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Abstract

The scientific computing community relies on distributed data ser-
vices to augment file systems and decouple data management func-
tionality from applications. These services may be native to high-
performance computing or adapted from cloud environments, and
they encompass diverse use cases such as domain-specific indexing,
in situ analytics, Al data orchestration, and special-purpose file
systems. They unlock new levels of performance and productiv-
ity but also introduce new tuning challenges. In particular, how
do practitioners assess performance, select deployment footprints,
and ensure that services reach their full potential? Roofline models
could address these challenges by setting practical performance
expectations and providing guidance to achieve them.

This paper outlines initial steps toward establishing an empirical
roofline modeling methodology for distributed data services, focus-
ing exclusively on network characteristics as a proof of concept. We
first explore how to maximize performance on modern platforms.
We next propose an adaptation of the classic roofline model and a
methodology for collecting model parameters using the Mochi data
service framework. We then survey four large-scale HPC systems
and construct a roofline model for each of them. We evaluate the
models and identify next steps toward a comprehensive roofline
modeling framework for distributed data services.
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1 Introduction

The scientific computing community relies on distributed data
services to augment file systems and decouple data management
functionality from applications. These services may be native to
high-performance computing (HPC) or adapted from cloud envi-
ronments, and they encompass diverse use cases such as domain-
specific indexing, in situ analytics, Al data orchestration, and special-
purpose file systems. This rich variety of services offers unprece-
dented potential for innovation and specialization to improve per-
formance and increase productivity. However, that inherent diver-
sity also complicates efforts to assess performance in relation to
the baseline capabilities of the platform. Analytical models based
on hardware specifications do not capture the complex interactions
between network, disk, CPU, and memory at scale, nor do they
account for software factors such as data encoding, concurrency
management, and interfaces. Empirical models based on real-world
service benchmarks provide a more realistic representation of ser-
vice capabilities [29], but we need methods that are flexible enough
to represent a full range of data services and deployment possibili-
ties as the community embraces specialized user-level services.
This situation necessitates a new approach: a generalized method
for data service roofline modeling, based on empirical benchmarks,
that can be adapted to different platforms, deployment footprints,
and performance metrics. Roofline modeling [24] is a compelling
concept; roofline models are lightweight, familiar to HPC practition-
ers, intuitive to construct, and easy to visually interpret. However,
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the original roofline concept was intended for assessment of com-
putational performance, and hence we must carefully adapt it for
use in distributed data services. While many potential applications
for such a model exist, we are most interested here in the following:

e Evaluating the performance of novel distributed data ser-
vices to determine whether performance optimization is
warranted

o Selecting the optimal deployment configuration for a given
workload and service combination

e Demonstrating best practices, and providing a reference
point for optimization of distributed data services
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Figure 1: Summary of key data service performance metrics.
The remote procedure call (RPC) rate refers to the rate at
which servers can respond to requests, while IOPS refers
to the rate at which the storage system can service small
I/0 operations. Network and storage bandwidth refer to data
transfer speeds. In this study we focus on the network metrics
highlighted in green.

Each target use case requires a quantitative metric to assess its
performance. However, no one shared I/O performance metric is
most relevant to all data services and use cases (e.g., some are la-
tency sensitive, some require high bandwidth, some use storage
devices). We therefore seek to develop a roofline framework that
can be adapted to a variety of metrics as shown in Figure 1. We
focus on network performance metrics in this study as initial build-
ing blocks. The first is the remote procedure call (RPC) rate; this
is the aggregate rate at which services can respond to distinct ap-
plication requests. The second is the network bandwidth, which
is aggregate rate at which data payloads can be transferred to and
from the service. Our goal is to develop an intuitive roofline model
methodology for distributed data services that can be applied to
different performance metrics depending on the scenario.

We investigate three key challenges in the construction of roofline
benchmarks for distributed data services on HPC systems:

(1) What techniques are needed to maximize network metrics
on current-generation HPC systems?

(2) What visual representation is most appropriate for a data
service roofline model?

(3) Can we generalize the capture of model parameters so that
it can be easily repeated on diverse platforms?

The remainder of this paper is organized as follows. In Section 2
we summarize the related work that we build on. In Section 3 we
provide background on the Mochi data service framework and
experimental platforms. In Section 4 we describe our methodology
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for maximizing performance and constructing roofline models. In
Section 5 we perform a survey that applies our roofline approach to
four leadership-class computing systems. We discuss our findings
in Section 6 and our plans for future work in Section 7.

2 Related work

Our work was inspired in large part by the exploration of large-
scale file system characteristics in previous work by Lang et al. [16].
In their work, component measurements were used to identify
platform performance limitations at scale and assess the degree
to which a parallel file system (PVFS in this case) could exploit
them. Subsequent work by Carns et al. [6] explored the limitations
of component-level microbenchmarks for assessment of platform
capabilities, which motivated the development of parameterized
microservices to capture interactions between components in end-
to-end data service environments.

The fundamental concept of roofline modeling was introduced
by Williams et al. [24]. It provides straightforward insight into the
performance and bottlenecks of computational kernels on sophis-
ticated multicore microprocessor architectures. Their work had a
lasting impact on performance analysis, both in practice and in
research, and has been extended in various ways over time. For
instance, Ilic et al. [14] proposed a cache-aware roofline model that
plots multiple rooflines based on the cache levels used. Yang et
al. extended the model to a hierarchical version that incorporated
GPUs [26]. Yang et al. also developed the Empirical Roofline Toolkit
to collect system metrics and empirically generate roofline mod-
els [25]. Roofline models have also been extended to distributed
systems [8] and scientific workflows [9]. More recently, the roofline
model has been applied to analyze bottlenecks in large language
model training and inference [27]. Our work builds upon the orig-
inal concept of the roofline model but differs from many of its
extensions by focusing on assessing the I/O performance of dis-
tributed data services.

Zhaobin et al. extended the roofline concept to assess the I/O
performance of large-scale storage systems [28, 29]. Similarly to
our approach, they use empirical measurements to establish model
parameters. However, unlike our approach, they focus on file sys-
tems that can be assessed with IOR [22] and Darshan [5] and static
deployments in which the number of servers is not tunable. In
contrast, our work investigates user-level data services that do not
necessarily present file system semantics and can be deployed at
arbitrary scales.

Liem et al. [19] also explored intuitive visual representations
of parallel file system capabilities, expressing performance as a
bounding box for user expectations based on empirical I0500 [15]
measurements. Similarly to a roofline model, their approach aids
users in assessing if application performance falls within anticipated
ranges on a given platform.

3 Background

In this section we provide background information about the Mochi
data service framework and detail the experimental platforms used
in our study.
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Table 1: Experimental platform compute node characteristics
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Aurora (ALCF) 2 104 102 8 CPU
Polaris (ALCF) 1 32 32 2 CPU
Frontier OLCF) 1 64 56 4 GPU
Perlmutter (NERSC) 1 64 64 4 CPU

3.1 Mochi data services

We use the Mochi data service framework [20] as the basis for our
study. Mochi is both a software framework and a methodology
for the rapid construction of specialized data services. The key
concept underpinning Mochi is composability; Mochi provides a
collection of reusable components (microservices and libraries) that
can be combined as needed for different data management use
cases. It has been used to develop a wide variety of data services [4]
and is already optimized for use on HPC systems, making it a
representative framework for a broad range of distributed services.
Its inherent composability also makes it more adept than monolithic
service implementations at isolating distinct factors in data service
performance.

Three Mochi components are especially critical to this study. The
first is the Mercury RPC library [23]. Mercury underpins all net-
work communication in Mochi. It operates atop high-performance,
RDMA-capable network libraries such as libfabric and UCX and
provides asynchronous generalized remote procedure call primi-
tives. It also provides explicit bulk transfer primitives for efficient
abstraction of network RDMA functionality. The Mochi framework
combines the Mercury RPC library and the Argobots user-level
threading package [21] into a coherent data service runtime system
via the Mochi Margo component [7].

The second key component is Mochi Bedrock [10]. Bedrock
is responsible for configuration and bootstrapping in Mochi; it
provides a method to launch services according to a JSON-formatted
configuration specification. It also enables subsequent query and
modification of that configuration at runtime. We use Bedrock to
standardize our benchmark configurations and capture a complete
view of all runtime parameters.

Third, we rely on Mochi Quintain' to generate and execute
parameterized synthetic workloads and isolate data service perfor-
mance characteristics. Quintain is implemented as a microservice
that can be embedded in any other Mochi service to provide a
“self-test” capability. All benchmark results presented in this paper,
unless otherwise noted, were performed using synthetic Quintain
workloads.

3.2 Experimental platforms

We use four large-scale HPC systems located at the Argonne Lead-
ership Computing Facility (ALCF), the Oak Ridge Leadership Com-
puting Facility (OLCF) and the National Energy Research Scientific

!https://github.com/mochi-hpc/mochi-quintain
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Computing Center (NERSC) as experimental platforms for this
study. They are summarized in Table 1.2 We focus on compute
nodes characteristics because we intend to investigate the perfor-
mance of user-level data services (i.e., those that execute on demand
within the context of a user’s job allocation).

The GPU configuration is a critical characteristic for computa-
tional science applications, but we focus on services that execute
on the host CPU. We therefore omit GPU details except to note that
Frontier employs a unique node topology in which network cards
have a direct PCI connection to GPUs rather than CPUs. We also
note that systems that report fewer usable cores than total cores
do so because they employ core specialization in which a subset
of cores are reserved for system tasks and are not available to end
users.?

These systems share several factors that influence data service
performance. The first is that they use HPE Slingshot networks.
Each compute node is equipped with multiple network interface
cards (NICs), and each NIC is connected to the same unified fabric
on a given system. Second, the compute nodes contain numer-
ous compute resources (e.g., these systems follow a heavyweight
compute node design philosophy). These factors suggest that data
service performance will hinge on a service’s ability to efficiently
leverage a complex combination of compute cores and network
links simultaneously.

The Mochi software stack was configured identically on each
system using the following versions of key components: mochi-
bedrock 0.15.2, mochi-quintain 0.6.0, mochi-margo 0.19.1, mochi-
plumber 0.1.4, and mercury 2.4.0rc5. All software was compiled
using the latest version of the gcc compiler available on each sys-
tem. Default values were used for all Mochi runtime configuration
parameters with one exception: the user-level thread stack size
was limited to 64 KiB (via the "abt_thread_stacksize":65536
Bedrock JSON parameter) to reduce memory allocation overhead.

Each system was configured to utilize the HPE Slingshot virtual
network interface (VNI) access control mechanism in different ways.
The Frontier and Perlmutter systems used a job-level VNI by launch-
ing executables with srun command line arguments that included
-network=job_vni, single_node_vni and a Mochi Bedrock JSON
configuration that instructs Mercury to autodetect the optional VNI
(using the "auth_key":"0:0" parameter). Polaris and Aurora used
the default system service VNI by passing the -no-vni command
line argument to mpiexec to prevent use of additional job-level or
job step-level VNIs. The VNI configuration is not expected to have
any impact on performance; we simply opted for the most conve-
nient configuration on each system at the time that our experiments
were performed.

4 Methodology

This section summarizes the methods we used to optimize per-
formance on our experimental platforms, adapt roofline models

?Note that the Perlmutter system contains two partitions; we focus on the “GPU”
partition in this study. The “CPU” partition has two CPU sockets but only one network
link per node.

3Note that the empirical measurements on Aurora were performed in March 2025,
shortly before a revised core specialization configuration was applied in production.
We used an explicit core mapping to constrain our experiments to the 102 cores that
would be used in its final default configuration.
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Figure 2: Mean aggregate service throughput measured on
Aurora for 8 server processes on one compute node and 16
client processes on a separate compute node across 10 ex-
perimental iterations. The client process binding is varied
to represent three different application use cases. The blue
and orange bars distinguish between two client network card
selection strategies, and the error bars show standard devia-
tion across runs.

for use with distributed data services, and collect empirical model
parameters.

4.1 Performance optimizations

An effective roofline model must provide a reasonable estimate of
ideal performance on a given platform. We therefore began our
study by profiling the Mochi software using HPCToolkit [1] to
ensure that it made effective use of available compute resources
under load. We also added explicit HPCToolkit support to Quintain
so that performance profiling could be deferred until synthetic
workload intervals of interest. Furthermore, we implemented the
optimizations described below in order to maximize performance
on the systems described in Table 1.

4.1.1  Network selection with Mochi-plumber. Distributed services
or applications can be configured to make optimal use of available
network links given a priori knowledge of CPU, NIC, NUMA, and
PCI topology. However, manual configuration is labor-intensive,
non-portable, and error-prone. We therefore sought to automate
this process in Mochi to obtain maximum performance more re-
liably on arbitrary platforms. Other runtime frameworks such as
MPICH [13] have also encountered and solved this problem. Data
services, however, present unique challenges that preclude the reuse
of existing solutions. In the user-level data service client/server
model, processes are inherently asymmetric, may be ephemeral,
may be launched at different times, may or may not be multi-
threaded, and have no concept of a global “rank” that can be lever-
aged to arbitrate conflicts.

We conducted an experiment to quantify this issue on Aurora. We
launched 8 Quintain servers on one compute node and 16 Quintain

Carns et al.

Package L#0
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Figure 3: Simplified view of Aurora compute node topology as
reported by the hwloc command line tool, 1stopo. GPUs and
full PCI topology are omitted for clarity. The 4 PCI devices
local to each package each correspond to Slingshot network
cards.

client processes on a second node. Each server process was bound
to a specific CPU core and a distinct network interface card, while
we varied the client process CPU binding and network selection
policies to observe the impact. Each client process issued a 5-second
burst of RPCs, with each RPC requesting a 4 MiB RDMA transfer.
Figure 2 shows the resulting aggregate throughput for a range of
scenarios. The blue bars show bandwidth when each process uses
the default hwloc-enabled Mercury network selection policy, while
the orange bars show bandwidth for processes using an explicit
network card mapping that evenly distributes the 16 processes over
the 8 network cards in all scenarios.

The default Mercury network card selection algorithm assigns
network cards based on the cpuset of the process (i.e., the range of
cores that a process is allowed to execute on), taking into account
hardware locality as reported by hwloc [3]. This policy performs
well when all processes are pinned to individual cores, as would be
the case in a conventional MPI application. The second set of bars
represents a scenario in which each process is bound to multiple
cores (two in this example), as might be the case in a multithreaded
or OpenMP application. Aggregate throughput declines when using
the default Mercury policy in this scenario because four network
cards are overloaded on the client node while four others are left
unused. The final set of bars represents a scenario with core binding
completely disabled, as may be the case for a throughput-oriented
task-based application. In this final scenario all processes are tech-
nically in the same cpuset (0..N) and thus select the same network
card when using the default Mercury policy, leading to dramatic
underutilization of available bandwidth. In contrast, the measure-
ments in which processes are explicitly and evenly distributed over
available network cards (shown in orange) maintain maximum
throughput for all three scenarios. These measurements suggest
that an alternative automatic algorithm may be able to provide
a better general solution for different classes of applications and
different types of service processes.
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Figure 4: Median point-to-point round-trip noop RPC latency
between Mochi processes on separate Aurora nodes as we

explicitly vary the network interface (cxi*) and whether the
processes are bound to a core on the first or second socket.
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Figure 5: Conceptual diagram of policies in Mochi Plumber.
The bucket policy divides network cards into groups, while
the NIC selection policy determines how cards are selected
from within those groups. The “passthrough” policy dele-
gates network card selection to underlying layers of the net-
work stack.

Network card dispersion is not the only factor to consider when
assigning network cards to processes. In some node topologies,
there is also a latency benefit to selecting network cards with better
locality. For example, consider the node topology of Aurora as
shown in the simplified 1stopo diagram in Figure 3. In this case
each package (i.e., CPU socket) has greater locality to four of the
eight available network cards.

We can measure the impact of this topology on network perfor-
mance as illustrated in Figure 4. It shows the median point-to-point
round-trip RPC latency between processes on separate nodes for
each combination of network card and CPU socket. Note that we
used the simpler margo-p2p-latency benchmark® to collect these
measurements rather than Quintain. Our experiments show that
traffic over a non-local network card incurs a median round-trip
latency penalty of over 1.2 microseconds.

Based on these findings, we designed a new Mochi component
- mochi-plumber® — as a more general solution to network card
selection that can accommodate a broader range of data service
scenarios. It implements a two-tier selection policy as illustrated in
Figure 5. The first tier is responsible for dividing available network

“https://github.com/mochi-hpc-experiments/mochi-tests/tree/main/perf-regression
Shttps://github.com/mochi-hpc/mochi-plumber
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cards into buckets based on locality. It programmatically navigates
the node topology using hwloc to find PCI identifiers reported by
libfabric. We implemented the following bucket policies: “all”,
in which all network cards are grouped together, and “package”
and “numa”, in which network cards are grouped by CPU package
(i.e., socket) or NUMA domain locality, respectively. The second
tier is responsible for selecting a specific network card within the
appropriate bucket for a given process. We implemented multiple
NIC selection policies as well. The “by set” and “by core” policies
use static mappings based on either the cpuset or the core on which
the process is currently executing. The “random” policy selects a
random network card. The “round robin” implements a fair dis-
tribution by coordinating across arbitrary processes using control
files in a temporary directory. This last policy incurs higher latency
to perform selection, but this algorithm is performed only once at
process startup.

Based on our experimental findings across a variety of platforms,
we configured mochi-plumber to use a default bucket selection
policy of “package” and a default NIC selection policy of “round
robin” This policy is used for all remaining experiments in this
study. Note that three of the systems in this study have only a single
CPU socket, in which case the “package” policy effectively becomes
an “all” policy, in which all network cards belong to the same
bucket. This works well for many common use cases, including
those shown in Figure 2, but notably it works by optimizing network
card selection at process launch time. It is therefore not guaranteed
to provide a balanced load at runtime if processes migrate or if
some processes are more active than others.

4.1.2  Adaptive polling with Margo spindown. Another factor that
data services on heavyweight node architectures should consider
is how much CPU utilization and power they consume. These are
especially critical when data services are provisioned alongside
application or workflow tasks; ideally, data service processes should
relinquish CPU resources when idle in order to allow more capacity
for other tasks.

The Mochi Margo component [7], which underpins all Mochi
services, is central to meeting this objective. It manages interactions
between Mercury RPC operations and Argobots user-level threads
to form a coherent, simplified framework for implementing highly
concurrent data services. One of its key features is a transparent
network progress loop that abstracts this functionality away from
the data services themselves. The progress loop may elect to block
while waiting for network operations to complete (a semantic that
gets translated into WAIT_FD operations at the libfabric level)
or actively poll for network events. The former minimizes CPU
load and power consumption, while the latter yields higher per-
formance [6]. By default, Margo employs an adaptive strategy in
which quiescent services block while waiting for new requests and
actively poll while operations are in progress.

This adaptive polling strategy works well for concurrent work-
loads but not for sequential workloads in which a single client
waits for individual requests to complete before issuing the next
request. In this case the server experiences a brief (roughly one
network RTT) period of inactivity between each operation, causing
the server to rapidly oscillate between blocking and polling mode
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Figure 6: Sampling of RPC rate (left y-axis and blue line) and
server CPU power consumption (right y-axis and green line)
over time for a sequential, single-client RPC workload on
Improv. Each point on the line represents the rate over a
1-second interval.

and incurring additional interrupt and context switching overhead
for every operation.

This is a significant performance consideration when attempt-
ing to isolate the constituent elements of data server performance.
However, the effect is obfuscated on our experimental platforms
by a software bug that prevents processes from truly blocking for
new requests (the WAIT_FD mechanism always reports that events
need to be processed).® We anticipate this being a key issue in the
near future, however, so we elected to explore the phenomenon
on a platform that already honors the WAIT_FD semantic. For this
purpose we performed a set of experiments on the Improv system
at Argonne’s Laboratory Computing Resource Center to serve as
a proxy for upcoming Slingshot network characteristics. Each Im-
prov node is equipped with two 64-core CPUs and one InfiniBand
network adapter.

Figure 6 illustrates a workload in which a single server (executing
on one compute node) services a sequential noop RPC workload
from a single client (executing on a different compute node). The
client issues operations in three 10-second bursts with 20-second
gaps between each burst in order to observe both idle and active
behavior. Full operation tracing was enabled in Quintain so that
precise operation rates can be calculated for each 1-second interval.
We also concurrently sampled the Linux kernel’s Running Average

OThis is expected to be resolved in the next major software release; see https://github.
com/ofiwg/libfabric/pull/10681.
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Power Limit (RAPL) metrics via /sys/class/powercap/intel-
rapl/$i/energy_uj on 1-second intervals in order to correlate
CPU power consumption with server activity. The results of this
experiment are shown in Figure 6, with the left y-axis displaying
RPC rate and the right y-axis displaying CPU power consumption.
The first plot (Figure 6a) shows the baseline Margo adaptive polling
strategy in which the network progress loop blocks waiting for
new operations when idle. The second plot (Figure 6b) shows an
alternative configuration in which Mochi actively polls for network
events at all times. The second scenario yields a 3.5x improvement
in perceived RPC rate but does not allow the CPU to idle when
there is no activity to process.

To bridge this gap, we introduced a new optimization in Margo
called “spindown.” It uses a configurable parameter for the amount
of time that the network progress loop should continue to actively
poll after completing all known operations. Figure 6c illustrates
the impact of activating this optimization with a default value of
10 milliseconds. The spindown optimization enables the server to
sustain peak performance during bursts of sequential workload
activity while still relinquishing the CPU gracefully during idle
periods. Interestingly, it also consumes no more power than the
original default policy during bursts of activity. The spindown
optimization is enabled by default in Margo 0.19.1 and is used for
all subsequent experiments in this paper.

We note that a more comprehensive power monitoring frame-
work such as GEOPM [11] would provide a more complete picture
of node power consumption (including impact on the network card
and PCI bus); we intend to investigate this more fully once blocking
network capability is available on the Aurora platform. We also
note that these experiments are in some ways using CPU power
consumption as a proxy metric for CPU utilization. CPU utiliza-
tion could also be measured directly and plotted for comparison in
future work. This would help illustrate the potential performance
(jitter) impact for colocated processes in addition to the power
consumption impact.

4.2 Adapting roofline models to data services

The traditional roofline model as put forward by Williams et al. [24]
is illustrated by the conceptual diagram in Figure 7a. It provides a
simple, intuitive framework for interpreting application computa-
tional performance. Applications are characterized by operational
intensity (or arithmetic intensity) as a ratio of flops per byte on the
x-axis. Application performance is indicated by flops per second
on the y-axis. The upper boundaries on achievable performance
are denoted by lines showing peak memory bandwidth and peak
floating-point performance for the platform. Plotting application
characteristics vs. performance (as in points 1, 2, and 3) indicate
whether the application’s performance is gated by platform capa-
bilities or some other factor. The roofline model can be augmented
in various ways to account for additional performance factors.
We propose an adaptation of the classic model for use with
distributed data services in Figure 7b. Rather than operational in-
tensity, the independent variable is the service ratio, or number of
servers divided by number of clients. It can therefore be applied to
services and workloads at arbitrary scales. As noted previously in
Figure 1, no one universal performance metric is most important for
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Figure 7: Conceptual illustrations of roofline models. Both
the traditional roofline model and the proposed data service
roofline model employ straightforward parameters to ex-
press performance boundaries for a range of scenarios. In
these figures hypothetical points 1 and 2 represent scenarios
that are limited by platform capabilities, while point 3 repre-
sents a scenario that is limited by some other inefficiency.

all data service use cases. We therefore intend to explore multiple
I/O performance metrics on the y-axis, but in all cases focusing on
sustained rates of steady-state performance.

Note that the per server performance has an inflection point
at a service ratio of X = 1. At this point each server is saturated
and will be oversubscribed for higher service ratios; there is no
additional per server performance to be extracted. We also note
that we expect to find intersection points between the peak server
performance and the peak client performance (where the green and
blue lines intersect in Figure 7b. This intersection point could occur
at different points depending on the nature of the platform and the
metric being measured. Regardless, its position and shape give an
indication of the optimal service ratio to maximize performance.
Service ratios to the left of this point indicate that the data service is
underutilized. This is a unique aspect of the distributed data service
roofline model as compared with the traditional roofline model:
when used to assess user-level services, the user has the option
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Figure 8: Diagram of client/server patterns used to gather
roofline parameters. Peak server performance is measured
under saturation, with a single server node and N client
nodes, each executing multiple processes per node. Peak
client performance is measured with point to point bench-
marKks, cycling through all (N(N - 1)/2) possible pairings to
mitigate the impact of network topology.

to alter the server/client ratio to improve efficiency by moving to
different points on the x-axis. This is also the key reason why we
elected to use a server/client ratio on the x-axis rather than an I/O
operational intensity metric as explored in previous work [28, 29].

The parameters of this distributed data service roofline model are
straightforward to collect with small-scale empirical measurements,
as we will see in the next section. The model relies on multiple
simplifying assumptions, however. We assume that node perfor-
mance is homogeneous. Furthermore, we assume that the fabric
topology is effectively infinite in that it can support full connec-
tivity between any ratio of servers and clients at scale. Neither of
these assumptions holds in a real-world system, but the objective of
the roofline model is not to achieve perfect accuracy but to provide
intuitive insight into distributed data service performance. We will
validate the model against a range of configurations in Section 5
and discuss the trade-offs that we observe between accuracy and
simplicity.

4.3 Collecting model parameters

As noted in Section 1, we could base the roofline parameters on
hardware specifications, but this approach is unlikely to yield a
practical reference point for data services that rely on complex
combinations of hardware components. We therefore focus our
methodology on how to collect the peak client performance and
peak server performance empirically for a given metric. Further-
more, ideally the metric measurement should be encapsulated in a
standard benchmark or benchmark suite that can be executed on
any arbitrary platform to quickly construct a roofline model for
data services on that platform using a modest number of compute
nodes. In this study we focus exclusively on network-oriented per-
formance metrics: RPC rate and network throughput. For simplicity,
we assume that all operations are issued synchronously, which is
the most common data service usage pattern. For each metric we
must collect two parameters: the peak server (per process) rate and
the peak client (per process) rate.
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Our expectation is that each server process is responsible for
servicing a concurrent workload from many clients, so we focus
on measuring a server’s maximum performance when saturated.
We can measure this as illustrated on the left side of Figure 8 by
designating one node as a server and having multiple client nodes
measure the aggregate rate achieved for a concurrent workload.
Also note that we assume each node runs multiple clients and
multiple servers, as indicated by multiple lines connecting the nodes.
We collect five samples of this workload pattern to account for
variability. We also divide the aggregate rate by the number of
server processes executing on the server node to produce a per-
server-process rate rather than a per-server-node rate.

Client process peak rate has different characteristics; for syn-
chronous sequential operations a given client process can go no
faster than the rate it achieves when communicating with a single
quiescent server process. We therefore measure the peak client rate
using point-to-point measurements. Such measurements are par-
ticularly susceptible to network topology, however, as there is no
amortization of costs across a collection of processes. We therefore
employ the pattern illustrated on the right side of Figure 8 in which
we sample the performance between every N(N — 1)/2 possible
unique pair of nodes to collect a range of possible peak client rates.

We employ this methodology to collect parameters using 17
nodes on each of our experimental platforms. This approach allows
us to measure server saturation rate for a 16/1 server/client ratio
and allows us to capture 136 distinct point-to-point client rate
measurements.

The remaining benchmark parameter to consider is how many
server processes should be executed per server compute node dur-
ing the saturation test. It is conceptually plausible that the peak
server process rate could decline if too many server processes per
node degrade performance because of CPU, memory, or network
contention. We therefore conducted a set of experiments where we
designated a single compute node as a server node and 16 compute
nodes as client nodes, with each client node executing a number of
processes equivalent to the number of usable cores per node. For
example, on Aurora this approach yields a total of 16 X 102 = 1632
client processes issuing work. We then varied the number of server
daemons executing on the server node to determine the optimal
number of server daemons to use. The server daemons in Quintain
are single-threaded in this scenario, and each daemon is bound to
a physical CPU core. Early trial runs (not shown) indicated that
binding server daemons to logical SMT threads rather than physical
cores did not improve aggregate performance on any of our test
platforms.

The results of this experiment for the RPC rate metric (as mea-
sured by configuring Quintain to issue sequential noop RPCs from
each client simultaneously) are shown in Figure 9 for all four exper-
imental platforms. In each case we see that the aggregate RPC rate
grows nearly linearly with the number of server daemons executed
on the node. This indicates that servicing small requests in a data
service is almost entirely CPU-bound. Servicing a request requires
decoding an incoming request, routing it to the appropriate ser-
vice handler, creating a user-level thread, executing the user-level
thread, encoding a response, and injecting the response into the net-
work. In fact, the distinction in performance between platforms is
negligible beyond the fact that some platforms have more available
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Figure 10: Aggregate network bandwidth from a single server
node as the number of server processes is varied. For each
system we ramp up until the number of server processes is
equal to the number of physical cores.

CPU cores per node than others (Polaris has the fewest at 32, and
Aurora has the most at 102). Aurora obtained the highest aggregate
rate in this experiment, with a single server node sustaining over 54
million operations per second when running 102 concurrent server
processes.

Figure 10 repeats this experiment but measuring network through-
put rather than RPC rate. To measure network throughput, we
altered the Quintain configuration so that each RPC triggers a 4
MiB RDMA transfer from the server to the client (i.e., mimicking
a storage service “read” operation). In previous work we found
that the Slingshot network throughput was saturated at 64 KiB
transfers [17], so 4 MiB should be more than sufficient to maximize
throughput, even accounting for control RPC overhead. In contrast
with the previous RPC rate experiment, the aggregate peak rate is
not gated by the number of CPU cores but rather by the number of
network links available for use by the server processes. This is par-
ticularly noticeable in the dramatic jump in bandwidth on Aurora
as it crosses the 51 process boundary. The default launcher process
binding populates all cores on the first socket before utilizing cores
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on the second socket. Because the network cards are bucketed by
socket according to Mochi Plumber as described in Section 4.1.1,
this means that half of the network cards are unused until processes
are placed on the second socket. This behavior could be altered
by specifying a different processing binding strategy or different
Mochi Plumber algorithm, but it helps illustrate the resource bottle-
neck in this particular experiment. Aurora also achieves the highest
peak rate in this experiment, achieving over 177 GiB/s from a single
server node when the server node is executing 102 server processes.

Fortunately, although bandwidth does not improve when using
additional CPU cores beyond a certain point, it also does not decline.
Thus, if we wish to optimize both RPC rate and network bandwidth,
our best strategy is to fully populate compute nodes. Our roofline
parameter benchmark suite therefore fully populates n server pro-
cesses on the target server node (where n is the maximum number
of usable physical cores on the node).

In future work we will revisit the parameter benchmark suite to
include access to storage devices, at which point we will need to
reevaluate our assumptions for how to maximize node performance.
We also note that some deployments use cases will intentionally
not fully populate a node (for example, if server daemons are meant
to execute in tandem with application processes), which will also
require further refinement to the model.

5 Survey and evaluation

To evaluate our roofline methodology, we collected empirical roofline
parameters for each platform, constructed the corresponding roofline
models, and used validation samples to assess the model across a
range of deployment footprints.

The empirical roofline parameters were collected by running
a benchmark suite as described in Section 4.3. This was executed
as a single job script using 17 compute nodes with a maximum
wall time of 4 hours. The actual execution time of the benchmark
suite was dominated by two factors unrelated to the length of
the measurement intervals (5-second workload bursts). The first
factor was the overhead of repeatedly launching and stopping sets
of processes, a step that could likely be optimized by reducing
library load time using tools such as Spindle [12] or Copper [18].
The second factor was conservative estimates of how long the
script should delay waiting for servers to launch before initiating
client measurements. This could be optimized by adding a Mochi
mechanism for gracefully waiting for all servers in a given group
to be ready.

Table 2 shows a summary of the roofline parameters collected
on each system. The table values are shown as a range from min-
imum to maximum. The parameter with the widest range by far
is the client RPC rate. This is due to the fact that the single-client
sequential operation rate is almost entirely bound by the round-trip
latency, which in turn is extremely sensitive to the network topol-
ogy. Polaris exhibited the largest variation in RPC rates, which we
will discuss further in Section 5.1.

We collected validation samples by running a single 20-node
job in which we varied the total number of server nodes from 1
to 4 and the total number of client nodes from 1 to 16, yielding
64 performance samples spanning a range of the roofline space at
different aggregate scales. These samples were collected using the
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Table 2: Empirical roofline parameter ranges (per process)
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Figure 11: Aggregate RPC rate measured with 4 server nodes
and 16 client nodes. Server nodes and client nodes were both
configured to run one process per physical core according to
the number of usable cores shown in Table 1

same Mochi Quintain configurations as were used to collect input
parameters to the roofline model. Figure 11 shows the maximum
aggregate RPC rate achieved by each system in its largest valida-
tion configuration with 4 server nodes and 16 client nodes. In the
Aurora case, for example, each node contains 102 usable cores; thus,
the total process count was 408 server processes and 1,632 client
processes. The relative performance of the systems mostly follows
expected trends based on our earlier finding that this workload is
mostly CPU-bound (Aurora has the most available cores per node at
102, while Polaris has the fewest at 32). The Frontier and Perlmutter
results invert expectations; however, Perlmutter should intuitively
achieve a higher aggregate rate by virtue of having 64 rather than
56 available cores. The fact that it does not may be an indication of
the benefits of core specialization at scale on Frontier. Additional
experimentation would be needed to confirm.

Figure 12 shows the maximum aggregate bandwidth achieved
by each system in its largest validation configuration with 4 server
nodes and 16 client nodes, as in the previous RPC rate figure. Au-
rora, Polaris, and Perlmutter performance follows expected trends;
overall performance is gated by the number of network cards per
node in each system (8, 2, and 4, respectively, in this case), and the
aggregate throughput is accordingly proportional. Frontier does not
follow this trend (it should notionally achieve the same aggregate
bandwidth as Perlmutter). This case requires further investigation,
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Figure 12: Aggregate network bandwidth measured with 4
server nodes and 16 client nodes. Server nodes and client
nodes were both configured to run one process per physical
core according to the number of usable cores shown in Table 1

but it may be the result of a node topology that favors connectivity
to GPU devices over connectivity to CPUs [2].

We note that although these four systems exhibit significant
differences in aggregate performance, they should be easily compa-
rable using our proposed distributed data service roofline model
because it factors out scale and instead focuses on server/client ra-
tio and per process performance. As expected because of its higher
number of CPU cores and network links, Aurora achieved the high-
est aggregate performance measurement, with a peak RPC rate of
over 170 million ops/s and a peak network throughput of over 563
GiB/s. Those rates were achieved with 4 server nodes (408 server
processes) and 16 client nodes (1,632 client processes).

5.1 RPC rate

Distributed data service rooflines, using RPC rate as the perfor-
mance metric, for all four experimental systems are shown in Fig-
ure 13. Both the client process rate ceilings (horizontal lines) and
server process rate ceilings (curved slope lines) are given by two
lines to indicate the minimum and maximum estimated ceilings ac-
cording to the range of samples collected by the roofline parameter
benchmark suite. In all cases the range for the server rate is nar-
row enough that the lines overlap. The server rate limit is visually
represented by a curved line because the x-axis is logarithmic but
the y-axis is not. We elected to utilize a linear scale on the x-axis to
show greater detail. The points plotted on the roofline graphs indi-
cate per process rates achieved by the validation samples collected
across a range of server/client permutations measured within a
single 20-node job. They are color coded to indicate whether the
point represents a sample with 1, 2, 3, or 4 server nodes. Because the
model is scale agnostic, the points often overlap, and thus we use
semi-transparent points to give a visual indication of overlapping
values.

All four systems exhibit close agreement when the configurations
are clearly bound by server rates (in the 1/16 to 1/8 server/client
ratio region). The roofline models indicate that maximum efficiency
for aggregate RPC rate will be achieved with approximately a 1/4
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server/client ratio on each platform. This is confirmed by the vali-
dation samples, which mostly reach steady state around the same
point. We note, however, that, with the exception of Polaris, each
system approaches the minimum range of the projected client rate
ceiling rather than the maximum range. This result suggests that
the aggregate rate may be constrained by the slowest links be-
tween the sets of nodes used for validation, but further experiments
controlling for topology would be necessary to confirm.

Polaris has the most unusual roofline model of the four systems,
because the range of possible per client RPC rate limits is far larger
than on any other system; in fact, the RPC rate validation samples
exceed the minimum value in the range. Our first intuition was that
an outlier sample may have skewed the range. Upon closer inspec-
tion we found that there were in fact 11 significantly slower samples
that achieved rates below 100,000 operations per second. These 11
samples had a clear commonality in that they all included one spe-
cific node as either a client or server in the point-to-point pairing.
While we have no post hoc method to determine why this partic-
ular node underperformed relative to its peers, it does illustrate
that the sampling method we used to calculate the maximum per
client performance is particularly sensitive to non-homogeneous
performance.

5.2 Network throughput

Distributed service rooflines using bandwidth as the performance
metric are shown in Figure 14. Other than the performance met-
ric, the notation is identical to that used for the RPC rooflines in
Section 5.1. One notable difference is that the client process rate
ceilings are not visible in these models. The potential bandwidth
of a single client to an idle server approaches a significant fraction
of the full capacity of a network link, which is far higher than
the fractional bandwidth available to a server process when it is
one of N server processes sharing node capacity. Per client maxi-
mum bandwidth is therefore not a meaningful factor in aggregate
bandwidth modeling.

Polaris and Perlmutter exhibit good agreement between the
projected roofline model and the validation samples. On Aurora,
there was a wider gap between the maximum rate indicated by the
roofline and the achieved rate in the validation samples. This could
be a characteristic of the network topology on Aurora but would
require further experimentation to isolate. All systems approached
maximum bandwidth at the expected ratio of 1:1 servers:clients,
which is the point at which the number of network links available to
clients is in equilibrium with the number of network links available
to servers.

The Frontier roofline is particularly unusual because it is the
only roofline in the study in which validation examples consistently
exceeded the roofline values. This phenomenon is evident after the
1/1 server/client ratio, when there are more servers available than
necessary to meet the client bandwidth demand. We conducted
additional roofline parameter benchmarks runs and validation sam-
ple runs (yielding 3 total runs of each) and plotted the results in
Figure 14e to see whether our first parameter and sample collec-
tion was an aberration. Although this established a broader range
of maximum bandwidth estimates, we found that the validation
examples still exceeded this rate in many cases. This suggests that,
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Figure 13: RPC rate rooflines for each system. The boundary lines are based on the empirical parameters from Table 2, while
the points represent validation samples measured separately over a range of configurations. Note that the roofline slope is
curved because the x-axis is logarithmic but the y-axis is linear to show more detail.

in aggregate, the servers on Frontier can exceed projected perfor-
mance when individual server processes are not oversubscribed. It is
not obvious what accounts for this discrepancy, although, as noted
in the previous discussion of Figure 12, Frontier exhibits different
aggregate bandwidth behavior from the other three systems. This
may be due to its unique node topology that favors GPU-network
connectivity [2].

6 Discussion

We found that the proposed roofline modeling technique is a promis-
ing method for rapid, intuitive understanding of distributed data
service performance, although thus far we have evaluated it only for
metrics that focus on network performance. We also made a number
of key observations over the course of our study, as summarized
below.

o The proposed roofline model was more sensitive to network
topology factors than we anticipated.

— The models would benefit from a better method to account
for network topology than sampling performance on a
small collection of nodes.

— Topology will play less of a role when we incorporate
storage device metrics in future work, since data services

on most platforms will leverage nonshared local devices
that are not impacted by network topology.

e The models were most accurate when servers were over-
subscribed, which fortunately is often the common case in
real-world computer science applications.

e The roofline models were also effective at predicting the
optimal saturation point for a given configuration.

e Roofline parameters can be collected empirically for a given
system with modest resource consumption, and we believe
that the time to produce these parameters could be reduced
further by applying optimizations to how processes are
launched on a platform and how clients and servers are
coordinated in Mochi.

o Aggregate RPC rate is gated almost entirely by CPU capacity,
while aggregate network bandwidth is gated almost entirely
by available network links and fabric topology.

o Automated methods for distributing traffic over multiple net-
work cards are crucial to achieving maximum performance
on the current generation of HPC platforms.

o Adaptive polling methods that account for bursty sequential
patterns while still preserving favorable idle behavior are
also crucial for some workloads.
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e The compute nodes and network fabric on all four evalua-
tion systems are remarkably efficient. Aurora, for example,
exhibited a peak per node aggregate bandwidth of over 177
GiB/s, or 89% of the combined line rate of the eight 200-
gigabit/second network cards on the node.

7 Future work

Based on the encouraging results of this study, we would like to ex-
pand the scope of our roofline methodology to incorporate storage
device characteristics (in particular, IOPS and storage bandwidth

metrics), develop a method for combining multiple metric rooflines
to suit target use cases, and apply the roofline to real-world data
service implementations. In the longer term we could incorporate
additional factors such as peripherals (e.g., for data services that
rely on GPU capabilities) or alternative interfaces (e.g., quantifying
the overhead of Python bindings).

Based on our findings to date, we would like to explore new
methods to account for network topology. Possibilities include
staging machine reservations with particular locality properties to
investigate corner cases, employing broader statistical sampling of
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parameters, or exploring methods for interrogating node allocations
at runtime in order to reason about the topology programmatically.

We also invite the broader community to improve upon our syn-
thetic testing framework as a means to explore best practice in data
service performance and keep pace with platform evolution. Our
objective is to eventually create a portable user-friendly benchmark
suite that not only gathers roofline model parameters but also can
assist in platform validation and benchmarking.

We will also work with the Mercury community to assess whether
the Mochi Plumber capabilities, or a subset of them, would be ap-
propriate for native inclusion in the Mercury RPC library. We will
also investigate mechanisms for improving process launch and co-
ordination time, an effort that would benefit not only our parameter
capture but also the data service community at large.
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