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Abstract

Deep neural networks have achieved remarkable performance across a wide range of tasks; however, deploying
them efficiently in practice often requires careful and task-specific architectural design. Neural Architecture Search
(NAS) offers a data-driven framework to automate this process, enabling the systematic discovery of architectures
that balance predictive performance and resource efficiency. In this paper, we present an accessible overview
of the core concepts underlying NAS, including search spaces, optimization strategies, and multi-objective
formulations. We further highlight several practical application scenarios, such as hardware-aware model design,
model compression, and the development of efficient small-scale language models. Through these examples,
we illustrate how NAS can serve as a key enabler for building practical, lightweight, and resource-efficient Al
systems.
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1. Introduction

Deep neural networks have achieved great success across various domains. However, training neural
networks involves numerous architectural choices that typically require significant human expertise
and extensive trial and error. This challenge becomes particularly pronounced when developing
compact models for deployment in resource-constrained environments, where efficiency is as critical
as accuracy. As the adoption of deep neural networks increases, inference costs, in terms of latency,
energy consumption, and financial costs for hosting endpoints will continue to grow. Since they recur
with every query, inference costs will eventually exceed the already substantial costs associated with
training.

The goal of automated machine learning (AutoML) [1] is to progressively automate parts of the
machine learning pipeline. AutoML has been quite successful in the past, for example, by outperforming
human experts on Kaggle competitions [2] or configuring the Monte-Carlo Tree Search of Alpha-Go [3],
and is deployed in several commercial services, such as Google Vizier, H20 or Amazon SageMaker.
Neural architecture search (NAS) [4] has emerged as a subfield of AutoML, aiming to design better
neural network architectures to improve performance and efficiency compared to manually designed
counterparts.

In this paper, we discuss the potential of NAS to find more resource-efficient neural network architec-
tures. Section 2 introduces NAS and explains the relevant concepts. Section 3 details three applications
of NAS aimed at accelerating inference and training.
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2. Neural Architecture Search

The goal of neural architecture search (NAS) [5, 6] is to find an architecture, encoded as 6 € © that
minimizes the prediction error: mingeg Lyaiqd(w*, 8) on some hold-out validation data. Here, Ly,jiq
denotes the validation error after training the neural network to obtain the optimal weights w* that
minimize the training loss Lirqin.

In practice, we are often interested not only in an architecture that minimizes the validation er-
ror but also in one that performs efficiently, for example, in terms of memory footprint, inference
latency, or energy consumption. We can generalize the definition above to a multi-objective problem,
mingee (ferror(6), feffciency (¢)), to simultaneously optimize the validation error (With ferror = Lyaia)
and the efficiency of the architecture. In the multi-objective setting, there is no single 6, € © that
simultaneously optimizes all M = 2 objectives. Let’s define 8 = 0" iff f;(0) < fi(0'),Vi € [M] and
Ji € [M] : £i(0) < fi(0'). We aim to find the Pareto Set: Py = {6 € ©|36’ € © : 6’ = 0} of points

that dominate all other points in the search space in at least one objective. W

Search Spaces: When applying NAS, the first step is to define the search space, ©. Ideally, the search
space should be expressive enough to yield new architectures that are both efficient and high-performing,.
However, since evaluating a single architecture 8 often requires substantial computational resources,
increasing the dimensionality of the search space quickly renders the search process computationally
infeasible [7]. Typical search spaces could include for example the number of layers, the number of
hidden units per layer or the activation function.

Previous work [8, 9, 10] also considers cell search spaces, which define a directed acyclic graph (cell)
in which each node corresponds to a specific operation (e.g., a 3 x 3 convolution or max-pooling).
The objective is to select the appropriate operation for each node as well as the connectivity (edges)
between nodes. To construct the final architecture, these cells are stacked multiple times. While each
cell maintains its own set of weights, the architectural structure is shared across all cells.

Search Methods: Given a defined search space, the next step is to identify the optimal architecture
(in a single-objective setting) or a set of Pareto-optimal architectures (in a multi-objective setting). We
can distinguish between two primary classes of search methods[7].

The first class comprises black-box or gradient-free optimization approaches, which fully train
and evaluate an architecture § each time the objective function feyor(6) is evaluated. This process is
inherently expensive and does not scale well to larger deep learning models, which may require hours
or even days of training across multiple GPUs.

This process can be accelerated by employing early stopping for architectures that perform poorly in
the early stages of training. So-called multi-fidelity approaches [11, 12, 13] extend the definition of the
objective function to ferror (6, 1), where © € [Fmin, max| specifies the amount of resources, such as the
number of epochs or the size of the training dataset allocated to evaluating the neural network.

The second class of methods is often referred to as weight-sharing approaches [14, 15, 16]. In contrast
to black-box methods that train multiple independent neural networks, weight-sharing methods train
a single super-network that encapsulates all possible architectures (V6 € ©) within the search space.
Once this super-network has been trained, we can evaluate fe;ror(6) by selecting the subset of weights
from the super-network corresponding to 8; this is known as a sub-network. Consequently, during
the evaluation phase, we only need to validate the architectures rather than train them from scratch,
making this approach orders of magnitude faster than black-box optimization.

However, when training the super-network, it is crucial to ensure that the sub-networks function
effectively in isolation [17, 15]. Therefore, state-of-the-art [17, 15] approaches modify the training
procedure so that, instead of updating all weights at every step, only the weights of specifically sampled
sub-networks are updated.



3. Applications

In the following section, we discuss recent work on leveraging NAS to design efficient architectures for
small-scale models, highlighting its potential to accelerate progress toward practical, lightweight, and
resource-efficient Al systems.

3.1. Hardware-aware Neural Architecture Search

The first application we consider involves using NAS to search for architectures that are tailored to
specific hardware devices. Especially for embedded systems, strict constraints on inference latency and
memory footprint must be satisfied.

A popular approach in this setting is the once-for-all network proposed by Cai et al. [15], which
trains a single super-network. To ensure strong performance of the sub-networks, the authors introduce
a progressive shrinking strategy that enforces a training order from larger to smaller sub-networks.
For deployment on a specific hardware device, they then apply an evolutionary algorithm to select the
optimal sub-network that jointly optimizes latency on the target device and validation error. In a similar
vein, Sukthanker et al. [18] propose a search space for super-network training of decoder-based [19]
transformer architectures for language modeling tasks. Since directly measuring inference latency or
energy consumption on the target device is often impractical, they introduce surrogate models trained
on a limited number of hardware measurements to approximate these efficiency metrics.

3.2. Model Compression

Weight-sharing neural architecture search can be viewed as a form of structural pruning that, after
training, removes structural components such as layers or neurons to obtain an optimal sub-network.
Ideally, this sub-network achieves performance as close as possible to that of the original super-network.

For example, Klein et al. [20] use weight-sharing based NAS to compress encoder-based language
models via multi-objective optimization, jointly reducing parameter count and validation error. Com-
pared to classical structural pruning approaches, this strategy enables the identification of an entire
Pareto front of models rather than a single compressed solution.

3.3. Warm-starting Pre-training of Small Language Models

Small language models [21] have recently attracted increased attention because, compared to large
frontier models, they have substantially fewer parameters. Especially in academic settings or for
specialized use cases, such models are appealing due to their relatively low inference costs while still
achieving competitive performance on specific downstream tasks. However, pre-training these models
remains computationally expensive and often exceeds the budgets of small academic labs or startups,
amounting to multiple millions of GPU hours.

A recent line of work [22, 23] explores the use of neural architecture search to identify sub-networks
within large pre-trained models for initializing smaller models. For instance, Muralidharan et al. [22]
apply NAS-based pruning to a teacher model to extract compact sub-networks, which are subsequently
refined through knowledge distillation.

Krishnakumar et al. [23] propose a constrained evolutionary search strategy to identify the sub-
network that minimizes perplexity and serves as an effective initialization for a smaller model. They
showed that, compared to the conventional approach of training from randomly initialized weights, these
methods can significantly enhance both the efficiency and the overall effectiveness of the pre-training
process.

4. Conclusions

We discussed Neural Architecture Search (NAS) as a principled framework for automatically identifying
the optimal architecture of a deep neural network while jointly optimizing predictive performance and



efficiency. By formulating architecture design as a structured optimization problem, NAS enables a
systematic and data-driven exploration of architectural choices that would otherwise require extensive
manual engineering.

We outlined the core components of NAS, including the definition of the search space that captures
all candidate architectures and the methods used to efficiently explore this space. In particular, we
highlighted that NAS can be seen as a multi-objective optimization problem allowing practitioners to
balance accuracy with computational and hardware constraints.

Finally, we presented three practical use cases that demonstrate the versatility of NAS: hardware-
aware NAS for tailoring models to specific devices, model compression through structured sub-network
selection, and the use of sub-networks from large pre-trained checkpoints to warm-start the training of
small language models. Together, these examples illustrate the potential of NAS as a key enabler for
developing efficient, scalable, and practically deployable Al systems.
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