
Scalpel: High Performance Contention-Aware
Task Co-Scheduling for Shared Cache Hierarchy

Song Liu , Jie Ma , Zengyuan Zhang , Xinhe Wan , Bo Zhao , and Weiguo Wu

Abstract—For scientific computing applications that consist of
many loosely coupled tasks, efficient scheduling is critical to achieve
high performance and good quality of service (QoS). One of the
challenges for co-running tasks is the frequent contention for
shared cache hierarchy of multi-core processors. Such contention
significantly increases cache miss rate and therefore, results in
performance deterioration for computational tasks. This paper
presents Scalpel, a contention-aware task grouping and co-scheduling
approach for efficient task scheduling on shared cache hierarchy.
Scalpel utilizes the shared cache access features of tasks to group
them in a heuristic way, which reduces the contention within groups
by achieving equal shared cache locality, while maintaining load bal-
ancing between groups. Based thereon, it proposes a two-level sched-
uling strategy to schedule groups to processors and assign tasks to
available cores in a timely manner, while considering the impact of
task scheduling on shared cache locality to minimize task execution
time. Experiments show that Scalpel reduces the shared cache miss
rate by up to 2.143 and optimizes the execution time by up to 1.533
for scientific computing benchmarks, compared to several baseline
approaches.

Index Terms—Task co-scheduling, shared cache contention,
high computing resource utilization, performance optimization.

I. INTRODUCTION

THEMany-Task Computing (MTC) paradigm [1] is usually
used in scientific computing to decouple a complex prob-

lem into many sub-problems for computation. In MTC, a large-
scale loosely coupled application consists of many tasks, and it
has achieved remarkable results in various scientific fields, such
as quantum circuit [2], molecular dynamics [3], and nuclear
physics simulation [4]. These tasks are generally compute-
intensive and have different resource occupation within their
execution time. An efficient task scheduling approach is there-
fore critical for the execution performance and quality of service

(QoS) of scientific computing applications, including high proc-
essing throughput and low latency.

Existing scheduling approaches mainly concentrate on the
scaling-out performance through distributing tasks to computing
nodes for efficient execution, and maintain load-fairness [5], [6]
and superior energy efficiency [7], [8]. However, as the multi-
core processors are equipped with increasing number of cores,
the contention for the shared resources by co-running tasks (or
co-runners), especially the shared cache hierarchy, becomes the
main challenge of task scheduling. Tasks’ competition for the
shared last level cache (LLC) raises the cache miss ratio and
therefore, incurs expensive off-chip memory accesses, resulting
in performance deterioration and energy consumption increase.

There are generally two kinds of approaches to mitigate
shared cache contention, i.e., cache partitioning and cache-
aware scheduling. The cache partitioning techniques [9], [10]
isolate shared caches for exclusive use by tasks based on their
caching requirements. But they are costly and require additional
hardware components [11], or software control (e.g., page-
coloring [12], partitioning-aware compiler [13]) to support
implementation. On the other hand, the cache-aware scheduling
approaches provide a more easily implemented and straightfor-
ward way. They improve the cache utilization through optimiza-
tions such as task resource consumption model [14], cache
behavior estimation [15], and scheduling parameter analysis and
tuning [16], thus alleviating cache contention to some extent.
However, these approaches do not directly delve into and solve
the shared cache contention problem, so there is still much room
for competing tasks to improve the performance.

In this paper, we work on solving the problem of contention for
shared cache hierarchy to improve the execution performance of
many-task applications. Due to the variance in competition
between tasks, the contention for shared cache varies signifi-
cantly with different co-runners, and thus leads to distinct exe-
cution performance. Such contention affects both the individual
and total execution time of tasks. Therefore, an effective task
scheduling strategy allows to keep tasks shared-cache-friendly dur-
ing their co-running andminimize the contention for a better execu-
tion performance. Intuitively, the brute-force algorithm may be a
solution. But it is infeasible in practice due to the explosive
searching overhead when the number of tasks is large.

This paper proposes Scalpel, a novel contention-aware task
co-scheduling approach for shared cache hierarchy. It focuses
on mitigating shared contention between co-running tasks and
improving the execution performance. Scalpel achieves the goal
by task grouping and task scheduling. The task grouping identifies
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appropriate groups of tasks to alleviate the contention between
tasks within a group, and the task scheduling determines the sched-
ules of task groups and tasks in each group to available processors
and cores, maximizing computing resource utilization. It also
keeps load balancing during tasks’ execution. The main contribu-
tions of this work are as follows.
� We propose a shared cache-aware task grouping method to

mitigate cache contention. It leverages the footprint to
accurately capture the locality of co-running tasks for
shared cache and groups tasks in a heuristic way to achieve
equalized locality, while maintaining load balancing among
task groups. This grouping method allows the co-running
tasks in each group to mitigate shared cache contention and
benefit from the locality of shared cache for execution.

� We propose a two-level task scheduling strategy to
improve the execution performance of the grouped tasks.
The first level of scheduling determines the execution order
of groups on processors, and the second level assigns
appropriate in-group tasks to available cores timely, thus
avoiding idle computing cores and fully utilizing comput-
ing resources. It also considers the contention when tasks
from different groups are reassociated during scheduling
and reduces its impact on execution performance.

� We evaluate the proposed task co-scheduling approach
over different types and numbers of scientific computing
tasks on multiprocessors. The proposed approach has
been verified to reduce the LLC miss rate by up to 2.14�
and improve the execution performance by up to 1.53�,
compared to five alternative task scheduling approaches.

The rest of this paper is organized as follows. Section II dis-
cusses related work and investigates the problems that is not
well considered in previous work. Section III gives an overview
of our approach and the problem statements. Section IV describes
the task grouping method. Section V presents the task scheduling
strategy. Section VI shows the experiments and evaluation
results. Section VII concludes this paper and points out the
indications for future work.

II. RELATED WORK

Resource contention on multi-core architectures has always
been a concern, such as shared cache contention [18], [19],
memory controller contention [20], data bus contention [20],
and network contention [22]. The cores of multiprocessors on a
chip share the LLC, and with that comes contention for the
shared cache. The shared cache contention can lead to poor exe-
cution performance of applications. Existing approaches to tasks
scheduling for large scale computing platforms mainly focus on
improving the performance or the quality of service at the inter-
node level [6], [8]. In this work, we aim at solving the perfor-
mance degradation of parallel execution of tasks caused by
shared cache contention on the intra-node multiprocessor to fur-
ther improve the execution performance.

Cache partitioning is an effective solution to alleviate the
shared cache contention by dividing shared cache into different
partitions, so that parallel tasks can access different partitions
exclusively and thus avoid inter-core interference. According to

the partitioning unit, the partitioning can be divided into set-
based partitioning [23], associativity-based partitioning [24],
and block-based partitioning [25]. The implementations of
cache partitioning generally need special hardware [26], [27],
[28] or extra software support [12], [29]. The software-based
cache partitioning (e.g., page coloring methods [29]) generally
has poor scalability and high overhead. Besides, the implementa-
tions require modifications to operating systems. The hardware-
supporting partition methods are more efficient. The cache allo-
cation technology (CAT) [28] proposed by the Intel enables
programmers to control shared cache through software means.
CAT is employed in [27] to partition cache to avoid cache con-
flicts as much as possible. Selfa et al. [24], [30] allocated a cache
partition for each application in the unit of cache way (a collec-
tion of cache lines), and dynamically adjusted the partition size at
run time based on a hardware method. El-Sayed et al. [31] pro-
posed KPart which uses hierarchical clustering to group applica-
tions into clusters according to cache miss curves. But KPart
suffers from the overhead of detailed profiling. Pons et al. [32]
proposed CPA to improve the turnaround time by adjusting the
allocated cache ways, but it requires extensive experiments to
obtain the thresholds for application classification. Saez et al.
[33] proposed LFOCþ to classify applications into three classes
according to different cache behaviors and assign with different
cache ways. However, it focuses on the fairness of cache cluster-
ing policy. On the other hand, the scheduling of recurrent tasks in
the real-time system [34], [35], [36], [37] also utilizes cache par-
titioning to address the problem of WCET prediction caused by
the inter-core interference. However, this is different from the
application scenario of this paper, i.e., to reduce the impact of
shared cache contention on the makespan of co-running tasks
without deadline requirements. These cache-aware partitioned
scheduling methods are effective in avoiding shared cache con-
tention by physically isolating tasks, but can lead to cache utiliza-
tion problems.

Research shows that the degree of contention for shared
caches mainly depends on the thread combination in collabora-
tive scheduling [38]. Therefore, an effective scheduling strategy
can alleviate the shared cache contention and improve the run-
time performance of concurrent programs. Some studies try to
use heuristic methods [39], [40] or graph modelling [41] to
obtain task scheduling strategy. In [38], an improved particle
swarm optimization algorithm was proposed for heterogeneous
multiprocessors. Sheikh et al. [40] modeled the cache conten-
tion between tasks as a dependency graph for the minimum
energy consumption scheduling algorithm. Besides, many studies
designed scheduling strategies by analyzing different characteris-
tics of programs, such as fair progress [42], cache conflicts [43],
and data locality of tasks [44], [45]. It has been proven that cache
contention is more likely to occur between warps with high
data locality [44], and thus Li et al. [45] grouped the cooperative
tasks with k-means clustering for scheduling. Zhang et al. [46]
improved the utilization of shared cache through co-scheduling
after transforming programs to be more compatible with multicore
processor architecture. But it is only applied to the multithreaded
programs and the situation will become very complicated when
the number of cores is large. Such methods are applied to thread-
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level tasks with data sharing, which are usually spawned by the
process of program or subroutine. For MTC applications, loosely-
coupled tasks or subroutines are distributed to processors for exe-
cution as processes. Existing methods are not suitable for this
scenario.

To the best of our knowledge, a few methods of process-level
task scheduling are suitable for our target scenario, but they also
have different problems. In the real-time systems, many studies
[34], [35] consider the shared cache contention for process-level
task scheduling. But they focus on the WCET prediction of
tasks. For many computing scenarios [4], [47], there is a cons-
tant quest for the optimal execution performance of tasks. Zhur-
avlev et al. [48] proposed a coarse-grained task scheduling for
independent process-level tasks. They evaluated the effects of
various competing resources on the performance of shared
cache, and used the cache miss rate of single task to form task
groups for mitigating the resource contention. However, their
approach assumes the same number of tasks and cores, and it
does not provide in detail that how to apply the proposed sched-
uling to the case when the number of tasks does not match the
number of cores. Xiao et al. [39] used non-cooperative game
theory to construct a task scheduling model. It considered each
independent task as a participant of the game, and obtained the
cooperative scheduling strategy by solving the Nash equilib-
rium. This scheduling approach focuses only on minimal shared
cache contention between task groups and does not consider
computing core utilization during tasks’ execution, thus leading
to low resource utilization and poor execution performance.

Since the scheduling approach does not require additional
hardware support with good practicality and scalability, this
work tries to solve the shared cache contention problem by task
scheduling. Our approach not only can effectively reduce cache
contention for computational tasks, but also makes full use of
available computing cores to improve the execution perfor-
mance of co-running tasks.

III. OVERVIEW OF THE PROPOSED APPROACH

First, we present an overview of the proposed approach, as
shown in Fig. 1. Scalpel can be divided into two phases, namely
static procedure and dynamic procedure. Notice that the SMP
architecture in Fig. 1 is just an example. There is no restriction
on the number of processors and cores when applying Scalpel.
Table I defines the notations commonly used in this paper.

Task grouping is first performed in a static procedure. The
task analysis can obtain the information of each task, including
the memory access trace and the execution time. Then, tasks are
grouped according to shared cache locality quantification which
is estimated using the obtained information of tasks as well as
the hardware information, such as P, C, and LLCSize. The
grouping method focuses on mitigating the shared cache conten-
tion within each group and keeping load balance of task groups.
Based thereon, the efficient task grouping can be formulated as
solving Problem 1.

Problem 1 (efficient task grouping). Given a task set of T
tasks, TaskSet¼ {Task1, Task2, … , TaskT}, to co-run on a SMP
computing node of <P, C> multi-core processors, the problem

of task grouping is to find the mapping f: TaskSet !TGroup
[1: G] according to (1).

object : min
f

DðLocTGroup1,LocTGroup2, � � � ,LocTGroupGÞ
subject to :

T ¼
XG

i¼1
Mi

min
f

DðM1,M2, � � � ,MGÞ
max

f
ðMi ¼ CÞ

8
>>>>>><

>>>>>>:

(1)

The goal is to minimize the variance between LocTGroupi
under the constraints of load balance of groups and as many Mi

as possible equal to C, making full use of computing cores for
better execution time. After the static procedure, a sequence of
sorted task groups is generated for the task scheduling. We pro-
pose a two-level task scheduling strategy that dynamically
schedules groups to processors and timely distributes tasks to
available cores. The problem of the scheduling strategy is to
provide an efficient mapping between groups and processors
and prioritize task execution, improving the utilization of com-
puting cores and reducing the impact of inter-core interference
between groups when scheduling tasks from different groups to
run on the same processor.

Fig. 1. Overview of Scalpel.

TABLE I
NOTATIONS

Notations Explanation

T # of tasks
P # of processors in a computing node
C # of cores on a processor, sharing an LLC
LLCSize Capacity of LLC
G Number of task groups
TGroup[i] The i-th task group, i ¼ 1, 2, … , G
LocTGroupi Shared cache locality of TGroup[i]
Mi ¼ jTGroup[i]j Number of tasks in TGroup[i], Mi 2 [1, C]
D() Standard deviation function
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IV. SHARED CACHE CONTENTION-AWARE TASK GROUPING

A. Profile of Shared Cache Locality

The contention between tasks for shared cache cannot be
directly quantified. But according to the principle of locality, the
cache locality of tasks can be used to reflect the contention for
LLC. There are various locality metrics, such as miss ratio,
inter-miss time, volume fill time, reuse distance, memory foot-
print, and etc. Each of these metrics is useful in different profil-
ing of a program accesses to construct the cache miss rate curve
[49]. Memory footprint describes the distinct data amount of a
program accesses in a given length of window. It shows the
memory occupation and is hardware independent. When a group
of tasks are concurrently executing, the total accessed data amount
is the sum of the memory footprint of each task running individu-
ally if there is no data sharing. For MTC applications, the parallel
running tasks are generally independent. This feature of compos-
ability of memory footprint [50] can be used to profile shared
cache locality. We estimate the shared cache locality of co-running
tasks by using memory footprint. In fact, the mapping of tasks in
LLC also has an impact on cache miss rate. But it needs detailed
profiling of cache behavior to design sophisticated cache bank
mapping policies [51], which usually requires extra hardware over-
head and increases execution time overhead. In our method, we do
not consider the impact of cache mapping for practicality.

According to the definition of memory footprint [50], its cal-
culation is based on a time window. Given a task Ti with a
length-n data access trace, its average footprint fp(Ti) is the aver-
age footprint size in all windows of length l, given by Equation
(2). The fpw is the footprint of each window w, and n－l＋1 is
the total number of length-l windows in the length-n trace. For
example, there are 3 windows of length 2 for a task trace of
“baab”, i.e., “ba”, “aa”, and “ab”. The footprint size of each
window is 2, 1, and 2, respectively. And the average footprint of
this trace is fp(2)¼ (2þ 1þ 2)/3¼ 5/3.

fpðTiÞ ¼ fpðlÞ ¼
X

all w of length l
fpw

n� lþ 1
(2)

Since the proposed task grouping method focuses on LLC,
we use the equational cache space, i.e., the LLC capacity
divided by C, as the window length l. The l is the window size
in terms of data and is defined by Equation (3). The function
sizeof(DataType) calculates the byte size of data. Combining
Equation (2) and (3), we can calculate the cache locality of sin-
gle task with its access trace.

l ¼ LLCSize
sizeof ðDataTypeÞ � C

(3)

Due to the composability, the footprint of a group of tasks,
i.e., the amount of data accessed by co-running tasks in LLC, is
the sum of the footprint of each task. For a task group
TGroup[i], the combined footprint is defined by Equation (4),
which is defined as LocTGroupi.

LocTGroupi ¼ fpðTGroup½i�Þ ¼
XMi

m¼1
fpðTmÞ (4)

In this work, the access trace of task is obtained by the pin tool
[52], which involves a preliminary run of task. Since the comput-
ing kernel of a compute-intensive task is generally the nested-
loop structure with regular access pattern, we sample a small por-
tion of access trace over several continuous loop iterations to
estimate the cache locality and the execution time of task by scal-
ing up the sampling results. Although this sampling and estima-
tion method only get the approximate footprint and execution
time of tasks, these approximate values are sufficient for our task
grouping and task scheduling methods. This is because they will
be used to sort all tasks and guide our methods to group and
schedule tasks according to the order (see following sections).
As a result, it does not have extremely strict requirements for
numerical accuracy. More importantly, it can greatly reduce the
pre-run overhead of tasks. And the calculation of footprint based
the sampled trace is done off-line, and thus it almost has no effect
on the following task grouping.

B. Basic Grouping Process

We design a heuristic-based method to achieve task grouping.
Its primary principle is to combine tasks with higher footprints
and tasks with lower footprints into approximately equal groups
to balance shared cache locality. We first substantialize the
straightforward and effective method by illustrating an example
of a basic case that the number of tasks equals the number of
cores in a computing node.

Basic case. Given a set of T tasks {Task1, Task2, … , TaskT},
and all tasks are sorted in descending order by footprint. Here
T ¼ P � C and G ¼ P. We separately put the top G tasks of the
task set into TGroups[1:G] in the same order. Then, we sepa-
rately put the last G tasks into task groups in an inverted order.
We can get that TGroups[1]¼{Task1, TaskT}, TGroups[2] ¼
{Task2, TaskT-1}, … , TGroups[G]¼{TaskG, TaskT-G-1}. Next,
we calculate the shared cache locality of each group according
to Equation (4) and re-sort the task groups in descending order
by LocTGroup[i]. In the same manner, we repeat the processes
of re-grouping, shared cache locality calculation, and re-sorting
groups until the task set is empty.

This basic grouping procedure can be described as a basic
function grouping_procedure(), and it is used to implement the
general task grouping algorithm.

C. Task Grouping Algorithm

Based on the grouping procedure, our method can be extended
to a more general case that there is no limit to T.

General case. When T < P � C, we bring in (P � C－T)
empty tasks to perform the function grouping_ procedure(), and
the footprint of each empty task is set to 0. Once the task group-
ing is done, all empty tasks are removed to get the final task
groups. If T � P, we just let each single task run on a processor
without performing the grouping procedure.

When T> P� C, the grouping procedure is somewhat differ-
ent from that of the basic case. Here G > P and Mi�C. If T is a
multiple of P � C, then G ¼ T/C, and we can directly perform
the grouping_ procedure() function to obtain the task groups.
However, this case is not common. We need to perform another
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grouping procedure based on the basic one. First, we divide the
initial task set into two parts, the last k¼bT/(P � C)c�(P � C)
tasks in the sorted task set form one part, while the remaining
top (T－ k) tasks form the other part. For the larger part of k
tasks, we use the grouping_procedure() function to group the
tasks, here G¼bT/(P � C)c�P. For the smaller part of tasks, the
number of tasks is less than the number of cores, we add (P �
C－ (T－k)) empty tasks to perform the grouping_procedure()
function. At last, we combine the groups generated from the two
parts together and remove all empty tasks to get final task
groups.

The implementation of the task grouping method is described
in Algorithm 1. Since the footprint of individual task is calculated

beforehand, the cost of Equation (4) is trivial when calculating
the LocTGroup[i] of re-combined groups. The computational
complexity of the task grouping algorithm is O(nlog2n), where n
is the number of tasks.

To meet the constraints of minimizing D(M) and offering as
many Mi as possible equal to C in Problem 1, the partition of
task sequence at the “k point” makes a trade-off between load
balance and cores’ utilization. For example, on the SMP node in
Fig. 1, 13 tasks can be divided into groups of {4 tasks}, {3
tasks}, {3 tasks}, and {3 tasks} for the best load balance, i.e.,
minimum D(M), while the groups of {4 tasks}, {4 tasks}, {4
tasks}, and {1 task} achieve the maximum Mi ¼ 4. Our group-
ing method generates groups of {4 tasks}, {4 tasks}, {3 tasks},
and {2 tasks}, which best meet the requirements of Problem 1.
Additionally, within each group, co-running tasks are relatively
friendly for shared cache to alleviate the contention and there-
fore, are able to benefifit from shared cache locality.

V. TWO-LEVEL TASK SCHEDULING STRATEGY

A. First Level Scheduling of Groups

Task scheduling is the key to benefit from the grouping
method and further improve the execution performance. Since
tasks within a group cannot be completed simultaneously, wait-
ing tasks need to be assigned to available cores as soon as possi-
ble to ensure high computing throughput that no resources are
wasted. Thus, there will be a reassociation of tasks from two dif-
ferent groups during the scheduling process. It needs to carefully
consider the effect of task reassociation on the shared cache
locality. We propose a two-level task scheduling strategy based
on the classic longest processing time (LPT) rule [53].

The first level scheduling strategy determines the execution
order of groups to preserve shared cache locality and load bal-
ancing. A group which contains C tasks is considered a full
group, otherwise a partial group. Full groups are scheduled with
priority over partial groups, while the LPT groups have higher
scheduling priority in each type of groups. To preserve the
shared cache locality of task grouping, tasks of each group are
mapped to the cores of same processor for execution.

There are two reasons supporting the scheduling strategy of
groups. First, full groups first scheduled can preserve the shared
cache locality of task groups. If a partial group is first assigned
to a processor, some cores are idle. According to the principle of
making full use of computing cores, the scheduling strategy will
assign tasks to the same processor immediately. By this point,
the shared cache locality of the partial group is broken and the
efforts of task grouping fail. Although it is unavoidable to reasso-
ciate tasks in the subsequent scheduling, the impact can be as less
as possible by our second level scheduling strategy (described in
Section V-B).

Secondly, giving the LPT groups priority to schedule is in the
favor of a shorter execution time. The LPT rule has been derived
as an approximate optimal solution for task scheduling on multi-
machine [53]. It can make the last task finish earlier. As shown
in Fig. 2, four task groups are going to run on two identical pro-
cessors. The blank strips represent task groups, and the length of
the blank strip represents the execution time of the task group.

Algorithm 1 Task grouping

Input: Task1, Task2, … , TaskT
fp1, fp2, … , fpT /*footprints of tasks*/
P, C /*# of processors and # of cores in a processor*/

Output: TGroup[1:G] /*task groups*/
1: Initialization of TGroup[1:G];
2: Sorting all tasks in descending order by the footprints to
generate a task set: Task1, Task2, … , TaskT;

3: if T � P then /*when # of tasks is less than or equals #
of processors*/

4: G¼ T;
5: for i¼ 1 :G do
6: TGroup[i] Taski;
7: end for
8: end if
9: if P < T � P � C then /*when # of tasks is less than or
equals # of cores*/

10:G¼ P;
11: Adding (P� C－T) empty tasks at the end of the task set

and set the footprint of each empty task to 0;
12: grouping_procedure (Task1, Task2, … , TaskP�C);
13: end if
14: if T> P� C then /*when # of tasks is greater than # of

cores*/
15: k¼ floor(T/(P� C))�(P� C);
16: Dividing the task set into two parts:

P1¼ {Task1, … , TaskT－k}, P2¼ {TaskT－kþ1, … , TaskT};
/*grouping tasks in P1 */

17:G1¼ P; /*# of task groups of P1 */
18: Adding (P� C－(T－k)) empty tasks at the end of P1 set

and set the footprint of each empty task to 0;
19: TGroup1[1 :G1]¼grouping_procedure (P1);

/*grouping tasks in P2*/
20: G2¼ floor(T/(P� C))�P; /*# of task groups of P2 */
21: TGroup2[1:G2]¼grouping_procedure (P2);

//combining two parts of grouped tasks
22: G¼ G1þ G2; /*# of all task groups*/
23: TGroup[1:G] TGroup1þ TGroup2;
24: end if
25: Removing all empty tasks and getting the final TGroup[1:G];
26: return TGroup[1:G];
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The small shaded strips represent the process of scheduling.
Assume that same task groups run for same time and the schedul-
ing time is the same. The LPT-based scheduling, shown on the
upside of the red dotted line in Fig. 2, completes the execution of
all groups at t1, while an opposite shortest processing time (SPT)-
based scheduling strategy finishes the same task groups at t2,
shown on the downside of the red dotted line. When there are
more groups, the difference between t1 and t2 is larger, and the
advantages of our strategy are also more significant.

The execution time of task groups is not known before real
execution. But the execution time of tasks is estimated in
advance according to the pre-run. In fact, due to the contention,
the execution time of a task becomes longer when it co-runs
with other tasks compared to the execution time of its single
run. However, it is not important to get the accurate execution
time, what matters for our scheduling strategy is the order of the
length of the task execution time. To avoid extra overhead for
another run of task groups, we made a trade-off that uses the
longest execution time of single task in a group as the group
execution time and uses the single run time of the task as its
co-running time.

B. Second Level Scheduling of Task

The second level scheduling strategy identifies which task in
a waiting group should be first assigned to available cores dur-
ing the scheduling process. This strategy aims to make better
use of computing cores, while minimizing the impact of task
reassociation.

This scheduling strategy gives priority to the LPT task in a
group. It can manage computing cores more reasonable, thus
shortening the execution time. The reason is similar to the sec-
ond argument supported for the first level scheduling strategy.
For example, two same groups of 8 tasks are separately running
on two identical quad-core processors, as shown in Fig. 3.
Assume that same task runs for same time. As a result, our
scheduling strategy completes all tasks at t2 on Processor 1,
while the opposite SPT-based scheduling strategy finishes same
tasks at t3 on Processor 2.

The second level scheduling strategy also makes a trade-off
between computing throughput and performance fluctuation
caused by task reassociation. As shown in Fig. 3, during the
time slot from t1 to t10, Task8, Task7 and Task6 will gradually
regroup with Task2, Task3 and Task4. To preserve the shared
cache locality and reduce the impact of reassociating new tasks,
the time slot of task reassociation should be as short as possible,

while the time slot of concurrent task execution in the original
group should be as long as possible. The time slot from t10 to t20,
i.e., concurrent task execution in original group with LPT-based
strategy, is longer than the time slot from t10 to t30 with SPT-
based strategy. Meanwhile, the time slot from t20 to t2, i.e., sub-
sequent task reassociation with LPT-based strategy, is shorter
than the time slot from t30 to t3 with SPT-based strategy.

Besides, the time slot of task reassociation is relatively short
compared with that of concurrent task execution in original
group. In fact, through extensive experimental observation and
verification, we found that making full use of computing cores
with task reassociation yields greater performance gains than
only maintaining shared cache locality of task groups without
task reassociation.

C. Implementation of Task Scheduling Strategy

Assume that all P processors are available at the beginning
and task groups TGroup[1:G] are ready. We need to set P empty
buffers, TBuffer[1:P], to store the mapping tasks for each pro-
cessor. First, the top P task groups, TGroup[1:P], are separately
assigned to each processor at random. Tasks of each group are
bound to cores of a processor to simultaneously run. Once a
computing core has finished its current task, the buffer of related
processor will be checked. If the buffer is empty, the first group
in the waiting group set will be stored in the buffer and the first
task of this group will be assigned to the core for execution. Oth-
erwise, the first task in the buffer is assigned to the core. The
process is repeated until there are no tasks in the group set or
buffers. The detailed implementation of the task scheduling
strategy is described in Algorithm 2. The computational com-
plexity of the task scheduling algorithm is the maximum of
O(nmlog2m) and O(nlog2n), where n is the number of groups
andm is the number of tasks in a group.

D. Discussion

Scalpel targets compute-intensive tasks of MTC applications.
Theoretically, it can also be applied to other loosely coupled
applications composed of many tasks.

The proposed approach uses off-line analysis to calculate the
locality and the execution time by a pre-run of tasks. The used
sampling and estimation method is effective for compute-
intensive tasks with regular access pattern, specifically for the

Fig. 3. Execution time of different scheduling strategies for tasks.

Fig. 2. Execution time of different scheduling strategies for groups.
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computing kernel of loop structures. For some scientific com-
puting applications and specific computing systems [54], the
types of subroutines and tasks are relatively fixed, and the pre-
run of tasks can be done once and for all. For some scenarios,
tasks are not compute-intensive and have irregular access pat-
tern. The used off-line analysis method may be no more suit-
able. To apply Scalpel for such scenarios and make it more
automated, the pre-run analysis method can be substituted by
on-line analysis and random sampling and prediction methods.

To clarify the core idea of Scalpel, we assume that tasks have
same execution priority in this paper. In practice, tasks of differ-
ent applications, and even tasks of the same application, may
have different priorities due to dependency or completion time
constraints, such as for real-time systems. For such scenarios,
this approach can be applied separately to tasks with the same
priority or similar completion time constraints, and prioritizes
higher priority tasks or completion time-critical tasks for sched-
uling. By drawing on the essence of our approach to reduce

shared cache contention, we believe that such applications can
further improve the performance on computing nodes and
ensure the real-time requirements for tasks.

Besides, to verify the effectiveness of Scalpel, we only target
the scenario of static tasks in this paper. However, this approach
can also be applied to the scenario that new tasks are constantly
arriving at computing nodes. The grouping method and further
scheduling strategy for the new arriving tasks are basically the
same. But under this circumstance, we should lay emphasis on
when to group new tasks, whether the waiting tasks should be
re-grouped with new tasks, or which waiting tasks should be re-
grouped.

All these concerns can help Scalpel expanding application sce-
narios and enhancing the practicability, but they go beyond the
scope of this work and will be investigated in our future work.

VI. EXPERIMENTAL RESULTS

In this section, we design various sets of experiments to eval-
uate Scalpel. Since our work lays emphasis on fine-grained task
scheduling on the computing nodes, we assume a good inter-
node level scheduling approach has distributed the tasks of
applications to the computing nodes. We focus on evaluating
the scheduling of tasks which are mapped to a node for concur-
rent execution.

A. Experiment Settings

All experiments were performed on an Intel Xeon server. The
server has two Intel Xeon E5620 processors at 2.40 GHz. Each
processor integrates 4 cores and has a three-level cache hierar-
chy that each core has a 64KB private L1 cache and a 256KB
private L2 data cache, and four cores share a 12MB L3 data
cache. The operating system is CentOS 7.6.1810.

We selected 23 benchmarks from Polybench [17]. The bench-
marks are kernels extracted from computational operations in
various domains, such as linear algebraic calculation, image
processing, physical simulation, dynamic programming, and sta-
tistical information. These kernels, as compute-intensive tasks,
are widely used in scientific computing applications. We chose
different problem sizes for the benchmarks to make them run
under 100 seconds. Table II shows the benchmarks and their
individual execution time and calculated footprints.

To evaluate Scalpel, we use the FIFO (First-In, First-Out) and
RR (Round Robin) scheduling policies [55] which are provided
by Linux scheduler, two state-of-the-art cache-aware task sched-
uling algorithms called DI (Distributed Intensity) [48] and IA
(Iteration Algorithm) [39], and a cache partitioned scheduling
algorithm SF3-4K [30] to carry out comparison experiments.

The FIFO scheduling policy assigns a core to the task at the
top of run queue list for execution if no other higher-priority
task is runnable, even if other same-priority tasks are runnable.
The RR scheduling policy assigns a core to the task for execution
until running out of time slices, then the scheduler will reallocate
time slices and put it at the end of execution queue list. The RR
policy ensures a fair assignment of CPU time to all processes that
have same priority. The DI algorithm targets process-level tasks
that have same priority and no shared data. It tries to reduce

Algorithm 2 Two-level task scheduling

Input: TGroup[1:G] /*task groups*/
P /*# of processors*/

Output: task scheduling scheme
1: if G� P then /*special case that # of groups is not greater

than # of processors*/
2: Assigning TGroup[1:G] to processors separately for execu-

tion; /*no scheduling*/
3: else
4: for each task group TGroup[1:G] do
5: Sorting tasks in descending order by the execution time;
6: Setting the execution time of longest running task as the

execution time of the group;
7: end for
8: Sorting task groups in descending order by the execution time
of groups while following the full groups priority to get the
ordered task group set TGroup’[1:G];

9: Initialization of TBuffer[1:P]; /*setting P empty task buffers
for processors*/

10: Assigning TGroup’[1:P] to P processors separately for
execution;

11:while(TGroup’[1:G] or TBuffer[1:P] is not empty) do
12: if Corei is available then
13: Checking that Corei is located in Processorj;
14: if TBuffer[j] is empty then
15: Assigning the first task in the first group of TGroup’[1:G]

toCorei for execution;
16: Storing the rest tasks in the same group into TBuffer[j]

in the same order;
17: end if
18: else /*there are tasks in the buffer*/
19: Assigning the first task in TBuffer[j] to Corei

for execution;
20: end if
21: end while
22: end if

684 IEEE TRANSACTIONS ON COMPUTERS, VOL. 74, NO. 2, FEBRUARY 2025

Authorized licensed use limited to: AALTO UNIVERSITY. Downloaded on December 18,2025 at 13:45:37 UTC from IEEE Xplore.  Restrictions apply. 



shared cache miss rate by forming tasks with high cache miss rate
and tasks with low cache miss rate into task groups to ensure
cache miss is evenly distributed among groups. The IA uses the
non-cooperative game theory to present a fairness-aware task
co-scheduling algorithm for reducing shared cache contention. It
obtains the best scheduling scheme by solving the Nash equilib-
rium. While the SF3-4K employs the cache partitioning technol-
ogy to address the shared cache contention. It first groups tasks
with similar amount of core stalls due to LLC accesses into clus-
ters. And then, each cluster will be allocated a number of ways
using a linear mathematic model. These algorithms have been
proved to be very effective in solving the problem of performance
degradation caused by shared cache contention.

In the experiments, to exclude the effect of intra-core interfer-
ence, we set CPU affinity to ensure that each task monopolizes a
computing core during its execution.

B. Overall Performance

First, we evaluate the overall performance of Scalpel. Differ-
ent types and numbers of tasks are selected from Table II to ver-
ify the performance. Tasks of different sets were randomly
picked from the benchmark suit for fairness. We use the execu-
tion time and L3 cache miss rate to evaluate the performance of
co-running tasks. Execution time is the duration between the
start of execution and the completion of the last task in a set of
co-running tasks. It includes the overhead of scheduling. The L3
cache miss rate is obtained by the Linux performance profiling
tool perf to reflect the intensity of shared cache contention
between co-running tasks. We also provide the L3 cache MPKI
rate to evaluate the shared cache contention. The cost of sched-
uling is trivial compared to the total execution time.

Fig. 4 shows the performance results delivered by FIFO, RR,
and Scalpel on different sets of co-running tasks. The captions

with “fifo”, “rr”, and “groupingþlonger_first” refer to FIFO,
RR, and Scalpel, respectively. When the number of tasks is
greater than 9, the competition among tasks is increasingly
fierce and the L3 cache miss rates under all scheduling
approaches are steeply raising. In these cases, Scalpel still offers
a significant performance improvement. For example, the exe-
cution time is 156.31 seconds when applying Scalpel, while
FIFO and RR take about 1.38� (215.30 seconds) and 1.53�
(239.01 seconds) longer, respectively, for the set of 23 tasks.
And Scalpel reaches a L3 cache miss rate at 37.80% for the
same set, which is better than FIFO and RR by about 2.14�
(80.95%) and 1.40� (52.88%), respectively. Scalpel improves
the execution time of co-running tasks respectively by 25.86%
and 24.97% on average over FIFO and RR scheduling methods
for all test sets. And the average L3 cache miss rate has fallen by
over 20%, e.g., from 54.26% with FIFO, and 51.32% with RR,
to 30.87% with Scalpel. The performance improvement of Scal-
pel is attributed to the decline in shared cache miss rate and the
full use of computing cores. We will specifically verify the con-
tributions of grouping method and scheduling strategy on per-
formance improvement in Section VI-C and VI-D.

Since it is infeasible to carry out all possible experiments on a
given number of tasks, we used different tasks to conduct sev-
eral experiments. Although the experimental results are little dif-
ferent, the overall performance has shown the same trend as in
Fig. 4 that Scalpel offers distinct advantages on both execution
time and L3 cache miss rate. Due to the length limitation, we do
not present the specific results here.

We compared Scalpel with other two state-of-the-art cache-
aware task scheduling algorithms DI [48] and IA [39]. For the
8-core experiment node, we respectively selected 8, 11, 15 and 16
tasks from Table II to evaluate the performance of these methods.
For the given number of tasks, we randomly selected different
sets of tasks. Table III shows the comparison results. Since the DI
is limited to that the number of tasks equals the number of cores,
we only carried out the evaluation of DI with 8 tasks.

For the sets of 8 tasks, three methods show very close results.
The DI reaches the highest L3 cache miss rate and a slightly
worse execution time than Scalpel in the experiments. The idea
behind DI is similar to ours that divides tasks into equalized
groups in terms of shared cache locality. However, Scalpel uses
the footprint of each task rather than the cache miss rate
(employed by the DI) to evaluate the shared cache locality.
Footprint has been proven to accurately quantify the locality of
concurrent tasks, while shared cache miss rate cannot be directly
combined by the individuals as the competition between tasks
may impact cache behavior. In addition, DI does not provide a

TABLE II
BENCHMARKS AND INDIVIDUAL RUNNING PARAMETERS

Benchmarks
Execution
Time (s) Footprints

adi 41.47 423390.47
apop 39.34 2757.30
corcol 37.05 298517.59
covcol 62.61 299600.31
doitgen 43.53 253464.25
dsyr2k 35.65 418249.56
dsyrk 26.07 512879.16
fdtd-1d 58.09 41532.93
fdtd-2d 47.64 524701.13
trisolv 92.66 228854.97
game-of-life 27.75 187982.25
heat-1d 22.06 14075.23
heat-2d 42.06 114258.60
matmul 26.26 350203.13
tmm 66.44 524286.97
strsm 31.24 159474.95
ssymm 55.59 521052.78
floyd- warshall 62.90 317657.13
jacobi-2d 48.51 530276.44
nussinov 22.10 317490.28
seidel-2d 35.99 530390.13
2mm 46.02 315584.22
3mm 30.36 315604.09

Fig. 4. Performance Results of Scalpel Compared with FIFO and RR.
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grouping strategy for any number of tasks, nor does it provide a
scheduling strategy of co-running tasks.

For all sets of tasks, the IA delivers the best L3 cache miss rate.
Because it uses the non-cooperative game to model the competi-
tion relationship between tasks, and each task decides to update its
current strategy for a higher utility in an iterative process. The
well-designed algorithm is proved to reach the Nash equilibrium

after a certain number of iterations and achieves the goal of fairly
scheduling threads and minimizing the total misses of shared
cache. Whereas, Scalpel is much more straightforward, and it
divides tasks into groups in a heuristic way according to an
approximate estimation of shared cache locality. But the L3 cache
miss rated achieved by Scalpel is very close to that of IA. More
importantly, Scalpel shows an apparent advantage in the execution

TABLE III
PERFORMANCE COMPARED WITH TWO SHARED CACHE-AWARE TASK SCHEDULING METHODS

# of tasks Methods Grouping Schemes
Execution
Time (s)

L3 Cache
miss Rate
(%)

8
DI [48] {dsyrk, covcol, corcol, fdtd-1d}, {dsyr2k, adi, apop, doitgen} 65.49 8.20
IA [39] {dsyr2k, adi, doitgen, fdtd-1d}, {dsyrk, covcol, apop, corcol} 65.13 7.95
Scalpel {covcol, doitgen, apop, dsyrk}, {fdtd-1d, adi, corcol, dsyr2k} 64.72 8.03

8
DI [48] {dsyr2k, adi, heat-2d, game-of-life}, {trisolv, dsyrk, covcol, heat-1d} 93.99 54.65
IA [39] {dsyr2k, adi, trisolv, covcol, heat-1d}, {dsyrk, heat-2d, game-of-life} 95.89 51.09
Scalpel {dsyr2k, trisolv, heat-2d, heat-1d}, {adi, dsyrk, game-of-life, covcol} 93.62 51.52

11

DI [48] — — —

IA [39]
{fdtd-2d, adi, covcol, corcol, apop}, {dsyr2k, trisolv, heat-1d, doitgen},
{game-of-life, fdtd-1d}

151.89 26.93

Scalpel
{trisolv, covcol, apop, game-of-life}, {fdtd-1d, doitgen, corcol, heat-1d},
{adi, dsyr2k}, {fdtd-2d}

97.52 28.49

11

DI [48] — — —

IA [39]
{tmm, fdtd-2d, heat-2d, covcol, apop}, {strsm, dsyr2k, trisolv, dsyrk},
{adi, corcol}

140.31 49.47

Scalpel
{trisolv, covcol, adi, apop}, {heat-2d, corcol, dsyr2k, dsyrk}
{fdtd-2d, strsm}, {matmul}

112.43 50.76

11

DI [48] — — —

IA [39]
{matmul, dsyrk, heat-2d}, {tmm, strsm, dsyr2k, covcol}, {fdtd-2d, adi,
trisolv, game-of-life}

143.45 63.51

Scalpel
{covcol, fdtd-2d, adi, dsyrk}, {trisolv, heat-2d, dsyr2k, game-of-life},
{tmm, strsm}, {matmul}

101.28 66.01

11

DI [48] — — —

IA [39]
{strsm, dsyr2k, dsyrk, covcol, heat-1d}, {fdtd-2d, adi, heat-2d, game-of-
life}, {trisolv, apop}

143.70 48.87

Scalpel
{trisolv, covcol, dsyrk, heat-1d}, {heat-2d, adi, apop, game-of-life}, {fdtd-
2d, dsyr2k}, {strsm}

100.24 51.39

11

DI [48] — — —

IA [39]
{matmul, fdtd-2d, game-of-life, heat-1d, apop}, {tmm, dsyr2k, dsyrk,
heat-2d}, {trisolv, corcol}

166.39 56.80

Scalpel
{trisolv, apop, dsyrk, heat-1d}, {heat-2d, corcol, dsyr2k, game-of-life},
{tmm, fdtd-2d}, {matmul}

100.86 60.05

15

DI [48] — — —

IA [39]
{matmul, fdtd-2d, heat-2d}, {adi, jacobi-2d, seidel-2d}, {tmm, dsyrk,
heat-1d, 3mm}, {dsyr2k, trisolv, apop, corcol, doitgen}

145.18 44.07

Scalpel
{jacobi-2d, heat-2d, corcol, 3mm}, {doitgen, apop, seidel-2d, heat-1d},
{trisolv, tmm, dsyr2k, dsyrk}, {fdtd-2d, adi, matmul}

122.85 45.40

15

DI [48] — — —

IA [39]
{matmul, strsm, dsyrk}, {dsyr2k, heat-2d, jacobi-2d}, {2mm, trisolv,
seidel-2d, covcol}, {fdtd-2d, adi, game-of-life, heat-1d, apop}

147.19 67.20

Scalpel
{covcol, heat-2d, seidel-2d, heat-1d}, {jacobi-2d, apop, game-of-life,
dsyrk}, {trisolv, tmm, fdtd-2d, adi}, {dsyr2k, strsm, matmul}

125.52 69.20

16

DI [48] — — —

IA [39]
{matmul, strsm, dsyrk}, {dsyr2k, heat-2d, game-of-life}, {tmm, trisolv,
covcol, apop, fdtd-1d}, {fdtd-2d, adi, heat-1d, corcol, doitgen}

146.33 41.13

Scalpel
{tmm, covcol, doitgen, dsyr2k}, {trisolv, heat-2d, corcol, strsm}, {fdtd-1d,
adi, matmul, heat-1d}, {fdtd-2d, apop, game-of-life, dsyr2k}

103.38 42.07

16

DI [48] — — —

IA [39]
{matmul, strsm, dsyrk}, {dsyr2k, heat-2d, jacobi-2d}, {tmm, trisolv,
seidel-2d, covcol, 3mm}, {fdtd-2d, adi, game-of-life, heat-1d, apop}

160.36 66.73

Scalpel
{trisolv, tmm, jacobi-2d, apop}, {covcol, fdtd-2d, seidel-2d, dsyr2k},
{heat-2d, adi, strsm, heat-1d}, {3mm, game-of-life, matmul, dsyrk}

109.30 68.00
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time, particularly, for the sets of 11, 15, and 16 tasks. To run these
sets of tasks, Scalpel is faster than the IA by over 27% on average.
This is because the IA only concerns how to select the most bal-
anced groups of tasks, while Scalpel also considers the load bal-
ancing and computing cores’ utilization. Moreover, the IA does
not allow tasks in different groups to run on the same processor
simultaneously to broke the Nash equilibrium of the scheduled
tasks with respect to the shared cache contention. And thus, it will
lead to a huge waste of computing cores that tasks must wait for
the current executing group to complete, and many available cores
have to be idle.

When we broke the rule of IA algorithm that allows tasks from
different IA groups to run on the same processor simultaneously, it
leads to more conflicts on shared cache. For example, we used a set
of 15 tasks in Table III to conduct experiment, IA increases the L3
cache miss rate by 7.55%, but shortens the execution time that it is
close to ours. On the contrary, Scalpel distributes appropriate tasks
on cores timely, while reducing the interference between tasks from
different groups. Therefore, Scalpel achieves a better performance
on execution time. This result also confirms that the impact of task
reassociation on shared cache locality can be covered by the perfor-
mance improvement brought by full utilization of computing cores.

To further substantiate the effect of Scalpel on mitigating
shared cache contention, we evaluated the L3 cache MPKI rates
of Scalpel, IA, FIFO, and RR using the sets of 15 and 16 tasks
from Table III. Table IV shows the comparison results. Scalpel
achieves the lowest MPKI rate compared to other methods. We
can find that IA yields the second best MPKI rate. Although IA
obtains the best L3 cache miss rate in Table III, the MPKI per-
formance demonstrates that Scalpel can best minimize the L3
cache contention between co-running tasks.

We also carried out comparison with a cache partitioned schedul-
ing algorithm SF3-4F [30]. Fig. 5 shows the comparison results of

Scalpel and SF3-4F. In terms of L3 cache miss rate, two algorithms
deliver comparative results, i.e., SF3-4F shows an average L3 cache
miss rate of 20.53% across all the experiment sets, and Scalpel
achieves 22.66%. According to [30], SF3-4F can achieve state-of-
the-art system fairness of cache contention without harming perfor-
mance, the comparison results demonstrate the effectiveness of
Scalpel on minimizing shared cache contention between co-running
tasks. Moreover, Scalpel outperforms SF3-4F across the board in
terms of task execution time. The average execution time of all task
sets achieved by Scalpel is 102.83 seconds, compared to 175.49 sec-
onds for SF3-4F, showing an improvement of 41.40%.

Scalpel has also been evaluated on other benchmark suits,
including SPEC2017 [56], NAS Parallel Benchmark [57], and
SPLASH2 [58], which includes compute-intensive kernels,
memory-intensive kernels, and mixed kernels. Since memory-
intensive kernels primarily compete for I/O bandwidth, Scapel’s
performance on them is not as significant as on compute-
intensive kernels. However, our method consistently exhibits
better performance than the compared methods across these
benchmark suites.

C. Evaluation of Task Grouping

Scalpel consists of two important components, i.e., the shared
cache contention-aware task grouping and the LPT-based two-level
task scheduling. We separately evaluated the contribution of each
component to the performance gains. The importance of the group-
ingmethod and its contribution to performance arefirst verified.

We designed three sets of experiments to show the effect of
task grouping. In the first set of experiments, the task grouping
is disabled and only the scheduling strategy is retained that the
LPT tasks are given priority to scheduling on available cores.
And this redesigned method, denoted by “longer_first”, was
evaluated over different numbers of tasks, comparing with Scal-
pel, i.e., “groupingþlonger_first”. Fig. 6 shows the evaluation
results. The L3 cache miss rate is obviously raised when the task
grouping is turned off and the execution time of tasks increased
for all tested cases. This is because the pure LPT-based schedul-
ing method is with no regard for the shared cache contention
between co-running tasks, which has an important impact on the
performance. When disabling the task grouping, there is an aver-
age performance loss of 14.79% on execution time, and the L3
cache miss rate has been averagely raised by 78.05%.

In the other two sets of experiments, we evaluated the effec-
tiveness of the task grouping in a more direct way. We applied

TABLE IV
PERFORMANCE COMPARISON ON L3 CACHE MPKI RATE

# of tasks Methods MPKI Rate

15

FIFO 0.356
RR 0.324
IA 0.315
Scapel 0.274

16

FIFO 0.289
RR 0.313
IA 0.281
Scapel 0.252

Fig. 5. Performance results of Scalpel compared with SF3-4F.

Fig. 6. Performance results when task grouping is disabled.
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the grouping method to the FIFO and RR scheduling that the
task grouping is first performed and then corresponding schedul-
ing strategies are used on the grouped tasks. The reimplemented
FIFO and RR scheduling methods, respectively denoted by
“groupingþfifo” and “groupingþrr”, were compared with the
original FIFO and RR scheduling. The test results are shown in
Fig. 7. The execution performance of both FIFO and RR sched-
uling is significantly improved. When the number of co-running
tasks is greater than the number of cores, the contention for L3
cache resources is becoming more intense among competing
tasks. And the positive effects of the task grouping are more out-
standing. When applying the task grouping to FIFO, the average
performance improvements of execution time and L3 cache
miss rate are 21.93% and 76.05%, respectively. And for the RR,
corresponding performance improvements achieve 18.27% and
66.57% on average. The experiment results have effectively sub-
stantiated the contributions of the task grouping method and its
necessity to achieve a better performance of co-running tasks.

Furthermore, to verify how far is the task grouping from the
optimum grouping of tasks, we also carried out another set of
experiments. The brute-force enumeration approach was used
to obtain the optimum combination. Due to costly time over-
head, we only picked 8 tasks to execute totally 70 different com-
binations of tasks on the experiment node. The best
combination of tasks ran 68.38 seconds with a L3 cache miss
rate of 91.36%. And our grouping method reached a total execu-
tion time of 69.63 seconds and a L3 cache miss rate of 91.77%,
which runs the tenth position in the best execution time of all
combinations. However, it is very close to the performance of
the optimal one. Besides, the time cost of our method is negligi-
ble compared to the time-consuming brute-force enumeration.
Our method is more practical while the brute-force approach is
infeasible when the number of tasks is large.

D. Evaluation of Two-Level Task Scheduling

We evaluated the contributions of the LPT-based two-level task
scheduling strategy to performance improvement. The procedure
of task grouping is retained and the scheduling strategy is altered
to carry out the evaluation experiments. We chose the FIFO and
RR scheduling as alternatives, denoted by “groupingþfifo/rr”, and
we compared these two methods with Scalpel.

Fig. 8 shows the comparison results. Since all methods
employed task grouping to mitigate shared cache contention,
experiment results show almost the same L3 cache miss rate
that the line charts of three methods are basically overlapped.
But there are still differences in the execution time. Compared
with FIFO, our LPT-based scheduling shortens the execution
time by about 1 second to 23 seconds for all test cases, achieving
an almost 10% performance improvement on average. Com-
pared with RR, the execution time is averagely shortened by
over 11%. The results have demonstrated that the proposed
scheduling strategy can make full use of computing cores and
further increase execution performance.

VII. CONCLUSION

In this work, we propose Scalpel, a high-performance shared
cache contention-aware task co-scheduling approach, to reduce
the inter-core interference and improve the execution performance
of co-running tasks on computing nodes for scientific computing
applications. We use the footprint of individual tasks to quantify
the shared cache locality of co-running tasks. And based on this,
tasks are divided into groups with equalized shared cache locality
in a heuristic way to mitigate the contention for shared cache
between competing tasks and ensure load balancing. Then, we
propose a two-level scheduling strategy based on the LPT rule to
schedule groups and tasks on processors and cores, respectively,
so as to further improve the execution performance by making full

Fig. 7. Performance results when applying task grouping to FIFO and RR. Fig. 8. Performance comparison results for evaluating the task scheduling strategy.
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use of computing cores. Experimental results demonstrate that
Scalpel achieves a shorter execution time and a lower cache miss
rate for different types and numbers of tasks, compared with five
alternatives on multiprocessor node.

In the future work, we intend to employ online sampling-based
locality analysis to enhance the automated capability of Scalpel,
which also facilitates incorporating it into the operating system
scheduler. Using the powerful artificial intelligence technique for
task scheduling is another potential direction for future research.
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