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Abstract. The ROOT software package provides the data format used in High
Energy Physics by the LHC experiments. ROOT offers a data analysis inter-
face called RDataFrame, which has proven to adapt well to the requirements of
modern physics analyses. However, with the increasing data collected by the
LHC experiments, the challenge to perform an efficient analysis expands. One
of the solutions to ease this challenge is the leverage of modern high-performing
distributed computing environments, for which RDataFrame provides an easy-
to-use interface layer - the distributed RDataFrame.

In this paper, we show that the distributed RDataFrame is out of the experimen-
tal testing phase, and it is now ready for production thanks to a stabilized user
interface. We delve into recent improvements of the distributed RDataFrame,
including memory management, C++ code inclusion, and Pythonizations of the
interface that allow running the workflows seamlessly. This includes running
the distributed RDataFrame on various Analysis Facilities, which is discussed
towards the end of the paper.

1 Introduction

RDataFrame (RDF) has been ROOT’s analysis interface since ROOT 6.14 (2018) [1], and
it has been thoroughly tested on single and multi-core machines ever since. In ROOT 6.24
(2021), the initial RDataFrame functionalities were expanded by introducing the distributed
RDataFrame [2]. This fully Pythonic package allows users to benefit from the distributed
computation on a number of nodes while using an already-known PyROOT RDataFrame
API. The currently supported backends in distributed RDF are Apache Spark [3] and the
Python library Dask [4].

Until now, the distributed RDataFrame has been part of the ROOT’s experimental names-
pace, signifying ongoing development efforts without promising backward compatibility to
the users. With the current level of development, especially considering the ergonomics of
the user interface, available data input sources and Pythonizations within the ROOT frame-
work, this paper claims that the distributed RDataFrame is ready for production. In particular,
we will consider code stability improvements in Section 2, a set of new features in Section 3
and the performance of the distributed RDataFrame in Analysis Facilities in Section 4. The
summary and next steps are given in Section 5.
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2 Code Stability

This section describes recent efforts to improve the code stability in the distributed
RDataFrame, including improvements to the user-interfacing functions and reduced appli-
cation memory usage.

2.1 User Interface

The user interface of the distributed RDataFrame has been improved so that the local and
distributed RDataFrame versions are compatible in aspects such as RDF object construction
and function calls.

Listing 1 shows different ways of constructing an RDataFrame object. Case 1 is a lo-
cal RDataFrame constructor while case 2 is the distributed RDataFrame constructor, divided
into two sub-cases based on the selected backend, either Dask or Spark. Albeit similar, the
constructors shown in cases 1 and 2 differ in a few instances. Firstly, by the current use of
the experimental namespace RDF .Experimental in the distributed RDataFrame construc-
tors. Secondly, by an addition of Distributed.Dask or Distributed.Spark in case of
the distributed RDataFrame constructors. These differences force users to foresee the exe-
cution type at the time of writing the application and to change the constructors every time
they want to run an analysis on different resources. In order to simplify the RDF usage and
allow for easier transition between the local and distributed scenarios, a unified constructor
is introduced, see case 3. The optional third argument allows users to specify the executor.
The options are to either not use the third argument, hence requesting a local execution, or to
use either daskclient or sparkcontext, depending on the chosen backend. Both cases 2
and 3 of constructing the distributed RDataFrame remain available to the users, but the latter
is recommended.

# Case 1: Local RDataFrame constructor
> RDataFrame = ROOT.RDataFrame
; df = RDataFrame (treeName, fileName)

s # Case 2a: Distributed RDataFrame constructor, using Dask backend
¢ RDataFrame = ROOT.RDF.Experimental.Distributed.Dask.RDataFrame
7 df = RDataFrame(treeName, fileName, daskclient=daskclient)

# Case 2b: Distributed RDataFrame constructor, using Spark backend
RDataFrame = ROOT.RDF.Experimental.Distributed.Spark.RDataFrame
11 df = RDataFrame(treeName, fileName, sparkcontext=sparkcontext)

13 # Case 3: New, unified constructor of either local or distributed RDataFrame
1+ RDataFrame = ROOT.RDataFrame(treeName, fileName, executor=SupportedExecutor)

Listing 1: RDataFrame constructors depending on the mode of operation.

Once an RDataFrame object is constructed, the analysis workflow starts. The goal is that
all RDF operations (actions, transformations and queries)' performed on the RDataFrame
should be available for both local and distributed cases as long as they can be applied to
both?. For this reason, many of the query functions were recently added to the distributed
RDataFrame, for example, GetColumnNames or GetColumnType("columnName"). Ad-
ditionally, some of the function calls differed between local and distributed RDataFrame.

ISee [5] for details of the RDF operations categories.
2For example, DefineSlot function is only usable in the case of local, multi-threaded RDF, hence not needed
in the distributed RDF package.
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Listing 2 shows an example of such a function call. Every time the user’s application was
designed agnostically towards the type of execution (local vs distributed), a conditional state-
ment had to be put in place (line 2 — 5). Now, the unified version of the function calls:
ROOT.RDF.Experimental .VariationsFor (line 8) and ROOT.RDF.RunGraphs are avail-
able, making the user experience a true zero code change between local and distributed ver-
sions of RDataFrame.

# Without a unified API
> if type(df).__module__ == "DistRDF.DataFrame":

variationsfor_func = ROOT.RDF.Experimental.Distributed.VariationsFor
 else:

variationsfor_func = ROOT.RDF.Experimental.VariationsFor

7 # With a unified API: df can be either a local or a distributed RDataFrame
variationsfor_func = ROOT.RDF.Experimental.VariationsFor (df)

%

Listing 2: The conditional statement needed to make an application usable in both local
and distributed RDataFrame executions and the new unified API with an example of the
VariationsFor function.

2.2 Memory Usage

As the distributed RDataFrame package was being enriched with new features and its per-
formance was being improved, applications of increased complexity started to be written,
demonstrating these increasing capabilities. For example, the benchmark provided by the
Analysis Grand Challenge [6] was implemented in RDataFrame [7] and was executed dis-
tributedly on the SWAN platform [8] using the Dask scheduler and 64 HTCondor workers
(1 core each). The workflow covered all analysis steps, including the machine learning infer-
ence for the jet tagging. We observed that during execution, the main memory consumption
increased towards the 2GiB per core limit, which led to an unsuccessful execution. The prob-
lem was identified as improperly managed artefacts of the cached computation graphs, and
a better management of these caches was introduced as a solution. Figure 1 compares the
memory usage before and after this solution was found. The red line marks the main mem-
ory consumption of 1GiB per core, which, after solving the issue, is never reached by any
of the workers, making the applications run smoothly in this and similar analyses contexts.
However, note must be taken that memory management of an arbitrary analysis depends on
various factors, independent of the RDataFrame machinery; hence, we cannot guarantee this
solution will always suffice.

3 New Features
A number of new features were recently introduced to make the distributed RDataFrame more
aligned with the needs of the users.

3.1 User Interface — C++ Code Inclusion

Many modern HEP analyses are written almost entirely in Python. However, the use of certain
C++ libraries or functionalities is sometimes crucial and cannot be fully omitted. There is
a straightforward method to include C++ code inside a local, Python-based RDataFrame
application, but for the distributed RDataFrame situation, it is more complex. In order to
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make the distributed RDF API more user-friendly, we add three main features: distributing
headers, declaring C++ code, and distributing shared libraries.

The basis of including the C++ code in a PyROOT application is by using the
TInterpreter class, which for the local case is documented in [9]. In the distributed sce-
nario, we need to distribute the same code to all workers. Listing 3 shows how to include a
necessary C++ header file at runtime of the Python application using the Dask backend when
no specific API function is available. The crucial part is the use of the initialize function,
which takes a Python callable as an argument (line 8). This callable will be executed both on
the local machine (by default) and at the beginning of every distributed execution task. Inside
the callable function itself, we first need to find the path to the header on the file system of
the worker (lines 5 — 6). In the case of Dask, its API can be used to retrieve the local worker
directory to which RDataFrame has sent the header in a previous step of the execution. Fi-
nally, by using gInterpreter.Declare, we declare to the C++ interpreter that we want to
include all the code that is inside the header myheader .h (line 7). In order for the user not to
get involved with this somewhat complex method to distribute headers, we introduced a new
API function tailored for such distributed use cases. The user can now simply write one line,
see line 11.

# Case 1: Using gInterpreter to include a C++ header - the old way
> def load_header():

"""Load C++ helper functions. When using distributed RDataFrame
my_header.h’ is copied to the local_directory of every worker (via
distribute_unique_paths ‘)"""

‘

localdir = get_worker().local_directory
6 cpp_header = Path(localdir) / "my_header.h"
7 ROOT.gInterpreter.Declare(f’#include "{str(cpp_header)}"’)
ROOT.RDF.Experimental .Distributed.initialize(load_header)

%

10 # Case 2: Using the DistributeHeaders function - the new way
11 ROOT.Distributed.DistributeHeaders("my_header.h")

Listing 3: Examples of including a C++ header in otherwise Python based application.

Similarly, the problem would appear for the user wanting to declare the C++ code. The
following code example (Listing 4) shows the code declaration and an example of using the
declared function in a Filter operation of the RDataFrame. As an added technical but
very important detail, users should not worry about C++ redefinition errors due to the same
code being re-declared at every task, which can happen more than once per worker process.
RDataFrame internally takes care of ensuring that the code is declared to the C++ interpreter
only once per worker process.

ROOT.Distributed.DeclareCppCode ("""
bool check_number_less_than_five(int num){
return num < 5;

}
"

7 df = ROOT.RDataFrame(treeName, fileName, executor=SupportedExecutor)
df_filtered = df.Filter("check_number_less_than_five(rdfentry_)")

3

Listing 4: DeclareCppCode function.

Finally, the user can also distribute a shared library. In the following example (Listing 5) we
demonstrate how to load a pre-compiled shared library in a distributed execution, which, as
usual, also needs the declaration of the corresponding header.
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ROOT.Distributed.DistributeHeaders("my_header.h")
ROOT.Distributed.DistributeSharedLibs("1lib_my_header.so")

Listing 5: DistributeSharedLibs function.

3.2 Input Data Sources

Alongside the new functions, support for new input data sources was introduced. On top
of the always supported TTree and the recently added RNTuple [10], RDataFrame now also
starts to support the RDatasetSpec. RDatasetSpec offers a way to add specific data samples
together with their metadata information. Listing 6 shows this in detail.

# Create and populate the metadata object

> meta = ROOT.RDF.Experimental.RMetaData()
3 meta.Add("meta_key", "meta_value')

s # Create a sample

mySample = ROOT.RDF.Experimental.RSample("mySampleName", treeName, fileName,
meta)

# Use RDatasetSpec and create a distributed RDataFrame object
spec = ROOT.RDF.Experimental.RDatasetSpec()

spec.AddSample (mySample)

df = ROOT.RDataFrame(spec, executor=daskclient)

Listing 6: Using RDatasetSpec in ditributed RDataFrame to add samples with metadata
information associated with them.

Issue observed

Issue solved
1GiB

00. 05 1.0 15 20 GB

Figure 1: Main memory consumption per core before and after solving the memory usage
issue. Each blue bar represents the memory usage of a single-cored worker. The red line is
placed at 1GiB.
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The basic functionality of this feature is already available to users. However, additional
support for functions such as FromSpec, which allows for the creation of an RDataFrame
object from a specification file in JSON format, is still a work in progress. The usage of this
function is shown in Listing 7.

df = ROOT.RDF.Experimental.FromSpec("my_spec.json", executor=daskclient)

Listing 7: FromSpec function.

3.3 Pythonizations of the Interface

Yet another way to facilitate the distributed analysis workflow is a more extensive use of
Pythonizations throughout the ROOT framework. As an example, we can look at the Analysis
Grand Challenge [6] workflow, where Boosted Decision Trees (BDT) training is used for the
jet tagging. The pre-trained models are saved using a popular XGBoost library [11], which
allows for the efficient gradient boosting. The models are then loaded inside the workflow in
order to select the correct jets. Until recently, an external C++ library was needed to process
the BDT model data in the RDataFrame implementation of AGC.

To facilitate this kind of workflows, a Pythonization in the ROOT framework was intro-
duced, allowing XGBoost models to be directly saved in ROOT format as shown in Listing
8, line 4. As a result, the management of dependencies, especially in the distributed anal-
ysis context, becomes much easier. For details on the implementation of this feature in the
RDataFrame analysis flow, see the ROOT AGC repository [12].

from xgboost import XGBClassifier

> myBdt = XGBClassifier()

3 myBdt.load_model (f"myModel. json")

4+ ROOT.TMVA.Experimental.SaveXGBoost (myBdt, "myBdt", "myModel.root", num_inputs
=num_inputs)

Listing 8: An example of using XGBoost inside ROOT.

4 Analysis Facilities

Throughout the years, the distributed RDataFrame has been tested on many Analysis Facili-
ties (AF), for example, in HPC centers such as Jiilich [13], CERN [2] and Lumi [14], proving
to be the right tool for an interactive analysis usage. The improvements in stability and ad-
dition of the new features described in Sections 2 and 3 allow distributed RDataFrame to be
even more suitable for the AF use.

One of the most recent testing grounds for the distributed RDF in the context of the
Analysis Facilities is the CERN SWAN Analysis Facility. More details on this effort can be
found in [15]. To summarise, SWAN is the web-based platform that provides the EOS storage
access [16] and facilitates offloading of the RDataFrame analysis program to, for example,
the CERN HTCondor pools [17] via Dask plugins.

By leveraging many of the new features and improvements described in this paper, a
follow-up to the studies presented in [18] was performed. It was possible to run the complex
Analysis Grand Challenge workflow, including the machine learning inference using the dis-
tributed RDataFrame with as many as 128 workers, with both TTree and RNtuple. Figure 2
shows the runtime of the full AGC execution vs the number of workers for data stored either
in TTree or RNTuple formats. An ideal scaling can be observed for both data formats, while
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RNTuple is between 1.5 to 2 times faster than TTree. Importantly, this significant improve-
ment comes with no change to the user’s analysis code between TTree and RNTuple cases.
The work is still carried out to make an even better integration of the RNTuple within the
distributed RDataFrame.

« TTree
-+ RNTuple

Ru nti_r\ne [s]
ob

2 4 8 16 32 64 128
Workers

Figure 2: Runtime of the RDataFrame implementation of the Analysis Grand Challenge vs
number of workers for the input data stored either in TTree or RNTuple formats.

5 Conclusion

The goal of this paper was to show that the distributed RDataFrame is ready for production.
We presented enhanced code stability via both a unified RDataFrame object constructor and
the management of the application memory. A number of new features allow for easier in-
tegration with C++ workflows and incorporation of various input sources, beyond TTree.
Finally, also thanks to these improvements, distributed RDataFrame achieves excellent per-
formance on various analysis facilities, including the most recent effort of running a complex
Analysis Grand Challenge workflow on the CERN SWAN platform with both TTree and
RNTuple. In the following months, we will enhance and extend functionalities related to
the RDatasetSpec class within the distributed RDataFrame, and we will make integration of
the distributed RDataFrame with RNTuple even stronger, aiming at even bigger performance
gains in the future.
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