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ABSTRACT

OLIVEIRA, Westerley, M.Sc., Universidade Federal de Viçosa, June, 2023. Design
Exploration of Machine Learning Data-Flows Onto Heterogeneous Reconfigurable
Hardware. Advisor: Ricardo dos Santos Ferreira.

This work explores the placement and routing of Machine Learning applications data-

flow graphs on different heterogeneous Coarse-Grained Reconfigurable Architectures

(CGRA). We analyze three different types of processing element (PE) heterogeneity,

the first concerning the interconnection pattern, the second being on the kind of ope-

rations a single PE can execute, and the last concerning the PE buffer resources. This

analysis aims to propose a fair reduction to the overall cost in comparison to the ho-

mogeneous CGRA architecture. We compare our results with the homogeneous case

and one of the state-of-the-art tools for placement and routing (P&R). Our algorithm

executed, on average, 52% faster than VPR 8.1 (Versatile Place and Route), which is

an open-source academic tool designed for the FPGA placement and routing pha-

ses, reaching better mapping in 66% of cases and achieving the same results in 26%

of cases. Furthermore, a heterogeneous architecture reduces the cost without losing

performance in 76% of the cases considering multiplier heterogeneity. We propose a

novel heterogeneous buffer architecture that minimizes the buffer resources by 56.3%

for K-means dataflow patterns. We also show that a heterogeneous border chess archi-

tecture outperforms a homogeneous one. In addition, our mapping reaches optimal

instances of single tree dataflows compared to classical Lee/Choi and H-Trees.

Keywords: Reconfigurable architecture. CGRAs. Placement. Routing.



RESUMO

OLIVEIRA, Westerley, M.Sc., Universidade Federal de Viçosa, junho de 2023. Explo-
ração do Espaço de Projeto de arquiteturas reconfiguráveis heterogêneas para grafos
de fluxos de dados de aplicações de aprendizado de máquina. Orientador: Ricardo
dos Santos Ferreira.

Esta dissertação explora o posicionamento e roteamento de grafos de fluxo de dados

de aplicações de aprendizado de máquina em variadas arquiteturas reconfiguráveis de

grão grosso (CGRA). Foram analisados três tipos de heterogeneidade dos elementos

de processamento (PE), o primeiro referente ao padrão de interconexões, o segundo

sobre o tipo de operações que um único PE pode executar e o último acerca dos re-

cursos disponíveis ao PE. Essa análise almeja propor uma boa redução no custo total

em comparação a um CGRA homogêneo. Os resultados foram comparados com o

caso homogêneo e uma das ferramenta do estado da arte para posicionamento e ro-

teamento (P&R). O algoritmo proposto executou, em média, 52% mais rápido do que

o VPR 8.1 (Versatile Place and Route), que é uma ferramenta acadêmica de código

aberto feita para as fases de posicionamento e roteamento de FPGAs, alcançando um

melhor mapeamento em 66% dos casos e conseguindo os mesmos resultados em 26%

dos casos. Além disso, uma arquitetura heterogênea diminui reduz o custo sem perda

de performance em 76% dos casos considerando a heterogeneidade de multiplicado-

res. Uma nova arquitetura com heterogeneidade de buffers é proposta e ela reduz

a quantidade necessária de recursos de buffers em 56.3% para padrões de fluxo de

dados do K-means. Também é mostrada uma arquitetura xadrez-borda heterogênea

que supera a arquitetura homogênea. Além disso, o mapeamento proposto atinge

configurações ótimas para fluxos de dados de árvore única quando comparado aos

clássicos posicionamentos de Lee/Choi e árvores H.

Palavras-chave: Arquiteturas Reconfiguráveis. CGRAs. Posicionamento. Rotea-

mento.
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Capítulo 1

Introduction

In response to the need for greater energy efficiency, flexibility, and performance in

computing, traditional integrated circuit technologies have become inadequate, lea-

ding to the power wall problem. Computer architects must therefore optimize designs

to improve power and energy efficiency, while also allowing for dynamic system re-

configuration and adaptation. This is especially important for expensive new circuit

technologies, which have a short lifecycle and high nonrecurring engineering cost.

To balance energy efficiency and flexibility in computing fabrics, computer architects

must find ways to meet the demands of our ever-changing world (Podobas et al.,

2020). As Dennard’s scaling has come to an end and Moore’s law appears to be on the

brink of obsolescence, computer researchers and practitioners are actively pursuing

and exploring alternative forms of computing. These include intrusive technologies

such as quantum computing and neuromorphic computing, as well as non-intrusive

technologies such as reconfigurable architectures (Podobas et al., 2020; Hennessy and

Patterson, 2019).

Field-Programmable Gate Arrays (FPGAs) are digital devices that can be reconfi-

gured and programmed to perform a wide range of computational tasks. Compared

to other types of processors, such as Application-Specific Integrated Circuits (ASICs),

General-Purpose Processors (GPPs), Graphics Processing Units (GPUs), and Digital

Signal Processors (DSPs), FPGAs offer unique advantages and disadvantages that are

important to consider when choosing the right processing solution for a particular

application.

ASICs are custom-built integrated circuits that are designed to perform specific

tasks with high efficiency and performance, but the design process is time-consuming

and costly. In contrast, FPGAs can be programmed and reprogrammed to perform

different tasks and can be quickly prototyped and deployed. However, FPGAs may

have lower performance and higher power consumption compared to ASICs.

GPPs are designed to be general-purpose computing devices and can handle a

wide range of tasks. They are easy to program and widely available. However, their

performance may not be optimal for certain specialized tasks as well as the energy ef-

ficiency. GPUs are designed to accelerate the processing of graphics and other highly
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parallelizable tasks. However, they are not always the most efficient choice for irre-

gular dataflow tasks, which require more complex computation patterns that are not

easily parallelized. DSPs are specialized processors designed to handle digital signal

processing tasks, such as audio and video processing. They offer high performance

and low power consumption for these tasks but may not be as versatile as other pro-

cessors.

The challenge of achieving a balance between flexibility and energy efficiency in

computing has become increasingly difficult. ASICs offer energy efficiency however it

have low flexibility, while GPPs, GPUs, and DSPs provide high flexibility but they are

energy inefficient. FPGAs are reconfigurable systems between ASICs (hardwired) and

GPP/GPU/DSP processors (programmable at software level). Although, FPGAs have

potential to meet the criteria, they are difficult to program and consume more energy

than ASICs. To meet the demand for this balance, a novel architecture or an adapta-

tion to FPGA designs , such as heterogeneous grids for example, are needed. This is

illustrated by the increasing use of domain-specific accelerators for machine learning

and big data, as they can provide the desired balance. Reconfigurable architectures

also allow for a much higher level of parallelism than traditional architectures. By

utilizing a reconfigurable system, large calculations or operations can be split up and

handled at the same time, dramatically reducing the time it would take to complete

the same task on a regular system. This makes reconfigurable architectures ideal for

applications that require a large amount of parallelism, such as machine learning or

video processing (Liu et al., 2019b; Podobas et al., 2020).

1.1 Motivation

The biggest motivation for studying and developing faster and more efficient archi-

tectures nowadays is the huge demand that come from Machine Learning and Deep

Learning Applications. These applications are used in many different areas including

speech recognition, image classification, bioinformatics (Krizhevsky et al., 2012; Jo

et al., 2017; Thompson et al., 2021). All of those demanding huge amounts of compu-

tations, hence the need for more efficient architectures.

In this scenario, dataflow computing (Ferreira et al., 2005) is a computing para-

digm that is based on the idea of processing data as it flows through a computational

graph, rather than relying on traditional instruction-based processing. In dataflow

computing, operations are performed on data as soon as it becomes available, without

the need to fetch and decode instructions. The instructions are embedded and placed

in the dataflow graph structure.

By avoiding the need to fetch and decode instructions, dataflow computing can

eliminate the overhead associated with these tasks. This can result in a lower energy
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consumption compared to traditional instruction-based computing. In addition, da-

taflow computing is well-suited to the parallel processing requirements of machine

learning tasks, as it can efficiently process large amounts of data in parallel by exploi-

ting temporal and spacial parallelism.

Dataflow computing requires a hardware architecture that can efficiently imple-

ment the computational graph used to process data (Ferreira et al., 2005). While

Field-Programmable Gate Arrays (FPGAs) are a popular choice for implementing da-

taflow architectures (Ferreira et al., 2011a), they require bit-level configuration, which

can make mapping the dataflow graph to physical hardware more complex. In con-

trast, Coarse-Grained Reconfigurable Arrays (CGRAs) offer a word-level configurable

architecture that can reduce the complexity of mapping the dataflow graph to physi-

cal hardware. CGRAs can be optimized for specific types of dataflow graphs, making

them a good choice for implementing dataflow computing architectures. In addition,

CGRAs can reduce the placement and routing complexity that is often a challenge

with FPGA implementations.

The papers presented in this dissertation are mainly about the placement of data-

flow graphs on different types of CGRA (Coarse-Grained Reconfigurable Architectu-

res). The choice of studying CGRAs come from the fact that they have great flexibility

in terms of which types of application can be run on them despite being less efficient

for specific tasks than, for example, the systolic array (Liu et al., 2020), which is very

efficient, but lacks flexibility.

1.2 Problem

The placement and routing of graphs on rectangular grids is an NP-Complete pro-

blem that has been studied for a long time and has also been approached in different

manners, for example we have greedy algorithms (Ferreira et al., 2005), integer li-

near programming (Walker and Anderson, 2019), SAT-solvers (Donovick et al., 2019),

reinforcement learning (Liu et al., 2018), graph traversal approaches (Ferreira et al.,

2013b; Vieira et al., 2021), run-time approaches (Ferreira et al., 2014, 2016), genetic

algorithms (Silva et al., 2006) and simulated annealing based algorithms like the one

used by VPR (Luu et al., 2011), which happens to be the algorithm to which the

results of this work were compared to. The placement is particularly difficult because

there are many different constraints that have to be taken into account. The first cons-

traint is the communication constraint, which says that the data-flow graph should

be placed in such a way that the communication between the nodes is minimized.

The second constraint is the resource constraint, which says that the data-flow graph

should be placed in such a way that the resources of the CGRAs are used efficiently.

The third constraint is the placement constraint, which says that the data-flow graph
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should be placed in such a way that the area of the CGRAs is used efficiently.

In addition to the placement problem on CGRAs, which is already a challenge,

there is also the problem of equalizing all the paths that lead a signal to the same

point, ensuring that a signal coming from two different paths arrives at the correct

time wherever it is needed. This problem is not exclusive to CGRA placement scena-

rios, as it is also present in other placement scenarios such as Superconductive Single

Flux Quantum (SFQ) circuits (Pasandi and Pedram, 2019) and quantum-dot cellular

automata (QCA) (Walter et al., 2018; Fontes et al., 2018). In (Pasandi and Pedram,

2019), SFQ circuits are mapping by generating a minimum-area solution that is gua-

ranteed to be fully path balanced. In conventional SFQ circuits, a fully path balanced

solution is essential to ensure that the circuit operates correctly. In contrast, in QCA

circuits or CGRA dataflow scenarios, it is possible to address the unbalanced paths

by reducing the throughput (Torres et al., 2018) or adding extra resources (Nowatzki

et al., 2018).

One solution to this problem in CGRA domain is to add First-In-First-Out (FIFO)

buffers to the CGRA Processing Element units (PE). These FIFO buffers can help

balance the path and ensure that signals arrive at the correct time. However, adding

FIFO buffers to all PEs can significantly increase the cost and waste resources when

the mapping requires only a few FIFOs.

To address this issue, a possible solution is to distribute these resources in a hetero-

geneous CGRA instead of a homogeneous one. In a heterogeneous CGRA, resources

are distributed based on the requirements of the mapping, which can help save re-

sources and reduce costs. For example, if the mapping requires only a few FIFOs,

these resources can be concentrated in a subset of the PEs, while the other PEs can be

optimized for other tasks.

By creating a heterogeneous CGRA, designers can optimize the resources to better

fit the application requirements and reduce costs. This approach provides a more

efficient solution compared to a homogeneous CGRA with idle resources. Therefore,

the question of where to distribute these resources in a heterogeneous CGRA becomes

crucial for optimizing the performance and cost of the system.

The placement problem in this work was addressed using a simulated annealing

algorithm, NeoSA. This algorithm was used to find solutions to different arrange-

ments of CGRA grids with three axis of heterogeneity considered, such as the proces-

sing element’s interconnectivity, functionality and buffer availability. These types of

heterogeneity affect the total cost of the CGRA architecture, thus making heterogene-

ous and cheaper configurations more desirable.
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1.3 Hypothesis

The main point of this work is to evaluate the premise that a simulated annealing

algorithm is a suitable approach to explore the heterogeneity in CGRA architectures.

Additionally, this work also aims to test if it is worthwhile to run multiple instances

and how the adjustment of architecture resources affects the quality of the solution.

1.4 Goals

Following the testing of the hypothesis previously mentioned, this work aims to ex-

plore the following:

• Show that the proposed Simulated Annealing algorithm can generate solutions

with good quality and running time compared to those of the state of the art

• Demonstrate that such solutions are optimal up to a certain graph size

• Propose domain specific architectures for machine learning dataflows

1.5 Contributions

This dissertation presents various contributions to the community, such as a novel

Simulated Annealing algorithm for the placement of graphs that generate quality so-

lutions while being flexible and fast. In addition, a GPU version of the algorithm

which can run multiple instances simultaneously is also presented. Another con-

tribution is the novel heterogeneous CGRA architecture Chess, that will be further

discussed in later chapters.

Furthermore, it is shown that some graphs are impossible to be placed with a

balanced solution, demanding an architecture with buffers that equalize the paths.

Optimal solutions for binary trees without losing path balancing are also presented.

Lastly, different heterogeneous architectures that are suitable for the placement of

machine learning algorithms are discussed.

1.6 Structure

The dissertation is organized as follows. First, Chapter 2 will provide a brief back-

ground to facilitate the understanding of the next sections. Chapter 3 contains the

paper A Design Exploration of Scalable Mesh-based Fully Pipelined Accelerators that
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was published in the 2020 International Conference on Field-Programmable Techno-

logy (ICFPT) in Maui, USA. Chapter 4 contains the paper Heterogeneous Reconfigu-

rable Architectures for Machine Learning Dataflows that was published to the journal

Concurrency and Computation: Practice and Experience Special Edition 2022. This

paper was an extension of a previous one entitled Design Exploration of Machine

Learning Data-Flows onto Heterogeneous Reconfigurable Hardware that was presen-

ted in the XXI Simpósio em Sistemas Computacionais de Alto Desempenho (WSCAD

2020) and won the Best Paper Award in the ocasion. Finally, Chapter 5 contains a

conclusion summing up the main results and contributions of this work.
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Capítulo 2

Background

2.1 FPGAs and CGRAs

In recent years, the use of computer architecture has become increasingly important

to support advances in technology. While Field Programmable Gate Arrays (FPGAs)

and Coarse-Grained Reconfigurable Arrays (CGRAs) are types of hardware that can

be used to build reconfigurable accelerator architectures, they have different charac-

teristics and capabilities that makes each of them suitable for distinct applications.

FPGAs are integrated circuits that can be programmed to perform logic operati-

ons or to emulate the behavior of a processor. These circuits are composed of recon-

figurable logic blocks, which can be programmed to perform various tasks. FPGAs

are typically used for tasks that require high speed and complex logic, such as vi-

deo processing, high performance computer network routers, signal processing, and

embedded systems. They are also used to quickly prototype new designs, as their

reconfigurability allows for rapid development. They are flexible and can be repro-

grammed to perform different tasks, but this flexibility comes at the cost of power

consumption and lower performance (clock rates) compared to dedicated hardware.

CGRAs are also reconfigurable circuits, but they are designed to be more sim-

ple than FPGAs. CGRAs are composed of coarse-grained logic blocks, which are

larger than the logic blocks of FPGAs. This allows them to perform more complex

operations per cycle such as a float adder or a multiplication, resulting in higher per-

formance. CGRAs are typically used for tasks that require high performance, such as

data processing, scientific computing, and artificial intelligence.

Both FPGAs and CGRAs have their own advantages and disadvantages. FPGAs

are more flexible than CGRAs, as they can be programmed to perform various tasks

at bit level. They are also typically easier to use and more cost-effective. However,

FPGAs require a larger number of logic blocks to perform the same task than the

CGRAs, which increases the complexity of the placement and route steps. Although,

CGRAs are less flexible than FPGAs, modern FPGAs includes coarse-grained modules

as DSP blocks and RAM blocks. Therefore, the last FPGA generations have a hete-

rogeneous architecture that mixes bit level lookup-table units, and word-level blocks
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as CGRAs. Both are also more energy efficient and can be used for a wider range of

tasks. However, CGRAs are more expensive as they are not commercial products as

FPGAs.

FPGAs are often used in applications where the workload is not known in ad-

vance, or where the workload may change over time. They are also used to prototype

designs before they are implemented in dedicated hardware. CGRAs are typically

used in applications where the workload is well-defined and does not change fre-

quently. Therefore, the set of CGRA operators is defined at designer level to match to

a specific application domain. What is the best set is an important question, that we

address in this dissertation.

CGRAs are designed specifically to accelerate certain types of computations, such

as those found in signal processing and machine learning applications. They are

typically more power-efficient and faster than FPGAs, but they are less flexible and

cannot be easily reprogrammed to perform different domains.

In terms of design and implementation, FPGAs require the use of hardware des-

cription languages (HDLs) such as VHDL or Verilog to specify the desired digital logic

functions. CGRAs, on the other hand, are typically programmed using higher-level

languages such as C or C++.

In recent years, there has been growing interest in using HLS (High level synthesis)

to program FPGAs. Here are some advantages and disadvantages of using HLS to

program FPGAs, including the long synthesis and placement and routing timing:

• Advantages: (a) Faster development time which can save time in development

because programmers can focus on the higher-level abstraction of the problem

they are solving, rather than having to worry about low-level hardware details.

(b) Portability: allowing programmers to write code that can be easily ported

across different FPGA devices, as long as they are compatible with the language.

• Disadvantages: (a) Long synthesis and placement and routing times. (b) HLS

can limit the control over hardware details, making it difficult to optimize perfor-

mance for specific use cases. (c) Higher resource usage: Higher-level languages

may require more resources (such as memory and clock cycles) to execute than

lower-level languages, which can lead to slower execution and larger hardware

requirements.

Overall, FPGAs and CGRAs are both useful tools for accelerating computations

in computer architectures, but they have different trade-offs in terms of flexibility,

performance, and power consumption. The choice between the two will depend on

the specific needs of the application.
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2.2 FPGA

A field-programmable gate array (FPGA) is an integrated circuit that can be customi-

zed for different applications after its fabrication. It consists of millions of logic cells

that can be configured to execute a wide array of algorithms. Although the design

flow of a traditional FPGA is similar to that of an integrated circuit, it offers many

advantages over ICs, including improved performance in some cases. The major ad-

vantage of an FPGA over an IC is that it can be reconfigured, which is the equivalent

of loading a program into a processor. This reconfiguration process can involve the

complete resources of an FPGA or just a portion of them.

An FPGA is composed of Look-up tables (LUTs), Flip-Flops (FFs), wires, In-

put/Output blocks, and a Configuration Memory. The LUTs perform logical ope-

rations, the FFs store the results, wires interconnect the elements, the Input/Output

blocks allow for exchanging information with external circuits, and the Configura-

tion Memory configures the operations of the LUTs, the routing network and other

functionalities.

The basic architecture of an FPGA is composed of individual cells which are identi-

cal circuits constructed from flip-flops and combinational logic using Look-Up Tables

(LUTs). This structure is sufficient for implementing various algorithms, although the

resulting execution efficiency is limited in terms of maximum frequency.

Nevertheless, the synthesis, placement and routing time is one of the major chal-

lenge in FPGA as shown in Figure 2.1, where the design of a convolucional neural

network (CNN) in an FPGA-based accelerator requires 14 hours to be generated. The

placement and routing are the most timing consuming tasks. The FPGA routing is

quite complex due the design size and the bit granularity.

2.3 CGRA

A Coarse-grained Reconfigurable Architecture (CGRA) is an alternative to Field Pro-

grammable Gate Arrays (FPGA). It has the same logic components, but with a simpler

configuration and setup process. Compared to FPGAs, CGRAs can perform more

complex operations as they operate at a word level, rather than the single bit level.

This allows for more efficient use of resources and faster configuration times.

The primary goal of a CGRA is to reduce the complexity and configuration time

required by an FPGA while providing a bit width that is more compatible with the

application. CGRAs execute logical operations through Processing Elements (PEs)

that perform more complex operations compared to the logical processing units of

FPGAs. While FPGAs operate at the single-bit level, CGRAs operate at the word level

(Wijtvliet et al., 2016).
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A CGRA is mainly composed of the following elements:

• Processing Elements: elements that perform logical and arithmetic operations,

they can be either homogeneous or heterogeneous. Homogeneous units perform

any operation within a specific instruction set, whereas heterogeneous units

perform specific operations, such as arithmetic or load/store functions.

• Interconnection Network: used for interconnecting Processing Units. There are

a few different types of interconnection patterns for CGRA’s, the most used

one being the Mesh pattern, in which each processing element connects to its

4 adjacent neighbours. However there are other types of networks, such as

a cluster based architecture, a crossbar network, multistage networks among

others. For this dissertation, we’ll be focusing on the interconnection patterns

stated on figure 2.3).

• Configuration Memory: for configuring the operations performed by PEs and

routing through the interconnection network.

• The reconfiguration mode of a CGRA can be either static or dynamic. In static

mode, the entire CGRA is configured and all processing elements (PEs) execute

the same operation until the next CGRA configuration cycle. In dynamic mode,

each PE has its own configuration memory and can switch between configura-

tions in run-time, allowing it to execute multiple operations. In general both

configuration modes are generated in compile time. Only a few CGRAs are

reconfigurable at run-time.

CGRA architectures differ primarily based on the type of network and processing

unit used, with each characteristic impacting implementation costs, mapping algo-

rithms, and processing capacity.The granularity also differentiates CGRAs, referring

to the number of bits transferred by the interconnect network and manipulated by the

processing units. Lower granularity in a reconfigurable architecture provides more

flexibility, while higher granularity reduces complexity and configuration memory

requirements.

2.4 Placement and Routing on CGRAs

Placement involves deciding where to place the different computation nodes of the

application on the PEs of the CGRA. Routing involves determining how to connect

these nodes using the interconnect resources of the array, such as wires and switches.

Finally, scheduling involves determining when each node should be executed on the

hardware resources to minimize latency and maximize throughput.
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These three steps can be performed as separate optimization problems, which can

simplify the solution process. However, it is important to note that these steps are

not entirely independent of each other. For example, if the placement of nodes is not

done well, then routing may become difficult or even impossible due to congestion

and other constraints. In such cases, it may be necessary to re-do placement in order

to enable successful routing.

On the other hand, it is also possible to perform placement, routing, and schedu-

ling as a single optimization problem. This can potentially lead to a more optimal

solution, but it also increases the complexity of the problem. Moreover, it may not

always be feasible to perform all three steps together due to the high computational

cost and resource requirements. In this work, the three steps are performed as sepa-

rate problem, and our main focus is to find an optimal or near optimal placement to

simplify the next steps.

This work focuses mainly in the placement of graphs on CGRAs on a flexible ar-

chitecture that can be used for diverse applications in exchange for a higher efficiency

found in domain-specific architectures. In the following subsections there will be a

brief description of how a CGRA works and the different topologies that will be used

in this dissertation. In addition we want to find out if the time needed to complete a

the process of placement and routing can be decreased. For instance, as one can infer

from Figure 2.1, the whole process for a CNN benchmark can take up to 14 hours to

be completed (Guo et al., 2023).

Figura 2.1: The figure above illustrates the active CPU cores during the implementa-
tion of a CNN benchmark using Vivado on a 56-core server. The entire implemen-
tation process lasts approximately 14 hours, with an average CPU utilization of 2.1
cores. The lower figure presents the runtime as the number of threads is increased.
(Adapted from (Guo et al., 2023))
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2.4.1 Dataflow Graphs and Interconnection Patterns

Dataflow graphs (DFGs) are structures that contain all the information about a par-

ticular routine arranged on a set of nodes and a set of edges. A DFG Ferreira et al.

(2005) is a graphical representation of a program code where nodes represent ins-

tructions and the data flows through the graph. It is a way to visualize and analyze

the flow of data within a program. In a DFG, the nodes correspond to individual

instructions or operations, while the edges represent the flow of data between these

instructions. As mentioned in the previous section, the main goal of this work is

finding means to map DFGs from machine learning applications to the CGRA.

Assuming an example of simple sequential graph: Input data → Load Data →

Multiply → Add → Store Data → Output. In this example, the input data is first

loaded from a memory stream into the CGRA. Then, the loaded data is multiplied

by a constant value using a multiply unit. Next, the multiplied data is added to

another value using an adder unit. Finally, the result is stored back into memory

stream through a store data unit, and the final output is produced. This dataflow

graph could be mapped onto a CGRA by assigning the various operations to different

processing elements (PEs) on the array. For example, the load data unit could be

mapped onto a PE that is designed to read data from a memory stream, while the

multiply and add units could be mapped onto separate PEs that specialize in these

operations. The store data unit could be mapped onto a PE that is designed to write

data back to memory stream.
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Figura 2.2: (a) A simple dataflow graph; (b) Mapping with the lowest possible wi-
relength in a mesh grid; (c) Mapping with greater total wirelength and buffers; (d)
1-hop interconnection pattern with an optimal placement.

Figure 2.2(a) shows a very simple dataflow with four nodes (A - D) and the edges

that connect them representing the flow of information. In figure 2.2(b) the dataflow is

mapped onto a mesh grid in an optimal manner, note that every node in the graph is

placed in the nearest cell possible to its neighbouring nodes. This reduces the overall

wirelength and by consequence the cost of the architecture. However, it is not always

possible to place all nodes in an optimal manner, in those cases longer wirelengths

are needed along with buffers that stall the signal, preventing a delay mismatch. A
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mapping where this occurs is presented in figure 2.2(c).

The grid interconnection pattern in figure 2.2(b)(c) is called mesh, meaning that

every cell only has access to its four immediate adjacent neighbours. Another pattern

that is commonly used and provide more flexibility to the placement algorithms is

called 1-hop (or meshplus) and is depicted in figure 2.2(d). In this configuration,

each cell has access to its four adjacent neighbours and to the ones beyond them as

highlighted in grey. Since that is possible, the mapping in figure 2.2(d) also has an

optimal cost. Chapters 3 and 4 present two published papers proposed in this work

that explore different types of processing element heterogeneity, and will bring more

detail into that. One of the contributions of these papers is the Chess interconnection

pattern, which is a combination of the already discussed mesh and 1-hop architectures

(shown more clearly on figure 2.3). The novel architecture Chess has an average cell

degree of 6, with all mesh cells having a degree of 4 and all 1-hop cells having a degree

of 8. This means that on average, each Chess cell can reach 6 other cells. Further detail

on Chess can be found on the referenced chapters.

Mesh 1-hop Chess
Degree=4                                  Degree=8                             Average degree=6

(a)                                              (b)                                                (c)

Figura 2.3: (a) Mesh architecture; (b)1-hop architecture; (c) Chess architecture.

2.5 Placement and Routing heuristic approaches

In this section we will present different heuristic approaches for the mapping of da-

taflow graphs on CGRAs.

Integer linear programming (ILP) (Walker and Anderson, 2019) and satisfiability

solving (SAT-solvers) (Donovick et al., 2019) are two computational techniques used

to find global optimal in various problem domains, including CGRA placement and

routing. However, these methods often face scalability challenges when compared to

heuristic approaches. This limitation is particularly relevant in the context of coarse-

grained reconfigurable architectures, where the maximum graph size is typically cons-



26

trained to around 30. Consequently, their performance deteriorates as the problem

complexity increases, making them impractical for solving problems that surpass a

certain size threshold.

Enriching the interconnection structure of CGRA with crossbar (Ferreira et al.,

2013a) or multistage networks (Ferreira et al., 2011b) simplifies the placement process

by providing global communication capabilities. With these network architectures,

each node can directly communicate with any other node in the system, eliminating

the need for complex routing algorithms and enabling straightforward placement

of components. However, it is important to note that while this solution simplifies

placement, it also introduces scalability concerns due to the increasing cost of the

network as the system size grows.

In a crossbar network, the cost of the interconnection fabric is proportional to the

square of the number of nodes (O(θ2)), where θ represents the number of components

in the system. Therefore, the scalability of crossbar networks is limited due to the

quadratic increase in cost, making them less viable for large-scale systems. On the

other hand, multistage networks offer a more scalable alternative (Silva et al., 2019).

The cost of a multistage network scales with (O(θ logθ)). While multistage networks

alleviate the scalability concerns compared to crossbars, they still introduce a cost

increase that limits the design size. A mesh or grid network architecture provides a

constant local cost and offers scalability advantages, but it also introduces challenges

in terms of placement complexity.

Heuristic approaches provide approximate solutions and scalability without the

guarantee of optimality. By employing techniques such as local search based on

graph level (Ferreira et al., 2005), genetic algorithms (Silva et al., 2006), graph tra-

versal approaches (Canesche et al., 2020, 2021), or simulated annealing (Luu et al.,

2011; Oliveira et al., 2020a), heuristics can efficiently explore large solution spaces and

find good-quality solutions within reasonable time frames.

In this work, the placement solution is based on simulated annealing, and we will

show that reaches near or optimal placement solutions, manages medium size graphs

(up to 200 nodes), and executes in a few seconds.

2.5.1 Simulated Annealing

The first proposed approach was the DRESC compiler for CGRA mapping that uses

Simulated Annealing (Mei et al., 2003b). This technique is used to explore different

placement and routing options to find a valid scheduling of all operations and data

dependencies in a CGRA, while minimizing the total routing cost. The algorithm

starts by generating an initial schedule that satisfies dependence constraints but with

possibly over-subscribed resources. Then, it iteratively reduces resource overuse and
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explores different placement and routing options via simulated annealing until a valid

placement and routing of all operations and data dependencies are found.

The cost function used during the simulated annealing process is based on the total

routing cost, which is the combined resource consumption of all the placed operations

and the routed data dependencies. However, this technique has a long convergence

time, especially for large dataflow graphs, due to the huge number of possible routes

that need to be evaluated (Li et al., 2022).

In section 2.6, more detailing on how a Simulated Annealing algorithm works will

be provided along with a deeper understanding of the one used on the experiments

done in this work.

2.5.2 Modulo Scheduling

The DRESC compiler employs a node-centric modulo scheduling approach where no-

des are scheduled and placed first, followed by edge routing. In contrast, edge-centric

modulo scheduling (EMS) prioritizes routing efficiency over operation assignment. In

node-centric approaches, operations are placed based on heuristic routing costs. The

modulo scheduling uses a dynamic CGRA reconfiguration which can switch between

configurations in run-time, allowing the processing elements to execute multiple ope-

rations. However, when more than one configuration is required, the initialization

interval increases and the throughput is reduced. The mapper selects the best candi-

date for each operation, attempting to route edges from previously-mapped nodes to

the candidate. On the other hand, edge-centric approaches prioritize routing effici-

ency, with the routing function containing the placement decision. When scheduling

an operation, the scheduler picks an edge from previously-placed producers or con-

sumers and recursively routes those edges until a suitable slot is found (Li et al.,

2022).

While edge-centric approaches can find solutions faster and achieve better quality

mapping, they may fall into local minima due to their greedy nature. Prioritizing

intelligent routing cost metrics can help address this problem. The quality of map-

ping with specific priorities depends on efficient heuristics for assigning these priority

values to both the operations and the resources (Park et al., 2008).

2.5.3 Spatial-Pipeline-Routing

SPR (Spatial-Pipeline-Routing) is a mapping tool (Friedman et al., 2009) designed to

efficiently map CGRA applications onto FPGAs. The SPR performs three distinct

steps: scheduling, placement, and routing. The scheduling step arranges operations

based on data and control dependencies, the placement step assigns operations to
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functional units, and the routing step maps data signals between operations using

wires and registers.

SPR uses an Iterative Modulo Scheduling (IMS) algorithm (Rau, 1994) for the

scheduling step, which is inspired by VLIW (Very Long Instruction Word) architec-

ture. IMS assigns operations to a schedule based on the start time of each instruction,

considering resource constraints and dependencies. SPR also uses Simulated Anne-

aling (Kirkpatrick et al., 1983) for placement, with a cooling schedule inspired by

VPR (Betz and Rose, 1997), and PathFinder (McMurchie and Ebeling, 1995) and Quic-

kRoute (Li and Ebeling, 2004) for pipelined routing.

Historically, FPGA mapping tools have used Simulated Annealing for placement

and PathFinder for routing. VPR (Betz and Rose, 1997) is a standard mapping tool

for FPGA architecture exploration, but it is limited to FPGAs. SPR adopts similar

algorithms but extends them to support CGRAs, such as multiplexing of resources

across cycles and solving placement and routing issues that arise when using a fixed

frequency device. QuickRoute is used to solve the pipelined routing problem.

Overall, SPR is a mature mapping tool (Friedman et al., 2009) that effectively com-

bines VLIW-style scheduling and FPGA placement and routing algorithms for CGRA

application mapping. It aims to provide high-quality mappings and support a wide

range of architectural features for CGRAs.

2.6 Neo Simulated Annealing

while previous work uses simulated annealing in dynamic configurable CGRAs, our

approach focus on static CGRAs. A static approach for placement in reconfigurable

architectures refers to a method where processing elements (PEs) are allocated to spe-

cific components and remain fixed throughout the execution of the system. In this

static configuration, the PEs are not shared by multiplexing them in time. Instead,

each PE is configured once and can operate independently, potentially working in

a pipeline fashion to maximize throughput. Furthermore, static placement elimina-

tes the overhead associated with reconfiguring PEs during runtime. Once the initial

configuration is set, the PEs remain in their designated roles, avoiding the need for

frequent reconfiguration. This reduces the time and energy required for reprogram-

ming and enhances the overall system efficiency.

In a static placement approach, the parallelism degree of the system is equiva-

lent to the number of operations in the graph, achieving a throughput of θ operati-

ons per cycle. However, when employing a time-multiplexing approach as previous

work (Mei et al., 2003a; Friedman et al., 2009) with a limited number of PEs, denoted

as Κ, where Κ is less than the total number of operations in the graph (θ), the maxi-

mum achievable parallelism degree is limited to Κ. For example, consider a CGRA
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with 16 PEs, as proposed by (Mei et al., 2003a). If this CGRA is utilized to execute

a graph with 35 operations, it would require at least 3 clock cycles to complete the

execution of the graph containing 35 operations.

A simulated annealing algorithm, just as explained in the section before, is a pro-

babilistic technique for approximating the global optimum of a given function. The

algorithm works by simulating the physical process of annealing, which is the gradual

cooling of a material in order to increase its strength and minimize defects (Bertsi-

mas and Tsitsiklis, 1993). The idea is to start with a random solution and then slowly

move towards better solutions by making small changes. The algorithm can be used

for both minimization and maximization problems.

There are many different ways to implement a simulated annealing algorithm,

but all of them share the same basic structure. The first step is to define a function

that needs to be optimized. This function will be used to evaluate the quality of a

given solution. The second step is to randomly generate a starting solution. The third

step is to define a temperature schedule, which dictates how the temperature of the

system should be changed over time. The fourth step is to start the annealing process

by making small changes to the current solution and evaluating the new solution

using the objective function. If the new solution is better than the current solution,

it is accepted and the current solution is updated. If the new solution is worse than

the current solution, it is accepted with a probability that is based on the current

temperature. The fifth step is to repeat step four until the temperature reaches a

minimum value. At this point, the current solution is the best solution that has been

found and the algorithm terminates.

There are a few different ways to define the objective function that is used to

evaluate solutions. One common approach is to use a function that is specifically

designed for the problem at hand. Another approach is to use a general-purpose

function such as the sum of squared errors. The choice of objective function will have

a significant impact on the performance of the algorithm, so it is important to choose

wisely. In this work the objective function was chosen to be the total wirelength cost.

The temperature schedule is another important parameter of the algorithm. There

are a few different ways to define the temperature schedule, but the most common

approach is to start with a high temperature and gradually decrease it over time. The

hope is that the system will be able to explore a large portion of the search space at

the beginning when the temperature is high and then slowly converge towards the

global optimum as the temperature decreases.

One can make small changes to the current solution in many ways. One common

approach is to randomly select a parameter and perturb it by a small amount. Another

approach is to select a parameter at random and then move it towards its best known

value. The choice of how to make small changes will also have a significant impact
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on the performance of the algorithm. For the algorithm used in this thesis, the chosen

perturbation was the swap between two nodes in the architecture grid. As stated

before, the objective function is the mapping total wirelength, so if after a swap there

is a reduction in the wirelength, it means that that configuration is better and therefore

it is taken by the algorithm.

Let us consider the placement of the simple graph depicted in figure 2.4(a) onto a

mesh architecture. The total wirelength cost of a particular mapping can be calculated

by adding up the Manhattan distances between each pair of cells used by the place-

ment of each graph edge minus 1, to consider neighbour cells with zero connection

cost. Given that, the total cost of the example placement in figure 2.4(b) is equal to 4

(the number of red arrows for simplicity). When a swap of the contents of cells 0 and

4 happens, node A gets closer to the cells where its neighbours are currently placed,

hence reducing the total cost to 2.
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Figura 2.4: (a) A simple dataflow graph; (b) Example mapping with total wirelength
4; (c) Mapping obtained after swapping nodes 0 and 4, with total wirelength 2.

One could think of a greedy algorithm that would sweep the whole grid perfor-

ming swaps and checking if the cost lowered, choosing the solution with the best

possible outcome. However, such an algorithm will most certainly hit a local mini-

mum and not return a satisfactory solution. To contour that, a Simulated Annealing

approach, named Neo Simulated Annealind (NeoSA) is used as shown in Algorithm

1.

We start our grid with a random placement of the dataflow graph. Different ap-

proaches were tested, like starting the grid with a solution known to have a lower

cost, but the algorithm did not seem to do any better in those cases. Then we have to

compute the overall wirelength cost of such placement. This is a costly function, since

it has to go through all the graph edges, compute the manhattan distances between

the cells in which the edge nodes are positioned and add them all up. After that the

temperature of the system is set to 100 and then starts the main loop of the algorithm

that runs until the temperature breaks the 0.00001 minimum threshold. In each ite-

ration of this loop, the grid is swept two times to choose the two cells that will be
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Algorithm 1 Simulated Annealing Algorithm - NeoSA
1: Ζ ← initial temperature
2: currentCost ← calculateCost()
3: while Ζ > 0.00001 do
4: for θ1← ƒ νξοCΨ to ξοCΨ do
5: for θ2← θ1.θΨο() to ξοCΨ do
6: ξκ(θ1,θ2)
7: θΨοCιξο← θΨοCιξο − θ1.ΨΧαΨξ()− θ2.ΨΧαΨξ()

8: θθΨΒνιΥ← exp
�

−1×
θΨοCιξο−ΦννΨθοCιξο

Ζ

�

9: if θΨοCιξο ≤ ΦννΨθοCιξο || random() < θθΨΒνιΥ then
10: ΦννΨθοCιξο← θΨοCιξο
11: else
12: θΧιΕκ(θ1,θ2)

13: if ΦννΨθοCιξο = 0 then
14: break
15: Ζ ← Ζ × 0.999

subjected to the swap. We then removed the costs of the edges connected to the nodes

in question, swapped them and then added the costs on their new positions. With

this we avoide computing the overall cost in each iteration of the innermost for loop

which would greatly increase the running time of the algorithm. In a plain brute force

algorithm, if the new cost is lower than the current cost, the algorithm takes it and

then goes on. However in this simulated annealing approach the difference is that a

worse cost has a chance of being taken based on a annealing probability. If we reach

a cost 0 solution, the algorithm stops and have an optimal solution.
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Capítulo 3

A Design Exploration of Scalable Mesh-

based Fully Pipelined Accelerators

3.1 Introduction

Domain-specific hardware is a promising architecture choice to achieve power-efficient

and high-performance computation. This work focuses on CGRAs as a one part of

the heterogeneous computing landscape. In particular, recent work (Canesche et al.,

2020) present CGRAs processing spatial dataflows as an approach to exploit paralle-

lism. In this work, we focus on improving the mapping algorithms and performing

architecture exploration of the connecting topologies for mesh-based CGRAs.

The contribution of this work is twofold. First, we propose and evaluate a novel

Simulated Annealing (SA) mapping algorithm for mesh-based CGRAs, including a

new topology called Chess. We propose to search for a large SA solution space to

find the best possible solution in reasonable amount of time. To explore and exploit

CGRA architectures, we have created an experimental framework that takes in a para-

meterized configuration file and virtually creates, maps a dataflow to, and evaluates

a CGRA architecture. We measure the quality of our results based on wire length and

required FIFO stages to map a fully-pipelined design correctly. Our second significant

contribution is to push the state-of-the-art for CGRAs, which can, currently, find opti-

mal solutions for dataflow graphs up to 20 nodes, to up to 70 nodes. We compare our

approach to three others: CGRA-ME (Walker and Anderson, 2019), SAT solvers (Do-

novick et al., 2019), and VPR (Luu et al., 2011). We can also map graphs with up

to 200 nodes by exploring interconnection architectures that provide flexibility to the

mapping algorithm.

The remainder of this paper is structured as follows: Section 3.2 provides details

on the CGRAs implementation and the respective algorithms that map designs to

them. Section 3.3 describes the architecture topologies that we explore for CGRAs,

and section 3.4 describes our automated tool for creating an architecture and evalu-

ating those architectures. Section 3.5 describes our mapping algorithm. Section 4.5

shows results for this case study. Finally, section 4.7 concludes the paper.
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3.2 Background

3.2.1 Mesh, Wire Length, and Delay Mismatch

A mesh is a well-known low-cost and scalable interconnection network for CGRAs,

where each cell has 4 adjacent local connections (except on the corners and borders).

To calculate a cost to map a dataflow to a mesh, assume that local connections have

wire cost=0, Figure 3.1(a-c) shows a dataflow design in (a) and various mapping

instances in (b), (c), (d), noting that non-local routing wires are colored gray and local

wires are bolded. In the (b) instance the longest wire () has Φιξο = 1, and total

wire (ο) Φιξο = 2. The ο includes both the mapped edges → Φ and Φ→ Χ (both

having Φιξο = 1). Figure 3.1(c) depicts an optimal mapping where ο = 0 since

the mapping only uses local connections to neighbors. Figure 3.1(d) shows another

example where the longest local wire  = 2 and total wire ο = 2.

Figura 3.1: (a) Dataflow; (b) lw=1,tw=2; (c) lw=tw=0; (d) lw=2,tw=2.

Most dataflow implementations take advantage of pipeline techniques to improve

the maximum clock frequency for an architecture, and in a fully-pipelined dataflow

mapping, there can be a delay mismatch between two or more paths if the signals

have different arrival times. Figures 3.1(b) and 3.1(d) show two examples of a delay

mismatch.

3.2.2 Delay FIFO

To matchup pipeline paths, we use delay FIFOs, as described in (Nowatzki et al., 2018),

which solves the delay mismatch. A delay FIFO with length ı implements a variable

size FIFO, where ı is the maximum length. We fix the FIFO size at mapping time

and implement the delay FIFO at the PE operation inputs. Figure 3.2(a) shows how to

solve the mismatch with a FIFO ı = 2 at node Χ for the example from Figure 3.1(d).

It is possible to reduce the FIFO length to 1 by splitting the FIFO across the path

→ Υ→ Χ, as shown in Figure 3.2(b).

There are graph patterns for mesh-based architectures, where there is no optimal

solution, i.e., without FIFOs to perform delay matching. Suppose we compute the
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a

Figura 3.2: (a) FIFO ı = 2; (b) FIFO ı = 1; (c) Stream  and +1; (d) Dataflow
pattern without optimal mapping in Mesh; (e) Minimal Mesh Mapping with FIFO; (f)
Simplified mapped dataflow.

convolution stream Φ = 2∗ [+ 1] + 6∗ [], where the dataflow is shown in Fi-

gure 3.2(c-d). For this example, the minimal mapping requires at least a FIFO size 1,

as shown in Figure 3.2(e). Finally, Figure 3.2(f) shows a simplified view of the data-

flow. We add the label 1 to the long wire connection (edge Υ→ Φ) and use a block to

represent a delay FIFO (edge → Φ).

3.2.3 Mapping, Routing, Timing, and Metrics

In a stream-based system, the compiler performs Mapping, Routing, and Timing

(MRT (Nowatzki et al., 2018)). The mapping or placement phase (M) consists of assig-

ning physical cells to the dataflow PE nodes. The routing phase (R) generates wiring

paths to map the dataflow edges. Finally, the timing phase (T) guarantees that there

are no delay mismatches. It is possible to perform these three phases separately or

simultaneously. Nowatzki et al. (Nowatzki et al., 2018) provides an analysis of these

trade-offs for very limited graph sizes (≤ 20 nodes). In this work we evaluate data-

flows ranging from 20 to 200 nodes, and show that even in the separation of phases

approach, we can find optimal and near-optimal solutions with fast execution times

in comparison to the results shown in (Nowatzki et al., 2018; Walker and Anderson,

2019; Donovick et al., 2019).

For ASICs and FPGAs, a typical cost function metric is the total wire length as

this impacts routing resource costs and hence the area of these chips. For CGRAs,

the FIFO size is a more appropriate metric that measures the quality of mappings for

a fully pipelined architecture (Nowatzki et al., 2018). The reasons for this are: first,

the wire resources are predefined once an architecture is chosen, the routing capacity

does not change, being set to bytes or larger (typically 16, 32, or 64-bit transfers

of data). Regardless of the routing resources that are used in the CGRA, the final

throughput will always be optimal for a valid solution, i.e., generating one result per

clock cycle in a fully pipelined architecture. Second, adding FIFOs does not increase

the latency because shorter paths are delayed to balance the longest path’s overall

delay. A routing solution that requires a few long wires will result in a timing solution
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that requires small FIFOs or none.

3.3 CGRA Interconnection Topologies

As already mentioned, there are simple dataflow graphs for which there is no possible

mapping without FIFOs in a mesh topology. This section presents the one-hop, which

is a well-know CGRA topology, and a novel topology named Chess. Previous work on

CGRA design exploration (Bansal et al., 2004) shows that one-hop mesh has enough

flexibility to map dataflows onto CGRAs efficiently. In a one-hop mesh, each cell has

8 adjacent nodes.

Figura 3.3: All distance from the top-left corner: (a) Mesh; (b) One-hop; (c) Chess; (d)
Hexagonal.

One-hop mesh reduces the distances by a factor of 2 in comparison with mesh.

Figures 3.3(a) and 3.3(b) show all wire distances () from the top-left corner for

mesh and one-hop, respectively. However, one-hop has double the number of local

interconnections requiring significant hardware resources. Additionally, if we target

optimal mapping without FIFOs, the advantage of one-hop is the increased number

of adjacent nodes in comparison to mesh. One also might suggest using diagonal

connections such as north-east or north-west. However, previous work has already

shown that one-hop topologies produce the best results (Bansal et al., 2004).

Our work proposes a novel hybrid topology named Chess (mesh/one-hop). Si-

milar to a chessboard where there are black and white alternating cells, our Chess

interconnection pattern has black cells with mesh connections, and white cells with

one-hop connections. Although the chess pattern has, on average, 6 local connections

per cell, the distance measure is quite similar to one-hop, as shown in Figure 3.3(c).

Additionally we show a hexagonal or honeycomb pattern (see Figure 3.3(d)), which

also has 6 adjacent cells. Moreover, the chess pattern reduces distance. For instance,

the distance from the left top corner to the bottom right corner is 5 and 7 for the

Chess and hexagonal, respectively (see Figure 3.3(c-d)). Furthermore, Chess perfor-

mance is close to one-hop (8 connections) with the cost of a hexagonal (6 connections),

as shown in our experiments.
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3.4 Code Generation for FPGA and ASICs

We also propose a tool to automatically generate the CGRAs, targeting the evalua-

tion of area and power tradeoffs against the two technologies - FPGAs and ASICs.

Our tool is a parameterized hardware generator that evaluates the quality/cost of a

dataflow mapping as a function of mesh size, interconnection topology, internal PE

functionality, delay FIFO size, and the implementation cost of all of these on the target

technology. Moreover, our CGRA design includes the configuration memories, and

the resulting design is partially reconfigurable at run-time.

Each CGRA consists of a heterogeneous set of PEs and an interconnection network

that defines which PEs connect to it. Each PE has a functional unit (FU) and a wrap-

per interconnection interface. For each PE, the configuration file specifies: 1) word

size; 2) delay FIFO length, 3) functional unit operation and opcodes; 4) neighborhood

interconnection with other PEs.

We evaluate the topologies and delay FIFO impact on FPGA and ASICs to imple-

ment different CGRAs. Figure 3.4 shows the area for CGRAs with different configu-

rations implemented as an overlay in FPGA technology. We use Intel’s Quartus for

the synthesis and target an ARIA10 FPGA.

The area results are then normalized to a baseline as follows. For each grid size,

our baseline is the mesh topology without any FIFOs and bypassing routing resources.

We considered grid sizes ranging from 81 up to 1,296 PEs.

The Chess and one-hop wires and muxes add an overhead of 1.2 to 1.3× and 1.4 to

1.5×, respectively. Therefore, these topologies that potentially do not need FIFOs can

improve the area overhead. Finally, the clock frequency for all designs ranges from

250 MHz to 450 Mhz. All of these designs have a 16-bit word size. Furthermore, we

design a 4-bit CGRA with a heterogeneous set of PEs to use all the FPGA DSP units.

Half of the PEs have 8 operations that include multipliers, and the other half have no

multipliers. The 46×64 CGRA use 40% of the FPGA ALMs with a total of 3,036 PEs,

and this CGRA achieves a peak performance of 1.2 Tera 4-bits ops.

Figura 3.4: Normalized area in number of ALMs for FPGA Overlay design.
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We synthesize a set of CGRA designs by using the ASIC flow FreePDK45TM 45nm

variant of the FreePDKTM process design kit (FreePDK45, 2019). Figure 3.5 shows

the total silicon area for the architectures and the fraction of the area occupied by the

registers in black. First, we use the 18 × 18 design without routing resources and

delay FIFOs as a baseline. The 18 × 18 is 3.8× bigger than the 9×9, which shows

that the design grows linearly from 81 to 324 PEs. The Chess and one-hop wires

and muxes add a small overhead of 1.05× and 1.08×, respectively. Therefore, the

topologies without FIFOs improve the mapping without an area overhead. The clock

frequency is approximately 1 GHz for these architectures.

Figura 3.5: Total area and register area for CGRA (ASIC Flow).

3.5 Mapping Dataflows with Simulated Annealing

Recent works (Walker and Anderson, 2019; Nowatzki et al., 2018; Liu et al., 2019a) pro-

pose integer linear programming (ILP), SAT solvers, and deep reinforcement learning

for CGRA mapping. However, even when using state-of-the-art ILP and SAT solvers,

the execution time is in the order of minutes. We propose to use a simulated annealing

(SA) approach, which is a well-known approach for mapping designs to CGRAs (Mei

et al., 2003a) and FPGAs (Luu et al., 2011). Instead of performing random swaps, we

propose a heuristic to scan the grid and perform the swaps sequentially.

Our approach performs only the SA mapping with local routing. Next, we execute

the detailed routing for the long wires, and finally, we perform the timing step where

we consider the FIFO cost function. We also propose to explore the solution space

by performing multiple executions of the full SA. Each instance starts from a random

permutation of an initial mapping, and the SA minimizes the wire length for each

instance. As mentioned in Section 3.2.3, the wire length is just a mapping guideline,
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and our goal is to minimize the FIFO size. The mapping does not consider the delay

matching requirements, and therefore, the reduced complexity needs less execution

time. Furthermore, we implement a GPU version of our SA, where we execute each

SA in its thread, differently from previous approaches that parallelize the internals of

an SA instance with multiple threads.

3.6 Experimental Results
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Figura 3.6: FIFO length for UCSB express suite dataflows (University of California,
2020) in three topologies for 1,000 Instances of VPR and our SA approach. Low is
better.

We evaluated our mapping technique by using public domain benchmarks extrac-

ted from three related works: (a) the CGRA-ME design exploration framework (Wal-

ker and Anderson, 2019); (b) a Mediabench set from the University of California, Santa

Barbara (University of California, 2020);(c) Stream-Join dataflow control model (Dadu

et al., 2019). We include the Stream-Join for irregular flows (Dadu et al., 2019), which

handles sparse data with simple dataflow operators and fewer dataflow edges and

nodes. We evaluate four dataflow examples from this set (Dadu et al., 2019). In to-

tal, we evaluate 37 benchmarks: 14 from CGRA-ME (Walker and Anderson, 2019), 8

stream-joint graphs (Dadu et al., 2019), and 15 from Mediabench (University of Cali-

fornia, 2020). In all the experiments we map to a square array of PEs where an µ× µ

array has an µ =
l

p

|µιΧΨξ|
m

.

First, we propose to compare our approach to the ILP-based approach from (Wal-

ker and Anderson, 2019) and the SAT-solver approach presented in (Donovick et al.,

2019). With a timeout of 10 minutes, the ILP approach (Walker and Anderson, 2019)

maps only 22 of the 37 benchmarks with the maximum graph size of 23 nodes, and

the SAT approach (Donovick et al., 2019) maps 25 with the maximum graph size of

44. Our approach successfully maps all 37 benchmarks with the maximum graph size

of 196, and the average mapping time is a few seconds.

CGRA-ME (of Toronto, 2019) is a framework created for design exploration for

CGRA architectures, similar to ours. Although their mapping approaches are generic,
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the execution time for the current mapping based on ILP and SA (Walker and Ander-

son, 2019) are prohibitively long (minutes or hours) for dataflows with more than 20

nodes.

As ILP/SAT solvers do not scale, we propose to compare our SA approach to the

VPR tool (Luu et al., 2011). Like our approach, VPR does not perform the timing step

for fully pipelined CGRAs. Therefore, we apply our routing and our timing approach

to the VPR placement. We execute 1,000 VPR instances with random initial place-

ments to perform a fair comparison. Finally, as the two benchmark sets from (Dadu

et al., 2019; Walker and Anderson, 2019) are limited to 25 nodes, we use the UCSB

mediabench set (University of California, 2020), in addition to k-means benchmarks

to compare the SA approaches. This suite is a representative graph selection from

Mediabench, where the graph size ranges from 10 to 300 nodes.

Figure 3.6 shows the best mapping in 1,000 instances for 15 dataflows in three

topologies: mesh, the novel Chess, and one-hop. Our mapping on one-hop reaches

the optimal solution for all graph sizes smaller than 66 nodes, while VPR (Luu et al.,

2011) reaches the optimal solution for graph sizes smaller than 32 nodes. The average

FIFO length for the proposed Chess topology is 2.2 compared to 1.7 obtained by the

one-hop and 4.1 for the mesh. Therefore, the Chess reduces the one-hop cost as

shown in Section 3.4, and reaches a closer performance to one-hop and 1.9x better

than mesh. Between 72 and 102 nodes, there are 3 graphs where one-hop/Chess

only require FIFO length of one. For Mediabench (University of California, 2020), in

comparison to VPR, our mapping reduces the average FIFO length in 1.22x, 1.42x,

and 1.58x for mesh, Chess, and one-hop topologies, respectively.

3.7 Conclusion and Future Work

In this work, we performed a design exploration of CGRAs using a SA algorithm and

a novel Chess topology. Our results show that our algorithm is flexible and efficient to

explore the solution design space for larger dataflows compared to those previously

studied. The fully pipelined mapping has the challenge of the path delay mismatch.

Therefore, even for small graphs, the problem is hard to solve. We can map dataflows

with 20 to 70 nodes in larger CGRAs (≥ 16) without delay FIFOs due of the extra

connections in the Chess and one-hop topologies. Previous works (Nowatzki et al.,

2018) argues that it is hard to map graphs with FIFO of sizes 2, 3 or less and our

results show that our SA approach performs it successfully. Finally, our mapping is

straightforward to parallelize on a GPU , and it requires a few seconds to perform

mappings for 200 nodes.
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Capítulo 4

Heterogeneous Reconfigurable Architec-

tures for Machine Learning Dataflows

4.1 Introduction

In the machine learning era, applications for the most diverse purposes are being

developed, for example, apps for image classification, speech recognition, and pro-

tein fold prediction (Krizhevsky et al., 2012; Jo et al., 2017; Thompson et al., 2021).

These applications already require an enormous amount of computations and they

are expected to demand more in the next years (Thompson et al., 2021). For exam-

ple, the expected error for an ImageNet object recognizing deep-learning application

should be reduced to 5% by 2025, however, it will demand enormous amounts of

computing resources and energy, producing the same amount of carbon dioxide as

New York City in one month (Thompson et al., 2021). For instance, the NASNet-A

model reduces the error rate of AlexNet in half by using 1,000 times more computing

resources (Thompson et al., 2021).

With that in mind, researchers are constantly trying to find alternatives to get

around this problem. As stated in the 2018 Turing Lecture (Hennessy and Patterson,

2019), Domain-Specific Architectures (DSA’s) are an alternative to solve this problem.

We already have architectures such as Field Programmable Gate Arrays (FPGAs) and

Coarse Grain Reconfigurable Arrays (CGRAs) that focus on accelerating applications.

The current research effort is to enhance the efficiency of these technologies.

Recent work (Fang et al., 2019; Akbari et al., 2019; Liu et al., 2019b; Weng et al.,

2019) shows that CGRAs accompanied with spatial dataflows are well suited to ex-

ploit parallelism and are tractable for the mapping of dataflows on the architec-

ture. Furthermore, several researchers have shown that this technology is making

further progress with efforts in related areas: DSL and compilers, stream input/out-

put (Nowatzki et al., 2017) and architectures (Liu et al., 2019b), bringing up the rele-

vance of research in the area. However, there is still a lack of CGRA tools and a few

commercial devices (Liu et al., 2019b).

This paper focuses on the mapping of dataflow graphs (DFG’s) on CGRA hetero-



42

geneous grids. By heterogeneous, we mean that different processing elements (PE) on

the CGRA grid might have different properties than another PE on the same row or

column. The idea behind these heterogeneous proposed architectures is to reduce the

total cost of the architecture compared to the homogeneous one while maintaining

the quality of the solutions. We present a simulated annealing-based approach that

requires a few seconds to produce a valid solution compared to exact techniques that

demand a few minutes (Nowatzki et al., 2018; Walker and Anderson, 2019).

The contributions of this work rely on the evaluation of three different kinds of

heterogeneity:

1. PE Functionality - The processing element ALU can perform different types of

operations. It is possible to reduce the total cost of the architecture by avoiding

using the most expensive PEs functionalities.

2. Buffers - Another PE resource that has a significant impact on the final cost is

the number of buffers that are present on each PE.

3. Interconnections and Routing Resources - Depending on how many routing

resources and how many direct neighbors each PE has, the total cost can be

significantly affected.

Furthermore, as a secondary result, our experiment derives optimal solutions for

mapping some tree instances in mesh and mesh-plus architectures. We also demons-

trated that it is impossible to map some simple dataflow patterns in mesh topologies

without the aid of buffers. This paper is an extension of our conference paper (Oli-

veira et al., 2020a). In the previous version of this work, our main contribution was to

explore homogeneous and heterogeneous CGRA for machine learning dataflows con-

sidering only the functionality heterogeneity case. We proposed three heterogeneous

architectures that considered multipliers as the critical functionality resource. In this

extended version, we have deepened our analysis by considering two other types of

heterogeneity, buffers and interconnections. We have used the chess interconnection

topology for evaluating interconnection heterogeneity (Oliveira et al., 2020b).

The main research question we aim to answer with this paper is whether a map-

ping algorithm and novel heterogeneous architectures can implement machine lear-

ning dataflows costing less and without losing solution quality. Furthermore, we

would like to evaluate the scalability of the mapping for size dataflows between 30

to 200 nodes to overcome prior work limitations (Nowatzki et al., 2018; Walker and

Anderson, 2019), where the largest graph size was 38 nodes.

This work is organized as follows. First, Section 4.2 presents dataflow graphs

of machine learning applications. Section 4.3 discusses the main CGRA components.

Section 4.4 introduces the cost metrics and the mapping approach. Sections 4.5 and 4.6
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show the experimental results and related work. Finally, Section 4.7 draws the main

conclusion and points out future work.

4.2 Machine Learning Kernels and Dataflows

This section provides the basic concepts of dataflow computing. First, Section 4.2.1

presents the matrix multiplication dataflow, which is the most common kernel to im-

plement many ML algorithms. Section 4.2.2 shows the convolution, which is also

a critical ML kernel. In Section 4.2.3 we briefly describe a Α(µ) matrix multiplier

and the trade-offs between matrix size, performance, and memory bandwidth. Sec-

tion 4.2.4 draws some insights on embedding tree patterns in mesh architectures,

along with a brief discussion of map-reduce patterns. Finally, in Section 4.2.5 we

present the K-means study case.

4.2.1 Matrix Multiplier Kernel

The graphs we worked with, as mentioned before, come from the most computatio-

nally intensive parts of machine learning applications. Each node can be, for example,

a multiplier, an adder, a multiplexer, among a few others. Figure 4.1 (a) shows an

example of the dataflow graph for a 2x2 matrix multiplication C = A× q. Every clock

cycle, two new matrices A and q are set as the dataflow inputs, and a new result C is

produced. The latency depends on the multiplier and adder latencies. Figure 4.1 (b)

shows a table that summarizes the number of I/Os, multipliers, adders, maximum

fan-out for an θ× θ matrix, where θ ranges from 2 to 8. The number of inputs, out-

puts, multipliers, adders, and fan-out is 2θ2,θ2,θ3, (θ3 − θ2), and θ, respectively.

Therefore, the 4× 4 NVidia tensor core has 64 multipliers and 48 adders, plus 16

adders to perform D = A× q+C.

* * * * * * * *

+ + + +

a11 a12 a21 a22b11 b12b21 b22

c11 c12 c21 c22
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Figura 4.1: (a)Dataflow graph for a full 2x2 matrix multiplication (b)Data summary
for matrix multiplications up to 8x8

The dataflow graphs that compose our set of benchmarks were selected among

algorithm kernels that are often used in machine learning applications, such as matrix
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multiplications and convolutions. Also, we selected binary trees since it is a typical

reduction pattern in ML.

4.2.2 Convolutions

The convolution operation has been considered one of the essential operations in

image processing systems and other applications that use convolutional neural networks

(CNN) (Jo et al., 2017; Krizhevsky et al., 2012). However, the number of computati-

ons grows very fast according to the size of the convolution kernel. This has made

researchers (Wei et al., 2017) strive to reduce the cost of these operations.

The main idea behind the convolution is shown in Figure 4.2(a). On the 3x3 convo-

lution, a 3x3 filter is applied to the elements of the original matrix. The elements are

multiplied element-wise and then summed up to return the result element present on

the convoluted matrix.
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Figura 4.2: (a) Example of a 3x3 convolution (b) Convolution with K=3 dataflow graph

A convolution DFG is a simple reduction tree of multipliers and adders, as shown

in Figure 4.2(b) for a 3 × 3 filter. The register layer on this example is present to

balance the latency of the reduction tree and the multiplier layer, so the whole DFG

returns 1 result after 2 clock cycles. Having these in mind, Section 4.2.4 focuses on

how to embed trees in two-dimensional architectures. A reduction tree has small

data reuse (factor 2) due to many inputs compared to the total number of operati-

ons. However, there are opportunities for data reuse as a more significant number of

convolution filters over the same input data are presented in most CNN designs.

4.2.3 Linear Matrix Multiplier

The dataflow of Figure 4.1 (a) requires Α(θ3) multiplier/adder units and Α(θ2) I/O

units to perform one θ× θ matrix multiplication per cycle. Figure 4.3 (a) exemplifies a

different approach for a 3x3 systolic matrix multiplication with Α(θ2) multiplier/ad-

der units and Α(θ) I/O units, which requires Α(θ) cycles to compute one matrix
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multiplication. This approach reduces the I/O requirements. The nodes η0,η3,

and η6 on the leftmost column receive the elements of each row of matrix A, which

will be multiplied by matrix B, stored in each η node. After that, the result is ad-

ded to the data that comes from the upper node and sent to the next one. The bottom

nodes will at each clock cycle release an element of the result matrix C. An FPGA

implementation for this design was presented in (Wei et al., 2017).

Figure 4.3 (b) shows the corresponding dataflow graph for the O(N) matrix mul-

tiplier. The multipliers on the left are colored in dark grey and represent the input

nodes, while the adders of the bottom line are the output nodes. Our approach is

more flexible, where both matrix multiplier designs (see Figure 4.1 and Figure 4.3)

could be implemented. Finally, matrix multiply operations consume around 70% of

the total runtime in ML implementations (Qin et al., 2020).
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Figura 4.3: (a) Α(µ) linear array for matrix multiplication (b) dataflow graph repre-
sentation;

4.2.4 Trees and Map-Reduce Patterns

Dataflow graphs are not random graphs, and tree patterns are frequently found in

parallel algorithms to implement the reduced steps of map-reduce algorithms. The-

refore, an important issue is how to map a tree in fully pipelined mesh architectures

efficiently. In Very Large Scale Integration (VLSI) circuit research, a well-known ap-

proach to balance delay times is the H-tree, which is a self-similar fractal (Browning,

1980), as shown in Figure 4.4(a). Although it has a symmetric layout, the occupancy

rate is low, with many bypassing cells. For a tree with 16 leaves and 31 nodes in total,

the total area is 49 cells, and there are 6 long wires (Φιξο = 1 due to a bypassing

cell) shown in bold in Figure 4.4(a). As the long wires or bypassing cells are equally

distributed, and the tree is fully balanced, there is no delay mismatch, and therefore,
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there is no need to include buffers to equalize the pipeline path lengths. Conside-

ring mesh interconnection, a single 15 and 31 node H-tree are not optimal since they

require routing resources and mapped area is not minimal.

(a)

1

1 1

1 1

1

(b)

1

1 1

1

1

1

1

2

2

Figura 4.4: (a) 7x7 mesh and the H-tree configuration; (b) Lee/-
Choi tree in a 6x6 mesh.

tableArea, occu-
pancy, delay FIFO,
and latency for H-
Tree and Lee/Choi.

H-tree
Size Area Occ FIFO Lat
15 21 71% - 4
31 49 63% - 6
63 105 60% - 11
127 225 56% - 14

Lee/Choi
15 16 94% 1 6
31 36 86% 2 8
63 81 78% 1 9
127 144 88% 2 12

Lee and Choi (Lee and Choi, 1996) propose an algorithm to reduce the total area,

as shown in Figure 4.4(b), where the same tree requires only 36 nodes in a 6 × 6

mesh. Nevertheless, the Lee/Choi tree has different path lengths from the leaves to

the root, and it requires nine long routing wires, where two of them have Φιξο = 2.

When there is a long wire in one pipeline path that converges to one node, we should

insert a buffer in the other path to equalize the delay. The black rectangular boxes at

the rightmost tree in Figure 4.4(b) represent these delay buffers. The worst case is a

buffer of size 2, at the third level. A single 31 node Lee/Choi tree has the minimum

area. However, it is not optimal since it requires routing and buffer resources.

Table 4.2.4 presents a mapping comparison of H-tree, and Lee/Choi approaches

for full binary trees. Since it has a low occupancy rate, the H-Tree pattern needs a

more extensive area to accommodate the structure. However, it doesn’t require any

buffers. On the other hand, the Lee/Choi approach reduces the area in cells once

its occupancy rate is much higher but requires an architecture with variable length

buffers to implement the pipeline correctly. In addition, such an architecture demands

more area for memory and control. For instance, a FIFO buffer with Ψθαοβ = 2

increases the area by 9%, using a 55nm technology library, as shown in (Nowatzki

et al., 2018). Therefore, the area increase of 36% for a full 31-tree in the H-tree layout

is mitigated to 23% compared to Lee/Choi trees due to the FIFO overhead area cost.

A map-reduce algorithm dataflow graph comprises two main phases: mapping

and reduction. The reduction phase is, in most cases, a tree. Therefore, to compose

our set of benchmarks, we chose binary trees followed by a tail of nodes after each

leaf.
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4.2.5 K-means

K-means is an unsupervised learning algorithm capable of partitioning a set of points

in ε groups (or clusters). This algorithm is commonly used for clustering data points

together in data-mining applications and data-analysis techniques (Choi and So, 2014;

Abdelrahman, 2016; He et al., 2020). K-means is an example of a map-reduce al-

gorithm, in which the classification phase performs one mapping followed by two

reductions, as shown in Figure 4.5.
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Figura 4.5: (a) K-means dataflow: One map followed by two reduces; (b) ε = 5,θ = 4;
(c) ε = 4,θ = 5.

The mapping is responsible for the distance computation in each dimension for

the current stream input Κ. For ease of explanation, assume a z −ηΨθξ example

θ = 4 dimensions and ε = 4 clusters, as shown in Figure 4.5. First, the input values

should be distributed to all centroid distance units. The second step is a reduction to

sum the distances (z) of all dimensions of a point Κ to each cluster centroid C. In

this step, ε is the number of clusters (ε = 4 for our example) and 1 ≤  ≤ ε. The

third step is the reduction to find the closest centroid to Κ, i.e., the computation of

ȷθ(z1, Y Y Y ,zε). Hence, the algorithm performs εθ subtractions and multiplications

during the mapping to compute the distances. The first reduction requires ε(θ− 1)

additions to add the distances, and the second reduction requires ε − 1 comparisons

to find the closest centroid to Κ. Each iteration computes η[2εθ+ ε(θ− 1) + ε − 1]

operations for η points, and the arithmetic intensity is η[2εθ+ε(θ−1)+ε−1]
ηθ

= 3ε −
1
θ

.

Therefore, for larger values of ε, the arithmetic intensity reaches a level that makes

the problem suitable for our hardware implementation.
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Embedding a K-means dataflow into a mesh is challenging. First, we should con-

nect each input stream  in Figure 4.5(a), to all ε map-reduce subgraphs. For ins-

tance, 0 is close to the subgraph of ε0 in Figure 4.5(a). However, it should be close to

all εδ subgraphs. Furthermore, we should place 1,2, and 3 to guarantee that they

are simultaneously close to all εδ subgraphs. For this example ε = 4,θ = 4, there are

4 expanding trees (Ζ0, Y Y Y ,Ζ3) followed by a full cross-edge pattern to connect to 4

reduction trees (Ζ4, Y Y Y ,Ζ7), which should converge to a final reduction tree Ζ8. The

expanding trees spread the input data, then each reduction tree (Ζ4, Y Y Y ,Ζ7) perform

the sum-of-squares for each centroid, i.e., the sum of squared Euclidean distances.

And, finally, the tree Ζ8 selects the closest centroid with the minimum distance. Mo-

reover, if we add a new cluster ε4, as shown in Figure 4.5(b), each input should be

close to five subgraphs. Also, if we insert a new input dimension 4, as shown in

Figure 4.5(c), the first reduction tree is no longer a full binary tree, and we must insert

registers to provide a correct balance. Finally, the second reduction is not a tree since

there are reconvergent paths. Therefore, K-means is an interesting case study where

there is: (a) map-reduce patterns; (b) different tree patterns (full and not full); (c) mul-

tiple fan-out inputs connected to disjoint subgraphs; (d) reduction with reconvergent

paths.

4.3 Main CGRA Components

The CGRA is composed of an array of interconnected processing elements (PE’s).

Unlike FPGAs, which work at a bit level, CGRAs work at a coarse grain, meaning

they work at the word level. This fact brings benefits such as reduced mapping for

more complex architecture, but on the other hand, very few commercial architectures

and design toolchains are availableLiu et al. (2019b). This Section presents three key

points to exploit: operations, interconnections, and buffers.

4.3.1 Processing Elements

We can categorize CGRA architectures into homogeneous and heterogeneous. In this

case, homogeneous means that every PE present on the grid is identical to one another.

Thus, each of those PEs can perform the same kind of operations regardless of the

grid. In contrast, a heterogeneous configuration presents two or more different types

of PE’s that can also perform various types of operations. It looks pretty straight-

forward that having a homogeneous configuration is the best way to go because it is

less restricted, allowing better placements to be performed. However, this increases

the entire architecture cost since every PE should be able to perform all operations. In

this work, we propose a design exploration of heterogeneous CGRAs.
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In our scenarios, the operation that causes a single PE to be more expensive is

the multiplication (Luo and Lee, 2000). Therefore we divided our PE’s into 2 groups,

which can perform multiplication and those that can not.

In Figure 4.6(a), all the PE’s are identical and can perform multiplications. These

PE’s are represented by grey-scale squares. Figure 4.6(b), however, shows multiplier

PE’s disposed as in a checkerboard, where nodes immediately adjacent to a special

PE do not have a multiplier. We also have a column-wise configuration presented

in Figure 4.6(c) and the configuration with multipliers on the borders of the grid

Figure 4.6(d). At this point, it is worth noting that the IO nodes of the dataflow graph

must be placed on the grid’s borders for all of these cases.
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Figura 4.6: (a) Ho-
mogeneous grid;
(b) checkerboard;
(c) columns; (d)
borders.

(a)                             (b)                              (c)                                 (d)

Figura 4.7: Homogeneous Interconnections: (a) Mesh; (b) Mesh-
plus; (c) Hexagonal; (d) Heterogeneous Chess interconnection.

4.3.2 Interconnections

In addition to the multiplier heterogeneous setups proposed, we also perform a de-

sign exploration of three different interconnection architectures. Mesh, the simplest

one, in which each PE can communicate with its 4 immediate neighbors without ex-

tra wires. Mesh-plus can jump one cell in each direction, in addition to the four

connections present in mesh. Each PE can access 6 other PEs around it on the he-

xagonal configuration, resembling a honeycomb pattern. Figure 4.7 illustrates these

architectures.

We also utilize a heterogeneous topology named Chess (Oliveira et al., 2020b),

which consists of a grid with both mesh and mesh-plus cells arranged in a chess-

board configuration. That means that throughout the grid, the cells are alternating

between mesh and mesh-plus, as shown in Figure 4.7(d). The chess topology performs

almost as well as the mesh-plus topology (Oliveira et al., 2020b). It has a very similar

performance while maintaining a lower overall cost with an average of 6 instead of 8

local connections. Moreover, the chess topology covers a more extensive grid area in

fewer steps than mesh and hexagonal, with performance comparable to mesh-plus.
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Figura 4.8: (a) Homogeneous Buffer size 3 PE; (b) Homogeneous Buffer size 1 PE; (c)
Heterogeneous buffer size architecture.

4.3.3 Delay Mismatch Buffer

Buffers solve the delay mismatch problem by balancing the pipeline paths, and they

are the most expensive resources in fully-pipelined CGRAs (Nowatzki et al., 2018).

Furthermore, the buffer sizes are defined at design time considering the worst scena-

rio. However, the occupation rates could be low. For instance, Figure 4.8(a) depicts

an example of a mapped homogeneous architecture with 4 processing elements (PE).

Each PE has two input buffers with the size of 3 registers. Therefore, the architecture

requires 4 × 2 × 3 = 24 registers, where 4 is the number of ΒE with 2 input buf-

fers. Nevertheless, for this example, at run-time only 5 of 24 registers are used (grey

boxes). Figure 4.8(b) shows another architecture where each PE has two input buffer

size of one register, which reduces the overall cost by a factor of 3. In spite of that, it

could be insufficient to map larger dataflows. We propose to evaluate heterogeneous

buffer size architectures as shown in Figure 4.8(c), where the ΒEC has no buffers, ΒEq
and ΒED has only one input buffer of size 1, and ΒEA has one input buffer of size

2. It reduces the overall cost, and the mapping is still feasible. The challenge is to

determine where the buffers should be placed at design time.

4.4 Mapping Algorithm and Metrics

This work brings forward a design exploration of CGRA architectures. As already

mentioned, we propose a simulated annealing (SA) algorithm to map dataflows on

the homogeneous and heterogeneous architectures. We divided the mapping problem

into two phases, as described in the following. First, to find a suitable placement

solution for each proposed dataflow graph, the SA approach aims to minimize the

wire length used, similar to previous approaches (Mei et al., 2003a). This was done by

checking, at each iteration of the algorithm, if the cost of swapping two nodes would

increase or decrease the total length cost of the solution, always keeping track of the

positions of the graph’s multipliers and IOs.

After that, we proceed to the routing phase, which aims to validate the solution

by identifying a viable routing that demands the least amount of delay buffers per PE

since that is crucial to the total cost of the architecture, even more than the total wire-

length (Nowatzki et al., 2018). For most dataflow edges, the routing is straightforward
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as the nodes are placed in adjacent cells. Therefore, only a tiny subset of edges

requires a routing strategy to implement the maze routing algorithm.

4.4.1 Cost Metrics and Optimal Mapping

The considered cost metric for the mapping algorithm is the total wirelength, despite

it not being the most impactful factor on the overall cost of the architecture. If we are

able to find a perfect solution with zero wirelength, it is guaranteed that the archi-

tecture will not need any buffers to implement it. So when we guide our algorithm

to minimize the wirelength, we are also indirectly trying to minimize the needed

number of buffers per processing element in the final architecture, while maintaining

a simpler implementation. Furthermore, the wirelength is a local metric, that can

be easy evaluated, while buffer allocation is a global metric that should consider all

graph paths.

4.4.2 Non-optimal Pattern in Mesh Interconnections

It is straightforward to prove that it is not possible to map the dataflow pattern shown

in Figure 4.9(a) optimally on a simple mesh CGRA. This is important because it shows

that a mesh architecture can not implement some types of graphs, even very small

ones, without the use of buffers. Therefore, heuristic mapping should be developed

by keeping in mind non-optimal graph pattern. We demonstrated this by using a

visual proof. Figure 4.9(b) shows the grid after the placement of node A on a random

cell and the set of cells that can hold its neighbors without increasing the mapping’s

overall cost, namely θΨαβA = Aµ,AE,AΕ,AΙ . We then proceed to the placement of

node B, shown in one of these positions. Figure 4.9(c) shows the placement of B in

position AE, making θΨαβA = Aµ,AΕ,AΙ and θΨαβq = qµ,qE,AΕ. We now still

have to place node C on the grid. However, there is no intersection between neighA

and neighB, meaning θΨαβA∩θΨαβq = ∅. The same would happen for whichever

position we might have chosen for B because of the symmetry of the problem.

Note that it is possible to place the graph using PEs with size 1 buffers, however,

the goal is to find a placement that doesn’t need any buffers since they increase the

overall cost. We could also perform the placement using an architecture with higher

connectivity, such as chess or mesh-plus (Figure 4.9(d)), but once again they are more

expensive.

4.4.3 NeoSA Algorithm

Figure 4.9(e) shows how NeoSA works. It is a simulated annealing based algorithm

that sweeps the grid twice to select 2 cells, and try to perform a swap. If the cost is
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Algorithm - NeoSA

T = 100

while T > 0.00001 do

     for n1 = FirstCell, ... , LastCell do

          for n1 = n1.next(), ... , LastCell do

               nextCost - currentCost - n1.edges() - n2.edges()

               Swap n1 and n2

               nextCost += n1.edges() + n2.edges()

               value = exp(-1 * (nextCost - currentCost)/T)

               if nextCost <= currentCost or random < value then

                    currentCost = nextCost

               else Undo Swap

           T *= 0.999

(e)

Figura 4.9: (a) Dataflow graph; (b) Visual proof for mesh; (c) Visual proof for distance
1; (d) Optimal mesh-plus solution; (e) NeoSA Pseudocode

lower after the swap, the algorithm continues. If the cost is worse, the swap can either

be undone or kept according to an annealing probability. The actual code used for

the experiments can be found at this GitHub page 1.

4.5 Experiments and Results

The experiments proposed in this work aimed to compare the performance of our

algorithm (when executed with a homogeneous grid) to the state-of-the-art tool Ver-

satile Place&Routing (VPR) 8.1Murray et al. (2020). After that, the second comparison

was between both our homogeneous and heterogeneous approaches. It is important

to highlight again that we worked with three different types of heterogeneity: the PE

interconnection heterogeneity by considering the Chess architecture. The multiplier

resource heterogeneity means that PEs may or may not have the capacity to perform

multiplications since this is an expensive operation. And lastly, for the K-means ben-

chmarks, we proposed an architecture that is heterogeneous regarding the presence

or absence of buffers on the PEs.

Section 4.5.1 presents the evaluated dataflow benchmarks. In Section 4.5.2, we

demonstrated that our SA approach can find optimal mappings for trees and map-

reduce trees, considering homogeneous architectures. Section 4.5.3 evaluates the exe-

cution time of our SA approach in comparison the VPR tool (Murray et al., 2020).

Section 4.5.4 brings the results for all three types of heterogeneity. In Section 4.5.4 we

included the Chess interconnection topology in comparison to the other homogene-

ous ones. Section 4.5.4 brings an analysis between the results of the homogeneous

case and the results of all three proposed multiplier heterogeneous configurations.

Section 4.5.4 brings the same analysis but strictly for the K-means benchmark set.

And lastly, Section 4.5.4 discusses the heterogeneity in terms of buffer resources.

1https://github.com/lesc-ufv/NeoSA.git
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4.5.1 Benchmarks

Table 4.1 summarizes the benchmarks we used in our experiments. A graph for

a binary tree benchmark is denoted, for example, tree_n_X_t_X, where the number

following n indicates the number of nodes on each connected component. The num-

ber following t is the number of connected components. So, following this notation,

tree_n_31_t_3 is a graph with 3 binary trees of 31 nodes each. Benchmarks 1 through

11 represent these trees, followed by systolic matrix multiplications and a classic ma-

trix multiplication like the one shown in Figure 4.1. In addition, we have convolutions

ranging from 2× 2 matrices to 5× 5 matrices. The next subset of our benchmarks

is the Map-reduce graphs, which are very similar to the trees, differing by a longer

tail of nodes following the tree leaves, as shown in Section 4.2.4. And lastly, we have

K-means dataflows. The first five have K=4, and N ranging from 4 to 8, and the re-

maining four have fixed N=4, and K ranging from 5 to 8, where z is the number of

clusters and µ is the number of data dimensions.

Tabela 4.1: List of benchmarks.
ID Benchmarks Nodes Mults ID Benchmarks Nodes Mults ID Benchmarks Nodes Mults
1 tree_n_15_t_1 15 8 14 matmul44 32 16 27 tree_n_15_t_3_r_3 117 24
2 tree_n_31_t_1 31 16 15 matmul55 50 25 28 tree_n_15_t_4_r_3 156 32
3 tree_n_63_t_1 63 32 16 matmul66 72 36 29 K4N4 63 16
4 tree_n_127_t_1 127 64 17 matmul22normal 24 8 30 K4N5 86 21
5 tree_n_15_t_2 30 16 18 convolution22 11 4 31 K4N6 97 27
6 tree_n_31_t_2 62 32 19 convolution33 26 9 32 K4N7 112 30
7 tree_n_63_t_2 126 64 20 convolution44 47 16 33 K4N8 123 35
8 tree_n_15_t_3 45 24 21 convolution55 74 25 34 K5N4 82 21
9 tree_n_31_t_3 93 48 22 tree_n_15_t_1_r_3 39 8 35 K6N4 95 25

10 tree_n_15_t_4 60 32 23 tree_n_31_t_1_r_3 79 16 36 K7N4 111 30
11 tree_n_31_t_4 124 64 24 tree_n_63_t_1_r_3 159 32 37 K8N4 123 34
12 matmul22 8 4 25 tree_n_15_t_2_r_3 78 16
13 matmul33 18 9 26 tree_n_31_t_2_r_3 158 32

For all the benchmarks, the placement algorithm aimed to minimize the square

area used. For instance, considering a homogeneous grid and a graph with 18 nodes,

the smaller grid is a 5× 5 architecture. The minimal size will be fixed by the mini-

mum number of I/Os, multipliers, and general-purpose PEs for the heterogeneous

ones.

Take for instance the heterogeneous borders model in Figure 4.6(d). If the side of

the grid has size N, one could place at most 4*(N-1) multipliers on its borders. Thus,

if a graph happened to have more multipliers than slots available, we had to nudge

the grid’s dimensions so it could fit. This happened, for example, on the bigger tree

graphs where there are many leaves as inputs.
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4.5.2 Trees and Map-Reduce

An interesting result of our mapping approach is the pattern that the graph tree_n_15_t_4

took after the placement on the homogeneous grid. The trees followed the H-tree pat-

tern from the root and then took a form almost like a puzzle piece. These "puzzle

pieces"then arranged themselves to fit tightly into the grid, using it with an occupa-

tion of 93.75% on an 8× 8 grid against the occupation of 71.43% on a 7× 12 grid

for the H-tree configuration. Therefore, we reduced the area in 31.25% in comparison

to the H-tree. For the same instance, the Lee/Choi (Lee and Choi, 1996) structure

requires 12.5% more area with buffer size 2. Our approach does not require buffers

in this case. An illustration of this solution is shown in Figure 4.10.

52 48 46 49 54 14 8

53 45 55 13 6 7 3

56 50 47 51 59 2 0 1

42 57 40 58 12 5 10 4

35 41 34 39 22 11 24 9

32 30 31 23 18 16 19 25

36 43 33 38 28 15 28

2144 37 27 20 17 29

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

Figura 4.10: Puzzle-piece pattern for balanced trees on a homogeneous grid

Figure 4.11 (a) and (b) shows that there is an optimal mapping for the dataflows of

binary trees of size 31 and 63 mapped on a mesh-plus interconnection topology where

the 63-tree has a 98.4% area occupation rate. The root is in the darkest shade in both

cases, and the nodes are filled from darker to lighter from the root to the leaves. We

labeled the cell numbers following a breadth-first traversal (by level). Therefore, our

mapping improves H-tree and Lee/Choi approaches by reaching optimal solutions

for single 15-node tree in mesh interconnection, and for a single 31 and 63-node

tree in mesh-plus interconnection with minimum area and neither routing nor buffer

resources are required.

Figura 4.11: Optimal full trees in mesh-plus interconnection: (a) 31 nodes; (b) 63
nodes; (c) Map-reduce Tree; (d) Map-reduce mapped Tree.

Finally, Figure 4.11(c) shows a map-reduce example of the 15-node binary tree

(reduction phase) and a map phase of 3 operations per leaf, alongside its perfect
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solution on a mesh-plus grid, in Figure 4.11(d).

4.5.3 Mapping Execution Time

Figura 4.12: Mapping execution time comparison between VPR and our Simulated
Annealing mapping (NeoSA).

To perform the placement, we used a simulated annealing-based algorithm that

aimed to reduce the total wire length of the solution. To do so, the grid was scanned

sequentially twice, a first time to select the reference node and a second time to select

the destination node. Then, the cost of performing a swap between these two nodes

is calculated. If the swap diminishes the overall wire length, it is executed. On the

other hand, the swap increases the total length. It is only executed with an annea-

ling probability that depends on the temperature. We started our algorithm with a

temperature of 100 and decremented it to 99.9% of its value after each annealing step.

It is important to state that the total wire length cost is only a guideline to the

placement. We used the number of buffers needed in each PE as the final metric since

it is more appropriate in terms of total cost (Nowatzki et al., 2018). That happens

because a homogeneous architecture in which all PE’s have buffer resources will have

many of those buffers inactive. So, to mitigate this waste of resources, the chosen

solution will have the lowest amount of buffers per PE.

As a reference to evaluate our simulated annealing implementation, we will com-

pare to the VPR tool (Murray et al., 2020) the state-of-the-art on SA for FPGA. Our

target is a CGRA, and although VPR was developed for FPGA, it still out-performs

recent CGRA mapping as presented in the CGRA-ME design exploration tool (Chin

et al., 2018). VPR was executed 1000 times for each graph, each time using a different

random seed. Other parameters were all set to the tool’s standard. Among the 1000

results, the one with the lowest buffer size cost was chosen.

Figure 4.12 shows a comparison between the execution time (1000 instances) for

our algorithm (named NeoSA for short) and the one performed on VPR.

It is notable that for all benchmarks, our algorithm outperforms VPR. Especially

for the larger graphs, such as tree_n_31_t_4, VPR ends up being very slow, while
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we can perform the placement four times faster. All the experiments were executed

using the 16 cores, through openMP, of an Intel(R) Xeon(R) CPU E5-2630v3 2.4GHZ

compiled with GCC 5.4.0 and the -O3 option. NeoSA is on average 52.8% faster than

VPR considering the 37 evaluated dataflows. The NeoSA average execution time to

map 1000 instances is of 5.3 seconds.

4.5.4 Heterogeneity

Interconnection

Figura 4.13: Comparison between our homogeneous Simulated Annealing (NeoSA)
approach and VPR8 (Murray et al., 2020) considering all four interconnection topolo-
gies: (a) mesh, (b) mesh-plus, (c) hexagonal, (d) chess.

The main goal of this work was to perform a design exploration of heterogeneous

CGRAs to mitigate the total number of buffer resources. Considering the minimal

grid size, Figure 4.13(a-c) shows the ratio between the number of buffers needed for

our algorithm and VPR 8.0, considering the three previously commented homogene-

ous interconnections: mesh, mesh-plus, and hexagonal. We considered our baseline

to be the VPR 8.0 results, and it is represented in the chart as the black line on the

horizontal axis. Our NeoSA outperforms VPR when the ratio is less than 1. Therefore,

the bars that are below the black line in Figure 4.13 indicate that NeoSA outperforms

VPR. For instance, NeoSA is better than VPR in 16, worst in 6 out of 37 cases, and it

reaches the same results in 13 out of 37 cases for the Mesh interconnection. Moreo-

ver, for example, Benchmark 13 has a ratio of 0.5 for the Mesh topology as shown in

Figure 4.13(a), which means that our algorithm found a solution that needs half the

number of buffers needed by the VPR solution. Note that for most of the cases, our al-

gorithm performed as good or better than VPR. We also evaluated the heterogeneous
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Chess interconnection pattern. As already mentioned, Chess is a hybrid architecture

created by alternating mesh and mesh-plus interconnection nodes, similar to a ches-

sboard. Figure 4.13(d) shows the buffer ratios for Chess, where NeoSA outperforms

VPR in 32 out of 37 cases. With the convolution dataflows (benchmarks 18-21) and

the matrix multiplication 2× 2, NeoSA performs as well as VPR. Therefore, NeoSA

is well adapted to the heterogeneous chess interconnection pattern.

Tabela 4.2: Count of benchmarks for which NeoSA beat the VPR solution for each
interconnection pattern.

Win Count Average Buffer Size
Pattern NeoSA wins VPR wins Ties NeoSA VPR
Mesh 16 6 15 2.76 3.73

Mesh-plus 22 2 13 0.92 2.16
Hexagonal 27 4 6 2.32 3.46

Chess 32 0 5 0.97 2.49
Total 97 12 39 1.74 2.95

In Table 4.2, we present a summary of how many times our NeoSA algorithm

found a solution better than VPR, alongside the net count of those results. Notice

that the cases where NeoSA and VPR found a solution with equal cost are not con-

sidered in this count. For instance, considering the mesh-plus interconnection, our

approach is better in 6 out of 21 graphs, VPR is better in 2 cases, and we reach the

same buffer size in 13 graphs. Table 4.2 also shows the average buffer size required.

The heterogeneous Chess interconnection pattern has the same cost as Hexagonal, in

which each cell has 6 local neighbors. However, Chess outperforms Hexagonal by re-

ducing the buffer size by 58% on average. Although mesh-plus chess cells have some

one-hop wires in comparison to hexagonal, it could be efficiently implement without

degrading the clock cycle as shown in recent CGRA design (Gobieski et al., 2021).

Furthermore, Chess reaches a result close to Mesh-plus, which has 33% more wires

than Chess interconnection. Finally, these experiments show that NeoSA is compe-

titive to VPR (Murray et al., 2020) for graph size up to 200 nodes, and it is also an

open-source tool.

Processing Elements/Multiplier Heterogeneity

Figure 4.14 evaluates the buffer size needed on the processing element heterogeneous

architectures for the four interconnection patterns. The baseline is the homogeneous

solution, and Figure 4.14 depicts the ratio to this baseline for which we compared the

three multiplier heterogeneous architectures introduced in Section 4.3.1: checkerBo-

ard, cols, borders. The heterogeneous architectures performs equally or better than

homogeneous in 58%, 63%, and 78% of the evaluated cases for cols, checkerboard, and
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Figura 4.14: Ratio between the best result of each heterogeneous architecture and the
homogeneous baseline

borders, respectively. Note that as in Figure 4.13, the vertical axis represents the ratio

of the results compared to a baseline, which in this case is the homogeneous case. For

ease of explanation, consider the Borders result for benchmark 13 in Figure 4.14(a)

and notice that it is equal to 1, meaning that for that benchmark, our algorithm found

a Borders solution that is as good as a homogeneous one. With that in mind, one can

infer that there is a heterogeneous setup that performs as well as the homogeneous

for most of the benchmarks. In some cases, again, it is harder to outperform the ho-

mogeneous case cost on the larger graphs, but we still got results that are reasonably

close to it.

Therefore in Figure 4.14, when the bar is above the baseline means that this he-

terogeneous architecture performs worse than the homogeneous one, which is an

expected result. Nevertheless, in most cases, the heterogeneous architecture reaches

the same results as the homogeneous one, and no bar line is depicted. The pattern

that yields the worse results is the one in which the multipliers are placed in columns

through the grid, named cols, as we can see in in Figure 4.14. For instance, consi-

dering the mesh interconnection, cols architecture increases the buffer size in 11 out

of 28 cases. However, it reaches the same results in 16 out of 28 cases. The borders

architecture reaches the best results. It is worse than the homogeneous in 25 out of

112 cases, considering all evaluated interconnections. Moreover, the borders architec-

ture is better than a homogeneous architecture in 5 cases. It is important to highlight

the fact that the chess interconnection pattern is studied considering two axes of he-

terogeneity (interconnections and multipliers). In this case, to consider Multiplier

Heterogeneity we first run a homogeneous chess instance and use it as a baseline to

compare the heterogeneous cases. Therefore, in this case, we did not compare chess

and hexagonal/mesh/mesh-plus. We compared chess heterogeneous to the chess ba-

seline homogeneous. We could conclude that chess is the most sensible out of the
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four interconnection patterns considering tree dataflows.

Tabela 4.3: Count of benchmarks for which NeoSA beat the VPR solution for each
interconnection pattern.

Pattern CheckerBoard loses Cols loses Borders loses
Mesh 7/28 11/28 4/28

Mesh-plus 7/28 10/28 4/28
Hexagonal 14/28 13/28 8/28

Chess 14/28 14/28 9/28
Total 42/112 47/112 25/112

A summary with the number of times that each heterogeneous configuration

wasn’t able to perform as good as the homogeneous is presented in Table 4.3, where

7/28 for the mesh interconnection and the heterogeneous architecture checkerboard

means that the homogeneous one is only better than heterogeneous in 7 out of the 28

graphs.

The last line in Figure 4.14(d) summarizes these totals for each heterogeneous

architecture. The border-based and the checkerboard are more suitable for our ben-

chmark set. This is an interesting result since most FPGAs use column patterns as a

heterogeneous design to place the memory and DSPs.

Multiplier Heterogeneity in K-means Dataflows

Figura 4.15: Ratio between the best result of each heterogeneous architecture and the
homogeneous baseline for the K-means benchmarks

We separated the results for the K-means benchmarks from the others because they

configure an interesting study case as mentioned before. They are composed of reduc-

tion trees, full of reconvergences, and are a real challenge for placement and routing

algorithms. We could observe for the 108 evaluated cases shown in Figure 4.15, the
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heterogeneous architecture is worse only in 34 cases, and it outperforms the homoge-

neous one in 14 cases. We can highlight the borders chess architecture, which reaches

the same performance as the homogeneous one, and it even better in one case. The-

refore, our NeoSA approach targeting more complex dataflow patterns performs well

in a border chess CGRA.

Buffer Heterogeneity

The first experiment we did for K-means was using a homogeneous grid to check

the placement’s behavior, the quality of the solutions that could be achieved, and

establish a starting point for further analysis. Table 4.4 shows the number of PEs that

will have active buffers on average for the K-means benchmark set. The grid size

represents the total number of PEs on the grid, and line Active Buffer PEs represents

how many of those PEs will have active buffers. For instance, on average, for the

K4N5 benchmark, 15 out of its 100 PEs will require their buffers to be used. Starting

with these results, we then observed that the ratio of PEs that required the presence

of buffers in their functional unit inputs was below 20% as inferred from Table 4.4.

This encouraged searching for an architecture that could accommodate the placement

without demanding all PEs to have buffers. This approach is different from what

we did in the previous sections. We studied the grid’s heterogeneity in terms of the

presence or absence of multipliers in each processing element and interconnection

degree.

Tabela 4.4: Number of active buffers for the K-means benchmarks.
z = 4 µ = 4

N4 N5 N6 N7 N8 K5 K6 K7 K8 Average
Grid Size 64 100 100 121 144 100 100 121 144 110
Active Buffer PEs 12 15 19 22 25 16 20 24 28 20
Unused Buffer PEs 52 85 81 99 119 84 80 97 116 90
Percentage of Unused Buffers 81% 85% 81% 81% 82% 84 % 80% 80% 80% 81%

From this point, the goal was to find a buffer size heterogeneous architecture

pattern that could keep the quality of the solutions while lowering the overall cost of

the structure by saving some buffer resources, which are very expensive (Nowatzki

et al., 2018).

To search for such an architecture, we proposed a quantitative approach to de-

fine at design time where these buffers should be allocated. First, we analyzed our

K-means dataflow set to find where the buffers are required and their size. It is impor-

tant to highlight two points. First, the buffers are elastic, meaning a size 3 buffer has

three registers, and it could implement a queue of size 3,2,1 or no queue whatsoever.

Second, for the previous architecture, the buffer size is defined by the worst case in a
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(a) K4N7 (b) K4N8 (c) K7N4 (d) K8N4

(f) K4N7 (g) K4N8 (h) K7N4 (i) K8N4

Homogeneous grids

Heterogeneous grids

Proposed Buffer

Strand Architecture

(e)

Figura 4.16: Heatmap of the active PEs buffer size: (a-d) Mapped results for homoge-
neous buffer architectures; (e) Novel proposed architecture; (f-i) Mapped results for
the novel heterogeneous architecture.

specific PE, and it is replicated to all PEs. Therefore, at the register level, most buffers

are totally unused or partially unused.

To find a good pattern, we first analyzed the results of mappings considering the

homogeneous grid. For that, we plotted heatmaps of the grids coloring with darker

colors the PEs that require longer buffers (more used registers) for that particular

solution. Some of these heatmaps are shown in Figure 4.16(a-d).

We were able to identify that the active PEs tended to lay on a strand appro-

ximately in the middle of the grid. Thus, we proposed an architecture, shown in

Figure 4.16(e), that consists of a strand of 5 rows in width that goes throughout the

grid. We were able to find solutions for all the K-means instances we tested using this

architecture. This novel architecture reduces the overall buffer requirements by 56.3%

on average. And, these experiments demonstrate that the NeoSA algorithm is able

to find valid mapping solutions in heterogeneous buffer architectures. Future work

could empirically test whether architectures with different buffer sizes and patterns

will map machine learning dataflows.

4.6 Related Work

Most CGRA mapping approaches focus on a processing element (PE) architecture

shared by multiple instructions in a time-multiplexed fashion (Mei et al., 2003a; Park
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et al., 2008; Hamzeh et al., 2012) for homogeneous architectures. In general, the ar-

chitecture size is small, where the most usual size is a 4 × 4 grid. Therefore, the

maximum number of parallel operations is 44 = 16. Furthermore, the PE should

have the capability to decode the instructions from a local instruction memory, which

consumes area and power. On the other hand, fully pipelined architectures are confi-

gured once before the execution, and the PE will be dedicated to evaluating a single

operation, saving area, and power. Moreover, the architecture sizes are more signifi-

cant than 16 PEs, and the grid size bounds the maximum number of parallel operati-

ons. Therefore, this work focus on fully pipelined architectures (FPAs). Furthermore,

our goal is to reduce the resources and energy costs without degrading the mapping

and the CGRA performance. One way is to use heterogeneous CGRAs (Chin et al.,

2018) or approximate computing CGRAs (Akbari et al., 2019). In the last two decades,

several CGRA architectures have been proposed, they have not been detailed here, for

more information refer to (Wijtvliet et al., 2016; Liu et al., 2019b).

The CGRA mapping is a NP-complete (Hamzeh et al., 2012), and considering

FPAs, the difficulty to find a solution depends on the buffer size as shown in (Nowatzki

et al., 2018). Therefore, with large buffer sizes (greater than 5) (Nowatzki et al., 2018),

it becomes easier to find a valid mapping solution. However it increases significantly

the CGRA area. For instance, a buffer size 7 increases the total silicon area of a CGRA

in more than 25% (Nowatzki et al., 2018). A recent work (Nowatzki et al., 2018) shows

that integer linear programming (ILP) (Chin et al., 2018; Walker and Anderson, 2019)

and satisfiability modulo theory (SMT) (Donovick et al., 2019) approaches are costly

in terms of computation time, which could take several minutes for small size graph

(less than 20 nodes). These approaches solve the exact problem. Heuristics could be

used. Even by using a hybrid approach (ILP plus heuristics) (Nowatzki et al., 2017,

2018; Weng et al., 2019, 2020) to solve the mapping in a reasonable time (a few se-

conds) for homogeneous FPAs, the FPA should have large buffers (more than 7 slots).

Our approach shows that it is possible to save area by providing a design exploration

of heterogeneous architecture and small buffers sizes (2 or 3).

A design exploration of homogeneous and heterogeneous architectures by using

the CGRA-ME framework was presented in (Chin et al., 2018). However, the main

drawback is the maximum dataflow graph size (less than 16 nodes), and the mapping

execution time (minutes). Even by improving the two mapping strategies: the integer

linerar programming (ILP) and the simulated annealing (SA) in a recent work (Wal-

ker and Anderson, 2019), the maximum graph size was 38 nodes. Furthermore,

the CGRA-ME SA implementation is inefficient in terms of execution time (minu-

tes to hours). VPR (Murray et al., 2020) is state-of-the-art for simulated annealing

for FPGA. Prior work for CGRA mapping (Huang et al., 2013; Vasilyev et al., 2016)

use VPR on homogeneous architectures. Our approach is also based on SA, and our
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results are competitive to VPR in terms of quality and execution time. Finally, recent

work (Zhang et al., 2021; Gobieski et al., 2021) propose two CGRAs. One work (Go-

bieski et al., 2021) focuses on ultra low-power and energy efficient CGRA generator,

and evaluates a 6x6 CGRA. The second work (Zhang et al., 2021) focuses on compiler

tools and uses graph partition to reduce the mapping complexity, and then, apply ILP

approaches (Nowatzki et al., 2018) in subgraphs with less than 30 nodes.

4.7 Conclusion

We studied three types of heterogeneity in this work. Firstly we demonstrated that

our algorithm is well adapted to find solutions considering three homogeneous ar-

chitectures and the heterogeneous Chess interconnection topology. Next, the multi-

plier heterogeneous setups results showed us that it is possible to find good enough

placements for the graphs tested in this work that reduce the number of multiplier

resources on the CGRA grid, therefore reducing its overall cost. Lastly, we proposed

an architecture that does not require buffers in its entirety aimed at the K-means ben-

chmark set. This architecture was able to map solutions for all of the dataflows in the

set, reducing the overall cost considerably compared to the homogeneous case. A few

other experiments that could be done and explored in future work consist of fixing

some of the multipliers and I/Os in a good position, found on a pre-processing stage.

This could be done on graphs with a regular and repetitive structure, such as the

systolic array. This approach could guide the simulated annealing to a better or even

an optimal solution. Future work could also include dataflow merging, which iden-

tifies graph similarities to generate a dedicated and straightforward reconfigurable

architecture by minimizing the routing resources. We also plan to compare SA-based

placement to genetic (Silva et al., 2006) and divide-and-conquer search approaches.
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Capítulo 5

Conclusion

In conclusion, this master’s thesis has contributed to the field of reconfigurable archi-

tectures, specifically Coarse-Grained Reconfigurable Architectures (CGRAs), by intro-

ducing a flexible mapping approach for dataflow graphs. Furthermore, an extensive

analysis has been conducted to investigate the potential benefits of using CGRAs for

Machine Learning applications.

The proposed mapping approach is based on simulated annealing, which of-

fers a powerful optimization technique for effectively mapping dataflow graphs onto

CGRAs. This approach ensures efficient utilization of resources while considering

performance constraints. Additionally, a novel heterogeneous buffer architecture has

been introduced, which effectively reduces costs without compromising overall per-

formance for machine learning dataflow patterns. This buffer architecture optimally

handles the varying dataflow characteristics of machine learning algorithms, further

enhancing the efficiency of the system.

Moreover, the thesis introduces a novel interconnection topology known as Chess

between mesh and one-hop topologies, which provides an alternative and efficient

method for connecting components in a reconfigurable architecture in comparison

to hexagonal topology which has the same node degree. The Chess topology offers

advantages such as reduced wire length and improved overall system performance.

Additionally, a parameterized hardware generator has been proposed, enabling rapid

evaluation of different architectures by considering wire length and buffer costs.

Our research provides a framework for exploring mesh architectures and more

complex interconnection topologies to efficiently map dataflow graphs of up to se-

venty operators without FIFOs. We demonstrated that the heterogeneous border chess

architecture is more efficient than a homogeneous one, and our mapping algorithm

achieved better results than VPR 8.1 (Luu et al., 2011). Additionally, our algorithm

reached optimal results for single tree dataflows compared to classical Lee/Choi and

H-Trees. Altogether, our findings demonstrate the potential of leveraging heterogene-

ous architectures for the efficient design of Machine Learning applications.

Future research concerning the mapping of dataflow graphs onto CGRA architec-

tures could focus on improving the efficiency of the mapping algorithm. This could
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include exploring new search strategies and optimization techniques that better ex-

ploit the potential of the CGRA’s architecture and reduce the number of cycles needed

to map a graph onto the CGRA. Additionally, research could be conducted to investi-

gate how to better utilize the CGRA’s reconfigurability in order to reduce the number

of operations needed to complete a task. A further research direction could be to

explore how to better integrate compilers, schedulers, and other application develop-

ment tools with the CGRA’s hardware (Silva et al., 2020) to simplify the process of

designing and implementing dataflow graphs on the CGRA.
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