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Abstract
Data-intensive scalable computing (DISC) frameworks such as
Apache Spark, Flink, Beam, and Dask underpin many modern an-
alytics workloads by providing high-level programming models
and scalable runtimes. Despite their widespread adoption, frame-
work bugs remain common, and many manifest as silent wrong
results rather than crashes. Property-based testing (PBT) has been
successful across a range of domains by using semantic contracts
as executable oracles when ground-truth outputs are difficult to
obtain. We argue that DISC calls for a general and extensible PBT
framework that provides reusable property templates and supports
systematic instantiation across different DISC systems.
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1 What and Why: Property-Based Testing for
DISC

Property-based testing (PBT) checks whether a system satisfies se-
mantic contracts overmany automatically constructed inputs, rather
than validating a small set of hand-written examples with fully spec-
ified expected outputs. A property serves as an executable semantic
oracle when ground-truth outputs are difficult to construct. [1]

Data intensive scalable computing (DISC) frameworks provide
high-level programming models and scalable runtimes for large-
scale data processing, including Apache Spark, Flink, Beam, and
Dask. Despite their popularity, we argue that property-based testing
for DISC frameworks is necessary and remains an open area.

Silent logic bugs demand semantic oracles beyond crash signals.
Many high-impact DISC failures are silent logic bugs: executions
finish without crashing but produce incorrect results, a failure mode
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repeatedly discussed in issue trackers such as Spark JIRA. [2, 3]
Existing DISC testing efforts [4–7] primarily stress user programs,
making silent framework bugs harder to detect systematically.

Exercising optimizer and execution paths is desired. Many frame-
work bugs arise in optimizer transformations and physical exe-
cution, such as plan rewrites, operator fusion, and code genera-
tion. PBT can leverage deliberate, semantics-preserving rewrites
to increase the likelihood of exercising specific optimization or
execution paths, and then check semantic consistency across the
resulting executions. In comparison, mutation-based fuzzing often
exposes shallow errors (e.g., analysis- and validation-stage failures),
providing limited coverage of these late-stage behaviors.

Property violations yield more actionable bug reports than crash-
ing inputs. Crashing inputs often provide limited guidance about
intended semantics. In contrast, a property violation directly iden-
tifies which semantic contract was broken, making bug reports
more actionable for diagnosing late-stage optimization and exe-
cution behaviors. Property contracts can also serve as executable
documentation for subtle framework semantics. [1]

Related Work. In DISC testing, SSCheck [8] and FlinkCheck [9]
focus on temporal properties over streams, leaving optimizer-centric
behaviors largely unexplored. Achilles’ SPEar [10] adopts a TLP-
style oracle [11], but its generated workloads cover only a nar-
row operator subset (filter/map/aggregation/windowed aggrega-
tion). DiffStream [12] provides differential testing with a stream-
equivalence oracle, but it does not automatically generate equiva-
lent program pairs beyond disabling parallelism.

In contrast, DBMS testing has shown the effectiveness of oracle-
based testing. SQLancer integrates multiple property oracles and
has uncovered many previously unknown DBMS logic bugs [13].
Representative examples include query partitioning, semantics-
preserving query rewriting, and pivoted query synthesis. [11, 14, 15]

2 Why DBMS Testing Is Not Directly
Transferable to DISC

Although DBMSs and DISC frameworks both offer declarative data
processing, existing DBMS testing techniques do not transfer di-
rectly to DISC. The gap is semantic: data model and the unit of
composition.
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Table 1: Example property contracts for DISC frameworks,
organized by shared templates.

What is tested

Per-group recomposition for aggregation operators
PerGroupRecompose(sum). Group by a key column, apply sum(𝑦)
per group, recompose by sum, and match the global sum(𝑦) .
PerGroupRecompose(max). Group by a key column, apply max(𝑦)
per group, recompose bymax, and match the globalmax(𝑦) .

Cardinality relations for DataFrame operators
Cardinality(union). Apply union to two inputs and validate that
output cardinality matches the intended union semantics.
Cardinality(filter). Apply filter with a predicate and validate that
output cardinality does not exceed input cardinality.

Data model and operator gap. Most DBMS testing techniques
assume flat relational schemas and scalar expressions. In contrast,
real-world DISC workloads routinely operate on nested and semi-
structured data (e.g., arrays, structs, JSON) and make heavy use of
generators (e.g., explode) and higher-order functions over collec-
tions (e.g., element-wise filter/transform). These operators in-
troduce element-level semantics and nontrivial cardinality changes,
and they often trigger complex rewrites and operator fusion in
DISC runtimes, creating correctness risks that fall outside the scope
of existing DBMS testing. [16]

Composition gap: query blocks versus dataflow directed acyclic
graphs (DAGs). DBMS testing commonly treats a single SQL query
block as the primary unit for testing and validates query-local equiv-
alences under optimizer rewrites. In DISC, programs are dataflow
DAGs where intermediate datasets are explicitly reused and can be
consumed by multiple downstream actions. Correctness can hinge
on cross-action materialization and reuse, which is not captured
by equivalences defined within a single query block. For example,
DISC runtimes may reuse internal row objects and mutable buffers
in physical execution (e.g., UnsafeRow, aggregation buffers). If an
operator, code generation path, or serialization layer mistakenly
retains references to such reused objects, later actions may ob-
serve corrupted data and produce incorrect results. Exposing these
cross-action failures therefore requires DISC program generators
that construct dataflow DAGs, whereas existing DBMS generators
primarily target isolated query blocks.

3 Toward a General Framework for PBT in DISC
PBT for DISC calls for a general framework that makes generators
and properties easier to develop and reuse. Rather than implement-
ing each test as a one-off artifact, the framework should provide
reusable program substrates together with abstract, adaptable prop-
erty specifications.

A reusable program substrate is needed. Many DISC correctness
bugs do not arise from isolated operators alone, but from how
operators are composed, materialized, and reused within larger
workflows. As discussed earlier, DISC programs are naturally rep-
resented as dataflow directed acyclic graphs (DAGs), rather than
isolated query blocks. This makes a reusable program substrate
important: the testing framework should support DAG-structured
programs that can host different property instantiations, rather than

rebuilding a separate generator for each property or framework.
Such a substrate is especially important for exposing behaviors that
depend on shared intermediates, multiple downstream actions, or
cross-action materialization and reuse, which fall outside the scope
of query-local testing alone.

Abstract and adaptable property specifications are needed. Useful
DISC properties often reflect stable semantic intent, but their ex-
ecutable realization may vary across systems, versions, language
bindings, and runtime settings. For example, even simple equality
properties may require different treatment across execution en-
vironments, such as NaN semantics in Spark versus Python. [17]
This suggests that PBT for DISC should not rely on isolated, hand-
written checks tied to one system at one point in time. Instead,
properties should be represented at a more abstract level, organized
into reusable schemas or shared templates, and instantiated through
system- and version-aware bindings. Table 1 illustrates this idea
with example property contracts organized by shared templates.
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