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Abstract

To support multimedia and deep learning applications running on containers within a
server, both processor cores and main memory space are critical resources for performance
tuning. With the growing memory demands of applications to maintain intermediate data,
installing additional dynamic random-access memory (DRAM) modules increases not
only hardware costs but also the static and dynamic energy consumption of a server. In
this study, both DRAM and non-volatile memory (NVM) are leveraged to provide short
access latency and large main memory capacity for a server running multiple containers
with diverse applications. Contention for memory space and processor cores among
containers is jointly modeled as part of the performance optimization problem for the
hybrid memory system of the server. Our memory and computing resource scheduling
algorithms are thus developed to judiciously balance the usage of cores and DRAM space
among tasks, while NVM is utilized to increase the degree of parallelism to reduce the
Makespan of task batches. Benchmark programs were used to generate the input task set,
and experimental results show that our solution outperforms others by achieving at least
an 18.34% reduction in Makespan when 100 distinct containerized tasks are executed on a
system with 512 gigabytes (GB) of NVM, 32 GB of DRAM, and eight cores.

Keywords: non-volatile memory; heterogeneous memory; containers; Makespan

1. Introduction
Virtual machines (VMs) offer a portable framework that allows users to install guest

operating systems and run their applications with customized configurations on cloud
servers. In VM-based environments, the presence of a hypervisor, such as VMware ESXi,
kernel-based virtual machine, or Microsoft Hyper-V, is essential for offering comprehensive
isolation, but it also consumes a relatively large amount of resources for the full system
simulation. To reduce the memory, storage, and computing overheads of entire guest
operating systems and the translation overheads of VMs [1], container technology pro-
poses application programming interface (API)-level simulation for running applications
requiring different APIs on different operating systems in separate packages. Unlike VMs,
containers execute applications directly on the host system without the need to install
separate guest operating systems or emulate entire hardware platforms [2]. Major cloud
service providers, e.g., Aliyun Container Service [3], Amazon EC2 Container Service [4],
and Azure Container Service [5], have adopted container technologies as a mainstream
solution for cloud application deployment. However, with the rising demand from deep
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learning and multimedia workloads, memory contention has emerged as a significant
challenge in cloud server management, especially as DRAM reaches its physical limits in
density scalability.

Resource management is a critical issue for ensuring the quality of each container
instance, as well as for improving performance and reducing energy consumption in
container servers. Further driven by the emergence of container-native orchestration
frameworks from open-source communities, such as Kubernetes [6], Mesos Marathon [7],
and Docker Swarm [8,9], various innovative scheduling algorithms have been proposed.
A real-time management scheme [10] was developed to monitor the workload of each
task. Based on the measured workloads, an optimization algorithm was proposed to
dynamically schedule tasks for improving the efficiency of resource utilization. When
multiple optimization factors have to be considered in cloud–edge environments for AI-
based Internet of Things applications, a solution [11] was proposed to determine task
priorities by considering both task urgency and resource requirements.

To optimize resource utilization and service quality for container-based workloads, a
priority-aware scheduling algorithm [12] was proposed, which analyzes workload charac-
teristics and behavioral patterns to enhance scheduling efficiency under the dynamic and
uncertain conditions of cloud environments. Spillner [13] investigated memory manage-
ment challenges in Function as a Service (FaaS) platforms. In such platforms, developers
are required to explicitly specify memory configurations, and static overprovisioning can
lead to considerable resource wastage. To address this, the study measured memory usage
and analyzed trace logs to enable dynamic memory allocation adjustments. When available
memory is insufficient to sustain the system, the Docker engine may terminate all contain-
ers, resulting in service interruption and significant performance degradation [14–16].

To address the demands of huge memory space, NVM, such as Intel Optane DC
persistent memory [17], has been considered as a candidate to replace or work with DRAM
for increasing the size of main memory with lower costs and static energy consumption.
However, the long write latency of NVM is a critical issue for system performance. In
heterogeneous memory systems combining NVM and DRAM, a runtime data manage-
ment solution [18] has been proposed to bridge the performance gap by considering the
bandwidth and latency sensitivity of different data objects. To utilize DRAM as a buffer
and cache for data stored in NVM [19], the proposed optimization algorithm achieves
up to 4 times higher read throughput and 2 times higher write throughput. Another ap-
proach is tiered memory-management systems [20]. By adapting to application-specific
memory usage patterns, asynchronous operations were used to reduce CPU overhead.
Klinkenberg et al. [21] investigated the challenges of managing data across heterogeneous
memory architectures that incorporate high-bandwidth memory and NVM, and proposed
a methodology enabling efficient data placement by allowing developers to specify data
access patterns.

Cloud platforms enforce stringent resource reservation to ensure that high-performance
memory is not utilized by non-priority tasks and to maintain the isolation of sensitive data.
Due to the different read/write performance of heterogeneous memory, the total execution
time of each container task can vary. In this work, we jointly consider the computing
and memory resource requirements of each container task and account for the different
execution times of each task when it runs on DRAM or NVM. With the objective to reduce
the Makespan of container task batches, our scheduling algorithms have to monitor the
computing and memory resource usage to balance the need for enough computing units
and ample memory space with good performance.
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2. Container Task Scheduling
We created the container-based heterogeneous resources scheduling (CHRS) algorithm

to jointly manage DRAM, NVM, and computing units for supporting the execution of
multiple containers. CHRS minimizes the Makespan of the container tasks’ execution. The
algorithm schedules tasks onto cores with the memory constraint and efficiently uses the
remaining regions during the scheduling process. It balances the usage of DRAM and
NVM with the scheduling results of tasks onto computing units.

2.1. System Model and Problem Definition

As multimedia and deep learning applications are prevalent on web platforms, the
importance of managing and allocating computing and memory resources is much more
pronounced. Node.js [22], with a single-thread model, is a JavaScript runtime on Chrome
specifically designed for fast, scalable network applications running on containers. Ad-
ditionally, the recent advance of Node.js applications in FaaS [23] further increases the
popularity of Node.js. However, all of the existing instances of container technology do not
provide a heterogeneous memory-management mechanism, even though operating sys-
tems allow each container task to run on DRAM or NVM with the support of non-uniform
memory access (NUMA) nodes.

In this study, each container task ti has the execution TP
i on NVM and the execution

time TD
i on DRAM. When a task starts its execution, it locks the required computing and

memory resources until it is completed to ensure stable performance and container-level
isolation, and if it runs on DRAM, it consumes Mi memory space of DRAM. In a system, the
DRAM size is denoted as D, the size of NVM is assumed to be large enough to accommodate
all concurrent tasks, and the number of computing units (cores) is C. The algorithm
partitions container tasks onto DRAM and NVM, schedules tasks without exceeding the
size of DRAM or the number of computing units, and minimizes the Makespan of the tasks’
execution for performance optimization.

2.2. Level-Approach Task Scheduling with Memory and Computing Resource Constraints

Algorithm 1 schedules container tasks onto computing units and allocates DRAM to
support the task execution. First, Step 1 (resp. 2) sorts the input task set in a non-increasing
order of their execution time on DRAM (resp. required DRAM space), and the algorithm
selects tasks for scheduling by the two different indexing approaches in different situations.
In our scheduling concept and following examples in Figure 1, the y-axis is for denoting
the time, and multiple adjacent (in terms of time) levels are used for the task scheduling,
in which a level has a floor (time) and a ceiling (time), and tasks scheduled into the level
should not exceed the floor or ceiling. Therefore, Step 3 initializes the floor at time 0, and
Steps 5 to 7 create a new level and set the ceiling and floor for the new level if it is needed.

If Dr
D ≤ Cr

C , the remaining computing units in the current level are relatively plentiful.
Therefore, the algorithm selects the first task ti which is feasible to be scheduled at the
current level from NH in Steps 8 and 9. If Dr

D > Cr
C , the remaining DRAM space is relatively

abundant. Thus, the algorithm selects the first task ti which is feasible to be scheduled in the
current level from NW to consume more DRAM space at the current level in Steps 10 and 11.
If the task ti is found, it is scheduled into the current level, and the algorithm goes to Step 8
for finding the next-to-be-scheduled task. Otherwise, the algorithm goes to Step 5 to create
a new level until all tasks are scheduled. During the scheduling process of Algorithm 1,
there could be some remaining regions (denoted as Q), as illustrated in Figure 1a. Thus,
Step 16 calls Algorithm 2 to further use the remaining DRAM and computing units in
Region Q.
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Algorithm 1: Level-Approach Task Scheduling onto Computing Units with DRAM
Allocation
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Figure 1. (a) Illustration of Region Q; (b) illustration of Region R.

2.3. Recursive Strategy for Using Remaining Regions of Computing and Memory Resources

Algorithm 2 develops a recursive strategy to use the remaining DRAM and computing
units of Regions Q and R, which are illustrated in Figure 1. In Algorithm 1, a Region Q is
created because a scheduled task occupies some DRAM space of the current level and is
completed before the ceiling (time) of this level, as shown in Figure 1a. Therefore, the idea
of Algorithm 2 is to find some other tasks to use the DRAM and computing resources of
the scheduled task after the scheduled task is completed until the ceiling of this level. Thus,
from Step 2 to Step 5, Algorithm 2 tries to find feasible tasks and stack them into the region.
However, the task stacking process of Algorithm 2 recursively creates some other remaining
regions denoted as Region R, as shown in Figure 1b. If we schedule a new task into Region
R, the new task will consume one more computing unit in the current level, which is
different from the situation of Region Q. Thus, in Algorithm 2, if we want to recursively
call Algorithm 2 for using the resources of a Region R (in Step 8), we have to pass the test
in Step 7 that ensures that the remaining computing units are relatively plentiful.

2.4. Overall Scheme for Managing DRAM, NVM, and Computing Units

Algorithm 3 calls Algorithm 1 for the task scheduling with DRAM and uses a best-fit
fashion for the task scheduling on NVM. Steps 2 and 3 initially assign all tasks to run on
DRAM and derive the Makespan. All tasks are then sorted in a non-decreasing order of
DRAM affinity to obtain D, where the DRAM affinity γi of a task ti is defined as follows:

γi =
TP

i −TD
i

Mi
. A task with a larger DRAM affinity is preferred to run on DRAM because of

its smaller memory consumption and/or high performance improvement when it is moved
from NVM to DRAM. The remaining part of Algorithm 3 iteratively attempts to move each
task to NVM and updates the Makespan whenever the scheduling result changes.
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Algorithm 3: Container-based Heterogeneous Rsources Scheduling (CHRS)
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3. Performance Evaluation
3.1. Environment Setup and System Configuration

In the experiments, we referred to the system summarized in Table 1 for hardware
resource constraints and for generating the execution time and memory consumption on
DRAM and NVM.

Table 1. System used for the experiment.

Item Specification

Operating system Red Hat Enterprise Linux 9.0
Kernel version 5.14.0-70.30.1.el9_0.x86_64

Container Podman 4.1.1
Processor Intel Xeon Gold 6240 CPU @ 2.60GHz

Memory 32 GB DDR4 DRAM
512 GB Intel Optane DC persistent memory

In the Dell server running Red Hat Enterprise Linux (RHEL) 9.0 with Intel DC per-
sistent memory (as the NVM instance in our experiments), we limited the DRAM usage
and NVM usage to no more than 32 GB and 512 GB, respectively. A group of benchmark
suites, including Phoronix Test Suite, Iozone, sysbench, and STREAM, was tested. For
measuring the performance gap of a task running on NVM and DRAM, we defined the
performance ratio of a task as the execution time on NVM divided by the execution time
on DRAM. In all of our tests, the minimum performance ratio is 1.01, which was measured
from sysbench, and the maximum performance ratio is 26.87, which was measured from
STREAM. In the tests, sysbench executed a CPU-bound program with minimal memory
accesses, whereas STREAM ran a program characterized by intensive memory accesses.
When we had to generate synthetic tasks, 1.01 (resp. 26.87) was then used as the lower
bound (resp. upper bound) of the performance ratio of each task, and the upper bound and
lower bound of the execution time on DRAM were set to 16.00 s and 0.01, respectively. For
each experiment, 100 tests were conducted, and the averages were reported as the results.
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3.2. Evaluated Solutions

Since there is no existing algorithm that can manage the heterogeneous memory, in-
cluding NVM and DRAM, in the container environment for task scheduling, to make the
comparison for the performance evaluation, classical algorithms for the 2D strip packing
problem were ameliorated to account for the constraints of the studied problem. Further-
more, two random approaches were included to illustrate the baseline performance with
and without the level concept during the scheduling process. For all solutions, the task
scheduling on NVM is managed by Algorithm 3, where we assume that the NVM is always
large enough to accommodate all concurrent tasks. All of the evaluated solutions are listed
as follows.

• CHRS: This is the proposed solution of this paper, where Algorithm 3 balances the
loading on heterogeneous memory and uses Algorithms 1 and 2 for the task scheduling
on DRAM for the overall Makespan reduction.

• First-fit decreasing height (FFDH): This solution sorts all tasks in a non-increasing
order of their heights (the execution time with DRAM) and schedules tasks one by one.
We modified the original FFDH to account for both the DRAM size and the number of
cores. It schedules a task to a level in a first-fit fashion. If there is no feasible level to
accommodate a new task, a new level is created for the task.

• Best-fit decreasing height (BFDH): The behavior of BFDH is similar to FFDH. The
difference is that BFDH selects the level with the minimum remaining DRAM space
from all feasible levels for accommodating a new task.

• Fixed-level random: This solution randomly selects a task and tries all levels one by
one to schedule the task into a level with enough remaining DRAM space and cores to
accommodate the task, and where the height of the task is not greater than the height
of the level. If there is no feasible level, a new level is created to accommodate the task,
and the height of the level is equal to the height of the task.

• Flexible-level random: This solution is similar to fixed-level random. The difference is
that this solution can assign a task to an existing level even though the task is higher
than the level. In this case, the ceiling of the level is extended to the height of the task.

3.3. Results

In the first experiment, different numbers of tasks were tested to evaluate the perfor-
mance of all solutions with different total workloads (Figure 2a). The number of cores and
the DRAM size were fixed at eight cores and 32 gigabytes, respectively, and the number of
tasks was increased from 10 to 100 by a step of 10.

When the number of tasks is no less than 20, CHRS outperforms all of the other
solutions. When the number of tasks is 10, the performances of FFDH and BFDH are
slightly better than that of CHRS. With only 10 tasks, the memory contention issue is not
quite significant, and thus, FFDH and BFDH, by reducing the height of each level of the
2D strip packing, reduce the Makespan (in this case, only two levels were used in the task
scheduling). For the tests with 20 tasks (resp. 100 tasks), CHRS outperforms FFDH and
BFDH by 9.95% (resp. 18.34%) of the Makespan reduction.

In the second experiment (Figure 2b), the number of tasks was fixed at 100, and the
number of cores was varied from 1 to 15. The result shows the sensitivity of our solution to
the number of cores. Again, when the number of cores is less than four, FFDH and BFDH
are slightly better than CHRS, but when the number of cores is no less than four, CHRS can
consistently outperform all of the other solutions. When the number of cores is more than
four, the performance gap between CHRS and the other solutions is no less than 7.38%.
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Figure 2. (a) Evaluation of all solutions with different numbers of tasks; (b) evaluation of all solutions
with different numbers of cores.

4. Conclusions
To meet the demand for large memory space with limited hardware cost and energy

consumption on container servers, NVM is used to work with DRAM as the main memory.
This method is promising in serving applications with huge memory footprints. However,
there is no existing container implementation supporting heterogeneous memory manage-
ment with DRAM and NVM. This paper includes the level concept for task scheduling,
and the three algorithms are developed to schedule tasks into levels with memory and
computing resource constraints, efficiently use the regions’ remaining resources, and bal-
ance the workloads on DRAM and NVM. By measuring the performance and memory
consumption of benchmark programs on our server with Intel Optane DC persistent mem-
ory, synthetic tasks were generated to evaluate the capability of our solution with different
computing workloads, hardware resources, and application memory requirements. Experi-
mental results show that the developed method indeed outperforms the other solutions
when both memory and computing resource contentions are significant in a system. The
popular Node.js single-thread model runs on container environments with DRAM and
NVM. The multiple-thread models of other container-based application environments are
also promising.
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