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Abstract

Neural quantum states (NQS) are a general class of variational quantum states parame-
terized in terms of an artificial neural network. NQS typically approximate the amplitude
of the quantum wavefunction using a limited number of computational resources due to the
exponential size of the Hilbert space. Although we can approximate any continuous function
using a neural network with a certain structure, it remains unclear which MLP architectural
choices improve NQS performance. This study systematically trains and evaluates thousands
of NQS architectures to discover insights about architectural choices of the search space and
create a tabular benchmark for reproducible evaluation of NAS algorithms. The transverse field
Ising model (TFIM) features spins with nearest-neighbor interactions as well as an external
magnetic field. The regression task solved by NQS in this setting is to predict a ground
state amplitude given a spin configuration. The goal of NQS is to predict this ground-state
amplitude as accurately as possible, minimizing regression losses. Neural architecture search
(NAS) is the process of automating the design of neural architectures for a given task. Inspired
by NAS research about benchmarking NAS algorithms and techniques, this study explores
the nature of the search space of a large number of NQS architectures. This exploration
derives insights into which groups of architectures positively influence learning the quantum
wavefunction. This study demonstrates that neural architecture choices strongly influence
wave-function amplitude prediction performance, while increasing computational resources
alone does not necessarily guarantee improved results. Carefully selected architectures can
achieve high predictive performance while maintaining low complexity. NAS experiments
further show that evolutionary search provides stable optimization, although random search
remains a competitive alternative.
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1 Thesis overview

The 2 section contains the basic necessary knowledge from the fields of artificial intelligence, deep
learning, the universal approximation theorem, and machine learning. The 3 section contains
information and a description of neural architecture search, including its components, goals, and
applications. Section 4 introduces how machine learning can be used to solve a well-known quantum
physics problem. The 5 section contains prior work on neural architecture search and its role
in research. The 6 section explains the research questions, datasets used to solve the machine
learning task, evaluation metrics, and an extensive description of the search space used in this study.
Section 7 contains information on the experiments conducted to answer the research questions.
Section 8 discusses the statistical results obtained and their interpretations. Section 9 contains the
conclusions, interpretations based on the obtained results, and ideas for future research.

2 Introduction to machine learning

Machine learning (ML) is a subfield of artificial intelligence that focuses on creating algorithms
that learn decision logic from data [16]. The mechanism is not explicitly programmed with the
steps the computer must follow [13], [I]. An example of such a technique is an automatic credit
approval system for a bank. Machine learning learns patterns from examples instead of relying on
strict rules created by a programmer (e.g. if-else statements).

By learning from data, the ML algorithms identify patterns and use them to make predictions.
The difference can be described with a simple analogy: baking a cake. Classical programming is
similar to following a recipe for a cake, where it is exactly known what to do and what the outcome
will be [54]. In contrast, machine learning learns from observations, much like learning from a
master baker who bakes a cake. The results might vary depending on the subtleties picked up [54].

2.1 Machine learning and cognitive inspiration

The machine learning representation learning process is inspired by human perception and repre-
sentation [0]. Intelligent behavior in humans can be partly described by recognizing one concept
through multiple modalities [3]. By way of illustration, we can create a mental image of a cat. Its
image can be created by drawing, painting, or seeing it [13].

2.2 Learning process in deep learning

The domain of deep learning uses highly parameterized models to derive complex patterns from
data, achieving state-of-the-art performance [30]. In the supervised learning context, the machine
learning model is designed to solve a specific task using data and corresponding target labels (e.g.
image classification). To perform this task, an ML algorithm, when provided with data, learns
to identify patterns. During the training process, the model’s parameters are adjusted based on
the provided data to improve performance metrics [21] (see Section 6.4). These metrics quantify
prediction error relative to the ground truth in the data [13]. Training an accurate model typically
requires sufficient computational resources and training time.



2.3 Al fundamental building blocks

The main goal of an Al system is to make machines perform intelligent tasks similar to those
performed by humans [29, 13, 45]. Achieving such a goal of intelligent behavior requires three
fundamental building blocks. The first component is knowledge representation, which focuses on
how machines store and organize real-world information [12]. The second ingredient is learning,
which relates to how the system learns patterns or models. The learning process happens based on
interaction with data and identifying patterns. The third component is called reasoning, where the
system makes decisions and predictions based on its accumulated knowledge and newly collected
data.

2.4 Limitations

When we implement knowledge representation, learning, and reasoning in the computer world,
these capabilities are associated with machines that can "reason” and solve problems. The question
of whether machines can truly think is a highly debatable topic [55]. Nevertheless, machines solve
many well-defined computational tasks by applying formal rules and mathematical methods within
a computational framework. In such domains, machines outperform humans, as demonstrated in
games such as chess and Go [33, 28, 9, 52]. In contrast, humans still outperform machines in tasks
that are difficult to formulate mathematically, such as understanding intentions, interpreting social
contexts, and moral reasoning.

2.5 The rise of computational power

The main cause of the success of deep learning in recent years was the increased availability of
computational resources, parallel algorithms, and training datasets [34]. Due to these advances,
deep neural network training became more common and computationally feasible [13]. This enabled
the development of larger machine learning models and solving more complex tasks. The deep
learning approach allows for the analysis of large-scale datasets for prediction tasks and identifying
patterns that humans cannot detect given the amount of data involved. Examples of applications
include face recognition or disease classification from images. Due to the increasing availability
of AI technologies in society, Al is now a daily tool used by many people, as it is able to solve
problems with high predictive performance in many real-world domains.

2.6 Tasks
One of the typical machine learning tasks is regression, where in a basic setting we assume a linear
relationship between two variables x and y (input and output target) [22]. Typically, x represents

one or more input features, and y represents the target value. The objective in this setting is to find
a function that fits all tuples (x, y) in the training data and generalizes well to unseen instances.
However, in many regression models, the relation is non-linear (the input and output data cannot
be represented as a straight line). In the regression machine learning task, we can use a numerical
variable (such as income) to predict a credit score for a particular person in an automatic credit
issuing system.

Another very popular machine learning task is classification, where we try to assign a discrete
class to an input instance, sample, or observation. There are three basic kinds of classification



tasks. In the simplest settings, classification is binary, when we have only two categories (e.g.,
predicting whether an email is spam or not). However, there are problems requiring multiple-class
classification, where a single data instance has more than two possible classes and each input
instance belongs to exactly one of those classes. An example of such a multiclass classification task
is predicting a handwritten digit from an image. In this setting, an image can be assigned to only
one of the ten labels indicating the digit that has been drawn in this image. The third kind of
classification task is multi-label classification, where a single training instance can hold more than
one label. An example of this task is the identification of multiple objects in a single image.

2.7 Learning approaches

In supervised learning, the data in an ML system can be understood as a set with several instances,
which can be accompanied by a label or target for each feature data entry (e.g., a single entry can
be a single row where the last column is the target label). Each column corresponds to a single
feature, which can be of varied data types.

The type of dataset and knowledge we have affects the choice of learning paradigm in Al. In
machine learning, there are three basic types of learning approaches: supervised, unsupervised,
and reinforcement learning. In supervised learning, we have immediate access to the ground truth
labels we want to optimize our model for. In the supervised learning setup, algorithms learn
from labeled data where there is a clear objective to optimize. However, creating a model with
robust performance requires correctly labeled data, which is not always available. In reinforcement
learning, the agent learns through trial and error in order to maximize cumulative rewards [53].
This learning task is called reinforcement learning, where the agent interacts with the environment
and receives feedback based on its actions [17]. In the reinforcement learning setting, the training
data are generated by interacting with the environment, rather than providing it beforehand. There
is an environment with which to interact to gain experience on how to act based on rewards and the
exploration-exploitation trade-off [2]. In this dilemma, the algorithm must choose either to explore
new paths or to utilize its already learned knowledge about the environment to accomplish its goal.
Based on these rewards, the agent gains new experience over multiple steps. The unsupervised
learning approach has to gain new knowledge from the provided data in order to discover structure,
representations, or patterns. One of the unsupervised machine learning general goals is identifying
the structure and patterns that exist in the data (without labels). In the unsupervised ML setting
without corresponding labels, similar data points are grouped, which helps to identify hidden
patterns in data.

2.8 Artificial neural networks

In recent years, the dominant choice for realizing the three learning approaches has been an
artificial neural network (ANN). An ANN is a computational model inspired by biological neural
networks and neurons present in neural circuits of living organisms [16, 38]. The ANN consists
of interconnected nodes (artificial neurons) with adjustable weights. The artificial neurons are
typically organized in layers where the data flows through each layer of this network [3]. The
artificial neurons consist of compositions of a nonlinear activation function and a linear function
(see Figure 1). Without non-linearity of activation functions, even the most sophisticated neural
architectures would collapse into simple linear models with severe limitations. The entire network
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Figure 1: A visualization of information flow in an artificial neuron. Each input activity is multiplied
by a number called a weight. Those inputs are then added together. The resulting output is
calculated by an input-output (activation) function. Taken from [25]

reduces to a single linear transformation. Non-linearity enables complex pattern recognition and
expands the representational capacity of neural networks [35]. The simplest form of artificial neural
networks is feedforward neural network (FNNs) [13]. It consists of an input layer, hidden layers,
and an output layer. ANNs can model complicated relationships in the data.

2.9 Universal approximation theorem

The universal approximation theorem (UAT) states that such neural networks with at least one
hidden layer can approximate arbitrary continuous functions within an arbitrary degree of accuracy
[3].

The theory states that there exists a sufficiently large network (with a limited number of neurons)
that can approximate arbitrary functions with a desired accuracy. In this case, a continuous function
is represented as a superposition of simpler components (also known as basis functions). The
major results and theorems on the approximation capabilities of NNs state that depth-2 NNs
with a suitable activation function are universal approximators. NNs of depth 1 have limited
approximation capability [3].

While UAT states that such a network exists, it says nothing about the topology of those
networks; how to build such an architecture that gives an acceptable approximation [12, 27]. The
architecture design step involves human intervention. A neural architecture designer must decide
about architecture configuration such as network depth, width in each (hidden) layer, and operations
such as activation functions.

2.10 Neural network architecture

When L indicates the number of hidden layers, the total number of layers in a network is L + 2
(where we have L hidden layers, an input and output layer). Each layer of this neural network can
be represented as:

yi = fi(x;) = 0;(Aix; + b;). (1)

4
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Figure 2: Overview of the most popular activation functions. Taken from [3].

Where xi indicates the input to the ith layer and y; denotes the output of the iy, layer. The
activation function in the iy, layer is denoted by ;. The matrix of learnable weights, in the neural
network, is denoted by A;. The bias vector is indicated by b;. The most popular non-linear
activation functions are ReLU, T'anh, Logistic, and Step [11] (see Figure 2).

In the input layer, there is only one neuron per feature, and it is simply passed as o¢(Aox + by).
The neural network with only one hidden layer is called a shallow neural network. A deep neural
network is a neural network with more than one hidden layer.

2.11 Neural network training
2.11.1 Training in supervised learning

The training of a neural network is based on updating the weights between the input, hidden units,
and output. First, the neural network is presented with training examples. In supervised learning,
each training example has data to give to the network, as well as the correct output—the desired
answer the neural network should produce. After the neural network prediction, it is determined
whether the network input matches the desired output [25]. Based on the network prediction and
the desired response, an error is calculated, where a typical measure for regression tasks is mean
squared error (MSE). Based on the computed loss, an optimization algorithm and gradients, the
weights of each connection are updated to produce a better approximation of the desired output.
The training process consists of multiple iterations over the training data, denoted as epochs (for
details, see Sections 2.11.3 and 2.11.4).

2.11.2 Training, validation and test sets

The dataset used for evaluating a machine learning model is divided into training, validation,
and test sets [7]. This split enables model training, hyperparameter tuning, and unbiased model
evaluation. The training set is used to fit a certain ML algorithm to find the model parameters.
The validation set is used to evaluate different model configurations and tune the corresponding
hyperparameters. The test set serves as a final evaluation and the test set is independent: it is
held out from feature selection, training, optimization, and validation. If the performance of the
model on the test set is not satisfactory, the model needs to be further refined [37], [25]. This
refinement should be based on the training and validation sets. One common example used for
training, validation, and test split in machine learning is 70%, 20%, and 10%, respectively.



2.11.3 Backpropagation algorithm and gradient descent

The backpropagation algorithm is one of the most important methods for training neural networks.
The algorithm optimizes weights and biases by computing the gradients of the loss function with
respect to the network parameters [14]. The name of the algorithm originates from propagating
the error backward through the network and utilizing chain rule to calculate the contribution of
each parameter to the final error. The backpropagation algorithm pipeline consists of two main
steps: forward and backward pass. In the forward pass, the data is propagated layer-by-layer.
In each layer, a linear transformation and an activation function is applied to the input of this
layer. The output of one layer becomes an input to the next layer. The difference between the
output of the last layer of the network (final prediction) and the target value (ground truth) is
quantified using a predefined loss function (e.g. MSE loss). In the backward pass step, the chain
rule is applied to compute the gradients of the loss function with respect to the network parameters.
The backward process is repeated layer-by-layer from output to input, where contribution of each
weight and bias to the total error is determined. The gradient descent algorithms are then used
to update model’s learnable parameters based on the computed gradients. In gradient descent
algorithms, each weight is adjusted based on the learning rate which determines the step size during
optimization [11, 23, 10].

2.11.4 Epochs, batches and gradient updates

In a single epoch, the model sees the entire training set, which is grouped into batches to utilize
parallel processing. Instead of loading the entire dataset into memory at once, the data set is
split into smaller batches. The total loss in each epoch is calculated per batch by summing up all
prediction errors (calculated by the loss function) for each data point.

During the training process, gradients of the loss are computed with respect to the model
parameters (see Section 2.11.3). The run of the ¢rain function involves running three intermediate
steps. The first step clears the gradients of all optimized tensors. It avoids gradient accumulation,
ensures correct gradient calculation, and prevents memory leaks.

The second step calculates the slope at the current position by determining how each parameter
contributes to the error and what the optimal direction is to move toward reducing the error. The
gradients are computed based on the slope calculated in the backward pass. The third step updates
the model parameters using the optimizer and the gradients computed in the previous step.

2.12 Automated machine learning

The rapid expansion of big data, high-performance computing, and tremendous demand for hands-
free machine learning solutions gave rise to the field of automated machine learning (AutoML)
[32, 30]. Although machine learning has achieved considerable success in recent years and a growing
number of disciplines rely on it, the ML success relies on human machine learning experts who
preprocess the data, construct appropriate features, model, design neural networks, and analyze the
results obtained [32]. In the traditional ML pipeline, human engineers need to select the right neural
architectures, training procedures, regularization methods, and hyperparameters. The complexity
of those tasks is sometimes beyond non-ML experts.

The AutoML domain helps to make machine learning pipelines accessible without expert
knowledge. It allows exploration more possible alternatives for solutions, reducing the time for



manual design and trial-and-error [5].

Automated machine learning provides methods to improve the efficiency of machine learning and
accelerate research on ML [32]. AutoML targets the progressive automation and ”democratization”
of machine learning, where the ML domain is accessible to a wider range of people [30, 18]. The
current goal of AutoML research is to semi-automate those pipeline steps and gradually remove
the human in the loop [30].

One emerging subfield of AutoML is called neural architecture search (NAS), which targets the
problem of finding well-performing deep neural networks [00]. Neural architecture search is one of
the 3 ingredients along with hyperparameter optimization and meta-learning [15] (see Section 3). It
has been shown that AutoML methods are mature enough and are able to surpass human machine
learning experts in several tasks [30], [7]. The time required to perform trial and error on those
tasks creates a significant amount of work that these experts need to spend to find optimal settings.

In contrast, the AutoML pipeline aims to automatically determine the optimal approach for
this task based on data provided by the user. While the goal of AutoML is to minimize human
intervention in solving machine learning tasks and save time, it still requires a basic level of
understanding of machine learning algorithms and programming. While the automatic pipeline
aims to discover optimal solutions, it can lead to lower model quality than manual training and
opaque model complexity [1].

Nowadays, NAS is mistakenly equated with AutoML [30]. However, NAS is just one of the
many ingredients of AutoML, and there is much more to AutoML than NAS. NAS is considered
one of the most challenging tasks in AutoML, due to the extremely large search space and long
training times of architectures.

3 Neural architecture search

The main objective for neural architecture search is to find a well-performing architecture for a
given machine learning task. This architecture topology design is difficult, as the search space
grows exponentially with an increasing number of architectural choices and the exhaustive search
becomes infeasible. NAS has become an important research field, as it automates this process of
finding an optimal architecture.

3.1 Traditional NAS

Traditional NAS relies on human-designed search spaces [70]. Architecture designers needed to
carefully make architectural choices in order to discover an optimal architecture. However, the
expertise of those people is limited and makes the system unusable for non-experts. The scope of
the NAS domain has been limited to only a few tasks.

The huge choice of possible architecture designs boosted the development of NAS, which treats
the discovery of a high-performing architecture for a given task as an optimization problem. NAS has
produced architectures with state-of-the-art performance for various tasks, but image classification
is the dominant domain in this field.



Figure 3: Illustration of a NAS-Bench-101 cell that attained the lowest mean test error. The nodes

indicate operations, and the edges indicate how information flows between operations. A cell is
represented as a directed acyclic graph (DAG).

3.2 Neural architecture search components

3.2.1 NAS as a subfield of AutoML

One of the key factors in the success of deep learning is the reduction in manual feature engineering,
which requires a tremendous amount of computational resources, expertise, and time. In recent
years, the emergence of high-performance deep learning architectures has resulted in successful
breakthroughs in a variety of fields such as computer vision, natural language processing, and
reinforcement learning [56]. Neural architecture search (NAS) is a subfield of machine learning
in which the process of designing a well-performing architecture is automated. Given a machine
learning task (such as image classification), NAS aims to discover high-performing architectures
within a search space (see Section 3.2.3). Those architectures differ in the number of layers,
parameters and operations. Even though NAS reduces the human effort for manual architecture
design, it outperforms many hand-designed architectures on various tasks (such as classification
on ImageNet) [56]. NAS focuses on automating the design of neural network architectures.
Other components of the machine learning pipeline (such as hyperparameter optimization or data
preprocessing) are handled by broader AutoML methods. NAS is often considered a closely related
field to hyperparameter optimization (HPO), and can be viewed as a special case of HPO where
architectural choices are included in the search space [57, 56]. Architecture optimization in NAS
is much more complex because the dependence of previous design choices may affect the results
of subsequent ones. The topology of an architecture is typically represented by a directed acyclic
graph (DAG), where nodes represent operations, and edges represent the information flow between
them. The network topology is defined by the arrangement of nodes and the connections (edges)
between them (see Section 3.2.3).
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Figure 4: An overview of NAS pipeline, taken from [50]

3.2.2 NAS pipeline

Many modern NAS techniques incorporate weight sharing for similar architectures to avoid com-
putationally expensive training. The weights of this supernet are shared among all candidate
architectures [9]. This super-architecture is structured to cover the search space of candidate
architectures. In classical NAS frameworks (as described in prior literature), a search strategy
proposes architectures, and performance estimation evaluates them. The search strategy is updated
based on the evaluation results [70]. Since one-shot methods reuse weights and train one large
architecture, the search and performance estimation are tightly coupled within a single training
process through shared weights (see Figure 4). An example of a performance estimation strategy is
validation accuracy computed using shared weights. The one-shot approach reduces computational
cost, but introduces bias in performance estimation due to weight sharing.

3.2.3 Search space

The search space in NAS research specifies all architectures the NAS algorithm is allowed to
select and defines the set of candidate architectures that can be explored by the NAS algorithm
(see Sections 3.2.3, 3.2.5 and 8.3). The search space is task-specific and usually cell-based.
However, there are other types of search spaces that have also gained significant attention. Other
types of search spaces include chain-structured and hierarchical search spaces. The atomic unit
in building neural network topology typically consists of operations such as convolutions, pooling,
normalization, or activation functions [56].

The cell-based search spaces boil down to searching over small cells (micro-architecture) instead
of searching for the entire architecture (macro-architecture) [56]. The two most popular cell-based
search spaces are DARTS (operation choices on the edges) and NAS-Bench-101 (operation choices on
the nodes; see Figure 3 for illustration). In DARTS (Differentiable ARchitecTure Search), gradient
descent and NAS are combined to automatically optimize neural network architectures in ANNs
[24]. Cell-based search spaces are widely used in NAS due to their efficiency and transferability
[56]. On the other hand, the choice of a cell-based search space reduces its expressiveness, making
it difficult to discover truly novel architectures.

For a cell-based NAS search space, each cell can be represented as a directed acyclic graph with
a maximum number of nodes, where each node holds a label indicating the corresponding operation
for this node (cell-based search space grows exponentially with the number of nodes and possible



operations) [H8].

The NAS search design represents a trade-off, where hand-picked decisions allow finding a
high-performing architecture in less time, while a more extensive search space could allow the
discovery of truly novel architectures that may have a more primitive design.

A typical NAS search space consists of layers where there is a choice of a few operations for
each layer (such as 1x1 convolution or residual layer). Such units create a micro search space. A
module indicates a sequence of those layers and creates a macro search space. Hierarchical search
spaces allow for more than one searchable level [50].

3.2.4 Search strategy

Search strategies in NAS are one of the most studied NAS components and include black-box
optimization methods (e.g., reinforcement learning, evolutionary algorithms) as well as weight-
sharing (one-shot) approaches [50]. In black-box methods, each sampled architecture is trained
independently to obtain performance estimates. In one-shot methods, a single over-parameterized
model is trained, and shared weights are used to evaluate architectures. There are hybrid approaches
that combine black-box and weight-sharing methods [50].

3.2.5 Algorithms overview

The comparison baseline for NAS algorithms is random search, where architectures are chosen
randomly before the complete training process [76]. Another comparison baseline is local search,
where neighbors of the best architectures found so far are chosen and differ by one operation or
edge from the best architecture.

Popular NAS algorithms include evolutionary approaches where the population of architectures
is iteratively updated [56]. Every step of an evolutionary algorithm consists of mutating ” parent
architectures”, which perform well based on evaluation metrics, to create ”child architectures”.
These new architectures are trained, and the population of architectures is updated by replacing the
oldest architectures in the population or architectures with the worst performance. The regularized
evolution algorithm drops the architecture that has lived the longest in the population, even if this
longest-lived sample has the highest accuracy. This method achieved state-of-the-art performance
on ImageNet.

In NAS reinforcement learning, there is sequential decision-making over architectures. The
reward signal is typically based on validation performance. This performance is used to train
a controller that learns to sample high-performing architectures [56]. However, reinforcement
learning-based NAS has become less prominent in recent years compared to evolutionary approaches
(for algorithm comparison, see Section 8.3).

The success of Bayesian Optimization comes from the efficient optimization of expensive
functions. This method builds a probabilistic surrogate model and creates a function that balances
exploration and exploitation during the search. The surrogate model is trained based on previously
evaluated architectures. The architecture is chosen to maximize the acquisition function. At the
end, the architecture with the highest validation accuracy is chosen [50].

Another class of NAS methods includes Monte Carlo Tree Search (MCTS) algorithms, which
recursively sample new decisions by running stochastic rollouts to obtain a reward (yielding high-
performing architectures) [56]. Then, the obtained reward is propagated back up the tree to update
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node statistics such as visit counts and value estimates. This algorithm balances exploitation and
exploration by performing decisions that build a tree search toward regions of the search space
with high performance. To enable a higher number of MCTS rollouts, a neural network can be
used. Further efficiency can be achieved by pruning the tree or applying multi-objective NAS.

Multi-objective NAS optimizes for multiple parameters. While many NAS settings optimize
only a single metric (e.g., accuracy), multi-objective NAS solves a constrained optimization problem
involving optimal latency, memory usage, and hardware constraints. The set of optimal solutions
in this setting is called the Pareto front.

3.2.6 Different training pipelines

Another NAS concept is one-shot techniques, which target the immense computational cost of
traditional three-ingredient NAS, where it is common to train each architecture independently from
scratch (increasing the computational burden of those methods). In one-shot method, there is only
a single training process of a hypernetwork (which generates weights conditioned on architecture
encoding) or a supernetwork (which contains all possible architectures in the search space). Unlike
supernets, which contain all candidate operations, hypernetworks generate the weights for candidate
architectures using a separate neural network. Supernets enable parameter sharing across a large
number of architectures, significantly reducing the cost compared to training each architecture
independently due to the linear cost of adding new operations to the supernet. It has been debated
whether performance under one-shot training is the same as when training each architecture

independently.
Supernet training consumes a large amount of memory and latency and can only contain archi-
tectures with roughly the same size [56]. Treating architecture parameters as normal architecture

weights may lead to improved generalization. In the hypernetwork approach, neural network weights
are generated for multiple neural networks.

To save computational resources, other one-shot methods (such as DARTS) involve simultaneous
training and search where discrete architecture choices are relaxed into continuous weights over
operations. A black-box search strategy assumes that we have no access to any information about
the objective function other than its inputs and outputs [20]. After training a supernet, a black-box
search strategy can be used to select the best-performing sub-network based on shared-weight
evaluation. Although they face performance issues and require a lot of expertise, they offer orders-
of-magnitude speedup over black-box optimization techniques. The differentiable NAS methods
allow the use of gradients to optimize their parameters. In differentiable supernet methods, gradient
descent is used for a continuous relaxation to search for a high-performing local optimum. This
method is used for DAG-based methods with different choices of operations on each edge. The
DARTS method gained attention through simplicity and novelty, but the room for improvement
led to a series of extensions [56]. DARTS has been reported to exhibit poor test generalization and
to converge to sharp local minima in the loss landscape.

The weight inheritance method involves reusing weights from trained architectures to initialize
similar candidate architectures, thereby accelerating convergence [50].

The meta-learning approach eliminates the need to train single architectures from scratch by
leveraging previously explored solutions. Meta-learning-based NAS methods reuse knowledge from
previously explored architectures or tasks to initialize or guide the search process.
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3.2.7 Speedup techniques

The speedup techniques in NAS are divided into performance estimation, performance predictors,
and multi-fidelity optimization. Besides training for fewer epochs, common speedup techniques
include learning curve extrapolation, surrogate models, and zero-cost proxies [56].

The performance predictor in this context is defined as any function that predicts the accuracy
of architectures without fully training them [56], which can save a significant amount of time.

Speedup techniques are used in NAS research to estimate the final validation performance of
networks before they are fully trained, which can speed up the runtime of NAS algorithms. Their
objective is to produce predictions that are highly correlated with the validation accuracy obtained
after full training. Examples of such performance predictors include learning curve extrapolation,
zero-cost proxies, partial learning curve models with parametric fitting, and surrogate models.
Zero-cost proxies can be applied to Bayesian optimization NAS and one-shot NAS. Zero-cost proxies
compute inexpensive statistics from a network using only one forward or backward pass, allowing
architectures to be ranked without training. The drawback of zero-cost proxies is that they are
sometimes unreliable and weakly correlated with fully trained performance.

Another class of speedup techniques is multi-fidelity optimization. Instead of training every
architecture until convergence, these methods evaluate candidate architectures using cheaper
approximations such as smaller datasets. The performance of such architectures is evaluated using
cheaper, lower-fidelity versions of training. These methods introduce a fidelity parameter that
determines how expensive the evaluation is. Higher fidelity corresponds to evaluations that more
closely approximate full training. Examples of multi-fidelity algorithms include Successive Halving
and HyperBand [50].

3.2.8 NAS and hyperparameter optimization

Hyper-parameters are configuration variables that control the behavior of machine learning algo-
rithms. The choice of their values determines the effectiveness of systems based on these technologies.
Manual hyperparameter search is often time consuming and becomes infeasible when the number
of hyper-parameters is large. Automating the search is an important step towards advancing,
streamlining, and systematizing machine learning [19]. The typical hyper-parameters include
learning rate, optimizer, batch size or weight decay.

While hyperparameter optimization (HPO) and NAS are distinct optimization problems, HPO
plays a significant role in NAS because it can lead to substantial performance improvements. NAS
can be jointly combined with hyperparameter optimization. It has been shown that, on popular
search spaces, optimizing hyperparameters can lead to a greater improvement in validation accuracy
than optimizing the architecture [56]. However, it is much more difficult to run joint NAS and HPO
than to perform these processes in isolation. In this joint setup, the search space becomes very
complex, and different parameters have different effects depending on the available computational

budget [50].

3.3 NAS goals

Neural Architecture Search aims to find a high-performing neural network architecture within a
predefined search space under computational constraints such as limited training time, memory, or
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computational budget. It aims to maximize a predefined performance metric for a fixed dataset
and a training protocol.

3.4 Applications

NAS has been successfully applied in numerous domains beyond image classification. Although the
majority of NAS work has been applied to image classification, there are numerous examples of
successful applications in less-used domains. NAS has been extended to several neural network
architectures, including graph neural networks (GNNs), generative adversarial networks (GANs),
and Transformer models. It has also been applied to dense prediction tasks, such as semantic
segmentation and depth estimation. Graph neural networks are neural networks that process data
represented as graphs. Generative adversarial networks consist of a generator and a discriminator
that are trained to compete with each other in a game-like setup. Dense prediction tasks require
predictions for every pixel or spatial location in an image, such as semantic segmentation or depth
estimation. NAS has also been applied to Transformer architectures used in language modeling and
computer vision. Despite these extensions, image classification remains the dominant benchmark
for evaluating NAS methods.

3.5 Task definition

The task in this study is formulated as a supervised learning problem with inputs z, targets y, a
predictive function f(x), and a loss function used to optimize the model parameters. The targets
are real-valued amplitudes. The model is trained to predict log(y), which allows for comparing
very small amplitude numbers with each other.

4 Background

4.1 The transverse field Ising model

The Ising model is a mathematical model of interacting spins that is widely used to study magnetism
and phase transitions [I1]. The transverse field Ising model (TFIM) extends the classical Ising
model by introducing a magnetic field perpendicular to the interaction axis, allowing the spins to
undergo quantum fluctuations.

In the one-dimensional Ising model, there are N spins which occupy equally spaced sites on a
linear lattice. Each lattice site contains a spin variable, representing spin-down and spin-up states.
In an ordered phase, neighboring spins tend to align. In a disordered phase, quantum fluctuations
prevent long-range spin alignment.

The Hamiltonian equation defines the energy in the quantum system. Solving the Hamiltonian
yields the ground-state wavefunction, whose amplitudes are the target values predicted in this work.
This Hamiltonian has the form:

N-1 N
T z _z z _z x
H = g UZ-0'2~+1—|—O'N0'1—}L§ o (2)
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Figure 5: Explanation of the transverse-field Ising model (TFIM), superposition amplitude, and
the Hamiltonian equation representing the ground state energy of the quantum system.

The parameter h in the equation represents the strength of the magnetic field that tries to flip the
spins in a perpendicular direction. The Zfi}l oio7,, term represents the local spin-spin interaction
between neighboring particles in the system. The 03,07 element represents the interaction between
the first and last spin in this system (periodic boundary condition). The chain of spins forms a
closed loop in this setting, where the first spin and the last spin interact together. The h sz\il of
term represents the effect of the external magnetic field applied to and affecting all spins in the
TFIM system. The last element of this equation (the external magnetic field) tries to change the
direction of spins along the X-axis, while the first two terms (indicating local spin—spin interactions)
try to align the spins along the Z-axis. The strength h of the external magnetic field controls a
phase transition from ferromagnet to paramagnet with a critical point between those transitions at
h =1.0. The J value of coupling constant measures how strongly neighboring spins interact. In
the setting introduced in [10], J = 1.

In this work, we consider the computational setting introduced by [10]. In this setting, there
are N spins that hold a binary value—either 0 or 1. Each unique combination of spins creates a
spin configuration that is mapped to a wavefunction amplitude, which is a real number.

4.2 The quantum many-body wavefunction

The wavefunction is a complex-valued vector in Hilbert space that encodes the state of a quantum
system. The computational z-basis is the basis in which each spin is an eigenstate of the Pauli-z
operator o®. The wavefunction can be represented as |¥) = > Cs|s) where Cs stands for amplitude
of configuration s. A system of N spins has a Hilbert space of dimension 2V, with each basis vector
corresponding to a distinct spin configuration.
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4.3 Neural quantum states

This subsection discusses parameterization and model capacity of NQS. Neural quantum states are
feedforward neural networks used to efficiently represent many-body quantum wavefunctions [13].
NQS aim to approximate the true wavefunction amplitudes Cg by a parametrized function

Yo (s)

where s denotes the full spin configuration, 6 represents network parameters. The function

Yo(s)

returns the predicted wavefunction amplitude for configuration mathbfs. For example, storing
a general wavefunction of 60 spins requires 2% complex amplitudes, which is computationally
infeasible. In many physical systems such as the transverse-field Ising model (TFIM), locality
can be exploited to construct efficient representations. Locality in the TFIM model means each
part of the system mainly interacts with its nearby neighbors. Based on the choice of the NQS
architecture design, we can encounter substantial differences in performance [13]. NQS often lack
direct interpretability, making it difficult to identify which correlations in the system are most
strongly captured by the model.

4.3.1 Parameterizing quantum wavefunction

The ability of NQS to accurately represent a quantum wavefunction depends on the model capacity
[10]. NQS provide a compact representation of high-dimensional quantum states despite the
exponential growth of the Hilbert space, with an increasing number of spins. This deep learning
paradigm operates in two regimes of parameters. One of them is the under-parameterized regime,
when the model has fewer parameters than needed to perfectly approximate the data. In the regime
when the model has just enough capacity, this point is called the interpolation threshold [17]. In
the over-parameterized regime, the model has more parameters than needed to fit the data. In
the setting studied in [10], models with a large number of parameters may overfit on the available
training data, which corresponds to a bias-variance tradeoff. In the setting introduced in [10],
the total number of trainable parameters in the model depends on the width W, depth of the
architecture, input and output dimensions.

4.3.2 Double descent

Although neural quantum states were inspired by deep learning, it was not clear to what extent
they share the same properties as other neural networks, such as the double descent phenomenon
[10]. The double descent phenomenon has been observed on a variety of machine learning tasks [10].
In this phenomenon, while increasing the number of parameters in the network, the performance
initially degrades until the interpolation threshold. After reaching this point, the performance
improves again when the model becomes over-parameterized. The work [10] examines whether
NQS exhibit the same double-descent behavior observed in conventional neural networks.

In [10], the double descent phenomenon was studied using three-layer feedforward neural
networks to predict TFIM ground-state amplitudes (see Figure 6). In a setting introduced in [10], a
spin configuration is a 1D chain of zeros and ones. In the under-parameterized regime, the number of
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unique training configurations correlates with the network generalization property. The loss function
used for this task is inspired by the Hellinger distance between two distributions over the entire
Hilbert space [10]. The experiments in [10] showed that the interpolation threshold lies well beyond
the Hilbert space dimension, which indicates NQS typically operate in the under-parameterized
regime. As a consequence, increasing model size and following a ”bigger is better” approach does not
necessarily improve generalization, which motivates the exploration of alternative NQS architectural
choices. Model performance was evaluated using the infidelity metric. The infidelity measures the
disagreement between the predicted wavefunction and the exact ground-state wavefunction. Lower
values indicate a more accurate approximation:

T=1-|{Tgl)[* (3)

4.3.3 Spin configurations

The goal of the NQS network in this study is to approximate the true amplitude for small system
sizes (N = 12 spins) using a compact approximation of the wavefunction [10]. Each training example
consists of a spin configuration as the input and its corresponding ground-state amplitude as the
target value. For a system of N = 12 spins, the Hilbert space contains 2!% = 4096 basis states (spin
configurations). It was shown that the NQS generalization property depends on data composition
(see Section 4.3.4). The amplitudes are non-negative. Their squared values correspond to the
probability of observing each spin configuration. Since the wavefunction is normalized, the squared
amplitudes over all amplitudes sum to one. In [10], rather than selecting configurations at random,
the training set contains 75% of configurations with the largest amplitudes from the Hilbert space,
as [10] found that this ordering improves generalization on the test set.

4.3.4 Dataset composition

The dataset composition affects the network’s ability to learn wavefunction amplitudes. The [10]
paper compares two dataset compositions: an amplitude-ordered split and a uniform split. Due to
very small amplitudes that contribute little to learning in the uniform split, the test-loss minimum
does not strongly depend on the number of unique training configurations [10]. For a small number
of unique training configurations, it is easy for the network to memorize the dataset, but this leads
to poor generalization for unseen configurations [10]. The amplitude-ordered training set contains
the most probable configurations, providing more information about the probability distribution
defined by the squared wavefunction amplitudes.

4.3.5 Loss functions

The choice of a loss function affects the learning performance. The mean squared error (MSE) loss
function is one of the most popular loss functions in machine learning. Compared with the MSE,
the Hellinger-inspired loss produced smoother and more stable optimization in the experiments
[10]. Although Hellinger Loss provided smoother trainings, MSE loss produced better models with
lower losses.
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Figure 6: Neural quantum states (NQS) architecture where the input layer consists of a configuration
of N spins. The intermediate (hidden) layers transform the input, and the output is an amplitude
on a logarithmic scale. Figure taken from [10].

5 Related Work

5.1 Benchmarking

Neural architecture search (NAS) benchmarks provide standardized environments for evaluation of
NAS algorithms. The benchmark components include a fixed search space, training pipeline, and
evaluation protocol. Tabular NAS benchmarks provide precomputed evaluations for all possible
architectures in the search space. NAS-Bench-101 was the first tabular NAS benchmark, released
in 2019 [58]. Although [58] does not explain the origin of number 101, the most probable naming
convention is analogical to the introductory course numbering at universities, e.g. ’Computer
science 101’, what is connected to the first foundational NAS benchmark [31].

5.2 NAS-Bench-101
5.2.1 Motivation

In the early stages of NAS research, architectures were optimized only for final test accuracy on
CIFAR-10 or ImageNet. The search space and training pipelines differed across methods. This
made it difficult to fairly compare NAS methods and reproduce reported results. Queryable NAS
benchmarks have alleviated this issue by providing fixed and standardized evaluation components.

5.2.2 Search space

The search space of NAS-Bench-101 is cell-based, where each architecture is constructed from
directed acyclic graphs (DAGs) representing computational cells. Each cell is stacked three times
to form a full network. Each cell is constrained to at most 7 nodes and 9 edges, where each node
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can take one of three operation types. NAS-Bench-101 creates a search space of 423k convolutional
neural network architectures for image classification. The full search space was analyzed, requiring
approximately 100 TPU-years of computation, yielding insights into architecture performance and
NAS algorithms [58]. The architectures can be encoded in different ways, and an encoding choice
can bias the search space and NAS algorithm performance [58]. Each architecture from this search
space is trained multiple times (with different seeds) on the CIFAR-10 benchmark dataset.

5.2.3 Role in research

NAS-Bench-101 allows researchers to avoid repeatedly training architectures during search by using
precomputed evaluation metrics, such as MSE or MAE on the test set. In the NAS-Bench-101
setting, architectures were originally trained under a fixed set of hyperparameters selected via
coarse grid search. Each architecture was trained with three different seeds and four different
training budgets (number of epochs). This architecture dataset is a mapping from architectures to
their evaluation metrics. NAS-Bench-101 enables evaluation of NAS algorithms that aim to find
high-performing architectures under specified constraints.

NAS-Bench-101 examines the influence of neural network operations and cell topology on
the performance of CNNs and the relationship between number of parameters, training time,
width, depth, and validation accuracy. The precomputed results in the NAS-Bench-101 table
allow researchers to investigate the impact of various architectural choices on the performance of
the network. The benchmark analysis showed that the best cell is not the most computationally
intensive one. Although there is a positive correlation between these factors, this relation is not
unambiguous. The search space exhibits locality, meaning that similar architectures tend to have
similar performance.

5.2.4 Algorithms analyzed

The NAS-Bench-101 authors compared a diverse set of NAS algorithms to evaluate the usefulness of
the benchmark. The algorithms analyzed include Reinforcement Learning, Bayesian Optimization
Hyperband (BOHB), and SMAC. Each algorithm was compared against random search and
evaluated based on 500 independent runs, achieving robust performance.

5.3 Other benchmarks and applications

NAS-Bench-101 served as a baseline and inspiration for a variety of subsequent benchmarks which
extended the original work in several directions (see Sections 5.3.1, 5.3.2 and 5.3.3). The follow-up
work includes extending the search space, modeling surrogate models, or increasing the number of
application domains. While all benchmarks emphasize the importance of reproducibility of NAS
research and the tremendous computational resources that traditional NAS requires, their search
space, task range, and evaluation pipelines are substantially different. A surrogate NAS benchmark
is a benchmark that uses a surrogate model to predict the performance of any architecture in
the search space. NAS-Bench-1Shotl simulates one-shot algorithms by defining a subset of the
NAS-Bench-101 search space with a fixed number of nodes. NAS-Bench-201 is another tabular
NAS benchmark precomputed on CIFAR-10, CIFAR-100, and ImageNet datasets. Surr-NAS-Bench-
DARTS was the first surrogate NAS benchmark [56]. NAS-Bench-NLP consists of an LSTM-inspired
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search space. NAS-Bench-ASR is a benchmark designed for automatic speech recognition. NAS-
Bench-360 and NAS-Bench-Suite are benchmark suites that provide NAS benchmarks for a diverse
set of problems, such as prosthetics control, protein folding, and astronomy imaging [56].

5.3.1 NAS-Bench-201

NAS-Bench-201 [14] also raises the reproducibility problem of NAS algorithms. Released one year
after NAS-Bench-101, NAS-Bench-201 redesigned the original NAS-Bench-101 search space. The
main difference between the two benchmarks is that NAS-Bench-201 has operations on edges, while
NAS-Bench-101 has operations on vertices [11]. The search space of NAS-Bench-201 consists of all
architectures generated by 4 nodes and 5 associated operation options, which results in 15625 neural
candidates in total (substantially fewer than 423k in NAS-Bench-101). Contrary to NAS-Bench-101,
NAS-Bench-201 supports a broader range of NAS algorithms, including parameter-sharing-based
methods and network morphisms. Moreover, in NAS-Bench-201, there are no constraints on the
number of edges [11]. Additionally, NAS-Bench-201 is evaluated on 3 different datasets and provides
more diagnostic information than NAS-Bench-101 [14].

5.3.2 NAS-Bench-301

NAS-Bench-301 explores the idea of surrogate models for low-cost performance approximation
[51]. NAS-Bench-301 targets the main limitation of NAS-Bench-101 and NAS-Bench-201, which
is a consequence of tabular benchmarks, mainly extremely small architectural search spaces and

high usage of computational resources [51]. Such tabular benchmarks exhaustively evaluate the
entire search space where every possible architecture is trained and evaluated. This solution does
not transfer to larger search spaces [71]. Instead of exhaustively evaluating the search space,

NAS-Bench-301 utilizes surrogate models which enable evaluation of much larger search spaces such
as DARTS containing up to 10?! candidate architectures. The NAS-Bench-301 authors showed
that surrogate benchmarks can approximate architecture performance with high accuracy while
utilizing only a small fraction of the computational cost of tabular benchmarks.

5.3.3 NAS-Bench-Suite

NAS-Bench-Suite collects multiple NAS benchmarks that evaluate NAS algorithms across diverse
search spaces and tasks. The analysis demonstrated that conclusions reached on a single benchmark
often fail to generalize across different search spaces and datasets. The paper highlights the
importance of multi-benchmark evaluation [39].

5.4 Research gap

Up to this point, existing NAS benchmarks have focused primarily on classical machine learning
tasks, such as image classification, natural language processing, and automatic speech recognition
[39]. To the best of our knowledge, there is no established NAS benchmark for neural quantum
states. This work addresses this gap by adapting the NAS benchmarking framework to neural
quantum states. Instead of evaluating NAS methods on classical ML tasks, the proposed benchmark
evaluates their ability to discover architectures that accurately represent quantum many-body
wavefunctions.
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6 Approach

Initially, the search space was defined by specifying all considered architectures. The objective
is to identify which architectural choices, such as activation function, network width and depth
improve NQS performance. Across the four datasets which represent different Hilbert-space regimes
(see Section 6.2), the optimal architecture is identified based on different choices of activation
functions, depths, and widths. The main methodology component is to create an automatic pipeline
that generates architectures from a specified search space, trains each architecture, evaluates its
performance, and stores the results in a structured format. The experiments are analyzed to
characterize the search space and identify architectural features that correspond to high-performing

NQS.

6.1 Research questions

The main research question that will be explored in this project is: Which MLP architectural
features improve the performance of neural quantum states? This question is subdivided into 2
sub-questions:

How does the interaction strength between particles influence the choice of optimal MLP archi-
tecture?

The goal of this study is to examine the relationships between particles in different regimes that
are influenced by spin-spin interactions and the transverse magnetic field. The specific interactions
between those components influence which architectures are the most suitable for discovering those
relationships. For example, spins can form clusters or can be concentrated around a single point
based on their amplitude.

Which architectural choices are valuable for discovering relationships in quantum systems?

This work constructs a tabular benchmark to identify which architectural choices are associated
with strong neural quantum state performance. The choices include network depth, widths, and
the choice of an activation function. The goal of this study is to find a subset of those choices that
is the most beneficial for approximating the wavefunction amplitude in quantum systems. The aim
of this study is to investigate the architectures with the highest evaluation metrics on the test set
and report their results.

6.2 Datasets

This study uses four datasets, each corresponding to a different value of the external magnetic field
h. The h values are h = 107%, h = 0.5, h = 1.0, and h = 2.0. These values span the most relevant
physical regimes of the TFIM, ranging from the nearly classical regime (with negligible quantum
effects) to the regime with strong quantum effects. The selected values cover the ferromagnetic phase,
the quantum critical region, and the paramagnetic phase. Each dataset consists of one-dimensional
spin configurations of 12 spins. Each spin holds either 1 (up) or 0 (down) value. Each dataset
is saved in a .csv file, which contains 2'? rows (the entire Hilbert space). Each row contains a
spin configuration together with its normalized ground-state wavefunction amplitude. The squared
magnitude of the amplitude gives the probability of observing the corresponding spin configuration.
The normalized squared magnitudes of the amplitudes over all configurations sum to one. The
datasets used for this study were provided by the supervisor. They were generated using density
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matrix renormalization group (DMRG), which is a numerical algorithm for the efficient truncation
of the Hilbert space. The DMRG algorithm is applied in the calculation of static, dynamic, and
thermodynamic quantities in quantum systems [18].

config amplitude probability

000000000000  0.8497603620873733 0.7220926729748636
100000000000  0.10799532347145337  0.011662989891703845
010000000000  0.10799697807054348  0.011663347272369447
110000000000  0.027465070815232875 0.0007543301148857567
001000000000  0.10799908754280058 0.0116638029100775

Ol W N~

Table 1: Visualization and demonstration of the first 5 entries from a 1D TFIM dataset where
h = 0.5. Each unique spin configuration is mapped to its corresponding amplitude and probability.

6.2.1 Explanation and reasoning why particular h values were chosen

As h increases, the transverse magnetic field becomes increasingly dominant over the spin-spin
interaction. The selected h values span different quantum regimes and the datasets span different
regimes of the phase diagram. For the dataset where h = 1075, it represents the classical Ising
limit where there are nearly no noticeable quantum effects present. In the classical Ising model,
the nearest-neighbor interaction dominates over the transverse magnetic field, present in the
Hamiltonian equation (see Equation 2). For the model where h = 0.5, the transverse magnetic
field becomes dominant, but we are still in the antiferromagnetic phase. For h = 1.0, the quantum
system is at the critical point that separates the antiferromagnetic and paramagnetic phases. The
transverse field induces quantum fluctuations in the x-direction (see Figure 5). At the highest value
of h = 2.0, the transverse magnetic field dominates over the spin-spin neighboring interactions.

6.2.2 Amplitude distribution

The Figure 7 shows how similar the amplitude distributions of datasets in particular regimes are to
the uniform distribution. As in Figures 10, the ranges of amplitude values on a logarithmic scale
differ for particular configurations. For example, the logarithmic amplitude range in the regime
where h = 1079 is from -140 to 0, indicating that there are only a few amplitude configurations of
spins with a significant probability of occurring. In the h = 2.0 regime, the logarithmic amplitude
range varies from -5 to approximately -3.5, demonstrating that this distribution is much closer to
the uniform distribution, where the amplitude values are more comparable to each other. However,
the relationship between the h value and the logarithmic amplitude range is neither obvious nor
linear, as can be observed in Figure 7, where the h = 2.0 amplitude distribution achieves nearly
perfect proximity to the uniform distribution. Figures 10 suggest that increasing proximity to the

uniform distribution increases the complexity of the distribution, which is a major bottleneck for
NQS models.
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Proximity to the uniform distribution across TFIM regimes (N=12)
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Figure 7: The proximity of amplitude distributions to the uniform distribution for datasets in
different regimes.
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Figure 8: A visualization of one of the architectures from the search space. In this setting, GELU
activation function is used, the width in each hidden layer is 512 and there are 2 hidden layers.

6.3 Search space
6.3.1 Overall network structure

Similarly to [40], compact feedforward architectures with up to three hidden layers are trained
and evaluated. The search space is defined by the ranges of network depth, width and the set
of allowed operations. Unlike [5&], our architecture topologies consist of sequential layers, with
3-element modules. Each such module is constrained to a single linear layer, layer normalization,
and an activation function (see Figure 8).

6.3.2 Activation functions

Activation functions introduce non-linearity, and the selection of activation function used can
influence neural network optimization performance [50]. In the current setup, 3 different activation
functions are used. For wide networks (network width >= 432), activation functions help to
mitigate training instabilities during the training process [10]. The selected activations for this
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study represent different nonlinear properties and commonly used activation functions for training
neural networks.

The ReLU activation function is defined as ReLU (z) = max(0,z). ReLU is one of the most
commonly used activation functions, however, ReLU can suffer from the dying activation problem,
where neurons output zero for all inputs and stop updating during training.

The GeLU activation function is the default activation function used in this study. Its smooth
shape serves as a smoother differentiable alternative to ReLLU. This activation function is represented
by a Gaussian distribution function GeLU(z) = z - ®(x)

The hyperbolic tangent activation function is zero-centered and transforms the input into a
range [—1,1]. Mathematically, this function is defined as f(z) = tanh(z) = ©£=¢— — Snh@)

e*+e~% ~  cosh(z) "

6.3.3 Network widths and depths

Network width refers to the number of neurons in a hidden layer. The network widths range from 16
to 8192. For some architectures, the width is fixed for every layer. Some architectures use the same
width for every hidden layer, whereas others allow the width to vary between layers. Given a set of
possible widths and a set of network depths, all possible architectures are generated. The search
space includes network depths ranging from 1 to 3 hidden layers, similarly to the setting introduced
in [10]. Each hidden layer block consists of a fully connected linear layer, layer normalization, and
an activation function (see Figure 8 for illustration).

6.4 Evaluation metrics

To effectively evaluate the trained machine learning models, a wide range of regression statistical
metrics are used, each with its own unique strengths and weaknesses. R? coefficient of determination
is evaluated on the train, test, and validation sets and saved into evaluation metrics:

2 4 >y — U:)°
B=l=S @

Mean squared error metric was used as a loss function for most training runs. MSE is defined as
the average of the squared differences between the actual and predicted outputs. This calculation
is performed for all instances in the dataset, and the resulting values are averaged:

n

MSE = - 3(v; - ¥i)? (5)

n <
=1

Mean absolute error (MAE) is one of the evaluation metrics used as a systematic result saving.
MSE describes, on average, how far off your model’s predictions are from the actual values. Due to
the absolute operations, too high and too low errors are treated equally (the error sign does not
matter):

1 — .
MAE = =3 |y — i (6)
=1

23



The Hellinger distance measures similarity between two probability distributions and can be
used as a loss function in quantum systems:

ﬁ%(lﬂe,m:% S (W(5) - 93))’ (7)

G€DTrain

The infidelity metric, which is defined as one minus fidelity, measures the dissimilarity between
the predicted and target quantum states:

IT=1-F (8)

For each architecture, the number of trainable and non-trainable parameters is recorded. For
each training run, the number of non-trainable parameters is zero, which indicates that every
parameter (weight or bias) is updated during training and there are no frozen weights or other
fixed parameters included in the parameter count.

The total training time (in seconds) for each architecture was measured and stored to analyze
the relationship between training time and performance. Initially, all models for each regime were
trained in the same loop where each regime had its own dataloader and a model. However, this
approach led to saving the same training time for each model, what resulted in incorrect training
time for models trained in one training loop. Training each model one after another solved the
issue.

7 Experiments

The conducted experiments evaluated architectures across the predefined search space to identify
combinations of architectural parameters that achieve strong predictive performance for the
regression task. Each architecture was trained and evaluated separately on each dataset what
corresponded to a different value of h.

7.1 Hyperparameter optimization

In the current setup, a fixed set of hyperparameters is chosen for each architecture and the
hyperparameter configuration was inspired by [10]. However, NAS-Bench-101 creates a NAS-Bench-
HPO, where the architecture and hyperparameters are jointly optimized (including learning rate
and batch size) [58], [20]. To ensure reproducibility and a fair comparison, all architectures were
trained using the same hyperparameter configuration.

7.2 Training

The training setup in this work follows a modular design where architecture generation, model
training, evaluation, and result storage are implemented as separate components. To enable training
of a large number of architectures, a configuration file determines ranges of different parameters to
set during training. During training of all regimes, there is one training loop where dataloaders
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and models of individual regimes are updated. For every training epoch, gradients are computed,
the backpropagation algorithm is run, and parameters are updated.

The massive architecture training in this setup is utilized using loops with parameter ranges (see
a simplified pseudo-code Algorithm 1). A configuration module defines constant parameters used
in the training process, such as batch size, network width, and depth. The parameters distinguish
architectures with fixed and changing widths in subsequent layers.

The configuration module enables a single architecture to be trained with a specified set of
parameters. To enable training of many architectures in one script execution, there is a controller
script that iterates over all parameter configurations from the search space and launches the
corresponding training runs. In the experiments run on many architectures, each architecture is
executed as an independent training run where the configuration for each architecture is passed
with environment variables. Each architecture and its corresponding experiments are isolated from
the rest of the architectures.

Algorithm 1 Simplified pseudo-code for automated training multiple architectures in a single run

1: for each training regime r € regimes_combinations do

2 for each epoch count e € epoch_range do

3 for each hidden layer count h € hidden layers_range do

4 for each activation function a € act_functions_range do
5: for each network width w € widths_range do

6 Configure architecture (h, a, w)

7 Generate and train the corresponding model

The actual training of architectures is performed by the main training module. Each regime
gets its own dataloader, optimizer, model, and scheduler (if exponential learning rate is turned on).
In each epoch, training and validation losses are saved, which are later used by the result-processing
module to create a structured directory hierarchy and compute the evaluation metrics.

7.2.1 ALICE

This work was performed using the compute resources from the Academic Leiden Interdisciplinary
Cluster Environment (ALICE) provided by Leiden University. This is a high-performance computing
facility which is available for Leiden Institute of Advanced Computer Science (LIACS) and Leiden
University Medical Center (LUMC) researchers [19]. The computational requirements of evaluating
the complete tabular benchmark made training on a standard personal computer impractical.
The experiments were executed on GPU-equipped compute nodes provided by the ALICE high-
performance computing facility. This study utilizes GPU-equipped nodes with computational
resources allocated through SLURM job scripts.

7.2.2 Scheduler

In the current setup, the scheduler is chosen based on the highest layer width in each neural network.
Following [10], a width threshold of 432 neurons was used to distinguish between small and large
networks. The Adam optimizer is used in each architecture. For small networks (W < 432),
Exponential LR scheduler is used. For larger networks (W > 432), a warmup (Linear LR) phase is
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added to Fxponential LR. Instead of updating after every iteration, the scheduler is updated every
50 epochs to improve stability.

In the scheduler, the hidden layer width is used to decide the schedule type - for small and
large networks. For small networks (W < 432), the optimizer is Adam with exponential decay. In
case of large networks (W >= 432), a linear warmup is added. This scheduler sets parameters such
as decay rate, initial learning rate, and learning rate peak. Moreover, a number of transition and
warmup steps is defined.

The key idea behind this scheduler is that large networks need more complex training, which
includes a warmup phase. The learning peak indicates the maximum learning rate used in training.
The initial learning rate is the starting learning rate used in the warmup phase in large networks.
The transition steps parameter means the number of optimizer steps necessary to update the
scheduler. The number of warmup steps indicates the total duration of the warm-up phase for large
models. The decay rate is the fraction of the previous learning rate that is saved in the next step
(with decay rate 0.99, the learning rate decreases by 1% every optimizer step).

7.2.3 Results Storage and Organization

The results are categorized into subfolders for automated training of different architecture configu-
rations (see Figure 9). Each training run is stored in a timestamped folder. The subfolder names
encode the values of the corresponding architecture parameters. This setup facilitates reproducibil-
ity, automated experimentation across multiple parameter configurations, and comparison between
different architectures.

The results-saving script computes and records evaluation metrics from the model predictions
and corresponding ground truth values and saves them in a .csv file, along with a global CSV
file containing the results of all architectures trained so far. A dictionary file defines the columns
recorded for each architecture, including the number of epochs, batch size, and regression metrics
such as MSE. In addition to the global .csv file, each training run has its own timestamped folder,
which contains all generated plots, including comparisons of predicted and ground truth amplitudes,
as well as the training and validation loss for each epoch. To facilitate reproducibility and further
analysis, the predicted and ground truth amplitudes are saved as separate .txt files.

8 Results

The preliminary experiments show that increasing the external magnetic field strength is associated
with reduced prediction performance (see Figures 10a, 10b, 10c, and 10d). The GeLU activation
function consistently achieved the best performance, which may be attributed to its smoothness
matching the smooth nature of the quantum wavefunction. Increasing network width does not
necessarily lead to improved performance. Feedforward neural networks with width 16 and depth 3
can approximate the quantum wavefunction well, even for the critical regime h = 1.0, where the
entanglement structure is more complex (see Figure 10c).

8.1 Result comparison over different regimes

Overall, predicting a quantum many-body wave-function using parameterized NQS remains a
challenging task across most regimes in this study. The plots in Figure 10 show the performance of

26



£20260605,185719

curves

Figure 9: A schematic representation of the directory tree for a single training run. The tree is
shown for illustrative purposes only; the actual parameter ranges may differ.
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(a) Regression results for regime h = 1076, In
this regime, quantum effects are negligible, and
the system is nearly identical to the classical
Ising model. Model configuration: 2 hidden
layers, width 16 in each hidden layer, 500 epochs,
GeLU.
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(¢) The regime h = 1.0 corresponds to the quan-
tum critical point of the TFIM, where entangle-
ment between spins is strongest. Model config-
uration: 3 hidden layers with sequence 16, 32
and 256, 60 epochs, GeLU.
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(b) Regression results for the regime h = 0.5.
The system is in the ferromagnetic phase, where
quantum effects are significant. The external
magnetic field tends to flip the spins, making
the prediction task slightly more challenging
than for h = 107%. Model configuration: 2
hidden layers with width sequence 8 and 256,
500 epochs, tanh.
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(d) The regime h = 2.0 is in the paramagnetic
phase. The strong external magnetic field tends
to align the spins with the field, making the
prediction task more challenging than in the
weak-field regime. Model configuration: 1 hid-
den layer 32, 500 epochs, GeLU.

Figure 10: Predicted versus true values for different transverse field strengths h.
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Figure 11: The infidelity metric for different regimes. High infidelity means that the learned

wavefunction is far from the true wavefunction. Among the evaluated regimes, h = 1.0 achieves the
lowest infidelity.

the best models for each regime present in the full architecture dataset. Although some models
perform considerably well in each regime (see Figures 11 and 10), the Figure 10a in A = 107°
regime achieves the highest performance, with nearly perfect R?, MSE and MAE evaluation
metrics. Although this regime might indicate near-perfect prediction, the system exhibits almost
no quantum effects and is close to the classical Ising limit. The variance in prediction performance
can be understood by examining the distribution of wave-function amplitudes. The Figures 11 and
10 indicate that for lower h values, h concentrates the probability mass around a smaller number of
configurations, creating a distribution that is easier for the NQS models to learn. In Figure 10b,
the transverse magnetic field begins to cluster configurations, and the scale of x and y axis varies
significantly in comparison to Figure 10a. With increasing h, the logarithmic amplitude range
becomes lower and lower. In Figure 10a, the amplitude in a logarithmic scale ranges from -140 to
0 (suggesting amplitudes which vary in orders of magnitude), while in Figure 12b, the range of
amplitude in a logarithmic scale ranges from -10 to -4. In Figure 10d shows the lowest range of
amplitudes on a logarithmic scale (-5 to -3.5), suggesting the presence of higher amplitude values,
and the amplitude distribution is more similar to the uniform distribution. The ratio between
the nearest-neighbor interactions and the external magnetic field determines the behavior of the
spin configurations and influences their representation in the embedding space. As h increases, the
clusters corresponding to different spin configurations become more separated in the embedding
space. The ratio between h value and local spin-spin interaction influence how spins are represented
in the embedding space. The Figure 11 demonstrates that for infidelity metric measured across
the entire space, the models’ performance in h = 0.5 and h = 2.0 regimes is comparable, while for
h = 1.0, the infidelity is higher, meaning that the probability of identifying the predicted quantum
state as the true quantum state is lower. The results in Figure 11 demonstrate that for the best
models in the architecture dataset, the relation and complexities in the quantum critical phase
at h = 1.0 were the hardest to learn. The infidelity metric shown in Figure 11 is dependent on
the model performance, rather than directly on the amplitude probability structure in particular
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regime datasets.

8.2 Architecture dataset characteristics

The architecture dataset was constructed to systematically investigate how different architectural
choices influence NQS performance. The resulting dataset contains 14,905 trained architectures,
with each record corresponding to one evaluated architecture. Although smaller than the NAS-
Bench-101 dataset [58], which was generated using a larger search space, more training budgets,
and multiple training seeds, the proposed dataset is designed to provide controlled comparisons of
architectural choices rather than an exhaustive evaluation of the entire search space. The dataset
was collected incrementally during successive project stages, where increasingly larger portions of
the search space were evaluated.

The search space consists of feed-forward neural networks with one, two, or three hidden layers for
each evaluated NQS regime. Hidden layer widths are selected from the set 16, 32, 64, 128, 256, 512, 2048, 4096.
To gradually increase the complexity of the search space, three search space cases were defined
based on possible choices of activation functions and hidden layer width sequences.

Case 1 forms the baseline search space, where all hidden layers share the same width and use
the GeLU activation function. Case 2 increases architectural flexibility by allowing different widths
in each hidden layer while keeping the activation function fixed. Finally, Case 3 introduces the
highest level of flexibility by allowing each architecture to use one of three activation functions
(ReLU, GeLU, or tanh).

Besides architectural complexity, training duration represents another factor that may influence
the observed model performance. To investigate the effect of substantially longer training, a subset
of 162 Case 1 architectures was additionally trained for 500 and 1000 epochs. This experiment
separates the influence of training duration from architectural design.

Most architectures were trained for 30 and 60 epochs to balance computational cost with
sufficient training quality. The majority of the dataset (10,512 architectures) was trained using 30-
and 60-epoch budgets, while the remaining records correspond to additional training configurations
collected during earlier project stages, including extended Case 1 experiments.

Overall, the dataset provides controlled variation in both architectural configuration and training
budget, enabling systematic analysis of their influence on NQS performance.

8.2.1 Full architecture dataset

Table 2: Summary of selected statistics of the three TFIM regimes. There are 207 architectures
not included in the table which belong to the h = 107° regime.

h=0.5 (n=7024) h=1.0 (n=3807) h=2.0 (n=3857)
Statistic ~ R?2  MAE Inf. | R? MAE Inf | R? MAE Inf
Mean 2379 1.428 0.244 | -3.120 1.067 0.217 | -6.504 0.669 0.086

Median 0.699 0.613 0.128 | 0.213 0.583 0.137 | 0.076 0.322 0.050
Variance 64.08 3.86 0.047 | 61.53 1.18 0.024 | 292.63 0.683 0.004
Skewness -2.75 225 090 | -2.45 195 040 | -285 223 0.87
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Overall, the full architecture dataset exhibits highly heterogeneous performance distributions.
Standard machine learning metrics show strong sensitivity to extreme outliers, reflected by high
variance and skewness values. In contrast, quantum evaluation metrics exhibit more concentrated
distributions and lower sensitivity to outliers than R?, MSE, and MAE, suggesting that they provide
a more stable evaluation of quantum-model performance. Although the performance on evaluation
metrics varied between regimes, all regimes contained models with relatively good performance.
Since the number of evaluated architectures differs between regimes, aggregated statistics should
be interpreted carefully, as they may be influenced by the relative contribution of each regime.
As epoch budget and training time increased, the performance variance between experiments was
lower, indicating the presence of more architectures which converge to a similar performance (see
Figure 15). One possible reason for the occurrence of extreme outliers are architectures trained for
a few epochs for testing and debugging purposes in early project stages or during implementation
of a new feature.

The above-mentioned performance trend is visible in the R?. The R? metric is the only metric
in this comparison with a left-tail distribution instead of a right-tail distribution, since higher
R? values are more desired. The extreme R? outliers correspond to negative values, indicating
architectures performing worse than the baseline prediction.

Although the h = 0.5 architecture dataset R? metric is also left-skewed (see a summary of
selected metrics in Table 2), the mean and median are -2.37 and 0.70, respectively. The h = 1.0
architecture dataset contains more extreme and varied R? values than the h = 0.5 architecture
dataset. The h = 2.0 architecture dataset presents the highest variance level across all regime
datasets. The R? statistic in the extended Case 1 dataset distribution is fairly normal.

Although the MSE metric is expressed in a different scale than R?, the MSE metric shows
similar trends in the data of trained architectures as R2. However, this difference is more visible
(MSE full architecture dataset mean 30.44 and median 0.48). The median performance differences
between training and test sets are higher than for R%. The skewness=13.57 and kurtosis=193.57 of
training and validation performance show that the MSE metric is more sensitive to extreme outliers
than R?. The interesting observation for MSE is that the MSE test set performance is higher than
the validation set. The MSE performance for the h = 0.5 architecture dataset mean and median
equals 6.40 and 0.57, respectively, with variance and standard deviation equal to 229.66 and 15.15,
respectively.
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8.2.2 Activation functions vs. performance

(a) Comparison on the extended Case 1 architecture
dataset with h = 2.0, using architectures trained  (b) Comparison on the full architecture dataset with
for 1000 epochs (81 architectures). h = 0.5, using architectures trained for 60 epochs.

e

(c) Comparison on the full architecture dataset with ~ (d) Comparison on the full architecture dataset with
h = 1.0, using architectures trained for 60 epochs. h = 2.0, using architectures trained for 60 epochs.

Figure 12: Aggregated impact of changing the activation function, evaluated with the R? metric on
the test set for different regimes. Only architectures with 2 hidden layers are considered and each
architecture has a fixed width in each hidden layer.

Across most regimes, changing the activation function has a measurable but relatively modest effect
on performance compared with changing hidden-layer widths. This trend is observed in Figures 12b,
12¢, and 12a, where GeLLU generally provides the highest average performance.

Figure 12b shows the average R? effect of replacing one activation function with another.
Replacing one activation function in all hidden layers of a particular neural network leads to higher
variability than replacing one hidden layer width with another (see Figure 17), since no single
activation function consistently achieves the highest performance across all regimes. There is no
uniform-similar average R? performance change for a particular activation function, which is also
emphasized by different colors in each activation function heatmap column. Figure 12b presents a
similar trend in performance as Figure 12a and Figure 12c¢, where replacing the GeLLU activation
function with tanh leads to the highest average R? performance drop. Figure 12b presents a
gradual performance trend drop while replacing each activation function with GeLU, ReLU, and
tanh, respectively, which shows the ranking of activation functions that lead to the highest average
performance. This activation function performance order is also visible in Figure 12a and Figure 12c,
but it is less symmetric than in Figure 12b. The performance in all four heatmaps suggests that
the average performance difference while changing the activation functions is less sensitive than
changing network widths (see Figure 17) to changing the value of the transverse magnetic field
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h, since only the highest regime leads to a significant change in the performance trend between
different activation functions. However, there is no clear relationship between how the strength of
the external magnetic field affects the magnitude of change while changing the activation functions,
since the highest full A = 2.0 dataset does not lead to the highest average performance change.

A similar activation-function ranking is observed in both the h = 0.5 and A = 1.0 regimes,
where GeLU achieves the highest average performance, followed by ReLLU and tanh (Figures 12b
and 12c). Even though the trend in performance is similar, the average difference between those
activation functions is smaller, as the change in average performance between ReLLU and tanh is less
than 2% (see Figure 12). However, the differences between the three above-mentioned activation
functions are different. The average performance of ReLLU and tanh varies by only a few percent,
while GeLU is outstanding, giving a nearly 9% increase.

For the highest value of the transverse magnetic field, there is a totally different trend in the
data, as the performance ranking of activation functions is different than in the rest of the activation
function heatmaps. For a higher h value, the trend is contrary, with the worst-performing GeLLU
activation function. As the highest difference in the rest of the regimes was between GeLU and
tanh, the difference in h = 2.0 is switched into ReLU and GeLU, indicating that the dominance
of the transverse magnetic field has an influence on which activation function to choose and the
choice is not obvious.

Figure 12a shows the performance of the "extended Case 1”7 dataset trained in h = 2.0. Even
though it was observed that Figure 12d shows a totally different trend in the data than the rest
of the regimes, the fraction of the search space present in "extended Case 1”7 leads to a similar
trend as h = 0.5 and h = 1.0. For the heatmap in Figure 12a, the magnitude of change is the
highest, with nearly 16% average R? performance drop while replacing GeLU with tanh. The
average performance between GeLLU and ReLU is similar. In the h = 0.5 and h = 1.0 regimes, the
performance difference was observed between ReLLU and tanh.

Overall, activation-function choice influences NQS performance, but its effect is generally smaller
than that of hidden-layer width. GeLU provides the strongest average performance in the h = 0.5
and h = 1.0 regimes, whereas the h = 2.0 regime exhibits a different ranking in which ReLLU
performs better. The extended Case 1 experiment suggests that this reversal is not universal and
may depend on the specific subset of architectures considered. Consequently, no single activation
function is optimal across all regimes, indicating that activation-function selection should be
considered jointly with the physical properties of the target system. Therefore, activation-function
performance depends on both the physical regime and the architectural subset under consideration,
rather than on either factor alone.
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8.2.3 Network depth vs. performance

(a) Comparison on the extended Case 1 architecture
dataset with h = 2.0, using architectures trained  (b) Comparison on the full architecture dataset with
for 1000 epochs (81 architectures). h = 0.5, using architectures trained for 60 epochs.

(c) Comparison on
the full architecture
dataset with h =
1.0, using architec-
tures trained for 60 (d) Comparison on the full architecture dataset with
epochs. h = 2.0, using architectures trained for 60 epochs.

Figure 13: Aggregated impact of changing the number of hidden layers using the GeLU activation
function, evaluated with the R? metric on the test set for different regimes. The width of each
hidden layer is allowed to vary independently.

Figure 17 shows the aggregated impact on the R? test set metric of replacing one hidden layer
width with another, where only architectures with 2 hidden layers and the same width in each
hidden layer, trained over 60 epochs, are considered due to the exponential growth of the number of
hidden layer width combinations. Across all regimes, increasing network depth does not consistently
improve NQS performance. Instead, the preferred depth depends on the physical regime, although
shallow architectures generally remain competitive.

Figure 13b demonstrates the heatmap of changes for replacing network depth. For each depth
heatmap, all networks with a certain number of hidden layers are considered (either the same
number of neurons in each hidden layer or different width sequences). It can be observed that
different network depths perform differently and that increasing the complexity of the architecture
by increasing the depth does not, on average, lead to performance improvement. The interesting
observation for the h = 0.5 regime is that the trend is totally opposite - shallow neural networks
with only one hidden layer achieved, on average, the highest results, with a disproportionately
lower difference for networks with three hidden layers than for architectures with either one or two
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hidden layers. All heatmaps show an inconsistent trend in the magnitude of differences between
different regimes, since the heatmap with the lowest h value achieves the highest magnitude of
changes when replacing network depth one with three.

In the h = 1.0 regime in Figure 13c, the models in the TFIM critical phase show uniform-similar
model performance for different depths and a different order of the average-best network depth. In
the TFIM critical phase, the highest-performing network depth is two, while networks with three
hidden layers still perform the worst on average. The results in Figure 13c¢ indicate that, for the
critical phase, choosing the right network depth is less significant, showing the importance of other
network architectural choices to discover high-performing architectures. Changing the value of
the external magnetic field changes the relation between performance for different network depths.
In A = 1.0, the highest-performing architectures have two hidden layers. Architectures with one
hidden layer remain competitive, but the performance differences are considerably smaller than in
the h = 0.5 regime.

Increasing the h value to 2.0 shows how the importance of network depth changes, as shallow
neural networks become, on average, the worst-performing architectures. The depth in this study
corresponds to the number of hidden layers, and there are either one, two, or three hidden layers in
each neural network architecture. Figure 13d shows that the relation between network depth and
the transverse magnetic field is not obvious, as increasing the h value does not lead to reversing the
relation (the trend of network depth and performance is not opposite, the variability of changes is
not the highest, and networks with three hidden layers are not the best-performing architectures).
Because only values up to h = 2.0 were considered, it remains unclear whether this trend continues
or reverses at larger field strengths. Additional experiments would be required to answer this
question. The observed differences may indicate that the relationship between network depth and
performance depends on both the magnetic-field regime and the available training budget. Further
experiments with larger h values would be required to verify this hypothesis. Even though in
h = 2.0 the strength of the transverse magnetic field was the highest, Figure 13d did not present
the highest variability across all depth heatmaps.

The extended Case 1 experiment is consistent with the hypothesis that larger training budgets
at higher h values may recover trends similar to those observed in the other regimes. The relation
between epoch budget and h value is not clear, as the low variability in Figure 13a could arise from
many architectures which converge to similar solutions, and therefore decrease variability. Another
possibility for low variability between different network depths is the fraction of the search space
selected to create a heatmap in Figure 13a. In Figure 13a, shallow neural network architectures are
clear winners, although the average performance across networks with different depths varies only
by a maximum of 5%.

Overall, increasing network depth alone does not consistently improve NQS performance.
The preferred depth varies across TFIM regimes, suggesting that network depth interacts with
the underlying physical regime rather than acting as an independent predictor of model quality.
Furthermore, the extended Case 1 experiment indicates that longer training can reduce the observed
differences between depths.
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8.2.4 Network width vs. performance

(a) Comparison on the extended Case 1 architecture
dataset with h = 2.0, using architectures trained  (b) Comparison on the full architecture dataset with
for 1000 epochs (81 architectures). h = 0.5, using architectures trained for 60 epochs.

256 512,512 204920424096 4096

(c) Comparison on the full architecture dataset with ~ (d) Comparison on the full architecture dataset with
h = 1.0, using architectures trained for 60 epochs. h = 2.0, using architectures trained for 60 epochs.

Figure 14: Aggregated impact comparison for network widths for different regimes. Only networks
with 2 hidden layers are considered, using the GeLLU activation function, and each architecture has
the same width in each hidden layer.

In Figure 14b, rows indicate the baseline network width, which is replaced by a target network
width (columns). Based on this substitution, the average R* performance difference across all
architectures is measured. The heatmap for h = 0.5 shows smaller variations between width
replacements compared with the other regimes. Every heatmap contained at least one width
configuration associated with substantially lower average performance (see navy-blue colors in
Figure 17). The trend in an outlier network width can be interpreted as contrary across different
regimes. Even though the outliers are extreme architectural width choices (such as width = 16
or width = 8192), these extremes occur at either minimum or maximum values. In Figure 14b,
the network with fixed width = 32 in all two hidden layers achieved the best average performance
across all width choices in this regime, demonstrating that the average best-performing width is
neither the minimum nor maximum value. Overall, in Figure 17, the trend of choosing a reasonably
well-performing network width is ambiguous - simply increasing the network width did not lead to
discovering the best-performing architectures in this search space for every regime.

The similar effect as in Figure 14b was studied in Figure 14c¢ for the h = 1.0 regime. Even
though Figure 14c presents a similar outlier width = 8192 as in Figure 14b, the relation has more
ambiguity than Figure 14b. In h = 1.0, the best-performing option is width = 512, which is close to
the extreme outlier value of width = 8192 with the worst performance. Similarly, as in Figure 14b,
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width = 4096 in Figure 14c¢ gives the lowest average performance across all possible width choices.
The interesting observation about the width performances is the lack of locality - widths with a
similar number of neurons do not always perform comparably.

Figure 14d presents a similar trend in data as Figure 14c; however, the performance differences
between different width choices are higher in Figure 14d than in Figure 14b. Although Figure 14d
gives the same best network width as in h = 1.0 (width = 512), it gives the opposite extreme
network width architectural choice as the one with the worst average performance (see width = 16
in Figure 14d). The heatmaps show that the width associated with the lowest performance changes
between regimes. This suggests that poor-performing width choices are not universal and depend
on the transverse-field regime. The main insight from Figure 14d is that replacing the minimum
width value with the maximum value does not lead to the highest average change in the R? test set
metric. Although no monotonic relationship exists between width and performance, intermediate
widths (e.g., 32 or 512 depending on the regime) tend to provide competitive performance across
multiple datasets. The 512 width performs reasonably well across all three regimes. The heatmap
color composition is based on the highest and lowest observed difference. The occurrence of similar
colors on the heatmap near different width replacements does not indicate a reasonably uniform
performance across the network widths. Even though the colors for most of the replacements
performed in Figure 14d look very similar, the absolute R? difference can exceed 0.1.

Figure 14a shows how the relation between different width architectural choices affects the
"extended Case 1”7 architecture dataset. Even though the heatmap in Figure 14a presents the
most extreme change in average R? performance difference for changing width = 16 to width = 32
(73.09%), the average change between two different widths in Figure 14a is not the highest among
all demonstrated heatmaps (the variability in Figure 14a is not the highest among all regimes).
Figure 14a demonstrates the weakest relationship between neighboring width values and performance.
Even though width = 16 is the minimal extreme width choice, the worst-performing width choice
is width = 32, only one step away in the explored width grid. Even though Figure 14a presents
only a small fraction of the search space (81 architectures), the results could be biased based
on the fraction of the search space selected. The Figure 14a search space is extended by one
additional network with width = 8192, which performs comparably to the rest of the width choices,
showing that building architectures with the highest width as possible does not lead to achieving
the best average R? performance. Since, for the heatmap comparison, only networks with 2 hidden
layers, the GeLLU activation function, and the same width in each hidden layer were chosen, the
above-mentioned selection decision could affect the results obtained in Figure 17.

8.2.5 Training time vs. performance

Figure 15a examines the influence of training time on the infidelity metric, clustered by the allocated
epoch budgets. Since the architectures in the dataset were trained using different machines (ALICE
high-performance computing facility (see Section 7.2.1) and a personal computer), there are
architectures that, with the same epoch budget, were trained for a totally different amount of
time. Overall, the clusters present for the five most frequently occurring epoch budgets present
high variability in the infidelity metric, showing that high-performing architectures (architectures
approaching the lowest observed infidelity values) can occasionally be discovered even with relatively
small epoch budgets. As the allocated training budget increases, the observed variance in infidelity
decreases, suggesting that larger epoch budgets may improve the consistency of optimization
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outcomes. All four infidelity figures indicate that the epoch budget alone is not the determining
factor for the total training time, since the training time can vary substantially within the same
epoch budgets (see Figure 15a, where the training time for 1000 epochs can vary by orders of
magnitude). One possible explanation for the variation in wall-clock time is the difference in
computational complexity caused by architectural choices, such as network width and depth.
However, the influence of these architectural choices on infidelity was not directly evaluated here.
Therefore, wall-clock training time should not be interpreted as a direct proxy for optimization
progress, since it is affected by both epoch budget and architectural complexity. It was not compared
how strongly those architectural choices influence infidelity (the heatmaps show only the average
differences in the R? metric). The observed spread of infidelity values differs between magnetic-field
regimes, with maximum observed infidelity values ranging from approximately 0.4 to 0.8.

Figure 15b in h = 1.0 follows a similar trend as Figure 15a; however, fewer architectures are
observed at longer training times, with a maximum infidelity of approximately 0.6. The clusters in
Figure 15b remain separated according to training time, while the infidelity distribution within
each cluster changes.

Figure 15c¢ shows the same trend while increasing the h value as Figure 15b; however, the
observed infidelity range extends to approximately 0.4, demonstrating an unexpected result. Within
the sampled architectures, the h = 2.0 regime contains a larger fraction of low-infidelity solutions
compared with the lower-field regimes, although this may also reflect differences in the sampled
architecture space and optimization dynamics.

Figure 15d demonstrates how increasing the epoch budget changes the variance of the infidelity
metric. Since Figures 15a, 15b, and 15c¢ already contain architectures achieving near-zero infidelity
at relatively small epoch budgets, increasing the training budget is not necessary for discovering
high-performing architectures within the explored search space, although it may reduce performance
variability.
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Training Time vs Infidelity (h=0.5)

Budget = 5.0
0.8 Budget = 30.0
Budget = 60.0
Budget = 500.0
. Budget = 1000.0
0.6 2
>
=
3
£ 0.4
0.2
0.0
T T T T
10! 10° 10! 10?

Training time {minutes) (log scale)

(a) Comparison on the full architecture dataset with

h =0.5.

Training Time vs Infidelity (h=2.0)

0.40 -

0.35 4

0.30 4

0.25 1

0.20 4

Infidelity

0.15 7

0.10 4

0.05

0.00 -

Budget = 5.0
Budget = 30.0
Budget = 60.0
Budget = 500.0
Budget = 1000.0

Th%e
3
S
e
3

T T
10° 10!
Training time (minutes) (log scale)

(¢) Comparison on the full architecture dataset with

h =2.0.

Infidelity

Training Time vs Infidelity (h=1.0)

0.6

0.5

0.4

0.3 4

0.2 4

0.1

0.0

Budget = 5.0
Budget = 30.0
Budget = 60.0
Budget = 500.0
Budget = 1000.0

T T
10% 10t
Training time (minutes) (log scale)

(b) Comparison on the full architecture dataset with
h =1.0.

Infidelity

Training Time vs Infidelity (h=2.0)

0.06

0.05

0.04 1

0.03 1

0.02 1

Budget = 500.0
Budget = 1000.0

T
10! 10?

Training time (minutes) (log scale)

(d) Comparison on the extended Case 1 architecture
dataset with h = 2.0.

Figure 15: Infidelity vs. training time of architectures for different regimes, colored according to
the five most frequently sampled epoch budgets to highlight differences between training-budget

groups.
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8.2.6 Trainable parameters vs. performance
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Figure 16: Training time vs. trainable parameters, color coded by MSE validation loss, separated
using the top 2 most frequently occurring epoch budgets in each dataset. The blue dashed line
indicates the point corresponding to 75% of the Hilbert-space dimension, while the gray dashed
line indicates the full Hilbert-space dimension. Together, these lines provide reference points for
comparing under- and overparameterized architectures.

Figure 16b investigates the relationship between the number of parameters (on a logarithmic scale),
training time (on a logarithmic scale), and validation MSE loss of models in the A = 0.5 dataset.
Figure 16b shows a positive relationship between the number of parameters and training time,
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whereas the relationship between model size, training cost, and validation performance is less direct.
Similarly to the infidelity metric, high-performing architectures can be discovered without requiring
the largest parameter count or longest training time. This comparison provides a reference for
whether the neural network parameterization is smaller or larger than the size of the represented
quantum state space. The blue dashed line corresponds to 75% of the Hilbert space dimension,
which represents the fraction of configurations used during training. All figures show clusters
associated with epoch budgets and demonstrate that some high-performing architectures occur
among relatively small models with short training times. In all figures, the best architecture is
not the most computationally intensive one. Although increasing training time reduces outliers,
computational resources alone do not guarantee optimal performance.

Even though Figure 16¢ follows a similar trend as Figure 16b, the ranges of validation loss are
different, while the range of trainable parameters is the same. One hypothesis for the lack of the
third cluster of architectures (see Figures 16b and 16¢) is the fraction of search space trained
on another machine (not ALICE). Besides changing the range of the validation loss, the range
of training time also changes (in Figure 16b, training time oscillates between 10! to 10*, while
in Figure 16¢, the training time focuses around 10'). One possible reason is changing the epoch
budget (30 and 500 epochs in Figure 16b to 30 and 60 epochs in Figure 16c¢).

Even though Figure 16d follows a similar trend in data as the rest of the figures, the interesting
fact is that with increasing h value, the range of validation loss starts at 0.1, which is achieved using
a limited training budget of 30 or 60 epochs. This result is extraordinary, as the colors present in
Figure 16d and the validation loss range present the highest-performing architectures on the MSE
validation loss, indicating that high-performing architectures can still be obtained in the strong
transverse-field regime.

Architectural choices appear to have a stronger influence on performance than computational
budget within the explored search space. The relation between the number of parameters, training
time, and the Hellinger loss on the validation set is shown in Figure 16a, showing architecture
performance for much higher epoch budgets. However, the minimum occurring validation loss is
approximately 0.15, which is more than in Figure 16d. This indicates that increasing the training
budget alone does not compensate for differences in the sampled architecture subset, and that
architecture selection remains a dominant factor.

8.3 NAS algorithms

The goal of the NAS algorithms in this study is to identify architectures that achieve high predictive
performance under specified computational constraints. The algorithms compared have access to
the evaluation metrics of all trained architectures training results. In a real setting of finding an
optimal architecture for a specified problem, the algorithms need to discover a well-performing
architecture without a lookup table and exhaustive training of the entire search space. To reduce the
computational cost associated with training architectures for wave-function amplitude prediction, the
search is performed using precomputed evaluation metrics rather than by retraining each candidate
architecture. The resulting performance comparison provides insight into which algorithms are
most effective within this reproducible evaluation framework.
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8.3.1 Evolutionary search

The general evolutionary algorithm was inspired by [56]. The algorithm maintains and iteratively
updates a population of candidate architectures. In each iteration, the algorithm samples a set of
parent architectures from the current population. The selected parent architectures are mutated to
generate offspring (new candidate solutions), which are then added to the population. In the end,
the architecture with the lowest Hellinger test loss is selected. The motivation for choosing the
evolutionary algorithm is flexibility, conceptual simplicity, and competitive results [50].

In the evolutionary search setup used in this study, in each iteration, the oldest architecture is
removed from the population. The available pool for the evolutionary algorithm is the set of all
architectures in a desired regime. The performance of the evolutionary algorithm depends on the
choice of population size, with a positive correlation between increasing the population size and
performance. In every algorithm iteration, the oldest architecture is removed from the population,
and a mutated version of the best architecture is added to the population. The results of running
the evolutionary algorithm are averaged across 20 runs, since NAS methods can have high variance
due to the randomness of the algorithm; therefore, running multiple trials is important to verify fair
comparisons. The possible mutations include activation function (selecting an activation function
different from the one used by the best architecture in the population), mutating network depth
(selecting a width sequence with a different number of hidden layers), or mutating network width
(changing the width sequence while keeping the same number of hidden layers). The general
evolutionary algorithm is compared against random search, which performs reasonably well, and a
simple baseline that is fairly competitive with NAS algorithms [56].

Figure 17a shows the performance of the general evolutionary algorithm (GE) against random
search (RS) for h = 0.5. The blue shaded region represents the standard deviation around the mean
performance and shows how much the GE algorithm’s performance varies from run to run. Both
RS and GE improve over time, finding architectures with lower Hellinger distance on the test set
as the number of iterations increases. RS improves quickly at the beginning, especially in the first
5-10 iterations. GE is more stable than RS and leads to more gradual improvement. For h = 0.5,
random search starts with worse performance, but RS begins to outperform GE after approximately
38 iterations. The Hellinger distance on the test set ranges between 0.006 and 0.02. For h = 0.5,
there is no clear advantage to using GE, since after 50 iterations, RS finds an architecture with
higher performance.

In the h = 1.0 regime (Figure 17b), both algorithms show similar behavior. However, in the
h = 1.0 regime, there is no crossover between GE and RS. RS never outperforms GE, and GE finds
a better-performing architecture, dominating RS throughout the search. In the h = 2.0 regime
(Figure 17¢), RS and GE behave similarly to the h = 0.5 regime, and RS starts to outperform
GE after roughly the same number of iterations. In the extended Case 1 dataset (Figure 17d),
both algorithms start to fluctuate around the 5th iteration. After roughly 16 iterations, RS
finds a better architecture, leading to a substantial difference compared with GE by the 50th
iteration. In Figures 17a and 17c¢, random search improves rapidly initially but then converges at
a higher Hellinger distance. In each regime, GE appears to be more stable than RS, which can
be an advantage during a small number of iterations. The blue shaded regions indicate that the
standard deviation is the lowest in Figure 17b, moderate in Figures 17c and 17a, and the highest in
Figure 17d.
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Figure 17: Performance comparison of the general evolutionary NAS algorithm and random search
over 50 iterations, averaged across 20 runs under different Hellinger distance metric on the test set
for different regimes.

9 Conclusions and Further Research

This thesis demonstrated the use of NQS for parameterizing quantum many-body wavefunctions.
An extensive set of architectures was generated, trained, and evaluated to discover search space
insights and evaluate NAS algorithms. The main contribution is developing a tabular NAS
benchmark for approximating quantum many-body wavefunctions. This work gave insights into
which architectural choices and NAS algorithms work best for this approach. This thesis builds
upon the ideas introduced in NAS-Bench-101, which was a baseline for future study in the NAS
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(NQS-Bench-101): Training vs Validation Loss
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Figure 18: The MSE loss curve for the best model in regime h = 2.0. There is a large performance
gap between training and validation curves.

domain. The developed benchmark incorporates new ideas and extensions that improve upon the
efficiency of previous benchmarks. A major limitation of tabular benchmarks is the computational
cost required to generate and evaluate the architectures included in the dataset. Although the
Hellinger loss resulted in more stable training, MSE achieved better final performance. Overall,
the dataset statistics suggest that neural architecture design has a substantial impact on wave-
function amplitude prediction performance. Although the dataset contains many poorly performing
architectures and outliers that introduce strong skewness across all evaluation metrics, a significant
fraction of architectures achieve accurate predictions. Across all regimes, validation metrics strongly
correlate with test performance, indicating that validation-based evaluation is a reliable indicator
of generalization. However, differences between training, validation, and test performance reveal
signs of overfitting in some cases (see Figure 18).

The comparison between different h regimes indicates that model performance is highly de-
pendent on the h value, with larger h values introducing greater variability and a higher number
of poorly performing architectures. Increasing the training budget reduces performance variance
and improves infidelity; however, computational resources alone do not guarantee better results.
Instead, architecture configuration, particularly network depth and width, remains the dominant
factor influencing performance. The best-performing architecture in the full dataset was not the
most computationally intensive one, demonstrating that efficient architecture selection is more im-
portant than simply following a “bigger is better” approach. NAS experiments further showed that
evolutionary search provides more stable improvements compared with random search, although
random search can achieve competitive or even superior performance in certain regimes.

As future work, the search space could be extended with additional operations, activation
functions, depths, and widths. This expanded dataset could then be used to develop a bootstrapping
method, where there is a toy version of the original dataset with a much smaller number of
architectures to measure general trends of the dataset (similarly as with NAS-Bench-Mini [58]).
Also, a more extensive set of NAS algorithms could be developed and evaluated. An important
extension would be to evaluate the proposed framework on the two-dimensional Ising model, which
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exhibits richer interactions than the one-dimensional system considered in this thesis [ 1]. In future
work, skip connections could be included in the search space. Further research could investigate
alternative loss functions that combine these advantages. As in NAS-Bench-101 setting, parallel
processing for training architectures could used, instead of training iteratively one architecture after
another to train the entire search space for higher epoch budgets and different seeds. As future
work, a Bayesian optimization (BO) algorithm could be used to optimize the hyperparameters,
or a joint optimization of neural network architectures and hyperparameters could be performed.
As a future study, it could be investigated whether the extremely poor-performing outliers in the
architecture dataset originate from early project stages or debugging runs, where the dataset may
not have been properly cleaned.
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