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We focus on a meta-problem of physics i.e. on problems that arise in collaborative compu-
tational research. Such problems come from different aspects of complexity of research and
usually are more generic than research in High Energy Physics. This paper by no means
is intended to specify an ultimate solution for those problems, but rather it may serve as a
baseline for further discussion. Conclusions might be applicable to different fields of compu-
tational science and lead to fruitful interdisciplinary collaborations boosting research quality
and eventually helping to reach for stars or even dark matter.

Introduction

This paper is much different from the rest of the papers in this proceedings volume for two
reasons. One reason is that author comes from Computer Science domain. And second reason
is that paper is not focused on solution of a particular physics problem. This is an attempt
to generalize some experience the author had in context of a) research projects at LHC and
b) research in industrial area, in particular, development of online advertising technologies.
Unfortunately there is no rigid mathematical model/expression that could describe a source of
common problems concisely. Such source is usually referred to as complexity, which in turn can
be split into several categories:

• data/domain complexity (amount of data, number of relationships),

• analysis strategy complexity (number of steps),

• analysis step complexity (algorithm details, parameters),

• communication complexity (number of people involved).
By complexity we don’t mean subjective inability of a scientist to capture all important

research details. Instead it can be estimated by amount of manual efforts required to see/verify
how a change in some of research aspects (assumptions, parameters, approaches, etc.) could
influence the outcome of research. As an opposite term to research complexity we’d use research
agility that means that after introduction of new idea (altering parameters of used method,
changing from one method to similar one, etc.) one should spend not more than couple of



man-minutes to see how it influences the research outcome. ”People understand what they can
see. If a programmer cannot see what a program is doing, she can’t understand it” 8.

Work in progress

We present overall view on computational research with some details intentionally omitted so
we could focus on most important aspects for clarity and brevity sake. As complexity of analysis
gradually increase, it becomes difficult for a single person to keep track of all steps necessary
to get to the final research results. Those steps may vary greatly but can be outlined in the
following generic way (event here means an atomic part of datasets for illustration purposes):

• retrieve datasets as basis for the analysis (simulated and/or real data),

• perform data pre-selection,

• perform some pre-processing of pre-selected data,

• perform event-selection,

• estimate number of signal events in selected region, signal upper limit or branching fraction,

• estimate result systematics,

• estimate significance of results.

Each step is not an atomic entity, instead it usually consists of quite a few actions that
should be performed and verified in specific order (for example to make event selection using
MVA one has to define a training dataset, a testing dataset, to train a classifier, to verify it
and to apply to previously blinded region). Every step in these analyses requires knowledge and
understanding of several important aspects:

• data one is dealing with,

• algorithms one is using and limitations of those,

• implementation details of those algorithms,

• run-time properties for running algorithms.

Without such knowledge research progress might be inefficient and very time consuming.

There is an African proverb ”If you want to go fast, go alone; but if you want to go far, go
together.” It is not easy to imagine journey longer than journey of scientific discoveries. And it
is author’s deep belief that all computational scientific experiments should have a goal of adding
to this journey. So inter-team communications introduce one more dimension of complexity.

To deal with complexity usually people tend to use Occam razor or introduction of layers
of abstraction that allow thinking and operating a set of entities as a whole. The example of
such abstraction would be patterns of software design 1 or software libraries that cover details
of implementations by a single call of function.

So given an objective growth of physics research complexity wed like to express some ideas
that may be used as a foundation for development of a framework that allows for people to
collaborate effectively.

First of all we’d like to stress the importance of understandability of analysis program/code
as reading the code is much more frequent use case than writing. Pedagogical importance of
well-understandable research in invaluable. One more thing is ability to put common piece of
analysis in a module or procedure. Such approach is usually known as reusability and allows for
automation of certain parts of analysis. Also to this point should be added ease of debugging
and analyzing the source of errors.

Secondly, for every analysis the most important part is verification of results or understand-
ing of its systematics that should follow some standard rules and practices.

Visual representation of analysis is appreciated in majority of scientific domains and in
addition to having results visually represented it is also important to have picture that usually



worth more than a thousand words, to appear almost instantly (matter of couple of minutes)
after you changed parameters and decided to redraw it 8.

Reproducibility of research although is known since times of Aristotle nowadays becomes
more and more expected characteristic of computational research5 6. This term is rather complex
and usually implies ability to run same research pipeline/workflow and get same results given
same dataset. Important aspects of reproducibility are: code preservation, data preservation,
provenance (code change tracking, data change tracking, environment settings tracking, versions
of libraries, modules being used in analysis) with ability from inside the team or even outside of
analysis team could run analysis and receive comparable results.

The most obvious requirement is compatibility and support for existing state-of-the-art li-
braries and frameworks like ROOT, FairROOT, RooFit, Bender for HEP.

Scalability that insures that performance of the infrastructure increases with adding new
(hardware) resources. This not only implies ability to scale, but also it is helpful to comply
with existing state-of-the-art technologies that allow run analysis code in modern heterogeneous
environments. Examples of such software would be YARN, Mesos, PanDA 17, TIBCO 3 etc.

Last but not least is simplicity that should allow for low gradient learning curve.

At the same time it is clear that problems of complexity physicists are facing with analysis
support are not unique to physics. Similar issues arise in other areas that involve computational
experiments: cosmology, neuro-biology, and chemistry. Even in industrial contexts such as
development of web search engine people have to deal with complexity on a daily basis. If we
generalize approaches used in those areas, it would be multitude of user scripts and 3rd party
libraries that are embedded into some kind of media (or infrastructure) for those pieces of code
to operate. One major difference that such media provides is people collaboration ability. Being
more specific one can outline main characteristics of such media:

1. automation defining modules that can be reused later on,

2. consistent automatic cross-check,

3. online visually enhanced shared interactive environment,

4. reproducibility of results,

5. support for standard modules,

6. scalability (performance increase as additional hardware is available),

7. flat learning curve.

Environment for computational research are starting to appear 15 4 10 11. Several examples of
such environment come from industry (e.g. AEther engine by LinkedIn, Brain by Baidu, Yandex
Data Factory by Yandex and others 16 18 13). Still for HEP domain there is no single solution
exists that meets all of the criteria specified above. One project that seems to fall close to
requirements specified above is Yandex Data Factory, which positions as software infrastructure
to support a collaborative ecosystem for computational science. It is a solution for team of
researchers that allows

• running computational experiments on big shared datasets,

• obtaining reproducible and repeatable results,

• comparing measurable result consistently.

Main application of this infrastructure is very different from physics it deals with research
on quality of web search engine, but it is remarkable that after introduction of this framework,
performance of experiments has been increased by two orders of magnitude. This framework
serves as inspiration for design of Event Filter a framework for physics analysis being developed
by Yandex for LHCb experiment 19.



Conclusion

Having an environment that meets all specified criteria would allow scientists to go for much
broader area of methods and to play with larger range of different ideas instead of fighting with
complexities of infrastructure, data and personal relationships. A possible source of inspiration
for methods, approaches and ideas for solving domain-specific problems in different fundamental
sciences is already there and is called Data Science2. Data Sciences learning curve may not be the
most flat thing in the universe, but investing time in studying it may be much more rewarding
than fighting complexity with brute force. Now Data Science has drawn a lot of attention
from industry and other computational-intensive scientific areas as microbiology, neuromedicine,
genetics. Many instruments has become available 7 12 14. It becomes more popular in physics.
So we hope that in near future a proper research environment may serve as a bridge between
different scientific domains and lead to fruitful interdisciplinary researches that enrich involved
areas of science simultaneously.
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