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Abstract

Rapid progress in semiconductor technology has driven integrated circuit (IC) de-
signs to become increasingly complex, resulting in significant challenges in achieving
optimality in design. The growing intricacy and the high design costs of modern ICs
demand accurate prediction of the quality of results (QoR) to guide early design deci-
sions. Inaccurate predictions can lead to inefficient design iterations, degraded QoR, and
even design failures. Therefore, improving QoR prediction accuracy while maintaining
computational efficiency has become a critical objective in electronic design automation
(EDA). The recent advancements in machine learning (ML) have provided promising
solutions for addressing these challenges. ML-based predictive models and optimization
methodologies have been developed to improve both quality and efficiency across the
design flow.

The first part of the thesis focuses on timing prediction after placement and clock
tree synthesis. Due to the unavailability of detailed routing information in design stages
prior to detailed routing (DR), the tasks of timing prediction and optimization pose
major challenges. This part first documents that having “oracle knowledge” of the final
post-DR parasitics enables post-gloabal routing(GR) optimization to produce improved
final timing outcomes. To bridge the gap between post-GR timing estimation and
final timing results during post-GR optimization, MIL-based parasitic and interconnect
delay models are proposed for accurate path delay estimation. These models, trained
on diverse datasets, demonstrate higher prediction accuracy compared to traditional
methods based on the route guide generated in GR stage. Applied during post-GR
optimization, the design shows better timing slack in post-DR without exacerbating
routing congestion. The methodology is applied to both open-sourced tool flows and
a commercial tool flow. The results on an open-source 45nm bulk and a commercial
12nm FinFET enablement show the robustness and good generalization of the proposed
models under varying clock constraints and noisy training data.

The second part of the thesis focuses on engineering change orders (ECOs) in late de-
sign stages, where minimal design fixes are required to address the timing shifts caused
by excessive IR drops. We integrate IR-drop-aware timing analysis and reinforcement
learning (RL) to develop an efficient ECO timing optimization. The method operates

after physical design and power grid synthesis, and rectifies IR-drop-induced timing
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degradation through gate sizing. It incorporates the conventional gate sizing technique,
Lagrangian relaxation (LR), into a novel RL framework, which trains a relational graph
convolutional network (R-GCN) agent to sequentially size gates to fix timing violations.
The R-GCN agent outperforms a classical LR-only algorithm in an open 45nm tech-
nology. It moves the Pareto front of the delay-power tradeoftf curve to the left, saves
runtime over the prior approaches by running fast inference using trained models, and
reduces the perturbation to placement by sizing fewer cells. It is also shown to be
transferable across timing constraints and adaptable to unseen designs with fine-tuning,
further highlighting its versatility and efficiency.

The last part of the thesis studies the correlation between proxy metrics used in
traditional logic optimization and actual post-synthesis delay, and the importance of
accurate timing estimation on the effectiveness of logic optimization. As circuit de-
signs become more intricate, obtaining accurate performance estimation in early stages,
for effective design space exploration, becomes more time-consuming. Traditional logic
optimization approaches often rely on proxy metrics to approximate post-synthesis per-
formance and area. However, these proxies do not always correlate well with actual
post-mapping delay and area, resulting in suboptimal designs. To address this issue, a
ground-truth-based optimization flow is explored to directly incorporate the exact post-
synthesis delay and area during optimization. While this approach improves design
quality, it also significantly increases computational costs due to finishing technology
mapping for every logic optimization iteration, particularly for large-scale designs. To
overcome the runtime challenge, we apply ML models to predict post-mapping delay
and area using the features extracted from logic represenation graph. Our experimen-
tal results show that the model has high prediction accuracy with good generalization
to unseen designs. Furthermore, the ML-enhanced logic optimization flow significantly

reduces runtime while maintaining comparable performance and area outcomes.
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Chapter 1

Introduction

1.1 Challenges and opportunities in modern design

Modern IC design is marked by increased functionality, higher performance require-
ments, and reduced power budgets, all within the constraints of shrinking technology
node and escalating design complexity. As semiconductor technology approaches phys-

ical limits, the cost of design at advanced nodes has risen dramatically.

Challenges in scaling and design cost

The goal of the semiconductor industry is to be able to continue to scale the technology
to improve overall performance at reduced power and cost. Nowadays, most high-
performance chips are being designed in the most leading-edge process nodes. However,
the continuation of Moore’s law through lateral scaling has become difficult, particu-
larly beyond the 5nm and 3nm technology nodes. The semiconductor industry faces
challenges in technology scaling including power scaling, parasitics scaling, interconnect
scalability, wafer processing cost. To address these issues, a range of innovations is being
explored to address these challenges such as new device architecture for low-power de-
sign and 3D integration/stacking for more dense high-performance design with shorter
interconnect, which are expected to bring performance, power, and area (PPA) gain for
future designs [3]. Despite these advancements, the industry faces a significant challenge
as the cost of designing new products at advanced technology nodes has skyrocketed.
Fig. shows the rising costs of SoC designs in new technology nodes. The design costs
of a complex 5nm SoC are over 80% higher than the design cost of a Tnm SoC. This
underscores the critical need to achieve the design specification within the constraints

of existing design resources while designing in advanced technology nodes. Therefore,
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improving design efficiency has gained much attention. In the long design process, the
estimation on the quality of the result (QoR) in each design stage plays an important
role in accelerating the design process and improving the quality of the final design
result.

(Over,
\\1\82(/" +
542

SoC advanced design cost ($millions)*

65nm 40nm 28nm 22nm 16nm 10nm 7nm s5nm
(2006) (2008) (2011) (2012) (2014) (2017) (2018) (2020)

Technology nodes
(year introduced)?

Sources: IBS; AnysSilicon; TSMC.

1System-on-a-chip (SoC) advanced design costs include intellectual property qualification, architecture, verification, physical, software, prototype, and
validation activities.

2Year in which a technology node began volume production.

Figure 1.1: The rising costs of design with each new technology node. \|

Challenges in predicting the quality of results of design, and the role of ML
Achieving design convergence in modern ICs is full of challenges, many of which stem
from the intricate interplay of design parameters. For instance, between the placement
and timing closure, achieving timing closure requires accurate path delays, which de-
pend on placement and routing. However, early placement decisions significantly affect
routing congestion and path delays. Timing estimates are used to drive placement, but
inaccuracies in these estimates can lead to suboptimal placements, requiring numerous
iterative steps before they can be resolved. Another example of the cyclical dependence
between routing and signal integrity also shows this kind of challenge. Signal integrity
issues such as crosstalk and noise depend on routed nets, but routing decisions depend
on signal integrity requirements: the crosstalk and noise information become apparent
only after nets are routed. To address these issues, tools may reserve routing tracks,
or adjust routes, which can lead to congestion bottlenecks or delay violations. Thus,
routing must account for signal integrity from the outset to avoid major redesigns.

In addition, the unpredictable behavior of electronic design automation (EDA) tools
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also makes it challenging to achieve design convergence due to the cumulative impact
of using complex heuristics used in different design stages. Small changes in the input
or hyperparameter settings can cause large variations in the outcomes from EDA tools,
making it hard to predict the quality of result (QoR) of the design, and complicating
the design process.

To address the challenges discussed above, machine learning (ML) offers powerful
approaches to improve the design efficiency and enhance the QoR. Unlike traditional
methods, ML models can capture complex, nonlinear relationships between design pa-
rameters and post-layout outcomes, facilitate better modeling of downstream flow steps
and provide proactive optimizations. Moreover, by integrating advanced ML models
such as the reinforcement learning (RL) paradigm with traditional techniques, ML mod-
els can interact with EDA tools and to learn strategies for maximizing the long-term
reward. For example, EDA tools offer a multitude of parameters that can be tuned
to achieve optimal PPA outcomes. However, manual exploration of this configuration
space is both time-consuming and resource-inefficient. Reinforcement learning has been
applied to addresses this by training autonomous agents to iteratively learn and optimize
tool settings without human intervention [4]. This, in turn, improves design efficiency
and accelerates the search for optimal solutions, allowing design teams to maximize the

potential of available resources.

1.2 Thesis contributions and organization

The first part of the thesis overviews the problem of timing estimation and timing
optimization in late design stages. Initially, a more accurate delay prediction approach
is proposed to address the inaccurate timing estimation issue in global routing [5]. Next,
to resolve the timing failure in a late design stage caused by IR drop, a novel RL-based
ECO gate sizing flow is proposed [6]. In the last part of the thesis, the problem of
timing estimation for logic optimization during early design stages is studied [7]. The

specific contributions of each work are summarized below.

ML-based parasitic and timing prediction for routing

Interconnect effects have been a critical factor in determining the performance of digital
designs in modern technology nodes. As technology advances, increased resistance and
capacitance have caused wire delays to become a major bottleneck in achieving design

closure and overall IC performance. Accurate estimation of wire parasitics and delays is
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essential to avoid unnecessary design iterations. Effective timing predictions can guide
optimizations such as net buffering and logic gate resizing across multiple stages of the
RTL-to-GDS flow. This work addresses the challenge of improving timing prediction
accuracy in designs with macros during the global routing stage to enhance the quality of
detailed routing solutions. The key contributions of this work includes (1) demonstrating
how ML models enable fast and accurate predictions of parasitics and timing for detailed
routing, leveraging global routing information, and (2) integrating ML models into the

design flow in both open-source and commercial tool flows to improve design quality.

Reinforcement learning for ECO gate sizing

Power integrity tools and flows aim to restrict IR drops within specified limits, ensuring
gate delay models are accurate for worst-case voltage corners. However, as designs ap-
proach final layout stages, wiring limitations often prevent the power grid from meeting
IR drop constraints, leading to increased gate delays and potential timing failures. At
this late stage, large design changes disrupt timing closure, necessitating incremental
engineering change order (ECO) optimizations with minimal placement perturbation.
To address this challenge, we propose a RL-driven framework for low-perturbation gate
sizer to resolve IR-induced timing violations effectively. The key contributions of this
work includes 1) combining RL and traditional approach support multi-objective op-
timization, 2) demonstrating better delay-power trade-off than traditional approaches
and 3) supports diverse usage scenarios including zero-shot inference on unseen timing
specifications or designs using a pretrained model and fine-tuning for improved perfor-

mance.

ML-based timing prediction for logic optimization

The logic synthesis step plays a crucial role in determining the quality of final outcomes.
The importance of efficient logic optimization has grown substantially as the technology
node continues to scale down. The common drawback in many of previous methods is
their reliance on proxy metrics as surrogates for delay and area. These proxy metrics
often poorly correlate with actual post-synthesis delay after technology mapping, mak-
ing them ineffective for optimizing modern designs. To address these challenges, more
accurate ML inference for post-synthesis delay is integrated into the logic optimization
flow in our work. The key contribution of this work include 1) correlation analysis
of proxy metrics vs post-synthesis delay and proposing an efficient optimization flow,
2) propose an efficient ML-enhanced optimization flow and 3) demonstrating better

solution exploration and delay-area trade-off.
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The thesis is organized as follows. Chapter [2] provides an overview of a typical physical
design flow and timing analysis at each design stage, and outlines the ML techniques
that may be applied to the problems that we studied. Chapter [3| discusses the timing
discrepancy between global routing and detailed routing in physical design and proposes
ML models for more accurate parasitic and timing estimation. In Chapter [ a novel
ECO gate sizing flow for later design stages, using reinforcement learning, is proposed,
using domain knowledge from prior EDA work to achieve high-quality solutions. Next,
Chapter [5| discusses the poor correlation between the timing proxies used in logic op-
timization and post-synthesis timing and presents a new proposed logic optimization
flow guided by ML-based timing estimation to for improving the quality of the design.
Finally, Chapter [6] concludes the thesis.



Chapter 2

Preliminaries

Physical design is a phase in chip design that transforms a logic-level design, in the
form of a netlist, into a physical representation, in the form of a layout for fabrication.
This process involves several stages, each of which focuses on optimizing critical circuit
metrics, i.e., the performance, power, and area (PPA). Design convergence involves some
“chicken-and-egg” problems, where the accurate result or the optimization of one stage
depends on the output of another stage, and vice versa. The dependency between layout
optimization and the timing estimation is a key example: the layout must be optimized
to improve timing metrics, but these timing metrics cannot be estimated unless wire
parasitics are known, which can only happen after layout is complete.

In this chapter, we present a list of preliminary concepts that underpin the research
presented in this thesis. Section discusses an overview of layout and timing opti-
mization, which form the backdrop of this research. Next, Section overviews the
key machine learning (ML) concepts that are used in the algorithms presented in this

thesis.

2.1 Physical design and static timing analysis

Physical design takes a circuit netlist and creates a layout for the circuit. Fig. shows
a standard physical design flow. Since timing and physical design are intricately con-
nected, the figure highlights multiple timing optimization stage that must be executed
during physical design to repair design, i.e. fix max transition time violation and max
fanout violation, and repair timing, i.e. fix setup and hold timing violation. Physical

design starts from a gate-level circuit netlist generated from logic synthesis, and the
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circuit is taken through mixed-size placement, clock tree synthesis (CTS), and routing.
In mixed-size placement, both small standard cells and large macros are placed on the
chip to optimize area, delay while avoiding overlaps and congestion. In CTS, the clock
network is built to distribute the clock signal evenly with minimal skew and delay across
all clocked elements. In routing, all components, i.e. cells and macros, are connected
using metal wires, ensuring signal integrity and meeting timing, power, and design rule
constraints.

It is essential to perform all timing optimizations in various parts of the flow in
such a way that only limited netlist changes are introduced between successive stages.
Limiting these changes is critical for ensuring a convergent design methodology, because
a too-drastic netlist change between flow stages can force looping back to earlier steps of
the flow, rather than continuing forward. However, due to the unavailability of routing
information before the final stages, it is impossible to obtain accurate delay estimates at
earlier steps of the physical design flow, and this could lead to incorrect optimizations

at those stages.

2.1.1 Parasitic estimation for timing optimization

To overcome the challenge of delay estimation, design flows use different models to
account for wire parasitics during timing optimizations, based on the information avail-
able at each stage. For example, as highlighted in Fig. wireload models are used
for gate-level optimization during logic synthesis. During global placement and even
after CTS, generic half-perimeter wirelength (HPWL) or FLUTE-based [8] Steiner tree
estimates, scaled by layer-averaged per-unit resistances and capacitances, are used to
estimate parasitics for electrical rule check (ERC, including max load and max tran-
sition rules) compliance and some gate-level optimizations [9]. However, as we show
in Section these models can be highly inaccurate (overly conservative or grossly
optimistic) compared to the true parasitics and timing estimates after detailed route.
As a design proceeds from early stages (e.g., RTL specification, floorplanning) to later
stages (e.g., detailed placement, detailed routing), an increasing amount of physical in-
formation (i.e., spatial embedding) is available, leading to potentially better estimates

of parasitics.
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Figure 2.1: Timing optimizations in the physical design flow with different parasitic
estimates. In modern production flows, the output of vendor A’s synthesis tool is
“de-buffered” when passed to vendor B’s place-and-route (P&R) tool. Then, ERC
compliance is enforced during global placement with buffering and resizing. The de-
buffering and ERC-fixing steps are respectively marked with (*) and (**) in the figure.
The wireload model is used to estimate parasitics for gate-level netlist. In placement and
CTS stage, FLUTE Steiner tree is used. In global routing (GR) stage, GR Steiner tree
that follows the route guide is used. After detailed routing, design rule checks (DRCs)
are performed to ensures the layout adheres to the manufacturing process rules, and
parasitic information are extracted into SPEF file. The worst negative slack (WNS)
and total negative slack (TNS) are two metrics for timing analysis.



2.1.2 Static timing analysis (STA) and delay models

To perform timing optimization, it is first important to determine the timing behavior
of a circuit. STA is fast approach used to validate the timing performance of a design
without requiring simulation vectors. It ensures that the design meets setup and hold
timing constraints across all specified conditions. For a given timing path, as illustrated
in Fig.[2:2] the starting point may be either input port or the clock pin of a flip-flop, and
the endpoint may be either the data input pin of a flip-flop or an output port. The data
is launched by a clock edge at originating flip-flop, propagates through a combinational
logic, and is captured by a clock edge at the destination flip-flop. To perform data
setup checks, the worst-case path delay is calculated for each combinational block and
compared against clock cycle constraints, with an allowance for setup time. For hold

checks, the best-case path delays are compared against the hold time.
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Figure 2.2: Timing paths in a design example and the RC tree model of a net in a logic
stage, and its reduction to an equivalent m-model.

A unit operation in STA is the estimation of the delay of a single logic stage, consist-

ing of a gate driving its fanouts through a net, as shown in the zoom-in part of Fig.
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The upper part of the figure shows the distributed RC tree for the net driven by gate C.

The delay of a logic stage consists of the gate delay and interconnect delay. Given
the estimated capacitive load Clyaq at the output of a gate (the “driving point”), and
the transition time 7 at the gate input, the gate delay is expressed through a lookup
table (LUT) as

Dgate = f(T, Cload)- (21)

The gate delay for an intermediate pair of (7,Clpaq) values that does not map to a
LUT entry is computed using interpolation. The transition time at the gate output is
estimated in a similar way, using LUTs that have the same axes as gate delay LUTs.
Since a wire is a distributed transmission line, it is modeled by the distributed RC
model shown in Fig. [2.2] which segments the wire and creates lumped approximations
for each segment. If the segments are small, this approximates the derivatives in the
differential equation for a transmission line by finite sums. For a short wire, the wire
resistance is dominated by the driver, and the wire can be represented by a capacitive
load. Thus, the Cjyaq model above can be used directly to compute the gate delay,
which dominates the stage delay as the wire delay is negligible in this case. However,
for longer interconnects, resistive shielding effects can significantly impact the delay [10].
For such wires, a segmented RC model cannot directly use the LUT of Eq. as the
load is not purely capacitive. A typical approach to overcome this in timing analysis
is by (a) generating a m-model reduction for the driving point impedance at the gate
output [11], with elements R, C1, and Cs (Fig. bottom) chosen so that the first three
admittance moments of the interconnect match those of the reduced model; (b) using
the m-model to find an effective capacitance, Ceg, that models resistive shielding; and
(c) using Cloaq = Ceo in Eq. to compute the gate delay. Finally, model order
reduction techniques are used to compute the transfer function from the driving point
to each fanout. Based on the delay and slew at the driving point, the waveform at each
fanout is computed, yielding the wire delay and slew. The sum of the gate and wire
delays constitutes the stage delay to the fanout, and the slew at each fanout is used as

the input slew for the next logic stage.
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2.2 Machine learning approaches

In this section, we overview a set of ML techniques that are used in this thesis. We first
describe the ensemble decision tree models and several kinds of graph neural networks
(GNNs) that are often used for classification and QoR prediction. Next, we describes
the reinforcement learning (RL) paradigm used to trains an agent that iteratively learns
to optimize the PPA of the design.

2.2.1 Ensemble decision tree models

Decision trees are classical ML models used for classification and regression tasks. A
decision tree makes decisions by recursively splitting the data based on feature values,
resulting in a tree structure where each leaf node represents the predicted outcome.
When datasets become complex, the simple decision tree models are prone to overfitting.
Thus, ensemble models are proposed to combine multiple decision tree base learners to
improve prediction accuracy and robustness. By evaluating predictions from a collection
of models, ensemble models achieve better generalization and reduce the overfitting.
Two widely used ensemble methods are Random Forest and XGBoost. Random forest
is a bagging-based model that takes the average of the prediction from multiple decision
trees or makes the decision by majority voting [12]. Each decision tree is trained on a
subset of the data and features in parallel. XGBoost is a boosting-based model that

build decision trees sequentially to correct the prediction error sequentially [13].

2.2.2 Graph neural networks

GNNs are deep learning architectures designed to operate on graph-structured data.
GNNs are particularly useful for representing circuit structures where nodes can corre-
spond to gates, and edges capture connectivity. There are several widely used models:
graph convolutional networks (GCNs), graph attention networks (GATs), graph sample
and aggregate (GraphSAGE).

GCNs leverage spectral methods to propagate information across graph nodes, aggre-
gating features from neighboring nodes through learnable weights [2]. The propagation

rule for a single GCN layer is given as

Hl+1) =0 (D—1/2AD—1/2H(1)WU)) (2.2)

where H(l + 1) is the feature matrix at hidden layer [ + 1, W(l) is the weight matrix
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Figure 2.3: Multi-layer GCN with C' input channels and F' feature maps in the output
layer. X;s is the node features vectors of node ¢ at the input layer, and Z; is the node
feature vector of node i at the output layer. The graph structure is shared over layers,
where edges are shown as black lines. The labels of nodes are denoted by Y; [2].

at hidden layer [, A is the adjacency matrix with added self-loop, D is the degree
matrix and o is the non-linear activation function. GCNs have been used for graph
classification, graph embedding and prediction of the quality of the design in physical
design.

Relational Graph Convolutional Networks (R-GCNs) extend GCNs by modeling het-
erogeneous graphs that include multiple types of nodes and edges [14]. This flexibility
allows R-GCNs to handle complex relationships, making them relevant for tasks involv-
ing heterogeneous graphs with diverse node type and different relation between nodes

in circuit design. The propagation for R-GCN is given as

h+1) = o (WoDhi()+ 32 3 =Wy (23)
reR jeENT b"

where h;(I + 1) is the feature vector for node i at layer [, W,(l) is the trainable weight
matrix for self-connections, W,.(I) is the trainable weight matrix for edge type r, N
is the set of neighbors of 7 under relation r, and d;, is the normalizing constant for

instance ¢ that have the relation 7.
GATSs incorporate an attention mechanism into GNNs [15], allowing the network to
assign varying levels of importance to neighbors when aggregating node features. The

node representation is aggregated as
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h; =0 Z OéijWhj (2.4)
JEN;

where o; is the attention coefficient normalized by softmax function defined as

B exp(LeakyReLU (a” [Wh;||Wh;]))
~ Lrew; exp(LeakyReLU (T [Whi[[Whi]))

Q;j (2.5)
The learnable attention vector a’ multiplies with the concatenation of the dot products
of the weight matrix W and the embeddings of two nodes ¢ and j, and then a LeakyReLU
activation function is applied.

GraphSAGE is a framework for inductive representation learning on graphs. It’s
designed to generate node embeddings for unseen data by learning aggregation functions
from sampled neighborhoods [16]. Unlike transductive models such as GCN, which
require access to the entire graph during training, GraphSAGE learns a function that
generalizes to new nodes or graphs, making it effective for dynamic and large-scale

graphs.

2.2.3 Reinforcement learning methods

RL is a machine learning paradigm where an agent learns to make sequential decisions
by interacting with an environment. It is a powerful tool for tackling the complex

optimization problems in modern chip design. An overview of the RL paradigm is

shown in Fig.

Agent

State, s,| |Reward, 7,
Action, q,

State, s, ;

Figure 2.4: Schematic of the RL paradigm, showing interactions between an RL agent
and a system.

The key components of an RL system include
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State space S, a set of states which describe the environment.

Action space A, a set of actions that the RL agent can take.

T'(S¢+1]|8t, at), transition dynamics that map a state s; with action a; at time t to

state sg41 at time ¢ + 1.

o 7. =1(S,at, St+1), the immediate reward function.

v € [0,1], a discount factor. A lower value places a larger emphasis on immediate

reward, while a higher value places greater emphasis on future reward.

In the RL set-up, the agent is at a state s; at timestep ¢t. In this state, the agent
takes an action a; € A , the state transitions from s; to s¢11, with an immediate reward
r¢ at time step t. When we concatenate all time steps together, we obtain a sequence of
transitions (sg, ag, ro, $1) — (s1,a1,71,a2) — ..., which is called an episode that fully
describes the trajectory of the agent. The agent aims to maximize a cumulative reward
by choosing actions based on its current state. Unlike supervised learning, RL does not
require labeled data but instead relies on feedback to guide its learning process. The
goal of RL is to find an optimal policy 7(s), a strategy that an agent follows in pursuit
of the goal, to maximize the expected reward G}, which is the cumulative discounted

reward:

Gt = Z"}/tTt (26)
t=0

The state-value function V(s) is the expected return when the agent starts in state
s and its actions follow the policy 7(s). It can be computed recursively according to
the Bellman Equation [17]:

VW(S) = E[Gt’St = S]

= R(s,7(s)) +7 3 P(s, 7(s), ) Va(s)) (2.7)

where R(s,7(s)) is the reward of a transition from state s through action determined
by 7(s), Sy is the observed state at time step ¢, P is transition probability between state
s and state s’, P(s,m(s),s") = Pr(Si1 = §'|Sy = s, Ay = 7(s)), and s’ is a neighboring
state of the current state s.

A quality function Qr(s,a) can be constructed similarly for an action a taken in
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state s under the policy 7(s):

Qr(s,a) = E[G4|S; = s,a; = a]
= R(s,a) + fsz(s, a,s ) V(s

)

= R(s,a) +~ Z P(s,a,8)EyrQr(s,a")

s

(2.8)

Here, V;(s) is replaced by E,.Q(s',a’), which is the expected value of a given state
s’ is the expectation of the estimated values over all possible actions at state s’.

RL algorithms are classified as on-policy algorithms and off-policy algorithms. The
on-policy algorithms learn from actions taken by the current policy, improving the same
policy that is used to generate data. Off-policy algorithms learn from actions taken by
a different policy, often using stored experiences or exploratory policies, enabling reuse
of past data. The on-policy algorithms are more stable but they require more data since
they cannot reuse past experiences. The off-policy algorithms are sample-efficient and
better suited for tasks requiring data reuse but may face stability challenges due to the
mismatch between the behavior and target policies.

In RL algorithm selection for chip design problems, the action space is one of the
primary factors to consider. When the action space is discrete, deep Q-learning network
(DQN) [18], A2C |19] and their variants are often considered such as Rainbow [20], a
variant of DQN which combines six other DQN variants into a single model to achieve
better performance, and A2C with experience replay [21] that combines multiple net-
works used in A2C and the replay buffer used to stores the trajectories of experience in
DQN to improve the stability of the off-policy estimator. When the action space is con-
tinuous, proximal policy optimization (PPO) [22] that uses a ratio of the new and the
old polices to limit the update step size, deep deterministic policy gradient (DDPG) [23]
that combines DQN and determinant policy gradient, soft actor-critic (SAC) [24] that
uses entropy regularization related to the randomness in the policy to maximize the
trade-off between the exploration and exploitation, are popular choices.

There are several advantages of applying RL in chip design. One of the key benefits
is its ability to learn from dynamic and complex environments to optimize solutions
for problems with large and combinatorial search spaces. Additionally, RL models
can continuously refine their policies to deliver better PPA for designs. However, RL

also has some drawbacks. RL often requires a large number of interactions with the
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environment to learn effective policies, which is sample inefficient in real chip design
scenarios. Also, RL models are often considered black-box solutions, which make them

lack of interpretability.



Chapter 3

Bridging the timing (Gap between
Global Route and Detailed Route
Using ML

3.1 Introduction

Interconnect effects are a significant factor in determining the post-layout performance
of digital designs in modern integrated circuit technology nodes. In particular, due to
increased per-unit length resistances and capacitances from one technology generation
to the next, wire delays have become a significant bottleneck in achieving design closure
and overall IC performance outcomes. The accurate estimation and prediction of wire
parasitics and delays is particularly important in modern design flows, as incorrect
estimates can result in unnecessary design iterations; in some cases, it may be impossible
to achieve design closure on schedule, which may result in increased time to market.
If wire parasitics and delays can be estimated well, they can be used to guide timing
optimizations such as net buffering and logic gate resizing at multiple stages of the
RTL-to-GDS implementation flow.

Even though at relatively late stages in the physical design flow, such as routing,
there can be significant estimation inaccuracy. As shown in Fig. a design is typically
routed in two stages: global routing (GR) and detailed routing (DR). The GR step
allocates routing resources to each net, and generates a routing plan that the DR step

takes as initial guidance toward a final routing solution. In modern tools, the routing

17
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plan from GR is represented in the form of route guides that contain information on
layer assignments and Steiner tree topologies for each net [26], and these are used
to guide DR. Clearly, the ability to close timing depends on the quality of the GR route
guides.

Importantly, the GR stage is typically followed by a timing optimization step (sizing,
fanout clustering, buffering, etc.) as well as a final (post-optimization) placement legal-
ization step, since better parasitic estimates are available post-GR compared to after
earlier flow stages. However, GR-based parasitic estimates are still inaccurate relative
to final DR outcomes, as they do not fully comprehend such factors as detailed design
rules, pin access challenges, and congestion, which are glossed over in GR. Together,
these factors cause wire detours and layer reassignments during DR, which in turn cause

GR-based estimates and DR-based outcomes to diverge.
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Figure 3.1: Discrepancy between post-GR and post-DR wire delays of bp_be 45nm and
swerv_wrapper 45nm in OpenROAD (left figures) and bp_be 45nm and swerv_wrapper
45nm in a commercial tool flow (right figures). The slope k and the intercept b in the
best-fit y = kx + b (red traces) differ across tool flows and across designs.
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Fig. shows the inaccuracy in wire delay estimation when using a GR-based

model that estimates wire parasitics using FLUTE-generated [8] Steiner trees from
FastRoute 4.1 [27], as compared to the wire delay of corresponding detail-routed nets
when using RC trees from post-DR parasitic extraction. The figures show discrepancies
in the estimated wire delay of four designs: bp_be (42K nets) and swerv_wrapper (88K
nets), each implemented in 45nm technology in both OpenROAD and commercial tool
flows. Each plot shows a y = « line: a perfect prediction would lie along this line; an
optimistic prediction, where the GR-based delay estimate is smaller than the DR-based
ground-truth delay, would lie below the line; and a pessimistic prediction would lie
above the line. In OpenROAD, the GR-stage estimates are largely optimistic for bp_be,
but may be either pessimistic or optimistic for swerv_wrapper. For the commercial tool
flow, the GR-based wire delay estimates for the most part are optimistic. While it could
be argued that the prediction can be corrected by using a best linear fit line (y = kz+0b)
instead of the y = z line, this does not repair all of the discrepancies. Specifically, we

draw the following conclusions:

e The slope k for calibrating the best-fit curve is tool-flow-specific, and we see dif-

ferent values for the OpenROAD flow and the commercial tool flow.

e Even for the same tool flow, the best-fit curve is design-specific: the value of k for
bp_be is significantly different from that for swerv_wrapper. This is observed to
be true for both the OpenROAD and commercial tool flows.

e Compared to the discrepancy observed in OpenROAD, the wire delay discrepancy
for the commercial tool flow is lower, reflecting a superior ability to adhere to GR

route guides. Even so, the discrepancy is significant.

Therefore, the problem of predicting post-DR. interconnect delays from post-GR route
guides is more complex than a simple correction through a curve-fit, and this motivates

our approach of using a machine learning (ML) predictor.

“Oracle” knowledge of post-DR parasitics improves final outcomes. As ex-
plained earlier, the use of inaccurate parasitic and timing estimates in any timing opti-
mization can lead to harmful pessimism (overdesign that wastes resources) or optimism
(underdesign that leads to design iterations). We have conducted a motivating study to
show the potential benefit of “oracle” knowledge of post-DR wire parasitics, were these
parasitics to somehow be available to post-GR timing optimizations. Table shows

results on four open-source 130nm [28] testcases, seven open-source 45nm [29] testcases
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Table 3.1: Comparison of post-DR WS when using GR-based vs. DR-based parasitics
for post-GR timing optimizations.

Design C(:II:SI; Tech | #Nets | #Macros | Utilization GPE;)— S‘tfe;s[e)c? ngS{_g:g q
parasitics | parasitics
riscv32i 9.6 8150 0 67.52% -0.26 -0.26
aes 5.4 15307 0 62.91% -0.21 -0.19
- 130nm
ibex 16.0 15369 0 55.85% -0.56 -0.60
jpeg 7.8 59573 0 62.90% -0.25 -0.17
dynamic_node 1.0 11598 0 57.63% -0.25 -0.17
ibex 2.0 16836 0 58.94% -0.24 -0.11
aes 0.8 17566 0 59.60% -0.27 -0.09
ipeg 1.4 45nm | 68247 0 52.48% 0.24 0.02
swerv_wrapper | 2.5 88490 28 45.87% -0.24 -0.23
bp_fe 2.2 24883 11 43.73% -0.15 -0.10
bp_be 2.8 41973 10 38.30% -0.15 -0.12
swerv_wrapper | 1.2 19nm 92787 28 49.08% -0.48 -0.24
coyote 3.2 272948 15 49.00% -0.27 -0.15

and two commercial 12nm testcases, using an open-source flow [30]. As indicated in the
table, some of these layouts consist of standard cells only, with no macros, while others
contain a mix of standard cells and large macro blocks. The table highlights the cost of
post-GR buffering and resizing solutions that are driven by inaccurate parasitics, and
also lists the utilization for each design. For example, if the discrepancy as in Fig.
is corrected in post-GR for each design, the improvement in the post-DR worst slack
(WS) for these designs can be as much as 240ps (—0.48ns — —0.24ns). We ascribe the
WS improvement to the early identification of true (post-DR) timing violations, which
allows post-GR optimizations to efficiently buffer nets and resize logic gates on truly
critical timing paths. In the absence of accurate prediction, these timing paths might be
missed due to optimism, or unnecessarily buffered and resized due to pessimism. This
motivates the key result of our work, which is to apply ML to close the post-GR-to-post-
DR parasitic estimation gap. On closer inspection, we see that the designs with smaller
post-DR WS improvement in Table correspond to high values of utilization. For
example, riscv32i has the highest utilization among 130nm designs without macros, and
swerv_wrapper has the highest utilization among 45nm designs with macros. In these
designs, fewer options are available for resizing and buffering in post-GR timing opti-
mization, resulting in fewer perturbations due to these operations. This may partially

explain why post-DR worst negative slack (WNS) from the flows based on GR-based
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and DR-based parasitics are quite close.

Post-GR | Post-DR
Total Capacitance (pF) | 0.0685 0.0893
Total Resistance (k€2) 1.0468 1.7973
Wire delay (ns) 0.0354 0.1059

Figure 3.2: Net detours due to macro blockage in swerv_wrapper, 45nm. Total capaci-
tance, total resistance and wire delay of source-sinkl in the sample net.

While significant inaccuracies are seen even for designs without macros, the presence
of large macros in a design is a source of another major degree of difficulty in delay
prediction. Depending on their structure, these macros may act as partial or complete
blockages for interconnect wires, depending on whether some or all metal layers are
blocked by the macro. The wiring detours that are required to circumvent the blockages
can greatly impact the routing solution — notably, the wirelength, wire delay, and the
need for buffer insertion along these wires. As an example, Fig. shows a placement of
swerv_wrapper in 45nm with several macros. The figure at right shows the overall layout,
with a region of interest shown within a red rectangle, with two large macros placed
close to each other. At left, we zoom into this rectangle, highlighting a three-pin net
that connects a source pin at one side of two macros to two sinks at the other side of the
macros: clearly this routing solution is required to detour around these macro blockages.
From source to sinkl, the wire bypasses a macro of size 206.9umx219.8um through the
halo between two macros, and the source-sinkl wire is 30% longer than the Manhattan
distance between the two pins. The impact of the detour on key performance metrics for

the net are listed in the table at the bottom of the figure: its post-DR capacitance and
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resistance are, respectively, 22.5% and 71.7% higher than those predicted at the end of
GR, and its wire delay discrepancy between the post-GR and post-DR steps is 199.2%.
Therefore, a critical characteristic of any prediction model must be its capability to
predict interconnect delays for designs with macros.

Another practical consideration is related to the fact that EDA tools are inherently
noisy [31], and can provide different results for nearly-identical inputs and runscripts.
Therefore, the noisy data collected from these tools can affect the estimation of final
results and may lead to incorrect buffering and sizing during optimization, thus affecting
design quality. For example, a small perturbation in the location of an instance can
result in a different route. This is illustrated in Fig. [3.3] where a buffer is inserted
between a NAND gate and an OR gate during timing optimization to reduce the delay
of the NAND gate. However, depending on the precise location of the inserted buffer —
two possibilities are shown in Fig. [3.3(a) and Fig.|3.3(b) — the delay between the NAND
gate and OR gate may be different due to dissimilarities in the wire delay. Therefore, the
capability of estimation models to handle noise in the training data is another critical
evaluation criterion. Due to the high cost of generating training data, it is not practical
to explore the entire “noise space” around a particular training point; instead, we verify

that the ML-based models we build are resilient to such noise.

" I
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Figure 3.3: The effect of different buffer locations on the routing results: (a) The inserted
buffer is placed in a different row of the NAND gate and OR gate. (b) The inserted
buffer is placed in the same row as the NAND gate and OR gate.

Related works. Several researchers have worked in the general area of MIL-based
delay prediction during physical design. For a specified net topology, [32] builds an
XGBoost-based ML model for the wire delay of a net of fixed topology, trained on
commercial parasitic extraction and timing analysis tools. The impact of macro block
layout on timing is predicted using boosting and SVM in [33|. The work in [34] solves

the problem of predicting wire delay and slew based on placement results, prior to GR,



23
while [35] predicts path delays prior to routing, based on placement features, using a
transformer network and residual model. The work in [36] uses a look-ahead RC network
generated by a coarse routing step (decomposition of multi-pin nets into two-pin nets,
then routed using L-shaped routes) on the placed design for feature extraction, and uses
this to perform post-placement net-based timing prediction. In [37], a GNN model is
used to estimate prerouting slacks at the endpoints of the design. In [38], wire delay
and wire slew are predicted by using a graph learning architecture that encodes the

information of the RC tree of a net.

Contributions. In this work, we propose a set of techniques to enhance the accuracy
of timing prediction on designs with macros in the post-GR stage to improve the quality

of the DR routing solution. The key contributions of this work are as follows:

1. We show how ML enables the fast and accurate prediction of post-DR parasitics and
timing estimates using post-GR information, particularly for design with macros, in
both bulk and FinFET technology nodes.

2. We apply the ML model to the OpenROAD [39] physical design flow and to a
commercial flow, and show up to 0.24ns savings (12nm node) in post-DR WS for
OpenROAD, and 0.32ns savings (45nm node) for the commercial tool flow, without

degrading congestion.

3. We demonstrate that a similar flow that uses ML models for timing estimation can
also be applied within a commercial tool flow, operating within the constraints of the
information available through the available APIs, to improve the timing prediction

accuracy and DR solution quality.

4. We find that as compared to a traditional flow, with a small increase in runtime
(to perform ML inference), the ML model can improve the mean %error of path
slack from 5.75% to 1.15% in a 45nm testcase, and from 14.91% to 7.61% in a 12nm

testcase.

5. The proposed timing prediction models are assessed to be generalizable with respect
to designs generated with different clock constraints, and can handle small noise in

datasets.
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3.2 Preliminaries

3.2.1 Post-GR and post-DR routing estimates

Timing-driven physical design requires an estimate of the delay of each stage of logic.
This corresponds to the sum of the gate delay and the wire delay, each of which is
dependent on wiring parasitics. To predict circuit timing, post-GR interconnect para-
sitics may be estimated based on the route guides. The estimated RCs for a net are
determined by the length and the topology of the GR-constructed Steiner tree used for
GR and the layer assignments. In this work, we use FastRoute , which performs
precise layer assignment for each route, i.e., the route guides specify the precise layer

for each segment of the Steiner tree.
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Figure 3.4: Differences between the GR guides and post-DR routes of a 5-pin net
from swerv_wrapper 45nm. (a) Route guides in post-GR. (b) Post-DR routes. (c) Net
highlighted in congestion map.

The precise wire routes and wire adjacency relations are available for all nets only af-
ter DR is complete. Therefore, post-DR parasitic extraction provides the exact ground-
truth parasitics for each route. For a 45nm swerv_wrapper layout, the GR and DR so-
lutions for a 5-pin net that lies in a high-congestion region are displayed in Figs. (a)
and (b), respectively. Fig. c) superposes the net over the post-DR congestion map
for the design: the red box shows the region displayed in Figs. (a) and (b), and the
net is highlighted in yellow. It is clear that the DR solution of this net chooses a path
that is significantly different from that specified in GR, and that this is due to limited
available routing resources in the congested region: compared to the GR guides, the DR
solution makes a large detour to either bypass the most congested region or overcome

pin access issues. Due to such differences between the post-GR wire route prediction
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and post-DR wiring topologies of the nets, the timing results based on post-GR. par-

asitics and the ground truth can sometimes be quite different. As a result, GR-stage
timing estimates can be inaccurate. Moreover, depending on factors such as changes
in the Steiner tree, or the coupling capacitances to neighboring wires, post-GR para-
sitic estimation may be pessimistic or optimistic, as seen in Fig. [3.1] This may mislead
post-GR timing optimization steps (e.g., buffering/resizing) into performing incorrect

or inaccurate optimizations.

3.3 DR timing prediction framework

3.3.1 Timing prediction in routing flow

Traditional parasitic extraction flow:

(a)

Detailed routing

Ground-truth flow:

Detailed

routing

Detailed routing

(b)

ML-model-based timing prediction:
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Figure 3.5: Flows that use different parasitic estimates for post-GR timing optimiza-
tions: (a) traditional flow (Steiner tree-based RC estimates), (b) ground-truth (DR
followed by parasitic extraction to determine post-DR parasitics), and (c) our flow (fast
ML engine for post-DR parasitics and timing prediction).

Fig. [3.5(a) highlights a typical routing flow in physical design, where the GR stage
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is followed by timing optimization before the final DR stage. These optimizations rely
on parasitic estimates from route guides, which use Steiner trees to construct an RC
tree network. This results in timing inaccuracy, relative to the final DR timing (see
Fig. . In an ideal flow, shown in Fig.[3.5(b), performing DR and extracting parasitics
would provide accurate timing estimates, but such a flow is impractical due to the high
computational expense of DR.

We propose the use of an ML-based flow to predict post-DR, timing from features
extracted at the post-GR stage in both OpenROAD and a commercial tool flow, as
highlighted in Fig. c). Through fast ML inference, the model can rapidly predict
post-DR timing estimates without performing time-intensive DR. Our framework lever-
ages three XGBoost-based ML models to predict the following three post-DR metrics:
(i) Source-sink wire delay: Our ML model is applied on a per-sink basis, and it
predicts the delay between the driving point and the sink pins. For example, in Fig.
for net C, the model predicts the wire delay between the driving point (pin y of the
driver gate C) and the sink (pin e of gate D). Similarly, it predicts the source-sink delay
between the driver pin y and sink pin f.

(ii) Source-sink wire slew: Our ML model is used to predict post-DR wire slew
at each sink in the design. We predict source-to-sink wire slews, i.e., the difference
in the transition times between the waveforms at the driver pin and at each of the
corresponding sink pins. In Fig. the source-sink wire slew is (¢ — t2), where ¢; is
the transition time at the driving point pin y, and t9 is the transition time at the sink
pin e.

(iii) Wire parasitics: In the OpenROAD flow, our ML model predicts post-DR 7-
model parasitics (R, C1, and Cs, as shown in Fig. . The timing engine uses these
three parameters to estimate Ceg which is used, in turn, to calculate gate delays. For
the commercial flow, the model predicts the post-DR total load capacitance. In the
OpenROAD flow, the predicted wire delay, wire slew and m-model parameters are an-
notated by corresponding commands through Tcl APIs, and the STA engine updates
Cet and gate delays based on the m-model parameters. In the commercial tool flow,
equivalent commands are used to annotate the predicted wire delay and wire slew, and
the parasitics are annotated. However, the available APIs do not expose the m-model
parameters, and therefore, we settle for using the total load capacitance, Cloaq, for
these designs. For reasons described in Section this does not result in significant
inaccuracies in the commercial tool flow.

Together, the above ML models (i)-(iii) estimate post-DR circuit delays with the
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help of an STA engine for annotated delay propagation. The first two models are

directly used to annotate wire delays and wire slews in the timer while the latter is used
indirectly in the timer to calculate Ceog, which is used as Clpaq in (2.1) to compute the
gate delay.

3.3.2 ML engine

All three ML models are implemented using XGBoost [13]. As shown in Section
it is an ensemble learning algorithm based on gradient boosting. XGBoost predicts the
target variable using parallel tree boosting, combining estimates from several models

including gradient-boosted decision trees.

3.3.3 Feature engineering

Input features for source-sink delay and slew prediction models
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Figure 3.6: A route guide for a three-pin net with a source and two sinks. (a) The net
is routed using four wire segments with lengths {1, on M1; I, on M2; I3, on M1; and
l4, on M2. (b) The net traverses two GCells that are 80% blocked by a macro and two
GCells that are 40% blocked and 20% blocked.

We identify the following set of input features that are used to build the ML model
that predicts the source-sink delay and slew of a net. The first set of features described
below are derived on a per-net basis, while another set of features, described later, are
on a per-sink basis.

HPWL: This feature (half-perimeter of the minimum bounding box of the net) is
illustrated by the dashed bounding box in Fig. [3.6(a). It provides a lower bound on the

wirelength.
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Number of sinks: It is well known that for nets with numerous sinks, the HPWL
can be a significant underestimate. Multi-sink nets show larger discrepancies between
post-GR and post-DR wirelengths as they tend to detour and/or have net lengths that
exceed the HPWL, as noted above. We therefore pass this feature, which is extracted
from the gate-level netlist, to the ML model.

Slew at the driving point: The driving point slew indicates the signal strength at the
source pin. This slew is extracted from a timing analysis tool, which uses GR-generated
Steiner tree-based parasitics. The slew at the source pin affects both source-sink wire
delay and the wire slew: a smaller driving point slew leads to a smaller source-sink delay
and slew.

Congestion estimates: As illustrated in Fig. congestion is critical to bridging the
discrepancy between GR and DR. Nets whose GR-generated route guides go through
congested regions tend to detour in DR, for routability, pin access, and DRC-related
reasons. Therefore, congestion estimates are essential for predicting wire detours. As
features, we use both the mean and standard deviation of the congestion in all grid cells
(GCells) in the bounding box of the net as shown in Fig. [3.6]a).

Rise and fall transitions: Since the wire delays and slews are different for the rise
and fall transitions, we encode the switching direction with a binary-encoded feature (0
for rise and 1 for fall).

The above-listed features are on a per-net basis, i.e., identical for all sinks on the
net. Since we predict wire delays and slews on a per-sink basis, we also use the following
sink-specific features:

Source-sink length: The source-sink length is defined as the total length of the wire
segments that connect the driving point to the target sink pin, and is extracted from
the GR-generated route guides. For the example net in Fig. (a), routed in layers M1
and M2, the source-sink length for sinkl1 is defined as (I1 +12+14). Since the source-sink
length is strongly reflected in to the source-sink delay and slews, this is a critical feature
in estimating post-DR wire and slew delays.

Source-sink R, C: These features give the total resistance and capacitance, respec-
tively, between the driving point and the target sink. The total resistance [capacitance]
is the sum of the products of the segment length and the per-unit resistance Ryy; [capaci-
tance Cjy;] of its assigned layer Mi, over all source-to-sink wire segments. In Fig. [3.6{a),
the total resistance to sink1 is ({1 X Rps1 412 X Raro+14 X Rpr2), and the total capacitance
is (I1 X Cpr 4 1lo X Cppo + 1y X Cypo).

Routing blockage due to macros: Since macro blocks squeeze the space available
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for routing, any nets traversing the GCells blocked by macros must detour around these
GCells, with probability that is a function of the degree of blockage; the detouring
resutls in increased wire delay, total wire resistance, and total wire capacitance. As
shown in Fig. [3.6(b), the path from the source to sinkl traverses four GCells that are
blocked by macros: two of these GCells are 80% blocked, one is 40% blocked, and one
is 20% blocked. Due to limited routing resources, it is likely that the wire connecting
source and sink1 will bypass the GCells that are 80% blocked in the final routing result.
The features associated with the macros must capture the variation in GCell blockage
over the regions traversed by a net. This may be achieved in several ways, e.g., (1) using
the mean of the percentage blockage of the GCells in the bounding box of an entire net;
(2) using the maximum percentage blockage of the GCells in a source-to-sink bounding
box; or (3) using the mean of the percentage blockage of the GCells in the bounding
box for a source-sink pair.

However, for a net with multiple sinks, the first option using the mean blocking
percentage of the GCells in the net bounding box can be misleading: it does not es-
timate the macro impact accurately when one source-sink path goes through a highly
blocked GCell (e.g., >80% blocked) but other source-sink paths traverse less blocked or
unblocked GCells. The second option, using the maximum blocking percentage of the
GCells in the source-sink bounding box, could mispredict the wire detour when only a
small number of GCells are largely blocked by macros. Therefore, we base our approach
on the third option, using the mean blocking percentage of all GCells in the source-
sink bounding box, to estimate the impact of macro blockage on the wiring inside the
source-sink bounding box.

Furthermore, we observe that even this approach is imperfect. Notably, a detoured
route may traverse GCells outside of the bounding box, and the macro blockages in
these GCells outside the bounding box will also affect the routing result. Hence, the
average blocking percentage in an expanded bounding box is introduced as a feature
to estimate the macro impact, where the expanded bounding box is scaled by scaling
factor aw > 1 over the source-sink bounding box. Empirically, we find that o = 2 is a
good choice and we therefore use an expanded bounding box with a = 2, i.e., doubling
the length and width of the bounding box, to determine the mean percentage blockage

that is used as a feature in the ML model.
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Input features for the load prediction model

For the ML model that predicts the parameters of the m-model at the driving point
for use with the OpenROAD timer, we use the HPWL, number of sinks, congestion
estimates and macro blockage estimates as features. We use additional features related
to the values of R, C1, and Cy, generated by applying the O’Brien/Savarino model [11]
to the GR-generated Steiner tree. Since the timing engine of the commercial tool uses
Cload instead of Ceg, and does not provide visibility into the parameters R, Cy, and Cs of
the m-model, our best option is to use HPWL, number of sinks, congestion estimates and
macro blockage estimates, along with Cly,q based on the GR result, as model features

for the commercial tool flow.

3.4 Model training and inference in the physical design

flow

3.4.1 Ground-truth data generation and model training

Our ground-truth data is generated using the flow highlighted in Fig. [3.5(b). Since our
experiments are performed in different tool flows, we use both a branch of OpenROAD-
flow-scripts |30] and a commercial flow. The ground-truth data is generated for multiple
designs implemented in two open-source bulk CMOS technologies (a 45nm technol-
ogy [29]) and a 130nm technology [28], and one commercial FInFET technology. All of
the tested designs are summarized in Table

To increase the diversity of our training data set, we run the ground-truth flow
for each design with three different floorplan areas and placement utilization settings.
Different utilization settings result in designs with different levels of congestion and
consequently in nets that have different lengths due to placements and detours. We
extract the features described in Section and their corresponding ground-truth
labels. The training labels for the three ML models are extracted after timing analysis
(corresponding to the green box in Fig. (b)) including the source-sink wire delays,
source-sink wire slews, and load parameters. Each source-sink pair represents a single
data point for the source-sink delay and slew at the sink. For the load capacitance
predictor, each net in the design is a single data point. The training data is normalized
before training; however, in practice we observe that the XGBoost model is not very

sensitive to this normalization and performs adequately using skewed data. The models
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Table 3.2: Summary of designs implemented in 45nm, 12nm, and 130nm technology
nodes.

Design Tech # Nets | Macros
ibex 17566 0
aes 16836 0
jpeg 68247 | 0O
dynamic_node | 45nm | 11598 0
SWerv_wrapper 88490 28
bp_fe 24883 11
bp_be 41973 10
SWerv_wrapper 92787 28
coyote 12nm 272948 | 15
ibex 15307 | 0
aes 15369 0
ipeg 130nm om0
riscv32i 8150 0

for designs with macro blocks and without macro blocks are trained separately. For
designs without macros, our ground-truth dataset contains 456,661 data points in 45nm
technology, 348,429 data points in 12nm technology, and 394,162 data points in 130nm
technology. For designs with macros, our ground-truth dataset contains 880,225 data
points in 45nm, and 643,793 data points in 12nm. The pace of ground-truth data gen-
eration is slow (1 hour per design, on average) but this is a one-time cost per technology
since the trained model can be applied to new designs to rapidly and accurately predict
post-DR parasitics and timing.

The model is trained using root mean squared error (RMSE) as the loss function.
For the XGBoost regressor |13], we use a learning rate 0.01. We choose the maximum
tree depth = 4, the number of estimators = 900, and the subsampling ratio = 0.8. The
hyperparameter values are chosen based on a full search of a discrete grid on the domain
of the hyperparameters: the assignment with the highest score is used for parameter
tuning. We find that the models are not sensitive to small changes in the hyperparameter

values.

3.4.2 ML inference in physical design flow

The trained ML models are applied to the flow shown in Fig. [3.5(c). At the post-GR

phase, the ML model features are extracted from the design data and route guides.
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Then, the features are fed into the three ML models, which perform a fast and accurate
inference to predict source-to-sink wire delays and wire slews, as well as m-model pa-
rameters in OpenROAD or effective load capacitance in the commercial tool flow. The
predicted estimates are annotated via Tcl APIs in the STA engine: load parameters
are used by the timing engine to estimate the gate delay, while the source-sink wire
delays and slews are directly used as the net delays and net transition times. The timer
performs an update to propagate these annotated wire delays and gate delay estimates.
The new ML-predicted timing estimates are used by the timing optimizer to perform
gate resizing and buffer insertions which fix setup, hold, maximum slew, maximum
fanout, and maximum load violations.

As confirmed in our experimental studies (Seciton below), the ML-based infer-
ence flow provides an accurate estimate of post-DR timing without performing time-
intensive DR. These estimates are useful for efficient buffering and resizing, as the

optimizer now has improved knowledge of the truly (post-DR) critical paths.

3.4.3 Feature sensitivity

To demonstrate that each selected feature is indispensable to the model, we perform a
sensitivity analysis for each feature, for each of the four models (wire delay, wire slew,
parasitic R, and parasitic C) from Section . Note that not all models use all features;
therefore, there are missing bars for certain features in the figure. Fig. performs an
ablation study on the set of features, removing one feature at a time and examining
its impact on the accuracy of the ML model for designs with macros. The analysis of
the ML model for designs without macros was conducted in our previous conference
version [40]. For example, for source-sink wire delay prediction, we measure the test
accuracy for wire delay prediction models, each trained by removing one specific feature
at a time. Similar experiments are also performed on the wire slew model, parasitic
R model, and parasitic C model. The y-axes of Figs. [3.7(a)-(c) respectively show the
average of the mean average percentage errors (MAPES) over all 45nm designs without
macros, all 45nm designs with macros, and all 12nm designs with macros. The x-axis
of each figure lists the feature that has been removed. The figure is annotated with an
error bar that shows the maximum and minimum %error across all the designs. We
find that the model has the best test accuracy when all the features are selected. Thus,
each feature contributes to improving the accuracy of the model. For the 12nm model,

which has lower parasitics, the errors approximately double with removal of slew and
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Figure 3.7: Feature sensitivity analysis showing the average mean absolute percentage
error (MAPE) (y-axis), for each removed feature (x-axis), for all 45nm designs and all
12nm designs.
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Figure 3.8: Macro feature sensitivity for wires that have area in a bounding box that
with >80% blockage.

source-sink features, but since the baseline (“None”) is low, the error after removal is
also low. Nevertheless, we keep these features in the model to enable generality.

We further examine the macro feature sensitivity in Fig. for the four ML models.
The x-axis of the figure lists the models trained with the macro features, and the y-axis
highlights the average percentage error of the nets in all 45nm designs and all 12nm
designs. Nets whose expanded bounding box has a large overlap with macro blockages
are much more greatly affected by macro features than those that are more distant. For
these nets, we plot data for source-sink pairs that have 80% of their source-sink bounding
box area blocked by macros. Fig. [3.8] shows that introducing macro features improves
the average absolute %error from (1.87%, 3.24%, 5.58%, 14.90%) to (1.41%, 2.11%,
2.72%, 8.31%) for 45nm designs, where the four percentages correspond to average
absolute %error of the four models in the figure. For 12nm designs, the corresponding
numbers in the average absolute %error show an improvement from (2.17%, 1.21%,
16.56%), 28.90%) to (0.45%, 0.94%, 12.07%, 26.17%).

3.5 Experimental setup and evaluation

Our experiments are performed on benchmarks from OpenROAD across three tech-
nologies: two open technologies, NanGate 45nm [29] and SkyWater 130nm [28], and
one 12nm commercial technology. We perform physical design using two flows: with
OpenROAD and a commercial EDA tool flow. Our target designs fall into two classes:
those without macros (IBEX, AES, JPEG and Dynamic Node in 45nm; IBEX, AES,
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JPEG and RISCV32I in 130nm; and IBEX, AES and JPEG in 12nm) and those with

macros (swerv_wrapper, bp_fe and bp_be in 45nm; and swerv_wrapper and coyote in
12nm). As compared to the preliminary version of this work [40], where the results
were shown only on bulk nodes, we now show results here on a FinFET technology
node; we apply the approach using not only OpenROAD, but also using a commercial
tool flow; and we expand the algorithm to address designs with macros. In addition,
we test the ability of our models to generalize with respect to clock periods by running
inference on unseen designs generated by using different clock constraints, and we also
test the robustness of our models to noise by adding Gaussian noise to training datasets.
As detailed below, these comprehensive experiments confirm the general applicability
of our approach.

The ML models for designs with and without macros are trained separately. In
Table 3.3, we compare the prediction results of one shared model for both designs with
and without macros, versus the results of two separate models for designs with macros
and without macros. For the training of the shared model, we leave out each test design
from all designs in 45nm and use the remaining designs for training. The table shows
that the model trained specifically for designs with macros or designs without macros
has better accuracy than a shared model trained for all designs. We explain this by
observing that macro-induced detours and blockages pose specific challenges due to the
100% blockage and the large sizes of the macros, which cannot be easily captured in the
shared model. Therefore, building separate models is better than using a shared model.
For designs without macros, the models tested on each design are trained using data
from the remaining designs without macros in the same technology. For designs with
macros, we are handicapped by the limited number of available designs: i.e., only three
designs in the 45nm node and two in the 12nm node. Therefore, the models are trained
by using the data from other designs with macros at various utilization settings, and
also from the same design, but for different utilization settings. Thus, even with this
limited dataset, we ensure that the ML model is evaluated for an unseen design having
a different utilization than the set of designs in the training set.

Training and inference for the ML model are implemented in Python 3.6 and per-
formed on a machine with Intel Xeon Silver 4214 CPU @2.2GHz and NVIDIA A100
PClIe 40GB GPU. For the OpenROAD flow, the predicted parasitics, wire delays, and
wire slews are annotated into the timing engine by modifying the OpenROAD [41] and
OpenSTA [42] source code. For the commercial flow, the predicted values are annotated

into the timing engine through available Tcl commands in the commercial tool flow.



36

Table 3.3: Prediction error of the shared ML model, and the separate ML models for
designs with macros and designs without macros in 45nm.

Clock Wire delay ‘Wire slew
Designs . # Macros | ML model (separate) ML Model (shared) ML model (separate) ML Model (shared)

period Mean Max Stdev. | Mean Max Stdev. | Mean Max | Stdev. | Mean Max Stdev.
swerv_wrapper | 2.5ns 28 0.84% | 115.19% | 2.78% | 2.95% | 149.41% | 4.83% | 0.04% | 19.81% | 0.34% | 0.55% | 22.72% | 0.61%
bp_fe 2.2ns 11 0.64% | 19.14% | 0.91% | 2.76% | 32.34% | 2.78% | 0.04% | 4.42% | 0.13% | 0.47% | 6.46% | 0.65%
bp_be 2.8ns 10 2.16% | 34.58% | 3.42% | 2.93% | 48.90% | 3.06% | 0.07% | 9.15% | 0.25% | 0.49% | 8.85% | 0.59%
dynamic_node 1.0ns 0 4.21% | 39.82% | 5.00% | 6.60% | 53.29% | 7.58% | 8.19% | 39.96% | 8.18% | 8.96% | 67.78% | 7.60%
ibex 2.0ns 0 4.30% | 38.38% | 5.99% | 4.93% | 35.33% | 3.54% | 8.94% | 38.32% | 7.35% | 9.561% | 50.48% | 7.06%
aes 0.8ns 0 5.12% | 39.90% | 7.46% | 7.35% | 52.59% | 10.43% | 8.23% | 39.98% | 8.17% | 14.88% | 65.03% | 12.62%
jpeg 1.4ns 0 4.13% | 39.68% | 5.56% | 8.41% | 54.71% | 8.01% | 7.47% | 39.97% | 9.09% | 10.54% | 46.30% | 8.12%

We evaluate our ML-based flow against the traditional (“Trad.”) and ground-truth-
based flows for (i) accuracy, and (ii) impact on post-DR outcomes — worst slack (WS),
total negative slack (TNS), runtime and congestion. To highlight the importance of
incorporating macro-based features, we also compare the results from the new flow,
using a macro-based ML model, to a flow similar to our preliminary work [40], where

the models are trained without macro features.

3.5.1 Model accuracy evaluation

We analyze the accuracy of the ML models at both the net/sink level (the ML model
performs inference on a per-net/per-sink basis) and at the path level. It is critical to
evaluate the predicted timing at both levels, as net-level errors have the potential to

accumulate or cancel during delay propagation.

Net-level accuracy

Table summarizes the metrics for the ML models and the accuracy for 45nm designs
and 12nm designs in both OpenROAD and the commercial tool flow, and 130nm designs
in OpenROAD, evaluated on designs with and without macros. We use the mean,
maximum, and standard deviation of the absolute %error as metrics for evaluation,
where the absolute percentage error is the absolute difference between the ground-truth
and the predicted value with respect to a reference. The references that we use are the
stage delay for evaluating wire delay; the ground-truth sink slew for wire slew; and the
ground-truth labels for parasitics.

The table shows better mean %error and maximum %error metrics for our ML-based
wire delay and wire slew predictions compared to GR Steiner-tree-based estimation from
both OpenROAD and the commercial tool flow for most designs. In general, the ML-

based model shows significant reductions in the %error. In only two cases, denoted
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in red, the error for our approach is worse than the GR-based approach, but we have
verified that these errors are from short nets that have negligible wire delay and small
stage delay, and therefore do not affect the critical path in the circuit.

In some cases in the table, the maximum %error is very large (e.g., over 100% for
swerv_wrapper 45nm). We have confirmed that this error can also be attributed to a
short wire that also has a small stage delay as a reference. Scatter plots of the wire
delay and wire slew comparisons in ns, without normalization, are presented in Fig. (3.9
showing a more complete picture of the match between ML prediction and the ground
truth, relative to the GR-based approach. It can be seen that the match for the ML
predictor is considerably better than for the GR-based approach (even the outlier at the
right of the second plot is significantly closer to the x = y line than for the GR-based
case). Since the large errors are only in cases where the ground-truth wire delay and
wire slew are very small, the path delay is not greatly affected by these errors. From the
table and the scatter plots, it can be seen that the standard deviation of %error from
ML models is also lower, indicating that few nets have larger errors. For our application
of post-GR timing optimization, these accuracy levels are sufficient to realize the benefit
of the ML models.

Source-sink Delay Comparison, 45nm Source-sink Delay Comparison, 45nm
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Figure 3.9: Wire delay and slew comparisons for swerv_wrapper 45nm.
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Figure 3.10: Wirelength distribution of swerv_wrapper 45nm: (a) for a design with
size of 1.20 x 1.09mm? generated in OpenROAD, and (b) for a design with size of
1.18 x 1.18mm? generated in a commercial tool flow.

It is worth noting that the accuracy of the commercial-tool-flow-based flows is gen-
erally lower than that of the OpenROAD-based flow. The reason why OpenROAD
provides better accuracy is because we have visibility into the full m-model, while the
commercial tool API only provides a view of the total Cjoaq. However, the error in the
commercial flow is still acceptable. To examine this further, we show histograms of the
distribution of wirelengths for a representative design, swerv_wrapper in 45nm, under
both flows. Fig.[3.10| shows the number of nets with lengths greater than 100um under
both flows. From the histograms, it is apparent that the designs generated by the com-
mercial flow have fewer long wires as shown in Fig. this can be attributed to lower
utilizations for OpenROAD wis a vis the commercial tool flow. Due to these shorter
wirelengths, the simpler Cj,,q feature is adequate to capture the wire capacitance, and
is supplemented by the source-to-sink wirelength feature that acts as a surrogate for
a wire resistance feature. For the OpenROAD-based flow, with longer wires, we find
that the use of these features results in significant accuracy loss, and that the m-model

features are required to achieve the accuracy levels shown in Table [3.4]

Path-level accuracy

We analyze the accuracy of the predictor in estimating the delays of a sample of paths
in the circuit. These path delays are estimated by annotating the predicted parasitic
values, wire delays, and wire slews into a timing engine. We compare the path slacks
across the traditional flow and the ML-based flow. Specifically, we analyze paths whose

slack is below 40% of the clock period, considering one worst-case path for each endpoint.
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Figure 3.11: Path slack comparison for (a) swerv_wrapper 45nm and (b) coyote 12nm.
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Table 3.5: Impact of ML-based prediction for designs with macros on post-DR metrics
for traditional, ground-truth and ML-based flows in OpenROAD.

. Die size R Post-DR WS (ns) Post-DR TNS (ns) Runtimes (s)
Design Tech (mm?) Utilization Trad ML |ao Ground Trad ML fa0] Ground Trad ML | Ground
2% | based Truth 2% | pased E Truth 2% | based | Truth
WLV WraADDer 1.20x1.09 45.87% -0.14 -0.14 | -0.13 -0.13 -23.45 | -21.96 | -22.78 -22.58 1629 1657 1995
: (‘/LK7*2{P1115’ 1.36x1.20 39.22% -0.20 -0.20 | -0.20 -0.20 -38.40 -37.22 -37.69 -35.03 1601 1630 1881
SRS 1.55x1.34 30.71% -0.24 -0.23 | -0.23 -0.21 -57.22 -43.22 -50.16 -49.16 1588 1613 1898
bp_f 0.78x0.63 43.73% -0.15 -0.10 | -0.13 -0.10 -1.60 -0.95 -1.40 -0.72 700 707 891
(‘LI?);;ZIN 45nm | 0.84x0.68 37.45% 0.01 0.02 0.01 0.02 0.00 0.00 0.00 0.00 619 628 681
T 0.99x0.79 27.09% -0.01 0.02 | -0.01 0.00 -0.01 0.00 -0.03 0.00 598 604 709
bp_b 0.75x0.75 41.82% -0.18 -0.17 | -0.17 -0.15 -9.63 -7.82 -7.92 -6.60 792 798 1217
CLI’(DLQeSni 0.79x0.78 38.30% -0.15 -0.12 | -0.12 -0.10 -10.86 -6.81 -7.76 -4.15 768 774 988
S 0.98x0.92 25.95% -0.09 | -0.07 | -0.09 -0.10 -2.30 -2.10 -2.63 -2.09 622 629 889
SWerv_WIADDer 0.64x0.48 49.08% -0.48 | -0.24 | -0.32 -0.36 -207.68 | -202.39 | -204.37 | -200.55 6041 6060 13861
s CLE*I ;llli 0.70x0.54 39.86% -0.35 | -0.23 | -0.27 -0.33 -364.02 | -343.81 | -347.05 | -337.56 5418 5433 12072
T 120m 0.80x0.64 29.39% -0.21 -0.18 | -0.20 -0.18 -306.18 | -234.98 | -284.44 | -237.94 4846 4865 10900
coyote 0.66x0.66 49.08% -0.02 0.05 0.04 0.09 -0.14 0.00 0.00 0.00 7243 7251 13405
CLK}*S éni 0.75x0.75 35.87% -0.27 | -0.15 | -0.19 -0.14 -24.73 | -12.93 | -20.50 -14.06 6029 6038 10883
T 0.85x0.85 27.91% -0.08 -0.05 | -0.06 -0.04 -1.21 -0.94 -1.04 -0.75 6054 6064 11465

Fig. shows an example of the slack comparison for (a) swerv_wrapper in 45nm
technology and (b) coyote in 12nm technology. The figures on the left show the discrep-
ancy in path slack between GR and DR timing estimates and the figures on the right
show the ML-corrected path slacks versus the post-DR path slacks. With the ML-based
timing correction applied after GR, the post-GR path slacks have a better match with
post-DR slacks.

The last six columns in Table compare the mean, maximum and standard devia-
tion of path delay %errors from the ML model against the %errors from the traditional
flow for multiple designs in both OpenROAD and the commercial tool flow. The mean
path delay %error is defined as the mean of the absolute percentage difference between
the ML-based delays and the post-DR path delays, using the clock constraint for each
design as the (normalization) reference. The traditional flow has a higher mean, maxi-
mum, and standard deviation of %error when compared to the ML-based flow, with just
one exception — the standard deviation of bp_be 45nm in OpenROAD is slightly worse
than with the traditional flow. This indicates that on average the ML-based post-GR
delays correlate better with post-DR delays than the traditional-flow-based delays. The
path delay accuracy is improved by our approach, with the average error reducing from
2.50% to 1.11%. This enables timing optimizations to buffer nets and resize logic gates

on truly critical paths.

3.5.2 Impact on post-DR outcomes

The three ML models are applied to the timing analysis step before post-GR timing

optimization transforms, based on sizing and buffering, in the physical design flow. We
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Table 3.6: Impact of ML-based prediction on post-DR metrics for traditional, ground-
truth and ML-based flows in a commercial tool.

. Die size R Post-DR WS (ns) Post-DR TNS (ns) Runtime(s)
Design Tech mm? Utilization ML | Ground ML | Ground ML | Ground
Trad Trad Trad
8% | based | Truth 2% | based | Truth 2% | based | Truth
verv wranor Li8x1.18 | 48.85% | -0.04 | 0.02 | -0.01 | -0.22 | -0.12 | -0.01 620 | 661 2435
‘CLE‘_VQ ;fs 1.25x1.25 | 40.76% 0.00 | 0.00 0.00 0.00 | 0.00 0.00 501 | 533 1995
- T44x1.44 | 3691% | -0.08 | -0.08 | -0.04 | -0.89 | -0.52 | -0.40 507 | 602 2243
o fo 0.63x0.63 | 50.72% | -0.29 | -0.24 | -0.01 |-10.96 | -8.75 | 0.00 257 | 265 867
CLI;{I 6ns | 45nm [OTOTL [ 4L77% | -031 | -0.05 | 004 | -1L96 | -332 | -0.10 317 | 325 1216
RTLOIS 0.82x0.82 | 30.76% | -0.41 | -0.09 | -0.03 | -14.46 | -1.20 | -0.30 254 | 262 1009
b be 0.66x0.66 | 53.26% | -0.04 | -0.04 | -001 | -2.65 | -1.20 | -0.04 | 401 | 415 1659
CLKEQ Ons 0.74x0.74 | 42.83% | -0.04 | -0.04 | -001 | 235 | -1.01 | -0.03 342 | 356 1445
o 0.85x0.85 | 32.25% | -0.03 | -0.01 | -001 | -1.49 | -0.06 | -0.03 336 | 351 1351
ey wranDer 0.52x0.52 | 46.85% | -0.11 | -0.08 | 001 |-1868 | -5.28 | 0.00 | 2320 | 2346 | 9201
* CGLK;;(}J): 0.58x0.58 | 33.14% 0.18 | 0.10 0.29 0.00 | 0.00 000 | 2126 | 2152 | 8498
~ " | opy | O67x0.67 | 3010% | -0.28 | -0.15 | -018 | -5301 | -40.30 | -47.37 | 2897 | 2923 | 0705
o 0.56x0.56 | 47.87% | -0.09 | -0.01 | 001 | -0.80 | -0.01 | 0.01 | 3455 | 3514 | 13804
CL‘;‘{{‘;ZHS 059x0.59 | 42.64% | -0.15 | -0.05 | -002 | -2.87 | -0.12 | -0.02 | 3986 | 4045 | 15872
- 0.68x0.68 | 38.33% | -0.14 | -0.09 | 0.00 | -L.07 | -048 | 0.00 | 3698 | 3757 | 14715

compare our post-DR outcomes against the flows in Fig. [3.5(a) and (b). Tables
and compare post-DR WS and post-DR, TNS for the four flows applied in Open-
ROAD and in a commercial tool. The ground-truth flow optimizes paths that are critical
as per the DR-based parasitics, while the traditional flow optimizes paths that may or
may not be critical post-DR. For example, Fig. shows a timing path from Open-
STA after DR. At left, we see the post-DR timing path from the traditional flow, and at
right, we list the same path from the ML-based flow. The post-GR timing optimization
does not have an accurate estimation of the path that becomes critical after DR and
hence does not have correct resizing or buffering, while our ML-based flow identifies
this as a critical path during post-GR optimization, and resizes the gate and buffers
the net to ensure that the path has better timing after DR. As a consequence of better
optimization, we improve post-DR WS.

Table compares the post-DR WS and TNS from the ML-based flow and from
the traditional flow, in OpenROAD. Out of 15 designs, the MIL-based flow improves
post-DR WS for 13 designs and improves post-DR TNS for 14 designs as highlighted
in green, indicating effective timing optimization post-GR using the ML model. Of the
remaining cases, “ITrad.” and “ML” achieve the same results. For the cases in bold green,
the post-DR results from the ML-based flow are even better than the results from the
ground-truth-based flow. Based on a detailed analysis of the results, we attribute this to
two reasons. First, the path slack from the ML-based estimation can be pessimistic due
to prediction error; this makes the tool flow optimize delays more aggressively during

post-GR optimization and thus helps improve post-DR. WNS. Second, the routing of



Startpoint: _81642_ (rising edge-triggered flip-flop clocked by CLK)
Endpoint: fe_cmd_o[51] (output port clocked by CLK)

Path Group: CLK
Path Type: max

Startpoint: _81642_ (rising edge-triggered flip-flop clocked by CLK)
Endpoint: fe_cmd_o[51] (output port clocked by CLK)

Path Group: CLK
Path Type: max

Cap Slew Delay Time Description Cap Slew Delay Time  Description
0.0000 0.0000 clock CLK (rise edge) 0.0000 0.0000 clock CLK (rise edge)
0.3078 0.3078 clock network delay (propagated) 0.2804  0.2804 clock network delay (propagated)
0.0238 0.0000 0.3078 ~ _81642_/CK (DFF_X2) 0.0237 0.0000 0.2804 * _81642_/CK (DFF_X2)
14.1420 0.0195 0.1322 0.4399 ~ _81642_/Q (DFF_X2) 14.1118 0.0195 0.1321 0.4126 ~ _81642_/Q (DFF_X2)
0.0195 0.0006 0.4406 * repeater7842/A (BUF_X16) 0.0195 0.0006 0.4132 ~ repeater7842/A (BUF_X16)
59.0805 0.0101 0.0273 0.4678 " repeater7842/Z (BUF_X16) 59.4902 0.0102 0.0274 0.4406 " repeater7842/Z (BUF_X16)
0.0058 0.0003 0.7403 " repeater5814/A (BUF_X4) 0.0057 0.0003 0.7070 ~ repeater5814/A (BUF_X4)
22,7279 0.0151 0.0286 0.7689 " repeater5814/Z (BUF_X4) 26.1237 0.0168 0.0302 0.7372 ~ repeater5814/Z (BUF_X4)
0.0152 0.0019 0.7708 " repeater5813/A (BUF_X4) 0.0170 0.0027 0.7398 " repeater5813/A (BUF_X8)
23.5321 0.0155 0.0325 0.8033 ” repeater5813/Z (BUF_X4) 23.5811 0.0097 0.0268 0.7666 " repeater5813/Z (BUF_X8)
0.0156 0.0020 0.8053 ~ repeater5812/A (BUF_X8) 0.0097 0.0019 0.7685 " repeater5812/A (BUF_X8)
24.1918 0.0098 0.0266 0.8318 ” repeater5812/Z (BUF_X8) 23.9374 0.0097 0.0245 0.7930 ~ repeater5812/Z (BUF_X8)
0.0142 0.0003 1.1063 v _44515_/B (MUX2_X1) 0.0142 0.0003 1.0677 v _44515_/B (MUX2_X1)
1.5798 0.0099 0.0600 1.1663v _44515_/Z (MUX2_X1) 3.0629 0.0114 0.0639 1.1316v_44515_/Z (MUX2_X1)
0.0099 0.0000 1.1663v_44516_/C2 (AOI221_X1) 0.0114 0.0001 1.1317v_44516_/C2 (AOI221_X2)
1.8059 0.0421 0.0547 1.2210 " _44516_/ZN (AOI221_X1) 1.8426 0.0360 0.0482 1.1799 A _44516_/ZN (AOI221_X2)
0.0421 0.0000 1.2210~_44535_/A1 (NAND3_X1) 0.0360 0.0000 1.1800 A _44535_/A1 (NAND3_X1)
3.1779 0.0195 0.0320 1.2530v _44535_/ZN (NAND3_X1) 3.0302 0.0179 0.0298 1.2097 v _44535_/ZN (NAND3_X1)
0.0161 0.0013 1.4471"_45105_/A2 (NAND3_X4) 0.0162 0.0013 1.4030 A _45105_/A2 (NAND3_X4)
12.8435 0.0153 0.0268 1.4739v_45105_/ZN (NAND3_X4) 15.3944 0.0167 0.0287 1.4318v _45105_/ZN (NAND3_X4)
0.0153 0.0005 1.4744 v repeater3042/A (BUF_X4) 0.0167 0.0006 1.4324v repeater3042/A (BUF_X8)
28.7790 0.0101 0.0354 1.5098 v repeater3042/Z (BUF_X4) 28.3560 0.0071 0.0314 1.4637 v repeater3042/Z (BUF_X8)
0.0106 0.0028 1.5127 v repeater3038/A (BUF_X4) 0.0077 0.0032 1.4669 v repeater3038/A (BUF_X4)
31.7838 0.0105 0.0329 1.5456 v repeater3038/Z (BUF_X4) 32.1545 0.0106 0.0316  1.4985 v repeater3038/Z (BUF_X4)
0.0069 0.0005 2.2568v_46427_/B1 (OAI22_X4) 0.0069 0.0005 2.2049v_46427_/B1 (OAI22_X4)
26.8284 0.0531 0.0607 2.3176 " _46427_/ZN (OAI22_X4) 26.8384 0.0533 0.0614  2.2662 " _46427_/ZN (OAI22_X4)
0.0532 0.0065 2.3241 ” outputl1779/A (BUF_X1) 0.0534 0.0057  2.2719 ~ output1779/A (BUF_X2)
1.0893 0.0074 0.0291 2.3532 " output1779/Z (BUF_X1) 1.0229 0.0066 0.0262  2.2982 / output1779/Z (BUF_X2)
0.0074 0.0000 2.3533 A fe_cmd_o[51] (out) 0.0066 0.0000 2.2982 A fe_cmd_o[51] (out)

2.2000 data required time
-2.3533 data arrival time

Figure 3.12: A critical path from bp_be 45nm

-0.1533 slack (VIOLATED)

and from the ML-based flow (right).

2.2000 data required time
-2.2982 data arrival time

-0.0982 slack (VIOLATED)
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after DR, from the traditional flow (left)
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the worst post-DR timing path of the ground-truth-based flow has larger detours than

the routing of the same path in the ML-based flow, which leads to more parasitics and
worse timing, even though the two flows achieve the same buffering and sizing during
post-GR optimization.

Table [3.5] also compares the ML-based flow to the flow proposed in the preliminary
version of this work in [40]. We find that the post-DR WS of 10 designs and the post-DR
TNS of 13 designs are improved by our introduction of new features.

To determine the impact of ML-based post-GR timing optimizations on routability,
we analyze congestion under traditional and ML-based flows. We define a GCell to be
congested if its congestion exceeds a specified threshold. Fig. [3.13 shows the number of
congested GCells in the traditional and ML-based flows, for different thresholds. The
ML-based model does not increase the number of congested GCells (i.e., the traces are
superposed), indicating that it does not impact routability.

The last three columns of Table compare the runtimes of three different flows.
We see that the ML-based flow can leverage prediction of post-DR timing at the cost of a
few tens of seconds, without time-intensive DR. The ML-based flow achieves comparable
solutions to the ground-truth-based flow, with an average speedup of 31.87% over the
ground-truth flow. When compared to the traditional flow, the ML-based flow is only
marginally (0.84%) slower than the traditional flow, which is acceptable as the model

can achieve a quality that is closer to, and sometimes better than, the ground-truth

flow.
swerv_wrapper,Trad. swerv_wrapper,ML-based swerv_wrapper,Trad. +— swerv_wrapper,ML-based
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Figure 3.13: Number of post-DR congested regions in the traditional and ML-based
flows in (a) 45nm designs and (b) 12nm designs.
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Table [3.6] compares the post-DR WS and TNS results from the commercial tool
flow. Out of 15 designs, the ML-based flow improves post-DR WS for 10 designs and
improves post-DR, TNS 13 designs. Four designs have the same post-DR WS in the
traditional flow and the ML-based flow. One design (swerv_wrapper in 12nm) improves
the WS of 0.18ns from the traditional flow to 0.10ns using our approach, with lower
buffering and sizing cost. For post-DR TNS, the ML-based flow shows better results in

13 designs, and the remaining designs do not have path violations.

3.5.3 Generalization to different clock periods
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Figure 3.14: Sensitivity of wire delay models to different clock periods for (from left to
right) swerv_wrapper, bp_fe, bp_be in 45nm, and swerv_wrapper, coyote in 12nm.

In the experiments above, the designs used for training have been implemented at a

single target clock period. We now analyze the ability of our ML models to generalize
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Table 3.7: Mean %error of prediction for designs generated using different clock periods.

Design Tech ;il:i(c:)l:i ML wire delay | GR wire delay | ML wire slew | GR wire slew
2.50ns 0.84% 4.27% 0.04% 0.20%
swerv_wrapper 2.30ns 2.40% 4.50% 0.06% 0.06%
2.10ns 3.35% 5.61% 0.07% 0.09%
2.20ns 0.64% 3.63% 0.04% 0.24%
bp_fe 45nm | 2.00ns 2.91% 3.15% 0.23% 0.31%
1.80ns 2.40% 3.78% 0.16% 0.25%
2.80ns 2.16% 3.00% 0.07% 0.12%
bp_be 2.60ns 2.33% 3.13% 0.12% 0.13%
2.40ns 2.51% 3.70% 0.11% 0.13%
1.20ns 0.87% 4.26% 0.04% 0.70%
swerv_wrapper 1.00ns 1.21% 4.03% 0.12% 0.56%
190m 0.80ns 1.22% 4.79% 0.26% 1.31%
3.20ns 0.60% 3.47% 0.22% 1.97%
coyote 3.00ns 0.75% 3.23% 0.32% 1.99%
2.80ns 0.81% 3.17% 0.31% 1.68%

with respect to unseen designs generated by using different clock periods from the one
used for training. To test the sensitivity of the models to different clock periods, we
implement each design with two more clock periods and extract the input features for
running ML inferences on two unseen designs. Fig. shows the prediction accuracy
for all designs generated using three different clock constraints. Here, the model pre-
sented in Tables and is used for the leftmost clock period. The leftmost clock
period of each plot is used for training, which is also denoted in blue in Table
and the other two clock periods are unseen during the training. The mean %error for
each case is listed in Table In the box-whisker plot, the boxes indicate the 25"
percentile, 50'" percentile (the median, shown by a yellow line), and 75'" percentile of
the prediction error of the traditional method in GR and ML-based method. For the
ML-based method, the box and the median are generally lower than for the traditional
method, indicating that ML models have good ability to generalize with respect to un-
seen designs with different clock constraints. The table summarizes the mean %error
of the prediction for different clock periods, one of which used for training and is high-
lighted in blue. The smaller ML prediction errors for designs in 12nm also indicate that

our models generalize well in 12nm.



47

Table 3.8: Impact of training-stage noise, for various values of the noise standard devi-
ation, on prediction accuracy.

Design Tech Metrics Wire Delvay Wire Slew

Trad. ML ML-Noise(0.01, 0.05, 0.1) Trad. ML ML-Noise(0.01, 0.05, 0.1)

SWerv_wrapper Mean %error 427% 0.84% (1.37%, 1.89%, 2.65%) 0.20% 0.04% (0.09%, 0.20%, 0.33%)
k=2 5ns Max %error 149.41% | 115.19% | (124.90%, 133.41%, 137.82%) | 40.63% | 19.81% | (33.79%, 33.76%, 34.38%)

Std. dev. %error | 7.28% 2.78% (4.34%, 5.24%, 5.73%) 1.22% | 0.34% (0.65%, 0.76%, 0.75%)

bp_fe Mean %error 3.63% 0.64% (1.60%.4 ‘i‘)“(?, T.U(i%)y 0.24% | 0.04% (0.10%, 0.31%, 0.51%)

lk—2 915 45nm Max %crror 15.68% | 19.14% (25.32%, 27.98%, 47.65%) 5.83% | 4.42% (3.70%, 5.36%, 7.35)‘/)

Std. dev. %error | 4.65% 0.91% (1.47%, 4.17%, 7.31%) 0.98% | 0.13% (0.22%, 0.52%, 0.92%)

bp_be Mean %error 300% 2.16% (2.64%, 2.71%, 4.36%) 0.12% | 0.07% (0.08%, l)Al,‘)%, 0.33%)
clk:iSns Max %error 55.64% | 34.58% (31.64%, 39.62%, 47.77%) 10.45% | 9.15% | (14.62%, 18.69%, 25.1)0‘/«,)

Std. dev. %error | 3.88% 3.42% (3.78%, 3.08%, 3.23%) 0.38% | 0.25% (0.44%, 0.62%, 0.91%)

swerv_wrapper Mean %error 4.26% 0.87% (1.03%, 2.73%, 1.89%2 0.70% | 0.04% (0.04%, 0.09%, 0.16%)
elk—1200ps Max %error 44.95% | 22.80% (25.90%, 32.35%, 67.92%) 71.75% | 29.81% | (29.28%, 29.65%, 33.14%)

120m Std. dev. %error | 5.76% 0.93% (0.99%, 2.69%, 5.25%) 3.85% 0.17% (0.18%, 0.22%, 0.32%)

covote Mean %error 3.47% 0.60% (0.68%, 2.34%, 4.16%? 1.97% | 0.22% (0.23%, 0.80%, 1.43%)
clk:Ei?UUps Max %error 39.65% | 26.58% (27.65%, 30.56%, 63.40%) 51.34% | 40.13% | (41.80%, 43.21%, 43.42%)

Std. dev. %error | 4.73% 0.88% (0.91%, 3.10%, 5.87%) 4.51% | 0.62% (0.64%, 1.10%, 1.78%)

Table 3.9: Impact of noise with various standard deviation on post-DR results.

Desien Tech Post-DR WS (ns) Post-DR TNS (ns)
& Trad. | ML-Noise(0, 0.01, 0.05, 0.1) | Ground-truth | Trad. ML-Noise(0, 0.01, 0.05, 0.1) Ground-truth
swerv-wrapper 20.14 | (-0.14, -0.14, -0.14, -0.15) -0.13 2345 | (-21.96, -22.58, -23.52, -26.80) 22.58
clk=2.5ns
bp fo 45nm
g oms 0.15 | (-0.10,-0.14, -0.16, -0.21) 0.10 1.60 (-0.95, -1.40, -1.88, -2.30) 0.72
bp-be 2018 | (-0.17, -0.17, -0.18, -0.18) 0.15 9.63 (-7.82, -7.65, -8.14, -8.77) -6.60
clk=2.8ns : by T TR0, 7H . . .82, -7.65, -8.14, -8. X
swerv_wrapper Yy 002 _ 046, 0.5 L ar . ] i aq 2 o0 2 o ] i
k1200ms | 12nm | 048 | (023, -0.28, -0.46, -0.58) 0.35 207.68 | (-202.38, -207.43,-20.80, -230.48) 200.55
coyote
lk=3200ps 20.02 | (049, 0.47, 0.40, 0.34) 0.86 0.14 (0,0, 0,0) 0.00
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3.5.4 Noise impact on model performance

As there is inherent noise from EDA tools, the data with noise collected from EDA
tools and used in our ML-based flow can affect the DR solution quality. To study the
impact of noise on the model accuracy and DR outcomes from the ML-based flow, we
add Gaussian noise N (0, o) to labels and train the models using the datasets with noise.
A set of o values (0, 0.01, 0.05, 0.1) are selected to evaluate the robustness of the models
to the noise with different standard deviations. We generate noise matrices that have
the same dimension with our training dataset using three different random seeds for
each o value, then add each noise matrix to the training dataset separately. We take
the average value of the three predictions from the models trained by the three different
training datasets as our prediction result. Then, we compare the results from a modified
ML-based flow (where the ML models are replaced by the models trained with noisy
data) to the results from the original ML-based flow.

In Table [3.8] the prediction errors of models trained with noisy data are compared
to the traditional estimation and the prediction from models trained with a dataset
without added noise. According to the results for ¢ = 0.01, ML models can handle the
noise with o = 0.01 value in most cases; the exceptions are maximum %error for wire
delay of bp_fe in 45nm, and maximum and standard deviation of %error for wire slew
of bp_be in 45nm. These are denoted in red, indicating no improvement compared to
the estimation from traditional methods. According to the results for ¢ = 0.05, the
ML models perform better on four out of five designs for both wire delay and wire
delay. However, when ¢ = 0.1, which is approximately equal to the maximum wire
delay and 2x maximum slew in our datasets, the models trained by noisy data cannot
make accurate predictions for most designs.

The impact of noise on post-DR solution quality is summarized in Table We
compare the post-DR results from the ML-based flow using the models trained with
noisy data, to the traditional flow and ground-truth-based flows. The ML-based flow
generates better DR solutions than the traditional flow for all testcases when the noise
has 0 = 0.01. As we increase the o value, the DR results of some testcases denoted in
red are no longer better than the results from the traditional flow, due to inaccurate
timing prediction being used in post-GR timing optimization. For ¢ = 0.05 and o = 0.1,

only two designs out of five designs still see better solutions from the ML-based flow.



49
3.6 Conclusion

We study an ML-based method to predict post-DR timing at the post-route stage. Our
models demonstrate better accuracy of timing and parasitic estimation at the post-GR
stage compared to traditional methods, using both OpenROAD and a commercial tool
flow. Our approach shows improvements in the DR solution quality; it is shown to
be computationally efficient, and does not increase congestion compared to the prior
methods. Moreover, our experimental results show that our models generalize well to
designs generated using unseen clock periods, and that our flow generates better DR

solutions even when models are trained using datasets with noise.



Chapter 4

IR-Aware ECO Timing
Optimization Using

Reinforcement Learning

4.1 Introduction

Tools and flows for power integrity [43] aim to restrict IR drops below a specified
limit, and timing optimization uses gate delay models at this worst-case voltage corner.
However, due to limited wiring resources, in late stages of design, the power grid may
not meet the IR limit exactly, resulting in increased gate delays and timing failures. By
then, the layout is near-final and large perturbations will impede timing closure; only
incremental engineering change order (ECO) optimizations, with minimal placement
perturbation, are allowable to resolve timing. We address the ECO timing optimization
problem to fix timing violations through gate sizing.

Gate sizing for early design stages has been well studied, but there is little work on
ECO for IR-induced timing failures. Gate sizing selects a size for every netlist instance
from a set of choices in the standard cell library, each with different delay/area/power,
and is NP-hard [44]. Early approaches used simple convex models in a space of continu-
ous gate sizes, using sensitivity methods [45], convex programming [46], and Lagrangian
relaxation (LR) [47]. The modern version uses more complex nonconvex delay models
and discrete gate sizes [4§]. ECO-based optimizations in [49,50] do not address the
interaction between IR drop and gate sizing. In [51], ECOs for IR drop are resolved by

50
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moving cells; results show large placement perturbations. Our ECO solution performs
low-perturbation sizing to meet timing and is based on reinforcement learning (RL).

RL has been applied to several chip design problems [52}53]. Prior methods have
tackled the related gate sizing problem at early stages of design, without supply voltage
awareness [54,55]. In [54], RL is applied in a black-box framework, and its solution is
not suitable for ECO optimization; in [55], imitation learning is used rather than RL,
merely accelerating LR methods to explore delay-power Pareto tradeoffs rather than
fully harnessing RL.

Prior RL methods for gate sizing cannot be trivially extended to the ECO problem,
but it is useful to examine their limitations. First, they incur forbidding runtimes
due to the large action and search spaces for optimization. Second, they focus on a
single objective (e.g., minimizing TNS in [54]), rather than the full multi-objective
constrained optimization problem. Using penalty- and weight-based techniques that
combine power, area, and timing into a single loss function requires significant param-
eter tuning per design [56] and is not viable. Third, they use RL as a “black box”
optimizer rather than weaving in prior advances in gate sizing to build a solution that
combines the best of traditional and machine learning (ML)-based solvers.

We overcome the first issue through the very nature of our ECO problem formulation:
the requirement for minimal perturbation to the existing solution naturally results in
action and search spaces of manageable size. To address the second and third issues,
we eschew the black-box approach, and instead, leverage domain- and problem-specific
knowledge, using LR to drive RL by coupling novel RL techniques with essential ideas
from prior LR-based approaches. The use of Lagrange multipliers (LMs) from LR also
provides a natural way to solve constrained optimization problems. The use of problem-
specific insights also addresses the first issue by improving the efficiency of RL, which
is well known to be sample-inefficient [57].

We propose RL-LR-Sizer, coupling deep RL with traditional LR-based techniques
for ECO gate sizing. We iteratively answer one of the following questions in each RL
iteration: (i) Order: “Given a circuit netlist, which gate to operate on (upsize or down-
size)?”, and (ii) Choice: “Given a gate and its local neighborhood, what size to select?”
RL-LR-Sizer uses a relational graph convolutional neural network (R-GCN) as an agent
to solve the order and choice problems. The agent is trained using deep Q learning [58|,
interacting with the environment to maximize a reward. We designate a reward func-
tion that converts the constrained optimization problem into an unconstrained problem

using LMs. The contributions of this work are:
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(1) This is the first work to address ECO sizing for library-based NLDM delay models

under an RI-based framework.

(2) We couple RL with LR-based techniques to train an R-GCN agent to determine
both order and choice. This naturally enables multi-objective optimization, presenting
the first RL formulation for constrained gate sizing. We also leverage problem-specific
knowledge in gate sizing to help RL find better solutions.

(3) Our novel clock update method (Sec. during training enhances model quality
over a range of timing specifications.

(4) We train the RL-LR sizer and use it for inference for ECO changes at multiple tim-
ing specifications across multiple designs. We show (a) a full training flow per design;
(b) zero-shot inference flow using a trained model on an unseen timing specification or

unseen design; and (c) fine tuning flow on a trained model.

4.2 Problem formulation

The ECO problem is encountered late in the design cycle, after place-and-route and
power grid design. Larger-than-expected IR drops result in increased gate delays, and
the circuit fails timing. The ECO step resizes devices to bring the circuit back to tim-
ing specifications. This involves both device upsizing (to improve drive strength) and
downsizing (to reduce the load offered to the previous stage). In principle, upsizing/-
downsizing could change the current load and alter the voltage drop, but empirically,
the change in current load is small, resulting in supply voltage changes (0.001% of a
1.1V supply).

Formally, the objective of IR-aware ECO timing is to minimize the total power of the
design while satisfying performance and electrical constraints after considering post-PD

IR drop. The constrained optimization problem is formulated as:

> icz Powere, (4.1)
subject to — slack;(Vgq:, GND;) <0 VieT

¢; € C; Vi € set of instances 7

where C; is the set of choices for instance ¢ in the library; ¢; € C; is the library cell for
instance i; Power,, is the power consumption of instance 7, computed using a vectorless
approach and including internal, switching, and leakage power; and slack; is the slack

at instance ¢ as a function of post-PD rail voltages, Vyq; and GN D;.
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Problem (4.1) may be solved using penalty functions [59], minimizing a weighted

sum of the objective and the constraint violations.

4.3 RL-LR ECO timing framework

The RL-LR ECO timing framework solves by:

(a) Representing the netlist as a graph with node-level features;

(b) Mapping the sizing problem to an RIL-solvable control problem;

(c) Developing a deep Q-network (DQN) framework, coupled with an LM update strat-
egy, for training the R-GCN model (RL agent).

4.3.1 The circuit netlist as an annotated graph

The circuit netlist is represented as a directed relational graph G = (V, &, R) where
V is a set of all nodes representing the instance in the design, £ is a set of all edges
representing the nets in the design, and R is a set of all possible relation types that
represent the input or output relation of each edge to the node in the graph. We convert
the hyperedges in the circuit to a star representation |[60] where each wire from instance
i to instance j is represented by a edge (v;,7,v;) € € with relation r. The graph
representation of the netlist allows us to solve the gate sizing problem through the use
of deep RL algorithms.

The nodes in the graph are annotated by a list of features (Table , used by
the R-GCN agent that are capable of understanding the relations between nodes to
make decisions. In our work, R-GCNs understand edge directions as the gate delay is
dependent on identifying the driver and loads. R-GCNs accumulate annotated features
from the set of neighbors, N, of instance ¢ under relation » € R. From outgoing
edges and incoming edges, R-GCN aggregates different features from neighbors. The
output load capacitance is only aggregated from outgoing edges, and the input slew
is only aggregated from incoming edges. All other features are aggregated from both
edges. The slack, slew, load and IR voltage drop features help the R-GCN agent make
decisions that meet timing constraints. The instance type feature enables the agent’s

decisions to minimize power and meet timing.
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Table 4.1: List of the annotated features on instance ¢ in G.

Feature Definition

slack; Slack at the output pin.

in_slew; Maximum slew at the input pins.

out_slew; Slew at the output pin.

instance_type Size and type of cell.

load; Capacitive load at the output pin.

ir_voltage; Power supply voltage at th cell with IR drop considerd.

‘:\\_:,\' Gates in the action space O Gates in the state space
B Critical path  [] Negative slack [ Positive slack

Figure 4.1: State and action spaces from the circuit netlist.

4.3.2 Mapping IR-aware gate sizing to RL

We map the sizing problem to a Markov Decision Process (MDP), making sequen-
tial RL-based decisions. We define the following;:

State: The state s; at step t is a subgraph of the annotated graph G that contains all
instances v; that have slack; < 0, or lie within a two-hop neighborhoocﬂ of any instance
with slack; < 0. Unlike , which uses a local embedding of a single independent
instance and its three-hop neighborhood as the state, we use all netlist instances with
negative slack and their neighborhood as the state, letting the RL agent decide which
instances in the state to operate on.

Fig. illustrates the state s; at time step ¢ (on this toy example, s, is a large fraction

LA two-hop neighborhood is sufficient as the timing impact the choice of a gate size has on the netlist
diminishes with the increase in the hops.
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of the circuit, but for a large circuit [des_perf. 21k gates|, s; contains only 0.06% of

the gates). The red instances correspond to gates on the critical path (most negative
slack) after considering IR drop impact, the yellow instances correspond to gates that
also have negative slack (near-critical paths) and the gates in the purple region are
those that belong to the two-hop neighborhood of any instance with slack; < 0 (red
or yellow instances). This state representation provides the RL agent with a global
view of the graph, preventing the optimizer from being stuck within local minima. In
contrast, [48,54155] operate with a single instance (the instance being sized in the current
iteration), and its immediate neighborhood as the state. Mimicking these methods
would provide an RL agent with little local information, leading to local minima.

Action: We define an action as both the order (which gate is selected) and choice
(whether it is upsized or downsized). Instead of using all nodes in the state as the
action space, we prune the space for faster convergence of RL training by creating an

action mask:
x, 1if a is a valid action
Qb(xa) = (4'2)
0  otherwise

The mask constrains the agent to select gates that are on, or within a two-hop
neighborhood of any gate on the critical path. The size of the action space, which is
based on the critical path only, is a small fraction of the state space for large circuits.
The mask also prevents invalid actions, e.g., upsizing a gate at its largest available size.
In Fig. all instances highlighted in dotted circles are within the action space. The
action space size is twice the number of candidate gates, as each gate can be either
upsized or downsized.

Based on the state and action spaces, we set up the gate sizing RL formulation.
However, the action space is large, creating challenges for the already sample-inefficient
RL algorithm [57]. We limit the size of the action space by coupling RL training with
problem-specific knowledge from LR-based gate sizing, as described Section[.4.3
Reward: We use domain-specific knowledge to create the reward function: instead
of using an arbitarily-weighted penalty function to translate to an unconstrained
objective, we leverage prior work on Lagrangian relaxation for gate sizing [48| to create
an unconstrained reward function. Using nonnegative Lagrange multipliers (LMs), A;,

for each slack constraint, we minimize:

L (c,slack) : > ;.7 Powere, + 3 ;7 Lack,i (4.3)
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Node features:

@ Reference node in s; in_slew;

. Aggregationof = /NSRS _ ___ out_slew,
“« incoming node features / o N instance type
L’ Aggregation of O = ~© O load,

x outgoing node features ‘ ‘ C slack;
ir_voltage;

Figure 4.2: R-GCN aggregation from a 3-hop neighborhood.

Ailzslacki) e NS < o x clk
where Lgae; = § 2 TR +eo - (4.4)

Ai(—slack;) otherwise
and A is the vector of A\;s. Here, o and 8 are tunable constants and 3 < 0, ¢ is a small
value to prevent divide-by-zero; clk is the clock period; TNS is the total negative slack;
and c [slack] is a set variable for ¢; [slack;]. We formulate Lg,ck; to provide a higher
importance to the slack component of the Langrangian for slacks near zero.

We will solve the unconstrained Lagrangian relaxation subproblem (LRS) iteratively,
updating the LMs A, as described in Section [1.3] We embed the LRS objective into the
EL reward function:

Ry = L}(c,slack) — L (e, slack) (4.5)

where L (¢, slack) and Lf\H(c, slack) is the value of the LRS-based objective function at
steps t and ¢+ 1, respectively, due to action a;. Since a; changes the size of only one gate,
with every action, we perform an incremental timing update to evaluate L’;\H(c, slack).
RL agent (R-GCN): GCN-based agents that work on a graph create effective repre-
sentations of the circuit that encode features into a meaningful embedding through a
message passing scheme.

The aggregation for the ECO sizing problem is shown in Fig. for the reference
node highlighted in orange, corresponding to the state in Fig. [£.] The relation r in
eq.(2.3)) is the edge direction in our R-GCN. The use of this R-GCN, rather than a GCN,
is critical in capturing the direction of timing flow from input to output of a gate. For
o(.) activation function, we use ReLU. This propagation model is applied to subgraph
s¢ to generate h;(l + 1) in layer [ + 1.

Fig.[4.3]shows the structure of the R-GCN agent, with three R-GCN layers, i.e., each

node aggregates features from a three-hop neighborhood. The first two layers, each of
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64 64 2
[JR-GCN layer [ RelLU Layer [ Valid action mask

Figure 4.3: Structure of the three-layered R-GCN agent.

dimension 64, are followed by ReLLU activation functions. The last layer is fed to the
action mask to generate a valid action that maximizes the reward.

Environment (Env): The environment includes components that interact with the
agent: in our case, this is the inbuilt timing engine that estimates the reward and

updates the graph based on an action.

4.3.3 Application of the R-GCN agent

We apply our R-GCN agent on a post-P&R netlist. Fig. shows the gate sizing
flow and how the R-GCN agent interacts with the environment. Based on the netlist
graph G = (V,&,R), we extract the node-level features to create s; and the action
mask ¢. The R-GCN agent acts on s; to perform action a;. As a consequence of ay,
the environment performs incremental timing analysis, updates the circuit netlist, and
computes R;. A new state is created using the updated netlist and the new features,

and this is repeated until TNS, WNS, and power converge.

4.4 RL model training

4.4.1 Core training strategy

We use a deep-Q network (DQN) training algorithm coupled with an LM update
strategy to train the R-GCN. In the DQN framework, the R-GCN, known as the

Q network (Q(s,a; W)), is an approximator for the best action-value function, Q*(s, a),
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Figure 4.4: Overview of the RL-based ECO gate sizing flow.

to select actions that maximize expected cumulative reward, defined as:
Q*(s,a) =E | R +ymax Q*(s',d'|s,a) (4.6)
a/

This expression obeys the Bellman equation, which is based on the idea that if the
optimal value Q*(s’,a’) in the next time step is known for all possible actions a’ from
state s’, the optimal strategy selects action a' to maximize E[R + vQ*(s’,d’)], where
E(.) is the expected value; future rewards are discounted by 7 per time step ¢.
DQN training: We leverage the DQN training framework described in [58] which
begins by initializing a memory replay buffer of capacity IV, and random initial R-
GCN weights. The training iterates over M episodes, with each episode containing
T timesteps. During each timestep, an action is taken based on an e-greedy policy
strategy where it selects an action from the R-GCN with probability (1 — €) and selects
a random action with probability €. Initially, the training begins with a high value for
€, encouraging the agent to explore the environment, and decays every episode to a
smaller value exploiting the knowledge the agent has gained. We apply the action mask
and select an action from the available valid candidates.

Based on the chosen valid action a;, the environment updates the power and timing

incrementally and computes R;. The transition which includes s;, sty1, a¢, and Ry is
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stored in a replay buffer at each step. The buffer is sampled at every step to extract a
batch of random samples that train the R-GCN policy network. To make training more
stable, the DQN training uses a target network, which keeps a copy of R-GCN weights
to estimate the Q*(s’, a’) value in the Bellman equation. The target network is updated
every C' episodes by copying the weights from the policy network. The R-GCN policy

agent is trained by minimizing the loss function:
Loss(W) = Eg o r [(Es[yls, a] — Q(s,a; W))?] (4.7)

where y = Ey[R + ymaxy Q(s',a/,W)|s,a] uses the target network Q(s',a’,W) to
estimate the discounted future rewards. The target network weights W are fixed when
optimizing the loss function.

Env reset: We use a modified environment reset strategy in comparison to [58]. At
the beginning of each episode, instead of resetting the graph to its original state at
the beginning of the first episode, we reset the graph to the state which has the least
Ly (c, slack) in the previous episode. This allows for faster convergence of the objective

function during training iterations due to guided explorations.

4.4.2 Problem-specific training enhancement

We incorporate gate-sizing-specific optimizations into the general training framework to
enhance the quality of the trained model.

Lagrangian multiplier (LM) update. The use of LMs to determine the relative
weights of the components of the cost function is a crucial problem-specific insight used
in this work. A direct application of RL would use fixed user-defined weights for \;, but
instead, we use LR-based update strategies to drive RL exploration. Specifically, we
embed the following LM update strategy during DQN training, where we update the
values of \; every K steps within an episode: \; = \; X (1 — %). The strategy
penalizes large violations more severely than smaller violations. This update strategy
helps with guided explorations within the action space. When slack; is positive or equal
to zero, we set the corresponding \; to zero.

ECO-based action space reduction. The ECO problem naturally reduces the sizes
of the state and action spaces: given a generally good power grid, it is likely that only
some combinational blocks of the sequential circuit in IR-affected regions will require
ECOs. Only gates in these regions will be part of the RL formulation.

Clock constraint update. The RL framework provides a larger positive reward when
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Figure 4.5: Results of training, showing the convergence of the WNS and TNS.

the goal is met. A naive RL implementation would provide this reward when the timing
specification is met — but for tight constraints, the RL may find it difficult to reach the
specification. To counter this, recognizing that the delay is progressively reduced using
sizing operations, we provide a set of intermediate timing levels as goals that achieve this
larger reward, progressively tightening the goal until the delay reaches the specification.

In the first Mgecqy of M total episodes, the clock constraint decays linearly: at
(initial_delay—target_delay)

the start of each episode, the clock constraint is reduced by

decay ’

where initial_delay is the delay in post-placement and post-PDN synthesis with IR-
drop impact considered and target_delay is the required delay. After Mgecq, episodes,
the clock constraint reduces to target_delay, and is kept unchanged in the remaining
training episodes. We set Mgecqy = 30.

To facilitate transferability across multiple designs and start points, we encapsulate
away design-specific information and clock information into the state variable. We work
with the lambda slack sum, i.e. >, 7 Lgack,; in eq. (4.3), as the loss function, where
the slacks are normalized by clock value set in each episode, instead of absolute delay
values, which may vary from circuit to circuit.

Fig. shows the effectiveness of these approaches in training for circuit wb_conmax.
After M episodes, we see that TNS and WNS have converged. Once trained, the R-GCN
agent (target network) is applied to the circuit netlist (see Section to sequentially

select actions that solve the constrained optimization problem.
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4.5 Evaluation of RL-LR ECO

4.5.1 Experimental setup

221 —— RL-LR ECO Training
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Figure 4.6: Power-delay tradeoff curves for wb_conmax in a 45nm technology, showing
a shift to the right due to IR drop, and the results of our RL-LR ECO approach.

We use Design Compiler to size gate-level netlists under various timing constraints at
the supply voltage corner. We use OpenROAD [41] to place the design, synthesize the
power delivery network, and analyze the static IR drop. An example delay-power curve
for wb_conmax is shown as “Delay w/o IR-drop” in Fig. 4.6, The PDN is built to so
that the maximum IR drop is low (~5mV) or moderate (~10mV) scenarios where delay
degradations can be recovered through ECOs. To quantify delay shifts due to IR drop,
we annotate NLDM entries of each library cell with its delay sensitivity to voltage drop,
and compute circuit delays using the OpenSTA timer. Under IR drop, the delay-power
curve shifts to the right, from the “Delay w/o IR drop” to the “Delay with IR drop”
curve in Fig. -6

The RL-LR ECO timing (training and application) flow is built using Python li-
braries, including PyTorch and DGL [61]. We use SWIG-based Python enablements for
incremental timing analysis, logic gate swap, and pin and cell property from OpenROAD
APIs, which integrates easily into Env for reward computation and state transitions.
OpenROAD eliminates challenges of slow TCL interfaces between commercial tools and
Python environments in [54]. We train the R-GCN agent using the hyperparameters
M =50; N =4000; T =75, v=0.99; « = 10; 5 = —0.1; C = 25; K = 30.

Our testcases are 7 OpenCores benchmarks using an open 45nm technology, with



62
Table 4.2: IR-induced Timing Failures

S Q QN s
> > ¥ © & &> @’
Design N & Q’v&o & QQ} 2 o*\&
b,@%/ é0/ & OQ 660/ . ?ﬁ e
X 4 Q)G"/ o S‘Q
< < <
Target
period (ns) 0. 56 0.47 0.75 0.88 0.59 0.76 0.80
#Instances on failed .
paths (5mV max. IR) 25 36 78 528 492 220 318
f;’::?llgﬁsnnf::eim 129 226 182 1482 2110 1142 1530

2k—26k gates. Table shows the number of instances on paths that fail timing. We
implement multiple flows:
(1) RL-LR ECO Training (Table[4.3)) trains an R-GCN model from scratch, starting
from the initial delay, until the target delay is met.
(2) RL-LR ECO Inference uses a model that is trained across a wide range of timing
constraints to obtain the full delay-power Pareto curve. This training step is applicable
for larger delay reductions than ECO optimizations, but requires more computation
than that for ECO training. Given this trained model, we report:
(a) Inference across Timing Constraints (Inf-TC) (Table shows transferabil-
ity for inference across multiple timing specifications, using a model trained on the same
design.
(b) Inference across Designs (Inf-D) (Table[4.5) demonstrates transferability across
designs, running inference for multiple designs using the model trained with four selected
designs.
(c) Fine Tuning (Table applies inexpensive design-specific fine tuning to the “In-
ference across Designs” model, incrementally updating weights of the pretrained R-GCN
model.
(3) LR Baseline (Tables implements a conventional LR flow [48] against which
the RL methods are compared.

All runtimes are reported on an Intel Xeon Silver 4214 CPU @2.2GHz and NVIDIA
A100 PCIe 40GB GPU.

4.5.2 Optimization and delay-power tradeoffs

As stated earlier, Fig. shows the power-delay tradeoff for the ideal IR drop (“Delay
w/o IR drop”) and the actual IR drop (“Delay with IR drop”) for the circuit wbh_conmax.
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Table 4.3: ECO results for three flows: LR baseline, inference across timing constraints
(Inf-TC), and RL-LR ECO training

Desiens Target | Initial | % Power Overhead Savings Runtime(s) # of Upsize/Downsize
© Delay | Delay RL-LR RL-LR RL-LR
(ns) (ns) LR Inf-TC ECO LR | Inf-TC ECO LR Inf-TC ECO
Training Training Training
des_area 0.56 0.590 | 35.2% | 37.0% 48.8% 82 23 2651 29/0 36/6 27/4
wb_dma 0.47 0.486 | 16.7% | 18.9% 19.7% 47 42 2284 12/0 19/0 18/3
pid_controller 0.75 0.781 | 32.6% | 33.3% 33.7% 58 21 2881 29/2 29/2 20/9
aes_cipher_top | 0.89 0.941 | 8.6% | 13.8% 27.2% 654 153 2305 386/3 | 301/3 291/1
des_perf 0.60 0.632 | 8.3% | 15.6% 12.8% 576 398 2322 491/1 | 393/1 380/5
pci-bridge32 0.75 0.781 | 16.0% | 16.0% 16.2% 92 54 2336 24/1 22/1 23/1
wb_conmax 0.77 0.834 | 11.8% | 39.5% 45.3% 290 242 3193 86/0 78/0 73/0
Average 18.4%  24.9% 29.1% —44.5% +3.3% -7.8%
Maximum 35.2%  39.5% 48.8% —76.6% -22.0% —31.0%

The third curve shows the result of our RL-LR ECO algorithm, which is seen to recover
the delay degradation due to IR drop. To quantify the effectiveness of ECO, we define
a recovery metric: for a specific delay D, we define the power overhead savings of
the RL-LR ECO approach as ﬁgxﬁg((g)):gg::gﬁ%ﬁ%%g)), where “IR,” “RL-LR,” and
“w/o_IR” refer to the three curves in the figure. For example, at D = 0.85ns, 83.3% of

the IR-induced power overhead is recovered.

Table compares the traditional LR baseline, RL-LR ECO Training, and Inf-TC
for the seven benchmark designs under moderate IR drops, for a specified target delay.
The inference model is trained just once and has a training time of 40-70 minutes.
The training cost can be amortized over multiple ECO explorations during late-stage
design, e.g., perturbations to routing, PDN design, or placement; each translates to
altered slack, and is covered by our formulation.

The table shows the initial delay of the circuit, i.e., the delay under the ideal IR
drop; the total power and runtimes for the three approaches; and the number of cell
changes using the LR and RL-LR ECO training methods. At each target delay, the
RL-LR ECO training saves as much or more power than the LR baseline flow, with
29.1% average and 48.8% maximum savings. The inference approach performs slightly
worse than RL-LR ECO training in six testcases, but better in one testcase because
the solution (a sequence of sizing) from RL-LR ECO training flow mixes a few random
actions for exploration purposes during training. All inferences provide solutions of
similar quality to LR baseline, with some improvements.

Table also reports the number of upsized/downsized cells: downsized cells stay

in place and do not require further layout changes, but upsized cells require placement



Table 4.4: Results on multiple clock constraints for wbh_conmax

. % Power Overhead Savings
. Target Delay | Initial Delay
Designs (ns) (ms) IR | mere | RELRECO

Training

0.77 0.834 11.76% | 39.5% 45.3%

0.79 0.858 8.0% 10.3% 12.8%

wb_conmax 0.84 0.886 71.7% | 94.3% 88.8%

0.86 0.917 40.3% | 60.5% 50.2%

0.96 1.0002 71.5% | 95.2% 90.1%

Average 40.7%  60.0% 57.5%

Maximum 71.7%  95.2% 90.1%
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perturbations to remove overlaps. Both Inference and RL-LR ECO training upsize fewer

cells than LR for large designs, thus easing timing closure.
As is typical of RL-based approaches , RL-LR ECO training has very high run-
time as it includes R-GCN training and a reward computation (STA update) during

each training step. The Inf-TC model, with offline training, shows an average of 44.5%

runtime reduction over LR. After one-time training, the trained model can be applied

to any operating period on the delay-power curve.

To demonstrate that the model is transferable across multiple start points within a

design, Table [1.4] presents results for five start points for wb_conmax. The result for the

Inference flow is similar to the RL-LR training from scratch, and better than the LR

baseline.
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Figure 4.7: Power overhead savings for wb_conmax.
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4.5.3 Importance of LR-based weight adaptation

We highlight crucial aspects of the RL-LR ECO optimizer: (i) guided explorations
through LR, and (ii) solving both the gate order and choice (gate size selection) prob-
lems, as defined in Section

Fig. shows power overhead savings for wb_conmax, at different target delays, for
several flows: our trained RL-LR ECO approach, the classical LR baseline, Inf-TC, and
RL-LR with fixed weights, A. Across all target delays, our RL-LR ECO optimizer and
Inf-T'C methods show better savings than the classical LR solution.

To understand the importance of using LMs to determine the relative weights of
the objective function components, dynamically changed during the RL optimization,
we consider the use of fixed \; penalties for the slack term in throughout the
optimization (“RL-LR Fixed A”). This corresponds to a direct application of RL without
problem-specific insights used in our RL-LR method. The fixed-\ overhead has negative
savings at 0.79ns and cannot meet the tight target specification of 0.77ns. Thus, fixed
user-defined \; weights are suboptimal as they predetermine the effort that the optimizer
makes towards meeting each term in the objective function. In contrast, RL-LR ECO
training and Inference flows use an R-GCN agent that dynamically updates the \; values;
both outperform the fixed-\ case. The success of our RL-LR methods is achieved by
running an RL-based solution of the constrained optimization problem, with automated

tuning of the ;s that weight the constraint functions relative to the objective.

4.5.4 Transferability across designs

To train over a transferable model across multiple designs, we select four designs high-
lighted in blue in Table and perform offline RL training. The table shows that
in thirteen testcases, inference (Inference across Designs) using the trained model can
achieve the target delay; “—”
for all testcases under low (<5mV) IR drop, and all but one in the moderate (<10mV)

IR drop regime, as the timing degradation for the former is smaller and easier to fix.

represents an unachievable target delay. The model works

We do not consider high IR drops that would require major changes rather than ECOs.

Since training across designs builds a “common” model for the four designs, the
zero-shot model may fail to meet the target delay of unseen testcases (circuits that are
not blue). If so, we apply inexpensive fine-tuning on the trained model individually for
each testcase, and can then achieve the target timing in all cases. We almost always

have lower power cost than the LR baseline, and much lower runtime than training from
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Table 4.5: Transferability across designs

. Target | Initial | % Power Overhead Savings Runtime(s
IR Drop | Designs Delay | Delay [ LR [ 7 Fine LR In(f-)D ¥
(ns) (ns) | Baseline e Tuning | Baseline | Fine Tuning

des_area 0.56 | 0.568 | 76.4% | 78.7% NA 55 24
wb_dma 0.47 0.475 20.6% | 21.0% NA 39 12
Low pid_controller 0.75 | 0.764 | 51.6% | 51.7% NA 54 20
(<5mV) aes_cipher_top | 0.89 | 0.908 4.3% 16.7% NA 213 121
- des_perf 0.59 | 0.609 | 14.3% | 18.4% NA 514 142
pci_bridge32 0.75 0.772 24.2% | 24.5% NA 185 108
wb_conmax 0.77 | 0.829 | 21.6% | 23.8% NA 274 120
des_area 0.56 0.590 35.2% | 45.7% NA 82 36
wb_dma 0.47 0.486 16.7% 19.1% NA 47 33
pid_controller 0.75 0.781 32.6% | 33.7% NA 58 19

Moderate —

(<10mV) aes_cipher_top | 0.89 | 0.941 8.6% | 29.8% NA 654 94
des_perf 0.60 0.632 8.3% 11.3% NA 576 175
pci_bridge32 0.75 0.781 16.0% 16.2% NA 92 15
wb_conmax 0.77 0.834 11.8% - 16.5% 290 37+294=331

Average 24.4%  30.0% -55.7%
Maximum 76.4%  78.7% -85.6%

scratch. Designs that successfully meet their target periods do not need fine tuning,
as shown by “NA.” Our runtime improvement is 55.7% over LR on average. In 13
of 14 testcases, fine-tuning is not needed, and our runtime is better than that for LR
(one testcase is tied). For wb_conmax under moderate IR drop, fine tuning shows
power improvement. The runtime column here shows the sum of Inf-D and fine-tuning

runtimes.

4.6 Conclusion

Our RL-LR ECO method recovers degradations to the power-delay tradeoff curve due
to IR drops. We incorporate problem-specific knowledge into RL-driven gate sizing.
Together with other problem-specific methods, our method shifts the Pareto optimal
front of the power-delay tradeoff curve to the left. Our methods range from a full
training flow per design to zero-shot inference on unseen specifications, as well as a
fine tuning flow on a pretrained model. We believe that our LR-based weight update

strategy is generalizable for solving any constrained optimization problem using RL.



Chapter 5

ML-based AIG Timing Prediction

to Enhance Logic Optimization

5.1 Introduction

As technology scales down to smaller nodes, logic optimization has become more crit-
ical than ever before. Suboptimal logic structures can lead to increased delay, area,
and excessive power consumption. Several techniques for logic structure optimization
have been extensively studied in previous works. Heuristic methods [62] may converge
quickly, but could get stuck in local optima; SAT-based methods [63] [64] perform an
exhaustive search to find optimal solutions but are impractical for optimizing large de-
signs due their high computational cost; simulated annealing (SA) [65,66] is effective in
exploring the global solution space but may be computationally expensive; genetic al-
gorithms [67], based on evolutionary approaches, can be effective for complex problems,
but require more parameters and tuning effort than SA.

In recent years, machine learning (ML) techniques have been applied in logic op-
timization with promising results. In [68], a decision tree-based approach has been
applied to minimize the depth and the number of nodes in an and-inverter graph (AIG)
logic representation. Neural networks have been employed in [69] to choose appropri-
ate logic optimizers for different parts of a circuit for modern designs that consist of
heterogeneous blocks. Other works include [70], which uses long short-term memory
(LSTM) networks to predict design metrics for a given synthesis flow applied on a de-

sign, and [71], which focuses on predicting timing for a given optimization sequence,

67
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but under a limited range of logic transformations. A self-evolving system for synthe-
sis parameter tuning [72] is developed to automate solution space exploration. Logic
optimization has been formulated as a reinforcement learning (RL) problem, as in |73]
(for majority-inverter graphs (MIGs)) and [74] (for AIGs), where RL has been explored
for learning a better sequence of transformations to improve the quality of the design.
In [73], only the depth of MIG is optimized in the proposed flow, while in [74], the
search space only consists of seven primitive transformations and the reward function
only considers the direction of the delay and area change instead of quantifying how
much change each action brings.

A major limitation of these prior approaches is that they utilize proxy metrics, e.g.,
taking the delay to be proportional to the logical depth of the circuit, and incorporate
them into objective functions for optimization. However, proxy delay metrics may not
be well correlated with the post-synthesis delay after technology mapping, and can be
ineffective in optimizing the design. To overcome these limitations of prior methods, this
work studies how logic optimization can be improved by incorporating alternatives to
approximate proxy metrics, to compute the delay in the cost function of a conventional
optimization paradigm. These performance metrics must be computed efficiently to
maintain the ability of logic synthesis to explore the large solution space efficiently, so
that synthesis is scalable to large designs.

In principle, it is possible to integrate the post-mapping delay in the cost function
by performing the full technology mapping step. Our study finds that this can lead to
a design of better quality than the optimization based on proxy metrics, but due to the
high cost of the mapping step, the procedure is not scalable to large designs. Therefore,
we propose an ML-enhanced timing-aware optimization approach to speed up logic
optimization by building a predictor for the circuit delay after technology mapping and
timing analysis. This approach is shown to be fast and capable of achieving optimization
results of similar quality as the ground truth based on post-mapping delay. Our work

makes the following contributions:

1. We show that the correlation between the proxy of maximum delay and post-

mapping maximum delay is poor.

2. We demonstrate that a logic optimization flow driven by post-mapping delay leads

to better outcomes than using proxy metrics, but the runtime can be 20x larger.

3. We propose an ML-enhanced optimization flow that significantly speeds up the
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logic optimization driven by post-mapping delay, while maintaining the quality of

solution, by incorporating ML inference in the cost calculation.
5.2 Background

Pearson correlation coefficient = 0.74
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Figure 5.1: Scatter plot: post-mapping circuit delay vs. the number of AIG levels.

Logic synthesis is a process that turns an abstract specification of desired circuit behav-
ior into a design implementation in terms of logic gates. It involves logic optimization,
technology mapping, and post-mapping optimization. The AIG, which decomposes the
netlist into an elemental network of AND and Inverter functions, is one of most widely-
used initial representations of a netlist, and facilitates the application of structural
optimizations to the circuit. The goal of AIG optimization is to apply a sequence of
transformations to optimize the power performance and area (PPA) of the circuit, while
maintaining the equivalence of the logic to the original specification. Intermediate AIG
optimization steps often rely on proxy metrics to estimate final timing and area of the
circuit: specifically, the node count of the AIG is used to approximate the design area,
and the number of logic levels in the AIG is used to estimate maximum delay. However,
the PPA after logic synthesis, determined by technology mapping and timing analysis
on gate-level netlist, can be inconsistent with the PPA predicted by these proxy metrics.

Thus, the design may not be effectively optimized based on inaccurate PPA estimates.
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Table 5.1: Post-mapping performance for two AIGs with the same number of levels and
nodes

AlIG Level Node | Post-mapping | Post-mapping
Candidate Count Delay (ns) Area (um?)

AIG1 1.75 803.27

AIG2 14 178 1.33 770.74

5.2.1 Limitations of optimizing proxy metrics

As mentioned above, the correlation between number of AIG levels and the correspond-
ing maximum delay after mapping is imperfect. Fig. plots the post-technology-
mapping maximum delay against the number of levels, for a number of AIGs associated
with a multiplier design. From this experiment, we find that the correlation between
maximum delay and the number of AIG levels is only 0.74. Moreover, as seen in the
figure, the best delay after mapping does not correspond to an AIG with the smallest
number of levels. Moreover, another design with fewer AIG levels that the optimal
design has > 1.5x larger delay. These observations indicate that proxy metrics may not
accurately guide the AIG optimization to achieve the “true” optimal design with the
best performance.

These inaccuracies expose another major limitation in the use of AIG-optimization-
based proxy metrics: two AIGs with same node count and level may have significantly
different delay and area at the post-mapping stage. Table shows these metrics for
two representations, AIG1 and AIG2, for the same circuit. An optimizer that uses the
number of levels as a proxy for delay would treat them as the same and randomly choose
one to continue the optimization. This may cause the search to miss a good candidate

and thus lose the opportunity to fully explore the design space.

5.2.2 Performance-driven logic optimization

To resolve the aforementioned issues, we study a performance-driven logic optimiza-
tion flow. Instead of relying on proxy metrics, the exact post-mapping delay and area
are used directly in the cost function to guide AIG optimization, aiming to achieve a
more precise and effective optimization process. To demonstrate the effectiveness of
introducing the post-mapping delay and area, we compare the outcomes of two differ-
ent optimization flows: the baseline flow, which drives logic optimization using proxy

metrics in the cost function, and a ground-truth-based flow, which uses the post-timing



71
delay and area instead of proxy metrics. For a multiplier design, we conducted a hy-
perparameter sweep for these two logic optimization flows to optimize the AIG. We
find that for two AIGs with the same area but from the Pareto-optimal fronts of the
two flows, the delay of the AIGs optimized using the ground-truth-based flow can be
up to 22.7% better than those optimized using the baseline flow. This suggests that
using exact post-mapping delay and area in the optimization process can lead to a more

comprehensive exploration of the design space and result in better delay and area.

B Baseline [ Ground-Truth Flow

Runtime Per lteration (s)

ex68 ex00 ex02 ex16 ex28 ex11 ex08 ex54
(101) (129) (1185) (1737) (1759) (1772) (2138) (2275)

Design (AIG Node Count)

Figure 5.2: Runtime comparison for one iteration in the original logic optimization flow
and the ground-truth-based logic optimization flow. The x-axis shows the name of each
designs, with the number of its AIG nodes in parentheses.

However, ground-truth-based logic optimization requires technology mapping and
STA runs during each iteration of the logic optimization flow, which is computationally
intensive. Such a flow is found to be up to 20x slower, on eight designs from IWLS
benchmarks , as illustrated in Fig. While the runtimes per iteration are relatively
modest, it should be noted that emerging high-quality synthesis approaches, e.g.,
may require tens and thousands of iterations. For small-scale circuits, such as ex00 and
ex68, even for this large number of iterations the runtime for this ground-truth-based
flow may be affordable, and the original flow could be replaced by a ground-truth-

based flow to achieve much better PPA. However, for larger designs, the runtime for
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ground-truth-based optimization becomes prohibitively long.

Thus, it is essential to find an alternative to computing the ground truth delay by
running the mapping and static timing analysis (STA) steps. We propose to build an
ML model to predict post-mapping delay, thereby avoiding the need to run mapping
and STA in every iteration. This is used to develop an ML-enhanced logic optimization
flow in this work, with the aims to achieve AIGs with

comparable quality metrics as ground-truth-based optimization, but with a substan-

tial reduction in runtime.

5.3 Methodology

5.3.1 ML-enhanced logic optimization

Current AIG
Apply randomly selected
transformation
New AIG
b s Y v
; 5 Technology Mapping i Feature Extraction
i Graph Processing : + Gate-level netlist y Feature values
------------ i““"""" i Static Timing Analysis E ML Model Inference
| AIG depth, y Delay, Area  Predicted delay,
1 node count Predicted area
----------------- > Compute reward <
Baseline ML Flow
Ground-Truth
Flow
Reward

Figure 5.3: Three flows for AIG optimization.

Three logic optimization flows discussed in Sec[5.2] are illustrated in Fig. [5.3] From left
to right in the figure:
(1) The baseline flow is the original flow with a graph processing step for AIG op-

timization in which a randomly selected transformation is applied to the AIG at each
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iteration to produce a new AIG. An industry flow that we are familiar with uses 103
combinations of the basic transformations [76] available in ABC [77], from which one
combination is selected in each iteration and applied to the AIG. The depth and the
node count of the new AIG are obtained by processing the graph to evaluate the delay
and area in the reward calculation, which determines whether the new AIG will be
accepted as the start point for the exploration in the next iteration.

(2) The ground-truth-based flow performs the full technology mapping step, followed
by STA, for each new AIG to obtain the post-mapping delay of the mapped gate-level
netlist. These precise metrics are used to compute the cost and guide the optimization
process. While this method provides accurate PPA results, it is computationally ex-
pensive due to the high cost of repeated mapping and STA, and is impractical for large
designs.

(3) Our proposed ML-based flow leverages ML models to predict post-mapping delay
using features extracted from an AIG. Instead of running mapping and STA in each
iteration, a pretrained ML model estimates the delay to guide the optimization, which
aims to speed up the flow with high prediction accuracy. A large design, where the

ground-truth-based flow incurs large runtimes, can greatly benefit from this flow.

5.3.2 Feature engineering

We now enumerate the features used in our approach to drive a decision tree ML model.
In principle, it is possible to use graph neural networks (GNNs), which are good at
analyzing complex data. However, as the number of features for each node in AIG is
limited, GNNs are unable to outperform decision-tree-based models on predicting the
maximum delay of an AIG. Our experiments find that not only is the GNN-based timing
prediction is 2% worse than decision-tree-based model on average across the designs
used in our experiment, but the training cost is also much higher than the lightweight
decision-tree-based model. In the context of AIGs, the features available at each node,
such as fanin, fanout, or logic type, are relatively simple, and do not fully leverage the
strengths of GNNs, and this explains their inability to deliver better performance than
decision tree models. Moreover, the maximum delay of a graph are often dominated by
several long path and is not greatly affected by the remaining paths, which is hard for a
GNN to learn based on its paradigm of message passing. Thus, we choose decision-tree-
based model and extract graph-level features, which is more efficient in learning than

relying on node-to-node interactions in our case, for model training.
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Figure 5.4: Feature extraction in an example AIG. (a) The maximum depth is annotated
for each PO. (b) The fanout of each node is annotated as the weight and the updated
maximum depth is annotated for each PO. (c) The binary-encoded fanout of each node
is annotated as the weight and the updated maximum depth is annotated for each PO.
(d) The subgraph of POL1 is highlighed in blue, and the number of paths is annotated
for each PO.
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The features extracted for each AIG are summarized in Table [5.2] and are based on
an analysis of the sources of timing miscorrelation between AIG depth and the maximum
delay of the mapped netlist. Two primary sources of this miscorrelation are considered
in this work: (a) the path depth change in the mapped netlist compared to the AIG
structure, which impacts the number of stages in the critical path, thus affecting the
overall path delay; and (b) the fanout change after mapping, in which several nodes
in AIG are merged into a large cell, resulting in changes to the fanout of the node
driving these cells, which affects the gate delay and contributes to the miscorrelation.
The features extracted from AIG in this work can be classified into three categories: the
features associated with the critical path, the features related to the fanout distribution,
and the features related to the structural complexity of the subgraph correponding to
each primary output (PO) reflecting how the topology may affect timing after mapping.
Fig. demonstrates how the features are extracted using an example AIG with paths
between three primary inputs (PIs) and three POs. Different types of depth calculation
for PO are shown in Fig. [5.4{(a)-(c), which take the nodes between PO and PI, including
the node for PI and excluding the PO node (which is a gate output). Fig. [5.4(d) shows
an example of subgraph extraction for PO.

The features associated with the critical path include three types of features related
to AIG depth.
aig_nth_long_path_depth: For each PO, the largest depth is obtained by traversing
the graph. Fig. [5.4{a) annotates each PO by listing the maximum depth from a PI. In
our experiments, we take the top n maximum depths among all POs as our features.
The value for parameter n is included in the “Comments” column of Table
aig_nth_weighted_path_depth: The feature takes the impact of fanout into account
on potential critical paths. The fanout of each node is annotated as the weight of the
node, and the graph is traversed to compute the largest depth for each PO with these
weights, i.e., with the fanout considered. The top n weighted depths are then used as
features.
aig_nth_binary_weighted_path_depth: The feature considers the probability of nodes
being merged into large cells during mapping, which can reduce the length of some paths
and reduce delay consequently. Nodes with high fanout have a lower probability of being
merged into a large cell. In our approach, nodes with two or more fanouts are assigned
a weight of 1, while nodes with fewer than two fanouts are given a weight of 0. Then
the largest depth for each PO is updated. The binary weights help model the poten-

tial reduction in path depth after mapping. In our experiments, we empicically set the
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Table 5.2: Features extracted from the AIG

AIG features ’ Comments
number_of_node Number of nodes in AIG
aig_level Level of AIG graph

The n'" max depth of all POs
(n =1,2,3 in experiments)
The n'™ max depth weighted
aig_nth_weighted_path_depth by node fanout of all POs
(n =1,2,3 in experiments)
The n™ max depth weighted by
0 (when the node inputs 2),
1 (when the node inputs = 2) of all POs
(n =1,2,3 in experiments)

aig_nth_long_path_depth

aig_nth_binary_weighted_path_depth

Mean, max, standard deviation,
and sum of the fanout of all nodes
Mean, max, standard deviation,
long_path_fanout_mean, max, std, sum and sum of fanout of nodes
on long path (path_depth = aig_level)

fanout_mean, max, std, sum

num_of_paths ’ Number of paths of each PO (choose top n largest)

parameter n in this path-depth-related feature to 3.
fanout_mean, max, std, sum: For the features related to fanout, high-fanout nodes
are likely to have high load capacitance, which results in large gate delay. Therefore, we
include these features related to the fanout distribution over the graph. These features
quantify the overall fanout distribution throughout the AIG by computing the mean,
maximum, standard deviation, and sum of fanouts for all nodes. If fanout is uneven
across the netlist, with certain regions having much higher fanout than others, the paths
with higher fanout are more likely to dominate the overall delay.
long_path_fanout_mean, max, std, sum: In a similar way, we gain insights into how
fanout distributes at different stages over a long path. If fanout is unevenly distributed
along the path, the large delays at the high-fanout stages will result in large path delay
due to their higher load capacitance.

To capture the complexity of the paths to each PO, the number of paths is considered
by traversing the subgraph of each PO.
number_of_paths: This feature approximates the probability of a PO having multiple
critical and near-critical paths and avoids explicitly enumerating all near-critical paths

which is a computationally expensive step for feature extraction.
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5.3.3 Data generation and model training

We collect data from eight IWLS benchmarks [75] for both training and testing. For
each design, we generate 40,000 unique AIGs by randomly applying a series of logic
transformations available in ABC [77], a widely adopted open-source logic synthesis
framework, to build an initial AIG representation of the design. The maximum de-
lay labels are generated by performing technology mapping and STA under a 130nm
technology [28], using ABC to map each AIG to a standard cell library.

The ML models are implemented using XGBoost |13], an ensemble learning algo-
rithm based on gradient boosting. The model is trained using root mean squared error
(RMSE) as the loss function. The hyperparameter values are chosen based on grid
search. For the XGBoost regressor, we use a learning rate 0.01. We choose the maxi-
mum tree depth = 16, the number of estimators = 5000, and the subsampling ratio =
0.8.

5.4 Experimental setup and results

Our experiments are conducted on eight designs from the IWLS benchmark suite, each
from a different functional category and with more than three POs, minimizing similarity
between designs and ensuring diversity of the data. Designs with fewer than three POs
tend to be simpler and can be handled efficiently without using ML inference, and
are therefore not considered in our experiments. The first three columns in Table
summarize the design names, the number of PIs and POs, the median number of AIG
nodes across 40K generated AIGs for each design, which range from 69 to 2290 nodes;
the precise range for the set of AIGs for each benchmark is shown in the third column of
the table. Four designs are used for model training, and four designs are used for testing
to evaluate the ability of the mode to be generalized to unseen designs. We evaluate the
prediction accuracy of the model across all designs and compare the ML-based SA logic
optimization flow against both the baseline flow and the ground-truth-based flow. The
experiments are conducted based on simulated annealing (SA) paradigm which has been
applied for circuit optimization with ML in [66]. Our models can also be integrated into
other conventional approaches besides SA. In this work, we choose SA considering two
main factors: 1) compared to deterministic algorithms, SA allows to accept temporary
cost-increasing solutions with a certain probability during the search process, allowing

“hill-climbing” that can enable the optimization to potentially find better solutions later;
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Table 5.3: Accuracy of XGBoost model for timing prediction

. Node Mean of Max of Std. of

Design | PI/PO (Slé;ange) % Error %Error % Error
éﬂ EXO00 16/7 69-189 4.24% 29.87% 3.56%
‘2 | EX08 18/5 1828-1448 1.90% 14.05% 1.59%
‘T [EX28 | 17/7 | 129062222 | 1.53% 14.41% 1.36%
& EX68 14/7 62-140 4.23% 33.64% 3.48%
EX02 18/6 848-1522 5.77% 32.52% 4.86%
Lw'; EX11 17/7 1253-2290 5.22% 36.96% 3.90%
H | EX16 16/5 1237-2236 4.50% 36.74% 3.55%
EX54 17/7 1469-3080 4.83% 39.85% 3.87%

Avg. 4.03% | Max 39.85% | Ave. 3.27%

2) The SA implementation allows the designer to customize methods for estimating the
PPA and for tuning the weights for each components in cost function, making it more
versatile in handling complex trade-offs. All runtimes are reported on an AMD EPYC
7B13 CPU @2.3GHz.

5.4.1 Evaluation of model accuracy

Table summarizes the metrics for the ML model and its prediction accuracy across
all designs. The metrics used for evaluation include the mean, maximum, and standard
deviation of the absolute %error as metrics for evaluation, where the absolute %error is
the absolute difference between the ground-truth and the predicted value with respect
to the ground-truth value. The results show that the average prediction error across
all designs is 4.03%, demonstrating good overall accuracy, and the average standard
deviation is 3.27% across the designs, so the prediction for most graphs are within a

small error.

5.4.2 Evaluation of ML-enhanced logic optimization

The three flows described in Section [5.3.1] are applied to the eight IWLS benchmarks
and evaluated in terms of both their quality of solution and runtime. Fig. shows the
optimal AIGs from these three flows. The red dots represent the outcomes from baseline
optimization flow, the black dots represent the outcomes from the ground-truth-based
flow, and the green dots represent the outcomes from the ML-based flow. Each point
on the plot corresponds to an optimal AIG obtained from a specific run of SA logic op-

timization flow with a certain hyperparameter setting. We sweep the hyperparameters
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Table 5.4: Runtime for the three flows

Design Baseline (s) Ground-Truth-flow ML-flow
Mapping+STA (s) | ML Inference (s)
éﬂ EXO00 0.0936 0.3028 0.1118 (-63.08%)
2 | EX08 0.0736 2.3375 0.1967 (-88.79%)
T [EX28 0.0712 1.1966 0.1555 (-85.54%)
& EX68 0.0463 0.1961 0.0166 (-74.05%)
EXO02 0.0670 0.8335 0.1213 (-79.09%)
% | EX11 0.0603 1.5044 0.1575 (-85.59%)
H | EX16 0.0764 1.6131 0.1617 (-85.91%)
EX54 0.0766 1.5320 0.1715 (-84.58%)
Avg. ~80.83%
Max -88.79%
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to obtain an optimal AIG for different flow settings, which involves sweeping relative
weights in cost function and sweep the annealing temperature decay rate. For each
flow, a Pareto-optimal curve is generated and shown in the figure. The green curve for
the ML-based flow is very closed to the black curve for the ground-truth-based flow,
demonstrating that the ML-enhanced approach achieves nearly the same level of quality
in terms of delay and area. Both the green and black curves are significantly better than
the red curve for the baseline optimization flow using conventional proxy metrics, show-
ing that the ML-based and ground-truth-based flows outperform the original approach
in exploring and identifying better designs.

Table 5.4 summarizes the runtime of single iteration of the three different flows. The
runtime for the baseline flow includes the time elapsed for applying AIG transformation,
graph processing to obtain the depth and the node count of the new AIG to evaluate
the cost. The runtime for ground-truth-based flow requires a large additional runtime
overhead for performing technology mapping and STA on the new AIG. In contrast, the
ML-based flow needs a small amount additional runtime for feature extraction and ML
inference on the new AIG, but avoids the costly mapping and STA. The ML-based flow
achieves a significant runtime reduction of 80.83% compared to the ground-truth-based
flow on average and maximum 88.79% reduction across all testcases, while delivering
similar quality of solution. This demonstrates that the ML-enhanced logic optimization
flow can not only maintain high-quality results but also make substantial improvements

on efficiency, which makes it an excellent alternative for larger designs.

5.5 Conclusion

This chapter has proposed an ML-enhanced performance-driven logic optimization flow
that addresses the limitations of conventional logic optimization flow relying on proxy
metric for delay estimation. While a ground-truth-based flow, incorporating exact post-
mapping delay, improves design quality, it significantly increases runtime. Our experi-
mental results show that our approach offers a practical solution for large designs, which

generates design of better quality with small runtime overhead.



Chapter 6

Conclusion

This thesis has addressed critical challenges in physical design , focusing on improving
QoR prediction accuracy, optimization efficiency, and the quality of the design using
ML techniques. We have investigated timing prediction and optimization challenges
at the global routing stage in the absence of detailed routing information. ML-based
models are proposed to bridge the gap between GR-based and post-DR timing esti-
mations, achieving higher accuracy for timing and parasitic predictions. Experimental
evaluations use both open-sourced and commercial tool flows, demonstrating that these
models lead to improved DR outcomes, and our approach are computationally efficient.
Moreover, our experimental results show that our models generalize well to designs
generated using unseen clock periods, and that our flow generates better DR solutions
even when training data are noise (Chapter . After routing has been completed, ECO
optimization is necessary to make the design satisfy the constraints in late design stage
without making larger perturbation, which can be challenging for congested designs.
We contribute an RL-LR ECO method to recover the degradations caused by IR drops.
The problem-specific knowledge has been incorporated into RL-driven gate sizing. To-
gether with other problem-specific methods, our method shifts the Pareto optimal front
of the power-delay tradeoff curve to the left. Our methods range from a full training
flow per design to zero-shot inference on unseen specifications, as well as a fine tuning
flow on a pretrained model (Chapter (4)).

Early design stages are also crucial as they establish the foundation for the entire chip
design process, directly influencing PPA metrics. Good QoR prediction in early stage
ensures efficient exploration of the design space and reduces costly design iterations. We

contribute an ML-enhanced performance-driven logic optimization flow that addresses
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the limitations of conventional logic optimization flow that rely on proxy metrics for
delay estimation in logic synthesis. By incorporating exact post-mapping delay into the
optimization process, the proposed approach is shown to improve design quality. To
save the runtime overhead of ground-truth-based methods, ML models are employed to
predict post-mapping performance metrics efficiently. This offers a practical solution
for large-scale designs, which generates design of comparable quality with small runtime
overhead (Chapter [5)).

In summary, this thesis has contributed multiple novel approaches and demonstrated
how ML can be effectively integrated into circuit design methods to enhance QoR pre-
diction accuracy, optimize design quality, and improve design efficiency, which makes a
step forward in leveraging ML to tackle complex problems in modern IC design with

advanced technology nodes.
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