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Abstract

The importance of irregular applications such as graph an-
alytics is rapidly growing with the rise of Big Data. How-
ever, parallel graph workloads tend to perform poorly on
general-purpose chip multiprocessors (CMPs) due to poor
cache locality, low compute intensity, frequent synchroniza-
tion, uneven task sizes, and dynamic task generation. At
high thread counts, execution time is dominated by worklist
synchronization overhead and cache misses. Hardware work-
list accelerators lower scheduling costs, but have inflexible
scheduling policies and do not address high cache miss rates.

We address this with Minnow, a technique that augments
each CMP core with a Minnow engine, a programmable ac-
celerator that offloads worklist scheduling and performs
worklist-directed prefetching, exploiting knowledge of up-
coming tasks to issue accurate and timely prefetch opera-
tions. On a simulated 64-core CMP running a parallel graph
benchmark suite, Minnow improves scalability and reduces
L2 cache misses from 29 to 1.2 MPKI on average, resulting in
6.01x average speedup over an optimized software baseline
for only 1% area overhead.
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1 Introduction

The ubiquity of multicore processors has shifted the burden
of improving software performance from chip manufacturers
to software developers. While regular programs targeting
dense matrices with predictable access patterns are well-
understood, irregular programs are difficult to parallelize due
to unpredictable access patterns, poor locality, low arithmetic
intensity, and data-dependent control flow [57].

In this work, we explore these issues in the context of
graph analytics. Graph workloads are notoriously difficult
to execute efficiently on modern general-purpose processors
[33] and have become an increasingly important problem
over a wide range of domains, including web search [42],
social networks [16] [28], and recommendation systems [10].
With growing dataset sizes and graph query complexity, the
demand for fast performance has pressured researchers to
develop more efficient parallel algorithms [58] [35] [17] [30].

The difficulty of creating customized parallel graph ap-
plications has led to the development of graph processing
frameworks using common design patterns [54] [13] [51]
[43] [34]. Graph algorithms can be decomposed into parallel
tasks where each task processes a single node [43]. Active
nodes that require processing are stored as work items in a
global queue called a worklist, from which they are dynami-
cally scheduled to worker threads.

Many graph algorithms are unordered: tasks can be applied
to nodes in any order until convergence. Some unordered
algorithms can improve their convergence rate by enforcing
some algorithmic priority order. Improving convergence rate
improves work efficiency, the total amount of work executed
by the parallel algorithm relative to the amount of work exe-
cuted by an efficient serial algorithm. Worklists implement
partial ordering to gain most of the efficiency benefit while
uncovering more parallelism and reducing overhead relative
to a strict priority worklist [31]. However, previous work has
either downplayed or ignored the effects of partial priority
ordering on overall performance [54] [47] [24]. We show in
Section 3.1 that exploiting partial prioritization can result in
over 100x speedup compared to a state-of-the-art unordered
graph framework [54] due to improved work efficiency.
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Despite considerable research from both software and
hardware directions, general-purpose CMPs are still ineffi-
cient at executing parallel graph workloads [5]. The problem
is two-fold: firstly, worklists only provide good performance
when tasks are large compared to worklist overhead. How-
ever, tasks in graph analytics tend to be small, on the order
of hundreds of instructions [27], leading to high schedul-
ing overhead and thus reduced scalability. The problem is
further exacerbated when attempting to balance overheads
with work efficiency. Hardware worklist accelerators [27]
[29] [46] reduce worklist overhead by hardening specific
scheduling policies using hardware queues with message
passing interfaces, but are inflexible and cannot support pri-
ority ordering. Furthermore, these designs have unscalable
centralized structures [27], limited buffering capacity [27],
and/or require custom on-chip networks [29] [46].

Secondly, graph algorithms generally have hard-to-predict
memory access patterns and low computational intensity, re-
sulting in workloads struggling to fully utilize both compute
resources and memory bandwidth [5]. Prior work suggests
that this poor performance can be fixed with larger reorder
buffers (ROBs) [5], but we show in Section 3.3 that increasing
ROB size alone does not significantly improve performance.
Techniques such as helper threading [6][11][8] can help,
but generally only target single-threaded workloads due to
their dependency on otherwise-idle SMT threads or cores.
State-of-the-art hardware prefetchers such as IMP [59] target
specific patterns, but cannot adapt if the data structure does
not match their memory layout assumptions.

In this paper we propose Minnow, a technique that attacks
both memory and scheduling bottlenecks in parallel graph
workloads by augmenting each CMP core with a lightweight
multithreaded Minnow engine connected through an accel-
erator interface. The engines offload worklist operations,
removing scheduling from the critical path to improve scala-
bility. Minnow engines are programmable to enable custom
priority scheduling, and have access to the CMP memory
subsystem through its core’s L2 cache, resulting in a decen-
tralized design without on-chip network modifications or
large dedicated buffers. Minnow engines use their knowledge
of upcoming tasks to perform worklist-directed prefetching, a
novel technique that launches prefetch threads in response to
worklist scheduling decisions, enabling accurate and timely
prefetches well ahead of the execution stream.

We modify Galois, a parallel task framework, to support
Minnow and simulate 64-core CMP performance on several
graph workloads. By addressing key bottlenecks, Minnow
reduces scheduling overhead, improves scalability, and vir-
tually eliminates L2 cache misses, resulting in 6.01x average
speedup at only 1% area overhead. Our contributions include:

e We characterize the bottlenecks in parallel data-driven
graph workloads, contradicting conclusions from pre-
vious work and motivating the design of Minnow.
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Graph graph = { /* init */ };
WorkList<GraphNode> workQ() ;
workQ.enqg (0, srcNode) ;
foreach (GraphNode node : workQ) {
for (Edge edge : node.edges) {
Node destNode =

int newDist =

edge.destNode;
node.distance + edge.weight;
if (newDist < destNode.distance) {
destNode.distance = newDist;
int priority = newDist >> lgBucketInt;

workQ.enqg(priority, destNode) ;

Figure 1. Galois pseudocode for SSSP Delta-Stepping

e We propose the use of programmable engines with ac-
cess to the core’s memory subsystem to offload work-
list operations without needing a separate intercon-
nect network or hardening a specific scheduling policy.

e We propose worklist-directed prefetching, a software
prefetching technique that exploits application knowl-
edge of upcoming tasks to issue prefetch requests with
nearly perfect accuracy and timeliness.

e We propose Minnow, combining worklist offload and
worklist-directed prefetching to accelerate parallel task-
based irregular applications and demonstrate its effec-
tiveness on parallel graph workloads.

2 Background

Minnow can be used to accelerate most software task-based
frameworks. We chose Galois since its task-based program-
ming model is well-suited to exploit priority ordering.

2.1 The Galois Framework

Galois is an asynchronous task-based framework for parallel
data-driven algorithms that can exploit partial priority order-
ing [43]. Galois provides a foreach loop construct, where
loop bodies, representing tasks, can be scheduled for parallel
execution by a worklist following user-specified priorities.
The ordered by integer metric (OBIM) worklist [31] used in
Galois relaxes strict prioritization to reduce scheduling over-
head. OBIM discretizes priorities into buckets as follows:

bucket_number = priority > lg_bucket_interval

The worklist attempts to process buckets in order, but work
within each bucket is unordered and can be scheduled in
parallel. The contents of each bucket are held in a concurrent
FIFO, and a concurrent ordered map stores pointers to each
bucket. Increasing the bucket interval increases parallelism
but lowers work efficiency; the optimal bucket interval de-
pends on the algorithm, graph input, and host machine.
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Figure 2. Galois and GraphMat speedup normalized to 1-
thread GraphMat

Galois is designed to parallelize irregular algorithms, and
is well-suited for graph analytics. An example is SSSP, shown
in Figure 1. The worklist is initialized with the source node,
and each task processes a single node. Tasks explore node
neighbors, conditionally updating nodes and generating more
tasks. The code shown can represent Dijkstra’s algorithm
[25], Bellman-Ford [12], or Delta-stepping [35] depending
on the instantiated Galois worklist. Dijkstra processes nodes
shortest-distance-first in strict priority order. While this is
efficient with complexity O(v log v + e), it exposes no paral-
lelism since each task may produce the next-highest priority
task. Bellman-Ford trades off work efficiency for parallelism
by processing tasks in any order, increasing complexity to
O(ve). Delta-stepping uses partial ordering to discretize prior-
ities into buckets with Dijkstra’s-like efficiency while main-
taining high levels of parallelism, and maps to OBIM.

3 Motivation
3.1 The Benefits of Priority Ordering

Many graph frameworks overlook the benefits of partial
priority ordering. To characterize the benefits of frameworks
that specialize in supporting partial priority ordering, we
compare Galois against GraphMat, a state-of-the-art graph
framework built on a highly tuned sparse matrix library with
an unordered bulk synchronous execution model and up to
7x faster than competing frameworks [54]. Each iteration,
GraphMat processes all active nodes in parallel, generates
the next set of active nodes, and repeats until convergence.

Figure 2 shows Galois and GraphMat performance at 10
threads on a 10-core Intel Xeon E5-2680v2 normalized to
GraphMat on the benchmarks listed in Section 6.1. We test
Galois with partial priority OBIM and unordered FIFO work-
lists. GraphMat performs much better on G500 and PR due to
its heavy optimizations and simpler bulk synchronous execu-
tion model. However, SSSP is especially sensitive to priority
ordering, with Galois achieving 576x speedup compared to
GraphMat. Since ordering improves Big-O, running SSSP
with larger graphs will result in even more disparate results.
For example, Galois achieves a 927x speedup over GraphMat
running SSSP on USA-road-d.USA, an graph with 23M nodes
and 58M edges. We contacted the GraphMat authors, who

Execution time
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Figure 3. Runtime for various Galois schedulers normal-
ized to GraphMat (lower is better). High bars represent the
benchmark timing out. Intel Carbon uses the LIFO policy.

wrote a new SSSP Delta Stepping kernel taking advantage
of ordering, shown as GMat™ in Figure 2.

However, GraphMat kernels can only perform unordered
scheduling. To implement bucketed priorities, they execute
a full GraphMat kernel for each bucket, resulting in high
overheads and thus much larger optimal bucket interval
than Galois with OBIM. Their Delta Stepping implementa-
tion results in only 2x improvement over their unordered
implementation at 10 threads, still 285x slower than Galois
with OBIM. BFS, G500, CC, and PR are less sensitive but
still benefit from priority ordering compared to the Galois
worklist. Although many workloads do not require priority
ordering for good performance, failure to consider it can
result in especially poor performance scenarios like SSSP.

The optimal scheduler depends on the application and
graph input. To measure the effects, we ran our graph work-
loads with various Galois scheduling policies. Figure 3 shows
execution time normalized to the same workloads run in
GraphMat. For workloads sensitive to ordering, choosing an
improper scheduling policy may result in workloads sensi-
tive to ordering never converging and timing out. Several
OBIM configurations time out as well, since OBIM assumes
changing buckets is rare. OBIM’s optimal configuration re-
quires tuning for each workload and input, but choosing a
conservative bucket interval does not severely impact perfor-
mance. Priority sensitivity is a function of the algorithm and
input. Graph inputs with high diameters and low degrees
will be more sensitive to priority ordering. Prior work has
generally focused on social network and web graphs with
low diameters and high degrees less sensitive to priority or-
dering, or used suboptimal baselines such as Bellman-Ford.

Prior work on hardware worklist acceleration has not
considered the effects of priority ordering, and generally
only support a fixed scheduling policy. Carbon [27] only
supports LIFO scheduling, which can improve cache locality.
This results in faster performance on BC, but times out on
SSSP, BFS, CC, and PR, making it impractical for general use.
IsoNet [29], Rigel [20], and HWWL [24] use FIFO-mostly
schemes which don’t capture any benefits from prioritization,
which may result in significant slowdown compared to using
a software priority worklist on workloads like SSSP.
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Figure 4. Benchmark sensitivity to ROB size, speedup normalized to 256-entry ROB with 128-entry reservation station,
64-entry load queue, and 64-entry store queue. "Realistic" has realistic branch prediction and atomics with memory fences.
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3.2 Software Inefficiencies in Graph Analytics

Previous work [14] has already demonstrated that general
purpose processors are inefficient at graph analytics. To char-
acterize this inefficiency, we simulated our workloads at 64
threads as described in Section 6. Figure 5 shows the cycle
breakdown spent on useful work, worklist operations, and
data cache misses. On average, only 28% of execution time
is spent performing useful work. The remaining cycles are
spent on synchronization and cache misses. CC is signifi-
cantly worklist-bottlenecked past 16 threads, resulting in
worklist operations comprising 92% of all cycles. Aside from
CC, Galois worklist operations comprise 8% to 51% of all
cycles and cache misses comprise the rest, from 12% on BC
to 50% on G500. PR has a significant 32% store cycle bottle-
neck since atomic operations are classified as stores. These
bottlenecks present an opportunity to massively improve
performance from multiple fronts.

3.3 Exploiting Memory Level Parallelism

Previous work claims that ROB size is the main limiting
factor for memory throughput [5]. However, there are two
serializing events that can limit MLP: firstly, branch mispre-
dictions are notably costly when the branch depends on a
long-latency load [53] as is common in graph workloads.
Secondly, the memory consistency model in x86 states that
atomics are not reordered with loads and stores [1], thus
requiring all previous loads and stores to be completed, i.e.
a memory fence, prior to each atomic [49]. This is costly
for benchmarks like PageRank, where the residual is un-
conditionally pushed to all outgoing edges. To evaluate the
effect of these serializing events, we calculate speedup while
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Figure 6. Delinquent load density, i.e. the ratio of frequently-
missing loads to all loads

sweeping ROB size in simulation, normalized to a 256-entry
ROB configuration with 128-entry RS, 64-entry LQ, and 64-
entry SQ. Each configuration keeps the same buffer sizing
ratio. We tested a realistic baseline, and ideal versions with
perfect prediction and no fencing.

Our results, shown in Figure 4, demonstrate that ROB size
is not the main limiting factor: realistic speedup past 256
ROB entries is minimal. Once branch prediction and fencing
limiting factors are removed, ROB size becomes the limit-
ing factor and scales well with performance. PR executes
many more atomics than other benchmarks, resulting in
up to 5x speedup once fences are removed. Unfortunately,
these branches and atomics are essential for correctness and
cannot be removed when running on realistic hardware, al-
though x86 chip designers may wish to consider adding spe-
cial atomic instructions that relax the consistency model and
enable the elimination of fences. These results suggest that
helper threads, which can speculatively prefetch ahead while
avoiding serializing events, may be a promising approach.

3.4 Maximizing MLP with Delinquent Load Density

Helper threads can improve MLP not just by reducing serial-
izing events, but also by increasing the density of delinquent
loads, loads with frequent cache misses, in the load queue.
Cores have large OO0 windows to find and issue delinquent
loads in parallel, but these loads are sparsely populated in
the instruction stream. Increasing the number of delinquent
loads in the load queue improves MLP and thus performance.

Figure 6 shows the ratio of delinquent loads relative to
all other loads in our benchmark suite, where delinquent
loads are first accesses to graph nodes and edges in a task.
Despite the low compute density, only about 10% of all loads
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Figure 7. Increasing in-flight delinquent loads in the load
queue with helper threads. Boxes represent load queue en-
tries, and shaded boxes represent delinquent loads.

are delinquent, with remaining loads comprising secondary
accesses to a node or edge, stack reads, and register spills/fills.
This is especially an issue on x86 due to its two-operand
instructions and limited number of general-purpose registers.
On modern cores such as Intel Skylake with 72-entry load
queues, only about 7 entries will be delinquent, not enough
to tolerate frequent accesses to memory.

As shown in Figure 7, helper threads can improve delin-
quent load density by executing a subset of the program.
However, each delinquent load now requires two load queue
entries. Loads in the main thread are not marked delinquent
since the helper thread accesses them first. When running
helper threads in SMT, the load queue is shared, which may
only slightly improve density. Running helper threads on
separate cores doubles load queue resources but limits po-
tential improvement due to only prefetching into shared
LLC, and also doubles area and power. In Minnow, Minnow
engines executing helper threads reserve its load queue for
only delinquent loads, exposing greater MLP at lower cost.

4 Minnow Overview

We propose Minnow, a technique that addresses the bot-
tlenecks presented in Section 3 by coupling each core in a
general-purpose CMP with a Minnow engine, a highly mul-
tithreaded programmable core augmented with hardened
logic to accelerate worklist scheduling and prefetching op-
erations, as shown in Figure 8. Minnow engines are fully
programmable and have access to the CMP memory sub-
system through its paired core’s L2 cache and L2 TLB. We
assume that the L2 TLB is inclusive with the L1 TLB and
choose not to connect to the core’s L1 cache and L1 TLB due
to routing, timing, and capacity concerns. Cores may share
a single Minnow engine to reduce resources, but this work
focuses on cores with dedicated Minnow engines.

Minnow engines are designed to perform two tasks: firstly,
software worklist operations are offloaded to Minnow en-
gines through accelerator calls. Unlike previous work, the
full programmability of the Minnow engine enables any soft-
ware worklist algorithm to be offloaded, including priority
worklists such as OBIM. Although Minnow engines also have
small hardware queues to store pending tasks, Minnow does
not require a dedicated global task unit to handle spilled tasks
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Figure 9. Galois-Minnow interface overview

[27] or a dedicated task routing network [29] [46]. Instead,
Minnow leverages the existing cache hierarchy by imple-
menting the global priority worklist in software running on
the Minnow engine. Minnow engines are therefore able to
store spilled tasks in the memory subsystem, only requir-
ing processor intervention on TLB misses. Secondly, once a
task has been scheduled to a core by the worklist, Minnow
engines perform worklist-directed prefetching, spawning a
helper thread to prefetch the task’s input data.

Rather than executing helper threads in a different SMT
context on the same core as the worker thread, creating
contention for execution resources, helper threads are of-
floaded to Minnow engines that support a large number
of threads in flight and context switch after each memory
request. Overall, Minnow provides three potential benefits:
improved convergence rates through priority scheduling, im-
proved scalability through worklist offloading, and improved
IPC through worklist-directed prefetching.

4.1 Minnow API

To support Minnow, framework developers simply need to
modify their framework to perform the appropriate Minnow
API calls, thus hiding Minnow complexity from the end user.
For this work, we added Minnow support to Galois [43].
As shown in Figure 9, Galois worker threads are not aware
of Minnow, instead calling worklist enqueue and dequeue
operations through the Galois API. These Galois API calls
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are translated into Minnow accelerator calls, whereafter the
Minnow engine executes the offloaded worklist operations.

A Minnow task consists of two 64-bit values: an integer
priority, and a pointer to the task data. Cores primarily com-
municate with Minnow engines to enqueue and dequeue
tasks, but additional instructions are needed to initialize,
context switch, and detect when all worker threads are done.
To keep Minnow engines simple, it cannot handle TLB misses.
Instead, the Minnow instruction that caused the TLB miss
throws an exception, leveraging the host processor to prop-
erly handle the miss. We extended the ISA with the following
instructions:

e minnow_init: initializes Minnow engines across all
threads.

e minnow_enqueue: enqueues a task to the core’s Min-
now engine. Takes priority and pointer to task as input.
May cause TLB miss exception.

e minnow_dequeue: dequeues a task from the core’s
Minnow engine. Stalls until a task is available, and re-
turns a pointer to the task. If worklist is empty, returns
a null pointer. May cause TLB miss exception.

o minnow_flush: prepares Minnow engine for a core
context switch. Flushes local queue tasks to the global
worklist, and returns a pointer to the worklist.

e minnow_done: determines if all Minnow engines are
idle and global worklist is empty.

5 Minnow Engines

Minnow engines are programmable engines that interface
with their paired core through an accelerator interface to of-
fload worklist and prefetching operations. These operations
are heavily memory-bound with low arithmetic intensity and
frequent synchronization. In such scenarios, rather than fo-
cusing on IPC, a popular approach is to expose memory-level
parallelism explicitly through multiple threads [4][41]{7][9].
We use a similar approach with Minnow engines.

The Minnow engine contains a lightweight in-order pro-
grammable microcontroller core that executes threadlets,
short lightweight threads spawned within the Minnow en-
gine without OS overhead. Threadlets are spawned in re-
sponse to accelerator calls or by other threadlets to perform
worklist spill/fill operations and prefetching. In addition,
each Minnow engine contains a private instruction memory
for storing threadlet instructions and a private data memory
storing threadlet context data and temporary variables.

Since accessing the memory subsystem through the core’s
L2 cache is slow, Minnow engine microcontrollers access pri-
vate memory for most operations and only explicitly access
L2 when accessing shared data structures, i.e. the priority
worklist and input graph. Minnow engines expose memory-
level parallelism by supporting many threadlets in flight
and context switching on every L2 access. Pending loads are
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stored in a CAM-based load buffer and threadlets are dynam-
ically woken when their pending load completes. Unlike in a
standard OOO core, since temporary values are stored in the
Minnow engine private data memory, the load buffer only
contains delinquent load operations. Therefore, even small
load buffers can support more delinquent loads in flight than
a much larger traditional OOO window.

5.1 Minnow Engine Microarchitecture

Figure 10 depicts a high-level overview of our proposed Min-
now engine microarchitecture. The design is split into two
parts: a hardened low-latency front-end interfacing with the
core with dedicated buffering for storing high-priority tasks,
and a throughput-oriented fully programmable back-end
handling accesses to the core’s memory subsystem. There are
several key considerations for designing a high-performance,
low-cost Minnow engine. Since the core cannot make for-
ward progress while waiting for a task, the Minnow en-
gine front-end is optimized to reduce minnow_dequeue
common-case latency. In addition, the Minnow engine must
be optimized to sustain many long-latency loads in flight to
effectively perform worklist-directed prefetching. As shown
in Figure 11, since the Minnow engine is only accessed once
every few hundreds of cycles for worklist enqueue/dequeue
operations, an aggressive front-end design is not required
to meet performance goals. Instead, the base design is kept
simple and hardware is added only where necessary.

The front-end presents an accelerator interface to the core
and contains dedicated buffering for accelerating worklist
enqueue and dequeue operations. It can be performed using
hardened logic such as a simple finite state machine (FSM).
For less common operations that require accessing system
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void minnowEng(Task* task) {
int bucket = task—>priority >> lgBucketInt;

// Put in localQ if not full and high priority
if(!localQ.full() && (bucket <= localQ.bucket)) {
localQ.eng(task) ;
localQ.bucket = bucket;
}
// Else,
else {
globalQ.eng(task) ;

spill to global worklist

Task* minnowDeq() {
if(!localQ.empty()) {
return localQ.deq() ;
}
// Else, fetch from global worklist (slow)
// If globalQ is empty, returns NULL
else {
return globalQ.deq() ;

Figure 12. Minnow worklist operation pseudocode

memory such as worklist spills and fills, the front-end spawns
a threadlet by placing it into the back-end threadlet queue.

The back-end is responsible for all operations that inter-
face with the memory hierarchy, including worklist spills,
fills, and helper thread prefetching. It consists of a threadlet
queue, in-order instruction pipeline (Control Unit), instruc-
tion and data memories, and OOO load buffer. The Con-
trol Unit instruction pipeline processes threadlets from the
threadlet queue in order. To handle multiple loads in flight,
the pipeline context switches after every L2 cache load re-
quest, allowing it to sustain one load in flight per threadlet.
Since threadlets only consist of a few instructions, threadlet
contexts are small, requiring only about 64B per context
stored in data memory.

When the load request returns, the load address is matched
with the proper load buffer entry, and the threadlet is re-
added to the threadlet queue for further processing. Unlike
a standard load queue, since the load buffer is optimized for
throughput rather than latency, performing the CAM address
search can take several cycles without affecting performance.
In our experiments, we assume a 32-entry load buffer, and a
4-cycle CAM search latency.

5.2 Worklist Offloading

The Minnow engine interfaces with the core to offload work-
list operations. Figure 12 shows pseudocode for Minnow
enqueue and dequeue operations. Task priorities are dis-
cretized into bucket priorities. Minnow engines assign their
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Figure 13. Minnow worklist hierarchy

local queue a bucket priority number and attempt to only
store tasks associated with the highest-priority bucket in the
local queue. Within each local queue, all tasks are treated as
the same priority and are processed in FIFO order. Once a
task is stored in the local queue, it is guaranteed to be sched-
uled in FIFO order barring a minnow_flush operation. On
aminnow_enqueue operation, if the enqeued task is lower
priority than the local bucket priority or if the local queue
is full, then the task is sent to the global priority worklist
by spawning a threadlet. If the task has a higher bucket
priority than the local queue, the local bucket priority is
updated but local queue contents remain unchanged. On
a minnow_dequeue operation, the operation stalls on an
empty local queue until it is populated with tasks from the
global worklist. If the global worklist is also empty, the oper-
ation fails and returns NULL. The requesting core can then
perform termination detection to see if all threads are idle
or if there simply aren’t enough tasks at the moment.

Since minnow_dequeue operations block until the next
task is fetched, accessing the global worklist hurts perfor-
mance and should be avoided. To minimize stalling, when the
number of task in the local queue is below a programmable
threshold, the Minnow engine proactively attempts to de-
queue tasks in the highest-priority bucket from the global
priority worklist by spawning a threadlet. If tasks at the head
of the global worklist are of equal or higher priority than the
local queue, then they are streamed into the local queue and
the local bucket priority is updated. However, if the local
queue is empty, tasks are unconditionally accepted.

Since the Minnow engine is programmable, the global
priority worklist can be implemented using any concurrent
priority scheduler software algorithm. A simplified version
of OBIM [31] was implemented. Figure 13 shows an overview
of the worklist hierarchy. Pending tasks are stored in the
local queue, with all other tasks stored in memory as part
of the global priority worklist. The global priority worklist
is constructed with a concurrent ordered_map, mapping
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bucket numbers to pointers to concurrent unordered work-
lists. Since worklist operations are now off the critical path,
higher overhead algorithms producing better priority sched-
ules can potentially be selected. Minnow instructions may
throw an exception to perform the required memory allo-
cation or deallocation tasks. To lower overheads, several
memory allocation and deallocation tasks may be grouped
together. During a context switch, Minnow engines flush all
tasks from the local queue into the global worklist.

5.3 Worklist-Directed Prefetching

Worklist offload provides a unique opportunity for prefetch-
ing. Since the Minnow engine schedules all upcoming tasks
to its worker thread, the Minnow engine knows exactly what
the worker thread will execute in the future and thus can
prefetch each task prior to execution. We call this technique
worklist-directed prefetching, in which task-parallel appli-
cations use scheduler knowledge to launch helper threads
for prefetching when tasks are assigned to a worker. With
multiple pending tasks per worker and thousands of cycles
per task, prefetches can be issued well before worker thread
access, enabling accurate and timely prefetches. Unlike tra-
ditional helper threads, worklist-directed prefetching does
not require compiler support or delinquent load profiling,
and can be supported by any parallel task framework. A
challenge in helper threading is determining the best time
to launch a helper thread. In worklist-directed prefetching,
prefetches are simply launched when tasks are scheduled.

Although worklist-directed prefetching can be used on
any parallel architecture, it is especially well-suited for Min-
now due to its low area and support for high MLP. Helper
threads are generally executed on SMT threads [8] or sepa-
rate OOO cores [21], wasting hardware resources that could
potentially be used to execute more worker threads. Using
smaller OOO cores [56] limits potential speedup since helper
thread performance depends heavily on the core’s ability
to extract MLP, preventing the helper thread from running
sufficiently far ahead of the worker thread.

To perform worklist-directed prefetching, the Minnow
engine is initialized with the task prefetching function shown
in Figure 14. Many graph algorithms have the same per-
node access pattern, enabling graph framework developers
to write helper thread code once and hide the complexity
from users. For many graph algorithms, for each task, the
operator accesses a node in the graph, the node’s outgoing
edges, and the destination nodes for all edges. These tasks,
nodes, and edges should all be prefetched. Prefetch requests
are treated as normal load operations and cannot be dropped.
If users require a different graph access pattern, they can
write a custom prefetch function to fit their usage model. All
our workloads except for TC use this prefetching function.
For TC, we wrote a custom TC prefetching function.

Whenever a Minnow engine enqueues a task into its lo-
cal queue, the task is now guaranteed to be consumed by
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// Main prefetch helper function

void prefetchTask (Address taskAddr) {
// Prefetch task
Task task = load_ L2 (taskAddr,
// Prefetch source node
Address srcAddr = nodeBasePtr + task.nodelD;
Node src = load_L2 (srcAddr,
// Index into edge array
Address edgeAddr =

sizeof (Task)) ;

sizeof (Node)) ;

edgeBasePtr + src.edgePtr;

// Prefetch edges and dest nodes in parallel
for(int i = 0; i < src.numkEdges; i++) {
// Spawn edge prefetch threadlet
threadletQ.enqg (PREFETCH_EDGE, edgeAddr + 1i);

// Spawned from prefetchTask()
void prefetchEdge (Address edgeAddr) {
// Prefetch edge
Edge edge = load_ L2 (edgeAddr,
// Prefetch destination node
Node dest = load_L2 (edge.dest,

sizeof (Edge)) ;
sizeof (Node)) ;

Figure 14. Minnow task prefetch pseudocode

its core barring a core context switch, thereby triggering
a task prefetch which enqueues a helper threadlet to the
threadlet queue. When the threadlet is scheduled, it then ex-
ecutes prefetchTask() shown in Figure 14. Helper threads
call load_L2() to read from the core’s L2 cache into the
Minnow engine’s private data memory, consume a prefetch
credit, and context switch to a different threadlet.

To achieve high prefetch throughput, multiple edges and
destination nodes must be prefetched in parallel per task.
Since threadlets are unordered, they can explicitly repre-
sent the dataflow graph, with prefetchTask() spawning a
prefetchEdge() threadlet for each edge in the source node.
Each prefetchEdge() threadlet prefetches a single edge and
destination node, but many prefetchEdge() threadlets can
execute in parallel.

5.3.1 Prefetch Rate Control

While prefetched data is guaranteed to be accessed in the
future, timeliness is a major concern. Tasks generally process
nodes, and nodes may have millions of outgoing edges. The
memory footprint of a task may therefore exceed cache ca-
pacity, requiring a smarter prefetching solution than simply
fully prefetching a task before dispatching it to the worker
thread. Instead, tasks must be dispatched to worker threads
and concurrently prefetched within the Minnow engine.
Prefetches issued too late are not useful, and prefetches is-
sued too early may be evicted from the cache prior to use.
Ideally, the prefetch thread should run ahead of the worker
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thread by some fixed distance such that the prefetched data
is ready in the cache by the time it is accessed by the worker
thread, yet not too far ahead such that the prefetched data is
evicted from the cache prior to access.

We propose a credit-based prefetch throttling mechanism
in which each Minnow engine is initialized with a fixed num-
ber of credits representing the maximum number of L2 cache-
lines reserved by the prefetcher. Credits are decremented
when the Minnow engine issues a prefetch. When credits run
out, prefetching pauses until credits become available. Each
L2 cacheline is augmented with one bit of prefetch metadata,
and cachelines prefetched by Minnow engines are marked.
When a cacheline is accessed or evicted, if the prefetch bit is
set, the prefetch bit is cleared and a credit is returned.

In contrast to helper thread techniques such as periodic
synchronization [56], Minnow’s credit-based scheme oper-
ates on cachelines rather than loop iterations, allowing the
throttling mechanism to be completely abstracted from the
end-user. Loop iteration distance throttling can work well,
but every helper function has a different optimal loop itera-
tion distance since each loop may access an arbitrary amount
of data per iteration. In contrast, the number of initial credits
is simply the number of reserved cachelines for prefetching
and can be generalized to throttle any other prefetcher in
the system. Our results show that Minnow can be initialized
with a fixed number of credits which produces near-optimal
speedup across all tested workloads.

5.3.2 Avoiding Deadlock

Since Minnow engine prefetch requests may stall due to
lack of credits and can spawn an unbounded number of
new threadlets, proper care must be taken to avoid deadlock.
Deadlock and starvation can be avoided by context switch-
ing whenever a threadlet stalls, using virtual queues for each
type of threadlet, and reserving entries in each structure. For
example, when a threadlet tries to spawn a new threadlet,
there may not be enough space in the threadlet queue for
the new task. When this occurs, the Minnow engine should
context switch so that other threadlets can complete, thus
freeing up space. However, there must be space reserved
for the context switch. Each threadlet must reserve an entry
in the threadlet queue, context buffer, and load buffer for
itself prior to being created, and entries can only be deal-
located after the threadlet completes. Deadlock may also
occur if the threadlet queue is full and all threadlets must
spawn new threadlets to continue. This can be avoided if
the max threadlet spawn depth is less than the threadlet
queue size and if the initial threadlet reserves queue and
buffer entries equal to the max spawn depth guaranteed by
the programmer prior to execution. For example, in Figure
14, prefetchTask() must reserve at least two entries, one
for itself and one for spawned prefetchEdge() tasks since
prefetchEdge() does not spawn any additional tasks. These
reserved entries are freed when prefetchTask() completes.
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Name Nodes | Edges | Est. Diam. | Largest Node Size
USA-road-dW 6.2M | 15.1M 4,420 9| 420 MB
14-2€23 8.4M | 33.6M 17 16 759 MB
rmat16-2e22 42M | 67.1M 4 18,436,730 | 1152 MB
wikipedia-20051105 1.6M | 19.8M 18 4970 | 351 MB
wiki-Talk 2.4M 5.0M 9 100,022 150 MB
com-dblp-sym 426K | 2.IM 21 343 58 MB
amazon-ratings 3.4M | 11.5M 16 12,180 383 MB
Table 1. Evaluated graph inputs

Workload | Algorithm Input Cycles
SSSp Single-Source Shortest Path | USA-road-d.W 4.6B
BFS Breadth-First Search r4-2e23 8.3B
G500 Breadth-First Search rmat16-2e22 4.1B
CcC Connected Components wikipedia-20051105 | 2.4B
PR PageRank wiki-Talk 10.7B
TC Triangle Counting com-dblp-sym 1.7B
BC Bipartite Coloring amazon-ratings 2.1B

Table 2. Benchmark configuration

5.4 Area Estimation

As Minnow leverages the existing cache subsystem for task
storage and no additional storage for prefetched data, area
cost is limited to the Minnow engine and the credit system.
SRAM area numbers were generated for the data structures
using an in-house memory compiler on a popular 28nm
process technology. The additional 1-bit per L2 cacheline
metadata can be stored in separate SRAM arrays. We assume
Minnow will be augmented on a CMP with cores similar to
Intel Skylake. Assuming 256KB L2 caches with 64B lines, 64-
entry local queue, 128-entry threadlet queue, 2KB instruction
and data memories, and 32-entry load buffer, the total area
on 28nm is ~0.03mm?, which scales to 0.008mm? on 14nm.

The area of the Minnow engine control unit is estimated
using the area of the P54C-based Intel Quark, a simple x86
embedded processor with an in-order pipeline. Based on
die photo analysis, we estimate a Quark core is 0.5 mm? on
32nm, which scales to 0.1 mm? on 14nm. We examined a
Skylake-K die photo to estimate area overhead for adding
Minnow. Each Skylake processor-router-L3 slice consumes
12.1 mm?. Since each Skylake slice would be augmented with
a Minnow engine, we estimate the total area overhead for
Minnow to be less than 1% per slice.

6 Experimental Results
6.1 Evaluation Benchmarks

To evaluate Minnow, we chose a variety of parallel graph
algorithms implemented in Galois. Not all algorithms tested
benefit from priority ordering or have significant worklist
bottlenecks, which help determine the minimum perfor-
mance benefits of Minnow.

Single-Source Shortest Path (SSSP) calculates the short-
est distance between a source node to all other nodes in a
weighted graph. We implement non-blocking Delta-Stepping
[35]. Work is prioritized by ascending distance.
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64 Skylake-like cores

2.5GHz, x86-64 ISA

64Kb 5-table TAGE[50]

97 entries, unified

72 load entries, 56 store entries
224 entries

32KB per-core

4-way assoc, 3 cycle latency
32KB per-core

Cores

Branch Predictor
Reservation Station
Load-Store Queue
Reorder Buffer

L1 Instruction Cache

L1 Data Cache 8-way assoc, 4 cycle latency
L2 Cache 256KB per-core
8-way assoc, 7 cycle latency
64MB, 2MB bank/core
L3 Cache 16-way assoc, 27 cycle latency
NoC 8x8 mesh, 512-bits/cycle/link

X-Y routing, 3 cycles/hop
12-channel DDR4-2400 CL17
64-entry localQ

10 cycle localQ access latency
32-entry loadQ

4-cycle loadQ wakeup latency

Main mem

Minnow Engine

Table 3. Configuration of baseline microarchitecture

Breadth-First Search (BFS, G500) traverses all nodes in
an unweighted graph from a source node in breadth-first
order. We implement non-blocking push-based BFS, and pri-
oritize work by ascending hop distance. We test BFS running
on arandom mesh network (BFS), and a Kronecker graph gen-
erated as specified by the Graph500 [37] benchmark (G500).

Connected Components (CC) finds all connected com-
ponents in an undirected graph using a standard non-blocking
minimum-label propagation algorithm [40]. Work is priori-
tized by ascending component ID.

PageRank (PR) estimates the relative importance of nodes
in a directed graph [42]. We implement a non-blocking, data-
driven, push-based algorithm presented in [58], with work
prioritized by descending node residual.

Triangle Counting (TC) counts the number of triangles,
sets of three mutually adjacent nodes, in a graph. We imple-
ment a node-iterator-hashed algorithm [48], which uses bi-
nary search to determine if two nodes share a common edge.
TC does not benefit from priority ordering or dynamically
generate new work, and its tasks do not require atomics.

Bipartite Coloring (BC) determines if nodes can be col-
ored with one of two colors such that no two adjacent nodes
share the same color. A non-blocking algorithm was imple-
mented in which each node propagates colors to its neigh-
bors. BC does not benefit from priority ordering.

6.2 Experimental Setup

Minnow was implemented within a modified version of ZSim,
a trace-driven, Pin-based microarchitectural simulator corre-
lated against Intel Westmere [45]. For our baseline shown in
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Table 3, we updated ZSim’s OOO core model to represent the
Intel Skylake microarchitecture, and improved overall model
accuracy. We added details such as cache port contention
and network contention, and addressed atomic instruction
model inaccuracy. The simulated system was scaled to 64
cores on a mesh network with similar parameters as Intel
Knights Landing, keeping a core to memory bandwidth ratio
similar to modern server designs.

We evaluated our design on the benchmarks and inputs
shown in Tables 1 and 2 implemented in Galois 2.2.1 [43],
selecting relatively realistic inputs sized such that each each
single-threaded baseline runs for billions of cycles. Input
graphs are stored in memory in standard CSR format, with
32B nodes (64B for TC) and 16B edges. Input sizes range
from 150MB to 1GB except for com-dblp-sym used in TC.
A small input had to be selected for TC due to execution
time, with the unfortunate side effect of fitting within LLC.
We extended Galois with a new worklist and graph class
that implements Minnow support. We also addressed several
Galois bottlenecks, which improved overall scalability in
both our modified Galois and our Galois software baseline.

6.2.1 Galois Framework Optimizations

The latest version of Galois (2.2.1) scales poorly at high
thread counts. While Galois framework performance is irrele-
vant to the design of Minnow and worklist-directed prefetch-
ing, improving Galois was required to get good scaling for
our results. We introduced the following optimizations to
Galois to address two key bottlenecks.

Firstly, OBIM was tuned for the authors’ specific host plat-
form which had a small number of cores per socket, resulting
in their per-socket scheduler scaling poorly at higher thread
counts. We overrode the Galois hardware topology detec-
tion mechanism into treating our simulated 64-core platform
as an 8-socket, 8-core platform, resulting in significantly
improved scalability when using OBIM.

Secondly, the Galois framework cannot properly load bal-
ance when some tasks are abnormally large since it cannot
break up tasks into smaller subtasks to be processed in paral-
lel. This is common in power-law graphs, where some nodes
have vastly more edges than average. For example, rmat16-
2e22 contains a node with 18.4M edges, 27% of all edges in
the graph. Therefore, under Amdahl’s Law, the maximum
speedup cannot exceed 3.65x.

We address this with task splitting, a technique to break up
large tasks over a defined threshold into smaller subtasks that
can be processed in parallel. Task splitting is applicable to
graph algorithms where edges can be processed in any order,
as long as edge updates are atomic. Tasks are augmented
with an edge start and end index representing the subset
of edges to process. Our implementation splits tasks when
adding tasks to the worklist when the number of outgoing
edges exceeds 10K. Task splitting overhead is negligible since
only the few largest nodes need to be split.
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6.3 Experimental Results

Figure 16 shows Minnow overall speedup compared to the
optimized Galois software baseline at 64-threads. Overall,
Minnow achieves major performance gains, with average
speedups of 2.96x for Minnow without prefetching and 6.01x
with both Minnow and worklist-directed prefetching enabled.
TC shows the least speedup since it is the least-bottlenecked
by the worklist and memory accesses. TC neither dynami-
cally produces new work nor benefits from priority order-
ing, resulting in minimal worklist overhead. As a result, TC
does not show much improvement when using Minnow
without prefetching. The graph input selected for TC fits
within the simulated CMP last-level cache, reducing but not
eliminating the memory latency bottleneck due to the long
L3 latency. With worklist-directed prefetching enabled, TC
shows an overall 1.53x speedup. Speedup gains for Minnow
with prefetching disabled do not perfectly correlate with the
worklist bottleneck shown in Figure 5 due to how worklist
overhead was measured. The measured worklist overhead
does not include portions of Galois worklist enqueue over-
head that are no longer called when using Minnow.
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6.3.1 Minnow Scalability

Figure 15 shows Galois speedup from 1 to 64 threads with
and without Minnow relative to an optimized serial soft-
ware baseline. To isolate the impact of worklist offloading,
Minnow was evaluated with worklist-directed prefetching
disabled. We found that Galois worklists were faster than
C++ STL queues and priority queues even for serial opera-
tion, so our serial baseline still uses Galois but has atomics
removed. After the optimizations applied in Section 6.2, the
Galois without Minnow scales well up to 32 threads on many
workloads with the exception of CC, but runs into signif-
icant bottlenecks at higher thread counts. CC is severely
worklist-bottlenecked, resulting in performance slowdowns
with more than 16 threads. Minnow improves scalability
for all workloads and enables CC to scale past 16 threads.
TC is the least worklist-bottlenecked and thus sees the least
improvement from worklist offload.

6.3.2 Worklist-Directed Prefetching Analysis

Figure 18 shows the impact of worklist-directed prefetching
on L2 misses per kilo-instruction (MPKI) as the number of
prefetch credits is swept from 1 to 256. With prefetching
disabled, all benchmarks except for TC have MPKI values
greater than 20, resulting in a significant performance bottle-
neck. MPKI rates decrease as the number of prefetch credits
increases since the prefetcher is allowed to run further ahead
of the execution stream. Prefetching too aggressively results
in L2 cache thrashing in several benchmarks, as shown by
an increase in MPKI. L2 miss rate is minimized between 32
and 128 credits, resulting in less than 1 MPKI for all bench-
marks except for SSSP. In SSSP, the prefetcher cannot run far
enough ahead of the execution stream to hide all L2 misses.

Figure 19 shows prefetching speedup at 64 threads rel-
ative to a design using Minnow with prefetching disabled.
All applications and inputs show speedup with prefetch-
ing, ranging from 1.39x for TC to 2.47x for BC. Prefetching
speedup is closely correlated with MPKI reduction. There are
diminishing gains around 32 to 64 credits, and G500 shows
significant performance degradation past its optimal credit
threshold. r16-2e22 is a scale-free graph, with some nodes
having millions of edges. At high credit counts, G500 runs
too far ahead, completely overflowing the cache hierarchy,
thus resulting in lower performance.
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6.3.3 IMP Comparison

Minnow worklist-directed prefetching is compared to a stan-
dard stride prefetcher and IMP [59], a state-of-the-art table-
based graph pointer prefetcher, in Figure 17. IMP extends
a classic stride based table to support indirect data struc-
tures by assuming some arrays in memory contain indices
to other tables, prefetching array-of-pointers with the form
A[B[i]]. The IMP configuration and table sizes as evaluated in
[59] were suboptimal for our workloads and microarchitec-
tural baseline. IMP was re-tuned to maximize performance,
quadrupling buffer sizes to eliminate prefetcher table capac-
ity misses and selecting the best prefetch distance (4) for
our workloads. While IMP performs well on several bench-
marks, it has no feedback mechanism like our credit system
to throttle prefetches and can only prefetch addresses once
the processor is already accessing the indirect index table,
resulting in similar performance as basic stride prefetching
with the exception of G500, PR, and TC.

IMP uses prefetch distance similar to stride prefetchers,
in which the prefetcher reacts to specific load instruction
addresses by prefetching the next data element by some off-
set. This offset results in the first few edges in a graph never
being prefetched. In the worst case, if the prefetched graph
node has equal to or fewer edges than the prefetch distance,
then every issued prefetch request will be incorrect since
the distance is larger than the size of the array. Mesh-type
graph inputs such as USA-road-d.W used in SSSP and r4-
2e23 used in BFS have low edge counts per node, resulting in
IMP being unable to prefetch these graphs. Worklist-directed
prefetching is proactive, comprehensively prefetching tasks
well before use rather than reacting on first use.
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The effect of prefetch aggressiveness on L2 caching behav-
ior is explored in Figure 20. Prefetch efficiency is defined as
ratio of the number of prefetched lines used before eviction
vs. the total number of prefetch fill requests. At low prefetch
credits, there are no cache contention issues and almost ev-
ery prefetched line brought into the L2 is used. As prefetch
credits increase, for G500, CC, PR, and BC, cache contention
increases and performance degrades. Setting the number
of initial prefetch credits to 32 results in near-maximum
performance and more than 99% prefetch efficiency for all
benchmarks and inputs evaluated. In contrast, while IMP is
extremely efficient for a traditional prefetcher, its efficiency is
significantly lower than worklist-directed prefetching using
the proposed credit-based scheme.

6.3.4 Scaling CMP Bandwidth

Figure 21 shows speedup relative to a 12 memory channel de-
sign with and without worklist-directed prefetching. When
prefetching is disabled, all benchmarks are significantly mem-
ory latency-bound, only resulting in significant performance
penalties after the number of memory channels is reduced to
4 for 64 cores. Since the graph input used for TC fits within
LLC, TC is insensitive to the number of memory channels
regardless of prefetching. With prefetching enabled, Minnow
can utilize the available memory bandwidth by sustaining
a large number of memory operations in flight, converting
several benchmarks (BFS, G500, BC) from being memory
latency-bound to bandwidth-bound. Minnow can potentially
enable general-purpose CMPs to close the gap with through-
put architectures on memory-bound workloads while still
providing good single-threaded performance.



Session 7A: Irregular Apps and Graphs

7 Related Work

Researchers have proposed hardware accelerated worklists
for both CPU [27] [46] [29] and GPU [24], and even hard-
ened graph processors [14], but they do not exploit priority
ordering. Minnow removes the centralized global structures
found in Carbon by moving them to software and leveraging
the existing cache hierarchy. Hardware worklists [27] [29]
[24] require considerable area for buffering work items and
have hard limits for storage. IsoNet [29] does not discuss this
issue and simply uses large-enough buffering for their test
cases. Carbon [27] throws exceptions to trigger handlers to
explicitly spill/fill from its task queues. HWWL [24] adds a
virtualization unit that spills/fills from a dedicated region
in GPU memory allocated during initialization. Minnow is
software-mostly like ADM, but removes the custom message-
passing protocol and executes manager threads on Minnow
engines instead of cores. By accessing its core’s cache hierar-
chy and TLB, Minnow engines allow the most flexibility in
worklist spills/fills. These modifications reduce complexity,
allow for partial priority scheduling, and improve general-
ity, while potentially enabling Minnow to accelerate shared
structures beyond worklists. Prior hardware worklists also
cannot support worklist-directed prefetching.

State-of-the-art streaming prefetchers [39] [18] maintain
large buffers for correlation prefetching. These schemes work
poorly for graph workloads [59]. Recent hardware prefetch
schemes provide large speedups if workloads match targeted
access patterns. Widx [26] accelerates hash and pointer tra-
verse operations. Tesseract [2] is a processor-in-memory for
graph workloads that augments its message passing protocol
with a prefetch target address and prefetch buffer. IMP [59]
prefetches array-of-pointers with the form A[B[i]]. [3] de-
scribes an L1 prefetcher for graphs and unordered worklists
with the form visited[edge[node[worklist[i]]]]. The assump-
tion of a worklist in linear virtual space and the visited bit
make a parallel partial priority worklist impractical. In con-
trast, Minnow has full control of the worklist, and therefore
can launch prefetches without monitoring address ranges.
Minnow is programmable, enabling full data structure and
access pattern flexibility for prefetching, and supports paral-
lel priority worklists. In addition, our credit-based prefetch
timeliness scheme results in consistently high prefetch uti-
lization at 98% with 32 credits for all workloads.

There exists a large body of work exploiting multiple
threads or cores to improve single-threaded performance.
Helper threads [6] [11] target single-threaded programs run-
ning on CMPs, utilizing otherwise-idle SMT threads [8] or
cores [21] [22] to run subroutines to prefetch to shared
cache. These may be generated by the user [8], compiler
[32], or dynamically at runtime [36]. However, previous
work only targeted single-threaded applications since helper
threads require idle hardware contexts, and has a high area
and power cost. Researchers have proposed using lower
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power cores through DVFS [23] [19] and smaller OOO cores
[56]. Decoupled access-execute [52] splits a single-threaded
program into compute and memory instruction streams
which communicate through shared FIFOs. Assisted exe-
cution [11] spawns nanothreads on cache misses to per-
form stride prefetching. SSMT [6] spawns microthreads for
prefetching and branch prediction. DDMT [44] forks pro-
gram subsets into separate threads and integrates results
back to the main thread. Slipstream processors [55] are paired
cores where a core executing on a program subset runs ahead
feeding results to a core executing a redundant stream. Runa-
head execution [38] [15] unblocks the pipeline to prefetch
further ahead of the execution stream during cache misses. In
contrast, worklist-directed prefetching exploits scheduling
information and user knowledge of graph access patterns.
Rather than executing on general purpose cores and compet-
ing with the main thread for resources, Minnow’s prefetch-
ing threads are run on specialized hardware optimized for
memory throughput. Minnow exploits the task-based pro-
gramming model to spawn prefetches much farther ahead
of the main thread, resulting in significant speedups.

8 Conclusion

We presented Minnow, which accelerates task-based par-
allel graph workloads by augmenting each core in a CMP
with a memory throughput-oriented Minnow engine. Min-
now engines reduce the synchronization bottleneck by of-
floading the software priority worklist, and reduce the mem-
ory latency bottleneck with worklist-directed prefetching,
launching helper threads in response to worklist scheduling
decisions. Minnow engines enable high memory through-
put at low area by spawning and executing many threadlets
in parallel, which explicitly encode memory dependency
information. By spawning helper threads at the earliest pos-
sible time with custom hardware designed for helper thread
throughput, our technique can prefetch far ahead, requiring
throttling. Minnow’s credit-based feedback system dynam-
ically returns credits as prefetched data is consumed. Our
results show that Minnow can greatly improve scalability
and eliminate almost all cache misses, resulting in an average
speedup of 6.01x over an optimized software baseline for
only 1% area overhead. We plan on extending Minnow to
accelerate other classes of irregular workloads in the future.
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