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SUMMARY

The objective of the proposed research is to develop algorithms and infrastructure that
introduce self-adaptability in modern embedded mixed signal/RF systems. With the ad-
vances in Silicon technology, the integration capabilities are increased and the transistor
sizes are down to nanometer regime. On the other hand, these advances bring forth sev-
eral issues such as increased parasitics, increased intra-die, intra-wafer coupling, reduced
visibility to internal circuit nodes. Besides, the applications of embedded mixed signal/RF
systems such as 5G and 6G wireless communication technologies that employ complex
beamforming antenna arrays have stringent performance requirements under dynamically
varying environmental conditions. The increased dynamic range of channel Signal to Noise
Ratio (SNR) values that can be accommodated, creates power stress on Radio Frequency
(RF) electronic circuitry. Further, testing and tuning of the underlying RF/mixed-signal
circuitry is expensive. State of the art parallel testing and tuning techniques are expensive
and limited in terms of number of components that can be tested/tuned simultaneously and
in terms of the order of distortions that can be estimated. The main aim of this research is
to design algorithms to develop built-in testable and self-calibrating mixed signal systems
that can self-test and self-adapt on-chip with minimal use of external test instrumentation
and response measurement systems. Of ine parallel frequency-ef cient test schemes for
MIMO systems that can detect upto fth order non-linearities are proposed such that they
can test several RF chains simultaneously in minimal time. Of ine test techniques that
apply an alternative test stimulus to detect outliers/bad devices that violate one or many
diverse range of speci cations are proposed. The proposed test approaches are validated
on a diverse range of circuits. Besides, the post manufacture tuning algorithms proposed
are expedited using the information obtained by using the of ine test schemes for each
test-case. Real time adaptation algorithms that optimize power consumption or Energy/bit

or Throughput/Watt for mixed-signal systems deployed in applications like vehicular com-

XV



munication and wireless communication with speci cations such as bit error rate (BER)

are proposed.
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CHAPTER 1
INTRODUCTION

Integrated circuits that operate at high speeds are extensively used in modern day elec-
tronic devices such as in embedded mixed-signal systems, beamforming Multiple Input
Multiple Output (MIMO) systems, vehicular communication systems, etc. These circuits
are facilitated by advances in miniaturization of circuitry, high speeds of circuit opera-
tion and in Silicon integration techniques. As a result, a single chip can embed Radio
Frequency(RF), mixed-signal, digital and analog components of a system into a fully in-
tegrated solution (also called System-On-Chip (SOC)). For example, Analog devices has
a mmwave 60GHz receiver/transmitter (HMC6300/6301) operating in 57GHz to 64GHz
range. However, these integrated circuits are more prone to performance degradation and
loss of yield. There are several factors that cause this such as PVT (Process, Supply Volt-
age and Temperature) variations and noise coupling due to neighboring circuits on the
same chip. Besides, the drive towards miniaturization of circuits is a signi cant increase in
intra-die and intra-wafer process variations that degrade the circuit performance.

To reduce yield loss caused by variability, post-silicon calibration is necessary to re-
store circuit performance metrics to their desired values. Calibration of RF systems is
a challenge and requires enhanced testing techniques and corresponding infrastructure to
be embedded into the system design using appropriate Design-For-Testability (DfT) and
Built-In-Self-Test (BIST) techniques. Given the diverse applications of these circuits and
the need for systems to operate in real-time environments that change dynamically over
time, the core electronics needs to be self-aware and adaptive. Such systems can sense
their operating environment, perform self-test, and automatically correct for any deviations
from their nominal expected performance levels using self-calibration algorithms. Such

correction, supported by sensing and feedback control paradigms, can correct for the ef-



fects of manufacturing process variations and aging effects using off-line testing and tun-
ing techniques and the effects of dynamic operating environment changes using real-time
adaptation algorithms. Minimal additional hardware resources that are carefully designed
to minimize power consumption and hardware overhead are used for this purpose.

A key problem that follows from the above, is that of designing self-testing, self-
calibration and real-time adaptation algorithms that are optimal in terms of performance
assessment and recovery, tuning-adaptation latency, algorithmic complexity and hardware-
power overhead. Due to the large search space stemming from the complexity of analog-
digital test stimuli applied, the large nhumbers of devices that need to be simulated given
nominal process statistics for high con dence in the testing and tuning results, the large
space of circuit tuning parameters (from 10-100), the numbers of circuit-system perfor-
mance speci cations (from 1-50) and the numbers of tuning iterations needed for cir-
cuit self-calibration and adaptation to converge, it becomes dif cult to apply nonlinear
or stochastic optimization algorithms for nding optimal solutions to the tuning and adap-
tation problems as described above. These incur excessive compute complexity and are not
amenable to on-chip implementation with limited hardware resources. Hence, in this re-
search, a key focus is on the use of machine learning techniques to facilitate self-calibration
algorithms for RF/mixed signal circuits and systems such that they can be implemented
on-chip for self-calibration, built-in test and real-time adaptation of highly integrated em-

bedded modern RF/mixed-signal circuits and systems.

1.1 Motivation

In the following, the motivation factors enabling this research are discussed.

Integration of circuits :Modern systems focus on extreme scaling to accommodate higher
densities of transistor circuits and computational capabilities in miniature sizes by clos-
ing in on physical atomic limitations. Each SoC constitutes circuits from different signal

processing regions - digital, RF and analog. As such, the design, test and manufacturing



methods adopted for these individual circuits so far need to be developed for entire SoC.
This poses new challenges as certain inputs and outputs of intermediate circuits are not eas-
ily accessible and new capacitances between neighboring circuits come into picture. This
calls for enhanced and sophisticated algorithms for tuning SoCs.

Scaling effects Sub-micron and nanometer devices seem to exhibit increased level of RF
distortions and loss of performance in terms of speci cations[1]. The parasitics that were
small compared to transistor size are no longer small and cause undesired effects. Further,
the intra-die and intra-wafer process variations become signi cant enough to affect the
performance. Hence, new algorithms that can consider scaling effects while tuning SoCs
are required.

Cost factors :With each denser process technology, the probability that a transistor turns
out to be a faulty device is increasing [2, 3]. This calls for accurate of ine tuning at pro-
duction level as well as when the devices are used in real-time applications. In prototype
testing, lab rms use expensive laboratory equipment to characterize a system. At mass pro-
duction level, the same is performed in the form of Automatic Test Equipment (ATE) that
can verify the SoC functionality and characterize it in an automated way. But these meth-
ods are expensive and insuf cient when it comes to testing SoCs with mixed-signal/RF and
digital components as all nodes of SoC are not accessible from the outside. This calls for
the concept of Design-For-Testability (DfT) approach. With DfT, testing can be performed
on-chip to some level, reducing the burden of using expensive testing equipment. The re-
search that can produce test signal generation and test result analysis on-chip has already
been proposed and is being further developed [4, 5, 6] and is discussed further below. But
the algorithms proposed in these works cannot extend to all applications such as complex
beamforming systems with multiple antennas. The research proposed in this manuscript
aims at extending the testing and tuning algorithms to accommodate characterization and
performance tuning of complex SoCs.

Complexity of applications (wireless)Applications of modern SoCs are varied and tend



Figure 1.1: Beamforming architectures

to be more complex with increasing advances in technologies. Wireless 5G and 6G tech-
nologies, radar systems and vehicular communication systems require SoCs with multiple
transceivers in complex beamforming architectures [7, 8] that operate at high frequencies
(such as mmwave band) on a single chip. The three possible beamforming architectures are
shown in Figure 1.1. Depending on the architecture, the exibility in tuning the SoC and
the complexity involved in testing/tuning it varies. The analog and digital beamforming
architectures shown in Figure 1.1 are the extreme cases in which the former has a single
RF chain connected to all antenna elements of the array while the latter has 1 RF chain
connected to each antenna element. In the hybrid architecture which is a compromise be-
tween both analog and digital architectures, a single RF chain is connected to a subset of
array elements. The digital architecture offers maximum exibility but requires many hard-
ware elements to be embedded on a single chip, thus making itself demanding in terms of
cost and power. Besides, the response obtained from such a SoC is the combined output
of all antenna elements and all RF chains, making it dif cult to obtain the optimal point

of operation. This calls for enhanced learning assisted algorithms for testing and tuning

mixed-signal/RF SoCs.



1.2 Prior work

This section provides a brief study on prior techniques developed in testing RF/mixed sig-
nal circuits and systems. First, existing works in built-in test techniques such as digitally
assisted testing, loopback testing and alternate testing are brie y described. Further, the

methods proposed for post-manufacture tuning and real time adaptation are discussed.

1.2.1 Priorworkin testing

Testing a circuit involves applying a stimulus (test signal) to the circuit, observing the
circuit's response to the test signal and comparing the actual circuit response with the
ideal response expected. Early testing involved using expensive testing equipment, re-
quires large numbers of tests and was cumbersome. The inclusion of on-chip circuitry
that can implement the testing algorithms (test pattern generation, test response analysis)
is called built-in-testing[9]. Several built-in-test techniques for embedded SoCs have been
proposed: digitally-assisted testing, alternate testing, loopback testing or a combination of
these methodologies.

Based on the test infrastructure used to apply the tests, the testing techniques can be
categorized adigitally-assisted testingndloopback testingIn digitally-assisted testing,
the testing infrastructure is based on design of digital circuits for testing. In this type of
testing, the RF performance is monitored and tuned using the additional digital circuitry.
As a result, the speci cations of a given device under test (DUT) are obtained by the dig-
ital state of the system. In [10], a receiver is tested using digital calibration circuitry. The
disadvantage with this methodology is the additional hardware overhead caused by digital
circuitry. Loopback testing [11] is also a widely implemented technique, speci cally for
systems that employ a transmitter and a receiver on-chip. Cost and hardware overhead are
typically low for this method of testing as the only additional hardware required is the hard-

ware for loopback. For example, in [12], a single pole single throw switch is implemented



to create loopback path. Parallel testing of mixed signal circuits using loopback methodol-
ogy in which multiple devices are loopbacked externally on a loadboard that is loaded with
a simple analog adder, is presented in [13]. The parameters of individual devices are esti-
mated from the composite response. Besides, characterization of ADCs and DACs using

on-chip simple circuitry that allows analog programming is presented in [14].

Figure 1.2: Test techniques and their challenges

Based on the way the applied test responses are used to extract circuit information, the
test techniques are categorizedsgeci cation based testslternate test techniquesnd
defect testing In addition to theseoutlier oriented testings another test technique that
identi es outliers (bad devices) by building a distributions of speci cations. These tech-
niques and their corresponding challenges are presented in Figure 1.2. In the following,
the related prior work in these test techniques is presented. Speci cation based testing in-
volves applying individual test stimuli to measure the device performance speci cations
mentioned on the datasheet. Due to the diversity of the speci cations to be measured, the
instrumentation costs and time complexity of such tests are signi cantly high. To overcome
the drawbacks of speci cation based tests, alternative test strategies in which an optimized

alternative test stimulus is applied to the DUT and its speci cations are predicted from the



low cost test response of the DUT using trained regressors [15, 16, 17, 18]. Several alter-
nate test methodologies have been proposed so far [19, 20]. One of the earliest alternate
test methodologies for RF circuits is proposed in [21], in which a stimulus is applied and
the demodulated response of the system is considered as signature from which the speci-
cations of system are obtained. [22] presents research in which sensors with outputs that
are highly correlated with the system speci cations are embedded for built-in test of RF cir-
cuits. In [19], a specially crafted test stimulus is used to test a transceiver system which is
connected in loopback and estimate its speci cations such as gain and third order intercept
from the observed test response in frequency domain. This technique is a combination of
loopback testing and alternate testing. In [20], a two tone stimulus is applied to a 2.4GHz
low noise ampli er (LNA) at a frequency lower than the actual radio frequency and the
resultant output response is used to estimate the speci cations of LNA. This methodology
is robust to process, supply voltage and temperature (PVT) variations. In alternate test-
ing, it is required that the test signals are generated on-chip and that the test responses are
obtained using on-chip ADCs.

In [15], a piece-wise linear stimulus with optimized sampling points is generated based
0N response process sensitivity considerations in a way that detects the smallest process
excursions that cause device failure. In [16], circuit performance parameters are predicted
from the DUT response by applying an optimized stimulus and using function approxi-
mations based on regression. In [15, 16], the fault models based on the process parametric
variations are simulated and taken into consideration for test generation. In [18], alternative
test stimulus derived using iterative greedy search, is applied to a transceiver and its result-
ing frequency domain response is used to train a regressor between the observed spectral
components and the corresponding circuit speci cations. In [17], genetic algorithm is used
to generate a stimulus that minimizes the error between the observed DUT speci cations
and the speci cations estimated using MARS [23] regression. [24] proposes neural net-

work classi ers based on k-nearest neighbors algorithm to identify DUTs that do not meet



the speci cations. As a result, this work requires labeled data of DUTSs for training the neu-
ral networks. The stimulus generation in all these techniques essentially aims to maximize
the statistical correlation between the DUT test response vectors obtained across diverse
manufacturing process corners and the target DUT speci cations corresponding to those
process corners. Strong correlation between the test responses and the DUT speci cations
enables the accuracy of regressors used to predict the DUT speci cations from its observed
test response. Given the diversity of speci cations to be tested, alternate testing requires
non-linear regression techniques that are dif cult to be implemented on hardware and are
also time-consuming. Though the off-chip simulation based regression can be performed
easily, it results in inaccurate regression co-ef cients due to inaccuracies in simulation
models.

Another form of testing that focuses on detection of defects or faults in circuits using
simulation based defect models is calldefect based testingn analog circuits, process
discontinuities and silicon defects are major causes for circuit disruption. For example,
defect lters [25] are used to eliminate unreliable devices prior to stimulus generation for
strong correlation in alternate testing.[26] proposes simulation based defect models and
the resulting test methodology for CMOS circuits. In [27], a simulation based model is
developed for discontinuities in metal traces of IC designs. In [28], fault injection and
simulation technique for test development of analog circuits is presented. Along with open
and short faults, fault locations such as signal lines with narrow separation are identi ed
based on analog circuit layout. A greedy search algorithm that relies on graph topology
is proposed for test stimulus generation. In [29], boundaries between defective and non-
defective devices are generated virtually based on the estimated speci cations, which are
obtained by applying groups of speci cation tests. In [30], critical locations in circuits
are identi ed using layouts and faults are injected by simulating short/open defects at the
transistors in critical locations.

Another type of testing technique relies on identi cation of outliers based on a con-



structed distribution of devices using their speci cations. This involves use of both speci-
cation based testing and defect based testing. [31] uses a defect Iter that detects outliers
based on the probability distribution of responses built using Epanechnikov kernel, prior to
building data for regression model. In [32], a similar kernel based outlier detection tech-
nique is used for test stimulus generation. Both these methods model the DUT responses
and the performance speci cations using kernelized functions to build their correspond-
ing probability distributions and require multiple tests to be applied to several DUTSs for
building their distributions for outlier identi cation.

For complex wireless MIMO systems, even speci cation testing is further complicated
due to lack of test access to individual RF components. In [33], a low cost testing scheme
that relies on frequency multiplexing for estimating the third order distortion and phase
imbalance from the combined output response of individual RF chains in a MIMO system
is proposed. The novelty of this technique is that the test tones of individual RF chains are
chosen such that their corresponding output intermodulation tones do not overlap with the
fundamental tones, ensuring that the individual RF chain parameters are estimated using
analytical equations. Also, the same two-tone test is applied to estimate the gain and non-
linearity speci cations concurrently. Testing of phased array systems that includes gain and
phase mismatches of combined antenna and RF chain systems is discussed in [34]. These
mismatches are de-embedded from near- eld measurements of transmitter electromagnetic
elds resulting in contact-less testing of phased array systems. A methodology for testing
and tuning MIMO beamforming systems with frequency overlapped testing tones as test
inputs to individual RF chains was presented in [35]. This method while reduced the fre-
guency bandwidth required for testing by allowing overlapping tones unlike the approach in
[33], itis limited to testing of third order nonlinearity in the RF chains. As the frequency of
operation increases, higher order non-linearities in wireless systems become more evident.

To address these challenges, a frequency ef cient parallel test approach for MIMO sys-

tems is developed in this manuscript to estimate its non-linearities upto fth order. This



proposed approach is not limited by the number of RF chains to be tested. As an interim
approach between defect based testing and alternate testing, an outlier oriented test ap-
proach for RF/mixed signal circuits is developed in this work. The test generation is this
approach focuses on developing a stimulus that can capture the variations in process condi-
tions in its response, which acts as a metric for differentiating good and bad devices. Two
different approaches based on principal component analysis (PCA) and hyper-dimensional

computing (HDC) are developed in this work in Chapters 3 and 4 respectively.

1.2.2 Priorwork in postmanufacturguning

Embedded mixed-signal/RF circuits in deeply scaled Silicon technologies suffer from poor
manufacturing yield owing to several factors like process variations, increased parasitics,
etc. Post manufacturing tuning algorithms are required for yield improvement in mixed-
signal/RF SoCs. Digital compensation techniques such as those proposed in [36, 37] are
used to pre-distort the digital signals before they are converted to analog domain so as
to accommodate for the distortions in mixed-signal/RF circuits on-chip. In [36], a tuning
technique is proposed to compensate for imbalance between | and Q arms of an Orthogonal
Frequency Division Multiplexing (OFDM) receiver. The approach constitutes compensa-
tion in time domain and adaptation in frequency domain. In [38], a tuning infrastructure
and methodology is presented using sub-threshold low-power parallel Iter banks that min-
imizes variations in frequency, gain and quality factor along with 66 other parameters of a
second-order low pass lter. In [37], digital techniques are proposed to estimate compen-
sation parameters directly for a direct down-conversion receiver front-end. In [39], post
manufacture tuning algorithm based on hierarchical behavioral models of RF systems is
proposed and implemented for a transmitter. Comprehensive behavioral model of the trans-
mitter is built, an optimized test stimulus is applied and the response is observed. A nonlin-
ear least-squares tting algorithm is used to determine the behavioral model parameters of

the mixer and power ampli er from the simulated model. Then, constrained optimization
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is performed to determine the best tuning parameter values that satisfy system-level speci-
cations in a power-conscious way. In [40], an iterative test-tune-test technique is proposed
to perform post-manufacture tuning. In this technique, alternative testing is performed and
based on the estimated DUT speci cation values, the tuning knobs are adjusted. The test
procedure is repeated until convergence to desired system level speci cation values.

In [35], a one-time calibration of manufactured RF devices is performed to compensate
for manufacturing process variations. Supervised learning methods are used to learn the re-
lationships between the test response of the system to the applied tests, the corresponding
EVM and SINR values and the optimal tuning knob con gurations for tested devices. Such
supervised learning across complex systems such as large beamforming antenna arrays and
their corresponding RF chains requires the acquisition of signi cant numbers of devices
and advanced learning algorithms and outlier detection methods. This incurs signi cant
costs in device handling, data management and in training and update of relevant learners
and databases. In contrast to these supervised learning methods, the research presented in
this manuscript investigates reinforcement learning techniques for post-manufacture tuning
and compares its performance with existing methods. The proposed post-manufacture tun-
ing techniques rely on the developed tests and use the information from testing to perform
tuning. The actual algorithm is based on reinforcement learning approach that rewards the
tuning steps that result in reaching the optimal tuning point in minimal time while consum-

ing minimal power.

1.3 Prior work in real-time adaptation

The applications of RF/mixed-signal embedded systems require that the underlying cir-
cuitry operate in such a way that the performance of applications is enhanced. To exem-
plify, for a RF transceiver array used in wireless communications, the bit error rate of the

system depends not only on the wireless channel impairments, but also on the circuit level

distortions. Hence, it is important to tune the RF circuitry in real-time with respect to
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the requirements of its application. [41] demonstrates that the RF circuitry employed in a
wireless radio front-end can operate in different power consuming modes depending on the
required throughput of the system. This shows a requirement for tuning the RF circuitry in
real-time for optimization of power consumption.

In [42], simulated annealing based performance and power optimization of RF front
end is performed based on real-time data. One of the earliest systems for self-learning
wireless RF MIMO receivers are presented in [43] and investigated simultaneous tuning
of RF circuitry and wireless channel coding parameters in MIMO systems. These did not
consider beamsteering capability and relied on the use of neural network training for learn-
ing the relationships between tuning knobs(bias voltages and currents of receiver circuitry),
process parameters, wireless signal quality and system performance. A nonlinear optimiza-
tion algorithm on the learned relationships was used to determine how to control the circuit
tuning knobs in response to changing channel conditions for a 5GHz receiver. Both neu-
ral network training and nonlinear optimization were performed off-line, possibly on an
external computing platform. In contrast to these, an actor-critic based learning approach
is presented in Section 5 to tune a receiver array in response to dynamic wireless channel
conditions.

For RF antenna arrays deployed in MIMO communication, it is important to optimize
power consumption owing to the large number of RF chains in a small space. Signi cant
prior work on energy ef ciency of MIMO systems is done [44]. In [45], a real-time antenna
weight optimization framework for side-lobe, same frequency, interference cancellation us-
ing the signal in the main communication lobe of a linear antenna array as reference (pilot)
is developed. In [46], a neural network is trained to produce antenna weight factors for a
moving beam (number of antennas is xed) and a genetic algorithm based beam direction
control is presented in [47]. The above algorithms focus on xed antenna array con g-
urations and limited numbers of users and are not suited to the automation of complex

applications such as dynamic vehicle communication environments that are envisioned for
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the future. To address these challenges, a novel approach that assigns the antenna elements
in an array in a need-based manner while tuning for minimal interference and minimal
power-consumption is developed for arrays used in vehicular communications and pre-

sented in Chapter 6.

1.4 Scope of research

Figure 1.3: Scope of research

The entire scope of the research proposed in this manuscript is presented in Figure 1.3.
It comprises algorithms under two categories as of ine and online based on their implemen-
tation use-case. In of ine algorithms, two major components can be articulated as follows:
(1) Built-in testing and (2) Post-manufacture tuning. Built-in test algorithms proposed in
this work can be segregated into two categories as follows: (1.1) Frequency ef cient MIMO
testing (discussed in Chapter 2) and (1.2) Outlier oriented testing of analog/mixed-signal
(AMS) circuits (presented in Chapters 3 and 4). Frequency ef cient MIMO testing involves

speci cation testing of RF MIMO systems and is developed to accommodate testing upto
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fth order non-linearities of several RF chains in parallel. The proposed outlier oriented
test schemes are further categorized based on their response analysis techniques into two
categories namely (1.2a) PCA based and (1.2b) HDC based test technique. Post manufac-
ture tuning algorithms are proposed using reinforcement learning algorithms based on the
information extracted by applying the tests developed in (1.1) and (1.2) to tune the circuits
under given constraints. MIMO systems are tuned in this manuscript using two different
approaches as shown in (2.1) of Figure 1.3. In the rst approach, golden response tuning is
performed using multi-arm bandit reinforcement algorithm. In the second approach, along
with the circuit inherent characteristics, the wireless transmission parameters are consid-
ered and the system is tuned using actor critic algorithm. In online algorithms, a real-time
adaptation algorithm is proposed to improve the circuit performance in- eld by varying
its internal tuning knobs based on the surrounding environment. These techniques are ex-
plained in detail below.

The algorithms developed for testing RF/mixed-signal circuits corresponding to block
1 in Figure 1.3 involve the algorithms for stimulus-generation and response analysis. The

testing algorithms proposed in this work can be classi ed into two categories as follows:

* Algorithms for frequency-ef cient stimulus generation for testing RF MIMO arrays
has been proposed and the proposed methodology is not limited by the number of
RF chains iniit (1.1 in Figure 1.3). This approach is superior to the prior approach in
the fact that it can estimate non-linearities in a MIMO system upto fth order while
accommodating overlap of applied frequency tones, thereby reducing the required

test bandwidth.

 Stimulus generation algorithms for RF/mixed signal circuits that rely on statistics of
the circuit test responses built from the circuit's responses to the generated stimulus
for outlier classi cation (1.2 in Figure 1.3). While these approaches are formed by
combination of principles of alternate testing and defect testing, these differ from

prior approaches in the fact that the prior approaches require multiple speci cation
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tests at every stimulus generation iteration and use speci cations to build the distri-
butions. In contrast, the proposed approach uses test responses directly to build the
distributions and reduces the number of defect simulations required for constructing
the distributions of responses, there by reducing the test costs and time. Algorithms
for outlier classi cation of circuit instances based on a constructed model of test re-
sponses obtained from stimulus can further be segregated based on the methodology
underlying the response analysis and classi cation as Principal Component Analysis
(PCA) based and Hyper-dimensional Computing (HDC) based as shown in (1.2a)
and (1.2b) of Figure 1.3.

The post-manufacture tuning algorithms proposed in this work utilize the circuit re-
sponses from stimulus generation algorithms to tune for target speci cations. A reinforce-
ment learning (RL) based golden response tuning is developed for a MIMO receiver array
and is compared with gradient descent algorithm. Further, a MIMO receiver array is also
tuned based on the wireless transmission coding parameters and the circuit characteristics.
Metrics are de ned for PCA based test response analysis and HDC based test response
analysis techniques to leverage similar reinforcement learning algorithms for tuning di-
verse range of circuits. It is to be noted that the tuning metric in the RL algorithm differs
based on the underlying response analysis technique and the generated test stimulus.

Further, a real-time adaptation algorithm that relies on reinforcement learning has been
developed for MIMO antenna arrays that are deployed in vehicular communication system
and the developed algorithm focuses on assigning the inputs to the array such that it is
maximally utilized in communicating with multiple channels under power and interference
constraints.

In the following, the proposed frequency ef cient alternate test and golden-response
based tuning of analog MIMO beamforming receiver corresponding to blocks 1.1 and 2.1
of Figure 1.3 is presented in Chapter 2. Next, the presented research focuses on devel-

oping a generic approach for testing and tuning analog/mixed signal circuits and systems.
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The proposed alternate test stimulus generation, PCA based response analysis, outlier clas-
si cation and its bootstrapped post-manufacture tuning algorithm corresponding to block
(1.2a) of Figure 1.3 are presented in Chapter 3. Next, the algorithms for hyper-dimensional
computing based stimulus generation and outlier detection corresponding to block (1.2b)
are presented in Chapter 4. The proposed algorithms are validated using several simulation
based circuits such as ampli ers, line driver, low drop out regulator, analog-to-digital
converter (ADC) and buck-boost converter along with hardware. This is followed by the
proposed post-manufacture and real-time tuning algorithms corresponding to blocks 2.1
and 3 for MIMO arrays in Chapters 5 and 6 respectively. The post-manufacture tuning
algorithms proposed in Chapter 5 take into account the wireless channel conditions along
with the inherent circuit characteristics to tune the MIMO system. Finally, conclusions and

future work are presented in Chapter 7.
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CHAPTER 2
EFFICIENT PARALLEL TESTING AND IMPLICIT COST DRIVEN TUNING
OF RF-MIMO SYSTEMS

The demand for higher communication speed80Gbps) has fueled the development of
MIMO arrays with novel transceiver architectures and beamforming techniques [48, 49,
50]. In parallel, advances in manufacturing process technology have allowed integration
of multiple antenna elements on a single chystem on chigSoC) [51, 52, 53]. How-

ever, increasing circuit complexity and higher speeds have made the underlying electronic
circuitry vulnerable to manufacturing process variations and defects. Consequently, the
complex circuitry of manufactured RF-MIMO chips needs to be tested for design speci -
cations and tuned post-manufacture for improved manufacturing yield. While a range of
analog, hybrid and digital architectures exist for beamforming RF-MIMO systems [54, 49],
we focus primarily on analog architectures as these allow relatively lower-power operation
as opposed to digital architectures.

Manufacturing test of analog beamforming MIMO systems is dif cult as the internal
nodes and the corresponding signals of individual RF chains of the MIMO architecture
are not easily accessible. Also, the cost of test instrumentation as well as the number of
speci cation tests that have to be applied to a MIMO system increases with increase in the
number of RF chains. One way to reduce test cost is test all the RF chains of a MIMO sys-
tem in parallel as opposed to sequential. However, this requires the application of multiple
test tones to each chain which can interfere with each other when signals from individual
RF chains are combined together such as in analog MIMO beamforming receiver systems.
A key challenge is to design the individual RF chain test signals (consisting of multi-tone
signals) in such a way that all the MIMO RF chains can be tested concurrently, for gain

and phase mismatches and upto fth order distortion, with test tones for the entire MIMO
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system spread acrossranimum frequency bandwid{to minimize test instrumentation
cost or equivalently maximize the number of the RF chains that can be tested for a given
frequency bandwidth). Gain and phase estimation is 1.7X more frequency-ef cient than
other existing comparable test techniques.

The fast parallel testing scheme above, is utilized to perform parallel tuning of the RF
MIMO system by modulating hardware tuning knobs such as bias voltages and currents
of the modules of each RF chain (e.g. LNAs, mixers). For example, for & MIMO
transceiver array, there are 16 RF chains attached to individual antenna elements in the
array. If each RF chain has 5 circuit tuning knobs to tune its performance and if 4 tuning bits
exist per tuning parameter, this compounds to 320 bits that need to be tuned simultaneously.
This number increases with increase in the number of RF chains in a MIMO system and
as a result, tuning a wireless system for maximum performance involves optimization over
a large search space. To alleviate these issues, a framework for iterative testing and tuning
of RF MIMO systems driven by clustering and gradient descent algorithm is developed
that leverages the proposed parallel testing methodology. An implicit tuning metric that
accurately models the system speci cations at intermediate tuning steps is de ned for post-
manufacture tuning of MIMO systems. The proposed tuning algorithm implicitly tunes for
system EVM and SINR speci cations. An initial guess of the tuning solution guided by a

test response clustering algorithm allows rapid convergence of the tuning procedure.

2.1 Preliminaries and MIMO array modelling

MIMO beamforming receiver architectures such as digital, analog and hybrid ones are
prevalent in literature. In this research, we focus on analog beamforming receiver architec-
ture with N RF chains as it is the most dif cult one to test owing to limited observability

of its internal circuit nodes. An example analog beamforming receiver system with 4 RF

chains is shown in Figure 2.1. Each RF chain comprises a low noise ampli er and a phase

shifter. In analog beamforming receiver, the outputs of all RF chains are combined and
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the resultant output is demodulated using a mixer. The resultant demodulated output is

processed to estimate the characteristics of individual RF chains.

Figure 2.1: Analog beamforming MIMO receiver

In a MIMO beamforming receiver system, each antenna element is separated from its
nearest neighbors by"distance and as a result, the received signals traverse different dis-
tances. The resulting path differences contribute to phase mismatch among the received
signals of individual RF chains. For two consecutive antenna elements separattd by '
distance, the phase shift is given in Equation 2.1 when the receiving signal's angle of in-
cidence is . Heref is the incoming signal frequency. For high frequency signals, phase
mismatch is strongly observed. Further, given the beamsteering artgke antenna array
aims at constructive addition of the received signals in the given direction while destruc-
tively adding the received signals in all other directions. As a result, the gain and phase
mismatch of the antenna array are signi cant metrics to be considered for its proper op-
eration. Section 2.4 describes the algorithms proposed for frequency ef cient testing of

MIMO receiver to estimate its gain and phase mismatches.
.. 2fd
Phase shift —¢ —cos (2.1)

Standard speci cations of a MIMO receiver such as EVM and SiNR are highly corre-
lated with its system level design parameters such as DC offsets, mismatches, non-linearity
and various types of noise. DC offsets are generally eliminated before symbol mapping. In

this work, we consider the static impairments of the receiver system such as mismatches
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and non-linearities to model EVM analytically. Besides, the non-linearities exhibited by
RF systems become more signi cant as the frequency of operation increases. Itis assumed
that the low noise ampli er in the receiver system exhibits upto fth order non-linearities

( 17 2; a3, sand g) and the mixer exhibits non-linearity upto second order (,). The

EVM and SINR modeling used in this approach is presented in Section 2.6. While the ac-
tual EVM is also affected by dynamic factors such as circuit noise[55, 56], our focus in this
work is to tune the receiver for given speci cations in minimal time as the noise can usually
be minimized by averaging. EVM testing itself is very expensive and time-consuming[57,
58]. To avoid this, we propose a metric that is highly correlated to EVM based on the

developed tests and use it as a proxy for EVM during tuning the receiver.

2.2 Broad approach and overview

Figure 2.2: Broad approach

We consider an analog RF MIMO receiver system with N RF chains as the test vehicle.

The broad approach of the proposed research is shown in Figure 2.2 and consists of 4 steps
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as follows: (1) RF chain phase offset determination, (2) Parallel estimation of RF chain
gain and phase, (3) Parallel tests for determining RF chain non-linearities and (4) Implicit
reward-driven tuning based on a two-step tuning methodology. The focus of this work is
on developing bandwidth optimal test technique and fast tuning mechanism for RF MIMO
arrays across a range of beam-steering angles (elevation and azimuth). We cnsijer

4 4,8 8andlé 16 MIMO RF receiver systems as test vehicles for our approach.
Antenna arrays (as shown in Figure 2.3) of similar sizes are assumed to sense the incoming
wireless signals and provide inputs to the arrays. During testing, we assume that an array
of RF switches or signal coupling mechanisms as described in [59] provides test access to
the RF MIMO system. Given such a system, the following de nes the proposed approach
for fast parallel testing and tuning of MIMO array:

(1) Target RF phase offset computatidfor each MIMO array beam-steering direction, the
target phase offsets of all the RF chains in a given receiver array are computed by solving
antenna eld equations. These serve as targets for the phases of individual RF chains during
tuning.

(2) Parallel estimation of gain and phasPredetermined test signals are applied to stimu-
late all RF chains in parallel. The obtained combined baseband respgutsé (in Figure

2.4) is analyzed to determine the relative gain and phase values of each RF chain. These
values are validated using the gain and phase values obtained from testing each RF chain
individually. Note that this is complicated by the fact that the outputs of RF chain are
combined before digitization for baseband processing in analog beamforming receivers.

(3) Parallel tests for determining non-linearitie§wo frequency tones per RF chain are
needed to estimate the distortions ub%order in a given RF chain. Estimating the same

for multiple RF chains in parallel requires the applied tones to be separated in frequency
with no overlap in the resultant combined output. Instead, we propose a frequency assign-
ment scheme that assigns tones which are judiciously separated while allowing overlap in

the combined output without compromising the test accuracy. In both steps (2) and (3), the
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goal is to minimize the range of test frequencies required to test a MIMO receiver array
with N RF chains allowing larger numbers of RF chains to be tested in parallel for a given
test frequency bandwidth.

(4) Two-step implicit cost based tuning of MIMO RF chainghe tuning procedure con-

sists of a two-step procedure. In the rst step, a coarse tuning is performed whereby an
optimized stimulus is applied to all the RF chains of the MIMO system concurrently (the
same stimulus is applied to all the RF chains) in such a way that the observed (combined)
response at the output of the MIMO receiver is maximally sensitive to manufacturing pro-
cess variations. A clustering of MIMO devices based on their observed responses is per-
formed. The optimal tuning knob values of the medoid device in each cluster are computed
using an optimization algorithm and the tuning knobs of all devices whose responses map
to a speci c cluster are set to its medoid tuning knob values. In the second step, ne-grained
modulation of the device tuning knobs is performed, assisted by the testing procedures of
Steps 2 and 3 above. Fine tuning based on steepest gradient descent is investigated using an
implicit cost metric for EVM and SINR. A key goal is to minimize the EVM and maximize

the SINR speci cations of a MIMO receiver system.

2.3 Step 1: RF Phase Offset Determination Across Beam Steering Angles

In this section, the mathematical framework involved in determining the target (to be
achieved by tuning) RF phase offsets is explained and corresponds to Block 1 of Figure
2.2. A square array receiver system as shown in Figure 2.3 with varying gize®; @

4;8 8;16 16)issimulated as atest vehicle in this research. Assume that the major beam
of the array points in the direction corresponding tm elevation and in azimuth. The

goal is to estimate the required phase offset values given the major beam angular values of
the MIMO system. In Figure 2.3, the antenna elements are located at grid points de ned
along thex andy axes such that they are separated by distadgemdd, in X and Y

directions respectively. In our work, we assume thaandd, are equal tal. Based on an-
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tenna physics, the phase shifts of the transmitted or received waves at these grid points are
progressively shifted by factors, and , respectively. If the wavelength of transmission

is given by , its corresponding wave numbe) (s given byk 2 © . [60] gives the ele-

vation and azimuth angles ( )of the major beam of the array as a function of ;k;d,

andd, .

%)
sin =2 X2
kd,  kd, 22)
tan -2, whend, d, d

X

The array factor(AF) of a square antenna array described above is given in Equation 2.3.

In this equation, m; n are used to give the co-ordinates of the individual antenna elements
in XY plane. For the major lobe direction described above, the angles of individual antenna
elements must adhere to Equation 2.4 [60]. The parametgrs, are determined by
solving the system of equations given by Equation 2.4 using Matlab. The receiver antenna
array described above is simulated for angles given tglues of (0°, 30°, 60°, 90°) and

values of (0°, 45°, 90°, 135°, 180°). For each pair aof () given by these values, the
phase values in terms of individual progressive phase shifts () between elements in
the array in Equation 2.5 are calculated and used latirgst phase value® which each

RF chain is tuned.

1 1

AF — ekdx sin  cos X — ekdy sin  cos y (2.3)
m 0 n 0
kd, sin cos « 0
(2.4)
kd, sin  cos y O
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Figure 2.3: NxM antenna array rigyre 2.4: Test setup and MIMO system architecture

2.4 Step 2: Parallel test methodology for gain-phase estimation

In the following, we rst present the test setup for a MIMO receiver array and then discuss
the parallel test approach for RF chain gain-phase determination and these correspond to

Block 2 of Figure 2.2.

2.4.1 Testsetup

The input test signals for each RF chaiwith amplitudesA; and frequencies; are given

by x; t , as shown in Figure 2.4 and given by Equation 2.5. These input signals are upcon-
verted to RF with the modulating signaig t of amplitudeA,.q and frequency noqi as

given by Equation 2.6. It is assumed that the resulting modulated signals are fed into corre-
sponding RF receiver chains using RF switches as shown in [59] or by using near eld wave
propagation [60]. This modulated signal passes through the receiver DUT which comprises
a low noise ampli er (LNA) and phase-shifter in each RF chain and the resultant outputs
of all RF chains are combined as shown in Figure 2.4. The output signal)(from

each RF chain prior to summing (as shown on right hand side of Figure 2.4), is presented
in Equation 2.7. This combined output is demodulated using the sijhabf amplitude
Ademod @nd frequency 4emoq given by Equation 2.8. The resulting demodulated signal after

combination of all RF chain outputs, is given by Equation 2.9. The individual contribution
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of each RF chain in this combined demodulated output can be given byas given in
Equation 2.10. In this equatioN; is a variable that is the product of path gai, A nodi
andAgemod- The Equation 2.10 can be further simpli ed as shown in Equations 2.11 and
Equations 2.12 respectively. The high frequency components are Itered and the resultant

signal is given in Equation 2.13.

Xt A, sin 2 f it (25)
m; t Amodi SIN 2T oait (26)
pi t AiAmogi SIN 2 oait i sin 2f ;t (27)
dt Ademod sin 2f demod! (2-8)
Sout t = Ademod Sin 2f demodt - pi t (2-9)
i1
Vit M;sin 2f it psSii sin 2f it sin 2f gemodt (2.10)
y; t 0:5M; cos2t froai  fi i
(2.11)
cos2t fmodi f, i sin 2f demodl
it 0:25M; sin 2t fgemod  fmoai i i
sin 2t fgemod  fmodi  fi i
(2.12)
sin 2t fgemod  fmodi  fi i
sin 2t fgemod  fmodi  fi i
yit  025M; sin 2t fgemod fmodi i i
(2.13)

sin 2t fgemod fmodi i i

Choosind ,oqi andf; appropriately such that they meet the condifigfyog T modi
f; reduces Equation 2.13 to Equation 2.14. The DC part of the resultant signal is removed

using a low pass lIter to obtain the signal in Equation 2.15. Equation 2.15 gives the con-
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tribution of thei™ RF chainy; t tothe combined signal,, t prior to digitization by an

A/D converter as shown in Figure 2.4 for a receiver with 4 RF chains. In the presence of
RF chain non-linearities, each chain presents additional RF tones. The goal is to design a
frequency ef cient stimulus for estimating the gain and phases of all RF chains from the
combined demodulated output. Besides, 2 tone test stimulus for each RF chain is propose
such that the individual non-linearities of each RF chain can be determined from the FFT

of the combined output signal of Figure 2.4.

yi t 0:29M; sin 4f ;t i sin i (2.14)

yi t 0:29M; sin 4 f it i (215)

2.4.2 Paralleltestmethodologyfor gain-phasestimation

In this work, we assume that an individual RF chain system is characterized by an array of
co-efcients( 1, -, 3, 4, s5)Where | represents the co-ef cient &" order distortion
produced by the RF chain. It means that, if an input time domain sinusoidal signal,

sin 2ft offrequencyf is applied to the RF chain, generates R" multiple off in the
output given by Equation 2.16. The corresponding multiples of input frequency generated

in the output signal by each, are given in Table 2.1.

y 1X 2x2 3x3 4x4 5x5 (2.16)

It can be observed from Table 2.1 that applying an input sinusoid with frequietwy
a non-linear system (RF chain) witl" order distortions results in an output that contains
frequency tones upto integer multiples of . Testing N fth order RF chains simulta-
neously requires that the tones generated by individual RF chains in the combined output

frequency spectrum are non-overlapping. For example, for a 2 RF chain MIMO system, the
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Table 2.1: Frequency tones generated by distortion coef ciepts

Distortion co-ef cient | Output frequency tones generated
f
2f
f, 3f
2f, 4f
f, 3f, 5f

g (W (N |

input frequency test tone applied to the second RF chain cannot overlap with the rst ve
multiples off ; wheref ; is the baseband input frequency to the rst RF chain. Similarly,
input test frequency tones are assigned to rest of the RF chains such that they don't overlap
with the rst ve multiples of already assigned tones.

Algorithm 1 presents the methodology for computing the baseband frequency tones that
are to be applied for a given N RF chain MIMO system to estimate the gain and phase val-
ues. This algorithm takes the total number of RF chains in the MIMO syisteminimum
frequencyf that is applied to the rst RF chain and the required separation between tones
S as inputs and generates an arfayith frequency tones required to estimate the gain
and phase values of all RF chains. It rst assigns the rst available baseband frequency
to the rst RF chain and computes the multiples of it. It then computes the next available
frequency tone based on giverandS asf ~ S. The algorithm checks ff S coincides
with any of the computed multiples. If it is one of the computed multiples, it is discarded
and the next available torfe 2S is considered. Elsd, S is assigned to the second
RF chain. The next available frequency tone is checked with the rst ve multiples of test
tones of both the assigned RF chains. This process repeats until all RF chains are assigned.

Input test signals with baseband frequencies obtained from Algorithm 1 are applied to
a MIMO system withN RF chains exhibiting upto fth order non-linearities, the combined
response outpug,; t (shown in Figure 2.4) of the system is affected by distortions in all
RF chains and is given by Equation 2.17. FFT is applied to the response osgput |
using a baseband processor. As the input test tones are chosen such that the harmonics of

one RF chain don't overlap with measurements of other RF chains, amplitudes and phases
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Algorithm 1 Test tones generation - gain/phase estimation
Data: No. of RF chains (N), Minimum frequency (f), Separation (S)
Result: Array of generated frequency tones (A)
Function gptones( N, f, 9:
Assign fto rst RF chain: A [f]
Loop0: Compute 1st 5 multiples of assigned tones
Loopl: Compute next available tone Alend]+S
if Next available tone (A[end]+S) is multipteen

Add more separation (A[end]+2S)

Go toLoopl

end

else

Assign Alend]+S to the next RF chain
Update A: A.push(A[end]+S)

end

if All RF chains are not assignedRen
| GotoLoop0

end

else
| return A

end

return

in the frequency bins of the applied test tones are used to estimate the gain and phase
values of corresponding RF chains. Gain values measured using FFT of the received signal
are accurate even in the presence of high non-linearity and asymmetric phase shifts. But
the phase estimation is affected by FFT quantization error. For accurate phase estimation,
further optimization is performed as explained below.
i N
Sout T = 0:25M;sin 4f ;t i (2.17)
i1
Choosing the right test frequencies results in transfer of high frequency amplitude and
phase distortion of carrier to low frequency components. As a result, the zero-crossing
points of the applied tones can be estimated with timing sensitivity enhanced by the ratio
of carrier frequencyf(y.qi) t0 the baseband test tone frequenicy.(This results in highly

accurate RF chain phase shift measurements. The combined receiver time domain output
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Sout T given by Equation 2.17 is obtained by the sum of individual RF chain outputs given
by Equation 2.15. It can be observed that the valuek af Equation 2.17 are known

and the aim is to estimate the amplitude and phase values. In order to estimate these
values, the signa,; t given by Equation 2.17 is mapped to a signal which is de ned in
Equation 2.18. In Equation 2.18;, ; representthe unknown gain and phase ofther

chain whilef; represents the frequency tone applied to that particular RF chain. A simple
optimization problem is de ned to solve for the unknov& and ; variables as shown

in Equation 2.19. In this Equation,.ceiveq t represents the actual time domain receiver
output obtained from ADC shown in Figure 2.4. This is solved using Matlab curve tting
toolbox's sumofsine function. For this optimization, the initial values of the variables

are taken to be the gain and phase values obtained using FFT of the time domain receiver
output. The search space for unknown varialilef the i"™ RF chain is chosen to be
around 10% of its corresponding FFT amplitude. Similarly, the search space;fts

chosen to be 7° of its initial FFT values. The results of the proposed test methodology
with only FFT and with those obtained using FFT followed by Matlab optimization are

presented in Section 2.7.

N
Yreconstructed = Gi Sin 4f it i (2-18)

i1

Minimizel/%/received t yreconstructed t% (2-19)

2.5 Step 3: Parallel test methodology for non-linearity estimation

This section presents algorithms proposed in reference to Block 3 of Figure 2.2 which
comprise the frequency assignment methodology for test tones that are applied to N RF
chain receiver for estimation of non-linearities upto fth order. Using the above proposed
methodology to estimate gain and phase of each RF chain,thalues in Equation 2.16

of each RF chain are obtained. To measure the higher order distortions that correlate to im-
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portant speci cations of the receiver system lik€ ;, P1dB andIIP 5 of each RF chain,

two tones per RF chain are required. When two test tones are applied simultaneously to
each RF chain, its output contains the harmonics of two tones along with the intermodula-
tion tones. When two sinusoidal tones of frequen€jeandf;, and known amplitudé,

are applied to RF chain as given in Equation 2.20, the non linear frequency components
produced due to each non-zerpthat characterizes the RF chain are shown in Table 2.2.
The amplitudes of the generated frequency components are used to estimate the speci -
cations such allP ,, I1IP 3, 1IP 5 andP 1dB using Equations 2.21, 2.22, 2.23 and 2.24
respectively. In these equations;, i3 and ;s represent the gain, third and fth order
intermodulation co-ef cients of thé" RF chain respectively. Testing each RF chain sepa-
rately results in increased test time. On the other hand, major challenge of testing several
RF chains in parallel, is the fact that the test tones overlap in the received output making
it dif cult to estimate individual RF chain speci cations. When a two tone stimulus is
applied to a RF chain, if no intermodulation or fundamental tones from other RF chains
overlap with its fundamental tones, then the FFT of the resultant receiver output can be
used to estimate all non-linearity speci cations in parallel. But this requires a signi cant
amount of bandwidth for test tones. To overcome this, we propose a frequency ef cient
parallel test methodology that estimates the non-linearities in several RF chains in parallel

while allowing overlap between resulting tones as explained below.

Xi t A, sin 2f j;t sin 2f .t sin 2f odit (220)
a
P2 A, o (2.21)
T Ve W, '
% x

— (2.22)
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g x

Vfil 8 il
X
P 1dB; 0:145—f: (2.24)
|

Consider a receiver system with k RF chains that are tested in parallei.thTIRE chain
is stimulated a two tone input given in Equation 2.20 with the two tones at frequencies

6 5f and6if , 1 & i & k. Then the non-linear frequency tones generated in the
output are given in Table 2.4. In this tabfejs the lowest frequency tone applied over all

RF chains. The problem is to estimate the amplitudes of the non-linear tones generated
by each RF chain (given in columns C to K of Table 2.4. These amplitude values are
estimated under the following two conditions: (i) the combined amplitude and phase of
the tones produced by each RF chain are known, (ii) the amplitudes of applied test tones
and the corresponding phases of the intermodulation tones generated by each RF chain
are known. The phases of intermodulation tones generated by each RF chain are given in
Table 2.3 when the channel phase shifis known from gain-phase estimation presented
in Section 2.4. We rst explain how the proposed frequency assignment method results in
utmost two tones overlapping at any given frequency in the generated output spectrum.

It can be observed that the frequencies in columns A, E, G, H and J of Table 2.4 are
always odd. Of these columns, only tones generated by E overlap with the fundamental
component A and tones generated by H and J overlap with each other while the tones
generated by G are co-prime to everything else. The frequencies in columns B, C, D, F, |

and K of Table 2.4 are always even. Of these tones, the frequencies in column pairs (B,

Table 2.2: Output frequency tones due to higher order nonlinearities in system

Nonlinearity Frequency tones
1 fi;f5
2 2f 1, 2f 58, £,
3 2f, fp2f, f,
4 3, fo
5 a4, £,,3f, 2f,3f, 2f,
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Table 2.3: Phase of frequency components

Tone Phase
fq i
f, i
fi f, |2i >
2f, 2i >
2f, 2i 5
2t, f, i
2, f, i
3, f, | 2i >
4, f, | 3i
3, 2f, | i
3f, 2f, | i

Figure 2.5: Frequency overlap Venn diagram

D), (C, F) and (I, K) overlap with each other. Hence, it can be observed that at any given
frequency tone, there are contributions from utmost two RF chains (see Figure 2.5). Given
that a single frequency in Table 2.4 corresponds to two generated tones, the individual

amplitudes of the two tones can be estimated in three steps as shown below.

a. First, FFT is applied to the received output and the amplitude and phase of a given
frequency bin is acquired &, and . respectively. Note thaf. and . are the
resultant amplitude and phase obtained by superposition of two tones (from two RF
chains) at a given frequendy As a result, the resultant signal is represented using
Equation 2.25 in whiclA;1, Aj», i1, i» are the amplitudes and phases of individual

tones overlapping at frequentyrespectively.

A.sin 2 ft ¢ Ajpsin 2ft i1 Ajpsin 2ft i (2.25)
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Table 2.4: Frequency assignment for non-linearity estimation

Fundamental ; Secondary , Third order 3 Fourth order 4, Fifth order 5
A B C D E F G H | J K

Channel fi fy 2, 2, | f, fo | 2f, f,|2f, f4 3f, f, a, f, | 3y 2f, | 3fF, 2f,

1 f 6f 2f 12f 7f -Af 11f -3f -2f -of 16f

2 7f 12f 14f 24f 19f 2f 17f of 16f -3f 22f

3 13f 18f 26f 36f 31f 8f 23f 21f 34f 3f 28f

4 19f 24f 38f 48f 43f 14f 29f 33f 52f of 34f

i (6i-5)f 6if (12i-10)f | 12if | (12i-5)f | (6i-10)f | (6i+5)f (12i-15)f (18i-20)f | (6i-15)f | (6i+10)f

b. The individual phases of the two tones;( ;,) are known variables when the chan-
nel phase shift ; is known and given by Table 2.3. This channel phase shift is
measured previously using gain-phase estimation methodology presented in Section

2.4.

c. Equation 2.25 is simpli ed into its amplitude and phase as given by the two Equations
in 2.26. This represents a system of 2 equations with 2 unknown variablesd
A;> which can be easily solved.
0
Ac Al A% 2Ai1Ai2COS i1 g2

A;1sin j1 AscCoS
AilcOS i1 Aizsin i2

(2.26)

tan

d. Once the amplitudes of all intermodulation tones of all RF chains are computed, the
non-linearity speci cations 1IP3, 1IP3, 1IP5 and P1dB of all RF chains are computed

using Equations 2.21, 2.22, 2.23 and 2.24 respectively.

This entire testing methodology relies on frequency tones that are separated suf ciently
to allow overlap between tones in FFT while allowing the estimation of non-linearities.
Hence the number of RF chains in a MIMO receiver system that can be tested simultane-
ously is limited by the total test frequency bandwidth available and the baseband processor
that determines the number of orthogonal tones. In a 20MHz OFDM band, 0.3125MHz
of frequency bandwidth is required to separate two adjacent channels. In Figure 2.6, the
bandwidth required to test the entire receiver system with N RF chains when no overlap

of tones is allowed [33], is presented. In the same Figure, the test technique that allows
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overlap of frequency tones and estimates the non-linearities upto third order [35] is also
presented along with the current approach that allows overlap of frequency tones and esti-
mates non-linearities upto fth order. In [35], the non-linearities upto third order are tested
by applying test tones such that there is a maximum overlap of two non-primary (not funda-
mental) tones at any given frequency in the combined spectrum. It can be observed that the
amount of frequency bandwidth required to test the MIMO receiver system is reduced by
around 65% and 39% when frequency overlap is allowed and the test technique estimates

upto third order and fth order non-linearities respectively.

Figure 2.6: Bandwidth required to test receiver with N RF chains

2.6 Step 4: Implicit reward driven RL tuning

In this Section, the post-manufacture tuning algorithm corresponding to Block 2 of Figure
1.3 proposed based on the test approach presented above is explained. First, the mapping
between the responses of tests explained in Sections 2.4 and 2.5 and the performance met-
rics of a MIMO system such as EVM and SiNR is presented. Then the proposed tuning
metric that can implicitly tune a receiver system for EVM and SiNR speci cations using

the responses of tests explained in Sections 2.4 and 2.5 is discussed. This is followed by the
proposed tuning algorithm. The algorithms presented in this Section correspond to Block

4 in Figure 2.2.
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2.6.1 Testresponsenappingto EVM andSiNR speci cations

The goal of the tuning algorithm is to maximize SiINR or minimize EVM of the MIMO
receiver. Computing EVM or SiNR in every tuning iteration is time-consuming and ex-
tremely expensive as measuring these speci cations involves transmitting several symbols
in every tuning iteration. Instead, we propose a metric that is simpler and represents the
EVM and SINR accurately for tuning. We use the correlation between the de ned metric
and EVM/SINR to justify its use for tuning purposes. In the following, calculation of EVM
and SINR is rst discussed followed by the modeling of proposed metric.

Estimation of EVM and SINRA symbol given byS | jQ is modulated to the signal
given in Equation 2.27. The phase shifted version of the symbol is given in Equation
2.28. The distortions due to the RF chain affect the symbol as represented in Equation
2.29. With N RF chains in the system, all modulated resultant symbols from all RF chains
are combined as given in Equation 2.30. These symbols are down-converted and the low

frequency components are Itered. The resultant received signal is given in Equation 2.31.

Smod | sin 2 ft Qcos 2 ft Asin 2 ft

o (2.27)
where A 12 Q?: tan Qa@l
S, Asin 2ft i (2.28)
i i i &3 i &5
Sy 1S, S S (2.29)
Seom = Sh (2.30)
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I received Scom :ILLOI IZI—OI2 ;

Qreceived Scom :?LOQ IZLO(ZQ

LO, sin 2ft and LOg cos2ft ;

(2.31)

Sreceived | received JQ received

These N symbols are used to estimate the EVM of the system using the Equation 2.32.
To estimate the SINR of the MIMO beamforming receiver system, the interference energy
is calculated using Equation 2.33 by assuming that the interference apgle i
30deg In this equation, AF is the array factor given in Equation 2.3 in the direction of
actual signal (numerator in Equation 2.33) or in the interference direction (denominator in

Equation 2.33).

5

N . -
- <..i 1 S :eceived 2
EVM 100 &6— (2.32)

1 _N i 2
ﬁ<ils

Z|r

SINR AI:signal

(2.33)
< AF interference

2.6.2 Formulationof implicit cost

The EVM of the receiver system corresponds to distortions in the received signal due to
circuit nonlinearities and noise. If the underlying circuitry of MIMO receiver system is
ideal, the resultant signal from low noise ampli er follows the rule given in Equation 2.35

in which no non-linearity exists. This response of the receiver system is considered as
the golden responsef the system. In this equatiow, t is the input to the RF chain,

g t isits golden response output ang is the gain of the™ RF chain. Experimentally,

this is obtained by averaging the responses of receiver systems under ideal conditions at
nominal operating speci cation values. A practical receiver output follows the Equation

2.16 as discussed in Section 2.4. The L1 norm based difference between a realistic receiver
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response t and the golden response of the systgm is de ned in Equation 2.34 and
is used as a metric in tuning a realistic receiver close to its ideal performdneethis

equation is the time period of the wavefornt .

~

A T
R, QE rtogt dt§ (2.34)
0

gt = Xt (235)

i1

By simulating the receiver system for various EVM outputs and plotting the corre-
sponding tuning metric de ned by Equation 2.34 as shown in Figure 2.7, it is observed that
this difference correlates positively by around 95% with EVM of the system in a mono-
tonic way. Similarly, the SINR of the receiver is also measured using simulations and it
is observed that the SINR exhibits 93.4% negative correlation with the de ned L1 norm
metric. Hence L1 norm can be used as a metric instead of EVM or SINR for tuning a
MIMO receiver system. The lower the L1 norm metric, the closer the system is to its ideal
performance As opposed to this, the higher the L1 norm metric, further tuning is essential
for optimal performance of the receiver. Next, we explain the proposed two-step tuning

methodology.

Figure 2.7: Plot of L1 norm between received signal and golden response versus EVM
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2.6.3 Tuningmethodology

Tuning of all RF chains in a beamforming receiver is performed simultaneously in two
steps as shown in Figure 2.8. In the rst step, test response based clustering is performed
to group receivers and assign a given initial tuning solution that corresponds to the cluster
center, to all receivers within a cluster. In the second step, we propose gradient descent
based approach to ne-tune the tuning knob values so that the receiver system reaches its

optimal performance.

Figure 2.8: Two step tuning methodology

Several receiver systems with process varied RF chains are simulated as explained in
Section 2.7 and their time domain responses are acquired by simulating them with default
(reference) values for all bias voltages in a receiver and applying a predetermined stimulus.
The stimulus is obtained by solving the optimization problem given in Equation 2.36 using
genetic algorithm. The goal of the genetic optimization is to maximally cluster the process
varied receivers based on their L1 norm values for a given cutoff distance. This cutoff
distance is the distance between two clusters beyond which the clusters cannot be merged.
The genetic algorithm from a group of candidate stimuli each obtained by sum of sinusoids
of varying amplitudes and frequencies as shown in Equation 2.36. The amplAuads
individual tones in a candidate stimulus vary between 0.01 and +Vdd where Vdd is the

supply voltage of the receiver. The frequendigsre obtained by judiciously selecting
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possible frequency tones within the total available baseband test bandwidtBquation

2.36 is a normalization parameter chosen such that the overall amplitude to the receiver
system is less than Vdd. An optimal stimulus results in a response that is maximally sen-
sitive to process variations. Clustering within the genetic optimization is performed using

hierarchical agglomerative clustering (HAC) algorithm [61].

Maximize no. of clusters for a given cutoff distance
i m (2.36)

Candidate stimulus- = A;sin 2f ;t
i1

HAC algorithm works as follows: Initially each receiver is assigned to its own cluster.

At each iteration, the clusters are merged together based on the similarities between them.
Similarity of two receivers in this work is computed by calculating the L1 norm difference
between their corresponding simulated output responses when the stimulus from genetic
algorithm is applied to them. Once the clusters are separated by atleast the chosen cutoff
distance value, the merging of clusters stops and the genetic algorithm chooses the stimulus
that results in maximum number of clusters as the optimal one. Cluster centers are assigned
to receivers that exhibit maximum similarity (or the lowest combined L1 norm difference)
with all receivers in a given cluster.

For receiver systems with N RF chains, an optimal stimulus is computed and a group
of cluster centers are obtained. Given a new receiver system to be tuned, itis rst clustered
by applying the same predetermined stimulus obtained from genetic optimization and sim-
ulating it with the default bias voltage values. Based on its L1 norm difference of the given
receiver's response with each of the cluster centers, it is rst clustered by measuring its
similarity with each cluster center and the tuning settings of the cluster center that exhibits
maximum similarity (minimum L1 norm difference) are assigned to it. The centroid of the

cluster is updated every time a new receiver circuit is added to it. These operations are
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presented irlset function of Algorithm 2.

Algorithm 2 Tuning a receiver with N RF chains
Data: Receiver system to be tuned, Clusters
Result: Tuning settings
Function clset( Receiver, Clustejs
Apply optimized stimulus to given receiver
Assign cluster based on L1 norm metric of its response
Apply tuning settings of centroid to the receiver
Update cluster centroid based on the L1 norm
return Tuning settings, Clusters
Function tune( circuit, cluster, surface plojs
Adjust phase shifters based on incident angle
Set initial tuning knobs
Simulate the receiver and acquire r(t)
Compute L1 norm between g(t) and r(t)
while L1 norm not convergedo
Move on the surface plots in the direction of decreasing L1 norm
Apply new tuning settings
Simulate the receiver and acquire r(t)
Compute L1 norm between g(t) and r(t)
end
return Tuning settings

Further optimization of tuning settings is proposed using three different approaches in
this work. In the rst approach, the receiver system is ne tuned by varying its tuning
knobs so that the output response matchegtildenresponse First, the tuning knobs
versus performance surface plots (See Figures 2.17, 2.18, 2.19 and 2.20) are calibrated for
the receiver representing the cluster center. These surface plots provide the gradient value
of performance vs. tuning knobs in the algorithm. In every tuning iteration, the tuning
knobs are set and the test stimulus proposed in Section 2.5 is applied to the receiver. Its
output time domain responget is acquired and the L1 norm difference between the
resulting response and the golden respanseof the receiver is computed using Equation
2.34. The gradient descent algorithm moves in the direction of decreasing L1 norm on the
characterized surface plots. In each iteration of ne tuning, the following are performed in

given order:
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a. First, the phase shifters are set based on the approach in Section 2.3 for a given

incident angle.
b. The gain and non-linearity of all the RF chains are tuned using the surface plots.

c. L1 norm of the response of the receiver is computed by simulating it with new tuning

knobs.

d. Then the phase mismatches are again adjusted. This process is done iteratively until

convergence is achieved in terms of the computed L1 norm value.

This entire tuning approach is presented in Algorithm 2. Note that the surface plots are to
be characterized for each cluster by simulating the cluster center's characteristics.

In the second approach, ne tuning is done again by applying the gradient descent al-
gorithm. But instead of using L1 norm as a metric for tuning, the tests proposed in Sections
2.4 and 2.5 are applied to the receiver and the resulting EVM and SINR measurements are
obtained by mapping the measured non-linearities. It is observed that the time taken for
ne-tuning in second approach is higher than that consumed during the rst approach with
L1 norm metric as presented in Section 2.7.2.

In the third approach, optimization is performed using multi-armed bandit (a form of
reinforcement learning) algorithm [62]. The objective of the learning algorithm is to tune
the bias knob values to their optimal values such that the L1 norm metric is minimized
in minimal number of steps. In this approach, we consider each combination of possible
tuning knob values as 'arms'. The aim is to pull the arms one-by-one or select the tuning
knob values one-by-one in sequence such that the regret is minimized. The regret is de ned
as the L1 norm value obtained after assigning the chosen tuning knobs (pulling the arm).
As explained above, the L1 norm metric is obtained by applying L1 norm to the integral of
the difference between the actual received responiseand the de ned golden response
g t of the receiver as shown in Equation 2.34. Each time an arm is pulled (a set of tuning

knob values are selected), its corresponding regret is updated as the mean of the existing
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value and the obtained value. Hence, the estimated regret of the arm can be represented
using Q(a) as shown in Equation 3.16 where 'a’ represents the chosen action (tuning knob

values) at thejeth time step andR; represents the regret given in Equation 2.34.

Each time an action is required (an arm needs to be pulled), the algorithm either selects
the best tuning knob values obtained so far (those that result in minimum regret) or chooses
random tuning knob values. This policy of choosing the arm is determined ugiregdy
algorithm. If is setto 0.1, the algorithm explores the possible tuning knob space for 10%
of time and chooses the known best tuning knob values 90% of time. Actions that result
in lower regret or lower L1 norm values are chosen in future iterations once the algorithm
understands the search space enough. After a suf cient number of iterations, the algorithm
converges to choosing the optimal arm that results in least L1 norm value. The entire
approach of tuning is presented in Algorithm 3. In this approach, the stimulus is the two
tone stimulus devised in Section 2.5. Convergence of regret in this algorithm is decided
based on a pre-de ned value in terms of the difference between the regret obtained in the

previous iteration and that obtained in the current iteration.

2.7 Experimental results

In this section, rst the experimental setup is described, followed by simulation based re-
sults of the proposed test and tuning algorithms on circuit simulations. Then the hardware

validation of the proposed test approach is presented.

2.7.1 Experimentaketup

To design a receiver RF chain, LNA, mixer and phase-shifter designs are simulated in 90

nm technology using Pathwave Advanced Design System (ADS). In Figure 2.9, a CMOS
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Algorithm 3 Tuning a receiver with N RF chains

Data: Receiver system to be tuned, Clusters

Result: Tuning settings

Function clset( Receiver, Clustejs

Apply optimized stimulus to given receiver
Assign cluster based on L1 norm metric of its response
Apply tuning settings of centroid to the receiver
Update cluster centroid

return Tuning settings, Clusters
Function tune( circuit, armg :
n_arms=no. of arms (A)

niterations=Num

=0.1

Receiver settings = clset(Receiver)

Apply optimized stimulus

Compute regret

while Regret not convergedo
r=randomvalue

if r& then

\ chosenarm = Choose one of the unchosen tune settings
else

| chosenarm = Best arm so far
end

Apply chosen arm tune settings
Apply optimal test signal to receiver
Read response output as y(t)
Regret:%2ldeal response - y(a

end

return Tuning settings

based current reuse low noise ampli er based on the work in [63] that is used in this work,
is presented. This LNA design can be tuned to vary its performance by tuning the volt-
age knob 'Vb' shown in this gure. A fully differential Gilbert cell mixer [64] shown in
Figure 2.10 is used in this work. To reduce power consumption, the current sources in the
mixer design of [64] are replaced with common source NMOS transistors. Besides, in this
work, the conversion gain of the system is increased by replacing the PMOS loads with
resistances. This mixer can be tuned by varying the voltage knob "Vbsw'. The 5 bit phase-

shifter design [65] used in this work is presented in Figure 2.11. The phase shift is tuned
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