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Abstract: As CMOS technology continues to scale down, the aging effect—known as negative bias
temperature instability (NBTI)—has become increasingly prominent, gradually emerging as a key
factor affecting device reliability. Accurate aging-aware static timing analysis (STA) at the early design
phase is critical for establishing appropriate timing margins to ensure circuit reliability throughout
the chip lifecycle. However, traditional aging-aware timing analysis methods, typically based on
Simulation Program with Integrated Circuit Emphasis (SPICE) simulations or aging-aware timing
libraries, struggle to balance prediction accuracy with computational cost. In this paper, we propose a
multi-view graph learning framework for path-level aging-aware timing prediction, which combines
the strengths of the spatial–temporal Transformer network (STTN) and graph attention network
(GAT) models to extract the aging timing features of paths from both timing-sensitive and workload-
sensitive perspectives. Experimental results demonstrate that our proposed framework achieves an
average MAPE score of 3.96% and reduces the average MAPE by 5.8 times compared to FFNN and
2.2 times compared to PNA, while maintaining acceptable increases in processing time.

Keywords: aging; NBTI; static timing analysis; graph learning; transformer

1. Introduction

In the process of advanced process to promote the chip feature size miniaturization to
the nanometer level, chip reliability issues are increasingly prominent, which constitutes
a serious test of the long-term stability and operating life of the chip [1]. Among them,
the aging effect is the main cause of chip failure. Aging effect refers to the degradation
of the electrical characteristics of devices in integrated circuits over time. The physical
mechanism of aging effect mainly includes bias temperature instability (BTI), Hot Carrier
Injection (HCI), Time-Dependent Dielectric Breakdown (TDDB), Electromigration (EM)
and Self-heating Effect (SHE) [2,3]. Under advanced technology, negative bias temperature
instability (NBTI) occurring on a P-type Metal-Oxide-Semiconductor (PMOS) has become
the main factor affecting device reliability.

NBTI effect can be divided into two stages, including the stress stage and the recovery
stage. In stress stage, negative bias voltage applied on PMOS (Vgs < 0) can cause the
degradation of the threshold voltage (∆Vth). After the stress is removed (Vgs = 0), the
threshold voltage shift will partially recover to the level before stress injection. Shifted
threshold voltage degrades the delay performance of standard cells, thus increasing the
likelihood of timing violations on critical paths. The degradation of NBTI is influenced by
factors such as voltage, temperature, runtime and workload-related signal probability (SP),
resulting in the non-uniform degradation of path timing. Then, the ranking of critical paths
in the fresh state will change after aging, which is illustrated in Figure 1.

Electronics 2024, 13, 3479. https://doi.org/10.3390/electronics13173479 https://www.mdpi.com/journal/electronics

https://doi.org/10.3390/electronics13173479
https://doi.org/10.3390/electronics13173479
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://doi.org/10.3390/electronics13173479
https://www.mdpi.com/journal/electronics
https://www.mdpi.com/article/10.3390/electronics13173479?type=check_update&version=1


Electronics 2024, 13, 3479 2 of 15

In order to mitigate the NBTI effect on timing closure, circuit designers generally set
targeted timing margins at the early design phase to cover harsh timing scenarios after
aging. Then, finding an optimal margin is significant since excessive margins can result in
performance limitations through over-design, while insufficient margins risk under-design
and potential chip failure [4]. Therefore, accurate aging-aware timing analysis is crucial for
margin evaluation. Conventional aging-aware timing analysis flows based on the SPICE
simulation or the aging-aware gate model cannot achieve high accuracy and efficiency at
the same time [5,6].
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Figure 1. Example of ranking changes in timing paths after aging.

With the advancements in machine learning (ML) technology, ML approaches such
as Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), Bayesian, and prob-
abilistic models have achieved remarkable results in various fields [7–9]. Researchers
are increasingly inclined towards ML approaches in electronic design automation (EDA).
Classical ML algorithm such as Support Vector Machines (SVMs), XGboost and convolu-
tional neural networks (CNNs) have been proven to be effective in tackling EDA tasks
with controllable runtime and great accuracy. Recently, graph learning techniques have
emerged in the public eye due to their powerful ability to handle non-Euclidean data such
as graphs. Several studies have shown that graph learning techniques can be used to solve
complex problems in EDA, such as power estimation, timing prediction and placement
optimization [10–12].

Inspired by existing graph neural network (GNN) applications in EDA, we propose
an aging-aware path timing prediction framework based on multi-view graph learning.
Timing paths are converted into graph form, fusing timing and workload information
as features. We combine the STTN with GAT models to generate critical paths’ joint
representation for aging-aware timing prediction. The main contributions of this paper are
summarized as follows:

• We have implemented an end-to-end aging-aware path time prediction framework based
on multi-view graph learning, achieving a tradeoff between efficiency and accuracy.

• We customize a STTN-GAT model to improve the model’s expressing ability and
reduce the over-smoothing issues.

• The prediction accuracy and runtime of our model has been validated on multiple
industrial designs.

The rest of this paper is organized as follows: Section 2 provides a brief overview of
the prior work, including the NBTI mechanism and aging-aware timing analysis methods.
Section 3 provides the background notions and the utilized learning models as the basis of
our technique. Section 4 details our proposed aging-aware path timing prediction method.
Section 5 presents the experimental setup and results. Section 6 concludes the paper.

2. Related Works

In recent years, many scholars have conducted research on aging-aware timing mod-
eling, which is mainly divided into two categories: aging-aware SPICE simulation and
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aging-aware STA. With the development of machine learning techniques, learning-based
timing prediction methods have received widespread attention.

2.1. Existing Approaches for Aging-Aware Timing Modeling
2.1.1. Aging-Aware SPICE Simulation

The SPICE-based method relies on the transistor reliability model to obtain post-
degradation transistor parameters, which are then back-annotated into the netlist to perform
path-wise SPICE simulation. Although aging-aware SPICE simulation has high accuracy,
the computational costs restrict its application in Very-Large-Scale Integrated Circuits
(VLSI) with millions of instances. Therefore, circuit designers usually perform a SPICE
simulation on a limited number of timing paths and determine the timing margin based
on worst-case principles, which is added to STA for timing closure. However, this method
may introduce over-design and limit the ultimate performance of chips.

2.1.2. Aging-Aware STA

Aging STA is implemented based on an aging-aware gate delay model and STA
tools, which highly improves efficiency and enables full-chip reliability analysis. The
aging-aware standard cell library will be re-characterized based on the traditional two-
dimensional Look-Up Table (LUT), additionally considering aging-related factors [13–15].
However, gate delay degradation can vary significantly because of different mission profiles
and workloads. The aging standard cell library based on a single aging scenario cannot
accurately model the non-uniform degradation of path delay, and realizing timing analysis
across diverse scenarios incurs substantial library characterization overhead. Recently, some
researchers have adopted machine learning-based delay modeling methods to enhance
accuracy performance and scalability [16,17]. In addition, commercial EDA companies
also focus on the aging-aware library characterization. Synopsys’s new-generation library
characterization tool PrimeLib has taken reliability issues into account [18].

2.2. Frontier Machine Learning Techniques for Timing Prediction

Previous efforts have been made to apply machine learning techniques to timing
prediction tasks such as pre-layout, interconnects and aging-aware timing estimation.
Moreover, due to the large amount of topology and sequence information involved in timing
prediction tasks, frontier machine learning algorithms led by GNNs and a Transformer
have shown strong performance. Researchers presents a novel approach to predict path
delays in circuit design by leveraging Transformer networks and residual learning to
account for pre-routing and post-routing discrepancies [19]. In [11], a customized graph
attention network method to estimate net length and timing before cell placement in
integrated circuit design is proposed. In [20], wire timing predictions in large-scale circuit
designs are significantly improved in speed and accuracy through the implementation of
GNNTrans, a graph learning architecture that efficiently captures wire path representations.
In [21], researchers develop a deep edge-featured graph attention network to predict path-
based timing analysis results from graph-based timing analysis results, achieving fast
and accurate timing prediction with reduced pessimism and runtime. In [22], a principal
neighborhood aggregation (PNA)-based reliability assessment framework called GNN4REL
enables designers to perform delay degradation estimation without accessing transistor
models and standard cell libraries. In [23], researchers introduce an innovative aging-aware
critical path selection methodology that employs graph attention networks to accurately
identify critical cells in aged circuits, enhancing the reliability of timing analysis in advanced
technology nodes.

3. Preliminaries
3.1. NBTI Degradation

Significant research has been carried out to build analytical models of NBTI. The
two classic models for explaining the NBTI effect are the Reaction Diffusion (RD) theory
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and the Trapping–Detrapping (TD) theory. Recent studies have demonstrated that the
dynamic process of stress–recovery in NBTI originated from the TD theory, distinct from
the threshold voltage degradation modeled by a power-law in the RD theory, wherein the
TD theory yields a log-law model. The long-term model of dynamic NBTI under TD theory
can be expressed as follows:

∆Vth(t) = ϕ1 · [A + B log(1 + CαTclk)]
1

1− β1β2
+

ϕ2 · [A + B log(1 + C(1− α)Tclk)]
β1

1− β1β2
.

(1)

Here, β1 and β2 can be defined as follows:

β1 = 1− k + log(1 + CαTclk)

k + log(1 + C(t + CαTclk))
, (2)

β2 = 1− k + log(1 + C(1− α)Tclk)

k + log(1 + C(t + CαTclk))
, (3)

where Tclk, α and t are the clock period, the signal probability, and the time, respectively. C
and k are the fitting parameters of the TD theory.

However, the traditional single-stage log-law TD model is only effective in planar
technology; it is no longer able to describe the dynamic behavior of NBTI in the full range
for the latest process nodes such as FinFETs. In [24], a modified TD model is proposed,
suggesting that both fast and slow traps jointly influence the NBTI aging effects in FinFET
technologies. The modified NBTI closed-form model can be expressed as follows:

∆Vth, f ast = M · A1 exp(B1Vg) exp(− Ea1

kBT/q
) log(1 + C · T · DF), (4)

∆Vth,slow = A2 exp(B2Vg) exp(− Ea2

kBT/q
) log(T · DF)n1 , (5)

∆Vth = ∆Vth, f ast + ∆Vth,slow, (6)

where M is the modulation factor, T is the clock period, DF is the equivalent duty factor,
and t is the time.

Currently, several commercial SPICE-based reliability application programing inter-
faces (APIs) have been developed to model NBTI effect, such as MOS Reliability Analysis
(MOSRA) [25] and TSMC Modeling Interface (TMI) [26]. In this work, we will use MOSRA
to conduct transistor NBTI degradation calculation, which is fully compatible with the
HSPICE simulator.

3.2. Graph Neural Networks

In many practical application scenarios, data exists in the form of graphs, such as
social networks, knowledge graphs, molecular structures, etc. These graph data have
complex relationships and interdependence, and traditional neural network architectures
such as convolutional neural networks (CNN) and recurrent neural networks (RNN) are
not suitable for directly processing data in non-Euclidean space. Graph neural networks
(GNNs) are specifically designed to process graph data, and they have achieved great
success in various graph-based learning tasks, such as node classification, link prediction,
graph classification, etc.

Usually, graph data structures are represented by G = (V, E), where V represents the
set of nodes in the graph, and E represents the set of edges in the graph. In this case, vi ∈ V
can be represented as a node, and eij = (vi, vj) ∈ E can be represented as a directed edge of
node vi pointing to node vj. Furthermore, the set of neighboring nodes of node v can be
defined as N(v) = {u ∈ V|(v, u) ∈ E}. If a graph has node attributes, the node attribute
matrix is defined as X ∈ Rn×d, where the eigenvector of node v is represented as xv ∈ Rd;
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Similarly, the edge attribute matrix is defined as Xe ∈ Rm×c, where the eigenvectors of
edge ev, u are represented as xe

v,u ∈ Rc.
The graph convolutional neural network (GCN) is an important branch of graph

neural network architecture, which is a successful extension of the traditional convolutional
neural network for processing graph data, and the core idea is to produce a representation
of the target node by aggregating the features of the target node with its neighboring nodes
for downstream tasks. A message-passing mechanism is the core idea of GCN, allowing
models to propagate and aggregate information through edges between nodes. The general
expression for the message-passing function is as follows:

h(k)v = Uk(h
(k−1)
v , ∑

u∈N(v)
Mk(h

(k−1)
v , h(k−1)

u , xe
vu)), (7)

where h(k)v is the embedding of node v at the kth graph convolutional layer, xe
vu is the

embedding of edge ev,u, and Uk(·) and Mk(·) are functions with learnable parameters. The
existing graph convolutional neural network models, such as GCN, Graph Isomorphism
Network (GIN), and graph attention network (GAT) [1,2], are mostly designed based on
message-passing mechanisms, with differences only in the design of functions such as
Uk(·) and Mk(·).

After exporting the hidden representation of each node, h(k)v can be passed to the
output layer to perform node-level prediction tasks, or to the readout function to perform
graph-level tasks. The readout function generates a representation of the entire graph based
on hidden node representations, typically represented as follows:

hG = R(h(k)v |v ∈ G), (8)

where R(·) represents a function with learnable parameters. The readout function is also
known as graph pooling, and commonly used readout operations include mean, maximum,
and sum.

3.3. Transformer Network

Traditional Natural Language Processing (NLP) algorithms often rely on handcrafted
features and rule-based methods, which can be brittle and difficult to scale. They also strug-
gle with long-range dependencies and complex linguistic phenomena. To address these
limitations, researchers explored deep learning techniques such as RNNs and CNNs. How-
ever, RNNs are computationally expensive and have limited parallelization capabilities,
while CNNs are better suited for tasks that involve local patterns and relationships [27].

The Transformer was introduced as a novel neural network architecture that leverages
self-attention mechanisms to effectively capture long-range dependencies and complex
linguistic phenomena, while also being more computationally efficient and parallelizable
than RNNs [1]. The Transformer encoder consists of several identical layers, each of which
contains two sub-layers: a self-attention layer and a feed-forward neural network (FFNN).
The key component of the Transformer is the self-attention mechanism, which can be
expressed as follows:

Attention(Q, K, V) = softmax
(

QKT
√

dk

)
V, (9)

where Q, K, and V are matrices of query, key, and value vectors, respectively, and dk is
the dimension of the key vectors. Multi-head attention is a variant of the self-attention
mechanism used in the Transformer architecture, which can be expressed as follows:
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MultiHead(Q, K, V) = Concat(head1, . . . , headh)WO

where headi = Attention(QWQ
i , KWK

i , VWV
i ),

(10)

where WQ
i , WK

i , and WV
i are matrices of query, key, and value projections, respectively,

and WO is a matrix of output projections. The second sub-layer is a feed-forward neural
network, which serves as a pointwise non-linear transformation of the embeddings.

4. Aging-Aware Timing Prediction Model
4.1. Overview

Figure 2 shows the implementation process of the aging-aware path timing prediction
model based on multi-scale graph learning. Firstly, considering that the fan-in and fan-out
gates on the path affect its timing degradation, the static path 1-hop subgraph of the path is
constructed, allowing the graph learning process to indirectly encode the features of the tar-
get node’s neighbors. Furthermore, considering the continuous workload sequences loaded
onto the netlist, the signal probability of all ports in the netlist will also change over time.
Therefore, the static path 1-hop subgraph of the path needs to be extended along the time
axis into a dynamic path 1-hop subgraph G1 to capture the aging and timing correlations
between logic gates in both the temporal and spatial dimensions. For the dynamic path
1-hop subgraph, this paper adopts STTN to process the topological structure information
and workload sequence information, capturing the attention coefficients between different
nodes and time steps through the spatial–temporal self-attention mechanism to achieve
effective graph representation. Additionally, the critical path is directly abstracted as a static
path 1-hop subgraph G2, and GAT is used to capture the topological connections between
logic gates on the critical path as well as timing features such as transition time and delay,
supplementing the pre-aging timing information for the STTN model. Finally, the path
timing information encoded by the STTN model and the GAT model is fused through a
gated fusion network, which uses two learnable matrices as weights for the outputs of the
two models, enabling the accurate prediction of the timing path delay changes in circuits
under the NBTI effect.
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Figure 2. The overall process of the aging-aware timing prediction model.

4.2. Spatial–Temporal Transformer Network Design for Workload Features
4.2.1. Graph Representation and Workload Features

In this study, circuit netlists can be parsed and transformed into a graph data structure
G = (V, E), where V is a set of nodes {vi ∈ V} and E is a set of edges {eij ∈ E}. The nodes
represent logic cells, primary inputs (PIs), and primary outputs (POs), while the edges
represent the interconnections between the logic cells.

For circuit netlists in VLSI, directly modeling them as graph data structures for repre-
sentation learning consumes substantial computational resources and carries the risk of
overfitting. Furthermore, considering the time-varying characteristics of aging conditions,
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learning on large-scale dynamic graphs becomes even more challenging. Therefore, a more
efficient subgraph learning strategy is adopted in this paper. By targeting the critical paths
extracted through STA, the original netlist graph is segmented and extracted to obtain a
static path 1-hop subgraph structure based on timing paths. A static path 1-hop subgraph
contains only the paths and the cells directly connected to the cells in the paths, without
considering cells beyond the first hop.

Additionally, considering the impact of time-varying workloads, the static path 1-hop
subgraph is extended to a dynamic path 1-hop subgraph. The proposed dynamic path
1-hop subgraph maintains the topological structure of the static path 1-hop subgraph, but
the node features in the graph change over time.

When performing feature selection for the time-varying workload-sensitive dynamic
path 1-hop subgraph, it is necessary to consider both the timing information within the
subgraph and the aging-related features with dynamic characteristics. These features can
be broadly categorized into transistor-level and cell-level features. As shown in Table 1, a
series of features have been extracted from the circuit’s timing report, gate-level netlist, and
workload files.

Table 1. Original features for dynamic path 1-hop subgraph.

Type Name Description Dimension

Node

cell_func one-hot encoded cell type 8
drive_strength drive strength of cell 1

wst_output_slack worst slack of output pins 1
wst_input_slack worst slack of input pins 1
max_input_slew maximum slew of input pins 1

max_output_slew maximum slew of output pins 1
tot_input_cap total capacitance of input pins 1
input_wst_sp worst signal probability of input pins 1

output_sp signal probability of output pins 1

Global
op_temp operation temperature 1

op_voltage operation voltage 1
op_time operation time range 1

4.2.2. Spatial–Temporal Embedding

When designing spatial–temporal graph models, it is necessary to consider the spa-
tial positions of nodes within the graph and their dynamic changes over time. In the
spatial dimension, attention should be given to the precursor units for signal inputs and
the successor units for signal outputs of the target unit, thereby capturing the positional
information of the nodes. In the temporal dimension, it is important to capture the tempo-
ral variation patterns of nodes to address the time-varying characteristics of workloads.
Laplacian Positional Encodings (LPEs) are employed as spatial embeddings, extending
the positional encoding used for sequence elements in Transformers to graphs [28,29]. The
eigenvectors of the graph Laplacian matrix are utilized as an efficient representation of po-
sitional information in graph data, accommodating the nonlinear positional characteristics
of graph structures. The calculation method for Laplacian eigenvectors is provided in the
following formula:

∆ = I − D−
1
2 AD−

1
2 = UTΛU, (11)

where A is the n× n adjacency matrix, D is the degree matrix, and Λ and U correspond to
the eigenvalues and eigenvectors, respectively. LPEs effectively capture distance-aware
information, meaning that adjacent logic gates exhibit similar positional features, while
distant logic gates have distinct positional features.

Through LPE, spatial embeddings offer static positional representations. Addition-
ally, to capture the dynamic associations between logic gates across time steps, temporal
embeddings are introduced, with each time step being encoded as a learnable vector to
represent temporal positions. These spatial embeddings are then fused with the tempo-
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ral embeddings to create spatial–temporal embeddings, enabling the capture of dynamic
relationships between logic gates over time.

4.2.3. Spatial–Temporal Transformer Model

Algorithm 1 illustrates the process of the spatial–temporal transformer model pro-
posed in this paper. Firstly, in Line 1 of the algorithm, the spatial–temporal attention
layer is configured according to preset parameters. In Line 2, the node feature matrix X
undergoes initial embedding through a Multilayer Perceptron (MLP) layer to obtain the
initial embeddings for the first spatial–temporal attention layer. Lines 3–4 compute the
spatial–temporal embedding.

Next, in Lines 5–6, the algorithm calculates the local spatial–temporal attention co-
efficients for the target node and its 1-hop neighboring nodes in both the time and space
dimensions, meaning it considers only the direct neighbors of the target gate, not all gates in
the entire graph.Futhermore, a learnable adaptive adjacency matrix Aapt is used to enhance
local spatial–temporal attention, requiring no prior knowledge and allowing for end-to-end
training and learning [30]. Its calculation formula is as follows:

Aapt = softmax
(

ReLU(E1ET
2 )
)

, (12)

where E1, E2 ∈ RN×D, E1 represents the original node embeddings, and E2 represents
the target node embeddings. The spatial dependency weights between the original and
target nodes can be obtained through Aapt. To avoid high computational complexity, the
Gumbel–Sigmoid method is used to generate a binary mask b from Aapt to limit node
in-degrees and control the attention computation range. This mask ensures that the revised
adjacency matrix A′apt retains only a limited number of neighbors for each node through
element-wise multiplication.

In Line 7, after computing the final spatial–temporal attention layer, the output node
embeddings are aggregated along the time domain to generate static node embeddings.
Finally, in Line 8, the global mean pooling of the full graph node embeddings is performed,
and these are concatenated with the global graph features fg1 to generate the overall
representation embedding for the dynamic path 1-hop subgraph.

Algorithm 1 Dynamic path 1-hop subgraph overall representation

Input: (1) Input graph: G(V, E), (2) Node feature matrix: X ∈ RN×T×D, (3) Adjacency
matrix: A ∈ RN×N , (4) Number of STTN layers: L, (5) Number of STTN attention
heads: K, (6) Sliding window width: window_width, (7) Historical sequence length: T

Output: Dynamic Path 1-Hop Subgraph overall representation RG1
1: initialize STAttBlock(L, K, T, windowwidth)
2: X←MLP1(X)
3: STE← STEmbedding(SE, TE)
4: STEhis = STE[:, : T]
5: for each net in STAttBlock do

X← net(X,STEhis)
6: end for
7: HS ← Aggregatet(X, T)
8: RG1 ←meanpool(HS)|| fg1
9: return RG1

4.3. Graph Attention Networks Design for Path Timing Features
4.3.1. Graph Representation and Timing Features

Path timing information can serve as supplementary features for aging-sensitive graph
modeling proposed in Section 4.2. In this section, timing paths are selected to construct
static path graph instead of static path 1-hop subgraph, because the graph attention network
itself has the ability to aggregate neighborhood information.
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When performing feature selection for a temporally sensitive path subgraph, the
critical timing path topologies and timing information are retained, as shown in Table 2.

Table 2. Original features for dynamic path 1-hop subgraph.

Type Name Description Dimension

Node

cell_func one-hot encoded cell type 8
drive_strength drive strength of cell 1

in_trans transition time of input pins 1
in_type transition type of input pins 1

out_trans transition time of output pins 1
cell_delay cell delay 1
cell_cap cell load capacitance 1
fanout cell fanout number 1

Global path_delay fresh path delay 1
path_depth path depth 1

4.3.2. Graph Attention Model

The paper aggregates information from the other gates in a 3-hop neighborhood
through three layers of GAT. The implementation process of the GAT layers, as shown in
Figure 3, includes two parts: the calculation of normalized attention coefficients and feature
weighting aggregation.

𝑾ℎ𝑖 𝑾ℎ𝑗  

𝑎  

𝑠𝑜
𝑓
𝑡𝑚

𝑎
𝑥 𝑗

 

𝑎𝑖𝑗  

ℎ1      

ℎ2      

ℎ4      

ℎ3      

ℎ5      

ℎ1
′      

𝑎 13 

𝑎 14 

𝑎 15 

𝑎 11 
𝑎 12 

𝑐𝑜𝑛𝑐𝑎𝑡/𝑎𝑣𝑔 

(a) (b) 

Figure 3. Diagram illustrating the implementation of a graph attention layer. (a) Attention Coefficient
Calculation. (b) Feature Weighted Aggregation.

For a logic gate ci and its 1-hop neighboring logic gate cj, with corresponding node
embeddings hi and hj, the attention score αij is given by:

eij = LeakyReLU(aT [Whi∥Whj]), (13)

αij =
exp(eij)

∑k∈N i exp(eik)
, (14)

where a represents a learnable weight vector, and W denotes a learnable weight matrix.
The new feature vector of the node logic gate ci can be obtained by weighted aggrega-

tion of the features from neighboring nodes:

h′i = σ

(
∑

j∈Ni

αijWhj

)
. (15)



Electronics 2024, 13, 3479 10 of 15

To address the limitations in model expressiveness and stability of single-head atten-
tion in GAT, multi-head attention is introduced. The calculation formula for GAT using K
attention heads in the multi-head attention mechanism can be expressed as:

h′i = ∥K
k=1σ

(
∑

j∈Ni

αijWhj

)
. (16)

After each GAT layer, a Batch Normalization (BN) layer is applied to accelerate the
training process, and the output node embedding matrices from the first two BN layers are
transmitted to the final BN layer via residual connections to reduce overfitting.

Hl+1 = ReLU(BN(GAT(Hl))), (17)

Hl+1
residual = concat(Hl+1, Hl , . . . , H0). (18)

Then, each node’s Hl+1
residual is aggregated through mean pooling, and concatenated

with the global graph features fg2 to produce the graph-level representation RG2.

RG2 =
1
N ∑

v∈V
(hv)∥ fg2. (19)

This representation is subsequently transformed into the final path graph embedding
vector xt containing the timing path information using a fully connected layer.

5. Experimental Result
5.1. Experiment Setup

The dataset generation process for this project was implemented on a Linux server
with a 96-core CPU and 1.5 TB of RAM (Supermicro Storage A+ ASG-1115S-NE316R E3.S,
Nanjing, Jiangsu, China), while the deep learning process was carried out on a Linux server
equipped with a 28-core CPU, four NVIDIA V100 32 GB GPUs, and 256 GB of RAM (H3C
UniServer R5300 G3, Nanjing, Jiangsu, China). The experiment utilized a commercial
16 nm FinFET process for both the standard cell library and the transistor model. To ensure
that the dataset generation closely aligns with real chip operating scenarios, the operating
voltages were set at 0.85 V, 0.9 V, 1.0 V, and 1.1 V. The operating temperatures were selected
as 25 °C, 50 °C, 85 °C, and 125 °C, and the operating times were chosen as 1 year, 3 years,
5 years, and 10 years.

The benchmark circuits used in the experiment include the RISC-V core, FFT processor,
and four OpenCores circuits, namely AC_97, AES_CORE, SYSTEMCDES, and WB_DMA.
The RISC-V circuit uses the open-source Hummingbird E203 from Xilinx, which features
a two-stage pipeline structure, including the Instruction Fetch Unit (IFU) and Execution
Unit (EXU) stages. The FFT processor is a 256-point Fast Fourier Transform circuit design,
implemented using a Radix-4 structure with single-path delay feedback technique, and has
been verified through ASIC. As shown in Table 3, the RISC-V and FFT processors are used
as the training set, representing known circuits, while the other four circuits are used as
the test set, representing unknown circuits. From all the timing paths extracted from the
training set circuits, 80% are randomly selected as training data for model training, and the
remaining 20% of the timing paths are used to evaluate the prediction performance of the
framework on known circuits.

Figure 4 illustrates the dataset generation flow. All circuit designs are synthesized
using Synopsys Design Compiler. The “fresh” timing analysis and transistor level netlists
generation of critical paths are performed by Synopsys PrimeTime. We use Synopsys
Verification Compiler Simulator (VCS) simulator to conduct gate-level simulations with a
specified workload. Based on the output waveforms, we implement cell-by-cell HSPICE
MOSRA simulations to obtain ∆Vth on PMOS transistors. Then, the aging information
is back-annotated into the transistor-level netlists of paths for final aging-aware timing
analysis to generate ground-truth labels.
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Table 3. Testing circuit case statistical information description.

Design #Cells #FFs #Train Paths #Test Paths

Known RISC-V 154,912 9829 10,385 2596
FFT 102,226 9922 11,191 2238

Unknow

AC_97 12,787 2229 0 2129
AES_CORE 16,424 530 0 659

SYSTEMCDES 2258 190 0 445
WB_DMA 4573 611 0 921

RTL DesignsRTL Designs

Gate-level 

Netlist

Workloads

Testbench
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Simulation

Inner-Nodes 

Waveforms

Inner-Nodes 

Waveforms
Cell MOSRA 

Simulation
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Path HSPICE 
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Fresh Timing 
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Information

Operating Stress 
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Graph 

Dataset

Label

Initial  

Feature

Figure 4. General flow for graph dataset generation.

For the training process, our model is trained with a gradient descent optimizer called
Adam with a learning rate of 1× 10−3. We select Mean Squared Error (MSE) as the loss
function of our regression task, represented in the following formula.

MSE =
1
N

N

∑
i=1

(yi − ŷi)
2, (20)

where N is the total number of timing paths in the overall dataset, yi is the predicted result
of our model, ŷi is the ground-truth value.

5.2. Results and Comparison
5.2.1. Ablation Experiment

To validate the impact of each deep learning model on the prediction accuracy within
the overall aging path timing prediction framework, this section conducts individual
verification of the sub-models and quantitatively analyzes their contribution to the overall
model’s prediction accuracy.

Mean absolute percentage error (MAPE) and the coefficient of determination (R2) are
employed as the accuracy evaluation metrics for the deep learning model proposed in this
study. The calculation formula for MAPE and R2 is as follows:

MAPE = 100%× 1
n

n

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣. (21)

R2 = 1− ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 (22)

In time-series forecasting tasks, the dimensional differences in delays between different
paths can vary by up to three orders of magnitude. MAPE is very sensitive to situations
where the actual values are close to zero, which can amplify the model’s performance in
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predicting small values. A smaller MAPE indicates a more accurate prediction performance
by the model. R2 provides a supplementary measurement of the model’s ability to explain
the overall variability in the dataset. It helps in understanding how well the model captures
the inherent structure in the data and its superiority compared to simpler models.

Table 4 presents the comparison of prediction errors for each sub-model on the test
circuit set. Here, Ma represents the sub-model with the STTN module removed, Mb
represents the sub-model with the GAT module removed, Mc represents the sub-model
where the gated fusion mechanism is replaced with a serial connection, Md represents the
model that uses only local spatial–temporal attention without adaptive spatial–temporal
attention, and M represents the complete model.

Table 4. Comparison of prediction errors for each sub-model.

Design R2Score/MAPE (%)
Ma Mb Mc Md M

Known RISC-V 0.846/7.84 0.909/5.12 0.922/5.04 0.942/4.93 0.974/3.90
FFT 0.850/5.87 0.914/4.43 0.938/5.14 0.973/4.67 0.981/4.19

Unknow

AC_97 0.910/6.09 0.916/4.97 0.952/4.92 0.962/4.72 0.992/4.05
AES_CORE 0.811/10.27 0.908/4.83 0.948/3.30 0.968/4.06 0.991/2.61

SYSTEMCDES 0.865/11.48 0.919/5.71 0.909/6.15 0.949/6.06 0.962/5.77
WB_DMA 0.830/9.26 0.916/5.29 0.927/3.84 0.964/3.766 0.986/3.21

Average 0.852/8.468 0.914/5.083 0.933/4.732 0.959/4.701 0.981/3.955

The M model generally exhibits the best accuracy performance across all test circuits,
indicating that each module has a positive impact on the model’s performance. Futhermore,
the MAPE score difference between the Ma sub-model and the complete model is the
largest. Specifically, the M model reduces the average MAPE by 4.513% compared to the
Ma model across all circuits, demonstrating that the STTN model significantly enhances
the overall model’s accuracy by effectively capturing time-varying workloads and path
neighborhood information.

5.2.2. Comparison with Existing Models

In recent years, research on aging-aware timing prediction based on machine learning
has mainly been divided into gate-level aging timing prediction and path-level aging
timing prediction. Reference [16] constructed an aging-aware standard cell timing library
using a deep learning model, replacing the original table lookup and interpolation steps in
the STA process with model predictions. Reference [22] predicted the ratio of path delay
degradation due to aging rather than obtaining the post-aging delay directly and could not
effectively perceive workload information. Therefore, this section compares the accuracy of
the proposed path delay aging prediction model with two aging timing prediction models
based on FFNN [16] and the Principal Neighborhood Aggregation (PNA) graph neural
network [22].

To ensure the fairness of model comparisons, the signal probabilities in the time-
varying load sequences in this paper are averaged using summation, as data samples for
the models in References [16,22], with data labels consistent with the proposed model.

Figure 5 presents a comparison of timing prediction errors for different models on the
known and unknown circuit set. Compared to the FFNN model, the proposed aging path
delay prediction framework reduces MAPE by factors of 4.0 and 6.6 on known circuits, and
by factors of 4.9 to 7.4 on unknown circuits, with an overall reduction in the mean absolute
percentage error by a factor of 5.8. Compared to the PNA model, the proposed aging path
delay prediction framework reduces MAPE by factors of 2.7 and 1.8 on known circuits, and
by factors of 1.8 to 3.6 on unknown circuits, with an overall reduction in the mean absolute
percentage error by a factor of 2.2.
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Figure 5. Timing prediction errors comparison among FFNN, PNA and our work.

Figure 6 presents a comparison of runtime for different models on the known and
unknown circuit set. The runtime of the proposed prediction framework does not differ by
more than an order of magnitude compared to the PNA-based method, indicating that the
proposed model achieves better prediction accuracy while having a slightly longer runtime
than existing methods.
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Figure 6. Runtime comparison between PNA and our work.

6. Conclusions

In this paper, an aging-aware path timing prediction framework is proposed based
on muti-view graph representation learning. Our proposed framework adopts the spatial–
temporal Transformer network and the graph attention network, harnessing the power of
global attention mechanisms to create efficient and insightful timing path representations.
The experimental results demonstrate that our work achieves an average MAPE of 3.96%
on both known and unknown circuits, improving prediction accuracy by 5.8 times and
2.2 times, respectively, compared to existing approaches. Moreover, the runtime is on the
same order of magnitude as methods based on PNA. Our proposed method can enable
circuit designers to achieve more accurate aging-aware path timing prediction in the early
stages of design, effectively reducing the timing margin.

There will be two significant improvements in our future work: first, while this paper
has focused solely on path aging timing prediction, future research could explore how
the prediction results can guide aging-aware optimization processes. Second, this study
has not yet been tested on larger-scale circuits. Moving forward, we will investigate how
techniques such as circuit partitioning can address memory and computational resource
limitations, in order to explore and test the model’s performance on larger-scale circuits.
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