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Modern high-performance computing systems continuously collect large volumes of teleme-
try through always-on monitoring services. These data describe system behavior, application
resource usage, and changing operating conditions over time, and they enable performance anal-
ysis, workload characterization, and proactive resource management. As supercomputers grow
in scale and complexity, analyzing such longitudinal telemetry becomes increasingly important
because it helps reveal how different scientific workloads use modern systems and how system
operation can be improved to better support diverse applications. Without effective analysis
methods, important patterns in system utilization remain hidden. However, analyzing such data
is difficult because HPC systems are large, heterogeneous, and dynamic. In addition, the relation-
ship between low-level monitoring data and application behavior is often indirect and complex.
Traditional analysis methods often rely on application-specific instrumentation, pre-run bench-
marking, or do not scale well in production environments with diverse workloads. This disser-

tation studies how longitudinal telemetry can be used to better understand and manage modern



HPC systems. It uses production monitoring data from a leadership-class supercomputer in two
complementary ways. First, it combines system-wide monitoring data with scheduler metadata
to examine GPU workload behavior. This analysis characterizes how production applications use
GPU resources, how utilization varies across GPUs and over time, and how workload behavior
relates to compute activity, memory activity, and resource imbalance. Second, it combines sched-
uler metadata with network telemetry to identify similar runs, model performance variation, and
predict runs that are likely to perform unusually slowly relative to similar runs based on telemetry
collected near the beginning of execution. This is done without application-specific profiling or
prior knowledge of the code. This dissertation shows that always-on monitoring data can be used
not only to understand workload behavior at scale, but also to anticipate performance problems

and support more informed operational decisions.
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Chapter 1: Introduction

High-performance computing (HPC) systems are essential to modern science and engineer-
ing. They support large-scale simulations, data analysis, and artificial intelligence (Al) workloads
that depend on a variety of system components, including Graphics Processing Units (GPUs),
deep memory hierarchies, and high-speed interconnects. System administrators continuously
monitor these components, which generates massive volumes of telemetry. These data record
hardware and software behavior over time and provide an opportunity to study production behav-
ior at system scale. Turning such routine monitoring data into useful system-level and job-level
knowledge is a central goal of operational data analytics (ODA) in HPC [57].

Despite this opportunity, extracting actionable insights from HPC telemetry remains dif-
ficult. Modern supercomputers collect monitoring data at high frequency across many subsys-
tems. These measurements are heterogeneous, noisy, and strongly dependent on context such
as job size, placement, system load, and application behavior. A single hardware counter rarely
provides a complete picture, and a small subset of analysis metrics often misses important in-
teractions among subsystems. Because low-level telemetry provides only an indirect view of
application execution, relating these measurements to workload behavior or performance out-
comes requires careful integration with scheduler metadata and analysis at an appropriate level

of abstraction.



These challenges are especially important on modern GPU-accelerated systems. As HPC
architectures grow more heterogeneous, resource demands, execution behavior, and performance
bottlenecks vary more widely across production applications. In this setting, coarse utilization
summaries and limited application-specific profiling do not provide an adequate view of sys-
tem behavior. Production-scale analysis methods must therefore work with routine monitoring
data, accommodate diverse workloads, and reveal patterns that remain useful across a large and
evolving workload mix.

This dissertation studies two complementary uses of longitudinal telemetry in HPC sys-
tems. The first is descriptive: it uses system-wide monitoring data collected over long time
periods to characterize workload behavior. The second is predictive: it combines telemetry with
scheduler metadata to identify signals associated with performance variability across compara-
ble production runs. In both cases, the dissertation emphasizes methods that rely on routinely
collected system data rather than intrusive instrumentation, application-specific knowledge, or
pre-run benchmarking.

The first part of this dissertation combines system-wide monitoring data with scheduler
metadata to construct job-level views of GPU activity in production jobs. This analysis examines
how production jobs use GPU resources, how resource usage varies across jobs and over time, and
how workload behavior relates to metrics such as utilization, compute activity, memory activity,
and imbalance. This perspective makes it possible to study production GPU workloads at system
scale while retaining job-level interpretability.

The second part of this dissertation focuses on run-to-run performance variability in pro-
duction GPU jobs. Identical runs can exhibit different runtimes because system conditions change
over time and jobs compete for shared resources. This variability matters to both users and sys-
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tem operators, but it is difficult to study at scale without application-specific measurements. This
dissertation uses scheduler metadata and network telemetry to group comparable runs, define
slowdown relative to similar runs, and model whether a run is likely to experience slowdown.
The goal is to show that routine monitoring data contain useful signals for predicting perfor-
mance variability in production jobs, even without application-specific instrumentation or pre-run
benchmarking.

The empirical analysis in this dissertation is centered on Perlmutter, a leadership-class su-
percomputer, with particular emphasis on its GPU partition and production monitoring infrastruc-
ture. This setting grounds the dissertation in a modern GPU-accelerated environment and allows
the methods to be evaluated on real operational data. Although the empirical study focuses on
a single system, the methods are designed to transfer to other HPC systems that provide similar
monitoring data and scheduler metadata, both of which are commonly available in production

environments.

1.1  Summary of Contributions

This dissertation addresses the challenges described above by developing methods that use
routine monitoring data to analyze and predict performance behavior in production GPU systems.
It combines system-wide telemetry data with scheduler metadata to produce job-level insight
into GPU workload behavior and to model run-to-run performance variability under practical
production constraints.

Chapter 4 presents several contributions. We develop a job-level characterization of GPU

workloads on Perlmutter using a robust job-attribution pipeline and two complementary telemetry



datasets that span a long time range across 2023 and 2025. This design lets us study production
GPU behavior at scale and over a broader range of workloads than a single short collection period
would allow. We use a very rich set of GPU hardware counters to quantify multiple aspects
of job behavior at job level. We label jobs as compute-bound or memory-bound and find that
memory-bound jobs consume more energy than compute-bound jobs at comparable GPU-hours.
We introduce a time-windowed spatial imbalance metric to quantify uneven GPU usage within
a job and to detect load imbalance at minute scale. We classify jobs by floating-point pipeline
activity and quantify differences in GPU utilization and in spatial and temporal imbalance across
these classes. This analysis indicates that jobs with tensor activity tend to reach higher utilization.
We also compare ML and non-ML jobs and identify differences in GPU usage behavior and
workload characteristics. Finally, we use the broad counter set to quantify job-level relationships
among GPU hardware counters and to identify the counters that track GPU utilization.

Chapter 5 presents a new approach to predict run-to-run performance variability for arbi-
trary production GPU applications using only system-wide monitoring data, without application
profiling, code instrumentation, or pre-run benchmarking. To the best of our knowledge, this
is the first variability prediction method that relies only on telemetry data and does not require
instrumentation. We make variability prediction feasible for arbitrary production workloads by
using job metadata to group similar runs that approximate repeated executions of the same ap-
plication under the same launch configuration, and by defining a group-specific variability value.
This design enables prediction without application-specific knowledge. We also quantify how
telemetry scope and timing affect prediction performance by comparing allocated-node and all-

node telemetry, as well as pre-start and post-start windows.



1.2  Outline of Dissertation

The remainder of this dissertation is organized as follows. Chapter 2 provides background
on Perlmutter, the monitoring infrastructure, and the data sources used in this dissertation. Chap-
ter 3 reviews prior work on resource usage analysis and performance variability in HPC systems.
Chapter 4 presents a job-level characterization of GPU workloads using system-wide monitoring
data. Chapter 5 presents a method for predicting run-to-run performance variability in production
GPU jobs using scheduler metadata and network telemetry. Chapter 6 provides a summary of the

contributions and directions for future work.



Chapter 2: Background

This dissertation uses system telemetry and scheduler metadata from Perlmutter, a leadership-
class supercomputer at NERSC. This chapter provides the shared system and data context for the
technical chapters that follow. It summarizes the relevant aspects of the Perlmutter architecture,
describes the monitoring and scheduling infrastructure, and explains the structure of the telemetry

and metadata used throughout this dissertation.

2.1 Perlmutter Architecture

Perlmutter is a heterogeneous supercomputer at NERSC with both CPU-only and GPU-
accelerated nodes. The system contains 3,072 CPU-only nodes and 1,792 GPU nodes. This
dissertation focuses on production jobs that run on the GPU partition. Each GPU node contains
one AMD EPYC 7763 processor, four NVIDIA A100 GPUs, and 256 GB of DDR4 system
memory. Among the GPU nodes, 1,536 use A100 GPUs with 40 GB of high-bandwidth memory
(HBM) per GPU, and 256 use A100 GPUs with 80 GB of HBM per GPU.

The GPU partition uses the Slingshot 11 interconnect with HPE Cray Cassini network
interface cards (NICs). Each GPU node has four NICs. The interconnect follows a three-level
dragonfly topology. In the GPU partition, each compute cabinet contains eight chassis. Each

chassis contains eight compute blades and four switch blades, and each GPU compute blade



contains two GPU nodes. The four NICs on each node connect to switch blades at the rear of the
cabinet. Each cabinet contains 32 switch blades arranged as two groups of 16 switches.

Within a GPU node, the AMD EPYC 7763 processor connects to the four A100 GPUs
through PCle 4.0. The GPUs also connect to one another through NVLink. Each NVLink con-
nection provides 25 GB/s of bidirectional bandwidth. The A100 GPUs provide up to 1,555 GB/s
of memory bandwidth in the 40 GB configuration and 2,039 GB/s in the 80 GB configuration.

The computational capability of the A100 GPUs depends on precision and execution mode.
In standard floating-point execution, each GPU provides 19.5 teraflops for FP32 and 9.7 teraflops
for FP64. When tensor cores are used, the peak performance increases to 155.9 teraflops for
TF32, 311.9 teraflops for FP16, and 19.5 teraflops for FP64 tensor-core execution. These archi-
tectural characteristics provide important context for the GPU and network analyses in the later

chapters.

2.2 Monitoring and Scheduler Infrastructure

Perlmutter collects telemetry through the Lightweight Distributed Metric Service (LDMS) [2].
LDMS uses a hierarchical design. Lightweight samplers run on compute nodes and capture hard-
ware counters at fixed intervals. Aggregators retrieve these sampled records and store them for
later analysis. LDMS supports many plugins for different subsystems. This dissertation uses
two telemetry sources collected through LDMS. The GPU workload analysis uses the Data Cen-
ter GPU Manager (DCGM) plugin [59] to collect GPU telemetry. The variability analysis uses
Cassini NIC counters to characterize network behavior.

Perlmutter uses Slurm [79] as its workload manager and scheduler. Slurm records metadata



such as job identifiers, step identifiers, start and end times, node allocations, requested resources,
job state, and submission commands. This dissertation retrieves Slurm metadata through sacct
and combines it with LDMS telemetry to attribute system measurements to running jobs or job

steps.

2.3 Data Structure

The telemetry data in this dissertation have a time-series structure. Each record includes
a timestamp, a node identifier, a device identifier, and counter values from a particular monitor-
ing plugin. In the GPU analysis, the device identifier corresponds to a GPU. In the variability

analysis, it corresponds to a NIC.

2.3.1 DCGM Counters

GPU telemetry from the DCGM plugin records per-GPU measurements, which provide
a device-level view of accelerator behavior over time. The DCGM counters are sampled ev-
ery 10 seconds. Table 2.1 lists the GPU counters used in this study. GPU_UTIL is the frac-
tion of time at least one kernel was executing on the device. SM_ACTYV is the fraction of
time at least one warp was active (including stalled warps waiting on memory). FP16_ACTYV,
FP32_ACTYV, FP64_ACTYV, and TNSR_ACTYV are activity fractions for the corresponding pipes;
higher values indicate greater activity of that pipeline. DRAM_ACTYV is the fraction of cycles
issuing device-memory traffic. MEM_UTIL is a memory-copy / copy-engine utilization signal.
NVLINK_TX,RX and PCIE_TX,RX report byte rates per second over NVLink (payload only)

and PCle (headers plus payload), respectively. HBM_USED is the absolute HBM footprint (MB).



Table 2.1: DCGM counters used in this thesis and their explanations.

Counter Name Short Name Description
DCGM FI_ DEV _GPU UTIL GPU_UTIL The fraction of time during which at least one
kernel was executing on the GPU.
DCGM_FI_.DEV_MEM_COPY _UTIL MEM_UTIL The fraction of time during which device
memory was read or written.
DCGM_PROF_DEV_DRAM_ACTIVE DRAM_ACTV The fraction of cycles where data was sent to
or received from device memory.
DCGM_FI_PROF_PIPE_FP16_ACTIVE FP16_ACTV The fraction of cycles the FP16 (half-
precision) pipes were active.
DCGM_FI_PROF_PIPE _FP32_ACTIVE FP32_ACTV The fraction of cycles the FP32 (single-
precision and integer) pipes were active.
DCGM _FI_PROF _PIPE FP64_ACTIVE FP64_ACTV The fraction of cycles the FP64 (double-
precision) pipes were active.
DCGM_FI_PROF_PIPE_TENSOR_ACTIVE TNSR_ACTV The fraction of cycles the tensor pipes were
active.
DCGM_FI_PROF_SM_ACTIVE SM_ACTV The fraction of time at least one warp was ac-
tive, averaged over all multiprocessors.
DCGM_FI_ PROF_NVLINK _{TX/RX} BYTES NVLINK _{TX/RX} The rate of data transmitted/received over
NVLink, not including protocol headers, in
bytes per second.
DCGM_FI_PROF_PCIE_{TX/RX} BYTES PCIE_{TX/RX} The rate of data transmitted/received over
PCle, including both protocol headers and data
payloads, in bytes per second.
DCGM_FI_DEV_FB_USED HBM_USED Absolute amount of high-bandwidth memory

DCGM_FI_DEV_TOTAL_ENERGY_CONSUMPTION TOTAL_ENG

DCGM_FI_DEV_GPU_TEMP GPU_TEMP

(HBM) used (MB).

Total energy consumption for the GPU in mJ
since the driver was last reloaded.

Current temperature readings for the device, in
degrees Celsius.

TOTAL_ENG is the cumulative GPU energy (mJ) since the driver was last reloaded. GPU_TEMP

is the current device temperature (Celsius).

2.3.2 NIC Counters

LDMS collects Cassini NIC hardware counters from GPU nodes. Unlike many GPU ac-

tivity counters, the NIC counters used in this dissertation are monotonically increasing. Later

analyses therefore use changes over time rather than raw counter values. Table 2.2 lists the

counters we use in this study. The counters fall into several conceptual groups. Traffic volume

counters report packets transmitted and received, including per-traffic-class breakdowns. Pause



counters capture flow control and can indicate congestion or injection throttling. Replay and
timeout counters reflect retry behavior that can increase when links or buffers are under stress.
Physical-layer codeword counters summarize link-layer error behavior. Posted and non-posted
PCle traffic counters, along with their blocked-event counters, provide a view of pressure at the

host-to-NIC interface.

2.3.3 Slurm Job Metadata

Slurm is the system scheduler and workload manager. At the job-step level, it records
metadata such as job identifiers, start and end times, requested resources, and the command line
from the submission script. A job step is a unit of execution within a Slurm job, typically created
by an srun launch in the job script. Each srun launch is therefore associated with a unique
job-step identifier.

Slurm metadata differs from telemetry because it provides static records about jobs and
job steps rather than time-series samples. These records include start and end times, node lists,
resource requests, executable or submission-command information, and final state. The later
chapters combine Slurm metadata with LDMS telemetry to construct job-aware datasets. Chap-
ter 4 uses merged GPU telemetry and scheduler data to analyze workload behavior. Chapter 5
combines NIC telemetry and scheduler data to study run-to-run performance variability.

Subsequent chapters describe chapter-specific sampling intervals, selected counters, data
retrieval steps, and preprocessing decisions. This chapter provides only the shared system and

data context needed to understand those analyses.
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Table 2.2: Telemetry counters used in this study. The conceptual-group column identifies the
subsystem or behavior each counter represents. Colored cells highlight the six conceptual groups

in the feature set.

Counter Name

Conceptual Group

Description

parbs_tarb_pi_non_posted_pkt:

parbs_tarb_pi_non_posted_blo

parbs_tarb_pi_posted_pkts

parbs_tarb_pi_posted_blocked

pct_sct_timeouts
pct_spt_timeouts
pct_tct_timeouts
hni_pkts_recv_by_tc_{0..7}
hni_pkts_sent_by_tc_{0..7}

hni_rx_paused_std

hni_rx_paused_{0..7}

hni_tx_paused_{0..7}

hni_pcs_good_cw
hni_pcs_corrected_cw
hni_pcs_uncorrected_cw
pct_trs_replay_pend_drops

hni_llr_tx_replay_event

PCle traffic

PCle traffic

PCle traffic

PCle traffic

Timeout
Timeout
Timeout
Traffic volume
Traffic volume

Pause / flow control

Pause / flow control

Pause / flow control

Codewords
Codewords
Codewords
Replay behavior

Replay behavior

# of PCle packets transferred on the non-posted path, which
is typically associated with read-like host interface traffic.
# of cycles in which the non-posted PCle path is blocked.
Large blocked-cycles per packet suggest higher host read
latency.

# of PCle packets transferred on the posted path, which is
typically associated with write-like host interface traffic.

# of cycles in which the posted PCle path is blocked. Large
blocked-cycles per packet suggest possible congestion at
this endpoint.

# of close requests that timed out before the matching re-
sponse arrived.

# of ordinary requests that timed out before a response ar-
rived.

# of timeout events associated with the TCT tracking or
retry path.

# of packets received per traffic class (TCO-TC?7).

# of packets transmitted per traffic class (TCO-TC7).

# of cycles in which at least one PCP pause condition was
present.

# of cycles in which pause is applied on the receive path for
a given traffic class. This indicates that incoming traffic is
arriving faster than the endpoint can absorb it (TCO-TC7).
# of cycles in which the NIC asserts pause on the trans-
mit path for a given traffic class. This indicates the NIC
is pushing back because host-side write or translation han-
dling cannot keep up (TCO-TC7).

# of received codewords with no detected error.

# of received codewords that were corrected successfully.
# of received codewords that could not be corrected.

# of drops while traffic is pending replay in the TRS retry
path.

# of link-level replays. Higher rates indicate the link reli-
ability mechanism is actively retransmitting data to protect
against link problems.
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Chapter 3: Related Work

This chapter reviews prior work most closely related to this dissertation. It focuses on
three areas: resource-usage analysis for workload characterization, performance variability in
HPC systems, and the use of telemetry, logs, and scheduler records for prediction and system

management.

3.1 Resource Usage Analysis

Several monitoring tools collect performance data from HPC systems, including LDMS [2],
ParMon [15], and SuperMon [80]. These tools typically monitor compute nodes continuously and
collect time-series data about the jobs that run on them. They can report CPU, GPU, memory,
and I/O usage, as well as power and energy consumption. Perlmutter uses LDMS for system
monitoring and provides GPU-level time-series data for every job that runs on the compute nodes.

Many studies characterize the performance and resource utilization of HPC and cloud sys-
tems through monitoring data. Most studies focus primarily on CPU and memory utilization to
characterize workloads [3, 21, 73, 17, 51, 66, 67, 25, 40, 12]. For example, Peng et al. [64] ana-
lyze memory utilization on two HPC systems and investigate spatial and temporal imbalance in
jobs. Similarly, several papers analyze temporal and spatial characteristics of jobs on Perlmutter

by using counters such as CPU utilization, GPU utilization, and memory usage [46, 70].
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Several studies also focus on I/O, storage, power, and energy usage [73, 61, 67, 3, 46, 36,
19]. Patel et al. [61] analyze I/O behavior in large-scale storage systems. Chu et al. [19] compare
the energy profiles of machine learning and traditional workloads and find that machine learning
jobs have higher power usage and failure rates. Ilager et al. [36] analyze energy and temperature
in cloud data centers. Hu et al. [35] characterize deep learning workloads across multiple data
centers and find that single-GPU jobs have a smaller effect on cluster usage than multi-GPU jobs.

These studies establish the value of monitoring data for workload characterization. How-
ever, most prior studies rely on coarse resource metrics or examine only a small subset of coun-
ters. As a result, they provide only a limited view of GPU workload behavior. This disserta-
tion addresses that limitation by using a much richer set of GPU hardware counters across two
telemetry datasets from 2023 and 2025. We use these counters to investigate multiple aspects of
workload behavior, including energy use, compute-bound and memory-bound behavior, imbal-
ance, floating-point pipeline activity, differences between ML and non-ML jobs, and relationships

among counters and GPU utilization.

3.2 Performance Variability Analysis

Performance variability in HPC systems has been studied for many years. Early work
identifies operating system noise as one source of variability [65]. Later studies report that shared
network interference and congestion can strongly affect run-to-run behavior in communication-
heavy applications [11, 37, 9]. Production studies on Aries and Cray systems relate slowdowns
to network conditions and analyze their causes in practice [31, 20]. Other work uses system-wide

telemetry, scheduler data, and placement or utilization context to study slowdown behavior at

13



scale [10, 43].

On modern GPU supercomputers, both GPU-level effects and network conditions can con-
tribute to performance variability [77, 89]. Wei et al. [85] examine variability in GPU codes
on production supercomputers and identify network conditions as a major source of slowdown.
Nichols et al. [58] further show that historical telemetry can help predict variability, although
their approach relies on application-specific knowledge. These studies establish that performance
variability is a persistent property of production HPC systems and that shared system state often
plays a central role.

These studies establish that performance variability is a persistent property of production
HPC systems and that shared system state can affect run time. However, they do not make
variability prediction practical for arbitrary production GPU workloads. Existing work either
focuses on explaining slowdown or relies on application-specific knowledge. This dissertation
addresses that gap by grouping similar runs with scheduler metadata, defining a group-specific

variability value, and building prediction models for arbitrary production GPU runs.

3.3 Telemetry-based Prediction

Researchers use job records, logs, and monitoring data to predict many operational quanti-
ties, including runtime, I/O behavior, wall-time underestimation, and other resource demands [50,
1, 33, 84, 26, 78, 38, 69]. Of particular relevance to this dissertation, some studies use monitor-
ing data to predict performance variability [58, 10]. Others use monitoring data for application
fingerprinting and workload identification [45, 6, 72, 23, 34]. Additional work uses monitoring

data to predict job runtime [50, 1, 22] and resource usage [26, 78, 29]. Monitoring data also sup-
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port operational analytics, system characterization [29, 55, 57, 19], and anomaly detection [53,
56, 14, 71, 52, 60]. These studies illustrate the broader value of monitoring data for operational
analytics in HPC [55, 57].

Several studies connect predictive models to scheduling and control. These approaches
use runtime or resource predictions to guide placement, backfilling, co-location, or system-level
adaptation [87, 81, 86, 62, 42, 88, 44, 13]. Uncertainty-aware models also appear in this literature
because prediction error can strongly affect scheduling quality [32, 27, 83]. Related work also
studies phase detection and phase-aware modeling to identify intervals with distinct resource-
usage patterns and to support runtime prediction [18, 48, 63, 28, 49, 5].

These studies demonstrate that monitoring data can support a wide range of predictive
and operational tasks. However, they do not establish whether scheduler metadata and system-
wide telemetry together can predict run-to-run slowdown for arbitrary GPU applications at or
shortly after run start. They also do not quantify how telemetry scope and timing affect this task.
This dissertation addresses these gaps by building slowdown prediction models without code
instrumentation, application profiling, or pre-run benchmarking, and by comparing allocated-

node versus all-node telemetry data and pre-start versus post-start windows.
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Chapter 4: Job-level Characterization of GPU Workloads from System-wide

Monitoring Data

This chapter presents a job-level characterization of GPU workloads on Perlmutter using
system-wide monitoring data. It synthesizes two studies that analyze telemetry collected in 2023
and 2025. The first study uses a longitudinal dataset that spans August 16 to December 13, 2023
and characterizes utilization and its spatial and temporal variability across a large population of
production jobs. The second study analyzes a representative one-month dataset from March 1 to
April 1, 2025 and extends the earlier analysis with diagnostics that relate job behavior to practical
workload characteristics such as compute and memory limitations, energy consumption, and
HBM capacity headroom. This chapter builds primarily on my paper [16] and includes findings
from both studies.

Both studies use GPU telemetry collected on Perlmutter through LDMS [2] and its DCGM
plugin [59]. The underlying data format and collection pipeline are the same in both studies,
and each telemetry sample records a timestamp together with node and GPU identifiers and the
selected DCGM counter values. The studies differ in time coverage and in the breadth of counters
analyzed. The 2023 study focuses on utilization, SM activity, floating-point pipeline activity
for FP16, FP32, FP64, and tensor pipes, and HBM usage over a longitudinal window of ~four

months. The 2025 study uses the same data format and sampling cadence, but expands the
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counter set to include additional signals such as NVLink and PCle traffic, energy consumption,
and temperature, and analyzes a representative one-month window. When the two studies address
the same question and yield similar conclusions, this chapter reports the result from the later study
and uses the earlier study when it provides additional context or a complementary perspective.
The chapter begins with an introduction to the problem setting and the main analytical
themes. It then describes the monitoring data, data integration steps, and preprocessing choices
that produce a reliable job-attributed telemetry dataset. Next, it presents the methodology used
to characterize job behavior. The remaining sections summarize the main findings on overall
workload behavior, job types, spatial and temporal behavior, and relationships among hardware

counters, and then discuss their implications.

4.1 Introduction

General-purpose Graphics Processing Units (GPGPUs) have become pervasive in compute
nodes on high-performance computing (HPC) systems. Understanding GPU resource usage can
inform application optimization, facility operation, and future architecture design. System-wide
monitoring datasets make this analysis possible because they capture GPU floating-point (FP)
pipe activity, HBM usage, interconnect traffic, and energy consumption together with job meta-
data such as start and end times and GPU counts.

Although modern GPUs expose a rich set of hardware counters, operators and users rarely
exploit this breadth. This underuse creates performance blind spots. Users struggle to diagnose
underperformance and to choose effective optimizations for their jobs, and system operators lack

the observability needed for informed placement, capacity planning, and inefficiency detection
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at scale. This chapter addresses that gap by translating system-level hardware counter telemetry
into interpretable, job-level insights that inform both users and operators.

Producing valid job-level insights from system-wide monitoring data requires a rigorous
curation and analysis workflow. Reliable analysis begins with precise alignment of each GPU
sample to its job metadata. Hardware counters also differ in semantics: some report fractional
activity, others provide instantaneous readings, and others accumulate totals over time. The work-
flow must therefore enforce correct interpretations, handle missing values and outliers, and ap-
ply appropriate aggregations to produce job-level summaries that support statistically defensible
comparisons.

While some prior work analyzes GPU monitoring data [19, 46, 41], most studies consider
only a limited set of hardware counters. This chapter addresses that limitation by synthesizing
two complementary studies of GPU-specific counters collected through the Lightweight Dis-
tributed Metric Service (LDMS) on Perlmutter, a flagship open-science supercomputer at the Na-
tional Energy Research Scientific Computing Center (NERSC). The first study spans August 16
to December 13, 2023 and covers more than 300,000 jobs on the GPU partition. The second
spans March 1 to April 1, 2025 and covers around 75,000 jobs. Both datasets are sampled ev-
ery 10 seconds and include NVIDIA Data Center GPU Manager (DCGM) counters. The 2023
study focuses on a core set of signals, including utilization, streaming multiprocessor activity,
floating-point pipe activity, and frame-buffer (HBM) usage. The 2025 study extends this set with
additional counters such as NVLink and PCle traffic, energy, and temperature.

This chapter analyzes how GPU workloads use resources across GPUs and over time. It
quantifies how evenly work within a job is distributed across its assigned GPUs and how steadily

each GPU is exercised during the job. It also classifies jobs as compute-bound or memory-

18



bound using a roofline-based criterion and relates these job types to utilization patterns, energy
consumption, and imbalance. In addition, it examines usage of FP pipes (FP16, FP32, FP64,
and tensor), HBM memory, and the NVLink and PCle interconnects, and analyzes correlations
between hardware counters and GPU utilization to identify factors associated with higher GPU
use. The chapter also compares ML and non-ML jobs and concludes with implications for users
and system operators.

This chapter makes the following contributions:

* It presents a system-wide characterization of GPU workloads on Perlmutter using two com-
plementary telemetry datasets from 2023 and 2025 together with a robust job-attribution

pipeline, which enables job-level analysis of diverse aspects of GPU usage.

* It labels jobs as compute-bound or memory-bound using a roofline criterion and observes
that, at comparable GPU-hours, memory-bound jobs tend to consume more energy than

compute-bound jobs.

* It introduces a time-windowed spatial imbalance metric that captures uneven resource us-
age across the GPUs assigned to a job and enables minute-scale detection of uneven load

and more reliable job-level summaries.

* It classifies jobs by FP pipeline activity and quantifies how GPU utilization and spatial
and temporal imbalance vary across job classes, and it demonstrates that tensor activity is

typically associated with higher utilization.

* It compares ML and non-ML jobs to identify differences in GPU usage behavior and work-

load characteristics.
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* It uses a broad set of system-wide DCGM counters to quantify job-level relationships
among hardware counters and to identify which counters co-vary with GPU utilization

and how these associations differ between compute-bound and memory-bound jobs.

4.2 Monitoring Data Used in this Chapter

The data format is the same in both studies synthesized in this chapter. Each LDMS record
contains a timestamp, a node identifier, a GPU identifier, and the selected DCGM counter values.
The studies differ in time coverage and in the breadth of counters analyzed. The 2023 study
uses a longitudinal dataset that spans August 16 to December 13, 2023 and covers 345,154 jobs.
The 2025 study uses a one-month dataset that spans March 1 to April 1, 2025 and covers 75,703
jobs. The 2023 study focuses on a core set of counters that capture GPU utilization, SM activity,
floating-point pipeline activity, copy-engine activity, and HBM usage. The 2025 study uses the
same core signals and expands the counter set. The facility configures this rate, and users cannot
change it. This chapter uses only DCGM counters that Perlmutter staff validate for operational

monitoring because hardware counters can be noisy [68].

4.2.1 Data Retrieval and Integration

This chapter retrieves LDMS data through the Prometheus API and Slurm job data through
the sacct command and stores both in Parquet files. LDMS provides per-GPU hardware counter
values together with timestamps, node identifiers, and GPU identifiers, but it does not provide
job identifiers. Slurm provides job-level metadata, but it does not include hardware counter

measurements.
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To enable per-job GPU-level analysis, the workflow merges the datasets by aligning LDMS
samples with Slurm job data. It matches LDMS timestamps to jobs running on the same node by
using start and end times from Slurm. For each job, it assigns LDMS samples within the job time
range to the corresponding job identifier and step. This process produces a dataset in which each

LDMS sample is linked to a specific job and step.

4.2.2 Data Filtering and Preprocessing

Both studies apply a common set of filtering and preprocessing steps to ensure reliable
analysis of the merged LDMS and Slurm datasets. First, the workflow removes LDMS entries
that cannot be associated with any job during the merge. It excludes jobs that run on login nodes
because they do not represent meaningful workloads, and it removes jobs that do not use the
GPU partition. It also excludes jobs submitted by staff accounts because these jobs often involve
maintenance, testing, or debugging rather than production workloads.

In addition, the workflow removes jobs with durations shorter than three minutes because
they usually do not contain enough data for meaningful analysis. It applies counter-specific sanity
checks to address data inconsistencies. For example, it removes jobs with counter values that
exceed physical limits for the device, such as GPU_UTIL >100%. These samples are extremely
rare, accounting for less than 0.0001% of all records. They likely result from counter overflow,
so the workflow removes them. Finally, it excludes jobs with a mean GPU_UTIL below 1%.

The 2023 study also identifies ML jobs through a coarse heuristic based on submit-line
information in Slurm job scripts. It classifies a job as ML-related if its submit line contains any

of 18 predefined keywords.! For the remainder of this chapter, we refer to these jobs as ML

'Keywords include ‘epoch‘, ‘training‘, ‘neural, ‘cnn‘, ‘rnn‘, ‘Istm°, ‘transformer®, ‘bert‘, ‘tensorflow*, ‘pytorch®,
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jobs. This keyword-based labeling may undercount ML jobs that do not expose these terms in
their submit lines and may overcount jobs that include these terms without actually using ML
frameworks. Despite these limitations, the heuristic is sufficient for a coarse-grained ML versus

non-ML comparison in the 2023 analysis.

4.3 Methodology

Our goal is to convert raw, per-sample GPU telemetry into interpretable job-level insights.
We (i) classify job type (compute- versus memory-bound) using roofline-based sample labels
aggregated to the job level, (ii) measure spatial imbalance to quantify how evenly work is dis-
tributed across allocated GPUs, and (iii) measure temporal imbalance to quantify how steadily
a job sustains activity over time. We then relate these metrics to job-level counter means using
heatmaps and Spearman correlations.

Together, these views support user diagnosis (e.g., properly sizing allocations) and operator
decisions (e.g., placement under HBM headroom, expectations for power/thermals). The subsec-
tions that follow formalize each metric, define aggregation and normalization rules, and detail

how we compute job-level summaries and correlations from the counters in Table 2.1.

4.3.1 Classifying Job Types

The roofline model identifies whether compute or memory activity limits a kernel. It plots
each kernel with arithmetic intensity on the x-axis and achieved flop/s on the y-axis. Arithmetic
intensity is FLOPs per byte moved from HBM. Achieved rate is the measured flop/s during

execution. Two limit lines appear on the same chart: a flat line at peak flop/s and a rising line

‘keras‘, ‘deep‘, ‘inference’, ‘autoencoder®, ‘classification®, ‘detection’, ‘activation‘, ‘sklearn°.
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equal to peak HBM bandwidth times arithmetic intensity. Their intersection is the ridge. Points
left of the ridge are memory-bound, and points at or right are compute-bound. At any x-value,
the lower limit sets the attainable flop/s.

We perform a roofline-based analysis, building on [7], to label each telemetry sample as
compute-bound or memory-bound and then aggregate these labels at the job level. The method
uses the floating-point (FP) pipeline activity fractions (FP16_ACTYV, FP32_ACTYV, FP64_ACTYV,
TNSR_ACTV) and the memory activity fraction (DRAM_ACTYV) listed in Table 2.1, together
with peak device capabilities. We take peak flop/s and peak HBM bandwidth from the device
specifications. Because the HBM peak depends on GPU capacity (40 GB or 80 GB), we infer the
capacity from node identifiers.

For each sample, achieved flop/s and HBM bandwidth are estimated by scaling the archi-
tectural peaks with the observed activity fractions. For example, the achieved FP64 flop/s and

HBM bandwidth are estimated as follows:

F6/ = FP64_ACTV x peak FP64 flop/s 4.1)

B = DRAM_ACTV x peak HBM BW 4.2)

The per-sample arithmetic intensity is then

achieved FP64 flop/s

FP64 arithmetic intensity

v
v Fé
Alfpey = —— 4.3)
B

achieved HBM bandwidth
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We compare Al to the device balance point (ridge) and classify a sample as compute-
bound if Alfye4 exceeds the balance point, and as memory-bound otherwise. The balance point
is defined as the ratio of the device’s peak compute throughput (flop/s) for the FP pipeline of
interest to the device’s peak memory bandwidth (bytes/s). Finally, we categorize each job by the

fractions of its compute-bound and memory-bound samples.

4.3.2 Quantifying the Spatial Imbalance of Jobs

Spatial behavior refers to how a job’s workload is distributed across its assigned GPUs. We
extend a prior spatial imbalance metric [46, 64] with a time-windowed approach that captures
usage throughout the job rather than over its full runtime at once. This time-windowed spatial
imbalance metric is useful because it quantifies how evenly a job’s GPU usage is distributed over
time.

Let TC(g,w) = >t C,+ be the sum of hardware counter values C, ; over all timestamps

in time window w for GPU g. We define the spatial imbalance of job j in w as

total activity in window w

spatial imbalance in window w J
SI(j,w) =1-— 4.4)
g; x max TC(g,w)
1<g<g;

max possible total given busiest GPU

The numerator in Equation 4.4 sums the per-GPU hardware counter values within time
window w across all GPUs allocated to the job where g; is the number of GPUs allocated to j.
The denominator represents the maximum possible counter value if all GPUs matched the highest
observed value in that window. An S/ value near O indicates minimal imbalance; a value near 1
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indicates significant imbalance. We define the spatial imbalance metric for a job over its entire
runtime as the mean spatial imbalance across all time windows, where w; is the total number of

time windows:

sum Sl over time windows

|

Wy

SI(j)

job-level spatial imbalanceT

4.5)

[ number of windows

A longer time window smooths out short bursts by averaging them over a longer period.
In contrast, a shorter window retains these quick changes and makes them more visible in the
metric. Window length therefore sets the time scale of the imbalance we capture. We keep the

window length fixed when comparing jobs so the metric is consistent across workloads.

4.3.3 Quantifying the Temporal Imbalance of Jobs

Temporal imbalance quantifies the variation in hardware counter values over a job’s run-
time. We adopt the definition from [64]. Here, C; is the hardware counter value for GPU g
at time ¢. The numerator sums the counter values over time. The denominator represents the
maximum possible value and is calculated by multiplying the job duration by the peak observed

counter value for that GPU. Subtracting from 1 highlights the imbalance, where values near zero
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indicate stable behavior and higher values reflect greater fluctuations.

total activity over time

temporal imb. for GPU ¢

i
1 hoC
TI(j,9) =1— 21 O (4.6)

tj X maxi <¢<t; C it

max possible total given peak activity

Equation 4.6 defines the temporal imbalance metric for a single GPU. We define the tem-
poral imbalance of a job as the maximum imbalance across all allocated GPUs, where g; is the

number of GPUs assigned to the job:

job-level temporal imbalance

J
TI(j) = max TI(j,g) 4.7)

1<g<g;

largest per-GPU temporal imbalance

4.3.4 Quantifying Burstiness

Temporal imbalance compares average behavior to the peak observed value and can be high
when a job has brief spikes but low average activity. To capture irregularity of sudden changes
that is not reflected by temporal imbalance, the 2023 study uses a burstiness metric based on
inter-event times [30].

An event is defined as a counter value increasing by more than 15 percentage points within
a 10-second interval. For example, if GPU_UTIL is 50% at a given timestamp, an event occurs if

the next measurement exceeds 65%. Inter-event times are the time intervals between consecutive
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events. Let 7 denote the inter-event times for GPU g in job j. Burstiness is defined as

inter-event std. dev. minus mean

burstiness for GPU g in job j h

% Or — s
B(j,9) = —— (4.8)
Or + o

inter-event std. dev. plus mean

where o, and p, are the standard deviation and mean of the inter-event times. A value of
—1 indicates perfectly regular behavior, a value of 0 indicates balanced fluctuations, and a value

near 1 indicates highly irregular changes.

sum of per-GPU burstiness values

I
B(j) = 4.9)
9j

job-level burstinessT

[number of GPUs in the job

Equation (4.8) defines burstiness for a single GPU. The overall burstiness of a job is the

mean across its GPUs.

4.3.5 Correlating Job-Level Counter Values

We analyze correlations among job-level means of hardware counters to characterize per-
job resource-usage behavior. We compute the job-level mean, M (j), by averaging the counter
values over time, ¢;, for each GPU in a job, and then taking the mean across all GPUs, g;, assigned

to that job:
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average over time

9;

tj
MG) = =3 %ZO,t (4.10)

. _ J o4
job-level mean counter vaIueT g=1 t=1

average over GPUs

where (), is the counter value for GPU g at time ¢.
To quantify relationships without assuming linearity or normality, we use Spearman’s rank
correlation. We compute pairwise correlation across jobs and report the full matrix. We compute

all correlations on the same job set used throughout this chapter.

4.4 Overview of GPU Workloads on Perlmutter

In this section, we present an overview of our monitoring data and the job-level charac-
teristics of Perlmutter. Our analysis examines job size, utilization patterns, usage of different
GPU FP pipelines, HBM capacity used, and interconnect activity. These aspects are central to

understanding how workloads use system resources.

4.4.1 Overall Resource Usage

Job size is an important factor that shapes workload composition. On Perlmutter, most jobs
are small, while large jobs consume a disproportionate share of resources. Relating job size to
job count, duration and GPU_UTIL provides a baseline characterization of job behavior on the
GPU partition.

The left plot in Figure 4.1 demonstrates that 64,183 jobs (85%) allocate four GPUs (a single

node). Each GPU node has four GPUs on Perlmutter. There are no jobs in the first bin (1-2
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Distribution of jobs by job size Distribution of duration by job size
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Figure 4.1: Left: number of jobs by job size (GPUs). A y-axis break is used to display the tall
first bin while preserving readability of subsequent bins. Each bar represents a range of job sizes
(e.g., the 8-16 bin includes all jobs that requested more than 8 and up to 16 GPUs). Middle:
distribution of job duration (hours on log scale) by job size. Right: distribution of per-job mean
GPU_UTIL (%) by job size. Red dots on the box plots indicate means, orange lines indicate
medians, and open circles denote outliers.

GPUs) because even when users request fewer than four GPUs, Slurm allocates all four GPUs on
the node on Perlmutter. The job size in the subsequent bins decreases as job size increases.

The middle plot in Figure 4.1 demonstrates the job durations for different ranges of job
sizes. The circles in the box plot represent outliers. The area within the box represents the
interquartile range (IQR), defined as the range between the 5th and 95th percentiles. Whiskers
above and below the box extend to the last data point within 1.5 x IQR, and outliers are the

points beyond the whiskers. This plot indicates that single-node jobs are shorter on average (~55
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min) compared to the multi-node jobs. Multi-node jobs have varying durations, but most multi-
node size ranges have a mean value of ~two hours. Across sizes, the IQR is roughly 1-3 hours.
The absence of jobs longer than 48 hours reflects the maximum duration allowed by Perlmutter’s
queue policies.

The right plot in Figure 4.1 summarizes the per-job mean GPU_UTIL by job size, using
the same box-plot conventions as the middle plot. The job count distribution skews toward small
jobs (1-4 GPUs), yet means of GPU_UTIL improve at moderate scales and peak for 33-512
GPUs (~47-48%). At very large scales (>512 GPUs), medians drop to ~20% with a reduced
95th percentile, plausibly due to extended idle time from communication and synchronization in
larger jobs. Small jobs (1-4 GPUs) have lower medians than 5—8 GPUs (38% vs 45%), because

exclusive placement leaves more allocated GPUs unused in the smallest bin.

Observations Overall, we find that small node-count jobs dominate Perlmutter’s work-
load. Median runtimes are shorter for single-node jobs compared to multi-node jobs. Typ-
ical durations for multi-node jobs are around 1-3 hours. Overall, GPU utilization is highest

at intermediate job sizes (33-512 GPUs) and lower at the largest sizes (>512 GPUs).

4.4.2 GPU Floating-Point Pipe Activity

Beyond overall GPU utilization, we analyze GPU FP pipe activity (FP16_ACTV, FP32_ACTYV,
FP64_ACTYV, TNSR_ACTYV) to assess how workloads drive the compute pipelines. We address

the following research question:

RQ1 Are there differences in how GPU jobs utilize FP16, FP32, FP64, and Tensor pipes?
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Figure 4.2: The number and mean GPU_UTIL of jobs using different combinations of GPU
floating-point pipes used. Each bar represents a disjoint set of jobs. Filled circles mark which FP
pipes are active in that set.

Figure 4.2 demonstrates how much GPU jobs use different FP pipelines and how they co-
occur. The top bar chart reports the number and mean GPU_UTIL of jobs for each combination of
active counters. The bottom matrix with filled circles and connecting lines denotes the counters
present in each combination. Each top bar represents a disjoint set of jobs. To determine which
FP pipe a job engages, we mark an FP pipe as used if the job’s mean activity for that pipe exceeds
a small threshold. The threshold is the larger of the 5th percentile of per-job means for that pipe
and 0.005.

FP64 dominates Perlmutter’s workload. The FP64-only intersection contains 33,675 jobs
(44% of all jobs) with a mean GPU_UTIL of 36%. Tensor+FP64 is the next largest intersection
with 13,721 jobs (18%) and a higher mean GPU_UTIL of 50%. FP32-only accounts for 4,485
jobs (6%) at 34% mean GPU_UTIL. Tensor+FP32 includes 2,694 jobs (4%) with 46% mean
GPU_UTIL. The Tensor-only group appears with 4,463 jobs (6%) and mean GPU_UTIL of 20%.

Because of our small threshold, very small means of activity can fall below the threshold for
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some jobs and those jobs then surface as Tensor-only. Finally, FP16 is very rare on Perlmutter

(178 jobs).

Answer to RQ1 The FP64-only group is the largest (44% of jobs), which indicates that
many workloads utilize FP64 pipes on Perlmutter. In addition, jobs that utilize tensor
pipes alongside FP64 or FP32 tend to sustain the highest GPU utilization (50% and 46%,

respectively), which suggests that utilizing tensor cores tends to improve GPU utilization.

4.4.3 Peak HBM Usage on 40 GB and 80 GB GPUs

Memory (HBM) capacity is a critical constraint for GPU jobs. We analyze peak HBM
usage to assess how close jobs run to hardware limits and whether 80 GB GPUs are fully utilized.

We address the following research question:

RQ2 Among the jobs that request 80 GB GPUs, how much HBM do they actually use?
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Figure 4.3: Distribution of peak HBM usage (normalized by capacity) for jobs that explicitly
requested 80 GB GPUs. The orange line represents the CDF.
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Figure 4.3 summarizes job-level peak HBM usage (HBM_USED) for jobs that explicitly
requested 80 GB GPUs. For each GPU, we compute its peak usage as the maximum HBM_USED
sample over the job’s duration divided by the GPU’s nominal capacity. The job-level peak is
the maximum of these per-GPU peaks. The figure demonstrates a histogram of the resulting
percentages with a CDF on the secondary y-axis.

On Perlmutter, jobs that do not request a specific memory capacity can run on either 40
GB or 80 GB GPUs. To reflect intent, we isolate the 2,947 jobs that explicitly requested 80 GB
GPUs with -C gpus&hbm80g. Figure 4.3 reports the distribution of job-level HBM usage: 12%
of jobs use less than 20% of capacity, 55% use less than 50%, 20% use at least 80%, and 17%
fall in the 90-100% range. Because HBM_USED is sampled every 10 seconds, brief spikes may
be missed, therefore a safety margin should be applied when interpreting peaks.

This analysis indicates that system administrators can use historical telemetry to help users
request the right amount of memory. At submission time, the system can check a user’s recent
jobs. If a user requests 80 GB but prior runs on 80 GB GPUs peaked below 40 GB, the system
can display an advisory prompt to consider a 40 GB GPU instead. This may reduce wait times

on scarce 80 GB GPUs and improve overall throughput.

Answer to RQ2 Among jobs that explicitly request 80 GB GPUs, 55% peak at or below
50% of HBM capacity and should fit on a 40 GB GPU. Meanwhile, 20% of jobs exhibit

good capacity use with HBM usage of at least 80%.
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4.4.4 Comparison Between ML and non-ML Jobs

RQ3 Is there a difference between machine learning and non-machine learning jobs in

terms of their resource utilization?
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Figure 4.4: The plots compare the number (left) and GPU hours (right) of ML and non-ML jobs
by mean of GPU_UTIL. ML jobs dominate high (70-100%) and the low (0, 9%) utilization bins.
They account for more GPU hours. Absolute values are annotated above bars.

Figure 4.4 illustrates the distribution of normalized job counts and GPU hours for ML
and non-ML jobs across mean of GPU_UTIL ranges. We normalize job counts and GPU hours
separately to compare the relative distributions of ML and non-ML jobs. For job counts, we
group jobs by mean of GPU_UTIL and compute each group’s fraction relative to the total jobs in
its category (ML or non-ML). For GPU hours, we sum the total GPU hours in each group and
normalize by the total GPU hours in that category. The baselines are total jobs and total GPU
hours per category. Absolute values are annotated above bars.

The left plot shows normalized job counts by mean GPU_UTIL ranges. Non-ML jobs dom-
inate the lower- and mid-utilization ranges (except [0-9%]), but decline significantly at higher

utilizations. ML jobs are most common in high-utilization ranges (70-100%) and the lowest
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utilization bin. ML jobs comprise 2.62% of all jobs. The right plot in Figure 4.4 presents the nor-
malized GPU hours. ML jobs dominate the 70-100% range, while non-ML jobs contribute most
in 0-39%. ML jobs are underrepresented in the 30-70% GPU utilization range, likely because
they either involve minimal computation (e.g., tuning or small-scale experiments) or exhibit high
computational intensity that drives utilization above 70%. In contrast, mid-utilization jobs are

likely traditional HPC workloads, though further metrics are needed to confirm this.

Answer to RQ3 ML jobs are a small fraction of total jobs (2.62%) but account for a dispro-
portionately large share of GPU hours at very high utilization (70-100%). In normalized
job counts, non-ML jobs dominate the low and mid utilization bins (except the 0-9% bin),
while ML jobs concentrate in the 70-100% bins and also appear prominently in the lowest

utilization bin.

4.5 Characterizing Job Types

In this section, we examine the distribution of compute- versus memory-bound samples on
Perlmutter and assess how job-level total energy consumption differs by job type. This section

addresses the following questions:

RQ4 What share of jobs are classified as compute-bound versus memory-bound under the

roofline criterion, and how do these job types differ in total energy consumption?

Figure 4.5 presents per-sample arithmetic-intensity distributions for the FP64 and tensor
pipes on NVIDIA A100 GPUs with 40 GB and 80 GB HBM. We omit the FP32 distribution

for brevity because it matches FP64. Each plot reports the fraction of samples per arithmetic-
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intensity bin on a logarithmic axis. Balance points (ridges) and roofline ceilings are annotated.
Using the FP64-specific arithmetic intensity, we classify 88% of samples as memory-bound and
12% as compute-bound. We assign job-level labels by the majority class among a job’s samples.
When aggregated by job, 81% of jobs are memory-bound and 19% are compute-bound. We
observe similar proportions across the other FP pipes, with ~20% of jobs classified as compute-

bound and ~80% as memory-bound.
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Figure 4.5: Distribution of arithmetic intensity by GPU floating-point pipes (40 GB versus 80 GB
GPUs). Bars represent the fraction of samples for FP64 (left) and tensor (right). Vertical lines
mark the capacity-specific balance points (ridges), and the right axis overlays the corresponding
rooflines.
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The separation between 40 GB and 80 GB is most visible for the tensor pipe. Tensor
pipe activity is mostly associated with high compute reuse (e.g., matrix multiplication). The
extra HBM capacity on 80 GB GPUs supports larger batches or models, which results in more

sustained tensor flops per byte.
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Figure 4.6: Distribution of total energy per job (J) versus GPU-hours with log scales on both axes.
For each GPU-hour bin, side-by-side box plots compare compute-bound and memory-bound jobs
classified using FP64 arithmetic intensity. GPU-hours = number of GPUs x duration of the job.
White lines in boxes represent median and IQR with whiskers (outliers suppressed).

We next compare total energy consumption of compute- and memory-bound jobs (classi-
fied by FP64 arithmetic intensity). In Figure 4.6, each box plot demonstrates the distribution of
total energy per job (J) within a GPU-hours bin. For every bin on the x-axis, we place two box
plots side by side: one for compute-bound jobs and one for memory-bound jobs so that we can
compare two classes at the same GPU-hours scale. Here, we define GPU-hours as the number of
GPUs allocated multiplied by the job’s runtime in hours.

Two patterns emerge. First, as GPU-hours increase, the entire energy distribution shifts
upward and broadens as expected from longer and larger runs. Second, at comparable GPU-
hours, memory-bound jobs tend to consume more total energy than compute-bound jobs at a
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given GPU-hour scale (their boxes sit higher in the same bins). Antepara et al. empirically
observe that off-chip HBM traffic carries a much higher energy cost than arithmetic, which can
translate into higher average power for memory-bound workloads and aligns with our observation

of higher total energy at comparable GPU-hours [4].

Answer to RQ4 The jobs on Perlmutter are overwhelmingly memory-bound (~80% of all
jobs). Memory-bound jobs typically consume more energy compared to compute-bound

jobs.

4.6 Analyzing the Spatial Behavior of Jobs

This section analyzes spatial imbalance in GPU jobs. We use a fixed one-minute window
to define the metric, after comparing one, five, 15, and 30 minutes. With 15-30 minute windows,
a brief spike on a single GPU can dominate the entire interval because the metric compares every
sample in that interval to the most active GPU. This tends to overstate imbalance in bursty, low-
utilization jobs. Shorter windows (1-5 minutes) attribute high imbalance only to the periods when
it actually occurs. We therefore use a 1-minute window. We group jobs by mean GPU _UTIL into
low (<30%), medium (30-70%), and high (>70%) categories, and we also examine the effects

of FP pipeline usage and job type. This section addresses the following questions:

RQS Do jobs that utilize multiple GPUs use them evenly, and how does spatial imbalance
vary with overall GPU utilization, FP pipes used, and job type (compute- versus memory-

bound and ML vs non-ML)?

Figure 4.7 demonstrates the spatial imbalance distribution of GPU_UTIL across three uti-
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Figure 4.7: The plots demonstrate the distributions of spatial imbalance of GPU_UTIL for jobs
grouped by mean GPU_UTIL (0-30%, 31-69%, 70-100%)

lization ranges. Low-utilization jobs (left) exhibit the highest imbalance (peaking at 0.78), which
indicates a significant unevenness in resource distribution. We observe that only 34% of jobs in
this category fall below 0.30, and 16.5% are at or above 0.70. Medium-utilization jobs (middle)
are more balanced (86% fall below 0.30). High-utilization jobs (right) have less spatial imbalance
and most of them concentrate in the lower range: a total of 97.1% fall below 0.30.

For further exploration, we analyze the coefficient of variation (CV) of GPU_UTIL across
GPUs for jobs with a spatial imbalance of GPU_UTIL greater than 0.5. CV quantifies relative
variability and enables comparison across jobs with different mean of GPU_UTIL levels. It is
defined as: CV = % x 100, where o is the standard deviation and p is the mean.

The left plot in Figure 4.8 shows the CV of total GPU_UTIL across GPUs for each job.

Among jobs with high spatial imbalance (>0.5), 52.4% have a CV exceeding 100%. This indi-
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cates substantial variation, where some GPUs are more utilized than others.
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Figure 4.8: The plots demonstrate CV of total GPU_UTIL (left) and underutilized GPU pro-
portions (right) for the jobs with spatial imb. of GPU_UTIL value of greater than 0.5. 52.4%
exceeded a CV of 100%, and 51% of jobs have 75% underutilized GPU, mostly allocating four
GPUs but using only one.

As a complementary analysis, we examine the proportion of underutilized GPUs in jobs
with high spatial imbalance (>0.5). A GPU is considered underutilized if its total utilization is at
least 50% lower than the maximum total utilization among GPUs assigned to the same job. The
right plot in Figure 4.8 shows that 51% of jobs have 75% underutilized GPU. We also found that
among these jobs, 96% allocate four GPUs (one node) but actively use only one. This occurs
because the scheduler allocates entire, non-shareable GPU nodes on Perlmutter, even when only
one GPU is needed.

Figure 4.9 relates spatial imbalance of GPU_UTIL to FP pipeline usage (left plot) and
job type (right plot). We normalize the density of each violin so that the total area remains
consistent across all violins. White lines mark quartiles. The left plot reports spatial imbalance
of GPU_UTIL for exclusive FP pipe group derived from Figure 4.2. The right plot reports spatial
imbalance of GPU_UTIL by job type.

Figure 4.9 demonstrates that Tensor-only jobs exhibit the greatest spatial imbalance (me-
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Figure 4.9: The plots demonstrate spatial imbalance by FP pipes used and by job type. Left: spa-
tial imbalance of GPU_UTIL grouped by FP pipes used. Right: spatial imbalance of GPU_UTIL
by job type (memory-bound vs compute-bound). Each violin illustrates the job-level distribution
and is area-normalized (width encodes density); internal lines mark quartiles.

dian 0.56, IQR 0.36-0.75; p95 0.75). FP32+Tensor is also elevated (median 0.28, IQR 0.10-0.74).
By contrast, FP32-only (median 0.11) and FP64-dominated combinations are lower: FP64+Tensor
(median 0.14, IQR 0.09-0.20) and FP64-only (median 0.18, IQR 0.12-0.28).

Using FP64-derived arithmetic intensity, compute-bound jobs exhibit higher typical imbal-
ance than memory-bound jobs (median values of 0.31 and 0.17, respectively). Overall, tensor-
heavy groups and compute-bound workloads typically have higher spatial imbalance, whereas
memory-bound jobs tend to be lower on average.

Figure 4.10 presents the spatial imbalance of GPU_UTIL for ML vs non-ML jobs. The plot
compares the spatial imbalance between ML and non-ML jobs. ML jobs exhibit a flatter spatial
imbalance distribution, while non-ML jobs mostly cluster around 0.5 imbalance, but extend up

to 1.0. In contrast, ML jobs reach up to 0.9 imbalance.
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Figure 4.10: The plot illustrates spatial imbalance of GPU_UTIL across job type (ML vs non-
ML). ML jobs have a flatter distribution, while non-ML jobs cluster around 0.5 imbalance.

Answer to RQS Jobs that sustain higher overall GPU utilization distribute work more
uniformly across their GPUs, whereas low-utilization jobs typically exhibit higher spatial
imbalance. Jobs with tensor-heavy combinations (e.g., Tensor-only, FP32+Tensor) tend to
be more imbalanced than those that are FP64-dominated or FP32-only. Compute-bound

jobs exhibit higher spatial imbalance than memory-bound jobs.

4.7 Analyzing the Temporal Behavior of Jobs

In this section, we analyze the distribution of temporal imbalance of GPU_UTIL and quan-
tify its dependence on FP pipes used and job types. Temporal imbalance captures how consis-

tently a job sustains GPU activity over its runtime. This section addresses the following question:

RQ6 Are GPUs used consistently over time within a single job, and how does temporal
imbalance vary with overall GPU utilization, FP pipes used, and job type (compute- versus

memory-bound and ML vs non-ML jobs)?
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Figure 4.11: Distributions of temporal imbalance of GPU_UTIL for jobs grouped by mean
GPU_UTIL (0-30%, 31-69%, 70-100%). Low-utilization jobs concentrate at high imbalance,
while high-utilization jobs are tightly clustered at low imbalance.

47.1 Temporal Imbalance

Figure 4.11 demonstrates the distribution of temporal imbalance of GPU_UTIL for jobs
grouped by mean GPU_UTIL: low (<30%), medium (31%-69%), and high (>70%). Low-
utilization jobs (left) are broadly spread, with most clustered at high imbalance: only 13.7%
fall below a temporal imbalance value of 0.30, while 66.3% exceed 0.70. Medium-utilization
jobs (middle) are more balanced. Their distribution shifts lower and tightens around 0.5, with
6.5% below 0.30 and 3.6% above 0.70. Finally, high-utilization jobs (right) concentrate at low
imbalance and 88.9% of high-utilization jobs fall below temporal imbalance value of 0.30, and
only 0.3% exceed 0.70.

Figure 4.12 demonstrates temporal imbalance distributions by FP pipe used (left plot) and
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Figure 4.12: The plots demonstrate temporal imbalance by FP pipes used and by job type. Left:
temporal imbalance of GPU_UTIL grouped by FP pipes used. Right: temporal imbalance of
GPU_UTIL by job type. Each violin illustrates the job-level distribution and is area-normalized
(width encodes density); internal lines mark quartiles.

job type (right plot). Each violin is an equal-area density with quartiles, as in Figure 4.9. Tempo-
ral imbalance varies with both FP pipes (left plot) and job type (right plot). FP64-only exhibits
the highest and relatively tight temporal imbalance (median 0.60, IQR 0.53-0.73). FP64+Tensor
(median 0.50, IQR 0.45-0.54), FP32-only (median 0.42, IQR 0.34-0.60) and Tensor-only (me-
dian 0.40, IQR 0.24-0.58) are moderate, while FP32+Tensor is lowest (median 0.25, IQR 0.11-0.43).
By job type, compute-bound jobs exhibit markedly higher temporal imbalance than memory-
bound jobs (medians 0.89 vs. 0.53; IQRs 0.67-0.93 vs. 0.44-0.64).

Figure 4.13 shows the temporal imbalance distribution of GPU_UTIL for different job
types. Non-ML jobs have a higher density at high imbalance values (~0.9). In contrast, ML
jobs have a higher density around ~0.2. This suggests that non-ML jobs exhibit more variability

in GPU_UTIL over time.
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Figure 4.13: The plots show temporal imbalance of GPU_UTIL across job type (ML vs non-ML).
ML jobs exhibit lower temporal imbalance.

Answer to RQ6 Greater mean GPU_UTIL correlates with lower temporal imbalance.
Low-utilization jobs often exhibit high temporal imbalance, whereas high-utilization jobs
maintain consistently high GPU_UTIL (low temporal imbalance). FP64-only jobs have
higher temporal imbalance. Compute-bound jobs exhibit more temporal imbalance than

memory-bound jobs.

4.7.2 Burstiness over Time

In this section, we analyze burstiness for jobs with low(<30%), medium (30%-70%), and
high (>70%) mean of GPU_UTIL. To characterize burstiness, we define bursts as an increase of

a counter value exceeding 15% from the previous value, as detailed in Section 4.3.4.

RQ7 How bursty is GPU utilization over time, and how does burstiness relate to utilization

level and temporal imbalance?

Figure 4.14 presents burstiness distributions of GPU_UTIL across the three mean of GPU_UTIL
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Figure 4.14: The plots show distribution of burstiness of GPU_UTIL for jobs grouped by mean
GPU_UTIL ranges (0-30%, 31-69%, 70-100%, left to right). High-utilization jobs show more
irregular bursts compared to low- and medium-utilization jobs.

ranges. The left plot shows that 85.5% of jobs with low mean of GPU_UTIL have a burstiness
value below 0. This indicates that jobs in this category exhibit mostly regular fluctuations. Jobs
with values near -1 show consistent, steady inter-event times with regular GPU usage or idling
patterns. The lack of positive burstiness suggests these jobs do not exhibit irregular bursts of
GPU activity, likely due to their light workload demands.

Medium-utilization jobs (middle plot) have a more spread-out distribution but still remain
centered around 0. Among medium-utilization jobs, 82% still have a burstiness value below 0. It

indicates a mix of steady and moderately irregular bursts. High-utilization jobs (right plot) show
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a slight skew towards positive burstiness. Among high-utilization jobs, 39% have a burstiness
value above 0. This suggests a greater irregularity among high-utilization jobs.

Our spatial imbalance metric is averaged across time windows. Therefore, it allows us to
apply burstiness to measure irregular fluctuations in spatial imbalance over a job’s lifetime. A
burst in spatial imbalance is defined as a change in imbalance exceeding 0.15 from the previous
time window. We analyze burstiness in spatial imbalance of GPU_UTIL for jobs with high spatial

imbalance (>0.5).

Distribution of spatial burstiness of GPU_UTIL
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Figure 4.15: The plot illustrates burstiness in spatial imbalance of GPU_UTIL for jobs with
spatial imbalance value of greater than 0.5. Bursts in spatial imbalance is mostly regular.

Figure 4.15 shows that burstiness in spatial imbalance peaks around 0, and 8.2% of jobs
are close to -1. This indicates regular fluctuations. Although some GPUs are heavily loaded
compared to others (Figure 4.8), significant changes in spatial imbalance occur at regular intervals

rather than irregularly.
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Table 4.1: Categorization of jobs by temporal imbalance and burstiness of GPU_UTIL (low and
high). The table includes the total number of jobs, total GPU hours, and the proportion of jobs
with low (<30%), medium (30%-70%), and high (>70%) mean of GPU_UTIL in each category.

Bursti Temporal Imb. |  # of Total Job Ratio
urstiness | ¢ GPU_UTIL | Jobs | GPU Hours | (Low/Med./High)
Low (< 0) Low (< 0.5) | 104,730 | 1,462,583 32/42/26%
- High (> 0.5) | 145971 | 2,657,522 54/45/1%
. Low (< 0.5) | 55,639 | 2,865,362 16/41/43%
High (> 0) )
High (> 0.5) | 38,603 | 3,534,739 75/24/1%

4.7.3 Categorizing Jobs by Burstiness and Temporal Imbalance

We further investigate the interaction between burstiness and temporal imbalance of GPU_UTIL
by categorizing jobs into a matrix based on burstiness (low or high) and temporal imbalance
(low or high) metrics, as shown in Table 4.1. We also examine the proportion of jobs with low
(<30%), (30%-70%), and high (>70%) mean of GPU_UTIL in each category. This analysis
provides deeper insights into the temporal behavior of GPU workloads.

Low Burstiness(< 0), Low Imbalance(< 0.5) Jobs in this category exhibit steady usage
patterns and regularly stay near to their maximum counter value. These jobs are generally desir-
able for HPC systems when mean of GPU_UTIL is relatively high, as they consistently push the
GPU. The table shows that there are a total of 104,730 jobs in this category and 32% of jobs have
low mean of GPU_UTIL, 42% have medium, and 26% have high mean of GPU_UTIL. The jobs
with low mean represent consistent underutilization. This may be due to inefficient GPU usage
or the minimal demand of the jobs.

Low Burstiness(< 0), High Imbalance(> 0.5) Jobs in this category are relatively steady
but it’s generally far below the maximum they can reach. Most jobs, with a total of 145,971, fall

into this category. When the mean of GPU_UTIL is low (54% of the jobs in this category), these
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jobs often underutilize GPU resources with some minor irregular bursts. This underutilization
also might occur due to low resource demands of the jobs.

High Burstiness(> 0), Low Imbalance(< 0.5) Jobs in this category exhibit irregular
bursts (high burstiness) but still remain close to their maximum (low imbalance). For example,
the jobs with high mean of GPU_UTIL fluctuate between high and very high counter values,
such as oscillating between 80% and 100% with irregular changes. This category is not a major
concern since the total number of jobs in this category is relatively low (64,433) and the most
jobs have medium (41%) and high (43%) mean of GPU_UTIL.

High Burstiness(> 0), High Imbalance(> 0.5) This category represents the most prob-
lematic jobs and possibly indicates more anomalies. The bursts are irregular, and the jobs rarely
stay near their peak. The jobs that have low mean of GPU_UTIL allocate GPU resources for a
few intense bursts while leaving it underutilized most of the remaining runtime. This category

has fewer jobs (38,603) but most of them have low mean of GPU_UTIL (75%).

Answer to RQ7 Low- and medium-utilization jobs mostly exhibit regular fluctuations,
while high-utilization jobs show more irregular bursts in GPU utilization. The combination
of high burstiness and high temporal imbalance is the most undesirable pattern and is
dominated by low-utilization jobs. In contrast, burstiness in spatial imbalance is usually

near zero, which indicates mostly regular changes in imbalance over time.

4.8 Analyzing Relationships between Hardware Counters

We examine how mean GPU_UTIL changes with FP64_ACTV and DRAM_ACTYV for

compute- versus memory-bound jobs (via job-level heatmaps), and we compute a Spearman cor-
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relation matrix over job-level means to summarize how all counters relate to one another. This

section addresses the following research questions:

RQ8 How do compute and memory activity counters relate to overall GPU utilization
across compute-bound and memory-bound jobs, and which counter pairs exhibit the

strongest correlations?

4.8.1 GPU Utilization of Compute- versus Memory-Bound Jobs

We measure how job-level mean GPU_UTIL changes with compute and memory activity.
For compute, we use FP64_ACTYV because it is the most commonly used pipeline. For memory,
we use DRAM_ACTY, which tracks the achieved bandwidth on the A100 at a fixed HBM clock.

Compute-bound jobs Memory-bound jobs
Mean (of GPU_UTIL) % Mean (of GPU_UTIL) %
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Figure 4.16: The plots demonstrate the job-level heatmaps of mean GPU_UTIL as a function
of FP64_ACTV and DRAM_ACTYV. We bin jobs by their mean FP64_ACTV (x-axis) and mean
DRAM _ACTYV (y-axis); color encodes the mean GPU_UTIL of jobs in each bin. Left: compute-
bound jobs. Right: memory-bound jobs. Crosses indicate empty bins.

Figure 4.16 plots the resulting heatmaps. For compute-bound jobs (left), mean GPU_UTIL
increases primarily with FP64_ACTYV across a wide range of DRAM_ACTYV, with correspond-

ing correlations of 0.508 for FP64_ACTYV and 0.102 for DRAM_ACTYV. In memory-bound jobs
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(right), mean GPU_UTIL increases with both axes. Bins with DRAM_ACTV >40% sustain
higher GPU utilization even when mean FP64_ACTYV is low. This pattern aligns with job-level
correlations of mean GPU_UTIL with FP64_ACTV (0.513) and DRAM_ACTYV (0.570).

These patterns are consistent with roofline reasoning. The performance of the compute-
bound jobs (to the right of the ridge) is limited by peak flop/s. Therefore, incremental changes in
delivered HBM bandwidth have little leverage. In the memory-bound regime (left of the ridge),
sustained throughput improves either by delivering more bandwidth (higher DRAM_ACTYV) or
by increasing arithmetic intensity (more useful flops per byte), which typically co-moves with FP
pipe activity. We emphasize that these are associations, not causal proofs. The exact magnitudes

depend on factors such as kernel mix and cache behavior.

4.8.2 Relationship between SM_ACTV, MEM _UTIL and GPU_UTIL

We analyze the relationship between SM_ACTV, MEM _UTIL and GPU_UTIL to under-
stand how memory transfer (MEM_UTIL) and computation (SM_ACTYV) components contribute
to GPU_UTIL. Figure 4.17 visualizes GPU_UTIL as a function of mean (left), spatial imbalance
(middle), and temporal imbalance (right) metric values of SM_ACTV and MEM_UTIL. Colors
represent the corresponding metric for GPU_UTIL. Cells with no jobs shown in orange.

In these heatmaps, each cell in the plots represents a binned value range for SM_ACTYV and
MEM_UTIL. For instance, in the left plot, we divide the mean counter values into 10 bins. Jobs
with mean counter values falling within a specific bin are grouped into the corresponding cell.
The color of each cell represents the mean GPU_UTIL of all jobs within that bin.

The left plot in Figure 4.17 shows that high mean of GPU_UTIL (dark blue) occurs when
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Figure 4.17: The plots show relationships between SM_ACTV, MEM_UTIL, and GPU_UTIL.
High mean of GPU_UTIL occurs when both SM_ACTV and MEM_UTIL are high (left). Spatial
imb. of MEM_UTIL has a stronger impact on spatial imbalance of GPU_UTIL (middle). Tempo-

ral imb. of SM_ACTYV has a stronger impact on temporal imbalance of GPU_UTIL (right). Cells
with no jobs are shown in orange.

both mean SM_ACTYV and MEM _UTIL are high, which indicates efficient use of both compute
and memory transfer resources. The cells with mean GPU_UTIL value of greater than 70% are
annotated.

The middle plot in Figure 4.17 presents spatial imbalance using the same axes. Annotated
cells represent spatial imbalance of GPU_UTIL values below 0.3. Unlike the middle plot, the

brighter cells are mostly clustered around the low spatial imbalance of MEM _UTIL values (<0.2)
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with a few exceptions on top left. As spatial imbalance of MEM_UTIL increases (moving up the
y-axis), spatial imbalance in GPU_UTIL decreases, even when spatial imbalance in SM_ACTV
remains low. However, when the spatial imbalance of MEM _UTIL is low (<0.2), the spatial
imbalance of GPU_UTIL remains relatively more stable as the spatial imbalance of SM_ACTV
increases. This suggests that spatial imbalance of MEM_UTIL has a stronger effect on spatial
imbalance of GPU_UTIL.

The right plot in Figure 4.17 visualizes temporal imbalances of SM_ACTV and MEM _UTIL,
colored by temporal imbalance of GPU_UTIL. Cells with mean temporal imbalance of GPU _UTIL
values below 0.3 are annotated. As SM_ACTYV increases (moving right along the x-axis), the
temporal imbalance of GPU_UTIL also increases (darker colors), regardless of MEM _UTIL.
However, increasing temporal imbalance of MEM_UTIL (moving up) has a weaker effect on
GPU_UTIL. This suggests that temporal imbalance of SM_ACTYV has a stronger influence on

GPU_UTIL.

4.8.3 Correlation among Hardware Counters

To understand how hardware counter values co-vary at the job level, we compute a Spear-
man correlation matrix over job-level means of the counters (Eq. 4.10). We order the heatmap by
the absolute correlation with GPU_UTIL.

Figure 4.18 demonstrates that mean GPU_UTIL correlates most strongly with GPU_POWER
(0.78), and GPU_TEMP (0.77), and SM_ACTYV (0.76). We calculate GPU_POWER by dividing
the total energy consumption per job (TOTAL_ENG) by GPU count and job duration. These

counters co-vary strongly across jobs: higher active compute is accompanied by higher power
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Figure 4.18: The plot presents a Spearman correlation heatmap of job-level mean counters. We
order cells by absolute correlation with GPU_UTIL. Only strong correlations (|p| > 0.7) are
annotated.

draw and device temperature. DRAM_ACTYV correlates positively as well (0.58), consistent with
memory activity supporting sustained utilization.

SM_ACTV correlates strongly with DRAM_ACTYV (stalled warps are counted as active)
and with FP64_ACTYV, while having a weak negative association with FP32_ACTV (=0.11). This
negative sign reflects workload composition: FP64-dominant and FP32-dominant jobs are largely
disjoint groups, so raising one pipe’s activity tends to lower the other at the job-level mean,
yielding a small inverse relationship.

NVLINK_TX and NVLINK_RX are nearly symmetric (0.99), consistent with bidirectional
data exchange in intra-node collectives. In contrast, PCIE_RX and PCIE_TX are less symmetric

(0.73) and only moderately related to GPU_UTIL (0.57 and 0.46), likely because PCle traffic is
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often directional (e.g., inter-node communication, host-to-device staging, checkpoints).

Answer to RQ8 In compute-bound jobs, GPU utilization is most strongly associated with
compute activity, while DRAM activity contributes weakly. In memory-bound jobs, both
compute and DRAM activity are positively associated with utilization. Across all jobs,
overall GPU utilization aligns most closely with SM activity, power usage, and GPU tem-

perature.

4.9 Discussion

This chapter synthesizes two telemetry studies of GPU workloads on Perlmutter: a lon-
gitudinal 2023 study centered on utilization and imbalance, and a 2025 study that extends the
analysis with energy, temperature, and interconnect counters. These studies offer a job-level,
GPU-centric characterization of workload behavior using previously underutilized DCGM coun-
ters. Spatial and temporal imbalance expose uneven and unsteady use of allocated GPUs; the
roofline-based job characterization clarifies differences in energy consumption; FP pipeline anal-
ysis differentiates job behavior; and counter correlations indicate which signals move together.
Collectively, these results support practical choices about optimization targets and scheduling

policies on Perlmutter, and the methodology is applicable to other GPU-accelerated systems.

Leveraging tensor cores. Tensor pipe activity is typically associated with higher overall GPU
utilization. While this relationship is associative rather than causal, it motivates adopting or
upgrading tensor-enabled libraries/kernels where appropriate. For FP64 workloads (the most

common on Perlmutter), targeted mixed-precision can improve device activity.
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Job type determines the effective optimization. Our roofline-based analysis indicates that
compute-bound jobs align primarily with FP pipe activity, whereas memory-bound jobs benefit
from increases in both DRAM activity and FP pipe activity that raises arithmetic intensity. Prac-
tically, for compute-bound jobs, optimization should prioritize kernel efficiency, instruction-level
parallelism, and increased floating-point issue. For memory-bound jobs, optimization should
prioritize memory throughput and reuse (tiling, caching, reduced precision where valid) to shift

arithmetic intensity rightward.

Energy as a scheduling signal. At comparable GPU-hour scales, memory-bound jobs tend to
consume more total energy than compute-bound jobs. For operators, this suggests energy-aware
placement and capping policies when memory-bound workloads dominate a node. For users,

reducing memory traffic (and increasing reuse) can yield both performance and energy benefits.

Imbalance diagnostics for users and operators. Spatial and temporal imbalance concentrate in
low-utilization jobs and in specific FP pipe mixes. Exposing spatial/temporal dashboards in user-
facing job monitors can help identify load imbalance (rebalance partitions, adjust batch sizes, or

request fewer GPUs), while operators can use this information to guide co-scheduling.

Properly sizing allocations for HBM requests. Peak HBM usage is typically below device
capacity for many jobs that explicitly request 80-GB GPUs. A lightweight submission-time ad-
visory could inspect a user’s recent per-job peak HBM usage and recommend an appropriate
memory tier (e.g., 40-GB vs 80-GB) before the scheduler queues the job. Such guidance may
reduce wait times on scarce 80-GB nodes and improve overall throughput, without enforcing any
policy.

Interpreting low utilization carefully. Low GPU utilization should not always be interpreted
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as evidence of poor application implementation. Some low-utilization and highly imbalanced
jobs may reflect allocation granularity or conservative job requests rather than purely computa-
tional inefficiency. This distinction matters when using telemetry to guide optimization or policy

decisions.

Implications for scheduling and accounting. The prevalence of small jobs and the evidence of
partial GPU use suggest that scheduler policy can affect observed efficiency as much as appli-
cation behavior does. When allocation granularity forces users to reserve more GPUs than they
actively use, utilization statistics may partly reflect system policy rather than intrinsic workload
demand. This motivates allocation-aware interpretations of telemetry and, where feasible, more

flexible resource-request guidance.

Limitations. This chapter combines a 2023 dataset spanning roughly four months with a 2025
dataset spanning one month. Both datasets rely on job-level aggregation. The sampling interval
is set by system administrators and cannot be changed by users, so brief spikes may be missed.
Our analysis is intentionally limited to what can be inferred from production monitoring without
code-level profiling, so function call paths and thread-level behavior are not captured. While
the methodology is broadly applicable, comparable job-level telemetry is hard to obtain across
sites due to access permissions and monitoring differences. Higher-frequency traces, cross-site

validation, and complementary code-level profiling are valuable directions for future work.
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Chapter 5: Telemetry-driven Early Prediction of Performance Slowdowns on

GPU-based Systems

This chapter presents a telemetry-driven method for predicting run-to-run performance
variability in production GPU applications on Perlmutter. The goal is to determine whether an ar-
bitrary run on the system will be unusually slow relative to similar runs by using only information

that is routinely available in production systems.

5.1 Introduction

Run-to-run performance variability is an age-old problem on HPC clusters and supercom-
puters [65, 11, 37,9, 31, 20, 10, 89]. Even when a job runs the same application in an identical
configuration, the job can run fast or slow depending on the state of the overall system. Such
variability often arises due to contention for shared resources such as the network and parallel
filesystem [11]. In practice, users often compensate for this uncertainty by requesting extra time
in their job submissions, which increases queue wait times for everyone. Performance variability
also reduces overall system throughput and leads to energy waste.

Prior work suggests that historical telemetry data can help predict variability, but such
methods often rely on application-specific knowledge [58]. In this work, our goal is to predict

whether a GPU job will be unusually slow relative to similar jobs while using only minimal infor-
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mation available at job start or shortly thereafter. This design goal reflects operational constraints
in production systems, where continuous profiling, pre-run benchmarking and deep knowledge
of individual jobs are impractical.

Predicting the performance of arbitrary GPU applications in a production job queue is
difficult for several reasons. A practical method cannot rely on application-specific knowledge
because privacy constraints often prevent access to detailed job information. In addition, per-
formance variability is only meaningful relative to repeated executions of the same application
under the same execution setting. We therefore need an automated way to identify runs that likely
correspond to the same application under the same configuration. In production data, exact input
files and internal algorithmic settings are usually unavailable, so this grouping must rely on meta-
data available at job start. The prediction method must also use only information available at or
shortly after run start, without offline profiling or pre-run benchmarking. Finally, it must remain
robust across different job sizes.

We develop a novel method to predict run-to-run variability for any production GPU appli-
cation, without any knowledge of what the application is (other than the executable name), near
the start of its execution. Our method uses only scheduler logs and network telemetry data rou-
tinely collected on production HPC systems. We use data collected on a flagship supercomputer
over the period of two months, but this approach is not limited to a specific hardware or archi-
tecture. We use these historical data to group similar jobs and to train group-specific machine
learning models that predict whether an arbitrary job will be slow relative to its group. The ML
models learn relationships between system telemetry data and performance variability.

We conduct a variety of experiments to evaluate the efficacy of these models along various

dimensions — group size, job duration, length of telemetry data used for prediction, and whether
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all telemetry data is used or a subset is used affect prediction performance. The results indicate
that our approach predicts whether a job will be slow relative to similar jobs with high accuracy.
The strongest overall performance comes from telemetry collected on the job’s allocated nodes
after job start. The results also indicate that about 8 minutes of early-run telemetry is sufficient to
predict slowdown for many jobs that continue running much longer. Under this setting, and across
the two slowdown definitions introduced later, 9 of the 15 retained groups achieve slow-class F1
of at least 0.95 under one definition, and 10 of the 15 retained groups achieve F1 of at least 0.90
under the other. We also analyze feature importance to identify the most informative telemetry
signals, and we validate the overall methodology using ground-truth repeated application runs.

Our contributions are as follows:

* We present a new approach to predict run-to-run performance variability for any production
GPU application using system-wide monitoring data, without application profiling or pre-
run benchmarking. To the best of our knowledge, this is the first variability prediction

model that relies solely on telemetry data and requires no code instrumentation.

* We make variability prediction feasible for arbitrary production workloads by using job
metadata to group similar runs that approximate repeated executions of the same appli-
cation and launch configuration, and by defining a group-specific variability value. This

enables prediction without application-specific knowledge.

* We quantify how telemetry scope and timing affect prediction performance by comparing

allocated-node versus all-node telemetry and pre-start versus post-start windows.
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5.2 Data Collection and Curation

We construct two datasets in this study. The first is a dataset that combines system-wide
NIC telemetry data with Slurm job metadata. We use this dataset to train machine learning
models that predict whether a job will run unusually slowly relative to similar jobs. The second
dataset consists of controlled repeated runs of known applications that we execute on Perlmutter.
We use this dataset to validate our grouping and labeling methodology. We collect both datasets
on Perlmutter during two month-long periods: July 18—August 20, 2025 and November 15—
December 17, 2025. Below, we describe how we collect these datasets and prepare them for

analysis.

5.2.1 NIC Telemetry Data for Training

We build the training dataset by combining system-wide NIC telemetry data with Slurm
job-step metadata. On Perlmutter, LDMS records Cassini NIC counters on GPU nodes at 1-
second intervals, and we retrieve job-step metadata from Slurm through sacct. We use Slurm
job steps launched with srun as the unit of analysis and refer to each such step as a run. Starting
from these records, we apply a preprocessing pipeline to obtain a consistent set of comparable
runs for variability analysis and prediction across diverse workloads.

Because our goal is to predict performance variability in GPU applications, we exclude
CPU-only runs. We also retain only successfully completed runs, since our objective is to model
slowdowns rather than failures, cancellations, or preemption. Finally, we exclude single-node
runs because they do not involve inter-node communication and are therefore less relevant to

network-related variability.
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For each retained run, we use its start time and allocated node list from Slurm metadata
to associate the corresponding NIC telemetry samples by node and timestamp. This produces
a run-level view of network activity that serves as the basis for the methodology described in
Section 5.3, where we group similar runs, define variability labels within each group, construct
features, and train prediction models.

Table 2.2 lists the counters used in this study. We organize them into several conceptual
groups. Traffic volume counters measure packets sent and received across traffic classes. Pause
counters capture flow control activity. Timeout and replay counters reflect request timeouts and
link-level replay behavior under communication stress. Codeword counters summarize link-level
transmission quality. PCle traffic and backpressure counters characterize packet movement and

blocked conditions on the PCle path.

Mean duration distribution 104, Group size distribution

Number of groups
Number of groups

1074 1073 1072 107! 100
Mean run duration (hours)

10? 103
Group size

Figure 5.1: Overview of the production GPU workload after the initial filtering stage. The left
plot shows the distribution of mean run duration in hours. The right plot shows the distribution
of group size in number of runs. The blue bars indicate the range of groups retained for the final
modeling dataset.

Figure 5.1 summarizes the filtered workload that forms the basis of the modeling dataset.
Here, each group denotes a set of comparable runs defined by the grouping procedure described

in Section 5.3.1. The left plot presents the distribution of group-level mean run duration in hours.
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Mean duration spans several orders of magnitude, and many groups lie near the short-duration
end. For modeling, we retain groups with mean duration of at least 10 minutes, shown by the
blue bars. In the final analysis set, mean duration extends up to 14.54 hours.

The right plot reports the distribution of group size. Most groups contain few runs, while a
smaller number contain hundreds or thousands. In the final modeling dataset, group size ranges
from 101 to 1887 runs. Section 5.3.2 describes our methods to obtain this final analysis set.
After applying all filters, 21 groups containing 13,158 runs remain and we use this fixed set of
21 groups in the rest of the chapter. This final analysis set covers a broad range of runtime scales

and sample counts.

5.2.2 Control Jobs Dataset

We construct a dataset of controlled repeated runs to validate our grouping and labeling
strategies under production conditions. We run several GPU-enabled applications. For each one,
we fix the input, GPU count, and software configuration, and then repeat the same run many
times. These repeated runs let us examine whether the group-specific baseline and variability
values we compute capture slowdowns that are visible in practice. Our suite covers two kinds of
workloads. On the HPC side, we run AMG2023 [47], MILC [8], LAMMPS [82], PSDNS [54],
and BGW4 [24]. We choose these applications because each spends most of its runtime in a
different communication primitive. For instance, AMG2023 is dominated by all-reduce,
while PSDNS relies heavily on all-to-all. Together, they reflect workloads that typically
run on production supercomputers.

Because Al training now accounts for a growing share of supercomputer workloads, we
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also include three deep learning applications: nanoGPT with AxoNN [75, 76], DeepCAM [39],
and Megatron-LM [74] Mixture of Experts (MOE) training. These cover common deep learning
training patterns and rely on large message all-reduce and all-to-all communication.
These controlled applications allow us to observe variability under production conditions and to
validate our grouping and labeling methodology.

We collect the controlled jobs data during the same two periods as the NIC dataset. During
each period, we submit three short jobs (three to five minutes) per day for each application. For
DeepCAM, nanoGPT, LAMMPS, and PSDNS, we also submit two long jobs (30 minutes) per
day. We spread submissions throughout the day to sample a range of system conditions and

contention levels. In total, our suite contains 945 runs. All applications run on 64 GPU nodes.

5.3 Methodology for Slowdown Prediction

In this chapter, we develop a method to predict whether an arbitrary run will be unusually
slow relative to previously observed comparable runs. Figure 5.2 provides an overview of the
approach. First, we need to curate data to train machine learning models for slowdown prediction.
To determine whether a run will be slower than “usual”, we first need to define what usual means.
We do this by identifying runs that are “similar” or comparable in their execution characteristics.
This first step is Grouping in Figure 5.2. Next, we determine when a run should be considered
slow relative to other runs in the same group. Within each group of similar runs, we create
slowdown labels by comparing each run’s duration with the minimum duration in that group.
These labels allow us to train a binary classification model. Then, we curate features from NIC

data for the labeled runs to create a training dataset and train a binary classifier to predict whether
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a run will be unusually slow relative to its group.

Slurm job
metadata .
Grouping
Slowdown Per-Group
Labeling XGBoost
NIC
telemetry Feature

Extraction

Figure 5.2: Overview of the proposed workflow. We group runs using Slurm metadata. Then,
we create slowdown labels for training. Finally, we extract NIC features and train a separate
XGBoost model for each group.

5.3.1 Identifying Comparable Runs from Slurm Metadata

Production runs differ widely in scale and behavior, so comparing all runs directly does not
provide a meaningful notion of slowdown. We therefore group runs that share the same scheduler-
visible execution settings. After the initial filtering described in Section 5.2.1, we assign each run
to a deterministic group using three fields from Slurm metadata: the number of nodes NNodes,
the job time limit TimeLimit, and the executable name obtained from the submission command
line SubmitLine. We use these fields because they are consistently available in Slurm metadata
and together capture the main aspects of how the run was launched.

We parse the SubmitLine field, which records the srun command used in the job script,
to identify the application executable name. We then combine the executable name with the
node-count and time-limit fields to form a deterministic group identifier. This procedure groups

together runs that launch the same executable with the same requested resources and time limit.
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The grouping rule is intentionally conservative because it uses only metadata that is available at
production scale. Runs within the same group may still differ in ways that Slurm metadata does
not expose, such as input data or internal algorithmic choices, but the group key still provides a
practical and deterministic approximation of run similarity.

We validate the grouping rule with the control jobs dataset described in Section 5.2.2. In
that dataset, we fix the input, node count, software configuration, and launch settings for each
experiment, so that repeated executions represent the same execution setting. Under these condi-
tions, the method groups repeated runs correctly. We use this grouping key as an approximation

of run similarity.

5.3.2 Defining Slowdown Labels and Training Data

After we group similar runs, we assign binary slowdown labels within each group using
the minimum Slurm elapsed time as the reference duration. We label a run as slow when its
Slurm elapsed time exceeds a chosen multiple of this reference duration. Otherwise, we label
it as normal. This rule defines slowdown relative to the fastest observed execution in the same
group. In the results section, we report two representative thresholds, 1.05 and 1.3, which capture
milder and more pronounced slowdowns.

Next, we define the training dataset. We remove runs shorter than 10 minutes because
startup effects and small absolute timing fluctuations can dominate their runtime. We also remove
runs whose runtime exceeds 10 times the group minimum because these cases usually reflect
extreme outliers or imperfect grouping. For each threshold, we exclude groups with no slow

runs, fewer than 100 remaining runs, or too few samples from both classes for stratified cross-
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validation. Because these filters depend on the threshold, the usable set of groups can vary across
threshold settings. These filters determine which runs enter the prediction task, but they do not
change how we later construct NIC data features.

We validate this labeling strategy using the control jobs dataset described earlier. For each
control jobs group, we measure the main for loop and assign a ground label when the loop
runtime exceeds 1.15 times the group minimum. We use 1.15 in this setting because these work-
loads exhibit limited performance variability. We then identify the same runs in the Slurm data,
group them with the same procedure, and assign Slurm labels from Slurm elapsed time using the
same threshold. We compare the two labeled sets run by run to assess whether Slurm elapsed
time preserves the slowdown behavior captured by in-application timing. Section 5.4.1 reports

the agreement between these labels and discusses the remaining differences.

5.3.3 Constructing Features from NIC Data

For each run in the final training dataset, we construct features from NIC data under an
experiment configuration defined by node scope and time window. The node scope is either all
nodes, which includes data from all GPU nodes in the selected interval, including idle nodes, or
Jjob nodes, which includes data only from nodes allocated to the run by Slurm. The time window
is either a pre-start interval immediately before run start or a post-start interval immediately after
run start. We evaluate window lengths of 1, 2, 3, 5, 8, and 10 minutes.

For each NIC counter, we compute the counter increase for each NIC over the selected
time window. Because these counters are cumulative, we measure the change in value within the

interval. If a counter resets and its value drops, we add the restarted value after the reset so that

67



the total increase within the interval is preserved.

We aggregate these values in two stages. We first sum the NIC-level increases across NICs
on each node to obtain a node-level value for each counter. We then aggregate these node-level
values across the selected node scope. For each counter, we retain two summaries across nodes,
the mean and the maximum. The mean captures the overall activity across the selected node
scope, whereas the maximum captures hot spots that may reflect contention. We concatenate
these summaries over all counters to form a fixed-length feature vector for each run and experi-
ment configuration.

For the traffic-class specific counter families in Table 2.2, we also aggregate adjacent traffic
classes in pairs, namely classes 0 and 1, 2 and 3, 4 and 5, and 6 and 7, to reduce dimensionality
while preserving coarse communication structure. In our environment, classes 0 and 1 corre-
spond to MPI message traffic, classes 2 and 3 are associated with I/O traffic, classes 4 and 5 are
associated with TCP/IP traffic, and classes 6 and 7 appear to capture bulk data transfer.

We compute these features from the full NIC data rather than only from the filtered mod-
eling subset. This choice preserves the actual system state observed by the run at that time. The

filtering steps described earlier determine only which runs enter the prediction task.

5.3.4 Training and Evaluating Per-Group Classification Models

We train and evaluate one classifier for each group and each combination of node scope
and time window. For each group, we use the NIC feature vectors described above to train an
XGBoost binary classifier that predicts the slowdown label. We keep the model configuration

fixed across all groups. This design enables direct comparison of node scopes and time windows
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under a common modeling setup.

We evaluate each model with nested repeated stratified five-fold cross-validation. We first
divide the data into five stratified folds and repeat this procedure five times, which gives 25 test
evaluations for each group and each combination of node scope and time window. In each evalu-
ation, we keep one fold aside for final testing and use the other four folds for model development.
When the slowdown class is underrepresented in the training portion, we set the class-imbalance
weight to the ratio of negative to positive examples in that portion.

The classifier outputs a probability for the slowdown class, so we must choose a probability
threshold to convert these scores into binary labels. We do not choose this threshold using the
held-out test fold. Instead, after setting one fold aside for final testing, we use the remaining four
folds to determine the threshold by cross-validation. We select the threshold that gives the best
F1 score for the slowdown class on this training portion. After selecting the threshold, we train
the classifier on the full training portion and evaluate it on the held-out test fold. We then convert
the predicted probabilities on the test fold into binary labels using the selected threshold.

To summarize performance, we first average the metrics across the five folds within each
repeat and then report the mean and standard deviation across the five repeats. This protocol keeps
model fitting, threshold selection, and final evaluation separate, and it enables fair comparison
across node scopes and time windows under a common grouping rule and a common labeling

rule.
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5.3.5 Metrics for Evaluating Classification Models

Our main goal is to identify slow runs reliably, so we focus on metrics that emphasize the
slowdown class. For a given decision threshold, precision and recall for the slowdown class are
defined as

TP TP

Precision = m—m, Recall = m—m, (51)

where T'P, F'P, and F'N denote the numbers of true positives, false positives, and false negatives,
respectively. We report the F1 score of the slowdown class after threshold selection. F1 is the

harmonic mean of precision and recall,

Pl — 2 - Precision - Recall

52
Precision + Recall ’ (5.2)

and summarizes their tradeoff in a single value. This metric is useful because it evaluates the
final binary slowdown predictions produced by the selected threshold.

We also report AUPRC. AUPRC is the area under the precision-recall curve obtained by
sweeping over all probability thresholds. It measures how well the model assigns higher slow-
down scores to truly slow runs than to normal runs before a final threshold is applied. This metric
is useful because it evaluates ranking quality independently of the particular probability cutoff

used to produce binary predictions.
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5.4 Results

We evaluate the proposed approach on production GPU runs from Perlmutter using system-
wide NIC data and Slurm job-step metadata. We first validate the slowdown labels on controlled
repeated runs by comparing labels from Slurm elapsed time with labels from in-application tim-
ing. We then analyze how node scope, timing relative to run start, and window length affect
prediction performance on the production dataset. Finally, we report per-group performance un-

der the selected setting and examine which NIC features are most informative.

5.4.1 Validating Variability Label Construction

Using the labeling procedure described in Section 5.3.2, we compare slowdown labels
from Slurm elapsed time with labels from in-application timing for the controlled repeated-run
workloads in Section 5.2.2. For this controlled study, we use a threshold of 1.15 because these
workloads exhibit limited performance variability.

Table 5.1 reports agreement between slowdown labels from Slurm elapsed time and in-
application timing for the controlled repeated-run workloads. Agreement ranges from 0.83 to
1.00 across workloads, and most workloads have agreement of at least 0.95. Agreement also
remains high for both short and long variants of the same application.

The remaining mismatches are consistent with the difference between the two timing sources.
In-application timing covers only the main for loop, while Slurm elapsed time covers the full
run, including initialization, setup, and other work outside the main loop. To understand these
cases, we manually inspected raw output logs for mismatched runs. In Al training workloads

such as deepCAM_short and nanoGPT_short, some runs have larger variability under Slurm
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Table 5.1: Agreement between slowdown labels from Slurm elapsed time and in-application
timing for the controlled repeated-run workloads. # Runs is the number of runs in each workload.
slow

pov and pi°™ are the fractions of runs labeled slow by in-application timing and Slurm elapsed
time. Acc. is the fraction of runs for which the two labels agree.

Application #Runs p°" pi™  Acc.
PSDNS _short 93 0.00 0.02 0.98
PSDNS _long 62 0.00 0.00 1.00
AMG2023 184 0.03 0.03 1.00
lammps_short 91 002 0.02 1.00
lammps_long 61 0.017 0.02 1.00
MOE 9% 0.01 0.08 0.93
BGW4 91 0.00 0.02 0.98
MILC 93 0.14 0.04 0.88
deepCAM _short 115  0.04 0.20 0.83
deepCAM _long 60 0.00 0.03 0.97
nanoGPT _short 182  0.05 0.10 0.95
nanoGPT _long 62 0.03 0.05 0.98

elapsed time because they spend unusually long in initialization before training begins. In these
runs, dataset loading and preprocessing inflate Slurm elapsed time without affecting the main
computation loop, which suggests that filesystem load or storage contention contributes to the
mismatch.

Overall, these results support our use of Slurm elapsed time to construct slowdown labels
in the production dataset. For most workloads, Slurm elapsed time preserves the same slowdown
behavior captured by in-application timing. The remaining differences are limited and largely

reflect effects outside the current NIC-based feature set.

5.4.2 Analyzing the Effect of Node Scope

We examine how node scope affects prediction when the NIC data window is fixed at 8
minutes. As defined in Section 5.3.3, the job-nodes scope uses only the nodes allocated to the

run, while the all-nodes scope uses all GPU nodes in the system during the selected interval.
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Figure 5.3: Prediction performance for the four 8-minute settings defined by time relative to run
start and node scope. We compare pre-start and post-start NIC data using either job nodes or
all nodes. We report the results for each slowdown threshold, 1.05 (left) and 1.3 (right). SC
F1 denotes F1 for the slow class, and we summarize prediction performance using SC F1 and
AUPRC.

We evaluate this comparison separately for the 1.05 and 1.3 slowdown thresholds. Within each
threshold, all four settings are evaluated on the same set of groups.

Figure 5.3 compares the four combinations of node scope and timing relative to run start.
Across both thresholds, NIC data collected after run start is more informative than NIC data col-
lected before run start. The strongest overall results come from the post-start job-nodes setting.
At the 1.05 threshold (left), the difference among settings is modest because all four settings
achieve high median scores. The contrast is clearer at the 1.3 threshold (right). Median F1 in-
creases from 0.59 for pre-start job nodes to 0.91 for post-start job nodes, and median AUPRC
increases from 0.47 to 0.97. Results are also generally higher and more stable at the 1.05 thresh-
old.

The preferred scope depends on whether the run has started. Before run start, all-nodes
outperforms job-nodes at both thresholds. This difference is especially clear at the 1.3 threshold,

where median F1 increases from 0.59 to 0.83 and median AUPRC increases from 0.47 to 0.92
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Figure 5.4: Prediction performance for post-start job-node NIC data using time windows of 1, 2,
3,5, 8, and 10 minutes. We report the results for both slowdown thresholds, 1.05 (left) and 1.3
(right). SC F1 denotes F1 for the slow class, and we summarize prediction performance using
SC F1 and AUPRC.

when we move from pre-start job nodes to pre-start all nodes. Before launch, the future allocation
has not yet developed a job-specific NIC activity pattern, so the allocated nodes alone provide
limited signal. System-wide NIC data better captures the surrounding contention state. After run
start, the ordering reverses. Job-nodes outperforms all-nodes because NIC data from the allocated
nodes reflects the behavior of the running job more directly. We therefore fix the node scope to

job nodes in the following analyses and next examine the effect of post-start window length.

5.4.3 Analyzing the Effect of Time Window Length

We next examine how prediction quality changes with the length of the post-start NIC data
window. Based on the previous subsection, we fix the node scope to job nodes and vary only the
window length. We consider 1, 2, 3, 5, 8, and 10 minute windows. Within each threshold, all six
windows are evaluated on the same set of groups, so the comparison isolates the effect of window
length.

Figure 5.4 compares the six post-start job-node windows. Longer windows improve pre-
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Table 5.2: Per-group dataset statistics for the selected 8-minute post-start job-node setting.
Groups G1-G21 are sorted by mean duration. N is the number of runs, d is the mean run dura-
tion in minutes, and p*'°¥ is the percentage of runs labeled slow. The last two columns report this
percentage under the 1.05x and 1.3x labeling rules. A dash indicates that the group is not present
under the corresponding labeling rule.

GID N d(mins) pi9¥ (%) pfi3Y (%) GID N d(mins) p§'o% (%) pjig¥ (%) GID N d(mins) p§io¥, (%) pig¥ (%)

Gl 357 11.0 - 193 G8 566 33.0 - 40.8 GI15 101 144.0 - 95.0
G2 294 13.0 - 724 GY9 342 41.0 91.8 - Gl6 255 144.6 255 -
G3 451 14.1 74.1 8.0 GI10 817 57.4 92.4 209 GI17 840 173.8 15.8 7.1
G4 1002 23.1 96.7 204 GI1 131 58.6 214 6.1 Gl18 1710 195.0 92.6 252
G5 809 239 95.1 - GI12 1887 112.3 - 16.1 GI9 356 208.2 98.3 98.3
G6 146 28.6 - 79.5 GI3 200 118.5 - 335 G20 296 289.2 37.2 -
G7 519 31.8 99.0 383 Gl4 1874 1404 41.8 - G21 205 872.5 95.6 -

diction performance at 1.05 (left) and 1.3 (right). The effect is modest at 1.05 because even the
I-minute window already has high median scores. At this threshold, longer windows mainly
improve consistency across groups. Median F1 remains near 0.96 across all windows, while the
lower quartile rises from 0.69 at 1 minute to 0.85 at 10 minutes. At 1.3, the improvement is
much larger. Median F1 increases from 0.59 to 0.95, and median AUPRC from 0.57 to 0.98. The

largest gains occur between 1 and 5 minutes, after which improvements become smaller.
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Figure 5.5: Slow-class F1 for the selected 8-minute post-start job-node setting under the 1.05x
and 1.3x labeling rules. We order the groups, G1-G21, by mean duration. The same color-hatch
combination denotes the same group in both plots. Most groups achieve strong performance
under at least one rule, but a small number remain difficult to predict.

These results indicate that short post-start windows already contain useful NIC signal, but
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longer windows capture more of the communication behavior associated with slowdown. The
10-minute window achieves the highest mean performance, especially at the 1.3 threshold. How-
ever, the 8-minute window already reaches nearly the same prediction performance level at both
thresholds. We therefore use the 8-minute post-start job-node setting in the remaining analyses

because it preserves most of the predictive benefit while enabling earlier prediction.

5.4.4 Evaluating Per-Group Classification Performance

We evaluate prediction performance at the group level under the selected 8-minute post-
start job-node setting. Table 5.2 summarizes the 21 groups retained under the 1.05 and 1.3 label-
ing rules, and Figure 5.5 reports per-group slow-class F1. These groups are highly heterogeneous:
size ranges from 101 to 1887 runs, mean duration from 11.0 to 872.5 minutes, and the fraction
of slow runs from 15.8% to 99.0% under 1.05 and from 6.1% to 98.3% under 1.3. This variation
supports group-specific baselines, labels, and models rather than a single global treatment.

Despite this heterogeneity, the selected setting performs well for most groups. Under the
1.05 rule, 9 of 14 groups achieve slow-class F1 of at least 0.95. Under the 1.3 rule, 10 of 15
groups achieve F1 of at least 0.90.Several groups remain strong under both rules. G3, G4, G17,
and G19 all achieve F1 around 0.90 or above across thresholds. At the same time, a small number
of groups remain difficult to predict. Weak groups appear at both short and long durations, while
some long-duration groups are predicted very well. Prediction quality therefore does not follow
a simple trend with runtime or sample count alone.

Among the eight groups retained under both rules, the labeling rule can change prediction

performance substantially because it changes the fraction of runs labeled slow. G10 drops from
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0.964 at 1.05 to0 0.708 at 1.3 as the slow-run fraction decreases from 92.4% to 20.9%. G18 follows
the same pattern, dropping from 0.965 to 0.756 as the slow-run fraction decreases from 92.6%
to 25.2%. In contrast, G19 has the same slow-run fraction under both rules, 98.3%, and its F1
remains 0.987. These comparisons indicate that threshold choice affects prediction not only by
changing the slowdown definition, but also by reshaping class balance within each group.
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Figure 5.6: Feature importance for the selected 8-minute post-start job-node setting. Each row
corresponds to a group and each column corresponds to a feature included in the heatmap. Cell
values report mean feature importance across folds.

Beyond class balance, manual inspection suggests that several weak groups reflect residual
heterogeneity within the grouping key. In G11, the submit line records only a launcher command
and log directory, so it does not expose the underlying application or configuration. Other weak
groups contain runs from the same scientific workload class but with different input files. For
example, G10 includes runs with different XML inputs, and G14, G16, and G20 include lattice
QCD calculations with different gauge configurations, source files, and momentum settings. G1

reflects a similar issue in materials-science applications, where one code can support substantially
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different calculation setups. These cases indicate that scheduler-visible launch information does

not always isolate a homogeneous workload.

5.4.5 Analyzing Feature Importances

We next examine which NIC features are most informative under the selected post-start
Job Nodes setting at the 1.3 slowdown threshold. For each group, we apply recursive feature
elimination to the full NIC feature set, retain 10 features, and then average XGBoost feature
importance across the outer evaluation folds. Figure 5.6 reports these mean importance.

Figure 5.6 indicates substantial variation across groups, but it also reveals a clear pattern.
Timeout and pause counters are not the dominant features in many groups, which differs from our
expectation based on prior work that identified timeouts and pauses as important contributors to
variability [10]. Instead, the most important features in many groups fall under send and receive
packet counters. This pattern is visible in groups such as G3, where send and receive counters
dominate, whereas timeout, pause, and PARBS counters are most prominent in smaller subsets
of groups such as G17, G18, and G2.

Manual inspection of controlled applications helps explain this result. Jobs with variability
almost always contain more timeouts than normal jobs, but the presence of timeouts does not
reliably separate variable runs from normal ones. In that sense, timeout appears necessary but
not sufficient for variability. By contrast, send and receive packet rates are often substantially
lower in variable jobs than in normal jobs, which we believe is the main reason the model can
predict variability. More broadly, network congestion can degrade communication performance

even without clear timeout or pause signals. This interpretation is also consistent with our traffic-
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class aggregation result. When we aggregate traffic classes, F1 decreases, which indicates that

fine-grained send and receive packet structure carries useful predictive information.

5.5 Discussion

In this section, we discuss the main methodological and operational implications of our

results for predicting performance variation in arbitrary GPU applications around launch time.

The importance of grouping comparable runs. A good grouping strategy is essential because
slowdown only has meaning relative to comparable runs. Production applications differ in node
count, runtime, input configuration, and launch behavior, so a single global baseline would mix
fundamentally different applications. Our per-group results and manual inspection support this
point. At the same time, the current grouping method provides only a scheduler-visible approx-
imation, and residual within-group heterogeneity still reduces prediction performance in some

cases.

NIC data and Slurm elapsed time as practical signals. Our results indicate that NIC data is
informative for predicting network-related performance variation in GPU applications, as shown
by the strong prediction results across diverse groups. Additionally, Slurm elapsed time is infor-
mative for label construction. For most controlled applications, labels from Slurm elapsed time
agree closely with labels from timing the main computation loop. The remaining disagreements
mainly reflect variation in initialization, data loading, and preprocessing phases, which can in-
flate Slurm elapsed time without changing the main loop. Predicting such cases would require

additional telemetry data from other system components such as the filesystem or storage system.

When NIC data is most informative. The timing and scope analysis clarifies when NIC data is
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most useful. After a run starts, NIC data from the allocated job nodes is more informative than
NIC data from all nodes because it reflects the communication behavior of the running application
more directly. Before a run starts, the future allocation has not yet developed a job-specific
activity pattern, so all-node data is often more informative than job-node data. These results
suggest that capturing application behavior after launch is more informative than observing the

whole system alone, although system-wide NIC data remains useful for some groups.

Early prediction from short post-start windows. The time-window analysis indicates that the
first few minutes of execution already contain substantial predictive signal, even for long-running
applications. Prediction performance improves rapidly early in execution, and the gains become
smaller for longer windows. This pattern suggests that early communication behavior often re-
flects the performance state that persists later in the run. From an operational perspective, the
8-minute window achieves nearly the same performance as the 10-minute window while provid-
ing an earlier prediction point. For long jobs, this still leaves time for a warning, a scheduling

adjustment, or additional diagnosis.

Threshold choice changes the prediction problem. Threshold selection matters because it
changes which runs are labeled slow. A lower threshold captures modest slowdowns, while
a higher threshold isolates more pronounced slowdowns. This change affects class balance and
prediction difficulty. Additionally, applications with low run-to-run variability may benefit from a
lower threshold, while applications with higher inherent variability may require a larger threshold
to separate meaningful slowdowns from normal variation. In practice, threshold choice should

reflect both application behavior and the operational goal.
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5.6 Conclusion and Future Work

We present a method to predict whether a GPU run will exhibit slowdown relative to runs
with similar scheduler-visible execution settings. The method combines system-wide NIC data
with Slurm job-step metadata, groups comparable runs, constructs slowdown labels from Slurm
elapsed time, and trains group-specific models from NIC data collected around run start. Because
it relies only on production monitoring and scheduler data, it applies to arbitrary applications
without application-specific profiling. On Perlmutter, it achieves strong prediction performance,
especially with post-start NIC data from the allocated job nodes.The method is broadly applicable
to HPC systems that provide comparable scheduler metadata and network monitoring data.

The main limitations come from grouping and the scope of the available telemetry data.
The current feature set focuses on NIC counters, so it does not capture slowdowns driven by other
components such as I/O or storage. Future work can improve grouping with additional post-start
information, incorporate telemetry data from other components, refine threshold selection, and

extend the method into a deployable framework for warning, diagnosis, and scheduling support.
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Chapter 6: Conclusion

This dissertation has examined how longitudinal telemetry can be used to better understand
and manage modern high-performance computing systems. Motivated by the growing scale,
heterogeneity, and operational complexity of GPU-accelerated supercomputers, it has focused on
a central question: what can routinely collected monitoring data reveal about workload behavior
and performance variability when they are analyzed at the right level of abstraction and integrated
with scheduler metadata? The results show that always-on telemetry is more than a record of low-
level counters. When attributed to jobs carefully and interpreted in context, it becomes a practical
basis for workload characterization, diagnosis, and prediction in production environments.

The first major contribution of this dissertation is a job-level characterization of GPU work-
loads on Perlmutter using system-wide DCGM telemetry and Slurm metadata. This analysis
showed that the GPU partition is dominated in job count by small allocations, especially single-
node jobs, while larger jobs consume a disproportionate share of system resources. It further
showed that GPU behavior varies substantially across workloads in ways that are not captured by
a single utilization summary. FP64-only jobs make up the largest share of the workload, tensor-
pipe activity is associated with higher utilization, and many jobs that explicitly request 80 GB
GPUs use well below that capacity. Together, these findings illustrate that production teleme-

try can reveal practical information about how applications use accelerator resources and where
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inefficiencies or overprovisioning may exist.

Another contribution of the workload study is the development of job-aware metrics that
quantify how GPU activity is distributed across devices and over time. The results showed that
low-utilization jobs are more likely to exhibit high spatial imbalance and high temporal im-
balance, whereas highly utilized jobs tend to distribute work more evenly and sustain activity
more consistently. The roofline-based classification of jobs as compute-bound or memory-bound
further clarified how utilization relates to resource bottlenecks. Most jobs on Perlmutter are
memory-bound, and at comparable GPU-hour scales these jobs tend to consume more energy
than compute-bound jobs. At the same time, correlations among utilization, SM activity, DRAM
activity, power, and temperature demonstrated that broad sets of hardware counters can be com-
bined to form coherent job-level views of workload behavior. These results move beyond simple
resource accounting and toward interpretable performance diagnostics for both users and opera-
tors.

The second major contribution of this dissertation is a telemetry-driven method for predict-
ing run-to-run performance variability in arbitrary production GPU applications. This part of the
work addressed a difficult operational problem: similar runs can experience substantially different
runtimes because they execute under changing shared-system conditions, yet application-specific
profiling is rarely available at production scale. By clustering runs with scheduler-visible meta-
data, defining slowdown relative to a cluster-specific baseline, and constructing features from
NIC telemetry collected near run start, this dissertation showed that useful predictive signal ex-
ists in routine monitoring data alone. The methodology was validated on controlled repeated runs
and then evaluated on production data from Perlmutter. Under the best configuration, telemetry

from the allocated job nodes during the first eight minutes after run start achieved strong predic-
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tion quality across 14 retained clusters. These results demonstrate that telemetry can support not
only retrospective analysis but also early warning of likely performance problems.

The descriptive and predictive parts of this dissertation indicate that longitudinal telemetry
becomes valuable when it is made job-aware. Careful attribution and aggregation make them
useful for answering higher-level questions about workload behavior, resource efficiency, and
slowdown risk. This perspective suggests a practical path forward for production HPC environ-
ments. For users, telemetry-driven analysis can inform optimization, reveal load imbalance, and
help choose more appropriate resource requests. For operators, it can support capacity plan-
ning, energy-aware decision making, and earlier identification of problematic runs or inefficient
workload classes.

This work also has important limitations. The empirical analysis is centered on a sin-
gle leadership-class system, and although the methods are designed to generalize, site-specific
counter availability, access constraints, and workload composition will affect how easily they
transfer. The available telemetry is sampled at fixed intervals and cannot capture all short-lived
behavior. Some analyses rely on coarse approximations, such as keyword-based ML labeling or
scheduler-visible executable signatures that do not fully resolve input-level or algorithmic differ-
ences.

Several directions follow naturally from this dissertation. Higher-frequency telemetry and
richer combinations of GPU, network, storage, and scheduler data could improve both descriptive
fidelity and predictive accuracy. In the variability study, improved clustering strategies could
reduce hidden heterogeneity for generic executable signatures and make slowdown prediction
more robust. At the system level, the methods developed here could be integrated into user-

facing dashboards, advisories at submission time, or scheduler services that flag likely slow runs,
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highlight underused resources, or recommend better-fit allocations.

In conclusion, this dissertation has shown that always-on telemetry enables understanding
how production workloads use complex resources, and anticipating when comparable runs are
likely to perform poorly. By combining system-wide monitoring data with scheduler metadata
and analyzing the resulting job-level views, it has demonstrated a practical approach to longitudi-
nal data analytics that is scalable, non-intrusive, and operationally relevant. As HPC systems con-
tinue to grow in scale and heterogeneity, such telemetry-based methods will become increasingly
important for turning routine monitoring data into actionable understanding and more effective

system management.
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