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Abstract

Generation of Compiler Backends from Formal Models of Hardware

Gus Henry Smith

Chair of the Supervisory Committee:
Zachary Tatlock

Computer Science & Engineering

Compilers convert between representations—usually, from higher-level, human writable code to

lower-level, machine-readable code. A compiler backend is the portion of the compiler containing

optimizations and code generation routines for a specific hardware target. In this dissertation, I

advocate for a specific way of building compiler backends: namely, by automatically generating

them from explicit, formal models of hardware using automated reasoning algorithms. I describe

how automatically generating compilers from formal models of hardware leads to increased

optimization ability, stronger correctness guarantees, and reduced development time for compiler

backends. As evidence, I present two case studies: first, Glenside, which uses equality saturation

to increase the 3LA compiler’s ability to offload operations to machine learning accelerators, and

second, Lakeroad, a technology mapper for FPGAs which uses program synthesis and semantics

extracted from Verilog to map hardware designs to complex, programmable hardware primitives.
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Glossary

accelerator Custom hardware, specialized to a specific task or set of tasks. In this dissertation,

we are most frequently referring to accelerators for . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .machine learning kernels. 11, 14, 15, 31,

33, 81

ASIC A hardware chip produced for a specific purpose. In contrast to FPGAs, which are repro-

grammable, ASICs are static. As a consequence, the design of ASICs is an intensive process

involving significant . . . . . . . . . . . . .validation and . . . . . . . . . . . . . . .verification to ensure hardware correctness. 10

automated reasoning A term to capture algorithms such as . . . . . .SMT or . . . . . . . . . . . . . . . . . . . . . . . . .equality saturation. In

general, automated reasoning algorithms are able to solve complex constraint or optimization

problems by applying mathematical and logical rules. Automated reasoning algorithms are

generally applicable to many tasks in computer science, as long as the can be captured in a

way the algorithm can understand. 12, 19, 25, 27, 133, 135

compiler A tool which converts between representations. 9, 12, 13

compiler backend The portion of a . . . . . . . . . . .compiler that concerns the . . . . . . .target, e.g., target-specific opti-

mizations and code generation. 13

DSL A programming language designed for a narrow domain, generally for a specific purpose.

DSLs are generally smaller than general-purpose programming languages, with fewer

9



10 Glossary

complicated features like general control flow. This makes them easier to reason about and

optimize. 14, 16, 24

equality saturation A term rewriting algorithm [174, 175, 195] which uses a specific data

structure—the egraph—to capture a large space of equivalent programs. 9, 20, 27, 31, 37, 40,

49, 81, 127

FPGA Field Programmable Gate Arrays are a reprogrammable hardware platform allowing users

to design hardware without fabricating an . . . . . . .ASIC. FPGAs are pre-fabricated chips composed

of programmable . . . . . . . . . . . .primitives. The FPGA can be reprogrammed to configure and connect the

various primitives, producing different hardware designs. 14, 15, 19, 27, 71, 85, 131

hardware synthesis Another term for hardware compilation. The process of converting a

hardware design captured in a high-level language to a low-level target implementation, for

example, a . . . . . . . .netlist which can be programmed onto an FPGA or a geometry file to be made

into an ASIC. 12, 14, 19, 85, 134, 135

HLS A set of tools [43] for compiling high-level implementations of algorithms (often written in

C) into hardware designs. HLS is often contrasted against . . . . .RTL, written in languages like

Verilog or VHDL, which is a comparatively lower level of abstraction. 11, 26, 134

instruction selection A core compiler algorithm in which higher-level, hardware-independent

operations are lowered to hardware-specific instructions [20]. 14

machine learning kernel A core subroutine used within many machine learning workloads—

for example, matrix multiplication. Machine learning kernels are often highly optimized,

often by building custom hardware to implement them efficiently. 9, 14, 51
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netlist Much like . . . . . .RTL or . . . . .HLS, netlists are a way to capture a hardware specification. Netlists are

lower-level than RTL or HLS, however. As their name implies, netlists are simply lists of

“nets” (or wires), plus, importantly, the modules they are connected to. 10, 11

primitive The atomic units of a language or representation. In the context of this dissertation,

we often mean either . . . . . . . . . . . . . .accelerator primitives or hardware primitives. Accelerator primitives

are operations implemented by accelerators which are, from the view of software, black

box operations which cannot be split into smaller sets of instructions. They represent the

smallest unit a compiler can target. Hardware primitives are the modules provided for use

by a hardware platform—e.g. the gates and devices available for use on an FPGA. A . . . . . . . .netlist

is composed of primitive instantiations. 10, 27, 85, 136

program synthesis A broad term capturing a set of techniques for generating programs, often

using automated reasoning tools [71]. In this dissertation, we are generally referring to

solver-aided synthesis, which formulates program generation as a constraint solving problem

and applies solvers (e.g. . . . . . .SMT solvers). Specifically, we are generally referring to sketch-

guided program synthesis, in which the final compiled program is captured as a sketch, with

holes to be filled in by the solver [166]. 20, 27, 85, 99, 131, 136

RTL A specific level of abstraction for a hardware design specification, in which registers (hard-

ware modules which hold state) are explicit in the design, but computation is still modeled

at a high level. This is in contrast to a higher level representation like . . . . . .HLS, which does not

include timing, or a lower, gate-level or netlist representation which may use specific gates

or other hardware primitives. 10, 11, 134

SMT A class of constraint problem. SMT is simply SAT—Boolean satisfiability—with extra “theo-

ries” added in, somewhat like libraries. For example, the theory of fixed-width bitvectors,
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which includes operations over groups of bits. SMT solvers are . . . . . . . . . . . . . . . . . . . . . . . . . . .automated reasoning algo-

rithms which solve SMT problems. 9, 11, 25, 99, 135

target The platform which a . . . . . . . . . . .compiler generates code for. 9, 13

technology mapping A core compiler algorithm in . . . . . . . . . . . . . . . . . . . . . . . . .hardware synthesis tools in which hardware-

independent components of a design (e.g. a Verilog multiply operator *) are lowered to

hardware-specific primitive instantiations (e.g. a Xilinx DSP48E2 DSP). 15, 19, 85, 131

tensorization An algorithm within machine learning compilers which uncovers places to in-

voke primitives operating over tensors—often in the form of accelerator invocations [182].

Tensorization is analogous to vectorization in standard compilers, in which groups of in-

structions are translated into a single vector instruction to improve performance. 14, 19,

81

validation The process of sanity-checking a program or hardware design using a limited, finite set

of inputs, and judging the correctness of the outputs. Also referred to as testing. Validation

should specifically be distinguished from . . . . . . . . . . . . . . .verification. Confusingly, in the world of hardware

design, validation is often referred to as verification, while verification (by our definition) is

referred to as formal verification. 9, 12, 34, 74

verification The process of mathematically proving correctness about a program or hardware

design. While the proofs of correctness themselves can have limitations, verification is

generally more thorough than . . . . . . . . . . . .validation or testing. In the world of hardware design,

“verification” generally refers to what we call validation or testing, while “formal verification”

refers to our verification. 9, 12, 135



Chapter 1

Introduction

A .. . . . . . . . . .compiler is a tool which converts from one representation to another—usually, from a higher-

level, human-writeable representation to a lower-level, machine-readable representation. A classic

example is the clang compiler from the LLVM suite [104], which compiles programs written

in processor-independent C code into processor-specific machine code, which the hardware

understands how to execute:

int square(int num) {
return num * num;

}

square:
imul edi, edi
mov eax, edi
ret

clang

Figure 1.1: clang compiling high-level C code to target-specific x86 assembly.

In this case, clang is generating code for an x86 processor; we refer to the platform which

the compiler is compiling for as the . . . . . . . .target. Though compilers perform many target-agnostic

transformations and optimizations (modifications of the high-level code which are useful regardless

of the target), a compiler’s fundamental purpose is to produce a program in the target’s language.

The portion of the compiler which handles target-specific optimizations and code generation

is called the . . . . . . . . . . . . . . . . . . . . .compiler backend—for example, it is clang’s x86 backend which is responsible for

13



14 Chapter 1. Introduction

nn.conv2d(data, weight,
padding=[1, 1, 1, 1],
channels=16,
kernel_size=[3, 3])

with T.attr("VTAPushGEMMOp"):
for j_init in range(14):
T.tir.vta.uop_push(...)

TVM

Figure 1.2: Tensorizing a 2D convolution to VTA [121] accelerator calls.

performing x86-specific optimizations and eventually producing x86 assembly code. Compiler

backends will be the focus of this dissertation; we will largely ignore other compiler components

(i.e. frontends and target-independent optimizations).

Throughout this intro, we will use three different compilers as our running examples. As

we have already seen, we will consider the general-purpose C compiler clang as our “gold stan-

dard” example of a commonly-known and understood compiler. However, we will also consider

two compilers from more specialized domains, which will be key to part I and part II of this

dissertation, respectively. First, the TVM compiler [35], which will be a main focus of part I,

is a compiler for deep learning programs which compiles code written in a high-level Python

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .domain-specific language (DSL) into optimized code for CPUs, GPUs, and custom . . . . . . . . . . . . . .accelerators. Sec-

ond, the open-source . . . . . . . . . . . . . . . . . . . . . . . .hardware synthesis tool Yosys is a compiler for hardware designs supporting

hardware targets such as . . . . . . . .FPGAs and will be a focus of part II.

Compiler backends are composed of multiple stages, and each stage is implemented with one

or a number of core algorithms. For example, a key stage in clang’s x86 backend when compiling

our example in fig. 1.1 is . . . . . . . . . . . . . . . . . . . . . . . .instruction selection, in which clang decides how to implement each

operation in the C program using actual instructions provided by the processor [110]. It is in this

stage where clang decides to implement C’s * operator using x86’s imul instruction.

Our other two compiler examples, TVM and Yosys, also rely on a few core algorithms to

implement their backends. TVM implements a step called . . . . . . . . . . . . . . . .tensorization [182], which, among other

things, maps high-level . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .machine learning kernels to target-specific implementations, including
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module sub_mul(input a,b,c,
output o);

assign out <= (c - a) * b;
endmodule

DSP48E2 #(
.ACASCREG(32'd1), ...

) DSP48E2_0 (
.A(a), ...

);

Yosys

Figure 1.3: Technology mapping a high-level hardware design to an instantiation of a specific

hardware primitive.

invocations of specialized hardware . . . . . . . . . . . . . . . .accelerators. Figure 1.2 shows an example of tensorizing a

2-dimensional convolution to general matrix multiplication (GEMM) instructions for a specific

accelerator backend, VTA. Similarly, a core step in hardware compilation for Yosys and other

hardware synthesis tools is . . . . . . . . . . . . . . . . . . . . . . . . . .technology mapping in which the tool determines how to implement

the high-level hardware design using the hardware primitives available on the hardware platform.

An example of technology mapping is shown in fig. 1.3, in which a high-level, architecture-

independent hardware module is implemented using an architecture-specific hardware primitive

(in this case, a DSP48E2 primitive present on Xilinx . . . . . . . .FPGAs). Both tensorization and technology

mapping will be key focuses of this dissertation, in parts I and II respectively.

To implement their core algorithms, compiler backends employmodels of hardware. Following

our running examples, clang’s instruction selection algorithm directly utilizes a model of the

x86 architecture’s instructions to determine what instructions are available for use. The model

is explicit, built into clang’s x86 backend itself. The following snippet is taken from the x86

instruction model, and is the declaration of the imul instruction used to implement our square

function above:

defm IMUL : Mul<0xF7, "imul", MRM5r, MRM5m, null_frag>;

Figure 1.4: Declaration of x86’s imul instruction in LLVM’s x86 backend [111].

This instruction declaration tells clang’s instruction selector that there is an instruction, imul,
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available for use; other parts of the model (omitted) describe the functionality of the instruction,

which helps the instruction selector decide when to use the imul instruction.

Not all models within compilers are made the same, however. To contrast the explicit model

in fig. 1.4, consider this snippet from Yosys’s technology mapper for Xilinx FPGAs:

subpattern in_dffe
arg argQ clock
code

dff = nullptr;
if (argQ.empty())

reject;
for (const auto &c : argQ.chunks()) {

if (!c.wire)
reject;

...

Figure 1.5: Snippet of code from Yosys’s pmgen framework [206] attempting to map hardware

designs to specific FPGA hardware primitives.

This code is an imperative pattern matching algorithm written in Yosys’s pmgen . . . . .DSL which

searches for a specific pattern in the hardware design. Unlike fig. 1.4, which is an explicit hardware

model used by clang’s instruction selector algorithm, the above example is both algorithm and

model: encoded implicitly within this algorithm is a model of the underlying hardware.1 Soon, I

will argue why this method of entwining algorithm and model is disadvantageous; before I do

that, however, I will introduce some terminology to make it easier to discuss the properties of

algorithms and models.

To better discuss compiler backends’ algorithms and the hardware models on which they

depend, I introduce two terms: model explicitness and algorithm adaptability.

1In fact, it would be quite difficult to build a compiler without encoding some kind of model of the underlying
hardware. That is, any compiler which generates code for a hardware target will encode facts about the hardware
which amount to a model of the hardware. The less those facts are explicitly separated out, the more implicit the
model.
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Model explicitness. Model explicitness captures how overtly a model is encoded into a compiler

backend. For example, fig. 1.4 presents an overt, explicit model of hardware in the form of a list

of instructions implemented on x86. In contrast, fig. 1.5 presents an implicit model embedded

within a pattern matching algorithm. We consider fig. 1.4 more explicit as the model is easier to

identify and interpret. Model explicitness is also highly correlated to whether or not the model is

captured in a non-executable, declarative form such as the static list of instructions in fig. 1.4, or

in an executable, imperative form such as the pattern matching algorithm in fig. 1.5.

Algorithm adaptability. Algorithm adaptability captures the ability of a particular compiler

backend algorithm (e.g. an instruction selection algorithm or a technology mapping algorithm)

to adapt to new hardware with minimal modification. For example, because clang’s instruction

selection algorithm reads its instructions from declarative models such as the one presented in

fig. 1.4, it can easily adapt to new instructions and hardware targets by simply being supplied a

new list of instructions [110]. The snippet of Yosys’s technology mapping algorithm presented in

fig. 1.5, on the other hand, encodes a model of the target FPGA implicitly within the algorithm;

thus, adapting it to a new FPGA would involve entirely rewriting the algorithm.

Now that we’ve introduced these terms, let’s reconsider the two examples we have discussed

so far: clang’s instruction selector and Yosys’s technology mapper. clang’s instruction selector is

powered by an explicit model of the x86 ISA, part of which is presented in fig. 1.4. Furthermore,

its underlying algorithm is adaptable to new models; the user simply needs to update the model,

and the algorithm will adapt. On the other hand, Yosys’s technology mapper utilizes implicit

models, and its algorithm is inflexible. To visualize this, we we plot Yosys’s techology mapper

and clang’s instruction selector on a 2D plane with model explicitness on the horizontal axis

and algorithm adaptability on the vertical axis, shown in fig. 1.6. Yosys’s technology mapper,
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Figure 1.6: A visualization of where various compiler backend components fall on the model

explicitness–algorithm automation spectrum. Glenside, Lakeroad, and Churchroad are the

contributions of this dissertation.
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being built upon implicit models and inflexible algorithms, is towards the bottom left. Meanwhile,

clang’s instruction selection is further up and to the right.

The core claim of this dissertation, put informally, is that pushing up and to the

right on our model explicitness–algorithm adaptability spectrum (fig. 1.6) produces

better compiler backends. By “pushing up”, I mean using more adaptable . . . . . . . . . . . . . . . . . . . . . . . . . .automated reasoning

algorithms to automatically generate compiler backends from explicit, formal models of hardware,

as opposed to hardcoding backends using inflexible algorithms and implicit models. By “better

compiler backends”, I focus on three primary classes of improvements: correctness, optimization,

and development time improvements.

Next, I present my formal thesis statement. Afterwards, I will break down the statement and

discuss each part.

Thesis Statement

Automatically generating compiler backends from explicit formal models of the hardware

they target enables optimizations, improves correctness, and reduces development time.

I will now explain and define the individual components of this thesis. I will use a set of five

keywords to refer back to to the primary components of my thesis statement: its two “inputs”,

Algorithms and Models, and its three “outputs”, Optimizations, Correctness, and

Devtime.

Automatically generating compiler backends. At the highest level, my thesis advocates

for automatically generating compiler backends. By this, I mean utilizing automated reasoning

techniques to automatically implement compiler backend tasks like . . . . . . . . . . . . . . . .tensorization in ML compilers

and . . . . . . . . . . . . . . . . . . . . . . . . . .technology mapping in . . . . . . . .FPGA . . . . . . . . . . . . . . . . . . . . . . . . .hardware synthesis tools. At the highest level, automatically
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generating compiler backends takes the form of specializing an automated reasoning algorithm to

a specific compilation task by feeding it a hardware model. Thus, I break down the automated

generation of compiler backends into two primary design decisions: choosing an automated

reasoning algorithm (hence referred to with the keyword Algorithms) and choosing the formal

hardware models to feed into the algorithms (hence referred to with the keyword Models).

Algorithms refers to the automated reasoning algorithms we use to automatically generate our

backends. Models refers to the hardware models which the automated reasoning algorithms

consume to generate the compiler backend. I thus consider the Algorithms and Models

as “inputs” or the independent variables in my research. In parts I and II, I will show how

different choices of Algorithms andModels produce different results. In part I, we focus on an

algorithm called . . . . . . . . . . . . . . . . . . . . . . . .equality saturation, and our models take the form of program rewrites capturing

the high-level functional behavior of hardware accelerators. In part II, we focus on an algorithm

called . . . . . . . . . . . . . . . . . . . . . . .program synthesis, and we directly utilize vendor-provided Verilog simulation models as

our models of hardware.

In my thesis statement, I claim that automatically generating compiler backends benefits

compiler Optimizations, Correctness, and Devtime. We consider these the “outputs” or

dependent variables in our experiments in parts I and II. I now describe each in detail.

Optimizations. A key task of a compiler backend is to utilize the target hardware efficiently to

produce optimized programs. Compiler backends which rely on poor, implicitly encoded models

and inflexible algorithms leave key optimizations on the table. In part I, we demonstrate how

inflexible algorithms lead to missed accelerator mapping opportunities in deep learning compilers.

In part II, we show how inflexible algorithms and implicit models lead to poor utilization of

specialized FPGA primitives during FPGA compilation. Both of these cases correspond to missed
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opportunities for optimization.

Correctness. Compiler backends are expected to produce correct code. However, backends

which are built on implicit models of hardware which are deeply integrated into the algorithms

themselves can have hard-to-find bugs. A cleaner division between hardware model and algorithm

makes it easier to find bugs on either side. Furthermore, many of the more adaptable algorithms I

advocate for in this dissertation (equality saturation, program synthesis) have open-source, highly-

used, well-tested implementations which are likely more trustworthy than a hand-implemented

algorithm used only within a single compiler backend. In part I, I demonstrate how the difficulty

of building compilers leads to a lack of validation in machine learning accelerators. I show

how automatically generating compilers for accelerators aids in rapid testing and validation,

and directly leads to uncovering bugs in real hardware designs. In part II, I demonstrate how

utilizing automated reasoning methods, we can generate correctness guarantees stronger than the

guarantees provided by any existing hardware synthesis tool.

Devtime. And lastly, more explicit models and more adaptable algorithms can ease compiler

development. Implicit models, especially models deeply integrated into the algorithms themselves

(such as the Yosys example in fig. 1.5) are generally harder to comprehend and thus harder to update.

Understanding implicit, imperative models is often more challenging than understanding explicit,

declarative models. More flexible algorithms reduce development time in a number of ways. First,

the algorithms this dissertation promotes all have free-to-use open source implementations, thus

alleviating the need for the compiler engineer to write their own algorithm by hand. Second, the

greater flexibility of the algorithms allows them to adapt to new hardware with less engineering

effort. In both parts I and II, we demonstrate how compiler backends generated with automated

reasoning algorithms are more easily extensible. In both cases, to target a new hardware platform,
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users simply need to provide models of the target hardware. In part I, these models come in the

form of rewrites capturing accelerator functionality. In part II, we use simulation models of FPGA

primitives provided by the FPGA vendors.

I will demonstrate this thesis in two parts. These parts are visualized on our model explicitness–

algorithm adaptability spectrum in fig. 1.6. In part I, I introduce Glenside [162] and 3LA [81],

which demonstrate how a more adaptable algorithm can increase a compiler’s ability to offload

operations to machine learning accelerators. As is shown in fig. 1.6, part I only pushes along one

axis of our spectrum: namely, algorithm adaptability. In part II, I more fully realize my thesis

statement via Lakeroad [161]: a technology mapper for FPGAs which utilizes both more adaptable

algorithms and more explicit models. In the end of part II, I also describe Churchroad [163],

which seeks to extend the power of Lakeroad to larger hardware designs. Glenside, Lakeroad,

and Churchroad demonstrate how, by automatically generating portions of compiler backends

using more adaptable algorithms and more explicit models of hardware, we we improve their

optimization ability and correctness, while easing development effort.

Before jumping into the content of this dissertation, though, let me first take the time to situate

this work in the existing literature and explain my novel contributions.

Situating this Dissertation: What’s New?

The automatic generation of compilers is not a new idea; in fact, it has been somewhat of a

holy grail for decades. So what does this dissertation bring to the table? Before elaborating

on that question, I will briefly chronicle related work from the past five decades related to the

top-level topic of compiler generation. Then, I will discuss the novel insights of this dissertation:

namely, (1) taking advantage of the new wave of powerful, off-the-shelf automated reasoning
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tools, (2) constraining ourselves to domain-specific tasks to limit the size of the problem, and (3)

directly generating compiler backends from externally-supplied (i.e., not written by us) models of

hardware.

The earliest citations for automated compiler generation go back to the late 1960s and early

1970s. However, though it was often referred to as compiler generation, much of this work focused

solely on compiler frontends: parsers and lexers [127, 123, 92, 156, 164, 61]. A common task was,

given a grammar for a new programming language, could you generate the parser and lexer for

that language. This work culminated in industry-standard tools like Yacc and GNU Bison. Even

just Yacc’s name, which stands for “yet another compiler–compiler” shows how our terminology

may have changed; while Yacc might have been considered a compiler–compiler in the past, now

it only handles the very frontend of compiler tasks: the parser and lexer.

However, not all of the initial wave of research focused on compiler frontends. There was also

work on generating components of compiler backends—often referred to as “code generation.” In a

1977 survey of code generators from R. G. Cattell [1], he states:

Traditionally, compiler-generation systems have been weak on automating the later

stages of compilation, specifically code generation. But as the formal methods and

grammars applied have become better understood and more powerful, their scope

has gradually been evolving towards the later stages of compilation.

Certainly this entire dissertation can simply be seen as one more step in this gradual evolution.

As we will discuss later, this dissertation benefits from the nearly five decades of formal methods

and automated reasoning research since the time of Cattell’s writing.

Nonetheless, researchers did approach the topic of backend generation [165, 65]. Interestingly,

the spectrum I identify earlier in this chapter—the model explicitness–algorithm adaptability

spectrum—seems to apply even in the early years of automated backend generation research. In
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his 1977 survey, Cattell describes a very similar spectrum in methods of automatically producing

code generators:

In general, there have been two kinds of approaches to more automatic production

of code generators. The first is the development of a specialized language for code

generators, with built-in machinery for dealing with common details of the process.

The second extreme is the development of a program to build a code generator for

a language from a purely structural and behavioral machine description. Rather

than being mutually exclusive, these procedural and descriptive language approaches,

respectively, represent points in a continuum of degrees of automatic programming.

The two extremes on Cattell’s spectrum have analogous points onmymodel explicitness–algorithm

adaptability spectrum. At one extreme on his spectrum, he is essentially describing code generator

. . . . . . .DSLs: specialized languages for building procedural (in his words) or imperative (in mine) code

generators. We’ve already seen a modern example of this—Yosys’s pmgen DSL in fig. 1.5. At

the other extreme of his spectrum are programs which produce code generators from descrip-

tive/structural (in his words) or declarative (in mine) machine descriptions and hardware models.

Again, we have seen a modern example of this in fig. 1.4: clang’s instruction selector and the

declarative model of the ISA which it consumes.

Much of the early work on the automated generation of code generators (i.e. compiler backends)

was based on intermediate representations. To generate compilers, these works introduce an

intermediate representation; then, those wishing to generate a compiler would then specify how

to compile that intermediate representation to their target machine. A prime example of this was

Perry Miller’s DMACS system [118] where DMACS stood for “Descriptive MACro code generating

System.” This system introduced macros, which were machine-independent operations which

could be implemented differently for each target machine. Much of this work can be seen as
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the predecessors of the now-standard method of building compilers using one or a number of

intermediate representations, most recently made popular by the foundational LLVM compiler

toolchain [104].

While it is further from the work of this dissertation, it is also worth mentioning work on

partial evaluation [44, 66]. Futamura projections specifically are of interest, as they describe how

compilers can be viewed as partial evaluations of interpreters. I do not use any partial evaluation

techniques in this dissertation.

In the ensuing five decades, the topic of automated backend generation has seen steady

interest [29, 53, 25, 46, 107, 26]. In the next few paragraphs, I highlight notable trends and

important projects.

A common pattern in recent research is the application ofmore andmore powerful . . . . . . . . . . . . . . . . . . . . . . . . . . .automated reasoning

algorithms, especially those employed in this dissertation: term rewriting [151, 52, 58, 51, 47]

and synthesis based on . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .SMT (SAT modulo theories) [47]. One of the most notable projects in this

space is SPIRAL [64]. Historically, SPIRAL is an umbrella over many related grants, researchers,

and projects, but at its core is the SPIRAL compiler. The SPIRAL compiler’s goal is to enable

performance portability of specialized kernels across a wide range of architectures. They use many

techniques also used in this dissertation, such as capturing programs in a high-level, backend-

nonspecific language and utilizing automated reasoning (in their case, term rewriting systems) to

adapt their compiler to different backends.

Another point worthy of note is the work of Norman Ramsey and his student João Dias, whose

work on generating instruction selectors (among other compiler components) is very reminiscent

of the work in this dissertation [143, 144, 53]. As is the general pattern in the work in this area,

Ramsey and Dias focus on utilizing automated reasoning algorithms and high-level machine

descriptions to implement compiler backend components, saving compiler development time.

If this dissertation focuses on generating software (i.e. compilers) from hardware, it is im-
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portant to also mention the parallel line of research which attempts to generate hardware from

software. Programs are a literal description of what needs to be computed; why not use them

to determine what hardware we should make? A perfect example of this is the concept of

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .High-Level Synthesis (HLS) [43, 42] which allows hardware designers to produce hardware from

software algorithms written in high-level languages like C.2 There is also an entire literature on

hardware–software codesign [176, 97, 155, 198, 72], which, while rich and varied, generally centers

on the idea of exploring the hardware design space using representative software workloads as a

starting place. In fact, Glenside (presented in part I) was originally a hardware–software codesign

tool which aimed to use equality saturation to rewrite machine learning models into potential

accelerator designs.

The ideas presented in this dissertation are complementary to the ideas of hardware–software

codesign, and I believe we should pursue both directions. The core idea presented in this

dissertation—generating compiler backends from formal models of hardware—targets the lower

layers of the compiler stack. In general, this dissertation answers the question of, given low-level

primitives, how do we find places to use those primitives in programs or hardware designs?

Hardware–software codesign, on the other hand, targets higher levels of the stack. Codesign

seeks to answer the question, what hardware should we design, given the software we need to

run? Thus, the methods presented here will only benefit codesign; better technology mapping

from Lakeroad, for example, will only benefit the designs produced by HLS tools.

I claim there are three specific features of this dissertation which set it apart from existing

literature. First is our focus on using off-the-shelf automated reasoning tools, rather than develop-

ing our own. Second is constraining ourselves to domain-specific tasks to limit the size of the

generation problem. And last is the generation of compiler backends from externally-supplied (i.e.,

not written by us) models of hardware. I will now discuss each of these in detail.

2Note that the reality of modern HLS is a little messier than described, but this is the intention.
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First, since the inception of automated compiler backend generation as a research topic, there

have been significant advances in . . . . . . . . . . . . . . . . . . . . . . . . . . .automated reasoning techniques, e.g. equational reasoning via

. . . . . . . . . . . . . . . . . . . . . . . .equality saturation [174, 195], . . . . . . . . . . . . . . . . . . . . . . . .program synthesis [166, 178], and machine learning for program

generation [4, 10]. Many of these advances have made automated reasoning techniques accessible

to a broader audience. Whereas previous work often may need to build automated reasoning

techniques by hand, in this dissertation I show how off-the-shelf tools have become powerful

enough to use for tasks of this magnitude. Specifically, I utilize the equality saturation library

egg [195] in part I and the program synthesis library Rosette [178, 179] in part II.

Second, we focus on compiler generation for specialized hardware backends. Compiler backend

generation projects of the past often focused on generating compiler components for general-

purpose processors [60, 107, 25, 24, 26, 143, 144, 53]. As hardware becomes more heterogeneous,

however, the variety of hardware targets needing compilers has increased. In this dissertation, we

focus instead on building compiler components for new, specialized platforms—machine learning

accelerators in part I and specialized . . . . . . .FPGA . . . . . . . . . . . .primitives like DSPs in part II. Not only are compilers

needed for these new specialized targets, but their specialization also constrains the search space,

making automated reasoning far more tractable.

Lastly, while previous works have often leaned on machine descriptions [144] when generating

compiler components, these machine descriptions generally must be handwritten by the compiler

engineer utilizing the compiler generation framework. In part II we introduce a new technique—

semantics extraction from Verilog—which directly leverages vendor-supplied Verilog. Many of

these models are built to be used with automated reasoning tools, but are currently only utilized

for post-compilation verification, rather than in compilation itself [158, 159]. I demonstrate how

these models can be used to generate more correct, more complete compilers for specialized

hardware.
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Part I Abstract

In part I, I describe an application of my underlying thesis to the generation of compilers for

machine learning . . . . . . . . . . . . . . .accelerators. Specialized hardware, especially for high-performance fields such

as machine learning, have only grown in importance over the last decade. Despite this increased

importance, it remains surprisingly difficult to build compilers for specialized hardware. Existing

approaches require significant developer effort (Devtime), and often leave Optimizations

on the table. Because building a satisfactory compiler remains so challenging, many hardware

designers choose not to. Without a compiler, designers are unable to test their hardware on

full workloads, leaving crucial bugs undiscovered (Correctness). In the following chapters, I

describe how, responding to the lack of testing in the accelerator design community, we applied

my thesis to automatically generate compiler backends targeting machine learning accelerators.

Specifically, we utilized . . . . . . . . . . . . . . . . . . . . . . . .equality saturation (Algorithms) driven by rewrites capturing the func-

tional behavior of accelerators (Models) to produce a backend which requires little developer

effort to use (Devtime) but finds more mapping to accelerators than existing work (Optimiza-

tions) and enables hardware designers to run crucial end-to-end testing (Correctness). This

is wrapped up inside a language and tool called Glenside; Glenside was then integrated into a

larger compiler called 3LA. Part I draws from both the Glenside paper, “Pure Tensor Rewriting via

Access Patterns” [162], and the 3LA paper, “Application-level Validation of Accelerator Designs

Using a Formal Software/Hardware Interface” [81].
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Chapter 2

Introduction and Motivation

Hardware acceleration has powered significant advances in subfields like artificial intelligence,

image processing, and graph analysis [77, 37, 147, 207, 76, 75, 95, 99, 150]. This trend has highlighted

the need for flexible . . . . . . . . . . . . . .accelerator support in domain-specific compilers like Halide [141], TVM [35],

TensorFlow/MLIR [3, 105], and PyTorch [137].

Despite our increasing dependence on accelerators, building compilers for custom accelerators

remains a daunting task. Developing a compiler for a custom accelerator requires significant

Devtime. Current frameworks for compiler generation generally require significant compilers

expertise, and the sheer amount of effort required to build a compiler from the ground up generally

limits bespoke compiler construction to teams at large companies, e.g. the TensorFlow stack [3]

for Google’s TPU [95, 94]. Though projects such as MLIR [105, 106, 57] and Exo [85] have begun to

prescribe a general framework for structuring a compiler, these tools are built for domain experts,

and require significant time investment. Even once a compiler is constructed for a piece of custom

hardware, it may still miss crucial Optimizations—in this case, taking the form of accelerator

mapping opportunities.

Furthermore, the difficulty in building compilers for accelerators has a negative effect on

33
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Figure 2.1: This figure is reproduced from Huang et al. [81]. Gap in end-to-end evaluation of
accelerators for neural network applications: Survey of papers from ISCA, MICRO, VLSI,

and ISSCC in 2021 and ICCAD, DAC in 2020. The authors surveyed 79 papers introducing new
DL accelerator designs/methodologies and determined how each accelerator was evaluated. Only

41% of the works reported end-to-end evaluation on non-synthetic applications, of which 68%

(28% of the total) were from industrial teams.

accelerator Correctness. Core to ensuring correctness of accelerators is the process of end-to-

end hardware . . . . . . . . . . . . .validation—that is, testing the hardware design on full applications—and thorough

hardware validation requires a working compiler. Some accelerator bugs will only be caught

during full-application validation, especially bugs in the microarchitectural optimizations common

in accelerator design [31, 59, 102]. For example, a deep learning accelerator may use a custom

numeric format tuned to be storage-efficient, while still providing enough precision to support

effective inference. Testing the numeric format on a single layer of the deep learning model may

produce results well within the designer’s error bounds. However, if the designer neglects to test

all layers of the model, they may fail to discover that, even though individual layers behave well,

the error may accumulate across layers, producing inaccurate application-level results [209]. Early

end-to-end application level validation is thus essential for avoiding expensive and complex late

stage hardware design changes.

The difficulty in building compilers is reflected in the literature. Figure 2.1 presents a figure

originally published in Huang et al. [81], which shows how few new accelerator designs were

evaluated on end-to-end applications. As we will see, this has practical consequences, as bugs in
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Figure 2.2: This figure is reproduced from Huang et al. [81]. Diagram of the 3LA prototype’s flow.

Note that only the “Glenside/egg” portion of 3LA is considered a contribution of this dissertation;

for more information on the other components, please see the original paper.

these accelerators may not be apparent until full end-to-end validation.

In response to the challenges of hardware validation to the common designer, Huang et

al. (including the author of this dissertation) developed 3LA: a methodology to make testing easier

for new accelerator designs [82, 81]. The 3LA flow is shown in fig. 2.2. The primary contribution

of 3LA is a methodology to end-to-end evaluate accelerators on unmodified, full applications.

While 3LA as a whole is not a contribution of this dissertation (see the dissertations of Bo-Yuan

Huang [82] and Steven Lyubomirsky [113]), the motivations behind 3LA and the story of its

development are important for part I of this dissertation.

3LA solves two major problems, the first being that generating simulators for hardware is

difficult and time consuming. 3LA solves this problem using the Instruction-Level Abstraction

(ILA) [84, 83]. ILA is a specification system originally designed for system-on-chip verification

purposes. The authors of 3LA repurposed the ILA as a tool for capturing and simulating machine

learning accelerator behavior, giving accelerator developers a framework for generating fast,

high-level simulators for their accelerators. The first contribution of 3LA we do not consider a

contribution of this dissertation; again, please refer to the dissertations of the coauthors for more

information about 3LA as a whole.

The second challenge 3LA solves is that, even given a simulator, compiling full programs to the
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simulator is difficult. At the time of developing 3LA, there were few open-source, flexible compiler

frameworks for targeting custom hardware. One open-source framework supporting mapping to

custom accelerators is TVM’s Bring Your Own Codegen (BYOC) [38, 39]. Initially, the 3LA authors

attempted to use BYOC to address their second issue. To use BYOC, the user provides syntactic

patterns which BYOC then searches for in the workloads of interest. However, exact syntactic

pattern matching (which we refer to simply as “exact matching”) faces difficulties as there is often

no canonical way to represent an operation, necessitating either the addition of more patterns or

manual modifications to the input program to match the expected patterns. Application code can

vary greatly in structure, particularly in the case of compiler IRs, which may be produced after

several iterations of program transformations. Code variations are especially prevalent in machine

learning compilers, where workloads are often imported from other languages via importers. Even

for the same machine learning model, importers from different languages can produce wildly

different (but equivalent) imported programs. Consider, for example, the compiler IR pattern for a

linear layer in LSTM-WLM:

(bias_add (nn_dense %a %b) %c).

However, in another model (ResNet-20) the linear layers are equivalently expressed as:

(add (reshape (nn_dense %a %b) %s) %c)

when %c is a vector, for certain shapes %s. Though they are semantically equivalent, they are not

syntactically equivalent, and thus we cannot match both of these operations with a single syntactic

pattern. With an inflexible system like BYOC, we would be forced to add a new pattern for each

possible way of writing the operator of interest. To put this in the framing of my dissertation,

BYOC is near the bottom-left corner on our model explicitness–algorithm adaptability spectrum in
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fig. 1.6. BYOC’sModels of hardware are explicit: rewrites, capturing the functioning of hardware.

However, its Algorithms—the underlying exact matching algorithm—is inflexible, unable to

find semantically equivalent but syntactically different matches.

This is where I was able to apply my dissertation. When existing Algorithms (exact

matching) proved inflexible, we introduced a new algorithm (. . . . . . . . . . . . . . . . . . . . . . . .equality saturation) whose increased

flexibility made it easier to find opportunities to invoke accelerators. We developed a language

called Glenside which allowed for the application of equality saturation to the task of accelerator

mapping. We then integrated Glenside in 3LA to solve the second challenge listed above.

Note that we do not improve upon model explicitness in part I; notice that the point for

Glenside is above, but not further to the right of, the point for BYOC on fig. 1.6. Both Glenside

and BYOC use similar patterns to capture the functioning of hardware. In part II, we will show

how we can increase both algorithm adaptability and model explicitness.

The rest of part I proceeds as follows. In chapter 3, we introduce Glenside. In chapter 4, we

evaluate Glenside, primarily by demonstrating what Glenside is able to achieve when integrated

into 3LA. In chapter 5, we present related work.
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Chapter 3

Glenside

This chapter is derived from Smith et al. [162].

In the previous chapter, we laid out our need for tooling which can allow us to reason about tensor

programs flexibly. While developing the 3LA methodology [81], we needed a tool which would

allow us to find opportunities to invoke accelerators within machine learning workloads. TVM’s

Bring Your Own Codegen (BYOC) [39] framework was ostensibly designed for this purpose, but

as we saw, BYOC was not flexible enough for the workloads we cared about.

To increase the likelihood of finding matches, pattern matching often relies on additional

transformations to canonicalize intermediate representations (IRs) and massage data layouts

into formats matching accelerator requirements [134, 126, 74]. Put in terms of our thesis, these

transformations increase the flexibility of our underlying matching Algorithms, pushing us

further up in our algorithm adaptability–model explicitness spectrum (fig. 1.6). Once we start

modifying the source program to find matches, the problem of mapping to accelerators becomes a

term rewriting problem, and thus we should be able to take advantage of the wealth of existing

knowledge on term rewriting techniques [11].

39
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Term rewriting is a well-known technique for program transformations, with some compiler

optimizations being implemented as term-rewriting systems [50, 12, 20, 116]. Given a set of

syntactic rewrite rules (ℓ → 𝑟 ) that also preserve semantic equality, a term-rewriting system

rewrites instances of pattern ℓ in the input program with semantically equivalent pattern 𝑟 where

applicable.

One term rewriting approach of particular interest is . . . . . . . . . . . . . . . . . . . . . . . .equality saturation. In traditional term

rewriting, applying one rewrite rule may prevent using other, potentially profitable, rewrite rules;

this is referred to as the phase-ordering problem [193]. Equality saturation avoids phase-ordering

issues by searching over many equivalent rewritings of the same program [175, 93]. Given an input

program 𝑝 , equality saturation repeatedly applies the given rewrite rules to explore all equivalent

ways to express 𝑝 using an e-graph data structure to efficiently represent an exponentially large set

of equivalent program expressions [125, 131]. Upon reaching a fixed point, i.e., when no application

of any rewrite rule can introduce a new program expression, or upon hitting a predetermined

resource limit, the optimal rewritten program can be extracted from an e-graph according to a

given cost function.

To increase flexibility of accelerator mapping Algorithms, 3LA sought to employ equality

saturation; unfortunately, existing IRs in compilers for array/tensor programming DSLs are not

compatible with equality saturation. Equality saturation is most easily applied in pure (side effect–

free) IRs that support equational reasoning. Due to their purity, these IRs tend to be high-level.

However, mapping to accelerators requires considering low-level hardware details like data layout.

Existing pure IRs for ML frameworks are used primarily for high-level transformations (e.g., type

elaboration and inlining) and do not expose low-level data layout details [152]. On the other hand,

IRs used for crucial lower-level optimizations like operator fusion must support precise reasoning

about memory use, and therefore are typically impure, hampering term rewriting. In summary,

for our purposes, existing IRs are either pure but too high-level, or low-level enough but impure.
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Figure 3.1: Four access patterns, representing different ways a tensor program (or kernel) might

access the same 3D tensor. For example, (c) represents accessing a 3D tensor as a vector of 2D

matrices.

To help mitigate such impedance mismatches, we present Glenside,1 a pure tensor program

IR that enables hardware-level term rewriting. Glenside is based on a simple access pattern ab-

straction that supports expressing and reasoning about data layout transformations via syntactic

rewrite rules. When combined with standard arithmetic rewrites for per-tensor-element computa-

tions, access patterns enable implementing complex transformations for accelerator support as

compositions of simple rewrites.

Tensors are traditionally characterized by their shape, an 𝑛-tuple of positive integers indicating

the size of each of a tensor’s dimensions. Access patterns instead characterize each tensor with two

shapes, e.g., ((𝑥), (𝑦, 𝑧)), separating the dimensions which are iterated over from the dimensions

which are computed on. Figure 3.1(c) depicts an example where a 3D tensor’s first dimension is

iterated over and some computation applied to each corresponding 2D matrix.

In the rest of this chapter, we will first walk through an example demonstrating the difficulty

in developing a pure tensor IR section 3.1. We will then describe the implementation of Glenside

in section 3.2. Lastly, we describe how Glenside was incorporated into 3LA in section 3.3.

1Publicly available at https://github.com/gussmith23/glenside.

https://github.com/gussmith23/glenside
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3.1 From Pure matMul to IR Design Goals

Applying functional techniques and term rewriting to tensor IRs requires careful design. For

example, we must ensure that operators be compositional with respect to tensor shapes and

that the representation support generic rules within the target rewrite engine. To highlight such

constraints and motivate access patterns in Glenside, this section illustrates potential pitfalls with

a simple matrix multiplication example.

3.1.1 Pure Matrix Multiplication

We write f64 for the type of 64-bit floats and [A] for vectors over type A. Using this notation, we

can specify operators like dot product and 2D matrix transpose as:

dotProd : [f64] * [f64] -> f64

trans2 : [[f64]] -> [[f64]]

Implementing 2D matrix multiplication on inputs 𝑃 and 𝑄 requires computing an output matrix 𝑅

where 𝑅𝑖 𝑗 = Σ𝑘𝑃𝑖𝑘 𝑄𝑘 𝑗 = 𝑃𝑖 ·𝑄𝑇𝑗 . The need to compute dotProd for every pair of a row from 𝑃 and

a column from 𝑄 suggests map and Cartesian product operators which we might specify with:

map : (A -> B) * [A] -> [B]

cartProd : [A] * [B] -> [A * B]
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Naively, we can almost implement matrix multiplication as:

matMul(P, Q) :=

map(dotProd, cartProd(P, trans2(Q)))

However, the result type will have been flattened to just [f64], making it impossible to compose

with other matrix operators that expect [[f64]] inputs.

Our first problem is that the cartProd specification above “forgets” the shape of its arguments.

We could change this specification to arrange the output as a matrix:

cartProd2D : [A] * [B] -> [[A * B]]

But this result type prevents directly mapping dotProd.2 Now the problem is that map only applies

a computation by iterating over the first (outermost) dimension of a tensor. If we specialize map to

iterate over the second dimension:

mapAt2 : (A -> B) * [[A]] -> [[B]]

then we can implement a compositional matMul operator that correctly produces results of type

[[f64]] as:

matMul(P, Q) :=

mapAt2(dotProd, cartProd2D(P, trans2(Q)))

2This simple type does not specify how cartProd2D orders its output relative to its input vectors. We assume the
order expected for matrix multiplication.
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While this gets us close to our goal of a pure, functional IR for tensor programs, as we’ll see,

this style also has its issues.

3.1.2 Glenside Design Constraints and Goals

This style of pure, higher-order functional program representation enables term rewriting and

equational reasoning via rules like:

dotProd(P, Q)↭ dotProd(Q, P)

trans2(trans2(P))↭ 𝑃

map(f, map(g, P))↭ map(f ◦ g, P)

mapAt2(f, trans2(P))↭ trans2(mapAt2(f, P))

However, some of these rules depend on the shapes of dimension-specific operators aligning.

What happens when we need to support higher-dimensional tensors? Without a mechanism

to abstract which dimensions of a tensor are being iterated as opposed to computed over, we

would have to generate versions of each rule for every combination of dimensions. Worse, these

problems do not only affect rewrite rules; they also lead to code blowup just to specify all the

variants of tensor kernels that arise in practice—e.g. we would eventually need mapAt3, mapAt4,

and so on.

One strategy to address these challenges is adding support for anonymous functions (“lamb-

das”), currying, and closures to the tensor program representation. These features can provide

sufficient flexibility to handle shape alignment issues that otherwise may require dimension-

specific operators like cartProd2D and mapAt2 above. For example, given curried versions of
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dotProd and map, we could have used such features to implement a curried matMul as:

matMul’ P Q :=

map’ (𝝀 r => map’ (dotProd’ r) (trans2 Q)) P

Alternatively, some IRs rely on index notation for even pithier implementations like:

matMul(P,Q)[i,j] := dotProd(P[i], trans2(Q)[j])

Unfortunately, these approaches all rely on some form of name binding which can significantly

complicate term rewriting. Rewriting under binders, whether explicitly in the form of lambdas or

implicitly with index notation, requires additionally analyzing the potential contexts (what names

are bound to) of every subexpression. While it is still technically possible to apply state-of-the-art

rewrite engines like egg [195] via explicit variable substitution rules and free variable analyses,

we have found the additional complexity and rewrite search space blow up substantially eliminate

the potential advantages of term rewriting in such IR designs.

All the above constraints inform Glenside’s key design goal: providing an IR that flexibly

supports specifying and composing higher-order tensor operators3 over arbitrary dimensions

while still enabling high-performance term rewriting techniques like equality saturation. In the

rest of part I, we show how access patterns enable achieving these goals with a focus on applications

to mapping application fragments down to specialized hardware accelerators.



46 Chapter 3. Glenside

Table 3.1: Glenside’s access pattern transformers.

Transformer Input(s) Output Shape
access ((𝑎0, . . .), (. . . , 𝑎𝑛)) and non-negative inte-

ger 𝑖
((𝑎0, . . . , 𝑎𝑖−1), (𝑎𝑖 , . . . , 𝑎𝑛))

transpose ((𝑎0, . . .), (. . . , 𝑎𝑛)), ℓ (a permutation of
(0, . . . , 𝑛 − 1))

(
(
𝑎ℓ0, . . .

)
,
(
. . . , 𝑎ℓ𝑛

)
)

cartProd ((𝑎0, . . . , 𝑎𝑛),
(
𝑐0, . . . , 𝑐𝑝

)
), ((𝑏0, . . . , 𝑏𝑚),(

𝑐0, . . . , 𝑐𝑝
)
)

((𝑎0, . . . , 𝑎𝑛, 𝑏0, . . . , 𝑏𝑚),
(
2, 𝑐0, . . . , 𝑐𝑝

)
)

windows ((𝑎0, . . . , 𝑎𝑚), (𝑏0, . . . , 𝑏𝑛)),
window shape (𝑤0, . . . ,𝑤𝑛), strides
(𝑠0, . . . , 𝑠𝑛)

(
(
𝑎0, . . . , 𝑎𝑚, 𝑏

′
0, . . . , 𝑏

′
𝑛

)
, (𝑤0, . . . ,𝑤𝑛)),

where 𝑏′𝑖 = ⌈(𝑏𝑖 − (𝑘𝑖 − 1))/𝑠𝑖⌉

slice ((𝑎0, . . .), (. . . , 𝑎𝑛)),
dimension index 𝑑 , bounds [𝑙, ℎ)

(
(
𝑎′0, . . .

)
,
(
. . . , 𝑎′𝑛

)
)

with 𝑎′𝑖 = 𝑎𝑖 except 𝑎
′
𝑑
= ℎ − 𝑙

squeeze ((𝑎0, . . .), (. . . , 𝑎𝑛)), index 𝑑 where 𝑎𝑑 = 1 ((𝑎0, . . .), (. . . , 𝑎𝑛)) with 𝑎𝑑 removed
flatten ((𝑎0, . . . , 𝑎𝑚), (𝑏0, . . . , 𝑏𝑛)) ((𝑎0 · · ·𝑎𝑚), (𝑏0 · · ·𝑏𝑛))
reshape ((𝑎0, . . . , 𝑎𝑚), (𝑏0, . . . , 𝑏𝑛)),

access pattern shape literal (
(
𝑐0, . . . , 𝑐𝑝

)
,(

𝑑0, . . . , 𝑑𝑞
)
)

(
(
𝑐0, . . . , 𝑐𝑝

)
,
(
𝑑0, . . . , 𝑑𝑞

)
),

if 𝑎0 · · ·𝑎𝑚 = 𝑐0 · · · 𝑐𝑝 and 𝑏0 · · ·𝑏𝑛 =

𝑑0 · · ·𝑑𝑞
pair two access patterns of shape ((𝑎0, . . .),

(. . . , 𝑎𝑛))
((𝑎0, . . .), (2, . . . , 𝑎𝑛))

3.2 Glenside

This section details Glenside’s implementation, focusing on its core abstraction, access patterns.

We use Section 3.1’s matrix multiplication as a running example throughout.

3.2.1 Access Patterns

Access patterns encode common tensor IR patterns where some tensor dimensions are iterated over

(accessed) while others are computed on.4 Section 3.1’s matMul example iterates over dimension 0

of input 𝑃 , while computing on dimension 1, effectively viewing 𝑃 as a 1D vector of 1D vectors.

Access patterns are specified by their shape — a pair of tuples of positive integers (𝑆𝐴, 𝑆𝐶). An

3As map and mapAt2 in Section 3.1.1 illustrate, an IR can support higher-order operators without necessarily
providing lambdas, currying, or closures.

4This is similar to NumPy’s concept of universal functions.
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access pattern of shape (𝑆𝐴, 𝑆𝐶) is, in turn, a tensor 𝑇 whose shape is given by the concatenation

of the access pattern shape tuples 𝑆𝐴 ++ 𝑆𝐶 ; we refer to 𝑆𝐴 and 𝑆𝐶 as the access and compute

dimensions of 𝑇 , respectively.

Access patterns represent the view of an ( |𝑆𝐴 | + |𝑆𝐶 |)–dimensional tensor as a tensor of shape

𝑆𝐴, each of whose elements has shape 𝑆𝐶 . For an access pattern𝑇 of shape (𝑆𝐴, 𝑆𝐶) where |𝑆𝐴 | = 𝑛𝐴,

we use the syntax (access 𝑇 𝑛𝐴) to represent 𝑇 in Glenside. For example, if a 2D matrix 𝑇

has shape (𝑚,𝑛), then the Glenside expression (access 𝑇 1) yields an access pattern of shape

((𝑚), (𝑛)).

The matrix multiplication example from Section 3.1 directly accesses the rows of 𝑃 , but uses

trans2 to iterate over the columns of 𝑄 . Instead of requiring an explicit transpose operator,

Glenside provides access pattern transformers.

3.2.2 Access Pattern Transformers

Access pattern transformers manipulate one or more access patterns to produce a new access

pattern, allowing Glenside to support more complex patterns like slicing, transposing, and inter-

leaving. Table 3.1 lists Glenside’s transformers.

To produce an access pattern representing the columns of 𝑄 for matrix multiplication, we

employ the transpose transformer. It takes an access pattern and a list of dimension indices, and

rearranges the dimensions of the access pattern in the order specified by the indices. If 𝑄 has

shape (𝑁,𝑂), (transpose (access 𝑄 1) (list 1 0)) produces an access pattern of shape

((𝑂), (𝑁 )).

The cartProd transformer takes access patterns of shapes ((𝑎0, . . . , 𝑎𝑛),
(
𝑐0, . . . , 𝑐𝑝

)
) and

((𝑏0, . . . , 𝑏𝑚),
(
𝑐0, . . . , 𝑐𝑝

)
) respectively, and produces an access pattern of the shape ((𝑎0, . . . , 𝑎𝑛, 𝑏0, . . . , 𝑏𝑚),(

2, 𝑐0, . . . , 𝑐𝑝
)
), where (2, 𝑐0, . . . , 𝑐𝑝) represents a 2-tuple of the input access patterns’ compute di-
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Table 3.2: Glenside’s access pattern operators.

Operator Type Description
reduceSum (. . . ) → () sum values
reduceMax (. . . ) → () max of all values
dotProd (𝑡, 𝑠0, . . . , 𝑠𝑛) → () eltwise mul; sum

mensions. The access dimensions of the input access patterns are simply concatenated. In the

matrix multiplication example, the Cartesian product of the rows of 𝑃 with the columns of 𝑄 is an

access pattern of shape ((𝑀,𝑂), (2, 𝑁 )), where the second shape represents a 2-tuple of a row

from 𝑃 with a column from 𝑄 .

We have nearly re-implemented matrix multiplication example in Glenside. The final step is

to implement the dot product, for which Glenside uses access pattern operators.

3.2.3 Access Pattern Operators

Operators are the only Glenside constructs which perform computation. They are invoked only

in compute expressions, which map the operator over the compute dimensions of an access

pattern. For an input access pattern𝐴 of shape ((𝑠0, . . . , 𝑠𝑚−1), (𝑠𝑚, . . . , 𝑠𝑛)), and an operator 𝑓 with

type (𝑠𝑚, . . . , 𝑠𝑛) → (𝑠′
𝑚′, . . . , 𝑠

′
𝑛′), the result of (compute 𝑓 𝐴) will have shape ((𝑠0, . . . , 𝑠𝑚−1),(

𝑠′
𝑚′, . . . , 𝑠

′
𝑛′
)
); that is, a compute expression cannot change the access dimensions of the input

access pattern. Table 3.2 lists the operators in Glenside.

Recall where we are in converting our matrix multiplication example: we have accessed the

rows of 𝑃 and the columns of 𝑄 and taken their Cartesian product, resulting in an access pattern

of shape ((𝑀,𝑂), (2, 𝑁 )), and we need now to compute the dot product of these row-column

pairs. In Glenside, the dotProd operator (see Table 3.2) does just that. To compute the dot product

over our row-column pairs, we need only to apply compute dotProd to our access pattern, to

produce an access pattern with final shape ((𝑀, 𝑁 ), ()). The entire Glenside specification of
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(transpose ; ((𝑁,𝑂,𝐻 ′,𝑊 ′), ())
(squeeze ; ((𝑁,𝐻 ′,𝑊 ′,𝑂), ())
(compute dotProd ; ((𝑁, 1, 𝐻 ′,𝑊 ′,𝑂), ())
(cartProd ; ((𝑁, 1, 𝐻 ′,𝑊 ′,𝑂), (2,𝐶, 𝐾ℎ, 𝐾𝑤))
(windows ; ((𝑁, 1, 𝐻 ′,𝑊 ′), (𝐶,𝐾ℎ, 𝐾𝑤))
(access activations 1) ; ((𝑁 ), (𝐶,𝐻,𝑊 ))
(shape C Kh Kw)
(shape 1 Sh Sw))
(access weights 1))) ; ((𝑂), (𝐶,𝐾ℎ, 𝐾𝑤))

1)
(list 0 3 1 2))

(a) 2D convolution.

(compute dotProd ; ((𝑀,𝑂), ())
(cartProd ; ((𝑀,𝑂), (2, 𝑁 ))
(access activations 1) ; ((𝑀), (𝑁 ))
(transpose ; ((𝑂), (𝑁 ))
(access weights 1) ; ((𝑁 ), (𝑂))
(list 1 0))))

(b) Matrix multiplication.

(compute reduceMax ; ((𝑁,𝐶,𝐻 ′,𝑊 ′), ())
(windows ; ((𝑁,𝐶,𝐻 ′,𝑊 ′), (𝐾ℎ, 𝐾𝑤))
(access activations 2) ; ((𝑁,𝐶), (𝐻,𝑊 ))
(shape Kh Kw)
(shape Sh Sw)))

(c) Max pooling.

Figure 3.2: Common tensor kernels frommachine learning expressed in Glenside. Lines containing

access patterns are annotated with their access pattern shape. 𝑁 is batch size; 𝐻 /𝑊 are spatial

dimension sizes; 𝐶/𝑂 are input/output channel count; 𝐾ℎ/𝐾𝑤 are filter height/width; 𝑆ℎ/𝑆𝑤 are

strides.

matrix multiplication is shown in Figure 3.2b.

3.3 Glenside in 3LA

Now that we have presented Glenside, we will now briefly describe how Glenside was used within

3LA.

Operations which can be offloaded to accelerators can be captured via patterns, as discussed

with TVM’s Bring Your Own Codegen framework. Rather than attempt to enumerate all semanti-

cally equivalent patterns (a task that is tedious, error-prone, and likely to result in an incomplete

enumeration), or expect users to modify their application code to expose expected patterns (de-

manding knowledge of the model and patterns as well as engineering effort), 3LA increases the

flexibility of compiler backend algorithms by utilizing term rewriting and . . . . . . . . . . . . . . . . . . . . . . . .equality saturation
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techniques to transform programs to expose the most matching opportunities for accelerator

operation selection. It is in this task that 3LA uses Glenside.

Flexible matching uses two kinds of rewrite rules, both expressed in Glenside:

• Compiler IR rewrite rules: These are general-purpose Glenside-to-Glenside rules, inde-

pendent of the accelerator, and are reusable and composable for various applications. We

have developed a general set in 3LA including rules for, e.g., merging/splitting tensors,

commutativity, associativity, and identities for common operators.

• IR-to-accelerator mapping rules: These rewrite rules are accelerator-specific, and translate

from Glenside to black-box accelerator calls. When targeting new accelerators, accelerator

designers are expected to provide these mappings.

All rewrites in 3LA are polymorphic over tensor size, which requires specifying relationships

between the input and output sizes for operations that merge, split, or broadcast over tensors. This

also makes a given IR-to-accelerator mapping more general and provides support for applications

using different block sizes, strides, etc., without changing any rules.

In the extraction phase of equality saturation, the rewritten program optimizing the cost

function is chosen. This provides flexibility in the criteria for selection among functionally

equivalent candidates for accelerator offloads. In our evaluations where we focused on end-to-end

functional testing, we used a simple cost function that maximizes the number of accelerator

invocations. More sophisticated cost functions can incorporate information about performance or

data movement costs, and thereby result in different offloads.

Compiler IR rewrite rules. Here, we describe three examples of compiler IR rewrite rules to
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show different types of opportunities that can be exposed.

(compute dot-product (reshape %x %s)) → (reshape (compute dot-product %x) %s) (3.1)

(add (reshape (dense %a %b) %s) %c) → (reshape (bias_add (dense %a %b) %c) %s) (3.2)

%x → (reshape (flatten %x) (shape-of %x)) (3.3)

The reshape operator takes a tensor and a shape vector as input and re-arranges the layout of the

tensor to the given shape, and the dot-product operator takes a tensor as input and computes

the inner product of vectors under the given axis [162]. Rule 3.1 exploits the properties of the

two operators and shows that rearranging the application order of reshape and dot-product

operators preserves the semantics. Rule 3.2 shows that linear layer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .machine learning kernels

can be expressed using different arrangement and combinations of operators, e.g., bias_add

(broadcasting) or the elementwise add. Rule 3.3 shows that de-simplifying a computation (e.g.,

flattening then unflattening) could expose more opportunities for matching rewrites. Moreover,

combining these individual rewrite rules together enablesmore sophisticated rewrites. For example,

combining Rule 3.1 and Rule 3.3 allows for the emerging im2col transformations for convolution

kernels, without needing to specify the transformation as a new rewrite rule.
IR-to-acceleratormapping rules. Similar to compiler IR rewrite rules, we specify IR-to-accelerator

mapping rules in Glenside. These rules are accelerator-specific, mapping supported operations to
accelerator invocations. We now describe three examples of IR-to-accelerator mapping rules.

(compute dot-product (cartesian-product ?x ?w)) → (vta-dense ?x ?w) (3.4)

(conv2d ?input ?kernel ?group ...) → (hlscnn-conv2d ?input ?kernel ?group) (3.5)

{{LSTM Relay Pattern}} → (flexasr-lstm ?input ?hidden_0 ...) (3.6)

Rule 3.4 maps tensor-level computation of dense matrix multiplication to VTA’s dense operation.

This allows matching decomposed coarse-grained operators and mapping to fine-grained accelera-

tor operations. Rule 3.5 maps kernel-level computation of a 2D convolution to HLSCNN’s conv2d
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operation—a common accelerator offloading for deep learning kernels. Rule 3.6 maps an LSTM

computation to FlexASR’s lstm operation. Note that the LSTM computation (left-hand side) is

specified using a pattern compiled from a Relay program; this Glenside feature helps express

complex operations.

3LA utilizes equality saturation and the two types of rewrite rules to transform programs,

aiming to expose the most matching opportunities for accelerator operation selection. It was

not clear a priori whether flexible matching would be performant for accelerators with complex

IR-to-accelerator mapping rules needed for available accelerator designs. Our evaluation results

in the next chapter show that compiler IR rewrites can be combined effectively with a few IR-to-

accelerator mapping rules in flexible matching, which finds more matches than exact matching in

a reasonable time.
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Evaluation

Thus far, we have described how we have applied the thesis of this dissertation—that compiler

backends should be generated from formal models of hardware—in the realm of deep learning

accelerators. We first described the difficulties in developing compilers for deep learning accelera-

tors. We then described how these difficulties motivated the creation of 3LA: a mostly-automated,

end-to-end methodology for accelerator development. (Note again that 3LA itself is not a con-

tribution of this dissertation.) We identified a specific problem within this domain as a problem

of interest: mapping applications to accelerators. To address this problem, this dissertation in-

troduced Glenside, a tensor language which enables powerful rewriting techniques. We then

integrated Glenside into 3LA, to bring the power of equality saturation to bear on the task of

mapping to accelerators.

This evaluation will first demonstrate the utility of Glenside via a number of case studies

in section 4.1. Then, in section 4.2 we will evaluate the specific claims of our thesis (improved

Optimizations, Correctness, and Devtime) by evaluating the components of 3LA to which

Glenside was essential.

53
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4.1 Case Studies

To demonstrate Glenside’s utility, we first show how it enables concise specifications of several

critical ML kernels (Section 4.1.1). We then show how Glenside’s pure, binder-free representation

enables mapping kernels to an example accelerator via direct application of generic rewrite rules

(Section 4.1.2). Finally, we highlight how Glenside enables the flexible mapping of larger, more

diverse kernels to our accelerator, utilizing the power of equality saturation to automatically dis-

cover a variety of program transformations. Specifically, we show how Glenside can automatically

map convolutions to matrix multiplications (Section 4.1.3) and automatically map large matrix

multiplications into a sequence of smaller matrix multiplications (Section 4.1.4). This portion of

the evaluation is drawn from Smith et al. [162].

4.1.1 Representation of Common ML Kernels

Figure 3.2 lists the Glenside specifications of three common ML kernels: 2D convolution, matrix

multiplication, and max pooling. Below, we discuss the specifications of 2D convolution and max

pooling; see Section 3.2 for a description of matrix multiplication.

2D Convolution

2D convolution (conv2d) is a core kernel in deep learning, defined element-by-element over

tensors storing activations 𝐴, strides 𝑆 , and weights𝑊 as:

out[𝑛, 𝑜, 𝑥,𝑦] =∑︁
𝑑𝑥,𝑑𝑦,𝑐

(𝐴[𝑛, 𝑐, 𝑆 [0] · 𝑥 + 𝑑𝑥, 𝑆 [1] · 𝑦 + 𝑑𝑦] ·𝑊 [𝑜, 𝑐, 𝑑𝑥, 𝑑𝑦])
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where 𝑛 indexes the output batch, 𝑜 indexes output channels, 𝑥/𝑦 index spatial dimensions, 𝑑𝑥/𝑑𝑦

index the convolutional window spatial dimensions, and 𝑐 indexes input channels. 2D convolution

slides each of the 𝑜 filters of shape (𝑐, 𝑑𝑥, 𝑑𝑦) through each possible (𝑐, 𝑑𝑥, 𝑑𝑦)–shaped window of

the input images. At each of these locations, an elementwise multiplication and reduction sum is

computed.

The Glenside specification of conv2d is shown in Figure 3.2a. We access the weights as a

vector of 𝑂 filters and the activations as a vector of 𝑁 images. We leave the filters as they are,

but form windows of shape (𝐶,𝐾ℎ, 𝐾𝑤 ) over the activations using the windows access pattern

transformer (Table 3.1). This produces an access pattern of shape ((𝑁, 1, 𝐻 ′,𝑊 ′), (𝐶,𝐾ℎ, 𝐾𝑤 )), i.e.,

a batch of “images” of new spatial shape (𝐻 ′,𝑊 ′), where every location is a window of the original

input. Finally, we take the Cartesian product of the filters and the windows, compute their dot

product, and squeeze and transpose the output into the correct layout.

Max Pooling

Max pooling, commonly used in ML to condense intermediate activations (“act” below), is defined

as:

out[𝑛, 𝑐, 𝑥,𝑦] =

max
𝑑𝑥,𝑑𝑦

(act[𝑛, 𝑐, strides[0] · 𝑥 + 𝑑𝑥, strides[1] · 𝑦 + 𝑑𝑦])

Max pooling slides a window of shape (𝑑𝑥, 𝑑𝑦) over all possible locations within the spatial

(i.e., 𝑥 and 𝑦) dimensions. At each window location, it reduces the window to a scalar with the

max operator. The Glenside specification merely applies reduceMax over each two-dimensional

window.
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(compute dotProd (cartProd ?a0 ?a1))
=⇒ (systolicArray ?rows ?cols ?a0 (access (transpose ?a1 (list 1 0)) 0))

where ?a0 is of shape ((?batch), (?rows)) and ?a1 is of shape ((?cols), (?rows))

Figure 4.1: Our rewrite rewriting matrix multiplication to a systolic array invocation.

Discussion

Glenside separates the computation from the data access patterns in these kernels while exposing

the simplicity of their computation—and the relative complexity of their data access. In all three

kernels, the computation can be described with a single operator; most of the specification entails

setting up the data access pattern.

Furthermore, Glenside exposes similar structure between kernels; for example, both conv2d

and matrix multiplication feature the expression (compute dotProd (cartProd ...)).

At their core, these kernels are performing the same computation, but with different patterns

of data access. In Section 4.1.3, we exploit this similarity in structure when mapping kernels to

hardware.

These kernels highlight the expressive power of access patterns. Consider the use of win-

dows in conv2d and max pooling. Both kernels form windows differently: conv2d forms three-

dimensional windows over the channels, height, and width dimensions, while max pooling forms

two-dimensional windows over the height and width. Rather than passing configuration parame-

ters to windows, Glenside attaches this information to the tensors themselves.

4.1.2 Mapping matMul to Accelerators

Glenside can be used to uncover opportunities to invoke accelerator components—indeed, this is

exactly how Glenside is used within 3LA. Consider a weight-stationary systolic array, a common
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?a =⇒ (reshape (flatten ?a) ?shape)

(cartProd (reshape ?a0 ?shape0) (reshape ?a1 ?shape1))
=⇒ (reshape (cartProd ?a0 ?a1) ?newShape)

(compute dotProd (reshape ?a ?shape))
=⇒ (reshape (compute dotProd ?a) ?newShape)

Figure 4.2: Rewrites enabling the discovery of the im2col transformation.

matrix multiplication architecture. A weight-stationary systolic array with 𝑟 rows and 𝑐 columns

takes two lists of length-𝑟 vectors (the activations and weights, respectively), pairing each vector

from one list with each vector from the other, and computes a dot product over each pair. The

second list contains 𝑐 vectors, while the first can be of any length.

As discussed in section 3.3, Glenside’s purity allows us to implement this hardware mapping

task using a term rewriting system, in which we rewrite a matching program pattern to an

invocation of our systolic array. Our rewrite is shown in Figure 4.1, mimicking egg’s rewrite

syntax. Tokens starting with a question mark (such as ?a0 in Figure 4.1) are variables in the

pattern, bound by the left-hand side (LHS), and then used on the right-hand side (RHS). egg also

allows for conditions on rewrites, which we print below our rewrites.

To design our rewrite, we first must design the LHS to match program patterns that resemble

the data access pattern and compute pattern of our systolic array. Glenside is eminently suitable

for this task, as it can express exactly the data access and computation pattern we described for the

systolic array. Pairing all vectors from one list with all vectors from another and computing the

dot product of the pairs is represented as (compute dotProd (cartProd ?a0 ?a1)), binding

?a0 and ?a1 to the input access patterns. We encode the systolic array’s constraints on the input

shapes as a condition on the rewrite. Patterns which match the LHS are mapped to the RHS;

in this case, we introduce a new systolicArray construct to represent the functioning of our
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(transpose
(squeeze
(reshape ; ((𝑁, 1, 𝐻 ′,𝑊 ′,𝑂), ())
(compute dotProd ; ((𝑁 · 1 · 𝐻 ′ ·𝑊 ′,𝑂), ())
(cartProd
(flatten ; ((𝑁 · 1 · 𝐻 ′ ·𝑊 ′), (𝐶 · 𝐾ℎ · 𝐾𝑤))
(windows (access activations 1)

(shape C Kh Kw) (shape 1 Sh Sw)))
(flatten ; ((𝑂), (𝐶 · 𝐾ℎ · 𝐾𝑤))
(access weights 1))))

?shape) 1) (list 0 3 1 2))

Figure 4.3: An im2col-transformed conv2d, after the application of the rewrites in Figure 4.2 and

just before the application of the systolic array rewrite.

systolic array. The shape of the systolic array is given by the ?rows and ?cols parameters, and

the inputs are given as access patterns. Note how we also transform the second access pattern

to more accurately convey how the actual systolic array hardware accesses the weight tensor: it

reads it all at once (hence, (access ... 0)), and expects it to be laid out in transposed form in

memory. This added information—enabled by Glenside’s access patterns—provides richer data

layout information, potentially helping future rewrites or code generation steps.

4.1.3 Flexible Mapping: Discovering im2col

The im2col transformation is a data layout optimization which enables computing conv2d

on matrix multiplication hardware. The transformation involves instantiating the convolutional

windows over the input activations directly in memory [33]. This leads to data duplication, but

the resulting speedup more than offsets that overhead. In this case study, we show how a few

general rewrites within Glenside lead to the automatic rederivation of the im2col transformation.

Glenside’s representation underscores the structural similarity between conv2d and matrix

multiplication, reflected also by the shared (compute dotProd (cartProd ...)) between
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conv2d and the LHS of the systolic array rewrite in Figure 4.1. Using this rewrite on conv2d

would permit mapping it to the systolic array; however, the restrictions on the shape of ?a0 and

?a1 prevent its application. The systolic array has an activation access pattern of shape ((𝑎), (𝑏))

and a weight access pattern of shape ((𝑐), (𝑑)), while conv2d operates over access patterns of

shape ((𝑁, 1, 𝐻 ′,𝑊 ′), (𝐶,𝐾ℎ, 𝐾𝑤 )) and of ((𝑂), (𝐶,𝐾ℎ, 𝐾𝑤 )), respectively. Transforming the access

pattern into a lower-dimensional form would enable the systolic array rewrite.

Figure 4.2 shows the rewrites which enable this transformation. We call the first rewrite

an exploratory rewrite as it optimistically matches any access pattern expression. It flattens an

access pattern and immediately reshapes it back to its original shape, thus preserving equality

(see Table 3.1 for formal definitions). This exploratory rewrite introduces the flattening necessary

to convert the higher-dimensional access patterns of conv2d into the access patterns matched

by the systolic array rewrite. However, the reshape operator will still need to be moved before

we can fire Figure 4.1’s systolic array rewrite. The second and third rewrites in Figure 4.2 take

care of this; they implement composition commutativity of reshape with cartProd and compute

dotProd, which “bubble” reshape operators up and out of expressions. These rewrites express

general properties of these operators and are not specific to this task.

These three rewrites work in concert to map conv2d to a systolic array. First,1 the exploratory

rewrite flattens and reshapes all access pattern expressions. This includes the inputs to conv2d’s

cartProd subexpression, which are flattened to shapes ((𝑁 · 1 · 𝐻 ′ ·𝑊 ′), (𝐶 · 𝐾ℎ · 𝐾𝑤 )) and ((𝑂),

(𝐶 · 𝐾ℎ · 𝐾𝑤 )) and reshaped back to their original shapes. Next, the composition commutativity

rewrites for cartProd and compute dotProd fire in sequence, bubbling the reshape up through

the cartProd and dotProd expressions (shown in Figure 4.3). Finally, the systolic array rewrite

completes the im2col transform. Glenside’s equality saturation based rewrite engine discovers

1Since equality saturation explores rewrites non-destructively, the rewriting order here is purely for explanatory
purposes.
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?a =⇒ (concat (slice ?a ?dim ?b0 ?b1) (slice ?a ?dim ?b1 ?b2) ?dim)

(cartProd ?a (concat ?b0 ?b1 ?dim))
=⇒ (concat (cartProd ?a ?b0) (cartProd ?a ?b1) ?newDim)

if ?dim is an access dimension

(cartProd (concat ?a0 ?a1 ?dim0) (concat ?a2 ?a3 ?dim1))
=⇒ (concat (cartProd ?a0 ?a2) (cartProd ?a1 ?a3) ?newDim)

if ?dim0 and ?dim1 are the same shape dimension

(compute dotProd (concat ?a0 ?a1 ?dim))
=⇒ (concat (compute dotProd ?a0) (compute dotProd ?a1) ?dim)

if ?dim is an access dimension

(compute dotProd (concat ?a0 ?a1 ?dim))
=⇒ (compute reduceSum (pair (compute dotProd ?a0) (compute dotProd ?a1)))

if ?dim is a shape dimension

Figure 4.4: Rewrites for blocking matMul.

these rewrites as the exploratory rewrite fires on every term and no rewrites are missed due to

the absence of phase ordering.

This example highlights how, with straightforward, generally applicable rewrites defined over

Glenside, equality saturation can emergently discover useful transformations that previously

required expert insights to apply.

4.1.4 Flexible Mapping: matMul Blocking

Equality saturation can also be used with Glenside to emergently discover a matrix multipli-

cation blocking scheme. Matrix multiplication blocking is the common strategy of breaking up

a single, large matrix multiplication into smaller multiplications, by multiplying subsets of the

input matrices and assembling the results to form the output matrix. This is essential in practice,

as systolic arrays are small (often between 16 × 16 and 256 × 256) while matrices in ML and HPC

applications can be much larger.
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(concat ; ((32, 32), ())
(concat ; ((16, 32), ())
(compute reduceSum ; ((16, 16), ())
(pair ; ((16, 16), (2))
(compute dotProd ; ((16, 16), ())
(cartProd ; ((16, 16), (2, 16))
(slice ; ((16), (16))
(slice (access activations 1) 0 0 16) 1 0 16)

(transpose ; ((16), (16))
(slice
(slice (access weights 1) 0 0 16) 1 0 16)

(list 1 0))))
(compute dotProd ; ((16, 16), ())
(cartProd ; ((16, 16), (2, 16))
(slice ; ((16), (16))
(slice (access activations 1) 0 16 32) 1 0 16)

(transpose ; ((16), (16))
(slice ; ((16), (16))
(slice (access weights 1) 0 16 32) 1 0 16)

(list 1 0)))))) ...

Figure 4.5: A 32 × 32 matMul blocked into 16 × 16 matMuls. Only two of the eight total multiplica-

tions are shown.

As in Section 4.1.3, this transformation follows from an exploratory rewrite and associated

“cleanup” rewrites. The exploratory rewrite used for blocking is shown at the top of Figure 4.4.

Given an access pattern, this rewrite slices the access pattern into two pieces along a dimension

and then concatenates them back together. The dimension as well as the division strategy are

configurable. For this example, we assume for simplicity that we run this rewrite on every available

dimension, that we divide each dimension perfectly in half, and that all dimensions are powers

of 2 in size. Figure 4.4 gives rewrites for bubbling the introduced concat operators up through

the expression, namely the compositional commutativity of concat with cartProd and compute

dotProd. Starting from the matrix multiplication in Figure 3.2b, assuming input shapes of (32, 32),

the exploratory rewrite first slices and concatenates the access patterns at the input of cartProd.

Then, using the commutativity rewrites, the resulting concats are bubbled up to produce the final

expression in Figure 4.5. The effect of these rewrites is that the single 32 × 32 matMul becomes
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eight separate 16 × 16 matMuls, which are summed and concatenated to form the full output

matrix. This case study demonstrates yet again that Glenside’s expressiveness allows a small set

of rewrites to produce interesting and useful emergent transformations.

4.2 Evaluation as Part of 3LA

Next, we evaluate Glenside by way of evaluating 3LA. We first begin by describing the evaluation

setup of 3LA: the accelerators we compile to in section 4.2.1, and the workloads we compile in

section 4.2.2. This section is drawn from Huang et al. [81].

4.2.1 Target Accelerators

We added support for three deep learning accelerators that provide hardware operators at different

levels of granularity:

1. FlexASR is an accelerator for speech and natural language processing (NLP) tasks that supports

various RNNs [169]. It uses a custom numeric data type called AdaptivFloat for boosting the

accuracy of quantized computations [170].

2. HLSCNN is an accelerator optimized for 2D convolutions [192]. It operates on mixed 8/16-bit

fixed point data (8 bits for storing weights and 16 bits for computations).

3. VTA is a parameterizable accelerator for tensor operations featuring a processor-like de-

sign [122]. It supports element-wise arithmetic operations as well as generalized matrix

multiplication, operating on 8-bit integer data.

For each accelerator, we defined an ILA model and a set of IR-to-accelerator mapping rules such

as those described in sections 3.3 and 4.1.2. The ILA models for FlexASR, HLSCNN, and VTA
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are approximately 5600, 1600, and 2100 lines of ILAng code (C++), respectively. The high-level

synthesis (HLS) implementations of the accelerators are about 9300 (SystemC), 5100 (SystemC),

and 6900 (Chisel) LoC, respectively; the ILA specifications are thus of modest size, compared

even to the relatively compact HLS implementations. For each IR-to-accelerator mapping rule, we

represent the compiler side in Glenside IR, and the accelerator side as a program composed of

ILA instructions (in a Python-embedded DSL). The total size of mapping rules (both the compiler

and accelerator sides) for FlexASR (5 mappings), HLSCNN (1 mapping), and VTA (1 mapping)

was 186, 22, and 49 LoC, respectively. Recall that these mappings are polymorphic over tensor

size on both sides, leading to general and compact representations. Additionally, the BYOC-based

code generators and runtimes for these accelerators are approximately 450, 300, and 900 LoC

of C++, respectively. These indicate the implementation of the code generation module in our

prototype, as well as reusable utilities for data movement, handling custom numerics, and emitting

the low-level MMIO code for each selected accelerator offload for end-to-end simulation of the

application. This reduction in total lines of code between Glenside and BYOC mapping rules

represents a significant decrease in Devtime for those seeking to build a compiler for their

accelerator.

4.2.2 Target Applications

We considered six DL applications corresponding to common neural network models for language

and vision tasks that contain operators supported by the three target accelerators. We selected

applications with reasonable size for human inspection and in-depth analysis.

1. EfficientNet is a recent convolutional neural network (CNN) designed for image classifica-

tion [171]. It has convolutions that are supported by VTA and HLSCNN.

2. LSTM-WLM is a text generation application [196] implemented using an LSTM recurrent
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Table 4.1: End-to-end compilation statistics. The total number of Relay operators (row 3) is

given as a proxy for program complexity. In rows 4-6, we include rewrites for only one accelerator

at a time; we do not offload to multiple accelerators at once like in §4.2.5. Flexible matching

identifies significantly more offloads than exact matching. Abbreviations: MN: MobileNet, Trans.:

Transformer, and TF: TensorFlow.

Application Statistics
1 Application EfficientNet LSTM-WLM MN-V2 ResMLP Trans. ResNet-20 ResNet-50
2 Source DSL MxNet PyTorch PyTorch PyTorch PyTorch MxNet PyTorch ONNX TF
3 #Relay Ops 232 578 757 343 872 494 709 194 609

Number of Static Accelerator Offloads Identified Using Exact Matching/Flexible Matching
4 FlexASR 0/35 1/1 0/41 0/38 0/66 2/22 0/54 0/54 0/54
5 HLSCNN 35/35 0/0 40/40 0/0 0/0 21/21 53/53 53/53 0/53
6 VTA 0/35 36/36 1/41 38/38 66/66 0/22 0/24 0/24 0/24

neural network architecture [70]. The LSTM layer in this model is supported by FlexASR.

3. MobileNet-V2 is a common CNN designed for mobile applications [80, 154]. We chose

MobileNet-V2 due to its wide use, especially on embedded devices.

4. ResMLP is a recent residual network for image classification, comprised only of multi-layer

perceptrons [180]. Its linear layers could be accelerated by VTA and FlexASR.

5. Transformer is an NLP model comprised primarily of attention mechanisms [187]. We chose

Transformer as a representative of recent popular NLP models.

6. ResNet is a popular CNN designed for image classification [78]. Besides ResNet-20, which we

use in most of the evaluation, in §4.2.3, we additionally compare various implementations of

ResNet-50 from MLPerf [120] for its availability of different reference implementations.

All applications were mapped to accelerators without any manual modifications.

4.2.3 Identifying Acceleration Opportunities

We took the six DL applications, developed by different teams in different DSLs, and compiled

them for the three target accelerators. Our compiler successfully generated code that exploits the



4.2. Evaluation as Part of 3LA 65

accelerators for supported computations—thus improving over BYOC along the axis of Optimiza-

tions.

Table 4.1 shows the compilation statistics of using exact matching and flexible matching. Note

that some accelerator operators correspond to multiple Relay operators; in particular, the LSTM

RNN in LSTM-WLM corresponds to 566 Relay operators and maps to one FlexASR operator, which

shows 3LA effectively overcoming a dramatic granularity mismatch between the compiler IR and

accelerator operators.

Our results demonstrate 3LA’s viability across a range of DL applications and accelerators

with the successful identification of acceleration opportunities and provide evidence for the utility

of flexible matching. For example, the linear layer rewrite described in section 3.3 resulted in

66 invocations of FlexASR’s linear layer in Transformer and 38 in ResMLP, in comparison to

exact matching that produced no match. Furthermore, the im2col transformation described

in section 4.1.3 rewrites 2D convolutions into matrix multiplications; for VTA, this resulted in

additional 35 invocations in EfficientNet, 22 in ResNet-20, and 40 in MobileNet-V2. Hence, flexible

matching allowed us to support 2D convolutions on VTA even when there is no IR-to-accelerator

mapping that maps 2D convolutions to VTA instructions. Another rewrite that turns lone matrix

multiplications into linear layers (by a zero-vector bias) works in concert with the im2col rewrites,

resulting in offloads of 2D convolutions onto FlexASR in EfficientNet, MobileNet-V2, and ResNet-

20—thus allowing an accelerator for NLP applications to also accelerate vision applications. Note

that these additional acceleration opportunities were identified automatically and are examples of

emergent effects resulting from simple, reusable (accelerator-agnostic) compiler IR rewrite rules.

We additionally evaluate the robustness of flexible matching by comparing the three implemen-

tations of ResNet-50 from MLPerf [148] in Table 4.1, right. Their Relay representations differed in

subtle ways (such as in reshaping operators)2 and are reflected in the difference in results of exact

2For example, the TensorFlow implementation takes data in NHWC format rather than NCHW; Glenside can
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Table 4.2: Simulation-based validation results for checking IR-to-accelerator mappings.
The average relative error (Avg. Err.) and the standard deviation (Std. Dev.) of errors are measured

over 100 test inputs. For VTA, there was no error because the host supports 8-bit integer operations.

Accel. Operation Avg.Err. Std.Dev.
1 VTA All ops 0.00% 0.00%
2 HLSCNN Conv2D 1.78% 0.16%
3 FlexASR LinearLayer 0.84% 0.29%
4 FlexASR LSTM 1.21% 0.19%
5 FlexASR LayerNorm 0.27% 0.20%
6 FlexASR MaxPool 0.00% 0.0%
7 FlexASR MeanPool 1.79% 0.28%
8 FlexASR Attention 4.22% 0.09%

matching. Flexible matching found the same (increased) number of matches for each accelerator,

regardless of its source DSL. All of these results speak to the increased Optimizations found by

utilizing Glenside.

4.2.4 Per-Operator Evaluation

Having now evaluatedDevtime andOptimizations, we will evaluateCorrectness. We do so

by demonstrating how Glenside, via 3LA, enables testing of accelerators. We begin by evaluating

single operators. Although evaluating individual operators does not suffice to characterize how

an accelerator performs on a full application, it is a basic first step and provides insights on the

identified acceleration opportunities. Here, we discuss both functional validation and performance

evaluation at the operator level.

Functional Validation

The 3LA methodology readily enables operator-level validation through auto-generated ILA

simulators. In our experiments, we compared the outputs of the accelerator ILA simulator and

rewrite convolutions to use NCHW.
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those of TVM’s runtime on host. The accelerator ILA simulators precisely model the data types

used by the accelerators. For the reference results (TVM’s runtime), we use 8-bit integer for

comparing against VTA and 32-bit floating point for the other accelerators, as these are the closest

host processor data types to those used by the accelerators. We measure the relative errors by

using the standard Frobenius Norm [6] for the tensors based on the reference and accelerator

generated output values as follows: 𝐸𝑟𝑟𝑜𝑟 = ∥𝑂𝑢𝑡𝑟𝑒 𝑓 −𝑂𝑢𝑡𝑎𝑐𝑐 ∥𝐹/∥𝑂𝑢𝑡𝑟𝑒 𝑓 ∥𝐹 .

We validated all types of operators supported by the target accelerators. Table 4.2 shows a

representative subset of the validation results: four IR-to-accelerator mappings (Rows 1-4) that are

used in the full application compilation (Table 4.1) and four additional mappings for non-trivial

operations (Rows 5-8). Note that some mappings introduce no numerical differences; e.g., the

TVM runtime supports 8-bit integer execution, so the results for VTA match perfectly. For other

mappings, we see deviations caused by the custom numerics, especially for complex operators

such as the attention operator on FlexASR. Such deviations should be carefully assessed in the

context of application-level validation, as even small deviations could accumulate and affect the

final accuracy.

Performance Evaluation

We also evaluated the performance gain of offloading operations from the host to accelerators

using cycle counts as the performance metric, since we did not have clock frequencies for an SoC

containing the host and accelerators. For accelerators, we derived the cycle counts based on their

cycle-accurate models (VTA’s Chisel model and FlexASR’s and HLSCNN’s SystemC models). For

the host, we measured averaged cycle counts (1000 random inputs) in TVM’s runtime on one

pinned EPYC-7532 core.

Fig. 4.6 shows the performance gains (ratio of host to accelerator cycles) of all identified

acceleration opportunities in ResNet-20 and MobileNet-V2 when operations are offloaded from
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Figure 4.6: Cumulative distribution of per-operator performance gains of all identified
acceleration opportunities in ResNet-20 (RN20) and MobileNet-V2 (MNv2) on the three ac-

celerators. Each point represents an operation offloaded from the host to the accelerator (as

identified by flexible matching, Table 4.1). The 𝑥-axis shows the host-to-accelerator cycle count

ratio of each offloaded operation and the 𝑦-axis shows the cumulative distribution of offloaded

operations. Points and plots more to the right are better; e.g., coarse-grained operators, supported

with higher parallelism in FlexASR, offer greater speedup compared to the fine-grained operators

in VTA.
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the host to VTA, HLSCNN, and FlexASR, respectively. Overall, as expected, all offloads resulted in

performance gains relative to the host; we also see that accelerators providing coarser-grained

operators (e.g., FlexASR), supported with higher parallelism, achieve higher performance gain per

operator compared to finer-grained accelerators like VTA.

4.2.5 Application-Level Validation Through Co-Simulation

We performed application-level co-simulation by using the ILAng-generated simulators for ac-

celerator computations and the host CPU for the rest of the computation. We considered three

applications, which between them provide opportunities to use each of the three accelerators:

(1) LSTM-WLM, where we accelerate linear layer and LSTM operations on FlexASR; (2) ResNet-20,

where we accelerate convolutions on HLSCNN and linear layers on FlexASR; and (3) MobileNet-V2,

where we accelerate convolutions and linear layers as in ResNet-20 and additionally accelerate

both these operations on VTA (due to the im2col rewrites). In ResNet-20 and MobileNet-V2, we

were able to explore using HLSCNN and FlexASR together and separately, simply by varying which

IR-to-accelerator mappings we included in flexible matching. Note again that this validation would

not have been possible without the mapping power of Glenside.

We trained and validated the LSTM-WLM model using the WikiText-2 dataset [117]. The

image classification models (MobileNet-V2 and ResNet-20) were trained and validated using the

CIFAR-10 dataset [41]. We additionally trained and validated a MobileNet-V2 model optimized for

ImageNet using the ImageNet dataset [49].

Table 4.3 shows the application-level co-simulation results. For LSTM-WLM, the application-

level results using the accelerators did not differ greatly from the reference results. In the case of

FlexASR, this was the first time it had been run end-to-end on a full application—this provided

validation for its AdaptivFloat data type. For VTA on MobileNet-V2, there was a small decrease in
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Table 4.3: Application-level co-simulation results. In each test, we evaluated 2000 CIFAR-10

images (for vision tasks) or 100WikiText-2 sentences (for text generation) that were evenly sampled

from the corresponding dataset. The reference results were obtained by running tasks in the

original frameworks (MxNet for ResNet-20, PyTorch for the rest). The results without numerical

tuning are for the initial accelerator designs, modeled in ILA. The result with numerical tuning,

where provided, were obtained by updating the ILA specifications according to design revisions

suggested by the accelerator developers. We measured the accuracy for image classification tasks

(ResNet-20, MobileNet-V2) and perplexity for text generation (LSTM-WLM).

Application Processing Platform Reference Result∗ Result without Result with
Numerical Tuning Numerical Tuning

LSTM-WLM FlexASR 122.15 121.97 N/A
ResNet-20 FlexASR 91.55% 91.50% N/A

HLSCNN 91.55% 29.75% 92.10%
FlexASR & HLSCNN 91.55% 29.15% 91.85%

MobileNet-V2 VTA 92.40% 89.40% N/A
FlexASR 92.40% 92.30% N/A
HLSCNN 92.40% 10.35% 91.50%

FlexASR & HLSCNN 92.40% 10.35% 91.20%

∗ The reference result does not represent the best achievable accuracy/perplexity of the model on the
given dataset. This table is intended for comparing the application-level results on different processing
platforms.
† Average simulation time of running one data point (e.g., an image or a sentence) on an AMD EPYC-
7532 core.

accuracy that may be attributed to quantization error.3

However, the initial results for ResNet-20 and MobileNet-V2 (both CIFAR-10 and ImageNet)

using HLSCNN revealed a large loss in accuracy, as shown in Column 4 “Results without Numerics

Tuning” in Table 4.3. We noticed that the linear layers accelerated by FlexASR did not impact

the final accuracy, suggesting the issue stemmed from HLSCNN (for which this was also the

first time it was run in an end-to-end application). We then instrumented our 3LA prototype to

record additional information for each accelerator invocation, such as input and output ranges.

This helped the accelerator developers determine that the loss of accuracy was due to a lack of

3We apply a form of uniform quantization [87], which involves scaling the results based on the floating point
reference.
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dynamic range in the data type: weight data values in HLSCNN’s 2D convolutional layers were

heavily quantized due to the narrow value range of their 8-bit fixed point representation. After

we updated the ILA specification (a much easier task than modifying the RTL implementation)

based on the developers’ suggestion to expand the fixed point representation to 16 bits and adjust

the binary points in inputs’ and accumulators’ fixed point data types, the accuracy recovered.

This is shown in Column 5 “Results with Numerics Tuning” in Table 4.3. This case study readily

demonstrates how the 3LA methodology, enabled by Glenside, facilitates debugging and improving

accelerator designs with rapid turnaround, and thus improving overall Correctness.

The overall results in Table 4.3 reaffirm the need for application-level validation, especially for

accelerators utilizing custom numerics. Thanks to formal ILA models and flexible compilation via

Glenside, 3LA provides quick design space exploration and numerics tuning without hardware

engineering overhead in each design iteration. Further, it provides handy debugging information

and efficient simulation—for FlexASR, the ILA simulator yields a 30× speedup on average compared

to RTL simulation.

4.2.6 System Deployment and FPGA Emulation

As an additional demonstration of 3LA and Glenside, we explored their use in compiling workloads

to a real hardware platform. Specifically, we used our prototype to compile workloads to an

. . . . . . . .FPGA emulation of FlexASR.4 We configured our prototype to lower FlexASR ILA instructions

to the corresponding MMIO commands for FlexASR, passing them to the FPGA using the Xilinx

SDK [202]. Next, we compiled and executed synthetic workloads in which LSTM layers and linear

layers were offloaded to the FlexASR accelerator. The results matched those of the ILAng-generated

4We synthesized and placed-and-routed the FlexASR accelerator on a Xilinx Zynq ZCU102 FPGA, which consumed
86% of the available LUT resources. Due to the significant engineering overhead of FPGA emulation, FlexASR is the
only accelerator we deployed on an FPGA.
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simulator bit for bit, providing validation for the custom numerics. This is a proof of concept for

utilizing the 3LA methodology for an actual deployment, above and beyond simulation-based

testing.



Chapter 5

Background and Related Work

In part I of this dissertation, we have described an application of our thesis to the problem of

generating compilers for deep learning accelerators. We have described the difficulties in building

compilers for custom accelerators. First, developing a compiler requires much developer effort and

expertise (Devtime). Second, even once a compiler is built, optimizations still often get left on

the table (Optimizations). And lastly, the difficulties in building compilers for accelerators often

makes the process of validation of accelerators hard if not impossible for accelerator designers

(Correctness). We describe how we applied our thesis to produce Glenside, a domain-specific

language which can be used to automatically compile workloads to accelerators. We used Glenside

to build 3LA, a new methodology for accelerator design.

We now present background and related work on the various topics involved in part I of

this dissertation. We start from the basics, discussing existing machine learning accelerators

(section 5.1), whose popularity is the core motivation behind building 3LA and Glenside.
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5.1 Machine Learning Accelerators

A variety of accelerators [95, 37, 121, 115, 133, 69] have been developed to provide efficient

implementations of tensor operators for ML applications. These devices accelerate tensor operators

through hardware parallelism, simultaneously applying related operations across many tensors

in the accelerator’s memory (which are often laid out according to custom rules that facilitate

hardware optimization). Tensor program compilers must translate expensive application code

fragments down to accelerator invocations that adhere to these layout rules, which often involves

both (a) higher-level transformations like tensor reshaping to match accelerator size bounds and

loop unrolling to expose optimization opportunities, and (b) lower-level transformations like

operator fusion and im2col to match accelerator calling conventions and even implement different

operations using the same accelerator, e.g., on systolic arrays [33, 91].

5.2 Validating Hardware Designs

. . . . . . . . . . . . .Validation of hardware designs is an incredibly important task—so important, in fact, that it often

represents a majority of the cost for a new hardware design. Validating a hardware design is the

process of ensuring that it behaves as intended. In the world of hardware design, this process

is more commonly referred to as verification—however, in this dissertation, I prefer to use the

definitions of validation and verification from the field of Programming Languages, in which

validation refers to non-formal-methods-based, (usually) non-exhaustive sanity checking, while

verification refers to formal, mathematical proving of properties (like correctness). Hardware

designers and validation engineers perform validation at many points in the hardware design

process. For example, they might validate that their initial prototype of the design, written in

e.g. Python or C++, behaves identically to their initial Verilog implementation using a simulator
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such as Verilator [189]. Later in the design process, they might formally verify the equivalence of

their initial Verilog implementation against a lower-level, backend-specific version of the Verilog

using an equivalence checker like Cadence’s Jasper [90], or similar tools from Mentor Graphics or

Synopsys.

Simulation tools can operate at different levels of specificity. Tools like Verilator [189] and

Cuttlesim [139] enable cycle-accurate RTL simulation: i.e. they simulate exactly what the hardware

is doing at each clock cycle. However, cycle-accurate simulation is slow, as it requires simulating

every component within the hardware design. Often, it is useful to run application-level co-

simulation, in which a high-level software program (e.g. a deep learning model) is simulated

simultaneously with the hardware. Co-simulation is integral to the 3LA methodology—by running

entire applications via co-simulation, 3LA helps designers find bugs in their hardware designs. In

general, cycle-accurate simulators are too slow to run full applications in any realistic amount of

time, making co-simulation infeasible. In these cases, higher-level, non-cycle-accurate simulation

can enable fast simulation. SystemC [9] and ILA [84], are common tools for implementing these

high-level models. The 3LA framework relies on ILA, which, unlike SystemC, provides a clear

formal verification path to RTL.

5.3 Hardware–Software Co-Design

Hardware–software co-design refers to a loosely grouped set of techniques and ideas centered

around one primary idea: rather than the well-defined separation between software and hardware

design which existed in the past, hardware and software should instead be designed together.

That is, to maximize the performance of hardware, hardware designers should be able to suggest

changes to the software such that it will be more amenable to acceleration; similarly, software

designers should be able to suggest hardware changes to enable new algorithms. Glenside and the
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3LA methodology enable hardware–software co-design through the simple fact that they make

hardware design iterations quicker. By making it quicker and easier to simulate full end-to-end

applications on prototype hardware, 3LA and Glenside enable designers to see simulation results

more quickly and adjust both their design and the software running on the hardware.

There exists much other work on hardware–software codesign for deep learning. Work on

accelerator generation and integration [14, 181] has explored adding support in the Halide [142]

compiler flow for specialized Coarse-Grained Reconfigurable Array (CGRA) accelerators. That

work composes an impressive array of custom tools to generate and verify specialized CGRA accel-

erators and also map Halide program fragments down to accelerator invocations. HeteroCL [101]

also provides a similar custom flow.

5.4 Tensor IRs and Compilers

Glenside, the primary contribution of part I of this dissertation, is fundamentally an intermediate

representation (IR) for tensor programs. On top of the Glenside IR, we build the 3LA methodology,

which includes a compiler utilizing Glenside to map deep learning workloads to accelerators. In

this section, we describe other IRs and compilers for tensor programs.

Machine learning workloads are generally viewed as a sequence of of tensor kernel invocations,

where tensor kernels are large operations over multidimensional arrays (tensors) such as 2D

convolution or dense matrix multiplication. Machine learning frameworks (such as TensorFlow

[3] and PyTorch [137]) and machine learning compilers (such as TVM [35]) can optimize machine

learning workloads at a number of levels, which often result in each framework having a number

of different IRs. TVM, for example, can optimize machine learning workloads at a high-level using

its high-level IR Relax [100] (and its former high-level IR Relay [152]), but low-level optimizations

such as loop blocking and reordering must be done in its lower-level IRs.
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Tensor compilers for ML and HPC applications strive to balance clear, high-level operator

semantics and support for the low-level optimizations necessary to target specialized accelerators.

Halide [141] achieves this balance by separating operator specifications (what is computed) from

schedules (how, when, and where each output element is generated). This style of separation

has proven highly effective across both application domains and hardware targets; numerous

compilers including TVM [35], FireIron [73], LIFT [167], and Accelerate [30] follow variations of

this strategy.

The specification/schedule separation approach allows the same high-level program (specifica-

tion) to be flexibly optimized for and mapped to different hardware targets by applying different

schedules. From this perspective, schedules represent different rewriting strategies to explore var-

ious loop ordering and memory layouts; in LIFT and Accelerate these take the form of functional

combinators closely related to Glenside’s approach. As in classic term rewriting, experts must

often carefully craft schedules for each target to achieve the best performance and mitigate phase

ordering challenges [194], though recent projects have produced promising results in automatic

scheduling [36, 208, 7].

Other tensor IRs like TACO [96], Keops [32], and COMET [177] rely on index notation
1 to

concisely express tensor operators and simplify optimization by uniformly representing per-

output-element computations. These approaches also rely on rewriting passes to generate kernel

implementations specialized to tensor sparsity/density, operator combinations arising in the source

application, and details of the target hardware. In Section 3.1 we discuss some of the tradeoffs of

these approaches with respect to other rewriting strategies.

Polyhedral compilers [157] like Tensor Comprehensions [186] and Tiramisu [13] optimize

loop-filled programs by modeling loop nests as polyhedra and applying geometric transformations.

The polyhedral approach exploits regular loop structure, but is also restricted to geometrically

1Index notation is closely related to “Einstein notation”, in which reduction indices are implicit.
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affine transformations. In contrast, term rewriting is neither guided nor restricted by geometric

constraints, making these approaches broadly complementary.

Another key piece of background to note when it comes to deep learning compiler frameworks

is interoperability of frontends. Machine learning models can be expressed in many frontend

languages, including MxNet [34], PyTorch [136], TensorFlow [3], ONNX [108], and CoreML [45],

and generally, compilers should strive to support models expressed in all of these frontends. As

it is built on top of TVM, which supports importing from many frontend languages, our 3LA

prototype supports all of these frontend languages.

5.4.1 Term Rewriting and Equality Saturation

Term rewriting is a classic program optimization technique [11] that relies on iteratively applying

rewrite rules of the form ℓ −→ 𝑟 : when part of a program matches the pattern ℓ under substitution

𝜎 , it is rewritten into 𝜎 (𝑟 ). This approach is ubiquitous, frequently used in both mainstream and

DSL compilers to implement features including preprocessing, strength reductions, and peephole

optimizations [68].

Classic term rewriting systems where rewrites are applied destructively suffer phase order-

ing problems [194]: the order in which rewrites are applied can enhance or severely diminish

performance. Recent work has shown how program synthesis can help address this challenge in

peephole optimizers like Halide’s scalar expression rewriter [126].

Advances in alternate rewriting techniques like equality saturation [174] also mitigate phase

ordering by exploiting the e-graph data structure from SMT solvers to repeatedly apply all rewrites

simultaneously, thus obviating rule ordering considerations. In particular, the egg library [195] has

been used to develop new synthesis and optimization tools across diverse domains [135, 124, 190],

including DSP compiler vectorization [184] and tensor computation graphs [203].
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Glenside provides the first tensor IR amenable to equality saturation by introducing access

patterns to provide pure, higher order tensor kernel combinators that support rank-polymorphism

without the need for binding structures like anonymous functions or index notation.

5.4.2 Pattern Matching Accelerator Calls

The most closely related work to flexible matching is from TVM BYOC [39], which only provides

exact syntactic matching. Past work has also explored rewrite-based techniques for automatically

inferring instruction selection passes between ISAs [144, 53] and in the context of superopti-

mization [15, 16]. Rewriting in 3LA instead operates on a high-level IR to expose opportunities

to invoke code generators, rather than performing low-level code generation directly. Equality

saturation has been used in the context of ML and DSP compilers for optimization [203, 185, 98].

There has also been significant work on ML and HPC compiler frameworks with varying degrees

of support for targeting custom accelerators [142, 109, 35, 122, 106]. To the best of our knowledge,

none of these frameworks provides support for testing prototype accelerators designs end-to-end

on unmodified source applications.
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Part I Conclusion

In part I of this dissertation, I presented the first of two case studies giving evidence to my thesis.

In chapter 2, noting the gap in compiler and simulation tools for machine learning . . . . . . . . . . . . . . .accelerators

and how it was potentially affecting accelerator Correctness, the authors of 3LA (including the

author of this dissertation) set to developing a methodology for compiling to and testing designs.

As part of this flow, we needed a tool for finding places in machine learning workloads where we

could invoke accelerators. Existing tools missed mapping opportunities and were cumbersome to

use, and thus poor with regards to Optimizations and Devtime. In response, in section 3.2 we

introduced Glenside: a pure, binder-free tensor languagewhich allowing for the use of more flexible

Algorithms—namely, . . . . . . . . . . . . . . . . . . . . . . . .equality saturation—over machine learning workloads. We incorporated

Glenside into 3LA to automatically generate . . . . . . . . . . . . . . . .tensorization routines in our compiler backend. In

chapter 4, we demonstrated how 3LA, with the power of Glenside, finds more accelerator mappings

(greaterOptimizations) with less developer input (reducedDevtime). Furthermore, we showed

how we used 3LA to find and fix bugs in real accelerators (aiding in Correctness).

Note that, while we improve upon the state of the art in algorithm flexibility (Algorithms),

part I does not improve upon the state of the art in model explicitness (Models). In part II, I will

more fully realize my thesis by utilizing both more adaptable algorithms and more explicit models

to automatically generate backends for FPGA compilers.
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Part II

Compilation to FPGAs
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Part II Abstract

In part II of this dissertation, I apply my thesis to a fully separate domain: . . . . . . . . . . . . . . . . . . . . . . . .hardware synthesis

tools. . . . . . . . .FPGA . . . . . . . . . . . . . . . . . . . . . . . . . .technology mapping is the process of implementing a hardware design expressed

in high-level HDL (hardware design language) code using the low-level, architecture-specific

. . . . . . . . . . . . .primitives of the target FPGA. As FPGAs become increasingly heterogeneous, achieving high

performance requires hardware synthesis tools that better support mapping to complex, highly

configurable primitives like digital signal processors (DSPs). Current tools support DSP map-

ping via handwritten special-case mapping rules, which are laborious to write (poor Devtime),

error-prone (poor Correctness), and often overlook mapping opportunities (poor Optimiza-

tions). In part II of this dissertation, we introduce Lakeroad, a principled approach to technology

mapping via sketch-guided . . . . . . . . . . . . . . . . . . . . . . . .program synthesis (Algorithms). A primary insight of Lakeroad

is to utilize vendor-provided simulation models (Models) to generate the semantics needed by

program synthesis. Lakeroad provides more extensible (Devtime) technology mapping with

stronger correctness guarantees (Correctness) and higher coverage of mapping opportunities

(Optimizations) than state-of-the-art tools. Across representative microbenchmarks, Lakeroad

produces 1.4–3.6× the number of optimal mappings compared to proprietary state-of-the-art tools

and 6–30× the number of optimal mappings compared to popular open-source tools, while also

providing correctness guarantees not given by any other tool.
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Chapter 6

Introduction and Motivation

Part II is adapted from “FPGA Technology Mapping Using Sketch-Guided Program Synthesis” by

Smith, et al. [161].

Given a high-level hardware design specification (e.g., expressed in behavioral Verilog), FPGA

technology mappers search for an equivalent low-level implementation in terms of the target

FPGA’s primitives. See fig. 6.1 for an example, where the high-level, behavioral sub_mul module

(“input 1”) is converted into FPGA-specific implementations (“their output” and “our output”)

using the Xilinx-specific DSP48E2 primitive.

Historically, FPGAs consisted of relatively simple primitives, such as lookup tables (LUTs)

and carry chains. Tools like ABC [149, 119, 28] automatically map to these basic primitives by

translating designs to a library of simple logic gates and then packing those gates into LUTs.

However, FPGAs are becoming increasingly heterogeneous via the inclusion of specialized and

diverse primitives such as digital signal processors (DSPs). Utilizing these specialized primitives

effectively is now crucial for achieving high performance [188]. These specialized primitives make

FPGA technology mapping far more challenging since technology mappers must now explore a
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Figure 6.1: Even given a simple input design (input 1), the state-of-the-art (SOTA) hardware

synthesis tool for Xilinx FPGAs frequently fails to efficiently use programmable primitives like

DSPs. Lakeroad, on the other hand, can utilize all features of programmable primitives given

just a short description of an FPGA architecture (input 2) and the vendor-provided simulation

models of the primitive (input 3).
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much larger search space while also satisfying each primitive’s complex set of restrictions and

dependencies. For example, Xilinx’s DSP48E2 is a multifunction DSP with nearly 100 ports and

parameters, whose numerous configurations enable support for a large variety of computations.

The manual for the DSP48E2 alone is 75 pages long, where considerable text details the complex

restrictions between the settings of the nearly 100 ports and parameters.

Existing technology mapping tools frequently fail to map designs to specialized primitives like

DSPs, resulting in less-performant designs (that is, poor Optimizations) and requiring manual

work for the hardware designer to recover the performance of their design (that is, increased

Devtime). While existing toolchains have the ability to automatically infer locations where

specialized primitives can be used in large designs, inference often fails [200, 201, 86]. In these

cases, the designer can either accept lower performance and higher resource utilization, or they

can perform what we call partial design mapping. During partial design mapping, the designer

manually identifies and separates out themodule that should bemapped to a DSP. They can attempt

to re-run technology mapping on that module alone, in the hopes that mapping succeeds. Yet

existing toolchains often fail even in the partial design mapping case: fig. 6.1 shows a simple module

sub_mul which should fit on a single DSP48E2 according to the DSP’s manual, but is instead

mapped to two DSPs by current state-of-the-art tools1—a 100% increase in resource utilization!

In the worst case, hardware designers are forced to manually instantiate complex primitives by

hand, e.g., by looking through the 75-page DSP48E2 user manual to manually configure the DSP’s

dozens of ports and parameters.

Current state-of-the-art technology mappers are implemented via ad hoc, handwritten pattern

matching procedures, which fall short in three primary ways. First, as we saw above, they are

incomplete: they miss many mapping opportunities, even across microbenchmarks based on

1Licensing restrictions forbid naming the specific proprietary tools, but they are familiar, standard packages used
by many hardware designers.
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vendor documentation (Optimizations). Second, they do not provide strong Correctness

guarantees: recent work highlights the significant number of bugs found across all major hardware

synthesis tools [79]. Third, they are difficult to extend: each new complex primitive requires

supporting detailed semantics and adding hundreds of new, special-case syntactic patternmatching

rules [197] (hence increasing Devtime).

This chapter’s key observation is that technology mapping is well-suited for the application

of automated reasoning procedures (Algorithms)—specifically, program synthesis [71]. We

observe that the configuration space of a programmable FPGA primitive is essentially a small,

bespoke programming language, and that program synthesis could be applied to automatically

generate primitive configurations. We explore how program synthesis can simplify the design

and implementation of FPGA technology mappers while providing correct (Correctness),

extensible (Devtime), and more complete (Optimizations) support for mapping to diverse,

highly configurable primitives like DSPs. Program synthesis techniques rely on automated theorem

provers like SAT and SMT solvers [48, 17] to automatically generate programs satisfying a given

specification. We demonstrate how sketch-guided program synthesis [166] can be adapted for FPGA

technology mapping, leveraging the Rosette [179] program synthesis framework.

Sketch-guided program synthesis requires encoding the semantics of the target language: in

our case, a machine-readable, mathematical model specifying the behavior of each FPGA-specific

primitive being mapped to. In a typical synthesis tool, which generates programs for a single target

language, this is a one-time cost. However, in our setting, each new FPGA primitive introduces

yet another new target language, which in turn requires extending the tool to encode yet another

formal semantics.

To support correct, extensible, andmore complete technologymapping, we propose automating

this process with semantics extraction fromHDL, adapted from past work [46], to automatically

extract complete primitive semantics from vendor-published HDLModels (fig. 6.1, “input 3”).
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Traditionally, such models have been used only for simulation and validation after technology

mapping; we show that using the semantics to implement technology mapping with a program-

synthesis-based approach yields substantially more complete FPGA technology mapping.

Sketch-guided program synthesis also requires sketches, which are partially complete programs

with “holes” to be filled in by the solver. Sketches primarily serve to scale synthesis by constraining

the set of programs that solvers explore when searching for one that satisfies the given specification,

i.e., performance at the cost of completeness. In our setting, sketches correspond to arrangements

of primitives, using holes as placeholders for some of the primitives’ ports and parameters. This

could be a single DSP with holes for its ports and parameters (as in the example in section 6.1.2),

or a number of LUTs with holes for their LUT memories, or even a mixture of LUTs, DSPs, and

carry chains. The synthesizer “fills in the holes” as necessary for the low-level FPGA-specific

primitive to implement a given high-level behavioral design fragment. Unfortunately, developing

effective sketches still requires synthesis expertise [21, 183]. Naïvely, our approach would also

require new sketches for each new FPGA primitive we target.

To address these challenges, we introduce architecture-independent sketch templates.

Hardware designs are often implemented using high-level blueprints that are similar across most

FPGA architectures—sketch templates capture these blueprints and make them reusable across

architectures. Therefore, by using sketch templates, we greatly reduce the overhead of supporting

new architectures and diverse primitives. Typically, when adding support for a new primitive

or FPGA architecture in Lakeroad, the hardware designer need not write or modify any sketch

templates.

We leverage semantics extraction from HDL and architecture-independent sketch templates

to build Lakeroad,2 a new FPGA technology mapper based on program synthesis.

Lakeroad’s prototype implementation automatically imports semantics for the LUTs, arith-

2Lakeroad is publicly available at https://github.com/uwsampl/lakeroad.

https://github.com/uwsampl/lakeroad
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metic carry chains, and DSPs of the Xilinx UltraScale+, Lattice ECP5, Intel Cyclone 10 LP, and

SOFA [173] FPGA architectures. The only additional user input to Lakeroad is a short architecture

description that lists the target FPGA’s primitives (fig. 6.1, “input 2”). Architecture descriptions

only need to be written once per architecture, and Lakeroad pre-supplies architecture descriptions

for the aforementioned architectures. With the automatically extracted primitive semantics and

the user-provided architecture description, we demonstrate that Lakeroad is more complete than

proprietary tools on a variety of microbenchmarks that are representative of program fragments

implemented with DSPs during partial design mapping. In particular, Lakeroad maps up to 3.6×

more microbenchmarks than state-of-the-art tools for Xilinx, Lattice, and Intel, and up to 30×

more microbenchmarks than Yosys.

Part II of this dissertation makes the following key contributions:

• The novel application of program synthesis to produce a technology mapper—Lakeroad—that is

more correct, complete, and extensible than state-of-the-art tools.

• A technique for applying semantics extraction from HDL to automatically generate models

of hardware usable by formal automated reasoning tools.

• The concept of architecture-independent sketch templates, which capture common pat-

terns in hardware design in an architecture-independent way, plus primitive interfaces and

architecture descriptions, the abstractions underlying these templates.

• A formalization of the Lakeroad toolchain and an argument for its correctness and sketch-

completeness.

• The first notion of technology mapping completeness for FPGA compilers.

• Empirical comparisons of Lakeroad and existing hardware synthesis tools to evaluate both

their relative completeness and ease of extensibility.
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In the following sections, we walk through a real-world example using both existing tools and

Lakeroad and highlight Lakeroad’s design and key features (section 6.1); formalize Lakeroad and

demonstrate its correctness (section 7.1); describe Lakeroad’s implementation (section 7.2); and

evaluate Lakeroad on its completeness of mapping, extensibility, and expressiveness (chapter 8) .

chapter 10 discusses related work, and chapter 10 concludes.

6.1 Overview

We now walk through an example of how current FPGA technology mapping tools can fail a

hardware designer (section 6.1.1) and how Lakeroad overcomes these limitations (section 6.1.2).

In the process, we provide a high-level overview of Lakeroad’s main components.

6.1.1 Compiling a Design to a DSP with Existing Tools

Consider the following scenario: A hardware designer is designing a large hardware block for the

Xilinx UltraScale+ family of FPGAs. The designer is specifically aiming to use the UltraScale+’s

specialized DSP48E2 units, which can implement combined multiplication, arithmetic, and logic

operations, as captured in this simplified block diagram [199]:

The designer’s hardware block involves the computation (c-a)*b, which the manual states is
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implementable with a single DSP. In particular, suppose the design consists of four separate

instances of the following computation:

for(i=0; i<4; i++) begin
r[i] <= (c[i] - a[i]) * b[i];

end

It would be reasonable for the designer to expect the design to use a total of four DSPs.

Current tools fail. After compiling the design with existing tools, the designer is frustrated to

find that the compiler returns a design that uses more resources than anticipated. Instead of using

the expected four DSPs, it uses eight—a 100% increase in resource consumption! The compiler

has thus failed to fully utilize the DSP—it has not configured a DSP48E2 to implement (c-a)*b

but has instead overflowed the computation onto an extra DSP. The designer now faces a choice:

either accept the result or attempt to coax the compiler into returning a more optimal design.

Coaxing the compiler, to no avail. Though many may choose to accept a less optimal result,

this tenacious designer3 tries to coax the compiler into giving the expected results by placing the

computation of interest into a separate module:

module sub_mul(input clk, input [15:0] a, b, c,
output reg [15:0] out);

assign out = (c-a)*b;
endmodule

This allows the designer to apply specific optimizations while mapping the module—a process we

call partial design mapping. They attempt various strategies, including annotating the module with

Xilinx’s use_dsp Verilog attribute (to force the compiler to use a DSP where possible) and using a

different synthesis directive (to apply a more resource-intensive synthesis procedure). Despite

these efforts, the compiler still cannot map the design to a single DSP, instead using two
3This may not be purely a personal preference. For example, a hardware design simply may not fit on an FPGA

without manual optimizations!
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DSPs for the partial design. Again, the designer must decide: give up and accept suboptimal

results, or press on?

Manual compilation. The hardware designer presses on and now has only one option

remaining: manually instantiating a DSP48E2 with the desired behavior. Skimming through the

daunting 75-page DSP48E2’s online user manual, the designer quickly discovers that configur-

ing even the “pre-sub” c-a requires correctly setting multiple ports and parameters (INMODE,

AMULTSEL, BMULTSEL, and PREADDINSEL), whose descriptions span 10+ pages and multiple tables.

Correctly configuring the subsequent multiplier and logic unit proves even more difficult and

time-consuming. After configuring the computational units, the designer must still manually

ensure correct pipelining of the 10+ pipeline registers. After hours of frustration, a configuration

is found that seems to work, which the designer inserts into the design. Precious time has been

wasted, most of which will need to be repeated to configure the DSP again. Making matters worse,

the designer has no formal guarantees about the correctness of this DSP configuration.

It may work in a few simulated test cases, but are there corner cases that have been missed?

6.1.2 Compiling a Design to a DSP with Lakeroad

Lakeroad can save hardware designers the great effort involved in manual DSP configuration while

also providing correctness guarantees. Let us imagine how the designer in this example, frustrated

by conventional tools, can instead proceed using Lakeroad during partial design mapping. After

putting sub_mul into its own module, the designer calls Lakeroad from the command line:

$ lakeroad --template dsp \
--arch-desc xilinx-ultrascale-plus.yml \
sub_mul.v

The lakeroad command outputs sub_mul_impl, an implementation of sub_mul that uses a single

UltraScale+ DSP48E2:
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Figure 6.2: The components within Lakeroad.

module sub_mul_impl(input clk, input [15:0] a, b, c, output [15:0] out);
DSP48E2 #(
.ACASCREG(32'd0), .ADREG(32'd0), .ALUMODEREG(32'd0),
.AMULTSEL("AD"), .AREG(32'd0), .AUTORESET_PATDET("NO_RESET"),
// ...plus 30+ more parameters

) DSP48E2_0 (
.A({ 14'h0000, a }), .ACIN(30'h00000000), .ALUMODE(4'hc),
.B({ 2'h0, b }), .BCIN(18'h00000), .C({ 32'h00000000, c }),
.CARRYCASCIN(1'h0), .CARRYIN(1'h0), .CARRYINSEL(3'h6),
// ...plus 30+ more ports

);
endmodule

Unlike current compilers, Lakeroad has produced an implementation using a single DSP48E2 by

utilizing more of the DSP’s features. Importantly, this compiled design is also formally guaranteed

to implement the input sub_mul design.

How does Lakeroad provide verified, more complete support for the DSP48E2 over existing

tools? At the core of Lakeroad’s correctness and completeness is sketch-guided program synthesis,
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a technique that begins with a program sketch, which captures a rough outline of a program

and uses automated reasoning tools (e.g., SMT solvers) to fill in the sketch’s holes. As shown

in fig. 6.2, Lakeroad uses the following three-step process to generate an efficient and correct

DSP48E2 implementation of the sub_mul design.

Step 1: Generating a Sketch. In the sub_mul example, Lakeroad generates the following

sketch, which we refer to as sketch:4

module sketch(input clk, input [15:0] a, b, c, output [15:0] out);
DSP48E2 #(
.ACASCREG(??), .ADREG(??), .ALUMODEREG(??), .AMULTSEL(??),
.AREG(??), .AUTORESET_PATDET(??), ...

) DSP48E2_0 (
.A({ 14'h0000, a }), .ACIN(??), .ALUMODE(??),
.B({ 2'h0, b }), .BCIN(??), .C({ 32'h00000000, c }),
.CARRYCASCIN(??), .CARRYIN(??), .CARRYINSEL(??), ...

);
endmodule

This sketch consists of a single DSP48E2 instance with holes (represented by ??) serving as

placeholders for most of its ports and parameters. It is easy to see the parallels between sketch

and sub_mul_impl; sketch is simply sub_mul_implwith holes. But how does Lakeroad generate

sketch in the first place?

To maximize portability across architectures, Lakeroad does not store sketches like sketch

directly; instead, it generates sketches from architecture-independent sketch templates. Instead

of storing the preceding UltraScale+–specific sketch, Lakeroad generates the sketch from the

DSP sketch template, which the designer has chosen to use with the --template dsp flag. A

simplified form of this template looks like the following:

module dsp_sketch_template(input clk,
input [n-1:0] a, b, c,

4Though this example is presented in a Verilog-like language, Lakeroad’s sketches are actually encoded in a Racket
DSL that resembles structural Verilog.
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output [n-1:0] out);
DSP dsp_instance(.clk(clk), .A(a), .B(b), .C(c), .D(d), .out(out));

endmodule

Sketch templates capture hardware design patterns that are common across FPGA architectures in

an architecture-independent way. dsp_sketch_template, for example, captures a basic pattern,

i.e., instantiating a single DSP. Lakeroad includes sketch templates of varying complexity, from

the simplicity of the one above to the complexity of LUT-based multipliers. Though new sketch

templates can be added easily, in most cases (as in this example) users can simply apply Lakeroad’s

provided templates.

To specialize dsp_sketch_template into sketch, Lakeroad translates the sketch template’s

generic DSP primitive interface into an UltraScale+–specific DSP48E2 using the UltraScale+

architecture description. The generic DSP module is an instance of a primitive interface: a

Lakeroad-introduced abstraction that captures the similarities between primitives across diverse

FPGA architectures. For example, Lakeroad’s DSP primitive interface captures the facts that

DSPs on all FPGA platforms generally have two to four data inputs (captured by A–D; note that

our example doesn’t use input D) and a clock input (captured by clk). To convert the sketch

template’s DSP primitive interface instance into a DSP48E2, Lakeroad utilizes the Xilinx UltraScale+

architecture description, which the designer has pointed to with the --arch-desc xilinx-

ultrascale-plus.yml flag. An architecture description specifies how Lakeroad’s various

primitive interfaces are implemented for a given architecture. The following simplified snippet

of the UltraScale+ architecture description, for example, tells Lakeroad that, when generating a

sketch for UltraScale+, instances of the DSP primitive interface should be implemented with a

DSP48E2:

- interface: {name: DSP, params: { out-width: 48, a-width: 30, ...}}
holes: [?ACASCREG, ?ADREG, ?ALUMODEREG, ?AREG, ...]
implementation:
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module: DSP48E2
ports: [{ name: A, bitwidth: 30, value: A }, ...]
parameters: [{ name: ACASCREG, value: ?ACASCREG }, ...]
outputs: { O : P }

Thus, while converting dsp_sketch_template into sketch, Lakeroad reads this architecture

description and converts the single DSP instance into a DSP48E2, filling the ports and parameters

with the concrete values and holes contained in the architecture description. Architecture de-

scriptions are usually short (100-400 LoC) and written only once per FPGA architecture; Lakeroad

already contains such descriptions for Xilinx UltraScale+, Xilinx 7-series, Lattice ECP5, Intel

Cyclone 10 LP, and the open-source FPGA SOFA [173].

To generate a sketch, Lakeroad takes an architecture-independent sketch template and special-

izes it using an architecture description. Once the sketch is ready, the designer can move on to

synthesis.

Step 2: Program Synthesis. The next step fills in the holes to generate a complete, correct

hardware design, which is done automatically using a technique called . . . . . . . . . . . . . . . . . . . . . . .program synthesis. Program

synthesis is the process of using automated reasoning tools (like . . . . . .SMT solvers) to generate correct

programs by encoding program generation as a constraint solving problem. In our sub_mul

example, Lakeroad, aided by Rosette [178, 179], generates a query like the following:5

∃ ACASCREG,ADREG, ... . ∀ inputs. sub_mul(inputs) = sketch(inputs,ACASCREG,ADREG, ...)

The query asks: are there concrete values for ACASCREG, ADREG, etc., that will make our sketch’s

behavior equivalent to the input design’s behavior on all inputs? If the solver finds such values,

Lakeroad can use them to fill the holes in the sketch and produce a compiled design. However,

if Lakeroad tries to pass the preceding formula to an SMT solver, the solver will throw an error

since the query is not expressed at a level it understands, viz., as equalities between bitvector

5We formalize this synthesis query and explain it precisely in section 7.1.
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expressions, using simple Boolean or arithmetic operations. While it is conceivable that sub_mul

could be converted to a bitvector expression since its core computation is already expressed as

(c-a)*b, it is unclear how to express sketch as an expression over bitvectors. In particular,

Lakeroad must express bitvector-level semantics for Xilinx’s DSP48E2 primitive.

To generate bitvector-level semantics for complex FPGA primitives, Lakeroad introduces the

concept of semantics extraction. Rather than requiring manual effort to encode the semantics

of the underlying hardware, which is notoriously difficult even for experts [19], Lakeroad’s key

insight is that these challenges can be avoided altogether by extracting low-level semantics directly

from vendor-supplied simulation and verification models. Lakeroad builds on internal passes in

Yosys [197] to automatically extract solver-ready semantics from these vendor-provided HDL

models, which we detail in section 7.2.4. For the sub_mul example, the DSP48E2’s semantics have

already been imported into Lakeroad. Semantics need to be imported only when adding support

for a new architecture, i.e., about as infrequently as writing a new architecture description. In

most cases, Lakeroad users can rely on already-imported semantics.

With the sketch generated and the DSP48E2’s semantics imported, program synthesis can

begin. Lakeroad utilizes Rosette to drive program synthesis, as detailed in section 7.1. In our

example, Rosette returns a configuration for the DSP48E2. The last step, then, is to convert the

compiled design to Verilog.

Step 3: Compilation to Verilog. Compiling Lakeroad’s internal representation into Verilog

is a purely one-to-one syntactic mapping; no optimizations are done at this stage, reducing the

likelihood that bugs could be inserted. In our example, the final Verilog produced results in the

sub_mul_impl we saw at the start of section 6.1.2.

In summary. Lakeroad delivered an implementation of the designer’s sub_mul module, im-

proving upon both state-of-the-art compilers and manual approaches in multiple ways. Lakeroad’s

implementation is significantlymore resource-efficient than the state-of-the-art compiler’s. Lakeroad
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delivered its implementation in mere seconds, compared to the hours to days of work that manually

instantiating a DSP might take. Lastly, Lakeroad’s implementation is formally guaranteed to be

correct. Meanwhile, Lakeroad did all of this while requiring no input from the user other than the

Verilog to be compiled.

In the next chapter, we provide details on the concepts introduced in this overview. We

begin by formalizing Lakeroad’s compilation flow in section 7.1, covering sketches and program

synthesis in detail. Then, in section 7.2, we give implementation details for sketch templates,

primitive interfaces, semantics importing, and compilation to Verilog.
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Chapter 7

Lakeroad

Now that we have motivated the need for a tool like Lakeroad, and have shown how it can improve

a hardware designer’s life in a simple example, in this chapter we provide the detailed information

needed to reimplement Lakeroad. We begin by formalizing Lakeroad in section 7.1, providing a

rigorous mathematical description of the entire compilation flow. We then fill in implementation

details not covered by formalization in section 7.2.

7.1 Formalization

Prog F ⟨ Id, ⟨Id,Node⟩∗⟩
Node F BV 𝑏 | Var 𝑥

| OP 𝑜𝑝 Id*
| Reg Id (BV 𝑏)
| Prim binds Prog

| ■𝑥

Id 𝑖𝑑 ∈ N
Bitvectors 𝑏 ∈ BV
Variables 𝑥 ∈ LegalVarNames

Operators 𝑜𝑝 ∈ OP𝑏𝑣 ∪OP𝑤

binds 𝑏𝑠 ∈ (Variables ⇀ Id)

Wire op OP𝑤 = {concat,extract, . . .}
Non-wire op OP𝑏𝑣 = {+,−,×, . . .}

Figure 7.1: Syntax of Llr. ■𝑥 is a syntactic hole, labeled with variable 𝑥 . 𝐴 ⇀ 𝐵 denotes the set of

partial functions from 𝐴 to 𝐵.

103
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We claim that, through the use of program synthesis, we can improve the Correctness of FPGA

compilers. This section presents our core argument towards this point by formalizing Lakeroad’s

semantics and arguing for its correctness.

We now formalize Lakeroad with functions 𝑓lr and 𝑓 ∗lr, and use these models to argue for

the correctness and partial completeness of Lakeroad. We first define 𝑓lr (section 7.1.1) and then

motivate and define the language Llr, specify its syntax and semantics, and define behavioral

(Lbeh), structural (Lstruct), and sketch (Lsketch) sublanguages (section 7.1.2). We next explain

the underlying queries Lakeroad uses to synthesize hardware programs that meet the desired

specification (section 7.1.3). We demonstrate the correctness and partial completeness of 𝑓lr,

enumerate our Trusted Computing Base (section 7.1.4) and extend 𝑓lr to 𝑓 ∗lr, which ensures the

generated program’s semantics matches the design over multiple timesteps (section 7.1.5). Finally,

we highlight potential future applications that could be built on this section’s formalization

(section 7.1.6).

7.1.1 The Lakeroad Function 𝑓lr

We model the execution of Lakeroad with the partial function

𝑓lr : Sketch × Lbeh × Time ⇀ Lstruct,

where 𝑓lr(Ψ, 𝑑, 𝑡) invokes Rosette to synthesize a 𝑡-cycle implementation of behavioral design

𝑑 using sketch Ψ to guide the search, where a 𝑡-cycle implementation of 𝑑 is a program that

is equivalent to 𝑑 at clock cycle 𝑡 . By not requiring program equivalence before clock cycle 𝑡

we allow the synthesized program’s semantics to differ from the design during an initialization

period (e.g., as the pipeline is being filled). To get guarantees beyond a single point in time 𝑡 , we

generalize 𝑓lr to 𝑓 ∗lr, which synthesizes a program that is equivalent to the design from time 𝑡 to
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𝑡 +𝑛. We formalize a sketch Ψ ∈ Sketch as a tuple (𝜓,ℎ), where𝜓 is a program in Lsketch and ℎ is

a map from the holes in𝜓 to a finite set of valid hole-free nodes in Lstruct that can be used to fill

the mapped hole. This mapping ℎ is handled implicitly by Rosette’s choose and hole constructs

and need not be explicitly specified by the sketch writer. We write 𝑓lr(Ψ, 𝑑, 𝑡) = 𝑝 to indicate

that synthesis succeeded and produced Lakeroad program 𝑝 . However, it is possible that sketch

Ψ cannot implement 𝑑 , in which case the synthesis fails (i.e., returns UNSAT) and 𝑓lr does not

return anything. Design 𝑑 belongs to Llr’s behavioral fragment, Lbeh (see section 7.1.2). When

𝑡 = 0, 𝑓lr synthesizes a combinational design; when 𝑡 > 0, 𝑓lr synthesizes a sequential design over 𝑡

clock cycles. The rest of this section considers sequential design synthesis since its combinational

counterpart is a special case covered by our general approach.

7.1.2 Defining Llr

Lakeroad uses the Llr language to translate behavioral HDL programs to structural, hardware-

specific HDL programs. To facilitate this translation, we designed Llr to satisfy the following

properties:

P1. Easy translation to/from HDLs: we must be able to translate designs from a behavioral HDL

to Llr and translate synthesized implementations to a structural HDL.

P2. Support parallel stateful execution: FPGA designs consist of potentially stateful elements

executing in parallel. Llr must allow unambiguous parallel execution.

P3. Support graph-like program structures: An FPGA component’s outputs can be wired to

multiple other components, including back to itself. This means that FPGA programs can

form arbitrary graphs, and Llr must be able to express this.

P4. Support for sequential designs: Llr must handle designs that run over multiple clock cycles.
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P5. Support for different architectures: Llr must handle FPGA components from different archi-

tectures.

We describe how Llr satisfies P1-P5 when we define its syntax and semantics in the following

subsections.

Llr’s Syntax

Figure 7.1 shows the Llr syntax. An Llr program Prog consists of a root node ID and a graph of

nodes, each of which is referred to by its ID. A node can be a constant bitvector, input variable,

combinational (pure) operator, sequential (stateful) register, primitive, or hole. Given a program

𝑝 = (𝑟, ⟨𝑖𝑑1, 𝑛𝑜𝑑𝑒1⟩ . . . ⟨𝑖𝑑𝑛, 𝑛𝑜𝑑𝑒𝑛⟩), we use the notation 𝑝.𝑟𝑜𝑜𝑡 = 𝑟 , 𝑝.𝑖𝑑𝑠 = {𝑖𝑑1, . . . , 𝑖𝑑𝑛}, and

𝑝 [𝑖𝑑𝑖] = 𝑛𝑜𝑑𝑒𝑖 . We define the free variables of a program 𝑝.𝑓 𝑣 = {𝑥𝑖} as the set of variable names

occurring in 𝑝’s nodes of the form (Var 𝑥𝑖).1 Finally, we use the notation 𝑝.𝑎𝑙𝑙_𝑖𝑑𝑠 for 𝑝.𝑖𝑑𝑠 together

with 𝑝′.𝑎𝑙𝑙_𝑖𝑑𝑠 of any subprogram 𝑝′ of 𝑝 (𝑝′ is a subprogram of 𝑝 if ∃ 𝑗, 𝑛𝑜𝑑𝑒 𝑗 = Prim 𝑏𝑠 𝑝′).

Given a node 𝑛, we specify its inputs with the following function:

inputs(BV 𝑏) = {},

inputs(Var 𝑥) = {},

inputs(OP 𝑜𝑝 𝑖1 . . . 𝑖𝑛) = {𝑖1, . . . , 𝑖𝑛}

inputs(Reg 𝑖 𝑏𝑖𝑛𝑖𝑡 ) = {𝑖}

inputs(Prim 𝑏𝑠 𝑝′) = {𝑏𝑠 [𝑥] | 𝑥 ∈ domain(𝑏𝑠)}

Note that we use 𝐴 ⇀ 𝐵 to denote the set of partial functions from 𝐴 to 𝐵; given 𝑏𝑠 ∈ 𝐴 ⇀ 𝐵, we

write domain(𝑏𝑠) to denote the set of 𝑥 ∈ 𝐴 s.t. 𝑏𝑠 [𝑥] is defined.

A program 𝑝 is well-formed if and only if all the following conditions hold:
1Note that this does not include variables of sub-programs occurring recursively inside of Prim nodes.
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W1. 𝑝.𝑟𝑜𝑜𝑡 ∈ 𝑝.𝑖𝑑𝑠 ;

W2. All ids are unique and distinct. (i.e. for any sub-program 𝑝′, 𝑝.𝑖𝑑𝑠 and 𝑝′.𝑎𝑙𝑙_𝑖𝑑𝑠 are disjoint,

and for any two sub-programs 𝑝′ and 𝑝′′, 𝑝′.𝑎𝑙𝑙_𝑖𝑑𝑠 is disjoint from 𝑝′′.𝑎𝑙𝑙_𝑖𝑑𝑠 .)

W3. The inputs of all nodes in 𝑝 are ids of other nodes in 𝑝: ∀𝑖𝑑 ∈ 𝑝.𝑖𝑑𝑠 , inputs(𝑝 [𝑖𝑑]) ⊆ 𝑝.𝑖𝑑𝑠;

W4. All primitive nodes contain well-formed programs;

W5. All primitive nodes bind exactly their free variables; i.e., for Prim 𝑏𝑠 𝑝′, domain(𝑏𝑠) = 𝑝′.𝑓 𝑣 ;

and

W6. Program 𝑝 is free of combinational loops (formalized below in property 1).

Property 1 (Free of Combinational Loops) Formally, a program 𝑝 is free of combinational loops

if there exists a function 𝑤 : 𝑝.𝑎𝑙𝑙_𝑖𝑑𝑠 → N, that satisfies the following properties (collectively

“monotonicity”):

1. If 𝑝 [𝑖𝑑] = Reg _ _, then𝑤 (𝑖𝑑) = 0;

2. If 𝑝 [𝑖𝑑] = Prim 𝑏𝑠 𝑝′, then𝑤 (𝑖𝑑) > 𝑤 (𝑝′.𝑟𝑜𝑜𝑡);

3. if 𝑝 [𝑖𝑑] = Prim 𝑏𝑠 𝑝′ and 𝑝′[𝑖𝑑′] = 𝑉𝑎𝑟 𝑥 ,

then𝑤 (𝑖𝑑′) > 𝑤 (𝑏𝑠 [𝑥]); and

4. Otherwise (e.g., 𝑝 [𝑖𝑑] = OP 𝑜𝑝 𝑖𝑑𝑠∗),

if 𝑖𝑑′ ∈ inputs(𝑝 [𝑖𝑑]), then𝑤 (𝑖𝑑) > 𝑤 (𝑖𝑑′).

The function𝑤 acts as a witness to the absence of combinational loops because it is impossible

to define a strictly monotonic function without acyclicity. We consider only well-formed Llr

programs.
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BV, Var, and OP nodes encode bitvectors, variables, and operators.

Reg 𝑖𝑑𝑎𝑡𝑎 𝑏𝑖𝑛𝑖𝑡 nodes let Llr implement sequential designs (P4). 𝑖𝑑𝑎𝑡𝑎 is the register’s data input,

which updates the stored value at the positive edge of each clock cycle, and 𝑏𝑖𝑛𝑖𝑡 is the register’s

initialization value.

Prim 𝑏𝑠 𝑝 nodes let Llr programs use hardware-specific components from different architec-

tures (P5). The 𝑏𝑠 component is a variable map, mapping Vars to input Ids. The 𝑝 component is

an Llr program that defines the semantics of the hardware primitive. A Prim node also carries

some metadata used during compilation to a structural HDL, which we omit for clarity.

Lbeh is the concrete behavioral fragment of Llr used for writing specifications; it is formed by

excluding Prim nodes and holes from Llr.

Lstruct is the concrete structural fragment of Llr used for lowering Llr to structural HDLs; it

is formed by excluding Reg nodes, OP nodes, and holes from Llr, with the following exception:

the 𝑝 term in Prim 𝑏𝑠 𝑝 must always be from the Lbeh since it is used to specify the semantics of

the Prim node to the synthesis engine. The behavioral node 𝑝 is not used during compilation to

HDL, and this behavioral expression does not propagate to the structural HDL output.

Lsketch is another sublanguage of Llr that is Lstruct but also including holes. Let 𝑠 be a

program in Lsketch with holes ■𝑥1, . . . ,■𝑥𝑘 . These holes can be filled with nodes 𝑛1, . . . , 𝑛𝑘 in

Lstruct by replacing each hole ■𝑥𝑖 with its corresponding node 𝑛𝑖 to obtain a complete Lstruct

program, denoted by 𝑠 [■𝑥1 ↦→ 𝑛1, . . .].

The simplicity of this syntax makes translating to and from HDLs straightforward (P1). sec-

tion 7.2 describes how Lakeroad implements the translations to and from HDLs.

Llr’s Semantics

Before discussing the formal semantics of Llr, we present key definitions. We assume a bitvector

type and, for simplicity, we elide bitvector widths. We represent time as a natural number. A
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Time 𝑡 ∈ N Env 𝑒 ∈ (Var ⇀ Time → BV)

Interp : Prog → Env → Time → Node → BV

Interp 𝑝 𝑒 𝑡 (BV 𝑏) = 𝑏

Interp 𝑝 𝑒 𝑡 (Var 𝑥) = 𝑒 𝑥 𝑡

Interp 𝑝 𝑒 0 (Reg _ 𝑖𝑛𝑖𝑡) = 𝑖𝑛𝑖𝑡

Interp 𝑝 𝑒 (𝑡 + 1) (Reg 𝑖𝑑 _) = Interp 𝑝 𝑒 𝑡 𝑝 [𝑖𝑑]
Interp 𝑝 𝑒 𝑡 (OP op 𝑖𝑑𝑠) = J𝑜𝑝K (map (𝜆𝑖𝑑 . Interp 𝑝 𝑒 𝑡 𝑝 [𝑖𝑑]) 𝑖𝑑𝑠)
Interp 𝑝 𝑒 𝑡 (Prim 𝑏𝑠 𝑝′) =

let 𝑒′ = 𝜆𝑥, 𝑡 ′ . Interp 𝑝 𝑒 𝑡 ′ (𝑝 [𝑏𝑠 𝑥]) in
Interp 𝑝′ 𝑒′ 𝑡 𝑝′ [𝑝′.𝑟𝑜𝑜𝑡]

Figure 7.2: Lakeroad’s semantics as pseudocode.

stream is a function from Time to bitvectors. An environment is a map from variable names to

streams.

We give the semantics for Llr as an interpreter in fig. 7.2. We define the function Interp to

interpret a program 𝑝 in environment 𝑒 at time 𝑡 and node 𝑛. We do not define semantics for holes,

as they are intended to be replaced by other constructs with well-defined semantics.

Most of the rules are straightforward. A bitvector BV 𝑏 evaluates to its backing bitvector value

𝑏. A variable node Var 𝑥 in an environment 𝑒 at time 𝑡 evaluates to the value returned by the

stream associated with 𝑥 in 𝑒 at time 𝑡 ; using function notation, this is denoted by 𝑒 𝑥 𝑡 . A 𝑘-ary

operator node OP 𝑜𝑝 𝑖1 . . . 𝑖𝑘 recursively interprets each operand in the current environment at

the current time and then applies 𝑜𝑝’s semantics, denoted J𝑜𝑝K, to the resulting values. A register

Reg 𝑖𝑑 𝑏𝑖𝑛𝑖𝑡 has two cases depending on the current time: at time 𝑡 = 0, a register evaluates to its

initial bitvector value 𝑏𝑖𝑛𝑖𝑡 ; at nonzero times 𝑡 + 1, a register evaluates to the value produced by the

input 𝑖 at the previous timestep 𝑡 . A primitive Prim 𝑏𝑠 𝑝′ in environment 𝑒 at time 𝑡 is evaluated

by interpreting the program 𝑝′ under the fresh environment 𝑒′ formed by the binding map 𝑏𝑠 .
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7.1.3 Program Synthesis

𝑓lr performs sketch-based program synthesis [166]. Operationally, we implement the Interp

function from Figure 7.2 in Rosette, a solver-aided host language [179]. Let sketch Ψ = (𝜓,ℎ) ∈

Sketch, where𝜓 ∈ Lsketch has holes ■𝑥𝑖 and ℎ maps𝜓 ’s holes to the set of structural nodes that

can legally fill the mapped hole. Given a design 𝑑 , we query Rosette if there are nodes 𝑛1, 𝑛2, . . . 𝑛𝑘

such that 𝑛𝑖 ∈ ℎ[■𝑥𝑖 ] and 𝑝 = Ψ[■𝑥1 ↦→ 𝑛1, . . .] is well-formed and equivalent to 𝑑 (i.e., we ask

Rosette to fill each hole with a node associated with the node in ℎ). Program equivalence between

well-formed programs 𝑝 and 𝑑 at time 𝑡 , written 𝑝 �𝑡 𝑑 , is defined as

𝑝.𝑓 𝑣 = 𝑑.𝑓 𝑣 ∧

∀𝑒 𝑠.𝑡 . domain(𝑒) = 𝑝.𝑓 𝑣,

Interp 𝑝 𝑒 𝑡 𝑝.𝑟𝑜𝑜𝑡 = Interp 𝑑 𝑒 𝑡 𝑑.𝑟𝑜𝑜𝑡 .

In section 7.1.5, we use bounded model checking to extend 𝑓lr’s guarantees beyond the single

timestep at clock cycle 𝑡 .

7.1.4 Correctness and Completeness of 𝑓lr

Recall that the synthesis function 𝑓lr is partial. We say that 𝑓lr is correct if it returns a program

𝑓lr(Ψ, 𝑑, 𝑡) = 𝑝 where 𝑝 is a well-formed completion of Ψ = (𝜓,ℎ), meaning 𝑝 = Ψ[■𝑥1 ↦→ 𝑛1, . . .]

such that 𝑛𝑖 ∈ ℎ[■𝑖] for all 𝑖 and 𝑝 �𝑡 𝑑 .

Furthermore, we say that 𝑓lr is sketch-complete if 𝑓lr(Ψ, 𝑑, 𝑡) is defined whenever there exists

a well-formed completion 𝑝 of Ψ such that 𝑝 �𝑡 𝑑 . That is, synthesis is correct if it never returns

an erroneous result and sketch-complete if it returns a correct result whenever one exists.

We have implemented 𝑓lr with Rosette (see section 7.1.3), which guarantees our system is
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correct and complete under the following assumptions:

1. Correctness of Rosette and underlying SMT solvers;

2. That our encoding of Lakeroad is bug-free;

3. That the lowering of Interp to SMT formulas by Rosette always terminates. This is possible

when partial evaluation of Interp on arguments 𝑝 , 𝑡 and 𝑛 terminates (independently of

the value of 𝑒).

Lemma 7.1 Let 𝑝 be a well-formed program, 𝑒 an environment, 𝑡 a Time, and 𝑛 be a node belonging

to 𝑝 . Then Interp is primitive recursive (i.e. terminates) in the arguments 𝑝 , 𝑡 , and 𝑛.

Proof 7.1 (Proof of Lemma 7.1) Recall that a function 𝑓 (𝑥,𝑦, 𝑧) is primitive recursive in argu-

ments 𝑥 and 𝑦 (under a lexicographic ordering) if in the definition of 𝑓 every recursive call 𝑓 (𝑥′, 𝑦′, 𝑧′)

is made with values (𝑥′, 𝑦′) such that 𝑥′ < 𝑥 or 𝑥′ = 𝑥 ∧ 𝑦′ < 𝑦. If 𝑥 and 𝑦 are drawn from the

natural numbers (or another well-ordered set), then the recursion is guaranteed to terminate.

Under what order is Interp primitive recursive? Because our program is well-formed, it must

be free of combinational loops (see property 1). Formally, this means we have an acyclicity witness

function𝑤 : 𝑝.𝑎𝑙𝑙_𝑖𝑑𝑠 → N that monotonically increases in the direction of dataflow in our circuit.

Each node 𝑛 argument passed to Interp has an Id that is unique and distinct from the Ids used in 𝑝

or any of 𝑝’s subprograms (W2); we denote this Id as 𝑖𝑑𝑛 . We can associate each 𝑛 argument to a

recursive call of Interp with a number𝑤 (𝑖𝑑𝑛). We claim that Interp is primitive recursive under the

lexicographic ordering on (𝑡,𝑤 (𝑖𝑑𝑛)).

To prove this claim we need to demonstrate that if Interp with time and node arguments 𝑡 ′ and

𝑛′ makes a recursive call to Interp with time and node arguments 𝑡 ′′ and 𝑛′′, then the following

condition holds:

𝑡 ′′ < 𝑡 ′ ∨ (𝑡 ′′ = 𝑡 ′ ∧𝑤 (𝑖𝑑𝑛′′) < 𝑤 (𝑖𝑑𝑛′)) . (7.1)
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To do this it suffices to examine each case of Interp’s definition.

When 𝑛′ is a BV constant, Interp makes no recursive calls, and the condition in eq. (7.1) holds

vacuously.

When 𝑛′ is a Reg node Interp either terminates (when 𝑡 ′ = 0) or makes a recursive call with time

value 𝑡 ′′ = 𝑡 ′ − 1, maintaining the condition in eq. (7.1).

When 𝑛′ is an operator node, Interp recursively interprets the operands with time arguments

𝑡 ′′ = 𝑡 ′. However, each operand’s id 𝑖𝑑′′ belongs to inputs(𝑛′), and, by property 1,𝑤 (𝑖𝑑𝑛′) > 𝑤 (𝑖𝑑′′),

so our condition holds.

This leaves us with the less obvious cases in which 𝑛′ is either a Prim or Var, which work together

in tandem. When 𝑛′ = Prim 𝑏𝑠 𝑝′, Interp makes a recursive call with node argument 𝑝′.𝑟𝑜𝑜𝑡 and

time argument 𝑡 . By property 1,𝑤 (𝑝′.𝑟𝑜𝑜𝑡) < 𝑤 (𝑖𝑑𝑛′), and the condition in eq. (7.1) holds. Interp

also defines a new environment for execution of 𝑝′ via 𝜆-abstraction, and this in turn will recursively

invoke Interp. These environments are only invoked by the rule for variables, which we handle

presently.

When 𝑛′ = Var 𝑥 , the environment is invoked on variable 𝑥 . Here, there are two possible cases.

First, we are interpreting the top-level program 𝑝 . As this is the initial, top-level environment, there is

no further recursion. Second, we are interpreting a sub-program 𝑝′ and 𝑒′ 𝑥 𝑡 = Interp 𝑝 𝑒 𝑡 (𝑝 [𝑏𝑠 𝑥])

is actually a recursive call into the program 𝑝 one level up, with its environment 𝑒 . In this latter case,

note that𝑤 is defined such that𝑤 (𝑖𝑑𝑝 [𝑏𝑠 𝑥]) = 𝑤 (𝑏𝑠 𝑥) < 𝑤 (𝑖𝑑Var 𝑥 ) (item 3 of property 1), satisfying

our property. All cases are complete.

From this, we conclude that all possible substitutions for Ψ are attempted, and 𝑓lr is sketch-

complete.

Trusted Computing Base. The trusted computing base (TCB) of a system is the set of compo-

nents it assumes to be correct [114]. A bug anywhere in the TCB could cause the guarantees made
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by that system to be violated. Lakeroad’s TCB includes: Rosette and the underlying SAT/SMT

solvers that Rosette queries (Bitwuzla, cvc5, Yices2, and STP); the internal Yosys passes Lakeroad

uses to extract primitive semantics and translate design specifications from behavioral Verilog into

Lbeh; the semantics for Llr, which we assume conservatively models non-cyclic (DAG) designs;

our code to translate from the Lstruct to structural Verilog; and the vendor-provided Verilog

simulation models for FPGA primitives. Each TCB component has also been thoroughly tested, as

described in chapter 8. Importantly, sketches and sketch generation are not in Lakeroad’s TCB:

even if there were a bug in Lakeroad’s sketch-related components, it would not violate Lakeroad’s

correctness guarantees.

7.1.5 Multiple Clock Cycle Guarantees with 𝑓 ∗
lr

The preceding completeness and correctness properties for 𝑓lr guarantee that running the syn-

thesized program 𝑝 and the design 𝑑 for 𝑡 clock cycles produces the same output. To extend this

guarantee, Lakeroad supports a form of bounded model checking, where synthesis ensures that 𝑝

is semantically equivalent to 𝑑 for 𝑐 additional clock cycles starting at time 𝑡 . We formalize this

with the function 𝑓 ∗lr, which takes a sketch Ψ, a behavioral design 𝑑 , a number of clock cycles

𝑡 , and a model checking time bound 𝑐 ≥ 0 and returns an implementation 𝑝 ∈ Lstruct that is

equivalent to 𝑑 at time steps 𝑡, 𝑡 + 1, . . . , 𝑡 + 𝑐 .

Our correctness and completeness guarantees are similar to those for 𝑓lr:

𝑝.𝑓 𝑣 = 𝑑.𝑓 𝑣 ∧

∀𝑒 𝑠.𝑡 . domain(𝑒) = 𝑝.𝑓 𝑣,
𝑖=𝑡+𝑐∧
𝑖=𝑡

Interp 𝑝 𝑒 𝑖 𝑝.𝑟𝑜𝑜𝑡 = Interp 𝑑 𝑒 𝑖 𝑑.𝑟𝑜𝑜𝑡 .
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7.1.6 Beyond Lakeroad

Llr, its semantics, and the synthesis approach we describe here are useful for applying program

synthesis to other hardware design problems. For example, the synthesis problem detailed above

could be “flipped” to decompile structural designs back to higher-level behavorial designs, i.e.,

synthesizing from Lstruct to an expression in Lbeh. Such decompilation has seen recent interest

for recovering equivalent but faster-to-simulate models and for porting models across different

architectures [160]. As another example, the synthesis approach could be adapted to help port

designs by synthesizing expressions in Lstruct that use one set of primitives on one architecture

from other designs in Lstruct that use a different set of primitives from a different architecture.

Thus, the formalization in this section transcends the particular challenges of FPGA technology

and provides a reusable foundation for exploring a much broader range of hardware design

challenges from a program synthesis perspective.

7.2 Implementation

Lakeroad is composed of approximately 13K lines of Racket plus approximately 58K lines of Racket

automatically generated from vendor-supplied Verilog. Vendor-supplied Verilog was obtained

from Lattice Diamond, Intel Quartus, and Xilinx Vivado sources. We used Vivado version v2023.1,

Quartus 22.1std.1 Build 917 02/14/2023 SC Lite Edition, Diamond version 3.12, Yosys version

0.36+42 (commit 70d3531), the cvc5 [17] and Yices2 [55, 54] solvers included in the 2023-08-06

release of oss-cad-suite from YosysHQ, the Bitwuzla solver at commit b655bc0 [129], the STP

solver at commit 0510509a, Racket version 8.9 [62, 63], and Rosette version 4.1 [140].
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implementations:
- interface: { name: LUT, num_inputs: 4 }

internal_data: { sram: 16 }
modules:

- module_name: frac_lut4
filepath: SOFA/frac_lut4.v
ports:

- { name: in, direction: in, width: 4,
value: (concat I3 I2 I1 I0) }

- { name: mode, direction: in,
width: 1, value: (bv 0 1) }

- { name: lut4_out, direction: out,
width: 1 }

parameters: [{ name: sram, value: sram }]
outputs: { O: lut4_out }

Figure 7.3: SOFA architecture description.

7.2.1 Primitive Interfaces

As described in section 6.1, primitive interfaces describe abstract versions of common FPGA prim-

itives, which allow sketch templates to be architecture-independent. To date, Lakeroad declares

primitive interfaces for 𝑛-input LUTs,𝑤-width carry chains, 𝑛-input muxes, and DSPs with up to

four data inputs and one clock input. The next section includes a concrete example of Lakeroad’s

LUT4 primitive interface.

7.2.2 Architecture Descriptions

As described in section 6.1, architecture descriptions convey the information required to convert

each instance of a primitive interface into the corresponding architecture-specific module, which

occurs while converting sketch templates into sketches. The architecture description is the only

additional input that may be required from a user to support a new architecture; it is a one-time

effort that is reusable for any designs in an architecture. Architecture descriptions are simply lists

(provided as YAML files) of the primitive interfaces that an architecture implements, but, crucially,
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also include architecture-specific port and parameter values in a map called internal_data.

Values in this map become symbolic values solvable by the SMT solver. Additional constraints can

also be specified in the architecture description to rule out invalid configurations and minimize

the solver’s search space.

As an example, fig. 7.3 shows the architecture description for the SOFA [173] FPGA architecture.

The description contains a single primitive interface implementation, i.e., LUT4. Lakeroad’s LUT4

primitive interface standardizes the names of a LUT4’s inputs and outputs, naming the inputs

I0 through I3 and the output O. The SOFA implementation of the LUT4 primitive interface uses

the SOFA-specific frac_lut4 primitive. Primitive interface inputs I0 through I3 are mapped to

the actual input port of the frac_lut4, named in. Likewise, the frac_lut4 output lut4_out is

mapped to the primitive interface output O. The internal_data field declares sram, the LUT’s

16-bit internal memory, as an architecture-specific detail to be solved during synthesis.

If a sketch template uses a primitive interface not included in the architecture description

(e.g., SOFA does not implement carries), Lakeroad may still be able to implement the primitive

interface based on primitive interfaces the architecture does implement. To date, Lakeroad can

implement any mux with LUTs, a larger LUT from smaller LUTs, a smaller LUT from a larger

LUT, a carry from LUTs, and a smaller DSP from a larger DSP; it handles these conversions during

sketch generation.

7.2.3 Sketch Templates, Sketches, and Sketch Generation

As described in section 6.1, Lakeroad captures common FPGA implementation patterns in reusable,

architecture-independent sketch templates. Thus far, we have described only the relatively simple

dsp sketch template, which instantiates a DSP. As a more complex example of capturing common

FPGA implementation patterns, consider the bitwise-with-carry sketch template, which uses
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𝑛 LUTs and a carry chain to implement designs such as addition or subtraction. Lakeroad currently

provides 5 sketch templates: dsp, bitwise, bitwise-with-carry, comparison (LUT- and carry-

based arithmetic comparison), and multiplication (LUT-based multiplication).

The process of converting sketch templates to sketches is implemented as described in sec-

tion 6.1 and section 7.2.2. Lakeroad iterates over every primitive interface instance in the sketch

and replaces it with the concrete primitive in accordance with the architecture’s architecture

description. If the architecture description does not implement the requested primitive inter-

face, Lakeroad checks whether it can implement the primitive interface with other implemented

interfaces (e.g., implementing a smaller LUT with a larger LUT) and raises an error otherwise.

Sketch templates and sketches alike are written in a domain-specific language (DSL) embedded

into Rosette, whose implementation closely mirrors the syntax and semantics of Llr. The only

significant difference is that the interpreter implementation does not use bitvector streams natively.

Instead, each invocation of the interpreter represents a single timestep, and all intermediate values

from the previous timestep are taken as input. Streams are then built up using multiple invocations

of the interpreter.

7.2.4 Importing Semantics from Verilog Modules

Lakeroad uses Yosys [197] to convert Verilog modules into the btor2 format [130] and then

converts the resulting btor2 to Rosette/Racket code.

Due to the semantics of the Verilog language and the internal implementation of Yosys,

extracting semantics from Verilog modules may require the following manual modifications to

accommodate semantics extraction and synthesis:

• As Yosys converts parameters from variables to constant values immediately upon module

import, module parameters should be converted to ports to ensure they remain variables (and
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thus solvable by the SMT solver). Note that not all parameters can always be converted to ports,

meaning some parameters cannot be solved for.

• Strings should be converted to bitvectors.

• All registers should be initialized.

• All instances of x and z values should be converted to 2-state logic (0 or 1).

Note that these caveats apply only to our prototype implementation, not the general technique

of semantics extraction from HDL. Once these manual modifications are made, the following

series of Yosys passes can be used to convert the Verilog into suitable btor2: prep; flatten;

pmuxtree; opt_muxtree; clk2fflogic; prep; write_btor.

We implement the translation from btor2 to Rosette bitvector expressions as a 1:1 translation

since both languages are simply operations over bitvectors.

7.2.5 Program Synthesis and Compilation to Verilog

We implement the synthesis procedure defined in section 7.1.4 with Rosette. Multiple clock

cycle guarantees, as described in section 7.1.5, are implemented simply by making 𝑐 + 1 total

assertions, asserting the output of the input design and the sketch are equal after each of the 𝑐 + 1

timesteps. We use a portfolio solving method, running Bitwuzla [128], cvc5 [17], Yices2 [55, 54],

and STP [168] in parallel and using results from the first solver to terminate. To produce Verilog,

Lakeroad compiles the program from its internal DSL to the JSON format defined by Yosys using

a straightforward translation and then uses Yosys to output Verilog.
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Evaluation

We now evaluate Lakeroad in terms of completeness (related to Optimizations) and extensibility

(related to Devtime). Note that we consider our formalization in section 7.1 as evidence for our

Correctness claim, and thus we don’t include an evaluation of correctness in this chapter. In the

following experiments, we target four FPGA architectures: Xilinx UltraScale+, commonly used

for large, high-performance workloads; Lattice ECP5, commonly used in low-power, low-cost

scenarios; Intel Cyclone 10 LP, an FPGA designed for low-cost, high-volume use cases, and

SOFA [173], a recent, open-source FPGA developed by the research community. We compare

Lakeroad to existing technology mappers. For Xilinx Ultrascale+, Lattice ECP5, and Intel Cy-

clone 10 LP, we compare Lakeroad against both the open source toolchain Yosys [197] and the

state-of-the-art, proprietary, closed source toolchains for each architecture.1The experiments were

conducted on a system running Ubuntu 20.04.3 with an AMD EPYC 7702P 64-Core CPU. The

resident set size of a single Lakeroad process did not exceed 300MB while running our evaluation.

We use the software versions listed in section 7.2.

1Again, licensing restrictions prevent our naming the specific proprietary tools, but they are familiar, standard
packages used by many hardware designers.
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8.1 Lakeroad Completeness

The reliance of many technology mappers, including state-of-the-art tools, on hand-written pat-

terns leads them to fail when attempting to map many workloads that should be mapped to a

single DSP. In particular, the process of partial design mapping (illustrated in section 6.1) becomes

a laborious endeavor because of this incompleteness: hardware designers hand-instantiate DSPs

rather than rely on substandard automated tooling, repeating the work each time they identify

a potential opportunity to use a DSP. Lakeroad’s greater mapping completeness significantly

reduces the burden on hardware designers during partial design mapping and marks the first

step in automated mapping for full designs. We next evaluate how Lakeroad’s program synthesis

approach enables it to achieve greater completeness for these program fragments. In the con-

text of this dissertation, this corresponds to providing evidence for our Optimizations claim:

namely, through the use of more adaptable Algorithms (program synthesis) and more explicit

Models (vendor-supplied simulation models), we can build a compiler, Lakeroad, which finds

more Optimizations in the form of mappings to specialized primitives.

Evaluation Setup. We highlight four particularly complex DSPs for the Xilinx Ultrascale+,

Xilinx 7-series, Lattice ECP5, and Intel Cyclone 10 LP architectures: the Xilinx DSP48E2, Xilinx

DSP48E1, Lattice ALU54A–MULT18X18C (a single DSP composed of two primitives), and Intel

cyclone10lp_mac_mult. SOFA provides no DSP, and is not included in this part of the evaluation.

For each architecture’s DSP, we enumerate a large subset of the designs theoretically mappable to

a single DSP according to its configuration manual. This microbenchmark set aims to capture the

real-world designs which hardware designers would attempt to map to a platform’s DSP. For each

architecture, we compare Lakeroad to both the corresponding state-of-the-art toolchain for the

architecture as well as to Yosys. For Xilinx Ultrascale+ and 7-series, the DSP48E2 (resp. DSP48E1)
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configuration manual details the structure of designs mappable to the primitive. Our designs for

Xilinx include all permutations of the design form ((𝑎 ±𝑏) ∗ 𝑐) ±𝑑 , as well as designs of the forms

(𝑎 ∗𝑏), (𝑎 ±𝑏) ∗ 𝑐 and ((𝑎 ∗𝑏) ± 𝑐). We pipeline each of these workloads from zero to three stages

and use bitwidths from 8 to 18 bits. For the DSP on Lattice, we similarly enumerate all designs of

the form (𝑎 ∗ 𝑏) ⊙ 𝑐 , where ⊙ ∈ {&, |, ⊕,±}, and of the form (𝑎 ∗ 𝑏). For each of these designs, we

use zero to two stages and bitwidths from 8 to 18 bits. This results in 792 microbenchmarks for

Xilinx UltraScale+, 396 for Lattice ECP5, and 66 for Intel Cyclone 10 LP. Though Lakeroad’s output

is correct by construction, we further validate its output by simulating each Lakeroad-compiled

design over thousands of consecutive cycles using Verilator.

Comparison to Existing Toolchains. As demonstrated in Figure 8.1 (top), Lakeroad maps 29×

more designs than Yosys and 1.4× more designs than the proprietary, state-of-the-art toolchain

on Xilinx Ultrascale+. On Lattice ECP5, Lakeroad maps 6.0× more designs than Yosys and 3.6×

more designs than the proprietary, state-of-the-art toolchain. On Intel Cyclone 10 LP, Lakeroad

successfully maps all designs: 3× more designs than the proprietary, state-of-the-art toolchain for

Intel. Yosys fails to map a single design on Intel. State-of-the-art toolchains for all architectures

fail to map more than half of the queried designs. Lakeroad times out on less than 20% of designs.2

Note that Lakeroad returns “UNSAT” on a number of designs on Xilinx UltraScale+ and 7-series, i.e.,

Lakeroad claims there is no possible mapping to a DSP48E2/DSP48E1 for the requested workload.

In all of these cases, both Xilinx SOTA and Yosys agree with Lakeroad and do not map the designs

to a single DSP. We conclude that the set of designs we presented in Evaluation Setup must be

overly broad; though the documentation implies that all of these designs are mappable to a single

DSP, all three Xilinx synthesis tools surveyed indicate that they are indeed not mappable.

For timing, we compared the mapping time for each of the tools and report the results in
2We restricted Rosette synthesis time to 120 seconds, 40 seconds, and 20 seconds for Xilinx, Lattice, and Intel

respectively, and marked failure past that (though bitvector synthesis problems are decidable).
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Tool Median Time (s) Min / Max Time (s)
Xilinx UltraScale+

Lakeroad 14.99 2.99 127.70
SOTA Xilinx 261.61 227.82 598.67
Yosys 14.97 6.66 21.10

Xilinx 7-series

Lakeroad 5.63 3.13 62.68
SOTA Xilinx 94.50 89.32 111.61
Yosys 6.99 5.64 9.39

Lattice ECP5

Lakeroad 9.49 6.70 55.23
SOTA Lattice 2.32 0.95 4.52
Yosys 2.31 0.90 4.01

Intel Cyclone 10 LP

Lakeroad 2.92 2.12 4.13
SOTA Intel 38.73 19.11 43.49
Yosys 0.96 0.48 1.88

Figure 8.1: Results of the completeness experiments described in section 8.1, measuring the

completeness of technology mapping tools for DSPs on Xilinx UltraScale+, Xilinx 7-series, Lattice

ECP5, and Intel Cyclone 10 LP, plus timing information. A single bar in the bar chart communicates,

for a given FPGA architecture and technology mapper, the proportion of the microbenchmarks

that the given technology mapper could map to a single DSP. In Lakeroad’s case, experiments can

either succeed (Lakeroad maps the microbenchmark to a single DSP), timeout, or return UNSAT.

For the other tools, experiments can either succeed or fail (i.e., the tool returns a mapping, but the

mapping uses more than a single DSP). There are a total of 792 experiments/microbenchmarks

for Xilinx, 396 for Lattice, and 66 for Intel.
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Figure 8.1 (bottom). The wide ranges for Lakeroad show that solver time for different program

synthesis queries is highly variable. This is explored more deeply in fig. 8.2, which shows that most

synthesis queries terminate quickly, with a long tail of slower queries. Note that the state-of-the-art

technology mapper for Ultrascale+/7-series has a slow running time due to its long start-up process.

Regarding which solvers in the portfolio were most useful, of all terminating (success or

UNSAT) Lakeroad experiments, Bitwuzla was the first to complete for 806 of them, STP for 595,

Yices2 for 538, and cvc5 for 54.

Discussion. Compared to Yosys, it is clear that Lakeroad provides more complete support

for programmable DSPs. However, Lakeroad’s greater completeness over Yosys is perhaps not

surprising since Yosys is an open-source tool still under active development. Part of the appeal of

the Yosys toolchain is the diversity of backends it can target; these results show that, if incorporated

into Yosys, Lakeroad would further increase Yosys’s flexibility and generality. Perhaps most

surprising is that Lakeroad is more complete than specialized proprietary toolchains. Even the

UNSAT results Lakeroad produces can be useful to designers since they indicate potential flaws

in the documentation or vendor-provided semantics. In the context of a larger synthesis tool,

Lakeroad would provide stronger guarantees for mapping modules of larger designs.

8.2 Lakeroad Extensibility and Expressiveness

In addition to being correct by construction (section 7.1) and more complete than existing FPGA

technology mappers (section 8.1), Lakeroad can also easily extend to new FPGA architectures.

Furthermore, automatic primitive semantics extraction from vendor-provided HDL simulation

models enables Lakeroad to support diverse, highly configurable FPGA primitives. In the context

of this dissertation, this corresponds to providing evidence for our Devtime claim: namely,
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Figure 8.2: Histograms of Lakeroad program synthesis runtime for all terminating (success or

UNSAT) Lakeroad experiments described in section 8.1, with timeout thresholds indicated with a

vertical dotted red line.



8.2. Lakeroad Extensibility and Expressiveness 125

through the use of more adaptable Algorithms (program synthesis) and more explicit Models

(vendor-supplied simulation models), supporting new FPGA architectures in Lakeroad requires

less Devtime compared to other tools.

The architecture descriptions vary in length from 20 to 240 source lines of code (SLoC). SOFA

(20 SLoC) is the simplest, shown in full in fig. 7.3. The descriptions for Xilinx UltraScale+ (185

SLoC), Xilinx 7-series (174), Lattice (240 SLoC), and Intel (178 SLoC) are longer since those FPGA

architectures provide a wider range of configurable primitives.

As a point of comparison, the open-source Yosys toolchain, which has roughly 200 contributors

on GitHub, provides technology mapping for Xilinx UltraScale+ across over a dozen complex

Verilog, C++, and Python files (about 1300 lines of code). We cannot provide similar numbers for

state-of-the-art proprietary tools, but a developer of one such technology mapper shared that

extending their tool to support new FPGA architectures was extremely difficult since it “spans

millions of lines of low-level C.” This is not surprising; Yosys aims to target a variety of vendor

architectures, while proprietary tools have teams of engineers to extract better mapping (evident

by Yosys’ limitations in section 8.1). By contrast, Lakeroad supports diverse architectures and is

easy to extend. Even if a user wants to target a completely new architecture that Lakeroad does

not support, architecture-independent sketch templates allow reuse of previously implemented

mapping strategies, and the user is only required to provide a few lines of high-level configuration

for each primitive in the architecture description.

Table 8.1 further highlights Lakeroad’s expressiveness, i.e., its ability to support a diverse

range of configurable primitives by automatically extracting semantics from vendor-provided

HDL simulation models. Lakeroad can import the semantics of large configurable primitives, such

as the UltraScale+ DSP (896 lines of Verilog) or Lattice ECP5’s ALU and multiplier units (1642 and

795 lines of Verilog, respectively). It is difficult and error-prone to manually formalize the full

semantics for these primitives; partial support by ad hoc search procedures that rely on syntactic
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Table 8.1: FPGA primitives imported automatically by Lakeroad from vendor-provided Verilog

models, with number of source lines of code (excluding comments and empty lines) of the original

Verilog models.

FPGA Primitive Verilog SLoC

Xilinx Ultrascale+ LUT6 88
CARRY8 23
DSP48E2 896

Xilinx 7-series DSP48E1 1129
Lattice ECP5 LUT2 5

LUT4 7
CCU2C 60
ALU54A 1642

MULT18X18C 795
Intel Cyclone 10 LP cyclone10lp_mac_mult 319
SOFA frac_lut4 69

pattern matching leads to missing many mapping opportunities, as shown in section 8.1.



Chapter 9

Future Work: Churchroad

I wanted to briefly mention an ongoing extension to Lakeroad. A fundamental limitation of solver-

aided approaches like Lakeroad is problem size: the larger a constraint problem, the more likely

solvers are to time out while trying to find a solution. In Lakeroad, this means that compiling larger

hardware designs will present issues; we already saw in chapter 8 that Lakeroad’s underlying

solvers time out on some benchmarks. Furthermore, even some small tasks are notably difficult for

solvers—namely, reasoning about multiplication [145, 23]. Scaling to large designs and compiling

multipliers are core requirements for a hardware compiler, however. So how do we ensure that

we can use Lakeroad on large designs?

In response, we have been developing Churchroad [163, section 4], which combines many of

the techniques from this dissertation. Namely, we employ . . . . . . . . . . . . . . . . . . . . . . . .equality saturation—our algorithm of

choice in part I. Using equality saturation, we can capture an entire design in an egraph. Once we

have captured a full design, we can use equational reasoning via rewrites to achieve tasks that

would otherwise be challenging for SMT solvers—for example, splitting a wide multiplier into

multiple multipliers and adders. Similarly, we can use rewrites to discover places in the design

where we might want to invoke Lakeroad. Consider the benchmarks we generated to evaluate
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DSP mapping in in chapter 8—we could similarly generate patterns to identify potential places

where DSPs could be used in larger designs. Once these locations are identified within the design,

we can call Lakeroad as a subroutine, and if Lakeroad finds a mapping, we can then import it back

into the egraph.

Churchroad has already shown promise as a method of scaling solver-aided hardware compila-

tion. Beyond that, however, Churchroad also presents new strategies for leveraging the strengths

of of SMT solvers and equality saturation.



Chapter 10

Background and Related Work

To the best of our knowledge, Lakeroad is the first work to apply the technique of program synthesis

to FPGA technology mapping. Indeed, as noted by Sisco et al. [159], program synthesis has seldom

been applied in the domain of hardware design although its underlying formal methods techniques

are frequently used for the formal verification of hardware designs rather than compilation, as

in Bluespec SystemVerilog [132], Kôika [22], and Kami [40]. Sisco et al. cite two examples of

works that use program synthesis for hardware design, Verisketch [8] and Sketchilog [18], both

of which apply program synthesis to produce HDL implementations from high-level designs.

Other works use program synthesis to generate software that runs on low-powered hardware,

like Chlorophyll [138], which targets extremely memory-constrained power-efficient processors,

Chipmunk [67], which targets programmable network switches, and Diospyros [184],1 which

generates vectorized programs for standalone digital signal processors (more powerful and general-

purpose devices than the DSP units in FPGAs). These works demonstrate the utility of program

1Diospyros uses symbolic evaluation, which is related to program synthesis, to lift imperative programs for digital
signal processors into a high-level mathematical representation that can then be used with the technique of equality
saturation [175] to generate optimized code for the target devices. This is also distinct from the program synthesis
techniques referenced elsewhere in this dissertation.
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synthesis for generating code that handles specific wrinkles in hardware designs, as does the use

of program synthesis in Lakeroad to harness the programmability of FPGA DSPs. Note that other

types of solvers (beyond the SMT solvers used in Lakeroad) can be used within compilers, e.g. using

partitioned boolean quadratic problem (PBQP) solvers for instruction selection in LLVM [56]

Lakeroad is also related to past work in FPGA compilation and techmapping, much of which

does not entreaty to support programmable DSPs with as much generality. ODIN [89] and ODIN-

II [88] are used in hard-block synthesis for FPGAs, which is the task of mapping portions of

hardware designs to specialized units (hard blocks) like multipliers. They operate purely over

syntax (e.g., mapping * to a multiplier) and so are greatly limited in their ability to handle pro-

grammable DSPs. The ABC [28] logic synthesis tool is used to lower hardware designs into LUT

and carry-chain configurations; it is related to Lakeroad in that it also uses constraint solvers to find

configurations, though it is not general enough to handle a wide variety of programmable DSPs,

unlike the program synthesis techniques used in Lakeroad. Note also that the use of configuration

files in Lakeroad to abstract away details of the FPGA architecture was inspired by past work in

FPGA compilation, including OpenFPGA [172] and the Verilog-to-Routing project (VTR) [153],

both of which use abstract architecture descriptions to facilitate portability across designs, though

these projects are limited in their support for DSPs. Library-Parameterized Models [2, 5] define

generic interfaces for common primitives and are also similar to Lakeroad’s primitive interfaces,

though they are limited in their ability to represent configurable units like DSPs.

Virtual FPGA overlays [112, 27, 103] are another approach to improving the mapping of

hardware designs to hardware. Overlays present a “virtual” FPGA architecture; each actual

architecture must then define a mapping from virtual to actual primitives. This required translation

is similar to Lakeroad’s requirement on users to implement primitive interfaces in an architecture

description, though it requires more user effort. The translation from virtual to actual architecture

often comes with a steep resource and performance overhead.



Part II Conclusion

Part II presented Lakeroad, a novel approach to . . . . . . .FPGA . . . . . . . . . . . . . . . . . . . . . . . . . .technology mapping. Lakeroad utilizes both

more adaptable Algorithms—sketch-guided . . . . . . . . . . . . . . . . . . . . . . .program synthesis—and more explicit Models—

vendor-supplied simulation models—to provide greater Correctness, completeness (i.e. Op-

timizations), and extensibility (i.e. reduced Devtime) over state-of-the-art tools. Because

program synthesis tools can efficiently explore large search spaces, Lakeroad can find mappings

of hardware designs to FPGA DSPs in more cases than state-of-the-art tools, often finding more

efficient implementations in the process. With our techniques of semantics extraction from HDL

and architecture-independent sketch templates, users must expend little manual effort to apply

Lakeroad to a given FPGA architecture and extend it to handle further primitives. Moreover, our

formalization of Lakeroad fosters greater confidence in its correctness. Lakeroad hence enables

the extensible, efficient, and correct lowering of hardware designs to FPGAs, highlighting the

effectiveness of program synthesis for FPGA technology mapping.

Lakeroad cleanly and completely realizesmy thesis set out at the start of this dissertation: utilize

explicit, vendor-suppliedModels, apply state-of-the-art automated reasoningAlgorithms, and

you will produce a powerful compiler backend when measured along the axes of Optimizations,

Correctness, and Devtime.
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Chapter 11

Conclusion and Broader Thoughts

In this dissertation, I have presented an argument for a certain method of building compiler

backends: namely, automatically generating them from explicit Models of hardware using

. . . . . . . . . . . . . . . . . . . . . . . . . . .automated reasoning Algorithms. I demonstrated how this method of backend generation

leads to improved Optimizations, greater Correctness, and reduced Devtime in two case

studies. In part I, I introduced Glenside, a language and tool enabling the use of equality saturation

on machine learning workloads. When incorporated into the 3LA methodology, Glenside enabled

more flexible mapping of machine learning workloads to accelerators, ultimately enabling easier

developer testing of hardware designs. In part II, I introduced Lakeroad, which utilizes sketch-

guided program synthesis and semantics extracted from vendor-supplied simulation models to

generate more correct, more complete, and more extensible FPGA technology mappers. While the

examples presented in this dissertation are specific—applying equality saturation to accelerator

mapping, applying sketch-guided synthesis to technology mapping—the underlying recipe is

portable. In the end, I hope it is this recipe you take away: to automatically generate better

compiler backends, apply automated reasoning Algorithms to explicit, formal Models of the

target hardware.
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Though this dissertation may come to represent a substantial amount of my life’s research

output, I also consider it just a piece of a larger vision. To conclude this dissertation, I will attempt

to capture the the higher level thoughts, ideas, and inspirations underlying the projects in my

dissertation.

This dissertation is simply two useful, testable implementations (Glenside and Lakeroad) of a

larger idea that’s been bugging me since I was a Master’s student at Penn State. At Penn State,

I worked on the problem of computing with emerging devices—in our case, transistor which

provided computing primitives other than just Boolean logic [146, 204, 205]. This is where the

nagging feeling started: namely, the feeling that the hardware tells us what it does. Let me explain

what I mean.

Models of hardware are ubiquitous. Any representation of hardware that isn’t the literal silicon

itself—from a low-level GDSII file, to a mid-level . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .Register Transfer Level (RTL) representation, to a

high-level . . . . .HLS implementation or Python simulator—is a model of hardware. All hardware in

use likely has at least one model behind it, if not more. Furthermore, models come in all shapes

and sizes, and capture far more than just computational functionality, but also things like timing,

area, and power. The SkyWater PDK (recently open sourced by Google) or the ASAP7 PDK from

Arizona State University are great examples of open-source process development kits, rich with

models (simulation, timing, power, and area) of real, fabricatable hardware platforms.

There is currently a directionality associated with hardware models. For example, the simula-

tion models of an FPGA’s primitives packaged inside . . . . . . . . . . . . . . . . . . . . . . . . .hardware synthesis tools are meant to be used

to simulate a design after it has been compiled from its higher-level specification. Alternatively,

hardware designs intended for synthesis of an FPGA or ASIC are intended to be run through a

synthesis tool and lowered to a netlist (to eventually become an ASIC or FPGA bitstream). In both

cases, the hardware model is only lowered, such as when a synthesis-ready design is compiled, or

lowered to, such as when a design is compiled to simulation models. It is not often the case that
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these models are used in the opposite direction—i.e. lifting models to higher levels of abstraction,

to generate higher-level outputs (like compiler backends).

It is surprising that models are only used in the lowering direction, as many of them are prime

for lifting. Models written in Verilog, for example, are readily usable by . . . . . . . . . . . . . . . . . . . . . . . . . . .automated reasoning tools

like . . . . . .SMT solvers. For the most part, automated reasoning tools are only used to do post-lowering

. . . . . . . . . . . . . .verification, but there is no reason that they can’t be run “in the other direction”—in fact, this is

exactly what Lakeroad does.

With all of that inmind, let’s return to the idea that the hardware tells us what it does. Rephrasing

this idea in the terms presented in the paragraphs above, we are overflowing with rich, varied

hardware models that are prime for use with automated reasoning tools, ready to have interesting,

higher-level semantics lifted from them. It’s for these reasons that, for years, it’s felt like hardware

has been practically screaming at us, directly providing all the information we need to understand

how to compile to it optimally. Yet we ignore it, choosing instead to use the models indirectly.

When I say that tools use models “indirectly”, I’m referring to the current optimization loop

standard in many optimization tasks. Consider . . . . . . . . . . . . . . . . . . . . . . . . .hardware synthesis tools. During synthesis, the

tool will make some guesses during compilation about what optimizations will generate optimal

output (often informed, indirectly, by the underlying hardware models). The designer then

simulates the results using the hardware models, to check whether the tool’s guesses were correct.

The odd part of this loop, to me, is the indirect use of the models to inform compiler construction,

and the direct use of the models only after the fact, to check compilation results. Why not shorten

this loop, and use the models directly during compiler construction? Hardware tells us what it

does—so why not listen?

Lakeroad was the most concrete instantiation of this idea that I was able to achieve in the

span of my PhD. Rather than encoding DSP mapping rules as patterns (informed, indirectly, from

models and DSP documentation), Lakeroad determines how to map to primitives by ingesting
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models directly, utilizing . . . . . . . . . . . . . . . . . . . . . . .program synthesis to map to primitives based on the ingested models.

However, Lakeroad only scratches the surface of the broader idea I’m discussing here. Lakeroad

only maps based on functional behavior alone; it does not take advantage of, for example, the

timing information also available in the models.

Furthermore, these ideas go far beyond digital hardware. I’ve been lucky enough to apply these

ideas in non-boolean, analog computing [204, 205, 146] as well as DNA circuit design [191]. It

isn’t just digital hardware that is telling us what it does. Any computing substrate has . . . . . . . . . . . . .primitives;

most primitives have models. These models can be similarly used to generate compilers.

With that, I will conclude this dissertation. If nothing else, I hope you take with you the idea that

hardware is telling us what it does—it’s on us to listen!
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