Design
Demands

IAlgorithm|[Strengths [Weaknesses

Can be slow to converge,
GA Excellent at
exploring diverse

especially with complex]
roblems [19].

routing options.

Solution Quality Computational
|Algorithm||(Constrained Spanning Complexity
Trees)
GA-PSO "High High [25]
TS "Medium—High Medium [26]

Highly effective Eerformance hinges on|

ACO for recise parameter
Rectilinear Steiner ning [20].
Minimum

|Algorithm|[Strengths [Weaknesses

Quick to find Prone to getting stuck in|
PSO solutions, good suboptim
for al local

dynamic |[solutions [21].
environments.

e In simpler terms: Genetic Algorithms (GA) are
like casting a wide net, finding many solutions
but taking time. Ant Colony Optimization (ACO)
excels in specific scenarios like RSMT, but fine-
tuning is crucial. Particle Swarm Optimization
(PSO) is fast, but it might miss the best overall
answer.

2. Wire-Length Optimization: Balancing Efficiency
and Congestion

Algorithm||Wire-Length Reduction||Routing Congestion|

SA Moderate "Low [22]

PSO High "Medium [23]

ACO Very High "Low [24]
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* In simpler terms: Combining GA and PSO yields
high-quality solutions, crucial when dealing with
limitations like power consumption, but it's
computationally intensive. Tabu Search (TS)
offers a good balance between solution quality
and computational effort.

Overall Reflection

The optimal algorithm choice is heavily dependent on
the specific requirements of the VLSI routing task.
ACO stands out for its effectiveness in wire-length
reduction and Steiner tree construction, particularly
in complex designs. Hybrid GA-PSO and TS are
valuable when constraints are paramount. Looking
ahead, integrating these algorithms with multi-
objective optimization techniques and incorporating
deep learning for heuristic tuning could further
enhance their adaptability to the ever-evolving
landscape of VLSI design [27].
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