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ABSTRACT
In HPC systems, users’ requested runtime for submitted jobs plays
a crucial role in efficiency. While underestimation of job runtime
could terminate jobs before completion, overestimation could re-
sult in long queuing of other jobs in HPC systems. In reality, run-
time prediction in HPC is challenging due to the complexity and
dynamics of running workloads. Most of the current predictive
runtime models are trained on static workloads. This poses a risk
of over-fitting the predictions with bias from the learned workload
distribution. In this work, we propose an adaptation of Correla-
tion Alignment method in our deep neural network architecture
(DCORAL) to alleviate the domain shift between workloads for
better runtime predictions. Experiments on both Benchmark work-
loads and NCAR real-time production workloads reveal that our
proposed method results in a more stable training model across
different workloads with low accuracy variance as compared to the
other state-of-the-art methods.
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1 INTRODUCTION
In most High Performance Computing (HPC) systems, users are
required to estimate runtime and other resources for their submit-
ted jobs before execution. This helps schedulers allocate adequate
resources for the running jobs and backfill other queuing jobs in
the systems. These estimations require experience in running jobs
on HPC. Both underestimation and overestimation have negative
effects on HPC systems. Underestimation which occurs when the
job’s actual runtime exceeds what users estimate can waste re-
sources and time of the HPC systems since they get killed without
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generating any results. On the other hand, overestimation can in-
crease queuing time and idleness of the system due to inability of
backfilling. Therefore, better runtime predictions cam save time
and resources for HPC systems tremendously.

Although there exist machine learning algorithms to tackle this
runtime prediction problem, most classifiers are trained on a static
dataset. However, workloads on HPC systems are dynamic across
different systems and periods of time, requiring robust machine
learning models for reliable runtime predictions.

In the meantime, Domain Adaptation (DA) and Transfer Learn-
ing (TL) have been growing rapidly. DA is defined as a special
case of TL in which labeled data in one or more related source
domains are leveraged to learn a classifier for unseen or unlabeled
target domain. The main distinction between DA and TL is the
assumption of similar category space [2]. In other words, DA as-
sumes both different marginal distribution between source and
target data (P(Xsource ) , P(Xtarдet )) and similar category space
P(Ysource |Xsource ) = P(Ytarдet |Xtarдet ) [13]. Despite recent ad-
vances in DA with deep networks, they have not been applied in
HPC scheduling problems.

2 OUR APPROACH
2.1 Problem Formulation
In this work, we focus onminimizing users’ mispredictions of actual
running time using Deep Neural Network Architecture. We divide
runtime mispredictions into different classes depending on their
time range. Specifically, six time periods are taken into considera-
tions: under-prediction (<0m), over-prediction within 15 minutes
(<=15m), over-prediction between 15 minutes and 1 hour (15m-1h),
over-prediction between 1 hour and 3 hours (1h-3h), over-prediction
between 3 hours and 7hours (3h-7h), and over-prediction more than
7 hours (>7h). This becomes a 6-class classification problem.

2.2 Domain Adaptation Formulation
To tackle DA problem, we adapt the successful approach of CORAL
[10] for domain alignment in our work, named as DCORAL. This
work is novel in HPC community due to its initial attempt in uti-
lizing DA methods for runtime predictions among different work-
loads. In domain adaptation settings, we denote source labeled data
as Ds = {X s ,Y s } = {(xsi ,y

s
i )}

ns
i=1 and unlabeled target data as

Dt = {X t } = {xti }
nt
i=1 where ns and nt represent the number of

source examples and target examples respectively. Both source and
target examples share the same set of features. In other words, xsi
and xti ∈ RL where L represents the learned deep feature dimen-
sions from the bottleneck layers [1]. The overall networks can be
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trained by minimizing the overall loss function as below:

L(θ |Xs ,Ys ,Xt ) = Ls + Ld (1)

where Ls ,Ld denote source domain loss and domain discrepancy
loss respectively

2.2.1 Backbone architecture.
We re-implement AlexNet architecture [5] from Image Recognition
tasks. The architecture contains 5 convolutional layers (Conv1-
Conv5) for feature extraction from source data (bottleneck layers)
and 3 fully-connected layers (FC1-FC3) to adapt classification task
from source to target domains.

2.2.2 Source Domain Loss.
Source domain loss defines the classification loss function in labeled
source domain data. c(.) can be cross-entropy loss in our problem.

Ls =
1
ns

ns∑
i=1

c(θ |xsi ,y
s
i ) (2)

2.2.3 Domain Discrepancy Loss.
DomainDiscrepancy Lossmeasures the discrepancy between source
and target distributions which can be learned by either correlation
alignment (CORAL), DeepCORAL [11], or MaximumMean Discrep-
ancy (MMD) [6]. In our experiments, we implement CORAL as a
preliminary domain discrepancy measure as follows:

Ld = CORAL(Hs ,Ht ) =
1
4L2

| |Cov(Hs ) −Cov(Ht )| |
2
F (3)

where Cov(.) denotes co-variance matrix for the source or target
output from bottleneck layers. | |.| |2F is the standard Frobenius nor-
malization. Hs and Ht are the feature representations of source and
target domains from the bottleneck layers.

3 EXPERIMENTS
3.1 Dataset and Feature Augmentation
We conduct testing our proposed model on real-time production
Portable Batch System (PBS) workload [7] from National Center for
Atmospheric Research (NCAR) and standard Benchmark datasets.
For standard Benchmark dataset, we identify Cornell Theory Cen-
ter IBM SP2 (CTC) 1 [8], Swedish Royal Institute of Technology
IBM SP2 (KTH)2 [8], and San Diego Supercomputer CenterBlue
Horizon (SDSC) 3 [8] as experimental workloads. These workloads
are recorded in Standard Workload Format (SWF) 4 [8].

Regarding NCAR dataset, we identify three different historical
workloads to conduct adaptation learning method. To avoid short-
ened number of days in the first and last week of each month, we
use Week 2 (M2), Week 3 (M3) and Week 4 (M4) of April 2019.

As NCAR workloads are extracted from PBS logs, all features
from PBS accounting logs are extracted since they are rich in repre-
sentation of submitted jobs. SWF features are extracted for Bench-
mark dataset. Both of these features are augmented with additional
historical features proposed by [3], resulting in 79 features for
NCAR dataset and 34 features for Benchmark dataset.
1http://www.cs.huji.ac.il/labs/parallel/workload/lc tcsp2/index .html
2http://www.cs.huji.ac.il/labs/parallel/workload/lk thsp2/index .html
3 http://www.cs.huji.ac.il/labs/parallel/workload/lsdscb lue/index .html
4http://www.cs.huji.ac.il/labs/parallel/workload/swf.html

3.2 Evaluation Result
We use Accuracy as DA evaluation metric due to its direct correla-
tion with errors of model predictions on target domains. The state-
of-the-art methods include Random Forest (RF), Gradient Boosting
Classifier(XGB) proposed by [4], Feed Forward Neural Network (FF)
[12], Bidirectional Long Short-termMemory Network (Bi-LSTM)[9]
and Convolutional Neural Network (CNN) with AlexNet architec-
ture. Table 1 and 2 report accuracy on the target data through
adaptation from source data (Noted as source→ tarдet)

Table 1: Benchmark Dataset Result

Methods RF XGB FF Bi-LSTM CNN DCORAL
CTC→KTH 0.254 0.089 0.191 0.245 0.193 0.385
KTH→CTC 0.462 0.118 0.528 0.303 0.276 0.426
CTC→SDSC 0.292 0.058 0.092 0.161 0.143 0.241
SDSC→CTC 0.256 0.611 0.204 0.21 0.285 0.395
KTH→SDSC 0.563 0.273 0.695 0.886 0.287 0.384
SDSC→KTH 0.614 0.159 0.749 0.799 0.212 0.511
Average 0.407 0.218 0.410 0.434 0.233 0.390

Table 2: NCAR Dataset Result

Methods RF XGB FF Bi-LSTM CNN DCORAL
M2→M3 0.467 0.054 0.389 0.357 0.412 0.875
M3→M2 0.396 0.295 0.591 0.610 0.211 0.365
M2→M4 0.258 0.041 0.105 0.129 0.295 0.398
M4→M2 0.372 0.326 0.498 0.456 0.349 0.383
M3→M4 0.849 0.377 0.772 0.882 0.129 0.698
M4→M3 0.747 0.277 0.835 0.873 0.505 0.735
Average 0.515 0.228 0.532 0.551 0.317 0.576

As indicated in Table 2, DCORAL outperforms other methods
in average accuracy across different workloads (2.5% above the
second best model in NCAR dataset). From both Table 1 and 2,
We could also determine that CORAL loss benefits adaptation
from source to target domains as DCORAL performs better than
CNN with the same AlexNet architecture in all tasks with im-
provement gain of 15.7% on Benchmark dataset, 25.9% on NCAR
dataset. Based on our result, Bi-LSTM architecture is the best op-
tion for backbone architecture as compared to FF and AlexNet.

4 DISCUSSION AND FUTUREWORK
We can further improve the performance of DA methods and re-
duce computational cost by pre-training backbone architecture
from larger workload datasets which are similar to MNIST dataset
in Computer Vision. In addition, further discriminative feature
learning on the source domain [1] could be elevated to further min-
imize the discrepancy between target and source domains. Further
simulation with more diverse datasets is also needed to verify the
effectiveness of these runtime predictions.
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