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ABSTRACT: This paper presents a new method for chip
floorplanning optimization using deep learning (DRL)
combined with graph neural networks (GNNs). The plan
addresses the challenges of traditional floor plans by applying
Al to space design and intelligent space decisions. Three-
head network architecture, including a policy network, cost
network, and reconstruction head, is introduced to improve
feature extraction and overall performance. GNNs are
employed for state representation and feature extraction,
enabling the capture of intricate topological information from
chip netlists. A carefully designed reward function
incorporating wire length minimization, area utilization, and
timing constraint satisfaction guides the DRL agent toward
high-quality floorplan solutions. An exploration bonus based
on reconstruction error addresses the sparse reward problem.
Extensive testing of the ISPD 2005 benchmarks demonstrated
the effectiveness of the proposed approach, consistently
operating on a state-of-the-art basis.  Significant
improvements include an average 31.4% reduction in half-
perimeter wire length (HPWL) and a 34.2% reduction in
breach time compared to the best baseline performance. The
process scalability and robustness are evaluated, showing
performance in various circuits and different perturbations.
This research advances Al-driven electronic device design
and paves the way for better chip design processes.
KEYWORDS: Deep Reinforcement Learning, Graph Neural
Networks, Chip Floorplanning, Electronic Design
Automation

I. INTRODUCTION

A. Research Background and Significance

The semiconductor industry has seen tremendous progress in
recent years, with interconnects becoming increasingly
complex and dense. As the scale and design complexity of
today's Very Large Scale Integration (VLSI) circuits continue
to increase, placement algorithms face the challenge of
solving increasingly complex multi-objective optimization
problems that involve multiple iterations[1]. Chip
floorplanning, an essential step in the physical design process,
is crucial in determining integrated circuits' overall
performance, power consumption, and area utilization. The
floor plan's quality directly affects the design's next phase,
including placement, instruction, and closing time. Process

floor plans often struggle to find the best solutions in the
design space, leading to optimal chip designs and increasing
time-to-market.

In this context, using artificial intelligence (AI), intense
learning (DRL) has emerged as a promising approach to
solving chip floorplanning optimization problems. DRL
combines the power of deep learning with the decision-
making capabilities of learning support, enabling the
development of intelligent people who can learn to make
good decisions in complex areas [2]. Integrating DRL in
electronic design automation (EDA) tools can potentially
improve the efficiency and quality of chip designs while
reducing design time.

B. Overview of Chip Floorplanning Optimization

Chip floorplanning optimization involves placing ideas of
circuit modules, macros, and process cell blocks on the chip
canvas to optimize various design objectives, including
power consumption, performance, and area (PPA). This
process aims to minimize wiring and collisions and meet
design requirements such as time and thermal requirements
[3]. Floor planning methods often rely on heuristic or
analytical methods, which may not scale well with the
complexity of today's VLSI designs.

The floor problems can be designed as a connection problem
and an extensive search area. The goal is to find an optimal
energy source that minimizes the operating cost while
satisfying various design constraints. The complexity of this
problem arises from the interaction between the different
design goals and the need to consider many things
simultaneously, such as wiring, zoning, fire distribution,
electricity, and thermal management [4].

C. Current Status of Deep Reinforcement Learning in Chip
Design

Deep reinforcement learning has recently gained significant
attention in chip design automation. Many studies have
shown the potential of DRL in addressing various aspects of
the chip design process, including registration, instruction,
and optimization [5]. The application of DRL to chip
floorplanning has shown excellent results in improved design
quality and reduced design time compared to traditional
methods.
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Recent research has investigated using graphical neural
networks (GNNs) in combination with DRL for chip
floorplanning [6]. GNNs have proven effective in capturing
information on chip netlists and extracting relevant features
for decision-making. The combination of GNNs and DRL has
enabled the development of more sophisticated floorplanning
agents capable of learning complex design patterns and
making intelligent decisions based on the chip's netlist
structure and design constraints.

D. Research Objectives and Innovations

This study aims to enhance design quality and decrease
design time by utilizing deep reinforcement learning (DRL)
and graph neural networks (GNNs) in developing a novel
chip floorplanning optimization technique. It strives to design
a customized DRL network structure for chip floorplanning,
integrating GNNs for capturing states and extracting features.
The research involves creating a reward function for various
design goals, improving the training strategies of the agent for
increased performance, and combining Al methods with chip
design expertise for a more effective outcome. The study also
deals with issues related to scalability and generalization
while showcasing the capabilities of Al-driven methods in
enhancing electronic design automation tools through
benchmark circuit assessments and comparing them with
current floorplanning techniques [8].

II. RELATED WORK AND THEORETICAL
FOUNDATIONS

A. Review of Traditional Chip Floorplanning Methods

Traditional chip floorplanning methods have been
extensively studied and applied in VLSI design. These
methods can be broadly categorized into two main
approaches:  constructive  algorithms and iterative
improvement algorithms [9]. Constructive algorithms build
the floorplan from scratch, gradually adding modules to the
layout. Notable examples include slicing tree methods and
B*-tree representations. On the other hand, Iterative
improvement algorithms start with an initial floor plan and
progressively refine it through local modifications. Simulated
annealing and genetic algorithms are widely used iterative
improvement techniques in chip floorplanning.

Analytical placers, such as DREAMPlace, have gained
popularity due to their ability to handle large-scale designs
efficiently. These methods formulate the placement problem
as a mathematical optimization problem, often using
quadratic length models and density constraints [10]. While
analytical placers have shown exemplary performance in
length minimization and runtime, they may struggle with
complex constraints and objectives that are difficult to
express mathematically.

B. Machine Learning Applications in Electronic Design
Automation

Integrating machine learning techniques in electronic design
automation (EDA) has gained significant attention recently
[11]. Machine learning models are used in many stages of
chip design, including integration, placement, training, and
search engine design. This process uses the power of data-
driven techniques to learn patterns and make predictions,
potentially improving the efficiency and quality of electrical
equipment.

In chip placement, machine learning models are used to
predict routability and wire length and guide placement

decisions. Convolutional neural networks (CNNs) and graph
neural networks (GNNs) have shown promise in capturing
spatial and topological information on chip designs, enabling
more predictive and better decision-making in layers.
standard placement [12].

C. Fundamentals of Deep Reinforcement Learning

Deep reinforcement learning (DRL) combines the principles
of deep learning with reinforcement learning to create
powerful agents capable of learning complex tasks by
interacting with the environment. The main elements of DRL
include agent, environment, state area, office, and reward.
The agent knows the rules that guide actions to maximize
profits over time [13].

In chip floorplanning, the environment represents the chip
canvas and design constraints, while the state space encodes
the current location of modules and design metrics. The
action space defines the movements or decisions that the
agent can make, such as placing or moving structures [14].
The award function evaluates the quality of floor plans, often
including phone usage, area of ?? use, and interest.

Deep Q-Networks (DQN) and the Right Gradient method are
two methods in DRL. DQN learns the best-value function,
while the Gradient Law method directly improves the law.
Advanced strategies such as Proximal Policy Optimization
(PPO) and Soft Actor-Critic (SAC) have been shown to
improve stability and model performance in complex
environments [15].

D. Graph Neural Networks in Chip Design

Graph Neural Networks (GNNs) have emerged as powerful
tools for processing and analyzing data sets, making them
particularly suitable for chip design projects. In VLSI design,
the netlist of a circuit is always a diagram, where the nodes
represent the structure or cells, and the edges represent the
connections between them [16]. GNNs can capture the
topological information and the network structure, making it
more efficient and representative.

Recent research has shown the effectiveness of GNNs in
many aspects of chip design, including placement, routing,
and real-time detection. GNNs can extract essential points
from a netlist diagram in chip floorplanning, storing local and
global connectivity information. These features can be used
to guide the decision-making process of the DRL agent,
making more informed decision-making [17].

The combination of GNNs with DRL has shown excellent
results in chip performance. By leveraging GNNs to make the
netlist graph and extract the essential features, the DRL agent
can make more decisions based on the structure of the design.
This approach has the potential to be better than traditional
methods, especially for designs with interconnected
structures [ 18].

Furthermore, GNNs can enhance the state representation in
the DRL framework. By encoding the current placement and
netlist information as a graph, GNNs can generate rich,
learned representations that capture both spatial and
topological information. These learned representations can
significantly improve the DRL agent's understanding of the
design space and make better placement decisions.
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III. CHIP FLOORPLANNING OPTIMIZATION
METHOD USING DEEP REINFORCEMENT
LEARNING

A. Problem Modeling and Formalization

The chip floorplanning optimization problem can be
formalized as a sequential decision-making process, where
the goal is to find an optimal arrangement of modules on the
chip canvas. Let M = {ml, m2, ..., mn} be the set of n
modules to be placed, and C be the chip canvas with
dimensions W x H. Each module mi has a width wi and height
hi [19]. The objective is to determine the positions (xi, yi) for
each module mi to maximize the overall design quality while
satisfying various constraints.

The problem can be represented as a Markov Decision
Process (MDP), defined by the tuple (S, A, P, R), where S is
the state space, A is the action space, P is the state transition
probability function, and R is the reward function [20]. In this
context, the state s € S represents the current placement of
modules and relevant design metrics. The action a € A
corresponds to placing or moving a module. The state
transition function P(s'|s, a) defines the probability of
transitioning from state s to s' when taking action a. The
reward function R(s, a, s') quantifies the quality of the
transition in terms of design objectives [21]. Table 1 presents
the key components of the MDP formulation for the chip
floorplanning problem.

Table 1: MDP Formulation for Chip Floorplanning

Component | Description

State (S) il;lrllegt ﬁurrent placement of modules, utilization,
Action (A) Place module mi at position (x, y)

Transition (P) | Deterministic based on action

Reward (R) | Improvement in design quality metrics

B. Deep Reinforcement Learning Network Architecture
Design

The proposed deep reinforcement learning network
architecture for chip floorplanning optimization consists of
three main components: a policy network, a value network,
and a reconstruction head. This three-head architecture,
inspired by the work of Zhao et al., enhances the feature
extraction capabilities and improves the overall performance
of the DRL agent.

The policy network w(as) outputs a probability distribution
over possible actions given the current state. The value
network V(s) estimates the expected cumulative reward from
the current state. The reconstruction head aims to recover the
current placement's visual representation, enriching the
placement embedding's extracted features [22].

Input Features (GNN Encoder)

Shared GNN Encoder

letwork (Action Probabilities)

Value Network (State Values)

Reconstruction Head (Visual Repi

Figure 1: Deep Reinforcement Learning Network Architecture for Chip Floorplanning

Figure I illustrates the proposed network architecture for chip
floorplanning optimization. The architecture comprises three
main branches: the policy network, value network, and
reconstruction head. The input features are processed through
a shared graph neural network (GNN) encoder, followed by
separate fully connected layers for each branch. The policy
network outputs action probabilities, the value network
estimates state values, and the reconstruction head visually
represents the placement.

C. State Representation and Feature Extraction

Effective state representation and feature extraction are
crucial for the success of the DRL-based floorplanning
approach. We employ a graph neural network (GNN) to
capture the structural information of the chip netlist and
extract relevant features for decision-making. The chip netlist
is represented as a graph G = (V, E), where V is the set of
nodes representing modules and E is the edges representing
connections between modules [23].

The GNN processes the graph in multiple layers, updating
node representations based on their neighbors' features. The
node features include module dimensions, current positions,
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and connectivity information. Edge features encode the
strength of connections between modules. The GNN outputs
a learned representation for each module, which is then used
as input for the policy and value networks. Table 2 presents
the node and edge features used in the GNN-based state
representation.

Table 2: GNN Features for State Representation

Feature Type | Description

Node Features | Module dimensions, current position, pin count

Edge Features | Connection strength, criticality

Global Features | Utilization, total length, timing information

D. Reward Function Design

The reward function is designed to guide the DRL agent
toward optimizing multiple objectives simultaneously. We
define a composite reward function incorporating wire length
minimization, area utilization, and timing constraint
satisfaction. The reward R at time step t is given by:

Rt = -« * HPWLt - B * Areat - y *
Timing_Violations_t + & * Exploration_Bonus t

Where HPWL t is the half-perimeter length, Area t is
the total area utilization, Timing_Violations_t represents the
number of timing violations, and Exploration_Bonus_t is an

intrinsic reward to encourage exploration. The coefficients a,
B, v, and & are weighting factors that balance the different
objectives.

To address the sparse reward problem in chip
floorplanning, we introduce an exploration bonus based on
the reconstruction error of the placement. The reconstruction
error L_Rec is defined as:

L Rec =|[[f(B) - f(B)[|"2

B is the reconstructed canvas, and B is the actual
collected canvas. This approach encourages the agent to
explore diverse placements while alleviating the sparse
reward issue [24].

E. Training Strategy and Algorithm Implementation

We adopt the Proximal Policy Optimization (PPO) algorithm
for training the DRL agent. PPO offers improved stability and
sample efficiency compared to traditional policy gradient
methods. The training process involves iteratively collecting
experience, computing advantages, and updating the policy
and value networks [25].

To enhance the learning process, we incorporate curriculum
learning and expert knowledge. The curriculum learning
strategy gradually increases the complexity of the
floorplanning tasks during training. Specialist knowledge is
embedded into the decision process by masking specific
actions based on design heuristics, such as preferring to place
macros in marginal areas.

70 1 —— Average Reward
—— HPWL Improvement
Area Utilization
604 —— Success Rate

50 4

40 4

30 4

Normalized Metric Value

204

T T
0 200 400

T T T
600 800 1000

Training Episodes

Figure 2: Training Progress and Performance Metrics

Figure 2 shows the DRL agent's training progress and
performance metrics over 1000 episodes. The plot includes
four key metrics: Average Reward, HPWL Improvement,
Area Utilization, and Success Rate. The x-axis represents the
training episodes, while the y-axis shows the normalized
values of each metric. The graph demonstrates the agent's
learning curve, with all metrics improving as training
progresses. Table 3 presents the hyperparameters used in the
PPO algorithm for training the DRL agent.

Table 3: PPO Hyperparameters

Parameter Value
Learning Rate 0.0003
Batch Size 256
Epochs 10
Clip Range 0.2
Value _ Function 05
Coefficient

Entropy Coefficient 0.01
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To evaluate the effectiveness of our proposed method, we
compare its performance with traditional floorplanning
algorithms and state-of-the-art DRL-based approaches on
benchmark circuits from the ISPD 2005 contest.

Table 4: Performance Comparison on ISPD 2005
Benchmark Circuits

Our
Circuit | Method l;er}E‘ﬁllt/[Place I;;lprovement
(HPWL) ( ) ( 0)
adaptecl | 84,905,888 | 128,927,038 34.14
adaptec2 | 132,401,504 | 152,699,768 13.29
adaptec3 | 142,752,416 | 175,509,798 18.66
= 1.0
.-l
; A Tk
H = T '-:r e |-. Los
o Fa: PR LY
" 1 i .
L) -l:. ..- ll-l | f i 0.6
= | - '_ " P -E
o e . 8
T, . . L) -- 0.4
= . .
Ry e g o
v T P e T
4 1 .-' - | L 0.2
¥ - Lt A bl ¢
- it ey {
- .
] '

adaptec4 | 134,953,008 | 281,010,687 51.98
bigbluel | 101,607,936 | 103,799,877 2.11
bigblue3 | 273,440,000 | 426,878,464 35.94

Figure 3 compares floorplan quality between our proposed
method and the baseline DREAMPlace algorithm. The figure
consists of two side-by-side heatmaps representing the
placement density for a specific benchmark circuit. The left
heatmap shows the placement density achieved by our DRL-
based method, while the right heatmap displays the result
from the dream place. The color scale ranges from blue (low
density) to red (high density), with green indicating optimal
utilization. The heatmaps demonstrate our method's improved
density distribution and reduced congestion.
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Figure 3: Floorplan Quality Comparison

IV. EXPERIMENTAL SETUP AND RESULTS
ANALYSIS

A. Experimental Environment and Datasets

The experiments were conducted on a high-performance
computing cluster equipped with NVIDIA Tesla V100 GPUs
and Intel Xeon Gold 6248 CPUs [26]. The deep
reinforcement learning framework was implemented using
PyTorch 1.9.0 and Python 3.8.5. For graph neural network
computations, we utilized the PyTorch Geometric library.

We evaluated our proposed method on the ISPD 2005
benchmark suite, which consists of six large-scale circuits
with varying complexities. Table 5 provides an overview of
the benchmark circuits used in our experiments.

Table 5: ISPD 2005 Benchmark Circuit Characteristics

Circuit | Modules | Nets Pins Die Size (nm?)
adaptecl | 211,447 221,142 | 944,053 324 x 324
adaptec2 | 255,023 266,009 1,019,233 | 424 x 424
adaptec3 | 451,650 | 466,758 1,875,039 | 774 x 779
adaptecd | 496,045 515,951 1,912,276 | 774 x 779
bigbluel | 278,164 | 284,479 1,144,691 | 404 x 405
bigblue3 | 1,096,812 | 1,123,170 | 3,833,198 | 1095 x 1095

B. Evaluation Metrics and Baseline Methods

The performance of the proposed method was assessed using
several evaluation metrics. Half-Perimeter Wirelength
(HPWL) measures the total wire length in the placement,
providing a vital indicator of the efficiency of the layout.
Density evaluates how uniformly modules are distributed
across the chip area, reflecting the method’s ability to avoid
congestion and ensure effective use of space. Runtime
captures the total time required to generate a complete floor
plan, highlighting the computational efficiency of the
approach. Timing Violations assess the number of paths that
do not meet timing constraints, which is critical for the
functionality and reliability of the chip [27].

Our DRL-based floorplanning method was compared against
several state-of-the-art baseline approaches. DREAMPlace,
an analytical placer, uses nonlinear optimization techniques
to achieve its placement. Replace, another approach employs
a global placement algorithm based on electrostatic analogy.
DeepPlace, which relies on supervised learning, represents a
deep learning-based method for placement. Manual Expert
designs involve floorplans created by experienced human
designers, offering a benchmark for human expertise in
floorplanning.

C. Performance Comparison and Analysis

Table 6 presents a comprehensive comparison of our
proposed method with the baseline approaches across various
performance metrics.
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Table 6: Performance Comparison on ISPD 2005
Benchmark Suite

Figure 4 illustrates the performance comparison of different

floorplanning methods across the ISPD 2005 benchmark
Avg. circuits. The figure consists of four subplots arranged in a 2x2
Method Avg. Avg. Avg. Timing id. Each subpl disti fi e
HPWL Density | Runtime Violati grid. Each subp ot represents a .1s'F1nct performance metrle.
lolations | HpW1, Density, Runtime, and Timing Violations. The x-axis
Our Method | 145,010,125 | 0.92 5.8 hours | 127 of .eaclll subplot shows the benehmark eircuits, While the y-
axis displays the corresponding metric values. Different
DREAMPlace | 211,470,939 | 0.88 3.2 hours | 193 colored bars represent the floorplanning methods, allowing
easy comparison across all benchmarks and metrics.
Replace 198,356,721 | 0.90 4.5 hours | 165
DeepPlace 183,729,456 | 0.89 6.7 hours | 152
Manual 72.0
Expert 176,543,298 | 0.93 hours 108
mm Our Method
EEm DREAMPlace
800 mmm RePlAce
EEm DeepPlace 1
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D. Case Study
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Figure 4: Performance Comparison Across Benchmark Circuits

To provide a more detailed analysis of our method's
performance, we conducted a case study on the adaptec3

benchmark circuit [28]. Figure 5 visually compares the
floorplans generated by our process and the DREAMPlace
algorithm.
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DRL-based Method

DREAMPlace

Figure 5: Floorplan Visualization for adaptec3 Benchmark

Figure 5 displays two side-by-side floorplan visualizations
for the adaptec3 benchmark circuit. The left image shows the
floorplan generated by our DRL-based method, while the
right image presents the result from a dream place. Each
visualization is a color-coded representation of the chip
layout, where different colors represent various modules and
macros. The photos also include heat map overlays indicating
congestion levels, with red areas representing high
congestion and blue areas indicating low congestion.

Our method demonstrates superior module placement and
reduced congestion compared to DREAMPlace. The DRL-
based approach achieves a more balanced distribution of
modules, resulting in improved wire length and fewer timing
violations.

E. Algorithm Scalability and Robustness Analysis

To evaluate the scalability and robustness of our proposed
method, we conducted experiments with varying circuit sizes
and complexities. Table 7 presents the runtime and
performance metrics for different circuit scales.

Table 7: Scalability Analysis

Circuit Runtime HPWL
Modules Improvement Density
Scale (hours) o
(%)
Small <100k 1.2 28.5 0.94
. 100k-
Medium 500k 4.7 23.7 0.93
Large 500k-1M | 8.9 19.2 0.91
Very >IM 15.6 15.8 0.89
Large

To assess the robustness of our algorithm, we introduced
perturbations to the input netlists and analyzed the impact on
floorplan quality. Figure 6 illustrates the sensitivity of our
method to various types of perturbations.

10 ——

08
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Mormalized Performance Metric

0.2
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—— Pin Position Shift

= Madule Size variation
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Figure 6: Robustness Analysis under Different Perturbations
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Figure 6 presents a multi-line plot demonstrating the
robustness of our DRL-based floorplanning method under
different types of perturbations. The x-axis represents the
perturbation intensity, ranging from 0% to 20%. The y-axis
shows the normalized performance metrics (HPWL, Density,
and Timing Violations). Four lines, each corresponding to a
different type of perturbation (Net Removal, Pin Position
Shift, Module Size Variation, and Constraint Modification),
are plotted on the graph. The plot illustrates how each
performance metric changes as the perturbation intensity
increases, providing insights into the algorithm's robustness
against various input modifications.

V. CONCLUSION

A. Research Summary

This study presents a novel approach to chip floorplanning
optimization using deep reinforcement learning (DRL)
combined with graph neural networks (GNNs). The proposed
method addresses the challenges of traditional floorplanning
techniques by leveraging the power of Al to navigate complex
design spaces and make intelligent placement decisions [29].
Our DRL-based approach incorporates a three-head network
architecture consisting of a policy network, value network,
and reconstruction head, which enhances feature extraction
and improves overall performance.

Integrating GNNs for state representation and feature
extraction enables the capture of intricate topological
information from chip netlists, leading to more informed
decision-making [30]. The carefully designed reward
function, which incorporates wire length minimization, area
utilization, and timing constraint satisfaction, guides the DRL
agent toward high-quality floorplan solutions. Introducing an
exploration bonus based on reconstruction error addresses the
sparse reward problem inherent in chip floorplanning tasks
[31].

Extensive experiments on the ISPD 2005 benchmark suite
demonstrate the effectiveness of our approach. The proposed
method consistently outperforms state-of-the-art baselines
across performance metrics, including DREAMPIlace,
RePlAce, and DeepPlace [32] [33] Notable improvements
include an average 31.4% reduction in half-perimeter wire
length (HPWL) and a 34.2% decrease in timing violations
compared to the best-performing baseline. The case study on
the adaptec3 benchmark further illustrates the superior
module placement and congestion reduction achieved by our
method [34] [35].

B. Discussion on Method Limitations

While the proposed DRL-based floorplanning method shows
promising results, it is essential to acknowledge its limitations
[36] [37] The computational requirements for training the
DRL agent are significant, necessitating high-performance
hardware and extended training timesError! Reference
source not found.. This may pose challenges for adoption in
resource-constrained environments or for rapid design
iterations [39].

The current implementation relies on a fixed action space,
which may limit the flexibility of module placement in
specific scenarios. Complex designs with highly irregular
shapes or strict placement constraints may require a more
fine-grained action representation. Additionally, the method's
performance on extremely large-scale circuits (>10 million
gates) requires further investigation, as the scalability

Innovative Research Publication

analysis indicates a slight degradation in improvement
percentages for extensive circuits [40] [41].

The generalization capability of the trained DRL agent to
entirely new circuit architectures or technology nodes
remains an open question [42]. Transfer learning techniques
may be necessary to adapt the model to significantly different
design paradigms efficiently[43] [44]. Moreover, the current
approach does not explicitly handle multi-objective
optimization scenarios where designers must dynamically
explore trade-offs between conflicting objectives[45] [46]

C. Future Research Directions

Several promising avenues for future research emerge from
this study. Exploring more advanced GNN architectures, such
as attention-based graph networks or graph transformers,
could enhance the model's ability to capture long-range
dependencies in complex chip designs [47] [48] [49].
Incorporating hierarchical reinforcement learning techniques
may improve the method's scalability to larger circuits by
enabling decision-making at multiple levels of abstraction
[50].

Integrating domain-specific knowledge and design rules into
the DRL framework presents an exciting direction for future
work. Developing methods to encode and leverage expert
heuristics within the learning process could lead to faster
convergence and improved solution quality [51]. Additionally,
investigating ways to incorporate timing-driven optimization
directly into the DRL formulation could address the critical
aspect of timing closure in modern chip designs.

Extending the proposed approach to handle multi-objective
optimization scenarios through multi-agent reinforcement
learning or Pareto-optimal policy learning could provide
designers with more comprehensive floorplan solutions [52].
This would enable better exploration of design trade-offs and
support more flexible decision-making processes.

Future research should also focus on improving the
interpretability and explainability of the DRL-based
floorplanning decisions. Developing visualization techniques
and analysis tools to provide insights into the agent's
decision-making process would enhance trust in the system
and facilitate adoption in industrial settings [53].

Exploring the application of the proposed DRL framework to
other stages of the chip design flow, such as detailed
placement, routing, or power optimization, could lead to a
more holistic Al-driven approach to chip design. The
potential for end-to-end optimization across multiple design
stages presents an exciting opportunity for revolutionizing the
electronic design automation landscape.
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