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Abstract—Collective communication is a fundamental commu-
nication model for parallel computing on distributed memory
systems. The performance of a collective operation depends
on the underlying algorithm. Machine learning (ML)–based
autotuners can optimize algorithm selection to enhance collective
performance. Previous approaches are impractical for production
use at large scale, however, due to prohibitively long training
times that exceed typical job durations.

This paper introduces ACCLAiM (Advancing Collective Com-
munication Autotuning using Machine Learning), the first ML-
based collective algorithm selection autotuner capable of accel-
erating production applications on large-scale supercomputers.
ACCLAiM incorporates several improvements over prior designs
in training point selection, handling of non-power-of-two feature
values, model validation, and data collection. Our approach lever-
ages variance-based active learning alongside topology-aware
benchmark parallelization to eliminate unnecessary training
points and maximize machine utilization, thereby significantly
reducing training time.

We present ACCLAiM as an open-source prototype and
provide a comprehensive experimental evaluation. We demon-
strate how each of ACCLAiM’s enhancements contributes to
a substantial reduction in training time compared with the
previous state-of-the-art approach, cumulatively reducing the
training time to 5–10 minutes even at large scale. We demonstrate
ACCLAiM’s usefulness on two leadership-class supercomputers
and showcase its practical benefits for applications, achieving
speedups up to 4.1x.

Index Terms—Collective communication, autotuning, MPI,
machine learning

I. INTRODUCTION

The Message Passing Interface (MPI) is the de facto stan-
dard communication protocol for high-performance computing
(HPC) applications. Within MPI, the most popular primi-
tives are collective operations (i.e., collectives). Collectives
coordinate data exchange among all processes in a group,
such as MPI Allreduce and MPI Bcast. Collectives are crucial
yet often become bottlenecks, consuming up to 80–90% of
execution time in artificial intelligence (AI) and scientific
workloads [1], [2].

The performance of a collective operation is highly depen-
dent on the choice of the underlying algorithm. A suboptimal
choice can degrade performance by 35–40% [3]. Selecting the
optimal algorithm is challenging, however, because of factors
such as message size, network latency, and unpredictable
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network congestion. This complexity has spurred interest in
automated tools for algorithm selection.

Previous studies have explored automatic tuning of collec-
tive algorithms using analytical models and exhaustive bench-
marking [4]–[9]. Analytical models are difficult to implement
and maintain, and exhaustive benchmarking is impractical for
large systems because of its need for frequent reruns. Thus, a
scalable optimization tool for supercomputers is still needed.

Machine learning (ML) presents a promising alterna-
tive [10]. ML autotuners use microbenchmarks to learn al-
gorithm performance characteristics and predict outcomes
for unseen scenarios, capturing real-time variations such as
network congestion. This approach reduces the benchmarking
burden compared with exhaustive methods.

Despite promising results in simulations [3], [10], [11], cur-
rent ML autotuners are hindered by extensive training times.
For instance, training a model on the Theta supercomputer
could take up to 24 hours, matching the maximum job length
and thus negating any performance gains [11]. Simulations
also overlook real-world factors such as non-power-of-two
inputs, further complicating training.

This paper addresses these challenges by identifying key
bottlenecks in existing ML autotuners: training data selection,
non-power-of-two inputs, model testing, and data collection.
We propose solutions such as jackknife variance calcula-
tions [12] and topology-aware parallel data collection to
optimize training efficiency. Our approach minimizes training
points and maximizes hardware utilization.

We introduce ACCLAiM (Advancing Collective Communi-
cation Autotuning using Machine Learning), the first ML auto-
tuner practical for large-scale production systems. We evaluate
ACCLAiM’s ability to tune collective algorithm selection at
scale on Aurora [13], an exascale supercomputer, and verify
its generality through testing on Polaris [14]. Our results show
that ACCLAiM has a training time per collective of 5–10
minutes using up to 2048 nodes, providing net speedups for
jobs as short as 20–30 minutes when collectives dominate
runtime. To prove its usefulness, we present two production
applications (GAMESS and SHAMROCK) that benefit greatly
from ACCLAiM’s tuning, up to a 4.1× processing rate im-
provement.

Figures 1 and 2 showcase ACCLAiM’s novelty compared
with previous work. We highlight how ACCLAiM advances
from a simulated environment to production usefulness via its
enhanced training methodology.

Our contributions are as follows:
• A training point selection methodology that uses vari-

ance calculations and guided sampling to minimize data
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Fig. 1: Previous works vs. ACCLAiM. Previous works use offline simulation to show the promise of ML collective autotuners.
ACCLAiM uses an improved approach that is practical for application developers on production supercomputers.

requirements and handle non-power-of-two features
• A model testing procedure that leverages cumulative

variance to eliminate additional data collection
• Topology-aware parallel data collection that greatly im-

proves machine utilization during training
• ACCLAiM, an ML collective autotuner that can acceler-

ate HPC applications on large-scale supercomputers
• A thorough empirical evaluation conducted on two

leadership-class supercomputers, Aurora and Polaris
• Experiments with real-world, production HPC applica-

tions that significantly benefit from ACCLAiM tuning
(e.g., up to 4.1× speedup for SHAMROCK)

II. BACKGROUND

We introduce our evaluation environments and the signif-
icance and challenges of selecting collective algorithms, as
well as the design and limitations of current ML approaches.
Non-ML solutions are discussed in Section IX.

A. Evaluation Environments

This work utilizes both simulated and real-world exper-
iments on production systems. For direct comparison with
existing work in our intermediate results, we use the testing
framework in Figure 1(a) from our previous work [11]. To
perform a “benchmark run,” we look up the corresponding
value in a pre-collected dataset, which includes exhaustive
benchmarking results (i.e., the performance of every algorithm
for every scale and message size). We use the same pre-
collected dataset as the previous work to create a fair compar-
ison. This data was collected by using up to 64 nodes, each
containing an Intel Xeon-E5-2694v4 with 36 cores (of which
the dataset uses up to 32) and 128 GB of DDR4 memory. The
maximum message size in the dataset is 1 MB.

For our comprehensive evaluation of ACCLAiM, we per-
form experiments primarily on Aurora, a leadership-class
supercomputer at Argonne National Laboratory. The full ma-
chine consists of 10,624 nodes, each with two Intel CPU
Max Series and six Intel Data Center GPU Max Series. In
total, each node has 104 physical CPU cores, 12 logical GPU
tiles, 1,024 GB of DDR5 memory, 128 GB of high-bandwidth

memory, and eight Slingshot 11 network cards connected via
a dragonfly topology.

To ensure the generality of ACCLAiM, we also perform
experiments on Polaris, another large-scale HPC system at
Argonne. Polaris nodes are equipped with a single AMD CPU
with 4 NVIDIA A100 GPUs, again connected with a Slingshot
11 dragonfly network.

B. Collective Algorithm Selection

By default, the open-source implementations of the
MPI standard—Open MPI [15], MVAPICH [16], and
MPICH [17]—use heuristics to make selections. This work
focuses on MPICH because it serves as the basis of many
popular production MPI libraries and exposes its algorithm
selection for tuning via .json files. Because collective opera-
tions alone make up a significant portion of HPC application
runtimes [1], [2], [18], improving collective performance di-
rectly improves application performance.

Selecting the optimal collective algorithm is challenging
because of the numerous influential variables involved, which
can be divided into programmatic and non-programmatic cate-
gories [11]. Programmatic variables are inputs directly related
to the collective call, such as message size, number of pro-
cesses, and number of processes per node. Non-programmatic
variables are factors not visible to the programmer, including
CPU architecture, network topology, latency, and congestion.

To manually select the best algorithm for a given scenario,
developers must understand the impact of both programmatic
and non-programmatic variables. For instance, consider choos-
ing between MPICH’s two algorithms for MPI Reduce. The
first algorithm, binomial , constructs a binomial tree where
each node reduces its children’s values and forwards the result
to the “parent.” The second algorithm, scatter gather, oper-
ates in two phases: first, a “scatter” distributes the complete
reduction across n processes, each handling 1/n of the values;
then, the root node “gathers” the fully reduced values.

Conventional wisdom suggests that binomial is preferable
for small message sizes because of fewer sequential steps,
while scatter gather is better for large message sizes because
it maximizes bandwidth utilization. This logic fails, however,
when considering non-programmatic variables such as network
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Fig. 2: Previous FACT methodology vs. new ACCLAiM methodology. FACT’s training methodology (blue) contains multiple
inefficiencies and relies on another ML-based tool, DeepHyper (red). ACCLAiM (green) improves the training process, greatly
reducing the training time.

factors. For example, job launchers such as PBS and Slurm
typically do not guarantee the proximity of nodes allocated
to a job, leading to higher communication latency. In high-
latency networks, binomial is advantageous even for large
message sizes because of fewer, larger communications that
are less affected by latency. Conversely, scatter gather ex-
cels in low-latency environments with its numerous smaller
communications.

This is just one example; other factors, such as network
congestion, further complicate the effective network latency.
The design space for collective algorithm selection is too
complex to navigate manually. ML collective autotuners learn
patterns in algorithm performance, automatically optimizing
collective operations.

C. Dynamism of Non-Programmatic Values

Simulated experiments have demonstrated that ML auto-
tuners can grasp performance trends influenced by numerous
non-programmatic variables. Since these simulations rely on
pre-collected benchmark data, however, it remains uncertain
whether the models retain their accuracy amidst highly dy-
namic variables. For instance, varying effective topologies
can significantly impact algorithm performance for each job,
meaning that an ML autotuner trained during one job might
not predict accurately for another. To address the challenge
posed by dynamic variables, ML collective autotuners must
be retrained at the start of every job. This requirement sets
a stringent standard for training time, as each job using the
autotuner must recover the training cost within a single appli-
cation run. On the positive side, this necessity decentralizes
the design, enhancing usability. Instead of coordinating a
centralized autotuner across multiple users or applications,
application scientists can independently train their own mod-
els. This approach allows any user to leverage ML collective
autotuning without needing special permissions.

D. Existing ML Autotuner Approaches

In this study, we adopt the state-of-the-art ML collective
autotuners as our baseline design. [3] pioneered the first
ML autotuner, which utilized a distinct ML model for each

algorithm within a collective operation. For instance, if an MPI
implementation included 4 collective operations, each with
3 algorithms, the autotuner would develop 12 separate ML
models. Each model is tasked with predicting the performance
of a specific algorithm, accepting inputs including the number
of processes, number of processes per node, and message
size—referred to as “feature values.” The complete set of
possible input values is known as the “feature space,” and each
model outputs a predicted execution time in microseconds.

We adopt this approach with modifications, opting to train a
single ML model per collective operation instead of multiple
models for each algorithm (e.g., 4 separate ML models in the
example above). This streamlined design enhances scalability,
especially when dealing with a larger number of algorithms.

The autotuner gathers training data through microbench-
marks, which in [3] are randomly sampled from the feature
space on small clusters (number of nodes ≤ 48). To select an
algorithm, the autotuner queries the models for each algorithm
and chooses the one with the lowest predicted execution time.
[3] demonstrated that the autotuner’s selections outperformed
the defaults by 35–40%.

Recognizing the scalability limitations of the original train-
ing method for larger machines due to the high cost of bench-
marking random points, we introduced the FACT method-
ology, which employs active learning to intelligently select
training points [11]. Active learning iteratively selects new
training points to efficiently train the ML model. In simulated
experiments, FACT achieved near-optimal performance with
6.88x less training data collection time compared to [3].

Despite its enhanced performance, FACT presents several
remaining bottlenecks that limit its practicality. It still requires
up to 24 hours of training time for larger-scale systems (128–
512 nodes), which remains impractical [11]. Most of this time
is spent on training data collection. Figure 2 illustrates FACT
and contrasts it with our proposed ACCLAiM methodology.

E. Comparison Technique

Throughout this work, we employ our previous performance
comparison framework to evaluate autotuners [11]. This tech-
nique utilizes the average slowdown metric, which measures
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Fig. 3: Comparison of two prior ML autotuner approaches:
random sampling [3] and active learning (FACT) [11]. FACT
achieves convergence with significantly less training data.

the performance degradation of the model’s selected algo-
rithms compared to the optimal choice. An average slowdown
of 1 indicates that the autotuner’s selections are optimal, while
higher values reflect slower (and thus worse) performance.

We adopt the “convergence criterion” of an average slow-
down ≤ 1.03 [11]. Convergence represents a predefined stan-
dard indicating that the autotuner’s selections are sufficiently
accurate to conclude the training process.

In Figure 3, we compare the previous autotuners using the
average slowdown metric and simulated datasets from [11].
In this experiment we iteratively train the autotuners with
progressively smaller training datasets and monitor the average
slowdown. When the average slowdown exceeds the conver-
gence criterion, it signifies that the autotuner’s performance is
no longer “good enough.” The x-axis represents the amount
of training data as a percentage of the possible training points,
decreasing from left to right. The FACT methodology achieves
an average slowdown below the convergence criterion with
significantly less data than required by [3]. We use FACT as
our point of comparison in this work.

III. TRAINING POINT SELECTION

A. Challenge

FACT’s main bottleneck lies in the training data collection
process. To select training points, FACT utilizes DeepHy-
per [19], a tool that trains a surrogate model, in other words,
an additional model aimed at understanding collective perfor-
mance. During the iterative training process, FACT queries
DeepHyper for benchmark results. DeepHyper identifies the
point that will most enhance the surrogate model’s comprehen-
sion, benchmarks it, and reports the findings. FACT then uses
this data to train its ML model, which is ultimately employed
for algorithm selection.

FACT adopts an indirect approach because its ML model,
a random forest regressor, lacks a straightforward method
for selecting training points. Consequently, FACT’s training
point selections are tailored to the target environment but not
specifically to its ML model, leading to suboptimal choices.
Moreover, FACT requires an entire additional concurrent ap-
plication (DeepHyper) and trains two ML models. We address
these inefficiencies and eliminate the need for DeepHyper.
We implement a custom point selection methodology for the
random forest that yields better selections.

B. Improvements

We use jackknife variance calculations to derive training
points directly from ACCLAiM’s random forest regressor.

Jackknife is a statistical technique that calculates summary
values through resampling [12]. Suppose we have n values
p = (p1, p2, ..., pn), where pi is the ith value. Let xp equal
the mean of p.

We calculate jackknife by creating jackknife samples. There
are n jackknife samples. The ith jackknife sample equals the
mean of p with pi removed. By removing single values, we
generate n unique samples. Let x be the means of the jackknife
samples, where x = (x1, x2, ..., xn) and xi is the mean of p
with pi removed. Then the variance (σ2) is calculated as

σ2 =

∑n
i=1 (xp − xi)

2

n− 1
.

We select the jackknife technique because of its robustness and
fixed computational cost. This computation is embarrassingly
parallel across candidate points and completes in under one
second per iteration on a single CPU core. It allows us to
repeatedly recalculate variance during active learning without
adding significant overhead. The dominant cost remains the
microbenchmark execution.

We apply the jackknife technique to the predictions of the
decision trees within the random forest model, which was
first proposed by [20]. Random forest is an ensemble ML
model, meaning its predictions are the average of individual
ML models, in this case, decision trees. We map the random
forest to the jackknife technique as follows:

1) Let n = the number of decision trees in the random
forest.

2) Let p = the set of predictions from the decision trees; pi
is the prediction from the ith decision tree in the forest.

3) Let xp = the mean of p.
4) Calculate every xi by removing each pi one at a time.
5) Input xp and xi into the jackknife variance equation.
For each potential training point, we repeat the jackknife

calculation and select the point with the highest variance as
the next training point to collect. By prioritizing high-variance
points, we effectively supply the ML model with data that
addresses gaps in its knowledge, thereby reducing the number
of points needed to develop a robust model.

The impact of ACCLAiM’s improved training point selec-
tion methodology is shown in Figure 4, which plots training
time vs. average slowdown for simulated MPI Allgather. We
calculate training time by summing the benchmark execution
times. The goal for the training methodologies in this exper-
iment is to decrease their average slowdown and converge as
quickly as possible. We mark when each training methodology
reaches the convergence criterion, previously adopted as 1.03.

ACCLAiM converges in 2.3x less time than the previous
state of the art (FACT). ACCLAiM’s model-specific selections
create a significant reduction in training data collection time.
We note that these measurements include only the bench-
marking overhead. They do not account for the additional
acceleration from simplifying the point selection process by
eliminating the secondary (surrogate) ML model. In practice,
we expect even greater speedups.
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IV. NON-POWER-OF-TWO POINTS

A. Challenge

FACT operates under the assumption that all feature values
are power-of-two (P2) values. Introducing non-power-of-two
(non-P2) values significantly expands the search space for
training, necessitating a larger number of training points
and substantially increasing the overall data collection time.
In simulation, non-P2 values can easily be avoided; but in
production, any feature values may be used by applications.

“Number of nodes” and “processes per node” generally
follow a particular pattern for each system based on its
architecture. For example, jobs on Aurora most commonly use
12 processes per node and jobs on Polaris most commonly
use 4, respectively, one for each GPU. These patterns can
be mapped onto the normalization technique for these feature
values. For P2 feature values like “processes per node” on
Polaris or “number of nodes” on both systems, we use a
log2 normalization as in FACT. Log-scale representations have
proven effective for ML models operating on values spanning
multiple orders of magnitude [21]. For non-P2 features, we
map a subset of values into the normalization. For example,
for “processes per node” on Aurora, we consider “processes
per node” of 1, 4, 12, 48, and 96, mapping to 1, 2, 3, 4, and
5, respectively, when input into the ML model.

On the other hand, the feature value “message size” is more
complex. While messages typically use datatypes such as char
and int, which have P2 byte sizes, applications may send a
non-P2 count of these datatypes, resulting in an overall non-
P2 message size.

To analyze application behavior, we profiled traces from
Lawrence Livermore National Laboratory [22]. This dataset,
released in 2020, contains communication traces from four
production HPC applications (AMG2013, MiniFE, LULESH,
and ParaDis) collected on the Stampede2 supercomputer [23]
at scales ranging from 64 to 1,024 nodes. The traces capture
over 10 million MPI collective calls, making them suitable

19
14.9

0.6

41.8

18.8
14.9

0.2

%
 o

f N
on

-P
2 

M
es

sa
ge

s

0

10

20

30

40

50

FLASH LAMMPS Chombo ParaDis

64 Nodes 1024 Nodes

Fig. 5: Percentage of message sizes that are non-power-of-two
sizes in HPC applications (1,024-node trace data is unavailable
on ParaDis). 15.7% of collective calls use non-power-of-two
message sizes, so we must consider their performance.

Size of Training Set

A
vg

 S
lo

w
do

w
n

1.00
1.01
1.01
1.02
1.02
1.03

0%20%40%60%80%

All P2 Non-P2 Message Size

Fig. 6: FACT performance using a non-P2 test set for
MPI Bcast. The model, when trained only with P2 values,
does not learn the trends of non-P2 message sizes.

for analyzing real-world usage patterns of collectives. Figure
5 reveals that 15.7% of message sizes across the four applica-
tions are non-P2. This percentage remains consistent for both
small- and large-scale jobs (note that 1,024-node trace data is
unavailable for ParaDis). Given that a significant portion of
application collective calls involve non-P2 message sizes, it is
crucial to address performance for these values.

To evaluate the previous state-of-the-art performance
with non-P2 message sizes, we reassessed FACT us-
ing a non-P2 test dataset for MPI Bcast. We selected
MPI Bcast because two of its algorithms (binomial and
scatter recursive doubling allgather) favor P2 feature values,
while the third one (scatter ring allgather) does not, making
it a particularly interesting collective to study.

We collected two new 64-node datasets. One dataset uses
all P2 values, consistent with FACT’s original evaluation.
The other dataset consists solely of randomly selected non-P2
message sizes. We trained FACT (which uses only P2 points
for training data) and tested it separately on the new datasets.

The results, depicted in Figure 6, reveal that the FACT
methodology yields an ML model with notably inferior per-
formance for non-P2 message sizes. “Non-P2 Message Size”
exhibits a significant average slowdown across the entire
graph. The model fails to optimize performance for this test
set, even with substantial amounts of training data (> 80%).
The underlying issue is that the model cannot learn trends
in the data that are specific to non-P2 message sizes. For
example, some algorithms partition the message, and non-
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P2 message sizes may lead to uneven partitions and therefore
performance differences that will not appear in P2 data.

To tackle this challenge, we integrate non-P2 message sizes
into ACCLAiM’s training data selection methodology.

B. Improvements

To incorporate non-P2 training data, ACCLAiM occasion-
ally selects a random non-P2 message size closest to the P2
message size originally selected via the jackknife calculation.
For example, if the training point has a message size of 8,
we select a new message size between 6 and 12 that is not 8.
To determine the frequency of non-P2 data, we use empirical
measurements to balance P2 and non-P2 performance.

In Figure 7 we re-evaluate the “All P2” and “Non-P2 Mes-
sage Size” test datasets from Figure 6 with various amounts
of non-P2 training data. We consider training sets with all
P2 data, a 50-50 data selection split, and an 80-20 split.
Each training point includes the same total number of training
points, so selecting 50% non-P2 points means that we remove
half of the P2 points.

As shown in Figure 7(b), a 50-50 split maximizes non-
P2 performance. However, it sacrifices P2 performance, as
shown in Figure 7(a). We select the 80-20 split because
it preserves P2 performance while significantly improving
non-P2 performance. By incorporating 20% non-P2 variants,
ACCLAiM learns to accurately predict non-P2 points without
sacrificing P2 accuracy or additional data collection time.

V. MODEL TESTING

A. Challenge

In each active learning cycle, we assess the ML model’s
performance for convergence. FACT calculates average slow-
down to evaluate convergence, which requires a separate “test
set.” Previous simulations ignored the time needed to gather
test data [3], [10], [11]. In practice, test data is benchmarked
similarly to training data but must remain distinct. Although
test points consume valuable data collection time, they cannot
enhance the model.

FACT has minimized the training set size to ∼1% of the
feature space. However, the testing set still encompasses 20%
of the space to ensure a high-quality evaluation. Consequently,
test data collection time significantly exceeds training data
collection time, inflating the overall collection time.
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Figure 8 illustrates the comparison between the 20% test
set and training data collection times, normalized to the train-
ing data collection time for each collective. Each collective
requires 6–11x more time for test data collection than for
training data. FACT’s 24-hour training time estimate neglects
test data collection, potentially extending machine time to
a week or more in reality, which is excessively long. This
paper introduces a novel strategy to assess model performance,
eliminating the need for a test set entirely.

B. Improvements

In ACCLAiM, we avoid the need for a separate test set
by reapplying the jackknife technique from our training point
selection methodology. We calculate the cumulative variance
across all points to estimate the model’s overall uncertainty
across the feature space. We find that this summary statistic
correlates well with average slowdown, allowing us to detect
convergence.

To confirm that cumulative jackknife variance correlates
with model performance, we performed a simulated experi-
ment tracking average slowdown and variance. In Figure 9 we
see that variance correlates with average slowdown.

We observe that both metrics follow the same downward
trend. At around 400 seconds, the model collects a training
point with an unexpected result, spiking the average slowdown
as the model overcorrects. The spike in average slowdown
is matched with a spike in variance. This result shows that
variance is capable of mimicking fine-grained changes in
performance and is therefore well suited for convergence
detection. We proceed with cumulative variance as a proxy for
average slowdown and therefore our convergence criterion.
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similarly to average slowdown, allowing ACCLAiM to detect
convergence without a test set.

VI. DATA COLLECTION

A. Challenge

Modern HPC networks use a hierarchical topology, meaning
they are structured in various layers or levels, each with
varying bandwidth and latency characteristics. To make the
correct algorithm selections, we must accurately capture the
network dynamics during our training process.

Within a layer, the network may share resources, for ex-
ample, switches and physical links. Simultaneous commu-
nications between separate nodes may cause contention for
these resources and negatively impact performance, skewing
the autotuner’s data. ML autotuners must avoid these issues
to accurately measure algorithm performance.

Previous works collect all data points sequentially to avoid
causing network congestion issues that alter performance.
Although sequential collection is reliable, it is inefficient,
especially for large-scale systems. We develop a strategy to
safely run microbenchmarks in parallel, thereby collecting
equivalent training data in a fraction of the time, while still
avoiding network congestion.

B. Improvements

To facilitate parallel data collection, we leverage the hierar-
chical network topology prevalent in modern supercomputers.
Figure 10 illustrates a two-layer dragonfly topology. We apply
our technique to dragonfly because of its use in Aurora and Po-
laris. Nonetheless, our solution is suitable for all hierarchical
topologies, including fat trees, making it widely applicable.

In the first layer, the dragonfly group, nodes are connected
using a high-radix virtual switch, which may comprise multi-
ple physical switches. The second layer connects the dragonfly
groups using the same strategy. This layer typically has a
lower bisection bandwidth than the cumulative bandwidth of
the groups, for example, 70%. Network congestion will occur
when separate applications share network resources within
a layer. For example, we cannot allow two benchmark runs
within the same dragonfly group.

Fig. 10: Simplified two-layer dragonfly topology. Jobs must
be scheduled to avoid contention within each layer.

We employ a greedy algorithm to execute benchmarks con-
currently across a hierarchical network. Rather than choosing
one training point, we create a list of potential training points
ranked by variance. Then, we develop a schedule to allocate
benchmarks across different nodes for parallel execution. The
algorithm operates as follows:

1) Select the next uncollected point p from the list, which
requires n nodes.

2) Attempt to schedule p on the next n “unused” nodes.
3) If there are at least n “unused” nodes, the schedule

attempt succeeds. Mark those nodes and any additional
nodes in the same network layer (e.g., dragonfly group)
as “used,” and repeat.

4) If there are fewer than n “unused” nodes, the schedule
attempt fails. Exit, and run all successfully scheduled
benchmarks in parallel.

This algorithm avoids network congestion by disallowing
different benchmarks to run in the same network layer. Note
that it also assigns nodes sequentially; for example, another
dragonfly group cannot be used by a single benchmark before
the previous one is “used.” In networks with multiple network
layers like Aurora, which has 8-node chassis subgroups within
each dragonfly group, this strategy enables massive parallelism
for large-scale jobs. As a result, we are able to train ACCLAiM
at larger scales without increasing the training time.

To simulate our parallel data collection strategy, we dis-
tribute our simulation dataset for MPI Allgather across four
different topologies: all 64 nodes in one group, 32 nodes
in two groups, 16 nodes in four groups, and 64 separate
groups. We refer to the “separate groups” topology as “Max
Parallel.” These topologies range from no parallelism (Single
Group) to “Max Parallel.” Results are shown in Figure 11. Data
collection is accelerated by up to 1.4x by running benchmarks
simultaneously. Even in topologies with limited parallelism,
we observe significant speedups (∼ 1.3×).

An interesting case appears in Figure 11(a) for the “Max
Parallel” topology. Parallelization speedup decreases compared
with other topologies, as “Max Parallel” allows a low-latency
benchmark to run alongside a high-latency benchmark that
would otherwise be scheduled later. This prevents the high-
latency benchmark from being parallelized with the next
high-latency benchmark, forcing them to run sequentially.
Other topologies prevent the first parallelism opportunity,
inadvertently enabling the second. This scenario illustrates the
limitation of greedy algorithms.
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Fig. 11: Average speedup and parallelism exposed by AC-
CLAiM’s parallel data collection (simulation). ACCLAiM
achieves a 1–1.4x speedup by running benchmarks in parallel.

VII. ACCLAIM

We combine all our improvements to create ACCLAiM,
our ML autotuner. We describe how ACCLAiM is used, its
implementation details, and considerations for expansion.

A. Workflow

Figure 1(b) shows how ACCLAiM is used in a production
environment. ACCLAiM is an “allocation-time” tuner, mean-
ing that it trains its ML models once a job is scheduled onto
the system just before the application runs.

User Input: The user submits a job to the HPC system
and includes the ACCLAiM tuning command in the preamble
of the job script. In order to use ACCLAiM, the only knowl-
edge required from the user is which collectives to tune. We
expect this information to be common knowledge for highly
optimized applications. If not, users should first profile their
code to determine which collectives are used and how much
time is spent on them overall, to ensure tuning is worthwhile.

Training: Once the job is scheduled, ACCLAiM trains its
ML models. For the random forest model, it uses the Random-
ForestRegressor from the scikit-learn Python package [24].
ACCLAiM uses the OSU microbenchmark suite v7.5.1 [25]
to measure training points using the default benchmark con-
figuration, such as the number of warm-up and measurement
iterations. We use the suite’s default metric, median latency,
as our performance measurement. It uses a single random
forest model per collective and enumerates “algorithm” as an
additional feature.

TABLE I: Rule Creation Logic

Predictions Rules
1st Point (A), Non-P2 Point (B), 2nd Point (C)

ALG1, ALG2, ALG2 ALG1 @ ≤ A
ALG1, ALG1, ALG2 ALG1 @ < C
ALG1, ALG2, ALG3 ALG1 @ ≤ A

ALG2 @ < C

Configuration File Generation: Once training is com-
plete, ACCLAiM generates a new algorithm selection .json
file. The .json file is a list of logic rules that indicate which
algorithm to select. An example rule is if(msg_size ≤ 32)
{algorithm = binomial}. The rule set must be “com-
plete,” with monotonically relaxing requirements. In other
words, every possible input must resolve to a selection, and
rules must be sorted from most restrictive to least restrictive.

Numerical comparisons use less than (or equal to) operators,
so a valid set of rules is as follows:

• if(msg size ≤ 32) {algorithm = binomial}
• if(msg size ≤ 128) {algorithm = scatter gather}
• if(msg size = any) {algorithm = binomial}.
In this example, message sizes less than 32 will use bi-

nomial, message sizes 33–128 will use scatter gather, and
message sizes 129+ will return to binomial.

ACCLAiM creates the rule set using the ML model’s predic-
tions for every P2 point. It iterates through the predictions and
detects when the selection changes. When a selection change
is detected, ACCLAiM identifies points A, B, and C. Point A
is the last point with the old algorithm selection. Point C is
the first point with the new algorithm selection. Point B is the
non-P2 point halfway between A and C.

We refer to the selected algorithm at each point as “ALG-
(Point)” (e.g., ALG-A is the selection at A). ACCLAiM
generates rules based on the change in selected algorithm,
as shown in Table I. Three possibilities exist. If ALG-A and
ALG-B differ, ACCLAiM creates a rule at A to preserve the
correct selection at and below A. If ALG-B and ALG-C differ,
ACCLAiM creates a rule at C to ensure the selection for
the non-P2 values between A and C is correct. If all three
differ, ACCLAiM creates both rules. This strategy captures the
autotuner’s selection with a minimal rule set while ensuring
that non-P2 values may have unique selections.

Application Execution: ACCLAiM passes the new .json
file to MPICH using an environment variable. The job script
then runs the application and outputs its results.

B. Implementation

ACCLAiM’s implementation is open-source and available at
https://github.com/pmodels/acclaim. It includes many features
to improve ease of use and extensibility.

1) Setup: ACCLAiM offers a streamlined setup process,
enabling users to initialize the tool with a single command.
The setup process accommodates various system configura-
tions, ensuring portability across different HPC environments.

During setup, users must specify the system for parallel
scheduling. ACCLAiM supports several system types:

• polaris for Argonne’s Polaris system

https://github.com/pmodels/acclaim
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• aurora for Argonne’s Aurora system
• serial for disabling the parallel scheduler, recom-

mended for small-scale systems where parallel collection
is not required

• local for testing purposes, allowing an infinite number
of parallel microbenchmarks

Additionally, the setup script provides optional arguments
to further customize ACCLAiM’s functionality:

• num_initial_points: Determines the number of
data points ACCLAiM should randomly sample at the
beginning of exploration.

• convergence_threshold: Sets the threshold for cu-
mulative jackknife variance, which consecutive iterations
must be below to exit

• timeout: Defines the maximum duration in minutes
before training should exit, even if the convergence
threshold has not been met

num_initial_points defaults to 3, and it generally
does not impact performance, since training will require many
more points. convergence threshold directly impacts conver-
gence time and model accuracy, which we explore in our
evaluation. The best value for timeout is based on user
preference and should scale with job length; for example,
longer jobs can afford larger timeouts.

2) Supported Collectives: ACCLAiM supports all regular
(i.e., non-vector), blocking collectives in MPICH. The sup-
ported collectives include the following:

• MPI_Allgather
• MPI_Allreduce
• MPI_Alltoall
• MPI_Bcast
• MPI_Reduce
• MPI_Reduce_scatter
• MPI_Reduce_scatter_block

ACCLAiM also supports tuning the composition collec-
tive algorithms in MPICH. Composition algorithms are the
topology-aware algorithms in MPICH, meaning they perform
separate operations for processes within a node vs. across the
network and sit on top of the standard collective algorithms
in the software stack. For example, a composition algorithm
may combine the node-local values to a single process, per-
form a “leaders-only” collective between nodes with another
algorithm, and distribute the result back to the local processes.

Composition algorithms are critical for collectives such as
MPI_Allreduce, which we explore in our evaluation.

3) Tuning Commands and Arguments: The autotuning pro-
cess is facilitated by three commands:

• gen_config_single: tunes a single specified collec-
tive

• gen_config_multiple: tunes a list of specified col-
lectives

• gen_config_all: tunes all supported collectives (not
recommended because of training-time overhead)

The tuning commands offer several shared arguments to
define the tuning scope and parameters:

• N: The number of nodes involved in the job.
• PPN: The number of processes per node used in the job.

• MSG SIZE: The largest collective message size to tune.
A larger size, such as 1048576, is recommended even
if the application primarily uses smaller messages. This
approach ensures that the selection logic effectively ad-
dresses network bandwidth constraints.

• SAVE FILE: The location to store the tuned .json file
created by ACCLAiM. It is advisable to create a separate
directory for these tuning files and incorporate the job
ID into the filename to prevent simultaneous jobs from
overwriting each other’s files.

Users are also required to specify the collective(s) to tune
where applicable.

4) Applying the Tuning File: Once the tuning process is
complete, users pass the location of the newly generated tuning
file to MPICH using an environment variable.

C. Extensibility

ACCLAiM’s parallel data collection requires knowledge of
the hierarchical network topology. This information is readily
available from system documentation or administrators on pro-
duction HPC systems. ACCLAiM currently supports parallel
scheduling on our evaluation systems, Aurora and Polaris.
However, its parallel scheduling algorithm is easily extensible
to other systems and network topologies. ACCLAiM includes
an abstract topology class with a set of five simple methods
to integrate a new system/topology. To port ACCLAiM to
another system, users can add a new derived class and follow
the existing examples to understand each method.

D. Topology Requirements

ACCLAiM’s parallel data collection requires knowledge
of the hierarchical network topology to avoid scheduling
concurrent benchmarks that would contend for shared network
resources. This information is typically available from system
documentation or administrators on production HPC systems.
For systems where topology information is unavailable or
users are unable to extend ACCLAiM, our implementation
provides “serial” mode, which users can specify during setup.
Serial mode disables parallel scheduling entirely. This mode
is always correct but sacrifices the parallelization speedup
(approximately 1.3–1.4× for smaller scale jobs based on our
experiments).

For dynamic network configurations (e.g., adaptive routing
that changes during execution), ACCLAiM’s impact is limited
to the training phase. Since training occurs at job startup before
the application runs, the topology observed during training
closely matches the topology during application execution
within the same job allocation. Cross-job topology variations
are addressed by ACCLAiM’s per-job retraining design, which
captures the specific network conditions of each allocation.

We note that topology opacity is uncommon on leadership-
class systems, where detailed network documentation is
typically provided. The extensibility of ACCLAiM (Sec-
tion VII-C) allows straightforward integration of new topology
configurations as they become available.
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VIII. EVALUATION

In our evaluation, we assess ACCLAiM’s capabilities
through large-scale experiments on Aurora, with verification
experiments on Polaris. Overall, we observe that ACCLAiM
provides widespread speedups for multiple collectives while
scaling well up to 2,048 nodes on Aurora. We conclude our
evaluation with application case studies, showing real-world
examples of applications that benefit from ACCLAiM.

A. Evaluation Methodology

In our simulation experiments, we possess performance data
for each collective algorithm across all scenarios, enabling
us to develop an optimal/oracle selection logic. This data is
necessary for calculating Average Slowdown, which quantifies
the slowdown relative to the oracle.

In production, testing every point in the feature set is im-
practical because of the excessive time required to evaluate ev-
ery message size and number of processes in a large job. This
challenge is the primary motivation for developing ACCLAiM.
As a result, we cannot compute statistics such as Average
Slowdown to assess ACCLAiM’s effectiveness. Instead, we
measure the speedup of ACCLAiM’s selections compared with
the default selection logic in MPICH. This approach evaluates
the benefits users would gain from ACCLAiM.

We focus on evaluating performance at the maximum job
scale. For instance, in a 128-node job, ACCLAiM learns
performance across various scales, such as 64 nodes, but
we assess its choices only at the full 128 nodes. Tuning
all subsets is crucial because large jobs often divide their
allocation into multiple communicators and minimize global
synchronization/communication when possible. However, full-
scale collective operations are common and provide a clear
way to test ACCLAiM’s scalability. These operations lie at
the edge of the feature space, presenting the greatest challenge
for ACCLAiM to tune accurately. This approach effectively
highlights the tool’s strengths and limitations.

We use Aurora as our primary evaluation system. For
our Aurora experiments, we use GPU-GPU communication
and 12 processes per node, one process per GPU, which
is the most common programming model for applications.
For experiments using 128 nodes or less, we repeat each
experiment 3–5 times within distinct jobs and sets of nodes
and average the results. Larger experiments are single runs.

B. Convergence Threshold

We begin by identifying the best convergence threshold
for ACCLAiM. As we described in Section V, ACCLAiM
uses cumulative variance to detect convergence. With a higher
(less stringent) threshold, ACCLAiM will converge earlier but
may make poorer selections, while a lower (more stringent)
threshold may result in better selections at the cost of increased
training time. The goal of these experiments is to identify the
convergence value that best balances this trade-off.

We derive the convergence threshold to use in our exper-
iments empirically using a grid search across values ranging
from 5× 10−9 to 1× 10−11 tuning MPI Allreduce, which is

the most popular MPI collective. We retrain ACCLAiM at 32
nodes and 128 nodes with these convergence values to study
the trade-off between training time and accuracy.

As shown in the top row of Figure 12, ACCLAiM struggles
to identify algorithms that perform as well as the default
for large-message MPI Allreduce1. Adjusting the convergence
threshold value down to 1 × 10−10 leads to better algorithm
selection for the larger messages, significantly improving
performance. Although the training time increases, as depicted
in the bottom row of the figure, it remains 5–10 minutes,
making the trade-off for improved accuracy worthwhile. In
our experiments, values less than 1 × 10−10, for example,
5 × 10−11, ran into our timeout value of 30 minutes without
converging, so they were discarded.

The choice of convergence threshold is crucial for bal-
ancing speedup benefits and training time costs. A threshold
value of 1× 10−10 enhances ACCLAiM’s ability to optimize
performance, especially at larger scales, without excessively
prolonging the training process. The training time difference
actually decreases for larger scales because ACCLAiM can
leverage the increased node count to run more tests in parallel.
Based on this result, we proceed to use a convergence value
of 1 × 10−10 in our experiments and set it as the default for
ACCLAiM.

C. Speedups

We now explore the speedup generated by ACCLAiM’s
tuning in experiments up to 64 nodes for multiple collectives,
including MPI Allgather, MPI Allreduce, MPI Bcast, and
MPI Reduce, as shown in Figure 13. For each collective, we
train ACCLAiM for power-of-two number of nodes from 8
nodes to 64 nodes and plot the speedup versus MPICH’s
default selections for message sizes ranging from 1 B to 1
MB. In these charts, higher is better, as ACCLAiM seeks the
maximum speedup over the default selections.

Across all four collectives, we see significant speedups from
ACCLAiM. The highlight is MPI Allgather, where we see a
peak speedup of over 35x. ACCLAiM matches or exceeds the
default performance for all messages in MPI Allgather. For
MPI Allreduce, ACCLAiM generates speedups for a broad
range of message sizes, but it struggles with large message
sizes, as we documented in the preceding section. MPI Bcast
sees speedups up to 18.3x for large message sizes. The benefit
from tuning increases with scale. MPI Reduce observes a
slowdown from ACCLAiM’s selections for small messages be-
fore a positive spike. Studying the selection logic generated by
ACCLAiM, we see that the slowdown results from ACCLAiM
too eagerly switching from the latency-bound algorithm (bino-
mial) to the bandwidth-bound algorithm (scatter gather). We
note that MPI Reduce has the fewest implemented algorithms
of the collectives we tuned, and ACCLAiM completes the
tuning in 1–2 minutes for all scales. We believe this issue could

1During our testing, we noticed that ACCLAiM can struggle to make
optimal selections at the edge of its feature space, i.e., maximum scale and
message size. To address this issue, our ACCLAiM prototype can test the
default and replace its max-scale selections. We disable this feature for our
experiments to fairly represent the capabilities and limitations of ACCLAiM.
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(a) ACCLAiM speedup for 32 nodes (b) ACCLAiM speedup for 128 nodes

(c) ACCLAiM training time for 32 nodes (d) ACCLAiM training time for 128 nodes

Fig. 12: ACCLAiM performance analysis for various convergence thresholds using MPI Allreduce on Aurora: (a) and (b) show
speedup results, indicating better selections for larger messages with a smaller threshold value of 1× 10−10; (c) and (d) show
training time, which increases but remains reasonable, making the trade-off for improved accuracy worthwhile.

be addressed by further reducing the convergence threshold
specifically for MPI Reduce.

D. Large-Scale MPI Allreduce

We continue our scaling experiments for MPI Allreduce
up to 2,048 nodes, as shown in Figure 14(a). The trends
from Figure 13(b) generally continue all the way to the
largest scale. The speedup increases up to nearly 3x for small
messages around 210 bytes. Importantly, ACCLAiM’s training
time remains stable, as shown in Figure 14(b). We observe that
the training time remains under 10 minutes (500–600 seconds)
for all scales. This result showcases how ACCLAiM’s training
is tractable even on leadership-class supercomputers.

E. Polaris

We provide an additional set of scaling experiments for
MPI Allreduce on Polaris to ensure ACCLAiM generalizes to
other systems. On Polaris, we use CPU buffers and maximum
processes per node, 64, to provide a significantly different
scenario compared with our Aurora tests. In Figure 15 we
again see that the performance trends remain similar to 14(b).
These results show how ACCLAiM can identify significant
speedups on different machines, proving its generality.

F. Composition Algorithm Tuning

In Section VII-B2 we discuss how ACCLAiM supports the
tuning of composition collective algorithms in MPICH. To

demonstrate the benefits of this feature, we conducted a com-
position algorithm tuning experiment for MPI Allreduce on
Aurora, as illustrated in Figure 16. ACCLAiM achieves signif-
icant speedups for MPI Allreduce via composition algorithms,
especially for large message sizes. This finding complements
our other MPI Allreduce experiments, where ACCLAiM en-
countered difficulties with large-message MPI Allreduce.

The speedups are realized by switching from the default
alpha composition to beta for large messages. The alpha com-
position employs a leader-reduce-broadcast algorithm, where
processes on each node reduce their results to a single “leader”
process. The leaders then perform an internode allreduce using
the standard algorithm selection (e.g., recursive doubling,
ring) and broadcast the result back to the processes on their
node. This approach is effective for small messages because
of its utilization of low-latency intranode communication.
However, it struggles to saturate network bandwidth for large
messages during the internode phase, as only a single process
communicates for each node.

In contrast, the beta composition is a pass-through approach,
where the standard algorithm selection proceeds with all
processes. This method better utilizes the network, resulting
in significant speedups: up to 7x in our experiments, with
potential for greater improvements for larger message sizes.

G. Applications
We complete our evaluation with real-world use cases where

ACCLAiM aids a production application.
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(a) MPI Allgather (b) MPI Allreduce

(c) MPI Bcast (d) MPI Reduce

Fig. 13: ACCLAiM speedup for various collectives on Aurora (higher is better). ACCLAiM generates significant speedup for
a wide range of message sizes and scales, while underperforming the defaults in some cases.

1) GAMESS: GAMESS (General Atomic and Molecular
Electronic Structure System) is a versatile computational quan-
tum chemistry software package used for performing a wide
range of quantum chemical calculations [26]. It enables re-
searchers to study molecular systems by calculating electronic
structures, optimizing geometries, and simulating chemical
reactions using various methods such as Hartree–Fock, den-
sity functional theory, and Møller–Plesset perturbation theory.
GAMESS is a critical application on Aurora, widely used for
quantum chemical calculations, making it an ideal candidate
for evaluating ACCLAiM’s impact on real-world workloads.

We study the performance of a sample GAMESS applica-
tion on two different scales, utilizing 512 and 1,024 nodes,
respectively. In a single job we run the application before
and after tuning the MPI Bcast collective algorithm selection
using ACCLAiM (MPI Bcast is the predominant collective
in the application). We assess the impact of ACCLAiM on
application runtime and quantify the speedup achieved through
this optimization process.

The results, depicted in Figure 17, illustrate the application
and tuning times for GAMESS. For the 512-node configura-
tion, the application time without tuning was 2179 seconds.
Tuning reduced this to 2073 seconds, resulting in a speedup of
1.05x. Similarly, for the 1,024-node setup, the application time
decreased from 1550 seconds to 1282 seconds with tuning,

yielding a more significant speedup of 1.21x. ACCLAiM
required 79 and 99 seconds, respectively, for tuning, far less
than the time it saves the application.

To understand how ACCLAiM improved the performance
of GAMESS, we present the performance of MPI Bcast using
a microbenchmark before and after tuning in the 1,024-node
GAMESS experiment. The default algorithm selection is a
ring-based algorithm, which scales poorly because it has a
linear dependency on the number of ranks. ACCLAiM instead
selects a doubling algorithm, which scales logarithmically,
improving performance by multiple orders of magnitude.

These findings demonstrate the effectiveness of tuning in
enhancing the performance of GAMESS, particularly at larger
scales. The speedup achieved indicates that tuning can reduce
the overall runtime even when accounting for the tuning time.

2) SHAMROCK: SHAMROCK is a general-purpose hydro-
dynamics simulation code focused on astrophysics applica-
tions [27]. Originally developed as an exascale-capable im-
plementation of the smoothed particle hydrodynamics (SPH)
algorithms from the PHANTOM code [28], SHAMROCK now
includes an extensible list of models and solvers for SPH and
adaptive mesh refinement including a Godunov model and an
N-body fast multipole method.

For our experiments we evaluate SHAMROCK’s included
weak scaling test. This test is representative of an SPH
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(a) Speedup

(b) Training Time

Fig. 14: (a) ACCLAiM speedup up to 2,048 nodes for
MPI Allreduce on Aurora, showing how ACCLAiM main-
tains (and even improves) its advantage at larger scale. (b)
Training time stays constant at large scale, demonstrating that
ACCLAiM successfully scales on exascale systems.

simulation, where the application synchronizes data using
MPI Allgather and/or MPI Allgatherv after each time step.
The performance of the test is measured by the number of
particles processed per second per step, with the goal of
achieving the highest processing rate possible. We experi-
mented with this test at two scales, 1,024 and 2,048 nodes
(both 12 processes per node, one per GPU), on Aurora.

To tune SHAMROCK with ACCLAiM, we utilized AC-
CLAiM’s multicollective feature to tune both MPI Allgather
and MPI Allgatherv. Despite tuning two collectives, the train-
ing time remained small: 450 seconds for 1,024 nodes and
267 seconds for 2,048 nodes. At both scales, ACCLAiM
successfully recognized that the default algorithm, ring for
both collectives, was greatly outperformed by the brucks
algorithm, which is due to brucks logarithmic scaling with
process count.

Figure 19 shows the results of ACCLAiM’s tuning for
SHAMROCK. ACCLAiM greatly accelerates the processing
rate of the application by reducing the MPI overhead. At
1,024 nodes, ACCLAiM improves the processing rate 1.6×
by reducing the percentage of time spent on MPI from 58%
to 32%. The benefits increase on 2,048 nodes, improving the
processing rate 4.1× by reducing the MPI time from 87% to
48%.

Fig. 15: ACCLAiM speedup for MPI Allreduce on Polaris.
ACCLAiM generates a similar speedup to that observed on
Aurora, proving its generality across systems.

Fig. 16: ACCLAiM speedup for composition algorithm tuning,
MPI Allreduce, on Aurora. Composition algorithm tuning
creates a large speedup for large message sizes, addressing the
weakness observed with the standard tuning in Figure 13(b).

Typical SHAMROCK simulations run many steps over mul-
tiple hours, so they could easily reclaim the ACCLAiM
tuning time and experience a performance boost. In summary,
ACCLAiM is immediately useful to applications, with the
capability to recoup its training time in a single run/job.

IX. RELATED WORK

Collective optimization has been thoroughly explored for
over two decades [29], [30], but it remains a continuous
challenge to correctly select the optimal algorithms on state-
of-the-art networks. Numerous methodologies have been pro-
posed to enhance the selection of collective algorithms, with
analytical models being the most prevalent approach [4]–[8],
[31], [32]. A recent proposal in this area by Luo et al. in-
corporates hardware-specific information into their model [8].
They develop submodules that represent lower-level com-
ponents of a collective task, enabling mapping to specific
hardware elements. These submodules facilitate the integration
of advancements such as accelerators into existing algorithms.
Among the concerns associated with analytical models, their
primary limitation is the high development cost. In contrast,
ML offers a black-box solution with automatic scalability,
eliminating the effort required to maintain handcrafted models
and analyze new algorithms.
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Fig. 17: GAMESS execution time with and without AC-
CLAiM tuning on Aurora, 512/1024 nodes. The application
time without tuning (red) is greater than the application time
with tuning (blue) and the ACCLAiM tuning time (green)
combined, demonstrating the usefulness of the tool.

Fig. 18: MPI Bcast performance before and after tuning,
1,024-node GAMESS experiment. ACCLAiM corrects the
poor default selection for large message sizes, causing the
application speedup in Figure 17.

Another methodology involves exhaustive benchmarking.
Chaarawi et al.’s OPTO tool optimizes individual scenarios
in Open MPI through comprehensive searches [9]. However,
tools like OPTO demand extensive data collection time, mak-
ing them less competitive compared with ML models.

Recent studies have suggested developing collective tun-
ing models across entire machines [33] or even multiple
machines [34] using Bayesian optimization. However, these
methods are constrained compared with ACCLAiM because
they fail to address job-specific variability in algorithm per-
formance, which is an increasingly significant issue in modern
HPC systems [35], [36].

Sartori optimizes collective communication using a new
approach called “skeletonization,” that extracts the program’s
communication pattern using LLVM [37]. We believe this
approach is complementary to ACCLAiM and propose future
work where ACCLAiM uses the application skeleton instead
of microbenchmarks to measure the effectiveness of various
algorithms.

The aforementioned approaches are classified as “offline”
autotuners, performing optimization prior to application execu-
tion. Faraj et al. introduced STAR-MPI, an “online” autotuner

(a) Processing Rate Improvement (Higher is Better).

(b) MPI Fraction of Total Runtime (Lower is Better).

Fig. 19: SHAMROCK with and without ACCLAiM tuning on
Aurora, 1,024/2,048 nodes. (a) The application performance
increases by 1.6× on 1 024 nodes and by 4.1× on 2 048 nodes.
(b) The time spent in MPI communication drops from 58% to
32% on 1 024 nodes and from 87% to 48% on 2 048 nodes.
These improvements demonstrate how ACCLAiM accelerates
useful work at leadership-class scales.

that constructs a statistical model during program execution,
dynamically selecting MPI parameters [38]. More recently,
Hunold et al. created OMPICollTune [39], which builds a
performance model for algorithm performance by probing
different algorithms using application collective calls.

Generally, online approaches are avoided because of their
complex implementation and runtime overhead. Performance
modeling and guideline approaches, which are simpler, also
utilize runtime information for dynamic selection [40], [41].
However, these tools are constrained by the models and heuris-
tics that guide them, akin to existing solutions in production
MPI libraries.

ML is increasingly recognized as a powerful optimization
tool in high-performance computing. Pellegrini et al. employed
ML to optimize MPI runtime parameters [42], and Isaila
et al. developed an ML model for tuning I/O tasks [43].
Mohammed et al. utilized ML to predict failures in virtualized
systems and applications [44], and Zhang et al. applied ML
models for scheduling HPC batch jobs [45]. Interestingly,
Zhang et al. reversed the typical approach by using collec-
tive communication to accelerate ML applications [46]. Our
work is complementary to the growing corpus on ML-based
optimizations for HPC.
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X. CONCLUSION

This paper introduces ACCLAiM, an ML-based autotuner
for collective algorithm selection. ACCLAiM addresses key
challenges faced by previous ML collective autotuners: train-
ing point selection, handling non-power-of-two data points,
model testing, and data collection, reducing the training time
to 5–10 minutes even across thousands of nodes. ACCLAiM
is the first autotuner capable of accelerating large-scale appli-
cations, even when accounting for training overhead.

ACCLAiM is part of a growing array of collective tuning
options. Choosing the right approach involves considerations
like offline versus online tuning and machine-wide versus
per-job strategies. ACCLAiM stands out because it can be
deployed by any system user without special privileges or
coordination with administrators. It also adapts to dynamic
variables that change between jobs.

We anticipate that retraining the autotuner for every job
may not be necessary. Our goal is to integrate ACCLAiM
with other methods to create a versatile tuner accommodating
various tuning styles for a wider range of end users, such
as shorter (< 30 minute) jobs that are unable to recoup AC-
CLAiM’s training time. By combining ACCLAiM’s advances
in training time reduction with other methods, we envision a
hybrid approach that retrains when needed and extrapolates
across jobs and systems. We also plan to extend ACCLAiM’s
capabilities to optimize additional system parameters beyond
collective algorithms. ACCLAiM represents the beginning of
what ML autotuners can achieve in enhancing MPI application
performance.
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