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RÉSUMÉ 

 

Au cours des dernières années, les réseaux neuronaux profonds (Deep Neural Network - DNN) ont 

affiché des performances impressionnantes dans divers domaines, tels que la vision par ordinateur, 

la reconnaissance vocale et le traitement du langage naturel. Cependant, la mise en œuvre et le 

déploiement des réseaux neuronaux profonds sur des appareils aux ressources limitées est une tâche 

difficile en raison de leurs exigences de calcul élevées, ce qui entraîne de longs délais d'inférence 

et une consommation d'énergie accrue. Pour résoudre ce problème, les réseaux neuronaux 

quantifiés (Quantized Neural Network - QNN) sont apparus comme une solution prometteuse en 

réduisant la précision des poids et des activations pour les adapter aux dispositifs à ressources 

limitées. Néanmoins, le processus de quantification entraîne une perte importante d'informations, 

ce qui réduit la précision. Pour surmonter ce problème, la recherche d'architectures neuronales 

(Neural Architecture Search - NAS) a été développée pour découvrir des architectures QNN 

performantes qui maximisent la précision. Cependant, jusqu'à récemment, NAS n'a pas pris en 

compte les contraintes matérielles telles que la latence. Dans cette thèse, nous avons utilisé 

l’environnement DARTS, un NAS basé sur le gradient, pour rechercher des QNN à la fois précis 

et à faible latence, en considérant leur implémentation sur FPGA à l'aide de l’environnement FINN. 

Nous avons modifié DARTS pour l'adapter aux QNN et proposé un modèle de latence pour intégrer 

celle-ci comme critère d'optimisation dans le processus de recherche. Nos expériences montrent 

que l'intégration de la latence dans le processus de recherche ciblant le jeu de données CIFAR-10 

peut conduire à une réduction d'environ 1.9× de la latence avec une faible baisse de précision 

(environ 3.3% en moyenne) par rapport aux architectures trouvées en ignorant la latence dans le 

processus de recherche. 
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ABSTRACT 

 

Over the last few years, Deep Neural Networks (DNNs) have exhibited impressive performance in 

various domains, such as computer vision, speech recognition, and natural language processing. 

However, implementing and deploying DNNs on devices with limited resources is a challenging 

task due to their high computational requirements, resulting in long inference delays and increased 

energy consumption. To address this issue, Quantized Neural Networks (QNNs) have emerged as 

a promising solution by reducing the precision of weights and activations to make them suitable 

for resource-constrained devices. Nonetheless, the process of quantization leads to significant loss 

of information, thereby reducing accuracy. To overcome this challenge, Neural Architecture 

Search (NAS) has been developed to discover performant QNN architectures that maximize 

accuracy. However, NAS has not considered hardware constraints like latency until recently. In 

this thesis, we used the DARTS framework, a gradient-based NAS, to investigate QNNs that are 

both accurate and have low latency, considering their implementation on FPGAs using the FINN 

framework. We modified the DARTS framework to adapt it to QNNs and proposed a latency model 

to integrate latency as an optimization criterion in the search process. Our experiments show that 

incorporating latency into the search process targeting CIFAR-10 dataset can lead to around 1.9× 

reduction in latency with only a small drop in accuracy (about 3.3% on average) compared to the 

architectures found via ignoring latency through the search process. 
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1 

 INTRODUCTION 

 

In recent years, Deep Neural Networks (DNNs) have achieved impressive performance in a wide 

range of applications. DNNs are particularly effective for learning from high-dimensional, complex 

data, such as images, audio, and natural language, and have been successfully applied in various 

domains, including computer vision, speech recognition, natural language processing, and robotics 

[1]. While DNNs have shown remarkable success in various applications, implementing, and 

deploying them on resource-constrained devices is challenging. This is because their 

computationally intensive function requires a large amount of memory and computational 

resources, resulting in high energy consumption [2]. For example, the VGG-16 and ResNet-50 

models comprise 138 and 25.6 million parameters, which occupy over 528 and 87 megabytes of 

storage space and require 15.5 and 3.8 billion floating point operations to classify one image, 

respectively. Moreover, the complex architecture of deep learning models and the limited 

computing capabilities of resource-constrained devices can result in extended inference latencies. 

As a result, it may fail to satisfy real-time application demands, such as in autonomous vehicles 

and safety-critical systems.  

Quantized Neural Networks (QNNs) offer a promising approach to overcoming these challenges. 

QNNs use reduced bit precision for weights, activations, or both, so they require significantly less 

storage and computation, making them particularly well-suited for resource-limited devices [3]. 

For instance, according to Suyog et al. [4], the weights of deep neural networks can be expressed 

using 16-bit fixed-point values without significantly diminishing classification accuracy. 

Additionally, Gysel et al. developed an 8-bit AlexNet with only minor accuracy degradation [5]. 

Furthermore, binary quantization represents an extreme case of quantization as it restricts 

parameters to two values (e.g., 1 and -1). In theory, binary networks can achieve a compression 

rate of up to 32 times. Nevertheless, quantization, especially in extreme cases, causes severe 

information loss, which results in non-negligible accuracy degradation. Since we need these 

networks to operate accurately, as close as possible to their full-precision counterparts, we need to 

improve them as much as possible. Several research studies have addressed QNNs' limitations and 

achieved satisfying progress in recent years [3], [6]–[11]. However, there are still opportunities to 

improve QNNs to gain more reliable performance. Neural Architecture Search (NAS) is a newly 
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investigated area of research to find performant QNN architectures. NAS automatically explores 

architectures based on given search space parameters such as convolutional layer types, 

convolution filter size and the number of filters and has demonstrated encouraging outcomes by 

surpassing prior hand-designed architectures on diverse tasks such as image classification and 

object detection [12]–[19]. However, the search process implies exploring a vast number of 

possibilities, making it computationally demanding. For instance, when searching for an optimal 

architecture on the ImageNet dataset, it requires 3150 GPU days to complete [20]. Hence, in recent 

years, gradient-based NAS has been developed to alleviate this problem significantly. This type of 

NAS uses gradient descent to optimize the architecture search process, and it can efficiently explore 

a search space comprising several operations. Compared to non-gradient-based NAS methods, 

gradient-based ones are more efficient and effective, and they can converge to reasonable solutions 

in a shorter amount of time. For example, DARTS (Differentiable Architecture Search) utilizes 

gradient-based optimization achieving promising results on the ImageNet dataset in only four GPU 

days [21]. 

Although maximizing accuracy is a primary goal in neural architecture search (NAS), the 

consideration of hardware constraints such as latency in NAS has not been studied extensively until 

recently [22]. In this thesis, we aim to utilize NAS to discover QNNs which are accurate and have 

low latency in order to use them in computer vision applications in resource-constrained 

environments. To achieve this, we used Brevitas, a PyTorch-based framework for developing 

QNNs, to modify the DARTS framework and construct a quantized search space. In this project, 

we considere 4-bit quantization for all learnable parameters. Additionally, to measure the DARTS-

generated architectures' latency, we propose a model based on the latency of individual operations 

to estimate the total latency for a target hardware platform. Measuring the latency enabled us to 

integrate this hardware criterion into the loss function during the search process. By doing this, we 

transform DARTS into a latency-aware NAS framework to discover performant architectures 

regarding accuracy and latency. For our target hardware platform, we employed the FINN 

architecture, which is a pipeline-based architecture for accelerating QNN inference on FPGA. It 

effectively distributes the appropriate amount of computing resources, such as BRAMs and MVUs 

(Matrix Vector Units), for each layer in a network model. 
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Our contributions are as follows: 

• Modifying the DARTS framework, a gradient-based NAS, to adapt QNNs using Brevitas. 

• Defining a quantized search space compatible with the FINN architecture. 

• Proposing a latency model based on the FINN architecture to estimate the actual latency.  

• Integrating the latency into the loss function to observe its impact on the search process. 

 

The thesis is organized as follows: 

• Chapter 2 provides some basic information about neural networks and NAS. 

• Chapter 3 reviews the related literature and covers several works regarding QNNs and the 

hardware implementation of these networks. 

• Chapter 4 details our approach to use NAS to discover performant QNN. 

• Chapter 5 discusses experimental setups and results. 

• Chapter 6 presents the conclusion and mentions some limitations of our approach and 

potential future works.
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 BACKGROUND 

 

This chapter presents the fundamental concepts of neural networks, from biological neurons 

through the training of artificial neural networks. Following that, it provides some fundamental 

details concerning the Neural Architecture Search idea and its algorithms. 

2.1 Artificial Neural Networks 

An Artificial Neural Network (ANN) is a model designed to mimic the structure and behavior of 

biological neurons in the human brain. ANNs consist of several interconnected nodes called 

artificial neurons receiving inputs and producing outputs based on their activation. The connections 

between the neurons are modelled as weighted connections, allowing the network to adjust the 

strength of these connections based on the data it is trained on. The input data is processed through 

layers of artificial neurons, each layer contributing to a higher level of information abstraction. The 

output produced by the final layer of neurons represents the network's prediction or decision [23], 

[24]. 

2.1.1 Deep Neural Networks 

A Deep Neural Network (DNN) is an ANN with a deeper architecture comprising additional layers. 

The network can perform better on challenging tasks thanks to these extra layers, which enable the 

network to learn more abstract and hierarchical representations of the input data. In other words, 

having more layers increases learning capacity allowing extracting more information from the input 

[25]. 

2.1.2 Convolutional Neural Networks 

The Convolutional Neural Network (CNN) is a type of ANN used primarily for image classification 

and recognition tasks. CNNs are designed to process image data, where the spatial relationship 

between image pixels is essential. A CNN network comprises various types of layers, such as 

convolutional, activation, pooling, and fully connected layers [26]. The convolutional layer in a 

CNN performs a mathematical operation on the input data called convolution. It effectively helps 

to identify the features or patterns in the data. To adds non-linearity to the convolutional layer's 
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output, there should be an activation layer. It enables describing complicated relationships in the 

data. The data is down-sampled using the pooling layer, which lowers both the network's 

computing needs and its spatial dimensions. Finally, the fully connected layer at the end of the 

network produces the final prediction or decision. The ability of CNNs to learn useful features from 

the input data and their suitability for image classification and recognition tasks have made them a 

popular choice in computer vision and image processing applications. 

2.1.2.1 Training and inference phase 

For a given task, there is a set of data points in the form of the input-output tuple, known as a 

dataset, fed to the network for the training. In the training phase, first, input data passes through 

network layers to generate the prediction output. Then, an optimization algorithm applies gradient 

descent to adjust the weight parameters of the network utilizing a loss function to measure the 

difference between the actual output value and the prediction. Afterwards, the parameters' gradients 

are calculated and backpropagated to the network from the last layer to the first layer updating the 

weights. The training process aims to minimize the loss function's output through several epochs 

by inferring each data sample. 

It is important to note that training the network on the training data does not guarantee it will 

perform well on new and unseen data. Therefore, a separate set of data points, called the validation 

set, is used to monitor the network's performance to avoid overfitting the training data. Whenever 

the network's performance on the validation data starts to decline, the network is not generalizing 

well and is memorizing the training data. Hence, it is time to stop the training process. In the final 

step, the network is then evaluated on a test set, which is a set of unseen data points. 

2.2 Neural Architecture Search 

Designing a deep neural network architecture is time-consuming and requires rich expertise and 

skills. For example, well-known DNN architectures such as AlexNet [27], VGG [28], and ResNet 

[29] are manually created by skilled researchers with knowledge of neural networks and image 

processing. This process, while complex, often consists of systematically exploring a large number 

of options. Therefore, many researchers have attempted to introduce an automatic process to 

discover a performant architecture for a specific task [30].  
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Neural Architecture Search (NAS) is the process of developing neural networks' topology in an 

automatic way to improve the performance of a given application [30], [31]. NAS algorithms seek 

an optimal set of hyperparameters for a neural network to accomplish a specific task. In the past 

few years, NAS methods have helped designers find the best architecture for various types of 

applications based on desired performance metrics such as accuracy. These methods have shown 

promising results by outperforming previous hand-crafted architectures on a wide range of tasks 

such as image classification, semantic segmentation, and object detection [32].  

The NAS process consists of three main parts, the search space, the search strategy, and the 

performance evaluation technique. Figure 2.1 shows the NAS general framework in which a search 

space consists of predefined operations (e.g., convolutional layers, pooling). The search strategy 

determines how a possible candidate architecture is created and chosen, and through an iterative 

process, candidate networks are evaluated until a particular condition is reached. In general, NAS 

algorithms are classified by their search strategy into three categories: reinforcement learning, 

evolutionary algorithms, and gradient-based methods [31]. 

 

Figure 2.1 NAS general framework [32] 

In the reinforcement learning strategy, we can consider the action and reward for an agent, 

producing an architecture and performance evaluation, respectively [30][33]. Alternatively, 

researchers have been utilizing evolutionary algorithms to design neural networks for decades [30]. 

In this strategy, an evolutionary algorithm (e.g., a genetic algorithm) is used, and a set of models 

is considered a population (i.e., a list of networks). Additionally, a fitness function works based on 

the evaluated performance of offspring generated after each mutation. The gradient-based approach 

employs the discrete architecture search space in a continuous relaxation manner, exploiting the 

gradient descent to find a high-performing solution compared to other non-gradient-based 

techniques. Furthermore, it can be utilized on any search space based on Directed Acyclic Graphs 
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(DAGs), where each edge presents various operations through the utilization of a "zero" operation 

to imitate the lack of an edge [21], [32]. 
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 LITERATURE REVIEW 

 

In Chapter 2, some fundamental principles of neural networks were introduced. Deep Neural 

Networks (DNNs) have significantly advanced the capabilities of Artificial Intelligence (AI) across 

various fields, such as image classification, object recognition, speech recognition, games like Go, 

and even the creation of abstract art [3]. These algorithm advancements, increasing data availability 

and using powerful computing devices, have delivered exceptional results, particularly in computer 

vision tasks where they surpassed traditional methods in image classification and even humans 

[34]. Hence, this has led to the widespread adoption of DNNs in various industries and applications, 

making them a key component of modern AI technologies [35]. However, implementing and 

deploying such networks with their computationally intensive functions require a large amount of 

memory and computational resources, resulting in high energy consumption. Therefore, utilizing 

these networks with time and energy constraints in some applications has become a challenging 

problem in recent years. Furthermore, using floating-point weights and activations in these 

networks has been standard practice [7], providing the necessary capacity for the intermediate 

layers to represent data. Moreover, neural network hardware was designed to accelerate full-

precision MAC operations only. So, to address these limitations, numerous studies have been done 

at both the algorithmic and hardware levels to make neural networks more hardware-efficient. This 

chapter focuses on these works and their achievements. 

3.1 Quantized Neural Networks 

Quantized Neural Networks (QNNs) are a type of neural network that exploit quantization to 

reduce neural network memory and computation requirements. Quantization normally refers to the 

process of using a reduced number of bits used to represent the weights and activations of the 

network, typically from 32 bits to 8 bits or even fewer. This reduction in precision can result in a 

significant reduction in memory requirements and computation time, making it possible to deploy 

neural networks on resource-constrained devices, such as mobile phones and embedded systems. 

In these networks, the quantized values are used to update the weights and activations during 

training and to make predictions during inference. Despite the reduction in precision, QNNs can 
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still achieve competitive accuracy compared to their full-precision counterparts, especially when 

trained with quantization-aware training methods. 

3.1.1 Binary Neural Networks 

Binary Neural Networks (BNNs) represent the extreme case of quantization, using a single bit to 

represent weights or activations. BNNs potentially have a promising role in deploying deep 

learning models on devices with limited hardware and energy resources. However, they suffer from 

challenging problems. For example, the binarization process causes substantial information loss 

and complicates deep network optimization. There are several approaches to deal with these 

challenges, which are discussed in this chapter.  

Courbariaux et al. proposed BinaryConnect [36], revolutionizing the study of binary neural 

networks. This work introduced a novel approach to designing efficient DNNs using binarization 

approximation. In this approach, weight parameters are binary values instead of full precision 

during forward and backward propagations. As a result, since the weights are constrained to only 

two values (e.g., -1 or +1), the multiply-accumulate operations would be reduced dramatically, 

which means the hardware footprint and power consumption decrease significantly. Furthermore, 

they showed that their proposed binary model could achieve competitive state-of-the-art 

performance on well-known datasets such as MNIST, CIFAR-10 and SVHN and play an essential 

role in the literature. For binarization, they utilized two methods called deterministic and stochastic 

binarization. The deterministic approach is very straightforward that is based on the sign function: 

𝑤𝑏 = {
+1, 𝑤 ≥ 0
−1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

, (3.1) 

where 𝑤𝑏 is the binarized weight, and w is the real-valued weight. The other approach they used is 

to binarize weight parameters stochastically:  

𝑤𝑏 = {
+1, 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑝 =  𝜎(𝑤) 
−1, 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑦 1 − 𝑝

, (3.2) 
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where 𝜎 is the "hard sigmoid" function: 

𝜎(𝑥) = 𝑐𝑙𝑖𝑝 (
𝑥 + 1

2
, 0, 1) = max (0, min (1,

𝑥 + 1

2
)) (3.3) 

It is important to note that the real-valued parameters are crucial in the binarization process of the 

model, as they are stored and updated through the backpropagation process and then utilized in the 

binarization process. 

Following this scheme, Hubara et al. introduced Binarized Neural Network (BNN) [37] in which 

both weights and activations are binarized. Similar to BinaryConnect, they showed that it is 

possible to achieve comparable state-of-the-art results on MNIST, CIFAR-10 and SVHN datasets. 

However, they reported unsuccessful preliminary results on the more challenging ImageNet 

dataset. For the inference phase, they explained that BNNs could reduce memory consumption 

substantially, and most arithmetic operations can be replaced by bitwise operations such as XNOR-

count, potentially leading to a significant improvement in power efficiency. Their experiments on 

image classification show that a binarized CNN could reduce the time complexity by 60%, and 

compared with 32-bit DNNs, BNNs require 32× less memory storage. 

Previous approaches extremely quantize the network and take advantage of saving computational 

resources. However, for various applications, these methods experience accuracy loss without 

mentioning the effect of binarization in the forward and backward path. Therefore, several 

solutions have been proposed to optimize binary neural networks to deal with the accuracy loss 

and successfully have shown remarkable improvement compared to the naive strategies [38]. 

Reducing the quantization error is a conventional approach to estimating full-precision network 

parameters to obtain comparable accuracy. This way, a typical method is to reduce the weight and 

activation quantization error for optimizing binary neural networks. A quantized parameter should 

approximate the full-precision parameters to maintain the expected model's performance as high 

as possible. In this way, Rastegari et al. proposed Binary Weight Networks (BWN) and XNOR-

Net [39]. BWN utilizes binary weights and keeps the activations in full-precision mode, while 

XNOR-Net binarizes both weights and activations. Unlike previous works, this study approximates 

the floating-point parameters by considering a scaling factor besides the binarized parameters. This 

solution shows less quantization error than the previous methods, which directly used 1-bit, 
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improving network accuracy. The results show the higher accuracy of BWN and XNOR-Net 

compared to non-optimal naïve solutions (see Table 3.1) compared to the full-precision network. 

Their work provides smaller memory storage requirements up to 32 times and two times speedup 

in BWN and 58 times in the XNOR network on the ImageNet dataset. 

Similar to XNOR-Net, Hu et al. proposed a model that uses a hash map with a scaling factor in the 

quantization process [40]. They adopted a transformation scheme to describe CNNs with binary 

weight as a hashing problem. The DoReFa-Net [11] continued the XNOR-Net idea and utilized 1-

bit weight, 2-bit activation, and 6-bit quantized gradients to accelerate a derived AlexNet model's 

training process, especially in the backward pass. They concluded that gradients need to hold a 

larger bitwidth than activations. The authors state that the application of their method to AlexNet 

results in 55.9% top-1 accuracy in single-precision, while 8-bit quantization achieves 53.0% top-1 

accuracy. Furthermore, binarizing the weights and quantizing the activations to 1, 2, or 4 bits results 

in top-1 accuracy of 40.1%, 47.7%, and 50.3%, respectively.  

Regarding input tensors, Li et al. proposed a framework named HORQ [41] in which a recursive 

thresholding operation is used to quantize input tensors efficiently. They demonstrated that since 

the previous works suffered from information loss caused by inefficient input quantization, they 

adopted a recursive approximation of floating-point values. This approach compensates for 

information loss so that the final output in each stage would be a linear combination of recursive 

levels. Their method outperformed XNOR-Net on small-scale datasets such as MNIST and 

CIFAR-10 by 0.71% and 3%, respectively. Nevertheless, they have not tested their technique on 

ImageNet, and surprisingly their work did not perform well compared to BNN [37]. 

Further, ABC-Net [42] was introduced by Lin et al. as an extension to XNOR-Net. The idea adopts 

a linear combination of binary weights and activations to estimate the full-precision counterparts. 

They applied their method utilizing ResNet [29] architecture on the ImageNet dataset and achieved 

remarkable results close to the full-precision model with a 4.3% difference in Top-1 accuracy. 

Their model outperformed XNOR-Net by far due to multiple levels of approximation for each 

weight matrix and more accurate estimation for the activation stage inspired by DoReFa-Net [11]. 

However, hardware implementation and memory usage analysis is absent in this work. Increasing 

model size and energy consumption is expected by utilizing multiple weight matrix bases and 

binary activations. Improving the XNOR-Net idea, Bulat and Tzimiropoulos developed XNOR-
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Net++ [43] to enhance the real-valued scaling factor leading to better accuracy of more than 6% 

over the ImageNet dataset performed on Resnet-18 architecture.  

Table 3.1 BWN and XNOR-Net vs BinaryConnect and BinaryNet on ImageNet [39] 

Method 
Bitwidth 

activation/weight 

Classification 

Accuracy (%): Top-1  

Classification 

Accuracy (%): Top-5 

BWN 32/1 56.8 79.4 

BinaryConnect 32/1 35.4 61.0 

XNOR-Net 1/1 44.2 69.2 

BinaryNet 1/1 27.9 50.42 

AlexNet 32/32 56.6 80.2 

 

The authors have argued that the analytical description of the proposed scaling factor in XNOR-

Net is sub-optimal. Therefore, they adopted a strategy that fuses the weight and activation 

binarization factors into a single one and learns it discriminatively through the backpropagation 

process. They also reported that their model outperforms ABC-Net by around 15% when the model 

size and parameters are the same as their proposed model. 

Deep neural networks contain several layers. The approaches that target minimizing the 

quantization error try to decrease the loss of information in each layer. However, some research 

shows that it is necessary to consider the loss function since the binarization process in each layer 

can affect the global loss. Recently, many studies attempted to find the desired network loss 

function that can control network parameters learning with binarization limitations. This way, Hou 

et al. proposed Loss-Aware Binarization (LAB) [44] that utilizes the proximal Newton algorithm 

to obtain optimal binarized weights. The authors showed that the binarization effect could be 

considered in the overall loss by defining an objective function in the form of a composite 

optimization problem. Their method outperforms XNOR-Net and other naïve models by less than 
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1% in the test error rate on small-scale datasets like MNIST. Regardless of their excellent analytical 

work, this work is not worth implementing from the hardware implementation viewpoint because 

of the complexity in the training phase unless inference mode is aimed. Also, their work has not 

been evaluated on large-scale datasets. Ding et al. tried to add a regularization term to the loss 

function addressing the effect of the binarization process, including degeneration, saturation, and 

gradient mismatch. They showed that their method outperformed the baseline BNNs [45]. 

For training binary neural networks, the backpropagation algorithm is used. In the backward path, 

since there are non-differentiable functions (e.g., sign), the straight-through estimator (STE) [46] 

technique is often used to deal with gradient estimation. However, the gradient mismatch caused 

by utilizing STE is still considerable. This problem can potentially lead to performance 

degradation. One solution to reduce the gradient mismatch effect in the backward propagation is 

approximating the sign function. Bi-Real Net [47], proposed by Liu et al., introduces a customized 

function as an alternative to the sign function for the backward path. Their result shows that the 

gradient error can be improved, which leads to an improvement in accuracy. It significantly reduces 

memory usage and computation time compared to the full-precision network for both the Res-18 

and the Res-34 networks. Specifically, memory usage is reduced by 11.1 times and 16.0 times, 

while computation is reduced by 11.1 times and 19.0 times, respectively. Additionally, the Bi-Real 

Net outperforms XNOR-Net in terms of FLOPS and memory usage, as it does not use real-valued 

weights and activations during inference and is also easier to implement. 

Quantizing weights or activations to values larger than 1-bit can recover the accuracy loss through 

binarization to some extent, bringing performance closer to single-precision results [3], [11]. 

Ternary Weight Networks (TWNs) [6], introduced by Li et al., applies ternarization to the weight 

parameters, converting 32-bit weights into a 2-bit representation (-1, 0, and 1). TWN only affects 

the weights, leaving activations and gradients unchanged. When applied to LeNet-5, TWN 

achieved only a 0.06 % difference in accuracy on the MNIST validation set compared to single-

precision. It also obtained 2.3% lower top-1 accuracy on ImageNet than its single-precision 

(67.6%). Similar to TWNs, Zhu et al. introduce Trained Ternary Quantization (TTQ) [48]. TTQ 

employs two scaling factors in each layer, one for positive weights and the other for negative 

weights, and these scaling factors are learned during training. With trained weights and scaling 

factors, TTQ has two separate gradients, one for the weights and another for the scaling factors. 
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When applied to ResNet-20 and ResNet-56, TTQ attains 91.13% and 93.56% accuracy on the 

CIFAR-10, compared to the single-precision accuracy of 91.77% and 93.2%, respectively. For 

AlexNet, TTQ achieves a top-1 accuracy of 57.5% on the ImageNet, compared to the single-

precision accuracy of 57.2% counterpart. 

3.1.2 Knowledge distillation 

Knowledge distillation is another approach to improve the accuracy of low-precision deep neural 

networks such as BNNs. In this approach, one can train a full-precision complex network then 

transfer the produced information to train a BNN counterpart more accurately and decrease the 

discrepancies between a large model and its small counterpart. The original full-precision network 

and the corresponding smaller low-precision network are usually referred to as the teacher and 

student networks. Mishra and Marr studied knowledge distillation techniques on low-precision 

neural networks and proposed three schemes to improve the accuracy: jointly trained, continuously 

trained and a fine-tuned student network [49]. The student network has an architecture similar to 

the teacher network in all three schemes. They evaluated their model on ResNet architectures with 

a combination of different bit widths (2, 4, 8 and 32 bits) on both weights and activations; however, 

they did not report any results on binary quantization. Chen et al. utilized knowledge distillation 

techniques to train binarized DNN models in real-time speech separation applications [50]. Xu et 

al. proposed a filter-level pruning method utilizing a learning-based teacher/student framework to 

compact and accelerate BNNs on challenging datasets. However, they did not draw a comparison 

in accuracy between their model and the state-of-the-art binary models. The work proposed by 

Martinez et al. assembled several previously studied methods to propose a strong baseline that 

achieves state-of-the-art performance [51]. They further utilized a multi-stage teacher/student 

mechanism and a data-driven channel re-scaling strategy to improve the accuracy that bridged the 

gap between real-valued and binarized networks on CIFAR-100 and ImageNet datasets to within 

3-5 % when using ResNet-18 architecture. 

3.2 Hardware implementation of Neural Networks 

The conventional way to implement neural network training and inference consists of utilizing 

CPUs and GPUs because several well-known deep learning frameworks, such as TensorFlow [52] 
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and PyTorch [53], specifically support these processing units. Therefore, developing deep learning 

algorithms can be achieved with high efficiency. On the other hand, FPGAs as reconfigurable 

hardware platforms have been considered for low-power configuration and cost-effective 

acceleration of CNN models [54]. For example, Zhang et al. [55] and Ovtcharov et al. [54] 

introduced an optimized single processing unit for each layer in the form of a systolic array 

employing an analytical roofline model tool. Other works, such as Venieris et al. [56], follow a 

streaming approach in which the proposed framework utilizes an analytical Synchronous Dataflow 

(SDF) model that considers performance-resource design space along with the platform-specific 

resource constraints. Usually, developing deep learning algorithms on FPGA can be cumbersome 

since it requires specialized hardware programming expertise. Moreover, there is still a 

performance gap between FPGA and GPU. However, the availability of High-Level Synthesis 

(HLS) tools to designers and emerging QNNs and recent improvements in their accuracy [51] 

facilitate the development of FPGA-friendly architectures that can achieve comparable 

performance to GPUs while consuming less power. In this way, Zhao et al. introduced a hardware 

architecture based on variable-length buffers to accelerate BNNs inference on FPGA [57]. They 

implemented their model using HLS design methodology on a low-cost ZedBoard FPGA 

development board. Similar to the model developed by Zhang et al. [55], Andri et al. proposed a 

low-power CNN accelerator, YodaNN [58], based on binary weights. 

Umuroglu et al. from the Xilinx research group proposed FINN [59], a BNN accelerator framework 

based on a heterogeneous streaming architecture that enables efficient mapping of BNN models in 

a scalable and parameterizable design on FPGA. Their work attempts to balance accuracy, power 

consumption, and latency by offering adjustable classification throughput and flexible building 

block design. They further expanded their work to cover larger topologies for BNNs [60]. Then, 

FINN-R [37] was introduced to support the quantized implementation of CNNs on larger networks 

with more design space exploration. We cover FINN architecture in Chapter 4 in detail. 

Liang et al. proposed FP-BNN [61] with a Resource-Aware Model Analysis (RAMA) method to 

determine FPGA resource cost for each block of computation on a BNN, then designed an efficient 

accelerator architecture utilizing a pop-count compressor tree and a processing element (PE) reuse 

procedure. Haojin Yang et al. utilized MXNet [62], a deep learning library for heterogeneous 

distributed systems, to develop the BMXNet library [63] for implementing BNNs and QNNs on 
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GPUs and CPUs. They evaluated their work on MNIST, CIFAR-10 and ImageNet datasets. Zhang 

et al. introduced daBNN [64], an efficient open-source framework to run BNNs in inference mode 

on embedded devices equipped with ARM processors by proposing an optimized bit-packing 

scheme and binary matrix multiplication (BGEMM) and achieved 3x and 6x speedup on Bi-Real 

Net-18 compared to TensorFlow lite and BMXNet [63], respectively. Kim et al. applied 

binarization methods on an encoder-decoder network and then proposed a binarized deconvolution 

engine (BDE) to accelerate it for semantic segmentation applications [65]. They used FINN 

architecture and implemented their model on FPGA achieving notable performance on the 

CamVid11 [66] dataset. 

3.3 Neural Architecture Search performance 

As we discussed in Chapter 2, there are different NAS search strategies to exploit search space, 

exploring a performant network architecture. However, despite the impressive results, current 

architecture search techniques are computationally intensive. For instance, the pursuit of state-of-

the-art architecture for CIFAR-10 and ImageNet required a substantial amount of computational 

resources, including 2000 GPU days through reinforcement learning (RL) [20] or 3150 GPU days 

through evolutionary methods [67]. Hence, recent research focuses on developing efficient 

architecture search methods. For example, one well-known efficient NAS algorithm that Liu et al. 

proposed is Differentiable Architecture Search (DARTS) [21]. The key idea of this work is to 

perform architecture search in a continuously differentiable manner, allowing for gradient-based 

optimization of network architecture. The DARTS results showed that it outperforms hand-

designed networks on various benchmark datasets in terms of accuracy. Their method found SOTA 

architecture for CIFAR-10 and ImageNet in only four GPU days. Their results highlight the 

effectiveness of the proposed method for optimizing neural network architecture. Building upon 

the concept of DARTS, researchers have proposed ways to improve this search strategy. One such 

improvement is P-DARTS [68], which was put forward by Chen et al. P-DARTS delivers superior 

results by gradually increasing the depth of the network during the search phase, making the overall 

search process faster compared to traditional DARTS. 

Using gradient-based NAS, several researchers attempted to employ it to discover performant 

QNNs. For example, Bulat et al. introduced BATS [18], demonstrating that directly applying 
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DARTS on BNNs leads to poor results due to the double approximation problem caused by depth-

wise separable convolution, which is commonly used for feature compression and consists of two 

successive convolutions. Additionally, they claimed that dilated convolutions experience similar 

issues for binarization. Therefore, the authors suggested grouped convolutions and grouped-dilated 

convolutions as alternative solutions to address these problems and achieve SOTA results on the 

ImageNet dataset with 66.1% accuracy compared to full-precision 69.7% accuracy for only 1.55 × 

10^8 FLOPs compared to ~20 × 10^8 FLOPs. The authors of BATS claimed that their work 

outperforms [16], even though it used evolutionary NAS and achieved higher accuracy (69.65%) 

but with 6.6 × 10^8 FLOPs, 4.2 times higher than BATS. Other studies, including NASB [19] and 

BNAS v2 [17], also focus on BNNs and adopt gradient-based neural architecture search. However, 

unlike BATS, BNAS v2 suggested a new search objective, particularly for BNNs, to enhance 

diversity during the search process. Furthermore, NASB uses ResNet-18 as the backbone when 

constructing architecture cells and achieves 66.6% accuracy on ImageNet with 3.52 × 10^8 FLOPs. 

3.3.1 Hardware-aware  Neural Architecture Search 

The objective of conventional NAS is to explore the search space to find an architecture that 

maximizes accuracy. On the other hand, Hardware-Aware Neural Architecture Search (HW-NAS) 

considers various hardware constraints in addition to accuracy and aims to identify an architecture 

that not only performs well but also meets hardware limitations, such as latency, energy 

consumption, and memory footprint [22]. So, in other words, we are dealing with a multi-objective 

optimization problem which has drawn more attention since 2017, and about 83 papers have been 

published that targeted HW-NAS in 2020 [22]. One example is Once-for-all (OFA) [69] which 

proposes a new neural architecture search (NAS) approach. OFA aims to design a super-network 

architecture that can be trained once and then adapted to various tasks with different hardware 

configurations, including different widths, depths, and resolutions. The authors claim that this 

approach is more efficient than traditional NAS methods, which typically require training multiple 

individual models for each task and hardware configuration. Furthermore, OFA uses a weight-

sharing technique to efficiently search the architecture space and obtain a super-network with high 

performance. The results show that OFA can obtain state-of-the-art accuracy on several benchmark 
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datasets, such as CIFAR-10 and ImageNet while using fewer resources and time compared to other 

NAS methods. 

A proxy task is often used in traditional NAS. A proxy task is a simpler or related task used to 

evaluate the performance of neural network architectures (on a smaller dataset like CIFAR-10) 

during the architecture search process. The objective of using it is to speed up the search process 

and reduce the computational cost of evaluating the performance of each candidate architecture. In 

fact, the goal is to find an architecture that performs well on the proxy task, which is expected to 

also perform well on the target task (e.g., on ImageNet). However, ProxylessNAS [70] is an 

example that introduces a new method for finding efficient architectures without a proxy task. In 

this work, the architecture parameters are binarized to consume low memory during the search 

process. Moreover, they use a latency model to predict the candidate architecture's latency. The 

results show that the architectures found by ProxylessNAS are competitive with state-of-the-art 

architectures and more scalable on GPU, CPU and mobile platforms, as they can be trained on 

larger datasets without performance degradation. 

In HW-NAS, researchers sometimes directly target the hardware specification itself. For example, 

Jiang et al. [71] determined an approach to achieve a balance between accuracy and efficiency in 

FPGA applying NAS and considering different FPGA specifications like available LUTs and on-

chip memory. They used an RL paradigm and proposed a tool called FNAS to estimate the latency 

based on their tiling strategy. For mobile devices, Wu et al. proposed Facebook-Berkeley-Nets 

(FBNet) [72] to search for mobile-efficient CNNs. They used gradient-based NAS and integrated 

latency into the loss function. As their hardware device is mobile phones, they assume that each 

search space operation (Conv, Pooling) will execute on the CPU consecutively. Hence, the total 

latency is the summation of each operation’s latency in a sample network. The results show that 

FBNet outperformed MobileNetV2 by being 2.4x smaller and 1.5x faster with the same accuracy. 

In this thesis, the use of FINN as a framework for accelerating quantized neural networks (QNNs) 

on FPGA and the HW-NAS approach for balancing accuracy and hardware metrics are combined 

to find a high-performing, small-scale quantized neural network. Chapter 4, covers the approach 

and provides technical details.  
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 EFFICIENT QNNs DEPLOYING DARTS AND FINN 

 

In this chapter, we first describe the DARTS and FINN frameworks and discuss how they work in 

detail. We then explain how we use these frameworks together and integrate latency's effect into 

the design process of quantized neural networks. 

4.1 DARTS framework and how it works 

DARTS (Differentiable Architecture Search) is a well-known NAS method proposed by Liu et al. 

[21]. Architecture search in DARTS is performed in a continuously differentiable manner, enabling 

gradient-based network architecture optimization. This is possible via a set of continuous 

relaxations of the discrete architecture representation, and the architecture parameters are trained 

along with the other network parameters. This allows the use of backpropagation to compute 

gradients with respect to the architecture parameters. The following sections provide details on 

how DARTS proposes to solve the architecture search problem. 

4.1.1 DARTS search space 

In the DARTS framework, a DARTS architecture is a neural network architecture constructed by 

stacking cells discovered by the DARTS search algorithm. A cell is a small neural network module 

that can be repeated and stacked to form a larger architecture. Two types of cells exist based on the 

input and output feature map resolution: A Normal Cell that preserves the resolution of the feature 

map and a Reduction Cell that reduces the input feature map's size by half. A sample DARTS 

architecture with two cells is depicted in Figure 4.1. As can be seen, there is a residual connection 

between cells. Each cell in the DARTS architecture is defined by a Directed Acyclic Graph (DAG), 

which forms the search space in DARTS. In a DAG, the input data and intermediate feature maps 

are represented by nodes, while the edges represent the operations performed on these data. The 

operations can be any differentiable function, such as standard, separable, or dilated convolutions. 

A DAG sample is depicted in Figure 4.2. 
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Figure 4.1 A DARTS architecture 

 

 

Figure 4.2 A DAG sample 

 

Figure 4.3 A DARTS cell's DAG sample 
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In a cell’s DAG (Figure 4.3), each node takes in a feature map x(i) as input and is connected to other 

nodes through directed edges (i, j) that apply a transforming operation o(i, j) to x(i). In a cell, the 

input nodes (nodes 0 and 1 in Figure 4.3) are determined by the outputs from the two preceding 

layers (see Figure 4.1). The cell output (node 4 in Figure 4.3) combines all the intermediate nodes' 

outputs through concatenation. The computation of intermediate nodes is based on all their 

preceding nodes as shown in equation (4.1) 

x(j)= ∑ o(i, j)(x(i)

i<j

) (4.1) 

To make the search space continuous, DARTS includes a softmax function to replace the 

categorical selection of a particular operation with a continuous representation. In this regard, in 

equation (4.2), O is a set of available operations like convolution and max pooling in which each 

operation o(.) transforms x(i). o̅(i,j)(x) is a weighted mixed operation of all available operations for 

a pair of nodes (i, j) which is parametrized by a vector α 
(i, j) of dimension |O|, which is further 

referred to as the architecture parameter. 

o̅(i,j)(x)  = ∑
exp(αo

(i, j)
)

∑ exp(αo' 
(i, j)

)o'  ∈ O

 o(x)

o ∈ O

 (4.2) 

For example, in Figure 4.4, the left graph demonstrates a DAG with three nodes (0, 1 and 2) and 

three operations o0, o1 and o2, and the right graph shows the corresponding mixed operation for 

each pair of nodes. In this figure, a set of three operations is assumed, so there are three edges 

between each pair of nodes labelled with on(i, j) notation (n is operation number, i and j are related 

to node number). Each mixed operation is described in equation (4.3) in which 𝛼̅𝑜
(𝑖, 𝑗)

 is 

softmax(αo
 (i, j)

). After the search process is completed, the final architecture can be determined by 

selecting the most probable operation for each mixed operation o̅(i,j), that is, o(i,j) =

 𝑎𝑟𝑔𝑚𝑎𝑥𝑜 ∈ 𝑂 αo 
(i, j)

. 
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Figure 4.4 A DAG sample representing mixed operations 

 

𝑜̅(𝑖,𝑗) (𝑥(𝑖)) =  𝛼̅𝑜0
(𝑖, 𝑗)

∗  𝑜0(𝑖,  𝑗)(𝑥(𝑖)) + 𝛼̅𝑜1
(𝑖, 𝑗)

∗  𝑜1(𝑖,  𝑗)(𝑥(𝑖)) + 𝛼̅𝑜2
(𝑖, 𝑗)

∗  𝑜2(𝑖,  𝑗)(𝑥(𝑖)) 

 

𝛼̅𝑜
(𝑖, 𝑗)

=
exp(αo

(i, j)
)

∑ exp(α
o' 
(i, j)

)o'  ∈ O

 

(4.3) 

4.1.2 DARTS search process 

The architecture search process consists of finding an optimal combination of operations to form a 

cell and further the final network architecture. Architecture search aims to learn both architecture 

parameters α and the weights w for the convolution operations (e.g., the convolution filters 

(kernels)’ weights). So, in this regard, the training loss, ℒ𝑡𝑟𝑎𝑖𝑛, and validation loss, ℒ𝑣𝑎𝑙  should be 

determined by both the architecture parameter, α, and the weights, w, in the network. The objective 

of the architecture search is to find the optimal architecture, 𝛼∗ , which minimizes the validation 

loss, ℒ𝑣𝑎𝑙(𝑤∗, 𝛼∗), with the optimal weights, 𝑤∗, obtained by minimizing the training loss, 

𝑤∗ = 𝑎𝑟𝑔𝑚𝑖𝑛𝑤 ℒ𝑡𝑟𝑎𝑖𝑛(𝑤  , 𝛼∗). This is a two-part (bilevel) optimization problem, with α being the 

higher-level variable and w being the lower-level variable described in equations (4.4) 

 

𝑚𝑖𝑛𝛼 ℒ𝑣𝑎𝑙(𝑤∗(𝛼), 𝛼) 

𝑠. 𝑡.  𝑤∗(𝛼) = 𝑎𝑟𝑔𝑚𝑖𝑛𝑤 ℒ𝑡𝑟𝑎𝑖𝑛(𝑤, 𝛼) 
(4.4) 
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The DARTS authors adopted a simple approximation method to evaluate the architecture gradient 

due to the difficulty of performing an exact evaluation, which would require a costly inner 

optimization process which is the calculation of 𝑤∗(𝛼) in (4.4). So, to obtain 𝑤∗(𝛼), a single 

training step is performed instead of several steps to reach convergence. (4.5) shows their 

approximation where ξ is the learning rate in a single inner optimization iteration step outlined in 

Algorithm 1.  

∇𝛼 ℒ𝑣𝑎𝑙(𝑤∗(𝛼), 𝛼) ≈ ∇𝛼ℒ𝑣𝑎𝑙(𝑤 –  𝜉∇𝑤ℒ𝑡𝑟𝑎𝑖𝑛(𝑤, 𝛼), 𝛼)  (4.5) 

 

Algorithm 1: DARTS algorithm (adapted from [21]) 

Create a cell with a certain number of nodes. Then use the mixed operation formula (4.2) and 

initialize α for each edge (i, j) with random initialization using a normal distribution (mean 0 and 

variance 1). Here, ξ is the learning rate in a single inner optimization iteration step. 

While not converged do 

1. Update architecture α by descending ∇𝛼ℒ𝑣𝑎𝑙(𝑤 –  𝜉∇𝑤ℒ𝑡𝑟𝑎𝑖𝑛(𝑤, 𝛼), 𝛼) 

2. Update weights w by descending ∇𝑤ℒ𝑡𝑟𝑎𝑖𝑛(𝑤, 𝛼) 

Obtain the final architecture by applying the learned α 

 

Figure 4.5 shows a DART cell with seven nodes: two input (green), four intermediate (blue) and 

one output (yellow). The fourteen edges, m0 to m13, represent mixed operations. In this cell, the 

architecture parameters, α, corresponding to each edge are updated after each search process step. 

After that, a derived cell can be obtained by keeping the two strongest edges which are the mixed 

operations with the highest α (except zero operations). A derived cell is depicted in Figure 4.6.  
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Figure 4.5 DART cell with seven nodes and fourteen edges 

 

 

Figure 4.6 A derived cell example 

4.1.3 A DARTS numerical example 

In this section, we explain DARTS through a numerical example. In this example, we assume that 

we have a search space including the three following operations: 

Search space: O = {o0:3x3_conv, o1:5x5_conv, o2:3x3_maxpool} 
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We created a DARTS architecture consisting of a 5-node cell (Figure 4.7) to perform the search 

process. Our cell has five edges, each representing a mixed operation defined according to the 

equation (4.3). Each mixed operation consists of three operations available in the search space and 

its corresponding architecture parameters, resulting in 15 values for α, as shown in Figure 4.8. 

 

Figure 4.7 A DARTS cell with five nodes and five edges  

 

 

Figure 4.8 (a) Architecture parameter matrix, α and (b) Softmax(α) 



26 

 

 

After creating a cell, the search process described in Algorithm 1 begins. Then, we can derive an 

architecture based on the learned α in each iteration. For instance, in Figure 4.7, for node 3, we 

have three input edges representing three mixed operations described in equations (4.6). In each 

search iteration, after updating α, we choose the operations with the highest corresponding α value 

in each mixed operation (see section 4.1.1), as described in Figure 4.9 and Figure 4.10.  

o̅(0, 3)
 
(x(0)) = α̅o0

(0, 3)
× o0(0, 3)(x(0)) + α̅o1

(0, 3)
× o1(0, 3)(x(0)) +  α̅o2

(0, 3)
× o2(0, 3)(x(0)) 

o̅(1, 3)
 
(x(1)) = α̅o0

(1, 3)
× o0(1, 3)(x(1)) + α̅o1

(1, 3)
× o1(1, 3)(x(1)) +  α̅o2

(1, 3)
× o2(1, 3)(x(1)) 

o̅(2, 3)
 
(x(2)) = α̅o0

(2, 3)
× o0(2, 3)(x(2)) + α̅o1

(2, 3)
× o1(2, 3)(x(2)) +  α̅o2

(2, 3)
× o2(2, 3)(x(2)) 

(4.6) 

 

 

Figure 4.9 α matrix and Softmax(α) after a search process iteration 
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Figure 4.10 The highest α values in each mixed operation 

Between these three mixed operations, we keep the top-2 strongest (see section 4.1.2), those with 

the highest α. Therefore, we consider o̅(1, 3)
 
and o̅(0, 3)

 
which means o1(1, 3) and o1(0, 3) will be 

selected as shown in Figure 4.11. We performed the same procedure for the other nodes. The 

derived cell is depicted in Figure 4.12. 

 

Figure 4.11 Top-2 strongest edges for node 3 

 

Figure 4.12 A derived cell after a search iteration 

4.2 FINN compiler and how it works 

Section 3.2 briefly introduced FINN [59][73], an open-source framework developed by Xilinx 

research labs to accelerate and deploy QNNs on FPGAs. Since QNNs and BNNs are neural 

networks that use, respectively, quantized and binary weights and activations, they are well-suited 

for deployment on resource-constrained devices such as embedded systems, FPGAs, and ASICs. 

The FINN framework provides various tools for designing, training, and deploying QNNs. It 
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implements multiple deep learning models (e.g., VGG16, Mobilenet-v1, Resnet50) optimized for 

deployment on FPGA devices. FINN developers also have provided a high-level API for designing 

and training QNNs called Brevitas, making it easy to experiment with different network 

architectures and sets of hyperparameters. Brevitas is a software framework for developing and 

deploying quantized neural networks [76]. This framework is implemented in PyTorch and offers 

support for a wide range of quantization techniques, which are implemented across various 

frameworks and compilers through a unified API. In addition, the framework enables inference 

acceleration for certain combinations of layers and types of quantization by exporting to FINN, 

onnxruntime, or Pytorch's quantized operators. Brevitas has proven to be effective in both research 

projects and large-scale commercial deployments and is compatible with CPUs, GPUs, and custom 

accelerators running on Xilinx FPGAs. However, according to its developers, the primary focus of 

the framework is on affine quantization, particularly uniform quantization, and non-uniform 

quantization is not currently supported [77]. 

Utilizing FINN begins by designing and training a QNN model with Brevitas and obtaining a 

Brevitas FINN-ONNX model. ONNX (Open Neural Network Exchange) is an open-source 

standard format for representing machine learning models. The next step is to input the ONNX 

model, the target FPGA device, FINN parameters such as clock frequency, FPS (Frames per 

Second), and the number of parallel processing elements for matrix-vector multiplication (MVU) 

into the FINN synthesizer. Finally, using this set of parameters [74], FINN generates the necessary 

Vivado HLS codes through a series of transformations. Figure 4.13 shows the FINN compiler 

transformation steps. The white boxes represent the state of the network at each step, while the 

coloured areas show the transformations applied to achieve a specific outcome. The diagram has 

four sections, each represented by a different colour, with each section including several flow steps. 

The flow begins with the Brevitas export (yellow area), followed by the preparation of the network 

(green area) for synthesis using Vivado HLS and stitching using Vivado IP (blue area). This section 

will perform a sequence of transformations on the network model to form a FINN-style dataflow 

architecture (Figure 4.14) in which the appropriate amount of computing resources (e.g., MVUs 

and BRAMs) is allocated for each layer. Further, function calls are utilized to instantiate the 

compute arrays, optimizing Vivado HLS building blocks from the finn-hlslib library. 
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Figure 4.13 The FINN compiler transformation steps [75] 
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However, since these function calls can only handle particular patterns, the network must be 

transformed into an appropriate form so that the network layers can be replaced with these function 

calls. The last step is generating hardware from the network model. FINN provides two 

transformations, ZynqBuild and VitisBuild, for building the accelerator and integrating it into an 

appropriate shell, as well as generating a bitfile, depending on whether the target platform is a Zynq 

or Alveo. For example, in the grey area, it makes a PYNQ bitfile and runs it on a PYNQ board 

[75]. 

 

 

Figure 4.14 FINN dataflow architecture [73] 

 

4.3 Proposed approach to use the DARTS framework for QNN design 

This project's primary contribution is utilizing the DARTS framework to discover high-performing 

quantized neural networks in terms of accuracy and latency for possible implementation in FPGAs 

with the FINN compiler. In order to achieve this, the DARTS framework must be modified to 

accommodate QNNs. 

In the very first step, we examined the available code for the DARTS project [78] to identify all 

classes and functions written in standard Pytorch form. Then, we swapped Pytorch functions and 
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classes regarding search space operations, such as convolutions and poolings, with their Brevitas 

equivalents. For example, Listing 4.1 shows a standard Pytorch convolution and its Brevitas 

equivalent. The original DARTS framework uses a variety of operations, such as separable and 

dilated convolutions, max pooling, average pooling, identity, and zero operations in its search 

space. However, we realized it was not feasible to use separable and dilated convolutions as the 

FINN compiler's automatic standard build flow does not support them and requires an advanced 

custom build script that must be done manually. Therefore, to comply with the FINN standard build 

flow, we substituted separable and dilated convolutions with standard convolutions. More 

information about these two types of convolutions can be found in Appendix B. 

 

Listing 4.1 Pytorch and Brevitas convolution example 

 
 

Generally, the FINN framework standard build flow can handle only standard models such as VGG 

with consecutive layers. It does not support more complex models with residual connections, such 

as Resnet50. This presents a challenge for implementing DARTS cells, which have numerous 
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residual connections between both nodes and cells. Having said that, the FINN developers have 

recently announced support for Resnet blocks [63], which is available on their GitHub repository   

[79]. Still, significant modifications to the build script and access to an FPGA device with increased 

hardware resources are necessary to fit Resnet50 into the device. Another challenge we had to deal 

with was measuring the latency of the generated model, since acquiring the latency report from 

FINN was time-consuming and not a practical method to incorporate into the DARTS searching 

process. 

Consequently, it was decided to estimate the generated model's latency based on each individual 

operation implemented through FINN. As a result, a lookup table comprising operation latencies 

was created, and a function was written to obtain the generated model at each search step and 

calculate the total latency. This effectively eliminated the need to measure real-time latency 

through FINN reports. Table 4.1 demonstrates the model's latency measurement based on the cell 

structure depicted in Figure 4.15, taking into account the parallelization that can be achieved within 

each cell. This example is the general form of a cell in which all possible edges are available. The 

label L on edges represents the latency of the corresponding operation between nodes. Two 

numerical examples are provided in Figure 4.16 and Figure 4.17. 

 

Figure 4.15 A latency graph for a DARTS cell with six nodes 
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Table 4.1 Calculating the latency for a DARTS cell with six nodes (Figure 4.15) 

Nodes 2 3 4 5 

Latency 
T2 = 

Max(L0, L4) 

T3 = 

Max(T2+L8, L1, L5) 

T4 = 

Max(T2+L9, T3+L11, L2, L6) 

T5 = 

Max(T2+L10, T3+L12, T4+L13, L3, L7) 

 

The latency was calculated by assuming that the input edges to each node represent operations that 

can be executed in parallel. For each example, the latency table displays the total latency in the last 

column, which is calculated based on the latencies of the preceding nodes denotes as T in Table 

4.1. So, for the graphs in Figure 4.16 and Figure 4.17, the total latencies are 24 and 27 (a unit of 

second), as shown in Table 4.2 and Table 4.3 respectively. 

 

Figure 4.16 Latency graph, sample 1 

 

Table 4.2 Latency table, sample 1 (Figure 4.16) 

Nodes 2 3 4 5 

Latency 
T2 = 

Max(10, 5) = 10 

T3 = 

Max(T2+3, 4) = 13 

T4 = 

Max(T2+8, 7) = 18 

T5 = 

Max(T3+5, T4+6) = 24 
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Figure 4.17 Latency graph, sample 2 

 

Table 4.3 Latency table, sample 2 (Figure 4.17) 

Nodes 2 3 4 5 

Latency 
T2 = 

Max(10, 5) = 10 

T3 = 

Max(T2+4, 3) = 14 

T4 = 

Max(T3+8, 7) = 22 

T5 = 

Max(T3+6, T4+5) = 27 

 

In choosing the quantization bitwidth, we initially decided to use 1, 2 and 3-bit quantization 

schemes for weights and activations. However, this decision was not successful as it did not yield 

acceptable results. As a result, we increased the bitwidth to 4, which led to improved results. 

Therefore, all experiments are performed considering a 4-bit quantization scheme in this thesis. 

As we mentioned earlier in this section, we aim to consider latency as a hardware criterion in the 

search process to discover low-latency QNNs, so it is required to integrate this factor alongside 

accuracy loss into the loss function. In doing so, previous works have attempted to use NAS to 

explore low-latency deep neural networks, which is one of the main focuses of HW-NAS. For 

example, Wu et al. in FBNet [72] used the loss function described in equation (4.8), while Srinivas 

et al. [80] used a similar loss function as indicated in equation (4.9). In this project, we were 

inspired by these implementations and applied them in a similar manner in which CE is Cross-

Entropy loss which represents accuracy, 𝜼 and 𝝉 tune the latency penalty, and 𝜶 represents 

architecture parameter described in section 4.1.2.  
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Our loss function: 𝐿(𝛼, 𝑤𝛼) = 𝐶𝐸(𝛼, 𝑤𝛼) +  𝜂 ∗ log (𝐿𝐴𝑇(𝛼))𝜏 (4.7) 

FBNet [72]: 𝐿(𝛼, 𝑤𝛼) = 𝐶𝐸(𝛼, 𝑤𝛼) .  𝜂 log (𝐿𝐴𝑇(𝛼))𝜏 (4.8) 

Srinivas et al. [80]: 𝐿(𝛼, 𝑤𝛼) = 𝐶𝐸(𝛼, 𝑤𝛼) +  𝜂 ∗ 𝐿𝐴𝑇(𝛼)𝜏 +  𝛾 ∗ 𝐸𝑁𝐸𝑅(𝛼)𝛿 (4.9) 

In the next chapter, we present results from experiences performed to observe the effects of 

integrating the latency into the loss function. We also show that it is feasible to develop some 

performant QNNs considering the accuracy and latency using our methodology described in this 

section. 
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 EXPERIMENTAL SETUP, RESULTS AND DISCUSSIONS 

 

In this chapter, we first explain in detail how the DARTS search process is configured. We then 

explain how we select the candidate networks, and we evaluate the candidate networks' 

performance in terms of accuracy and latency on the CIFAR10 dataset. Finally, we discuss the 

results and compare them with the literature. 

5.1 Experimental Setup 

This section explains different DARTS configurations and details the FINN compiler settings we 

used for our experiments. 

5.1.1 DARTS Configuration 

In the original DARTS paper, the authors chose an 8-cell network for the search phase [21]. Then, 

after finding the desired cells, they expanded the 8-cell network into a 20-cell network before 

obtaining and reporting their results.  

 

Figure 5.1 DARTS architectures for different experiments 



37 

 

 

However, for our experiences, to keep the network architecture small, we chose a smaller number 

of cells (1, 2 and 3) for the search phase and the evaluation phase. Figure 5.1 shows these three 

configurations in which reduction cells are fed by reduced input data size using stride two. 

Regarding the loss function, as seen in section 4.3, we use the loss function given in equation (4.7) 

with parameters η (eta) and τ (tau) to control the relative importance of latency. Table 5.1 shows 

the values of these parameters for each experiment. 

Table 5.1 Loss function configurations 

Experiment # 𝜼 𝝉 

1 0.0 0.0 

2 0.2 0.5 

3 0.2 1.0 

4 0.4 0.5 

5 0.4 1.0 

6 0.6 0.5 

7 0.6 1.0 

8 0.8 0.5 

9 0.8 1.0 

10 1.0 0.5 

11 1.0 1.0 

 

For the search process, we use the following operations: 3 × 3 and 5 × 5 quantized standard 

convolution, 3 × 3 max pooling, identity, and zero. For all operations [29], we use stride and 
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padding parameters as required to keep the convolved feature map dimensions unchanged, as 

proposed by Liu et al. [21]. We also use the CONV-BN-ACT (Convolution-BatchNormalization-

Activation) order for a convolution block, as proposed by Umuroglu et al. [59]. For all experiments, 

each cell consists of seven nodes and a network is made of multiple interconnected cells. We 

reserve half of the training data as the validation set. In the search process, we train the network 

for 50 epochs, with batch size 128 for both the training and validation sets. The number of channels 

for the first 3 × 3 convolution block is set to 16. All the other settings are the same as the original 

DARTS paper, and they can be found in Appendix A. 

After the search process is finished, we analyze the results for accuracy and latency. Ideally, we 

are looking for a network with the highest accuracy and the lowest latency, and we need to analyze 

the results and consider our application conditions before selecting a network. As a result, regarding 

given applications, we might choose networks with different combinations of accuracy and latency. 

Nonetheless, after choosing our desired network, we train it from scratch for 600 epochs and 

evaluate its accuracy with the test set [21]. 

5.1.2 FINN Configuration 

As discussed in section 4.2, we measure the latency of each operation described in section 5.1.1 in 

order to create a latency lookup table which we further utilize in the latency estimation during the 

search process. In the FINN configuration settings, when we increase the bit width, the latency will 

increase unless we consume more resources (e.g., LUT, BRAMs) to increase the parallelization 

and keep the latency low for each operation (convolution, max pool). Therefore, one concern could 

be finding a bit width that best fits our project. We realized that it depends on the available hardware 

resources in the selected FPGA board. So, we considered different bit widths and FINN parameters, 

such as frames per second (FPS) and the number of parallel processing elements for matrix-vector 

multiplication (MVU), to find out how resource consumption changes when we choose different 

bit widths. Doing so, we first set the FINN compiler parameters FPS and MVU to high values [74] 

(Table 5.2) to get the best latency and FPS then we set them to lower values (Table 5.3). 
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Table 5.2 FINN parameters for FPS=20 k and MVU=100 k 

Op LUT BRAM Latency (us) FPS (after compilation) 

Conv_3x3_1bit 15.5 k 8 170.2 14 k 

Conv_3x3_2bit 17.2 k 16 170.2 14 k 

Conv_3x3_4bit 21.5 k 32 170.2 14 k 

Conv_3x3_8bit 63.5 k 64 170.2 14 k 

 

Table 5.3 FINN parameters for FPS=1 k and MVU=1 k 

Op LUT BRAM Latency (us) FPS (after compilation) 

Conv_3x3_1bit 2.1 k 1 1468.3 1.3 k 

Conv_3x3_2bit 2.3 k 2 1468.3 1.3 k 

Conv_3x3_4bit 3.1 k 3 1468.3 1.3 k 

Conv_3x3_8bit 17.3 k 6 1468.3 1.3 k 

 

As expected, configuring the FINN parameters to lower values, as shown in Table 5.3, increases 

latency and decreases resource consumption. As a result, we must consider an FPGA board as a 

baseline and examine the FINN parameters (e.g., FPS and MVU) and the bit width to have the 

whole generated network fit on the device. Table 5.4 lists four FPGA boards and their available 

resources. In our project, we set FINN parameters for the Zynq-7000 FPGA board, as done in [59]. 
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Table 5.4 FPGA platform summary [59] 

Platform Part # 
Node 

(nm) 

DDR 

(GB) 
kLUTs BRAMs 

AWS F1 XCVU9P-FLGB2104-2-I 16 64 1180 4320 

Ultra96 XCZU3EG-SBVA484-1 16 2 71 432 

PYNQ-Z1 XC7Z020-1CLG400C 28 0.5 53.2 280 

Zynq-7000 XC7Z045-2FFG900C 28 2 218.6 545 

 

5.2 Results and discussion 

For this project, all experiences were done considering 4-bit quantization for weights and 

activations. In this section, we analyze the accuracy and latency of our work on the CIFAR-10 [81] 

dataset. In section 5.1.1, we mentioned that we used three types of architectures with a different 

number of cells to carry out the search process, and we considered different loss function 

configurations regarding latency. As a result, we have 11 different latency configurations for each 

of the three architectures, resulting in 33 different experiments. We have provided search plots for 

all experiments in which each epoch indicates a search iteration described in Algorithm 1. So, after 

the search process is finished, we can derive a network based on our latency and accuracy criteria. 

Afterwards, we train the chosen networks for 600 epochs and evaluate them with the test set to 

obtain the final accuracy. 

5.2.1 Results for 1-cell architecture 

In experiment 1, the values of η and τ are set to 0.0 to obtain maximum accuracy without 

considering latency. In this experiment, the search achieved the best accuracy but the worst latency 

compared to the other experiments (Figure 5.2, Figure 5.3 and Figure 5.4). During experiment 8 

and 10, we observed a sudden drop in accuracy after epoch 47 and 41, respectively. This could be 

related to the limited learning capacity of certain operations, such as skip_connect and 
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max_pooling, and their dominance when η and τ increase. The plots in Figure 5.5 show the 

experiments 1, 2 and 11 which achieve the highest accuracy without considering latency, the 

highest accuracy considering latency and the best latency, respectively. For all experiments, to 

select a network from the search plot, we chose the one with the highest accuracy, indicated by 

coloured arrows in the corresponding figures. Table 5.5 displays the test accuracy and latency of 

the selected networks after 600 epochs of training. 

 

 

Figure 5.2 Search plots for experiment 1 – experiment 3 (1-cell) 
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Figure 5.3 Search plots for experiment 4 – experiment 7 (1-cell) 

 

Figure 5.4 Search plots for experiment 8 – experiment 11 (1-cell) 
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Figure 5.5 Search plots for three experiments 1, 2, and 11 (1-cell) 

 

Table 5.5 shows that a higher value of η corresponds to lower latency. The network derived from 

experiment 11 has the lowest latency (0.46 ms), while the network from experiment 1 achieves the 

highest accuracy (63.06%). Although experiment 2 achieves an accuracy around 4.31% lower than 

experiment 1, it has better latency, nearly 2.46× lower than that of experiment 1. After experiment 

5, we can notice that the latency value is no longer decreasing. This is likely because the search 

process is not able to find any combination of operations that can reduce latency more due to the 

dominance of low-latency operations like skip_connect as it happens in experiment 11 (Figure 5.8). 

Figure 5.6, Figure 5.7, and Figure 5.8 display the cells found during the search for experiments 1, 

2 and 11. Figure 5.8 illustrates that for cells obtained from experiment 11, there are no convolution 

operations between nodes. This is because we increased η and τ to 1.0, which implies that the loss 

will be more affected by latency. Consequently, operations with lower latency (such as 

skip_connect and max_pool), which lack learning capacity, are favored during the search process. 
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Table 5.5 Test set evaluation for derived 1-cell architectures 

Experiment # 𝜼 𝝉 Test accuracy (%) Latency (ms) 

1 0.0 0.0 63.06 2.14 

2 0.2 0.5 58.75 0.87 

3 0.2 1.0 54.53 0.48 

4 0.4 0.5 57.95 0.87 

5 0.4 1.0 47.47 0.46 

6 0.6 0.5 53.08 0.48 

7 0.6 1.0 48.67 0.46 

8 0.8 0.5 54.46 0.48 

9 0.8 1.0 48.88 0.46 

10 1.0 0.5 54.25 0.48 

11 1.0 1.0 50.14 0.46 

 

In contrast, accuracy and latency increased in experiment 1, most likely because the loss function 

did not include latency parameters. Hence, during this scenario, the search process prioritized 

operations that led to higher accuracy without considering latency. As a result, the corresponding 

cell from this experiment, depicted in Figure 5.6, contains more convolutions than those in other 

experiments. Nevertheless, experiment 2 achieved a reasonable balance between accuracy and 

latency, as Figure 5.7 shows that the corresponding cells contained a mix of convolution and 

max_pooling operations. 
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Figure 5.6 Normal cell obtained from experiment 1 (1-cell) 

 

 

Figure 5.7 Normal cell obtained from experiment 2 (1-cell) 

 

 

Figure 5.8 Normal cell obtained from experiment 11 (1-cell) 

 

5.2.2 Results for 2-cell architecture 

For this configuration, the search conducted in experiment 1 (Figure 5.9) achieves the best accuracy 

but the worst latency compared to searches conducted in other experiments, as can be seen in Figure 

5.9, Figure 5.10 and Figure 5.11.This is expected because the factors η and τ are set to 0.0 in the 

loss function. We can see that by increasing the values of η and τ, the accuracy and latency drop 

gradually, however the rate of dropping in not the same when we fixed one of the latency 

parameters. Similar to section 5.2.1, the next step is choosing a network from the search plot based 

on its accuracy and latency. For all experiments, we chose the derived network indicated by 

coloured arrows in related figures, based on the highest accuracy. Table 5.6 shows the test accuracy 

and latency of the chosen networks after 600 epochs of training.  
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Figure 5.9 Search plots for experiment 1 – experiment 3 (2-cell) 

 

Figure 5.10 Search plots for experiment 4 – experiment 7 (2-cell) 
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Figure 5.11 Search plots for experiment 8 – experiment 11 (2-cell) 

 

Figure 5.12 Search plots for three experiments 1, 2, and 11 (2-cell) 
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Table 5.6 Test set evaluation for derived 2-cell architectures 

Experiment # 𝜼 𝝉 Test accuracy (%) Latency (ms) 

1 0.0 0.0 77.93 4.09 

2 0.2 0.5 74.30 2.41 

3 0.2 1.0 61.94 0.97 

4 0.4 0.5 70.50 1.97 

5 0.4 1.0 60.95 0.65 

6 0.6 0.5 68.61 1.36 

7 0.6 1.0 60.77 0.65 

8 0.8 0.5 61.81 0.65 

9 0.8 1.0 60.77 0.65 

10 1.0 0.5 61.49 0.65 

11 1.0 1.0 60.98 0.64 

 

According to Table 5.6, an increase in η and τ results in a decrease in latency. The network obtained 

from experiment 11 exhibits the lowest latency (0.64 ms), while the network obtained from 

experiment 1 shows the highest accuracy (77.93%). Despite achieving an accuracy around 2.63% 

lower than experiment 1, experiment 2 has better latency, approximately 1.70x lower than that of 

experiment 1. It is worth noting that the drop in latency and accuracy is different when latency 

parameters increase. For example, in experiment 2 and 3, we can observe that by fixing η to 0.2 

and increasing τ from 0.5 to 1.0, accuracy and latency decrease 12.36% and 1.44 ms, respectively. 

This is likely because of exponential effect of τ in the loss function. The following graphs, Figure 
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5.13-Figure 5.18, show the cells discovered from the search process for experiments 1, 2 and 11. 

For the cells from experiment 11, as shown in Figure 5.17 and Figure 5.18, there are no convolution 

operations between nodes as we similarly observed in the previous configuration in section 5.2.1, 

and this is because we set η and τ to 1.0, which means the loss will be more penalized by latency. 

Therefore, the search process tends to choose operations with lower latency (e.g., skip_connect and 

max_pool), which do not have learning capacity. On the other hand, in experiment 1, the accuracy 

and latency increased by removing latency parameters in the loss function. Therefore, similar to 1-

cell experiments, in this scenario, the search process tends to choose those operations that lead to 

a higher accuracy without considering the latency. In this way, the related cell from this experiment, 

shown in Figure 5.13 and Figure 5.14, contained more convolutions than the others. However, 

experiment 2 achieves a balance between accuracy and latency, as can be seen in Figure 5.15 and 

Figure 5.16, and the corresponding cells contain a combination of convolution, max_pooling and 

skip_connect operations. 

 

 

Figure 5.13 Normal cell obtained from experiment 1 (2-cell) 

 

 

Figure 5.14 Reduction cell obtained from experiment 1 (2-cell) 
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Figure 5.15 Normal cell obtained from experiment 2 (2-cell) 

 

 

Figure 5.16 Reduction cell obtained from experiment 2 (2-cell) 

 

 

Figure 5.17 Normal cell obtained from experiment 11 (2-cell) 

 

 

Figure 5.18 Reduction cell obtained from experiment 11 (2-cell) 
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5.2.3 Results for 3-cell architecture  

The accuracy and latency results for a 3-cell architecture are presented in Figure 5.19, Figure 5.20 

and Figure 5.21. The results indicate that experiment 1 attained the highest accuracy but a lower 

latency than other experiments. The observed difference is due to the factor η and τ utilized in the 

loss function, in which τ is varied between two values, 0.5 and 1.0, while η has five values ranging 

from 0.2 to 1.0, with a difference of 0.2 between each value through experiment 2 and experiment 

11. In experiment 1, we set η and τ to 0.0 to obtain the maximum accuracy while ignoring latency. 

Figure 5.22 illustrates the comparison among experiments 1, 2 and 11. 

 

 

Figure 5.19 Search plots for experiment 1 – experiment 3 (3-cell) 
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Figure 5.20 Search plots for experiment 4 – experiment 7 (3-cell) 

 

Figure 5.21 Search plots for experiment 8 – experiment 11 (3-cell) 
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Figure 5.22 Search plot for three experiments 1, 2, and 11 (3-cell) 

 

Table 5.7 indicates, in all experiences if τ is set to 0.5, raising η leads to a reduction in latency and 

accuracy. However, increasing τ to 1.0 decreases the latency even more significantly, reaching a 

value of ~0.81 (ms) after experiment 3. This is likely because of exponential effect of the τ 

parameter in the loss function (Equation (4.7)), as we have seen in other architecture 

configurations. The network derived from experiment 11 demonstrates the lowest latency (0.80 

ms), whereas experiment 1 produces the highest accuracy (82.18%). Despite registering a slightly 

lower accuracy of about 1.97% than experiment 1, experiment 2 records better latency, roughly 

1.54x lower than that of experiment 1. The following graphs, Figure 5.23-Figure 5.28, present the 

cells identified through the search process for experiments 1, 2 and 11. In comparison to the 

previous experiments conducted for the 1-cell and 2-cell architecture, we can draw the same 

conclusion: as η and τ increases, the search process favors operations with lower latency, and the 

accuracy can potentially decrease. 
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Table 5.7 Test set evaluation for derived 3-cell architectures 

Experiment # 𝜼 𝝉 Test accuracy (%) Latency (ms) 

1 0.0 0.0 82.18 4.56 

2 0.2 0.5 80.21 2.97 

3 0.2 1.0 70.40 1.61 

4 0.4 0.5 78.54 2.22 

5 0.4 1.0 64.75 0.81 

6 0.6 0.5 71.39 1.99 

7 0.6 1.0 62.54 0.82 

8 0.8 0.5 71.09 2.00 

9 0.8 1.0 63.42 0.81 

10 1.0 0.5 62.25 1.14 

11 1.0 1.0 60.79 0.80 

 

 

 

Figure 5.23 Normal cell obtained from experiment 1 (3-cell) 
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Figure 5.24 Reduction cell obtained from experiment 1 (3-cell) 

 

 

Figure 5.25 Normal cell obtained from experiment 2 (3-cell) 

 

 

Figure 5.26 Reduction cell obtained from experiment 2 (3-cell) 

 

 

Figure 5.27 Normal cell obtained from experiment 11 (3-cell) 
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Figure 5.28 Reduction cell obtained from experiment 11 (3-cell) 

Figure 5.29 and Figure 5.30 display a comparative chart of experiments 1, 2 and 11 in accuracy 

and latency across various architectures. We chose these experiments since they represent the best 

accuracy without considering latency, the best accuracy considering latency and the best latency, 

respectively. The chart reveals that increasing the number of cells leads to an expected growth in 

accuracy as well as latency. This is because adding more cells enhances the architecture's learning 

capacity, which results in a rise in accuracy. However, this also increases latency due to the higher 

number of operations involved. Overall, these conducted experiments show that it is feasible to 

reach a balance between accuracy and latency depending on the requirement of a given application. 

 

Figure 5.29 Accuracy comparison of experiments 1, 2, and 11 
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Figure 5.30 Latency comparison of experiments 1, 2, and 11 
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 CONCLUSION 

 

In this thesis, we aimed to discover performant Quantized Neural Networks (QNNs) in terms of 

accuracy and latency utilizing Neural Architecture Search (NAS). Additionally, we introduced a 

method to incorporate latency as a hardware criterion into the search process. To achieve this, we 

investigated the feasibility of implementing a latency model based on our target hardware platform. 

This chapter provides an overview of the contributions made in this study and discusses its 

limitations and potential avenues for future works. 

6.1 Summary of the work 

We used a gradient-based NAS, the DARTS framework, to find Quantized Neural Networks 

(QNNs) that are both accurate and have low latency, aiming to implement them in FPGAs using 

the FINN compiler. FINN is a framework to accelerate and deploy QNNs on FPGAs. To 

accomplish this, we made a series of modifications to the DARTS framework to adapt it to QNNs. 

In this regard, we defined a search space containing operations such as quantized standard 

convolutions using Brevitas, a PyTorch-based software framework for developing and deploying 

quantized neural networks. Brevitas’ unified APIs allowed us to substitute the regular Pytorch 

implementation of operations such as convolution and pooling with their corresponding Brevitas 

versions, and to export the resulting models to the FINN compiler. 

Moreover, to include latency as an optimisation criterion in the search process, it was necessary to 

integrate it into the loss function. Therefore, we first developed a model to predict the latency of 

the generated network by estimating the individual operation latencies as implemented via FINN. 

This involved creating a lookup table of operation latencies and designing a function to calculate 

the total latency of the generated model at each search step. As a result, measuring the real-time 

latency of the whole model by implementing it on target hardware via FINN was no longer 

necessary. Once the latency was obtained, we combined it into the loss function along with the 

accuracy loss using two control parameters, eta and tau. 

Furthermore, we presented the outcomes of conducted experiments on CIFAR-10 dataset to 

evaluate the impact of incorporating latency into the loss function. Our results show that the search 

process was able to adopt the latency impact and explore desired models accordingly. For example, 
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for all architectures (i.e., 1-cell, 2-cell and 3-cell) we achieved around 1.9x latency reduction with 

only a few accuracy drop about 3.3% on average compared to the architectures found via ignoring 

latency through the search process. Hence, we showed it is feasible to employ this methodology to 

develop efficient QNNs considering both accuracy and latency. 

6.2 Limitations 

Initially, we selected 1, 2, and 3-bit quantization schemes for both weights and activations. 

However, it did not yield satisfactory outcomes due to several reasons mentioned in section 3.3. 

Consequently, we increased the bitwidth to 4, improving performance. Therefore, all experiments 

conducted in this thesis utilized a 4-bit quantization scheme. In addition, the DARTS framework 

initially included a range of operations such as separable and dilated convolutions in its search 

space. Nevertheless, we learned that it was not viable to utilize separable and dilated convolutions 

since the FINN compiler's automatic standard build flow does not support them and necessitates a 

complex custom build script that must be designed manually. Hence, we opted to replace separable 

and dilated convolutions with standard convolutions to follow the FINN standard build flow. 

Furthermore, the standard build flow in the FINN framework can handle only standard models, 

such as VGG16, which consist only of successive layers. It does not support more complex models, 

such as Resnet50, with residual connections. This is challenging for implementing DARTS cells, 

which have numerous residual connections. Although the FINN developers have recently added 

support for Resnet blocks, adapting such networks still requires significant modifications to the 

build script. To alleviate this limitation, we proposed an offline model to approximate the model 

latency. 

6.3 Future work 

There are several potential directions for future research. First, it would be interesting to modify 

the FINN compiler standard build script to cover DARTS-generated architectures. This would 

allow more accurate latency measurements. Secondly, considering hardware criteria other than 

latency, such as area and power, would be a promising way to make the search process more 

hardware-aware. Finally, considering quantization-aware searching methods can potentially lead 

to find more efficient neural networks by assigning different bit-width for different operations.
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APPENDIX A   EXPERIMENTAL DETAILS 

 

For all experiments in this thesis, we optimized the weights w using momentum SGD with an initial 

learning rate of 0.025, a momentum of 0.9, and a weight decay of 0.0003. The architecture 

parameters (α's) in normal and reduction cells were randomly initialized using a normal distribution 

(mean 0 and variance 1). We used the Adam optimizer with an initial learning rate of 0.0003, the 

momentum of (0.5, 0.999), and weight decay of 0.001 to optimize α, and the search took 5, 9 and 

20 hours for each 1-cell, 2-cell and 3-cell experiment, respectively, on a single GPU.
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APPENDIX B   DIFFERENT TYPES OF CONVOLUTIONS 

 

Standard and depthwise separable convolutions 

A standard convolutional layer in a neural network applies a single filter to the input data, 

computing a dot product between the filter and a small portion of the input and then sliding the 

filter over the entire input data to generate a feature map. The computational cost of this layer 

depends on the filter size, input size, and the number of output channels. On the other hand, a 

depthwise separable convolution layer splits the standard convolution into two separate steps: a 

depthwise convolution and a pointwise convolution. The depthwise convolution applies a filter to 

each input channel, generating output feature maps with the same number of channels as the input. 

The pointwise convolution then combines the output feature maps from the depthwise convolution 

using a 1x1 convolution, producing output feature maps with a new number of channels. Depthwise 

separable convolution lowers the computational cost by reducing the number of parameters and 

computations required to process the input. Figure B.1 and Figure B.2 provide examples of 

standard and depthwise separable convolutions, respectively. As shown, the number of learnable 

parameters in depthwise separable convolution is significantly less than its standard counterpart, 

with 3 × (3 × 3 × 1) + 128 × (1 × 1 × 3) = 411 and 128 × (3 × 3 × 3) = 3456 parameters, respectively. 

 

Dilated convolution 

Dilated convolution uses a filter with spaces between values to process larger areas of an image 

without increasing the number of parameters. This is done by adding zeros between the filter 

values, allowing the network to incorporate more distant spatial information. Dilated convolution 

is often used in tasks requiring a large context, such as image segmentation [82]. 
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Figure B.1 Standard convolution 

 

 

 

Figure B.2 Depthwise separable convolution 


