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Abstract 

Nonlinear device modeling is an important area of computer-aided design for fast and 

accurate microwave design and optimization. The purpose of this thesis is to develop 

advanced modeling techniques for efficient generation of microwave device models. The 

proposed techniques combine the universal fitting capability of neural networks and the 

cost-effective optimization concept of space mapping, to achieve reliable device models 

for nonlinear circuit simulation and statistical design. 

To meet the constant need for new device models due to the rapid progress in 

semiconductor technology, a neuro-space mapping (Neuro-SM) technique is firstly 

proposed. It automatically modifies the behavior of existing models to match new device 

behavior. Neuro-SM models improve the accuracy of existing device models while 

retaining the model speed. An advanced Neuro-SM formulation is proposed with 

analytical mapping representations and exact sensitivity analysis for efficient model 

training and evaluation. The analytical Neuro-SM model can be incorporated into high-

level simulators to increase the speed and accuracy of circuit design. By mapping the 

existing equivalent circuit models to detailed device physics data, the Neuro-SM can also 

efficiently expand the scope of models in existing circuit simulators to include device 

physics behavior. 
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This Neuro-SM concept is expanded for efficient large-signal statistical modeling of 

nonlinear microwave devices. A linear statistical space mapping technique and a 

statistical neuro-space mapping technique are proposed. The proposed techniques 

introduce a new statistical space mapping concept that can expand a large-signal nominal 

model into a large-signal statistical model. The nominal model is extracted or trained 

from one complete set of dc, small-signal, and large-signal data. The behavior of a 

random device in the population is obtained by a mapping from that of the nominal 

device. In the linear statistical space mapping technique, we propose to use a simple 

linear dynamic mapping. In the statistical Neuro-SM, this mapping is nonlinear and 

represented by neural networks to overcome the accuracy limitations of the linear 

mapping in modeling large statistical variations among different devices. The statistical 

parameters of the model are extracted from dc and small-signal S-parameter data of many 

device samples. In this way, the proposed techniques allow efficient large-signal statistical 

model development with reduced expense of otherwise massive large-signal measurements for 

many devices. 
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Chapter i: Introduction 

1.1 Background and Motivation 

Today's radio frequency (RF)/microwave design faces the challenges of increasing 

complexity, tighter component tolerances, and shorter design cycles. As a result, the 

demand for faster, more accurate, and cost-effective computer-aided design (CAD) 

techniques in the RF/microwave area becomes more and more urgent. It is desired to use 

electromagnetic (EM)/physics based simulations to achieve design accuracy. However, 

such simulations are in general computationally expensive. Modeling with EM/physics 

accuracy but much faster than direct EM/physics simulations has become an important 

research direction [1]. This thesis addresses an important aspect in this direction, i.e., 

large-signal modeling of nonlinear microwave devices. 

Nonlinear device modeling is an important area of CAD, and many device models 

have been developed [1]. Due to rapid development in the semiconductor industry, new 

devices constantly evolve. Models that were developed to fit previous devices may not fit 

new devices well. There is an ongoing need for new models. The challenges for CAD 

researchers are not only to develop more models, but also to introduce new CAD 

methods, so the task of developing models becomes more efficient and systematic. The 

latter aspect is the motivation of this thesis. 
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Most traditional RF/microwave modeling techniques for active devices are based on 

equivalent-circuit models or parametric characterization (black-box models) [1], 

requiring trial and error based topology modification or extensive dc and RF 

characterization. On the other hand, the use of more detailed models, e.g., physical 

models based on analytical expressions or numerical algorithms [1], is necessary to 

achieve improved large-signal designs and to relate the yield and performance of the 

designs to the fabrication process. However, many of the analytical models lack the detail 

and fidelity of their numerical counterparts, and the computation of the numerical models 

is usually slow. Microwave technology innovation desires generalized and efficient 

techniques that can accurately model different types of newly evolved devices. 

Recently, artificial neural networks (ANNs) have been recognized as an important 

vehicle in the microwave computer-aided design area in addressing the growing 

challenges of designing next generation microwave devices, circuits, and systems [2]-[4]. 

ANN models can be trained to learn electromagnetic and physics behavior. Furthermore, 

trained ANNs can be used in high-level circuit and system design allowing fast 

optimization including electromagnetic and physics effects in components. In the 

nonlinear modeling area, there has been a significant amount of interest in exploring the 

potential of ANN based methods for modeling active devices and nonlinear circuits. The 

I-Q model in [5] uses pure ANN to provide transistor terminal currents and charges. It 

has been applied to metal-semiconductor field effect transistor (MESFET) modeling [5] 

and large-signal high electron mobility transistor (HEMT) modeling [6]. The adjoint 

neural network method in [7] enables neural network model for large-signal devices to be 
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trained with dc and bias-dependent S-parameter data. The recurrent neural network 

method in [8] uses a discrete time-domain formulation to model nonlinear circuits and 

devices. These methods represent important steps towards automating the device 

modeling process. However, because the neural networks have to learn the device 

behavior from scratch without using an existing device formula, more training data is 

needed, or the reliability of the model will be low. Since there already exist a vast body 

of device models, how to utilize the existing models and to use neural networks to 

complement what is missing in the existing models becomes an important research topic. 

One solution is knowledge-based neural networks [2], [9]-[12], which exploit existing 

microwave empirical functions or equivalent circuit models (the knowledge) together 

with the neural network to create an overall model. The empirical function/equivalent 

circuit part is computationally efficient, and can be used to simplify neural network 

learning. The neural network part will be trained from accurate microwave data to 

recover any characteristics, which may have been missed by the knowledge part. Such 

models need less data to achieve the same accuracy than pure neural networks without 

any knowledge. Extrapolation capability can also be improved because of the embedded 

knowledge. 

Among different knowledge-based techniques, the space-mapped neural network [12] 

is one of the most efficient structures. It is based on an advanced optimization concept, 

the space-mapping (SM) concept proposed in [13], which has successfully achieved 

substantial computational speedup in otherwise expensive optimizations of microwave 

components and circuits. By establishing a mathematical link between the coarse and fine 
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models, the space-mapped neuromodeling directs the bulk of the CPU-intensive 

computations to the coarse model, while preserving the accuracy offered by the fine 

model. The technique has been applied to passive modeling or small-signal device 

modeling, achieving fast and accurate models for devices such as bends, high temperature 

superconductor filters, embedded passives in multilayer printed circuits, and other linear 

components [12]. However, the application of such space-mapped neuromodeling into 

large-signal modeling of nonlinear microwave devices still remains an open topic. 

1.2 Contributions of the Thesis 

The main objective of this thesis is to develop efficient and systematic techniques for 

nonlinear microwave device modeling, where accurate device models can be 

automatically achieved from a computational process to maximally reduce human trial 

and error efforts. The developed model should be able to correctly represent the dc, 

small-signal, and large-signal characteristics of the nonlinear device, and effectively 

capture the statistical behavior of the device due to process variations. In addition, the 

model should be formulated such that it can be conveniently incorporated into existing 

circuit simulators for high-level circuit simulation and yield design. In this thesis, the 

following substantial works are presented, combining neural networks with the space 

mapping concept for efficient nonlinear device modeling: 

(1) A new neuro-space mapping (Neuro-SM) technique [14]-[16] is presented to 

meet the constant need for new device models due to rapid progress in 

semiconductor technology. It aims to automatically modify the behavior of 

existing models to match new device behavior. The proposed Neuro-SM model 
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retains the speed of the existing device model while improving model accuracy. 

An advanced formulation of Neuro-SM is proposed with analytical mapping 

representations and exact sensitivity analyses to achieve fast model training and 

evaluation. A 2-phase training algorithm utilizing gradient optimization with 

analytical sensitivity is also developed for efficient training of the analytical 

Neuro-SM models. After being trained, the analytical Neuro-SM model can be 

incorporated into high-level simulators to increase the speed and accuracy of 

circuit design. By mapping the existing equivalent circuit models to detailed 

device physics data, the Neuro-SM can also efficiently expand the scope of 

models in existing circuit simulators to include device physics behavior. 

(2) For the first time, an efficient statistical space mapping concept is introduced for 

large-signal statistical modeling of nonlinear microwave devices [17]. It can 

expand a large-signal nominal model for a nominal device into a large-signal 

statistical model for a given statistical device population. The nominal model is 

extracted or trained from one complete set of large-signal data of the nominal 

device. The statistical property is achieved by a dynamic mapping between the 

behavior of the nominal model and that of the statistical samples of the given 

population of devices. The parameters in the mapping, which are statistical 

parameters, can be extracted from dc and small-signal S-parameter data of many 

device samples. The proposed statistical space-mapped model can approximate the 

large-signal statistical characteristics using only one set of large-signal data. This helps 
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to efficiently develop large-signal statistical models while reducing the expense of 

otherwise massive large-signal measurements for many devices. 

(3) Another statistical modeling technique, called statistical neuro-space mapping 

[18], is also proposed for large-signal statistical modeling of nonlinear 

microwave devices. It is an advance over the linear statistical mapping technique, 

using nonlinear mapping to overcome the accuracy limitations of the linear 

mapping in modeling large statistical variations among different devices. For a 

given population of device samples, the nominal device model is determined 

from dc, small-signal, and large-signal data. The behavior of a random device in 

the population is obtained by a nonlinear mapping from that of the nominal 

device. The unknown mapping function is represented by neural networks trained 

using dc and small-signal data of various devices in the population. A novel 

statistical mapping is formulated by introducing a compact set of statistical 

variables to control the mapping to map from the nominal device towards 

different devices in the population. A new training method is proposed for 

simultaneous statistical parameter extraction and neural network training. It is 

demonstrated that, for small or large statistical variations, the proposed technique 

is able to provide accurate large-signal statistical models using a minimal amount 

of expensive large-signal data. 

1.3 Outline of the Thesis 

The thesis is organized as follows. 
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In chapter 2, an overview of the literature is presented. Neural network applications 

for RF/microwave modeling and design are firstly reviewed. The procedure of neural 

model development is described. Knowledge-based neural networks for efficient and 

robust neural modeling are presented. Space mapping methodology and applications in 

RF/microwave area are discussed, and reviews of existing nonlinear device modeling 

techniques are conducted. 

Chapter 3 introduces the analytical neuro-space mapping technique for efficient large-

signal modeling of nonlinear microwave devices. A novel analytical formulation is 

proposed, where the mapping between the existing device model with coarse accuracy 

and the overall Neuro-SM model with fine accuracy is analytically achieved for dc, 

small-signal, and large-signal simulation and sensitivity analysis. A 2-phase training 

algorithm is derived for efficient model development. Application examples on modeling 

heterojunction bipolar transistor (HBT), MESFET, and HEMT devices and the use of 

Neuro-SM models in harmonic balance simulations are demonstrated. 

In chapter 4, a new statistical space mapping technique is presented for large-signal 

statistical modeling of nonlinear microwave devices. The use of a large-signal nominal 

model to represent the average performance of a population of random device sample and 

a dynamic mapping network to characterize the statistical variations around the nominal 

is presented. The statistical parameters of the proposed model are defined as the mapping 

coefficients of the dynamic mapping network, and their extractions from dc and bias-

dependent S-parameter data are described. Preliminary examples of a MESFET device 

modeling and its use in the statistical design of a three-stage amplifier circuit are included, 
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demonstrating that the statistical space-mapped model can approximate the large-signal 

statistical characteristics using only one set of large-signal data. 

Another advanced large-signal statistical modeling technique, statistical neuro-space 

mapping, is discussed in detail in Chapter 5. To overcome the accuracy limitations of the 

linear dynamic mapping in modeling large statistical variations among different devices, 

the proposed statistical Neuro-SM uses nonlinear mapping represented by neural 

networks, which are trained using dc and small-signal data of various devices in the 

population. A novel statistical mapping is formulated, and a new training algorithm is 

proposed for simultaneous statistical parameter extraction and neural network training. 

The proposed technique is confirmed by statistical modeling of microwave transistor 

examples, and use of the models in statistical analyses of a two-stage amplifier. 

Finally, in chapter 6, conclusions and prospects for future research are discussed. 
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Chapter 2: Literature Review 

2.1 Review of Neural Network Applications in RF/Microwave Modeling 

and Design 

The drive in the microwave industry to meet the demands of high manufacturability and 

fast design cycles has created a need for efficient modeling and design techniques. 

Statistical analysis and yield optimization that take into account manufacturing 

tolerances, model uncertainties, variations in the process parameters, etc., are also widely 

accepted as indispensable components of circuit design methodology [19]-[22]. Detailed 

EM/physics models of passive/active components can be an important step towards a 

design for first-pass success, but the models are computationally intensive. In the past 

decade, significant advances have been made in the exploitation of artificial neural 

networks [2] as an unconventional alternative to modeling and design tasks in 

RF/microwave CAD. Neural networks are computationally efficient, and their ability to 

learn and generalize from data allows model development even when component 

formulas are unavailable. Neural models are much faster than detailed EM/physics 

models [2], [23]-[25], more accurate than polynomial and empirical models [26], allow 

more dimensions than table lookup models [27], and are easier to develop when a new 

device/technology is introduced [28]. Once developed, these neural network models can 
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be used in place of computationally intensive EM/physics models of passive and active 

components [5], [6], [10], [29] to speed up microwave circuit design. 

Important work has been done by microwave researchers demonstrating the ability of 

neural networks to accurately model a variety of microwave components, such as 

microstrip interconnects [10], vias [9], spiral inductors [29], field effect transistor (FET) 

devices [10], [30], HBT devices [31], HEMT devices [32], filters [33], [34], amplifiers 

[5], [8], coplanar waveguide (CPW) circuit components [35], mixers [8], antennas [36], 

embedded passives [23], [24], packaging and interconnects [37], etc. Neural networks 

have also been used in circuit simulation and optimization [5], [38], [39], signal integrity 

analysis and optimization of very-large-scale-integration (VLSI) interconnects [37], [40], 

microstrip circuit design [41], process design [42], synthesis [5], [43], microwave 

impedance matching [44], and behavioural modeling of nonlinear RF/microwave 

subsystems [45]. These pioneering works have established the framework of neural 

modeling technique in both component and the circuit/system level of microwave 

applications. 

A variety of ANN structures has been developed to address different modeling 

scenarios [2]. Pure ANNs such as multilayer perceptron (MLP) neural network [2], 

recurrent neural network (RNN) [8][33], and time-delayed neural network (TDNN) [46] 

are used to directly model the linear/nonlinear behavior while knowledge-based neural 

network modeling techniques [2], [9]-[12] are suitable for efficient behavior modeling 

when empirical models exist as prior knowledge. Recent developments in ANN 

techniques for microwave modeling include automated model generation (AMG) [47], 
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[48], neural network enabled sensitivity analysis [7], dynamic behavioral modeling of 

nonlinear devices and circuits [49], and neuro-space mapping for nonlinear device 

modeling [14]. A new family of neural-network based bidirectional and dispersive 

behavioral models for nonlinear RF/microwave subsystems were proposed in [45] using a 

non-recursive MLP neural network in the frequency domain. Recursive MLP neural 

networks have been used in nonlinear time-series analysis as in [50], [51]. Other 

applications of ANNs are accurate parameter estimation for nonlinear device modeling 

[6], layout-level synthesis of RF inductors and filters in liquid crystalline polymer (LCP) 

substrates for Wi-Fi applications [52], and wide-band dynamic modeling of power 

amplifiers using radial-basis function (RBF) neural networks [53]. Research and 

development in the area are still continuing in developing ANN based methodologies for 

advanced linear/nonlinear microwave modeling and circuit optimization. More recently, 

ANN techniques for analysis of multilayered shielded microwave circuits [54], effective 

design of waveguide dual mode filter [55], state-space DNN modeling for high-speed IC 

applications [56], parallel automatic model generation technique for neural network 

based microwave modeling [57], and modeling nonlinear circuit/system behavior [58], 

[59] have also been proposed. 

2.2 Neural Network Based Microwave Modeling 

2.2.1 Neural Network Structures 

Various neural network structures, such as MLP neural networks [2], RBF neural 

networks [2], wavelet neural networks [2], recurrent neural networks [8], and dynamic 
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neural networks [49], have been developed in the neural network community to deal with 

different scenarios of microwave modeling. Among these variations, the feedforward 

neural network is a basic type of neural network capable of approximating generic 

continuous and integrable functions. An important class of feedforward neural networks is 

multilayer perceptrons [2]. MLP neural models are widely used in microwave device 

modeling and circuit/system design. Typically, the MLP neural network consists of an 

input layer, one or more hidden layers, and an output layer, as shown in Figure 2.1. 

Figure 2.2 illustrates the application of MLP neural networks in modeling a 

microstrip line and a FET device. The geometrical/physical parameters are considered as 

the inputs of the neural network model. The outputs of the neural network model are the 

electrical parameters (i.e., the inductances and capacitances defined as Ls, Lm, Cs, Cm) of 

the resulting equivalent circuit model for the microstrip line, or the electrical responses 

(i.e., the S-parameters defined as Sn, S)2, S2i, S22) for the FET device. 

In general, the selection of an appropriate neural network structure normally starts by 

identifying the nature of the input-output relationship of a given application. The 

modeling of microwave components in the frequency domain is usually formulated with 

static parameters for neural network inputs and outputs. Such problems can be solved 

using MLP, RBF, and wavelet networks [2]. RBF and wavelet networks can be used 

when the microwave problem exhibits highly nonlinear and localized phenomena (e.g., 

sharp variations). Time-domain dynamic behavior of nonlinear microwave devices or 

circuits can be represented using recurrent neural networks [8], [33] and dynamic neural 

networks [49]. One of the most recent research directions in the area of microwave-
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oriented ANN structures is the knowledge-based network [8]-[12], which combines 

existing engineering knowledge (e.g., empirical equations and equivalent circuit models) 

with neural networks. 

Layer L 

(Output layer) 

Layer L — 1 

(Hidden layer) 

Layer 2 

(Hidden layer) 

Layer 1 

(Input layer) 

Figure 2.1: Illustration of the feedforward multilayer perceptron (MLP) structure (from 

Zhang and Gupta [2]). Typically, the neural network consists of one input layer, one or 

more hidden layers, and one output layer. 
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Figure 2.2: Physical models along with corresponding neural models of (a) a microstrip line 

and (b) a FET. 

2.2.2 Neural Network Approaches for Linear/Nonlinear Microwave Modeling 

ANN models can be developed in either the frequency domain [23], [39], [45] or time 

domain [8], [24], [33], [46], [49] to catch the steady state or transient responses. For EM 

modeling, a frequency-domain neural model usually uses geometrical or physical 

parameters (e.g., length and dielectric permittivity of an embedded capacitor) and signal 

frequency as model inputs, and the corresponding Y-parameters or S-parameters as 
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model outputs. The trained model can represent Y-parameters or S-parameters of a 

passive component with the speed of empirical models but with accuracy near detailed 

EM models, thus can be used in place of a CPU intensive EM simulator during 

frequency-domain simulation and optimization. Time-domain models are also important 

for CAD applications such as minimization of signal delay and crosstalk in high-speed 

VLSI interconnects. A time-domain neural model can produce current/voltage 

relationships of a given passive component/circuit in terms of the geometrical/physical 

parameters and time. For example, an ANN model can be trained to learn the coefficient 

values of the Y-parameter transfer functions of an EM structure, with 

physical/geometrical parameters as inputs. A state space model is then formulated to 

express the time-domain responses using coefficients estimated by the trained ANN 

model [24]. Recently, a time-domain modeling approach using recurrent neural networks 

has also been addressed for 2-port passive EM structures such as rectangular waveguide 

and microstrip low-pass filter [33]. 

For general nonlinear modeling problems, the inputs and outputs of nonlinear 

components/circuits are related by differential equations and the relationship is not 

algebraic. There are two different categories of ANN based approaches to model such a 

relationship. The first category uses a combination of equivalent circuit and ANN model 

[7], where we rely on the known circuit topology to define the dynamics and the ANN to 

define the unknown nonlinearity. The training data for the combined circuit/ANN model 

can be dc, bias-dependent S-parameters, or large-signal harmonic data. In the second 

category, the continuous time-domain formulation of dynamic neural networks [49] and 
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the discrete time-domain formulation of recurrent neural networks [8] are used to directly 

represent the entire model, including both the dynamic effect and nonlinearity. The DNN 

is formulated as a reduced order representation of the original circuit, and is trained with 

large-signal harmonic data to capture the nonlinear dynamics of the circuit. The RNN is 

formulated in discrete time domain with feedback from output to input. RNN models can 

be trained to learn the dynamics in both transient and steady state stages, using the 

backpropagation through time (BPTT) method with the input and output waveforms of 

the original circuit as the training data. 

Although different types of neural networks exist for different applications, they have 

to be trained by component/circuit data before being used in circuit simulation and 

design. A general flow of neural network model development will be discussed in the 

following subsection. 

2.2.3 Neural Network Model Development 

Let x be an A^-vector containing parameters of a given device or a circuit, e.g., gate 

length and gate width of a FET device; or geometrical and physical parameters of a 

transmission line circuit. Let d be an jVy-vector containing the response of the device or 

the circuit under consideration, e.g., drain current of the FET; or S-parameters of the 

transmission line circuit. The relationship between x and d may be nonlinear and 

multidimensional. This kind of relationship is represented by 

d=Ax) (2.1) 
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in the original EM/physics problems. 

A neural network model can be used to represent such a relationship, by being trained 

through a set of x-d sample pairs, called training data, which is generated from original 

EM/physics simulations or measurement. Let the neural network model be represented by 

a nonlinear funct ion/^ as 

y ^fANNix, W) (2.2) 

where y is a vector containing the outputs from the neural network model, and w is a 

vector containing all neural network weights, which will be adjusted during the neural 

network training process to make it best match the training data [2]. 

Neural network training [2] is an important step in neural model development. ANN 

models cannot accurately represent the component/circuit behavior until they are trained 

by x-d data. As defined above, the inputs x are the component/circuit parameters (e.g., 

geometric, physical, bias, frequency, etc.) that affect the responses, while the outputs y 

are normally characterized as real and imaginary parts of S-parameters for passive 

component models, or currents and charges for large-signal device models. A basic 

description of the training objective is to determine w such that the difference between 

neural model outputs y and desired outputs d from simulation/measurement, 

E^) = \Yt(ypk(xp,w)-dpkf (2.3) 
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is minimized. Here dpk is the k element of vector dp, ypk(xp, w) is the k output of the 

neural network model when the input x presented to the network is xp, where p is the 

index of the training samples. Since E{w) is a nonlinear function of the adjustable (i.e., 

trainable) weight parameters w, iterative algorithms are often used to efficiently explore 

the w space, beginning with an initialized value of w and then iteratively updating it. 

Neural network training algorithms commonly used in RF/microwave applications 

include gradient-based training techniques [2] such as backpropagation, conjugate-

gradient, and quasi-Newton methods. Global optimization methods [2] such as simulated 

annealing and genetic algorithms can be used for increased quality of neural network 

training but at the cost of increased training time. There are two categories of the neural 

network training process known as sample-by-sample training and batch-mode training. 

In sample-by-sample training, also called online training, w is updated each time a 

training sample is presented to the network. In batch-mode training, or offline training, w 

is updated after all the training data (or samples) are used. In the RF/microwave case, 

batch-mode training is usually more effective. 

Once trained, the neural network model can be used to predict the output values given 

only the values of the input variables. Another stage called model test should also be 

performed by using an independent set of input-output samples, called test data, to test 

the accuracy of the neural network model. Normally, the test data should lie within the 

same input range as the training data but contains input-output samples which are never 
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seen in the training stage. The ability of neural models to predict y with x values different 

from that of the training data is called the generalization ability. 

As described above, the overall ANN model development involves data generation, 

training, and testing. An automated model generation algorithm [47] has been recently 

introduced that automatically drives all the sub-tasks involved in neural modeling process 

in a unified way. Neural model development can start with zero amount of training/test 

data. As the stage-by-stage training proceeds, the algorithm can (i) Determine the number 

of additional training/test samples required and the sampling distribution in the model 

input parameter space based on the neural network test error, and (ii) Adjust the size of 

the neural network (i.e., add more neurons in the hidden layer) based on the neural 

network training error. The algorithm identifies nonlinear sub-regions (if any) in the 

model input space and adds relatively more samples in such regions, while fewer samples 

are generated in smooth regions, thus making judicious use of data. The AMG algorithm 

can automatically drive simulators to generate enough data to train a model to meet a 

user-desired accuracy. AMG is designed to integrate all the subtasks involved in neural 

modeling, thereby facilitating a more efficient and automated model development 

framework. It can significantly reduce the intensive human effort demanded by the 

conventional step-by-step neural modeling approach. 

2.2.4 Use of the Neural Models 

The trained and tested neural model can then be used online during the microwave design 

stage, providing fast model evaluation replacing the original detailed/slow EM/physics 

simulators. Figure 2.3 shows the flow of the ANN approach for microwave modeling and 
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circuit/system design. ANN models can be integrated into a microwave circuit simulator, 

interconnecting each other or connecting to other components or models in the simulator 

to form a high-level circuit for design and optimization [2]-[4]. During simulation, the 

circuit simulator passes input variables, the physical/geometrical parameters of a 

component/circuit and electrical parameters such as bias and frequency, to the ANN 

model trained with the component/circuit behavior. The ANN model then computes and 

returns the corresponding outputs back to the simulator. The use of such ANN models 

helps greatly to improve design speed while maintaining the EM/physics accuracy of the 

detailed EM/physics model. The benefit of the neural network modeling is especially 

significant when the model is highly repetitively used in design processes such as 

optimization, Monte Carlo analysis, and yield maximization. 
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Simulation and Design 

Figure 2.3: Flowchart of ANN approach for microwave modeling and circuit/system design. 
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As the ANN models being incorporated into the circuit environment, the 

component/circuit they represent can also be optimized along with the rest of the circuit 

with the model parameters as optimization variables [2]. This neural-based optimization 

allows the neural network inputs to be optimization variables, for instance, 

physical/geometrical parameters of the component/circuit. It addresses the challenges due 

to computational expenses of evaluating EM/physics effects in circuit components, and 

the need to repetitively vary physical/geometrical parameters and re-evaluate EM/physics 

behavior of all the components during design optimization. The use of neural network 

models helps to significantly accelerate such EM/physics based optimization. 

2.3 Neural Networks With Prior Knowledge 

As reviewed in the previous section, different neural network structures, such as MLP 

neural networks [2], RBF neural networks [2], wavelet neural networks [2], recurrent 

neural networks [8], and dynamic neural networks [49] have been developed to meet 

various kinds of modeling requirements. However, the pure neural network (without 

using any approximation model) is a kind of black-box model structurally with no problem 

dependent information embedded. In this case, a large amount of training data is usually 

needed to ensure model accuracy. In reality, generating large amounts of training data could 

be very expensive for microwave problems, e.g., physics based device simulations and 

detailed device measurements could be very expensive to perform at many points in the 

model input parameter space. The conflict between the requirement of fast model 

development and the present status of expensive (time-consuming) data generation becomes 

a problem that the pure neural network cannot solve. 
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The key to solve this problem is a concept called the knowledge-based neural 

network [10]. The idea of knowledge-based neural network is to exploit existing 

knowledge in the form of empirical functions or equivalent circuit model together with a 

neural network model to develop faster and more accurate models. Existing microwave 

knowledge can provide additional information to the original problem that may not be 

adequately represented by the limited training data, and the neural network can help bridge 

the gap between the empirical model and the actual device behavior. Extrapolation 

capability is also enhanced because of the embedded knowledge in the model. 

Recent publications address four methods referring to this advanced technique: source 

difference method [9], prior knowledge input (PKI) method [11], knowledge-based 

neural networks (KBNN) of [10], and space-mapped neuromodeling [12]. 

2.3.1 Source Difference Method 

The source difference method, also known as the hybrid EM-ANN modeling method [9], 

is one of the earlier methods utilizing the knowledge-based concept. Its structure is 

shown in Figure 2.4. The hybrid EM-ANN model is formed by generating the difference 

between the existing approximate model (source model) and the EM simulation results 

(target model). The difference data is then used to train the neural network. This results in 

a smaller range of the output variables and a simpler input-output relationship. This 

method is expected to give good results when the difference has a simpler input-output 

relationship as a function of the inputs than the target data. This simpler input-output 

relationship requires less EM simulation points to capture important data trends. This 

simplification is very desirable since EM simulations consume a major portion of the 
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time spent on developing an EM-ANN model. The output of the approximation model 

together with the difference predicted by the trained neural network then becomes the 

overall output of the hybrid EM-ANN model. 

As shown in Figure 2.4, for each input sample x, the corresponding outputy' =femp(x) 

is computed from the approximate model, which could be empirical functions or an 

equivalent circuit model [9]. The difference between the empirical approximation and the 

training data Ay is represented by a neural network [9], say, a three layer MLP, as Ay -

/ANN(X, W), where w is the internal weight vector of the neural network. The overall output 

of hybrid EM-ANN model is [9] 

y = y' + Ay = femp{x) + fAm(x,w) (2.4) 

y' w 
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k 

Figure 2.4: Structure of hybrid EM-ANN model utilizing the source difference method 

(from Zhang and Gupta [2]). 
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2.3.2 Prior Knowledge Input 

In the prior knowledge input method [11], the outputs of the existing empirical model 

(source model) are used as inputs to the neural network model, in addition to the original 

problem (target model) inputs, shown in Figure 2.5. In this case, the input-output 

mapping to be learned by the neural network is that between the output response of the 

existing approximate model and that of the target model. 

t> J7 

Neural Network 

y=fAm(x\w) 
i V iV 

Empirical Model 

y ~Jemp\X) 

i 

A 
X 

\ 

Figure 2.5: Structure of the PKI model (from Zhang and Gupta [2]). 

For each x in the training data, a corresponding y' = femp(x) is computed by the 

empirical functions or equivalent circuit response. The neural network will then learn the 

mapping from target model inputs and source model outputs x' = (x, y1), to the target 

data, resulting in a simpler input-output relationship as compared to the original problem, 

which requires less training data [11]. After training, given input x, first using an 
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empirical function to get an approximation y', then the neural network will predict the 

final result as [11] 

y = fjNN (*'> W) = /ANN (X> fempix), w) (2.5) 

2.3.3 Knowledge-Based Neural Network 

The knowledge-based neural network [10] is a modeling approach combining microwave 

empirical experience with the learning power of neural networks by incorporating 

microwave empirical or semi-analytical information into the internal structure of neural 

networks. The comprehensive structure of the knowledge-based neural network [10] is 

illustrated in Figure. 2.6. 

In KBNN neural network, the microwave knowledge is embedded as a part of the 

overall neural network internal section. The KBNN structure includes six layers that are 

not fully connected to each other, namely the input layer, the knowledge layer, the 

boundary layer, the region layer, the normalized region layer, and the output layer. The 

knowledge layer is the place where microwave knowledge resides, complementing the 

capability of learning and generalization of neural networks by providing additional 

information, which may not be adequately represented in a limited set of training data. 

The boundary layer can incorporate knowledge in the form of problem dependent 

boundary functions. The region layer contains neurons to construct regions from 

boundary neurons. The normalized region layer contains rational function based neurons 
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to normalize the outputs of the region layer. The output layer contains second-order 

neurons combining knowledge neurons and normalized region neurons. 

Output parameters y 
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Normalized Region Layer 

(r-layer) 

Region Layer 
(r-layer) 

Knowledge 
Layer 

(z-layer) 

Boundary Layer 
(&-layer) 

Input Layer 
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Figure 2.6: The structure of the knowledge-based neural network (KBNN) (from Wang and 

Zhang [10]). Typically the KBNN model includes six layers: the input layer, the boundary 

layer, the region layer, the normalized region layer, the knowledge layer, and the output 

layer. 

As a summary of Section 2.3, the prior knowledge gives the neural network more 

information about the original microwave problem, besides the information included in the 

training data. Consequently, neural network models with prior knowledge have better 
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reliability when the training data is limited or when the model is used beyond the training 

range. Another neural network modeling technique with prior knowledge, utilizing an 

advanced optimization concept called space mapping, is discussed in next section. 

2.4 Space Mapping for Microwave Modeling and Design 

2.4.1 Space Mapping Optimization 

Space mapping (SM) is an advanced optimization concept, proposed by Bandler et al. 

[13], for modeling and design of engineering devices and systems, allowing expensive 

EM optimizations to be performed efficiently with the help of fast and approximate 

"coarse" or surrogate models [13], [60]-[64]. SM intelligently links companion "coarse" 

(ideal, fast, or low fidelity) and "fine" (accurate, practical, or high fidelity) models of 

different complexities, e.g., empirical circuit-theory based simulations and full-wave EM 

simulations, to accelerate iterative design optimization. Through SM optimization, the 

surrogates of the fine models are iteratively refined to achieve the accuracy of EM 

simulations with the speed of circuit-theory based simulations. 

The mathematical representation of space mapping methodology presented in [13] is 

recalled as follows. Let vectors xc and x/ represent the design parameters of the coarse 

and fine models, respectively. Let Rc(xc) and R/x/) represent the corresponding responses 

of the coarse and fine models, respectively. The response of the coarse model Rc is much 

faster to calculate, but less accurate than the response of the fine model Rf. The aim of 

space mapping optimization is to find an approximate mapping P from the fine model 

parameter space Xf to the coarse model parameter space xc, i.e., xc = P{xj) such that 
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Rc(P(xf))^Rj(xf) [60]. 

The space mapping technique uses coarse model optimization with the mapping P to 

find a good estimate for the optimal solution of the fine model, enabling effective use of 

the surrogate's fast evaluation to sparingly manipulate the iterations of the fine model in 

design optimization. It has been applied with great success to otherwise expensive direct 

EM optimizations of microwave components and circuits with substantial computation 

speedup [13], [60]-[64]. 

2.4.2 Space Mapping Based Neuromodeling 

Recently a space mapping based neuromodeling technique combining neural networks 

with space mapping (Bandler, Ismail, Rayas-Sanchez, and Zhang [12]) was developed, 

using neural networks to map the coarse model to the fine model. It retains the efficiency 

of space mapping optimization by directing the bulk of CPU intensive evaluations to the 

coarse model, while preserving the accuracy and confidence offered by the fine model. 

The coarse model is typically an empirical or equivalent circuit model, which is fast but 

often has a limited validity range for its parameters, beyond which the simulation results 

may become inaccurate. The fine model is from a detailed physics/EM simulator or 

measurement, which is accurate but CPU intensive. Neural networks are used to provide 

the mapping between the coarse model parameter space and the fine model parameter 

space, subsequently establishing the mathematical link between the coarse and fine 

models. 

The space mapping based neuromodeling is illustrated in Figure 2.7, where the 

mapping P from the fine input space x/ to the coarse input space xc is realized by a neural 
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network as xc = /ANN (x/, w) [12], where w represents the weighting parameters of the 

neural network. The overall model output y is then produced through the coarse model 

with the mapped input xc as [12] 

y = Xc(xc) = Re(p(xf)) = Re(fJimf(x/,w)) (2.6) 

1 y~RJxf) 

Coarse Model 

y = Rc(fAm(Xf, w)) 

i Xc 

Neural Network 

Xc=fANN{Xf, W) 

i t xf 

Figure 2.7: Structure of the space-mapped neural model (from Zhang and Gupta [2]). 

The mapping P is determined by neural network training to solve the optimization 

problem of [12] 
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(2.7) 

where Np is the total number of training samples, and ep (p = l,2,---,N ) is the error 

vector at input sample of xf = xp given by [12] 

ep=Rf(*p)-Rc(fASN(xp,")) (2-8) 

Once the neural network is trained, i.e., the mapping P is found, the space-mapped 

neuromodel, whose responses should match the training data, becomes an accurate 

representation of the fine model for efficient evaluations in simulation and optimization. 

Space-mapped neuromodeling has demonstrated its efficiency by passive modeling or 

small-signal device modeling, achieving fast and accurate models for devices such as 

bends, high temperature superconductor filters, embedded passives in multilayer printed 

circuits, and other linear components [12]. Recently, space mapping based 

neuromodeling has been expanded to new formulations for nonlinear device modeling 

[14], and the concept of combined space mapping and neural networks has also been 

applied to statistical modeling of passive EM structures [65] and small-signal linearized 

devices [66]. 

mm 
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2.5 Nonlinear Microwave Device Modeling by Conventional Techniques 

In previous sections, we have reviewed ANN based techniques and their applications to 

microwave modeling and design, advanced neural modeling techniques with prior 

knowledge, and the space mapping methodology. In this section, we will review 

conventional techniques in modeling the nonlinear behavior of microwave devices. 

The fast evolution of semiconductor device technologies perseveres an ongoing need 

for accurate new models in the computer-aided design of RF/microwave circuits and 

systems. A number of approaches for semiconductor device modeling have been 

developed as reviewed in [1] by Steer, Bandler, and Snowden. However, most of them 

are for specific modeling purposes [1], [67]-[69], falling into different model categories 

such as physical models [70]-[77], equivalent circuit models [78]-[84], and black-box 

models (e.g., table lookup models [85]). 

2.5.1 Physics-based Modeling Technique 

Physical models are important to relate the yield and performance of the design to the 

fabrication process, material properties, and device geometry, to achieve improved 

reliability and significantly reduced cost in large-signal design. Two principal types of 

physical models that are applied to device design and characterization are presented in 

[1]. The most straightforward of these is based on a derivative of equivalent-circuit 

models, where the circuit element values are quantitatively related to the device 

geometry, material structure, and physical processes [70]-[73]. This model is an 

analytical model but more useful device information may be gleaned from the value of 

the circuit elements. The second approach is more fundamental in nature and is based on 
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a rigorous solution of the carrier transport equations over a representative geometrical 

domain of the device [74]-[77]. These models use numerical solution schemes to solve 

the carrier transport equations in semiconductors often accounting for hot electrons, 

quantum mechanics, EM, and thermal interaction. 

However, in design optimization, physical models based on numerical algorithms 

may require too much computational time to be used to any extent in circuit design work, 

and physical models based on analytical expressions may lack the detail and fidelity of 

their numerical counterparts. Another disadvantage of physics-based modeling is that it 

usually takes long time to develop a good model for a new device. These become major 

reasons to explore alternative modeling techniques. 

2.5.2 Equivalent Circuit Modeling Technique 

Equivalent circuit approaches [1] are commonly used in microwave device modeling 

because they are formulated to be efficiently exercised in existing circuit simulators, and 

thus are efficient for circuit design and optimization. The equivalent circuit model is 

usually composed of nonlinear controlled voltage or current sources, together with (linear or 

nonlinear) parasitic resistors, inductors, and capacitors, which the existing simulators are 

accustomed to dealing with. It is conventional to separate the extrinsic parameters from 

the intrinsic device parameters. The intrinsic parameters are assumed to contain all the 

bias-dependent behavior and the extrinsic parameters are assumed to have constant 

values. The nonlinear elements in the equivalent circuit are represented by empirical 

functions containing several so-called "model parameters". Dedicated procedures allow 

extracting the value of these parameters out of dc and small-signal S-parameter 
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measurements. As an example, an equivalent circuit model of a MESFET [67] is shown 

in Figure 2.8. 
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Figure 2.8: The conventional large-signal equivalent circuit model for MESFET (from 

Golio [67]). The resistances and inductances of the extrinsic components are constant. Ids, 

Igs, and Idg are nonlinear voltage controlled current sources. Cgd and Cgs are nonlinear 

capacitances. 

Equivalent circuit modeling is a convenient way to interpret the behavior of the 

transistor characteristics, and is computationally efficient. However, it is only accurate in 

specific cases and often inadequate to describe the full behavior of the device. The 

development of such a model also requires experience and involves a trial-and-error 
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process to find appropriate circuit topology and the values of the circuit elements. 

Compared to physical models, an equivalent circuit model may not have direct links with 

the physical process parameters of the device. Empirical formulas for such links may 

exist, but the accuracy cannot be guaranteed when applied to different devices. 

2.5.3 Table-Based Modeling Technique 

Another type of device model is the table-based model, proposed by Root, Fan, and 

Meyer [85], which has no assumption of particular analytical functions. The table-based 

models have some properties of black-box models. The equations used result from fitting 

to data, using splines, or other such functions. These models can therefore "learn" the 

behavior of the nonlinear device and are ideal for applications where the functional form 

of the behavior is unknown. Table-based models are efficient but do not provide the user 

with any insight, since there is a minimal "circuit model." They have difficulty 

incorporating dispersive effects, such as "parasitic gating" due to traps and do not 

accommodate self-heating effects [67]. They cannot be accurately extrapolated into 

regions where data was not taken, and the models are often restricted in their application 

due to the limited information within the model. Furthermore, such models can also be 

slow if the dimension of the lookup table is high. 

2.5.4 Statistical Modeling of Nonlinear Microwave Devices 

Accurate statistical models for nonlinear devices are essential to the success in costly and 

time-consuming RF and microwave circuit design, where process parameter variations of 

active devices have a strong impact on overall yield [19]-[22]. Most of the existing 
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statistical modeling approaches are based on dc and small-signal S-parameter data for 

linear [86]-[89] or nonlinear [90]-[92] modeling of microwave devices. Usually, the data 

generation (either from detailed device simulation or measurement) has to be performed 

on many devices in order to obtain statistical information. Each set of dc and S-parameter 

data, corresponding to one device, is converted to parameters of an equivalent circuit 

through a parameter extraction procedure. The statistical properties of the equivalent 

circuit parameters are then examined, and the estimates of the means (ji), standard 

deviations (d), and correlation coefficients (p) are calculated. Principle component and 

factor analysis [93], or sensitivity analysis [22] can be used to identify critical factors to 

reduce the dimension of the statistical parameters. If needed, normality transformation 

[94] can also be applied to the statistical parameters to convert the extracted distribution, 

which may be arbitrary, to a better approximation of the Gaussian (normal) distribution 

[94]. Finally, statistical models based on some multivariate or heuristic techniques 

capable of recreating those distributions or those means, standard deviations, and 

correlations can be developed. 

Nowadays, nonlinear device modeling directly using large-signal data has gained 

recognition due to the increasing need for accuracy in characterizing large-signal 

behavior. Nonlinear statistical models are required in circuit applications where bias point 

variations of active devices have a strong impact on overall yield. Another example is the 

power amplifier design where the large-signal statistical property of the devices needs to 

be represented for yield-driven design. However, direct large-signal statistical modeling 
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remains prohibitive by the conventional techniques because complete large-signal 

measurement for many devices is too expensive and time consuming. 

2.6 Nonlinear Microwave Device Modeling by Neural-Based Techniques 

Recently there emerged an advanced requirement for nonlinear device modeling, 

regarding development cost, speed and accuracy, statistical capability, and modeling 

automation. However, detailed physical models [70]-[77] are usually computationally 

slow. Existing equivalent-circuit modeling techniques [78]-[84] require trial and error of 

the model topology and component empirical equations. Table lookup models are easy to 

develop but suffer from the curse of dimensionality [85]. With the universal 

approximation capability, neural networks have become flexible alternatives to meet such 

requirement for nonlinear device modeling [2]-[4]. Several modeling methods have been 

developed, including two major categories as direct modeling and indirect modeling 

approaches. 

2.6.1 Neural Network Based Direct Modeling Approach 

In the direct modeling approach, the external behavior of the nonlinear device is directly 

modeled by neural networks. This approach has been applied to model dc characteristics 

of a physics-based MESFET [10], small-signal HBT device [31], and large-signal 

MESFET devices [5], [95]. As an example, the work by Zaabab, Zhang, and Nakhla in 

[5] presents a straightforward formulation of large-signal models to describe terminal 

currents and charges of nonlinear devices as nonlinear functions of the device parameters 

and the bias conditions. In this example, a CPU intensive physics-based device model is 
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re-modeled by neural networks to efficiently speed up simulation and optimization [5]. 

The physical MESFET model chosen is the Khatibzadeh and Trew model [73]. Figure 

2.9 shows the representation of the MESFET using a neural network model for the 

terminal currents and charges. 

Igc *dc • • • \ds 

bomce L W a ND Vgs Vds 

(a) (b) 

Figure 2.9: (a) A physics-based MESFET modeled by (b) a neural network (from Zaabab, 

Zhang, and Nakhla [5]). The terminal currents and charges of the MESFET in (a) are 

represented by the neural network model as illustrated in (b) with the geometrical/physical 

and electrical parameters as the neural network inputs. 

The neural network model has six inputs namely gate length L, gate width W, channel 

thickness a, doping density ND, gate voltage Vgs and drain voltage ¥&. The model outputs 

are the gate, drain, and source currents Igc, !&, and Isc, and the total charges Qg, Qj, and Qs 

on the gate, drain, and source electrodes, respectively. The training data for the neural 

network is achieved from simulation of the physics-based MESFET for different 
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configurations at a number of bias points using OSA90 [96]. Since this large-signal 

MESFET neural model directly describes terminal currents and charges as nonlinear 

functions of device parameters, it can be conveniently used in a circuit simulator to 

satisfactorily perform dc, small-signal, and large-signal harmonic balance (HB) 

simulations. The work by Schreurs, et. al, in [6] has successfully demonstrated this 

technique to model pHEMTs and MOSFET devices, using full two-port vectorial large-

signal measurements as training data. 

2.6.2 Neural Network Based Indirect Modeling Approach 

The indirect modeling approach combines known equivalent circuit models together with 

neural network models to develop more efficient and flexible models for nonlinear 

microwave devices. As described in Subsection 2.5.2, the lumped equivalent circuit 

approach is a traditional way for transistor modeling. Developing such models requires 

experience and involves a trial-and-error process to determine a matching topology. 

Moreover, equivalent circuit parameters may not be related to the physical/geometrical 

parameters of the device under consideration. Empirical formulas for such relations exist, 

and neural networks can easily learn these relationships. A hybrid approach that utilizes 

existing knowledge in the form of known equivalent circuit and empirical formulas, 

together with the powerful learning and generalization abilities of neural networks has 

been demonstrated for modeling large-signal behavior of MESFET [97] and HEMT [98]-

[100]. 

Another example is to use the adjoint neural networks for large-signal FET modeling 

[7] as illustrated in Figure 2.10. Instead of using the maybe unknown terminal currents 
38 



DC and S-parameter -*\ / • Id &u 
training data 

>12 OH '22 

rzE 
S-Parameter Formula 

dq 
gs 

dv 
gs 

di 
gs 

dv 
gs 

dqgd 

dv gd 

di 
gd 

dv gd 

dids 
dvgs 

<tids 

dvds 

di 
lgd 

8d 
dv 

l_i 
gd 

Original and 
adjoint sub 

neural models 

G »-
igd 

cgs I ds l ~ — 
-© D 

lds 

vgd = vgs~vds 

dids dids 
dvgs dvds 

W t \ 
Qgs 

dq 
gs 

dv 
„rgs 

* t t 

Original and 
adjoint sub 

neural models 

Original and 
adjoint sub 

neural models 

~TT 
v-gs. vds 

gs 

vgs f 'ds f 

Figure 2.10: Large-signal FET modeling including adjoint neural networks trained by dc 

and bias-dependent S-parameters (from Xu, Yagoub, Ding, and Zhang [7]). 
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and charges as the outputs for neural network training, the adjoint neural networks are 

trained directly by dc and bias-dependent S-parameters. Microwave knowledge of a basic 

equivalent circuit is combined with sub-neural models leading to a knowledge-based 

approach for the FET modeling. Here, adjoint neural networks complement the intrinsic 

FET equivalent circuit by providing the unknown nonlinear currents {Ids, Igd) and charge 

(Qgs) [7]. The adjoint neural networks in enhancing conventional FET models through 

adding trainable nonlinear current or charge relationships to the model. Such a trainable 

nonlinear relationship is especially beneficial when analytical formulas in the FET 

problem are unknown or available formulas are not suitable. By combining adjoint neural 

networks with existing FET models, one can improve the models efficiently without 

having to go through the trial-and-error process typically needed during manual creation 

of empirical functions. 

2.6.3 Neural Network Based Statistical Modeling 

Neural network has also been used in statistical modeling as an accurate and efficient 

statistical extraction method for small-signal equivalent circuit model parameters of a 

HBT [66], to solve the problem of noisy statistical properties caused by using the 

optimization-based parameter extraction techniques. In [66], a neural network is used to 

learn the required relation between model parameters domain and performance (measured 

or simulated quantities) domain. Eight complex means of the real and imaginary parts of 

the S-parameters over the considered frequency range are considered as the inputs for the 

neural network, and the most sensitive equivalent circuit model parameters are used as 

the outputs for the neural network. A nominal device is firstly determined, by taking the 
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device which has average performance over 23 device samples from different wafers with 

a geometry of 0.8 um x 9.6 um on a Sj/SjGe HBT in the frequency range from 1 GHz to 

20 GHz, biased at VBE =0.9 V and VCE =1.5V [66]. A small-signal equivalent circuit 

model for the nominal device is extracted. The training data is generated by performing 

100 Monte Carlo simulations randomly around the vicinity (±10%, the maximum limit 

the model parameter can deviate from the nominal value) of the nominal model 

parameters to get the corresponding performances. It has been proved that the extraction 

by neural networks is more effective to obtain a better statistical model than using the 

conventional optimization-based extraction methods, providing a more robust statistical 

model for the device. 

The above reviewed applications of the neural based device modeling techniques 

have demonstrated that trained neural models from measurement data can represent dc, 

small-signal, and large-signal behavior of a new device, even if the device 

theory/equations are still unavailable. Because a neural network can learn the nonlinearity 

much more automatically and easily than manually formulating a nonlinear function as 

by equivalent circuit model development, it is very suitable and efficient for such 

modeling activities. In this sense, the neural based modeling methods provide useful 

alternatives for efficient generation of nonlinear device models for use in large-signal 

simulation and statistical design. 

2.7 Conclusions 

In this chapter, existing conventional and neural network based techniques for 

RF/microwave modeling and design, which are relevant to this thesis work, have been 
41 



reviewed. Neural network based models can be used to achieve a significant speedup of 

RF/microwave simulation and optimization by replacing electronic and microwave 

component models, which are represented by detailed EM/physics equations. These 

neural models can be trained with the corresponding EM/physics data. However, most of 

the existing neural network structures are of black-box type without any problem 

dependent information embedded, and need a large amount of training data to get an 

accurate model, which results in high cost model development. Neural network based 

modeling techniques utilizing prior knowledge have been introduced to address this issue. 

With the rapid development in semiconductor technology, new devices constantly 

emerge. Although there have been existing techniques including neural network based 

techniques to meet different requirements in nonlinear device modeling, the challenges 

for more efficient, accurate, cost-effective, and systematic model development still 

continue to exist. 
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Chapter 3: Analytical Neuro-Space Mapping Technique 
for Nonlinear Microwave Device Modeling 

3.1 Introduction 

In the field of nonlinear device modeling, the neuro-space mapping (Neuro-SM) 

technique [14] has been recently proposed, using a novel formulation of space mapping 

together with a neural network to automatically modify the voltage and current signals of 

an existing device model (coarse model) to accurately match new device data (fine 

model). It is an advance over several previous ANN based methods for device modeling 

such as the I-Q model in [25] and the adjoint neural network method in [7]. The Neuro-

SM in [14] is the first time that a complete large-signal device model from an existing 

circuit simulator library can be combined with neural network architecture. With the 

neural network represented by controlled sources, the Neuro-SM model can be 

conveniently incorporated into existing circuit simulators for nonlinear circuit design 

[14]. However, the controlled sources introduce additional variables and Kirchhoff 

equations to the overall circuit. Thus such a circuit-formulation of Neuro-SM (circuit-

based Neuro-SM) model improves accuracy but at the cost of computational overhead 

from the extra equations in circuit simulation. 
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In this chapter, a new analytical formulation is derived [15] allowing efficient Neuro-

SM model evaluation and sensitivity analysis for dc, small-signal, and large-signal 

applications. In the proposed technique, the mapping mechanisms are incorporated by 

directly modifying the signals in existing device equations. In this approach, there are no 

extra unknown variables or equations introduced into circuit simulation equations. This 

increases simulation efficiency especially when the Neuro-SM model is later used in 

circuit and system designs. Based on the proposed analytical formulation, a 2-phase 

training algorithm utilizing gradient optimization is developed for efficient training of the 

Neuro-SM models. The proposed analytical Neuro-SM model is more efficient in both 

model training and circuit simulation/optimization than the equivalent circuit formulation 

ofNeuro-SMin[14]. 

3.2 Problem Formulation 

The starting point for the Neuro-SM technique is when the existing/available device 

model cannot match the data of a new device. Let the existing/available nonlinear device 

model be called the coarse model. Let the fine model be a fictitious model implied by 

actual device data from measurement or detailed/expensive device simulations. Suppose 

that the gap between the coarse and fine models cannot be overcome by simply 

optimizing the parameters in the coarse model. To achieve a model that can best match 

the device data, the model structure or the nonlinear equations of the coarse model need 

to be modified. 

Figure 3.1(a) shows the structure of a 2-port circuit-based Neuro-SM model [14]. We 

define the terminal voltage and current signals of the coarse model as vc = [vcl, vc2]
T and 
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Figure 3.1: Structure of the general 2-port Neuro-SM nonlinear model, where a neural 

network fANN is used to provide a mapping between coarse input signals and fine input 

signals, (a) Circuit-based Neuro-SM using neural network equations in controlled sources 

for the mapping, (b) Illustration of the proposed analytical Neuro-SM model for efficient 

model development without introducing extra equations to circuit simulation. 
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ic = [hi, ic2]T, respectively. Similarly, we define the terminal voltage and current signals 

of the fine model as Vf = [VJJ, v#]T and if = [//•/, ip^, respectively. Here vc and ic are called 

coarse signals, and Vf and if are called fine signals. In the Neuro-SM model, the fine 

voltage signals v/ are mapped into the coarse voltage signals vc by a neural network 

through vc = fANdyf, w), where /ANN represents a multilayer feedforward neural network, 

and wis a vector containing all internal synaptic weights of the neural network. This 

neural network is embedded as functions of the voltage controlled voltage sources in the 

circuit-based Neuro-SM of [14]. Current controlled current sources are used to pass ic to 

if-

Such a circuit-based Neuro-SM model will match the fine device data more closely 

than that is possible from the coarse model alone. This is due to (a) the additional degrees 

of freedom in device modeling from the mapping neural network, and (b) the use of this 

freedom where it is needed: the flexible transformation of terminal signals. The circuit-

based structure also allows the Neuro-SM model to be conveniently implemented in 

existing circuit simulators for circuit design. 

The overall circuit-based Neuro-SM model has two external ports as in Figure 3.1(a). 

The mapping neural network adds two internal ports in the model. Thus additional nodal 

variables and nonlinear circuit equations [101] have to be solved for each use of Neuro-

SM, for example, for each bias and each frequency. This computational overhead occurs 

not only in simulation but also in sensitivity analysis. 
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3.3 Proposed Analytical Formulation and Exact Sensitivity of the 

Neuro-SM Technique 

3.3.1 Proposed Analytical Formulation of the Neuro-SM Model 

We propose a new analytical formulation for efficient Neuro-SM modeling as illustrated 

in Figure 3.1(b). In the new formulation, the mapping mechanisms are analytically 

derived instead of being indirectly represented by controlled sources and Kirchhoff 

equations. The port voltage and current signals of the device are modified explicitly in 

the original circuit equations through the mapping neural network. In this way, neural 

network and space mapping become an integral part of the model equations, without 

adding any extra nodal variables or equations. We examine how to achieve this analytical 

formulation within the environment of dc, small-signal, and large-signal simulations. We 

then further examine an analytical formulation of Neuro-SM sensitivity analysis for dc, 

small-signal, and large-signal cases. 

Analytical dc mapping: The Neuro-SM model is a full large-signal nonlinear model. 

The mapping for coarse dc voltage signals Vcjc and fine dc voltage signals Vfjc is directly 

achieved by the neural network. Let the dc response of the coarse model be a nonlinear 

function evaluated at coarse dc voltages, i.e., I \ . Let the dc response of the Neuro-SM 

model be If. Neuro-SM requires that after receiving the modified signal, the coarse model 

output signal should become an approximation of the fine output signal. Thus the dc 

output current of the analytical Neuro-SM model as a function of the fine dc input 

voltage signal Vfdc is 
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If=If(Vf,dc) = Ic Vc,dc = fAHN(Vf,llc
w) 

(3.1) 

Analytical small-signal mapping: The small-signal S-parameters are mapped via the 

analytical mapping of the Y matrices between the coarse model Yc and fine model Yf as 

Y =Y\ 
fANN[Vr.Bia<>>v) :Bias~JANN\r f.Bi 

<>fTANN{Vf,W) 

3v, 
(3.2) 

Vf=VfMa* J 

where Yc is evaluated at the mapped bias Vc,Bias, and the derivative offAm is obtained at 

the bias of the fine model VfBias using the adjoint neural network method [7]. Notice that 

Yc is complex and has contributions of all elements in the coarse model including 

capacitors. Equation (3.2) represents a transformation (mapping) of Yc through the 

derivatives of'/ANN-

Analytical large-signal mapping: For large-signal simulation, we formulate the 2-

port Neuro-SM as a current-charge model. The analytical large-signal mapping is derived 

using the harmonic balance environment, which requires nonlinear models in the time 

domain and circuit equations in the frequency domain [102]. Let icNL(t)\ and 

9c NL (0 represent the nonlinear terminal current and charge of the coarse model in 

terms of coarse input voltage signals vc(i). In the proposed analytical Neuro-SM model, 

given the fine input signals Vf(t), the fine output current and charge are computed by (3.3) 
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in the time domain 

lf,NL\0 lc,NL (0\ ,s , (v tAw) 

9f,NL0) = 9c,NL(t)\v (t)=fANN(vf(t),w) 

For the frequency domain case, let the currents of the Neuro-SM model and the coarse 

model at a generic harmonic frequency 0)k be If(o)k) and IcNL{(Ok), respectively. The 

subscript k represents the index of the harmonic frequency, k = 0, 1,2, ..., NH, where NH 

is the number of harmonics considered in HB simulation. Given fine input Vf (a>k) for all 

k, fine output If (a>k) is computed as 

NT-\ 

(3.4) 
N T «=0 

where v /(^) = X^C^O'^vC"'^) *s m e fine m P u t signal at time point t„, NT is the number 
k=0 

of time points, WN(n,k) is the Fourier coefficient for the n'h time sample and the k' 

harmonic frequency, and superscript * denotes complex conjugate. 

In addition, if the coarse model has separate linear and nonlinear parts [102], we can 

implement an even more efficient analytical Neuro-SM model for large-signal simulation 
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by directly mapping the linear part in the frequency domain and the remaining nonlinear 

part in the time domain. Let Fc,z,(&>/0 represent the admittance matrix of the coarse linear 

subcircuit at <x>k. Since the signals applied to the linear part are from the nonlinear 

mapping, we need to add the contribution of Fc,i(ct>/c) to the harmonic balance (HB) 

equation in the form of harmonic current 

JcA^-) = KL(cok)-^
NfifANN(vf(tn),W)-WN(n,k) (3.5) 

•""r «=o 

The nonlinear subcircuit in general consists of nonlinear current and charge elements. 

The effect of neural network mapping on the response of the nonlinear subcircuit can be 

computed by (3.4), where the nonlinear current and charge are due to nonlinear 

components such as controlled current sources and nonlinear capacitors in the coarse 

model. The overall Neuro-SM model response is 

IfW = 1C,L K ) + IcM (0)k) (3.6) 

We described above how to systematically modify the device equations used in dc, 

small-signal, and large-signal simulation. Such modification is achieved by using a neural 

network to map the input voltage signals in the equations. Because of the neural network 

universal approximation capability [2], such mapping allows the model to achieve an 

extra degree of freedom beyond the limitation of the coarse model in matching the device 
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data. The mapping effect is achieved by modifying the existing circuit equations only, 

thus no additional equations are introduced. For example, if we remove the mapping of 

/ANN and evaluate the model at the original input signals (i.e., vc = vj) instead of the 

mapped input, (3.1)—(3.5) would become similar to the original circuit equations. These 

equations are needed to solve the coarse model in dc, small-signal, and large-signal cases. 

By introducing the mapping neural network into these equations, we alter the signals in 

the coarse model to improve model accuracy. The same mapping, i.e., /ANN, is used in all 

cases of derivations in order to ensure the analytical consistency of the Neuro-SM model 

among dc, small-signal, and large-signal simulations. 

3.3.2 Sensitivity Analysis of the Analytical Neuro-SM Model w.r.t. Mapping Neural 

Network Weights 

Let Wj be a generic symbol representing an internal weight of the mapping neural 

network. The sensitivity of the Neuro-SM model w.r.t. w,- provides gradient information 

for efficient training of the Neuro-SM model. Here we derive the sensitivity formulas for 

the proposed analytical Neuro-SM. 

DC sensitivity: In dc case, the sensitivity of the output current of the analytical 

Neuro-SM model 7^w.r.t. wt is 

dl f - w T A 

/ 
yw, 

dl T 
T 

\dVc,dcJ 

where Gc is the dc conductance matrix of the coarse model, and dfANN(Vfdc,w)/dwj is 
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the first order derivative computed by neural network backpropagation [2]. 

Small-signal sensitivity: The sensitivity for Y-parameters of the analytical Neuro-

SM model due to changes in the mapping neural network can be derived as 

9F, 

dw, 
f _ • d'/iwOv.w) 

dvfdwj 
+ 

'f=Vf.Bic, J 

V 
I dfANNj(Vf>W) 

dw. 

^ „r ' ^ 
dfANN(Vf>W) 

dvt Vf=Vf,Bias J 

(3.8) 

This equation includes two derivative terms. The first term has the second order 

derivative of the neural network fANdy/, H»), which is the differentiation of the Jacobian 

matrix dfJNN iyf,w) I dvf w.r.t. the mapping neural network weight w,. This second order 

derivative can be achieved by the adjoint neural network sensitivity analysis [7]. The 

second term is the sensitivity of the coarse model Y-parameter, which is dependent on the 

mapped dc bias voltages thus the neural network weights. Here v . = fANNj (vf,w\ ,j - 1, 

2, represents the coarse input signal at the coarse input port 1 (ifj = 1) or port 2 (if/ = 2). 

By converting Y-parameters to S-parameters, sensitivity for S-parameters can be 

subsequently obtained. 

Large-signal sensitivity: Equation (3.9) shows the sensitivity of the output current of 

the proposed analytical Neuro-SM model at a generic harmonic frequency <x>/!(k = 0, 1, 2, 

..., NH). It is achieved by differentiating (3.4) w.r.t. the mapping neural network weight 
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Wj. 

dIf(0)k)^dIcNL (G)k) 

dwt dwt 

=^5(c-U-(.Aw+^-c-u„i.Aw)-^i—wAn'k) <3-9> 

In general, using a standard sensitivity technique, the sensitivity of a circuit current w.r.t. 

any parameter in the nonlinear circuit would require either perturbation or adjoint 

sensitivity. Here we derive a much simpler sensitivity formulation for training shown in 

(3.9) without involving perturbation or adjoint sensitivity analysis. This is made possible 

by our formulation of training, where the fine input signals v/ would be fixed by training 

data. In (3.9), Gc = (dfc Idvc) and Cc = (dqT
c Idvc) are the nonlinear conductance and 

capacitance matrices of the coarse model evaluated at the time point /„ at the mapped 

signal vc = fANN (vf(tn),w). In the case where the coarse model has separate linear and 

nonlinear parts, the sensitivity is the summation of that of the linear and nonlinear parts 

dlf (0),,) dlr, (co,) dl. N,(C0t) 
i = c^ l)+ C'"L " ,k = 0, 1, ...,NH (3.10) 
aw. aw. aw. 

where dIcL(cok)/dwj is derived from (3.5) as 
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^ = W . ^ M ^ l . r , M p.i.) 

In (3.11), YCiL{cok) is the admittance matrix of the coarse linear subcircuit at a>k, and 

dfANN ( v / (0> w ) I ̂ wi *s m e r e s u l t computed from neural network backpropagation [2]. 

3.3.3 Exact Sensitivity Analysis of the Analytical Neuro-SM Model w.r.t. Coarse 

Model Parameters 

The analytical Neuro-SM model can be incorporated into a circuit simulator after being 

trained utilizing the sensitivity formulation discussed in Subsection 3.3.2. When coarse 

model parameters need to be treated as variables during circuit optimization, the 

sensitivity of the circuit response w.r.t. coarse model parameters becomes useful. Now 

we consider the sensitivity of the circuit response, denoted by 7Z, with respect to a 

generic design variable x in the coarse model part of the Neuro-SM model. 

DC sensitivity: Let Vfdc and Vfdc be the original and adjoint dc port voltages of the 

analytical Neuro-SM model obtained by solving the original nonlinear circuit and its 

linear adjoint circuit [103], respectively. The dc sensitivity is 

dx ' € dx ' c dx 
(3.12) 

Vc,DC = fANN{yfJk;w) 

where dl I dx is the sensitivity in the coarse model evaluated after the original voltage 
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Vfydc has been mapped by the mapping neural network. The contribution of the Neuro-SM 

model to the adjoint circuit is an admittance matrix evaluated at the mapped dc voltage 

w) dll 
DC 

dVt f,DC 
dV, 

f,DC dv c,DC 

(3.13) 

K,DC -fAHNyf.DC' 

Small-signal sensitivity: Let vf and v be the original and adjoint voltages [103] at 

the terminals of the analytical Neuro-SM model obtained by performing small-signal 

simulation of the nonlinear circuit. Let v^ be the fine voltage signal for port 1 (if / = 1) or 

port 2 (if/ = 2). The sensitivity is evaluated by 

dft 

dx 
f^j_+YdYf dv^ 

V 
•Jx .=1,2 dVfi dx 

J 

(3.14) 

In (3.14), dYf /dx is computed at the mapped voltage signal as 

3Y, ar 
dx d. IX dvt 

vf=yf,Bi0s j 

(3.15) 

where dfjm(vf,w)/dvf is achieved by extending backpropagation towards the input 

neurons of the mapping neural network [2]. dTZIdx is also affected by the bias 
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dependency of the small-signal solution of the Neuro-SM shown by the second term in 

the bracket of (3.14), where dYf ldvfl is derived in (3.16), and dvfl /dx is the sensitivity 

of the dc bias of v/ obtained using (3.12) with 7Z replaced with Vf,. 

dYf 
c<Ki 

d2fT
ANN{vf,w) 

dvfdvfi 
+ 

z ar„ 
7=1.2 dvcj 

dfAm(.vf>w) 
dvfl 

dfANN(Vf,W)\ 

Vf=Vf,Bia, J \ 
dv, 

vf-Vf,Bim J 

(3.16) 

Here vCJ is defined as the coarse voltage signal of the Neuro-SM model for port 1 (if/ = 1) 

or port 2 (if/ = 2). 

Large-signal sensitivity: Define complex vectors Vf[cok) and Vf[a>k) as the 

original and adjoint voltages of the analytical Neuro-SM model at harmonic frequency a>k 

(k = 0, 1, 2, ..., NH). Utilizing harmonic balance sensitivity [104], the sensitivity of large-

signal response w.r.t. x is derived as in (3.17) , where dicNL /dx and dqcNL /dx are the 

sensitivities of the nonlinear current and charge of the coarse model evaluated at time tn 

from the mapped voltage signals vc =fANN(vf(tn), H>). 
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dx 

- | ] Real 
A=0 

>*A 

v]\coky 
NT-l di c,NL — Y 

NT n=0 dx V 

-]Tlmag 

•WN(n,k) 

y 

if x belongs to a nonlinear current branch in the coarse model 

•WN{n,k) 
k=0 

V}W) 

f f 
1 NT-\ —x )°>k 

Mc. NL 

dx 
\ / 

if x belongs to a nonlinear charge branch in the coarse model 

(3.17) 

The contribution of the Neuro-SM model to the adjoint HB equations is the 

admittance matrix shown in 

dff{cok)_ i 1Z_ 

3*7 (fi$) NT tt 
dfLN(vf{t„),w) 

dv, 
X 

( G \ f . ]+jCDlc-C\ f , .) -WJn^-WUnJ) (3.18) 

which is to be added into the admittance matrix of the overall adjoint circuit. Gc and Cc 

are the same as those in (3.9). If the coarse model has separate linear and nonlinear parts, 

the contribution from the nonlinear subcircuit is the same as in (3.18), and the 

contribution of the linear part is 

KAo)k) i ^[df:NN{vf,w) 
dVAco,) NT % dv, 

WN{n,k)-W;{n,l)-YlLioik) (3-19) 
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In the derivations of both the model sensitivity and the circuit sensitivity in 

Subsections 3.3.2 and 3.3.3, we notice that the sensitivity computations in the dc, small-

signal, and large-signal cases involve derivatives of the coarse model evaluated at 

mapped voltage signals, and the derivatives of the mapping neural network achieved by 

backpropagation [2] and the adjoint neural network sensitivity analysis [7]. 

3.4 Proposed Training Algorithm for the Analytical Neuro-SM Model 

The Neuro-SM model will not be good unless the mapping neural network is trained by 

fine data. The purpose of Neuro-SM model training is to let the mapping neural network 

/ANN learn the necessary relationship between the coarse and fine signals, such that the 

response of the Neuro-SM model matches that of the fine model (device data). However, 

we may not have the voltage and current signals as direct training data as required by 

conventional neural network training algorithms. In this section, we formulate the 

training algorithm using dc, bias dependent S-parameter data, and optionally large-signal 

harmonic data from the fine model. 

Our training technique extends the 2-phase training of [48] from linear/passive device 

modeling to nonlinear/active device modeling for the analytical Neuro-SM model. The 

overall training has two phases, initialization and formal training. 

3.4.1 Initialization of the Mapping Neural Network 

The mapping neural network is firstly initialized by a preliminary training to learn unit 

mapping, where the weights w are adjusted in order to 
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m i l4 X ||v/ -<|f = m i n l I H -fANsty^i (3-20) 
K> 7 * " • • II J f H ' 7 * " " • 'I J J II 

where /? is a data index, and P0 is an index set for all training data. Training data can be 

obtained by assigning [v/j, vp] in a grid form across the entire operation range of the 

device. The initialization phase leads to vc = Vf, making the overall Neuro-SM model to 

be equal to the coarse model, before actual device data is used in the training of the 

neural network. 

3.4.2 Formal Training of the Mapping Neural Network 

The mapping neural network needs to be further trained by actual device data in a formal 

training phase, in order to exceed the performance of the given coarse model. Formal 

training can be done with either dc and bias dependent S-parameter data or harmonic 

data. The exact sensitivity analysis described in Subsection 3.3.2 provides the gradient 

information required by the training algorithm. Compared to the circuit-based Neuro-SM, 

the analytical Neuro-SM is a more compact model. The number of circuit equations for 

both model simulation and sensitivity analysis used in the analytical Neuro-SM is less 

than that of the circuit-based Neuro-SM. Thus the proposed analytical formulation and 

sensitivity help achieve more efficient training than the circuit-based Neuro-SM in [14]. 

Figures 3.2 and 3.3 show the training diagrams of the analytical Neuro-SM model. 
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Figure 3.2: Block diagram for dc and small-signal training of the proposed analytical 

Neuro-SM model. 
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Figure 3.3: Block diagram for large-signal training of the proposed analytical Neuro-SM 

model. As observed, the input voltages are firstly passed to the mapping neural network to 

be mapped (modified) before being applied to the coarse model. FFT denotes fast Fourier 

transform, and IFFT means inverse FFT. 
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DC and small-signal training: The mapping neural network is trained to minimize 

the dc and S-parameter errors between the model and data at all combinations of dc 

biases and frequency points. During training, the mapping neural network weights are 

adjusted according to the gradient information of the training error through sensitivity 

analysis of the analytical Neuro-SM model. Since the evaluation and sensitivity analysis 

of Neuro-SM are performed at different dc biases and frequency points, the CPU speedup 

from each evaluation can be accumulated into a large CPU saving compared to the 

circuit-based Neuro-SM training in [ 14]. 

Large-signal training: Large-signal training data contains output power of each 

harmonic at different combinations of biases, input power levels, and fundamental 

frequencies. The objective of large-signal training is to minimize the difference between 

the HB response of the Neuro-SM model and harmonic data for all combinations. Large-

signal sensitivity described in the previous section can be used to provide gradient 

information for training of the analytical Neuro-SM model. The efficiency in evaluating 

the analytical Neuro-SM model and its sensitivity for each combination of bias, input 

power level, and fundamental frequency becomes more significant when many such 

combinations are used in training. 

Accuracy test: After training, the accuracy of the final model can be tested by 

comparing the Neuro-SM model with a separate set of data called test data. The test data 

can be dc, small-signal S-parameters, or large-signal harmonic data. 
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3.4.3 Use of the Trained Analytical Neuro-SM Model 

After the analytical Neuro-SM model is trained, it can be plugged into an overall circuit 

for circuit simulation and design. The Neuro-SM model can be incorporated into a circuit 

simulator either internally as a new type of device model, or externally as a user-defined 

model. To implement it internally, we program the neural network mapping to adjust the 

relationship of the port current and voltage signals of the existing device model using the 

formulas in the proposed analytical formulation. To implement Neuro-SM externally, we 

construct the circuit-based form of Figure 3.1(a) using the neural network weights from 

the trained analytical Neuro-SM model. These neural network weights are passed to the 

controlling functions of the controlled sources in the circuit-based Neuro-SM. The 

voltage/current relationship of the Neuro-SM model required by the circuit simulator is 

that between Vf and z), which is obtained from the Neuro-SM model through the mapping 

of coarse model signals as in Figure 3.1. 

3.5 Discussions 

The format of the Neuro-SM model presented so far is to map voltage signals between 

coarse and fine models. This format can be expanded to a mixed mapping case, where the 

mapping is for a mixture of port voltage and current signals. For example, the input of an 

HBT device are base current signal and collector voltage signal, i.e., [if], V/2]T. The 

mapping neural network will map the fine model input signals to the voltage/current 

input signals of the coarse model, such that the modified coarse model response will 

match the fine outputs. 

For simplification purpose, we used a 2-port device notation in explaining the Neuro-
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SM technique. This approach can be further generalized to n-port networks, where the 

notation and equations in the previous sections are extended accordingly. For example, 

the mapping neural network will contain n input neurons and n output neurons. The n 

external input signals, i.e., fine signals, will be supplied through the mapping neural 

network to the n-port coarse model. 

The mapping introduced in Sections 3.3 and 3.4 uses only the externally accessible 

signals of the coarse model, i.e., port voltage or current signals of the 2-port coarse 

model. The independence from the coarse model internal information makes it 

convenient for the Neuro-SM to be implemented and used with various coarse models. 

After being trained by the proposed training algorithm, the Neuro-SM model can be used 

across different circuit simulators including simulators where the Neuro-SM has not been 

pre-programmed. 

In the formulation described so far, the gap between the Neuro-SM model and the 

fine data will be minimized, but not necessarily eliminated. This means that the mapping 

is not necessarily exact. For coarse models such as intrinsic FET (or FET model 

including parasitic networks) that have fewer (or more) internal nodes, the mapping will 

make a significant (or incremental) accuracy improvement over that of the coarse model. 

Such a Neuro-SM is very suitable for intrinsic FET modeling which is usually the major 

challenge in the development of new FET models. 

The Neuro-SM concept can also be extended to alternative formulations exploiting 

the information inside the coarse model. For example, additional mappings can be 

performed on the terminal charges of the FET device. Another example is to map the 
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voltage/current signals of each circuit branch inside the coarse model. Equations for dc, 

small-signal, and large-signal cases can be derived in a similar way as those in Section 

3.3 by involving separate mappings for charge signals or coarse model internal signals. 

The potential benefit of these formulations is a further increase of the final model 

accuracy. The flexibility in using the trained model may be reduced because the coarse 

model internal signals (such as charge signal) may not be accessible in a circuit 

simulator. Such alternative models may be used only if the mapping is programmed 

internally in the simulation software. 

The neural network used for the mapping is not necessarily unique. In other words, 

the neural network internal weights can be different if the mapping is trained differently. 

This does not affect the Neuro-SM as long as the final neural network gives a correct map 

between the coarse and fine signals. 

Under certain conditions, the theoretical existence of a Neuro-SM model that exactly 

matches the fine device behavior can be ensured. Examples of such conditions are: if the 

coarse model topology is perfect, the mapping is applied to the signals of the individual 

branches in the coarse model, and the output signal of each branch is controllable by its 

input signals. In this case, the dc, small-, and large-signal mappings corresponding to 

those in Section 3.3 are exact. In general, a mapping neural network exists for the Neuro-

SM model to match the fine device data more closely (although not necessarily exactly) 

than possible by the coarse model alone. 
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3.6 Application Examples 

3.6.1 Analytical Neuro-SM Modeling of SiGe HBT 

In this example, the proposed analytical Neuro-SM is used to model a SiGe HBT device 

with irregular nonlinear measured dc behavior [105]. We use three implementations of 

the Neuro-SM technique: (a) circuit-based Neuro-SM with perturbation sensitivity 

implemented in Agilent-ADS [106], (b) circuit-based Neuro-SM with adjoint neural 

network sensitivity used in [14], and (c) proposed analytical Neuro-SM and its sensitivity 

implemented in NeuroModelerPlus [107]. In our ADS implementation, the gradient 

information required for the Neuro-SM model training is achieved by perturbing each 

weight in the mapping neural network. The circuit-based Neuro-SM in 

NeuroModelerPlus can utilize the exact adjoint sensitivity to train the mapping neural 

network. For the analytical Neuro-SM in NeuroModelerPlus, the sensitivity analyses 

described in Subsections 3.3.2 and 3.3.3 are implemented, and applied for model training. 

Two types of existing models, Gummel-Poon (G-P) model [83] and Curtice cubic 

model [14], [79], are used as coarse models for mapping. Figure 3.4 shows improved 

model accuracy by the Neuro-SM technique to map the existing device models. As seen 

in Figure 3.4, without mapping, the two models at their best provide only an 

approximation of the device behavior and lack the complicated details seen in the device 

data. With the mapping neural network, both models can be mapped to the device data 

with good accuracy. This is because the neural network training can automatically adjust 

the mapping differently according to the needs of the specific coarse model used. 
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Figure 3.4: Comparison of the device dc data, the dc responses of the existing models 

(without mapping), and the Neuro-SM models in the HBT example. 

Table 3.1 shows that the dc sensitivity of the analytical Neuro-SM model from the 

analytical sensitivity analysis matches well with the perturbation result, confirming the 

validity of our new sensitivity technique. Different numbers of hidden neurons (10, 15, 

20) for the mapping neural networks have been used in training. The testing accuracy for 

the Neuro-SM with 10, 15, and 20 hidden neurons by mapping the Gummel-Poon (or 

Curtice) model were 0.85%, 0.91%, and 1.40% (or 0.88%, 0.74%, and 0.93%), 

respectively. Mapping neural networks with 10 or 15 hidden neurons are found suitable 

for this example. In general, fewer (more) hidden neurons are needed if the coarse model 

is good (poor). Table 3.2 shows a detailed comparison of the training and testing errors 
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between the coarse and Neuro-SM models with the mapping neural network of 10 hidden 

neurons. Table 3.3 compares the training time of the three Neuro-SM implementations. 

Training was done with 200 sets of dc data and the CPU time was recorded for 100 

training iterations on a Pentium IV 2.8GHz computer. Table 3.4 shows the model 

evaluation time comparison between the coarse models, the circuit-based Neuro-SM, and 

the proposed analytical Neuro-SM by performing 1000 Monte-Carlo analysis for 100 dc 

bias points. 

Table 3.1: Examples of sensitivity comparison in the HBT example. Sensitivity is done w.r.t. 

the mapping neural network weights and coarse model parameters. The Gummel-Poon 

model is used for mapping. 

dljdwu 

dlc/dw5, 

dIc/dW42 

dljdlsf 

dIc/dNf 

Neuro-SM sensitivity by 
perturbation 

2.2608e-03 

6.3170e-03 

1.5417e-02 

2.4239e-04 

1.2706e+01 

Proposed analytical 
Neuro-SM sensitivity 

2.2642e-03 

6.2898e-03 

1.5588e-02 

2.4207e-04 

1.2705e+01 

Difference 
(%) 

0.15 

0.43 

1.10 

0.13 

0.01 

Ic is the collector current. 
wy is a neural network synaptic weight. 
Isf and Nf are coarse model parameters. 
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Table 3.2: Comparison of model accuracy in the HBT example. The values are average 

errors between the model and training/testing data. The proposed analytical Neuro-SM can 

retain the same accuracy as the circuit-based Neuro-SM. 

Coarse Model 1 
(Gummel-Poon) 

Coarse Model 2 
(Curtice) 

Existing model 
without mapping 

1.93%/ 2.27% 

3.54%/4.03% 

Circuit-based 
Neuro-SM model 

0.81%/0.85% 

0.83 % / 0.88% 

Proposed analytical 
Neuro-SM model 

0.81%/0.85% 

0.83 % / 0.88% 

Table 3.3: Neuro-SM Training time comparison between several training techniques for the 

HBT example. Training was done with dc data only. The proposed technique is the most 

efficient. 

Coarse Model 1 
(Gummel-Poon) 

Coarse Model 2 
(Curtice) 

Circuit-based 
Neuro-SM with 

perturbation 

30 mins 

28.5 mins 

Circuit-based 
Neuro-SM with 

adjoint NN sensitivity 

7 mins 

6.7 mins 

Proposed analytical 
Neuro-SM and 

sensitivity 

2.5 mins 

1.7 mins 

Table 3.4: Model evaluation time for 1000 Monte-Carlo analysis of 100 dc biases in the HBT 

example. Relative to the original coarse model, the computational overhead of the proposed 

analytical Neuro-SM is much less than the circuit-based Neuro-SM. 

Coarse Model 1 
(Gummel-Poon) 

Coarse Model 2 
(Curtice) 

Coarse model 
without mapping 

19 sees 

14 sees 

Circuit-based 
Neuro-SM model 

48 sees 

27 sees 

Proposed analytical 
Neuro-SM model 

30 sees 

20 sees 
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This example extends the study of the Neuro-SM technique beyond that in [14] in 

three new directions. First, we applied different coarse models to demonstrate the 

flexibility of Neuro-SM. Second, new analytical sensitivities were utilized and compared 

with perturbation, validating the proposed sensitivity technique. Third, training of the 

new analytical Neuro-SM model, and a comparison of model accuracy, training CPU 

time, as well as evaluation time between the proposed analytical Neuro-SM and the 

circuit-based Neuro-SM in [14] were done, confirming that the proposed analytical 

Neuro-SM provides the best efficiency among the three model development methods in 

Table 3.3. 

3.6.2 Analytical Neuro-SM Modeling of GaAs MESFET 

In this example, Neuro-SM is used to model the large-signal behavior of an ADS internal 

GaAs MESFET [14]. The three implementations described in Subsection 3.6.1 are 

utilized, i.e., circuit-based Neuro-SM with perturbation, circuit-based Neuro-SM with 

adjoint neural network sensitivity as in [14], and the proposed analytical Neuro-SM. The 

Neuro-SM models were trained with dc and bias dependent S-parameter data, and refined 

by large-signal harmonic data. The training data was generated in ADS by an internal 

Statz model [78] for convenient verification purpose. Two existing MESFET models are 

used as coarse models for mapping: the Curtice cubic model [79] and Materka model 

[80]. Harmonic data for refinement training was generated at different input power levels 

(l-5dBm) and fundamental frequencies (2-5GHz) with a harmonic frequency range up to 

25GHz. Sensitivity formulas described in Subsection 3.3.2 were implemented and used 

for training of the analytical Neuro-SM models. 
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Similar to the example in Subsection 3.6.1, we extend the study of Neuro-SM beyond 

that in [14] in three new directions: applicability of Neuro-SM for different coarse 

models, new sensitivity validation, and comparison of the new analytical Neuro-SM with 

the original Neuro-SM of [14]. Figures 3.5, 3.6, and 3.7 show the comparisons of dc, 

small-, and large-signal behavior between coarse device models, mapped Neuro-SM 

models, and data. Notice that the mismatch between the coarse models and the data 

cannot be simply overcome by optimizing the model parameters alone. A structural 

change in the nonlinear model formulas is needed. This is achieved by Neuro-SM 

through the additional degree of freedom beyond that of the existing model due to the 

neural network mapping. Table 3.5 shows the dc, small-signal, and large-signal 

sensitivity verification. Different numbers of hidden neurons (10, 15, 20) for the mapping 

neural networks have been used in the training. The testing accuracy for the Neuro-SM 

with 10, 15, and 20 hidden neurons by mapping the Curtice (or Materka) model were 

1.43%, 1.38%, and 1.72% (or 1.34%, 1.20%, and 1.40%), respectively. Tables 3.6, 3.7, 

and 3.8 show model accuracy, training time, and model speed comparison, further 

demonstrating that the proposed analytical Neuro-SM technique with its exact sensitivity 

can retain the same model accuracy as circuit-based Neuro-SM in [14] while achieving 

increased efficiency. The neural networks used in the tables are with 10 hidden neurons. 

In Table 3.7, training CPU time was recorded for 100 training iterations on a Pentium IV 

2.8GHz computer. 
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Figure 3.5: Comparison of the dc current between the original ADS solution (device data), 

existing models (without mapping), and Neuro-SM models in the MESFET example. 
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Figure 3.6: Comparison of the S-parameters between the original ADS solution (device 

data), existing models (without mapping), and Neuro-SM models in the MESFET example. 

The S-parameters are at 2 biases of (Vg, Vd) of (-0.8V, 4V) and (-0.2V, IV). 
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Figure 3.7: Comparison between the first three harmonic data and the HB response of the 

Neuro-SM models before/after HB refinement training in the MESFET example. Neuro-SM 

is applied to (a) Curtice model, and (b) Materka model. 
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Table 3.5: Sensitivity comparison in the MESFET example. Sensitivity is calculated w.r.t. 

the mapping neural network weights and coarse model parameters. The Curtice model is 

used for the mapping. 

dljdwu 

dRS]]/dw3j 

dISu/dw42 

dRS12ldw51 

dISj2/dW72 

dRS2i/da3 

dIS21ldCds 

dRS22/dr 

dIS22/d Cds 

dimidwn 
6112] lda2 

d/i3] ldCgd 

Neuro-SM sensitivity 
by perturbation 

1.0234e-01 

1.2217e-01 

-4.1562e-02 

-1.1381e-02 

9.9543e-03 

-4.1906e+01 
3.3082e+02 

1.2093e-01 

-1.5024e+02 

-3.1426e-01 
1.8342e+00 

2.5145e+01 

Proposed analytical 
Neuro-SM sensitivity 

1.0171e-01 

1.2214e-01 

-4.1541e-02 

-1.1379e-02 

9.9344e-03 

-4.1902e+01 

3.3248e+02 

1.2101e-01 

-1.5029e+02 

-3.1400e-01 
1.8451e+00 

2.6349e+01 

Difference 

(%) 

0.62 

0.02 

0.05 

0.02 

0.20 

0.01 

0.50 

0.07 

0.03 

0.09 

0.59 

0.57 

Id is the drain current. 
RSjj and ISy (i,j =1,2) are real and imaginary parts of S-parameters. 
Id[k] (k = 1, 2, 3) is large-signal current at the k' harmonic frequency. 
Wjj is a neural network synaptic weight. 
ci3, Cds, r, a2, and Cgd are coarse model parameters. 
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Table 3.6: Comparison of model accuracy in the MESFET example. The values are average 

errors between the model and training/testing data. The proposed analytical Neuro-SM can 

retain the same accuracy as the circuit-based Neuro-SM. 

Coarse Model 1 
(Curtice) 

Coarse Model 2 
(Materka) 

Existing model 
without mapping 

10.53%/10.66% 

6.44 % / 6.59% 

Circuit-based 
Neuro-SM model 

1.41%/1.43% 

1.26%/1.34% 

Proposed analytical 
Neuro-SM model 

1.41%/1.43% 

1.26%/1.34% 

Table 3.7: Neuro-SM training time comparison between several training techniques for the 

MESFET example. Training was done with dc and S-parameter/harmonic data. The 

proposed technique is the most efficient. 

Coarse Model 1 
(Curtice) 

Coarse Model 2 
(Materka) 

Circuit-based 
Neuro-SM with 

perturbation 

120/42mins 

133/45mins 

Circuit-based 
Neuro-SM with 

adjoint NN sensitivity 

23 /lOmins 

25/13.3 mins 

Proposed analytical 
Neuro-SM and 

sensitivity 

11 /3.3mins 

15/4 mins 

Table 3.8: Model evaluation time of dc and S-parameter sweeps at 150 biases, repeated for 

1000 Monte-Carlo analyses in the MESFET example. Relative to the original coarse model, 

the computational overhead of the proposed analytical Neuro-SM is only marginal. 

Coarse Model 1 
(Curtice) 

Coarse Model 2 
(Materka) 

Coarse model 
without mapping 

6.7 mins 

6 mins 

Circuit-based 
Neuro-SM model 

14 mins 

15 mins 

Proposed analytical 
Neuro-SM model 

7.5 mins 

6.7 mins 
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3.6.3 Analytical Neuro-SM Modeling of a HEMT Trained with Physics-Based 

Device Data 

The high electron mobility transistor (HEMT) [108] device is important in high 

frequency circuit design. Physics-based numerical simulators [109] and equivalent circuit 

models [81] have been used for HEMT modeling. In this example, Neuro-SM is used to 

learn from physics-based data of a HEMT device. Training data (dc and bias dependent 

S-parameter data) was generated from a physics-based device simulator, MINIMOS 

[109], by solving the device Poisson equations. The HEMT structure used in setting up 

the physics-based simulator is shown in Figure 3.8. It was modeled by three Neuro-SM 

implementations (circuit-based Neuro-SM with perturbation, circuit-based Neuro-SM 

with the adjoint neural network sensitivity of [14], and the proposed analytical Neuro-

SM) with three different coarse models, i.e., the Curtice [79], the Statz [78], and the 

Chalmers (Angelov) [81] models, resulting in 9 cases for extensive studies of the Neuro-

SM technique. 

Channel 
(Undoped 
InGaAs) 

Source 

N+ GaAs 

AlGaAs 

/ / \ V 
/ Gate _\ 

y 

Drain 

N+ GaAs 

AlGaAs 

Undoped AlGaAs 

Undoped GaAs Buffer 

Semi-insulating GaAs 
Substrate 

5-D( 

Figure 3.8: Physical structure of a HEMT device used for generating fine data in MINIMOS 

to train Neuro-SM models. 
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A comparison of the Neuro-SM models and the original physics data is shown in 

Figures 3.9 and 3.10 for different coarse models (Curtice, Statz, and Chalmers). Mapping 

neural networks with 10 to 15 hidden neurons are found suitable for this example. 

1.0 2.0 
Vd(V) 

(a) 

3.0 

Vg=-0.1V 

°--° VB = -0.2V 

• ^ V„ = -0.3V 

1.0 2.0 
Vd(V) 

(b) 

— Neuro-SM model 
(mapped model) 

— Existing model 
(without mapping) 

o Original HEMT data 
(from MINIMOS) 

3.0 

(c) 

Figure 3.9: The dc comparison between the original HEMT data from MINIMOS, existing 

models (without mapping), and the Neuro-SM models in the HEMT example. The gate 

voltage Vg for all three models is from -0.5V to -0.1V. Existing models used for Neuro-SM 

are (a) Statz, (b) Curtice, and (c) Chalmers model. Training of Neuro-SM models was done 

using such dc data and the bias-dependent S-parameter data in Figure 3.10 simultaneously. 
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Figure 3.10: S-parameter comparison between the original HEMT data from MINIMOS, 

existing models (without mapping), and the Neuro-SM models in the HEMT example. All 

plots show S-parameters in dB versus frequency in GHz. Comparison was done at 4 

different dc biases at gate voltage (-0.4V, -0.2V) and drain voltage (0.2V, 2.4V). Existing 

models used as coarse models for mapping are (a) the Statz model, (b) the Curtice model, 

and (c) the Chalmers model. 

Tables 3.9, 3.10, and 3.11 show the sensitivity, model accuracy, and training time for 

the three implementations of Neuro-SM with 10 hidden neurons, demonstrating the 

increased efficiency of the proposed analytical Neuro-SM over the circuit-based Neuro-

SM of [14]. Training time was recorded for 100 iterations on a Pentium IV 2.8GHz 

computer. Neuro-SM enables fast and accurate modeling of device physics. To further 

demonstrate the efficiency of the analytical Neuro-SM, the trained models were 
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Table 3.10: Comparison of model accuracy in the HEMT example. The values are average 

errors between the model and training/testing data. The proposed analytical Neuro-SM can 

retain the same accuracy as the circuit-based Neuro-SM. 

Coarse Model 1 
(Statz) 

Coarse Model 2 
(Curtice) 

Coarse Model 3 
(Chalmers) 

Existing model 
without mapping 

9.82%/10.15% 

13.44%/13.91% 

7.53%/7.80% 

Circuit-based 
Neuro-SM model 

1.34%/1.41% 

1.53%/1.68% 

0.96%/1.07% 

Proposed analytical 
Neuro-SM model 

1.34%/1.41% 

1.53%/1.68% 

0.96%/1.07% 

Table 3.11: Neuro-SM training time comparison between several training techniques for the 

HEMT example. Training was done with dc and bias-dependent S-parameter data. The 

proposed technique is the most efficient. 

Coarse Model 1 
(Statz) 

Coarse Model 2 
(Curtice) 

Coarse Model 3 
(Chalmers) 

Circuit-based 
Neuro-SM with 

perturbation 

220 mins 

137mins 

350 mins 

Circuit-based 
Neuro-SM with adjoint 

NN sensitivity 

50 mins 

35 mins 

68 mins 

Proposed analytical 
Neuro-SM and 

sensitivity 

22 mins 

17 mins 

25 mins 
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3.6.4 Use of Neuro-SM Models in a Frequency Doubler Circuit 

This example demonstrates the application of the trained Neuro-SM models in a balanced 

frequency doubler [110] circuit shown in Figure 3.11. The trained Neuro-SM models for 

the MESFET device in example of 3.6.2 and the HEMT device in example of 3.6.3 are 

incorporated into ADS, and connected with other ADS components to form the overall 

doubler circuit. 

The MESFET Neuro-SM models trained in example of 3.6.2 (mapped Curtice model 

and mapped Materka model) are first used in the frequency doubler circuit. We 

performed large-signal harmonic balance simulation of the frequency doubler, and the 

results including conversion gain, second harmonic output power, and fundamental 

frequency suppression match well with the original ADS solutions, shown in Figures 3.12 

and 3.13. This verifies the validity of the large-signal behavior of the proposed Neuro-

SM device model. The trained HEMT Neuro-SM models in example of 3.6.3 (i.e., the 

mapped Statz model, the mapped Curtice model, and the mapped Chalmers model) are 

then used in the doubler circuit simulation with the results shown in Figure 3.14. In 

reality, the physics-based device simulator MINIMOS cannot be directly combined with 

other passive/active components in ADS for overall circuit design. By the proposed 

technique, the Neuro-SM models can be first trained to learn the device characteristics 

from a device physics simulator such as MINIMOS. The trained Neuro-SM models can 

then be conveniently implemented into existing circuit simulators such as ADS, thus 

making the circuit simulation with physics-based device model faster and more 

convenient. 
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Figure 3.11: A frequency doubler circuit. Both the MESFET models and the HEMT models 

developed with the Neuro-SM technique will be used in this circuit. 
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Figure 3.12: Comparison of the frequency doubler (with the MESFET models) HB solutions 
between the original ADS model, the coarse model, and the Neuro-SM model, (a) Second 
harmonic output power and conversion gain versus input power level at input frequency of 
4 GHz. (b) Second harmonic output power versus output frequency with input power level 
of ldBm. (c) Fundamental signal suppression at input power level of 1 dBm. Before 
mapping, the existing device model led to an inaccurate doubler solution. The Neuro-SM 
model improved the solution to be consistent with the original ADS solution. 

85 



20 i 

E 1 6 

CQ 
• D 

rm12 
> 2. 
° c „ 
Q- ra 8 
•5 O 
a 
8 4 

• - - Using existing model (Materka model without mapping) 
— Using Neuro-SM model (mapped Materka model) 
o Using original ADS model 

Output Power 

Conversion 
Gain 

2 4 
Input power (dBm) 

(a) 

» » a a o j J ° ° " n a n o o o 0 o e g 

-20 

2 — c c <u o 

i 8 "60 

•a o 
= J; = S" 
u. g-

w -80 H 

Frequency (GHz) 

(b) 

I Q O O Q O O O - O * 

10 

-100 I r , , 

3.0 3.5 4.0 4.5 5.0 
Frequency (GHz) 

(c) 
Figure 3.13: Comparison oi the frequency doubler (with the MESFET models) HB solution 

between the original ADS model, the coarse model, and the Neuro-SM model, (a), (b), and 

(c) are similarly defined as in Figure 3.12, except that the coarse model used here for 

mapping here is the Materka model instead of the Curtice model of Figure 3.12. 
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Figure 3.14: Frequency doubler (with the HEMT models) HB solutions using three Neuro-
SM models (mapping of the Statz, the Curtice, and the Chalmers models). All the doubler 
solutions were obtained by ADS simulation, (a), (b), and (c) are similarly defined as in 
Figure 3.12, except that the transistor models used here were trained from the HEMT data 
generated from MINIMOS. Even though the original HEMT represented by the physics-
based device simulator MINIMOS cannot be directly used in circuit simulators such as 
ADS, the proposed Neuro-SM technique makes it possible to have a HEMT model with 
device physics behavior in an ADS simulation. 
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3.7 Conclusions 

In this chapter, a Neuro-SM technique has been proposed to meet the constant need of 

new device models due to rapid progress in semiconductor technology. It aims to 

automatically modify the behavior of existing models to match new device behavior. 

Neuro-SM models retain the speed of the existing device models while improving the 

model accuracy. An advanced Neuro-SM formulation has been proposed with analytical 

mapping representations and exact sensitivity analysis. The proposed technique allows 

faster model training and evaluation. After being trained, the analytical Neuro-SM model 

can be incorporated into high-level simulators to increase the speed and accuracy of 

circuit design. Examples of Neuro-SM modeling by the proposed technique for SiGe 

HBT, GaAs MESFET, and HEMT devices, and use of the Neuro-SM models in a 

frequency doubler circuit for harmonic balance simulation have been examined. These 

examples have demonstrated that the proposed analytical Neuro-SM facilitates efficient 

model development for nonlinear microwave devices, allowing existing models to exceed 

their current capabilities. By mapping the existing equivalent circuit models to detailed 

device physics data, the Neuro-SM can efficiently expand the scope of models in existing 

circuit simulators to include device physics behavior. 
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Chapter 4: Statistical Space Mapping for Nonlinear Device 
Modeling: Linear Mapping Method 

4.1 Introduction 

This chapter explores the application of ANN and space mapping for large-signal 

statistical modeling of nonlinear microwave devices. A novel large-signal statistical 

modeling method is proposed combining one large-signal nominal model and a dynamic 

space mapping network [17]. The large-signal nominal model is developed using one 

complete set of large-signal data. It describes the nominal performance of a given device 

population. A new statistical space mapping concept is introduced to account for the 

large-signal statistical properties. The mapping contains the statistical parameters 

estimated by fitting many dc and bias-dependent S-parameter data points of the given 

device population. In this way, the large-signal nonlinear behavior of the model is mainly 

represented by the nominal model while the random variations around the nominal model 

are represented by the space mapping network. With the assumption that the parameter 

variations of the given device population are usually small percentages of their nominal 

values, a simple mapping network can be extracted from small-signal data to approximate 

the large-signal statistical variations. This technique is demonstrated through the 

modeling of a MESFET device and its use in an amplifier yield analysis. 
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4.2 Proposed Statistical Space Mapped Model 

4.2.1 Nominal Model 

The nominal model is a nonlinear model developed from large-signal measurement data. 

It can be an extracted equivalent circuit model [78]-[81] or a trained dynamic neural 

network (DNN) model [49]. This model contains no statistical parameters, therefore 

requiring the large-signal measurement of only one device. It is used as a coarse 

representation of the large-signal characteristics for the entire device population. 

4.2.2 Statistical Space Mapping 

The statistical space mapping network utilizes the neuro-space mapping concept in [12], 

[14]-[16] by replacing the mapping neural network with a linear dynamic mapping shown 

in Figure 4.1. For illustration purpose, a two-port device is examined. Let the terminal 

voltage and current signals (mapped signals) of the nominal model be defined as vnom = 

[vnom\, vn0m2]T and i„om = [i„om\, inomif\ respectively. Similarly define the terminal voltages 

and currents of the statistical model (original signals) as v = [vi, v2]
T, and i = [i\, /2]T, 

respectively. A linear dynamic mapping is implemented as the controlling functions of 

the voltage controlled voltage sources. Current controlled current sources are used to pass 

inom to / in order to make the statistical model consistent with Kirchhoff s Laws, as seen 

from the external terminals of the overall model. 

The mapping equation implemented in the controlled voltage sources is 
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= /J t t , (^v1 >vf1>, . . . ,^>,v2 ,< , . . . ,^>,^, . . . , i&>) 

(4.1) 
k=0 4=0 *=1 

,?A where v(.
 J and v(Jmj (z' = l,2) are the A: derivatives of v. and vBom/with respect to time t, 

respectively. Nt and Nnomi are the derivative orders of the voltage signals at port i (i = 1,2) 

of the statistical model and the nominal model, respectively. ^ is a vector of statistical 

parameters including aik (k = \,2,...,N1\ bik (k = l,2,...,N2), cik{k = \,2,-,Nnomi), and dh 

where i — \,2 for all parameters. 
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Figure 4.1: Two-port statistical space-mapped model. 

For each device in the statistical population, dc and bias-dependent S-parameter data 

are measured. Parameter extractions of the a's, b's, c's, and <i's are performed based on 

the measurement data for each device. Once 0 is extracted from all devices in the 
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population, the means (//), standard deviations (d), and the correlation coefficients (/?) of 

the statistical parameters 0will be calculated. 

4.2.3 Modeling Procedure 

Step 1. For a given number (N) of devices in the population, use one device to generate a 

complete set of large-signal data from direct large-signal measurement or device 

simulation. Develop a large-signal nominal model using this data set. 

Step 2. Define the mapping function and derivative orders used in the statistical space 

mapping network. 

Step 3. Generate dc and S-parameter data for the rest of the devices (N-l) in the population. 

For each set of data, perform parameter extraction to obtain the mapping parameters 

Step 4. From the N-l sets of extracted parameters, calculate /i, a, and p. These values 

represent the statistical properties of the mapping parameters $• The statistical space 

mapping is formed by applying them into the mapping network. 

Step 5. Combine the nominal model and the statistical space mapping network to form the 

large-signal statistical model as shown in Figure 4.1. 

4.3 Application Examples 

4.3.1 Large-Signal Statistical Model of a MESFET Device 

To demonstrate the proposed technique, we examine the statistical behavior of a 

population of 50 devices represented by an internal MESFET [78] in ADS [106]. The 

ADS device parameters are perturbed around given mean values by specified standard 
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deviations. The nominal model in this example is the MESFET model whose parameters 

are exactly the mean values. The statistical parameters in the space mapping network are 

extracted from dc and bias-dependent S-parameters of each device in the population for a 

reasonable extraction accuracy of 1% error. Each set of dc and S-parameter data is 

generated at 150 bias points and 20 frequencies. The derivative orders, i.e., Nt and N„omi 

(/ = 1,2 ), used in this example are all equal to one. After parameter extraction, //, <r, and p 

of the parameters ^are calculated as shown in Tables 4.1 and 4.2. 

Table 4.1: Means and standard deviations of the statistical space mapping parameters. 

Parameter ( $ 

«10 

«n 

b\o 

Cll 

d\ 

«20 

a2X 

b2o 

b2\ 

Cl\ 

di 

Mean (//) 

1.004 

4.940e-4 

-2.968e-3 

-4.912e-4 

4.866e-4 

-2.178e-2 

2.135e-3 

1.059 

-4.315e-2 

3.838e-2 

-4.912e-4 

Standard Deviation (o) 

1.943e-2 

5.106e-3 

4.92 le-3 

5.095e-3 

5.657e-2 

1.349e-2 

6.054e-3 

7.872e-2 

8.455e-2 

7.181e-2 

3.297e-2 
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Table 4.2: Correlation coefficients of the statistical space mapping parameters. 

Correlation Coefficients (p) 

1> 

«10 

a\\ 

b\o 

C\\ 

d\ 

«20 

«21 

^20 

bi\ 

Cl\ 

d2 

fllO a\\ b\o c\\ dx «20 <?21 *20 bi\ c2\ d2 

1.00 

-0.22 

-0.39 

-0.30 

-0.20 

-0.60 

-0.18 

0.95 -

-0.39 

-0.10 

-0.39 

1.00 

-0.29 

-0.86 

0.21 

0.12 

0.26 

-0.21 

0.02 

0.09 

0.03 

1.00 

0.48 

0.16 

0.61 

-0.43 

-0.44 

-0.05 

0.28 

0.38 

1.00 

-0.09 1.00 

0.18 -0.07 

-0.14 -0.41 

-0.28 -0.28 

0.16 -0.01 

-0.02 0.15 

0.17 0.14 

1.00 

0.09 1.00 

-0.67 -0.11 

0.23 -0.01 

0.06 0.08 

0.71 0.02 

1.00 

-0.36 

-0.13 

-0.62 

1.00 

-0.87 1.00 

-0.02 0.25 1.00 

To test the result, the overall statistical model including the nominal model and the 

statistical space mapping network is then used for large-signal Monte-Carlo analysis with 

100 devices. The same analysis is also done to the original MESFET device. The 

comparisons of the output power and the output current for all the 100 devices are given 

in Figures 4.2 and 4.3, showing that the proposed model can catch the large-signal 

statistical properties of the device. 
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Figure 4.2: Example of output power (fundamental to third harmonics) v.s. input power of 

Monte-Carlo simulations with 100 devices using (a) the original ADS MESFET and (b) the 

proposed statistical space-mapped model. 
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Figure 4.3: Example of output current of Monte-Carlo simulations with 100 devices using 

(a) the original ADS MESFET and (b) the proposed statistical space-mapped model. 
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4.3.2 Use of Statistical Space-Mapped Model in Amplifier Simulation 

To further demonstrate the capability of this technique, we use the statistical space-

mapped model from Example A in a three-stage amplifier simulation as shown in Figure 

4.4. We perform 1000 Monte-Carlo analyses to two amplifier circuits: one uses the 

original MESFET device in ADS; another uses our proposed statistical model. The yield 

results are 73.6% and 68.9%, respectively. Figure 4.5 shows a comparison of the gain of 

the amplifier circuits. This shows that the proposed statistical space-mapped model can 

be used for statistical design of high-level circuits. 

T 

]^^^^^iKr^Fi 

T + 

Figure 4.4: Three-stage amplifier circuit. 
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Figure 4.5: Gain comparison of 1000 amplifier circuits using (a) the original ADS MESFET 

and (b) the proposed statistical space-mapped model. The distribution of the amplifier 

responses using our proposed statistical space-mapped model matches that of the original 

ADS results well, confirming our proposed method. 
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4.4 Conclusions 

A new large-signal statistical modeling technique has been presented. The proposed 

statistical space-mapped model combines a large-signal nominal model with a dynamic 

mapping network which characterizes the statistical variations around the nominal. The 

nominal model is extracted from large-signal data while the space mapping network 

containing the statistical parameters is developed from dc and bias-dependent S-

parameter data. This technique allows large-signal statistical model development without 

large-signal data generation of a massive number of devices, thus reducing the modeling 

cost. 
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Chapter 5: Statistical Neuro-Space Mapping (Neuro-SM) 
Technique for Large-Signal Statistical Modeling of 
Nonlinear Devices 

5.1 Introduction 

In this chapter, further progress in large-signal statistical modeling is presented [18], as 

an expansion over the linear statistical mapping method of Chapter 4. In reality, the 

statistical variations among the device samples in a given population could be large as 

well as small [86]-[92]. The use of linear space mapping in a large variation case will 

result in a large mapping network with high dynamic orders and a large number of 

mapping coefficients as statistical parameters. This may lead to non-unique solutions in 

the statistical parameter extraction of some random devices whose behavior is close to 

that of the nominal device, causing unreliable distributions and uncertainty in the 

statistical behavior of the model. In the present chapter, we overcome this problem with a 

new technique, called statistical neuro-space mapping (statistical Neuro-SM) [18]. The 

proposed technique effectively models large statistical variations by expanding the linear 

mapping of Chapter 4 to nonlinear mapping, while preserving the use of the large-signal 

nominal model to minimize the cost of large-signal data generation. Since the analytical 

formula of the nonlinear mapping is usually unknown, neural networks are used to 

achieve the mapping. A re-formulated mapping, different from the linear mapping of 
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Chapter 4, is proposed, allowing the statistical parameters to be defined separately from 

the coefficients in the mapping function. In this way, the increased complexity of the 

mapping, required for large statistical variations, can be achieved without having to 

increase the dimension of the statistical parameters. A new training algorithm is 

developed to perform simultaneous statistical parameter extraction and neural network 

training based on dc and bias-dependent S-parameter data of all device samples in the 

given population. The proposed technique aims at producing better accuracy even when 

the size of the statistical variations grows, a feature not possible in the linear mapping of 

Chapter 4. 

5.2 Proposed Statistical Neuro-SM Technique 

5.2.1 Proposed Statistical Neuro-SM Formulation 

To characterize accurately the statistical behavior of nonlinear microwave devices which 

have large statistical variations, we propose to use a nonlinear mapping function in the 

statistical space mapping such that the behavior of a randomly selected device can be 

represented by a mapped version of the nominal device model. Since this mapping 

function is usually unknown and precise analytical mapping equations may not be 

available, the neural network becomes a logical choice. However, the formulation of the 

neural network mapping is not a trivial matter. A straightforward expansion from linear 

to nonlinear mapping is equivalent to using the "non-statistical" mapping method of 

Chapter 3 for statistical modeling, where the coarse model is replaced by the nominal 

model and the fine model is replaced by random device samples. However, this 
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straightforward approach will lead to similar problems as in linear mapping because the 

weighting parameters of the mapping neural network have to vary between different 

device samples. This forces the weighting parameters to become statistical parameters. 

Since, in general, the solutions of the neural network weighting parameters are almost 

always non-unique, the statistical distribution estimated from the weighting parameters 

will be very unreliable. Therefore, the mapping technique in Chapter 3, although good for 

single device modeling, is not appropriate to be used directly for statistical modeling. 

In this chapter, a new formulation dedicated to the special needs of statistical 

modeling is proposed. We call this new technique "statistical neuro-space mapping". 

Figure 5.1 shows the structure of the proposed statistical Neuro-SM model. A large-

signal nominal model is used to represent the average large-signal behavior of the given 

population of devices. Suppose the input and output signals of the device model are 

represented by x and y, respectively. The input signals of a random device sample are 

firstly mapped to those of the nominal model by an input mapping neural network [14]-

[16], and the output signals from the nominal model are further refined by an output 

mapping neural network to produce the final model outputs using the concept of prior 

knowledge input [11]. We name the input mapping and the output mapping as x-mapping 

and y-mapping, respectively, for convenience of description in the rest of the chapter. All 

parameters in the nominal model and the mapping neural networks are defined to be 

deterministic. In this way, different device samples in the given population will share the 

same values of the weighting parameters and thus the nonlinear mapping function. 

However, it is necessary to alter the nonlinear mapping function to capture accurately the 
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random variations between different device samples. To achieve this, we introduce a new 

set of input neurons to both the x- and _y-mapping neural networks. The new input 

neurons act as control variables to diversify the deterministic nonlinear mapping for 

various device samples. With different values for these new input neurons, the x-mapping 

(and y-mapping) will map differently for different device samples, allowing the overall 

model to reach the behavior of all devices in the population. Consequently, the statistical 

variables in our model are defined to be these new input neurons in the x- and ^-mapping 

neural networks. Because the number of input neurons for a neural network can be much 

less than the number of internal weighting parameters, the dimension of the statistical 

variables in our proposed model will be more compact, a feature not possible in previous 

linear mapping of Chapter 4. 

Input Signals 
of the kth Device 
Model 

Statistical Variables 
of the*'* Device Model 

fk(k = l, 2,...,N) 

Output Signals 
of the ^ Device 

Model 
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Statistical x-
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Nonlinear 
Nominal Model 
y ... 7S\x ) 

1 
Statistical r-Mapping 

Neural Network 

/i,,(>',.v..r:. , » ! • , ) 

Proposed I.argc-Signal Statistical Neuro-S.M Model 
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Figure 5.1: Illustration of the proposed large-signal statistical Neuro-SM model. 
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Following the same notation described in Section 4.2, let N represent the number of 

device samples in the device population. Symbols x and y represent the input and output 

signals of the overall model of any device in the population. Let xnom and ynom be the 

input and the output signals of the nominal model, respectively. Define <f> as a vector 

containing the statistical variables, which are implemented as input neurons to control the 

mapping functions of the x- and j-mapping neural networks. Let <j>k (k = 1,2,...,N) 

represent the k* random outcome of the statistical variables (/> corresponding to the k 

device. The x- and ̂ -mappings are formulated as 

Xnon,=8m(^>X>W
X) (5-1) 

where gAw(-) and hNN(.) represent the x- and y- mapping neural networks. The input 

neurons for the x-mapping neural network include the input signals x and the statistical 

variables (/>. The input neurons for the ^-mapping neural network include the input 

signals x, the nominal model output signals ynom, and the statistical variables <f>. The 

deterministic parameters wx and wy are the weighting parameters of the x- and y-

mapping neural networks, respectively. The responses ynom are evaluated by the nominal 

model at the mapped nominal inputs xnom as 
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v = /c \X 
J nom \ nom 

(5.3) 

where the function 7Z(.) represents the dynamic input-output relationship of the large-

signal nominal model. The dynamic responses of the proposed model are obtained by 

solving the nominal model together with the nonlinear mapping equations. In other 

words, given input signals x, the output signals y can be evaluated from our model this 

way: map x to xnom using (5.1), evaluate the nominal model to obtain ynom from xnom , and 

finally mapynom toy using (5.2). 

By adding the new statistical variables as input neurons of the mapping neural 

networks, additional degrees of freedom are achieved to alter the nonlinear mapping 

function. For a given population of devices, the behavior of different device samples can 

be individually mapped from that of the nominal model using different values of the 

statistical variables. To obtain a precise mapping between the nominal model and all 

device samples in the given population, two questions need to be answered: (i) how to 

determine the nonlinear mapping, and (ii) how to determine the values of the statistical 

variables to control the nonlinear mapping for each device sample. To solve these 

problems, Subsection 5.2.3 proposes a novel training technique, where the nonlinear 

mapping is determined by allowing the statistical variables (new input neurons) to be 

optimizable and forcing the x- and ^-mapping neural networks to simultaneously learn 

data from all device samples. 
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5.2.2 Proposed Statistical Neuro-SM for FET Modeling 

In this subsection, we formulate the proposed technique for statistical modeling of 2-port 

field effect transistor (FET) devices. For other type of transistors such as heterojunction 

bipolar transistors (HBT), similar formulations can be deduced with the corresponding 

input-output relationship. 

Let the gate and drain terminal voltage and current signals of the FET be v = [v vd]
T 

and /" = [/' id]
T, respectively. Let the terminal voltage and current signals of the nominal 

model be vmm = [vgmm vdmm f and inom =[ignom idnoJ, respectively. Let x = v, y = i, 

xnom = vnom > a n d 3?mm = Kom • T h e neural network mapping equations of (5.1) and (5.2) are 

implemented as the controlling functions in controlled voltage sources for the x-mapping 

and controlled current sources for the y-mapping. 

Before the statistical Neuro-SM model can accurately represent the statistical 

behavior of a given population of FET devices, it needs to be trained by the input-output 

data of the device samples. In the proposed technique, the model for a random device is 

not determined from scratch in a stand-alone fashion. It is determined by a modification 

(i.e., mapping) of the nominal model, which has already been accurately extracted from 

dc, small-, and large-signal data. Because of this special formulation, training of the 

proposed neural networks (i.e., the mapping) does not have to rely on full sets of large-

signal data. We use only a reduced set of data, in the form of dc and bias-dependent S-

parameter data of each device sample in the given population. This is much more cost-

effective compared with the requirement of large-signal data for every device in the 
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entire population. Here we establish the connection between the statistical Neuro-SM 

model and the dc and bias-dependent S-parameter data needed for training of the 

proposed model. 

The dc response of the proposed model at </> = <pk is mapped from that of the nominal 

model as 

l(^,V,wx,wy) = hmUk,V,Inom\ (,y .,">,) (5-4) 

where <j)k contains the statistical variables corresponding to the Uh device sample. V 

contains the dc voltage signals of the k' device sample, and Inom contains the dc current 

signals of the nominal model evaluated at Vnom, which is mapped from V by the x-

mapping neural network. 

The small-signal S-parameters of the proposed model at 0 = </>k are achieved by 

transforming its Y-parameters, which are mapped from the Y-parameters of the nominal 

model as 

Y{<pk,V,G),wx,wy) = 
dhT

NN(0k,v,inom,wv) 

dv 

v=V J 

xY (o))\ x 

dhT
NN(0k,v,inom,wy) 

dv 
v=V J v=V J 

(5.5) 
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where V contains the bias voltages of the kth device sample, Ynom[co) contains the Y-

parameters of the nominal model at frequency co, and Vmm — gNN (<f>k,V,w\ contains the 

mapped bias of the nominal model by the x-mapping. The first-order derivatives of the x-

and j-mapping neural networks required in (5.5) are obtained using the adjoint neural 

network method [7]. 

5.2.3 Proposed Training of the Statistical Neuro-SM Model 

To reproduce accurately the statistical behavior of a given population of devices, the 

nonlinear mapping functions, i.e., £AW(-) and hmi-), need to be determined. In reality, the 

analytical formula of the nonlinear mapping is not available, and how the mapping is 

controlled by the statistical variables is unknown. The known information are the effects 

of such controlled mapping, i.e., the statistical variations in the dc and S-parameter data 

between different device samples in the given population. 

The training of the proposed model is to solve wx, w , and <j>k (k = 1,2,...,N) to 

find the mapping neural networks #AW(.) and /IAW(-)> such that the mapped model is able to 

represent the statistical behavior of the device samples in the given population. Note that 

statistical variables (f>k are used to control the nonlinear mapping between the large-signal 

nominal model and the k' device sample, while the weighting parameters wx and w are 

common variables in the nonlinear mapping functions shared by all device samples. The 

existence of common variables means that the conventional device-by-device parameter 
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extraction is not applicable for training the proposed model. A completely new training 

technique is proposed here to perform a simultaneous search of the nonlinear mapping 

functions (i.e., search of the weighting parameters wx and wy) and their controlling 

statistical variables (j>k (k = l,2,...,N) using dc and S-parameter data from all device 

samples in the given population. The training error is formulated as the total difference 

between model responses and the dc and S-parameter data of all device samples as 

E(0\f,..-t\Wx,wy) = ±J2EHI(tk>V<>w*>wy)-I°i 
2 k=i i=\ 

1 N "Ma, " /« •? 

2 k=\ /=1 j=\ 
(5.6) 

where /(.) and ID are the dc currents of the model and the device, respectively; S(.) and 

Sf> are the S-parameters of the model and the device, respectively. The dc and S-

parameter responses of the proposed model, i.e., /(.) and S(.), are defined through (5.4) 

and (5.5), respectively. A and B are diagonal matrices containing the scaling factors 

defined as the inverse of the minimum-to-maximum range of the corresponding ID data 

and SD data, respectively. The superscript k (k = \,2,...,N) denotes the index of the 

random device sample. The subscripts / (1 = l,2,...,Nbjas) andy (j = l,2,...,Nfi ) denote 

the indices of bias and frequency in the dc and S-parameter data of each device sample, 

respectively. Nt,ias and Nfreq are the total numbers of biases and frequencies, respectively. 

The calculation of the training error is further illustrated in Figure 5.2. 
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Figure 5.2: Calculation of the training error of the proposed statistical Neuro-SM model. 

Note that for different device samples, the proposed model uses the same x- and ^-mapping 

neural networks but different values of the statistical variables to alter the nonlinear 

mapping. 
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The objective of the proposed training is to optimize wx, wy, and <f>k (k = l,2,...,N)to 

minimize the total error E of (5.6) as 

_ mm E{<t>\<l>\-<l>\wx,wy) (5.7) 

This comprehensive training process combines the mapping neural network training and 

the extraction of statistical variables 0k (k = l,2,...,N) into one gradient-based 

optimization for efficient model development. The gradient information of (5.6) required 

for efficient training includes two parts: (i) the derivatives of E w.r.t. neural network 

weighting parameters wx and wy, and (ii) the derivatives of E w.r.t. statistical variables 

0k. The first part is used for updating the weighting parameters of the x- and ^-mapping 

neural networks. The second part contributes to the extraction of the statistical variables. 

Such required derivatives can be analytically achieved through the adjoint neural network 

sensitivity analysis [7]. 

After training, the kth device sample can be represented by the proposed model with 

0 = 0k (k = l,2,...,N). The distribution of the statistical variables can be estimated from 

the extracted 0*'s. The proposed model with such distributions is able to represent the 

statistical behavior of a given device population. 
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5.2.4 Normality Mapping 

In general, the distribution of the extracted statistical variables 0 is arbitrary and may not 

follow standard distributions such as Gaussian distribution. Here we develop a normality 

mapping to relate the non-Gaussian variables <j> with Gaussian variables represented by 

0 . This mapping should be nonlinear. However, the analytical function of such a 

nonlinear mapping is usually unknown. Approximate/empirical methods, such as power 

transformation [94], are one way to solve this problem. Here we use a neural network to 

achieve this unknown function by learning the exact mapping relationship between the 

extracted statistical variables 0 and the Gaussian variables ^ . 

A normality mapping neural network is formulated as 

(t> = zNN(^,wnt) (5.8) 

where zNN denotes the neural network function, and wm are the weighting parameters of 

the neural network. The input neurons are represented by 0 and the output neurons are 

represented by 0. The normality mapping neural network is trained by N samples of data 

pairs of (</>k ,0k), k = l,2,...,N, where <pk is the kth sample of the extracted (/>, and <j>k is 

the k' sample of <f> from an ideal Gaussian distribution with zero mean values and unit 

standard deviations. The N samples of <j> for neural network training are ordered 

following the sequence of the <f> samples in such a way that if the largest (or 2nd largest, 
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3r largest,...) value of <p occurs at sample number k, then the largest (or 2n largest, 3r 

largest,...) value of the 0 samples will be assigned to <fik. 

The normality mapping transforms the non-Gaussian distribution of the extracted (/> 

into an ideal Gaussian distribution of </> in each dimension of the statistical variables. 

The correlation coefficients among the different dimensions are computed from the 

ordered samples of (/> as 

The final statistical variables for the overall statistical Neuro-SM model are the 

Gaussian variables <p , whose statistical distribution is characterized by the mean values 

/l(<p)-0, standard deviations a^^j-l, and the computed correlation coefficients 

p($) from (5.9). 

5.2.5 Discussion 

Different from the linear statistical mapping in Chapter 4, the proposed statistical Neuro-

SM does not directly use the mapping coefficients, i.e., the neural network weighting 

parameters, as statistical parameters. Instead, it uses separately defined statistical 

variables to control the mapping functions. In this way, the number of statistical variables 

is greatly reduced. The dimension of the statistical variables in our formulation means the 
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number of factors controlling the statistical variations of the overall model. The proposed 

training process automatically searches for fundamental statistical factors that allow the 

device to vary to reach all samples in a given population of random devices. The best 

dimension of the statistical variables is the smallest one that can produce a good match of 

statistical behavior between the model and the device population. The proposed technique 

allows the dimension of the statistical variables to be adjusted easily by using more or 

less input neurons in the x- and y-mapping neural networks. This provides flexibility to 

achieve desired accuracy in statistical modeling. 

The x- and ^-mappings work together to map the nominal device behavior to that of 

the statistical devices effectively. The role of the x-mapping, based on the space mapping 

concept, is to modify the inputs to the nominal model such that the outputs of the nominal 

model become as close as possible to that of the statistical devices in the population. The 

role of the j-mapping is to provide further refinement to the statistical model such that 

the outputs of the overall statistical Neuro-SM model can match that of the statistical 

devices without being limited by the output ranges of nominal model. 

The aim of the proposed method is to address the difficulties of large-signal statistical 

modeling, by reducing the need for large-signal data to that for the nominal model only. 

The starting point for our modeling algorithm is a nominal device model, and dc/small-

signal data for the device population. In this sense, the explicit assumption of our 

proposed method is the availability of an accurate nominal model, regardless of whether 

the nominal model is extracted from large-signal data or not. For example, if the nominal 
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model is obtained from extensive dc and multi-bias S-parameters, it can also be used in 

the proposed method. 

5.3 Proposed Training Algorithm for the Statistical Neuro-SM Model 

The proposed statistical Neuro-SM process greatly reduces the modeling cost in data 

generation by using only one set of dc and small-/large-signal data from a nominal device 

and only dc and bias-dependent S-parameter data from all other device samples in the 

given population. To generate dc and S-parameter data for each sample, bias points are 

selected at several locations along the load line to cover the overall usable region of the 

device. The frequency points are selected around the operating frequency and various 

harmonics for large-signal operation. 

Two populations of devices, called the training population and the test population, are 

used for data generation. The two populations have the same statistical distribution but 

different samples of devices. The data generated from the training population, called 

training data, is used for statistical model development. The data generated from the test 

population, called test data, is used for validating the statistical performance of the 

trained model. Large-signal test data, if available, can be used to further test the large-

signal statistical behavior of the proposed model. Validation of the statistical model can 

be done by hypothesis test [111] using the test data. The statistical accuracy of the 

proposed model can be visually judged by comparing the cumulative probability 

distribution (CPD) of model responses with that of the test data, and quantitatively 

represented by the matching error defined as the difference between the two cumulative 
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probability distributions [87]. Figure 5.3 shows the flowchart for developing 

statistical Neuro-SM model. 

START 

Set criteria for training error to be str. 
Extract the large-signal nominal model using 
one set of dc, small-, and large-signal data. 

Construct the proposed statistical Neuro-SM model using the 
nominal model and the x- and /-mapping neural networks. 

Initialize wx, wy, and0k (k-\,2,...,N). 

Compute the total training error E as in (6) 
for the given training device population 

following the flowchart of Figure 2. 

No Yes 

Use the proposed 
training algorithm to 
update wx, wy, and (/>k 

(k = l,2,...,N). 

The dc and bias-
dependent S-

parameter data 
from the training 

population of 
devices. 

Train normality mapping neural network: 

I 
Verify the statistical accuracy of the 

trained model using the test data. 

STOP 

Figure 5.3: Flowchart for developing the proposed statistical Neuro-SM model. 
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Step 1. Select a nominal device as a typical representative of a population of devices. 

Extract a nominal model using dc, small-, and large-signal data from the nominal 

device. 

Step 2. Generate dc and S-parameter data at multiple biases and frequencies for each and 

every device in the training and test populations. 

Step 3. Set the criterion for the training error to be etr. Initialize the weighting parameters of 

the x- and ^-mapping neural networks wx and wy, and the statistical variables 

0k(k = \,2,...,N). Construct the statistical Neuro-SM model by combining the 

nominal model and the x- andy-mapping neural networks as in (5.1) and (5.2). 

Step 4. Train the statistical Neuro-SM model using dc and S-parameter data of all device 

samples in the training population. Use an optimization algorithm to adjust wx, w , 

and <f>k (k = 1,2,..., N ) to minimize the training error E of (5.6). 

Step 5. If the training error E is less than etr, go to Step 6. Else, add hidden neurons or 

extra input neurons (statistical variables) to the mapping neural networks, and go to 

Step 4 to continue training. 

Step 6. Train a normality mapping neural network following the description in Subsection 

5.2.4. Compute the correlation coefficients p(fi) as in (5.9). 

Step 7. Evaluate the proposed model using new test samples of statistical variables </> 

generated from a Gaussian distribution with fj.{d>\ = §, <r(^) = 1, and correlation 

coefficients p(<p\. 
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Step 8. Compare the statistical behavior of the model responses with the dc and S-

parameter data, or large-signal data, from the test population. If a satisfactory test 

accuracy cannot be reached, reduce the number of statistical variables of the x- and 

^-mapping neural networks, and retrain the model. If the retrained model still 

cannot meet the test accuracy, the statistical information in the training population 

may be inadequate. Increase the number of device samples in the training 

population and go to Step 2. Otherwise, the statistical Neuro-SM model (including 

the nominal model, x- and ^-mapping neural networks, the normality mapping 

neural network, and the known distribution of 0 from Step 6) is obtained and ready 

to be used for large-signal statistical simulations. 

5.4 Application Examples 

5.4.1 Statistical Neuro-SM Modeling of A MESFET Device 

Here we illustrate the use of the proposed statistical Neuro-SM technique for statistical 

modeling and verification through a MESFET example. The training and testing 

populations of the MESFET are generated using ADS [106] statistical analysis on a built-

in nonlinear GaAs MESFET [79], whose internal parameters are randomly varied around 

their nominal values. The nominal device in this example is the MESFET from Chapter 

3. A set of dc, small-, and large-signal data is generated for the nominal device by ADS 

simulation. Based on this, a large-signal nominal model is extracted. The Statz model 

[78], used as the nominal model, is optimized to fit the dc, small-, and large-signal data of 

the nominal device. It achieves good accuracy in representing the complete behavior of 
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the nominal device. The training population consists of 100 device samples generated by 

varying the ADS MESFET parameters under a Gaussian distribution with ±5% variations 

(a/ju) around the nominal values. Three hundred (300) different device samples are 

generated under the same statistical distribution to form the test population. The dc and 

bias-dependent S-parameter data are generated for each device sample in both 

populations by ADS simulations at 40 frequency points (1 to 20 GHz) and 9 biases along 

the load line of the MESFET (Vg: -1.5 to 0 V, Vd: 0 to 4 V). 

The proposed statistical Neuro-SM modeling is performed using different numbers, 

i.e., 4, 6, and 8, of statistical variables. The training algorithm in Section 5.3 is applied to 

train the proposed model using dc and S-parameter data from the training population to 

reach 1% training error as defined in (5.6). The statistical accuracy is evaluated using the 

matching error [87] between the cumulative probability distribution of the model 

responses (dc and S-parameters) and that of the test data. The matching errors are 4.79%, 

2.52%, and 7.15% corresponding to the proposed model with 4, 6, and 8 statistical 

variables, respectively. This shows that 6 statistical variables are sufficient to represent 

the factors controlling the statistical variations in the device population. The model with 

fewer statistical variables may not learn the training data well. The model with too many 

variables may result in non-unique solutions during extraction of the statistical variables 

<j). For the proposed model with 6 statistical variables, the x- and ^-mapping neural 

networks are trained with 15 and 6 hidden neurons, respectively. A normality mapping 

neural network with 6 hidden neurons is also trained. Table 5.1 lists the correlation 

coefficients of the Gaussian variables (/> computed by (5.9). The effect of normality 
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mapping is demonstrated by checking the closeness of statistical distributions of 0 and 

</> with ideal Gaussian distributions. The matching errors are evaluated as the difference 

between the cumulative probability distribution of each element in <j> or 0 and the 

corresponding closest Gaussian distribution obtained by maximum likelihood estimation 

[94]. The matching errors for ^ are in the range of 3.19-8.04%, while the matching errors 

for 0 are around 0.004%. It shows that the normality mapping neural network 

transforms the non-Gaussian variables (/> into good Gaussian variables (/>. 

Table 5.1: Correlation coefficients of the Gaussian variables </> for the MESFET example. 

0 02 03 04 05 A 

ft 1.0 

02 0.5712 1.0 

03 - 0 .3513 -0 .6668 1.0 

04 - 0 .1192 -0 .6044 0.5189 1.0 

05 0.5072 0.0436 -0 .0732 0.4391 1.0 

^6 0.3834 -0 .1708 0.5776 0.2871 0.1029 1.0 

For comparison purpose, another large-signal statistical model is also developed 

using the existing nonlinear statistical modeling method (i.e., with no mapping) following 

the approach in [90]-[92]. The existing approach would have been reliable if extensive 
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data is available for every device in the population. Here in our work, extensive data is 

available for only one (i.e., nominal) device. All other devices in the population have 

limited data. The Statz model, which has been used only for the nominal model in the 

proposed method, is used here to represent each and every device in the population. This 

is achieved by performing parameter extraction of the Statz model for each device using 

the same dc and S-parameter data as used in the proposed method. The principal 

components of the extracted Statz model parameters are analyzed, and a factor model 

with 14 common factors is built [93]. A power transformation [94] is performed to 

achieve an approximate Gaussian distribution for the extracted model parameters. For 

each device, the Statz model is able to fit accurately all of the data used (dc and S-

parameter data). However, for each random device sample, the extracted values of the 

Statz parameters are not always unique using only the limited data (dc and S-parameter 

data at a few biases along the load line). This non-uniqueness becomes the main reason 

affecting the accuracy of the resulting statistical model. 

A third model, using the previous linear statistical space mapping method in Chapter 

4, is also created with the same large-signal nominal model as in the proposed statistical 

Neuro-SM model. The linear mapping network is constructed to achieve its optimal 

dynamic order and best available accuracy. The three statistical models, i.e., the proposed 

statistical Neuro-SM model, the statistical model with no mapping, and the linear 

statistical space-mapped model, are implemented into ADS for statistical verifications. 

Monte Carlo analyses of 300 dc and small-signal simulations are performed for each 

model. We evaluate the quality of the three models by comparing the means and standard 
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deviations of the real and imaginary parts of S-parameters from the model responses with 

those from the MESFET test data as illustrated in Figures 5.4 and 5.5. It shows that the 

means and standard deviations of the S-parameters from the test data can be reproduced 

more accurately using the proposed model than using the statistical model with no 

mapping and the linear statistical space-mapped model. 
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Figure 5.4: Mean values of the real part S-parameters at 2 biases from Monte-Carlo 

analyses of 300 small-signal simulations for the MESFET example. The comparison is done 

between the MESFET test data (o) and Monte-Carlo results using the statistical Neuro-SM 

model (—), the statistical model with no mapping (..), and the linear statistical space-

mapped model (—). 
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Figure 5.5: Standard deviations of the real part S-parameters at 2 biases from Monte-Carlo 

analyses of 300 small-signal simulations for the MESFET example. The comparison is done 

between the MESFET test data (o) and Monte-Carlo results using the statistical Neuro-SM 

model (—), the statistical model with no mapping (..), and the linear statistical space-

mapped model (—). 
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Additional verification on the large-signal statistical behavior of the proposed model 

is carried out, by Monte Carlo analyses of harmonic balance simulations using a 2-tone 

power source with a center frequency of 1 GHz and a frequency spacing of 80 MHz. 

Three hundred (300) samples of the proposed model are used in the Monte Carlo 

analyses. The statistical responses, i.e., the third order intermodulation interception (IP3), 

the power added efficiency (PAE), and the power gain of the proposed model, are 

evaluated and compared with those from the MESFET test data. The same Monte Carlo 

analyses are also performed on models from the existing techniques, i.e., the statistical 

model with no mapping and the linear statistical space-mapped model. Table 5.2 

compares the three modeling techniques in terms of statistical accuracy, number of 

statistical parameters, and model development time. All three models have good training 

accuracy represented by small errors of cumulative probability between the model 

responses and dc and S-parameter training data. The proposed technique has the best 

large-signal test accuracy. The linear statistical space mapping performs better than the 

existing technique with no mapping because of the embedded large-signal nominal 

model. The existing technique with no mapping has less accuracy in the large-signal test 

due to the limited data (say, the lack of large-signal data) for every device during model 

development. All models are developed on an Intel® Core™ 2 Quad CPU at 2.66 GHz. 

The proposed statistical Neuro-SM with the proposed training is much more efficient 

than the other two techniques with the device-by-device parameter extraction. 
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Table 5.2: Comparison of statistical accuracy and modeling efficiency between three 

different techniques for the MESFET example. 

dc&S Training Error 
(CPD matching error in %) 

dc&S Test Error 
(CPD matching error in %) 

IP3 Test Error 
(CPD matching error in %) 

PAE Test Error 
(CPD matching error in %) 

Power Gain Test Error 
(CPD matching error in %) 

Number of Statistical 
Parameters 

CPU Time for Training 
(hrs) 

Existing Technique 
(No Mapping) 

No Normality 
Transform 

1.95 

9.78 

54.67 

35.02 

36.13 

14 

7.47 

Power 
Transform 

1.95 

8.12 

48.97 

31.78 

32.90 

14 

7.47 

Linear 
Statistical 
Mapping 

1.99 

5.34 

10.12 

14.04 

12.54 

10 

3.20 

Proposed 
Statistical 
Neuro-SM 

1.71 

2.52 

4.32 

3.58 

3.56 

6 

0.58 

As a further step, we perform a hypothesis test to examine the statistical accuracy of 

the proposed model and compare it with that of the linear statistical space mapping. Our 

statistical hypothesis tests are carried out using the Matlab statistical toolbox [112]. A 

cumulative significance level of a- 0.05 is considered to perform hypothesis tests of the 

models using the real and imaginary parts of S-parameters in the 1 to 20 GHz frequency 

range. To check the statistical equivalence between the S-parameters computed from the 

model versus the S-parameter data from the test population, we perform the t-test on the 

mean values and the F-test on the standard deviations of the S-parameters [91], [111]. We 
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also perform hypothesis tests on the correlation coefficients after applying the Fisher Z-

transform [91], [111]. For all 8 responses (real and imaginary parts of S-parameters), the 

means, the standard deviations, and the 28 correlation coefficients from the proposed 

model are tested to be statistically equivalent to those from the test device population. 

However, at the same significance level of a = 0.05, 4 out of the 8 responses and 8 out of 

the 28 correlation coefficients from the linear statistical space-mapped model fail the 

hypothesis tests. The results of hypothesis sign test show that out of the 28 correlation 

coefficients, the proposed model has no sign opposite to those obtained from the test data 

while the linear space-mapped model has one. Another type of hypothesis test, 

Kolmogorov-Smirnov (K-S) goodness-of-fit test [111], is also performed at a significance 

level of a = 0.05 using the S-parameters. All 8 responses from the proposed model pass 

the test while only 3 responses pass for the linear statistical space-mapped model, 

confirming the statistical equivalence of the proposed model versus the test data. Figures 

5.6 and 5.7 compare the cumulative probability distributions of the small- and large-signal 

responses from the statistical models with those from the test data. It illustrates the 

statistical equivalence between the proposed statistical Neuro-SM model and the original 

MESFET, demonstrating the much-enhanced quality of the proposed model over the 

previous linear statistical space-mapped model. 

We also compare the proposed statistical Neuro-SM with the linear statistical space 

mapping of Chapter 4 for 3 different sizes of statistical variations (a/ju), i.e., 3%, 5%, 

and 10%, of the MESFET parameters. The linear statistical space-mapped models are 

developed with different dynamic orders, and the model with the most suitable order and 
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Figure 5.6: Cumulative probability distributions (CPD) of real part S-parameters at 1 GHz 

for 4 biases from Monte Carlo analyses of 300 small-signal simulations for the MESFET 

example. Such CPDs are used for a K-S test between the MESFET test data (—) and the 

Monte Carlo results using the proposed statistical Neuro-SM model (—) and the linear 

statistical space-mapped model (—). 
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mapped model (—). 
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best accuracy is used for comparisons. The Models developed from both techniques use 

the same nominal model and the same dc and S-parameter training data for the statistical 

parameter extraction. Monte Carlo analyses of 300 dc, small-signal, and large-signal 

simulations are performed on the models, and the results are compared with data from the 

test population. Table 5.3 compares the two techniques in terms of statistical accuracy 

and number of statistical parameters. It demonstrates that for different sizes of variations, 

the proposed statistical Neuro-SM models developed from only one set of large-signal data 

Table 5.3: Cumulative probability error between the statistical model responses and the test 

data for the MESFET example. The proposed model has significantly better accuracy than 

the linear statistical space-mapped model as statistical variations become large. 

affi 

3% 

5% 

10% 

List of Comparisons 

No. of Statistical Parameters 

dc & S (%) 

Gain(%) 

IP3(%) 

PAE (%) 

No. of Statistical Parameters 

dc & S (%) 

Gain(%) 

IP3 (%) 

PAE (%) 

No. of Statistical Parameters 

dc & S (%) 

Gain (%) 

IP3 (%) 

PAE (%) 

Linear Statistical 
Space-Mapped Model 

7 

3.01 

3.19 

3.38 

2.79 

10 

5.34 

12.54 

10.12 

14.04 

15 

10.63 

44.14 

50.08 

46.97 

Proposed Statistical 
Neuro-SM Model 

6 

2.66 

2.91 

4.76 

2.64 

6 

2.52 

3.56 

4.32 

3.58 

6 

3.54 

5.61 

6.58 

5.02 
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achieve good statistical accuracy in not only dc and small-signal simulations, but also 

large-signal simulations. It outperforms the linear statistical space mapping in modeling 

large statistical variations, while retaining the same accuracy in the small statistical 

variation case. 

5.4.2 Statistical Neuro-SM Modeling of a HEMT Device from a Physics-Based 

Device Simulator 

This example models process variation induced effects on the electrical behavior of a 

HEMT device. A HEMT structure from the physics-based device-level simulator 

Synopsys Medici [113], shown in Figure 5.8, is used to generate random devices. Ten 

geometrical and physical parameters in the HEMT structure are randomly varied using 

Gaussian distributions with variations (a/ju) of ±5% around their mean values given in 

Table 5.4. A large-signal nominal model [114] is first extracted from Agilent IC-CAP 

[115], and further refined in ADS [106] using large-signal data generated by Medici on a 

nominal device. A training population of 100 HEMT structures and a test population of 

250 HEMT structures with randomly varying geometrical and physical parameters are 

created. The dc and bias-dependent S-parameter data are generated for the two 

populations by solving the device Poisson equations in Medici at 34 frequencies (10 to 50 

GHz) and 10 biases across the load line of the HEMT (Vg: 0 to 1 V, Vd: 0 to 5 V). Large-

signal HB data is also generated (fundamental frequency: 10 GHz, input power: -15 to 5 

dBm) for the test population by performing transient simulations and Fourier transforms 

in Medici. The 100 sets of dc and S-parameter data are used for model training. The 250 

sets of dc, S-parameter, and HB data are used for statistical verification. 
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AlGaAs Spacer 

InGaAs Channel 

GaAs Substrate 

Figure 5.8: HEMT structure in Medici used for data generation of random device samples, 

where 10 process parameters are subject to random variations. 

Table 5.4: Mean values of geometrical/physical parameters For HEMT device. 

Parameter Name 

Gate Length (jum) 

Gate Width (/mi) 

Thickness 
Gum) 

Doping 
Density 
(1/m3) 

AlGaAs Donor Layer 

AlGaAs Spacer Layer 

InGaAs Channel Layer 

GaAs Substrate 

InGaAs Channel Layer 

AlGaAs Donor Layer 

Source N+ 

Drain N+ 

Mean Value (ju) 

0.4 

100 

0.025 

0.01 

0.01 

0.045 

le2 

lel8 

2e20 

2e20 

Drain 

Gate 
N+ GaAs 
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The proposed statistical Neuro-SM modeling process is performed using 3 different 

numbers, i.e., 3, 5, and 7, of statistical variables. After training, we evaluate the statistical 

accuracy using the matching error between the cumulative probability distribution of the 

model responses (dc and S-parameters) and that of the test data. The matching errors for 

the proposed model with the 3, 5, and 7 statistical variables are 9.57%, 3.34%, and 

8.08%, respectively, showing that the model with 5 statistical variables is the most 

accurate. For the proposed model with 5 statistical variables, the numbers of hidden 

neurons used for x-mapping, jy-mapping, and the normality mapping neural networks are 

15, 8, and 15, respectively. The optimization of (5.7) is performed to train the mapping 

neural networks and extract statistical variables 0. The normality mapping neural 

network is trained to relate the extracted 0 to Gaussian variables <j> . Table 5.5 shows the 

correlation coefficients of the Gaussian variables 0 computed by (5.9). To demonstrate 

the effect of normality mapping, we examine the closeness of the statistical distributions 

of the extracted statistical variables 0 (or 0 ) with an ideal Gaussian distribution. The 

matching errors between the cumulative probability distribution of the extracted (j> versus 

that of an ideal Gaussian distribution are in the range of 4.03% to 6.75%, while the 

corresponding errors for 0 are around 0.004%. It again confirms that the normality 

mapping neural network efficiently transforms the non-Gaussian distribution of <f> into an 

ideal Gaussian distribution of 0 . 

132 



Table 5.5: Correlation coefficients of the Gaussian variables 0 for the HEMT example. 

0 02 03 04 05 

fl 1.0 

& 0.0491 1.0 

& 0.1051 0.8197 1.0 

04 -0.5859 0.5053 0.4732 1.0 

05 -0.2697 -0.1831 0.3227 0.1430 1.0 

For comparison purposes, another large-signal statistical model is developed using 

the existing nonlinear statistical modeling technique (with no mapping) following the 

approach in [90]-[92]. The Angelov model [114], which has been used only for the 

nominal model in the proposed method, is used here to represent each and every device in 

the HEMT population. This is achieved by performing parameter extraction of the 

Angelov model for each device from the same set of limited dc and S-parameter data as 

used in the proposed method. Principal component and factor analysis [93], and power 

transformations [94] are performed on the extracted parameters to reduce the dimension 

of the statistical parameters and achieve approximate Gaussian distribution. The Angelov 

model is shown to be able to fit accurately the limited dc and S-parameter data at a few 

biases along the load line. However, for each random device sample, the extracted values 

of the Angelov parameters are not always unique using only the limited data. This non-

uniqueness affects the accuracy of the resulting statistical model. 
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A linear statistical space-mapped model of Chapter 4 is also created using the same 

nominal model and the same set of dc and S-parameter data as used in the proposed 

method. It is developed to achieve best available accuracy with optimal dynamic order. 

All three models, i.e., the proposed statistical Neuro-SM model, the statistical model with 

no mapping, and the linear statistical space-mapped model are implemented into ADS 

[106] to perform Monte Carlo analyses with 250 dc and small-signal simulations. The 

quality of the three models are evaluated by comparing the means and standard 

deviations of the real and imaginary parts of S-parameters from the model responses with 

those from the HEMT test data. As illustrated in Figures 5.9 and 5.10, the means and 

standard deviations of the S-parameters from the test data can be reproduced more 

accurately using the proposed model than using the statistical model with no mapping 

and the linear statistical space-mapped model. 

Additional verifications on the large-signal statistical behavior of the statistical 

models are performed by Monte Carlo analyses of 250 large-signal HB simulations at 10 

GHz. Table 5.6 compares the performance between the proposed model, the statistical 

model with no mapping, and the linear statistical space-mapped model. All three models 

have good training accuracy. The proposed statistical Neuro-SM achieves the best test 

accuracy in dc, small-, and large-signal statistical simulations. The linear statistical space 

mapping has better test accuracy than the existing technique with no mapping because of 

the embedded large-signal nominal model. The existing technique with no mapping is 

less accurate due to limited data (i.e., lack of large-signal data) for every device during 
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parameter extraction. It also shows that the proposed statistical Neuro-SM modeling with 

the proposed training is the most efficient among the three modeling techniques. 
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Figure 5.9: Mean values of the real part S-parameters at 2 biases from Monte-Carlo 

analyses of 250 small-signal simulations for the HEMT example. The comparison is done 

between the HEMT test data (o) and the Monte-Carlo results using the statistical Neuro-SM 

model (—), the statistical model with no mapping (..), and the linear statistical space-

mapped model (—). 
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Figure 5.10: Standard deviations of the real part S-parameters at 2 biases from Monte-

Carlo analyses of 250 small-signal simulations for the HEMT example. The comparison is 

done between the HEMT test data (o) and the Monte-Carlo results using statistical Neuro-

SM model (—), the statistical model with no mapping (..), and the linear statistical space-

mapped model (—). 
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Table 5.6: Comparison of statistical accuracy and modeling efficiency between three 

different techniques for the HEMT example. 

Training Error 
(CPD matching error in %) 

dc&S Test Error 
(CPD matching error in %) 

HB Test Error 
(CPD matching error in %) 

Number of Statistical 
Parameters 

CPU Time for training (hrs) 

Existing Technique 
(No Mapping) 

No Normality 
Transform 

1.78 

18.84 

49.22 

24 

42.05 

Power 
Transform 

1.78 

14.91 

41.38 

24 

42.05 

Linear 
Statistical 
Mapping 

1.86 

12.88 

19.64 

18 

20.18 

Proposed 
Statistical 
Neuro-SM 

1.63 

3.34 

5.48 

5 

1.92 

We further perform statistical hypothesis tests to compare the accuracy of the 

proposed statistical Neuro-SM model with that of the linear statistical space-mapped 

model. The hypothesis tests are carried out using the Matlab statistical toolbox [112]. A 

cumulative significance level of a = 0.05 is considered to test the models using the real 

and imaginary parts of S-parameters in the 1-50 GHz frequency range. The same types of 

hypothesis tests [91], [111] as in Example A are performed to test the statistical 

equivalence between the models and the HEMT test data. It is shown that for the given 

significance level of test, the proposed model is statistically equivalent to the test device 

population for all 8 responses (real and imaginary parts of S-parameters) and 28 

correlation coefficients, while the linear statistical space-mapped model fails for 5 out of 

8 responses and 12 out of 28 correlation coefficients. Sign test shows that out of the 28 
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correlation coefficients, the proposed model has no sign opposite to those from the 

original test data, while the linear statistical space-mapped model has 5. A K-S goodness-

of-fit test [111] is also performed under a significance level of a = 0.05using the S-

parameters. All 8 responses from the proposed model pass the K-S test while only 2 

responses pass for the linear statistical space-mapped model. Figures 5.11 and 5.12 

compare the cumulative probability distributions of the small-signal and large-signal 

responses from the statistical models with those of the test data. It further demonstrates 

that the proposed statistical Neuro-SM can produce significantly improved accuracy over 

the linear statistical space mapping. 

To illustrate the advantage of the proposed statistical Neuro-SM in modeling large 

statistical variations, we re-perform statistical modeling for different ranges of random 

variations in the process parameters of Table 5.4. Statistical modeling for 3 different sizes 

of statistical variations (a//i) of 3%, 5%, and 10% are carried out using the proposed 

statistical Neuro-SM and the linear statistical space mapping of Chapter 4. The models 

developed from both techniques use the same nominal model and the same dc and S-

parameter training data for statistical parameter extraction. Monte Carlo analyses of 250 

dc, small-signal, and large-signal simulations are performed on the models, and the 

results are compared with data from the test population as shown in Table 5.7. It is 

observed that for small statistical variations, both the proposed model and the linear 

statistical space-mapped model have good accuracy. It is also demonstrated that the 

proposed statistical Neuro-SM model has significantly better accuracy than the linear 

statistical space- mapped model as the statistical variations become large. 
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Figure 5.11: Cumulative probability distributions (CPD) of real part S-parameters at 10 

GHz for 5 biases from Monte Carlo analyses of 250 small-signal simulations for the HEMT 

example. Such CPDs are used for the K-S test between the HEMT test data (—) and the 

Monte Carlo results using the proposed statistical Neuro-SM model (—) and the linear 

statistical space-mapped model (—). 
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model (—). 
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Table 5.7: Cumulative probability error between the statistical model responses and the test 

data for the HEMT example. The proposed model has significantly better accuracy than the 

linear statistical space-mapped model as statistical variations become large. 

a/ju 

3% 

5% 

10% 

List of Comparisons 

No. of Statistical Parameters 

dc & S (%) 

HB (%) 

No. of Statistical Parameters 

dc & S (%) 

HB (%) 

No. of Statistical Parameters 

dc & S (%) 

HB (%) 

Linear Statistical 
Space-Mapped Model 

10 

4.73 

5.18 

18 

12.88 

19.64 

18 

20.34 

46.51 

Proposed Statistical 
Neuro-SM Model 

5 

3.39 

4.49 

5 

3.34 

5.48 

5 

4.94 

8.23 
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5.4.3 Use of Statistical Neuro-SM Models in Two-Stage Amplifier Simulation 

In this example, the statistical models developed in the preceding subsections are used in 

the statistical analysis of the two-stage amplifier circuit shown in Figure 5.13. 

Hf-
.T 

'vvHI—o 

Figure 5.13: A two-stage amplifier whose transistors are represented by our statistical 

models. 

We first use the MESFET device model in the two-stage amplifier. The proposed 

statistical Neuro-SM model and the linear statistical space-mapped model developed in 

example of 5.4.1 are incorporated into ADS for circuit simulation. A n/4 differential-

quaternary-phase-shift-keying (DQPSK) modulated signal with symbol rate of 24.3 Ksps 

at 1 GHz is supplied. The offset frequency is 30 kHz, and the channel bandwidth is 32.8 

kHz. Monte Carlo analyses of 100 circuit envelope simulations of the two-stage amplifier 

are performed. Figures 5.14 and 5.15 compare the statistical distributions of the large-
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signal responses, such as transducer gain, main channel output power, power added 

efficiency, and output spectrum, of the two-stage amplifier between using the original 

ADS MESFET and the statistical models. Figure 5.16 compares the cumulative 

probability distributions of the amplifier responses. A K-S test is performed at a 

cumulative significance level of a = 0.05 to confirm the statistical equivalence between 

the amplifier responses using the original ADS MESFET and the proposed model. It 

demonstrates that the statistical behavior reproduced by the proposed statistical Neuro-

SM model is much closer to the original than that by the linear statistical space-mapped 

model. 

We further demonstrate the use of the statistical Neuro-SM model developed for the 

HEMT of example of 5.4.2 in the two-stage amplifier simulation, where the amplifier is 

re-optimized to work in a 10 GHz frequency region. A TT/4 DQPSK modulated signal 

with symbol rate of 227 Ksps at 10 GHz, offset frequency of 284 kHz, and a channel 

bandwidth of 306.5 kHz is used. Monte Carlo analyses of 100 circuit envelope 

simulations are performed. Figure 5.17 shows the simulation results of the main channel 

output power, the transducer gain, power added efficiency, and output spectrum. Through 

statistical Neuro-SM, the proposed approach enables convenient incorporation of the 

previously unavailable physics-based device of Medici into ADS, and provides a reliable 

large-signal statistical model for circuit simulation and design. 
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Figure 5.14: Transducer gain, main channel output power, and power added efficiency 

(PAE) from Monte Carlo analyses of 100 circuit envelop simulations of the two-stage 

amplifier using (a) the original MESFET, (b) the proposed statistical Neuro-SM model, and 

(c) the linear statistical space-mapped model. The statistical behavior of the amplifier can 

be reproduced more accurately using the proposed model than using the linear statistical 

space-mapped model. 
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Figure 5.15: The output power spectrum of the two-stage amplifier for Monte Carlo 

analyses of 100 circuit envelope simulations using (a) the original MESFET, (b) the 

proposed statistical Neuro-SM model, and (c) the linear statistical space-mapped model. 
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Figure 5.16: Comparison of cumulative probability distributions for transducer gain and 

power added efficiency from 100 circuit envelope simulations between using the original 

MESFET (—) and the statistical models: (a) the proposed statistical Neuro-SM model (--) 

and (b) the linear statistical space-mapped model (—). 
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Figure 5.17: (a) Transducer gain and main channel output power, (b) power added 

efficiency (PAE), and (c) output power spectrum from Monte Carlo analyses of 100 circuit 

envelope simulations of the two-stage amplifier using the statistical Neuro-SM model for the 

HEMT. 
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5.5 Conclusions 

A new statistical Neuro-SM technique for large-signal statistical modeling of nonlinear 

microwave devices has been presented. It fills a gap in the previous linear statistical 

space mapping technique by addressing large statistical variations in devices using 

nonlinear mapping. A major limitation in the linear mapping has been overcome by a 

new neural-based formulation where the increased complexity of the mapping, required 

for large variations, can be achieved without increasing the number of statistical 

parameters. The mapping in the proposed model enables efficient utilization of large-

signal data for nominal model extraction and dc and small-signal data for statistical 

characterization. The trained model can reliably reproduce the large-signal statistical 

behavior of a given population of random devices. The proposed technique is applied to 

statistical modeling of metal-semiconductor field effect transistor (MESFET) and high 

electron mobility transistor (HEMT) devices, and use of the models in large-signal 

statistical analyses of a two-stage amplifier. Compared with existing large-signal 

statistical modeling techniques, the proposed statistical Neuro-SM has demonstrated 

much-improved performance in terms of accuracy and/or efficiency. It is very useful for 

statistical design of microwave circuits. 
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Chapter 6: Conclusions and Future Work 

6.1 Conclusions 

Recent cutting-edge research has led to automated and optimal transistor modeling based 

on neural network techniques [2]-[4]. In the meantime, the evolution of the space 

mapping concept has also resulted in major breakthroughs in microwave modeling area 

[13], [60], allowing expensive and time-consuming microwave component modeling to 

be performed economically and efficiently through the use of surrogate (coarse) models. 

This thesis has presented systematic research combining the neural-based microwave 

modeling with the state-of-the-art optimization concept of space mapping [13]. It aims to 

accomplish efficient and accurate modeling of nonlinear microwave devices. 

This thesis first addresses the neuro-space mapping technique for nonlinear 

microwave device modeling, using neural networks to map an existing device model with 

coarse accuracy to a final model with fine accuracy. The proposed technique does not 

require building a new equivalent circuit or empirical device model from scratch. Instead, 

it is an automated model enhancement process, which is realized by the automatic 

learning capability of the neural networks. An analytical formulation of the neuro-space 

mapping technique has been derived to achieve direct derivative information for model 

training, evaluation, and high-level circuit optimization. Subsequently, modeling 
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efficiency has been significantly improved. Our proposed approach has led to efficient 

model building, avoiding otherwise inefficient trial-and-error process in manual 

adjustment of equivalent circuit topology and nonlinear formulas. By mapping the 

existing equivalent circuit models to detailed device physics data, the Neuro-SM has also 

efficiently expanded the scope of models in existing circuit simulators to include device 

physics. 

For the first time, a statistical space mapping concept has been introduced in this 

thesis for efficient statistical characterization of the large-signal behavior of a population 

of nonlinear microwave devices. The proposed statistical space-mapped model combines 

a large-signal nominal model and a space mapping network which characterizes the 

statistical variations around the nominal. With the assumption that the parameter 

variations of the given device population are usually small percentages of their nominal 

values, a simple linear dynamic mapping network can be extracted from small-signal data 

to approximate the large-signal statistical variations. Preliminary examples have 

demonstrated that the statistical space-mapped model can approximate large-signal statistical 

characteristics using only one set of large-signal data from the nominal device. Greatly 

reduced modeling cost has been obtained by the proposed technique, which allows large-

signal statistical model development without performing massive large-signal data 

generation of many devices. 

This thesis has also proposed an advance over the linear statistical space mapping 

technique, called statistical neuro-space mapping, where nonlinear mapping is used to 

overcome the accuracy limitations of the linear dynamic mapping in modeling large 
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statistical variations among different devices. The proposed Neuro-SM retains the 

advantages of the linear statistical space mapping of using a nonlinear nominal model to 

represent the average large-signal behavior of a given statistical population of devices. 

The behavior of a random device in the population is obtained by a nonlinear mapping 

from that of the nominal device. The unknown mapping function is represented by neural 

networks trained using dc and small-signal data of various devices in the population. A 

novel statistical mapping is formulated by introducing a compact set of statistical 

variables to control the mapping to map from the nominal device towards different 

devices in the population. With such neural-based mapping formulations, the increased 

complexity of the mapping, required for large variations, can be achieved without 

increasing the number of statistical parameters. A new training method has been 

proposed for simultaneous statistical parameter extraction and neural network training. 

The proposed statistical Neuro-SM with the proposed training has been demonstrated to 

outperform the existing methods for small or large statistical variations, using a minimal 

amount of expensive large-signal data to provide the most accurate large-signal statistical 

model. It is useful for efficient microwave circuit design involving highly repetitive 

computations such as design optimization, statistical design, and yield optimization. 

6.2 Suggestions on Future Directions 

This thesis has proposed and demonstrated the neuro-space mapping concept for efficient 

modeling of various types of nonlinear microwave devices. Simulated data have been 

used throughout the verification of the proposed techniques. 
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One of the future directions is to apply the proposed techniques to the modeling and 

statistical modeling of high-power transistor devices using measurement data. Recently 

tremendous interest has been shown in high-power high-frequency electronic devices, 

whose nonlinear effects and thermal issues are crucial in transistor responses. New 

models for such devices accounting for these issues are necessary. However, modeling 

such devices is more challenging due to the increased device complexity and operating 

frequency. The existing modeling techniques are mostly problem/technology specific, 

and have certain disadvantages: the physical model may be slow to develop, and the 

equivalent circuit model may require trial-and-error efforts. As a flexible alternative to 

the existing techniques, our proposed Neuro-SM technique becomes a suitable candidate 

for such a modeling challenge, by utilizing the existing device models and using neural 

network mapping to efficiently accomplish the relationship between the behavior of 

existing models and that of the new device. 

Another direction is to expand the static neural network mapping in the neuro-space 

mapping techniques of this thesis to dynamic neural network mapping, i.e., Neuro-SM 

with DNN or statistical Neuro-SM with DNN. The recent development of dynamic neural 

network techniques has led to great success in accurate and efficient nonlinear behavior 

modeling of microwave circuits and systems [49]. As device complexity and operating 

frequency increase, the nonlinearity in the device behavior becomes more dramatic. The 

dynamic information in an existing equivalent circuit model may not be adequate to 

accurately represent such nonlinearity. Instead of creating new device models, the DNN 

can be used to complement the missing dynamics of an existing equivalent circuit model. 
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This will provide more freedom in the neural-based device modeling to handle more 

complicated modeling scenarios such as modeling nonlinearity with internal states in 

intrinsic transistor models and thermal noise effects. 

As further work, a generic and automated modeling methodology for semiconductor 

device modeling can be envisioned, including automatic data generation, automatic 

topology selection, automatic dynamic order selection, and automatic model 

modification, for complete automation of device model development. The automatic data 

generation will determine minimal measurements for device characterization, the 

automatic topology selection will inspect a list of existing device models to find the one 

with the closest behavior to that characterized by measurement, the automatic dynamic 

order selection will choose the most suitable DNN orders for accurate mapping of the 

input space, and the automatic model modification will be performed under an efficient 

training algorithm to adjust the DNN weighting parameters in order to accurately capture 

the nonlinear and thermal noise effects of the new devices. 

Automated large-signal statistical modeling following these prospects will also gain 

attention. How to embed device physics into the automated modeling procedure is 

another interesting topic. Generic formulations will be required for convenient 

implementation of the developed model into modern commercial circuit simulators to 

update the user library of the new devices for use in microwave/millimeterwave circuit 

design, simulation, and optimization. User-friendly CAD software that can be directly 

incorporated into circuit simulators for automated model development will be required. 
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In conclusion, the Neuro-SM techniques proposed in this thesis have the potential of 

automating the model creation and updating process, contributing to increased efficiency 

in computer-aided design of microwave circuits and systems. They can be used to cover 

more varieties of modeling scenarios and applied to more varieties of devices. This work 

enables computer-based automatic enhancement of existing large-signal device models 

for efficient and automatic updating of nonlinear device model libraries. 
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