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Abstract—High-speed SRAM arrays are essential for data-
intensive Systems-on-Chip (SoCs). However, accurate timing
characterization of these SRAMs requires transistor-level SPICE
simulations, which are extremely time-consuming due to the large
dimensions and complexity of modern designs. In this work,
we present Graph-SRAM, an efficient graph learning-based
simulation method using waveform propagation. Our approach
models cells and interconnects as heterogeneous graphs and
embeds global switching features, enabling a customized Graph
Neural Network (GNN) to capture structural and functional
patterns in both combinational and sequential circuits. Compared
to HSPICE, Graph-SRAM achieves a significant speedup of
6905.32× while maintaining high accuracy, with an average error
of only 4.28% in predicting path waveforms.

Index Terms—graph neural network, SRAM, SPICE simula-
tion, waveform prediction.

I. INTRODUCTION

SRAM plays a crucial role in modern digital integrated
circuits and SoC designs [1]. Renowned for its high access
speeds and compatibility with standard logic processes, SRAM
serves as the ideal choice for on-chip caches and register
files. As VLSI technology and AI applications advance, these
high-performance SRAM arrays are occupying an increasingly
significant portion of chip area in microprocessors and GPUs
[2], [3]. Due to its wide range of applications, customized
SRAM configurations are frequently adopted to meet strin-
gent performance constraints, and their timing performance
becomes critical for ensuring the overall functionality and
reliability of circuit designs [4]–[6].

Transistor-level SPICE simulations are essential for accu-
rate timing characterization of SRAMs. However, due to the
extremely large scales of modern SRAM designs, simulating
such circuits presents several major challenges:

• High computational cost. The runtime of SPICE sim-
ulations for SRAM circuits increases proportionally to
O(n3), where n denotes the number of bitcells in the
array [7], [8]. For customized SRAM designs, the sim-
ulation process may take several months or even be
impossible, accounting for the majority of the design
time.
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Fig. 1. The impact of interconnects parasitics on SRAM timing performances.

• Significant parasitic effects. Interconnects in large-scale
SRAMs, especially at advanced technology nodes, can
introduce substantial parasitic effects [8], [9] and cause
significant timing degradation, as shown in Fig. 1. Long
wordlines and bitlines contribute considerable resistance
and capacitance (RC) to the read/write paths, further
slowing down the simulation and complicating accurate
analysis.

Traditional methods for accelerating the simulation process
can generally be classified into three categories. The first is the
critical path extraction-based approach [10], [11], where only
the critical path is simulated instead of the whole circuit. A
second category is the fast-SPICE-based method [12], which
employs techniques such as model simplification and matrix
partitioning to reduce simulation time. The third approach in-
volves RC reduction, simplifying the RC networks of intercon-
nects to lower computational complexity [13]. However, these
methods still rely on time-consuming SPICE simulations, and
the simplifications or reductions result in a loss of accuracy.

Recently, Machine Learning (ML) techniques have been
widely adopted in the analysis of SRAMs and in the timing
analysis of integrated circuits. For example, Bayesian Opti-
mization (BO) has been employed for SRAM netlist reduction
and yield optimization [14], [15]. Bouhlila et al. utilize Ex-
treme Gradient Boosting Regressor (XGBR) to analyze SRAM
stability [16], marking the first instance of its application in
this context. Cao et al. employ a Transformer-based framework
that effectively captures long-range delay correlations along a
timing path [17], while Guo et al. develop a graph learning-
based method that overcomes the limited receptive field of
conventional graph models for slack prediction [18]. However,
meeting industrial requirements for SRAMs demands accurate
path waveform prediction, which provides richer information
like slew rates and signal integrity. The methods described



above are not applicable to this type of waveform-level SRAM
analysis.

To tackle the challenges mentioned above, we propose
Graph-SRAM, an efficient graph learning-based SRAM sim-
ulation framework that delivers SPICE-level accuracy. Our
approach is motivated by the observation that SRAMs consist
of a large number of duplicated structures, such as bitcells,
whose transistor-level architectures, together with intercon-
nects, can naturally be represented as graphs. We model local
cells and interconnects as heterogeneous graphs with edge
features. While conventional graph modeling methods struggle
to incorporate sequential elements such as bitcells, Graph-
SRAM overcomes this limitation by embedding global features
related to timing switching behavior into the graph. Graph
Neural Networks (GNNs) are well-suited for learning local
topological patterns in graphs. However, standard GNN archi-
tectures are insufficient for modeling such graphs with rich
information in SRAMs. To this end, we propose a customized
graph learning-based model with an attention mechanism that
enables the model to learn varying relationships between
these circuit components. Furthermore, Graph-SRAM employs
a local-to-global learning approach, enabling it to capture
local circuit behaviors and generalize this knowledge to full-
path prediction by waveform propagation across the entire
SRAM. The main contributions of this work are summarized
as follows:

• We propose an effective heterogeneous graph modeling
approach for SRAM designs, representing both cells and
interconnects as graphs with edge features. By embedding
global features related to timing switching behavior, our
method is applicable to both combinational and sequential
logic circuits.

• We develop a graph learning-based simulation frame-
work, Graph-SRAM, to predict path-level waveforms in
SRAMs. The customized GNN architecture, enhanced
with an attention mechanism, effectively captures local
structural patterns of cells and interconnects. Leveraging
waveform propagation, our approach bridges local learn-
ing with global prediction, enabling accurate path-level
waveform simulation of SRAMs.

• Experimental results show that, the proposed method
achieves a significant speedup of 6905.32× over
HSPICE, while maintaining high accuracy with an av-
erage path waveform prediction error of only 4.28%.
Furthermore, compared to a commercial fast-SPICE tool,
our method achieves nearly the same accuracy while be-
ing 523.54× faster. The model is trained using only 30%
of the total data and demonstrates strong generalization
capability.

The remainder of this paper is organized as follows. Section
II reviews the fundamental of GNNs. Section III details
the proposed framework of Graph-SRAM. The experimental
results are presented and analyzed in Section IV. Finally,
Section V concludes the paper.

II. BACKGROUND

This section provides background on the fundamentals of
GNNs.

GNNs have emerged as a foundational paradigm for pro-
cessing graph-structured data and have proven to be powerful
tools in EDA [19], [20]. Traditional GNNs learn graph em-
beddings through message passing and information updating.
The Graph Attention Network (GAT) [21] introduces an at-
tention mechanism that differentiates the relative importance
of neighboring nodes, thereby enhancing the representational
capacity of graph embeddings. The attention coefficient αij

between node vi and node vj is computed as follows:

αij = softmaxj(a(Whvi ,Whvj )), (1)

where hvi
and hvj

are the embeddings of nodes vi and vj ,
respectively; W is a learnable weight matrix; a denotes the
shared attention mechanism such as a feedforward neural
network; and softmaxj indicates that the softmax operation
is applied over all neighboring nodes vj of node vi. With this
attention mechanism, the node update function at layer l + 1
is given by:

hl+1
vi

= ϕ

 ∑
vj∈Ni

αijWhl
vj

 , (2)

where hl
vi

is the embedding of node vi at layer l, and ϕ
represents the node update function, such as a Multi-Layer
Perceptron (MLP). Here, sum is used as the aggregation
function.

III. PROPOSED GRAPH-SRAM METHOD

To accurately predict the output waveform of a cell follow-
ing an input transition, in addition to the input waveform, two
other essential inputs are needed: the cell’s underlying circuit
structure, and its logical output values immediately before and
after the transition, which is critical for sequential elements
like SRAM bitcells. This section introduces our proposed
method as follows. We first briefly introduce the graph model-
ing of circuit structures. Then, we detail the unique challenges
of waveform prediction in SRAM and our approach to obtain
the logic transition information. The model architecture is then
presented. Finally, we introduce the waveform propagation and
training methodology.

A. Graph Representation for Standard Cells and Interconnects

Integrated circuits naturally exhibit a graph-like structure.
Based on the circuit netlist, a graph G = (V,E) can be built,
where V = {v1, v2, . . . , vn} is the set of nodes and E =
{eij |vi, vj ∈ V } is the set of edges. Different construction
schemes are designed for the standard cells in SRAM and the
interconnects between them, as illustrated in Fig. 2. Graphs of
standard cells are constructed by creating nodes for transistors
and electrical nets. Transistor nodes are characterized by their
physical properties (e.g., channel width, channel length and
number of fins), while net nodes are characterized by their
type (input, output, VDD, GND, and general net) and degree.
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Fig. 2. Graph construction method for cells and interconnects. (a) SPICE-level netlist of a bitcell. (b) Interconnects are modeled using a lumped π-model.
(c) Graph construction of standard cell and interconnect.

Without layout information, we use a lumped-π model to
estimate the RC parasitics on the interconnect line. A node
connecting N cells is modeled as a lumped-π model containing
N capacitors and N-1 resistors, as shown in Figure 2(b).
Resistors and capacitors are then represented as two types of
nodes in graph with their corresponding values as features.
While an approximation model is used here to estimate the
parasitic effect, the proposed method is directly applicable to
the post-layout netlist after parameter extraction without any
adjustment.

After defining nodes, edges in the graph are constructed by
physical connections between nodes and are one-hot encoded
by connection type (e.g., net-to-drain, net-to-source, net-to-
resistor).

Once the graphs for standard cells and interconnects are
built, they are merged into a unified graph based on their
physical connectivity, and the merged graph serves as the
input for training, prediction, and waveform propagation.
Our detailed graph representation method provides the model
with a comprehensive understanding of the circuit’s physical
topology and parasitic effects.

B. Switch-Level Simulation for Logic Transition Information

A key challenge in SRAM waveform prediction is that a
cell’s output waveform is determined not only by its current
input but also by its historical input. A typical SRAM read
path, for instance, involves a signal propagating from a word-
line driver, activating a bitcell’s access transistor, and causing
a voltage change on the bitline. The voltage change is then
amplified and buffered to the output. When a read operation
is executed, the output pattern of a bitcell depends on its
currently stored bit value, that is, the value of the input data
when the last write operation was performed on this bitcell.

To address this, a switch-level simulation can be performed.
The simulation takes the SRAM’s operational inputs and the
logic functions of the standard cells, and calculates the logical

output values of each cell before and after every read or
write operation, denoted as data before and data new. For
a combinational element like an inverter, these values are
obtained by directly inverting its input’s logical transition.
For a sequential element like a bitcell, the algorithm searches
its historical input to determine these two values. Since only
0/1 logical calculations are involved, the simulation time is
negligible. The simulation results are then used to specify the
output transition type in the following waveform prediction,
such as a rising or falling edge.

In addition, sink capacitance has a critical impact on the
output waveform and delay of a standard cell. We approximate
this impact using the cell’s fanout, which is defined as the
number of gates driven by the cell, and can be easily extracted
from the netlist. The fanout is combined with data before
and data new to form the global feature, serving as a crucial
input to our prediction model. By incorporating the cell’s
logic transition information, the model is equipped to handle
memory elements, a critical capability for performing accurate
waveform prediction in SRAM analysis.

C. Graph-SRAM Model Architecture

Based on the constructed graph and our goal to predict
waveforms rather than only delay values, we design and
implement a graph learning model called Graph-SRAM, the
overall architecture of which is shown in Fig. 3. The input
comprises three components: the input waveform, the circuit
graph G = (V,E), and the global feature vector. Three feature
extraction modules are designed to process these inputs:

1) Waveform Feature Extractor: To capture the dynamic
characteristics of the input waveform, a Convolutional Neural
Network (CNN)-based extractor is employed. Multi-channel
convolution is adopted here to learn various patterns in the
waveform and identify key features. The output of the CNN is
flattened and passed through a fully connected layer to produce
the waveform embedding.
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Fig. 3. The architecture of the proposed Graph-SRAM model.

2) Topological Feature Extractor: In this module, the initial
node and edge features of the graph are projected into a
high-dimensional space through linear transformation. These
embedded features are then passed into a two-layer GNN
with an attention mechanism. The GNN layers dynamically
learn the importance of neighboring nodes based on their
connectivity and assign varying attention weights, effectively
aggregating neighborhood information and capturing interac-
tions between devices. To further enhance its ability, edge
features are considered when calculating the attention score,
as follows:

αij = softmaxj(a(Whvi
,Whvj

,Weheij )) (3)

where We is a learnable matrix and heij is the feature of the
edge between nodes vi and vj .

3) Global Feature Extractor: A simple linear transforma-
tion encodes the global features (data before, data new, and
fanout). This module is intentionally kept simple to preserve
the direct and significant impact of these features on the output
waveform.

The embedding vectors from these modules are concate-
nated and passed through a final MLP to predict the output
waveform. This customized architecture allows the model
to holistically process topological, temporal, and logic state-
related information for a precise prediction.

D. Waveform Propagation and Training

When predicting voltage waveforms for an entire path, we
employ a waveform propagation strategy, as shown in Fig. 4.
We build a graph for each standard cell along the path with its
associated interconnect. The predicted output waveform of one
stage is fed as the input for the subsequent stage, continuing
iteratively until the end of the path, with all paths in the design
being processed in parallel. Each waveform is represented
using 11 time points, which correspond to the times at which
the voltage rises or falls to 0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7,

1

model model model

Stage 1 Stage 2 Stage 3

Fig. 4. Waveform propagation for path timing prediction.

0.8, 0.9, and 0.95 of VDD. This scheme allows for a unified
treatment of both rising and falling waveforms.

For training, we use the Adam optimizer with a learning
rate of 0.001 and a batch size of 4096, determined by the
capability of the GPU. The model is trained to minimize the
mean squared error (MSE) between its predictions and the
golden labels generated by HSPICE simulations. The training
process takes 561.65 seconds.

IV. EXPERIMENTS

A. Experiment Setup

To evaluate the performance of our proposed method across
various SRAM sizes, we generated a dataset of 150 circuit
netlists incorporating SRAM arrays of varying sizes. The
numbers of rows and columns of the SRAMs were randomly
sampled from the ranges of 128 to 256 and 32 to 64,
respectively. Buffers with different MOSFET parameters (e.g.,
channel width, number of fins) were applied in different
SRAM circuits to allow the model to learn the effects of
transistor parameter changes. The designs were implemented
using the ASAP 7nm FinFET PDK [22]. For each netlist,
RC load networks were established for the interconnects as
previously described.

An 8-cycle transient simulation was performed in HSPICE
for each SRAM circuit, involving access to two distinct



TABLE I
RESULTS OF GRAPH-SRAM, FAST-SPICE AND HSPICE SIMULATIONS ON TEST NETLISTS

Method
Cell Error Path Error

Time(s) Normalized TimeWaveform Delay Waveform Read Delay Write Delay
MAE
(ps)

MARE
(%)

MAE
(ps)

MARE
(%)

MAE
(ps)

MARE
(%)

MAE
(ps)

MARE
(%)

MAE
(ps)

MARE
(%)

Graph-SRAM 1.50 3.09 0.93 1.71 1.79 4.28 5.33 1.90 1.82 2.06 10.71 1
Fast-SPICE - 0.67 3.5 5.10 2.81 1.08 1.18 5607.10 523.54

HSPICE - 73955.94 6905.32

Fig. 5. 2 Predicted waveforms with 4.21% and 3.79% errors respectively
compared with HSPICE.

addresses. For each address, a four-cycle ”write-read-write-
read” sequence was executed, with complementary data used
for the two write operations. This stimulus was designed
to sufficiently cover critical operational transitions within
the SRAM circuit, thus ensuring the representativeness and
diversity of the collected waveform dataset.

After simulations, the input and output waveforms for
each standard cell and its corresponding interconnect were
extracted from the results. Graph representations were also
constructed following the method detailed in Section III-A.
A training set was constructed using 30% of the waveform
data, while the remaining 70% was allocated to the test set
to evaluate the generalization capability of our model. Within
the training set, 10% of the cells were randomly held out as a
validation set. The accuracy of the model was quantified using
mean absolute error (MAE) and mean absolute relative error
(MARE), defined as:

MAE =
1

n

n∑
i=1

|yi − ŷi| (4)

MARE =
1

n

n∑
i=1

|yi − ŷi|
|yi|

(5)

where n is the total number of predictions, yi is the ground-
truth label from HSPICE, and ŷi is the predicted value.

The experiments were conducted on a Linux server
equipped with an Nvidia GeForce RTX 4090 GPU and an
Intel Xeon Gold 6248R CPU operating at 2.6 GHz. Our model
was implemented with the PyTorch framework, leveraging the
PyTorch Geometric toolkit for graph-based operations.

B. Evaluation of Model Prediction Results

1) Standard Cell Characterization: We first evaluated the
model’s accuracy in predicting the output waveforms of in-
dividual standard cells, where the input waveform for each
cell was sourced directly from the HSPICE simulations. The
delay of each cell was also extracted from the waveform and
compared, which is defined as the time interval between the
50% transition points of the input and output signals.

The results are summarized in the Cell Error columns of
TABLE I, in the form of MAE and MARE between the
predicted values and the HSPICE results. Our model achieves
high accuracy, with an overall MARE of only 3.09% for
waveform and 1.71% for delay.

2) Waveform Propagation Results: Next, we assessed the
model’s performance to predict the signals along entire timing
paths. Here, the predicted output waveform of a cell serves
as the input for the subsequent cell in the path, emulating
real-world signal propagation. For delay analysis, we focused
on the critical read-path and write-path delays, which were
separately extracted and evaluated.

As shown in the Path Error columns of TABLE I, the
results of our Graph-SRAM exhibit high similarity to the
HSPICE ground truth. Across all netlists, the MARE for the
propagated waveforms, read delay, and write delay is 4.28%,
1.90%, and 2.06%, respectively. Additionally, to benchmark
our framework against fast-SPICE methodologies, we also
present the results of CustomSim, a commercial fast-SPICE
simulator, for comparison. Compared to CustomSim, Graph-
SRAM shows a lower MARE for read delay, which is 1.90%.
For the other metrics, its error is at most 0.88% higher,
while providing a significant speedup. These results confirm
that our model can make accurate timing predictions even
with propagated inputs, maintaining high precision throughout
complex circuit paths.

3) Speed Analysis: TABLE I also presents the inference
time for full-path waveform propagation of the model versus
fast-SPICE and HSPICE simulation time. Our model achieves
a speedup of 523.54× over fast-SPICE and 6905.32× over



Fig. 6. Comparison with other graph-based ML method.

HSPICE, demonstrating its high computational efficiency. In
addition, we separately tested the simulation speed on the
smallest 128×32 and largest 256×64 SRAMs in the dataset.
Our method takes 0.08s and 0.13s on the two netlists, while
HSPICE takes 231.76s and 932.02s respectively. The cal-
culated speedups are 2897× and 7169×, respectively. This
performance variation stems from the fundamental difference
between the two methods. HSPICE relies on iterative numer-
ical methods to solve large-scale systems of nonlinear differ-
ential equations. In contrast, the inference time of our neural
network, accelerated by the massive parallelism of GPU, is
substantially less sensitive to circuit size. This advantage is
particularly crucial in the current era of rapidly increasing
circuit complexity.

C. Comparison with Other ML Methods

To further validate the superiority of the proposed model,
we conducted a comparative experiment against other graph-
based machine learning methods. Graph Convolutional Net-
work (GCN) [23] and GraphSAGE [24] are two common
baselines in graph learning tasks. We implemented GCN and
GraphSAGE models with the same number and size of graph
aggregation layers, as well as MLP structures identical to those
of our Graph-SRAM model. Furthermore, to demonstrate the
importance of incorporating RC models of the interconnect,
we also implemented an ablation variant of our model, Graph-
SRAM wo, which only constructs graphs from the transistors
within standard cells.

All four models were trained and tested using identical
datasets and procedures. The error distributions of their pre-

dictions on the entire test set are plotted in Fig. 6. The
results show that our Graph-SRAM demonstrates the best
performance, with the smallest average MARE across all
five metrics, and its peak errors are also reduced. This is
attributed to the attention mechanism, which enhances the
graph aggregation capability to capture critical paths and
device interactions, combined with the CNN-based waveform
extractor that effectively learns local patterns and temporal
dependencies from the input waveform sequences.

In addition, the comparison with Graph-SRAM wo con-
firms the benefit of modeling the RC parasitics of interconnect
and fusing them with the standard cell graph. This operation
leads to an error reduction of 18%, 20%, and 44% for path
waveform, read delay, and write delay, respectively. It also
demonstrates the significant impact of interconnects on the
timing characteristics of SRAMs.

V. CONCLUSION

This paper presents Graph-SRAM, a novel graph learning
framework for efficient and accurate waveform simulation in
SRAM circuits. Our approach uniquely models activated cells
and their interconnect parasitics as a unified graph, embedding
global features via switch-level simulation to adeptly manage
memory cell behaviors. When tested on SRAMs of various
sizes, the model demonstrates its effectiveness by accelerating
simulations 6905.32× on average over HSPICE, while con-
currently achieving SPICE-level accuracy with MARE values
of 4.28% (waveform), 1.90% (read delay), and 2.06% (write
delay).
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