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Abstract—HPC systems are at risk of being underutilized
due to various resource requirements of applications and the
imbalance of utilization among subsystems. This work provides a
holistic analysis and view of memory utilization on a leadership
computing facility, the Perlmutter system at NERSC, through
which we gain insights about the resource usage patterns of the
memory subsystem. The results of the analysis can help evaluate
current system configurations, offer recommendations for future
procurement, provide feedback to users on code efficiency, and
motivate research in new architecture and system designs.

Index Terms—HPC, Large-scale Characterization, Resource
Utilization

I. INTRODUCTION

The current resource allocation method in HPC allocates
resources to applications in units of nodes where every node is
identical. On the other hand, the demands of HPC applications
vary significantly in terms of resource usage. The gap between
the coarse-grained resource and the varying resource demands
makes the system risk in substantially under-utilization. In this
work, we perform a large-scale analysis of metrics sampled in
NERSC’s Perlmutter, a state-of-the-art HPC system containing
both CPU-only and GPU-accelerated nodes. This data-driven
analysis gives us a holistic view of how memory resources are
used and what characteristics of applications have regarding
utilizing the HPC memory resources.

II. BACKGROUND

A. Perlmutter: System Overview

Perlmutter is being installed in two phases: phase 1 includes
GPU-accelerated nodes and scratch file system, which is
available in summer of 2021, and phase2 adds CPU-only nodes
in 2022 [1]. The phase 1 system is currently ranked 7th in the
top500 list [2]. Perlmutter has more than 1,500 GPU nodes and
over 3,000 CPU nodes. Each GPU-accelerated node features
four NVIDIA A100 Tensor Core GPUs and one AMD “Milan”
CPU. The memory subsystem in each GPU node includes
40GB of HBM2 per GPU and 256GB of host DRAM. Each
CPU node features two AMD “Milan” CPUs with 512GB of
memory per node. The system uses SLURM version 21.08.8
for resource management and job scheduling.
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Figure. 1: Workflow of Monitoring Data Collection

(a) CPU Job size distribution

(b) GPU Job size distribution

Figure. 2: Job Size Distribution On CPU and GPU Nodes

B. Samplers and Metrics

The system-wide monitoring data are collected through
LDMS [3] and DCGM [4]. The metrics are collected at an in-
terval of 10 seconds. To support job-level analysis and improve
the usability of the monitoring data, we use LDMS ETL to join
the raw monitoring CSV files with SLURM sacct data and
write to parquet files for further analysis. The data collection
and aggregation workflow is illustrated in Figure 1. For this
study, we sample Perlmutter from June 15 to July 1, 2022 and
we only focus on the memory resource utilization.
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Figure. 3: DRAM and HBM2 Utilization in Node-level and Job-level.

III. ANALYSIS

A. Job Size Distribution

We divide jobs into six groups by the number of allocated
nodes and calculate the percentage of each group in the total
number of nodes; the results are shown in the area plots
in Figure 2a and Figure 2b. In summary, 27.29% of jobs
on GPU nodes request less than 4 nodes, much larger than
the percentage of small-scale jobs on CPU nodes. Moreover,
extremely large-scale jobs (request over 512 nodes) are only
observed on GPU nodes, whereas large-scale jobs occupy only
2.96% of total jobs on CPU nodes.

B. Node-level Memory Utilization

Figure 3a and Figure 3d summarize the cumulative distri-
bution function (CDF) of DRAM usage on CPU nodes and
GPU nodes, respectively. From the figures we can see that,
CPU nodes have their 90th percentile in DRAM utilization at
30.11%, indicating that less than 154 GB memory is used for
90% of the time. The long tail of the CDF in the Figure 3a
indicates that the chances of a CPU node to exhaust its
memory resource are low. For GPU host DRAM, it is used by
almost 60% for 90% of the time, corresponding to 154 GB,
which is similar to the DRAM used on CPU nodes, even their
utilization rates differ significantly.

C. Job-level Memory Utilization

Figure 3b plots the CDF of the maximum DRAM utilization
of CPU jobs; it shows two significant ranges, 5-10% and 10-
15%, where the number of the corresponding jobs account for
20% and 70% of the total number of jobs. The CDF plot
has a long tail, indicating that very few jobs will take up
all the memory capacity on CPU nodes. For jobs on GPU
nodes (Figure 3e), 90% of the jobs’ maximum DRAM usage
is no larger than 29.04% of the total memory capacity, i.e., 74
GB. The jobs using 10-15% and 25-30% of the total memory
accounts for about 40% and 37% of the total number of jobs,
respectively. The long tail is also observed in the CDF.

D. GPU Memory (HBM2) Utilization

Figure 3c plots CDF for HBM2 of GPU nodes. GPU HBM2
has a relatively balanced utilization across all time; for 90%
of the time, the HBM2 utilization is nearly 90%, that is
corresponding to 143 GB. Even though the memory utilization
rate differs significantly (59.82% vs. 89.69%) at the same
cumulative count between GPU host DRAM and GPU HBM2;
their actual memory occupancy are close (153 GB vs. 143
GB). The job’s maximum GPU HBM2 utilization is illustrated
in Figure 3f. 75% of jobs have the maximum HBM2 utilization
less than 12.48%, that is about 20 GB, which is only half of
the HBM2 for each GPU. However, we observe about 10%
of jobs use over 95% of the whole HBM2 capacity, making a
spike at the end of the CDF line.

IV. SUMMARY

In this work, we conducted a preliminary analysis on the
memory resources usage of a leadership HPC cluster. Based
on the analysis, we observed a significant amount of memory
resources are under-utilized both on CPU nodes and GPU
nodes. The DRAM utilization and the maximum memory
utilization of CPU jobs indicate that the DRAM resources are
over-provisioned. As the memory subsystem is one of the most
expensive components in HPC that makes up over 20% of the
total cost [5], it is desirable to reduce the memory capacity
while having insignificant performance affects on jobs. The
memory utilization on GPU nodes also reveals possibilities
for optimizing memory configuration for GPU nodes. We ob-
served that there are quite a significant amount of jobs cannot
use GPU resources effectively. These under-utilized HBMs
are ideal candidates for disaggregated memory that provide
not only memory capacity but also high memory bandwidth
for applications [6]. In our future work, we will continuously
work on the memory resources analysis, especially considering
the temporal and spatial characteristics. In addition, we will
include metrics from other subsystems such as CPU, GPU and
NIC to have a whole view of the resource utilization.
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