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Аннотация: В данной статье представлены новые подходы к автоматическому анализу при-
ложений, которые позволяют выявлять проблемы с производительностью или просто полезные
свойства у любых заданий, выполняющихся на суперкомпьютере. Предложены методы для
обнаружения проблемных классов приложений, таких как “зависшие” задания и задания со
слабо загруженными узлами. Также разработаны и апробированы новые метрики для автома-
тической первичной оценки эффективности использования графических процессоров и памяти.
Эти методы позволяют расширить функциональность существующего программного комплекса
TASC, предназначенного для проведения разностороннего анализа качества работы современ-
ных суперкомпьютеров.
Ключевые слова: суперкомпьютер, мониторинг, анализ производительности, суперкомпью-
терные приложения, качество работы суперкомпьютера, класс приложения, система оценок,
эффективность использования ресурсов.
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1. Introduction. The performance analysis and optimization of HPC applications is an important and
complex task that significantly impacts the quality of modern supercomputer functioning. Its importance arises
from the fact that low performance of programs running on a supercomputer is one of the key factors that notably
reduces the overall efficiency of the supercomputer work [1], and the idle time of supercomputer resources due
to underutilization can be substantial.

The complexity is driven by several factors. Firstly, debugging, profiling, and especially optimizing parallel
applications are often very challenging tasks, requiring considerable theoretical knowledge and practical skills.
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Secondly, to develop a parallel program that runs efficiently on a modern supercomputer, it is necessary to
take into account all peculiarities of hardware and system software, which are abundant in high-performance
systems. Thirdly, supercomputer users are often unaware that their programs are working inefficiently, and it
is often not trivial to detect this fact. For instance, the survey that we conducted among users of the MSU
Supercomputing Center showed that more than a third of them are unaware of whether their applications have
performance issues (and another third admit that problems exist and remain unresolved) [2].

The TASC software suite [3], previously developed in the MSU Research computing center, is primarily
aimed at addressing this third global problem. TASC can automatically detect performance issues in HPC
applications [4] and evaluate the efficiency of using supercomputer resources, as well as provide administrators
with flexible report tools for analyzing various aspects of supercomputer functioning with the required level of
detail [5].

This paper presents new approaches developed to extend the functionality of TASC. They include methods
for the automatic detection of performance issues as well as useful properties of supercomputer applications,
based on the monitoring data collected for the entire flow of running jobs. The paper also describes developments
in expanding the assessment system [1], which allows evaluating (also automatically, based on monitoring data
and for the entire job flow) the efficiency of using a specific type of resource by any supercomputing application.
Previously, assessments were proposed and implemented for the following resource types: CPUs, memory,
communication network, and I/O (input/output). This work extends the mentioned approach to graphics
accelerators (GPUs) proposing assessments for GPU processors and GPU memory.

The main contribution of this paper is the development and description of new methods that allow auto-
matically identifying important properties related to the performance and overall behavior of any application
running on a supercomputer. Information about these properties is useful both for users (because they learn
about issues in their applications and can eliminate them) and for supercomputer administrators (since it allows
them to better understand the structure and problems of the job flow, which ultimately helps to improve the
overall system efficiency).

The rest of the paper is organized as follows. Section 2 is devoted to methods for automatically detecting
specific classes of jobs that provide useful information about the performance or behavior of supercomputer
applications. Section 3 describes a proposed new approach for evaluating the efficiency of GPU processor and
memory usage. Section 4 provides a brief summary of the results presented in this paper and future plans.

2. Automatic detection of job classes. Modern supercomputers constantly execute a large number
of user jobs, but information about their properties is generally unavailable. And such knowledge would be
useful and would help better adapt the work of the supercomputer center to the needs of users, as well as
identify various issues in their applications [2]. In some cases, it is possible to identify job properties, and data
from monitoring systems is usually used for this purpose. Monitoring system agents continuously run on the
supercomputer’s compute nodes and collect information on resource activity and usage efficiency (such as CPU
load, cache miss rate, data volume transferred over the communication network, and so on).

In this work, we decided to use such data to implement methods for automatically detecting five classes
of jobs (each class corresponds to the presence of a certain important property or issue):

• three classes of hung jobs:

– (job_hang) the job initially ran in normal mode and then “hung” until its completion (i.e. its behavior
corresponded to the behavior of programs that stopped at a certain point in execution and remained
idle or continuously performed the same actions, without performing any useful work, but consuming
computational resources);

– (cold_start) the job’s activity at start corresponded to a hung job, but then its behavior returned
to normal;

– (stall) the job initially operated normally, then for some time its behavior matched that of a hung
job, and then its execution resumed as normal;

• (idle_nodes) the job was allocated several compute nodes, but it actively uses only a part of them;
• (stable) the job’s behavior remains virtually unchanged throughout its execution.

Jobs of these classes are quite frequently encountered in practice, but they are not always easy to detect,
which motivated the choice of these classes in this work.
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There are several studies that focus on identifying different classes of supercomputer applications based on
their behavioral or performance characteristics. For example, in the paper [6], supercomputer applications are
grouped into classes according to resource usage patterns. However, the set of these classes differs significantly
from the specified list of classes we are interested in, since the original goal of that paper was to automatically
detect unwanted applications (such as cryptocurrency mining or password attack). In another paper [7], the
authors identify inefficient applications by analyzing data for the first two minutes of job execution. The
drawback of this approach is that the authors do not conduct a comparative analysis of the entire time series
within job execution, but only examine the initial short period, which is not appropriate for our case (many
supercomputer jobs run for hours and can significantly change their behavior over time). Furthermore, the
problem statement in that work did not include identifying specific application classes, which is of interest in
our case. The work [8] also considers among other aspects the issue of classifying supercomputer applications,
but, as in the previous case, it did not address the issue of identifying the application classes of interest. In
addition, the classes were determined based on the executable file name, which is not suitable for our purposes.
There are many other studies that attempt to detect inefficient supercomputing applications (e.g., abnormally
inefficient jobs [9]) or applications with peculiar properties (e.g., jobs with specific power consumption [10]),
but they are even less suitable for solving the task posed in this paper. Therefore, it was decided to develop
our own solution for this purpose.

Before moving on to a more detailed description of how these classes are defined, how their detection is
implemented in practice, and when this might be useful, it is necessary to describe the data used for this analysis.
In all cases, the input information was monitoring data collected by the DiMMon monitoring system [11] on
the Lomonosov-2 supercomputer [12]. Note that the collected data is not specific to this monitoring system or
supercomputer and can be gathered on most modern supercomputers using other means. The list of the collected
characteristics is as follows (those characteristics that were immediately discarded as obviously inappropriate
for the purposes of this work are not included here):

• CPU load (user and nice load) and load average;
• number of L1 and LLC cache misses per second;
• network data transfer (bytes/packets sent/received per second);
• parallel file system read and write rate (bytes/packets per second sent/received over the network for file

system access);
• GPU utilization.

Monitoring data for each characteristic is collected once per minute. Initially, data is available for each
node running the job, but in this study the average value over all nodes is used (except for idle_nodes class).
Thus, each job is described by multivariate time series, where each time series represents minute-by-minute
values of a certain performance characteristic during the job’s execution, averaged over the participating nodes.

2.1. “Hung” job classes. The first three job classes are grouped together because they are closely related
and all indicate that the program “hung” at some point in time. The causes of such behavior usually cannot
be determined using monitoring data only, but it is worth noting that these reasons can vary significantly. For
example, job hang can be caused by either incorrect operation of the application itself or by specific system
software. The latter can occur, for instance, due to excessive load on the shared file system (which leads to
a temporary halt of all applications accessing I/O at that moment) or because of the prolonged execution of
service scripts launched immediately before or after the completion of a user job. It is often difficult not only
to detect the causes but also the symptoms of such programs, because they can hang at different stages of
execution resulting in significantly variations in their resource usage behavior. The main similarity between
hung jobs studied in this paper is that their behavior changes sharply when the hang begins and becomes
virtually constant during this time (though some fluctuations in values are almost always present).

Let us consider how to determine whether a job belongs to the job_hang class. The method is based on
defining the variability of application performance characteristics collected by a monitoring system: relying on
our experience it is assumed that the characteristic values change much less during a hang than during normal
execution. The analysis is performed using a sliding window method, which enables considering large data
intervals, but only local changes in the data are taken into account at the same time.

Let 𝑇start and 𝑇end be the beginning and the end of the program execution time interval, where the time
interval corresponds to some number of the considered consecutive sliding windows. Let 𝑇 be the minimum
threshold value for the interval duration, 𝑇𝑖 stands for the sliding window under consideration within the interval,
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𝑄1𝑇𝑖 and 𝑄3𝑇𝑖 are the boundaries of the first and third quartiles for the analyzed characteristic values in the
window 𝑇𝑖, and 𝜃 be the heuristically selected threshold value. For each characteristic the following criterion is
considered:

((𝑇end − 𝑇start) > 𝑇 ) ∧ (∀ 𝑇𝑖 ∈ (𝑇start, 𝑇end) : (𝑄3𝑇𝑖 −𝑄1𝑇𝑖)/2 < 𝜃).

If the given criterion holds at the end of the job execution, and before that part there is at least one
interval longer than 𝑇 for which this criterion is not satisfied, then the flag of belonging to the job_hang class
is raised for the considered characteristic. If this flag is raised for the majority of the characteristics under
consideration, the given job is assumed as belonging to this class. In our case, 𝑇 is equal to 60 (i.e. the length of
the aforementioned interval must be not less than 60 minutes), the window size 𝑇𝑖 is 20 minutes, and the value
𝜃 depends on the characteristic and was chosen to maximize the difference in the behavior of normal and hung
jobs obtained in practice. In the case of job_hang, the following characteristics were selected: 1) L1 cache miss
rate; 2) LLC cache miss rate; 3) the number of packets received over the communication network per second;
4) the volume of data in bytes sent over the network per second; 5) the average number of active processes on
the node (i.e. load average).

To determine the best suited set of characteristics, all reasonable combinations of characteristics were
tried, and the described set was selected as the most accurate (the accuracy assessment is shown below).
The threshold values specified above were also selected heuristically, based on testing the method’s accuracy
for various threshold values. It should be noted that the set of most suitable characteristics, as well as the
threshold values described above, may differ when porting this method to another computing system. We
expect the accuracy of the method will remain sufficiently high in many cases with the selected parameters on
other systems; however, to achieve higher values, it is recommended to rerun the process of selecting parameters
and characteristics.

The methods for determining belonging to the cold_start and stall classes just slightly differ from the
aforementioned method. Firstly, for these classes, the “hung” interval must be at the beginning and in the
middle of the job execution, respectively. Secondly, other sets of characteristics were selected for them (the
selection was carried out in the same way as for the job_hang class):

• cold_start: 1) L1 cache miss rate; 2) LLC cache miss rate; 3) CPU user load; 4) the amount of data in
bytes received over the network per second; 5) the number of packets sent over the network per second;

• stall: 1) L1 cache miss rate; 2) LLC cache miss rate; 3) the amount of data in bytes received over
the network per second; 4) the number of packets sent over the network per second; 5) the number of
packets received over the communication network for reading from the shared file system per second; 6)
the amount of data in bytes sent over the network for writing to the shared file system per second.
To evaluate the accuracy of class identification, an approbation was performed on the Lomonosov-2 su-

percomputer. A set of 4000 user jobs was selected and then analyzed using the three proposed methods for
identifying hung jobs (note that this was a test set, which means that the parameter and characteristic selection
was previously performed on another set). All jobs from these 4000, for which at least one of the methods
identified belonging to a certain class, were selected, as well as approximately the same number of jobs that did
not belong (according to the results of the methods) to any class. A total of 333 jobs were obtained. They were
then manually labeled, which was used as a “ground truth”.

The results of checking the correspondence between manual and automatic labeling of these jobs are
presented in Tables 1 and 2, showing the overall accuracy values (the percentage ratio of correctly classified
jobs to all studied jobs) as well as the confusion matrix for all three classes. In Table 2, “Prediction” relates
to the corresponding method, while “Actual” refers to the manual labeling. It can be seen that in all cases the
accuracy is high — over 92%. We also note that the number of false positive errors is very small — only 2 jobs for
job_hang, 1 for cold_start, and 6 for stall. The decrease in the proportion of false positives was of particular

Table 1. Accuracy assessment
for three “hung” classes

Class Value, in %

job_hang 95.5

cold_start 98.2

stall 92.8

Table 2. Confusion matrix
(job_hang/cold_start/stall)

Prediction
True False

Actual
True 45/24/63 2/1/6
False 13/5/18 273/303/246
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interest (more than the decrease in false negative errors), since belonging to, for example, the job_hang class
implies a certain reaction — either notifying the user about it or taking automatic measures such as canceling
the job. In this case, it is better to mistakenly ignore the existence of some issue and take no action than to
mistakenly react to the existence of a non-existent issue.

2.2. “Idle_nodes” class. The idle_nodes class also detects issues in jobs, like the previous three classes.
However, unlike the previous ones it detects cases in which a job running on several nodes actively utilizes only
a few of them. Sometimes this occurs due to user error, when a job is designed for fewer processes/nodes than
was allocated for it when it was added to the job queue. Another possible cause is improper distribution of
processes/programs across nodes. For example, a user-defined job initially employs a script that distributes
internal programs across nodes. If this script is configured incorrectly, all or almost all programs may run only
on part of the nodes, while other nodes remain virtually unloaded.

It is worth noting that such nodes are not always completely idle, and that it can depend on the launch
configuration and, thus, vary from run to run. This means that such cases cannot be detected solely based on
absolute parameter values.

The approach outlined below was proposed to detect belonging to this class. The following four charac-
teristics describing computational activity and resource utilization efficiency were selected for the analysis: 1)
CPU user load; 2) L1 cache miss rate; 3) LLC cache miss rate; 4) GPU load. These characteristics were chosen
based on expert assumptions about which of them are the most indicative for defining this class of jobs. Many
other characteristics, for example, those related to network or file system usage, may not indicate activity even
for a heavily utilized node simply because the corresponding supercomputer subsystems might not be used in
the given job. Unlike determining hung jobs, in this case, data for each job is considered separately for each
compute node involved in executing this job.

The following criterion was proposed for identifying a job to the considered class. For each of the four
specified characteristics, two nodes were selected — one with the highest and one with the lowest average value
for the corresponding metric over the job duration. Then, two conditions were checked:

1. The characteristic value on the maximum value node must exceed a predetermined threshold. This thresh-
old is determined empirically based on an analysis of typical values for the corresponding characteristic
under normal operating conditions. The thresholds are 1M misses per second for the first-level (L1) cache,
100K misses per second for the last-level (LLC) cache, 5% for the CPU load, and 50% for GPU load. In
the future, it is planned to implement automatic methods for determining suitable thresholds based on
the distribution of values for the characteristics; however thresholds are currently selected manually.

2. The characteristic value on this node must be at least twice the value on the minimum value node.
If the specified conditions are satisfied for at least half of the considered characteristics (i.e. for at least

two out of four), the job is identifying as belonging to this class.
The method was tested on real jobs running on the Lomonosov-2 supercomputer. Three jobs of this class

were found in a sample of 203 jobs. The method identified all jobs correctly. Although such jobs are relatively
rare, it is important to identify them, since detection and elimination of these jobs enables more efficient use of
supercomputer resources.

In the future, it is planned to expand the test dataset to conduct a more detailed evaluation of the method
quality and assess the frequency of occurrence of such jobs in practice.

2.3. “Stable” class. The stable class, unlike the previous classes, does not indicate the presence of
any issues in the application being analyzed. In this case, we are interested in jobs whose behavior remains
virtually unchanged during execution, meaning the performance characteristics stay approximately the same.
This class is primarily useful for supercomputer administrators and analysts, as applications within this class
are very accurately described by integral characteristics (such as average and maximum CPU load over the
entire execution period), which are most often used for initial application analysis. In other words, if a job
belongs to this class, we can be confident that the integral values accurately describe its behavior. In practice,
such jobs are commonly observed, making their detection a relevant task.

We will consider a job to belong to this class if the curves, showing the values of a selected set of job
performance characteristics during its execution, each can be represented with sufficient accuracy by a horizontal
line. However, it should be taken into account that small fluctuations in values are almost always observed (due
to both small differences in the behavior of the application itself and changes in the external software and
hardware environment), therefore some deviation from the straight line is evident in all applications.
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The method for verifying the belonging of a job to this class consists of two main steps. First, one needs
to approximate the characteristic values collected during application execution (approximation is performed
separately for each characteristic), i.e. approximate a one-dimensional time series. Two options were considered:
linear regression methods and using the mean value (since we are looking for jobs whose behavior is virtually
constant, more complex approximation options are not needed in this case). Linear regression is usually much
more accurate; however, in this case, mainly because the characteristic values for stable jobs are virtually
constant, the accuracy of the method in both cases was approximately the same, but calculating the mean value
is much faster, so this option was chosen.

Next, one needs to choose a metric to evaluate the difference between the actual values and the approxi-
mating line. Since the mean value was selected as the approximation method, a simple metric is suitable in this
case, which at each point 𝑥 of the time series for some characteristic calculates the deviation 𝑅 of the actual
data from the “ideal stable job” (the approximating horizontal line): 𝑅 = |𝑦fact(𝑥)−𝑦mean|/𝑦mean, where 𝑦fact(𝑥)

is the real value of some characteristic at point 𝑥, and 𝑦mean is the mean value for this characteristic.
Further, for each characteristic, we require that 𝑅 should not exceed the value of 0.1 for 95% of time, and

the 𝑅 value averaged over the entire job execution time should not exceed 0.05. These conditions admit the rare
occurrence of actual characteristic values that significantly deviate from the approximating mean line (which
can happen, for example, due to failures in the monitoring system or the presence of notable local environmental
influences), but on average this deviation should be small. These thresholds were selected heuristically based on
an analysis of the method’s performance on the Lomonosov-2 supercomputer, but they can easily be adapted
for execution on other computing systems.

A crucial question is what characteristics should be used to check this condition. The following approach
was chosen for these goals. The stability of the entire job is assessed by voting with selection of characteristics
divided into primary and secondary groups. The primary group includes the following characteristics: L1 cache
miss rate, LLC cache miss rate, CPU user load, average number of active processes per node (load average),
and GPU load. The secondary group involves four characteristics related to network usage: the amount of
bytes/packets sent/received over the network per second. A job is considered stable if all characteristics in the
primary group and at least half in the secondary group are stable (i.e. the above condition is met for them).
This list of characteristics was selected heuristically as the one that demonstrated the best accuracy after using
all reasonable combinations of characteristics. The division into two groups was proposed based on an expert
opinion regarding which characteristics may be more or less important for defining a given class.

This method was tested on real jobs from the Lomonosov-2 supercomputer. The model’s accuracy on a
sample of 101 jobs was 0.97, while 25 stable jobs were found and 3 stable jobs were classified as unstable (false
negative errors). None of the unstable jobs were identified by the program as stable (false positive errors).

2.4. Integration with TASC. As part of this work, a standalone software solution was developed in
Python that implements methods for automatically identifying the aforementioned job classes based on data
from the monitoring system. This solution was integrated into the existing Lomonosov-2 supercomputer per-
formance analysis infrastructure.

This solution automatically checks all jobs running on the supercomputer for their membership in the
selected classes and reports these results to the TASC system. The checks for different classes are performed
independently and are easily configurable with the ability to simply add methods for detecting new classes. The
solution runs in two Docker containers (one for the Python solution, another for the local PostgreSQL DB),
receiving initial data from TASC and sending back the results of the class checks upon the request from TASC.
Thus, the overall operation scheme of this solution consists of the following steps: data collection → storing
data → periodic checking for class membership → saving the result → sending the result to TASC upon request.

The proposed solution runs at a preset frequency — by default, every 30 minutes (this interval can be
easily adjusted). At each launch, it analyzes all jobs completed since the previous activation. The approach
itself allows for the analysis of any jobs, both completed and still running. But at this moment, it was decided
to consider only completed jobs to evaluate the solution. In the future, consideration of running jobs will be
enabled to allow for a more rapid response to emerging issues.

The proposed implementation is easily portable to other supercomputers, but may require tuning of
supercomputer-specific parameters (threshold values for class assignment, as well as the list of the most suitable
characteristics).

For the Lomonosov-2 supercomputer, the developed implementation of class detection methods fully pro-
cesses one job in an average of 3-5 minutes (experiments were conducted under the following conditions: one
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Intel Xeon Gold 6238R processor core, 4 GB of RAM), most of which is spent working with databases (these DB
contain detailed information on approximately four months of the supercomputer’s operation and are therefore
quite large). This performance is far enough for processing the entire Lomonosov-2 job flow.

3. Automatic assessment of GPU utilization efficiency. As mentioned earlier, users are often un-
aware that their applications running on a supercomputer are experiencing performance issues. This is a serious
problem that significantly impacts the overall performance of the supercomputer. The approach proposed in
the previous section is based on the automatic detection of specific application properties. However, there are
various performance issues that need to be detected and corrected, and it is not possible to develop individual
detection methods for each of them. Therefore, another approach is also relevant: one can evaluate the effi-
ciency of using different computational resources, and if low usage efficiency is detected, this indicates the likely
presence of issues related to this resource. Then, these issues can be further investigated using existing analysis
tools such as profilers or debugging tools.

Previously, an assessment system [1] was developed in the MSU Research Computing Center that auto-
matically collects efficiency scores for all jobs running on a supercomputer for four types of resources:

• CPU;
• memory subsystem;
• communication network;
• I/O (file system usage).

Next, we will first briefly outline the existing system and then describe a new approach that extends this
system to graphics accelerators.

3.1. General assessment system. The goal of the previously developed assessment system is to provide
a convenient and accurate initial method for evaluating the efficiency of resource usage by user applications.
The assessment should be performed automatically for all running applications. For this aim it was decided to
build such a system based on the data from the monitoring system. Each resource type is assessed separately
and independently.

It is worth noting that supercomputer centers often use existing metrics for such purposes, for instance,
CPU user load, cache miss rate, number of the performed read operations etc. Although these metrics are indeed
useful (as they help evaluate the utilization of a given hardware component), they are often poorly suited for
assessing resource efficiency.

The aforementioned assessment system was developed precisely for this purpose. In this study, the effi-
ciency of using a certain resource measures how much working with this resource interferes with useful compu-
tations.

The analysis for different resource types is built differently. Assessments for CPU and the memory sub-
system are based on metrics proposed in the Top-Down approach [13] developed by Intel. These assessments
are calculated using the values of processor hardware counters. Assessments for the communication network
and I/O were proposed based on a set of rules developed within the TASC framework, each of which identifies
the presence of one specific performance issue in application [4]. Thus, different types of source data are used,
but all aforementioned information sources are collected using a single DiMMon monitoring system (there is no
strict binding to a specific monitoring system, and this solution will work with any other system that provides
necessary monitoring data).

These assessments were implemented and tested on the Lomonosov-2 supercomputer. The practice has
shown that they can be useful in different cases, for instance, when identifying issues commonly used metrics
typically fail to reveal. For example, there were found two supercomputer users whose jobs had very high
values for the 𝑠𝑐𝑜𝑟𝑒cpu metric, which reflects the degree of CPU usage inefficiency (the higher the value, the
less efficiently processors are used). At the same time, the average CPU user load and the load average (widely
used metrics for assessing CPU utilization) showed very high values, i.e. they did not indicate any performance
issues like the rest of the collected monitoring data. A detailed examination of jobs of these users revealed that
their jobs were sent to two nodes that were overheating at that time (note that temperature sensors for these
nodes were not available, so no information about this issue was available). As a result, the programs running
on these nodes worked noticeably slower than usual. Thus, the assessments from the proposed system allowed
us to identify performance issues that were not detected by other methods.
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3.2. Proposed formulas for GPU assessment. The aim of this work direction was to expand the
assessment system by proposing and testing new methods for evaluating GPU performance. Graphics devices
have their own processors and memory, so it was necessary to develop formulas for two scores — 𝑠𝑐𝑜𝑟𝑒gpu and
𝑠𝑐𝑜𝑟𝑒gpumem, respectively.

The first question to be addressed was which existing technology for collecting GPU performance informa-
tion should be used in this case. We did not consider software tools that require code instrumentation (such as
NVIDIA Nsight Compute [14], nvprof or PC Sampling [15]), since we need to collect information about all run-
ning applications without interfering with their code or attaching to their processes. Therefore, we considered
the following options, which do not require instrumentation and are available for collection using monitoring
systems:

• NVML [16] and DCGM [17] built on its basis;
• PM Sampling [18] via CUPTI library.

NVML (like DCGM) is a lightweight tool that does not require a process attachment to obtain GPU
metrics. However, this solution does not allow getting the characteristics needed for our goals, as the set of
metrics available in NVML is limited. The only found alternative for assessing 𝑠𝑐𝑜𝑟𝑒gpu using NVML or DCGM
is the 𝑔𝑝𝑢_𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 metric, which shows the fraction of time the GPU was executing at least one compute
core. This metric is useful for assessing GPU utilization, but, unlike 𝑠𝑐𝑜𝑟𝑒gpu proposed below, it only indirectly
indicates GPU efficiency usage and can be misleading in some specific cases.

Therefore, PM Sampling was chosen. This method allows collecting low-level data on GPU performance
for external applications without modifying them. PM Sampling itself was only introduced in CUDA 12.6,
released in August 2024.

During the analysis of possible formulations for GPU efficiency assessment the existing approaches were
studied. Two works stand out as being the most closely related. In an earlier paper by the authors from the
MSU Research Computing Center [1] the initial formulas for these two assessments were proposed. Another
paper [19] presents formulas for microarchitectural analysis of GPU performance. However, a review of these
works, as well as our own research revealed that not all metrics needed for calculating these formulas are
currently available in PM Sampling. Therefore, it was decided to develop two formulas in each case: the first
one (theory) is more accurate but cannot currently be collected by PM Sampling, while the second one (practice)
is the most suitable of those that can be collected by PM Sampling. We decided to develop a theoretical formula
as well because: firstly, it was interesting to understand how significantly the “ideal” formula differs from the
one available in practice; secondly, in future versions of PM Sampling (as well as if another method of collecting
data or greater capabilities in new GPUs appear in the future), it is quite possible that the ability to collect
them will be present. It should be noted that within this study we examined a significantly larger number of
different formula variants than those presented here. However, for the sake of brevity, only the final formula
versions are shown in this paper.

Let us start by examining the formulas for 𝑠𝑐𝑜𝑟𝑒gpu. In our opinion, the most appropriate formula for
evaluating the efficiency of GPU usage within the proposed approach is the following (note that all formulas
are defined in such a way that “0” means no problem at all and “100” corresponds to maximum problem level):

𝑠𝑐𝑜𝑟𝑒theory
gpu = 100 · (1− IPCreported · Efficiencywarp/IPCmax), (1)

where IPCreported is the average number of instructions executed per cycle on a single Streaming Multiproces-
sor (SM), Efficiencywarp is the percentage of active threads per warp (those actually executing useful instruc-
tions) relative to the maximum possible number of threads running simultaneously (note that this differs from
the number of active warps), and IPCmax is the maximum theoretically achievable number of instructions per
cycle. This formula is based on the one proposed in the paper [19], and it estimates the ratio of the actually
achieved number of instructions per cycle to the maximum possible, excluding “useless” instructions (those that
were either recalculated or discarded due to branch misprediction). However, this formula is only theoretical in
our case, since it cannot be collected using PM Sampling. For practical usage, we propose the following variant:

𝑠𝑐𝑜𝑟𝑒practice
gpu = 100 · (1− (warps_active_sup/max_processing_warps_per_sm)·

(sm__cycles_active/gpc__cycles_elapsed)), (2)

where max_processing_warps_per_sm is the maximum number of simultaneously executing warps on SM
per cycle (it is a theoretical constant parameter described in the specification of a particular GPU),
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sm__cycles_active is the average number of GPU cycles over all SMs during which each SM was ac-
tive, gpc__cycles_elapsed is the maximum number of GPC (Graphics Processing Cluster, which includes
all SM) cycles that have elapsed per second, which is the upper bound on the number of active cy-
cles, and warps_active_sup is equal to min{max_processing_warps_per_sm, sm__warps_active}, where
sm__warps_active is the average number of active warps over all SMs.

This formula estimates both how many resident warps were executed on average and how much of the
execution time the GPU (in particular, streaming multiprocessors) was active. It is worth noting that this
formula does not estimate the “efficiency” of the computations, which the theoretical formula above can provide
to some extent, but that is the price for the ability to collect data in practice.

In the case of 𝑠𝑐𝑜𝑟𝑒gpumem, the situation is generally similar. The formula based on the one proposed in
the paper [19] was chosen as the best theory option among all others. However, it also could not be collected in
our case, so we proposed our own practice version of the assessment which can be collected using PM Sampling.
Formulas (3) and (4) describe these variants.

𝑠𝑐𝑜𝑟𝑒theory
gpumem =

∑︁
<𝑚>∈𝑀

smsp__warps_issue_stalled_<m>_per_warp_active.pct, (3)

where𝑀={drain, imc_miss, lg_throttle, long_scoreboard,membar,mio_throttle, short_scoreboard, tex_throttle},

𝑠𝑐𝑜𝑟𝑒practice
gpumem = 100 · dram__cycles_active/(dram__cycles_active + sm__cycles_active). (4)

In the case of 𝑠𝑐𝑜𝑟𝑒theory
gpumem, each summarized metric yields the percentage of warps that were stalled due to

some memory-related reason, and the formula lists all available metrics of that type. Here is a brief description
of what these metrics measure (the metric’s notation used in the formula above is given in parentheses):

• waiting for all memory-related instructions to complete (drain);
• waiting due to a cache miss (imc_miss);
• waiting for free space in the L1 instruction queue (lg_throttle);
• waiting for operations with variable latency (long_scoreboard);
• waiting on memory barriers (membar);
• waiting for free space in the memory instruction queue (mio_throttle);
• waiting for data from memory (short_scoreboard);
• waiting for free space in the texture cache instruction queue (tex_throttle).

In the 𝑠𝑐𝑜𝑟𝑒practice
gpumem formula, dram__cycles_active represents the number of GPU cycles in which DRAM

was active (i.e. cycles in which memory operations were performed). This formula is significantly simpler than
the theory one and roughly estimates the fraction of time during program execution when memory was in use.
Note that this formula does not consider properly the cases when memory usage overlaps with calculations,
since such cycles contribute both in dram__cycles_active and sm__cycles_active. We are aware that this
assessment provides a mediocre representation of memory efficiency, but at the moment there is no more suitable
version of this formula that could be collected in practice using PM Sampling has not been devised. We plan
to improve this formula in the future as the capabilities of this collection method or new graphics accelerators
increase.

3.3. Accuracy and overhead estimation. As mentioned earlier, formulas (1) and (3) are theoretical
and cannot be tested in practice. However, this can and should be done for formulas (2) and (4), which are the
subject of this section.

A software tool was implemented that collects the required metrics using PM Sampling. This tool con-
firmed in practice that collecting the metrics needed to calculate the proposed assessments does not require
instrumentation or modification of the source code of user applications, nor does it require superuser privileges,
making it possible to apply this approach within the overall assessment system (which uses the input data
collected by the monitoring system).

First, it was necessary to verify the accuracy of the values collected in this way. To do this, it was decided
to compare the data produced by this tool with that obtained using NVIDIA Nsight Compute (NCU), one
of the most widely utilized solutions for profiling GPU applications. Experiments were carried out on GPU
versions [20] of the NPB benchmark suite [21].

The evaluation was conducted in the following way. Using NCU, we collected instrumentation data for
the same metrics that were utilized in the formulas, but they were taken as absolute values rather than values
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relative to program execution time (per_second), as it is done within our tool. The NPB benchmarks are
deterministic and perform the same operations each run. This means that execution time and used resources
should vary minimally between runs. Therefore, if we take the absolute number of, for example, active SM
cycles and divide this number by the average program execution time, we expect to obtain the same value as
that returned by PM Sampling. After that we can calculate the same values as in the formulas above. As can
be seen from Table 3, the values of scores based on data from NCU and from PM Sampling differ by no more
than 4%.

Table 3. The difference (in percent) between the values of scores obtained in two ways

BT FT IS MG SP
B C B C B C B C B C

𝑠𝑐𝑜𝑟𝑒practice
gpu 2.94 3.31 3.98 2.55 0.61 1.68 1.96 0.67 3.85 3.82

𝑠𝑐𝑜𝑟𝑒practice
gpumem 3.77 2.25 3.66 3.44 1.97 2.09 0.67 3.92 3.88 3.90

Thus, in most cases, the metric collection accuracy is high and sufficient for correctly determining values
according to the proposed formulas.

Next, it was necessary to evaluate the overhead introduced by the proposed tool. This issue is crucial, as
the developed formulas are intended for the use within a monitoring system running on supercomputer nodes
in parallel with user applications. In this case, it is necessary to minimize the impact of the data collection
process on the applications themselves.

To evaluate the overhead, experiments were conducted on a server with A100 40GB GPU. Different GPU
versions of the NPB benchmarks were run both with and without the assessment tool running in parallel. The
execution times of two variants for each test were then compared, allowing us to estimate how much the data
collection slows down the user application (see Table 4). All runs were repeated at least three times, and the
average values are presented below (in all cases, the resulting slowdown or speedup was statistically significant).
For faster tests, multiple iterations were used to ensure execution times were closer to other tests.

Table 4. Comparison of NPB test execution times with and without the assessment tool running in parallel

NPB Test Class Number of iterations Time without PM_S, s Time with PM_S, s Slowdown, in %

SP D 1 65.26 65.56 0.46

BT C 5 59.26 59.88 1.04

FT C 10 27.09 27.33 0.90

CG C 10 106.40 108.00 1.50

MG C 10 31.17 31.98 2.60

SP C 10 27.72 27.86 0.50

LU D 1 73.49 73.96 0.64

LU C 5 34.25 33.96 −0.86

LU B 10 45.41 44.32 −2.39

LU A 20 45.48 43.20 −5.03

It can be seen from the “Slowdown, in %” column that only the MG test shows slowdown greater than
1%; in all other cases, it is less than 1%. This is a very good result indicating that the proposed approach to
metric collection is applicable in practice in terms of the amount of overhead it introduces. For one of the tests
(the LU test), we evaluated the overhead for different input data sizes. It may be observed that in this case,
the overhead not only decreases with the input data size but becomes negative. In other words, when the data
collection tool was running in parallel, the test execution time actually decreased. The exact reason for this
behavior is still unknown; presumably, some system processes in GPU operate in a different mode when PM
Sampling is enabled, resulting in a slight speedup (the shorter the test itself, the more speedup). In any case,
the main conclusion that the overhead of collecting metrics with PM Sampling remains low is correct.

A separate aspect of interest was the impact of data collection frequency on the amount of overhead and
the accuracy of the collected values for different metrics. By default, a data collection rate was one time in
every 50 million clock cycles. The execution times of the NPB CG class A, as well as CG, FT, IS, MG and SP
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class C benchmarks, were compared at the following data collection rates: 1 collection for every 35, 50, 100,
500 and 1000 million clock cycles. The results showed that the difference in metric values does not exceed 3%
(and most often less than 1%), which is an entirely acceptable result for the purposes of this study. Changing
the data collection rate also has an insignificant effect on program execution time. Moreover, the difference is
statistically insignificant in all cases.

Thus, it was demonstrated that the proposed approach for obtaining assessments for determining the
efficiency of GPU processor and memory usage is applicable in practice, since it is sufficiently accurate and does
not introduce significant overhead.

4. Conclusions. In this paper, we propose new methods for automatic identification of useful performance-
related information about supercomputer applications. These methods are based on the analysis of monitoring
data collected for all jobs running on a supercomputer. This paper presents two directions of research. Within
the first one, methods for identifying applications with specific properties are proposed. Specifically, methods
were developed for detecting three types of hung jobs, stable jobs (whose behavior can be accurately described
by integral performance characteristics, which is important for supercomputer administrators), and multi-node
programs that actively utilize only a subset of the allocated nodes. The second research direction involves
expanding the existing assessment system aimed to automatically conduct a preliminary evaluation of the usage
efficiency for different resource types. This paper proposes two new assessments: one for GPU processors and
another for GPU memory. Formulas for calculating them were developed, and the initial practical approbation
of them was conducted.

Future plans include conducting a larger-scale evaluation of the proposed methods, as well as continuing to
explore the most suitable formulas for the assessments. We also plan to integrate a software tool for calculating
assessments into the existing monitoring system, which will allow for the automatic constant collection and
analysis of the proposed assessments for all jobs running on the Lomonosov-2 supercomputer.
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