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Abstract: As the complexity of deep learning (DL) networks and training data grows enormously, methods that scale with computation are becoming the future of artificial intelligence (AI) development. In this regard, the interplay between machine learning (ML) and high-performance computing (HPC) is an innovative paradigm to speed up the efficiency of AI research and development. However, building and operating an HPC/AI converged system require broad knowledge to leverage the latest computing, networking, and storage technologies. Moreover, an HPC-based AI computing environment needs an appropriate resource allocation and monitoring strategy to efficiently utilize the system resources. In this regard, we introduce a technique for building and operating a high-performance AI-computing environment with the latest technologies. Specifically, an HPC/AI converged system is configured inside Gwangju Institute of Science and Technology (GIST), called GIST AI-X computing cluster, which is built by leveraging the latest Nvidia DGX servers, high-performance storage and networking devices, and various open source tools. Therefore, it can be a good reference for building a small or middle-sized HPC/AI converged system for research and educational institutes. In addition, we propose a resource allocation method for DL jobs to efficiently utilize the computing resources with multi-agent deep reinforcement learning (mDRL). Through extensive simulations and experiments, we validate that the proposed mDRL algorithm can help the HPC/AI converged cluster to achieve both system utilization and power consumption improvement. By deploying the proposed resource allocation method to the system, total job completion time is reduced by around 20% and inefficient power consumption is reduced by around 40%.
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1  Introduction

We currently live in the era of big data analysis and artificial intelligence (AI). Since AI and big data analysis are capable of processing enormous amounts of data, the demand for large-scale computing for AI research is continuously increasing. Thus, researchers and developers are paying more attention to building a high-performance computing (HPC)-based AI-computing environment to accelerate the performance of deep learning (DL) workloads.

However, building and operating an HPC-enabled AI-computing environment not only needs multiple GPU servers, but it also requires broad knowledge to leverage the latest computing, networking, and storage technologies. For instance, understanding network interconnects (e.g., Infiniband, RoCE, and Ethernet), network channels to communicate through them (gRPC, MPI), distributed storage solutions (NFS, Ceph) are essential for scaling the AI-computing environment. Besides this, deploying the right software methods, such as Slurm and Kubernetes, for resource management and job scheduling is one of the key factors needed to improve the system performance.

In [1], NVIDIA introduced an optimized system, called the DGX SuperPod. It is configured and designed for multi-node DL and HPC. DGX SuperPod consists of 140 DGX A100 servers with 1120 NVIDIA A100 GPUs, and the DGX A100 s are connected to each other through 140 Infiniband 200G switches. The Massachusetts Institute of Technology (MIT) has another scalable AI-computing environment, called Satori. It is developed in collaboration with IBM. Satori consists of 64 IBM power nodes, nine nodes with 256 NVIDIA V100 GPUs, and 2PB storage. It has a 64TB system memory and 8TB GPU memory. GPUs inside a node are connected by an NVLink network that supports nearly 200G bi-directional transfer between GPUs [2]. However, building and monitoring such a degree of scalability is only possible for organizations with sufficient funds to deploy infrastructure at a large scale.

Additionally, the problem of batch job scheduling is a long-standing topic in supercomputing. Early studies examine the decision regarding the priority of the batch jobs. They developed various scheduling policies, such as first come first served (FCFS), and shortest job first (SJF). Recently, reinforcement learning (RL) has also been studied and leveraged in various task scheduling problems. In [3], a DRL-based batch job scheduling method called RLScheduler is introduced. The RLScheduler learns the job requirements to satisfy their workloads and optimization goals. Moreover, the authors in [4] propose an RL-based scheduling method to reduce the waiting time of the jobs in the queue. Compared to the previous studies, this work focuses on the choice of an appropriate server to run a DL job among multiple options.

An earlier, conference version of this paper appeared in [5]. In this paper, we extend the previous paper by adding detailed explanations of monitoring an HPC-based AI computing environment and a DRL-based DL job scheduling scheme. The major contributions of this paper to the field are as follows. First, we proposed a multi-agent deep reinforcement learning (mDRL)-based resource allocation scheme for DL jobs to improve the system efficiency. Second, we conducted a more realistic performance evaluation in a real cluster computing environment.

The remainder of this paper is organized as follows. Sections 2 and 3 provide an overview of the background and related works on an HPC/AI converged system and resource allocation for DL jobs, respectively. Section 4 describes our system model (system description, problem definition), and the Section 5 provides the details of proposed resource allocation for DL jobs in the HPC/AI converged system. Section 6 demonstrates performance evaluations to validate the efficiency of the proposed resource allocation method for DL jobs. Finally, Section 7 summarizes the key findings and concludes the paper.

2  Background

2.1 Building HPC/AI Converged Cluster

As shown in Fig. 1, an HPC/AI converged cluster, called the GIST AI-X computing cluster, is developed for AI education and research in Gwangju Institute of Science and Technology (GIST).
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Figure 1: GIST AI-X computing cluster

Computing: NVIDIA DGX servers, with multiple GPUs with a large memory, are used to set the computing environment. The DGX servers are a line of NVIDIA-produced servers, which are configured to accelerate the performance of all ML/DL workloads. The DGX A100 consists of eight NVIDIA A100 GPUs with 320GB GPU memory, and the DGX-1 V consists of eight NVIDIA V100 GPUs 256GB of memory. Moreover, the DGX A100 and DGX-1 V servers achieve five and one petaFlops performances, respectively.

A combination of Prometheus and Grafana open-source tools is leveraged to monitor the GPU servers. The Prometheus is used to dynamically obtain the resource condition of each server, and the Grafana is used to visualize of the data that were collected through the Prometheus. In addition, users submit various jobs that require different versions of machine learning (DL) libraries, such as Pytorch and TensorFlow. These libraries require different CUDA versions depending on their version. For instance, a DL job that uses Pytorch 1.6 does not work on the DGX-A100 server, since the A100 GPU supports CUDA version 11 and Pytorch 1.6 requires CUDA version 10. Thus, it is essential to distinguish the DL jobs by their system requirement. In this regard, two partitions are created in the environment to satisfy the system requirement, such as A100 and V100 for DGX-A100 and DGX-1 V servers, respectively. For each partition, various types of computing resources are available for the DL jobs.

Storage: Two types of distributed storage solutions, such as network file systems (NFS) and Ceph, are efficiently leveraged to provide high-performance storage services to the systems. Moreover, nonvolatile memory express (NVMe)-based all-flash drives are used to set the storage services. NVMe is a storage access and transport protocol for nonvolatile memory-based storage that delivers the highest throughput and fastest response times for all types of workloads.

NFS is a file system that enables the storage and retrieval of data from multiple disks across a shared network. More specifically, NFS is implemented in a client/server computing mode, where it enables NFS clients to remotely access the data stored in the NFS server in the same way that they are accessed locally. NFS version 3 is used in our configuration, which provides a more efficient performance, safe asynchronous writes, and a smaller number of attribute requests. As shown in Fig. 1, storage node 5 (FlashBlade 170TB server) is used to set the NFS server. The other nodes (DGX servers, Slurm login and Kubernetes master nodes) functioned as NFS clients. In the GIST AI-X computing cluster, the NFS-based storage service is called the AI-X data lake, and 5TB storage is allocated to each user with this solution [6].

Ceph is an open-source, software-defined storage solution for data workloads. It is a distributed storage solution that provides highly scalable file, block, and object-based storage under a unified cluster system [7]. In addition, Ceph is fault-tolerant, and uses multiple disks over multiple servers to provide a single storage cluster with no single point of failure. In the GIST AI-X computing cluster, a Ceph-based storage service is called the AI-X data pond, and 3TB storage is allocated to each user with this solution. Moreover, the Kubernetes master node is simultaneously used as a Ceph master, and the storage nodes 1-4 are used to configure the Ceph dataponds.

Networking: As shown in Fig. 1, three networks, such as management, internal, and data, are built to configure the AI-computing cluster (colored green, blue, and red). The management network is configured to set the workload managers and connect the system to the Internet. The internal network is configured to enable multi-node training (connecting GPU nodes). The data network is used to provide a high-performance storage service to the whole system. Currently, network communication standards, such as Infiniband (IB) and remote direct memory access (RDMA) over converged Ethernet (RoCE), are commonly used as server and storage interconnects in the HPC environment. Thus, the internal and data networks in this setting are configured with IB and RoCE switches, respectively. IB is a high-performance communication standard, which provides a low latency and high bandwidth connection for system area networks (SAN) [8]. RoCE is a network protocol that enables RDMA over Ethernet network. RDMA provides direct memory access from the memory of one host to the memory of another host with low latency and high bandwidth [9].

2.2 Operating HPC/AI Converged Cluster

The GIST AI-X computing cluster is configured based on NVIDIA DeepOps, which encapsulates the best practices for deploying GPU server clusters and sharing computing resources for multiple users [10]. There are three deployment options for the DeepOps, such as Slurm-based, Kubernetes-based, and hybrid, which supports both the Slurm and Kubernetes. As shown in Fig. 1, the hybrid configuration is used to set the GIST AI-X computing cluster. Slurm is an open-source, fault-tolerant, and highly scalable cluster management and job scheduling system installed in about 60% of the top supercomputers in the world. As a cluster workload manager, Slurm is responsible for efficiently distributing the computing resources among the users and mapping the submitted jobs to the underlying hardware. It has three major functions, such as resource management, job management, and a scheduler. First, the resource manager allocates either exclusive or nonexclusive access to the computing resources to users for some duration. Second, the job manager provides a framework for starting, executing, and monitoring jobs on the set of allocated compute nodes. Finally, the scheduler arbitrates contention regarding the computing resources by managing a queue of pending works [11].

Running DL Jobs: Frameworks, such as Tensorflow and Pytorch are essential for implementing DL applications. They provide a collection of workflows to develop and train neural networks. Since the GIST AI-X computing cluster is a shared system, installing all required libraries of multiple users in the system could be a reason for the various compatibility issues. In this regard, containerization technology is adapted to independently provide all user requirements. Users can use any docker container that includes their desired software libraries and execute their job inside the container. However, the docker container should be converted to a singularity container to run in the Slurm environment. Singularity is an HPC-optimized containerization technology, which enables users to have full control of their environment. This means that users do not need to ask the cluster-admin to execute specific containers in the system. Instead, they can download and run any singularity container in the system by themselves. The singularity can import docker images without a docker being installed in the system or requiring a superuser [12].

Distributed Training: Deep neural networks (DNN) with a large number of parameters require large amounts of data to learn their model. This is a computationally intensive process, which takes a lot of time. Thus, it is essential to offer parallel and distributed training, which can run faster and reduce the training time.

In this study, parallel computing for distributed training is enabled using OpenMPI. The OpenMPI is an open-source message passing interface (MPI), where the MPI is a distributed communication standard for parallel computing. MPIs in OpenMPI are used to invoke processes and send/receive messages among different processes running on the same or different machines [13].

Scaling DL with distributed training considerably reduces the training time and improves the research progress. It encounters some obstacles, such as the training model needing to support inter-GPU communication and users needing to modify their training code to run with multiple GPUs. Thus, Uber developed a framework called Horovod to make the distributed DL fast and easy to use. Horovod takes a single GPU training script as an input and successfully scales it to train across multiple GPUs in parallel [14]. In the GIST AI-X computing cluster, users mostly employ the Horovod container to use multiple GPUs for distributed training.

3  Related Work

3.1 HPC/AI Converged Clusters

To emphasize diversified approaches and efforts for building HPC/AI clusters, several works are summarized in Tab. 1. In fact, various sizes of clusters have been built depending on the main contributors and target users. For example, a laboratory could build a toy example of clusters with around 10 servers, and university consortium could build multiple clusters with around 100 servers. And national institutes backed by world-leading companies and government have been building hyper-scale supercomputer clusters. To show such great interest in various scales, we arbitrary defined the size of the clusters.
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Due to the complexity of DL models and large training data, a demand of scaled computing for AI research and development is continuously increasing. While existing systems provide computing resources through networks for end users, the current solutions still face many challenges. The end devices could be self-driving cars, drones, robots that require data processing and decision making closer to the point of data generation due to mission critical, low-latency and near-real time requirements. In this regard, most of the organizations desire to build their own scaled AI computing cluster close to their development environment. However, building and operating the scaled computing environment for AI is not easy task, since it requires broad knowledge of networked systems and high cost. In this study, we introduce a case of building and operating an AI computing environment suitable for small or middle-sized research and educational institutes.

3.2 Job Scheduling and Resource Allocation

There are several existing works on resource allocation and job scheduling in HPC/AI converged systems [25–35]. Early studies examine the selection of a priority for the batch jobs. They developed various scheduling policies, such as first come first served (FCFS), and shortest job first (SJF). Recently, reinforcement learning (RL) was studied and leveraged in various task scheduling problems.

Thinakaran et al. [25] proposed Kube-Knots for multi-node GPU utilization-aware orchestration along with QoS-aware container scheduling policies. The Kube-Knots are leveraged by the Kubernetes at the cluster level to monitor the real-time GPU utilization at every node. They also proposed Peak Prediction (PP) and Correlation Based Prediction (CBP) schedulers that perform safe co-locations through GPU spare cycle harvesting by dynamically resizing the containers (i.e., crash-free dynamic container resizing). It also performs QoS-aware container co-locations on GPUs at the cluster-level without a priori knowledge of incoming applications. In Shao et al. [26], proposed a GPU scheduling method using a modified shortest-job-first scheduling policy with respect to GPU-sharing for short GPU tasks of multiple users. The scheduling method is implemented by a container-based batch computing system that accepts and runs users’ jobs through container images with specified configurations, without the user having to care about resource leases and releases. The proposed method ensures the priority of the short tasks and prevents long tasks from starving. Chen et al. [27] proposed a QoS-aware dynamic scheduling framework for a shared GPU cluster to achieve users’ QoS guarantee and high system utilization. They proposed a predictive model derived from lightweight profiling to estimate the processing speed and response latency for various Deep Learning (DL) workloads. The QoS-aware scheduling algorithm identifies the best placements for DL tasks and schedules them on the shared cluster. They showed that the proposed method on real clusters and simulations achieves higher QoS guarantees and system utilization than other reference methods. In Filippini et al. [28], proposed a hierarchical approach coupled with a novel Mixed Integer Linear Programming (MILP) formulation to overcome limitations of scalability issues with respect to problem instances with a small number of nodes and jobs. Their proposed method optimizes operating costs by rightsizing VM capacity on each node, partitioning GPU sets among multiple concurrent jobs on the same VM, and scheduling deadline-aware jobs. They showed a good fit with real-world scenarios, as the scalability analysis showed that the proposed method can solve problem instances with up to 100 nodes in less than one minute on average.

In Habuza et al. [29], proposed a user-friendly jobs and resources allocation manager (i.e., web-based multi-user concurrent job scheduling system) for the Machine Learning (ML) server. The proposed manager helps users to request and allocate resources from the server and monitor the progress of their jobs to provide AI research or computations with an optimized combination of compute power, software and deep learning performance. There are three main task manager components: LoginServer, ML server (DGX-1) and Data Storage. Luan et al. [30] proposed a GPU cluster scheduler using deep reinforcement learning (DRL) to execute smart locality-aware scheduling for efficient deep learning training (DLT) jobs. The proposed scheduler controls fragmentation in GPU clusters by reflecting the current and future degree of cluster fragmentation. It also improves cluster utilization and job performance by using the profiling data to reflect job's locality-sensitivity. They show that SCHED2 can effectively control cluster fragmentation and job locality, reduce the JCT by 4.6 times, and make the span 2.1 times. In Wang et al. [31], proposed a non-intrusive GPU scheduling framework by integrating an adaptive GPU scheduler and an elastic GPU allocation method to reduce the span and improve resource utilization. The GPU scheduler can determine the most efficient allocation and reallocation of GPUs by using training job progress information for incoming and running jobs at any given time. The GPU allocation method temporarily stops and restarts the job's DL training process with a different number of GPUs based on a “SideCar” process to further reduce the reshaping overhead. The proposed method has been shown to reduce overall execution time and average job completion time by up to 45% and 63%, respectively, compared to the default scheduler. In Abdulla et al. [32], proposed a deep learning-based method to automatically allocate optimal CPU resources to the containers. The proposed method decides on the optimal number of CPU pins using the law of diminishing marginal returns for the maximum performance of containers while maximizing the number of concurrent jobs. They showed the effectiveness of the proposed method in reducing the completion time of the jobs to compared to static CPU allocation methods (i.e., First Come First Serve (FCFS), Shortest Job First (SJF), Longest Job First (LJF), and Simulated Annealing (SA)).

Zhao et al. [33] proposed a scheduling system (i.e., CODA) that enhances the resource utilization of GPU clusters. The proposed system consists of an adaptive CPU allocator, a real-time contention eliminator, and a multi-array job scheduler. CODA uses the feedback-based technique to identify a sufficient number of cores for a DNN train job. CODA removes interference to improve the performance of jobs by analyzing the competition for CPU resources in the performance of DNN training jobs. CODA's multi-array job scheduler removes GPU fragmentation. Their system improves GPU utilization by 20.8% on average without increasing the queuing time of CPU jobs. In Lin et al. [34], proposed multiple intelligent schedulers based on a two-stage job scheduling and resource allocation framework for the cooperative scheduling problem of job scheduling and resource allocation regarding multi-user multi-cloud data centers. They used the heterogeneous distributed deep learning (HDDL) model to schedule multiple jobs and the deep Q-network (DQN) model to deploy virtual machines, respectively. The proposed method, using an HDDL-based task scheduler and DQN-based resource allocator in numerical simulation experiments, can achieve a better performance and computation delay than the baseline.

Existing works on resource allocation for HPC systems are broadly categorized into two main parts such as energy efficiency and performance-based. Energy efficiency-based works try to minimize a number of running servers, and the performance-based methods try to complete submitted jobs as fast as possible. The energy efficiency-based method is similar to the default scheme (Naïve), which finds an available server from the first server in order to minimize the number of running servers. Performance-based models try to allocate computing resources as much as possible for a submitted job. However, our work allocates fixed resources for each job based on the allocated flavor type.

4  System Model

4.1 System Description

As illustrated in Fig. 2, we consider a high-performance AI computing cluster environment. The AI computing cluster architecture is composed of a login, compute, and storage nodes. The login node is a CPU server, which monitors the resource utilization of the computation nodes and allocates computing resources for user jobs. The compute nodes are GPU servers that user jobs originally run with the requested computing resources. In brief, a user job is submitted to one of the GPU servers when the server has enough resources to run the job. The GPU servers are grouped into multiple partitions depending on the user and system requirements. For instance, each department in a university can use a different partition. Moreover, the GPU servers can be categorized into different partitions depending on their system specifications. Additionally, the login, compute and storage nodes are connected through management, internal, and data networks. The management network is used to control and manage the resource management system among the cluster. The internal network is high-speed Infiniband network, which is used to connect the GPU servers to enable multi-node training and parallel computing. Lastly, the data network is high-speed RoCE network, which is used to connect GPU servers to the storage node.
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Figure 2: System description

In order to run a job on the GPU nodes, users first connect to the login server; then, they request a certain amount of computing resources from a dedicated partition. The user job will automatically start to run with the requested resources if there are enough computing resources in the partition. In addition, the job will be in the pending state if there are not enough resources in the partition. The maximum amount of computing resources that a user can request can be configured in the system. In cloud and cluster computing, the set of computing resources that can be allocated to each user is generally called a flavor. As shown in Tab. 2, an s-A100 type job can use, at most, two A100 GPUs, 64 CPU cores, and 256GB memory. Moreover, the time limit for running a s-A100 type job is 72 h.
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4.2 Problem Definition

We assume there are N GPU servers that are grouped into M partitions depending on their system specifications and user requirements. Let P = {p1, p2… pN} be a set of all partitions in the cluster. Then, the total number of GPU servers is

N=∑i=1M⁡|pi|(1)

where |pi| is a number of GPU servers in i-th partition.

Let di,j be j-th DL job, submitted to an i-th partition. As mentioned in 4.1, one of the flavors (resource allocation type) is allocated to each DL job. The flavors could be as same as illustrated in Tab. 2. Then, λ(di,j) is a function used to find a resource allocation rate for di,j among all the resources in a partition pi, where 0 < λ ≤ 1. For instance, if a flavor s-A100 in Tab. 2 is allocated for a job di,j, its resource rate λ(di,j) is 0.125. Let t(di,j) be the function used to check the configured time limit for the job di,j. For instance, t(di,j) can be 72 h if a flavor s-A100 is allocated to the di,j. Then, τ(di,j) is the total run time of the job di,j in the system, and it is computed as

 τ(di,j) ={tc−di,j.ts,ifrunningt(di,j),ifcompleted(2)

where di,j.ts is a start time of the job di,j and tc is current time. Moreover, let Ttcpi be the total run time of the partition pi at time tc. We consider a partition run time to have started when the first job is submitted. Then, it can be computed as follows.

Ttcpi=tc−mindi,j∈pi⁡{di,j.ts}(3)

Then, an utilization rate U of piat time tc can be computed as follows.

Utcpi=∑di,j∈pi⁡λ(di,j)⋅τ(di,j)R⋅Ttcpi(4)

R is a total resource rate of each partition, which it is generally set as 1.

Fig. 3 shows two cases where five DL jobs are scheduled in a single partition. In this example, we assume the partition is A-100. Let a rectangle be a job submitted to the system, where its width is the ratio of required resources and height is the time taken to complete the job. As shown in Tab. 2, the flavors s-A100, m-A100, m-A100, l-A100, and f-A100 are allocated to jobs 1-5, respectively. Consider the jobs submitted sequentially to the system at times t0, t1, t2, t3, and t4.
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Figure 3: Resource allocation and scheduling cases (a) default (b) proposed

In case 1, the system used the default resource allocation rule that checks the available resources for the job from the first server. Then, it allocates resources from the first discovered server for the job. As shown in case 1, jobs 1 and 2 are submitted to server 1, and job 3 is submitted to server 2, since there is an insufficient resource for job 3 in server 1 at time t2. At time t3, there is an insufficient resource for the job 4. Thus, the job is submitted at time t1 + 7, when server 1 has resources. Then, job 5 is submitted to the system at time t1 + 17, when both servers are released.

At time t1, an agent has two options for running job 2, which the job 2 can be submitted to either server 1 or 2. Following the default resource allocation rule, job 2 is submitted to server 1 in case 1, since there are enough resources to run the job. In case 2, job 2 is submitted to server 2. As a result, submitting job 2 to server 2 helped to complete all the jobs at time t0 + 27 in case 2, while it is t1 + 31 in case 1. Following the run time in Tab. 2, all jobs are completed at least 4 days earlier in case 1, compared to case 2. Besides this, inefficient utilization of the system, gray space in the figure, is considerably high in case 1 compared to case 2. Thus, an efficient resource allocation scheme is essential to improve the efficiency of monitoring the HPC/AI converged system.

In this regard, we aim to improve the total system utilization. Thus, the proposed resource allocation for monitoring the AI computing environment is as follows.

X∗=argmaxX⁡∑pi∈P⁡Utcpi

subject to ∑di,j∈pi⁡di,j.g≤pi.g

∑di,j∈pi⁡di,j.c≤pi.cfor∀i∈[1,M](5)

∑di,j∈pi⁡di,j.m≤pi.m


The di,j.g, di,j.c, and di,j.mare the respective allocated amounts of GPU, CPU, and memory resources to the di,j. Moreover, t pi.g, pi.c, and pi.m are the respective total amounts of GPU, CPU, and memory resources in partition pi.

5  Proposed Resource Allocation

5.1 Multi-Agent Deep Reinforcement Learning

At present, many sequential decision-making problems are solved using reinforcement learning (RL). In RL, an agent interacts with the environment and tries to learn an optimal policy that maximizes the utility of its actions. At each time step, the RL agent predicts the best action to execute in the current state and executes it. To predict the best agent action, an agent selects the action with maximum cumulative reward from all possible actions in the current state. The cumulative reward is referred to as the quality value (Q value). An agent updates a Q value for each executed action based on the immediate reward received from the environment. The Q value for an action in state st is calculated using Eq. (6), called the Bellman equation.

Q(st,at)=rt+γ⋅max(Q∗(st+1,at+1)|st,at)(6)


The immediate reward rt can be obtained directly from the environment immediately after the action at. The Q value for the next state st+1 is calculated based on either the Q table or approximated with DNN. The γ is a fixed value (discount factor), which controls the importance of long-term rewards vs. the immediate reward. Moreover, memorizing all states in the Q table is unfeasible when the state and action space is large. In this regard, DNN can be used to approximate expected Q values for future states. The RL that uses DNN to model the policy is called deep reinforcement learning (DRL) [3].

Most real-world problems, such as autonomous driving and robotics, require multiple policies to control their tasks, even though the tasks share the same environment. In this regard, multi-agent DRL (mDRL) is used to solve sequential decision-making problems that require multiple policies. This is the same as single-agent RL, where each agent tries to learn their solution [3].

5.2 Proposed Strategy

As illustrated in Fig. 4 and Algorithm 1, mDRL is employed to allocate resources for DL jobs in the AI computing environment. The mDRL methods for the proposed solution are defined as follows.

Agents: A single centralized agent can observe the entire system state and decide actions for all partitions. In practical implementations, it is not easy for the agent to find an optimal solution because the action space increases significantly as the number of partitions increases. Thus, we employ the decentralized mDRL and consider the job scheduling policy for each partition as an agent. Once a job arrives in the system, an agent is selected based on the job partition. Then, the agent decides the best action for the job, which has the largest Q value among the possible actions in the current state. In each agent, DNN is used to approximate Q values for all possible actions. Initially, Q values are set to 0 in all states. They are updated while the agents interact with the environment. To train the DNN, an agent performs a certain number of actions by providing them with positive rewards for the right action and trains them to stay away from others by providing negative rewards.

State: The state-space of the AI-computing cluster for DL job scheduling is a set of available resources in each GPU server. With the monitoring tools in the AI-computing cluster, available resources in each server can be obtained dynamically. Thus, each agent can obtain the state information of its dedicated partition. One possible state-space is shown in Fig. 4. As shown in the figure, full resources are available in all DGX servers. The resource information of the servers can be an initial state. Besides this, an episode in RL is the same as taking actions from the initial to the terminal state. In this study, the initial state for each partition indicates no running job in the partition. The terminal state is a state after submitting a job that uses all the partition's resources. For instance, submitting an f-A100 type job for partition A100 and f-V100 type job for partition V100 can serve as terminal states.
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Figure 4: Proposed strategy

Action: Since the environment is an AI-computing cluster, the action space is a set of possible actions for a DL job, such as running the job in either single or multiple GPU servers and putting the job in the queue when there are insufficient resources to run the job. In this study, DL jobs are categorized based on their allocated resource type. Thus, the combination of a flavor and GPU server is considered as the action of running a job. Besides this, putting each different type of job in the queue is considered an action. For instance, let n be the number of available flavors that can be allocated in a single server and m be the number of GPU servers in the i-th partition. Thus, the number of possible actions to run all types of jobs in a single server is n ⋅ m, and there are n additional actions to put the jobs in a queue (putting different type of jobs in queue are considered different actions).

Actions in previous studies are mostly considered to decide on the priority of the jobs in the queue. In practical, critical jobs, such as paper experiments and training DNN for real applications, need more computing resources and time. However, non-critical jobs, mostly submitted from new users, such as testing the GPU cluster or practicing DL with multi-GPUs, do not require many resources or a long time. In this study, the job priority is set based on the largest job-first strategy (LJF). For instance, the highest priority for the full type of flavor job and the lowest priority for the small flavor type of job.

Reward: If a job is added to the queue when there are enough resources to run the job in the dedicated partition, its reward is −1. Moreover, the reward is −1 when the selected action for a job is to execute it in one of the servers, while there are insufficient resources in the partition. Here, the job is added to the queue. If there is an insufficient resource in all possible servers and the selected action for a job is putting it in the queue, its reward is 0. If the selected action for a job is executing the job in one of the GPU servers, and there are enough resources to run it, its reward is the utilization rate of the dedicated partition. The utilization rate for partition pi at time t is computed with Eq. (4).
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6  Performance Evaluation

6.1 Simulations

We evaluated the performance of the proposed DL job-scheduling scheme with numerous simulations. The simulation environment is configured similarly to the case introduced in Fig. 3. To demonstrate the proposed strategy's effectiveness, we trained the DNNs for each agent with 1000 episodes, with each episode consisting of five DL jobs. The flavors allocated to the jobs are randomly selected from the flavors in the Tab. 2. An episode is considered as the process of submitting a number of DL jobs to the cluster until the terminal state. The terminal state is the state after submitting a job that uses all the partition's resources. For instance, the terminal state job can be either an f-A100 or f-V100 job, as introduced in Tab. 2. Moreover, one of the s-A100, m-A100, and l-A100 flavors can be allocated to the jobs that run in each episode if the partition is A100. Similarly, one of the s-V100, m-V100, and l-V100 flavors can be allocated to the jobs that run in each episode if the partition is V100. In addition, the performance of the proposed method is compared with a Naïve scheme that submits a job to a randomly selected GPU server if the server has enough resources to run the job.

Fig. 5 shows the results of the system utilization rate with respect to the number of episodes. The results of both the proposed and Naïve schemes are illustrated in Figs. 5a and 5b, respectively. Initially, the utilization rate with the proposed strategy fluctuates in the long range, but it converges after 300 episodes, with its average utilization rate converging to more than 0.75. However, the utilization rate of the Naïve method continuously fluctuates in the long range, and frequently drops to less than 0.3. The reason for the lower utilization of the Naïve method is that it does not consider future rewards, while the proposed scheme continuously learns the model and considers the current state when deciding on an action. The simulation results indicate that the use of proposed strategy considerably improves the efficiency of the system utilization compared to the Naïve scheme.
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Figure 5: Utilization rate with respect to episodes (a) utilization rate for proposed allocation (b) utilization rate for default allocation

6.2 Experiments

To conduct a more realistic performance evaluation, we carried out series of experiments in GIST AI-X computing cluster. As introduced in Section 2.1, two DGX-A100 and two DGX-1 V GPU servers are used to set the compute nodes. DGX A100 and 1 V servers have eight NVIDIA ampere A100 GPUs with 320GB GPU memory and eight NVIDIA V100 GPUs with a total of 256GB of memory, respectively. Additionally, two SuperServer 1020U are used to set the Slurm login and Kubernetes master nodes. Each SuperServer has dual 6-core Intel Xeon CPUs, 64GB system memory, 4TB NVMe SSD, two 25G, and two 10G NICs. Additionally, two storage servers, such as Purte storage Flash Blade (170 TB) and SuperMicro 2u4N (Total 153.6TB), are used to set the storage services.

Moreover, Mellanox QM8700 200G (IB), Mellanox SN2100 100G (RoCE), and Netgear 10G (Ethernet) switches are used to configure the internal, data, and management networks. Eight 200G ports of each DGX-A100 and two 100G ports of each DGX-1 V are used to set the internal network. Since the IB switch used for the internal network has 200G ports (HDR200), two of them are splitted into dual 100G ports for DGX-1 V servers. Two 100G ports of each DGX- 1 V are used to connect the server to the data network. Since the other nodes (Slurm login, Kubernetes Master, and the storage nodes 1-4) have only dual 25G NICs, one 100G port in the RoCE switch are splitted into four 25G to connect the 25G nodes to the data network. Due to the 40G NICs in storage node 5 (data lake node), the external fabric module (XFM) is used to connect the server to the 100G data network.

With the trained a DNN for each agent, 100 episodes are randomly created in order to test the efficiency. Each episode consists of five DL jobs, where four jobs can be run in a single server, and the last job is a terminate state job, which uses all the partition's resources, is submitted. For the jobs in each episode, flavors s-A100, m-A100, l-A100, f-A100 in Tab. 2 are allocated for the partition A100 and flavors s-V100, m-V100, l-V100, f-V100 in Tab. 2 are allocated for the partition V100. To shorten the experiment time, the time limit is set as minutes, which is defined as hours in Tab. 2.

In Fig. 6a, the blue lines show the results of the system utilization with the proposed strategy in partition A100, and the red dashed line illustrates the average resource utilization rate with the Naïve method. Additionally, the performance of the resource utilization with the proposed method in partition V100 is depicted in Fig. 6b. In both partitions, the average utilization rate of the Naïve scheme is lower than the system utilization of the proposed strategy in all the episodes. As shown in the figure, the average system utilization with the proposed scheme is more than 0.75, while it is around 0.62 with the Naïve method. Moreover, the total run time of the system in each episode is reduced by around 20% with the proposed scheme.
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Figure 6: Experiment results (a) utilization rate (A100) (b) utilization Rate (V100)

Additionally, power consumption in HPC cluster is one of the main measurements. Each DGX-A100 servers uses 6.5 KW power, and each DGX-V100 server uses 3.5 KW power. In the GIST AI-X cluster, there are two DGX-A100 servers in A100 partition and two DGX-V100 servers in V100 partition. Thus, power consumption of the A100 and V100 partitions are at least 13 KW and 7 KW, respectively. The power consumption analysis is depicted on the Fig. 7. If we consider an episode runs for 720 h, the system runs for 273.6 h (720 x 0.38) inefficiently with the default resource allocation method. Then, inefficient power consumption for partition A100 is 3.55 MW (273.6 kW x 13 KW), and 1.91 MW for partition V100. With the proposed method, it is decreased to 2.15 MW and 1.15 MW for A100 and V100 partitions, respectively. Thus, inefficient power consumption is reduced around 40% with the proposed method.
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Figure 7: Power consumption analysis

The reason for the improvement is that the proposed method considers future reward by leveraging the feature of reinforcement learning. However, existing works only consider the current state and find available servers to allocate resources for jobs from first to end.

7  Conclusion and Future Work

In this study, we introduce a method of building and operating an HPC/AI converged environment, which is suitable for small or middle-sized research and educational institutes. Additionally, we propose a DL job-scheduling method with mDRL, which considerably improves the efficiency of system utilization. Through extensive simulations and experiments, we validate that the proposed mDRL algorithm can help the HPC/AI converged cluster to achieve both system utilization and power consumption improvement. By deploying the proposed resource allocation method, total job completion time is reduced by around 20% and inefficient power consumption is reduced by around 40%. In the future, we plan to collaborate with other organizations who have HPC/AI computing clusters, then we will evaluate a performance of the proposed method on other systems.

Moreover, running AI applications on resource-constrained devices encounters severe challenges. In this regard, HPC/AI converged system is becoming a major trend for delivering infrastructure on demand via the network. While existing systems provide computing resources through networks for end users, the current solutions still face many challenges. The end devices could be self-driving cars, drones, robots that require data processing and decision making closer to the point of data generation due to mission critical, low-latency and near-real time requirements. However, the traditional centralized HPC-clusters fail to meet the requirement, since it is usually located far from the end users. To satisfy the requirement of low-latency and near-real time data processing, HPC/AI clusters should be built close to the source of data generation with edge computing and only send filtered data to the centralized system when it requires large storage or higher-level analysis.
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Table 1: High-performance AI computing clusters
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Algorithm 1 Resource allocation algorithm for DL jobs

Input:

1: A buffer for receiving jobs J

2: Number of episodes E

3: Number of jobs K

Initialize:

4: Set agent A, for each partition p,, € [1, M]

5: Set a replay memoryD

6: Set a policy network Q,%, random weights w; and 6,
7: Set a target network Q,”, weights w, < w;, 0] < 6,
8: Set a replay memory D

9: while J is not empty do

10: for episode=1 to E do

11: while not terminal state do

12: Getajobd,; < J, je[l, K]

13: Select an agent A4, <— d,;

14: Check state si < A4;, P,

15: Select action @’ <— Q,, D,

16: Submit a job p; <— d;

17: Set a start time d, ;.5 <t

18: Execute a' and observe ri < U (p,, t)
19: Update D < ai,, ri,, §',, §',+1
20: Update Q,(si, a’) < ri, Q(si, a')
21: end while

22: end for

23: end while
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Table 2: Resource Allocation Policy (Flavor)

Name GPU CPU Memory Time Rate
(number) (cores) (GB) (t) )
s-A100 2x A100 64 256 72 h 0.125
m-A100 4x A100 128 512 168 h 0.25
1-A100 8x A100 256 1024 336 h 0.5
f-A100 16x A100 512 2048 504 h 1
s-V100 2x V100 20 128 72 0.125
m-V100 4x V100 40 256 168 h 0.25
1-V100 8x V100 80 512 336 h 0.5

f-V100 16x V100 160 1024 504 h 1
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