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Abstract—In this work, exploratory research using artificial
neural networks is conducted to automate the placement task
of analog integrated circuit layout design by creating a model
which can generate a valid layout at push-button speed. The
used methodology explores a semi-supervised approach to the
problem where no guidelines are used during the training of
the network and instead, the network learns to fulfill the most
general topological constraints (symmetry, self-symmetry and
current flow) which are evaluated directly in the loss function,
Additionally, an input vector containing encoded the constraints
to which each device is subject to is developed. This new input
vector allows the prediction for multiple topologies using a single
network (along with a methodology for padding it for cases with
a different number of devices). The result is a model capable of
interpreting topological constraints which in turn leads to a clear
increase in generalization of the knowledge trained. The focus on
evaluating the topological quality of the predictions leads to the
production of a multitude of novel placements, even for the same
sizing scenario, giving the designer the ability to choose between
several valid placements generated at push-button speed.

Index Terms—Artificial Neural Networks, Analog Integrated
Circuit Design, Electronic Design Automation, Placement Opti-
mization

I. INTRODUCTION

While integrated circuits (IC) are mostly implemented using
digital circuitry, analog and radio-frequency (RF) circuits
are still necessary and irreplaceable in the implementation
of most interfaces and transceivers. The implementation of
this technology requires, in order for the designed circuit to
achieve the intended performance, the careful sizing, layout
placement and layout routing on the chip of each device. These
processes highly influence the performance of the resulting
circuit and currently the industry has no widely used push-
button speed automatic tool to build these designs. As such,
current approaches rely on time consuming processes which
depend on designer intervention that are prone to human error.

Currently, numerous research papers have been published on
the theme, this paper addresses the device placement problem
[1] [2] but research is also being made on the device sizing
process [3].

Machine Learning (ML) is already being researched as a
possible tool to automate the process of analog integrated cir-
cuit (IC) design, both in mapping each device’s specifications

to its sizing characteristics [3] and in the design of the circuit’s
layout [1] as illustrated in Fig. 1.

Analog placement is the problem of, given a circuit’s netlist,
a set of the devices’ sizing specifications and several constrains
by which the devices’ positioning is restricted, finding the
best location for all the modules, optimizing some circuit
performance figures (e.g. chip area or estimated wirelength)
such that no constraint is violated.

This paper addresses the placement of each device on
the chip in order to build a valid layout similarly to the
model from Fig. 1(b), mapping from each device’s sizing to
its position on the chip. Whereas in [1] the model learned
from existing legacy layouts and attempted to preserve the
knowledge previously generated by layout designers and EDA
tools, in this paper a semi-supervised approach is tested where
the model is trained to optimize a loss function composed
by several weighted factors which evaluate the fulfillment
of each of the circuit’s topological constraints for any given
prediction. This change in prediction evaluation enables the
seamless introduction of a new circuit topology in the dataset
and encourages the development of novel layouts tailor made
for the input example, whereas this behavior was punished
before since the most rewarded action would always be the
one which best copied the selected legacy layout.

Fig. 1: (a) ANN used to solve the map from specifications to
the design variables directly [3], followed by (b), an ANN used
to solve the map from the design variables to the placement
coordinates. Reprinted from [1]

The objective is to obtain a trained model which is able to
interpret the positional constraints of each device codified in



the input vector and deliver at push-button speed a valid layout.
In this paper, only four of these requirements are optimized:
occupied area, symmetry, current-flow and overlap area. Note
though, that there are many others which further complicate
the problem as denoted in [4], as such this paper has the
objective to serve as a proof-of-concept rather than an ultimate
solution.

The main advantages of this approach when compared to
the work in [1] are the fact that no guidelines or templates
are necessary in order to train the network and that this
model learns to interpret the topological constraints imposed
on each device instead of learning the general guidelines of
pre-existing legacy layouts, allowing the model to achieve
better performance when met with never seen before circuit
topologies and propose novel topological relations between
cells. The proposed model’s general architecture can be de-
rived from the one represented in Fig. 1(b) and is illustrated
in Fig. 2 the main difference being in the presence of each
devices’ topological constraints in the input vector.

Fig. 2: Proposed ANN model for mapping from devices’
sizing specifications and topological constraints to placement
coordinates.

This document is organized as follows. In section II, the
related work and contributions of this work are provided.
Section III explains in detail the development of the ANN.
In section IV, the experimental results are presented, and, in
section V, the conclusions and future research directions are
addressed.

II. RELATED WORK

In the literature it is possible to distinguish between four
main methodologies being used for automatic placement of
analog ICs which can be differentiated by the amount of
information and knowledge each reuse from existing legacy
layouts (previously designed layouts which have already been
validated).

A. Placement Optimization with Topological Constraints
This approach, as seen in [2], doesn’t make use of any

previous templates, instead, the topological constraints are
codified in a cost function dependent on the devices’ posi-
tioning. A solution is found using tools from optimization
problem’s framework, finding the devices’ positioning such
that all necessary constrains are met and performance is
maximized. In order to ensure a valid solution, usually a
lot of restrictions are included, resulting in a time-consuming
process.

B. Layout Migration and Retargeting

This methodology [5] makes use of the fact that the
circuit currently being designed has been designed before,
thus assuring the existence of a proven quality layout for the
considered topology. However, there are differences between
both the circuits which prevent the direct use of the legacy
layout, the difference in size of the devices may either make
the layout invalid due to unmet constraints or enable further
optimization of some metrics like chip area; and the possible
use of a different process technology imposes some design
rules which must now be taken into account. As such, the
approach uses fast placement compaction techniques, e.g.
linear programming or graph-based algorithms, to generate
a solution using the same layout patterns of the previously
designed layout.

These solutions enable the conservation and re-utilization of
the knowledge and careful considerations put into the design
of the tested legacy layout, however, due to the aforementioned
existent differences between both circuits, the proposed solu-
tions are seldom optimal.

C. Layout Synthesis with Knowledge Mining

The methodology described in II-B requires the existence of
a legacy layout of the exact same circuit which constitutes a
limitation to the design of circuits without previously qualified
layouts and doesn’t make use of the immense knowledge
database which all of the legacy layouts constitute in the
scenario of existing matching sub-circuits. To address these
limitations, some new solutions based in knowledge mining
were proposed in [6] and [7].

In this approach the solution is based on several examples
taken from a design repository composed by several quality-
approved layouts for many different circuit topologies. The
process consists in first matching sub-circuits from the input
circuit to the sub-circuits extracted from any of the layouts
in the repository, notice that the same sub-circuit can have
more than one match in the repository allowing the generation
of several possible layouts for each combination of sub-
circuits matched. This methodology allows the mixture of
the spread-out knowledge in the repository. However, conflicts
are deterministically solved, as the acquired knowledge is not
generalized but only applied being impossible to generate a
layout beyond training data.

D. Placement Automation with Machine Learning

This paper extends the work made in [1] in order to create
an artificial neural network (ANN) model capable of creating
valid layouts at push-button speed. The general architecture of
the model used in [1] can be seen in more detail in Fig. 3.

The input vector for a circuit is composed by five sizing
variables (channel width and height, number of fingers, and
the device’s width and height) for each of the N devices that
make up the input circuit. The output of the network are the
bottom left corner’s x and y coordinates for each of the N
devices (consider only the smaller area floorplan output, the
other floorplans are computed independently and similarly as



if by three different networks). The model is trained using a
mean squared error (MSE) defined as

MSE =
1

mt

mt∑
i=0

N∑
j=0

[(xpij − xtij)
2 + (ypij − ytij)

2], (1)

where mt represents the number of samples in the batch for
which the error is being computed, xpij/y

p
ij is the predicted x/y

coordinate of the device j (out of N ) in example i (out of mt)
and finally xtij/y

t
ij represents the target x/y coordinates for

the same device in the same example. The target coordinates
are based on a selected legacy layout (among several from
a database) for each of the sizing cases which make up the
input vectors of the dataset. As such, it is possible to insert the
approach somewhere in between the methodologies described
in II-B and II-C since several legacy templates are considered
for the one topology used allowing the network to split the
input space (made up by the sizing cases of the devices)
between the several selected legacy layouts, but also taking
into account that for each input sizing, one legacy layout is
used as reference for the network, not allowing the crossing
of several templates to build one solution.

Fig. 3: General architecture of the ANN proposed in [1] to
map from devices’ sizing to placement coordinates, N being
the number of devices in the topology. Reprinted from [1]

This approach presents some issues, the main being that,
due to the reliance on legacy layouts of the same circuit
topology, the network is not prepared for any topology that
presents a slight difference from the original one, similar to the
problems denoted for the methodology described in II-B. Also,
the MSE loss function defined in equation (1) discourages
the generalization of acquired knowledge since any prediction
outside the selected legacy layouts (e.g. a layout which would
mix the general guidelines of two different legacy layouts)
would be punished by a high MSE error.

It is the main purpose of this paper to extend the introduced
idea of a model trained to design layouts at push-button speed,
while at the same time addressing the issue aforementioned
by creating a more abstract input vector which encodes the
topological constraints of the input circuit and changing the
loss function (to several weighted factors which evaluate the
topological quality of the layout similarly to the methodology
described in II-A) in an effort to train the network to recognize
these constraints and fulfill them, making the network more
resilient to unknown topologies.

III. SEMI-SUPERVISED ANNS FOR ANALOG IC
PLACEMENT

This work proposes the development of a non-linear model,
implemented by an ANN, that predicts the placement of an
analog circuit based on the sizing and topological constraints
of their devices. The placement of the devices should be made
taking into account the objective of fulfilling the circuit’s
topological constraints evaluated by the model’s loss function.
The general architecture of this model is illustrated on Fig. 4.

Fig. 4: General architecture of the ANN proposed in to map
from devices’ sizing and constraints to placement coordinates,
N being the number of devices in the topology.

By comparing the architecture of both models from Fig. 3
and Fig. 4, it is possible to notice some differences in both the
input layer and the output layer. The input vector now includes,
for each device, a description of its current flow and symmetry
constraints as well as two of the five sizing characteristics
originally used, the device’s width and height which provide
the effective area that the devices occupy in the floorplan when
instantiating its parametric cell. The outputs of the model are
the bottom left coordinates for each of the N devices resulting
in an output vector of length 2N .

A. Constraint Descriptive Input Vector

The input vector has been modified so that it now includes
not only each devices’ sizing characteristics but as well
a description of each devices’ symmetry and current flow
constraints. Consider the schematics of a single-stage amplifier
(SSA) configuration introduced in [8] and represented in Fig.
5.

The circuit is composed by 12 devices. For each of these,
a descriptive vector is generated containing information on its
current flow and symmetry constraints as well as its sizing.

1) Current Flow Constraints: As the parasitic in the most
critical current/signal paths of an analog circuit usually have
great impact on circuit performance, the devices in the same
current/signal path should be placed such that all current paths
have the same direction, from the power source to the ground.
It is possible to observe both a valid placement that fulfills this
condition in Fig.5(b) and an invalid one in Fig. 5(c). Notice
how in Fig. 5(c) the current flows towards the energy source
in the cases noted with a red arrow (the cases which don’t
fulfill the condition).

In the case of the SSA in Fig. 5, it is possible to distinguish
six different paths through which the current flows from the



Fig. 5: Single stage amplifier with gain enhancement: (a)
schematic with current paths highlighted as well as two
examples of device placement. (b) Valid placement; (c) Invalid
placement. Adapted from [9] and [10]

power source to the ground. These paths can be described by
the list of devices through which the current passes in order.
For example, one valid description of a current path would be
[PM1, NM4, NM9]. As such, for each of the 12 devices that
make up the circuit, it is possible to save its position in each
of the six different current paths, for example, the device NM8
appears in two different current flows in which it appears in
position 3 and 2 respectively. Numbering them from left to
right and top to bottom, its current flow constraints can be
represented by the vector of length 6, [0, 0, 3, 0, 2, 0].

Taking into account the framework of ANNs, it has
been suggested that the use of one-hot encoding for
categorical features has better performance than the ordinal
coding aforementioned [11]. In this case, the categorical
integer feature can be described, for a specific device, as
the device’s position in each of the current paths. Since
in the example of the SSA the maximum number of
devices which make up a current path is three, then each
path should be encoded by a one-hot vector with three
categories. Using the example of the device NM8 once
again, each of the values in the descriptive vector previously
mentioned will be extended as a three categories one-hot
vector as [[0, 0, 0], [0, 0, 0], [0, 0, 1], [0, 0, 0], [0, 1, 0], [0, 0, 0]],
or as a 6 × 3 = 18 long vector resulting from
the concatenation of all of the one-hot vectors
[0, 0, 0, 0, 0, 0, 0, 0, 1, 0, 0, 0, 0, 1, 0, 0, 0, 0]. The length of
this one-hot vector is thus given by

ncf × max
i

(devscf (i)), (2)

where ncf denotes the number of current paths in the circuit
(six in the case of the SSA) and devscf (i) represents the
number of devices which make up each of the ncf current
paths.

2) Symmetry Constraints: Symmetry is one of the most
important constraints in analog layout design. It reduces not
only the effect of parasitic mismatches but also the circuit
sensitivity to process variations. A symmetry constraint cor-
responds to a set of devices and/or device pairs which are

symmetrically placed along a symmetry axis as represented in
Fig. 5.

In the case of the SSA, each of the devices has a sym-
metric pair, as is the case of the pair of devices [PM0,
PM3] and [NM6, NM7]. Once again, these constraints can
be encoded through the use of a one-hot vector for each
of the devices which indicates to which of the circuit’s
N devices it should be symmetric to. As such, the result
is, for each device, an N = 12 long vector, e.g. for de-
vice PM0: [0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0], or for device NM6:
[0, 0, 0, 0, 0, 0, 0, 1, 0, 0, 0, 0]. Notice that this representation
can also encode self-symmetric devices (devices which should
be centered along the symmetry axis) by having a 1 in their
own index and devices which are not constrained whatsoever
(i.e. autonomous cells) by having no 1 along the vector.

3) Sizing Characteristics: Out of the five sizing character-
istics considered originally in [1], only two are preserved, the
device’s width and height which define the width and height of
the component’s encapsulation. Only these two were kept since
they are the only which directly interfere with the circuit’s
layout. So, for each device, a two values long vector is kept
[width, height].

Since these sizing values present in the dataset refer to
devices’ sizes on nanometric integration technologies, it is
important that these values are scaled in order to avoid
any vanishing gradients during the backpropagation phase.
Therefore, the dataset is normalized so that the mean of each
column of the dataset is 0 and the variance is unitary by
resorting to the expression

y =
x− µ

σ
, (3)

where y is the scaled column of the dataset, x is the unscaled
value of the same column, µ is its mean and σ is its variance.

4) Complete Input Vector and Padding for Multiple Cir-
cuits: By aggregating these three components of a device’s
description into one vector the result is a vector of length

ncf × max
i

(devscf (i)) +N + 2. (4)

In the case of the SSA, the vector’s length is given by 6 ×
3+12+2 = 32. Finally, the complete input vector of a sizing
case for the SSA circuit is the result of the concatenation of
the descriptive vectors of all N = 12 devices, thus, the length
of a circuit’s input vector is given by

length = N [ncfMax(devscf ) +N + 2]. (5)

One of the main limitations of the template based model was
the fact that it would not be able to make sound predictions
for circuit topologies in which it had never been trained
before. This constitutes the main issue this paper attempts to
address, as such, a new circuit is introduced to the dataset,
a cascode-free single-stage amplifier (CFSSA) using a fully-
differential folded voltage-combiner proposed in [12]. The
circuit’s schematics are represented in Fig. 6. Notice that
this circuit has a self-symmetric device (PM4), as such, the



introduction of this topology allows the network to learn to
identify this newly introduced constraint as well as training
the network to deal with circuits with different number of
devices.

Fig. 6: Schematics for the cascode-free single-stage amplifier
with current paths highlighted. Adapted from [12]

The introduction of another circuit in the dataset presents an
issue since all input vectors of an ANN should have the same
length. By comparing both circuit’s schematics it is clear that
not only is the CFSSA composed by 15 devices but it is also
possible to distinguish 8 different current paths as opposed to
the 12 devices and 6 current paths which make up the SSA.
Notice that a circuit’s vector length is given by equation (5),
which for the SSA means lengthSSA = 12[6× 3 + 12 + 2] =
384 while for the CFSSA the input vector’s length is given
by lengthCFSSA = 15[8 × 3 + 15 + 2] = 615. To address
this problem, zero-padding was introduced in order to pad the
SSAs vector to meet the CFSSAs length. The process is similar
to introducing in the circuit’s schematic three new devices
which do not have either width or height or any topological
constraints and two new current paths which no device is part
of. The new padded descriptive vector of the device PM0 in
the SSA circuit can be seen in Fig. 7(a) and the resulting
padded input vector can be visualized in Fig. 7(b).

Fig. 7: (a) Padded descriptive vector for device PM0 and (b)
full input vector for the single stage amplifier circuit.

The length of the input vector for a dataset composed of
multiple circuits is given by

length = max
cj

(N)[max
cj

(ncf )max
cfji

(devs(cfij)) + max
cj

(N) + 2],

(6)

where cj denotes all the different circuits present in the dataset
(two in the case of this paper, the SSA and the CFSSA) and
cfji represents all current paths in all of the different circuits
present in the dataset (six for the SSA, eight for the CFSSA
for a total of 14 current paths).

B. Topological Loss Function

In order to focus the model on learning how to interpret a
circuit’s topological constraints, it is necessary to change its
loss function since the one used in [1] (represented in equation
(1)) evaluates the quality of the prediction made by comparing
its similarities to the selected legacy layout. This results on
the focus being in generating layouts similar to previously
designed layouts, which in turn discourages the production of
novel designs and creates a model unprepared for new circuit
topologies. To overcome this dependency on legacy layouts, a
new loss function is proposed, one which evaluates the quality
of a prediction made by evaluating whether or not the circuit’s
placement constraints are met. Therefore, the general shape of
the proposed loss function is given by

loss = waWA + wsS + wcfCF + woO, (7)

where WA denotes the wasted area of the layout, S represents
the summed deviation of each pair of devices’ symmetry axis,
CF represents the error associated to non-consistent current
flow directions, O denotes the summed overlap area between
all devices and wa,s,cf,o represent the weights associated to the
area, symmetry, current flow and overlap errors respectively.

1) Wasted Area: It is a usual requirement for analog IC
technology to have minimal area in order to reduce costs, as
such, the first factor taken into account in the new loss function
is the layout’s compactness.

The area of the layout is defined using the area of the
smallest possible rectangle which can encapsulate all of the
circuit’s devices in full, i.e. the square defined by the minimum
and maximum x and y coordinates from all of the devices’
edges.

To better quantify how compact a layout is, its wasted area
defined by

WA =
AL∑N

i=1A(devi)
, (8)

where AL denotes the predicted layout’s circumventing area,
N the number of devices in the circuit and A(devi) the area
of the device i. Thus measuring the ratio between used area
and minimum necessary area for no overlap.

2) Summed Symmetry Axis’ Deviation: The symmetry axis
of a pair of symmetric devices can be determined by calcu-
lating the centroid of the pair by first calculating the centroid
of each individual device. This is defined by

...
x =

1

2
(xi +

wi

2
+ xj +

wj

2
), (9)

where
...
x denotes the x coordinate of the pair’s symmetry axis,

xi/j the x coordinate of the bottom-left corner of device i/j
and wi/j the width of device i/j.



The layout is forced to be centered at x = 0 and so, all
symmetry axis should be located at x = 0, therefore, it is
possible to define the layout’s symmetry error through the sum
of the deviation of each symmetry axis to x = 0 through

S =

M∑
k=1

...
x2
k, (10)

where M denotes the total number of symmetry groups
in the circuit and

...
xk the x coordinate of the k group’s

symmetry axis. The value of
...
xk is squared since it is easier

to differentiate than the absolute value, thus facilitating the
backpropagation of the error. Additionally the symmetry pair’s
y coordinates should be equal, that is ∆yk = yi − yj should
be 0. This parameter is thus added to equation (10)

S =

M∑
k=1

(
...
x2
k + ∆y2k), (11)

Finally, the symmetry error is also normalized in relation to
the total number of devices N and the squared (to match units)
average width w of all devices. The final symmetry error is
given by the expression

S =

∑M
k=1(

...
x2
k + ∆y2k)

N × w2 . (12)

3) Current Flow Consistency Error: In order to minimize
the impact of parasitics in the performance of the IC, it is
important to ensure that all current paths flow in the same
direction, either from top to bottom or bottom to top.

The direction through which the current flows, abstracting
from the wiring between devices, can be determined by the
sign of the difference in y coordinates between two consecu-
tive devices in a current path. More specifically, between the
top y coordinate of the first device and the bottom y coordinate
of the second device.

CD = sign(y+i − y−j ) (13)

where y+/−
k denotes the top/bottom y coordinate of device k.

In order for the layout to fulfill the current flow constraints,
all current paths should be directed from top to bottom (also
denominated as positive direction), that is CD = 1.

It is possible to quantify a layout’s total current flow error,
normalized in relation to both the number of devices N in the
circuit and the average device height h, through the following
equation

CF =

∑ncf

i=1

∑devs(CFi)
j=1,

k=j+1

−min(0, y+j − y−k )

N × h
(14)

where ncf denotes the number of current paths in the circuit,
devs(CFi) the number of devices that make up current path
number i and y

+/−
ij the top/bottom y coordinate of the jth

device in the current path i. Errors occur only if the current’s
direction is negative. If it is positive, then the error is null.
This aspect is codified in equation (14) through −min(0, y+j −

y−k ) where positive current directions are ignored and negative
directions are considered. These then have to be made positive
so they contribute to an increase in the error which will be
minimized during the training phase. It is also important to
note that the greater the value of y−ik is in relation to y+ij , the
greater the associated current flow error, this is so that the
gradient of the error pushes the values of y−ik to lower values.

4) Overlap between Devices: Since the network can place
any device in any point of the 2-D plane, there is no rule that
stops it from putting one device on top of another as in the
layout in Fig. 8. To address this problem, another metric is
introduced, total overlap area, which quantifies the area of the
intersection between all pairwise combination of devices. The
horizontal overlap between any pair of devices i and j (overlap
between the two lines which result from the projection of both
devices in the horizontal axis) can be calculated through

OH(i, j) = max(0,min(x+i , x
+
j ) −max(x−i , x

−
j )), (15)

where x+/−
i represents the right/left x coordinate of device i.

Vertical overlap is calculated through

OV (i, j) = max(0,min(y+i , y
+
j ) −max(y−i , y

−
j )), (16)

where y+/−
i represents the top/bottom y coordinate of device i.

Finally, combining both (15) and (16), the total overlap area
for a layout with N devices, normalized in relation to the
devices’ total area, is given by

O =

∑N
i=1

∑N
j=1
j 6=i

OH(i, j) ×OV (i, j)

2
∑N

i=1A(devi)
, (17)

where A(devi) represents device i’s area.

Fig. 8: Example of a placement for the single stage amplifier
with overlap area between devices in gray

C. Model Structure and Training

The ANN model used consists in a fully connected ar-
chitecture without weight sharing. The number of layers and
nodes in each of them was determined empirically and set to
four layers, each with the corresponding number of neurons
2000/750/250/100. The number of nodes first increases to
create a rich encoding, and then, decreases toward the output
layer to decode the predicted circuit placements. The activation
function in the hidden layers was set to the exponential linear



unit (ELU) [9] function and the linear function was used in
the output layer.

To train and evaluate the model the dataset was split in
training (70%), validation (15%) and test set (15%) to further
reduce any over-fitting. The training of the model is done
using Adam optimizer [13], a variant of gradient descent with
both adaptive learning rate and momentum. The optimizer’s
parameters were set to the default values of α = 0.001,
β1 = 0.9 and β2 = 0.999.

IV. EXPERIMENTAL RESULTS

All ANNs were implemented in Python language with
TensorFlow [14] and Scikit-Learn [15].

A. MSE Models

Two different models using the MSE loss function and
sizing based input vector were tested to serve as reference.
The MSE models were trained using only the SSA topology
proposed in [8] (whose schematic is presented in Fig. 5 with
the current-flows superimposed) as was done in [1]. For each
example in the dataset (which consists in a specific combi-
nation of device sizing specifications) 12 different templates
(which fulfill all topological constraints) were generated using
the circuit sizing optimization procedure described in [8].
Each of these templates represents the preferences of a layout
designer as shown in Fig. 9 which contains examples of
three of the different templates generated. The dataset contains
10,422 different sizing examples,

Fig. 9: Example of three different templates for the single stage
amplifier

For the experiments done, the MSE models were trained to
produce the template with minimal area, i.e. for each sizing
example, the template which produced the layout with least
area was selected as target. One of the two tested models was
trained using polynomial features of second degree, i.e. if the
input features of the ANN are a, b and c, the polynomial
features of second degree are a, b, c, a2, ab, ac, b2, bc and c2.
However, out of these added features only the ones resulting
from crossing features were used, i.e. ab, ac and bc.

Both models were trained for 1500 epochs. The train-
ing and test outputs of both models were tested using the
topological loss function defined in (7). The weights for the
area, symmetry, current flow and overlap factors were set to
[1, 400, 10−3, 700] respectively. The weights were set empir-
ically in order to make all components similar in magnitude
if the level of satisfaction is similar, e.g. for the placement
in Fig. 8 one would expect a noticeably higher overlap error
than symmetry error. The average values for all the four factors

TABLE I: Mean Topological Error of MSE Models

Non-Polynomial Polynomial
Training Test Training Test

Wasted Area 1.61 1.44 1.68 1.59
Symmetry 1.22 1.42 1.74 2.37

Current Flow 0.00 0.00 0.12 5.24
Overlap 73.69 132.48 19.7 112.78

Total Error 76.52 135.34 23.24 121.98

that make up the loss function as well as the total error are
represented in table I. All of the values are already weighted.

The results show, as expected, a higher topological error
in the test sets when compared to the training sets. Also, the
polynomial model presents a much lower training error but
its test error is comparable to its non-polynomial counterpart,
suggesting the occurrence of overfitting (early stopping and/or
L1/2 regularization would certainly reduce this effect [16] but
the purpose of this comparison is to point out the model’s
tendency to overfit). Furthermore, a reduction in wasted area
is generally accompanied by an increase in overlap error.

B. Topological Constraint Satisfaction Models

The proposed model in this paper, with a topological
evaluation loss function and a constraint descriptive input
vector, is trained using both the SSA topology from [8] and
the CFSSA from [12] (meaning the SSA input vector is zero
padded according to the method in III-A4) and scrambling
the device order in each example. The SSA dataset consists
in 10,422 examples with 12 different templates to choose as
target.

The CFSSA dataset consists in 255 different sizing exam-
ples with 2 different templates as targets, each sizing example
is augmented 45 times changing the order of the devices in
each copy totaling 11,475 total examples. The resulting dataset
has a total of 21,897 examples which are split into a training
(70%), validation (15%) and test set (15%).

The model is trained to minimize the predictions’ topo-
logical error for 1,100 epochs in two different scenarios: (1)
The network is trained for 100 epochs using the MSE loss
function described in equation (1), where for each example
the target positioning is the template which generated the
layout with least area. Then the loss function is switched to the
topological loss function from equation (7) for the remaining
1,000 epochs. (2) The model is trained for the full 1,100
epochs with the topological loss function.

In both scenarios, the order of the devices in each input
vector is independently scrambled in order to build a model
robust to the order in which the devices appear in. This
scrambling also simulates the inclusion of several distinct
circuit topologies and should increase the generalization of
the model. The weights for the area, symmetry, current flow
and overlap factors were set to [1, 400, 10−3, 700] respectively.

The evolution of the training and validation error (evaluated
using the topological loss function) are represented in Fig. 10.

The MSE initialization was introduced in order to initialize
the model’s weights in a stable region where the restrictions
were closer to fulfilled, the topological evaluation loss function



Fig. 10: Evolution of training and validation error for a model
with topological evaluation loss function and constraint de-
scriptive input vector; (a) with MSE initialization; (b) without
MSE initialization.

would then just make slight adjustments and optimize the
results. However, it is clear by analyzing both figures that the
MSE initialization seems to delay the process of convergence,
and that the loss decreases exponentially once the loss function
is changed. To discern the influence of each component in the
total error, Fig. 11(a)/(b) and Fig. 11(c)/(d) show the evolution
of the individual error components over the training.

Fig. 11: Evolution of the individual error components for
the MSE initialized topological model; (a) Training error;
(b) Validation error. And for the topological evaluation based
model; (c) for the training set; (d) for the validation set.

Notice that the overlap error is the main component error in
both cases and while overlap and symmetry error can be easily
analyzed, both the current flow and wasted area components
are quite small in comparison and as such their evolution
cannot be studied through Fig. 11.

TABLE II: Mean Topological Error of Topological Models

MSE Initialized Topological
Training Test Training Test Augmented

Wasted Area 2.75 2.65 2.98 2.85 3.39
Symmetry 15.40 18.46 15.58 17.70 11.12

Current Flow 0.66 0.71 4.02 4.40 1.09
Overlap 63.74 77.28 63.36 74.77 11.04

Total Error 82.55 99.1 85.94 99.72 26.65

To allow a better comparison between both models, the final
average error for the training and test predictions for each
model are shown in table II.

By analyzing table II it is possible to conclude that the
difference between the test and training errors are not as
significant as for the MSE models. For the MSE models (the
results shown in table I), the test error is 76% and 425%
higher than the training error without polynomial features
and with polynomial features respectively. For the topological
evaluation based models, the test error is only about 20%
higher in both cases. So even though the training error is
larger for the topological evaluation based models, there is
a clear improvement in the generalization of the knowledge
gained. Notice in Fig. 11 the similarity between the shapes
of the validation and the training curves in both cases, it
seems that whenever the model reduces the error for the
training set, the effect of the update on the network’s weights
is equally felt in the validation set, this further corroborates
the hypothesis that the generalization of this model is much
higher when compared to its MSE counterparts. It is clear
that the main difficulty of the model is avoiding overlap
between devices, clearly representing the majority of the error.
In matter of fact, its high associated weight is a result of
attempting to reduce said overlap since a higher weight makes
its associated gradient higher than the remaining components’,
thus prioritizing its decreasement during training.

Since the model is robust to changes in the order of the
devices in the loss function, one single sizing scenario can be
used to generate 15! ∼ 1.3 × 1012 distinct input vectors. As
such, each example in the test set is augmented 100 times,
changing the order of the devices in each copy. A prediction
is then generated for each of these copies (using only the
fully topological model) and the selected output for the sizing
scenario is the one out of the 100 that generated the prediction
with least error. The mean topological errors for the augmented
test set and comparison with the not augmented test and
training sets are represented in table II.

There is a significant reduction in error, particularly in the
overlap component, making it even lower than the training
set error. Since a single prediction took 0.0304 seconds while
100 predictions took 0.0396 seconds, the trade-off between
prediction time and mean error seems to fulfill the desired
push-button speed and greatly improve the quality of the
predictions.

One question that should be posed now is what’s the influ-
ence of each component on any of the others? For example, it’s
intuitive that an increase in the prediction’s wasted area should



lead to a decrease in the overlap between the devices, however,
the relation between the current flow error and symmetry (if
any) is harder to visualize. To address this question, an analysis
on the correlation between the components for both models
was made (for the MSE initialized model, the correlation was
studied once the model had been initialized and the training
using the topological loss function began). The study was
made using Pearson’s correlation coefficient. Fig. 12 shows
the results of the analysis.

Fig. 12: Correlation study between all four components of
the topological error for (a) MSE initialized model and (b)
Topological evaluation based model. P-values in green

As expected, there is a very strong negative correlation be-
tween wasted area and overlap, with a coefficient of ρ = −0.9
for the initialized model and ρ = −0.8 for the uninitialized
one. Notice that in every case, the coefficients are not as
pronounced for the uninitialized model, however, the signs
are consistent across both examples which strengthens the
credibility of the highest results. The already examined over-
lap/wasted area (OL/WA) correlation for example, presents
high negative values in both cases meaning that most likely
there is a somewhat strong negative correlation between both
even if not as strong as the results in Fig. 12(a) might suggest.
Other significant examples are the pairs current flow/wasted
area (CF /WA), symmetry/overlap (Sym/OL) and Sym/WA.
Notice that in every case the registered p-values meet the
criteria p < 0.001 meaning the correlations are statistically
significant.

The pair CF /WA presents high positive correlation between
the two, meaning that an increase in wasted area (which
translates in an increase of the prediction’s area) is met with an
increase in current flow error, this correlation can be explained
through the analysis of equation (14), the equation makes so
that if two devices are in the incorrect order, e.g. device A is
above device B when it should be below it instead, the error
is higher if B maintains its position and A is moved further
above (i.e. in the wrong direction). This means that for a given
prediction with a pair of devices in the wrong order, if the
layout is simply expanded outwards maintaining the relative
position of each device, its current flow error increases. In the
same manner, once the layout is shrunken, the current flow
error decreases. Notice that if originally the two devices were
already in the correct order, the error would remain 0 once

the layout was expanded, thus, an increase in wasted area can
only lead to either the increase in current flow error or its
stagnation which can clearly be seen in the scatter plot of
both components in Fig. 12(a).

There is a strong negative correlation between the pair
Sym/WA meaning that an increase in area is followed by
a decrease in symmetry error, this relation can be explained
when taking into account the high weight associated to the
overlap error and the nature of the symmetry between de-
vices. Symmetry between any two devices is fulfilled if their
symmetry axis is centered in x = 0 and their y coordinates
are the same, this presents a fragile equilibrium where both
devices have to be placed taking the other into consideration,
as such, finding the perfect symmetric placement is a result of
small corrections on each of the involved device’s positioning.
These small corrections, when made in a compact layout,
may increase significantly the overlap error, as such these
corrections are discouraged by the overlap component’s high
gradient, so once the layout is expanded these corrections can
be made and the symmetry error decreases. This also explains
the existing positive correlation between the pair Sym/OL

since a decrease/increase in overlap error (increase/decrease in
wasted area) is followed by a decrease/increase in symmetry
error. If the hypothesis made is true, it should be possible to
verify these relations in the evolution of the error components,
however, due to the different scale of the error components,
these cannot be easily compared in Fig. 11. In order to
visualize these influences, Fig. 13 shows the evolution of the
different components for the uninitialized model normalized
using minmax normalization so they’re all in the same scale.
The figure corroborates the supposition made as the area of
the predictions increase in order to reduce the other error
components. There is however a noticeable jump in the current
flow error at around 100 epochs which is not easily explainable
since no other component suffers such drastic changes which
could explain this behavior.

Fig. 13: Normalized (minmax) error components’ evolution
during training for the topological evaluation based model

C. Folded Single Stage Amplifier Circuit Test

In order to test model’s performance with never seen before
topologies, a new circuit is introduced, the Folded Single Stage
Amplifier (FSSA). For the simulation of a real life scenario,
a single sizing scenario is augmented 1000 times. Out of the



1000 predictions made, the best 3 are selected and proposed
to the designer as different placement possibilities. These are
shown in Fig. 14.

(a) (b) (c)

(d) (e) (f)

Fig. 14: 3 different predictions for a single sizing case of
the FSSA topology after 1000 scrambled copies of the same
example were tested. (d)/(e)/(f) are the same as (a)/(b)/(c) but
the self symmetric devices were hidden

Note that the FSSA circuit topology introduces 4 different
self-symmetric devices. Up until this point the model had
only ever dealt with one single self-symmetric device and has
learned to deal with it accordingly, placing it in the top center
of the layout (top due to the current flow constraints). By
applying this simple logic to the new topology, all four self-
symmetric devices are placed in the top center of the layout
resulting in a big overlap between these devices as it can be
seen in any of the 9 predictions. This at least means that the
model is capable of recognizing self-symmetric devices. In
order to better evaluate the predictions made, Fig. 14(d)/(e)/(f)
show the same predictions but without the self-symmetric
devices. While there is still some significant overlap, it is clear
that symmetric pairs were clearly identified. Note as well that
the current flow error is quite null in all predictions. Overall
the model seems to have correctly identified the topological
constraints of the circuit and seems to have attempted to satisfy
them using the methods which it had learned before, even
though these didn’t produce a single valid placement.

V. CONCLUSION AND FUTURE RESEARCH DIRECTIONS

The introduction of a loss function which evaluates the
quality of a prediction based on the fulfillment of multi-
ple considered constraints allowed the generation of novel
placement solutions tailor made for each example, as well as
eliminating the need for the pre-production of tested legacy
layouts. The use of a constraint descriptive input vector
allows the distinction between different circuit topologies and
consequently, together with the input vector padding method,
enables the introduction of multiple circuit topologies using
the same model. The use of a constraint identification and
satisfaction approach results in a greater generalization of the

acquired knowledge as the model seems to correctly identify
constraints in never seen before topologies. The use of ANNs
seems suited to the problem as it enables the production of
solutions at push-button speed.

This work served mainly as proof of concept for the
implementations done in the input vector and loss function,
as such, the necessary focus was never given to the tuning
of the hyperparameters which may lead directly to better
performance. Note even that the use of ANNs may not have
been optimal, other regression models like random forest
might have been tested and could result in better performance.
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