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Renowned for their lightweight and portability, containers are increasingly deployed in edge computing to
deliver low-latency and privacy-preserving computing services for industrial real-time systems. While layer
reuse can potentially improve the execution efficiency of container-dependent tasks, the existing work suffers
from two issues: (1) inefficient disk space utilization, which compromises image pull efficiency and reuse
utility, and (2) inadequate consideration of resource capacity, leading to practical limitations. This article
addresses the container-dependent task scheduling problem in edge computing-assisted industrial real-time
systems by introducing a novel Layer Reuse-based Collaborative Scheduling (LRCS) framework. First, to
ensure practical applicability, we comprehensively consider resource capacities and the cost terms of the
task completion time. Second, a framework that collaborates scheduling and execution nodes in a weakly
coupled manner is proposed. At the execution nodes, LRCS maximizes disk utilization by evicting layers only
when disk space is insufficient. The eviction is modeled as a 0-1 knapsack problem, where dynamic layer
value assessment enhances the reuse rate. At the scheduling node, LRCS formulates container-dependent task
scheduling as a multidimensional online bin-packing problem. A value-based learning algorithm optimizes
long-term processing efficiency by adjusting the scheduling order of online tasks. Experimental validation on a
testbed using real device data and comparisons with state-of-the-art layer reuse-based algorithms demonstrate
that the proposed algorithm outperforms all baselines.

CCS Concepts: • Computer systems organization → Real-time system architecture; • Theory of
computation→Models of computation; • Computing methodologies→ Distributed algorithms;
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1 Introduction
With the rapid development of IoT and automation technologies, the data generated by industrial
real-time systems has surged. This has led to higher demands for processing efficiency and data
security, rendering traditional centralized computing paradigms inadequate. Edge computing, which
processes and stores data closer to the edge of the network, seamlessly integrates with industrial
real-time systems [1]. It not only leverages the vast array of devices in industrial environments but
also offers significant advantages in low latency [2] and privacy protection [3]. Edge computing
has been deeply merging with industrial real-time systems in terms of machinery health [4], rapid
decision-making [5], real-time interactions [6], and product quality [7].
Container technology has been widely adopted in edge computing to shield edge devices from

hardware and software heterogeneity [8–11]. Benefiting from its lightweight, isolation, and porta-
bility, containers enable edge devices to serve as a unified infrastructure, delivering flexible con-
tainerized services for various tasks. As a result, the execution efficiency of container becomes
crucial to ensuring the quality of service for the container-dependent task. The execution efficiency
of container is mainly affected by startup time and running time, where the optimization of startup
time has been neglected by many studies [12, 13]. However, the startup latency has a considerable
impact on the completion time of the container-dependent task. Fuerst et al. [14] compared the
startup time and running time of containers for multiple types of applications, and the startup time
can be up to 80% of the run time. Therefore, optimization of container startup delay is necessary in
edge computing-assisted industrial real-time systems.
To shrink container startup time, some work focused on reusing container instances in edge

clusters. Xu et al. [15] and Chen et al. [16] avoided the cold-start process by selecting nodes where
instances have already been deployed. To further enhance the utility of instance reuse, some work
has delved into memory-efficient container retention strategy [17, 18]. Nevertheless, due to the
diversity of industrial tasks, container retention may have very limited effect in industrial real-time
systems. Nodes in these systems, i.e., embedded devices and host computers, do not have comparable
memory capacity to servers. So, a cluster only has a restricted number of instances cached because
the main overhead of instances is memory. Even if the cached instances have great hit rates, there
are still a large number of containers requiring a cold start. In fact, they ignored that the main time
overhead during container startup is the image pull process. Harter et al. [19] found that the image
pull time occupies 76% of the container startup time in a benchmark test including 57 commonly
used containers. This drives us to optimize the execution efficiency of container-dependent tasks
by focusing on the image pull time.
Containerization technology represented by Docker applies a layered structure when building

images. The union mount file system, e.g., AUFS, overlay2, enables different container to share the
same layer, which is extremely beneficial for storage and transmission. Specifically, when a node
needs to start a container, it can reuse the layers that already exist locally and just pull the missing
layers. Funari et.al [20] compares various container scheduling policies, i.e., random, image locality,
and layer locality, among which layer locality has the most reuse data volume. However, layer
reuse is still ignored by many work, even if they take the image pull time into account [17, 21, 22].
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Fig. 1. Workflow and image structure of the industrial applications.

It is promising to optimize the startup delay through layer reuse in industrial real-time systems.
Industrial task workflows often exhibit varying degrees of similarity, leading to substantial data
duplication at the image layer granularity. To further reveal the potential of layer reuse, we analyze
the relationship between the workflow and image structure of the industrial applications. As
shown in Figure 1, G1 and G2 are industrial vision applications for defect detection and workpiece
localization, respectively. Due to the similarity of the application types, they may share the same
system dependencies and libraries, which results in an identical base image. Furthermore, subtasks
in the workflow are sequentially added to the base image as upper layers. Consistent subtask
sequences produce identical upper layers, which can be reused during container startup. Industrial
applications with similar workflows are common in practice [23–25]. Building on this relationship
between application similarity and image structure, some approaches have even reduced network
and storage overhead by deliberately increasing the number of identical layers [26].
Despite the great potential of layer reuse on optimizing the efficiency of container-dependent

tasks in industrial real-time systems, existing work suffers from two problems. First, not maximizing
the utilization of disk space in exchange for image pulling time due to inadequate usage of disk
and historical images. Second, oversimplification of resource capacity leads to practice difficulties
in industrial real-time systems. Some work allocates a portion of the disk space as a registry,
which does not maximize the utilization of the disk and brings additional overhead when registry
adjustment occurs [27–29]. While the others limit the reuse scope in the running container. Once
the container instance is destroyed, its image is also erased, resulting in significant data waste
that could be reused by subsequent tasks [20, 30, 31]. In contrast, few works expand the reuse
scope by leveraging layers from tasks previously dispatched, which have the potential to maximize
disk utilization. Nevertheless, existing work has yet to realize it [17, 32]. In addition, most of
the works mentioned above primarily focus on the resource overhead of images on disk, while
other resource constraints are often oversimplified. However, during the container runtime stage,
container instances and computations are also constrained by memory and CPU capacity [21]. This
simplification limits the practical applicability of these approaches.
To address these issues, two key challenges need to be tackled. The first is maximizing disk

utilization while ensuring that the disk requirements of images are met. This necessitates a feasible
disk management mechanism. Besides, since the tasks arriving on the nodes in the future are
unknown, it is impossible to predict which layers will be reused. Therefore, the proper layer
cache must be determined within the limited space. The second is developing efficient scheduling
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algorithms suitable for industrial real-time systems, considering disk, memory, and CPU capacities.
On one hand, the algorithm must meet the rapid decision-making demands of real-time systems.
On the other hand, it is essential to optimize task execution efficiency from a long-term perspective.

In this article, we formulate the container-dependent task scheduling problem (CDTSP) in
edge computing-assisted industrial real-time systems. To ensure usability in practice, the model
comprehensively considers resource capacity in terms of network, disk, memory, and CPU. More-
over, the image pulling, container running, and task waiting are all taken into account. A layer
reuse-based collaborative scheduling (LRCS) framework is proposed to minimize long-term
online task completion time. LRCS operates in a weakly coupled manner between the execution
node and the scheduling node. At the execution node, LRCS employs an evict-when-insufficient
(EWI) mechanism to maximize disk usage and enhances the reuse rate through a dynamic value
assessment-based layer caching (DVALC) algorithm. At the scheduling node, the LRCS adopts
an active waiting (AW) mechanism integrated with a deep Q-network (DQN) algorithm, which
optimizes the long-term processing efficiency by adjusting the scheduling order of online tasks.
The proposed LRCS is validated on a testbed using real device data and compared with state-of-the-
art layer reuse-based algorithms. Experimental results demonstrate that the proposed algorithm
outperforms all baselines.
The contributions are summarized as follows:

—We formulate the CDTSP in edge computing-assisted industrial real-time systems, providing
a comprehensive analysis of resource constraints. The impact of image pulling, container
running, and task waiting are all considered in the model.

— To enable efficient continuous online decision-making, we propose a novel LRCS framework
featuring weakly coupled collaboration between the scheduling node and the execution node.
At the execution node, an EWI mechanism is introduced to maximize disk utilization, while
a DVALC algorithm is employed to enhance the layer reuse rate. At the scheduling node, an
AW mechanism-integrated DQN is utilized to optimize long-term execution efficiency.

—A testbed built on a real device is used for evaluation. The proposed LRCS is compared
with state-of-the-art layer reuse-based algorithms. Experimental results show that LRCS
is significantly better than the baselines in terms of task completion time and reuse data
volume.

The rest of the article is organized as follows. Section 2 reviews related work. Section 3 formulates
the systemmodel and problem. Section 4 presents the proposed LRCS framework. Section 5 evaluates
the proposed algorithm. Section 6 concludes the article.

2 Related Work
In this section, we review existing work on container-dependent task scheduling that utilizes layer
reuse. We categorize them into node registry-based layer reuse, mounted container-based layer
reuse, and node cache-based layer reuse, and explain their mechanisms. Additionally, we discuss
the benefits and limitations of each category through comparison and identify the research gap.

2.1 Node Registry-based Layer Reuse
In node registry-based layer reuse, a certain volume of the node disk is allocated for long-term
layer storage, effectively establishing an image registry on the edge node. The layers in the registry
are updated based on specific triggering conditions.
Hu et al. [33] make a joint decision on request scheduling and layer reservation in a vehicle-

infrastructure collaboration scenario. A proper request shifting and layer retention strategy can
efficiently save the system overhead in the region. However, this work does not explicitly give a
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limit on the total number of the retained layers. It can lead to limitations in selecting resources for
tasks with high disk consumption, since the occupancy of disk by the retained layers in a time slot
is not adjustable. Xiao et al. [34] took cold-start latency, function execution latency, inter-function
transfer latency, image caching cost, and other overheads into account to determine the function
images to be saved in the edge server. Meanwhile, in order to avoid the overhead generated by
frequent image layout changes, the work adopts a lazy update approach to readjust the function
image layout when the overhead of cold-start is larger than the overhead of non-cold-start. However,
storing function images is a coarser-grained way of data reuse compared to the layer. Yin et al.
[27] analyzed the hierarchical relationship of multiple container image structures and described it
as a tree structure. Furthermore, a fixed-size space is partitioned on the edge server to pre-store
layers, and the stored layers are adjusted in two phases based on the tree structure. During the
initialization phase, layer size and the number of child nodes are considered to decide which layers
to store. In the runtime phase, if the downloaded layers exceed the threshold, the layer registry is
updated by combining the layer size and reuse frequency.

2.2 Mounted Container-based Layer Reuse
In mounted container-based layer reuse, layers from containers currently mounted on a node can be
reused. After a task completes, its layers will be removed if they are not reused by other containers.

Funari et al. [20] greedily selected resources to maximize the reuse of the image layer for subse-
quent containers based on the container information being mounted on the node, and prevented
containers from being centrally scheduled to a few nodes through fairness constraints. Ma et.al
[31] selects the target node for migration based on the reusability of the layer during container
migration, making the migration efficiency effective. Tang et.al [30] considered the correlation of
task sequences within a time slot in terms of layers. By characterizing the layer information that
has been mounted and is being pulled on edge nodes, online tasks are scheduled using policy-based
reinforcement learning. However, due to the diversity and frequent changes in edge services,
using the layer information as the network inputs results in poor scalability and dimensionality
explosion. In other words, adding any new layer requires restructuring and re-training the policy
network.

2.3 Node Cache-based Layer Reuse
In node cache-based layer reuse, disk utilization is comparable to memory management in the
operating system. Layers update dynamically depending on the tasks being executed and are only
evicted when disk space is insufficient for a new task.

Fuerst et.al [14] optimized the cold start problem of FaaS functions by using an instance keep-alive
approach. When the memory is insufficient for a new function, some container instances are evicted
according to priority, considering function usage frequency, recent usage time, cold start cost, and
memory preservation overhead. Although this work performs instance caching in memory rather
than layer caching on disk, which is not directly related to the layer reuse problem in this article,
the resource utilization approach remains instructive. Mou et al. [35] used an LFU-based algorithm
to manage the disk at the image granularity and adjusted the cache with a multi-action DQN. While
the LFU algorithm is traditional in memory management, image-based disk caching algorithms
should be considered more carefully since image sizes are inconsistent. And like [30], the study
directly uses the image information as an input to the reinforcement learning network, which can
lead to dimensionality catastrophe and limited flexibility. Dolati et.al [32] utilizes layer sharing
relationships to orchestrate the placement of VNF containers. Instead of immediately cleaning up
layers after a task is finished, only a limited amount of space is cleared based on the priority of
the layer when a new task arrives. The priority of each layer is accumulated from reuse times and
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Table 1. Comparison of Advantages and Limitations Across Categories

Category Node Registry Mounted Container Node Cache Ours
Disk Utilization ↑ ↓ ↑ ↑
Tuning Flexibility ↓ ↑ ↑ ↑
Tuning Effect ↓ ↓ ↓ ↑
Reuse Utility ↓ ↓ ↓ ↑

the original priority multiplied by a discount factor. However, similar to [35], this work does not
address the issue of differing layer sizes.

2.4 Comparison and Research Gap
Table 1 compares the advantages and limitations of the three categories mentioned above with the
algorithm proposed in this article. The comparison focuses on disk utilization, tuning flexibility, and
tuning effects, which ultimately influence the utility of layer reuse. Specifically, the node registry-
based layer reuse utilizes a certain volume of disk capacity but faces issues with periodic data
updates: the data in the registry cannot be modified during the interval. Registry tuning is usually
triggered when reuse efficiency is low. If the conditions are too strict, the registry will be adjusted
frequently, but if they are too lenient, reuse efficiency might already be low before any adjustments
happen. Additionally, fixing storage space through partitioning can make disk constraints on edge
resources more restrictive. Moreover, the layers that are adjusted need to be re-pulled, which causes
unnecessary network load. These issues result in its poor flexibility in tuning.
In contrast, mounted container-based layer reuse avoids the above problem because the image

data stored on disk is always adjusted based on the mounted containers on the node. However,
since layers not reused by any container will be deleted, it also has notable limitations. Layer reuse
essentially trades disk space for network transmission time, but mounted container-based layer
reuse does not fully utilize storage resources. The number of containers mounted on a node within
a time slot is often limited by CPU and memory rather than disk, resulting in fewer layers available
for reuse.

Node cache-based layer reuse can effectively enhance disk utilization and provide more reusable
image layers for containers. However, this approach has not been thoroughly studied or emphasized.
Current research mainly uses some operating system memory management algorithms, which do
not fully leverage the advantages of layer reuse. In reality, because of the differences in layer sizes,
assessing layer value involves many factors, and this issue needs further exploration. Moreover,
these methods primarily aim to optimize reuse mechanisms in network-limited scenarios. At the
same time, assumptions about the computing limitations of edge devices are overly simplified,
which can restrict their effectiveness in industrial real-time systems.

In summary, this article focuses on fully utilizing disk space while ensuring that cache layers
within nodes can flexibly and effectively adjust to changes in container types. While enhancing
layer reuse utility, it also considers computational constraints to ensure applicability in real-world
industrial real-time systems.

3 System Model and Problem Formulation
The processing of a container-dependent task in edge computing-assisted industrial real-time
systems is shown in Figure 2. Step a: The industrial terminal sent a task to the scheduling node in
the edge cluster. Step b: The scheduling node assigns the task to an execution node according to a
certain strategy. Step c: The execution node checks the container image required by the task. Due
to the layered structure of the image, the layers existing locally can be utilized directly, while the
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Fig. 2. The processing of container-dependent tasks in edge computing-assisted industrial real-time systems.

Table 2. Notations in Section 3

Symbol Description
𝑐 ∈ 𝒞 = {1, 2, … , 𝐶} Container and container set
𝑙 ∈ ℒ = {1, 2, … , 𝐿} Layer and layer set
𝜙𝑐,𝑙 = {0, 1} Variable to indicate whether container 𝑐 contains layer 𝑙
𝑑𝑙 The data volume of layer 𝑙
𝑒 ∈ ℰ = {1, 2, … , 𝐸} Execution node set
𝜓𝑒,𝑙 = {0, 1} Variable to indicate whether node 𝑒 stores layer 𝑙
𝐷𝑒 Disk size of node 𝑒
𝐵𝑒 bandwidth of node 𝑒
𝑏𝑒(𝑡) = {0, 1} Variable to indicate whether the network of node 𝑒 is idle at 𝑡
𝑈𝑒(𝑡) Remaining CPU capacity of the node 𝑒
𝑀𝑒(𝑡) Remaining memory capacity of the node 𝑒
𝑟 ∈ ℛ = {𝑟 , 𝑟 + 1,… } Real-time task and queue
𝜌𝑐,𝑟 = {0, 1} variable to indicate whether task 𝑟 corresponding to container 𝑐
𝑢𝑐,𝑒 CPU requirement of container 𝑐 on node 𝑒
𝑚𝑐,𝑒 Memory requirement of container 𝑐 on node 𝑒
𝜏𝑐,𝑒 Run time of container 𝑐 on node 𝑒
𝜒𝑒,𝑟 = {0, 1} Decision variable to indicate whether assign task 𝑟 to node 𝑒
𝐷𝑝𝑢𝑙𝑙
𝑒,𝑟 The data volume to be pulled of task 𝑟 on node 𝑒

𝐷𝑟𝑒𝑢𝑠𝑒
𝑒,𝑟 The data volume to be reused of task 𝑟 on node 𝑒

𝑇 𝑝𝑢𝑙𝑙𝑒,𝑟 The pull time of task 𝑟 on node 𝑒
𝑇 𝑟𝑢𝑛𝑒,𝑟 The run time of task 𝑟 on node 𝑒
𝑇𝑤𝑎𝑖𝑡𝑒,𝑟 The waiting time of task 𝑟 on node 𝑒
𝑇 𝑐𝑜𝑚𝑝𝑙𝑒𝑒,𝑟 The completion time of task 𝑟 on node 𝑒

others need to be pulled from the registry. Step d: When the node obtains all the required layers, it
instantiates the container and processes the task. Step e: The processing results are returned to
the scheduling node, which responds to the terminal. In the following, we formulate the CDTSP
in industrial real-time system. For ease of reference, the main notations used in this section are
summarized in Table 2.

3.1 System Model
3.1.1 Container and Layer. With the above procedure, we can describe the containers in the

edge cluster as a set, denoted as 𝑐 ∈ 𝒞 = {1, 2, … , 𝐶}. The layers that construct the container in 𝒞
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can be described as a set, denoted as 𝑙 ∈ ℒ = {1, 2, … , 𝐿}. The size of layer 𝑙 is 𝑑𝑙, and the binary
variable 𝜙𝑐,𝑙 = {0, 1} is used to describe the relationship between the layer and the container, 𝜙𝑐,𝑙 = 1
if the layer 𝑙 is in the image of the container 𝑐, and 0 otherwise.

3.1.2 Edge Cluster. The execution nodes in the cluster are denoted as 𝑒 ∈ ℰ = {1, 2, … , 𝐸}. The
disk capacity of the node is 𝐷𝑒. The layers stored in the node are described by binary variable
𝜓𝑒,𝑙 = {0, 1}, 𝜓𝑒,𝑙 = 1 indicates that the layer 𝑙 is stored on the node 𝑒, and 0 otherwise. The
bandwidth of the node 𝑒 is 𝐵𝑒, and we use binary variable 𝑏𝑒(𝑡) = {0, 1} to denote the real-time
network occupancy, where 𝑏𝑒(𝑡) = 1 indicates the link is occupied, 0 otherwise. The real-time
remaining CPU and memory capacity of the node is denoted as 𝑈𝑒(𝑡),𝑀𝑒(𝑡), respectively.

3.1.3 Real-time Task. The scheduling node receives the pending task and places it into the queue,
denoted as 𝑟 ∈ ℛ = {𝑟 , 𝑟 +1,… }. At each time slot 𝑡, the scheduling node takes out the head task 𝑟 of
the queue and tries to assign it to an execution node according to a certain strategy. The relationship
between task and container is described by the binary variable 𝜌𝑐,𝑟 = {0, 1}, 𝜌𝑐,𝑟 = 1 indicates that
task 𝑟 needs to be processed by the container 𝑐, 0 otherwise. The execution time of a task on a node
is platform and resource usage dependent. In practice, tasks can be executed in parallel on nodes,
but there is a complex performance interference between container instances. In order to focus on
studying the reuse mechanism and scheduling strategy of the layer, the performance interference
can be simplified. It is assumed that a task can be completed within a bounded execution time if
the node has sufficient computing power. Otherwise, the task may experience excessive delays
or fail to complete within a reasonable timeframe. The computing power requirement of the task
specifically includes CPU and memory, using the variable 𝑢𝑐,𝑒 and 𝑚𝑐,𝑒 to denote the CPU and
memory requirements of the container 𝑐 on the node 𝑒, respectively. Due to the heterogeneity of
the edge nodes, the execution time of a task is varying on different nodes, and the run time of the
container 𝑐 on the node 𝑒 is represented as 𝜏𝑐,𝑒. The scheduling decision is expressed as 𝜒𝑒,𝑟 = {0, 1},
𝜒𝑒,𝑟 = 1 indicates that task 𝑟 is assigned to the node 𝑒, 0 otherwise.

3.2 Cost and Constraints
In industrial real-time systems, task processing efficiency is directly related to system performance,
so we consider task completion time to be the cost. For scheduling task 𝑟 to node 𝑒, the data volume
to be pulled can be expressed as

𝐷𝑝𝑢𝑙𝑙
𝑒,𝑟 =

𝐸
∑
𝑒=1

𝐿
∑
𝑙=1

𝐶
∑
𝑐=1

𝜌𝑐,𝑟𝜙𝑐,𝑙(1 − 𝜓𝑒,𝑙)𝑑𝑙, (1)

then the pull time of task 𝑟 is follows:

𝑇 𝑝𝑢𝑙𝑙𝑒,𝑟 =
𝐷𝑝𝑢𝑙𝑙
𝑒,𝑟
𝐵𝑒

. (2)

The pulling process exclusively occupies the network and cannot be interrupted, so the link of
node 𝑛 should be originally idle during the pulling time period of task 𝑟, which is represented as

𝑏𝑒(𝑡) = 0, ∀𝑡 ∈ 𝑇 𝑝𝑢𝑙𝑙𝑒,𝑟 . (3)

Subsequently, if the node 𝑒 meets the computing power requirements of container 𝑐, the run time
of task 𝑟 can be denoted as

𝑇 𝑟𝑢𝑛𝑒,𝑟 =
𝐶
∑
𝑐=1

𝜌𝑐,𝑟𝜏𝑐,𝑒. (4)
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The node should always satisfy the CPU and memory constraints during the run time

⎧

⎨
⎩

𝐶
∑
𝑐=1

𝜌𝑐,𝑟𝑢𝑐,𝑒 ≤ 𝑈𝑒(𝑡), ∀𝑡 ∈ 𝑇 𝑟𝑢𝑛𝑒,𝑟 ,
𝐶
∑
𝑐=1

𝜌𝑐,𝑟𝑚𝑐,𝑒 ≤ 𝑀𝑒(𝑡), ∀𝑡 ∈ 𝑇 𝑟𝑢𝑛𝑒,𝑟 .
(5)

Besides, the layers stored in a node cannot exceed the disk capacity at any time

𝐷𝑒 ≥
𝐿
∑
𝑙=1

𝜓𝑙 ,𝑒(𝑡)𝑑𝑙, ∀𝑡, ∀𝑛 ∈ ℰ. (6)

Moreover, each real-time task corresponds to a unique container
𝐶
∑
𝑐=1

𝜌𝑐,𝑟 = 1, (7)

and task 𝑟 is scheduled to the unique node
𝐸
∑
𝑒=1

𝜒𝑒,𝑟 = 1, ∀𝑟 ∈ ℛ. (8)

Note that the task may suffer from the waiting time due to the resource constraint in Equations (3)
and (5). It can be denoted as 𝑇𝑤𝑎𝑖𝑡𝑒,𝑟 .

3.3 Problem Formulation
The processing of the task in the edge cluster includes request transmission, task waiting, image
pulling, container running, and result return. We ignore the time for request transmission and
result return, since the data volume of the request and the result is much less than the image. Then
the completion time of a container-dependent task can be expressed as

𝑇 𝑐𝑜𝑚𝑝𝑙𝑒𝑒,𝑟 = 𝑇𝑤𝑎𝑖𝑡𝑒,𝑟 + 𝑇 𝑝𝑢𝑙𝑙𝑒,𝑟 + 𝑇 𝑟𝑢𝑛𝑒,𝑟 . (9)

Furthermore, our optimization objective is to minimize the system cost, which is the total
completion time of the tasks:

𝑃1 ∶ min
𝜒

|ℛ|
∑
𝑟=1

𝜒𝑒,𝑟𝑇
𝑐𝑜𝑚𝑝𝑙𝑒
𝑒,𝑟 𝑠.𝑡 . (3), (5), (6), (7), (8). (10)

We refer to this problem as the CDTSP, which covers the heterogeneity and capacity constraints
of the CPU, memory, disk, and network of the nodes, as well as the image pull, container running,
and waiting cost of the task.

3.4 Problem Analysis

We can analyze the CDTSP based on Equation (9). On one hand, the term 𝑇 𝑝𝑢𝑙𝑙𝑒,𝑟 is mainly related to
the transmission data volume 𝐷𝑝𝑢𝑙𝑙

𝑒,𝑟 according to Equation (2), which can be further expressed as

𝐷𝑝𝑢𝑙𝑙
𝑒,𝑟 =

𝐸
∑
𝑒=1

𝐿
∑
𝑙=1

𝐶
∑
𝑐=1

𝜌𝑐,𝑟𝜙𝑐,𝑙𝑑𝑙 −
𝐸
∑
𝑒=1

𝐿
∑
𝑙=1

𝐶
∑
𝑐=1

𝜌𝑐,𝑟𝜙𝑐,𝑙𝜓𝑒,𝑙𝑑𝑙, (11)

where the former item is the data volume of the full image, while the latter item is the reused
data volume on the node. Considering the image size is fixed, the optimization of 𝑇 𝑝𝑢𝑙𝑙𝑒,𝑟 can be
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reformulated as the problem of maximizing the system long-term reused data volume,

𝑃2 ∶ max
𝜒𝑒,𝑟

lim
𝑟→∞

|ℛ|
∑
𝑟=1

𝐸
∑
𝑒=1

𝐶
∑
𝑐=1

𝐿
∑
𝑙=1

𝜒𝑒,𝑟𝜌𝑐,𝑟𝜙𝑐,𝑙𝜓𝑒,𝑙(𝑡)𝑑𝑙. (12)

In P2, the reused data volume depends not only on the decision variable 𝜒𝑒,𝑟, but also on the
layer cache 𝜓𝑒,𝑙(𝑡) of the assigned node. We can strip away the scheduling decision 𝜒𝑒,𝑟 and discuss
it from the perspective of the node, then P2 can be transformed into the following:

𝑃3 ∶ max lim
𝑟→∞

|ℛ′|
∑
𝑟=1

𝐶
∑
𝑐=1

𝐿
∑
𝑙=1

𝜌𝑐,𝑟𝜙𝑐,𝑙𝜓𝑒,𝑙(𝑡)𝑑𝑙, (13)

where ℛ′ is the queue of tasks dispatched to the node, which is unknown in advance due to the
uncertainty of the real-time task and the scheduling decision. While 𝜓𝑒,𝑙(𝑡) of a node contains two
types of layers at any moment. One type is used by the running container, denoted as 𝜓 𝑢𝑠𝑖𝑛𝑔𝑒,𝑙 (𝑡),
and the other type is used by the once-running container, denoted as 𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝑡). However, owing to
disk capacity constraint, i.e., Equation (6), not all of the layers ever used will be retained. Therefore,
we need to address how to manage the layers cached without queue information, which is crucial
to maximize the system long-term reused data volume.

On the other hand, the term 𝑇 𝑟𝑢𝑛𝑒,𝑟 and 𝑇𝑤𝑎𝑖𝑡𝑒,𝑟 are mainly affected by the heterogeneity and limita-
tions of resource. The scheduling decisions need to harmonize the short-term cost of the current
task with the utilization of the cluster, which is actually an online multidimensional bin-packing
problem. Taking the above analysis into account, online decision 𝜒𝑒,𝑟 should be made from a long-
term perspective with the consideration on the above three terms. In this problem, if we discretize
the system state with a proper time slot, then the system state 𝒮𝑟 can be considered memoryless
between slots, i.e., consistent with the first-order transfer property. Therefore, we reconstruct P1 as
the following Markov decision process problem:

𝑃4 ∶ min𝔼{
|ℛ|
∑
𝑟=1

𝑇 𝑐𝑜𝑚𝑝𝑙𝑒𝑟 (𝑆𝑟, 𝜒𝑛,𝑟)} 𝑠.𝑡 . (3), (5), (6), (7), (8). (14)

4 The Proposed LRCS
In this section, we propose the LRCS framework which collaborates at the execution node and the
scheduling node in a weakly-coupled manner. At the execution node, LRCS maximizes layer-reused
utility by fully utilizing the disk space and enhancing the reuse rate of the layer. At the scheduling
node, LRCS optimizes the long-term processing efficiency by adjusting the scheduling order of
online tasks.

4.1 LRCS at Execution Node
4.1.1 EWI Mechanism. Optimizing pull time through layer reuse essentially uses disk space

to tradeoff data transmission time. Therefore, the node should maximize the usage of the disk to
provide as many layers as possible for reuse. Based on this idea, we propose the EWI mechanism.
Specifically, the node only destroys the container instance but does not erase the image file after a
task is completed. As the node processes a series of tasks, the layers stored in the disk increase.
While the node evicts layers only if the disk space is insufficient. We can clarify the trigger and
scope of eviction in the EWI mechanism.
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—Trigger of eviction: Eviction will only happen when a new task is dispatched to the node. At
this time, the node evicts the layers according to a strategy to ensure that the remaining disk
space can meet the requirement of the new task.

— Scope of eviction: As analyzed in the previous section, the layers in the disk at any moment
contain two types. Layers used by running containers are not evictable, while layers used by
once-running containers are evictable. Thus, the scope of eviction is 𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝑡).

4.1.2 Problem Reformulation. EWI mechanism maximizes disk utilization and reserves more
reusable layers for nodes. At the same time, the trigger and scope of eviction have been clarified.
We introduce the decision variable 𝜆𝑒,𝑙(𝑡) = {0, 1} to denote the eviction strategy, and then P2 can
be further redefined as

𝑃5 ∶ max
𝜆𝑒,𝑙

lim
𝑟→∞

|ℛ′|
∑
𝑟=1

𝐶
∑
𝑐=1

𝐿
∑
𝑙=1

𝜌𝑐,𝑟𝜙𝑐,𝑙𝜓𝑒,𝑙(𝑡, 𝜆)𝑑𝑙, (15)

where 𝜓𝑒,𝑙(𝑡, 𝜆) is the layer cache after eviction. Explicitly, the layer cache 𝜓𝑒,𝑙(𝜏 ) = 𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝜏 ) +
𝜓 𝑢𝑠𝑖𝑛𝑔𝑒,𝑙 (𝜏 ) at 𝜏 will change to

𝜓𝑒,𝑙(𝑡, 𝜆) = ((𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝜏 ) − 𝜆𝑒,𝑙(𝑡)) + ((𝜓 𝑢𝑠𝑖𝑛𝑔𝑒,𝑙 (𝜏 ) + 𝜙𝑐,𝑙(1 − 𝜓𝑒,𝑙(𝑡)) (16)

after eviction and new task pulling. Besides, 𝜆𝑙 ,𝑛(𝑡) needs to satisfy following constraints:

𝜆𝑒,𝑙(𝑡) ≤ 𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝜏 ), (17)

which means the using layers will not be evicted, and
𝐿
∑
𝑙=1

𝜆𝑒,𝑙(𝑡)𝑑𝑙 ≥
𝐿
∑
𝑙=1

𝜙𝑐,𝑙(1 − 𝜓𝑒,𝑙(𝑡))𝑑𝑙, (18)

which means disk space can meet the requirement of new task after eviction.
However, we still face node task queues ℛ′ is unknown in P5, which drives us to utilize the

historical usage and intrinsic information of the layer to determine 𝜆𝑒,𝑙(𝑡) = {0, 1}. Inspired by the
principle of locality [36] and the tree structure of multi-container image, we extract the following
factors that can reflect the future access probability of a layer:

— Recent access time Π𝑟𝑒𝑐𝑒𝑛𝑡
𝑙 : reflects short-term access hotspots. In situations where the distri-

bution of container types changes frequently, e.g., shopping malls, stations, and so on, layers
that have recently been accessed have a greater likelihood of being accessed in the future.

— Historical access frequency Π𝑓 𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
𝑙 : reflects the distribution of access over a period. In

situations where the distribution of container types is stable, e.g., schools, companies, and so
on, the layers that are accessed more frequently have a greater likelihood of being accessed
in the future.

— Number of child nodes Π𝑐ℎ𝑖𝑙𝑑
𝑙 : reflects the probability of reuse in the tree structure of images,

in the situations where the distribution of container types is lacking, e.g., when the system
is first started, the base layer has a greater probability of being used because it is shared by
more containers.

Here, we need to clarify the meaning of the number of child nodes. Containers leverage union
mount file systems to enhance data reusability. When modifications are made to the contents of
base layers, a new layer with the modified content copied and rewritten is appended on top, thereby
ensuring the reusability of the base layers. As different base images often have different appended
layers, it can be deduced that a key condition for reusability between two layers is that their base

ACM Trans. Embedd. Comput. Syst., Vol. 25, No. 5, Article 83. Publication date: September 2026.



83:12 H. Zhang et al.

Fig. 3. Layer reuse relationship of batch containers in the tree structure.

layer sequences must be identical [27, 37]. Building on this relationship, a tree structure is a suitable
way to represent a set of images. As illustrated in Figure 3, by treating the layers as nodes and the
sequence relationships between them as edges, the composition of images and their layer reuse rela-
tionships can be depicted. For a collection of containers, these relationships form a forest composed
of multiple trees. Then, Π𝑐ℎ𝑖𝑙𝑑

𝑙 is got, including all nodes in the subtree with 𝑙 as the root node.
Using the above information, we can roughly evaluate the probability of a layer being used in

the future. In other words, layers that are more likely to be reused have greater value, which can be
expressed as a weighted sum of the above factors:

𝕧𝑙 = 𝜅1Π𝑟𝑒𝑐𝑒𝑛𝑡
𝑙 + 𝜅2Π𝑓 𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 + 𝜅3Π𝑐ℎ𝑖𝑙𝑑. (19)

Furthermore, combined with the size of the layers, P2 can actually be reformulated as a 0-1
knapsack problem. we use Equation (17) to determine the range of optional items and Equation (18)
to determine the knapsack capacity, and

𝑃6 ∶ max
𝜆𝑒,𝑙

𝐿
∑
𝑙=1

(𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝜏 ) − 𝜆𝑒,𝑙)𝕧𝑙 𝑠.𝑡 . (17), (18). (20)

There are numerous polynomial-time approximate solutions for the knapsack problem [38].
Considering the importance of scheduling efficiency in online system, we directly use a greedy
way to solve P6.

4.1.3 DVALC Algorithm. In P6, the value assessment of the layers has an important impact on
the eviction and reuse data volume. Indeed, the factors we consider are not in a superimposed
relationship but rather favor one of them depending on the task type distribution and the online
decision. As the previous analysis shows, Π𝑐ℎ𝑖𝑙𝑑

𝑙 is more representative of the layer value when the
container types are uniformly distributed. Π𝑓 𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦

𝑙 is more important when the container types
show a stable non-uniform distribution. Π𝑟𝑒𝑐𝑒𝑛𝑡

𝑙 is more adaptable when the distribution of container
type changes frequently. Therefore, we set the value assessment weights𝕎0 = [𝜅1, 𝜅2, 𝜅3] more
finely based on the reuse data volume, so that the value assessment can be dynamically adapted to
the distribution of container types in different situations.

The update of the weights occurs when the eviction is triggered and the node redetermines the
value assessment based on a better configuration between evictions. Based on𝕎0, we first generate
three sets of weight configurations favoring different value factors, and set 𝛿 to 2/3 empirically,

⎧
⎨
⎩

𝕎1 = [𝜅1 + 𝛿, 𝜅2 − 𝛿/2, 𝜅3 − 𝛿/2],
𝕎2 = [𝜅1 − 𝛿/2, 𝜅2 + 𝛿, 𝜅3 − 𝛿/2],
𝕎3 = [𝜅1 − 𝛿/2, 𝜅2 − 𝛿/2, 𝜅3 + 𝛿].

(21)
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ALGORITHM 1: DVALC algorithm
Input: 𝜌𝑐,𝑟, 𝜙𝑐,𝑙, 𝜓𝑒,𝑙(𝜏 ), ℛ′′

Output: 𝜓𝑒,𝑙(𝑡, 𝜆)
1 Initialization𝕎0 and get𝕎1-𝕎3 by Equation (21)
2 for each evict trigger do
3 Get 𝐷𝑟𝑒𝑢𝑠𝑒

𝑒,𝑟 by Equation (22)
4 if not first trigger then
5 𝕎0 ← argmax

𝕎𝑖
𝐷𝑟𝑒𝑢𝑠𝑒

𝑖,𝑒

6 Update𝕎1-𝕎3 by Equation (21)

7 Get 𝜓 𝑖
𝑒.𝑙(𝑡, 𝜆) by Equation (16)

8 Update layer cache to 𝜓 0
𝑒,𝑙(𝑡, 𝜆)

Furthermore, at each eviction trigger, these weights are used to calculate different value assess-
ments 𝕧𝑖𝑙 , 𝑖 ∈ {0, 1, 2, 3}, and obtain the layer cache 𝜓 𝑖𝑒,𝑙(𝑡, 𝜆), 𝑖 ∈ {0, 1, 2, 3} after eviction. 𝕎0 is
used for the actual eviction, so 𝜓 0𝑒,𝑙(𝑡, 𝜆) is the real layer cache after the eviction. The reuse data
volume for each layer cache is counted when the next eviction occurs:

𝐷𝑟𝑒𝑢𝑠𝑒
𝑒 =

ℛ′′

∑
𝐶
∑
𝑐=1

𝐿
∑
𝑙=1

𝜌𝑐,𝑟𝜙𝑐,𝑙𝜓 𝑖𝑒,𝑙(𝑡, 𝜆)𝑑𝑙 𝑖 ∈ {0, 1, 2, 3}, (22)

where ℛ′′ is the task set between evictions.
The weight configuration with the largest reuse data volume is used for the value assessment of

the next eviction and taken as the new weight configuration𝕎0. At the same time,𝕎1 −𝕎3 is
updated based on Equation (21). The DVACL algorithm is shown in Algorithm 1.

4.1.4 Theoretical Analysis.

Theorem 1. The effective condition for DVALC algorithm is
𝐿
∑
𝑙=1

(1 − 𝜙𝑐,𝑙)𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝑡)𝑑𝑙 ≥
𝐿
∑
𝑙=1

𝜙𝑐,𝑙(1 − 𝜓𝑒,𝑙(𝑡))𝑑𝑙. (23)

Proof. Given a container 𝑐 scheduled to node 𝑒, the layer that can be evicted is 𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝑡). The data

volume of the layer in 𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝑡) that will not be used by 𝑐 is∑𝐿
𝑙=1(1 − 𝜙𝑐,𝑙)𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝑡)𝑑𝑙, which should

be larger than the data volume that 𝑐 needs to pull. Otherwise, DVALC algorithm will fail because
it cannot clear out enough disk space. �

Theorem 2. The time complexity of DVALC is 𝑂(𝜇 log 𝜇).

Proof. DVALC runs on execution nodes, so its complexity is considered independently based on
each node’s layer cache. According to Equation (17), evicted layers are identified within 𝑝𝑠𝑖𝑢𝑠𝑒𝑑𝑒,𝑙 (𝜏 ),
and thus, the value assessment is also only for these layers. The number of layers in 𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝜏 )
is typically independent of the total number of layers in the system, because there is a limit to
how many layers can be cached on a node due to disk capacity constraints. We can determine
a bound on the number of layers in 𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝜏 ) based on the size of the smallest layer, denoted
as 𝜇 ≤ ⌈𝐷𝑒/min𝑙∈ℒ{𝑑𝑙}⌉. As in Algorithm 1, each run of DVALC involves two processes: layer
value assessment and greedy-based knapsack solving. During the value assessment stage, DVALC
calculates the value of each layer in 𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 (𝜏 ) according to Equation (19), with a complexity of 𝑂(𝜇).
In the greedy-based knapsack solving phase, DVALC first sorts the layers by value density, with a
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complexity of 𝑂(𝜇 log 𝜇). Then, evicted layers are selected sequentially in ascending order of value
until Equation (18) is satisfied, with a complexity of 𝑂(𝜇). Each value assessment weight𝕎𝑖 follows
this process and does not affect the overall complexity since the number of weight configurations
remains constant. In summary, the complexity of DVALC at each eviction trigger is 𝑂(𝜇 log 𝜇). �

4.2 LRCS at Scheduling Node
4.2.1 AW Mechanism. As analyzed in Section 3.4, the scheduling of real-time tasks is a multidi-

mensional online bin-packing problem. Due to resource constraints, task 𝑟 may not start executing
immediately after arrival, which causes the term 𝑇𝑤𝑎𝑖𝑡𝑒,𝑟 . There are two different ways in which the
scheduling node addresses task waiting in resource-constrained situations. One way is to schedule
the task as soon as it arrives, and the task will wait on the node, which has been used in a lot
of work [17, 30, 39]. The alternative is to hold the task 𝑟 in the queue ℛ and schedule 𝑟 again
later. This way changes the constraints of the classical online bin-packing problem by introducing
information about subsequent tasks into the scheduling of 𝑟. Keeping task 𝑟 in queue ℛ until a node
can immediately process it adapts to our problem because of the following advantages:

— 𝑇𝑤𝑎𝑖𝑡𝑒,𝑟 would have been unavoidable if no nodes in the cluster could handle 𝑟. Keeping it
waiting in the queue does not increase this cost.

— If a task waits on a node, the node will not evict its layers because they are known to be used
in the future. According to Theorem 1, the evictable layers 𝜓 𝑢𝑠𝑒𝑑𝑒,𝑙 will gradually disappear as
the tasks pile up, which can lead to DVALCA failure.

— Using task look-ahead, the online bin-packing problem will have more potential for optimiza-
tion, and we illustrate this with an example.

Given a queue ℛ = {1, 2, 3, 4}, the resource occupancy of the tasks is [0.3, 0.6, 0.4, 0.7]. The
complete online bin-packing algorithm may make a suboptimal decision when we aim to use as
few slices as possible to ensure that more resources can be available for subsequent tasks. The
classical first fit (i.e., greedily choosing the first slice that satisfies the capacity requirement in each
decision) and best fit [40] (i.e., greedily choosing the slice with the smallest remaining capacity in
each decision) both result in the following scheduling due to not utilizing the information of the
subsequent tasks: {1, 2}, {3}, {4}. The optimal scheduling, on the other hand, is clearly:{1, 4}, {2, 3}.
In fact, the online bin-packing algorithm with a look-ahead offers better competitive rates than
the complete online algorithm [41]. Some look-ahead algorithms implement sliding windows and
make decisions in favor of subsequent tasks, e.g., through dynamic programming or metaheuristic
[42]. However, such computational overhead is clearly unaffordable in industrial real-time systems.
AW mechanism is introduced to utilize look-ahead information more efficiently. In the above

example, even the complete online algorithms of first fit and best fit can make optimal scheduling
if the task order is rearranged to ℛ = {2, 3, 4, 1}. Inspired by this idea, we utilize look-ahead
information by rearranging the scheduling order of tasks. Specifically, the scheduling node still
takes out the head task 𝑟 of the queue ℛ each time. However, there are two possible decisions in
AW mechanism, one is scheduling 𝑟 to an execution node and starting processing immediately, and
the other is inserting 𝑟 into the tail of the queue. This decision-making approach does not require
considering the complete queue information at each time, but is effective in adjusting the order of
tasks. Indeed, in order to reach a more optimal task ordering, it is possible for AW to make tasks
actively wait even if there exist nodes that can process task 𝑟 immediately.

4.2.2 Algorithm Settings. AW mechanism extends the decision options of the MDP problem
in P4, which gives the problem a wider optimization space. However, we still need to determine
online decisions, and reinforcement learning algorithms perform well for solving such problems.
Among many reinforcement learning algorithms, Deep-Q learning (DQL) has the advantage of
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lightweight and fast computation, which is well suited for resource-constrained conditions and fast
decision-making requirements in industrial sites. In this subsection, we give the algorithm settings
for DQN.

In RL, agents perform action 𝒜𝑡 at time slot 𝑡 according to environment state 𝒮𝑡, and thus get the
reward ℛ𝒲𝑡 given by the environment. Subsequently, the environment will transit to new state
𝒮𝑡+1. Combined with a suitable discount, the long-term cumulative reward of agent is expressed as

𝑈𝑡 =
𝒯
∑
𝑡=0

𝛾 𝑡ℛ𝒲𝑡. (24)

The action-value function can evaluate the long-term cumulative discount reward of action 𝒮𝑡
made by the agent under state 𝒜𝑡, denoted as

𝑄𝜋(𝒮𝑡,𝒜𝑡) = 𝔼[𝑈𝑡|𝒮𝑡,𝒜𝑡]. (25)

In DQL, we approximate the optimal action-value function by DQN, denoted as

𝑄∗
𝜋 (𝒮𝑡,𝒜𝑡) = max

𝜋
𝑄𝜋(𝒮𝑡,𝒜𝑡), (26)

which can guide the intelligentsia to make online decisions that will benefit long-term return:

𝒜∗
𝑡 = argmax

𝒜𝑡
𝑄∗
𝜋 (𝒮𝑡,𝒜𝑡). (27)

To train DQN, we need to give state, action, and reward.
State: The state space needs to contain resource information and task information at time slot 𝑡.

The resource information mainly contains the remaining CPU capacity 𝑈𝑒(𝑡), remaining memory
capacity𝑀𝑒(𝑡), node bandwidth 𝐵𝑒, and bandwidth idleness 𝑏𝑒(𝑡) of each node at time slot 𝑡. Thus,
the resource information can be denoted as

𝒮𝑒 = {(𝑈𝑒(𝑡),𝑀𝑒(𝑡), 𝐵𝑒, 𝑏𝑒(𝑡))|𝑒 ∈ ℰ}. (28)

The task information mainly contains CPU requirements 𝑢𝑐,𝑒, memory requirements 𝑚𝑐,𝑒, run
time 𝜏𝑐,𝑒, reuse data volume 𝐷𝑟𝑒𝑢𝑠𝑒

𝑒,𝑟 , transferred data volume 𝐷𝑝𝑢𝑙𝑙
𝑒,𝑟 at each node and the actively

waiting times 𝑤𝑟. Thus, the task information can be denoted as

𝒮𝑟 = {𝑢𝑐,𝑒, 𝑚𝑐,𝑒, 𝜏𝑐,𝑒, 𝐷𝑟𝑒𝑢𝑠𝑒
𝑒,𝑟 , 𝐷𝑝𝑢𝑙𝑙

𝑒,𝑟 , 𝑤𝑟|𝑒 ∈ ℰ}. (29)

Then the state of the environment at time slot 𝑡 can be denoted as

𝒮𝑘 = 𝒮𝑒 ∪ 𝒮𝑟. (30)

To ensure learning stability and model generalization, we preprocess the aforementioned state
information. Specifically, the remaining CPU capacity 𝑈𝑒(𝑡), the remaining memory capacity𝑀𝑒(𝑡),
the CPU demand 𝑢𝑐,𝑒, and the memory demand 𝑚𝑐,𝑒 are normalized based on the overall resource
capacity of the node. The runtime 𝜏𝑐,𝑒, the reuse data volume 𝐷𝑟𝑒𝑢𝑠𝑒

𝑒,𝑟 , the transmission data volume
𝐷𝑝𝑢𝑙𝑙
𝑒,𝑟 , and the bandwidth 𝐵𝑒 are standardized with logarithmic variation and sliding window-based

Z-score, considering their long-tailed distribution characteristics.
Action: Based on the state of the environment, the agent will make the corresponding scheduling

decision 𝒜𝑡, and the action space 𝒜 is denoted as

𝒜 = 𝑒0 ∪ ℰ. (31)

For 𝒜𝑡 ∈ ℰ, the task will be scheduled to execute node immediately. For 𝒜𝑡 = 𝑒0 the task will
actively wait.
Reward: Depending on the actions made by the agent, the environment gives a reward. In

Equation (10), we set the optimization objective to minimize the total completion time of tasks.
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Fig. 4. AW mechanism-integrated DQN.

However, the final execution of a task may go through several decisions, only the last one is
successfully executed, and all the decisions before that are to make the task wait. This will result
in the environment giving sparse rewards. Therefore, we need to shape the rewards based on the
effect of different decisions on the task completion time.
For successful execution of the task, the decision leads to the image pulling time and running

time of the task, and the reward can be denoted as

ℛ𝒲𝑠𝑢𝑐𝑐𝑒𝑠𝑠 = −(𝑇 𝑝𝑢𝑙𝑙𝑟 + 𝑇 𝑟𝑢𝑛𝑟 ). (32)

For the case where a task fails to execute due to resource constraints or actively wait, the decision
results in a waiting time for the task. Specifically, the waiting time is related to the number of tasks
in front of 𝑟 after it is inserted into the queue tail, and the reward can be denoted as

ℛ𝒲𝑤𝑎𝑖𝑡 = −𝑤𝑟 ∗
𝑞𝑢𝑒𝑢𝑒_𝑙𝑒𝑛𝑔𝑡ℎ ∗ 𝑎𝑣𝑒𝑟𝑎𝑔𝑒_𝑡 𝑖𝑚𝑒

𝐸
, (33)

where the 𝑤𝑟 is to avoid tasks waiting too many times from a fairness perspective. The latter part
is used to measure the waiting time incurred by actively wait. Where 𝑞𝑢𝑒𝑢𝑒_𝑙𝑒𝑛𝑔𝑡ℎ is the number
of tasks ahead of 𝑟, and 𝑎𝑣𝑒𝑟𝑎𝑔𝑒_𝑡 𝑖𝑚𝑒 is the average sum of pulling time and running time of the
completed tasks.
Since the reward function is nonlinear, agents may exhibit certain tendencies on waiting or

executing. In order to balance such tendencies, we reshape the rewards as follows:

𝑅𝑊 = 𝜉11 ⋅ {𝐴𝑘 ∈ ℰ}ℛ𝒲𝑠𝑢𝑐𝑐𝑒𝑠𝑠 + 𝜉21 ⋅ {𝐴𝑘 = 𝑒0}ℛ𝒲𝑤𝑎𝑖𝑡, (34)

where 1 ⋅ {} is the Iverson bracket, which is equivalent to 1 when the condition is satisfied.

4.2.3 AW Mechanism-integrated DQN. The training and decision making of AW mechanism-
integrated DQN is shown in Figure 4. At time slot 𝑡, the agent inputs the environment state 𝒮𝑡 into
the DQN, which outputs the Q value of all the actions. Q value is the evaluation of the cumulative
discounted future reward. However, if the agent greedily chooses the action by Equation (27), it
may miss out on better long-term returns due to not fully exploring the environment. Therefore,
the 𝜖-greedy strategy is adopted to balance the exploration and exploitation [43]. Specifically, the
agent chooses a random action with a decaying probability.
At time slot 𝑡 + 1, the agent gets reward ℛ𝒲𝑡 for the action 𝒜𝑡, and the environment transit

to state 𝒮𝑡+1. The above transition (𝒮𝑡,𝒜𝑡,ℛ𝒲𝑡,𝒮𝑡+1) is used to update the weight of the AW
mechanism-integrated DQN to reduce the estimation bias of Q value. Based on the temporal
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ALGORITHM 2: AW mechanism-integrated DQN Scheduling Algorithm
Input: 𝑄𝜃, 𝒮𝑡
Output: 𝒜𝑡, ℛ𝒲𝑡

1 Generate random number 𝜂 ∈ [0, 1]
2 if 𝜂 > 𝜖 then
3 Select 𝒜𝑡 by Equation (27)

4 else
5 Select 𝒜𝑡 randomly

6 if 𝒜𝑡 ∈ ℰ and 𝑐𝑜𝑛𝑑𝑖𝑡 𝑖𝑜𝑛 > 0 then
7 Schedule 𝑟 by 𝒜𝑡
8 Give ℛ𝒲𝑡 by Equation (32)

9 else
10 Insert 𝑟 to queue tail
11 Give ℛ𝒲𝑡 by Equation (33)

12 Return 𝒜𝑡, ℛ𝒲𝑡

difference (TD) learning algorithm [43], the loss is denoted as

𝐿𝜃 = (𝑦𝑡 − 𝑄𝜃(𝒮𝑡,𝒜𝑡))2, (35)

where 𝑦𝑡 is the TD target. A target network 𝑄𝜃′(𝒮𝑡,𝒜𝑡) is used to stabilize the training by providing
a fixed reference for calculating target values. Then, the target can be denoted as

𝑦𝑡 = ℛ𝒲𝑡 + 𝛾max𝑄𝜃′(𝒮𝑡+1,𝒜𝑡+1), (36)

where 𝜃′ is regularly synchronized from 𝜃. However, directly performing action selection and value
estimation by 𝑄𝜃′(𝒮𝑘,𝒜𝑘) may lead to overestimation bias of the target, which is mainly due to the
max operation in Equation (36). The max operation will greedily choose positively biased actions
due to the noise and uncertainty of 𝑄𝜃′(𝒮𝑘,𝒜𝑘) during training. This positive feedback leads to
a continuous overestimation of Q value and deviation from the true expectation with iterations.
Therefore, double DQN is employed to separate them [44]. Explicitly, the main network 𝑄𝜃(𝒮𝑡,𝒜𝑡)
is used for action selection and the target network 𝑄𝜃′(𝒮𝑡,𝒜𝑡) is used for value estimation. The
target is adjusted to

𝑦𝑡 = ℛ𝒲𝑡 + 𝛾max𝑄𝜃′(𝒮𝑡+1, argmax
𝒜

𝑄𝜃(𝒮𝑡+1,𝒜)). (37)

As shown in Algorithm 2, the agent selects an action based on 𝜖-greedy to balance exploration
and exploitation, where 𝜖 is the probability of exploration with an initial value of 1 and a range of
[𝜖𝑚𝑖𝑛, 1]. If the action is to dispatch the queue head task to a node immediately, the chosen node
needs to be further checked if it meets the execution conditions, which can be expressed as

𝑐𝑜𝑛𝑑𝑖𝑡 𝑖𝑜𝑛 = 1 ⋅ {𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 (3)} × 1 ⋅ {𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 (5)}, (38)

where 𝑐𝑜𝑛𝑑𝑖𝑡 𝑖𝑜𝑛 = 1 indicates that the task can be executed immediately, 0 otherwise. If the
condition is not met or the action is to actively wait, the task is inserted into the queue tail.
As shown in Algorithm 3, the experience replay is adopted in the training process. After the

interactions between agent and environment, the transition (𝒮𝑡,𝒜𝑡,ℛ𝒲𝑡,𝒮𝑡+1) is stored in a replay
buffer 𝐷, and 𝜖 is decay with rate 𝜖𝑑𝑒𝑐𝑎𝑦. If enough transitions have been collected, a batch of
them is randomly sampled every few steps. For each sampled transition, the loss is calculated by
Equation (35) and the 𝜃 is optimized by gradient descent. If all episodes are finished, the optimal
action-value function 𝑄∗

𝜋 (𝒮𝑡,𝒜𝑡) is obtained.
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ALGORITHM 3: AW mechanism-integrated DQN Trainning Algorithm
Input: 𝒮0
Output: 𝑄𝜃(𝒮𝑡,𝒜𝑡)

1 Initialize replay buffer 𝐷, main network 𝑄𝜃(𝒮𝑡,𝒜𝑡) and target network 𝑄𝜃′(𝒮𝑡,𝒜𝑡)
2 for 𝑒𝑝𝑖𝑠𝑜𝑑𝑒 = 1, 2, … do
3 Get state 𝑆0 for 𝑡 = 1, 2, … do
4 Observe state 𝒮𝑡
5 Perform scheduling and get reward by Algorithm 2

6 Observe state 𝒮𝑡+1
7 Store transition (𝒮𝑡,𝒜𝑡,ℛ𝒲𝑡,𝒮𝑡+1) in 𝐷
8 𝜖 ← max(𝜖𝑚𝑖𝑛, 𝜖 × 𝜖𝑑𝑒𝑐𝑎𝑦)
9 if |𝐷| mod 𝐵𝑎𝑡𝑐ℎ𝑆𝑖𝑧𝑒 = 0 then
10 Sample a batch of transitions 𝐷′ from 𝐷
11 Perform gradient descent to update 𝜃 by Equation (35)

12 if 𝑡 mod 𝑇𝑎𝑟𝑔𝑒𝑡𝑈 𝑝𝑑𝑎𝑡𝑒𝑆𝑙𝑜𝑡𝑠 = 0 then
13 𝜃 ′ ← 𝜃

14 Return 𝑄𝜃(𝒮𝑡,𝒜𝑡)

5 Experiment and Evaluation
In this section, we compare the proposed LRCS with the state-of-the-art baselines using a testbed
based on real device data. Since LRCS employs a weakly coupled collaborative manner between
execution and scheduling nodes, evaluation involves ablation experiments. Specifically, the layer
reuse effect of EWI and DVALC is verified on the execution node, while the completion time
optimization effect of AW-based DQN is examined on the scheduling node. Besides, to validate the
applicability and scalability of our framework in real industrial environments, we conducted a case
study by gradually increasing the cluster scale and the task number.

5.1 Experiment Setup
5.1.1 Task Queue. We use 70 containers consisting of 391 layers as the dependence of the tasks.

The image sizes range from 1.32 GB to 10.81 GB, and the layer sizes range from 212 MB to 971 MB.
These containers have different resource preferences, including CPU-intensive, memory-intensive,
and disk-intensive. We collected their resource requirements and run time from CPU host, Atlas 200
DK, and Raspberry Pi 4B, as shown in Figure 5. To simulate the type distribution and arrival time
of tasks in real-time industrial systems, we obtained the tasks by multiple Gaussian distributions,
and determined the arrival time by uniform or Poisson distributions.

5.1.2 Edge Cluster. In the experiment on layer reuse effect and completion time optimization
effect, an edge cluster with 12 heterogeneous nodes was built based on the resource capacity of the
three device types mentioned above. Specifically, the CPU capacity ranges from 1.2 GHz to 2.4 GHz,
the memory capacity from 1 GB to 4 GB, the disk capacity from 16 GB to 32 GB, and the bandwidth
is 20 MB/s.

5.2 Layer Reuse Effect
To verify the LRCS framework’s layer reuse effect, we first compared EWI and DVLAC with the
baseline algorithm at the execution node. Based on the summary of related work, we selected one
node registry-based layer reuse approach [27], and two node cache-based layer reuse approaches
[14], [35]. We refer to these three baselines as LIR, FC, and TSIC, respectively. It is worth mentioning
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Fig. 5. Atlas 200 DK and Raspberry Pi 4B Cluster.
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Fig. 7. Comparison of total completion time.

that since the mounted container-based layer reuse approach does not involve caching mechanisms
on execution nodes, we compared them in the next subsection. To ensure a fair comparison, we
uniformly use the greedy algorithm for scheduling tasks.

We use five queues with 100 slow-arriving tasks to reduce the randomness caused by task types
and scheduling strategy. The comparison metrics include total reuse data volume (in MB) and total
task completion time (in seconds). As shown in Figure 6, the proposed framework outperforms
the baseline algorithms on all task queues in terms of the reused data volume. It is worth noting
that TSIC and FC fluctuate to varying degrees due to the randomness of task sampling, which is
essentially due to the fact that the directly applied LFU algorithm is not fully adapted to all task
distributions.
Meanwhile, as shown in Figure 7, benefiting from the excellent data reuse effect of EWI and

DVLAC, the LRCS still has a significant advantage in total task completion time under the same
scheduling strategy.
Furthermore, to more intuitively demonstrate the significant impact of layer reuse effects on

optimizing task completion time, we show their correlation in Figure 8. As shown in Figure 8, there
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is a negative correlation, indicating that layer reuse can significantly shrink the completion time of
the container-dependent task.

5.3 Completion Time Optimization Effect
We validate the complete LRCS using three task queue setups with different arrival times, which is
very common in industrial real-time systems. The execution nodes manage the layer caches using
EWI and DVALC, and the scheduling node assigns tasks through AW-based DQNs. The baseline
algorithms include the greedy strategy and two mounted container-based layer reuse methods,
namely, SSSP [20] and LDLS [30]. To clearly analyze the completion time, we show waiting time,
pull time, and run time separately. Additionally, the results are presented as averages to account
for differences in the number of tasks.
First, we conducted experiments with poisson distributed task arrival times, which is used to

simulate the periodic sharp increase in the number of tasks that may occur in real-time industrial
systems. The number of tasks varies from 10 to 700, and the arrival time of the last task is five
times the number of tasks. As shown in Figure 9, when the number of tasks is small, the task
completion time of the proposed framework does not outperform all baseline algorithms because
the AW mechanism increases the waiting time to gather more information about the task queue.
However, the advantage of LRCS begins to appear when the number of tasks reaches 100 within
500 seconds. As the number of tasks increases further, the optimization effect of LRCS becomes
significant.
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Fig. 10. Average completion time under uniform distribution.

This phenomenon relates to two reasons. First, LRCS’s waiting time is consistently higher
than the baseline until the number of tasks reaches 300, but the run time remains well below
the baseline. This demonstrates the effectiveness of the AW mechanism in obtaining task queue
information and adjusting the task execution order. When the number of tasks exceeds a certain
threshold, the cost of AW becomes worthwhile. This is not only due to the tradeoff for optimized
run time, but also because the tasks were already encountering a waiting situation. Second, it
can be observed that the completion time of SSSP and LDLS cannot be better than the greedy
strategy across all task queues. This is because the mounted container-based layer reuse approach
does not maximize disk utilization, whereas EWI and DVALC are still used in the greedy strategy.
Therefore, it also confirms the impact of layer reuse in LRCS on execution nodes. Comparingwith the
other three algorithms its average performance improvement reaches 1.79%, 108.73%, and 126.29%,
respectively.
Then, we adjust the task queue arrival times to follow a uniform distribution, which helps

simulate the stabilization of task numbers that can occur in real-time industrial systems. As shown
in Figure 10, LRCS still outperforms the baseline algorithm when the number of tasks exceeds a
certain threshold. There is even a trend for waiting times to decrease as task volume increases. This
is partly because the tasks are less intensive than those modeled by the Poisson distribution and
partly due to the effective performance of the AW mechanism in the online bin-packing problem.
Specifically, the AW-based DQN not only optimizes the run time of the current task but also
enhances overall resource utilization. It reserves more free resources for future tasks, reducing
passive waiting time caused by insufficient resources. Compared with the other three algorithms,
its average performance improvement reaches 2.72%, 163.05%, and 121.04%, respectively.
To thoroughly demonstrate LRCS’s strong performance under resource constraints, we set the

maximum task arrival time to 800 seconds and gradually increase the number of tasks from 300 to
550. As shown in Figure 11, as the number of tasks rises, the average completion time increases
owing to resource intensification. However, LRCS consistently maintains the lowest increase in
completion time and growth rate. This demonstrates the favorable robustness of LRCS under
resource constraints. Compared to Greedy, SSSP, and LDLS, the improvements are 27.44%, 103.72%,
and 132.22%, respectively.

5.4 Case Studies of Large-scale Clusters
To validate the applicability and scalability of LRCS in real industrial environments, we conducted
a case study by gradually increasing the cluster scale and the task number. The cluster scale was
expanded from 24 to 60 nodes, and the task number was increased from 20 to 3,500.
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Fig. 11. Total completion time under resource constraints.
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Fig. 12. Average task completion time in large-scale clusters.

As shown in Figure 12, LRCS has an advantage at all cluster scales once the number of tasks
exceeds a certain point. This is because, in large-scale clusters with sufficient resources, competition
for resources becomes evident only when the number of tasks exceeds this threshold, enabling
the benefits of the AW mechanism to emerge. This long-term strategy is valuable in industrial
environments, where task queues can grow infinitely long as the system runs nonstop. Consequently,
LRCS is likely to offer significant practical benefits in real-timess industrial systems.

Meanwhile, the average completion time of LRCS remains stable despite the increasing number
of tasks in clusters of different sizes. It demonstrates that LRCS has better robustness, which is
essential in industrial systems.

Moreover, the LRCS waiting time remains stable across different task numbers. This demonstrates
that the penalty term based on waiting times effectively ensures that the AW-based DQN balances
executing the current task with exploring more information about the queue.
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Furthermore, the run time of LRCS is significantly lower than that of other algorithms. This
shows that AW-based DQN pays more attention to the resource utilization efficiency, which helps
ensure long-term task execution efficiency.
We also observe that the average pulling time decreases and stabilizes across all algorithms,

but LRCS remains lower compared to LDLS and SSSP. This illustrates that EWI and DVALC are
effective at preserving the most valuable layers. The greedy method is similar to LRCS because it
also employs EWI and DVALC.

Combining the case studies above, we believe that LRCS has strong applicability and scalability
in real industrial systems.

6 Conclusion and Future Direction
In this article, we propose a collaborative scheduling framework based on layer reuse for the
problem of optimizing the completion time of container-dependent tasks in edge computing-
assisted industrial real-time systems. The framework improves the effectiveness of layer reuse by
maximizing disk utilization and layer reuse rate at the execution node, and adopts an AWmechanism
at the scheduling node to optimize the long-term execution efficiency under resource constraints.
By experimentally comparing with the state-of-the-art algorithms, our proposed framework can
effectively improve the execution efficiency.

This is our first attempt to trade disk space for image pull time in a cache management manner.
Sincewe have adopted a low-coupling synergistic approach to solve these two problems, there is a lot
of future work that can be continued on this basis. For example, further consideration of optimization
objectives such as cost and energy consumption of edge cluster. The form of container-dependent
tasks can also be further extended from independent tasks to the form of the dependent task.
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