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Motivation: Data science is increasingly collaborative.
On the one hand, results need to be distributed, e.g., as
interactive visualizations. On the other, collaboration
in the data development process improves quality and
timeliness. This can take many forms: partitioning a
problem and working on aspects in parallel, exploring
di↵erent solutions or reviewing someone else’s work.

While the benefits of tool support for collaborative
software development are established, the existing tools
do not meet the demands of data scientists. They strug-
gle to manage complex data processing pipelines with-
out a clear notion of correctness on large and dirty
datasets. While classic data management systems have
limited support for “collaboration” in the form of con-
current clients, they present the same view of the data
to all users (most of the time). Data science has di↵er-
ent requirements: first, users may operate “o✏ine,” i.e.,
on a local copy of the dataset. Second, even when on-
line, developing a data processing pipeline on a dataset
concurrently modified by others hurts productivity.

State of the Art projects like OrpheusDB [13],
Dolt [2], DVC [1] and Pachyderm [9] have recognized
the need for versioning in data science and provide the
infrastructure to store multiple versions of a dataset.
Where they fall short is the handling of branching ver-
sions, in particular resolving conflicts during merges. To
be practical, a collaborative data science system must
make trivial merges fast, automate as many merges
as possible and provide tool support when merges need
manual intervention. Existing systems do not fulfill
these requirements: they have no notion of concur-
rent versions, present di↵s at tuple-granularity and re-
quire mostly manual conflict-resolution. Sophisticated
merge strategies require operational information, e.g.,
in the form of provenance [6]. Unfortunately, tuple-
granularity provenance does not scale to the size of con-
temporary datasets, restricting provenance systems to
coarse-grained information [8, 4].

While merging code without considering its e↵ect on
data is an option, it is error-prone. Thus, most merge
conflicts need to be resolved manually [5]. In software
development, manual conflict resolution regularly in-

volves careful analysis, some guesswork and, crucially,
good test coverage to ensure correctness [11]. Resolving
conflicts in this fashion is infeasible for complex data-
intensive pipelines with non-obvious semantics.

The problem is that existing tools separate code and
data: merging data without the code is tedious, while
merging code without data is risky. What is required is
an approach that considers code and data when merging.

My group at Imperial College has started working on
BOSS (Bulk-Oriented Symbol S tore), a system that
manages code and data in a single format — a con-
cept known as Homoiconicity (popularized by Lisp [7]).
Lisp-style Homoiconicity has two components: a struc-
tured view of the program code (nested lists of in-
structions in Lisp) and a means to manipulate it using
compile-time functions (called macros in Lisp). This ap-
proach is useful, e.g., to implement domain-specific lan-
guages [3, 12]. In BOSS, we turn this concept around:
the system allows storing value-producing“Expressions”
(pieces of code in a Lisp-like language) in the database
and evaluates them at query time. This idea general-
izes User-Defined Functions, and also has many poten-
tial applications for data integration, cleaning, model
management, and many more. For now, we focus on
collaborative data science: BOSS stores the “operation
graph” (depending on research field, one might call it
the provenance or the version graph) of every data item
directly in the tuple, enabling complex merges.

Three key challenges arise. For fully automatic
merges, scalability is an unsolved problem. State-of-
the-art tools (using either tuple-granularity provenance
or the transaction log) can easily take hours or run out
of memory, even at a moderate scale. To limit the e↵ort
of semi-automatic merging, users need di↵/merge tools
that operate in bulk, e.g., by exploiting provenance like
“outliers, i.e., prices above £99 were clipped” or “prices
were normalized to adjust for inflation” and letting the
user select their order. Finally, a collaborative data sci-
ence system needs to account for data manipulation by
third-party libraries (Python, R, Tensorflow, etc.). Ex-
tracting provenance information from those will require
whole-program analysis.

54 SIGMOD Record, December 2022 (Vol. 51, No. 4)



REFERENCES
[1] https://dvc.org, 2022.
[2] https://www.dolthub.com, 2022.
[3] Michael Ballantyne, Alexis King, and Matthias

Felleisen. Macros for domain-specific languages.
Proceedings of the ACM on Programming
Languages, (OOPSLA), 2020.

[4] Anant Bhardwaj, Souvik Bhattacherjee, Amit
Chavan, Amol Deshpande, Aaron J Elmore,
Samuel Madden, and Aditya G Parameswaran.
Datahub: Collaborative data science & dataset
version management at scale. arXiv preprint
arXiv:1409.0798, 2014.

[5] Elizabeth Dinella, Todd Mytkowicz, Alexey
Svyatkovskiy, Christian Bird, Mayur Naik, and
Shuvendu K Lahiri. Deepmerge: Learning to
merge programs. arXiv preprint
arXiv:2105.07569, 2021.

[6] Juliana Freire, David Koop, Emanuele Santos,
and Cláudio T Silva. Provenance for
computational tasks: A survey. Computing in
Science & Engineering, 2008.

[7] John MacCarthy. Recursive functions of symbolic
expressions and their computation by machine.
Comm. ACM, 1960.

[8] Hui Miao, Amit Chavan, and Amol Deshpande.
Provdb: Lifecycle management of collaborative

analysis workflows. In Proceedings of the 2nd
Workshop on Human-in-the-Loop Data Analytics,
2017.

[9] Nitin Naik. Docker container-based big data
processing system in multiple clouds for everyone.
In 2017 IEEE International Systems Engineering
Symposium (ISSE), pages 1–7. IEEE, 2017.

[10] Marc Shapiro, Nuno Preguiça, Carlos Baquero,
and Marek Zawirski. Conflict-free replicated data
types. In Symposium on Self-Stabilizing Systems,
pages 386–400. Springer, 2011.

[11] Marcelo Sousa, Isil Dillig, and Shuvendu K Lahiri.
Verified three-way program merge. Proceedings of
the ACM on Programming Languages,
(OOPSLA), 2018.

[12] Sam Tobin-Hochstadt, Vincent St-Amour, Ryan
Culpepper, Matthew Flatt, and Matthias
Felleisen. Languages as libraries. In Proceedings of
the 32nd ACM SIGPLAN conference on
Programming language design and
implementation, 2011.

[13] Liqi Xu, Silu Huang, SiLi Hui, Aaron J Elmore,
and Aditya Parameswaran. Orpheusdb: a
lightweight approach to relational dataset
versioning. In Proceedings of the 2017 ACM
International Conference on Management of
Data, 2017.

SIGMOD Record, December 2022 (Vol. 51, No. 4) 55


