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• All aggregates are windowable 
• But not every operation is 

an aggregate 

• Windowing is highly optimised 
• Paged hash groups 
• External sorting 
• Parallel build 
• Shared evaluation 

• Expose the infrastructure! 

Motivation

Windowing Resource Management
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Figure 4: Physical Segment Tree representation with fanout 4 for sum(b) over (order by a)
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Figure 5: Segment Tree for sum aggregation. Only the red
nodes (7, 13, 20) have to be aggregated to compute the sum of
7, 3, 10, 6, 2, 8, 4

hash group, as shown in Figure 5. In the figure sum is used as
the aggregate, thus the root node stores the sum of all leaf nodes.
The two children of the root store the sums for two equi-width sub
ranges, and so on. The Segment Tree allows to compute the ag-
gregate over an arbitrary range in logarithmic time by using the
associativity of aggregates. For example, to compute the sum for
the last 7 values of the sequence, we need to compute the sum of
the red nodes 7, 13, and 20.

For illustration purposes, Figure 5 shows the Segment Tree as
a binary tree with pointers. In fact, our implementation stores all
nodes of each tree level in an array and without any pointers, as
shown in Figure 4. In this compact representation, which is similar
to that of a standard binary heap, the tree structure is implicit and
the child and parent of a node can be determined using arithmetic
operations. Furthermore, to save even more space, the lowest level
of the tree is the sorted input data itself, and we use a larger fanout
(4 in the figure). These optimizations make the additional space
consumption for the Segment Tree negligible. Additionally, the
higher fanout improves performance, as we show in an experiment
that is described in Section 5.7.

In order to compute an aggregate for a given range, the Seg-
ment Tree is traversed bottom up starting from both window frame

bounds. Both traversals are done simultaneously until the traversals
arrive at the same node. As a result, this procedure stops early for
small ranges and always aggregates the minimum number of nodes.
The details of the traversal algorithm can be found in Appendix C.

In addition to improving worst-case efficiency, another
important benefit of the Segment Tree is that it allows
to parallelize arbitrary aggregates, even for running sum
queries like sum(b) over (order by a rows between
unbounded preceding and current row). This is par-
ticularly important for queries without a partitioning clause, which
can only use intra-partition parallelism to avoid executing this
phase of the algorithm serially. The Segment Tree itself can eas-
ily be constructed in parallel and without any synchronization, in

a bottom-up fashion: All available threads scan adjacent ranges of
the same Segment Tree level (e.g., using a parallel for con-
struct) and store the computed aggregates into the level above it.

For aggregate functions like min, max, count, and sum, the
Segment Tree uses the obvious corresponding aggregate function.
For derived aggregate functions like avg or stddev, it is more ef-
ficient to store all needed values (e.g., the sum and the count) in the
same Segment Tree instead of having two such trees. Interestingly,
besides for computing aggregates, the Segment Tree is also use-
ful for parallelizing the dense rank function, which computes a
rank without gaps. To compute the dense rank of a particular
tuple, the number of distinct values that precede this tuple must be
known. A Segment Tree where each segment counts the number
of distinct child values is easy to construct4, and allows threads to
work in parallel on different ranges of the partition.

4.3.5 Algorithm Choice

Table 1 summarizes the worst-case complexities of the 4
algorithms. The naı̈ve algorithm results in quadratic run-
time for many common window function queries. The cu-
mulative algorithm works well as long as the window frame
only grows. Additionally, queries with frames like current
row and unbounded following or 1 preceding and
unbounded following can also be executed efficiently using
the cumulative algorithm by first reversing the sort order. The re-
movable algorithm further expands the set of queries that can be
executed efficiently, but requires an additional ordered tree struc-
ture for min and max aggregates and can still result in quadratic
runtime if the frame bounds are not constant.

Therefore, the analysis might suggest that the Segment Tree al-
gorithm should always be chosen, as it avoids quadratic runtime in
all cases. However, for many simple queries like rows between
1 preceding and current row, the simpler algorithms
perform better in practice because the Segment Tree can incur a
significant overhead both for constructing and traversing the tree
structure. Intuitively, the Segment Tree approach is only beneficial
if the frame frequently changes by a large amount in comparison
with the previous tuple’s frame. Unfortunately, in many cases, the
optimal algorithm cannot be chosen based on the query structure
alone, because the data distribution determines whether building
a Segment Tree will pay off. Furthermore, choosing the optimal
algorithm becomes even more difficult when one also considers
parallelism, because, as mentioned before, the Segment Tree al-
gorithm always scales well in the intra-partition parallelism case
whereas the other algorithms do not.

Fortunately, we have found that the majority of the overall query
time is spent in the partitioning and sorting phases (cf. Figure 2 and

4Each node of the Segment Tree for dense rank stores the num-
ber of distinct values for its segment. To combine two adjacent seg-
ments, one simply needs to add their distinct value counts and sub-
tract 1 if the neighboring tuples are equal. Note that the Segment
Tree is only used for computing the first result (cf. Appendix D).
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• fill(numeric) 
• Interpolate missing values 
• (Built in, but not standard) 

• reduce(init, lambda) 
• Running updates 
• No frame 

• rank(value) 
• “Hypothetical rank”

Examples

Different Window Types

Introduction
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Defining a window function



• Needs to be in the catalog 

• Binder only looks there now 

• Shows up in function lists… 

• …and in CLI .manual

Installation

LEAD in the CLI Manual

Preliminaries

• Derive from WindowFunction 

• Same APIs we use internally 

• Register with 
ExtensionLoader



• Modifier flags 

• DISTINCT 

• FILTER 

• ORDER BY arguments 

• EXCLUDE 

• IGNORE NULLS 
• Binding 

• Additional arguments 

• Both ORDER BY s 

• Serialisation

Binding

Binding a Window to a House

Preliminaries



Blocking Interface
VLDB 2026

Blocking execution is typical



• Bounds 

• Partition? (PARTITION BY) 

• Peers? (RANGE, GROUPS) 

• Valid? (NULLS) 

• Frame? (BETWEEN) 

• Expression Sharing 
• Share with other functions 

• Chunks: Sink, Evaluate 

• Collection

Requests

Window Configurations

Blocking Interface



•  First pass over the data 
• Construct acceleration data 
• Merge Sort Trees, etc. 
• Fully parallel 

• Global and local state APIs 
•  Per hash group! 

• Sink and Finalize 

• No Combine (Use locks…)

Build

Building a Window

Blocking Interface



• Lots of inputs! 
• Arguments and result 
• Row within the hash group 
• Requested bounds 
• Global and local states 

• Fully parallel 
• Inputs may not be 

consecutive (but usually are) 

• Results still just a Vector

Evaluate

Evaluating a Blocking Window

Blocking Interface



Streaming Interface
VLDB 2026

Sometimes window 
functions can be streamed



• Common restrictions 

• No PARTITION BY 

• No ORDER BY 

• No EXCLUDE 

• “Running totals” 

• CanStream API 

• Passed a WindowFunction 

• Checks buffering delta 

• This is how LEAD/LAG stream

Support

Testing a Window for Leaks

Streaming Interface



• Local state construction 
• Single threaded (singleton) 
• Special base class 

• Sets (+/-) buffering offset 

• Evaluation 
• Arguments and Result 
• Local state 
• Buffered arguments

Evaluate

Lightning Through a Window

Streaming Interface



• Leverage pipeline metadata 
• Partitioning and Ordering 
• Simplified blocking 
• Multithreaded streaming 

• Streaming aggregates? 
• Small widths 

• Stuff we left out 
• Tell us!

Future Work

TARDIS Windows

VLDB 2026
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