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Abstract. Rapid advances in artificial intelligence (Al) and machine learning have had a
significant impact on various fields, including electronic design automation (EDA). This study
aims to compare current EDA routing algorithms with Al-based routing algorithms, highlighting
their respective advantages and limitations. Through a comprehensive analysis of existing EDA
routing algorithms and artificial intelligence-based technologies, this study explores the
applicability of these algorithms in different EDA scenarios, with a focus on their effectiveness
and efficiency in routing tasks, and aims to compare and contrast traditional and Al-based routing
algorithms in the context of electronic design automation. It also shows that the current Al
technology will play an important role in the future development of EDA software. Therefore,
the combination of Al technology may be the focus of EDA software development, so as to help
elucidate the evolving landscape of EDA and provide insights into the potential future direction,
and provide a a comprehensive understanding of their underlying methodologies, advantages,
and limitations of traditional and Al-based algorithms in the context of electronic design
automation.

Keywords: Al-based routing algorithms, electronic design automation, VLSI routing machine
learning

1. Introduction

Electronic Design Automation (EDA), a pivotal area of electronics engineering, has undergone
significant evolution over the past several decades. It encompasses a set of software tools that are used
to design complex electronic systems such as integrated circuits and printed circuit boards. One of the
central tasks in EDA is routing [1], which involves determining optimal paths for electrical connections
among different components. Accomplishing this task effectively requires sophisticated algorithms that
can balance multiple objectives, such as minimizing path length, reducing congestion, and adhering to
design rules.

Traditionally, several established algorithms have been applied to this routing problem, including
Maze Routing algorithms, Line Probe algorithms, A* Search Algorithm, Negotiated Congestion, Rip-
up and Reroute algorithms, Evolutionary Algorithms, and Simulated Annealing. These algorithms each
have their strengths and weaknesses, and their performance can vary significantly depending on the
specifics of the task and the computational resources available.

In recent years, a new approach has emerged for tackling routing and other EDA tasks: artificial
intelligence (Al). Al, particularly machine learning (ML) and reinforcement learning (RL), offer
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potential benefits such as the ability to learn from data, adaptability to new tasks or changes, and
sophisticated handling of multi-objective optimization problems. However, Al-based methods also
present their own challenges, including significant data requirements, complexity in implementation,
interpretability issues, and high computational demands.

This paper aims to compare and contrast these traditional and Al-based algorithms in the context of
EDA. The goal is to provide a comprehensive understanding of their underlying methodologies,
advantages, and limitations. Furthermore, the review explores the applicability of these algorithms in
different EDA scenarios, with a focus on their effectiveness and efficiency in routing tasks. Ultimately,
this analysis may help elucidate the evolving landscape of EDA and provide insights into the potential
future direction of this important field.

2. Traditional algorithms
This section provides an overview of the traditional algorithms frequently employed in EDA for tasks
such as routing, exploring how they operate and discussing their strengths and limitations.

2.1. Brief explanation of each algorithm

2.1.1. Maze routing algorithms. Maze routing algorithms, such as Lee's algorithm, operate on the
principle of treating the design area as a maze to be solved. This algorithm identifies an optimal path
from a starting point to an endpoint, traversing through the available routing space. These algorithms
are based on graph theory and usually employ a breadth-first or depth-first search to explore possible
routes, systematically extending the path until the destination is reached[2]. A typical maze routing
algorithm consists of the following steps.

(1) Grid Representation: First, we model the problem as a grid where each cell corresponds to a unit
of area on the chip. The starting point (source) and the endpoint (destination) are defined as grid cells.
Some cells may be blocked (for example, they might be occupied by other circuit elements).

(2) Initialization: The algorithm begins at the source and labels it with a "0". This label indicates the
distance from the source cell.

(3) Wave Propagation (Flooding): Next, the algorithm spreads out from the source, labeling each
accessible (unblocked and unlabeled) neighboring cell with an incrementally increased number
(representing the distance from the source). This spread is often likened to a wave, hence the term wave
propagation.

(4) Backtrace: Once the wave reaches the destination, the algorithm starts there and follows the
decreasing numbers back to the source. This backtrace forms the path of least resistance (i.e., the shortest
path) from the source to the destination.

(5) Path Selection: The path from the source to the destination, as determined by the backtrace, is
then used for the route. If there are multiple possible paths, the algorithm can use other factors to choose
between them (such as minimizing the number of turns).

(6) Clearing and Rerouting: If no path can be found because the wave propagation is blocked, the
algorithm will need to backtrack, clear some of the path, and try different paths until it finds a path that
reaches the destination.

These algorithms are simple, robust, and guaranteed to find a path if one exists. However, they are
not the most efficient option for large or complex designs due to their potential to explore a vast part of
the entire space, making them slow and computationally expensive.

219



Proceedings of the 5th International Conference on Computing and Data Science
DOI: 10.54254/2755-2721/21/20231148

\.ooa\aq«‘-ﬂm\)au
KD o~ A IGIS A O
SO OIS TR 5 U
NN S U G A
OV S R N e
ASG RN R
B OV NS SR Nl -
Goo A B U R RS T
BN anL A EEER
SN Joao 11
ot N U A
B OV N A N Ll -
G0 ~ A B U N Ao ol | |
TSNS N oW |
SR RAN TS .

VA S R e
Al

g
2

S

NG S WP N s
nRTT e Ny

STAB N NBA
)

e e b b Ca i
KoK A CIS I Ty
SO TN IS TR 5T U
B JOVAB WIS B S~ -
[ A Eu B oy el
B~ E |
L e
T U S U O~
ADI00 I OV &8 Y o0
B Jowisw Sandiaw -
| ‘S JSRE IRn el
| EaES AN Jas,

i T e o o A ]
3

SASWN L
PN G G EE
&
(L

AN LS §

e L T L T
DI AR IUS A
O T (R S

(AN T

Figure 1. The working process of Maze routing algorithm [3].

2.1.2. Line probe algorithms. Line Probe algorithms is an enhanced variant of Maze routing algorithms,
incorporating pattern matching to expedite the search process. This algorithm uses a set of
predetermined patterns to guide its search, reducing the space that needs to be explored and speeding up
computation. The typical Line Probe routing algorithm consists following steps.

(1) Initial Setup: We start with the starting point S and the destination point D, and we consider all
the vertices of the obstacles in the region.

(2) Launching Probes: We launch straight lines (probes) from S towards every vertex of every
obstacle. If the probe reaches the vertex without intersecting any obstacle, we connect S and that vertex
with a straight line segment.

(3) Adding Intermediate Vertices: For each obstacle that is intersected by a probe, we add the
intersection point as an intermediate vertex, and we launch new probes from that point towards all the
vertices of all obstacles.

(4) Constructing the Graph: We continue launching probes and adding vertices until all reachable
vertices have been connected. This results in a visibility graph, in which each vertex is connected to
every other vertex that it can “see” (i.e., reach with a straight line without intersecting any obstacle).

(5) Finding the Shortest Path: Once the visibility graph is complete, we can use a shortest path
algorithm such as Dijkstra’s Algorithm or A* Algorithm to find the shortest path from S to D.
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Figure 2. Example of Line Probe Algorithm result [4].

Line Probe algorithms are faster than their Maze routing counterparts due to the reduced search space.
However, their performance can heavily rely on the quality of the patterns used, and the implementation
can be more complex, due to the need to launch probes from every new vertex towards every obstacle
vertex, especially in complex environments with many obstacles.

2.1.3. A* search algorithm. The A* search algorithm is another pathfinding algorithm that is adept at
finding the shortest path from a starting point to a destination. A* uses heuristic methods to guide its
search, focusing on the paths that appear to be leading towards the destination. It uses a combination of
the actual distance travelled and an estimated distance to the goal to prioritize potential paths. In VLSI
routing, the algorithm is used to find the shortest possible route for connecting different components
without colliding with other components. The outline of the A* search algorithm work process is shown
as follows.

(1) Setup: The starting point (source), endpoint (destination), and the chip layout with blocked and
unblocked areas (obstacles) are defined. A “cost” grid is created to keep track of the path costs.

(2) Heuristic Function: A heuristic function “h(x)” is defined. This function provides an estimate of
the cost of the shortest path from any point “x” to the destination. A common choice is the Euclidean
distance or the Manhattan distance between “x” and the destination.

(3) Path Cost Function: A function “g(x)” is defined to represent the cost of the path from the source
to any point “x”. Initially, this function is set to zero at the source and infinity at all other points.

(4) Priority Queue: A priority queue is set up to store nodes (grid cells) to be explored. The priority
of each node is given by “f(x) = g(x) + h(x)”, which is the sum of the path cost from the source to “x”
and the heuristic estimate from 'x' to the destination. The algorithm always explores the node with the
lowest “f” value first.

(5) Algorithm Process: The algorithm starts at the source and explores the neighboring nodes. For
each neighboring node, it calculates “g(x)” as the cost from the source to that node (which is the “g”
value of the current node plus the cost to move to the neighbor), and 'f(x)" as described above. If this “f”
value is lower than the current “f” value for that node, the algorithm updates the “f” and “g” values and
sets the current node as the “parent” of that node (i.e., the node from which it's best to move to that
node).

(6) Finding the Path: The algorithm continues to explore nodes until it reaches the destination. It then
traces back from the destination to the source via each node’s “parent”, which gives the shortest path.
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Figure 3. Example of A* search algorithm work process [5].
A* is efficient and effective, capable of finding the shortest path between two points. However, its
performance hinges on the chosen heuristic: a well-selected heuristic can lead to quick results, whereas
a poorly chosen one can result in slower computation.

2.1.4. Negotiated Congestion and Rip-up and Reroute algorithms. Negotiated Congestion and Rip-up
and Reroute algorithms are iterative methods that are especially useful for complex, congested designs.
These algorithms start with an initial routing pass, then identify congested areas or regions with
violations of design rules. These problematic regions are then “ripped up” and rerouted, and this process
may be repeated multiple times for optimization. In the context of VLSI routing, the primary objective
is to connect different elements on a chip through a network of wires, while minimizing wire length,
reducing the number of layers used, minimizing vias (where a wire jumps from one layer to another),
and avoiding wire congestion.

For Negotiated Congestion, this algorithm attempts to prevent congestion from happening in the first
place. In each routing pass, it aims to equally distribute the available routing resources among all the
nets (a net being a collection of terminals that need to be interconnected). It employs a strategy called
“history-based cost”, where if a routing resource (like a track or a via) is heavily used in the current pass,
it becomes more expensive to use in the next pass. Hence, routers are discouraged from using heavily
congested resources, which allows congestion to be shared or "negotiated"” between different routes.

Rip-up and Reroute method, on the other hand, allows the initial routing to take place with no or
minimal consideration of congestion. After the initial routing is done, if a wire or a set of wires are found
to be congested (i.e., they exceed the available routing resource), these routes are “ripped up” or removed.
Then, a rerouting process is undertaken to find an alternative route for these wires that doesn’t result in
congestion. This process is repeated until a valid routing solution is found or until a predetermined limit
of rip-up and reroute cycles is reached.

| Global Routing Instance |

| Net Decomposition |—>| Initial Routing |
I Layer Assignment
sy {=s

i Final Improvements | | Rip-up and Reroute

Figure 4. Flowchart of Rip-up and Reroute process [6].

Both of these algorithms have their pros and cons. Negotiated congestion can avoid some cases of
congestion, but it can also lead to longer and more complex routes as routers try to avoid congested
areas. Rip-up and reroute can potentially find more efficient routes since it doesn't initially avoid
congestion, but it can take longer because of the need to repeatedly rip-up and reroute congested wires.
In practice, a combination of these strategies, along with other techniques like layer assignment and via
minimization, may be used to solve VLSI routing problems.

222



Proceedings of the 5th International Conference on Computing and Data Science
DOI: 10.54254/2755-2721/21/20231148

2.1.5. Evolutionary algorithms. Evolutionary algorithms, such as genetic algorithms, are optimization
algorithms that mimic the principles of biological evolution. Evolutionary algorithms start with a
population of random solutions and then iteratively refine these solutions through operations mimicking
natural selection, mutation, and crossover. In the context of VLSI routing, an Evolutionary Algorithm
may involve the following steps:

(2) Initialization: Create an initial population of routing solutions. Each solution is typically
represented as a sequence of steps or a matrix that represents a specific routing configuration.

(2) Evaluation: Assess the quality or fitness of each solution. The fitness function often incorporates
factors such as the total wire length, number of vias (transitions between layers), and whether the routing
solution violates any design rules, such as wires overlapping or coming too close to each other.

(3) Selection: Choose solutions that will be used to create the next generation. Solutions with higher
fitness are more likely to be chosen, but to maintain diversity in the population and avoid premature
convergence, some lower fitness solutions may also be selected.

(4) Crossover (Recombination): Generate new solutions by combining parts of two or more selected
solutions. This process is analogous to genetic recombination in biological reproduction.

(5) Mutation: Modify some parts of the new solutions at random to introduce further diversity. This
can help prevent the algorithm from getting stuck in local optima.

(6) Replacement: Replace some or all of the old population with the new solutions.

(7) Termination: If a stopping condition is met (for example, a solution of sufficient fitness is found,
the maximum number of generations is reached, or the population has converged), stop the algorithm.
Otherwise, go back to the evaluation step.

Initialization
Mutation

Selection
Crossover

Termination

Figure 5. Flowchart of a Evolutionary algorithm[7].

This kind of algorithm can be very effective for VLSI routing because it’s capable of exploring a

large and complex design space, can deal with multiple conflicting objectives like minimizing wire
length while also minimizing the number of vias, and can adapt to find good solutions even as the
problem changes, for example, if components are moved around on the chip.
However, the specifics of how to represent solutions, what fitness function to use, how to do selection,
crossover, and mutation, etc., can have a big impact on the performance of the algorithm, so careful
tuning is often necessary. And even with good tuning, EAs can still take a long time to run on large,
complex VLSI routing problems.

2.1.6. Simulated Annealing. Simulated Annealing gets its name from a process in metallurgy known as
annealing, where a material is heated and then gradually cooled to reduce its defects and increase its
ductility. The “cooling” process in simulated annealing controls the exploration of the search space.
Simulated Annealing is a probabilistic technique used for finding an approximation to the global
optimum of a given function. It iteratively refines a solution, and at each step, moves to a neighboring
solution. The decision to move to a less optimal solution is probabilistic, attempting to escape local
minima. Compared with the routing problem of seeking the shortest and best path, simulated annealing
algorithm is more suitable for the overall layout planning [8]. The outline of how Simulated Annealing
might be applied to VLSI routing is shown as follows.

(2) Initialization: Start with an initial solution. This could be a random routing of all the wires, or it
could be the result of a simpler routing algorithm.
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(2) Cost Evaluation: The quality or “cost” of the solution is assessed. This could include factors such
as total wire length, number of vias, and violations of design rules.

(3) Generate New Solution: A new solution is generated by making a random change to the current
solution. This could involve moving a wire, changing a wire’s layer, or rerouting a wire entirely.

(4) Cost Comparison: The cost of the new solution is compared to the cost of the current solution. If
the new solution is better (i.e., has a lower cost), it is accepted as the current solution. If the new solution
is worse, it may still be accepted with a certain probability. This probability is based on a parameter
known as “temperature” and is higher at the start of the process (allowing for more exploration of the
solution space) and decreases over time (gradually refining the search).

(5) Iterative Process: Steps 3-4 are repeated for a certain number of iterations or until a termination
condition is met, such as a certain level of cost or a maximum number of iterations.

(6) Cooling Schedule: The temperature is gradually reduced according to a cooling schedule. This
reduction in temperature reduces the chance of accepting worse solutions, causing the algorithm to make
progressively smaller changes to the current solution and converging towards an optimal solution.

Randomly generate the initial
solutionx, and compute the
objective function f(x,)

A
Generate the new solution ¥,
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Figure 6. Flowchart of a Simulated Annealing algorithm [9].

The key advantage of Simulated Annealing is its ability to avoid getting trapped in local optima, a

common problem with simpler, greedy algorithms. This makes it very effective for complex problems
like VLSI routing, where the search space is large and the optimal solution can be hard to find. However,
Simulated Annealing is not without its challenges. It can be computationally intensive, particularly for
large problems, and the quality of the results can be highly dependent on the chosen parameters, such
as the cooling schedule and the method for generating new solutions.
Each of these algorithms offers unique benefits and presents distinct challenges. They have been
instrumental in advancing EDA and continue to be valuable tools in the field. The next section will
introduce a new class of algorithms—AI-based methods—that bring new possibilities and challenges to
EDA.
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3. Al-based algorithms

The advent of artificial intelligence (Al) has opened up new horizons in numerous fields, including EDA.
These methods use learning-based techniques that allow them to improve over time and potentially
outperform traditional algorithms.

3.1. Introduction to Al and its application in EDA

Al is a branch of computer science aiming to create machines that mimic human intelligence. Machine
learning (ML), a subset of Al, involves algorithms that can learn from and make predictions based on
data. In EDA, Al methods, specifically ML, have been used for various tasks, including routing, where
these methods learn how to make routing decisions based on past data.

3.2. Key concepts

Machine Learning: Machine Learning (ML) is a type of Al that provides systems the ability to learn and
improve from experience without being explicitly programmed. ML focuses on the development of
computer programs that can access data and use it to learn for themselves. Machine learning models can
be trained to predict congestion and other potential issues during the routing phase. This can help guide
the routing algorithm to avoid problematic areas and make the overall process more efficient [10].
Deep Learning: A subset of ML, deep learning, mimics the functioning of the human brain in processing
data for decision making. It's called deep learning because it uses layered (deep) neural networks to
learn from data. Deep learning methods can be used to learn effective routing strategies from large
amounts of routing data. For instance, convolutional neural networks (CNNSs) can be used to analyze the
local routing environment and predict the best direction for routing a wire [11]. Another example can
be Graph neural net works(GNN), which is proved to be very efficient on routing and placing [12].
Reinforcement Learning: Reinforcement learning (RL) is a type of machine learning where an agent
learns to behave in an environment, by performing certain actions and observing the results/rewards of
those actions. Reinforcement learning algorithms can be used to train agents to perform the routing task
[13,14]. The agent is given a reward based on how well it routes the design (i.e., minimizing wire length,
reducing vias, and avoiding design rule violations) and learns to improve its performance over time
based on this reward signal.

3.3. Al-based approaches in EDA

Al-based methods use data-driven approaches to make routing decisions. They can handle complex
multi-objective optimization problems by learning from past routing examples and can improve their
performance over time. Al-based algorithms involve training a model using a dataset of examples. Once
the model is trained, it can make predictions or decisions based on new input data. In the context of
EDA, the model could be trained on a range of routing problems and their solutions, and then be able to
propose routes for new problems. In addition, several different Al algorithms can be combined to
increase the efficiency of the overall system, such as the RL and GNN models mentioned above [15].
Al-based algorithms can adapt to new tasks or changes more easily than traditional algorithms. They
have the potential to outperform traditional algorithms as they can learn from data and improve over
time.

However, they require a significant amount of data for training, can be complex to implement and
maintain, and their decision-making process can be a “black box”, making them hard to interpret.
Furthermore, training an Al model can be computationally expensive and time-consuming. In summary,
while Al-based algorithms bring new capabilities to EDA, they also introduce new challenges.
Understanding these will be key to leveraging their potential benefits and mitigating their limitations in
the field of EDA.

4. Comparison of traditional and Al-based algorithms

Routing in EDA is a multifaceted problem that involves a delicate balance between various factors such
as minimizing path length, reducing congestion, adhering to design rules, and optimizing other objective
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functions. Different algorithms offer different advantages, and their suitability often depends on the
specific nature of the task and the resources available.

4.1. Performance in various routing scenarios

Traditional algorithms like Maze Routing or Line Probe algorithms are deterministic and provide
reliable results, making them suitable for simpler, less congested designs. A* Search, Negotiated
Congestion, Rip-up and Reroute, Evolutionary Algorithms, and Simulated Annealing are more powerful
and versatile, capable of handling more complex routing scenarios, especially those involving multiple
objectives or constraints.

In addition, Al-based algorithms have demonstrated a potential to outperform traditional methods in
complex routing scenarios, as they can learn and adapt their strategies over time. They can recognize
patterns and make decisions based on past experience, allowing them to handle complex, non-linear
optimization problems that are common in advanced EDA.

4.2. Efficiency and resource requirements
In terms of computational efficiency and resource requirements, traditional algorithms often have a clear
computational complexity and run-time behavior. However, they may suffer from long runtimes or high
memory consumption, especially for larger and more complex designs.

Al-based methods, on the other hand, can be resource-intensive during the training phase. They
require large amounts of data and computing power to train a model effectively. However, once trained,
they can often provide results more quickly for new data, especially in complex routing scenarios.

4.3. Ease of implementation and use

Traditional algorithms tend to be more straightforward to implement and understand. They follow
explicit rules and deterministic processes. In contrast, Al-based algorithms require more complex
infrastructure for model training and inference. Implementing Al-based methods requires expertise in
machine learning and related fields.

4.4. Ability to handle complex and multi-objective optimization problems
Traditional algorithms have well-defined approaches to handle multi-objective optimization problems.
However, these methods often need specific adaptations for different types of objectives or constraints.
Al-based algorithms, particularly those based on deep learning and reinforcement learning, show a
promising ability to handle complex and multi-objective optimization problems more effectively. These
algorithms can learn to balance different objectives and handle complex trade-offs based on the data
they are trained on.

In summary, while traditional algorithms have been and continue to be the backbone of EDA
software, Al-based methods offer exciting new possibilities. Understanding the advantages and
challenges of each approach is crucial for their successful application in electronic design automation.

5. Future directions
As we stand at the intersection of traditional and Al-based methodologies in EDA, the path forward
promises to be one of integration and evolution.

There is great potential in harnessing the strengths of both traditional and Al-based algorithms in
EDA. Hybrid systems, which combine traditional rule-based routing algorithms with Al models, could
potentially leverage the consistency and reliability of traditional methods and the adaptability and
optimization potential of Al.

Advancements in machine learning techniques also offer promising directions for future research.
Transfer learning, for instance, could allow models trained on one type of routing problem to adapt
quickly to different types of problems, thereby reducing the time and data required for training.
Explainable Al is another important research area that could make the decision-making process of Al
models more understandable and transparent.
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Another significant direction for future development is optimizing the efficiency of Al-based
methods. The computational cost of training and implementing Al models is currently a major
bottleneck. Techniques for reducing this cost, such as model compression, efficient neural network
architectures, and hardware accelerators, are areas of active research.

6. Conclusion

This paper has explored the landscape of routing algorithms in EDA, focusing on traditional algorithms
and emerging Al-based methods. Each class of algorithms has its strengths and challenges. Traditional
algorithms provide robust, deterministic solutions and are often easier to implement and understand, but
they may struggle with complex, multi-objective optimization problems. Al-based methods, particularly
those based on machine learning and reinforcement learning, offer the potential to handle such problems
more effectively. They can learn from data and improve over time, but they require significant resources
for training and can be more complex to implement.

As researches move forward, the effective integration of traditional and Al-based methods will likely
be a key focus in the field of EDA. This will involve not only technical advancements in algorithm
development but also considerations about usability, interpretability, and computational efficiency. As
EDA continues to evolve, it will be fascinating to witness the interplay between these methodologies
and how they shape the future of electronic design.
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