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Abstract—We propose a pyramid scene parsing network (PSPN)
with skip-connection architecture to effectively utilize physical
information that characterizes IR drop distribution, including
current source locations, via locations, and asymmetric topological
connections, achieving highly accurate IR drop prediction for
power delivery networks (PDN) of varying scales, even with
a limited dataset. SKkip-connection architecture preserves the
positional information of current sources, which often correlates
with large IR drop, facilitating the identification of hotspots. We
incorporate via locations into the model to effectively describe
the topological connection distance between voltage sources and
different nodes in the multi-layer PDN, while the traditional
method only considers the horizontal distance between nodes
and voltage sources, which is invalid for prediction. To capture
asymmetric connection features within the PDN efficiently, we
introduce a shape-adaptive convolutional kernel to solve the
problem of inadequate extraction of feature information in a
traditional method. Finally, we propose a loss function with
Kirchhoff’s law constraints to ensure the model’s prediction aligns
with the electrical characteristics of the circuit, which can’t be
guaranteed by traditional machine learning-based methods only
taking the prediction accuracy into consideration. Our results,
based on training with only 100 synthetic circuits, demonstrate
the superiority of our method over the state-of-the-art prediction
technique. Across evaluations on 10 real circuits, our approach
consistently delivers a 50% improvement in precision.

Index Terms—Static IR drop prediction, Physical information
embedding, Limited data

I. INTRODUCTION

The design of the Power Delivery Network (PDN) is im-
portant to ensure the proper functioning of individual circuit
instances while minimizing the overall IR drop. However,
with the ongoing advancement of Very-Large-Scale Integrated
Circuits (VLSI), the voltage supplied to chips continues to
diminish while transistor density steadily escalates, thus the im-
portance of PDN design has experienced a substantial upsurge.
Unfortunately, the PDN design is a formidable bottleneck for
the integrated circuit design framework, primarily attributable
to the ensuing challenges:1) Simulating the complex IR drop
distribution incurs significant costs. Empirical studies have
revealed that within advanced 7nm fabrication processes, the
quantity of PDN nodes within a System-on-Chip (SoC) can sur-
pass 10 billion [1]. Accurately predicting IR drop distribution
costs hours and demands extensive memory resources, making
single-simulation analysis difficult. 2) Designing a PDN often
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necessitates multiple iterations to resolve design-rule-related
issues. Given that PDN design typically performs during the
physical design stage, the time and effort invested in these
iterations become considerably substantial. Henceforth, there
exists an imperative necessity for the development of a tool
that is capable of providing precise and expeditious IR drop
predictions to streamline the chip design cycle. This need has
garnered scholarly attention, resulting in the proposition of
diverse methodologies, broadly classified into simulation-based
and machine learning-based approaches.

Simulation-based techniques involve the solving of the linear
equation denoted as GV = J, wherein G is the conductance
network, V' is the node voltage, and J is the branch cur-
rent. Consequently, strategies to accelerate the simulation-based
methodologies are primarily towards three key objectives: the
reduction in the dimensions of the aforementioned equation as
discussed in prior works [2]-[4], augmentation of the compu-
tational speed associated with LU decomposition [5], and the
enhancement of the convergence speed within iterative methods
[6]. Nonetheless, it is crucial to acknowledge that the pursuit
of computational expediency in these methodologies may give
rise to a commensurate decrease in predictive accuracy.

The machine learning-based approach utilizes a dataset con-
taining PDN design parameters for model training and predic-
tion of IR Drop distributions, which avoids the requirement
of matrix calculations and significantly reduces computational
time. IncPIRD [7] and XGBIR [8] employ the XGBoost
model as their core computational framework. With regard to
feature selection, these approaches extract pertinent information
encompassing the relative spatial relationships of nodes in
proximity to the current sources, equivalent resistances, and
the overall topology of the PDN. It is important to note that
IncPIRD exclusively focuses on predicting incremental IR drop.
Furthermore, both XGBIR and IncPIRD adopt a partitioned
chip-based prediction approach, precluding their capacity for
global predictions. PowerNet [9] employs a CNN model for
full-chip dynamic IR drop prediction. Compared to XGBoost,
CNNs can capture two-dimensional spatial information, result-
ing in higher prediction accuracy. IREDGe [10] proposed a
prediction model based on CNNs with automatic window size
adjustment, using the full-chip power map as a feature, which
further reduces the average error.

Nonetheless, CNNs employ kernels with an inherent square
shape, which hinders their ability to effectively capture the
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Fig. 1: The architecture and workflow of the proposed IRPnet. (a)Raw PDN data [11]. (b) A PDN density map, which represents
the PDN wire density in different regions of a chip across all metal layers. (¢) A via map represents the locations of vias. (d) A
current map represents the locations of current sources. (e) The architecture of IRPnet comprises an input/output convolution layer
and a pyramid pooling model.(f) The IR drop map, generated through predictions by IRPnet, visually represents the distribution

of IR drop at the lowest layer of a chip.

intricate and asymmetrical adjacency relationships intrinsic
to circuit networks. The feature engineering aspect of prior
methodologies also exhibits certain deficiencies. For instance,
previous approaches predominantly focus on the horizontal dis-
tance between nodes and voltage sources, neglecting to account
for the actual physical distance between voltage sources and
nodes via connection points. This oversight results in an in-
complete representation of the true spatial relationships within
the circuit. Furthermore, the loss function utilized in previous
methodologies lacks consideration for the genuine physical
attributes of the circuit network. This deficiency hinders the
ability to ensure that the predictions align with the electrical
characteristics inherent to the circuit, potentially compromising
the accuracy and fidelity of the model’s outputs.

To tackle the aforementioned challenges, we propose an IRP-
net model based on a Pyramid Scene Parsing Network (PSPN)
featuring a skip-connection architecture, which is devised to
achieve precise predictions of IR drop within PDNs of diverse
scales. Notably, the proposed IRPnet model was trained on a
considerably small dataset, comprising merely 100 instances,
yet it attains a prediction accuracy that surpasses IREDGe by
a factor of two. The contributions of this work are as follows.

e We propose an IRPnet model incorporating a skip-
connection architecture, specifically designed to better
capture the features of PDN.

« We propose a shape-adaptive convolutional kernel to cap-
ture voltage interactions between asymmetric horizontal
and vertical connector components in the underlying net-
work. Moreover, we incorporate via position information

as model input, effectively depicting the topological con-
nection distances between different nodes in multi-layer
circuit networks influenced by voltage sources.

o We propose a novel loss function with Kirchhoff’s law
constraints to ensure that the model’s predictions align
with the electrical characteristics of the circuit. By enforc-
ing the constraints, we not only ensure the convergence of
the model during training but also enhance the accuracy

of its predictions.
The rest of this article is organized as follows. Section II

introduces the implementation details of the proposed IRPnet
model. Section III gives the experimental results, and Section
IV summarizes the paper.

II. PROPOSED METHOD

The architecture of IRPnet comprises input convolutional
layers, a pyramid pooling model, output convolutional layers
and skip connections. As depicted in Fig. 1, the initial raw
input PDN data undergoes a process of feature extraction to
generate feature maps, which are subsequently fed into IRPnet
for the prediction of the PDN IR drop distributions.

A. Feature Maps

From the raw PDN data, we extract three key features,
namely the current map, the PDN density map, and the via
map, which collectively serve as the input data for IRPnet. All
feature maps have the same size as the output IR drop map.
(a) Current maps, which represent the locations and values
of all current sources in PDN. For nodes without current
sources, their values are explicitly set to zero, aligning with



