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Abstract

Fast and accurate readout of qubits is essential for feedback and error-correction protocols in scalable

quantum processors. Current methods of readout in spin qubit processors require long times due to

noise and drift present. The timing budget for feedback control and correction is further strained by the

transfer of data to the host and back to the controller.

This thesis explores two complementary methods to speed up the readout: first, readout electronics

integrated with programmable logic on the same boards reduce the latency of communication between

the host and measurement setup, and second, a framework to reduce measurement times is devised by

executing Machine Learning (ML) enhanced classification deployed on the same programmable logic.

We demonstrate the utility of the Radio-Frequency System on Chip (RFSoC) board for measurements

of gate-defined semiconductor spin qubit devices. The design also incorporates an ML-accelerator for

readout with a simulated latency of 58 ns for the classification of states.

This work enables the implementation of sophisticated readout techniques close to data acquisition

electronics, which allows experiments that are not possible on conventional control electronics, which

are either host-centric, requiring extensive calibration, or have block-box designs restricting hardware

reprogrammability for specific experiments.
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1
Introduction

Quantum computers, when sufficiently scaled, are poised to solve several computationally complex

problems like large integer factoring [1], unstructured search [2], etc., while also enabling simulations

of quantum physical phenomena [3], and solving optimisation problems [4], [5]. This was confirmed

with the development of several algorithms, beginning in the 1990s, which started the drive to build

a functional quantum computer. With the accumulated technological advancements of more than

five decades since Moore’s Law [6], semiconductor electronics design and development have reached

immense scalability and reliability [7]. Building with this mature technology, backed by the promising

properties of semiconductors themselves as platforms for quantum computers, presents a viable approach

to realising quantum computers.

Operations in quantum computers, similar to computation in their classical counterparts, often involve

starting in a defined state, its manipulation and subsequent measurement. The success or fidelity of these

operations has improved significantly since spin qubits in semiconductors were first demonstrated [8],

with recent results showing more than 99% fidelities in initialisation [9], single [10] and two-qubit [11]

gate operations and measurement [9]. Practical applications of quantum computing, however, require

thousands of logical qubits comprising millions of individually addressable physical qubits [12]–[15].

Logical qubits build fault-tolerant quantum processors by application of error correction protocols on a

number of physical qubits encoding them [16], [17].

1.1. Motivation and Related Works

Developing a fault-tolerant quantum processor requires elements like fast readout, feedback and error

correction, which themselves need fast readout. This is being approached from different directions,

including:

• Better materials - less noise in enhanced materials leads to better Signal to Noise Ratio (SNR), giving

better accuracy in shorter integration times [18].

• Different readout mechanisms - new mechanisms like latched readout and double latched readout

already improve the fidelity and speed. Improved tuning strategies for sweet spot points also help

in the improvement [19], [20].

• Closer electronics- the readout electronics can be moved closer to the processor for reduced trip

delays [13], [21].

• Fast inference using less data- machine learning techniques can be used to infer the readout result

from a smaller number of measurement results, leading to faster classification of states.

The use of Field Programmable Gate Arrays (FPGAs) for the digital signal processing of qubit readout

signals and state-dependent feedback has been done for superconducting qubits regularly [22]–[26].

These systems enabled feedback based on a real-time digital demodulation of the dispersive readout

signal. The move from analog feedback and signal processing to digital signal processing enhanced

flexibility and reduced latency. Latencies as low as 219 ns for the complete feedback based on qubit state

have been shown [22].

1



1.2. Outline 2

Application of Machine Learning (ML) to combat qubit readout errors has resulted in improved

measurement accuracy [27]–[29]. Implementation of these solutions on hardware is resource-limited

due to large models, which use significant resources. [30]–[32] have shown lightweight neural networks

which are scalable and efficient for qubit readout.

The previous works require different systems for data acquisition (Arbitrary Waveform Generators,

Digital to Analog and Analog to Digital Converters, Mixers, Oscillators, etc.) and data processing (Field

Programmable Gate Arrays or host CPUs). With the increasing complexity of qubit devices, integrated

control and processing solutions are needed. Radio Frequency System on Chip systems, which combine

the signal generation and processing systems, have been utilised for quantum controllers [33], [34].

Removing the latency from the input signal (at the ADC) to the ML-assisted readout block or instrument

will increase the readout speed additionally. [35] and [36] show the incorporation of these accelerators

for superconducting qubits with the complete control and readout using the control firmware of [33] and

[34], respectively.

The work done during this thesis focuses on utilising these techniques to classify spin qubit states using

fewer data samples. A lightweight neural-network accelerated readout scheme is implemented on an

open-source quantum control hardware-software system.

1.2. Outline

This thesis is organised as follows:

• Chapter 2: Background
The background supporting the development of this work is described in this chapter, starting with

spin qubits, the principles behind their measurement, both physical and electrical, and a discussion

of the System on Chip (SoC) board utilised for the realisation of the methods developed in this

work.

• Chapter 3: Co-design of Neural Networks for fast readout
This chapter outlines the workflow developed to design neural networks capable of reading qubit

states faster. The design decisions at each step and the constraints which needed to be met are

discussed.

• Chapter 4: Readout Accelerator
With the neural network firmware files generated by the workflow of Chapter 3, this chapter outlines

the architecture of the readout accelerator block designed with these firmware files. After the

simulation results of the accelerator IP (Intellectual Property) block are discussed, its integration in

the qubit controller firmware is shown. Finally, the software modifications required in the different

layers are discussed.

• Chapter 5: Setup, Experiments and Results
This chapter discusses the different experiments done to validate the working of the RFSoC and

QICK for spin qubit measurements.

• Chapter 6: Conclusion and Outlook
This final chapter summarises the work done in this thesis, along with the contributions made

during its undertaking period. The limitations and scope of further work are also discussed.



2
Background

Processing information using quantum systems, ‘Quantum Computing’, involves designing and working

with numerous systems. Electronic or optical systems are used to define the quantum system. Additional

electrical instruments are needed for control and manipulation. This chapter provides an overview of

the background on how quantum systems are defined and studied in gate-defined quantum dots in

semiconductor heterostructure materials.

2.1. Spins as qubits

To choose from the many possible quantum systems realisable in hardware, DiVincenzo listed five criteria

to assess their suitability [37]. Semiconductor spin qubits proposed by Loss and DiVincenzo in [38] fulfil

these criteria well.

1. A scalable physical system with well-characterized qubits:
The spin of a single electron forms a natural and well-defined two-level quantum system, with the

spin-up and spin-down states serving as the logical |0⟩ and |1⟩. These spin qubits are implemented

in semiconductor materials using lithographically defined gates, forming quantum dots. This offers

compatibility with existing fabrication technologies and scalability through multi-dot architectures.

2. The ability to initialise the state of the qubits to a simple fiducial state:
The electron can be reliably initialised into a known spin state using spin-selective tunnelling or

energy relaxation in a magnetic field, thereby preparing the qubit in a well-defined starting state

suitable for computation.

3. Long relevant decoherence times, much longer than the gate operation time:
Single-electron spin qubits exhibit long coherence times, particularly in materials with low nuclear

spin density such as isotopically purified silicon. These long coherence times allow for the execution

of many quantum gate operations before decoherence significantly affects the quantum state.

4. A universal set of quantum gates:
High-fidelity single-qubit and two-qubit gates have been demonstrated in various spin qubit

platforms, with reported fidelities exceeding 99%. These include electrically driven spin resonance

for single-qubit rotations and exchange-based interactions for two-qubit entangling gates, enabling

universal quantum control.

5. A qubit-specific measurement capability:
The spin state of the electron can be read out using reliable techniques such as spin-to-charge

conversion followed by charge detection with a nearby quantum point contact or single-electron

transistor. These methods enable accurate projective measurement of individual qubits, satisfying

the readout requirement.

Other types of spin qubits are based on trapping more than one electron to define a single qubit -

singlet-triplet qubits use two spins, exchange-only qubits use three spins, with further variations based

on the specific spatial and spin combinations of the electrons.

3



2.1. Spins as qubits 4

Figure 2.1: (a)Schematic representation of a quantum dot using a semiconductor heterostructure. The quantum dot is present

under the red plunger gate, with blue-coloured barrier gates between the plunger and the reservoirs in grey. (b) Quantised energy

levels of the charges trapped in the quantum dot. Adapted from [48]

Figure 2.2: Schematic of the 10-dot device used in the experiments from [49]. The colour-coded gates are barriers: blue, plungers:

red, reservoirs: grey and screening gates: green.

Around the same time, the first demonstrations of electron spin manipulations were shown [39], [40],

theoretical studies indicated that holes in valence bands could implement spin qubits [41], [42]. Now

holes have been studied in different materials [43] [44], [45], and hole spin qubits in Si and Ge have shown

rapid progress in catching up to the state-of-the-art electron spin qubits [46].

2.1.1. Devices to trap and manipulate charge spins - Gate-defined Quantum Dots

Before the spins of electrons or holes can be used as qubits, a well-defined quantum system must be

prepared. One such system is manufactured using semiconductor quantum dot devices.

When semiconductor materials with different band gaps are brought together by growing on top of one

another (planar heterostructure material), it is possible to trap charges at the interface. These charges

trapped in two dimensions form what is often called a two-dimensional electron (or hole) gas or 2-DEG

(DHG). Using electrodes placed on top of the heterostructure, the electrostatic potential in the other two

dimensions can be modulated to confine the charge carriers further. This congregation of a few charge

carriers confined in all three dimensions is a quantum dot. The spatial confinement of charge carriers

leads to the quantisation of their energies [47]. These discrete energy levels dictate the occupation and

flow of charges via the quantum dot.

The gates used to create the quantum dots are shown in Fig. 2.1. The plunger gates (red) control the

electrochemical potential of the dot and the number of charges it can hold. The barrier gates (blue) are

used to change the confinement of the charges and also control the tunnel rates between the dots and

any nearby reservoirs of charges. Reservoirs are regions of the 2DEG which have practically infinite

charges. In the device design of Fig. 2.2, the ohmic contacts (grey) act as reservoirs since they are directly

connected to the metal electrodes on the top of the device and can supply charges directly to the 2DEG.

For a completely depleted device, the charges from these ohmics are the only charges in the 2DEG.
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(c)
Figure 2.3: Quantised energy levels in the quantum dot and transport of charges across the dot. The colours are matched to the

plunger, barrier and ohmics in Fig. 2.2. When none of the plunger’s quantised energy levels lie between the reservoir levels (case (a)

marked by ×), the current across the sensor drops as seen in (c). When one of the levels aligns(marked by ✓), there is an increase in

the current corresponding to (b). Adapted from [48]

2.1.2. Sensing charges with current

The barriers, plungers, and reservoirs all change and control the occupancy of charges in quantum dots

defined by the gates. Configuring or distributing charges across these quantum dots to utilise them

effectively requires methods to determine their occupation.

Consider the sketch shown in Fig. 2.3 where a quantum dot is coupled to two reservoirs - a source

and a drain. The reservoirs are connected via ohmic electrodes to the measurement equipment. In this

arrangement, a quantised energy level of the dot aligned between the potentials of the source and the

drain allows current to flow through the dot (Fig. 2.3(b)). However, if there is no dot state between the

source and drain potentials, the current flow is blocked (Fig. 2.3(a)). This configuration of the energy

levels is referred to as the ‘Coulomb blockade’ of the current. As the plunger gate voltage is swept, the

dot’s energy levels shift, aligning with the bias window and producing peaks in the measured current, as

illustrated in Fig. 2.3(c)

The energy level of the sensor dot is defined by the number of its charges and its local potential landscape.

The local potential landscape is influenced by the nearby electrode potentials and the occupancy of the

nearby dots as well. Thus, the current across the sensor dot can be used to sense the nearby charge motions

in different dots as seen in Fig. 2.4. This ‘Charge sensing’ in gate electrode-defined two-dimensional

devices is based on the capacitive coupling of the other dots and gates to the sensor dot and each other

[51].

The phenomenon of capacitive coupling between dots is not limited to the pair of a sensor and a dot. All
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Figure 2.4: (a,b,c) correspond to sensing the occupation of one dot with the nearby charge sensor (a). When the voltage of the dot

changes more than the addition energy (c), the occupancy of the dot changes, which capacitively affects the sensor plunger

potential. As discussed in Fig. 2.3, this leads to a change in the current through the sensor (b). In (d,e,f), two dots are sensed using

a single sensor again. Extending to sweeps of two gate voltages, the same principle applies - a change in occupation of dots under

the plungers leads to a change in current via the capacitively coupled sensor. Adapted from [48], [50]

dots capacitively couple to each other [52], [53]. The effect of the barrier potential between two dots on

their coupling is shown in Fig. 2.5. When the dots are not coupled to each other, changing the plunger

potential only changes the occupation of the respective dot. With moderate coupling, changing a single

plunger potential also affects the occupation in the coupled dot. When the dots are extensively coupled,

they essentially form a single dot.

While the sensor dots are very sensitive to the charge occupation in the discussed devices due to their

sharp transconductance (as seen in Fig. 2.3 (c)), measuring current across the sensor is limited by the

small bandwidth of the circuit formed by the current amplifier and the capacitance of the cable to it. This

limits the charge sensitivity of the sensor, which is the charge measured in the span of a unit time interval.

Achieving a high SNR thus requires current measurements to be done over longer acquisition times.

2.1.3. Reflectometry for sensing

Radio Frequency (RF) reflectometry offers a fast and sensitive method for charge sensing in quantum

dot and single-electron transistor (SET) systems [54], [55], overcoming the limitations of current-based

measurements that require lengthy integration times. In particular, fast readout is essential in quantum

information applications, where measurement times must be shorter than the characteristic timescales of

quantum processes such as spin relaxation [19], [56], [57].

In RF reflectometry, a radio-frequency signal is applied to one of the sensor dot ohmic electrodes. The

signal is injected through a transmission line and partially reflected due to the mismatch between the

cable’s characteristic impedance 𝑍0 and the impedance of the loading circuit 𝑍𝑙𝑜𝑎𝑑, which is formed by

the sensor impedance 𝑍𝑆 and the matching circuit comprised of the capacitor 𝐶𝑃 , and the inductor 𝐿𝐶 .

(Fig. 2.6). The sensor impedance, in turn, depends on the potential landscape of the sensor and thus is

used to sense charges close to the sensor.

The reflection coefficient Γ then is:

Γ =
𝑍𝑙𝑜𝑎𝑑 − 𝑍0

𝑍𝑙𝑜𝑎𝑑 + 𝑍0

When the sample impedance 𝑍𝑆 changes, 𝑍𝑙𝑜𝑎𝑑 changes accordingly as per 𝑍𝑙𝑜𝑎𝑑 = 𝑍𝑆 + 𝑗𝜔𝐿𝐶 + 1

𝑗𝜔𝐶𝑃

(ideally when there are no parasitic resistances or capacitances). This, in turn, changes Γ. When a voltage
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Figure 2.5: (a) Charge stability diagram for dots which are completely uncoupled. (b) With increased coupling, the effect of one dot

plunger is visible on the measurement sweep of the other dot. (c) The result of an overly coupled pair of dots. These effectively

form a single large dot. (d) With very large barriers separating the dots from the reservoirs, sweeping plungers move charges from

one dot to another. Adapted from [48], [50]

signal at frequency 𝜔 is sent via the source 𝑉𝑖𝑛(𝑡) = 𝑉𝐴𝑐𝑜𝑠𝜔𝑡, the complex reflected signal received at

the receiver is 𝑉𝑟𝑒𝑐 = Γ𝑉𝑖𝑛 . Only the real part of 𝑉𝑟𝑒𝑐 is measured which is 𝑉𝑚𝑒𝑎𝑠 = |Γ|𝑉𝐴𝑐𝑜𝑠(𝜔𝑡 + ∠Γ).
This can be rewritten as

𝑉𝑟𝑒𝑐(𝑡) = |Γ|𝑉𝐴 cos(∠Γ) cos 𝜔𝑡 − |Γ|𝑉𝐴 sin(∠Γ) sin 𝜔𝑡

𝑉𝑟𝑒𝑐(𝑡) = 𝑉𝐼 cos 𝜔𝑡 −𝑉𝑄 sin 𝜔𝑡
(2.1)

Where the quadratures 𝑉𝐼 and 𝑉𝑄 are defined as

𝑉𝐼 = |Γ|𝑉𝐴 cos(∠Γ)
𝑉𝑄 = |Γ|𝑉𝐴 sin(∠Γ) (2.2)

𝑉𝐼 and 𝑉𝑄 are also called the "in-phase" and "out-of-phase" components. The "IQ" quadrature repre-

sentation thus encapsulates the load impedance in the reflection coefficient Γ. The IQ components are

extracted from the received signal by demodulating with a mixer (𝑉𝐿𝑂 = 𝑐𝑜𝑠𝜔𝑡) and filtering with a

low-pass filter. After the mixer, the signal is

𝑉𝐼𝐹(𝑡) = 𝑉𝑟𝑒𝑐(𝑡) ·𝑉𝐿𝑂(𝑡) (2.3)

which gives

(𝑉𝐼 cos 𝜔𝑡 · cos 𝜔𝑡) + (−𝑉𝑄 sin 𝜔𝑡 · cos 𝜔𝑡) = (𝑉𝐼

2

+ 𝑉𝐼

2

cos 2𝜔𝑡) + (
𝑉𝑄

2

sin 2𝜔𝑡). (2.4)

The low-pass filter removes the 2𝜔 frequency components, leaving the I quadrature component,
𝑉𝐼

2
.

Similarly the phase shifted 𝑉𝐿𝑂(−𝑠𝑖𝑛𝜔𝑡) gives the Q component:

(𝑉𝐼 cos 𝜔𝑡 · (− sin 𝜔𝑡)) + (−𝑉𝑄 sin 𝜔𝑡 · (− sin 𝜔𝑡)) = 𝑉𝐼

2

sin(2𝜔𝑡) + (
𝑉𝑄

2

−
𝑉𝑄

2

cos 2𝜔𝑡) (2.5)
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Figure 2.6: Reflectometry circuit representation. The signal is sent via the transmission line having characteristic impedance 𝑍0,

the bias tee is used to set the DC bias across the reservoirs, and finally, the LC cavity is used to match the circuit impedance

𝑍𝑙𝑜𝑎𝑑 = 𝑍𝑆 + 𝑗𝜔𝐿𝐶 + 1

𝑗𝜔𝐶𝑃
at the frequency of the signal.

The resulting 𝑉𝐼/2 and 𝑉𝑄/2 from the low-pass filter are essentially instantaneous voltages and thus

significantly prone to the noise from the preceding stages. Averaging these instantaneous outputs greatly

reduces the effect of the prevalent white and 1/ 𝑓 noise and increases the signal-to-noise ratio (SNR) [58],

[59].

𝐼 =
1

𝑇

∫ 𝑡0+𝑇

𝑡0

𝑉𝐼

2

𝑑𝑡

𝑄 =
1

𝑇

∫ 𝑡0+𝑇

𝑡0

𝑉𝑄

2

𝑑𝑡

(2.6)

2.1.4. Measuring spin of charges

The spin of charge particles couples very weakly to the environment [47] [60]. This coupling, characterised

by the magnetic dipole moment 𝜇𝐵 of the charge, is very small, which makes it hard to measure the spin

even with extremely large magnetic fields (𝐸 = 𝝁 · B). This small coupling, however, also makes the spins

more immune to noise from their environment, thus making promising qubits.

To sense spins, they are converted to charges via spin-to-charge conversion. This is achieved through the

spin-selective transport of charges across a (2N,0) - (2N-1,1) transition as seen in Fig. 2.7. Pauli exclusion

principle forbids the occupation of the same spin states of charges in one dot. This is utilised to find the

spin state of the charges in the two dots by pulsing the dots across the transition from (2N-1,1) to (2N,0).

If the singular charge, which is to be transported, has the same spin as the last charge present in the other

dot, it is blocked. This shows up as an extending trapezoid in the (2N,0) region [61].

By encoding the spin state configurations as qubit basis states, they can be effectively read by Pauli spin

blockade [59], [61].
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Figure 2.7: The spin state of charge in one dot is measured with the help of the spin in another dot, which is usually known. When

the spin to be measured is the same as the known spin in the ’helper’ dot, the Pauli exclusion principle prevents the charge from

moving into the helper dot, even if it is energetically favourable, as shown in (b). This results in a blockade in the sensor response,

which emerges as an extended trapezoid across the intended transition in the charge stability diagram. Conversely, when the spin

states are different, as in (a), the charge can transition to the helper dot, and the sensor response corresponds to the new

configuration.

2.2. Electronics for measurements

The manipulation and readout of quantum devices requires the use of classical electronic controllers to

synthesise a large number of control and measurement signals. Historically, expensive general-purpose

equipment involving complex setups of oscillators, Arbitrary Waveform Generators (AWGs), mixers

and multiplexers in early setups in academic and commercial research labs. Fig. 2.8 (a) shows such a

representative setup. The microwave RF pulse is generated by upconverting an envelope signal from an

AWG Digital to Analog Converter (DAC) with a Local Oscillator (LO). This is then attenuated before

getting reflected back by the matching circuit discussed earlier. The reflected signal power is directed to

the reflection line, where it is amplified, downconverted and filtered before being sampled by an Analog

to Digital Converter (DAC).

With the fidelity of state-of-the-art quantum processors increasing over the years, increasingly accurate

electrical signal control is required so that the control signals do not become a bottleneck. Hence,

tailor-made room-temperature controllers have been introduced by conventional electronic lab equipment

makers, such as Keysight [62] and Zurich Instruments [63], and by dedicated quantum control electronic

start-ups, including Quantum Machines [64] and QBlox [65]. The tailor-made controllers comprise

FPGA-controlled DAC signal generators for the IF envelopes, which are upconverted using analog RF

sources. These setups are still proprietary and expensive, making them unfeasible for small academic

labs and startups.

2.2.1. RFSoC and QICK

DACs capable of synthesising RF signals directly have enabled FPGA manufacturers to integrate them

along with fast sampling ADCs, FPGA logic and a microprocessor in the same package [66]. These

affordable boards have been utilised by several academic laboratories as homemade quantum controllers

[33], [34], [67], [68].

As shown in Fig. 2.8 (b), the SoC replaces the separate DAC, ADC, mixers, filter and the LO. Further, the

calibration that needs to be done for these separate general-purpose instruments is significantly reduced
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Figure 2.8: The reflectometry setup from Fig. 2.6 is updated with the electronics of the reflectometry chain. (a) shows the typical

reflectometry setup with general-purpose instruments used in experiments. (b) shows the Radio Frequency System on Chip board,

which replaces many of the general-purpose instruments used for reflectometry purposes.

by implementing them on a single board. The RFSoC 4x2 board from RealDigital [69] is shown in Fig. 2.9

with the RFSoC, DACs, ADCs, and the clocking chips (with the LOs) called out. Use of this board for RF

reflectometry can be examined through the study of the QICK controller from [34], which is the only

controller supporting this board from the controllers discussed before. The high-level schematic of the

QICK design is shown in Fig. 2.10.

To send RF pulses, parameters are sent from the processing system (Zynq, which receives them from the

host) to the signal generator blocks (QICK design). This block computes the I and Q components of the

waveform, mixes them with the upconversion tone and passes the outputs to the DAC, which generates

the excitation on the reflectometry input port of the setup.

The readout block does the readout of the reflected signal. Once the ADC samples the signal, it is digitally

downconverted and filtered, saving the IQ quadratures for each time sample. The buffers (not shown in

the schematic) save and average these to minimise the noise. The saved IQ values for a readout pulse are

transmitted to the timed processor (tProc) and the host. All the timings to synchronise the waveforms

are handled by the tProc.

While the DACs and ADCs are already implemented as blocks on the RFSoC, the tProc, signal generator,

and readout blocks are custom designs. They are implemented as IP blocks and then used in the QICK

block design (see Fig. A.1 for complete design). The block design is implemented on the FPGA resources

available on the RFSoC (Table 2.1).

FPGA or Field Programmable Gate Arrays consist of arrays of configurable logic blocks (CLBs) or Slices,

which are interconnected by programmable routing networks. Each slice in the Ultrascale+ RFSoC

family of FPGAs has eight Lookup Table (LUT) and 16 Flip-Flop (FF) resources. The LUTs and Digital

Signal Processing blocks (present separately from CLBs) are the computation resources, whereas FFs and

Random Access Memory (RAM) blocks are the memory resources of the FPGA.

Combinations of these compute and memory resources, interconnected by routes, implement the
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functionality of blocks - tProcessor, signal generators and readout. Hence, the total resources available

on an FPGA affect the performance of the design. Designs utilising most resources can experience

congestion in their processing pipelines due to the routing of a large number of slices, which creates long

datapaths in the interconnects and results in signal delays and reduced timing margins. This effectively

reduces the maximum achievable clock frequency and the throughput of the design.

Ensuring that resource utilisation remains within reasonable bounds, so clock frequency does not degrade

in the design, will be a key constraint in the subsequent design work presented in the next chapter.

9.85 GSPS - DACs

5 GSPS - ADCs

ZYNQ Ultrascale+ RFSoC 
(XCZU48DR-FFVG-1517-2-E)

ETHERNET

CLOCKS  and clock
programming ports

Figure 2.9: RFSoC 4x2 board with AMD/Xilinx XCZU48DR RFSoC (mounted

under the fan assembly), 2 RF-DACs and 4 RF-ADCs mounted to output ports via

decoupling capacitors and microwave baluns (underneath RF shields for

isolation), ethernet port for host connectivity and programmable clocks

Resource Availability
BRAM 2160

FF 850560

LUT 425280

DSP 4272

Table 2.1: Programmable logic resources

available on the XCZU48DR. BRAM – Block

RAM; FF – Flip-flops; LUT – Look-up table;

DSP – Digital Signal Processing block.

Figure 2.10: The firmware schematic representation of the QICK from [34], which shows the custom tProcessor (tProc), the Signal

Generators (SG) and Readout blocks implemented on the FPGA logic. ADCs and DACs are Xilinx/AMD IPs. IOs are part of the

SoC. The Zynq processor is responsible for communication between the controller on the logic and the host computer controlling

the experiments.



3
Co-design of Neural Networks for fast

readout

This chapter presents the co-design of compact neural networks with RFSoC hardware for fast single-shot

readout of spin qubits. Simulated noisy data is used to generate labelled readout signal trajectories,

which train and test a feed-forward fully connected neural network. With training and testing on the

simulated signals, co-design is done with the constraints of FPGA resource availability and fixed-point

representation in hardware. A resource-light and classification-accurate hardware design, which will be

put in the quantum controller ‘QICK’, is obtained.

3.1. Neural Networks

Neural networks are machine learning models loosely inspired by how the human brain works. Nodes

in a neural network are analogous to neurons in the brain. They learn about patterns in data via training

and are then used for processing data in intended applications. They are often used in tasks which

require classification, recognition, forecasting, etc.

There are numerous architectures for neural networks: feedforward neural networks (FNNs), convo-

lutional neural networks (CNNs), recurrent neural networks (RNNs) and residual neural networks

(ResNets), amongst many more [70]. The choice of an architecture depends upon the input types, output

requirements, application and the resource availability for deployment of the application [71].

The classification we are concerned with in this work is of 1-dimensional time series data. This motivates

us to work with feed-forward neural networks for their simplicity. Other networks, such as RNNs, which

are designed to work with serial data [72], could be investigated in the future for implementation.

Fig. 3.1 depicts a simple feedforward neural network, also called a multilayer perceptron (MLP). It has an

input layer comprising five nodes, two hidden layers with three nodes each and an output layer of two

nodes. All the nodes from one layer are connected to all the nodes in the subsequent layer. This is an

example of a fully connected feedforward network. It is called feedforward because during application

or inference, when the network processes data, information flows only in one direction (forward).

Neural networks first have to be trained to make the required predictions. Labelled data, corresponding

to the data that needs to be eventually classified, is fed to the network during training with initial

random weights and biases. Neural networks process inputs by performing multiplication by weights

and addition of bias for each neuron, followed by computing the result using an activation function.

These activation functions are required to introduce a non-linearity in the overall network output. Two

examples of such functions: Rectified Linear Unit (ReLU) and Softmax are shown in Fig. Training is

typically done by defining a loss function, and its value is found for each classification performed on

the training dataset. Then the network is traversed in reverse (back propagated) to adjust the weights

and biases to minimise the loss (gradient of loss w.r.t. each weight and bias is checked, called gradient

descent). Once training is complete, we have a trained neural network which can classify data accordingly.

12
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Figure 3.1: Schematic of a simple feedforward neural network (FNN). In forward propagation, each node multiplies the input

values by the corresponding node weights, adds a bias and gives the corresponding value of an activation function as its output.

During back propagation, the weights and biases are updated using gradient descent to reduce the loss incrementally.
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Figure 3.2: Activation function examples in Neural Networks. A ReLU and Softmax activation function outputs are shown with

their expressions.

As discussed in 2.1.4, RF reflectometry is used to measure the state of a spin qubit. The microwave

signal data corresponding to the qubit states is thereby used as the input for the neural network classifier.

To design and test neural networks, a readout simulator for spin qubits was developed to study qubit

dynamics and noise, which has been used to train a simple FNN discussed subsequently in the chapter.

The simulator based on continuous measurement theory is discussed in the next section.

3.2. Readout signal simulator

Projective measurements of quantum systems collapse the state to the eigenstates. Instead of collapsing

the state at once to retrieve state information, weak continuous measurements probe the system and

extract the information partially over time [73]. This allows continuous evaluation of the system dynamics
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Figure 3.3: The simulated readout signals showing single-shot time traces for the two states. The mean clusters for 5000 shots are

also shown.

of the measurement. This is especially useful for adaptive protocols, which are of interest to this work.

From [73], the stochastic master equation framework gives way to a description of the state information

current as a function of the state expectation, noise and the measurement rate and efficiency.

𝑑𝐼(𝑡) = 2

√
𝜂𝛾 ⟨𝜎𝑧⟩(𝑡) 𝑑𝑡 + 𝑑𝑊(𝑡) (3.1)

𝑑𝑊 is a Wiener increment or simply white noise increment, 𝛾 is the rate of measurement and 𝜂 the

measurement efficiency. The state of the system is encoded in the expectation value ⟨𝜎𝑧⟩. An observable

time series can then be simulated by defining the system state and the noise increments. Two instances of

time series single-shot trajectories, one for each of two system states, are shown in Fig. 3.3 along with the

clusters showing 5000 such single shots averaged over the measurement time.

In the next section, the simulated readout data is used to train and test simple neural networks and

deploy them on an FPGA.

3.3. Co-designing Neural Networks for FPGAs

FPGAs are great platforms for implementing neural networks. Architectures to process extensive data in

parallel can be easily implemented and executed on FPGAs. This is especially ideal for neural networks,

which involve multiple simultaneous matrix-multiplication-like computations. Additionally, the ability

to implement different precision arithmetic, like 8-bit, 16-bit, etc., reduces latency, resource usage and

power consumption.

In this work, we use FPGAs for implementing neural networks to reduce the latency of acquiring data

from the device and processing it in near real-time. We have discussed in Chapter 2 the benefits of

using RFSoC boards for replacing AWGs, mixers and LOs with a single system for simpler control and

measurement setup. The FPGA in the RFSoC also allows for incorporating the neural network processing

part in the same system, reducing the data transfer latency between different parts of the system. In

addition to reducing the data transfer latency, the inference step of the neural network itself is faster on

the FPGA parallel logic compared to serial CPU designs. This, however, can also be resolved by using

GPUs for this step.

We utilise an open-source Python package h1s4m1 [74] to create Verilog firmware code for neural network

models. The reasons for choosing hls4ml are two-fold. Firstly, support for hls4ml depends on its support

for HLS backends like Vivado and Vitis HLS, Intel HLS, etc., which means broad support for different

FPGA options. Second, HLS4ML was developed for processing high data rate processing involved in

collision detection in the CERN Large Hadron Collider (LHC) [75]. Tens of terabytes of data are generated

every second because of collisions occurring every 25ns. To determine if collision data needs to be saved,

deep learning is employed on an FPGA with a 100 ns latency. Low-latency implementations are highly



3.3. Co-designing Neural Networks for FPGAs 15

Activation functions:
64 node hidden layer: ReLu

2 node output layer: Softmax

Training Parameters:
Optimiser: Adam

Learning Rate: 0.0001

Loss Function: Categorical Cross-Entropy

Batch Size: 1024

Epochs: 10

Table 3.1: Model configuration for 128x64x2 FNN.

relevant to the use case of discriminating qubit states, as the lifetimes of specific features are of the order

of microseconds [22], [23], [31].

Models defined in Keras, PyTorch or ONNX can be passed to hls4ml, which first converts them to

high-level synthesis code (based on C/C++). This can be converted to FPGA firmware using any of the

supported HLS compilers - AMD/Xilinx, Intel/Altera, Catapult, etc.

3.3.1. NN model architecture

The first model we work with is a 128x64x2 FNN, which corresponds to a 128-node input layer, a 64-node

hidden layer, and a two-node output layer, the two corresponding qubit states. To speed up the readout,

fewer samples should be used to classify the state. With this objective, an arbitrary-sized input layer of

100 nodes was chosen. However, since the RFSoC ADC generates eight samples per clock, the input layer

size was changed to 128 to use all the inputs available in integer-numbered clock cycles. Similarly, the

size of the hidden layer is chosen arbitrarily in the first iteration, with updates based on feedback from

the results further in the workflow. The complete parameter set of the 128x64x2 FNN is listed in Table 3.1.

The network model is defined in Keras and trained on a 4000-shot dataset from the simulator described

earlier, with each shot being a time series output 200 samples long.

The accuracy the model achieves on the test set of the data is 93.7%. It is then synthesised into the HLS

model with the default fixed-point precision settings of hls4ml.

Figure 3.4: Visualisation of the HLS model architecture for 128x64x2 FNN. The floating point inputs, weights, biases and outputs

are all converted to fixed point precision of <16,6,TRN,WRAP,0>. The “?” in the first layer is inconsequential, as the input layer

merely defines the input dimensions that will be passed to the remaining layers.
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The fixed-point precision allows the HLS (C++) simulations to match bit accuracy, quantisation and

overflow behaviours of hardware. The HLS model architecture of the network is depicted in Fig. 3.4.

Here fixed<16,6,TRN,WRAP,0> datatype identifier corresponds to a fixed-type 16-bit variable with six

integer bits including the sign bit (and the remaining 10 bits signifying the fractional part), TRN means

truncate towards minus infinity, i.e. discards the fractional bits beyond 10 and rounds towards negative

infinity, WRAP corresponds to wrap around in case of overflow operations and the last zero is the number

of saturation bits in overflow wrap modes. The various identifier fields and options are covered in the

AMD HLS user guide [76]. The precision of each layer can thus be specified to fine-tune the fixed-point

representation of the respective parameters of the layer.

The synthesised HLS model achieves an accuracy of 93.8%, which is quite close to the Keras model. The

confusion matrices, which represent the performance of both models’ tests, are shown in Fig. 3.5. The

next step is using Vitis HLS to build the model firmware. This is wrapped in the build function of hls4ml

model object. The resource usage and latency of the firmware are estimated using the Vitis tool reports

before using the firmware files for FPGA block designs. For the 128x64x2 FNN, this resource usage is

listed in the Table. 3.2.

Figure 3.5: Confusion matrices of Keras and hls4ml synthesised model of 128x64x2 FNN. While the accuracies are above 93.5% for

both tests, the excessive resource usage evident in Table 3.2 makes this model highly unfeasible.

Finer precision of the weights in the hidden layer leads to overutilisation of the DSP resources. To reduce

the DSP resources used, we check if using a smaller network leads to a significant drop in accuracy. The

hidden layer size is halved to 32, resulting in a 128x32x2 FNN, which is then trained and tested on the

same dataset. The achieved accuracy is 93.3%, and the resource usage is listed in the Table. 3.3.

Name BRAM DSP FF LUT
DSP - - - -

Expression - - 0 4

FIFO - - - -

Instance 2 5162 585762 237427

Memory - - - -

Multiplexer - - - 36

Register - - 4163 -

Total 2 5162 589925 237467

Available 2160 4272 850560 425280

Util (%) ∼0 120 69 55

Table 3.2: Resource Utilization: 128x64x2 FNN

Name BRAM DSP FF LUT
DSP - - - -

Expression - - 0 4

FIFO - - - -

Instance 2 2688 306770 121560

Memory - - - -

Multiplexer - - - 36

Register - - 3139 -

Total 2 2688 309909 121600

Available 2160 4272 850560 425280

Util (%) ∼0 62 36 28

Table 3.3: Resource Utilization: 128x32x2 FNN

Further, a 128x16x2 network is also tested and reports an accuracy of 92.7%. However, as seen in Fig. 3.6,

the network mislabels state one significantly more than state zero. Thus, a 128x32x2 FNN is chosen for
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testing and as the subsequent baseline model.

Figure 3.6: Confusion matrices of the Keras model for 128x16x2 FNN. State 1 is mislabeled as State 0 almost twice as much as State

0 being mislabeled as State 1. Due to this skewedness, this model is not used.

With the estimated resource utilisation within the limits of the available resources, we now explore

different approaches to further reducing utilisation without letting accuracy drop drastically. Using fewer

resources typically leads to faster placement and routing times, hence meeting the timing constraints and

allowing for fast clock rate designs. For a neural network design, there are three methods which can be

employed in different combinations to reduce the resource usage. The methods and their impact on the

design are listed next.

1. compression, via pruning less important parameters (typically weights or sometimes entire neurons),

which have minimal effect on the output, can be removed. This is useful for reducing the size of large

networks, but for smaller networks, it does not significantly affect the size without compromising

accuracy.

2. quantisation, by reducing the precision of the weights and biases in the network design, a significant

reduction in resource usage can be achieved. This can be done to quite some extent without

incurring a massive drop in accuracy [77].

3. parallelisation, low latency and high throughput are achieved by fully parallelising the multiplication

and processing required in the layers’ neurons. By reusing multiplication resources in a layer and

pipelining the computations, the resources used for multiplication can be reduced at the cost of

additional latency.

For the chosen 128x32x2 network, we did not find any improvement in the utilised resource reduction

when applying pruning. This was predicted since it is an effective technique for compressing large

networks and does not show improvements for small networks. We employ method two by quantising

the Keras model with an extension for Quantisation Aware Training (QAT) of models - QKeras. This

will be discussed in the following subsection. Reusing multiplication resources is not pursued in favour

of generating a low-latency design. The results of method two also lead to a significant reduction in

multiplication resources, eliminating the need to reuse them.

3.3.2. Quantisation of NN model

Resource utilisation by the neural network scales quadratically with the operation precisions [36].

Reducing the precision leads to performance degradation, which is addressed by employing QAT, which

constrains the neural networks to operate within the precision limits. To design a quantised version of

the previous FNN, the model is defined in QKeras with QDense and QActivation layers. QDense layer

has quantised weights and biases, while the QActivation layer quantises the ReLu activation. QKeras

currently has no quantised version of the Softmax function. The selected NN is then quantised with 6-bit
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weights and biases as well as a 6-bit ReLu function. The network is trained on the same dataset with

identical parameters as listed in Table 3.1.

When configuring the HLS model of the network with the QKeras frontend, hls4ml requires the fixed-

point precisions to be specified at each layer. This is in contrast with the Keras configuration, where this

is not required and the precision can be left at the model level.

Figure 3.7: HLS model architecture of 128x32x2 QKeras model

Fig. 3.7 shows the layerwise precisions of the HLS architecture for the QKeras model.

1. The input layer in the FPGA block will receive the values from the RFSoC ADC, which has 14-bit

resolution. However, the AXI Stream interface for the transfer of this data has a width of 16 bits.

Thus, the input layer’s precision is set to ap_fixed<16,6> to match the AXI Stream width. The

integer part is chosen to accommodate the maximum absolute values in the dataset.

2. The Dense (QDense) layer involves multiplication of the inputs with the weights, followed by

their accumulation and then addition of the bias at all the nodes. To accommodate the outputs

of the dense layer, we find the maximum output of the above computation for ap_fixed<16,6>

inputs multiplied by ap_fixed<6,1> and accumulated for 128 multiplications at each node. The

ap_fixed<6,1> bias is added further. Thus, the integer part of the output is well represented by

5+7+1 (integer part of input + exponent of the multiplication by 128 + signed bit), i.e. 13 bits. The

output of the Dense layer is then ap_fixed<23,13> by keeping the fractional bits the same.

3. The Activation layer, which follows, ReLu, maintains the same precision as specified in the training,

ufixed<6,0>. The ReLu layer has the unsigned bit precision due to the ReLu function itself being

non-negative. It should be noted that this is not a leaky ReLu layer, which can have negative

outputs.

4. The precision of the next layer outputs, the Output layer, can similarly be found as the Dense layer.

With zero integer bits in the input and 32 inputs multiplied by 6-bit signed fractional weights, the

output layer can be resolved with ap_fixed<13,7> precision. An additional integer bit is added

to account for the addition of the bias. This was not done in the previous layer because the

representation of 14-bit ADC inputs with 16-bit representation already had additional bits.

5. Finally, the precision of the Softmax layer is set to ufixed<16,0> to match the outgoing AXI Stream

and the range of the Softmax function, i.e. [0,1].

The HLS model achieves an accuracy of 93.2% on the dataset, which is quite close to the 93.3% accuracy

of the Keras model with the same architecture. This model is now synthesised with Vitis HLS to generate

the firmware files, which will be used for implementing the readout accelerator block in the next Chapter.

The estimated resource usage of this block is listed in Table 3.4. Furthermore, Vitis HLS also provides
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latency estimates for the block when the targeted clock period provided is 1.8 ns, the clock period of the

QICK readout blocks. These are listed in Table 3.5.

Table 3.4: Resource Utilization Estimates for Quantised 128x32x2 FNN

Name BRAM DSP FF LUT
DSP - - - -

Expression - - 0 4

FIFO - - - -

Instance 2 2 102028 114198

Memory - - - -

Multiplexer - - - 36

Register - - 2847 -

Total 2 2 104875 114238

Available 2160 4272 850560 425280

Util (%) ∼0 ∼0 12 26

Timing
Clock Target Estimated Uncertainty
ap_clk 1.80 ns 1.311 ns 0.49 ns

Latency
min max

Latency (cycles) 32 32

Latency (absolute) 57.600 ns 57.600 ns

Table 3.5: Timing and Latency Estimates for Quantised 128x32x2 FNN

3.4. Workflow developed

This chapter describes the workflow developed to co-design an NN model for implementation on

the RFSoC. This workflow can be summarised in Fig. 3.8. The final model built from the Vitis HLS

implementation outputs both Verilog and VHDL firmware files, which will be utilised in the next chapter

to create the custom readout accelerator IP, which will be subsequently integrated with the QICK design.
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Precision configurations
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Figure 3.8: Workflow for co-designing a NN for FPGA implementation. Co-designing involves setting the precision of NN

parameters constrained to the hardware limits and compressing the network to occupy as few FPGA resources while maintaining

sufficient accuracy.



4
Readout Accelerator

In Chapter 3, the firmware files for a 128x32x2 quantised FNN were generated by co-designing it with

HLS4ML. This chapter focuses on the design and simulation of a readout accelerator block built around

the FNN and its integration with the rest of the QICK firmware. Drivers for accommodating the block in

the controller software libraries are added.

4.1. Design of NN-accelerated readout block

The firmware files generated using hls4ml in the previous chapter cannot be directly plugged into the

QICK design. First, an RTL wrapper for the FNN module is created to bridge module signals to the

AXI Stream signals. The FNN input size is 128 samples, while the ADC streams eight samples every

clock cycle. Initially, a simple shift register-based serial-to-parallel converter is implemented to save

eight samples for 16 clock cycles and subsequently stream the 128 samples to the FNN block. This was

replaced in the later designs with the AXI4-Stream Data Width Converter IP from Xilinx, which is better

suited to deal with AXI Stream protocols. Slave and Master AXI Stream interface ports are connected to

the respective ports to finish the block design of the NN-accelerated Readout block. This block design

is shown in Fig. 4.1. An HDL wrapper for the block design is created to facilitate its instantiation in

simulation and export as an IP for subsequent use.
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Figure 4.1: Vivado block design of the NN accelerated readout block. An AXIS Datawidth converter is connected to the FNN RTL

wrapper. AXIS interface ports are added to facilitate generating a custom IP for use subsequently. tvalid, tready, and tdata ports for

both slave and master axis are used for compatibility with the complete block design of QICK.

4.1.1. Verilog simulation of the block

To ensure consistency and direct comparison amongst the QKeras, HLS and HDL implementations of

the neural network, the same test data is used in the behavioural simulation of the NN block generated

previously.

20
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A test bench is created, which reads the serial test data eight samples at a time from an input text file,

streams it using a 1.8 ns period clock and writes the output into another file. Fig. 4.2 shows the simulation

waveform. The timings of different events are marked. The first marker signals the start of streaming in

of a new set of samples. When 128 samples are collected, the master axis tvalid bit of the data width

converter is driven.

As expected, this latency is 16 clock cycles, i.e. 28.8 ns, as seen from the second marker. The latency of

the nn_classifier block is 86.4 - 28.8, i.e. 57.6 ns, which corresponds to 32 clock cycles. This is in agreement

with the estimated latency obtained from Vitis HLS earlier. Further, since the readout block processes

data serially, the throughput is 1/𝑙𝑎𝑡𝑒𝑛𝑐𝑦 of the block, which is 1/86.4𝐺𝑆𝑃𝑆 or 11.57 MSPS.

Since the test data contains 1000 sets of 128 samples, 16 bits each, manual validation of the outputs

from the simulation waveform is not feasible. The output file is parsed to evaluate the performance

of the classifier using a confusion matrix. Along with the confusion matrices from QKeras test and

HLS C simulation, this confusion matrix is shown in Fig. 4.3. The accuracy achieved in the behavioural

simulation is 93.3 %, almost identical to the accuracy of the preceding results. Further, the respective

class labels are also quite close. This sufficiently proves the design to function as expected on the FPGA.

After exporting the IP block, integration in the QICK block design is done.

Figure 4.2: Behavioural simulation of the NN accelerator with a custom testbench which feeds the same test data as Keras and

C/HLS tests. The latency of the classifier is 32 cycles, whereas the throughput of the complete accelerator is 11.57 outputs per

second.

Figure 4.3: Confusion matrices for QKeras, hls4ml model, and the behavioural simulation in Vivado for the FNN 128x32x2 Neural

Network design.

4.2. Integration of NN-accelerator in QICK

The separate design and integration of the IP follows the loosely coupled model for hardware accelerators

[78]. This approach allows additions to the complete design of QICK without needing to co-design the

processor and other cores every time a new type of accelerator block is added or updated.
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4.2.1. Design changes required

The requirements for the integration and usage of the accelerator IP design in this thesis are listed below:

1. Raw ADC data must be accessible to the demodulation-based readout block (axis_readout_v2) and

be saved directly for training and testing purposes.

2. Demodulated I and Q components from the axis_readout_v2 block should be available at the

accelerator IP.

3. Output of the IP should be available at the timed processor as well for implementation of feedback-

based protocols.

Based on the above requirements, a conceptual schematic is presented in Fig. 4.4. These changes have

thus been incorporated into the block design of QICK with the adjustments required to account for the

data bandwidths of the block input and outputs. The complete block design is shown in Fig. 4.5.
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Figure 4.4: Schematic showing the proposed design modifications to incorporate the NN IP. ADC data is broadcast to the

demodulation-based readout block, and a large DDR memory for training purposes. The demodulated outputs from the readout

block are fed to the NN-IP.
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Figure 4.5: Block design of the modified QICK with the respective blocks from Fig. 4.4 highlighted in corresponding colours along

with their related datapaths
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4.2.2. Latency comparisons

The latency of the complete design in feedback mode can be calculated from the inference time of the

accelerator found before and the specifications of the other block from the QICK [34]. The complete path

in feedback starts from the readout pulse output from the DAC through a coax cable in loopback mode

to the ADC input, where it is demodulated and fed to the readout blocks (the accelerator), from where

it is accessed by the timed processor for the feedback conditional pulse firing. The DAC to ADC path

latency is 117 ns. This is followed by the latency of the accelerator block, 86.4 ns and the processor’s

conditional evaluation and instruction, 42 ns. This gives a total latency of 245.4 ns.

This latency is comparable to that advertised by commercial quantum controllers from Quantum

Machines, OPX+ with 220ns [64] and Qblox with under 400 ns.

4.2.3. FPGA resources utilised

The resource utilisation of the implemented design is shown in Fig. 4.6. When compared to the estimate

obtained from Vitis HLS in 3.4, the actual resource usage is less. This is so because of Vitis’ estimation

being pessimistic and the resource utilisation itself being optimised in the Vivado implementation

process.

Figure 4.6: Resource utilisation of the complete design on the XCZU48DR-FFVG-1517 FPGA of the RFSoC 4x2. LUT and DSP are

the Lookup Tables and Digital Signal Processing units - the computational resources, whereas FF and BRAM are FlipFlops and

Block RAMs - the memory resources.

4.2.4. Software Layer changes

To accommodate the change in the QICK design, the software libraries of the controller have to be

modified. The necessary modifications are listed below:

• The accelerator IP runs continuously, processing data according to the availability of input signals.

However, the outputs are saved only when the buffers depicted in Fig. 4.4 are triggered from the

tProcessor. The buffer required to be triggered in an experiment is identified by its preceding block.

Thus, for the buffer to be usable, the accelerator itself should be identifiable. Hence, the accelerator

IP is added to the readout drivers for PYNQ.

• Previously, the DDR buffer was used to store long traces of the demodulated and decimated I and

Q components. In this design, however, it is used to store long-time traces of the raw ADC data. Its

corresponding driver is updated accordingly. For instance, instead of 512 samples consisting of 256

IQ pairs, 512 samples of 8 raw 16-bit ADC values are processed.

The changes listed above make it possible to use the readout accelerator block to work with the default

environment of the QICK controller - the Jupyter notebook or a Pyro instance of the QICK SoC.



5
Experiments and Results

The NN-accelerated QICK system on the RFSoC 4x2 board has been integrated into the instrument stack

for spin qubit experiments. The board’s capabilities for performing RF reflectometry measurements,

ranging from tuning the sensor dots to acquiring double-dot charge stability diagrams, are demonstrated.

Further, readout signal classification is performed, and long-time-trace data is acquired for neural network

training of the readout signals and also readout noise analysis.

5.1. Experimental Setup

Fig. 5.1 illustrates the path of DC and RF signals used in spin qubit experiments along with the electrical

components and instruments. The spin qubit device is bonded to an in-house Printed Circuit Board

(PCB), 17-022, which has 96 DC and 32 high-frequency (HF) lines, sufficient for the device currently tested

(see Fig. 5.5 (a) for the PCB). An Oxford Instruments ProteoxMX dilution refrigerator is used for cooling

the PCB with the device to operating temperature regimes (where 𝑘𝐵𝑇 (thermal excitation energy) ≪ 𝐸𝐶

(the charging energy for quantum dot levels)). It has four plates for thermalising before the final mixing

chamber plate, which thermalises to 10mK, is reached (remaining plates are listed in Fig. 5.1).

There are 96 unattenuated DC lines for biasing purposes. These are sufficient for all the DC lines on the

PCB. QDAC II and in-house build DAC modules (D5As) are used for bias and are connected to the DC

loom via in-house Matrix modules.

There are 28 HF lines, out of which 22 are for control pulses, four are reflectrometry in/out, and

the remaining two are used for pulsing cryogenic parametric amplifiers or for biasing gates, as the

amplifiers in our setup do not require pulsing. Cryogenic amplifiers amplify the reflected signals on the

reflectrometry output lines. In the current setup, one of the reflectometry input lines is further attenuated

before being connected to the RFSoC DAC port. One of the output lines is amplified by two amplifiers,

a cryo-amplifier from Cosmic Microwave and a room-temperature amplifier, before being connected

to the RFSoC ADC coupled port. A few HF lines are connected to the OPX+ for pulsing experiments

(not performed in this work) and for benchmarking the suitability of RFSoC 4x2 as a replacement for the

OPX+’s readout functionality. The attenuation and amplification of all the lines are shown in Figure 5.1.

All the room temperature electronics are controlled via either SPI (Serial Parallel Interface) through the

in-house SPI rack or the QCoDeS station on the host. We developed the driver for the QICK (i.e. QICK

hosted on RFSOC 4x2) to be plugged as a QCoDeS instrument on the station.

5.2. Experiments

For the experiments performed in this work, the QICK was only used for reflectometry purposes and

was not used to drive other gates, like barriers or plungers, because of the hardware restrictions of the

RFSoC 4x2 board. It has only two DAC outputs, one of which is being used for reflectometry. Further,

the differential outputs of the DACs are already converted to single-ended by a balun on chip, thus not

allowing the board to apply a fast DC offset on the HF lines. A more advanced board, AMD Zynq RFSoC

24
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Figure 5.1: Experimental setup for measuring spin qubits with the RFSoC systems. The uncanned Oxford Instruments ProteoxMX

cryostat is shown to the left with its different thermalising states marked in the schematic to the right. QDAC-II and D5A modules

are connected to the matrix modules, which in turn connect to the fridge’s DC lines. The RFSoC and QICK are directly connected

via coaxial cables to the HF lines. The attenuators and amplifiers in between the HF lines are shown. Apart from their room

temperature counterparts, they are thermalised by anchoring them to the different plates of the cryostat. The schematic is adapted

in part from [48]

ZCU216 [79], exists in the lab and will be utilised for further experiments, but was not used for the

proof-of-principle readout implementations in this thesis.

QDAC-II was used to sweep the gates, triggering QICK to run the measurement programs and perform

readout. The QDAC-II, however, has a low slew rate, thus limiting the experiments that can be done. This

is because a slow slew rate means slower ramp speeds, which leads to slow ramping between different

operating voltage regions. This slow ramping could lead to a particular state collapsing or decohering

before it can be measured or further manipulated. For instance, with this combination of instruments,

observing Pauli Spin Blockade, which requires fast pulsing across the (2N-1, 1)-(2N,0) transition, is not

feasible.

Therefore, experiments that set the stage for qubit readout but can be performed at these slower ramp

rates were chosen - spectrometry of the resonators used for reflectometry, tuning of the sensor dot for

subsequent readouts, and obtaining the charge-stability diagrams. done before data was acquired for

training and testing the NN-accelerated readout scheme. Since new blocks have been added to the QICK

design and the firmware rebuilt, its functionality is validated first.
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5.2.1. Testing QICK on the RFSoC 4x2

After the connection to the RFSoC board is established, loopback tests are done by connecting the

RFSoC DAC to the ADC, as seen in Fig. 5.2 (a). A simple test is conducted to check the modulation,

demodulation, and saving of a square enveloped pulse. Fig. 5.3 (a) is the acquired waveform for one

program run and shows the time-series demodulated IQ components for a 100 ns wide pulse with 200 ns

of ADC data saved. Running the program 100 times and averaging in software (Fig. 5.3 (b)) demonstrates

consistency in the timings and improves the signal by reducing the noise.

(a) (b)

(c)

Figure 5.2: The RFSoC 4x2 board setup. (a) shows the loopback connection for validating the signal generation and acquisition. (c)

shows the same DAC and ADC connected to the cryostat cabling via the breakout panel in (b)
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Figure 5.3: (a) shows a loopback test to check the pulse shape and the amplitude. 100 program results are averaged in software (b)

to show consistency and reduction in noise.

Averaging in software, however, is slow because the complete program has to be compiled every time

on the host and uploaded to the board. This can be improved by compiling the program once and

then running a hardware loop to repeat the same compiled program using the timed processor. These

repetitions are shown in Fig. 5.4 with timings and amplitudes being consistent across runs.

With the firmware functioning as expected, the same board ports (Fig. 5.2 (c)) are connected to the fridge

reflectometry lines (Fig. 5.2 (b)). The DAC output is first attenuated by 40 dB to reduce the quantisation

noise which arises at lower amplitudes required for the readout pulses. The output line from the fridge

is first fed into a room temperature amplifier before feeding in the QICK ADC.

The first set of experiments aims to determine the frequencies for the reflectometry readout. This also

helps find and tune the optimal settings for the amplifiers.
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Figure 5.4: Using the timed processor of the QICK to run loops of the acquisition in hardware speeds up the runtime, as the

program needs to be compiled and uploaded to the processor only once. (a)-(d) shows the consistency in repetitions while (e)

shows the average

5.2.2. Reflectometry characterisation

First, a spectroscopy check is done to identify the resonances of the off-chip inductors, which form the

tank circuit and are responsible for frequency selection in the measurements. As we sweep the frequency,

as shown in Fig. 5.5 (b), the four resonances observed correspond to the four resonators bonded to an

equal number of sensors of the device (5.5 (a)). This also validates the RFSoC’s functionality to sweep

pulse frequencies.

From the previous runs, it is known that the smallest frequency around 80 MHz corresponds to the

northern sensor NS of the device; it can also be found by doing some preliminary experiments. Zooming

in, Fig. 5.5 (b), shows the resonance to be at 80.72 MHz. In the following experiments, this value is used

as the frequency parameter in the pulse configurations.

(a) 17-022 PCB

Figure 5.5: Resonator spectroscopy to find the resonances of the four off-chip resonators. (a) shows the four resonators, circled in

orange, bonded to the 17-022 PCB (The device and resonators bonded are different from the rest of the experiments; this image is

meant to show the PCB and the resonator bonding positions). Resonance peaks corresponding to the actual resonators are shown

in (b) with a zoom in (c) on the resonator of interest (bonded to the north sensor ohmic gate)
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5.2.3. Tuning the sensor dot using RFSoC

The tuning process begins by verifying the turn-ons and cut-offs of all gates to identify the voltage ranges

of interest and ensure the device sustained no damage during the glueing, bonding, and cooling-down

in the cryostat. Leakages between the gates and to the ground are also checked. These checks are usually

done with current measurements. With these steps complete, we begin tuning the sensor, specifically the

north sensor. The gates of interest to this work are depicted in Fig. 5.6 with the greyed out region acting

as a reservoir for the two dots of interest.

Figure 5.6: The gates of the device used in the experiments are shown. Due to space limitations in connecting the HF lines to the

PCB attached inside the fridge puck, only 10 of them could be used. Except for the gates used in the experiments of this thesis, the

rest are used as the reservoirs.

By fixing the voltage of the sensor plunger gate (NP) to be sufficiently high in magnitude (within voltage

limits before it starts leaking) to trap enough charges underneath, the barriers of the sensor - NBL and

NBR are swept. Fig. 5.7 (a) thus shows oscillations corresponding to Coulomb blockades. These are so

because changing the barrier potentials would also periodically align the fixed plunger/dot potential

in between the barrier potentials, allowing charge transitions across the dot. A NBL-NBR voltage pair

on one such oscillation peak, where the reflectometry response amplitude is high, is chosen, and the

sensor plunger is swept to check for Coulomb oscillations. As seen in Fig. 5.7 (b), this is indeed a good

configuration for the sensor dot. We have now demonstrated that the Coulomb peaks of the sensor

dot can be detected with good sensitivity and sharpness; this is essential as these peaks are used for

the readout of the qubit states. Next, we will demonstrate that we can use the tuned sensor to tune the

charge state of the holes trapped in the double quantum dot.

(a) (b)

Figure 5.7: The sensor dot is tuned to Coulomb oscillations. (a) shows the reflectometry response when the sensor barriers, NBL

and NBR, are swept. The voltage values at the red marker are used when sweeping the sensor plunger NP in (b), which shows

good Coulomb oscillations. A voltage value at which the slope of the response in (b) is high is chosen for the plunger NP for best

sensitivity.

After sensor tuning, charge stability sweeps for the double-dots formed by plungers P2 and P6 are done.



5.3. Testing NN using experimental data 29

5.2.4. Double dot Charge Stability Diagrams (CSD) using RFSoC

The charge stability diagrams are obtained by sweeping the plungers P2 and P6 via the QDAC-II virtual

sweep functionality. An outer slower loop sweeps P6 while a fast inner loop sweeps P2. The data from

QICK is collected one fast loop at a time due to timing mismatches between the data acquisition and

sweep triggers. Fig. 5.8 shows the acquired double dot charge stability diagrams.
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Figure 5.8: P2-P6 Charge Stability Diagrams. (a) shows the gates P2 and P6, which are swept. Maps at two sensor plunger settings

in (b) are shown in (c) and (d). As is evident, NP = -0.90225 V gives much better visibility of the transitions. A zoom in on the

parameter space of interest is shown in (e).

5.3. Testing NN using experimental data

The QDAC-II and RFSoC setup’s inability to pulse the gates fast enough to observe PSB has been discussed

before. Additionally, the use of other equipment, like the high-frequency commercial FPGA-based

instrument OPX1000 from Quantum Machines, for achieving PSB-enabled readout, was still being

developed concurrently during this work. Thus, to train, test, and evaluate this work, we decided to

concentrate on the sensor dot and its peaks. In essence, PSB and hence the qubit state measurement

is the differentiation of the sensor peak signal, i.e. the reflectometry measurements of the sensor peak

height. This is a proxy for the qubit measurements; a full cycle would include initialisation of the qubit,

spin manipulations, and spin-to-charge conversion, followed by measuring this sensor signal across the

transition. While it lacks the physical correlations which arise from the qubit, the classification of the

sensor peak levels provides a proxy two-level system to test this work.

Thus, we gather 1000 shots of long-time-traced (10 us) raw ADC and demodulated IQ data at two settings

of the sensor, maximising its contrast (in Fig. 5.9 (a)). Each shot comprises 24576 samples of the raw

and I/Q components. Integrated traces of single shots for two states are shown in Fig. 5.9 (b). To then

validate the separation of the IQ clusters for the two states, the integrated outputs for all shots are shown

in Fig. 5.9 (c) for three different integration times.

Fig. 5.9 (c) also shows the accuracy of threshold-based classification of the integrated datasets. The

thresholding is done simply by finding the equidistant normal from the means of the two clusters and

using it as the threshold value for subsequent measurements. This is a standard single-shot readout

characterisation, which needs to be done often to account for the drift of the sensor over longer times.

The maximum accuracy is achieved for the longest integration times of 10 us due to averaging noise and

better clustering.

With the acquired data, the workflow depicted in Fig. 3.8 is followed to regenerate all the neural network

test results. Using the instantaneous outputs, however, leads to an accuracy of < 50% as seen in Fig. 5.10

(a) for the initial 128 samples of I components. Further tests showed that sliding this constant window or



5.3. Testing NN using experimental data 30

(c)

(a) (b)

Figure 5.9: Data for training and testing the neural network is acquired. (a) shows the two sensor settings used to acquire 1000

shots of 10 us long time-traces. The sensor is randomly set at one of the values at each of 1000 runs to simulate the output when

PSB measurements are done. Complete integrated time traces of two single shots, one for each state, are shown in (b) with the final

outputs as well as the complete instantaneous values inset. (c) shows the clusters in the IQ plane of the final integrated values of

the 1000 shots for three different integration times - 0.1 us, 1 us and 10 us (also shown inset)

using decimated longer inputs does not improve or degrade this accuracy, leading us to speculate that

the network is unable to learn from these small datasets. Larger networks are being investigated, along

with further analysis of noise, which could contribute to this behaviour.

On the other hand, using integrated data (Fig. 5.10 (b)), we were able to demonstrate that the NN

classification performance is sufficiently close to thresholding seen in Fig. 5.9 (c) when the integration

times are equal. The NN size is kept the same by decimating the data accordingly.
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Figure 5.10: Results of NN training on experimental data. (a) shows the outputs for 128 demodulated I samples without any

decimation. (b) shows the NN results for the complete sample set of 10 us data.



6
Conclusion and Outlook

6.1. Conclusions

This work focused on improving the readout of spin qubits defined in gate-defined devices on semicon-

ductor heterostructures. In this scope, RFSoC boards, which house both the readout electronics and a

programmable FPGA, are used as a single-board solution for acquiring measurement data, processing

and classification using ML-based inference.

With the techniques to read the charges and spins reviewed in Chapter 2, we find the RFSoC 4x2 board,

with the custom QICK controller employed on the FPGA logic, is sufficient to perform reflectometry

measurements of the relevant devices. This has been demonstrated experimentally in Chapter 5 with a

spin qubit gate-defined semiconductor device for the first time to our knowledge. HRL has released an

extension of QICK, spinQICK, for similar spin qubit devices, towards the end of this thesis [80].

Classification of states with fewer measurement samples is shown in Chapter 3 by the use of light FNN

models to classify simulated qubit signals. A workflow has been devised and utilised to synthesise a

hardware design that maintains classification accuracy while being resource-efficient.

Chapter 4 showcases the development of a readout accelerator IP, its validation on the simulated qubit

state data and the subsequent integration in the QICK controller design. This gives, to our knowledge, the

first ML-accelerated readout controller for gate-defined semiconductor spin qubit devices. This controller

design is implemented on the RFSoC 4x2. It has been utilised in the experiments of Chapter 5, including

acquiring data for training and testing of the neural network on experimental data, and improving the

simulator with noise analysis from the gathered data. Training and testing on the experimental data

have shown the effectiveness of the network for the classification of the integrated signal components

with accuracy comparable to thresholding techniques.

6.2. Outlook

RFSoC systems provide a wonderful testbed for experimenting with different protocols involving fast

acquisition and processing of measurement data. Amongst the numerous possibilities, a few planned

further works are listed:

• New architecture of readout block. New accelerator block, which collects and integrates the readout

signal before classification is required based on the results of the Sec. 5.3.

• Dynamic weight loading. The gate-defined semiconductor qubit devices currently suffer from drift in

the operating voltages. This requires retraining the neural network to classify the drifted signals.

The current design of the readout accelerator requires rebuilding with each retraining to update the

parameters on chip. Since the neural network architecture can remain the same, subsequent sets

of weights and biases can be uploaded to the FPGA memory and retrieved during computations.

Although this eliminates the need to rebuild the complete firmware, it introduces an additional

memory-access latency to fetch weights and biases for neural network computations. Further
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analysis of this introduced latency will be required when the dynamic loading of weights is possible

in the design.

• Qubit readout. Readout of spin qubits will require fast control of the gate biasing to pulse between

manipulation and readout parameters. To achieve this with the RFSoC board systems, two practical

approaches will be considered: integrating the RFSoC 4x2 with a controller like the OPX+, which

can pulse the gates while triggering the QICK on the RFSoC to perform readout, or utilising the

larger ZCU216 RFSoC board from Xilinx, which features eight DACs with differential outputs.

Bypassing the HF baluns, adding DC-coupled amplifiers with the DACs will be used for fast pulsing

in PSB measurements.

• Model extensions. Recurrent Neural Networks (RNNs), which are suitable for the classification of

time-series data, can be implemented using the same workflow to test their accuracy and inference

latency.

With faster readout enabled by the RFSoC, feedback-based algorithms would be one of the next logical

and desired tools. The architecture for the readout accelerator (Fig. 4.4) already has the data feedback to

the timed processor of the controller. Implementation of the algorithms on the processor will pave the

way for mid-circuit measurements.
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A.1. Block design of standard QICK firmware
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Figure A.1: QICK firmware block design in Vivado
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Figure A.2: Schematic showing the proposed design modifications to incorporate the NN IP. ADC data is broadcast to three blocks:

NN IP, a demodulation-based readout block, and a large DDR memory for training purposes.
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Figure A.3: Block design of the modified QICK with the respective blocks from Fig. A.2 highlighted in corresponding colours

along with their related datapaths
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