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Abstract
Recent increase in computing capability of commercial
clouds has motivated scientific communities to transition their applications and infrastructures to the cloud.
Data prefetching plays a crucial role in this new cloudbased infrastructure in which client applications access
large volumes of scientific data resident at the remote
storage system. Because each scientific domain has its
own data format and its own client applications, the common prefetching algorithms such as those based on byte
streams do not work efficiently for every scientific domain. In this paper, we argue that efficient data prefetching algorithms for specialized scientific use cases can be
designed using domain-specific knowledge. We propose
a novel prefetching algorithm for a particular scientific
domain, which leverages domain-specific knowledge relating to the logical layout and the transfer unit of data.
We illustrate the efficiency of our algorithm via simulation and accuracy and recall metrics.
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Introduction

Scientific applications involve large scale mathematical
and numerical calculations to solve scientific problems
[1]. These applications need huge amount of compute,
storage, and networking resources to perform the required calculations [2]. The resource requirements of
scientific applications typically addressed with dedicated
high throughput computing systems which are geographically distributed over different administrative domains
[2].
Recently, there is an increasing interest among commercial cloud providers to show they can meet the resource requirements of scientific applications [2]. There
is also a growing interest among scientific communities
to leverage cloud computing to take advantage of common benefits of cloud environments such as scaling up
or scaling down the resources based on the requirements
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of the applications, easy access to large scale distributed
infrastructures, and no need for capacity planning [3, 1].
In both dedicated and cloud environments, data
prefetching plays a crucial role for the performance and
cost of the scientific applications running on the client
which access large amount of data resident at the remote storage servers [4]. The data prefetching algorithms might work based on byte streams or logical
units comprising data. The former algorithms either
prefetch whole file (full-file prefetching) or predict the
byte ranges that will be requested by the application in
the future based on the byte ranges requested in the past.
The latter algorithms are aware of the logical layout of
data, and as a result, they predict the logical data units
required by the application later based on the pattern of
accesses to the logical data units so far.
Byte stream based prefetching algorithms are ineffecient in most cases. The exception is that whole file
is needed to be processed by the application which occurs very rare. On the other hand, prefetching algorithms
which are aware of logical data units can be efficient provided that they enriched with domain specific knowledge
such as the organization of the logical data units in the
file, the pattern of accesses to those data units, and etc.
Considering the fact that each scientific domain has its
own data format and client applications, we think that
new efficient prefetching algorithms should be designed
specifically for each scientific domain, taking into the
consideration this domain specific knowledge. In this
paper, we focus on one such scientific domain, High Energy Physics (HEP). We propose a novel and efficient
prefetching algorithm which works based on basket, logical data units compromising ROOT [5] files leveraged
by HEP community. Although the proposed prefetching
algorithm has been designed for HEP, the concepts and
methodology presented in the paper is general enough to
be applied to other scientific domains.
The contributions of this paper are as follows :

• We illustrate that byte stream based prefetching
algorithms such as full-file prefetching, currently
used by HEP community, does not work efficiently.

Figure 1: Physical structure of a ROOT file [8]. Baskets
contain data and trees include only metadata.

• We argue that efficient prefetching algorithms can
be designed for scientific domains by taking into account the domain specific knowledge.
• We propose a novel prefetching algorithm for HEP
based on baskets, logical data units of ROOT files,
which leverages the HEP specific domain knowledge to prefetch data.
The rest of this paper is organized as follows: Section 2 provides a background on HEP datasets, ROOT
file format, and AAA global data federation. Section 3
describes the problem addressed by the paper and the
motivation behind our work. Section 4 reviews the related work in the area of data prefetching. Section 5 describes our prefetching algorithm and section 6 evaluates
the efficiency of our algorithm by discussing the simulation results. Section 7 concludes the paper with a brief
conclusion.
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Figure 2: Storing the data of a simple table into a tree in
a ROOT file.

The physical structure of a ROOT file consists of a
header, root directory, set of baskets, set of trees, and a
trailer (Figure 1). Header includes metadata describing
whole ROOT file such as the size of the file and trailer is
used to append data to the existing file. root directory is
similar to ”/” directory in UNIX and includes all the baskets and trees of the ROOT file. Baskets contain the actual data (branch entries) and trees only include the metadata such as their branches, total number of entries, and
etc. Additionally, baskets also contain some metadata including the branch they belong to, range of branch entries
they contain, and etc. Notice that although branches are
not shown in the physical structure of ROOT files, they
are written to the file as part of the tree. Moreover, the
baskets of the same branch are not necessarily consecutive in the file and they can have different sizes.
To make the concepts of tree, branch, entry, and basket
more clear, consider a simple table with four rows and
two columns (Figure 2). The table is mapped into a tree
”tree1” with two branches (”branch1” and ”branch2”) in
the ROOT file. Entries 0th to 3th of the first branch (all
values of the first column) are grouped into one basket
(basket#0 of ”branch1”). Similarly, the entries 0th to 2th
and entry 3th of branch2 inserted into first (basket#0 of
”branch2”) and second basket of branch2 (basket#1 of
”branch2”), respectively. The number of entries inside a
basket depends on the size of the branch entries and the
maximum size of the baskets associated with the branch,
which is defined by the user.
HEP datasets, which are set of events, can be considered as a table in which each row is an event and each column is a characteristic of the event. Because the size of a
HEP dataset is very large, it stored in a set of ROOT files
(Figure 3). That is, each ROOT file contains a portion

Background

The Compact Muon Solenoid (CMS) collaboration [6]
at the Large Hadron Collider (LHC) [7] depends today
on a global computing infrastructure of several hundred
petabytes of disk accessed by several hundred thousands
CPU cores. Thousands of scientists in the collaboration
derive physics results from the data. Physics data is organized into datasets. Each dataset is comprised of a
collection of events, in which each event is the representation of a proton-proton collision at LHC. Each event
in the dataset has a set of characteristics associated with
it. HEP community employs ROOT [5] file format to
store the datasets in the underlying storage system. The
logical structure of a ROOT file consists of a set of trees,
each tree has a set of branches, and each branch has
an ordered set of entries grouped into an ordered set of
baskets.
A tree in a ROOT file is analogous to a table. Each
branch of the tree is akin to a column of the table and
an entry of the branch is similar to a value of the column. Notice that a branch entry is not necessarily a scalar
value. It can be an array of values (e.g. array of integers
or array of array of integers). Therefore, to be more precise, we can say that a tree is similar to a non-relational
table in which a column of the table can be another table.
Basket is the unit of data that is stored into or retrieved
from the ROOT file. An ordered set of branch entries are
grouped together into a basket. The basket is first compressed and then written into the file [8].
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Figure 4: Procedure to retrieve a ROOT file by the client
Figure 3: A HEP dataset stored in a set of ROOT files;
all files have the same set of trees and each tree has the
same branches in all files; that is, all ROOT files have the
same structure. The events are stored in the baskets of
Events tree.

of sites (independent administrative domains) which are
coordinated by a set of redirectors. In each site, there
are a collection of clients and storage nodes as well as a
local caching proxy. The client running the job follows
the following steps to retrieve the ROOT file (portion of
the dataset) for processing ( Figure 4):

of the dataset (subset of events comprising the dataset).
The dataset is stored in the baskets of a tree called Events
tree. Each branch of the Events tree is a characteristic
of the event. The ROOT files also contain other trees
such as MetaData whose baskets contain metadata about
the dataset. The Events tree is large (several gigabytes)
but the other trees are small (several megabytes). All the
ROOT files associated with a dataset have the same trees,
and each tree has the same branches. In other words,
all the ROOT files storing a given dataset have the same
structure. On the other hand, they store different subset
of events. For instance, the first ROOT file might contain the first one million events of the dataset, the second
ROOT file might include the second one million events
of the dataset and so on and so forth.
In a typical HEP analysis workflow, an individual
scientist’s custom executable is applied to the dataset.
The purpose of the processing is to filter out interesting events, to calculate physics quantities of interest for
these filtered events, and to save the results into a smaller
dataset for further study. The CMS Remote Analysis
Builder (CRAB) [9] creates multiple instances of the custom executable and assigns a portion of the dataset to an
instance for processing. We refer to these instances as
jobs, and the collection of all instances required to process a dataset as a task. A task thus consists of many
jobs, each of which processes a different portion of the
dataset. Jobs can run in different clients.
All the physics data is organized into a global data federation [10], know as AAA (Any Data, Any Time, Anywhere) data federation, using the XRootd [11] software
and protocol. AAA data federation is comprised of a set

1. The client requests to access the ROOT file.
2. If the ROOT file is located at a local storage node
(i.e. a storage node at the same site the client is
running), it is given to the client.
3. Otherwise, the client contacts the local caching
proxy at its site.
4. The local proxy contacts the redirector to retrieve
the file from the other sites.
5. The redirector finds the site hosting the file and
gives the information needed to retrieve the file to
the local proxy.
6. The local proxy contacts the external site.
7. The local proxy retrieves the file from the external
site.
8. The client gets the ROOT file from the local proxy.
The prefetching algorithm runs in the local caching
proxy. If the prefetching algorithm is full-file prefetching, the local proxy prefetches the whole ROOT file from
the external site and gives it to the client which has requested the file. If our prefetching algorithm is employed
in the local proxy, it prefetches a set of baskets of the
ROOT file that are highly likely requested by the client
in the future.
3

Figure 5: Size of Root Files
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Figure 6: CDF of the fraction of the size of the ROOT
files accessed by jobs

Motivation
tion (less than 70 percent) of the size of the root files not
the whole, and jobs commonly require to access a large
number of root files storing the dataset, we can see how
inefficient the full-file prefetching strategy is. To indicate this inefficiency in terms of numbers, consider the
example of the task we mentioned previously which accesses 283 root files. If the size of each root file is about
2GB (Figure 5) and only 70 percent of the root file size
is required to be accessed by the task (Figure 6), then total of 283 × 0.3 × 2GB = 169.8GB of unnecessary data
is prefetched by the caching proxy.
This large volume of unnecessarily prefetched data is
very costly for both underlying storage system and communication network. It wastes lots of CPU cycles, and
I/O (network and disk) bandwidth. Therefore, we need
much more efficient prefetching algorithms than blind
full-file prefetching for applications. These algorithms
should essentially be aware of logical units of data requested by the application rather than byte streams. This
way, they can predict the data units that will be requested
by the application in the future based on the pattern of
the accesses to the data units in the past. Our proposed
prefetching algorithm is such kind of algorithm. It works
based on basket, which is the logical data unit requested
by a task running in a client.

CMS currently employs a full-file prefetching method
which is not aware of baskets (logical data units of root
files). In this strategy, if a client requests a basket of a
file, the caching proxy starts prefetching the whole file
from the data federation and makes it available to the
client. The size of the ROOT files can be quite large.
As seen in Figure 5, a histogram of the file size for a
common dataset (W2JetsToLNu) in CMS, the median
file size is greater than 2GB.
Moreover, different tasks only need to access a fraction of the data in a file; Figure 6 illustrates Cumulative
Distribution Function (CDF) of the fraction of the size of
files accessed by jobs (Only unique bytes requested by
the client are considered in the calculations). For about
98 percent of the root files, the tasks need to access less
than 70 percent of the root file size. It means that for
almost all files in this trace, the caching proxy would
prefetch an extra 30 percent that would not be needed
by the jobs processing those root files.
Finally, as a physicist wants to examine all events logically grouped in a dataset, task commonly accesses a
large percentage of files in the dataset. The client-side
prefetching strategies are only done within a single job,
yet the access pattern is common across the entire task:
only the storage layer sees across the multiple jobs of a
task. As an example, within the CMS-provided trace, one
task was composed of 142 different jobs that accesses a
total of 283 different files from the W2JetsToLNu dataset
(out of a total of 303 files).
Putting together all three observations that the size of
root files is quite large, jobs only need to access a frac-
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Related Work

In this paper we are providing evidence that the full performance benefit of prefetching data might not be available unless prefetching policies are expressed in domainspecific abstractions and the data can be (remotely) ac4

cessed using these abstractions. Scientific communities are using world-wide data grids [12] that are storing data in file systems and rely on prefetching entire
files [13]. Prefetching policies within file systems [14]
are also based on byte stream abstractions only. Similarly, prefetching in the World-wide Web [15] is based on
files and their context in web pages and websites. Content distribution networks (CDNs) (see for example [16])
are partitioning large files into byte-level chunks to alleviate main-memory overhead and reduce network congestion [17]. On the other hand, prefetching strategies
in language runtimes are data-structure aware and therefore can rely on the semantics of the data [18]. With
the advent of programmable storage systems [19] there
is now an opportunity to overcome the semantic gap imposed for so many years by byte-stream abstractions and
to express prefetching policies in terms of the meanings
of data.

5

Figure 7: Prefetch Matrix

..., (q, j) to one (This is based on the first observation
that each basket of a branch touches a set of events).
The algorithm continues getting the baskets and filling
the prefetch matrix until it reaches the pre-determined
value of T baskets. We refer to T as the number of trains
baskets used to fill the prefetch matrix.
Afterwards, it computes the sum of the elements for
each branch (column of the matrix). We refer to this sum
as the weight of the branch. Higher weights means more
number of events touched. Finally, the algorithm sorts
the branches based on their weight in decreasing order
and prefetches all the baskets of the top Q branches (second and forth observations).

Proposed Prefetching Algorithm

We propose a novel prefetching algorithm which is more
efficient than blind full-file prefetching strategy. Our algorithm is motivated by the following observations:
1. Each basket of a branch contains a subset of the entries of that branch.
2. All the ROOT files in a given dataset have the same
structure; that is, they all have the same trees and
branches but with different data (baskets).
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3. It is common for a task (i.e. different jobs of the
task) to access a large number of ROOT files in the
dataset (sometimes all files in the dataset), and as a
result, very large volume of data.

Evaluation

We leveraged simulation to evaluate the efficiency of
the proposed prefetching algorithm. We chose the trace
of accesses from three different tasks over three different datasets. The accesses in the trace files had
the form (start o f f set, size, f ile name), indicating that
the job requested the byte range from start o f f set to
(start o f f set + size) of the ROOT file f ile name.
We employed RootUtils [20] library to translate the requested byte ranges to the corresponding baskets. The
tasks were running during the time period 01/01/2017
through 02/01/2017 at UCSD site. Table 1 lists the number of jobs of each task, and the number of accesses of
each task to the corresponding dataset. Table 2 lists the
dataset name and the total number of ROOT files in the
datasets. Notice that different jobs of the same task might
access to the same ROOT file in the dataset because they
are running in different client machines. Therefore, the
number of accesses of a task to the dataset can be greater
than the number of the ROOT files in the dataset (e.g.
task2 over dataset2).
We used the baskets of the first 4 ROOT files accessed
by the task to fill the prefetch matrix. We evaluate the ef-

4. If the application requests a basket of a branch, it is
highly likely that it will request the other baskets of
the same branch.
5. The size of Events tree is much larger than the size
of the other trees in the ROOT file.
The algorithm only considers Events tree which contains the dataset and its size is much larger than the other
trees (fifth observation); it first creates a N × K matrix,
called pre f etch matrix (Figure 7). In the matrix, each
row indicates an event number and each column represents a branch of the Events tree. N is the total number of events in the dataset and K is the total number of
branches of the Events tree. The value of each element
of the matrix is either zero or one and they are all initially zero. If the application requests a basket of branch
j and the basket contains the event numbers p through
q, then the algorithm sets the elements (p, j), (p + 1, j),
5

Task

# of Jobs

# of Accesses

Dataset

Task1
Task2
Task3

24
142
17

70
331
143

Dataset1
Dataset2
Dataset3

Table 1: Tasks used in the simulation
Dataset

Name

# of ROOT Files

Dataset1
Dataset2
Dataset3

W 2JetsToLNu
tZq ll
QCD Pt

431
303
163

Table 2: Datasets leveraged in the simulation
Figure 8: Accuracy in terms of Byte for Task3

ficiency of the algorithm using the well-known measures
of accuracy and recall, and in terms of both basket and
byte. The basket is the unit of access to the underlying
storage system and byte is the unit of data transferred in
the communication network.
P+T N
The accuracy is defined as T P+TT N+FP+FN
. This measure shows that how much the prefetching algorithm
is efficient in prefetching baskets/bytes that should be
prefetched and not prefetching baskets/bytes that should
not be prefetched. True Positives (TP) is the number
of baskets/bytes correctly prefetched (Job needed them
and they were prefetched). False Positives (FP) is the
number of baskets/bytes wrongly prefetched (Job did not
need them but they were prefetched). True Negatives
is the number of baskets/bytes correctly not prefetched
(Job did not require them and they were not prefetched).
False Negatives (FN) is the number of baskets/bytes
wrongly not prefetched (Job needed them but they were
TP
. This
not prefetched). The recall is defined as T P+FN
metric shows that how much our algorithm is efficient
in prefetching only the baskets/bytes that should be
prefetched (coverage of the baskets/bytes that needed to
be prefetched).
In the following subsections, we present the results of
accuracy and recall for task3. We do not discuss the results of these metrics for the other tasks because they are
very similar to task3. Moreover, we present the results of
the metrics for each file accessed by the task.

6.1

Figure 9: Accuracy in terms of Basket for Task3

shown in the figure is calculated considering all the files
accessed by the task.
According to the figure, the byte accuracy increases as
the value of M increases from 5% to an optimal value
(55%). Further increase of M (from optimal value to
95) results in decrease of the byte accuracy because it reduces the True Negatives (it prefetches bytes not needed
by the jobs). Moreover, the byte accuracy of the proposed algorithm for optimal value of M = 55% is higher
than that for the full-file prefetching strategy.
Figure 9 plots the basket accuracy (accuracy in terms
of basket) for different values of M. The results of basket accuracy are akin to the results of byte accuracy. The
basket accuracy of the proposed algorithm for the optimal M = 55% is much better than basket accuracy of the
full-file prefetching. Comparing the basket and byte accuracy results shows that best byte and basket accuracy

Accuracy

Figure 8 illustrates the byte accuracy (accuracy in terms
of byte) of full-file prefetching strategy and the proposed
algorithm for different values of M. M is the percentage
of the branches prefetched by the proposed algorithm.
That is, if the number of prefetched branches is Q and the
total number of branches is K, then M = Q
T × 100. The
full-file prefetching is equivalent to M = 100 in which
all branches are prefetched. Notice that the accuracy
6

(a) The proposed algorithm

(b) Full-file prefetching

Figure 10: Confusion matrix for the proposed algorithm
with optimal M = 55% (top) and full-file prefetching
(bottom) in terms of Gigabytes (left) and million baskets
(right).

Figure 11: Recall in terms of Byte for Task3

are obtained from the same optimal value of M (50%)
and basket accuracy is lower than byte accuracy for both
full-file prefetching and our algorithm.
Figures 10a and 10b show the confusion matrix for
the proposed algorithm with optimal value M = 55% and
full-file prefetching, respectively. Full-file prefetching
strategy prefetches about 51 Gigabytes and 20 million
baskets that is not required by the task, causing a great
deal of bandwidth wastage for both network and disk.
On the other hand, these values is much lower for our
algorithm (around 10 Gigabyte and 2 million baskets),
indicating that our algorithm is much more efficient than
the full-file prefetching.
Figure 12: Recall in terms of Basket for Task3

6.2

Recall

Unlike accuracy metric which indicates how much a
prefetching algorithm is efficient in both prefetching required baskets/bytes and not prefetching unnecessary
baskets/bytes, the recall measure is indicator of how
much the algorithm is efficient in only prefetching the
required baskets/bytes. Figure 11 plots the recall of fullfile prefetching and the proposed algorithm for different values of M. Full-file prefetching has the best recall,
which is 1. This is because it prefetches whole file, which
means it also prefetches whole baskets/bytes required by
the task. Moreover, the recall increases as the value of
M increases. For the value of M = 55%, which our algorithm has the optimal accuracy, the byte recall value is
0.98, indicating that the proposed algorithm prefetches
the most bytes required by the task.
Figure 12 illustrates the results of basket recall (recall
in terms of basket) for different values of M. The results
are similar to those from byte recall. The basket recall of
full-file prefetching is the best and the basket recall of the

proposed algorithm increases as the value of M increases.
Basket recall for the M = 55%, which the algorithm has
the best accuracy is about 85%.

6.3

Accuracy and Recall per File

In the previous subsections, we presented the results of
accuracy and recall per task. That is, we considered the
total files accessed by the task to compute the accuracy
and recall metrics for the task. Here, we present the results per each file accessed by the task. To this end, we
consider Task3 and the value of M = 55% for which the
algorithm had the best byte/basket accuracy. Figures 13
and 14 show the byte/basket accuracy of the algorithm
for each file accessed by the task. According to the figures, the byte and basket accuracy for 134 files out of 139
files are greater than 0.9, and 0.8, respectively. Figures
15 and 16 indicate the byte/basket recall of the algorithm
per each file. As shown in Figure 15, the byte and basket
7

Figure 16: Basket recall per each file accessed by Task3

Figure 13: Byte accuracy per each file accessed by Task3

recall for 135 files out of 139 files is greater than 0.95 and
0.8, respectively. These results of accuracy and recall per
each file indicate that the proposed algorithm also works
efficiently for most of the files accessed by the task.

7

Conclusion

In this paper, we showed that common byte stream based
prefetching algorithms ( e.g. full-file prefetching) do not
work efficiently for scientific domains such as High Energy Physics. Moreover, we argued that we can use scientific domain specific knowledge (e.g. logical data units
comprising the files, their access pattern and etc) to design much more efficient prefetching algorithms for these
domains. We proposed a novel prefetching algorithm for
High Energy Physics based on the basket, the logical data
unit in ROOT files. Through a set of simulation results,
we show that the proposed algorithm is much more efficient than blind full-file prefetching.

Figure 14: Basket accuracy per each file accessed by
Task3

In the future works, we can apply the concepts presented in the paper to different scientific domains including Genomics and Weather Forecasting to design efficient prefetching algorithms for these domains considering their domain specific knowledge. Moreover, we can
have real implementation of our prefetching algorithm at
the caching proxy to see whether it also works efficiently
in the real system.
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Figure 15: Byte recall per each file accessed by Task3
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