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Abstract

Neural Architecture Search (NAS) has emerged as a cornerstone in the design and
optimization of neural networks, enabling the development of task-specific architectures
with state-of-the-art performance. However, the increasing complexity of search spaces and
computational cost constraints pose significant challenges to the efficiency and effectiveness
of NAS. This thesis addresses these challenges through three key contributions that advance
the field of NAS in diverse application domains.

First, we propose LISSNAS, an automated algorithm that leverages structural and per-
formance locality to shrink large, complex search spaces into diverse, compact subspaces,
facilitating efficient exploration and exploitation. LISSNAS demonstrates state-of-the-art
performance, achieving a Top-1 accuracy of 77.6% on ImageNet under mobile constraints
and excelling in architectural diversity and search efficiency across various datasets and
search spaces.

Second, we introduce SOAP-NAS, a novel NAS framework tailored for routability opti-
mization in electronic design automation (EDA). SOAP-NAS overcomes the challenges of
noisy training objectives and high variance in routability prediction tasks through innova-
tive data augmentation and a hybrid one-shot and predictor-based NAS approach. This
method achieves a 40% improvement in ROC-AUC performance for design rule checking
(DRC) hotspot detection, with an ROC-AUC of 0.9802 and a query time of only 0.461 ms.

Lastly, we develop a low-cost fine-grained NAS algorithm that projects the search prob-
lem into a lower-dimensional space by predicting accuracy differences between similar net-
works. This paradigm shift reduces the computational complexity from exponential to
linear with respect to the search space size, enabling efficient exploration of fine-grained
search spaces. Extensive experimentation on NAS benchmarks demonstrates significant
improvements in performance and sample efficiency compared to existing approaches.

Collectively, this thesis provides a comprehensive framework for advancing NAS method-
ologies, enabling efficient search in large, complex spaces, improving task-specific model

performance, and expanding the applicability of NAS to critical domains such as EDA.
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1. Introduction

Neural Architecture Search (NAS) is a sub eld of machine learning that aims to auto-
mate the design of neural network architectures, a traditionally manual and labor-intensive
process. By systematically exploring the vast space of possible network designs, NAS seeks
to identify architectures that achieve high performance on a given task while balancing
computational e ciency and resource constraints. The growing complexity of modern neu-
ral networks, coupled with the increasing demand for more e cient and scalable solutions,
has fueled signi cant interest in NAS as a means to optimize both accuracy and e ciency
without extensive human intervention [32, 12, 125, 28, 91, 92].

A typical NAS framework consists of three main components: the search space, the
search strategy, and the performance evaluation method[71]. The search space de nes
the set of possible architectures that can be explored, ranging from simple feed-forward
networks to complex multi-branch structures. The design of this space is critical, as it
directly in uences the diversity and quality of architectures that can be discovered. The
search strategy governs how the space is explored, utilizing various approaches such as
reinforcement learning, evolutionary algorithms, or gradient-based optimization. These
strategies guide the selection and re nement of architectures, aiming to balance exploration
(discovering new designs) and exploitation (re ning promising candidates). Performance
evaluation methods estimate the quality of each architecture, often relying on training a
model to convergence, although recent advancements in proxy-based evaluation and weight-
sharing have signi cantly reduced the computational cost.

One of the major challenges in NAS is its computational expense [12]. Training and
evaluating thousands or millions of candidate architectures can be prohibitively expensive,
especially when targeting large-scale datasets or deep networks. Techniques like one-shot
NAS and di erentiable architecture search (DARTS [54]) address this issue by sharing
weights across architectures or using continuous relaxation of discrete search spaces, en-
abling more e cient gradient-based optimization. These innovations have dramatically

reduced the resources needed to apply NAS, making it feasible for more practical applica-
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tions and broader research use.

NAS has been successfully applied to various domains, including image classi cation,
object detection, natural language processing, and reinforcement learning[87, 5]. State-
of-the-art NAS-designed architectures, such as E cientNet [66] and NAS-FPN [27], have
outperformed manually crafted models in terms of both accuracy and e ciency. Moreover,
the use of NAS in specialized tasks, like edge computing and hardware-aware model design,
demonstrates its versatility in adapting to diverse constraints and requirements. As NAS
techniques continue to evolve, incorporating meta-learning [78], self-supervised learning
[45], and multimodal optimization[87], they are expected to play a pivotal role in the next
generation of Al systems, pushing the boundaries of what can be achieved with automated

model design.
1.1 Search Space

Search spaces are a fundamental component of Neural Architecture Search (NAS), de n-
ing the set of possible neural network architectures that can be explored to nd the optimal
design for a given task. The design and structure of a search space directly in uence the
performance and e ciency of NAS, as they determine the range of candidate models avail-
able for evaluation. A well-designed search space provides a balance between expressiveness,
allowing diverse architectures to be represented, and feasibility, ensuring that exploration
remains computationally tractable [40, 18, 126, 41, 70, 99]. In contrast, a poorly con-
structed search space can lead to suboptimal results, wasted computational resources, and
missed opportunities for discovering innovative architectures.

There are several types of search spaces commonly used in NAS, each with varying levels
of abstraction. Macro-level search spaces de ne high-level architectural con gurations,
such as the overall structure of layers, their connections, and broad design choices like
depth and width. These search spaces often specify the type of operations (convolutions,
pooling, or attention mechanisms) and their placement within a network. On the other

hand, micro-level search spaces focus on the detailed design of individual building blocks,



such as de ning how cells or modules are constructed using a combination of prede ned
operations. Micro-level search spaces are frequently used in cell-based NAS approaches,
where small, repeatable units are optimized and then stacked to create full architectures.
Hybrid search spaces combine both macro and micro design choices, enabling ne-grained
optimization at multiple levels of abstraction.

Another important consideration is the granularity of the search space, which deter-
mines the exibility of architectural con gurations. Fixed-structure search spaces limit
exploration to a narrow set of prede ned templates, often reducing complexity but at the
risk of overlooking novel designs. In contrast, more dynamic search spaces allow for variable-
length architectures, skip connections, and branching patterns, o ering greater exibility
but at the cost of increased search di culty.

The design of a search space must also align with the target application and constraints.
For example, hardware-aware search spaces incorporate latency, memory usage, and energy
e ciency considerations to ensure that discovered architectures meet deployment require-
ments on speci ¢ devices. Similarly, domain-speci ¢ search spaces tailor architectural com-
ponents to particular tasks, such as using specialized convolutions for image processing or
transformer layers for natural language understanding. By embedding domain knowledge
and constraints into the search space, NAS can produce architectures that are not only
high-performing but also practical for real-world use.

Search spaces are a critical determinant of the success and e ectiveness of NAS. The
balance between expressiveness, complexity, and task-speci ¢ customization plays a pivotal
role in guiding the search toward architectures that achieve superior performance. As the
eld evolves, more sophisticated and adaptive search space designs are emerging, incorpo-
rating meta-learning, multi-objective optimization, and user-de ned constraints to further

enhance the automation and scalability of neural architecture design.



1.2 Architecture Encodings

Architecture encodings are a crucial aspect of Neural Architecture Search (NAS), pro-
viding a structured way to represent neural network architectures for exploration and opti-
mization. Encodings translate complex neural network designs into numerical or symbolic
formats that algorithms can manipulate during the search process [141, 66, 124, 123, 1].
The quality and expressiveness of the encoding scheme signi cantly impact the e ciency,

e ectiveness, and outcomes of NAS, as it determines how well the search space is traversed
and how di erent architectures are compared. An e ective encoding must balance expres-
siveness (to represent a wide variety of architectures) and compactness (to avoid an overly
large and computationally expensive search space).

There are several types of architecture encodings commonly used in NAS. Direct encod-
ings describe the entire architecture explicitly, specifying details such as the type of layers,
their ordering, and the connections between them. A simple example is a sequence-based
encoding, where a neural network is represented as a sequence of operations and hyperpa-
rameters (e.g., convolution, pooling, activation). However, direct encodings can be ine -
cient for large and complex architectures, as the representation length grows with network
size, making optimization challenging. To mitigate this, cell-based encodings are widely
used, representing architectures in terms of smaller, repeatable building blocks (cells) that
are stacked to create the nal network. This approach reduces the search space complexity
while allowing detailed optimization within each cell.

Another popular method is graph-based encodings, where architectures are modeled as
directed acyclic graphs (DAGSs). In this representation, nodes correspond to operations
(such as convolutions or activations), and edges represent data ow between operations.
Graph-based encodings are highly expressive, capable of capturing intricate architectures
with skip connections and branching patterns. However, their exibility comes with added
computational complexity, requiring sophisticated search strategies to navigate the large

and irregular space of possible graphs e ectively. Di erentiable NAS techniques, such



as DARTS, often use a relaxed form of graph-based encoding where discrete choices are
replaced with weighted mixtures to enable gradient-based optimization.

The choice of encoding also in uences how architectures are compared and evolved. In
one-hot encodings, each architectural decision (such as layer type or lter size) is represented
as a binary vector, making it suitable for discrete optimization methods like reinforcement
learning or evolutionary algorithms. Conversely, continuous encodings represent design
choices as real-valued parameters, enabling gradient-based methods to optimize architec-
tures more e ciently. Hybrid approaches combine discrete and continuous representations
to leverage the strengths of both paradigms, o ering a balance between expressiveness and
computational e ciency.

Encoding schemes must also consider constraints specic to the target domain. For
example, hardware-aware NAS requires encodings that incorporate latency, energy con-
sumption, or memory footprint to guide the search toward architectures optimized for
deployment on specic devices. Similarly, multimodal tasks may require encodings that
capture complex interactions between di erent input modalities, such as image and text
features. Advanced encoding strategies, including hierarchical and modular encodings, are
emerging to handle increasingly diverse and specialized search requirements.

In summary, architecture encodings play a pivotal role in NAS by de ning how neural
networks are represented and manipulated during the search process. The choice of encoding
a ects the expressiveness, search e ciency, and adaptability of the NAS framework to
various tasks and constraints. As NAS continues to evolve, the development of more exible,

e cient, and task-aware encoding strategies will be critical to advancing the automation of

neural architecture design.

1.3 Related Works
Several methods exist to perform NAS. Early works utilized reinforcement learning fol-

lowed by evolutionary search, one shot networks, and zero shot methods. NAS benchmarks

also serve to standardize comparison of NAS methods.



1.3.1 Reinforcement Learning

Reinforcement Learning (RL) based Neural Architecture Search (NAS) is a popular
and powerful approach for automating the design of neural networks by framing the search
process as a sequential decision-making problem [5]. In this paradigm, a controller model
(often a recurrent neural network) is trained to generate candidate architectures, and the
performance of these architectures on a target task provides feedback to improve the con-
troller. The goal is to learn a policy that outputs architectures with progressively better
accuracy or other performance metrics, e ectively automating the exploration of the search
space.

The RL-based NAS process begins with de ning a search space that speci es the types of
layers, operations, and connections available for constructing architectures. The controller
acts as an agent, making a series of decisions to construct a complete architecture. For
example, the controller might sequentially choose the type of operation (e.g., convolution
or pooling), the kernel size, or skip connections. Each sequence of decisions represents a
unique architecture. Once an architecture is generated, it is trained and evaluated on a
validation set to determine its performance, which serves as the reward signal for updating
the controller using reinforcement learning techniques.

Policy optimization in RL-based NAS typically employs methods like policy gradient
algorithms. In this approach, the controller's parameters are updated based on the gradi-
ent of the expected reward with respect to its actions (architectural decisions). A common
choice is the REINFORCE algorithm, which uses Monte Carlo sampling to estimate the gra-
dient, guiding the controller toward generating better-performing architectures over time.
Other variations incorporate actor-critic methods, where an additional model (the critic)
estimates the value of actions, improving the stability and e ciency of the learning process.

One of the key strengths of RL-based NAS is its exibility. It can handle complex, non-
di erentiable search spaces and arbitrary evaluation metrics, including accuracy, inference

latency, and memory usage. Additionally, RL frameworks can incorporate multi-objective



optimization, balancing trade-o s between performance and e ciency by designing custom

reward functions. This adaptability makes RL-based NAS suitable for diverse applications,
from computer vision to natural language processing, and for tasks requiring domain-speci ¢
constraints or hardware-aware architectures.

However, RL-based NAS also presents signi cant challenges. One major drawback is the
high computational cost, as each architecture must be trained from scratch to estimate its
reward. To mitigate this, researchers have developed techniques like weight sharing (used
in one-shot NAS) to reuse parameters across architectures, signi cantly reducing search
time. Additionally, early stopping criteria and proxy tasks are employed to approximate
performance without fully training every model. Despite these advances, the resource de-
mands of RL-based NAS remain a barrier to broader adoption in scenarios with limited
computational budgets.

RL-based NAS has led to the discovery of several state-of-the-art architectures, such as
NASNet [142] and MnasNet [96], demonstrating the potential of automated architecture
design to outperform manually crafted models. The integration of reinforcement learning
with other approaches, including evolutionary algorithms and di erentiable search meth-
ods, continues to push the boundaries of NAS research, creating more e cient, scalable,
and versatile systems. Future advancements are likely to focus on improving search e -
ciency, reducing dependency on large-scale resources, and exploring more generalizable and

transferable NAS frameworks across di erent domains and tasks.

1.3.2 Evolutionary Search

Evolutionary-based Neural Architecture Search (NAS) is inspired by the principles of
biological evolution, using mechanisms such as mutation, crossover, and selection to explore
the search space of neural network architectures [18]. In this approach, a population of
candidate architectures evolves over successive generations, guided by a tness function
that evaluates the performance of each individual architecture. The goal is to iteratively

improve the population, eventually discovering architectures that achieve high performance



on a given task. This paradigm is well-suited for optimizing complex and non-di erentiable
search spaces, making it a exible and robust method for automated architecture design.

The process begins with an initial population of randomly generated architectures, each
represented using a prede ned encoding method such as sequence-based or graph-based
encodings. Each architecture in the population is trained (either fully or partially) to
assess its performance on a target task, providing a tness score. Based on this score, a
subset of the population is selected to produce the next generation. Selection strategies
vary, with common techniques including tournament selection, where a small group of
individuals compete, or rank-based selection, where better-performing architectures have a
higher chance of being chosen.

Once selection is complete, genetic operations are applied to generate new architec-
tures. Mutation introduces random changes to an individual by altering one or more of
its architectural parameters, such as changing a convolutional Iter size or adding a skip
connection. Crossover (recombination) combines components from two parent architectures
to produce o spring, potentially inheriting bene cial features from both. These operations
enable exploration of the search space while leveraging knowledge from previous genera-
tions. Balancing the rates of mutation and crossover is critical to maintaining diversity
within the population and avoiding premature convergence to suboptimal solutions.

One of the key strengths of evolutionary NAS is its exibility in handling diverse search
spaces and objectives. Unlike gradient-based methods, evolutionary algorithms do not
require di erentiability, making them suitable for complex search spaces involving dis-
crete architectural choices, custom constraints, or non-di erentiable objectives like latency
or hardware-speci ¢ metrics. Furthermore, multi-objective optimization is naturally sup-
ported by evolutionary frameworks, enabling trade-o s between competing goals such as
accuracy, inference time, and energy consumption. Techniques like Pareto front optimiza-
tion are used to maintain a set of architectures that balance these trade-o s e ectively.

Despite its advantages, evolutionary NAS faces challenges related to computational cost

and e ciency. Training and evaluating a large population of architectures can be resource-
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intensive, particularly when dealing with deep networks and large datasets. To address
this, several e ciency improvements have been proposed, including weight sharing, where
di erent architectures share parameters to avoid redundant training, and surrogate models,
which predict the performance of new architectures without full training. Additionally,
early stopping criteria can be employed to terminate the evaluation of underperforming
architectures early in the search process.

Evolutionary-based NAS has been successfully applied to a range of applications, in-
cluding image classi cation, object detection, and hardware-aware design. Architectures
like AmoebaNet [74] and Genetic CNN have demonstrated competitive performance, vali-
dating the e ectiveness of evolutionary strategies. As research progresses, hybrid methods
that combine evolutionary algorithms with reinforcement learning or di erentiable search
techniques are gaining traction, aiming to further enhance search e ciency and generaliz-
ability. Evolutionary NAS remains a promising approach, particularly for tasks requiring

complex search spaces, multiple objectives, or domain-speci ¢ constraints.

1.3.3 One Shot Network

One-shot Neural Architecture Search [12] is a highly e cient approach designed to over-
come the computational challenges of traditional NAS by signi cantly reducing the need
to train each candidate architecture from scratch. In one-shot NAS, a single supernet is
constructed to encompass all possible architectures within the search space, sharing param-
eters across di erent subnetworks. This allows multiple architectures to be evaluated by
sampling from the supernet, avoiding redundant computations and accelerating the search
process. One-shot NAS has gained popularity due to its practicality in resource-constrained
environments and its ability to deliver high-quality architectures within a fraction of the
time required by reinforcement learning or evolutionary NAS.

The core idea behind one-shot NAS is the use of a weight-sharing supernet, which repre-
sents the entire search space as a single, large neural network. Each candidate architecture

is a subnetwork within the supernet, formed by selecting a speci ¢ combination of opera-



tions and connections. During the search phase, rather than independently training every

sampled architecture, the supernet is trained once, and the shared weights are used to
approximate the performance of its subnetworks. This approach dramatically reduces com-

putational cost by leveraging the shared knowledge between related architectures. Popular
methods, such as ENAS (E cient NAS), exemplify this technique by learning a controller

to sample subnetworks e ciently from a trained supernet.

A critical component of one-shot NAS is supernet training and evaluation. The supernet
can be trained using either joint training or progressive training. In joint training, all possi-
ble subnetworks are sampled and updated within a single training loop, while in progressive
training, the search space is narrowed down iteratively, focusing on more promising regions.
After training, subnetworks are sampled and evaluated without further tuning, using the
pre-trained weights from the supernet. However, this weight-sharing mechanism introduces
potential biases, as the shared weights may not perfectly re ect the true performance of
each subnetwork when independently trained. This approximation trade-o is one of the
main challenges of one-shot NAS.

Another important distinction in one-shot NAS is between search-free and search-based
approaches. Search-free methods, like BigNAS, directly optimize the supernet to nd a sin-

gle, deployable architecture without further search. In contrast, search-based methods, such

as ProxylessNAS, use the trained supernet to guide an explicit search process, often em
ploying reinforcement learning or gradient-based optimization to select the best-performing
subnetwork. Both approaches benet from reduced search time, but search-based methods
generally o er more exibility for exploring complex or constrained search spaces.
One-shot NAS excels in scenarios requiring resource e ciency and hardware-aware de-
sign, as it can be combined with latency, memory usage, or other constraints directly
integrated into the search process. This makes it particularly suitable for mobile and
edge computing applications. Moreover, advanced techniques like di erentiable architec-
ture search (DARTS) build on one-shot NAS principles by relaxing the discrete choices in

the search space to continuous variables, enabling gradient-based optimization and further
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improving e ciency.

Despite its advantages, one-shot NAS faces several limitations, including performance
estimation accuracy and over tting to the supernet weights. Research is ongoing to address
these issues, with solutions like regularization techniques, improved sampling strategies, and
more robust weight-sharing schemes. As the eld evolves, one-shot NAS continues to drive
innovation in automated architecture design, making NAS more accessible and practical for

a wide range of machine learning applications.

1.3.4 Zero Shot Methods

Zero-shot Neural Architecture Search [50, 48] is an emerging paradigm that aims to
bypass the computationally intensive process of training and evaluating candidate archi-
tectures by predicting their performance without requiring full training. Unlike traditional
NAS methods that rely on reinforcement learning, evolutionary strategies, or weight-sharing
supernets, zero-shot NAS leverages predictive metrics, proxy models, or pre-computed
heuristics to estimate architecture quality instantly. This approach drastically reduces
search time, making it attractive for scenarios where computational resources are limited
or rapid exploration of the search space is essential.

At the core of zero-shot NAS are zero-shot proxies functions or metrics designed to pro-
vide a quick approximation of how well a given architecture will perform on a speci c task.
Commonly used proxies include measures of parameter e ciency, FLOPs ( oating-point
operations), network connectivity patterns, or gradient-based indicators of expressiveness
and trainability. For instance, one popular proxy is syn ow, which assesses the capacity of
a neural network by computing the ow of gradients through its structure without needing
a full training process. These proxies aim to capture structural properties that correlate
with nal performance, thus o ering a rapid evaluation mechanism.

Another key innovation in zero-shot NAS is the use of pre-trained performance predic-
tors. These are models that learn from a database of previously evaluated architectures,

mapping architectural features to performance metrics like accuracy, latency, or memory
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usage. Once trained, the predictor can generalize to unseen architectures, providing instant
performance estimates. Techniques like graph neural networks (GNNs) are often employed
to capture the complex relationships between nodes (operations) and edges (connections)
in the architecture. This approach bene ts from scalability and adaptability, as new archi-
tectures can be evaluated in constant time.

Zero-shot NAS is particularly well-suited for hardware-aware NAS and multi-objective
optimization, where architectures must be optimized for multiple criteria simultaneously,
such as accuracy, inference speed, and energy consumption. By integrating resource-aware
proxies into the search process, zero-shot NAS can quickly Iter architectures that do not
meet deployment constraints, focusing search e orts on more promising regions of the search
space. This capability has made it a popular choice for designing models tailored to mobile
devices, embedded systems, and other resource-constrained platforms.

However, there are challenges associated with zero-shot NAS, particularly around ac-
curacy and generalization of performance predictions. Proxy metrics may oversimplify the
relationship between structure and performance, leading to suboptimal selections. Addi-
tionally, pre-trained predictors require a diverse and representative training set of archi-
tectures to avoid bias and over tting. Recent advances aim to improve the robustness of
these techniques by combining multiple proxies, incorporating domain-speci ¢ knowledge,
or using meta-learning to adapt predictors to new tasks with minimal retraining.

In conclusion, zero-shot NAS represents a signi cant step toward making automated
neural architecture design more accessible, e cient, and scalable. By eliminating the need
for full training and leveraging predictive techniques, it opens new possibilities for real-time
model search and dynamic optimization in production environments. While further research
is needed to enhance its accuracy and versatility, zero-shot NAS holds great promise for

the future of e cient, data-driven machine learning model design.
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1.3.5 NAS Benchmarks

Neural Architecture Search (NAS) benchmarks are standardized datasets and search
spaces designed to facilitate the evaluation and comparison of NAS algorithms [125, 24,
87, 131]. These benchmarks provide a controlled environment where researchers can mea-
sure the e ciency, accuracy, and computational cost of their NAS methods without the
variability of custom experimental setups. By providing pre-computed performance met-
rics for a wide range of architectures, they allow researchers to focus on developing search
algorithms rather than spending excessive time on training and evaluating individual mod-
els. NAS benchmarks have become essential tools for advancing the eld by promoting
reproducibility, fairness, and faster experimentation.

One of the most widely used benchmarks is NAS-Bench-101 [125], which provides a
comprehensive search space of over 423,000 unique convolutional neural network (CNN)
architectures designed for image classi cation on the CIFAR-10 dataset. Each architecture
is represented as a directed acyclic graph (DAG) with nodes corresponding to operations
like convolution and pooling. NAS-Bench-101 includes pre-computed validation and test
accuracies for each architecture, allowing researchers to quickly evaluate their search strate-
gies without training models. However, the xed and relatively small search space limits
its applicability for more diverse or large-scale tasks.

To address these limitations, NAS-Bench-201 [24] was introduced with a more compact
but exible search space covering multiple datasets, including CIFAR-10, CIFAR-100, and
ImageNet-16-120. This benchmark represents architectures using a cell-based design, where
each cell is a small, repeatable unit with varying operations and connections. Unlike NAS-
Bench-101, NAS-Bench-201 allows for easier generalization across di erent datasets while
maintaining computational tractability. Its popularity stems from its balance between
simplicity and diversity, enabling a broader range of evaluations while retaining e ciency.

NAS-Bench-301 [131] expands the scope by providing a surrogate model to predict the

performance of architectures in a much larger search space derived from DARTS (Dif-
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ferentiable Architecture Search). Instead of pre-computing every possible architecture,
NAS-Bench-301 uses a regression model trained on a subset of evaluated architectures to
estimate the performance of new candidates. This approach signi cantly increases scalabil-
ity, allowing for evaluations in search spaces that are orders of magnitude larger than earlier
benchmarks. However, the reliance on a surrogate model introduces potential inaccuracies
compared to fully trained architectures.

For tasks beyond image classi cation, benchmarks like TransNAS-Bench-101 [87] extend
the NAS paradigm to include a variety of computer vision tasks such as object detection and
semantic segmentation. TransNAS-Bench-101 o ers a search space derived from di erent
types of neural networks tailored to these tasks, providing a more comprehensive evaluation
framework for NAS algorithms targeting real-world applications. Similarly, NAS-Bench-
NLP focuses on natural language processing tasks, o ering pre-evaluated architectures for
sequence modeling tasks, which broadens the applicability of NAS research into the NLP
domain.

Finally, specialized benchmarks like HW-NAS-Bench introduce hardware-aware perfor-
mance metrics, incorporating latency, energy consumption, and other resource constraints
directly into the evaluation. This benchmark is crucial for designing architectures optimized
for deployment on edge devices and mobile platforms. It re ects the growing demand for
e cient NAS methods that consider not only accuracy but also practical deployment fac-
tors.

In conclusion, NAS benchmarks have become invaluable resources for accelerating NAS
research, providing consistent and reproducible platforms for comparing algorithms. From
small-scale datasets like NAS-Bench-101 to large and dynamic spaces like NAS-Bench-
301 and task-speci ¢ frameworks like TransNAS-Bench-101, these benchmarks continue to
evolve, o ering more complex and diverse challenges. Future developments are likely to
include more generalized benchmarks covering multimodal tasks, domain adaptation, and

continual learning, further expanding the scope and impact of NAS research.
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2. LISSNAS: Locality-based lterative Search Space
Shrinkage for Neural Architecture Search

Neural Architecture Search (NAS) faces challenges in exploring large, complex search
spaces for identifying optimal neural network architectures. Existing methods for shrink-
ing search spaces have yielded limited performance improvements and struggle to maintain
architectural diversity. LISSNAS is a novel automated algorithm that addresses these lim-
itations. By leveraging locality and the relationship between structural and performance
characteristics, LISSNAS can e ciently extract multiple pockets of high-performing net-

work architectures.

2.1 Statement of Contributions

This chapter comes from my published rst-author paper. This work was published
in WACV'25 and presented in Tuscon. Co-authors on this paper include Professor Yiran

Chen.

2.2 Introduction

Neural Architecture Search (NAS) [12, 54, 96] has attracted attention by achieving
state-of-the-art performance on several tasks. Search space selection serves as a crucial pre-
decessor to NAS by de ning the space of architectures being considered during search. Large
and complex search spaces have an increased likelihood of containing better-performing can-
didates. Additionally, technical advancements in operation choices, architecture complexity,
and network depth/width have resulted in an increased need for such spaces. However, these
large and complex search spaces come with a slew of optimization and e ciency challenges
[40].

Past e orts have focused on improving NAS search techniques to accommodate increas-
ing search space size and complexity. Nevertheless, search space improvements itself have
been relatively underutilized for driving improvement. More recently, research has shown
that search space shrinkage algorithms can signi cantly improve the performance of a va-

riety of NAS methods [40]. As a result, shrinkage methods were proposed to shrink the
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FIGURE 2.1: The graphs represent a 2-D embedding of a high-dimensional search space.
The red dots represent the 3 best-performing networks in the space. Left: A heatmap
with lighter colors representing regions with higher accuracy. Middle: The blue region
represents the shrunk search space produced by other methods. Right: We produce a
smaller search space (indicated by smaller blue area) that is a combination of the 3
regions.

search space, while retaining some top-performing networks. Most of these approaches
shrink the original space to a single region consisting of a relatively higher proportion of
well-performing networks. To do so, these algorithms utilizeoperational pruning - either ex-
plicitly or implicitly pruning lower-ranked operational choices from the space. Here, ranking
and pruning are holistic - all architectures within the space containing the operation con-
tribute to its perceived value. From this standpoint, if an operation is frequently found in
poorly-performing architectures then the rank of the operation is likely lower. This results
in all networks containing lower-ranked operations being removed from the space. However,
as illustrated in Figure 2.1, operational pruning is too aggressive. Inevitably, this technique
removes well-performing networks from other regions of the space that typically contain
a lower proportion of optimal networks. Hence, we aim to better di erentiate and retain
optimal architectures throughout the space to improve search performance and alleviate
the challenges brought by large search spaces.

We propose a new paradigm, LISSNAS: Locality-based Iterative Search space Shrinkage

for Neural Architecture Search. In contrast to existing approaches, our method compre-
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hensively extracts a smaller search space with an extremely high proportion of diverse,
well-performing networks from the original space. This directly results in improved NAS
performance. LISSNAS aims to incorporate more well-performing networks, prune poor-
performing networks, and maintain diversity across the FLOP range in our search space.

To accomplish these goals, our algorithm hinges oarchitectural pruning by leveraging
locality, the property that structural similarity between architectures correlates to per-
formance similarity. We begin by sampling networks from the original space. Then, us-
ing a predictor, we evaluate the samples and leverage locality to construct more clusters
of networks that are likely to be well-performing. Eventually, we extract and selectively
qguery pockets of likely well-performing networks in contrast to querying all architectures
in the space. We note that even with a predictor, querying all architectures in the space
is time-consuming and computationally expensive as spaces can contain upwards 8
architectures. After several automated iterations of re nement, our output, nal, search
space consists of a combination of well-performing pockets of networks.

We showcase our method on a vast array of search spaces with various sizes across
datasets. We accentuate the e ectiveness of our shrunk spaces when used in one-shot
search by achieving the best Top-1 accuracy in two di erent search spaces. Our method
achieves a SOTA Top-1 accuracy of 77.6% in ImageNet under mobile constraints, best-in-
class Kendal-Tau, architectural diversity, and search space size. Overall, our contributions
are as follows:

1. We successively establish locality preservation quantitatively within 3 popular search
spaces (Shu eNetV2, NASBench101, TransNASBench) and 6 datasets (ImageNet,
CIFAR10, 4 datasets in TransNASBench - scene, object detection, jigsaw, and se-
mantic segmentation).

2. We introduce a new metric for quantitative comparison across di erent shrinkage al-
gorithms, the shrink index. This index captures the improved probability of sampling
a well performing network in our shrunk search space.

3. We demonstrate that LISSNAS improves overall NAS performance (Top-1) in addition
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to several search space quality metrics. We e ciently achieve SOTA Top-1 accuracy

of 77.6% on ImageNet under mobile constraints.

2.3 Related Work

Existing methods in NAS methodology and the search space are of particular interest.

2.3.1 General NAS

Designing a CNN poses a challenge to researchers looking to optimize for many con-
straints such as latency, model size, and accuracy. Recent work in NAS attempts to au-
tomate the process of designing and discovering CNN architectures that meet these con-
straints. In 2017, NAS with Reinforcement Learning [141] introduced the concept of NAS
utilizing an RL-based controller that iteratively proposed and trained candidates. Training
the controller and candidates was computationally exorbitant. Since then, several utilized
genetic algorithms [75, 72, 122], Bayesian optimization [7, 61], and predictors [108, 115,
106].

The next signi cant milestone was the introduction of weight sharing through one-shot
networks, also referred to as supernetworks. SMASH [10] employs a One-Shot Network that
uses a set of shared weights to train many candidates simultaneously. At the time, this
approach signi cantly reduced training time but limited architecture exploration, impacting
performance. To alleviate this limitation, OFA [12], Attentive NAS [104], and several other
works train these networks through novel path sampling methods and a host of optimization
techniques [105, 57, 58, 66, 120, 135]. Overall, one-shot networks proved to be e cient and

resulted in SOTA NAS performances across a variety of tasks.

2.3.2 Search Space
Search Space Shrinkage Motivation.Angle-Based Search (ABS) [40] investigated behaviors
of NAS methods on various shrunk search spaces. The results show that shrunk search

spaces have the potential to enhance existing NAS algorithms across many di erent search

methods. Neural Search Space Evolution (NSE) [18] presents the drawbacks of large search
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spaces and acknowledges the importance of the size and design of the search space in super-
net training. Additionally, several others [85, 134] have shown that enlarging a search space
typically results in signi cant accuracy loss for the nal searched architecture. Lastly, SPOS
[32] determined that search spaces of reduced cardinality could achieve higher correlations.
Search Space ShrinkageSeveral methods have attempted to shrink the search space while
preserving the top-performing networks [40, 118, 126, 41, 70, 99]. GreedyNAS [126] pro-
poses an automated NAS optimization strategy that greedily samples well-performing net-
works during training. NSE [18] simply segments the search space and trains in a guided
way similar to GreedyNAS. These works fundamentally use a controller to e ciently sample
networks in training and evaluation without truly constructing a new search space. ABS
drops the lowest-performing operation choices until the search space is shrunk to the desired
size. Similar to ABS, PADNAS [118] also prunes operations but does so on a layer-wise
basis.

In 2020, several manual (human-dependent) techniques were proposed to build optimal
search spaces. Designing Network Design Spaces (DDS) [71, 70] utilizes statistical analysis
to assist researchers with iterative search space shrinkage. Additionally, Visual Steering for
One-Shot [99], uses promising structures proposed by specialists to build a search space and
eventually converges at the optimal network. Both of these approaches are time-consuming

and require iterations of domain expert input for success.

2.4 De nitions and Theoretical Motivation

Our work utilizes specialized terminology such as locality, search space, model distribu-
tion, edit distance, isomorphism, and neighbors. For clarity on the de nition of these terms
please refer to Appendix B.

This work makes the following assumptions:

1. All potential changes that can be made to a network in a search space are of equal

value (Appendix G).

2. To determine the statistics of our nal shrunk search spaces, we assume that a distri-
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bution of networks is more indicative than point sampling networks [71].

2.4.1 Benchmark

We investigate locality and our algorithm's performance on NASBench101, TransNAS-
Bench Macro, NASBench301, and Shu eNetV2. For a more detailed description of these

search spaces and respective datasets, please reference the Appendix C.

2.4.2 Theoretical Motivation

Generally speaking, NAS is more optimal if a comparable (or better) top-1 accuracy
is obtained from search in less time. We now explain how a smaller search space with a
higher density of well-performing networks increases NAS search performance and e ciency
(optimality). To do so, we use the example of training a supernet.

Most large search spaces contain some proportion of weak-performing architectures. In
a standard supernet training method, training involves sampling architectures from the
search space. Let us assume that we de ne our search space As and that A can be
cleanly partitioned into Agooqand Apag [41]. These partitions refer to potentially optimal

and suboptimal networks respectively. De nitionally:
A = AgoodY Abad AgoodX Apad= H e

Assume that we are given an algorithmF to remove relatively poor-performing archi-
tectures from a search space. SincB(A) = Ashrunk the shrunk search space has reduced
cardinality as well as contains a higher proportion of optimal networks. During train-
ing, the supernet will now sample more optimal architectures at an increased frequency.
Firstly, since the cardinality of the search space decreases, the training e ciency improves.
Secondly, an increased proportion of optimal networks inAghunk €nables the supernet to
focus training and searching on superior regions of the search space. This results in better
performance ranking.

It follows that we aim to shrink and improve our search space by pruning networks from

Apag Unfortunately, we are typically unaware of the exact partition in A and are hence
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unable to precisely determine which networks to prune, without ground truth accuracies.
2.5 Methods

To reiterate, the goal of the proposed pipeline is to shrink a large search space by
identifying and extracting well-performing search space subsets. We begin by stating the
assumptions of our method and empirically verify locality preservation. We then utilize our
observations to develop our method and obtain results. Lastly, to bolster our approach, we

also perform some ablation experiments.

FIGURE 2.2: The top row of graphs demonstrate RWA. The correlation drop-off is steep

and the correlations are weak ( .3) at one-third of the total edit distance available. The

bottom row of graphs show the AAD. The trends are consistent across all search spaces
and tasks.

2.5.1 Locality Preservation

Before locality exploitation, we empirically verify that locality is preserved across our
search space types, sizes, and tasks. To do so, we illustrate Random Walk Autocorrelation
(RWA) and compute the averaged Absolute Accuracy Di erence (AAD) between generated
neighbors and original networks.

To compute the AAD and RWA, we de ne our metric of similarity between networks as
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the edit distance between networks - the minimum number of changes required to change one
network into another. Traditionally, computing the edit distance between two networks is
computationally expensive. To alleviate the burden of calculating pairwise edit distances,
we formulate our problem in terms of neighbor generation as opposed to edit distance
computation, i.e: instead of computing the edit distance between two sampled networks,
our method randomly samples a network and makes changes (up to a certain edit distance)
to obtain another network. The generated network is referred to as aneighbor

Firstly, we demonstrate the RWA between the accuracies of the sampled network and
the generated neighbor [125]. RWA is de ned as the autocorrelation of the accuracies of
networks as a random walk of changes is made. As the number of changes increases the
correlation of accuracies with the original network should decrease. Our observations match
our hypothesis - the RWA decreases as the number of changes made to a network increases
as shown in Figure 2.2.

Our RWA results are corroborated by determining the AAD between networks at in-
creasing edit distances. We observe that as the number of changes made to a network
increases, the accuracy gap (between the original and the generated neighbor) increases.
This directly demonstrates locality by accentuating that networks that have more struc-
tural similarity perform similarly. Notably, all of our search spaces preserve locality and
we summarize our observations in Figure 2.2. Our observations give rise to the premise of
our algorithm. If we nd a relatively well-performing network within a search space, we
generate neighbor networks to add to our new shrunk space. The next section outlines the

proposed locality-guided shrinkage algorithm.
2.5.2 Locality-based Iterative Search Space Shrinkage

Figure 2.3 appropriately highlights the pipeline of our shrinkage approach. We simplify
our approach to 2 main stages: seed search and neighbor generation.

1. Seed Search: search for well-performing networks within a given search space

(a) Our initial networks are obtained by randomly sampling the original space. Note
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FIGURE 2.3: LISSNAS begins by sampling networks from the space. Next in Phase 1, the

best samples are taken as the seed networks. These seeds are used in Phase 2 to generate

good neighbors through locality exploitation. Finally, we determine whether to continue
sampling and re ning the space or terminate with our current shrunk search space.

that we sample at least 1000 networks from each of our search spaces based on
our understanding of network distributions.

(b) Since we are unaware of the ground truth accuracies of our initial samples, an
accuracy predictor determines performance. Similar to NASBench301, we utilize
XGBBoost as our accuracy predictor. NASBench301 outlines the e ectiveness
of this predictor in modeling performances while providing low-cost inferences.

(c) Based on our predicted accuracies, we select the top-performing networks and
refer to these asseeds

2. Neighbor Generation: generate neighbors for our seeds

(a) For each seed, we generate several neighbor networks at small edit distances. To
do so, we determine a threshold edit distance. This is the edit distance up to
which we can generate neighbors for each seed. Through our analysis of RWA,
we found a good threshold is 1/3 of the total available edit distance as shown
in Figure 2.2. Note: Evaluating all architectures is prohibitively expensive. We

exploit locality to generate neighbors in order to guide search. Details on this
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are in the ablation study section (Appendix H).

(b) The seed networks along with their neighbors constitute the shrunk search space
with a higher proportion of optimal nets. We compute the mean accuracy of the
constructed search space and perform more iterations if the average accuracy
increases. This entails going back to the seed selection step and determining
new seeds. Since locality is preserved within the space, a neighbor is likely to
perform similarly to its seed.

(c) If the average accuracy decreases or plateaus, we output our previous iteration's
search space. From this perspective, our algorithm shrinks the search space to

the maximum extent possible.
2.5.3 Optimality Veri cation

Once we obtain the output shrunk search space, we verify its performance. Primarily,
our algorithm hinges on reduced cardinality and an increased proportion of well-performing
networks. We verify these metrics in live time (as the algorithm runs) by ensuring that
the size of the search space reduces while the average search space accuracy increases.
However, for easier comprehension and generalizability, we would like to encapsulate these
baseline metrics through quantitative parameters. Given the lack of standardized metrics
(or approaches) for search space quality evaluation, how do we verify that a search space
has shrunk e ectively?

We rst clarify our theoretical de nition of effective shrinkagdJnderstanding this term
is crucial for a preliminary indication of the improvement and e ectiveness of our algorithm
across iterations. We consider a shrinkage algorithm to be botbptimal and e ective if these
conditions are met: 1) the cardinality of the search space decreases with each iteration; and
2) the shrunk search space has a higher probability of containing well-performing networks
than the original. The second condition implies that the probability of the search space
containing a well-performing network increases as the iterations increase until algorithm

termination.
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Secondly, to verify that our search space has shrunk e ectively, we determine the quality
of our output shrunk search spaces using a myriad of other metrics and classical statistics.
However, in terms of our baseline conditions, our rst condition is easily quanti ed as the
di erence in size between the output shrunk search space and the original. For the second
condition, we de ne the shrink index:

The Shrink Index. If we uniformly sample a network n from A, then let's say that the
probability that n P AgeoqisS p = |Agood/ |A]. Likewise, the probability that n P Apyqis
then 1 p. If we proceed to sample multiple networks independently and based on the

results of a binomial distribution, we have the theorem:

Theorem 1. If n paths are sampled uniformly i.i.d. from A, then it holds that at least k (k)

paths are from £oqwith probability

nog .
P p Y,
iz

where p= |Agood/ |Al.

Conservatively, we determined that we would like our search space to have at least 20%
of networks from Ayqo4 IN addition, we can estimate p for a search space by querying a
small subset networks. When using the shrink index for comparison, the threshold accuracy
used to generatep should be kept constant.

By using this threshold and p, we compute the Pyyoq (probability of sampling a good
network) initially for the entire initial search space, the nal output search space, and at
all intermediate iterations. An increase in this probability across iterations implies that
the proportion of networks from Agqqqis increasing in the current search space and, as a
result, increasing our odds of sampling a well-performing network. We term the di erence
between the initial probability and the probability in our shrunk search space as theshrink

index (s.i) as seen in equation 2:

si = P(good| init_sg P(good| shrunk_ss (2.2)
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Intuitively, the shrink index is dependent on the initial search space as well as the dataset
of consideration. Shrink indices indicate the increase in the probability of sampling a
well-performing network and serve as a good comparison metric across di erent shrinkage
approaches. Generally, higher indices indicate more optimal shrinkage. We note that the
shrink index can only be used for comparing algorithms on the same dataset and search
space. To illustrate this, consider that we have search space A which is reduced to A*, and
search space B which is reduced to B*. Assume the shrink index of search space A* is 0.5
and the shrink index of search space B* is 0.2. However, the actual probability of sampling
a good network from A goes from 20% to 70% in A* in contrast to B which goes from
70% to 90% in B*. In this scenario, while the shrink index of A* is higher, search space
B* is likely to be a better search space of choice. This example highlights the importance
of using shrink index to compare algorithms on the same starting search space since the
initial concentration of networks is important. As shown in Table 2.1, our shrink index is
signi cantly higher than other works when compared on Shu eNetV2. Other search spaces

also follow this trend.

Table 2.1: Shrink Index in Shuf eNetV2 Search Space on ImageNet dataset

GreedyNAS 0.33

ABS 0.18
NSE 0.25
PADNAS 0.13
Ours 0.41

2.5.4 NAS Methodology

Now that we have a shrunk search space with a veri able proportion of well-performing
networks, we proceed to determine the e ectiveness of our shrunk spaces on search perfor-
mance. Starting with the ImageNet under mobile constraints space, we shrank the FairNAS
space using LISSNAS in combination with an XGBoost predictor. From the shrunk search

space, we proceeded to run one-shot NAS following the same scheme as K-shot [94] with
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several minor optimizations for hardware. For comparisons against other shrinkage meth-
ods, we again utilize a predictor in combination with one-shot NAS to report both Pearson
Correlation and Top-1 accuracy. Special care is taken to ensure that all works that are
compared receive fair treatment. We use the same predictor for shrinking the search spaces
using di erent methods and then train the one-shot network using the same hyperparameter

optimization scheme.
2.6 Results

We now present, evaluate, and discuss extensive experimental results to show the e ec-
tiveness of LISSNAS. We begin by evaluating NAS performance on ImageNet under mobile
constraints before directly comparing with other search space shrinkage works. Finally, we
compare the search space statistics, size, and architectural diversity. Like many works in
NAS, shrinkage methods are implemented in di erent search spaces making direct compar-
ison challenging. In the following sections, we implement, optimize, and tune competing

methods in order to compare our experimental results.
2.6.1 ImageNet Classi cation

ImageNet under mobile constraints serves as a canonical benchmark for all NAS tech-
niques. As such, we are able to compare not only search space shrinkage techniques but also
modern general NAS works. For a fair comparison, we elect to only include standard meth-
ods on CNN architectures without pretraining, knowledge distillation, or attention-based
mechanisms. We note that Top-1 performance comparisons are feasible despite methods
using other search spaces. In Table 2.2, we see that LISSNAS achieves SOTA accuracy.
To obtain these results, we ran LISSNAS on the FairNAS search space containirg}® ar-
chitectures. With this size, querying every architecture becomes unfeasible even with fast
inferences. Through leveraging locality, we are able to search this space in only 4 GPU
days.

Comparison Against Shrinkage Works. We now directly compare the performance of our

method to other shrinkage approaches on the same search spaces - NASBenchl101 and
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Table 2.2: ImageNet under mobile constraints. * Veri ed reproducible

Model Flops/Params Top-1
MobileNetV3* 219M/5.4M 74.0
NASNet-A 564M/5.3M 74.0
Shuf eNetV2 299M/3.5M 72.6
SPOS* 319M/3.3M 74.3
OFA 230M/- 76.9
FBNet-C 375M/5.5M 74.9
FairNAS-C 325M/5.6M 76.7

K-shot-NAS-B 332M/6.2M 77.2
GreedyNASv2-S 324M/5.7M 77.5

DDS 400M/4.3M 74.1
ABS 472M/- 75.9
NSENet 330M/4.6M 75.5
PAD-NAS-S-B 315M/4.1M 74.9
LISSNAS 329M/6.1M 77.6

Table 2.3: Search Space Shrinkage NAS Performance

Search Space NASBench101 Shuf eNetV2
Pearson Top-1 Pearson Top-1

Full Search Space  0.467 91.0 0.334 70.0

ABS 0.58 93.0 0.397 72.8
NSE 0.56 92.1 0.406 73.0
PADNAS 0.59 92.4 0.355 69.9
LISSNAS 0.659 93.4 0.429 74.6

Shu eNetV2 search space. To do so, we optimized and implemented these approaches
before running one-shot NAS for search. NASBench101 and Shu eNetV2 search spaces
vary greatly in size and complexity - enabling diverse and fair comparison.

In Table 2.3, we display the Pearson correlation coe cients and Top-1 performances
for each of the methods. Our search space has a signi cantly higher Pearson correlation
in both search spaces demonstrating the value of training a supernet on our shrunk search
space compared to other techniques. We repeated our experiments and computed standard

deviations across runs and found all results presented to be statistically signi cant.
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Lastly, in both search spaces, LISSNAS also produces the highest Top-1 accuracies. For
NASBench, LISSNAS is able to nd the best network in the space. We note that this

network is not present in the shrunk search space produced by ABS, NSE, or PADNAS.

2.6.2 Search Space Statistics

Table 2.4: Shrunk Search Space Statistics for NASBench101 and Shuf eNetV2

Search Space Size AvgAcc MaxAcc
Full SS -

NASBench101 423K 90.4 94.6
ABS 100K 80.2 93.2
NSE 25K 90.1 93.6
PADNAS 15K 90.4 94.1
LISSNAS 13K 92.1 94.6
Full SS -

Shuf eNetV2 1T 64.7 5.6
ABS 100K 65.1 74.9
NSE 1M 64.7 75.2
PADNAS 1M 66.2 73.1
LISSNAS 1M 67.5 75.6

Aside from search performance metrics, statistical measures provide meaningful insight
into the quality of our search space. We compare our output search space to the output
search spaces produced by other shrinkage algorithms using these metrics. In Table 2.4, we
accentuate that both the average accuracy and maximum accuracy of our output spaces are
the highest, indicating an improvement in the number of well-performing networks. This
also indicates a higher proportion of well-performing networks, mirroring the results from
our shrink index.

Additionally, DDS [71], demonstrated the e ectiveness of error Empirical Distribution
Functions (EDF) in evaluating search spaces. Given this prior, we generated error EDFs
based on the distribution of networks in our output space, the baseline search space, and the
output search spaces of other shrinkage algorithms. These results are presented in Table

2.4. By performing the Kolmogorov-Smirnov (KS) test [70], we established statistically
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FIGURE 2.4: Error EDF captures the quality of a search space. Our algorithm maintains a
concentration of better networks across the board.

signi cant improvement with our approach. Notably, this is the case even between our
approach and PADNAS which have more visually similar curves. Furthermore, search
spaces with a greater area under the curve (AUC) typically have greater concentrations of
good networks. Based on this, we can infer that our search space likely contains a larger

proportion of good models than the other spaces as our curve covers a larger area.

2.6.3 Cardinality and Extent of Shrinkage

We begin by comparing our method to ABS and DDS. These methods were imple-
mented on the MobileNet and AnyNetX space respectively. In Table 2.5, we compare the

cardinality/size and factor of reduction across algorithms. We reiterate that smaller search
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Table 2.5: Size Reduction Comparison

SS Size Reduction Factor

Original 1012 N/A
MobileNet ABS 10 10’
LISSNAS 100 10°
Original 1018 N/A
AnyNetX  DDS 108 1010
LISSNAS 10’ 10t

spaces are feasible solutions for optimization and e ciency issues in NAS. The illustrated
reduction factors describe the extent of shrinkage achieved relative to the initial size of the
search space. Note that DDS is manual design shrinkage method performed by experts and
proved di cult to beat. However, our search space o ers fairly close cardinality while being
generated without expert input.

Table 2.6 shows the e ectiveness of our algorithm on a range of search spaces of vary-
ing initial sizes. From this table, we observe that larger search spaces are pruned more
as indicated by larger reduction factors. We attribute this to the disparity between the
cardinality of well-performing networks in the space and cardinality of the entire space.
In more detail, the number of networks that lie in the region next to the Pareto frontier
(region of well-performing networks) is much smaller than the overall number of nets in
the space. Large and small search spaces have a similar number of networks that lie in the
Pareto frontier. However, due to increased cardinality, larger spaces can be pruned to a

greater degree, leading to higher reduction factors.
2.6.4 Architectural Diversity

Lastly, while size provides a good baseline for evaluating our algorithm, exploring di-
versity is equally important. Multi-objective NAS relies on maintaining the same FLOP/-

Param range of the original space. As an example, deploying in a mobile setting requires

smaller models whereas cloud GPUs with powerful processors utilize large and complex
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Table 2.6: LISSNAS Size Reduction

Full SS Size Our Size Reduction

TransNASBench 7.3K 1K 7

NASBench101 423K 13K 33
Shuf eNetV2 420 100 10°
NASBench301 108 10’ 10t

architectures to improve performance. Unexpectedly, we observed that naive search space
shrinkage methods tend to drop the lower-performing architectures without considering the
need for architectural diversity. From this perspective, we ensured that our algorithm covers

the full range of architectures spanned by the original space.

FIGURE 2.5: Histograms in the Shuf eNetV2 search space show bias for larger networks
in other algorithms for larger models. More results are in the appendix.

From Figure 2.5, we can see that our search space does a better job of preserving net-
works with fewer FLOPs. Without special tuning, other shrinkage algorithms are incapable
of preserving the smaller networks. Our method inherently preserves architectural diversity
in contrast to being tuned to run in speci ¢ FLOP ranges.

Since vector embeddings are common for architecture representations, we utilize em-
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beddings to compute the maximum cosine distance between architectures in a search space.
We utilize the same embedding scheme across all architectures for fair comparison. Our
results in Table 2.7, substantiate our previous diversity observations. From this standpoint,
dissimilar networks have a higher cosine distance and indicate diversity within the space.
Interestingly, we also found that our shrunk search space is a negligible distance away from

covering the complete original space.

Table 2.7: Maximum Cosine Distance

PADNAS 135.2

ABS 167.3
NASBench101 NSE 2015
LISSNAS 255.6
Original 260
PADNAS 17.9
ABS 21.2
Shuf eNetV2 NSE 216
LISSNAS 28.0
Original 30

2.7 Conclusion

In summary, we present a novel search space shrinkage method that improves NAS per-
formance. Through exploiting locality, LISSNAS is able to maintain architectural diversity
while improving quality as measured through a variety of statistical approaches. Theshrink
index, can be used to compare search space shrinkage works in the future. We believe that

search space optimization holds much promise for driving future improvement in NAS.
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3. Improving Routability Prediction via NAS Using a
Smooth One-shot Augmented Predictor

Machine learning models in Electronic Design Automation (EDA) tools benet from
Neural Architecture Search (NAS), but traditional techniques struggle with routability
prediction due to separation between training and search objectives and high variance. We
developed SOAP-NAS, a novel NAS technigue using innovative data augmentation and a
hybrid one-shot and predictor-based approach, which signi cantly improves performance in
DRC hotspot detection. The SOAPNet model achieved an impressive ROC-AUC of 0.9802

with a rapid query time of 0.461 ms, outperforming existing solutions by 40%.
3.1 Statement of Contributions

This chapter comes from my published rst-author paper. This work was published
in WACV'25 and presented in Tuscon. Co-authors on this paper include Professor Yiran

Chen.

3.2 Introduction

Traditional integrated circuit (IC) design is a complicated process involving many iter-
ations of design and validation. Routing, a step in this process, connects the components
of an IC while avoiding DRC violations and ensures that the wires are not overcrowded.
We focus on detailed routing (DR) hotspot detection, which is a vital step in the EDA
design process. DR hotspot detection provides engineers with the location of hotspots in
a proposed IC design. This allows the engineers to then change the placement of com-
ponents to reduce the number of hotspots. Typically, this process is iterative with several
rounds of modi cation and analysis. Traditional methods perform DR hotspot detection by
rst performing detailed routing, a computationally costly and time-consuming algorithm.
Engineers are forced to wait several hours for results to generate, only to be informed of
issues requiring a redesign. This problem has only worsened as the complexity of hotspot
detection has signi cantly risen with the increasing complexity of ICs. As more and more

components are able to be placed on a board, more wires are needed to connect these

34



FIGURE 3.1: Several one-shot networks are independently trained to produce an
augmented dataset for performance prediction.

components[121].

Recently, machine learning techniques have been employed using prior knowledge to
improve DRC hotspot detection [65]. Neural Networks (NNs) are able to perform hotspot
detection without performing detailed routing. Thus, NNs are much faster than traditional
methods, taking less than a second, as opposed the several hours of traditional methods.
With rapid design feedback from ML models, engineers are able to develop high-quality
solutions with fewer iterations than previously possible. Generative adversarial networks
(GANs) proved to be a popular choice early on, but have been superseded by simpler
and more e cient convolutional neural networks (CNNs) [121, 49, 14, 3, 127]. NNs are
traditionally used in a variety of image-based applications such as image recognition and
semantic segmentation. DRC hotspot detection is very similar to semantic segmentation,
as the goal is to determine which pixels of an image contain a speci c attribute. In the case
of hotspot detection, the attribute under consideration is the existence of hotspots present

in an image of an IC layout.
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CNN models pose a design challenge of their own as the structure of a neural network
greatly a ects its performance. Automated Machine Learning (AutoML), particularly Neu-
ral Architecture Search (NAS), empowers design automation for a wide array of ML models
with minimal to no human intervention. The eld of NAS serves to ease the burden of de-
veloping CNNs and holds many techniques and tricks. Models generated through NAS
have surpassed the performance of state-of-the-art manual designs, exhibiting signi cantly
improved model accuracy and computational e ciency.

Applying modern NAS methods directly to DRC hotspot detection proved challenging
in our initial ndings. The primary quality metric used in hotspot detection is ROC-AUC,
which is a by-product of the network accuracy. While the ROC-AUC and accuracy are
linked, there is a signi cantly higher variance in ROC-AUC. Since ROC-AUC is not the
primary metric optimized during network training (network accuracy), using a one-shot
network to directly search for an architecture is not possible. The loss landscape of a one-
shot network is smooth with respect to accuracy, unlike ROC-AUC. To alleviate and address
these issue we propose a NAS methodology for DRC hotspot detection coined SOAP-NAS,
which utilizes a novel combination of one-shot and predictor-based NAS to produce the
nal architecture and novel data augmentation. Figure 3.1 provides a simpli ed overview
of the proposed algorithm. In addition, search space selection proves to be an important
factor for NAS performance. Through optimization for hotspot detection, we are able to
further improve performance. Our main contributions can be summarized as follows:

* We empirically determine the best NAS search space for DRC hotspot detection

through comparing performance on 3 popular NAS search spaces.

* We propose a novel k-shot smoothing technique to combat the training-related vari-

ance of the target metric through training many one-shot networks.

* We propose a novel data augmentation method for predictor-based NAS to address

the shift in the optimization objective from network accuracy to ROC-AUC and to
further capture the increased variance.

* We combine these techniques into an end-to-end NAS algorithm that produces state-
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of-the-art results for DRC hotspot detection in performance and speed.
We achieve state-of-the-art results with SOAP-NAS achieving 40% closer to ideal per-
formance when compared with existing approaches. The nal model produces hotspot

detection with 0.9802 ROC-AUC.

3.3 Background

Routability prediction and general NAS serve as key backbones for this research.

3.3.1 Routability Prediction using Machine Learning

Hotspot problems in the EDA domain primarily refer to potential manufacturing defects
in the design of integrated circuits (ICs) that can lead to functional failures or lower yield [26,
43, 132]. The downsizing of transistor dimensions has ampli ed the importance of hotspot
detection. The complexity of these problems often necessitates signi cant computational
resources, particularly for intricate IC designs. The EDA community actively explores
diverse methods that empower designers to preemptively circumvent DRC violations, such
as leveraging machine learning to predict the congestion count [68, 140] or identify the
location of these hotspots [67, 129, 103].

CNNs have been commonly employed for predicting the number of violations [49, 2].
Simultaneously, Fully Convolutional Networks (FCNs) have gained prominence for their
e cacy in DRC hotspot detection, capitalizing on their strength in identifying pixel-wise
properties in a two-dimensional layout [121, 14]. Several studies reformulated the problem
into image generation tasks, employing FCN and conditional GAN to build correlations [3,
127]. However, earlier work heavily relies on manual design [121, 49, 14], requiring both ML
and EDA expertise. This can lead to extended model development time. These models,
structured hierarchically with limited branches, inspired us to enhance the search space.
We aim for improved exibility and more branching, thus facilitating notably distinct model

structures enabling better performance.
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3.3.1.1 ROC-AUC

ROC-AUC serves as the metric for evaluating model performance on DRC hotspot
detection. ML models trade accuracy for speed by skipping full algorithmic detailed routing.
While much faster, NNs can erroneously report hotspots that don't exist (FPR) or fail to
report hotspots that do exist (TPR). As such, ROC-AUC is the chosen metric to capture
the trade-o between true positive and false positive rate. Through ROC-AUC, we can
accurately evaluate and compare the performance of ML-accelerated hotspot detection. An
ROC-AUC performance of 1.0 would indicate that the model correctly classi es all hotspots
with no false positives. Engineers are able to tolerate the error rate of CNNs in exchange
for the rapid reduction in runtime. However, a model that produces excessive false positives

can cause engineers to spend time Xxing issues that are unnecessary.

3.3.2 Neural Architecture Search

The task of designing a CNN presents researchers with a challenging endeavor as they
strive to optimize multiple constraints, including latency, model size, and accuracy. To
address this challenge, recent e orts in NAS aim to automate the process of creating and
identifying CNN architectures that ful Il these constraints.

NAS can be broken down into two main components: the search space and the NAS
method. The search space de nes the set of candidate architectures being considered by a
NAS method. The search space can also be thought of as a family of models. Typically,
search spaces contain a set of operations and a set of rules de ning how these operations
are connected. Modern search spaces vary greatly in size and complexity. Search space
shrinkage [28], a recent eld of development, demonstrated the importance of search space
selection. The primary objective of NAS methods is to predict the accuracy of a candidate
neural architecture. In 2017, the concept of NAS with Reinforcement Learning was in-
troduced, utilizing an RL-based controller that iteratively proposed and trained candidate
architectures [141]. However, the training of both the controller and candidates incurred

signi cant computational costs. As a result, various alternative approaches have been ex-
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Table 3.1: NAS performance on EDA demonstrated across popular search spaces using
one-shot NAS

Search Space Pearson Correlation | Kendal Tau | AUC
NASBench101 0.52 0.45 0.95
Shuf eNetV2 0.36 0.32 0.939
TransNASBench 0.23 0.09 0.941

plored, including the utilization of genetic algorithms [72], Bayesian optimization [7], and
predictors [108], to overcome these computational complexities. The introduction of weight
sharing through one-shot NAS served as the next major breakthrough [32]. One-shot net-
works proved to be e cient and resulted in improved performance across many tasks. Our
work uses one-shot as the backbone NAS method in combination with a gradient boost pre-
dictor to determine the best architecture for DRC hotspot detection. One-shot approaches
su er from challenges resulting from the complexity of representing many candidate archi-
tectures often numbering in excess of(°. These approaches are also subject to quality loss
when the target metric changes from the metric during training and have a high degree of
variance across the space. The combination of these problems highlights the signi cance of

our work.

3.4 Methodology

We consider 3 search spaces: NASBench101 [125], Shu eNetV2 [133], and TransNAS-
Bench [87]. These search spaces represent popular CNN families for a variety of image-based
tasks. TransNASBench [87] contains networks evaluated across a domain of various image-
based tasks ranging from semantic segmentation to object recognition and includes 7 diverse
tasks. While NASBench101 [125] and Shu eNetV2 [133] are designed for image recogni-
tion, they appear to perform well for DRC Hotspot detection. NASBench101 contains 432k
unique architectures using a backbone of cells stacked in a repeated fashion. Each cell
contains 5 nodes and up to 7 edges with each node containing 1 of 3 operation choices.
Shu eNetV2 contains 42° unique architectures through 20 layers stacked with 4 operations
choices at each layer. TransNASBench encoporates a bilevel macro and micro level search

space utilizing a cell and backbone structure the details of which are outlined in that work
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[87].
3.4.1 Best Search Space for DRC Hotspot Detection

We begin by exploring the use of one-shot NAS on DRC hotspot detection. From
Table 3.1, we observe the Pearson correlation, Kendal Tau, and best queried AUC from the
one-shot network. These AUC results indicate that the CNN architecture designs perform
well at the DRC hotspot detection tasks. Pearson correlation and Kendall Tau are ranking
correlation metrics that represent the degree to which the one-shot network is able to predict
the ground truth ROC-AUC for networks in the search space. One-shot NAS struggles to
produce good Pearson correlation and Kendall Tau when searching for ROC-AUC as seen
in Table 3.1. Two main factors could be attributed to these results. Firstly, the one-shot
network is trained using accuracy as the metric that feeds into the loss function when
updating weights. The resulting one-shot network has a relatively smooth loss landscape
meaning that networks that are close together have similar accuracy and loss values. While
ROC-AUC generally mirrors accuracy, there are cases where this relation breaks down.
This results in degraded performance when querying the one-shot network for a di erent
metric than the metric used during training. Secondly, ROC-AUC as a metric has higher
variance than accuracy. The variance might be due to the fact that AUC is not directly
linked to accuracy. For example, a model with high accuracy might also have a higher false
positive rate leading to a atter ROC and lower overall ROC-AUC. The increased variance
could directly contribute to the poor correlation metrics.

NASBench101 contains architectures with the highest ROC-AUC indicating the best
performance for routability prediction. NASBench101 also has the highest values for one-
shot performance as indicated by Pearson correlation and Kendall Tau. We determined the
NASBench101 search space to be the best t for applying one-shot NAS to DRC hotspot
detection. However, the overall correlation of accuracies could be improved as shown in the

sections that follow.
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FIGURE 3.2: Histogram of queried AUC and ACC

3.4.2 Variance in ROC-AUC

The NASBench101 search space in combination with one-shot NAS produces favorable
results, but there is still much room for improvement in correlation. When looking at his-
togram distributions of AUC compared to accuracy in Figure 3.2, we observe that AUC has
signi cantly greater spread and higher standard deviation. This makes nal performance
more prone to randomness in training and sampling in the one-shot network. We also found

that the variance of AUC is higher than that of accuracy, as shown in Table 3.2. This table

Table 3.2: Mean and Variance for stand alone trained architectures sampled from the
NASBench101 search space.
Metric Mean | Variance
ROC-AUC | 0.96 | 0.0144
Accuracy 0.99 | 0.0043
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is generated by sampling 50 networks from the NASBench101 search space and training
them from scratch for 20 epochs. These 50 network are then retrained from scratch 10
times to get averages for mean and variance of ROC-AUC and accuracy. From these re-
sults, we can isolate that the increased variance is a property of the task and corresponding
ROC-AUC metric and not due to the training process of the one-shot network or its related
hyperparameters. For a one-shot network to perform well, we must capture this increased

variance.

3.4.3 One-shot Training

NAS begins with training the one-shot network. The one-shot network is trained for 240
epochs using a learning rate of 0.02 and a training batch size of 32. We use a ghost batch size
of 8 paired with a random path sampling strategy for each of the search spaces. Once the
supernetwork is trained, we then generate a validation set of (network, AUC) pairs. This
dataset is then used to develop a performance predictor that given a candidate architecture
will return the estimated AUC of that network. We perform a train-test split with cross-
validation and determined that the XGBoost predictor performs well. To validate the
performance in an end-to-end fashion, we also train several candidate architectures from
scratch in a stand-alone fashion. This is done to ensure AUC of the candidate network
matches the predicted AUC.

Pearson correlations of AUCs in Table 3.1 are unexpectedly low. We determined that
the cause of the low correlation is due to the variance in nal metrics to the random

initialization of weights.

3.4.4 Smoothing

We employed a novel smoothing technique to alleviate the issue of increased variance.
To generate the dataset used to train the predictor, we train several one-shot networks
from scratch. The initialization and path sampling randomness ensures that these one-shot
networks are di erent and cover various training scenarios. Through experimentation, we

found that training 5 one-shot networks provided su cient diversity and greatly improved

42



FIGURE 3.3: Overview of SOAP-NAS

the correlation metrics. There was marginal improvement of results when training more
than 5 networks. The details of this can be found in the ablation study section below. We
then build the dataset for the predictor by querying each of the one-shot networks for a
set of candidates, keeping the top performance value of networks appearing in two or more
sets. The resulting dataset helps to mitigate the impact of randomness in training and
initialization of the networks. While this gets us closer to the desired ideal result, there is
still noise introduced in each of the one-shot networks' training procedure. In addition, the

nal dataset size is not large enough to e ectively train a predictor-based NAS method.

3.4.5 Augmenting

To e ciently generate enough training data for the predictor, we augment the training
data by sampling values in the combined dataset and adding arti cially generated noise.
The noise added to the models follows the underlying variance of the ROC-AUC, which
is estimated through training several standalone networks from scratch earlier. Again,
through experimentation, we found that augmenting by 7x serves su cient. The details

of this can be found in the ablation study section below. Now the training data for the

43



predictor closely resembles the ground truth data acquired from training the candidate
architectures from scratch. The predictor now has a much better Pearson Correlation of
0.65 when comparing the predicted AUC against the best stand-alone trained AUC of an

independent validation set.

3.4.6 SOAP-NAS

Figure 3.3 provides a detailed overview of SOAP-NAS. We begin by selecting the best
search space for DRC hotspot detection. This search space is then used to traknone-
shot networks in order to capture the increased variance of ROC-AUC in the "smoothing"
step. By training several one-shot networks, we are able to mitigate the training biases
that can skew the ROC-AUC metric. We found that k = 5 provides su cient results in
the ablation study section below. Each of the datasets produced by the one-shot networks
are then combined and augmented to produce the dataset used to train the performance
predictor. Augmentation is done through sampling the datasets and augmenting with a
noise model obtained through tting to (network, AUC) pairs trained from scratch. This
is done to e ciently increase the size of the dataset by7x and to further capture the
increased variance of ROC-AUC. Finally, predictor-based NAS is performed to extract the
nal architecture. We call this new technigue SOAP-NAS, Smooth One-shot Augmented
Predictor NAS. Note we only need to run SOAP-NAS once to produce a neural candidate
that can perform routing on many di erent circuit designs.

3.5 Evaluation
3.5.1 Experiment Setup

3.5.1.1 Dataset

A comprehensive dataset, designed to facilitate extensive comparative evaluation, was
compiled from 74 designs across multiple benchmarks including ISCAS'89 [9], ITC'99 [20],
IWLS'05 [IWLS], and ISPD'15 [11]. To augment the dataset, various placement solutions
were created for each design using diverse logic synthesis or physical design settings. Thus,

totaling 7,000 placement solutions. Logic synthesis was executed using Design Compiler,
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Table 3.3: Routability predictors performance on 7k placement dataset *reproduced results

Models ROC-AUC | Query Time in MS
RouteNet* 0.9511 0.476
PROS* 0.9580 0.591
cGAN* 0.9337 0.631
NAS-Crafted* 0.9627 0.521
SOAPNet 0.9802 0.461

while Innovus facilitated physical design with the NanGate 45nm technology library. Input
feature maps were collected from post-placement stage, with ground-truth DRC results

obtained after post-detailed routing.

3.5.1.2 Baselines

The following schemes are implemented and assessed in evaluations

* RouteNet [121] is the rstto employ fully convolutional network (FCN) for forecasting
DRC hotspots based on cell placement and global routing data.

« PROS [14] is another technique using FCN to model the correlation between conges-
tion locations during global routing and cell placement.

» NAS-crafted [65] is the optimal model from its search space, using NAS to automate
the development of high-quality neural architectures for routability prediction and
guiding cell placement towards more routable solutions.

« SOAPNet uses a one-shot network to generate a dataset used to train a predictor on
(network, AUC) pairs. The dataset is smoothed and augmented to closely resemble

actual candidate architectures.

3.5.2 DRC Hotspot Detection Evaluation Results

The comparison of ROC-AUC values are presented in Table 3.3. The best model pro-
duced by SOAPNet achieves an impressive AUC of 0.9802 among all evaluated 7k eval-
uated placements. Remarkably, although another NAS-oriented baseline provides higher
AUC values when compared with human-crafted baselines, its result is still far from the

value achieved by SOAPNet. While an improvement of 0.02 in AUC might seem marginal,
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Table 3.4: Comparison of the DRC hotspot detection

ROC_AUC on designs ROC-AUC
s349 | mem_ctrl | b17 | DSP onall 74
RouteNet 0.829| 0.844 | 0.902| 0.866 0.847
PROS 0.487| 0.483 | 0.478| 0.489 0.676
cGAN 0.516| 0.515 | 0.521| 0.517 0.510
NAS-crafted | 0.865| 0.891 | 0.911| 0.884 0.865
SOAP-NAS | 0.889| 0.902 | 0.930| 0.897 0.901

Models

FIGURE 3.4: ROC curves show the superiority of SOAPNet compared to existing works.
Curves do not intersect and viewing area is cropped to relevant region.

the model produced by SOAPNet approaches the ideal ROC-AUC of 1.0 by 40%, when
compared with the best model of NAS-crafted baseline. These results demonstrate the
superiority of SOAPNet in hotspot detection and its potential for further advancements
in DRC optimization. Table 3.4 shows the direct comparison of results with the previous
work. Prior works utilized the standard 74 design dataset, which is limited in scope and
may not exhaustively test the models. Hence, our 7k placement dataset should serve as a
new standard for routablity prediction.

Then, we illustrate the ROC curves in Fig.3.4. The curves are truncated to show

the dierence in performance between SOAP-NAS and prior methods. The curves do
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not intersect outside the viewing region. When comparing the true positive rate of the
SOAPNet model (y-axis) with PROS at the same false alarms cost (x-axis), SOAPNet
exhibits notably higher performance. Although NAS-crafted and RouteNet show similar
trends in the diagram, their true positive rates remain lower than SOAPNet.

Table 3.3 presents the query time for DRC hotspot detection in four schemes. SOAPNet
consistently outperforms the baselines, reducing the required time by ranging from 3% to
28%. Possessing with the better inference e ciency, the architecture produced by SOAPNet
can serve as a superior choice for e cient placement optimization that usually requires
multiple models queries.

The comparative analysis of previous works, PROS and RouteNet, reveals lower hotspot
detection accuracy on many designs. This is accompanied by longer query times during
evaluation, despite our extensive optimization e orts and hyperparameter tuning. The
underlying cause for these performance disparities could potentially stem from the inherent
over-complexity of their architectures. Consequently, their models might face challenges in
handling the diverse data characteristics present across training and testing designs from

di erent benchmarks, which sets them apart from other baselines.

3.5.3 Improvement from Prior Methods

In contrast to the previous state-of-the-art methodology, our study demonstrates a no-
table improvement in ROC-AUC by achieving 40% closer to the ideal ROC-AUC. Despite
the seemingly marginal disparity between AUC values of 0.98 and 0.96, the visual repre-
sentation in Figure 3.5 elucidates the substantive nature of this advancement. The middle
column showcases the annotated outputs for hotspot identi cation generated by SOAPNet,
illustrating a striking resemblance to the ground truth images presented in the leftmost
column. Conversely, the rightmost column exhibits the annotated outputs corresponding
to an ROC-AUC equivalent to that achieved by NAS-crafted. The depicted top row illus-
trates a circuit manifesting a substantial number of Design Rule Check (DRC) violations,

while the middle row portrays a circuit with a moderate frequency of violations. Lastly,
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FIGURE 3.5: Left column shows examples of hot spot labels at different densities. The
middle column is the output labels of our work and the right column is the best output
from previous works.

the bottom row delineates a circuit characterized by minimal DRC violations. This com-
parative analysis vividly underscores the superior e cacy of our algorithm across scenarios
characterized by varying degrees of violation occurrences. Although less conspicuously dis-
cernible, a signi cant enhancement in label accuracy persists even in scenarios featuring a
moderate level of DRC violations.

Our approach represents a signi cant leap forward from prior research endeavors. By
employing techniques such as smoothing and augmentation, SOAP-NAS markedly surpasses
the performance of previous methods. While NAS-crafted initiated the integration of NAS
into DRC hotspot detection, its approach left ample room for advancement. NAS-crafted
merely applies o -the-shelf NAS algorithms. Our proposed SOAP-NAS methodology is
tailored to directly tackle the challenges posed by DRC hotspot detection. Moreover, when
juxtaposed with earlier methodologies like RouteNet and PROS, the degree of improvement
becomes even more pronounced. This advancement in generating superior models for pre-

dicting DRC violations holds signi cant promise for enhancing the e ciency and reliability
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of machine learning-accelerated development tools.

3.5.4 Ablation Study

We further demonstrate the e ectiveness of our technique through an ablation study.
We found that removing SOAP-NAS results in signi cant performance loss. SOAP-NAS
proves to be an e ective technique to perform NAS for DRC hotspot detection due to the
change in the target metric from the trainable metric of accuracy and the increased variance
that this new metric brings. Figure 3.6 and 3.7 show the impact and importance of smooth-
ing and augmenting the data. In Figure 3.6, we observe that the explorations of 3 search
spaces have the same trend (plateauing & = 5and x = 7 respectively). Speci cally, using
5 one-shot networks provides a good improvement in the Pearson Correlation of queried
ROC-AUC to standalone ground truth ROC-AUC. Using a data augmentation factor of
7 also shows signi cant improvement in correlation. These two values serve as important
hyperparameters of SOAP-NAS. Across both parameters, we see signi cant improvement
through the addition of smoothing and augmentation as indicated by the increase in corre-
lation from 1 to 5 and 1 to 7 respectively. Figure 3.7 demonstrates the e ect of smoothing
using k one-shot networks ask ranges from 1 to 8. We observe that the graph shows
marginal improvement after k = 5 and thus choose this as the number of one-shot networks
to train in SOAP-NAS. Furthermore, we can see the e ect of not smoothing, represented
by k= 1, produces a poor Pearson correlation, demonstrating the importance of smoothing
in the rst place. Figure 3.7 shows the e ect of augmenting the data used to train the
predictor. Similar to smoothing, data augmentation improves performance signi cantly
when compared withx = 1. We can see the correlation improves up tax = 7. This
shows the improvement directly from data augmentation. While there is a computational
cost associated with deriving these metrics and x), we have found these results to be
transferable across search spaces eliminating the need to recompute them in the future. All
NAS algorithms contain many hyperparameter choices that impact the performance of the

algorithm. Often times, these parameters present users with a trade o between computa-
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FIGURE 3.6: The effect of smoothing and augmenting data across 3 search spaces

FIGURE 3.7: Importance of smoothing and augmenting data on NASBench101

tional cost and performance with certain values providing a better ratio of improvement to
increased cost. We found that the cost of trainingk one-shot networks is marginal under
the current search space and can easily be expanded with modern compute capabilities to
be in the hundreds. The bene ts from increasingk plateau at 5 and result in SOAP-NAS

being a low cost algorithm.

3.6 Conclusion

Routability optimization serves a key role in the modern IC design process. The increase
in complexity of modern IC brought a slew of machine learning tools to provide rapid and

early DRC hotspot detection. DRC hotspot detection poses several challenges for NAS. The
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change in target metric from a directly trainable one increases the di culty of search. In
addition, the added variance in the ROC-AUC metric further increases di culty. Through
smoothing and augmenting, we are able to signi cantly boost NAS performance and combat
these domain-speci c issues. SOAP-NAS outperforms existing works by a signi cant margin
achieving 40% closer to ideal ROC-AUC. Through improving the accuracy of ML models,
we are able to signi cantly improve the capabilities of EDA tools. We hope that NAS
can continue to improve DRC hotspot detection and a multitude of similar problems in
the EDA domain such as optical proximity correction, clock tree prediction, lithography

hotspot detection, and IR drop estimation.
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4. Delta-NAS: Difference of Architecture Encoding for
Predictor-based Evolutionary Neural Architecture
Search

Neural Architecture Search (NAS) is critical for developing task-speci ¢ neural networks,
but modern techniques struggle with increasing search space complexity and computational
constraints. We propose an innovative algorithm that transforms NAS by projecting the
problem into a lower-dimensional space, predicting accuracy di erences between similar
networks and reducing computational complexity from exponential to linear. Through ex-
tensive experimental validation across NAS benchmarks, our method demonstrates superior

performance and signi cantly higher sample e ciency compared to existing approaches.

4.1 Statement of Contributions

This chapter comes from my published rst-author paper. This work was published
in WACV'25 and presented in Tuscon. Co-authors on this paper include Professor Yiran

Chen.

4.2 Introduction

Neural Architecture Search (NAS) [12, 54, 96] enables state-of-the-art performance for
a speci c task with predetermined hardware and latency constraints. This paradigm is
popular in many modern application driven deployments of neural networks such as image
recognition, speech detection or on-device large language models (LLMs) where latency,
accuracy, and hardware constraints play a large part in the design of neural architectures.
As such, NAS serves a vital role in improving machine learning (ML) performance [44].

NAS algorithms are tasked with determining the best neural architecture within a search
space: set of design choices usually de ned by a set of operation choices and their connec-
tions [28]. Existing NAS methods accomplish the goal of searching through a variety of
methods. Early algorithms employ RL-based controllers to design neural architectures.
However, the training and search process involved substantial computational costs. Con-

sequently, researchers explored various alternative approaches, such as genetic algorithms
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[18], Bayesian optimization [111], predictors [117], and one-shot NAS [32] to tackle these
computational complexities. Fundamentally all of these techniques rely on obtaining the
accuracy of a given candidate architecture. Accurately learning the relationship between
architecture and accuracy is a challenging task as the search space grows.

More recently, signi cant strides have been taken by Zeroshot [51] to reduce the cost
associated with training through using alternative methods to predict an architectures
accuracy. Zeroshot NAS uses proxy metrics dubed Zen-Score to predict the accuracy of a
network without training by estimating the expressivity of the architecture. This technique
trades accuracy for compute cost. In contrast, e orts by Fewshot [136] serve to improve the
accuracy of NAS with increased training cost and complexity through employing a sharded
super network. Both of these methods struggle to preform well on modern larger search
spaces.

In recent years, NAS algorithms are tasked with increasingly large search spaces while
minimizing the amount of compute resources used for search. Large and complex search
spaces have an increased likelihood of containing better-performing candidates. Addition-
ally, technical advancements in operation choices, architecture complexity, and network
depth/width have resulted in an increased need for such vast spaces. However, these large
and complex search spaces come with a slew of optimization and e ciency challenges.
Coupled with the continual desire to cut compute costs, NAS algorithms face challenges of
ever-escalating complexity. As the task complexity and demand increases, there has been
in increase in the need for e cient and clever algorithms in the domain.

We propose a paradigm shift from existing methods through projecting the problem
to a lower dimensional space. Instead of mapping networks to their accuracy, we propose
mapping a pair of close networks to their di erence in accuracy. By taking a di erence in
networks, Delta-NAS creates a sparse encoding of dense neural candidates as illustrated
in Figure 4.1. Through taking the di erence of close architectures, Delta-NAS is able to
map exponential growth in the input search space to linear growth in the dierence of

architecture space. This reduction greatly improves NAS performance.
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FIGURE 4.1: Through taking the difference of architectures that are similar, we are able to
project to a sparse representation. We are able to scale to large search spaces linearly.

Typically, lossy encoding schemes have been detrimental to NAS performance. Delta-
NAS, however, enables a lossy projection while preserving NAS performance through the
unigue change in target. By predicting di erences instead of raw performance, Delta-NAS
learns the impact of a change in the architecture. We can then exploit the predictor to
evaluate changes to a given architecture to generate promising candidate architectures as a
series of improvements.

The main contributions of this work can be summarized as follows:

1. We present a theoretical foundation for analysing di erence of architecture encoding

schemes across common NAS search space types.

2. To the best of our knowledge, we present the rst NAS algorithm that scales linearly

to an exponential increase in the number of candidate architectures being considered.

3. We Il a large void left by current NAS approaches by creating an algorithm which

balances compute cost and accuracy tuned speci cally for the modern and future NAS

landscape.
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Our methods achieves state-of-the-art results across a wide range of NAS benchmarks cov-

ering a diverse range of search spaces sizes and ML tasks.

4.3 Related Work

NAS consists of two main parts: an evaluation strategy to obtain the performance of
an architecture and a search strategy to obtain the next architecture or set of architectures

to evaluate.

4.3.1 Evaluation Strategy: Predictor-based NAS

Predictor-based NAS utilizes an accuracy predictor to guide the sampling of novel ar-
chitectures [114]. BONAS [86] TA-GATES [64], and BRP-NAS [25] employ predictor-based
NAS focusing on sample e ciency. BONAS [86] utilizes a Graph Convoulional Network
for accuracy prediction as a surrogate function of Bayesian Optimization. BRP-NAS [25]
employs an iterative sampling strategy combined with a binary relation predictor. Most
recently, TA-GATES [64] employs learnable encoding for operation choices. While all of
these works utilize predictor-based NAS, they use di erent search strategies to perform the

nal stage of NAS.

4.3.2 Search Strategy: Evolutionary Methods

Population-based NAS emulates natural evolution by maintaining a diverse population
of architectures and evolving them through mutation and crossover. Mutation allows for
local ne-tuning, while crossover drives a more focused global search, serving as the core
mechanism of evolutionary discovery. However, most modern evolutionary NAS techniques
rely solely on mutation [73, 75, 89, 19]. The permutation problem arises from isomorphism
in the graph space, where functionally identical architectures are represented by di erent
encodings, making crossover operations problematic. Although several solutions have been
proposed, none have successfully generalized across di erent search space types. To address
this limitation, Shortest Edit Paths (SEP)[69] introduced a novel crossover operator based

on the shortest edit path, aiming to overcome these challenges.
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4.3.3 Network Encodings

Architecture encodings in NAS refer to the representation of neural network architec-
tures in a format that can be manipulated and searched e ciently. Numerous studies have
explored diverse approaches to encode and represent neural architectures e ciently. Pio-
neering e orts, such as [141], introduced graph-based encodings where neural architectures
are represented as directed acyclic graphs (DAGs). Nodes in the graph correspond to opera-
tions, while edges denote connections between them. This methodology allows for a exible
exploration of architecture space. The concept of breaking down architectures into repeat-
able cells, initially proposed by [66], has gained prominence. In this approach, architectures
are constructed by stacking and connecting these cells, o ering a modular and scalable rep-
resentation. The utilization of continuous vectors or embeddings to represent architectures
in a high-dimensional space has been proposed as an e ective encoding strategy. This
allows for e cient optimization through gradient-based methods. Learned vector-based
auto-encoders have also shown promise in Arch2Vec [124] which learns the compressed la-
tent vector for encoding a neural architecture. Building on that work, CATE [123] utilizes
transformers to perform computational-aware clustering of architectures. FLAN [1] pro-
poses a ow attentive hybrid encoder that utilizes dense graph ow to counteract the over
smoothing in GCNs. These prior methods provide a substantial comparison benchmark

across a diverse set of tasks and search spaces.

4.3.4 Search Space

Neural Architecture Search (NAS) is intricately tied to the de nition and exploration
of search spaces, in uencing the e ciency and e ectiveness of automated architecture de-
sign. This section reviews key works that have contributed to the conceptualization and
characterization of search spaces in the context of NAS.

Graph-based Search Spaces: Pioneering research, such as the work by [73], introduced
graph-based search spaces where neural architectures are modeled as directed acyclic graphs

(DAGSs). Nodes represent operations, and edges denote connectivity. This approach allows
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for a comprehensive exploration of architectural con gurations, facilitating the discovery of
intricate dependencies.

Cell-based Search Spaces: [66] introduced the concept of cell-based search spaces, where
architectures are constructed by repeating and stacking modular cells. These cells encap-
sulate architectural patterns, enabling a more structured and e cient exploration of the
design space.

Regularized Search Spaces: Recent e orts, as seen in [96], have introduced regularization
techniques to constrain the search space, promoting the discovery of architectures with
desirable properties. This regularization aids in mitigating the vastness of the search space,
enhancing the e ciency of NAS algorithms.

This survey highlights the evolution of search space de nitions in NAS, showcasing a
spectrum of approaches from graph-based representations to operation-level and hierar-
chical structures. The nuanced exploration of search spaces is crucial for advancing the

state-of-the-art in automated neural architecture design.

4.3.5 Zero-Cost NAS

In traditional NAS methods, models are typically trained on a dataset to evaluate
their performance and guide the search process. However, in zero-shot NAS, the search
process doesn't rely on labeled data during the architecture search phase. Instead, it
leverages surrogate objectives or proxy tasks by passing randomized inputs through an
architecture with randomized weights. Through this process, zero-shot NAS is able to
capture the expressivity of a networks which in turn has a high degree of correlation to the
trained accuracy of the networks. This approach enables the discovery of neural network
architectures that are e ective for a wide range of tasks without the need for task-speci c
data. However, this approach comes with the draw back of reduced accuracy when compared

with task-speci ¢ and traditional one-shot NAS.
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4.4 Theoretical Analysis

Through careful analysis we can show the precise reduction in the architecture space
through di erence projection. We begin by de ning some constants. Letn represents the
number of nodes or depth of a neural architecture. Similarly, letr represent the number of
operation choices andA represent the set of candidate architectures. We can also de ne the
di erence of architecture set, DX, to represent the subtraction of 2 candidate architectures

that are k edits away from each other.

De nition 1. nisthe number of nodes or depth of a network, r is the number of operation choices,

A is the set of candidate architectures being considered by NAS.

There are two basic search space types in NAS: block-based search spaces and cell-based
search spaces. Block-based search spaces are combinatorial search spaces where the depth
of the network and connections in the network are prede ned. NAS is only searching for
the operation type at each node in the network. Hence, the magnitude of a block-based

search space is de ned as follows:
Theorem 2. Given a block-based search space represented by a list of op¢Aaftions’

In cell-based search spaces, NAS is responsible for nding the best way to connect nodes
in a cell and what operations to place at each node in the cell. The cell is then stacked
repeatedly to produce the nal architecture. Cell-based search spaces are typically contain
signi cantly less nodes than block-based search spaces but add complexity back through
searching for the structure of the cell. Cell structure is typically represent as an adjacency
matrix with the upper triangle containing information about which nodes are connected to

which other nodes. The size of the upper triangle ié’(nz—l). It follows that:

Theorem 3. Given a cell-based search space represented by an adjacencyMaﬂeriwr”

Now that we have established the baseline size of NAS search spaces, we can begin

to examine the impact of di erence projection. In an unconstrained setting, di erence
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projection does not reduce the size of the search space. Taking a di erence of two random

architectures results in a di erence matrix of the same cardinally.
Theorem 4. Difference of architectures generates and equally high dimensional|8gdadeD |

Proof. For &, PA
Letay @ = dyanddy PD
|Al | DI O

Simply taking the di erence doesn't help to achieve reduction in size. In order to obtain
reduction in size, we must constrain the networks that we are taking the di erence of. If
we limit the networks to be identical, taking their di erence would result in nothing. This
provides no value as we no longer have any information to predict on. Let's suppose we limit
the networks to be "close". The networks can be identical except for one change. Now, when
we take the di erence, there is precisely one value in the di erence representation as opposed
to the architecture representation that has a signi cantly larger state representation. The

single change can take place at one af nodes and take one of values, hence:
Theorem 5. |D1| = rn

More formally, we have:

Proof. For g PA let ail represent architecture that is one edit away from g.
Leta a'= dlandd! PD!|DY = rn
|A]"| DY O

Corollary 6. Difference of close architectures generates a lower dimensiona)Apag¢eD |

While this statement holds in the D! space, a more generic formula for size in di erent
di erence spaces would be nice to have. This exibility allows for larger di erence spaces
with more information. Suppose we have a di erence space witlk changes between the two

architectures being subtracted. What would the size of this space be? We can show:

Theorem 7. [D¥| = r&(})
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The full proof by induction can be seen below. Now we have a full spectrum of di erence
of architecture spaces we can use, each with a di erent size. We have also shown the baseline
size of NAS search spaces along with the size of the space resulting from the di erence
projection. Dierence of architecture projection eliminates the exponential growth with
respect to depth allowing for a greater number of nodes in both cell-based and block-based
NAS search spaces when looking at close neighbor. This particular trait comes in handy

when performing NAS on large spaces as we will elaborate in the next section.
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Proof.

Basecase|D!| = rn

|D2| - r2n(n 1)

2
D3 = 00 B2
Assume: |D¥| = rkk!(nn!k)!
= K E
Show: [D¥ 1| = rk+1 n!
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4.5 Methods

The di erence projection step is able to able to reduce the size of the search space.
However, we are still presented with two main problems. Firstly, how do we obtain the
di erence of architecture space? Secondly, how do we perform NAS in the di erence of

architecture space?
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FIGURE 4.2: The left side of the gure shows the process for generating the difference of
architecture (DoA) dataset. Both pairs of graph and operation embeddings along with
both accuracies are stored to create the DoA dataset. The right side of the gure shows

the DoA predictor used to generate neighbors during the modi ed evolutionary search.

4.5.1 Difference of Architectures

To answer our rst question, we begin by sampling pairs of networks and computing
the di erence in predicted accuracy. In order to construct the di erence of architecture
space, we must rst obtain samples of pairs of networks that are close in edit distance. To
achieve this, we randomly sample networks across the search space then perform a series of
changes to obtain neighboring networks at a given edit distance. These pairs of networks
are used to construct di erence of architecture spaceDX and have the varying carnality
as speci ed above. Importantly, the di erence of architecture encoding is a many-to-one
encoding meaning that we can obtain several pairs of networks with the same di erence. The
di erence in accuracy is obtained using a zero-cost proxy initially proposed by ZenNAS[51].
While the zero-cost proxy trades accuracy for computational cost, we are able to improve the

accuracy in the di erence space through obtaining multiple samples for the same encoding.

Algorithm 1 Generate Difference of Architecture Dataset

Z b empty set

for number of desired samples do
ab A
db Dl(a)
j B DeltaArch (a,d) ™Encoding of difference between aand d
kD DeltaAcc(a,d) ™ Difference in zero-shot accuracy between aand d
Zb (j.k)

end for

return Z
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Through this technique, we are able to boost the accuracy of the zero-cost proxy and
the di erence predictor. We store the di erence pair and value in the a custom dataset
that will be then used to train the dierence predictor. Note that this method has 2
hyperparameters to tune: thekin DX and the number of samples for each di erence encoding
n. Through experimentation, we found that k = 1 and n = 4 provide su cient results.
The full results from the hyperparameter sweep can be found in the appendix. Algorithm
1 demonstrates the technique for building a di erence of architecture space. The result is
a dataset consisting of pairs of networks and their di erence in accuracy. This dataset is
then used to construct a predictor that given a pair of networks predicts the di erence in
accuracy of those networks. Since this predictor is trained for a speci &, we limit the
inputs to the predictor to also be constrained by the samek. That is to say, if we are
training a predictor for the D, space, that predictor can be queried for networks that are

at most one edit away from each other.

4.5.2 NAS algorithm

Now that we have projected the problem of NAS to a lower dimensional space, we are
faced with another problem: How do we use the dierence predictor to perform NAS?
Traditionally, the nal step of the NAS pipeline is using the predictor to query for the

accuracy of many candidate networks and perform some search algorithm. Most commonly

Algorithm 2 Delta-NAS

F(a,a) ™Build a predictor using DoA dataset
As ™ |nitialize population randomly
while Convergence condition not met do
for p PAsdo
for pn P D'of pdo
mpD max(F(p, pn)) ™Keep best neighbor
end for
An B mp ™Store best neighbor of p
end for
AsD An
end while

return max(As)
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Table 4.1: Comparison of accuracy prediction when using different encoding methods.
Percentage of search space used in training predictors varies between 1 and 10 percent.

Search Space NASBench1l01  NASBench201 TransNASBench NASBench301
(% of 423k nets) (% of 15.6k nets) (% of 7Tk nets) (% of 9k samples)
Encoding 1% 10% 1% 10% 1% 10% 1% 10%
ADJ 0.327 0.514 0.382 0.559 0.331 0.654 0.401 0.560
Path 0.387 0.752  0.396 0.781 0.350 0.756 0.343 0.776
ZCP 0.591 0.684 0.376 0.638 0.545 0.721 0.272 0.691
Arch2Vec 0.210 0.345 0.144 0.356 0.298 0.420 0.228 0.416
CATE 0.632 0.467 0.571 0.477 0.682 0.701 0.349 0.675
FLAN 0.665 0.823 0.782 0.812 0.632 0.837 0.537 0.810
DoA (ours) 0.701 0.852  0.759 0.832 0.692 0.845 0.795 0.831

this search algorithm is derived from an evolutionary method where a population of net-
works is selected and repeatedly re ned and resampled producing a more t population in
progressive steps until nally we can sift through the remaining networks and pick the one
with the highest performance. This approach breaks down initially when using a di erence
predictor as we no longer have the raw accuracy of a given candidate network. Instead, we
must derive a modi ed approach. Similar to evolutionary methods we begin by sampling
a population of networks. Then for each network, we query the di erence predictor for
the most promising neighbor through sampling single edit changes. We then take a step in
this direction. This process is repeated for a su cient number of networks and iterations
until convergence is reached. Sampling many initial networks and continuing to resample
during the evolutionary algorithm helps avoid the issue of getting stuck in local minima.
As with all NAS techniques, there is a trade-o between the number of networks queried
and the probability of getting stuck in a non-optimal solution. By using the di erence
predictor instead of a traditional predictor, the evolutionary algorithm is able to converge
signi cantly faster as shown in Figure 4.4a. We employ evolutionary search following many

of the hyperparameters selected by SEP [69] and further outlined in the Appendix.
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4.6 Experimental Results

4.6.1 Setup
4.6.1.1 Datasets and Search Spaces

We conduct extensive experiments on the popular image recognition datasets (Cl-
FAR10[47], CIFAR100[47], and ImageNet[22]) in addition to several other image related
tasks. For object and scene classi cation we use the Taskonomy[130] and Places[137]
datasets respectively. Finally for semantic segmentation, we utilize the MSCOCO dataset[52].

To perform NAS, we use both cell-based and block-based search spaces. NASLib[80]
is a modular and exible framework wrapping many common NAS search spaces. We
utilize NASBench101[125] which contains 432k unique architectures using a backbone of
cells stacked in a repeated fashion. Each cell contains 5 nodes and up to 7 edges and 1 of
3 operations is placed in each node. In NASBench201[24], architecture are comprised of
4 nodes and 5 operations resulting in 15k networks that are repeatedly trained providing
a high quality training curve for each architecture. TransNASBench[87] evaluates each of
it's 7k networks across 7 tasks resulting in 50k network/accuracy pairs. NASBench301[131]
is the largest space we consider witll0?! architectures. This block-based search space
contains architectures represented as a stack of operations with a depth of 20 and each

operation can be one of 4 potential operations.

4.6.1.2 Implementation Details

We rst construct a dierence of architectures space with varying k for each search
space, NASBench101, NASBench201 and TransNASBench using Algorithm 1. Next, we
train a predictor on each DoA dataset and plot the results in Figure 4.3. From this, we
observe that the predictor loss increases signi cantly whek ¥ 2. This phenomenon is more
pronounced in NASBench201 and TransNASBench likely caused by the increased graph
complexity of these search spaces. The trend in NASBench101 is fairly linearly however
the best predictor performance still occurs withk = 1. More importantly, k= 1 results in

the greatest reduction in search space size. Only considering imeditate neighbors for each
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(a) Predictor loss vs edit (b) Predictor loss vs edit (c) Predictor loss vs edit
distance in NASBench101 distance in NASBench201 distance in TransNASBench

FIGURE 4.3: Predictor loss increases greatly as number of edits increases beyond 1 and
plateaus.

candidate also results in the smallest cardinality of the DoA space. Hence, we chose to move
forward with D, as the default di erence of architecture space. Next, we then perform NAS
using a predictor trained on this space and the modi ed evolutionary algorithm 2. Please
see Appendix for hyperparammeter details for the modi ed evolutionary algorithm on each

of the search spaces.

4.6.2 Predictor Results

Across all search spaces and tasks, any number of edits greater than one causes a signif-
icant decline in accuracy in the di erence predictor. The many-to-one nature of the di er-
ence encoding likely causes the degradation of performance as stacking these changes greatly
increases the variability of the accuracy di erence between the pair of networks. These nd-
ings generalize well across a diverse range of search space sizes, tasks, and datasets. Using
a D! space proves to be the best choice for projection. Importantly, this projection also
reduces the size of the search space most signi cantly and contains the fewest encoded ele-
ments. Another important bene t of the many-to-one di erence encoding is the reduction
in graph isomorphism. Since the individual structure of the architectures themselves are
removed the new latent space, there are no longer isomorphisms.

In the initial phase of NAS, we develop a di erence predictor by leveraging the di erence

in architecture projections. This approach, based on di erence encoding, proves to be
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highly e ective, as evidenced by the results in Table 4.1, where it consistently outperforms
existing encoding schemes across various scenarios. Speci cally, we sample 1% and 10% of
the total networks within each search space. These subsets are subsequently used to train
the performance predictor according to the methodology associated with each encoding
scheme. To ensure robustness, the predictor's performance is evaluated on a separate hold-
out set, with the Kendall's Tau correlation coe cient reported as the evaluation metric, as
shown in Table 4.1.

We further extend these experiments across three distinct search spaces, encompassing a
total of nine individual benchmarks, providing a comprehensive evaluation of our method's
e ectiveness. For TransNASBench in particular, we aggregate results across multiple tasks,
ensuring equal weighting to maintain fairness in performance comparison. This thorough
experimentation highlights the generalizability and robustness of our di erence encoding
technique, as it consistently demonstrates superior prediction accuracy and e ciency across

a diverse range of NAS benchmarks and search spaces.

4.6.3 NAS Results

The use of di erence-based architecture encoding signi cantly enhances sampling e -
ciency compared to traditional encoding and search methodologies. As demonstrated in
Figure 4.4a, our encoding and search technique achieves rapid convergence towards the op-
timal network architecture. The y-axis in this gure illustrates the average edit distance to
the optimal design in NASBench101, plotted against the number of samples. This metric
clearly shows the superior e ciency of our approach in navigating the search space. Fur-
thermore, Figure 4.4b highlights the test accuracy as a function of the number of networks
evaluated, further con rming the e ectiveness of our method.

Our approach surpasses the current state-of-the-art technique, regularized evolution
with shortest edit path crossover [69], in terms of both convergence speed and nal per-
formance. In addition to outperforming this method, we also demonstrate substantial im-

provements over other established techniques, including regularized evolution with standard
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(a) Convergence Plot on NASBench101 (50 (b) Convergence Plot on NASBench101 (50
runs) runs)

FIGURE 4.4: Delta-NAS converges signi cantly faster than existing encoding schemes
and evolutionary based methods.

crossover, regularized evolution alone, random search, and reinforcement learning-based
search methods. This performance superiority is consistent across both NASBench101 and
NASBench201, as depicted in Figure 4.5b, where our method consistently achieves higher
accuracy and e ciency. Importantly, our technique performs better across the board in
this search space as well

A critical aspect of our evaluation is the rigorous comparison with baseline methods. To
ensure a fair and unbiased comparison, we maintain all hyperparameters constant between
the regularized evolution baseline and our modi ed version, thus isolating the impact of our
di erence encoding and shortest edit path crossover. These experimental results underline
the robustness and e ectiveness of our approach across multiple benchmarks, making it a

compelling advancement over existing NAS techniques.
4.7 Conclusion

Neural Architecture Search (NAS) remains pivotal in the design and development of
task-speci ¢ neural networks, but modern NAS techniques face challenges related to in-
creasing search space complexity and computational costs. Current approaches fall into

two categories: ne-grained but computationally expensive NAS, and coarse-grained, low-
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