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Abstract—The geometrical and material properties of dis-
tributed electromagnetic structures comprise the design space.
This space characterizes the structure’s frequency response in
complex domain. In this paper, we propose a machine learning
framework for predicting frequency response of a power delivery
network as a function of its extrapolated multidimensional
geometrical and material parameters. The proposed approach
comprises of an ensemble of architectures: (1) Fully Connected
Upsampler for latent code generation (2) Convolutional Decoder
to learn the frequency response from the latent code. The 14D
design space is converted to a Lth dimensional code which
entails the frequency response information. With the proposed
architecture, a root mean squared error of 0.004 ohms is achieved
when compared to the true value. We focus on extrapolation of
design space parameters while training on in-band values. We
also illustrate how frequency poles move with varying design
space exploiting parameter sensitivity in different frequency
bands.

Index Terms—Power delivery network (PDN), Convolutional
Neural Network, Upsampling

I. INTRODUCTION

Efficient power delivery is crucial to the design of high-

speed electronic systems where circuits are densely located

within the same package [1]. Such systems are desired to

operate in a low-voltage environment in a broad frequency

range. These considerations make the system noise-sensitive

and hence it becomes imperative to design a power delivery

network (PDN) where clean power is delivered with minimum

resistance from the voltage regulator module from the package

level all the way to multiple ICs on chip level. The challenge

is to design efficient power delivery architectures to deal

with high-frequency parasitics that are responsible for an

increase in the PDN impedance causing damage to the IC with

alternative current return paths. Such architectures include but

are not limited to power-ground planes, micro-bumps, via

arrays and decaps. A typical PDN is illustrated in Fig. 1. The

impedance response depends on the number, density and the

placement location within the package containing the PDN.

The impedance from each component of PDN is calculated

and then put together to give the PDN impedance (ZPDN ).

The goal is to design the system such that the impedance

over the range of operating frequency is less than a threshold

Ztarget. Since the PDN typically contains different inductive

and capacitive elements, one would expect the impedance

response to have multiple resonant peaks and dips with sharp
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Fig. 1: A typical power delivery network

transitions because of inductive and capacitive effects. The

impedance response for power ground planes is derived in

[2]. A segmentation method is used to estimate the impedance

properties of the PDN in [3].

To address this problem, designers tend to design the PDN

with simulation software such as EM solvers to come up with

impedance responses of the PDN. While a full-wave elec-

tromagnetic simulation is accurate, it solves complex partial

differential equations iteratively to compute the frequency re-

sponse of the structure given an input and output port [4]. This

makes the simulation utilize a high amount of computational

resource and time because of the high dimensionality of input

space. Given a frequency response of the PDN for a certain

input design tuple, it is often necessary to have information

about out-of-bounds design space response. In a traditional

way, it would require that the EM simulations be performed

again.

Traditional approaches include deriving analytical relations

to output the frequency response by lumped modeling of

circuits which can then be used to perform extrapolation in

design space. However, such approaches are not accurate since

they involve lumped approximations that do not include the

effect of parasitics at higher frequencies. To model the non-

linear mapping, how complex they may be, from the input

design space to learn the frequency response, it is essential

to start from the distributed structure. Mathematically, it is

desired to find a mapping F such that

Z(f) = F (X, f) (1)
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where Z is the complex-valued frequency response as a

function of operating frequency f and multimdimensional

input design space parameter X ∈ RD where D is the

dimensionality of the input.

Recently machine learning methods have shown to model

non-linear mappings between inputs and outputs. Vanilla fully-

connected neural networks provide a flatter response but lack

spatial correlation between samples [5]. Since the input space

is continuous, we make use of convolutional neural layers to

find patterns between similar samples of data. Furthermore,

extrapolation in the frequency domain has been performed

using recurrent neural networks [6] and other techniques [7]-

[9]. However, this work is distinct in the sense that our aim is

to predict the in-band response for the out-of-bound geometric

and material design parameters. Following from equation (1),

consider an out-of-bounds design tuple Xextrapolated. The goal

is now to find Z ′(f) as a function of the frequency response of

in-bound tuples, the previous training tuples and the frequency:

Z ′(f) = G(Z(f),Xextrapolated, f) (2)

Our approach combines both the neural networks to form

an assembly network for modelling the relationship between

the frequency response and design parameters that not only

functions on the distributed structure but also saves com-

putational time and extensive simulations to be performed

repeatedly while doing so. Our framework uses complex-

valued frequency response as a correlated output having inter-

channel correlations given the design tuple.

The paper is organized as follows: Section II describes

the proposed model architecture; Section III describes the

simulation setup for the PDN followed by the results of

the performance of the network compared to other model

architectures while Section IV provides the conclusion of the

paper.

II. MODEL ARCHITECTURE

We propose an ensemble of two neural networks connected

in series (1) Fully Connected Upsampler which increases

the multidimensional design space into a latent space with

a unique code for each sample and (2) Convolutional decoder

consisting of transposed convolutional layers to compute the

complex-valued frequency response for the power delivery

network. The full network architecture is shown in Fig. 2.

A. Fully Connected Upsampler

The upsampler features a fully connected neural network

containing linear layers with each layer having more number

of outputs as compared to that of inputs. The design space

having dimension D acts an an input to the upsampler and

a latent code is in L-dimensional space. A fully -connected

neural network has layers of neurons connected in a way to

form a learnable mapping between the input and output. The

output y of each neuron is a sum of weighted inputs x wrapped

around an activation layer. Mathematically,

y = σ(wTx+ b) (3)

where w and b are the parameters to be learnt and σ(.)
is the activation function. An example neuron is shown in

Fig. 3. The code produced as an output of the network

contains the unique feature vector to describe the response

of the network as a function of the geometrical and material

parameter values. Such an upsampler is depicted in Fig. 2. For

such an architecture, the output code is given

S = g1(g2(...gh(x))....) (4)

where gi is the transformation with activation function in-

cluded from the ith to i + 1th hidden layer with a total of

h layers.

B. Convolutional Decoder

The convolutional Decoder consists of hidden transposed

convolutional layers. A convolutional layer exploits the spatial

correlations among the input vector for accurate feature repre-

sentation. A trained transposed convolutional network captures

the hidden dependencies in the data. In a vanilla convolutional

neural network [1], output H of each layer l is a cross-

correlation product of the input I with a sliding kernel K
given in the following equation:

Hi,j = r((I ∗K)i,j) = r(
∑
m

∑
n

Km,n ∗ Ii−m,j−n) (5)

where i, j,m, n are non-negative integers spanning the input

space and r(.) is the non-linear activation function.

The kernel K here plays a crucial role since, the output

depends on how the kernel is slid on top of the input

plane. The specificity, stride and padding decide the output

dimensionality. Usually the kernel is designed as to decrease

the dimensionality of the output. To upsample the latent

design frequency space to produce the actual whole frequency

response in the complex-domain, we make use of transposed

convolutional blocks [10]. Such blocks enable higher output

dimensionality by using a transposed kernel G. Again, we can

write the convolution operation as

⎛
⎝ H

⎞
⎠ =

(
K

) ∗

⎛
⎜⎜⎜⎜⎝

I

⎞
⎟⎟⎟⎟⎠

(6)

but transposed convolutional layer has the kernel matrix trans-

posed ⎛
⎜⎜⎜⎜⎝

H

⎞
⎟⎟⎟⎟⎠

=

⎛
⎝ G

⎞
⎠ ∗

⎛
⎝ I

⎞
⎠ (7)

The output size of the transposed layer is given as

Doutput =
Dinput + 2 ∗ padding − (Dkernel − 1)− 1

stride
+ 1

(8)

where Dx is the dimensionality of any vector x. Such an

architecture is shown in Fig.4
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Fig. 2: Proposed Network Architecture

Fig. 3: An example neuron
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Fig. 4: Convolutional Decoder

III. RESULTS

A. Simulation Setup

The PDN characterization geometrical and material param-

eters are stated in Table I. We divide our design space into

training and extrapolation space. To gather train and test data,

we make use of online available tool for PDN impedance

analysis [11]. We perform a sensitivity analysis for the PDN to

obtain insight into how frequency poles move with changing

parameters. For example, we conclude that small changes in

parameter Wgrid i.e. grid width are responsible for larger

changes in the impedance response as compared to other

parameters. This effect is depicted in Fig. 5. Furthermore, the

change in response is greater in high frequency as compared

to low frequency. This is because of the various parasitics

that take effect at higher frequency as the inductances have a

more pronounced effect (|ZL| = wL where w is the angular

frequency and L is inductance). As grid width increases, the

path from input to output on the plane increases which ,

in turn, affects the plane impedance. It introduces multiple

current return paths resulting in multiple poles moving to

higher frequencies. In Table I, the nominal value is shown

which is arbitrarily picked to show that the network able

to interpolate. We train the network on 1000 design tuples

with each design tuple having its respective complex-valued

frequency response whereas the extrapolation space consists

of 200 design points. An adaptive learning rate scheduler is

employed to minimize the training time while achieving the
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TABLE I: PDN characterization parameters

Parameters Symbol Training Range Extrapolation Space
. . Min value Nominal value Max value Min value Nominal value Max value

Conductivity σ 1 x 107 S/m 5 x 107S/m 8 x 107 S/m 8 x 107 S/m 9 x 107 S/m 10 x 107 S/m

Metal height tmetal 0.5 μm 0.8 μm 0.8 μm 0.8 μm 0.95 μm 1 μm

Grid width Wgrid 10 μm 15 μm 20 μm 20 μm 27 μm 30 μm

Grid spacing wgrid 100 μm 125 μm 200 μm 200 μm 250 μm 300 μm

TSV radius rTSV 5 μm 10 μm 15 μm 15 μm 20 μm 25 μm

TSV pitch pTSV 15 μm 35 μm 60 μm 60 μm 70 μm 75 μm

C4 radius rC4 50 μm 100 μm 175 μm 175 μm 200 μm 275 μm

C4 pitch pC4 0.15 mm 0.5 mm 0.5 mm 0.5 mm 0.6mm 0.75 mm

μ-bump radius rμ 10 μm 10 μm 12 μm 12 μm 15 μm 15 μm

μ-bump pitch pU 40 μm 42 μm 45 μm 45 μm 47 μm 50 μm

Substrate thickness himd 0.7 μm 0.7 μm 0.85 μm 0.85 μm 1 μm 1 μm

Si-dielectric εSi 11.9 εo

Poly-dielectric εpoly 3.9 εo
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Fig. 5: Impedance response changes with changing grid width

minimum loss on the test set. We use normalized root mean

square loss function for frequency point k:

Lreal,k =

√√√√ 1

N
∗

N∑
i=1

(real(Xi,k)− real(yi))2 (9)

Limag,k =

√√√√ 1

N
∗

N∑
i=1

(imag(Xi,k)− imag(yi))2 (10)

where N is the batch size and y is the target complex-valued

variable vector. The composite loss is

Lk = α ∗ Lreal,k + β ∗ Limag,k (11)

FFNN

Proposed Architecture

Epochs

M
S

E
 L

o
ss

Fig. 6: Loss Curves

where α, β ε R. After optimizing the values, we choose α =
β = 1. Finally, the loss for all frequency points is:

L =
1

F

F∑
k=1

Lk (12)

where F is the total number of frequency points. This loss is

backpropagated to train the network.

We compare the results against a vanilla feed-forward neural

network (FFNN) trained with the same loss function. The

structure of the fully-connected neural network has been

optimized to best fit the data. It contains 4 layers containing

[10, 70, 200, 500] neurons respectively to generate 1000

frequency samples whereas our proposed architecture for this

PDN comprises of 2 fully-connected layers and 3 transposed

convolutional layers with tanh(.) as the activation function

used throughout. The model comparison is shown in Table II.

We can see that while our proposed architecture takes a longer
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TABLE II: Comparison of different models

FFNN Proposed
architecture

Validation NMSE 0.5 0.004
Training time 1.5hrs 2hrs

Run time 0.206 sec 0.890 sec

time to train but the same loss value is minimized to 0.004 as

opposed to 0.5 while running in a comparable time.

We evaluate the loss curves for both architectures in Fig.

6. FFNN achieves convergence quicker than the proposed

architecture but is stagnant thereafter.

B. Pole Tracking in design space

A complex-valued frequency response can be expressed in

terms of its in-band poles and residues along with proportional

factor using vector-fitting[12] given in the following equation.

f(s) =
N∑
i

ri
s− pi

+ d ∗ s+ e (13)

where s = −σ + wj is the complex frequency point, pi is

the i th pole, ri is the i th residue ∀i = 1, 2, ..., N , d is the

proportional factor and e is constant. As we move across the

design space, the pole frequency moves as shown in Fig. 5.
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Fig. 8: Frequency response of Nominal Value in the Extrapolation
range, refer to Table I

We investigate this effect in-depth across six most sensitive

design parameters. We choose three distinct frequency points

whose nominal training phase values are fA = 4.8GHz,

fB = 11GHz and fC = 18.5GHz. In Fig. 7, we illustrate the
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progression from training space of design parameters to ex-

trapolated space. For example for Fig. 7(a), we extrapolate the

grid width (wgrid) from 20μm to 30μm whereas the network

is trained with the values from 10μm to 20μm. The changes

in most design space parameters is somewhat linear but the

distinction lies in the fact that a model trained with sample

PDN responses is able to extrapolate in a multidimensional

space with a reasonable accuracy.

To show that the model can extrapolate successfully in

all dimensions, we present the predicted frequency response

nominal point prediction is given in Fig. 8. One can observe

that our proposed network is able to identify nearly all the

peaks shown till 20GHz. The prediction results is compared

with the full-connected approach. At higher frequencies, the

FFNN architecture fails to learn the frequency response be-

cause of a lack of learning data dependencies. This shows

that convolutional architecture allows for parameter sharing

and exploitation of spatial dependencies in data to learn a

complex frequency response.

IV. CONCLUSION

We present a machine learning based approach to derive fre-

quency response of a power delivery network and distributed

electromagnetic structures in general as a function of their ge-

ometrical and material properties. The model architecture con-

sists of a fully connected upsampler which is a feed-forward

neural network to produce the code in the high dimensional

latent space. The code is fed to a transposed convolutional

network to learn the frequency response at discrete frequency

points. Results show that such an architecture performs better

than only the fully-connected network approach and saves

on computational time and resources in comparison to EM

solvers. The proposed approach, while taking more time to

train reduces the normalized mean squared error by more than

90% for power delivery applications.
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