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Abstract

Leveraging Design-Time Abstractions for Accelerator Design and Integration

Martha Massee Barker

With the end of Dennard scaling and the slowdown of Moore’s law, the computing industry has
turned to heterogeneous architectures to improve performance and energy efficiency. These sys-
tems combine general-purpose processors with domain-specific accelerators, delivering significant
performance-per-watt improvement by executing critical compute kernels in hardware. However,
designing and programming accelerators remains a specialized and complex task, requiring both
domain-specific knowledge and hardware design expertise.

This dissertation supports the thesis that design-time abstractions are essential to effective ac-
celerator design and integration, and their careful selection can substantially simplify the imple-
mentation of key features. To support this claim, this dissertation presents three contributions that
leverage abstractions to improve the design and usability of accelerators.

First, it introduces a synthesized, hardware-only garbage collector for FPGA accelerators. The
collector operates concurrently with the accelerator, exploiting idle memory cycles and incurring
negligible performance overhead under an eager collection policy. Second, it presents a method
for automatic partitioning and control of fine-grained power domains in dataflow circuits. By using
activity signals inherent to the dataflow abstraction, the method partitions logic into sleepable and
always-on power domains and synthesizes control signals with provable correctness guarantees.
Finally, it proposes Accel, a novel MLIR dialect for compiler-directed task dispatch in chiplet-
based accelerators. Our dialect captures task graph structure and scheduling constraints, enabling
a pull-based runtime execution model that improves locality and reduces synchronization overhead.
Together, these contributions show that thoughtfully chosen abstractions can enhance productivity

and enable features that would otherwise be difficult to implement.
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Chapter 1: Introduction

With the end of Dennard scaling [1, 2] and the slowdown of Moore’s law [3], the traditional
avenues for improving processor performance, namely increasing clock frequency and transistor
density, have become less effective. Multicore architectures, architectures with multiple simple
cores, exploit parallelism to improve performance; however, the potential gain is limited by Am-
dahl’s law [4]. As a result, computer architecture has pivoted towards heterogeneous computing to
improve performance and energy efficiency [5]. Heterogeneous architectures combine general pur-
pose processors and accelerators, custom hardware designed for specific compute tasks, onto the
same system on chip (SoC). These accelerators execute critical compute kernels directly in hard-
ware, avoiding the overheads of CPU control logic. As a result, they often deliver significantly
greater energy efficiency and performance for their designated tasks. This performance-per-watt
advantage has made heterogeneous computing an attractive solution across a wide range of do-
mains, from mobile devices [6, 7, 8] and embedded systems [9, 10] to data centers [11, 12, 13, 14,
15] and high-performance computing platforms [16, 17].

Despite these advantages, heterogeneous architectures are substantially more complex than
single-core or multicore architectures. This complexity arises from the need to manage a diverse
set of processing units, each with its own design constraints, performance characteristics, and
programming model. Designing heterogeneous systems involves a range of challenges that span
the accelerator’s lifetime from design through utilization.

In the early stages of design, architects must identify compute kernels for acceleration, requir-
ing both domain knowledge and hardware design expertise. Once a kernel is identified, designing
the accelerator itself presents challenges such as designing the compute logic, ensuring correctness,
and meeting performance and energy goals. After the compute logic is in place, the accelerator

must be integrated into the larger system which includes memory, communication, and host CPUs.



Finally, the runtime management of accelerators, deciding when and how to invoke them and en-
suring their effective utilization, requires significant software development [18].

This dissertation focuses on two key challenges: reducing the design effort involved in accel-
erator development, and improving the integration of accelerators into software workflows. To
address these challenges, this dissertation supports the thesis that design-time abstractions are es-
sential to effective accelerator design and integration, and their careful selection can substantially
simplify the implementation of key features.

This dissertation first provides two examples where using a dataflow design abstraction can
facilitate accelerator design, specifically the design of memory management and power manage-
ment in accelerators. The term dataflow appears in many contexts; in this dissertation it refers to a
circuit representation comprising functional blocks, called actors, that send and receive data tokens
according to a handshake protocol. Data tokens are transmitted only when the sender offers a sig-
nal downstream that the data is valid and the receiver indicates via an upstream signal that they are
ready to receive the data. Circuit design using a dataflow representation confers several valuable
properties: the circuits are highly parallel, and they are patient because the data transmission hand-
shake decouples timing from function. This dissertation demonstrates two scenarios in which this
dataflow representation facilitates hardware design: a hardware garbage collector for FPGA-based
accelerators and automatic fine-grained power domain identification and control logic synthesis.

Chapter 3 presents the garbage collector. Garbage collection is a key feature of managed pro-
gramming languages. It simplifies software development and eliminates certain memory bugs,
namely memory leaks and use-after-free errors. Our garbage collector is naturally robust to vari-
able memory access latency, which allows it to run in parallel with the application it serves, waiting
patiently to execute its memory accesses during the application’s idle cycles. This garbage collec-
tor works best when it runs continuously in the background to maintain enough free memory for
the application to make progress.

Chapter 4 demonstrates how the dataflow representation facilitates automatic power domain in-

sertion and control in accelerators. Power gating a circuit reduces power consumption by supplying



power to only the active parts of the circuit and powering down the idle parts. Defining independent
power domains and generating the necessary control signals can be challenging. Large domains
are easy to control, but suboptimal because the entire domain needs to be on if any part of the
domain is on. Small domains do not suffer this problem, but demand complicated control to en-
sure they are awake when needed. Typically both the domains and their control logic are manually
defined. In contrast, we have designed and implemented a pass in an open source compiler [19]
which automatically defines and controls fine-grained power domains.

Chapter 5 presents an IR to facilitate accelerator utilization, specifically task dispatch to chiplet
accelerators. Chiplet accelerators, or accelerators comprised of many small integrated circuits
working together, are typically represented to host software as a set of queues containing tasks to
be dispatched to each accelerator intermingled with barriers and other synchronization operations.
On the accelerator side, a command processor pulls from this queue and dispatches tasks to accel-
erators, respecting the synchronization operations as it encounters them. This push-based model is
simple but can suffer from load imbalance and head-of-line blocking, resulting in wasted compute
resources and delays. We designed a new dialect in MLIR, an open source compiler, that puts hints
about the full topology of the task graph in the queue for the command processor. Specifically, the
host-side compiler analyzes the graph and batches tasks so that the command processor runs them
on the same physical chiplet, reducing delays caused by data movement while still maximizing

compute resource usage.

1.1 Summary of Contributions

The contributions of this dissertation consists of three projects that demonstrate how design
abstractions facilitate accelerator design and integration.
1.1.1 Synthesized Garbage Collection for FPGA Accelerators

Speed and ease of accelerator design is a growing need. High-level programming languages

have provided significant gains in the software world, but lag behind in hardware development. We



present a hardware implementation of a garbage collector that automates memory management,
one of the major conveniences of modern software languages. Our garbage collector runs concur-
rently with the application it serves, using idle memory slots to operate with little to no impact on
performance. To achieve this, our collector exploits rapid synchronization that is straightforward
in hardware but difficult in software. This synchronization enables the collector to interleave with
fine pockets of idleness on a per-cycle, per-heap basis.

Our collector typically incurred negligible overhead, only slowing the application to wait for
collection to free memory when the heaps were so small that the collector could not keep pace with
allocation. We also found that our concurrent collector performs best under an eager collection
policy that collects garbage well before the application exhausts the available memory. Although
this eager strategy performs more collection operations than strictly necessary, the application

never pauses because our collector operates entirely in the background.

1.1.2 Automated Power Domain Insertion and Control

Energy efficiency has become a primary concern in circuit design. Dennard scaling has ended,
so operating voltages have ceased shrinking along with transistor sizes, meaning running a circuit
at full capacity violates heat dissipation limits and battery lifetimes. Power gating is a promising
solution, but defining independent power domains and generating the necessary control signals
can be challenging. Large domains are easy to control, but sub-optimal because the entire domain
needs to be on if any part of the domain is on. Small domains avoid this problem but demand
complicated control to ensure they are awake when needed.

We present algorithms, implemented in a high-level synthesis tool, that define and control
fine-grained power domains. Starting from the dataflow representation used during synthesis, our
algorithms partition dataflow actors into always-on and sleepable domains and automatically gen-
erate wake signals using detailed activity information naturally available in the dataflow circuitry.
Our experiments generated partitioned circuits with between 48 and 541 fine grained power do-

mains, far more than could be manually implemented. Additionally, these designs have a provable



progress guarantee that domains will wake up and produce the same results as the ungated circuit,
regardless of the delay in actually waking the power domain. We found that power domains sleep
on average 60%-73% of the runtime, but that waking and sleeping interdependent dataflow actors

can extend overall runtime.

1.1.3 Compiler-Directed Task Dispatch for Chiplet Accelerators

Chiplet-based accelerators are increasingly common in heterogeneous systems. However, con-
ventional push-based task dispatch models where the host enqueues tasks into in-order queues
struggle to support the fine-grained, asynchronous workloads prevalent in modern applications.
These models introduce inefficiencies such as head-of-line blocking, limited flexibility, and poor
resource utilization. We introduce Accel, a custom MLIR dialect designed to represent task graphs,
dependencies, and scheduler directives. The dialect allows the compiler to encode readiness con-
ditions, control dependencies, and fine-grained execution flow into a programmable intermediate
representation. Our runtime scheduler interprets the directives and dispatches work to accelerators
only when dependencies are resolved, significantly reducing overhead.

We prototype our system on an AMD Versal platform featuring AIE accelerators and Black-
Parrot RISC-V packet processors and evaluate it using sparse triangular solver workloads. Com-
pared to a traditional push-based model, our approach achieves up to 50% speedup over the push-
based model. These results demonstrate that compiler-guided dispatch and programmable runtime
scheduling are effective tools for enabling scalable, autonomous task graph execution in chiplet-

based accelerators.

1.2 Dissertation OQutline

In the remainder of this dissertation, Chapter 2 provides background information accelerator
design and programming models, compiler multi-level lowering, and the dataflow representation
used in the first two contributions. Chapter 3 presents a synthesized garbage collector for FPGA

accelerators. Chapter 4 presents a methodology for automated power domain insertion and control



in dataflow circuits. Chapter 5 presents an intermediate representation to facilitate compiler-driven
task dispatch in chiplet accelerators. Finally, Chapter 6 summarizes the contributions of this dis-

sertation and proposes future work.



Chapter 2: Background

This chapter lays the foundation for the remainder of the dissertation. It begins with an
overview of the architectural challenges that gave rise to heterogeneous systems (Section 2.1).
Then, Section 2.2 gives an overview of accelerators, beginning with a survey of their use in mod-
ern systems (Section 2.2.1), followed by a deeper discussion of accelerator design (Section 2.2.2)
and programming models (Section 2.2.3). We then pivot in Section 2.3 to an overview of the
dataflow abstraction used in Chapter 3 and Chapter 4. Finally, Section 2.4 provides an overview of

multi-level IR lowering, the compiler methodology integral to Chapter 5.

2.1 The Rise of Heterogeneous Computing

For many years, Moore’s Law [3] enabled rapid performance improvements by doubling the
number of transistors on a chip approximately every two years. This growth in transistor density
allowed for increasingly complex and powerful processors. Perhaps an even more significant factor
was Dennard’s observation in the 1970s - known as Dennard scaling - that as transistors shrank,
their voltage and capacitance also shrank proportionally [1]. This meant that smaller transistors not
only operated faster, but also consumed less power and that power density, defined as the amount
of power dissipated per unit area, remained roughly constant even as transistor counts increased.

However, as transistors shrank, the physical assumptions underlying Dennard scaling began
to break down [2]. Leakage current is the electrical current that flows through transistors even
when they are inactive. While leakage current had been negligible for large transistors, it is more
significant at smaller scales due to shorter channel lengths. This led to the so-called power wall,
where power density constraints limit the performance gains achievable through increasing tran-

sistor count and clock frequency. Simply adding more transistors no longer translated into perfor-



mance improvements, as the associated power and thermal costs became unsustainable.

This shift pushed computer architects to seek performance improvements in other ways, lead-
ing to the rise of multicore architectures. Instead of relying on faster individual cores, multicore
processors integrate multiple CPU cores onto a single chip. These architectures improve per-
formance by parallelizing workloads across multiple cores. However, Amdahl’s Law imposes a
fundamental limit on the speedup achievable through parallelization. The maximum speedup is
limited by the portions of an application that must execute sequentially, and even for highly par-
allel workloads, the best case speedup scales linearly with the number of cores. Even for highly
parallel applications, real-world performance improvements are not linear due to synchronization
and communication overheads [4, 20, 21]. While multicore processors have delivered substantial
performance benefits and remain a central part of modern computing, they are unlikely to drive
future gains at the same pace.

In achieve improvements beyond multicore scaling, computer architects have increasingly
turned to specialization to achieve performance and energy improvements [22]. Heterogeneous
systems integrate general-purpose CPUs with specialized accelerators, customized hardware cir-
cuits designed to execute a specific algorithm with greater energy efficiency and performance than
general-purpose processors.

Despite their advantages, heterogeneous architectures are more challenging to design and im-
plement than single-core and multicore architectures. A key challenge is identifying the computa-
tional kernels that will benefit most from acceleration. Then comes the task of mapping algorithms
to hardware, which requires both hardware design and domain-specific knowledge. Integrating
accelerators into the system poses challenges such as communication, memory consistency, and
power management which often must be explicitly handled by the accelerator. Heterogeneous
architectures are also more challenging to design at the physical level to meet timing, area, and
thermal constraints. Finally, the programming model for accelerators remains a significant chal-
lenge. Unlike CPUs, accelerators often require specialized frameworks, compilers, and APIs,

which makes software development and debugging more complex.



2.2 Accelerators

There are a wide variety of accelerators, each offering different trade-offs in performance, en-
ergy, and flexibility. Application-specific integrated circuits (ASICs) are the most specialized ac-
celerators, designed to execute a fixed function with maximum performance and power efficiency.
However, this specialization comes with high design and fabrication costs [23]. Less special-
ized accelerators, such as graphics processing units (GPUs) and field-programmable gate arrays
(FPGAs), offer more flexibility. GPUs contain hundreds to thousands of small cores designed to
perform the same operation on a large volume of data in parallel. Originally developed for graph-
ics rendering, they are now widely used across other domains such as scientific computing and
machine learning. FPGAs, on the other hand, offer flexibility through their arrays of configurable
logic blocks that can be programmed to implement a desired function. While their performance
and energy efficiency generally exceed those of CPUs, they fall short of ASICs. Nonetheless, the

reconfigurable nature of FPGAs allow them to adapt to evolving accelerator needs [24].

2.2.1 Survey of Accelerators

Accelerators are ubiquitous across the entire computing spectrum, from mobile devices to
large-scale data centers. In the mobile domain, SoCs now routinely incorporate a wide range of
accelerators to handle tasks such as graphics rendering [25], image and video processing [26], and
signal processing [27]. At the other end of the spectrum, the rise of big data, machine learning, and
cloud services has spurred the adoption of accelerators in data centers. These accelerators are used
to handle large-scale data processing tasks such as machine learning training and inference [11] and
data transformation [28]. One notable early example is Microsoft’s use of FPGAs in its Azure data
centers to accelerate search ranking and network processing tasks [12]. Microsoft’s data centers
demonstrate that integrating FPGA accelerators into server architectures can improve throughput
and reduce latency for cloud services while offering reconfigurability for evolving workloads.

Machine learning has also been a major driver in the demand for accelerators [29, 30, 31].



Early machine learning models were run on general-purpose CPUs. However, general-purpose
processors are not well-suited to the large number of matrix multiplication operations necessary for
training and inference. In the late 2000s researchers started using GPUs to train machine learning
models, as their architecture is optimized to perform the same operation across large data sets.
In 2012 researchers at the University of Toronto demonstrated the benefit GPU acceleration for
machine learning with AlexNet which used GPUs to train their deep convolutional neural network
for the ImageNet competition [32]. As machine learning models and datasets grew larger, even
GPUs were unable to meet performance and energy demands which prompted a shift towards
ASICs for machine learning. Google developed the Tensor Processing Unit (TPU), an accelerator
designed for machine learning inference and later extended to training, and deployed them in their
data centers in 2015 [11]. The TPU is designed around systolic arrays of matrix multipliers which
improve performance and energy efficiency over GPUs by reducing reads and writes to memory.
A growing area of accelerator design is the use of chiplets, which are small modular functional
blocks that can be integrated into a single package [33, 34, 35]. Unlike traditional SoC designs
which require fabricating all components on a single die, chiplet-based architectures enable de-
signers to assemble systems from a variety of blocks. These chiplets can perform specialized tasks
and be fabricated using different process nodes optimized for their specific functions. Chiplet ac-
celerators enable better scalability, design reuse, and integration by allowing designers to mix and
match different components. This type of modular design is also a cost-effective way to improve

manufacturing yield and reduce design cost because smaller dies are less susceptible to defects.

2.2.2 Accelerator Design

While accelerators come in many forms, they are generally composed of a common set of
components. At the core of every accelerator are one or more processing elements responsible for
executing computations. In ASICs, this logic is hard-wired to perform a fixed function. In contrast,
programmable accelerators such as GPUs contain many small cores with custom instruction sets,

enabling flexibility across a broader range of workloads.
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Unlike general-purpose CPUs, most accelerators do not rely on the system memory hierar-
chy. Instead, they use explicitly managed local memories known as scratchpads, which offer low-
latency access and predictable performance [36]. GPUs are an exception, often incorporating a full
memory hierarchy into the accelerator [37].

To communicate with the rest of the system, accelerators require dedicated communication
infrastructure. In simpler configurations, accelerators are connected to the host via a shared bus.
More complex systems use a network-on-chip (NoC) to connect many cores and accelerators via a
packet-based communication network [38].

Finally, many accelerators include control logic to manage configuration, decode instructions,
and coordinate the processing elements. This control logic can range from a simple state ma-
chine in fixed-function designs to sophisticated controllers that interpret and schedule instruction
in programmable accelerators.

All of these components contribute to the overall complexity of accelerator design. Most
accelerators are developed at the register-transfer level (RTL), where digital logic behavior is
described using hardware description languages such as SystemVerilog [39] and VHDL ashen-
den2010designer. These languages, which are analogous to low-level assembly languages in soft-
ware, offer fine-grained control over both hardware behavior and structure. This gives the devel-
oper the ability to tailor every aspect of the hardware; however, it is time-consuming and requires
expertise in digital logic design.

An alternative to traditional RTL design is high-level synthesis (HLS), a methodology which
compiles accelerator designs written in high-level languages into RTL [40]. HLS significantly re-
duces the development cost of accelerators by raising the level of abstraction. However, achieving
high performance with HLS still often requires knowledge of the underlying hardware. Addi-
tionally, HLS tools typically support only a subset of language features, requiring developers to
write code within the tool’s synthesis capabilities. Several commercial HLS tools are available,
including Cadence Stratus [41] and AMD Vitis HLS [42], which are widely used for both ASIC

and FPGA development. HLS is also an active area of research with ongoing efforts to improve
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the performance and efficiency of synthesized accelerators and to broaden the range of high-level
programs that can be effectively mapped to hardware [43, 44].

In addition to high-level synthesis, there is growing research interest in domain-specific lan-
guages specifically for hardware development. These languages aim to raise the abstraction level
above RTL while avoiding the limitations associated with using existing software languages for
hardware design [45, 46, 47]. However, these languages have limited uptake due to factors such as

the steep learning curve and the need to adopt new and less mature toolchains.

2.2.3 Accelerator Programming Models

Heterogeneous architectures also introduce significant challenges for software developers to
effectively utilize specialized components. In traditional single-core and multicore architectures,
the instruction set architecture (ISA) abstracts away much of the underlying hardware complexity,
allowing programmers to write code without needing detailed knowledge of the processor’s imple-
mentation. In contrast, developers must understand the specific characteristics and capabilities of
each device in a heterogeneous system to achieve good performance.

Programming heterogeneous systems presents several key challenges. One major issue is porta-
bility across architectures and the lack of unified abstractions. Different heterogeneous architec-
tures may include different combinations of CPUs, GPUs, and other accelerators, each with unique
capabilities and interfaces.

Another challenge involves task assignment and load balancing. Determining how to allo-
cate tasks to available accelerators to maximize system efficiency is a complex problem. These
decisions can be made statically at compile time or dynamically at runtime, and factors such as
contention, resource availability, and data locality all affect performance. For example, assign-
ing a task to an accelerator experiencing high traffic may degrade overall performance rather than
improve it.

Finally, the memory hierarchy and data movement pose a challenge. Many accelerators do

not utilize the system’s memory hierarchy, but instead rely on their own local scratchpad memo-
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ries. This requires software to manage data transfers to and from these memories, and to ensure
consistency.

Accelerator programming models are heavily influenced by where the accelerator is integrated
into the overall system. Tightly coupled accelerators are typically embedded within the processor
datapath or close to the processor core, often sharing registers, caches, and other architectural
resources [48]. These accelerators are usually accessed through ISA extensions, which define new
instructions that invoke the accelerator’s functionality as part of the standard instruction flow.

This level of integration enables low-latency invocation and fine-grained coordination between
the processor and the accelerator. However, the developer must program the accelerator directly us-
ing assembly or the compiler must be aware of the extended ISA and support the generation of the
new instructions. This may involve modifying the compiler’s instruction selection and scheduling
phases to ensure that the accelerator-specific instructions are emitted correctly.

For loosely coupled accelerators, those connected to the processor via the memory bus, much
of the research and development in heterogeneous programming models has focused on GPUs.
Most GPU programming models fall into two main categories: specialized languages designed for
GPU programming and directive-based models that extend existing programming languages.

The first category includes low-level models such as CUDA [49] and OpenCL [50], and HIP
[51]. These frameworks expose the underlying GPU hardware through APIs that allow developers
to write parallel algorithms. They provide fine-grained control over thread organization, memory
usage, and synchronization, enabling high-performance execution of compute kernels on GPUs.
However, this performance comes at the cost of portability and ease of development because code
must be written specifically for the target model.

The second category is directive-based models, which use special compiler directives, or key-
words embedded in the source code, to guide parallel execution. Examples include as OpenMP
[52] and OpenACC [53]. These models simplify GPU programming by allowing developers to
incrementally adapt existing CPU code for GPU execution without requiring a complete rewrite.

Developers identify parallel regions of code using the directives, and, in some models, also specify
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how tasks should be mapped to the device. While these models offer less fine-grained control, they
are more accessible and portable compared to low-level approaches.

Unlike GPUs, which have well-established and broadly adopted APIs, many other classes of
accelerators have much less mature programming models. These accelerators have diverse inter-
faces, which makes it difficult to develop unified programming abstractions. As a result, these
accelerators are often programmed through domain-specific languages and frameworks that ab-
stract away hardware details while targeting specific application domains. In the machine learning
domain, for example, frameworks like PyTorch [54] and TensorFlow [abadi] allow developers to
define neural networks in a Python-based environment. These models are then compiled using
domain-specific compilers such as XLLA (Accelerated Linear Algebra) [55], which optimize and
lower machine learning computations into backend-specific code for CPUs, GPUs, and TPUs.

Outside of these narrowly focused domains, the challenge of writing portable, high-performance
code across heterogeneous systems remains. This has motivated the development of portability
frameworks like Kokkos [56], RAJA [57], and SYCL [58]. These frameworks provide higher-
level abstractions for expressing parallelism and data movement in a hardware-agnostic way.

Portability frameworks are typically used in conjunction with a runtime system that is respon-
sible for managing the dynamic aspects of parallel computation. For example, the runtime system
may determine how to map tasks to accelerator devices, when and how to transfer data between
memory spaces, and how to respond to changing workloads or system states. The framework and

runtime together enable developers to effectively program accelerator-rich heterogeneous systems.

2.3 Dataflow Abstraction

Dataflow architectures were first introduced in the 1970s and 1980s as general-purpose ISAs
to enable highly parallel computation by executing program parts whenever the necessary data
values became available, rather than following a strict sequential order [59, 60]. Numerous vari-
ations were proposed, but these architectures struggled to compete with the more established von

Neumann model in terms of performance. Additionally, they required specialized dataflow pro-
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gramming languages, which limited their accessibility and broader adoption [61, 62]. As a result,
dataflow architectures failed to gain traction in mainstream computing.

As improvements in single-core performance began to slow in the mid-2000s, dataflow archi-
tectures received renewed attention as a potentially more scalable and more parallel alternative to
superscalar designs [63, 64, 65, 66]. Despite promising research prototypes, multicore processors
emerged as the more practical and widely adopted solution, offering better backward compatibility
and easier integration into existing software ecosystems.

More recently, the dataflow abstraction has experienced a resurgence as an intermediate rep-
resentation in HL.S workflows to compile programs with complex control flow where traditional
static scheduling falls short [67, 68, 69, 70]. These modern dataflow IRs use latency-insensitive
design [71, 72] to implement dataflow networks as digital logic circuits.

A dataflow circuit is a network of functional units, called actors, connected via channels where
data is transferred as tokens according to a latency-insensitive handshake protocol. The circuit
implementation of each actor includes both functional logic and handshake logic to determine
when it accepts and produces tokens. Each channel implements a latency-insensitive handshake as
follows. Each data wire between actors is accompanied by a valid signal that is 1 if the upstream
actor is offering a data token. A ready signal runs in the reverse direction indicating when the
downstream actor is ready to consume a data token. In this protocol, a token is transferred between
actors if and only if both valid and ready are true.

Each channel consists of a data signal, which carries the payload, an accompanying valid
signal to indicate if the data is a valid token, and a ready signal running in the opposite direction
to indicate if the downstream actor is ready to accept data. Tokens are transferred only when both

valid and ready are true.
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Figure 2.1: An example of a unit-rate actor. The thick lines show the functional wires, and the thin
lines the handshake wires.

Figure 2.1 depicts an example of a unit-rate actor, which waits for a single token on each of its
inputs before producing a single token on each of its outputs. The thick lines represent functional
wires, and the thin lines represent handshake wires. The output is valid if both inputs are valid,
and the inputs are ready if the output is ready and valid.

CIRCT [19], an open source hardware compiler, contains a library of actor implementations
which is consistent with the actors described by Townsend et al. [70], but arbitrary additional
actors can be designed. In addition to unit-rate actors, mux and demux actors consume a select
token from their control input then either routes a token from the selected input to the output or
routes a token from the input to the selected output, respectively. A merge actor selects a token
from one of its inputs and routes it to the output. It has an additional output channel which emits a
select token indicating the chosen input channel.

Dataflow actors are compositional, enabling complex circuits to be constructed from these
simple components. To prevent combinational cycles within a dataflow network, two key rules are
enforced. First, every cycle in the dataflow network must have at least one data and one control
buffer. Second, no actor may have a combinational path from any of its ready signals to any of its
valid signals. These constraints eliminate combinational cycles and ensure that dataflow circuits
are deadlock-free.

Channels in the dataflow network are unbounded FIFOs, but practically they are implemented
several ways for different functions. The simplest communication channel is a direct point-to-point
connection. This connection is fast, but couples the actors’ firing rules and potentially creates long
combinational paths. The communication channel can also be a buffer that holds a single data token

and decouples the firing of upstream and downstream actors. A data buffer breaks a combinational
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int b 1;
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Figure 2.2: Dataflow network implementing the Collatz Conjecture algorithm. Each block repre-
sents a dataflow actor that sends and receives data according to a handshake protocol.
path in the data/valid network, and a control buffer breaks a path in the ready network. Lastly, a
fork implements a channel with fanout that handles ready and valid signals without introducing
combinational cycles.

As an example, we show a dataflow implementation of the Collatz Conjecture algorithm to
determine the number of iterations it takes to turn its argument n into the value 1 by repeated

n/2 if n is even
applications of the function f(n) = Figure 2.2 depicts a C implementation

3n+1 otherwise.

and its corresponding dataflow implementation. In the dataflow, in the first iteration, a mux passes
the input through to an equality actor which determines if the Collatz sequence is complete and the
number of iterations is output or to continue the algorithm by passing the token to a sequence of
actors to check parity and update the number accordingly to pass back to start another iteration.
There are several key features of this abstraction that facilitate solutions to microarchitectural
design challenges. The first is that dataflow circuits are data driven - work is only done when and

where there is valid data. The second is that dataflow actors are patient, meaning the speed at which
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tokens arrive has no effect on function; computation simply waits until the required data is present
[73]. Lastly, dataflow circuits are parallel because each block operates independently, triggering
as soon as its inputs are ready, which allows actors with available data to continue working even if

other actors are stalled.

2.4 Multi-level IR Lowering

Intermediate representations (IRs) are internal abstractions used by compilers to lower code
from the source language to machine-level instructions [74]. Historically, compilers used a single
IR to bridge between high-level source languages and low-level targets. By abstracting away the
details of the source language and target device, IRs enable analysis and optimization. Intermediate
representations can also provide a common abstraction for many different front and back ends,
creating a centralized connection point. The LLVM compiler infrastructure [75], built on LLVM
IR, is a widely adopted open-source compiler framework that supports optimizations across a broad
range of source languages and targets.

However, the increasing complexity of software, especially when targeting heterogeneous sys-
tems, has driven a shift towards multi-level IR lowering in compilers [76, 77, 78]. Different opti-
mizations are most effective at different levels of abstraction, and a single IR is often insufficient
to capture the full range of transformations required for high-performance code generation. A
high-level IR that closely resembles a domain-specific language can enable domain-aware opti-
mizations, such as operation fusion - for instance combining a matrix multiplication and subse-
quent addition into a single fused operation. At the mid-level, more general-purpose compiler
optimizations - such as loop unrolling, vectorization, and tiling - can be applied to improve per-
formance across a wide range of architectures. Finally, a low-level IR that is closely tied to the
target hardware can optimize details like memory layout, instruction scheduling, and resource allo-
cation. This multi-level IR approach enables a structured and hierarchical compilation process, in
which distinct IRs represent different levels of abstraction through which the code is progressively

lowered.
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The strength of this methodology is evident in the widespread adoption of the MLIR (multi-
level intermediate representation) framework [76], despite its relatively recent introduction. MLIR
is amodular and extensible compiler infrastructure designed to simplify the development of domain-
specific compilers and support progressive lowering across multiple levels of abstraction. MLIR
enables developers to define dialects, which are customized IRs with their own operations, types,
and transformation passes. This flexibility allows developers to express domain semantics clearly
while leveraging shared infrastructure for optimization, analysis, and code generation. It also en-
courages reuse, as developers can use their own custom dialects alongside existing ones to create
complex compiler pipelines tailored to specific domains. The framework has been adopted across
many domains and several major domain-specific compilers including TensorFlow [79] and IREE

[80] are transitioning to MLIR.
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Chapter 3: Synthesized Garbage Collection for FPGA Accelerators

This chapter focuses on memory management for accelerators, a feature typically managed by
software. This chapter presents a synthesized, hardware-only garbage collector for FPGA acceler-
ators that simplifies accelerator development by automating memory management. The collector
leverages the dataflow abstraction described in Section 2.3, which enables highly parallel, latency-
insensitive coordination between application logic and background collection tasks. By exploiting
idle memory cycles and leveraging the rapid synchronization possible in hardware, the collector
runs concurrently with the application and imposes negligible overhead. This work demonstrates
how abstraction at the circuit level can facilitate the integration of runtime services into hardware

while maintaining high performance expected of accelerators.

3.1 Introduction

FPGAs are attractive acceleration platforms with recent commercial and cloud deployments.
However, programming FPGAs remains a formidable engineering effort, requiring intimate knowl-
edge of hardware design and the application. High-level synthesis (HLS) can greatly reduce this
effort by compiling programs specified in a higher-level language, although it rarely matches the
quality of hand-engineered designs. Nevertheless, rapid design and deployment remain paramount
concerns alongside performance, as evidenced by Google’s use of HLS to design its video transcod-
ing chip [81].

In modern programming languages, garbage collection simplifies the developer’s task and elim-
inates bugs such as memory leaks and use-after-free errors. High-level synthesis reduces the effort
of hardware design by compiling programs written in higher-level languages, but although HLS

frameworks excel at optimizing arithmetic, loops, and regular memory accesses, they provide lim-
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ited support for memory management.

In software, garbage collectors typically impose a 10-35% slowdown depending on the appli-
cation [82, 83], which hardware acceleration can sometimes reduce [84, 83, 85, 86]. By definition,
accelerators are faster than software and are therefore even more sensitive to interference from a
garbage collector. A Ims collection pause on a 100ms software task is just 1% of runtime, but the
same pause on a 10ms accelerated task results in a 10% slowdown.

We present a synthesized, hardware-only automatic garbage collector that operates concur-
rently with the accelerator, imposing a negligible slowdown on the accelerator (e.g., under 1%)
with sufficiently large heaps. Our collector integrates with FPGA accelerators synthesized from
Haskell [87, 70] and operates on multiple, parallel heap memories. Each is implemented with
FPGA BRAMs and can perform either an application or garbage collection operation in each clock
cycle.

When free memory dwindles below a given fraction of the total heap size, our garbage collector
initiates collection by taking a snapshot of all of the pointers in the program’s possession. First,
it performs a global memory fence, which waits for all in-flight memory operations to complete
while prohibiting new ones. Then, the collector takes a single-cycle snapshot of all the “roots”—
the pointers directly known to the application—and resumes normal application execution. In our
hardware collector, this operation is vastly less intrusive than is typical in software implementa-
tions.

Our hardware collector synchronizes rapidly with the application, allowing it to safely run in
the background. The collector uses memory cycles that the application would otherwise leave idle,
much like simultaneous multithreading [88] fills idle execution slots with instructions from other
threads. To keep the memory allocator available to the application during collection, the allocator
and collector maintain a shared list of free objects to which the collector enqueues and the allocator
dequeues. Maintaining such consistency is costly in software but is easy to do in hardware.

Our collector is integrated into an FPGA HLS flow that relies on an immutable memory model,

i.e., the contents of an object are fixed at allocation time. While this simplifies the challenge of
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allowing the application to run during collection, our approach does not demand it. The techniques
that other collectors [84, 89] use to manage mutations of the heap during collection could apply in

our setting.

3.2 Garbage Collection Background

A garbage collector is an automated memory management tool that identifies and reclaims the
memory of “dead” objects that are no longer accessible by the application, releasing application
developers from having to manually free unused memory and the bugs that often accompany doing
so. Jones [90] is the standard text on garbage collection.

Tracing and reference counting are the two main approaches. Ours is a tracing collector, which
starts from the application’s roots—the set of pointers held directly in variables (our roots reside
in buffers throughout the microarchitecture)—then traverses the object graph to mark all objects
reachable from roots. When marking is complete, the mark and sweep variant of a tracing collector
does a linear scan to reclaim the storage of all unmarked objects.

By contrast, reference counting maintains a per-object count of references, recursively frees an
object when its count reaches zero, and usually requires more bookkeeping.

Collectors often pause the application to avoid the confusion of a changing reference graph,
a stop-the-world approach. Unfortunately, this often produces unacceptable pauses. Concurrent
collectors avoid such pauses by allowing the application to continue during collection, but are
challenging to implement efficiently because of the careful synchronization required between the

application and collector.

3.3 Related Work

Bacon et al. [84, 89] present one of the few garbage collectors that, like ours, is hardware and
coexists with an accelerator on an FPGA. Their collector is also concurrent and collects multiple
inter-connected heaps. They observed zero mutator stall cycles with heaps between 1.1 and 1.7

times the minimum necessary heap size, but did so on memory traces from a Java application; it
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is less clear what their performance overhead would be for an accelerator. Our garbage collec-
tor is integrated with a Haskell-to-Hardware compiler and we have measured its overhead on six
accelerators being virtually zero.

Termination detection is a key challenge of multi-heap garbage collectors. Bacon et al. detect
termination by waiting for the maximum cycles required for a pointer to travel between heaps;
we support undetermined delays between heaps. Furthermore, Bacon et al. connect every pair of
heaps; we only connect heaps that reference each other. Together, we believe these differences
make our approach more scalable.

Hardware accelerators for software garbage collection are less like our work. Maas et al. [83]
propose a tracing garbage collection accelerator that employs small CPU modifications. Their
accelerator achieves high memory bandwidth by using a bidirectional object layout to identify
reference fields and decoupling marking and tracing. Unlike our collector, software collects roots
and processes state such as the page-table base register and provides them to the accelerator. Jang
et al. [85] accelerate key primitives in the ParallelScavenge GC algorithm on the near-memory
logic layer of a 3D stacked DRAM. Tang et al. [91] accelerate three common GC functions that
consume nearly 50% of collection time and add CPU instructions.

Researchers have proposed alternative hardware assists for GC. The hardware reference count-
ing of Joao et al. [86] stores the reference count in object headers and caches updates to reduce
memory accesses. Srisa-an et al. [92] store a limited reference count for each object in their Active
Memory Processor. These works identify and reclaim some dead objects in hardware, reducing
the frequency of software collections. GC co-processors move collection off of the main core.
The Integrated Hardware Garbage Collector of Garcia et al. [93] is closely coupled with the pro-
cessor to support modern languages in embedded systems. Meyer [94] develops an on-chip GC
co-processor paired with a special purpose processor for embedded systems. Schmidt and Nilsen’s
Garbage Collected Memory module [95] is a near-memory co-processor accessed over the mem-
ory bus. In a CPU, hardware read barriers reduce the synchronization cost of concurrent collectors.

Azul Systems’ Click et al. [96] build a custom system for concurrent garbage collection including
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Figure 3.1: Accelerator synthesis toolchain. The Haskell program is compiled into SystemVerilog
through a dataflow IR. The assembler synthesizes per-type garbage collected heaps (Section 3.4.2)
connected to the application with glue logic (Section 3.4.3) according to type information and
designer parameters.

a read barrier instruction. Meyer [97] implements both a hardware read barrier and handler directly

in the pipeline of his GC co-processor.

3.4 Garbage Collector Design

Our garbage collector works in tandem with a hardware accelerator capable of taking atomic

snapshots of the roots. We describe these structures below.

3.4.1 Accelerator Synthesis Flow

Figure 4.1 illustrates how we synthesize our accelerators with garbage collection. We extended
the Haskell-to-Hardware compiler of Townsend et al. [87, 70], which targets algorithms with
complicated control and irregular memory access patterns that rely on an immutable, garbage-
collected heap.

The compiler synthesizes accelerators from Haskell programs by transforming them into a
dataflow network, optimizing the network, and then synthesizing the network into SystemVerilog.
Along the way, the compiler dismantles recursion and polymorphism [87] and adds buffers to the
dataflow network to break what would become combinational cycles [70].

Dataflow nodes communicate data tokens that encode integers and Haskell’s algebraic data
types (tagged unions). The hardware employs latency-insensitive channels with back pressure
[98]. Bit vectors hold data that typically includes a tag to indicate how to interpret the fields in

the rest of the vector, typically consisting of integers and references to other objects encoded as
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next ptr. | | leftchild pir. value right child ptr. [ 1]
log, N-bit 00 unmarked log, N-bit 32-bit integer log, N-bit
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Figure 3.2: Layout of a binary tree node in memory. The application sees the Object Data bits: a
value field, two child pointers sized according to the size of their heap, and a flag indicating the
object is a branch or leaf. GC Overhead bits consist of a pointer field used to indicate the next
object in the work or free list and two status bits indicating the object’s garbage collection state.
pointers—per-type word addresses. Channels are strongly typed in that the compiler knows the
possible interpretations of each vector, including any pointers.

Like Haskell’s, our heap is immutable: an object’s value is set only when the object is cre-
ated. While the maximum live object count is the same for mutable and immutable memory, the
immutable model results in more garbage because updating an object creates a new copy, keeping
the live object count the same, but generating garbage out of the old copy. The dataflow network
interacts with the heap through two primitives: write operates like C++’s new operator: it takes the

data for a particular type of object (typically tag and field), allocates and stores it in memory, and

returns a pointer to the object, whose data may be later retrieved by passing the pointer to read.

3.4.2 Heap Architecture

Our toolchain synthesizes an application-specific memory architecture in which each type has
its own heap. The bit-width of each heap is set by the bit-width of the objects it stores and garbage
collection metadata; the number of objects per heap is set by the designer. Figure 3.2 depicts the
encoding of a binary tree node. The encoding, and hence the number of bits used for each object’s
fields, is automatically synthesized and is type- and application-specific.

Figure 3.3 shows the heaps we synthesize for an application that manipulates A’s, B’s, and
C’s. Each heap has a object storage array that is accessed by the application through the heap’s

read/write interface and implemented with pipelined FPGA BRAM with logic designed to fill the
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Figure 3.3: Parallel heap architecture. Each type in the application has a dedicated heap that
operates independently from the other heaps except during garbage collection, when the heaps
share pointers discovered during mark and communicate to detect mark completion.

pipe and tolerate its latency. In each cycle, an arbiter that favors the application grants access to
either the application or the collector. Thus, while there is free memory, the application operates
uninterrupted and the collector works in the background.

Objects that reference one another require special consideration in our multi-heap setting. Our
static typing policy ensures we know at compile time which objects could potentially reference
objects in other heaps. Consider an application with three types A, B, and C, where A objects
contain B and C pointers. During garbage collection, when the marking process encounters an
object of type A, marking will have to then mark the B and C objects it refers to, which are in

separate heaps. Our heaps include such communication channels.

3.4.3 Root Collection

Garbage collection must capture a consistent snapshot of the state of the heap, notably all the
roots. Software often takes a “stop-the-world” approach: the program is temporarily halted while

the collector gathers roots from its state [90].
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Figure 3.4: Single cycle root collection design. Residing in the glue logic between application
and heaps, the root collection hardware waits for all pending memory requests to complete, snaps
an image of all pointers in the application in a single cycle via parallel loads to multiple scan-
chains, one per pointer type. These chains then drain the roots, in parallel, to their respective
heap Markers. Collecting roots without stopping the application, apart for the brief wait to resolve
pending memory requests, is a key source of performance gains. This example depicts three object
types that refer to each other. Type A objects are tree-like and may refer to two other type-A
objects, a B object, and a C object. Objects of types B and C are similarly referential.

We are able to gather roots quickly, due to the parallelism available in hardware. When col-
lection has been triggered, the heaps block new memory operations until all in-flight ones have
completed, then takes a single-cycle snapshot of all roots before letting the whole system proceed.
The mark and sweep phases of the garbage collector are then performed in the background.

Each heap’s gateway module maintains a count of in-flight reads and writes. When the free
list in any heap dwindles below a threshold, the triggering heap signals its gateway module that
it is time to garbage collect. The triggering heap also signals the others, which send the message
to their own gateways. The gateways then apply back pressure on the request channels to stop
incoming requests and wait until all pending requests complete. During this wait, nodes that are

not memory reads or writes may continue to fire.

Once pending memory requests have completed, we capture all the roots in a single “snap”
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cycle using the machinery in Figure 3.4. Compile-time type information tells us exactly where
roots can hide: every buffer that holds a type that may contain a “pointer.” We augment each such
buffer with an additional “root register” that can be compelled by a global “snap” signal to capture
all pointers, if any, held in the buffer. Once the root registers are loaded, the hold on new memory
operations is lifted and the application can continue normal execution.

All the root registers of each type connect into a shift register leading to that type’s heap. Once
the root registers have been loaded, the garbage collector begins draining these shift registers at its

own pace.

3.4.4 Marking

Marking begins with the application roots. It appends roots to a work list linked via the “next
ptr” field (see Figure 3.2). Each object also has a two-bit status field that indicates whether the
object is marked, is in the work queue, or is free.

Marking traverses the object graph breadth-first by popping the top element from the work list
then appending each of its unmarked children. The only departure from a standard mark algo-
rithm is that pointers here can come from incoming roots, locally discovered pointers, or pointers
unearthed by a mark process in another heap.

To avoid deadlock, each Marker adds discovered references to the appropriate work list before
considering the mark complete and popping the next object from its work list. Thus, as long as
each mark engine has sufficient internal buffering to hold the maximum number of discoverable
references per object, the marker can always drain its internal buffers and make progress.

To maintain correctness during concurrent operation, objects allocated while the collector is
marking are presumed live and allocated marked. This is a conservative assumption that ensures
no live objects are incorrectly reclaimed. At worst, this enables the occasional object to survive
one additional collection. When all mark engines have run out of objects to mark, the mark phase

1s over.
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3.4.5 Mark Termination Detection

Termination detection in our distributed mark system is challenging. While a marker may
“run out” of pointers and appear to be done, another remotely-discovered pointer may restart it.
Termination occurs only once the last heap has “run out” of pointers and there are no inter-heap
pointers in flight. We adapted our algorithm from Chandy-Lamport [99]: we connect the heaps in a
simple ring around which they send “done check” messages. A cycle counter in each heap records
the time when it “runs out” of work. When a heap has no further pointers to mark, it initiates
a check by sending a positive done check message to the next heap. This message contains the
initiating heap’s ID as well as the time stamp (cycle count) when the heap ran out of pointers.
When a heap receives an incoming done check, if it too is done marking and finished before the
heap initiating the check, it propagates the original positive done check message to the next heap.
If instead a heap still has pointers to mark, or has run out of pointers but did so after the heap that
initiated the done check, it propagates a negative done check message. The cycle completes when
the initiating heap receives a done check message with its own ID. If the message is still positive,
then all types have finished and the check initiator was the last to finish, indicating the mark phase

is complete.

3.4.6 Sweeping

To reclaim unmarked garbage, each heap performs a linear sweep of its address space. Un-
marked objects are added to the free list, which is chained together using the “next ptr.” field and
marked objects are unmarked.

During the sweep, each heap maintains a pointer S to the current position of the linear sweep.
At all times, objects in memory below S have already been swept and are either on the heap and
unmarked or in the free list; objects above S will be kept if marked and reclaimed otherwise. We
allow allocations to proceed during sweep by either allocating it marked or determining that it will

not be swept. If the allocator removes an address A from the free list, there are three scenarios:
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* If § > A, the sweeper has already passed the address to be allocated, so the allocation can

proceed normally. The sweep is effectively over for these objects in this pass.

* If § = A, the sweeper and allocator have collided, but because application accesses have
priority over collector accesses, the allocation will occur before the sweep so we mark the

object so it will survive.

* If § < A, the sweeper has not yet reached A and would reclaim any object at A that was
unmarked, so we allocate the object at A and set it marked, guaranteeing the object survives

the sweeper when it does arrive.

During the sweep phase, the application continues to operate normally. The sweeper performs
many memory operations since it touches every element of the heap, but does so in the background,

without slowing the application.

3.5 Evaluation

Our evaluation quantifies the performance overhead of our collector by comparing its perfor-
mance to an (unrealizable) ideal of execution without garbage collection.

We find our run-in-the-background collector imposes less than a 1% performance overhead
when the heaps are “big enough” (often 2.5x the working set size), the collector is set to start
collecting before the heap fills up, and the application does not fully use the available memory
bandwidth. Our evaluation aims to characterize the design space of systems that are provisioned
just enough to achieve such low overhead.

We measure performance as the total number of execution cycles, which we gathered from
the cycle-accurate simulator Verilator. Our experiments indicate that the clock frequency does not
change for all implementations of the same application. Application slowdown is the percentage
of additional cycles taken beyond that necessary for the ideal collector (simulated by making the
heaps so large as to avoid ever needing collection); a 100% slowdown means the application run-

ning with our collector took twice as many cycles as the application would with an ideal collector.
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Table 3.1: Benchmark applications
Application  Size (LoC) Heaps Rate (Obj/Cyc)

Bandwidth 176* 5 varies
MergeSort 48 6 0.073
TreeSort 49 7 0.073
Reflect 49 6 0.085
RedBlack 124 6 0.079
Map_RedBlack 129 6 0.075
TSP 100 8 0.001
Clustering 382 19 0.071

*Lines of SystemVerilog code; all others are lines of Haskell code

3.5.1 Synthesis Results

Our accelerators and synthesized garbage collectors are heavily pipelined to maintain high
clock frequencies regardless of size, which our experiments confirm. To evaluate operating fre-
quency and area, we synthesized our collectors in Xilinx Vivado targeting a Zynq Ultrascale
XCZU7CG-FBVB900-1LV-I FPGA with 230400 LUTs and 11Mb of BRAM.

Area: We synthesized the memory and garbage collector without an application, implemented
a single heap containing linked-list type objects, and swept its capacity from 2% to 2!7 objects.
This increased LUT and register needs only modestly since only the size of the pointer objects
and memory multiplexing logic needed to change. The largest collector required fewer than 1200
LUTs.

Frequency: The clock frequency of the synthesized garbage collector and memory with no
application ranged from 270 MHz to 350 MHz across all the heaps we considered. The frequency
decreased modestly for larger heaps, likely due to BRAM wiring. In any case, our collector never
limited application frequency: we synthesized accelerators with and without GC and found work-

ing frequency unchanged.

3.5.2 Applications

We ran experiments on the eight applications listed in Table 3.1. Haskell naturally supports ap-

plications with irregular memory access patterns and recursion which our benchmarks exploit. We
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synthesized most applications from Haskell programs using the toolchain depicted in Figure 4.1;
we manually coded Bandwidth in SystemVerilog.

Bandwidth is a micro-benchmark that generates high levels of memory traffic. It reads and
writes from memory at specified rates while building and destroying list data structures.

MergeSort recursively sorts an integer list by separating it into even- and odd-indexed elements,
sorting those, and then merging. TreeSort sorts a list by building and flattening a binary search tree.
Reflect builds a binary search tree then flips the left and right children of each node. RedBlack and
Map_RedBlack build balanced red-black trees then RedBlack swaps the left and right children of
each tree node; Map_RedBlack rewrites the tree ten times, adding a constant to each tree node each
pass. TSP implements a nearest-neighbor heuristic for the traveling salesman problem starting
from a matrix of towns and the distances between them. This is computationally intensive, but
generates little garbage, which demonstrates the unobtrusive nature of our collector on applications
with a small memory footprint. Clustering implements K-means clustering. Used in a range of
machine learning applications, it first constructs a K-d tree from a list of 2D points then performs

the clustering algorithm.

3.5.3 Performance Overhead vs Heap Size

Our experimental results for MergeSort in Figure 3.5 show the performance overhead of our
collector drops below 1% compared to an ideal collector as the heap sizes begin to exceed about
twice the size of the maximum working set. We gathered this data with each heap sized randomly
between the maximum working set for its type and an over-provisioned maximum. The horizontal
axis of Figure 3.5 shows the heap size in objects compared to the maximum working set of the
application, which we found empirically using memory access traces from each application. The
heaps on the left side of the figure are just barely large enough to run the application; heap space
increases towards the right. Unlike stop-the-world collectors, concurrent collectors require more
heap space than the working set to accommodate allocations during collection.

On the far left of Figure 3.5, the garbage collection overhead is as high as 40%, which cor-
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Figure 3.5: Garbage collector overhead in cycles on MergeSort as a function of heap size and col-
lection threshold. An eager garbage collection trigger lets it run continuously in the background.
Sufficient heap space prevents stalls by providing enough room for the collector to outpace alloca-
tions.

responds to the case where the heap is just barely large enough to accommodate the application.
Here, the heap requires frequent garbage collection and the application is using memory at a rate
faster than the collector recycles it. As heap capacity increases, the collection overhead drops as
the application uses memory at a rate equal to or lower than the collection rate, indicating that the
collector is able to scavenge unused memory bandwidth and still recycle garbage fast enough that
the application can always allocate.

The overhead we report for each heap capacity value (horizontal position) represents the min-
imum observed overhead for that particular heap size—a Pareto frontier. An open problem in our
technique is how best to allocate space among multiple heaps. We assume that an accelerator will
be given a heap memory area budget, but that it will fall to the designer to allot it among the heaps,
depending on the desired trade off between memory overhead and performance. Heap allocation is
important because an under-provisioned heap can become a bottleneck by forcing more collections
than if it had more capacity. Absent an effective algorithm for finding the best relative allocations,

we show the best configurations from a randomized design space exploration.
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Figure 3.6: Garbage collector overhead in cycles as a function of heap size. Each application has
a heap size where the collector can run fully in the background.

3.5.4 Performance Overhead vs Collection Threshold

Figure 3.5 also shows it is best for our collector to run continuously in the background rather
than to minimize the number of collection events. We find that our collector slows the application
less when it collects eagerly. Collection is triggered when the number of free objects in any heap
drops the collection threshold. At a threshold of 5%, the collector waits until the heap is nearly
full, whereas a 95% threshold leads to almost constant collection.

This result further demonstrates our collector’s “run-in-the-background” character. This may
seem counter-intuitive since a higher threshold triggers more collections, but overhead from the
collector arises when the application has to wait for the collector to free additional objects. When
garbage collection is eager, there is enough free memory for the application to continue making
progress while the garbage collector works in the background. Triggering collection later, the
application is more likely to consume all of the available heap space before the collector has re-
claimed dead objects.

Our experiments show that above a certain size, the heaps are large enough for our concurrent

collector to achieve idyllic behavior: collection is triggered early and often enough to avoid appli-
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The MergeSort benchmark: a memory-light app
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Marking phase on one heap =~ Marking concludes Sweep phase begins on all heaps

Figure 3.7: Memory accesses over time. (top) When the app memory utilization is high, GC
proceeds more slowly, but it is still able to use gaps in application memory accesses to make
progress. (bottom) When there are more memory slots available the collector uses however many
it needs, from just a few to all.

cation pauses due to an out-of-memory situation and there is sufficient unused memory bandwidth
to accommodate this larger-than-necessary number of collections. The overhead never drops to
exactly zero in these experiments because there is a small cost for the memory barrier before the
roots are captured, but this cost is negligible.

Figure 3.6 shows the overhead of our collector for various heap sizes of all the applications.
Here, we selected a 25% collection threshold to balance eagerness and excessive collection. For all
applications except TSP and Clustering our collector quickly drops to having negligible overhead.

Clustering is our largest and most complicated application with the heap divided among 19 data
types. Its collection overhead does eventually become negligible, but not until 6.8X the maximum
working set. The garbage collection overhead on TSP is near zero, even at the minimum viable
heap size, because TSP is not memory-intensive due to the distance matrix, which remains live
for the duration of the application dominating the working set. With little generated garbage, the

application never has to pause for the collector to catch up.

3.5.5 Memory Bandwidth Overhead

To verify our hypothesis that the collector is filling otherwise unused memory cycles, we col-

lected the cycle-by-cycle memory traces shown in Figure 3.7. Here, time runs from left to right
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and the rows in each trace represent different (parallel) heaps. Black squares represent application
accesses, green squares represent collector accesses, and white squares represent unused memory
cycles.

The top trace depicts our Bandwidth micro-benchmark, which makes heavy use of memory.
The collector is near the beginning of the mark phase on all five heaps. It pauses briefly in the
middle of this trace, possibly because of a “bubble” in the arriving roots, then resumes marking.
The highly periodic pattern of the application’s memory accesses is not interrupted during the bub-
ble, confirming that our collector is able to share memory bandwidth with the application without
interfering.

The bottom trace depicts our MergeSort benchmark at a point where the application is peri-
odically using just two of the heaps and the collector is transitioning from marking to sweeping.
The left side of the trace shows the mark phase finishing on the top heap; the other heaps have
completed marking and are waiting to start sweeping. At about the halfway point, all heaps begin
sweeping, which saturates the unused memory bandwidth. As with the memory-heavy benchmark,
this change does not interfere with the application’s progress (the black squares), which continue
their periodic behavior.

The previous experiment shows the garbage collector is able to fill idle memory slots regardless
of the application memory utilization, but that application memory utilization likely effects the
garbage collection overhead as the garbage collector can only operate in the background if there
are idle memory slots to use.

We varied the application memory bandwidth usage via the Bandwidth micro-benchmark and
simulated collection triggered at 25% free space, the threshold with the best performance. Fig-
ure 3.8 shows the results. The thinnest line shows the GC overhead of the application using 50%
of available memory slots (the smallest memory usage), and the line thickness increases as the
memory usage increases.

The collector is sensitive to application memory utilization with the difference between the

overhead at 50% utilization and 90% utilization ranging from about 35% to as much as 75% and
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Figure 3.8: Collection overhead in cycles as a function of application memory utilization. As the
application uses more memory slots there are not enough idle memory slots for the concurrent
collector to operate in the background, so the overhead increases.

each successive utilization incurring a larger GC overhead. At the high end of the utilization range,
the concurrent collector performs about the same as or even worse than a stop-the-world collector.
When the application is using most of the memory slots, the concurrent collector cannot stay ahead
of allocation. When the allocator inevitably runs out of memory, it must stop servicing allocation
requests until the collector catches up. This does not necessarily stop the application because reads
and non-memory operation can continue, but it may depending on the application and the length

of the pause.

3.6 Conclusions

We presented a synthesized concurrent hardware garbage collector for FPGA-based accelera-
tors. Our collector exploits rapid synchronization to fill otherwise idle memory slots on multiple,
parallel memory heaps. We find that an eager collector that runs early and often paired with
reasonably provisioned heaps allows the collector to run almost completely in the background.
This brings the benefits of automated memory management to HLS, further reducing development

time.
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Chapter 4: Automated Power Domain Insertion and Control in Dataflow

Circuits

Power gating is a well-established technique for reducing leakage power by turning off idle
logic. However, applying it effectively requires identifying appropriate power domains and gener-
ating precise control logic—both challenging tasks that are typically done manually. This chapter
presents a methodology for automatically identifying and controlling fine-grained power domains
in dataflow circuits synthesized from high-level specifications. By leveraging the compositional
structure and local activity knowledge of the dataflow abstraction, the approach partitions actors
into always-on and sleepable regions, and synthesizes wake signals with provable correctness guar-
antees. This case study further supports the dissertation’s thesis by showing how abstractions can
reduce design effort but enable aggressive energy-saving optimizations that would be prohibitively

complex to implement by hand.

4.1 Introduction

Leakage power—the power transistors consume when they are inactive—has become the dom-
inant source of power consumption as transistors have gotten smaller [100]. Consequently, while
more and more transistors can fit within the same area, they cannot all be powered on at the same
time due to heat dissipation and battery life. Power gating, whereby idle parts of a chip are pow-
ered off while not in use, can be an effective tool to combat leakage. It has been shown that only
about 10% of the logic gates in a typical circuit are active at any time [101, 102]. This exposes an
opportunity to turn off idle gates saving up to 90% of leakage power.

These theoretical savings are unrealized in practice because they require small and fast power

gates and identification and insertion of many small power domains. There has been progress on
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Figure 4.1: Compilation flow. The C program is lowered to the CIRCT Handshake dialect using
existing tools and passes. In Handshake dialect we optionally merge unit rate actors before defining
power domains and inserting control logic as part of the handshake to hardware lowering pass
Section 4.3.

the first requirement: designing small and fast-acting power gates with a single cycle wake delay
[103]. This work addresses the second challenge: how to identify and control many small power
domains such that computation will not deadlock due to sleeping logic. We present algorithms to
automatically insert and actuate fine-grained power domains. Our algorithms are implemented in
the high-level synthesis (HLS) tool, CIRCT [19]. CIRCT is an open source hardware compiler
which applies the LLVM/MLIR approach to compiler design. Specifically it offers a reusable
infrastructure to define intermediate abstractions called dialects as it lowers MLIR to RTL. One
such dialect, called Handshake, represents the circuit in dataflow form.

Dataflow circuits are a network of functional units called actors that communicate by transfer-

39



ring data over channels according to a latency insensitive handshake. We leverage this represen-
tation to automatically identify power domains and insert power gate control logic to dynamically
wake and sleep individual actors at runtime. The properties of dataflow that are most relevant to

this power gating work are:

* Precise knowledge of where there is activity. Dataflow circuits communicate data tokens
between actors using via latency insensitive channels. Because tokens flow only when valid
and ready are both true, the handshake reveals exactly when and where tokens are flowing in
a circuit. Because an actor needs to compute on specific combinations of input tokens, anal-
ysis of these signals can reveal whether an actor needs to compute and thus to be awake. The
algorithms presented in Section 4.3.3 analyze these signals to generate the control signals

that will sleep and wake the rest of the actor.

* An identifiable control plane. Analysis of these handshake signals also reveals which parts
of the circuit control when tokens are produced and consumed and thus which parts of the
circuit need to be always on to prevent deadlock. Because token transfers depend solely on
the value of valid and ready signals, the control plane can be identified by tracing backward

from these signals to find their transitive fanin as described in Section 4.3.1.

* Patience. Thanks to the latency-insensitive handshake described above, the latency required
for each actor to compute does not effect correctness of the computation. This property
becomes particularly valuable when power gating as a slow wakeup may impact performance

but not correctness of a computation.

Using the properties of dataflow circuits, we are able to identify a set of states from which it is
safe to remove and restore power to a domain without requiring costly state retention mechanisms.
We are also able to identify the exact onset of idle and active periods without relying on software
control or prediction heuristics. We prove that the resulting circuit is deadlock-free and produces

the same results regardless of the latency of the power gate to wake or sleep each actor.
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Our compilation flow, depicted in Figure 4.1, lowers C code to MLIR [76] using Polygeist
[104]. Then we use several existing lowering passes to reach the Handshake dialect. Our passes are
implemented as transforms within Handshake or integrated into the Handshake to HW lowering
pass, which converts Handshake dialect to hw, comb, and seq dialects which together express
digital logic. From the these dialects, our compilation flow converges with the existing path to
produce RTL.

This work enables automated fine-grain power gating via the following contributions:

an algorithm to automatically identify a power domain within each dataflow actor in a circuit;

* an algorithm to identify the set of states from which a power domain may sleep and reawaken

in the reset state without changing the tokens produced by the actor;

* an algorithm to synthesize control logic to sleep and reawaken each power domain such that
the token sequences are unchanged regardless of the time it takes the power domain to sleep

or reawaken;

* and an automated flow, in the form of CIRCT passes, to power gate an entire circuit.

4.2 Power Gating Background

Power gating reduces leakage power by turning off transistors when they are inactive. A header
or footer switch is inserted to disconnect transistors from the power supply. These switches can be
inserted to control a single transistor or many transistors as a block. A region of a circuit controlled
by a single switch is known as a power domain. While the concept of power gating is quite simple,
correct implementation is challenging. Defining power domains requires identifying regions of
correlated inactivity in the circuit. Defining control for a power domain requires identifying the
beginning and end of idle periods in which it is both safe and beneficial to power down. Once the
domains and control are defined, they require careful validation to preserve the circuit’s function

and avoid deadlock. These three steps are typically performed manually and therefore at a coarse
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Figure 4.2: Partitioning a buffer into sleepable (data: black) and always-on (control: red) planes.
The numbers indicate the order in which components are identified as being part of the control
plane

granularity such as a functional unit or processor. Finally, there are physical design considerations,

namely boundary isolation, state retention, gate design, and fluctuating voltage.

4.3 Power Gating Dataflow Circuits

Here, we present our procedure for power gating dataflow circuits. We start with an ungated
dataflow circuit for each actor in a network, which we consider independently, split each into data
circuitry that may be powered down and control circuitry that will always remain powered, identify
the states in which the data circuitry may be power cycled without affecting future output tokens,
synthesize a circuit that indicates when the data circuitry needs to be awake, and modify the valid
and ready signals to account for any wake delay. Finally, we assemble the circuits for each power
gated dataflow actor according to the original network topology. Below, we describe these steps in

detail.
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4.3.1 Partitioning into Control and Data Planes

Our first step is dividing the gates and registers of each actor’s circuit into an always-on control
plane and a data plane that we will eventually power gate. We will use the buffer circuit in Fig-
ure 4.2 from Edwards et al. [70] as a running example. The top of half of the circuit (thick wires
indicate multi-bit buses) is a datapath that includes a register that holds buffered data (q0) and data
when the downstream actor cannot accept it (q2). The handshake logic in the bottom half of the
circuit includes two registers (ql, q3) that indicate whether the two datapath registers hold valid
tokens and decides whether the buffer accepts and transmits data.

We define the control plane as all logic components that drive an actors outbound valid and
ready signals. An actor’s data plane is defined as all of the logic components that are not part
of the control plane. To find the control plane, we start with the drivers of all valid and ready
output signals in the actor’s circuit and compute their transitive fanin, as shown in Figure 4.2. In
this example, these two signals are driven by the OR gate and mux labeled 1. We then mark each
(unmarked) component that drives any input of the newly marked components: registers ql and q3
and the inverter. Then we mark the multiplexers labeled 3, the OR, mux, and valid input labeled 4,
and finally the gates and ready input labeled 5. The algorithm stops because the drivers of these

components are already marked.

4.3.2 Defining and Finding Idle States

To save power, we want to put the data plane to sleep as often as possible without changing the
functional behavior of the actor. Sleeping in the reset state never loses data because our registers
wake up in that state [105], but we can also sleep in states where discarding data will not affect the
sequence of valid output tokens. We call these idle states and identify them as follows.

Our technique relies on knowing input- and output-don’t-cares for our dataflow circuits: when
a valid input is 0, we know that the corresponding data input will never affect the value of a valid
output token (i.e., when a valid output is 1). As such, if we feed undefined data inputs to an actor

with a valid input set to zero, we can conclude that these undefined values will never propagate to
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the outputs when a valid output is asserted. Our algorithm simply feeds such don’t-care data into
the circuit until it saturates; it follows that any undefined data in that state may be safely discarded,
e.g., when the circuit is power-cycled.

We identify idle states—states whose data plane bits are either equal to those in the reset state
or are don’t-cares—by performing three-valued simulation and looking for a stable state. During
the simulation, we model the contents of each register or wire as either a binary-valued vector or
undefined (simply X).!

We attempt to find don’t-care states in the data plane registers by feeding the actor don’t-care
inputs that we know will not propagate to the outputs. Throughout the simulation, we apply the
same constant inputs: each valid input is set to 0, so that we can safely set each data input to X
and know they will never propagate out of the actor as a valid token. Finally, we set each ready
input to 1 to encourage the actor to “flush” any valid tokens it may hold.

We run the simulation until we find a state we have seen before, i.e., one in which the contents
of the registers (either binary or X) match exactly. If it is a self-loop (i.e., a state in which the
register values do not change) and the registers in the data plane are either the same as the reset
state or X, we found the idle states. Otherwise, we conclude there are none.

This algorithm is sound because every state the algorithm identifies is an idle state, but it is
not complete because it may not find every existing idle state. This approach is conservative, and
ensures that we never power down in a state that is not actually an idle state.

Figure 4.3 illustrates how we find the idle states for the buffer in Figure 4.2. First, the four
registers are reset to all Os. From this state, we apply O to the valid input, 1 to the ready input and
X to the data input. This only changes q0 to X because q3 = 0 sets the ready output to 1 and
loads registers q0 and q1 from the data and valid inputs respectively (which have values X and 0).
Furthermore, because q3 = 0 and the ready input is 1, registers g2 and q3 hold their values.

Next, we apply the same inputs and find the state remains unchanged because the four registers

!Components follow the usual three-valued rules: AND is 0 if any input is 0, 1 if all inputs are 1, and X otherwise;
OR is 1 if any input is 1, O if all inputs are 0, and X otherwise; a multiplexer is X when its select input is X and passes
one of its inputs otherwise; and each output of any other component is X if any input is X.
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Figure 4.3: Finding the idle states for the buffer in Figure 4.2. In the reset state, registers q0, ql,
g2, and g3 are all Os (6 denotes an all-zero vector); one step of the simulation sets q0 = X and
another simulation step leaves the state unchanged, so we interpret any state with ql, g2, and q3
all zeros as an idle state.

are loaded in the same way. Because this strictly broadens the reset state of the data plane (qO and
g2 all zeros), we conclude we have an idle state when registers ql, q2, and g3 contain all zeros,
meaning we can safely discard any data in q0.

Our algorithm has two other possible outcomes. If the stable state does not broaden the reset
state of the data plane (e.g., some Os became 1s), we conclude there are no idle states aside from
the reset state. We also conclude this if the simulation reaches a state it saw earlier (e.g., when it is

not a self-loop, such as you would find in a counter).

4.3.3 Computing the Wake Signal

At this point, we have identified the part of an actor that can be powered down (the data plane)
and cases where we can safely discard the state held in that part (idle states). Next, we will
synthesize logic that will indicate when an actor’s data plane must be powered on.

An actor needs to be awake when it has work to do or must hold its state. This is true when

¢ the actor is not in an idle state, or
* the actor is about to transition from the idle state, or

* the actor is offering at least one valid output token.

The first and third conditions are easy to justify and test: if the actor is outside the idle state, the
data plane is likely holding state that will matter and must remain powered. Similarly, if the actor

is offering a token, it must hold that token’s value until it is consumed and thus remain powered.

45



The second condition is easy to justify (if the actor is about to leave the idle state, it will start
to hold data in the data plane, which requires it to be powered on), but harder to test. To synthesize
the logic that tests this condition, we perform a partial brute-force simulation to determine which
input patterns will bring the circuit out of an idle state then build a circuit that identifies these input
patterns.

Together, these three conditions ensure that the actor will be awake when it has the inputs
necessary to produce a valid output token now or in the future. The third condition is true if the
actor can produce a valid token immediately. If instead the actor has work to do that will produce
a future token, it will not be in the idle state, which is the first condition. The second condition
ensures that even if the actor does not have data to produce a token in the future, it will wake up if
the environment is indicating it is trying to deliver such data.

Our algorithm for determining when the actor may leave the idle state starts by eliminating
non-relevant inputs, i.e., those that can never modify the idle state. Specifically, we calculate the
transitive fanin from each register in the idle state that is not X, passing through both combinational
components and registers. This gives relevant inputs: a subset of the actor’s input signals that
generally includes single-bit and vector values. Inputs that are not relevant may still flow into
circuit registers that are X in the idle state, but doing so does not bring the circuit outside the idle
state because the X's indicate where the register contents do not matter.

Next, we simulate the circuit for one step from the idle state under every combination of rele-
vant single-bit input values. This is potentially exponential, but is acceptable in practice because
the number of such inputs is limited by the number of actor ports, not their width in bits. In
particular, we do not consider all combinations of vector-valued inputs.

As before, we apply three-valued simulation, but its purpose is slightly different here. We set
each register to its value in the idle state, including any X-valued registers to indicate they are not
holding useful data. We also set all vector-valued inputs to X to conservatively model a variety of
values.

If, starting from the idle state, applying a set of concrete Os and 1s to relevant single-bit inputs
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and Xs to all others, we find a change in the contents of any register whose idle value was not X, we
record that pattern of inputs as prompting a transition. There are three cases: when a register with a
binary value changes to a different binary value, the difference means we left the idle state. When
a binary value changes to an X, we conservatively assume a change has occurred. If a register
started as X changes, it does not matter because the X indicated the idle state was not concerned
with the contents of the register.

We perform this simulation from the idle state and test for all combinations of “relevant” single-
bit inputs, which produces a Boolean function for transition (in truth-table form) of the relevant
single-bit inputs. We synthesize logic for this function as part of the wake signal computation.

Finally, the wake signal is the logical OR of three conditions:

wake = idle - awake + transition + Z o_valid

o€outputs

where idle is true when the circuit is in an idle state (i.e., all non-X data plane registers have their
reset value) and not sleeping (awake; see the next section) and the third term is true if any output’s
valid signal is true. The original transition condition was “if the actor is in the idle state and is
leaving,” but Boolean simplification lets us drop the idle state from this term since it appears as the
first term in wake.

For the buffer actor in Figure 4.2, our algorithm proceeds as follows. Earlier, we determined
the idle state was (q0, ql,g2,q3) = (X, 0, 6 0), so we compute the transitive fanin of registers q1,
g2, and q3. For this circuit, every input is relevant: { in_valid, out_ready, in_data }. For example,
in_data is relevant because the fanin of g2 includes q0, whose fanin includes in_data.

Next, we simulate the circuit from the idle state (X, 0, 6, 0) for each of the four combinations

of the single-bit inputs; the in_data vector is set to X. This gives the following results:
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in_valid out_ready in_data q0qlq2q3 transition

0 0 X X0XO0 1
0 1 X X000 0
1 0 X X1X0 1
1 1 X X100 1

This function can be expressed as
transition = in_valid + out_ready.
Because the idle state is (X, 0, 0, 0),
—_ 9 - —_
idle=ql -(q2=0)-q3

f) = . . . . .
where g2 = 0 is true when every bit in the g2 register is zero.

Finally, because this actor only has a single valid output,
wake = idle - awake + transition + out_valid.

4.3.4 Instrumenting the Circuit

The previous steps have now given us enough information to safely add power gating to the
actor circuit. Figure 4.4 illustrates how we do this for the buffer in Figure 4.2.

First, if the data plane is non-empty, we create a new power domain containing all the com-
ponents in the data plane whose interface is all the wires that cross between the data and control
planes. In our example, the data plane contains all the non-red components on the bottom of Fig-
ure 4.2, so we create the power domain shown in blue in Figure 4.4 whose interface includes the
mux select signals, and the two data buses.

To the new power domain, we add a wake input signal that controls when the domain should
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Figure 4.4: The result of instrumenting the buffer of Figure 4.2. The blue area indicates the new
power domain, which is controlled by the wake signal and produces the awake signal to indicate
when it has been powered on.

be powered on and an awake output that indicates the domain is powered on. The timing between
these two signals may vary (as described in a later section); our instrumented actors respond to
awake.

We add logic for generating the wake signal according to the rules in the previous section. In
Figure 4.4, this is the OR gate driving wake that combines the idle, transition, and valid outputs.
Note that the fransition input computes transition = in_valid + out_ready, the middle input is just
the valid signal on the (single) output port, and the idle signal detects when the actor is in the idle
state (the output of q1 and q3 must both be 0 and the output of g2 must be all zeros, which must be
added to the interface of the new power domain), is inverted, and is ANDed with awake.

The final step is to gate all the valid and ready outputs with the awake signal to prevent the
transfer of tokens until the data plane is powered up. In Figure 4.4, these are the two AND gates
on the ready output in the lower left and the valid output on the right. The rest of the circuitry is

unchanged from that of Figure 4.2.
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This algorithm maintains the invariant that the result of computation will be equivalent to the
case of always on. We have established that the sequence of valid output tokens will be unchanged
by removing and restoring power the the sleepable domain (Section 4.3.1, Section 4.3.2) and that
the sleepable domain will always wake when needed (Section 4.3.3), so the remaining danger
is in tokens being dropped during the handshake. In dataflow, tokens are transferred when the
producing actor offers a valid token and the receiving actor is ready to accept it. So for an actor
to drop an input token, its outgoing ready signal must be high before it is ready to accept the data,
i.e. when the data plane is powered down. This is not possible because the algorithm redefines all
outgoing ready signals as the logical and of awake and the original value, so when the actor is not
awake all ready signals will be zero and no tokens will be transferred. For an actor to drop a valid
output token, it must be powered down after it has produced a valid output token and before the
downstream actor has accepted it. This is not possible because when an actor is offering a valid
output token the corresponding valid output signal will be true so wake will be true and the data

domain will not be powered down until the token is transferred.

4.4 Evaluation

In this section, we characterize the dynamic activity of each sleepable power domain in a set of
test circuits. We also evaluate the performance impact of power gating as a function of the physical
wake time.

4.4.1 Test Circuit Characterization

We evaluate our techniques using kernels from the PolyBench benchmark suite listed Table 4.1
[104]. Using CIRCT, we lowered each kernel from C to SystemVerilog to generate three different

test circuit configurations:

* a baseline circuit without any power domains or gating

* a gated circuit with power domains and control signals defined according to Section 4.3
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CCode Num. #Actor # Power % Domains With Average Idle Period
Lines Actors Types Domains 0 0-10 10-100 100-1k 1k-10k 10k+

ADI Alt. Direction Implicit solver 53 992 65 54131 0 41 0 19 9
Durbin Toeplitz system solver 28 285 51 138 | 36 1 38 0 20 5
FDTD 2D 2D finite different time domain 24 646 61 352 | 38 0 32 0 23 7
Floyd Warshall Dynamic prog. shortest path 13 165 41 76 |32 3 36 9 11 11
Heat 3D feat eq. over 3D data domain 30 619 53 33528 0 45 13 0 14
Jacobi 1D 1D Jacobi stencil computation 16 183 40 90 | 32 0 49 0 16 3
Jacobi 2D 2D Jacobi stencil computation 16 359 45 186 | 30 0 44 0 19 7
LU LU decomposition 18 254 41 119 |30 0 37 0 26 7

LU Decomp LU decomp. then forward subs. 37 513 56 252 | 36 0 15 2 28 19
MM2 2 matrix multiplications 26 384 54 198 | 36 0 28 0 21 15
Nussinov Dynamic prog. for seq. alignment 24 598 74 252 |25 1 15 0 33 25
Seidel 2D 2D Seidel stencil computation 12 248 49 120 (27 39 10 0 13 11
TriSolve Triangluar solver 14 117 41 48127 33 2 0 35 2

Table 4.1: 13 test circuits ranging from 117 to 992 actors, yielding 48 to 541 power domains.
Average idle period for each power domain at right of table, shows the bulk of inactivity in the
10-1000 cycle range.

* a merged-gated circuit with adjacent unit rate actors merged into one actor prior defining

power domains

Each of the test circuits listed in Table 4.1 have hundreds of actors, of which tens to hundreds
are partitioned into sleepable and always-on domains. This is far more power domains than could
be found and verified manually.

Table 4.1 also shows the breakdown of power domains by average idle period, ranging from O
clock cycles (i.e., never idle) to over 10k clock cycles per idle period. We note that approximately
one third of the power domains in each of our test circuits never become idle during simulation.
This percentage exactly matches the percentage of buffers in the circuit, indicating that buffer
actors are never powered off. This is partially due to the limited set of idle states found for buffers
described in Section 4.3.2. It is also partially due to the nature of buffers which is to hold tokens,
and if a dataflow circuit has buffers which rarely hold tokens then they are probably not necessary
in the first place.

For the domains which do have idle periods, the numbers are promising, with the majority of
idle periods lasting 10 cycles or more. For periods between 10 and 1000 cycles, fine-grained power
gating can provide energy savings, provided these periods are successfully identified at runtime.

The remaining idle periods, of 1000 cycles or longer, are also excellent targets for power gating,
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but given their length, they might have been identified via other methods.

The exceptions to these trends are Seidel2D and TriSolve, which have a large number of power
domains with idle periods lasting less than 10 cycles. We hypothesize that these circuits have data
paths where branch actors produce tokens on alternating outputs resulting in short idle and active

periods.

4.42 Relative Wakefulness

To evaluate the impact of this fine-grained power gating on the circuit’s power and performance,
we simulate the gated circuit and the un-gated baseline in a cycle-accurate RTL simulator, Verilator.
In each simulation of a power-gated circuit, we impose a wake delay: the number of cycles between
when a power domain is told to wake up (wake = 1) and when it is ready to work (awake = 1). In
these experiments, delays range from an idealized O cycles to 3 cycles.

First, we examine the relative active time of the gated and ungated versions, as seen in Wake-
fulness data on the left side of Table 4.2. These numbers report the percentage of power domains
that are powered on in an average clock cycle. We observe that no more than 40% of the power
domains are on in an average cycle. We further note that this activity level is essentially flat, re-
gardless of the wake delay. This is because, when a dataflow actor is emitting a result, it must
remain awake and continue offering its output tokens until the receiving actor is ready to accept
them. Consequently, the length of each active period for each producer increases commensurate
with the time to wake the consumer. However, while the rate of token transfers is slowed down by
the wake delay, the sequence of valid tokens - and thus the order in which actors wake and sleep -
is unchanged. This results in the same amount of wakefulness in each cycle despite the increased

wake delay.

4.4.3 Relative Performance

Next, we compare the runtime, in clock cycles, of the power gated circuit against the ungated

baseline, the results of which are shown in Table 4.2. The slowdowns are substantial because our

52



Un-Merged Power Domains Merged Power Domains

Wakefulness Cycles Wakefulness Cycles

Wake Delay: 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3

ADI 0.34 034 0.33 033 1.00 229 3.61 495 037 037 0.37 037 1.00 197 299 4.03

Durbin 0.40 0.40 039 039 1.00 2.12 3.39 4.65 042 042 041 041 1.00 1.97 3.00 4.04
FDTD 2D 0.40 0.40 040 040 1.00 2.15 344 470 042 042 042 042 1.00 1.80 2.66 3.53
Floyd Warshall 0.39 0.39 0.38 0.38 1.00 1.92 293 393 042 042 041 041 1.00 1.75 2.49 3.24
Heat3D 0.33 0.34 0.33 0.33 1.00 2.28 3.56 4.88 0.39 0.39 039 039 1.00 1.77 2.63 3.52
Jacobi ID 0.39 0.39 0.38 038 1.00 2.06 3.13 4.24 040 040 039 039 1.00 1.87 281 3.73
Jacobi 2D 0.35 0.35 0.34 0.34 1.00 2.27 3.68 5.08 0.38 0.38 0.38 037 1.00 1.85 2.78 3.71
LU 036 036 036 035 1.00 192 282 375 039 039 039 038 1.00 1.73 245 3.19

LU Decomp 0.38 0.38 0.38 0.38 1.00 1.85 2.85 3.86 0.40 0.41 0.40 0.40 1.00 1.69 234 3.04
MM2 040 040 040 040 1.00 192 287 3.84 042 042 042 042 1.00 1.72 244 3.17
Nussinov 0.28 0.28 0.28 0.27 1.00 2.01 3.13 430 033 032 032 032 1.00 1.87 278 3.73
Seidel 2D 0.38 0.37 0.36 0.36 1.00 2.45 4.02 5.63 0.40 0.40 039 039 1.00 1.82 2.68 3.54
Seidel 2D* 0.45 0.46 0.46 0.46 1.00 1.17 1.35 1.53 043 043 042 042 1.00 1.33 1.69 2.03
TriSolve 0.37 0.37 0.36 0.35 1.00 1.80 2.68 3.61 0.38 0.38 0.37 037 1.00 1.67 235 3.02
TriSolve* 0.44 0.44 0.44 0.44 1.00 1.00 1.01 1.02 0.44 044 044 044 1.00 1.14 1.32 149

Table 4.2: Runtime in clock cycles and wakefulness of gated circuit relative to ungated baseline.
The measurements on the left are of power gating applied to an unmodified circuit, and on the
right power gating applied after merging unit-rate actors. For two test circuits marked with an
asterisk, we eliminated all power domains with an average idle period of less than 10 cycles and
reran simulation.

fine-grained power domains are power cycled very frequently and often have very short active
periods as tokens ripple through the network.

However, while our method finds an abundance of power domains, it is not necessary to insert
all of them. For example, we removed all power domains with an average idle period less than 10
cycles during simulation from the TriSolve and Seidel 2D test circuits. This increased the relative
wakefulness of each circuit from 36% to 44% and from 37% to 46%, respectively, but significantly
reduced the performance overhead to at most 1.02x the ungated baseline for TriSolve and 1.53x
the ungated baseline for Seidel 2D.

We also observe that one could amortize the cost of multi cycle wake delays by combining ac-
tors into slightly larger power domains which are power cycled less frequently. We tested the effect
of merging actors by merging adjacent unit rate actors into a single larger actor prior to the lower-

ing pass where we apply our algorithms. We target unit rate actors, because they have particularly
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short active periods as they hold no state and thus remain awake only as long as there is new work
being offered. Additionally, unit rate actors will not be ready to accept inputs until a downstream
state-holding actor is also awake and ready to accept the outputs. When waking multiple adjacent
unit rate actors, each actor must wake fully before the next begins waking, creating a multiplying
factor to the wake delay.

The results of merging adjacent unit rate actors prior to power gating are shown in the right
side of Table 4.2. The relative wakefulness of the circuit increases with merging, because the entire
merged actor must be awake when any portion needs to be awake. We observe that this bump in
activity is offset by faster overall execution. However, depending on the wake delay, the slowdowns
remain significant. We believe there is opportunity to apply further merging, for example targeting
the divergence and convergence points of disjoint execution paths and merging each path into a

single power domain.

4.4.4 Synthesis Results

To evaluate the area overhead of our instrumented circuits, we used OpenLane [106] to perform
synthesis and technology mapping for each of our test circuit configurations with the SkyWater
SKY130 PDK. The instance area of the test circuits ranged from 73,857 to 842,267um?. The area
overhead of all but two of our gated circuits relative to the baselane ranges from 4% to 40% with an
average of 22% area overhead. The two outlying circuits, ADI and Durbin, have an area overhead
of 204% and 222%, respectively. The baseline configuration of these two circuits were unable
to complete the OpenLane flow, indicating that there may be factors in the original circuit design

affecting the synthesis process.

4.5 Related Work

Manual power gating is difficult because designers must insert power-gating switches and ver-
ify the functional correctness and timing of each power domain. One approach to automate power

gating uses information from a clock-gated netlist to partition a circuit into power domains [107,
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108, 109]. These works find clock gating conditions based on don’t cares in the circuit, then
identify clock gated registers which can be grouped into power domains. Upasani et al. focus on
the timing of circuits that are both clock and power gated and use a placement aware clustering
heuristic to reduce timing overhead [110]. Udupi et al. derive temporary unobservabilities as part
of a formal verification process which can be used for both clock and power gating [111]. Usami
and Yoshioka propose a technique to reduce leakage power at runtime by identifying when state
transitions do not occur [112]. All of these techniques require the design to already be clock gated,
whereas our technique derives the same information directly from the structure of the dataflow
circuit and does not require that previous step.

Another method of automating clock gating is to exploit architectural properties of finite state
machines. N. Agarwal and Dimopoulos and Shin et al. use a FSM with data path (FSMD) repre-
sentation in which the machine is partitioned with data storage and functional circuits [113, 114].
These FSMDs can be further partitioned into independent sub-FSMDs that can be powered off
when the state transitions into a different sub-FSMD. Like our method, these works rely on the
properties of a specific representation to define power domains, however under their scheme, only
one power domain can be active at a time.

Leakage power is equally a concern in reconfigurable architectures which can be power gated
at the LUT or tile granularity. Ishihara et al. and Bsoul and Wolton designed FPGAs for fine
grained power gating where the power domains can be powered on and off at runtime using the
routing fabric between blocks [115, 116]. Miniskar et al. presents a programmer directive based
power gating scheme to turn off unused tiles in a CGRA architecture and Nayak et al. focus on
reducing the area overhead of boundary protection in a power-gated CGRA [117, 118]. These
methods depend on the specific device whereas our methodology is more general.

Like us, other researchers have used high-level information about the circuit to drive power
gating. Fanni et al. use the dataflow intermediate output of the MPEG Reconfigurable Video
Encoding standard to map multiple dataflow networks onto a power gated CGRA [119]. They

identify common logic regions among the dataflow networks which once mapped to CGRA tiles
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can be powered down when none of the corresponding dataflow networks are active. Our work also
derives power domain partitions using a dataflow representation, but we partition a single dataflow
network and generate control signals from the dynamic activity in the network. A. Agarwal and
Arvind leverage the rules-based design of Bluespec to generate fine-grained power domains and
their control signals [120]. Like our dataflow representation, each rule has a firing condition which
determines when the rule is active that can be used to determine power gating control signals.
However, Bluespec scheduling does not allow rules to be activated over multiple cycles so their
methodology requires that power domains are powered on within a clock cycle, limiting the poten-
tial clock frequency. Our methodology allows for multi-cycle actors and is robust to variable wake

up delays.

4.6 Conclusions

We present a method for automatically defining and controlling fine-grained power domains in
a dataflow circuits. Our compile-time algorithm partitions each dataflow actor into an always-on
control plane and a sleepable data plane. We insert logic to dynamically control the sleep signal.

The resulting circuits operate correctly under variable wake latencies.
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Chapter 5: Compiler-Directed Task Dispatch for Chiplet Accelerators

The work in Chapter 3 and Chapter 4 demonstrates how a dataflow abstraction can simplify the
implementation of complex hardware features. This chapter shifts focus to the software interface,
showing how design abstractions facilitate task orchestration in heterogeneous architectures. We
introduce a new MLIR [76] dialect, Accel, which provides an abstraction for compiler-directed,
pull-based task scheduling on chiplet-based accelerators. By encoding task graphs and dependency
hints, this abstraction enables the compiler to guide dynamic scheduling decisions at runtime,

mitigating the inefficiencies inherent in static scheduling.

5.1 Introduction

As heterogeneous computing platforms become increasingly prevalent, accelerators such as
GPUs, Al engines, and specialized domain-specific processors are being integrated more tightly
into system-on-chip (SoC) and chiplet-based architectures. While these accelerators offer signifi-
cant gains in performance and energy efficiency, they also introduce new challenges for software
systems attempting to offload work effectively. Existing accelerator interfaces rely heavily on host-
driven, push-based execution models, in which tasks are enqueued statically into FIFO structures
and dispatched without awareness of task readiness or dependency structure. While effective for
accelerators that execute long-running, coarse-grained tasks such as GPUs, this model often ex-
acerbates head-of-line (HOL) blocking, load imbalance, and resource underutilization when faced
with irregular or data-dependent computation.

These limitations are especially pronounced in task-graph-based programs, where execution
order is determined by data dependencies between fine-grained tasks. Domains such as machine

learning increasingly rely on asynchronous task graphs to expose parallelism and adapt to data-
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driven execution, with frameworks such as PyTorch using task graphs to represent the operations
and data dependencies in neural networks. However, current accelerator dispatch models lack the
flexibility needed to efficiently traverse and schedule such graphs.

In this work, we propose a compiler-directed, pull-based dispatch model that shifts the respon-
sibility for task scheduling from the host CPU to the accelerator. Rather than pushing individual
tasks into queues, the host transmits an entire task graph object, which describes the tasks, their
dependencies, and compiler-inserted scheduling directives. The accelerator interprets this graph,
dynamically managing execution based on task readiness and runtime feedback.

To support this execution model, we introduce Accel, a custom dialect in the MLIR framework
that exposes the accelerator interface as a first-class programmable entity. By leveraging the com-
piler’s global view of the program’s control and data flow, our model enables the accelerator to

dispatch only tasks that are ready and defer others until their dependencies are met.

5.2 Background on Accelerator Task Dispatch

The conventional task dispatch model, depicted on the left side of Figure 5.1, typically exposes
accelerators to host software as one or more queues, each with a signaling mechanism referred to
as a doorbell. A software scheduler running on the host CPU populates these queues with task
packets as well as barriers and other synchronization operations. When the host enqueues a task,
it will notify the accelerator device via the doorbell signal. Each task packet describes a discrete
unit of work to be executed by one of the accelerator’s processing elements and typically includes
an operation, references to input data, and task-specific configuration parameters.

On the accelerator side, a dedicated command processor is responsible for draining these
queues and dispatching tasks to its processing elements. The command processor functions as
a packet processor, removing packets from the queue and processing them in order. It dispatches
tasks to processing elements, stalls on barriers, and signals the host when tasks complete. The com-
mand processor relies entirely on the enqueued synchronization operations to ensure dependencies

are resolved before dispatch.
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Figure 5.1: On the left is the traditional push-based dispatch architecture where the host schedules
tasks for the accelerator command processor to dequeue and dispatch in order. On the right is
our pull-based dispatch architecture with an extended command processor which traverses and
schedules a task graph using compiler-inserted hints.

While the queue-based interface provides a clean abstraction over low-level hardware and sim-
plifies software-hardware interaction, static scheduling of tasks to queues leads to inefficiency.
Since task packets are processed in order, a barrier at the front of the queue prevents all other tasks
in the queue from being dispatched, even ones that are ready to execute. One way to mitigate
this head-of-line blocking is to schedule tasks to multiple queues to enable more precise barrier
placement. In systems with multiple queues, dispatch typically uses simple, fixed algorithms such
as round-robin to pull tasks from multiple queues. However, the benefits are limited by the number
of queues and may introduce load imbalance depending on how queues are mapped to accelera-
tors. These inefficiencies become especially pronounced with short-running tasks that have many

dependencies, such as those in task graphs.
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5.3 Pull-Based Dispatch Model

In place of push-based dispatch, we propose pull-based dispatch which shifts task scheduling
responsibilities from the host processor to the accelerator’s command processor, as shown on the
right in Figure 5.1. Rather than enqueueing individual tasks, the host CPU dispatches an entire
task graph object to the accelerator. This graph encodes tasks, their dependencies, and compiler-
inserted scheduling directives that enable the command processor to reason about task readiness.

To support this execution model, the accelerator command processor architecture is signifi-
cantly extended. While it still includes a packet processor to dequeue and dispatch tasks to accel-
erator processing elements, it is augmented with a scheduler CPU that interprets the task graph and
populates the dispatch queues. This scheduler maintains two task pools: a ready pool, containing
tasks whose dependencies have been resolved, and a sleeping pool, containing tasks awaiting the
completion of others. Guided by compiler-inserted scheduling hints and dependency information
embedded in the task graph, the scheduler interprets task readiness and pushes only ready tasks to
the dispatch queues. Task completion signals from the processing elements enable the scheduler
to dynamically update the task graph state.

This dynamic scheduling can be enhanced by the compiler’s global view of the task graph. With
full visibility into a program’s control flow and data flow, the compiler can statically determine
task dependencies and insert instructions to guide scheduling at runtime. This logic is encoded
in a custom MLIR dialect, Accel, which introduces operations for defining task graphs, tasks, and
scheduling metadata. These operations are eventually lowered into command processor bytecode,
where they assist the scheduler in interpreting the graph structure.

This pull-based model is more scalable and adaptable than traditional host-driven scheduling.
By combining static compiler analysis with dynamic runtime feedback, the command processor
is able to interpret complete task graphs. Tasks are dispatched as they become ready, enabling

improved accelerator utilization.
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5.4 Accel Dialect

The Accel dialect provides a high-level, programmable abstraction for task graphs, dependen-
cies, and scheduling behavior. Unlike traditional compute-focused dialects (such as MLIR’s GPU
or AIE dialects), Accel is concerned purely with task orchestration. It expresses the structure and
control of computation, not the computation itself.

The design of Accel is motivated by two key goals. First, we aim to represent task graphs in
a way that is both hardware-agnostic and semantically rich, enabling the compiler to encode de-
pendency and scheduling logic in a form that the command processor can interpret and execute.
Second, we aim to bridge the gap between high-level domain-specific IRs and low-level device dis-
patch code, allowing fine-grained compiler optimizations and flexible lowering to diverse hardware

targets.

5.4.1 Dialect Structure

At the core of the dialect are three fundamental types: a graph, a task, and a fiber. A graph
represents a full task graph with potentially hundreds or thousands of nodes. Each fask corresponds
to a unit of computation with a well-defined set of dependencies and a unique identifier. A fiber is
a subset of a task graph that is scheduled together and executed serially.

To define these structures, the dialect introduces a set of graph construction operations that
encode dependency information, describe data movement between tasks, and dispatch the graph to

the accelerator.

5.4.2 Compilation Flow

Accel is designed to compose seamlessly with other MLIR dialects, as shown in Figure 5.2. It
sits below high-level domain-specific dialects such as those for linear algebra, image processing,
or machine learning, allowing compiler passes to first perform domain-aware optimizations before

lowering into the accel dialect for task orchestration. From there, the IR can be further lowered
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Figure 5.2: Compilation flow for Accel, a task graph IR for generic accelerator interfaces that
can be lowered command processor bytecode, calls into runtime libraries, op hardware-specific
dialects.

to command processor bytecode, calls into runtime libraries, or hardware-specific dialects for de-
vices like GPUs or AIE arrays. This flexibility means that Accel is not restricted to any specific

architecture or device.

5.4.3 Fiber Abstraction and Partitioning

As task graphs grow in size and complexity, the overhead associated with scheduling and dis-
patching individual tasks becomes non-trivial. Fine-grained scheduling, while precise, can intro-
duce significant runtime overhead, particularly in systems where each task incurs setup latency and
memory movement.

Fibers serve two primary goals: scalability and data locality. From a scalability standpoint,
grouping tasks into fibers reduces the total number of schedulable entities that the command pro-
cessor scheduler must manage. Rather than tracking and dispatching thousands of individual tasks,
the command processor scheduler operates on a smaller number of fibers, each carrying its own in-
ternal dispatch logic. This abstraction aligns well with resource-constrained command processors
or simple scheduler CPUs, enabling them to scale execution without becoming a bottleneck.

From a locality perspective, fibers allow the compiler to co-locate interdependent tasks on the
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same device or compute tile. This reduces the need for inter-device communication and enables
reuse of data already present in local memory. For example, in a sparse triangular solver workload,
many tasks operate on overlapping rows of a matrix. Grouping these into a single fiber allows
intermediate results to remain in on-chip memory, avoiding costly DRAM transfers.

While fibers are dynamically scheduled by the command processor, the tasks in each fiber are
statically scheduled by the compiler to run sequentially on the same processing element. Each fiber

contains a sequence of operations that specify the schedule using the following Accel operations:

InitCountOp sets the number of unsatisfied dependencies before a fiber becomes ready.

* DispatchTaskOp triggers task execution.

* BarrierOp manage inter-fiber synchronization.

WakeF iberOp signals readiness of dependent fibers.

FiberTerminatorOp indicates completion.

We adopt a wait-count-based synchronization mechanism for the initial fiber wake-up. Each
fiber begins with a defined number of dependencies, which is decremented as tasks or external
signals complete. When the count reaches zero, the fiber is ready for execution. The command
processor scheduler moves the fiber into the ready pool and executes the instruction stream of
Accel ops.

During execution, tasks in a fiber may depend on other fibers. To support flexible synchroniza-
tion, we introduce a lightweight synchronization barrier. Unlike traditional barriers, which stall
all execution until resolved, our BarrierOp affects only the specific fiber in which it resides.
When a barrier op is encountered, the fiber returns to the sleep pool, and the barrier becomes its
wake condition. This allows other fibers and tasks to continue executing in parallel, improving
overall system throughput. Additionally, the WakeFiberOp enables fibers to be woken up early
if specific conditions are met, such as the completion of just the initial tasks they depend on, rather

than waiting for coarse-grained dependencies across the entire graph.
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fl = accel.scheduled_fiber

~ oP

accel.init_count 1
accel.dispatch_task %t4
accel.dispatch_task %t8
accel.dispatch_task %t9
accel.barrier %tl10
accel.dispatch_task %$tl3
accel.terminate_fiber

Figure 5.3: On the right is one possible partitioning of a task graph into fibers. On the left is the
scheduled fiber instruction stream that corresponds to Fiber 1 (shaded).

A partitioning pass during compilation constructs fibers primarily for data locality using a
depth-first policy that creates long chains of dependent tasks that can be executed on the same tile.
Once the task graph is partitioned, a compiler pass transforms each fiber into a scheduled fiber that
encodes its execution plan as a sequential stream of operations. The scheduler interprets this stream
like a program, maintaining a per-fiber program counter and executing operations in order. If a wait
or barrier condition is encountered, the fiber is moved to the sleeping pool; when the condition is
resolved, it is returned to the ready pool. This model retains the dynamic, data-driven execution
semantics of our pull-based scheduler while significantly reducing runtime control decisions by
limiting the number of entities that must be scheduled.

An example of a scheduled fiber is shown in Figure 5.3. The InitCountOp indicates the
number of tasks that must complete before the fiber is ready, in this case only task T1. Once
task T1 is complete, the command processor scheduler will notify its waiters, including this fiber,

and decrement their counters. When the count goes to zero, the fiber will be moved to the ready
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pool where it can dispatch task T4 and then tasks T8 and T9. At that point, the fiber encounters
an external dependency, and the barrier op will prompt the scheduler to move the fiber into the
sleeping pool until task T10 is complete. Once task T10 is complete, the fiber will move back into

the ready pool and dispatch task T13.

5.5 Evaluation

To evaluate the effectiveness of our compiler-directed, pull-based dispatch model, we con-
ducted a series of experiments using sparse triangular solver benchmarks running on a prototype
system. These experiments assess how our model improves task dispatch latency, total execution
time, and system scalability compared to traditional push-based scheduling. We also examine the
impact of partitioning a task graph into fibers and evaluate execution strategies that exploit data

locality.

5.5.1 Prototype System

We built a prototype targeting the AMD Versal platform [121]. This prototype system brings
together programmable command processors, high-performance accelerator arrays, and a fully
integrated compiler and runtime stack to demonstrate end-to-end task graph execution.

Our prototype is deployed on the AMD Versal VCK190, a heterogeneous system-on-chip that
integrates general-purpose processors, reconfigurable logic, and a dense array of Al Engine (AIE)
accelerator tiles. These AIE tiles are designed for high-throughput, low-latency computation and
are ideal for task-parallel workloads like sparse triangular solvers.

The platform’s control logic is split between an ARM Cortex-A72 scheduler CPU embedded in
the Versal processing subsystem and eight BlackParrot RISC-V processors [122] synthesized in the
programmable logic fabric. The BlackParrot cores serve as packet processors, executing bytecode
generated from Accel and managing communication between the scheduler and the accelerator
devices. Each BlackParrot core maintains its own instruction memory and supports task dispatch

operations, queue management, and signal handling. A shared hardware queue descriptor memory
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region stores task queues, doorbell signals, and shared flags. This memory region is exposed to
both the host and the accelerator as a prefetchable PCle base address register, enabling efficient
user-space interaction with the queueing system.

At the top of the software stack, the MLIR compiler incorporates the Accel dialect and cor-
responding lowering passes. Task graphs are transformed into Accel ops containing scheduling
directives and fiber operations. This representation is then compiled into CP-compatible bytecode
and linked with the application.

We extend the AMD ROCm runtime (ROCr) [123], an open-source software stack for GPU
accelerator computation, to support arbitrary accelerators by abstracting devices as generic agents
with queues, signals, and memory regions. Our implementation generalizes the ROCr agent model
to include the AIE array and the command processor complex. This makes our system fully com-
patible with the HSA programming model [124] while allowing for dynamic, asynchronous task
execution.

At the kernel level, we implement a custom Linux device driver for the AIE and CP com-
plex. The driver handles device memory allocation, queue registration, and agent creation. Once
the initial queues and contexts are established, all task scheduling occurs in user space, reducing
overhead and latency.

During execution, the scheduler CPU runs a compact runtime loop that manages the state of
all active fibers. Each fiber has an associated program counter that tracks the next operation to be
interpreted. When a fiber is moved to the ready pool, the scheduler fetches the next instruction,
executes it (e.g., dispatching a task), and either continues or places the fiber back into the sleeping
pool depending on the instruction type.

The BlackParrot packet processors are responsible for enqueuing tasks into hardware queues,
triggering dispatches to the AIE tiles, and handling task completions. Once an accelerator task
completes, a signal is sent to the scheduler CPU, which updates the appropriate wait counts or
barriers and determines if any fibers are now ready to execute.

Crucially, task and fiber execution is data-driven: a fiber only progresses when its wait condi-
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tions have been met. This model supports dynamic task graph traversal without requiring the host
to maintain complex scheduling logic, reducing the overhead typically seen in push-based dispatch

systems.

5.5.2  Applications

We use a set of task graphs derived by applying the sparse triangular solver algorithm to a
variety of input matrices resulting in a set of task graphs with different sizes, shapes, and depen-
dencies [125]. The input matrices are drawn from the SuiteSparse Matrix Collection [126, 127],
and are symmetric and sparse, with between 2,000 and 6,000 rows. The graphs are constructed
using a tiling approach that groups non-zero entries into manageable subgraphs based on a target
task capacity, producing task graphs with 300 to 4,000 tasks.

Each task in the graph represents a single unit of work and includes dependencies based on
data requirements. These dependencies form a directed acyclic graph (DAG), which is then used

to generate the Accel ops for compilation and dispatch.

5.5.3 Push vs. Pull Dispatch

We first compare our pull-based model to the conventional push-based model, which statically
populates hardware queues regardless of task readiness. The results are shown in Figure 5.4.
Across the full set of SpTS graphs, we observe a speedup of between 4% and nearly 50% in total
execution time using the pull-based model. While all graphs show some speedup, those with less
parallelism experience diminishing returns as the number of queues increases. These gains stem

primarily from improved queue utilization and reduced waiting time for ready tasks.

5.5.4 Fiber Execution and Locality-Aware Scheduling

Next, we evaluated the use of locality-based fibers compared to the baseline pull-based model.
We compare two execution strategies: a basic round-robin scheduler without fibers and a locality-

aware scheduler that places all tasks in a fiber on the same AIE tile. The goal is to reduce memory
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transfers and exploit on-tile data reuse.

The results in Figure 5.5 show that for most graphs locality-aware scheduling improves exe-
cution time compared to the round-robin baseline. The performance gain is driven by two main
factors: a reduction in the number of instructions executed by the command processor and a re-
duction in data movement between tiles.

The performance of locality-based schedule is closely correlated to the parallelism in each task
graph. Graphs with many data dependencies exhibit a tradeoff between limiting the number of data
transfers and serializing otherwise parallel tasks.

While fiber-based scheduling offers strong performance in many cases, we observed that overly
aggressive partitioning can lead to unintended serialization, reducing parallelism and increasing
critical path length. In some graphs, especially those with wide, highly parallel structures, locality-
aware grouping reduced concurrency to the point where performance degraded relative to the flat,
per-task model.

Given that the effectiveness of fiber scheduling is strongly correlated with task granularity
and hardware mapping, the workload has a significant impact on performance In workloads like
sparse triangular solve, where individual tasks are relatively small and data movement dominates
execution time, locality-based execution with fibers can significantly reduce memory traffic and
improve performance. However, in compute-bound or highly parallel tasks, the benefit may be

less pronounced, and serialization penalties may outweigh locality gains.

5.6 Related Work

Prior work targeting task-graph dispatch primarily focuses non-chiplet accelerators. Mosayebi
et al. studied queue management in PIM accelerators to identify bottlenecks in large-scale graph
workloads [128]. Their approach uses improved scheduling heuristics for PIM cores to reduce
waiting time and increase utilization by optimizing the scheduling of work queues. Tzeng et al.
explored dynamic task management for irregular workloads on GPUs [129]. They find that task

donation and task stealing result in significantly less idleness than both centralized and distributed
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FIFO queues. We use a different mechanism, but also find that dynamic scheduling improves
performance.

Several MLIR dialects target parallel execution and heterogeneous systems, but they focus on
compute rather than task dispatch and graph-level orchestration. The MLIR GPU dialect provides
abstractions for launching compute kernels on GPUs. It models thread hierarchies and synchro-
nization within a kernel, but assumes a push-based dispatch model [130]. Similarly, the AIE
dialect, designed for AMD’s Al Engines, is closely tied to the AIE tile architecture [131]. These
dialects are designed to optimize computation for specific device architectures and do not represent
task graphs or scheduling hints as Accel does. The MLIR Async dialect models asynchronous con-
trol flow using composable async regions [132]. It is integrated with a coroutine-style execution
model and does not represent the topology of a task graph. It also does not facilitate dynamic task
dispatch by the command processor.

In the machine learning domain, Katel et al. present an MLIR-based code generation pipeline
for NVIDIA tensor cores, using several MLIR dialects including GPU [133]. However, their fo-
cus is on kernel generation and optimization, and they use the conventional task dispatch model.
Martinez et al. define the HDNN dialect as an abstraction for deep neural networks [134]. HDNN
emphasizes device portability and programming productivity and can be lowered to CPU, GPU, or
TPU backends by changing the device specifier, which differs in focus from Accel .

Beyond MLIR, frameworks like Legion [135], Kokkos [56], and HPVM [136] support task
graph programming and dynamic scheduling. These frameworks operate primarily with runtime
libraries at a higher level than our pull-based model, but they could be supported by our model
at the hardware level. Wei et al. recently introduced Cohort, a software-oriented framework for
accelerator management based on shared-memory queues [137]. However, they focus on single-

producer, single-consumer queueing models.
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5.7 Conclusions

We present a method for offloading entire task graphs to chiplet-based accelerators. Leverag-
ing Accel, we tightly integrate compiler-driven scheduling with a programmable command pro-
cessor, enabling fine-grained control over task orchestration. Our prototype, implemented on the
Versal AIE platform, demonstrates how this co-designed approach can reduce execution time, im-
prove resource utilization, and adapt flexibly across diverse architectures. By combining hardware
programmability, a rich intermediate representation, and a custom runtime scheduler, we offload
complex orchestration logic directly onto the accelerator. This architecture enables a pull-based
scheduling model that outperforms traditional push-based dispatch, particularly in scenarios in-

volving sparse and irregular workloads.
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Chapter 6: Conclusions

The increasing use of heterogeneous architectures to meet performance and energy efficiency
demands has introduced new challenges in accelerator design and system integration. Compared to
traditional single-core and multicore architectures, heterogeneous architectures require more spe-
cialized hardware design and more complex system-level coordination and programming models.
This dissertation has argued that design-time abstractions are a powerful mechanism for managing
this complexity. In three case studies, this work has demonstrated that carefully selected abstrac-
tions can reduce development effort while enabling features that would otherwise be difficult to
implement.

Chapter 3 and Chapter 4 showed how a dataflow abstraction can simplify the design and synthe-
sis of complex hardware features. In Chapter 3, we presented a synthesized hardware garbage col-
lector for FPGA accelerators. By leveraging the latency-insensitive and parallel nature of dataflow
circuits, the collector operates concurrently with the application, exploiting idle memory cycles
with negligible performance overhead. This contribution demonstrates that automatic memory
management, typically done in software, can be efficiently realized in hardware using a dataflow
abstraction.

Chapter 4 demonstrated how the dataflow abstraction can also be used to facilitate power gating
for accelerators. Here, the precise knowledge of activity inherent to dataflow circuits allowed
us to identify fine-grained power domains and synthesize control logic in dataflow circuits. The
resulting power-gated accelerator operates correctly even with variable wake latencies and ensures
that power domains wake when needed. This method makes fine-grained power gating practical
for synthesized accelerators.

Chapter 5 shifted focus to accelerator interfaces and presented a method for dispatching task

graphs on chiplet-based accelerators. Unlike traditional push-based dispatch, where the software
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host statically schedules tasks in queues, our pull-based dispatch model enables the accelerator
to dynamically schedule tasks at runtime. To support this execution model, we introduce Accel,
a new MLIR dialect designed to represent task graphs, dependencies, and scheduling hints. This
combination of static compiler analysis with dynamic runtime feedback avoids the bottlenecks of
push-based dispatch.

Collectively, these contributions support the thesis that design-time abstractions are essential
to effective accelerator design and integration, and their careful selection can substantially sim-
plify the implementation of key features. The abstractions in this dissertation enable automated
garbage collection and fine-grained power gating for synthesized accelerators as well as dynamic
task dispatch for chiplet-based accelerators, demonstrating how abstractions facilitate the design

and integration of accelerators.
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