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1 INTRODUCTION

Data retention policies at HPC facilities play a vital role in retaining
valuable files and maintaining sufficient storage space. In addition
to the classical time-based data retention solution [6], many data
retention solutions were proposed over the years [2, 8, 9], but none
of them were put into practical use due to the significant complexity
in the retention criteria or the deployment. The current in-practice
data retention policies only focus on the temporal properties of
files [1, 3-5, 7] and hence may cause unnecessary data access in-
terruption or even data loss to users. In this study, we propose an
activeness-based data retention action recommender (ActiveDR) that
generates user-centric data retention recommendations based on
a holistic view of the user activeness. It is the first data retention
solution that promotes the active and fruitful use of the HPC facil-
ities. Our evaluation on the recommendation results shows that,
as compared to the data retention policies in practice, adopting
ActiveDR’s data retention recommendation can significantly avoid
undesired data loss for active users while reaching the same purge
target. Also, we show that ActiveDR is a resource efficient data
retention solution.

2 METHODOLOGY

As shown in Figure 1, ActiveDR considers the activeness of users of
an HPC facility at the center of its design, including the operations
that the users perform on the HPC system and the outcome that the
users produce from the operations performed on the HPC system.
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Figure 1: Overview of ActiveDR Design

Following the definition of some important metrics in our user
activeness evaluation framework shown in Table 1, we first build a
time-series activeness rank vector as shown in Figure 2.

Table 1: List of Mathematical Notations in User Activeness
Evaluation Framework
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Figure 2: Time-series Activeness Rank Vector when m) = 5.

With the activeness rank vector, we can calculate the overall
activeness rank of a particular activity type A:

0 =[] by (1)
e=1

For other types of activities that can be categorized as operations
or outcome, we perform the following calculation to derive the
overall operation activeness @, and the overall outcome activeness
Dy

Mop Moc
Cop= [ | ®1, and ®oc= [] @1, @)
Aop=1 Aoe=1

where A, denotes any operation activity and Ao, denotes any
outcome activity. Note that both @, and @, will be within either
the range [0, 1) or the range [1, +0).
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Figure 3: User Classification Matrix

Once the operation activeness and outcome activeness are eval-
uated, we can formulate a 2D matrix to classify all users into four
categories (as depicted in Figure 3) and sort these users according to
their activeness scores in each category. When sorting these users,
we treat the operation activeness score @, with higher priority.
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ActiveDR generates recommendation on every d days. The life-
time ¢¢ of file f owned by this user can be calculated by the follow-
ing equation:

e =d X Dop X Dpc (3)
where @, and @y can be reset to 1.0 if they are less than 1.0. If
a user is inactive for both the operations and the outcome, the
lifetime ¢ of file f owned by this user is ¢f = d. When ActiveDR
generating recommendation at time t, if the access time of file f
is denoted as atimef, as long as t; — atimef > ef, ActiveDR will
generate a file purge action in the recommendation result for file f.

3 EVALUATION

We conducted our evaluation on the Cori Haswell computing nodes
at NERSC. Our prototype implementation of ActiveDR can be found
at [10].

To evaluate ActiveDR, we perform simulations of both ActiveDR
and the in-practice fixed-lifetime data retention policy (a.k.a FLT).
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Figure 4: Overall Data Retention Effect

Figure 4 shows that both solutions lead to the same number of
purged files and the same amount of data being purged. However,
the number of retained files and the total size of them for ActiveDR
is less than those of FLT.
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Figure 5: Total Size of Purged Files for the Users of Various
Activeness Categories

Figure 5 demonstrates that ActiveDR purges fewer files for all
active users and purges more files for “both inactive” users as com-
pared to “FLT”. ActiveDR does not lose the ability to purge files for
inactive users, and it even performs better than the FLT does.

As shown in Figure 6, by adopting the data retention recommen-
dation of ActiveDR, the number of users affected by data purge
actions in all three active user groups is much smaller than that of
the FLT approach.

Figure 7a, shows that ActiveDR only require about 500MB mem-
ory to execute and it only took less than 2 minute to load all user
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Figure 6: Number of Users Affected by File Purge
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(b) Time for Activeness Evaluation and Recommen-
dation Generating

Figure 7: Performance Evaluation

activities collected within 2 years, which is considered very effi-
cient for HPC environment. Figure 7b shows that the activeness
evaluation and the actual recommendation generating process is
blazingly fast, which only took less than one second.
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