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Resumo

Esta tese apresenta uma arquitetura de acelerador de dataflow reconfigurável, orientada por stream-

ing, e baseada em Arquiteturas Reconfiguráveis de Grão Grosso (CGRAs) para computação de alto

desempenho e eficiência energética. A arquitetura desagrega o acesso à memória da computação

por meio de um motor de streaming dedicado, baseado no paradigma de streaming proposto para a

Unlimited Vector Extension, para lidar eficientemente com padrões de memória afins e suportar ciclos

multidimensionais complexos. A integração com um sistema-em-chip baseado na arquitetura RISC-V,

utilizando o ambiente Chipyard, permite uma avaliação particularmente abrangente.

Foi desenvolvida uma cadeia completa de ferramentas de compilação para automatizar a extração

de gráficos de fluxo de dados, identificação de padrões de streaming e mapeamento para CGRA. A ar-

quitetura foi sintetizada numa tecnologia de 7 nm para avaliar o seu desempenho e eficiência. Embora

a avaliação direta tenha revelado melhorias modestas em desempenho e eficiência, a análise realizada

identificou limitações importantes nas implementações atuais do motor de streaming e nas ferramentas

de mapeamento. A estimativa dos ganhos previstos com as melhorias propostas para esses com-

ponentes demonstrou ser muito significativa, tanto em desempenho como em eficiência energética,

evidenciando o potencial promissor da arquitetura.

Os resultados alcançados destacam o valor das arquiteturas reconfiguráveis baseadas em dataflow

orientadas por streaming como uma plataforma muito viável para aplicações intensivas em computação,

ao mesmo tempo em que sublinham a importância de soluções robustas de streaming e mapeamento.

As melhorias propostas criam uma base para futuras investigações que explorem todo o potencial do

sistema, visando alcançar um desempenho competitivo e com grande eficiência energética.

Palavras-chave: Data streaming, Dataflow, Motor de streaming, CGRA, Reconfigurável,

Acelerador

ii



Abstract

This thesis introduces a stream-based dataflow reconfigurable accelerator architecture based on

Coarse-Grained Reconfigurable Architectures (CGRAs) for high-performance computing and energy ef-

ficiency. The architecture decouples memory accesses from computation through a dedicated streaming

engine based on the Unlimited Vector Extension streaming paradigm to efficiently handle affine memory

patterns and support complex multi-dimensional loops. Integration with a RISC-V-based system-on-chip

using the Chipyard framework enables a comprehensive evaluation.

An end-to-end compilation toolchain was developed to automate the dataflow graph extraction, stream-

ing pattern identification, and CGRA mapping. The architecture was synthesized in a 7 nm technology

node to assess its performance and efficiency. While direct evaluation revealed only modest perfor-

mance and efficiency improvements, the conducted analysis identified key limitations in the existing

streaming engine implementations and mapping tools. Proposed enhancements to these components

were estimated to yield substantial performance and energy efficiency gains, demonstrating the archi-

tecture’s promising potential.

These findings underscore the value of stream-driven reconfigurable dataflow architectures as a

highly viable platform for computation-intensive applications while highlighting the importance of robust

streaming and mapping solutions. The proposed improvements lay a foundation for future research to

fully realize the system’s capabilities in delivering competitive energy-efficient performance.

Keywords: Data streaming, Dataflow, Streaming engine, CGRA, Reconfigurable, Accelerator
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1.1 Motivation

The most recent advances in machine learning and big data research have promoted significant

progress in various domains, including computer vision, speech recognition, natural language process-

ing, drug discovery, and genomics. These improvements have been made possible through increasingly

complex and computationally demanding algorithms, traditionally supported by advances in integrated

circuit technology. However, as Moore’s law slows down [1–3] and Dennard scaling reaches its end [4],

the power wall imposes a strict limitation on the operation of circuits: the power budget of integrated

circuits has peaked, and further improvements must now rely on gains in energy efficiency. As such,

general-purpose techniques, often supported by central processing units (CPUs) or graphics processing

units (GPUs), are no longer sufficient due to the low energy efficiency typically offered by traditional von

Neumann architectures.

To address these shortcomings, the research community has been focusing its attention on application-

specific and domain-specific accelerators [5–19]. These dedicated architectures achieve greater energy

efficiency by specializing their data and control paths to the specific needs of their application domains.

However, while these narrow hardware solutions are often effective, they struggle to keep pace with the

rapid and constant evolution of software algorithms, resulting in short lifecycles and high non-recurring

engineering costs [20].

As a result, there has been a push for research to focus on reconfigurable architectures [21, 22].

In particular, field-programmable gate arrays (FPGAs) offer a high degree of flexibility, which, coupled

with recent advances in high-level synthesis (HLS), has made them a popular option as accelerators.

However, FPGAs exhibit poor power and area efficiency due to the overhead associated with bit-level

reconfigurability.

Conversely, thanks to their flexibility and greater energy efficiency, coarse-grained reconfigurable

architectures (CGRAs) have also received considerable attention, particularly in computation-intensive

applications such as signal processing, computer vision, artificial intelligence, and cryptography [23–34].

CGRAs consist of word-level reconfigurable processing elements (PEs) and interconnects, which can

be configured to execute spatial computations represented as data-flow graphs (DFGs). Additionally,

CGRAs can be reconfigured at runtime, as they require much less configuration data than FPGAs.

In many previous CGRA works [24–26, 29, 33, 34], the DFG contains nodes representing the calcu-

lation of iteration variables and load/store address generation operations. However, in most kernels, the

patterns of these variables are regular and can be extracted at compile time, providing an opportunity

to offload their execution to dedicated hardware. This approach can reduce the number of nodes in the

DFG, increasing throughput and efficiency by saving resources (PEs and interconnects) and allowing a

more efficient mapping of the kernel to the CGRA. Another advantage of removing these nodes from

the DFG is that multi-dimensional nested loops can be represented as a single DFG, as the extracted

patterns already encode the loop structure. Additionally, because the patterns are explicitly known, this

approach also allows for prefetching memory accesses, reducing memory hierarchy latency.

Since conventional CGRAs inherently have little support for complex control flows, they are usually
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integrated into a system-on-chip (SoC), coupled with a memory system and a host processor to handle

the control flow and data movement. Nevertheless, many prior studies [23–26, 28, 33] have focused on

the CGRA itself, lacking or having limited integration within a complete system, which makes it difficult

to evaluate system-level effects, such as the impact of the memory hierarchy or the communication

between the CGRA and the host processor.

1.2 Objectives

The main objective of this work is to design and implement an accelerator architecture based on

a CGRA, in which memory accesses are completely decoupled from computation. This new design

will take advantage of significant contributions recently presented by the High-Performance Computing

Architectures and Systems (HPCAS) research team, including the development of the Unlimited Vector

Extension (UVE) data streaming solution [35] and the corresponding hardware implementation of a

streaming engine [36].

To evaluate the proposed contribution, the accelerator will be integrated into a complete system

based on the Chipyard SoC framework [37], along with a RISC-V host processor.

Another adressed objective is the development of an end-to-end compilation toolchain that generates

the CGRA configuration bitstream from a high-level language, such as C or C++, along with the nec-

essary software for the host processor. The toolchain should be capable of extracting memory access

patterns to be offloaded to the streaming infrastructure, as well as generating a feasible mapping of the

computation onto the CGRA infrastructure, encoding this information into a configuration bitstream for

the accelerator.

The implemented architecture will be evaluated using a diverse set of benchmarks from a diverse

set of application domains that include linear algebra, image processing, computational physics, and

quantitative finance. These evaluations will be performed by running FPGA-accelerated register-transfer

level (RTL) simulations with realistic memory models on the FPGA infrastructure available at Amazon

Elastic Compute Cloud (EC2), using the convenient mechanisms provided by the FireSim platform [38].

The obtained results will be compared with state-of-the-art domain-specific architectures (DSAs),

as well as single instruction multiple data (SIMD) solutions in off-the-shelf general-purpose processors

(GPPs), in terms of performance, energy efficiency, and area.

1.3 Key contributions

Building on the main objectives outlined above, the key contributions of this thesis are summarized

as follows:

• A novel accelerator architecture that decouples memory accesses from computation by integrating

a data streaming solution with a CGRA.
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• A novel parameterized implementation of a stream-supported CGRA, capable of executing multi-

dimensional nested loops with complex memory access patterns, while maintaining a similar area

footprint and power consumption to a comparable DSA.

• A complete prototyping architecture, based on the Chipyard SoC framework, that integrates the

CGRA with a RISC-V host processor capable of reconfiguring the accelerator at runtime.

• An end-to-end compilation toolchain that automatically generates the accelerator configuration

bitstreams from kernels written in C/C++ source code. This toolchain encompasses loop trans-

formation tools, the extraction of computation DFGs and memory patterns, the mapping to the

accelerator, and configuration bitstream generation.

• An evaluation of the implemented architecture using a diverse set of benchmarks from various

domains, executed on the FPGA infrastructure available on Amazon EC2. Results demonstrate

speedups of up to 17.87× and energy efficiency improvements of up to 2.95×.

• The identification of overheads and bottlenecks in the current implementation, proposals for im-

provement, and an estimate of the performance of a hypothetical improved system. The projected

results indicate speedups of up to 668× and energy efficiency gains of up to 110×.

Part of the work presented in this thesis was published in a peer-reviewed paper entitled “Stream-

Driven Acceleration for Embedded RISC-V SoCs”, presented at the 2025 IEEE International Symposium

on Circuits and Systems (ISCAS) [39].

1.4 Outline

This thesis is organized as follows. Chapter 2 provides background on the state of the art in ac-

celerator architectures and systems, focusing on CGRAs and data streaming applied to accelerators.

Chapter 3 introduces the computational and abstraction models that underpin the proposed system and

presents an overview of the system, including the architecture of the accelerator and its compilation

framework. Chapters 4 and 5 detail the implementation of the accelerator’s microarchitecture and the

compilation toolchain, respectively. Chapter 6 presents the experimental evaluation, including the testing

methodology, the benchmarks, the obtained results, and the corresponding discussion. Finally, Chapter

7 concludes the thesis and suggests directions for future work.
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This chapter provides a theoretical framework for understanding the topics investigated in this dis-

sertation. The landscape of computing accelerators is diverse, with DSAs having received considerable

attention from the computer architecture community in recent years. These architectures consist of fixed

dataflow structures tailored to specific application domains such as machine learning, cryptography,

or data compression, delivering substantial gains by optimizing their datapaths to the unique computa-

tional requirements of a particular domain’s workloads. In addition, some DSAs exhibit some adaptability

through reconfigurable dataflows, most notably CGRAs.

This chapter explores fixed dataflow architectures and CGRAs, discussing their benefits and limi-

tations, while addressing the compilation challenges inherent to CGRAs. This chapter also addresses

data streaming, especially in the context of its use together with accelerators, with a special interest in

UVE. Finally, the works related to the tools and frameworks used to implement the proposed architecture

are presented.

2.1 Fixed dataflow architectures

We consider fixed dataflow architectures those that implement fixed functions and present datapaths

with very little to no reconfigurability capabilities. These architectures commonly take the form of spe-

cialized application-specific integrated circuits (ASICs), designed to accelerate a specific workload. This

level of optimization results in accelerators with significant performance gains for the targeted workloads.

They occupy the rightmost space in the flexibility-efficiency space presented in Fig. 2.1. These kinds of

architectures have been successfully used in the industry [6, 10, 19, 40], with notable examples includ-

ing Google’s TPU [6] and NVIDIA’s Tensor Cores [40], and in academia with DianNao [8] or Gemmini

[9].

Flexible
Dataflow

Accelerator

Fixed Dataflow
AcceleraorFPGAGPUCPU

Flexibility
Efficiency

Figure 2.1: Flexibility-efficiency space.

Tensor Processing Unit

The demanding processing needs of deep neural network (DNN) applications propelled the creation

of novel and sophisticated tensor-based architectures. One such example of a successful accelerator is

Google’s Tensor Processing Unit (TPU), which has been specifically designed to accelerate DNNs and

has been deployed in data center environments [6]. Google’s TPU success also led to it being released

to the general public through Google’s cloud platform, allowing users to access and utilize the advanced

hardware acceleration capabilities of TPUs for their own machine learning workloads [41].

TPUs are implemented around the use of a systolic array, as shown in Fig. 2.2. A systolic array is a
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Figure 2.2: TPU block diagram [6].

type of parallel architecture that consists of a grid of PEs, each of which performs a specific computation

on a set of inputs, and passes the outputs to adjacent PEs [42, 43]. This paradigm contrasts with the

traditional von Neumann architectures, in which a program tells the arithmetic logic units (ALUs) which

registers to read, the operation to perform, and the register in which to store the results. Systolic array

architectures thus exploit a greater spatial and temporal locality of data, which can significantly improve

the performance of vector and matrix operations compared to von Neumann architectures.

Nvidia’s Tensor Cores

Nvidia’s Tensor Cores are another example of DSAs designed for tensor multiplication. Although

they also perform a fixed function, they offer an increased level of flexibility through their integration

into general-purpose GPUs [40]. Tensor Cores were first introduced in the NVIDIA Tesla V100 GPU

and have been improved and enhanced in each subsequent generation of NVIDIA GPU architectures.

Current-generation NVIDIA H100 Tensor Cores support mixed-precision arithmetic, with a wide range

of integer and floating point numerical formats, and also support sparse tensor arithmetic, doubling the

performance of standard Tensor Core operations on sparse deep learning networks [44].

Gemmini

Gemmini is an open-source full-stack accelerator generator that allows architects and researchers to

customize and generate hardware accelerators for DNN applications. It provides a wide range of options

for hardware architectures, programming interfaces, and system integration, so that users can generate

accelerators that are optimized for a variety of different scenarios, from low-power edge devices to high-

performance cloud servers [9, 45].

7



One of its advantages is that Gemmini is provided within the Chipyard framework [46], meaning

that it is distributed within a complete SoC, with a robust software toolchain supporting it. This way, it

provides researchers with the ability to study how different components of the system and software stack

interact and affect the resulting DNN performance, including the hardware accelerator itself, the SoC,

the operating system (OS), and the software overhead.

As shown in Fig. 2.3, Gemmini’s architectural template is based on a spatial array of PEs that perform

dot products and accumulations to implement matrix multiplication. Moreover, Gemmini is implemented

as a co-accelerator for a RISC-V core, interacting with the system via non-standard RISC-V custom

instructions.

By default, it supports both output-stationary and weight-stationary dataflows, as illustrated in Fig.

2.4. For a C = A∗B+D matrix multiplication implemented with an output-stationary dataflow, the biases

(D) are preloaded, and the matrices that enter the array in the execution stage are the operands (A) and

the weights (B). In weight-stationary dataflow, the weights matrix (B) is preloaded, and the operands

(A) and bias (D) matrices are what enter the systolic array. The dataflow can be chosen at runtime

or hardened at elaboration time. Fig. 2.4 also shows that Gemmini’s systolic array is organized into a

two-level hierarchy, with each tile being fully combinatorial and a mesh of tiles having pipeline registers

between each tile.

The systolic array’s inputs and outputs are stored in an explicitly managed scratchpad of banked

static random-access memories (SRAMs). A direct memory access (DMA) engine facilitates data trans-

fers between the main memory (visible to the host CPU) and the scratchpad. In weight-stationary

dataflow, an additional SRAM bank, equipped with adder units, is used as an accumulator, storing

partial results from the systolic array and providing new inputs to the array. The DMA engine can also

transfer data directly between the accumulator and the main memory.

In addition to matrix multiplication, Gemmini includes optional peripheral circuitry that can apply

activation functions, scale the output results, and transpose matrices.

Figure 2.3: Gemmini architectural template overview [9].
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Figure 2.4: Microarchitecture of Gemmini’s spatial array [9].

2.2 Coarse-grained reconfigurable architectures

ALU RF
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Figure 2.5: Common CGRAs architecture.

Several recent research efforts have renewed and highlighted the potential of CGRAs as a type

of accelerator known for their combination of high computational throughput, energy efficiency, and

flexibility [47].

2.2.1 Architecture

CGRAs usually consist of an array of PEs connected through an interconnect network, usually a

2D mesh network, as depicted in Fig. 2.5. Each PE is composed of an ALU, a register file (RF), and

a configuration memory. At each clock cycle, the contents of the configuration memory determine the

operation performed by the ALU, as well as the source of the operands and the destination of the result.

These sources and destinations can be selected from either the register file or a neighboring PE.

Unlike traditional fixed dataflow accelerators, the flexibility of CGRAs allows the dataflow to be

adapted on a kernel-by-kernel basis. This flexibility comes at the cost of a loss of specialization, re-
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sulting in a less efficient accelerator than a dedicated ASIC, while using more area. Hence, CGRAs

balance the efficiency achieved by the rigidness of fixed dataflows in specialized ASICs and the flexibil-

ity of FPGAs’ fine-grained structures. Due to the coarse-grained nature of CGRAs’ configuration options,

the reconfiguration time is much short (ns-µs range) compared to the reconfiguration time of FPGAs (in

the order of ms-s) since there is much less configuration data to be written [47].

2.2.2 Related works

HyCUBE

Most CGRAs are characterized by static interconnects between neighbors in the form of either

neighbor-to-neighbor (N2N) connections or standard network-on-chip (NoC). In N2N, the functional units

(FUs) only connect to neighbors, meaning that transfers between distant FUs have to be routed through

intermediate FUs, which makes them unavailable for computing. Standard NoC-based solutions allow

for dedicated node-to-node links, independent of the FUs, allowing for a PE to simultaneously perform

routing and computation, but still introducing latency due to the registers between PEs.

However, both of these approaches make routing a challenging problem for the compiler. By having

this into account, Karunaratne et al. have proposed HyCUBE [26], which uses a reconfigurable intercon-

nect supporting single-cycle communications between distant PEs. Their implementation is based on a

NoC with bypassable registers between PEs, allowing for multi-hop connectivity within a single cycle, as

depicted in Fig. 2.6.

By limiting the maximum multi-hop distance to 4 hops (enough for most kernels), the authors obtain

a critical path delay comparable with standard NoC implementations and the complexity of routing is

greatly reduced, as most routes become a single hop. This leads to a better mapping quality, which,

coupled with the reduction of the communication latency between FUs, results in a performance-per-

watt that is 1.5× and 3× better than conventional CGRAs with a standard NoC or N2N interconnect,

respectively [26].

Figure 2.6: HyCUBE block diagram with multi-hop paths between PEs [26].
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Reconfigurable Tensor Unit

The Reconfigurable Tensor Unit (RTU) proposed by Neves et al. [28] is a new type of tensor com-

puting unit designed to be more flexible and general-purpose than current tensor units. Their RTU

architecture, shown in Fig. 2.7, includes a dense 2D array of reconfigurable PEs, each implementing a

vector multiply-accumulate (VMA) unit with variable-precision SIMD capabilities, supported by the use of

the posit number system. This allows for a higher degree of vectorization and flexibility, when compared

to traditional fixed-precision SIMD architectures. Posit numbers [48] are an alternative numbering for-

mat to the IEEE-754 standard, commonly used in floating-point arithmetic. The posit format has some

hardware-friendly properties, as it does not require intermediate normalization and rounding in fused

operations and allows for similar accuracy with lower precision than the IEEE-754 standard [49]. The

RTU’s execution model is based on data streaming, in which autonomous stream generators produce

common data patterns and feed them into the processing elements connected to a banked scratch-

pad/buffering memory structure. The RTU is programmed by providing configurations for each individual

PE and defining a memory access pattern descriptor for each stream generator. The PE configurations

are managed by the controllers within each PE, while the stream generators use the memory access

patterns to fetch data.

Figure 2.7: RTU block diagram [28].

Cascade

In most kernels, address generation instructions (AGIs) represent a significant part of computations.

Conventional CGRAs perform address generation computations within the processing array, which lim-

its the achievable throughput due to the resource contention between address generation and data
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processing. To address this issue, Wijerathne et al. have proposed a decoupled access-execute CGRA

denoted by CASCADE [27].

Similarly to the previously described RTU [28], CASCADE offloads the address generation to a

dedicated streaming engine (SE), implemented as a dedicated programmable hardware unit to handle

conflict-free access to a multi-bank memory. Its architecture, depicted in Fig. 2.8, comprises two main

components: the execute part and the access part. While the execute part is a conventional 2D-mesh

CGRA, the access part features a SE, a multi-bank scratchpad memory (SPM), and a set of stream

registers (SRs), connected via two crossbars, one for selecting non-conflicting banks and the other for

selecting the stream registers.

Figure 2.8: CASCADE architecture [27].

This structure is supported by a fully automated compiler that, besides performing the CGRA map-

ping, also extracts memory access patterns and manages the required bank allocation in order to gen-

erate conflict-free data streaming configurations. Fig. 2.9 depicts the end-to-end compiler framework.

Experimental evaluations demonstrate that CASCADE achieves an average performance improve-

ment of 3× and a performance-per-watt improvement of 2.2×, when compared to conventional CGRAs

with similar area, which typically compensate for the lack of dedicated address generation hardware by

employing larger processing arrays.

Plasticine

Plasticine is a CGRA accelerator designed for the efficient execution of parallel patterns [24]. As

shown in Fig. 2.10, it consists of a two-dimensional array composed of two types of coarse-grained

reconfigurable units: Pattern Compute Units (PCUs) and Pattern Memory Units (PMUs). Each PCU

consists of a reconfigurable pipeline with multiple stages of SIMD functional units, with support for cross-

SIMD lane shifting and reduction, as shown in Fig. 2.11. PMUs are composed of a banked scratchpad
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Figure 2.9: CASCADE compiler framework [27].

memory and dedicated addressing logic and address decoders. These units communicate with each

other through a pipelined interconnect that provides the flexibility that is enough to support a wide range

of parallel patterns, including Map, Reduce, Fold, and FlatMap, as depicted in Fig. 2.12. Moreover, plas-

ticine uses a distributed and hierarchical control scheme to minimize the synchronization between units

and adapt the connectivity in the interconnect. There are three types of controller protocols: sequential

execution, coarse-grained pipelining, and streaming. These control schemes correspond to outer loops

in the input program and determine how the execution of individual units is scheduled relative to other

units. Plasticine also includes support for double buffering, which can be generalized as N-buffering,

enabling coarse-grain pipelined execution of imperfectly nested patterns. The direct architectural sup-

port for parallel patterns in Plasticine simplifies program development by allowing the use of high-level

parallel patterns rather than low-level programming models.

Figure 2.10: Plasticine top-level architecture [24].
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Figure 2.11: Plasticine’s PCU architecture [24].

Figure 2.12: Parallel patterns supported by Plasticine’s programming model [24].

Softbrain

Another recent approach to domain-specific acceleration is the use of the stream-dataflow archi-

tecture proposed by Nowatzki et al. [23], whose Softbrain accelerator is illustrated in Fig. 2.13. The

Softbrain microarchitecture consists of a low-power control core that generates stream commands, a

set of stream engines that efficiently interface with memories and move data, and a deeply-pipelined

reconfigurable dataflow substrate (CGRA) for efficient parallel computation. The Control Core is a low-

power, single-issue in-order core that is responsible for generating stream-dataflow commands for the

stream dispatcher to execute. It acts as a programmer for the stream dispatcher and is designed to

be low power and low area due to its limited function as a specialized rather than a general-purpose
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processor. The Stream Dispatcher Unit coordinates the execution of the stream engines by tracking re-

source dependencies and issuing commands when needed. It also manages the concurrent execution

of the stream engines by sending them commands and maintaining the program order of streams with

the same source or destination port. There are three main types of stream engines in the Softbrain

microarchitecture: the Memory Stream Engine, the Scratchpad Stream Engine, and the Recurrence

Stream Engine. The Memory Stream Engine processes streams that access the main memory, issuing

read and write requests and exchanging data with the Vector Port Interfaces. The Scratchpad Stream

Engine processes streams that access the scratchpad memory instead of the main memory, allowing

for the efficient reuse of data that has been loaded. The Recurrence Stream Engine is used for the

immediate reuse of data without the need for memory storage, forwarding data directly from the Output

Vector Port to the Input Vector Port after processing. The Vector Port Interfaces act as the interface

between the computations performed by the CGRA and the incoming and outgoing data streams. The

Input Vector Port Interface stores incoming data from streams until the CGRA is ready to consume it,

while the Output Vector Port Interface stores the result of the computation performed by the CGRA until it

is ready to be consumed by an outgoing stream. The Indirect Vector Port Interface stores the streaming

addresses of indirect loads or stores. Finally, the CGRA supports pipelined computation of DFGs and

avoids the overheads of accessing register files or memories for live values. It has no flow control inside

its mesh, which reduces area, but requires the DFG compiler to ensure that all computation paths are

appropriately matched in terms of delay.

Figure 2.13: Softbrain microarchitecture overview [23].
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2.2.3 Compiling for CGRAs

While the CGRAs microarchitecture has been relatively straightforward along the last years, the com-

pilation process for these architectures presents a computationally complex challenge since it usually

requires solving an NP-complete problem [50]. The main objective of a CGRA compiler is to take a

compute-intensive loop kernel and generate a schedule that is feasible on the target architecture, while

maximizing the throughput. The loop kernel is usually represented as a DFG where nodes symbolize

operations and edges denote data dependencies.

In practice, the CGRAs mapping is a place and route problem, where placement involves assigning

DFG operations to FUs in space and time, while adhering to dependency constraints; the routing en-

tails mapping data signals between operations using wires (for spatial connections) and registers (for

temporal connections).

This process leverages instruction-level parallelism (ILP) within loop kernels by employing a software

pipelining technique denoted as modulo scheduling [51]. This technique employs ILP at the iteration

level, by overlapping independent operations in consecutive iterations, executing them simultaneously.

The goal of modulo scheduling is to generate a repeating schedule that allows multiple iterations to be

initiated in a pipelined fashion while minimizing the time it takes between the initiation of consecutive

iterations. This time interval is called the initiation interval (II).

(a) DFG. (b) 2×2 CGRA. (c) MRRG.

(d) Spacio-temporal mapping. (e) Resources used by mapping.

Figure 2.14: Mapping process [52].
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The mapper starts with the minimum II, based on the characteristics of the DFG, represented in

Fig. 2.14a, which corresponds to a loop kernel previously extracted and transformed into a dataflow

representation, as well as the characteristics of the CGRA architecture [53]. The minimum II is typically

computed as the maximum between a resource-constrained lower bound and a recurrence-constrained

lower bound, as described in [51].

The CGRA architecture, in Fig. 2.14b, is represented as a modulo routing resource graph (MRRG).

The MRRG models the essential CGRA components (FUs, RFs, switches and connections) in a time-

extended resource graph [53]. This time-expansion allows the modeling of resource usage across mul-

tiple scheduling cycles, enabling overlapping execution of successive loop iterations. This model con-

tains both spatial dimensions of the CGRA array, repeated in a time dimension with a size of II, since

the schedule repeats at every II. The resources of the PEs in the last cycle of the MRRG wrap around

and connect to the PEs in the first cycle, as depicted in Fig. 2.14c. This wrap-around models the cyclic

nature of modulo scheduling, where operations in one iteration may produce results consumed in the

next. Because of this, the resulting schedule is called a modulo schedule.

The compiler aims to find a valid modulo schedule of the DFG on the MRRG, increasing the II until a

valid mapping (without resource conflicts) is found, represented in Fig. 2.14d. This mapping represents

the configurations of the CGRA’s resources at each cycle, as shown in Fig. 2.14e.

(a) Low performance mapping with II = 2 cycles. (b) High performance mapping with II = 1 cycle.

Figure 2.15: Software pipelined schedule [52].

Due to the computational complexity of the mapping process, optimal solutions cannot often be found

in practical time, with routing being the most intensive step of the algorithm [54]. Non-optimal solutions

can be found much faster by increasing the II of the MRRG, which causes the DFG nodes to have

a sparser placement, in turn making it easier for non-conflicting routes to be found. However, these

non-optimal solutions result in lower throughputs since the II is larger, as exemplified in Fig. 2.15.

Several categories of mapping algorithms have been proposed to tackle this problem, differing mainly

in how they search for a valid schedule on the MRRG. These include heuristic-based approaches [55–
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60], graph-based formulations [61, 62], and constraint-based methods using integer linear programming

(ILP) [63]. More recent methods propose scalable techniques such as learning-induced [64] and hier-

archical approaches [54, 65]. While their internal mechanisms differ, all these methods follow the same

general structure described above, aiming to generate valid modulo schedules efficiently.

2.3 Data streaming

In data streaming architectures, the memory access patterns are explicitly described, based on

the principle that regular applications have memory access patterns that can be represented by an

n-dimensional affine function [66].

By relying either on the programmer’s knowledge of the algorithm or a compiler analysis of the

algorithm, these patterns can be explicitly encoded into stream descriptors. These explicit descriptors

thus allow for the data transfers to be matched with the hardware capabilities, achieving significant

performance gains [67].

2.3.1 Unlimited Vector Extension

Stream specification based on the UVE [35] instruction set architecture (ISA) extension has been

recently proposed by Domingos et al., combining a descriptor-based representation with a stream con-

figuration ISA interface.

UVE is a custom, SIMD extension developed for the RISC-V ISA. It was designed to reduce the

amount of overhead instructions in loop code and improve performance by exploiting data-level paral-

lelism. To achieve this, UVE makes use of stream descriptors to define the memory access patterns. It

is also based on a design principlee where the memory instructions are separated from the computa-

tion instructions, allowing for a co-located streaming engine to process the descriptors configured in the

preamble and autonomously stream the data to the execution units.

The UVE model proposed by Domingos et al. follows an affine function:

y(X) = ybase +
dimy

∑
k=0

xk × Sk

with X = {x0, . . . , xdimy
} and xk ∈ [Ok,Ek +Ok] ,

(2.1)

where each stream access y is obtained by adding ydim pairs of indexing variables xk and stride mul-

tiplication factors Sk to a base address ybase. Each indexing variable xk represents an integer in the

range [Ok,Ek +Ok], with Ok and Ek representing the indexing offset and number of data elements for

dimension k. Further complexity can be achieved by setting the base address and the offset value to

the result of another affine function.
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Figure 2.16: UVE memory access pattern representation with hierarchical descriptors and examples
cases.

Dimensional descriptors

In UVE, memory access patterns are described by a hierarchy of dimensional descriptors and mod-

ifiers. Each dimensional descriptor is associated with a dimension (k), and consists of a tuple of three

parameters: the offset (Ok), describing the base address for the dimension; the stride (Sk), representing

the interval between consecutive elements; and the size (Ek), which determines the number of elements

in the dimension.

A single-dimensional descriptor, exemplified in Fig. 2.16B1, represents a linear memory access pat-

tern, which can either be strided or not. By hierarchically combining multiple descriptors, n-dimensional

patterns can be described, such as the rectangular and scattered rectangular patterns exemplified in

Figs. 2.16B2 and 2.16B3. The descriptors are combined in a cascaded scheme, analog to a nested
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programming loop.

To describe more complex patterns, the use of modifiers is required, with UVE supporting two types

of modifier descriptors: static modifiers and indirect modifiers.

Static modifiers

Static modifiers allow for non-linear modifications to dimensional descriptors, by incrementing or

decrementing a parameter of a given dimensional descriptor.

They are composed of four fields: the target, which specifies the parameter to be modified; the

behavior, which determines if the target parameter gets incremented or decremented; the displacement,

defining the amount of the increments or decrements; and the size, which represents the number of

iterations in which the target gets modified.

A single static modifier is associated with a given dimensional descriptor, and the modification is

applied every time that descriptor is iterated. To simultaneously modify more than one parameter of

a dimensional descriptor, multiple static modifiers can be configured for the same dimension, up to a

maximum of three (one for each parameter).

An example of a lower triangular memory access pattern is depicted in Fig. 2.16B4, which is achieved

by attaching a modifier targeting the size parameter of the inner dimension. This modifier is configured

to increment the size (by one), every time the descriptor for the inner dimension gets iterated. It is also

configured with its size equal to the size of the outer dimension, meaning that the modifier will be applied

in all iterations.

Indirect modifiers

Further complexity can be achieved by the use of indirect modifier descriptors. These modifiers allow

for the contents on one stream to modify parameters of another stream. Indirect modifiers are similar to

static modifiers, but the displacement is the value of the origin stream, called the dynamic displacement.

Indirect modifiers are represented by a tuple of three parameters: the target, like in the static mod-

ifiers, selects the target parameter to which the modifier applies; the origin data stream pointer, which

defines which stream’s values are used as the dynamic displacement; and the behavior, which can be to

add or subtract the dynamic displacement to the target, just like in the static modifiers, or additionally to

set the target parameter. No size parameter is explicitly required, since the relation between the stream

and the origin stream implicitly sets the size to the size of the origin stream.

The use of indirect modifiers allows the representation of rather complex patterns, such as indexed

scatter-gather and indirect patterns, as depicted in Fig. 2.16B5.

Compiler support

In order to support the automatic generation of UVE code, Neves et al. have recently proposed a ded-

icated compilation flow based on an extension of LLVM [68]. Their tool analyzes the LLVM intermediate

representation (IR) of the target application in order to extract the DFGs and memory access patterns.
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With this data, it generates a high-level data streaming representation, which is directly compiled in UVE

instructions and linked to conventional machine code.

2.3.2 Related works

Stream-Dataflow Acceleration

In the same scope of work where Nowatzki et al. present the Softbrain accelerator [23], whose

microarchitecture was briefly explored in subsection 2.2.2, these authors also propose a data streaming

scheme to support efficient data transfers between the accelerator and to memory.

To support their stream-dataflow execution model, the authors define a stream specification based

on an extension of the control core ISA. This stream specification is able to express memory access

patterns for two-dimensional affine accesses, which can result in a contiguous, strided, overlapped or

repeating pattern, as shown in Fig. 2.17. It can also express indirect patterns, where one stream’s

data is either treated as a starting address or as a pointer value of another stream. Additionally, the

specification allows for sending streams of constants.

(a) Supported types of access patterns.

(b) Affine stream abstraction.

Figure 2.17: 2D affine memory access patterns supported in Stream-Dataflow Acceleration [23].

Cascade

In Cascade [27], another work previously described in subsection 2.2.2, the data streams are rep-

resented as tuples of configuration values, configured via a configuration bus ( just like the rest of the

accelerator), instead of using custom instructions. The stream tuple definition supported in Cascade

allows for 2D strided patterns, functionally equivalent to the code in Fig. 2.18. Streams with more than

two dimensions are handled by an interative reconfiguration of the SE by the host CPU.

2.4 Tools and frameworks

In this section, we introduce some of the works that have developed tools and frameworks used in

the development of this thesis.
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for (i = 0; i < maxi; i = i + 1) {

for (j = 0; j < maxj; j = j + 1) {

addr = ASi * i + ASj * j + SA;

}

}

Figure 2.18: Cascade address computation by stream tuple.

2.4.1 Morpher Framework

In the realm of reconfigurable computing, the success of FPGAs has been partly driven by the quality

and availability of several design tools, such as the AMD Vivado Design Suite or the open-source Ver-

ilog to Routing (VTR) computer-aided design (CAD) flow [69]. However, tools for CGRAs are still in their

early stages. The Morpher Framework [70] addresses this gap. It is an open-source, end-to-end frame-

work for compiling and simulating CGRA-based systems, easing both the design space exploration and

application development.

Morpher takes compute-intensive kernels as input and compiles them onto a CGRA architecture

model specified by the user, achieving on higher mapping quality at shorter compilation times when

compared to other existing open-source tools [70]. It operates through the following steps:

DFG generator

This first step takes an application source code with an annotated kernel and extracts the correspond-

ing DFG. This step is implemented as an LLVM pass and supports kernels with control divergence and

recurrence edges, allowing for it to be used on more complex real-world kernels.

CGRA mapper

By using a flexible architecture description language (ADL), Morpher allows users to define their own

architecture models comprised of model hardware blocks like PEs, RFs, ALUs, and memories, as well

as their respective connectivity.

Morpher currently supports three state-of-the-art mapping methods: a heuristic-based approach

[55], a simulated annealing (SA)-based approach [71], and a novel learning-induced approach [64].

Alternatively, the modular code base of Morpher allows researchers to bring their own mapping methods

to the framework.

Test data generation and simulation

To eficially generate the simulations’ test data, Morpher also supports automatic instrumentation

for capturing live-in and live-out variables. Additionally, it includes a simulator capable of verifying the

generated mapping on a model CGRA, validating the results against the expected test data.

However, all these functions are currently only implemented for variations of the HyCUBE architecture

[26].
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2.4.2 Chipyard Framework

Chipyard is an open-source framework for developing Chisel-based SoCs. It is actively developed by

the Berkley Architecture Research Group at the University of California, Berkeley [37], and it provides

designers with an agile design methodology that alleviates the increased design costs of custom silicon

architectures. Chipyard does this by offering composable, generator-based semiconductor intellectual

property (IP) blocks that maintain design intent and integration consistency across multiple stages of the

hardware development flow. This allows designers to easily develop, simulate, and validate architectures

within a full SoC integration, thus making it possible to evaluate system-level implications [37].

Chisel is an open-source hardware description language (HDL) that expands the Scala programming

language to support hardware construction primitives, allowing designers to write complex and highly

parametrizable circuit generators with the power of a modern programming language. The Chisel circuit

generators are compiled into synthesizable Verilog [72].

Figure 2.19: Diagram of a typical Rocket Chip system [46].

The Chipyard framework is centered arround the Rocket Chip SoC generator [73], which includes

various components such as a CPU, memory system, peripherals, and an accelerator interface called

the Rocket custom co-processor (RoCC) [46], as illustrated in Fig. 2.19. By default, the used CPU

core is the Rocket Core, which is a 5-stage in-order scalar processor. Chipyard also supports another

Berkley CPU project, the Berkeley Out-of-Order Machine (BOOM) Core [74], a more complex out-of-

order superscalar processor that can be used as a drop-in replacement for the Rocket core. Recently,
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Chipyard added support for other cores such as CVA6 [75], Ibex [76], Sodor [77] and Shuttle [78].

Additionally, Chipyard also includes several accelerator generators, such as Gemmini [9], a generator

for DNN accelerators; Hwacha [79], a vector unit architecture; NVDLA [15], a deep-learning accelera-

tor developed by NVIDIA; a SHA3 accelerator, exemplifying the use of the RoCC interface; and a fast

Fourier transform (FFT) accelerator generator, to exemplify a memory-mapped I/O (MMIO)-based inter-

face accelerator.

Besides the RTL generators, Chipyard also includesother tools for software RTL simulation, FPGA-

accelerated simulation, software workload generation for bare-metal and Linux-based systems, as well

as wrappers for common very large-scale integration (VLSI) flows.

The FPGA-accelerated simulation (used in the scope of this thesis) is provided by FireSim [38],

which is an open-source cycle-accurate full-system hardware simulator. FireSim allows for much faster

simulation speeds than traditional software RTL simulators, allowing for full-system simulations includ-

ing realistic memory models and network models. It runs on Amazon EC2 F1 FPGA-enabled cloud

instances or optionally on local machines with attached FPGAs.

2.4.3 Clava source-to-source compiler

Clava [80] is a C/C++ source-to-source compiler built atop the LARA engine [81]. It allows for the

relatively easy specification of complex code analysis and transformations using JavaScript scripts.

It leverages the Clang’s parser to generate a C/C++ abstract syntax tree (AST), which can then be

directly transformed. After all transformations are applied, Clava emits valid C/C++ code.

In the particular scope of this thesis, this Clava’s approach allows for a more nimble implementation

of code analysis and transformations, compared to modifying the compiler to implement custom passes.

This allows for an initial development and testing without the effort and in-depth knowledge required for

modifying the compiler.

2.5 Summary

This chapter began by describing the landscape of computing accelerators as a response to the

power wall in traditional von Neumann architectures. In particular, fixed dataflow accelerators in the form

of ASICs offer significant gains in energy efficiency by specializing their hardware to specific applications

or domains. Examples include Google’s TPU, NVIDIA’s Tensor Cores, and the Gemmini accelerator.

However, this specialization comes at the cost of flexibility, limiting their usefulness in evolving workloads.

As an alternative, reconfigurable accelerators have emerged to support a wider range of applications

by allowing the function of the accelerator to be adapted. Among these, CGRAs have been gaining

attention for combining the flexibility of FPGAs with the efficiency of fixed-function accelerators. This

chapter reviewed several state-of-the-art CGRA architectures, highlighting their strengths and discussing

limitations related to memory access and compiler support.

To mitigate some of these limitations, the concept of data streaming was introduced. By describ-
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ing memory access patterns explicitly, data streaming decouples memory access from computation,

enabling better specialization and utilization of resources. A key example is the UVE data streaming

solution developed by the HPCAS research team, which provides a compact and expressive descriptor

model for regular memory access patterns.

Despite these advances, several key challenges remain. Most CGRA-based systems still perform

memory accesses and address generation within the compute fabric, causing contention for functional

units and interconnects, and ultimately reducing efficiency. Moreover, few systems fully decouple mem-

ory from computation or support flexible, streaming-based access patterns. There is also a lack of open,

end-to-end compilation flows that can extract both the computation and memory behavior from high-level

code and target a complete, reconfigurable system. These gaps motivate the work presented in the next

chapter, which proposes a new accelerator architecture based on CGRA and tightly integrated with the

UVE streaming model, supported by a compilation toolchain and system-level infrastructure.

To support the development and evaluation of the proposed system, this chapter also introduced

several key tools and frameworks. The Morpher framework is used for extracting DFGs from code and

for CGRA mapping; Chipyard provides the SoC generator for system-level integration; and Clava offers

a flexible source-to-source compiler for analyzing and transforming C/C++ code.
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To address the challenges presented in the previous chapter, we propose an architecture consisting

of a CGRA with decoupled memory access supported by data streaming. This architecture, abstractedly

depicted in Fig. 3.1, offloads memory access to a dedicated unit, called the streaming engine (SE), and

uses the CGRA’s datapath exclusively for computation.

The SE is responsible for providing the data required for the computation to the CGRA’s datapath,

at the right time, and for consuming the outputs of the computation to store them back in memory. The

inbound streams of operands are called load streams, while the outbound streams of results are called

store streams.

Streaming
engine

Memory
hierarchy

Load streams Store streams

CGRA

Figure 3.1: Abstract architecture.

Besides a comprehensive description of the architecture abstraction, this chapter introduces the

computational model that supports the proposed architecture as well as the key components of hardware

and software that compose the system. The following chapters will detail the design and implementation

of each of the system’s elements.

3.1 Computational and abstractions model

To support the envisaged architecture, the proposed computational model is based on two main

abstractions: DFGs to represent the computation, and data streams to represent data movement.

The following subsections elaborate on each abstraction in turn. First, data streams and dataflow

graphs are introduced in more detail, showing how they describe memory access and computation.

Then, vectorization is presented as a strategy to enhance parallelism and data reuse. This is followed

by an explanation of how these abstractions are mapped to the hardware architecture and executed,

and the section concludes by describing how the resulting hardware and data stream configuration is

encoded and loaded into the system for execution.

3.1.1 Data streaming and dataflow

To demonstrate how the data streaming and dataflow abstractions relate, a simple kernel that com-

putes the dot products between each row of a matrix A and the corresponding row of matrix B will be

used, as depicted in Fig. 3.2 and assuming matrices with R ×N elements.

In the kernel code (Fig. 3.2a), the loop headers define the memory indexing and loop control, while

the loop body specifies the computation. By abstracting the memory indexing as a data stream, several
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advantages emerge:

• Decoupled memory access: Abstracting memory indexing allows memory access to be per-

formed independently and in parallel with computation, while also enabling prefetching.

• Accurate prefetching: The memory access patterns are explicitly described in the data stream

descriptors, enabling prefetching without miss-predictions.

• Indexing-free computation representation: The abstraction leads to a computation representa-

tion that is free of any iteration variable calculation and address generation overheads.

• Linearization of computation: From the perspective of the execution datapath, the data stream

is perceived as a linear sequence of data elements, independent of the eventual complexity of the

multidimensional memory access patterns, as shown in Fig. 3.2b. This also simplifies the control

flow, as the loop access patterns are encoded within the data stream descriptors.

The computation itself is abstracted as a DFG, which is an acyclic graph where the nodes represent

operations and the edges denote data dependencies. In this model, source nodes represent the input

data streams, and sink nodes represent the output data streams. Cyclic data dependencies are implicitly

represented by store data streams that are subsequently read by load data streams.

void kernel_dot_product() {

/* Memory indexing / Loop control */

for (int r = 0; r < R; r++)

for (int i = 0; i < N; i++)

/* Computation */

C[r] += A[r][i] * B[r][i];

}

(a) Original kernel code.

void kernel_dot_product() {

for (int idx = 0; idx < R * N; idx++)

stream_C[idx] += stream_A[idx] * stream_B[idx];

}

(b) Linearized kernel.

C

C

+

A

×

B

(c) Computation DFG

{&A, N, 1}

{0, R, N}

Load Stream A

{&B, N, 1}

{0, R, N}

Load Stream B

{&C, N, 0}

{0, R, 1}

Load Stream C

{&C, N, 0}

{0, R, 1}

Store Stream C

Descriptor: {Offset, Size, Stride}

Legend

(d) UVE data stream descriptions.

Figure 3.2: DFG and streaming abstractions. The kernel shown computes the dot product for R vectors
with size N.

Figure 3.2c shows the DFG for the dot product computation, with the implicit recurence between
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iterations is depicted by the dashed arrow. The data streams are described in Fig. 3.2d, using UVE

descriptors.

By employing these abstractions, the computational model exposes the decoupled memory interface

provided by data streaming, and the co-existing computation of dataflow architectures.

3.1.2 Vectorization

While the previously discussed abstractions lay the basis of the envisaged model, they are insuffi-

cient to fully exploit the parallelism of the considered architecture. Unless the computation DFG has

many nodes, the utilization of the execution datapath will be low. This is because the CGRA’s datapath

contains multiple functional units that can operate in parallel, but a small DFG may not expose enough

independent operations to keep all units active. Consequently, a portion of the hardware remains idle

during execution.

Furthermore, the arithmetic intensity of the computation is low, as the data is repeatedly loaded and

stored in each iteration, instead of being reused within the datapath when possible. This means that

the number of memory accesses per computation is high, making the system more bound by memory

bandwidth than by compute capacity.

void kernel_dot_product() {

for (int r = 0; r < R; r++)

for (int i = 0; i < N; i++)

C[r] += A[r][i] * B[r][i];

}

(a) Original kernel code.

void kernel_dot_product() {

for (int r = 0; r < R; r++)

for (int i = 0; i < N; i += 2) {

C[r] += A[r][i + 0] * B[r][i + 0];

C[r] += A[r][i + 1] * B[r][i + 1];

}

}

(b) Unrolled kernel code (unrolled factor of 2).
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(c) Original DFG.
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(d) Unrolled DFG (unroll factor of 2).

Figure 3.3: Kernel unrolling.
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To address these limitations, we propose the extensive application of vectorization in the computa-

tion, by unrolling the computation DFG as much as possible, as illustrated in Fig. 3.3. This increases

the number of nodes in the DFG, allowing for a parallel execution of the computation. More importantly,

it also increases the arithmetic intensity of the computation, as data dependencies from subsequent

iterations are now exposed in the DFG, allowing for data reuse within the datapath.

However, each source and sink node in the DFG still represents a data stream of scalar elements.

We denote these streams as microstreams. Generating all these microstreams independently would

result in prohibitive hardware overheads and neglect the inherent data locality of the computation, as

data elements in microstreams would be accessed independently despite their locality in the original

computation.
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Figure 3.4: Microstreams and macrostreams.

Instead, we propose to coalesce these microstreams into vector streams, which we call macrostreams.

This resolves the overhead problem, by only requiring the generation of the macrostreams and pre-

serving the data locality of the computation. Fig. 3.4 shows an example of how the coallescing of

microstreams into macrostreams is handled.

3.1.3 Mapping and execution
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Figure 3.5: Spatio-temporal mapping of the DFG.
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The envisaged computational model also relies on an efficient mapping of the computation DFG

into the underlying hardware architecture, with this process following a standard approach like the one

detailed in Section 2.2.3. Additionally, our DFG abstraction represents microstreams as load and store

nodes (source and sink) within the DFG, and so these nodes get mapped to the microstream ports of

the CGRA using the same process as the rest of the DFG.

Figure 3.5 illustrates an example of a valid mapping of the DFG shown in Figure 3.3d onto a 2×2

CGRA, with this mapping achieving an II of 2. The nodes in the second cycle wrap around to the first

cycle, connecting to the input nodes of the first cycle.
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Figure 3.6: Execution example of the repeating schedule.
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Hence, each DFG node is mapped to a spatial coordinate and a modulo cycle. While the spatial

coordinate represents the PE to which the node is mapped, the modulo cycle is the nth cycle within the

repeating schedule. An important and related metric is the initial latency of each node in the schedule,

which is the number of cycles required for the first execution of the node. For instance, in the example

shown in Figure 3.5, the last addition and the store of microstream C only occur in the first modulo

cycle of the second execution of the schedule. Thus, in the first execution of the schedule, the store

microstream C is not valid.

Accodingly, the hardware has to periodically repeat the schedule that is determined during the map-

ping phase in order to execute the aimed computation. Figure 3.6 demonstrates a longer execution of

the considered computation, highlighting the data flow and parallel execution of the several operations

across the PEs.

It is important to note that this example considers a latency of each iteration that is longer than the

II, causing the iterations to overlap. Hence, this schedule consumes a load microstream element and

produces a store microstream element every II cycles, repeating until the computation is completed.

3.1.4 Configuration bitstream

Both the mapping and the data stream descriptors need to be encoded in a configuration bitstream.

This bitstream contains all the configuration bits necessary to set up the hardware for the computation.

At a high level, the bitstream functions analogously to an executable program for the accelerator.

Hence, to execute a given kernel, the host processor signals the accelerator which bitstream should

be loaded. The accelerator then loads the corresponding bitstream, reconfigures itself for the computa-

tion, and executes the computation. Different bitstreams can be loaded for different kernels, enabling a

program to call various kernels on the accelerator.

Since the bitstream transfer procedure takes some time, it is advantageous for the accelerator to

overlap the bitstream loading with the execution of computations. Figure 3.7 illustrates an example of

how concurrent bitstream loading and computation execution can enhance performance, when com-

pared to a pure sequential approach. Accordingly, our computational model prescribes the overlap of

configuration transfer and computation execution.
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Figure 3.7: Concurrent bitstream loading and computation execution.
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3.2 Overall system perspective
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Figure 3.8: Complete system diagram.

Fig. 3.8 depicts the overall system perspective of the proposed architecture and computational

model, encompassing both hardware and software components.

The hardware side consists of a parametrizable RTL description of the accelerator architecture, in-

tegrated within the Chipyard SoC generator framework. It takes a set of architectural parameters as

arguments and generates a SystemVerilog description of a complete SoC containing the accelerator,

a RISC-V host processor, memory hierarchy, and other supporting SoC subsystems. Additionally, an

abstract architecture representation of the accelerator is produced according to these parameters and

will be used by the software side.

The software side comprises a set of tools that take the input kernel (represented as C/C++ source

code) and produce an executable file. It consists of several components:

• Loop transformer: applies the loop unrolling transformation to the code, in order to vectorize the

computation. It also applies a loop flattening pass to produce a linearized version of the code with

simplified control flow (no nested loops).

• DFG generator: extracts the computation DFG from the unrolled and flattened code.

• CGRA mapper: finds a valid space-time mapping of the DFG into the abstract architecture de-

scription of the CGRA provided by the hardware generator.

• Data stream compiler: extracts the memory access patterns from the unrolled code, generating

the corresponding data stream descriptors.

• Bitstream assembler: takes the obtained CGRA mapping and data stream descriptors and en-

codes them within a configuration bitstream. It also generates the host code to load the bitstream.
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• RISC-V toolchain: compiles the host code into an executable file.

The final SystemVerilog description of the SoC can be directly used for ASIC synthesis or simulation.

In the scope of this thesis, we will run two kinds of simulations:

• RTL simulation: provides a functional verification of the accelerator and of the executed software.

• FPGA-accelerated Simulation: allows a fast and cycle-accurate simulation of the complete sys-

tem with realistic dynamic random-access memory (DRAM) models.

The implementation of this system will be detailed in the following chapters, with chapter 4 focusing

on the architecture of the hardware components, and chapter 5 detailing the software components.

3.3 Summary

This chapter presented the architecture and computational model of the proposed system. It in-

troduced the core abstractions of dataflow graphs and data streams, and showed how they support

decoupled computation and memory access. Vectorization was discussed as a key strategy to improve

parallelism and arithmetic intensity. The chapter also described the mapping and execution process,

as well as the configuration and loading of the bitstream. Finally, it outlined the complete system, in-

cluding both hardware and software components, that enables the execution of high-level kernels on the

proposed accelerator.
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This chapter provides an in-depth description of the architecture presented in Section 3.1 when

integrated as a hardware accelerator of the overall processing system.

The accelerator is implemented as a parameterized RTL description using Chisel. We opted for

Chisel because it allows for harnessing the power of Scala language featuring its modern, object-

oriented, and functional programming characteristics to describe hardware in a more expressive and

modular way when compared to traditional HDLs. Nevertheless, it should be noted that, despite raising

the abstraction level of the hardware description, Chisel is not a HLS language, as it still maintains its

design intent at the level of cycles, registers, and wires. Along the development toolchain, Chisel is

usually compiled into high-quality synthesizable SystemVerilog code, which can be interpreted by most

industry-standard electronic design automation (EDA) tools for synthesis, simulation, and verification.

This choice of HDL is also motivated by the ease of integration with the powerful Chipyard framework

for SoC generation, which is also written in Chisel. In particular, the accelerator is implemented within

a Rocket Chip SoC template, which includes a RISC-V Rocket core, the memory hierarchy, and other

SoC subsystems.
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Figure 4.1: Accelerator microarchitecture.

Fig. 4.1 depicts a typical configuration of our SoC architecture implementation, with both the accel-

erator and the Rocket host processor communicating via shared memory by sharing the bus above the

last level cache. This figure also depicts the accelerator itself, composed of four main subsystems:
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• The computation mesh, implementing the CGRA-like part of the computation model;

• The streaming engine, implementing the UVE streaming infrastructure;

• The interface between the mesh and the SE, which is responsible for interconnecting the streaming

infrastructure with the computation mesh, by routing the data and managing the latency and skew

in the dataflow;

• The controller, which manages the state of the accelerator, holds the configuration and handles

the reconfiguration process.

4.1 Computation mesh

As in other CGRAs, the heart of the accelerator is a 2D mesh of PEs, interconnected by a network of

wires that allow for data transfer between neighbors. Fig. 4.2 shows the architecture of the computation

mesh and PEs, with Tab 4.1 listing the parameters taken by the implementation.
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Figure 4.2: Computation mesh and processing element.

The mesh input/output (I/O) consists of the data input and output signals from the PEs at the edges

of the mesh and the following control signals:

• Configuration: a bundle of configuration words for all PEs.

• Current modulo cycle: cycle number in the repeating modulo schedule.

• Fire: enable signal that indicates that the current cycle is valid, and computation should be per-

formed.

The configuration bundle is split into configuration words for every PE, while the current modulo

cycle and fire signals are broadcast to all PEs.
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Table 4.1: Mesh and PE parameters.

Parameter Description Example

Data type Determines the data type in the dataflow FP32

Mesh rows Number of PE rows in the mesh 4

Mesh columns Number of PE columns in the mesh 4

RF size Number of registers in the RF 4

RF read ports Number of read ports in the RF 2

RF write ports Number of write ports in the RF 2

Table 4.2: Operations supported by the FU.

Operation Function Result

nop No operation -

add Addition A +B
mul Multiplication A ∗B
shl Shift left A≪ B

lshr Logical shift right A≫ B

ashr Arithmetic shift right A⋙ B

and Bitwise AND A ∧B
or Bitwise OR A ∨B
xor Bitwise XOR A⊕B

4.1.1 Processing elements

The PE is the base computational unit of the accelerator, having two main functions: perform the

arithmetic/logic operations, and route the data between its neighbors.

The PE takes data inputs from orthogonally adjacent neighbor PEs (or, in the case of PEs at the edge

of the mesh, from the mesh’s external ports). Complementarily, it outputs data to the same neighbor

PEs or mesh’s external ports. Additionally, it takes the broadcasted current modulo cycle and fire

control signals from the mesh, as well as the configuration word that was targeted for that PE.

Internally, the PE is composed of a FU, a RF, a set of output registers, an internal crossbar switch,

and control logic (see Fig. 4.2).

Functional unit

The FU performs arithmetic and bitwise logic operations on two operands, producing a single result.

Since our compiler toolchain relies on LLVM to generate the DFG, the operations supported by this

implementation are a subset of the LLVM IR primitive binary operations. Tab. 4.2 lists the operations

supported by the default implementation of the FU.

The data type parameter determines both the arithmetic type and the width of the operators. Our pa-

rameterized implementation supports signed or unsigned integer arithmetic using the standard synthe-

sis tool’s implementation of basic integer arithmetic operations. For IEEE-754 floating-point arithmetic,
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Table 4.3: PE crossbar allowed data sources per destination type.

Destination Source

FU operand inputs
Immediate

Any RF read port

Inputs from neighbor PEs

RF write ports
FU result output

Inputs from neighbor PEs

Output registers
FU result output

Inputs from neighbor PEs

Any RF read port

we use the IP cores from the Berkeley Hardfloat library [82]. Additionally, thanks to the modular and

reusable nature of our Chisel description, other data types can be easily supported by simply describing

the implementation of their arithmetic operations.

Register file

The RF allows the temporary storage of data between cycles. Its size is parametrized, as well as the

number of simultaneous read and write ports. It takes as control signals the read and write addresses,

as well as the write enable signals.

Internal Crossbar switch

The internal crossbar allows for the routing of data between the PE’s inputs, outputs, and internal

components. In order to save on resources, the crossbar is not a true fully connected crossbar switch,

but a customized subset, only allowing for some data sources, depending on the destination type, as

listed in Tab. 4.3.

The use of such an internal crossbar switch allows the outputs of the PE to be independently se-

lected, not only from the output of the FU or the RF, but also directly from its inputs. Thus, when con-

nected by the external mesh, all the crossbars within the PEs form a NoC, that allows for simultaneous

data movement and computation within a PE.

This kind of NoC architecture uses more area than a typical neighbor-to-neighbor (N2N) architecture,

previously depicted in Fig. 2.5. In a N2N architecture, every PE output always presents the output of the

internal FU, excluding the need for a large crossbar switch. However, this comes at the cost of having to

use the FU to perform data routing between neighbors.

Our decision to use such a NoC architecture was also supported by the work of Karunaratne et al.,

who have shown that NoC-type architectures use less power and are more performant than comparable

N2N-type architectures, resulting in a 1.98× better performance-per-watt (on average) [26]. This is

explained by the fact that the FUs consume the largest portion of power in a PE, making their use for

routing rather inefficient since it leads to more dead cycles where the arithmetic capabilities of FUs are
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not being used.

Output registers

Each PE output is buffered through an output register that acts as a pipeline register, ensuring that

no combinatorial path extends further than one PE.

Control logic

The control logic takes a configuration word as input, containing a sequence of control signals for all

modulo cycles. It selects the appropriate control signals based on the current modulo cycle. Additionally,

it also receives the broadcasted fire signal, that indicates that the current cycle is valid. This signal is

logic ANDed with the write enable signals for the RF and output registers, allowing for the state of the

PE to remain unchanged in invalid cycles.

4.2 Streaming engine

The streaming engine comprises the implementation of a UVE streaming infrastructure. Since prior

work on a UVE SE implementation had already been done in the HPCAS research group, we opted to

use the SE implementation developed in Fernandes’ master thesis [36]. Although his implementation

was originally developed to be used within a general-purpose processor, its parameterizable structure

allows the adjustment of some architectural parameters to better fit the design goals of a dataflow accel-

erator. Additionally, Fernandes’ SE implementation is also written as a Chisel RTL description, making

the integration within our implementation very easy.
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Figure 4.3: Streaming engine internal architecture.

Fig. 4.3 shows a block diagram of the SE architecture. The IO of the SE can be grouped in three

main interfaces:
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• Data stream interfaces: the interfaces that are used to load and store data streams.

• Memory interface: consisting of an Advanced eXtensible Interface 4 (AXI4) connection to the

memory hierarchy.

• Configuration interface: used to program the streaming engine.

Fernandes’ master thesis documents his SE’s implementation in great detail, but in summary, the

SE is composed of the Stream Configuration, the Stream State, the Stream Iterator, the Load memory

management unit (MMU), and the Store MMU. The Stream Configuration module receives configuration

instructions and decodes them, providing a complete stream description to the Stream State module.

This module holds the state of the multiple concurrent data streams and orchestrates which stream to

process at each time. When signaled by the Stream State module, the Stream Iterator module performs

the address calculations, generating a new memory address and updating the corresponding stream

state. Finally, the Load and Store MMUs, take the addresses and make coalesced requests to the main

memory, in order to populate the internal vector registers (in the case of load streams) or consume them

(in the case of store streams).

4.2.1 Configuration process

The SE is configured through a sequence of signals on its configuration interface which connects

to the accelerator’s controller. To ensure synchronization, this interface implements a ready/valid hand-

shake mechanism, where data transfers only occur when both ready and valid are asserted HIGH. In this

interface, the SE is the consumer and the controller is the producer.

Fig. 4.4 depicts an example of the configuration process. In this example, a load stream with a

lower triangular pattern and a data element width of 32 bits is configured. The vectorization point of

the data stream is set to the innermost dimension, meaning that every time the innermost dimension

starts, a new vector also starts aligned with it. For example, in the depicted lower triangular pattern,

if the vector length were set to 2, we would get the sequence of vectors: {[0,−], [1,2], [3,4], [5,−], . . .}

where every line starts with a new vector, even if the last vector of the previous line does not contain all

valid elements. In contrast, if the vectorization point were set to the outermost dimension, the sequence

of vectors would be {[0,1], [2,3], [4,5], . . .}, where some vectors contain elements that span different

iterations of the innermost dimension.

The configuration protocol obeys the following rules, as depicted in the example waveform in Fig.

4.4a:

• The configuration is iterative, with one dimension or modifier configured per valid cycle.

• In the first cycle, the start signal must be set to HIGH.

• In the first cycle, the SE reads the stream metadata from the header channel. The stream metadata

is comprised of an ID field, the stream type (Load or Store), and the data element width (byte, half

word, word, or double word).
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Figure 4.4: Example of the SE configuration process for a lower triangular pattern data stream. In this
example the stream is vectorized in the innermost dimension.

• In the last cycle, the end signal must be set to HIGH.

• To describe a 1D stream without modifiers, only one cycle is required, and both start and end

signals are set to HIGH.

• The isMod signal defines if the current cycle configures a new dimension or appends a modifier.

– When isMod is LOW, a new dimension is defined by reading the fields from the dimension

channel, which comprises the offset, size, and stride fields.

– When isMod is HIGH, a modifier is defined by reading the fields from the modifier channel,

which contains the target, behavior, displacement, and size fields. Note that in UVE, modifiers

are attached to dimension after the one that they apply to.

• The vectorize signal can be set HIGH after any dimension definition, to set the vectorization point

to the previously configured dimension. In the cycles where the vectorize signal is set HIGH no

dimension or modifier is configured.

– If the vectorize signal is never set HIGH, the SE assumes the default vectorization point to

the last dimension.
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Table 4.4: Load data stream interface.

Signal Direction Description

Ready Input Consumer is ready

Stream ID Input Consumer sets the ID of the stream it wants to consume

Valid Output Data is valid

Vector data Output Stream vector data

Predicate Output Mask marking what vector bytes are valid data (Unused)

Done Output Set when all stream elements have been consumed

Completed Output Set every time a dimension completes (Unused)

Table 4.5: Store data stream interface.

Signal Direction Description

Valid Input Producer holds valid data

Stream ID Input Producer sets the ID of the stream it wants to store to

Vector data Input Stream vector data

Predicate Input Mask marking what vector bytes are valid data

Ready Output SE is ready to consume a data vector

Output width Output Data element width (Unused)

Done Output Set when all stream elements have been consumed by
the SE (New)

Store request successful Output Set after the last store request to memory was successful
(New)

4.2.2 Memory interface

As it was referred before, the SE implements an AXI4 [83] master interface to interact with the

memory hierarchy. AXI4 is a burst-based protocol, meaning that it is capable of doing multiple data

transfers per a single request. This is useful for cases where large data transfers are necessary, such

as transferring entire cache lines. The SE takes advantage of this capability since it operates as a

prefetcher and as so, it can coalesce memory requests.

4.2.3 Data stream interfaces

The SE produces load stream vectors to the accelerator through the load data stream interface and

consumes store stream vectors from the accelerator through the store data stream interface. These

channels also use a valid/ready handshake protocol. Tables 4.4 and 4.5 detail the signals that constitute

these interfaces.

It is worth noting that our accelerator implementation does not make use of some signals, like the

completed signal in the load interface and the output width in the store interface, since they are not

relevant to the execution of our compute model. Additionally, since we do not support predication, the

predicate signal in the load interface is also ignored. In the store interface, however, we must set the

predicate signal to mark the valid vector elements according to the configured vector length. To aid in
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the control logic of the accelerator, two new signals were newly implemented in the SE store data stream

interface: a done signal, analogous to the done signal in the store interface; and a store request suc

cessful signal that is helpful to indicate when the last store request to memory was successful, marking

that all the data has left the accelerator.

It is also worth noting that the considered SE implementation supports multiple parallel load data

stream interfaces, with the number being defined by a parameter. However, only one store data stream

interface is currently supported. This is incompatible with our computation model, which requires that

multiple store streams are concurrently processed .

To address this limitation, we implemented a time-multiplexing system to multiplex the use of the

single store interface by multiple concurrent data streams. While far from ideal, this solution is a viable

workaround for most kernels since most do not require concurrent store streams, usually having DFGs

that converge to a single result (e.g. reduction).

Additionally, to further promote the simplicity of the controller, we opted to include some control logic

to combine all the control signals of the data stream interfaces in more useful and meaningful signals.

Furthermore, the load stream multiplexing mechanism and additional control logic are implemented in a

wrapper module also containing the SE, as described in the following subsection.

4.2.4 SE wrapper module
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Figure 4.5: Streaming engine wrapper module.

The SE wrapper module, shown in Fig. 4.5, adapts the SE’s interface to meet the accelerator’s re-

quirements that all streams are always synchronized. It consolidates the individual ready and valid

signals for the load and store interfaces into unified control signals, ensuring that all data streams op-

erate in lockstep. The control logic also takes in the status signals from the SE’s data interfaces to

generate a single done signal for all the store and load streams. Additionally, this logic also generates
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Table 4.6: Streaming engine wrapper module control signals.

Signal Direction Description

Load ready Input Load streams consumer is ready

Load valid Output All load streams data is valid

Store valid Input Store streams producer has valid data

Store ready Output All stores streams are ready to be consumed

Load streams configured Input Signals which load streams are used (obtained
from the configuration word)

Store streams configured Input Signals which store streams are used (ob-
tained from the configuration word)

Store streams vector length Input Holds the vector length of all store streams (ob-
tained from the configuration word)

Load streams done Output All load streams have finished

Store streams done Output All store streams have finished

the appropriate predicate masks for the store streams, according to the configured vector length of each

store stream. To generate these signals, the control logic needs to know which load and store streams

are to be configured, as well as the vector length of the configured store streams. Consequently, a

significant amount of information must be passed into the module from the configuration word. These

configuration signals, together with the sequence of signals needed to program the SE, comprise all

the configuration data needed by the SE subsystem. Since these configuration fragments differ, in the

sense that the SE programming signals are used as instructions to program the SE, and the control

logic configuration signals are just directly wired from a configuration word, we refer to the first as SE

configuration instructions, while denoting the latter as static configuration. Tab. 4.6 lists all the control

signals in the SE wrapper module’s I/O.

To implement the time-multiplexing mechanism for the store streams, the wrapper module also in-

cludes a round-robin arbiter. The round-robin arbiter selects a store stream at each cycle when the

SE’s store interface is ready, allowing for the multiple concurrent store streams to sequentially share the

single interface.

4.3 SE and mesh interface

According to the adopted computational model, the computation mesh I/O ports handle scalar stream

data, hence forward denoted by microstreams. The mapping tools can assign these streams to any port

(whether adjacent or non-adjacent) in any modulo cycle. To support this, a dedicated stream remapper

module is placed between the SE and the computation mesh ports (see Fig. 4.1) to scatter/coalesce the

load/store macrostream vectors into/from microstream scalar elements.

Specifically, the load stream remapper routes macrostream elements from the SE’s output registers

to a set of registers that hold the mesh inputs for every cycle of the repeating schedule, ensuring that

data arrives at the designated data ports in a timely manner. Similarly, the store stream remapper routes
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the mesh output data, gathered into a set of registers over the duration of one iteration, to the appropriate

positions in a store macrostream vector word, constructing a vector word to pass back to the SE to be

committed to memory.

Fig. 4.6 shows a diagram of the load and store stream remapper modules, featuring crossbars to

perform the routing, a set of registers to hold the microstream elements for every cycle of the repeating

schedule, and auxiliary logic to select the appropriate register to read from/write to based on the current

modulo cycle signal.

Conceptually, these remappers act like crossbars between the elements of the stream vector regis-

ters and the time-extended I/O of the computation mesh. However, because these elements only require

permutation and not multicasting (i.e., the same element is routed to only one destination), the remap-

pers use permutation networks instead of full crossbars, significantly reducing the area requirements.

To implement the permutation network, we considered a design based on the Beneš network [84].

Although many permutation network designs have been proposed in the literature, we chose the Beneš

permutation network (BPN), because it is generalized for an arbitrary number of inputs and outputs, it

is non-blocking, scalable, and is composed of simple 2×2 switching elements arranged as recursively
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larger subnetworks, making it well-suited for hardware description with Chisel.
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Figure 4.7: Beneš permutation network for 8 signals.

In particular, an n-signal BPN consists of n (log2 n − 1/2) switches arranged in 2 log2 n − 1 columns

of n/2 rows of switches. This configuration yields an asymptotic size of O(n logn) switches, which is

more efficient than the quadratic O(n2) scaling of the computation mesh. Consequently, as design size

increases, the remappers footprint becomes progressively less significant.

Fig. 4.7 illustrates the internal structure of an 8-signal BPN, highlighting the recursive construction

using smaller 4-signal and 2-signal BPNs, with each 2-signal BPN corresponding to an elementary 2×2

switching element.

The setting of the externally controlled switches defines the permutation and can be easily deter-

mined by a simple recursive algorithm described in [85].

4.4 Microstreams skew synchronization

Referencing Fig. 3.6 of the computation model, we observe that the computation latency associated

to each iteration, often exceeds the II. This implies that certain load or store nodes exhibit initial latencies

that surpass the II, meaning they are consumed or produced by the mesh at a later repetition of the

repeating schedule than the one when the corresponding iteration started execution. Consequently,

from the mesh point of view, load/store microstreams are skewed in their production or consumption.

To better illustrate this, Fig. 4.8 depicts an example where, although each new iteration begins its

execution every II, the iteration execution latency spans 5 IIs. In this example, the first load microstream

element (L.0) is consumed by the mesh in the first repetition of the schedule (recalling that the schedule

repeats each II), while the second element (L.1) is consumed in the second repetition. For the store

microstreams, the mesh produces the first element (S.0) in the fifth repetition and the second (S.1) in

the fourth repetition of the schedule.

Note, however, that load microstream elements are derived from the same macrostream word at

the same point in time, while store microstream elements must be coalesced into a single macrostream
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word for simultaneous consumption by the streaming infrastructure. This requires the load microstreams

to be skewed for sequential consumption by the mesh, while store microstreams are deskewed for

synchronized consumption by the streaming infrastructure.

To achieve this skew and deskew synchronization, we introduce an appropriate delay in each mi-

crostream, represented by the registers in Fig. 4.8. For load microstreams, the required latency is

achieved by directly delaying the signal by the necessary number of IIs. For store microstreams, how-

ever, the SE must wait until the element with the longest latency—referred to as the fixed store delay—is

produced. Previous elements are delayed by the appropriate number of IIs to align with this longest-

latency element, ensuring a simultaneous consumption by the SE.

To apply these targeted delays, skew synchronizers are placed between the outputs of the load

stream remapper and the mesh, as well as between the inputs of the store stream remapper and the

mesh, as shown in Fig. 4.1. These skew synchronizers add a configurable delay to their input signal.

For load microstreams, the skew synchronizers are configured with the initial latency of each load

node, as provided by the mapping tool and measured in IIs units. For store microstreams, each skew

synchronizer’s configuration specifies the number of IIs to subtract from the fixed store latency.

Fig. 4.9 illustrates the internal implementation of the skew synchronizers. Each synchronizer con-

tains a simple memory with a write pointer that increments every II and a read pointer that trails the write

pointer by the specified skew value. If the skew is zero, the output directly matches the input.

4.5 Control

This section outlines the overall system’s control, covering the execution control, which manages

data movement within the accelerator, and the global control, which handles the configurations and the

interface with the host CPU.
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4.5.1 Execution control
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Fig. 4.10 illustrates the control signals used to coordinate the various modules within the datapath.

The implemented execution control mechanism relies on a ready-valid protocol within the SE load

and store interfaces to manage the data flow. This protocol accommodates situations where the SE does

not have valid output stream registers or is not prepared to receive data in the input stream registers.

The protocol operates through two signals: the ready signal, which indicates that the consumer is ready

to receive data, and the valid signal, which indicates that the producer has valid data available for

transfer. A data transfer only occurs when both signals are simultaneously asserted.

The SE load and store stream vector data are connected to the remappers, whose registers act as

pipeline registers, introducing latency in the data path. To ensure that the ready and valid signals

remain in sync with the vector data, they pass through a skid buffer.
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Operating on a static, pre-determined schedule, the mesh executes computations in lockstep—

meaning that all PEs must either execute or stall simultaneously. For the mesh to proceed (or ”fire”),

both the load stream remapper outputs must be valid, and the store stream remapper inputs must be

ready. If either condition is unmet, the entire mesh stalls.

To manage the fixed store delay at the start of the execution, the store pipeline’s readiness must be

ignored, and the store valid signal must be kept LOW, as no output data is being produced within that

time period. Similarly, once the load streams have concluded, the load pipeline’s valid signal must be

disregarded, allowing the mesh to complete the processing of the final outputs.

As the mesh takes II cycles to consume/produce the entire macrostream vector words, the execution

controller must only set its ready signal to the load pipeline and valid signal to the store pipeline at the

last cycle of the II so that data transfers only take place at that time.

Finally, the execution controller receives a high-level run signal from the global controller and asserts

a done signal once all store streams are complete, signaling the end of execution.

4.5.2 Global control and reconfiguration

The global controller is responsible for orchestrating the reconfiguration and the execution of the

accelerator, by managing the communication with the host CPU. The accelerator interacts with the host

CPU for control and status via MMIO.

A bulk portion of the reconfiguration time is dedicated to transferring the configuration bitstream from

the memory system to the accelerator. To offload this task from the host CPU, a DMA is used for the

bitstream transfer, allowing the CPU to remain available for other tasks during loading.

The computation model prescribes concurrent bitstream loading and execution, as illustrated in the

computation model depicted in Fig. 3.7. To enable concurrent loading and execution, the controller

makes use of two distinct data store sets: one for the bitstream being loaded, and a ’hot’ set to support

the active execution.

The configuration data can be categorized into SE configuration instructions and static configuration

(SC). SE configuration instructions represent signal sequences for configuring the SE via the configura-

tion channel, whereas static configuration comprises constant signals used throughout the accelerator to

determine the functional roles of its components (e.g., PE operations, crossbar settings). This distinction

underscores the distinct treatment of these configuration types.

Fig. 4.11 provides a high-level depiction of the controller’s internal structure, including the control

signals and the configuration datapath. The configuration-execution process unfolds as follows, with

step numbers corresponding to Fig. 4.11’s labels:

1. The main memory contains a configuration bitstream for each kernel, preloaded as part of the host

CPU’s program.

2. The host CPU writes the bitstream’s base address of the desired kernel to the ”Bitstream base

address” register, and then signals the start of the transfer by writing ”1” to the ”Load bitstream”

register.
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Figure 4.11: Global control and configuration datapath.

3. The configuration DMA controller transfers the bitstream via its memory master interface to des-

ignated SE instructions and SC memories, signaling its completion by setting the ”Load bitstream

done” status register to ”1”.

4. Upon transfer completion, the host CPU sets the ”Run” register, prompting the accelerator to pre-

pare for execution.

5. The controller activates the SE Configurator, which programs the SE with the required configuration

settings.

6. Simultaneously, the SC Configurator loads the static configuration from DMA memory to the static

configuration register.

7. When both configurators signal their completion, the controller also flags the completion of its

own configuration by setting the ”Configuration done” status register and enables the execution

controller by raising the run signal.

8. Upon completion of the acceletator’s execution, indicated by the assertion of the done signal from

the execution controller, the status register is updated to signal the host CPU that the execution

has ended.

Fig. 4.12 depicts the concurrency diagram shown previously in Fig. 3.7, annotated with the control

and status interactions between the accelerator and the host CPU. Here again, the labels correspond to

the steps of the configuration-execution process just described above.

4.6 System-on-chip integration

This section describes the integration of the accelerator within the Rocket Chip SoC template in the

Chipyard framework, detailing its implementation and its connections to the memory system.
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Figure 4.12: Reconfiguration and execution time diagram.

4.6.1 Accelerator–SoC boundary
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Figure 4.13: Accelerator–SoC boundary.

Fig. 4.13 illustrates the interface between the accelerator and the rest of the SoC. The accelerator

implements two bus masters: the SE and the Configuration DMA. Given that the default bus protocol in

both the Chipyard framework and Rocket Chip SoC is TileLink (TL) [86], the Configuration DMA of the

accelerator is equipped with a TL master interface.

On the other hand, since the SE module implements an AXI4 interface, an AXI4-to-TL widget from

the Rocket Chip library is used to bridge the AXI4 protocol to TL. Furthermore, to prioritize the SE data

over the Configuration DMA bitstream transfer during concurrent operations, a TL crossbar with an SE

data-first arbitration policy is used. This configuration effectively consolidates the accelerator’s master

memory interfaces into a unified DMA master interface.

The controller’s control and status registers are memory-mapped using the TL Register Router, a

Rocket Chip component that simplifies the implementation of a MMIO interface. This setup automates

much of the interfacing logic, avoiding the need for manually defining a slave TL node and custom logic

for register exposure. Accordingly, the accelerator presents an external master TL interface for DMA
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operations and a slave TL interface for control.

4.6.2 Memory hierarchy
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Figure 4.14: SoC memory system.

The conceived SoC follows the default Rocket Chip configuration, which includes a hierarchical,

coherent bus topology comprising five main TL buses: the system bus, the periphery bus, the front bus,

the control bus, and the memory bus. These buses provide all the commonly used attachment points for

the devices, each with tailored characteristics such as operating frequency, word-width, and coherence

support suited to their respective device types.

The accelerator’s DMA interface connects to the front bus, optimized for DMA devices, and resides

above the system bus and L2 cache. Its control interface connects to the periphery bus, the recom-

mended bus for MMIO devices. Fig. 4.14 shows a diagram of the SoC’s memory hierarchy.

To meet the accelerator’s substantial bandwidth requirements, the SoC configuration includes multi-

ple L2 banks, each paired with a DRAM channel. Positioned alongside the accelerator, the Rocket core

interfaces above the system bus and includes private L1 data and instruction caches.

For cache coherency, the L2 caches feature a banked coherence manager, which maintains coher-

ence with the Rocket core’s L1 caches through the TileLink Cached (TL-C) protocol, the highest level

of TL protocol conformity. However, although the SE within the accelerator acts as an L1 cache during

kernel execution, the accelerator does not implement any coherence protocol, as the host core does not

access the kernel data during this execution. Instead, it adheres to the TileLink Uncached Lightweight
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(TL-UL) level, directly interfacing with the L2 and deferring to the L2 coherence manager to handle all

the necessary L1 cache block invalidations.

4.7 Summary

This chapter detailed the hardware microarchitecture that implements the abstract computational

model introduced in the previous chapter. The accelerator was described as a parameterizable RTL

design written in Chisel and integrated into a Rocket Chip-based SoC using the Chipyard framework.

We presented the accelerator’s four main components: the CGRA-style computation mesh, the

streaming engine implementing the UVE-based memory access model, the interface coordinating the

dataflow between them, and the controller responsible for reconfiguration and execution.

Together, these components form a self-contained accelerator, whose integration into a full SoC was

also described.
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5
Compilation toolchain
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Referring back to the computational model presented in Fig. 3.8, this chapter details the implemen-

tation of the proposed compiler toolchain. This compilation flow encompasses a series of tools and

intermediate formats in order to achieve end-to-end automation from a kernel described as annotated

C/C++ source code to an executable to be run by the target architecture, as depicted in Fig. 5.1.

Loop transformer

Bitstream generator
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Figure 5.1: Overview of the end-to-end compilation flow.

The several phases that integrate this compilation flow can be grouped into a front end and a back

end, each with distinct responsibilities. The front-end phases focus on interpreting and analyzing the

original code in an architecture-agnostic perspective. For the proposed system, this includes a pre-

processing phase of loop transformations, followed by DFG extraction and memory access pattern ex-

traction. On the other hand, the back-end focuses on code/configuration generation for the specific

architecture. This involves the mapping process, configuration generation and assembly, and host code

generation.
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To automate the procedure depicted in Fig. 5.1, a Python script was developed to seamlessly link

each tool, enabling end-to-end compilation with a single command.

5.1 Front end

This section details the front-end steps required to transform the original code into the abstractions

of the computational model: the DFG and the data stream descriptors. To support these explanations,

the following subsections will use an example based on a 2D Jacobi stencil kernel, whose base source

code is presented in Fig. 5.2.

void kernel_jacobi_2d() {

for (int i = 0; i < N; i++) {

for (int j = 0; j < N; j++) {

B[i][j] =

0.2f * (A[i][j] + A[i][j - 1] + A[i][j + 1] + A[i - 1][j] + A[i + 1][j]);

}

}

}

Figure 5.2: Original C source code of a 2D Jacobi stencil.

5.1.1 Code annotation

The input to the compilation flow must be a C/C++ source code annotated with a custom cgra map

pragma, which identifies the kernel targeted for acceleration, with explicit tiling applied. This pragma

is required to be placed within a perfect loop nest. Then, following the considered computation model,

loops at higher levels will be linearized, while loops nested below the pragma represent the tile that will

be unrolled to form the DFG. Fig. 5.3 illustrates the original kernel’s source code, annotated with the

pragma and organized using a 2D tiling strategy. In this structure, the inner loops produce a 2D tile,

while the outer loops increment by the tile size, corresponding to the number of tiles to be executed.

Currently, explicit tiling is required from the programmer. Nevertheless, with the potential future imple-

mentation of an automatic tiling pass, the pragma could also accept tiling parameters (e.g., dimensions

and tiling factors) for the compiler to automatically apply tiling transformations.

5.1.2 Loop transformer

The loop transformer step performs three main transformations: loop unrolling, loop flattening, and

some instrumentation to prepare the code for the next tool. Implemented using Clava, this source-to-

source transformation tool (described in Section 2.4.3), provides some extra flexibility by enabling direct

manipulation of the source code, bypassing the complexity of developing custom LLVM passes.

The considered Clava transformations are scripted in JavaScript. In the loop unrolling step, the trans-

former identifies the custom pragma and locates an inner loop at the same AST level as the pragma.
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# define N 1024

# define TILE_SIZE 2

void kernel_jacobi_2d() {

for (int i = 0; i < N; i += TILE_SIZE) {

for (int j = 0; j < N; j += TILE_SIZE) {

# pragma cgra_map

for (int ii = 0; ii < TILE_SIZE; ii++) {

for (int jj = 0; jj < TILE_SIZE; jj++) {

B[i + ii][j + jj] =

0.2f * (A[i + ii][j + jj] + A[i + ii][j + jj - 1] +

A[i + ii][j + jj + 1] + A[i + ii - 1][j + jj] +

A[i + ii + 1][j + jj]);

}

}

}

}

}

Figure 5.3: Tiled and annotated C source code.

Then, the unrolling process extracts the loop’s induction variable, initialization, end-condition, and step-

value. It then generates all the unrolled loop bodies by substituting the induction variable with actual

values, determined through the execution of a simulated JavaScript loop configured with the same pa-

rameters as the original C loop. This transformation is applied recursively to effectively handle nested

inner loops. Fig. 5.4 shows an example of the output from the loop unrolling transformation of the code

in Fig. 5.3.

In the loop flattening step, the transformer makes use of a straightforward approach: it identifies loops

external to the pragma and replaces them with a single loop whose iteration count equals the product

of the original inner loop sizes. To maintain the functional equivalency of the unrolled body, the flattener

also declares the original induction variables and defines each with an expression that computes its

value based on the new linearized induction variable idx. This strategy ensures that the transformed

code retains the intended behavior while optimizing the loop structure for the DFG generator.

Finally, an additional instrumentation step replaces the pragma by a call to the please map me()

function for compatibility with the next tool in the flow. Fig. 5.5 depicts the code after the unrolling,

flattening, and instrumentation transformations.

5.1.3 DFG generator

To generate the DFGs from the transformed C source code, the implemented flow makes use of

the DFG generator tool available in the Morpher Framework [70]. Compiled with the experimental

REMOVE AGI define, this configuration of this tool removes all the address generation instructions (AGIs)

and control flow elements, resulting in a computation-only DFG, as required by the proposed computa-

tional model.

The DFG generator starts by invoking Clang to produce the LLVM IR. Then, it runs the opt (the

LLVM optimizer), which applies a custom LLVM pass for DFG extraction. The DFG is directly extracted
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void kernel_jacobi_2d() {

for (int i = 0; i < 1024; i += 2) {

for (int j = 0; j < 1024; j += 2) {

# pragma cgra_map

{

{

B[i + 0][j + 0] = 0.2f * (A[i + 0][j + 0] + A[i + 0][j + 0 - 1] +

A[i + 0][j + 0 + 1] + A[i + 0 - 1][j + 0] +

A[i + 0 + 1][j + 0]);

}

{

B[i + 0][j + 1] = 0.2f * (A[i + 0][j + 1] + A[i + 0][j + 1 - 1] +

A[i + 0][j + 1 + 1] + A[i + 0 - 1][j + 1] +

A[i + 0 + 1][j + 1]);

}

}

{

{

B[i + 1][j + 0] = 0.2f * (A[i + 1][j + 0] + A[i + 1][j + 0 - 1] +

A[i + 1][j + 0 + 1] + A[i + 1 - 1][j + 0] +

A[i + 1 + 1][j + 0]);

}

{

B[i + 1][j + 1] = 0.2f * (A[i + 1][j + 1] + A[i + 1][j + 1 - 1] +

A[i + 1][j + 1 + 1] + A[i + 1 - 1][j + 1] +

A[i + 1 + 1][j + 1]);

}

}

}

}

}

Figure 5.4: Unrolled code.

from the IR, leveraging its static single assignment (SSA) form, which inherently represents a DFG.

Post-extraction, control flow and AGIs are removed, isolating only the computation operations.

The preceding loop-flattening transformation ensures that memory accesses dependent on outer

loop induction variables are treated as regular memory accesses rather than loop-carried dependencies.

This adjustment is crucial, as the CGRA datapath is not responsible for any loop control; from the CGRA

datapath’s perspective, all outer loops are effectively linearized, with loop control implicitly managed by

the SE.

The output of this step is a quasi-XML file format containing the DFG and additional information, in-

cluding constants and inter-iteration recurrence relationships. Additionally, a DOT graph file is generated,

which can be rendered as an image, as shown in Fig. 5.6. In this graph, the four STORE nodes corre-

spond to the four store operations in the code from Fig. 5.5, which represent four store microstreams.

Fig. 5.6a depicts a snippet of the XML output file, which represents two DFG nodes and their respective

inputs and outputs.
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void kernel_jacobi_2d() {

for (int idx = 0; idx < 262144; idx++) {

int j = (idx) % 512 * 2;

int i = (idx / (512)) % 512 * 2;

please_map_me();

{

{

B[i + 0][j + 0] = 0.2f * (A[i + 0][j + 0] + A[i + 0][j + 0 - 1] +

A[i + 0][j + 0 + 1] + A[i + 0 - 1][j + 0] +

A[i + 0 + 1][j + 0]);

}

{

B[i + 0][j + 1] = 0.2f * (A[i + 0][j + 1] + A[i + 0][j + 1 - 1] +

A[i + 0][j + 1 + 1] + A[i + 0 - 1][j + 1] +

A[i + 0 + 1][j + 1]);

}

}

{

{

B[i + 1][j + 0] = 0.2f * (A[i + 1][j + 0] + A[i + 1][j + 0 - 1] +

A[i + 1][j + 0 + 1] + A[i + 1 - 1][j + 0] +

A[i + 1 + 1][j + 0]);

}

{

B[i + 1][j + 1] = 0.2f * (A[i + 1][j + 1] + A[i + 1][j + 1 - 1] +

A[i + 1][j + 1 + 1] + A[i + 1 - 1][j + 1] +

A[i + 1 + 1][j + 1]);

}

}

}

}

Figure 5.5: Unrolled and flattened code.

5.1.4 Data streaming compiler

The data streaming compiler was designed to automatically extract and encode UVE memory access

pattern descriptors directly from C source code, following the approach detailed in [68].

In the proposed flow, this compiler operates on the unrolled-only code, as the flattening pass removes

the outer loops that encode the memory access patterns. At its current stage, the compiler, still under

active development at HPCAS, generates descriptors for each individual microstream from the unrolled

code (i.e. for each load/store operation in the code in Fig. 5.5), resulting in an excessive number

of microstreams. To follow the considered computation model, the compiler should consolidate these

individual microstreams into a single vector macrostream, establishing a clear correspondence between

microstreams and the encompassing macrostream. This shortcoming also impacts other applications

of the tool in UVE-based GPP applications, especially for stencil computations, where each stencil point

would become its own data stream.

Future improvements of this tool aim to address this limitation by implementing automated coalesc-

ing, allowing the compiler to directly generate optimized macrostream descriptors. Once resolved, the

tool will be able to autonomously produce both the coalesced macrostream and the corresponding rela-
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(a) Simple DFG representation as DOT graph.

...

<Node idx="23" ASAP="4" ALAP="12" BB="for.body">

<OP>ADD</OP>

<Inputs>

<Input idx="22"/>

<Input idx="29"/>

</Inputs>

<Outputs>

<Output idx="24" nextiter="0"

type="I1"/>↪

</Outputs>

<RecParents>

</RecParents>

</Node>

<Node idx="45" ASAP="5" ALAP="13" BB="for.body"

CONST="1045220557">↪

<OP>MUL</OP>

<Inputs>

<Input idx="44"/>

</Inputs>

<Outputs>

<Output idx="15" nextiter="0"

type="I1"/>↪

</Outputs>

<RecParents>

</RecParents>

</Node>

...

(b) Snippet of the DFG XML file.

Figure 5.6: Sample DFG XML output with a corresponding graph representation.

tionships with individual microstreams.

In the interim, the programmer is required to manually provide coalesced macrostream descriptors

and define their correspondence with microstreams within a JSON file. An example of this stream de-

scription format is illustrated in Fig. 5.7. In this format, the macro description key encapsulates a

sequence of descriptors that define the coalesced macrostream, while the micro pattern key speci-

fies, for each macrostream vector word, the corresponding microstream nodes within the DFG for each

element. This JSON file is subsequently used as input by downstream tools within the compilation flow.

5.2 Back end

This section focuses on the back-end steps that translate the computational model abstractions gen-

erated by the front end into the architecture-specific configurations, encompassing mapping, configura-

tion generation, and bitstream assembly.

5.2.1 CGRA mapper

The compilation flow makes use of the CGRA mapper tool provided by the Morpher framework [70]

to map the DFG onto the target architecture, represented as an abstract architecture model described

in Morpher’s custom ADL. The Morpher ADL models CGRA architectures using modules, ports, and
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...

"stores": [

{

"macro_description": [

{"offset": "0x82000000", "size": 2, "stride": 1},

{"offset": "0", "size": 2, "stride": 1024},

{"vectorize": true},

{"offset": "0", "size": 512, "stride": 4},

{"offset": "0", "size": 512, "stride": 2048}

],

"micro_pattern": [26, 18, 15, 7]

}

]

...

Figure 5.7: Snippet of the JSON file containing macrostream descriptions and microstream correspon-
dence patterns.

connections. Modules, representing elements like FUs and RFs, are configurable and may contain sub-

modules. Ports manage the data flow, while connections define module links. FU modules can model

either ALUs or load/store units (LSUs) based on a list of supported operations and operation latency,

while RF modules model register files. Multiplexers are inferred through connections, and a specialized

syntax simplifies the PE interconnections. Fig. 5.8 depicts an example of how a two-input two-output PE

can be modeled with Morpher ADL.
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Fig. 1. Overview of Morpher Framework

to compile real application kernels without being restricted
to simple kernels. It allows users to define complex CGRA
architectures with various memory organizations and intercon-
nects through a flexible architecture specification language.
Morpher can compile complex kernels more quickly thanks to
efficient mapping algorithms. Furthermore, Morpher validates
the compilation result by running simulations with test data
automatically extracted from the target application.

II. MORPHER

A. Overview

Fig. 1 illustrates the overall Morpher framework, including
its current status and future development plan. The shaded
portions represent implemented functionality, whereas un-
shaded portions represent upcoming planned integration. The
pieces of the framework are numbered for easy reference.
The framework has two inputs: application source code with
annotated kernel 1 , and the abstract architecture model 4 .
The main components of the framework are Data-Flow Graph
(DFG) generation 2 , test data generation 3 , CGRA Mapper
5 , and C++ Simulator 6 .

CGRAs target loop kernels where the application spends a
significant fraction of the execution time. The DFG generator
is an LLVM-based pass that extracts the DFG of the target
loop annotated in the application source code. Additionally,
it constructs the multi-bank data layout by allocating kernel
variables onto the memories of the target CGRA. The test
data generator creates the data required for simulation and
verification.

The CGRA mapper maps the extracted DFG onto the CGRA
fabric to maximize parallelism by exploiting intra- and inter-
iteration parallelism with software pipelining (i.e., modulo
scheduling) [19]. Morpher supports a rich set of primitive
constructs that not only model functional units and register
files but also complex software-defined routers and multi-
banked memories accessible via shared bus interfaces. The ar-
chitecture is modeled as a time-extended resource graph called
Modulo Routing Resource Graph (MRRG) [20], [21]where
the nodes of the DFG are mapped to the time-space resource
instances to maximize throughput. The resultant mapping
configuration file describes the configuration for each resource
cycle-by-cycle. Finally, the simulator uses the mapping con-
figurations and the test data to simulate the execution of the
application on the specified architecture.

Unshaded portions in Fig. 1 are from Pillars framework [13],
which we intend to integrate into Morpher. We believe this

REG0

REG1

DP0

RF0

WI

EI

WO

EO

PE

T

I1

I2

P

WP RP

FU0

"PE":{
"INPUTS" : [ “WI",“EI"] ,
"OUTPUTS" : ["WO","EO"] ,
"SUBMODS" : {

"FU":[{"name":"FU0"}], "RF":[{"name":"RF0"}]},
"CONNECTIONS" : {

"THIS.EI" : ["FU0.I1","FU0.I2","FU0.P“, "RF0.WP”],
"THIS.WI" : ["FU0.I1","FU0.I2","FU0.P“, "RF0.WP"],
"RF0.RP0" : ["FU0.I1","FU0.I2","FU0.P","THIS.EO","THIS.WO"],
"FU0.T" : ["RF0.WP","THIS.EO","THIS.WO"]

}
},

Ports Connections Modules

Fig. 2. An example of two input two output Processing Element model written
in Morpher ADL. The definition of internal connections of primitive (RF, FU)
modules are not shown.

integration will work well because while Pillars offers a full
hardware-centric feature set such as automatic RTL generation,
Verilator-based simulation, and FPGA emulation, Morpher
offers a comprehensive front-end compiler toolchain.

B. DFG and Data Layout Generation

CGRA designs employ a variety of execution paradigms
(control flow handling techniques, address generation mod-
els, memory models), and the compiler should generate a
DFG to fit into the execution paradigm of the target CGRA.
Morpher DFG generator currently supports DFG generation
for multiple execution paradigms, including different control
flow handling techniques (partial predication, full predication,
dual-issue [16]), load-store address generation models (on
array address generation, decoupled access execute/stream
dataflow [22]), and memory models (memory-mapped slave).

Morpher creates the multi-bank data layout by allocating
the live-in/live-out variables (scalar and arrays) in the memory
banks. It currently supports simple data placement policies
to distribute data uniformly on multiple banks based on data
size or the number of variables. The base addresses of array
variables and addresses of scalar variables are recorded in the
data layout file. The address information is also embedded in
the corresponding DFG nodes as constants.

C. Abstract Architecture Specifications

Morpher abstract architecture description language (ADL)
is designed for flexibility to cover diverse CGRA architectures.
It comprises three main components: Modules, Ports, and
Connections. Modules model hardware blocks such as PEs,
RFs, ALUs, LSUs, and Memories. Ports establish connections
between modules that carry data between producers and con-
sumers. Connections describe the connectivity among ports.
Fig. 2 shows an example of a processing element with a FU,
RF with two registers, two inputs, and two outputs modeled
in Morpher ADL.

Generally, CGRAs have a hierarchical module structure;
thus, a module could contain a list of sub-modules. There are
three primitive modules in Morpher ADL, Functional Units
(FU), Register Files (RFs), and Memory Units (MU) which
could collectively model any number of custom modules as
required. Multiplexers are inferred through the connections
rather than being explicitly modeled.

FU can model hardware ALUs (Arithmetic logic unit)
and LSUs (Load store unit). FU is composed of an internal
structure called Data Path (DP), a list of supported operations,

Figure 5.8: Example of the Morpher ADL to descirbe a simple two-input two-output PE [70].

The remaining modeling of the proposed architecture follows a straightforward approach, defining a

grid of PEs with characteristics similar to those of the target architecture. To represent the I/O ports of

the mesh for load and store microstreams, phony PEs that can only perform load and store operations

are introduced. This setup takes advantage of the CGRA mapper to assign load and store microstreams

to the designated mesh ports.

The adopted mapping procedure makes use of a heuristic-based pathfinder algorithm based on [55],

which, when successful, generates a file detailing the placements of DFG nodes onto spatio-temporal

coordinates, and the routes between nodes mapped to architectural locations such as PEs, registers

and ports. A snippet of this file is shown in Fig. 5.9. Additionally, a separate file is produced that lists the
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...

node=22,mapped=PE_X4|_Y1|-T0

parent:21

CGRA_Ins.PE_X4|_Y2|-T1.FU0.DP0_T

CGRA_Ins.PE_X4|_Y2|-T1.NR_RO

CGRA_Ins.PE_X4|_Y2|-T0.NR_RI

CGRA_Ins.PE_X4|_Y2|-T0.NORTH_O

CGRA_Ins.PE_X4|_Y1|-T0.SOUTH_I

CGRA_Ins.PE_X4|_Y1|-T0.FU0.DP0_I2

CGRA_Ins.PE_X4|_Y1|-T0.FU0.DP0.I2

parent:53

CGRA_Ins.PE_SE_NORTH_X2|_Y0|-T1.LU0.DP0_T

CGRA_Ins.PE_SE_NORTH_X2|_Y0|-T1.SOUTH_O

CGRA_Ins.PE_X2|_Y1|-T1.NORTH_I

CGRA_Ins.PE_X2|_Y1|-T1.RF0.WP0

CGRA_Ins.PE_X2|_Y1|-T1.RF0.R1_RO

CGRA_Ins.PE_X2|_Y1|-T0.RF0.R1_RI

CGRA_Ins.PE_X2|_Y1|-T0.RF0.RP1

CGRA_Ins.PE_X2|_Y1|-T0.ER_RO

CGRA_Ins.PE_X2|_Y1|-T1.ER_RI

CGRA_Ins.PE_X2|_Y1|-T1.EAST_O

CGRA_Ins.PE_X3|_Y1|-T1.WEST_I

CGRA_Ins.PE_X3|_Y1|-T1.ER_RO

CGRA_Ins.PE_X3|_Y1|-T0.ER_RI

CGRA_Ins.PE_X3|_Y1|-T0.EAST_O

CGRA_Ins.PE_X4|_Y1|-T0.WEST_I

CGRA_Ins.PE_X4|_Y1|-T0.FU0.DP0_I1

CGRA_Ins.PE_X4|_Y1|-T0.FU0.DP0.I1

...

Figure 5.9: Snippet of the CGRA mapper output containing the placements and routes.

latency of each node, which is later used to calculate the microstream skews.

5.2.2 Configuration generator

The configuration generator, implemented in Scala, processes the Morpher route file, analyzing each

connection in the route and setting the appropriate configuration bits across the accelerator. This proce-

dure configures various components, including registers and multiplexers, ensuring the correct data flow

paths and functionality. In addition to establishing connections, the configuration generator sets the FU

operations, the sets constants, and uses the latency information to configure the skew synchronizers. It

also extracts the descriptors from the streams JSON file, translating them into configuration instructions

to program the SE. Additionally, it processes the macrostream-microstream correspondence, generating

the switch settings for the BPNs within the remappers.

The output is a human-readable JSON file containing all configuration values for the accelerator’s

repeating schedule, dictating the exact behavior of each component within the accelerator. Fig. 5.10a

presents a snippet of this file, highlighting the configuration of a specific PE during a particular cycle of

the repeating schedule.
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...

{

"op": "mul",

"outRegsSel": {

"north": "result",

"south": "result",

"west": "north",

"east": "result"

},

"outRegsEn": {

"north": false,

"south": true,

"west": true,

"east": false

},

"rfWritePortsSel": {

"ports": ["west", "result"]

},

"fuSrcSel": {

"a": "rfPort0",

"b": "immediate"

},

"rfReadAddr": [3, 0],

"rfWriteRegSourceSel": [0, 0, 0, 0],

"rfWriteEn": [false, true, false, false],

"immediate": "1045220557"

}

...

(a) Snippet of the JSON configuration file.

unsigned char jacobi_2d_bitstream[] __attribute__

((aligned(64))) = {↪

0x02, 0x00, 0x00, 0x00, 0x32, 0x00, 0x00, 0x00,

0x40, 0x08, 0x00, 0x08, 0x54, 0x00, 0x00, 0x00,

0x12, 0x01, 0x04, 0x14, 0x04, 0x12, 0x10, 0x14,

0x32, 0x16, 0x10, 0x31, 0x10, 0x36, 0x70, 0x35,

0x10, 0x3b, 0x0a, 0x1b, 0x39, 0x1a, 0x23, 0x00,

0xc5, 0x00, 0xc5, 0x00, 0x2a, 0x04, 0x95, 0x06,

0x88, 0xf8, 0xc7, 0x00, 0x6c, 0x26, 0x4e, 0x00,

0xf6, 0x3c, 0x78, 0x68, 0x20, 0x48, 0x00, 0x00,

...

...

};

(b) Header file with the bitstream as a C static byte array.

Figure 5.10: Configuration representations.

5.2.3 Bitstream assembler

The configuration JSON file acts as a human-readable representation of the accelerator’s configura-

tion, much like assembly code serves as a readable intermediary before machine code. Each entry in

the configuration JSON file has a 1:1 correspondence with a specific setting in the bitstream, creating an

assembly-to-machine-code-like relationship. The bitstream assembler tool’s role is to convert this JSON

configuration into a bitstream that can be directly loaded into the accelerator’s configuration memories.

At the top level of the Chisel architecture description, the configuration signals are grouped within a

Chisel bundle. The assembler, implemented in Scala, constructs a Chisel bundle literal of the same type

as this configuration bundle and then takes advantage of ChiselSim to perform a reinterpretation cast of

it as a Chisel UInt literal, effectively converting it to a raw array of bytes.

To optimize the bitstream loading process, padding is added to the bundle to ensure that the resulting

bitstream size aligns with the cache line size, assuring that the bitstream loading process happens in

cache-line-sized blocks.

At the end, the tool outputs the bitstream as a C static array definition, allowing it to be easily included

in source code and embedded by the compiler in the final executable without requiring custom linker

scripts or assembly. Fig. 5.10b shows an example of the assembled configuration bitstream.

Additionally, a minimal example of host code is generated to demonstrate the execution of the kernel

on the accelerator. Fig. 5.11 provides this host code, with appropriate comments detailing the control

interactions with the accelerator, directly mapping to the process outlined in Fig. 4.12.

Finally, the host generated code is cross-compiled using the RISC-V GNU compiler.
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/* Write the bitstream base address */

reg_write64(BITSTREAM_BASE_ADDR, (uint64_t) &jacobi_2d_bitstream);

/* Start the bitstream loading */

reg_write8(LOAD_BITSTREAM, 1);

/* Bitstream is being loaded */

while (reg_read8(LOAD_BITSTREAM_DONE) == 0) ;

/* Bitstream is loaded */

/* Start the accelerator */

reg_write8(RUN, 1);

/* The accelerator is configuring itself with the bitstream */

while (reg_read8(CONFIGURATION_DONE) == 0) ;

/* The accelerator is configured and will run */

/* The accelerator is running */

/* A new bitstream could be loaded now, while the accelerator is running */

while (reg_read8(DONE) == 0) ;

/* The accelerator has finished running */

Figure 5.11: Minimal host code.

5.3 Summary

This chapter presented the full compilation flow that targets the proposed architecture. The toolchain

transforms an annotated C/C++ kernel into a RISC-V executable, generating all necessary configuration

artifacts along the way.

The front end performs loop transformations, extracts the computation as a DFG, and derives mem-

ory access patterns for the UVE streaming model. The back end handles mapping onto the CGRA,

configuration generation, and bitstream assembly. A minimal host program is also produced and com-

piled, enabling direct execution on the target system.
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Experimental evaluation
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This chapter evaluates the proposed computational system in terms of performance, hardware re-

sources utilization, and energy efficiency. The methodology includes comparisons against both open-

source IP and a commercial-off-the-shelf (COTS) system to establish a robust baseline.

To ensure a fair comparison, the considered open-source references are synthesizable under sim-

ilar conditions, including an equivalent memory hierarchy and VLSI fabrication process. The chosen

references are:

• Rocket: a scalar GPP.

• Saturn: a vector unit, attached to a Rocket core that implements the RISC-V Vector Extension

(RVV).

• Gemmini: a fixed-dataflow DSA for deep-learning.

For real-world validation, a COTS system has also been included: an Arm Cortex-A53 CPU with the

Neon SIMD extension.

The proposed architecture was implemented as a parametric RTL template. In particular, concrete

parameters used for the evaluation were selected to balance practical implementation constraints and

benchmark requirements. The most relevant key parameters are listed in Tab. 6.1.

Table 6.1: Key architecture parameters.

Parameter Value

Accelerator

Data type FP32

Mesh dimensions 4×4

Max. II 8/16

RF size 4

Max. skew 2

SE LRQ tables 32

SE LRQ requests 16

SE LLB tables 4

SoC

System bus width 256 bit

Cache block size 64 B

L2 banks 1

L2 ways 8

L2 capacity 512 KiB

DRAM channels 1

The accelerator’s 4×4 mesh configuration was considered the largest array size for which valid map-

pings could be generated by the mapping tool within a reasonable timeframe (∼24 hours). Other ac-

celerator parameters were selected based on resource utilization estimates derived from benchmark

requirements. The SE parameters were configured according to the authors’ recommendations for the

original implementation. For the SoC, the considered parameter values were adjusted to accommodate

the accelerator’s high memory bandwidth demands, namely, the width of the system bus and L2.
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Two configurations were used during the considered evaluation: one allowing a maximum II of 8

cycles and another allowing a maximum II of 16 cycles. While most benchmarks fit within the II-8

configuration, two required the II-16 configuration due to mapping constraints. Importantly, the larger

II did not affect performance but required additional area. Future work refinements to be discussed in

section 6.4.3 would enable the system to handle larger IIs (such as 16) without requiring additional area

compared to the current II-8 configuration. As such, the II-8 configuration will be emphasized throughout

this chapter, as it aligns more closely with the expected area efficiency of the refined implementation.

This chapter begins by evaluating the attained performance based on the simulation results. It then

analyzes area utilization and energy efficiency using VLSI synthesis outcomes. The obtained findings

reveal some limitations in the current implementation, prompting some envisaged improvements and an

estimated evaluation of a system incorporating these enhancements.

6.1 Benchmarks and mapping

The implemented architecture was evaluated using a diverse set of benchmarks drawn from various

application domains. These benchmarks are as follows:

• Jacobi 1D: A 3-point stencil computation from the PolyBench benchmark suite [87], representing

a linear algebra workload.

• Jacobi 2D: A 5-point stencil computation from PolyBench, also focused on linear algebra.

• Heat 3D: A 7-point stencil computation in a three-dimensional space, derived from computational

physics applications and included in PolyBench.

• Black-Scholes: Option pricing in quantitative finance models from PARSEC [88] benchmark suite,

conveniently adapted to replace the division operation with the iterative Newton-Raphson method.

• FIR: A finite impulse response filter benchmark sourced from CGRA-Bench [89], highly applied in

the signal processing domain.

• GEMM: A general matrix-matrix multiplication workload, representing linear algebra computations

and obtained from PolyBench.

Table 6.2 provides a detailed characterization of each benchmark, including their computational and

memory access patterns. This table also summarizes the mapping characteristics obtained using the

CGRA mapping tool, alongside the resulting computational parameters derived from the mapped bench-

marks.

The table employs various metrics used to characterize the benchmarks, with those that are non-

obvious and non-self-explanatory described here:

• Tile size: Defines the tiling factor applied to each dimension. A linear tile size indicates the tiling

factor for one single dimension, while the dimensional tile size represents the product of the tiling
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factors across all dimensions. For instance, in a 2D Jacobi kernel with a linear tile size of 2, the

dimensional tile size is 22 = 4. Refer to Fig. 5.3, which illustrates the tiling process for the Jacobi

2D kernel.

• Quality of mapping (QoM): Measures how closely the mapping solution approximates the optimal

mapping (as calculated by the mapper tool), calculated as:

QoM = Minimum II
Mapped II

• Array utilization: Indicates the percentage of utilized PEs, calculated as:

Array utilization = DFG operations
Number of PEs ×Mapped II

• Arithmetic intensity: Quantifies the ratio of computational operations to memory bandwidth re-

quirements, expressed as:

Arithmetic intensity = DFG operations
DFG memory positions ×Element size

[op/B]

• Arithmetic rate: Represents the rate of performed operations per cycle, calculated as:

Arithmetic rate = DFG operations
Mapped II

[op/cycle]

• Load rate and Store rate: Represents the required memory bandwidth for data loads and stores,

calculated as:

Load/Store rate = DFG loads/stores ×Element size
Mapped II

[B/cycle]

• Total memory rate: Represents the total memory bandwidth, calculated as:

Total memory rate = Load rate +Store rate [B/cycle]

The used tile sizes were chosen as the minimum values that provided a reasonable array utilization.

Although for some specific benchmarks, such as FIR and GEMM, larger tile sizes could have improved

the array utilization, the mapping tool already encountered significant difficulty in achieving acceptable

QoM for these sizes within a reasonable run time. As a result, particularly in the GEMM benchmark, the

performance is limited primarily by the quality of the mapping rather than the inherent characteristics of

the benchmark.
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Table 6.2: Benchmark characterization.

Benchmark Jacobi
1D

Jacobi
2D

Heat
3D

Black-
Scholes FIR GEMM

D
im

. Dimensions 1 2 3 1 1 3

Tile size (linear) 30 4 2 1 3 4

Tile size (dimensional) 30 16 8 1 3 64

D
FG

Operations 75 80 104 103 117 128

Loads 32 32 32 5 22 48

Stores 30 16 8 1 3 16

Memory total 62 48 40 6 25 64

M
ap

pi
ng

Minimum II 5 5 7 7 8 8

Mapped II 5 6 8 7 11 16

Tool run time (h) 1.1 3.0 3.6 17.2 36.3 11.1

QoM 100% 83% 88% 100% 73% 50%

Array utilization 94% 83% 81% 92% 66% 50%

C
om

pu
ta

tio
n Arithmetic intensity (op/B) 0.30 0.42 0.65 4.29 1.17 0.50

Arithmetic rate (op/cycle) 15.00 13.33 13.00 14.71 10.64 8.00

Load rate (B/cycle) 25.60 21.33 16.00 2.86 8.00 12.00

Store rate (B/cycle) 24.00 10.67 4.00 0.57 1.09 4.00

Total memory rate (B/cycle) 49.60 32.00 20.00 3.43 9.09 16.00

6.1.1 Discussion

To conclude, it is worth noting that current toolchain relies on simplistic mapping strategies con-

strained by abstractions that are too closely tied to the imperative code style and instruction models of

traditional GPPs. This reliance particularly limits the abstraction capabilities within our computational

model and limits the maximum efficiency and performance attainable by the system. For instance, sup-

porting certain operations (such as accumulations), which are trivial from a microarchitectural perspec-

tive, is constrained by the compiler’s ability to represent and map these operations onto the architecture.

Instead, accumulations were implemented as load-store recurrences, resulting in excessive memory

accesses, larger DFGs, and unnecessarily high IIs. Subsequently, the presence of recurrences forced

the minimum II to accommodate inter-iteration dependencies. To compensate for this and to achieve a

reasonable array utilization, larger unrolling factors were employed, leading to significantly larger DFGs.

These larger DFGs are more challenging to map and contribute to unnecessarily increased IIs.

6.2 Performance

This section presents a performance evaluation of the proposed accelerator, examining its execution

metrics and comparing them with other systems.
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6.2.1 Simulation and execution

The evaluation of the proposed architecture relied on executing the set of benchmarks described in

section 6.1 by using both FPGA-accelerated RTL simulations and a real-world COTS system.

For the synthesizable IP architectures, including the proposed accelerator, FPGA-accelerated sim-

ulations were conducted using FireSim [38], targeting a clock frequency of 1 GHz. FireSim provides

the capability of running significantly larger simulations than conventional RTL simulations, enabling the

evaluation of datasets that exceed cache sizes and utilize realistic DRAM models. In this evaluation,

DDR3 memory models running at 1 GHz were used, resulting in transfer rates similar to the DDR3-2133

specification, which achieves comparable rates at a 1066 MHz frequency. The dataset sizes for the

benchmarks were chosen to be approximately 16 MiB, ensuring a balance between representing mean-

ingful workloads and maintaining the feasibility of the RTL simulations, even if FPGA-accelerated. For

the COTS systems, the Arm core integrated into a Xilinx development board operated at 1.2 GHz.

The benchmarks’ code was adapted to the specificities of each architecture to ensure an accurate

evaluation. For architectures supporting vector instructions, such as the Saturn vector unit and the ARM

Cortex-A53 system, the workloads relied on the compiler’s automatic vectorization. Notably, Gemmini,

as a fixed-dataflow DSA, was restricted to the GEMM benchmark due to its specialization in matrix-

matrix multiplication.

Hardware performance counters were implemented in the proposed accelerator to collect key exe-

cution metrics. For the other architectures, cycle and time counters were used to measure the execution

time, ensuring consistent metric collection for comparison.

6.2.2 Results and discussion

The performance results obtained from the execution of the benchmarks on the proposed archi-

tecture, as simulated using FireSim, are presented in Table 6.3. This table includes metrics collected

through hardware performance counters, offering detailed insights into the execution performance. Fire

cycles are the cycles during which computation is executed without stalls. The fire ratio represents the

proportion of fire cycles to the total number of cycles.

An analysis of the obtained counts of load and store stalls reveals that, despite the implementation

of a robust streaming infrastructure, memory accesses remain a limiting factor for most benchmarks.

Nonetheless, the streaming infrastructure effectively coalesces memory accesses, reducing the total

number of requests. This is evident when comparing the data size of the benchmarks with the number

of memory requests observed during execution.

Figure 6.1 provides further insight into this aspect by plotting benchmark metrics on a roofline model,

which relates arithmetic performance to arithmetic intensity. The upper bound, representing the com-

putational limit, indicates the peak performance achievable by the architecture’s execution resources

(computed as the number of PEs multiplied by the operating frequency). The memory bound, relevant

at lower arithmetic intensities, is shown as a line with a slope equal to the peak memory bandwidth,

calculated as the L2 bus width times the frequency. This assumes ideal memory behavior and does not
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Table 6.3: Accelerator performance results from FPGA-accelerated RTL simulation.

Benchmark Jacobi
1D

Jacobi
2D Heat 3D Black-

Scholes FIR GEMM

Data size 4.19 M 20482 1603 4.19 M 4.19 M 20482

Total cycles 25.2 M 30.5 M 57.5 M 70.7 M 51.8 M 40.2 G

Fire cycles 699 k 1.57 M 4.10 M 29.4 M 15.4 M 2.15 G

Load stalls 28.3 k 2.08 M 42.0 M 32.6 M 27.9 M 38.0 G

Store stalls 24.4 M 26.9 M 11.4 M 8.73 M 8.56 M 13.7 M

Load requests 279 k 1.13 M 3.23 M 1.31 M 1.30 M 865 M

Store requests 262 k 786 k 1.28 M 262 k 262 k 268 M

Fire ratio 2.78 % 5.15 % 7.13 % 41.5 % 29.7 % 5.35 %

Real array utilization 2.61 % 4.29 % 5.79 % 38.2 % 19.7 % 2.67 %

Execution time (s) 0.0252 0.0305 0.0575 0.0707 0.0518 40.2

account for inefficiencies such as memory access latencies or cache misses.
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Figure 6.1: Considered benchmarks plotted in a roofline model chart.

In this plot, the red points represent the theoretical peak performance of each benchmark based on

their mapped arithmetic rate. The Jacobi 1D benchmark mapping requires a bandwidth that exceeds the

memory bound for its arithmetic intensity, indicating that, even in the absence of overheads, it could never

achieve the mapped rate. The blue points reflect the observed performance, calculated by applying the

measured fire ratio to the arithmetic rate. As expected, the observed points fall below their theoretical

counterparts, with benchmarks exhibiting lower arithmetic intensity showing a more pronounced drop.
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By performing a least squares regression to fit an additional memory boundary to the observed

results, it becomes evident that the current SE-L2 system achieves an effective bandwidth averaging

1.50 GB/s for the tested benchmarks. This value is significantly lower than the theoretical maximum

bandwidth of the L2 cache, highlighting the system’s limitations under practical conditions. Hence, and

despite the implemented streaming solution, this result points to still existing persistent inefficiencies in

the streaming mechanism. To help identify the source of these inefficiencies, Table 6.4 presents the

hardware performance counter values collected during the accelerator simulations.

Table 6.4: Performance metrics from the SE performance counters.

Benchmark Jacobi
1D

Jacobi
2D Heat 3D Black-

Scholes FIR GEMM

Total cycles 25.15 M 30.53 M 57.48 M 70.70 M 51.79 M 40.16 G

Fire cycles 699 k 1.57 M 4.10 M 29.36 M 15.38 M 2.15 G

Higher iterations 838.9 k 8.65 M 30.75 M 25.16 M 8.39 M 6.98 G

LMMU commits 4.47 M 8.39 M 16.38 M 20.97 M 30.76 M 6.44 G

LMMU stalls 7.82 M 6.20 M 4.69 M 10.18 M 4.23 M 18.44 G

LF stalls 7.82 M 6.20 M 4.69 M 10.18 M 4.23 M 18.44 G

LRQ stalls 0 0 0 0 0 0

LLB stalls 1.19 M 18.76 M 31.16 M 0 0 38.37 G

SMMU commits 4.19 M 4.19 M 4.10 M 4.19 M 4.19 M 2.15 G

SMMU stalls 7.82 M 3.10 M 1.56 M 10.18 M 4.23 M 6.15 G

Load requests 279 k 1.13 M 3.23 M 1.31 M 1.30 M 865.3 M

Store requests 262 k 786 k 1.28 M 262 k 262 k 268.4 M

Altough this level of detail of the inner workings of the integrated SE modules exceeds the scope

of this thesis, Appendix A includes a brief description of the load memory management unit (LMMU)

equipping such SE [36] for context to the following analysis.

The presented experimental results demonstrate that load FIFO (LF) stalls and load line buffer (LLB)

stalls are the main contributors to the observed performance issues. LLB stalls occur because the buffer

becomes full when the LF does not consume its data fast enough. Similarly, LF stalls happen because

the LF itself is full, either due to the stream registers not consuming data at a sufficient rate or because

the LF buffers are still being filled with data from the LLB.

Given the relatively few fire cycles compared to the total cycles, it is unlikely that the stream registers

are not being consumed, ruling out this scenario as a possible cause. In fact, both cases suggest that

the primary issue is a slow data transfer from the LF to the LLB. This hypothesis is supported by an

analysis of the current SE implementation [36], which shows that only one data element per cycle can

be transferred from the LLB to the LF (see Appendix A).

A further evidence comes from the absence of load request queue (LRQ) stalls, which would occur

if memory was the bottleneck. LRQ stalls would indicate that the SE is producing more requests than

the memory can handle, leading to a backup in the LRQ. Since this is not observed, it reinforces that

memory latency is not the limiting factor.

Although the store memory management unit (SMMU) does not provide detailed counters, analyzing
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the simulation waveforms revealed similar causes. Another concern is that even if stalls were eliminated,

the minimum number of cycles for the current SE implementation [36] would still equal the sum of all

LMMU commits, SMMU commits, and all cycles spent iterating higher dimensions (i.e., descriptors that

do not generate addresses). This is because the current SE implementation processes only one iteration

of the stream descriptors per cycle, including higher-dimension descriptors that do not yield addresses.

This limitation explains the poor performance of higher-dimensionality benchmarks like Heat 3D and

GEMM, where the high number of iteration cycles dominates the execution time.

However, despite the observed limitations in memory performance, the accelerator still demonstrates

an improved overall performance, when comparing with other systems. Fig. 6.2 illustrates the obtained

speedup (in terms of execution cycles) of the accelerator when compared to other systems, normalized

to the performance of the scalar Rocket core, the lowest-performing baseline. The speedup is defined

as:

Speedup = Total execution cycles (evaluated system)
Total execution cycles (Rocket)
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Figure 6.2: Execution cycles speedup normalized to Rocket core.

On average, the implemented accelerator achieved a speedup of 10.32× relative to Rocket, 2.83×

against Arm Neon, but only 1.28× compared to Saturn. For benchmarks with the best performance

gains, the proposed accelerator surpassed by 17.87×, 5.43×, and 2.79× the performance of Rocket,

Arm Neon, and Saturn, respectively. As expected, and as a result of the described limitations of the SE,

the accelerator maximized its performance when executing benchmarks with more arithmetic intensity

(i.e. requiring lower data bandwidth) like the Black-Scholes and FIR. Conversely, when executing the

higher dimensionality benchmarks, such as Heat 3D and GEMM, the acceelerator achieved a speedup

lower than the Arm Neon and Saturn systems.

A direct comparison with Gemmini, which is a fixed-dataflow accelerator specialized in matrix multi-
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plication, reveals that the proposed accelerator current implementation is still far from the performance

of such a dedicated structure, only achieving a 17.87x speedup while the Gemmini achieved 1329×

speedup on the GEMM benchmark.

6.3 Silicon area and power

This section presents the silicon area and power evaluation of the proposed accelerator, based on

VLSI synthesis results. It discusses the contributions of the various components to the overall SoC area

and power and compares the energy efficiency of the accelerator to other reference systems.

6.3.1 VLSI synthesis

To evaluate the silicon area and power characteristics of the proposed accelerator and provide com-

parative power values for other synthesizable IP architectures, the VLSI synthesis was performed using

the Hammer VLSI flow [90], integrated into the Chipyard framework. Hammer is a physical design frame-

work that abstracts vendor-specific technologies and tools to present a unified application programming

interface (API) for ASIC development.

The synthesis used the ASAP7 process design kit (PDK) [91], a predictive 7-nm technology designed

for academic research. Cadence Genus, version 21.15, was employed as the synthesis tool. To improve

the accuracy of the synthesis process, sequential memory elements, represented as first-class primitives

in Chisel, were extracted using Chipyard’s MacroCompiler tool. These primitives were then passed to

the ASAP7 SRAM compiler to generate technology-specific SRAM cells.

This workflow replaced all flip-flop-based memory arrays with SRAMs, providing a more realistic

representation of memory structures in typical tapeout scenarios. By using SRAMs, instead of flip-flop

arrays, area efficiency and power consumption metrics are significantly more accurate and realistic,

aligning the synthesis process with normal design practices in VLSI technologies.

6.3.2 Results and discussion

Table 6.5 presents the area and power breakdown obtained from the synthesis of a complete SoC

with the parameters described in Table 6.1. Additionally, Fig. 6.3 provides a visual representation of the

synthesized area through a treemap chart, where the proportional size of each region corresponds to

the synthesized area of its components.

The presented results also show that the accelerator accounts for approximately 32% of the total

SoC area. Within the accelerator, the SE represents the largest area contributor, occupying 53% of the

accelerator’s footprint, followed by the mesh with 18%. Other significant components include the stream

remappers with 15%, the skew synchronizers with 7%, and the controller, including its configuration

memories, with 4%.

When considering the use of the ASAP7 process, the accelerator uses 0.149 mm2 of area and con-

sumes 50 mW of power. The full SoC occupies 0.460 mm2 and has a power consumption of 70 mW.
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Table 6.5: Area and power breakdown of the implemented SoC.

Component Area (µm2) Power (mW)

SoC TOTAL 479 380 374.07

Accelerator TOTAL 174 343 311.14

Mesh 41 302 156.25

SE 87 386 114.98

Stream remappers 22 045 25.22

Skew synchronizers 10 475 8.67

Controller 5 466 4.21

L2 233 797 22.26

Rocket Core TOTAL 33 166 20.51

L1D 10 333 4.07

L1I 8 592 2.20

SoC

L2 Accelerator

Rocket Core

SE Mesh

Remappers Skew S.

Ctrl.

L1D L1I

Figure 6.3: Synthesized area treemap.

Energy consumption for executing each benchmark was estimated as the product of the execution

time and the synthesis power values. This approach simplifies the analysis by using the synthesized

power values instead of performing post-place-and-route dynamic power simulations. For the proposed

system, the used power value is the entire SoC’s value, which includes the contributions from the Rocket

core, as it handles the accelerator control, despite being available for computation during most of the

accelerator’s execution.

For the remaining considered systems implemented as synthesizable IPs, identical synthesis con-
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ditions were applied to derive power values. The only exception is the Arm system, fabricated using

a different technology than that used for synthesizing the accelerator, which was excluded from these

energy efficiency comparisons. Including it would predominantly highlight differences arising from the

fabrication technology rather than the architectural impact.

Figure 6.4 illustrates the energy improvement provided by the accelerator over the other reference

systems, normalized to the Rocket system, which was the least energy-efficient baseline. The energy

improvement is calculated as:

Energy improvement = Energy consumption (Rocket)
Energy consumption (evaluated system)
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Figure 6.4: Energy improvement normalized to Rocket.

Since energy usage is highly related to the execution time, the energy improvement results exhibit

similar trends to the speedup results discussed in the previous section. However, they are further im-

pacted by the accelerators’ higher power requirements. When stalls occur, they are particularly costly,

as the infrastructure continues consuming power without producing any useful work, leading to a greater

energy waste.

According to Fig. 6.4, the accelerator achieves an average energy improvement of 1.70× when com-

pared to the scalar Rocket core, but only 0.61× compared to the Saturn system, indicating that the

current implementation is less efficient than Saturn. Even in the best-performing benchmarks, the accel-

erator achieves a 2.95× energy improvement over Rocket but just 1.31× over Saturn. When compared to

Gemmini running in the GEMM benchmark, the proposed accelerator delivers only a 2.95× improvement

over Rocket, whereas Gemmini, with its specialization in matrix multiplication, achieves a 256× energy

improvement. This stark contrast underscores the substantial impact of the identified overheads on the

energy efficiency of the accelerator.
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Despite these results, the accelerator SoC managed to use roughly the same area as the Gem-

mini SoC (0.48 mm2 vs. 0.52 mm2) and demonstrated a comparable power consumption (374 mW vs.

321 mW). This indicates that the added flexibility does not come at a significant cost in terms of resource

utilization. If the highlighted limitations can be addressed without substantial increases in area or power

consumption, the accelerator will deliver a much greater flexibility while maintaining rather competitive

physical constraints.

6.4 Proposed improvements

This section explores potential solutions to mitigate the overheads identified in prior sections, specif-

ically addressing challenges in the mapper and SE as well as hardware resource inefficiencies. The

potential impact of these improvements on performance, area, and energy efficiency is also estimated.

6.4.1 Compilation and mapping

The complexity of the mapping process still remains a critical challenge, constraining the efficiency

of the compilation flow for CGRAs, as previously identified.

Specifically in the case of GEMM benchmarks, if the compiler could recognize accumulation patterns

and map them directly onto the architecture, it would eliminate the memory operation overheads caused

by recurrences between iterations. In fact, instead of storing the accumulation state at each iteration and

reloading it in the next, the data could remain within the computational array throughout iterations. This

improvement would significantly increase the arithmetic intensity of benchmarks exhibiting reduction

patterns.

However, the current reliance on LLVM intermediate representation introduces strict limitations due

to its strong orientation toward traditional CPU architectures, making it less effective to represent the

dataflow paradigms inherent to CGRAs. Addressing this will require the development of CGRA compil-

ers that operate at higher levels of abstraction, potentially utilizing modern intermediate representations

like MLIR [92]. Such advancements could provide a standardized and flexible foundation for CGRA com-

pilation, enabling diverse mapping algorithms to build on a shared representation rather than reinventing

fundamental components.

6.4.2 Streaming engine

The main current bottleneck of the SE is concerned with the fact that it can only deal with (at most)

one element per cycle. To address this, the following improvements are proposed:

1. Parallel address generation: The SE should be able to simultaneously generate multiple ad-

dresses in parallel, solving multiple iterations of the descriptors in a single cycle.

2. Parallel descriptor iteration: Iterating over higher dimensions of a stream descriptor should hap-

pen in parallel with the processing of lower dimensions, avoiding any extra cycles dedicated to
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iterating higher dimensions where no addresses are generated.

3. Faster vector register population: The SE must provide a faster population of the vector registers

by processing multiple data elements concurrently from the LLB (containing the cache lines) to the

LF (containing the stream vectors).

4. Multiple in-flight memory requests: The current SE implementation issues the memory requests

sequentially, waiting for replies before sending new requests. This approach limits the utilization of

the available memory bandwidth and prevents the SE from fully saturating the L2 cache bandwidth,

due to the latency in the responses. Enhancing the SE to support multiple concurrent in-flight

memory requests would alleviate this bottleneck.

It is important to recall that most SE resources are actually composed by its tables and buffers. Since

none of these changes would require significantly more table or buffer space, but rather some additional

parallel logic, it is not anticipate any significant resource overheads.

6.4.3 Hardware resources

In the current implementation, the design of certain hardware components, such as remappers and

skew synchronizers, scales linearly with the maximum II, which is not strictly necessary. In the current

implementation, the stream remappers can remap all stream elements for an entire II in a single cycle.

However, this process could instead span the entire II duration, meaning the hardware does not need to

depend on the II but rather on the mesh I/O.

For the skew synchronizers, most of the microstreams in a kernel do not require delays, and many

mesh ports are left unused. Instead of having dedicated synchronizers for each time-extended mesh

port, which scales with the II, a small pool of shared skew synchronizers could be used. Delays would

only be introduced where necessary, leveraging the existing permutation network to redirect the mi-

crostreams through these shared synchronizers.

By decoupling their resource requirements dependence from the II, the design could support larger

computational kernels without increasing the hardware cost, thereby improving scalability and area effi-

ciency.

6.4.4 Estimated results

To estimate the performance of a hypothetical system implementing the proposed improvements, the

roofline model shown in Fig. 6.5 was utilized. The performance improvement resulting from the proposed

mapping is indicated by the figure’s light arrows, which represent the transition from the benchmark

metrics achieved by the current mapping methods to what is theoretically possible. These improvements

are achieved in two ways. First, a vertical shift in performance is assumed by considering that the

improved mapping achieves a perfect QoM. Second, a rightward shift in arithmetic intensity is granted

by the proposed elimination of load-store recurrences through the added support for reductions, as

previously proposed, and by increasing tile sizes in benchmarks where arithmetic intensity depends on
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this factor. This increase in tile size is considered feasible with the implementation of a more efficient

mapping algorithm.

Two scenarios are considered to estimate the bandwidth achieved by an improved SE. The first

assumes the L2’s theoretical maximum bandwidth of 32 GB/s. Although unrealistic for most benchmarks,

this scenario could be achievable under ideal conditions for highly regular workloads, such as GEMM, as

demonstrated by Gemmini. The second scenario, which is more realistic, assumes that the improved SE

and memory system achieve half the theoretical maximum bandwidth, or 16 GB/s. This more realistic

scenario accounts for hypothetical overheads, such as cache misses and memory latency.

In the roofline model depicted with these improved mappings, only the Jacobi 1D, Jacobi 2D, and

Heat 3D benchmarks are predicted to remain memory-bound. This is illustrated in Fig. 6.5 by the blue

dashed line and the black arrows.
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Figure 6.5: Benchmarks in a roofline model, according to estimated improvements in the mapping and
the acceelerator.

Fig. 6.6 compares the improved system’s estimated performance by considering the same baselines

used for evaluating the current implementation. This chart includes three configurations: the proposed

accelerator running the current benchmark mappings but assuming the maximum memory bandwidth of

32 GB/s; the proposed accelerator with improved mappings and the same maximum bandwidth; and a

more realistic version of the accelerator with improved mappings but achieving only half the theoretical

maximum bandwidth, or 16 GB/s.

For the more realistic 16 GB/s-bounded version, the accelerator is estimated to achieve an average

speedup of 952× relative to Rocket, 61× compared to Saturn, 134× over Arm Neon, and 79× over the
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Figure 6.6: Execution cycles speedup including the proposed accelerator improvements, normalized to
Rocket.

current accelerator implementation. In benchmarks with the highest performance gains, the estimated

speedups are 668×, 14×, 33×, and 37× relative to Rocket, Saturn, Arm Neon, and the current accelerator

implementation, respectively.

Hence, the presented estimates showcase that despite its generalized nature, the accelerator demon-

strates rather competitive performance even against highly specialized systems, such as the Gemmini

matrix-multiplication DSA. For example, in the GEMM benchmark, a realistic version of the improved

accelerator is estimated to achieve a 668× speedup over Rocket, which is already half the speedup

achieved by Gemmini. Notably, Gemmini achieves its performance using fused multiply-accumulate op-

erations that execute both a multiplication and an addition in a single cycle. If a compilation system

supporting the representation of these kinds of fused operations were developed and the trivial microar-

chitectural changes required to support it were implemented, achieving similar results would be entirely

plausible. This estimated result highlights the potential of the proposed architecture to support a broader

range of applications with minimal compromise in domain-specific performance.

For the energy improvement estimation, the same power values as the current implementation were

assumed, as the SE improvements are not expected to result in significant power or area overheads.

Furthermore, the other proposed microarchitectural improvements are anticipated to reduce hardware

resource requirements.

Fig. 6.7 illustrates the estimated energy improvements for the 16 GB/s-bounded version of the im-

proved accelerator, normalized to Rocket, which serves as the least energy-efficient baseline. On aver-
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Figure 6.7: Energy improvement including estimated accelerator improvements, normalized to Rocket.

age, the improved accelerator is estimated to achieve 26× energy improvement over Rocket, 4.8× over

Saturn, and 13× over the current accelerator implementation. For benchmarks with the best energy

gains, the improvements are 110×, 6.6×, and 37× over Rocket, Saturn, and the current accelerator im-

plementation, respectively. In the GEMM benchmark, the improved accelerator is estimated to achieve

about 43% of the Gemmini’s energy gain, resulting in only 2.3× more energy usage despite Gemmini’s

specialization in the matrix multiplication operation.

6.5 Summary

This chapter presented a comprehensive evaluation of the proposed computational accelerator in

terms of performance, hardware resource utilization, and energy efficiency. The system was compared

to both open-source and commercial references under common conditions, using a range of bench-

marks to characterize different computational and memory access patterns. Key experimental results

highlighted the accelerator’s strengths in compute-intensive workloads, as well as the impact of the

mapping and SE’s bottlenecks on overall efficiency.

Analysis of performance counters and synthesis outcomes provided insight into the main sources

of overhead, particularly in the SE’s address generation rate. The chapter also explored potential ar-

chitectural and toolchain improvements, with estimated results illustrating how targeted changes could

further enhance system performance and resource efficiency. These observations inform subsequent

discussion regarding future directions and refinements.
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7.1 Work summary and contributions

This work presented the design, implementation, and evaluation of a novel reconfigurable accelerator

architecture supported by an integrated streaming solution. A corresponding computational model was

also developed, along with a companion end-to-end software framework to implement it. The accelerator

was integrated within a complete SoC built using the Chipyard framework, providing a realistic evalua-

tion environment. This integration facilitated detailed comparisons of performance, area, and energy

efficiency against other solutions, including both general-purpose and domain-specific architectures.

Experimental results obtained from a synthesized 7 nm implementation revealed performance and

energy efficiency gains compared to conventional scalar and vector GPP architectures. However, these

results also highlighted some existing limitations in the implementation of the streaming solution and

the mapping process. These limitations were identified, and corresponding solutions were proposed.

An estimated evaluation of a system incorporating these improvements further validated the stream-

driven model’s adaptability in high-demand application domains. Comparisons with fixed-dataflow DSA

architectures, such as Gemmini, demonstrated that the proposed architecture can achieve a compara-

ble performance and energy efficiency, while retaining the flexibility inherent to reconfigurable designs.

These findings also suggest that future systems could significantly reduce the number of specialized

blocks or accelerators by adopting a stream-supported, dataflow-driven reconfigurable architectures.

Such an approach would allow significant reductions of the silicon area and complexity costs, while miti-

gating the growing verification overhead associated with integrating an increasing number of specialized

functional units in modern systems.

7.2 Existing limitations

Since the identified limitatations fall outside the scope that is possible in a single Masters dissertation,

the proposed solutions had to be left for further exploration.

Compiler challenges

A key challenge is the low level of abstraction that is considered by current tools for CGRAs. The

toolchain relies on traditional GPP-oriented models, which limit its ability to efficiently represent and

map operations like reductions and accumulations. As a result, these operations are implemented inef-

ficiently, leading to excessive memory accesses, larger DFGs, and higher initiation intervals (IIs), all of

which reduce performance.

Although more sophisticated mapping methods and tools already exist, they are not readily available

or easily integrated into mainstream toolchains. The current tools are in a crude state, with limited acces-

sibility, documentation, and support, which hinders their adoption and usability. Frameworks like MLIR

[92] offer a promising path toward higher abstraction levels and better support for dataflow paradigms.

However, significant effort is still needed to develop mature and user-friendly compiler toolchains that can

optimize the CGRAs, simplify their programming, and seamlessly integrate them into existing workflows.
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Streaming engine limitations

The current SE [36], while functional, is not fully optimized for the demands of high-performance

accelerators. It is limited to processing only one element per cycle, which significantly restricts data

throughput and prevents the full utilization of the available memory bandwidth. Additionally, the SE

issues the memory requests sequentially, waiting for replies before sending new ones. This approach

significantly limits its ability to saturate the L2 cache bandwidth, making it a bottleneck for the overall

system performance.

To address these limitations, several improvements are proposed. Parallel address generation is

needed to handle multiple iterations of stream descriptors in a single cycle. Iterations over higher-

dimensional stream descriptors should occur in parallel with processing lower dimensions, avoiding

wasted cycles where no addresses are generated. Faster vector register population would also enable

the SE to process multiple data elements simultaneously, accelerating data transfers. Finally, support-

ing of multiple concurrent in-flight memory requests would eliminate the sequential request-response

bottleneck, improving memory handling and fully utilizing the available bandwidth. Together, these en-

hancements would significantly improve the data throughput and allow the accelerator to better achieve

its performance potential.

Hardware resource utilization

In the current implementation, the design of certain hardware components, such as stream remap-

pers and skew synchronizers, scales unnecessarily with the maximum initiation interval (II). This scaling

introduces inefficiencies in hardware resource utilization that could be addressed with alternative design

approaches.

The stream remappers can currently remap all stream elements for an entire II in a single cycle. This

operation could instead be spread across the II duration, making it independent of the II and reliant only

on the mesh input-output (I/O) requirements, reducing the hardware demands.

Similarly, skew synchronizers are assigned to each time-extended mesh port, even though most

microstreams do not require delays and many ports remain unused. A shared pool of synchronizers

could be introduced to handle delays only when necessary, using the existing permutation network to

direct the microstreams as needed.

By decoupling the resource requirements of these components from the II, the design could support

larger computational kernels without increasing the hardware costs. This would significantly improve

scalability and area efficiency, enhancing the architecture’s adaptability to a wide range of workloads.

7.3 Recommendations for future research

To address these limitations, future efforts should focus on:

1. Advanced compiler development: Create compilers supporting improved abstraction levels and

better mapping algorithms for CGRAs. MLIR stands out as a strong common standard, offering
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the right level of abstraction and portability to make compiler and mapping improvements easily

reusable across projects.

2. Improved streaming engine: Redesign the SE to handle multiple in-flight memory requests,

enable parallel address generation, and improve data throughput to fully utilize memory bandwidth.

3. Hardware optimization: Revise some components design, such as the remappers and synchro-

nizers, to eliminate unnecessary dependencies on II, reducing resource usage and improving scal-

ability.

4. Improved toolchains: Create more accessible and feature-complete tools to enhance usability

and broaden adoption.

5. Expanded benchmarking: Test the architecture on a broader range of workloads to validate

performance and efficiency across diverse applications.

7.4 Final remarks

This thesis demonstrated the potential of a flexible and reconfigurable accelerator architecture that

integrates data streaming with CGRA acceleration. The proposed system achieves substantial improve-

ments in performance and energy efficiency, while offering versatility levels that are not found in tra-

ditional DSAs. By addressing the outlined limitations, future iterations can further capitalize on these

advantages to meet the growing computational demands of modern applications.

Through the envisaged advancements in compiler technology, hardware optimization, and streaming

efficiency, this work provides a foundation for the widespread adoption of stream-based reconfigurable

accelerators. The findings underscore the viability of stream-driven architectures as a compelling al-

ternative to specialized fixed-function accelerators, enabling greater adaptability without sacrificing effi-

ciency.
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Appendix A

Load MMU

The load memory management unit (LMMU), shown in Fig. A.1, consists of three main modules: the

load request queue (LRQ), the load line buffer (LLB), and the load FIFO (LF). When the streaming engine

generates a memory address, it is first registered in the LRQ, which groups addresses by memory row

for coalescing. The LRQ issues requests for the required cache lines to the memory system, and the

LLB receives and stores these lines as they arrive. The LF then extracts the data elements needed for

each stream address from the LLB, assembles them in the correct stream order, and delivers the data

to the processing unit. This architecture enables efficient memory access and optimized data flow to the

processor.

More information about the LMMU can be found in the theses by Fernandes [36] and Midões [93].
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Figure 4.8: Overview of Load Memory Management Unit

4.2.2.B Internal Architecture

The LF unit is responsible for storing loaded data before delivering it to the attached processing unit. To

achieve this, the unit implements a collection of register tables, each containing the associated stream

metadata (stream identifier, and width) and a set of vectors (buffering queues) to temporarily hold the

data before passing it to the processing unit.

Each table entry is equipped with a set of pointers that control the writing of data into the correct

vector and correct byte, ensure proper data coalescing. Additionally, each vector entry also contains a

valid flag and a predicate flag. The valid flag indicates whether the specific byte contains valid data,

while the predicate flag determines whether the data should be processed or ignored.

Once a vector reaches its full capacity, a reserved flag is activated, advancing the vector pointer and

signalling the availability of data to the attached processing unit.

Finally, each Load FIFO table entry includes a done flag, which indicates whether the Streaming

Engine (SE) has finished generating addresses for the configured stream and it is only awiting for the

data to be fetched from memory.

4.2.2.C Execution Flow

The execution of this unit can be described in two steps: data loading and data consumption.

During the initial configuration of a stream in the SS unit, an entry in the LF register table is set

up. This process clears any values from previous configurations and sets the stream’s characteristics,
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