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Abstract

Modern computer systems have hundreds of processor cores, so highly parallel programs
are critical for achieving high performance. However, writing parallel programming remains
difficult on current systems, so many programs are still sequential. This dissertation presents
new compilers and hardware architectures that can parallelize complex programs while
retaining the simplicity of sequential code. Our new systems allow real-world programs to
use hundreds of cores without burdening programmers with deadlock or data races.

This dissertation follows a novel approach that eliminates the burden of explicit parallel
programming to make parallel execution pervasive. This approach relies on four guiding
principles. First, exploiting implicit parallelism preserves the simplicity of sequential execution.
Second, dividing computation into tiny tasks, as short as tens of instructions each, unlocks
plentiful fine-grained parallelism in challenging programs. Hardware-compiler co-design
techniques can create many tasks in parallel and reduce per-task overheads to make tiny tasks
scale to many cores. Third, new hardware and software mechanisms can compose parallelism
across entire programs, removing serializing barriers to overlap executions of nested parallel
subroutines. Finally, exploiting static and dynamic information for data locality reduces data
movement costs while maintaining load balance on large multicore systems.

This dissertation presents three systems that embody these four principles. First, T4
introduces automatic program transformations that exploit a novel hardware architecture to
parallelize sequential programs. As a result, T4 scales hard-to-parallelize real-world programs
to tens of cores, resulting in order-of-magnitude speedups. Second, S5 builds on T4 with
novel transformations to remove needless serialization in a broad class of challenging data
structures. Thus, S5 scales complex real-world programs to hundreds of cores, delivers
additional order-of-magnitude speedups over T4, and outperforms manually parallelized code
tuned by experts. Finally, ASH is an accelerator that demonstrates the same approach can
be applied with simpler mechanisms tailored for digital circuit simulation. A small ASH
implementation is 32× faster than a large multicore CPU running a state-of-the-art parallel
simulator.
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Professor of Electrical Engineering and Computer Science
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1 Introduction

Fast computation is fundamental to scientific and technological progress,
and parallelism is increasingly fundamental to fast computation. Lap-
tops, servers, supercomputers, and smartphones all feature large mul-
ticore CPUs, each with tens of billions of transistors, and as many as
hundreds of cores. The only way to fully use these large hardware
resources is to parallelize computation by dividing it into tasks that run
simultaneously on different cores. Parallel execution makes computation
faster and enables computation to solve larger problems [81]. Making
parallelism pervasive is critical to unlocking the growing capability of
computer systems to improve our society’s knowledge and quality of
life.

After decades of research and real-world practice, parallel programing
is used sporadically. Successfully parallelizing a program to use the
tens or hundreds of cores available in a modern machine remains rare.
Most programmers avoid parallel programming, finding it not effective
enough to be worth the effort. Software performance experts parallelize
small functions or subroutines only if they are noticed to take significant
computation time and only if they can eliminate order constraints that
prevent parallelization on current machines [87, 180]. This approach
can deliver large benefits to an application whose execution time is
dominated by a few parallelizable subroutines. However, in many
applications, execution time is distributed widely across a diverse range
of code. If merely 2% of execution time is unparallelizable, Amdahl’s
law [9, 92] says we can never obtain parallel speedup greater than
1

2%
= 50×, dooming any attempt to make use of hundreds of cores.

Making most applications highly parallel requires new techniques that
are general, easy to use (requiring no or minimal programmer effort),
and reliably effective, so they can be applied across the entire program.

This dissertation argues that such pervasive parallelization requires
new interfaces between hardware and software. Current general-purpose
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processors take an approach that leaves little room for software tools to
aid programmers in unlocking parallelism. Today’s predominant shared-
memory systems require programmers to use explicit synchronization
primitives (e.g., locks and barriers) to perform coordination of parallel
tasks. Using these primitives requires careful thought about high-
level intentions, and even correctly synchronized subroutines often
cannot be safely composed together into a new program [86]. As a
result, there is no practical tool that automatically selects the correct
synchronization in general-purpose programming languages. Lower-level
synchronization primitives (e.g., relaxed atomics [7, 20, 51, 129, 241]) that
improve parallelism by conveying precisely when tasks need to be ordered
are even more error-prone to use, so manually parallelized programs use
them rarely, choosing simpler synchronization that limits parallelism
more than is needed. We advocate for hardware to provide a radically
different interface to software to make it possible to automatically
maximize parallelism in general programs.

With the right interfaces, we claim compilers can arrange tasks
and data so hardware can tell precisely when synchronization is or
isn’t needed, making parallelization automatic while also unlocking
much more performance than is possible on today’s hardware. Our
approach relies on exploiting the dynamic information that hardware
can discover at runtime. Modern hardware already efficiently tracks and
exploits dynamic information, such as in caches with coherence protocols
that track where memory is shared to ensure delivery of updated data
where needed. This dissertation presents inexpensive extensions to these
existing hardware mechanisms that enable a co-designed compiler and
hardware system to speculatively execute or synchronize parallel tasks
exactly when needed. By reallocating responsibilities so that software
and hardware each leverage more of their strengths, parallelization
becomes easier and more effective.

To demonstrate the power of our approach, this dissertation presents
systems that perform effective parallelization of a wide variety of appli-
cations that prior work has found difficult to parallelize. Our systems
avoid the complexity of parallel programming with abstractions that
maintain the ease and generality of sequential execution. We also lever-
age composability to maximize the parallelism the system extracts from
diverse combinations of tiny tasks, without restricting each task to
performing only limited actions.
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1.1 Challenges

The key challenge in parallelization is executing tasks in a way that
respects their dependences. There are two types of dependences. First,
two tasks have a control dependence if the first task can determine
whether or not to execute the second [8]. Second, a data dependence
occurs between any two tasks that access the same state element or
memory location, if at least one access is a write [26]. If there is no
control or data dependence between them, two tasks are independent
and can safely run in parallel or out of order.

Figure 1-1 shows how a parallelized computation can use multiple
cores while ensuring execution order respects data dependences. Accesses
to variable A are true data dependences because the reads of this variable
need to obtain the value from the preceding write. However, the write-
after-read and write-after-write dependences that occur on variables
B and C, are false dependences. False dependences occur because a
value is being overwritten, and may be removed by allocating additional
memory locations for new values. (As we will see, this reallocation can
occur through a variety of techniques such as point-to-point messaging
and privatization.) Figure 1-1(c) demonstrates performance could also
be improved if the system supports dividing computation into shorter
tasks, as each smaller task accesses fewer variables and therefore has
fewer dependences restricting when it can run.

Current systems work well only on a restrictive class of applications
with easy parallelism, where tasks are large and dependences are rare.
No prior system can automatically parallelize real-world workloads with
frequent unpredictable dependences and make performance scale up to
hundreds of cores. This problem has seen decades of work but several
limiting factors cause current systems to fall short:

Dependence on brittle static analyses. One common approach to
parallelization is to have compilers prove the absence of dependences
before tasks can run in parallel [154]. When the compiler cannot prove
their absence, dependences are conservatively assumed to be present.
Not only does static analysis fail to capture input-dependent behavior,
just determining whether a possible execution exists where two tasks will
be dependent is undecidable [130, 189]. In practice, compilers perform
best-effort analyses [94] and fall back to serial execution under conditions
that are difficult for a user to predict without deep knowledge of compiler
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(a) An example sequential program with eight memory accesses.

(b) A parallelization of the sequential program with five tasks.

(c) Splitting Core 0’s task from (b) in two and allowing the shorter tasks to
      run out of order improves performance.

Figure 1-1: Parallelization must respect data dependences (arrows,
with true data dependences as solid arrows). Parallel performance
can improve given flexibility to choose small tasks and execute tasks
out of order.

internals. These static parallelization efforts do not generalize to complex
real-world code.

Limited hardware support for fine-grained parallelism. Today’s
multicore CPUs require software to perform synchronization and com-
munication through shared memory [78, 150], which involves waiting
hundreds of clock cycles to move cache lines between cores. This can
negate the benefits of spawning short tasks [204]. As a result, program-
mers forgo fine-grained parallelization opportunities. Prior proposals
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of hardware support for detecting dependences when parallelizing se-
quential code used mechanisms that perform task creation or commit
one task at a time. These mechanisms limit throughput, especially with
tiny tasks [139]. This throughput limitation becomes intolerable as
multicores grow from few cores to many because keeping many cores
busy requires creating tasks rapidly.

Lack of hardware support for parallel composition. The rigid
scheduling of tasks to cores required by most prior hardware proposals
for automatic parallelization also limits the forms of parallelism that
may be exploited. For example, rather than performing whole-program
parallelization, many systems executed no more than one parallelized
loop at a time. As a result, there would not be enough tasks to fill a
large machine for those executions of the parallelized loop that had too
few iterations. Even if the parallelized loop has many iterations, the
serial execution occurring between the termination of one parallel loop
and the start of the next one prevents the program as a whole from
scaling to many cores.

Spurious serialization. In many cases, data dependences are unneeded
or false dependences: they occur because memory space is being reused
to store a new value rather than because a task needs to consume another
task’s previously produced value. These dependences cause serialization
of tasks that are performing semantically independent work. There are
many causes of such false dependences, from memory layout choices
made by a compiler or library implementation to the programmer’s
explicit choice of data structures. In principle, false dependences can be
eliminated by allocating extra space for new values, but there has not
been a systematic approach to optimize low-level data layout or high-
level data structures that addresses the need to co-optimize parallelism
and locality for programmers who still prefer the ease and generality of
writing sequential code.

Locality-insensitive parallelization. As computation scales to tackle
large problem sizes using large systems, data movement becomes the
dominant factor that limits both performance and energy efficiency.
But prior work takes limited information on data locality into account
when making decisions about where to schedule the execution of a task.
As a result, the extra data movement caused by poor choices of where
to schedule tasks causes data-movement overheads to grow with the
number of cores used, preventing effective scaling to large system sizes.
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Restriction to specific hardware and programming models.

Prior attempts at general automatic parallelization targeted restricted
systems, such as considering only cache-coherent general-purpose CPUs.
However, two trends lead to increasing diversity in hardware and soft-
ware. First, hardware specialization is increasingly common. General-
purpose systems have overheads that can be eliminated by hardware
accelerators designed only to execute particular workloads. These hard-
ware accelerators typically forgo the complexity of cache coherence and
require compilers to handle communication explicitly. Second, domain-
specific programming frameworks make complex parallel performance
optimizations simpler for programmers, in fact increasing performance
through library or compiler implementations that exploit awareness
of application semantics. These developments decrease the relevance
of techniques that are not demonstrated to be applicable to varied
computer systems.

1.2 Contributions

This dissertation will first introduce techniques that eliminate barriers to
parallelization so that performance is limited by true data dependences.
Then, we further focus on reducing the cost of true data dependences to
make real-world programs scale to large multicore systems. Throughout
this dissertation, we focus on systematic and automated techniques to
parallelize code pervasively throughout whole programs, with little or
no assistance from the application programmer. We will use hardware
support to preserve the semantics of sequential execution despite running
tasks in parallel, preserving the ease of writing and debugging programs
for sequential execution. We demonstrate the effectiveness and generality
of parallelization techniques adhering to these principles by implementing
them in three compiler-hardware systems: T4, S5, and ASH.

Chapter 3 – T4: We first introduce T4 [260], a compiler-hardware co-
design for parallelizing whole sequential C/C++ programs. T4 strictly
preserves sequential order in all programs, without requiring users to
perform manual synchronization. Thus, T4 users will never suffer
deadlocks, data races, or the nondeterministic ordering of concurrent
tasks. T4 automatically leverages the novel Swarm CPU architecture
(Section 2.3) to achieve four novel capabilities:
1. Exploit out-of-order spawns to organize tasks into rapidly expanding
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trees, which perform high-throughput task spawns to keep cores busy
without overburdening the system with idle tasks.

2. Eliminate false dependences on local variables and stack memory
allocations, so parallelism is limited only by true data dependences.

3. Use dynamic information to exploit data locality for greater scalability.
To our knowledge, T4 is the first parallelizing compiler that automates
locality-aware execution for arbitrary—even pointer-based—data
structures, without allocating extra storage.

4. Reduce parallelization overheads to make it profitable to create tiny
tasks that unlock greater parallelism.
T4 crucially attains these capabilities across arbitrary loop nests,

function calls, and complex control flow, unlocking parallelism without
unduly restricting programmers. T4 is the first system for automatic
parallelization that can achieve unbounded fine-grained parallelism on
loops whose number of iterations is unknown. By implementing T4 as
a series of code transformation passes within the industrial-strength
LLVM/Clang compiler framework, we can scale complex real-world
programs from SPEC CPU 2006 to up to 64 cores and achieve order-of-
magnitude speedups.

Chapter 4 – S5: We introduce S5, which builds on T4 by providing
abstract data types that can be incorporated into a C++ program to
reduce gratuitous true data dependences, removing remaining limits on
T4’s parallelism. S5’s key insight is that many data structures serve
as schedule structures whose job is to enable deferred computation.
Common implementations of these structures have frequent true data
dependences that serialize operations, but this serialization is not needed
by the application.

S5 addresses this problem with a library of abstract data types
that provide freedom for the system to implement schedule structures
using new techniques that minimize unneeded dependences. Under the
hood, S5 exploits hardware and compiler support for task scheduling
with fast dedicated hardware queues to avoid touching shared memory
when the collection of tasks is small. Additionally, S5 introduces a new
flexible hardware architecture that lets software define specialized task
scheduling semantics tailored to the needs of an application to maximize
efficiency when task collections grow large.

S5 scales sequential programs with unpredictable memory accesses
linearly to hundreds of cores. These high speedups are achieved both
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for a large existing sequential program, as well as for several graph
algorithms that are challenging to parallelize, where S5 matches and
sometimes far surpasses the performance of expert-optimized parallel
Swarm programs. While S5 is already easy for a C++ programmer to
use manually, we further ease adoption by automatically generating S5
code with UGC [34], a domain-specific compiler for graph analytics.

Chapter 5 – ASH: Finally, we demonstrate that these techniques
continue to apply in a vastly different domain by presenting ASH, an
accelerator specialized for digital circuit simulation. Specifically, ASH
parallelizes Verilog and SystemVerilog simulations using a novel dataflow
hardware architecture with a simple partitioned memory system and
no cache coherence. ASH’s compiler conveys static information about
memory accesses and data dependences to hardware, which enforces
these dependences using novel prioritized dataflow mechanisms.

ASH uses merely 115 mm2 of silicon area to provide 32× better
performance than a state-of-the-art parallel simulator running on a
large multicore CPU. ASH builds on Verilator, a very different compiler
infrastructure from T4/LLVM, and reuses many of the same ideas as
T4 and S5, such as conveying task ordering from software to hardware,
generating task trees for parallel task spawns, minimizing parallelization
overheads by efficiently passing values through registers, and exploiting
hardware queues to decouple task spawn and execution.

∗ ∗ ∗

T4, S5, and ASH demonstrate that automatic parallelization can
be practical and effective if we have the right hardware-software in-
terfaces. All three systems feature working compiler implementations
that have been evaluated with large real-world workloads, not synthetic
microbenchmarks. This provides evidence for the broad benefits of our
new hardware and compiler techniques. Exciting future work remains
in extending the capabilities of our new systems to make them even
more scalable, general, and efficient (Chapter 6).
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2 Background and Related Work

This chapter presents an overview of existing parallelization techniques
that later chapters build on. We focus on reviewing general topics that
are related to all chapters of this dissertation. Later chapters contain
further background and prior work that is closely related to the specific
systems presented in those chapters.

2.1 General Approaches to Parallelization

A critical challenge in parallelizing a program is to ensure execution order
respects dependences among tasks. Serial execution lacks this challenge,
as the sequential execution order can implicitly enforce dependences
without explicitly tracking them during program execution. If all tasks,
dependences, and latencies in a program are known in advance of
program execution, a compiler could address this challenge by producing
a fixed schedule of parallel execution that respects dependences [202, 203].
However, in most programs, input data is processed to determine what
additional data to access and what control-flow paths to execute. Thus, a
general system for pervasive parallelization must make dynamic decisions
about when to execute tasks as they are discovered at runtime.

Dataflow (or data-driven) execution [55] is a conservative approach
to parallelization that ensures tasks run in parallel only after their
dependences are satisfied. In a dataflow program, a task must send a
message called a token to every other task that depends on it. Tokens
may optionally contain data to be transferred to the recipient task.1

The system executes each task only after it has received every token

1 Some authors define “true dataflow” architectures as those where each token carries
data for a true data dependence. But architectures for dataflow execution of complex
programs also use tokens for write-after-read and write-after-write dependences (e.g.,
due to dynamic memory reallocation for function activation frames) [163].
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it will ever be sent. Any data in the tokens are provided as input to
the recipient task, which executes either a single instruction [55, 75, 163,
165, 166, 176, 230] or a sequence of instructions [46, 64, 71, 157, 200, 261].

Dataflow execution maximizes parallelism when dependences are
known before tasks execute, but dataflow-style dependence tracking also
has drawbacks. Tokens that carry copies of data directly to recipients can
improve parallelism, as they avoid the false dependences that would occur
if tasks communicated by reading and overwriting variables in shared
memory. Unfortunately, tokens waiting to be consumed incur storage
costs, and tokens must be either dynamically matched to recipients using
expensive associative lookups [163, 176, 230] or routed to recipient tasks
that are pinned in advance to distinct hardware elements [40, 55, 75].
Additionally, dataflow systems must determine the tokens any task will
receive before it runs. If a task might be dependent on many other tasks
(e.g., because its execution might use one of many data elements) then
it must must receive tokens for every potential dependence. Dataflow
execution performs poorly when tasks have many times more potential
dependences than actual dependences. For example, in a graph-traversal
algorithm such as breadth-first search, a task that visits one vertex in the
graph may need to access the state of neighboring vertices. The actual
data dependences caused by writes to vertices’ state are not known
until the tasks run and find their neighbors. In a dataflow execution,
potentially dependent tasks would send tokens to each other in a serial
fashion, even when many tasks are likely to be independent.

Most software parallelization techniques execute tasks in a partially
ordered fashion to reduce the expense of tracking and enforcing de-
pendences. Specifically, many parallel programs use bulk-synchronous
parallelism [245], which organizes tasks into an ordered sequence of
batches and prevents any overlapping of execution between one batch
of tasks and the next. Synchronizing large batches of tasks in bulk (e.g.,
using explicit barriers, or a runtime system that finishes one parallelized
loop or kernel before starting the next) may have lower performance
overheads and simpler system requirements than a dataflow execution
that sends separate tokens from individual tasks to each other. But
bulk synchronization squanders opportunities to compose parallelism
across batches, as serialization occurs between any two task in different
batches even if the individual tasks are known to be independent. Thus,
bulk synchronization is beneficial only in applications with copious
parallelism, with large batches of unordered tasks.
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Speculative parallelization is an alternative approach that offers
more flexibility to execute tasks in parallel before their dependences are
known.2 With speculative parallelization, the compiler or programmer
divides code into tasks that are likely to be independent. At runtime, the
system tries to run these likely-independent tasks in parallel, detecting
some dependences among them on the fly. Specifically, we consider
speculation on the presence of dependences (rather than predicting
data values [57, 138, 184]). The system must detect dependences that
conflict with the order in which tasks executed. A conflict indicates
a task misspeculated, meaning it ran too early. The conflicts must be
resolved by aborting the task that misspeculated. An abort undoes
misspeculated side effects such as memory writes. An aborted task
may be re-executed at a later time when the previously conflicting
dependence is now respected.

Speculation requires extra storage for speculative state, which fa-
cilitates detecting conflicts and undoing speculative actions, but the
storage costs of speculation can be limited. A task’s speculative state is
deallocated when it commits, which occurs when the system determines
no further conflict could arise between this task and logically earlier
tasks [185, 225]. Thus, the system holds speculative state and detects
conflicts only within a limited window of uncommitted tasks. The
storage for this speculation window can be sized proportionally to the
number of cores in the machine, to hold enough tasks to keep cores
busy.

The flexibility of speculation has several benefits for parallelization.
By eliminating the need for tasks to know their dependences before
they run in parallel, speculation makes it possible to parallelize more

2 This dissertation develops techniques to use many cores, which are orthogonal to
core microarchitecture. But it is interesting to note the same concepts drive how core
microarchitectures exploit instruction-level parallelism (ILP). CPU cores restrict
ILP to a small window of instructions with their re-order buffers [214]. Thus, values
destined to reach future instructions outside the window may be communicated (e.g.,
through a register file or ordinary loads and stores) without explicit dependence
tracking. CPU cores with register renaming [176, 240] combine a restricted form of
dataflow with speculative execution to achieve affordable storage costs. Specifically,
they use dataflow-triggered execution only to enforce data dependences on registers,
as these dependences can be determined before execution. Other dependences
that arise due to data-dependent memory accesses or control flow are handled by
speculation. The small number of registers in any ISA helps limit the size of storage
structures (e.g., a physical register file and issue queue) needed to match in-flight
register updates and recipient instructions for dataflow execution.
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types of tasks, such as those that visit nodes in a graph traversal. Addi-
tionally, systems using speculation can identify when tasks incur actual
dependences by observing actual data accesses at runtime, resulting in
less serialization than conservatively enforcing potential dependences for
dataflow execution or barriers between batches of tasks [147]. Finally,
the flexibility of speculation allows some systems to enforce stronger
guarantees in their execution models, which may make parallel software
easier to write [93].

Choosing when to use speculation should be driven by a performance
tradeoff: speculation gives more flexible parallel execution, but aborts
and re-executions could hurt performance more than waiting to execute
tasks when they are safe. Speculation is profitable if many tasks turn out
to be independent so aborts are not too frequent. System implementation
details can have a large effect on this tradeoff. This dissertation uses
careful hardware-software co-design to reduce the costs of aborts and to
uncover plentiful parallelism even in challenging programs. As a result,
aggressive speculation becomes enormously profitable.

2.2 Parallelizing Compilers

Automating the parallelization of sequential code is a long-standing
problem for which many techniques have been tried. We now provide a
survey of work in automatic parallelization, which uses a compiler to
translate sequential code to run in parallel. We will first discuss non-
speculative parallelization, which achieves high scalability and efficiency
for some loops, but fails to apply to many real-world programs. We then
discuss work in speculative parallelization in software, where advanced
techniques can significantly benefit some specific workloads. Finally, we
review prior work that has used hardware support to extract parallelism
from more challenging applications. This dissertation, in part, shares
the goals of this prior work, but takes a different approach: dynami-
cally scheduling tasks to exploit fine-grain parallelism and locality with
mechanisms that avoid serial bottlenecks.

2.2.1 Non-speculative parallelization

Non-speculative paralleling compilers [31, 154] transform code within a
sequential program to create tasks that are safe to run in parallel. These
compilers can succeed only when static analyses ensure at compile time
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that different tasks executing a block of code will be independent at
runtime. A critical enabling transformation that parallelizing compilers
perform is to eliminate false dependences using privatization, which
allocates extra copies of a variable to be used by parallel tasks [31, 149,
247]. Privatization is safe when static analyses can prove the privatized
variable had no true data dependences between tasks, that is, it holds
a temporary value consumed only within the task where the value is
produced. Polyhedral compilers [32, 79] can parallelize some iterations
within loop nests that traverse dense tensors (i.e., multidimensional
arrays) with regular, fixed-stride access patterns. But many programs
are irregular : they make frequent use of data-dependent control flow
and unpredictable memory accesses (e.g., due to multiple indirection),
preventing static analysis from identifying or creating independent
tasks. [94, 114].

For irregular programs, compilers and hardware for non-speculative
parallelization has focused on specialized forms of dataflow execution
to exploit pipeline parallelism in inner loops. DSWP [170, 191] and
HELIX-RC [44] use static analysis to partition the body of a loop into
stages in a feed-forward pipeline. A single core executes each pipeline
stage, localizing loop-carried dependences. All other dependences are
handled with hardware support for efficient unidirectional messaging
from one core to the next. These pipelines cannot parallelize stages
with cyclic dependences. More recently, Pipette [161] adds hardware
support for time-division multiplexing to handle load variation among
stages as well as additional hardware support for memory indirection,
enabling the Phloem compiler to decouple a loop or loop nest into a
larger number of pipeline stages to improve efficiency [162]. In some
cases, DSWP+ [97] and Pipette/Phloem can also parallelize a stage
by identifying independent tasks (from different loop iterations) within
that stage that are safe to run on multiple cores. If a parallelized stage
writes to an array, each core shall own a partition of the array and the
owning core must execute all tasks accessing its partition to avoid data
races and cache ping-ponging [85].

Ultimately, while non-speculative approaches to automatic paral-
lelization can make some computation kernels fast, they serially execute
any code outside the loops they parallelize and do not compose paral-
lelism across across multiple invocations of a parallelized loop nest [96].
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2.2.2 Speculative parallelization in software

Like in this dissertation, some prior compilers leverage speculation
to parallelize a broader range of sequential code. But software-only
speculative parallelization [11, 97, 110, 148, 190, 192] incurs significant
overheads, especially to recover from misspeculation, so it is profitable
only for kernels where dependences that cause aborts are extremely
rare.

Some compilers exploit application properties to reduce the number
of dependences and aborts. Speculative privatization is a compiler tech-
nique that eliminates some false dependences at the cost of increased
memory usage and run-time checks that validate the safety of data ac-
cesses [111, 192]. Recent work uses profiling and static analysis to reduce
the overheads of these run-time checks, but still suffers from expensive
misspeculation recovery that makes it unprofitable for applications with
frequent conflicts [11].

2.2.3 Speculative parallelization with hardware support

Thread-level speculation (TLS) architectures propose to use hardware
mechanisms for efficient conflict detection and recovery to make specula-
tive parallelization more broadly beneficial for sequential programs [63,
72, 83, 193, 194, 218, 226, 269]. Unfortunately, TLS architectures suffer
from expensive unselective aborts and serial spawn and commit mecha-
nisms. This is because they chose to use simple hardware that tracked
task order by organizing all tasks into a linear chain, so hardware could
simply traverse the chain to perform in-order commits or find possibly
dependent tasks to abort. As Chapter 3 will show, this prevents scaling
tiny tasks to many cores.

TLS compilers [28, 48, 57, 112, 171, 187, 242, 248, 263] are limited by
the architectures they target. Studies on selecting tasks for the earliest
TLS architectures consider function calls and loop iterations [169, 248].
However, without sufficient hardware support for tiny tasks, previous
compilers have focused on selectively parallelizing coarser tasks. Many
have focused on techniques limiting the use of speculation to avoid the
significant cost of unselective aborts imposed by their hardware. Du et al.
propose models to statically estimate the likelihood of data dependences,
to avoid parallelizing loops that could yield frequent aborts [57]. Others
found more success using profiling to select loops for parallelization
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where aborts are rare, although this requires a more complex compilation
process where a programmer must supply representative inputs [44,
66, 190]. POSH [142] was the most recent compiler attempting to
parallelize whole C/C++ programs, considering both function calls and
loop iterations as task boundaries. POSH still relied on profiling to
choose when not to spawn a task at a potential task boundary, preferring
to form sufficiently coarse tasks to amortize per-task overheads and
avoid likely aborts.

Many TLS compiler techniques used hardware that did not support
nested spawns, and therefore were restricted to choosing a single loop
level to parallelize in each loop nest. Some prior work has developed
specialized synchronization techniques exploit the assumption that only
a single loop is parallelized so tasks may be statically distributed to cores
in a rigid fashion. Zhai et al. used compiler techniques to selectively
synchronize common classes of data dependences instead of speculating
on them [263, 264]. This dataflow-style synchronization forms a long
critical forwarding path that includes every iteration of a parallelized
loop that limits parallelism if each iteration is short. SpecDSWP [244]
addresses the latency sensitivity of this critical forwarding path by
pinning loop fragments to cores such that the frequent inter-core de-
pendences form a feed-forward pipeline. This hides communication
latencies after the pipeline fills and reaches a steady-state, but prevents
using more cores than there are pipeline stages. These rigid scheduling
schemes have some benefits and significant drawbacks. On the one hand,
for applications dominated by inner loops with dependent iterations, a
rigid schedule makes synchronization simple, and it ensures frequent
dependences are safely respected, avoiding aborts. On the other hand,
a rigid schedule stalls cores whenever there is load imbalance [171], so
cores spend time idle even in steady state with no aborts. Furthermore,
it restricts parallelism and does not allow for nested task spawns so
it slow to fill a machine with work when the loop starts or resumes
execution after an abort. By contrast, this dissertation seeks to serialize
only dependent tasks, running other tasks whenever available to keep
tens or hundreds of cores busy. Moreover, we always parallelize a whole
program, composing parallelism across loop nests and functions calls.
Finally, we uncover asymptotically more parallelism by parallelizing
task spawning itself, which delivers order-of-magnitude speedups by
quickly filling the machine with work.
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2.3 Swarm

The systems presented in this dissertation build upon the Swarm archi-
tecture [107, 108]. Swarm extends a multicore with hardware support
for speculative tasks. We use Swarm because it scales tasks as short as
tens of instructions to hundreds of cores [106, 109, 227]. Below, we pro-
vide a unified description of Swarm hardware that combines techniques
that were published separately as they were developed over several
years [1, 2, 3, 106, 107, 108, 109, 227].

2.3.1 Application-level execution model

A Swarm program consists of tasks whose execution is managed by
hardware. When a task runs, it may read and write shared memory,
create children tasks using a spawn_task instruction when it finds more
work to do, and perform arbitrary actions determined by the application,
even making system calls. Each task ends by running the dequeue_task

instruction, which jumps to the start of the next available task.
When each task is created, software specifies the task’s priority by

assigning an integer timestamp that conveys the order in which tasks
should appear to run. This dissertation also uses Fractal [227], which
modifies priorities by placing each task in a hierarchy of nested domains.
A program’s first task starts in an initial root domain. Within a domain,
tasks have timestamp-ordered semantics, with lower timestamps coming
first.3 A task that spawns children tasks to the same domain must
assign them timestamps equal to or greater than its own. Tasks appear
to run in increasing timestamp order, as if a single core dequeues one
task at a time from a min-priority queue. These semantics match those
of the initial Swarm architecture without Fractal.

Fractal provides strong atomicity4 guarantees across domains to
allow parallel composition of speculative algorithms. Each task can
create a single new subdomain and spawn tasks into it. These subdomain
tasks may create their own further nested subdomains. All tasks in a
domain appear to execute after the task that creates the domain and

3 Tasks do not need to execute at consecutive timestamp values without gaps. This
makes timestamps different from sequence numbers used to ensure ordering in
network protocols, storage systems, and some dataflow architectures [230].

4 We use terminology from computer architecture literature, where a group of op-
erations is atomic if the group will never appear to be interleaved with another
concurrent operation. This is called “serializability” [174] in the databases literature.
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are not interleaved with other tasks outside the domain. In other words,
any non-root domain together with its creator appears to execute as a
single atomic unit in isolation within the parent domain. Tasks may also
spawn tasks to their parent domain. This lets a task delegate spawning
future tasks to descendants within the domain it creates. A task cannot
spawn children to any domain beyond the domain it belongs to, its
parent domain, and the single domain it may create.

2.3.2 Swarm programming example

Parallel Swarm programs may be written manually through a low-level
C++ interface. Documentation [259] and many full Swarm example
programs are available online, within the Swarm simulator code repos-
itory [231]. Listing 2.1 illustrates some key features of the low-level
Swarm interface by showing a simple manually parallelized implementa-
tion of the maximal independent set algorithm, which selects a subset
of the vertices in a graph. Further discussion of this algorithm and its
parallelization strategies may be found in the literature [30, 227].

Each task executes a C++ function that takes a timestamp and arbi-
trarily many additional arguments. Tasks do not return values nor pass
references to local variables (i.e., stack allocations) to other tasks. Thus,
tasks may only communicate through arguments passed by value, stati-
cally allocated (i.e., global) variables, references to shared heap alloca-
tions, and I/O. Tasks create children tasks by passing a function pointer,
timestamp, and any additional arguments to swarm::spawn(), which
translates to a spawn_task instruction. By default, swarm::spawn()
places the child task in the same domain as its parent, but it takes
optional PARENTDOMAIN and SUBDOMAIN flags to place a child in other
domains. swarm::spawn() optionally takes a spatial hint [106] as its
third argument, which is an integer that abstractly denotes the data the
task is likely to access. As we will discuss later, hints aid the architecture
in performing locality-aware execution to reduce data movement and
aborts.

Listing 2.1 defines three task functions.5 The initial task runs
computeMIS(), which spawns tasks to run tryInclude() for every vertex.
When tryInclude() runs, it checks whether its vertex has already been
visited. If it has not, it adds that vertex to the independent set and

5 For simplicity, these tasks use serial for loops to spawn their children. Chapter 3
will discuss more complex techniques to spawn tasks in parallel.
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1 static inline uint64_t cacheLineHint(void* addr) {

2 return static_cast<uint64_t>(addr) / BYTES_PER_CACHE_LINE;

3 }

4

5 static void exclude(swarm::Timestamp, Vertex* v) {

6 v->state = EXCLUDED;

7 }

8

9 static void tryInclude(swarm::Timestamp ts, Vertex* v) {

10 if (v->state == UNVISITED) {

11 v->state = INCLUDED;

12 for (Vertex* ngh : getNeighbors(v)) {

13 swarm::spawn(excludeNode, /*timestamp=*/ts,

14 cacheLineHint(ngh), /*additional arg=*/ngh);

15 }

16 }

17 }

18

19 void computeMIS(swarm::Timestamp, Vertex* vertices, size_t numVertices) {

20 swarm::createDomain();

21 for (size_t i = 0; i < numVertices; i++) {

22 Vertex* v = &(vertices[i]);

23 swarm::spawn<SUBDOMAIN>(tryInclude, /*timestamp=*/i,

24 cacheLineHint(v), /*additional arg=*/v));

25 }

26 }

Listing 2.1: A manually parallelized Swarm algorithm for computing
a maximal independent set of vertices in a graph.

spawns a task to run exclude() for each neighboring vertex. exclude()
marks a vertex as excluded from the independent set. tryInclude()

and exclude() tasks both have the cache line address they will access as
their spatial hint and take a vertex pointer as an additional argument.

Manually writing Swarm programs requires taking great care with
timestamps and domains to ensure tasks are ordered correctly. In
Listing 2.1, computeMIS() calls swarm::createDomain() to create a
new domain where all other tasks in the algorithm will run, making
the algorithm an atomic unit that is safe to use in a larger application
program. computeMIS() also assigns a distinct timestamp to each
task that runs tryInclude(), ensuring vertices are added to the set
in a deterministic order matching the behavior of typical sequential
implementations. Finally, tryInclude() spawns exclude() tasks with
the same timestamp as their parent. As long as the tasks that include
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Figure 2-1: 64-core/16-tile Swarm processor configuration.

one vertex and exclude its neighbors share a timestamp value distinct
from all other tasks, they will not appear to be interleaved with other
tasks, which is crucial to the correctness of the algorithm’s output.
Under the hood, Swarm may execute tasks from different timestamps
and domains in parallel as long as they are independent.

2.3.3 Swarm microarchitecture

Swarm makes modest changes to a tiled, cache-coherent multicore CPU.
We assume each tile in our baseline CPU has a cluster of cores, each
with its own private L1 caches. The cores in a tile share a tile-private
L2 cache, and each tile has a slice of of a shared last-level cache (LLC).

Swarm runs tasks speculatively and out-of-order to exploit paral-
lelism. We focus on Swarm’s key distributed hardware mechanisms
that this dissertation exploits or adapts to achieve good performance.
(Further hardware implementation details can be found by following
the provided citations to prior work.) Swarm efficiently supports fine-
grained tasks and a large speculation window by combining four features:
hardware task management with large queues, distributed mechanisms
for tracking a sequential order, scalable high-throughput speculation,
and locality-aware execution.

Hardware task management and queues: Rather than a centralized
priority queue, Swarm has distributed task units that queue tasks near
cores. Specifically, Swarm has one task unit in each four-core tile, as
shown in Figure 2-1. These task units add <2% area overhead to a
standard multicore [107].

When a core runs the spawn_task instruction, hardware collects
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the instruction’s operands to form a task descriptor that contains the
child task’s timestamp, function pointer, additional arguments, and
other metadata. This descriptor is buffered in the local task unit’s
task send buffer (TSB). spawn_task’s operands are taken directly from
registers, not memory, making task creation cheap so it requires the
involvement of the core for just a few clock cycles. Subsequently, the
TSB asynchronously sends descriptors over the on-chip network using
point-to-point messages, without involving cores or any central scheduler.
A task queue (TQ) in each tile’s task unit receives the descriptors.

When a core becomes available, the TQ can dispatch any available
task to the core to begin speculative execution, with the arguments
from the task descriptor made available in general-purpose registers.
Each TQ prioritizes its tasks based on program order (timestamps), not
spawn order, making it profitable to spawn tasks far in advance. This
prioritization is implemented with a fixed-capacity pipelined heap [2, 27,
101], which allows inserting and dequeuing a task every cycle in priority
order.

When a core finishes a task, the task unit holds the task’s speculative
state in a commit queue (CQ) until the task commits. The core is then
immediately available to execute another task. CQs are large (e.g., 16
tasks per core), so cores can run many tasks ahead of commit. Thus, if
its local TQ has tasks ready to run, each core keeps executing these tasks
without waiting for cross-chip communication to see if previous tasks
can commit. However, filling the system with tiny tasks is challenging.
This dissertation develops techniques to provide high-throughput task
spawn and sufficient load balance to keep tens or hundreds of cores
busy.

Distributed tracking of sequential order: To enforce atomicity
of equal-timestamp tasks, hardware adds information to each task’s
timestamp to give each task a unique virtual time (VT). This enables
any two tasks’ VTs to be compared to determine their relative order.
Swarm lazily constructs VTs after task dispatch by appending a unique
integer tiebreaker [3] to each task’s timestamp, producing in a wider
integer called a domain virtual time (DVT). Each task in the root
domain (including all tasks in programs that do not use Fractal) simply
uses this DVT as its VT.

VTs also enforce the Fractal execution model’s strong atomicity
guarantees across domains. To do this, tasks in non-root domains have
VTs formed by appending their unique DVT to the VT of the task
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that created their domain. Thus, each VT is a sequence of DVTs.
These sequences are ordered lexicographically. VTs may grow arbitrarily
long if an application creates deeply nested domains, but a hardware
optimization called zooming [227] virtualizes long VTs so that most
operations are performed cheaply, with the same hardware cost as
fixed-bitwidth VTs. When needed, hardware “zooms in” to a domain to
provide finer VT resolution by temporarily dropping the shared common
prefix of VTs in that domain so each task stores a shorter remainder of
its VT. Later, the system must “zoom out” to continue executing tasks
outside that domain.

Scalable high-throughput speculation: Swarm extends prior mech-
anisms for data dependence speculation to scale to a large multicore
system. Specifically, Swarm builds on prior techniques that use caches
for eager (undo-log-based) version management with eager (coherence-
based) conflict detection at cache-line granularity, using Bloom filters
like LogTM-SE [257]. Swarm improves the scalability of eager conflict
detection by leveraging the cache hierarchy to reduce conflict checks
and to ensure most conflict checks are performed locally within a tile,
avoiding frequent global communication [107].

Unlike early HTMs like LogTM-SE but like most TLS architec-
tures, Swarm allows later tasks to read a speculatively updated value
before the update commits, a feature known as speculative forward-
ing [102, 182, 186, 188, 218, 226]. This is critical for parallelizing ordered
tasks that may take a long time to commit. The cost of forward-
ing is that, if a task aborts, the system must abort data-dependent
tasks to which it forwarded data. Swarm accomplishes this by reusing
coherence-based conflict detection to discover and recursively abort
data-dependent tasks during the rollback of memory writes. Swarm
selective aborts only descendants and data-dependent tasks. As we
will see, this presents opportunities to reduce abort costs by avoiding
needless ancestor-descendant relations and data dependences.

To drain the CQs, Swarm adopts the virtual-time algorithm from
Time Warp [105] for its high throughput with low communication costs.
Periodically (e.g., every 100 cycles) the task units perform a hierarchical
min-reduction to determine the lowest VT associated with an unfinished
task. This reduction is implemented by task units communicating
through the network over tens of cycles. All lower-VT tasks then
commit in bulk. This scheme allows many tasks to commit per cycle [2].
Because tasks may run far out of order, a CQ may sometimes fill up.
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To ensure forward progress, a full CQ may abort higher-VT tasks to
free CQ entries needed for late-arriving lower-VT task to run [107].

Locality-aware execution: To exploit locality, each task can option-
ally be given a spatial hint, an integer that denotes a memory location
that the task is likely to access. This hint is an operand to the spawn_-

task instruction. Hardware sends same-hint tasks to run in the same
tile, by hashing each hint to get a destination tile ID [106]. Within a
tile, hardware serializes same-hint tasks to avoid likely conflicts.

2.3.4 Supporting system features

Swarm provides additional features not used directly by application pro-
grammers, but needed to enable scalable and efficient implementations
of system libraries.

Precise exceptions: Swarm guarantees apparent sequential execution
even when tasks incur exceptions. Exceptions (e.g., due to segfaults
or system calls to perform I/O) require special handling because they
can perform irrevocable actions, meaning hardware cannot undo their
effects. Swarm can execute these irrevocable actions safely by first
aborting any speculative task that attempt them, then waiting for the
task to become the lowest-unfinished-VT task before allowing it to run
non-speculatively [109]. This process is slow as it serializes tasks that
perform irrevocable actions, but it is used rarely.

Capsules: Capsules [109] are a general solution for providing pro-
tected access to software-managed speculation. Similar to but more
general than escape actions or transactional suspend in transactional
memory systems [43, 158, 272], Capsules can avoid the overheads of
hardware conflict detection, perform parallel irrevocable actions, and
safely undo speculative actions in software. Capsules provides three
hardware mechanisms to achieve these capabilities. First, the dynamic
linker and loader uses a privileged interface to specify a set of thread-safe
capsule functions, which may bypass hardware speculation to perform
irrevocable actions such as system calls without serialization. Second,
capsule functions can access untracked memory regions protected from
corruption by misspeculating tasks by virtual-memory mechanisms. Un-
tracked memory is neither conflict-checked nor versioned in hardware,
eliminating speculation overheads for accesses to untracked data. The
capsule function may use conventional synchronization (e.g., locks) to
ensure accesses to untracked data is safe. Third, capsule functions
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can register an abort handler, a software routine hardware may run
non-speculatively to undo the capsule’s effects in untracked memory.
The TSB holds the abort handler while its parent task is speculative.
Upon the parent task’s commit, the abort handler is discarded. If the
parent task aborts, the abort handler is sent to the local TQ which
dispatches it to run non-speculatively on the next available core.

2.3.5 Handling unbounded tasks with finite hardware queues

Hardware protection of untracked memory is used not only for capsules,
but also for software to safely virtualize Swarm’s TQs to enable applica-
tions to create unboundedly many tasks and Fractal domains. During
the startup of every Swarm program, the runtime uses special hardware
instructions to register two software routines called spillers. Spillers
take tasks that will not run for a while from the TQ and store them
to memory. This process frees hardware resources, thereby preventing
deadlock and reducing full-queue stalls.

One spiller handles overflowing TQs. Whenever a TQ is nearly
full, before dequeuing its next regular task, the TQ first dispatches
this spiller to run on the next available core. The spiller runs in a
privileged non-speculative mode where it may execute a spill_task

instruction to remove the highest-timestamp available task from the TQ.
This instruction returns the contents of a task descriptor in registers,
which the spiller writes to a chunk of untracked heap memory. After
spilling several (up to 15 in our implementation) descriptors into the
untracked memory chunk, the spiller spawns a single requeuer task that
will respawn the spilled tasks.6

Requeuers themselves are spilled recursively, creating an in-memory
priority queue. Each requeuer has an argument pointing to the spilled
task descriptors it will restore, and if the requeuer is spilled, this pointer
will be stored in memory as part of the requeuer’s own descriptor. Thus,
the spilled descriptors are organized in untracked memory as a forest of
15-ary trees, and the TQ holds a requeuer at the root of each tree. We
assign each requeuer a timestamp equal to the lowest timestamp among
the spilled tasks it will restore, making each tree into a 15-ary min-heap

6 Previous papers have used “coalescer” in place of “spiller” and “splitter” in place of
“requeuer”, indicating effects on TQ occupancy. The spiller “coalesces” multiple TQ
entries by replacing them with a single TQ entry for the requeuer. The requeuer
performs the inverse operation: “splitting” itself into the restored original tasks.
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that restores lower-timestamp tasks before higher-timestamp ones.
To avoid complicating the implementation of aborts, we never spill

a task whose parent has not committed [109]. This ensures an aborting
parent task can find its children still present in hardware queues where
they may be quickly aborted and discarded. To prevent unspillable
tasks from deadlocking the system, we reserve some entries in each TQ
and TSB that are only allowed to hold spillable tasks. Additionally, we
reserves TQ entries before executing a requeuer to ensure the requeuer
will not stall on a full queue when spawning tasks. Like spillers, requeuers
always run non-speculatively and do not use commit queue entries. This
is safe because they cannot misspeculate: they do not access tracked
memory, they only observe non-speculative state in untracked memory,
and they are not spawned by speculative parent tasks.

For applications that create tasks at enough domain depths to require
Fractal zooming, there is also a spiller that removes TQ entries whose
VTs can no longer be represented after zooming in [227]. This spiller
is very similar to the TQ-overflow spiller we just described, with the
difference being that it places its child requeuer in the subdomain that
is being zoomed into, and the requeuer can run to respawn the spilled
tasks to the parent domain only when the system has zoomed back out.
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3 T4:

Trees of Tiny Timestamped Tasks

3.1 Introduction

Multicore systems have been ubiquitous for years, but programmers still
write sequential code. Parallel programming remains a specialized skill,
with pitfalls such as deadlocks, data races, and non-determinism [134].
Although some applications feature computations that are easy to par-
allelize, many programs feature data-dependent branches and multiple
levels of memory indirection. While these features improve productivity,
they stymie the parallelization of sequential code, as programmers and
compilers cannot reliably determine what work is independent and thus
safe to run in parallel.

Parallelizing programs where dependences are not known in advance
requires speculative parallelization. With speculative parallelization, the
compiler divides the sequential code into tasks that are likely to be
independent. At runtime, the system tries to run these likely-indepen-
dent tasks in parallel, detecting dependences among them on the fly.
Dependences cause some tasks to be aborted and re-executed to preserve
sequential behavior. Speculative parallelization can be done efficiently
with hardware support, by reusing existing mechanisms (caches for
version management and cache coherence to detect dependences).

Unfortunately, prior compilers and architectures for speculative
parallelization of sequential code, known as thread-level speculation
(TLS), have proven highly profitable only in limited cases, and achieved
little speedup on many real-world applications [63, 72, 83, 193, 194, 218,
225, 244, 269]. TLS architectures suffered from four shortfalls that
limited scalability:
1. Resolving dependence conflicts by aborting all later tasks en masse,

31



making aborts very expensive.
2. One-task-at-a-time spawn or commit mechanisms, which bottleneck

parallelism among tiny tasks.
3. Lack of support for locality-aware execution.
4. Lack of support for scalable speculative memory allocation, result-

ing in false dependences (e.g., when parallel tasks share and reuse
preallocated memory for stack frames).
Swarm (Section 2.3) features mechanisms that could address the

scalability limitations of TLS hardware. But Swarm was designed for
explicitly parallelized code, and adapting prior TLS compiler techniques
Swarm yields poor performance. Swarm needs a new approach to
automate parallelization. Without it, its utility is limited.

To address this challenge we present T4, a compiler that speculatively
parallelizes sequential programs building on Swarm’s techniques. T4
stands for Trees of Tiny Timestamped Tasks, which summarizes how
we tackle the limitations of TLS compilers. Specifically, T4 contributes
four novel techniques to improve scalability:
1. T4 divides the program into tiny tasks. It breaks every function in the

entire program into tasks of a few instructions each. By working at
this fine granularity, T4 exposes parallelism aggressively and isolates
contentious memory accesses to make aborts cheap.

2. T4 spawns tasks in parallel, forming task trees, not serial chains of
spawns as in TLS. T4 assigns each task a timestamp to record program
order while spawning tasks out of order. Trees of timestamped tasks
expand in parallel to quickly fill large systems with work, and they
enable selective aborts.

3. T4 exploits dynamic information to improve locality by sending tasks
that access the same data to the same tile in the system, reducing
data movement.

4. T4 spawns tasks with few inputs, not threads as in TLS. T4 carefully
manages memory and register allocation to make task spawns very
cheap, to avoid false dependences due to stack allocation, and to
exploit hardware support within a scalable malloc() implementation.

We implement T4 as a series of compiler transformation passes
within the LLVM [132] compiler framework (Section 3.3), resulting in a
high-performance compiler that parallelizes existing C/C++ programs.
We evaluate T4 with ten SPECCPU2006 C/C++ programs, which
have frequent dependences that limited the effectiveness of prior work
(Section 3.10). T4 broadens the range of applications that benefit from
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Figure 3-1: 64-core performance of T4 significantly exceeds a TLS
compiler based on prior work. Speedups are relative to serial code
compiled with -O3. More details are in Section 3.10.3.

speculative parallelization and yields large scalability improvements over
prior compiler techniques on several challenging applications. Figure 3-1
compares the performance of T4 and a TLS system that combines many
features from prior work, for five benchmarks running on 64-core Swarm.
T4’s novel automatic program transformations contribute significant
scalability. In short, new compiler techniques are needed to exploit
hardware for scalable speculative parallelization.

Our results show that, with sufficient compiler and hardware support,
speculative parallelization can scale sequential programs to tens of cores,
even with contentious memory access patterns. These results required
modifying less than 0.1% of the original source code, and did not require
any changes to interfaces, data structures, or the program’s sequential
sematics. T4 lets programmers unlock parallelism while retaining the
simplicity of sequential programming. T4 is open source and publicly
available at http://swarm.csail.mit.edu.

3.2 Motivation

We now illustrate the limitations of prior TLS compilers and introduce
key T4 features to overcome these limitations, explaining the large
speedups in Figure 3-1.

3.2.1 Spawner tasks enable selective aborts

Figure 3-2(a) shows the code for an example loop that represents a
common pattern found in many programs: each iteration first performs
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for (int i = 0; i < size; i++) {

  float x = f(i);

  A[B[i]] = min(A[B[i]] + x, MAX_VAL);

}
(a) Code for an example loop.

(b) In a TLS task chain, aborting D also aborts later tasks E,F,...

…
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(c) T4’s spawners allow D to abort without aborting other tasks.

Figure 3-2: Execution timelines for speculatively parallelizing a
loop, with each iteration constituting a task. A write in task C
conflicts with a read of the same address in task D, resulting in
aborts.

some work to compute a local value x, highlighted in blue, and then
performs a read-modify-write memory operation on A[B[i]], highlighted
in gold.

Figure 3-2(b) illustrates how prior TLS systems could parallelize
this loop: each task begins by spawning the next in the chain, and then
runs an iteration of the loop. Tasks are spawned in program order, as
required by most TLS architectures because of their simple mechanisms
to enforce sequential semantics with in-order commits based on spawn
order.

To preserve sequential semantics, the system tracks the memory
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addresses accessed by each task, detecting conflicts when two accesses
to the same location run in the wrong order and at least one access is a
write. In Figure 3-2(b), task C writes to an address that conflicts with
a read by task D. This conflict must be resolved by aborting task D,
and re-executing it (as task D′) so it is correctly ordered after task C.
Any later-ordered task that received incorrect data from D must also
abort. To implement this cascade of aborts, prior TLS architectures
conservatively abort all later tasks en masse [72, 83, 194, 218, 225]. These
unselective aborts wastefully discard work. They may also impede
scalability by using global synchronization, stalling the execution of all
later tasks until rollbacks have completed.

To address this problem, T4 leverages Swarm’s distributed selective
aborts, wherein an aborting task triggers additional aborts only for
dependent tasks [107]. However, in Swarm and TLS systems that permit
dynamic task spawn, a child task must abort if its parent aborts, as the
parent may have created it due to misspeculation. To avoid cascading
aborts, the compiler should avoid unnecessary parent-child relationships.
The simplest way T4 accomplishes this is shown in Figure 3-2(c). A
chain of gray spawner tasks decouples spawns from work: each spawner
spawns the next spawner in the chain, and then spawns a separate
worker task to execute the loop body. Furthermore, T4 ensures worker
tasks avoid dependences due to the reuse of shared memory, e.g., for
stack frames allocated for function calls. Now, D can abort without
affecting later tasks that did not access the same data. Spawners neither
access nor suffer conflicts on application data, avoiding unnecessary
abort cascades. Figure 3-1 shows that selective aborts yields large
speedups over TLS.

3.2.2 Tiny tasks make aborts cheap

The read-modify-writes of array A may cause aborts, but so far each
abort forces re-executing an entire loop iteration, as shown in Figure 3-
3a. This may waste a large amount of work, like the call to function f

in our example.
To make aborts cheap, T4 spawns the call to f into a task in blue,

separate from the contentious accesses to A in the call’s continuation
in gold. The new task boundary serves as a checkpoint, isolating the
contentious accesses. A conflict now only requires aborting and re-
executing a cheap tiny task, as shown in Figure 3-3b. If the function f
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Figure 3-3: Execution timelines depicting a data dependence. Tiny
tasks make aborts cheap and enable spatial hints.

contains loops or additional function calls, T4 would also split it into
tiny tasks.

Splitting the tiny read-modify-write operations into tasks also allows
an important optimization: when they are spawned, T4 can tag gold

tasks with the cache line they will access as a spatial hint. Swarm
hardware runs same-hint tasks at the same chip tile to exploit locality
(Section 2.3). This prevents the indirectly accessed cache lines of array
A from ping-ponging across the chip. Furthermore, Swarm serializes the
execution of same-hint tasks, avoiding aborts altogether, as shown in
Figure 3-3c. Thus, hints use dynamic information to decide which tasks
run in parallel.

With the tiny tasks needed to make aborts cheap, achieving high
parallelism requires hardware support. With only a few instructions,
some tasks may be only tens of cycles, or shorter. To keep 64 cores
busy, the system must be able to spawn, dispatch, and commit more
than one task per cycle. Prior TLS systems could not achieve this
throughput [107], either because they could not spawn tasks out of
order, or they featured one-task-at-a-time commit mechanisms that
bottlenecked throughput when using tiny tasks [194]. Consequently,
they used static or profiling-based techniques to select coarse tasks,
or merged tasks to make them coarse at runtime, to amortize the
spawn and commit bottlenecks. These coarse tasks sacrificed parallelism
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Figure 3-4: Exponential spawner trees improve parallelism.

and made aborts costly. Faced with enormously costly aborts, some
prior systems limited their use of speculative parallelization to loops
or program segments where dependences that would cause aborts were
very rare [44, 66, 142, 190, 252].

T4’s ability to make aborts cheap allows aggressively speculating for
parallelism, even in applications where conflicting memory accesses are
common, such as soplex and astar.

3.2.3 Exponentially expanding trees make tiny tasks scale

Spawning tiny tasks with sufficient throughput to keep many cores busy
also requires new strategies in software. The serial chain of spawners
in Figure 3-2(c) cannot achieve high spawn throughput, because only
one core is spawning tasks at a time. These serial task spawns bottle-
neck performance, limiting speedups to at most a few percent for the
innermost loops in SPEC CPU2006 [117].

To address this issue, T4 transforms the code to use exponentially
expanding trees of parallel spawners, as depicted in Figure 3-4. T4
introduces progressive expansion to produce spawner trees even for loops
with unknown bounds or exit conditions (Section 3.6). When a loop
starts executing, spawner trees rapidly expand to distribute the load of
both spawners and workers across the system. Figure 3-1 shows that
T4’s task trees offer further dramatic benefits in performance, on top of
selective aborts.

3.3 T4 Implementation Overview

Table 3-1 summarizes how Swarm features (Section 2.3) couple with
T4’s compiler techniques for effective speculative parallelization.
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Design goal Hardware mechanism Compiler transform

Composable order Timestamps & domains Topological task ordering
Avoid dependences Capsules for heap allocation Stack elimination
Cheap aborts Selective aborts Spawners & tiny tasks
Cheap task spawn Async. reg-to-reg communication Task lifting & live-in reduction
High spawn throughput Distributed task units Progressive expansion
Exploit locality Spatial hints Spatial-hint generation

Table 3-1: To achieve its design goals, T4 introduces new software
transformations to exploit hardware features.
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Figure 3-5: Structure of T4, with corresponding sections in this
chapter. T4 is implemented by adding a series of passes to LLVM’s
middle-end. Transformation passes newly implemented for T4 are
highlighted in orange.

Swarm has previously been used to manually parallelize algorithms
using programmer-assigned timestamps, e.g., to scale graph kernels that
schedule tasks with a priority queue [107, 227]. Instead, T4 generates
timestamps implicitly to preserve sequential semantics in a scalable way.
T4 develops new techniques that extract parallelism despite irregular
control flow, while maintaining the ease of writing deterministic sequen-
tial code and without changing sequential application algorithms or
data structures.

Unlike prior work [44, 66, 142, 190, 252], T4 does not use profile-
guided heuristics to limit speculation to coarse tasks in code regions
where dependences are rare. T4 divides the entire program into tiny
tasks, exposing speculative parallelism starting from the first instruction
of main(). T4 uses the Fractal extension to Swarm [227] to compose
parallelized code and perform speculative execution at the granularity
of tiny tasks.

Figure 3-5 gives an overview of T4’s main components. T4 adds
transformation passes within the LLVM/Clang compiler. All of T4’s
passes are intraprocedural, that is, the compiler performs them on
one function at a time, without relying on expensive interprocedural
analyses. Thus, T4 compilation times stay small and proportional to
code size.
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T4’s passes run towards the end of the LLVM middle-end, after regis-
ter promotion with SSA renaming, function inlining, and optimizations
that reduce redundant or dead computation. Thus, T4’s passes operate
on already simplified IR. This requires more engineering effort than
implementing parallelization in a higher-level language representation.
The reason we undertook this effort is that it significantly improves code
generation by not impeding these standard compiler optimizations [206].
As we will see, this lets us produce parallel code that performs very
little additional work compared to optimized serial code.

T4 parallelizes this sequential IR in four phases, which correspond
to the following four sections of this chapter:

Section 3.4 – Reducing memory dependences: To improve paral-
lelism and avoid false sharing, T4 first optimizes the allocation of local
variables and avoids using a shared stack.

Section 3.5 – Decomposing programs into tiny tasks: T4 breaks
all code into tiny tasks, using loop iterations and function calls as task
boundaries. T4 tags tasks with timestamps to record program order,
and produces spawners that can spawn many children tasks in parallel
from within straight-line code.

Section 3.6 – Loop expansion: T4 generates spawner trees for
loops, exploiting Swarm’s distributed task units for high-throughput
task spawning. T4 can generate exponentially growing spawner trees
even for a loop with unknown tripcount using progressive expansion.

Section 3.7 – Reducing communication costs: T4 coarsens tasks
with striding accesses patterns and generates spatial hints to exploit
locality. Finally, T4 lifts tasks into separate functions that can be
spawned to hardware while reducing memory accesses by exploiting
hardware support for register-to-register communication.

After this, the LLVM backend generates machine code.

3.4 Eliminating the Call Stack

Before parallelizing the code, T4 first transforms it to reduce false
sharing caused by mingling of local variables on shared cache lines,
and to eliminate false dependences caused by coordinating allocation
and deallocation on a shared function call stack. To accomplish this,
T4 uses novel compiler techniques: bundling local variables into heap
allocations and selectively transforming functions with return values
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into continuation-passing style (CPS). Together, these transformations
maintaining nearly the same efficiency as a conventional stack while
entirely eliminating the need to allocate function activation records on
a shared stack.

Bundling: T4 replaces local variables that must normally be allocated
on the stack by bundling them into a single heap chunk. A chunk is
allocated at the start of its function and freed at the end. A variable is
bundled only if the program explicitly uses pointers or references to it
that prevent the compiler from promoting the variable to registers. Most
local variables are not bundled, and are instead promoted to registers
in the course of ordinary compiler optimization. When registers are full,
T4 spills these values to task-private stack space [224] that is recycled
at the end of each task.

Privatization: When bundling variables, T4 also privatizes local vari-
ables scoped within the body of a loop, allocating a separate instance
for each iteration of the loop [154], just as is done by compilers im-
plementing parallel programming frameworks such as OpenMP. This
avoids false dependences between loop iterations.

CPS conversion: Continuation-passing style conversion eliminates the
notion of a function returning to its caller. Thus, there is no need to
allocate stack memory to form a record of function call frames to save
stack frame pointers or return addresses.

T4 converts only function calls where the return value is used by the
continuation to CPS. This conversion modifies the callee to accept an
optional extra argument, a continuation closure. In our implementation,
this closure is allocated on the heap and passed by reference. A closure’s
first field is a pointer to the continuation code, and subsequent fields
hold values captured by the caller and used by the continuation. We
also modify the caller to construct a continuation closure and pass it to
the callee. At the end of the callee’s execution, program control jumps
to the continuation, with the return value passed in a register. For the
code in Figure 3-2(a), this allows many calls to f() to be launched in
parallel, without contention to allocate stack frames. CPS conversion
also allows each call of f() to pass its return value x to a continuation
without contending on a shared stack.

After the transformations of bundling, privatization, and CPS con-
version, the sequential code is ready for parallelization. Many sources
of false dependences have been removed and the code no longer uses a
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shared stack, making it easier to spawn many tasks in parallel. Mutable
local variables shared among tasks and immutable continuations passed
to tasks with return values are now dynamically allocated on the heap.
It is therefore critical that heap allocation (i.e. malloc()) be efficient,
which we will address later in Section 3.8.

Comparison with prior work: Cactus stacks as used in fork-join
parallel languages [67, 77] are the closest technique to T4’s stack elimi-
nation. Both techniques allow parallel tasks to dynamically spawn new
tasks, including function calls, without contention for stack allocation.
However, T4’s stack elimination technique has two important benefits
over cactus stacks. First, T4 is selective in making heap allocations:
whereas cactus stacks require a new heap allocation on each task spawn,
most of T4’s tiny tasks do not require individual memory allocations.
Second, by placing shared data in the heap, T4 separates shared vari-
ables from more frequently used local values on thread-private stacks.
This avoids spurious conflicts that would occur if both types of data
were mingled on a shared stack frame.

CPS conversion is well-studied in compilers for functional languages [12,
13, 222], where it is used as an intermediate representation that sim-
plifies optimizations and eases code generation. We adapt CPS not
to ease compiler implementation but to eliminate contention on the
stack by replacing some stack allocations with heap allocations during
speculative parallelization. To the best of our knowledge, we are the
first to automate CPS conversion for sequential C and C++.

3.5 Full-Program Fine-Grain Parallelization

T4 exploits the structure of loops and functions to preserve program
order while parallelizing an entire program with arbitrarily nested task
spawns.

3.5.1 Task delineation

T4 divides code into tasks by turning each loop iteration, loop continua-
tion, function call, and function call continuation into a separate task.1

1 While the rest of this dissertation primarily uses “task” in the sense of a dynamic

task that is spawned at runtime, in this section we speak of dividing a program into
static tasks which are the fragments of code that may be executed by dynamic tasks.
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Like prior work, we find that this approach naturally limits tasks sizes
to be fairly small [142, 248]. Programs do not commonly run thousands
of instructions without encountering a function call or loop backedge.

Consider again the pattern of execution demonstrated by Figure 3-
2(a): each loop iteration first does some computation, then performs a
read-modify-write on some value in memory. That read-modify-write
may incur conflicts and aborts. In the example in Figure 3-2(a), T4
automatically isolates the read-modify-write into a tiny task because it
is a function call continuation.

3.5.2 Task-splitting annotations

While automatic task delineation suffices for compiling most code, tinier
tasks are required to make aborts cheap under high contention. Thus,
T4 also lets programmers annotate code regions to be split into tasks.
Manual annotations help to isolate contentious memory accesses, which
then enjoy the benefits of cheap aborts and spatial hints (Section 3.2.2).
We find these annotations are not needed in code paths that execute
infrequently and access rarely-updated data, so few annotations are
needed to deliver large performance improvements even in large programs
(Section 3.10.1).

These annotations are very easy to use because they do not affect
program semantics: unlike the pragmas in conventional parallelization
frameworks like OpenMP, it is impossible for T4’s annotations to be
incorrect in the sense of changing the program’s output. As a result,
selecting these annotations does not require careful thought: in our
experience it is easy for a programmer to try several potential annota-
tions within the hottest loops of an application and keep what performs
well. We observe it improves the programmer experience to make the
selection of what tasks to parallelize visible and controllable. For pro-
grammers who do not wish to make these selections themselves, we
have demonstrated using profiling to identify the contentious memory
accesses that cause aborts to allow automatic placement of fine-grain
task boundaries [167].

3.5.3 Task ordering

T4 orders tasks with a combination of timestamps and Fractal domains.
This process starts with the control-flow graph (CFG) of a function, a
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ts=1 ts=2 ts=3 ts=4

ts=j

void f() { g(0);  g(1);  g(42);  g(43); }

void g(int i) { for (int j = 1; j <= 3; j++) h(i,j); }

(a) Code with nested function calls.

f()

g(0)

g(1)

g(42)

g(43)

h(0,0)

h(0,1)

h(0,2)

h(1,0)

…

1

2

3

4

2.1

1.1

1.2

1.3

(b) Timestamps are concatenated
and then lexicographically ordered.

Figure 3-6: An example of how Fractal virtual times (Section 2.3)
may be composed of timestamps assigned separately to one function
and loop body at a time.

directed graph whose nodes are computational operations with edges
between any two operations that might execute in sequence. If the
function will have internal tasks, T4 creates a domain for those tasks.
Before assigning timestamps, T4 contracts loops into a single node,
so that the remaining CFG becomes acyclic.2 T4 then topologically
sorts the nodes of the acyclic CFG, and assigns timestamps to tasks
in topological order, treating each loop as a single task. Thus, it is
guaranteed that these timestamps reflect program order.3

For each loop, T4 creates a Fractal subdomain and repeats task
delineation within the loop. To do this, T4 first gives each iteration
a starting timestamp that is a multiple of the loop index. Then, T4
examines the CFG region made of the loop with the back edge removed,
again using topological sorting with nested loops contracted to assign
timestamps reflecting task order within each iteration. T4 recursively
repeats this process for nested loops, creating tasks at all loop nest
levels.

Figure 3-6(a) shows how T4 assigns timestamps within a function f()

and a loop in function g(). Figure 3-6(b) shows how Swarm hardware
tracks the order of dynamic tasks created at runtime by concatenating
timestamps assigned at different Fractal domain levels. These variable-

2 Node splitting can transform all cycles into natural loops [103].
3 A topological sort is easy to compute in linear time with a depth-first search [236].

We could also use a levelization that assigns one timestamp value per level, which
would work because tasks on the control-flow path that actually executes would
have distinct timsetamps. But we use a topological sort because assigning unique
timestamps that can then serve as integer IDs is convenient within the compiler
implementation, and using a few more timestamps than needed does not hurt
performance.
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length strings of timestamps are called virtual times, and they may be
compared lexicographically to determine ordering between any two tasks
(Section 2.3). A virtualization technique called zooming [227] allows
hardware to maintain the semantics of unbounded-length strings while
storing virtual times in fixed-width task descriptors. As an optimization
that allows more timestamps to fit within fixed storage so zooming is
needed less often, T4 flags most domains it creates where it has ensured
tasks have unique timestamps, so hardware does not need to extend
each timestamp with a tiebreaker to produce unique domain virtual
times (Section 2.3).

3.5.4 Parallel task spawning

After dividing the sequential code into tasks, T4 determines where to
place the spawn point for each task. T4 uses a heuristic that aggressively
favors exposing parallelism and enabling selective aborts: task T spawns
task U as a descendant only if T produces live-out register values used
by U . For example, in Figure 3-2(a), since f produces a return value
x used in the continuation, there is no point in spawning the call to f

and its continuation in parallel. So T4 passes the continuation to f,
which spawns the continuation when it has computed x. These separate
tasks keep aborts cheap (Section 3.2.2). Otherwise, for example when
considering a function call and continuation tasks that do not use
any return value of the function, the tasks are spawned as siblings,
allowing these tasks to run in parallel and be aborted selectively if
needed (Section 3.2.1).

3.5.5 Simple task cleanup

After initial task boundaries, timestamps, and spawn points are decided,
we encode all of this information the IR using an augmented version
of the LLVM IR loosely based on Tapir [206]. The task structure
can then be subsequently modified by further simplification or other
optimizations.

Placing task boundaries using the heuristics in Section 3.5.1 may
create needlessly small tasks, e.g., tasks that perform a small amount of
computation only on registers and do not access memory. To eliminate
these trivial tasks, we employ a simple cleanup pass that moves any
code in tasks that do not access memory into the previous task and
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erases empty tasks.

3.6 Parallel Loop Expansion

T4 adopts a multifaceted strategy to parallelize loops. Central to this
strategy is the use of spawners as described in Section 3.2. T4 uses
three compiler transformation strategies to expand loops to generate
spawners: progressive tree expansion, bounded tree expansion, and
chain expansion. Progressive expansion, a new strategy unique to T4, is
the most critical one to parallelize programs with irregular control flow.

T4’s parallel tree loop expansion differs from all prior TLS compilers,
which spawn iterations of any single loop serially. Exponentially expand-
ing spawner trees expose asymptotically more parallelism: the critical
path of task spawns grows logarithmically in the number of iterations,
instead of linearly, and most task spawns are off the critical path. When
T4 generates spawners, it also uses LLVM’s scalar evolution analysis
to identify and eliminate induction variables that cause unnecessary
dependences between iterations [246]. To avoid flooding the machine
with tasks, each spawner is timestamped according to the first loop
iteration it will spawn. This prioritizes spawners properly so the tree
expands gracefully and tasks will not be spawned too far before they
need to execute.

3.6.1 Progressive tree expansion

Progressive expansion generates spawner trees for loops where the
number of iterations is unknown. Figure 3-7 shows progressive expansion
in action on such an unknown-tripcount loop. Spawner tasks are shown
in gray and loop iteration tasks are shown in blue. The number shown in
each task is its timestamp. Figure 3-7 shows spawners that each spawn
two loop iterations directly, then spawn two child spawners with doubled
stride. Each spawner ensures its subtrees are balanced by giving its
children spawners interleaved iterations. For example, in Figure 3-7, the
spawner children of spawners 2 and 4 are interleaved (with timestamps
6 and 10, and 8 and 12). This exploits Swarm’s ability to spawn tasks in
any order. T4 initiates loop execution by spawning the initial spawner
task, spawner(0, 2), which will lead to the eventual spawning of all
loop iterations. This illustration shows a task tree with a fanout of 2
for simplicity. Our implementation varies the fanout of the spawner

45



int i = 0;

while (status[i]) {

  if (foo(i)) break;

  i++;

}

void iter(Timestamp i) {

  if (!done) {

    if (!status[i]) done = 1;

    else if (foo(i)) done = 1;

  }

}

0

iter(0)

iter(1)

Source code:

4

iter(4)

iter(5)

2

iter(2)

iter(3)

6

iter(6)

iter(7)
10

iter(10)

iter(11)
8

iter(8)

iter(9)
12

iter(12)

iter(13)

void spawner(Timestamp i, int stride) {

  if (!done) {

    swarm_spawn(iter, i);

    swarm_spawn(iter, i + 1);

    swarm_spawn(spawner, i + stride, 2*stride);

    swarm_spawn(spawner, i + 2*stride, 2*stride);

  }

}

Figure 3-7: Progressive expansion scales a while loop. Boxes show
pseudocode for tasks of the transformed loop. The call to foo()

may spawn nested tasks (not shown).

tree to balance the demands of filling the system quickly and limiting
the number of unneeded tasks spawned, beginning with each spawner
spawning four loop iterations and four child spawners at early levels of
the tree.

To handle unknown termination conditions, progressive expansion
transforms control dependences into data dependences on a newly cre-
ated termination flag variable. Control-flow paths that would exit the
loop write to this flag, which is named done in the lower left of Fig-
ure 3-7. Loop iteration and spawner tasks read this flag and exit early
if the loop has already terminated. The new flag is a memory-resident
variable that exploits Swarm’s ordinary mechanisms for scalable specu-
lation. Each task that reads the variable brings a shared copy into an
L1 cache. When the flag is finally written upon loop termination, cache
invalidations trigger the discovery of conflicts and abort any tasks that
misspeculatively ran past the end of the loop.
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0

do_body(0x6823)

do_body(0xe552)

2

3

1 do_body(0xface)

do_body(0xf000)
Node* ptr = start;

while (ptr) {

  ptr = ptr->next();

  do_body(ptr);

}

Source code:

Figure 3-8: Chain expansion avoids conflicts on ptr. Executions of
do_body() may spawn nested tasks in parallel (not shown).

3.6.2 Bounded tree expansion

In some loops, LLVM analyses can find an expression for the number
of iterations. For example, in Figure 3-2(a), the compiler knows the
tripcount will be given at runtime by the variable size. For these
known-tripcount loops, T4 can generate spawner trees without control
speculation: each spawner is responsible for a range of consecutive
iterations, which it divides evenly across children spawners, forming a
simple balanced tree as shown in Figure 3-4. Our implementation of
this compiler optimization for known-tripcount loops is similar to that
in Tapir [206]. However, to improve parallelism, we increase the fanout
so each internal spawner spawns four children spawners, and each leaf
spawner spawns up to eight loop iterations.

3.6.3 Chain expansion

While progressive expansion can operate on any loop, spawner trees are
unprofitable for the loop in Figure 3-8, where each iteration depends
on the previous iteration’s update of ptr. T4 identifies such serializing
variables meeting three conditions:
1. every iteration unconditionally reads and writes to it,
2. substantially all computation in the loop body is dependent on the

value of the variable, and
3. the variable is not an induction variable that can be rewritten/elimi-

nated.
In the rare condition all three conditions are met, T4 performs chain

expansion which avoids aborts caused by speculating on these frequently
updated variables.

As shown in Figure 3-8, chain expansion divides each loop iteration
into two parts: a slice that computes the serializing value, shown in
orange, and a slice that consumes it, shown in blue. Chain expansion
performs well in outer loops where the consuming slice is large, con-
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taining inner loops or function calls that T4 breaks into nested parallel
tasks. As an optimization, T4 can schedule orange tasks to run at one
location so spawn rate is insensitive to communication latency, as in
SpecDSWP [244].

3.7 Reducing Communication Costs

T4 performs optimizations that reduce data movement costs among
tasks: exploiting locality by coarsening tasks with striding accesses and
generating spatial hints, and packing live-in values to reduce task-spawn
costs.

3.7.1 Loop task coarsening for cache alignment

To avoid aborts when hardware falsely detects dependences on accesses
to different addresses within a shared cache line, T4 identifies inner loops
that scan through memory with a fixed stride per iteration and coarsens
the tasks associated with the loop to make tasks cache-aligned: each
coarsened task covers all the elements of one or more cache lines, and
consecutive tasks access disjoint cache lines. For example, with 64-byte
cache lines and accesses that stride 48 bytes per iteration, T4 coarsens
by a factor of four and generates prolog and epilog code so that each
task covers its own three cache lines. We adapt strip-mining and prolog
loop generation from SIMD vectorization [29, 131]. However, while
automatic vectorization relies on fragile pointer analyses or programmer
annotations (e.g., the restrict keyword) to prove memory accesses
are safe to parallelize [146], T4 coarsens loop tasks without relying on
aliasing guarantees, eliminating false sharing due to striding accesses in
many inner loops.

Salamanca et al. had previously observed strip-mining could avoid
false sharing for loops with striding access patterns [201]. T4’s loop
task coarsening fully automates this strip-mining, including strip size
selection, and generates prolog and epilog loops to align task boundaries
to cache lines, instead of assuming array accesses always start at the
beginning of a cache line.
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3.7.2 Spatial-hint generation for locality-aware speculation

Spatial hints exploit spatial locality even for irregular access patterns.
To generate spatial hints, T4 identifies tasks that write to a single
memory address, or a related set of memory addresses (e.g., addresses
falling within a single cache line), as candidates to be given spatial hints.
For each candidate task, T4 checks if it can hoist the computation
of the accessed address into the parent task. This hoisting is easy
for tiny tasks, where the nearest task boundary preceding a memory
access is close by. If the address computation is successfully hoisted,
then T4 uses the cache line address (computed by a right shift) as
the hint. This reduces ping-ponging of frequently written cache lines
(Section 3.2.2). Section 3.9 presents a case study where this is crucial
to obtain scalability.

3.7.3 Task lifting with live-in reduction

Up to now, T4 represented task code nested within larger functions, using
an approach similar to Tapir [206]. This allowed task transformations
to reuse existing LLVM analyses on control- and data-flow across task
boundaries. To finalize task boundaries, T4 lifts each task’s code into a
separate LLVM IR function, which requires each spawn site to capture
the task’s live-in values in a closure.4 If a task’s live-ins fit into the
registers that hardware task descriptors can hold (five 64-bit values in
addition to the function pointer and timestamp in our implementation),
the entire closure is passed through registers, avoiding memory accesses.
If live-ins do not fit in registers, the parent task allocates the extra
live-ins on the heap and passes a pointer so the child task can read the
values.

T4 performs three optimizations to reduce closure sizes:
1. Loop environment sharing allocates a single heap object that holds

all loop-invariant live-ins. All loop iterations read from this single
location, achieving good L1 hit rates.

2. Live-in sinking finds task live-ins that can be very cheaply recom-
puted from other available values (e.g., multiple addresses computed
by adding constant offsets to the same pointer) and sinks or copies
the computation into the task [6].

3. Register packing generates instructions to shift remaining live-ins

4 Much like lambda lifting or closure conversion [12, Chapter 10].
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into the minimum number of machine registers. For example, real-
world programs often use 32-bit integers, and T4 can pack two 32-bit
live-ins into a 64-bit value for task spawns. T4 adds instructions at
the start of the task to unpack the live-ins into separate registers.

These optimizations trade increased instruction count for reduced task-
spawn data movement. With these optimizations, most task spawns
need only capture a few live-in registers into a small task descriptor,
which is cheap to send over the on-chip network and hold in hardware
task queues.

3.8 Scalable Speculative Memory Allocation

The scalability of dynamic memory allocation (i.e., malloc()) is critical
to the performance of general parallel programs [25]. Not only do some
applications make intensive use of heap allocation, T4’s transformations
create additional heap allocations for local variables shared among
tasks. We therefore need a suitable memory allocator for T4 that allows
speculative parallel tasks to perform allocation and deallocation without
gratuitous serialization.

Unfortunately, the semantics of dynamic memory allocation makes
it inefficient or inappropriate to call into existing allocators within
hardware-managed speculative tasks. One could use an allocator not
designed for speculative execution, but hardware would serialize tasks
that read and update the allocator’s internal metadata (i.e., its freelists).
Most of this serialization is not material to program semantics. For
example, it is safe for parallel tasks to allocate any distinct available
chunks out of order. Furthermore, if a task allocates memory and then
aborts, it is safe to simply deallocate the memory: it is not necessary to
further abort parallel tasks that had allocated from the same free lists.
Prior work has developed specialized allocators for transactional-memory
systems without speculative forwarding to avoid needlessly serializing
accesses to allocator metadata [98], e.g., by using escape actions or
open-nested transactions [272]. However, these techniques are unsafe in
systems with speculative forwarding such as most prior TLS systems as
well as Swarm. As far as we know, no scalable memory allocator has
been implemented for systems with speculative forwarding.

capalloc: To solve this problem, we implement capalloc, a memory
allocator built with Capsules (Section 2.3.4). In capalloc, all allocation
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calls (malloc(), calloc(), etc.) are capsule functions, which register an
abort handler that deallocates the memory if the calling task aborts. To
avoid reusing memory freed by tasks that later abort, each deallocation
call (free(), etc.) spawns a commit handler, a special type of non-
speculative task [109], to perform delayed deallocation. After the parent
task commits (or aborts) the TSB sends its children commit handlers (or
abort handlers) to TQs which will dispatch them to run non-speculatively
on the next available core. Unlike ordinary tasks, we do not assign these
handlers timestamps for them to participate in the commit protocol,
and hardware commits these tasks immediately when they run. This is
critical for performance, as these handlers’ execution is delayed until
they are safe to run non-speculatively, so their participation in Swarm’s
commit protocol would delay commit of other ordinary tasks.

capalloc’s internal design mimics TCMalloc [73], a state-of-the-art
and widely used multithreaded memory allocator. Small allocations
(≤16 KB in our implementation) are served by a per-core software cache.
Per-core caches are accessed without locks and retain recently used
chunks at the same core, improving locality. These caches hold a limited
amount of memory, and allocate from a set of central freelists. Large
allocations are served from a centralized page heap that prioritizes
space efficiency. The central freelists, large heap, and system-wide page
allocator use spinlocks to avoid data races. Unlike TCMalloc, which
reuses free chunks to implements freelists as linked lists, capalloc keeps
all its metadata in untracked memory (Section 2.3.4), so hardware
does not observe data dependences on freelist updates. Thus, parallel
speculative tasks can perform allocations without spurious serialization:
a high-timestamp task that speculatively allocates memory will not be
aborted if a lower-timestamp task later arrives and allocates from the
same freelist.

3.9 Putting It All Together

We now present a case study on how T4’s techniques combine to
parallelize a challenging loop from 473.astar. Due to its frequent data
dependences, no prior TLS system has reported significant speedup on
astar.

Listing 3.1 shows a hot loop in astar, which finds paths in a 2D
grid. Each loop iteration visits a node identified by index. For each of
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1 int bound2l = 0;

2 for (i = 0; i < bound1l; i++) {

3 index = bound1p[i];

4 index1 = index-yoffset-1; // NW neighbor

// 1st of 8 identical code blocks:

5 if (waymap[index1].fillnum != fillnum

6 && maparp[index1] == 0) {

7 bound2p[bound2l++] = n;

8 waymap[index1].fillnum = fillnum;

9 waymap[index1].num = step;

10 if (index1 == endindex) {

11 flend = true;

12 return bound2l;

13 }

14 } // End of 1st identical code block.

15 index1 = index-yoffset; // N neighbor

// 2nd of 8 identical code blocks appears here.

26 index1 = index-yoffset+1; // NE neighbor

// 3rd of 8 identical code blocks appears here.

// ... more repetitions w/ different index1 ...

// 8th of 8 identical code blocks appears here.

92 }

Listing 3.1: Code taken from Way_.cpp in astar, compressed and with
repeated code blocks omitted
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Figure 3-9: Execution timeline of astar. Task colors match List-
ing 3.1. Numbers denote loop iterations. Arrows indicate spawns
of neighbor-append tasks.

the node’s eight neighbors in the grid, identified by values of index1,
the code checks whether the neighbor should be appended to a queue,
bound2p, to be visited later. This happens about once per iteration on
average.

However, to avoid frequent, expensive aborts, we must isolate
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neighbor-appends, such as on line 7, as each append depends on the
previous update to bound2l. T4 delineates tasks as shown in Figure 3-9:
each iteration starts with a blue task which spawns eight neighbor-
checking tasks, in green, which have been split into tasks by annotations
and use spatial hints (Section 3.7.2) to exploit locality in the waymap

array. Neighbor-checking tasks that access different cache lines within
waymap can run in parallel. Neighbor-checking tasks spawn neighbor-
append tasks, in orange, when needed. Neighbor-append tasks use the
cache line of bound2l as a spatial hint, so accesses to this contentious
variable execute serially in one tile. This is critical to achieve any
speedup (Section 3.10.4). Aborts still occur if tasks execute out of order,
but Swarm’s timestamp prioritization limits the frequency of aborts.

To keep cores busy, T4 must parallelize neighbor-checking tasks
across loop iterations. This is an unknown-tripcount loop due to return

statements inside the loop, so progressive expansion is needed to allow
for spawning iterations quickly.

3.10 Evaluation

3.10.1 Experimental methodology

Simulated hardware: We use a cycle-level simulator based on Pin [143,
173] to model Swarm systems with parameters given in Table 3-2. We use
detailed core, cache, network, and main memory models, and simulate all
task and speculation overheads (e.g., task traffic, running misspeculating
tasks until they abort, simulating conflict check and rollback delays and
traffic, etc.). We also simulate smaller systems with fewer tiles, keeping
per-core cache sizes and queue capacities constant. This is equivalent
to using partitions of the 64-core system.

To reduce wasted work, we also implement a gentle hardware heuris-
tic for throttling overly eager speculation. If a task has been repeatedly
aborted, the task unit delays its next dispatch, and the delay grows
with additional aborts. We find this gentle throttling does not hurt
performance in any benchmark. In fact, it helps execution time for
benchmarks with a high ratio of aborts, by avoiding cache-line ping-
ponging and network contention created by misspeculating memory
operations.

Benchmarks: We evaluate T4 with real-world applications from
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Cores
64 cores in 16 tiles (4 cores/tile), 3.5 GHz, x86-64 ISA;
Haswell-like 4-wide OoO superscalar [82]

L1 caches 32 KB, per-core, split D/I, 8-way, 2-cycle latency

L2 caches 1 MB, per-tile, 8-way, inclusive, 9-cycle latency

Last-level
cache

64 MB, shared, static NUCA [121] (4 MB bank/tile),
16-way, inclusive, 12-cycle bank latency

Coherence MESI, 64 B lines, in-cache directories

NoC
Four 4×4 meshes, 192-bit links, X-Y routing, 1 cycle/hop
when going straight, 2 cycles on turns

Main
mem

4 controllers at chip edges, 120-cycle latency

Queues
64 task queue entries/core (4096 total),
16 commit queue entries/core (1024 total)

Conflicts
2 Kbit 8-way Bloom filters, H3 hash functions [45]
Tile checks take 5 cycles (Bloom filters) + 1 cycle per
timestamp compared in the commit queue

Commit
Tiles send updates to virtual time arbiter every
100 cycles

Spills Spill 15 tasks when task queue is 86% full

Table 3-2: Configuration of the 64-core system.

Benchmark Lines of code Modified lines Cycles per task

429.mcf 1,574 None 236
433.milc 9,575 +18, -13 153
444.namd 3,887 None 1772
450.soplex 28,302 +25, -16 38
456.hmmer 20,680 +11, -9 170
462.libquantum 2,605 None 211
464.h264ref 36,032 +12, -9 25
470.lbm 904 +1, -1 809
473.astar 4,285 +29, -144 11
482.sphinx3 13,128 +17, -8 47

Total 120,972 +114, -201 347

Table 3-3: SPECCPU2006 benchmarks used in the evaluation.
Lines of code exclude comments and whitespace.

SPECCPU2006 [89]. We exclude the ten Fortran benchmarks, which
are floating-point, scientific applications for which manually parallelized
versions already exist. The C/C++ programs we evaluate are hard to
parallelize, even with speculation [59, 117]. To the best of our knowl-
edge, Packirisamy et al. obtained the best previous speedups for these
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benchmarks—1.6× at 4 cores, 1.91× at 8 cores—by combining advanced
compiler techniques with hardware support for TLS and synchroniza-
tion [171].

Several benchmarks cannot be compiled by T4 because they use
features whose existing implementations rely heavily on a conventional
stack layout, such as C++ exceptions or setjmp()/longjmp().5 We
evaluate all ten benchmarks that can be compiled by T4, listed in
Table 3-3.

As T4 is based on LLVM/Clang 5.0, we compare the results of
compiling each benchmark with T4 v.s. an ordinary serial binary com-
piled with LLVM/Clang 5.0. Both versions are compiled with -O3. We
verified that T4-compiled benchmarks deterministically produce the
same result as the serial version.

We evaluate all benchmarks with the ref (largest) inputs. Since
these run for a very long time, we use SimPoints [175, 210] to select
a sample period of the serial version’s execution containing 2 billion
dynamic instructions that is representative of steady-state execution.
None of the benchmarks spends the sample period in a single loop: each
sample includes many transitions between loops and other hot code
regions.

To ensure we simulate the same sample region regardless of compiler
transformations, we automatically instrument certain function entry
points with heartbeats. Our simulator counts heartbeats to determine
the start and end of the sample period.

We modify the source code of some of the benchmarks to help the
compiler uncover more parallelism. Table 3-3 reports the lines changed,
a small fraction of the program’s lines of code in all cases. In soplex

and sphinx3, these modifications are annotations to break up tasks as
explained in Section 3.5.2. In astar, we deduplicate repetitive code
and add annotations to break up tasks as shown in Section 3.9. We
manually perform loop fission in hmmer to allow T4 to better divide
different striding memory accesses into parallel tasks that access separate
cache lines (Section 3.7.1). This loop fission can be automated in future
work. lbm, milc, and h264ref use simple modifications to avoid false
sharing. In milc and h264ref, we move the declarations of variables
into loops when they are used to hold short-lived values within each loop
iteration. This enables T4’s privatization to avoid false dependences

5 Future work could address this, e.g., by passing escape continuations [12, 223]. This
needs non-trivial engineering due to how exceptions are handled in LLVM.
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Figure 3-10: For each system size, performance of T4 normalized
to serial code running on the same system.

(Section 3.4).

We organize the evaluation as follows: we analyze T4’s overall perfor-
mance (Section 3.10.2), how T4’s spawner trees are key to performance
(Section 3.10.3), the effect of task-splitting annotations and hints (Sec-
tion 3.10.4), task lifting optimizations (Section 3.10.5), and sensitivity
to core microarchitecture (Section 3.10.6).

3.10.2 T4 performance

Figure 3-10 reports the performance of T4 (higher is better) relative to
serial code on systems with 1, 4, 16, and 64 cores. We divide benchmarks
into two classes: Class 1’s hottest inner loops have some iterations that
are independent of other iterations, while Class 2 benchmarks’ hottest
loops contain mutable scalar variables accessed on every iteration. Such
data dependences necessarily limit the scalability of Class 2 benchmarks,
so we focus on Class 1 benchmarks. T4 scales Class 1 benchmarks well,
achieving gmean 19× speedup. T4 scales multiple benchmarks to tens
of cores, with up to 49× speedup on 64 cores (for lbm).

Figure 3-11 provides further insight into these results. Each bar’s
height shows the execution time (lower is better) of T4 at 1, 4, 16, or 64
cores, relative to the execution time of the original serial version on 1 core.
The 1-core T4 bars show that T4 introduces modest overheads of gmean
32% across all ten benchmarks. The majority of the overhead is from
instructions T4 generates to pack and unpack live-ins when spawning
tasks or to load values from shared loop environments (Section 3.7.3).
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Figure 3-11: Breakdown of execution time of T4 systems with 1, 4,
16, and 64 cores, normalized to the Serial code on a 1-core system.

T4 has the highest overheads in astar, soplex, and h264ref, which are
divided into very tiny tasks, tens of cycles long, as shown in Table 3-3.
In return, short tasks make aborts cheap and confer high speedups.

Figure 3-11 also shows a breakdown of how cycles are spent, averaged
across cores. The breakdown shows how cores spend time in five ways:
1. executing tasks that later commit,
2. executing tasks later abort,
3. idle because of the throttling heuristic,
4. stalling on a full commit queue, or
5. idle because no task is available to run.

This breakdown shows that, on all benchmarks at 4 cores, cores spent
most of their time executing useful work that will commit. Because
Class 2 benchmarks do not scale beyond 4 cores, their execution time
changes little at higher core counts, with the additional cores mainly
running more speculative tasks that abort or are throttled when tasks
abort repeatedly. Class 1 benchmarks scale to tens of cores, and aborts
take a minority of execution time even at high core counts. Cores rarely
stall on task commit, as commit queue (Section 2.3) occupancy averages
43 buffered tasks waiting to commit per tile, across all benchmarks.
Cores also rarely lack tasks to run, as task queues average 24 runnable
tasks per tile. Timestamp-prioritized spawners (Section 3.6) unfold
trees gradually, so time lost to spilling task queues is <0.01%.

Class 1 benchmarks: lbm, libquantum, and milc have plentiful
parallelism. Prior work has noted that data dependences between
iterations of their inner loops are rare, but achieved limited scalability
due to inefficient mechanisms for spawning large numbers of speculative
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tasks [171]. T4 scales these benchmarks with highly parallel spawner
trees.

T4 also finds significant parallelism in soplex and astar. yielding
7.6× and 4.8× speedups, respectively. Data dependences in these
benchmarks do cause noticeable aborts, but because these aborts are
selective, they do not impede the scalability of independent work. The
majority of soplex’s hot inner loops resemble the example in Figure 3-
2(a). Meanwhile, astar’s inner loops are described in Section 3.9. Both
have read-modify-write operations and feature significant spatial locality
that spatial hints exploit.

Class 2 benchmarks: These benchmarks are dominated by loops
where each iteration unconditionally accesses a shared mutable variable,
creating a long critical path of data dependences that limits parallelism.
In sphinx3 and mcf, T4 extracts parallelism by isolating dependences
into tiny tasks. In sphinx3, the tiny tasks are generated due to manual
annotation (Section 3.10.4). Meanwhile, mcf spends much of its time
in pointer-chasing loops in which the data dependence is at the top
of the loop body. T4 pipelines the execution of loop iterations using
chain expansion (Section 3.6.3), without requiring any source code
annotations, with performance similar to prior TLS systems.

Parallelism is limited in hmmer and h264ref, and T4 yields no
speedup on namd. In these benchmarks, inner loops have many true
loop-carried dependences and little independent work that can run in
parallel. Prior work obtains similar or slightly higher speedups on Class
2 benchmarks [171] through aggressive compiler optimizations that move
instructions off the critical path [263]. These compiler techniques could
be implemented in T4 to improve the performance of these benchmarks.
However, T4 focuses on applications where spawner trees, tiny tasks,
and spatial hints can avoid a rigid critical path, allowing tasks to run in
parallel without every loop iteration participating in a serial bottleneck.

3.10.3 Benefits of spawners and spawner trees

Benchmarks show large variability in scalability, but T4’s uses of spawn-
ers yield broad benefits across many benchmarks.

Figure 3-12 compares the execution time of three T4 variants with
an idealized TLS baseline. All experiments use small tasks, spatial
hints, and the same Swarm hardware support for task spawns, task
commit, and conflict detection. Figure 3-12(a) shows 64-core results for
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Figure 3-12: Execution time for Ideal TLS baseline, and T4 when
successively enabling more features: Selective aborts, Bounded tree
expansion, and finally Progressive expansion.

Class 1 benchmarks (as in Figure 3-1). Figure 3-12(b) shows Class 2
benchmarks at four cores, since their performance does not meaningfully
improve beyond four cores.

In the TLS baseline, function calls and nested loops have the benefit
of parallel spawns, but iterations within each loop are spawned one at
a time, as in prior work [142, 194]. When a conflict is detected, it is
broadcast to all tiles, which perform an idealized abort and rollback of
later tasks in a single cycle. We idealize aborts to show that TLS has
limitations that go beyond hardware bottlenecks.

The first T4 variant (+S) uses spawners to enable Swarm’s selective
aborts (Section 3.2.1). Enabling selective aborts not only leads to less
wasted work, it also reduces no-task cycles, because in the moments
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following an abort, more independent tasks are still available to run.
This benefits all benchmarks but lbm, which had few aborts to begin
with. lbm +S is slightly worse than the ideal baseline because we are
now modeling the latency of rolling back writes on each abort.

The middle T4 variant (+B) enables bounded spawner trees for
known-tripcount loops (Section 3.6.2). This brings significant benefits
to the hottest inner loops in libquantum, lbm, and soplex. The final T4
variant (+P) enables progressive expansion to scale unknown-tripcount
loops, which appear in every benchmark except lbm. By spawning
work more quickly, spawner trees reduce the time that cores spend idle.
Progressive expansion also has a mixed effect on aborts: running more
speculative tasks may result in more aborts, but populating tasks queues
more quickly can also reduce aborts in some benchmarks, as task queues
can better prioritize the dispatch of less-speculative (lower-timestamp)
tasks.

3.10.4 Task-splitting annotations and spatial hints
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Figure 3-13: 64-core execu-
tion time without (-A) and
with (T4) task-splitting an-
notations.

Figure 3-13 shows the performance im-
pact of disabling code annotations that in-
struct T4 to split tasks at finer granularity
(Section 3.5.2) for the three benchmarks
that use annotations: soplex, astar, and
sphinx3. These benchmarks are domi-
nated by loops where most computation
is spent on parallelizable work to compute
updates to apply to shared data, and lit-
tle time is spent updating the shared data
itself. Without annotations, the only task
boundaries come from loop iterations and
function calls, leaving the expensive par-
allelizable computation in the same task
as the conflict-prone memory accesses.
Thus, the three benchmarks become dom-
inated by expensive aborts and throttling

of aborting tasks. (If throttling is disabled, total execution time is even
worse.) This shows the importance of identifying accesses to contentious
data and isolating them with tiny tasks, which makes aborts cheap and
enables spatial hints (Section 3.2.2). Because task-splitting annotations
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cannot change program output, it is safe to try inserting them in differ-
ent positions without careful analysis and then keep what works best.
As shown by Table 3-3, we annotated a very small portion of the code
in these three benchmarks.

T4 is the first compiler to obtain any meaningful speedup on astar

or soplex. Prior TLS efforts could not even achieve 2× speedup for
astar on any number of cores. This shows the importance of using
tiny tasks that enable spatial hints (Section 3.7.2). Hints are critical to
scalability, as otherwise a single frequently written cache line can cause
copious aborts.
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Figure 3-14: astar needs
spatial-hint generation.

When astar repeatedly updates a sin-
gle variable bound2l, these serialized op-
erations form a critical path that limits
whole-program performance (Section 3.9).
Figure 3-14 shows that spatial-hint gener-
ation is critical to scale astar, and with-
out it T4 would fall flat, achieving 1.5×
speedup on 16 cores and deteriorating
thereafter. Without spatial hints, tasks
are sent to random tiles, ping-ponging the
cache line in which bound2l resides.

3.10.5 Task spawn traffic and effect of live-in reduction

T4’s optimizations produce tasks with few live-ins (i.e., inputs). This is
crucial, because it enables spawning tiny tasks and distributing them
across a large chip with small bandwidth costs. Table 3-4 shows the
volume of live-in values transferred from parents to children tasks, with
and without loop environment sharing and live-in sinking (Section 3.7.3).
These optimizations reduce the number of register values that must
be saved into task descriptors and shipped across the network, which
are the main overheads associated with task spawning. With T4’s
optimizations, spawning most tasks only requires moving a few 64-bit
register values (Section 2.3), much cheaper than prior TLS systems that
moved whole register contexts. Table 3-4 shows that most of T4’s task
spawns do not allocate memory.
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No optimizations With optimizations
Bytes Tasks Bytes Tasks

Benchmark per task using heap per task using heap

lbm 21.6 0% 18.8 0%
libqntm 26.9 17% 12.0 0%
milc 21.5 1% 20.4 0%
soplex 29.8 14% 17.0 0%
astar 63.0 67% 24.7 0%
sphinx3 64.7 26% 26.8 4%
hmmer 90.2 86% 26.6 18%
mcf 148.7 97% 28.6 3%
h264ref 54.0 66% 22.4 5%
namd 175.1 34% 185.8 33%

Average 69.6 41% 38.3 6%

Table 3-4: T4’s task lifting optimizations reduce NoC traffic due
to task live-ins and reduce heap allocations needed to pass data
between tasks.
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Figure 3-15: Performance of T4 on systems with simple in-order
cores, normalized to serial code running on the same system.

3.10.6 Core microarchitecture

Results so far use up to 64 superscalar out-of-order (OoO) cores, re-
flecting real products available in 2020. But T4 is orthogonal to core
microarchitecture. For comparison, Figure 3-15 shows the performance
of T4 on systems with scalar, in-order cores. Despite the very different
core microarchitectures, simple in-order cores show T4 enjoys similar
speedups as with OoO cores in Figure 3-10. OoO cores run gmean 2.6×
faster than simple in-order cores by exploiting ILP within each task,
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while T4 exploits speculative parallelism over hundreds of tasks, a far
larger window than OoO cores.

3.11 Additional Related Work

T4 shares a similar goal to prior TLS systems [63], many of which were
previously discussed in Section 2.2 and Section 3.1. These prior TLS
systems were limited by the hardware they proposed to use and could
not scale to tens of cores as T4 does. For example, because they lacked
access to Swarm’s hardware support for selective aborts and spatial hints,
prior TLS compilers did not have the opportunity for optimizations
similar to T4’s for reducing abort costs and providing locality-aware
execution. In some cases, hardware sufficient to implement some T4
optimizations was proposed prior to Swarm, which we discuss below.

3.11.1 TLS with out-of-order spawn

T4’s separation of spawners from worker tasks is not possible in most
TLS architectures, where a task cannot spawn multiple children that
commit. Renau et al.’s TLS architecture [194] relaxes the requirement
that task spawns must be serial, allowing speculative tasks to spawn
children independently. This architecture can exploit some nested
parallelism to form some task trees, and in fact it enabled the POSH
compiler to perform whole-program speculative parallelization [142].
But it still performed serial commits that limited performance. They
addressed serial per-task commit overheads by dynamically merging
tasks when cores are all occupied, resulting in committing fewer, coarser
tasks at the cost of more expensive aborts.

Moreover, rather than allowing the compiler to specify a commit
order independent of spawn order as Swarm does with timestamps,
Renau et al.’s architecture requires that any single task must spawn
its children strictly in reverse of the order they should commit. This
prevents general forms of nested parallelism that require interleaved
ordering. They could not interleave task timestamps as needed for
progressive expansion. In fact, Renau et al.’s architecture and the POSH
compiler that targets it still spawn iterations serially when parallelizing
a single loop.

Finally, Renau et al. did not decouple spawn order from execution
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order by prioritizing dispatch of less-speculative (i.e., lower-timestamp)
tasks as Swarm does. Instead, cores immediately execute a task when it
is spawned, even if the task is very speculative and unlikely to commit.
By contrast, Swarm’s distributed task queues manage many tiny tasks
and prioritize allocating resources such as cores to tasks that will commit
soon. This makes it profitable to spawn tasks before they need to execute
so the task queues will be able to prioritize tasks before they dispatch
to a core. Thus, while POSH had to use profiling to avoid spawning
tasks that were likely to abort, T4’s design can instead spawn tasks
aggressively to unlock greater parallelism.

3.11.2 TLS with register-to-register communication

Many TLS compilers communicate values through memory, e.g., by
preventing the promotion of shared values to registers so that they
are always resident in memory at task boundaries [142]. This impedes
standard compiler optimizations [193], and the energy and bandwidth
requirements of moving entire cache lines for every task spawn presents
a challenge to scaling tiny tasks to many cores. Some TLS systems
introduce hardware mechanisms to send register values among tasks
and allow software to select which registers to send [36, 125, 218]. T4’s
register packing and task-lifting optimizations would reduce the volume
of data sent in such architectures, making task spawns cheaper for them
just as it does for Swarm.

3.12 Summary

We have presented T4, a compiler that takes a new approach to spec-
ulatively parallelize sequential programs. T4 uses task trees to spawn
tasks far in advance, exploiting Swarm hardware to fill the system with
work. Trees make tiny tasks practical. In turn, tiny tasks unlock new
opportunities to make aborts cheap and expose more parallelism. To
efficiently spawn tiny tasks, T4 introduces novel transformations such as
progressive expansion to produce exponential trees for irregular loops,
and a reimagined form of CPS conversion to eliminate contention on the
stack. T4’s task-lifting optimizations make task spawns cheap, and tiny
tasks enable spatial-hint generation, which makes T4 the first system for
speculative parallelization to use dynamic information from sequential
code to exploit locality.
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By combining new software and hardware techniques, T4 broadly
improves scalability over prior work, extracting enough parallelism to
keep tens of cores busy, including on irregular code that defeated prior
work.
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4 S5:

Schedule Structures to

Sidestep Spurious Serialization

Part of this work was conducted in collaboration with Ajay Brahmak-
shatriya, Emily Furst, Claire Hsu, Changwan Hong, Yunming Zhang,
Julian Shun, Daniel Sanchez, and Saman Amarasinghe. Specifically,
the GraphIt DSL compiler used for some workloads in this chapter as
developed collaboratively. S5’s design and implementation are individual
contributions of this dissertation.

4.1 Introduction

The usage patterns of data structures greatly affect the parallelizability
of a program. Parallel tasks may read shared data without serialization,
so it is data that receive frequent writes that are of concern. Fortunately,
if a large data structure’s constituent elements have many writes as their
state evolves over time, writes to separate elements may be executed in
separate parallel tasks. However, there may be limited parallelism in
the program phases when a data structure is first populated or when
it is finally emptied. We observe parallelism in real-world sequential
programs is commonly bottlenecked by data structures that have only
these two phases. That is, after these structure’s elements are produced,
the program only accesses the elements to consume them. We call
such data structures schedule structures because they schedule deferred
consumption of data, or in other words, they act as task queues.

For example, Figure 4-1(a) shows a program using std::vector, the
commonly used C++ datatype for a dynamic array. The vector named
valuable_widgets is a schedule structure that collects pointers in one
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1 std::vector<Widget*> valuable_widgets;
 2 int total = 0;
 3 // Producer loop
 4 for (Widget* w : all_widgets) {
 5   if (w->value > 0) {
 6     total += w->value;
7 valuable_widgets.push_back(w);
 8   }
 9 }
10 
11 // Consumer loop
12 for (Widget* w : valuable_widgets) {
13   process_widget(w, total);
14 }
15 valuable_widgets.clear();

Shared Memory

...

0x68230

0x65900

0x65900

0x42000

Ta
il p

o
in

te
r

(a) C++ loops producing and consuming elements of a collection. (b) Using a single array in memory.

Figure 4-1: C++ code using std::vector to facilitate deferred work.

loop in order to consume them in another loop later in the program.
This vector is efficient for serial execution because it is simple and
compact, but vector insertions cause data dependences that serialize
execution. This serialization is gratuitous. valuable_widgets merely
serves to defer the task of passing a pointer to process_widget(), which
could be done without storing elements in a vector.

The gratuitous serialization arises from within the implementation
of std::vector, which has a pointer that tracks where to write the next
element as shown in Figure 4-1(b). Calling std::vector::push_back()

increments this pointer to the next contiguous location in memory. Thus,
different cores performing insertions would ping-pong this pointer’s cache
line from one core to the next, serializing all insertions. Unfortunately,
this type of serialization occurs not only when appending to vectors, but
when populating many schedule structures used in sequential programs.
The typical usage of arrays, linked lists, trees, and hash tables in
sequential programs nearly always updates some pointer, index, or
count upon every insertion, causing copious serialization.

To address this problem, this chapter presents S5, a system that
transforms schedule structures to be nearly as fast as a scheduler im-
plemented in fixed-function hardware while also being as flexible as
software schedulers that can be customized for an application’s specific
needs. The name S5 describes how it enables efficient implementations
of schedule structures to sidestep spurious serialization. S5 combines
three components: a library of simple abstract data types (ADTs) that
capture an application’s scheduling needs, a new compiler named T4+
that extends T4 to transform scheduling into parallel task spawns, and
a new architecture that extends Swarm to let software customize the
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Figure 4-2: Four flows for tasks producing elements of a collection
to launch tasks that consume the elements. Hardware queues are
fast and placed near cores, while software queues are customizable
and have larger capacities.

semantics of hardware-managed tasks.
Figure 4-2 shows four ways consumer tasks can flow into Swarm’s

hardware queues that manage implicitly parallel execution. T4 can
only exploit limited parallelism in a schedule structure such as that
in Figure 4-1 by using the serialized in-memory flow in Figure 4-2(a).
This is because, while T4 can optimize the memory layout of local
variables, T4 cannot automatically transform dynamic data structures.
Thus, it builds the structure from the original serial program in memory
before spawning consumer loop iterations that read elements from
memory. As a result, execution is serialized by operations such schedule
structure insertions. S5 enables programmers to choose among the three
other flows, all of which exploit Swarm hardware’s timestamp-ordered
execution model to reduce or eliminate serialization.

The parallel in-memory flow in Figure 4-2(b) optimizes a schedule
structure to allow efficient parallel operations. For example, Figure 4-3
shows how a programmer may use S5 to optimize the schedule structure
valuable_widgets by changing its type from std::vector to s5::fifo.
The s5::fifo ADT tells the compiler and hardware that operations
on valuable_widgets can be parallelized as long as we preserve the
appearance that elements are consumed in insertion order. Figure 4-
3(b) shows how the resulting parallelized execution may store each
s5::fifo element with the timestamp of the task that inserted that
element. T4+ ensures the consumer loop’s traversal of the s5::fifo
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1 s5::fifo<Widget*> valuable_widgets;
 2 int total = 0;
 3 // Producer loop
 4 for (Widget* w : all_widgets) {
 5   if (w->value > 0) {
 6     total += w->value;
7 valuable_widgets.push(w);         
 8   }
 9 }
10 
11 // Consumer loop
12 for (Widget* w : valuable_widgets) {
13   process_widget(w, total);
14 }
15 valuable_widgets.clear();

Core 7’s
memory

...

ts=5: 0x68230

ts=7: 0x65900

Core 8’s
memory

...

ts=6: 0x65900

ts=8: 0x42000

(a) s5::fifo can replace this usage of std::vector. (b) Using arrays storing timestamps of tasks.

Figure 4-3: Changing two lines from Figure 4-1 is enough to use
S5’s parallel in-memory flow.

enforces insertion order by using the stored timestamps when spawning
consumer tasks. With insertion order thus preserved, it is safe for
elements to be distributed across a set of per-core shards to avoid
serialization and improve locality. To further reduce data movement
costs, s5::fifo directly passes elements to consumer tasks through
registers when spawning consumer tasks.

The hardware-managed task flow shown in Figure 4-2(c) trans-
forms schedule structures to avoid touching memory and directly insert
elements into Swarm’s hardware task queues (TQs) as they are pro-
duced. Specifically, we transform schedule structure insertions into task
spawns. This is often simple to do because Swarm distributed TQs
behave as a strict priority queue, and a strict priority order is powerful
enough to implement many specific forms of scheduling. For example,
Figure 4-4 illustrates how Swarm task spawns can replace valuable_-

widgets entirely. As we will see, S5 has ADTs that leverage T4+ to
make creating hardware-managed tasks as easy as writing sequential
code. Despite their generality, Swarm’s TQs are faster than specialized
software because the TQs are implemented using dedicated hardware
placed near cores.

While TQs make hardware-managed tasks fast for small collections
of tasks, the key limitation of hardware TQs is their finite capacity.
While T4 assigns timestamps to spawners that avoid flooding TQs with
tasks, we cannot stop applications from collecting large datasets. For
example, if valuable_widgets has a billion elements, then it cannot
fit on chip in hardware TQs. Swarm spills excess tasks from TQs to
untracked memory using a fixed mechanism that must be sufficiently
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1 void producer(…) {
 2 int* total = new int{0};
 3 // Producer loop to be automatically parallelized by T4
 4 for (Widget* w : all_widgets) {
 5 if (w->value > 0) {
 6 *total += w->value;
 7 swarm::spawn(consumer, …, w, total);
 8 }
 9 }
10 swarm::spawn(deallocate, …, total);
11 }
12 
13 void consumer(swarm::Timestamp, Widget* w, int* total) { 
14 process_widget(w, *total);
15 }
16 
17 void deallocate(swarm::Timestamp, int* total) {
18 delete total;
19 }

Figure 4-4: Spawning hardware-managed tasks eliminates the need
for application code to explicitly manage a dynamic data structure.
S5 makes it easy to match the speed of this approach without
requiring users to refactor code to use such explicit tasks spawns.

generic to handle any Swarm task. Specifically, Swarm spills tasks to
memory as descriptors that match how tasks are represented in hardware
queues, and stores these descriptors in software priority queues. These
descriptor priority queues are both larger and far more expensive to
maintain than simple arrays. As a result, if valuable_widgets grows
huge, a programmer may need to revert back to the parallel in-memory
flow using s5::fifo as in Figure 4-3 to avoid expensive TQ spills.

The memory-backed task flow shown in Figure 4-2(d) combines the
benefits of specialized in-memory structures with the speed of hardware-
managed tasks, always achieving the best performance so users need not
tune the source code depending on dataset size. To do this, S5 extends
hardware in a simple way to enable software to provide an application-
specific backing store for spilled tasks, while hardware TQs act as a
fast cache that manages recently created and soon-to-execute tasks.
Tasks that fit in TQs automatically avoid invoking software handling or
accessing the memory subsystem at all. Just as a hardware cache benefits
general computation by combining the performance of a small dedicated
memory with the capacity of a large memory address space, S5’s novel
architecture benefits general scheduling by combining the performance
of dedicated hardware queues with flexibility for programmers to create
software libraries with efficiently tailored schedule structures.

All three S5 flows build on Swarm’s hardware mechanisms for strict
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priority scheduling to simultaneously serve diverse application scheduling
needs as well as to preserve easy-to-use sequential semantics. This makes
S5’s ADTs easy to use as drop-in replacements for typical schedule
structures in general sequential programs. S5’s guaranteed sequential
semantics ensures users never face deadlock nor the need to manually
decide how to explicitly parallelize or synchronize surrounding user code.
S5 ADTs are safe to use in general code, without restrictions on the
operations that may be performed in parallel tasks or exclusions on other
sources of parallelism in a program. This is because S5 leverages and
extends T4’s techniques to implicitly parallelize an entire program in a
composable way, implicitly exploiting nested fine-grained parallelism.

In summary, S5 makes several novel contributions:
• We are the first to describe systematic optimizations to transform

in-memory schedule structures for efficient parallelization that retains
sequential semantics (Section 4.3.1). This makes S5 easy to use within
complex software while achieving good parallelism, space usage, work
efficiency, and locality.

• We enable sequential programs to schedule tasks directly using
Swarm’s high-performance hardware task management (Section 4.3.2),
improving the scalability of sequential programs to obtain perfor-
mance competitive with manually parallelized programs.

• We define a new hardware architecture extending Swarm’s task
management with application-specific semantics with almost no new
hardware costs (Section 4.3.3), reusing existing hardware priority
queues as a general primitive that can benefit diverse and complex
programs. This allows software to specify not only application-specific
task encodings but also semantic changes such as partial ordering or
deduplication.

• We modify the GraphIt compiler to automatically generate code
using S5 (Section 4.4). This enables translating programs from the
GraphIt domain-specific language to leverage S5 without any source
code changes.
We integrate S5 into complex existing software to demonstrate that

S5 enables difficult-to-parallelize applications to scale linearly to 256
cores while achieving similar or better work efficiency and space efficiency
than serial code. As a result, S5 achieves multiple orders of magnitude
in parallel speedups and matches or vastly outperforms prior work in
both automatic and manual parallelization (Section 4.5). S5 achieves
all this while retaining the ease of sequential programming.
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Figure 4-5: T4+’s parallel speedup for the four flows in Figure 4-2,
normalized to the fastest available serial code for BFS, which stores
frontiers in two raw arrays.

4.2 S5 Makes Implicit Parallelization Effective

We now show how S5 can transform schedule structures to use all three
new task flows and achieve efficient scalability on hundreds of cores.
Specifically, we will use the running example of breadth-first search
(BFS) on a graph. BFS is representative of applications where Chapter 3
found limited parallelism due to frequent data dependences that occur
when populating short-lived schedule structures.

We will examine four implementations of BFS using each of the four
flows in Figure 4-2. Figure 4-5 shows the performance of these four
parallelized BFS versions on two graphs with very different properties:
roadCTR is a road network with few edges per vertex and high diameter,
while LiveJournal is a social-network graph with low diameter, where
some vertices have hundreds or thousands of incident edges. All three
S5 flows achieve much better scalability than the serialized in-memory
flow. Between the parallel in-memory flow and the hardware-managed
task flow, neither consistently outperforms the other. But the memory-
backed task flow enabled by S5’s new architecture always achieves the
best performance. We now explain how S5 enables each of these flows.

4.2.1 Optimized in-memory flow for intra-level parallelism

A breadth-first graph traversal must schedule its visits to nodes in
increasing distance order from the starting node. To do this, the code
shown in Figure 4-6 uses in-memory schedule structures that track the
membership of vertices in frontiers. All nodes in one frontier are visited
before the nodes in the next frontier. Figure 4-6(b) shows how easy
it is to replace std::vector with s5::bag, an ADT that conveys to
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1 std::vector<int> frontier;
2 std::vector<int> next_frontier;
 3 frontier.push_back(start_vertex);
 4 distances[start_vertex] = 0;
 5 int dist = 0;
 6 while (!frontier.empty()) {
 7 for (int v : frontier) {
 8    for (int ngh : get_neighbors(v)) {
 9 if (distance[ngh] == UNSET) {
10 distance[ngh] = dist + 1;
11 next_frontier.push_back(ngh);
12       }
13 } 
14 }
15  frontier.clear();
16   std::swap(frontier, next_frontier);
17 dist++;
18 }

1 std::bag<int> frontier;
2 std::bag<int> next_frontier;
 3 frontier.push_back(start_vertex);
 4 distances[start_vertex] = 0;
 5 int dist = 0;
 6 while (!frontier.empty()) {
 7 for (int v : frontier) {
 8    for (int ngh : get_neighbors(v)) {
 9 if (distance[ngh] == UNSET) {
10 distance[ngh] = dist + 1;
11 next_frontier.push(ngh);
12       }
13 } 
14 }
15  frontier.clear();
16   std::swap(frontier, next_frontier);
17 dist++;
18 }

(a) Serialized in-memory flow: std::vector

     is a dynamic array. 
(b) Parallel in-memory flow: s5::bag is a

      scalable unordered collection.

Figure 4-6: S5’s ADTs can be used as drop-in replacements for a
serial scheduling structure in breadth-first earch (BFS).

the system that nodes within one frontier may be visited in any order.
Figure 4-5 shows that the optimized s5::bag schedule structure can
scale up to 256 cores, while std::vector only scales to tens of cores at
best, chiefly due to insertion serialization.

Unfortunately, a BFS implementation that maintains two frontiers
will still impose extraneous serialization regardless of the choice of data
type for each frontier, which will limit performance on high-diameter
graphs. This is because the frontiers are recycled as the algorithm moves
from one distance level to the next. This serialization manifests as data
dependences involving the swapping of the two frontiers on line 16 of
both code versions in Figure 4-6. The swap is a cheap operation that
just moves some pointers, but all insertions and traversals use these
same pointers, so data dependences prevent tasks ordered after the swap
from speculatively executing in parallel with tasks ordered before the
swap. Thus, serialization occurs between iterations of the outer while

loop regardless of whether frontiers have type std::vector or s5::bag.
This serialization also occurs in all prior work that parallelizes BFS
without speculation, which is done using bulk-synchronous level-by-level
parallelism [19, 135, 268]. This approach works well for the low-diameter
LiveJournal graph. By contrast, roadCTR has many distance levels, so
the serialization that occurs between levels limits scalability.
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1 s5::priority_queue<int> frontiers;
 2 frontiers.push_init(/*key=*/0, start_node); 
 3 distances[start_vertex] = 0;
 4 frontiers.for_each([](uint32_t key, int v) {
 5   for (int ngh : get_neighbors(v)) {
 6 if (distance[ngh] == UNSET) {
 7 distance[ngh] = key + 1;
 8 frontiers.push(key + 1, ngh);
 9     }
10 } 
11 });

Figure 4-7: Hardware-managed or memory-backed task flow: A
single priority queue subsumes all frontiers. The call of for_each()

on line 4 uses a lambda to express the task to consume one element.

4.2.2 Hardware is fast and unlocks inter-level parallelism

We can improve performance by replacing in-memory schedule structures
with dedicated hardware that avoids unneeded dependences and quickly
delivers elements waiting to be consumed. We can do this using the
hardware-managed task flow in Figure 4-2(c) if we can translate the
application to fit Swarm hardware’s semantics. This turns out to be easy
because Swarm provides the semantics of a strict min-priority queue,
guaranteeing low-timestamp tasks appear to execute before higher-
timestamp tasks. Under the hood, Swarm executes tasks in parallel so
task order does not restrict parallelism. To make this capability easily
accessible to sequential programs, S5 provides the s5::priority_queue

ADT, which is implemented as a thin wrapper around directly spawning
tasks to hardware, using each integer priority key specified by the
application as a timestamp. The s5::priority_queue ADT can be
compiled to run on Swarm or to S5’s new architecture.

When s5::priority_queue is compiled to run on Swarm, it uses
the hardware-managed task flow. We can easily rewrite many schedule
structures to use a strict priority queue, making a priority queue a very
general primitive. For example, Figure 4-7 shows how BFS can use a
priority queue with distance levels as priorities, ordering lower distances
before higher distances. The call to push() on line 8 compiles into a
single spawn_task instruction that spawns a Swarm task scheduled to
run in the next distance level.

If tasks fit in hardware TQs, s5::priority_queue will be efficient.
Enqueues and dequeues each require only a single instruction to access
TQs placed near cores, each of which implemented with a pipelined heap

74



that can sustain one insertion and one dequeue every cycle [27, 101].
s5::priority_queue also eliminates serialization between priority levels,
allowing task with different priorities to run speculatively in parallel.
As a result, Figure 4-5 shows the hardware-managed task flow achieves
good performance on the road graph, where the number of nodes per
level is small enough to fit in TQs in a 256-core Swarm system.

4.2.3 The memory-backed task flow combines the benefits

of prior flows

However, LiveJournal has hundreds of thousands of elements queued in a
single distance level, exceeding the fixed capacity of hardware TQs. Full
TQs spill task descriptors to memory, incurring the costs of a generic
software priority queue. These generic priority queues are unnecessarily
costly and a poor fit for BFS. They use a descriptor format that uses
dozens of of bytes per task to store a function pointer, timestamp, five
more 64-bit register values, and additional flags. Additionally, a priority
queue of size N will have enqueue or dequeue operations that require
Θ(logN) dependent comparisons.

Therefore, while hardware support can make a generic priority queue
very efficient for collections small enough to fit, large collections benefit
greatly from more specialized schedule structures. This motivates S5’s
novel architecture, which will enable the memory-backed task flow in
Figure 4-2(d) where software handles TQ spills with application-specific
optimizations. The BFS using s5::priority_queue will automatically
use memory-backed tasks when compiled for S5’s new architecture. For
BFS, memory-backed tasks can exploit the fact that insertions are not
arbitrarily ordered: each insertion always goes only to the next priority
level, enabling S5 to store spilled tasks just as they would be stored by
a pair of s5::bags.

Figure 4-5 shows that memory-backed tasks always give the best per-
formance for BFS. They provide the speed and parallelism of hardware-
managed tasks for small task collections in RoadCTR. They also provide
the efficiency of a simple in-memory schedule structure customized to
BFS’s needs for large collections in LiveJournal.

When we explore using S5 in other applications, we will see the
ability for software to customize queue semantics will enable further
performance optimizations that exploit the specific needs of other ap-
plications as well, such as needs for particular forms of ordering or
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Method Description

void push(ElemTy x)
Insert x into the collection. May not be called during
execution of for_each().

void for_each(UnaryFn f) Apply function object f to each element.

size_t materialize(ElemTy* dst)
Write all elements to an array in memory starting at dst,
then return the number of elements.

void clear() Discard all elements, emptying the collection.
bool empty() Check whether the collection is empty.
void reserve(size_t capacity) Pre-allocate memory to make push() faster.

Table 4-1: API of s5::fifo, s5::lifo, and s5::bag, all of which store
a collection of elements in memory.

deduplication of redundant tasks.

4.3 S5 Implementation and Optimizations

We now detail how the implementation of S5 optimizes in-memory
schedule structures for parallelism and locality, safely enables software
to skip using memory with hardware-managed tasks, and allows software
to specialize the semantics of memory-backed tasks.

4.3.1 Implicitly parallelizable in-memory structures

The simplest S5’s ADTs are those that use the parallel in-memory flow.
These ADTs are the s5::fifo, s5::bag, and s5::lifo, which all exploit
hardware support for timestamp-ordered tasks with a general strategy
that divides the structure into shards. Each shard is owned by one core
that accesses that shard to exploit locality, and the collection of shards
enables parallel operations.

Table 4-1 shows these types support inserting elements, traversing
the collection, and other operations. These S5 ADTs do not provide fast
random access to their elements: it is only possible to access elements by
traversing the entire collection in an order determined by the particular
ADT. s5::bag is an unordered collection, s5::fifo orders elements
in insertion order, and s5::lifo orders elements in reversed insertion
order. Each S5 ADT has a method named for_each() to perform a
traversal. for_each() takes one argument: a callback (usually expressed
as a C++ lambda) specifying the computational task to be performed
for each element. T4+ also provides syntactic sugar so traversals may
be expressed as a range-based for loop:

76



for ([declaration] : [collection]) { [body] }

When such a loop acts on a collection that has a S5 ADT for its type,
the loop syntax is automatically translated1 into a call to for_each():

[collection].for_each([=]([declaration]) { [body] });

Figures 4-3 and 4-6(b) demonstrate the use of the loop syntax.

4.3.1.1 Compiler and hardware optimizations for schedule
structure traversals:

As some applications spend a significant amount of time performing
operations on schedule structures, it is important to tune frequent reads
and writes to the shards to be very efficient. To better exploit locality
when collections are small, we extend the Swarm ISA so the spawn_task
instruction has a flag indicating whether a hint is an ordinary spatial
hint that localizes the task to a tile, or a per-core spatial hint that
specifies a specific core the task must run on to maximize L1 cache hits.
Each ADT’s implementation can then use per-core hints to localize both
reads and writes to shards. To avoid starving tasks with per-core hints,
S5 must also adapt Swarm hardware to abort higher-timestamp tasks
that might be stalled while occupying a core when a lower-timestamp
task with a per-core hint reaches the head of the TQ.

The new T4+ compiler offers capabilities to allow automatically
parallelized code to safely call code that was manually parallelized
directly using Swarm’s low-level API (Section 2.3.2). This allows low-
level programmers to write manually parallelized subroutines that spawn
their own tasks at multiple timestamps or even create Fractal domains.
To do this, low-level programmers must tag the declarations of functions
that are manually parallelized. Then, T4+ ensures each call from an
automatically parallelized function to a manually parallelized function
will be spawned as its own task. This makes it safe for the manually
parallelized function to create its own Fractal domain and specify any
timestamps it needs for tasks in its new domain.

This capability is used to implement carefully optimized parallel
traversal algorithms in for_each(), which are specialized to the strate-
gies that each ADT uses to handle their ordered or unordered elements.

1 Our current implementation forbids loop bodies containing break statements. Future
work could handle this by automatically transforming the control dependence between
loop iterations into a data dependence using predication [8] on a new termination flag
variable, just as was done in the case of progressive loop expansion (Section 3.6.1).
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One feature all implementations of for_each() have in common is an
optimization that reduces data movement costs. Rather than having
worker tasks read the elements they should consume from memory,
we have their parent task, a spawner, read several values at once to
a exploit spatial locality and then pass the values to consumer tasks
through registers. This allows the spawner to be given an appropriate
spatial hint to localize shard accesses while the consumer task may
have a separate automatically generated hint (Section 3.7.2) to improve
locality.

Each consumer task, which runs the application-provided callback
passed to for_each(), is still automatically parallelized. S5 uses Fractal
domains to safely compose fine-grained nested parallelism within and
across invocations of this parallelized callback. We ensure S5 spawns
a separate task to consume each element of the collection to make it
safe for the automatically parallelized callback to create its own domain
where it may use T4’s automatically generated timestamps to preserve
sequential semantics, so the consumer task appears to execute as one
atomic unit.

4.3.1.2 In-memory implementation of individual ADTs

s5::bag: Each shard of an s5::bag uses a dynamic array to hold
unordered elements. We ensure each core only inserts elements into
its own private shard, avoiding cache ping-ponging and serialization of
tasks on different cores. During a traversal, we exploit the flexibility to
visit elements any order by choosing to interleave the timestamps for
tasks reading from different shards to traverse all shards in parallel at a
balanced rate.

s5::fifo: Unlike s5::bag, s5::fifo needs to record the order of inser-
tions. for_each() uses stored order information to assign timestamps
to consumer tasks. To do this, T4+ performs static analyses to select
between two strategies for each s5::fifo instance. The first strategy is
to explicitly store an integer timestamp when each element is inserted.
The second strategy is to use per-core hints to specify which shard
insertions should go to so that the position of an element in a shard
implicitly encodes its order relative to other elements.

For the first strategy, which stores timestamps explicitly in memory,
s5::fifo can obtain timestamps from the tasks that perform insertions
by invoking a T4+ compiler intrinsic. This intrinsic returns not the
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timestamp of the task that calls push(), but the timestamp that orders
the loop iterations that enclose the insertions, which may be in a higher
Fractal domain. For a T4-parallelized loop, this will equal a small
integer multiple of the loop index (Section 3.5.3). This strategy can be
applied in cases such as Figure 4-3.

In cases such as BFS where nested loops perform insertions into
an s5::fifo, we use a more complex strategy. This is because it is
expensive to re-encode timestamps from multiple Fractal domain levels
into a wide integer timestamp that orders all insertions. In this case,
s5::fifo creates a sequence of shards and ensures each shard in the
sequence contains elements that are ordered before the elements in
the next shard, using just the timestamp from the nearest outer loop
that encloses all insertions to assign insertions to shards. Later, when
for_each() performs its parallel traversal, it first computes a prefix sum
over the sequence of shard sizes, in order to obtain the timestamp offset
at which each shard will begin spawning the deferred application tasks
with consecutive increasing timestamps so that order of the deferred
tasks matches insertion order.

s5::lifo: The implementation s5::lifo is identical to s5::fifo, ex-
cept that the order of timestamps is reversed. Any consumer that
s5::fifo would spawn with timestamp t, s5::lifo spawns with time-
stamp UINT64_MAX - t.

4.3.1.3 Additional optimizations

Each ADT supports checking if the collection is empty in constant time
by maintaining a single flag set to true if the collection is non-empty.
The first insertion sets this flag, and further insertions read this flag
and see it is already set, resulting in shared copies of this flag reaching
L1 caches so most reads are cheap. T4+ performs a static analysis
to eliminate this flag entirely in any instance where we can determine
empty() is never called.

Each ADT exploits T4’s support for efficient task spawns to improve
load balance and reduce abort costs (Section 3.2.2) by using tiny tasks
to perform insertions. Rather than having push() immediately insert
into a shard, it spawns a task with no spatial hint to perform the
insertion, so that the insertion executes on a random core, without any
hint-based serialization that the parent task might be subject to. This
is accomplished using T4’s task annotations (Section 3.5.2) within the
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Method Description

void push_init(uint64_t key, ElemTy x)
Insert the pair (key, x) with priority key. May not
be called during execution of for_each().

void for_each(BinaryFn f)
For each element, apply function object f to it
and then discard it.

void push(uint64_t key, ElemTy x)
Insert the pair (key, x) with priority key. May
only be called during execution of for_each().

void reserve(size_t capacity)
Provide a hint for custom spillers to avoid frequent
dynamic memory reallocation.

Table 4-2: s5::priority_queue allows insertions during a parallel
traversal.

S5 library implementation.

4.3.2 Directly using hardware-managed tasks

S5 provides additional ADTs to enable the hardware-managed task flow
in Figure 4-2(c), which can directly insert tasks into hardware TQs rather
than storing tasks in memory. s5::priority_queue is the simplest
ADT to enable this flow. Table 4-2 shows the API of s5::priority_-
queue. s5::priority_queue allows consumer tasks executing within
for_each()’s parallel traversal to call push() to insert more elements in
the midst of a traversal. Each call to push() directly inserts one element
into Swarm’s hardware TQs in the form of consumer task that takes
the element as an argument. This skips storing elements to memory
and exploits the speed of dedicated hardware TQs.

As with other S5 ADTs, T4+ composes fine-grained nested paral-
lelism across different s5::priority_queue consumer tasks, even those
with different priorities. To do this safely, T4+ must spawn all consumer
tasks in a single Fractal domain so that using the application-specified
priority as a timestamp will allow hardware to correctly order consumer
tasks. We still use T4’s techniques to automatically parallelize the
application-supplied callback that consumes a priority queue element,
exploiting fine-grained parallelism among nested loop iterations or func-
tion calls. T4 creates nested subdomains to assign timestamps that
order these nested tasks (Section 3.5.3), preserving sequential semantics
while allowing Swarm to spawn tasks in parallel.

The challenge of implementing s5::priority_queue::push() is that
its callsite may be arbitrarily deeply nested within a hierarchy of sub-
domains created by T4. So each call to push() must know how many
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domain levels up it must traverse back up the domain hierarchy to
reach the domain where the consumer tasks are ordered by application-
specified priorities. T4+ therefore performs an analysis of the program’s
call graph to identify all functions that could be directly or indirectly
called within for_each() and that could directly or indirectly call
push().2 T4+ then rewrites these functions to dynamically compute
their relative domain depth at runtime. To do this, T4+ adds an integer
argument to these functions indicating the domain depth at which the
function is called, relative to the application-priority-ordered domain.
Then, at each callsite to these functions, a static analysis determines
an appropriate domain-level offset based on how deeply nested the
callsite is in its enclosing function’s loop nests, and this offset is added
to the function’s domain-depth argument before being passed to the
callee. This is a local, selective change to the calling convention much
like T4 already performs when it selectively transforms functions into
continuation-passing style (Section 3.4).

This transformation ensures that each s5::priority_queue::push()

call knows the relative domain depth at which it is called, but it must
then use this information to place a consumer task in the correct domain.
Since Swarm’s Fractal execution model only allows a task to spawn a
child at most one level higher in the domain hierarchy, push() might
not directly spawn a consumer, instead spawning a chain of zero or
more spawner tasks that each spawn their child one domain level higher
to traverse up the domain hierarchy. The final spawner in the chain
spawns the consumer task to the correct domain.

Finally, we modify the compiler and hardware to prevent performance
pathologies involving spills for superdomain-traversing task chains. We
observe that T4 already nicely avoids unneeded spills of tasks in deeply
nested subdomains because TQs prioritize tasks for dequeue by virtual
time, running tasks at the deepest domain before expanding task subtrees
in other domains.3 But chains of spawners traversing up the domain

2 To ease this static analysis, T4+ currently presents the user with a compiler error if
s5::priority_queue::push() is called by a function with external linkage. Future
work could better support composition of separately compiled code by performing the
static analysis during link-time optimization or by changing the calling convention
used across all translation unit boundaries to always pass domain depth information.

3 This can be compared with a low-level optimization used in Swarm that relies on
programmers manually tagging tasks that are likely to spawn multiple children
with a PRODUCER flag. Hardware prioritizes PRODUCER-flagged tasks after other same-
timestamp tasks to avoid creating more tasks before they are needed. T4’s use of
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hierarchy are forced by their different domains to be spread apart in
virtual time order, making some steps within the chain likely to linger
in TQs and need to spill. Since running and committing a task that
spawns no more than one child does not increase the total number of
tasks in the system, we prefer to run tasks within a chain of spawners
instead of spilling them, so we can spill just the single consumer task
at the end of the chain if needed. We wish to avoid the redundancy of
spilling a spawner that later spawns the consumer which spills again.

To accomplish this, we use two mechanisms to discourage unneeded
spills of spawners within chains. First, T4+ assigns no timestamp to
spawner tasks that only spawn a single task to a parent domain. When
a non-timestamped task’s parent has committed, hardware prioritizes
the non-timestamped task for dequeue as if it had timestamp zero
within its domain, in order to run and commit it quickly instead of
spilling it. Second, T4+ ensures each task in a spawner chain inherits
its parent’s spatial hint so it stays local to its parent’s tile. This reduces
communication costs and also makes it likely that the TQ slot a spawner
vacates when it runs is available to hold its single child. T4 may still
automatically assign an independent spatial hint to the consumer task
spawned at the end of the chain.

4.3.3 Spilling tasks to application-specific backing stores

s5::priority_queue also enables the memory-backed task flow in Fig-
ure 4-2(d). Swarm’s hardware TQs are very efficient for a collection
that fits within their finite capacity, but they spill large collections to
an application-agnostic in-memory structure that holds generic task
descriptors. We can enhance s5::priority_queue’s performance on
large collections by replacing Swarm’s generic spill mechanism with
one that allows software to manage the backing store for spilled tasks,
giving us the ability to encode large datasets compactly and with be-
haviors customized for an application’s specific needs. This requires
changes to both hardware and software. We now first explain S5’s new
hardware-software interface, then show how s5::priority_queue and
T4+ use this new interface, before finally explaining S5’s hardware

Fractal has similar benefits, because T4 ensures any loop that may create many
tasks will always create a subdomain in which the tasks are placed, and Fractal
ordering favors running tasks within a subdomain before parent-domain tasks that
may create more domains.
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implementation.

4.3.3.1 The S5 ISA extension

We change hardware to store a software-controlled mapping from task
functions (code pointers) to matching software routines called custom
spillers. S5 extends the Swarm ISA with a new register_spiller

instruction that adds or updates a mapping entry for one task function
to map to a matching custom spiller. This new instruction may only
run non-speculatively. Any speculative task that runs it incurs an
exception, which forces the task to wait until it can run non-speculatively
(Section 2.3.4). When hardware needs to spill tasks that will execute a
particular task function, hardware may run a matching custom spiller
in place of the generic spiller that stores tasks in the form of descriptors.
All custom and generic spillers execute non-speculatively, can access a
dedicated region of untracked memory without any conflict checking or
aborts, and can only spill tasks whose parents have committed. But when
a custom spiller executes the existing spill_task instruction, hardware
only returns tasks with task functions that match the executing spiller.

When compiling for S5’s new architecture, T4+ enables support
for s5::priority_queue to register a custom spiller during each call to
for_each(). Specifically, s5::priority_queue::for_each() starts by
spawning a dedicated task to register a custom spiller, using compiler
support to obtain the pointer to the optimized wrapper task function
T4+ generates that calls the application callback. Before it returns,
s5::priority_queue::for_each() spawns another task to deregister
the custom spiller (by running register_spiller again with a null
spiller pointer).

4.3.3.2 Software-controlled backing stores

When it runs, a custom spiller must dynamically build scheduling struc-
tures to store tasks in untracked memory. These in-memory structures
act as a backing store, while hardware TQs function as a fast cache.
Custom spillers receive descriptors consisting of timestamps, arguments,
and other metadata that spill_task makes available in registers, so
software can decide how or whether to store these tasks in a format
specialized to the behavior of the application. Custom spillers may
also spawn new tasks to requeue tasks from memory to the local hard-
ware TQ. Requeuing a task means removing it from untracked memory
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Figure 4-8: A snapshot of memory-backed tasks waiting to execute
for the BFS code in Figure 4-7. Consumer tasks are either resident
in hardware TQs or spilled to two sets of per-core arrays holding
just node IDs. A 4-byte ID uses 16× less memory than a 64-byte
task descriptor.

and spawning it back to the local hardware TQ using the ordinary
spawn_task instruction.

Custom spillers and requeuers may be written by the application
programmer. S5’s runtime library also provides various built-in custom
spillers and requeuers that will be used by default if the application code
does not provide its own custom spiller. T4+ uses type information
and hints from the programmer to select between these default built-in
custom spillers.

We now present two ways S5’s built-in custom spillers encode tasks
compactly in memory, and then we show how support for custom spills is
extremely simple and cheap to implement in hardware. When we evalu-
ate S5 on more applications in Section 4.5, we will show how application
programmers can provide custom spillers with additional specialized
behaviors, such as task deduplication, which provides enormous benefits
for particular applications.

First, for the BFS implementation in Figure 4-7, we exploit the fact
that newly spawned consumer tasks always have timestamp exactly
1 greater than the most recently dequeued consumer task. We can
therefore group spilled tasks by timestamp, forming two frontiers as
shown in Figure 4-8. This does not constrain parallelism, as TQs may
hold speculative tasks with higher timestamps. Within one group or
frontier, spilled tasks share a single timestamp value and may run in
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any order. Therefore, the elements are stored exactly like they are in
an s5::bag, distributed into per-core shards to enable efficient parallel
operations. Each task is represented by storing only the element the
task will consume. So for BFS we store only 32-bit vertex IDs. But
unlike when an application calls s5::bag::push(), a custom spiller does
not distribute tasks to other tiles for load balancing, instead performing
insertions directly into the local shard owned by the core on which the
spiller runs. This ensures spilled tasks respect their original spatial hints
and do not move between tiles.

When inserting the first element into an empty shard, a custom
spiller spawns a custom requeuer task with a pointer to the shard. This
custom task requeues several (e.g., up to 7) tasks from the in-memory
shard to the local hardware TQ. The requeuer task finishes by spawning
another requeuer task for the same shard if the shard is still non-empty.
In this scheme, each shard will have at most one requeuer in its local
TQ at a time. These requeuer tasks are given per-core spatial hints
that force the requeuer to run on the same core the shard belongs to.
This ensures there are never concurrent spillers and requeuers accessing
the same shard, avoiding cache ping-ponging and any need for explicit
synchronization.

When applications need to spill tasks with a wide range of timestamps
(unlike BFS, where two timestamps suffice), s5::priority_queue de-
faults to a custom spiller that stores (priority, value) pairs in memory,
implementing a memory-backed priority queue. When using this class
of custom spillers, T4+ analyzes type information in the application
program to select a custom spiller to store elements compactly. For
example if the types used in an application callback (like that in Fig-
ure 4-7) indicate priority keys always fit in 32 bits, there is no need to
store larger 64-bit timestamps. Each execution of the custom spiller
will write several (priority, value) pairs to a chunk of untracked heap
memory and then spawns a custom requeuer task that is responsible for
reading and deallocating the memory chunk as well as requeuing the
enclosed tasks to the TQ.

Whenever we register this sort of custom spiller that could create
unboundedly many requeuers by running repeatedly, we also register
an associated recursive custom spiller to spill these particular requeuer
tasks. This recursive spiller represents each spilled requeuer by storing
only its single pointer to the chunk it will requeue from. When the
recursive spiller spawns a requeuer, it uses the same requeuer task
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Figure 4-9: A snapshot of memory-backed tasks that consume nodes
of a graph from a general priority queue. Spilled consumer tasks
are stored in memory as (priority, node ID) pairs. With 4-byte
priorities and node IDs, each pair is only 8 bytes, 8× smaller than a
64-byte task descriptor. Each memory chunk is owned by a requeuer

task, which may reside in the TQ or be encoded in memory as a
pointer to the chunk it owns.

function as the non-recursive spiller of consumer tasks. This enables
the recursive spiller to be invoked again to spill the very same requeuers
it generates.

Figure 4-9 shows each memory chunk holding spilled tasks also has a
header containing the timestamp of the requeuer pointing to the chunk,
the number of spilled tasks in the chunk, and a flag indicating if the
spilled tasks are requeuers or consumers. This in-memory structure is
similar to that created by Swarm’s generic spill mechanism, but it is
more compact because it is aware of the types of the data elements
among each task’s arguments that need to be stored, and it avoid
redundantly storing other metadata such as function pointers and flags.
It also segregates spilled consumers and requeuers to allow the spillers
and requeuers that access these memory chunks to use separate highly
tuned tight loops to handle the different spilled task types.

We ensure each requeuer runs and requeues tasks only when the
TQ needs them. To do this, we first ensure tasks within a single
memory chunk are sorted by timestamps, so a requeuer requeues lower-
timestamp tasks before higher-timestamp tasks. Each requeuer is then
given timestamp equal to that of the first task it will requeue. The TQ
uses this timestamp when prioritizing tasks for dispatch or spills. This
ensures the requeuer executes only when it will requeue a spilled task
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Figure 4-10: Hardware launches custom spills using logic local to
each hardware tile’s small spill buffer. No change is needed either
in Swarm’s large hardware priority queues, nor in the protocols
used to spawn tasks and manage speculation.

that needs to run soon.

4.3.3.3 S5 hardware implementation

Figure 4-10 shows the key hardware structures and software tasks types
which facilitate spills. S5 makes very little change to the hardware that
was already needed to implement Swarm’s generic spills. We now briefly
summarize how the microarchitecture of a Swarm TQ handles generic
spills before describing how we extend Swarm hardware to support
custom spills. More details may be found by examining the open-source
Chronos FPGA prototype [1].

Swarm manages each TQ’s idle tasks as a double-ended priority
queue ordered by timestamps, in order to support dispatching low-
timestamp tasks for execution and removing high-timestamp tasks for
spills. (The double-ended priority queue may implemented in hardware
with a variation on a binary heap called a min-max heap [16], which
can be pipelined just like an ordinary single-ended heap [27, 101].) This
prioritization results in intelligent eviction decisions: TQs only spill
tasks spawned far enough in advance of when they will execute to be
crowded out by later-spawned tasks that need to stay in the hardware
TQ to execute sooner. When TQ occupancy passes a threshold, the
TQ puts several (e.g., 15) tasks into a hardware spill buffer and then
executes a generic spiller that takes all tasks from the spill buffer and
stores their descriptors to untracked memory. The spill buffer allows
spillers to exploit how tasks taken from the max-timestamp end of the
priority queue are guaranteed to be sorted in decreasing timestamp
order. This makes it easy for the spiller to write the descriptors within a
spilled chunk of 15 tasks in a sorted order to make the lowest-timestamp
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task quick to find.
The only hardware structure that needs to change to implement

custom spills is the small spill buffer. register_spiller is implemented
by broadcasting the new registration to all tiles, where spill buffers store
just the few (e.g., four) most recently registered (task function, custom
spiller) pairs. When a full TQ decides to move tasks to its spill buffer,
the spill buffer checks each task it receives against the registered custom
spillers to build a linked list of matching tasks for each custom spiller.
Storing these linked lists requires adding only four bits to each spill
buffer entry to store a next-node index. If no list contains at least two
matching tasks among the 15 spill buffer entries, we run the generic
spiller which retains its behavior from Swarm, removing all 15 tasks
from the spill buffer. Otherwise, we execute the custom spiller with
the longest list, and each execution of spill_task removes one task
from that list. When the custom spiller finishes, remaining tasks in the
spill buffer are returned to the priority queue. The hardware changes
to implement all this are extremely cheap. To support the worst case
of spillers running concurrently on every core, we need only one spill
buffer per core, which holds only 15 tasks.

4.4 Fully Automatic Parallelization of Graph Al-

gorithms

So far, we have described how S5’s ADTs enable a user to help the T4+
compiler effectively parallelize sequential programs. But a compiler
with sufficient knowledge of application semantics can also exploit S5
fully automatically, without any manual effort. We demonstrate this by
automatically parallelizing algorithms written in GraphIt. GraphIt [270,
271] is a domain-specific language designed to makes it easy to generate
state-of-the-art parallel implementations of a wide variety of graph
algorithms. Graph processing is a critical computational domain to
study as it is at the heart of many applications [38, 60, 172, 209, 258] but
is notoriously difficult to optimize for parallel execution [144, 271] due
to highly irregular memory access patterns that often saturate memory
bandwidth or cause poor utilization of parallel hardware.

We collaborated with the developers of GraphIt to combine the
capabilities of GraphIt, T4, and S5 in a single framework called UGC [34]
that makes it easy to support today’s rapidly expanding variety of
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Figure 4-11: The Unified GraphIt Compiler framework (UGC)
decouples hardware-independent analyses and transformations that
capture high-level knowledge of application semantics in GraphIR
from hardware-dependent GraphVMs and backend compilers.

hardware architectures. Focusing on one domain, graph analytics, makes
it feasible for UGC to leverage understanding of high-level programmer
intent to safely perform hardware-independent and hardware-specific
optimizations that exploit knowledge of the problem domain. UGC
not only understands the format of input graph datasets, it knows
which dynamic data structures in a program represent frontiers (subsets
of vertices) in the graph. UGC leverages the restricted operations
programmers are allowed to use to access data structures in the GraphIt
high-level language to identify which program statements populate or
consume frontiers and determine when data accesses need ordering or
atomicity.

Figure 4-11 shows how UGC compiles and optimizes GraphIt pro-
grams in three phases. First, hardware-independent static analyses and
transformations are preformed to generate a new domain-specific inter-
mediate representation called GraphIR that captures high-level program
structure and serves as an interface to different hardware backends.
Then, GraphIR is lowered into code for a particular architecture using a
GraphVM, which performs a set of architecture-specific compiler passes
and makes decisions about how to store vertex subsets, for example by

89



using optimized in-memory software-managed work queues. Finally, a
backend compiler such as T4+ generates the machine code for parallel
execution.

We have developed a Swarm GraphVM within UGC that can emit
highly optimized sequential C++ code with automatically inserted usage
of S5 ADTs as well as T4 task-splitting annotations (Section 3.5.2).
T4+ can then compile this annotated C++ code into highly parallel
fine-grained Swarm tasks. An early version of S5 that supported the
parallel in-memory flow and hardware-managed task flow, but not the
memory-backed task flow, was previously demonstrated to allow UGC
matches state-of-the-art performance optimizations for a wide variety
of graph algorithms [34].

UGC can emit optimized code for highly different architectures with-
out requiring programmers to rewrite any portion of existing source
code written in the high-level GraphIt algorithm specification language.
This source language uses program variables that hold at most a single
frontier at a time, and includes operations that produce or consume
elements of these frontiers, much like the serial C++ code in Figures 4-1
and 4-6. This source code is not written specifically for any target
architecture, and separate GraphVMs enable the same algorithm source
code to achieve state-of-the-art performance across Swarm as well as
conventional CPUs and GPUs [34]. Each GraphVM provides a schedul-
ing language that expresses a large space of possible combinations of
program transformations and optimizations which do not to change the
semantics of the program. This allows users choose either to manually
specify the precise optimizations they wish to enable, or to have an
autotuners to search the space to automatically find a good combination
of optimization options [10, 35, 270, 271].

The Swarm GraphVM can automatically generate optimized sequen-
tial C++ that uses S5 ADTs. For example, a user can use the scheduling
language to choose whether to use an ADT such as s5::bag to represent
each frontier, or whether to automatically rewrite iterative algorithms
acting on separate frontier variables into hardware-managed tasks us-
ing s5::priority_queue. The Swarm GraphVM automatically infers
which program statements need to be grouped into callbacks passed
to for_each(), expresses ordering information through priority values,
and automatically chooses the type of custom spiller to enable efficient
memory-backed tasks.

In fact, this Swarm GraphVM can automatically generate the three
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versions of BFS that used S5 to achieve linear scalability on hundreds
of cores in Section 4.2. These results came from compiling existing
BFS code taken from evaluations of previous GraphIt compilers for
conventional CPUs and GPUs [35, 271], and we make no source code
changes to enable UGC’s novel optimizations.

A crucial optimization the Swarm GraphVM performs to make
s5::priority_queue’s hardware-managed task flow particularly effec-
tive is carefully encoding the value of scalar variables such as outer
loop indices or induction variables either as part of the priority key
or embedded within the actual element value, which may be a struct
instead of a scalar. This allows tasks to pass these values to each other
directly through registers as part of their timestamp or arguments,
eliminating what would otherwise be a shared global variable whose
updates would be a barrier preventing speculative parallelization across
outer loop iterations. For example, in Figure 4-7, the values stored to
the distance array are rewritten to be computed from the local priority
key rather than using a shared variable that is incremented on each
outer loop iteration as in Figure 4-6.

4.4.1 s5::levels_queue

To ease the use of s5::priority_queue for particular application pat-
terns, we provide adaptor classes that wraps s5::priority_queue with
a more convenient interface. One such adaptor used extensively by
the Swarm GraphVM is the s5::levels_queue ADT. When optimizing
an algorithm to use hardware-managed tasks the Swarm GraphVM
may generate C++ code that uses s5::levels_queue instead of di-
rectly using s5::priority_queue if an algorithm alternates between
operations on subsets of vertices and operations on the entire graph.
Unlike s5::priority_queue, s5::levels_queue’s for_each() method
takes two callbacks instead of one to define what work needs to be
done when traversing and consuming a collection. The first is the
usual callback that defines the computation to be done per element
(e.g., when consuming a vertex subset), while the second callback is
guaranteed to be called exactly once immediately after each non-empty
priority level. So for graph algorithms, the first callback may express
actions applied to a subset of vertices, while the second callback can
perform some action that processes the entire graph [34]. As is the
case with callbacks for all other Swarm ADTs, both callbacks passed to
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s5::levels_queue::for_each() may be automatically parallelized by
T4+ to extract nested fine-grained parallelism.

s5::levels_queue is implemented as a simple wrapper around
s5::priority_queue where every application-specified priority is multi-
plied by two, so that element-consuming tasks have even priority values,
leaving odd priority values available to execute the between-levels call-
back. To ensure this callback executes after any level in which there
were any data-processing tasks, every call to push() that spawns an
element-consuming task implicitly spawns a between-level task as well.
At each priority level, only the first between-level task to run actually
performs the between-level callback, while the other between-level tasks
do nothing. s5::levels_queue uses a scalable auxiliary data structure
to track what priorities have already had a between-levels callback exe-
cution. Specifically, a small array in memory (e.g., 256 elements in our
implementation) holds integers that record the most recent priority for
which between-level tasks have run. Each between-level task indexes
into this array with its priority modulo the array size and, only if the
priority does not match, it increases the priority to match and executes
the application’s between-level callback. As we will see, s5::levels_-
queue is not only useful for compiling GraphIt programs, it also eases
manual refactoring of parallelizable sequential programs.

4.5 Evaluation

We evaluate S5 on diverse applications to demonstrate how S5 makes
difficult-to-parallelize applications scale to hundreds of cores, all while
remaining easy to use.

4.5.1 Hardware simulation methodology

We modify the same Swarm simulator used for T4’s evaluation to model
S5’s new architectural extensions for custom spillers and per-core spatial
hints. As before, we report performance relative to serial code compiled
with clang++ -O3 on Swarm and S5 processors of varying sizes, varying
aggregate queue and cache capacities in proportion to the number of
cores. We simulate systems of up to 256 cores, with hardware parameters
shown in Table 4-3. Relative to Chapter 3, we have increased per-core
queue capacities befitting a high-performance out-of-order CPU.We
keep other parameters constant on a per-core basis.
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Cores
256 cores in 64 tiles (4 cores/tile), 3.5 GHz, x86-64 ISA,
Haswell-like 4-wide OoO cores [82]

L1 caches 32 KB L1D & 32 KB L2I per core, 8-way, 2-cycle latency

L2 caches 1 MB, per-tile, 8-way, inclusive, 9-cycle latency

Last-level
cache

256 MB, shared, static NUCA [121] (4 MB bank/tile),
16-way, inclusive, 12-cycle bank latency

Coherence MESI, 64 B lines, in-cache directories

NoC
Four 8×8 bidirectional meshes, 192-bit links, X-Y routing,
1 cycle/hop when going straight, 2 cycles on turns (like Tile64 [251])

DRAM 8 controllers, 24 GB/s each, 120-cycle minimum latency

Queues
128 task queue entries/core (32K total),
32 commit queue entries/core (8K total)

Conflicts
2 Kbit 8-way Bloom filters, H3 hash functions [45]
Tile checks take 5 cycles (Bloom filters) + 1 cycle per timestamp
compared in the commit queue

Commit Tiles send updates to virtual time arbiter every 100 cycles

Table 4-3: Configuration of the 256-core S5 system.

We will first examine how an application programmer can use S5
in a large real-world program before examining how S5 can be used
to automatically parallelize particularly challenging graph analytics
applications.

4.5.2 Achieving linear scalability on 473.astar

First, we examine how S5 makes it easy to parallelize a complex real-
world C++ program from SPEC CPU2006. As we saw in Chapter 3, the
473.astar benchmark from SPEC CPU2006 is challenging to parallelize,
and T4 was the first system to achieve speedup over serial code on astar.
However, T4’s performance on astar is still limited by the frequent
true data dependences involved in creating small short-lived collections
stored in arrays. Thankfully, S5 provides the tools needed for C++
programmers to make small, local code changes to eliminate these data
dependences. We will now describe a sequence of small code changes
a programmer can apply to schedule structures in astar. Figure 4-12
shows the resulting performance of each parallelized implementation.

Listing 4.1 shows the hottest inner loop in astar in makebound() as
well as its only callsite in the function fill(). These routines are used to
find paths through 2D grids containing obstacles, as occur in computer
games. In the inner loop, when makebound() visits a node indicated
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Figure 4-12: Performance comparison for six versions of astar, all
normalized to the execution time of the serial verison on one core.

by index, it checks the eight neighboring nodes. Each iteration of the
loop performs an average of one increment of the local variable outlen,
which together with outp forms a schedule structure holding nodes to be
visited later. Data dependences on outlen cause gratuitous serialization.
As a result, Figure 4-12 shows that T4 achieves only 7.3× speedup on
64 cores and performance actually degrees above 64 cores, even when
using the best task-splitting annotations discussed in Section 3.9.

Because the arrays pointed to by bound1p and bound2p act as queues,
a programmer can simply replace these two arrays with two s5::fifos,
as shown in Listing 4.2. s5::fifo guarantees nodes appear to be
visited in the same order as in the original program. Figure 4-12 shows
s5::fifo reduces pathological aborts and reaches 8.6× speedup at
100 cores. This increased scalability is due to s5::fifo::push() not
serializing all queue insertions.

Next, one may observe that the intent of this code is to perform
a sort of BFS traversal on the 2D map. The global variable step is
the distance from the source node, and each call to for_each() visits
nodes at one distance level. The traversal terminates when no more
nodes may be reached (e.g., due to obstacles) or when a target node
indicated by endindex is reached, whichever comes first. The order
in which values are visited within any single call to for_each() turns
out not to matter: the final paths produced by the program are later
determined by backtracking (not shown in the code excerpt) using only
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the distances written to waymap during the BFS traversal. Therefore,
the s5::fifo may be simply replaced with an s5::bag, a two-line
change that improves astar’s scalability by improving load balance and
reducing aborts due to data dependences on dynamic shard allocation
and tracking mechanisms in s5::fifo. As a result, Figure 4-12 shows
s5::bag achieves 29× speedup over serial code.

So far, we have only unlocked parallelism in the inner loop, which
was replaced with a for_each() call. Data dependences (e.g., on the
frequently incremented variable step and on checks of whether a collec-
tion is empty) act as a serializing barrier that prevents parallelization
of tasks from different invocations of for_each(). The queue typi-
cally holds a few hundred elements at a time, so each for_each() call
does not contain enough work to saturate hundreds of cores for long,
and serialization between for_each() calls limits performance on large
systems.

A programmer can eliminate this bottleneck by replacing the two
s5::bags with a single s5::levels_queue, as shown in Listing 4.3. This
code transformation adds some overheads, chiefly due to the internal
structure used by s5::levels_queue to ensure each between-level task
runs exactly once (Section 4.4.1), but hardware-managed tasks can
execute in parallel from multiple distance levels at a time. Figure 4-12
shows s5::levels_queue improves scalability to reach 49× speedup.
The improved scalability is due in part due to how s5::levels_queue

directly passes priority values to consumer tasks, reducing memory
accesses to the global variable step.

Finally, it turns out the final value of step, indicating the dis-
tance between the source and target nodes, is used in the rest of the
program (not shown) only if the target node is found and flend is
set to true. Thus, we can write to the global variable step less of-
ten. This actually eliminates the need for a between-levels task so the
s5::levels_queue can be replaced with the simpler s5::priority_-

queue, as shown in Listing 4.4. This avoids the overheads imposed
by s5::levels_queue tracking the execution of between-level events
while preserving the benefits of all the previous manual optimizations.
As a result, s5::priority_queue achieves the best performance, and
Figure 4-12 shows s5::priority_queue achieves 62× speedup on 256
cores.

These large speedups are achieved with T4 performing the vast
majority of the heavy lifting by automatically parallelizing the majority
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Figure 4-13: Breakdown of aggregate core cycles for six versions of
astar, all normalized to the execution time of the serial verison on
one core. Bars of equal height as core counts vary indicates linear
scaling.

of the thousands of lines of code in the application. S5 then enables
the programmer to refactor those inner loops that presented the most
difficult remaining challenge to parallelization. This refactoring was
easy, chiefly it replaced some arrays with S5 ADTs and never increased
the number of lines of code. The ADTs explicitly convey the scheduling
semantics needed by the application, which enables the compiler and
hardware to perform more effective parallelization, and even makes the
intent of the code clearer to human readers.

Figure 4-13 provides further insight into how S5 changes a breakdown
of how cores spend cycles. Unlike previous execution-time breakdowns
such as Figure 3-11 in Chapter 3, here the total height of each bar is the
product of execution time (clock cycles) and the number of cores in the
system. This y-axis scaling avoids the problem of execution-time bars
that shrink too small to see at high core counts, while retaining a linear
scale that enables direct comparisons. The closer an implementation is
to scaling linearly, the more even its bars will be in total height.

These results show that without S5, not only does T4 waste time and
energy on tasks that abort, the work of merely executing the tasks that
commit also increases significantly at high core counts. This is because,
although T4 uses spatial hints to localize queue insertions (Section 3.9),
cores still suffer cache misses at the start of each invocation of the
inner loop for the ping-ponging of cache lines holding shared variables
such as outlen. The four versions that use S5 progressively decrease
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unneeded data dependences, which reduces aborts and also improves
locality which is crucial to preventing the growth of time executing work
that commits on high core counts.

Examining execution time on a 1-core system shows S5 ADTs are
nearly as work efficient as the arrays used in the original astar source
code. Most of the difference in 1-core execution time between the serial
code and all five parallelized versions come from T4’s use of very fine-
grained tasks. s5::levels_queue has the highest 1-core execution time,
owing to the overheads to spawn between-levels tasks and ensure the
application’s between-levels callback is executed only once per level.

Ultimately only the use of s5::priority_queue (directly or via
s5::levels_queue) can uncover enough parallelism to keep the aggre-
gate time that cores spend burning dynamic power (i.e., executing tasks
that commit or abort, or spilling) nearly constant across core counts.
This indicates s5::priority_queue makes running the program on
more cores not just fast but also energy-efficient.

4.5.3 Easy state-of-the-art performance for graph analytics

Now we show that these results generalize to three difficult-to-parallelize
graph analytics algorithms running on a wide range of datasets. These
algorithms have seen extensive prior work on software performance
optimization and hardware acceleration. First, BFS is the breadth-first
search we have previously described. Second, SSSP is Dijkstra’s algo-
rithm for single-source shortest paths.4 BFS and SSSP are parallelized
entirely automatically by UGC (Section 4.4).

Our final algorithm is KCore, which computes the k-core decompo-
sition of a graph [208], which is a demanding stress test for a priority
queue due to the large collections it stores in the queue. The output of
KCore is a coreness value for each vertex, which can be understood as a
score indicating how well-connected a vertex is to other well-connected
vertices. We manually implement KCore using s5::priority_queue

as shown in Figure 4-14. KCore begins by inserting every node in a
graph into a priority queue and then gradually removes vertices while
updating the priorities of remaining vertices. This pattern of iteratively
reprioritizing and then removing vertices common to a broad class of

4 The source code for SSSP is actually the ∆-stepping algorithm, but we set ∆ = 1

which makes the algorithm behave exactly as Dijkstra’s algorithm, which offers both
the best work efficiency and also the best overall performance on Swarm.
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1 s5::priority_queue<int> pq;
 2 for (int v : get_all_vertices()) {
 3   coreness[v] = get_degree(v); 
 4   pq.push_init(/*priority=*/coreness[v], v); 
 5 } 
 6 pq.for_each([](uint32_t priority, int v) {
 7   if (coreness[src] < priority) return;
 8   for (int ngh : get_neighbors(v)) {
 9 if (coreness[ngh] > priority) {
10 coreness[ngh]--;
11 pq.push(/*priority=*/coreness[ngh], ngh);
12     }
13 } 
14 });

Figure 4-14: KCore is a popular algorithm for graph analytics which
stores all vertices of a graph in a priority queue simultaneously.

Graph Vertex count Edge count

Road-CA [137] 1,971,281 5,533,214
road.CTR [54] 14,081,816 33,866,826
LiveJournal ∗ [136] 4,847,571 85,702,474
Orkut ∗ [198] 2,998,166 212,698,418

Table 4-4: Graph inputs used for evaluation. Each undirected edge
is counted twice, once per direction.

difficult-to-parallelize graph peeling algorithms for high-quality graph
clustering or decomposition. KCore and other peeling algorithms have
important applications in data visualization, fraud and spam detec-
tion, analyzing documents and communities in social or web networks,
and even analyzing protein-gene-disease relations in bioinformatics and
medicine [140, 177, 205, 211].

We evaluate performance on real-world datasets commonly used as
benchmarks in prior work, shown in Table 4-4. We selected these four
datasets as inputs because they represent a wide range of variation in
dataset size and graph properties such as diameter and degree distri-
butions. Road-CA and road.CTR are are road networks with weights
indicating travel distances. LiveJournal and Orkut are unweighted∗

graphs representing friend relations in social networks. As some of these
benchmarks are very difficult to parallelize efficiently on conventional
CPUs, we report speedups not relative to a parallel baseline, but relative

∗ For SSSP, which requires a weighted graph, our datasets taken from prior work use
randomly generated edge weights for these two social networks [34, 270].
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Figure 4-15: s5::priority_queue delivers competitive results with
prior work while requiring far less programmer effort. Custom spills
contribute large speedups over prior work for some applications.

to best available serial code that solves the same problem, compiled with
clang++ -O3. The serial baseline for BFS manually manages frontiers
using raw pointers to two arrays, while the serial baseline for SSSP and
KCore uses the Fibonacci heap from the Boost library.

S5 vs. Prior Work: Figure 4-15 compares the performance of S5 with
the best existing parallel Swarm programs. We compare these existing
manually parallelized programs with two versions of s5::priority_-

queue. One version uses hardware-managed tasks and an run on the
same Swarm hardware as the manually parallelized Swarm programs.
This shows that S5’s easy-to-use ADTs and T4+’s automated paralleliza-
tion of nested fine-grained tasks make it easy for sequential programmers
to match the performance of the best available parallel code. The other
version uses the memory-backed task flow enabled by S5’s new hardware,
using the best of s5::priority_queue’s built-in custom spillers for each
benchmark. Memory-backed tasks improve upon hardware-managed
tasks and scale all benchmarks to 256-cores, achieving gmean 508× and
up to 1178× speedup (on KCore-roadCTR) over serial code.

Note that the manually parallelized Swarm programs are signifi-
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cantly faster than software-only multithreaded algorithms for these
graph processing tasks.6 The manually parallelized BFS and SSSP
implementations are taken from Jeffrey et al. [109], and the Swarm
version of k-core is taken from Posluns et al. [183]. These prior authors
performed detailed evaluations of these Swarm programs, including
comparisons with software-only multithreaded CPU code [107, 109].

Large collections suffer with generic spills: Figure 4-15 shows
custom spills are responsible for large performance benefits compared to
both manually parallelized and S5-generated hardware-managed tasks.
KCore is especially sensitive because most of the work KCore performs
is in managing a huge priority queue. Figure 4-14 shows KCore initially
inserts all vertices from a graph into a queue at once, and line 11 then
repeatedly reinserts vertices into the queue with new priorities. Because
these graph datasets have millions of vertices, this collection not only
overflows hardware TQs, it often does not even fit on chip in LLC, so
spilled tasks must be stored off chip in DRAM. KCore’s performance
is therefore bottlenecked on limited DRAM bandwidth. When custom
spillers store (priority, vertex) pairs in 8 bytes each, this results in 8×
less memory traffic than using generic 64-byte task descriptors, and as
a result KCore-LiveJournal runs 7.8× faster, as performance in this
application is determined almost entirely by memory bandwidth.

Figure 4-16 presents a more detailed view showing how custom
spills affect how cores spend time, both in the DRAM-bound KCore-
LiveJournal but also BFS-LiveJournal, whose smaller frontiers hold
subsets of vertices that often fit on chip. Storing data more compactly
does result in decreased time spent handling spills (i.e., executing spillers
and requeuers), but this is not the only effect. It also puts much less
pressure on caches, so ordinary speculative tasks that commit obtain
more cache hits and take less time as well. Another feature shown in
Figure 4-16 is that, as we run the tasks on systems with increasing
numbers of cores, the amount of time executing work that commits

actually decreases and the computation becomes more efficient. This
is because we carefully exploit locality, so increasing numbers of L1
and L2 caches as well as increasing LLC capacity all result in reduced
cache misses on the application’s accesses to graph or vertex data. As a
result, S5 scales better than linearly, explaining how Figure 4-15 shows

6 Note that we only consider algorithms that exact solutions to these problems, so we
do not admit approximations for k-core decomposition that sacrifice determinism
and produce lower-quality outputs [140, 205, 211].
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Figure 4-16: Breakdown of aggregate core cycles showing the effects
of custom spillers that encode tasks compactly in memory, compared
to spilling generic hardware task descriptors. Bars of decreasing
height as core counts increase indicates superlinear scaling.

S5 achieves not just two but sometimes three orders of magnitude in
parallel speedup on 256 cores.

4.5.4 Case study:

Custom spills for application-specific optimizations

So far, we have used custom spills to change the encoding of spilled
tasks in order to reduce memory usage, but we can also use custom
spills to further optimize the behavior of task scheduling. Because
custom spillers are software, they can be optimized to exploit knowledge
of an application’s semantics with no additional hardware change. In
particular, we can have spillers identify redundant tasks and discard
them from the schedule structure without executing them.

Redundant tasks may arise in an application for multiple reasons.
For example, in SSSP, a task is created every time an edge is traversed,
so multiple tasks are created to visit a vertex when multiple paths in
the graph can reach that vertex. As SSSP computes shortest paths,
whenever a task will perform a later visit to an already-visited vertex,
the task has no effect on the result of the computation, so this redundant
task is safe to drop. Similarly, in KCore, the first task to dequeue and
consume a vertex from the priority queue determines the vertex’s final
coreness.

To perform application-specific optimizations, application program-

101



1c 100c 256c
1

512

1024

S
p

e
e

d
u

p
 o

v
e

r 
S
e

ri
a

l KCore-RoadCA

1c 100c 256c
1

512

1024
KCore-roadCTR

1c 100c 256c
1

256

512
KCore-Orkut

1c 100c 256c
1

256

512
KCore-LiveJournal

1c 100c 256c
1

512

1024

S
p

e
e

d
u

p
 o

v
e

r 
S
e

ri
a

l SSSP-RoadCA

1c 100c 256c
1

512

1024
SSSP-roadCTR

1c 100c 256c
1

256

512
SSSP-Orkut*

1c 100c 256c
1

256

512
SSSP-LiveJournal*

Memory-backed tasks
w/ deduplication

Memory-backed tasks
w/o deduplication Manual Swarm

Figure 4-17: s5::priority_queue allows application programmers to
write custom spillers. Here we evaluate the effect of custom spillers
that drop redundant tasks.

mers extend s5::priority_queue with custom spillers for deduplication.
s5::priority_queue takes optional custom spillers as a template pa-
rameter, which it will register in place of its built-in spillers. We pass
s5::priority_queue a custom spiller that uses untracked memory to
store the lowest timestamp that has been seen for each element value
in the collection (e.g., for each vertex in the graph). Our new custom
spillers and the custom requeuers it spawns compare each task’s time-
stamp with the previously seen timestamp, and if they encounter a task
with strictly higher timestamp (worse priority) than a previously spilled
task that consumes the same element value, the higher-timestamp task
is simply dropped.

Figure 4-17 shows our deduplication has highly variable performance
impacts and sometimes achieves significant benefits. Since deduplication
is controlled entirely by application programmers, they could use it
only when their application benefits, or even implement alternative
deduplication strategies specific to their applications. S5’s custom
spillers never force users to pay for a feature they do not need.

Deduplication more than doubles performance for some social net-
work graphs which have many edges per vertex (which give redundant
paths to a vertex in SSSP and repeated decrements of priorities in
KCore). For example, custom spills with deduplication makes KCore-
Orkut run 13.5× faster than the best available parallel Swarm program
and 515× faster than the best available serial code. The form of dedu-
plication we implemented does add complexity and execution time
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overheads to custom spillers and requeuers. In road graphs where there
are relatively few redundant visits to any given vertex, the costs outweigh
the benefits so a user could simply choose not to use the deduplicating
custom spiller.

4.6 Additional Related Work

4.6.1 Hive

Posluns et al. recently proposed an extension to the Swarm architecture
called Hive [183], which introduces new hardware mechanisms to provide
strict guarantees that redundant tasks are deduplicated. Whereas S5
only opportunistically deduplicates spilled tasks, Hive uses intricate logic
to track speculatively redundant tasks within a hardware TQ, correctly
handling when a task becomes redundant and then non-redundant if
some other task aborts. In applications where few tasks spill from TQs,
Hive is able to perform better deduplication at the cost of invasive
changes to the TQ implementation. The biggest cost of Hive is the
energy and area expense of new associative hardware structures that
perform lookups upon every enqueue to determine which tasks have
become redundant within a hardware TQ.

In return for this hardware complexity, Hive’s strong deduplication
guarantees simplify the job of software. For example, line 7 in Figure 4-
14—which performs a software check to ensure redundant tasks exit
with no effect—is unneeded in the Hive version of KCore, because Hive
eliminates all redundant tasks. Hive also changes the format of hardware
task descriptors to include unique task IDs which help identify redundant
tasks with the same timestamp. By contrast, when an S5 custom spiller
repeatedly sees a task with the same priority and arguments, the spiller
cannot as easily identify whether one task is being spilled again after
being requeued, or if there are redundant tasks and one can be dropped.
Future work could investigate combining S5’s custom spills with Hive’s
unique task IDs.

Despite using simpler hardware than Hive, S5 can achieve better
speedups than Hive thanks to its flexibility. We use this flexibility to
combine deduplication with compact application-specific task encodings.
As a result, S5 obtains 13.5× speedup over Swarm on KCore-Orkut,
which is the benchmark on which Hive reported its best speedup: a
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mere 2.8× improvement over Swarm due to using deduplication alone.
S5’s speedups were also achieved with ADTs that are easier to use than
Swarm’s and Hive’s low-level task programming interfaces. Moreover, S5
reuses Swarm’s original hardware priority queue design as-is and makes
only simple changes to the small hardware spill buffer, so the speedups
of memory-backed tasks are a nearly free lunch. By contrast, Hive
dedicates silicon to track redundant tasks, incurring an area opportunity
cost even for applications that do not benefit from deduplication. Finally,
S5 is flexible and programmable because it gives software control over
adapting scheduling behavior rather than implementing new behaviors
it in hardware. This means, after S5 is deployed, future programmers
may continue to extend S5’s memory-backed tasks with data structure
optimizations and behaviors that benefit new applications.

4.6.2 Concurrent data structures

In the context of explicitly multithreaded programs, extensive work has
shown concurrent data structures can reduce serialization [91, 155]. But
S5 is the first library of data structures to eliminate serialization while
maintaining sequential semantics.

A common means of making high-quality data structures easy to
adopt is to package them as a modular library of generic data types.
General-purpose programming languages such as C# and Java now
incorporate generic concurrent collections such as scalable bags and
dictionaries in their standard libraries [133, 152, 153]. S5 takes inspira-
tion from how these prior approaches hide implementation complexity
behind simple abstract interfaces, which is reflected in the interface of
S5’s ADTs. But while libraries for concurrent data structures can hide
data layout and encoding details, they do not hide the inherent difficulty
of concurrent programming. Using these libraries still requires program-
mers to manually reason about which tasks are independent and which
pieces of application logic needs additional synchronization, demanding
careful thought to avoid deadlock and race conditions [4, 76, 141]. By
contrast, S5 preserves strong sequential semantics, making it impossi-
ble to produce results that cannot be produced by a serial single-core
execution. As a result, using S5 is as easy sequential programming.

Researchers continue to propose new specialized domain-specific
data structures and algorithms. Because S5 allows software to store
spilled tasks in an arbitrary backing store, ongoing research could
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be incorporated into future extensions of S5. For example, a signif-
icant amount of effort has gone into software frameworks that per-
form specialized scheduling structure optimizations for graph process-
ing [56, 74, 80, 95, 135, 178, 212, 213, 228, 229]. Future work can extend
S5 to provide these optimization choices for memory-backed tasks that
could then be selected by a programmer or chosen automatically by the
GraphIt compiler.

While the implementation of some parallel data structures can be
accomplished in existing parallel systems, S5 builds on T4’s nested
speculative parallelization to unlock more parallelism in more contexts
than is possible in prior work. By contrast, state-of-the-art parallel
frameworks for both general and domain-specific computation restrict
the actions allowed in each task (e.g., forbidding arbitrary writes to
shared data) and make extensive use of bulk-synchronous parallelism
(i.e., running one parallel loop or kernel to completion before launching
the next) that does not exploit parallelism between different invocations
of parallel kernels [96].

4.6.3 Hardware support for task scheduling

There is extensive prior work on hardware support for general commu-
nication primitives that are flexible enough to support many software
patterns. At a bare minimum, a shared-memory system with support
for atomic operations can be used to implement parallel software run-
times [118]. Some systems provide hardware support for user-level
interrupts to trigger handlers that move data payloads through shared
memory [33, 159, 219, 254]. Direct hardware support for point-to-point
message passing makes some communication patterns faster [5, 164, 220].
Active messages [249] improves upon message passing by allowing each
message to specify an interrupt handler that should be executed upon
delivery. UDM [145] improved upon active messages with greater
flexibility for software to choose dynamically between asynchronous
(interrupt-based) delivery or queuing messages until fetched by a re-
cipient. ADM [204] is similar to UDM, but allows a fast user-level
interrupts to cooperate efficiently with occasional OS kernel scheduling,
and is efficiently implemented using register-to-register communication
within a shared-memory chip multiprocessor that can support more
general programs. All of these message-passing primitives may used
by a software runtime system that must still store application tasks
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using separate in-memory structures. All of these systems also only
served explicitly parallel programs. By contrast, S5 performs implicit
and mostly automatic parallelization while allowing programmers to
exploit hardware queues to schedule deferred tasks.

Extensive prior work has also proposed fixed-function hardware
to accelerate narrow forms of task scheduling. Carbon [128] provides
hardware support for fork-join parallel programs, while several other
prior systems provide systems to accelerate barriers in bulk-synchronous
programs [23, 168, 207]. Streaming multicores [50, 52, 119, 237] use FIFOs
to facilitate computations that consume streams of data in the order they
are produced. Dataflow architectures (Section 2.1) facilitate delivering
multiple messages to one recipient, the last of which to arrive triggers
the execution of the recipient task. There are even relaxed-priority
scheduling architectures, which dispatches tasks to cores using dedicated
hardware priority queues [49] or with specialized hardware handling
in-memory priority queues [88]. Each of these techniques benefits a
different style of parallel programs. A general dataflow program cannot
safely and efficiently run on a relaxed priority scheduling architecture,
nor can a general fork-join parallel program be trivially recompiled for
a streaming multicore. And no prior technique before Swarm can be
used to parallelize an application that needs strict priority ordering.

By contrast, sequential order is very general because nearly all
computations are simpler to express sequentially than as an explicitly
parallel program. Thus, an architecture that allows software to specify
an arbitrary sequential order in which tasks should execute is very
general. Swarm is that architecture, and S5 provides a new interface
to Swarm so sequential applications can achieve easy, effective, and
efficient parallelization with nearly arbitrary ordering requirements.
While Swarm’s distributed mechanisms resemble those in relaxed-priority
architectures, Swarm’s mechanisms guarantee strict global ordering that
these other systems did not provide. We leverage Swarm’s strictly
ordered semantics to make S5 far more general and easier to use than
prior systems.

4.6.4 Compilers using application knowledge to reduce de-

pendences

In general, compilers seek to exploit facts they can prove by analyzing
source code in order to generate fast code that uses hardware well.
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Parallelizing compilers attempt to determine when data dependences
are unneeded and can be eliminated through privatization (Section 2.2).
However, in many cases effective parallelization requires understanding
the programmer’s high-level intent in order to determine how a program
can be transformed to eliminate those implementation details that cause
serialization while preserving its desired behavior.

Within speculative parallelization, some prior work proposes compil-
ers or programming frameworks that exploit semantic commutativity
with programmer support [37, 53, 127], which requires programmers to
annotate certain tasks or code regions (e.g., loop iterations) as being
commutative (i.e., valid to execute in any order). Different invocations
of these commutative tasks make use of privatized data, that is, local
copies of temporary or intermediate scalar values. But none of these
systems allows the system to entirely skip storing data in complex in-
memory structures. And these systems lacked parallel composability, so
they did not parallelize entire programs by exploiting nested parallelism
across invocations of parallelized kernels to keep hundreds of cores busy.

4.7 Summary

S5 reuses Swarm’s distributed hardware priority queues and strict prior-
ity semantics as a general scheduling primitive that replaces in-memory
schedule structures. This is possible due to the generality of strict pri-
ority ordering, which can easily implement many sequential scheduling
patterns. Despite its generality, Swarm’s hardware queues outper-
form specialized software-only schedule structures constructed in shared
memory. Hardware priority queues can be so fast because they are
implemented with dedicated, fully pipelined hardware mechanisms that
are placed near cores in a large multicore system. S5 extends this
hardware to enable a memory-backed task flow that combines the speed
and parallelism of Swarm’s hardware queues with the capacity efficiency
and specialized semantics of application-specific in-memory structures.
As a result, S5 achieves gmean 508× speedup over serial code while
maintaining the ease of writing sequential programs.
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1 void checkNeighbor(int index1, int* outp, int* outlen) {

2 if (waymap[index1].fillnum != fillnum && maparp[index1] == 0) {

3 outp[(*outlen)++] = n;

4 waymap[index1].fillnum = fillnum;

5 waymap[index1].num = step;

6 if (index1 == endindex) {

7 flend = true;

8 }

9 }

10 }

11 int makebound(int* inp, int inlen, int* outp) {

12 int outlen = 0;

13 for (i = 0; i < inlen; i++) {

14 index = inp[i];

15 checkNeighbor(index-yoffset-1, outp, &outlen);

16 checkNeighbor(index-yoffset, outp, &outlen));

17 checkNeighbor(index-yoffset+1, outp, &outlen));

18 checkNeighbor(index-1, outp, &outlen);

19 checkNeighbor(index+1, outp, &outlen));

20 checkNeighbor(index+yoffset-1, outp, &outlen);

21 checkNeighbor(index+yoffset, outp, &outlen));

22 checkNeighbor(index+yoffset+1, outp, &outlen));

23 }

24 return outlen;

25 }

26 bool fill(...) {

27 // bound1p and bound2p point to arrays

28 ...

29 bound1p[0] = startidx;

30 int bound1len = 1;

31 // fillnum, flend, endindex, and step are global variables

32 fillnum++;

33 flend = false;

34 endindex = ...;

35 step = 1;

36 while (true) {

37 int bound2len = makebound(bound1p, bound1len, bound2p);

38 step++;

39 if ((bound2len == 0) || flend) break;

40 bound1len = makebound(bound2p, bound2len, bound1p);

41 step++;

42 if ((bound1len == 0) || flend) break;

43 }

44 ...

45 }

Listing 4.1: Serial code taken from Way_.cpp in astar, compressed and
simplified for clarity.
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1 void checkNeighbor(int index1, s5::fifo* out) {

2 if (waymap[index1].fillnum != fillnum && maparp[index1] == 0) {

3 out->push(n);

4 waymap[index1].fillnum = fillnum;

5 waymap[index1].num = step;

6 if (index1 == endindex) {

7 flend = true;

8 }

9 }

10 }

11 bool makebound(s5::fifo* in, s5::fifo *out) {

12 in->for_each([out](int index) {

13 checkNeighbor(index-yoffset-1, out); // NW neighbor

14 checkNeighbor(index-yoffset, out); // N neighbor

15 ...

16 }

17 return out->empty();

18 }

19 bool fill(...) {

20 s5::fifo queue1, queue2;

21 queue1.push(startidx);

22 // fillnum, flend, endindex, and step are global variables

23 fillnum++;

24 flend = false;

25 endindex = ...;

26 step = 1;

27 while (true) {

28 bool empty = makebound(&queue1, &queue2);

29 step++;

30 if (empty || flend) break;

31 empty = makebound(&queue2, &queue1);

32 step++;

33 if (empty || flend) break;

34 }

35 ...

36 }

Listing 4.2: astar using s5::fifo
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1 static s5::levels_queue queue;

2

3 void checkNeighbor(int index1, int priority) {

4 if (waymap[index1].fillnum != fillnum && maparp[index1] == 0) {

5 queue.push(n);

6 waymap[index1].fillnum = fillnum;

7 waymap[index1].num = priority;

8 if (index1 == endindex) {

9 flend = true;

10 }

11 }

12 }

13 return out->empty();

14 }

15 bool fill(...) {

16 queue.push_init(1, startidx);

17 // fillnum, flend, endindex, and step are global variables

18 fillnum++;

19 flend = false;

20 endindex = ...;

21 step = 1;

22 queue.for_each([](uint64_t priority, int index) {

23 checkNeighbor(index-yoffset-1, priority); // NW neighbor

24 checkNeighbor(index-yoffset, priority); // N neighbor

25 ...

26 }, [](uint64_t priority) {

27 step++;

28 });

29 ...

30 }

Listing 4.3: astar using s5::levels_queue
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1 static s5::priority_queue queue;

2

3 void checkNeighbor(int index1, int priority) {

4 if (waymap[index1].fillnum != fillnum && maparp[index1] == 0) {

5 queue.push(n);

6 waymap[index1].fillnum = fillnum;

7 waymap[index1].num = priority;

8 if (index1 == endindex) {

9 flend = true;

10 step = priority + 1;

11 }

12 }

13 }

14 return out->empty();

15 }

16 bool fill(...) {

17 queue.push_init(1, startidx);

18 // fillnum, flend, endindex, and step are global variables

19 fillnum++;

20 flend = false;

21 endindex = ...;

22 step = 1;

23 queue.for_each([](uint64_t priority, int index) {

24 checkNeighbor(index-yoffset-1, priority); // NW neighbor

25 checkNeighbor(index-yoffset, priority); // N neighbor

26 ...

27 });

28 ...

29 }

Listing 4.4: astar using s5::priority_queue
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5 ASH: Accelerators for

Simulating Hardware

This work was conducted in collaboration with Fares Elsabbagh, Shabnam
Sheikhha, Quan Nguyen, Joel Emer, and Daniel Sanchez. The individual
contributions of this dissertation are highlighted in Section 5.1.1.

5.1 Introduction

Specialized hardware accelerators are increasingly common due to large
performance benefits over general-purpose processors. Specializing hard-
ware for a specific application eliminates the overheads of features the ap-
plication does not need and makes hardware simpler. Simpler hardware
elements can improve performance because they are easy to replicate
many times on a chip to exploit parallelism and easy to tightly integrate,
improving communication costs. But making hardware simpler may
sometimes require forgoing powerful abstractions previous chapters have
relied on, such as a coherent cache hierarchy, leaving software to use
more explicit communication and synchronization primitives.

In this chapter, we demonstrate a specialized accelerator and com-
piler can handle explicit communication and can still benefit from the
same principles of fine-grained parallelization used in Swarm and T4. We
specialize for Register-Transfer-Level (RTL) simulation, i.e., the precise
simulation of a hardware design written in a Hardware Description Lan-
guage (HDL) like Verilog. RTL simulation is the bottleneck in computer
chip design, as it is needed to evaluate how design improvements trade
off performance, power, and area; to verify the design’s correctness; and
to debug implementation errors. In particular, verification dominates
chip design cost [100].

Unfortunately, existing simulators are slow. The fastest software
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simulators, like Verilator [215], are purpose-built optimizing compilers
that translate RTL code into an efficient software program (e.g., in
C++) [22, 181, 215]. But simulators scale poorly across CPU cores, be-
cause parallelism is fine-grained: work must be split into tiny tasks with
few operations each. Additionally, these tasks have many data depen-
dences and require frequent synchronization. As we will see (Section 5.2),
conventional multicores incur excessive synchronization overheads that
erase most of the benefits of parallelization. Without effective paral-
lelization, slow simulation delays the design of new hardware, limits the
efficiency of the resulting design (due to insufficient design exploration),
and makes hardware bugs more likely (due to insufficient verification
coverage).

Since simulators are so slow, chip designers often resort to specialized
emulators, which map a design to hundreds to thousands of FPGAs [42,
232] or specialized processors [24, 41]. Emulators work at a lower level of
abstraction (gates), which limits their efficiency; are large and expensive;
and suffer very long compile times, days to weeks for large designs [99].
This limits emulators to final integration testing, when the design is
nearly finished and bug-free. Simulators compile designs in minutes, so
they are the far better option for most of the design cycle, when changes
are frequent (Section 5.2.4). Thus, we focus on accelerating software
simulation, retaining its fast compilation while achieving dramatic
speedups.

We propose the ASH (Accelerator of Simulated Hardware) system,
a carefully co-designed architecture and compiler for RTL simulation.
ASH reuses simple a minimal set of key techniques from Swarm and T4
and adds a new dataflow synchronization primitive needed to enable
efficient execution of RTL simulation. We present two ASH variants
that target the key acceleration opportunities in RTL simulation:

Dataflow execution with DASH: RTL simulation is naturally ex-
pressed as many tasks whose outputs drive the inputs of other tasks,
so it is a perfect match for dataflow execution (Section 2.1). Dataflow
execution has the potential to expose abundant parallelism, as each task
can run as soon as its inputs have been produced. Unfortunately, RTL
simulation fails to scale on current multicores because it needs small
tasks to expose sufficient parallelism, but small tasks have prohibitive
overheads that negate the benefits of parallelism.

DASH (Dataflow ASH) tackles this challenge by providing novel
hardware mechanisms for dataflow execution of short tasks. We extend
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a multicore with hardware to orchestrate dataflow execution: DASH
hardware gathers inputs and dispatches tasks to cores after inputs are
available. DASH implements a novel prioritized dataflow execution
that orders tasks to reduce in-flight tasks, avoiding the overheads of
prior dataflow architectures [64, 163, 230]. DASH gathers inputs through
register-to-register communication that moves data between cores, al-
lowing DASH to have a simple, partitioned memory system without
cache coherence.

Selective event-driven execution with SASH: In most digital de-
signs, only a small fraction of the signals change each cycle [21, 62, 122],
so simulating the whole design every cycle is wasteful. Selective ex-
ecution—simulating only the active fraction of the design—is more
efficient. Prior work has proposed event-driven simulators and architec-
tures [2, 47, 68, 70, 104] where work happens through events that may
schedule other events for later execution. Unfortunately, these prior
systems lack support for dataflow execution, so running dataflow tasks
selectively incurs costly synchronization through memory that negates
the benefits of selective execution.

SASH (Selective event-driven ASH) tackles this challenge by extend-
ing DASH with selective execution, running only tasks whose inputs
change during a given cycle. Selective execution introduces dynamic
data dependences: each task receives inputs only from producers that
have run, but not from skipped ones. SASH handles these dependences
with speculative execution, running each task with its received inputs
and using old values for non-received ones (i.e., speculating that they
aren’t changing this cycle). A late-received input causes the task to
abort and re-execute. Whereas Swarm tasks speculate because the set
of tasks and their potential data dependences is unknown, SASH tasks
speculate for a different reason: although all dependences are statically
known to the compiler, determining when each task is safe with certainty
would require extra work and communication, and it is more efficient to
speculate.

ASH compiler: The ASH compiler builds on Verilator and introduces
novel techniques to automatically parallelize RTL efficiently, place tasks
and data to minimize communication. To make effective use of DASH’s
hardware management of priority-ordered tasks as well as SASH’s specu-
lative execution, the ASH compiler exploits many of the same principles
as T4 and S5, using trees of tiny tasks to maximize parallelism and
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limit abort costs as well as assigning tasks timestamps to encode their
priority order.

In summary, ASH leverages classic compiler and architecture con-
cepts including speculative and dataflow execution (Section 2.1), and
contributes new techniques to make their combination efficient and
to use them automatically. While prior systems used either specu-
lation [2, 69, 107] or task-level dataflow [64, 256], ASH is the first to
combine them, achieving good scalability and avoiding ineffectual work.

We evaluate ASH in simulation, on four large Verilog designs that
include CPU cores, GPU cores, and accelerators. Our contributions
make RTL simulation scale to hundreds of cores. A 256-core ASH
system is gmean 1,485× faster than serial Verilator on a system with a
single (simple) core, and gmean 32× faster than parallel Verilator on a
commercial CPU with 32 complex cores while using 3× less area.

5.1.1 Contributions

ASH’s execution models, compiler, and hardware implementation were
developed collaboratively. This chapter describes the entire design of
ASH, while emphasizing the author’s individual contributions, which
we summarize here.

ASH compiler support for tiny tasks: The ASH compiler adopts
techniques from T4, such as the generation of trees of spawner tasks
that exploit distributed hardware task units to produce argument de-
scriptors in parallel. In ASH, spawner trees perform efficient multicast
messaging (Section 5.4.3.5). Similar to T4, the ASH compiler automati-
cally generates timestamps as well, but uses a different algorithm that
prioritizes tasks using information from the statically known dataflow
graph (Section 5.4.3.4). Finally, we contribute new compiler techniques
to coarsen tasks to reduce task creation and argument-passing overheads
while still limiting the size of the resulting tasks (Section 5.4.3.3).

ASH hardware implementation: ASH’s hardware structures must
handle the need to merge multiple argument descriptors into a single
task before DASH can safely execute it or SASH can safely commit it.
ASH hardware exploits prioritization with unique timestamps to ensure
matching argument descriptors can be found within ASH’s finite-size AQ
& merge-unit, even when AQs overflow (Section 5.4.2). SASH’s commit
protocol also differs from Swarm’s to ensure tasks to not commit when
they have a late-arriving descriptor in flight in the NoC (Section 5.5.2).
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Additionally, a hardware heuristic was added that throttles the
dispatch of speculative SASH tasks to reduce aborts (Section 5.8).

Evaluation: The baseline Verilator system generates serial or mul-
tithreaded C++ code, which is compared against ASH (Section 5.9).
Several effects of varying task granularity and coarsening were evaluated
and analyzed, showing the importance of hardware support for short
tasks (Section 5.2.2 and Section 5.2.3). To evaluate ASH, the Swarm
simulator infrastructure was extended to model ASH hardware, with
support for partitioning and mapping tasks and data (Section 5.8). The
occupancy of SASH’s hardware queues was evaluated, showing how
SASH exploits out-of-order execution within a finite speculation window
(Section 5.9.3). The same simulator infrastructure was also used by
collaborators for other parts of the ASH evaluation.

5.2 Motivation and Background

In this section, we first introduce the key characteristics of RTL sim-
ulation. We then present its two key optimization opportunities and
quantify the limitations of existing systems, including parallel simulators
and FPGA emulators.

5.2.1 Understanding RTL simulation

RTL simulation functionally evaluates a digital circuit written in an
HDL like Verilog. RTL simulation precisely evaluates how signals and
state elements (e.g., registers) evolve over clock cycles. For instance,
Figure 5-1(a) shows a 2-stage pipeline that computes the dot-product of
two 4-element vectors. In an RTL simulation, a testbench feeds inputs
each simulated cycle, and compares the outputs (and maybe other
signals) against a reference model. It may also evaluate performance
(e.g., cycles taken on a long computation) and power (by measuring
component activities). Thus, RTL simulation verifies digital designs
and analyzes their efficiency.

In this work, we focus on simulating synchronous circuits, by far the
dominant design style (other styles, like asynchronous circuits [39], are
rarely used). These systems comprise combinational logic and clocked
registers. (For simplicity, we assume that all registers are driven by one
clock, but our techniques also work with multiple clock domains [243].)
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Figure 5-1: RTL simulation of synchronous circuits can be ab-
stracted as a dataflow graph.

Dataflow graphs: RTL simulation of synchronous circuits can be
abstracted as the execution of a dataflow graph, where nodes represent
combinational logic and edges represent data values. Figure 5-1(b)
shows the dataflow graph for the circuit in Figure 5-1(a), with inputs

on the top and the only output on the bottom. The same registers are
shown on both top and bottom, as they are read and written every
cycle. RTL simulation evaluates each node in the dataflow graph once
per simulated cycle in an order consistent with its dataflow edges.

RTL simulators: Modern RTL simulators like Verilator [215], ES-
SENT [22], RepCut [250], and Cuttlesim [181] are compilation-based :
they translate HDL code to a dataflow intermediate representation (IR),
then translate the IR to a software program that simulates the circuit.
For example, Figure 5-2 shows how an ALU is translated from Verilog
to efficient C++. Translation leverages the semantic similarities of
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typedef bit [63:0] Word;

typedef enum {ADD, MUL, AND, XOR} AluOp;

module alu(input Word a, input Word b,

input AluOp op, output Word out);

always_comb begin

case (op)
ADD: out = a + b;

MUL: out = a * b;

AND: out = a & b;

XOR: out = a ^ b;

endcase
end

endmodule

(a) Verilog RTL code for an ALU.
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(b) ALU hardware.

class alu {

// Inputs
uint64_t a, b;

uint8_t op;

// Outputs

uint64_t out;

void eval() {

if (op == 0) out = a + b;

else if (op == 1) out = a * b;

else if (op == 2) out = a & b;

else if (op == 3) out = a ^ b;
}

};

(c) C++ ALU simulator.

Figure 5-2: Fast RTL simulators compile HDL code (e.g., Verilog)
to a software program that simulates the hardware.

HDLs and software languages, e.g., arithmetic operations are directly
translated to C++ arithmetic operations, not bit-level operations.

RTL simulation admits two key optimizations: executing the dataflow
graph in parallel, and executing only the nodes whose inputs change. We
now quantify how existing systems with inadequate hardware support
fall short.

5.2.2 Parallel execution needs small tasks

RTL simulators can parallelize execution by leveraging the dataflow
graph, which exposes available parallelism: independent paths can
be evaluated in parallel. However, fine-grained dependences cause
serialization: for instance, in Figure 5-1(b) the adder tree can be partially
parallelized, but two inputs feed into the final adder. In practice,
combinational paths have tens of nodes, with edges fanning in and out,
creating complex dependences that make parallel execution challenging.

The granularity of scheduling is a key aspect of parallelization. Each
node in the dataflow graph performs a tiny amount of work, often just
a single assignment. On current multicore systems, communication
overheads would make individually scheduling these nodes extremely
expensive. Instead, dataflow nodes are first merged into larger tasks.
Then, this task-level dataflow graph is scheduled across cores.

Merging nodes into larger tasks introduces delicate tradeoffs between
work-efficiency and parallelism. On the one hand, larger tasks are
more work-efficient. On the other hand, merging too much has two ill
effects: it reduces parallelism and creates tasks with many inputs and
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outputs, which are harder to schedule. For instance, merging the four
independent multiplier nodes in Figure 5-1(b) reduces parallelism by
4× and produces a single task with 8 inputs and 4 outputs.
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(b) Actual measured performance.
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(c) Tiny tasks uncover low activity.

Figure 5-3: Effects of varying
task size for Verilator. More
tasks (x-axis) means finer grain.

The problem is that existing
multicores force simulators to create
huge sequential tasks that sacrifice
most of the parallelism. This hap-
pens because communication and
synchronization are very expensive:
communicating a single value across
cores is done through shared mem-
ory, and costs hundreds of cycles.
Tasks must have thousands of oper-
ations to amortize these costs. But
larger tasks also have more depen-
dences, inducing needless serializa-
tion that tanks parallelism.

To quantify this problem, we use
Verilator [215] to compile and sim-
ulate Chronos, a graph-processing
accelerator with 128 processing en-
gines (see Section 5.8 for method-
ology details). Verilator iteratively
merges dataflow nodes into large
tasks. It tries to avoid lengthen-
ing the critical path, i.e., the costli-
est chain of tasks from initial val-
ues (inputs or registers) to final val-
ues (outputs or registers). Merging
nodes can produce a costlier task on
the critical path, so Verilator stops
merging when the parallelism, i.e.,
the ratio of total cost of all tasks to
critical path cost, reaches a thresh-
old.

Figure 5-3(a) shows how parallelism grows with the number of tasks.
The x-axis uses a logarithmic scale to show a wide range of options:
from serial simulation using one task, to restricting Verilator to only do
merges that avoid hurting the critical path, which produces 74K tiny
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tasks. Figure 5-3(a) shows that parallelism is plentiful, but only with
many small tasks: merely achieving 100× parallelism requires about
2000 tasks.

Figure 5-3(b) shows how this potential parallelism translates to
performance. It reports speedup over serial Verilator across the range of
task counts (and granularities) on a 32-core AMD Zen 2 CPU. Verilator
schedules tasks statically to a fixed number of threads (a good strategy,
as task costs are known at compile time). We adapt Verilator to
allow varying threads and merging level independently, and report the
performance of the best thread count for each merging level.

Unfortunately, Figure 5-3(b) shows that parallel execution yields
limited speedups: the best performance is for 203 tasks, which is only
3.5× faster than serial simulation despite an expected parallelism of
18.7. Such limited speedups are typical for Verilator’s multithreaded
simulations [216, 217]. This is because, even with 203 relatively large
tasks, each task has only about a microsecond worth of work, and
synchronization costs dominate. These costs make speedups plummet
with smaller tasks. DASH’s support for dataflow execution avoids these
costs, enabling small tasks with high parallelism.

5.2.3 Selective execution needs small tasks

Digital systems have low activity factors: a small fraction of the logic
switches each cycle [21, 62, 122]. Simulators can exploit this by evaluating
only the nodes whose inputs change.

Effective selective execution demands small tasks. Figure 5-3(c)
reports the fraction of work performed by active tasks, averaged across
simulated cycles. A task is active and must execute if any of its inputs
has changed since it last executed. With small tasks, active tasks make
up only 20% of work. But larger tasks make it more likely that some
logic within each task is active, making inactive tasks rare. Below 2000
tasks, the activity factor is pegged to 100%.

Prior work has developed serial simulators that exploit low activity
factors through conditional execution [22]. But the inability of parallel
simulators to deal with small tasks makes selective execution ineffective,
and to our knowledge, state-of-the-art parallel RTL simulators are
non-selective [216].

In parallel simulation, skipping inactive tasks adds complexity be-
cause any active task must now know which inputs change and which
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stay the same. Prior work has proposed conservative and optimistic
parallelization approaches. With conservative parallelization, as done
in the Chandy-Misra-Bryant (CMB) algorithm [47], each inactive task
must send null messages to indicate lack of changes in its outputs. This
approach still traverses the full dataflow graph each cycle—it skips only
the work within each task, but not the communication. For the tiny
tasks needed in RTL simulation, this is inefficient.

Time Warp [104, 105] avoids null messages and conservative syn-
chronization using an optimistic approach: tasks execute speculatively,
assuming that no other inputs will be received, and an input received
out of order causes the task to abort and re-execute. But Time Warp
has no concept of dataflow execution: each task carries one argument
from a single simulated object to another. Thus, while prior accelerators
used this optimistic approach in other domains [2, 68, 107], they lack the
hardware support needed to manage speculative execution of dataflow
tasks. As we later quantify (Section 5.10), ASH is the first system with
sufficient hardware support to make selective execution profitable in
parallel RTL simulation.

5.2.4 Emulation versus simulation

Hardware emulators are the only platforms capable of running billion-
gate designs at MHz speeds by mapping gates directly to hardware
elements implemented on FPGAs or specialized gate processors. How-
ever, their long compile times make them incompatible with crucial
parts of the chip design process, such as design space exploration and
prototyping, when RTL changes are extremely frequent.

Current FPGA-based emulators include Cadence’s Protium [42] and
Synopsys’s ZeBu [232]. Their compilation times span from days to weeks,
as partitioning, placing, and routing a design across many FPGAs is a
very complex process. Processor-based emulators use a large collection
of ASICs instead of off-the-shelf FPGAs: Cadence’s Palladium [41] uses
a massive array of Boolean processors; and Mentor’s Veloce Strato [151]
uses custom FPGAs tailored to emulation. (Section 5.10.3 describes
additional systems.) ASIC-based systems have lower compilation times
(hours to days) and better debugging capabilities than FPGA-based
ones, but they are slower and more expensive. Thus, emulators are
restricted to late in the design process, when changes are rare.

Simulation is the best choice for evaluating RTL designs at high
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System Compile time Sim speed
Time to simulate

1M cycles 1B cycles 1T cycles

SW sim. 2 mins 11 KHz 3.9 mins 1.1 days 3 years
SASH 2 mins 414 KHz 2.4 mins 43 mins 28 days
FPGA ×2 13 hours 1.4 MHz 13.2 hours 13.4 hours 8.7 days

SASH/FPGA 332× 18.9× 0.3×

Table 5-1: Simulation vs. FPGA emulation.

speeds and at large scales. To concretely quantify its advantages,
Table 5-1 shows the times to compile, and then run, Chronos in (1)
pure software simulation, (2) SASH, and (3) emulation on 2 FPGAs.
Simulated duration is important, because different activities demand
different durations: one million cycles (∼ 1ms) suffices for short tests,
one billion cycles (∼ 1s) enables thorough performance evaluation, and
one trillion cycles (∼ 20 min) enables running complex software.

To benchmark emulation, we use a system with two large Alveo U250
FPGAs [255] directly connected through 200Gbps links. Chronos does
not fit in one FPGA. By manually partitioning the design and applying
Virtual Wires [18], we achieve a 1.4 MHz speed, limited by inter-FPGA
latency. After days of tuning, this design compiled in 13 hours (running
both FPGA compiles in parallel). Commercial emulators can automate
partitioning but at the cost of longer compile times.

SASH has a somewhat lower simulation speed than emulation, but
compiles Chronos in 2 minutes. This enables a much shorter design
and debug cycle than emulation: in the time it takes to carry out a
billion-cycle FPGA emulation run, engineers could have done nearly 20
SASH runs.

5.3 System Overview

Figure 5-4 shows an overview of the ASH architecture. ASH consists of a
co-designed hardware architecture and RTL compiler. The architecture
efficiently supports the two key optimizations identified in Section 5.2: it
scales simulation to many cores using dataflow execution, and it avoids
needless work through selective execution. The RTL compiler leverages
these architectural features to achieve high performance.

ASH hardware is designed from the ground up to support fine-
grain tasks. The ASH chip is organized similarly to Swarm, with
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Figure 5-4: ASH system overview.

tiles that each have four cores and a task unit. However, the task
units are changed to support the specific needs of dataflow simulation
workloads. We design two variants of ASH, and present them in stages:
DASH (Section 5.4) supports task dataflow specialized to simulation
workloads, and SASH (Section 5.5) adds speculation to DASH to achieve
selective execution. ASH’s memory system also differs from conventional
multicores: it does not use global coherence; it performs all inter-tile
communication through task arguments; and it performs task-driven
instruction prefetching (Section 5.6) to cope with the high instruction
footprints of RTL simulation.

Our ASH compiler implementation is based on Verilator, the state-
of-the-art Verilog/SystemVerilog simulator [215]. Verilator supports
parallelization on shared-memory multicores, which as we have seen,
achieves limited speedups (Section 5.2.2). We thus contribute new com-
piler techniques that automatically divide work into fine-grain dataflow
tasks, partition these tasks and their data across tiles, and modify these
tasks for selective, speculative execution. We explain these compiler
contributions as we introduce DASH and SASH.

5.4 Prioritized Dataflow Execution with DASH

This section presents the DASH system, which implements dataflow
execution but not selective execution—all tasks run in every simulated
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cycle. We first present DASH’s execution model and ISA; then describe
its hardware implementation; and finally explain how RTL compiles to
DASH.

5.4.1 Execution model and ISA

As in Swarm, all computation in DASH happens through tasks, which
execute a unit of code—a C++ function in our implementation. Tasks
can have one or more input arguments which act as the tokens in
dataflow execution (Section 2.1). Tasks produce arguments which are
consumed by other tasks.

Dataflow execution: Hardware provides native support for dataflow
execution. A task sends arguments to other tasks with a push_args

instruction. Hardware buffers the arguments for each task; the task
becomes ready when all its arguments are available. Ready tasks are
queued and dispatched to cores for execution. Cores execute each task
to completion, and stall if no further tasks are available.

Hardware support for dataflow execution avoids communication
through shared memory: a task enqueues output arguments from regis-
ters, and when a task starts execution, its input arguments are placed
in registers.

Prioritized execution and timestamps: Prioritized execution is
DASH’s key distinguishing feature. Previous dataflow architectures
(Section 5.10.2) execute the dataflow graph in an unordered fashion. This
often produces an excessive number of in-flight task arguments, requiring
large storage structures for arguments and associative lookups [14, 256].

Instead, DASH prioritizes tasks for execution: software assigns a
unique integer timestamp to each task, and hardware task units dispatch
ready tasks for execution in relaxed timestamp order. The DASH
compiler assigns each task a unique timestamp to identify distinct tasks
as well as to prioritize work in the critical path and keep a small memory
footprint. Thus, DASH has much lower memory footprint than prior
dataflow architectures, and a simpler implementation (Section 5.9.3).

Timestamps also differentiate invocations of the same task. Each
task invocation has a different timestamp (as each task runs once per
simulated cycle), and timestamps enable their arguments to coexist.
This allows overlapping the execution of successive cycles, increasing
parallelism.
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void adderOut(uint16_t ts, uint64_t wire0, uint64_t wire1) {

output_ports->reg_out = wire0 + wire1;
}

Timestamp = 1002, Tile = ADDEROUT_TILE

void adder1(uint16_t ts,

uint64_t reg2,
uint64_t reg3) {

uint64_t wire1 = reg2 + reg3;
push_args<&adderOut, ARG1,

ADDEROUT_TILE,

/*#parents=*/2>
(ts + 1, wire1);

}

Timestamp = 1001, Tile = ADDER0_TILE Timestamp = 1001, Tile = ADDER1_TILE

wire1wire0

void adder0(uint16_t ts,

uint64_t reg0,
uint64_t reg1) {

uint64_t wire0 = reg0 + reg1;
push_args<&adderOut, ARG0,

ADDEROUT_TILE,

/*#parents=*/2>
(ts + 1, wire0);

}

Figure 5-5: Task code for the adder tree in Figure 5-1.

Memory: Although task arguments are passed through registers, tasks
can also access memory. Supporting data accesses serves two purposes.
First, some simulated structures, like SRAM memories, have a lot of
state. It would be inefficient to encode all this state in dataflow edges;
it is better to store this state in memory and have dataflow nodes that
access it. Second, hardware limits the number of arguments per task
(our implementation allows up to five 64-bit arguments). Tasks that
exceed this limit must store some inputs in memory.

Task mapping: While memory stores some state, there is no global
shared memory, and all global communication happens through task
arguments. To enforce this restriction, each task is mapped to run on a
fixed tile, and all memory accesses to the same data must happen from
same-tile tasks.

Argument enqueue ISA: The push_args instruction conveys the
recipient task’s metadata: function pointer, timestamp, tile id, and the
total number of arguments. push_args may also convey one or more
argument values.

Figure 5-5 shows this interface, with code for Figure 5-1’s adder
tree. Tasks adder0 and adder1 can run in parallel, each enqueueing
arguments for the adderOut task to sum.
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5.4.2 DASH hardware implementation

The organization of DASH’s task unit is shown in Figure 5-6. It consists
of an Argument Queue (AQ) and an Argument Send Buffer (ASB),
which resemble Swarm’s Task Queue (TQ) and Task Send Buffer (TSB).
But these structures now handle arguments that must be combined
in order to execute a recipient task. DASH has no commit queue as
it executes all tasks non-speculatively, and we will discuss how SASH
handles speculation later.

Each execution of push_args creates an argument descriptor, com-
posed task arguments and metadata for the recipient task (function
pointer, tile id, timestamp, and number of parents). This descriptor
is sent to the tile where the task is mapped, and queued in the AQ.
The task unit merges queued descriptors of ready tasks, and dispatches
them for execution.

Much like Swarm’s TSB, ASBs buffer newly produced data and au-
tonomously sends it to other tiles. This makes push_args asynchronous:
the core continues execution and does not stall while the descriptor is
sent. ASBs use exponential backoff to handle full AQs.

Each tile’s AQ stores in-flight argument descriptors for tasks mapped
to the tile. Along with the argument descriptors, the AQ also has
a priority queue sorted by timestamp. This enables quickly finding
the argument descriptors for the lowest-timestamp queued task. We
implement this fixed-capacity priority queue using a pipelined heap [2,
27] that can pop one descriptor per cycle, similar to Swarm’s TQ
(Section 2.3).

The task unit’s merge unit consumes argument descriptors from the
AQ in priority order, and merges them into tasks. The merge unit is
similar to a reservation station [240] in an OOO core: it has a small
number of entries (16 in our implementation). Each entry gathers the
arguments for a task: the first descriptor for a task allocates a new
entry, and later arguments for the task are merged in the same entry.
After all the arguments are merged into one entry, the entry is freed and
the resulting ready task is queued for execution at a core, in a small
ready task buffer, as shown in Figure 5-6. Ready tasks may execute out
of order, while tasks with missing arguments wait in the merge unit.
Unlike reservation stations, since tasks may arrive and allocate merge
unit entries out of order, the merge unit may need to evict an unready
task back to the AQ to allow an earlier-timestamp task to be merged.
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Figure 5-6: DASH tile, with descriptors from Figure 5-5.

These evictions are very rare (Section 5.9.3).
The AQ has a small and fixed size (512 descriptors in our imple-

mentation). When the AQ fills up, a simple FSM spills high-timestamp
descriptors to memory and later returns these descriptors to the AQ
in timestamp order. This prevents high-timestamp descriptors from
starving low-timestamp ones. The spiller maintains priority queues
in untracked memory similar to Swarm’s generic software spiller (Sec-
tion 2.3.5), except that requeues are prioritized with timestamp one less
than the timestamp of the spilled task. This ensures the low-timestamp
argument descriptors are returned to the AQ right before they are
needed. Because each task has a unique timestamp and we guarantee
each task has a limited number of descriptors (up to 8 in our implemen-
tation), forward progress is guaranteed: the argument descriptors for
the lowest-timestamp unmerged task will make their way together to
the head of the AQ where they can be merged.

Prioritized execution keeps DASH’s merge unit small and efficient.
Prior dataflow architectures implemented large wait-match units that
stored arguments for unready tasks and performed expensive lookups
to merge them and find ready tasks [64, 163, 230]. Instead, DASH uses
tiny merge units similar to reservation stations, which work almost as
well as unbounded ones because most lowest-timestamp tasks have all
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Figure 5-7: DASH compiler passes.

arguments available (Section 5.9.3). Moreover, prior dataflow architec-
tures hinder memory footprint: they execute the dataflow graph in an
unordered fashion, so produced arguments may not be consumed for a
long time. Instead, prioritization produces arguments in the right order,
so modestly sized AQs suffice to keep spills rare.

5.4.3 DASH compiler

We build DASH’s compiler by modifying Verilator [215], a state-of-the-
art compiler that transforms Verilog RTL into an efficient parallel C++
simulator. We reuse its frontend, which translates Verilog to a dataflow-
style IR. We then heavily modify its backend to produce DASH code
from this IR. Figure 5-7 shows our backend’s compiler passes, which we
describe next.

5.4.3.1 Increasing parallelism with the unrolled dataflow graph

Existing RTL simulators parallelize execution cycle by cycle, and use a
single-cycle dataflow graph like the one introduced in Figure 5-1(b). In
this representation, wires are converted to dataflow edges, but registers,
inputs, and outputs are in memory. This representation limits paral-
lelism in two ways. First, it induces write-after-read dependences on
registers: every read to the register must be performed before the regis-
ter is updated. This creates dependences within a cycle. For example,
in Figure 5-1(b), the adders in the second pipeline stage must read their
registers before the multipliers in the first stage write them. Second,
the single-cycle dataflow graph makes it hard to parallelize across cycle
boundaries because it assumes that registers are up-to-date at the start
of each simulated cycle.

To overcome these limitations, we contribute the unrolled dataflow
graph. This representation turns registers into cross-cycle dataflow edges.
Figure 5-8 shows this representation, distinguishing between same-cycle

edges (wires) and cross-cycle edges (registers). This representation
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Figure 5-8: The unrolled dataflow graph turns registers into cross-
cycle edges (shown in red) to expose more parallelism.

avoids write-after-read dependences and overlaps computations from
different simulated cycles, exposing more parallelism.

5.4.3.2 Mapping dataflow nodes

DASH first partitions the unrolled dataflow graph across tiles. Since
sending arguments across the chip consumes bandwidth and energy, we
try to both minimize cross-tile communication and balance work across
partitions. In addition, nodes that access the same data in memory
(e.g., an SRAM array, as explained in Section 5.4.1) are restricted to
the same tile. Finally, we map nodes that incur (rare) system tasks, like
I/O, to a fixed tile, which lets us use standard libraries despite the lack
of coherence.

We use METIS [116] to perform this partitioning, minimizing the
sum of cross-partition edge costs while keeping the sum of node costs per
partitions roughly balanced. We estimate a node’s cost as the number
of instructions within it and an edge’s cost as the bits of its argument
descriptor.

5.4.3.3 Coarsening dataflow nodes into tasks

The compiler then coarsens the partitioned graph, producing larger
tasks from small dataflow nodes. We modify Verilator’s merging pass
(described in Section 5.2.2) to prevent merging dataflow nodes or tasks
from different partitions. The merging pass prioritizes merging tasks
that incur the minimum degradation in the critical path. Additionally,
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we limit the size of resulting tasks using a static cost model, producing
tasks with a few tens of instructions on average, enough to amortize
DASH’s small task overheads while leaving enough parallelism to keep
hundreds of cores busy.

After these passes, we have a task dataflow graph where each task is
mapped to a tile, and memory accesses are local to a tile: all cross-tile
communication is through descriptors.

5.4.3.4 Prioritizing tasks

DASH next assigns a unique timestamp to each task, prioritizing their
execution within and across cycles. Within a cycle, each task has a level
l: the longest chain of tasks that produces an argument for the task,
measured from the start of the cycle. For instance, assuming that each
node in Figure 5-8 is a task, the multipliers and initial adders have l = 0,
the final adder has l = 1 We sort tasks by level and then assign each
static task a unique timestamp d that is compatible with level order.
These timestamps reflect a topological order in the single-cycle dataflow
graph, similar to the timestamps T4 generates (Section 3.5.3). Each
dynamic task may given timestamp = D · cycle+ d, where cycle is the
current simulated cycle and D is the number of tasks in the single-cycle
dataflow graph. On each push_args, the producer task computes the
consumer’s timestamp starting from its own. If a producer and consumer
have timestamps dp and dc, the consumer timestamp is dc − dp larger
than the producer’s if this is a same-cycle dependence, and D + dc − dp
if it is a cross-cycle dependence.

Prioritizing by breadth-first levels is simple and produces a good
schedule because coarsening produces similarly sized tasks (using finer-
grain instruction costs instead of levels produces a similar schedule but
makes timestamp computation costlier). When path depths are uneven,
this schedule allows starting the execution of the next cycle before the
current cycle’s paths are computed, but gives priority to critical paths
from the current cycle.

5.4.3.5 Passing arguments through registers and memory

DASH hardware allows each task to receive arguments in up to five
64-bit registers. In most cases, all arguments fit in registers; non-fitting
values are read from memory.
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If producer and consumer are on the same tile, the producer simply
writes the non-fitting values to memory (at a pre-allocated location
specific to the consumer task), and the consumer later reads them. But
since ASH does not have global shared memory, when the producer is on
a different tile, values are communicated through auxiliary data-transfer
tasks (DTTs). Figure 5-9 shows DTTs in action: a producer must pass
a large 120-byte value. It passes 40 bytes directly to the consumer
through arguments, and creates two DTTs to ship the remaining 80
bytes. Each DTT takes 40 bytes of arguments from the producer, and
is sent to the consumer’s tile, where it writes these bytes to a fixed
memory location. Each DTT has a dataflow edge to the consumer task
(with no arguments) to preserve RAW dependences.

If a producer task must pass an argument to many consumers, the
compiler emits a tree of spawner tasks, similar to that in T4’s bounded
tree expansion (Section 3.6.2), which fans out efficiently across the
system to pass these values in parallel to their consumers. This fan-
out tree is an efficient compiler-generated implementation of multicast
messaging that reduces inter-tile communication. ASH hardware also
limits the number of direct parents (producer tasks) of each task (to 8
in our implementation). To address this, the compiler emits a fan-in
task tree for tasks with many arguments. For instance, if in the previous
example the producer had to pass a much larger value that required
32 DTTs, these would form a 2-level tree: the consumer would have 8
direct parents, and each of these would have 4 DTTs as parents.

Storing some arguments in a single memory location introduces
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write-after-read (WAR) dependences (like we saw in Section 5.4.3.1 for
single-cycle dataflow graphs). For instance, in Figure 5-9, the next-
cycle’s DTTs have a WAR dependence with the consumer. For simplicity,
we add cross-cycle edges to the task graph to respect WAR dependences,
using a push_args without arguments from the reader to the writer.
We do this selectively, adding a WAR edge only if the dependence isn’t
already covered by existing edges (often, a chain of RAW edges already
forces the writer to run after the reader).

The resulting task dataflow graph obeys hardware limits while pre-
serving two invariants: it encodes all dependences as dataflow edges,
and localizes all memory accesses.

Finally, the compiler generates C++ code for this task graph, pro-
ducing a DASH program.

5.5 Selective Dataflow Execution

DASH runs all tasks in the dataflow graph, but many tasks are ineffectual
because only a fraction of the logic switches each cycle. SASH leverages
low activity factors by running only tasks whose inputs have changed
on each cycle.

SASH extends DASH hardware to skip inactive tasks and to run
tasks speculatively, using speculative parallelization as described in Sec-
tion 5.2.3. We first describe the changes needed for selective execution,
then those needed for speculation.

5.5.1 Selective execution

In SASH, parents only push arguments that are different from previous
cycles. This requires small hardware changes. First, parents must be
able to detect a change in their produced output compared to previous
cycles. Second, since each task may only receive some of its arguments,
it must fill in the missing arguments with their last values. SASH
implements these features with simple hardware and two in-memory
structures: an input argument buffer and an output argument buffer.

Ineffectual arguments are filtered: SASH statically allocates a
per-task, hardware-managed, in-memory output argument buffer that
holds the latest arguments the task has pushed. This buffer has finite
size because we restrict each task to push at most 8 descriptors, and each
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push has at most five 64-bit registers. Each push_args reads the output
buffer and compares the new and previous arguments. If they differ,
the output buffer is updated and an argument descriptor is pushed to
the ASB. If they match, no action is taken.

Task dispatch does not wait for all arguments: In SASH, every
task that has received at least one argument descriptor is ready. The
task unit’s merge unit now does not store multiple tasks: it merges the
descriptors for the lowest-timestamp task and dispatches it for execution.

Dispatched tasks fill missing arguments with old values: Since
tasks with inactive parents have missing arguments, SASH maintains
a per-task, in-memory input argument buffer that records the latest
arguments of the task. When a task is dispatched, before starting
execution, the input argument buffer is read to retrieve the task’s
missing arguments, and then updated with the latest values.

Handling in-memory arguments: When a task consumes inputs
from memory (Section 5.4.3.5), two types of descriptors carry no argu-
ments: those that encode read-after-write (RAW) dependences (e.g.,
between DTTs and consumer in Figure 5-9) and those that encode
WAR dependences (e.g., between consumer and next-cycle DTTs in
Figure 5-9). When a descriptor has no arguments, push_args takes an
isRAW flag to distinguish them. Argumentless RAW descriptors are not
filtered, as they encode a memory dependence. (in this case, software
checks whether the in-memory value is the same, and skips pushing the
descriptor if so). WAR descriptors are used in speculative execution,
described next.

5.5.2 Speculative execution

SASH dispatches tasks even if some of their arguments are missing.
Given enough parallelism and appropriate timestamps, most missing
arguments arise because their producer task was skipped or filtered them.
But occasionally, an argument is missing because it is late, so using its
old value is incorrect. Therefore, SASH runs tasks speculatively: on a
late-arriving argument, the task and all its consumers are aborted, and
the task is re-executed with the new argument.

SASH implements speculative execution by adapting techniques from
from Swarm and Time Warp [104]. Note that, unlike Swarm and most
other architectures for speculative parallelization, SASH does not detect
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Figure 5-10: SASH tile.

misspeculation through memory accesses. This results in much simpler
hardware.

Speculation and rollback: Like Swarm, SASH uses a per-tile commit
queue (CQ) as shown in Figure 5-10 that holds the speculative state
of uncommitted tasks. Each dispatched task is allocated an entry in
the CQ. But unlike Swarm’s CQs, SASH does not need to store address
sets in Bloom filters to facilitate conflict detection.

SASH detects conflicts when descriptors arrive at the tile. The CQ
is checked to find if a task with the same timestamp was dispatched.
If so, the task is aborted and requeued to the AQ, along with the new
argument.

WAR descriptors are handled differently: they undergo conflict de-
tection as described above, and then they are immediately discarded,
without ever being enqueued in the AQ. This is because WAR descrip-
tors do not carry any data for a true data dependence, they ensure
that writers do not clobber earlier readers. By conflict-checking but
discarding the descriptor, we enforce its WAR dependence but prevent
an ineffectual task from running.

SASH adopts eager versioning with undo logs to handle memory
accesses, following Swarm’s implementation: on a store, the core updates
memory in-place, and pushes the old value to a small in-memory undo
log. If the task aborts, memory values are restored from the undo log.
The undo log is discarded when the task commits. Note that updates
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to output and input argument buffers are also logged.
Finally, SASH implements cancellation of pushed argument descrip-

tors as in Time Warp. When a task aborts, in parallel with restoring
memory, its CQ deletes each argument descriptor that the aborted task
had pushed, sending messages to perform this deletion if the argument
descriptor is in a remote AQ. If the argument descriptor was used by
a dispatched task, that task instance is aborted. The AQ overflow
mechanism from DASH is modified to use the spill policy from Swarm,
spilling only argument descriptors whose parents have committed.

High-throughput commits: To make commits fast, each CQ can
buffer tens of finished tasks per core, and the task unit determines which
tasks are safe to commit in bulk, amortizing commit overheads over
many tasks. Specifically, we adopt the virtual-time algorithm from Time
Warp, with some changes from how it is used in Swarm that exploit the
uniqueness of timestamps. As in Swarm, periodically (every 100 ns in our
implementation) each tile sends the timestamp of its earliest unfinished
task to a global arbiter, which finds the minimum such value across all
tiles and broadcasts it. CQs then commit all tasks with timestamps lower
or equal than this minimum. Unlike in Swarm, unmerged argument
descriptors in ASBs are treated as unfinished tasks with timestamp one
lower than their destination task. This prevents misspeculating task
executions from committing when a argument descriptor that needs to
be merged to that task has yet to arrive at the destination AQ to be
merged. This does not violate the rule that the virtual time broadcast
by the commit arbiter must monotonically increase, because at the
moment any argument descriptor enters the ASB, its producer must be
executing, and that producer must have a lower timestamp because the
ASH compiler assigns each task a unique timestamp.

5.6 Task-Driven Instruction Prefetching

Beyond dataflow and selective execution, ASH includes a simple op-
timization to cope with high instruction footprints: large hardware
designs execute multiple megabytes of code per simulated cycle. On
conventional systems, this causes frequent instruction cache misses that
limit performance [17].

To avoid this problem, we add a simple task-driven instruction
prefetching mechanism that fetches the task’s code into the core’s
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instruction cache ahead of execution. We add a small Ready Task
Buffer (RTB) to each core. The task unit pushes tasks to this RTB
eagerly, so the RTB has the task that runs after the currently executing
task. The core starts fetching a task’s code into the instruction cache
as soon as the RTB receives it. To do this accurately, we include the
task function’s size (up to 8 lines) in some of the unused high-order bits
of the task pointer.

Task-driven instruction prefetching virtually eliminates instruction
cache stalls and avoids overfetching, because tasks have a few tens of
instructions each and execute most of them (branches do not usually
skip whole cache lines).

5.7 Hardware Costs

Component Area (mm2)

256 cores 45.1
64×1MB L2s 39.3
4×Mem ctrl+PHY 25.0
64×SASH task units 5.6

Total 115.0

Table 5-2: Area breakdown.

We evaluate an ASH implementa-
tion with 256 scalar in-order cores—
for RTL simulation, using many sim-
ple cores that are closely integrated
is preferable to using fewer complex
cores, as we will see later. We use a 2-
level memory hierarchy with 1 MB tile-
private L2s and quad-channel DDR5
memory, shown in Figure 5-4 and with
parameters given in Table 5-3.

Table 5-2 shows the estimated area of the SASH system in a 7nm
process, which takes a modest 115mm2. We estimate core area using
scaled-down Atom Bonnell cores [262], and other components are mea-
sured from Alder Lake-S [199] (built in Intel 7). We estimate SASH’s
area requirements (DASH would be simpler) by synthesizing its key com-
ponents based on the Chronos open-source RTL [238] using yosys [253]
on FreePDK45 [160] and scaling to 7nm. SASH adds 45 KB of state per
tile and adds 4.8% to chip area, a modest overhead.

5.8 Methodology

We evaluate DASH and SASH by extending the Swarm simulator. In
particular, we model ASH’s task units, and we modify the cache and
on-chip network models to simulate a partitioned memory hierarchy, and
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Cores
256 scalar in-order cores in 64 tiles (4 cores/tile),
2.5 GHz, scoreboarded, 16-entry ld/st queue, x86-64 ISA

L1 caches 16 KB L1D & 16 KB L1I per core, 8-way, 2-cycle latency
L2 caches 1 MB per tile, 16-way, inclusive, 9-cycle latency

NoC
16×16 mesh, X-Y routing, 1 cycle/hop when going straight,
2 cycles on turns (like Tile64 [251])

DRAM 4 controllers at chip edges, 120-cycle minimum latency

ASB holds 64 argument descriptors per tile
AQ holds 512 argument descriptors per tile
Merge 16-entries per tile to merge descriptors, DASH only
RTB 1 entry per core holding merged task for dispatch

CQ
512 entries per tile for SASH to track speculating tasks,
global Virtual Time computed every 100 ns

Table 5-3: Parameters of the evaluated systems.

we modify the commit protocol to support SASH. We reuse Swarm’s
detailed cycle-level models for cores and main memory.

To limit excess speculation, we implement a gentle hardware heuristic
that prevents SASH tasks from running far too early, when they are
almost certain to abort. In particular, software registers to hardware
the range of distinct timestamps D used by tasks within one simulated
cycle (Section 5.4.3.4). Then hardware prevents any SASH task from
being dispatched from the RTB to a core if the difference between the
task’s timestamp and the timestamp of the most recently committed
task is greater than D. This prevents tasks running more than one full
simulated cycle ahead. This prevents aborts that could happen due to
either a new argument descriptor arriving later for the same task, or
a previous argument descriptor that was merged into that task being
canceled because its parent aborted.

Baselines: We compare with Verilator running on two systems: a
32-core AMD Zen2 CPU (Threadripper 3975WX) at 3.5 GHz (also used
in Section 5.2); and a simulated multicore with the same parameters in
Table 5-3, but no ASH features and a shared, coherent LLC (instead of
tile-private L2s).

Benchmark hardware designs: We simulate the four large, complex,
and diverse hardware designs in Table 5-4:
(1) Vortex GPU system: We use the open-source Vortex GPU [239] with
32 cores using 2 lanes and 4 warps each, running an OpenCL kernel
that performs vector addition.
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Vortex Chronos/PE Chronos/RV NTT

Description
Full-system

GPU
Graph

accelerator
RISC-V

manycore
Cryptographic

accelerator
Nodes 245.5K 297.1K 375.9K 29.4K
Edges 414.7K 635.0K 733.2K 41.7K
Tasks 86.3K 82.7K 65.5K 7.4K
% DTTs 14.9% 57.4% 51.3 % 0.0 %
Task Edges 167.0K 207.0K 184.0K 11.8K
Parallelism 672 407 415 558
Activity Factor 7.1 % 17.4% 15.0% 97.0%
1-core Cycles 8.6M 8.4M 8.9M 0.8M
Code Footprint 10.1 MB 16.2MB 13.7MB 0.7 MB
Compile Time 70.6s 140.5s 134.1s 7.2s

Table 5-4: Main characteristics of the benchmark hardware designs.

(2) Chronos domain-specific accelerator: We use the Chronos open-
source framework [238] to generate an accelerator for Dijkstra’s algorithm
for shortest weighted paths. We simulate a 128-PE system traversing a
128× 128 grid.
(3) Chronos RISC-V manycore: To represent manycore systems, we use
another Chronos configuration to generate 128 simple VexRiscv [221]
cores instead of specialized PEs.
(4) NTT wide functional unit: We evaluate a pipeline that computes
Number Theoretic Transforms (NTT), an FFT variant using modular
arithmetic and a key component of Fully Homomorphic Encryption ac-
celerators [123, 202, 203]. We follow CraterLake’s NTT unit design [203],
which we implement from scratch. This unit performs 256-point NTTs
using a 256-wide, 8-stage pipeline with 1024 modular multipliers.

These designs have diverse activity factors (Table 5-4) and are large,
requiring multi-FPGA emulation (from 2 FPGAs for Chronos/PE, as
we saw in Section 5.2.4, to 6 FPGAs for NTT).

RTL compiler implementation: Our implementation adds 12 K lines
of code (LoC) to Verilator, and the whole compiler takes 86K LoC of
C++. We retain Verilator’s fast compilation times: each design takes
7.2–140s to compile (Table 5-4).

Verilator is a full-featured Verilog/SystemVerilog simulator, and
benchmarks show that it matches or outperforms state-of-the-art com-
mercial simulators, like VCS [61, 216, 217]. Verilator has fewer features
than commercial simulators, e.g., no support for 4-state logic, VHDL,
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or private IPs. However, these aren’t ASH limitations: ASH provides
general-purpose cores, and could accelerate other simulators.

Sampling: Each RTL simulation runs for many billions (often trillions)
of instructions, so we use a sampling-based approach following Sim-
Points [210]. First, we functionally execute the whole RTL simulation to
record activity factors. Then, we select three cycle ranges representative
of the full program. We fast-forward to the start of each range, warm
up for 3 simulated cycles, and gather results for the remainder of the
range. The methodology ensures that our reported results have the
same activity factor as the full run. Even with sampling, each simulation
runs many millions of instructions.

5.9 Evaluation

Design
Vortex

Chronos/ Chronos/
NTT gmean

System PE RV

Zen2 t=1 3.8 3.1 2.8 101.0 7.6
Zen2 Best t=2414.8 t=1610.7 t=129.2 t=1101.0 19.6
Baseline t=1 0.2 0.3 0.2 2.6 0.4
Baseline Best t=6425.6 t=6419.3 t=6418.8 t=1686.0 29.9
DASH 256-core 201.3 108.1 133.0 1,644.7 262.7
SASH 256-core 686.5 413.9 340.5 1,689.2 635.8

SASH/Zen2 Best 46.5× 38.6× 36.8× 16.7× 32.4×

SASH/Baseline Best 26.8× 21.5× 18.1× 19.6× 21.3×

Table 5-5: Workload simulation speeds (in KHz) and speedups.

5.9.1 ASH widely outperforms baseline systems

Table 5-5 reports simulation speeds. Each row reports results for a
system, and each column shows the speed for a specific benchmark
design. Speeds are in KHz, i.e., thousands of simulated cycles per
second. The last rows report SASH’s speedups over the baselines.
Overall, SASH is 32× faster than Zen2 despite taking 3× less area than
Zen2, and it is 21× faster than the simulated 256-core baseline.

Parallel Verilator has limited scalability, so for the baselines, Table 5-
5 reports both their 1-core and best parallel speeds, showing the best
thread count on each cell (e.g., Zen2’s best Vortex result is with 12
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threads). DASH and SASH always improve with more cores, so Table 5-
5 reports only their 256-core speeds. The Zen2 system achieves a gmean
speed of 19.6KHz, whereas the simulated baseline multicore achieves
29.9KHz. Note that, for the simulated results, smaller systems have
fewer tiles and thus less LLC. Thus, at 1-core, Zen2 widely outperforms
the simulated baseline mainly due to having much more cache; but on
the best results, which have a similar amount of LLC, the simulated
baseline outperforms Zen2. This happens because Verilator’s makes
limited use of out-of-order cores: its large code footprint and poor
branch predictor performance limit IPC below 1.0, so using simpler
cores is preferable.

DASH and SASH achieve high simulation speeds: 263KHz and
636KHz gmean, respectively. DASH widely outperforms the baselines
because it (1) exploits more parallelism; (2) avoids synchronization
overheads due to hardware support; and (3) reduces memory stalls due
to tile-private caches, distributed tasks, and prefetching. SASH further
outperforms DASH due to selective execution. SASH’s improvement is
highly correlated with the design’s activity factor (Table 5-4).

Looking across benchmarks, Table 5-5 shows that Vortex and the
two Chronos variants achieve similar simulation speeds, e.g., around
10 KHz on Zen2. SASH has more pronounced differences across designs
due to varying activity factors (Vortex is only 7%, whereas Chronos/RV
is 15%). The NTT benchmark is quite different from the others: despite
being the largest design in terms of area, it is faster to simulate and
has a lower code footprint (Table 5-4), as it is dominated by arithmetic
operations. The NTT benchmark also has a near-100% activity factor,
representing a worst-case scenario for SASH. The fact that SASH and
DASH perform similarly on this benchmark shows that SASH performs
selective execution efficiently.

5.9.2 Architectural analysis

We now present more detailed data to understand the performance
and efficiency of DASH and SASH, and evaluate the impact of our
contributions.

Scalability: Figure 5-11 shows the speedup of all simulated systems
as we scale from 1 to 256 cores. Larger systems have more tiles and
thus more total cache capacity (scaling this way keeps the area ratio
between cores and cache fixed).
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Figure 5-11: Speedups of DASH and SASH over serial Verilator on
the 1-core simulated baseline as cores grow from 1 to 256.

Compared to serial Verilator running on one core, 256-core DASH is
gmean 617× faster, and SASH is gmean 1,485× faster (up to 2,877×
on Vortex).

Figure 5-11 shows that speedup increases linearly throughout the
range for DASH, showing that it leverages the plentiful parallelism
in these benchmarks. SASH also shows good scalability, though the
slope of the speedup curve drops somewhat between 128 and 256 cores
for applications with a low activity factor (Vortex and the Chronos
variants). SASH performs less work per cycle, which tends to reduce
dynamic parallelism (the ratio of active work to critical path).

Cycle breakdowns: Figure 5-12 gives more insight into these results
by showing how cores spend cycles for SASH systems of different sizes.
Each plot reports results for a different benchmark, and each bar reports
the number of cycles summed across all cores, normalized to the cycles
of the 1-core system (lower bars are better, and a height of 1.0 denotes
a speedup equal to the number of cores). Each bar is broken down into
the cycles that cores spend (1) running tasks that later commit, (2)
running tasks that later abort, and (3) idle because the AQ is empty or
the CQ is full.

Figure 5-12 shows two key trends. First, the number of committed
cycles decreases as the system size grows, with a sharp knee around 16
or 64 cores. This happens because L2 misses and memory stalls fall
as the system grows: each tile executes a smaller fraction of the tasks,
and the tasks’ working set fits into the L2 caches for the larger systems.
This causes IPC to grow from about 0.2 at 1 core to about 0.6 at 256
cores. Specifically, these models have both a large code footprint and a
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Figure 5-12: Breakdown of core cycles for SASH on 1–256 cores.

substantial data footprint; this speedup arises because the model’s data
starts fitting in-cache (instruction footprint is even larger, but those are
prefetched, as we will see next).

In addition, Figure 5-12 shows that most time is spent executing
committed tasks. Aborts are rare, and the slight scalability drop at 256
cores in Vortex and Chronos/RV stems from idle cycles due to lack of
work.

5.9.3 Impact of ASH features

Prioritized dataflow: ASH’s prioritized dataflow execution has two
benefits over prior dataflow architectures: simplifying hardware, and
keeping memory footprint in check (Section 5.4.2). We now analyze
these benefits.
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Figure 5-13: Sensitiv-
ity to DASH merge unit
size.

Figure 5-13 shows DASH’s gmean perfor-
mance as merge unit entries grow, relative to
the default (16 entries). While small merge
units incur some degradation (e.g., 8 entries
is 3% slower), the default is sufficient, and
a merge unit with unbounded entries is only
3% faster. Thus, prioritized tasks enable
dataflow execution with minimal resources
(each tile’s merge unit is much smaller than
the issue queue of modern OOO cores).

Unlike in OOO cores, arguments arrive
at a tile out of order, and a late-arriving task might evict a higher-
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timestamp task from the merge unit. Such evictions are rare: one per
500 dequeues on average (thousands of cycles between evictions).
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Figure 5-14: Prioriti-
zation reduces memory
footprint.

Figure 5-14 compares the memory foot-
print of prioritized vs. unordered (conven-
tional) dataflow. Unordered dataflow exe-
cution runs each task as early as its inputs
become available. This causes tasks within
short paths in the simulated design (the com-
mon case) to run ahead of critical paths, pro-
ducing arguments that won’t be consumed
for a long time. Figure 5-14 shows that this
is a major problem: conventional dataflow
increases average data footprint by 16.8×
gmean and by up to 47× (Chronos/PE) over
prioritized dataflow. With data footprint
in the tens of megabytes (Table 5-4), this
blowup would cause substantial main memory traffic, hindering perfor-
mance.
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Figure 5-15: Speedup of task-
driven instruction prefetching
for SASH on 1–256 cores.

Instruction prefetching: So far,
all the results we have presented in-
clude task-driven instruction prefetch-
ing. Figure 5-15 shows the speedup
that prefetching achieves on SASH.
(DASH results are similar.) Each
bar shows gmean speedup across
benchmarks for a specific core count.
Smaller systems have greater need for
prefetching because less code fits on
chip. At 1 core, most code is evicted
every simulated cycle. At 256 cores,
Vortex, Chronos/PE, and Chronos/RV
still have 3-6% of L1 instruction cache
misses also miss in the L2, chiefly due
to L2 cache conflicts. Thus, prefetching code offers speedups across
system sizes (e.g., 1.9× at 256 cores). We observe a peak memory band-
width of 114 GB/s at 256 cores (on Chronos/PE), with code making up
the vast majority of memory traffic.
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Queue utilizations: Figure 5-16 re-
ports the average occupancies of the
per-tile Argument Queue (AQ) and
Task Commit Queue (CQ) on the 256-
core SASH system. Each group of bars
reports results for a single benchmark.
Each structure holds up to 512 entries.
AQ occupancy corresponds to the aver-
age number of in-flight arguments per
tile, and CQ occupancy is the average
number of uncommitted tasks per tile.
The modest AQ occupancy shows that
prioritized dataflow execution works
well: thanks to ordering tasks by time-
stamp, we execute the dataflow graph in an order that incurs a modest
number of in-flight arguments that comfortably fit in the AQs (three of
the designs never spill argument descriptors to memory at 256 cores,
and Vortex has minimal spilling). The CQ occupancy shows that tiles
exploit out-of-order execution, running ahead of the earliest unfinished
task to extract speculative parallelism.
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analysis.

Factor analysis: Figure 5-17 shows gmean
speedup vs. parallel Verilator as we add features,
quantifying the benefits of our hardware and com-
piler techniques. +hw df uses hardware dataflow
execution within each cycle. +unroll uses our
unrolled dataflow graph instead, which passes reg-
ister values through dataflow edges and increases
parallelism. +mapping uses our task partitioning
and coarsening algorithm instead of Verilator’s;
this configuration is DASH. Finally, +selective
adds selective execution; this is SASH. Figure 5-
17 shows that each of our contributions yields
substantial performance gains.

5.10 Additional Related Work

We first discuss prior architectures with task-level speculative and
dataflow execution and compare them with SASH and DASH, then
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Figure 5-18: Speedup over best Verilator Multi-Core run.

discuss other simulation-related techniques.

5.10.1 Prior task-level speculative architectures

Chronos [2] and Swarm [107] are the closest architectures to SASH.
Swarm is a shared-memory multicore with hardware support for small
ordered atomic tasks. Tasks can access arbitrary memory, and cache
coherence is used to detect conflicts, similar to other speculative systems
like HTM [84, 90, 156] and TLS [193, 218, 226]. Chronos avoids cache
coherence by mapping each task to a fixed tile and providing hardware
support for mutual exclusion. These systems target graph analytics and
other domains, including non-RTL event-driven simulation, as they are
good match for Time Warp’s [104] optimistic parallelization.

SASH’s speculation support borrows heavily from Chronos (Sec-
tion 5.5, Section 5.7). However, these systems are poorly suited for RTL
simulation because they do not support dataflow execution: each task
has a single parent and can run the moment it is created. This requires
implementing dataflow execution in software, which adds substantial
overheads.

To quantify these overheads, we adapt the Swarm simulator [231].
to simulate 256-core Swarm and Chronos systems with similar parame-
ters to ASH. Since these systems lack hardware support for dataflow
execution, we modify our compiler to do dataflow synchronization in
software. Each producer spawns a task for the consumer. All tasks
(except the last) write their arguments to memory and finish. The last
task gathers all arguments and runs the consumer once. For selective
execution, we perform output filtering in software.
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Figure 5-18 compares the performance of the baseline multicore,
Swarm and Chronos with dataflow non-selective (DF) and selective
(SE) execution, DASH, and SASH. Each group of bars shows, for one
benchmark, the speedup of each scheme vs. the best-thread baseline.
Swarm-DF is slower than the baseline, because the lack of dataflow
support adds large overheads: instruction footprint grows by about
2×, and branches and memory accesses become more frequent, limiting
IPC. Swarm-SE has limited improvements over Swarm-DF, and is
significantly faster only in Vortex, where the activity factor is lowest.
This happens because selective execution in software adds even more
overheads. Chronos shows similar trends to Swarm: whereas Swarm
uses a coherent cache hierarchy (like the multicore baseline), Chronos
uses private caches and avoids coherence (like ASH); this makes Chronos
somewhat faster than Swarm. But these systems lack hardware support
for dataflow execution, which is crucial to accelerate RTL simulation:
DASH/SASH are gmean 12.5×/12.9× faster than Chronos-DF/SE,
respectively.

5.10.2 Dataflow architectures

Dataflow execution [55] runs operations as their inputs become available,
instead of following a fixed operation sequence. Dataflow execution is a
general principle to exploit fine-grain parallelism, and there is rich prior
work applying it to a wide range of architectures [55, 64, 163, 165, 166,
176, 230, 256].

Task-superscalar [64] is perhaps the closest to DASH. It performs
task-level dataflow execution, with dedicated on-chip structures to track
in-flight arguments and dispatch tasks. As we’ve seen (Section 5.4.2),
DASH’s key distinguishing feature is prioritized dataflow execution:
DASH gives each task a timestamp, and follows this priority at runtime.
Section 5.9.3 showed that this addresses the key challenges of dataflow
architectures. First, prior systems require large on-chip structures to
track arguments, e.g., multi-megabyte eDRAMs in Task Superscalar [64],
or add metadata to main memory as in I-Structures [15]. They also
perform costly associative lookups to find ready operands. Instead,
DASH performs dataflow execution on a tiny window of tasks (the
number of merge unit entries). Second, unordered dataflow systems
often produce many live in-flight arguments, sacrificing locality [14].
Section 5.9.3 showed order-of-magnitude footprint blowups in in-flight
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arguments, which ASH avoids.

5.10.3 Hardware emulators

Rizzatti [195, 196, 197] reviews the rich history of hardware emulation,
including key technical and commercial developments. IBM’s YSE [179]
and EVE [24] were the first specialized architectures for emulation,
including ASIC processors to simulate 4-input logic gates and storage
elements. Early commercial emulators combined tens to thousands of
off-the-shelf FPGAs [18, 120, 126], interconnected with a low-latency
network, and software to partition and map large circuits across FP-
GAs. Current processor- and FPGA-based emulators, described in
Section 5.2.4, all follow this template.

ASH fundamentally differs from hardware emulators in many ways:
(1) Emulators synthesize RTL to gates, which forces the use of specialized
processors or FPGAs; instead, ASH compiles RTL to general-purpose
code, where each instruction can simulate many gates. (2) Emulators
directly map gates to hardware elements so emulator size limits the
size of the emulated system; instead, ASH simulates large systems by
running tasks over time. Consequently, (3) emulators are large and
expensive, with costs in the millions of dollars, whereas ASH systems
can be small. (4) Due to these design choices, emulators suffer from
long compilation times, as Section 5.2.4 showed. Finally, (5) emulators
do not leverage selective execution, and cannot avoid ineffectual work.

5.10.4 Other simulation accelerators

Prior work has also proposed several FPGA-based simulation accelera-
tors, but these systems do not target RTL simulation. RAMP Gold [234]
and FAME [235] simulate a multicore system by offloading core simu-
lation to FPGAs, time-division multiplexing cores as needed, and use
a high-level timing model for the memory system. RAMP Blue [124]
emulates distributed message-passing architectures. These systems are
restricted to multicore designs.

Diablo [233] and FireSim [115] emulate datacenter-scale systems and
offer scalable multi-FPGA emulation. However, these systems target
simulating large collections of loosely connected systems, and use con-
servative (CMB-style) parallelization. Thus, while these systems work
well for scale-out systems (e.g., many simple in-order cores connected
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through Ethernet), they cannot simulate a large RTL model that doesn’t
fit in an FPGA. In addition, adapting existing designs to these systems
requires manual changes to the RTL.

5.11 Summary

RTL simulation is a key bottleneck in chip design, and existing sim-
ulators and emulators have serious drawbacks. By leveraging classic
parallelization approaches (dataflow and speculative execution) and
though several novel techniques, we have dramatically accelerated RTL
simulation while retaining its fast compilation time and flexibility.
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6 Conclusion and Future Work

This dissertation has shown that computer systems can effectively par-
allelize challenging applications through carefully co-designed compiler
and hardware techniques. These techniques bring large performance
improvements by enabling applications to use the many cores that man-
ufacturers can already build. We have targeted difficult-to-parallelize
applications that have been left behind by current parallel computer
systems. By doing so, we have developed parallelization techniques that
generalize beyond the limited types of computation that are successfully
parallelizable today.

Chapter 3 – T4 targeted general sequential programs, developing
new parallelization techniques that are not restricted to particular
program regions or control-flow structures. T4 composes fine-grained
nested parallelism across arbitrarily complex nested control flow and
loop nests, spawning tiny tasks in parallel using task trees. T4 also
automatically exploits locality in arbitrary memory access patterns,
even those that arise from traversing pointer-based structures. We
demonstrated the generality and effectiveness of these parallelization
techniques by implementing them in the LLVM compiler and evaluating
them with large and hard-to-parallelize C and C++ programs, which
we are the first to scale to tens of cores.

Chapter 4 – S5 developed further hardware and compiler techniques
that allow a programmer or high-level compiler to annotate challeng-
ing data structures so the system can optimize these structures with
knowledge of the structure’s purpose in scheduling deferred computation.
Like T4, S5 preserves sequential semantics and exploits fine-grained
parallelism without restricting the operations users may perform in par-
allelized tasks. S5 demonstrated that small dedicated hardware queues
need not be specialized to an application to exploit specialized software
optimizations that deliver order-of-magnitude efficiency improvements
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over state-of-the-art parallel systems. As a result, S5 scales several
challenging applications linearly to hundreds of cores while maintaining
the simplicity of writing sequential code.

Chapter 5 – ASH adapted techniques from Swarm and T4 into an ac-
celerator specialized for RTL simulation. ASH exploits static knowledge
of dependences with novel and simpler hardware mechanisms for specu-
lation with support for dataflow execution. ASH demonstrates that T4’s
principles of compiling existing workloads into fine-grained tasks with
task trees for high-throughput spawns can be made efficient and work
with specialized hardware, even hardware that does not support shared
memory with cache coherence. ASH used speculation to enable skip-
ping redundant work and communication, delivering order-of-magnitude
efficiency improvements over non-speculative dataflow execution. The
ASH compiler fully automates the use of these optimizations. As a
result, a small ASH accelerator is 32× faster than Verilator running on
a complex multicore CPU.

T4, S5, and ASH take several large steps forward on a path where
hardware and compilers take responsibility to make parallelization easy
and mostly or entirely automated. After evaluating our techniques on
challenging workloads, we expect our underlying principles will apply to
general computation, paving a path for parallelization to become both
practical and ubiquitous.

6.1 Future Work

Several avenues exist for future work to further improve the large
speedups demonstrated in this dissertation, and to bring these perfor-
mance benefits to more workloads in the real world.

Distributed or disaggregated systems: The systems we have pre-
sented all tightly integrate their processor cores onto a single chip with
a fast on-chip network and directly attached DRAM. However, rapid
advancement in interconnect technologies is causing our industry to
trend towards building large systems that distribute resources such as
memory or accelerators that are distributed over a large network. This
enables systems that scale out a single computation to thousands of
chips [113]. This opens up the exciting opportunity to explore scaling
up systems for speculative parallelization from mere hundreds of cores
to systems with many thousands of cores, distributed across many chips.
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The techniques we have developed for large chips with hundreds
of cores may help make it easier to build a large distributed system.
For example, we use point-to-point communication through registers
that exploit large hardware- and software-managed queues which can
hide communication latencies during task spawns. Additionally, ASH’s
specialized domain-specific design exploits statically known dependences
to avoid the need for cache coherence and uses simpler conflict detection
and resolution protocols, placing fewer requirements on the network
than cache-coherent Swarm.

New techniques are likely needed when communication between cores
goes from taking tens of cycles within a chip to taking thousands of
cycles over an off-chip network. Important avenues to explore include
identifying what algorithms, data structures, and hardware support are
needed to reduce usage of limited off-chip communication bandwidth.
This could involve improvements to how our compilers partition tasks
and data across chips, which could take into account the non-uniformity
of communication latencies between neighboring tiles or chips and those
further away, whereas our current techniques map tasks to tiles in a
homogeneous fashion. It might also involve implementation techniques
such as batching or compressing the communication that occurs when
distributing task descriptors between tiles.

Exploiting more application semantics: S5 currently provides a
limited set of abstract data types for scheduling, but a more full-featured
system could integrate further primitives to allow programmers to exploit
other computation patterns. Future work could combine S5 with prior
hardware and software techniques for efficient parallelization of particu-
lar patterns such as commutative and associative reductions [265, 266]
or dynamically growing dictionaries that support random lookups [267].

There are also applications where programmers can easily iden-
tify coarse-grained unordered tasks, such as in transaction-processing
databases or web services that handle concurrent requests from different
users. There may be performance benefits to using hardware techniques
that exploit nested speculative parallelism within each coarse-grained
task while composing parallelism across concurrent coarse tasks to de-
couple virtual-time commits in hardware [58]. Future work can explore
how to extend S5 to provide simple, general primitives to make it easier
for users to exploit explicit concurrency. Further examining the interac-
tion of nested task-level speculation with memory consistency models
may be fruitful.
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Hardware support for concurrency could also improve the implemen-
tation of S5’s abstract data types. For example, tasks that perform
insertions into s5::fifo or s5::bag shards write data to memory that
will not be consumed until some time after their enclosing Fractal domain
finishes. Instead of having these tasks participate in the virtual-time
commit protocol as ordinary tasks, future work could explore decoupling
the commit of shard-insertion tasks so that they commit in order relative
to each other but may commit out of order with respect to ordinary tasks
in the same domain, alleviating commit queue pressure. Decoupling the
commit protocol may improve the system’s latency tolerance and make
scaling to distributed systems more practical.

As we add new primitives to support various computation patterns,
an important question is whether we can design these diverse primitives
to work well together. This includes both the hardware primitives
used by compilers and low-level systems programmers and software
primitives used by application programmers. It is desirable to preserve
composability [86]—that is, enabling separately written subroutines that
use different primitives to be composed together to form more complex
programs in a modular fashion. It is also desirable to continue to exploit
the performance benefits of parallel composition and ensure using one
primitive does not impede overlapping the execution of subroutines that
use other primitives.

Heterogeneous and specialized processing elements: There is
also significant room for further optimization for power- and area-
efficiency in our hardware designs, which currently use general-purpose
programmable cores to execute all tasks. One approach to specialization
is to identify what operations are heavily used in speculative parallel
algorithms—such as frequent task spawns—and optimizing the microar-
chitecture to provide high throughput for common operations while
reducing expenditure on other less-used microarchitectural features. An-
other approach would be to replace some cores entirely with specialized
processing elements to execute common tasks. Careful evaluation of
hardware prototypes, using either FPGA-based or ASIC designs, may
elucidate what sort of hardware specialization provides the best per-
formance benefits, as well as whether using simpler specialized cores
enables adding more cores to a chip or increasing clock frequencies while
staying within a power and area budget.

While S5 was evaluated on complex programs that required tasks to
execute on general-purpose programmable cores, custom spills are simple

152



to implement and may be useful even in specialized accelerators. Future
work can explore integrating custom spills in specialized accelerators
that might lack general-purpose cores at all, such as fixed-function graph
analytics accelerators based on Chronos [2]. While we executed S5’s
custom spillers and requeuers on CPU cores, future work can explore
how semi-custom spills can be implemented more efficiently with simpler
specialized FSMs or reconfigurable elements.

Another promising direction is to investigate intermediate design
points that retain general-purpose programmability while integrating
heterogeneous hardware elements. If we add increasingly diverse pro-
cessing elements that are specialized for different tasks, it may become
expensive to replicate many types of elements on every hardware tile
to preserve the homogeneity of hardware tiles. Our compilers currently
exploit this homogeneity to simplify load balancing and data-centric
scheduling. Without homogeneity, a tile may not be able to execute all
tasks, or perhaps some tiles would fall back to executing tasks slowly
on general-purpose cores if they lack a specialized processing element
available on other tiles to accelerate that task. Tiles that process work
at different rates may require more responsive load balancing techniques.
For example, both Swarm’s generic spills and S5’s custom spills so far
never requeue a task to any tile other than the one it spilled from,
but perhaps a more complex runtime system could be developed to
redistribute tasks leveraging custom spillers.

Specializing for other application domains: So far, two systems
have been developed that specialize Swarm: Chronos focuses on graph
analytics [2], while ASH so far only supports RTL simulations. But the
techniques in these systems are general and could be applied to other
workloads. Exploring additional workloads could open up additional
discoveries in how to combine our techniques for speculative and dataflow
execution with optimizations specific to new application domains.

ASH’s new design may also be directly useful for future work. Though
we have focused on RTL simulation, our combination of dataflow and
selective execution may be more broadly beneficial, both for other
types of simulation (e.g., microarchitectural), and for workloads beyond
simulation. Our compiler-based techniques may extend to these domains,
making it possible to map their designs automatically.

More broadly, our open-source compiler components may be reusable.
T4 is implemented within LLVM without many dependences on the
Clang frontend nor on the x86_64 backend. It is possible to target
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other architectures supported in recent versions of LLVM, such as
RISC-V. The use of specialized RISC-V cores, often with custom ISA
extensions, is increasingly used within specialized accelerators [65]. For
new applications not written in C++, it is also easily feasible to bring
T4’s existing capabilities to other LLVM-compiled languages, such as
Rust, Swift, Kotlin, Julia, Lua, and Haskell.
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