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Abstract19

Containerisation is becoming a cornerstone of modern distributed systems, thanks to their lightweight20

virtualisation, high portability, and seamless integration with orchestration tools such as Kubernetes.21

The usage of containers has also gained traction in real-time cyber-physical systems, such as22

software-defined vehicles, which are characterised by strict timing requirements to ensure safety23

and performance. Nevertheless, ensuring real-time execution of co-located containers is challenging24

because of mutual interference due to the sharing of the same processing hardware. Existing25

parallel computing frameworks such as Ray and its Kubernetes-enabled variant, KubeRay, excel in26

distributed computation but lack support for scheduling policies that allow guaranteeing real-time27

timing constraints and CPU resource isolation between containers, such as the SCHED_DEADLINE28

policy of Linux. To fill this gap, this paper extends Ray to support real-time containers that leverage29

SCHED_DEADLINE. To this end, we propose KubeDeadline, a novel, modular Kubernetes extension to30

support SCHED_DEADLINE. We evaluate our approach through extensive experiments, using synthetic31

workloads and a case study based on the MobileNet and EfficientNet deep neural networks. Our32

evaluation shows that KubeDeadline ensures deadline compliance in all synthetic workloads, adds33

minimal deployment overhead (in the order of milliseconds), and achieves lower worst-case response34

times, up to 4 times lower, than vanilla Kubernetes under background interference.35
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4:2 Enabling Containerisation of Distributed Applications with Real-Time Constraints

1 Introduction44

Containers are increasingly used to deploy applications across distributed systems composed45

of microservices that need to work in a coordinated and scalable way [26,56]. They provide46

an isolated environment that packages applications with all dependencies, enhancing port-47

ability and offering more lightweight virtualisation than traditional virtual machines [12].48

Additionally, containers also seamlessly integrate with orchestration tools like Kubernetes [3],49

significantly simplifying the monitoring, management, and scaling of virtualised applications.50

Thanks to its advantages, several distributed computing frameworks such as Ray [48], Apache51

Spark [63], and Flyte [1] use Kubernetes to leverage its orchestration infrastructure.52

As containerised applications become more prevalent across the edge-to-cloud continuum,53

they are increasingly integrated into real-time cyber-physical systems, where meeting strict54

timing requirements is essential to ensure safety [33, 54]. One example is the distributed55

inference of deep learning algorithms for image recognition or classification, which supports56

decision-making processes that actuate actions in the physical environment. Real-time57

performance over such AI-driven distributed infrastructures is especially sought in fields58

like automotive. For instance, autonomous vehicles often run deep-learning inference for59

object detection and lane recognition distributed across edge nodes or in-vehicle compute60

units. Several proposals for next-generation autonomous vehicles already underway [35,49].61

Meeting real-time constraints for containerised applications is becoming important also for62

Network Function Virtualisation (NFV) [10] and Software-Defined Networking (SDN) [39],63

which often employ highly-tuned Linux versions to minimise noise and latency [28].64

Meeting real-time constraints in containerised distributed applications requires controlling65

the interferences and latencies at the network and processing levels. Network latencies can be66

managed by leveraging QoS control techniques such as DiffServ [21,22] or by using edge-fog67

architectures to bring data processing and decision-making closer to the data origin. However,68

taming processor-level interference suffered by containerised applications is difficult since69

they share the same processing resources. Furthermore, containers co-located on the same70

hardware platforms often belong to different applications and tenants, and they do not trust71

each other. Therefore, the need arises for (1) partitioning the CPU processing resources,72

assigning a configurable CPU bandwidth share to each container with controllable CPU73

latency, and (2) enforcing that a potentially faulty or malicious application cannot harm the74

timing guarantees of another application.75

Among the various frameworks for container-enabled distributed processing, the Ray76

framework [48] attracted particular interest: for example, it is used by industrial players77

such as OpenAI (ChatGPT), Netflix, ByteDance (TikTok), and Uber [9, 58, 59]. Ray is a78

popular open-source framework for distributed computations, supporting machine learning,79

data processing, simulation, and optimisation [48]. Ray is increasingly often applied to80

latency-sensitive workloads such as deep-learning inference and robotics, where predictable81

response times are often required, even if the applications are not strictly hard real-time [48].82

With its native Kubernetes integration, KubeRay simplifies managing Ray clusters through83

Kubernetes orchestration. KubeRay is generally deployed in standard cloud servers, where84

its instances are often affected by interferences from other co-located applications on the85

same servers or physical CPUs (the so-called “noisy neighbour” problem in cloud computing).86

As a result, applications executing in Ray usually suffer from large runtime variations in87

their execution times, often preventing them from meeting the tight timing constraints of88

some classes of real-time virtualised applications (such as video processing and AI inference89

in cyber-physical systems).90
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The Constant Bandwidth Server (CBS) reservation algorithm [16] is an effective means to91

achieve timing performance and enforce temporal isolation of CPU resources. A CBS reserves92

a portion of the available bandwidth for each application, protecting it from interferences93

by other applications with hard-to-predict timing behaviour running on the same physical94

platform. CBS provides fine-grained control over container runtime and period, unlike the95

coarse-grained scheduling of SCHED_OTHER. CBS allows containers to be analysed in isolation,96

enabling modular scheduling, a key concept in compositional frameworks like CSF [53] and97

MPR [29]. This simplifies analysing system behaviour and supports incremental deployment.98

Also, CBS avoids the need for over-provisioning CPU resources to meet latency requirements,99

allowing tighter control of system utilisation. In contrast to user-space throttling mechanisms100

previously used to approximate real-time behaviour, CBS delegates resource enforcement to101

the kernel, reducing complexity in container orchestration environments.102

CBS is based on the Earliest Deadline First (EDF) scheduling algorithm and has been103

available in mainline Linux since version 3.14 through the SCHED_DEADLINE policy [41]. The104

mainline version of SCHED_DEADLINE works for general Linux threads, as well as virtualised105

workloads like QEMU/KVM virtual machines that create a Linux thread for each virtual CPU;106

hence, the host operating system (OS) can schedule the VM’s virtual CPUs by scheduling the107

corresponding threads. An out-of-tree patch is instead required [13] to schedule containers108

with SCHED_DEADLINE. The resource reservation and timing isolation features of the CBS109

and SCHED_DEADLINE are suitable to satisfy the corresponding needs of co-located containers;110

nevertheless, frameworks such as Ray lack support for SCHED_DEADLINE.111

The problem of employing SCHED_DEADLINE to schedule Ray workloads involves enabling112

Kubernetes (using KubeRay) to manage containers with SCHED_DEADLINE and integrating this113

real-time containerisation feature of Kubernetes with KubeRay. The real-time containerisation114

was proven to be practical by a state-of-the-art prototype [31] (called RT-Kubernetes).115

Nevertheless, this prototype introduced deep and invasive changes across multiple core116

components of the Kubernetes control plane (including the scheduler and kubelet), spanning117

many files. These modifications significantly complicate maintainability across different118

Kubernetes versions and require custom builds and non-standard deployment procedures,119

making the system difficult to maintain, debug, or update over time. Consequently, it only120

works with a single old version of Kubernetes (in conjunction with an old version of the121

Linux kernel) and does not address the integration with Ray.122

This paper. We make the following three contributions:123

We design and implement a new Kubernetes extension, called KubeDeadline, which124

extends Kubernetes to support SCHED_DEADLINE reservations while ensuring its compatib-125

ility with future versions of Kubernetes. To support a modular, portable, and maintainable126

real-time containerisation feature, we employ the Dynamic Resource Allocation (DRA) [6]127

framework provided by recent versions of Kubernetes. Our goal is to create a sustainable,128

easy-to-install real-time containerisation feature across Kubernetes versions. We design a129

real-time resource driver for Kubernetes, referred to as the Real-Time Dynamic Resource130

Allocator (RT-DRA), that (i) performs admission control on the existing nodes in the131

Kubernetes cluster to select a suitable node with sufficient resources and that (ii) employs132

the SCHED_DEADLINE scheduler to deploy containers.133

We integrate KubeDeadline with Ray through KubeRay, allowing the execution of Ray-134

distributed applications leveraging SCHED_DEADLINE reservations. This contribution is135

achieved by adapting the interface and core functionality of KubeRay to employ our136

KubeDeadline resource driver RT-DRA. Our modifications are general and, therefore,137

allow for the integration of any Kubernetes resource driver with KubeRay.138
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We present an experimental evaluation using synthetic task sets and a case study based on139

distributed machine learning inference to show the effectiveness of the proposed solution.140

2 Background141

Providing timing guarantees and CPU isolation of distributed applications using the Ray142

framework requires modifications across multiple levels, from the Linux kernel scheduler to143

the Ray framework itself, as well as the Kubernetes-based containerisation solution. The144

corresponding needed background is introduced in the following.145

2.1 The SCHED_DEADLINE scheduler of Linux146

The Linux kernel implements five different schedulers, which are queried in order, thus147

implicitly implementing a first level of priorities among them. The stop_machine scheduler is148

queried first, which is used for kernel facilities only, and it is not available to the user. Secondly,149

the kernel queries the SCHED_DEADLINE scheduler, which provides resource reservation based150

on the CBS and EDF algorithms (extensively discussed in the following). Then, the fixed-151

priority schedulers follow, SCHED_FIFO and SCHED_RR, which only differ by the fact that152

equal priority tasks are executed to completion in SCHED_FIFO while they are assigned a153

time quantum in SCHED_RR (similarly to weighted round robin). The last one is the general154

purpose scheduler, implemented by the SCHED_OTHER scheduling class.155

Most important to this work is SCHED_DEADLINE. It is a scheduler that implements the156

CBS resource reservation algorithm [11, 16] and is based on EDF scheduling, providing157

the assigned workload with the required CPU bandwidth and the worst-case CPU latency.158

SCHED_DEADLINE reservations enable timing isolation through a budgeting mechanism that159

relies on two key parameters that need to be configured for each reservation ri: the reservation160

budget Qi (also called runtime) and the reservation period Pi. Essentially, SCHED_DEADLINE161

implements a resource partitioning mechanism by supplying Qi time units to the workload162

running inside the reservation during each period of Pi time units. SCHED_DEADLINE functions163

as both a resource partitioning and a resource enforcement mechanism, ensuring that each164

workload receives no more than its guaranteed fraction of CPU capacity. This approach165

prevents a faulty or untrustworthy application within a reservation from impacting the timing166

behaviour of another application due to an overrun caused by a fault or a cyber-attack.167

The theoretical properties of SCHED_DEADLINE ensure that, if the reservation servers are168

schedulable, i.e., if each reservation can actually receive Qi time units every period Pi, the169

workload running inside each reservation ri is provided with a fraction of the overall CPU170

bandwidth αi and a bounded worst-case CPU delay ∆i, which are a function of the budget171

Qi and the period Pi. For example, when the reservation is scheduled by only a single core172

(as under partitioned multiprocessor scheduling), αi = Qi/Pi and ∆i = 2 · (Pi −Qi) [53].173

The workload running within the reservation can be general Linux processes, including174

QEMU/KVM virtual processors. A kernel patch to support hierarchical constant bandwidth175

servers [13] is instead required to manage containers. The patch implements a two-level176

scheduling hierarchy (named H-CBS [43] from now on). Hierarchical scheduling enables177

compositional analysis, the ability to analyse each container’s schedulability in isolation. This178

allows us to leverage existing analyses from real-time literature, avoiding the need to develop179

new analytical models from scratch. At the root of the hierarchy, the CBS as implemented by180

SCHED_DEADLINE schedules groups of tasks (named control groups, or cgroups, in the Linux181

jargon, recalled in the following). Then, a second-level scheduler based on fixed priorities182

(SCHED_FIFO or SCHED_RR) selects the highest-priority task in the cgroup. In more detail,183
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the root scheduler creates mi identical CPU reservations (scheduled by SCHED_DEADLINE184

on mi different CPU cores) all with runtime Qi and reservation period Pi; this multi-core185

reservation is often indicated as (Qi, Pi, mi). Note that there is no need to change the186

applications to be able to use SCHED_DEADLINE. Hence, the source code of the applications is187

not required [13, 31] (see [29] for more detail on how to configure these parameters). The188

reserved CPU time is shared among all the tasks included in the cgroup, and since containers189

are generally based on cgroups, this mechanism provides timing guarantees to containers.190

In other words, H-CBS allows assigning multiple computational activities to the same CPU191

reservation, while the vanilla SCHED_DEADLINE maps only a single task to each reservation.192

2.2 The SCHED_OTHER scheduler of Linux193

The SCHED_OTHER [2] policy is the default scheduling policy used in Linux for general-purpose,194

non-real-time tasks, that is implemented through a fair-share scheduler (CFS or EEVDF [55],195

depending on the kernel version; note that CFS is a variant of the Start Fair Queuing196

(SFQ) [34] algorithm, designed to approximate fair queuing behaviour for general-purpose197

operating systems). SCHED_OTHER is designed to fairly divide CPU time among all runnable198

tasks by tracking how much processor time each has used and distributing time slices199

accordingly. The scheduler uses a red-black tree to track runnable processes, ensuring that200

the process with the least virtual runtime is always selected next. This design aims to give201

every task a fair share of CPU access over time, regardless of when it becomes runnable.202

SCHED_OTHER does not offer guarantees about when or how quickly a task will execute.203

Instead, it ensures relative fairness, i.e., tasks are treated equally unless their nice value (a204

user-defined priority hint ranging from -20 to +19) suggests otherwise. A lower nice value205

increases a task’s likelihood of being scheduled sooner and more frequently, while a higher206

nice value means a lower priority for a task.207

The scheduler dynamically adjusts task priorities based on their CPU usage and nice levels.208

While SCHED_OTHER tasks can preempt one another, they are always preempted by higher-209

priority real-time tasks, such as those scheduled using SCHED_DEADLINE (see Section 2.1).210

By design, SCHED_OTHER tasks are scheduled only with the leftover CPU capacity, after211

all real-time tasks have been served [8]. This makes SCHED_OTHER unsuitable for real-time212

workloads, especially under high system load or interference.213

2.3 Control group files (cgroup)214

Control Groups (cgroups) is a Linux kernel feature that enables resource management215

by allocating, prioritising, and restricting system resources such as CPU, memory, I/O216

bandwidth, and network access among different processes or groups of processes.217

Cgroups organise processes into hierarchical groups, applying resource constraints through218

control group files located in the cgroup filesystem. For real-time scheduling, cgroups expose219

several configuration files, including:220

cpu.rt_period_us – Defines the real-time scheduling period (in microseconds). For221

example, a value of 1000000 in the file, means the scheduling period is 1 second.222

cpu.rt_runtime_us – Specifies the maximum CPU time allocated for real-time tasks223

within a period. For example, the file contents can be a value of 500000, which means224

the task can run for 0.5 seconds per scheduling period. This file is used to apply a single225

runtime allocation, meaning that it is valid for all CPUs.226

cpuset.cpus – Defines the specific CPU cores assigned to a group. For example, the file227

contents can be 0-3,5, which means the process can run on CPU cores 0, 1, 2, 3, and 5.228

ECRTS 2025



4:6 Enabling Containerisation of Distributed Applications with Real-Time Constraints

Kube 
scheduler

Ray head

Ray worker#1

Ray worker#2

Kube API

Ray head module

container
kubelet

Ray worker module

container
kubelet

Ray worker module

container
kubelet pod

pod

pod

pod

Kuberay API server

container

Figure 1 Ray architecture: The Ray head and Ray workers.

In the new version of the real-time Linux kernel used in our system, another cgroup file229

related to real-time scheduling is introduced, aligning well with our resource allocation needs:230

cpu.rt_multi_runtime_us – Unlike cpu.rt_runtime_us, cpu.rt_multi_runtime_us231

specifies individual runtime values for each CPU. Different from cpu.rt_runtime_us, it232

allows to selectively allocate budgets on a subset of the physical cores.233

The file format for specifying cpu.rt_multi_runtime_us follows a space-separated list,234

where each value corresponds to the real-time runtime for a specific CPU core in the235

system. For example, on a 4-core system, if CPUs 0 and 2 are assigned 200 microseconds236

of runtime, while CPUs 1 and 3 have no real-time allocation, the file contents are: 200 0237

200 0. We use this cgroup file for allocating runtime to applications.238

2.4 Kubernetes containerisation software stack239

While Kubernetes leverages specific kernel functionalities and mechanisms to implement240

containers, other components of the software stack run in user space. Kubernetes [3] executes241

containerised applications over a cluster of nodes divided between control and worker nodes.242

The former kind host the Kubernetes control plane, while the latter host containers in charge243

of effectively running the applications. The pod represents the basic execution unit and244

is formed by one or more containers, network connections, and storage. The Kubernetes245

architecture includes multiple microservices allocated on different cluster nodes.246

Kube-scheduler [4] is the default scheduling component of Kubernetes and plays a central247

role in determining where newly created pods are deployed within a cluster. It operates on248

the control plane and continuously monitors the Kubernetes API server for pods that do not249

yet have a node assignment. Once it detects such a pod, it initiates a scheduling cycle that250

involves two major phases: filtering and scoring.251

During the filtering phase, the scheduler evaluates each available node in the cluster252

to determine whether it meets the pod requirements. These include checks for sufficient253

CPU, memory, or other resource availability (e.g., a pod requesting 2 CPUs and 4GiB of254

memory will not be scheduled on a node with only 1 CPU or 2GiB free); compatibility255

with node and pod affinity/anti-affinity rules (e.g., a pod may require to be co-located with256

other pods running a specific microservice, or explicitly separated from them); toleration of257

taints applied to nodes (e.g., a node tainted with dedicated=gpu:NoSchedule only accepts258

pods with a matching toleration, ensuring it’s used exclusively for GPU workloads); and259

compliance with topology spread constraints (e.g., ensuring that pods of the same application260
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are evenly distributed across availability zones to improve fault tolerance). Nodes that do261

not meet all required criteria are excluded from consideration.262

In the scoring phase, the scheduler ranks the remaining eligible nodes by applying scoring263

functions. These are implemented as scoring plugins, each of which assigns a numeric score264

to every eligible node. The final decision is based on combined, weighted scores from multiple265

plugins. The node with the highest score is selected, and the scheduler communicates the266

decision to the API server by updating the pod specification to bind it to the chosen node.267

The scheduler is highly extensible. Kubernetes allows users to define custom scheduling268

policies or even write custom schedulers. This extensibility makes it possible to support269

specialised workloads and deployment strategies that are not addressed by default heuristics.270

Kubelet is the primary node-level agent and runs on every node in the Kubernetes cluster.271

Once a pod has been scheduled to a node, the kubelet is responsible for ensuring that the272

pod is actually created and maintained as specified. It retrieves the pod definition from273

the API server and communicates with the container runtime, typically via the Container274

Runtime Interface (CRI), to start and manage the container(s).275

The kubelet performs several critical tasks beyond container creation. It monitors the276

health of running containers, restarting them if necessary according to the specified restart277

policy. It reports the node and pod status back to the API server, which is essential for278

observability and control decisions made by the control plane. Additionally, it enforces279

resource constraints, such as CPU and memory limits, using the CRI. Upon startup, the280

kubelet registers its node with the Kubernetes API server, advertising its available resources281

and any attached labels. This metadata is then used by the scheduler for pod placement.282

Overall, the kube-scheduler and kubelet form a tightly integrated loop within the Kuber-283

netes control and execution planes. The kube-scheduler makes placement decisions based284

on a global view of the cluster state, while the kubelet ensures local enforcement of those285

decisions and continuously manages the operational lifecycle of containers.286

Container runtimes. As mentioned, the kubelet manages the lifecycle of pods on its287

worker node by interacting with a high-level CRI, such as containerd or cri-o, to manage288

container lifecycles. These, in turn, use a low-level container runtime, referred to as Open289

Container Initiative (OCI), like runc or crun, and monitor the health status of containers.290

containerd (considered in this work) is an industry-standard runtime that manages the291

lifecycle of containers. It is responsible for pulling container images, managing container292

storage, networking, and supervision. It acts as an abstraction layer between the higher-level293

container orchestration tools, such as Kubernetes, and the lower-level runtime components,294

such as runc. The latter is a lightweight, low-level container runtime that creates and runs295

containers according to the OCI specifications. It is responsible for starting containers and296

configuring their resource limits, namespaces, and other low-level settings. runc operates297

under the control of high-level container runtimes to run containers on a host.298

Default resource allocation of Kubernetes. By default, Kubernetes schedules containers299

using the Linux SCHED_OTHER scheduler. CPU usage is controlled via Linux cgroups using two300

key parameters: cpu.cfs_quota_us and cpu.cfs_period_us. These define the maximum301

amount of CPU time a container is allowed to consume within a given period and are used302

to enforce upper bounds on CPU usage. However, this quota-based control does not provide303

any temporal guarantees or strict isolation.304

To better manage resource allocation and prioritisation, Kubernetes classifies pods into305

three Quality of Service (QoS) classes: BestEffort, Burstable, and Guaranteed [7]. These306

classes are determined by how CPU and memory requests and limits are specified in the307

pod resource configuration. BestEffort pods declare no resource requests or limits and are308
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scheduled only when spare capacity is available, offering no performance guarantee. Burstable309

pods specify both resource requests and limits, with the limit higher than the request.310

Kubernetes guarantees the requested amount, but the pod may use additional resources up311

to its limit when resources are available. Guaranteed pods define equal values for requests312

and limits, receive the highest scheduling priority, and may be assigned dedicated CPU cores.313

However. this setup does not provide formal real-time guarantees at the kernel level.314

Memory is managed in a similar fashion, with upper bounds enforced via cgroups. However,315

specifying memory requests and limits does not inherently prevent memory overcommitment316

unless explicitly configured through eviction policies or node-level settings. For GPUs,317

Kubernetes relies on device plugins to advertise GPU resources and uses node labelling and318

resource requests to place pods on GPU-enabled nodes.319

To support more advanced resource types and customisable scheduling policies, Kubernetes320

introduced the Device Resource Assignment (DRA) framework. DRA enables external plugins321

to influence scheduling and resource provisioning decisions, allowing the system to support322

heterogeneous resources like GPUs or FPGAs. We discuss DRA in more detail in Section 3.2.323

Users interact with Kubernetes through control nodes using the kubectl command, which324

performs common cluster operations. Components like pods are typically defined in YAML325

manifests and deployed with kubectl.326

2.5 Ray and KubeRay327

Ray [48] is an open source framework for building and scaling distributed applications, which328

is also popularly used for distributed training and inference of AI algorithms (used by OpenAI,329

Netflix, ByteDance, and Uber [9, 58, 59], among others). It consists of two fundamental330

classes of nodes: the head node, which is responsible for the coordination, scheduling, and331

management of a cluster of nodes, and a set of Ray worker nodes, which are in charge of332

performing the actual execution and sending the results back to the head node. We consider333

the KubeRay variant of Ray—an open-source project that integrates Ray with Kubernetes334

and simplifies the management of Ray clusters using the Kubernetes orchestration features.335

In this context, the challenge of leveraging SCHED_DEADLINE to schedule Ray workloads336

involves making KubeRay compatible with Kubernetes, which we address in Section 4. The337

interaction between Ray and Kubernetes when using KubeRay is graphically shown in338

Figure 1. In the context of Kubernetes, the Ray head node and Ray worker nodes are, in fact,339

pods. We use the term node to refer to a node in a Kubernetes cluster, and Ray head and340

Ray worker to refer to the head node and worker nodes in a Ray cluster, respectively. The341

Ray Head manages and distributes the workload among the Ray workers. To create the Ray342

head and workers, a YAML manifest with the required configuration for the Ray head and343

workers must be submitted through kubectl. The API server of KubeRay translates this to344

pod configurations and sends it to the kube-scheduler, the Kubernetes component responsible345

for selecting the appropriate Kubernetes cluster node to deploy pods. Kube-scheduler creates346

pod scheduling contexts using the configuration of the Ray head and workers to deploy pods.347

To leverage the capabilities of SCHED_DEADLINE, various components as well as configura-348

tion parameters, need to be modified, as discussed in the following section.349

3 KubeDeadline: system architecture and real-time container350

deployment351

Extending Kubernetes in a way that makes it compatible with SCHED_DEADLINE reservations352

involves addressing three key technical challenges:353
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C1 It must be possible to specify reservation capabilities (namely, SCHED_DEADLINE’s para-354

meters budget and period, and a number of cores) related to each container.355

C2 The kubelet, which runs on each worker node and is in charge of activating the containers,356

must be modified to interact with the Linux kernel API of SCHED_DEADLINE and control357

groups to set the budget and period of the container.358

C3 The kube-scheduler must be extended to make the container-to-node placement aware of359

the SCHED_DEADLINE admission control logic (based on CBS’s theoretical analysis).360

3.1 Design overview361

Design Alternatives. Each of these challenges can be addressed in different ways.362

The easiest way to address C1 is by requiring a non-backward compatible modification363

of the manifest file of the pod by adding new fields to specify the period, budget, and364

number of cores assigned to a pod. The manifest is used by the Kubernetes API server365

with the kubectl command line tool, which communicates with the Kubernetes scheduler366

to choose a worker node for the container and pass the content of the manifest. While the367

benefit of this solution is simplicity, it makes the approach not-retro-compatible because368

Kubernetes must be modified to parse additional fields of the (YAML) manifest file. To avoid369

retro-compatibility issues, it is possible to use annotations in the pod manifest file, which370

still would not provide any indication to Kubernetes on how to use the specified parameters,371

addressing C1 only.372

To address C2 and C3, the easiest solution is to patch Kubernetes by directly modifying373

its codebase. However, this method has the drawback of binding the Kubernetes real-time374

extension to a single Kubernetes version, making forward compatibility bound to keeping the375

patches up to date. This approach was followed in a prototype developed in [31], for which376

no updated patches have been provided, making the prototype compatible only with old377

versions of Kubernetes and the Linux kernel [31]. Conversely, we are interested in a modular378

solution that makes the extension portable to future versions of Kubernetes. To address C3,379

it is possible to implement a scheduler plugin [5]. Nevertheless, this option would still not380

allow for a uniform solution to address all three technical challenges.381

A holistic, DRA-based, solution. The three challenges can all be addressed by using382

Kubernetes’ Dynamic Resource Allocation (DRA), a mechanism for requesting and sharing383

resources between pods and containers inside a pod. DRA generalises the persistent volumes384

API for generic resources and has been used, for example, to enable more flexible control385

over GPU sharing across Kubernetes pods [6].386

In the first step, our goal is to create a resource driver using Kubernetes DRA that deploys387

containers compatible with the SCHED_DEADLINE scheduler in Linux by defining a budget,388

period, and number of cores of the reservation servers directly through the Kubernetes API389

server. We call this resource driver RT-DRA. The driver must first select a node within the390

Kubernetes cluster that has cores available and sufficient bandwidth to accommodate the391

container (challenge C3). Once a suitable node is identified, the required cores are assigned to392

the container using a placement algorithm, such as best-fit or worst-fit decreasing algorithms,393

which previous work found to work particularly well in this context [14]. Ultimately, we394

expect the scheduling requirements to be applied by creating cgroup files for the container395

on the selected node, specifying the reservation parameters accordingly.396

Hierarchical scheduling and system model. Making Kubernetes compatible with397

SCHED_DEADLINE gives rise to a hierarchical scheduling framework, shown in Figure 2. A first398

scheduling layer involves containers, encapsulated in SCHED_DEADLINE reservations, which399
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Figure 2 Overview of the hierarchical scheduling framework obtained with KubeDeadline on
each node.

are scheduled by the SCHED_DEADLINE scheduler of Linux leveraging the CBS and EDF400

algorithms. On the other hand, SCHED_DEADLINE-enabled containers implement a virtual401

processor abstraction for the workloads running within each container, associated with a402

reservation ri. Each reservation ri is characterised by a budget, period, and assigned number403

of cores—the (Qi, Pi, mi) triplet, which translates to a guaranteed CPU bandwidth αi and a404

maximum CPU delay ∆i [53]. Each container implements a second level of scheduling, in405

which each task τj is executed by leveraging a fixed-priority scheduling mechanisms (leveraging406

the SCHED_FIFO and SCHED_RR scheduling classes of Linux). The proposed framework does407

not constrain the activation pattern (e.g., periodic, sporadic) and deadline (arbitrary) of each408

task τi, but requires assigning each task a priority according to fixed-priority scheduling.409

Schedulability in the hierarchical scheduling system. A set Ri of CBS reservations410

allocated to core ci is guaranteed to be schedulable if it verifies the EDF utilisation test [11,44]:411

412 ∑
ri∈Ri

Qi

Pi
≤ 1. (1)413

In practical Linux systems, this admission test is slightly modified to ensure the CPU core414

reserves a 5% capacity for housekeeping activities (i.e., the right-hand-side bound is set415

to 0.95). In this context, the schedulability of reservations means that they can correctly416

deliver Qi time units of budget every Pi, guaranteeing the corresponding bandwidth αi417

and CPU latency ∆i. Schedulability of workloads running in the reservations must also be418

guaranteed. Given the H-CBS hierarchical scheduling framework considered in this work,419

fixed-priority schedulability analysis under limited resource supply can be used. State-of-the-420

art methods are available to select suitable values of parameters (Qi, Pi, mi) that guarantee421

schedulability [20, 29, 42] based on the timing parameters of the workloads running inside422

the reservations (execution times, periods etc.). Methods to estimate them are available in423

literature in case they are not known [15,27], as it can happen for dynamic workloads.424

KubeDeadline approach. To begin, we introduce basic concepts related to DRA. Then, we425

describe the development of RT-DRA and how it prepares resources using SCHED_DEADLINE. In426

the last step, we explain how container runtimes are adapted to deploy the real-time containers.427

The integration of RT-DRA and the adapted container runtimes within Kubernetes form our428

extended version of Kubernetes, which we refer to as KubeDeadline. The realisation of the429

approach is detailed next. Fig. 3 shows an overview of the extension.430
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Figure 3 KubeDeadline: resource preparation flow, from pod specification to cgroups

3.2 Kubernetes DRA431

The DRA framework was introduced to overcome limitations in how Kubernetes handles432

specialised hardware or non-standard resources. DRA provides a dynamic, extensible433

mechanism that enables Kubernetes to negotiate and allocate custom resources like FPGAs434

or GPUs during pod deployment. It is particularly useful for workloads that need fine-grained435

control over resource parameters that Kubernetes cannot natively express. That is, the436

Kubernetes DRA allows creating custom resource definitions (CRD) not originally supported437

by Kubernetes. To create a new resource type, we must define two key concepts:438

ResourceClass – Defines the custom resources that a container can request. It specifies439

how the parameters for a resource should be configured.440

ResourceClaim – Represents a request for a resource by a container. It refers to a441

specific ResourceClass and requests an instance of that resource for the container.442

Kubernetes interacts with the resource driver through its two main components: the cent-443

ralised controller and the kubelet-plugin. These components have specific predefined444

interfaces to maintain adaptability and compatibility with Kubernetes. These functions are445

designed to be general, meaning that their actual implementation heavily depends on the446

specific type of resource being integrated into Kubernetes.447

The centralised controller selects the most suitable node within the Kubernetes cluster448

that can meet the container resource requirements and must allocate resources to claims.449

The kubelet-plugin prepares the allocated resources by producing and forwarding450

the allocation information in the form of a Container Device Interface (CDI)—a standard451

mechanism that allows specifying device-specific parameters and configurations for containers—452

to the kubelet of the corresponding node. This component is specific to each node.453

The centralised controller and kubelet-plugin communicate with each other through Node454

Allocation State (NAS) that maintains the information of the node, such as resources455

allocated to the claims. This component is specific to each node.456

When a user submits a pod that includes a ResourceClaim, the kube-scheduler contacts457

the DRA centralised controller, as specified in the ResourceClaim, to find a suitable node.458

The controller checks each node’s NAS to see if the resource is available. Once a node is459
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selected, the controller updates the NAS to record the allocation and allow the kubelet-plugin460

to access the information. The kubelet-plugin on the selected node reads the allocation state461

from the NAS and generates a CDI file, which is also recorded in the NAS. The kubelet462

then reads the CDI and passes it (currently in the form of pod annotations) to the container463

runtime so that the container can be created and access the requested resource.464

3.3 Implementing ResourceClass and ResourceClaim for RT-DRA465

We defined a ResourceClass for RT-DRA called rt.kubedeadline.io, which spe-466

cifies the parameters for real-time CPU reservation and is registered with API group467

rt.resource.kubedeadline.io following DNS-style naming conventions in Kubernetes.468

A real-time ResourceClaim is a request for a specific RT-DRA resource and contains three469

attributes: count, runtime, and period, which denote the number of cores mi, the budget470

Qi, and the period Pi, respectively.471

The configurations in Figures 4a, 4b, and 4c illustrate how a real-time container is deployed472

using RT-DRA. To request a real-time resource, designers must define a resourceClaim,473

as shown in Figure 4a. In Figure 4b, the ResourceClaimParameters define the scheduling474

parameters, including count, runtime, and period. Each ResourceClaimParameters must475

have a unique name (line 11, Figure 4a), which allows the corresponding ResourceClaim476

to reference it (line 4, Figure 4b). Here, the name is rtclaimparams. In this example, two477

cores are requested, each with a runtime of 100 and a period of 1000 time units.478

The ResourceClaim must have a name and specify its associated ResourceClass by479

referencing resourceClassName, which should be set to rt.kubedeadline.io, as pre-480

viously mentioned. Additionally, it defines parametersRef, which includes a reference481

(rtclaimparams) to the claim parameters—containing the requested scheduling parameters482

defined before—along with apiGroup, which is set to rt.resource.kubedeadline.io.483

As shown in Figure 4c, to deploy the real-time container, it must be encapsulated within484

a pod, as it is the smallest deployable unit in Kubernetes and containers cannot run outside485

the scope of a pod. Additionally, all resource claims must be referenced in the scope of the486

pod and then used by the containers. Here, the pod references the required ResourceClaim487

by name (rtclaim) and sets a name for this reference (rtcpu, line 9). The container inside488

the pod (ctr0) then associates itself with the claim by referencing the name rtcpu. Each489

container can have at most one claim, as shown in line 17.490

Pods, resource claims, and parameters are defined in YAML format, stored together or491

separately, and deployed with the kubectl command.492

3.4 Node Allocation State (NAS) of RT-DRA493

The Node Allocation State (NAS) is in charge of maintaining the information state of each494

node and allowing the centralised controller and the kubelet-plugin to communicate. It stores495

the following data:496

Allocated claims: Maintains a mapping of CPU core IDs to resource claims. Each497

claim has a unique name and ID. The centralised controller writes this mapping to the498

NAS after an allocation, enabling the kubelet-plugin of the corresponding node to read499

it and generate the necessary CDI devices, which describes the necessary device-specify500

configurations of containers.501

Allocated utilisation: Tracks the current utilisation of each CPU core across all502

nodes. This value is updated by the centralised controller after every allocation or503



N. Samimi, L. Abeni, D. Casini et al. 4:13

1 apiVersion : resource .k8s.io/ v1alpha2
2 kind: ResourceClaim
3 metadata :
4 name: rtclaim # Name for the resource claim template
5 spec:
6 spec:
7 resourceClassName : rt. kubedeadline .io
8 parametersRef :
9 apiGroup : rt. resource . kubedeadline .io

10 kind: RtClaimParameters
11 name: rtclaimparams # reference to resource claim parameters

(a) Defining resource claims
1 apiVersion : rt. resource . kubedeadline .io/ v1alpha1
2 kind: RtClaimParameters
3 metadata :
4 name: rtclaimparams # Name of the claim parameters
5 spec:
6 count: 2 # Number of CPUs
7 runtime : 100
8 period : 1000

(b) Resource claim parameters

1 apiVersion : v1
2 kind: Pod
3 metadata :
4 name: pod0
5 labels :
6 app: pod
7 spec:
8 resourceClaims :
9 - name: rtcpu # Name of the resource claim

10 source :
11 resourceClaimName : rtclaim # Reference to resource claim
12 containers :
13 - name: ctr0
14 image: example : latest
15 resources :
16 claims :
17 - name: rtcpu # Resource claim reference for this container

(c) Pod configuration

Figure 4 Overview of deploying a pod with a container configured to use a resource claim

deallocation to reflect the real-time CPU usage across nodes. It stores essential data that504

is used to ensure a feasible allocation allowing to satisfy real-time constraints [41].505

Prepared claims: Stores the claim IDs that have been prepared by the kubelet-plugin506

and are ready for allocation, or removes the claim IDs that are unprepared.507

3.5 Preparing resources with RT-DRA508

Next, we describe the behaviour of RT-DRA during the deployment of a pod requesting509

real-time resources (e.g., the pod in Figure 4b), as described in Algorithm 1 and as shown510

in Figure 3. Each step of the algorithm describes the functionality of a main component in511

RT-DRA (centralised controller and kubelet-plugin). Components of RT-DRA communicate512

with different components in Kubernetes. Hence, the described procedure must comply with513

Kubernetes DRA specifications to ensure compatibility with Kubernetes without requiring514
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any modifications to the core functionality of Kubernetes itself.515

Input and output. The input consists of the scheduling context for a pod P with a resource516

claim C. This claim includes parameters such as the budget, period, and number of cores517

that can be allocated to the pod. These parameters serve as constraints that guide the518

allocation process. The desired output is the CDI devices generated by the kubelet-plugin.519

For example, for parameters in Figure 4b, the CDI devices may be represented as a string520

of rtcpu-runtime=100-period=1000-CPUSET=0,1, where 0 and 1 are IDs of the allocated521

cores. However, if the requested resources by the pod are not available, i.e., there is no node522

with sufficient resources, no CDI devices are returned.523

Algorithm 1 Preparing resources with RT-DRA using SCHED_DEADLINE

Input : Scheduling context for pod P with resource claim C=(runtime, period,
count), a vector CBW of consumed bandwidths of all cores, whose
elements are denoted by CBW [ID] where ID is the core identifier

Output : CDI devices

1 Step 0: Input validation with centralised controller
2 Step 1: Node allocation with centralised controller
3 Receive the set N of available nodes from the Kube scheduler.
4 foreach node n ∈ N do
5 BW ← CBW

6 bw ← runtime/period
7 selected_core_IDs← find_by_admission_test(n, bw, count)
8 if selected_core_IDs is empty then
9 continue

10 foreach ID in selected_core_IDs do
11 BW [ID]← BW [ID] + bw

12 Notify the Kube scheduler of the selected node n

13 CBW ← BW

14 Record allocation details in the Node Allocation State (NAS)
15 Exit loop
16 Step 2: Preparing resources using kubelet-plugin
17 Read allocation state for claim C from the NAS.
18 Generate CDI devices.
19 Forward CDI devices to the kubelet of the corresponding node.

Step 0: Input validation with centralised controller. First, we ensure that the524

requested resource class matches the name rt.kubedeadline.io, the requested parameter525

names are count, runtime, and period, and their values are valid for real-time resources.526

Specifying extra fields for parameters or missing one field generates an error (Line 1).527

Step 1: Node allocation with centralised controller. In this step, the Kubernetes528

scheduler provides a list N of available nodes to the centralised controller of the RT-DRA at529

Line 4 (to avoid the interference of real-time containers on non-real-time containers, it is530

possible to schedule real-time containers on dedicated nodes using Kubernetes taints and531

tolerations). RT-DRA iterates on each node n ∈ N to determine whether the node can532

accommodate all claims for the pod P . For each node, a search based on the admission test533

of Equation (1) is performed to find a set of cores to accommodate all requested reservations.534

Partitioning strategies such as worst-fit or best-fit are used. The partitioning strategy is535
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specified at the RT-DRA startup and, once specified, it cannot be changed. These operations536

are implemented by the find_by_admission_test function in Algorithm 1.537

Before initiating the admission test on a node, the consumed bandwidths of the cores are538

copied from the NAS. This ensures that the NAS is updated for deterministic allocations.539

The admission test searches for cores that can accommodate all reservation servers within a540

claim and returns a list of IDs from the selected cores. If the admission test fails, the list will541

be empty. At Line 8, if the list is empty, the loop will be skipped to check the next node.542

If the search is successful, the copy of the cores’ bandwidths BW is updated to include543

the new values of the allocated reservations, i.e., bw (Line 10). The centralised controller544

notifies the Kubernetes scheduler (Line 12) and records the allocation details in the NAS545

in Line 14. This step concludes by logically assigning the pod to the selected node, but no546

actual resource allocation takes place at this point. If none of the nodes meets the condition547

for scheduling a pod, the pod will not be scheduled, and the pod will stay in a pending state548

until the request to deploy the pod is deleted by Kubernetes or a node becomes available.549

Step 2: Preparing resources using kubelet-plugin. The kubelet-plugin of the selected550

node receives the resource claim C from the Kubernetes scheduler, and the Kubelet-plugin551

on the designated node retrieves the allocation state, that is, IDs of the allocated cores,552

from the NAS (Line 17). The kubelet-plugin then generates CDI devices based on the claim553

parameters and IDs of the allocated cores (Line 18).554

3.6 Deployment of real-time containers with container runtimes555

After the CDI devices are prepared by the RT-DRA and sent to the kubelet, the kubelet556

forwards the CDI devices to containerd without making any changes. Until Kubernetes557

receives the CDI devices, the pod stays in the pending state.558

containerd supports Container Device Interface (CDI) devices; however, it lacks the559

capability to decode CDI devices generated by RT-DRA. To address this, we modified560

containerd to properly parse these CDI devices and extract the real-time scheduling561

parameters, runtime, period, and number of cores. containerd already defines internal562

variables for the real-time scheduling parameters. Since these variables are natively supported,563

no modifications were necessary to their definitions. Instead, our modification enables564

containerd to extract the corresponding values from the CDI device metadata and assign565

them to these pre-existing variables.566

We made a minimal modification to the containerd codebase, adding a total of 19 lines567

of code in a single file. These changes introduce a helper function that extracts the number568

of cores, runtime, and period values from the CDI device information embedded in the pod569

annotations by the kubelet. If containerd detects real-time scheduling parameters in the570

CDI, it invokes the helper function and applies the extracted values for real-time scheduling.571

Otherwise, it treats the container as a standard non-real-time workload and schedules it with572

SCHED_OTHER (the default, general purpose scheduler of Linux). By default, containerd573

transmits these parameters to runc during container deployment.574

runc natively defines and accepts the real-time scheduling parameters, runtime, period,575

and number of cores from containerd. Additionally, runc supports the creation of576

cpu.rt_period_us, a cgroup file that specifies the real-time scheduling period.577

However, runc does not currently support the creation of cpu.rt_multi_runtime_us, a578

feature available in real-time kernels that allows for more flexible real-time execution across579

multiple CPUs. To address this, we introduced a custom function in runc that uses the580

number of cores and runtime to generate and configure the cpu.rt_multi_runtime_us581
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file. This enhancement1 in runc allows creating cpu.rt_multi_runtime_us instead582

of cpu.rt_runtime_us when real-time scheduling parameters are present. Note that583

cpu.rt_runtime_us is not currently used by Kubernetes.584

We modified approximately 116 lines of code across two files in runc. In one file, we585

introduced two small helper functions to read from and write to the cpu.rt_runtime_us586

values in the parent cgroups when a container is being created. This step is necessary to587

enable nested real-time (RT) cgroups, as the Linux kernel requires that a child cgroup runtime588

does not exceed runtime of its parent.589

These helpers were integrated into the existing function that configures real-time cgroup590

parameters for the container (e.g., cpu.rt_period_us and cpu.rt_runtime_us). We up-591

dated this logic to additionally first invoke the functions that update the runtime of parent592

directories and then handle the cpu.rt_multi_runtime_us for the container. In a second593

file, we added a function to handle destroying the container, which is called from within the594

destroy function. This cleanup step identifies the container runtime and recursively removes595

it from all parent cgroups to avoid accumulated values in the runtime of parent directories.596

After runc could successfully create the cgroup files, the resource allocation process597

is finalised, the pod P is created and its state changes to running (see Figure 3 for the598

connection among the different components of KubeDeadline).599

Maintenance of containerd and runc. The non-invasive and lightweight modifications in600

containerd and runc poses no maintainability issues 2. No external libraries were introduced;601

all additions rely solely on standard Go libraries or existing internal libraries within each tool.602

The added code paths are only triggered when real-time annotations are explicitly present,603

ensuring that default container creation remains unaffected. Due to the minimal footprint,604

the changes are safe to remove or upstream if needed. Importantly, these modifications do605

not introduce any new dependencies or require additional build steps. Both containerd606

and runc continue to build using their standard pipelines, without the need for custom607

toolchains or specific build scripts. All modified components are made open source to support608

transparency, reproducibility, and development.609

4 Using KubeDeadline in KubeRay610

As shown in Figure 1 and discussed in Section 2.5, KubeRay consists of two key classes of611

pods: the Ray head, which is in charge of coordinating and distributing the workload to a612

cluster of Ray workers, and a set of Ray workers, in charge of executing the workload and613

sending back the results. By default, KubeRay provides a customised API for specifying614

resource and configuration values for the Ray head and Ray workers. The KubeRay API615

server is responsible for translating resource specifications (such as CPU and memory)616

provided via the KubeRay API into Kubernetes pod specifications, ensuring that the Ray617

head and worker nodes are properly scheduled within the cluster.618

Although Kubernetes natively supports resource claims for custom-defined resources (i.e.,619

resources not included by default, such as FPGA or specialised hardware accelerators), the620

KubeRay API currently accepts standard resource types only, including CPU (default Linux621

scheduling policies), memory, and GPU. As a result, when attempting to schedule Ray head622

1 Modifications in runc extend beyond KubeDeadline, enabling support for general Linux cgroups
(cpu.rt_multi_runtime_us); we plan to submit them for future runc versions.

2 We forward-ported our changes to the latest versions of containerd and runc, in approximately 10
minutes.
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and Ray worker pods with custom resource claims defined in DRAs, KubeRay does not623

recognise these claims and cannot propagate them to the Kubernetes DRA.624

We enabled KubeRay to deploy Ray head and worker pods using the SCHED_DEADLINE625

scheduler. This required modifying KubeRay to recognise and manage resource claims,626

ensuring they are correctly propagated to Kubernetes similar to standard resource requests.

1 headGroupSpec :
2 rayStartParams : {}
3 template : #Pod template
4 spec:
5 resourceClaims :
6 - name: rt -head
7 source :
8 resourceClaimName :

rtclaim
9 containers :

10 - name: ray -head
11 resources :
12 claims :
13 - name: rt -head

(a) Head Group Specification

1 workerGroupSpecs :
2 rayStartParams : {}
3 template : #Pod template
4 spec:
5 resourceClaims :
6 - name: rt - worker
7 source :
8 resourceClaimName :

rtclaim
9 containers :

10 - name: ray - worker
11 resources :
12 claims :
13 - name: rt - worker

(b) Worker Group Specification

Figure 5 Ray configuration

627

Hence, we modified the KubeRay API (YAML interfaces) by introducing Claim in the628

list of resource definitions. Claim consists of a name and a resource, allowing KubeRay to629

recognise and process resource claims. As a result, when a claim is specified for the Ray630

head and worker in YAML configurations, the KubeRay API can correctly interpret and631

accept it. API server is also modified to receive the claims from the API and propagate them632

to Kubernetes. Since Kubernetes already natively supports resource claims, no additional633

redefinition of these claims is required at the Kubernetes level. Finally, the claims will be634

processed by the Kubernetes DRA. These modifications are not specific to RT-DRA and635

allow KubeRay to be used with other types of resources defined within custom DRAs.636

Deploying Ray head and worker with real-time resources. Figures 5a and 5b show637

the configurations for deploying Ray components, i.e., Ray head and Ray worker. Claiming638

reservation servers for Ray components is similar to the normal pod deployment shown in639

Figure 4c. As shown, Ray head is referencing the resourceClaim named rt-head and Ray640

worker is referencing a resourceClaim named rt-worker. Both rt-head and rt-worker are641

referencing a resourceClaim named rtclaim which is defined as in Figure 4a and Figure 4b.642

5 Experimental evaluation643

We conducted extensive empirical experiments to validate our KubeDeadline and evaluate its644

effectiveness. We performed three sets of experiments. First, we provide a proof of concept645

to validate KubeDeadline and the RT-DRA by showing that they can deploy containers646

using the SCHED_DEADLINE scheduler according to the given runtime, period, and number647

of cores. Second, we measure the overhead introduced by the RT-DRA. Third, we evaluate648

the modified KubeRay in a case study focusing on two deep-learning models for image649

classification: MobileNet [36] and EfficientNet [57]. We measure the response times of650

the image classification models under various configurations with real-time workloads in651

KubeDeadline containers.652
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Experimental setup. The experiments were conducted on a cluster composed of two653

identical servers equipped with an Intel Xeon E3-1240 V2 processor. This processor has654

4 physical cores (no hyper-threading), each with a base clock speed of 3.40 GHz and a655

maximum frequency of 3.8 GHz. The system supports 32-bit and 64-bit modes. The server656

is configured with 32 GB of DDR3 RAM, running at 1600 MHz. The server runs a real-time657

Linux kernel version 5.15.105 equipped with the H-CBS patch [13].658

5.1 KubeDeadline Evaluation659

Figure 6 Experimental CDF of the response times of all the tasks of 150 task sets with utilisation
ranging from U = 0.6 to U = 2.0 and a number of tasks ranging from N = 4 to N = 12.

In the first set of experiments, we evaluate the effectiveness of our approach for sets of660

synthetic periodic real-time tasks with implicit deadlines. We generated 150 task sets with661

utilisation ranging from U = 0.6 to 2.0 and a number of tasks ranging from 4 to 12 using the662

RandFixedSum algorithm [30]. We assigned the scheduling parameters (budget, period, and663

number of assigned cores) based on the Multiprocessor Periodic Resource (MPR) real-time664

analysis [29] using the CARTS tool [50].665

The MPR theory guarantees that these scheduling parameters allow respecting deadlines666

of all containerised tasks. Therefore, by showing that, under KubeDeadline, every task667

experiences response times always smaller than its period (implicit deadlines), we empirically668

verify the correctness of our solution. To summarise the response times of all tasks in a single669

figure, the normalised response time (response time divided by the task period) has been670

used: if the normalised response time is smaller than 1, then the deadline requirement is671

met; otherwise, it is violated.672

Figure 6 displays the experimental Cumulative Distribution Function (CDF) derived by673

all the normalised response times of all the tasks of all the task sets (more than 275000674

samples). The KubeDeadline line represents the CDF of the normalised response times675

experienced with KubeDeadline when properly-designed reservations are used, while the676

“Vanilla” line represents the CDF of the normalised response times experienced with a677

standard Kubernetes. The figure shows that the KubeDeadline CDF reaches 1 for a value of678

the normalised response time smaller than 1 (0.9998), indicating that no deadline has been679

missed, while the Vanilla Kubernetes CDF reaches 1 for a value of the normalised response680

time larger than 1 (about 2.27), indicating that a standard Kubernetes (using the standard681

SCHED_OTHER Linux scheduler) is not able to respect all the tasks’ deadlines.682
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5.2 RT-DRA Overhead683

As mentioned earlier, RT-DRA includes the two main components centralised controller and684

kubelet-plugin. Hence, we measured the timing overhead of each component in deploying a685

pod. We repeated this measurement over 20 pods, where each container claims one to four686

cores. The minimum, maximum, and average time overhead of centralised controller are 2687

ms, 466 ms, and 48.5 ms, respectively, and for kubelet-plugin are 1.96 ms, 52.66 ms, and688

6.2 ms. Histograms of the time overhead of the centralised controller and kubelet-plugin689

are shown in Figure 7a and Figure 7b, respectively. Note that overhead occurs only during690

container deployment, not during application execution. Thus, it is deemed acceptable.691

The kubelet-plugin performs a constant-time operation involving CDI data generation,692

resulting in O(1) complexity. In contrast, the centralised controller evaluates resource693

allocation across all cluster nodes and performs admission tests on each node, yielding a694

complexity of O(n · c), where n is the number of nodes and c is the number of cores per node.695
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(a) Time overhead of the centralised controller com-
ponent of RT-DRA.
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(b) Time overhead of the kubelet-plugin component
of RT-DRA.

Figure 7 Time overhead of the centralised controller and kubelet-plugin components of RT-DRA.

696

5.3 KubeRay with real-time containers697

In this experiment, we focus on comparing, in the context of a case study, the performance of698

KubeRay extended to support SCHED_DEADLINE with the vanilla KubeRay, which schedules699

threads with the default SCHED_OTHER scheduling class of Linux, designed for general-purpose700

applications. The purpose of this experiment is to demonstrate the advantage of real-time701

containers over non-real-time containers under background workload, highlighting the added702

value of real-time support in Kubernetes and KubeRay.703

Evaluation metric. We aim to evaluate the impact of real-time scheduling on application704

response times, demonstrating how it enhances deadline guarantees and enables support705

for tighter deadlines. Instead of defining explicit deadlines, we assess the system capability706

by measuring the achievable frame rate, i.e., frames-per-second (FPS). In video inference707

workloads, each inference corresponds to one video frame and should complete within a708

soft deadline to ensure smooth streaming/processing. Since FPS = 1/deadline, higher FPS709

implies the system is able to meet shorter per-frame deadlines, which in turn implies improved710

responsiveness and service quality. Minimum FPS reflects the worst-case response time711

observed during execution; a higher minimum FPS corresponds to a lower and more predict-712

able worst-case response time. Average FPS represents the overall system performance713
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under typical conditions, such as interference from background workload.714

As a case study, we consider a machine-learning-based image classification application.715

We used a MobileNet model [36] and an EfficientNet model [57] pre-trained on the ImageNet716

dataset for image classification. We processed a dataset of 5000 individual images, sequentially717

running inference on images to emulate frame-by-frame processing in a video stream. This718

approach allowed us to measure the processing time per image per different CPU allocations.719

To manage and execute this task, we used Ray jobs (a Ray job creates a Ray cluster by720

deploying a head node and worker nodes and runs the application, e.g., running MobileNet721

or EfficientNet inference on the ImageNet dataset), which enables creating and managing722

a Ray cluster and submitting individual tasks to the Ray cluster. We allocate a specific723

amount of CPU and memory to the Ray head and workers to observe how different resource724

configurations affect the response times of the inference tasks for each image.725

In all experiments, whether using KubeDeadline or Vanilla Kubernetes, we introduce a726

CPU-intensive background workload, such as an additional Ray job, to create interference.727

This background workload is carefully configured to ensure that the main Ray job under728

evaluation receives its full requested CPU and memory resources. The background workload729

is scheduled using SCHED_DEADLINE. The background workload is distributed across CPU730

cores in a way that ensures each Ray component, both the head and the workers, receives its731

full requested CPU allocation from a single core, without requiring execution across multiple732

cores. This setup preserves core-locality and avoids migration overhead. For instance, in733

a system with two CPU cores, if the Ray head requests 80% of a core and the Ray worker734

requests 20%, we configure the background load such that one core remains fully available735

(100%) for the Ray head, while the other core is only 60% utilised by background tasks,736

leaving 40% free for the Ray worker.737

In the first experiment, we processed images sequentially with MobileNet, running738

inference on one image at a time. This setup placed the entire workload on the Ray head,739

allowing us to observe how varying the CPU allocation of the head affects response times. In740

the second experiment, we processed the images in batches of 50 for both MobileNet and741

EfficientNet, distributing the workload primarily across the Ray workers. This configuration742

enabled us to examine how varying the CPU allocation of the workers impacts overall743

performance while keeping the Ray head configuration constant.744

For both experiments, we consider a Ray cluster with one Ray head with 3GB of745

memory and four Ray workers, each with 4GB of memory. The chosen parameters for these746

experiments serve as illustrative examples to demonstrate system behaviour and are not747

derived from a specific use case. For applications with strict or arbitrary deadlines, the values748

of Q and P can be determined using state-of-the-art methods (e.g., [29]).749

Both sets of experiments are done in two parts: (i) the Ray cluster is deployed using750

KubeDeadline and (ii) the Ray cluster is deployed using vanilla Kubernetes.751

Experiment 1. The Ray head’s CPU budget was varied from 30000 µs to 90000 µs in steps752

of 10000 µs, while keeping the period fixed at 100000 µs. The Ray workers’ configurations753

remained constant, each with a 50000 µs budget and a 100000 µs period. We assigned a754

priority of 90 to all the threads in the Ray head and worker nodes.755

In the vanilla Kubernetes setup, the Ray head CPU quota was varied from 300 to 900756

mCPU3 in increments of 100 mCPU , while the Ray workers remained at 500 mCPU each.757

3 In Kubernetes, mCP U (millicpu) is a unit used to represent CPU resources. One mCP U for a period
of 100 ms is equivalent to a quota of 50 ms.
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Figure 8 Comparison of vanilla Kubernetes and KubeDeadline, KubeRay head, MobileNet.

We measured the average achievable frame-per-second (FPS) for both vanilla Kubernetes758

and KubeDeadline across different bandwidths allocated to the Ray head. As shown in759

Figure 8a, by decreasing the allocated bandwidth, the average FPS decreases for both vanilla760

Kubernetes and KubeDeadline. KubeDeadline provides an average FPS between 10 and761

38, whereas vanilla Kubernetes provides an average FPS between 8 and 33. Note that762

KubeDeadline provides a higher FPS than vanilla Kubernetes in all the experiments. For763

example, when the Ray head has a reservation server with 80% utilisation, it provides 33764

FPS, while vanilla Kubernetes can provide 33 FPS at 90% utilisation (900 mCPU). That765

is, KubeDeadline achieves higher throughput under background workloads by providing766

temporal isolation and enforcing per-container CPU budgets, ensuring consistent performance767

despite system interference.768
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Figure 9 Comparison of vanilla Kubernetes and KubeDeadline, KubeRay workers, MobileNet.

Figure 8b depicts the minimum achievable FPS for both vanilla Kubernetes and KubeDead-769

line according to the worst observed inference response time across different bandwidths770

allocated to Ray head. Also in this case, KubeDeadline provides a higher FPS than vanilla771

Kubernetes in all the experiments. KubeDeadline provides a minimum FPS between (almost)772

2 and 13, where vanilla Kubernetes provides a minimum FPS between 1 and 9. For example,773

when Ray head has a reservation server with 70% utilisation, it provides an FPS of 10,774

while vanilla Kubernetes can provide 10 FPS at 80% utilisation (800 mCPU). Also, the775

FPS of vanilla Kubernetes suddenly decreases from 40% utilisation (less than 1 FPS), while776
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Figure 10 Comparison of vanilla Kubernetes and KubeDeadline, Kuberay workers, EfficientNet.

KubeDeadline still provides 5 FPS. That is, KubeDeadline has a lower worst-case response777

time and can guarantee tighter deadlines, despite the interference from background workload.778

Furthermore, the worst observed FPS in KubeDeadline increases smoothly by increasing the779

bandwidth showing a robust and predictable behaviour, whereas vanilla Kubernetes shows780

abnormal behaviour illustrating its unpredictability and vulnerability to background noise.781

Experiment 2. The Ray head configuration was kept constant with a budget of 90000 µs782

and a period of 100000 µs. The Ray workers budgets were varied from 10000 µs to 90000783

µs in increments of 10000 µs, while maintaining the period at 100000 µs. For the vanilla784

Kubernetes setup, the Ray workers’ CPU quotas were varied from 100 mCPU to 900 mCPU785

in increments of 100 mCPU , while the Ray head remained fixed at 900 mCPU .786

As shown in Figure 9a, decreasing the allocated bandwidth for MobileNet, decreases787

the average FPS of both vanilla Kubernetes and KubeDeadline. KubeDeadline provides788

an average FPS between 17 and 35, where vanilla Kubernetes provides an average FPS789

between 12 and 32. Note that KubeDeadline provides higher FPS than vanilla Kubernetes790

in all experiments. Figure 9b depicts the minimum achievable FPS for MobileNet for both791

vanilla Kubernetes and KubeDeadline according to the worst observed inference response792

time across different bandwidths allocated to Ray head. KubeDeadline provides a higher793

FPS than vanilla Kubernetes in all the experiments. KubeDeadline provides a minimum FPS794

between almost 2 and 12, where vanilla Kubernetes provides a minimum FPS between 1 and795

9. These results reinforce the earlier findings in Experiment 1, showing that KubeDeadline796

consistently achieves higher throughput and better worst-case response times across different797

workloads by enforcing temporal isolation and fine-grained CPU management.798

Similarly in EfficientNet, as shown in Figure 10a, KubeDeadline provides an average799

FPS between 5 and 14, where vanilla Kubernetes provides an average FPS between 4 and800

13. Figure 10b shows that KubeDeadline provides a higher FPS than vanilla Kubernetes in801

all experiments. KubeDeadline provides a minimum FPS between almost 1 and 7, where802

vanilla Kubernetes provides a minimum FPS between 0.5 and 6. Additionally, KubeDeadline803

maintains a minimum FPS of at least 4 from 50% CPU utilisation onward, whereas vanilla804

Kubernetes does not exceed a minimum FPS of 4 until CPU utilisation is 90%. Moreover,805

KubeDeadline achieves a minimum FPS of 6 at 80% utilisation, while vanilla Kubernetes806

never reaches 6 FPS at any utilisation level. Similar trends to MobileNet are observed807

with EfficientNet, further validating the robustness of KubeDeadline in providing a lower808

worst-case response time and maintaining predictable inference performance across different809

models, despite the interference from background workload.810
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6 Related Work811

Containerisation solutions have been widely adopted for their advantages in terms of efficient812

usage of resources, scalability, and simplified management. These benefits can be exploited813

to accelerate development, improve application reliability, and achieve greater operational814

efficiency. However, the use of such solutions in environments characterised by stringent815

timing constraints is curbed by the need for isolation among co-located containers, which816

can generate interference and jeopardise execution predictability. Several solutions have817

been proposed to mitigate this issue by enforcing isolation among containers running on818

the same platform. These solutions have been initially proposed for virtual machines (VMs)819

exploiting and extending features provided by hypervisors. For example, Checconi et al. [23]820

applied real-time scheduling techniques within the hypervisor to provide mechanisms for821

allocating computational resources while controlling interferences of co-located services. Lee822

et al. [40] proposed a technique to support real-time processing in the Xen bare-metal (Type-823

1) hypervisor by applying hierarchical real-time scheduling techniques assigning a precise824

share of the CPU time to each VM. The proposed mechanism has been incorporated within825

OpenStack [62] by enforcing timing isolation by introducing RT-based mechanisms. Cucinotta826

et al. [24] proposed, the integration of real-time scheduling of virtual machines deployed827

with KVM-hosted (Type-2) hypervisor within a complete cloud management solution for828

guaranteed resource allocation to multimedia and service-oriented real-time applications.829

The need for more time-predictable solutions as an enabling technology for Industry 4.0830

has been highlighted in [19]. These solutions rely on machine virtualisation for flexible831

resource management and exploit real-time scheduling techniques within the hypervisor to832

enforce temporal isolation among co-located VMs. However, solutions based on machine833

virtualisation are affected by significant processing and memory overheads [17, 25] due to834

replicated features at the hypervisor and VM levels. Consequently, containerisation is often835

preferred to machine virtualisation due to a simpler architecture and lower overheads. Hence,836

solutions based on real-time scheduling have been proposed for containerisation frameworks.837

In this context, Kadusale et al. [37] explored WebAssembly (WASM) as an alternative to838

Docker containers for real-time serverless edge computing, analysing cold startup time and839

execution performance.840

In the context of supporting latency-sensitive networking applications such as the deploy-841

ment of network function virtualisation (NFV) services, a solution has been proposed [26] to842

exploit SCHED_DEADLINE to improve the isolation among co-located containers handled by843

OpenStack, allowing to define timing-related parameters in the MANO descriptors (structured844

templates that define the configuration, resource requirements, and lifecycle management of845

NFV). A similar solution for Kubernetes has been proposed [31]. Still, it was based on heavy846

modifications of the source code, making it only a proof of concept that already lacks the847

most recent features of Kubernetes. Furthermore, Ray is not supported in [31]. Differently,848

this work uses DRA to make Kubernetes compatible with SCHED_DEADLINE, providing a849

modular, portable, and maintainable solution.850

While using the same approach at the kernel level based on SCHED_DEADLINE, Struhar et851

al. [56] focused on a hierarchical solution for the orchestration to increase flexibility while852

handling online variations of the workload. However, their work does not integrate the853

approach with Kubernetes and Ray.854

Several studies have focused on monitoring and management frameworks for distributed855

and edge computing environments. Gala et al. [32] proposed a low-overhead monitoring856

framework for mixed-criticality applications on multicore platforms, ensuring real-time857
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guarantees when sharing CPU, memory, and network resources, also introducing an edge-858

cloud hybrid architecture with a custom orchestration layer for Docker-based environments.859

Similarly, Reis et al. [52] introduced LEM, a large-scale workflow control tool for managing860

and monitoring distributed applications across edge nodes. LEM focuses on workflow861

management rather than fine-grained hierarchical scheduling. Additionally, Wu et al. [61]862

addressed resource management in edge-cloud orchestrated vehicular networks, proposing a863

two-stage network slicing framework that uses reinforcement learning for resource allocation.864

Walser et al. [60] propose a fog and edge orchestration framework for real-time containers to865

improve scalability and deadline handling.866

While these works provide valuable contributions in monitoring, workflow management,867

and resource allocation for distributed and edge environments, they do not fully address the868

requirements of real-time containerised applications with hierarchical scheduling. Specifically,869

they lack integration with Kubernetes native scheduling mechanisms and do not adopt870

real-time scheduling policies like SCHED_DEADLINE.871

Monaco et al. [47] extended Kubernetes with shared resource orchestration to enforce872

memory bandwidth and last-level cache allocation, reducing performance interference among873

co-located real-time containers, but without focusing on timing isolation at the level of874

CPU processing time. Additionally, Barletta et al. [18] present k4.0s, a Kubernetes-based875

orchestration system for Industry 4.0, enabling criticality-aware monitoring and scheduling of876

real-time, mixed-criticality workloads. Moreover, Lumpp et al. extend Kubernetes to support877

mixed-criticality container orchestration for autonomous mobile robots across edge-cloud878

platforms [45], and later introduced RT-Kube which adds real-time capabilities to Kubernetes879

via custom resource definitions for timing constraints, a criticality-aware scheduler, and880

runtime monitoring with deadline-driven task migration [46]. However, none of these supports881

deploying real-time containers using SCHED_DEADLINE.882

Ray is becoming widely used to deploy distributed parallel applications and is becoming883

typical for AI-based ones. However, the level of timing predictability is currently not satis-884

factory [51]. To exploit the advantages of Kubernetes in seamlessly parallelising distributed885

applications with Ray, Kanso et al. [38] proposed KubeRay, a suite of tools to create Ray886

clusters in Kubernetes with minimum effort. However, based on the standard implementation887

of Kubernetes, it is affected by the same issues in timing predictability when the application888

running in the deployed cluster presents timing constraints and other workloads can be889

assigned to the worker nodes.890

To the best of our knowledge, this work proposes the first solution to make Ray compatible891

with SCHED_DEADLINE reservations, thus allowing fine-grained resource partitioning and892

offering timing isolation to distributed workloads developed in containers.893

7 Conclusion894

This paper addresses the problem of providing real-time support to containerised applications.895

To this end, we proposed KubeDeadline, which extends the Kubernetes framework to schedule896

Linux containers according to the SCHED_DEADLINE policy, which allows guaranteeing a897

portion of the overall CPU bandwidth with a bounded CPU latency, as well as providing898

timing isolation through a CPU resource enforcement mechanism. This has been implemented899

using the RT-DRA, which allows extending Kubernetes in a modular and maintainable way900

without needing direct code patches that would make the extension hard to maintain901

for future Kubernetes versions. Then, we extended the Ray framework for distributed902

processing to make it compatible with the RT-DRA and hence with SCHED_DEADLINE.903
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Extensive experimental results based on both synthetic workloads and a deep learning case904

study show that KubeDeadline allows providing timing guarantees for distributed applications905

using Ray and Kubernetes. Future work will consider extensions to jointly address CPU906

and GPU resource partitioning, e.g., by using SCHED_DEADLINE jointly with new scheduling907

techniques for NVIDIA GPUs. Furthermore, new algorithms will be designed to optimise908

the node selection of KubeDeadline. Additionally, we plan to enhance our DRA to inspect909

per-container reservations via the proc and cgroup filesystems, enabling it to detect existing910

non-real-time allocations and avoid conflicts at the CPU level.911
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