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Abstract

Large Language Models (LLMs) have recently demonstrated remarkable capabilities
in natural language processing tasks, coding tasks, and beyond. Quantum computing
is an emerging technology with the potential to accelerate many computational tasks
exponentially. I investigate the efficacy of large language models for solving quantum
algorithms by finetuning an LLM to learn quantum state preparation, a critical subrou-
tine in quantum computing. I create models for two-, three-, and four-qubit datasets
representing quantum circuits in OPENQASM2.0 and a Python program with Qiskit
code and report good fidelity between the target state and the state transformed from
the generated quantum circuits. I also introduce expressibility as a necessary mea-
sure when creating quantum circuit datasets to ensure they sample the Hilbert space

sufficiently.
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Chapter 1

Introduction

Pretrained Large Language Models (LLMs) have shown incredible capabilities in natu-
ral language processing. Since their infancy [1], these models have spread into different
fields of science. Today, LLMs have been applied to tackle problems in chemistry, such
as generating metastable inorganic compounds [2] and biology, like generating protein
sequences [3]. LLMs have also started to enter the realm of physics and quantum com-
puting. These models have been explored for quantum architecture design [4], ground
state search [5], and a Qiskit code assistant for aiding Qiskit Users [6]. A new Qiskit
quantum computing dataset has been released to evaluate an LLM’s ability to solve
quantum computing tasks as well [7]. Many classical machine learning algorithms have
been proposed for various quantum problems. This work focuses on quantum state
preparation, a crucial subroutine in many quantum algorithms.

Classical machine learning methods for quantum state preparation have been ex-
plored extensively. This work presents another flavor of machine learning for quantum
state preparation. I propose Low-Rank Adaptation (LoRA) [8], a finetuning method
on a pre-trained LLM where, given some state vector, the model learns a quantum
circuit that approximately prepares that state vector. Formally, given some natu-
ral language prompt containing information on a desired state vector, can a finetuned
LLM produce a string representation of a quantum circuit that transforms some initial
state (|0™)) to the desired quantum state?

I create models for two, three, and four qubit systems and report good fidelities
between target quantum states and states from the generated quantum circuits with
fidelities of 0.9, 0.81, and 0.72, respectively. While I cannot achieve the 0.99 fidelity
in related works with a similar design pipeline, I show that their datasets do not
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sufficiently sample the Hilbert space, creating misleading results. While I acknowledge
that many important quantum algorithms require more qubits, I conduct experiments
to show that with more data, the model could achieve better fidelity and scale to more
qubits. Quantum state preparation usually involves complex techniques that require
at least a decent amount of domain knowledge to understand, let alone implement.
My work proves that an LLM can learn quantum computing problems through natural
language responses that are intuitive to humans, potentially reducing the barrier of
entry into the field.

1.1 Motivation

Quantum State Preparation is a critical subroutine in quantum computing, which aims
to load a classical N = 2" complex vector v = (vy,....,ux)T € CV into a quantum

computer by preparing the n-qubit state

N-1

W)= > vklk)

k=0

where 22\501 log|? = 1 and |k) = {|knky—_1....k1)} being the basis with bits k; for
j =1,2,....,n. Quantum state preparation finds a quantum circuit that transforms
the state to a desired point and is used in many quantum algorithms. For example,
state preparation is necessary for solving linear systems of equations in quantum com-
puters. Harrow et al. [9] present an efficient way of solving Az = b on a quantum
computer by first performing state preparation on the b vector. A follow-up algorithm
for solving the quantum linear systems problem by Childs et al. [10] also requires state
preparation of the b vector. State preparation algorithms are also widely used in quan-
tum machine learning as well, the process of training machine learning models on a
quantum computer to encode the classical data into the quantum computer [11-13].
It has significant applications in chemistry, drug design, and materials design, which
often try to find the ground state energy. Full configuration interaction (FCI) is a
classical method used to find the ground state energy with high accuracy, but the
computational cost increases exponentially with the system size. Thus, quantum al-
gorithms such as the Variational Quantum Eigensolver (VQE) [14] and the Quantum
Phase Estimation (QPE) [15] have been developed to find good approximations of
the ground state energy. However, both techniques only significantly reduce compu-

tational cost if the initial states of the algorithm have a good overlap with the ground
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state of the system and state preparation is used to generate these such states.

Given the importance of state preparation, this work aims to contribute to the
use of classical machine learning for quantum state preparation. I first investigate
whether LLMs can be used as a submodule for arbitrary state preparation and present
another flavor of machine learning models used for this task. Secondly, quantum
state preparation techniques require extensive expertise in quantum algorithms and
quantum computing; I want to investigate whether an LLM can learn quantum state
preparation only through natural language. An LLM that is excellent at performing
quantum state preparation could significantly reduce the barrier to entry into quantum
applications and research. Researchers and quantum computing beginners can easily
download these models and supply a natural language input to infer from the LLM a

string representation of a circuit that prepares the desired target state.

1.2 Related Works

Brute force quantum state preparation is typically expensive because encoding any
general n-qubit quantum state requires O(2") circuit depth since all 2™ parameters
have to be encoded using different quantum gates [16]. Furthermore, we are in the
NISQ [17] era and multi-qubit Controlled-NOT (CNOT) gates are expensive to imple-
ment on a quantum computer, so researchers have another constraint to use as little
of them as possible in general. Indeed, the sole contribution of some works is to re-
duce the CNOT count for state preparation, [16,18]. Sun et al. [19] showed that they
achieved an optimal result with © (2" /n) circuit depth. More importantly, they showed
they could achieve subexponential scaling using ancillary qubits and reduced the gate
count to ©(n). Unfortunately, these ancillary qubits scale by O(2™). Rosenthal et
al. [20] proposed another solution that had O(2") ancillary qubits. Araujo et al. [21]
show that using a divide and conquer quantum algorithm and ancillary qubits, they
can perform state preparation with O(n) qubits with polylogarithmic depth, albeit for
somewhat prohibitive experiments.

Optimization-based methods have also been explored for Quantum State Prepa-
ration. Variational methods [22] and Quantum Generative Adversarial Networks
(GANS) [23] have been proposed by training circuits with low depth and qubit count
to approximate the quantum state. More recently, tensor networks [24] and Walsh
Series Loaders [25] have been used to approximate the target quantum state.

Given the rise of neural networks since AlexNet [26], machine learning has been
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used in quantum physics as a black-box model to learn relationships between differ-
ent scientific concepts [27]. When using classical machine learning for quantum state
preparation, there are two glaring problems. As we increase the number of qubits, the
problem space, known as the Hilbert space, scales exponentially. One needs exponen-
tially more data to ensure the Hilbert space is well represented, leading to significantly
longer training times. Secondly, the size of the state vector scales by 2™, so the model
has to learn a mapping with exponentially more degrees of freedom, making it chal-
lenging to learn something meaningful. Given these restrictions, researchers using
machine learning to solve quantum state preparation have mostly remained within
two boundaries. First, the number of qubits is small but aims to generalize to arbi-
trary state vectors. Later, I show that works proclaiming excellent fidelity (> 0.99)
do not generalize well. Second, they target larger qubit systems (> 6 qubits) but only
on states with unique properties such as symmetries and sparse state vectors. This
reduces the dimensionality of the problem and, consequently, will not generalize as
well as arbitrary state vectors.

Despite the issues, reinforcement learning has been a popular technique for learning
arbitrary state vectors because it is natural to view state preparation as a culmination
of building blocks to achieve the target state vector. Bukov et al. [28] use a modified
version of the popular Q-learning RL algorithm to teach a computer to find the best
driving protocol to prepare a quantum system from some initial state by controlling
a time-dependent field. They extend their methodology to multi-coupled qubits as
well. Some works [29, 30] approach quantum state preparation from the Bloch vector
representation and use RL to control the spin of the qubit to bring the initial state to
some target state. However, since it is not trivial to scale the Bloch sphere represen-
tation for larger qubit systems, their work only targets one to two qubits. Zhang et
al. [31] perform a comparative study to investigate whether RL is even the best way
to approach quantum state preparation why comparing it to non-machine learning
methods such as Stochastic Gradient Descent [32] and Krotov algorithms [33]. They
show that Krotov and SGD perform better for some settings, proving that RL is not
the be-all-end-all algorithm for quantum control.

Moving on to larger qubit systems, Cincio et al. [34] used a simple regression ma-
chine learning method to learn W states, states that represent multipartite entangle-
ment, for 4 and 5 qubits. Furruter et al.’s [35] diffusion model approach is also trained
on quantum circuits that produce states with specific entanglement, as described by
their Schmidt rank vector (SRV), a numerical vector of dimension equal to the num-

ber of qubits that contains the rank of the reduced-density matrix for each subsystem.
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Porrotti et al. [36] use deep RL to perform state preparation in a cavity subject to
quantum-non-demolition photon number detection, with a simple linear drive as con-
trol. They show that Fock states (|1) to |7)) can be produced and stabilized with very
high fidelity. In the realm of variational methods, finding a suitable initial state for
VQE is critical because it significantly reduces the computational cost of optimizing
for the ground state energy of a Hamiltonian and Shen [37] uses a diffusion model to
generate quantum circuits similar to unitary coupled cluster (UCC) circuits.

Lastly, I analyze the works that took a similar approach to mine by sampling
quantum circuits from a gate set and then training on the resulting dataset. Moro
et al. [38] use reinforcement learning (RL) by treating actions as an elementary gate,
using two types of gates: 1 . Rotation gates from {R.(+55), Ry(£155), R-(£135)}
and 2. Harrow—Recht-Chuang efficiently universal gates. They show promising results
in solving at least 95% of their target unitaries, albeit only for one qubit system. Selig
et al. [39] generate random circuits from the basis gate set X, Y, Z, H, T, TT, S, ST, and
CX for two to five qubit circuits and show 0.99 fidelity with the inferred circuits and
the target state. While not quantum state preparation, Furrutter et al. also used their
diffusion model architecture [35] to solve the problem of unitary synthesis. They learn
and infer on target unitaries based on the gate set {X, Z, CCX, SWAP, H, CX} for
three-qubit systems. I show later that these discrete gate sets on larger qubit systems
generate circuits that are not well representative of the Hilbert space, and the main
reason why they can achieve such high fidelity is that they evaluate the performance
of their models in the already small space. Overall, every paper discussed provides
an ensemble of methods to sample high-quality quantum circuits, which can serve as

oracles to refine the dataset used to train the LLM. I leave that as a future work.
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Methods

2.1 Preliminaries

2.1.1 Quantum Computing

Quantum Computing deals with harnessing quantum-mechanical phenomena to per-
form computation. Like gate operations and wires in an electric classical circuit,
quantum computation is built from a quantum circuit with wires and gates to pass
and manipulate quantum information. One of the big differences between a classical
and quantum bit is that it can be in a state other than |0) or |1). A quantum bit can
be in a superposition of states «|0) + 5|1), where |0) and |1) are computational basis
states that form an orthonormal basis for the C? vector space and «, 3 are L2 normal-
ized. The restrictions on a and 3 arise because when extracting information from the
quantum bit, quantum mechanics tells us we can only acquire restricted information
within the projection of a computational basis state. So when we measure the qubit,
we get the state |0) with probability |a|? and |1) with probability |8|?. Naturally,
from the axioms of probability theory, |a|? +|3|> = 1. Geometrically, we can interpret
this as the condition that the qubit’s state vector be normalized to length 1. One can

represent a single qubit as a vector in the same form of

) = a|0) + 5|1) (2.1)
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It

Figure 2.1: An illustration of the Bloch sphere. Taken from [40].

where o and (3 are complex numbers, Also, since, |a|?+|3]? = 1, we can also represent
2.1 now as
i 0 ig . O
[) =€ | cos §|O> +e'?sin §|1> (2.2)

We can then formulate 1) and « as points on a three-dimensional sphere, usually
called the Bloch Sphere 2.1. The Bloch sphere is a useful representation because any
single-qubit operations are well described on the Bloch Sphere. Unfortunately, it is
impractical to use the Bloch sphere representation in higher dimensions because it

becomes difficult to visualize.

Single Qubit Gates

|a)? + |B]* = 1 also forms constraints on what can be a quantum gate because the
norm of the quantum state has to be preserved after a gate applies a transformation
to the state. It turns out that the only constraint on quantum gates is that they must
be unitary, i.e., UUT = U'U = I, where U' is the conjugate transpose of U and I
is the identity matrix. Firstly, I introduce the Pauli Matrices, one of the important

operators in quantum computing:

leo 11 YE[Q _’1 ZE[I O] (2.3)
10 i 0 0 —1

X is the bit-flip operator (also known as the NOT gate), Z is the phase operator, and
Y is the bit-phase flip because X Z = iY. When we exponentiate the Pauli matrices o



CHAPTER 2. METHODS 8

—i0o /2

by e , we get the useful rotational matrices, which take 6 as an input. The Pauli

matrices are hermitian as well and are used as observables.

cos—  —isin— cos = —isin - —i0/2
= 2 2 = 2 = |°
Ro=| % | By=| § P Re=| &4
—isin-  cos— sin—-  cos—
2 2 2 2
(2.4)

These matrices are called rotational because, for some angle # and Pauli matrix
on, the operation R, (6) translates to rotating the quantum state by angle 6 on the
n-axis on the Bloch sphere. The remaining single-qubit quantum gates used in this
work are the Hadamard (H) gate, The Phase (S) gate, and the 7/8 (T) gate:

11 1o 1o
H:\/ill —1] Szlo z] T:lo ei”/‘l] 25)

The H gate is one of the most used gates in quantum computing because it sets
|0) into a superposition of both states |0) and |1) with equal probability. The S gate
is sometimes also known as the Z90 gate, where in the Bloch sphere representation, it

rotates the state 90 degrees along the z-axis. The T gate is S = T2.

Multi-qubit gates

The only multi-quit gate we use is the CNOT gate, also called the CX gate. The
CNOT gate is a two-qubit gate that performs a Pauli-X gate on the target qubit when
the control qubit is in state |1) and leaves the target qubit unchanged when the control
qubit is in state |0). Tt is represented by the 16x16 matrix:

1 0 0 O
010 0
CNOT = (2.6)
000 1
0010

The {CNOT, H, S} + T gate set forms a universal gate set, meaning all unitary
operations can be expressed as a finite sequence from that gate set and is especially

useful when designing datasets for arbitrary state preparation.
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Figure 2.2: Images were taken from Vaswani et al. [1]

2.1.2 Transformers and Large Language Models
Attention

Most LLMs are built off the transformers architecture [1]. The core of this is the
attention mechanism, which calculates the highest correlations between words within a
sentence. Suppose we had an input sequence = and three weight matrices Wg, Wi, Wy
that project the inputs into query, key, and value projections, abbreviated by @, K,V
and have dimensions of d*, d*, d” respectively. The attention function, which they coin

as scaled dot product attention 2.2a, is then:

Attention(Q, K, V) = Softma <QKT> 14 (2.7
i VK V) = X .
N

where QK7 is known as the attention matrix and QK7 [i, j] contains the pairwise
attention between x; and x;, the i-th index of the input sequence and j-th of the input
sequence. Softmax is then applied to ensure each attention score is scaled between
0 and 1, forming a valid probability distribution. The authors divide the attention
matrix by VdF because they suspect that for large values of d*, the dot products

might grow in magnitude, resulting in extremely small gradients when calculating the
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softmax. They add the constant to help with training.

Multi-Head Attention

Multi-head attention 2.2b parallelizes scaled dot product attention into smaller chunks
by linearly projecting @, K,V h times with different linear projection weights. The

multi-head attention is given by

MultiHeadAttention(Q, K, V') = Concat(heady, ..., head;,) (2.8)
where head; = Attention(QWiQ, KWE vw)

where WiQ, WE WW are projection matrices for a particular head;. Each attention
head is then concatenated to form the multi-head attention. The number of heads
h is a hyperparameter, and the dimensions for d¥,d’ scale with the number of heads
to keep the computational cost of multi-head attention similar to scaled-dot product

attention.

Masked Multi-Head attention

The only difference with masked multi-head attention is that when the attention ma-
trix QKT is calculated, the values of the indexes above the diagonal are set to a large
negative number to ensure it does not contribute any weight to the attention func-
tion. Alternatively, one can view masking the attention scores of the current token as

ensuring it does not depend on future tokens in the sequence.

Feed Forward Transformation

Besides attention, the transformer also uses a pointwise feed-forward transformation.
It applies a fully connected neural network layer through every position of an input
token vector separately and identically. It consists of 2 linear layers with an activation

function in between and is given by:
FFT(I) = E(Wlfﬂ + bl)WQ + b2 (29)

where 3 is the chosen non-linear activation function, Wy, by, Wa, by are the weights and
biases of the first and second linear layer, respectively. While the original transformer
paper uses the ReLu activation function, most LLMs today use GeLu [41] or SwiGlu
[42], which supposedly yield the best performance when training these models.
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Layer Normalization

Neural network models were not always easy to train, especially when the values of
the data had different magnitudes of order. For example, if input sample x; has a
range of 0 to 1 and x;41 has a range of 50000-100000, vanilla neural network models
tend to produce unstable gradients during backpropagation, leading to longer training
times or even failure to converge. Hence, preprocessing the data is usually beneficial to
training these models. One of the methods of preprocessing is layer normalization [43],
which normalizes each input along all layers/features independently. Ba et al. created
layer normalization to tackle the issues of batch normalization [44], which depended
heavily on the batch size used for training. Batch normalization normalized each input
across each feature along the batch, so having a small batch size would skew the batch
statistics heavily, making the model more difficult to train, which is especially true for
larger models, which generally train on smaller batch sizes due to its size.

Instead, suppose a! = W}Thl where a! is the vector representation of the summed
inputs to the neuron in a layer . Wf is the weight matrix for layer [ at the i-th neuron
and h' be the bottom up inputs. The mean and standard deviation of the layer can

be calculated as:

| A
l_ !
W= izgl a; (2.10)

Where H denotes the number of hidden units in a layer, one can normalize the layer

with those statistics.

Positional Encoding

The transformer does not use recurrence or convolution. However, it still needs to
inform the model of the sequence order by injecting some information about the relative
or absolute position of a token in the sequence. The transformer does this through
positional encoding. A vector v’ is created with the same dimension as the token

embedding, allowing both v’ and the token embedding to be summed. In the paper,
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the positional encoding is then defined as:

PE(pos,2i) = sin(pos/10000%"/ medet) (2.11)
PE(pos, 2i + 1) = cos(pos/10000%"/ dmedet)

where pos is the token’s position in the sequence, and i is the dimension. d,,oqe; 18
usually the same as d* and d’. The authors hypothesized that using a sinusoid as
the positional encoding allowed the model to extrapolate to longer sequences than the

data found in the training dataset.

Output
Probabilities

Add & Norm
Feed
Forward
Add & Norm e,
Qi Multi-Head
Feed Attention
Forward 7 7 Nx
—
Nx Add & Norm
—(_Add & Norm Mooked
Multi-Head Multi-Head
Attention Attention
L At
] J . — )
Positional o @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)

Figure 2.3: The architecture for the encoder-decoder transformer. Decoder-only archi-
tectures generally consist of the right portion of the architecture only. Image is taken
from Vaswani et al. [1]
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Encoder-Decoder Transformers

The transformer architecture is the culmination of all the techniques mentioned above.
Given some tokenizer that maps an input = into an array containing the tokenized input
tz, it is summed with its positional encoding and passed through a single encoding
layer. Note that there can be more than 1 of these layers, depending on the size of the
model. Between each sub-layer, there is a residual connection with the original input
vector, introduced in ResNets [45]. The residual connection aims to reduce exploding
or vanishing gradients by providing a shortcut path for gradients to back-propagate
over, which often happens with very deep neural networks.

The transformer’s decoder module follows a similar pipeline to the encoder module,
but instead of multi-head attention, it uses masked multi-head attention. Lastly, it
passes through the language modeling head, which is a linear layer followed by the

softmax to form a valid probability distribution for each token in the vocabulary.

Decoder only Transformer Models

Many LLMs today, such as GPT and Llama, use a variant of the original transformer
architecture known as the decoder-only transformer. While we can attribute this to
the success of OpenAl’s GPT models, Liu et al.’s [46] initial paper introducing the
decoder-only transformer explains that it reduces the amount parameters needed by
half because it does not contain an encoder module. Furthermore, it can be trained
with unlabeled data, reducing the cost incurred with gathering and labeling the data

before training the model.

Training a decoder-only LLM

The heart of training an LLM is next-token prediction. Suppose we had some token
sequence U = {uy,....,un}, we want to maximize the conditional probability of the

current token given its preceding tokens and the model. In particular,

n
argmax Ly = ZP(ui|ui,1,....7u1,9) (2.12)

0 i=1
The benefit of training decoder-only transformers is that since the attention matrix is
masked, the logits can be calculated for every token in a sequence with one forward
pass. Similarly to encoder-decoder transformers, the training is self-supervised, as we

do not require labels to train. After passing through the feed-forward transformation
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layers, the cross-entropy loss is computed between the ground truth input of the token
sequence and the logits predicted from the language modeling head layer for each
token. The loss is finally averaged over all the tokens in the sequence and then back

propagated through all the layers.

2.1.3 Low-Rank Adaptation (LoRA)

One of the most popular techniques used today for finetuning LLMs, Low-Rank Adap-
tation (LoRA) [8], is one of the early techniques that gave rise to parameter-efficient
finetuning (PEFT) [47], a subfield of research within the LLM space. The main goal
of PEFT is to find ways to reduce the number of parameters needed to train big
models, such as LLMs and diffusion models. Finetuning was first introduced in In-
structGPT [48], which is an OpenAl model that learned to follow instructions when
trained further on a new dataset on top of OpenAl’s pre-trained GPT3. Researchers
quickly realized an issue: finetuning on new datasets would not scale. Firstly, these
models were large; training them even for a few epochs will require extreme amounts
of compute and memory. Secondly, training these models for n datasets would result
in n X number of parameters of memory needed to store these models. For example,
finetuning Llama2-70b on ten datasets would require almost 230GB of storage for
these ten new models. PEFT aims to alleviate these issues.

There are a few methods that directly inspired LoRA [49,50]. Based on these
works, Hu et al. hypothesized that the update matrices, when training a transformer,
lay in a low intrinsic dimension. Hence, we can project these update matrices into a
smaller subspace, potentially reducing the number of parameters. Suppose we define
the pre-trained weights of the model as Wy, one can constraint the update matrices
AW to AW = BA as a matrix multiplication approximation, where AW € R%F¥,
A € R™ and B € R¥". Notice that if 7 << min(d, k), this significantly reduces the
number of trainable parameters, which the authors show that even for small values of
r, it can retain good accuracy from the original model while reducing the number of
trainable parameters by up to 99%. A full forward iteration of LoRA starts by passing
the inputs through both the pre-trained model and the LoRA weights and sums their
respective outputs coordinate-wise. The weights of the original model remain frozen,
and we only back-propagate through the LoRA weights. To summarize, for the original

h = Wyx, the modified forward pass is now:

h=Wyx + AWz = Wyx + BAx (2.13)
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where A is initialized as a random gaussian matrix and B = 0, the new update
matrix is scaled by g, the two most important hyperparameters when finetuning with
LoRA. r, as deﬁnedraubove7 stands for rank, which controls the number of parameters
of the finetuned model and the expressiveness of the model to learn the new dataset. «
is a scaling factor that controls how much weight we put on the output from the LoRA
matrices compared to the pre-trained model. For example, @ > r would entail that
we favor the outputs from LoRA matrices more and vice versa. Typically, « is greater
than r as we want the finetuned model to pick up the nuances in the new dataset.

In the original paper, the authors only applied LoRA to the attention layers of
the transformer. Since the attention layers only process how the tokens are related
to one another, one can symbolically view applying LoRA to only attention layers
as changing the way the LLM responds to a user, which is helpful for AI alignment
tasks [51] where the corpus of the new dataset does not change much. However, for
other tasks that require an injection of knowledge, such as this work, we apply LoRA
to the linear layers of the LLM as well.

2.1.4 Expressibility of Quantum Circuits

Our models should be able to approximate any given state vector. Thus, we must en-
sure we generate a training dataset that can produce circuits well representative of the
Hilbert space. Sim et al. [52] introduced a simple mathematical method to quantify the
expressibility of a quantum circuit. Specifically, expressibility is the circuit’s ability to
generate pure states representative of the Hilbert space. In their work, they introduce
expressibility for parameterized quantum circuits (PC) and compare the distribution
of fidelities measured from sampling different sets of rotation parameters of a PQC to
the fidelities from the uniform distribution of states, known as the ensemble of Haar
Random States. They perform this comparison by utilizing a popular technique in
machine learning literature known as the Kullback-Leibler (KL) divergence [53].

They define expressibility as:
Ea:pr = DKL(PPQC(F; 0)7PHaar(F)) (214)

where Ppgc(F,0) is the distribution of fidelities between 2 states sampled from the
PQC and Py aqr(F) is the distribution of fidelities of two states sampled from the Haar
random measure. Notice that there is an analytical form of the probability density

function of Haar random states ppaqr(F) = (N —1)(1— F)N —2, where F corresponds



CHAPTER 2. METHODS 16

to the fidelity and N is the dimension of the Hilbert space. [54]. In her paper, Sim
tests her method on expressible circuit architectures in the literature, and in general,
these circuits have Dy, values of less than 0.1. Hence, this is the baseline we are
trying to reach when generating our quantum circuit datasets.

While our dataset does not use PQCs, this technique can still be applied for my
purposes. Suppose we have 2 pure states [1,) = Uy|0) and [¢,) = Ug|0). Since
they are pure states, we know the fidelity between those two states is |(¢y,|1;)]? (a
proof can be found at 3.1.1). Next, suppose we have some unitary U, expressed as
U, = UyTUl.. A simple proof is that any unitary U can be represented as V(VTU),
since VVT = I. Hence, we can view the unitaries (quantum circuits) generated by our
dataset as the matrix multiplication of 2 random unitaries and calculate the fidelity
|(1y|0) 2. Notice that this is equivalent to [(0]U,0)|?, which is the expectation value
of U, when measuring the |0) state.

Instead of using the rotational parameters of PQCs as samples of the distribution,
we can view a randomly generated circuit in our dataset as U,. This provides a
measure to quantify the expressiveness of our datasets. Furthermore, we do not need
to compare different circuits in our dataset, which is done in Sim’s work, simplifying

the method overall.

2.2 Dataset Generation

To investigate whether a transformer can learn to map a string representation of quan-
tum state vectors to a string representation of quantum circuits, I create a question-
answering dataset with an English natural language prompt containing the desired
state vector and its corresponding string representation of a quantum circuit. A sum-

marized illustration of the pipeline for dataset creation is at 2.4.

2.2.1 Circuit Generation

Intuitively, since the model should generalize well, one could simply sample Haar
Random circuits. Unfortunately, LLMs have historically struggled with mathematics.
Dziri et al. [55] showed that long decimals can be detrimental to the performance
of LLMs. Hence, we have to play a balancing act between the expressibility of the
generated circuits and the string representation of the quantum circuit itself. I limit
the gates and rotational parameters selected for the quantum circuit so that the LLM

can reasonably learn this string representation. I settled for circuits with a maximum
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Figure 2.4: Dataset creation pipeline

of ten gates per qubit and an additional Hadamard Gate at the beginning of each
qubit.

Initially, I started with the universal set of discrete gates [X, Y, Z, S, H, CNOT]
in hopes that the gate set would make it easy for the LLM to learn as the only numbers
present in the circuit would be the respective qubit number for the gate. However,
the gate set led to average expressibility values of around 0.8, a far cry from the 0.1
baseline. I replaced X, Y, Z with their rotational variants, with rotational angles in
multiples of 7 as an angle set for these gates. I chose these angles as one can represent
7 as pi in a string instead of some decimal, reducing the complexity of the string
representation of the circuit. Based on the expressibility comparisons in 2.5, while the
distributions of the generated circuits have unwanted peaks and valleys compared to
the Haar random measure, all three datasets approached the 0.1 baseline. I found it a
good compromise for the LLM to learn. The final gate set chosen is [Rx, Ry, Rz, H,
CNOT, T, S] and the rotational angle set is [7/5,7/4,7/3,7/2,m,2x]. All of these
parameters are randomly sampled.

I build the dataset by sampling from a minimum of 1 gate per qubit to a maximum
of 10 gates per qubit. We process circuits in ascending order, i.e., we generate circuits
with one gate per qubit and store the state vector in a set before moving on to more

gates per qubit. I perform this sequential process because if we reencountered the same
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Figure 2.5: The expressibility graph for each n qubit dataset (orange bins) compared
to the Haar random measure (blue line). The values of expressibility for the two, three,
and four qubit datasets are 0.146, 0.111, and 0.116, respectively.

state vector, there would already be a more efficient quantum circuit in the dataset,
so I could safely discard the current one. This design decision also implies that our
dataset only contains unique state vectors.

However, purely generating random circuits without further processing has some
pitfalls. For example, if we sample two Hadamard gates back to back for the same
qubit, the two gates cancel out. Consider the case where two generated circuits in
the dataset have similar state vectors, but one has the two Hadamard gates while
the other does not; it will likely confuse the model. Hence, I chose to transpile the
circuit as well. T used the Qiskit transpiler with optimization level 1 and the same gate
set parameters as the original dataset. Upon inspection, the transpilation generally

only removed back-to-back Hadamard gates and optimized a series of gates to RzZRyRz
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decompositions. Overall, the transpiling step removed redundancies and decreased the

gate count of the generated circuits.

2.2.2 Cleanup and Extracting State vectors

Since LLMs are not good at mathematical problems, rounding is necessary for the
pipeline. Decimals in the rotation angles were rounded to one significant figure, making
the circuit’s string presentation more concise and straightforward. I converted all
instances of 7 represented in decimal into multiples of 7r. For example, 6.28318530718...
would become 2 * pi. Thankfully, Qiskit had an implementation for this functionality
called pi_check, which I tweaked for this project. After cleaning up the circuit, I
extracted the state vector and rounded the complex values to two significant figures.
I create two datasets for two, three, and four qubit circuits. The first is OPENQASM
2.0 code, and the other is a Python program in Qiskit code.

Initial Guess

Prompt testing Final Prompt

Valid Circuits created: 32% Valid Circuits created: 100%

Figure 2.6: Prompt Testing. Instead of forcing the LLM to conform to a prompt
format, prompt the base model with a small portion of the dataset to understand
the output format and build your instruction fine-tuning dataset around the outputs.
When trained on a forced dataset, the number of valid circuits created during inference
is 32%, compared to 100% with a dataset built around the outputs from the base LLM.
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2.2.3 Create Prompt

Now that we have all our quantum information, we can design a prompt to train the
model. Interestingly, choosing how to represent the data as a natural language prompt
posed a significant challenge. I started with a concise prompt format to reduce the
dataset’s average token lengths (shown in orange in 2.6). However, as seen in 2.6,
training a model on this initial prompt format resulted in only 32% valid circuits
during inference. I started testing the base LLM to determine what it ”likes” to re-
spond by testing easy state vectors like [0.25,0.25,0.25, 0, 25] for a two-qubit system.
I call this method prompt testing (shown in blue in the same plot). After prompt
testing, I crafted a new prompt format similar to the new template and trained an-
other model. Surprisingly, the latest model generated 100% valid circuits on inference.
This highlights the importance of the prompt format and can profoundly impact the
performance of the fine-tuned models.
A data entry of the final training dataset can be found at 2.7.

Figure 2.7: One of the training samples for the OPENQASM dataset. The Python
dataset follows a similar structure, but where there are words regarding OPENQASM,
I replace them with Python in Qiskit. The OPENQASM quantum circuit is replaced
with a Python program containing Qiskit code that implements the circuit.
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2.3 Optimization and Training Details

2.3.1 Language Models of Code

The original idea was to finetune with OPENQASM2.0 quantum circuits. OPEN-
QASM2.0 is a well-established string representation in quantum computing, so natu-
rally, I wanted to use code LLMs as the base model for finetuning. I was inspired by
Madaan et al. [56], who showed that language models of code showed good reasoning
capabilities when structuring a reasoning problem in code instead of text. I decided
to create another dataset using Qiskit code in Python. The hypothesis is that since
Python is prevalent today, the datasets for training these code LLMs will probably
train on vast amounts of Python code. If they trained well in Python, they could focus
on mapping the relationship between the quantum gates and the state vectors instead
of trying to learn the syntax of Qiskit code.

One of my philosophies for this project is that the models have as few trainable
parameters as possible, given limited compute. Hence, I chose LLMs with at most 10
billion parameters. As of Apr 2024, I chose the three most prevalent models that per-
form well on the code portion of the Masked Multi-Language Understanding (MMLU)
benchmark [57]. These are Llama3-8b, CodeLlama-7b and Deepseek-6.7b. While
Llama3-8b is not solely a language model for code generation, it has been trained
with significantly more code as compared to its predecessor, Llama2 [58] and performs
better than most code LLMs. My datasets are in a question-answering format, so I
chose the Instruct variants of all three models as they were already finetuned on
instruction-based datasets.

With an average of seven billion parameters, LoRA finetuning with a rank of 16
would be equivalent to about 40 million parameters or 0.8% of the total parameters,
which I thought was ample to learn the dataset and set that maximum rank. The
models were trained for ten epochs with a learning rate of 2e — 4 using the cosine
annealing schedule with warm restarts [59] at the beginning of every epoch. The
learning rate was also warmed up from 0 to 2e—4 in the first 250 steps. Loshchilov et al.
showed that warming produced good results, especially for the attention mechanisms.

Given that the token length of each prompt increases with system size, the batch
size used to train each model decreases but remains a power of two. The two-, three-,
four-qubit training batch sizes were 64, 32, and 16, respectively. I split each dataset
into 90% training and 10% validation. All models were trained on A100 GPUs with
80GB VRAM. The two— and three-qubit models required 1 GPU, while the four-qubit
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model required 2 GPUs.

2.3.2 Tokenization

Finetuning allows for the addition of new tokens as well. Initially, it felt natural to
tokenize the circuits by setting the string representation of a gate as one token. For
example, the Hadamard gate on the first qubit of the circuit is h q[0], and with the
new tokenizer, that would form a single token. Intuitively, this is a great idea, as I can
reduce the number of tokens for each data sample, directly leading to faster training
times and better inference. Unfortunately, the model did not train well compared to
letting the pre-trained tokenizer tokenize the prompt as it would see fit. Gruver et
al. also reported this phenomenon in the paper, whose work finetuned Llama2-7b on
crystalline structures. A hypothesis as to why this happens is that we would need to
train the embedding layer of the pre-trined LLM, but it does not respond well to the
reduced dimensions when using LoRA. Using the base tokenizer, the same Hadamard
gate on the first qubit would look something like [h, q, [, 0, ]1. I used the base

tokenizer for all experiments moving forward.

2.4 Inference

2.4.1 Large Language Model Inference

To perform inference, decoder-only transformer models use autoregressive decoding,
an iterative process of predicting the next token given what has already been predicted
until either the maximum number of tokens has been reached or the end-of-sentence
token has been predicted. For some input token embedding x; in an input sequence,
where 7 is the i-th index of the sequence, passing the input embeddings through the
LLM will result in an output embedding y;, the output embedding for that particular
token. These embeddings then pass through the language modeling head that maps
that input embedding to the vocabulary size and outputs raw unnormalized predic-
tion scores for all tokens in the vocabulary, also known as logits. A final softmax layer
converts the logits into a valid probability distribution from which we can sample pos-
sible tokens. An illustration 2.3 is provided in the decoder portion of the transformer

architecture.
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2.4.2 Sampling Methods

Now that we have a valid probability distribution of the next token, what is the best
way to sample it? While this is still an active area of research, a couple of techniques

have been proposed, which we can split into deterministic and stochastic methods.

Deterministic Methods

The first method and the most intuitive is greedy sampling. The token with the top
probability at every inference step is chosen until the algorithm terminates. Beam
search, another deterministic method, builds upon greedy sampling and searches mul-
tiple branches through a hyperparameter, beam width b. For example, if b = 2, beam
search considers the best two tokens with the highest probabilities at each inference
step and builds two possible sequences until it terminates. The sequence with the
highest probability is returned as the response. While beam search is more compu-
tationally expensive, it usually performs better than greedy sampling. Both methods
fall under deterministic methods because they do not involve any randomness in their

outputs.

Stochastic Methods

These methods consist of top-k£ and top-p sampling, which are similar as both try to
cut off the tail-end of the probability distribution so that tokens with low probability
are not sampled. Top-k forms an ensemble of tokens by choosing the top k tokens with
the highest probabilities, while top-p chooses the ensemble of tokens that make up p
probability. For example, if we set p = 0.95, the ensemble of tokens to be considered
would have a sum of at most 0.95. After the ensemble of tokens has been found for
both techniques, the probabilities are re-weighted for the ensemble and then randomly
sampled. Both methods are stochastic because the token chosen at each inference step
is sampled from some distribution. Typically, top-p and top-k produce more coherent

results and perform better than deterministic ones.

Temperature

Temperature, 7, controls the randomness of the probability distribution. In particular,

L
Final L = — (2.15)
T
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Where L are the unnormalized logits, if 7 is lower than 1, the probability distribution
will be more extreme, i.e., larger probabilities mass will have even more mass and
smaller probabilities will have even less mass, leading to more consistent responses
across similar prompts. With 7 larger than 1, the probability distribution moves

towards uniformity, potentially giving rise to more ”creative” responses.
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Results

3.1 Evaluation strategy

3.1.1 Fidelity

Fidelity [60] is a distance measure that calculates the overlap between 2 states, p and

F(p,0) = (tr/p20p/2)? (3.1)

where tr is the trace of the matrix. Since our datasets are valid quantum circuits, all

o, and is given by

state vectors considered are pure states, and there is an even simpler way to calculate
fidelity. Suppose we represent p = |1,)(¢,| and ¢ = |¢bs)(¢s|. Firstly, notice that
\/p == p since the consequence of a pure state is only having a single eigenvalue; thus,

the trace will always be 1. Hence, we can rewrite the equation above as

Flp,0) = (tr\/pop)? (3.2)
N Gy

= (ry Rl

— o) P (m/|wp><¢p>2

= [(Wploq)[?

25
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|(|105)|? is just the overlap between pure states, sometimes known as the tran-
sition probability between two states. Consequently, the fidelity of two pure states
is easy to compute and bounded from 0 to 1, where 0 signifies they have support on
orthogonal subspaces and are thus perfectly distinguishable. Vice versa, when fidelity
isl, p=o.

In this work, I introduce two evaluation metrics based on fidelity: maximum and
average fidelity. During evaluation, I sampled several circuits for each state vector
to create an ensemble of generated circuits for each target state vector. Maximum
Fidelity means that the circuit that achieves the highest fidelity within the ensemble
of circuits is chosen. Average fidelity calculates the average fidelity of the ensemble
of quantum circuits and is used as a benchmark to evaluate how the model performs
in general. I put more emphasis on maximum fidelity when evaluating the model
because the goal is to provide the user with the best circuit possible for a particular

state vector.

3.1.2 Evaluation Pipeline

1. Get Best Model 2. Inference 3. Evaluate

e —— —

Get checkpoint Convert Circuit to

from lowest Edit prompt to prep Qiskit
validation loss for circuit

generation

Normalize target

Merge checkpoint
state vector

LoRA weights to
base model

Get Max and Avg
Fidelity

Figure 3.1: The inference pipeline when evaluating the fidelity of the target state
against the state produced by the generated quantum circuit.

Across all the models trained, I found that with ten epochs, the model trained long
enough to overfit on the data, which lets me pinpoint the LoRA checkpoint with the
lowest validation loss. I conduct all experiments on that checkpoint by merging the

LoRA weights to the base model. During inference, I remove the string representation
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of the quantum circuit from the prompt to inform the model to generate a quantum
circuit instead and perform inference on the evaluation set, which is data the model has
not trained on. After the model generates a circuit, I convert it into a Qiskit quantum
circuit and calculate the fidelity between the resulting state vector and the normalized
version of the target state vector. We need to normalize the target state vector because
we round the original unit state vector to 2 significant figures to reduce the complexity
of the problem for the LLM to learn, which might break the unit vector constraint
when using fidelity as a measure. An illustration is provided for the inference pipeline
3.1.

In my initial experiments, the results between top-p and top-k were similar, so I
followed most conventional parameters used in research and opted for top-p = 0.9.
I then sample the same prompt n number of times and calculate the maximum and
average fidelity for the ensemble of quantum circuits generated for the target state
vector. Using stochastic sampling is a natural approach for bottom-up problems such
as circuit building, as it is challenging to map the entire state vector to the first gate
when constructing the circuit. Hence, sampling circuits n times allows the model
to explore different circuit-building paths to find one that has high fidelity to the
target state vector. For consistency among experiments, I conducted ten runs for each

experiment and reported their average statistics.

3.2 Two qubit system

A n-qubit system is represented by a 2" state vector, resulting in exponential scaling
with larger qubits. Furthermore, I create circuits with a maximum of 11 gates per
qubit. These two factors increase the average token length of the dataset, as seen in
3.2, leading to increasingly long training and inference times. Thus, the motivation
behind conducting the 2-qubit experiments is to find a set of inference parameters
that achieve the best results before moving on to more computationally expensive
three and four-qubit datasets. Essentially, we have a combinatorial problem at hand.
However, given the limited compute and the high cost of training LLMs, my first
approach was eliminating as many of these inference parameters as possible. The
following subsections walk through my thought process of elimination chronologically
within the two-qubit dataset. I assume that the best hyperparameters chosen for the

two-qubit model will translate to the three, and four-qubit ones.
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Figure 3.2: Distribution of lengths for input_ids for each dataset.The average lengths
for the 2,3,4 qubit dataset are 261, 356, and 513, respectively.

Performance across models

The overarching theme of this work is to experiment with the efficacy of large language
models on quantum problems; thus, eliminating the number of models to train is the
logical first step with limited resources. All three instruct models in consideration were
LoRA finetuned on the two-qubit OPENQASM 2.0 circuit dataset with a rank of 8
and an alpha of 32. They were then evaluated on a tiny configuration by sampling ten

circuits for each state vector from a randomly chosen subset of 100 target state vectors

hyperpameters: rank=8, alpha=32, num _repeated_prompts=10, val_size=100

Model Maximum fidelity Average fidelity
codellama-7b-Instruct 0.684+0.015 0.236£0.049
deepseek-6.7b-Instruct 0.719£0.008 0.333£0.015

Llama3-8b-Instruct 0.724+0.025 0.348+0.008

Table 3.1: Maximum and Average Fidelities on a low compute training and inference
regime on the three models in consideration
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Figure 3.3: The maximum fidelity for a circuit generated compared to the target
statevector against the number of circuits generated. Both the Python and QASM
models perform similarly well. While the QASM model performs the best at 50 circuits
generated at 0.901 fidelity, the Python model has less variance.

in the validation set. Summarizing the results from figure 3.3, Llama3-8b-Instruct
performed the best with a maximum fidelity of 0.724 and an average fidelity of 0.348
(Table 3.3). Codellama was released first, followed by Deepseek, and lastly, Llama3
and its performance on the datasets following its release date. I hypothesize that each
subsequent model trained on increasingly more Qiskit and OPENQASM data, leading

to better performance. I only finetuned Llama3 moving forward.

Performance across number of circuits generated

I investigate the optimal number of circuits to sample per state vector that maximizes
performance while staying within a reasonable amount of compute. While fifty circuits
garnered the best results, the performance gain from forty to fifty circuits is relatively
minimal, and decided to stop at 50 because it took around 40 secs for one target
state vector (Figure 3.3). I leave sampling even more circuits as a future work, but
I hypothesize that the maximum fidelity will eventually plateau, given the slowing

increment of maximum fidelity. A table of results can be found at 3.2.
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num. circuits Python fidelity QASM fidelity
generated max avg. max avg.
10 0.79+0.008 0.409+0.009 0.788+0.005 0.41240.007
20 0.844£0.005 0.406£0.004 0.85+0.008 0.41740.011
30 0.873+0.007 0.404+0.01 0.87+0.003 0.409+0.006
40 0.886+0.005 0.408+0.012 0.89+0.007 0.41240.012
50 0.8994+0.003 0.401+0.008 0.9014+0.005 0.415+0.009

Table 3.2: Maximum and Average fidelity for the number of circuits sampled for 500
randomly target state vectors in the validation set.

Performance across rank

Gruver et al. [2] inspired the decision to set alpha = 4 % rank, whose finetuning
pipeline is similar to mine. This experiment investigates the effect of rank on perfor-
mance. I trained the Python and OPENQASM datasets on LLama3-8b with rank=8
and rank=16. I stopped at rank=16 because the models had around 40 million train-
able parameters, which I considered ample to learn the intricacies of the dataset. The
goal was also to minimize the number of trainable parameters while maximizing per-
formance. Based on the results in table 3.3, rank=16 produces the best fidelity across
both datasets. However, the maximum fidelities between r=8 and r=16 are relatively
close for the Python model, suggesting we could save 20 million parameters while
maintaining performance. While it is difficult to pinpoint precisely why the Python
model performs better with fewer trainable parameters as compared to the OPEN-
QASM model, I hypothesize that L1ama3 is trained on significantly more Python code
than OPENQASM, thus requiring fewer parameters to learn the relationship between

state vectors and quantum circuits.

Comparison against a random baseline

I quantify how our model performs better with the chosen parameters by comparing
them to a random circuit generator for 500 validation samples. We take the rank=16
and alpha=64 models and generate 50 circuits per sample. The results (Table 3.4) show
our model learns some representation between state vectors and quantum circuits by

outperforming the random baseline by 0.14 fidelity. It also has a much lower standard
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LoRA Config Python fidelity QASM fidelity
max avg. max avg.
r=8, a=32 0.889+0.003 0.384+0.011 0.866+£0.005 0.329+0.011
r=16, a=64  0.899+0.003 0.401+0.008 0.9014+0.005 0.41540.009

Table 3.3: Maximum and Average Fidelity across the LoRA configurations of rank
and alpha. Rank directly affects the number of trainable parameters in the model,
with a larger rank implying more parameters. At Rank=8, there are approximately
20 million parameters, and at rank=16, approximately 40 million. Fifty circuits were
sampled for 500 target state vectors in the validation set.

setting Python fidelity QASM fidelity
max avg. max avg.
random circuit 0.766+0.095 0.2540.026 0.76+0.09 0.249+0.027
best model 0.899+4+0.003 0.40140.008 0.9014+0.005 0.41540.009

Table 3.4: Comparison between a random circuit generator to form a baseline against
our best-performing model and inference setting. The model achieves 0.14 more fidelity
across both datasets.

deviation among all circuits generated, showing it is more consistent with creating

good circuits.

3.3 Scaling to larger qubit systems

We move on to the three-qubit and four-qubit systems. Similarly, I train two models for
both qubit systems on the Python and OPENQASM datasets and sample 50 circuits
per target state vector. Since the Hilbert space is larger, creating datasets with the
same size will undoubtedly result in poorer performance than the two-qubit models.
Hence, I increase the dataset size to combat the exponential growth of the Hilbert
space. I chose an increment step size of approximately 25k until the model achieved
at least 0.7 fidelity. The three-qubit dataset had a size of 71760, and the four-qubit
dataset had 100682.
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Comparing against random baseline

We test the performance of the larger models by comparing them to their respective
random baseline, as done in the 2-qubit system. The results in table 3.5 show that
while there is a decrease in fidelity, the model can still generate circuits with decent
fidelity and perform increasingly better compared to their random baseline as the

number of qubits increases.

setting Python fidelity QASM fidelity
max avg. max avg.
3-qubit random  0.484+0.101  0.124+0.016 0.47+0.1 0.124+0.016
3-qubit 0.8134+0.008 0.391+0.016 0.796+0.012  0.384+0.019
4-qubit random  0.278+0.081 0.063£0.009 0.275+0.078  0.063+£0.008
4-qubit 0.729+£0.015 0.349+0.017 0.7254+0.01  0.333+0.016

Table 3.5: Results on 3-qubit and 4-qubit models and their respective random base-
lines. I sampled fifty circuits per validation state vector.

Comparison against the size of the dataset

I conducted another experiment investigating the relationship between dataset size and
fidelity. I created two smaller Python datasets with 25k and 50k sizes for the three
and four-qubit models. I trained and evaluated the resulting models and plotted the
average maximum fidelity for 500 validation state vectors (figure 3.4). I hypothesize
that if the plot of dataset size against maximum fidelity is linear, then the dataset
does not sufficiently sample the Hilbert space, and adding more circuits might achieve
better performance. If the plot begins to plateau, there will be diminishing returns
to increasing dataset size. The 3-qubit model does show signs of plateauing, while
the four-qubit model shows a linear plot. However, increasing the dataset size comes
with its problems. Training times will take significantly longer as it has more data to
train on, as seen in table 3.6. It would be interesting to see if these larger models can
achieve the same level of maximum fidelity as the two-qubit model. I leave this as a

future work.
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Figure 3.4: Maximum fidelity against the size of the Python training dataset. We
train three different models with varying sizes for the three-qubit model (25k, 50Kk,
75k samples) and the four-qubit model (25k, 50k, 100k).

num. qubits training time (days)

2-qubit 0.75
3-qubit 1.75
4-qubit 3.8

Table 3.6: Training times of the two, three, four qubit models. These numbers paint
a bleaker picture than reality. Since the number of GPUs remains the same, the
batch size for training models had to decrease because of the increase in token lengths
described in 3.2. A smaller batch size increased each model’s total number of training
steps, and since the model evaluation was kept constant at 500 steps, the larger datasets
had significantly more evaluation steps, leading to drastically longer training times.

3.4 Benchmarking to other works

I finetuned an LLM on a similar problem statement to Furruter et al. [35]. In their
work, they train a three-qubit quantum circuit dataset using an ensemble of gates with
a diffusion model. They take a unitary matrix as input and specify the gates their
model can choose from. They reported that their diffusion model achieved 92.6% of
perfect matches (fidelity = 1) on a test set of arbitrary unitaries when sampling 1024

circuits per unitary. While I finetuned Llama3-8b on their datasets, I swapped out
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Paper num. qubits Gate Set Average Expressibility
H,CX,Z,
Furrutter et al. 3 X,CCX.SWAP 5.235
. X,Y,Z H T,
Selig et al. 2,3,4,5 Tt S, St CX 1.319
. H, Rx, Ry, Rz,
This work 2,34 S, T, X 0.124

Table 3.7: Comparing expressibility among works that randomly sample quantum
circuits based on some gate set. My datasets perform better due to using rotational
gates with randomly sampled angles and starting all qubits with Hadamard gates to
put the state in a superposition.

the unitaries for state vectors. I note that training on state vectors is significantly less
challenging than unitaries because the unitary provides information on all basis states,
while the state vector only informs on one. In the future, I plan to investigate whether
LLMs can perform unitary synthesis. Nonetheless, with the extra constraint that the
model can only use certain gates, the finetuned LLMs achieved 92.9% perfect matches
with only 20 samples from the Python model and 96.8% on the OPENQASM model
with 500 randomly chosen validation target state vectors. The good results show the
method’s versatility in adapting to different prompt formats.

I found the 0.99 fidelity in most works somewhat misleading. Hence, skeptical
of Furrutter’s [35] and Selig’s [39] high fidelities, I generated random circuits with
their chosen gate sets. The results in table 3.7 show that the circuits in my datasets
are, on average, 42 times more expressive than Furruter’s dataset and ten times more
expressive than Selig’s dataset. These datasets are nowhere near the 0.1 baseline that
Sim et al. showed, so I propose that expressibility be a necessary metric for works

that perform arbitrary quantum state preparation.



Chapter 4

Conclusion

This work has demonstrated the effectiveness of learning quantum computing prob-
lems through natural language by fine-tuning LLMs on prompts about quantum state
preparation for two-, three-, and four-qubit systems. I also propose that expressibil-
ity be a necessary metric for predicting arbitrary state vectors to ensure quantum
computing datasets are well representative of the Hilbert space. I also show the ver-
satility of LLMs by training on datasets used by other works. This supports the
mode-agnostic pipeline I proposed to formulate a quantum computing problem into
natural language, demonstrating that it can be applied to other quantum algorithms.
Like many open-source LLMs, these models are easy to use with the low effort required
to infer a quantum circuit from an input prompt, providing quick access for quantum
computing novices and experts to quantum circuits that perform state preparation.
However, I acknowledge that four-qubit systems are relatively simple, and many
interesting quantum problems typically require more qubits. With more time and
compute, I plan to investigate larger qubit systems and more extensive inference pa-

rameters to show the true usefulness of LLMs for quantum computing problems.
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