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Abstract

Deep Learning represents one of the major technological breakthroughs of recent
years. Typically, the training and inference phases of Deep Learning models, known
as Deep Neural Networks (DNNs), happen on powerful cloud hardware. Nonethe-
less, evidence exists about the potential advantages of directly deploying DNNs on
resource-constrained edge devices. These advantages range in several directions,
including reduced latency, reduced energy consumption, improved privacy, and
enhanced reliability.

Nonetheless, deploying DNNs on edge devices represents a non-negligible chal-
lenge due to resource constraints regarding memory, operating frequencies, and
supported instructions. This thesis will present several optimization techniques that
can consider the target hardware’s characteristics, such as the memory footprint or
the latency, to enable DNN inference at the edge. Moreover, all the novel techniques
presented in this manuscript are framed as gradient-based optimization problems
aimed at minimizing a combination of task-specific loss and hardware-aware cost
metrics. The optimization knobs are the standard and the architectural parameters of
the DNN which are learned through gradient descent. In this way, the DNN can be
trained and optimized in one shot.

The first optimization technique presented will be the structured pruning approach
known as PIT. This algorithm allows exploring the key hyperparameters of Temporal
Convolutional Networks (TCNs), a state-of-the-art DNN typically used to process
time-series data such as audio and bio-signals.

Then, we will show how to jointly explore structured pruning with mixed-
precision search in Convolutional Neural Networks (CNNs). With this algorithm,
it is possible to completely remove or quantize each weight channel to different
precisions in each CNN layer.



vi

Third, we will propose a novel optimization problem formulation that introduces
multiple hardware-related constraints. This formulation allows us to discover DNNs
in the design space that perform well on the task at hand while simultaneously
satisfying multiple constraints imposed by the target hardware platform.

The last optimization tool discussed will be ODiMO, a mapping tool capable of
splitting the execution of DNNs with fine-grain over multiple compute units available
in System on Chips (SoCs) that accelerate different DNN layer alternatives or with
operands with incompatible precision.

Finally, the manuscript will conclude with three real-world applications where
DNNs are optimized using some of the techniques discussed above and deployed
on edge devices. These applications include PPG-based heart rate estimation on
wearables, visual-pose estimation on nano-drones, and people counting on low-
resolution infrared arrays.
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Chapter 1

Introduction

Deep Learning (DL) is becoming the go-to approach to solving previously unattain-
able complex problems in a data-driven fashion. For this reason, nowadays, Deep
Neural Networks (DNNs) can be found at the backbone of a wide range of applica-
tions. A non-exhaustive list includes Computer Vision (CV) systems for autonomous
navigation [9], object detection [10], and semantic segmentation [11]; Natural Lan-
guage Processing (NLP) for virtual assistants [12], and translation services [13];
audio processing for speech recognition [14], and audio generation [15]; anomaly
detection for structural health monitoring [16], and industrial maintenance [17];
bio-signals analysis to monitor health condition such as heart rate [18] or blood
pressure [19].

Traditionally, the inference phase of these applications happens in powerful
cloud resources. Nonetheless, there is a growing need to deploy DNNs directly on
edge devices [20] such as Internet of Things (IoT) nodes and mobile devices. Edge
deployment offers several advantages within four main directions, i.e., reduced la-
tency, reduced energy consumption, improved privacy, and improved reliability [21].
Latency reductions are achieved by eliminating or reducing the need for network
round-trips, where data are collected at the edge and transmitted to remote servers
where the actual DNN inference happens. Many real-time applications, such as
autonomous navigation [22, 9], cannot tolerate such delays, and therefore, execut-
ing inference at the edge is the only feasible alternative to enable them. Similarly,
energy efficiency can be improved by avoiding transmitting data to the cloud and
by performing computations locally [21]. Thus, local inference is preferable for



2 Introduction

battery-operated devices, such as the vast majority of IoT nodes [23], in order to
extend their lifetime and improve their sustainability. Enhanced privacy is ensured
as data, which may be sensitive, remains on the user’s device rather than being
transmitted to external servers. This feature is of primary importance for applications
such as biometric authentication [24] and personalized healthcare [19]. Finally,
edge applications are inherently more reliable and can operate even when network
connectivity is limited or unavailable.

Despite these benefits, deploying DL models on edge devices presents several
challenges due to their inherent resource constraints [21]. Storage represents the first
hard constraint of such platforms with values ranging from hundreds of kBs to a
few MBs for Microcontroller Units (MCUs) such as STM32 [1]. This characteristic
clashes with modern DNN designs, which often require hundreds of MB to store
their parameters [25, 26, 10]. As an example, in Ch. 3 and Ch. 5 we will show how
we can take hand-designed over-parametrized state-of-the-art DNNs and compress
them by up to 8× with no accuracy loss to respect the memory constraints of MCUs.
Then, edge devices typically operate at lower clock frequencies and lack support for
specialized instructions such as high-precision floating-point operations, commonly
available in cloud-based hardware [27]. In Ch. 4 we will show how, thanks to
quantization, we can reduce memory by up to 10× with no task-performance loss
compared to a floating-point baseline. Nonetheless, the current edge ecosystem is
increasingly more heterogeneous and encompasses System-on-Chips (SoCs) with
Computing Units (CUs) with diverse architectures [2] and specialized modules [6]
that require specialized optimization approaches [28]. These CUs expose different
trade-offs regarding latency, energy, and task accuracy. In Ch. 6 we will show
how, by properly splitting the computational workload on the available CUs in
heterogeneous SoCs, we can reduce the inference latency by up to 8× with no
accuracy drop compared to a solution using only the most accurate available CU.
Finally, depending on the application [9, 29], many edge devices operate on batteries
with strict power budgets, necessitating highly optimized energy-efficient inference.

This thesis addresses the challenge of enabling efficient DL inference on resource-
constrained edge devices. In particular, the techniques presented in this work are
built on three pillars: design automation, hardware-awareness, and training
requirements democratization.
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Design Automation

Current DNN architectures are typically designed manually following rules of
thumb [25, 30]. Similarly, practical adoption of optimization techniques is limited
by the required manual effort and expertise [27, 31]. Given the tighter constraints
and the required domain knowledge, this problem is exacerbated when targeting the
deployment of DNNs on severely resource-constrained hardware (HW). Automating
the optimization process is crucial to ease the need for direct human intervention,
speeding up and allowing scale DNN deployment over a wide range of hardware
platforms and tasks. For these reasons, all the optimization techniques proposed in
this thesis aim to develop an automated optimization pipeline. This vision is enforced
in the open-source PLiNIO 1 (Plug-and-play Lightweight Neural Inference Opti-
mization) library, which has been developed during this PhD. In particular, PLiNIO
represents an attempt to engineer the main techniques discussed in this manuscript
in a comprehensive framework that abstracts away the main complexities. PLiNIO
aims to automatically identify model components for optimization, adapt to different
DNN architectures without human intervention, and generate deployment-ready
optimized models with minimal user input. Please note that the main discussion of
this thesis will be about the developed techniques and their scientific outcomes and
will be less focused on the engineering part required to build the framework. Further
details about the internals of PLiNIO are available in [32].

Hardware-awareness

Generic optimization techniques often yield suboptimal results when deployed on
specific hardware [33–35]. This thesis presents novel hardware-aware optimization
methods that leverage hardware-agnostic metrics (e.g., number of parameters, num-
ber of operations, etc.) and a detailed knowledge of target hardware capabilities and
limitations. In this way, the hardware details (e.g., type of computing units, memory
hierarchy, etc.) directly enter and guide the optimization process, offering tailored
solutions on the target devices.

1https://github.com/eml-eda/plinio

https://github.com/eml-eda/plinio
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Training Requirements Democratization

Current optimization strategies typically require substantial computational resources
for the optimization process itself [36–38]. The work discussed in this thesis is
focused on democratizing access to optimization by reducing the computational
requirements for performing model optimization. In particular, the main target of the
developed techniques is keeping the optimization cost, in terms of required time and
memory, comparable with the one of a single training run of the DNN. The rationale
behind this choice is enabling optimization on consumer-grade GPUs rather than
specialized server-grade accelerators. On the one hand, this decreases the time and
the cost required to optimize models. On the other, it makes optimization accessible
to researchers and developers with limited resources.

1.1 On the Absence of Attention-based Transformers

The research project described in this thesis started at the end of 2021. At that
time, transformer-based architectures [39, 26] were rarely considered for ultra-low-
power deployments, whereas convolutional and fully-connected (FC) networks were
already supported by deployment tool-chains on MCUs. Accordingly, the present
work restricts its contributions to convolutional and FC operators.

Additionally, in a standard transformer block, the feed-forward module, com-
posed of FC layers and typically placed after attention, accounts for roughly two-
thirds of the total parameters [40]. Consequently, the compression, pruning, and
mixed-precision techniques developed and discussed in the main body of this thesis
can be used directly on those sub-components.

Finally, it is important to point out that ideas similar to the ones presented in this
thesis have been applied to optimize the attention module of transformers. E.g., [41]
proposes a pruning approach for Vision Transformers, with similarities to the one that
will be presented in this thesis in Ch. 3, or [42] explores the usage of mixed-precision
search for language models as we will present for Convolutional architectures in
Ch. 4.
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1.2 Thesis Structure

Chapter2 - Background

Optimization 
Techniques

Hardware 
Targets

Gradient-based Learning 
and Deep Neural Networks

Chapter3 
-

Structured 
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Temporal 

Convolutional 
Networks

Chapter4 
-

Joint Pruning 
and Channel-
wise Mixed-

Precision 
Quantization

Chapter5 
-

DNN 
Optimization 
with Multiple 

Hardware 
Constraints

Chapter7 - Applications

Visual-pose Estimation on 
Nano-Drones

People-Counting on Low-
Resolution Infrared Arrays

PPG-based Heart Rate 
Estimation on Wearables

Chapter6 
-

DNN Mapping 
Optimization on 
Heterogeneous 

System-on-Chips

Fig. 1.1 Schematic structure of this manuscript.

The structure of this thesis is summarized in Fig. 1.1, while Table 1.1 summarizes
the different benchmarks and architectures used in the main body of the manuscript
(i.e., Ch 3, Ch 4, Ch 5, and Ch 6). Please note that the choices of the considered
architectures follow the choice of the respective benchmarks, which have been
selected to be aligned with the state-of-the-art and the benchmarked techniques and
platforms. Within the limits of each technique (discussed in each chapter), different
choices of benchmarks and architectures are possible.

Ch. 2 provides the necessary background knowledge by introducing the main
types of DNNs considered, reviewing gradient-based learning and general DNN
optimization techniques such as Pruning, Quantization, Neural Architecture Search
(NAS), and knowledge distillation. The chapter also includes a discussion of the
major Deep Learning frameworks and their structure. An overview of the hardware
platforms targeted in this work concludes the chapter.

Ch. 3 presents PIT, a structured pruning algorithm designed to optimize Temporal
Convolutional Networks for time-series analysis on edge devices.
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Table 1.1 Summary of each chapter’s different benchmarks and target architectures.

Benchmarks Architectures

Ch. 3

PPG-Dalia [43]
ECG5000
NinaPro DB1 [44]
GSC v2 [45]

TEMPONet [46]
ECGTCN [47]
TCCNet [48]
TC-ResNet14 [49]

Ch. 4
CIFAR-10 [50]
GSC v2 [45]
Tiny ImageNet [51]

ResNet-8 [52]
DS-CNN [14]
ResNet-18 [25]

Ch. 5

CIFAR-10 [50]
GSC v2 [45]
VWW [53]
DCASE2020 [54]
Tiny ImageNet [51]

ResNet-8 [52]
DS-CNN [14]
MobileNetV1 [30]
FC-Autoencoder [54]
ResNet-18 [25]

Ch. 6
CIFAR-10 [50]
CIFAR-100 [50]
ImageNet [55]

ResNet-20 [25] and MobileNetV1 [30]
ResNet-18 [25] and MobileNetV1 [30]
ResNet-18 [25] and MobileNetV1 [30]

Ch. 4 explores the integration of mixed-precision quantization with pruning in a
comprehensive framework to optimize Convolutional Neural Networks.

Ch. 5 extends the discussion by adapting pruning and NAS to optimize DNNs
under multiple hardware constraints simultaneously.

Ch. 6 presents a mapping optimization technique that enables efficient inference
on heterogeneous SoCs by distributing computations across multiple computing
units.

Ch. 7 presents some applications of the proposed methods on real-world tasks.
These tasks include PPG-based heart rate estimation on wearable devices, visual
pose estimation on nano-drones, and privacy-preserving people counting using low-
resolution infrared arrays.

Finally, Ch. 8 concludes the thesis by summarizing the main achievements of the
discussed works.

Please note that throughout the whole manuscript, I will consistently use the
pronoun “we" rather than “I" when referring to the work presented. Although
this thesis is an individual submission, the research it contains is the result of
collaboration with my supervisors and colleagues. The use of “we” acknowledges
their contributions and reflects the collective nature of the work conducted.
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Chapter 2

Background

This chapter provides the necessary background knowledge. First, it describes
in Sec. 2.1 the main types of DNNs considered, i.e., 2D Convolutional Neural
Networks (CNNs) and Temporal Convolutional Networks (TCNs). Then, it provides
an overview of gradient-based learning as the primary strategy for the parameters’
optimization method of DNNs. After that, regularization techniques are introduced,
which serve as the foundation for encoding cost metrics optimization in later chapters.
The section concludes with an overview of the main Deep Learning frameworks
available highlighting their major components as autograd and how these have been
crucial in making Deep Learning a pervasive technique. Sec. 2.2 covers the basic
concepts of general DNN optimization techniques such as pruning, quantization,
NAS, and knowledge distillation. Sec. 2.3 concludes the chapter with an overview
of the hardware platforms considered in this work.
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2.1 DNNs and Gradient-based Learning
2.1.1 Deep Neural Networks

In many problems, we have access to input data x ∈ Rn from which we want to
compute a function f : Rn → Rp that extracts meaningful quantities from these
inputs. However, in most real-world scenarios, the explicit form of f is unknown,
and we instead approximate it using a parametric model f̂θ , where θ denotes a set of
parameters to be learned from data. DNNs are a class of such function approximators
that leverage stacked compositions of simple transformations to model complex
relationships in the input data.

Multi Layer Perceptrons

The basic building block of such DNNs is represented by the so-called percep-
tron [56]. A perceptron is a parametric function that maps an input vector x ∈Rn to a
scalar output y ∈Rn through a weighted linear combination followed by a non-linear
activation. This is expressed as:

y = σ
(
wT x+b

)
(2.1)

Where w is known as the weight vector, b ∈ R is the bias term and σ : R→ R is
the so-called activation function which is necessary to express non-linear mappings
between the input and the output spaces.

The second key idea for the construction of DNNs is to extend the representational
capacity of the perceptron in the width dimension by considering a layer composed
of several perceptrons acting in parallel. Each unit in the layer computes its function
on the same input vector. If a layer consists of m output features, the computation
can be vectorized as:

z = σ (Wx+b) (2.2)

Where W ∈ Rm×n is the weight matrix with each row corresponding to individual
perceptrons weight vector, b ∈ Rm is the bias vector, and the activation σ is applied
element-wise. This formulation enables the layer to output a vector z ∈Rm, mapping
the input into a new feature space. These layers of multiple units are commonly
denoted as fully-connected (FC), dense, or linear layers. By stacking multiple layers,
we obtain the so-called Multi-Layer Perceptron (MLP), a composition of functions
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that transforms the input representation at each stage. Formally, an MLP with L
layers defines a function:

f (x) = f (L)
(

f (L−1)
(
· · · f (1)(x) · · ·

))
(2.3)

where each intermediate layer, commonly denoted as hidden, follows the structure
of Eq. 2.2, i.e.,:

z(l) = σ
(l)
(

W (l)z(l−1)+b(l)
)
, with z(0) = x (2.4)

Here, W (l) and b(l) are the weight matrix and bias vector for layer l, and σ (l) is again
the activation function. The composition of these transformations allows MLPs to
approximate highly non-linear functions by learning hierarchical representations of
the input data [56].

The equation implemented by the final layer of an MLP depends on the problem
being solved. In regression tasks, the output is typically a linear function of the last
hidden layer:

ŷ =W (L)z(L−1)+b(L) (2.5)

For classification tasks, the output is a probability distribution over C possible classes
obtained using a non-linear activation such as the softmax:

ŷ j =
exp
(

z(L)j

)
∑k exp

(
z(L)k

) , j = 1, . . . ,C (2.6)

The pre-softmax outputs of a DNN are commonly reffered as logits.

We define an MLP as a DNN when it has more than one hidden layer, i.e., L > 2.

Various activation functions have been proposed, with the sigmoid function being
one of the earliest and most widely used. The sigmoid function smoothly maps inputs
to the bounded range [0,1], making it useful for probabilistic interpretation. However,
it suffers from issues such as vanishing gradients (see Sec. 2.1.2), which can hinder
training in deep networks [57]. In contrast, modern deep learning architectures pre-
dominantly use the Rectified Linear Unit (ReLU), defined as: ReLU(x) = max(0,x).
ReLU is computationally simple yet highly effective, mitigating the vanishing gradi-
ent problem and enabling faster and more stable convergence during training [57].
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Due to its advantages, ReLU has become the standard activation function in deep
neural networks.

The Universal Approximation Theorem [58] states that any continuous function
on a subset of Rn can be approximated by a sufficiently wide MLP with a single
hidden layer. However, deeper networks, thus leveraging hierarchical representations,
can often achieve better results with fewer parameters [56]. For all these reasons,
DNNs are a powerful class of function approximators capable of learning complex
mappings from data in various scenarios.

While MLPs represent the first architecture used as a function approximator,
their application as a standalone model has become less common. Instead, they are
primarily found as components of more complex DNN architectures. In particular,
MLPs are often used as the final stage of DL models. Conversely, the earlier layers
focus on extracting structured features from raw input data. Finally, the MLP
component integrates these features to compute the final output. This design pattern
can be found in architectures such as CNNs, which represent the focus of the next
Sec. 2.1.1.

Convolutional Neural Networks

CNNs are DNN architectures tailored for processing multi-dimensional data, such
as images. CNNs represent today the de-facto standard in CV tasks such as object
detection [10] and image classification [50]. They implement feature extraction
by applying the convolution operation, which computes local weighted sums over
the input using learnable filters. The inputs and outputs of convolution are usually
denoted as the input and output feature map or activations. For a single-channel,
two-dimensional input feature map x of size t× t, a convolutional layer applies a
k× k filter K to produce an output feature map y according to:

y(m,n) =
k−1

∑
i=0

k−1

∑
j=0

K(i, j) x(m·s+i−p,n·s+ j−p), (2.7)

where s is the stride and p is the padding. The spatial dimension d of the output
feature map is given by d = t+2p−k

s +1. Similarly to MLPs, an activation function σ

is computed on all the elements of y.
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For multi-channel inputs, the convolution generalizes naturally. Let x(cin) denote
the cin-th input channel and y(cout) the cout-th output channel. Then,

y(cout)
(m,n) =

Cin−1

∑
cin=0

k−1

∑
i=0

k−1

∑
j=0

K(cin,cout)
(i, j) x(cin)

(m·s+i−p,n·s+ j−p). (2.8)

As mentioned before, the early layers of a CNN are devoted to feature extrac-
tion from raw data. In contrast, the final layers are usually implemented as fully
connected layers, which combine these features to compute the final output for
tasks such as classification or regression [25]. Standard feature extractors include a
variable number of convolutional layers in the form of Eq. 2.8 interleaved with Batch
Normalization (BN) layers, which standardize the activations’ statistic, stabilize
the training, and improve convergence by reducing internal covariance shift [59].
Moreover, downsampling layers, typically denoted as pooling layers, are included
to progressively reduce the feature map spatial dimension and improve translation
invariance [50].

Temporal Convolutional Networks

Temporal Convolutional Networks (TCNs) are one-dimensional convolutional
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Fig. 2.1 Generation of the first two output time samples in a TCN layer with K = 3, d = 4, F
= 9, and s = 1 for the first output channel (m = 0).

neural networks designed for time-series processing. They have recently gained
significant attention due to their ability to achieve state-of-the-art results in various
tasks [60, 49, 48]. Previous to the introduction of TCNs, such tasks were mainly



2.1 DNNs and Gradient-based Learning 15

addressed by recurrent neural networks (RNNs) and their variants—such as Long-
Short Term Memory (LSTM) and Gated Recurrent Units (GRU). Such architectures
are not considered in this thesis, given that TCNs represent a strong alternative as
they are less affected by issues like vanishing or exploding gradients and the high
memory requirements of RNNs on long sequences. Furthermore, TCNs inherit the
data locality and arithmetic intensity of standard CNNs, leading to latency- and
energy-efficient inference [61].

The building blocks of TCNs are the same as those of standard CNNs, including
convolutional, pooling, and fully-connected layers. However, the convolutional
layers in a TCN are specifically adapted to temporal inputs by enforcing two key
properties: causality and dilation. Causality ensures that the output yt at time t
depends only on the current and past inputs, thus preserving the natural order of
events. Dilation introduces a fixed step d between the input samples processed by
each filter, effectively enlarging the receptive field without increasing the number
of parameters or computational cost. For a 1D input with Cin channels, the dilated
convolution operation is defined as:

ym
t =

K−1

∑
i=0

Cin−1

∑
l=0

xl
ts−d i ·W

l,m
i , ∀m ∈ {0, . . . ,Cout−1}, ∀t ∈ {0, . . . ,T −1} (2.9)

Where K is the filter size, s the stride, W l,m
i the filter weights, and the receptive field

is given by F = d · (K−1)+1. Fig. 2.1 depicts the structure of a TCN convolutional
layer.

The first type of TCN proposed in literature [61] was a fully convolutional
network with residual connections. Nonetheless, in the recent SotA [46], TCNs can
also incorporate additional layers, such as strided convolutions, pooling, and fully
connected layers, to further improve their performance

Recap of Key DNN Hyperparameters

DNN architectures’ design generally involves many hyperparameters that determine
model capacity, efficiency, and overall performance. For MLPs, key hyperparameters
include the number of hidden layers (i.e., depth) and the number of output features
in each layer (i.e., width). In CNNs, additional hyperparameters arise from the
convolutional layers, such as the number of filters, kernel sizes, stride values, padding
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schemes, pooling operations, and normalization parameters. TCNs further extend
this set by introducing hyperparameters related to temporal processing, including the
dilation factor d, which, together with the kernel size K, defines the receptive field
F = d · (K−1)+1.

The whole design space of DNNs, which is controlled by the above-mentioned
hyper-parameters, is enormous and impossible to explore exhaustively manually.
The technique presented in this thesis offers an automated, cost-aware approach for
navigating this huge design space while tailoring DNNs to the underlying target
hardware.

2.1.2 Gradient-based Learning

In previous Sec. 2.1.1, the functional forms of DNNs, including MLPs, CNNs, and
TCNs, have been introduced. A set of parameters, denoted as θ , parameterizes these
functions. This section details the process of selecting these parameters starting from
data. This process is referred to as learning. While many learning paradigms exist,
such as self-supervised and unsupervised learning, this work addresses the so-called
supervised learning scenario.

The paradigm that aims to learn a mapping from input data to corresponding
outputs is known as supervised learning. This is achieved by training a model on
a dataset of labeled examples, where each example consists of an input and its
associated target output (i.e., the label). During this procedure, the model learns
to predict the output for new, never-seen-before inputs by generalizing from the
patterns observed in the training data.

The training of DNNs is a critical step, as model performance is highly dependent
on the quality of the learned parameters. Due to the inherent complexity and non-
linearity introduced by activation functions, optimizing θ is a non-convex problem
[56]. Consequently, a closed-form solution for this optimization does not exist. Then,
the training process is formulated as a non-convex optimization problem, where the
objective is to minimize a loss function, L( f (X ,θ),Y ). This loss function quantifies
the discrepancy between the network’s predicted output Ŷ = f (x;θ) and the desired
output Y , and its specific form is determined by the task at hand.

Given the non-convex nature of L(θ), DNNs are trained using iterative gradient-
based techniques that aim to drive the loss function to a low value. Stochastic
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Gradient Descent (SGD) [62] and its variants form the basis of these techniques.
The fundamental idea of gradient-based optimization is to iteratively update θ in the
direction that minimizes L(θ), which is dictated by the gradient ∇θL(θ), leading to
the following update rule:

θ
new = θ

old−η∇θL(θ) (2.10)

Where η is the learning rate, a critical hyper-parameter that controls the step size
of the updates, an excessively small learning rate can lead to slow convergence. In
contrast, an excessively large learning rate can cause divergence.

Plain gradient descent, or batch gradient descent, computes the gradient using
the entire training dataset (X , y) at each iteration. This approach becomes computa-
tionally prohibitive for large datasets. SGD addresses this issue by approximating
the gradient using a single randomly selected training instance or, more commonly,
a mini-batch of instances. This stochastic approach introduces variance into the
optimization process, causing the loss to fluctuate. However, this variance can also
help the algorithm escape local minima, potentially leading to better generalization
[56]. The size of the mini-batch is another hyper-parameter that requires tuning.

Beyond basic SGD, modern optimization algorithms have been developed to
enhance convergence and performance. These algorithms, such as SGD with momen-
tum [63] and Adam [64], start from plain SGD and incorporate techniques to adapt
the learning rate and utilize past gradient information. For example, momentum
accelerates learning in the relevant direction [63], while Adam adapts the learning
rate for each parameter based on estimates of the first and second moments of the gra-
dients [64]. In this thesis, we will specify, whenever needed, the specific employed
optimization algorithm.

Regularization Techniques

In the previous section, we introduced the fundamental concepts of gradient-based
learning for DNNs. However, a crucial general aspect of ML and DL, i.e., general-
ization, was not explicitly addressed. Generalization refers to the ability of a trained
model to perform well on unseen data beyond the training set. Poor generalization
can manifest as either overfitting or underfitting. Overfitting occurs when a model
memorizes the training data. An overfitted model performs excellently on the train-
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ing set but poorly on unseen data. Underfitting, on the other hand, occurs when a
model fails to capture the underlying patterns in the training data, resulting in poor
performance on both the training and unseen data.

Underfitting can be mitigated by ensuring the selected model is sufficiently
expressive, i.e., with enough parameters θ . Conversely, overfitting can be reduced by
employing regularization [65]. Regularization techniques introduce constraints or
penalties into the learning process, helping to reduce the complexity of the learned
model and preventing it from memorizing noise in the training data. Among the most
common regularization techniques are those based on norm penalties [65], which
are added directly to the task-specific loss function L. Two of the most common
examples are:

• L2-Regularization (Ridge Regularization): This technique adds the squared
L2 norm of the parameter vector θ to the loss function:

L2(θ) = λ∥θ∥2
2 = λ ∑

i
θ

2
i

Geometrically, L2-regularization corresponds to adding a circular or spherical
constraint to the parameter space. It encourages the model to have small
weights, effectively shrinking the parameter values towards zero [65]. In terms
of gradient updates, L2 regularization adds a term proportional to θ to the
gradient, effectively pushing the parameters towards zero.

• L1-Regularization (LASSO Regularization): This technique adds the L1

norm of the parameter vector θ to the loss function:

L1(θ) = λ∥θ∥1 = λ ∑
i
|θi|

Geometrically, L1-regularization adds a diamond-shaped constraint to the
parameter space. It tends to drive some parameter values to zero, resulting
in sparse weight vectors [66]. This property makes LASSO regularization
useful for feature selection and model compression, as it effectively identi-
fies and removes less important features. In terms of gradient updates, L1

regularization adds a constant term to the gradient, pushing the parameters
towards zero or away from zero, depending on their sign. Regularizers based
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on LASSO, also known as sparsifying regularizers, are at the base of many
pruning techniques [66].

For both types of regularization (L2 and L1), the parameter λ controls the strength of
the regularization. A more regularized model is obtained when a stronger penalty is
imposed on large parameter values associated with larger values of λ .

This thesis will use regularization techniques as the primary strategy to bias the
optimization towards low-complexity solutions.

2.1.3 Deep Learning Frameworks

The rapid advances in DNN research over the last years was enabled by the conflu-
ence of new and powerful hardware such as GPUs coupled with the appearance of
software stacks capable to abstract away hardware details and technicalities while
retaining computational efficiency. Among these, PyTorch[67], TensorFlow[68],
and JAX [69] represents some of the most used libraries by both academia and
industry. Each of these libraries revolve around a similar core abstraction represented
by multi-dimensional tensor and presents a concise Python frontend that hides the
boundaries between CPUs, GPUs and specialised accelerators while still allowing to
perform efficient computations on them.

Conceptually the runtime of every major framework can be decomposed into
three tightly coupled layers. At the top, a Python front-end offers an imperative API
that mirrors NumPy, so models can be expressed with familiar index-based notation
and ordinary control-flow statements. The code written at this level is intercepted
and lowered to an intermediate representation (IR): PyTorch captures graphs with FX
or TorchScript, JAX produces XLA High Level Optimiser (HLO) programs, and Ten-
sorFlow relies on concrete Tensorflow Graph objects obtained by tracing eager code.
This IR forms the corpus on which language-level transformations operate. Such
transformations includes operation such as automatic differentiation, vectorization,
partial evaluation, or data sharding. In the final stage the transformed program is
either compiled ahead of time or dispatched at run time to highly optimized kernels
written in C++, CUDA, or ROCm. When beneficial, vendor libraries such as cuDNN,
or cuBLAS are invoked, otherwise kernels can be fused in chains of element-wise
operations in order to reduce memory traffic and kernel-launch latency.
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Historically, frameworks adopted mutually exclusive execution paradigms: eager
systems such as early PyTorch constructed the computation graph on the fly, a
choice that provided maximal flexibility for data-dependent shapes at the cost of
modest Python overhead, whereas the original release of TensorFlow forced users
to assemble a static graph up-front and then execute it multiple times to exploit
compiler-level optimisation. Today the distinction has blurred. PyTorch2 introduces
an ahead-of-time compiler that traces a dynamic program, rewrites it as a static IR
and emits a graph executable, while TensorFlow2 defaults to eager execution and
only switches to graph mode when a function is decorated with tf.function. JAX
follows a similar path by staging pure Python functions through the @jit decorator
so that they materialise as HLO before reaching the target device.

All the work described in this thesis is based on Pytorch 2.x version.

Autograd

One of the key element of such DL frameworks is represented by the Autograd
(AD) module which implements efficient computation of gradients which is crucial
for scaling gradient-based learning. The backpropagation algorithm [62] and its
implementations within automatic differentiation software libraries [67] provide
an efficient method for computing ∇θL(θ) by performing two passes through the
network: a forward pass and a backward pass. During the forward pass, the mini-
batch is propagated through the network, and the loss is computed. During the
backward pass, the gradients are calculated using the calculus chain rule, starting
from the output layer and propagating backward to the input layer. These gradients
are then used to update θ according to the update rule of Eq. 2.10.

In particular, modern frameworks implement AD as a source-to-source transform
applied to the IR introduced earlier. PyTorch employs AOT-Autograd, JAX rewrites
jaxpr graphs through grad, and TensorFlow generates a companion graph that
contains the vector-Jacobian product (VJP) of each primitive op. Since the transform
is purely functional, it composes seamlessly with other passes such as vectorization.

2.2 Optimization Techniques
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2.2.1 Pruning

Pruning is a fundamental optimization technique for compressing DNNs and im-
proving inference speed [66] which involves reducing the model size by selectively
removing parameters. Pruning methods can be categorized based the selection strat-
egy used to determine which parameters to eliminate and on the granularity of the
removed elements.

From a granularity perspective, pruning approaches can be classified as unstruc-
tured or structured. Unstructured pruning removes individual weights, offering the
highest theoretical reduction in parameter count and computational cost without
significant accuracy loss, with reported reductions of up to 90% [70]. However, the
resulting sparse weight matrices lead to irregular memory access patterns and reduced
hardware utilization, particularly on general-purpose platforms, where additional
overhead is required to properly exploit sparsity [71, 66]. Sparse computations also
affect cache performance and make parallel execution less efficient [71]. Conversely,
unstructured pruning can be properly exploited when specific hardware and software
support is provided [40].

Structured pruning removes weights more regularly, such as in blocks or entire
neurons, channels, or filters. While block-based pruning still requires specialized
hardware support to accelerate execution efficiently [66], channel- and filter-wise
pruning result in compressed network architectures that can be transformed into
smaller, dense models using distributive and associative algebraic properties [66].
This eliminates the deployment challenges of unstructured pruning, as no special
hardware or software support is required. However, structured pruning typically
results in a worse trade-off between compression and task performance [70].

Various selection schemes have been proposed to determine which parameters
to prune. Magnitude-based pruning removes weights with the smallest absolute
values and is a simple yet effective method [70, 72]. It applies to individual weights
and structured groups [72] and does not require additional data. However, aggres-
sive pruning may degrade performance, necessitating fine-tuning and potentially
diminishing the benefits of a data-free approach [66]. Sensitivity-based pruning
addresses this issue by leveraging training data to assess the impact of removing
specific parameters on the model’s output [73]. However, these methods typically
operate on a pre-trained network (potentially followed by fine-tuning) and do not
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exploit the benefits of jointly training and pruning weights [66]. Gradient-based
pruning overcomes this limitation by integrating pruning into the training process.
This is often achieved by introducing trainable binary gates that determine which
weights or structures should be retained [31, 34]. These gates and the network’s
weights are jointly optimized using gradient descent to minimize a loss function that
combines the primary task objective with a regularization term related to model size
or computational cost.

The pruning techniques presented in Ch. 3 of this thesis belong to the family
of gradient-based structured pruning where learnable binary masks are used to
selectively remove parts of the weight tensors W corresponding to different hyper-
parameters configuration of the DNN under optimization. This particular pruning
strategy is akin to the family of mask-based Differentiable Neural Architecture
Search algorithms presented in the next Sec. 2.2.2.

2.2.2 Neural Architecture Search

In recent years, Neural Architecture Search (NAS) has gained significant traction
in academia and industry as a powerful technique for automating the design of DL
models. Several surveys [74–76] have attempted to summarize the rapidly evolving
landscape of NAS methodologies, categorizing them along three main dimensions:
the search space, the search strategy, and the evaluation strategy.

The search space defines the set of potential architectural configurations that a
NAS method can explore. This has been the subject of many different proposals in the
literature. Typical search spaces range from coarse-grained global hyperparameter
tuning, such as determining the number of layers or global width multipliers, as seen
in efficientnet [77] and mobilenetv3 [78], to cell-based approaches where the number
and type of cells are not predetermined [36, 79]. In this case, each cell represents
a specific combination of one or more layers. Other methods employ fine-grained
layer-wise tuning, adjusting hyperparameters like the number of channels, filter size,
and dilation rates [34, 31]. The number of possible architectures within these search
spaces can be huge, reaching up to 1032 alternatives [34]. Within the search space,
each configuration is uniquely represented by an encoding scheme specific to the
NAS method and closely related to the search strategy.
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The search strategy defines the optimization mechanism used to explore the
search space and to select high-quality architectures. While achieving high task
performance, such as classification accuracy or regression error, is always the pri-
mary objective, modern hardware-aware NAS methods incorporate non-functional
constraints, including memory footprint, computational complexity, and latency [76].

Finally, the evaluation strategy determines how candidate architectures are scored
during the search. The most direct approach for predictive performance is full
training and testing on a reference dataset. Similarly, non-functional metrics can be
obtained by deploying the model on target hardware [37]. However, both methods
are computationally expensive, justifying the development of proxy-based evaluation
techniques.

NAS search strategies can be broadly classified into two main families: black-box
and one-shot approaches. Early NAS methods primarily relied on black-box opti-
mization techniques, such as Reinforcement Learning (RL) [36], and Evolutionary
Algorithms (EA) [38]. These methods iteratively sample one or more architectures
from the search space, evaluate them according to functional and non-functional
metrics, update the sampling policy based on the results, and repeat the process.
Black-box strategies are highly flexible and can accommodate various constraints and
objectives. However, their reliance on repeated sampling, training, and evaluation
makes them computationally prohibitive, often requiring thousands of GPU hours
for a single search [37].

To reduce the computational cost of black-box NAS, proxy-based evaluation
strategies have been introduced. Predictive performance can be estimated from
early-stage learning curves, testing on a small subset of minibatches, or training for
only a few epochs [74, 80]. Similarly, non-functional metrics can be approximated
using analytical models or hardware simulators [76]. However, accuracy extrapola-
tion is unreliable, and even with proxy-based techniques, black-box NAS remains
computationally demanding, limiting its accessibility for resource-constrained IoT
system designers [35].

To address these limitations, a class of more efficient techniques, known as
Differentiable NAS (DNAS) or One-shot NAS, has been introduced [79]. These
methods, which are the primary focus of this thesis, aim to significantly reduce the
computational cost of NAS while maintaining competitive performance. They are
discussed in detail in the following section.
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Differentiable Neural Architecture Search

DNAS methods employ gradient descent as a search strategy, where within the
same training loop, the network weights and architecture are jointly optimized. This
characteristic, often referred to as one-shot training, strongly couples the search and
evaluation strategies.

The first DNAS techniques were based on the supernet concept, which are DNNs
incorporating different paths, each corresponding to a candidate design point in the
search space [79]. A supernet is constructed by replacing each layer of a reference
DNN with a cell containing multiple alternative operations, such as convolutions
with different kernel sizes. The selection among these alternatives is controlled by a
set of architectural weights optimized during training. Higher weights are assigned
to the paths that perform better according to a predefined evaluation metric. At the
end of the training, a discretization step extracts a final architecture by selecting, for
each module, the alternative with the highest architectural weight. These methods
are commonly referred to as path-based DNAS.

To identify both accurate and efficient architectures, DNAS enhances the standard
training loss with a differentiable regularization term encoding network complexity.
Standard complexity measures include the number of parameters, the number of
operations per inference (OPs), or differentiable estimates of hardware-related costs
such as latency and energy consumption [35]. The overall optimization problem in
DNAS is then formulated as follows:

min
W,θ
L(W ;θ)+λR(θ) (2.11)

where θ denotes the set of architectural weights encoding different paths in the
supernet, W represents the trainable weights of the network and λ is a regulariza-
tion coefficient that balances the trade-off between task performance and model
complexity.

Despite path-based DNAS techniques being faster than black-box optimization
ones, exploring large search spaces requires training a large supernet with non-
negligible computational and memory overhead.

A more efficient alternative is represented by mask-based DNAS [33, 31]. Instead
of constructing a supernet with multiple alternative paths, these methods define the



2.2 Optimization Techniques 25

search space by applying modifications to a standard, single-path neural network,
commonly denoted as the seed network. The search space consists of all possible
architectures derived from the seed by reducing its complexity, for instance, by
decreasing kernel sizes or reducing the number of channels. The optimization goal is
to selectively remove unnecessary components from each layer while preserving task
performance. Sub-architecture exploration is achieved by associating trainable binary
architectural masks with the network’s weights and activations. Each mask element
corresponds to a specific subset of weights or activations, such as a channel or a
portion of a convolutional filter. During the forward pass, the masks are applied via a
Hadamard product, effectively removing the masked-out components and simulating
their absence. The values of these masks are optimized continuously, as done with
the architectural weights in path-based DNAS, to eliminate redundant elements while
maintaining accuracy. In practice, the optimization process assigns higher mask
values to important weights and activations, ensuring they are kept. In comparison,
lower mask values indicate less critical components that can be pruned. At the end of
the search, the final architecture is constructed by discarding all network components
corresponding to mask values that round to zero.

As mentioned at the end of the previous Sec. 2.2.1, mask-based DNAS and
gradient-based structured pruning can be considered equivalent under certain condi-
tions. In particular, when structured pruning is cast as a DNAS problem, it explicitly
controls key hyperparameters of the network—such as the number of channels and
the kernel size. By selectively pruning along specific dimensions of the weight
tensor, this approach effectively reduces these hyperparameters, e.g., by eliminating
channels or reducing filter dimensions. The structured pruning techniques presented
in this thesis will always be framed as mask-based DNAS algorithms.

Mask-based DNAS represents a more efficient alternative than path-based tech-
niques, given its limited memory and computation overhead compared to standard
seed training. However, mask-based DNAS supports a more constrained search
space since it can only remove elements from the seed architecture; thus, it cannot
explore changes in network depth or layer types. Despite this limitation, mask-based
DNAS allows for finer-grained control over architectural modifications. For example,
given a convolutional layer with 32 output channels, the search can consider all
possible configurations from 1 to 32 channels with single-channel granularity. This
level of flexibility would be impractical to achieve using a supernet with multiple
paths [34].
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2.2.3 Quantization and Mixed-Precision Search

The background about quantization presented in this section will be helpful to
understand Ch. 4.

When working with edge devices, integer quantization is widely employed
to replace the floating-point representations of both weights and activations with
integers. This replacement not only reduces the memory footprint of the model
but also enables the use of integer arithmetic, which is faster and more energy-
efficient [27]. Furthermore, integer quantization enables the execution of DNNs
on edge devices that do not include a floating-point unit. Quantization may be
applied to networks trained in floating point (post-training quantization) or simulated
during training (quantization-aware training), with the latter often yielding improved
accuracy [27].

In this thesis, we consider the well-known affine quantization scheme, which
maps generic floating-point tensors T to n-bit integers as follows:

Tn = clamp
0:2n−1

(
round

(
T−αT

εT

))
(2.12)

Here, the clamp function restricts the values to the interval [0,2n−1], and the range
[αT,βT) defines the interval that can be mapped without saturation. The quantization
step is given by εT = (βT−αT)/(2n− 1). Typically, αT and βT are determined
independently for each layer, block, or channel of weights or activations. While
layer-wise and channel-wise assignments are similar, block-wise quantization intro-
duces significantly higher memory overheads. It necessitates major modifications to
the layer execution flow (as each block of weights requires separate rescaling). Con-
sequently, block-wise quantization is incompatible with most DNN accelerators or
inference libraries for general-purpose hardware. For this reason, the work discussed
in this thesis adopts per-layer and per-channel quantization parameters. This affine
quantization scheme has been studied in works such as PACT [81] and LQ-Nets [82],
which also learn the value range and the optimal quantization step during training.

Conventional quantization employs a fixed-precision scheme where a uniform
bit-width (typically 8 bits) is applied throughout the model. Recently, however,
mixed-precision strategies have attracted considerable interest [83]. These strate-
gies assign different bit-widths to various sections of a DNN, creating additional
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optimization opportunities regarding memory, computation time, and energy con-
sumption. This is especially true when the hardware natively supports operations at
sub-byte precision [3, 84]. Nevertheless, determining the optimal allocation of bit
widths across the network is challenging due to the exponentially growing search
space with an increasing network depth. Approaches inspired by NAS [36, 79] have
recently been applied to address this Mixed-Precision Search (MPS) problem, and
these methods, similarly to NAS, can be classified into two families: black-box and
one-shot. As discussed in Sec. 2.2.2, also for the MPS problem, black-box methods
leverage iterative optimization techniques such as RL [85, 86], and while flexible,
they scale poorly with the size of the search space.

In contrast, one-shot MPS methods, similar to DNAS algorithms, combine the
precision search and training into a single joint loop, thereby addressing the primary
limitation of iterative MPS approaches. This is achieved by formulating an analytical,
differentiable objective that simultaneously optimizes network weights and bit-width
assignments using gradient descent. Both iterative and one-shot state-of-the-art MPS
schemes will be reviewed in Ch. 4.

2.2.4 Knowledge Distillation

The last key optimization technique reviewed in this background section is Knowl-
edge distillation (KD) [87]. Although this technique will not be used in the novel
technical work presented in this thesis, is described here for completeness. Nonethe-
less, this method can be seen as an orthogonal approach to enhance and recover some
of the task-performance loss introduced by pruning, neural architecture search, and
quantization.

The general idea of KD is having a large and task-performant teacher network,
whose logits denoted zt are used to guide a smaller student with logits zs. As an
example the teacher can a large and performant network, while the student can
be a smaller network derived from the teacher using pruning or it can be a deeply
quantized version of a floating-point teacher.

This teacher-student relationship is described using a novel KD loss LKD de-
scribed in Eq. 2.13:

LKD = (1−α)L
(
y,σ(zs)

)
+αT 2 KL

(
σ(zt/T )

∥∥σ(zs/T )
)
, (2.13)
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where σ is the softmax, T > 1 is an optional temperature term to smooth the
predictions, and α ∈ [0,1] balances the standard task-specific loss L with the Kull-
back–Leibler (KL) divergence which is a measure of similarity between the teacher
and student outputs. By learning to imitate, the student typically attains task-
performance close to the teacher while having a possibly much simpler architecture,
which is essential for edge deployment and real-time applications.

2.3 Hardware Targets

2.3.1 STM32

The first target platform is the STM32H7 [1], an off-the-shelf MCU manufactured

Fig. 2.2 STM32H7 MCU block diagram [1].

by ST Microelectronics. This platform will be one of the deployment targets used in
Ch. 3. The MCU block diagram is shown in Fig. 2.2.

The STM32H7 includes one core ARM M7. This platform is designed to
maximize the computational capability for general-purpose computing in a tight
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power envelope. Moreover, it contains two caches to improve the core performance.
Precisely, the cache system consists of a data and an instruction cache that allows
to reduce the time to fetch instructions and move the data to the register file. The
main component is the ARM Cortex M7, a general-purpose processor with floating-
point computation support. On-chip SRAM and Flash memories are connected
through the bus system. Additionally, Direct Memory Access (DMA) peripherals are
connected to support the connection of external memories or to move data rapidly
from the sensor to the core. The highest operating frequency is 480 MHz, at a power
consumption of 234 mW. This MCU also supports a wide range of peripherals,
including Serial Peripheral Interfaces (SPI) and Inter-Integrated Circuits (I2C) for
communication or Analog-to-digital converters (ADCs) for sensor data connection.

2.3.2 GAP8

Another platform widely used in this thesis (Ch. 3, Ch. 5, and Ch. 7) as deployment

Fig. 2.3 GAP8 SoC block diagram [2].

and optimization target is the GAP8 [2] IoT multi-core SoC, manufactured by
GreenWaves Technologies. The schematic block diagram of GAP8 is shown in
Fig. 2.3.

The main functional units of GAP8 are the fabric controller, which is a single 32-
bit RISC-V core, and the cluster which is composed of 8 RISC-V cores. The fabric
controller controls the cluster and other peripherals. The octa-core cluster is used
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for computationally intensive tasks, such as DNNs’ inference. It supports vectorized
and parallelized computations, thanks to customized instruction set extensions [88].
An internal two-level memory hierarchy characterizes GAP8. All cores can reach
the 512 kB level two (L2) memory. In contrast, the level one (L1) memory is divided
into two sections: 16 kB dedicated to the fabric controller and 64 kB shared memory
for the cluster. If needed, a third larger but slower level three (L3) off-chip memory
can be reached via a HyperBus interface or a quad-SPI. To deal with such a complex
memory hierarchy, GAP8 features two DMA co-processors that can help hide L2
and L3 memory latency by moving data within the hierarchy coupled with a double-
buffering strategy. In this way, simultaneously with memory transfers, the RISC-V
cores perform computations on previously transferred data. Since GAP8 lacks a
floating-point unit (FPU), the deployed models must be quantized to 8-bit.

2.3.3 Hardware with Mixed-Precision Support

This section introduces specialized computing units supporting mixed-precision
inference. These HW platforms will be used as optimization and deployment targets
in Ch. 4.

Mixed Precision Inference Core

The Mixed Precision Inference Core (MPIC) [3] is a RISC-V core based on the

MPC

Fig. 2.4 MPIC block diagram [3].

open-source RI5CY design; It features a 4-stage pipeline and supports all standard
RISC-V extensions. It also supports the XpulpV2 extension, a DSP-oriented ex-
tension with post-increment loads/stores, hardware loops, and single-instruction
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multiple-data (SIMD) instructions. MPIC improves this core by extending the SIMD
support down to 2 bits. Specifically, MPIC includes a dot-product unit (shown in
the right part of Fig. 2.4) dedicated to parallelize multiply-accumulate (MAC) oper-
ations on independently quantized inputs (weights and activations). It can execute
parallel operations such as 2×16-bit, 4×8-bit, 8×4-bit, or 16×2-bit, gaining speed
from the lower bit-widths. Additionally, further speedup is achieved compared to
homogeneous precision, thanks to fewer memory fetch operations.

Neural Engine 16

Neural Engine 16 (NE16) [84] is an implementation of the NEeureka accelerator [4],

PE

Fig. 2.5 NE16 block diagram [4].

consisting of 3×3 processing elements (PEs). Each PE (shown in the right part
of Fig. 2.5) calculates a single convolution output spatial pixel across 32 output
channels. This accelerator is optimized for performing 3×3 standard convolutions,
1×1 pointwise convolutions, and 3×3 depthwise convolutions. It supports weights
with a precision ranging from 2 to 8 bits and 8-bit quantization for activation tensors.
NE16 employs 1×8-bit parallel AND gates as basic blocks, configured differently
depending on the required operating mode. Specifically, when the bit width is
> 1, weight bits are distributed across multiple basic blocks, and their outputs are
appropriately combined. Consequently, the latency of MAC operations scales with
the precision of the weights.

2.3.4 Multi-accelerator System-on-Chips

This section introduces SoCs, including multiple computing units that expose a trade-
off between task performance and latency/energy consumption. These platforms will
be used as deployment targets in Ch. 6.
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DIANA

The DIANA architecture, detailed in [5] and shown in Fig. 2.6, is based on a

Fig. 2.6 DIANA block diagram [5].

single-core RISC-V CPU which controls two specialized DNN CUs. The first CU
consists of a 16×16 grid of digital processing elements, each capable of performing
MAC operations at 8-bit precision and equipped with 64 kB of weight memory. The
second CU is an Analog In-Memory Computing (AIMC) unit containing 500,000
cells, utilizing ternary weights. Both CUs share a 256 kB L1 memory with dual
Read/Write ports that are accessed via DMA.

Darkside

The Darkside SoC [6] is schematized in Fig. 2.7 and represents an upgrade of the
GAP8 platform discussed in Sec. 2.3.2. As GAP8, it features the general-purpose
fabric controller and an 8-core cluster of RISC-V processors. Additionally, it in-
cludes the Depthwise Convolution Engine (DWE), which is dedicated to accelerating
depthwise convolutions. The cluster and the DWE share an L1 memory consisting of
32 4-kB banks capable of handling up to 32 parallel requests. A 256 kB L2 memory
completes the hierarchy, which is accessed via a dedicated DMA co-processor.
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DWE

Fig. 2.7 Darkside block diagram [6].

2.3.5 HWatch Platform

Fig. 2.8 HWatch block diagram [7].

The HWatch [7] is a custom board with the form factor of a smartwatch designed
to develop wrist-worn applications. It will be used as a deployment target in Ch. 7
when targeting PPG-based heart-rate estimation. The block diagram of the system is
shown in Fig. 2.8.

The watch includes an STM32WB55RGV6 SoC from ST Microelectronics [89],
named STM32WB hereafter. The SoC comprises two fully independent cores: an
Arm Cortex-M0+ core at 32 MHz (network processor) and an Arm Cortex-M4 core
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running at 64 MHz (application processor). The STM32WB also includes a radio
stack that is compliant with the Bluetooth Low Energy (BLE) 5.0 standard. The
primary power source is a Li-Ion 370 mA@3.7V battery.

The watch also includes two sensors. The first is the MAX30101 [90], a low-
power pulse oximeter that collects a PPG signal from which heart rate can be
derived. Then, the LSM6DSM [91] 6-D inertial measurement unit is included. The
LSM6DSM also features a Machine Learning (ML) core optimized for executing
Random Forests (RFs). The two are connected with the MCU using I2C and SPI
protocols, respectively.

2.3.6 MAUPITI

MAUPITI is a smart sensor prototype manufactured by ST Microelectronics in

IBEX CORE

Fig. 2.9 MAUPITI block diagram [8].

collaboration with the Politecnico di Torino [8]. The sensor is clocked at 20MHz
and supports thermal image acquisition with a maximum frame rate of 10 Frames
Per Second (FPS).

The system is schematized in Fig. 2.9 and includes two main components. The
first is the sensing part, made of a 16x16 array of thermal MOSFET (TMOS),
sensitive to infrared radiation. The total consumption of the array is 0.62mW with
each TMOS drawing ≈ 1µA@2.4V .

The second part is devoted to the digital processing of the acquired signals. It
includes a customized RISC-V IBEX [92] core with two dedicated 16kB memories
for instruction and data.
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The IBEX core has been customized to support quantized DNNs using INT4 and
INT8 data formats, with the addition of an efficient arithmetic unit supporting low
bit-width integer SIMD Sum of Dot Product (SDOTP) operations.



Chapter 3

Structured Pruning of Temporal
Convolutional Networks

As introduced in Sec. 2.2.1, one of the key optimization techniques to enable DL
inference on edge devices is represented by structured pruning. Indeed, starting
from a given DNN, structured pruning allows the elimination of entire groups of
model parameters, such as filters or channels, thus reducing the overall complexity
of the input model [66]. Therefore, this complexity-reduction technique is a good
candidate for meeting the constraints of edge platforms, such as limited memory
and computational resources, power efficiency requirements, and real-time inference
needs. This approach inherently preserves the dense structure of the model, allowing
the reuse of the existing edge inference libraries without the need for developing
new ad-hoc kernels, thereby reducing engineering cost and ensuring an easier de-
ployment [66]. Structured pruning removes entire blocks of parameters aligned with
architectural hyper-parameters, such as the number of channels or kernel sizes in
NNs.

Despite the advantages of structured pruning, much of the existing State of the
Art (SotA) focuses on specific aspects, such as reducing the number of channels or
filters, while neglecting other dimensions that could be optimized [66]. This narrow
focus limits the potential for broader applicability and efficiency gains, for example,
specialized tasks like time series processing, which are increasingly prevalent in
edge applications [46, 49]. Indeed, while RNNs [93] have historically been the
SotA DL models for time-series tasks, TCNs [61] have emerged as a competitive
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alternative. TCNs have demonstrated comparable accuracy to RNNs, concurrently
offering computational benefits, including increased arithmetic intensity, reduced
memory footprint, and enhanced data reuse [61]. For these reasons, TCNs are
particularly advantageous for edge computing deployments.

In this chapter, we will present Pruning In Time (PIT), the first hardware-aware
gradient-based structured pruning approach capable of optimizing the key hyper-
parameters of convolutional and fully-connected layers in TCNs. Namely, we
optimize dilation, receptive field, the number of channels for convolutional layers,
and the number of output features for FC layers. As stated in Sec. 2.2.2, gradient-
based structured pruning and mask-based DNAS are twin concepts. For this reason,
PIT will also be presented as a search approach over the space of the possible targeted
hyper-parameters for the given TCN.

This chapter first provides an overview of the related works in Sec. 3.1, high-
lighting SotA techniques. Then, Sec. 3.2 presents the details of the PIT pruning
algorithm. Finally, Sec. 3.4 presents the experimental validation of the method by
comparing it with other SotA approaches and deploying a subset of the optimized
TCNs on two edge platforms.

Moreover, the PIT structured pruning algorithm will be used in Sec. 7.1 of Ch. 7
to derive TCNs with different task-performance vs complexity tradeoffs. These
TCNs are then deployed in a real setup composed of a smartwatch and a smartphone
where the TCNs and the two devices are used to perform collaborative Heart-rate
estimation.

The work described in this chapter has been published in [94, 34].

3.1 Related Works

As mentioned in the introduction of this chapter, no existing gradient-based opti-
mization methods directly target the search space associated with the TCNs under
consideration. Consequently, in this section, we discuss related gradient-based
methods that can be potentially extended to support this search space.

The first class of gradient-based approaches capable of supporting such search
space is the path-based DNAS algorithm family, already introduced in Sec. 2.2.2.
Nonetheless, early approaches, like DARTS [79], are limited in the number of
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explorable alternatives given that the supernet needs to fit the memory available
in the HW used for training. This problem is partially solved by more advanced
methods like ProxylessNAS [35], a path-based DNAS that, for each batch of inputs,
keeps in memory no more than two supernet paths, thus reducing the memory
requirements. ProxylessNAS employs an alternated optimization scheme to train
network weights and supernet architectural parameters. Initially, the architectural
parameters are kept constant, and a sub-architecture is randomly sampled from the
supernet based on their current values. Subsequently, the weights of the sampled
sub-architecture are updated using the training dataset. Conversely, with the network
weights kept constant, the architectural parameters are updated utilizing a validation
set. During this phase, two distinct architectural paths are simultaneously sampled
from a multinomial distribution and updated. This approach increases the search
space size while keeping the memory overhead constant.

Regarding mask-based DNAS and structured pruning approaches, we have FB-
NetV2 [33] and MorphNet [31]. As described in the background Sec. 2.2.2, with
these approaches, a large architecture with a unique path replaces the supernet. Opti-
mized architectures are discovered as sub-architectures of this input seed model by
training a set of trainable masks that actively turn off network parts. FBNetV2 [33]
uses a set of dedicated masks weighted with a trainable parameter. Each mask
encodes a different spatial resolution or a different number of output channels. At
the end of the optimization, the mask coupled with the largest parameter is used to
determine the final hyper-parameter setting. FBNetV2 [33] employs a collection of
discrete masks, each representing a distinct configuration of output channel counts or
spatial resolutions, and associates each mask with a trainable scalar weight. The final
hyper-parameter configuration is determined by selecting the mask corresponding to
the maximum learned weight. Similarly, MorphNet [31] utilizes the multiplicative
scaling factors included in BN layers [59] as masking parameters. Channels from
the preceding convolutional layer are pruned when these scaling factors are smaller
than a predefined threshold.

The literature mentioned above predominantly addresses 2D-CNNs for CV
applications. As said, these existing methodologies have not been extended to
time-series processing despite the many one-dimensional time-dependent signals in
edge-relevant real-world applications such as biosignals [19], audio [14], and sensor
readings from anomaly detection [16]. PIT aims to bridge this gap by introducing a
novel approach to optimize 1D networks.
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3.2 Proposed Method

In this section, the PIT approach is introduced. PIT is a novel structured prun-
ing approach developed during this PhD thesis that is tailored for tasks regarding
classification and regression over time series. In particular, PIT explores the main
hyper-parameters of TCNs. As introduced in the background Sec. 2.1.1, these key
hyper-parameters are the number of output channels Cout , the receptive-field F , and
the dilation factor d. Moreover, PIT can also explore the number of output features
of FC layers as these can be framed as a corner case of a 1D convolutional layer
with kernel size K, receptive-field F , and dilation factor d all equal to 1. To simplify
the notation and the discussion, in this section, we will always refer to convolution
output channels Cout , knowing that a similar discussion can be immediately extended
for the output features of FC layers.

The rest of this section is organized as follows. Sec. 3.2.1 introduces the consid-
ered search space and the employed search logic based upon structured pruning and
how this is tailored to each considered hyper-parameter (Sec. 3.2.1- 3.2.1). Then,
Sec. 3.2.2 explains how the standard task-loss L is augmented with cost-aware
regularization targeting the number of parameters (Sec. 3.12) and the number of
operations (Sec. 3.2.2). Sec. 3.2.3 details the general training procedure.

3.2.1 Search-Space

Fig. 3.1 depicts the PIT search space, including all sub-architectures derived from a
seed TCN by modifying the previously mentioned hyperparameters. Specifically,
compared to the seed, PIT can reduce Cout or F , and increase d, which collectively
decreases the layer’s complexity and memory requirements.

To achieve this, each convolutional layer in the seed model is transformed into a
function Ln(W (n);θ (n)), defined by its original weight tensor W (n) and a new set of
architectural parameters θ (n). For a TCN with N layers, the PIT search space will be
represented as:

S = {Ln(W (n);θ
(n))}N−1

n=0 (3.1)

During the search process, a binary mask Θ(n) is created by combining the elements
of θ (n). This mask is then responsible for pruning specific portions of the layer’s
weights. Namely, at each iteration, an architecture Ŝ is sampled from S by computing
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Fig. 3.1 Search space considered by PIT

Ŝ = {Ln(W (n)⊙Θ(n))}N−1
n=0 , i.e., the Hadamard product between W (n) and Θ(n). In

this process, the portions of W (n) associated with the mask’s 0-valued elements are
removed, effectively allowing the seed layer to replicate the behavior of a model with
fewer channels, a smaller receptive field, or increased dilation. Details on how Θ(n) is
derived from θ (n) to achieve these modifications are presented in Sections 3.2.1-3.2.1.

Using binary masks is necessary to either completely remove slices of W (n)

(by setting their value to 0) or retain them unchanged (by setting their value to 1)
when sampling an architecture through the Hadamard product. This ensures that
only feasible architectures are sampled, with integer values for Cout , F , and d. To
achieve this, Θ(n) is binarized during the forward pass of the search/training process
by applying a Heaviside step function with a threshold th = 0.5.

Additionally, to integrate the search process into a standard gradient-based
network training where both weights W (n) and architectural parameters θ (n) are
learned simultaneously, it is necessary to make the θ (n) → Θ(n) transformation
differentiable. To do this, we must deal with the challenges posed by the Heaviside
function’s derivative, i.e., zero almost everywhere and undefined at th. This issue can
be faced by following the BinaryConnect [95] approach, which employs a Straight-
Through Estimator (STE), where the forward function is kept as it is while the
gradient backward function is replaced with an identity.

For the sake of notation clearness, in the rest of the discussion we divide the
parameters θ (n) into three groups: α(n), which control the number of channels
Cout ; β (n), used to adjust the receptive field F; and γ(n), which tune the dilation
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factor. Moreover, we omit the superscript (n) when it is not required to streamline
expressions. In PIT, each parameter group generates an independent binary mask,
which can then be combined with the other two. This independence allows PIT to
optimize Cout , F , and d individually or jointly. During a joint search, PIT can explore
up to:

|S| ≈
N−1

∏
n=0

(C(n)
out,seed ·F

(n)
seed · ⌈log2(F

(n)
seed)⌉) (3.2)

different solutions, where Cout,seed and Fseed in (3.2) refer to the seed layer’s original
hyper-parameters. The logarithmic term in (3.2) arises because only power-of-2
dilation factors are considered, as explained in Sec. 3.2.1. For a relatively small seed
network with N = 8, F(n)

seed = 17, and C(n)
out,seed = 128 ∀n, this results in evaluating

approximately ≈ 1032 architectures during a single training run.

Channels Search

To determine the number of channels in each convolutional layer, we build upon

Convolutional 
Kernel

Output Channels Masks Output Examples

Fig. 3.2 Example of channels search. Each ΘA,m = 0 masks a slice of size K×Cin of the
weights tensor W corresponding to the m-th convolutional filter.

the approach introduced in [31]. That method transforms the multiplicative trainable
parameter of BN layers [59] into a binary mask, allowing entire output channels to
be pruned, hence enabling exploration of sub-layers where Cout <Cout,seed . However,
since this method requires a BN layer after every convolution, a standard practice in
modern 2D-CNNs, it limits its broader applicability. PIT overcomes this limitation
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by decoupling the channel search from BN layers and introducing a dedicated
trainable set of parameters, α , to prune entire channels directly from the W tensor of
convolutional layers. PIT evaluates each channel individually by defining an α array
with a length equal to Cout,seed and using it to create binary masks as:

ΘA =H(|α|) (3.3)

whereH denotes the Heaviside binarization function. In this way, the layer function
of a single temporal convolution defined in Eq. 2.9 is updated to:

ỹm
t =

K−1

∑
i=0

Cin−1

∑
l=0

xl
ts−di · (ΘA,m ·W l,m

i ) (3.4)

Each binarized mask element is multiplied to all weights corresponding to its asso-
ciated convolutional filter, effectively masking an entire slice of the weight tensor
along the output channels axis. Weights associated with a 0-mask are removed,
hence pruning the corresponding output channel from the layer. Fig. 3.2 shows how
ΘA parameters are applied to a simple layer with Cout,seed = 4.

Moreover, PIT is not limited to reducing the number of channels. Indeed, when
skip-connections are present, it can also remove entire layers from the network.
Specifically, if all the ΘA,m values of a convolutional layer are set to zero, the input
bypasses the layer entirely and flows only through the skip connection, effectively
decreasing the network’s depth by one layer. Conversely, in the absence of skip
connections, at least one output channel is always preserved to maintain the network’s
connectivity.

PIT’s channel search strategy varies from existing mask-based DNAS approaches
such as FBNetV2 [33]. PIT masks weights tensors directly, whereas FBNetV2 masks
output activations. This distinction enables PIT to smoothly extend its optimization
framework to other hyperparameters, such as F and d, which are much harder to
manage with activation masks. PIT use independent binarized parameters to control
each channel, as opposed to predefined masks with gradually increasing trailing 0s,
as used in [33]. As a result, PIT can prune any combination of channels, not just the
trailing ones, providing greater flexibility in the optimization process.
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Receptive Field Search

The second key hyper-parameter PIT optimizes is the receptive field F , which
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Fig. 3.3 Example of search of the receptive field. By zeroing out a time-slice of size Cout×Cin

of the weights tensor W , each ΘB,i = 0 removes from the convolution output the contribution
of 1 input time-step.

determines the range of input time steps included in a convolution operation. In
standard convolutions, the receptive field equals the filter size (F = K). However, as
explained in the background Sec. 2.1.1, this relationship no longer holds in TCNs
when the dilation factor d is greater than 1. In this case, we must consider the more
general formula: F = (K−1) ·d +1. From this formula, it emerges how, by jointly
optimizing F and d, PIT also indirectly modifies the filter size K.

To explore the receptive field, PIT employs an array of additional trainable
parameters β of length Fseed . Unlike the output channels, the β parameters require
further processing to define the corresponding binary differentiable masks. Simply
masking any set of time-slices in the weight tensor does not suffice to simulate
a smaller receptive field. Indeed, in causal TCN convolutions, the receptive field
extends exclusively into the past. Consequently, the slices to be removed must always
correspond to the “oldest" input time steps, i.e., those that are farthest back in time.
To achieve this, the binary mask elements ΘB are derived from β as follows:

ΘB,i =H

(
Fseed−i

∑
j=1
|βFseed− j|

)
(3.5)
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Fig. 3.3 illustrates how ΘB,i is multiplied to a time-slice of the W tensor during the
forward pass. In this case, Eq. 2.9 becomes:

ym
t =

K−1

∑
i=0

Cin−1

∑
l=0

xl
ts−di · (ΘB,di⊙W l,m

i ) (3.6)

The construction of equation (3.5) ensures that when i > j then it is implied that
ΘB,i ≤ ΘB, j. This guarantees that the pruned first weight slices are always the
leftmost, as shown in the example on the right side of Fig. 3.3. Furthermore, β0 is
fixed at a constant value of 1. This constraint ensures that, after binarization, ΘB,0

always equals 1, guaranteeing that all convolutions include no less than one time-step
as input.

For the sake of efficiency, binary masks are generated using the following matrix
transformation:

ΘB =H
(
Cβ · |β |

)
(3.7)

Here, Cβ represents a constant upper triangular matrix filled with 1s with dimensions
equal to each layer’s Fseed . An example of such a matrix is depicted on the left side
of Fig. 3.4.

DilationReceptive-Field

Fig. 3.4 An example of a conversion between the binary masks ΘB and ΘΓ and the trainable
architectural parameters β and γ for a layer with Fseed = 9.

Dilation Search

Finally, the dilation factor d is also optimized using PIT. Finding the optimal dilation
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Fig. 3.5 Example of dilation search. d is increased by a factor 2 for every Γi = 0.

imposes specific constraints on the parts of the weights tensor that can be pruned,
akin to the receptive field. In particular, it is essential to guarantee that only regular
dilation factors are produced, which means that the intervals between successive
input time steps must stay the same throughout the layer. It is unacceptable, for
example, for a layer to process time steps t, t−2, t−3, and t−9 with gaps of 0, 2,
and 5 time steps. Since regular dilation is necessary for low-level optimizations and
efficient memory access, most inference libraries do not support irregular dilation
patterns, especially those made for edge devices [96, 97].

To address these requirements, we adopt an approach similar to the one described
in Sec. 3.2.1 for the receptive field. We begin with an array of trainable parameters
γ , which are then combined to create differentiable binary masks. Our method
supports only power-of-2 dilation factors, which are the most commonly used values
and greatly simplify the mask generation process. Consequently, the length of γ is
defined as len(γ) = ⌈log2(Fseed)⌉.

The elements of ΘΓ are derived through an intermediate array Γ, constructed
similarly as done in Eq. 3.5:

Γi =H

(
len(γ)−i

∑
j=1
|γlen(γ)− j|

)
(3.8)
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The final mask ΘΓ, of length Fseed , is generated by reorganizing the Γi values as
follows:

ΘΓ,i = Γk(i), with k(i) =
len(γ)

∑
p=1

1−δ (i mod 2p,0) (3.9)

where δ () denotes Kronecker’s Delta function. This reorganization ensures that the
Γ element with the largest index (Γlen(γ)−1) is coupled to all positions corresponding
to time steps that would be skipped when the dilation factor is d = 2. Similarly, the
second-largest Γ element is coupled to positions skipped when d = 4, and so on.
This approach, combined with the condition derived from Eq. 3.8, i.e., Γi ≤ Γ j for
i > j, guarantees that the dilation factor increases progressively. When a new Γi is
binarized to 0, the dilation factor doubles.

The resulting ΘΓ vector is then multiplied to the W tensor as done in Eq. 3.7,
with the seed layer’s dilation factor initially set to d = 1. To ensure the convolution is
never entirely pruned, γ0 is fixed to 1. An example of how this tensor is constructed
and its effect on dilation is shown in Fig. 3.5. In practice, like the receptive field
mask, ΘΓ is derived from γ using the following matrix transformation:

ΘΓ =H(Cγ · |γ|) (3.10)

Here, Cγ is a constant matrix consisting of 0s and 1s, which is generated procedurally
based on the value of Fseed . An example of Cγ can be found on the right-hand side of
Fig. 3.4.

Joint Search

To jointly optimize all three hyper-parameters, we apply all the corresponding Θ

masks to the weight tensor of a layer. As a result, the equation for a convolutional
layer during a joint search becomes:

ym
t =

K−1

∑
i=0

Cin−1

∑
l=0

xl
ts−i · (ΘB,i⊙ΘΓ,i⊙ (ΘA,m ·W l,m

i )) (3.11)

Note that, as mentioned in Sec. 3.2.1, the dilation factor for this seed layer is ini-
tialized to 1, allowing PIT to explore the entire range of possible d values. In
the experiments, it is demonstrated that this joint optimization approach outper-
forms sequentially optimizing the three hyper-parameters. Indeed, by optimizing
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them simultaneously, PIT can consider the mutual interactions between the hyper-
parameters, particularly between F and d. A more detailed analysis is provided in
Sec. 5.3.5.

3.2.2 Cost-aware Regularization

Following the approach of state-of-the-art DNAS methods [35, 33, 31], PIT aims to
discover accurate yet low-complexity architectures by combining the task-specific
loss function L with a regularization termR, as defined in Eq. 2.11. This additional
differentiable term introduces a prior in the loss landscape, guiding the optimization
toward low-cost architectures. In this work, we consider two cost metrics: the number
of parameters (or size) and the number of OPs required for a single inference. The
corresponding regularizers,Rsize andRops, are expressed as differentiable functions
of the pre-binarization masks Θ̃A, Θ̃B, and Θ̃Γ. These masks represent the outputs
of Eq. 3.3, Eq. 3.7, and Eq. 3.10, prior to applying the Heaviside binarization. The
masks themselves depend on the trainable architectural parameters α , β , and γ .
We adopt pre-binarization masks, as in [31], because they provide a smoother loss
landscape, improving the optimization process’s convergence. The details of the two
regularizers are outlined below.

Size Regularizer

The size regularizer Rsize calculates the effective number of parameters in the
network during each forward pass, using the values of the differentiable binary
masks. For a convolutional layer, the number of parameters corresponding to the
size of the weight tensor W is given by Cin×Cout×K. Thus, the size regularizer for
a TCN with N convolutional (or fully connected) layers is defined as:

Rsize =
N-1

∑
n=0

(R(n)
size) =

N-1

∑
n=0

C(n−1)
out,e f f ·C

(n)
out,e f f ·K

(n)
e f f (3.12)

where:

C(n)
out,e f f =

C(n)
out,seed−1

∑
i=0

Θ̃
(n)
A,i (3.13)
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represents the effective number of channels in the n-th layer, and:

K(n)
e f f =

F(n)
seed−1

∑
i=0

Θ̃
(n)
B,i

Fseed− i
·

Θ̃
(n)
Γ,i

len(γ)− k(i)
(3.14)

defines the effective kernel size, which depends on the total receptive field and the
dilation factor. For the first layer in the network, C(n−1)

out,e f f is constant and corresponds
to the number of channels of the input signal.

The expressions in Eq. 3.13 and Eq. 3.14 provide continuous approximations of
the number of active (non-pruned) channels and time-slices in W (n). Minimizing
Rsize encourages PIT to lower the values of Θ̃ by reducing them below the binariza-
tion threshold. By adjusting the regularization strength λ in Eq. 2.11, PIT balances
the trade-off between reducing costs and preserving accuracy by pruning only the Θ̃

elements associated with less significant weight slices.

The denominators in Eq. 3.14 ensure that when β and γ are initialized to 1 (the
default value, as discussed in Sec. 3.2.3), K(n)

e f f matches the actual filter size of the
seed. Indeed, each Θ̃B/Γ is computed as the sum of a varying number of γ (or β )
elements. Hence, without normalization, the estimated cost would exceed the true
filter size. For example, consider a layer where Fseed = 5, and all β /γ initialized to
1. Without denominators, the resulting Ke f f would be 33, which is incorrect. By
including the denominators, Ke f f is correctly calculated as 5, matching Fseed , since
initializing γ = 1 implicitly sets d = 1.

OPs Regularizer

The second regularizer, Rops, estimates the total number of operations required
for an inference. For a 1D convolutional layer, the number of OPs is given by
T ×Cin×Cout ×K, where T is the output sequence length as defined in Eq. 2.9.
Consequently, the regularizer is expressed as:

Rops =
N

∑
n=1

(R(n)
size ·T

(n)) (3.15)

In essence, to minimize the total OPs, the regularizer incorporates the output se-
quence length as a weighting factor for the size cost of each layer. This distinction
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becomes particularly relevant in the presence of layers like pooling or strided convo-
lutions, which can significantly decrease T , thereby reducing the computational cost
of subsequent layers in the network.

3.2.3 Training Procedure

Algorithm 1 outlines the three main phases of architecture search with PIT. The first

Algorithm 1 Gradient-Based NAS with Warmup, Search, and Fine-Tuning Phases
1: for i← 1 to Stepswu do # Warmup phase: optimize weights only
2: Perform gradient update on W using ∇WL(W )
3: end for
4: while convergence not reached do # Joint search phase
5: Update both W and θ using gradient of L(W ;θ)+λR(θ)
6: end while
7: for i← 1 to Stepsft do # Final tuning phase: refine weights
8: Refine W using ∇WL(W )
9: end for

phase involves Stepswu iterations of warmup. During this phase, all θ parameters
(α , β , and γ) are initialized to 1 and kept fixed. Consequently, every element of the
binary masks Θ is also binarized to 1. This phase mirrors the seed network’s standard
training, with the sole objective of minimizing the task-specific loss function L. The
user specifies the number of warmup iterations. In our experiments, warmup is
always run until convergence.

The second phase coincides with the actual search process. During this stage, the
model weights W , and the architectural parameters θ are optimized simultaneously.
The goal here is to minimize a combined objective: the task-specific loss L plus
one of the regularization losses R, as discussed in Sec. 3.2.2, weighted by the
regularization strength λ . An early-stopping mechanism controls the duration of
the search phase. In particular, the performance of L on a validation split of the
target dataset is monitored, and when no improvement is observed for 20 consecutive
epochs, the search is stopped.

The third and final phase involves freezing the θ parameters and their correspond-
ing binary masks Θ to the values obtained at the end of the search phase. This step
effectively samples the architecture identified as optimal during the search phase.
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The selected network’s weights W are then fine-tuned or retrained from scratch,
using only the task-specific loss L.

To generate multiple points in the accuracy versus cost (size or OPs) space,
Algorithm 1 can be repeated with different values of the regularization strength λ .
Notably, the warmup phase must only be performed once, as the seed network’s
final weights can be reused. Overall, Algorithm 1 has a computational and time
complexity comparable to training a single TCN. Furthermore, its GPU time and
memory requirements are significantly lower than those of supernet-based DNAS
approaches. As a result, generating dozens of Pareto points by varying λ remains
computationally feasible, as demonstrated by the timing results in Fig. 3.10.

3.3 Benchmarks

We evaluate PIT on four real-world benchmarks relevant to the edge computing
scenario. These benchmarks are chosen to test the proposed algorithm’s effectiveness
comprehensively. Specifically, we address both regression and classification tasks.
The employed seed TCNs are based on different architectural schemes, and the
inputs fed to them include raw and extracted features.

3.3.1 PPG-based Heart-Rate Monitoring

The first benchmark considers Heart-Rate (HR) monitoring on wrist-worn devices,
where Photoplethysmography (PPG) sensors combined with tri-axial accelerometers
help mitigate motion artifacts [43, 60]. With this aim, the PPG-Dalia [43] dataset is
used. The task is formulated as a regression of the HR value, whose ground truth is
obtained from the electrocardiogram (ECG) measurements also in the dataset. All
reported results adhere to the same input windowing approach and cross-validation
protocol described in [43].

For this benchmark, TEMPONet is adopted as the seed network. Originally
introduced in [46] and later employed for HR monitoring with SotA performance
in [60], TEMPONet is a TCN comprising three feature extraction blocks and a
regressor module with three FC layers. Each feature extraction block includes three
convolutional layers with BN and ReLU activation, followed by average pooling.
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The regressor section similarly applies BN and ReLU to its FC layers and integrates
a dropout layer with a 50% rate. Compared to the original version of TEMPONet,
our seed model doubles the receptive field of every convolution and sets the dilation
to 1.

3.3.2 ECG-based Arrhythmia Detection

The second benchmark addresses ECG-based arrhythmia detection for wearable
medical devices, using the ECG5000 dataset [98]. The task involves classifying
ECG signals into five categories: Normal, R-on-T Premature Ventricular Contraction,
Premature Ventricular Contraction, Supraventricular Premature or Ectopic beat, and
Unclassified Beat. The reference TCN is ECGTCN, introduced in [47], which differs
from TEMPONet by relying on residual blocks. The architecture begins with a
convolutional layer that increases the input channel dimension, followed by three
modular blocks. Each block contains two dilated convolutions with ReLU activation,
BN, and a 50% dropout rate; the input and output feature maps are then summed.
When input and output channels do not match, a point-wise convolution (K = 1)
is included in the residual path to align tensor sizes. The PIT seed is derived from
ECGTCN by preserving the original number of output channels and the original
receptive field while setting the dilation factor of all layers to 1.

sEMG-based Hand-Gesture Recognition

The third benchmark concerns hand-gesture recognition using surface electromyogra-
phy (sEMG) signals. The NinaPro DB1 dataset [44] is adopted, containing recordings
from 27 healthy subjects monitored with 10 electrodes as they perform 52 distinct
hand gestures, including basic finger and wrist movements, various hand poses, and
grasping. The same data pre-processing and augmentation strategy proposed in [48]
is employed.

The seed network is TCCNet, originally introduced in [48]. Its architecture
incorporates three feature extraction blocks, each featuring two dilated convolutions
with ReLU activation and a 5% dropout rate, along with a residual branch applying
a point-wise convolution. The classifier includes an attention layer, as described
in [99], and a final fully connected layer with 53 output neurons (52 gestures plus
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one unknown class). The PIT seed is obtained by setting in all layers in TCCNet the
dilation to 1.

3.3.3 Keyword Spotting

The final benchmark addresses the keyword spotting (KWS) task, using the Speech
Commands v2 dataset [100], which includes 105,829 utterances from 2,618 speakers.
The pre-processing procedure follows the MLPerf Tiny benchmark suite [52], result-
ing in 12 possible labels: 10 words plus two classes for “unknown" and “silence".
The TCN employed as seed is TC-ResNet14 [49], which differs from other reference
TCNs by not using dilation. Its modular convolutional blocks alternate between plain
and strided convolutions (stride = 2). The receptive field in each layer is doubled to
obtain the PIT seed.

3.4 Experimental Results

This section presents, discusses, and validates the results achieved by PIT across the
four benchmarks discussed in the previous Sec. 3.3. Specifically, Sec. 3.4.1 presents
the achieved results with the PIT search algorithm, focusing on task performance
versus the number of parameters and task performance versus the number of OPs.
Sec. 3.4.2 contains ablation studies conducted on the PPG-DaLIA benchmark, while
Sec. 3.4.3 compares our method against a SotA path-based DNAS, ProxylessNAS
[35], and two state-of-the-art mask-based DNAS techniques: MorphNet [31] and
FBNetV2 [33]. Since the code for [33] is not publicly accessible, we re-implemented
it based on details provided in the original paper. Lastly, Sec. 3.4.4 reports the
memory, latency, and energy consumption metrics for the deployment of some
networks discovered by PIT on two commercial edge devices.

PIT is implemented in Python and is based on PyTorch. All PIT searches and
training experiments were executed on a single NVIDIA TITAN Xp GPU with 12GB
of memory. The two deployment platforms considered are: (i) the multicore GAP-8
IoT processor by GreenWaves Technologies [2] and (ii) the single-core STM32H7
MCU by STMicroelectronics [1]. These platforms are briefly described in Sec. 2.3.2
and Sec. 2.3.1. For inference, we utilized the open-source layers library from [101]
alongside the tiling tool of [102] for GAP8 and the CMSIS-NN library [103] for the
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STM32H7. All deployed networks were quantized to 8 bits using PyTorch’s built-in
quantization framework.
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Fig. 3.6 Comparison between seed, hand-tuned TCNs, and PIT Pareto fronts for the four
target benchmarks.

3.4.1 Search Space Exploration

Fig. 3.6 shows the results of applying PIT across the four benchmarks. The graphs
display TCN task-performance metrics, with accuracy for classification tasks or
Mean Absolute Error (MAE) for regression tasks on the x-axis and the number of
parameters or OPs per inference on the y-axis. Each curve represents PIT results,
where different points are obtained by varying the regularization strength (λ ) and
applying size and OPs regularizers. Additionally, the plots include metrics for two
reference TCNs: black triangles denote the SotA, hand-tuned TCNs taken directly
from prior works [60, 47–49]. In contrast, black squares indicate PIT seeds, i.e.,
modified versions of these networks (as detailed in Sec. 3.3) designed to expand the
PIT search space.

The results for the PPG-DaLia dataset focused on PPG-based heart rate mon-
itoring are presented in the upper-left corner. As the only regression task in the
study, task performance is evaluated using MAE, with lower values being better.
Starting from a single seed network, PIT discovers a diverse set of Pareto-optimal
architectures, spanning an order of magnitude in parameters (4.7k–78k) and OPs
(0.27M–9.6M). These PIT architectures consistently outperform the seed and the
state-of-the-art TEMPONet in Pareto terms. PIT achieves a comparable MAE to
the seed TCN (5.38 vs. 5.40 BPM) while using 120× fewer parameters and 96×
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fewer OPs. Furthermore, PIT identifies a new SotA model, achieving an MAE of
5.03 BPM with only 53k parameters and 5.1M OPs, i.e., an improvement over the
previous best model [60], which required 8.03× more parameters and 5.42× more
OPs.

The upper-right quadrant displays results for arrhythmia detection using the
ECG5000 dataset. PIT-generated architectures span nearly an order of magnitude
in parameters (0.91k–5.36k) and OPs (50.3k–293.5k). Both the seed network and
the hand-tuned alternative are Pareto-dominated. The best architecture discovered
improves accuracy by +1.03% while reducing parameters by 64.7% and FLOPs by
85.8%.

The lower-left quadrant presents the results for the NinaPro-DB1 dataset, used
for sEMG-based hand-gesture recognition. The architectures found by PIT exhibit
similar diversity in size and OPs as in previous benchmarks. While PIT architectures
outperform the seed, the hand-tuned TCNNet lies on the Pareto front. The closest PIT
model achieves slightly lower accuracy (-0.47%) but reduces parameters by 3.33%.
This outcome, on the one hand, highlights the quality of the original TCNNet [48].
On the other, it demonstrates the capability of PIT to generate architectures that,
despite starting from an oversized seed, approach expert-designed models in quality.

Lastly, the lower-right quadrant shows results for keyword spotting on the Google
Speech Commands dataset. Once again, PIT significantly outperforms both the
seed and hand-tuned TCNs. The most accurate PIT model improves accuracy
by +0.36% while drastically reducing parameters (-82.53%) and OPs (-44.53%).
PIT architectures span 10k–98k parameters and 0.87M–3.98M OPs. The poor
performance of the seeds (black squares) across all benchmarks is attributed to
overfitting, caused by their excessive number of channels, large receptive fields, and
lack of dilation. Table 3.1 provides the regularization strengths λ used across the

Table 3.1 Range of regularizer strength (λ ) values for the four benchmarks.

Regularizer PPG sEMG ECG KWS

Rsize 1e-7 : 5e-4 1e-7 : 5e-6 5e-7 : 7.5e-3 5e-10 : 1e-5

Rops 1e-8 : 5e-5 5e-10 : 5e-8 5e-8 : 5e-4 1e-10 : 1e-6

four benchmarks to achieve the reported results. To ensure a balanced optimization, λ

should be set so that the two components of the loss function—L (task-performance
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term) and λR (regularization cost-aware term)—have comparable values at the start
of training. This ensures that PIT considers both task performance and inference
cost during the search process, avoiding extremes where optimization focuses solely
on one of the two. The specific values of λ differ depending on the task, as shown in
the table.

A valuable heuristic for setting the regularization strength is to begin with a value
approximately equal to λ = 1

Seed Model Size . This is a starting point to identify the
appropriate magnitude for the regularization strength. After conducting an initial PIT
search with this value, adjustments can be made to increase λ to produce smaller
TCNs or decrease λ to achieve ones with better task performance. Additionally,
monitoring the loss during the initial epochs makes it straightforward to detect if the
optimization is overly skewed toward one term. If this happens, the search can be
stopped early to save training time.

3.4.2 Ablation Studies

This section studies the influence of some of the most significant PIT parameters on
the PPG-based HR monitoring benchmark.

Hyper-parameters

Fig. 3.7 studies the impact of various hyper-parameters on the quality of solutions
discovered by PIT. For this analysis, we use the Rsize regularizer and evaluate the
results in the MAE versus number of parameters space. The search is repeated three
times. In each run, two of the three architectural parameter sets (α , β , and γ) are
fixed to 1, allowing PIT to optimize only the third set. This setup results in the
following scenarios: (i) A search that optimizes only the number of channels in each
layer (Ch-Only), performed on a TCN with the largest receptive field and d = 1. (ii)
A search that optimizes only the receptive field (Rf-Only), performed on a TCN with
all channels Cout and d = 1. (iii) A search that optimizes only the dilation factors
(Dil-Only), conducted on a network with the largest F and all Cout channels. The
Pareto fronts obtained under these three conditions by varying the regularization
strength λ are shown in Fig. 3.7. Additionally, the output of a comprehensive search
that simultaneously optimizes all three hyper-parameters (All-in-One), i.e., the one
discussed in previous Sec. 3.4.1 is included for comparison. The results indicate
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Fig. 3.7 Comparison of PIT search results with different search space definitions for PPG-
DaLia.

that the primary factor driving parameter reduction is the search along the channel
dimension. This is likely because the number of channels in hand-tuned TCNs
often represents a significant source of redundancy, as they are typically set using
general heuristics rather than being tailored to the specific task (e.g., Cout being a
multiple of 32 or progressively increasing along the depth of the network). However,
Fig. 3.7 also demonstrates that optimizing only the number of channels is sub-optimal.
A combined optimization with receptive field and dilation hyper-parameters can
discover Pareto-optimal networks spanning the entire MAE versus parameters space.
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Fig. 3.8 Comparison ofRsize andRops regularizers for PPG-DaLia.

Fig. 3.8 compares the Pareto fronts obtained using theRsize regularizer (repre-
sented by orange stars) and theRops regularizer (represented by green diamonds).
This comparison is particularly relevant for the PPG-based HR monitoring bench-
mark, highlighting the distinction between model size and the number of OPs. This
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distinction arises due to multiple layers, such as average pooling and strided convo-
lution, which affect the activation array length T .

This figure shows the expected behavior with most Pareto points in the MAE
versus number of parameters plane that are generated when using the Rsize regu-
larizer. The few exceptions are attributable to local minima. Conversely, theRops
regularizer yields better or comparable solutions in the MAE versus number of OPs
plane, demonstrating its effectiveness in optimizing computational complexity.

3.4.3 Comparison with SotA tools
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Fig. 3.9 Comparison in the Num. of Parameters vs MAE between PIT and SotA NAS and
pruning tools on PPG-DaLia.

Fig. 3.9 compares the Pareto fronts obtained using PIT with those obtained
using three SotA NAS and pruning tools: ProxylessNAS [35], MorphNet [31], and
FBNetV2 [33], again on the PPG-based HR monitoring task. The results demonstrate
that PIT outperforms all three methods across the entire design space, except for one
Pareto-optimal point from MorphNet and one from FBNetV2. These points achieve
a very low number of operations but at the cost of significantly higher MAE. The
superior performance of PIT can be attributed to its ability to explore a larger and
finer-grained search space compared to the baselines. For MorphNet and FBNetV2,
this limitation is partly due to their inherent design, which does not support the
exploration of the receptive field (F) or dilation (d) [31, 33]. Consequently, in their
respective seeds, F and d are fixed to the hand-tuned values of the state-of-the-art
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network. This difference in the initial search setup explains why, in the low-size/high-
MAE regime, these tools are limited to identifying a single Pareto-optimal point.

For FBNetV2, we considered two search-space configurations: a Coarse space,
consisting of four alternatives per layer for Cout, uniformly spaced (i.e., 1

4Cout,seed,
1
2Cout,seed, 3

4Cout,seed, and Cout,seed), and a Fine space, evaluating all possible Cout

values with a granularity of 1. While the Fine space is conceptually closer to the PIT
one, the Coarse space usually achieves superior results. This is due to FBNetV2’s
use of a set of pre-defined binary masks with an increasing number for each layer
variant, combined through Gumbel softmax. Experimentally, we observed that when
the number of masks becomes too large, the search becomes unstable, leading to
sub-optimal results. In contrast, PIT avoids this limitation by employing independent
trainable masks, which operate at the channel level to keep or remove individual
channels.

ProxylessNAS, being a path-based NAS, could theoretically explore the entire
PIT search space if all possible versions of layers to be evaluated were included
in the supernet [35]. However, this approach would result in an excessively large
network, making training infeasible due to memory and computational constraints.
As explained in Sec. 3.2.1, PIT evaluates Cout and F with a granularity of 1 and
considers all power-of-2 values for d. To achieve equivalent coverage, each supernet
node would require Cout,seed ·Fseed · ⌈log2(Fseed)⌉ layers connected in parallel. The
parameters used in the example described at the end of Sec. 3.2.1 translate to
approximately 10,000 versions of each layer, making such an approach infeasible.
To ensure a fair comparison with PIT while maintaining a search-space size similar
to that in the original ProxylessNAS paper [35], we select a coarser-grain search
space for ProxylessNAS. The procedure for defining this search space is as follows.
First, we conduct multiple ProxylessNAS searches independently on Cout, F , and d,
keeping the two non-optimized hyper-parameters fixed at their seed values. Four-
layer variants are included in each super-net node during each search, uniformly
sampled from the PIT search space (following the same procedure described earlier
for FBNetV2-Coarse). For instance, when optimizing Cout, each layer is configured
with 1

4Cout,seed, 1
2Cout,seed, 3

4Cout,seed, and Cout,seed output channels, while maintaining
the seed values for receptive field and dilation. We run ProxylessNAS multiple times
for each case, varying the regularization strengths. After completing these searches
for Cout, F , and d, we identify, for each layer, the two most frequently selected
values of each hyper-parameter. The 23 combinations of these values are then used
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to define the combined search space for ProxylessNAS, resulting in eight layer
variants per super-net node. The two Pareto fronts shown in Fig. 3.9 are derived by
running ProxylessNAS multiple times on this combined search space, using different
regularization strengths. These two fronts refer to two different training schemes: the
one proposed in the original ProxylessNAS paper (Original curve), which runs for a
fixed number of epochs, and the early-stop mechanism employed for PIT (EarlyStop
curve). As illustrated in the figure, the quality of the results is comparable between
these two training schemes.
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Fig. 3.10 Comparison of search time and search space dimension between PIT and state-of-
the-art NAS tools on PPG-DaLia.

Fig. 3.10 compares the search-space size and average execution time for PIT,
MorphNet, and ProxylessNAS on the HR monitoring benchmark. For additional
context, the execution time of a standard training run for the seed network is also
included. All timing measurements are limited to the search phase (excluding
any warm-up) and are obtained using a single GPU with a batch size of 128. For
ProxylessNAS, we show results for the initial single-parameter searches (Proxyless-
Single) as well as the final combined search (Proxyless-Multiple), with both early-
stopping and full training.

PIT explores a search space 1026× larger than Proxyless-Single and 1012×
larger than Proxyless-Multiple. Despite this huge difference, PIT is only 1.13×
slower than Proxyless-Single with early-stopping and 3.55× faster than the same
method without early-stopping. When comparing against Proxyless-Multiple, PIT
achieves a speedup of 3.0× with early-stopping and 14.22× without it. Compared
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to MorphNet, PIT explores a search space 1011× larger while requiring just 1.07×
more runtime. FBNetV2-Coarse completes its search in significantly fewer epochs,
achieving a 2.5× speedup over PIT. However, this speed advantage comes at the
expense of a much smaller search space, which is 1026 times smaller than PIT’s. On
the other hand, FBNetV2-Fine matches PIT’s search time while operating on a search
space 1011 smaller. Finally, PIT demonstrates only a modest overhead compared to
standard seed network training, with an increase in runtime of just 34%.

3.4.4 Embedded Deployment

This section evaluates the deployment results of two TCN models per benchmark

Table 3.2 Deployment results on GAP8 and STM32 for the four considered benchmarks.

STM32 GAP8
Perf. Mem. Lat. En. Lat. En.

Task TCN int8 (float32) [kB] [ms] [mJ] [ms] [mJ]

PPG
HT 5.01 (5.14) BPM 423 58.3 13.6 23.2 1.2
S 5.71 (6.17) BPM 4.7 3.2 0.75 1.18 0.06
L 5.01 (5.03) BPM 53.2 15.2 3.56 4.25 0.22

ECG
HT 94.2 (94.2) % 15.2 6.66 1.56 2.69 0.14
S 92.84 (93.16) % 0.9 1.8 0.42 0.78 0.04
L 94.13 (94.13) % 5.4 2.84 0.66 1.26 0.06

sEMG
HT 88.89 (88.87) % 88.8 291 68.1 61.0 3.11
S 86.97 (86.98) % 35.4 169 39.5 39.6 2.02
L 91.2 (90.99) % 317.8 960 225 238 12.1

KWS
HT 92 (92.31) % 323.4 30.7 7.17 13.4 0.68
S 87 (86.58) % 9.8 2.66 0.62 1.40 0.07
L 92.16 (92.64) % 56.5 10.6 2.48 3.74 0.19

on the GAP8 IoT processor and the STM32H7 MCU. For each task, we deploy
the top-performing model in terms of MAE or accuracy (referred to as the Large
or L model). Additionally, we select a Small (S) model, which exhibits an MAE
increase of less than 1 BPM or an accuracy drop of less than 5% compared to the L
model. The hand-tuned baseline architectures (HT) are also deployed for comparison
purposes. Table 3.2 presents the results, including performance (MAE or accuracy),
memory footprint, inference latency, and energy consumption.

Despite their large difference in complexity, PIT consistently discovers com-
petitive solutions across both hardware platforms and all four tasks. Indeed, as
demonstrated in Table 3.2, the results span more than two orders of magnitude in
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memory usage, latency, and energy consumption. For the PPG-based HR moni-
toring task, the L/S models incur MAE increases of 0/0.70 BPM compared to the
hand-tuned TEMPONet but achieve significant resource savings: an 8.03/90.8×
reduction in memory, and 5.45/19.6× lower latency and energy consumption on
GAP8. On the STM32H7, these reductions are 3.83/18.2× for latency and energy.
In ECG classification, PIT’s L/S models achieve +0.07%/-1.36% accuracy relative to
the hand-tuned ECGNet. They reduce memory usage by 2.83/16.8×, and latency
and energy by 2.13/3.44× on GAP8 and 2.34/3.7× on STM32H7. For the sEMG-
based gesture recognition task, PIT’s L/S models achieve +2.31%/-1.92% accuracy
compared to hand-tuned TCCNet. The higher accuracy of the L model comes at a
cost: a 3.57× increase in memory and a 3.85× increase in latency and energy on
GAP8 (3.33× on STM32H7). Conversely, the S model achieves a 2.51× reduction
in memory, and 1.54×/1.72× lower latency and energy on GAP8 and STM32H7,
respectively. These results highlight the effectiveness of the hand-tuned TCCNet
for this task while showcasing PIT’s ability to deliver optimized trade-offs. Finally,
for the KWS task, PIT’s L/S models achieve +0.16%/-5% accuracy compared to
TCResNet-14. These models demonstrate substantial efficiency improvements, with
memory reductions of 5.72/33.1×, and latency and energy reductions of 3.58/9.54×
on GAP8 and 2.9/11.54× on STM32H7.



Chapter 4

Joint Pruning and Channel-wise
Mixed-Precision Quantization

As introduced in Sec. 2.2.3, another key optimization technique is quantization
and its extension to mixed-precision search. Typically, structured pruning[66] and
quantization[27] are considered orthogonal optimizations acting on different redun-
dancies. As extensively discussed in the previous Ch. 3, pruning eliminates redundant
computations from a network, reducing the number of parameters and operations.
Conversely, quantization and MPS optimize the data representation in a DNN, i.e.,
reducing redundancies in the number of bits used to represent the model’s parameters
and activations. MPS and pruning are usually applied alternatively or independently
(e.g., one after the other), and most of the approaches that consider them jointly use
time-consuming black-box methods based on RL [104] and EA [105].

This chapter presents a novel lightweight hardware-aware gradient-based method
inspired by DNAS that combines pruning with channel-wise MPS in a holistic
framework where the two optimizations happen simultaneously. This new approach
avoids the lengthy process of sequential optimizations, which can unnecessarily
restrict the search space and limit the options available for the second method (e.g.,
MPS) based on the results of the first (e.g., pruning).

This chapter first provides an overview of the related works in Sec. 4.1, high-
lighting SotA techniques. Then, Sec. 4.2 details the proposed optimization method.
Finally, Sec. 4.3 presents the experimental validation of the method.
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Moreover, mixed-precision quantization will be used in Sec. 7.3 of Ch. 7 to
quantize to different precisions weight and activations of different layers of a CNN
designed and trained to count people in low-resolution infrared images. This network
is then deployed on a smart infrared camera with the hardware support to execute
such mixed-precision networks.

The work described in this chapter has been published in [106, 107].

4.1 Related Works

4.1.1 Mixed-Precision Search

Recent studies have focused on methods to assign varying precision levels to different
parts of DNNs automatically. Early attempts to address the MPS problem considered
as the optimization goal only task performance. For instance, HAWQ-V2 [108]
employs a sensitivity-based method based on second-order Hessian information. Lin
et al. [109] developed a technique that optimizes the signal-to-quantization-noise
ratio to determine the most effective bit-widths for each network layer. Additionally,
HAQ [85] and ReLeQ [86] utilize an approach in which an RL agent assigns bit
widths for individual layers. These methods reward the agent based on task perfor-
mance and the hardware target’s latency or energy consumption metrics. However,
they often experience long convergence times due to the iterative search strategy.

Also, for MPS, one-shot algorithms represent a more lightweight solution than
optimization techniques, which are black-box and non-differentiable. The first
methods were based on a supernet scheme. The supernet contains all possible bit-
width assignments as alternative paths in this case. The optimization goal becomes
selecting a single path from the supernet, which is solved using gradient descent as
in [79]. Wu et al. [110] propose a supernet-based approach, where the optimization
is performed considering a memory cost penalty and the task-specific loss. Similarly,
Gong et al. [111] explores precisions on MobileNet-V2 architectures using the
energy consumption on the BitFusion accelerator as cost.

However, supernet-based MPS is strongly limited by the linear scaling with the
search space size of computational complexity and memory. EdMIPS [83] addresses
this challenge by substituting the costly parallel convolutions typical of supernet-



64 Joint Pruning and Channel-wise Mixed-Precision Quantization

based methods with a more efficient unified convolution. During each iteration of the
search, a single instance of the floating-point tensors is dynamically fake-quantized at
various precision levels (e.g., 2-bit, 4-bit, and 8-bit), enabling exploration of multiple
quantization configurations without redundant computation.

4.1.2 Joint Quantization and Pruning

The first work dealing with the combined application of pruning and quantization is
Deep Compression [70]. This methodology employs a sequential implementation,
initially performing pruning followed by quantization. While effective, the separate
application of these techniques may neglect potential interactions between them. Fur-
thermore, Deep Compression utilizes a uniform bit-width across the entire network.
Thus, it does not consider MPS strategies.

APQ [105] integrates layer selection, structured pruning, and MPS within a
unified framework. This is achieved through training a once-for-all [112] network
and an ancillary neural network designed to forecast the quantized accuracy of
sampled sub-networks. The search process is conducted using EA, with MPS
applied layer-by-layer. AutoQ [104] utilizes an RL approach to determine the bit-
width selection for each kernel within a layer, incorporating the option of kernel
elimination through a 0-bit assignment. However, APQ and AutoQ are iterative,
black-box methodologies requiring long search times.

Gong et al. [111] introduce a supernet-based, differentiable methodology for
simultaneously quantizing and pruning bottleneck layers within MobileNet-V2.
Specifically, a supernet is constructed wherein alternative configurations represent
varying combinations of precision and pruning ratios. However, the explored search
space exhibits coarseness due to per-layer quantization, and pruning is restricted to
the selection of bottleneck layer expansion factors.

DJPQ [113] presents a joint pruning and quantization framework, employing
non-linear quantization and Gaussian gates to modulate the weight distribution of
each layer’s channels. To minimize the mutual information between successive
layer outputs, A variational posterior is learned. Bayesian-bits [114] proposes a
framework for mixed-precision quantization and structured channel pruning, where
pruning is associated with “0-bit" precision. A learnable stochastic gate is associated
with each precision level, which is then trained to optimize an objective function



4.2 Proposed Method 65

that balances task performance and network complexity, quantified as bit operations
(bitops). A limitation of this approach is its structural constraint to explore only
power-of-two precisions, which may be disadvantageous for hardware platforms such
as NE16, supporting arbitrary bit-widths from 2 to 8. Furthermore, both DJPQ [113]
and Bayesian Bits [114] implement per-layer mixed-precision schemes and rely
on cost metrics that exhibit poor correlation with actual hardware metrics, such as
bitops [115].

Chitty-Venkata et al. [116] propose a gradient-descent-based joint MPS and
pruning technique. However, quantization is performed exclusively layer-wise,
and pruning utilizes a 2:4 block-balanced strategy with a fixed 50% sparsity. This
confines the applicability of this approach to hardware platforms supporting block-
sparse operations [40]. Chitty-Venkata et al. [117] similarly apply layer-wise MPS
using a differentiable algorithm where suboptimal configurations are eliminated from
the search space.

The approach proposed in this chapter differentiates from these techniques by
integrating gradient-based optimization with per-channel MPS and pruning with ac-
curate hardware models. Moreover, our method imposes no constraints on candidate
bit-widths, unlike Bayesian Bits [114] and FracBits [118].

4.2 Proposed Method

Mixed-precision quantization and pruning serve as independent optimization strate-
gies for reducing the complexity of a DNN. Typically, these techniques are imple-
mented sequentially, one following the other. This stepwise methodology is not
optimal for two main reasons: first, it necessitates a longer training time to achieve a
fully optimized DNN, and second, it restricts the exploration of the search space since
the optimization possibilities of the second technique are limited by the irreversible
decisions made during the application of the first.

We introduced an innovative gradient-based approach that simultaneously per-
forms mixed-precision quantization and pruning to address these limitations. This
joint method enables a more reliable assignment of precision levels by also consider-
ing the potential pruning of specific sections of the DNN rather than only decreasing
their precision when they do not worsen the task performance.
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The rest of this section is organized as follows. The constructed search space
is presented in Sec. 4.2.1. Then, a comprehensive description of the employed
optimization technique is provided in Sec. 4.2.2. Sec. 4.2.3 discusses the developed
complexity regularizers that enable steering the optimization towards solutions with
lower costs. Sec. 4.2.4 outlines the adopted training methodology. Finally, Sec. 4.2.5
discusses various implementation aspects that ensure the obtained optimized models
are compatible with the hardware and software used in mixed-precision inference.

4.2.1 Search Space

…

……

Fig. 4.1 Overview of the proposed joint quantization and pruning scheme for a DNN’s
generic layer.

An overview of the proposed method is depicted in Fig. 4.1. We denote PW

and PX as the sets of explorable precisions for weights and activations. The search
space encompasses all architectures derived from a reference DNN by quantizing
its parameters and intermediate activations to every bit-width defined in PW and PX ,
respectively. In particular, each weight channel of a given layer can be independently
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assigned to one of the available precision of PW . On top of this scheme, pruning
is integrated by introducing an extra candidate precision, p0 ∈ PW , which is to be
intended as “0-bit quantization". Assigning 0 bits to all weights within a specific
channel effectively sets them to zero, eliminating the channel’s information con-
tributing to the DNN’s output. Consequently, the output activations of that channel
become constant and equal to zero, making this approach functionally equivalent to
pruning the channel.

To define the search space, each tensor in the DNN is coupled to a set of trainable
bit-width selection parameters. Specifically, for the n-th layer with C(n)out output
channels and its corresponding weights W (n), we define a matrix of bit-width selec-
tion parameters γ(n) ∈ RC(n)out×|PW |, where each output channel is associated with a
vector whose length matches the size of the weight precision set, as illustrated in the
bottom right part of Fig. 4.1.

A similar procedure is applied to all intermediate activations within the DNN,
but in this case, it is done with layer-wise granularity instead of channel-wise.
The rationale for enabling channel-wise quantization for weights but maintaining
layer-wise quantization for activations is detailed in Sec. 4.2.5. For each layer n, a
parameter vector δ (n) ∈ R|PX | is assigned to its output activations, as depicted in the
bottom-left box of Fig. 4.1. All bit-width selection parameters are optimized during
the training phase, as explained in Sec. 4.2.2.

Crucially, the proposed method ensures that the same weight channels are pruned
across pairs of layers in specific configurations. In particular, we consider two main
classes of such configurations. First, when the outputs of two converging layers of a
residual block are summed together, we must ensure that pruned channels are the
same in both streams. A second class comprises depthwise-separable convolutions
where a pointwise convolution follows a depthwise one. This consistency is achieved
by sharing the precision selection parameters between these layers, ensuring that all
pruned channels can be effectively removed from the network after optimization. For
example, pruning a particular channel in one branch of a residual convolutional layer
would result in minimal complexity reduction if the corresponding channel in the
other branch remains untouched, as their addition would require retaining the channel
in subsequent computations. In contrast, pruning the channel from both branches
allows to reduce the number of feature maps to be processed by the following
layers. Similarly, each kernel in a pointwise convolution generates a single output
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feature map, which is then processed by a corresponding single depthwise kernel.
Therefore, if an output channel from the pointwise operation is pruned, the associated
depthwise channel can also be removed since it would process a “constant" feature
map. In this scenario, only the pruned channels need to coincide, while channels
with precisions different from 0-bit can be independently assigned to the depthwise
and pointwise layers. However, our method shares the entire tensor of bit-width
selection parameters between the two layers to avoid complicating the approach with
multiple sets of masks. Although this slightly restricts the search space, empirical
results demonstrate that it does not hinder the method’s effectiveness.

4.2.2 Optimization Method

We use gradient descent during training to jointly optimize the network’s weights and
bit-width selection parameters. The training loss function comprises two components:
one for improving the network’s task performance and another for reducing its
complexity. This approach promotes selecting lower precisions (down to 0-bit) in
less critical network parts. The objective function is thus the same as Eq. 2.11 and is
reported here for the sake of clearness:

min
W,θ

[Ltask(W,θ)+λR(θ)] (4.1)

where W represents the network’s weights, and θ := δ ,γ denotes the bit-width
selection parameters. The task loss term Ltask(W,θ) depends on both W and θ ,
while the regularization loss term R(θ) only depends on the bit-width selection
parameters and is designed to model the desired cost metric, such as size or latency,
in a differentiable manner. The scalar hyper-parameter λ controls the relative weight
of these terms, with higher λ values favoring more lightweight networks.

During the search phase, each weight channel or activation tensor in supported
layers (e.g., convolutional and linear) is used to determine an effective tensor, as
shown in Fig. 4.1. Given an activation tensor X (n) with associated bit-width selection
parameters δ (n), a discrete probability distribution is first derived. This yields a
vector δ̂ (n), where all elements are constrained within the [0,1] range and sum
to 1. We evaluate three sampling methods: softmax (SM), argmax (AM), and
hard Gumbel-Softmax (HGSM). The sampling operation for bit-width selection
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parameters, represented as h(δ ), is defined for i = 0, ..., |PX | as:

δ̂i = h(δ )i =



exp(δi/τ)
∑ j exp(δ j/τ)

, SM

exp(δi/τ)
∑ j exp(δ j/τ)

,τ → 0, AM

exp [(δi + ε)/τ]

∑ j exp
[
(δ j + εi)/τ

] ,τ → 0, HGSM

(4.2)

where τ is the temperature which controls the smoothness of the distribution and
εi ∼ Gumbel(0,1) is an independent identically distributed sample drawn from the
Gumbel distribution. Then, the effective tensor X̂ (n) is computed as:

X̂ (n) = ∑
px∈PX

δ̂
(n)
px ·X

(n)
px (4.3)

where Xpx denotes the activation tensor represented with px bits. Consequently,
the effective activation tensor is built as the linear combination of its floating-point
versions quantized at all the considered precisions px ∈ PX .

Similarly, it is done for network weights. Each k-th row of matrix γ(n) contains a
vector of bit-width selection parameters for the k-th channel of the n-th layer. By
applying one of the aforementioned sampling functions to each row γ

(n)
k , we derive

γ̂
(n)
k = h

(
γ
(n)
k

)
. The effective weight tensors are then calculated as:

Ŵ (n) = ∑
pw∈PW

γ̂
(n)
pw ·W

(n)
pw (4.4)

Here, Wpw refers to the weight matrix quantized at pw bits, and γ̂
(n)
pw includes Cout

elements representing bit-width selection parameters for all output channels.

Using the effective activation and weight tensors, the output Y (n) of the n-th layer
is determined as:

Y (n) = l(X̂ (n−1),Ŵ (n)) (4.5)

where l denotes the layer operation.

After training, each weight channel and activation is assigned a specific precision
bit-width. The tensors are then replaced by their quantized versions at the precision
corresponding to the highest bit-width selection parameter value. For the n-th layer’s
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activation:
X (n)← X (n)

px | px := argmax
px∈PX

(δ̂ (n)) (4.6)

Conversely, for weights, each k-th channel is quantized at potentially different
precisions:

W (n)
k ←W (n)

k,pw
| pw := argmax

pw∈PW

(γ̂
(n)
k ) (4.7)

Before implementing the search process described above, batch normalization
parameters are folded into the preceding convolutional or linear layers. This ensures
compatibility with hardware only with integer arithmetic units, as such units do
not support floating-point batch normalization. Simulating full-integer inference
during optimization ensures the deployed networks align more closely with their
final implementation.

4.2.3 Complexity Regularizers

The methodology detailed in Sec. 4.2.1 and Sec. 4.2.2 is independent of the chosen
cost metric used as a measure for the DNN’s complexity (R in Eq. 4.1). Therefore,
any differentiable measure of DNN cost can guide the training process, provided it
can be incorporated into a gradient-based optimization loop. Commonly used cost
functions include hardware-agnostic metrics for general DNN characteristics, such
as model size or the number of MAC operations [119]. While model size correlates
well with memory usage, the same is not valid for the number of MACs that often
correlate poorly with actual performance metrics (e.g., inference latency or energy
consumption) on real hardware [120]. Consequently, more precise regularizers can
be devised that account for platform-specific support for combinations of weights
and activation precisions and their corresponding efficiency.

The work presented in this chapter primarily focuses on model size as a hardware-
agnostic cost metric. Additionally, we propose two hardware-specific regularizers to
estimate inference latency on two deployment platforms: MPIC [3] and NE16 [84].

Size Regularizer

When the optimization goal is to minimize memory usage for storing model pa-
rameters, the activations’ bit-widths have no impact since they only affect runtime
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memory usage. Accordingly, the corresponding regularizer considers the effective
weights’ bit-width as the dot product of precision bit-widths and the associated
selection parameters vector for each channel i in the n-th layer. For a convolutional
layer, the regularizer can be expressed as:

R(n)(γ̂(n)) =C(n)
in,effK

(n)
x K(n)

y

C(n)
out

∑
i=1

∑
pw∈PW

γ̂
(n)
i,pw

pw (4.8)

where K(n)
x and K(n)

y represent the horizontal and vertical kernel sizes. The term
C(n)

in, eff denotes the effective number of input channels, i.e., those not removed by

pruning. E.g., in the case of sequentially connected layers, C(n)
in,eff is computed as

C(n−1)
out −∑

C(n−1)
out

i=1 γ̂i,p0 . Using Cin, eff instead of Cin in the cost function captures the
benefit of pruning output feature maps, as this reduces the input size for subsequent
layers, thereby reducing the number of weights required.

MPIC Regularizer

The latency cost of executing a DNN on MPIC (already introduced in Sec. 2.3.3)
is quantified by using the Look-Up Table (LUT) from [3], which contains latency
measured on fixed layer topologies. In particular, this LUT stores for all combinations
of activations and weights bit-widths the number of MAC operations per cycle. Given
a convolutional layer n, the MPIC regularizerR(n)(δ̂ (n−1), γ̂(n)) is defined as:

∑
px∈PX

∑
pw∈PW ,pw ̸=0

M(n)(δ̂
(n−1)
px , γ̂

(n)
pw )

T (px, pw)
(4.9)

where M(n) denotes the number of MACs executed in the n-th layer at the dif-
ferent px/pw combinations and T represents the LUT. The number of MACs
M(n)(δ̂

(n−1)
px , γ̂

(n)
pw ) is computed as:

K(n)
x K(n)

y W (n)H(n)C(n)
in,eff δ̂

(n−1)
px

Cout

∑
i=1

γ̂
(n)
i,pw

(4.10)

Where the expression ∑
Cout
i=1 γ̂

(n)
i,pw

computes how many output channels are theoret-

ically processed at the precision level pw, with γ̂
(n)
i,pw

indicating the quantization
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parameter for channel i at weight bit-width pw. The term C(n)
in, eff δ̂

(n−1)
px indicates

what portion of input activations are theoretically processed at bit-width px. Finally,
W (n) and H(n) denote the output dimensions of layer n - specifically its width and
height. Essentially, Eq. 4.9 calculates the number of MAC operations executed for
each combination of px/pw precisions within the layer and uses the MACs-per-cycle
values from the LUT to estimate the cost in terms of number of cycles. For the
results presented in Table 4.2, we determine the latency using Eq. 4.9 and compute
the energy consumption for a single inference based on the power measurements
provided in [3], which were obtained with the core operating at a frequency of 250
MHz.

NE16 Regularizer

The cost model used to estimate the number of execution cycles on NE16 (ref.
Sec. 2.3.3) for given precision assignments considers three primary factors: (i) The
latency for loading weights, which is determined by the data STREAMER—a custom
memory access engine capable of providing up to 288 bits of bandwidth; (ii) The
time taken by the PE matrix to complete MAC operations, which depends on the
number of output and input channels, and spatial dimensions, given that each PE
can perform up to 3×3×32 parallel MAC operations; (iii) The latency for storing
results in the L1 memory, which is constrained by a bandwidth of 64 bits per cycle.
The complete analytical model is available as open-source1.

The total latency of each considered DNN has been computed, assuming the
accelerator operates at a peak frequency of 370 MHz. Conversely, energy estimates
for single inferences are not included, as no publicly available power measurements
exist for this DNN accelerator.

Moreover, on this platform, we included a post-search refinement step for pre-
cision assignment to leverage the accelerator’s parallelism fully. The precision
assignment derived from gradient-based search may sometimes be misaligned with
the hardware’s parallel capabilities (e.g., assigning 33 channels to a given precision
requires a second NE16 invocation for just one additional channel). In such cases, we
employ a deterministic optimization step to selectively increase (but never decrease)
the bit-width of some channels, reducing inference latency. This post-processing

1https://github.com/pulp-platform/dory/blob/master/dory/
Hardware_targets/PULP/GAP9_NE16/Tiler/Ne16PerfModel.py

https://github.com/pulp-platform/dory/blob/master/dory/Hardware_targets/PULP/GAP9_NE16/Tiler/Ne16PerfModel.py
https://github.com/pulp-platform/dory/blob/master/dory/Hardware_targets/PULP/GAP9_NE16/Tiler/Ne16PerfModel.py
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step does not require additional training and is completed in under 1 second on the
considered models. Notably, it can be applied not only to NE16 but also to any
hardware platform that parallelizes processing over output channels.

4.2.4 Training Procedure

The proposed method is executed in three phases: warmup, search, and fine-tuning.
These three phases are similar to the ones discussed for PIT in previous Ch. 3 but are
detailed here for this new approach. In the warmup phase, only the weights of the
DNN are trained without including the bit-width selection parameters. The weights
are optimized in floating point based solely on the task loss, with no regularization
loss applied. The model resulting from this preliminary training is the initial point
for the subsequent optimization stages.

The search phase is the core of the optimization process, where the bit-width
selection parameters are trained alongside the DNN weights. The complexity-
dependent regularization term (R) is incorporated into the loss function during
this phase. If softmax sampling is employed, the temperature parameter (τ) is
progressively annealed to make the bit-width selection mimic an argmax operation.
This gradual adjustment is beneficial when the distribution of sampled bit-width
parameters is spread out but heavily influenced by the 0-bit precision. Without this
step, inconsistencies could arise after discretization when channels are removed, as
the layers might have adapted to non-zero contributions during training, which will
not be present during inference.

After the search phase, the bit-width selection parameters are discretized (see
Sec. 4.2.2) to assign a single precision to each considered tensor. Then, during the
fine-tuning phase, the final quantized version of the DNN is trained to convergence,
considering only the task loss term Ltask as optimization target.

Weights rescaling

As expressed in Eq. 4.4, the effective weight tensor represents a weighted average
of the quantized versions of the original weight matrix. Unlike other quantization
approaches that approximate floating-point weights at varying precisions, the 0-bit
quantization consistently outputs a constant zero value. Suppose the associated bit-
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width selection parameter has a non-zero value at the start of the search phase. In that
case, this will reduce the magnitude of the effective weight tensor compared to its
post-warmup value, resulting in a notable drop in accuracy and suboptimal precision
assignments. To address this issue, we rescale the weights from the post-warmup
model to ensure that the 0-bit quantization does not reduce the effective weight
tensor value. Specifically, at the beginning of the search phase, weight channels are
adjusted as follows:

W (n)
i ←

W (n)
i

∑
pw∈PW ,pw ̸=0

γ̂
(n)
i,pw

(4.11)

Bit-width selection parameters initialization

Precision selection parameters for weights and activations (γ and δ ) are initialized
to address potential performance degradation at the start of the search phase so that
higher bit widths are favored in the first epochs. Indeed, a uniform initialization of γ

values would cause instabilities with discrete sampling methods, as such methods
might disproportionately select the 0-bit precision across a large portion of the
network or even entire layers, thereby interrupting gradient backpropagation. To
mitigate this issue, the weights’ bit-width selection parameters are initialized as
follows:

γ̂
(n)
i,pw
← pw

max
p∈PW

p
, ∀pw ∈ PW (4.12)

This approach assigns progressively smaller values to lower bit widths, ensuring that
the 0-bit (pruning) option has the smallest associated sampling coefficient. A similar
initialization strategy is applied to activations’ δ parameters.

4.2.5 Implementation details

Our proposed method, which assigns to the DNN channels of each layer varying bit-
widths, can be easily integrated with hardware supporting mixed-precision inference
and compatible software libraries. As illustrated in the leftmost part of Fig. 4.2,
after the search phase, the DNN layer’s weight tensor channels can be quantized
at different precisions without a specific order. To enable efficient execution on an
edge device, these channels can be reorganized into groups based on the bit-width
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Fig. 4.2 Weights channels reordering by bit-width.

at which they are quantized, as shown in the rightmost part of the figure. This
reorganization is performed offline, only once, before inference. It is important to
notice that reordering the weight channels also affects the resulting output activations,
as highlighted by the matching patterns in Fig. 4.2. Consequently, the weights of
subsequent layers must be reordered correspondingly to preserve the correct mapping
between input channels and weights.

Following this reordering, the original convolutional (or linear) layer can be
divided into |PW | smaller, parallel sub-layers, as depicted by the colored shadows in
Fig. 4.2. Since activations are quantized layer-wise, the outputs of these subdivided
convolutions share the same precision and can be easily concatenated before being
passed to the next layer. If activations were instead quantized on a channel-wise
basis, the resulting mixed-precision outputs would be more challenging to store and
efficiently access in memory for subsequent layers.

Crucially, our proposed channel-wise MPS leverages weight sharing, meaning
all quantized weights combined as described in Eq. 4.4 originate from a single
real-valued weight tensor. Increasing the number of candidate precisions incurs only
a minimal memory overhead, as it requires adding a single quantization parameter
per channel rather than duplicating the weight tensor. This overhead remains small
regardless of the network size. Furthermore, due to the limited number of additional
parameters to optimize, the training time overhead is comparable to layer-wise MPS
with the same candidate precisions.
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4.3 Experimental Results

4.3.1 Experimental Setup

We developed our approach using Python and PyTorch, building upon the PLiNIO
library [32]. As candidate precisions for DNN weights, we consider 0, 2, 4, and
8 bits, which are well-supported by all the considered accelerators. The bit-width
configurations for activations vary across different experiments. For activations,
we adopt the PACT [81] quantization scheme, while weights are quantized using a
symmetric min-max strategy.

Our method is evaluated against several SotA techniques. Specifically, we
extended the PIT mask-based DNAS [34] described in Ch. 3 to support 2D convolu-
tions. More details about the method extension are provided in subsequent Ch. 5 in
Sec. 5.2.2. Additionally, we compare against EdMIPS [83], a SotA gradient-based
mixed precision quantization technique, as well as a channel-wise MPS approach
(referred to as MixPrec in the subsequent sections) where the 0-bit precision is not
considered. Finally, we examine the sequential application of PIT and MixPrec to
evaluate our method’s effectiveness against the conventional practice of applying
pruning and quantization separately. As outlined in Sec. 4.2.3, we consider as targets
for our mixed-precision networks MPIC and NE16 platforms.

Our experiments span three distinct benchmarks: CIFAR-10 [50], Google Speech
Commands (GSC) v2 [45], and Tiny ImageNet [51]. For CIFAR-10, we partition
the dataset into training, validation, and test sets, comprising 66%, 17%, and 17% of
the samples, respectively. The reference model is a custom ResNet with nine con-
volutional layers, following [121]. For GSC, following [45], we adopt the standard
classification setup with 12 target labels, which include 10 original dataset keywords
and two additional classes: “Silence" and “Unknown word". The dataset is split
into training (85%), validation (10%), and test (5%) subsets. The reference model
is the Depthwise Separable Convolutional Neural Network (DS-CNN) from [121].
For Tiny ImageNet, we divide the original training set into 90% training and 10%
validation subsets, using the official validation set as the test set. The baseline model
is a ResNet-18. All accuracy results are reported on the test sets.
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4.3.2 Sampling Methods Comparison

Fig. 4.3 shows the results obtained when applying our method to the three con-

Fig. 4.3 Comparison of different sampling methods for our proposed approach on CIFAR-10,
GSC, and Tiny ImageNet.

sidered benchmarks, using the size regularizer as the cost metric. Each curve point
corresponds to a model trained with a distinct regularization strength (λ ). Only the
DNNs forming the Pareto front based on validation metrics are displayed. Each plot
includes baseline models: the reference architecture trained in floating point and
three fixed-precision versions with weights quantized at 2, 4, and 8 bits. Since acti-
vation quantization does not influence model size, activations are always quantized
at 8 bits. Each color represents one of the different sampling methods presented in
Sec. 4.2.2.

The leftmost plot illustrates CIFAR-10 results. Our approach yields three Pareto
fronts, with model sizes ranging from a few kilobytes to 77.12 kB. Notably, the
softmax sampling method consistently outperforms the others. At equivalent ac-
curacy compared to the FP seed model, which requires 309.44 kB for parameters,
we achieve an 80.86% model size reduction and a 23.43% reduction relative to the
fixed-precision w8a8 baseline. Additionally, our method enables even greater model
compression at the expense of minor accuracy loss. With only a 1.67% accuracy
drop, we obtain a model of just 26.41 kB, representing a 91.46% reduction compared
to the FP seed model. Moreover, at the same accuracy as the w2a8 reference model
(71.81%), our model achieves a size of only 5.89 kB, thus reducing the seed and
w2a8 models’ sizes by 98.10% and 69.54%, respectively.

The middle plot reports results for GSC, where softmax sampling also delivers
the best accuracy-model size trade-offs. With a 0.37% accuracy increase, we achieve
an 87.76% size reduction relative to the FP seed model (88.06 kB). At the same
accuracy level as the 8-bit baseline, we obtain a model that is 47.50% smaller.
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Additionally, with a 2.35% accuracy drop compared to the FP seed, we achieve a
model size of 2.98 kB, which is 96.62% smaller than the seed and 45.90% smaller
than the w2a8 baseline, while still surpassing the latter in accuracy by 6.97%.

For Tiny ImageNet (rightmost plot), softmax sampling excels in the smallest
model size region. In contrast, argmax and hard Gumbel-Softmax slightly outperform
in accuracy for larger models, though the differences remain marginal. We do not
achieve a model matching the FP seed accuracy on this complex benchmark, but we
closely approach it. The highest-accuracy model reaches 70.08%, with a 75.48%
size reduction from the FP seed (45.05 MB) and a 1.91% size reduction compared
to the w8a8 baseline, while being slightly less accurate (-0.06%) than the latter.
Although no solutions surpass the w4a8 reference model, our approach delivers
notable improvements for higher regularization strengths. At an equivalent size to
the w2a8 model, we improve accuracy by 2.39%. Moreover, with an additional
1.08% accuracy gain over w2a8, our model is 12.15% smaller.

These results show that Softmax is the most consistent sampling method, achiev-
ing optimal performance on CIFAR-10 and GSC while remaining competitive on
Tiny ImageNet. Therefore, we employ Softmax sampling in all subsequent experi-
ments.

4.3.3 State-of-the-art Comparison

Fig. 4.4 compares our method and SotA approaches. The architectures forming

Fig. 4.4 Comparison of state-of-the-art approaches with the results obtained by our proposed
method.

the Pareto curves are selected based on the trade-off between validation accuracy
and model size. To evaluate the sequential application of PIT and MixPrec, we first
generate a set of architectures by applying PIT to the floating point model, and then
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we select one of these as a seed for MixPrec (indicated by a black plus symbol).
Finally, we use this seed to conduct a new round of MixPrec searches by varying the
λ parameter in Eq. 4.1 to obtain the final Pareto front.

In the leftmost plot of Fig. 4.4, we present results on CIFAR-10. In the size range
between the w4a8 and w8a8 baselines, our method performs comparably to other
MPS approaches. Differences emerge at smaller sizes, i.e., with higher regularization
strengths. Notably, EdMIPS and MixPrec exhibit a hard size lower bound, which is
associated with the assignment of the lowest bit-width to the entire DNN. This results
in a size equivalent to the fixed-precision w2a8 baseline. However, accuracy varies
depending on the weight optimizations applied during the search. Specifically, with
EdMIPS, a significant accuracy drop occurs at iso-size with w2a8 due to training
instability. Our method, leveraging pruning, overcomes this lower bound to discover
Pareto-optimal solutions with even smaller sizes. Compared to the sequential PIT
and MixPrec approach, our optimization strategy achieves equal or superior trade-
offs by enabling more flexible precision assignments. In contrast, applying PIT first
constrains MixPrec’s search space, potentially leading to suboptimal results.

The middle plot of Fig. 4.4 illustrates the results on GSC. Here, EdMIPS and Mix-
Prec yield nearly identical Pareto fronts. However, our method attains an accuracy of
91.60% with a model size of 2.98 kB. Indeed, at iso-accuracy, we achieve a 56.17%
size reduction compared to the 6.79 kB model identified by MixPrec. Furthermore,
our method performs comparably to the sequential PIT and MixPrec approach. This
is because the reference FP model is significantly over-parametrized, meaning that
PIT’s pruning does not eliminate crucial channels that cannot be recovered later.
Additionally, low-bit-width quantization preserves accuracy, allowing MixPrec to
reduce precision with minimal performance degradation.

However, as highlighted in Table 4.1, our approach drastically reduces the total
search time compared to the sequential PIT and MixPrec usage. Specifically, a single
PIT epoch takes 1.8× longer than a standard training epoch, while MixPrec and our
approach incur a 4.3× overhead. In contrast, obtaining a MixPrec seed using the
sequential method requires first deriving PIT’s full Pareto curve. Consequently, the
overhead for a single solution is (1.8N +4.3) times the FP model’s training time,
where N represents the number of PIT-trained models, often exceeding the number of
final Pareto points. For instance, in GSC, we trained four PIT models to construct the
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Pareto front shown in Fig. 4.5, leading to a total overhead of 11.5×, approximately
2.7× higher than our joint optimization method.

Finally, the rightmost plot of Fig. 4.4 displays results on Tiny ImageNet. Similar
to the other benchmarks, different methods yield comparable results for larger
models, with the advantages of our approach becoming more evident for smaller
architectures. With a model 12.15% smaller than the w2a8 baseline, our method
achieves higher accuracy (62.21% vs. 61.13%). The sequential PIT and MixPrec
method achieves a slightly greater size reduction (10.29%) at iso-accuracy compared
to our solution. However, at 58.11% accuracy, our approach outperforms PIT +
MixPrec by achieving a 16.96% smaller size. Moreover, considering the five PIT
models forming the Pareto front, our method incurs an approximately 3.1× lower
search time overhead.

4.3.4 Deployment

Fig. 4.5 presents the results on CIFAR-10 using our method in conjunction with

Fig. 4.5 Comparison of model performance in the accuracy-versus-cycles space for various
cost regularization strategies on CIFAR-10. The plot on the left shows results when targeting
MPIC for deployment, while the plot on the right corresponds to models optimized for
deployment on NE16.

the latency cost models for MPIC and NE16, as described in Sec. 4.2.3. In this
experiment, we kept activations at 8 bits to ensure a fair comparison between the
models obtained with the two cost models, due to NE16 supporting only 8 bits for
intermediate tensors. The green dashed curves depict the Pareto fronts obtained
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using the NE16 latency cost model detailed in Sec. 4.2.3, whereas the blue curves
correspond to results obtained with the MPIC cost model from Sec. 4.2.3.

Table 4.1 Average total training time speed-up of our approach with respect to the sequential
application of PIT and MixPrec

Dataset CIFAR-10 GSC Tiny ImageNet

Average speed-up 3.9× 2.7× 3.1×

Table 4.2 Performance of baseline models quantized at fixed-precision and models trained
with NE16 or MPIC regularizer on CIFAR-10.

MPIC NE16

Model Size (kB) Test Accuracy (%) Cycles (×106) Energy (µJ) Latency (ms) Cycles (×103) Latency (ms)
HighMPIC 74.98 86.28 5.038 108.46 20.15 186.014 0.50
MediumMPIC 59.18 84.83 3.528 75.96 14.11 163.829 0.44
LowMPIC 6.84 71.78 0.636 13.69 2.54 96.394 0.26
HighNE16 75.92 86.20 5.251 113.05 21.00 149.796 0.40
MediumNE16 47.12 84.02 2.862 61.62 11.45 117.144 0.32
LowNE16 12.90 73.59 0.540 12.01 2.16 39.119 0.11
w8a8 77.36 86.26 5.953 128.17 23.81 155.241 0.42
w4a8 38.68 85.46 5.435 117.03 21.74 104.361 0.28
w2a8 19.34 71.81 5.001 107.66 20.00 78.921 0.21

The leftmost plot of Fig. 4.5 illustrates the trade-off between accuracy and
execution cycles when deploying models on MPIC hardware. Conversely, the
rightmost plot shows results for models deployed on the NE16 accelerator. To
emphasize the importance of hardware awareness, we also include results for models
optimized using the “incorrect" cost model for each target. Namely, we use the cost
model of MPIC for NE16 and vice-versa. The impact of using a mismatched cost
model is minimal on MPIC, given its flexibility as a CPU-based platform. Conversely,
the benefits of aligning the complexity metric with the hardware are substantial for
NE16. For instance, at iso-accuracy with the w2a8 baseline, employing the MPIC
cost model results in a 22.14% increase in cycles, whereas using the NE16 cost
model achieves a 50.43% reduction. This disparity arises from NE16’s more complex
dataflow and spatial parallelism, which favor assigning the same bit-width to entire
channel chunks. Deviations from this strategy can waste computational bandwidth,
reducing latency gains. The NE16 cost model accounts for these factors, while the
MPIC model does not, leading to suboptimal solutions when applied to NE16.

A detailed breakdown of models sampled from the Pareto curves in Fig. 4.5 is
provided in Table 4.2. Specifically, for each target hardware, we select the Pareto-
optimal model with the highest cycle count (High), the fastest model achieving over
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70% validation accuracy (Low), and an intermediate model (Medium) with cycle
count closest to the mean of High and Low. We report accuracy, model size, execution
cycles, latency, and energy per inference, including baseline fixed-precision models
for reference.

The HighMPIC model achieves comparable latency and energy costs to the ref-
erence w2a8 on MPIC while improving test accuracy by 14.47% through pruning.
However, deploying this model on NE16 results in a 136% latency increase due to
the cost model mismatch. In contrast, the LowNE16 model improves test accuracy by
1.78% while reducing latency by 89.20% on MPIC and 50.43% on NE16 relative to
the w2a8 baseline.

The impact of cost models is particularly pronounced in tiny DNNs, where mis-
matched precision assignments incur significant relative overheads. For this reason,
while our method scales to larger networks and datasets, its hardware awareness is
especially beneficial for small-scale models.

4.3.5 Ablation studies

Models analysis

Fig. 4.6 presents the distribution of assigned precisions across the weight channels

Fig. 4.6 Bit-width distributions of weight channels across three models trained on GSC using
different strategies: PIT combined with MixPrec (P+M), our joint MixPrec and pruning
approach (Ours), and MixPrec alone (M), all with size regularization applied. The input and
output layers are labeled as L0 and Lout, respectively, while DW and PW refer to depthwise
and pointwise convolutional layers.

of each layer. We analyze three models trained on the GSC benchmark using the size
cost model, comparing our approach with MixPrec and MixPrec + PIT. We selected



4.3 Experimental Results 83

the models from the Pareto fronts in Fig. 4.4, indicated by red circles. As expected,
combining PIT with MixPrec results in more pruned channels than our method across
nearly all layers. This occurs because PIT reduces the DNN’s complexity exclusively
by removing entire channels, leading to a significantly smaller search space. To
compensate, the remaining channels are quantized at higher bit widths by MixPrec to
preserve model capacity. In contrast, our method relies less on pruning and instead
leverages lower bit widths to reduce complexity. This is made possible by a larger
search space, unrestricted by prior optimization steps from another method. The
standalone application of MixPrec —without any pruning mechanism— produces
models with more parameters quantized at 2 bits. This is expected, as 2-bit precision
represents the lowest complexity option available to MixPrec at high regularization
strengths. However, many of these channels could be entirely removed without
impacting accuracy, as demonstrated by our approach.

Fig. 4.7 Weights bit-widths distributions on CIFAR-10 for models with different regularizers
employed in the training objective and with different complexity.



84 Joint Pruning and Channel-wise Mixed-Precision Quantization

Fig. 4.7 illustrates how different cost regularizers influence weight precision
assignments. We examine three cost models, i.e., Size, MPIC, and NE16, while
keeping activations fixed at 8 bits for a fair comparison. We select three DNNs from
the Pareto fronts on CIFAR-10 for each cost model, following the same rationale as
in Table 4.2. In all three “High” models (top plot), the majority of weight parameters
are quantized at 8 bits, the highest available precision, as expected. In “Medium”
models (middle plot), a few to none parameters are assigned 2-bit precision. This is
because 2-bit quantization offers limited representational capacity while incurring a
non-negligible computational cost. Instead, 4-bit channels constitute a significant
portion of the model, particularly for the Size and NE16 regularizers. This is due to
their lower cost relative to 2-bit weights while providing substantial accuracy benefits.
For “Low” models (bottom plot), 4-bit precision is more frequently assigned than
8-bit, except when using the MPIC cost model. A more detailed analysis reveals that
8-bit precision is typically favored only in the last layer, a trend commonly observed
in prior works [83, 118]. The Size regularizer is the only one that assigns some
channels to 2-bit precision. Meanwhile, the MPIC cost model prioritizes pruning
while keeping most remaining weights at 8 bits, as the cost difference between
8-bit and lower precisions is insufficient to justify further reductions. The NE16
cost model, in contrast, promotes a more balanced distribution between 4-bit and
8-bit precision but completely avoids 2-bit assignments. This is because NE16’s
cost scaling is not linear with the number of output channels. Each processing
element (PE) processes groups of 32 output channels (Sec. 4.2.3). Consequently,
running a single channel at a given precision incurs the same cost as running 32
channels, meaning that for optimal latency, NE16 should process at least 32 2-bit
filters simultaneously. However, this would lead to accuracy degradation, making it
an undesirable trade-off that the optimization naturally avoids.

Impact of activations’ quantization

All previous results were obtained by fixing the activations’ precision at 8-bit,
either to enable a fair comparison between the MPIC and NE16 cost models or
because reducing it was not beneficial, i.e., when optimizing for model size. Fig. 4.8
shows the results of applying our MPS method to activations, allowing layer-wise
selection among 2, 4, and 8-bit precision. The resulting Pareto curve (orange) is
compared against weights-only MPS with 8-bit activations (blue). Fixed-precision
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Fig. 4.8 Pareto fronts of architectures obtained on CIFAR-10 by either assigning the precision
layer-wise from the set PX = {2,4,8} or quantizing the activations at 8 bits.

baselines are also included, except for the w*a2 models, which exhibit unacceptably
low accuracy (<40%) for any practical computer vision task. The results are reported
on CIFAR-10, using the bitops cost model [83], a hardware-agnostic latency proxy.

As expected, reducing activations’ precision below 8-bit generally improves the
trade-off. The most significant gain is observed at the second point from the left on
both curves: in this case, reducing activations’ precision improves accuracy by 4.61%
while decreasing bitops by 28.51%. However, for other cases, the average accuracy
difference between models with similar bitops is less than 1%. This contrasts with the
baselines, where w4a4, for example, achieves a substantial trade-off by maintaining
the same bitops as w2a8 while improving test accuracy by 12.14%. The observed
differences are also smaller than those reported by prior MPS methods [83, 106]. We
attribute this to the pruning capabilities of our method. When pruning is unavailable,
reducing activations’ precision is highly beneficial. Conversely, when pruning weight
channels is an option, maintaining 8-bit precision while reducing the number of
features provides a comparable representational capacity at a lower computational
cost. Our method uncovers insights like this, which depend on the precision set,
DNN model, and quantization scheme. Such findings could be instrumental in
guiding future hardware design decisions.



Chapter 5

DNN Optimization with Multiple
Hardware Constraints

The gradient-based optimization techniques presented in this thesis up to this point
are all characterized by the solution of an optimization problem in the form of
Eq. 2.11. In this equation, the overall loss function accounts either for task per-
formance (L) or for a linear combination of task performance and a cost metric
(L+λR), whereR may express the total number of parameters of the model, the
number of OPs per inference, etc. Under this formulation, identifying a model
that satisfies a specific constraint (e.g., fixed parameter count) requires iteratively
adjusting the weighting factor λ to find a good trade-off between the competing loss
terms. As a result, despite being labeled as “one-shot" current gradient-based ap-
proaches are not capable of producing a neural network that simultaneously satisfies
multiple hardware constraints in a single pass. Nonetheless, an optimal model should
simultaneously achieve high accuracy, fit in the device’s limited memory (down to
a few MBs of Flash and RAM for MCU), and match the throughput or real-time
latency imposed by the application.

While recent approaches have made progress toward true one-shot NAS [122–
124], they typically focus on optimizing a single cost objective. These techniques
have not been demonstrated in practical scenarios involving multiple, simultaneous
constraints [74, 76].

This chapter proposes a new formulation of the optimization problem of Eq. 2.11
that permits finding a DNN that achieves high accuracy in a single training run
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and respects both a maximum latency constraint and a total model size constraint.
Then, we show how the approach is extended to more fine-grained layer-level
constraints, that allows to tailor the DNN architecture to exploit the target hardware’s
memory hierarchy optimally. We show how this approach can be applied to both
path-based [79] and mask-based [34] DNAS.

This chapter first provides an overview of the related works in Sec. 5.1, high-
lighting SotA techniques. Then, Sec. 5.2 details the proposed optimization method.
Finally, Sec. 5.3 presents the experimental validation of the method.

Additionally, this chapter describes how to extend to 2D CNNs the channel-
pruning scheme of PIT described in Ch. 3 for 1D TCNs. This pruning scheme will
be then used in Sec. 7.2 of Ch. 7 to compress SotA CNNs taken from literature to
be deployed on real hardware set-ups. In particular, Sec. 7.2 deals with a computer
vision task where images collected with a nano-drone are processed with the CNN
to estimate the pose of a moving person in the field of view. This information is then
used to control the drone to maintain the person head in the center of its field of view.

The work described in this chapter has been published in [125, 126].

5.1 Related Works

Early methodologies [127–130] address integrating hardware constraints into the
optimization process using EA. These algorithms evolve a population of architectures
to generate an optimal Pareto front within the performance-complexity domain.
Notably, CNAS [130] formulates the complexity objective as an aggregate of terms,
wherein each term represents a different cost metric. These terms are calculated as
the maximum value between zero and the cost exceeding a predefined target, scaled
by a hyper-parameter that modulates the penalty magnitude. Among RL techniques,
MNASNet [37] aims to enforce constraints by multiplying the task quality reward
term Qtask (e.g., accuracy) by the ratio of the network’s latency, empirically measured
from a complete deployment to a corresponding target value. A hyper-parameter
controls the exponent of this ratio, assuming distinct values based on constraint
satisfaction. Consequently, the cost is a penalty term (λ ̸= 0) when R > T , and
conversely, is zero (λ = 0) when R ≤ T . TuNAS [131], conversely, defines the
cost term as the absolute deviation of the ratio between the cost and the target from
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the ideal value of one. Latency is estimated utilizing a LUT-based methodology,
and the cost component is incorporated into the reward function after scaling by
a strength factor λ , constrained to non-positive values. Notably, this formulation
imposes an equivalent penalty on models exceeding the constraint and those falling
short of the target by the same cost. Finally, AutoTinyML [132] employs Bayesian
Optimization (BO) to define the solution subspace that satisfies specified constraints
and to optimize both the architecture and its parameters.

All the above approaches are iterative and thus suffer from the scalability issues
extensively discussed in this manuscript. Also in this case, the gradient-based
method represents a more lightweight solution. LightNAS [122] is a hybrid approach
combining gradient-based optimization with EA. It defines the regularization term
as the normalized difference between a model’s latency and a target value, where
normalization is achieved by rescaling with the target latency. Latency is estimated
through an MLP model trained on empirical measurements from the target hardware.
The hyper-parameter λ is adaptively adjusted during training via gradient ascent to
ensure the constraint is met. Specifically, if the measured latency exceeds the target,
λ is incremented to prioritize the cost loss term in subsequent optimization iterations,
and conversely, if the measured latency is less than the target, λ is decremented.
Similarly, UDC [124] employs a regularization formulation to constrain the number
of parameters, but the λ value is constant. HardCoRe-NAS [123] integrates gradient-
based optimization with Integer Linear Programming (ILP), employing the Block
Coordinate Stochastic Frank-Wolfe Algorithm to direct the search towards an optimal
architecture within a feasible region that satisfies latency constraints.

5.2 Proposed Method

As said, the gradient-based optimization approaches following the formulation
of Eq. 2.11 exhibit several limitations. Indeed, the optimization space for real-
world DNNs is multidimensional and involves intricate inter-dependencies, which
a single cost metric modeled byR cannot adequately capture. Focusing solely on
one metric, such as the number of operations, memory footprint, or a differentiable
approximation of energy consumption or latency [31, 35], inherently ignores the
others, leading to sub-optimal explorations.
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Moreover, in Eq. 2.11, complexity is treated as an additional objective to min-
imize rather than a constraint. This approach conflicts with the primary goal of
most designers, who aim to achieve the most accurate DNN that satisfies specific
cost conditions. From the designer’s point of view, all relevant cost metrics must
be within specified bounds, allowing the DNN to fit within memory constraints,
respect real-time requirements, and meet expected battery life, among other criteria.
However, they are not concerned with reducing costs beyond these limits.

Achieving this with Eq. 2.11 is challenging, even considering a single cost metric.
The formulation does not limit the value of R, allowing the optimizer to continue
reducingR to improve its loss function, potentially at the expense of accuracy, even
after reaching the desired target. Consequently, designers must repeat the search
process multiple times (as done in Ch. 3 and Ch. 4), adjusting the regularization
strength λ until they find a model with the desired cost and high accuracy. Although
recent studies have proposed alternative formulations to incorporate cost targets in
a DNAS search [122, 124], they still focus on a single cost metric and attempt to
match it precisely, which may not be optimal.

This chapter presents a novel and flexible DNAS formulation and training mech-
anism to address these issues, named DNAS Under Combined Constraints In One-
Shot (DUCCIO). DUCCIO offers a flexible framework that can be easily integrated
into any DNAS pipeline with only minimal, yet essential, adjustments. We demon-
strate DUCCIO’s applicability in two key use cases:

1. Identifying architectures that adhere to both a storage limit and a cap on the
number of operations, i.e., an approximate measure of latency.

2. Refining architectures under per-layer size constraints to fit within the fastest
available memory on the target hardware. Then balancing performance gains
and minimal impact on accuracy.

We demonstrate DUCCIO’s flexibility by applying it to two different state-of-the-
art gradient-based optimization methods with distinct optimization mechanisms:
the path-based DNAS DARTS [79] and mask-based DNAS PIT [34], previously
discussed in Ch. 3. As in the rest of this thesis, we focus on CNNs, although
DUCCIO can also be applied to other types of DNNs.
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5.2.1 Path-based DNAS
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Fig. 5.1 Target path-based DNAS method

The first DNAS method we examine is inspired by DARTS [79], which employs
a supernet and thus is fully classified as a path-based approach.

Fig. 5.1 illustrates its optimization scheme. The supernet is constructed from
a standard CNN, where each convolutional layer L(n) is substituted with a module
comprising a set of M different layer alternativesM(n) = {l(n)i }

M−1
m=0 . Within each

module, all layers share the same input, while each output tensor is associated with an
additional trainable parameter θ

(n)
i . These parameters θ

(n)
i are used to select among

alternatives after the search. The supernet is integrated into a standard training loop,
where the weights of each layer and the corresponding θ are trained together, using
the objective function detailed in Sec. 5.2.3.

Our path-based DNAS differs from DARTS in two main ways. In line with
recent NAS literature [133, 33], we utilize the Gumbel-Softmax [134] sampling
strategy instead of the standard Softmax employed in [79]. Additionally, we adopt a
discretized sampling strategy, where only one path is chosen in each training iteration.
In practice, the output of the supernet module is constructed as follows:

y(n)(x) =
M−1

∑
i=0

g(θ (n)
i ) · l(n)i (x) (5.1)
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Fig. 5.2 Target mask-based DNAS method.

where g(θ (n)
i ) are discretized Gumbel-Softmax coefficients:

g(θ (n)
i ) = onehoti

(
exp(θ (n)

i + ε)

∑i exp(θ (n)
i + ε)

)
(5.2)

Here, ε ∼ Gumbel(0,1) denotes independent and identically distributed samples
from the Gumbel distribution [134], and the one-hot function selects the maximum
sampled alternative by setting it to 1 and all others to 0. To address the non-
differentiability of the one-hot operation, we use an STE [95], which substitutes the
one-hot function with an identity mapping during the backward pass. This technique
enables gradient propagation through the discrete sampling process. As elaborated
in Sec. 5.2.4, discretized sampling is crucial for respecting cost constraints.

Upon completion of training, the optimized architecture is derived by selecting,
for each supernet module, the alternative corresponding to the largest θ

(n)
i .

5.2.2 Mask-based DNAS

The second DNAS method we examine is a straightforward yet effective mask-based
approach. Starting from a seed CNN, it performs a detailed optimization of the
number of output channels for all convolutional layers. This DNAS, illustrated
in Fig. 5.2, extends the channel-search method initially proposed in PIT [34] and
described in Ch. 3 to 2D CNNs.
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In this approach, a searchable model, which the DNAS can optimize, is con-
structed by pairing each convolutional weight tensor in the seed W (n) with a trainable
mask vector θ (n). The dimensions of W (n) are C(n)

out ×K(n)
x ×K(n)

y ×C(n)
in , where C(n)

in

and C(n)
out represent the input and output channels, and K(n)

x and K(n)
y are the horizontal

and vertical kernel sizes, respectively.

The corresponding θ (n) contains C(n)
out elements, one for each output channel, and

is used to prune the least significant channels during the search. Consequently, a
masked weight tensor W (n)

Θ
is constructed as follows:

W (n)
Θ

=W (n)⊙H(θ (n)) (5.3)

where ⊙ is the Hadamard product, and H is a Heaviside step function centered in
0 (fixed threshold th = 0). This function is used to binarize θ (n) (0 if θ

(n)
i < th, 1

otherwise). Each binarized mask element is multiplied with a slice of weights W (n)
i

along the C(n)
out dimension, which includes all weights of the i-th convolutional filter.

Thus, when H(θ (n)
i ) = 0, the i-th output channel is effectively removed from the

network. Conversely, the channel is retained ifH(θ (n)
i ) = 1.

The constructed network is inserted into a conventional training loop, where both
W and θ are optimized jointly using DUCCIO’s objective. Binarization ensures that
each training iteration samples a single discrete architecture (refer to the examples
on the right in Fig. 5.2). To maintain gradient flow during backpropagation, an STE
substitutes the non-differentiable Heaviside function with an identity mapping.

Finally, the optimized model is exported by permanently removing all channels
corresponding to θ

(n)
i < th, thereby reducing the size of each convolutional layer

accordingly.

5.2.3 Multi-Constraint Loss Formulation

As outlined in Sec. 5.1, SotA DNAS tools [35, 31, 33] mainly optimize a variation of
Eq. 2.11, which combines the task-specific loss L with a regularization termR. The
latter represents a single cost metric as a differentiable function of the architectural
optimization parameters (θ ). The interpretation of R differs across approaches.
Some methods [31, 33] define it in terms of total parameters or OPs in specific layers
(e.g., all Convolutional layers), while others [35] approximate end-to-end latency
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or energy consumption of the obtained DNNs. However, these approaches have
inherent limitations, as noted earlier in this section:

1. They optimize only a single cost metric, while real-world systems impose
multiple constraints.

2. They do not ensure that the estimated costR stays below a predefined thresh-
old.

3. Even if the target is met,R remains part of the objective function, unnecessarily
leading the optimizer to favor lower-cost models.

Consequently, achieving the desired cost-accuracy balance requires sweeping λ

across multiple values.

Recent works such as UDC [124] and LightNAS [122] introduce an explicit
cost target T in the regularization term. These methods guide the optimizer to
minimize the gap between estimated cost and target by adding a term proportional to
|R(θ)−T | in the loss function.

While these strategies mark progress, they do not fully resolve the issues above.
First, they still focus on a single cost dimension, leaving issue 1) unaddressed. Simi-
larly, issue 3) persists, as onceR(θ) falls below T , the added loss term counteracts
this effect, pushing the optimizer towards higher-cost models. Some works [131]
argue that this is beneficial, as more complex models tend to be more accurate.
However, our experiments contradict this assumption, demonstrating that allowing
NAS to explore cost variations within constraints yields superior results. In some
cases, lower-complexity models perform as well as those closely adhering to the
target.

DUCCIO overcomes these limitations by proposing the following objective
function:

min
W,θ
L(W ;θ)+

J

∑
j=0

λ j max(0,R j(θ)−Tj) (5.4)

This formulation introduces two key enhancements. First, it supports an arbitrary
number (J) of cost metrics (R j) and constraints (Tj), each with its regularization
coefficient. Second, by incorporating a max function, the penalty applies only when
a cost metric exceeds its constraint. Conversely, ifR j(θ)< Tj, the respective term
vanishes from the loss function, ensuring that NAS parameter gradients remain
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unaffected. During DUCCIO searches, the coefficients λ j are dynamically adjusted
to ensure all constraints R j(θ) < Tj hold at the end of training, as detailed in
Sec. 5.2.4.

Notably, DUCCIO allows for the inclusion of cost objectives in its loss function
(e.g., +λ jR j(θ)). This flexibility is useful when a cost metric, such as energy
consumption, lacks a strict constraint but should be explored across the Pareto front
for accuracy trade-offs. In this scenario, DUCCIO behaves like a conventional
DNAS. However, this study focuses on one-shot DNAS, treating all cost dimensions
as constraints.

The following sections present two practical applications of DUCCIO’s loss
formulation.

Multiple Global Constraints

A straightforward application of DUCCIO is the enforcement of multiple global
constraints on the entire model under optimization. System designers frequently
need to ensure that i) the total DNN size remains within the storage limitations of the
target platform and ii) the total inference latency satisfies a real-time requirement. In
such cases, Eq. 5.4 can be written as:

min
W,θ
L(W ;θ)+λ0 max(0,O(θ)−To)+λ1 max(0,S(θ)−Ts) (5.5)

Where S represents the DNN’s storage footprint as a function of the NAS parameters
θ , and O serves as a proxy for latency. To estimate the model’s total size, we sum
the sizes of all NAS target layers:

S(θ) =
N−1

∑
n=0
S(n)(θ) (5.6)

The formulation of S(n) varies depending on the chosen DNAS strategy. In our
path-based approach, it is calculated by taking the number of weights associated
with each supernet option and scaling it by the respective NAS sampling coefficient:

S(n)(θ) =
M−1

∑
i=0

g(θ (n)
i ) · S(n)i (5.7)
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For instance, in the case of a standard convolution, S(n)i = C(n)
in ·C

(n)
out ·K

(n)
x ·K(n)

y ,
while for a sequence of DepthWise and PointWise convolutions, as found in Mo-
bileNets [30], the size is given by S(n)i =C(n)

in ·K
(n)
x ·K(n)

y +C(n)
in ·C

(n)
out .

For mask-based DNAS, model size is estimated as the number of weights in
non-masked filters. Taking a standard convolution as an example:

S(n)(θ) =C(n)
in (θ) ·C(n)

out(θ) ·K
(n)
x ·K(n)

y (5.8)

where Cout depends on θ since channels with θ
(n)
i < th are effectively pruned. Con-

sequently, Cin is indirectly affected due to reductions in Cout in preceding layers. For
a sequential model, this results in C(n)

in =C(n−1)
out .

Regarding latency, a simple approach is to count the MAC operations in each
target layer. For convolutional layers, this can be formulated as:

O(θ) =
N−1

∑
n=0
S(n)(θ) ·O(n)

x ·O(n)
y (5.9)

Where O(n)
x and O(n)

y denote the width and height of the output feature map in the
n-th convolutional layer. Although O and S are correlated, optimizing one does
not necessarily optimize the other. In most DNN architectures, output feature maps
tend to shrink due to pooling and strided convolutions while the number of channels
increases. As a result, initial layers typically contribute more to latency, whereas
final layers impact model size more significantly.

In this work, we adopt this simplified latency model, as it demonstrates a strong
correlation with actual latency on our target platform. However, DUCCIO remains
independent of the specific cost formulations and is compatible with more accurate
differentiable latency estimations, such as those proposed in [35, 122].

Layer-wise Constraints

Another common challenge DNN system engineers face is dealing with models that
are not optimally sized for the available hardware. For instance, a DNN may contain
one or more layers that slightly exceed a specific memory level (e.g., L2), leading to
costly data transfers of inputs, outputs, or weights from a higher memory level (e.g.,
L3) [102]. With DUCCIO, we can perform a one-shot optimization that selectively
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shrinks only these critical layers while maximizing accuracy by formulating the
objective as follows:

min
W,θ
L(W ;θ)+ ∑

n∈Crit.
λn max(0,M(n)(θ)−Tm) (5.10)

Where Crit. represents the set of critical layers, i.e., those slightly exceeding a given
memory level, and Tm denotes the available space at that level (i.e., its total size
minus a constant offset accounting for code, other variables, etc.). The total memory
consumption of the n-th layer,M(n)(θ), for a convolutional operation is given by:

M(n)(θ) = S(n)(θ)+ I(n)x I(n)y C(n)
in (θ)+O(n)

x O(n)
y C(n)

out(θ) (5.11)

Here, the three terms account for the memory required by parameters, inputs, and
outputs, respectively, where I(n)x and I(n)y are the input feature dimensions. The
rightmost two terms depend on θ through Cin and Cout in the mask-based DNAS
method, whereas they remain fixed in the path-based approach.

Unlike Eq. 5.5, which imposes constraints on aggregate metrics across the entire
DNN, Eq. 5.10 applies constraints at the individual layer level. Furthermore, while
the equation assumes a common target Tm for all critical layers for simplicity, it
can be extended to support different targets, ensuring that some layers fit within L1
memory, others within L2, etc.

To our knowledge, existing SotA DNAS methods have not considered such
fine-grained, hardware-aware constraints. As shown in Sec. 5.3, adapting each layer
to the memory hierarchy can lead to significant speedups with only minor accuracy
trade-offs.

5.2.4 Training Procedure

Algorithm 2 outlines the DUCCIO training procedure, which, like other gradient-
based optimization approaches, consists of three distinct phases: warmup, search,
and fine-tuning. These three phases are similar to those presented in Ch. 3 and Ch. 4
but are explained again here for clarity. The warmup phase involves standard
training of the full supernet (for path-based DNAS) or seed network (for mask-based
DNAS). Only the standard weights W are updated during this phase, while NAS
parameters θ remain fixed at their initial value (1.0). This ensures that all paths and
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Algorithm 2
1: for [ dowarmup loop]e← 1, . . . ,Epochswu
2: Update W based on ∇WL(W )
3: end for
4: e← 1
5: while [ dosearch loop] e < Epochssr or not converged
6: Update W,θ based on ∇W,θ (L(W ;θ)+∑

J
j=0 λ j max(0,R j(θ)−Tj)

7: Schedule λ j, ∀ j
8: e← e+1
9: end while

10: for [ dofine-tuning loop]e← 1, . . . ,Epochsft
11: Update W based on ∇WL(W )
12: end for

channels are sufficiently trained. In particular, for path-based DNAS, this leads to a
uniform sampling of all supernet paths, while for mask-based DNAS, all channels in
the seed model remain active. During warmup, gradients are computed solely with
respect to the task-specific loss function L. Since warmup results are independent of
constraints, they can be stored and reused across multiple searches (e.g., targeting
different hardware configurations).

The second phase is dedicated to architecture optimization. Here, the weights
W and the NAS parameters θ are jointly optimized to minimize a specific instance
of the DUCCIO objective from Eq. 5.4. This phase runs for a minimum number
of epochs (E pochssr) and continues until convergence, utilizing an early-stopping
mechanism that monitors the validation loss L. The search terminates once the
validation loss ceases to improve. If a predefined validation set is unavailable, we
generate one by randomly sampling 10% of the training set.

Upon completing the search phase, we export the final model based on the learned
θ values, as described in Sec. 5.2.1 and 5.2.2. We then enter the fine-tuning phase,
where, similar to warmup, only the weights W are trained, focusing on minimizing
the task-specific loss L. The number of epochs for warmup and fine-tuning is the
same as in the MLPerf Tiny official repository (see Sec . 5.3.1 for details).

The rest of this section discusses two critical aspects that make the procedure in
Algorithm 2 effective for one-shot DNN optimization under multiple constraints.
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Discretized Sampling

After a DNAS search, regardless of the method employed, a single discrete DNN
architecture is selected from the solution space and returned. The chosen architecture
must satisfy R j(θ)< Tj, ∀ j in a multi-constraint scenario. To enforce this, we argue
against continuous relaxation of the sampling process during the search, as is done
in [79] and many other popular DNAS approaches.

To illustrate, consider a simple example: a DNN with one NAS target layer,
for which a maximum storage size of Tj = 600 is imposed. A path-based DNAS
might provide two candidate alternatives for this layer, with sizes S(1)0 = 100 and
S(1)1 = 800, respectively. In the original formulation of [79], these alternatives are
combined linearly as in Eq. 5.7 using continuous NAS parameters derived from
a standard SoftMax operation. For instance, if at the end of a search loop the
optimization yields g(θ (n)

0 ) = 0.49 and g(θ (n)
1 ) = 0.51, the estimated size becomes

S(n)(θ) = 0.49 · 100 + 0.51 · 800 ≈ 450 < Tj. Although this solution meets the
constraints within the continuous relaxation framework, i.e., being optimal with
respect to the cost component of the loss function, the monotonic nature of the
SoftMax implies that the largest θ value determines the final architecture. As a result,
the DNAS would ultimately select the second alternative, with a size of 800, which
violates the constraint.

In contrast, DUCCIO resolves this issue by performing discrete sampling, that
is, by selecting a single concrete architecture during each training iteration. For
path-based DNAS, this is implemented via the one-hot function in Eq. 5.2, while
in the mask-based approach it is achieved using the Heaviside step in Eq. 5.3. It is
important to note that this method differs from those in the original papers—such
as [34], which used continuous relaxation for cost (size or OPs) estimation. Other
works, including [35, 135], also employ discretized sampling, demonstrating that
this approach enhances the correlation between the model’s accuracy during search
and after final export.

Alternatively, to reduce the gap between the cost estimated during the search and
that of the final model in path-based DNAS while retaining continuous relaxation, one
can polarize the θ arrays so that their values are well separated. This can be achieved
by introducing an additional loss term proportional to the Inverse Coefficient of
Variation (ICV) [136]: µ(g(θ))/σ(g(θ)), where µ and σ denote the mean and standard
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deviation, respectively, and g() represents a standard SoftMax or Gumbel-SoftMax
function without discretization.

Regularization Strength Scheduling

In our earlier work [125], we demonstrated that enforcing a size target using an
absolute value difference formulation can be achieved by applying a large, constant
regularization strength λ , thereby eliminating the need for iterative tuning of this
parameter. Although this approach remains valid, in the present work, we show that
initializing the search with a large λ can lead to suboptimal accuracy, partly due to our
novel formulation based on a max() function. In fact, for specific benchmarks, our
empirical findings indicate that the search converges too rapidly toward architectures
with costs below the specified constraint, potentially trapping the solution in a
suboptimal local minimum with respect to accuracy.

To address this issue, we introduce a scheduling strategy for the λ j in Eq. 5.4,
applying the same schedule uniformly across all constraints. Specifically, we set the
target strength as in our previous work:

λ j,target =
L̂

|R̂ j−Tj|
(5.12)

Where L̂ and R̂ denote the task loss and cost measured at the end of the warmup
phase. This formulation ensures that, for any cost metric exceeding its target, the
corresponding terms in the summation of Eq. 5.4 eventually scale to be comparable
in magnitude with the task loss. However, instead of applying this target value
immediately, we increase it linearly over a fixed number of initial epochs in the
search phase. In practice, at each epoch, we update:

λ j = min
(

e ·λ j,target

Epochssr
,λ j,target

)
(5.13)

Our experimental results indicate that this scheduling strategy yields more stable
performance than a fixed λ j across different tasks, DNAS methods, and cost targets.



100 DNN Optimization with Multiple Hardware Constraints

5.3 Experimental Results

5.3.1 Experimental Setup

We developed DUCCIO in Python and PyTorch, leveraging the open-source PLiNIO
library [32]. To assess its performance, we selected five edge-relevant tasks, which
include the four tasks from the MLPerf Tiny suite [121] in addition to image classifi-
cation on the Tiny ImageNet [51] dataset. For each task, a reference DNN is chosen,
serving as the seed architecture for the mask-based DNAS described in Sec. 5.2.2 and
as the template for building the supernet used in the path-based DNAS of Sec. 5.2.1.
Specifically, the supernet is constructed by replacing every convolutional layer in the
reference DNN with one of four alternatives: i) a convolution with a 3×3 filter, ii)
a convolution with a 5×5 filter, iii) a depthwise-separable convolution—that is, a
sequence comprising a 3×3 depthwise convolution followed by a 1×1 pointwise
convolution [30], and iv) an identity operation. Note that the identity option is
available only for layers where the stride equals 1 and Cin =Cout .

For the MLPerf Tiny suite tasks, we evaluated DUCCIO under both global
memory and OPs constraints, employing mask-based as well as path-based DNAS for
each benchmark—except for the Anomaly Detection task, since its reference model
is an FC autoencoder that does not support multiple layer alternatives. Additionally,
we utilized Tiny ImageNet to test the layer-wise memory-aware refinement procedure
discussed in Sec. 5.2.3 with the mask-based DNAS, as it allows finer-grain memory
optimization.

Benchmarks

We consider the ICL and KWS benchmarks with the same setup described in Ch. 4.
Additionally, we consider also the other two tasks included in the MLPerf Tiny
benchmark [121], i.e., Visual Wake Words (VWW) and Anomaly Detection (AMD).

VWW is a binary classification task designed to determine whether at least one
person appears in a given image. This benchmark is derived from the MSCOCO
2014 dataset [53], which contains more than 100,000 RGB images at a resolution of
96x96x3. For this task, the reference network is a MobileNetV1 [30] with a width
multiplier of 0.25, trained over 20 epochs.
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AMD aims to identify unusual machine operating sounds using the Toy-car subset
from the DCASE2020 dataset [54]. The reference model is a simple, fully connected
autoencoder trained for 100 epochs. Additionally, we extend our evaluation to a
more complex image classification task based on the Tiny ImageNet dataset [51].
This dataset comprises 100,000 RGB images of size 64x64x3, distributed across 200
categories. The benchmark uses a ResNet18 [25] model as the reference architecture,
which is trained for 50 epochs.

5.3.2 Global Constraints

Fig. 5.3 depicts the obtained results when applying DUCCIO to both DNAS ap-

Fig. 5.3 Results for different size targets in the Accuracy versus OPs. (Top row) Results
obtained with mask-based DNAS algorithm. (Bottom row) Results obtained using a path-
based DNAS algorithm.

proaches on the MLPerf Tiny benchmarks. Each graph displays the reference DNN
(black square) alongside the discovered architectures (colored dots) in the Accuracy
vs. OPs space, following the global constraints formulation defined in Eq. 5.5. Dif-
ferent colors indicate a different storage constraint, denoted as Ts. We evaluated our
method by setting Ts to 25%, 50%, and 75% of the reference architecture’s original
size. For VWW and AMD, we also tested 6.25% and 12.5% since their reference
models are significantly over-parameterized, as highlighted in [125]. This experi-
mental setup replicates real-world deployment scenarios where memory availability
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progressively decreases across three different MCU configurations. Within each
Ts curve, the rightmost point represents an architecture optimized without any OPs
constraint (To), while the other points correspond to To values set to 25%, 50%, and
75% of the original network’s OPs. Notably, each colored dot in Fig. 5.3 results
from a single DNAS training run using the specified (Ts,To) combination, starting
from the seed/supernet.

The graphs on the leftmost side present the results for ICL. Across all memory
and OPs constraints, the mask-based DNAS consistently meets the specified targets,
covering nearly an order of magnitude in OPs, ranging from 1.07M to 10.0M, while
achieving an accuracy between 71.72% and 85.74%. The most significant reduction
in OPs while maintaining baseline accuracy (84.31% vs. 84.03%) is achieved using
the path-based DNAS under a 50% size constraint and a 75% OPs constraint. This
optimized model contains 33.3k parameters and executes 5.68M OPs, representing
reductions of 55.9% and 54.6% relative to the baseline, respectively. Additionally,
the path-based DNAS yields the highest accuracy (85.7%) while still reducing OPs
by 20% compared to the seed network.

The middle-left graphs illustrate the Pareto fronts for VWW. For the mask-based
NAS, DUCCIO identifies models with comparable accuracy and latency across all
constraints, confirming that even 6.25% of the reference model size is sufficient to
reach peak accuracy. The discovered networks span from 602k to 3.42M OPs, with
accuracies ranging from 76.1% to 85.83%. Several architectures outperform the
seed model in a Pareto sense: the highest accuracy improvement is 2.07% (85.83%
vs. 83.76%), while operations and memory are reduced by 54.2% and 87.4%,
respectively. For the path-based DNAS, the search space is more constrained, as
the reference model predominantly consists of depthwise-separable convolutions.
Since our supernets offer only four-layer alternatives, further memory reductions
are possible only by replacing layers with identity operations (effectively removing
them). However, the results show that layer removal does not benefit this task, as all
networks found using the path-based DNAS outperform those generated through the
mask-based approach. We omit lower size constraints for this method since they are
unattainable within the given search space (the identity layer cannot be chosen when
channel counts change or stride > 1).

The middle-right plots present the KWS results. With mask-based DNAS, DUC-
CIO finds multiple Pareto-optimal architectures for each size constraint. For instance,
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under the 75% size constraint and no To restriction, the best accuracy achieved is
92.82%, which is only 0.43% lower than the reference model, while reducing OPs
by 61.37%. Conversely, the path-based DNAS discovers only three architectures,
each derived by replacing one, two, or three of the four depthwise-separable layers in
the reference network with identity operations. Once again, the results confirm that
the mask-based approach provides superior outcomes, demonstrating that a more
granular search leads to better architectures for this task.

The rightmost section of Fig. 3.6 reports results for AMD. As previously men-
tioned, due to the nature of the reference model, only mask-based DNAS results are
presented. Since the model consists entirely of fully connected layers, size and OPs
constraints are directly correlated, making separate constraints (Ts and To) redundant.
As a result, the plot displays single points instead of curves. Nevertheless, DUC-
CIO successfully identifies Pareto-optimal solutions tailored to different deployment
constraints while minimizing accuracy degradation.

The DUCCIO methodology is independent of the specific DNAS approach,
making it compatible with slower and faster search algorithms without losing effec-
tiveness. However, since a key objective of our work is to minimize search time,
bringing it close to that of a standard training run, it is important to analyze the
computational cost of generating the results in Fig. 5.3. As a case study, we measured
the average training overhead on the ICL benchmark compared to standard ResNet
training. Our experiments were conducted using a single NVIDIA GeForce GTX
1080 Ti GPU, with full reference model training requiring approximately 2 hours.
On average, the path-based DNAS incurs a 2.59× time overhead per training step,
whereas the mask-based approach increases it by 1.97×. These results are expected,
as they stem from the larger size of the supernet in the path-based approach and the
additional masking operations in the mask-based method. These findings confirm
that DUCCIO remains computationally efficient, even when run on limited hardware
resources.

5.3.3 Layer-wise Constraints

This section details the application of DUCCIO to design a network optimized for
the memory hierarchy of our target hardware, the GAP8 platform. For this case study,
we focus on Tiny ImageNet, as the ResNet18 reference architecture is sufficiently
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Fig. 5.4 Accuracy vs L2 memory violation.

large to illustrate the impact of layer-wise memory constraints. We employ the
mask-based NAS approach, which provides fine-grained control over individual
layer sizes.

The seed network consists of 11.28M parameters and achieves a top-1 accuracy
of 71.97%. Initially, we search for three smaller models with Ts values set to 25%,
50%, and 75% of the seed (corresponding to the rightmost points in the red, orange,
and yellow curves in Fig. 5.4), aligning with scenarios where external L3 memory
can accommodate 3M, 6M, and 9M parameters, respectively. Next, we progressively
impose stricter constraints on total layer-wise memory usage (Eq. 5.10). Specifically,
we define as critical all layers whereM(n) < (1+C)Tm, where Tm represents the
available L2 memory, and C takes values from {0.3,0.6,0.9}. This process generates
the Pareto frontiers shown in Fig. 5.4, where the x-axis represents the total L2
memory violation, calculated as L2V = ∑n∈layers(M(n)(θ)−Tm).

Two key insights emerge from this analysis. First, increasing C expands the
set of critical layers, thereby reducing L2V. Second, for the same overall model
size constraint (e.g., the orange curve), we achieve lower L2V without significantly
impacting accuracy. For instance, under a 50% size constraint, we observe that
reducing C to 0.3 leads to a 38.9% decrease in L2V while incurring only a 0.38%
accuracy drop compared to the rightmost network.

In the following deployment section, we demonstrate that networks with lower
L2V generally achieve lower latency and greater efficiency. However, this correlation
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is not absolute, as efficiency also depends on (i) the number of layers exceeding the
constraint and (ii) the nature of these layers, which influences execution efficiency.
For example, depthwise convolutions tend to be less efficient on GAP8 compared to
standard convolutions [102].

5.3.4 Embedded Deployment

Table 5.1 Deployment of ICL models on GAP8.

Model Accuracy Drop w.r.t Ref MOPs Constraint Memory [kB] MOPs Latency [ms] GOPs/s
Reference 84.0 % 0 % None 75.5 12.50 21.42 0.58
Mask-Based-L 85.0 % +1.0 % None 43.4 9.18 21.26 0.43
Mask-Based-L 83.7 % -0.3 % 6.88 35.6 6.42 15.10 0.43
Mask-Based-M 84.3 % +0.3 % 6.05 32.5 5.68 15.51 0.37
Mask-Based-M 82.8 % -1.2 % 4.03 24.7 3.80 10.68 0.36
Mask-Based-S 81.4 % -2.6 % None 18.7 5.21 11.66 0.45
Mask-Based-S 79.0 % -5.0 % 2.61 17.6 2.60 9.40 0.28
Path-Based-L 85.7 % +1.7 % 10.0 54.8 10.0 17.50 0.57
Path-Based-L 84.1 % +0.1 % 6.68 51.8 7.55 21.76 0.35
Path-Based-M 83.8 % -0.2 % 8.19 28.2 7.53 17.56 0.43
Path-Based-M 83.7 % -0.3 % 5.46 16.4 4.42 14.11 0.31
Path-Based-S 83.3 % -0.7 % None 16.4 4.42 14.11 0.31
Path-Based-S 83.1 % -0.9 % 2.14 14.6 2.48 12.59 0.20

Table 5.2 Deployment after layer-wise memory reduction of Tiny ImageNet models on
GAP8.

Model Accuracy MOPs MCycles GOPs/s L2V Constraint Mem. [kB] L2 Violation [kB]
TinyI-L 68.59 % 1956.8 1002.6 0.19 None 7770 5301
TinyI-L-60 67.94 % 1361.2 644.4 (-36%) 0.21 (+8%) 60 % × L2 6765 3648
TinyI-L-90 67.43 % 1344.3 601.1 (-40%) 0.21 (+15%) 90 % × L2 6615 3446
TinyI-M 65.44 % 1607.6 637.3 0.25 None 5342 2875
TinyI-M-30 65.09 % 1368.1 293.9 (-54%) 0.47 (+84%) 30 % × L2 4932 2313
TinyI-M-60 65.06 % 1164.8 291.5 (-55%) 0.40 (+58%) 60 % × L2 4706 1758
TinyI-M-90 62.72 % 1136.0 252.1 (-61%) 0.45 (+79%) 90 % × L2 3742 861
TinyI-S 60.40 % 1022.3 334.5 0.31 None 2738 681
TinyI-S-60 58.84 % 731.0 178.8 (-46%) 0.41 (+34%) 60 % × L2 2264 0

Table 5.1 and Table 5.2 provide an overview of the deployment results on the
GAP8 SoC (ref. Sec. 2.3.2) for the ICL and Tiny ImageNet benchmarks.

Table 5.1 presents the ICL models derived with DUCCIO using both DNAS
methods. For each method, two DNNs are reported for each size target, i.e., 75%
(denoted with a -H suffix), 50% (-M), and 25% (-L). Precisely, we deploy the two
rightmost points from each Pareto front in Fig. 5.3, corresponding to the Mega
OPs (MOPs) constraints specified in the table. For reference, the baseline DNN
is also included. The “Mem." column indicates the memory footprint of each
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model. It is important to note that all DNNs meet the prescribed memory and MOPs
constraints. Regarding latency, the mask-based DNAS solutions range from 9.40
ms to 21.26 ms, while those from the path-based DNAS span from 12.59 ms to
27.86 ms. Moreover, within the same size constraint, a higher OPs count generally
leads to increased latency, which confirms that OPs serve as a reliable proxy for
latency when comparing networks with similar topologies and layer types. The sole
exception is the first Path-Based-L model, which, despite having more MOPs than its
counterpart, is 4.26 ms faster. This is a consequence of the second model including
more depthwise layers. Such layers are characterized by a lower arithmetic intensity,
which is a factor not captured by the OPs metric.

Compared to the reference model, two notable “extreme" solutions emerge. The
first, obtained via the path-based DNAS (-L), boosts accuracy by 1.7% while reducing
latency by 1.22× and memory by 27%. Conversely, the second, produced with
mask-based DNAS (-S), sacrifices 5% accuracy in exchange for a 2.28× reduction
in latency and a 76.7% decrease in memory footprint. These examples illustrate
DUCCIO’s flexibility in maximizing accuracy or compromising it to meet stricter
constraints based on the designer’s objectives. Additionally, except for the case
above, almost all deployed architectures incur an accuracy drop of less than 2.6%
while achieving latency improvements of up to 2.01×.

Table 5.2 details the deployment results for networks on Tiny ImageNet using
DUCCIO’s layer-wise size refinement strategy. All DNNs from Fig. 5.4 have been
deployed. For each network, this refinement strategy enhances efficiency—measured
in GOPs/s—by reducing costly L3 accesses, with improvements ranging from +8%
to +84%. As anticipated, the L2V metric correlates with efficiency, albeit not
perfectly, due to previously mentioned factors. Furthermore, imposing a tighter
constraint (by considering a larger set of layers as critical) consistently leads to
latency improvements, as evidenced by the MCycles column, which shows reductions
between 36% and 61%. Notably, the TinyI-M-30 model requires 54% fewer cycles
than TinyI-M, achieves an 84% increase in GMAC/s efficiency, and suffers only a
negligible accuracy loss of 0.35%.

5.3.5 Ablation Studies
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Constraint vs Objective

Fig. 5.5 Model size as objective (classical) vs. constraint (DUCCIO).

Fig. 5.5 highlights the key advantage of DUCCIO, i.e., the ability to discover a
DNN with specific characteristics in a single run. For this experiment, we executed
the mask-based NAS on ICL using DUCCIO’s and the traditional DNAS formulation
from Eq. 2.11. In each case, only the model size was considered the cost metric.
With DUCCIO, we applied the same size targets as detailed in Sec. 5.3.2 while
omitting any OPs constraint, so the results correspond to the rightmost points on the
curves in Fig. 5.3. Using the classical formulation with twelve different values of
λ , we obtained a Pareto curve spanning nearly an order of magnitude in memory
usage, with accuracies ranging from 20.64% to 87.25%. This indicates that finding
an architecture meeting a specific memory constraint is non-trivial and requires
multiple iterations of the DNAS search. In contrast, DUCCIO finds each of the three
target points in a single search by simply setting a different memory target Ts. The
resulting networks satisfy the imposed constraints and are Pareto optimal, as they
lie on the curve obtained by sweeping λ in the conventional DNAS approach. This
demonstrates that our formulation preserves the quality of results compared to the
classic DNAS method.
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Fig. 5.6 Comparison for different size targets of absolute value and max() constraints.

Max vs Absolute Value

Fig. 5.6 underscores the benefit of using the max function in the loss formulation over
the formulation base on the absolute value difference from the target, as explained in
Sec. 5.2.3. This experiment is carried out on the KWS task using the mask-based
NAS since the reference network is over-parametrized in the number of channels,
amplifying the difference between the two formulations. In the figure, the circles
represent the results from Fig. 5.3, whereas the diamonds correspond to the results
obtained when replacing the max function with absolute values in Eq. 5.5.

Overall, we observe that the architectures derived using the max function con-
sistently Pareto-dominate those obtained with the absolute value formulation for
accuracies above 80%. This trend is especially pronounced in the two most complex
architectures for Ts = 75% and 50%. Specifically, when employing the max function,
DUCCIO identifies two DNNs with accuracies of 91.06% and 92.82% and with 9.4k
and 9.96k parameters, respectively. In contrast, using the absolute value formulation
under the same Ts constraints produces models with 88.30% and 91.92% accuracy
and 12.1k and 16.7k parameters.

These results indicate that forcing the DNAS to generate a model that closely
aligns with the target by using the absolute value difference leads to networks
that remain overly parameterized and generalize less effectively compared to those
produced with the max function.
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Increasing vs Constant λ

Fig. 5.7 Comparison between the scheduling of λ proposed in Sec. 5.2.4 and a constant λ

for DUCCIO’s training.

In Fig. 5.7, we demonstrate that the λ scheduling strategy introduced in Sec. 5.2.4
outperforms the use of a fixed regularization strength. To evaluate this, we conducted
a search on ICL using the mask-based DNAS with DUCCIO, experimenting with
six different constant λ values both below and above the λtarget specified in Eq. 5.12.
We again set Ts to 25%, 50%, and 75% of the seed size without applying any OPs
constraint. Two key behaviors emerge from our findings. First, when the constant
λ is too low, the imposed constraint is not enforced, resulting in networks that do
not shrink in size (as observed in the yellow and orange rightmost points). Second,
when λ is excessively high, the network shrinks too rapidly, removing channels
that are important for maintaining accuracy. This effect is particularly evident in
the Ts = 50% case, where the model produced with the largest λconst suffers a 6.5%
drop in accuracy compared to the one obtained using the scheduled λ . Importantly,
across all Ts settings, the networks derived with the scheduled λ consistently meet
the constraint while achieving comparable or superior accuracy with any fixed λ .

Discretized Sampling vs θ Polarization

In Fig. 5.8, we justify our final training decision: employing the Gumbel Softmax
trick with discretized sampling to select one among the alternative layers in the
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Fig. 5.8 Comparison between discretized Gumbel Softmax sampling and ICV Loss.

path-based DNAS, rather than relying on soft sampling with θ coefficients steered
by an ICV loss. This experiment is conducted on ICL with the same targets as those
in Fig. 5.3. The difference between these two approaches is clear. The primary
drawback of using the ICV loss is that every alternative layer’s output still contributes
to the overall output of a supernet module—albeit with varying magnitudes due to the
polarized coefficients. This leads to weight co-adaptation [74], meaning the weights
become adjusted to the fact that the module’s output is influenced by all alternatives
simultaneously. As a result, when the architecture is discretized at the end of the
search, the accuracy suffers significantly, even after subsequent fine-tuning.
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Fig. 6.1 Alternative methods for executing a DNN on a heterogeneous SoC with shared
memory. In Strategy A, all computations are carried out on a single CU. Strategy B assigns
individual layers to different CUs. Strategy C, implemented in ODiMO, enables fine-grained
intra-layer partitioning, where computations within a single layer are distributed across
multiple CUs concurrently.
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Previous chapters presented hardware-aware software-level techniques to op-
timize the inference phase of DNNs on resource-constrained edge devices. On
the hardware side, the current trend is to achieve highly optimized DNN infer-
ence through specialization. This results in the design of heterogeneous SoCs that
include multiple specialized Computing Units (CUs) tailored to the execution of
specific DNN workloads [137–139, 5, 6]. Execution optimization of DNN models
on multi-CU systems presents a substantial challenge. Conventional methods involve
executing the entirety of a network on a single CU, as illustrated in Fig. 6.1 (Mapping
A). Recent publications have explored multi-CU inference [140–142, 138, 143, 144]
through layer-wise partitioning (Mapping B). However, layer-wise partitioning re-
sults in suboptimal hardware utilization, given that standard sequential DNNs employ
only one CU at any given time. Finer-grained partitioning, wherein each layer is
divided among multiple CUs (Mapping C of Fig. 6.1), has been primarily studied
for homogeneous CU systems (e.g., multiple GPUs/TPUs) [145, 146], and remains
under-explored for heterogeneous systems. Additionally, these works typically as-
sume that all CUs are capable of executing all DNN layers and producing equally
accurate results. This assumption does not align with numerous real-world scenar-
ios [5, 139, 6]. For example, SoCs incorporating both Digital and AIMC CUs [139, 5]
demonstrate this discrepancy. AIMC offers increased speed and energy efficiency but
generates approximated results due to extreme weight quantization, such as binary
or ternary levels. Conversely, digital CUs, while slower and less energy-efficient,
process data with higher numerical precision, yielding more accurate results. Other
SoCs [6, 147] feature CUs that are restricted to executing specific DNN layers, like
depthwise convolutions. Utilizing these CUs necessitates constraining the DNN to
particular architectural patterns, which can influence accuracy, often in exchange for
improved efficiency.

This chapter presents One-shot Differentiable Mapping Optimizer (ODiMO) a
novel approach to optimize and map DNN execution onto heterogeneous systems.
ODiMO employs a training-time optimization process to explore different mapping
alternatives. This optimization process is guided by functional (task performance)
and non-functional (energy efficiency, latency) CU characteristics to identify pre-
cise and efficient mappings. As the other techniques described in this manuscript,
ODiMO employs a gradient-based search method during training, which allows the
exploration of fine-grained mappings by segmenting each DNN layer into sub-layers.
These sub-layers are then executed concurrently across multiple CUs, as shown in
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Mapping C of Fig. 6.1. By accounting for potential task performance reductions
due to quantization or layer type selection (e.g., normal vs. depthwise convolution),
this strategy tries to counterbalance the accuracy-energy/latency trade-off through
analytical and differentiable hardware-aware cost models.

This chapter first provides an overview of the related works in Sec. 6.1, high-
lighting SotA techniques. Then, Sec. 6.2 details the proposed optimization method.
Sec. 6.3 presents the experimental validation of the process. Finally, Sec. 6.4 pro-
vides some implementation details to use the ODiMO framework with the considered
hardware platforms.

The work described in this chapter has been published in [148, 149].

6.1 Related Works

Efficiently allocating computationally intensive workloads across the CUs available
in heterogeneous systems presents a significant challenge. While early research
addressed general-purpose applications, such as OpenCL programs [150], recent
investigations have increasingly focused on the specific requirements of DNN infer-
ence. One line of research considers mapping the entire DNN onto a single CU at a
time. For instance, [140] examined a mobile SoC featuring CPU, GPU, and NPU
components, selecting the fastest available CU for each inference request to enable
parallel processing of multiple requests. A similar approach, HDA [151], targets
edge inference servers with custom NPUs supporting varying bit quantization (8,
7, and 6-bit). This work introduces a scheduling method that concurrently assigns
entire DNN inference tasks to minimize latency. Upon arrival, a new request is
directed to the fastest available NPU that meets a predefined, task-specific accuracy
threshold, which accounts for the DNN’s offline-profiled resilience to quantization.
Other studies explore mapping DNNs at the finer granularity of individual layers.
[141] investigated layer allocation between CPU and GPU, employing a random
forest predictor at runtime. This predictor uses layer hyper-parameters as input
features to determine the mapping that minimizes overall inference energy or latency.
[142] profiled DNN execution on a system comprising a GPU (NVIDIA Jetson TX2)
and an FPGA (Xilinx Artix7). Based on these profiles, they proposed a heuristic
strategy where the entire network is typically offloaded to the GPU, except FC layers,
which are executed on the FPGA. Further exploration of layer-level partitioning
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includes AxoNN [138], which utilized linear programming to analyze energy versus
latency trade-offs when offloading DNN sections to either the GPU or NVDLAs
on an NVIDIA Jetson AGX Xavier. For the same platform, [143] proposed an
alternative mapping scheme focused on enhancing throughput via data parallelism
and pipelining across the GPU and NVDLAs. HaX-CoNN [152] employed an SAT
solver to optimize the latency of concurrently executing multiple DNNs, mapped
layer-wise onto the CUs of an NVIDIA Jetson TX2. Similarly, Omniboost [153]
developed a layer-wise mapping scheme based on Monte Carlo Tree Search to maxi-
mize throughput for multi-DNN workloads on a platform with multiple CPUs and a
GPU. H3M [154] targeted datacenter FPGAs, using an evolutionary strategy to map
multiple DNNs at layer granularity, aiming to minimize the energy-delay product.
Finally, MaGNAS [155] addressed the per-layer mapping of Graph Neural Networks
(GNNs) onto GPUs and NVDLAs, concurrently optimizing the GNN architecture.
This joint optimization, driven by an evolutionary algorithm, seeks to maximize task
accuracy while minimizing energy consumption or latency.

All the works cited above operate at a coarse granularity, where the fundamental
unit assigned to a specific CU is an entire network layer. In contrast, alternative
approaches investigate finer-grained intra-layer partitioning. AccPar [145], for ex-
ample, focuses on DNN training optimization within a cluster of Google TPU-v2/v3
devices. It employs dynamic programming to minimize training latency by partition-
ing computations along axes such as data batches (data parallelism), input channels,
or output channels, considering computation performance and communication costs.
Map-and-Conquer [156] examines intra-layer mappings on the Jetson AGX Xavier
platform when considering inference workloads. This method utilizes an evolutionary
algorithm to explore various partitioning schemes at the channel level for CNNs and
the head level for vision transformers, searching for an optimal energy-delay product.
Partitioning is achieved by ignoring data dependencies between adjacent weight
groups. This optimization occurs post-training, guided by the objective function
from [157], initially developed for network pruning. Consequently, the impact on
model accuracy is only partially addressed. Furthermore, similar to MaGNAS [155],
any accuracy effects considered are related solely to the network architecture, not to
the specific characteristics of the target CUs.

Our proposed method differs by employing fine-grained intra-layer mappings
designed to optimize arbitrary cost metrics, such as energy or latency while maintain-
ing full task performance awareness. Notably, ODiMO represents, to the best of our
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knowledge, the first instance in the literature applying a gradient-descent-based opti-
mization technique to the problem of mapping and partitioning DNN computations
across multiple hardware CUs.

6.2 Proposed Method

Building upon the discussion of Sec. 6.1, it is evident that most existing method-
ologies are designed without considering task performance. These works primarily
focus on optimizing the balance between latency and throughput or latency and
energy consumption. Consequently, they do not consider heterogeneous platforms,
where the CU selection can significantly influence the precision of the final task. Task
performance is critical in contemporary edge-oriented platforms, such as the SoCs
detailed in [139, 5, 6]. In such architectures, variations in data representations and
limitations in supported operations (e.g., depthwise vs standard convolutions) mean
that mapping decisions can substantially impact the achievable task performance. As
a result, the direct application of current methodologies to these emerging hardware
platforms is not straightforward. While HDA [151] acknowledges the potential task
performance variations across different CUs, it tackles a distinct problem, i.e., the
concurrent serving of multiple inference requests. Conversely, our work aims to
optimize a single, unbatched inference, a prevalent scenario in extreme-edge devices
typically designed to process incoming data streams with minimal delay, often in
real time.

To our knowledge, ODiMO is the first DNN mapping framework specifically
developed for SoCs where CU heterogeneity directly affects the DNN task perfor-
mance. ODiMO explores the trade-off between task performance and latency/energy
during the training phase. This exploration enables determining an optimal DNN
partitioning strategy through hyper-parameter optimization, encompassing the layer
type and the quantization precision.

Fundamentally, our approach arises from the insight that systems featuring
heterogeneous CUs with the above constraints, optimizing a DNN’s architecture
(e.g., layer type or quantization format), and establishing its mapping onto the diverse
CUs are inherently intertwined. Specifically, assigning a particular operation or data
format to a portion of the DNN intrinsically enforces that this segment will be
executed on the specific CU(s) capable of supporting it. This coupling allows us to
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adapt established gradient-based DNN optimization techniques to effectively address
the challenges of DNN mapping on heterogeneous CUs.

In contrast to conventional approaches that limit mapping strategies to layer-
wise assignments at a coarse granularity, i.e., allocating entire layers to single CUs,
ODiMO introduces support for fine-grained intra-layer partitioning as it is shown in
Fig. 6.1. This granularity leads to improved resource utilization across all available
CUs.

The rest of this section is structured as follows. Sec. 6.2.1 defines the network op-
timization and mapping problem and subsequently introduces the proposed ODiMO
strategy. Sec. 6.2.2 details the application of ODiMO in mapping DNNs onto CUs
characterized by incompatible quantization formats. Finally, Sec. 6.2.3 presents the
mapping case onto SoCs equipped with specialized hardware units.

6.2.1 Mapping optimization strategy
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Fig. 6.2 ODiMO mapping strategy of a layer on N different possible CUs.

ODiMO is designed to partition a DNN across a SoC composed of N hetero-
geneous CUs. Specifically, ODiMO explores the mapping of each Convolutional
(Conv) or FC layer at the granularity of individual output channels/features among
the available CUs. For clarity and without loss of generality, we will consistently use
the term “output channels" throughout this discussion. Fig. 6.2 illustrates ODiMO’s
mapping strategy for a convolutional layer, where all CUs receive the entire layer’s
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input and compute a distinct subset of output activation channels. ODiMO operates
under the assumption of heterogeneous systems where all CUs can access a shared
memory region (depicted in yellow in Figure 6.2). This shared memory facilitates
the loading of layer inputs and the storage of partial outputs. By partitioning compu-
tations along output channels, each CU processes a unique set of weights, which may
be stored in private memory, and writes its results to dedicated memory locations. It
is important to note that while each input activation is loaded N times (once per CU),
this apparent data transfer redundancy is accounted for in our optimization’s cost
models, as detailed subsequently. This approach remains advantageous despite the
overhead, as it enables the parallel utilization of multiple CUs.

We assume the shared activation memory is multi-ported, multi-banked, and
has sufficient bandwidth to support concurrent access from all CUs. We assume
that contention for the same memory location is resolved through an arbitration
mechanism. These specifications align with various contemporary hardware designs,
including those presented in [145, 5, 139, 6]. Although our current work assumes
shared memory, it is worth noting that the proposed methodology could be extended
to accommodate CUs with private memories by incorporating the overhead associated
with broadcasting input data.

The fine-grained intra-layer mapping strategy implemented by ODiMO intro-
duces a substantial increase in the search space of possible mappings. For instance,
with merely N = 2 CUs and a ResNet18 CNN, the number of potential channel-to-
CU assignments reaches approximately 1039. To manage this huge search space
effectively, ODiMO employs a differentiable optimization approach. In this ap-
proach, the possible mappings are parameterized by a set of trainable parameters,
denoted as θ .

Consequently, by formulating and solving an optimization problem akin to
Eq. 2.11, we can efficiently explore diverse mappings concurrently with DNN train-
ing. This simultaneous process balances computational cost and task performance in
a unified optimization process.

As depicted in Figure 6.2, ODiMO identifies the DNN layers, denoted by l,
that are eligible for mapping onto the available N CUs. Subsequently, for each of
these layers, ODiMO simulates the effect of offloading the computation of the entire
layer’s output Ŷ (l)

i to each CU. This yields a set of N potential outputs, represented as
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{
Ŷ (l)

CU j

}N

j
. Finally, the effective output feature map Ŷ (l) is constructed by computing

each of the C(l)
out output channels as a linear combination of the outputs generated

by each CU. The weights for this combination are determined by the trainable

parameters θ =
{

θ
(l)
CU j, c

}N,C(l)
out

j, c
. This method allows ODiMO to produce each layer’s

output as the composition of the computations performed by all available CUs,
reflecting their respective computational characteristics. Mathematically, each output
channel c of each layer l is computed as follows:

Ŷ (l)
c =

N

∑
j

θ
(l)
c,CU j

Ŷ (l)
c,CU j

(6.1)

During optimization, for each channel c in layer l, ODiMO favors assigning channel
c to CU j (setting θ

(l)
c,CU j

= 1) if this assignment improves the task performance and
energy/latency trade-off. Conversely, assignments to other CUs for the same channel
(i.e., θ

(l)
c,CUk

where k ̸= j) are effectively deactivated by setting their corresponding
θ parameters to zero. Similarly to what is described in Ch. 4 and Ch. 5, during
optimization, the θ values can be treated as discrete samples or relaxed to continuous
values within the range [0,1], for example, by applying a softmax operator to a vector
of free trainable parameters θ̄ . Upon completion of training, the CU associated with
the highest sampling probability (or continuous value, in the relaxed case) for θCU j,c

is designated as the target CU for executing the c-th channel. Following the final
channel-to-CU assignments, each layer is restructured into N parallel sub-layers.
Each sub-layer comprises the subset of channels assigned to a specific CU j. These
N sub-layers can be executed concurrently, and their outputs are then concatenated
in the shared memory, serving as input for subsequent layers. Further details on this
conversion process are provided in Sec. 6.2.2.

The channel assignment process happens together with the training of the DNN,
incorporating the θ parameters as described above and minimizing the loss function
defined in Eq.2.11. Specifically, the θ mapping parameters and the standard network
weights W are trained in conjunction. The cost term C(θ) of the loss function is
adaptable and can be configured based on the specific non-functional optimization
goal. The framework is flexible and can accommodate any cost metric formulated
as a differentiable function of θ . For example, when minimizing latency, ODiMO’s
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objective function is formulated as:

C = ∑
l

M(l), M(l) = max(LAT (l)
1 (θ), ...,LAT (l)

n (θ)) (6.2)

In this formulation, each LAT (l)
i (θ) represents a differentiable model, parameterized

by θ , that estimates the execution latency of the l-th layer on the i-th CU as a function
of the assigned channels. M(l) denotes the overall latency of layer l, calculated using
a max() operation. This max() operation reflects the assumption that all CUs operate
in parallel, and minimizing the maximum latency (i.e., minimizing idleness) is a
desirable objective for both time and energy efficiency. To ensure the differentiability
of the loss term, the non-differentiable max operation in Eq. 6.2 is replaced with a
smooth, differentiable approximation. This approximation is computed as the sum of
individual latency terms, each weighted by the corresponding softmax-transformed θ

parameters. Conversely, for energy reduction, we employ the following cost model:

Cen = ∑
l
(∑

i
Pact, i ·LAT (l)

i (θ))+Pidle ·M(l) (6.3)

This model accounts for active and idle power consumption across all DNN layers.
For each layer l, the model calculates: (i) the active energy consumption, ∑i Pact, i ·
LAT (l)

i (θ), where Pact, i represents the average active power consumed by the i-th
CU during computation. This is multiplied by LAT (l)

i (θ), the execution time of the
channels assigned to CU i. (ii) The baseline idle energy consumption, Pidle ·M(l),
which captures the platform’s idle power Pidle over the total layer latency M(l). The
total energy cost is aggregated across all layers via the outer summation. The power
values, Pact, i and Pidle, in Eq. 6.3 can be derived from hardware measurements via
profiling or obtained from datasheets, depending on the desired level of modeling
task performance.

ODiMO’s optimization process involves the usual three training phases, already
introduced in previous chapters, to generate an optimized mapping, regardless of the
specific hardware platform. The first phase, designated as Warmup, involves freezing
the mapping parameters θ and training the network solely to minimize the task loss
L (without considering the cost term). This is achieved by updating only the standard
weights W . Subsequently, the process moves to the Search phase. During this phase,
both the cost C and task loss L are jointly optimized according to Eq. 2.11. The
θ parameters and the weights W are updated to identify an effective assignment
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of layer partitions to CUs that balances performance and cost. Finally, the Final
Training phase is executed. In this phase, the channel-to-CU assignments are fixed
based on the θ parameter values obtained at the end of the search phase. Like the
warmup phase, only the weights W are trained for additional epochs to optimize
L alone. This final training phase aims to mitigate any potential task performance
degradation resulting from the discretization of the mapping.

6.2.2 SoC with Incompatible Data Formats

This section describes a practical implementation of the ODiMO methodology
tailored for SoCs that integrate multiple CUs with different supported precisions.
A representative example of such an architecture is the DIANA [5] presented in
Sec. 2.3.4. This SoC incorporates a Digital and an Analog CU, supporting 8-bit
and ternary precision for weights, respectively. Other SoCs that comply with this
paradigm include the customizable variable-precision NPUs discussed in HDA [151],
and the SoC presented in [139], which combines a Non-Volatile Memory Computing
CU with an AIMC CU.

In scenarios like these, the challenge of assigning each layer’s channels to
specific CUs can be reframed as a precision assignment problem, similar to the one
described in Ch. 4 (without considering pruning). However, it is crucial to note a
key distinction: unlike conventional precision assignment, the selection of precision
has dual implications here. It not only influences the task performance of the model
but also directly impacts inference energy and latency costs. This is because the
chosen precision intrinsically constrains the available mapping choices for a given
channel to only those CU(s) that support the selected precision level. Consider, for
instance, the DIANA SoC. Assigning ternary precision to the c-th channel inherently
constrains its execution on the AIMC CU with its associated performance profile.
Similarly, designating a channel for 8-bit precision implicitly maps its execution to
the digital CU, resulting in a different trade-off regarding latency, energy, and task
performance.

Therefore, in the context of the general ODiMO framework outlined in Sec. 6.2.1
(Eq. 6.1), the diverse CU outputs, denoted as Ŷ (l)

c,CU j
, represent the outcomes of

identical layers but with weights quantized to varying precision levels. Subsequently,
by employing the three-phase training procedure discussed earlier, ODiMO optimizes
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the allocation of each channel to a specific quantization bitwidth, and consequently,
to the corresponding CU.

It is important to acknowledge a practical consideration. The channel assign-
ments produced by the optimization process are not inherently ordered within each
layer. For example, in a layer with C(l)

out=8 and two CUs, channels 0, 3, and 5
might be assigned to CU0, while channels 1, 2, 4, 6, and 7 are assigned to CU1.
Direct deployment of the layer in this configuration could lead to implementation
inefficiencies due to the interleaved nature of CU outputs in shared memory. A
more effective approach involves grouping all channels associated with the same
CU into contiguous output memory regions. To this end, Fig. 6.3 illustrates a layer
transformation step applied to the DNN post-optimization but pre-deployment onto
the target SoC. This transformation is similar to the one discussed in Sec. 4.2.5 and is
described again here for clarity. This transformation is depicted for a convolutional
layer as a representative example, with activation channels visualized as squares and
weight filters as “cubes". The color of the shape outlines signifies assignment to
a particular CU. Color patterns are overlaid on specific filters and output slices to
enhance clarity. The starting point is the output from ODiMO, shown in the top-left
of Fig. 6.3. Subsequently, channels in Y (l) and corresponding filters in W (l) are
grouped based on their assigned CU. Furthermore, the weights of the succeeding
layer, W (l+1), are also reordered along the input channel dimension to maintain
the proper network functionality. This rearrangement is illustrated in the central
portion of Fig. 6.3. Finally, as depicted in the right section of Fig. 6.3, N independent
sub-layers, suitable for parallel execution, are generated by partitioning the original
layer. This final step facilitates the deployment of the derived mapping onto the N
available CUs without introducing data-marshaling overhead for output aggregation.
It is important to note that while the preceding discussion presented the scenario
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of CUs with incompatible weight quantization formats as a concrete example of
the general ODiMO mathematical framework (as defined in Eq. 6.1), our practical
implementation diverges slightly for enhanced training efficiency. Although the
formulation in Eq. 6.1 remains theoretically sound, we adopt an alternative approach
in practice to ease the training process. Specifically, instead of performing a lin-
ear combination of the output activations produced from each layer instances with
varying weight quantization, we exploit the linearity property of Convolutional and
FC operations to directly combine the weights. This alternative, mathematically
equivalent to Eq. 6.1, is expressed through the following factorization:

Ŷ (l)
c = (

N

∑
j

θ
(l)
c,CU j

W (l)
c,CU j

)∗X (l) (6.4)

In this formulation, W (l)
c,CU j

denotes the weight kernel corresponding to the c-th
output channel of the l-th layer, quantized to the precision level supported by the
j-th CU. The term enclosed within the parentheses in Eq. 6.4 effectively constitutes
a composite weight kernel, representing a weighted average of the kernels from
different CUs. The primary advantage of this reformulated approach lies in its
computational efficiency. It obviates the need to compute multiple, independent
convolution operations for each layer. Instead, it necessitates only the construction
of the composite weight kernels, achieved through computationally less demanding
element-wise operations such as scalar multiplication and summation. This simpli-
fication significantly reduces the overall computational overhead associated with
ODiMO training, leading to a more efficient optimization process.

6.2.3 SoC with Specialized HW Units

In this section, we detail the adaptation of ODiMO to heterogeneous SoCs where
CUs, while employing compatible data formats, are specialized for executing distinct
types of DNN layers. Platforms such as Darkside [6] (Ref. Sec. 2.3.4), featuring
a general-purpose multicore RISC-V cluster alongside the dedicated DepthWise
Engine (DWE) for efficient depthwise convolutions, exemplify this scenario. Simi-
larly, Kraken [147], a heterogeneous RISC-V SoC incorporating a multicore cluster
and a Sparse Neural Engine tailored for event-based spiking DNNs, falls within
this category. Conventional DNN architectures often alternate sequentially between
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layer types, such as standard and depthwise convolutions. This approach results in a
situation where only a single CU is actively utilized at any given time. In contrast,
leveraging the ODiMO optimization framework allows for the parallel execution of
multiple sub-layers, e.g., simultaneously processing a standard convolution and a
depthwise convolution, each operating on a reduced set of output channels. ODiMO
optimizes the distribution of output channels across these sub-layers, considering the
relative performance characteristics (speed or energy consumption) of the different
CUs and the specific task performance implications of each layer type. Analogous
to the quantization scenario, the parallel execution of standard and depthwise con-
volutions introduces a compelling trade-off. While depthwise convolutions involve
significantly fewer operations than their standard counterparts, they may impact
overall network task performance more pronouncedly.

Following the formulation presented in Eq. 6.1, we again represent the output
channels as a weighted combination of CU outputs. In this context, Y (l)

c,CU j
and

Y (l)
c,CUk

(where k ̸= j) represents the results of different tensor operations, each corre-
sponding to the computational capabilities of a specific CU. Although this general
framework can accommodate various layer types, including convolutions with differ-
ing filter sizes, our practical evaluation primarily focuses on combining standard and
depthwise convolutions.

As in the example of Sec. 6.2.2, the direct output of the ODiMO optimization
requires a refinement step to produce practically deployable DNNs. Specifically,
ensuring that channels assigned to the same CU are located contiguously in memory
is essential. If the initial nc channels are mapped to the depthwise convolution
CU, then the subsequent Cout −nc channels should be processed using a standard
convolution. As in the quantization case, this constraint is imposed to mitigate costly
data marshaling overhead during on-device workload execution. However, unlike
the post-optimization layer transformation discussed in Sec. 6.2.2, achieving this
channel grouping through a similar post-processing step is not feasible. The inherent
structural constraints of depthwise layers, where each output channel is solely depen-
dent on a single input channel, coupled with the potential for reordering enforced by
consecutive depthwise layers, preclude the application of a transformation analogous
to that depicted in Fig. 6.3. We introduce a constraint directly into the optimization
process to guarantee the contiguous grouping of channels assigned to the same CU.
Instead of independently applying the softmax function to each element of the θ
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array, we employ the following formulation:

θ
(l)
i =

N−i

∑
j=1

θ̂
(l)
N− j (6.5)

This formulation enforces a monotonic non-increasing property: if i > j, then
θ
(l)
i ≤ θ

(l)
j . Consequently, this constraint ensures that channels mapped to the same

CU are always allocated to contiguous memory regions. Despite this imposed
constraint on the optimization, as demonstrated in Sec. 6.3, ODiMO can discover
Pareto-optimal mappings that exhibit superior hardware utilization compared to
manually designed mappings.

6.3 Experimental Results

6.3.1 Setup

We assessed the performance of ODiMO using three datasets relevant to edge image
classification: i) CIFAR-10 [50]; ii) CIFAR-100 [50]; iii) ImageNet-1k [55]. We
selected two distinct platforms for our experiments, Diana [5] (Ref. Sec. 2.3.4) and
Darkside [6] (Ref. Sec. 2.3.4). These platforms serve as representative examples of
SoCs, including CUs with either incompatible data formats (as detailed in Sec. 6.2.2)
or support for varying layer types (refer to Sec. 6.2.3), respectively.

A crucial aspect of our methodology that differs for different hardware targets
is the formulation of the cost term C of the optimization objective, as expressed
in Eq. 6.2. Furthermore, the Warmup-Search-Final Training protocol, detailed in
Sec. 6.2.1, requires slight adjustments depending on the specific hardware. This is
particularly true for the Warmup phase. These platform-specific details are described
in Sec. 6.4.

For each considered dataset, we utilized DNN architectures well-suited for de-
ployment on either DIANA or Darkside as blueprints for our optimization process.
Specifically, for Darkside across all three benchmark datasets, we employed Mo-
bileNetV1 [30]. We chose MobileNetV1 as a robust baseline featuring DepthWise-
separable convolutions—which can leverage the DWE—and as the foundation upon
which to construct the supernet optimized by ODiMO. Specifically, starting from
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the original MobileNet architecture, we enabled ODiMO to optimize a supernet
incorporating two options (standard Conv and DW Conv) for every layer where
Cout = Cin. Consequently, the optimal mappings identified by ODiMO will yield
new architectures where both separable and standard convolutions can be executed
concurrently. This represents a deviation from the MobileNetV1’s sequential ex-
ecution approach. Conversely, for the DIANA platform, which is less efficient in
executing depthwise layers (depthwise convolutions are supported on the digital
CU only and exhibit reduced arithmetic intensity compared to standard convolu-
tions), we opted for networks from the ResNet [25] family. In practice, we utilized
a ResNet20 for CIFAR-10 and ResNet18 for CIFAR-100 and ImageNet. ODiMO
is implemented using Python and PyTorch, building upon the PLiNIO [32] DNN
optimization library.

To evaluate ODiMO, we compared it against several baseline mapping strategies,
with the baselines varying depending on the HW platform. On DIANA, the baselines
are: i) All-8bit and All-Ternary, representing mappings that exclusively use the
digital and AIMC CUs, respectively; ii) IO-8bit/Backbone Ternary, a heuristic
method from [5] that assigns input and output layers to the 8-bit CU and intermediate
layers to the AIMC CU, based on the principle that aggressive quantization near the
input/output can negatively impact accuracy; iii) Min-Cost, a deterministic optimized
mapping that, like ODiMO, uses channel-wise partitioning but focuses solely on
minimizing cost, disregarding accuracy. Specifically, it pre-assigns layer channels to
the AIMC and digital CUs to minimize Eq. 6.2 or Eq. 6.3. In cases of equivalent costs,
digital channels are selected to improve accuracy. Thus, this baseline represents a
mapping that optimizes load distribution between the available CUs. Furthermore, in
Sec. 6.3.3, we present a comparison of ODiMO solutions against the same PIT [34]
structured channel pruning technique of Ch. 3, extended to 2D Conv as described in
Ch. 5, using the CIFAR-10 benchmark.

For Darkside, we considered three baseline approaches. The first is the standard
MobileNet architecture, which employs Depthwise-Separable convolutions, specifi-
cally alternating Depthwise (DW) and pointwise (1x1 filter) convolutions. Secondly,
we examined the case where entire layers are mapped to either the cluster or the
DWE. When the whole network is mapped to the cluster, we replaced the original
Depthwise-Separable convolutions with 3×3 standard convolutions. Conversely,
when mapped to the DWE, 3×3 DW convolutions were used. Finally, in Sec. 6.3.3,
we demonstrate ODiMO’s application to MobileNets initialized with different width
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multipliers, and we compare our method’s solutions on CIFAR-10 against a standard
path-based DNAS approach where whole layers are assigned to a single CU.

6.3.2 Search-Space Exploration

Pareto-FrontODiMO All-8bit All-Ternary IO-8bit/Backbone-Ternary Min-Cost

ODiMO Standard Convolution Depthwise-Separable Depthwise
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Fig. 6.4 ODiMO mappings discovered when using as optimization target the latency.

Latency Optimization

Fig. 6.4 illustrates the performance of ODiMO across the three benchmark datasets,
presenting accuracy against estimated latency for both DIANA (top row) and Dark-
side (bottom row) platforms. Latency estimations are based on the cost models
available in Sec. 6.4. All reported accuracies represent test set performance, with
Pareto-optimal points determined using the validation set. Each data point for
ODiMO is generated by varying the regularization parameter λ in Eq. 2.11. We have
also included the baseline results discussed in Sec. 6.3.1 in yellow, and a horizontal
dashed line indicates the accuracy of a floating-point DNN.

Observing the graphs, it is evident that most ODiMO-generated solutions either
outperform the baselines or lie on the Pareto frontier. Crucially, ODiMO generates a
diverse collection of Pareto-optimal mappings that achieve intermediate trade-offs
between accuracy and latency, effectively bridging the performance gap between the
various baseline approaches. Such intermediate solutions would not be obtainable
otherwise. This outcome highlights the effectiveness of our methodology, even
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considering the average 1.92× overhead during training. Although training overhead
is a one-time expense, even minor enhancements in inference efficiency become
significant when scaled to large-scale real-world deployments across numerous
devices, especially considering the cumulative number of inferences over a system’s
lifetime.

Specifically for DIANA and the CIFAR-10 dataset, ODiMO enables a trade-off
between estimated latency and accuracy compared to the All-8bit baseline. For
instance, a 1.48× speed-up is achieved with a negligible accuracy reduction of
less than 0.5% (3rd red dot from the right in the top-left graph). Furthermore,
ODiMO identifies a mapping (1st red dot from the right) that matches the floating-
point accuracy and surpasses the All-8bit accuracy by +0.5%, demonstrating the
regularization benefits of ternarization. In the CIFAR-100 experiments, our method
yields solutions spanning an order of magnitude in latency. These solutions provide
speed improvements of 1.15× and 4.9× with accuracy losses below <1.5% and
<2% relative to the 8-bit baseline, respectively (1st and 3rd red dots from the right,
top-middle figure). We observe a 0.5% accuracy improvement at equivalent cycle
counts compared to the Min-Cost baseline. On the more complex ImageNet task,
ODiMO similarly produces a range of Pareto-optimal points spanning more than an
order of magnitude in estimated cycles. Specifically, when compared with All-8bit,
latency is reduced by up to 1.2× and 3× for accuracy drops of <1% and <2.5%
(1st and 2nd red points from the right). Moreover, with a 1.08× increase in cycle
count, we achieve a +3.8% accuracy gain over the Min-Cost baseline (leftmost red
point). This outcome demonstrates ODiMO’s capability to discover mappings that
effectively balance accuracy and the utilization of available CUs.

The bottom row of Fig. 6.4 displays results for the Darkside platform. For
the CIFAR-10 benchmark (bottom-left figure), latency reductions of up to 8× are
observed while maintaining accuracy comparable to the standard convolution base-
line (rightmost red point in the bottom-left plot). When benchmarked against the
Depthwise-Separable baseline (vanilla MobileNetV1), ODiMO achieves a +0.7%
accuracy increase alongside a 4.98× speed-up (2nd red point from the right). For
CIFAR-100, ODiMO generates Pareto-optimal solutions that cover two orders of
magnitude in latency. Notably, with accuracy reductions of -1.5% and -0.1%, speed
improvements of 2.4× are achieved relative to standard and depthwise-separable
convolutions, respectively (1st and 4th red points from the right in the bottom-
middle plot). Finally, the rightmost plot in the bottom row of Figure 6.4 presents
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the mappings obtained with ODiMO for the Darkside platform on the ImageNet
task. In this scenario, the search space was constrained between the Depthwise and
Depthwise-Separable baselines as corner cases. To achieve this, layer alternatives
were limited to DW or DW-Separable (DW + Pointwise) Convolutions rather than
DW versus standard Conv. This design choice was driven by preliminary experi-
ments indicating that broader search spaces resulted in mappings collapsing toward
either the Depthwise or Standard Convolution baselines. Even on this demanding
task, Pareto-optimal mappings are obtained. Remarkably, cycle counts are reduced
by 1.49× while improving accuracy by 0.2% compared to the Depthwise baseline
(leftmost red point). In the higher accuracy range, a 6.8% accuracy drop relative to
the Depthwise-Separable baseline is observed, which is partially compensated by a
2.5× reduction in cycles.

Energy Consumption Optimization
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Fig. 6.5 ODiMO mappings discovered when using as optimization target the energy con-
sumption.

To showcase ODiMO’s adaptability to different non-functional cost metrics,
we developed an energy cost model, formulated as Eq. 6.3, for both the DIANA
and Darkside platforms. Eq. 6.3 leverages the existing latency models for each
CU on both platforms, integrating them with average power consumption values.
The specific mathematical expression of this optimization target is provided as an
example in Sec. 6.4.

The results obtained using ODiMO on the CIFAR-10 task, utilizing this en-
ergy cost model, are shown in Fig. 6.5. As in the case of latency optimization,
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Pareto-optimal mappings are achieved, effectively balancing energy consumption
against accuracy for both hardware platforms. Specifically, the results for DIANA
are presented in the leftmost plot. Notably, by accepting a minor accuracy reduction
of -0.37%, energy consumption can be decreased by 1.41× relative to the All-8bit
baseline. Using the Darkside energy model (rightmost plot), energy efficiency im-
provements of 50.8× and 11× are obtained compared to the Standard and Depthwise
Convolution baselines, respectively, with marginal accuracy drops of -0.26% and
-0.15%. Furthermore, compared to the Depthwise-Separable baseline, represent-
ing the standard MobileNetV1, ODiMO discovered a 6.11× more energy-efficient
mapping while enhancing accuracy by 0.76%.

6.3.3 Additional Comparisons

Figure 6.6 compares the ODiMO solutions for CIFAR-10, previously presented

Ours

Pr-m

Pr-l

Ours-l

Pb-s

Ours-m

Pb-m

Pb-l

Darkside

DIANA

Fig. 6.6 (Top) Evaluation of ODiMO mappings obtained using structured channel pruning
and exclusive execution on the digital compute unit of the DIANA platform for the CIFAR-10
task; (Bottom) Evaluation of ODiMO mappings obtained using a layer-wise differentiable
neural architecture search strategy on the Darkside platform for the CIFAR-10 task.
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in Fig. 6.4, against SotA DNN optimization techniques on both the DIANA and
Darkside platforms.

In the first plot, we compare our DIANA results (red circles) with solutions
achieved by applying structured channel pruning to the seed network. Subsequently,
these pruned networks, quantized to 8-bit, are mapped entirely onto the DIANA
Digital CU (orange diamonds). Specifically, we used the PIT pruning methodology
detailed in 3 and adapted it for 2D convolutions, utilizing its open-source implemen-
tation as in the PLiNIO [32] library. We applied pruning, with varying regularization
strengths, to the same network architecture used as the starting point for ODiMO.
Notably, all solutions derived using pruning followed by exclusive execution on
the digital CU are outperformed by ODiMO. In particular, the ODiMO mapping
labeled “Ours" demonstrates a 0.54% higher accuracy and a 21% speed improvement
compared to the pruning solution “Pr-l," and a 1.82% accuracy gain with a 3.6%
speed-up relative to “Pr-m." This observation reinforces the advantage of mapping
less crucial channels in each layer to the less precise yet more efficient Analog CU
instead of completely discarding these channels via pruning.

C D

A B

Fig. 6.7 Detailed per-layer comparison of latencies and of the ODiMO assignments for the
“Ours" solution and Pruning ratios for the “Pr-l" and “Pr-m" solutions of Fig. 6.6-Top on the
DIANA SoC; (A) Layer-level breakdown of CU assignments and channel pruning decisions;
(B) Weighted average CU assignment and pruning across entire networks; (C) Per-layer
cycle counts for each CU; (D) Total cycle count for each solution.

Fig. 6.7 further explains this finding by detailing the proportion of channels
assigned to each DIANA CU, or pruned entirely, across all layers for the “Ours,"
“Pr-m," and “Pr-l" configurations. It also presents the estimated cycle count for each
CU within each layer. For both “Pr" models, pruning is more pronounced in the later
layers of the network. In contrast, ODiMO can reduce digital channel usage even in
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the initial layers, opting to map them to the Analog CU, which is less precise, rather
than directly eliminating them. This approach leads to solutions that are both faster
and more accurate. Furthermore, as depicted in Fig. 6.7-B, the “Ours" mapping
achieves a nearly balanced 50%-50% utilization of both CUs. Nevertheless, as
evidenced in Fig. 6.7-C, the digital CU consistently remains the latency bottleneck,
with the analog CU being faster across all layers.

C D

A B

Fig. 6.8 Equivalent of Fig. 6.7 for Fig. 6.6-Bottom on the Darkside SoC.

The second plot in Fig. 6.6 provides a comparison between ODiMO performance
on Darkside (red circles) and a path-based DNAS approach, akin to DARTS [79],
which performs a coarse-grained selection between layer-level alternatives (orange
diamonds). Specifically, we constructed a SuperNet to enable the selection between
standard and depthwise convolutions for the identical layers optimized by ODiMO.
The layers of the resultant networks are then mapped entirely to one of Darkside’s
CUs: either the cluster for standard convolutions or the DWE for depthwise convolu-
tions.

In the high-cycle regime, the layer-wise mapping “Pb-l" is on the Pareto frontier
and exhibits a marginal accuracy improvement of 0.1% over the ODiMO “Ours-
l" solution, but at the cost of a 3.91× increase in cycle count. Within the mid-
cycle range, the layer-wise mappings “Pb-m" and “Pb-s" are inferior to ODiMO’s
“Ours-m." Specifically, “Ours-m" is 3.35× faster than “Pb-m" while maintaining iso-
accuracy, and simultaneously achieves a 0.21% accuracy improvement and a 1.14×
speed-up over “Pb-s." Moreover, the layer-wise approach fails to discover effective
mappings in the low-cycle region, with all solutions converging to the heuristic
baseline of mapping all layers to the DWE, as observed in Fig. 6.4. A detailed
breakdown of these representative solutions is presented in Fig. 6.8. Referring to
Fig. 6.8-A, specific trends emerge across both mapping methodologies. Intermediate
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layers are consistently mapped to the DWE, while layers L3 and L5 (proximal to the
input) and L13 (near the output) utilize the more versatile standard convolutions on
the cluster unit, which operates at a lower speed. This observation aligns with the
established understanding that layers adjacent to the input and output are critical for
maintaining accuracy. However, while “Pb-l" and “Pb-m" fully map layers L3 and L5
to the cluster, “Ours-l" and “Ours-m," exploiting the ODiMO’s intra-layer mapping
capabilities, allocate only a portion of their channels to the cluster. This strategic
allocation balances high accuracy with a significant reduction in cycle counts, as
illustrated in Fig. 6.8-C and -D. A similar pattern is observed in layer L13, which is
fully mapped to the cluster in “Pb-l" but only partially in “Ours-l." These findings
underscore ODiMO’s ability to enable novel mapping configurations that achieve
an effective equilibrium between accuracy and balanced Compute Unit utilization.
Indeed, as evidenced by the breakdowns in Fig. 6.8, employing prior methodologies
such as layer-wise mapping leads to reduced CU utilization and reduced accuracy.
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Fig. 6.9 ODiMO mappings obtained using networks with different width multiplier and with
latency as optimization target.

Fig. 6.9 presents the mappings derived using ODiMO, on the CIFAR-10 bench-
mark when using the Darkside latency model. These mappings were generated
employing the same MobileNetV1 architecture but with three distinct width mul-
tipliers. Specifically, we examined configurations with a width multiplier of 1×
(consistent with the DNN used in Fig. 6.4), 0.5× (half the original channels), and
0.25× (a quarter of the initial channels). Across all three of these variations, ODiMO
consistently produced a wide set of Pareto-optimal mappings. This result denotes
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ODiMO’s efficacy, which is irrespective of the channel count, i.e., the geometric
dimension of the convolution operation that dictates the partitioning across the het-
erogeneous CUs. Furthermore, it is noticeable that the mappings identified with a
width multiplier of 1× (represented by the green curve) consistently Pareto-dominate
the solutions achieved with smaller width multipliers, including the baseline map-
pings. This phenomenon can be attributed to the efficiency of the DWE, which is
capable of processing a substantial number of DW output channels with minimal
latency. For example, compared to a standard MobileNetV1 configuration utilizing
half or a quarter of the original channels, our approach achieves accuracy improve-
ments of up to 4% and 6.7% at equivalent latency levels. This experiment further
corroborates the principle that partitioning the execution of each DNN layer across
heterogeneous CUs, enabled by fine-grained mappings, represents a good strategy
for latency reduction without the accuracy drops typically associated with channel
pruning techniques.

6.3.4 Embedded Deployment

This section describes the validation of the solutions explored in Sec. 6.3.2. Initially,
we verify the accuracy of the hardware models for DIANA and Darkside through
micro-benchmarking on selected layers. Subsequently, we detail the deployment of
a subset of the DNNs discovered by ODiMO on the DIANA SoC. It is important to
note that while micro-benchmarking on Darkside was feasible, and we used data
from the paper [6] as a reference, the physical hardware is not available to deploy
complete networks on the Darkside platform.

Hardware Models Micro-Benchmarking

In this section, we validate the four analytical hardware models, detailed in Sec. 6.4,

Table 6.1 Micro-benchmarking of modeled ResNet and MobileNet layers execution on
DIANA and Darkside.

CU Error Spearman Pearson

DIANA
Digital 42% 95% 88%
Analog 37% 94% 79%

Darkside
DWE 9% 99.8% 99.9%

Cluster 16% 96% 98%
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developed for DIANA and Darkside. Specifically, we compare the predicted cycle
counts against those measured on the actual SoCs for equivalent DNN workloads.
These workloads comprise layers extracted from ResNet and MobileNet architec-
tures, encompassing diverse geometries. For each model, we calculated the Pearson
and Spearman correlation coefficients, which quantify the linear relationship strength
and rank monotonicity between the number of cycles modeled and measured, respec-
tively. The average absolute percentage error between the observed and predicted
cycle counts is also reported. Table 6.1 summarizes the outcomes for all four models.
While relatively high average errors are exhibited by some models, these primarily
arise from unaccounted latency components, resulting in a consistent underestima-
tion of latency. Consequently, the models maintain strong correlations with empirical
measurements, as indicated by Spearman coefficients consistently exceeding 94%,
making them suitable for utilization within our optimization algorithm. Notably,
the models developed for Darkside demonstrate reduced errors and enhanced Pear-
son/Spearman correlation coefficients compared to those for DIANA. This finding
strengthens the validity of the ODiMO mappings obtained for the Darkside platform,
even though physical chip unavailability prevents us from deploying entire networks.

DIANA Deployment

This section presents the outcomes of deploying a selected subset of configurations
from Fig. 6.4 onto the DIANA SoC, running at 260 MHz. In this evaluation, the
previously modeled latency and energy figures are replaced with actual measure-
ments. For each benchmark, we include deployments of the All-8bit and Min-Cost
baseline configurations, along with a representative selection of ODiMO-generated
solutions (highlighted with black circles in Fig. 6.4). In particular, we choose two
Pareto-optimal points—labeled as Accurate and Fast—for every benchmark. Each
row in Table 6.2 corresponds to a deployed DNN, for which we report several key
metrics: accuracy, energy consumption, inference latency, the utilization percent-
age of each CU for a full inference pass (D./A. util.), and the proportion of output
channels executed on the AIMC CU, expressed as the ratio Caimc

out /Cout across the entire
network (A. Ch.).

On the CIFAR10 dataset, ODiMO-Fast achieves a 1.45× latency reduction
compared to the All-8bit baseline, with only a minor accuracy drop of−0.32%. This
result closely aligns with the 1.48× reduction predicted by the analytical model (see
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Table 6.2 Deployment results of selected solutions from Fig. 6.4 on DIANA.

Network Acc. E. [uJ] lat. [ms] D./A. util. A. Ch.

CIFAR10

All-8bit 90.70 38.70 1.55 100% / 0% 0%
ODiMO Accurate 91.24 42.50 1.55 100% / 18.6% 5.4%
ODiMO Fast 90.38 34.44 1.07 100% / 44.8% 51.8%
Min Cost 90.06 13.6 0.47 9.5% / 93.6% 97.5%

CIFAR100

All-8bit 74.10 756 30.3 100% / 0% 0%
ODiMO Accurate 72.74 669 26.2 100% / 7.3% 15%
ODiMO Fast 71.82 65.9 2.14 70% / 58% 96%
Min Cost 70.86 47.6 1.62 34% / 77.3% 96%

ImageNet

All-8bit 69.33 1578 63.2 100% / 0% 0%
ODiMO Accurate 66.85 881 33.4 94% / 31% 59%
ODiMO Fast 62.19 136 4.6 27% / 87% 97%
Min Cost 58.38 129 4.25 35% / 86% 95%

Sec. 6.3.2), validating its effectiveness. The improvement is obtained by offloading
approximately half of the channels to the analog CU. During inference, the digital
CU remains active throughout, while the AIMC CU is utilized for 44.8% of the
execution time. ODiMO-Accurate, on the other hand, surpasses the All-8bit baseline
in accuracy by 0.54% by assigning only a small portion of channels (5.4%) to the
analog CU, likely introducing a beneficial regularization effect. Furthermore, the
relative ranking of mappings discovered by ODiMO using the analytical models
is well preserved during deployment on the actual hardware. Notably, the 1.45×
speed-up observed for ODiMO-Fast over ODiMO-Accurate is closely matched by
the DIANA latency model, which predicts a 1.46× improvement.

On the CIFAR100 dataset, ODiMO-Fast achieves a 14.2× reduction in latency
and an 11.5× improvement in energy efficiency compared to the All-8bit baseline,
with an accuracy drop of less than 2.5%. In contrast, ODiMO Accurate keeps the
accuracy degradation to just 1.36%, while still being 1.16× faster and 1.13× more
energy efficient. When comparing ODiMO Fast to the Min Cost baseline, it delivers
a 0.96% gain in accuracy, with a latency and energy overhead of 24.2% and 27.8%,
respectively. Although both mappings assign a similar proportion of channels to the
analog compute unit (around 96%), the specific channel assignments differ across
layers. This variation explains the observed accuracy improvement and leads to a
26% higher median utilization of the digital compute unit.

On the ImageNet dataset, compared to the All-8bit baseline, the ODiMO Accu-
rate configuration achieves a 1.89× speedup and a 1.79× improvement in energy
efficiency, with an accuracy drop of less than 2.48%. This gain is obtained by
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offloading 59% of the channels to the analog compute unit. The ODiMO Fast config-
uration enhances the accuracy of the Min Cost heuristic by 3.81%, while incurring
only a 1.08× latency and 1.05× energy overhead. Similar to the CIFAR100 case,
this improvement comes from assigning a different subset of channels to the digital
compute unit compared to those selected by the Min Cost heuristic, which does not
consider accuracy. Furthermore, the latency impact of this channel reassignment is
compensated by a higher overall proportion of channels mapped to the analog CU
(97% vs. 95%). These results highlight the importance of the fine-grained, accuracy-
and hardware-aware mapping strategy introduced in this chapter.

6.4 Implementation Details

In this section, we detail our proposed method’s implementation aspects for the
hardware targets, DIANA [5] and Darkside [6]. As discussed in the central sections
of this chapter, the two platforms exemplify different architectural challenges: one
represents a SoC integrating CUs with incompatible data formats (Sec. 6.2.2), while
the other includes CUs equipped with specialized hardware units (Sec. 6.2.3). As
such, this section serves as a practical guide on how ODiMO can be adapted to
similar heterogeneous targets. For each platform, we first present the analytical
latency models employed during training-time mapping optimization (Sec. 6.4.1 and
Sec. 6.4.2), followed by a description of how the general ODiMO training protocol
was customized (Sec. 6.4.1 and Sec. 6.4.2).

Latency modeling has been a significant focus in recent research on hardware-
aware NAS. One prevalent method [35] involves training a compact neural network
on a large dataset of measured layers to estimate latency based on layer characteristics.
While this technique is compatible with ODiMO, the high predictability of execution
on our target CUs allows for a simpler alternative. Specifically, we found that
straightforward analytical models, designed to reflect the parallelism and dataflow of
the hardware, provide sufficiently accurate latency estimates and significantly speed
up the optimization process.
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6.4.1 DIANA

DIANA Hardware Models

The DIANA latency models estimate the number of cycles needed to load weights
and perform GEMMs or Convolutions, taking into account each compute unit’s
degree of parallelism and the applied unrolling factors. Non-ideal effects, such as
programming overheads and memory access stalls, are not included in the model.
Similarly, input loading and output storage latencies are ignored because they can
usually be double-buffered with computation. Nonetheless, as experimentally shown
in Sec. 6.3.4, this model correlates well with actual latencies measured on the
hardware. While the error is, in general, high, both the models for the digital and
the analog accelerators neglect the same latency component, therefore showing an
almost constant relative underestimation error. The digital accelerator’s latency for a
Convolutional layer is:

LAT (l)
dig(θ) =⌈

C(l)
out,dig(θ)

16
⌉⌈

o(l)y

16
⌉×C(l)

in ×o(l)x × f (l)x × f (l)y +

C(l)
in ×C(l)

out,dig(θ)× f (l)x × f (l)y

Where C(l)
in , o(l)x /o(l)y and f (l)x / f (l)y are the layer’s input channels, output spatial di-

mensions, and kernel sizes respectively. C(l)
out,dig is the number of output channels

assigned by ODiMO to the digital CU (as a function of the learned θ parameters).
The two terms in the latency model correspond to the number of cycles required for
MAC operations and DMA transfers, respectively. The MAC-related term accounts
for the spatial parallelism of the accelerator, which features a 16×16 array of PEs.

The model for the AIMC CU is:

LAT (l)
aimc(θ) =⌈

C(l)
in × f (l)x × f (l)y

1152
⌉⌈

C(l)
out,aimc(θ)

512
⌉×o(l)x ×o(l)y

+2×4×C(l)
in ×⌈

C(l)
out,aimc(θ)

512
⌉

In this case, the first term also models the number of MAC operations as a function of
the CU’s parallelism (1152times512), and the second one accounts for DMA cycles.
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The two detailed latency models can be used to build the energy consumption
optimization target of Eq. 6.3. In particular, we only need the average power
consumption of the two CUs when active and idle. Then, for a single layer l, and
making the dependency from θ implicit for clarity, the regularization target becomes:

Cen =Pact,dig ·LATdig +Pact,ana ·LATana

+Pidle ·max(LATdig,LATana)

The overall regularization term of the DNN will be obtained by summing a contribu-
tion in this form for each layer l.

Training Protocol

This section describes how the general training protocol outlined in Sec. 6.2.1 is
explicitly adapted for DIANA. The Warmup phase involves training the provided
DNN using floating-point precision. Since DIANA’s hardware accelerators do not
support Batch Normalization, these layers are fused with the corresponding Conv or
Fully Connected layers. To emulate the impact of quantization during training, we
adopt the approach proposed in [158]:

Q(x) =
es

2n−1−1
· round(2n−1−1 · clip(x,−1,1)) (6.6)

where s is a trainable scaling factor and n represents the bit-width. Regarding
Eq. 6.6, we set n = 8 for weights targeting the digital accelerator, while n = 2 is
used to apply ternarization, which corresponds to the quantization format used by
DIANA’s AIMC accelerator weights. For activations, the digital and AIMC blocks
employ slightly different formats—8-bit and 7-bit, respectively. To account for
this during the optimization phase, we adopt the more constrained format (7-bit) as
the fake-quantization bit-width for all layer inputs and outputs. We found that this
approximation did not degrade our results as long as the DNN was appropriately
fine-tuned (see below).

Throughout the Search phase, the fake-quantized neural network is trained to
convergence using an early stopping criterion. Following this, the final channel
allocation to each compute unit is discretized, and the model proceeds to the Final
Training stage. During this phase, the precise quantization scheme is applied: shared
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activation data are stored in 8-bit format, while the analog in-memory computing
(AIMC) accelerator employs 7-bit resolution for its digital-to-analog and analog-to-
digital converters, effectively discarding the least significant bit of the inputs and
outputs.

6.4.2 Darkside

Darkside Hardware Models

Darkside includes a cluster of eight SIMD-enabled general-purpose RISC-V cores
and an HW accelerator, the DWE, to execute Depthwise Convolutions with high
arithmetic intensity. The latency model of the DWE is defined as:

LAT (l)
DWE(θ) =⌊

C(l)
out,DWE(θ)+15

16
⌋× (oxoyτcomp +oxτi + τw)

Here, C(l)
out,DWE = C(l)

in,DWE indicates the number of output and input channels for
layer l. The constants τcomp,τi, and τw are set to 4, 9, and 9, respectively, reflecting
the number of cycles required to compute the relevant portion of the output pixels,
load a new segment of the input, and fetch the necessary weights. This model only
neglects minor latency contributions, such as programming overheads and conflicts
in the memory interconnect.

The model of the RISC-V cluster is:

LAT (l)
clust(θ) =⌊

o(l)y +1
2
⌋⌊o

(l)
x +7

8
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⌊
C(l)

out,clust(θ)+3

4
⌋(15+8⌊

f (l)x f (l)y C(l)
in +3

4
⌋)

The factor within round brackets considers the cycles required to perform matrix
multiplications and output activation operations. The factor it multiplies represents
the number of iterations required to generate the full output feature map, considering
the parallelization across eight cores along the ox dimension and the inner loop
unrolling applied to the oy dimension with a factor of 2. While the model accurately
estimates the cluster performance, the real software implementation, which is not
open-source, can slightly deviate from this model.
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The energy consumption optimization target for the Darkside platform can be
derived starting from Eq. 6.3 by plugging in the analytical latency model as done for
the DIANA platform in Sec. 6.4.1.

Training Protocol

The SuperNet ODiMO, employed for optimizing layer choices in the Darkside
architecture, provides two alternatives per layer: a standard convolution (Conv) and a
depthwise convolution (DW Conv), corresponding to the cluster and DWE compute
units, respectively. Before the Warmup phase, both options are initialized with
random weights. To guarantee proper training across all paths within the SuperNet,
each Warmup iteration independently and uniformly samples a random number of
channels from both alternatives at every layer.

In the Search phase, to prevent the optimization process from quickly settling on
low-cost solutions with poor performance, we adopted a strength-scheduling strategy
akin to the method described in Ch. 5. Specifically, the regularization strength λ is
initially reduced by a factor of 100 and then gradually increased in a linear fashion
over successive epochs until it reaches its intended value, after which it remains
fixed.

After the search phase, the mapping is discretized, and the resulting network
architecture is trained from scratch by minimizing only the task loss L with respect
to the weights W . Unlike DIANA, where fine-tuning yielded satisfactory results, we
observed that a full retraining from scratch leads to improved performance in this
case.



Chapter 7

Applications

This chapter presents some application-oriented works where methodologies de-
tailed in previous parts of this thesis have been employed to optimize the inference
phase of DNNs. In this chapter, we consider the case of the design of edge-relevant
applications based on complete systems integrating sensors, MCUs, and actuators.

The first application is discussed in Sec. 7.1. It deals with collaborative heart-
rate estimation, distributed between a sensor-equipped wearable device with BLE
connectivity and a mobile device. A DNN processes PPG and 3D accelerometer
signals for robust heart-rate estimation. In this context, the structured pruning
approach introduced in Ch. 3 was applied to obtain multiple network variants, each
offering different performance-complexity trade-offs suitable for deployment across
the two distinct hardware platforms.

Subsequently, a computer vision and robotics application is presented in Sec. 7.2.
In particular, a nano-drone [9] utilizes a DNN to estimate the pose of a person within
its field of view. The pose information is used to control the drone to follow and
maintain the person in its field of view. Also, in this case, the structure pruning
technique from Ch. 3, adapted for 2D CNNs as described in Ch. 5, was utilized to
discover more compact and computationally efficient DNN models for this task.

Finally, a low-resolution infrared smart camera application for privacy-preserving
people counting is detailed in Sec. 7.3. A 2D CNN classifies the collected infrared
frames. Also, in this case, the structured pruning approach of Ch. 3 and Ch. 5 is
employed. Moreover, given the hardware support, mixed-precision quantization
(Ref. 4) is also used.
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The work described in this chapter has been published in [29, 159, 8].
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7.1 PPG-based Heart Rate Estimation on Wearables

Modern wrist-worn devices are equipped with multiple sensors, including accelerom-
eters for recognizing daily physical activities and evaluating fitness levels, alongside
PPG sensors that enable additional health-related features like heart rate monitoring
and blood pressure estimation [160]. However, PPG technology, which relies on
optical blood flow measurements in capillaries, provides less precise readings than
ECGs and is more susceptible to signal noise. Motion Artifacts (MAs) are primary
sources of this noise, typically arising from imperfect skin-sensor contact or ambient
light leakage during physical movement.

Mitigating the impact of MAs on PPG signals is a challenge addressed by
numerous studies. Since introducing the first significant public dataset for PPG-
based HR estimation in [161], researchers have developed various algorithms [161,
162]. These often involve filtering techniques or analyzing the correlation between
accelerometer and PPG data to counteract MA distortions. While effective under
certain conditions, these methods can be computationally intensive and often exhibit
limited generalization performance when applied to data from individuals not seen
during the algorithm’s tuning phase.

Deep learning methods have recently emerged as a promising direction, offering
potential improvements in HR estimation accuracy, better generalization across users,
and possibilities for reduced computational demands. The release of the PPGDalia
dataset [43] (already presented in Sec. 3.3) marked a significant step, providing not
only extensive data but also the first deep learning algorithm for this task, based on
analyzing the signal’s frequency spectrum with 2D convolutional networks. This
approach outperformed existing methods but came with substantial computational
requirements, making direct deployment on resource-constrained devices difficult.
Subsequent research focusing on deployability has mainly explored scenarios where
the prediction runs entirely on the smartwatch collecting the data [163] or is offloaded
completely to a higher-capability mobile device [164].

This work explores a more flexible set-up where wearable and mobile devices co-
operate on HR prediction via a BLE link. To effectively distribute the computational
tasks in this two-device system, we introduce CHRIS: a Collaborative Heart Rate
Inference System. CHRIS is designed to manage a combination of conventional sig-
nal processing algorithms and DNNs. CHRIS assesses which available HR tracking
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algorithm is most appropriate for each incoming data sample and decides whether it
should run on the smartwatch or be sent to the phone, seeking an optimal balance
between accuracy and energy usage.

7.1.1 Collaborative Heart Rate Inference System

CHRIS is a lightweight runtime system designed to operate on smartwatches. Its
primary goal is to balance HR tracking accuracy and energy efficiency depending on
three factors: (i) an estimate of the input’s current complexity, (ii) the status of the
device’s connectivity, and (iii) user-specified constraints related to either accuracy or
power consumption. CHRIS manages a collection of different heart rate estimation
models to meet these objectives. When a new estimation is required, it selects an
appropriate model from this collection and decides whether to execute it locally on
the smartwatch or to offload the computation to a connected phone.

Fig. 7.1 depicts the overall framework with its inputs and the resulting network
and device selection. The main components are the Models Zoo and the Decision
Engine. The Models Zoo provides different models characterized by the energy
consumption on both board and smartphone and its task error (Table 7.1). The
Decision Engine then chooses a platform and a model to be executed (Fig. 7.2).

Fig. 7.1 Components of the CHRIS framework.
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CHRIS Configurations

Table 7.1 Models used to build CHRIS configurations.

Energy [mJ] MAE [BPM]
Board Phone BLE

AT 0.23 1.61 0.52 10.84
DNN-Small 0.543 5.54 0.52 5.63
DNN-Big 41.11 25.60 0.52 4.88

Table 7.2 Configurations used within CHRIS.

E. [mJ] MAE [BPM] Models Diff. Exec.
C1 0.92 10.11 [AT, DNN-Small] 9 Local
C2 0.87 10.05 [AT, DNN-Big] 9 Hybrid
. . .
CN 40.05 5.11 [AT, DNN-Big] 1 Local

The first component of CHRIS is a collection of offline profiled configurations.
The results of such profiling are stored on the smartwatch. A configuration is a
group of 2 HR prediction models, where for each input window, only one model
is selected. Each configuration is characterized by average energy consumption,
average MAE, difficulty threshold used by the decision engine (detailed below), and
type of execution (entirely on the smartwatch or hybrid). A profiling dataset is used
to estimate the average MAE and energy. Each configuration is built with a less
accurate but more efficient model and a more accurate but more energy-hungry one.

The characterization of individual models is reported in Table 7.1. Instead,
an example of the configurations’ profiling information stored in the smartwatch
memory is shown in Table 7.2. The model to employ for a given configuration for
estimating the HR is selected depending on the difficulty threshold. The activities
performed by the subjects in the PPGDalia dataset [43] define nine different difficulty
levels. These activities, such as sitting, walking, or playing table soccer, induce
varying levels of MAs in PPG signals, affecting the difficulty of heart rate HR
estimation differently. These activities can be ranked in terms of difficulty based on
the average accelerometer signal energy, with lower ranks corresponding to fewer
MAs. The CHRIS system uses a configurable difficulty threshold to determine which
HR estimation model to apply. A simpler and more efficient model is used if an
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activity’s difficulty is at or below the threshold. Otherwise, a more complex model is
selected to handle higher-MA activities.

CHRIS Decision Engine

The internal structure of the decision engine of CHRIS is shown in Fig. 7.2.

Fig. 7.2 CHRIS Decision Engine

CHRIS selects a suitable configuration from the profiling table stored in the MCU’s
memory based on the current connection status and a user-specified threshold. The
connection status serves to narrow down the search space by excluding hybrid
configurations—where the larger model runs on the smartphone—if the BLE link is
unavailable, thus retaining only local configurations, in which both models execute on
the smartwatch. The user-defined threshold then guides the final selection within the
feasible set. If the threshold is specified as a maximum allowable energy consumption
(T hEn., shown as a vertical line in Fig. 7.2), CHRIS chooses the configuration offering
the lowest MAE under that energy budget. Conversely, if the threshold is a maximum
acceptable MAE (T hMAE, shown as a horizontal line in Fig. 7.2), the configuration
with the minimal energy consumption that meets the MAE constraint is selected.

As discussed above, after selecting a configuration (i.e., a pair of HR tracking
models) based on the estimated degree of MAs, CHRIS automatically assigns each
input window to one of the two models. Accordingly, the decision is based on
accelerometer data through a simple activity recognition model that assigns each
input window to one of the nine activities described in Sec. 7.1.1. The employed
classifier is based on a Random Forest (RF) algorithm. The decision threshold (Ref.
Sec. 7.1.1) is compared with the activity performed by the subject given as output by
the RF. If the predicted activity’s ID is higher than the threshold, the input window



7.1 PPG-based Heart Rate Estimation on Wearables 147

is fed to the most complex model of the pair. Otherwise, the simplest model is
executed.

Benchmark HR tracking and activity recognition models

We consider CHRIS configurations that can be obtained using a simple classical
algorithm and two DNNs as HR predictors. These three algorithms yield 60 possible
configurations when considering three combinations of two out of the three models,
10 difficulty levels, and wearable or mobile as targets for the most complex model.
Out of these 60 configurations, the profiling results of the Pareto optimal ones (i.e.,
30 configurations) are stored in the MCU. Despite the large number of configurations,
CHRIS’ memory overhead is limited, given that a smartwatch only needs to store (at
most) 3 HR predictors.

The Adaptive Threshold (AT) method described in [165] represents our simplest
predictor. It recognizes regions of interest where the raw signal is higher than the
mean. Within each region, the highest value is marked as a peak. Then, the HR is
computed as the distance between two successive peaks. The cost of AT is limited to
≈ 3k operations per input window, but it achieves a far from optimal average MAE
of 10.99 BPM on the PPGDalia dataset.

The two DNNs are called DNN-Small and DNN-Big. These are two TCNs
obtained using the PIT algorithm of Ch. 3 with the TEMPONet [46] network as seed
on the Dalia [43] task. DNN-Small achieves an MAE of 5.6 BPM on Dalia perform-
ing 77.63k operations per inference and has 5.09k parameters. DNN-Big (232.6k
parameters), instead, obtain a lower MAE of just 4.87 BPM on the same dataset
while performing 12.27M operations. The MAEs of these DNNs are then much
lower than the MAE achieved by AT algorithm. Nonetheless, this is exchanged with
a much higher number of operations (25.9times and 4090times higher, respectively).
Together, these three HR tracking algorithms defines a wide optimization space for
CHRIS. Indeed, they span three orders of magnitude in complexity and over 6 BPM
of MAE.

Finally, the activity recognition model is a RF with eight trees each with a
maximum depth of five. Each tree is fed with mean, energy, standard deviation, and
number of peaks extracted from the accelerometer data.
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7.1.2 Experimental Results

Setup

The target embedded system for our experiments is the HWatch (Ref. Sec. 2.3.5). We
also consider a Raspberry Pi3 equipped with an Arm Cortex-A53 core as a proxy of
typical mobile processors. The proprietary ST neural network deployment toolchain
X-CUBE-AI [166] is used to deploy the prediction models on the STM32WB55 in
the HWatch. Instead, the TensorFlow Lite interpreter is used to execute the models
on the Raspberry Pi 3. Before deployment for both target platforms, DNN-Small
and Big are quantized to 8-bit using TensorFlow Lite quantization-aware training.

Individual Models Deployment

DNN DNN

DNN

DNN

Fig. 7.3 Baseline models energy consumption (left) and average MAE on PPG-Dalia (right).

Table 7.3 Baseline models deployment on the Raspberry Pi3 and on the STM32WB55.

Raspberry Pi3 STM32WB55
Time [ms] Energy [mJ] Cycles Time [ms] Energy [mJ] MAE [BPM]

AT 1.00 1.60 100k 1.563 0.234 10.99
DNN-Small 3.45 5.54 1.365M 21.326 0.735 5.60
DNN-Big 15.96 25.60 103.16M 1611.88 41.11 4.87
Bluetooth n.a. n.a. n.a. 10.240 0.52 n.a.
Raspberry Pi3 Frequency = 600 MHz. STM32WB55 MCU Frequency = 64 MHz.
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The left-most part of Fig. 7.3 shows the energy required by computations on the
mobile device (dark blue), the same energy required on the HWatch MCU (green
bar), and the energy of BLE transmission (light blue). This last term is constant,
given that the input sample dimension is also fixed. Table 7.3 details these numerical
results with the number of clock cycles on the HWatch and the execution time of
each model on both platforms.

AT, which consumes 0.234 mJ on the HWatch, is the least accurate but most
efficient algorithm. Executing this algorithm on the smartphone is sub-optimal since
the energy consumed by the watch for streaming data and the smartphone’s CPU
would be higher (0.234 mJ vs. 0.519 mJ and 1.604 mJ, respectively).

DNN-Small trade-offs MAE and energy. Indeed, the consumption on the HWatch
is 3.1times higher than that of AT, for a 1.96× reduction in MAE (5.6 BPM vs 10.99
BPM). For this reason, it is convenient from the whole system’s energy perspective
to run HR tracking on the smartwatch with this model. On the other hand, if the
objective is to optimize the energy consumed by the smartwatch then offloading
the HR tracking to a phone is more convenient (0.519 mJ for BLE transmission vs.
0.735 mJ for execution ).

Lastly, the most accurate and energy-hungry model is DNN-Big. This model
requires 41.07 mJ per prediction on the HWatch, i.e., two orders of magnitude more
energy than AT. For this algorithm, considering both the smartwatch’s consumption
and the total system energy, the local execution on the smartwatch is always sub-
optimal. Indeed, running the model on the Cortex-A consumes 25.60 mJ, while BLE
transmission requires the usual 0.519 mJ.

CHRIS Exploration of MAE vs. Energy

Fig. 7.4 shows all the possible configurations CHRIS covers in the space MAE
vs. smartwatch energy. This analysis considers smartwatch energy because HR
tracking usually represents only a small portion of the overall power budget on
mobile devices, which typically manage many tasks concurrently. Within the figure,
the green diamonds denote the baseline strategies outlined earlier. Specifically,
the point marked BLE + DNN-Big represents a scenario where HR processing is
always offloaded to the mobile; given that mobile energy optimization is not an
optimization factor in this experiment, the most accurate model available (DNN-
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DNN

DNN

DNN

Fig. 7.4 Configurations of CHRIS in the MAE vs. Energy space.

Big) is consistently used for these offloaded tasks, yielding the lowest possible
MAE. The intermediate solutions provided by CHRIS, which combines two HR
tracking algorithms, are represented by red and black diamonds connecting individual
models. Each diamond is associated to a different difficulty level. In this experiment,
the hybrid approach that combines local execution of the AT model with remote
execution of DNN-Big (indicated by the red points) proves to be Pareto-dominant
compared to the other combinations tested. Therefore, when presented with a user-
defined limit on MAE or energy consumption, CHRIS identifies the optimal point on
this dominant front. It selects the highest point allowable under an MAE constraint or
the rightmost point allowed by an energy constraint. For example, consider an MAE
constraint of 5.60 BPM (matching the performance of the DNN-Small model run
locally), depicted as Constraint 1. CHRIS would choose the operating point labeled
Sel. Model 1. This selection corresponds to using the AT and DNN-Big models with
a difficulty threshold of 8, leading to about 80% of the data windows being processed
on the phone. This configuration achieves an MAE of 5.54 BPM while reducing the
smartwatch’s energy use by 2.03 times compared to running DNN-Small locally. If
the MAE constraint is relaxed to 7.2 BPM (Constraint 2), CHRIS adapts by selecting
the configuration Sel. Model 2, associated with a difficulty threshold of 6. This
further lowers the average energy cost to 179 µJ per prediction. This energy level is
3.03 times lower than executing DNN-Small on the smartwatch and 1.82 times lower
than streaming all input data to the phone. Lastly, if we exclude the red points from
the feasible solutions (e.g., when the BLE connectivity is not available), CHRIS
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by combining AT with DNN-Small or DNN-Small with DNN-Big still includes 19
Pareto points. These points span from 0.234 mJ to 41.07 mJ of energy consumption
and from 4.87 BPM to 10.99 BPM of MAE.
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7.2 Visual-pose Estimation on Nano-Drones

Nano-scale unmanned aerial vehicles (UAVs) are characterized by dimensions under
10 cm and weights below 40 g. Their small size enables operation in challenging sce-
narios, such as narrow spaces without GPS signals or close to people. Furthermore,
their relatively simple sensory, mechanical, and computational components con-
tribute to lower costs than larger drones. However, achieving full onboard autonomy
without reliance on external infrastructure or computation remains challenging due
to stringent hardware limitations, particularly computational power often restricted
to less than 100 mW, which is significantly less (by one to two orders of magnitude)
than typical mobile phone processors.

These severe resource constraints make it impractical to employ standard algorith-
mic pipelines commonly used in robotics, which often depend on memory-intensive
and computationally demanding planning, localization, or mapping algorithms,
as well as large pre-trained CNNs for perception. Consequently, deploying such
methods on nano-UAVs is generally not feasible. In this setting, compact CNN
architectures increasingly establish the SotA for autonomous nano-drone capabil-
ities [167, 9]. Their suitability stems from several factors: they can be effectively
trained using data from resource-limited sensors like low-power, low-resolution
cameras; their computational and memory demands during inference are predictable
and fixed; and system designers can tailor these requirements by carefully selecting
the network architecture to match the platform’s limited resources.

The proper design of a suitable, custom CNN architecture is critical for nano-
scale systems. The chosen architecture directly dictates whether the model can even
execute on the robot’s hardware and significantly influences two key operational
parameters: the accuracy of its predictions and its real-time throughput.

In this section, we exploit the lightweight PIT technique of Ch. 3, adapted to 2D
CNNs as described in Ch. 5, to generate Pareto-optimal CNN architectures in the
accuracy vs. model size, to optimize a vision-based human pose estimation task on
nano-drones.

7.2.1 Proposed Method
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Architecture Optimization

We consider three SotA alternatives as seed networks: the first is based on the shallow
PULP-Frontnet architecture designed specifically for this task, while the other two
are based on the MobileNetv1 [30] architecture. We consider the basic MobileNetv1
with width multipliers of 1.0 (M1.0) and 0.25 (M0.25).

These seeds are optimized using PIT to solve the usual optimization problem of
Eq. 2.11. The employed regularization loss R is the differentiable estimate of the
number of parameters of the network.

System Design

The robotic platform used in this work is the Bitcraze Crazyflie 2.11, a nano-quadrotor
weighing 27 g. This drone incorporates a primary STM32 microcontroller for es-
sential functions like state estimation and control loop execution. For our field
deployment, this platform is also equipped with the commercially available AI-
deck [167], a 5 g companion board. The AI-deck includes the GAP8 SoC presented
in Sec. 2.3.2. Communication between the STM32 and GAP8 processors occurs
over a bidirectional UART interface.

The deployment of the CNN relies on the open-source PULP-NN library [88],
which provides highly optimized arithmetic kernels for the target processor. Specifi-
cally, PULP-NN leverages the eight general-purpose cores within the GAP8 SoC’s
cluster and utilizes ISA-specific instructions to maximize computational throughput.
While the theoretical peak performance is 32 MAC/cycle (based on 4 int8 SIMD
operations per cycle across each of the eight cores), PULP-NN achieves an actual
peak of 15.6 MAC/cycle on square-shaped input images. This peak performance is
obtained on efficient data reuse within the processor’s register file, which minimizes
the number of memory load and store operations per multiply-accumulate. Without
such register reuse, requiring two loads for inputs and one store for the result per
MAC operation, the effective peak would drop to 8 MAC/cycle. A key constraint of
the PULP-NN kernels is that they are designed to operate on data residing entirely
within the shared 64 kB L1 memory, restricting their direct application to relatively
small network layers.

1https://www.bitcraze.io/products/crazyflie-2-1/

https://www.bitcraze.io/products/crazyflie-2-1/
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To overcome this L1 memory limitation, we utilize a second open-source tool
named DORY [102]. DORY automatically generates C code based on predefined
templates. This generated code effectively wraps the low-level PULP-NN kernels,
handles data movement across the different memory levels of the GAP8 processor
(L1, L2, and external RAM), and orchestrates the overall tensor flow. DORY employs
a tiling strategy, breaking down larger network layers into smaller computational
nodes whose associated data tensors can fit entirely within the L1 memory. This
allows the highly optimized PULP-NN kernels to be executed directly on these
smaller nodes. Specifically, DORY produces C routines that are responsible for
executing the kernels on data present in L1 and managing the double-buffered
transfer of tensor data from L2 memory into L1, ensuring that data is available when
required for computation. Because the DMA controller operates asynchronously,
these data transfers overlap kernel execution, maximizing efficiency.

Our trained models are integrated into the same closed-loop control architecture
previously presented in [9]. The objective of this system is to enable the nano-drone
to maintain a specific 3D position relative to the person it is observing. This involves
four principal components working together: first, the deployed CNN provides an
instantaneous pose estimate based on a single input image; second, a Kalman filter
processes these raw estimates to produce smoother, temporally consistent pose se-
quences; third, a velocity controller determines the drone’s target pose based on the
subject’s estimated current pose and calculates the necessary velocity commands
to guide the drone towards that target. Finally, Crazyflie’s onboard low-level con-
trol system handles motor actuation and basic flight stabilization based on these
commands.

7.2.2 Experimental Results

PIT Pareto analysis

Fig. 7.5 presents the CNN architectures identified by our application of the PIT
algorithm. The plot compares inference latency, measured in clock cycles, against
the MAE. MAE is calculated as the sum of L1 errors across the four pose outputs
(x,y,z,φ ) between network predictions and ground truth values. A simple baseline,
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Fig. 7.5 Pareto curves of the networks extracted using PIT in the clock cycles vs. MAE space
(lower is better).

the trivial predictor (which constantly outputs the mean value observed in the test
set for each coordinate), is a lower reference point for model MAE. The PIT search
yielded eight novel models starting from the three initial seed architectures. Most of
these discovered architectures define the global Pareto front in the trade-off space
between MAE and execution cycles. These generated models span from 1.27M
to 3.69M execution cycles, achieving corresponding MAE values between 1.31
and 0.84. Specifically, models derived from PULP-Frontnet populate the leftmost
segment of the Pareto curve, indicating very low latency but comparatively higher
error. Architectures originating from the MobileNet 0.25× seed occupy the central
region. Finally, the highest accuracy models are descendants of the MobileNet
1.0× seed. Although this initial seed architecture was too large to fit within the
GAP8’s L2 memory, the PIT algorithm successfully reduced its size sufficiently to
produce excellent solutions, including the absolute best-performing models in terms
of accuracy, which incur only a 15% latency increase compared to the baseline FSotA

model [9].

Four models are selected from the global Pareto front to be deployed. The
selected models are: FSotA which is the current SotA and corresponds to the original
PULP-Frontnet; Fsmall , i.e., the fastest model, achieving an MAE similar to FSotA;
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Table 7.4 Test set experiment results

Network MAE R2 score

x y z φ x y z φ

Trivial 0.46 0.61 0.17 0.55 0.0 0.0 0.0 0.0

FSotA [9] 0.19 0.18 0.09 0.44 0.80 0.65 0.55 0.26

Fsmall 0.20 0.20 0.09 0.44 0.79 0.65 0.51 0.24

M0.25
small 0.17 0.20 0.08 0.44 0.84 0.63 0.62 0.22

M1.0
small 0.17 0.18 0.07 0.42 0.83 0.67 0.62 0.28

M1.0
small , i.e., the most accurate (but slowest) architecture discovered with PIT;M0.25

small ,
i.e., a balanced trade-off between latency and MAE.

7.2.3 In-field experimental evaluation

We evaluated the proposed models in a closed-loop, in-field experiment. A human

Table 7.5 In-field experiment results

Network Flight
time [s]

Completed
path [%]

MAE Mean pose error

x y φ exy [m] eθ [rad]

Mocap 165 100 0.0 0.0 0.0 0.18 0.21

FSotA [9] 140 85 0.33* 0.12* 0.77* 0.72* 0.78*

Fsmall 58 35 0.81* 0.53* 0.55* 0.65* 0.42*

M0.25
small 165 100 0.25 0.11 0.52 0.49 0.59

M1.0
small 165 100 0.31 0.13 0.52 0.58 0.59

subject followed a predefined path while the drone was tasked with maintaining a
constant distance of ∆ = 1.3m in front of the subject, aligned at eye level. The test
setup matches that of [9], consisting of a 50 s trajectory divided into eight segments
of increasing difficulty, including straight walking in multiple directions, curved
paths, and in-place rotations. The subject was instructed to ignore the drone and
synchronize each step with a metronome to ensure consistency across runs.



7.2 Visual-pose Estimation on Nano-Drones 157

Fig. 7.6 In-field control errors distribution (lower is better). Boxplot whiskers mark the 5th

and 95th percentile of data.

The experiment was conducted using both a subject and an environment not
included in the training data to assess generalization. Each model was tested in four
separate runs. An additional baseline run was performed using ground-truth subject
pose data from a motion capture (Mocap) system for 17 flights.

Results are reported in Table 7.5. We evaluate three performance metrics: path
completion, inference accuracy, and control accuracy. Path completion is measured
as the cumulative flight time and the mean percentage of the trajectory completed
across the four runs. A run is terminated if the subject exits the camera field of
view. In this setting, both PULP-Frontnet models show limited robustness. Fsmall

completes only 35% of the path on average. In contrast, both MobileNet-based
models complete the full trajectory in all runs. Metrics corresponding to incomplete
runs are marked with an asterisk, as they are not directly comparable.

Inference accuracy is measured independently from control. It evaluates the
model’s ability to estimate the subject’s relative position in the camera frame, ex-
cluding the z axis due to constant target height. Accuracy decreases in this new
environment. However, M0.25

small achieves the best in-field regression results, outper-
forming M1.0

small , which had higher accuracy on the static dataset. This may be due to
reduced model capacity, which can limit overfitting and improve generalization.

Finally, control accuracy quantifies how closely the drone follows the reference
trajectory. We compute the position error exy in the horizontal plane and the angular
error eθ . M0.25

small performs best on both metrics. Its variance in exy is also the lowest,
as shown in Fig. 7.6, indicating more stable behavior.
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7.3 People-Counting on Low-Resolution Infrared Ar-
rays
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Fig. 7.7 Overview of the full-stack optimization flow.

Accurate people counting in public and private spaces is increasingly important
in applications such as smart buildings and smart cities, where monitoring occupancy
and flow is critical [168].

Traditional systems rely on video input processed by DNNs [169, 170]. However,
these systems collect high-resolution visual data, raising significant privacy concerns
in public environments [169, 170]. To address this issue, low-resolution infrared
(IR) sensors have been proposed [168, 171]. These sensors capture thermal patterns
instead of visual content, enabling anonymous people counting.

In addition to privacy, energy efficiency is a key design goal, particularly in
deployments with limited access to the power grid. In-sensor computing reduces
energy consumption by avoiding costly data transfers over wireless networks [172].
However, as extensively discussed, executing DNNs directly on sensor nodes presents
challenges due to the limited computing and memory resources available at the edge.

The study in [171] explored efficient DNNs for people counting using low-
resolution IR inputs from the LINAIGE [173] dataset, identifying a set of Pareto-
optimal architectures. A significant limitation of this approach lies in its reliance on
manual selection of architectural parameters. This manual tuning is prone to bias
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and sub-optimal results, and it limits the search to coarse design spaces due to time
constraints. Consequently, the search process is inefficient, yielding a low ratio of
optimal models to total evaluated candidates (e.g., 0.8% in [171]).

This section addresses these issues by introducing a new automated optimization
framework for IR-based people counting at the sensor level. The framework is
tailored for MAUPITI, a new smart sensor platform extending the IBEX [92] RISC-
V core with support for low-precision vector operations (Ref. Sec. 2.3.6). The
optimization flow is outlined in Fig. 7.7, and includes the following components:

• A complexity-aware mask-based DNAS based on PIT for 2D CNNs (Ref.
Ch. 3 and Ch. 5) that explores architectural hyper-parameters automatically.

• Mixed-precision quantization of weights and activations using INT4 and INT8
formats (Ref. Ch. 4).

• A post-processing method that exploits temporal correlation across inputs to
improve accuracy with minimal overhead.

The proposed methodology produces a diverse set of Pareto-optimal models, covering
nearly an order of magnitude in memory footprint.

7.3.1 Proposed Method

The objective of the flow shown in Fig. 7.7 is to generate a diverse set of DNN
models for IR-based people counting, offering different trade-offs between accuracy
and hardware cost. Hardware cost is measured as the number of parameters (a proxy
for memory) or the number of MAC operations (a proxy for energy). The flow takes
three inputs: a labeled training dataset, a seed DNN model that acts as a blueprint
for generating optimized variants, and a scalar λ to balance the trade-off between
accuracy and cost.

The architecture search step uses the same PIT setup for 2D CNNs described
in Sec. 7.2. This allows the use of existing high-performing models as seeds. In
this case, we start from the architectures manually selected in [171] and show how a
finer-grained search yields improved results.

After architectural optimization, we apply quantization to reduce numerical
precision from floating-point to integer formats. BN layers are folded into preceding
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convolutional or linear layers to reduce operations. Each tensor T (weights or
activations) is quantized using affine quantization as described in Eq. 2.2.3. We
apply range-based quantization for weights and learnable quantization for activations,
followed by QAT to recover lost accuracy due to BN folding and low-bit quantization.

As described in Sec. 2.3.6, the MAUPITI platforms supports INT4 and INT8 data
formats. Mixed-precision quantization is applied at the layer level, with the same bit-
width for weights and activations within each layer. Independent weight/activation
or channel-wise assignments and 0-bit precision, as explored in Ch. 4, are not
considered here due to hardware constraints. Indeed, to minimize HW overheads,
MAUPITI only supports 4x4-bit and 8x8-bit vectorial MAC operations, i.e., the
precision assignment can be different for different layers but must be the same for
weights and activations of the same layer. Given the limited size of the design space
(detailed in Sec. 7.3.2), we exhaustively explore all valid configurations.

The third stage of the flow is a post-processing step based on mode inference
(majority voting). This exploits temporal consistency by applying the same classifier
to a sequence of frames and selecting the most frequent class prediction within a
sliding window. This reduces output variance and suppresses isolated misclassi-
fications. The method has minimal overhead: unlike [171], where the model is
re-executed multiple times, we reuse stored predictions in a FIFO queue, avoiding
redundant computation. As a result, the energy and latency overheads are negligible,
and memory requirements are equivalent to single-frame classification.

7.3.2 Experimental Results

Setup

We evaluate our optimization flow on the publicly available LINAIGE [173] dataset,
designed for people counting using 8×8 IR sensor data. Despite its lower resolution
compared to the MAUPITI sensor, it is the largest dataset of its kind. LINAIGE
includes 25110 labeled samples across five sessions, each collected in a distinct
environment. Labels indicate the number of people in view, ranging from 0 to 3.
We follow the same cross-validation scheme used in [171], keeping Session 1 (the
largest) in the training set for all runs and rotating Sessions 2–5 as test sets. All
models are trained for 500 epochs using the Adam optimizer, a learning rate of 0.001,
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batch size of 128, and cross-entropy loss. PIT and QAT are applied initially on
Session 1 only. For each cross-validation fold, QAT and fine-tuning are performed
on the training split (all sessions except one), and evaluation is done on the held-out
session. We report performance using the average recall or Balanced Accuracy Score
(BAS). Unlike [171], which runs each experiment once, we repeat each run ten times
with different seeds and report mean and variance to capture statistical variability.

The PIT seed model is the largest CNN used in [171], consisting of two convo-
lutional layers (both 3×3, stride 1, 64 channels) separated by a max-pooling layer.
This is followed by two linear layers with 64 and 4 output units, respectively. BN
follows each convolution. ReLU is used as activation function, except in the output
layer. The goal is to show that starting from the same baseline, our automated flow
can match or outperform the prior approach through finer-grained model search.

All code is implemented in Python using PyTorch.

Architecture and Precision Space Exploration
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Fig. 7.8 Architecture and Precision Search Space exploration results. Different colors encode
the different precisions’ configurations.

The input to our flow is marked with a blue star in Fig. 7.8, shown in the BAS
vs. memory plane. Starting from this point, we apply PIT using different values of
the trade-off parameter λ , with the number of parameters as the cost term R (see
Eq. 2.11). This produces the grey Pareto front. Compared to the seed, some solutions
achieve up to 89× reduction in memory and 26.7× reduction in MACs with no drop
in BAS.
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Fig. 7.9 Comparison of Pareto frontiers with and without post-processing.

The second step applies mixed-precision quantization to the floating-point models
obtained with PIT. Results are shown in Fig. 7.8 as colored circles, where each
color corresponds to a specific precision configuration across the four layers. Only
configurations where the first layer uses INT8 are shown, as using INT4 for inputs
resulted in significant accuracy loss. The “INT 8-8-4-8" variant is omitted, as it is
never Pareto-optimal. Quantization improves memory by up to 2.3× and increases
BAS by up to 6.5% over the lowest-memory floating-point model. Relative to the
original seed, the best quantized models reduce memory and MACs by up to 147×
and 234× at equal BAS.

Post-Processing Results

Fig. 7.9 reports the effect of applying the post-processing method on the best models
obtained from the architecture and quantization steps. Circles represent the global
Pareto front combining all optimal quantized solutions from Fig. 7.8, while squares
show the corresponding results after post-processing. The two plots demonstrate that
the majority-voting scheme improves the Pareto front in both BAS vs. memory and
BAS vs. MACs. A sliding window of 5 predictions was used, which showed the best
performance on this dataset. This method introduces a delay in response equal to
half the window size (assuming correct predictions) but yields BAS gains of up to
6.7% without increasing memory or MACs.

State-of-the-Art Comparison

Fig. 7.10 compares the models obtained with our pipeline against the results reported
in [171]. The left plot shows BAS versus memory, and the right plot shows BAS
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Fig. 7.10 State-of-the-Art Comparison.

versus the number of MACs. While [171] reports a slightly higher peak BAS
(+0.9%), this difference falls within the standard deviation of our most accurate
model. In contrast, for BAS values above 80%, our models are up to 2.4× smaller
and require 3.3× fewer MACs. Compared to the most memory-efficient and lowest-
MAC models in [171] (leftmost points of the grey curves), our models achieve the
same BAS with 4.2× less memory and 2.9× fewer MACs.

Embedded Deployment Results

Table 7.6 Deployment results.

Model Platform Code [B] Data [B] Energy [µJ]

Top
STM32 22840 10420 9.381
IBEX 3476 1104 6.003
MAUPITI 4152 1104 4.927

- 5%
STM32 22970 9060 6.854
IBEX 3384 648 5.005
MAUPITI 4052 648 4.525

Mini
STM32 22950 8410 5.640
IBEX 2700 416 4.342
MAUPITI 3208 416 4.067

Table 7.6 presents deployment results for three selected models: the most accurate
(Top), the smallest model with a BAS drop below 5% (-5%), and the smallest overall
(Mini), which also has the lowest MAC count. For the architectures mentioned
above, we report the code size (Code), the memory occupation (Data), and the
energy consumption per inference on three different platforms. We report code size
(Code), memory usage (Data), and energy per inference for each model across three
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platforms. The MAUPITI system is evaluated against a vanilla IBEX core without
custom instructions (Ref. Sec. 2.3.6). The code for both platforms is compiled
with a custom GCC-based RISC-V toolchain using identical flags. Additionally, we
compare against an STM32L4R5 MCU using 8-bit quantized models deployed with
ST’s X-CUBE-AI, which lacks mixed-precision support. The Top model shows the
most significant improvement over the IBEX baseline for energy. Despite a 7% area
and 2.2% power overhead, MAUPITI achieves up to 17.9% energy savings. These
gains are limited by the small number of output channels in the evaluated layers,
which restrict the benefits of MAUPITI’s low-precision SIMD execution.

In terms of memory, MAUPITI increases code size relative to IBEX, primarily
due to more complex control logic in the vector kernels. For example, the Top model
adds 676 B. This overhead arises from the need to manage non-multiple-of-4(8)
dimensions when executing SIMD instructions on irregular tensor shapes.

Compared to STM32, MAUPITI achieves up to 6.78× and 20.22× reductions in
code and data size, respectively, while fitting comfortably within 16 kB memory con-
straints. Although STM32 executes DNNs up to 9× faster—due to its higher clock
speed (120 MHz vs. 20 MHz), ISA differences, and X-CUBE-AI optimizations such
as max-pooling fusion—this comes at the cost of 13.2× higher power consumption,
making MAUPITI up to 1.4×–1.9× more energy-efficient.

Finally, comparing with the deployment data in [171], their smallest model
(leftmost grey star in Fig. 7.10) has a 23.8× larger code size and 15.38× higher
energy consumption than our equally accurate network (third square from the left in
Fig. 7.10). Similarly, against their most accurate model (rightmost grey star), our
Top model achieves a 69× code size reduction and 24.4× energy savings, with only
a 0.9% BAS difference.



Chapter 8

Conclusion

This thesis presented a set of techniques to automate the optimization of DNNs’
inference phase in a hardware-aware manner. The considered techniques include
structured pruning, NAS, quantization, MPS, and mapping of DNNs on hetero-
geneous computing platforms. These techniques have been validated on various
benchmarks and hardware platforms ranging from general-purpose single and multi-
core MCUs to specialized accelerators.

In Ch. 3, the PIT algorithm is proposed. PIT is a lightweight gradient-based
structured pruning algorithm tailored for TCNs, which can explore a large, fine-
grained search space of architectures with GPU time and memory requirements
similar to regular training. To our knowledge, PIT is the first tool explicitly designed
for the key hyper-parameters of 1D convolutional networks, i.e., the receptive field
and the dilation factor. PIT has been validated over four real-world benchmarks.
It is shown that PIT can find improved versions of SotA TCNs. In particular,
such solutions, when deployed on commercial edge devices, achieve a memory
compression of up to 8.03× (90.8×) and latency and energy reduction of up to
5.45× (19.6×) without (with a reasonable) accuracy drop.

In Ch. 4, we proposed a novel optimization method for DNNs that can explore
channel-wise structured pruning and MPS in the same search loop in a gradient-
based and hardware-aware manner. This results in a speed-up of the optimization
procedure by avoiding the time-consuming separate and sequential application of
pruning and quantization techniques. Moreover, this approach avoids the restrictions
dictated by the choices of the first optimization technique applied, thus allowing the
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exploration of a broader search space. The proposed method achieves at iso-accuracy
up to 56.17% size reduction compared to a previous SotA method. We obtain a size
reduction of up to 47.50% and 69.54%, without accuracy drops, with respect to 8-bit
and 2-bit fixed-precision DNNs, respectively.

In Ch. 5, we proposed DUCCIO, a new formulation of the common DNAS
gradient-based optimization problem that employs multiple hardware-related con-
straints to find the desired network in one shot. We applied DUCCIO to two different
DNAS methods, mask-based and path-based, testing on five benchmarks. We found
networks that reduce the number of parameters and OPs by 55.9% and 54.6% while
being iso-accurate with the baseline.

In Ch. 6, ODiMO is introduced. ODiMO is a tool that maps with fine-grain DNN
execution among multiple computing units implementing different layer alternatives
or with incompatible quantization formats. The mapping problem is formulated
as a cost-aware differentiable optimization. This optimization problem deals with
mapping parameters and standard DNN weights. ODiMO can obtain rich Pareto-
fronts on different benchmarks and DNN architectures for accuracy vs. energy or
latency. In particular, it reduces latency/energy by up to 8×/50.8× while incurring
only limited accuracy loss compared to heuristic mappings or single-accelerator
baselines.

Finally, Ch. 7 presents three real applications: PPG-based heart rate estimation
on wearables, visual-pose estimation on nano-drones, and people counting on low-
resolution infrared arrays. The common characteristic of these applications is that all
deal with DNN inference on resource-constrained edge devices. For each task, we
show how we used some of the techniques discussed in this thesis to achieve highly
optimized DNN inference.
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