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High-level constructs for parallelism like the fork-join model and parallel loops allow programmers to express
parallelism without worrying about details like thread creation, scheduling, and synchronization. The problem
is that parallelism is not free: parallel code incurs overheads to manage such tasks. As a result, high-level
parallel code does not typically deliver the performance expected of a parallel program, requiring programmers
to optimize their code manually to control these overheads. Such optimizations demand a great degree of
effort and experience, requiring programmers to reason about architectural constant factors hidden behind
layers of software, and result in over-engineered code that is difficult to reason about. Recent advances in
parallelism management show that it is feasible to manage parallelism fully automatically while guaranteeing
reasonably high performance. These works, however, assume a binary fork-join model of parallelism and do
not provide direct support for the dominant form of parallelism: parallel loops.

In this paper, we extend an intermediate representation (IR) with a pair of primitives called spork and spoin,
enabling code that executes sequentially by default but can “go parallel” when the runtime environment
favors concurrent execution. We formalize the semantics of these primitives and prove soundness using the
Lean theorem prover. We present encodings of both high-level parallel loops and fork-join parallel code in the
IR using spork and spoin. Then, we show how to integrate heartbeat scheduling to determine when these
primitives should go parallel and when they should stay sequential to guarantee efficiency. We implement our
techniques in the MPL compiler for Parallel ML and conduct an experimental evaluation. The experiments
show significant improvement over prior work on automatic parallelism management, offering as much as
6.1x improvement on 80 cores and bringing the overheads of automatic parallelism management relative to
manually optimized to within reasonable levels (averaging 36% on 80 cores) across a wide range of benchmarks.

CCS Concepts: » Software and its engineering — Compilers; Parallel programming languages; Formal
language definitions.

Additional Key Words and Phrases: parallel loops, parallelism management, granularity control

1 Introduction

Programmers today can write parallel programs in much the same way as sequential ones by
using parallel abstractions such as parallel loops and higher order functions (e.g., map and reduce).
For example, a higher-order map (A, f) operation, which applies a function f across an array, can
be implemented by using a sequential or a parallel loop over the array. In theory, the parallel
implementation should only improve performance relative to the sequential one and scale well
as the degree of parallelism or the number of cores increases. In practice, however, the parallel
implementation may in fact run slower than the sequential one even with many cores.

This theory-practice gap can be formulated by the following question: can programmers write
parallel programs at a high level of abstraction and expect them to perform well in practice? Decades
of research have shown that answering this is not easy. The challenge is that parallelism is not free:
any parallel implementation incurs overheads to spawn (create), schedule, and synchronize parallel
tasks. A single “task spawn” operation (including the cost of manipulating a concurrent scheduler
queue) can require hundreds of processor cycles or more, even with the fastest implementations on
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(x run {f(i), ..., f(j-1)} in parallel x) fun sequential_for(i, j, f) =
fun parfor_dc(i, j, f) = if i >= j then () else
if j-i = 1 then f(i) else (f(i); sequential_for(i+1, j, f))

let val mid = i + (j-i) div 2
in par(fn () => parfor_dc(i, mid, f),
fn () => parfor_dc(mid, j, f))

Fig. 2. Simple sequential for loop: no midpoint calcu-
lations, no non-tail calls (can be compiled to a loop
by tail-call optimization).
end Y P )

Fig. 1. Westrick et al. [2024]’s divide-and-conquer ~ fun parfor(i, j, f) =

parallel for loop, using their automatically managed (* ... implemented in SporkIR ... %)

arallel primitive, par. It incurs “splitting costs” . . o
P . P . . P . ‘p 5 Fig. 3. This paper: we present a compilation strat-
j — i — 1 midpoint calculations (in yellow) and

egy for parallel loops which automatically amortizes

2(j—-i-1 -tail calls (in red). Even if par i - .
(j = i = 1) non-tail calls (in rred). Even if par is splitting costs and preserves all parallelism.

zero-cost, the splitting costs can dominate.

modern hardware [Ghosh et al. 2020]. This overhead is modest for a single task, but can accumulate—
or, in the presence of fine-grained parallelism, even dominate—when tasks become too small in
ways that are not statically predictable. For example, a loop may require only a handful of processor
cycles per iteration; on any such loop, spawning a task for each iteration to run in parallel is
doomed to be as much as an order of magnitude slower than the tight sequential loop.

Historically, we expected the programmer to control the cost-benefit ratio of parallelism by
“coarsening” parallelism [Acar et al. 2019, 2018; Tzannes et al. 2014; Westrick et al. 2024]. To coarsen
parallelism, the programmer combines small pieces of work into larger chunks and spawns only
one task per chunk, thereby amortizing the cumulative overhead of parallelism. But determining
how large the chunks should be has proved difficult (and, in some cases, impossible) to answer
statically, since it can depend on dynamic data. For example, what should the coarsening criteria
be for a polymorphic function map (A, f) which operates on an arbitrary array A with a statically
unknown function (f)? Making matters worse, the architecture itself and even the software stack
also impact performance. Thus, even if the programmer manages to coarsen perfectly, they end up
overfitting the code to the architecture, software stack, and inputs considered, jeopardizing the
portability of the program (e.g. [Acar et al. 2018; Tzannes et al. 2014; Westrick et al. 2024]).

Motivated by the difficulty and limitations of coarsening, recent research proposed to automate
the entire process by using automatic parallelism management (APM) [Westrick et al. 2024], which
allows the compiler and runtime system to manage parallelism automatically by coarsening dynam-
ically at run time. The appeal of automatic parallelism management is that it completely eliminates
the burden of coarsening needed for controlling parallelism overheads. With it, the programmer can
write code in a way that exposes all available parallelism and leave it to the compiler and runtime
system to decide how to make the most of it. The authors show that by building on prior work
on heartbeat scheduling [Acar et al. 2018; Rainey et al. 2021; Su et al. 2024], automatic parallelism
management can work well both in theory and in practice.

Yet existing work on automatic parallelism management has a significant limitation: it assumes
fork-join parallelism and performs efficiently only for recursive divide-and-conquer parallel pro-
grams. Specifically, existing work supports the parallel primitive par, which performs two function
calls in parallel, and is therefore well-suited for recursive divide-and-conquer algorithms. They are
then able to encode parallel for loops using a divide-and-conquer approach, as shown in Figure 1
with the higher-order function parfor_dc. This approach is fully parallel—it exposes all opportu-
nities for parallelism—but does not always perform well relative to a simple sequential for loop like
that shown in Figure 2. We have measured that in one of our benchmarks, for a tight loop body
with only a handful of instructions per iteration, it incurs nearly 14x overhead even if par itself
has no overhead. The problem is that parfor_dc has to perform n — 1 “splits” for a loop of size n,
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and every split incurs the modest overheads of a midpoint calculation and two non-tail calls. These
overheads accumulate even if the par primitive itself is free.

Although Westrick et al. [2024]’s automatically managed par can successfully amortize the
overheads of task creation, the fundamental problem is that it is unable to amortize the overheads
of loop splitting. To implement a parallel loop with par alone, the programmer is forced to either
manually coarsen (to amortize the overheads of loop splitting) or suffer these overheads. The par
primitive is therefore insufficient to achieve automatic parallelism management for parallel loops.

In this paper, we consider the challenge of extending APM to efficiently support parallel loops.
Our goal is to automatically manage the overheads of both task creation and loop splitting, allowing
the programmer to freely use parallel loops without worrying about the overheads of parallelism.

We present Spork IR, an SSA-level intermediate representation that enables automatic parallelism
management for parallel loops, parallel reductions (loops with aggregation), as well as fork-join
parallel tasks. Roughly speaking, our approach is to compile parallel loops into a form that moves
the overheads of splitting away from the “fast path”. To do so, we introduce new SSA-level control-
flow constructs which allow for loops and reductions to proceed sequentially by default, with
nearly zero overhead, while still allowing for dynamic splits at any moment. These splits are then
scheduled by the runtime system according to a heartbeat-based policy.

Our two new control-flow constructs are called spork (sequential or parallel fork) and spoin
(sequential or parallel join). spork and spoin always come in matching pai;s and are used to delimit
the loop body. At the beginning of each loop iteration, spork registers an alternative code path
for a parallel task implicitly on the call stack. If the runtime system decides to split the loop, it
does so by creating a proper task from the implicit representation; this is called a promotion. The
corresponding spoin then checks whether or not promotion occurred, and if so, control flow at the
spoin is dynamically redirected to perform a synchronization with the promoted task. Otherwise (if
no promotion occurred during the execution of the loop body), control flow proceeds sequentially
to the next loop iteration, and the implicit task is discarded. Similar to prior work, we leverage
heartbeat scheduling to guarantee that the promotion costs are fully amortized.

The semantics of spork and spoin in Spork IR are somewhat permissive, but an efficient lowering
to assembly code hinges on their use according to key invariants. For example, a crucial property of
spork and spoin is that they allow for function inlining optimizations, which are critical for avoiding
interprocedural overheads in tight loops. Function inlining can lead to nested spork-spoin pairs (e.g.,
in nested parallel loops) and these spork-spoin pairs have to remain well-nested during compilation
in order to be lowered to assembly. We therefore formalize the operational semantics of Spork IR,
define a set of well-formedness rules which both enforce safety and enable the efficient lowering
described in Section 4, and prove key soundness theorems for Spork IR in the Lean theorem prover.

We demonstrate that Spork IR is practical by extending the MPL compiler [Acar et al. 2020], a
whole-program optimizing compiler for a parallel dialect of Standard ML, which is also the setting
for Westrick et al. [2024]’s prior work on APM. Our implementation is more general than this prior
work, as it retains support for the divide-and-conquer primitive (par) while additionally supporting
the new compilation strategy for parallel loops and reductions. We incorporate Spork IR and adapt
existing optimizations and compilation passes appropriately.

We evaluate our implementation by considering over a dozen benchmarks from the Paralle] ML
Benchmark Suite [Arora et al. 2021, 2023; Westrick et al. 2024]. These benchmarks cover a variety
of problem domains, including graph analysis, computational geometry, sparse linear algebra,
numerical algorithms, and text analysis, and include highly irregular and challenging instances of
parallelism. These benchmarks have already been manually coarsened by experts, and have been
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shown to perform well in prior work, with reasonably low overheads in comparison to sequential
baselines and scalability to high core counts [Arora et al. 2021, 2023].

For our evaluation, we take all manually coarsened loops in the Parallel ML Benchmark Suite and
make them fully parallel by removing coarsening. We then compare the automatically managed,
fully parallel versions of benchmarks against their original (manually coarsened) implementations.
Our results show low overheads for automatic management across a wide range of core counts,
with only 17% and 36% overhead on average on 1 and 80 cores, respectively. This is a significant
improvement over prior work on APM. To demonstrate this, we compare against Westrick et al.
[2024]’s implementation and measure as much as 12x improvement on 1 core and 6x on 80 cores,
with an average improvement of approximately 2x across all benchmarks. These improvements
are due primarily to successful amortization of the splitting overheads in parallel loops and the
ability to eliminate interprocedural overheads by inlining loop bodies. Altogether, our results
show that automatic parallelism management extended with parallel loops can enable programs
written with high-level parallel constructs to achieve fast performance while managing thread
creation, scheduling, and synchronization fully automatically, without any manual coarsening by
the programmer. The specific contributions of the paper include:

o the design of Spork IR with spork and spoin, control-flow primitives enabling code to
perform well both sequentially and in parallel,

o a formalization of the syntax, semantics, and well-formedness rules of Spork IR, along with
a proof of soundness in the Lean theorem prover,

e a strategy for expressing parallel loops and fork-join parallelism using spork and spoin,

e an end-to-end implementation in the MPL compiler and runtime system, and

e an empirical evaluation of over a dozen benchmarks written with high-level parallelism
primitives, demonstrating that Spork IR is capable of guaranteeing low overhead and high
scalability without requiring manual coarsening to control parallelism overheads.

2 Spork IR: An Intermediate Representation for Parallelism Management

We introduce Spork IR, an intermediate representation language suitable for efficient and automatic
parallelism management at runtime. Spork IR is derived from static single assignment form (SSA),
extending it with two additional control flow primitives for managing parallelism: spork and spoin.
In the rest of this section, we define the syntax and semantics of Spork IR, ascribe to it a set of
well-formedness rules, and prove the semantics are sound.

Note that Spork IR specifically aims to facilitate the compilation of efficient, automatically
managed parallel loops, a goal that informed many of our design choices. The intermediate rep-
resentation itself enforces several constraints which, while not strictly necessary for a coherent
semantics, prove absolutely crucial later on for lowering to efficient assembly code.

2.1 Syntax

Figure 4 defines the syntax of Spork IR. A program P is a list of first-order functions, one named
main (we denote lists with a bar, e.g., F). Each function has a name, list of parameters, and a
list of basic blocks, including one marked as the function entry. A basic block marks a sequence
of straight-line code with no control flow except at the very end: it consists of a label, a list of
parameters (usually omitted when nil), and a series of assignments terminated by a control flow
transfer. In addition to functions, basic blocks may have parameters because static single assignment
form requires every variable (hereafter called temporary) be assigned at exactly one place in the
program, yet sometimes multiple source blocks need to send data to a shared target block; some
SSA IRs use a ¢ function for this same goal. Assignments (e.g., x < y + z) store the value of an
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Value ver

Temporary xy

Program  P:u=F

Function F,G == fun f(x){B}

Basic block B ::= block b(x): C

Block code C:=x«¢C|T

Expression vix|-x|x+yl|lx<y]..
g0t0 bpexi (%) | if (e, bihen, belse) | call f(X) > byet | return(x)

| spork(bbody ”bspwn) | SPOin(bunpra bprom)

Function name f,g
Block label b

~N o
Woonoi

Transfer

Fig. 4. Syntax of Spork IR, new transfers highlighted: spork and spoin (“sequential/parallel fork, join”).

expression in a temporary, and transfers enable control flow across blocks (goto, if), functions
(call, return), and in Spork IR, potentially across threads (spork, spoin).

Spork IR extends SSA by introducing the two new transfers highlighted in Figure 4. The
spork(bpody || bspwn) transfer behaves as a goto byody, but additionally opens a scope in which the
code beginning at bgpwy is potential work for a new thread, should the program choose during
execution to spawn a thread while inside the scope. The spoin(byunpr, bprom) transfer closes this
scope and performs a conditional jump: bypnp, (“unpromoted”) if the program never spawned a thread
executing bspwn, Or bprom (“promoted”) if it did. In the latter case, the spawned child thread termi-
nates when it reaches a return(x) from the last stack frame in its call stack, which sends the values
of x back to the parent thread and exits. Then, when the parent thread reaches spoin(bunpr, bprom).
it synchronizes with the child thread and jumps to byom, passing the values of X as arguments.

2.2 Operational Semantics

Formalizing this notion, we present definitions for the

) i See Thread pool ~ R =T | Ry AR,
operatlpnal semant1c§ of. Spork IR in Figure 5 and the Thread state T == K o C
semantics themselves in Figure 6. We use @ for an empty —
list (or simply omit it) and write x - § for the concatenation Call stack K=k
of x and §. A thread pool has the structure of a binary tree, Stack frame k = (f, 0, X, bret?)

with threads for leaves and with a node R, AR denoting
afork where R), is the parent of R..." Each thread consists
of a call stack paired with the remaining code from the
basic block it is executing. A call stack is a nonempty
list of stack frames, each with four components: (1) the
function f being executed by the frame, (2) a spawn deque

Spawn deque o =7 $0D
Spawn block m,v ::= bsyyn
Value map X,Y € (temp) — (value)
Fig. 5. Definitions for Spork IR
operational semantics

o of spawn blocks, one for each spork scope we are inside (local to this stack frame, i.e., those entered
while this was the active stack frame) with “$” delimiting promoted ones 7 from unpromoted , (3)
a mapping X that stores the value of each temporary in scope, and (4) an optional continuation
block byt for resuming this stack frame after a return, present in all but the active stack frame.

We define the execution of Spork IR via the small-step operational semantics in Figure 6. Each
rule is of the form R — R, modifying the thread pool:

CONG-PARENT and CONG-CHILD allow arbitrarily stepping in parts of the thread pool.
STMT evaluates e, associating x with its value v in the active frame’s value mapping X.
GOTO jumps to block byext, assigning to its parameters i the values of the arguments x.
IF-THEN and IF-ELSE conditionally jump: by, if e evaluates to nonzero, otherwise bejse.

IThis structure aids the well-formedness rules; see Appendix A for more details.
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Rp = R}, Re — R
- CONG-PARENT — CONG-CHILD
Rp L Re = R}, AR Rp A Re = Rp A RL

Xrelv
’K-(f,cr,X)<>(x<—e);C>—>‘K-<f,a,X[x<—> v])oC
block bpext (7): C € f
K-(f,0,X) o goto bpext (%) H?('(f,G,X[y;)X(J_C)]><>CG

Xrelv v#0 block bypen: C € f FTHEN Xt+el0 block bege: C € f F-BLSE
K-(f.0,X) oif(e,bthen, ) = K-(f,0,X) o C K-(f.0,X) oif(e, _ beise) > K-(f,0,X) 0 C

fun g(7) {block entry: C, ...}

STMT

OoTO

CALL
KAf,0,X) o call (%) » bret > K- (f, 0, X, bret)- (9,2, [§ — X(%)]) o C
block byt (%): C € f
RETURN
K(f, 0, X, bret)- (9, @, Y) o return(g) — K-(f, 0, X[x = Y(§)]) o C
block bbody: Cef
SPORK

'K(f, $0, X) o spork (byody || bprom) = 7(<f, 7'r$l')~bpmm,X> oC
% fully promoted (ie., V (_,_$0,_,_) € K. 0=2) block bgpyn: C’ € f
K- (f, 728 bspwn 0, X, bret?) K" 0 C > K-(f, 7 bspun $ 0, X, bret?)- K" 0C & (f, @, X)oC’
block bprom (%): C € f
K-{f, 7 bspwn $ @, X ) ospoin(_, bprom) A (f, @, Y)oreturn(g) — K-{f, 7$ 2, X[x — Y(§)])oC
block bynp: C € f
K-{f, 7 $ 0 bspwn, X) ¢ spoin(bunpr, ) = K-(f, 7$0,X) o C

PROMOTE

SPOIN-PROM

SPOIN-UNPR

Fig. 6. Spork IR small-step operational semantics, highlighting changes in state.

® CALL stores by as the return address, pushes a new stack frame onto the call stack, and
initializes it by mapping from function parameters g to the values of the arguments x.

e RETURN, conversely, pops the active stack frame and returns to the caller’s, passing the
values of the returned arguments ¢ as arguments to byet.

® SPORK always jumps to bpody, but additionally pushes bgpwn to the end of the active frame’s
spawn deque 7 $ 0, allowing it to be promoted to a thread later.

e PROMOTE is nondeterministic and may happen at any time when at least one stack frame
has unpromoted spawn(s). It finds the oldest stack frame with an unpromoted spawn block
bspwn by ensuring all frames before it (%) are entirely promoted, marks b,y as promoted,
and creates a new thread executing that block. This ensures spawn blocks are promoted
in order of oldest to newest.

e SPOIN-PROM happens at a spoin when its associated spork was promoted, popping its
spawn block by, from the end of the (fully promoted) spawn deque. No unpromoted
spawns remain, since promotions happen oldest-first and, conversely, spoin closes the most
recent spork scope. Once the child thread ends with a return(7) from its last stack frame,
the original thread passes the values of § as arguments to the bpom block.

e SPOIN-UNPR happens at a spoin when its associated spork remained unpromoted. It closes
the spork scope by popping from the end of the spawn deque (which prevents by, from
being promoted in the future), then jumps to the bypyp, block.

2.3 Well-Formedness

Spork IR enforces several constraints in order to facilitate the lowering of code to efficient assembly.
Chiefly, these constraints are that sporks and spoins come in matching pairs, with no other control
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flow into, or out of, the code between, and that functions can only return after all sporks have been
closed by a spoin. This first restriction results in every basic block having a statically inferable
spork nesting, and the second ensures that any potentially necessary synchronization local to a
stack frame has happened before destroying that frame. These properties prove absolutely crucial
for lowering Spork IR to efficient assembly code, as they impose a static bound on the size of the
spawn deque in every function and allow the compiler to know what the (local) spawn deque is for
every program point. For precise well-formedness rules and a detailed discussion, see Appendix A.

We have encoded the syntax and semantics of Spork IR in the Lean theorem prover [de Moura
and Ullrich 2021], along with our well-formedness rules. Using this encoding, we have proven the
following theorems for Spork IR in Lean:

THEOREM 2.1 (SOUNDNESS). For a well-formed program with fun main(){block entry: C, ...} and
thread pool R such that (main, @, @, entry) ¢ C —* R, either

(1) R = (main, @, X, b) o return(x) is a final leaf thread returning from its last stack frame, or
(2) R — R’ for some thread pool R’

THEOREM 2.2 (INLINING). Inlining any function call preserves well-formedness.

Theorem 2.1 (Soundness) demonstrates the safety of Spork IR’s operational semantics, guar-
anteeing that executing a well-formed program via the operational semantics never reaches an
ill-formed state, either terminating with a final result or continuing with another step.

Function call inlining in Spork IR can be performed in the typical way. For example, call f(x)> byt
would be inlined by adding the basic blocks of f to the current function’s, changing the call transfer
to goto entry (%), and replacing each return(y) in the newly added blocks with goto bre((7)
(except those returns on the spawn side of a spork). Theorem 2.2 (inlining) provides a certain sense
of composability, whereby well-formed code may be nested inside other well-formed code and
remain well-formed. This is important in the following section, as it guarantees our encoding of
parallel loops can be arbitrarily nested without needing any change to its use of parallelism primitives.

3 Encoding Parallelism in Spork IR

In this section, we consider an ML-like (higher-order, polymorphic, etc.) source language supporting
parallelism via several primitive higher-order functions and introduce encodings of these functions
in Spork IR. In particular, we consider:

par : (unit — @) X (unit - f) » ax f
parfor :int X int X (int — unit) — unit

reduce: intxintx (int s a) X (aXa > a)Xa — «a

The semantics of par(f, g) is to execute f() and ¢g() in parallel, returning a tuple of their results.
Semantically, parfor(i, j, f) executes all of {f (i), f(i+1),..., f(j—1)}in parallel. In a similar way,
reduce(i, j, f, ¢, z) computes the “sum” of {f(i), f(i + 1),..., f(j — 1)} with respect to the binary,
associative “combining” function ¢ and corresponding “zero” element z. In fact, parfor is just a
special case of reduce, using the trivial combining function over the type unit.? Therefore, we will
refer to reduce as a “parallel loop”, where the function f is the “body” of the loop. This primitive
parallel loop can be used to implement a wide variety of common parallel operations on sequences,
such as map, filter, scan (prefix sums), flatten, and many others [Westrick et al. 2022b].
While our approach is fully able to express efficient fork-join parallelism, the central contribution
of this paper is a technique for compiling and executing parallel loops efficiently. Our approach

2In our actual implementation, this is optimized away by the compiler, producing an efficient implementation of parfor.
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guarantees low overhead relative to a sequential, iterative loop on a single core while maintaining
high scalability on many cores, regardless of what code appears within the loop body. This is
difficult because loops can contain arbitrary code in their loop bodies, including other (nested)
loops, which might be hidden behind function calls, perhaps recursively. It is also common to see
“tight loops” with just a handful of instructions in the loop body. Loops may also be irregular and/or
data-dependent, with no statically predictable cost within each body, and varying costs across
different iterations within the same loop. Our goal is to ensure that all parallel loops perform well,
in all possible cases, with no need for programmer intervention.

3.1 Encoding par in Spork IR
[ fast path block [] slow path block

Before a program is lowered to Spork IR, we assume it has been
— control flow — when promoted

subjected to standard compiler transformations (monomor-
phization, defunctionalization, ...) which for each source-level
call to par(f,g) result in a specialized, first-order variant

.-+ synchronization data flow

fun rary ()

PARf4(). Once lowered to Spork IR, we introduce definitions entry:i potential

for each of these paR functions as shown in Figure 7. spork new thread
PARf () begins in the entry block, which immediately lbo stpwn

sporks, jumping to the evalF block and then calling f(). If evalF: spwn:

the program decides to promote something while evaluating call £() call g()

f() and there are no older unpromoted sporks, it spawns a l l

new thread which begins running the spwn block in parallel, check (x): exit (yo):

calling g(). When the original thread finishes evaluating f(), e dde return(y)

it returns to execution at check with x storing the result of m‘ """""

£ (). check spoins, checking if the promotion occurred; if so, evj;ﬁzg() Jog:)(t%l()y;l)

another thread already began running g(), so it synchronizes

with that thread by waiting for it to finish (if it is still running) FrevIon

and then jumping to join with y; storing the result of that return(x, )
thread (i.e., the result of g()). If the spork was not unpromoted,
spoin jumps to evalG. In this case it still needs to execute g(),
doing so in the same thread and then returning the two results.

The common case of PARf () is when no promotion occurs, indicated by bolded boxes in
the figure. In this (sequential) case, the fast path only incurs the overhead of a jump at spork
(usually eliminated by block ordering) and a conditional at spoin. Nonetheless, it remains able to be
parallelized when needed. This implementation of PARf4() can itself be inlined by an optimizing
compiler if beneficial, and in no way interferes with the contents of f and g being inlined on the
fast path as well (though g must remain defined for the spawn call on the slow path). Since spork
and spoin can be safely viewed by most compiler optimizations as simple control flow transfers,
using PAR¢ 4() to enable parallelism when needed instead of calling f() and g() in sequence does
little to disrupt existing compiler optimizations for the fast path.

Fig. 7. Implementing par in Spork IR
for a particular f, g.

3.2 Encoding Parallel reduce in Spork IR

To meet our goal of low-overhead, fully parallelizable loops that perform well in any context, we
propose a novel technique for encoding parallel reduce in Spork IR. Our approach functions very
similarly to an intraprocedural, iterative loop, but nevertheless is able to be split into an arbitrary
number of parallel tasks. Our design is motivated by the work-first principle of [Frigo et al. 1998]:
because the common case is sequential, optimizing for it results in each parallel thread performing
its own (sequential) work more efficiently, resulting in a faster program even in a parallel setting.
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fun REDUCE .- (a, i, )

1 [ fast path block [] slow path block

entry: — control flow — when promoted
goto(a, i) .- synchronization data flow
guard (ag, i) : potential
if(ip > j) new thread
m spwn
doney: iter: split:
return(ao) iy —ig+1 m— 1(i1+j) potential
spork spork new thread
l body lbody Lﬂspwn

body : left: right:

call f(ip) call REDUCE . (z, i1, m) call REDUCE (2, m, j)
usually l
inlined

accum (ap): middle (as): dones (asg):

call c¢(ag, a;) spoin return(ag)
I e S———

check (a3): leftover: join (ag):

spoin call REDUCE (. (as, m, j) call c(as, ag)
m’ """
next: break (as3): done; (a7):
goto(ay, iy) call c¢(ay, a3) return(ay)
done; (a4):
return(ay)

Fig. 8. Implementing parallel reduce in Spork IR for a particular f,c, z. For each call to the higher-order
reduce(i, j, f, ¢, z), we generate a specialized first-order function REDUCEf’c’z(a, i, j) unique to that call. The
calls to f and ¢ on the fast path may (and often will) be inlined.

Towards this end, we wrap the loop body inside a spork-spoin pair. If the program promotes the
spork during the execution of a loop iteration, it breaks off all remaining iterations, splits them in
half, and executes each half (potentially) in parallel. Therefore, this typically results in three threads:
one completing only the rest of the original loop iteration and two new threads executing each half
of all remaining iterations. Each of these new threads reverts to the initial, iterative behavior of the
loop, but remains ready to be split further in the same way by subsequent promotions.

Just as with par, we assume the program has already been subjected to various compiler
transformations by the time it is lowered to Spork IR, having changed each source-level call
to reduce(c, z, i, j, f) into a specialized, first-order variant REDUCE ¢ ;(z, 1, ).

Using spork and spoin, we implement parallel reduce in Spork IR for a particular f, ¢, and z as
in Figure 8. Aside from promotions (which are amortized by sequential work), this REDUCE is much
like an iterative, sequential loop. The function’s implementation starts with the guard block, which
checks if the loop is complete (that is, i > j). If there remains work to do, it sporks: by default, the
program continues to the body block, which calls f with the current iteration index iy and then
combines the result with the current accumulator ay by calling c. If the body of the loop (blocks
body and accum) completes without the spork being promoted, spoin jumps to the unpromoted
continuation next, which returns to the loop guard for the next iteration i.

However, if the program decides to parallelize during the loop body and this is the oldest
unpromoted spork, it creates a new thread which begins running at split. The original thread
continues executing the loop body and, when finished, spoins: since the spork’s potential parallelism
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was promoted, it waits for the newly spawned thread to finish, receiving its returned result in the
break argument as. It calls the combine operator ¢ with the result of the iterations up to this point
(a1) and the result of the rest as computed on the spawned thread (a;), returning that value.

When a thread is spawned running split, it aptly splits the remaining range in half and executes
each half potentially in parallel, in a very similar way to paRr. Each half of the remaining loop
iterations runs by switching back to the iterative approach of REDUCE.

This implementation allows for every single loop iteration to become a task with its own thread if
needed. Additionally, f and c can be inlined in the loop body, allowing arbitrary nesting of reduces.
This is important for the performance of short, tight loops and nested parallel loops: the modest
overhead of a function call for every loop iteration can be detrimental to the overall performance
of the program. Our design allows for inlining to avoid this, as the fast path of reduce becomes
entirely intraprocedural (having no function call) when f and ¢ are inlined. Moreover, since the
control flow of the loop is intraprocedural, it enables existing sequential loop optimizations to work
on the fast path (e.g., code motion, loop unrolling, loop unswitching).

4 MPL®P: A Compiler for Automatically Managed Parallel Loops

We present MPL®P, a compiler that produces efficient parallel loops by implementing Spork IR.
It employs a runtime system that uses heartbeat scheduling to schedule promotions and work-
stealing scheduling to load-balance promoted tasks. MPL®P is derived from MPL, which itself
extends MLton [MLton nd; Weeks 2006], a whole-program optimizing compiler for Standard ML
(SML), with support for fork-join style parallelism. MPL inherits many features from MLton,
especially in terms of the compiler proper; the most substantial changes are localized to the runtime
system to support thread scheduling and memory management and to the implementation of
the (extended) standard library, where a significant portion of thread scheduling and memory
management is implemented in source SML code with calls to MPL runtime system functions as
necessary.

The most challenging aspect of the implementation is the maintenance of the call stack, which
serves as the interface between the runtime system and the generated code. Our goal is to lower
Spork IR into executable code that carefully constructs and maintains a call stack which can be
interrupted at regular intervals by the runtime system and subjected to a promotion operation.
Following Acar et al. [2018], promotions are scheduled periodically by the runtime system (across all
active threads), and each promotion selects the oldest promotable spork-spoin pair, to guarantee that
the asymptotic parallelism of the computation is preserved. We describe the promotion scheduling
algorithm in more detail in Section 4.3.

Key Ideas and Section Overview. At a high level, the key idea for call stack maintenance is to
statically associate each spork-spoin pair with a designated stack slot called a spork slot. The spork
slot is used to keep track of whether or not its associated spork has already been promoted; the
corresponding spoin can then inspect this slot to conditionally continue down the fast path or
redirect onto the slow (synchronization) path. To promote the oldest spork-spoin pair within a call
stack, the runtime system executes the following steps.

(1) Walk the call stack to find the oldest promotable frame and identify the oldest promotable
spork-spoin pair within this frame.

(2) Allocate a join token, an object which will be used to synchronize the newly exposed task.

(3) Store (a pointer to) the join token into the appropriate spork slot of the identified frame.

(4) Copy the frame and initialize it as a new thread to execute the “spwn” branch of the spork.

The remainder of this section explains how exactly the idea above is implemented in MPLSP.
In Section 4.1, we describe how Spork IR is extended with explicit handling of join tokens and
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how their use allows us to decouple the implementation of the compiler from the scheduler. In
Section 4.2, we explain how spork slots are associated with spork-spoin pairs (which is complicated
by the fact that spork-spoin pairs can be freely nested), and make precise how spork and spoin are
lowered into assembly-level instructions. Section 4.2.2 describes how spork and spoin are embedded
into the compiler proper. Section 4.3 describes how promotions are scheduled, in particular, making
use of a token accounting method previously proposed by Westrick et al. [2024]. Token accounting
is closely integrated with work-stealing scheduling and the source-level embedding of spork and
spoin; we wrap up this section by describing these interactions in Section 4.4, respectively.

4.1 Join Tokens and the Separation of Compiler and Scheduler

Implementing the semantics of Spork IR in MPL®P requires integration with the thread-scheduling
components of MPL. In particular, the PROMOTE rule creates a new thread and the sPoIN-PROM
rule synchronizes two threads. This creates a tension, because MPL’s thread scheduling and memory
management is implemented outside of the compiler proper, in the runtime system and in source
SML code with calls to runtime system functions. This separation is good engineering practice, as it
allows the thread-scheduling (including promotion and synchronization) and memory-management
components of MPL to be implemented in high-level programming languages, rather than a low-
level compiler intermediate representation. A direct implementation of Spork IR would require the
back-end of the compiler to lower spoin and (some) return transfers to uses of synchronization
operations, but those operations are only indirectly available to the compiler, in the sense that they
are part of the program being compiled but are not otherwise distinguished.
To resolve this tension, we implement the promotion and

synchronization aspects of Spork IR in source SML code and emry:i potential

the runtime system, and the control-flow aspects in the com- new thread

piler proper. To motivate our implementation, we briefly b‘;‘l’g (f?_sti)’f“"
sketch a simple variant of Spork IR using a revised imple- “aall 1) | Feall 50 ‘
mentation of par (Figure 9), where the compiler only “knows” Checkfx): it

about spork and spoin transfers. The parent and child syn- spoin call sETjoIN(jt, yo)

chronize explicity via a join token® that is created at the time T prom
. s e . . : join (jt): s
of a promotion. This join token is passed to the b,y block el 90 L| JO%{ émom(ﬂ)
of the promoted spork transfer and to the byrom block of the
. . . . done (y):
matching spoin transfer. As in [Westrick et al. 2024], SETJoIN
and GETJOIN are functions implemented in source SML code
with calls to MPL runtime system functions. The fast path Fig. 9. Revised implementation of par,
through the byody and bygp: blocks is unchanged. differences highlighted in green.

4.2 Implementing Spork IR in the Compiler

4.2.1 Back-end Changes: Using Frames to Implement spork, spoin, and Promotion. The most chal-
lenging aspect of the implementation is to efficiently track the nesting of sporks in a manner that
both (1) allows the runtime system to identify the oldest spork that can be promoted, and (2) admits
efficient implementations of spork and spoin transfers, particularly the determination of whether
or not the last spork was promoted.

Properly nested spork scopes and spork nestings. The primary insight is that the idiomatic use
of spork and spoin to implement reduce and par introduces spork and spoin in matching pairs
that delimit spork scopes that are properly nested (if, due to inlining, there are multiple spork-spoin
pairs in a function). Informally, a spork’s scope is the region of the control-flow graph that must

3Essentially, an Id-style write-once synchronous variable [Arvind et al. 1989]
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spork<k>(bbody”bspwn) = jmp bbody I block bspwn(jt): = bspwn:
. (caller-side returning code)
1d fpl[k], jt
st NULL, fp[k]

spoin(k) (bunpr, bprom) = 1d fp[k], jt block bprom(jt): = bprom:
cmp jt, NULL st NULL, fp[k]
jne bprom
jmp bunpr //T

Fig. 10. Lowering of spork and spoin. Marked jmp instructions are likely eliminated by basic-block ordering.

be entered via the byoqy of the spork and exited via the matching spoin. Proper nesting means
that, for any distinct pair of sporks in a function, their scopes are either disjoint or one is a proper
subset of the other. This property is asserted for Spork IR by the well-formedness rules discussed
in Section 2.3 and Appendix A.

Given the control-flow graph of a function with properly nested spork scopes, we can perform
a simple analysis to statically determine, for each control-flow point, its spork nesting. A spork
nesting is a sequence, where the first element is the outermost (largest) scope and the last element
is the innermost (smallest) scope. Each scope can also be associated with the bg,wy label of its
delimiting spork. Note that each spork scope occurs at the same index (k) in each spork nesting of
which it is a member; this index can be associated with the scope’s delimiting spork and spoin.

Lowering spork and spoin. Using these observations, we can give a realization of the spawn deque
and implementations of spork and spoin transfers and of promotion. During lowering, when the
call stack is made explicit, the back-end reserves spork slots: a contiguous sequence of N slots at the
bottom of a function’s stack frame, where N is the maximum length of any spork nesting of the
function. At a control-flow point with an associated spork nesting of length n, the bottom n spork
slots are active and the remaining slots are inactive. Our invariant is that, when at a control-flow
point, each inactive spork slot is NULL and that each active spork slot is NULL when it corresponds
to a spork scope that has not been promoted and is non-NULL when it corresponds to a spork scope
that has been promoted. To establish this invariant, the back-end extends the function prologue
with a write of NULL to each of the spork slots, since function execution begins in an empty spork
nesting and all spork slots are inactive.

Figure 10 shows the lowering of spork and spoin transfers to (pseudo) assembly code. A spork
transfer is lowered to nothing more than a jump to bpody; the corresponding spork slot is transition-
ing from inactive to unpromoted active, so no change to the spork slot is required. A spoin transfer
at index (k) is lowered to a sequence that reads from its spork slot by loading from an offset of
the frame pointer fp, compares the read value with NULL, conditionally branches when false to
bprom, and (when true) jumps to bynp;. The lowering of a byrom block begins by storing NULL to the
slot, transitioning from promoted active to inactive. The bprom block argument jt is the non-NULL
value already read from the spork slot in the lowering of the spoin transfer; as described earlier, the
non-NULL value that is passed to b,rom Will be a pointer to a join token used to obtain the final value
from the child thread, although the compiler is agnostic to the meaning of the non-NULL value.

Note that these lowerings yield an extremely efficient fast (sequential) path: a spork performs
only a jump and its matching spoin performs only a read, a comparison, a (failing) conditional
branch, and a jump; moreover, the jumps will typically be eliminated by basic-block ordering.
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local variables slots

size (52)

local variables slots
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(a) Before first promotion; parent thread  (b) After first promotion; note parent is unchanged except the
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(c) After second promotion; parent thread has proceeded and is now executing a call that returns to checkC;
first child thread has started and is now executing a call that returns to middleA. Note the state of the first
child thread has no influence on the second promotion.

Fig. 11. Call stacks of parent and child threads during promotions. Note that stacks grows upwards.

Promotion. Although promotion is implemented in the runtime system, it must manipulate call
stacks, and therefore, we discuss it here. The promotion procedure is invoked with a call stack and
a fresh join token and must walk the call stack to find and promote the oldest unpromoted spork.

From MLton, a call stack is a contiguous sequence of frames delimited by stack-bottom and
stack-top pointers; a frame collects local variables that are live when a function is suspended at a
call and stores a return address at the top of the frame. Each return address can be mapped, via
static data emitted by the compiler, to a frame information record that includes a frame size and an
array recording the frame offsets of live pointers for precise garbage collection. To walk the call
stack, the promotion procedure initializes a walk pointer to stack-top and iterates over each frame
by reading the return address pointed to by the walk pointer and decrementing the walk pointer
by the size recorded in the corresponding frame info until it is reaches stack-bottom. MPL®P, in
addition to reserving spork slots at the bottom of each frame, extends the frame info with the spork
nesting (as an array of bs,wy labels) of the control-flow point corresponding to the return address.

Based on the invariant for active spork slots, the promotion procedure must find the oldest
(lowest in the call stack) NULL active spork. In order to distinguish between active and inactive
NULL spork slots, the promotion procedure uses the length of the spork nesting from the frame
info. Once the promotion procedure has found the correct frame and active spork slot, it writes
the (non-NULL) join token into the found active spork slot. Next, the found frame (including the
newly written non-NULL join token) is copied to the bottom of a new call stack, the bg,wy, label from
the found frame’s frame info’s spork nesting at the index corresponding to the found active spork
slot is written to the copied frame’s return address, and NULL is written to all of the spork slots
with lower indices than the found spork slot. These writes correspond to inactivating spork slots,
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since the bgpwn control-flow point is not in any spork scope. Figure 11 illustrates the effects of two
promotions on a parent thread.

The lowering of the block bgpwn (jit) of a spork transfer is handled specially (see Figure 10). It
is treated as the return block of a void function call and, after performing the caller-side of the
returning convention (e.g., adjusting the frame pointer fp), jt is assigned the value of the spork
slot fp[k]. Then, NULL is written to that slot to inactivate it—since bgpwny is not inside the body of
any spork scope—and execution continues. For example, in Figure 11, when the first child thread
starts executing, the join token passed via a spork slot (Figure 11b) is moved to a local variable slot
(Figure 11c), from which it will be accessed for the eventual SETJOIN operation.

4.2.2  Front-End and Closure-Conversion Changes. No changes to the syntax or type checking of
the source language were made to support spork and spoin. Instead, we added a polymorphic,
higher-order prim_spork_spoin primitive to the compiler. Compiler primitives are exposed as
functions in a generic manner and prim_spork_spoin required no special handling. Because
SML is a higher-order language, the non-trivial control-flow of spork and spoin is easily exposed
as a higher-order primitive. The earliest phase of the compiler that required changes was the
closure-conversion phase, responsible for transforming a higher-order IR into a first-order SSA IR
using defunctionalization [Reynolds 1972] guided by a monovariant whole-program control-flow
analysis [Cejtin et al. 2000].
To the source program, the primitive is simply a polymorphic higher-order function, used as

prim_spork_spoin (fiody : unit = a, fipwn : 6 = &, fanpr : @ = ¥, forom : @ X § — y, tag :int) 1 y

The fiody, fspwns funpr» and fyrom functions correspond to the code for the homonymous edges of
the introduced spork and spoin. The § argument corresponds to the arbitrary data value stored
in the spork slot when promoted. Although this data value will always be a join token used for
synchronization, making the prim_spork_spoin polymorphic with respect to it emphasizes that
the compiler makes no assumptions about it and treats it opaquely. The tag, which must be a
compile-time constant, is associated with the spork and included in the spork nestings added to
frame infos; it is used to communicate a policy that is used at promotion (see Section 4.3).

The primitive posed little difficulty for the control-flow analysis or defunctionalization trans-
formation of the closure-conversion phase. Translating a prim_spork_spoin simply amounts
to building an SSA control-flow-graph fragment that performs the appropriate defunctionalized
calls in the code executed by a spork and its matching spoin. Importantly, this translation of
prim_spork_spoin guarantees the resulting SSA IR functions have properly nested spork scopes.

4.3 Parallelism Management: Heartbeat Scheduling Promotions

While the MPL*P compiler is responsible for the compilation that yields an efficient implementation
of spork and spoin transfers, the thread-scheduling component of MPL®P, implemented in source
SML code and the runtime system, is responsible for the promotion strategy. MPL*P uses heartbeat
scheduling [Acar et al. 2018; Rainey et al. 2021] with a token accounting algorithm [Westrick et al.
2024]: each time a thread performs N units of work, it receives C tokens that must be eagerly spent
to promote the oldest unpromoted sporks on the thread’s call stack (with each promotion costing
one token), but can be banked if the thread has no promotable sporks. Eager spending means that a
thread must check for unspent tokens when entering a spork scope, spending one if possible to
immediately promote it; we handle this aspect in Section 4.4. This algorithm guarantees work- and
span-efficiency [Westrick et al. 2024]: if a program has work W and span S (excluding the costs of
promotions) and a promotion costs z, then the program will perform at most %W promotions and
have at most total work (1 + %)W and total span (7 + N)S (including the costs of promotions).
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fun promote (thr: Thread.t) = Scheduler.enqueue (runtime_promote (thr, newJoinToken ()))
fun tryEagerPromote () = if tryConsumeHBToken () then promote (Thread.current ()) else ()
fun setJoin (jt: p jointok, b: p) = ... (* store result b in jt, sync with parent, end thread =)
fun getJoin (jt: p jointok): B = ... (* synchronize with child, then retrieve result from jt x)

fun spork_spoin (body: unit -> @, spwn: unit -> B, unpr: a -> y, prom: a*xf -> y, tag: int): y =
let fun body' () = (tryEagerPromote (); body ())
fun spwn' jt = let val a = spwn () in setJoin (jt, a) end
fun prom' (a, jt) = let val b = if Scheduler.tryDequeue jt then spwn () else getJoin jt
in prom (a, b) end
in prim_spork_spoin (body', spwn', unpr, prom', tag) end

Fig. 12. spork_spoin function wrapping a use of the prim_spork_spoin primitive in source SML.

Explicitly counting and checking steps of (non-promotion) work by each thread would be
prohibitively expensive; a practical application of heartbeat scheduling approximates work done
by the passage of wall-clock time. An interval timer delivers a SIGALRM to the program with period
N and a signal handler grants each active thread C heartbeat tokens and attempts promotions. The
N and C parameters are tuned for a particular hardware-software stack, but not for a particular
program. In MPL®P for the hardware described in Section 5, we set N to 500us and C to 30 to ensure,
on average, 500us/30 ~ 16us of work per promotion.

When a parent has excess heartbeat tokens at a promotion, it has the option of giving some of
those tokens to the spawned child without violating the efficiency guarantees. A spork is tagged
with a token-sharing policy: either give half of the parent’s excess heartbeat tokens to the child or
give all of them. The sporks in PAR and in the split block of REDUCE use the first policy (see Figures
7 and 8), since the body and the (potential) child thread are typically of comparable work, while the
iter block of REDUCE uses the second policy, since the remaining loop iterations are expected to be
significantly more work than the one current loop iteration.

To execute threads on processors, MPL®P uses a fork-join work-stealing scheduler, which provides
an opportunity for additional behavior. When a child is spawned at a promotion, it is pushed to
the back of a scheduler deque, from which it can be stolen by a worker for execution. On the
promoted side of a spoin, we first check whether or not the child was stolen by attempting to pop
from the back of the scheduler deque.? If it was, then full synchronization using GETJoIN and the
corresponding SETJOIN must occur to obtain a value from the child. But if not, rather than wait
for another thread to steal and execute the child, the current thread regains the child’s heartbeat
tokens, executes the child’s code without any synchronization, and then jumps to the b,om, block;
this is similar to the clone optimization of Frigo et al. [1998]. This avoids synchronization overheads
when all workers are busy, as it no longer needs to synchronize via GETJOIN and SETJOIN.

4.4 Integration via Source SML Code

We finish the implementation of the Spork IR semantics with the wrapper function spork_spoin
shown in Figure 12, which performs the necessary integration with the synchronization, parallelism
management, and work-stealing components around a use of prim_spork_spoin. It ensures that
the fiody function seen by the primitive immediately triggers a promotion if the current thread has
accumulated any tokens (Section 4.3), that the fipwn function ends with a seTjoIn (Section 4.1), and
that the f,om function checks the scheduler deque and either executes the child’s code itself or
synchronizes with a GETJoIN (Section 4.3). Compared to the fast path described in Section 4.2.1,
this adds only the check for eager promotion: a read of the current thread’s tokens (stored as
thread-local metadata), a comparison, and a (failing) conditional branch.

41f the deque is empty, then the child was stolen; otherwise, the back element is the unstolen child.
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Using spork_spoin, we implement par and reduce entirely in source SML code. The combina-
tion of monomorphisation, defunctionalization, inlining, and SSA IR optimizations specializes each
use of par and reduce to their call-sites, yielding the control-flow graphs from Figures 7 and 8.

5 Evaluation

The goal of automatic parallelism management is to eliminate the burden of manually tuning
parallelism grains, automatically achieving good performance across any number of cores. In this
paper, we aim to additionally amortize the cost of splitting a parallel loop by moving it off the fast,
sequential path. We evaluate the effectiveness of our approach with MPL*P towards this goal on
a benchmark suite of parallel programs. To better isolate the performance of our techniques vs.
existing approaches, we directly compare against other SML compilers likewise based on MLton.
In our evaluation, we study three parts:

(1) In Section 5.2, we compare our approach against prior work on automatic parallelism
management [Westrick et al. 2024], showing up to 12.1x improvement on a single core and
6.10x on 80 cores and averaging 2.09x and 1.74x faster, respectively. The improvement is
due to explicit support for parallel loops and guaranteed amortization of loop splitting costs
while preserving all parallelism.

(2) In Section 5.3, we show that MPL®P automatically amortizes the cost of splitting loops,
reducing the number of splits in one benchmark by over four orders of magnitude.

(3) In Section 5.4, we show that our technique achieves low overheads on a single core relative
to sequential elision, averaging 1.67x slower. At the same time, it maintains good parallel
scalability, delivering 46.1x self-speedup on 80 cores (a 27.6x speedup over sequential).

5.1 Experimental Setup and Benchmarks

Experiments are run on an 80-core machine equipped with two 2.30GHz Intel Xeon (40-core)
Platinum 8380 CPUs and 256GB of memory, running Ubuntu 22.04.5 LTS and Linux kernel version
5.15.0-144-generic. We use MLton version 20241230. Benchmark timings are evaluated with 5
warmup runs and then by averaging the next 20 runs. For more stable results, we disable hyper-
threading and pin experiments to fixed cores.

We consider 16 benchmarks from the Parallel ML Benchmark Suite [Arora et al. 2021, 2023;
Westrick et al. 2024], covering a variety of problem domains such as graph analysis, computational
geometry, sparse linear algebra, numerical algorithms, and text analysis. Many of these imple-
mentations make use of parallel loops with explicit, manually tuned grains. These grains were
tuned by experts. For our evaluation, we remove these grains, replacing the coarsened loops with
our spork-based loops. In all our experiments, the code for the benchmarks is identical across
systems except for the implementation strategy of par and reduce and the presence (or absence)
of manually tuned parallelism grains throughout.

5.2 MPL®P Achieves Low Overheads, Improving Over Westrick et al. [2024]

To evaluate our approach (MPL®P), we compare against Westrick et al. [2024]’s implementation
of automatic parallelism management, which we call MPLP®, and a manually tuned baseline with
call-site specific parallelism grains [Arora et al. 2023]. MPLP® only supports the par primitive, which
requires all parallelism to be expressed in a divide-and-conquer style. Specifically, it compiles par
into an SSA-level control-flow primitive called PCall (hence, “MPLP”) which couples the creation of
a potentially parallel task with a non-tail call. This is well-suited for recursive divide-and-conquer
parallel algorithms, where recursive (non-tail) calls coincide with opportunities for parallelism.
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Table 1. Overheads of automatic parallelism management using our approach (MPL*P) vs. those of MPLP®
(lower is better); both are relative to the same manually tuned baseline, which relies on call site-specific
parallelism grains. Improvement factors of MPLSP over MPLP€ (higher is better). Ty and Tgo report single-core
and 80-core times, measured in seconds.

T Overhead Improvement Tso Overhead Improvement
Benchmark Baseline MPL*? MPLP¢ é\fe]ﬂ:; % ,’;‘;{Z; Baseline MPLP MPLP¢ é\:g:e %&;e AA,glL':;
bfs  2.99 3.09 599 1.03 2.00 1.94 .070 094 163 1.34 2.33 1.75
bignum-add  .723 780  1.83 1.08 2.53 2.34 .010 014 .029 1.39 2.88 2.07
delaunay  7.20 7.56 791 1.05 1.10 1.05 225 476 417 2.12 1.85 .876
grep  2.37 241 557 1.02 2.35 2.31 .034 044 094 1.30 2.79 2.14
line-fit  .385 1.28  3.42 3.32 8.89 2.68 .020 .035  .060 1.80 3.03 1.68
mandelbrot 1.85 2.62 3.89 1.42 2.10 1.48 .024 .039 .058 1.65 243 1.48
map-heavy  4.22 422 341 1.00 .809 .809 .054 .055  .045 1.03 .834 .808
map-light  1.05 987 120 939 11.4 12.1 .031 .033  .203 1.06 6.46 6.10
merge-sort 4.47 5.67 6.44 1.27 1.44 1.14 .063 .089 .103 1.41 1.62 1.15
nearest-nbrs  1.32 135 148 1.02 1.13 1.10 .022 027  .029 1.22 1.33 1.09
nqueens 1.61 148 231 916 143 1.56 .022 022  .035 1.01 1.56 1.54
primes 1.91 2.10 14.8 1.10 7.75 7.05 .052 .059 258 1.13 4.92 4.36
sparse-mxv ~ 1.73 1.75  6.62 1.01 3.83 3.79 .033 036  .098 1.10 2.97 2.69
suffix-array ~ 5.46 2.83 536 518 .982 1.90 .093 .063  .109 677 1.17 1.73
triangle-count  4.22 897 103 2.12 2.43 1.14 .063 150 .163 2.39 2.60 1.09
word-count 727 1.11 296 1.52 4.07 2.67 .010 022 .044 2.29 4.64 2.03
min 518 .809 .809 677 .834 .808
geomean 1.17 2.43 2.09 1.36 2.36 1.74
max 3.32 11.4 12.1 2.39 6.46 6.10

Intuitively, PCall is somewhat similar to spork and spoin, but it conflates the creation of poten-
tially parallel tasks with the creation of a stack frame, therefore incurring unavoidable overhead.
Spork IR decouples these two concerns: the management of potentially parallel tasks is governed
by spork and spoin, and the management of stack frames is governed by standard call and return
instructions. With function inlining possible between spork and spoin, interprocedural overheads
can be completely avoided, often yielding significant improvements.

To compare against their implementation, we replace all parallel loops and reductions with
the appropriate divide-and-conquer code: parallel for loops use exactly the encoding shown in
Figure 1, and the encoding of reductions is very similar. In this way, we have three versions of
every benchmark: (1) the original, manually coarsened implementations as a baseline, (2) our
implementation, labeled MPL®P, where every loop and reduction is replaced with the fully parallel
spork-based encoding shown in Figure 8, and (3) Westrick et al. [2024]’s MPLP¢, where every loop
and reduction is replaced with the fully parallel divide-and-conquer encoding.

The results of this comparison are shown in Table 1. We find that our approach with MPLP sig-
nificantly lowers overheads relative to the manually tuned baseline compared to MPLP®, improving
on all core counts for 14 of the 16 benchmarks. On average, we improve over MPLP by reducing
its +143% overhead to our +17% overhead on a single core, and from +136% to +36% on 80 cores
(we found that most of this improvement comes from our novel encoding of reduce outperforming
divide-and-conquer; see Appendix B for details). The benchmarks map-light and primes improve
substantially over MPLP¢, getting 12x and 7x faster, respectively. Both make use of tight loops,
demonstrating this advantage; we examine map-light in more detail in Section 5.3.

In the case of map-heavy, we match the baseline within 3% (we suspect both MPL®P and the base-
line miss an optimization opportunity that MPLP¢ finds). The delaunay benchmark is challenging
because it has little theoretical parallelism. Figure 14 shows that delaunay parallelizes less than any
of the other benchmarks, gaining only 15.9x self speedup on 80 cores. The benchmark performs
many short bursts of parallel computation interspersed by sequential work, making the end-to-end
running time highly sensitive to how quickly each parallel section “ramps up”. Our automatically
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managed implementation of reduce can take approximately twice as many promotion tokens to
disperse computation across all processors compared to divide-and-conquer due to the way it splits:
the first promotion generates a new task, which immediately begins executing the first half of the
remaining loop iterations. However, this task must wait for a second promotion before it can begin
executing the second half. Existing work has shown that it is possible to increase the heartbeat rate
on stock hardware [Rainey et al. 2021; Su et al. 2024], which could improve scalability by decreasing
the delay between successive heartbeats and thereby supplying promotion tokens more rapidly.
Nevertheless, even in the case of low parallelism in delaunay and 80 cores, MPL®P’s reduce is only
12% slower than divide-and-conquer.

5.3 MPL’P Automatically Amortizes the Costs of Splitting Loops

Overall, we observe significant improvements in comparison to the divide-and-conquer approach
implemented in MPLP¢, especially for loop-heavy code. To better understand these improvements,
we consider map-light in more detail, the benchmark where we observe our biggest improve-
ments: 12.1x faster on 1 core and 6.1x on 80 cores. From the perspective of automatic parallelism
management, this benchmark is a difficult case in the sense that it stresses the nearly zero-cost
task representation. map-1light consists of two back-to-back parallel loops of 2 x 108 iterations
each (for a total of 4 x 108), both of which have loop bodies consisting of just a few instructions:
iteration i performs a handful of arithmetic instructions and one memory write to an array at index
i. Per iteration of such a loop, MPLP® requires at least one PCall, incurring the cost of one non-tail
function call. Westrick et al. [2024]’s implementation therefore performs 4 x 10® non-tail calls to
execute both loops in the benchmark. Concretely, the cost of one non-tail call is the cost of pushing
and popping one stack frame; the 12x slowdown in Westrick et al. [2024]’s approach is almost
entirely due to the overhead of pushing and popping these frames.

To confirm this, we implemented a sequential version of map-1light using the divide-and-conquer
approach for loops, but with this procedure’s recursive calls executed in sequence instead of in
parallel. We compiled this code using MLton for the best sequential performance and found that
while it is faster than the single-core performance of MPLPC (4.7s vs. 12.0s), it is still 14x slower
than when the same benchmark uses an iterative, sequential loop (0.34s).

In contrast, our approach is capable of inlining the loop body between spork and spoin, resulting
in no function calls except for at (infrequent) promotions; in this particular benchmark, we measure
1.7 x 10* promotions on average, reducing the number of splits (and therefore function calls) by
four orders of magnitude. In other words, our approach automatically amortizes the cost of splitting
loops by doing so only at promotions, remaining in fast, intraprocedural control flow otherwise.

5.4 MPL’P Has Low Sequential Overhead and Good Parallel Scalability

We evaluate each parallel MPL®P program against its sequential elision to determine (a) the over-

heads of our fully parallelizable approach in comparison to a fast sequential implementation,

and (b) the scalability of our approach on an increasing number of processors. Our sequential

implementations of par and reduce are those shown in Figure 13 and compiled with MLton.
Table 2 shows our results on 1 and 80 cores (T; and Tgg)

alongside the sequential elision (T;) and the corresponding ::: ?igug’ (? ; (11:, (z: i)(i)

sequential overheads and parallel speedups. The column titled  if i >= j then a else

T1 /T, shows the overhead of using potentially parallel code in reduce (i+1, j, f, ¢, c (a, f 1))

MPL®P instead of purely sequential code even when only one  Fig. 13. Sequential implementations of

core is available, with an average of 1.67x overhead. In 13 of par and reduce, compiled with MLton.

the 16 benchmarks, MPLSP has less than 2x overhead. MPLSP

also maintains good parallel scalability, with 27.6x average speedup in comparison to sequential on

80 cores. In Figure 14, we also plot the self-speedup of MPL®P across a variety of core counts and
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—8— bfs —#- bignum-add —4— delaunay

Table 2. Single-core (T1) and 80-core (T3o) times for grep o line-fit + mandelbrot
MPLSP vs. sequential elision (Ts), measured in seconds, map-heavy —e— map-light -e- merge-sort
alongside sequential overhead and parallel speedup on nearest-nbrs nqueens  -e- primes
80 cores vs. sequential. A Spar;_e'mx" *‘* S};fﬁi'array -4~ triangle-count
MPL®  Overhead Speedup ¢ - word-count (ideal) ~ weeeen (geomean)
80 [ T T T T T T Kil
Benchmark T i T T/Ts Ti/Ty
bfs 236 3.09 .094 1.31 25.3 70 |- o
bignum-add .405 .780 .014 1.92 28.5 ‘
delaunay 4.89 756 476 155  10.3 60 I
grep 1.65 2.41 .044 1.46 37.7
line-fit .327 1.28 .035 3.91 9.22 % 50 -
mandelbrot 1.79 2.62 .039 147  45.7 b5
map-heavy 3.68 4.22 .055 115 66.4 :ﬂ; 40 -
map-light 343 987 033 2.88 10.3 o
merge-sort 4.02 5.67 .089 141 449 &K 30 -
nearest-nbrs .965 1.35 .027 1.39 36.0
nqueens 1.15 148 .022 129  50.9 20 -
primes 1.23 2.10 .059 1.70 20.9
sparse-mxv  1.05 175 .036 1.67 28.7 10 -
suffix-array 2.27 2.83 .063 1.25 36.1 17 | | | | | | |
triangle-count 5.27 897 .150 170  35.1 1 10 20 30 40 50 60 70 80
word-count .488 1.11 .022 2.27 22.3
min 115 922 Processors
geomean 1.67 27.6 . s .
max 301 664 Fig. 14. Self-speedup of MPLSP at different processor

counts.

observe generally that performance improves as the number of cores increases, with 46.1x average
self-speedup on 80 cores relative to MPL®P’s single-core time T;. These results demonstrate that
our approach maintains high scalability without any manual tuning or chunking of parallel loops.

6 Related Work

The most closely related work is Westrick et al. [2024]’s automatic parallelism management (APM),
which we discuss in Sections 1 and 5. APM deeply integrates a technique called heartbeat schedul-
ing [Acar et al. 2018] into the compiler and runtime system of a high-level language to provably
amortize all overheads of parallelism automatically and without any manual coarsening by the
programmer. We extend APM to support parallel loops, significantly improving its efficiency.

MaPLe. We implemented our approach in MPL (“MaPLe”), which has been exploring efficient and
scalable parallel functional programming by coupling thread scheduling and memory management
for nested fork-join parallelism [Acar et al. 2015] through disentanglement [Arora et al. 2021;
Westrick et al. 2022a, 2020] and hierarchical heaps [Guatto et al. 2018; Raghunathan et al. 2016].

Heartbeat Scheduling. Acar et al. [2018] proposed heartbeat scheduling, where tasks are created
lazily according to a regular periodic pulse (a “heartbeat”). This approach guarantees every spawn
can be charged against work completed between heartbeats; additionally, as proven by Acar et al.
[2018], it guarantees that the critical path length of the computation is stretched by at most a
constant factor, i.e., all theoretical parallelism is asymptotically preserved. The proof of efficiency
critically relies upon an oldest-first spawning policy an every heartbeat.

Implementing heartbeat scheduling requires a low-level mechanism to respond to heartbeats
in a timely manner. Our approach uses software polling [Basu et al. 2021; Feeley 1993b; Ghosh
et al. 2020], specifically relying upon standard signal handling mechanisms, to redirect control-flow
at compiler-inserted polling points. Rainey et al. [2021] refer to these points as promotion-ready
program points (prppts), and design a custom assembly language, TPAL, where basic blocks
can be annotated as prppts to register alternative code paths for promotions. TPAL expresses
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intraprocedural promotion by redirecting control-flow at prppts to custom promotion handlers
specialized to each prppt. However, TPAL only considered intraprocedural control-flow and has
no explicit support for a call stack, leaving open how to implement an oldest-first promotion
policy across nested function calls (where a suspended caller might contain the oldest promotable
task). Recently, Su et al. [2024] developed a compilation strategy for heartbeat scheduling that can
outperform manual coarsening for data-dependent and/or irregular loops. They target a low-level
representation similar to TPAL, with the same limitation of only considering intraprocedural loops.

Our Spork IR offers a solution to this intra- vs. interprocedural control-flow problem. The spork-
spoin mechanism differs from TPAL’s prppt essentially by implicitly marking every basic block
between the spork-spoin pair as a possible promotion point, recording this information in the call
stack at a predetermined location within the frame. We then forgo custom promotion handlers in
favor of a uniform promotion handler which can be invoked at any moment. Although subtle, this
is critical for enabling interprocedural promotions: our uniform promotion handler is implemented
inside the runtime system and can be applied to any stack frame at a possible promotion point. (By
inspecting a frame, the runtime system can determine whether or not the frame is promotable, and
all promotable frames in our approach are promoted in the same manner.)

Lazy task creation and lazy scheduling. Our approach relies on a nearly zero-cost task represen-
tation (implicitly encoded in stack frames) which bears resemblence to lazy task creation (LTC),
introduced by Mohr et al. [1991] to mitigate task overheads. The idea of LTC is to spawn tasks lazily,
in response to system load imbalance. To implement LTC, various nearly zero-cost task representa-
tions have been developed, often by leveraging data implicitly stored in the call stack [Feeley 1992,
1993a; Goldstein et al. 1996]. LTC can require a careful protocol/handshake when integrated with
work-stealing scheduling [Arora et al. 2001; Blumofe and Leiserson 1999], in particular, to coordinate
the stealer with a search for an appropriate implicit task buried within the call stack [Handleman
et al. 2025; Hiraishi et al. 2009; Kumar et al. 2012]. One advantage of the automatic parallelism
management approach is that it avoids such a handshake by scheduling promotions locally, rather
than in response to a steal request. Because LTC techniques rely on load (im)balance feedback, it
can be beneficial to integrate LTC closely with the system scheduler [Bergstrom et al. 2012; Tzannes
2012; Tzannes et al. 2010, 2014], a technique known as lazy scheduling (LS). LTC/LS both help
reduce the overheads of task creation as long as the system remains saturated, which works well
on small core/processor counts. However, in contrast to heartbeat-based approaches, LTC/LS are
unable to guarantee low overhead for task creation in all cases. Our approach takes inspiration
from the long line of work on LTC/LS, especially the lazy task representation techniques.

Granularity control. Task creation overheads can also be tamed using granularity control tech-
niques, where the goal is to ensure that every spawned task executes a sizeable amount of work.
Granularity control can be performed manually (e.g., by hardcoding sequential cutoffs and/or task
size parameters), but this approach has major limitations with respect to portability, accuracy,
and code modularity [Tzannes 2012; Westrick et al. 2024]. Numerous approaches and techniques
have been proposed to address the limitations of manual granularity control [Duran et al. 2008;
Huelsbergen et al. 1994; Iwasaki and Taura 2016; Loidl and Hammond 1995; Lopez et al. 1996;
Pehoushek and Weening 1990; Shen et al. 1999; Weening 1989], relying on assumptions such as
statically predictable time complexities, user annotations, or access to dynamic profiling data.
Subsequent work combines static annotations and dynamic profiling to provide the first provable
guarantee of low overhead and high scalability, using an approach called oracle-guided granularity
control [Acar et al. 2019, 2011, 2016]. This approach requires the user to supply cost functions for
parallel code, which is sometimes difficult and in general not always possible.
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7 Conclusion

This paper presents Spork IR, an intermediate representation for parallelism management that can
express parallel loops, parallel reductions, and fork-join parallelism. We formalize the semantics
of Spork IR, establishes its key soundness properties in the Lean theorem prover, and present an
implementation of the IR by extending the MPL compiler for Parallel ML. Our evaluation with a
broad set of benchmarks shows that our techniques deliver excellent performance while requiring
no effort to control the overhead of parallelism. Notably, the implementation delivers performance
within 36% on average of manually optimized benchmarks across all core counts. These results show
that automatic parallelism management extended with parallel loops can enable programs written
with high-level parallel constructs to achieve fast performance without any manual coarsening by
the programmer, thus making progress on the long-standing challenge of bridging the benefits of
high-level parallelism abstractions with high performance.
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A  Well-Formedness Rules of Spork IR

The well-formedness rules of Spork IR require that programs satisfy certain properties necessary
for the operational semantics and for lowering to efficient assembly code. Integers are the sole type
of values in Spork IR, and while this suffices for our purposes, extending the language to include
more types should be straightforward if desired. As a result, our rules are judgments of the form
d WF (“well-formed”), where d can be a program or any of its constituent parts (expression, basic
block, etc.), optionally with antecedents to the left of a turnstile r.

To facilitate these well-formedness rules, we first enrich the syntax definitions by adding sub-
scripted attributes to functions and basic blocks: fun, f(x) is a function that returns r values, and
blockr,., b(x) is a block with local temporary scope I' which eventually leads to a return of r
values and is statically nested under ¢ sporks. These attributes are statically inferred and have
exactly one value for each function and basic block. A subscript may be omitted when its value
does not matter.

VFe€P.P+FWFqu, VYBE€B.P;Bt B WFpjock
funmain(){_} € P blockz,pentry: _€B  P;B;TUx;r;0 FC WFeoge TNX=2
P WFprogram P + fun, f(X‘) {B} WFfun p; B+ blOCkr;r;(7 b(x): C WFpiock

T+eWFeqp P;B;TU{x};r;o+ C WFoge x €T
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Fig. 15. Typing rules of well-formed Spork IR programs

Figure 15 lists the typing rules of well-formed Spork IR programs. Broadly speaking, a well-
formed program is composed of well-formed functions, including a main function. Similarly, a
well-formed function in program P is composed of well-formed basic blocks, one of which is named
entry. A basic block is well-formed in program P and function f if its code is and its arguments
do not shadow any temporaries bound elsewhere (since this is static single assignment). A rule
of the form P; f;T';r; 0 + C WFoqe states that code C is well-formed in program P and function f
so long as every control flow path leading to this point binds at least those temporaries in I and
always passes through the same sequence of open sporks—those without a closing spoin—with
corresponding spawn deque o (which we also call its spork nesting), and every control flow path
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(barring the bgywy, continuation of a spork) out of this point must return r values. The auxiliary
f3Tsr;0 - b(-") WFeont rule (“continuation”) stipulates that b is a block in f with arity n, temporary
scope I', eventually returning r values, and spork nesting o. Note, these rules do not distinguish
between promoted and unpromoted spawn blocks since they only consider a static program, not
its dynamic execution.

These typing rules enforce a set of relatively standard invariants for an an SSA-based IR, e.g.,
temporaries are in scope everywhere they are used and function calls have the correct number of
arguments. Additionaly, they enforce that sporks and spoins come in matching pairs, with no other
control flow into, or out of, the code between. This invariant results in every basic block having
a statically inferred spork nesting. Further, functions can only return after all sporks have been
closed by a spoin, ensuring any potentially necessary synchronization has happened. In addition to
being important for the type safety of the operational semantics, these properties prove absolutely
crucial for lowering Spork IR to efficient assembly code, as they impose a static bound on the size
of ¢ in every function and allow the compiler to know what the (local) spawn deque is for every
program point.

Our Lean formalization follows the definitions outlined in this paper very closely, but with
one nontrivial difference which aids mechanization: rather than by names, our proofs refer to
temporaries by their indices in the local scope. For example, blockr,.; b(x, y): z < x+y; goto b’ (z)
for some |I'| = 2 would instead be written block,., b(4): T'[2] + I'[3]; goto b’ (I'[4]). In place of
block parameters is the number of temporaries already in scope plus the number of parameters—in
this case, b(x,y) becomes b(|I'| + 2) = b(4). Similarly, the assignment implicitly binds the fifth
index (counting from 0), I'[4], instead of giving it the name z. In order to give a more accessible and
familiar presentation in this paper, we use named temporaries and an implicit local scope instead.
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B Improvement Breakdown

Table 3. Breakdown of improvement factors in automatic parallelism management. 1\’\/’[‘;][:2; reports our (MPLSP)

. D&C . .
overall improvement over MPLPC. Mpi‘l‘;k shows how much of this is due to our novel reduce encoding

(Figure 8) in place of divide-and-conquer parallel loops, and D':QELPCI( shows the remaining portion from our
sporl

underlying use of spork and spoin to implement divide-and-conquer loops rather than PCall.

Ti Improvement Tzo Improvement

MPLP¢  D&Copork _MPLPC MPLP¢  D&Copork _MPLPC
Benchmark D&Cspork piprse L D&Copork D&Cspork  yiprse  ~MpLP D&Coport

bfs 6.13 1.94 = 1.98 X .978 161 1.75 = 1.72 x 1.02
bignum-add 1.77 2.34 = 2.28 x 1.03 .028 2.07 = 1.96 x 1.05
delaunay 7.98 1.05 = 1.05 x .991 411 .876 = .864 x 1.01
grep 4.90 2.31 = 2.03 X 1.14 .076 2.14 = 1.75 x 1.23
line-fit 2.60 2.68 = 2.03 x 1.32 .040 1.68 = 1.13 X 1.49
mandelbrot 4.17 1.48 = 1.59 X .932 .058 1.48 = 1.49 X .990
map-heavy 4.25 .809 = 1.01 x .803 .055 .808 = .999 x .808
map-light 4.87 12.1 = 4.94 X 2.45 .107 6.10 = 3.23 x 1.89
merge-sort 6.16 1.14 = 1.09 x 1.04 .100 1.15 = 1.12 X 1.02
nearest-nbrs 1.45 1.10 = 1.08 x 1.02 .028 1.09 = 1.03 x 1.05
nqueens 2.1 1.56 = 143 X 1.09 .030 1.54 = 1.34 x 1.14
primes 6.83 7.05 = 3.26 x 2.17 155 4.36 = 2.63 X 1.66
sparse-mxv 5.84 3.79 = 3.35 x 1.13 .082 2.69 = 2.25 x 1.19
suffix-array 4.77 1.90 = 1.69 x 1.13 .102 1.73 = 1.62 x 1.07
triangle-count 9.85 1.14 = 1.10 X 1.04 156 1.09 = 1.03 X 1.05
word-count 1.97 2.67 = 1.78 X 1.50 .028 2.03 = 1.27 x 1.59
min .809  1.01 .803 .808  .864 .808
geomean 2.09 = 1.77 X 1.18 1.74 = 148 x 1.17

max 12.1  4.94 2.45 6.10 3.23 1.89
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