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Abstract
Predicting the running time or remaining time of batch-style appli-
cations is useful to schedulers and resource managers. However, it is
fundamentally challenging to make such predictions accurately for
applications that have not been seen before or that run on datasets
with varying sizes. For this reason, we aim to answer a simpler,
but nevertheless instrumental, question: is an executing applica-
tion about to finish executing? To this end, we present AWTY, a
workflow for predicting whether or not a running batch-style ap-
plication is near completion. AWTY analyzes application profiles
to identify what applications’ last phases look like while treating
applications as black boxes. It then uses this data to train classifiers
that can identify whether or not an executing application is in its
last phase. AWTY employs both single-application classifiers that
work on applications that have been seen before and general clas-
sifiers that work on applications that have not been seen before.
Our evaluation shows that AWTY can predict if an application is
near completion reasonably well. AWTY can inform schedulers
and resource managers in making decisions about whether to kill
applications that have overstayed their time or to let them finish.
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1 Introduction
Knowing how long a batch-style application will take to execute
is useful for schedulers and resource managers. For this reason,
many prior works attempt to predict the running time of such an
application before it executes [8, 29, 32, 36, 56, 65–67, 71, 75, 90–
92, 99, 101, 115], or the remaining time of an application that is
already executing [18, 104, 105]. However, these works tend to
rely on running times being repetitive and do not perform well for
new applications or applications with significantly varying datasets
across runs. While some works adapt their running time predictions
to different datasets [8, 29, 67], they use application-specific input
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Figure 1: Time series of profiling metrics for breadth-first
search [97] executing on two different graph datasets (the
black vertical line indicates the beginning of the last phase)

features that describe the dataset and require an application to have
been executed before on different datasets. The use of customized
features makes it difficult to deploy such works in general purpose
environments that run many different applications [52]. It remains
fundamentally challenging to make accurate running time or re-
maining time predictions using application-agnostic features while
adapting to new datasets, let alone new applications.

In light of the aforementioned challenges, our work aims to an-
swer a simpler, but nevertheless instrumental, question. Rather than
asking how much time an application needs to finish executing,
we ask whether or not an executing application is near completion.
In particular, we target batch-style applications typical in scien-
tific computing and offline data analytics, and we do not aim to
detect completion for always-on services without a natural end-
point. We expect that this question can more easily be answered
using application-agnostic features while adapting to new datasets
and applications. Our rationale behind this expectation is threefold.
First, we expect applications to behave differently in their last phase
of execution than they do during their main phase of execution. For
example, Figure 1(a) shows the time series of application-agnostic
profiling metrics for breadth-first search (see Section 4 for the de-
tails of the experimental setup and visualization). It is clear that
the values of these metrics change at the end of the time series.
Second, we expect an application to behave in the same way in its
last phase of execution regardless of the dataset it has executed on.
For example, Figure 1(b) shows the time series of profiling metrics
for breadth-first search executed on a different dataset from that in
Figure 1(a). It is clear that the last phases in the two time series have
a lot in common, notably an increase in L1-dcache-stores (metric
21), L1-icache-load-misses (metric 22), dTLB-stores (metric 32), and
mem-stores (metric 47). Third, we expect that different applications,
despite having different running times, may have similar behav-
ior in their last phases of execution. We show an example of this
similarity in Section 5.2.

Based on these observations, we presentAreWe There Yet (AWTY),
a workflow for predicting whether or not a running application
is near completion. AWTY analyses a large number of application
profiles and labels their last phases. It then uses this information to

train single-application and general classifiers that predict whether
or not a running application is near completion. At run time, a run-
ning application in question is profiled for a few sampling periods.
These samples are passed to the pre-trained classifiers to classify if
the application is in its last phase or not. If the application has been
seen before, the single-application classifier for that application
is used, whereas if the application has not been seen before, the
general classifier is used.

We evaluate AWTY using 44 data analytics and scientific com-
puting benchmarks from six benchmark suites and libraries. Our
evaluation shows that AWTY achieves mean F2 scores of 0.94, 0.77,
and 0.77 for the single-application classifiers when the dataset has
been seen before, the single-application classifiers when the dataset
has not been seen before, and the general classifier where the appli-
cation has not been seen before, respectively. Moreover, since the F2
scores vary significantly across applications, AWTY can distinguish
between applications for which it can make accurate predictions
and applications for which it can not. Our evaluation demonstrates
AWTY on a production multi-node application as well. It also shows
that AWTY’s performance replicates across different systems.

AWTY can be used in schedulers and resource managers for a
variety of purposes. For example, in a shared system with users hav-
ing different priorities, when a high-priority job arrives, AWTY’s
predictions can be used to decide whether to kill a low-priority
job (e.g., a spot instance in the cloud) or to let it finish. As another
example, in a scheduler that uses predicted running times for job
scheduling, if an application’s running time has been underpre-
dicted and the application has exceeded its time budget, AWTY’s
predictions can help the scheduler decide whether to give the appli-
cation a little more time to finish or to kill it. Integrating AWTY into
such systems is the subject of future work. Our main objective in
this paper is to validate the hypothesis that application last-phases
can indeed be learned and predicted, and to develop a mechanism
for doing so.

The rest of this paper is organized as follows. Section 2 provides
background to the problem and reviews related works. Section 3 de-
scribes AWTY and its components. Section 4 describes our method-
ology and Section 5 evaluates the effectiveness of our approach.
Finally, Section 6 concludes.

2 Related Work
Many prior works aim to predict different aspects of the perfor-
mance of applications, such as running time, remaining time, or
relative performance across different systems and configurations.
These predictions are used for different purposes such as resource
management or best configuration selection. This section presents
an overview of these prior works and contrasts themwith our work,
which aims to predict whether an application has neared comple-
tion. We also review prior works on phase detection, which is a
component of our work.

Running time prediction. The expected running time of an
application is an important input parameter in many schedulers
and resource managers [3, 28, 61, 62, 73, 89, 95, 110, 113], including
for the backfilling [33, 57] process. Since user-specified times tend
to be inaccurate [7, 51, 69, 100], predicting the running time of an
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application is an important problem [29, 32, 36, 56, 65, 66, 71, 75, 90–
92, 101, 115]. Tsafrir et al. [101] predict running time using the
average running time of the last two jobs from the same user.
Gaussier et al. [36] use linear regression models that take the fea-
tures from the job’s description, historical information, and the
current state of the system. PREP [115] also considers the job’s
running path as part of the input features. TRIP [32] uses a Tobit
model to achieve good prediction accuracy while also keeping the
underprediction rate low. Park and Kim [75] predict running time
using a support vector regression model. OKCM [56] uses 𝑘-nearest
neighbors and falls back to the user-specified time in the case of
underprediction. Smith et al. [91, 92] use genetic algorithms to iden-
tify application categories and predict running times based on an
application’s category. Naghshnejad and Singhal [71] use gener-
ative state space models to predict running time while tolerating
the high variability in the cloud. Smith [90] uses instance-based
learning to predict running time as well as file transfer time and
queue wait time. Duan et al. [29] use a Bayesian neural network to
predict the running time of scientific workflow activities in a grid.
Matsunaga et al. [65] and McKenna et al. [66] compare the effective-
ness of multiple different machine learning algorithms at predicting
running time. While these works achieve reasonable accuracy with
varying levels of success, they tend to rely on running times being
repetitive and do not perform as well for new applications or appli-
cations with significantly varying datasets across runs. Moreover,
performance variability can cause significant slowdown making
user provided runtime estimates unreliable [9, 30, 64]. Our work
supplements these works by providing a second level of defense. If
an application’s running time has been underpredicted and a sched-
uler has used that prediction, when the application exceeds its time
budget, our work can assist that scheduler in deciding whether to
give the application a little more time to finish or to kill it.

Application-specific running time prediction. Multiple prior
works predict the running times of specific applications and how
these running times vary across different datasets and system con-
figurations. Mendes and Reed [67] make predictions for a PDE
application for different datasets. Duan et al. [29] make predic-
tions for four different scientific workflows for different datasets.
Baughman et al. [8] make predictions for six different bioinformat-
ics workflows. To predict running times across different datasets,
these works use application-specific input features that describe
the dataset and require an application to have been executed be-
fore on different datasets. In contrast, our work makes predictions
for arbitrary applications that may have not been seen before. It
treats applications as black boxes and uses application-agnostic fea-
tures instead of using manually selected application-specific input
parameters such as properties of the dataset.

Remaining time prediction. A number of works predict the
remaining time to completion of an already running application
to overcome the possible inaccuracy of running time prediction.
RLSchert [104, 105] predicts the remaining time of a job using in-
termediate logs passed to a recurrent neural network as well as
the job’s input parameters. However, it is specific to VASP jobs
and uses VASP-specific input parameters to make predictions. In
contrast, our work focuses on making predictions for arbitrary
applications and does not use any application-specific input pa-
rameters. Chen et al. [18] predict an arbitrary job’s remaining time

using system log information passed to Hidden Markov Models.
In our work, we use hardware and software counters collected
by profiling to make predictions, however, combining profiling
information with system log information to make predictions is in-
teresting for future work. Furthermore, our work does not attempt
to predict the remaining time, but instead, simplifies the problem
to only predicting whether a job is near completion or not.

Performance-cost trade-off prediction.Many prior works pre-
dict the performance of applications across different systems and
configurations and infer the corresponding cost [1, 8, 19, 25, 26, 58,
63, 72, 103, 108, 109]. These works are not concerned with predict-
ing the absolute running time of an application for a specific dataset.
Instead, they may use a proxy application, a representative dataset,
or a partial run to characterize how the application’s performance
and cost vary across systems and configurations because their goal
is to assist users in selecting the best system and configuration for
their application in general. The goal of our work is different. We
aim to predict whether a specific application that is already running
with a specific dataset has neared completion.

Near optimal system/configuration prediction.Many prior
works predict the near-optimal system and configuration for run-
ning a specific application [4, 10, 11, 14, 44–46, 50, 59, 60, 106, 107].
Similar to the previous category, the goal of these works is to as-
sist users in selecting the best system and configuration to run on.
Again, the goal of our work is different. We aim to predict whether
a specific application that is already running with a specific dataset
has neared completion.

Phase detection. Detecting phases in applications has been
the subject of much research [23]. Phase detection has been used
for different objectives such as adapting hardware resources to
application phases [16, 27, 37, 47, 112] or reducing hardware sim-
ulation time by simulating each distinct phase only once [40, 53,
54, 76, 79, 86]. In our work, we specifically aim to detect the last
phase of an application to be able to predict whether an applica-
tion has neared completion. Some phase detectors detect phases
offline [12, 13, 34, 39, 43, 48, 78, 80, 84, 85, 93, 96, 114] for the pur-
pose of application characterization and optimization, while others
detect phases online [20, 21, 35, 38, 49, 81–83, 94, 98] for the purpose
of real-time adaptation. In our work, we detect phases offline to
identify the last phase of previously executed applications to train
our prediction models. The online aspect of our tool is concerned
with detecting if an application is currently in its last phase, not
detecting whenever a phase change occurs. Prior works on phase
detection are distinguished bymany aspects such as the type of sam-
pling interval used (per instruction [48, 49, 78, 81, 83, 85, 94, 114]
or per unit time [35, 84, 93]), the choice of classification metrics
(microarchitecture-dependent [21, 31, 43, 80, 83, 84, 87, 88, 114]
or microarchitecture-independent [12, 38, 39, 48, 84, 88, 94]), and
the phase analysis method (e.g., clustering [82], Manhattan dis-
tance [12, 20, 35, 38, 78, 81, 83, 94, 114], digital signal process-
ing [13, 21, 48, 49, 85, 93], etc.). In our work, we sample applications
per unit time, use microarchitecture-dependent metrics, and per-
form phase analysis based on theManhattan distance [20]. However,
other phase detection strategies proposed in prior works can also
be used and our contribution is orthogonal to the choice of phase
detection strategy. For example, we also tried performing phase
analysis based on clustering and found similar phases, but we opted
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for performing phase analysis based on the Manhattan distance
because it was faster.

3 AWTY Design and Implementation
This section describes the overall design and implementation of
AWTY. Section 3.1 describes the run-time workflow for predicting
is an executing application is near completion. Section 3.2 describes
the steps taken to train the prediction models used in that workflow.
We then zoom in on specific stages of the workflow including the
last-phase detection stage (Section 3.3), the different classifiers
(Sections 3.4 and 3.5), and the handling of multi-node applications
(Section 3.6).

3.1 Run-time Workflow
The run-time workflow of AWTY is shown in Figure 2. We first
attach a profiler to the executing application of interest and extract
a sequence of a few profiling samples. We then check if the applica-
tion has been seen before, i.e., if we have included runs from the
application in the training of our classifiers.

If the application has been seen before, we check if the applica-
tion’s single-application last phase classifier is sufficiently accurate.
The single-application last phase classifier classifies whether or not a
given sequence of profiling samples is in the last phase of a specific
application’s execution, i.e., it predicts if the executing application
has neared completion (details in Section 3.4). If the application’s
classifier is not sufficiently accurate, we declare that we cannot
make a good prediction. If the application’s classifier is sufficiently
accurate, we pass the extracted sequence of profiling samples to
the application’s classifier and make a prediction.

If the application has not been seen before, we pass the extracted
sequence of profiling samples to the predictability classifier. The
predictability classifier classifies whether or not a given sequence of
profiling samples came from an application that is easy or difficult
to make predictions for, i.e., the application’s predictability (details
in Section 3.4). If the classifier classifies the samples as coming from
an application with low predictability, we declare that we cannot
make an accurate prediction. On the other hand, if the classifier
classifies the samples as coming from an application with high
predictability, we pass the extracted sequence of profiling samples
to the general last phase classifier. The general last phase classifier
classifies whether or not a given sequence of profiling samples is
in the last phase of the execution of whatever application it came

from, i.e., it predicts if an application that has not been seen before
has neared completion (details in Section 3.4).

In an alternative design, the predictability classifier and general
classifier can be combined into one classifier with three output
classes: not in the last phase, in the last phase, and unpredictable.
We tried this design and found that separating the two classifiers
yields better results. In particular, separating the two classifiers
allows them to be trained with different datasets for increased
specialization of the general classifier. As we see in Section 3.2, the
predictability classifier is trained using data from all applications,
whereas the general classifier is trained with data from applications
with high predictability only.

To know if an application has been seen before, we rely on
the name of the application. This approach is sufficient for the
common case where users run the same application repetitively
without changing its name. More robust approaches can be used
for detecting if an application has been seen before, such as taking
a hash of the binary or combining the application name with the
username. However, this aspect of the work is orthogonal to our
main contribution.

3.2 Training Workflow
The training workflow of AWTY is shown in Figure 3. It is executed
offline when AWTY is first deployed on the system of interest to
train the classifiers used in the run-time workflow. The classifiers
are not retrained online when new applications are observed. The
training workflow can be re-executed periodically to benefit from
newly collected application data.

The training workflow takes many application profiles as input.
An application profile is a time series of profiling metric values
collected during the entirety of an application’s execution. The
application profiles are first analyzed to detect the last phase in
each time series (details in Section 3.3). The result of this analysis
is a last-phase label for each point in each time series that indicates
whether that point belongs to the last phase of the time series or
not.

The labeled points are used to train a single-application last-
phase classifier for each application. The trained classifiers are then
evaluated, and each application receives a predictability label indi-
cating whether or not it has high predictability, based on whether or
not its classifier’s quality score is above a certain threshold (details
in Section 3.4). These predictability labels are used by the run-time
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workflow to decide whether an application that has been seen be-
fore proceeds to its single-application classifier or is declared as
unpredictable. The predictability labels are also used to train the pre-
dictability classifier that predicts if new unseen applications have
high predictability. Moreover, the profiles of the applications with
accurate single-application classifiers are jointly used to train the
general last-phase classifier to predict if new unseen applications
are in their last phase.

3.3 Last Phase Detection
The last phase detection stage takes application profiles as input. An
application profile is a time series of profilingmetric values collected
during an application’s execution. That is, every point in the time
series represents a vector of profiling metric values collected over a
sampling period. These time series may be collected from different
runs of different applications, the same application with different
datasets, or the same application with the same dataset. The specific
applications, datasets, and profiling metrics used in our evaluation
are reported in Section 4.

To identify the last phase in an application’s profile, we first
identify all the points at which a phase change occurs. We detect
phase changes using the same method from Chetsa et al. [20] based
on the Manhattan distance. Briefly, the technique detects a phase
change whenever the Manhattan distance between two consecutive
points in the profile exceeds a certain threshold. The threshold is
determined relative to all the distances encountered in the applica-
tion’s profile since different applications may have different degrees
of variability across time points. To be robust against noisy pertur-
bations in the profile, we modify the technique in Chetsa et al. [20]
to take the distance between the mean of a window of past points
and the mean of a window of future points, rather than the distance
between individual points. We use five and three as the sizes of
the past and future windows, respectively, but these values can be
tuned depending on their desired sensitivity to perturbations.

After identifying the points at which phase changes occur, we
pick the last such point as the beginning of the last phase provided
that it falls within the last 10% of the time series but before the
last 1%. Different applications can have different last phase lengths.
The motivation for requiring the last phase to start within the last
10% of execution is that we ultimately would like to predict that an
application is near completion. Hence, if the last phase is too long,
the prediction will not be relevant. The motivation for requiring

the last phase to start before the last 1% of execution is to avoid
minor perturbations we have seen to occur in the last one or two
points in the time series. If no phase change is detected between the
last 10% and 1% of execution, we pick the starting point of the last
10% of execution as the beginning of the last phase. Although we
use the last 10% and last 1% markers to dilineate the start of the last
phase, these values are configurable and can be tuned depending
on the context. Once we have picked a point as the beginning of
the last phase, we label it and all subsequent points as being part
of the last phase, and we label all prior points as being not part
of the last phase. This last phase serves as the basis for our “near
completion” classification.

3.4 Last Phase Classifiers
The last phase classifiers take as input a sequence of profiling
samples and classify whether or not that sequence of profiling
samples came from the last phase of an application’s execution. We
train these classifiers using the labeled time series generated in the
last phase detection stage.

For all last phase classifiers (single-application and general),
we use a Recurrent Neural Network (RNN) with the following
architecture. The input layer takes five consecutive points from the
time series each consisting of that point’s profiling metric values.
The input layer is followed by two bidirectional LSTM layers, the
first having 64 units and the second having 32 units. The LSTM
layers are followed by a batch normalization layer then four fully
connected layers with 32, 16, 8, and 4 units before the final output
layer. We experimented with having longer sequences at the input,
larger layers, and more layers in the network, but we found that it
did not improve performance and led to overfitting.

Using the same model architecture and input parameters for all
the single-application last-phase classifiers of the different appli-
cations is an important design choice. This design choice allows
us to seamlessly support any application that we have previously
profiled by treating applications as black boxes. In contrast, using
application-specific input features, such as properties of the dataset
or application output logs, would require manual feature selection
for every new application which would limit the scalability of our
framework to a large number of applications.

The key difference between the classifiers is not their architec-
ture or input parameters, but the data used to train them. We have a
single-application classifier for each application that is trained with
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data collected from just that application. On the other hand, we
only have one general classifier that is trained with data collected
from all the applications whose single-application classifier quality
score exceeds a certain threshold.

We use the weighted harmonic mean F-beta score (beta=2) from
Scikit-Learn [77] as the quality score, and we use a threshold of 0.7
to consider an application as having high predictability. However,
other quality scores and thresholds may be used by the deployer
depending on the deployer’s priorities. Our motivation for using the
F2 score is to give more weight to recall, because our positive class
(points in the last phase) is a minority class and because reducing
false negatives is more important than reducing false positives in
our context. For example, assume AWTYwas used by a scheduler to
kill applications that exceed their time budget and are not close to
completion. A false negative would result in killing an application
that is in its last phase, which wastes all the resources that would be
needed to rerun that application. On the other hand, a false positive
would result in giving more slack time to an application that is not
in its last phase and then killing it, which only wastes the resources
used for that additional slack time.

One characteristic of our training data is its high imbalance. First,
the number of time series points that are in the last phase is much
smaller than the number of points that are not in the last phase. Sec-
ond, the number of time series points collected for an application
may significantly vary across datasets. Third, for the general pre-
dictor, the number of time series points collected may significantly
vary across applications since different applications have differ-
ent running times. To avoid biasing the models towards non-last
phase points, larger datasets, and longer-running applications, we
rebalance the data before training. We use the Adaptive Synthetic
(ADASYN) sampling technique [42] from Imbalanced-Learn [55]
for rebalancing.

The rationale behind the single-application last-phase classifiers
is that we expect the last phase of an application to look similar
across executions regardless of what dataset the application exe-
cutes on. The reason is that we expect an application to perform
the same kind of wrap-up activities at the end of its execution for
any dataset. The rationale behind the general last phase classifier
is that we expect the last phases of different applications to look
similar because different applications may perform similar wrap-up
activities when they are close to finishing. We evaluate the suc-
cess of the single-application and general last phase classifiers in
Sections 5.1 and 5.2, respectively.

3.5 Predictability Classifier
The predictability classifier takes as input a sequence of profiling
samples and classifies whether that sequence came from an appli-
cation that has high or low predictability. We use an RNN with the
same architecture as that used for the last phase classifiers which
has been described in Section 3.4. To label an application as having
high predictability, its single-application classifier quality score
must exceed a certain threshold, and we use the F2 score and a
threshold of 0.7 as stated in Section 3.4. However, other quality
scores and thresholds may be used by the deployer depending on
the deployer’s priorities.

The rationale behind the predictability classifier is that we expect
applications with high predictability to have common character-
istics, and likewise for applications with low predictability. We
evaluate the success of the predictability classifier in Section 5.2.

3.6 Multi-node Profiling and Prediction
For applications running on multiple nodes, profilers typically pro-
vide multiple time series for the application, one for each core. In
this case, one challenge is how to consolidate the different time
series to make a prediction. We explore three different approaches
for handling multi-node applications:

(1) Select then predict: We make a prediction based on the
profile of a single selected core.

(2) Predict then aggregate: Wemake a prediction for each time
series separately, then aggregate the prediction by checking
if at least one-third of the time series are in their last phase.

(3) Aggregate then predict: We aggregate multiple time se-
ries into one (by taking the mean across all the time series
for each time point) and make a prediction based on the
aggregated time series.

The advantage of the first approach is that it avoids having to
gather profiling information from multiple nodes. The advantage
of the latter two approaches is that they leverage more informa-
tion from multiple cores/nodes, which is particularly important for
asymmetrical applications where activities on one core may not be
representative of the entire application. We evaluate the quality of
each approach in Section 5.3.

4 Methodology
Our training and inference workflows are implemented in Python.
We use NumPy [41] and pandas [74] for performing the data prepa-
ration and pre-processing tasks. We use TensorFlow [2] for imple-
menting the RNN models, and we also compare the RNN’s perfor-
mance to a dummy classifier [77] and XGBoost [17]. We use the
ADASYN [42] technique from Imbalanced-Learn [55] for balanc-
ing the training data. We use a standard scaler [77] to normalize
the features before providing them to the models. We use the F2
score [77] as the main classification quality score for the reasons
discussed in Section 3.4.

We use leave-one-group-out cross-validation from Scikit-Learn [77]
to evaluate the performance of all the classifiers. For the predictabil-
ity and general classifiers, all runs of an application on all datasets
serve as a group, such that the training set only contains runs of
different applications. For the single-application classifiers, we eval-
uate two cases: (1) when the dataset has been during training, and
(2) when the dataset has not been seen during training. In the first
case, a single run on a single dataset serves as a group, such that
the training set contains other runs of the application on both the
same and different datasets. In the second case, all runs on the same
dataset serve as a group, such that the training set only contains
other runs of the application on different datasets. Note that our
run-time workflow only contains one single-application classifier
per application. It does not differentiate whether or not a dataset
has been seen before. The objective of evaluating the two afore-
mentioned cases is to show how the classifier would perform if a
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Table 1: Benchmarks used in the evaluation

Suite Benchmarks Datasets
NPB [6] bt, cg, ep, ft, lu, mg, sp, ua B, C, D
PARSEC3.0 [111] canneal, dedup, facesim, fluidani-

mate, netdedup, netstreamcluster,
streamcluster, vips, x264

native, simlarge,
simmedium

SPEC OMP
2012 [70]

350.md, 352.nab, 359.botsspar,
360.ilbdc, 367.imagick, 371.applu,
372.smithwa

ref, train, test

Parboil [97] bfs, histo, tpacf small, large, de-
fault

Rodinia [15] hotspot, lavaMD, leukocyte, parti-
cle_filter, pathfinder

large, medium,
small

MLlib [68] correlation, dtclassifier, fmclassi-
fier, gbtclassifier, gmm, kmeans,
logisticregression, lsvc, mlp, pca,
randomforestclassifier, summa-
rizer

Three syntheti-
cally generated
datasets [77]

Table 2: Profiling metrics collected

ID Metric ID Metric
0 branch-instructions 25 LLC-store-misses
1 branch-misses 26 LLC-stores
2 bus-cycles 27 branch-load-misses
3 cache-misses 28 branch-loads
4 cache-references 29 dTLB-load-misses
5 cpu-cycles 30 dTLB-loads
6 instructions 31 dTLB-store-misses
7 ref-cycles 32 dTLB-stores
8 alignment-faults 33 iTLB-load-misses
9 bpf-output 34 node-load-misses
10 context-switches 35 node-loads
11 cpu-clock 36 node-store-misses
12 cpu-migrations 37 node-stores
13 emulation-faults 38 cycles-ct
14 major-faults 39 cycles-t
15 minor-faults 40 el-abort
16 page-faults 41 el-capacity-read
17 task-clock 42 el-capacity-write
18 duration_time 43 el-commit
19 L1-dcache-load-misses 44 el-conflict
20 L1-dcache-loads 45 el-start
21 L1-dcache-stores 46 mem-loads
22 L1-icache-load-misses 47 mem-stores
23 LLC-load-misses 48 slots
24 LLC-loads

different run with the same dataset has incidentally been seen in
the data used for training.

To train and test our prediction models, we use 44 data analytics
and scientific computing benchmarks from six benchmark suites
and libraries, with multiple datasets each. The benchmarks and
datasets used are listed in Table 1. We use all the benchmarks in the
single-node evaluation, and the NAS benchmarks in the multi-node
evaluation because they have MPI versions. We collect three runs
per benchmark per dataset. The running times of the benchmarks
range from 1.85 s to 22.6 min, with a mean running time of 94.01 s.
We also include a case study on a real application, GROMACS [102],
in Section 5.4.

For the single-node evaluation, we evaluate our tool using a dual-
processor Intel Xeon Platinum 8358 CPU system with 64 cores (64
threads, hyperthreading disabled) and 512GB of main memory. For

the mult-node evaluation, we use 256 MPI ranks distributed across
256 cores of a two-node cluster, each node is a dual socket AMD
EPYC 7713 CPU system with 128 cores (128 threads) and 256GB of
main memory. Although the scale is not very large, the main pur-
pose of our evaluation is to compare approaches for consolidating
predictions across many distributed ranks, as opposed to testing
scalability to massive scales.

We use Linux perf [24] to profile applications in the single-node
setup. We collect 48 profiling metrics listed in Table 2. Despite the
large number of metrics, AWTY introduces very little overhead to
the application in question at run time because it only extracts a
small number of samples and does not run for the entire application
duration. We use a sampling period of 200 ms. We use Performance
Co-Pilot [22] to profile applications in the multi-node setup.

We use heatmaps to visualize the time series of applications in
the motivating example in Section 1 and throughout the evaluation
in Section 5. The values in the heatmap are normalized using a min-
max scaler [77] before being plotted to enhance visual clarity. The
x-axes in the heatmaps represent time, and although the heatmaps
have the same width, their x-axes have different scales since the
benchmarks have substantially different execution times. To assess
which features distinguish the last phase of an application in our
discussions, we use visual inspection of the heatmaps aided with the
feature importance scores provided by the permutation importance
method [5].

5 Evaluation
5.1 Single-application Classifiers
Table 3 shows the F2 score for each benchmark and classifier and
the mean across all benchmarks. The benchmarks are sorted in de-
creasing order of their F2 score for the single-application predictor
when the dataset is not previously seen.

It is clear that the single-application classifier exhibits high pre-
diction quality across most benchmarks when it has seen the dataset
before. Moreover, even when the dataset has not been seen before,
the prediction quality remains high for many benchmarks. This
result indicates that our single-application classifiers are effective
in many cases.

To further understand what makes the single-application classi-
fiers perform well or not, we inspect the profiles of the individual
benchmarks. Figure 4 shows the profiles of the five benchmarks
with the highest F2 scores for the single-application predictor (the
benchmark with the sixth highest score, bfs, was used as a mo-
tivating example in Section 1). It is visually clear that all these
applications have distinct last phases. For example, lsvc and mlp
witness a notable increase in cpu-migrations (12) and dTLB-load-
misses (29). x264 witnesses a notable drop in context-switches (10)
and iTLB-load-misses (33), and an increase in cpu-migrations (12).
gmm witnesses a gradual drop in cycles and an increase in load
misses, particularly bus-cycles (2), cpu-cycles (5), ref-cycles (7),
LLC-load-misses (23), and node-load-misses (34). vips witnesses a
notable increase in a large number of profiling metrics. The fact
that these benchmarks have distinct last phases explains why their
classifiers can distinguish their last phases so well.

On the other hand, Figure 5 shows the profiles of the five applica-
tions with the lowest F2 scores for the single-application predictor.
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Figure 4: Time series for the five applications with the highest F2 scores for the single-application predictor. The profiling
metric values are normalized. The vertical black line indicates the beginning of the last phase detected by AWTY.
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Figure 5: Time series for the five applications with the lowest F2 scores for the single-application predictor. The profiling metric
values are normalized. The vertical black line indicates the beginning of the last phase detected by AWTY.

It is clear that all five applications do not have distinct last phases, so
it is not surprising that the classifiers could not distinguish the last
phases well. However, recall that our workflow screens these cases
out and simply reports that it cannot make accurate predictions for
that application.

5.2 Predictability and General Classifiers
The results in Table 3 also show that the predictability classifier is
quite effective at determining if an application has high predictabil-
ity. The general classifier also performs well for many benchmarks.
This result indicates that our tool is also effective at predicting if
many applications that have not been seen before are near comple-
tion.

To further understandwhen our tool is effective atmaking predic-
tions for applications that have not been seen before, we inspect the
profiles of the individual applications with high and low F2 scores
for the general classifier. The applications with high F2 scores for
the general classifier tend to have other applications with partially
similar last phases in the training set. For example, 359.botsspar
(F2=0.93), mlp (F2=0.92), 372.smithwa (F2=0.91), and x264 (F2=0.90)
all witness an increase in cpu-migrations (12) in their last phase.
Hence, each of these benchmarks benefits from having the other
benchmarks in the training set, which explains why they all per-
form well with the general classifier. Note that CPU migrations
at the end of an application are common to occur because when

some threads begin to finish their execution, the OS might start
migrating other threads to rebalance the load across cores.

On the other hand, the applications with low F2 scores for the
general classifier tend to either be more difficult to classify with the
single-application classifier, or to not have applications with similar
last phases in the training set. Figure 6(a) compares the F2 scores of
the single-application and general classifiers (each point represents
one benchmark). There is a clear association between the two scores.
Hence, applications that are more difficult to classify with the single-
application classifier are more difficult to classify with the general
classifier. However, some applications perform well with the single-
application classifier but not the general classifier. For example,
the application with the biggest difference in F2 scores between
the two classifiers is correlation. Figure 6(b) shows the time series
for correlation. The most distinguishing aspect of correlation’s
last phase is a moderate value for node-loads (35), but few other
benchmarks have such a last phase. On the contrary, 359.botsspar,
where node-loads are also important, actually witnesses very low
values for node-loads in its last phase. Hence, the absence of similar
last phases in the training data prevents the general classifier from
recognizing correlation’s last phase well.

These observations indicate that our rationale that different ap-
plications may have similar behavior at the end of their execution is
valid. However, there is still room for improving the general classi-
fier by expanding the pool of applications used for training, which
is the subject of future work. Fortunately, the general classifier
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Table 3: F2 scores for each benchmark and classifier

Benchmark Single-app Classifier Predictability General
Dataset seen Dataset unseen Classifier Classifier

lsvc 0.99 0.97 0.99 0.87
mlp 0.96 0.95 0.99 0.92
x264 1.00 0.95 0.99 0.90
gmm 0.95 0.94 0.99 0.92
vips 0.99 0.94 0.97 0.69
bfs 0.97 0.91 0.29 0.88

kmeans 1.00 0.90 1.00 0.89
pca 0.98 0.89 0.99 0.96

correlation 0.97 0.88 0.90 0.51
372.smithwa 0.93 0.87 0.97 0.91

facesim 0.96 0.86 0.99 0.81
particlefilter 0.95 0.85 0.83 0.78

randomforestclassifier 0.96 0.85 1.00 0.84
logisticregression 0.96 0.84 0.99 0.70

dtclassifier 0.97 0.84 1.00 0.97
summarizer 0.85 0.84 0.94 0.77
pathfinder 0.98 0.84 0.93 0.76

netstreamcluster 0.95 0.81 1.00 0.75
streamcluster 0.96 0.80 1.00 0.68
fluidanimate 1.00 0.80 0.98 0.73

352.nab 0.98 0.79 0.91 0.52
mg 0.99 0.79 0.89 0.57

gbtclassifier 0.95 0.79 1.00 0.76
371.applu 1.00 0.78 0.78 0.82
lavaMD 0.89 0.76 0.44 0.87

fmclassifier 0.93 0.74 0.72 0.65
leukocyte 0.80 0.74 0.99 0.66

ep 0.97 0.74 0.99 0.65
359.botsspar 0.99 0.73 0.69 0.93
canneal 0.96 0.72 0.97 0.85

ua 0.93 0.72 0.16 0.56
367.imagick 0.88 0.71 0.22 0.57

lu 0.94 0.69 0.99 -
bt 0.88 0.66 0.87 -
sp 0.93 0.65 0.06 -

dedup 0.94 0.65 0.98 -
ft 0.84 0.63 0.27 -

histo 0.80 0.63 1.00 -
hotspot 0.95 0.62 0.07 -

cg 0.92 0.60 1.00 -
350.md 0.79 0.59 0.97 -
netdedup 0.99 0.54 0.99 -
360.ilbdc 0.98 0.53 0.51 -
tpacf 0.66 0.53 1.00 -
Mean 0.94 0.77 0.82 0.77

(a) Single-app and general 
classifier F2 scores

(b) Time series for correlation

P
ro

fi
lin

g 
m

et
ri

c

time

0.50

0.55

0.60

0.65

0.70

0.75

0.80

0.85

0.90

0.95

1.00

0.70 0.80 0.90 1.00

F2
 s

co
re

 f
o

r 
ge

n
er

al
 c

la
ss

if
ie

r

F2 score for single-app classifier

Figure 6: Single-application vs. general classifiers

is expected to be less frequently used than the single-application
classifier in practice because most systems host users that run the
same applications repetitively, albeit on different datasets.
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(a) Comparing different approaches for handling multi-node applications
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Figure 7: Evaluating the single-application classifier when
the dataset has not been seen for multi-node applications

5.3 Multi-node Applications
Figure 7(a) compares the three different approaches for handling
multi-node applications described in Section 3.6 for the single-
application classifier when the dataset has not been seen. We ob-
serve that select then predict has the lowest classification quality,
indicating that one rank cannot be used to represent the entire
application. We also observe that aggregate then predict has better
classification quality than predict then aggregate, indicating that the
aggregation of the time series has useful information that is missed
when making predictions for each rank separately.

Figure 7(b) compares the classification quality of the single-
application classifier when the dataset has not been seen for the
single-node and multi-node versions of the same benchmark. It is
clear that multi-node applications are consistently easier to make
predictions for. To further understand this observation, Figure 7(c)
compares the time series for the single-node and multi-node ver-
sions of the ft benchmark, which has a large difference in quality
between the two versions, for the same dataset. It is clear that the
single-node version does not have a distinct last phase, whereas the
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Figure 8: GROMACS time series with two different datasets

Table 4: Comparison of mean F2 scores of each classifier
across different models

Classifier Dummy [77] XGBoost [17] RNN
Single-app (dataset seen) 0.33 0.88 0.94

Single-app (dataset unseen) 0.34 0.72 0.77
Predictability NA 0.71 0.82

General NA 0.67 0.77

multi-node version does, possibly due to the MPI wrap-up activities
done by the latter version.

5.4 Case Study: GROMACS
To demonstrate the effectiveness of our tool on real applications,
not just benchmarks, we evaluate it on GROMACS [102], a widely
used molecular dynamics package for simulating proteins, lipids,
and nucleic acids. We use nine datasets in our evaluation: argon,
cbt, linacc, linfix, position-restraints, radacc, radcon, radfix, and
rzero. We perform the evaluation on our multi-node setup and use
the aggregate then predict technique. Our evaluation shows that the
single-application classifier for GROMACSwhen the dataset has not
been seen achieves a mean F2 score of 0.82. Figure 8 shows the time
series for GROMACS with two different datasets. The argon dataset
runs longer than the linfix dataset, which explains why the last
phase detected is relatively shorter. Nevertheless, the last phases
are clear in both cases with many profiling metrics significantly
dropping in value. The last phases are also similar across the two
datasets (and all the other datasets we evaluated), which explains
why the mean F2 score is good. These results indicate that our
premises and techniques do not only apply to benchmarks but also
extend to real applications.

5.5 Comparison to Other Models
We use an RNN as our classification model because RNNs are effec-
tive at handling time series data. To demonstrate the effectiveness
of our choice of an RNN, we compare its performance to a dummy
classifier [77] as a reference, and to XGBoost [17] which is com-
monly used for classification and known for its ability to deal with
many diverse features. Table 4 compares the mean F2 scores for
each classifier across different models. It is clear that our RNN
model substantially outperforms the dummy classifier which in-
dicates that it is indeed learning something useful. Moreover, it is

Table 5: Profiling metrics collected on System 2

ID Metric ID Metric
0 branch-instructions 27 ic_fetch_stall.ic_stall_back_pressure
1 branch-misses 28 ic_fetch_stall.ic_stall_dq_empty
2 cache-misses 29 l2_cache_req_stat.ls_rd_blk_c
3 cache-references 30 l2_cache_req_stat.ls_rd_blk_cs
4 cpu-cycles 31 l2_latency.l2_cycles_waiting_on_fills
5 instructions 32 l2_request_g1.cacheable_ic_read
6 stalled-cycles-backend 33 l2_request_g1.ls_rd_blk_c_s
7 stalled-cycles-frontend 34 l2_request_g1.rd_blk_l
8 alignment-faults 35 l2_request_g1.rd_blk_x
9 context-switches 36 l2_request_g2.bus_locks_originator
10 cpu-clock 37 ex_ret_instr
11 cpu-migrations 38 ex_ret_mmx_fp_instr.mmx_instr
12 major-faults 39 ex_ret_mmx_fp_instr.sse_instr
13 minor-faults 40 fp_ret_sse_avx_ops.all
14 page-faults 41 ls_l1_d_tlb_miss.tlb_reload_1g_l2_hit
15 task-clock 42 all_tlbs_flushed
16 L1-dcache-load-misses 43 l1_dtlb_misses
17 L1-dcache-loads 44 l2_cache_accesses_from_dc_misses
18 L1-dcache-prefetches 45 l2_cache_accesses_from_ic_misses
19 L1-icache-load-misses 46 l2_cache_hits_from_dc_misses
20 L1-icache-loads 47 l2_cache_hits_from_ic_misses
21 dTLB-load-misses 48 l2_cache_hits_from_l2_hwpf
22 dTLB-loads 49 l2_cache_misses_from_dc_misses
23 iTLB-load-misses 50 l2_cache_misses_from_ic_miss
24 iTLB-loads 51 l2_dtlb_misses
25 bp_l1_tlb_miss_l2_tlb_miss 52 l2_itlb_misses
26 ic_fetch_stall.ic_stall_any 53 sse_avx_stalls

Table 6: Comparison of mean F2 scores of each classifier
across systems

Classifier System 1 System 2
Single-app (dataset seen) 0.94 0.93

Single-app (dataset unseen) 0.77 0.75
Predictability 0.82 0.84

General 0.77 0.74

clear that our RNN model outperforms XGBoost for all classifiers,
making it a suitable choice for our classification problem.

5.6 Replication Study
To assess the generality of our results, we also evaluate our work-
flow on a dual-socket AMD EPYC 7532 CPU system with 64 cores
(64 threads) and 512GB of main memory. Throughout this section,
we refer to the original system we used as System 1 and the system
we used for the replication study as System 2. We collect a total of
54 profiling metrics on System 2 which are shown in Table 5. Note
that some of these metrics are the same as those from System 1 and
some are different because the CPUs on the two systems do not
have the same set of hardware counters.

Table 6 compares the mean F2 score for each classifier across
both systems. It is clear that our workflow achieves comparable
performance on the two systems on average. Figure 9 shows the F2
scores of each benchmark across the two systems for each classifier.
It is clear that the F2 scores across the two systems are closely
associated. These observations indicate that our results replicate
across systems and that the extent to which we can predict if an
application is in its last phase is more dependent on the application
than the system it executes on.

Although the F2 scores across the two systems are closely as-
sociated, there are instances where one benchmark may have a
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(a) Single-app classifier,
dataset seen

(b) Single-app classifier,
dataset unseen

(c) Predictability classifier (d) General classifier
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Figure 9: Comparing F2 scores of each classifier across sys-
tems (each point represents a single benchmark)
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Figure 10: Comparing mg’s time series across systems

high F2 score on one system but not the other. For example, the
benchmark with the highest difference across systems in the F2
scores of the single-application classifier is mg. Figure 10 shows
the time series of mg for the two systems. For System 1, the last
phase is distinguished by the increase in node-load-misses (34) and
node-store-misses (36), while all other metrics remain the same. On
the other hand, System 2 does not have these two metrics, and all
the other metrics collected from System 2 do not change at the end
of the execution. This observation explains why the classifier for
System 2 was unable to distinguish the last phase as well as that
for System 1 for this particular benchmark.

6 Conclusion
We present a workflow for predicting if an executing batch-style
application is near completion. Our workflow analyses a large num-
ber of application profiles to find their last phases, then uses this
information to train classifiers that predict whether or not an exe-
cuting application is in its last phase. The workflow includes single-
application classifiers for applications that have been seen before
and a general classifier for applications that have not been seen
before. At run time, an executing application of interest is profiled
briefly, and its profiling samples are passed to the classifiers to
classify if the application is in its last phase or not. Our evaluation
shows that our workflow can predict if an executing application
is in its last phase reasonably well, with results replicating across
different systems. Our future work includes expanding the set of
applications used for training our predictors, and combining our
tool with a scheduler or resource manager to inform the latter when
deciding whether or not to kill a job.
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