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Figure 1: A simple dataflow (a), with three implementations: (b) Push, (c) Pull, (d) Dataflow

State- vs Flow-centric Pipelines. Classical database query evalua-
tion focus on operators, isolated tasks that perform both compute
and IO. Operators are chained together through an abstraction of
data streams, typically framed as push- or pull-based. Figure 1.a
shows the abstract dataflow for a simple recursive query of the
form𝑄 = 𝑇 ⊲⊳ (𝑄 ∪ (𝑅 ⊲⊳ 𝑆)). In the push model (b), each operator
input has a buffer that its source operators write into. In the pull
model (c), each operator actively reaches out into its sources to re-
trieve tuples. In both approaches, the join and recursion operator
must maintain state (rounded rectangles): Indexed copies of one or
both input relations for joining or deduplication.

Having operatorswith internal state creates implementation chal-
lenges. First, operators often end up maintaining redundant state.
Sharing state between operators is possible [3], but requires oper-
ators to be tightly coupled to the schedule, significantly increas-
ing the complexity of both the scheduler and operator implemen-
tations. Second, the push- and pull-based models each admit a non-
overlapping set of optimizations. For example, the push-basedmodel
has finer-grained control over tuple creation and can limit pag-
ing [2], while the pull-based model can schedule the execution or-
der of its inputs to avoid materializing both inputs in a join. Finally,
advances in data structures must be manually integrated into each
operator, individually. For example, Apache Sedona, a geospatial
extension for Apache Spark, must manually implement its index
structures into the join and filtering operators.

Consider the primitive dataflow graph of the query we are dis-
cussing, illustrated in Figure 1 (c). Each edge in this graph repre-
sents a single data flow, from a source to a sink. Our main insight
is that operator-materialized state is (almost) exactly the data pass-
ing over one (or more) of these flows. This insight opens the door
to a query evaluation model that decouples state materialization
from computation. A flow-centric data pipeline alternates between
two types of operators: stateless Compute operators pull input tu-
ples from Data operators, and push their output tuples to another
Data operator. Our example query is illustrated in Figure 1 (d), with
rounded rectangles showing data operators.

Flow-centric Pipelines. Our approach builds on standard query op-
timization techniques; In the interest of space, we focus primar-
ily on the dataflow aspects of our approach. The first challenge to
implementing a flow-centric pipeline is decoupling Compute op-
erator implementations from the abstract data structures backing

Property Data Cursor
Coalesced Pre-aggregated -
Clustered Clustered by key seek_to_key
Sorted Sorted by key seek_to_key
Closed - seek_to_head

Figure 2: Examples of flow properties

each Data operator. Unfortunately, the requirements of each op-
erator are distinct, and often non-overlapping; We need a way to
ensure that the data structure can (efficiently) provide the capabil-
ities needed by the operator. As a result, we label each input of a
Compute operator input with a set of properties, several of which
are illustrated in Figure 2. Properties apply constraints to cursors
through which the operator accesses its data: over the data itself
(order, aggregation), or on access patterns (seek_to_*).

Data operators are responsible for instantiating cursors that sat-
isfy the listed constraints (even if inefficiently).The compiler’s role
is twofold: (i) Merging flows into combined Data operators (e.g.,
for two operators that read from the same set of sources), and (ii)
Instantiating Data operators that can efficiently implement the re-
quired cursor properties. For example, morsels [2] can be used for
any operator that requires none of the listed properties, while an
on-disk hash table can support the Clustered property.

Implications. The flow model changes several operators. For exam-
ple most flavors of join become index-nested loops, as the build
phase is now a data operator. Aggregation can be completely rewrit-
ten as a data operator, and may even be deferred using algebraic
tricks [1].These changes allow re-use of existing organization (e.g.,
tables already clustered) We are developing an on-disk datalog en-
gine1 that uses the flow-centric style to give runtime scheduler
visibility into memory usage.
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