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Abstract

The exponential growth of AI model size presents significant challenges in terms

of computational resources and memory footprints. To address these challenges,

both software and hardware engineers are exploring optimization strategies. On the

software side, model compression techniques such as pruning and quantization aim to

reduce the number of parameters, without significantly sacrificing accuracy. On the

hardware side, specialized processors such as AI accelerators or Neural Processing

Units (NPUs) are being developed, especially to optimize the execution of matrix

multiplication, a key operation in AI workloads.

However, AI models are also becoming increasingly diverse, leading to varied

computational and memory requirements. As such, uniform optimization strategies

are no longer sufficient to handle this diversity effectively. To address this, it is

crucial to expand the design space, allowing design choices to be customized based

on the specific characteristics of each AI model.

This thesis proposes an expanded design space approach. On the software al-

gorithm side, advanced tensor decomposition algorithms are introduced, allowing

layerwise customization of decomposition schemes for a given AI model. This fine-

grained approach significantly reduces accuracy degradation by 7 to 20 percentage

points compared to prior methods. On the hardware architecture side, the thesis

enhances novel dataflow designs using Field Programmable Gate Arrays (FPGAs).

A novel memory management methodology intelligently allocates both on-chip and

off-chip memory resources, achieving a latency reduction of 25 to 48%. Additionally,

the thesis bridges the gap between software and hardware through fast and efficient

design automation techniques, cutting the search time by at least 10×. This inte-
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gration demonstrates significant potential for the efficient acceleration of AI models

and reduces repetitive engineering efforts in the rapidly evolving AI landscape.
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Contents
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.4 Codebase Availability . . . . . . . . . . . . . . . . . . . . . . 8

1.1 Motivation

The exploitation of bio-inspired Artificial Intelligence (AI), particularly neural net-

works, is not a new concept; its history can be traced back to the 1940s. However,

the past 15 years have witnessed a remarkable resurgence in interest and signifi-

cant advances in this technology, transforming neural networks into a cornerstone

of modern Deep Learning (DL) methods.

Deep Neural Networks (DNNs) have pushed the state-of-the-art in numerous

tasks, such as face recognition, image classification, machine translation, and sen-

timent analysis, beyond what was previously thought achievable through classical
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methods. For example, in image classification, DNNs have drastically reduced error

rates in the ImageNet competition [1], showcasing their ability to learn from vast

amounts of visual data. In machine translation, DNNs have revolutionized the field

by enabling real-time, high-quality translations across multiple languages, as seen

in tools like Google Translate. More recently, the great success of GPT models [2]

has further showcased the versatility and power of DNNs.

The impressive success of DNNs over the past 15 years is driven by key develop-

ments in both software and hardware domains.

• The availability of large datasets like ImageNet [1] provides millions of labeled

samples to train complex and accurate models. These extensive datasets offer

diverse and comprehensive examples, enabling models to learn robust repre-

sentations and generalize better across various tasks and domains.

• Advancements in training techniques such as Stochastic Gradient Descent

(SGD) [3], dropout regularization [4], batch normalization [5], data augmen-

tation [6] and so on, significantly boosted the training efficiency and general-

ization capabilities for DNNs.

• The evolution of model architectures, from the introduction of residual connec-

tions [7] that mitigate the vanishing gradient problem and enable the training

of very deep networks, to more recent transformer styles [8] that excel in cap-

turing long-range dependencies and parallelizing training, enhances both the

scalability and efficiency of neural networks.

• Developments in hardware technologies, have dramatically accelerated the

training and deployment of AI models. With their massively parallel process-

ing capabilities, GPUs and TPUs offer optimized performance and efficiency

specifically for matrix multiplications which are the main AI workloads. The
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hardware advancements have enabled more complex models and faster exper-

imentation cycles, driving rapid progress in the field.

Many existing software [9]–[11] and hardware [12], [13] technology stacks for DL

are adopting a “one-size-fits-all” approach, which refers to using a general-purpose

solution designed to work across a wide range of models and applications without

customization. The advantage of this universal approach lies in its simplicity and

broad applicability. However, such a universal approach can lead to sub-optimal

performance especially when deploying diverse AI models in edge applications that

involve resource-constrained devices and performance-sensitive scenarios. There-

fore, model-specific customization is desirable for accelerating AI workloads with

enhanced efficiency.

To address the significant engineering efforts associated with customization, de-

sign automation techniques become essential. These techniques can streamline the

customization process, making it more feasible to optimize software and hardware

configurations for specific models, and deliver end-to-end solutions. Examples of

such techniques include Intel OpenVINO [14], AMD Vitis AI [13], and Nvidia Ten-

sorRT [15], though they currently focus more on software and compiler optimizations

to enhance performance, leaving hardware-specific customization as a challenging

frontier.

1.2 Overview

The research contributions of this thesis can be summarized as follows:

• From a software algorithm perspective, this thesis introduces the first fine-

grained tensor decomposition algorithms for compressing model parameters

(weights), allowing layer-wise customization of decomposition schemes for a



4 CHAPTER 1. INTRODUCTION

given AI model. Compared to state-of-the-art solutions, our fine-grained ap-

proach significantly reduces the accuracy degradation by 7 to 20 percentage

points. This marks the first time that tensor decomposition achieves results

comparable to other orthogonal model compression approaches, such as quan-

tization and pruning.

• From a hardware architecture perspective, the research focuses on enhancing

dataflow AI accelerators targeting Field Programmable Gate Arrays (FPGAs).

These accelerators are designed to customize data movement and computation

for deep learning tasks, leveraging the reconfigurable nature of FPGAs to

achieve superior performance. We propose a methodology that intelligently

exploits both on-chip and off-chip memory for these accelerators, resulting in

a latency reduction of 25 to 48%.

• From a co-design perspective, the thesis addresses the integration of software

and hardware through fast and efficient design automation, achieving at least

a 10× reduction in search time. Such a co-design process ensures that soft-

ware algorithms and hardware implementations work seamlessly together, and

moreover, it enables system-level co-optimization by allowing the hardware

and software to be jointly designed and fine-tuned.

As Figure 1.1 shows, in terms of the structure of this thesis, it is organized into

the following chapters:

Chapter 2 begins with an overview of the background and literature on op-

timization techniques for the AI model inference stage. It covers both software

algorithm and hardware architecture designs, establishing the state-of-the-art, par-

ticularly in model compression and accelerator architecture designs. The chapter

also discusses the challenges encountered in these areas, providing the motivation

for the innovations introduced in the following chapters.
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Tensor decomposition, particularly Singular Value Decomposition (SVD), is a

widely used technique for compressing AI model parameters. However, traditional

SVD algorithms [16]–[18] typically apply uniform decomposition across all layers in

a network, which can result in significant accuracy degradation (ranging from 20 to

70 percentage points). This degradation often requires fine-tuning to recover the

accuracy, which is not always practical.

To overcome this issue, Chapter 3 introduces a novel SVD algorithm that en-

ables layer-specific mixing of decomposition schemes, tailored to the needs of each

layer. Additionally, this chapter proposes a streaming FPGA accelerator architec-

ture designed to efficiently support this new method, improving both model perfor-

mance and hardware efficiency.

Building on this, Chapter 4 extends the discussion by addressing the limitations

of prior research, which only considered extreme cases in terms of decomposition

schemes and left much of the design space underexplored. We propose reimagining

the SVD process as a layer-wise substitution of the original pre-trained network

with a low-rank architecture design space, composed of parameterizable building

blocks. We demonstrate how thoroughly exploring this design space using Neural

Architecture Search (NAS) can significantly improve the model’s accuracy while

maintaining compression benefits.

While SVD is the most common tensor decomposition method, others, such as

Canonical Polyadic Decomposition (CPD), are also available. However, existing

research does not combine these techniques within the same AI model. To address

this, Chapter 5 explores the integration of SVD and CPD, showing that mixing

them can enhance both model accuracy and performance. Alongside algorithmic

improvements, this chapter introduces a co-design automation flow that optimizes

resource-constrained accelerator design and incorporates hardware-awareness into

the compression algorithm using throughput proxies, optimizing performance at
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Figure 1.1: The research contributions of this thesis include: (1) advanced,
fine-grained tensor decomposition algorithms that can significantly enhance the
accuracy-performance trade-off on both many different devices such as FPGAs and
mobile CPUs; (2) fast design automation techniques, specifically for model-specific
computation and memory customization in dataflow architecture designs.

both the algorithmic and hardware levels.

The streaming, layer-pipelined FPGA accelerator is highly customizable, for

example, it can efficiently accelerate decomposed AI models. However, implementing

such a streaming architecture on resource-constrained devices remains challenging.

Prior approaches [19]–[21] store all model weights on-chip, creating a bottleneck.

This is especially problematic as modern CNNs can have hundreds of millions of

model parameters [7], while most FPGA devices only offer tens of megabytes of on-

chip memory [22]. This mismatch between model size and available on-chip memory

limits the deployment of layer-pipelined FPGA accelerators to only small models.

Meanwhile, we found in all existing layer-pipelined FPGA accelerators, off-chip

memory bandwidth is left underutilized. As such, in Chapter 6, we introduce a

novel memory management methodology for layer-pipelined accelerators that lever-

ages both on-chip and off-chip memory for model weights storage. This enables
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the deployment of large-scale AI models on resource-constrained FPGA devices in

a streaming manner, leading to high throughput and low latency.

1.3 Publications

The following is a list of publications that have resulted from the research conducted

in this thesis:

1. Zhewen Yu and Christos-Savvas Bouganis, “StreamSVD: Low-rank Approx-

imation and Streaming Accelerator Co-design”, International Conference on

Field-Programmable Technology (ICFPT), 2021

2. Alexander Montgomerie-Corcoran*, Zhewen Yu* and Christos-Savvas Bouga-

nis, “SAMO: Optimised Mapping of Convolutional Neural Networks to Stream-

ing Architectures”, International Conference on Field Programmable Logic

and Applications (FPL), 2022

3. Zhewen Yu and Christos-Savvas Bouganis, “SVD-NAS: Coupling Low-Rank

Approximation and Neural Architecture Search”, IEEE/CVF Winter Confer-

ence on Applications of Computer Vision (WACV), 2023

4. Zhewen Yu and Christos-Savvas Bouganis, “Mixed-TD: Efficient Neural Net-

work Accelerator with Layer-Specific Tensor Decomposition”, International

Conference on Field-Programmable Logic and Applications (FPL), 2023

5. Alexander Montgomerie-Corcoran*, Zhewen Yu*, Jianyi Cheng and Christos-

Savvas Bouganis, “PASS: Exploiting Post-Activation Sparsity in Streaming

Architectures for CNN Acceleration”, International Conference on Field-Prog-

rammable Logic and Applications (FPL), 2023
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6. Alexander Montgomerie-Corcoran, Petros Toupas, Zhewen Yu, Christos-

Savvas Bouganis, “SATAY: A Streaming Architecture Toolflow for Acceler-

ating YOLO Models on FPGA Devices”, International Conference on Field-

Programmable Technology (ICFPT), 2023

7. Zhewen Yu and Christos-Savvas Bouganis, “AutoWS: Automate Weights

Streaming in Layer-wise Pipelined DNN Accelerators”, Design, Automation

and Test in Europe Conference (DATE), 2024

8. Petros Toupas*, Zhewen Yu*, Christos-Savvas Bouganis and Dimitrios Tzo-

varas, “SMOF: Streaming Modern CNNs on FPGAs with Smart Off-Chip

Eviction”, IEEE International Symposium On Field-Programmable Custom

Computing Machines (FCCM), 2024

9. Zhewen Yu, Sudarshan Sreeram, Krish Agrawal, Junyi Wu, Alexander Mont-

gomerie-Corcoran, Cheng Zhang, Jianyi Cheng, Christos-Savvas Bouganis,

Yiren Zhao, “HASS: Hardware-Aware Sparsity Search for Dataflow DNN Ac-

celerator”, International Conference on Field-Programmable Logic and Appli-

cations (FPL), 2024

* indicates equal contribution

1.4 Codebase Availability

To promote reproducibility and transparency, all the code used in this thesis is made

available as open source. The following repositories contain the implementation and

related scripts:

• Code for Chapter 3, available at https://github.com/Yu-Zhewen/StreamSVD
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• Code for Chapter 4, available at https://github.com/Yu-Zhewen/SVD-NAS

• Code for Chapter 5, available at https://github.com/Yu-Zhewen/Mixed-TD

• Code for Chapter 6, available at https://github.com/Yu-Zhewen/AutoWS
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This chapter first reviews the trends in AI model design, followed by an intro-

duction to common model compression techniques such as pruning, quantization,

and decomposition. It then summarizes FPGA hardware accelerators, highlighting
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their architecture. Finally, it discusses the design space exploration for optimizing

these accelerators.

2.1 Model Design and Compression

2.1.1 Common Operations in AI Models

A typical AI model involves the forward pass, which propagates the input data

through the network to generate predictions, and the backward pass, which cal-

culates the gradients of the loss function to update the parameters (weights and

biases) of the network. One of the simplest yet most fundamental AI Models is the

Multi-Layer Perceptron (MLP). This model consists of multiple sequentially cas-

caded fully connected layers, where inside each layer, the multiplication operation

occurs between a trainable weight matrix and the data vector. An optional bias

vector may also be added to produce the results fed into the next layer. Between

every two fully connected layers, non-linear activation functions are used to enhance

the model’s ability to capture complex relationships between inputs and output.

The fully connected layer is also known as the dense layer in some literature, as

each element (neuron) of the output vector is influenced by the entire input data

vector. This results in high computation and memory complexity, which grows

quadratically with the increase in the size of the data vector. To reduce such com-

plexity, the convolutional layer is widely used in recent AI models, especially when

targeting computer vision tasks like image classification [23], object detection [24]

and semantic segmentation [25]. Convolutional layers utilize weight-sharing across

2-D spatial dimensions and employ a sliding window technique. This allows them to

efficiently capture local spatial features. Additionally, convolutional layers introduce

spatial invariance, enabling the model to recognize objects regardless of their posi-
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tion within the input. To further downsample the data size as the model deepens,

pooling layers are often employed alongside convolutional layers.

Note that when evaluating an AI model, from the software perspective, metrics

that are commonly used include prediction accuracy, which assesses the proportion

of correct predictions made by the model. In addition, the number of operations

and parameters involved are critical, as they represent the computational complexity

and memory footprints respectively. Figure 2.1 demonstrates the common design

process for AI models, highlighting the key stages such as model definition and

model compression. Next, we will summarize previous literature related to these

two aspects.

Figure 2.1: To design an efficient model with competitive accuracy, the process typ-
ically involves hand-crafting the model architecture or utilizing Neural Architecture
Search (NAS), training the model from scratch, compressing it to enhance efficiency,
and fine-tuning it to restore or improve accuracy.

2.1.2 Evolution of AI Models for Vision Tasks

AlexNet [26] and VGG [27] were among the early pioneers in deep convolutional

neural networks for image classification. AlexNet, introduced in 2012, demonstrated

the power of deep learning by winning the ImageNet Large Scale Visual Recogni-

tion Challenge (ILSVRC) [1]. This architecture of AlexNet, combining convolution,

pooling, and ReLU activation for feature learning, followed by fully-connected layers

for classification, has since become a standard and influential structure in the design
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of CNNs. Later in 2014, VGG contributed to the advancement of accuracy in image

classification by adopting a strategy of increased depth. With 16 to 19 convolu-

tional and fully-connected layers, VGG demonstrated that deeper networks could

yield higher precision. Notably, VGG also employed small convolutional kernel sizes

(3× 3).

Instead of having a sequential network architecture, GoogleNet [28] and ResNet

[7] introduce branch connections to the CNN design to make the networks even

deeper. GoogleNet, in particular, introduced the Inception module, by leveraging

multiple kernel sizes on the same input data simultaneously. The outputs of these

diverse kernels are then concatenated, allowing the network to capture features

at different scales effectively. ResNet, in 2015, introduced the Residual block to

address the vanishing gradient problem when training extremely deep networks.

The Residual block contains a skip connection allowing for elementwise addition

between the block’s input and output. This design innovation enables ResNet to

scale up to 152 convolutional and fully-connected layers. Notably, ResNet achieved

state-of-the-art accuracy at that time, reaching an impressive 80.62% on ImageNet.

Furthermore, DenseNet [29] was introduced in 2017, with extra connections from

one layer to all subsequent layers so that their feature maps are concatenated.

Beyond accuracy, the required computation effort and memory storage are also

crucial considerations in CNN design. As such, the authors of SqueezeNet [30] sug-

gest replacing 3 × 3 convolution filters with 1 × 1 filters, and reducing the number

of channels fed into the remaining 3 × 3 filters. As a result, SqueezeNet achieves

similar accuracy as AlexNet but reduces the number of parameters by 50×. Fur-

thermore, ResNeXt[31] utilized grouped convolution which splits the input channels

of each layer into multiple groups and each filter only needs to process the inputs

from one of the groups. This approach was also enhanced in ShuffleNet [32] where

the channels are occasionally shuffled between groups for improved accuracy.
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MobileNet [33], introduced in 2017, targets mobile and edge devices with limited

resources. Its design revolves around depthwise separable convolutions, splitting

the standard convolution into depthwise and pointwise (1 × 1) convolutions. The

depthwise convolution, as an extreme case of grouped convolution where each group

only contains one channel, significantly reduces parameters and operations. More

recently, EfficientNet [34], proposed by Tan et al. in 2019, takes a different approach

by optimizing both depth (the number of layers), width (the number of channels),

and resolution (spatial size) simultaneously to achieve better efficiency. It introduces

a compound scaling method that uniformly scales these dimensions.
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Figure 2.2: Benchmark AI models on ImageNet dataset [1]. Top-1 Accuracy, number
of Multiply–accumulate operations, and number of parameters are reported.

Since 2020, the introduction of Vision Transformer [35] has attracted a lot of

attention from the research community. However, as shown in two recent studies,

RepVGG [36] and ConvNeXt [37], CNNs remain competitive in the vision domain.

RepVGG introduces an innovative approach by separating the network architectures

at the training and the inference time. During training, each 3 × 3 convolutional

layer is accompanied by residual-style skip connections. Subsequently, during in-

ference, these skip connections are fused into the 3 × 3 convolutional layers using

the “Reparameterization” trick [38]. The fused RepVGG models exhibit an impres-
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sive 83% improvement in speed compared to ResNet-50. In the case of ConvNeXt

[37], it exploits techniques traditionally confined to language models, such as larger

kernel size, GeLU activation [39] and layer normalization [40]. These techniques

are strategically adapted to the vision domain, resulting in ConvNeXt achieving an

outstanding 85.5% accuracy on the ImageNet dataset. This surpasses ViT’s 79.7%

accuracy while using fewer parameters and operations, as shown in Figure 2.2.

2.1.3 Model Pruning

From this section, we summarize the existing literature on model compression, fo-

cusing primarily on pruning, quantization, and tensor decomposition approaches. A

high-level visual comparison of these techniques is provided in Figure 2.3.

Figure 2.3: Visualization of model compression methods, including pruning, quan-
tization, and decomposition, with the number of operations annotated inside the
brackets.

Pruning is a technique to reduce the size of a neural network by eliminating cer-

tain connections or neurons. To minimize the impact of pruning on the network’s

accuracy, a typical approach is to sort the importance of connections by the L1

norm or L2 norm of the weights and activations, and then remove those unimpor-

tant connections in priority [41]–[44]. This pruning approach is also referred to as

magnitude-based pruning in previous literature. However, magnitude-based pruning
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may struggle when the data ranges of weights and activations vary a lot between

layers, making the importance comparison across layers challenging and leading to

sub-optimal pruning decisions. As an improvement, Molchanov et al. chose to nor-

malize the “magnitude” metric locally within each layer before being sorted globally

in the whole network [45].

Alternatively, Yu et al. introduced the “importance score” metric, which takes

the output of the second-to-last layer before classification, and back-propagates it

to previous layers by recursively multiplying the transpose of weight matrices [46].

Molchanov et al. proposed the “Taylor-expansion” metric that considers the change

of the network’s loss with respect to the values of weights [47]. The authors reported

0.19pp accuracy loss on ImageNet after pruning 50% neurons from VGG11-BN and

0.48pp accuracy loss after pruning 82% neurons from ResNet-34, claiming their

approach is superior to the conventional magnitude-based pruning.

Although pruning individual connections between neurons brings a high sparsity

ratio, it leaves the pruned neural network unstructured, making it difficult to be

efficiently exploited on hardware for parallel computation. Instead, channel prun-

ing, which removes an entire channel each time, is a structured and coarse-grained

pruning method [42], [48], [49]. When combined with the various importance met-

rics discussed earlier, channel pruning has been widely adopted due to its structured

nature, which makes it more efficient for parallel computation. The achievable com-

pression ratios and their corresponding impact on accuracy are demonstrated in

Table 2.1.

Channel pruning simplifies the deployment of the pruned model on various hard-

ware accelerators, at the cost of not fully utilizing the sparsity [51]. As a result,

channel pruning leads to more evident accuracy degradation than the unstructured

approaches, when targeting the same compression ratio [52]. There have been also

other researchers pruning along memory banks [53], blocks [54] or filter shapes [42]
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Table 2.1: Results of various structured pruning techniques evaluated on ImageNet
[1]. Accuracy results are reported after fine-tuning.

Method Year Model Top-1 Acc (%) Parameters (%) Operations (%)

[45] 2016 VGG16 -2.3 N/A -62.8

[46] 2018 ResNet-34 -0.9 -43.7 -43.8
ResNet-50 -0.9 -43.8 -44.0

[50] 2021 ResNet-50 -0.9 N/A -62.1
MobileNet-V1 -2.8 N/A -73.9

to compromise between unstructured pruning and channel pruning.

The above pruning approaches are applied to a pre-trained neural network. After

pruning, the weights in the pruned network can be further fine-tuned to recover

accuracy. The fine-tuning process can either be single-shot [55], which prunes the

network and fine-tunes it once, or be iterative, which interleaves the pruning and

the fine-tuning to progressively shrink the network. Instead, some other researchers

such as Wen et al. [42] integrated the importance metrics into the loss function as

the regularization, which directly encourages sparsity during network training.

2.1.4 Model Quantization

Quantization refers to the process of reducing the precision of the weights and activa-

tions in the network, since the original single-precision floating-point format (float32)

requires significant memory and computational resources. After quantization, the

new data format can take the form of integers and fixed-point numbers, such as

int8 [56] or binary representations [57]. Alternatively, low-precision floating-point

formats, such as bfloat16 [58] and minifloat [59] are also memory-efficient schemes

for quantization.

A central challenge in the quantization process is identifying the data range of

the original float32 values. A common practice is to utilize a calibration sub-dataset
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for this purpose, as suggested by Migacz et al. [60]. After range identification,

an optional clipping step can be applied to exclude outlier values. As such, previ-

ous studies determine the clipping threshold by minimizing the Mean Square Error

(MSE) or Kullback-Leibler (KL) Divergence [61] over the whole data distribution.

However, privacy and security concerns may impede the availability of the calibra-

tion sub-dataset. Therefore, recent studies [62], [63] generate synthetic images by

utilizing batch normalization statistics from a pretrained CNN model. The synthetic

images are then fed back into the same model to identify the data range in each

layer. After the quantization process, if no further fine-tuning is applied to weight

parameters, the process is referred to as post-training quantization. Otherwise, it is

known as quantization-aware training in previous literature [64].

Another research question in quantization is regarding the granularity of this

process. Previous literature [65] has pointed out that a uniform data type across all

layers in a network may prove suboptimal, especially when the data range exhibits

significant variation across different layers. One solution is adopting block floating

point, where the data are divided into blocks. Each number has its own mantissa but

the exponent is shared within the block. Lee et al. [66] claimed this block approach

has no accuracy loss for 8-bit quantization on VGG16. Regarding block size, it can

be set to a fixed configuration determined empirically through experimentation[67].

Specifically in CNNs, taking each channel as a block has become a popular choice,

as Table 2.2 demonstrates.

Another fine-grained, non-uniform quantization approach is adopting mixed pre-

cision For example, Wang et al. [70] developed a framework that uses reinforcement

learning to automatically chose the per-layer bitwidth. This mixed-precision quan-

tization approach halved the latency of MobileNet-V1 with 0.42pp top-1 accuracy

degradation. Furthermore, Banner et al. [61] proposed a per-channel bitwidth allo-

cation algorithm by minimizing the overall MSE.
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Table 2.2: Results of various post-training quantization techniques evaluated on the
ImageNet dataset [1].

Method Year Data format Granularity Model Top-1 Acc (%)

[61] 2018 int4

channel VGG16 -1.1
ResNet-18 -2.7
ResNet-50 -2.3
ResNet-101 -2.3

[68] 2019 int8
channel ResNet-18 0.0

MobileNetV1 -0.3
MobileNetV2 -0.5

[69] 2022 int4 channel ResNet-18 -0.2
ResNet-50 -0.4

2.1.5 Tensor Decomposition

Tensor decomposition expresses one tensor as a set of elementary and simpler tensors

that act on each other [71], [72]. The decomposition of a tensor A can be derived

through the following optimization problem:

min
a1,a2...aM

r1, r2 . . . rM s.t. ||A − f(a1, a2 . . . aM)|| ≤ ε, (2.1)

where ai, i ∈ [1,M ] is the set of elementary tensors and f is the approximation

function f so that the given M th-order tensor A is approximated within the desired

error boundary ε and the ranks of these elementary tensors ri are also minimised.

Depending on the operations inside the function f , there are different formats

of tensor decomposition available, where the most common one is Singular Value

Decomposition (SVD). SVD targets the compression of a given 2nd-order tensor,

which is M = 2 and A ∈ R
d1×d2 . As such, A is decomposed into the form of

A ≈ UrΣrV
T
r , (2.2)

where the rows of Ur and the columns of Vr are orthogonal bases, and Σr is a
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diagonal matrix containing the top-r singular values in descending order. After

absorbing the diagonal matrix Σr into Ur and Vr, the final format becomes the

product of two tensors and the number of parameters remaining is (d1 + d2)r. r

represents the rank of matrices after decomposition, where a smaller rank reduces

the memory storage requirement at the cost of the error introduced.

SVD can be used to compress the weights of convolutional and fully-connected

layers. Qiu et al. [73] utilized SVD to only decompose fully connected layers of

VGG16. They reduced the number of parameters from 138.36M to 50.18M with

only 0.04 percentage point (pp) top-5 accuracy loss. Zhang et al. [18] extended

this idea and further applied SVD to convolutional layers of VGG16, which achieves

3.8× and 2.9× speed-up on CPU and GPU with 0.3pp top-1 accuracy loss. In these

studies, the rank after decomposition is decided by hand-tuning [74]. However, it

becomes impractical since modern CNNs are very deep in terms of the number of

layers. As such, Zhang et al. [18] proposed an automatic one-shot rank selection

method based on eigenvalues. The selection of ranks is formulated as an optimiza-

tion problem, which maximizes the product-of-sum of eigenvalues from all weight

matrices. Similarly, Chen et al. [75] selected ranks with the normalized spectral

norm, which is the largest singular value of a given matrix. It is also possible to

let the network itself learn the ranks during the training phase, by combining a

low-rank regularization term into the loss function [76]–[78].

Apart from SVD, other tensor decomposition schemes such as Canonical Polyadic

Decomposition (CPD) [79], Tucker [17], Tensor Train (TT) [80], Tensor Ring (TR)

[81] are classified as Higher-Order Decomposition (HOD) methods where M > 2.

Let us take CPD as an example, given the M th-order tensor, A ∈ R
d1×d2×...dM , its

CPD format can be represented as the sum of the outer product of 1st-order tensors,

leaving the remaining number of parameters to be (d1 + d2 + . . . dM)r.



22 CHAPTER 2. BACKGROUND

A ≈

r
∑

i=1

a1,i ⊗ a2,i ⊗ . . . aM,i (2.3)

This set of 1st-order tensors can be computed via the Alternating Least Squares

(ALS) method [72], where the goal is to iteratively update one elementary tensor

while fixing all others and solving a least squares problem. When comparing SVD

and HOD methods for compressing weight matrices in CNNs, there is no conclu-

sive evidence regarding which achieves a better accuracy versus compression ratio

trade-off [17]. Therefore, both SVD and HOD methods remain viable options for

application in this context. Figure 2.4 illustrates the process of SVD and CPD,

where each node corresponds to a tensor.

Figure 2.4: Visualize the decomposition process using the Tensor Diagram Notation
[82]. Each solid node denotes a M th-order tensor with M edges. Edges connected
together represent the tensor contraction operation between two tensors. In CPD,
the hollow node with a cross inside represents the sum of the outer product.

When exploiting the above tensor decomposition methods, the values inside each

elementary tensor can be either derived through linear algebra approaches such as

SVD and ALS, or obtained by training the decomposed layers from scratch [16], [78].

In the latter case, tensor decomposition is used to provide a compact building block

structure only, which is not constrained by the linear relationships. For example,

the design of MobileNet [33] is inspired by SVD, but non-linear activation functions

were inserted between decomposed tensors so that training from scratch is required

in this case.

Moreover, training from scratch is also often used for sparse matrix factoriza-

tion methods, where tensor decomposition is incorporated with pruning together by
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sparsifying those decomposed elementary tensors. One such example is butterfly

factorization which efficiently represents matrices as products of block diagonal ma-

trices with sparse structures [83], [84]. Wu et al. [85] instead explored unstructured

sparse matrix factorization and the authors reported 85% parameter count reduction

on ResNet-50, with 1pp accuracy loss on ImageNet. Furthermore, in Table 2.3, we

present the accuracy degradation and the corresponding compression ratios achieved

by prior tensor decomposition techniques.

Table 2.3: Comparison of prior tensor decomposition techniques evaluated on the
ImageNet dataset [1]. Accuracy results are reported after fine-tuning, as those
decomposition methods generally cause significant accuracy degradation without
fine-tuning.

Method Year Model Top-1 Acc (%) Parameters (%) Operations (%)

[16] 2018 VGG16 -1.1 N/A -81.4
ResNet-34 -1.7 N/A -80.3

[78] 2020 AlexNet 0.0 N/A -79.1

[86] 2021 ResNet-18 -0.4 -43.5 -66.7
MobileNetV2 -1.5 -33.0 -11.0

2.1.6 Knowledge Distillation

Knowledge distillation is a specialized training technique that utilizes a large, well-

trained model as the “teacher” to guide the training of a smaller, more compact

“student” model. It can also help any existing model compression methods better

recover accuracy during the fine-tuning stage [87].

Specifically, Hinton et al. [88] incorporated the Kullback-Leibler (KL) divergence

into the training loss function to measure the difference in the prediction probability

distributions between the “teacher” and the “student” models. This idea was en-

hanced by Romero [89] and Yim [90], where the L2 norm is further used to calculate

differences in the activations of intermediate layers, not just the final output layers.
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Moreover, distillation can even be used to transfer the knowledge from the

“teacher” to the “student” model without accessing the whole training data [91],

[92], a few-sample approach that is particularly valuable when the original data

may be sensitive or proprietary, and cannot be easily shared. For instance, Li et al.

[92] demonstrated that using just 500 images with knowledge distillation can deliver

similar fine-tuned accuracy as using 50,000 images.

2.1.7 Neural Architecture Search

Neural Architecture Search (NAS) considers the automatic search process to identify

the best network architecture, instead of relying on human intuition and expertise

to manually design architecture. The key components associated with NAS are the

search space, search algorithm, and performance evaluation.

The search space defines the set of possible neural network architectures that

the algorithm can explore, which include both the size (number of layers, neurons,

filters, etc.) and connectivity (how layers are connected, skip connections, branching

structures, etc.). For example, DARTS [93] searched for the optimal layer connectiv-

ity inside the building block and stacked the optimal blocks together to build a deep

network. During the design of MobileNetV3 [94], the authors fixed the structure

of its basic building block and searched for the number of channels in each layer

instead.

In terms of the search algorithm, a brute-force search is usually not realistic due

to the large size of the search space. Instead, popular search algorithms include:

• Reinforcement Learning [95]. It treats the architecture search problem as a

sequential decision-making process. It contains an agent (controller) to explore

the search space and receive rewards based on the performance of sampled

architectures.
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• Evolutionary [96]. It mimics the process of natural selection by creating a

population of architectures, which are recombined and mutated to create the

next generation.

• Gradient Descent [97]. It designs a super-net that encompasses a diverse set

of architectures within a single model, and uses backpropagation to learn a

weighted sampling of these architectures.

When employing the search algorithm, the main bottleneck that prevents the

fast iteration of the search is the performance evaluation which usually involves

multiple objectives such as accuracy and latency. As such, proxy tasks are often

used to provide fast performance estimation and speed up the NAS process. For

example, the sampled architecture can be trained on a subset of data with a small

number of epochs for fast accuracy estimation [98]. In addition, the latency of an

architecture can be estimated using the number of operations involved [99].

2.2 Accelerator Design and Automation

2.2.1 CPU, GPU, TPU, and ASIC Accelerators

The Central Processing Unit (CPU) was originally designed for general-purpose

computation, while the Graphics Processing Unit (GPU) was developed for render-

ing images and real-time graphics. Although neither was initially intended for AI

tasks, both have been adapted to meet the growing demands of AI applications.

At the hardware level, AI-specific enhancements have improved the efficiency

and performance of AI workloads. For example, NVIDIA’s Tensor Cores optimize

operations like mixed-precision arithmetic, balancing speed and accuracy for deep
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learning tasks [100]. At the instruction level, modern CPUs and GPUs have intro-

duced specialized instruction sets to accelerate critical AI operations, such as matrix

multiplications, convolutions, and vector computations. Notable examples include

Intel’s AVX-512 VNNI and ARM’s NEON [101]. Software frameworks also play

a key role in optimizing AI workloads. NVIDIA’s CUDA [9], Apple’s MPS [102],

and AMD’s ROCm [103] provide specialized kernels tailored to their respective plat-

forms, enabling developers to maximize hardware potential.

Due to the general-purpose nature of CPUs and GPUs, their efficiency can be

limited. This is where Application-Specific Integrated Circuits (ASICs) prevail.

Google’s TPU [12] introduces a specialized Matrix Multiply Unit for high-efficiency

AI computations. Cerebras’ Wafer-Scale Engine [104] dedicates an entire wafer

of silicon to AI tasks, offering unmatched power and bandwidth. Groq’s Tensor

Streaming Processor [105] is another ASIC optimized for high-speed AI processing.

2.2.2 Building Accelerator on FPGA

Field Programmable Gate Arrays (FPGAs) are hardware reconfigurable devices

whose logic functions and interconnections can be reprogrammed to implement

various digital circuits and systems. Compared to Application-Specific Integrated

Circuits (ASICs), FPGAs have the advantages of lower initial cost and shorter de-

velopment time. The basic component of FPGAs is known as the Logic Cell (AMD

devices) or Logic Element (Altera devices) which consists of LookUp Tables (LUTs)

and Flip-Flops (FFs) for implementing logic functions.

Modern FPGAs also integrate dedicated hard blocks to enhance the performance

of common functions. For example, AMD 7 Series devices feature DSP blocks that

combine an 18-bit by 25-bit multiplier with a 48-bit adder, which are programmable

and can operate at a frequency of up to 800 MHz. Moreover, multiple low-precision
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operations (such as 4-bit or 8-bit) can be packed into one DSP for an enhanced

throughput in AI applications [106], [107]. Additionally, modern FPGAs also in-

tegrate on-chip Block RAM (BRAM) with configurable depth and width, offering

high efficiency and memory bandwidth.

Instead of focusing on plain FPGAs, there is also a growing trend of building

heterogeneous System-on-Chip (SoC) architecture. For instance, AMD Zynq and

Intel Agilex devices incorporated ARM processors. Furthermore, the latest Versal

ACAP devices from AMD further integrated the array of AI engines. These engines

are single-instruction multiple-data (SIMD) and very long instruction word (VLIW)

processors, designed especially for AI tasks.

When building AI accelerators on top of FPGAs, the typical design flow often

involves crafting the design at the Register Transfer Level (RTL) [108]. Alterna-

tively, High-Level Synthesis (HLS) allows designers to describe the functionality of

the accelerator at a higher level of abstraction [21], [109]. Moreover, template-based

modular design approaches [110], [111] have gained a lot of attention in FPGA-based

AI accelerator development. These approaches leverage pre-designed, reusable mod-

ules for common AI tasks, facilitating rapid design iteration and customization. To

further automate the design process, compilation toolflows [19], [20], [112] have been

explored, aiming to translate models defined in ML frameworks such as PyTorch and

Tensorflow into these hardware templates.

2.2.3 Layer-Sequential Architecture

In FPGA-based AI accelerators, the most common approach is layer-sequential ar-

chitecture, as seen in designs like DnnWeaver [113], Angel-Eye [114], and Snowflake

[115]. In these designs, convolutional layers, which typically form the primary com-

putational workload in CNNs, are processed sequentially, with parallelism exploited
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only within each layer. Figure 2.5 demonstrates such a design.

Moreover, in layer-sequential architectures, the entire activation feature map

needs to be buffered due to its sequential scheduling, thereby putting pressure on

memory resources [116]. As such, most layer-sequential implementations chose to

fetch weights and activations from off-chip memory before processing, and subse-

quently write the outputs of the layer back to off-chip memory after computation. As

a result, these intensive off-chip memory accesses become a performance bottleneck,

because of the limited bandwidth and latency penalty associated [117].

Figure 2.5: In a layer-sequential design, the model inference is scheduled across the
CPU and the FPGA with intensive off-chip memory accesses.

Techniques such as double buffering and tiling are commonly employed to miti-

gate data communication bottlenecks [118]. Double buffering overlaps computation

with data movement, which hides the memory access latency. Instead of process-

ing the entire input data or feature map at once, the computation is broken down

into smaller tiles to reduce the buffer size required. Moreover, tiling is often com-

bined with a systolic array architecture [119], [120], to encourage data reusing and

save bandwidth. In addition, by exploiting the redundancy inside data, encoding

techniques can be utilized to further reduce the bandwidth requirement [121], [122].

Apart from memory optimizations, compute optimizations are also critical. Tech-
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niques like FFT [123] and Winograd [124], [125] are often used to transform con-

volution operations into simpler elementwise multiplications, thereby reducing the

overall computational load.

Accelerators adopting the layer-sequential architecture are often designed to be

general-purpose. For instance, Vitis AI [13] introduced the programmable Deep

Learning Processor Unit (DPU) IP which can accelerate a wide range of different

CNNs, from ResNet models [7] in image classification to YOLO models [126] in ob-

ject detection, by leveraging a dedicated instruction set. Specifically, Vitis AI can

compile the CNN workload described in TensorFlow [10] or PyTorch [11], and con-

vert these high-level descriptions to the DPU’s instructions. Similarly, other works

such as [127]–[129] also developed the overlay with layer-sequential architecture to

have the flexibility of supporting a wide range of models.

2.2.4 Layer-Pipelined Architecture

An alternative approach is implementing the layer-pipelined architecture on FP-

GAs, which is also known as streaming or dataflow architecture sometimes. As

shown in Figure 2.6, the idea is to build a customized layerwise pipeline for each

specific workload. In this architecture, each layer such as convolution, pooling, ac-

tivation and etc., is mapped to a dedicated computation engine. These engines

are connected together with handshake interfaces, executed in a dataflow, pipelined

manner. DeepBurning [130], fpgaConvNet [19], FINN [20], hls4ml [131] and HPIPE

[132] are well-known examples in this line of research.

Due to the heterogeneity of the computation engines, deploying fine-grained com-

pressed CNNs on layer-pipelined architecture presents unique advantages. FINN

[20] focused on the computation of Binarized Neural Networks (BNN) by optimiz-

ing BNN-specific operations such as XNOR and Popcount, resulting in ultra-low
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Figure 2.6: A customized layerwise pipeline is built for each specific workload.

resource utilization compared with normal fixed-point operations. DeepBurning

[133] investigated DSP packing in order to support mixed-precision quantization,

where the heterogeneous computation engines operate on different precisions per-

layer. Recent work on HPIPE [132] and fpgaConvNet [134] exploit the data sparsity

to skip any zero multiplication for performance gains. The skipping is controlled by

either compile-time or run-time scheduling.

In terms of memory storage, most memory footprints are confined on-chip, in-

cluding both weights and activations storage. The off-chip memory access is only

required at the two ends of the pipeline. To efficiently squeeze on-chip memory

resources, FINN [22] considered the overclocking of BRAMs, which provides virtual

memory ports to mitigate the mismatches between desired and available memory

shapes, and eventually improve the utilization efficiency of BRAMs. hls4ml [131],

targeting the acceleration of particle physics tasks, considers the choice between LU-

TRAM and BRAM based on the latency requirement of specific tasks. The choice

is made considering that BRAM may introduce longer delays. HPIPE [132] com-

pressed the sparse weight parameters to the run-length encoded format, reducing

on-chip storage with a small decoding overhead during computation.

Moreover, to overcome the on-chip memory bottleneck, recent works [135], [136]

consider partitioning the computational pipeline across multiple FPGA devices, con-
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nected through ethernet protocols in a data centre. However, such a multi-device

system is at the expense of overall power consumption. Reconfiguration is another

technique that has been exploited to schedule multiple partitions on a single device

in a time-multiplexed manner, although this incurs a penalty in system latency.

In Table 2.4, we present the performance and energy efficiency results of vari-

ous FPGA accelerators. It is important to note that layer-pipelined architectures

generally achieve high performance and efficiency. However, they are constrained to

deployment on larger FPGA devices due to the bottleneck of on-chip memory.

Table 2.4: Performance results of various FPGA accelerators, highlighting the ad-
vantages of the layer-pipelined architectures such as [19], [22], [133].

Method Architecture Year Device Model Performance
(GOP/s)

Energy Efficiency
(GOP/s/W)

[114] Layer-Sequential 2017 Z7045 VGG16 137 14

[129] Layer-Sequential 2020 XCK325T

MobileNetV1 148 18
MobileNetV2 99 12
DenseNet-161 176 53

SqueezeNetV1.1 134 16

[137] Layer-Sequential 2022 Z7020
ResNet-18 101 29
ResNet-50 109 31

MobileNetV2 79 23

[19] Layer-Pipelined 2017 ZC706 VGG16 156 N/A

[22] Layer-Pipelined 2020 U250 ResNet-50 18300 258
[133] Layer-Pipelined 2022 ZU3EG VGG-Tiny 1490 1100

2.2.5 Accelerator Design Space Exploration

Once the FPGA accelerator architecture is decided in a parameterisable form, De-

sign Space Exploration (DSE) can be used to evaluate different design choices and

configurations. For example, in a layer-sequential architecture, the DSE process

involves the decisions on tiling size, buffer size, systolic array size, and etc. For a

layer-pipelined architecture, DSE involves the compute and memory resource allo-

cation for each stage of the pipeline.
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When evaluating these design choices, metrics of interest often include through-

put [119], [138] and latency [139], [140] of the accelerator. Especially in a layer-

pipelined architecture, throughput is determined by the slowest stage of the pipeline,

while latency also considers the time taken for filling and emptying the pipeline. In

addition, optimizing power [141] or energy consumption [142] can also be the goal

of DSE, especially when targeting edge applications.

However, validating each design configuration on board is time-consuming, there-

fore, a common solution is to build resource and performance models and use pre-

dicted results to guide the process of DSE [19]. These models can either be analytical

[128], [143], [144], offering insights into theoretical performance boundaries and po-

tential bottlenecks, or regressional [145], providing predictions based on empirical

data and statistical analysis.

Apart from optimizing these hardware performance metrics, the accelerator DSE

process can be further combined with NAS or model compression, which is known

as software-hardware co-design. For example, Abdelfattah et al. [146] constructs a

joint search space that includes the design choices from both the CNN model and the

FPGA accelerator. Their objective was to identify the Pareto front, optimizing the

accuracy-latency tradeoff. Li et al. [147] formulated the search of the CNN channel

number, quantization bitwidth, loop parallelism and tiling into one loss function

which is optimized through stochastic gradient descent. Such software-hardware

co-design provides an efficient solution for system-level exploration.

2.2.6 fpgaConvNet

The hardware implementation of this thesis builds upon the fpgaConvNet framework

[19]. Accordingly, we provide a detailed overview of fpgaConvNet in this section to

highlight its relevance to our work.
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fpgaConvNet is an end-to-end toolflow capable of automatically generating a cus-

tomized, layer-pipelined accelerator based on the description of a given CNN model

architecture. In addition to inter-layer pipelining, the generated accelerator also

explores various degrees of intra-layer parallelism, including coarse-grained folding

and fine-grained folding, which correspond to channel and kernel parallelism inside

a convolutional layer, respectively. To achieve these optimizations, fpgaConvNet

employs a simulated-annealing-based DSE algorithm, enabling efficient balancing of

performance and resource utilization.

Similar to other layer-pipelined architectures, fpgaConvNet generates accelera-

tors that store all the weight parameters of a CNN permanently on-chip. To ad-

dress resource limitations, fpgaConvNet further supports bitstream reconfiguration

by partitioning the CNN into multiple subgraphs. It also enables partial offload-

ing and reloading of weights, but only for the last layer of a network, to optimize

resource usage [19].

Additionally, fpgaConvNet performs an almost faithful mapping of the origi-

nal CNN model, applying only 16-bit fixed-point quantization without introducing

further modifications. This allows the generated accelerator to closely match the

behavior of the full-precision model.

In this thesis, we enhance fpgaConvNet with several key contributions. First, we

extend its capabilities to support the acceleration of decomposed neural networks,

enabling more efficient execution of models compressed using advanced tensor de-

composition techniques (Chapter 3). Second, we introduce a greedy DSE algorithm

to streamline the exploration of design configurations, ensuring optimal performance

while reducing search complexity (Chapter 5). Finally, we incorporate the utilization

of off-chip memory for weight transfer, addressing the limitations of on-chip mem-

ory capacity and enabling the deployment of larger models on resource-constrained

FPGA devices (Chapter 6).



34 CHAPTER 2. BACKGROUND

2.3 Summary

In this chapter, we have reviewed various techniques for efficiently accelerating AI

model inference, covering aspects such as model design, compression techniques, and

FPGA accelerator architectures.

• For model compression, fine-grained approaches tailored to specific models or

even individual layers can achieve higher compression ratios while preserving

model accuracy. However, compared to other techniques like pruning and

quantization, tensor decomposition often lacks flexibility, making it less effec-

tive and popular. To address this, we are going to extend the design space of

tensor decomposition in Chapter 3 and 4.

• The existing design flow typically involves a sequential approach, where software-

level optimizations, such as model compression, are applied first, followed by

hardware architecture-level optimizations. However, a more integrated, co-

optimization approach could yield better overall efficiency, which will be ex-

plored in Chapter 5.

• When designing FPGA accelerators for AI models, layer-pipelined architec-

tures offer high performance and energy efficiency. While these architectures

are highly customizable, they are often constrained by limited on-chip memory

capacity, which can restrict their broader application. As such, in Chapter 6,

we are going to propose a novel memory management methodology for layer-

pipelined architectures that exploits both on-chip and off-chip memory for

weight storage.
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This chapter begins by explaining and comparing existing SVD compression al-

gorithms. Afterwards, it innovatively combines these algorithms on a per-layer basis,

customizing each layer to the most suitable method. Additionally, it introduces a

specialized hardware design that efficiently supports the deployment of decomposed

networks using a dataflow streaming architecture, demonstrating its performance

advantages. This chapter is based on the conference paper StreamSVD [148] pub-

lished in FPT 2021.

3.1 Introduction

SVD can be used to compress weight tensors and decompose them into their low-rank

versions. However, existing studies [75], [149] develop decomposition algorithms that

are driven solely by reducing the number of operations and the number of parame-

ters in the model, without considering the actual throughput speed-up on hardware.

As such, their solutions can lead to sub-optimal designs, when metrics of interest in

many real applications are the accuracy-throughput trade-off [150]. Furthermore,

existing SVD algorithms are coarse-grained, since the compression schemes are uni-

form across layers, leading to severe accuracy degradation. To address these two

issues, we introduce StreamSVD, a framework that considers the co-design between

fine-grained, per-layer SVD compression algorithm and the layer-pipelined, stream-

ing architecture accelerator. The specific contributions of StreamSVD are:

• We propose a novel SVD compression algorithm that is fine-grained, per-layer,

and also hardware-aware, by taking the acceleration parallelism and latency

into account.
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• We further demonstrate that SVD and quantization, these two compression ap-

proaches, can be efficiently combined through an iterative, training-free weight

derivation, reducing the overall compression error introduced.

• We analyze the advantages of using a streaming architecture for mapping

the SVD compressed CNN as opposed to other architectures, especially that

streaming architecture introduces less overhead due to its pipeline structure

and per-layer hardware customization.

• Our framework can automatically apply SVD compression to the CNN mod-

els in PyTorch, and generates an efficient layer-pipelined, streaming FPGA

accelerator customized for this specific compressed model with the goal of

throughput maximization.

3.2 SVD Compression Algorithm

3.2.1 Annotation

Let us consider an N -layer CNN and denote the weights of ith convolutional layer

as a 4th-order tensor Wi ∈ R
ci+1×ci×ka,i×kb,i , i ∈ [1, N ], where ci+1, ci and ka,i × kb,i

are denoting the number of output channels, input channels and the kernel size

of the ith convolutional layer respectively. Its input and output are denoted as

Xi ∈ R
b×mi×ni×ci and Xi+1 ∈ R

b×mi+1×ni+1×ci+1 , where b denotes the batch size, mi

and ni denote the spatial size of the feature map.

The original convolution operation can be represented as the tensor contraction

along ci, ka,i and kb,i dimensions,

Xi+1 =
∑

ci,ka,i,kb,i

(Wi � Si[Xi]), (3.1)



38
CHAPTER 3. STREAMSVD: LOW-RANK APPROXIMATION AND

STREAMING ACCELERATOR CO-DESIGN

where the sliding window function Si performs the padding and striding, converting

Xi into the shape of b×mi+1×ni+1× ci× ka,i× kb,i; and � denotes the elementwise

product.

By exploiting SVD to compress the convolution weights, Equation (3.1) can

be decomposed into the following form, representing two consecutive convolutional

operations instead.

Xi+1 =
∑

c1,i,ka1,i,kb1,i

(W1,i � S1,i[X1,i]), X1,i =
∑

c0,i,ka0,i,kb0,i

(W0,i � S0,i[Xi]) (3.2)

X1,i represents the intermediate result of these two convolutional operations. It

is important to note that there are multiple possible schemes for definingW0,i,W1,i,

S0,i and S1,i. The choice of these schemes can significantly impact both the accuracy

and efficiency of the model. In the following section, we will explore various SVD-

based decomposition schemes, analyzing their effects on model performance.

3.2.2 Scheme Selection

Since the original weight Wi ∈ R
ci+1×ci×ka,i×kb,i is a 4th-order tensor, SVD (defined

in Equation (2.2)) which handles 2nd-order tensors only cannot be directly used.

Summarizing previous literature, we found the following decomposition schemes

can be used, where we can derive the pair of low-rank tensors W0,i and W1,i from

the original weight tensor Wi without retraining from scratch.

• scheme 0 [151]: the original weight tensor Wi is completely sliced on its first

dimension into ci+1 chunks, where each chunkAi has the shape of R1×ci×ka,i×kb,i .

Afterwards, each individual chunk is reshaped into a 2nd-order R
(ka,ikb,i)×ci
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where SVD can be applied to decompose the tensor into two parts, with the

shape of R(ka,ikb,i)×ri and R
ri×ci respectively, assuming the rank after decom-

position is ri. The decomposed tensors can be reshaped back to 4-D, and all

ci+1 chunks are concatenated together on the first dimension. Eventually, we

obtain the desired decomposed weight tensorsW1,i ∈ R
ci+1×(rici+1)×ka,i×kb,i and

W0,i ∈ R
(rici+1)×ci×1×1.

• scheme 1 [18]: the original 4-D weight tensor Wi is directly reshaped into

the 2nd-order form Ai ∈ R
ci+1×(cika,ikb,i) by flattening its last three dimensions.

SVD is then applied to this 2nd-order tensor, producing two decomposed parts

with the shape of Rci+1×ri and R
ri×cika,ikb,i . Same as before, ri denotes the rank

after decomposition. After bringing the pair of tensors back to 4-D, the final

produced weight tensors are W1,i ∈ R
ci+1×ri×1×1 and W0,i ∈ R

ri×ci×ka,i×kb,i .

• scheme 2 [74]: the original 4-D weight tensor is firstly transposed between

its second and third dimensions, resulting in the shape of R
ci+1×ka,i×ci×kb,i .

The transposed 4-D tensor is then reshaped to 2-D with the shape of Ai ∈

R
(ci+1ka,i)×(cikb,i) so that SVD can be applied. After decomposition, the ob-

tained tensors have the shape of R(ci+1ka,i)×ri and R
ri×(cikb,i) respectively. Through

further reshaping and transposing, the final decomposed weight tensors are

W1,i ∈ R
ci+1×ri×ka,i×1 and W0,i ∈ R

ri×ci×1×kb,i .

• scheme 3 [152]: similar to scheme 0 but the original weight tensor Wi is

completely sliced on its second dimension instead, producing ci chunks, and

each chunk Ai has the shape of Rci+1×1×ka,i×kb,i . Each chunk is reshaped into

R
ci+1×(ka,ikb,i) which is then compressed by SVD, producing two 2-D tensors

with the shape of Rci+1×ri and R
ri×(ka,ikb,i) respectively. Therefore, after fi-

nal reshaping and concatenating ci chunks together, the obtained decom-

posed tensors in their 4-D forms will be W1,i ∈ R
ci+1×(rici)×1×1 and W0,i ∈

R
(rici)×ci×ka,i×kb,i .
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Table 3.1: A summary of SVD schemes considered in StreamSVD. The original
convolutional layer has ci input channels, ci+1 filters with ka,i× kb,i kernel size. The
original layer operates on the inputs whose width and height are mi and ni, and
produces the outputs whose width and height are mi+1 and ni+1 in a batch size
of b. Each original layer is decomposed into two consecutive convolution layers, as
Equation (3.2) defined. The numbers for the first decomposed layer are highlighted
in blue, while the second decomposed layer is highlighted in green.

parameters count operation count
original ci+1cika,ikb,i bmi+1ni+1ci+1cika,ikb,i

scheme 0 c2i+1rika,ikb,i + rici+1ci bmi+1ni+1ci+1rika,ikb,i + bminirici+1ci
scheme 1 ci+1ri + ricika,ikb,i bmi+1ni+1ci+1ri + bmi+1ni+1ricika,ikb,i
scheme 2 ci+1rika,i + ricikb,i bmi+1ni+1ci+1rika,i + bmini+1ricikb,i
scheme 3 ci+1rici + ric

2
i ka,ikb,i bmi+1ni+1ci+1rici + bmi+1ni+1ricika,ikb,i

The produced low-rank weight tensors W0,i and W1,i are then used in Equa-

tion (3.2), which defines two consecutive convolution layers. By looking at the

shapes of these tensors, we see that the decomposition may result in many point-

wise and grouped convolutions. For example, both W0,i in scheme 0 and W1,i in

scheme 1 have a 1×1 kernel size, which is characteristic of a pointwise convolution.

In addition,W1,i in scheme 0 andW0,i in scheme 1, on grouped channels as sliced

chunks, essentially functioning as grouped convolutions. We will further discuss the

impact of these decompositions on hardware performance in Section 3.4.1.

To obtain optimal compression results, our algorithm is able to determine the

decomposition scheme si ∈ {0, 1, 2, 3} and the decomposition rank ri for each convo-

lutional layer in the given CNN model. These parameters are selected individually

for each layer, allowing for tailored optimization across the entire network.

Our algorithm firstly focuses on the layerwise scheme selection, and specifically,

StreamSVD decides the most appropriate scheme as the one that introduces the

smallest L2 norm error under the same number of operations.

min
si∈{0,1,2,3}

||Wi −W1,iW0,i||2 s.t. OP1,i +OP0,i ≤ OPavail,i (3.3)
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In the above equation, OP1,i and OP0,i denote the total operation count in the

pair of generated convolutional layers, which are shown in green and blue in Ta-

ble 3.1. OPavail,i specifies the operation budget allocated to these two decomposed

layers. Since the operation count depends on the decisions of choosing the decompo-

sition scheme si and the decomposition rank ri. In StreamSVD, we take a two-step

approach in order to decouple these two decisions.

First, we determine the decomposition scheme by running a series of sweeps

where the operation budget OPavail,i is uniformly sampled between 0 and the original

operation count. For each sampled budget, we solve Equation (3.3) by evaluating all

candidate schemes and computing the maximum achievable rank within the given

budget. The scheme that results in the smallest L2 norm error for each run is

selected as the winner. Finally, after completing all runs, we apply a majority vote

to decide the scheme. These decisions are made individually for each layer, ensuring

a fine-grained and layer-specific approach.

3.2.3 Rank Selection

After determining the decomposition scheme per layer, the next step is to choose

the appropriate decomposition ranks, where our approach is interpreting the rank

selection problem as a special form of channel pruning.

Specifically, we replace each original convolutional layer with a pair of decom-

posed convolutional layers according to the schemes previously selected, and then

initialize the values of ranks so that the operation count is identical as before the

decomposition. As a result, a new network architecture is created with the num-

ber of layers doubled, but no compression has been achieved so far in terms of the

operation count.

On this new network architecture, the number of channels between every pair
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Figure 3.1: The weights decomposition of the original convolutional layer leads to
the split to two new convolutional layers instead. Applying channel pruning between
these two layers is the same as reducing the decomposition rank of weights.

of decomposed layers is directly related to the decomposition rank, which is shown

as the depth of the green block in Figure 3.1. Therefore, reducing the rank of

decomposed weight tensorsW0,i andW1,i is equivalent to pruning channels between

the corresponding two decomposed convolutional layers.

As such, on the new network architecture, we run the inference on a calibration

set of data to evaluate the importance of these channels to be pruned, based on the

Taylor criterion [47] which is denoted as I in Equation (3.4).
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I(W0,ij) =
∑

w∈W0,ij

(w
∂L

∂w
)2, i ∈ [1, N ], j ∈


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










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











[1, ri] if si ∈ {1, 2}

[1, rici] if si is 3

[1, rici+1] if s0 is 0

(3.4)

In the above equation, W0,ij denotes the jth part of weights after completely

slicing the decomposed tensor W0,i on its first dimension. si denotes the index of

the selected decomposition scheme for the original ith convolutional layer, and L

denotes the entropy loss of the network. The measured importance metrics are then

sorted globally across all the layers, and those channels with the least importance

are pruned first until a target compression ratio regarding the network operation

count has been reached. The above pruning process ultimately determines the de-

composition rank for each layer.

3.3 Combine SVD and Quantization

Apart from the decomposition of weights, StreamSVD also employs fixed-point

quantization to compress the CNN model. This section delves into the effective inte-

gration of SVD and quantization, comparing two distinct categories of approaches:

sequential and iterative. Within each category, two variants are identified and de-

noted as “I” and “II”, respectively. As a result, four different methods are compared

and analyzed in total, as Figure 3.2 shows.
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Figure 3.2: Apart from SVD, StreamSVD also employs fixed-point quantization.
The fusion of these compression techniques can be applied in either a sequential
or iterative manner, involving rank-1 refinements of SVD. The experiment in Sec-
tion 3.5.2 will show Iterative-I offers the best result in terms of accuracy versus
compression ratio.

3.3.1 Sequential Combination

Sequential-I: The original weight tensor Wi is firstly decomposed into a pair of

tensors W0,i and W1,i, both still in floating-point format, but with their ranks con-

strained to ri. After this decomposition, the resulting tensors are quantized to a

fixed-point format. This entire compression process can be expressed as:

Wi
SVD
−−→W0,i,W1,i

Quantize
−−−−−→ (W0,i)q, (W1,i)q (3.5)

Sequential-II: method alters the sequence of operations by applying quanti-

zation before tensor decomposition. Specifically, the original weight tensor Wi is

firstly quantized to (Wi)q. The quantized tensor is then decomposed via SVD,

which produces two floating-point tensors W ′
0,i and W ′

1,i, as the decomposition in-

volves continuous mathematical operations that inherently generate floating-point

values. Consequently, these two tensors are re-quantized in the final step:
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Wi
Quantize
−−−−−→ (Wi)q

SVD
−−→W ′

0,i,W
′
1,i

Quantize
−−−−−→ (W ′

0,i)q, (W
′
1,i)q (3.6)

Our experiment in Section 3.5.2 will show that Sequential-I introduces less

compression error and is therefore the preferred approach.

3.3.2 Iterative Combination

The above two approaches both apply sequential, one-shot compression procedures.

In this section, we further investigate the iterative combination of decomposition

and quantization procedures.

As Algorithm 1 shows, the derivation of SVD (Equation (2.2)) can be converted

to a refinement loop containing r iterations [144], [153]. Each iteration aims to ap-

proximate the target matrix using rank-1 approximations. The decomposition error

which is the difference between the target matrix and its rank-1 product becomes the

new approximation target in the next iteration. All produced rank-1 matrices are

eventually concatenated together to constitute the desired rank-r approximations.

Algorithm 1 Iterative SVD
Require: Wi . 4-D weights of ith conv layer

1: Wi ⇒ Ai . transform to 2-D based on selected scheme
2: for j ∈ 1 to r do . iterative r times, r is the selected rank
3: Ai ⇒U1Σ1V

T
1 . use SVD to obtain rank-1 approximations only

4: Ai = Ai-U1Σ1V
T
1 . take approximation error as target for next iteration

5: Ui(j) = U1 × sqrt(Σ1), Vi(j) = sqrt(Σ1)× V1

6: Ui, Vi ⇐Ui(j), Vi(j)∀j ∈ 1tor . concat all rank-1 tensors
7: return Ui, Vi

The quantization can be embedded into this iterative algorithm as well by apply-

ing quantization to the rank-1 tensors produced during each iteration. Furthermore,

akin to the sequential combination, the order of applying quantization and SVD in

the iterative process introduces two distinct variants: Iterative-I and Iterative-II,
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where the differences are highlighted in Figure 3.2. We will compare the accuracy

impacts of all these variants in Section 3.5.2.

3.4 Implementation Details

3.4.1 Accelerator Architecture

StreamSVD extends fpgaConvNet [19] as the backend tool to deploy the previously

compressed CNN onto the FPGA. In existing fpgaConvNet, all the convolutional

layers are pipelined, while the intra-layer parallelism is explored on the channel

dimension and the kernel dimension, whose level of parallelism is referred to as

coarse-grained and fine-grained factors respectively. The coarse-grained factor also

decides the number of parallel data streams between layers, as activation data flow

through these streams in the layout that channels are the last dimension.

Comparing the original CNN and the decomposed CNN, the main difference in

workload is that the number of convolutional layers doubled but the total operations

to compute reduced. In addition, considering benchmarks such as VGG16 [27]

and ResNet-18 [7], more than 90% operations are in standard 3 × 3 convolutional

layers. However, after decomposition, these layers can be replaced with pointwise

(1 × 1) or grouped convolutions, depending on the specific decomposition scheme

chosen. As a generalized form of depthwise convolution (Section 2.1.2), the grouped

convolution splits input channels into multiple groups and each convolution filter is

only responsible for processing one group [26], [31].

To adapt these changes in workload, StreamSVD extends the idea of coarse-

grained folding to support the efficient parallelism inside the grouped convolution,

which is required by scheme 0 and scheme 3 in Table 3.1. Let’s take the imple-

mentation of scheme 3 as an example, where the ith original convolutional layer
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Figure 3.3: Hardware implementation example for the grouped convolution created
by decomposition scheme 3, including sliding windows, multiplication arrays and
adder trees. The parallelism on the group, output channel and kernel dimension are
denoted as pG0,i, pO0,i and pK0,i respectively. Note that, the actual hardware has data
interleaving between multiplication arrays and adder trees to add data belonging to
different input channels together, which is not shown in this graph for simplicity.

with ci input channels, ci+1 output channels and ka,i×kb,i kernel size is decomposed

into the pair of:

1) a new grouped convolutional layer with ci groups, with each group having 1

input channel and ri output channels. Its kernel size is ka,i×ka,i. For its mapping on

the hardware, let us denote the parallelism on the group, output channel and kernel

dimension as pG0,i, pO0,i and pK0,i respectively. As such, the corresponding hardware

has pG0,i data streams as the input, which are fed into pG0,i sliding window modules to

extract the ka,i×ka,i windows for each channel. Each sliding window is implemented

as a line buffer and the produced data windows are shared across pO0,ipK0,i units to

be multiplied with on-chip weights. The outputs of these multiplication units are

accumulated on the pK0,i dimension, so the final output of this layer contains pG0,ipO0,i
parallel data streams in total.

2) a pointwise 1×1 convolutional layer, with ciri input channels and ci+1 output
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channels respectively. Let us also denote its parallelism on the input channel and the

output channel dimension as pI1,i and pO1,i respectively. Since the kernel size is 1× 1,

no sliding window is required. pI1,i parallel input data streams are directly fed to

a multiplication array containing pI1,ipO1,i units in total. The accumulation happens

across every pI1,i multiplication units, and it waits for ciri/pI1,i cycles to gather all

input channels. The output of this layer contains pO1,i parallel data stream.

Note that there is a mismatch for the data order transferred between these two

layers. The outputs from grouped convolution are R
ci/p

G
0,i×ri/p

O
0,i×pG

0,i×pO
0,i , while the

pointwise convolution expects the inputs to be R
ci/p

G
0,i×pG

0,i×ri/p
O
0,i×pO

0,i . To avoid the

overhead of inserting a transpose module in the dataflow, StreamSVD changes the

order of weights accordingly at compile-time. Therefore, compared with existing

fpgaConvNet, StreamSVD is able to parallelize between not only channels but also

groups, by introducing the extra design parameter pG0,i.

3.4.2 Hardware-aware Adjustments

StreamSVD also leverages the simulated annealing-based Design Space Exploration

(DSE) algorithm from fpgaConvNet [19], which identifies the optimal parallelism

configuration to maximize accelerator performance. Here, we treat the DSE step as

a black box, focusing instead on integrating it with the overall framework. Detailed

analysis and innovations regarding the DSE algorithm itself will be presented later

in Section 5.3.2.

Given a decomposed network, StreamSVD utilizes DSE to map the network onto

the FPGA and identify the optimal pipeline configuration. However, our design flow

extends beyond this initial mapping. After completing the DSE, StreamSVD feeds

the identified configuration and the estimated performance metrics back into the

SVD compression algorithm. Based on these inputs and the following heuristics,
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StreamSVD adjusts the compression decisions and re-initiates the DSE process for

a second iteration, ensuring further refinement and optimization.

Two hardware-aware heuristics are considered to adjust the compression deci-

sions:

Parallelism Padding: For a convolutional layer with ci input channels, if its

parallelism on the input channel dimension is denoted as pIi , the latency of computing

this layer will be proportional to the ceiling of the division between the workload

and the parallelism
⌈

ci
pIi

⌉

. To maximize the operation occupancy and leave no idle

cycle for the computation units, it is desirable that ci can be divisible by pIi . For

a decomposed CNN, the rank ri controls the number of channels between the pair

of decomposed convolutional layers, as shown in Figure 3.1. Therefore, StreamSVD

uses the DSE feedback to constrain the choice of the rank, by padding the value of

ri to the nearest integer that is divisible by both the output channel parallelism pO0,i

and the input channel parallelism pI1,i.

rpad,i =

⌈

ri

lcm(pO0,i, p
I
1,i)

⌉

(3.7)

In Equation (3.7), “lcm” stands for Least Common Multiple. The incremen-

tal update of the decomposition rank encourages the efficient utilization of com-

putational resources and also reduces the compression error while maintaining the

throughput of the design. Moreover, compared to other heuristic padding methods,

such as constraining ri to the nearest power of two, our method is more device- and

model-specific considering the DSE result.

Layer Reverting:

Although SVD can reduce the number of operations and parameters in the CNN,

when such a decomposed network is mapped to hardware, it also introduces the
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overhead by doubling the number of convolutional layers. Compared to the layer-

sequential architecture (Section 2.2.3), the layer-pipelined streaming architecture

(Section 2.2.4) avoids extra off-chip accesses between the pair of decomposed layers.

However, the overhead remains in the extra control logic and buffers to pipeline these

extra layers. In addition, the reduction in weight parameters does not necessarily

lead to the reduction in the BRAM utilization on FPGA because BRAM can only

be configured into certain shapes [154].

Therefore, StreamSVD captures the individual BRAM utilization and through-

put for each layer of the network based on the Design Space Exploration (DSE)

predictions. It then compares those metrics before and after the compression. In

cases where there is neither performance gain or BRAM reduction, StreamSVD will

automatically revert the SVD compression for that particular layer, preserving the

original convolutional layer configuration for better accuracy.

Figure 3.4: The hardware-aware workflow of StreamSVD. The compression and DSE
are run twice, with the result of the first run guiding adjustments for the second. The
final hardware accelerator configuration from the second run is then sent through a
synthesis tool to generate the bitstream.

3.4.3 Co-design Summary

After introducing our compression algorithm and accelerator design, the complete

automated workflow of StreamSVD can be described as follows (see Figure 3.4):

1. Given a pretrained CNN model and a target compression ratio (both typi-

cally specified by the user or determined by the application’s requirements),
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StreamSVD automatically selects the proper decomposition scheme and de-

composition rank for every original convolutional layer (Section 3.2), where

quantization is also applied as well (Section 3.3).

2. StreamSVD maps the compressed CNN model to FPGA, and utilizes DSE to

identify the optimal pipeline configuration that maximizes the system through-

put (Section 3.4.1). In addition, we gather the accelerator resource and per-

formance predictions to adjust the compression decisions (Section 3.4.2).

3. Based on the adjusted compression decisions, StreamSVD generates the final

compressed model and its corresponding accelerator by repeating the DSE

process. The accelerator design is synthesized and deployed on the target

FPGA device.

3.5 Evaluation

To evaluate the performance of StreamSVD, we consider the benchmark set includ-

ing VGG11-BN, VGG16 and ResNet-18 which are pre-trained models provided by

PyTorch TorchVision [11]. The post-training accuracy results are reported on the

ImageNet validation set [1] without fine-tuning, while the throughput numbers are

reported on a Xilinx ZC706 board.

3.5.1 Effectiveness of Scheme and Rank Selection

Notably, all prior work [18], [74], [151], [152] in the area of tensor decomposition

has exclusively relied on uniform scheme selection, that is, applying the same de-

composition scheme across all layers of CNN. In contrast, our work is the first to

introduce a fine-grained, layerwise scheme selection algorithm that tailors the de-

composition scheme to each individual layer. This innovative approach allows us
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Figure 3.5: Majority voting results illustrating our scheme selection method. For
example, for the third convolutional layer in VGG11-BN, scheme 2 is shown as
the preferred choice. Notably, each layer exhibits a distinctive preference for a
decomposition scheme, which varies not only between layers but also across different
networks.
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to exploit the unique properties of each layer, resulting in a more effective trade-off

between accuracy and operation count.

Specifically, following Equation (3.3), StreamSVD runs a sweep test by sampling

65 different values of OPavail between 0 and the original operation count, and uses a

majority vote to decide the decomposition scheme per-layer. As such, we visualize

the voting results for VGG11-BN and ResNet-18 in Figure 3.5. Our observation is

that each layer exhibits a distinctive preference for a decomposition scheme. For

example, for VGG11-BN, the first few layers (index 1 to 4) prefer scheme 2, while

the last few layers (index 6 and 7) prefer scheme 3 instead. The results for VGG16

are not shown here, as it follows a similar trend to VGG11-BN, and both models

belong to the same family.

We further conduct a comparative analysis between our accuracy versus oper-

ation count frontier against the prior uniform scheme selection approaches. Since

we consider four different decomposition schemes in total, each model yields four

distinct trade-off curves under uniform scheme selection. For clarity and visual sim-

plicity, we present only the optimal curve among these in Figure 3.6, ensuring the

comparison focuses on the best-case performance of the uniform approach.

The results demonstrate that, under the same operation count target, our lay-

erwise method consistently achieves higher accuracy. These findings suggest that

there is no universally optimal decomposition scheme for all layers in a CNN. Con-

sequently, the fine-grained and layerwise selection of schemes, as demonstrated by

our approach, proves to be beneficial.

In terms of the selection of decomposition rank, StreamSVD converts the problem

to a special form of channel pruning where the importance of rank is evaluated by

the Taylor importance criterion (Equation (3.4)). In Figure 3.7, we compared our

Taylor pruning approach against the following methods:
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Figure 3.6: Accuracy-operations trade-off curves with accuracy results annotated.
The existing literature [18], [74], [151], [152] adopts uniform scheme selection by
forcing all the convolutional layers in the network to adopt the same decomposition
scheme. We demonstrate the advantage of layerwise scheme selection.
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Figure 3.7: Selecting decomposition ranks with different criteria.
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global singular [155]: The significance of rank ri is assessed using the ratio
∆ε/ε
∆OP

. Here, ∆ε denotes the ri-th largest eigenvalue while ε represents the sum of

all eigenvalues. The term ∆OP quantifies the reduction in operations achieved by

decreasing the rank by one.

reconstructed L1/2 [78]: The significance of rank ri is estimated by the recon-

struction error between the original weight tensor and the decomposed tensors in

L1 or L2 norm, which can be represented as ||Wi−W1,iW0,i||1 or ||Wi−W1,iW0,i||2

respectively.

random: Randomly selecting the rank in each layer is theoretically capable of

finding the optimal rank given sufficient search time. However, in practice, this

method becomes impractical as the search time grows exponentially with the depth

of the network.

In Figure 3.7, we present 200 data points for the random selection approach

across both models. Our observations show that the Taylor method significantly

outperforms the other approaches, with its advantage becoming more pronounced

at lower operation counts (i.e., higher compression ratios).

3.5.2 Combined Effect of SVD and Quantization

In Section 3.3, we have introduced four variants of algorithms to combine SVD and

quantization, which are Sequential-I, Sequential-II, Iterative-I and Iterative-

II. We evaluated the accuracy and operation count trade-off for these four methods

in Figure 3.8, and we made the following observations:

• Iterative methods are superior to Sequential methods by iteratively com-

pensating for quantization errors through the subtraction operation within the

refinement loop, as illustrated in Algorithm 1.
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Figure 3.8: Combining SVD and quantization, where Iterative-I algorithm offers
the highest accuracy under the same operation count budget.
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• methods I, which apply quantization after SVD, demonstrate superior perfor-

mance compared to methods II, which apply quantization before SVD. This

highlights the importance of the order in which quantization and low-rank

approximation are applied.

• Overall, we found Iterative-I is the best approach, at least for the models we

evaluated.

3.5.3 Impact of Hardware-awareness

StreamSVD enhances the compression algorithm by integrating hardware awareness,

as detailed in Section 3.4.2. We conducted an ablation study to compare model

accuracy and accelerator throughput with and without these techniques. The results

are presented in Figure 3.9.

For VGG11-BN, we observe that the introduction of hardware-aware techniques

maintains the same throughput while improving accuracy. The consistent through-

put indicates that the two DSE iterations (Figure 3.4) produce identical hard-

ware accelerator configurations. However, during the second DSE iteration, the

decomposition decisions become hardware-aware through parallelism padding and

layer-reverting techniques. Consequently, the network undergoes less compression

while preserving the same throughput, effectively reducing accuracy degradation for

VGG11-BN.

The situation for ResNet-18 differs slightly, as both accuracy and throughput

improve after the second iteration of DSE. In this case, hardware-awareness helps

avoid compression decisions where the benefits are overwhelmed by the overhead of

decomposition. By rejecting these overheads, the saved resources can be reallocated

to other parts of the accelerator through the DSE algorithm, resulting in further

speed-up.
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Figure 3.9: Accuracy-Throughput trade-off achieved, where top-right points are
preferred. For VGG11-BN, hardware-awareness benefits accuracy, while for ResNet-
18, both accuracy and throughput get boosted.
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3.5.4 Comparison with Direct Channel Pruning

In Section 3.2.3, we demonstrate that reducing the rank of weight matrices is a

special form of channel pruning, where we decompose the network by doubling

the number of convolutional layer and only prune between any pair of decomposed

layers. As such, we further compare StreamSVD’s performance to direct channel

pruning where no decomposition is utilized at all. For direct channel pruning, the

same Taylor pruning criterion is applied and it is hardware-aware as well.

Our finding is that in the post-training scenario, direct channel pruning causes

evident accuracy degradation (>10.0 percentage points) and brings a limited through-

put improvement (<1.1×) on both models. Meanwhile, StreamSVD provides up to

1.9× throughput with 4.1 percentage points (pp) accuracy loss on VGG11-BN, and

1.6× throughput with 3.6 pp accuracy loss on ResNet-18. As such, pruning the de-

composed network is superior to directly pruning the original network, particularly

under the post-training scenario where no fine-tuning is allowed.

3.5.5 Comparison with Other Accelerators

This work integrates the SVD algorithm with a layer-pipelined, streaming archi-

tecture accelerator. To thoroughly evaluate the impact of the architecture, our

algorithm is also tested on SCALE-Sim [120], which employs a layer-sequential, sin-

gle computation engine design based on systolic arrays. The results are shown in

Figure 3.10.

In an ideal scenario, halving the number of operations in a model could result

in up to a 2× speed-up in throughput. In the case of targeting a streaming accel-

erator, StreamSVD achieves a notable speed-up of more than 1.7× on VGG11-BN.

However, the speed-up achieved on the layer-sequential SCALE-Sim is 1.4×, where
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we also observe a notable 30% increase in off-chip DRAM accesses after tensor

decomposition. This additional off-chip overhead is attributed to the fact that the

number of convolutional layers effectively doubles after decomposition, necessitating

the storage of their intermediate activation data off-chip. In contrast, the streaming

architecture of StreamSVD avoids this issue through a dataflow pipeline.

Table 3.2: Comparison with other FPGA accelerators for decomposed CNNs.

Method Model Quantize Acc.
(%)

FPS
(frames/sec)

Device Clock
(MHz)

DSP BRAM Efficiency ×10−9

(FPS/DSP/MHz)

[156] ResNet-18 W2A8 68.2 20.5 Ultra96 250 202 298 0.41
Ours W8A16 68.4 33.8 ZC706 125 576 752 0.47

Ours VGG11-BN W8A16 67.5 11.1 ZC706 125 755 576 0.12

[157]

VGG16

float16 70.5 6.6 7V690T 200 1728 393 0.02
[73] W16A16 64.6 4.5 ZC706 150 780 992 0.04
[158] W16A16 - 5.5 7Z045 140 864 640 0.05
Ours W8A16 70.2 5.6 ZC706 125 603 784 0.07

Finally, Table 3.2 compares StreamSVD with other FPGA accelerators that sup-

port decomposed CNNs, from which we have made the following observations:

• In the ResNet-18 comparison, our approach achieved a throughput of 1.65×

compared to 3U-EdgeAI[156]. Additionally, our accuracy slightly surpassed

that of 3U-EdgeAI, with respective values of 68.4% and 68.2%.

• Similarly, on the comparison of VGG16, our approach is also superior to

VGG16-SVD [73] and NEURAghe [158] on both accuracy and throughput.

• In comparison with Mei et al. [157], it’s important to note that their imple-

mentation utilizes float16 on a relatively large FPGA device (Xilinx 7V670T).

Despite these disparities, when normalizing throughput by DSP utilization

and clock frequency, our efficiency surpasses theirs.

In summary, we find StreamSVD outperforms existing accelerator designs that

incorporate tensor decomposition for compressing CNNmodels. StreamSVD achieves

superior efficiency and a more favorable accuracy-throughput trade-off.
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Figure 3.10: The relationship between network operation count reduction and actual
throughput speed-up. All values are normalized with respect to the baseline, which
is the quantized-only, no SVD configuration. The ‘Theoretical’ curve represents the
scenario where throughput is the reciprocal of the operation count.
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3.6 Summary

In this chapter, we demonstrate that SVD can be effectively used to compress AI

models in a fine-grained, per-layer, and hardware-aware manner. Specifically, we

show accuracy improvements by combining existing decomposition schemes and cus-

tomizing decomposition ranks on a per-layer basis.

However, deploying such decomposed models on traditional hardware is inef-

ficient due to the frequent use of pointwise and grouped convolutions, as well as

the doubling of the total number of layers. To address these challenges, we extend

fpgaConvNet to produce a streaming, dataflow accelerator that overcomes these

bottlenecks, enabling efficient deployment of decomposed models. As a result, the

system we produce delivers a superior accuracy-throughput trade-off compared to

related work.

Regarding limitations, this chapter focuses solely on mixing existing decompo-

sition schemes. In the following chapter, we will explore further extensions beyond

these approaches.
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In the previous chapter (Section 3.2.2), we demonstrated existing solutions for

SVD-based tensor decomposition schemes. In this chapter, we will generalize and

extend these schemes by constructing a novel low-rank network architecture design

space. By leveraging this extended low-rank design space, we will demonstrate that

a better model accuracy and compression ratio can be achieved over prior work.

Additionally, we will show that these gains hold even when the models are deployed

on CPU or GPU devices. This chapter is based on the conference paper SVD-NAS

[159] published in WACV 2023.

4.1 Introduction

Tensor decomposition serves as a technique to compress the CNN weights by re-

placing them with a set of low-rank tensors, effectively reducing the number of

parameters. However, existing solutions [18], [74], [151], [152] have been limited

in considering a restricted number of design choices concerning the decomposition

schemes (Section 3.2.2), leaving a significant number of potential schemes unex-

plored. For instance, additional schemes can be generated by manipulating how the

4-D convolution weight tensor is transposed and sliced to 2-D so that SVD can then

be applied.

Furthermore, in previous work, the determination of decomposition schemes is

either dependent on extensive manual effort [18] or relies on using the Mean Squared

Error (MSE) of the weights as a proxy for assessing the network’s overall accuracy

degradation [148]. We will show that these existing approaches can lead to sub-

optimal decisions. Instead, we will demonstrate choosing the decomposition schemes

can be interpreted as a Neural Architecture Search (NAS) problem, which allows

for a more comprehensive exploration of design choices and leads to a better model
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accuracy and compression ratio compared to prior work.

Figure 4.1 demonstrates the design flow of SVD-NAS, and its key novel aspects

are summarized as follows:

• We describe the process of tensor decomposition as a per-layer substitution

of the original pre-trained network. For every layer, we introduce a Low-

Rank model architecture design space, LR-space, which is defined by a set

of parameterisable building blocks. We demonstrate that searching the de-

sign parameters of these building blocks is equivalent to exploring different

decomposition schemes and ranks.

• As the LR-space grows exponentially with the number of layers, brute-force ex-

ploration becomes impractical. To address this, we adopt a gradient-descent-

based NAS approach for efficient navigation, enabling co-optimization of ac-

curacy and performance, using a single Nvidia 2080 or 1080Ti GPU.

• In real-world scenarios, access to the original training dataset might not be

easily granted. Thus, we evaluate the effectiveness of our approach in three

different scenarios: post-training, where no training data are available; few-

sample training, where only a tiny subset of training data are shared; and

full training, where the complete training data are available. Under these

conditions, and at a similar compression ratio, our proposed method, SVD-

NAS, achieves 2.06-12.85 percentage points (pp) higher accuracy on ImageNet

compared to state-of-the-art methods [16], [78], [86].

• To further evaluate the actual impact on the execution time reduction on a

device, we present an example of latency-aware tensor decomposition tailored

for deployment on a Pixel 4 phone. For this example, our approach achieves

up to 45% latency reduction with at most a 2 pp accuracy degradation.
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4.2 LR-space

Let’s consider a pre-trained CNN, where the ith convolutional layer processes ci input

channels using fi = ci+1 filters with a kernel size of ka,i× kb,i. The process of tensor

decomposition substitutes this original convolutional layer with a parameterisable

building block, where the design space is named as LR-space.

4.2.1 Sequential Building Block

In the sequential form of LR-space, each building block contains two consecutive

convolutional layers that are sequentially connected. Similar to the previous no-

tations, the input channels of these two layers are represented by c0,i and c1,i, the

number of filters by f0,i and f1,i, and the kernel size by ka0,i × kb0,i and ka1,i × kb1,i,

respectively. Moreover, these two layers can also be grouped convolutions [26], [31]

where the number of groups is denoted as g0,i and g1,i respectively. Regarding these

design parameters of the building block, the following constraints are introduced so

that the decomposed weight tensors can be derived with SVD without the need to

retrain from scratch:

Constraint 1: (ka0,ika1,i = ka,i) ∧ (kb0,ikb1,i = kb,i). The product of these two

kernel sizes is constrained to be equal to the original kernel size, which maintains

the same receptive field as the original pre-trained convolutional layer.

Constraint 2: (min(g0,i, g1,i) = 1) ∧ (g0,i | ci) ∧ (g1,i | fi), where the symbol

“|” expresses divisibility. This constraint ensures the two consecutive layers inside

the building block cannot be grouped convolutions at the same time. As such, it

maintains the connectivity of the original, standard convolution where each filter

was connected to all input channels.
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Constraint 3: (c0,i = ci) ∧ (f1,i = fi) ∧ (f0,i = c1,i = max(g0,i, g1,i)ri). This set

of conditions ensures the amount of activation data entering or exiting the building

block remains the same as the original layer. Also, the number of channels be-

tween two decomposed layers is controlled by the grouped convolution as well as the

decomposition rank ri.

After decomposition, the number of floating-point operations (FLOPs) is pro-

portional to the number of parameters as well as to the feature width and height.

the number of weight parameters involved in each sequential form of building block

can be expressed as:

Params = max(g0,i, g1,i)ri

(

ci

g0,i
ka0,ikb0,i +

fi

g1,i
ka1,ikb1,i

)

(4.1)

and the number of floating-point operations can be represented as:

FLOPs = max(g0,i, g1,i)rimini

(

ci

g0,i
ka0,ikb0,isa1,isb1i +

fi

g1,i
ka1,ikb1,i

)

(4.2)

where mi and ni denote the feature map height and width at the output of the

building block. In addition, sa1,i, sb1,i denote the 2-D kernel stride for the second

layer inside the building block.

4.2.2 Weight Derivation

In this section, we demonstrate how to use SVD to derive the weights of the pa-

rameterisable building block from the original convolutional layer without retraining

from scratch. Same as before, we denote the 4th-order weight tensor of the original

convolutional layer as Wi ∈ R
ci+1×ci×ka,i×kb,i .
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Step 1: For this 4th-order weight tensor, if we slice and split on its first and

second dimension into g1,i and g0,i groups respectively, we will obtain g0i g1i chunks

in total, where the dimensions of each chunk are R

ci+1

g1,i
×

ci
g0,i

×ka,i×kb,i . Due to the

previously defined constraint on design parameters, the last two dimensions can

also be represented as ka1,ika0,i × kb1,ikb0,i.

Step 2: Next, we reshape each chunk from 4-D into 2-D, where the new tensor

has the shape of ( ci+1

g1,i
ka1,ikb1,i)× ( ci

g0,i
ka0,ikb0,i). By applying SVD to each 2-D chunk

and keeping only the top-ri singular values, two low-rank chunks are obtained whose

shapes are ( ci+1

g1,i
ka1,ikb1,i)× ri and ri × ( ci

g0,i
ka0,ikb0,i) respectively.

Step 3: The obtained low-rank chunks are reshaped again, but this time, they

are transformed into 4-D tensors: R

ci+1

g1,i
×ri×ka1,i×kb1,i and R

ci
g0,i

×ri×ka0,i×kb0,i , which

represent the weights of two consecutive layers inside the building block. In case of

g1,i or g0,i is larger than one, the corresponding chunks are combined to represent

the weights for grouped convolutions. [26], [31].

A visualization of the above steps is shown in Figure 4.2, where the orange

tensors represent the uncompressed weights and the blue tensors represent the low-

rank approximations.

4.2.3 Case Study

To further understand the design choice in the proposed LR-space, let us look at

a specific example of the second convolutional layer in the ResNet-18 model. This

convolutional layer uses fi = ci+1 = 64 filters to process ci = 64 input channels,

where each filter has the kernel size of ka,i× kb,i = 3× 3. In the proposed LR-space,

the decomposition scheme is characterized by the design parameters ka0,i, kb0,i, ka1,i,

kb1,i, g0,i and g1,i.

Considering Constraint 1, and given that ka,i = kb,i = 3 are prime numbers,
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Figure 4.2: The weight derivation process for the LR-space involves transformations
between tensors, where operations on tensors shown in orange are lossless. However,
the SVD process introduces a lossy transformation by reducing the tensor ranks. As
a result, post-SVD tensors are represented in blue to indicate their status as low-
rank representations.

the feasible choices for ka0,i× kb0,i are restricted to {1× 1, 3× 3, 3× 1, 1× 3}. Once

ka0,i × kb0,i is determined, ka1,i × kb1,i becomes uniquely defined, adhering to the

constraint on the product of kernel sizes and producing 4 different combination.

Moving to Constraint 2, where at least one of the design parameters g0 and g1

is set to one, and both g0 and g1 are constrained to be factors of 64. Consequently,

considering the combination of these two design parameters, there are log2(64) +

log2(64) + 1 = 13 choices available.

Hence, in the discussed example, there exist 4×13 = 52 potential decomposition

schemes in total. It is noteworthy that, as discussed in Section 3.2.2, previous

research introduced only 4 decomposition schemes. We demonstrate that these are

essentially the corner cases within the comprehensive design space of LR-space, as

detailed in Table 4.1.

The top of Figure 4.3 shows the accuracy vs. FLOPs trade-off for the possible

decomposition schemes in our expanded design space when considering a single layer.

As the figure demonstrates, the Pareto front is populated with a number of different
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Table 4.1: The proposed LR-space generalizes previous works in terms of the de-
composition scheme, offering an expanded design space.

ka0,i × kb0,i ka1,i × kb1,i g0 g1

scheme 0 [151] 1× 1 3× 3 1 64
scheme 1 [18] 3× 3 1× 1 1 1
scheme 2 [74] 1× 3 3× 1 1 1
scheme 3 [152] 3× 3 1× 1 64 1

schemes. In addition, as shown at the bottom of Figure 4.3, using the Mean Square

Error (MSE) of the weight tensor to estimate the impact on accuracy degradation

may also lead to a sub-optimal solution. In fact, the problem of choosing the optimal

decomposition scheme becomes even more complicated when considering the entire

network. As highlighted in previous literature[70], the contribution of each layer to

the overall model accuracy varies.

To address these challenges, we employ Neural Architecture Search (NAS) to

guide for the the exploration of decomposition scheme and rank, which will be

detailed in Section 4.3.1.

4.2.4 Residual Extension

We further extend our exploration by considering the replacement of each convolu-

tional layer in the original network with a residual-style building block (Figure 4.1).

This residual block consists of two sequential building blocks that share the same

input and combine their outputs using element-wise addition. The design parame-

ters of these two sequential building blocks are still constrained by the conditions

described in Section 4.2.1, but these two blocks can have different configurations,

making the total number of combinations squared.

The weight tensors of the residual block can still be derived using SVD, and

without model retraining. Specifically, we first decompose the pre-trained weight
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Figure 4.3: Explore the LR-space of the second convolutional layer in ResNet-18.
All other layers are not compressed. Each type of marker corresponds to a specific
decomposition scheme. The figures display 15 out of the 52 available schemes, with
the remaining schemes omitted due to consistently low accuracy.
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tensor Wi in the original network according to the design parameters in branch

I, then calculate the decomposition error Ei which was introduced during the SVD

process, and finally decompose Ei according to the design parameters specified to

branch II (Figure 4.1).

Note that the incorporation of the residual extension is an optional feature within

the LR-space. As demonstrated in the evaluation section, our results reveal that the

effectiveness of this residual extension in achieving a superior performance trade-off

varies on a case-by-case basis.

4.3 Search Algorithm

4.3.1 Gradient-descent NAS

With the design space defined by per-layer design parameters, we formulate a multi-

objective optimization problem. The goal is to minimize the computational require-

ments while simultaneously maximizing the accuracy of the network. Notably, in the

example discussed in Section 4.2.3, a single convolutional layer can present 52 avail-

able decomposition schemes. The design space expands significantly when consider-

ing the entire network, especially when combined with the choice of decomposition

ranks.

In fact, brute-force exploration is not realistic given the size of the design space

and the time required to evaluate the accuracy of individual design points. There-

fore, we use a gradient-descent NAS approach [97] to solve this optimization problem.

The procedure is to take a pre-trained CNN model and replace every convolu-

tional layer with a super-block. As Figure 4.1 shows, the super-block computes a

weighted sum of candidate building blocks drawn from LR-space. For the jth can-
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didate in the ith super-block, its weight wij is a scalar, and it is generated using the

Gumbel-Softmax function [160], where

wij =
exp (log(πij) +Gi)

∑

j exp (log(πij) +Gj)
(4.3)

Gj is a sample from the Gumbel distribution, while πij is referred to as the

sampling parameter in previous literature. πij is a learnable parameter whose value

suggests how much the jth candidate is favored in the ith super-block. Throughout

the search process, the sampling parameter πij is updated via gradient descent to

minimize the following multi-objective loss function, where Lentropy and ∆FLOPs

represents the entropy loss and the reduction in FLOPs respectively. Note that

∆FLOPs is calculated as the weighted sum of per-candidate FLOPs, using the

same weights as in Equation (4.3), minus the FLOPs of the original convolutional

layer. β is a hyperparameter to balance the objectives of reducing the FLOPs while

maintaining the accuracy.

Lnas = Lentropy · [log(−∆FLOPs)]β (4.4)

4.3.2 Reduce Search Cost

The above algorithm is a standard gradient-descent NAS process, however, we found

that the standard process can be time-consuming and GPU-demanding to be ex-

plored, given the huge size of LR-space. Therefore, as Figure 4.4 shows, we further

introduce the following three techniques for more efficient exploration.

Design Space Pruning: Before the search starts, we prune the LR-space to

reduce the number of candidate configurations considered. Candidates are selected

based on their FLOPs being close to predetermined percentages γ (e.g., 95%, 90%,
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85%, ..., 5%) of the FLOPs of the original layer. In addition, we observe the accuracy

by compressing only one layer using a candidate configuration, while the remain-

ing layers are left uncompressed. If the accuracy degradation exceeds a predefined

threshold τ , such a candidate configuration is also excluded for that layer.

Selective Candidate Sampling: After pruning the design space, the remain-

ing candidate configurations are constructed as a per-layer super-block. During

every iteration of the search, we randomly sample a subset of candidates in each

super-block, and only compute the weighted sum of this subset, while masking out

the remaining candidates temporarily. In our experiment in Section 4.4, we sample

two candidates per super-block per iteration, as this ensures that the NAS process

can fit efficiently on a single GPU device. The probabilities of each candidate get-

ting selected are given by the softmaxed sampling parameters, which is similar to

Equation (4.3) but without the Gumbel sampling term Gj [161]. Consequently, in

each search iteration, only the sampling parameters of the two selected candidates

are updated according to Equation 4.4.

Greedy Branch Search: Our approach firstly determines the per-layer con-

figurations with the sequential building blocks. Once these configurations are fixed,

we then exploit the residual extension of the LR-space. Specifically, two additional

convolutional layers are incorporated into each building block, and a second round

of search is conducted to explore the configurations for these newly added layers.

4.4 Experiments

We conduct the experiments on the ImageNet dataset [1] using pre-trained ResNet-

18 [7], MobileNetV2 [162] and EfficientNet-B0 [34] coming from torchvision [163].

We selected these models because they are widely used in related works [78], [86],

[164] for benchmarking. Thanks to the techniques discussed in the previous section,
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Figure 4.4: Given the huge size of LR-space, the above techniques are introduced to
enable more efficient exploration of the design space.

we can perform the search on a single NVIDIA GeForce RTX 2080/1080 Ti GPU,

and the search takes 9-18 hours to complete.

To evaluate the effectiveness of the proposed model compression approach, we

assess its impact under three settings: post-training, where no training data are

available; few-sample training, where only a small subset of the training data are

accessible; and full training, where the complete training dataset is available. The

key metrics of interest include the percentage reduction in FLOPs and parameters,

along with the degradation in Top-1 and Top-5 accuracy, measured in percentage

points (pp).

Note that, due to limitations in available data and the reproducibility of prior

works, the choice of baseline methods may vary across different models. Conse-

quently, we selected the most relevant baselines for each model to ensure a fair and
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meaningful comparison.

4.4.1 Post-training Comparison

In some real-world scenarios, access to the original training dataset might not be

easily granted, especially when the training dataset is of value or contains sensitive

information. In this situation, compressing a pre-trained model without further

fine-tuning becomes of interest.

In Table 4.2, we present the post-training compression results of our approach,

where no fine-tuning is applied at all. For each model, multiple design points are

showcased to illustrate the tradeoff between accuracy and compression. Additionally,

results for both the sequential building block and the residual version are provided,

highlighting that the advantage of the residual extension varies case by case.

We then pick our best results and contrast them to current state-of-the-art ap-

proaches [16], [78], [86] in Table 4.3. All these existing methods employ a uniform

decomposition scheme across all layers in the network. Moreover, ALDS [86] and

LR-S2 [78] automate rank selection based on the MSE heuristics, while F-Group

[16] manually tunes the ranks.

The results in Table 4.3 clearly demonstrate that our SVD-NAS approach sig-

nificantly outperforms existing methods when no fine-tuning is applied. Specifically,

for ResNet-18 and EfficientNet-B0, our method achieves the highest compression

ratios in terms of both FLOPs and parameters. For instance, SVD-NAS reduces the

FLOPs of ResNet-18 by 58.60% and the parameters by 68.05%, while maintaining a

13.35% drop in Top-1 accuracy and a 9.14% drop in Top-5 accuracy. This represents

a considerable improvement over other methods such as ALDS and LR-S2, which

show much higher accuracy degradation (at least 18.70pp Top-1 and 13.38 Top-5).
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Table 4.2: Post-training results of SVD-NAS, without any fine-tuning. ∆ F/P denotes the percentage reduction in FLOPs and
parameters, while ∆ Top1/5 represents the accuracy degradation in percentage points (pp). The hyperparameter β balances the
cross-entropy term and computation cost term in Equation (4.4). γ and τ control the level of design space pruning (see Section 4.3.2).

ResNet-18 β=48, γ=[0.3,0.7] β=48, γ=[0.4,0.8] β=32, γ=[0.4,0.8]
∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5

sequential -59.17/-66.77 -17.58/-12.79 -53.64/-59.79 -10.55/-7.22 -50.39/-58.79 -6.75/-4.41
residual -62.53/-72.61 -20.73/-18.88 -60.74/-69.21 -16.20/-11.12 -58.60/-68.05 -13.35/-9.14

β=16, γ=[0.5,0.9] β=4, γ=[0.5,0.9] β=2, γ=[0.5,0.9]
∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5

sequential -38.91/-43.71 -3.32/-2.50 -25.50/-36.70 -1.12/-0.84 -17.30/-27.19 -0.64/-0.24
residual -45.16/-53.64 -4.20/-2.52 -28.86/-42.19 -1.38/-0.75 -13.98/-26.94 -0.67/-0.30

MobileNetV2 β=88, γ=[0.6,0.95], τ=5 β=80, γ=[0.6,0.95], τ=5 β=64, γ=[0.6,0.95], τ=5
∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5

sequential -14.17/-10.66 -19.82/-13.15 -12.54/-9.00 -15.09/-7.79 -7.73/-6.70 -7.66/-4.46
residual -16.13/-13.24 -23.16/-15.75 -13.64/-9.70 -17.59/-11.39 -8.09/-6.60 -8.06/-4.70

β=48, γ=[0.6,0.95], τ=5 β=32, γ=[0.6,0.95], τ=5
∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5

sequential -6.53/-5.82 -5.26/-3.08 -1.92/-2.74 -1.90/-0.86
residual -6.60/-5.71 -4.69/-2.72 -2.20/-2.34 -1.62/-0.84

EfficientNet-B0 β=88, γ=[0.5,0.95], τ=5 β=80, γ=[0.5,0.95], τ=5 β=64, γ=[0.5,0.95], τ=5
∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5

sequential -26.53/-17.69 -24.65/-15.92 -22.85/-16.06 -13.15/-7.45 -21.04/-15.60 -10.77/-5.95
residual -29.83/-20.60 -23.47/-15.02 -28.52/-20.38 -18.65/-11.20 -25.72/-18.86 -13.96/-8.10

β=48, γ=[0.5,0.95], τ=5 β=32, γ=[0.5,0.95], τ=5 β=16, γ=[0.5,0.95], τ=5
∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5 ∆ F/P ∆ Top1/5

sequential -18.10/-13.23 -6.99/-3.79 -15.32/-12.08 -5.98/-3.05 -8.97/-6.11 -2.98/-1.52
residual -22.17/-16.41 -10.11/-5.49 -15.95/-12.85 -6.03/-3.16 -8.85/-6.19 -2.91/-1.54



4.4. EXPERIMENTS 81

Table 4.3: Comparison with related work without fine-tuning.

Model Method ∆ FLOPs
(%)

∆ Params
(%)

∆ Top-1
(pp)

∆ Top-5
(pp)

ResNet-18

SVD-NAS(Ours) -58.60 -68.05 -13.35 -9.14
ALDS [86] -42.31 -65.14 -18.70 -13.38
LR-S2 [78] -56.49 -57.91 -38.13 -33.93
F-Group[16] -42.31 -10.66 -69.34 -87.63

MobileNetV2
SVD-NAS(Ours) -12.54 -9.00 -15.09 -7.79
ALDS [86] -2.62 -37.61 -16.95 -10.91
LR-S2 [78] -3.81 -6.24 -17.46 -10.34

EfficientNet-B0
SVD-NAS(Ours) -22.17 -16.41 -10.11 -5.49
ALDS [86] -7.65 -10.02 -16.88 -9.96
LR-S2 [78] -18.73 -14.56 -22.08 -14.15

For EfficientNet-B0, our approach reduces FLOPs by 22.17% and parameters

by 16.41%, with only a 10.11% drop in Top-1 accuracy and 5.49% drop in Top-5

accuracy. This again outperforms ALDS and LR-S2, which exhibit larger accuracy

losses (e.g., 22.08% drop in Top-1 accuracy for LR-S2 on EfficientNet-B0). In the

case of MobileNetV2, while our method achieves the best accuracy-FLOPs trade-off,

it does not lead to the highest reduction in parameters compared to ALDS and LR-

S2. This is due to the fact that we do not explicitly prioritize parameters reduction

in the loss function (Equation (4.4)), which shall be extended in our future work.

4.4.2 Fine-tune with Synthetic Data

Even though our framework outperforms the state-of-the-art approaches, we still

observe a significant amount of accuracy degradation under the problem setting

where training data are not available for fine-tuning. Under such a setting, an

alternative solution is to generate an unlabelled synthetic dataset and then use

knowledge distillation for fine-tuning.

This kind of solution has been explored before to recover quantization error

[62], but we are the first to show its successful application on tensor decomposition
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as well. Specifically, building on prior work, the synthetic data are generated by

feeding randomly initialized images I to the uncompressed pre-trained network,

and optimizing these images using back-propagation, with the target of minimizing

the following loss function:

Lsyn(I) = αsyn[(µ(I))
2 + (σ(I)− 1)2]

+
∑

i

1

fi

∑

j

[(µij(I)− µ
′
ij)

2 + (σij(I)− σ
′
ij)

2] (4.5)

In the above equation, µ(I) and σ(I) represent the mean and standard deviation

of the current image itself. We aim for these two values to be close to 0 and 1,

respectively, ensuring that the pixel values follow a standard normal distribution.

µ′
ij and σ′

ij are the running mean and running standard deviation stored in the jth

channel of the ith batch normalization layer from the pre-trained model, while µij(I)

and σij(I) represent the corresponding statistics recorded when the current image

is fed into the original pre-trained network. We aim to match these numbers to

ensure consistency in per-layer activation statistics. αsyn is a hyperparameter that

balances two terms.

Moreover, compared to ZeroQ [62], our objective function introduces a key mod-

ification: we average the loss for each batch normalization layer by scaling it with

the number of channels fi. We found this small change leads to better fine-tuning

results, especially on those compact models such as MobileNetV2 [162] and Effi-

cientNet [34] where the number of channels in these compact models varies a lot

between layers. Figure 4.5 shows two sample images taken from the original ZeroQ

implementation and our method respectively on MobileNetV2. Without the intro-

duced scaling term, the synthetic image becomes noisy, which we found, is more

likely to cause overfitting during the later fine-tuning.
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(a) ZeroQ[62] (b) Ours

Figure 4.5: Synthetic images of MobileNetV2 generated by (a) ZeroQ [62] and (b)
our approach. The difference between the two images is caused by the scaling term
fi in Equation (4.5), which helps reduce distortion and improves the quality of the
synthetic images generated by our method.

The number of synthetic images also affects the fine-tuning result, and empir-

ically, we observe the accuracy improvement saturates when using 25k synthetic

images. Once the synthetic dataset is generated, we treat the original pre-trained

model as the teacher and the decomposed model as the student. Since the synthetic

dataset is unlabelled, the knowledge distillation focuses on minimizing the MSE of

per-layer outputs. Figure 4.6 compares model accuracy before and after distillation.

Overall, using the synthetic dataset for knowledge distillation results in an average

accuracy improvement of 3.76 pp across the three target models, without using any

real training data.

4.4.3 Few-sample Fine-tune

Fine-tuning with few samples differs from the previous problem setting in that now

a small proportion of training data becomes available. Specifically, for evaluation,

we randomly select 1k images from the ImageNet training set as a subset and fix

it throughout the experiment. During fine-tuning, we found that using the entropy
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Figure 4.6: Fine-tune the decomposed models using 25k synthetic images.
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loss alone can lead to overfitting due to the limited number of samples available.

Instead, applying knowledge distillation methods leads to better accuracy results.

The loss function for knowledge distillation, as proposed by previous work [89], can

be represented as:

Lkd =
∑

i

MSE(ŷi, yi) + αkd · T
2
kd · LKLdiv + (1− αkd) · Lentropy (4.6)

This includes the Mean Squared Error (MSE) on the outputs of convolutional

layers, where ŷi and yi represent the per-layer outputs on the decomposed model

and the original model, respectively. Additionally, it involves the Kullback-Leibler

(KL) divergence on logits, which are softened by temperature Tkd (set at 6), and the

cross-entropy loss on the decomposed model where the hyperparameter αkd is set at

0.95.

Table 4.4: Comparison with few-sample pruning.

Model Method Structured ∆ FLOPs
(%)

∆ Params
(%)

∆ Top-1
(pp)

∆ Top-5
(pp)

ResNet-18

SVD-NAS(Ours) 3 -59.17 -66.77 -3.95 -2.36
FSKD [92] 3 -59.01 -64.64 -6.01 -
Reborn [165] 3 -33.33 - - -4.24
POT [166] 7 - -50.00 - -1.48

MobileNetV2
SVD-NAS(Ours) 3 -14.17 -10.66 -6.63 -3.61
MiR [167] 3 -13.30 -7.70 -1.80 -
POT [166] 7 - -40.00 - -2.87

As no previous work has reported results on few-sample tensor decomposition,

we compare our framework with existing works on few-sample pruning instead.

From Table 4.4, our SVD-NAS achieves a competitive accuracy-FLOPs trade-off

on ResNet-18, particularly when compared to structured channel pruning methods.

Specifically, our SVD-NAS achieves similar FLOPs and parameters reduction as

FSKD [92]. Meanwhile, our accuracy degradation is significantly less, with a Top-1

accuracy drop of -3.95pp compared to -6.01pp for FSKD.
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It is noteworthy that the compression ratio of MobileNetV2 achieved by our

method is relatively less pronounced compared to pruning methods. This observa-

tion can be attributed to MobileNetV2’s extensive use of depthwise and pointwise

convolutions, which exhibit less redundancy in terms of weight tensor ranks [33].

Thus, pruning methods may offer more drastic reductions in such cases.

4.4.4 Full-training Fine-tune

We further employ the entire training set for fine-tuning the decomposed models.

The results of this process are presented in Table 4.5. All these related works

employ a single decomposition scheme uniformly across layers and models, whereas

our SVD-NAS extends and generalizes them through the proposed LR-space.

Table 4.5: Fine-tune decomposed networks on the full training set.

Model Method Year ∆ FLOPs
(%)

∆ Params
(%)

∆ Top-1
(pp)

∆ Top-5
(pp)

ResNet-18

SVD-NAS(Ours) 2022 -59.17 -66.77 +0.03 +0.10
ALDS [86] 2021 -43.51 -66.70 -0.40 -0.05
ADMM-TT [168] 2021 -59.51 - - 0.00
CPD-EPC [169] 2020 -67.64 -73.82 -0.69 -0.15
S-Conv [164] 2020 -51.23 -52.18 -0.63 -
MUSCO [170] 2019 -58.67 - -0.47 -0.30
TRP [171] 2019 -68.55 -3.76 -2.33

MobileNetV2

SVD-NAS(Ours) 2022 -14.17 -10.66 -1.66 -1.90
ALDS [86] 2021 -11.01 -32.97 -1.53 -0.73
Shared [172] 2021 0.00 -7.43 +0.39 0.37
S-Conv [164] 2020 -19.67 -25.14 -0.90 -

For ResNet-18, our SVD-NAS achieves a remarkable 59.17% reduction in FLOPs

and 66.77% decrease in parameters, all without any compromise on accuracy. No-

tably, other comparable methods like MUSCO [170] and S-Conv [164] report a min-

imum accuracy degradation of 0.47pp. In the case of MobileNetv2, ourSVD-NAS

demonstrates competitive results compared to other state-of-the-art approaches.
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We also observe that the advantage of our SVD-NAS over state-of-the-art is cor-

related with the problem setting on data availability. Under comparable compres-

sion ratios, our SVD-NAS demonstrates a significant accuracy gain in post-training

scenarios (up to 6.77 pp) and few-sample settings (up to 2.06 pp). However, this ad-

vantage becomes less pronounced in full-training scenarios, where the improvement

is up to 0.43 pp.

This finding suggests that when the data access is limited, the design choices

of tensor decomposition should be more carefully considered, while when a lot of

training data are available, the performance gap between different design choices

can be compensated through fine-tuning.

4.4.5 Latency-aware Search

So far, the decisions of tensor decomposition have focused on reducing the FLOPs

without considering the actual impact on the execution time reduction on a device.

To address this, we target a Pixel 4 phone equipped with an ARM Cortex-A76 CPU.

We integrate the open-source tool nn-Meter [173] to create a lookup table for latency

estimation specific to this device. The latency lookup table is then used to replace

the FLOPs term in Equation (4.4). Once the latency-aware search completes, we

deploy the decomposed model on the device using the Tensorflow Lite 2.1 native

benchmark binary [174].

The experiments were conducted using a single thread, with a fixed batch size of

1, and the reported result is an average of 50 runs. Our decomposed networks suc-

cessfully reduce latency by 49.46%, 4.75% and 6.46% for ResNet-18, MobileNetV2,

and EfficientNet-B0, respectively. Notably, this is achieved with an accuracy degra-

dation within 2pp after fine-tuning on the entire ImageNet training set.
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Figure 4.7: Latency-aware search results on Pixel 4, where the accuracy degradation is within 2pp after fine-tuning.
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We further visualize the detailed FLOPs and latency reductions for different

experimental setups in Figure 4.7, leading to the following observations:

• Upon incorporating the latency metric into the search process, the gap between

FLOPs and latency is reduced to just 5% for both ResNet and MobileNet. For

instance, in the case of ResNet-18, the latency-aware search yields a decom-

posed network that achieves a remarkable 54.78% reduction in FLOPs and a

substantial 49.46% decrease in latency, compared to the original network.

• In contrast, EfficientNet includes SiLU and squeeze-and-excitation operations

[34], which currently lack efficient optimization for CPU, thereby becoming a

computational bottleneck. For instance, the SiLU activation function involves

the exponential operation, which is not captured in the FLOPs metric. As a

result, there is a more significant discrepancy between latency (-21.39%) and

FLOPs reductions (-6.46%).

Such latency-aware tensor decomposition can also be extended to other compu-

tational platforms, including CPUs, GPUs, ASICs, and FPGAs, as long as a latency

lookup table specific to the target device is available.

4.5 Summary

This chapter introduces LR-space, an SVD-based Low-Rank model architecture de-

sign space that unifies the decomposition schemes proposed in our work and existing

research. Therefore, searching the proposed LR-space is equivalent to exploring all

design choices involved in the tensor decomposition algorithm. To facilitate the au-

tomatic exploration of such space, we then incorporated a gradient-descent-based

neural architecture search approach which balances the accuracy and compression
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ratio in a multi-objective loss function, using back-propagation to learn the opti-

mal decomposition design choice. Results demonstrate that the SVD-NAS achieves

2.06-12.85pp higher post-training accuracy on ImageNet than other state-of-the-art

model compression methods, at a similar compression ratio.

So far, we have focused on SVD-based decomposition schemes, which require

the transformation of 4-D convolution weight tensors into 2-D before rank reduction.

An alternative approach is to explore Higher-Order Decomposition (HOD) methods,

such as Canonical Polyadic Decomposition (CPD), which can be applied directly to

4-D tensors. This will be discussed in the next chapter.
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5.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

So far, we have focused on tensor decomposition methods that are SVD-based

only. In this chapter, we incorporate additional methods, particularly Canonical

Polyadic Decomposition (CPD), demonstrating how a mixed usage of these tech-

niques can enhance performance. We then co-explore this extensive tensor decom-

position design space along with hardware customization, investigating techniques

that can lead to a fast and efficient co-exploration. This chapter is based on two con-

ference papers: SAMO [175] published in FPL 2022 and Mixed-TD [176] published

in FPL 2023.

5.1 Introduction

In the case of a pre-trained deep neural network, the data distribution and error tol-

erance often vary across different parts of the network [51]. As such, it is necessary

to make the compression method fine-grained and layer-specific to avoid significant

accuracy degradation. For example, in previous work on weights pruning, unstruc-

tured ways of pruning bring a larger compression ratio with negligible accuracy

degradation compared with the channel-wise structured pruning [177], [178]. Simi-

larly, in weights quantization, mixed precision and block floating point methods are

favored compared with uniform bitwidth and range [135], [179], [180].

In this chapter, we extend our exploration of fine-grained, layer-specific tensor de-

composition techniques as a complementary dimension for model compression along-

side pruning and quantization. This time, we incorporate the mixing of SVD with

other alternative decomposition methods to enhance flexibility and performance.

However, when integrating these advanced tensor decomposition techniques with

layer-pipelined, dataflow accelerators, new challenges arise. Historically, exploring

accelerator configurations has heavily relied on manual design space exploration, a
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process that is both time-consuming and prone to yielding sub-optimal results [131],

[181]. The joint design space of decomposition strategies and accelerator configura-

tions is now even larger, rendering the two-iteration hardware-awareness approach

presented in Chapter 3 insufficient for meeting this increased complexity.

The specific contributions of this chapter are as follows:

• Building on the work presented in Chapter 4 which focused solely on SVD,

we further propose Mixed-TD, a novel approach that for the first time mixes

Singular Value Decomposition (SVD) and Canonical Polyadic Decomposition

(CPD) with per-layer customization for improved performance and flexibility.

• To address the time-consuming DSE process, we introduce a greedy optimizer

aimed at efficiently exploring accelerator configurations while adhering to re-

source constraints. Additionally, to further expedite the co-search of decompo-

sition decisions and accelerator configurations, we also employ an evolutionary

search algorithm complemented by a random-forest-based throughput predic-

tor. These combined techniques achieve over a 10× reduction in search time.

• Through the proposed fine-grained Mixed-TD compression and the efficient

co-search, our performance evaluation shows that the proposed approach can

achieve low latency, high throughput, and negligible accuracy loss at the same

time. In terms of “Throughput per DSP”, our approach demonstrates sub-

stantial gains, ranging from 1.73× to 10.29× compared to the results presented

in previous chapters and existing literature.
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5.2 Fine-grained Mixed-TD

5.2.1 Algorithm

The proposed Mixed-TD method is an extension of the LR-space which was pre-

viously introduced in Section 4.2.1. Let’s still consider a pre-trained CNN, where

the ith convolutional layer processes ci input channels using fi = ci+1 filters with a

kernel size of ka,i × kb,i.

LR-space was characterized by the channel grouping parameters gj,i, the kernel

parameters kaj,i, kbj,i where j ∈ {0, 1} and also the decomposition rank ri. It is

important to note that the range of j is limited to binary values in the LR-space due

to its exclusive utilization of SVD. This condition ensures that the 4-D convolution

weight tensor is transformed into a 2-D representation so that SVD can be applied for

weight derivation. The Mixed-TD method builds upon this foundation, extending

the range of j to {0, 1, 2, 3} and incorporating even more decomposition schemes.

The expanded set of the decomposition design parameters, which is denoted

as {gj,i, kaj,i, kbj,i, ri}, j ∈ {0, 1, 2, 3} in the proposed Mixed-TD method, continues

to be layer-specific. This design choice adheres to similar constraints outlined in

Section 4.2.1, ensuring that the low-rank tensors can be derived from the original

weight tensors in a post-training manner.

Specifically, the constraints dictate that
∏

j kaj,i = ka,i and
∏

j kbj,i = kb,i, en-

suring that the product of kernel parameters aligns with the original convolutional

layer’s kernel size. Additionally, the constraint specifies that at least one element of

gj,i must be equal to one to preserve the connectivity between channels and filters.

Moreover, specifically for CPD, g1,i and g2,i will be at least equal to or greater than

the decomposition rank ri. This requirement arises because each rank component



5.2. FINE-GRAINED MIXED-TD 95

corresponds to a unique outer product, as described in Equation (2.3), and these

outer products will be implemented as grouped convolutions [72].

In contrast to the previously introduced LR-space, Mixed-TD demonstrates the

capability to decompose the 4-D weights of each original convolutional layer into

a maximum of four tensors, adopting the format known as Canonical Polyadic De-

composition (CPD) in the existing literature [79]. It is noteworthy that, in instances

where any decomposed tensor contains only one value, a fusion can be performed

with others. Consequently, the CPD format may collapse into configurations involv-

ing three or two decomposed tensors. In the former case, this collapse corresponds

to Tucker Decomposition [17], while in the latter case, it reverts to the SVD-based

LR-space.

It is also important to note that, besides CPD, other decomposition methods,

such as Tensor Train [182] and Tensor Ring [81], are also capable of decomposing 4-D

convolutional weights into four tensors. However, these methods require derivation

through retraining from scratch, so they are not considered in our work.

Therefore, the contribution of Mixed-TD is unifying the choice of SVD, Tucker

and CPD of convolution weights under one design space. The main difference be-

tween SVD, Tucker and CPD is the number of tensors left after decomposition as

well as their representation abilities. Empirically, we found that only SVD and CPD

are actually favored to be mixed together on modern CNN benchmarks, and we will

focus on the discussion of these two formats in the rest of the chapter.

In Section 4.2.2, we have already introduced the weight derivation for the SVD-

based LR-space. In terms of CPD, the derivation of weights can be achieved using

the Alternating Least Squares (ALS) method [72]. We show such an example in

Algorithm 2, where we assume the design parameters gj,i = 1. In the case of

gj,i > 1, we will slice the original 4-D weight tensor into chunks and apply ALS

independently to each chunk.
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Algorithm 2 Alternating Least Squares for Canonical Polyadic Decomposition
Require: Wi . 4-D weights of ith conv layer

1: W ′
i ∈ R

ci×ka,i×kb,i×fi ⇐Wi ∈ R
fi×ci×ka,i×kb,i . transpose

2: Ti(0) ∈ R
ci×(ka,ikb,ifi) ⇐W ′

i . Ti(j), keep jth dim of W ′
i while flatten others

3: A′
0,i ∈ R

ci×ri , A′
1,i ∈ R

ka,i×ri , A′
2,i ∈ R

kb,i×ri , A′
3,i ∈ R

fi×ri . random initialize
4: while not converged do
5: for j = 0 to 3 do
6: Ti(j)⇒ UriΣriVri . use SVD
7: A′

j,i = Uri × sqrt(Σri)
8: Ti(j + 1)⇐ UriΣriVri

9: Ti(0) = Ti(4)

10: return W0,i ∈ R
ri×ci×1×1 ⇐ A′

0,i, W1,i ∈ R
1×ri×ka,i×1 ⇐ A′

1,i, W2,i ∈
R

1×ri×1×kb,i ⇐ A′
2,i, W3,i ∈ R

fi×ri×1×1 ⇐ A′
3,i . reshape back to 4-d

The process begins by reshaping the original 4-D weight tensorWi into 2-D form

Ti(0) by flattening all but one dimension at a time (line 2). Then four 2-D low-rank

tensors A′
j,i are defined and random initialized (line 3). The ALS algorithm proceeds

iteratively, optimizing each 2-D low-rank tensor one at a time. At each iteration,

SVD is applied to the current reshaped tensor Ti(j) (line 6), and the 2-D low-rank

tensor is updated based on the resulting decomposed matrices (line 7). This process

continues for each dimension until convergence is reached, at which point the 2-D

low-rank tensors are reshaped back into their 4-D forms (line 10).

5.2.2 Hardware Design

In terms of the accelerator design, we extend StreamSVD (Chapter 3) to further sup-

port any CPD-compressed computation and maintain the layer-pipelined architec-

ture. Figure 5.1 highlights the differences for SVD-compressed and CPD-compressed

computation.

In the case of SVD decomposition, the number of layers is effectively doubled,

as each original convolution weight tensor is decomposed into two low-rank tensors.

Conversely, when CPD is applied, there are four new convolutional layers per engine
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instead. Each of these layers is implemented with a data buffer, multiplier arrays,

adder trees, and accumulation units. In addition, for each new layer, tunable design

parameters pIj,i, pOj,i, pKj,i are available to control the parallelism across input channel,

output filter, and kernel dimensions, where j ∈ {0, 1, 2, 3} for CPD, and {0, 1} for

SVD.

Apart from the number of layers, another difference between SVD-compressed

and CPD-compressed engines is the number of grouped convolutions each contains,

which significantly affects the data broadcast pattern of the input buffers. In the

case of SVD, the number of grouped convolutions could be between 0 and 1, while

for CPD, that number will be between 2 and 3 depending on the choices of gj,i

(Section 5.2.1).

Figure 5.1 shows an example where the SVD-compressed engine contains 0

grouped convolutions, while the CPD-compressed engine includes 2. As a result,

we can observe, for the middle two layers of the CPD-compressed engine, the acti-

vation data are sent only to a subset of multiplier arrays due to the partitioning of

filters into distinct groups, representing the occurrence of grouped convolutions. In

contrast, for all other layers, the input activation data are broadcast to all multiplier

arrays simultaneously as a standard convolution.
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Method SVD CPD
Total Stages 2 4

Standard Conv 1 or 2 1 or 2
Grouped Conv 1 or 0 3 or 2
Kernel Parallel pKj,i

Channel Parallel pIj,i

Filter Parallel pOj,i

Figure 5.1: Internal architecture of the SVD-compressed and CPD-compressed Engine. Both architectures implement the convolution
on the decomposed weight tensors, but they differ in the number of stages of computation as well as the dataflow between stages.
N While the CPD-compressed engine features more pipeline stages, this does not necessarily imply a larger circuit area, as the area
also depends on the level of parallelism specified for each stage.
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5.3 Design Space Exploration Process of Dataflow

Accelerator

5.3.1 Problem Formulation

Figure 5.2 demonstrates the end-to-end toolflow, showing how an AI model writ-

ten in PyTorch is transformed into a layer-pipelined, dataflow accelerator design,

ultimately producing a bitstream that can be deployed on an FPGA.

Regardless of whether the AI model is decomposed or not, during such transfor-

mation, one common problem is the identification of the optimal hardware config-

uration, which is also known as the Design Space Exploration (DSE) process [183].

Specifically, the DSE process can be formalized using the following terms:

Figure 5.2: The end-to-end toolflow from PyTorch to bitstream includes DSE to
identify the optimal accelerator design using resource and performance models (an-
alytical or regression-based). These models are built by sampling a few design points
and running them through simulation or synthesis. Once created, the models al-
low for fast performance estimation of other design points, avoiding the need for
repeated simulation and synthesis, and significantly speeding up the DSE process.

• L : {l0, l1, l2...} denotes all the layers in a given network, including convolution,

pooling, activation, elementwise operations, and etc.
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• P : {p0, p1, p2...} denotes the feasible parallelism dimensions for each layer.

• D : {d0, d1, d2...} ← L× P represents the accelerator design space.

• O represents the objective of DSE. In this context, we assume a minimization

objective, which could be latency or negative throughput, for example.

• A represents the area of a given design point.

As such, the goal is to

min
d∈D
O(d), s.t. A(d) ≤ Amax (5.1)

where Amax denotes the area upper bound of the design. The accelerator design

space is often huge, especially when it grows exponentially with the number of layers

in the network, making it infeasible to synthesize every design point and compare

its on-device performance. In fact, solving this optimization problem heavily relies

on the estimations from resource and performance models, as Figure 5.2 shows.

5.3.2 Optimization Algorithms

The optimization problem described in Equation (5.1) is generally non-convex. This

is because the design space D, which arises from the combination of layers and par-

allelism dimensions, is often highly discrete and non-linear, especially when consid-

ering constraints like resource allocation and performance metrics (e.g., latency or

throughput).

To address this non-convex optimization problem, the following three types of

algorithms are explored, leveraging the trade-off between the optimization evaluation

time and the optimality of the solution.
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Algorithm 3 Simulated Annealing Optimization Algorithm
1: K = K0, d = d0 . initialization
2: while K > Kmin do
3: d′ ← d . apply random change
4: if A(d′) ≤ Amax then . resource constraint
5: if ψ(d′, d,K) then
6: d = d′ . accept new design
7: K = K ∗ λ . reduce temperature

• brute-force: This method enumerates all possible design points, discarding

any that violate resource constraints. The remaining points are evaluated

based on the objective function, and the optimal design is then identified. The

primary advantage of this approach is that it guarantees finding the optimal

solution. However, even with resource and performance models to bypass the

need for a full synthesis of each design, the brute-force method can still lead to

prohibitively long execution times. For instance, when using fpgaConvNet [19]

to implement a VGG-style network with 11 layers, the design space consists

of approximately 2×1042 points. On a modern single-threaded CPU, it would

take around 5×1030 centuries to complete this enumeration, making the brute-

force approach impractical.

• simulated annealing: it is a well-known stochastic optimization algorithm

[184] , and its implementation is outlined in Algorithm 3. In the initialization

phase, the algorithm identifies the resource-minimal design point d0 by setting

the computation inside each layer to follow a sequential order. It then enters

the main optimization loop where it performs a random change to the current

design point d in each iteration and evaluates the following function to decide

whether to accept or abort the new design point d′:

ψ(d′, d,K) = exp

(

min

(

0,
O(d)−O(d′)

K

))

> x ∼ U(0, 1) (5.2)

K is referred to as the annealing temperature, a hyperparameter that decays
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with the process. x denotes the stochastic decision threshold which is a random

variable sampled from a uniform distribution. Due to this stochastic approach,

a new design point might be accepted even when the objective temporarily

worsens, facilitating exploration to escape local optima.

• greedy: As illustrated in Algorithm 4, the optimizer selects the layer whose

parallelism offers the smallest increase in resource usage but the largest im-

provement in the objective function (latency or throughput). This selection is

based on the ∆A
∆O

metric. The process is repeated iteratively until either a re-

source constraint is reached or the slowest layer in the pipeline is fully unrolled.

While the deterministic nature of the greedy algorithm makes it computation-

ally efficient, it may not explore the full design space as thoroughly as other

optimization methods.

Algorithm 4 Greedy Optimization Algorithm
1: d = d0 . initialization
2: while A(d) ≤ Amax do
3: i← argmin(∆A

∆O
), pi ∈ P . pick smallest resource impact

4: pi ↑ . increment parallelism

In Figure 5.3, we compare simulated annealing and greedy algorithms, focus-

ing on both optimization time and the minimal latency found through DSE. Since

simulated annealing is stochastic, we run it 50 times with different random seeds.

For the CNV network [20], which has 11 layers, all 50 runs of simulated annealing

reach the same latency as the greedy algorithm and converge quickly. However, with

MobileNetV1, a deeper network with 29 layers, the average latency from simulated

annealing is almost twice as high as that of the greedy approach. This means mul-

tiple runs of simulated annealing are necessary, and since each run takes about 30

minutes, the greedy algorithm becomes the more efficient choice. Therefore, for the

remainder of this thesis, we opt for the greedy algorithm due to its faster, more

stable performance, especially for larger networks.
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Figure 5.3: Comparison between the Simulated Annealing and Greedy optimization
algorithm. Networks are mapped to an AMD U250 device with a latency minimiza-
tion objective. The final optimization results are annotated in the graphs, where
the greedy algorithm yields one deterministic solution but simulated annealing may
produce a distribution of results depending on different random seeds.
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5.4 Model-Accelerator Co-search

The previous section demonstrates the DSE process for the dataflow accelerator

configuration. In this section, we will focus on integrating this process with fine-

grained Mixed-TD, aiming to co-optimize both the model decomposition setup and

the dataflow accelerator configuration. Note that in Chapter 4, we had a gradient-

descent search algorithm for exploring model decomposition decisions when targeting

CPU devices. However, since we are no longer targeting fixed hardware in this

chapter, the performance metrics between multiple candidates can no longer be

linearly combined (as a weighted sum), as assumed in Section 4.3.1. Therefore,

we adapted the evolutionary algorithm [185] for searching the model decomposition

decisions instead.

5.4.1 Evolutionary Search

As Algorithm 5 demonstrates, initially, we randomly apply the decomposition de-

sign parameters {gj,i, kaj,i, kbj,i, ri}, j ∈ {0, 1, 2, 3} (defined in Section 5.2.1). For

each generated compressed model, we use the greedy algorithm to identify its opti-

mal dataflow accelerator design, when its estimated throughput is also logged. The

obtained N design points form the first “generation” of the “population” (line 1).

For each generation, the algorithm uses mutation (line 7) and crossover (line 11) to

sample new design points, which are called offsprings. The design points are then

ranked together based on their accuracy and estimated throughput. During the

ranking, the user can provide a throughput target and design points fail to achieve

that will be removed (line 4 and 5). The remaining design points are sorted by the

accuracy metric, where the top-N samples are retained to become the next gener-

ation. This ensures the continuation of high-performing design points throughout

the evolution process.
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Algorithm 5 Evolutionary Search
Require: Population size N , Offspring size M , Number of generations G

1: Initialize population Dpop by random sampling from design space
2: for i← 1 to G do
3: Generate offspring Doff by crossover and mutation
4: Query accuracy and throughput for d ∈ Dpop ∪ Doff

5: Sort d, and keep the top-N as the new generation of the population
return Best d ∈ Dpop

6:
7: procedure Mutation(sample d)
8: for l ← Ld do
9: randomly change the decomposition at location l

return new sample d′

10:
11: procedure Crossover(samples d0, d1)
12: for ld0, ld1 ← Ld0,Ld1 do
13: randomly exchange the decomposition of ld0, ld1

return new samples d′0, d′1

5.4.2 Performance Predictor

The search speed of the evolutionary algorithm is bottlenecked by the time spent

on evaluating the accuracy and throughput of each design point.

For accuracy evaluation, we use the decomposed network without fine-tuning

and evaluate it on a single batch of validation data, rather than the entire ImageNet

validation dataset. This significantly reduces the time required for accuracy queries,

reducing the duration from minutes to just seconds on a desktop GPU.

To expedite throughput evaluation, we previously introduced performance mod-

eling and a greedy optimization algorithm (Section 5.3.2) to facilitate fast DSE.

However, even with these enhancements, the DSE process can still take minutes or

hours to run for networks with 10 to 50 layers. Additionally, this process must be

repeated whenever there are changes in the decomposition decisions.

To further address this challenge, we introduce another level of performance

estimation, by building a proxy that predicts the achievable throughput for a specific
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configuration based on network characteristics and the optimizer used. For this

purpose, a random forest is selected as the proxy model.

Our approach is as follows: In the first few generations of the evolutionary search,

we use the greedy solver from Section 5.3.2 to estimate the optimal throughput of

each design. The results are saved and used to build a dataset. At a predetermined

point in the search, we use this dataset to train a random forest regressor, which is

then used to predict the throughput for subsequent designs during the evolutionary

search, without further running the greedy solver. Training the regressor takes only

a few minutes on a desktop CPU, and its inference time is less than a second. As

a result, the evolutionary search can iterate more quickly, allowing for a broader

exploration of decomposition decisions.

Our work differs from previous study [186], which aimed to build performance

predictors for general-purpose computing architectures, such as CPUs, GPUs, or

systolic array accelerators, where the architecture is fixed and only the workload

changes during the search. In contrast, our work targets dataflow architectures on

the FPGA, where the hardware is changed and customized for each design point.

5.5 Experiments

Our experiments are conducted on a server equipped with an Intel Xeon Bronze

3104 processor, which runs the search algorithm, along with an Nvidia GTX 1080

Ti GPU for accuracy queries and final model fine-tuning. The hardware accelerator

obtained from the design process is evaluated using Vivado 2020.1, targeting an

AMD Alveo U250 device.

The system flow, shown in Figure 5.4, consists of two main stages: search and

deployment. In the search stage, we use CPUs and GPUs to estimate the accuracy
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and throughput of each design point and explore the design space to identify the

optimal configuration. This design is then fine-tuned to improve accuracy before

being synthesized and deployed on the FPGA. The time spent on each step is also

highlighted in Figure 5.4.

5.5.1 Benchmarks

As a case study, we focused on the ImageNet dataset [1] and evaluated two state-

of-the-art models, ResNet-18 [7] and RepVGG-A0 [36]. ResNet-18 features repre-

sentative residual block designs, while RepVGG-A0 is the latest model from the

VGG family. Models were quantized to 8-bit Block Floating Point (BFP) format

[61] for both activations and weights. Table 5.1 summarizes the results of our inves-

tigation. Our proposed method successfully produced a model with a significantly

reduced number of parameters while maintaining an accuracy loss of less than 0.4pp

compared to a model that uses 8-bit BFP only.

Table 5.1: Compression results on two CNN benchmarks trained on ImageNet
dataset. Models have been fine-tuned after the compression. BitOPs are counted as
two times of the number of MACs multiplied by the product of weight and activation
bitwidth.

Precision Float32 BFP-W8A8 BFP-W8A8
Decomposed 7 7 3

ResNet-18

Top-1 Accuracy (%) 69.7 69.3 69.1
Memory Size (Mb) 374 94 35

BitOPs (G) 3715 232 97
Throughput (FPS) N/A 702 1041

RepVGG-A0

Top-1 Accuracy (%) 72.4 71.9 71.5
Memory Size (Mb) 266 67 35

BitOPs (G) 2789 174 87
Throughput (FPS) N/A 864 1162

We then compare our results against state-of-the-art work, as well as our own im-

plementation from the previous chapter. While direct comparisons may not always
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be feasible due to differences in models or devices used, it is useful to position our

work against the state-of-the-art on the ImageNet task within the space of achieved

throughput and accuracy.

The results are shown in Table 5.2, where resources of Intel devices have already

been converted to the equivalent ones on AMD devices, as 1 Intel ALM = 1.8 AMD

LUT [187], and 1 Intel DSP = 2 AMD DSP [188]. We observe our Mixed-TD ap-

proach outperforms non-dataflow accelerator designs [137], [177], [189] significantly,

with respect to both peak FPS, and latency (equal to the inverse of FPS at batch

size 1). Since dataflow accelerators typically target larger FPGA devices, we also

normalize performance by resources for a fair comparison. Specifically, in terms

of FPS/DSP, our approach outperforms non-dataflow accelerator designs between

1.73× and 10.29×.

With respect to dataflow accelerator designs, we compared our Mixed-TD ap-

proach to the previously proposed StreamSVD (Chapter 3), as both methods lever-

age tensor decomposition. Our work achieves a 3.02× improvement in peak FPS/DSP

compared to StreamSVD, due to the combination of SVD and CPD, along with more

efficient co-optimization of the decomposition decision and accelerator configuration.

In addition, we considered two other state-of-the-art dataflow accelerator designs:

HPIPE [188] and FCMP [22]. While these approaches focus on weight sparsity and

binary quantization, respectively, they do not employ tensor decomposition. In

terms of batch size 1 performance, our design outperforms HPIPE, but we fall short

in peak performance because their design operates at a much higher clock frequency

(580 MHz vs. our 200 MHz). FCMP, due to binarization, uses significantly fewer

DSPs than our design, but their classification accuracy on ResNet is 1.8 percentage

points lower than ours.
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Figure 5.4: The system flow includes the search and the deployment stages. During the search stage, we query the accuracy and
the throughput of each design point and perform the design space exploration to identify the optimal design. The optimal design is
then fine-tuned to improve its accuracy before being synthesized and deployed on the FPGA device.

Table 5.2: Performance and resource comparison with existing work. “Q”, “S” and “TD” stands for quantization, sparsity (weights
pruning) and tensor decomposition respectively. Regarding performance metrics, both FPS for batch size 1, and peak FPS for a
large batch size (we and [148] use 256, [22] uses 1024, and others did not provide the details) are reported. As pipeline is emptied
between batches, the pipeline depth impacts differently those two FPS metrics.

Dataflow Network Year Method Acc. Device Freq.
(MHz) URAM BRAM kLUT DSP FPS

batch 1
FPS
peak

MCBBS [177] 7 2021 VGG16 Q, S 64.8 Arria GX1150 242 - 1785 605 2704 54 -
N3H-Core [189] 7 2022 ResNet-18 Q 70.4 XC7Z045 100 - 541 153 900 31 123

FILM-QNN [137] 7 2022 ResNet-18 Q 70.5 ZCU102 150 - 881 180 2092 - 215

HPIPE [188] 3 2020 ResNet-50 Q, S 71.9 S10 2800 580 - 11278 1064 10044 909 4550
FCMP [22] 3 2020 ResNet-50 Q 67.3 Alveo U250 195 109 3870 1027 1611 526 2703

StreamSVD [148] 3(partial) 2021 ResNet-18 Q, TD 68.4 XC7Z045 125 - 752 - 576 - 34

Ours 3 2023 ResNet-18 Q, TD 69.1 Alveo U250 200 0 3564 1550 6394 1041 1138
Ours 3 2023 RepVGG-A0 Q, TD 71.5 Alveo U250 200 0 3550 1555 5652 1162 1288
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Overall, the results highlight the significant advantages of our Mixed-TD ap-

proach over non-dataflow accelerator designs. Additionally, we extend the perfor-

mance frontier established by StreamSVD, demonstrating that our mixed tensor

decomposition strategy (SVD and CPD) can lead to highly efficient dataflow de-

signs. When compared to sparsity and quantization-based approaches like HPIPE

and FCMP, our method offers competitive performance with similar task accuracy.

This reinforces the complementary role tensor decomposition can play in achieving

high-performance, resource-efficient accelerator designs.

5.5.2 Benefits on Mixing SVD and CPD

Compared to previous chapters and literature, one main innovation in this chapter

is the introduction of mixing SVD and CPD. To understand the specific benefits of

such a mixture, we conduct an ablation study in Figure 5.5.

The results of three methods are compared, which are SVD-only, CPD-only, and

the proposed Mixed-TD. At the beginning of the search, Mixed-TD does not show a

clear advantage due to the larger design space that needs to be explored. However,

the benefits of Mixed-TD become evident after the 90-hour mark.

It is important to note that in this part of the ablation study, the random-forest-

based performance predictor is deliberately disabled. This decision ensures that the

evaluation focuses exclusively on the benefit of combining SVD and CPD in the

Mixed-TD approach, without being influenced or interfered with by the predictor’s

guidance. This isolation allows for a clearer assessment of how the mixing strategy

itself contributes to the observed performance improvements.

In fact, from Figure 5.5, we observe that Mixed-TD demonstrates the highest

accuracy compared to SVD-only and CPD-only approaches, with the advantage of

up to 4.83pp. This finding confirms the benefits of mixing SVD and CPD on a
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per-layer basis.

5.5.3 Benefits of Performance Predictor

In this section, we conduct another ablation study, to understand how the random-

forest-based performance predictor helps speed up the search process.

When disabling the random-forest-based performance predictor and using the

greedy solver alone, the evolutionary search algorithm can explore only 22 designs

per hour, resulting in a convergence time of over 150 hours. In contrast, with

the help of the random-forest-based predictor, the search algorithm can explore

4,969 designs per hour, achieving convergence in less than 20 hours. Although the

predictor slightly compromises on the design quality by identifying a design with

1,041 FPS, which is 3.5% below the target of 1,079 FPS, this trade-off is minimal

compared to the significant reduction in search time. Moreover, training the random

forest takes only a few minutes, which is negligible compared to the overall time

savings during the search process.

We further examine the possibility of using the number of Multiply-Accumulate

(MAC) operations to estimate the system throughput, and we compare this baseline

with our random-forest-based predictor in Figure 5.6. Although the MAC-based

approach is even 10 times more faster, it leads to designs with significantly lower

throughput than the target. In contrast, our performance predictor converges to a

design point that better aligns with the desired throughput.

From Figure 5.6, we can also observe that the initial steps of the predictor’s

execution are slower compared to later stages. This slowdown occurs because the

greedy solver is launched to gather training data for the random-forest-based pre-

dictor. Additionally, while the predictor exhibits some fluctuations during its op-

eration, it ultimately converges to a design point that is only 3.5% lower than the
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Figure 5.5: Compare tensor decomposition methods on ResNet-18. The search is
without the involvement of the performance predictor. Curves do not start from zero
points as initialization is required to obtain the first generation of design points.
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Figure 5.6: Compare searching results on ResNet-18, Mixed-TD, when using the
predictor to estimate throughput v.s. using MACs for estimation. The first few
steps of the predictor run are slow as the greedy solver is launched to gather training
data. Our predictor converges to a design point that better meets the target.
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target throughput. This convergence is possible because the evolutionary algorithm

iterates through generations, each containing multiple design points, allowing it to

refine its search despite the presence of some standalone mispredicted outliers.

5.6 Summary

The chapter presents a novel method, called Mixed-TD, for fine-grained and layer-

specific model compression by applying the layer-specific mixture of SVD and CPD.

Our result demonstrate that Mixed-TD achieves substantial weight compression

while preserving high accuracy and considering the target hardware. To efficiently

navigate the extended design space, we introduced an evolutionary search with a

random-forest-based throughput predictor. This chapter demonstrates the bene-

fits of tensor decomposition methods in the space of mapping CNN models onto

FPGAs, as well as the need for proxies in order to navigate quickly the large de-

sign space. In terms of the efficiency metric “Throughput per DSP”, our approach

demonstrates substantial gains, ranging from 1.73× to 10.29× compared to existing

FPGA accelerators.
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In previous chapters, we demonstrated the capability of tensor decomposition

to compress AI models, leading to reductions in both computation and memory
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requirements. This chapter approaches the problem from a different angle, focusing

on hardware-only solutions. Specifically, we address the limited on-chip memory

resources of FPGAs and introduce a methodology for the smart management of

both on-chip and off-chip memory. This approach is particularly useful in problem

settings where model compression cannot be performed, such as when maintaining a

faithful implementation of the model is critical for accuracy. In such cases, hardware-

based optimization offers a valuable alternative or can be used in conjunction with

the model compression approaches discussed in earlier chapters. This chapter is

based on the conference paper AutoWS [190] published in DATE 2024.

6.1 Introduction

Efficient management and utilization of memory resources are always crucial for

enhancing overall performance in hardware accelerators, regardless of the underlying

architecture.

For the layer-sequential architecture [113]–[115], both weight and activation data

are stored off-chip, leading to intensive off-chip memory access. Techniques such as

tiling and double buffering are commonly employed to mitigate data communication

bottlenecks by maximizing data reuse and hiding latency.

On the other hand, prior research on the layer-pipelined accelerator [21], [22],

[191], restricts off-chip memory access to the two endpoints of the computation

pipeline, with intermediate activation data streamed on-chip. Furthermore, all

model parameters (weights) are preloaded into on-chip memory before inference be-

gins. However, the substantial demand for on-chip memory impedes the deployment

of large-scale networks on resource-constrained devices. Figure 6.1 demonstrates the

memory structures of prior layer-sequential and layer-pipelined architectures. In this

chapter, we will refer to prior work on the layer-pipelined architecture as the “vanilla
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layer-pipelined architecture” to distinguish it from our approach.

Let’s consider the AMD Alveo U250, a data-center acceleration card. Despite

its high performance, this card has a limited internal SRAM capacity of only 54MB.

ResNet-50, a popular neural network architecture with 23 million parameters, re-

quires a storage capacity of approximately 92MB in IEEE Single-precision floating-

point format, which exceeds the SRAM capacity. Apart from the memory capacity,

the on-chip memory bandwidth also becomes a limitation when the architecture re-

quires access to a large number of the parameters concurrently to support parallel

computation for enhanced performance.

To overcome these limitations, this chapter introduces a novel memory man-

agement methodology for layer-pipelined architectures that exploits both on-chip

and off-chip memory for weight storage, as Figure 6.1 shows. Our approach intro-

duces memory fragmentation and we address the challenges of deciding the memory

fragmentation parameters and bandwidth allocation when dealing with multiple

pipelined Compute Engines (CE), offering an automated solution to these critical

issues. Furthermore, we bundle the above memory subsystem with a parameterised

layer-pipelined architecture resulting in the first such accelerator that supports par-

tial weight streaming.

Our contributions can be summarized as follows:

• A scalable CE template featuring tunable unroll factors, coupled with a flexible

memory structure supporting static and dynamic weights loading, tunable in

a per-layer basis.

• A Design Space Exploration (DSE) process, which balances the processing

rates of CEs and optimizes the allocation of off-chip bandwidth in an iterative

and greedy way, based on our performance and resources modeling.
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• A deterministic DMA scheduler that links off-chip memory to multiple CEs

in a time-multiplexed manner, allowing the efficient exploitation of off-chip

bandwidth with two clock domains.

• Overall, the proposed methodology enables the deployment of larger-scale AI

models on more resource-constrained FPGA devices in a layer-pipelined man-

ner, which was not possible in prior works. In terms of performance, our

solution reduces latency compared to state-of-the-art methods by 25 to 48%.

Figure 6.1: Comparison of prior layer-sequential designs [13], [137], [192], vanilla
layer-pipelined designs [19], [20], [130], and our proposed architecture, emphasizing
differences in the memory structure for weight and activation storage.
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6.2 Compute Engines

In this section, we begin by introducing the internal structure of the Compute Engine

(CE) in a vanilla layer-pipelined architecture, covering its computational dataflow

and memory organization. These aspects are customizable for each layer to optimize

performance. We then provide an in-depth analysis of how on-chip memory utiliza-

tion affects the performance of the CE, highlighting our motivation. Following this,

we introduce the core technique of our AutoWS framework, which employs both on-

chip and off-chip memory for efficient weight storage through a novel fragmentation

technique. Finally, we adapt resource and performance modeling to illustrate the

impact of this technique.

6.2.1 Dataflow and Parallelization

Inside each Compute Engine (CE), the dataflow involves the following intercon-

nected components, facilitated with handshake interfaces:

• Input buffer: used for sampling or rearranging the incoming data from the

previous layer. For example, for convolutional and pooling layers, line buffers

are used to implement sliding windows.

• Weight memory: stores the weights of convolutional and fully connected

layers. In a vanilla layer-pipelined architecture, all the weights are stored

statically in on-chip memory.

• Processing array: an array of parallel processing elements that handle ele-

mentwise operations such as multiplication, addition, and ReLU activations.

In cases where weights memory is not involved, this array may consume mul-

tiple activation data streams.
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• Output buffer: used for rearranging the output data and also performing

cross-element operations when required. In a convolutional layer, for exam-

ple, the outputs are accumulated across the 2-D kernel window and channel

dimensions.

Each CE is responsible for executing the computations of a single layer within the

target network. Consequently, all symbols defined in this section are specific to that

layer, and we will omit layer indices for simplicity. Additionally, we will use the terms

“layer” and “CE” interchangeably, as they refer to the same computational unit in

this context. Within this CE or layer, on-chip memory is required to implement

the input and output buffers, as well as the weight memory, which we will consider

separately.

For the input and output buffers, their buffer width can be expressed as the

product of the processing array’s parallelism p and the activation bitwidth la. Fur-

thermore, da refers to the depth of input and output buffers, which is selected as

the minimum number of activations required to prevent pipeline stalls or backpres-

sure, according to the previous literature[22]. Typically, this number involves only

a subset of the layer’s activations, due to the streaming nature of architecture. As

such, the on-chip memory usage of the input and output buffer can be represented

asM(p · la, da). Here,M is defined as an FPGA vendor-specific function that can

calculate the number of on-chip primitives required, taking both width and depth

as inputs.

Similarly, for the weight memory, the memory width can also be expressed as

the product of parallelism and bitwidth, which is p · lω, representing the number of

bits of weights required per cycle to prevent the processing array from being idle.

If we assume the total number of weight parameters for this layer is denoted by

eω, then the depth of weight memory can be represented as dω where p · dω = eω.

Therefore, the on-chip memory usage of the weight memory can be represented as
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M(p · lω, dω). As we are going to demonstrate in the experiment section (Table 6.2),

in a layer-pipelined architecture, the weight memory often becomes the bottleneck

in on-chip memory usage. For example, in a ResNet-18 design, the BRAM usage

for weight memory can be 20× greater than that of the input and output buffers.

Consequently, the optimization of weight memory will be the primary focus of the

remainder of this chapter.

On-chip Memory for Weights
M(p · lω, dω)

Compute Engine Performance
(Parallelism p)

I II

III

IV

1

pmax

Figure 6.2: The piecewise relationship between Compute Engine (CE) performance
(parallelism) and weight memory usage, divided into four distinct segments, anno-
tated as I to IV.

To understand the relationship between the CE performance (parallelism) and

the weight memory usage, we demonstrate it as a piecewise function in Figure 6.2,

which can be divided into four different segments (I to IV). When parallelism p = 1,

it indicates the minimum on-chip memory requirement for weight storage. There-

fore, Segment I, represented by the horizontal dashed line, is considered invalid, as

it is not feasible to reach below this minimum requirement in a layer-pipelined ar-

chitecture. Segment II and III reflect the scenarios when the CE’s parallelism p is

increasing. As a result, the shape of the weight memory is effectively changed, with

its width p · lω becoming larger and the depth dω = eω/p decreasing. For Segment

II, the number of on-chip memory primitives required is actually unchanged, due to

most FPGA vendors providing on-chip Block RAM (BRAM) that has fixed capac-
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ity but configurable depth and width. However, this configurability comes with a

limit. Once the maximum width is reached, the weight memory must be split across

multiple BRAMs, even though it can result in each BRAM being underutilized in

terms of capacity. In Segment III, the relationship is represented as a linear line,

reflecting the increasing number of BRAMs as parallelism rises. Finally, Segment

IV is characterized by a horizontal line, indicating that parallelism has reached its

maximum value (pmax). At this point, further increases in on-chip memory do not

yield any performance benefits.

As previously mentioned in Section 6.1, modern FPGA devices have limited

on-chip memory resources, which presents challenges for effectively utilizing layer-

pipelined architectures. The achievable parallelism is constrained, especially when

targeting relatively large-scale networks on resource-constrained devices. Figure 6.7

later will demonstrate this trend using an AMD U250 device, providing a concrete

example.

6.2.2 Weight Fragmentation

One main novelty of the proposed AutoWS is in the introduction of weight fragmen-

tation while preserving the layer-pipelined architecture. In this scheme, the original

weight memory structure is divided into the Static and Dynamic regions along the

depth dimension dω. Specifically, weights belonging to the Static region are stored

permanently on-chip, consisting of n fragments, each with a depth of uon. On the

other hand, weights in the Dynamic region are stored in the off-chip memory, also

consisting of n fragments, but each with a depth of uoff instead. The n fragments in

the Dynamic region share the same on-chip physical memory structure in a time-

multiplexed manner, ensuring that only one fragment is active on-chip at any given

time. The relationships among the symbols are expressed as follows:
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Figure 6.3: Dataflow inside each Computation Engine (CE), with weights storage
fragmented into the static region which stays permanently on-chip, and the dynamic
region which is stored off-chip and only loaded upon requirement.

don = uonn, doff = uoffn, dω = don + doff (6.1)

As such, by exploiting the above fragmentation technique, the saving of the

on-chip weight memory can be expressed as:

∆Mω =M(p · lω, dω)−M(p · lω, don) +M(p · lω, uoff ) (6.2)

The above equation contains three terms, which correspond to the original on-

chip weight memory usage in a vanilla design, the remaining on-chip usage for the

Static region only, and the overhead of the on-chip buffer required to store one

fragment of the Dynamic region. Moreover, in our AutoWS, we select the value of

uoff in order to minimize this overhead, by makingM(p · lω, uoff ) = 1.

Figure 6.3 demonstrates the implementation of weight fragmentation at the CE

level. On the left side, the architecture consists of a pipeline that includes the input

buffer, a processing array (represented as a multiplier array), and an output buffer.
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On the right side, the weight storage is divided into two distinct regions: Static

(shown in dark red) and Dynamic (shown in light red). A MUX (multiplexer) is

responsible for selecting between the weights from the Static and Dynamic regions

based on the control logic. This selection is controlled by an Address Counter,

which is driven by an EN signal that enables the counter. Each element from

the processing array generates a READY signal, and these READY signals are

combined (ANDed) to produce that EN signal.

Let’s consider an example, where the current CE is implementing a convolutional

layer. In this case, b denotes the batch size, ĥ and ŵ represent the spatial feature

map height and width out of the layer. During run-time, the processing array first

requests and reads a fragment from the Static region with a depth of uon, which

takes uon cycles, assuming no stalls in the processing array. Simultaneously, during

this time, a fragment from the Dynamic region, with a depth of uoff , is being

loaded from off-chip memory into the on-chip buffer. Once uon cycles have elapsed,

the Address Counter controls the MUX to switch the input of the processing

array to read from the Dynamic region instead, which takes another uoff cycle.

Since there are n fragments in both Static and Dynamic regions, and each

fragment as the weight of the convolutional layer, is reused across the batch size b

as well as the spatial dimensions of the feature map ĥ and ŵ. Therefore, the above

process that switches between Static and Dynamic occurs r times in total, which

is defined as

r = b · ĥ · ŵ · n (6.3)

Importantly, the on-chip buffer for the Dynamic region is implemented as dual-

port memory, one for reading and the other for writing, allowing it to continue

loading data from off-chip memory while simultaneously providing data to the pro-
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cessing array. As a result, the total time budget for loading a fragment of the

Dynamic region from off-chip is uon + uoff cycles, rather than just uon. Moreover,

this dual-port on-chip buffer is operating on two clock domains:

• clkcomp: controls the read port of this on-chip buffer, and also the execution

of various computations within the CE.

• clkdma: manages the write port of this on-chip buffer, and also the process of

loading weights from the off-chip memory.

By taking these into account, the average off-chip memory bandwidth require-

ment βω for loading the fragment of Dynamic region can be expressed as:

βω = p · lω ·
uoff

uon+uoff
· clkcomp (bits per second) (6.4)

In the above equation, p · lω and uoff represent the width and depth of this frag-

ment, while uon+uoff denotes the time budget for loading this fragment. Moreover,

the above equation together with Equation 6.2, establishes the trade-off between on-

chip memory savings and off-chip memory bandwidth. By reducing on-chip memory

usage through weight fragmentation, additional off-chip memory bandwidth is re-

quired to load the fragments. This approach exploits the fact that, in prior vanilla

layer-pipelined architectures, the off-chip memory bandwidth is often underutilized.

By leveraging this unused bandwidth, the system can effectively address the on-chip

memory bottleneck.

6.3 Macro-Architecture

After examining the weight fragmentation within each individual computation en-

gine (CE), let us now shift our focus to the macro-architecture of the design. The
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weight fragmentation technique introduces additional memory-related design param-

eters per layer: uon, uoff and n, as defined in Equation (6.1). We will demonstrate

that the selection of these parameters depends on the DMA scheduling and the

bandwidth allocation across all the CEs, both requiring system-level exploration.

In the previous section, we omitted the indices of the symbols for simplicity,

even though they are defined layer-wise. However, since we are discussing macro-

architecture, we will now clearly denote the layer indices associated with the symbols.

For example, let L : {l0, l1, l2, ...} represent all the layers in a given network, and

then the per-layer parallelism can be denoted as P : {p0, p1, p2, ...}.

6.3.1 DMA Connection and Scheduling

In a layer-pipelined architecture, the number of CEs in the accelerator is equal to the

number of layers in the target AI model. After applying weight fragmentation, each

CE may require a DMA connection for loading the Dynamic region from the off-

chip memory. However, as the number of CEs increases, the system may run out of

available memory banks or DMA channels to support all CEs simultaneously. Here

we consider an extreme case that only a single off-chip memory bank is available,

and we will demonstrate a connection scheduling strategy to ensure that each CE

can still access the off-chip memory in a timely manner.

Our solution at the microarchitecture level is to employ a demultiplexer to

manage the routing between the single off-chip memory bank and the multiple DMA

ports required by the CEs. At any moment, the off-chip memory bank only serves

one CE at a time, fully utilizing the available off-chip memory bandwidth to fill

the on-chip buffer for the Dynamic region. The demultiplexer is controlled by

a compile-time generated configuration sequence that outlines the order and the

duration of serving each individual CE. The configuration sequence is generated
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at compile time because the workload is static, meaning the dataflow and com-

putational requirements for each CE are predetermined and do not change during

runtime.

The order of this configuration sequence is determined by the per-layer parame-

ter r (defined in Equation (6.3)), which controls how often we switch between Static

and Dynamic regions in each layer. To illustrate this, let us consider an example

involving two consecutive layers/CEs (l1 and l2) in the pipeline. Both layers have

the same batch size b and feature map size ĥ, ŵ. We will demonstrate two different

scenarios, as well as their performance impact, as shown in Figure 6.4.

Scenraio 1: In the top-left figure, we present the write and read scheduling

for layer l1, whose Dynamic region only contains one fragment (n1 = 1). As such,

its entire Dynamic region will be loaded in burst mode, represented as a single

large rectangle shaded in blue. Moving to the bottom-left figure which displays

the scheduling of the layer l2 instead, the assumption is layer l2 follows l1 in the

computation pipeline so that the computation inside layer l2 always lags behind layer

l1 due to the pipeline depth between them. The assumption for l2 is its Dynamic

region contains four fragments in total (n2 = 4), represented as four slim rectangles

shaded in blue. Given that we already assume that batch size b and feature map size

ĥ, ŵ are equal across layers, the repeat parameter r2 is four times r1 in this scenario,

according to Equation (6.3). As a result, an undesired pipeline stall is introduced,

when the DMA is busy with writing the substantial weight chunk for l1, prohibiting

the computation inside l2 from moving forward. Moreover, the pipeline stall will

occur every time l1 loads weights from off-chip.
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(a) Imbalanced DMA Scheduling (b) Balanced DMA Scheduling

Figure 6.4: Two-layer example of write/read scheduling. The number of burst writes (represented by blue-shaded rectangles) is
determined by the per-layer repeat parameter r (as defined in Equation (6.3)). The height and width of each blue-shaded rectangle
can be represented as βmax− βa and ti respectively (as defined in Equation (6.6)). In (a), an undesired pipeline stall occurs because
the DMA is occupied with writing the substantial weight chunk for l1, preventing the computation in l2 from progressing. Such a
pipeline stall will repeatedly occur for every pixel in the feature map, significantly impacting performance.
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Scenraio 2: In contrast, looking at the top right and the bottom right of

Figure 6.4, where n1 is set to be equal to n2 (both having four fragments), the re-

peat parameters also become equal as well (r1 = r2). This adjustment introduces

a balanced order of serving computational elements (CEs), resulting in a smoother

data flow throughout the architecture and diminishing the pipeline stall in the pre-

vious scenario. Therefore, we enforce this balancing by introducing the following

constraint to the per-layer repeat parameters:

∀i, j ∈ [1, N ], ri = rj (6.5)

where N denotes the number of layers in the target AI model. By applying this

constraint in conjunction with Equation (6.3), we can determine the number of

fragments n for each layer.

After establishing a balanced order of the demultiplexer configuration se-

quence, let’s also look into its duration of serving each individual CE. Let βmax

denote the maximum bandwidth of the off-chip memory bank, and βa represent the

off-chip memory bandwidth required for the first CE to read input samples and the

last CE to write prediction results. As such, the time duration for serving the ith

CE in burst mode (the width of each blue-shaded rectangle in Figure 6.4) can be

represented as:

ti =
pi · lω · uoff,i
βmax − βa

(6.6)

where the numerator represents the size of each off-chip fragment in bits, while

the denominator indicates the available off-chip memory bandwidth for transferring

weights.
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6.3.2 Design Space Exploration

In the previous chapter, specifically in Section 5.3.1, we defined the design space of

the layer-pipelined architecture as D : {d0, d1, d2...} ← L×P , where L : {l0, l1, l2, ...}

represents all the layers in a given network, and P : {p0, p1, p2, ...} represents the

per-layer parallelism.

After introducing weight fragmentation, the design space is now extended to

D′ ← L×P×F , where F : {f0, f1, f2, ...} represents per-layer fragmentation ratios:

fi =
uoff,i

uon,i + uoff,i
(6.7)

where a larger fragmentation ratio indicates a higher proportion of the weights that

are stored off-chip.

It’s important to note that in a layer-pipelined architecture, all design choices

can be made on a layer-wise basis, resulting in D′ being represented by the Cartesian

product of L, P , and F . Thus, the new DSE process can be formulated as follows:

min
d∈D′

O(d), s.t. A(d) ≤ Amax, β(d) ≤ βmax (6.8)

Here, O represents the optimization goal, which could be minimizing latency

or maximizing throughput. In this particular chapter, the focus is on minimizing

latency, as we aim to deploy large-scale AI models on resource-constrained FPGA

devices using the proposed AutoWS framework. Resource-constrained FPGAs are

more aligned with edge applications, where low latency is critical [193].

Moreover, A represents the area estimation, β denotes the total off-chip memory

bandwidth required, including the bandwidth for activations (βa) and the bandwidth
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procedure compute_allocation
. smallest area impact

i← argmin(∆A

∆O
), pi ∈ P

pi ← pi + φ . increase parallelism

procedure memory_allocation
. smallest bandwidth impact

i← argmin( ∆βω

∆Mω

), fi ∈ F
fi ← fi + µ . increase eviction

Figure 6.5: Iterative, greedy optimization of the computation and memory.

sum of per-layer weights (βω, as defined in Equation (6.4)). These two constraints

ensure that the chosen design d complies with the maximum area (Amax) and band-

width (βmax) limitations imposed by the hardware platform.

To solve this optimization problem, we extend the greedy algorithm, which was

introduced in Algorithm 4, and further iteratively optimize the computation and

memory with the following two passes, as Figure 6.5 shows:

• greedy compute allocation: In this pass of the optimization, we evaluate

the ratio of area impact to latency reduction (∆A
∆O

) for each pi ∈ P . This ratio

can be estimated using the resource and performance modeling techniques

elaborated in the previous chapter, and our goal is to identify the index i that

minimizes this ratio. This corresponds to selecting the layer/CE that provides

the greatest latency reduction for the least area impact. Once the index i

is identified, we incrementally promote the corresponding parallelism pi by

a user-defined step size φ. We repeat the process until the required on-chip

memory exceeds the limit, when we transition to the next phase.

• greedy memory allocation: Initially, the DSE begins with the setup where

all weights reside on-chip. In case the required on-chip memory exceeds the

limit, we evaluate the ratio of off-chip memory bandwidth impact to on-chip
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memory reduction ( ∆βω

∆Mω
) for each fi ∈ F . The variables βω andMω have been

defined in Equation (6.4) and (6.2), respectively. The goal is also to identify the

index i that minimizes this ratio. Afterward, we increment the corresponding

fragmentation ratio fi by another user-defined step size µ to evict more weights

to the off-chip memory. We repeat this process until the remaining on-chip

memory usage is within the allowable limit. Once this condition is met, we

transition back to computation allocation to further increase parallelism.

In this DSE algorithm, two user-defined hyperparameters, φ and µ, control the

step sizes of the exploration. The choice of these hyperparameters affects the trade-

off between exploration time and solution optimality. A larger step size accelerates

exploration, but may lead to sub-optimal solutions.

6.4 Evaluation

6.4.1 Experiment Setup

For evaluation, we target the AMD Xilinx FPGA devices and use Vivado 2019.1

for hardware synthesis. Regarding the DNN models, we considered MobileNetV2

[162], ResNet-18 and ResNet-50 [7], as these are widely used benchmarks in state-

of-the-art layer-sequential architecture designs [13], [137], [192]. To ensure a fair

comparison, we adopt the same quantization strategies employed by these state-of-

the-art designs, quantizing the models to 4-bit or 8-bit precision.

Furthermore, we employ fpgaConvNet [191] to generate “vanilla layer-pipelined”

designs where all weights are stored permanently on-chip. We extend fpgaCon-

vNet by incorporating our own weights fragmentation (Figure 6.3), DSE method

(Figure 6.5), and DMA scheduling (Figure 6.4) techniques. Note that our design
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methodology is fully automated, so it can also be easily integrated into other layer-

wise pipelined toolflows, such as FINN [22] and hls4ml [21], in the future.

6.4.2 Overall Results

Figure 6.6 provides a comparative analysis among our AutoWS, the “vanilla layer-

pipelined” approach [19], [175], and other “layer-sequential” architectures [13], [137],

[192]. We evaluate three different models, and for each model, we also include the

results targeting three different devices. For easy illustration, we define the device

size relative to model parameters; for example, ZCU102 is “large” for MobileNetV2

but “small” for ResNet-50 due to its larger parameter size.

Our key observations include:

• “Vanilla layer-pipelined” excels on “large” FPGA devices with ample on-chip

memory. For example, in the top-right corner of Figure 6.6, where Mo-

bileNetV2 is deployed on the ZCU102 device, the “vanilla layer-pipelined”

design (orange bar) achieves a latency of 2.3 ms, which is less than half the

5.3 ms latency of the “layer-sequential” approach (blue bar). Similar patterns

are observed for ResNet-18 on U50 and ResNet-50 on U250.

• Our AutoWS maintains latency on these “large” devices, as our greedy DSE

automatically identifies that there is no need to store weights off-chip, and

the designs become primarily compute-bound. For example, as shown again

in the top-right corner of Figure 6.6, our AutoWS achieves the same 2.3ms

latency as the “Vanilla layer-pipelined” approach.

• On small to medium-sized FPGA devices, the “vanilla layer-pipelined” ap-

proach may underperform compared to the “layer-sequential” method. For

example, as shown in the top-middle of Figure 6.6, where MobileNetV2 is
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Figure 6.6: Latency comparison across different networks and devices. We define
the size of the device (Small, Medium, Large) relative to the model parameters. The
vanilla layer-pipelined solution excels on larger FPGA devices. However, on smaller
FPGA devices, its performance is hindered due to limited on-chip memory band-
width, and in some cases, the solution cannot be implemented at all, as indicated
by “no valid”.
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mapped to the ZC706 device, the “vanilla layer-pipelined” design (orange bar)

achieves a latency of 9.2 ms, which is worse than the 7.3 ms latency achieved

by the “layer-sequential” approach (blue bar). This behavior aligns with Seg-

ment III in Figure 6.2, where limited on-chip memory resources restrict the

achievable parallelism in the “vanilla layer-pipelined” design.

• In some extreme cases, it may not be feasible to implement the “vanilla layer-

pipelined” approach on small to medium-sized FPGA devices, as indicated by

the “no valid” labels in Figure 6.6. This behavior corresponds to Segment

I in Figure 6.2, where the minimum on-chip memory required by the “vanilla

layer-pipelined” approach already exceeds the device’s capacity.

• The advantage of our AutoWS is particularly evident on small to medium-

sized FPGA devices. For instance, in the bottom-middle of Figure 6.6,

where ResNet-50 is deployed on the U50 device, AutoWS reduces the latency

from 15.0 ms in the “vanilla layer-pipelined” approach (orange bar) to just

3.4 ms (green bar). Furthermore, this 3.4 ms latency also outperforms the

“layer-sequential” approach, which requires 6.0 ms (blue bar).

• However, in some cases, such as MobileNetV2 on Zedboard and ResNet-50 on

ZCU102, “layer-sequential” still achieves the lowest latency. This is because

the off-chip memory bandwidth on these devices is limited compared to the

number of parameters in those models. This bandwidth constraint restricts

the full application of our proposed methodology.

In summary, the results in Figure 6.6 demonstrate that “layer-pipelined” ap-

proaches have a clear advantage over “layer-sequential” approaches on “large” de-

vices with ample on-chip memory resources. Our work extends this advantage to

more resource-constrained devices by considering the access requirements of the

weights and leveraging off-chip memory bandwidth.
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Table 6.1: Resource utilization of various designs generated by our AutoWS, covering
different models and devices.

MobileNetV2 ResNet-18 ResNet-50

Quantization W4A4 W4A4 W4A5 W4A4 W4A5 W8A8 W4A5 W8A8 W8A8
Accuracy(% ) 65.6 65.6 65.7 70.3 70.5 70.0 77.3 76.0 76.0
Latency(ms) 325.9 4.8 2.3 27.0 7.0 1.3 578.7 3.4 1.8

Device ZedBoard ZC706 ZCU102 ZC706 ZCU102 U50 ZCU102 U50 U250
Frequency(MHz) 200 200 200 200 200 250 200 250 250

LUT 53k
(99%)

219k
(100%)

273k
(100%)

216k
(99%)

269k
(98%)

704k
(81%)

272k
(99%)

869k
(50%)

1714k
(99%)

FF 48k
(45%)

213k
(49%)

251k
(46%)

54k
(12%)

97k
(18%)

444k
(25%)

86k
(99%)

599k
(34%)

1032
(30%)

DSP 94
(43%)

391
(43%)

1222
(48%)

150
(17%)

1251
(50%)

5817
(98%)

64
(3%)

3807
(64%)

7804
(64%)

BRAM 280
(100%)

1084
(99%)

1428
(78%)

1090
(100%)

1824
(100%)

2490
(93%)

1824
(100%)

2688
(100%)

4025
(75%)

URAM - - - - - 576
(93%) - 640

(100%)
967
(76%)

DRAM(Gbps) 11.8
(35%)

2.9
(3%)

0.3
(0%)

81.6
(80%)

149.6
(97%)

1.2
(0%)

53.8
(35%)

687.6
(41%)

0.8
(0%)

We also present the implementation details of designs generated by our AutoWS

in Table 6.1. The results show that AutoWS prioritizes the use of on-chip BRAM for

weight storage before utilizing off-chip DRAM for weight transfer. This continues

until the design becomes constrained by other resources, such as LUTs or DSPs. For

example, in the case of MobileNetV2, off-chip DRAM usage remains consistently

under 35%.

6.4.3 Case Study

In this section, we further provide a case study that focuses on mapping ResNet-18

to ZCU102, offering more detailed insights into our implementation. Firstly, we

conducted a parameter sweep, as depicted in Figure 6.7, systematically adjusting

the budget of on-chip memory (BRAM utilization), while keeping the budgets of

compute resource (LUT, DSP) and off-chip bandwidth fixed. All resource numbers

are normalized to the specifications of a single ZCU102 device.
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Based on the BRAM utilization, the top of Figure 6.7 can be split into three

segments:

• [0, 1.25): Here, the “vanilla” approach cannot fit, resulting in no valid design

points. However, AutoWS exhibits steadily improved throughput as on-chip

memory resources increase.

• [1.25, 1.75): The “vanilla” approach is feasible but lags behind AutoWS in

throughput, suggesting the bottleneck changes from the on-chip memory ca-

pacity to the off-chip memory bandwidth.

• [1.75, 2): In this range, both the “vanilla” approach and AutoWS converge

to the same set of design points as the accelerator becomes compute-bound

instead.

Note that in the previous analysis in Figure 6.2, we illustrate the piecewise

relationship between performance and weight memory usage. Figure 6.7 provides

an actual example that demonstrates this trend in practice.

Table 6.2 offers a detailed resource breakdown for two specific design points,

namely d0 and d1, selected from Figure 6.7. These two design points correspond

to the “vanilla” approach and AutoWS, respectively. For d0, its off-chip memory

bandwidth is notably under-utilized, as the “vanilla” approach did not account for

weight transfers (wt). Conversely, AutoWS (d1) effectively utilizes this resource.

Regarding BRAM usage, it falls into three categories:

• act_fifo: FIFOs that connect CEs as well as the input/output buffers within

each CE, responsible for holding intermediate activation data on-chip.

• wt_buff: shared on-chip buffers, used to load weights in the dynamic region

from off-chip memory.
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• wt_mem: the on-chip storage allocated for weights in the static region.

The costs of act_fifo and wt_buff are relatively minor (below 10%) compared

to wt_mem. A comparison between design points d0 and d1, with similar through-

put, reveals that AutoWS saves BRAM utilization by 70%, as highlighted in red in

Table 6.2.
Table 6.2: ResNet18-ZCU102, memory resource breakdown.

Design Point Off-chip BW (Gbps) BRAM Usage (MB) DSP FPS
act wt total (util.) act_fifo wt_buff wt_mem total(util.)

Vanilla (d0) 0.1 0.0 0.1 (0%) 0.4 0.0 8.3 8.7 (172%) 1113 141
AutoWS (d1) 0.1 105.0 105.1 (68%) 0.4 0.1 4.6 5.1 (99%) 1180 142

Furthermore, Figure 6.8 shows the layer-wise memory allocation of our DSE

algorithm. In this case, 5 out of 21 layers have part of the weights stored off-chip

(layers 15 to 18 and 20). The selection of these layers prioritizes minimal bandwidth

impact and large on-chip memory saving, as guided by the criterion ∆βω

∆Mω
outlined

in Figure 6.5. We visualize this criterion as the red curve in Figure 6.8, with the

corresponding values obtained at the end of DSE. As shown in the figure, layers 15

to 18 and 20 have the lowest values for this metric, leading to their weights being

moved off-chip, represented by the green regions.

6.4.4 Object Detection

Furthermore, we evaluate the effectiveness of our proposed methodology in the con-

text of the COCO object detection task [24], using the 8-bit YOLOv5n model [194],

and targeting the ZCU102. AutoWS (8.7ms) achieves a 36% latency reduction

compared to Vitis AI (13.7ms) [13], and a 9% reduction compared to the “vanilla

layer-pipelined” (9.5ms).

Similar to the previous experiments, the advantage of AutoWS stems from the

limitations in the “vanilla layer-pipelined” architecture, where constrained on-chip
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memory resources restrict the achievable parallelism. AutoWS overcomes these re-

strictions by optimizing weight access patterns and efficiently leveraging off-chip

memory bandwidth. This also demonstrates the general applicability of the method-

ology beyond standard ImageNet classification tasks.

6.5 Summary

When designing FPGA accelerators for AI models, the capacity of on-chip mem-

ory is often the performance bottleneck. For accelerators designed as the traditional

dataflow layer-pipelined architecture, such bottleneck is even more obvious since the

model parameters are required permanently on-chip for high performance and easy

scheduling. In this chapter, we introduce AutoWS which provides a novel mem-

ory management methodology for the layer-pipelined architecture, that efficiently

exploits both on-chip and off-chip memory for weights storage. Specifically, it in-

troduces memory fragmentation where the ratio of on-chip versus off-chip storage

is automatically decided through a DSE process. As a result, AutoWS enables the

deployment of larger-scale AI models on more resource-constrained FPGA devices

in a layer-pipelined manner, which was not possible in prior works.

The proposed methodology is versatile and can be applied to a wide range of

FPGA devices, regardless of whether DDR or HBM is used for off-chip memory, as

long as the available maximum bandwidth is known. Moreover, it can seamlessly

integrate with model compression techniques such as quantization, pruning, and

decomposition, enabling further memory savings. Finally, our innovations are not

confined to FPGAs but can also be extended to ASIC designs, potentially offering

a comprehensive solution for next-generation AI accelerators.
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7.1 Summary

This thesis investigated efficient AI model inference in both software algorithm and

hardware architecture designs, with a particular focus on using Tensor Decompo-

sition to compress the weights of AI models and designing customizable dataflow

accelerators on resource-constrained FPGA devices. From the existing research, this

thesis extends the design space of these two techniques and combines them with

novel design automation approaches to reduce repetitive engineering efforts in the

fast-evolving AI landscape. The specific contributions of this thesis are summarized

as follows and they have all been open-sourced as Chapter 1 has stated:
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Fine-grained Tensor Decomposition for CNN models

Within a Convolutional Neural Network (CNN) model, the data distribution of

weight parameters along with their error tolerance can vary a lot across different

parts of the network. Therefore, customizing a layer-wise, fine-grained compression

scheme for weight parameters is highly desirable. This has led to the development of

methods such as mixed precision quantization and unstructured pruning. However,

when applying tensor decomposition for compressing weight parameters, existing

literature remains coarse-grained in terms of their algorithm.

Starting from Chapter 3, this thesis introduces the first SVD-based algorithm

that allows mixing existing tensor decomposition schemes on a per-layer basis. Then

in Chapter 4, to extend the choices of decomposition schemes available, a novel low-

rank network architecture design space LR-space is constructed, which generalizes

from the corner cases considered in previous studies. Finally, Chapter 5 further in-

corporated CPD-based tensor decomposition into the design space, where the choice

of applying SVD or CPD can also be model-specific and layerwise.

By leveraging these algorithms, our fine-grained approach significantly reduces

accuracy degradation by 7 to 20 percentage points compared to prior work in the

area of tensor decomposition. Furthermore, our experiments further demonstrate

that fine-grained tensor decomposition can achieve results equivalent to or better

than mixed precision quantization and unstructured pruning. Most importantly,

networks decomposed using these methods can run much more efficiently on existing

CPU/GPU devices, making them highly attractive for practical applications.

Dataflow Architecture Accelerators and Memory Optimization

For applications with critical performance demands, customized accelerator de-

signs employing dataflow architectures are the optimal choice. Therefore, apart from

deploying decomposed AI models on CPU/GPU devices, Chapters 3 and 5 intro-
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duce hardware engines for efficiently running these decomposed models on FPGAs

instead. These engines are interconnected with the rest of the computation graph

to enable pipelined execution, releasing the full potential of tensor decomposition.

However, when designing these dataflow architectures, memory storage often

becomes a bottleneck, especially when all the weight parameters are placed perma-

nently on the chip. Model compression techniques such as tensor decomposition or

quantization cannot always fully address this issue. Therefore, Chapter 6 focuses

on a hardware-only solution. We introduce a methodology that smartly allocates

both on-chip and off-chip memory resources, tailored for each specific combination

of model workload and device constraints. This enables the deployment of large-

scale AI models on resource-constrained FPGA devices in a layer-pipelined manner,

which was not possible in previous work. As a result, we achieve a latency reduction

of 25 to 48% on several modern CNN benchmarks.

Automated Software and Hardware Co-Design

When considering model compression and accelerator design, a shared prob-

lem is efficiently searching the design space to identify the optimal configuration.

This challenge arises because the design space can be huge due to the fine-grained

methodology employed in both the software algorithm and hardware architecture

designs. To address this, this thesis investigated both advanced search algorithms

and performance proxies.

In Chapter 4, we adapt gradient descent to search the model compression design

space for tensor decomposition. To estimate the impact of compression on real-time

performance, we first use the number of operations as a proxy, which is common

in the machine learning community. To further promote the hardware-awareness of

our algorithm, we integrate regressional performance models targeting mobile CPUs

and GPUs.
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Then, in Chapter 3 and 5, the focus is shifted to FPGAs. Since hardware in

FPGA-based designs is not fixed, we employ the evolutionary algorithm to search

for optimal model compression and hardware accelerator configurations simultane-

ously. This co-optimization can be imagined as a two-level nested loop, where the

outer loop searches for compression decisions, while the inner loop explores accel-

erator configurations. In Chapter 5, we propose a greedy hardware design space

exploration technique and a random forest performance predictor to further speed

up the iteration of the inner loop and outer loop respectively. Overall, our experi-

mental results have shown a significant reduction in search time by more than 10×,

with a negligible impact on search quality.

7.2 Reflections

One of the key lessons learned during this research is the growing difficulty in explor-

ing model compression techniques, especially tensor decomposition, as well as quan-

tization and pruning. AI Model designs are fast evolving through sophisticated en-

gineering efforts and automated Neural Architecture Search (NAS) processes, which

optimize models for both accuracy and compactness. This evolution has led to the

increasing difficulty of applying traditional compression methods without significant

accuracy degradation.

For example, in Table 4.4, despite overcoming some of the state-of-the-art tensor

decomposition techniques, we observed that accuracy degradation remains substan-

tial for models like MobileNetV2 and EfficientNet. These models, being designed

with efficiency in mind, are particularly sensitive to compression, which highlights

the limitations of current compression techniques when applied to highly optimized

model architectures.

This experience raises an important question: Is it still feasible to train a model
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and then compress it afterward, or should more integrated approaches, such as

quantization-aware training, be prioritized? Developing new strategies to address

the compressibility of compact and efficient models is essential for the continued

progress in AI model optimization.

Furthermore, regarding hardware accelerators, the research has highlighted the

attractive potential for co-design between model compression and accelerator ar-

chitectures. However, an open question that remains is how much automation can

ultimately be achieved in this co-design process. For example, in terms of the design

space and search algorithms, a significant amount of manual configuration is still

required, such as setting hyperparameters or applying heuristics.

7.3 Potential Extensions and Improvements

7.3.1 Short-term Improvments

Throughout this thesis, the experiments for both software and hardware evalua-

tion primarily focus on Convolutional Neural Network (CNN) models, which re-

main highly competitive for image classification tasks [195]. However, it would be

interesting to examine the proposed methodologies on other types of models and

tasks. For example, the low-rank tensor decomposition space (LR-space) can be

applied to transformer models on Natural Language Processing (NLP) tasks. These

transformer models contain a lot of matrix multiplications that are potentially suit-

able for decomposition. Similarly, in the hardware domain, the highly customizable

dataflow accelerator architecture might also be appropriate for transformer mod-

els. Once hardware libraries are designed to support any additional operation types

involved in transformer models, the proposed design automation (Chapter 5) and

memory optimization (Chapter 6) technologies will also be applicable there.
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In addition, the current evaluation throughout the thesis focuses on the latency

and throughput of the accelerators. same as the objective function set in DSE

(Equation 5.1). However, it would be valuable to also evaluate the impact on en-

ergy efficiency. By considering energy consumption as an additional factor in the

optimization process, it would be possible to achieve a more holistic evaluation of

the accelerator’s performance. Of course, a key research challenge in this direction

is modeling energy consumption for a fast DSE process. Otherwise, it would re-

quire running synthesis or even place-and-route for each design point, which will be

time-consuming.

7.3.2 Long-term Research

Regarding the model compression algorithms, we have currently focused on ten-

sor decomposition and explored its combination with the quantization approach

(Chapter 3 and 5). However, in this combination, we employed a fine-grained de-

composition scheme while using a coarse-grained quantization method with a fixed

data width. Such a combination did not explore more advanced techniques such

as mixed-precision quantization. By extending gradient descent and evolutionary

search techniques proposed in Chapter 4 and 5, it is possible to co-search fine-grained

compression decisions involving both tensor decomposition and quantization. Addi-

tionally, unstructured pruning can be included in the design space as well. Therefore,

it is possible to build a tool that can explore multiple model compression approaches

jointly on any given AI model.

Back to the FPGA accelerator designs, this thesis explores dataflow-style ar-

chitectures with dedicated hardware units allocated per layer as a pipeline. This

approach contrasts with traditional Neural Processing Units (NPUs), which typically

exploit only intra-layer parallelism while exploiting sequential time-multiplexing be-

tween layers. Based on the analysis in Chapter 6, the dataflow style is more fa-
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vored on middle and large-size FPGAs with enough on-chip resources available

when the sequential style can be advantageous when the resources become really

constrained. One possible direction is finding a middle ground where a configurable

partial pipeline can be implemented. For example, a transformer model has cascaded

attention blocks, each containing multiple matrix multiplication, transpose, softmax

and other operations. In such a case, the attention block can be computed internally

in a pipelined manner, while time-multiplexing can be applied externally between

the blocks. Such an adaptable architecture could optimize performance by adjusting

the granularity of parallelism and pipelining based on the specific constraints and

requirements of the given application and hardware.
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