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ABSTRACT This paper presents a novel macromodeling method and neural network structure called
Clockwork Long Short-Term Memory (CWLSTM), tailored for high-speed nonlinear circuits. The proposed
CWLSTM method is considered a more powerful yet simpler model than conventional LSTM due to its
reduced parameter count and more efficient structure and training strategy. This structure promotes improved
model generalization, resulting in better model accuracy and training time due to its unique modular gating
connections. Additionally, the required training data is considerably reduced for generating a model with
similar accuracy compared to the conventional LSTM. To further improve the proposed method, a hybrid
version of CWLSTM, known as Hybrid-Modular CWLSTM, is introduced, utilizing various module types
to enhance the model’s accuracy further. The reported experimental results reveal the superior performance
of the proposed methods compared to the conventional LSTM in modeling high-speed nonlinear circuits.
On top of the above advantages, the proposed methods can produce models that execute much faster than
those based on existing simulation tools (LTspice and NGspice). The performance of the proposed methods
is validated by modeling two high-speed nonlinear circuits.

INDEX TERMS Computer-aided design (CAD), clockwork LSTM (CWLSTM), hybrid structure, macro-
modeling, nonlinear component, recurrent neural network (RNN).

I. INTRODUCTION

In the rapidly evolving field of circuits and systems, there
has been a significant interest in research dedicated to high-
accuracy macromodeling [1], [2], [3], [4], [5], [6], [7], [8].
A macromodel is a high-level behavioral abstraction of a
complex circuit. It retains necessary information for cal-
culating some desired output variables, while other details
can be suppressed. It can be viewed as a reduced-order

The associate editor coordinating the review of this manuscript and

approving it for publication was Stefano Scanzio

representation that preserves critical system-level properties
(like stability, nonlinearity, frequency response) with mini-
mal computational cost and evaluation time. A macromodel
should have similar accuracy to the original circuit but with
much faster simulation time [1]. Moreover, as new technolo-
gies emerge, ensuring adequate accuracy in current models
based on equivalent circuits has become increasingly chal-
lenging. Consequently, there is a pressing need to develop
enhanced models. However, extending a new equivalent
circuit model is time-consuming due to the manual trial-and-
error processes it involves.

© 2025 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
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One powerful tool in computer-aided design (CAD) is
artificial neural networks (ANN), which has been employed
successfully for modeling and designing components and cir-
cuits [9], [10], [11], [12], [13], [14]. ANNSs can also efficiently
be utilized in design optimization, enhancing quality [15].

ANNSs are highly effective in modeling statistical design
of active and passive devices, as well as circuit optimization.
They represent a robust method for mapping any nonlinear
relationship between given inputs and their corresponding
outputs [13], [14], [15], [16].

Two main models are commonly used in nonlinear elec-
tronic circuits and component development: transistor-level
and behavioral models. Transistor-level models, such as
those used in SPICE simulations, provide more complex and
accurate representations with longer computational times.
By contrast, behavioral models focus on the input-output
signal relationship without hunting through internal circuit
details [17].

The purpose of nonlinear macromodeling is to repre-
sent accurately and with high computational efficiency the
input-output relations of a nonlinear circuit. With the added
complication of nonlinear circuits, there is a growing demand
for less complex models that accurately capture the dynamic
behaviors of these systems and components. Recurrent neural
networks (RNNs) are presented as one of the solutions for
nonlinear macromodeling [8]. Employing dynamic neural
network structures such as RNNs enables the modeling of
nonlinear circuits in the time domain. RNNs can learn straight
from simulated or measured input and output data, bypass-
ing the need for internal circuit details. Moreover, RNNs
are acknowledged as global approximators, affirming their
ability to characterize relations between any nonlinear input-
output [18].

In [19], a hybrid approach was introduced, merging RNN
and a polynomial regression method (HRPR) for nonlinear
applications. This method reduces training time and provides
a speed-up in simulation compared to conventional RNNs, all
while maintaining accuracy.

In [20], a macromodeling approach called batch-
normalized RNN (BN-RNN) was utilized for modeling
high-speed nonlinear circuits. This approach significantly
reduces training times and generates models with better
precision than conventional RNNs.

In [21], an advanced method for modeling high-
dimensional microwave circuits is introduced, integrating a
refined version of the Rectified Linear Unit (ReLU) into
deep neural networks. In this method, sigmoid and refined
ReLU are utilized as activation functions. The deep neural
network model is trained using a three-phase deep learning
algorithm. This algorithm helps identify the appropriate num-
ber of hidden layers during training, effectively addressing
the vanishing gradient issue in the training phase.

In [22], a deep neural network is presented that auto-
matically obtains the optimal number of hidden layers and
is suitable for parametric modeling of passive components.
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A three-stage training algorithm is proposed to attain model
accuracy comparable to shallow neural networks using fewer
training parameters.

In [17], for macromodeling nonlinear electronic circuits,
a neural network-based method called Long Short-Term
Memory (LSTM) is presented. Unlike conventional networks
like RNNs, which encounter the issue of vanishing gradients
during training, LSTM networks are specifically designed to
address this issue effectively.

Traditional RNNs are defined by simple hidden states that
use nonlinear activation functions and weighted summation
of feedforward and recurrent data [23], [24], [25]. This inher-
ent design causes traditional RNNss to transfer data from the
current time step to the next directly, making them more sus-
ceptible to the vanishing gradient problem. In contrast, LSTM
networks incorporate gates within the structure, effectively
addressing the challenge of vanishing gradients by integrating
a memory cell capable of retaining state information over
extended periods. However, the inclusion of three gates along
with a memory cell causes a considerable number of param-
eters for LSTMs, leading to increased evaluation times in
macromodeling and a higher risk of model overfitting. Also,
despite their capability to address the vanishing gradient
problem, LSTMs still face challenges in generating accurate
models that can be represented using very large time steps.

In [26], a Clockwork-RNN (CWRNN) was introduced for
nonlinear circuits macromodeling. In this study, a modular
approach was used on the recurrent connections to create non-
fully connected recurrent connections, resulting in a more
efficient structure and training strategy with fewer parame-
ters.

In this paper, we propose new macromodeling meth-
ods called Clockwork-LSTM (CWLSTM) and its hybrid
version called Hybrid-Modular CWLSTM (HM-CWLSTM)
to address the overfitting issue associated with LSTM.
As LSTM suffers from using large number of parameters,
this approach reduces the LSTM parameter counts. That
reduced number offers a more efficient implementation and
training of the conventional LSTM architecture, effectively
diminishing model complexity. In CWLSTM, the embedded
modules functionalities are similar to the hidden layers of
an LSTM. However, these modules operate at distinct clock
periods and let the model learn diverse frequencies in the
training signals. Moreover, the understanding and implemen-
tation of this method are straightforward, featuring a flexible
architecture configured by modules with varying clock rates
based on exponents of 2. Implementing this method improves
model accuracy while reducing the training data needed for
accurate modeling and also the simulation time. To further
enhance the model accuracy, the HM-CWLSTM is proposed.
This improved method employs various prime numbers and
their exponents to represent module clock rates more effec-
tively while decreasing the model test error. Consequently,
CWLSTM and HM-CWLSTM are promising for model-
ing high-speed nonlinear circuits. The rest of the paper is

VOLUME 13, 2025
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organized as follows. Section II describes a review of con-
ventional LSTM. In Section III, the proposed CWLSTM and
HM-CWLSTM macromodeling approaches are explained,
their structure and training are discussed, and a comparison is
made with traditional LSTM. Section IV presents the numer-
ical results, including three nonlinear examples for validating
the methods proposed to derive macromodels of nonlinear
circuits. Finally, Section V presents the conclusion drawn
from this research.
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FIGURE 1. An LSTM cell.

Il. BACKGROUND

A. CONVENTIONAL LONG-SHORT TERM MEMORY (LSTM)
Before introducing the presented method, an investigation
of the structure of the conventional LSTM is required to
clearly compare the traditional LSTM and the presented
CWLSTM modeling methods. The structure of the traditional
Long-Short Term Memory (LSTM) network is discussed in
this section. In [17], for the first time, the LSTM network
was utilized to build macromodels for nonlinear circuits.
The structure of an LSTM cell at time step k, denoted
as ty, is illustrated in Fig. 1. In this figure, H(#—1) =
[f1 (tk—1) - . . hyy, (tk—1)] where h;(tx—1) is hidden state of the
i cell at time step k—1 and N}, represents the number of
LSTM cells. Also, I(tx) = [l (t)...In, (tr)] where N;
denotes the number of inputs of the network and I;(t) is
the i’ input of the network at time step k. This network
benefits from a gating structure that enables it to remember
the dependency of the signal values over time. As depicted
in Fig. 1, an LSTM cell comprises a hidden state (h;(#;))
and a cell state (c;(#¢)), alongside other gates. The former
state preserves the short-term, while the latter retains long-
term information. The states and gates of the LSTM cells are
detailed as follows.

1) THE INPUT GATE

This gate determines how the information from the current
input should be passed to the next time step. Equation (1)
presents the formulation of the input gate for the i cell of
the LSTM network at time step k.

N Np,
ii(t) = o O witL(t) + D ulthe(te-)) (1)
s=1

x=1

VOLUME 13, 2025

In (1), o represents the sigmoid activation function, I(#),
ff‘s, hy(tx—1), and ui”x are the s input of the network at time
step k, the weight connecting the s™ input to the input gate of
the i cell, the hidden state of the x™ cell at time step k — 1,
and the recurrent weight connecting the hidden state of the
x™ cell at time step k — 1 to the i input gate at time step k,

respectively.

w

2) THE FORGET GATE

The forget gate determines which information should be
retained or discarded. The formulation of this gate in cell i
is provided in (2):

Ny Np i
fiw) = o O Wl L) + D i i) (2)
s=1 x=1

where, w{ ; represents the weight connecting the s™ input to
the forget gate of the i cell, while u’: . denotes the weight

connecting the hidden state of the x cell at time stepk—1to
the forget gate of the i cell at time step k.

3) THE OUTPUT GATE

The output gate’s value plays a major role in determining the
hidden state. The formulation of this gate for cell i at time
step k is as below:

Ny Nj
0itr) = o O Wi It + D ul he(t—)) (3
s=1 x=1

In (3), w{ represents the weight connecting the s™ input to
the output gate of the i cell, while uj . denotes the weight
connecting the hidden state of the x” cell at time step k — 1 to
the output gate of the i cell at time step k.

4) THE NEW MEMORY CELL

The new memory cell is another part of the LSTM cell that
specifies how the long-term dependency is affected by the
current input. The formulation for this module in cell i at time
step k is provided in (4):

Ny Np
&ilty) = tanh(QY~ wi I(t) + D ul (1) (4)
s=1 x=1

where wi , represents the weight connecting the s™ input to
the new memory cell of the i cell, and uﬁx demonstrates the
weight connecting the hidden state of the x”” cell at time step
k — 1 to the new memory cell of the i cell at time step k.

5) THE MEMORY CELL STATE

By utilizing the input, forget, and output gates alongside the
new memory cell, the memory cell state acquires a new value
to retain long-term information that is also passed on to the
next time step. The formulation of this process for cell i at
time step k is shown below:

ci(t) = filt) x citi—1) + ii(t) x ¢i(ty) &)

107981
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FIGURE 2. Structure of the proposed CWLSTM.

6) THE HIDDEN STATE

The hidden state incorporates the values generated by the
output gate and the memory cell state. This aspect of the
LSTM cell retains short-term information over time. The
hidden state is transmitted both as the output of the LSTM
cells to the output layer and as the recurrent state through
time. The formulation of the hidden state for cell i at time
step k is presented below:

hi(tx) = 0i(tx) x tanh(c;(#k)) (6)

The equations outlined in (1)-(6) are used to generate the
hidden states for the cells. The weighted summation of these
hidden states produces the LSTM output as (7) (assuming a
single cell layer for simplicity):

Np
) =D Wi hiax) )

i=1

where y(1;,) represents the output of the LSTM at time step &,
and w?" denotes the weight connecting the i hidden state to
the output layer.

lll. THE PROPOSED LONG-SHORT TERM MEMORY
MACROMODELING METHOD

In this section, we explore the detailed structure and formu-
lations of the proposed macromodeling method, highlighting
its differences from the traditional LSTM discussed in
Section II.

107982

A. STRUCTURE OF THE CLOCKWORK LONG-SHORT TERM
MEMORY (CWLSTM)

The proposed Clockwork Long-Short Term Memory
(CWLSTM) macromodeling method combines the gating
advantages of the LSTM macromodeling method [17] with
the clockwork approach [26], [27], [28].

Fig. 2 illustrates a schematic of the structure of the pro-
posed CWLSTM macromodeling method. This structure
contains input, hidden, and output layers. The feedforward
connections in this structure are identical to those in con-
ventional LSTM used for macromodeling circuits [17], [23],
[29], meaning they are fully connected across layers. How-
ever, an essential distinction lies in the recurrent connections,
setting apart the proposed method from conventional macro-
modeling methods used for nonlinear circuits. As illustrated
in Fig. 2, the recurrent connections in the proposed CWL-
STM follow a modular approach, avoiding fully connected
recurrent connections throughout the network. The idea for
this modular approach is to partition the LSTM cells into
multiple modules, each containing an equal number of units.
The partial connectivity of recurrent connections is structured
such that units within each module at the current time step
receive recurrent information solely from specific modules
at the previous time step rather than from all modules. This
process is governed by a criterion known as the clock period.
If we consider m modules, each with an equal number of
units labeled modules 1, 2, ..., m, and associate each module
with its respective clock period (CPy, CP;, ..., CP,,), where

VOLUME 13, 2025
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CP; = 27!, then these clock periods shape the recurrent
connections. Specifically, the units within module a at time
step k — 1 are linked to the units within module b at time step k
only if CP, > CPy. It is important to note that in CWLSTM,
if two modules are connected, the connections between their
units are fully established.

In CWLSTM, when establishing recurrent connections,
they are organized from left to right based on clock periods.
This means the module with CP is positioned on the left side,
while the module with CP,, is on the right. Furthermore, mod-
ules with lower clock periods are denoted as fast modules,
while those with higher ones are called slow modules. For
instance, the 2" module with CP; = 2 is considered a faster
module in comparison to the 5 module with CP5 = 16.

As depicted in Fig. 2, the recurrent connections in CWL-
STM are designed so that each module at time step k receives
recurrent information from time step k — 1 solely from
modules that are slower than itself. This results in faster
modules having more complex recurrent connections than
slower ones. Considering that high-frequency content in a
signal carries more information, there should be a greater
emphasis on these parts of the data. Consequently, when
dealing with high (or low) frequency content, more (or less)
sophisticated connections are necessary to capture rapid (or
gradual) changes effectively over time. The means through
which recurrent connections are implemented in the CWL-
STM results in fast changes activating fast modules, while
slow changes activate slow modules. The specific type of
recurrent connections in CWLSTM allows the network to
capture high-frequency content using faster modules with
more recurrent connections. Conversely, slower modules
assist in capturing low-frequency information with fewer
connections. As a result, the proposed CWLSTM macro-
modeling method exhibits a more thoughtful structure than
traditional methods, leading to fewer parameters and more
efficient training.

B. FORMULATION OF THE PROPOSED CWLSTM

Section II outlined various components of the traditional
LSTM, with Equations (1)-(6) illustrating fully connected
recurrent connections for these components. The structure of
the proposed CWLSTM method results in different recurrent
connections for these components. Therefore, the states and
gates of the CWLSTM should be viewed as modified versions
of Equations (1)-(6), as outlined below.

1) THE INPUT GATE

Considering the recurrent connections in the modular
approach of CWLSTM, the formulation of the input gate for
the " unit of the module a at time step k can be expressed as
follows:

Ny N Na
iia(t) = o win It) + D > uln (1) (8)
s=1 m=a x=1

VOLUME 13, 2025

where N,,, Ny, and hy,, (t;—1) represent the number of mod-
ules, the number of units in each module, and the hidden state
of the unit x in module m at time step k — 1, respectively. Also,
ng,s and uig . denote the weight connecting the s input
to the input gate of i unit in module @ and the weight
connecting the hidden state of the x” unit in module m at
time step k — 1 to the input gate of the unit i in module a at
time step k, respectively.

In (8), the feedforward connections remain the same as
in (1), while the recurrent connections have been restructured
according to the modular approach of CWLSTM. As can be
seen in (8), the recurrent information from the previous time
step (i.e., the hidden state of the previous time step) is directed
to the focused unit at the current time step (unit { in module
a), following the module order. In simpler terms, the focused
unit receives recurrent information from modules slower than
itself, i.e., modules with larger (or equal) clock periods.

2) THE FORGET GATE
The same concept, as described in (8), is also evident in (9),

which represents the forget gate of unit i in module a within
CWLSTM.

Ny Nm Na
fat) = o W L)+ DDty uhm(®—)  (9)
s=1 m=a x=1

In (9), wf and uf

s a.om are the weight linking the s™ input
to the forget gate of i unit in module a and the weight
connecting the hidden state of the x unit in module m at
time step k — 1 to the forget gate of unit i in module a at time
step k, respectively.

3) THE OUTPUT GATE

Like (8) and (9), the modular approach of the CWLSTM
affects the formulation of the output gate for the i/ unit in
module a at time step k:

Ny Nm Na
oia(ti) = o e, It + D D ud, L ham(te-1) (10)
s=1 m=a x=1

in which, w;.’a’ , and ufa’ .m are the weight that connects the
s™ input to the output gate of i/ unit in module a and the
weight that links the hidden state of the x™ unit in module m
at time step k — 1 to the output gate of the unit i in module a

at time step k, respectively.

4) THE NEW MEMORY CELL

To bring the modular approach of the CWLSTM to the new
memory cell, the following formulation is provided as a new
memory cell in i unit in module a of the CWLSTM:

Ny Ny Ng
Cia(t) = tanh (>~ W, L) + D D> Ul o hom(t-1)
s=1 m=a xy=1

(1)
where, w§, and uf, . are the weight linking the s™ input

to the new memory cell of the i unit in module a and the
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weight that links the hidden state of the x”* unit in module m
at time step k — 1 to the new memory cell of the i unit in
module a at time step k, respectively.

5) THE MEMORY CELL STATE

Equations (8)-(11) illustrate the modular approach used to
describe the gates and the new memory cell of the CWLSTM
method. However, since the memory cell state of CWL-
STM incorporates (8)-(11), this aspect differs from traditional
LSTM. The equation (12) outlines the memory cell state of
unit i in module a of CWLSTM.

Cia(tx) = fia(te) X cia(tk—1) + fia(tx) X Cia(tx) (12)

As shown in (12), the memory cell state of CWLSTM
comprises input, forget, and output gates, as well as the new
memory cell specific to the proposed CWLSTM, all of which
have modular recurrent connections. Therefore, the memory
cell state of CWLSTM differs from conventional LSTM’s.

6) THE HIDDEN STATE

As demonstrated in (6), the hidden state of the conven-
tional LSTM contains the output gate and memory cell state.
In CWLSTM, the hidden state also includes the output gate
and memory cell state, although restructured and modular.
Therefore, the hidden state of cell i in module a of CWLSTM
is expressed as follows:

hia(tk) = 0ia(ti) % tanh(cia(tk)) (13)

7) THE OUTPUT LAYER

Equation (13) represents the hidden state of the CWLSTM in
a specified module unit. As previously mentioned, despite the
modular connections in CWLSTM, the feedforward layers
remain fully connected. Thus, the output of the CWLSTM at
time step k is calculated as below (for convenience, a single
neuron output layer is regarded in the equations):

Npn Ny
) =D > W () (14)
m=1 x=1

t o . . [h .
9wl is the weight connecting the x™ unit of the

m™ module to the output layer. As demonstrated in (14),
to generate the output at time step &, all units in all modules
are interconnected.

Equations (8)-(11) introduce different terms (i.e., the dou-
bled sigma) compared to those in (1)-(4) to represent the
recurrent connections. These terms, following the modular
approach in CWLSTM, prevent the fully connected recur-
rent structure seen in conventional LSTM formulations. The
recurrent connections in CWLSTM can also be represented
in matrix form. To illustrate this, consider the matrix for-
mulation of a gate in CWLSTM (such as the input gate),
as presented in (15):

i(ty) = s(W" (1) + U"H(t—1)) (15)

where i(ty) € RNmxNox1 G Wwin g RWNmxNOXN (1) e
RN and H(fy_1) € RWaxNmw)*1 are the vector containing

where, w
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the values of the input gates of all units at time step k. This
function maps a vector of values to a vector of sigmoid
values, the matrix of weights connecting the input vector
to the hidden layer, the input vector at time step k, and a
vector containing hidden states of all units at time step k — 1,
respectively. Also, U” is shown in (16), at the bottom of the
next page.

The matrix presented in (16) consists of multiple matrixes.
The i'h matrix in the first row of (16) is specified for the
weights used in the connections between module 1 at time
step k and module i at time step k — 1. The i matrix in
row 2 is reserved for the weights used in the connections of
module 2 at time step k and module i at time step k — 1, and
so on. The matrices 1 toj— 1 of row j in (16) are set to zero to
implement the clockwork structure. A similar matrix as (16)
is derived for each of the other gates of CWLSTM.

C. UPDATING MECHANISM OF CWLSTM VALUES

In conventional LSTM, like other traditional recurrent neural
networks utilized in macromodeling nonlinear circuits, the
hidden states of the recurrent network undergo updates to
acquire new values. This means that at each time step, the
hidden states are refreshed based on the new input provided
to the hidden layer in a feedforward manner and the recurrent
information received from the hidden states of the preceding
time step.

In contrast to traditional LSTM used in circuit macromod-
eling, CWLSTM employs a selective mechanism for updating
hidden states. This mechanism specifies that the values of
hidden states are updated at each time step based on the
input’s time index and the modules’ clock period, specifically,
at time step k, units in module a receive new values only
if k is a multiple of CP,. Otherwise, the old value (i.e., the
hidden state value of that module at the previous time step)
remains unchanged. This selective mechanism encourages
the network to respond to fast features of the input data with
fast modules and to slow features with slow modules.

Based on the mechanism described earlier, the hidden state
of unit i in module @ in CWLSTM can be represented as
follows over time:

. tr mod
0iq () x tanh (ciq (tr)) if (CPa _ 0) 17)

otherwise

hia(tk) =
hiq (te—1)

As shown in (17), for a given unit in a specific module,
if the index of the current time step is a multiple of the clock
period of that module, the hidden state is updated with a new
value. Otherwise, the previous value is retained as the current
value. For instance, suppose there are 5 modules in CWLSTM
and f;y = 14. In this scenario, only modules with CP; = 1 and
CP, = 2 receive new values, while modules with CP3 = 4,
CP4 = 8, and CPs5 = 16 retain their old values.

D. THE CWLSTM GRADIENTS
This section presents the gradients of the proposed CWLSTM
macromodeling method to be used in training the proposed
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FIGURE 3. The flowchart of generating a macromodel of a nonlinear
circuit using the proposed CWLSTM method.

network. To do this, there should be a loss function, which is
shown below:

N, Nt

1
En(t0) = $n(te) = yn(te) B =3 > > (Eaw))*  (18)

n=1 k=1

where ¥,,(t), yn(tx), Er and E,(#;) stand for the predicted
output for n training data at time step k using the proposed
CWLSTM method, the desired output at time step k, the error
for all time steps across all training data, and the error for one
training data at time step k, respectively. Also, Ny and Nt
denote the total number of training data and the time steps of
training data, respectively.

For simplicity, the gradients are calculated for E,(#).
To illustrate the gradient calculation procedure in the pro-
posed CWLSTM, we specifically focus on a weight entangled
in (10). To elaborate, we concentrate on ng,s and determine
the gradients with respect to this weight:

In (19), calculating 9E,(tx) / Bw‘e’f’x involves comput-

ing three distinct terms. The terms 0FE, () / 0y, () and
0V (tx) / 0hyy(tr) follow a standard procedure and are deter-
mined using (18) and (14), respectively. However, the term
Oy (1%) awgf’ s 18 specific to the CWLSTM network, and
its calculation is outlined in (22):

a Xm
Sou() tanh(c.n(te))

0y (i) _ of .5
- h(Cm(tk
+ 9 tanavgz)f S(tA ) 0xm(tk)

(20)
szfﬁs
The derivative term 00,,(t) / awgf’S in (20) can be com-

puted in (21). As evident from (21), the modular approach is
incorporated into the gradient computations when analyzing
the gradients of the output gate.

Nm Ng

A=I)+ DD U

m'=m'=1

8h)c’m’(l‘k—l)
awgf,s

Ohyyy (tr—1)

ife=xandf=m

otherwise

21

The subsequent derivative term, as shown in (20), is then
calculated below:

dcxm(te) — Ofum(tk) dCxm(tk—1)
B = xn; = xmo Cxm(tre—1) + Xm—of;cm(tk)
awef,s Wef,s Wef,s
Aim (k) Ac(tk) .
+ #me(tk) + —olxm(tk)
Wﬂ’f’s Wef,s
3 tanh(con (i) / dw? = tank' x B 22)

The term ¢y, (fr—1) / awgf , in (22) is a recursive com-
ponent of this equation (with respect to cy,), while the

IE, (1) IE, (1) Nm Ny 5nte) dhm(te) computation of other derivatives follows the same method
PR 75 ZZ holie) oWl (19) as in (21). Fig. 3 depicts the flowchart for generating a
ef s Inlk) 521 x=p Mmlk of s macromodel using the proposed CWLSTM.
ul ul Mol ul 7 m ol ul T 7
1,11 -+ Y1841 11,12 -+ “11,n2 11,IN,, - Y11,N4N,,
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FIGURE 4. Recurrent connection in the proposed HM-CWLSTM with modules of 29, 21, 37, 22 and 23 clock periods.

Apply the procedure in Fig. 3
and obtain a network with m
modules and d cells per module

v

Store the test accuracy of the
generated CWTSTM madel

+

Generate a new HM-CWLSTM:

e (Containing same number of the modules
and units as gencrated CWLSTM

#  Appending the next prime number to the|

D

current oues

®  Set initial’new hyperparameters (mumber|
of modules and units) to contain newly|
added primc numbers

v

Train the new HM-CWLSTM

Is the test accuracy of
the IIM-CWLSTM smaller than
original CWT.STM?

Generate a new HM-CWLST M:

e Containing same mumber ot the modules and
units as generated CWLSTM

e Having the same prime numbers

e Updating modules with different powers ofthe
current prime numbers

Does any combination of
hyperpurmmeters remain with the saune prime
numbers but diferent powers?

FIGURE 5. Flowchart of the method for generating a macromodel of a nonlinear circuit using the

HM-CWLSTM.

E. HYBRID-MODULAR CWLSTM (HM-CWLSTM)

In section III-A, it was noted that the clock periods of
the modules in the proposed CWLSTM are based on different
powers of the number 2. To further enhance the performance
of the CWLSTM method, we introduce the HM-CWLSTM
here. This hybrid approach is inspired by the concept of
using prime numbers of connection and their powers. In the
HM-CWLSTM, we include the number 3 (and other prime
numbers) alongside 2 to create additional entangled modules
for capturing information across time steps. Fig. 4 provides an
overview of the recurrent connections in the HM-CWLSTM,
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where the clock periods are derived from 2 and 3. The clock
periods in the figure include 2°, 2!, 31, 22, and 23. In (17),
it is shown that an LSTM unit in a module of CWLSTM is
updated at the time step #; only if k& divides the clock period
of that module. By incorporating multiple prime numbers in
the HM-CWLSTM to generate clock periods, more modules
are updated at the current time step. For example, if k = 12,
three modules are updated in CWLSTM, whereas four mod-
ules are upgraded in HM-CWLSTM. This allows the latter
model to capture the input-output relationship more effec-
tively than the former, resulting in a more accurate model.
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The process of generating the HM-CWLSTM is illustrated in
Fig. 5.

F. CLOCKWORK CONCEPT IN GATING STRUCTURE
Gating mechanisms in network structures, such as Long
Short-Term Memory (LSTM) networks, offer several advan-
tages over non-gating structures (such as RNN). The primary
benefit of gating is the ability to control the flow of infor-
mation through the network. This control helps manage
long-term dependencies and mitigate the vanishing gradient
problem, which is a common issue in traditional recurrent
neural networks (RNNs). Gating mechanisms, such as the
input gate, forget gate, new memory cell, and output gate in
LSTMs, allow the network to selectively retain or discard
information, leading to more efficient learning and better
performance on tasks involving sequential data.
Incorporating a clockwork approach into the gates of an
LSTM (including input, forget, output gates, and memory
cell state), changes the dynamics of information processing,
storage, and propagation within the network. This modifica-
tion causes the operations of different gates in an LSTM to
occur at different clock periods. The integration of clockwork
mechanisms with gating structures results in a more flexible
network, capable of adapting to various temporal characteris-
tics of the input data and improving computational efficiency
and also test error. Detailed explanation of the effects is in
below:

1) THE CLOCKWORK INPUT GATE

The input gate determines what new information is added to
the next cell from the current input. It allows the LSTM to
decide which parts of the new information are relevant for
the current state, ensuring the network can focus on the most
important aspects of the input. When input data has high-
frequency noise and irregular changes, LSTM input couldn’t
filter them and causes decreasing LSTM performance. The
clockwork approach can be applied to the input gate for
modifying when and how the fast or slow changes in the input
information is allowed to the next cell which results in only
significant long or short-term patterns to be integrated into
the next cell.

2) THE CLOCKWORK FORGATE GATE

The forget gate specifies what information to keep or to
remove from the cell. Because of its formulation, if new
information is not related to old information, it will let it be
retained in the memory cell state and forget the old data. This
ensures that the LSTM does not become overwhelmed by out-
dated information. Different modules process information at
different specific frequencies when the clockwork approach
is applied to the forget gate. In particular, fast modules can
rapidly forget short-term information. Slower modules retain
long-term information and update less frequently. This tem-
poral differentiation helps the model optimizes the retention
and forgetting of information within the cell more efficiently.
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3) THE CLOCKWORK OUTPUT GATE

The output gate decides which part of the cell state should
be chosen as cell output. It uses a combination of sigmoid
and tanh functions to control the flow of information. It deter-
mines the next hidden state by filtering the current cell state.
It ensures that only the most relevant information is passed
on to the next time step, helping the LSTM to make accurate
predictions based on the current context. When the clockwork
approach is applied to the output gate, in fast signal segments,
outputs primarily reflect immediate inputs and recent states.
Fast modules can immediately pass short-term information
to the output and enable rapid response to transient changes.
On the other hand, in slow signal segments, outputs inte-
grate information from larger temporal windows, aligning
with patterns over extended durations because slow modules
ensure that long-term information is gradually included in
the output and prevent the model from being overly reactive
to short-term noise. It reduces unnecessary high-frequency
updates, saves computation, and determines when hidden
state information is exposed to the rest of the network and
output gates at clock-specific frequencies, controlling how
often hidden state contributions are sent to the next time
step. This selective output contribution optimizes temporal
adaptation by balancing short-term and long-term influences.
This structured approach enhances the LSTM’s ability to
adapt its outputs to varying temporal contexts dynamically.

4) THE CLOCKWORK NEW MEMORY CELL

The new memory cell represents the main part of the new
information that is proposed to be added to the cell state.
It provides a way for the LSTM cell to update its memory
with new information while preserving the existing informa-
tion stored in the cell state. When The clockwork approach
is applied to a new memory cell, the main part of the
cell state could be updated selectively based on the tempo-
ral relevance of data: Fast modules are updated frequently
to capture short-term dynamics. Slow modules update less
frequently, focusing on long-term patterns. This temporal
segmentation improves the overall adaptability of the cell
state. In addition, this approach segregates the cell state
into short-term (fast modules) and long-term (slow mod-
ules) components. Short-term memory is stored and updated
quickly, enabling the network to respond to sharp tran-
sient changes. Long-term memory is preserved and updated
slowly, preventing overwriting by irrelevant short-term
information.

With this structure and its functionality, the proposed
method in this paper can be tailored to different datasets
and circuits with varying characteristics by adjusting several
hyperparameters and selecting which gates the clockwork
approach should be applied to (In this paper, the clockwork
structure is applied to all gates.). This approach allows for the
design of a specialized network suitable for specific circuit
response.
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FIGURE 6. Schematic of a five-coupled line interconnect driven by 4-stage
drivers.

TABLE 1. Comparison among conventional RNN, conventional LSTM, and
proposed CWLSTM methods for modeling the circuit of figure. 6.

Modeling Structure Training Testing T.rammg
method error error time(s)
Conventional | (248.1) | 336x10% | 35x10% | 3694
C"“LVSC‘TlR/}’“al (2,48,1) 38104 | 10.5x10% | 5,559
g@ﬁ‘;ﬁ& (2,2x24,1) 3.1x10% | 7.6x10% | 3,821

IV. NUMERICAL RESULTS

This section uses two nonlinear examples from high-
frequency applications to demonstrate the proposed methods’
performance and advantages.

A. FIVE-COUPLED TRANSMISSION LINE DRIVEN BY
4-STAGE DRIVER CIRCUIT
Fig. 6 illustrates the schematic of five-coupled transmission
line driven by a driver circuit. Transmission lines, or T-lines,
are conductive structures designed for efficiently transmitting
electrical signals between locations. They are particularly
relevant at high frequencies where distributed effects are
prominent, and traditional lumped circuit analysis needs to
be revised. The voltage and current of signals traveling along
T-lines correspond to the line’s characteristic impedance.
Generating a model capturing the transient behavior in such
transmission lines is advantageous. In this simulation, the
length of T-lines is considered 12.4 cm. The driver cir-
cuit employs a cascade of four push-pull inverter stages
implemented in a 130 nm CMOS process. Each stage is
progressively upsized to achieve proper fan-out and to pro-
vide sufficient drive strength for the capacitive and inductive
load presented by the coupled lines and load. This driver
topology facilitates low output impedance and efficient signal
transition. The transient time and transient step of SPICE
simulation are considered 20 ns and 0.1 ns

The block diagram representing the CWLSTM used to
model the circuitin Fig. 6 is illustrated in Fig. 7. In this figure,
C is a static parameter that signifies the load in the circuit of
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FIGURE 7. Structure of the proposed CWLSTM method for the circuit of
figure. 6.

TABLE 2. Comparison of run time speed-up among conventional
LSTM-based, proposed CWLSTM-based, and transistor-level models for
the circuit of figure. 6.

Modeling method CPU Time (ms) Speed-up
Conventional LSTM 37.17 46.49
Proposed CWLSTM 29.45 58.68

Transistor-level 1728 1

Fig. 6. The voltage across C; serves as the output voltage to be
modeled. To model this circuit using the CWLSTM method,
Vin and V5. generate square waveforms with a 2 ns period
for training the model. Vj, is the input signal whose rise/fall
times were varied from 10 ps to 35 ps with steps of 5 ps,
and V5. has an amplitude of 1.2 V. Additionally, the static
parameter values ranged from 200 fF to 450 fF with steps of
50 fF. Additionally, some test signals were also generated that
were not used in training, with rise/fall times ranging from
12.5 ps to 32.5 ps with 5 ps steps, and load capacitances for
the test data varied from 225 fF to 425 {F with a step of 50 {fF.

Table 1 is intended to compare the training time, as well
as the absolute training and testing errors, among the con-
ventional RNN, the traditional LSTM, and the proposed
CWLSTM methods for modeling the circuit depicted in
Fig. 6. Their network structure is also outlined in Table 1.
For instance, (2, 48, 1) indicates 2 inputs, 48 hidden units,
and 1 output, 2 x 24 in (2, 2 x 24, 1) comprises 2 mod-
ules, each containing 24 units. Additionally, the table reports
the total number of model parameters. Reviewing Table 1,
it becomes evident that the model generated using the pro-
posed CWLSTM method yields significantly lower testing
errors than the conventional RNN, the traditional LSTM. This
makes the CWLSTM-based model a more accurate solution
for addressing large-scale modeling challenges, like those
in complex nonlinear circuits. Moreover, with its reduced
number of parameters compared to the LSTM-based model,
the proposed technique offers faster training.
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FIGURE 8. Comparison among the transistor-level, the proposed CWLSTM-based, the conventional LSTM-based, and the conventional RNN-based

models when generating the output of a test signal for the circuit of figure. 6.

Table 2 compares the speed-up and CPU time expended
among the conventional LSTM-based, the proposed
CWLSTM-based, and the transistor-level models for the
circuit depicted in Fig. 6. The results demonstrate that the
CWLSTM-based model, while being the fastest, significantly
reduces the time required to generate outputs compared to the
transistor-level model. Consequently, the proposed method is
a highly appropriate option for nonlinear applications.

TABLE 3. Comparison between the required amount of training data for
conventional LSTM, and proposed CWLSTM methods for generating model
with similar accuracy for the circuit of figure. 6.

Modeling method No. of Training Training error Testing
data error
Conventional P ”
LSTM 36 3.8x10 10.5% 10
Proposed P B
CWLSTM 22 3.6x 10 10.8x10

Fig. 8 displays the simulated waveforms of the circuit
depicted in Fig. 6, illustrating the test output signals generated
by the proposed CWLSTM-based, the conventional RNN-
based, the conventional LSTM-based, and the transistor-level
models. The comparison in Fig. 8 demonstrates that the
model produced by the proposed CWLSTM closely resem-
bles the original output. In contrast, the conventional RNN
modeling method cannot even train the data with suitable
accuracy (due to vanishing gradient for large time steps) and
models based on LSTM exhibit poorer performance in this
context. Hence, the proposed CWLSTM method is superior
in generating fast and accurate models.

Table 3 compares the number of data required for train-
ing, along with the training and testing error values, for
the traditional LSTM approach and the proposed CWLSTM
method applied to the circuit shown in Fig. 6. This compari-
son indicates that the CWLSTM method needs considerably
less training data to attain a model with equivalent accuracy
compared to the traditional LSTM method.
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B. DC GENERATION CIRCUIT

Fig. 9.a shows a DC generator’s schematic. This voltage
generator is on-chip and suppresses defects such as the slow
rise and fall times of the chip’s input signal in the input buffers
of a digital receiver. The output of this circuit is a clean digital
signal for on-chip usage. This circuit slices the buffer’s input
data in the center by averaging the maximum and minimum
values of the input waveform. The buffer, shown in Fig. 9.b,
comprises NMOS and PMOS input buffers integrated in par-
allel. These input buffers adjust the rise and fall times of the
original signal. The design of this nonlinear buffer is based
on CMOS 50nm technology [30]. The transient time of the
SPICE simulation is considered 30 ns.

TABLE 4. Comparison among conventional RNN, conventional LSTM,
proposed CWLSTM, and proposed HM-CWLSTM methods for modeling the
circuit of figure. 9.

Modeling Training error | Testing error
method Structure (x 10%) (x 10%)
RNN (2,48,1) 583 593
LSTM (2,48,1) 70 71.7
CWLSTM (2,3x16,1) 9.0 45.7
HM- 0 1 1
CWLSTM 2,2%2%,3",1) 8.3 343

Fig. 10 outlines the block diagram representing the CWL-
STM approach employed for generating a model for the
circuit in Fig. 9. In this diagram, the input voltage and Cjyqg
(load capacitance) are designated as inputs of the model.
Similarly, Fig. 11 illustrates a block diagram for the HM-
CWLSTM is used to model the same circuit. In this diagram,
the structure (2, [2°, 2!, 31], 1) shows an HM-CWLSTM
structure with two inputs, a hidden layer with 3 modules,
each containing 16 neurons with clock rates of 20 21 and 3!
for modules 1 to 3, respectively, along with 1 output. Square
waveforms with a period of 0.7 ns and an amplitude of 1 V
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FIGURE 9. Schematic of DC voltage generator circuit (a) and buffer used
in this circuit (b).

Vot d (simulation data)

the presented CWLSTM, and HM-CWLSTM. Based on the
results, it is evident that in this scenario, due to the extensive
time steps needed for signal sampling (see Fig. 13) and the
prolonged transient time, the conventional RNN faces the
vanishing gradient problem and also the traditional LSTM
method faces challenges in training and shows limited reduc-
tion in training errors. Conversely, the proposed CWLSTM
and HM-CWLSTM methods not only achieve a significant
reduction in training errors but also demonstrate satisfactory
prediction accuracy for test data. Therefore, it can be inferred
that the presented CWLSTM method is well-suited for mod-
eling complex circuits with signals requiring a very large
number of sampling time steps.

Vout d (simulation data)

Hybrid-module CWLSTM
[2.12°, 24, 3,11

Simulation &
spice analysis

I 3

T 1]
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FIGURE 11. Structure of the proposed HM-CWLSTM method for modeling
the circuit of figure. 9.

TABLE 5. Comparison of the evaluation time speed-up for conventional
LSTM-based, proposed CWLSTM-based, proposed HM-CWLSTM-based,
and transistor-level models for the circuit of figure. 9.

CWLSTM
[2.3%16,1]

Simulation &
spice amalysis

Modeling method CPU time (ms) Speed-up
LSTM 56.2 22.74
CWLSTM 414 30.87
HM-CWLSTM 422 30.28
Transistor-level 1278 1

[

T

Vin Cload

FIGURE 10. Structure of the proposed CWLSTM method for modeling the
circuit of figure. 9.

were generated as training waveforms in modeling the circuit.
The range of rise and fall times for these signals varied
from 1 to 9 ps with steps of 2 ps. Additionally, the fixed
parameter value (Cjyqq) ranged from 1 to 4 fF with steps of
1 fF for generating training data.

Table 4 presents a comparison of the training and test-
ing errors for the traditional RNN, the conventional LSTM,
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TABLE 6. Comparison between the amount of training data for the
conventional LSTM and the proposed HM-CWLSTM for generating model
with similar accuracy for the circuit of figure. 9.

Modeling No. of Training . .
method data Training error Testing error
Conventional 4 4
LSTM 20 70% 10 71x 10
HM- 4 4
CWLSTM 5 59.3x 10 67.5%10

Table 4 demonstrates the superior performance of the
proposed CWLSTM method over other approaches and
highlights the advantages of the presented HM-CWLSTM
method. By combining numbers 2 and 3 for clock rates in the
Hybrid-Modular structure, more modules are updated during
training, allowing for a broader range of clock rates to be
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FIGURE 12. Comparison among the transistor-level, the proposed CWLSTM-based, the conventional LSTM-based, and the conventional RNN-based
models when generating the output of a test signal for the circuit of figure. 9.

—— Transistor-level ~ ---—-—-- CWLSTM e Hybrid-Module CWLSTM

annnnannnnAnAAARa

0 - 3 9] (1 70 75 30
Time(ns)

FIGURE 13. Comparison among the transistor-level, the proposed CWLSTM-based, and the HM-CWLSTM-based models when generating the output of a

test signal for the circuit of figure. 9.

trained. As the table indicates, the proposed HM-CWLSTM
method exhibits improved model accuracy compared to the
original CWLSTM.

Table 5 compares the speed-up and CPU time for the pro-
posed HM-CWLSTM-based, the proposed CWLSTM-based,
the conventional LSTM-based, and the transistor-level mod-
els. The results demonstrate that the methods presented in
this paper generate models that require significantly less time
to compute than the transistor-level models. The advantages
of the proposed CWLSTM and HM-CWLSTM reflect their
suitability for modeling complex nonlinear circuits with large
transient times.

Table 6 compares the number of data required for train-
ing, along with the training and testing error values, for
the traditional LSTM approach and the proposed HM-
CWLSTM method applied to the circuit shown in Fig. 9.
This comparison indicates that the HM-CWLSTM method
needs considerably less training data to attain a model
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with equivalent accuracy compared to the traditional LSTM
method.

Fig. 12 depicts the test output waveforms produced
by the proposed CWLSTM-based, conventional LSTM-
based, conventional RNN-based, and transistor-level models
for the circuit of Fig. 9. This figure demonstrates that
the output signal obtained by the generated CWLSTM-
based model closely aligns with the actual circuit out-
put, surpassing the accuracy of the RNN and LSTM
methods.

Fig. 13 compares the test output waveform gener-
ated by the CWLSTM method to the waveform derived
from the HM-CWLSTM-based model for the circuit
illustrated in Fig. 9. This comparison demonstrates that
the HM-CWLSTM-based model exhibits a closer match
with the target output, indicating its superior perfor-
mance compared to the original proposed CWLSTM
method.
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V. CONCLUSION

In this study, we presented novel macromodeling techniques
known as CWLSTM and its Hybrid version for modeling
of high-speed nonlinear circuits. The proposed CWLSTM
utilizes a unique type of recurrent connection different from
those traditionally employed in circuit modeling with conven-
tional RNN and LSTM. The modular recurrent connections in
CWLSTM contribute to its reduced complexity yet enhanced
effectiveness compared to the existing LSTM macromodeling
approach. Within CWLSTM structure, modules are assigned
clock periods based on powers of the number 2, determin-
ing their activation patterns. Additionally, we introduced a
hybrid variant of CWLSTM aimed at further refining accu-
racy. The hybrid approach allows for other prime numbers
with varying powers as clock rates. This modular design
of CWLSTM is adaptable across different architectural
setups.

Our experimental results indicated the superior perfor-
mance of the proposed methods over conventional RNN,
traditional LSTM, indicating significantly faster speeds than
simulation tools. By successfully modeling two nonlinear
high-speed circuits, the applicability of our methods has been
validated, suggesting their potential as practical solutions for
modeling intricate nonlinear circuits.
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