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ARTICLE INFO ABSTRACT

MSC: Tiny machine learning (TinyML) promises to revolutionize fields such as healthcare, envi-
68T10 ronmental monitoring, and industrial maintenance by running machine learning models on
68T20

low-power embedded systems. However, the complex optimizations required for successful

TinyML deployment continue to impede its widespread adoption.

Keywords: A promising route to simplifying TinyML is through automatic machine learning (AutoML),

TinyML . which can distill elaborate optimization workflows into accessible key decisions. Notably,

g:ge:v:::f:z;;‘:?j;:mg Hardware Aware Neural Architecture Searches — where a computer searches for an optimal

Embedded machine learning TinyML model based on predictive performance and hardware metrics — have gained significant
traction, producing some of today’s most widely used TinyML models.

TinyML systems operate under extremely tight resource constraints, such as a few kB of
memory and an energy consumption in the mW range. In this tight design space, the choice of
input data configuration offers an attractive accuracy-latency tradeoff. Achieving truly optimal
TinyML systems thus requires jointly tuning both input data and model architecture.

Despite its importance, this “Data Aware Neural Architecture Search” remains underex-
plored. To address this gap, we propose a new state-of-the-art Data Aware Neural Architecture
Search technique and demonstrate its effectiveness on the novel TinyML “Wake Vision”
dataset. Our experiments show that across varying time and hardware constraints, Data Aware
Neural Architecture Search consistently discovers superior TinyML systems compared to purely
architecture-focused methods, underscoring the critical role of data-aware optimization in
advancing TinyML.

68T45

1. Introduction

Today, low-power microcontrollers are ubiquitous, embedded within Internet of Things (IoT) systems where they perform
specialized tasks such as controlling appliances and monitoring sensors [1]. By integrating intelligent Machine Learning (ML) systems
into these microcontrollers, we can enable them to make intelligent decisions and adapt to changing conditions without a wireless
connection. This empowers devices to anticipate needs, simplify interactions, and ultimately improve quality of life. This vision is at
the core of the TinyML field, which has already demonstrated significant impact across diverse applications such as environmental
monitoring [2], predictive maintenance [3], and healthcare [4].

Successfully deploying ML systems, particularly deep learning systems which are inherently resource-intensive, on microcon-
trollers is challenging. These low-power devices’ strict limitations on computing, power, and memory are significantly more
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Fig. 1. An illustrative example of the resources available in cloud, mobile, and TinyML.
Sources: [5-8].

constraining than any other contemporary computing platform as visualized in Fig. 1. ML at this scale therefore demand substantial
optimizations to produce feasible systems. Such optimizations include tailoring the hardware platform, inference library, ML model,
and data pre-processing pipeline to meet application-specific resource constraints — a process that, with current tools, demands
significant Non-Recurrent Engineering (NRE) effort.

This challenge is further exacerbated by the heterogeneous landscape of microcontrollers, which consist of a wide variety of
models and manufacturers. While individual microcontrollers are inexpensive, replacing a large fleet of deployed devices can be
prohibitively costly or impractical, especially for systems deployed in remote and hard-to-reach locations. Consequently, TinyML
systems in reality often operate on heterogeneous hardware platforms, each requiring customized NRE work to fit varying resource
capabilities.

The high NRE costs associated with deploying TinyML systems create a significant barrier to adoption. To address this, AutoML
techniques have emerged as a promising solution for automating the optimization process. In particular, Hardware Aware NAS [9]
is regarded as a promising research direction to scale the process of creating lean TinyML systems.

Alongside scaling the creation of TinyML systems, the speed at which NAS evaluates Neural Network (NN) architectures has
also proven useful for creating higher-performing architectures than manually designed architectures. Models such as MCUNet [10]
and Micronets [6], both designed through Hardware-Aware NAS, are widely recognized benchmarks for resource-efficient TinyML
systems.

While Hardware-Aware NAS optimizes the resource usage of neural networks, it considers only the model architecture and
overlooks the role of input data configurations. Adapting input data configurations can be useful as datasets tend to contain
redundancy as information gathering is overprovisioned to ensure enough data. Because of this redundancy, it is often possible to
use a reduced configuration of a dataset, e.g., by reducing image resolution or sample rate, while still being able to meet application
requirements and thereby reducing resource consumption.

To bridge this gap, researchers have recently introduced “Data-Aware NAS” [11], an approach that extends Hardware-Aware
NAS by simultaneously searching for the optimal input data configuration alongside the model architecture [11]. Using Data-Aware
NAS, the researchers create TinyML systems that are as performant as those created using Hardware-Aware NAS, while consuming
fewer system resources.

In this work, we continue this thrust towards Data Aware NAS by showing that this extension offers two key advantages:

Improved resource efficiency. Data Aware NAS can reduce data granularity, leading to smaller input data, intermediate NN
representations, and model parameters. This reduction can minimize resource usage while still enabling the system to meet predictive
performance constraints.

Enhanced predictive performance. Under strict resource constraints, Data-Aware NAS can identify optimal trade-offs between data
granularity and model complexity, resulting in improved predictive performance compared to traditional Hardware-Aware NAS
approaches.

Expanding the NAS search space to include input data configurations has the disadvantage of increasing the search space size
manyfold. Although this could have introduced the challenge of maintaining tractable search times, our experiments show that a
Data Aware NAS outperforms a traditional Hardware Aware NAS across varying time constraints.

In their initial exploration of Data Aware NAS [11], the authors developed a simple layer-based approach and validated its
effectiveness on the ToyADMOS dataset [12]. Although this work successfully demonstrated the Data Aware NAS concept, the
simplicity of the ToyADMOS dataset made it an unrealistically easy task to solve, limiting the ability to show Data Aware NAS
working under more realistic and challenging conditions.

In this paper, we advance the state of Data Aware NAS by applying it to the significantly more complex Wake Vision dataset
containing around 6 million person/no-person images in diverse and realistic environments [13]. Exploring TinyML systems for
using this dataset would be infeasible using the prior Data Aware NAS implementation due to speed limitations. Therefore, to
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overcome this barrier, we integrate state-of-the-art Supernet-based NAS techniques in a new Data Aware NAS implementation to
ensure tractable search times. Specifically, we make the following contributions:

Improved performance under resource constraints. We demonstrate that Data-Aware NAS consistently outperforms traditional
Hardware-Aware NAS in creating TinyML systems that achieve better predictive performance within the same resource constraints.

Efficient search times. We show that Data-Aware NAS discovers superior TinyML systems compared to purely architecture-focused
methods regardless of time constraints.

Reduced expert intervention. Compared to Hardware-Aware NAS, our approach reduces the expert knowledge required to design and
create efficient TinyML systems.

Supernet-based evaluation. We contribute an improved Data Aware NAS based on supernets, significantly accelerating the NAS
evaluation process and enabling the discovery of optimized systems for complex datasets and search spaces.
The remaining sections of the paper are organized as follows:

Section 2: Related work. Presents prior scientific works that closely align with the challenges and solutions presented in this work.

Section 3: Resource consumption analysis. Examines the typical resource constraints encountered in TinyML and analyzes the resource
interplay between data and TinyML models.

Section 4: Improving data aware neural architecture search. Introduces the enhanced Data Aware NAS implementation enabling the
experiments presented in this work.

Section 5: Results. Presents the experimental outcomes of our enhanced Data Aware NAS approach and discusses the insights drawn
from them.

Section 6: Future work. Identifies promising directions for extending this research.
Section 7: Conclusion. Highlights key findings and contributions of the work.
Acknowledgments. Recognizes the funding sources that enabled this research.

Declaration of generative Al and Al-assisted technologies in the writing process. Discloses the use of generative Artificial Intelligence
(AID) for refining the manuscript’s language.

2. Related work

The research presented in this paper intersects multiple fields. First, it is based on the idea of using a computer algorithm to
optimize NN architectures, commonly known as NAS. Second, it considers the deployment of resource-intensive NN models on
severely resource-constrained embedded devices, a domain known as TinyML. This has so far been achieved either by handcrafting
manual NN architectures or via Hardware Aware NASs. Third, it intersects the growing trend of Data-Centric Al

2.1. Neural architecture search

NAS is a widely explored approach for designing high-performance NN architectures in traditional computational scales [14-17].
Early NAS systems relied on evolutionary algorithms [18] and reinforcement learning [14,15] to explore discrete search spaces of
potential NN architectures.

Recently, supernet-based methods, which train a single large model and extract high-quality subarchitectures from it, have gained
popularity as a way to reduce search times [17]. Differentiable Neural Architecture Search (DNAS) has also emerged as a promising
technique, where a discrete NN search space is turned continuous through proxy scalar values, enabling fast searches through
gradient-based optimization methods [19].

2.2. TinyML neural architecture search

The application of NAS has been central in creating models that balance performance and efficiency to run on TinyML hardware
since the very beginning of the field. SpArSe [20], one of the first works to show that Convolutional Neural Networks (CNNs) can
be deployed on TinyML hardware, uses Bayesian-based NAS to find suitable CNN architectures.

More recent works on TinyML NAS include MCUNet [10] and Micronets [6], used to create the MCUNet and Micronet family of
models, which are among the most used in TinyML.

The MCUNet NAS consists of two steps. During the first step, a search space is created where most models fit tightly into the
resource constraints of a TinyML device. In the second step, a one-shot NAS is performed on the search space, after which an
evolutionary search is used to sample the best sub-network. The MCUNet NAS arguably includes data in its search space as the
adapted search space for TinyML is created by, among others, reducing the input resolution of the search space [10].

The authors of the Micronets paper use DNAS [19] based on either a MobileNetv2 [21] or a DS-CNN(L) [22] backbone to design
TinyML models for Person Detection, Keyword Spotting, and Anomaly Detection.

Other works on NAS for TinyML include CNAS, which optimizes NN for hardware device operator constraints [23] and pNAS,
which proposes a NAS with a highly granular search space [24].
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2.3. Manually designed TinyML architectures

While NAS dominates TinyML model development, several works propose manually designed architectures. For instance,
CoopNet is a manually designed model that utilizes heterogeneous quantization and binarization to produce an efficient model
architecture [25]. Another example is the DS-CNN model, which uses depthwise separable convolution layers to achieve superior
performance in keyword spotting applications within TinyML resource constraints [22].

2.4. Data-centric artificial intelligence

An up-and-coming research area that has traditionally received little attention is Data-Centric AI. Where many research
papers propose techniques for optimizing ML models, much fewer papers consider ways to improve ML through data-centric
innovations [26]. Techniques such as weak supervision for fast dataset labeling [27], confident learning for automated label error
spotting and correction [28], and active learning where only the most important data samples are labeled [29] are key contributions
to this domain.

2.5. Data aware neural architecture search

Researchers recently introduced Data Aware NAS [11], which incorporates data configurations into the search space of a
Hardware Aware NAS. Using evolutionary algorithms, they jointly optimized data configurations and CNN models within a layer-
based search space. Their findings demonstrate that Data Aware NAS can significantly reduce resource consumption in TinyML
systems.

Building on this foundation, this present study conducts a comprehensive comparison between Data Aware- and traditional
Hardware-Aware NAS through experiments on a more complex dataset. This comparison would not be possible using the prior
Data Aware NAS implementation due to speed limitations. To overcome this barrier, we contribute a new Data Aware NAS
implementation, built on state-of-the-art NAS techniques.

3. Resource availability and consumption in TinyML systems

Given the scarce amount of resources available for a TinyML system, it is crucial to accurately track its resource consumption
to make the most of the available resources. To properly evaluate the resource consumption of TinyML systems, we first need to
establish the resources available in such systems and how the components of a TinyML system consume these. We do so in this
section by first characterizing the available resources in TinyML systems, then examining how data pre-processing impacts resource
usage, and finally analyzing the resource consumption of running TinyML models.

3.1. Avadilable resources

The available resources in a TinyML system are primarily decided by the hardware platform on which it is deployed. Typical
resources that we consider are computational capacity, volatile RAM, persistent flash storage, and energy [6,10]. These resources
are interdependent, with energy consumption in particular being tightly coupled to the usage of other resources.

Consider the Arduino Nano 33 BLE Sense [8], a popular device in the TinyML community. It features an ARM Cortex M4 processor
supporting Single Instruction Multiple Data (SIMD) parallel processing for operations like Multiply-Accumulates (MACs), commonly
used in NNs. The device provides 256 kB of Static RAM (SRAM) and 1 MB of flash storage. While there are no official figures for the
energy consumption of the device, our measurements show a power draw of around 125 mW during ML inference.

3.2. Input data resource consumption

In a typical TinyML system, input data undergoes several steps. First, it is captured by a sensor, then transferred to the
Microcontroller Unit (MCU) memory, pre-processed, and lastly fed to the TinyML model. Quickly executing these steps requires
fast and efficient data transfer. Furthermore, as data usually will not need to be stored after being fed to a TinyML model, there
is typically no need for memory to be able to persist data across power cycles. Among the memory types typically present in a
typical MCUs, RAM fits these characteristics best and is therefore typically used as working memory. The data pre-processing step
additionally relies on computational resources to process data. By adapting input data configurations to lower granularities we can
decrease the processing and memory resources required for moving and processing input data.

Once input data has been preprocessed it is ready to be fed to the TinyML model. This usually happens in one of two ways:

Streaming Data is processed one sample at a time as it is captured. Also known as online processing.

Batched Data is accumulated in a buffer until enough samples are collected for parallel processing. Also known as offline processing.

The batch paradigm consumes more memory as sensor data needs to be aggregated and preserved in memory for longer than with
streaming. However, batched processing can leverage improved parallel processing and, therefore, improve the inference efficiency
of the model. Furthermore, batching of sensor data is required to predict over the temporal dimension (e.g., audio data), except
in some rare instances where recurrent neural networks are used. Due to the tight memory constraints of TinyML systems, large
batches are typically infeasible, and streaming is used more frequently.

Even when input is passed to a model, its size can have a major impact on the overall resource consumption of the model. We
will cover this resource consumption in Section 3.3.
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3.3. TinyML model resource consumption

Most embedded applications statically allocate memory and storage, which enables us to accurately predict the consumption of
each by the architecture of the deployed NN.

For storage (i.e., non-volatile flash) consumption, the primary contributor is the number of parameters in the model and their
data type (e.g., int8, fp16, etc.). As shown in Eq. (1), one can sum the number of parameters in a model, multiply by the size of
each parameter, which is determined by the datatype, and factor in some overhead for the rest of the application stack [6]. In some
NN layers, for example, dense layers, the number of parameters scales with the size of the input data. Hence, the choice of data
granularity can affect the storage consumption of a TinyML model.

An approximate working memory (i.e., RAM) consumption of a model can be computed using Eq. (2). Informally, this equation
finds the maximum sum of the input and output intermediate tensors over every layer in a network, factoring in any residuals or
other tensors that need to be preserved in memory. The process of calculating the size of input and output intermediate tensors
differs for each layer and can be dependent on both the neural architecture and the input data — hence again the choice of data
granularity can affect the working memory consumption of a TinyML model.

L‘f = Zmpts

where ¢, :Flash Consumption in Bytes,

(€Y
m, : Model Parameter,
t, : Size of Parameter Datatype in Bytes.
¢, = max (d +1, € m,g?gr)nc (lj,- + lj0)>
where ¢, :RAM Consumption in Bytes,
d : Size of Input Data in Bytes,
I; : Alayer in a Model, 2

m : The set of all layers in a Model,

: Size of First Model Layer Output in Bytes,
l;; : Size of Layer j Input in Bytes,

l;, :Size of Layer j Output in Bytes

Computational resources are not “consumed” in the same way, but they determine if a given model is computed within the
latency budget of the application. To predict latency, you can often use proxy metrics, such as the number of operations, or predictive
surrogate models [9]. To get the best accuracy, one must measure the real latency on the device itself. The same goes for energy
consumption, which, given the relatively simple hardware architecture of MCUs, is inextricably linked to the latency.

4. Improving data aware neural architecture search

While prior work demonstrated that a Data Aware NAS could reduce resource consumption of TinyML systems under predictive
performance constraints, it failed to show the trading-off of data and model resources to improve predictive performance [11].

To show this phenomenon in this paper, we must target a less trivial application than previously [11]. A promising application
in TinyML is Person Detection, where an image is to be classified according to whether it contains a person [30]. As this is a vision
application, it will work on higher dimensionality data than previously considered in Data Aware NAS, enabling a deeper exploration
of resource-performance trade-offs.

Targeting Person Detection allows us to utilize the new “Wake Vision” dataset [13], recently introduced to the TinyML domain,
promising vast improvements in size and quality over traditional TinyML datasets.

4.1. A supernet based data aware neural architecture search

The increased complexity of Person Detection, coupled with the larger Wake Vision dataset, makes the prior approach of
using a layer-based search space and naive evolutionary algorithms too slow for practical use. To address this, we propose a
new supernet-based implementation utilizing a MobileNetv2 [21] backbone. MobileNetv2 is a lightweight CNN model designed
for Mobile computing, thereby being large enough to encompass a good amount of embedded-scale subnetworks.

In this approach, a fully sized MobileNetv2 supernet is trained on an Nvidia V100 system for each input data configuration.
Training is performed lazily, meaning it is initiated only right before the supernet’s first use. During the evaluation, the Data Aware
NAS samples a model configuration from the supernet corresponding to its data configuration, which provides a model with pre-
trained weights. This model is then further fine-tuned to learn weights appropriate for its neural architecture. This fine-tuning is
significantly faster than training a model from scratch, thereby enabling fast evaluation.
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Egs. (3) and (4) illustrates the difference in search time between traditional NAS and supernet-based NAS.
30.000 F + 100 N

where F = A factor of the Supernet size @

compared to extracted models,
N = Number of generated models

25.000 N @
where N = Number of generated models
We evaluate each TinyML system using the fitness function described in Appendix B and use a tournament-based genetic
algorithm to produce new candidate TinyML systems based on previous ones. The final output of the system is a collection of
Pareto optimal TinyML systems, i.e., systems that are each superior to every other generated TinyML system in some way.

Input data configuration options. We configure the new Data Aware NAS implementation to consider two orthogonal ways to
configure its data. These configuration options are based on engineering knowledge and provide no guarantees of containing the
optimal value for each parameter. To the best of our knowledge, there are no standardized search spaces that we can use, but the
search spaces we define closely follow other works on NAS for TinyML [10].

First, we allow it to configure the resolution of the image that is passed onto the NN model. Possible resolution options span:

R = {32,64,96,128,160, 192,224}.

Large input resolutions profoundly impact the RAM consumption of data due to the increased shape of the tensor storing the image.
It also has a significant effect on the size, and therefore RAM consumption, of the internal representations, i.e., activations, of the
NN model created by the convolutional and depthwise separable convolutional layers, both of which are frequent in a MobileNetV2
model. The number of parameters of a model is less affected by input resolution changes, as parameters in convolutional and
depthwise separable convolutional layers depend on fixed filter sizes, not tensor dimensions.

Secondly, we enable the Data Aware NAS to adapt whether the image is encoded in monochrome or Red, Green, and Blue (RBG)
format, i.e., C = {monochrome, rbg}. If a monochrome image encoding is picked, we reduce the width (also called alpha) [21] of the
MobileNetv2 supernet by 1/3. Consequently, this change affects both the RAM and flash consumption of the final TinyML system.

Model configuration options. We consider two ways to adapt the MobileNetv2 architecture. As with the input search space, this search
space is also defined using the engineering knowledge of the authors. The first is to adapt the depth of the network. A MobileNetv2
architecture is made up of inverted bottleneck blocks [21] that, over time, reduce the resolution of the input image while greatly
increasing its channels (also often called features). These blocks are divided into seven overall stages, see Fig. 2, inside which the
internal representation shape between the blocks is kept constant. Because of this structure, it is possible to remove blocks from
these stages as long as one block in each stage remains to update the internal representation shape for the next stage. We keep the
initial two MobileNetV2 blocks intact to enable them to extract low-level features for later layers. With that in mind, we define our
model depth search space as described in Eq. (5).

(b3, by, bs, bg, by) € B3 X By X Bs X Bg X By
where B; ={0,1,2,3}
B, =1{0,1,2,3,4}

Bs = {0,1,2,3} 5)
Bg ={0,1,2,3}

B; = 10,1}

b; € B;

We also enable the possibility of completely removing stages if downstream stages are also removed. For example, it is possible
to remove stage 6, given that stage 7 is also removed by attaching the final classification head to the end of stage 5. Our search
strategy ensures that infeasible architectures containing blocks after a completely removed stage are not generated during the search
and that this does not adversely affect the probability of finding deeper architectures. Adapting the depth of the network has no
implications on the RAM requirements to store data but can, depending on the stage and block, have a large impact on the RAM
consumption of internal model representations and persistent memory taken up by the total number of parameters in the model.

The second approach to adapting the MobileNetv2 architecture is to change the width of the network, that is, the number of
channels created by the convolutional layers of the model. The width of the network is controlled by a single alpha parameter
A ={0.1,0.2,...,1}. For implementation reasons, this is achieved using masking layers as introduced in FBNetV2 [31]. This change
significantly impacts both the size of internal model representations and the total number of parameters in the model.

Due to the complexity of modeling model latency and energy consumption accurately, our implementation limits its hardware-
aware metrics to RAM memory and flash storage. To calculate the total memory consumption of the TinyML systems, we assume
a streaming data paradigm where only a single data sample is stored in memory at a time. Our implementation supports storing
the data or model in datatypes of various sizes; however, all experiments in this paper are conducted assuming 8-bit datatypes for
storing both data, internal model representations, and model parameters.

A URL to an open-source repository containing the new Data Aware NAS implementation can be found in Appendix A.
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Fig. 2. The structure of a MobileNetV2 Model. Each block consists of an inverted bottleneck.

5. Results

This section presents a comprehensive evaluation of the Data Aware NAS system described in Section 4 through four comple-
mentary experiments. All experiments are conducted on a Nvidia V100 system for 23 h, with metrics such as Accuracy, Precision,
and Recall all estimated on full 32 bit floating point models.

Before presenting the results of these four experiments, we first revisit results from prior work on Data Aware NAS [11] to present
a self-contained and holistic evaluation of Data Aware NAS. Second, we show experimental results that Data Aware NAS is able to
find TinyML systems with better predictive performance than Hardware Aware NASs (i.e., Non-Data Aware NAS) under the same
resource constraints. Third, we present results that show a Data Aware NAS outperforming a Hardware Aware NAS at any time
constraint. Fourth, we apply the Data Aware NAS across embedded systems of differing resource constraints, showing how Data
Aware NAS can automatically adapt to resource constraints where Hardware Aware NAS necessitates manual engineering work.
Fifth and last, we compare the search speed of the current supernet-based Data Aware NAS to the previously published Data Aware
NAS implementation, showcasing how the technical improvements highlighted in this paper allow for the discovery of more and
better TinyML systems.

Collectively, these experiments provide strong evidence that a Data Aware NAS produces superior TinyML models compared to
traditional Hardware Aware NASs, achieving better performance across any timescale.

5.1. Resource consumption under performance constraints

To showcase the improvements done to Data Aware NAS in this work, we first revisit the main results from the previous
publication on Data Aware NAS [11]. These results are not based on the Data Aware NAS algorithm described in Section 4, but
on the simpler ToyADMOS dataset [12] and a more naive approach to Data Aware NAS. This earlier method utilized evolutionary
search over a layer-based search space. For more details, we refer to the previous paper [11].

In this prior work, the authors used both a Data Aware NAS and a traditional Hardware Aware NAS to search for TinyML systems
that could effectively distinguish between the normal and anomalous samples of the ToyADMOS dataset. We showcase the results of
this experiment in Pareto Frontier plots in Figs. 3 and 4. Note that while all points plotted represent Pareto optimal TinyML systems
in each individual run, not all points are Pareto optimal across runs. For that reason, we include a line drawing the Pareto Frontier
of the Data Aware- and Hardware Aware NAS to each plot.

As evident from the TinyML systems reaching an F1-Score of 1 in these plots, both the Data Aware NAS and traditional Hardware
Aware NAS are able to find models that can perfectly distinguish the normal and anomalous samples in the ToyADMOS test set.
However, the Data Aware NAS can do so with TinyML systems that consume more than four magnitudes less flash memory than the
TinyML systems created by the traditional Hardware Aware NAS. Unfortunately, the prior work did not track advanced resource
consumption metrics such as RAM, but we expect it to have been significantly smaller on the systems created by Data Aware NAS.

These results provided experimental evidence that Data Aware NAS can be used to significantly reduce the resource consumption
of TinyML Systems while maintaining performance.
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Fig. 4. Pareto Frontier of TinyML systems generated by the Hardware Aware NAS from [11].

5.2. Predictive performance under resource constraints

The first experiment provides evidence that a Data Aware NAS can reduce the overall resource requirements of a TinyML system
under constraints on the system’s predictive performance. A second central question is whether a Data Aware NAS can find better
TinyML systems than a Hardware Aware NAS under identical resource constraints.

To investigate this, we set up an experiment where a Data Aware NAS and an equivalent Hardware Aware NAS search for a
TinyML system to fit in memory constraints of 512kB RAM and 2 MB flash memory. These memory constraints are typical for many
TinyML-scale devices, for example, the STM32H743 [10] or the STMF767Z1 [6].

The results of this experiment are plotted in Figs. 5 and 6 for the Data Aware- and Hardware Aware NAS respectively. These
plots track the trade-off between three metrics — accuracy, RAM consumption, and flash consumption. Accuracy is tracked on the
y-axis of the plot, RAM consumption on the x-axis, whereas flash consumption is tracked by the size of the individual points. The
main takeaway from these figures is that the Data Aware NAS finds architectures that perform better than the Hardware Aware NAS
at a maximum accuracy of 79.5% and 77.6%, respectively. Furthermore, the Data Aware NAS finds 22 models with an accuracy
of above 75%, whereas the Hardware Aware NAS finds only 4 models above this threshold. The larger amount of Pareto optimal
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Fig. 6. Pareto optimal TinyML systems generated using a traditional Hardware Aware NAS.

models generated by Data Aware NAS would, in a practical application, mean that it would be easier to find a TinyML system fitting
the requirements for an application.

These results suggest that a Data Aware NAS not only improves predictive performance but also provides more Pareto optimal
choices, simplifying system selection for practical applications.

5.3. Data aware neural architecture search speed

The search space of a Data Aware NAS is a superset of the search space of a Hardware Aware NAS and is several times larger.
Therefore, a relevant question is: Can a Data Aware NAS find better TinyML systems than a Hardware Aware NAS in a certain period
of time?

We use the models generated throughout the two experiments from Section 5.2 to investigate this. In Fig. 7, we plot the fitness
score yielded by the fitness function of our NASs (see Appendix B) for the models generated by both the Data Aware- and Hardware
Aware NAS.
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Contrary to our initial hypothesis, the models generated by the Data Aware NAS outperform the models generated by the
Hardware Aware NAS throughout the entire search process, which suggests that it is worth using a Data Aware NAS over a Hardware
Aware NAS regardless of the search time.

Our fitness function is not a perfect proxy for when good TinyML systems are found, as systems can be Pareto optimal without
achieving a high fitness score. Therefore, as a complementary analysis, we plot the cumulative fraction of Pareto optimal discovered
throughout both a Data Aware- and Hardware Aware NAS in Fig. 8.

These results suggest that, while Pareto optimal systems are discovered throughout the entire search time in both NASs, a Data
Aware NAS will likely find more Pareto optimal models in short searches than traditional Hardware Aware NASs.

5.4. Ease of use across resource constraints

The experiment in Section 5.2 shows that Data Aware NAS can create better TinyML systems than Hardware Aware NAS under
the resource constraints of that experiment. A question remains: How does this generalize to other resource constraints?

To test this, we set up a Data Aware NAS to search for TinyML systems that can fit in the memory constraints of two

other resource-constrained hardware platforms. For the first we select memory constraints of 320kB and 1 MB corresponding to
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Table 1
The three examples of TinyML memory constraints considered in this paper.
RAM Flash Example
Large 512kB 2MB STM32F765
Medium 320kB 1MB STM32F746
Small 256kB 1MB Arduino Nano 33 BLE Sense
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Fig. 9. TinyML systems generated by Data Aware NAS for a device with constraints of 320kB RAM and 1 MB Flash Memory.
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Fig. 10. TinyML systems generated by Data Aware NAS for a device with constraints of 256kB RAM and 1 MB Flash Memory.

the STM32F746 [6,10]. As the second we set memory constraints of 256kB and 1 MB corresponding to the STM32F412 [10],
STM32F446RE [6] or the Arduino Nano 33 Bluetooth Low Energy (BLE) Sense [8]. Together, these systems form examples of a

large, medium, and small TinyML hardware platform as visualized in Table 1.

The TinyML Pareto frontier of TinyML systems generated for the large system can be found in Fig. 5, while the Pareto frontiers

for the medium and small devices can be found in Figs. 9 and 10 respectively.

Notice that the Pareto optimal TinyML systems for the medium-sized device contain a system from run two that exceeds the RAM
constraints of that device. This is not a mistake but rather because not all constraint-violating models are excluded, only penalized
by the fitness function (see Appendix B) during our NAS.
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These results show that our Data Aware NAS can discover suitable TinyML across different resource constraints with a maximum
accuracy of 79.5% in the large device, 78.5% in the medium device, and 77.7% for the small device. Perhaps most importantly,
these results are achieved by only changing the resource constraints given to the Data Aware NAS. Thereby making a Data Aware
NAS significantly easier to use than Hardware Aware NAS, which would have an engineer manually adjust many more parameters
and/or data pre-processing to find TinyML systems across these resource constraints.

5.5. Supernet speedup

In Section 4, we claim that it is necessary to introduce a new Data Aware NAS implementation based on MobileNetV2 supernets
to find good TinyML systems for Person Detection in tractable time. In this experiment, we seek to prove this by evaluating the
supernet-based implementation’s speedup over the original naive layer-based implementation proposed in the original work on Data
Aware NAS [11].

To do so, we run a modified version of the prior naive NAS implementation for 23 h — the same time as allocated to our new
supernet-based NAS in other experiments. The modifications made to the naive NAS are all done in an attempt to enable a fair
apples-to-apples comparison between the two NASs. A description of the modifications done can be found in Appendix C.

Even with these modifications, creating a truly fair comparison is difficult due to the extent of changes made to improve the
novel supernet-based search. For example, the search space of the two different NASs allows for discovering entirely different model
architectures with varying training times and learning capacities.

Despite these caveats, after running each search for 23 h, the supernet-based NAS consistently discovers significantly better-
performing systems, achieving a peak accuracy of 79.5%. In contrast, the naive NAS only finds TinyML systems reaching an accuracy
of 67.7%. This shows that the supernet-based search yields TinyML systems that are approximately 11.8 percentage points more
accurate than the traditional NAS search, which is ultimately what matters for ML practitioners.

6. Future work

The search for TinyML systems using Data Aware NAS has only just begun. There are still plenty of opportunities for future
research into, e.g., improving Data Aware NAS, using it to create new state-of-the-art TinyML Systems, or applying it to discover
theoretical insights into TinyML applications. This section identifies some of the most promising of these future research directions.

Expanded hardware metrics. Resource constraints on TinyML hardware encompass more than just the memory and computational
constraints considered in this and other works on NAS for TinyML [6,10,23,32]. Inference time and energy consumption metrics
are especially tough to quantify as they depend heavily on target hardware. Both are highly relevant metrics in TinyML system
design. Unfortunately, these metrics are currently hard to simulate or estimate accurately without deploying TinyML systems onto
real hardware — which is challenging in TinyML NAS where models must be evaluated quickly and without manual intervention.
Therefore, a promising research avenue to explore is to create accurate estimator tools that can provide realistic metrics in little
time and be integrated automatically into NAS tools.

Differentiable data aware neural architecture search. Many state-of-the-art NASs have recently explored using differentiable search
spaces and strategies to speed up their search with promising results [19,33]. Expanding Data Aware NAS to use a differentiable
search space and strategy could improve search speeds to discover even better TinyML systems. Doing so would require designing
the data configuration search space in a way that makes it possible to use differentiable search methods.

TinyML domain insights using data aware neural architecture search. This paper shows how Data Aware NAS finds better-performing
TinyML Person Detection systems on severely resource-constrained devices by lowering resolution and color representation. This
suggests that a larger NN architecture is more important for Person Detection systems than a higher data granularity.

TinyML systems in other application domains may perform better by trading off NN architecture size for a larger data granularity.
Investigating these trade-offs for different TinyML application domains may give novel insights into these domains that can prove
valuable to the broader community.

Creating state of the art TinyML models using data aware neural architecture search. Although the experiments in this paper show how
Data Aware NAS can produce better TinyML systems than an equivalent Hardware Aware NAS, the search space is not carefully
designed to find state-of-the-art TinyML models.

Applying Data Aware NAS alongside a more carefully designed search space may be able to produce models that can outperform
current state-of-the-art models such as the MCUNet models [10].

7. Conclusion

The adoption of TinyML in the industry remains slow, largely due to the deep expertise required to deploy heavily optimized
TinyML systems to microcontroller scale devices. AutoML approaches such as Hardware Aware NAS are promising avenues for
making otherwise heavily technical optimization techniques accessible to the broader community.

In this paper, we extend prior work on Data Aware NAS, an augmentation of Hardware Aware NAS, which considers various
ways to configure input data alongside a traditional Hardware Aware NAS.
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As a part of this extension, we make significant technical improvements to prior work on Data Aware NAS, moving from
considering trivial datasets, search strategies, and search spaces to a state-of-the-art TinyML dataset along with a supernet-based
NAS utilizing a MobileNetV2 backbone.

On the basis of these improvements, we are able to provide new results showing Data Aware NAS discovering more accurate
TinyML systems than Hardware Aware NAS given the same resource constraints, doing so across any allocated NAS time and different
resource constraints.

These results pave the way for using Data Aware NAS to design state-of-the-art TinyML systems and to gather new domain
insights in TinyML that can be useful to all TinyML practitioners.
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Appendix A. Implementation repository

A repository containing the Data Aware NAS implementation used in this paper can be found at: Removed for review period to
preserve anomnymity

Appendix B. Fitness function details

During both the Data Aware NAS and the traditional Hardware Aware NAS presented in this paper, TinyML systems are evaluated
using a fitness function to determine how well they perform on both prediction and hardware-related metrics. The fitness function
used in this work can be found in Eq. (B.1).

v 12
f=w1a+w2p+w3r+w4(1——r>+w5<1——f> (B.1)
X, Xr

where a : Model accuracy,
p : Model precision,

r : Model recall,
.+ RAM violation (excess usage),
, : Maximum allowable RAM consumption,

vp ot Flash violation (excess usage),

x; : Maximum allowable Flash consumption,
w - ws : Weights to adjust the importance of each term.

Maximum RAM and Flash consumption are configurable for each NAS run, and fitness function weights are equivalent, i.e., w;, =
w, = -+ = ws in all of our experiments.

13


https://direc.dk/
https://dais-project.eu/

E. Njor et al. Internet of Things 33 (2025) 101688

Appendix C. Non-supernet configuration

The Non-supernet Data Aware NAS which we utilize in Section 5.5, is based on the state of the Data Aware NAS implementation
at the Removed for review period to preserve anonymity commit hash in the repository Removed for review period to preserve anonymity
along with a few modifications. The state of the repository at this commit hash can be found via the following URL: Removed for
review period to preserve anonymity

The following modifications have been made to the state of the repository at this commit hash for the experiment described in
Section 5.5:

+ The steps per epoch parameter for training the NN model has been increased to 1000 steps.
» The number of training epochs has been increased to 25.

+ Changed the NAS to run for 23 h rather than a fixed number of models.

+ The data search space has been updated to that used in this paper.

The changes introduced to the training steps are done in an effort to align the training effort that goes into training both supernet-
and non-supernet-based models. With these changes, a supernet-based model will be trained for 30,000 pre-training steps and 100
fine-tuning steps, whereas a non-supernet-based model will be trained for a total of 25,000 steps.

Data availability

The dataset used in this article is publicly available. Code can be found by following a link in the article.
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