‘ , International Research Journal of Engineering and Technology (IRJET)

jET Volume: 11 Issue: 10 | Oct 2024

www.irjet.net

e-ISSN: 2395-0056
p-ISSN: 2395-0072

Artificial Intelligence in VLSI Physical Design of Circuits to Optimize
Power, Performance and Area (PPA)

1Selva Lakshman Murali,

IMSE, Arizona State University, AZ-USA

Abstract- The increasing complexity of Very Large-
Scale Integration (VLSI) circuits presents significant
challenges in achieving Power, Performance, and Area
(PPA) goals. Traditional approaches to physical design
often involve manual or heuristic-driven processes,
which are time-consuming and may not fully exploit
optimization opportunities. This paper explores the
application of Artificial Intelligence (AI) in automating
and improving various stages of the VLSI physical design
process. By leveraging machine learning (ML)
algorithms, Al can assist in achieving optimized PPA
goals, accelerating the design cycle, and enhancing chip
performance. Key stages, including floorplanning,
placement, routing, standard cell design, and power grid
optimization, are examined in the context of Al-driven
techniques.][151116][14/Case studies demonstrating how Al
can reduce design iterations, enhance performance, and
minimize power consumption are presented.

Index Terms-- VLSI, Physical Design, Artificial
Intelligence, Machine Learning, Power, Performance,
Area, PPA, Optimization.

L INTRODUCTION

The increasing complexity of Very Large-Scale Integration
(VLSI) circuits presents significant challenges in achieving
Power, Performance, and Area (PPA) goals. Traditional
approaches to physical design often involve manual or
heuristic-driven processes, which are time-consuming and
may not fully exploit optimization opportunities. This paper
explores the application of Artificial Intelligence (AI) in
automating and improving various stages of the VLSI
physical design process. By leveraging machine learning
(ML) algorithms, such as supervised learning, unsupervised
learning, and reinforcement learning (RL), Al can assist in
achieving optimized PPA goals, accelerating the design cycle,
and enhancing chip performance. Key stages, including
floorplanning, placement, routing, standard cell design, and
power grid optimization, are examined in the context of Al-
driven techniques. Case studies demonstrating how Al can
reduce design iterations, enhance performance, and
minimize power consumption are presented.

II. Overview of VLSI Physical Design

The physical design process consists of multiple stages,
each focusing on transforming a high-level circuit
description into a geometric layout. The key stages of the
physical design process are outlined below:

e Partitioning: Dividing the circuit into smaller
blocks to make the design process more
manageable.

e Floorplanning: Determining the relative positions
of the blocks and the allocation of routing
resources.

e Placement: Deciding the exact positions of
individual cells within the blocks, while
considering timing, area, and power constraints.

e Routing: Establishing the physical connections
between placed cells while minimizing wirelength
and ensuring signal integrity.

e C(Clock Tree Synthesis (CTS): Building a balanced
tree to distribute the clock signal uniformly across
the chip.

e Timing Closure: Ensuring that all timing
constraints are satisfied after placement and
routing.

e Design Rule Checking (DRC): Verifying that the
design adheres to manufacturing rules.

Each stage of the design introduces optimization challenges
that can be enhanced through Al/ML techniques.

III. Machine Learning Applications in Physical
Design

Machine learning models have been developed to
assist in optimizing various stages of the VLSI physical
design process. The key ML techniques include supervised
learning, unsupervised learning, reinforcement learning,
and deep learning. Below is an exploration of their
application in different stages of physical design.[!]
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Figure 1: Types of Al/ML models used in VLSI physical design.
A. Partitioning and Floorplanning

Partitioning and floorplanning are critical early steps in the
design process. Traditional approaches rely on heuristics
such as min-cut partitioning or simulated annealing for
floorplanning. These methods, while useful, are often slow
and fail to find the optimal solution in large designs.[21(3]

ML Applications:

e Supervised Learning: Machine learning models
trained on past designs can predict optimal
partitioning and floorplanning strategies based on
the characteristics of the circuit. For example,
decision trees and neural networks have been used
to predict partitioning schemes that minimize
wirelength and congestion.

e Reinforcement Learning (RL): RL algorithms can be
used to explore different floorplanning solutions.
The system learns from past results, optimizing the
positioning of blocks to minimize routing congestion
and maximize timing slack. An RL agent can evaluate
multiple configurations and improve its decision-
making over time.

B. Placement Optimization

Placement refers to the process of determining the exact
locations of standard cells within the floorplan. The objective
is to minimize wirelength, timing delays, and power
consumption, while ensuring that the placement is
routable.l]

ML Applications:

o Reinforcement Learning: RL has proven highly
effective in placement optimization. In particular,
recent advancements in deep RL have
demonstrated superior results in chip placement,
outperforming traditional heuristic-based
methods. For instance, Google’s AlphaPlace uses a
deep RL model to optimize the placement of
macros in a design, achieving significant
improvements in timing and area.

e Supervised Learning: ML models can predict
placement congestion and timing bottlenecks
based on past designs. By training a neural
network on a large dataset of placement solutions,
the model can predict the quality of a placement
and suggest improvements.[!

Optimization | AI/ML Impact
Techniques

Power Supervised Reduction in
learning dynamic power

Performance | Reinforced Improved timing
learning closure

Area Unsupervise | Minimized area
d learning utilization

Table 1 above summarizes Al applications in the various
PPA domains.

C. Routing Optimizatio

Routing is one of the most complex stages in the physical
design process. It involves connecting the placed cells with
wires while respecting electrical constraints such as signal
integrity, capacitance, and resistance. Routing is typically
performed in two stages: global routing, which plans the
overall wire paths, and detailed routing, which assigns
specific wires to routes.[6ll7]

ML Applications:

e Supervised Learning: Supervised learning models
can predict routing congestion by analyzing the
placement of cells and nets in the design. Neural
networks have been trained to predict routing
hotspots, allowing designers to adjust their
placement strategies before encountering routing
issues.

e Unsupervised Learning: Clustering techniques can
be used to group together cells that are likely to be
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connected, thereby reducing the complexity of the
routing problem.

D. Timing Closure

Timing closure ensures that the design meets the required
timing constraints after placement and routing. Traditional
methods involve iteratively adjusting placement and net
delays, which can be time-consuming.[8!

ML Applications:

e Supervised Learning: ML models can predict timing
violations and critical paths based on the placement
of cells and the characteristics of the netlist. These
predictions allow the design tools to make early
adjustments and avoid costly timing violations in
later stages.

e Deep Learning: Deep learning models, such as
convolutional neural networks (CNNs), have been
used to predict timing slack across a design. By
analyzing the placement of cells and routing paths,
CNNs can predict where timing violations are likely
to occur and suggest optimizations.

E. Standard Cell Design

The design of standard cells, which are the building blocks of
digital circuits, directly affects the overall PPA metrics. In the
past, standard cell design has largely relied on human
expertise and trial-and-error optimization.[8l°]

ML Applications:

e Reinforcement Learning: RL algorithms can be used
to optimize the transistor sizing and layout of
standard cells. The RL agent iteratively adjusts
transistor sizes to optimize performance and power
while minimizing area. This process can lead to
significant improvements in the critical path delay
and power consumption of standard cells.

e Neural Networks: Neural networks have been used
to model the complex relationships between the
layout parameters of a standard cell and its PPA
metrics. These models allow designers to quickly
evaluate the impact of design changes without the
need for costly simulations.

Figure 2 illustrates how an RL model iterates through design
space to optimize transistor sizing in a standard cell.
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Figure 2: Reinforcement learning for transistor sizing in
standard cell design.

Application Examples

e Al-driven Cell Library Characterization: Al
models can speed up cell characterization by
predicting the performance of different standard
cells under various PVT conditions.[°!

e Standard Cell Power Optimization: Al
techniques optimize leakage and dynamic power
in standard cells by tweaking transistor stacking
and implementing techniques like multi-threshold
CMOS (MTCMOS).

F. Power Grid Optimization

The power grid ensures that power is delivered uniformly
across the chip while minimizing IR drop and
electromigration. A poorly designed power grid can lead to
significant performance and reliability issues.[10]

ML Applications:

o Supervised Learning: ML models have been used
to predict IR drop across the power grid based on
the layout and power demand of the circuit. By
training on past designs, the model can quickly
identify regions of the chip that are likely to
experience power delivery issues and suggest
improvements to the grid design.

1. Predicting IR Drop Using Supervised Learning

Supervised learning models predict IR drop based on
power grid parameters, such as metal width, number of
layers, and current demand. Decision trees and neural
networks are particularly useful in this task.
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Figure 3 shows an Al-predicted IR drop heatmap for a
power grid.
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Figure 3: Heatmap generated by Al model predicting critical
IR drop regions in the power grid.

2. Reinforcement Learning for Power Grid Design

RL is applied to explore different configurations of the power
grid and optimize it for minimal IR drop and
electromigration. RL agents can adjust parameters such as
metal width, power pad placement, and layer distribution.10]

IV. Achieving PPA Goals with Al

The application of Al in physical design offers significant
opportunities for improving PPA metrics:

e Power: Al models can predict high-power areas and
suggest optimizations such as clock gating and
power gating, leading to reduced dynamic and
leakage power.

e Performance: Al can predict timing bottlenecks and
suggest layout optimizations to improve critical path
delays.

e Area: Al-based clustering techniques can minimize
the area consumed by the design, reducing overall
chip size.[15][11]

V. Types of Al and ML Algorithms for VLSI Design

Several types of Al and ML algorithms can be applied to
optimize the physical design process. Below is an overview
of the most relevant algorithms for different stages of the
VLSI design process.[12]

1. Supervised Learning

Supervised learning models use labeled data to predict
outcomes, such as power consumption, timing delays, and
congestion. Common algorithms include decision trees,
neural networks, and random forests.

e Neural Networks for Timing Prediction: Neural
networks can predict critical timing paths during
placement, improving timing closure.
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Figure 4 shows a neural network-based timing prediction
model, where various design parameters such as
placement and wire length are input to predict critical
timing paths.
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Figure 4: A neural network model predicting critical timing
paths.

2. Unsupervised Learning

Unsupervised learning models are typically used for
clustering and anomaly detection. These methods are
valuable in partitioning designs and detecting patterns in
large design spaces where labeled data is not available.[13]

e K-means Clustering: Used for partitioning
designs into clusters with minimal
interconnectivity, reducing wire length and

improving performance.

Figure 5 illustrates how k-means clustering can optimize
the floorplanning stage by minimizing the overall wire
length between blocks.
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Figure 5: K-means clustering used to optimize floorplanning
and wire length.

3. Reinforcement Learning (RL)

Reinforcement learning (RL) is used for decision-making in
complex, multi-stage processes. RL models, like Q-learning
and policy gradient methods, are particularly useful for
tasks such as placement and routing, where the solution
space is large and complex.

e Q-learning for Placement Optimization: Q-
learning agents can explore different placement
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configurations, minimizing timing delays and
wirelength while optimizing area and power.[13]

Figure 6 illustrates the RL process in the floorplanning
stage, where the agent adjusts block placements to optimize
area and wire length.
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Figure 6: Reinforcement Learning used for floorplanning to
minimize area and wire length.

VI. Case Studies

A. Google’s RL-based Placement for Tensor Processing
Units (TPUs)

Google has applied reinforcement learning to the placement
stage of VLSI design, demonstrating the potential of Al in
achieving optimized PPA outcomes. Their RL model was
trained to optimize macro placement tasks, significantly
reducing wirelength and improving timing closure compared
to traditional methods.[14]

Figure 7 demonstrates the improvement in wirelength and
timing performance using Google's RL-based approach for
TPU placement.
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Figure 7: Performance comparison of RL-based placement vs.
human-expert-driven placement for Google TPUs.

B. Synopsys DSO.ai

Synopsys’ DSO.ai tool has leveraged Al techniques for
design space exploration, enabling designers to optimize
power, performance, and area. Initial results have shown
up to 15% reductions in power consumption and faster
timing closure.[15]

VII. Integration of AI with Electronic Design
Automation (EDA) Tools

Al models can be integrated into existing EDA tools to
provide real-time feedback and optimization during the
physical design process. This integration automates many
of the time-consuming tasks, allowing faster design cycles
and improved PPA outcomes.

e EDA Tools with ML Integration: Modern EDA
tools such as Synopsys’ DSO.ai and Cadence’s
Cerebrus incorporate Al algorithms to predict and
optimize PPA metrics. These tools leverage vast
design datasets and historical data to train models
that enhance power and timing predictions,
minimize congestion, and automate the placement
and routing process.[15]

Figure 8 provides a high-level overview of how Al is
integrated into the EDA design flow to improve automation
and optimization across different stages of the physical
design process.
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Figure 8: The integration of Al within the EDA toolchain for
optimizing PPA metrics.

VII. Conclusion

Al, particularly ML and RL techniques, has the potential to
revolutionize the physical design of VLSI circuits by
automating complex tasks, reducing design iterations, and
optimizing PPA metrics. As Al technologies continue to
mature, they will become increasingly essential in
achieving power, performance, and area goals in modern
VLSI designs.
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Al is driving a paradigm shift in VLSI design, particularly in
physical and standard cell design. Automating critical tasks
such as placement, routing, timing optimization, and cell
selection significantly reduces design time while enhancing
performance. Al models handle the increasing complexity of
circuits and provide insights that would be difficult to
achieve with traditional methods.

In conclusion, Al's role in optimizing the physical design and
standard cell design processes will only grow as more
advanced learning models are developed, paving the way for
next-generation electronic systems. Continued research and
development in this area will drive further automation,
resulting in designs that are faster, more power-efficient, and
highly scalable for future applications.
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