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ABSTRACT

Minimizing intermediate results is critical for e�cient multi-join
query processing. Although the seminal Yannakakis algorithm of-
fers strong guarantees for acyclic queries, cyclic queries remain an
open challenge. In this paper, we propose SplitJoin, a framework
that introduces split as a �rst-class query operator. By partitioning
input tables into heavy and light parts, SplitJoin allows di�erent
data partitions to use distinct query plans, with the goal of reduc-
ing intermediate sizes using existing binary join engines. We sys-
tematically explore the design space for split-based optimizations,
including threshold selection, split strategies, and join ordering
after splits. Implemented as a front-end to DuckDB and Umbra,
SplitJoin achieves substantial improvements: on DuckDB, SplitJoin
completes 66 social network queries (vs. 48 natively), achieving
1.8⇥ faster runtime and 4.5⇥ smaller intermediates on average (up
to 14.8⇥ and 74⇥, respectively); on Umbra, it completes 70 queries
(vs. 56), achieving 1.3⇥ speedups and 1.8⇥ smaller intermediates
on average (up to 11.6⇥ and 33.1⇥, respectively).
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1 INTRODUCTION

Minimizing intermediate join results has been a crucial goal for
achieving good performance for multi-join queries. For acyclic
queries, the seminal Yannakakis algorithm [38] can provably guar-
antee intermediate table sizes of at most$ (# +$*) ), where N and
OUT are the sizes of query input and output, respectively. This can
lead to fast and robust query plans in practical systems [33, 36, 37,
41]. For cyclic queries, however, the intermediate table sizes can be
much larger than the Yannakakis bound, and thus are challenging
to minimize in both theory and practical systems.

Prior work has extensively studied how to address the ine�-
ciency of binary join plans on cyclic queries and skewed data (i.e.,
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some values appear many times in a column). Worst-case optimal
join (WCOJ) algorithms [26, 30, 32] guarantee runtimes bounded by
the maximum possible output size, thereby avoiding the quadratic
intermediate blow-ups that can arise in traditional plans. For in-
stance, in the triangle query, a binary join plan may generate⇥(# 2)

intermediate tuples, while a WCOJ algorithm completes in$ (# 1.5)

time. Despite this theoretical elegance, WCOJ has not been widely
adopted in practice: binary joins remain dominant after decades of
engineering optimization, WCOJ implementations typically rely on
complex indexing structures, and e�cient parallelization is chal-
lenging even with recent advances such as HoneyComb [35].

Complementary to WCOJs, another line of theoretical work in-
vestigates partition-based strategies [10, 11, 19, 21]. These algorithms
mitigate skew directly by separating heavy and light values in the
join key domains and evaluating them under di�erent subplans. By
isolating values with high occurrence, partitioning provides �ner
control over join orders and reduces intermediate result sizes. In
the triangle query, for example, partitioning can also guarantee a
$ (# 1.5) bound on intermediate results. Although these strategies
are theoretically powerful, their adoption in real systems remains
limited due to the complexity of existing approaches [21] , leaving
a gap between theory and practice.

Building on the above insights, we take the initial step toward
making partition-based strategies practical. Our goal is to bridge
the gap between theoretical advances and real-world query engines.
To achieve this, we propose SplitJoin, which introduces split as a
�rst-class operator in query processing. The split operator parti-
tions an input table ' into a light table ('!) and a heavy table ('� ),
which are then processed with potentially di�erent query plans.
SplitJoin can substantially reduce intermediates without requiring
new data structures like in existing WCOJ algorithms. In this pa-
per, we systematically explore how splits can be incorporated into
traditional execution frameworks during query planning.

Our �rst contribution is a general framework (Section 3) that
incorporates split as a �rst-class citizen in a query plan. This frame-
work reveals a rich design space with several key dimensions, in-
cluding which table(s) to split, on which attributes to split, how to
determine the appropriate split thresholds, and how to decide the
best join order on each part of the partition.

From a theoretical perspective, we show in Section 4 that our
framework can be used to create a large class of provably worst-
case optimal algorithms for queries on binary relations that all have
the same cardinality. However, achieving this requires strict rules
on how to split and which join orders to use. To improve practical
performance, we relax these rules in favor of heuristics.

From a practical perspective, we implement an instantiation of
our framework as SplitJoin (Section 5), a front-end layer that can
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work for any SQL database: it takes a join query as input, gener-
ates an optimized query that incorporates split operators where
appropriate, and submits it to the underlying database engine for
execution. This design allows SplitJoin to take advantage of the ex-
isting query processing infrastructure that may support only binary
joins while transparently introducing split-based optimizations. We
conduct experiments by placing this layer in front of two state-
of-the-art databases, DuckDB [29] and Umbra [14], and evaluate
on commonly used social network datasets, which often exhibit
data skew and cyclic query patterns. Our experiments demonstrate
that SplitJoin signi�cantly reduces intermediate result sizes and
improves query execution time, while preserving the e�ciency
of carefully optimized binary joins. In particular, DuckDB with
SplitJoin successfully completes 66 queries compared to 48 with
native DuckDB, and Umbra with SplitJoin completes 70 queries
compared to 56 with native Umbra. For the subset of queries that
can �nish both with and without SplitJoin, SplitJoin delivers sub-
stantial improvements: on DuckDB, queries are 1.8⇥ faster and
produce 4.5⇥ smaller intermediates on average (up to 14.8⇥ and
74⇥, respectively); on Umbra, it achieves 1.3⇥ speedups and 1.8⇥
smaller intermediates on average (up to 11.6⇥ and 33.1⇥, respec-
tively). Notably, for all query plans generated by SplitJoin in our
experiments, we have manually checked and veri�ed that they
are provably worst-case optimal, demonstrating that our proposed
heuristics work well for the tested queries and data.

The remainder of this paper is organized as follows. Section 2 in-
troduces the background and motivation of our work, highlighting
the limitations of existing solutions. Section 3 presents an overview
of SplitJoin’s design space. Section 4 provides the theoretical mo-
tivation underlying our design. Section 5 describes our current
heuristics and optimizations in each design dimension. Section 6
reports experimental �ndings and Section 7 concludes the paper.

2 BACKGROUND AND RELATED WORK

We focus on the evaluation of natural join queries. As an example,
given three relations '(�,⌫), ( (⌫,⇠), and ) (⇠,�), our objective
could be to evaluate the triangle query, expressed as follows:

& (�,⌫,⇠) = '(�,⌫) ùû ( (⌫,⇠) ùû ) (⇠,�) .

In SQL, this query can be written as:

SELECT R.A, R.B, S.C

FROM R, S, T

WHERE R.B = S.B AND R.A = T.A AND S.C = T.C;

In this work, we primarily focus on joins over binary relations,
i.e., relations with exactly two attributes. Joins over binary relations
have been extensively studied in prior work [6, 26, 31] and provide
a foundation that can be extended to more general multi-attribute
cases. Moreover, this setting is particularly relevant for graph work-
loads, where tuples typically represent edges and the data often
exhibit skew, which makes binary relations a representative and
practically important case to study.

For a (natural) join query & with binary relations, we de�ne the
query graph as follows: for every uniquely named attribute - in
the query, we create a vertex - . For a relation '(�,⌫), we create
an edge between the vertices � and ⌫. If 4 is an edge of the query
graph, we use '4 to refer to the relation that corresponds to it.

2.1 The Problem with Data Skew

Most database engines evaluate join queries using a binary join plan:
this plan forms a tree of join operators, each operator computing
the join between two tables. Binary join plans are theoretically
optimal when the structure of the query is acyclic, as shown by
Yannakakis [38]. In these cases, we can �nd a join plan that runs in
time $ (# +$*) ), where # is the database input size and $*) is
the size of the output.

However, for cyclic queries (as the triangle query in our example),
binary join plans are provably suboptimal [4]. We explain this
observation next with an example using the triangle query.

Let’s �rst consider the simple no-skew case where all input
relations are as in Figure 1(a):

' = ( =) = {(1, 1), (2, 2), . . . , (# ,# )}.

We have three possible join orders, and for any order the intermedi-
ate relation (which is ' ùû ( , ' ùû ) , or ( ùû ) ) has exactly # tuples.
This is a good case for binary join, where the intermediate table
does not explode in size.

In contrast, consider the following skewed example (Figure 1(b)):

' = ( =) = {(1, 1), (1, 2), (1, 3), . . . , (1,# ), (2, 1), (3, 1), . . . , (# , 1)}.

In this instance, the data is highly skewed, where in table ', the
value � = 1 appears # times and the value ⌫ = 1 also appears #
times (similarly for tables ( and ) ). This skew leads to a dispro-
portionately large number of intermediate tuples for binary join.
Speci�cally, regardless of the chosen join order, we will create an
intermediate table with ⇥(# 2) tuples, while the output size of the
entire query is actually 3# � 2, which is linear in # .

To further illustrate why a join result can explode in size, we
de�ne the degree of a value: for a value 0 in the domain of �, its
degree is de�ned as 3' (0) = |f�=0' | (i.e., the number of tuples in
relation ' whose attribute � equals 0), and de�ne the maximum

degree of attribute � in ' as X' (�) =max�=0 3' (0) (i.e., the largest
degree of any value in a given attribute).

When joining ' with ( on attribute ⌫, a single tuple in ( may
match up to X' (⌫) tuples in ', implying that the output size of the
join contributed by that tuple is at most X' (⌫). Consequently, the
join output size of ' and ( is bounded by X' (⌫) · # .

In the �rst, no-skew example above, X' (⌫) = 1 and X( (⌫) =

1, so the intermediate join result grows linearly with # , and no
explosion occurs. In contrast, in the skewed example, the maximum
degree of any attribute in any relation is always # . In this case, a
single join key value in a relation can match # tuples in the other
relation, producing ⇥(# 2) intermediate tuples in the worst case,
even though the �nal output size of the query may be much smaller.

This analysis above illustrates that a fundamental reason of
intermediate result explosion in binary join plans is data skew: high-
degree values in the join attributes can lead to disproportionately
large intermediate relations, signi�cantly impacting the e�ciency
of binary join processing.

2.2 Worst-Case Optimal Joins

To solve the problem we illustrated above in skewed cyclic queries,
a line of work has focused on developing worst-case optimal join
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Figure 1: Motivating Example on How Split Avoids Producing Intermediate Tuples That Do Not Contribute to the Final Result.

(WCOJ) algorithms [1–3, 8, 9, 13, 14, 26, 30, 32, 34, 35]. These al-
gorithms guarantee that the runtime is bounded by the worst-
case size of the query output, rather than the potentially much
larger intermediate results generated by traditional binary join
plans. For example, in theory, all triangle queries can be executed
in time $ (# 1.5), instead of $ (# 2). Well-known algorithms such as
Leapfrog Triejoin [32] have been successfully adopted in several
systems [1, 2, 13, 14, 30], and they provide strong theoretical guar-
antees, where both query runtime and intermediate table sizes can
be bounded by $ (# 1.5) for triangle queries.

We identify three key limitations of existing WCOJ solutions.
First, these algorithms require sophisticated indexing structures
(e.g., hash trie) which are not supported by most database systems
today. Second, in real-world workloads, WCOJ algorithms may not
always outperform carefully optimized binary joins. Third, these
special indexing structures are inherently limited in exploiting
modern multi-core architectures and existing e�cient binary join
algorithms [27]. Recent e�orts, such as HoneyComb [35], have
attempted to parallelize WCOJ algorithms, yet the complexity of
indexing and limited scalability remain challenging.

2.3 Partitioning to the Rescue

Another line of theoretical research explores partition-based strate-
gies [10, 11, 19, 21] to mitigate the data skew problem. These algo-
rithms separate the “heavy” (high-degree) and “light” (low-degree)
values in the join key domains and evaluate each partition under dif-
ferent subplans. By treating values with high degree independently,
these approaches limit the maximum degree we mentioned before
and gain �ner-grained control over join orders, thus reducing the
size of intermediate results.

Taking the general triangle query for example, assume there are
no duplicate tuples in ', ( , and ) . We split ( into two tables: (� ,
consisting of tuples whose ⌫-values appear more than

p
# times,

and (! , containing the remaining tuples. For (� , there can be at
most

p
# distinct ⌫-values. Since no duplicate (1, 2) pairs exist, each

⇠-value can appear at most
p
# times—once per distinct ⌫-value—

with at most
p
# di�erent ⇠-values. Consequently, X'� (⇠) 

p
# ,

so executing ((� (⌫,⇠) ùû ) (⇠,�)) ùû '(�,⌫) produces at most
$ (# 1.5) intermediate results. For (! , each ⌫-value occurs at mostp
# times, meaning that X(! (⌫) 

p
# , and the total size of a

di�erent join order ('(�,⌫) ùû (! (⌫,⇠)) ùû ) (⇠,�) is also bounded
by $ (# 1.5).

The general triangle query illustrates how the heavy-light par-
titioning strategy e�ectively reduces the maximum degree of join
keys in each sub-table, thereby mitigating intermediate result ex-
plosion caused by skew. Returning to our running example, in Fig-
ure 1(c), if we split table ( into (� = {(1, 1), (1, 2), (1, 3), . . . , (1,# )}

and (! = {(2, 1), (3, 1), . . . , (# , 1)} depending on the degree on
attribute �, and execute ((� (⌫,⇠) ùû ) (⇠,�)) ùû '(�,⌫) and
('(�,⌫) ùû (! (⌫,⇠)) ùû ) (⇠,�) separately, the intermediate result
size would be only (2# � 1) for the former subquery and (# � 1)
for the latter.

Although partitioning has been well studied in theory, it has
not been adopted in real systems due to the complexity of existing
approaches. For example, The theoretical state-of-the-art PANDA
algorithm [21] further partitions each relation into not only two,
but multiple pieces; and each one is part of a di�erent sub-plan.
This gap between theoretical bene�ts and practical applicability
motivates us to ask the following question, which drives this work:
how can we leverage split as a new operator in query processing to

solve the data skew problem?

2.4 Other Related Work

Free Join: Free Join [34] made a step toward reconciling the the-
oretical guarantees of WCOJ with the practical advantages of bi-
nary hash-join execution. It provides a uni�ed framework that, in
principle, can capture both robustness and e�ciency. In practice,
however, Free Join su�ers from several shortcomings: the current
implementation is restricted to a single-threaded setting, its re-
liance on specialized index structures complicates deployment, and
the current optimization procedure does not always produce high-
quality plans. These challenges limit its applicability in modern
query engines, leaving the question open of how to systematically
close the gap between theory and practice.
Lookup & Expand: A recent work aims to minimize intermediate
results in join processing by decomposing a traditional hash join
into two sub-operations: Lookup and Expand [6]. In this framework,
Lookup veri�es the existence of a matching tuple in the join part-
ner relation without immediately materializing all join partners,
thereby �ltering out dangling tuples early. Expand, in contrast, is
invoked only when it becomes necessary to enumerate all matches,
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which postpones the creation of large intermediate results. This sep-
aration enables more robust join execution and opens opportunities
for reordering these two operators in the query plan. The Lookup
& Expand paradigm may be further enhanced when combined with
SplitJoin, which further limits the intermediate result size.
Table Partitioning: Table partitioning has long been studied as a
means to improve query performance and data manageability [5,
7, 16, 28]. Herodotou et al. [16] and PROADAPT [5] both operate
at the physical storage level—the former exploits partition bound-
aries created for administrative purposes to select per-partition join
orders, while the latter dynamically adapts partitioning schemes
to workload changes. In contrast, SplitJoin introduces splits as a
�rst-class query operator at runtime, with boundaries chosen solely
based on join attribute degree distributions to suppress intermedi-
ate result explosion, requiring no changes to the underlying storage
layout. Polyzotis [28] and Bizarro et al. [7] both partition data based
on selectivity estimates to assign di�erent execution strategies to
di�erent subsets—the former statically by value range, the latter
adaptively at the tuple level. However, both are rooted in the tra-
ditional cost-based paradigm and do not aim to have worst-case
guarantees on intermediate result sizes.

3 THE SPLITTING FRAMEWORK

In this section, we present a general framework that incorporates
splitting into query evaluation.

The framework extends the query optimizer with an additional
component called a split planner (see Figure 2). The split planner
consists of two phases: the split phase (Algorithm 1) and the join
phase (Algorithm 2). This component is integrated into the opti-
mizer so that query planning is not only aware of join orders and
access paths, but also of possible split strategies.

The split phase takes as input the join query & , a database in-
stance � (i.e., the set of tables referenced by &), and a set of splits ⌃.
A split consists of a pair (R,�), where R is a set of relations, and �
is an attribute that appears in all relations ' 2 R. For every split
(R,�), we split the values of the attribute � into two subsets: light
(�!) and heavy (�� ). Then, every relation ' 2 R is split into a light
('!) and heavy ('� ) part according to the split of the join attribute.
This creates two subinstances �!, �� . Each of the two subinstances
is then recursively partitioned using the remaining splits in the
split set ⌃ until ⌃ becomes empty. In general, we want to make sure
that every relation is split at most one time in ⌃ (some relations
may not be split at all). The end result is a partition of � in smaller
subinstances �1, �2, . . .

Algorithm 1: Split Phase

Input: Join query& , instance � , split set ⌃
Output: a partition {�1, �2, . . . }

1 if ⌃ = ; then
2 return {� }

3 (R,�)  a split in ⌃ ;

4 (�!,�� )  splitAttribute(R,�) ;

5 for every ' 2 R do

6 '!  {C 2 ' | C .� 2 �! } ;

7 '�  {C 2 ' | C .� 2 �� } ;

8 �!  � with R replaced by {'! | ' 2 R} ;

9 ��  � with R replaced by {'� | ' 2 R} ;

10 ⌃ ⌃ \ { (R,�) } ;

11 return Split(&, �!, ⌃) [ Split(&, �� , ⌃)

Algorithm 2: Join Phase

Input: Join query& , partition I = {�1, �2, . . . }

Output: Q(I)
1 for each part �8 2 I do

2 compute& (�8 ) using a skew-aware query optimizer

3 return
–

8 & (�8 )

Algorithm 1 is parametrized by two functions. The �rst function
is splitAttribute, which determines the heavy and light values of the
common (join) attribute. The second is a function chooseSplitSet,
which will select a split set ⌃ that will be used as the initial input.We
will discuss their possible implementation in the next two sections.

The join phase takes as input the subinstances �1, �2, . . . generated
from the split phase, and then decides an appropriate join order for
each subinstance. Finally, it computes the union of the results to
form the �nal query output. Formally, the output is �1 (�1)[ �2 (�2)[
· · · [ �= (�=), where each �8 is a (potentially di�erent) join order
applied to subinstance �8 ; since {�1, . . . , �=} partitions the original
instance � , their union correctly computes the full query result& (� ).
One important consideration in the join phase is that the optimizer
needs to incorporate the properties of this subinstance (e.g., what
is light, what is heavy) in order to �nd the best plan. We will also
discuss how this can be achieved in the next two sections.

4 THEORETICAL MOTIVATION

We next present an instantiation of our splitting framework for
binary relations that is provably worst-case optimal. In particular, it
achieves the AGMboundAGM(&) = # d , where d is theminimum
fractional edge cover of the query graph. We next discuss how to
instantiate the split and join phase to achieve the desired bound.

Split Phase. We pick a split set ⌃ as follows. For every relation
', we choose either one of its attributes (say �), and add ({'},�)

to the split set. In other words, we split every relation using one
of its attributes – this means we will end up with 2✓ subinstances
(✓ is the number of relations). Then, we choose �! = {0 | 3' (0) p
# } and �� = {0 | 3' (0) >

p
# }. In other words, we split the

values according to their degree in ' and a threshold g =

p
# .

This threshold choice means that if we split a relation '(�,⌫) into
'!,'� using attribute �, the degree of any value of � will be light
in '! (smaller than

p
# ), while the degree of any value of ⌫ will

2048



be light in '� . We can depict this visually by thinking the query
graph as a directed graph, where an edge is directed away from
the light attribute. Since we split every relation, each subinstance
corresponds to one way of making the query graph directed.

Join Phase. We now discuss how we pick a good join order for a
subinstance �8 . Recall from above that we can think of this subin-
stance as a directed query graph ⌧8 of & . The key intuition we
want to follow is: try to join on light attributes as much as possible.
We de�ne this formally via an operation called a light join. Given
an intermediate result ) (-1, . . . ,-: ) in a query plan, a light join
) (-1, . . . ,-: ) ùû '(-: ,. ) is a join where the edge (-: ,. ) is in ⌧8 ,
i.e. -: is light in relation '.

In the below pseudocode, we describe the join order. Intuitively,
we do the following: pick any relation to start with (Line 2), and
perform as many light joins as possible (Lines 5-7). If no light joins
are possible, start over somewhere else and repeat. When there are
two intermediate results that reach each other, they are merged
(Lines 8-11). When we are left with one intermediate result, the
query output is obtained (Line 14).

The algorithm below works on queries that are connected, i.e.
do not contain cartesian products. Cartesian products are handled
by �rst computing each connected sub-query.

Algorithm 3: Join Ordering

Data:& : Query, �8 : Input
1 C  {} ; // no intermediate results yet

2 while 9 attribute - not in any set in C s.t. an unused relation

' (- ,. ) is light in - do

3 2  {- ,. } ;

4 )2  ' (- ,. ) ;

5 while 9 light join between)2 and an unused relation ' (- ,. )

with - 2 2 do
6 )2[{. }  )2 ùû ' (- ,. ) ;

7 2  2 [ {. } ;

8 while 920 2 C such that 2 \ 20 < ; do
9 )2[20  )2 ùû )20 ;

10 2  2 [ 20 ;
11 C  C � {20 } ;

12 C  C [ 2
13 // C = {2 }, i.e. it has a single component

14 return)2 ;

Example 4.1. Consider the following query

& ='1 (�,⌫) ùû '2 (⌫,⇠) ùû '3 (�,⇠) ùû '4 (⇠,⇡) ùû

'5 (�,⇡) ùû '6 (⇡, ⇢) ùû '7 (⇢, ) ùû '8 (⌫, � ) ùû

'9 (� ,⌧) ùû '10 (⌧,� ) ùû '11 (� , � ) ùû '12 (� , � ) ùû

'13 (� , ) ùû '14 (� , ) ùû '15 (⇠, � ) ùû '16 (⌫,� )

The query graph is depicted in the �gure below. The color/num-
ber indicates which intermediate relation a relation is �rst joined
into by line 5-7. Suppose the algorithm start doing light joins from
�. This will yield an intermediate relation with the red (1) relations,
since this intermediate has no outgoing edges (light joins). Suppose
that next, the algorithm starts expanding from � . It will expand
an intermediate relation of the blue (2) relations. The red and blue

1 2

3

4

3

A

B

C

D E

F G

H

I

J

K

Figure 3: Example query graph and initial intermediate relations

intermediates will then be merged. Continuing, the green (3) inter-
mediate is computed and merged with the red/blue intermediate.
Finally, the same happens with the orange (4) component.

We prove the following theorem in the appendix of our extended
version [15].

T������ 4.2. Let & be a natural join query with binary rela-

tions of at most size # . Then, the above instantiation of the splitting

framework runs in time at most AGM(&) =$ (# d ).

We give some intuition behind the theorem. For any interme-
diate that is created only with light joins, it is never bigger than
AGM(&), because light joins grow the intermediate very slowly
(the intermediate grows by at most a factor

p
# for every light

join). For queries over binary relations, this is enough to match
AGM(&). The trickier part is understanding why the merge step
matches the AGM bound. It is because the intermediate results have
a form that is close to induced subgraph form, which is discussed
more in our extended version.

Discussion. This section has proven that there is a large class of
query plans with splits that match the AGM bound. Indeed, several
join orders are produced from Algorithm 3, since we are free to
choose what is our starting point and which light join we do �rst.
In practice, these theoretically optimal plans may not be desirable
— they split every table, which is not necessary and expensive in
practice. In the next section, we will see how we can split more
carefully. Additionally, we would like to give the query optimizer
more freedom in picking among join orders during the join phase.
However, we want to keep the same intuition: light joins are less
likely to grow an intermediate result too much and should be given
preference. One alternative interpretation of our theoretical result
is that by splitting, the query optimizer is much more likely to pick
a good join order for each subinstance, since the join orders that
satisfy the AGM bound cover a much larger space.

5 SPLITJOIN DESIGN SPACE

While the theoretical algorithm described in Section 4 ensures
worst-case optimality, it may not lead to the best performance in
practice. In this section, we explore the design space of SplitJoin and
propose a heuristic split strategy guided by practical constraints.
Speci�cally, every split in a relation increases the number of parti-
tions by a factor of two. Since having more partitions has a sizable
overhead, splitting every relation is impractical and thus we want
to design a heuristic that minimizes the number of splits, while
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Figure 4: Split Example on Q5, L/H indicates a join is Light/Heavy.

making sure that skew will be handled properly. Section 5.3 is our
heuristic solution to this problem that splits relations in order to
create a "cover" of all joins. Additionally, the theoretical framework
chooses

p
# as the default split threshold. This is optimal for the

worst-case, but in practice it can be suboptimal; Section 5.2 shows
our method to improve upon this.

5.1 Co-split

The �rst design decision of SplitJoin is to pick splits of the form
({',) },�), i.e., we always split two relations at once. To explain
why this is bene�cial compared to splitting one relation at a time,
consider a query& that has two tables '(�,⌫),) (�,⇠) that join on
attribute �. If we choose to split ' on attribute �, then we create
two subrelations '! and '� . Now observe that since ',) join on
attribute �, this means that in the subinstances �!, �� it su�ces to
keep only the parts of ) that join with '!,'� respectively:

)! (�,⇠)  ) Z c� ('!), )� (�,⇠)  ) Z c� ('� )

In other words, a split on ' can be thought as a split on ) as well;
this can reduce the input size for each join by ensuring that related
tuples are split consistently. The co-split strategymakes this explicit.
One additional consideration is that we want to avoid splitting both
' and ) on attribute � independently, since this would generate
four subproblems: '! ùû )! , '! ùû )� , '� ùû )! , and '� ùû )� .

We can visualize co-splits alternatively by considering the join
graph of a query & . This graph can be thought as the "dual" of
the query graph: each vertex is a relation, and two vertices (rela-
tions) are connected via an edge only if they join on some attribute.
Figure 4 shows as example the join graph of query &5 (de�ned in
Section 6.2 and Figure 6). A co-split then corresponds to an edge of
the join graph. For instance, the co-split ({'1,'5},. ) corresponds
to the edge {'1,'5} of the join graph in our running example. It
will be convenient to use the shorthand '1 Z. '5 for a co-split.

5.2 Choosing the Split Threshold

In this part, we discuss howwe implement the method splitAttribute.
We will start by presenting the method for a single split, and then
extend this to a co-split.

Single Split. Suppose we want to split the values of attribute �
in a relation '(�,⌫) of size # into a heavy part �� and a light part
�! . Recall the degree de�ned in Section 2, we pick a split threshold
value g > 0 such that a value 0 with 3' (0) > g is sent to the heavy
part, and with 3' (0)  g to the light part. The key question is: how
do we choose the right split threshold?

Figure 5: Degree distributions of six datasets. Nodes are ordered by

descending degree, with the subject attribute and the object attribute

distributions shown on a log–log scale.

To answer this question, we need to dive deeper into what is
achieved by splitting a relation into two parts.

• Light part (�!): The maximum degree of any value of
attribute � is less than g . This implies that if we join any
relation with '! using � as the join key, the intermediate
result will increase by a factor of at most g .

• Heavy part (�� ): The main observation is that the number
of heavy values of � is at most # /g . Thus, the maximum
degree of attribute ⌫ in '� (�,⌫) is at most # /g . This sim-
ilarly implies that joining with '� on ⌫ will increase the
intermediate result by a factor of at most # /g .

Theoretically, we want to balance the two parts, so we would
choose g such that g = # /g , or equivalently g =

p
# as in Section 4.

However, this threshold matches only the worst-case bound. In
practice, the bound of

p
# for the number of heavy values can be

overly conservative, as the actual degree distribution on real-world
datasets often deviates from the theoretical worst-case assumptions.
Figure 5 illustrates the degree distributions from several real-world
network datasets, which are the datasets in Table 1. As shown in
the �gure, the vast majority of values have degrees much less thanp
# . Therefore, by replacing the

p
# threshold with a smaller value

 , we can reduce the overhead caused by values with degree less
than

p
# while preserving the worst-case optimality.

We now discuss our method to choose the threshold g . First,
we compute the degree sequence [20] of � in '(�,⌫). The degree
sequence is constructed by calculating the degree 3' (0) of every
value 0 in �, and sorting them in non-increasing order:

deg1 � deg2 � deg3 � · · · � deg<

Here,< is the number of distinct values in�. We want to guarantee
that we pick g such that the number of values with degree > g are
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at most g . Hence, we pick g to be the �rst index  2 {1, . . . ,<} in
the degree sequence such that  � deg . Observe that this choice
of threshold is sensitive to the speci�c data distribution, in contrast
to the choice of

p
# which is data-independent. In particular, if the

degree distribution is highly skewed (say a zip�an distribution),
then deg will be signi�cantly smaller than

p
# , leading to a more

precise and e�ective splitting. Figure 5 shows the chosen threshold
of our heuristic compared to the choice of

p
# . Observe that the

chosen threshold is smaller than
p
# , which means that we are

much more conservative in what we consider a "light" value. It is
easy to see that our threshold choice is 

p
# and thus our method

will lead to a partitioning at least as good as the
p
# default choice.

The split is designed to handle skew by partitioning tuples into
heavy and light sides, but this process is not free, since it involves
multiple overheads: (8) the cost of partitioning a relation into heavy
and light, and (88) the cost of executing additional join branches
for each partition. When the output size of a join is already small,
the cost of these extra steps can easily outweigh any potential
performance gains from splitting. To address this issue, we tweak
the threshold choice in one more way. Speci�cally, we pick two
prede�ned parameters �1,�2, and check whether:

deg1/�1    �2

If this condition is satis�ed, then we put everything in the light part
(this is equivalent to setting the threshold g = +1). Intuitively, the
second inequality tells us that there are very few heavy values, and
the �rst one that these few heavy values are not too skewed. In this
case, partitioning is unnecessary because of the overheads so we
opt to skip it. We choose �1 = 5 and �2 = 240 in our experiments.

Co-Split. Suppose now we want to choose the threshold for a
co-split ' Z� ) . Instead of constructing two degree sequences, we
construct a combined degree sequence by considering the com-
bined degree 3',) (0) =min{3' (0),3) (0)}. We similarly choose the
threshold  to be the smallest index such that  � 3',) (0) , and
also use �1,�2 to further optimize the threshold choice exactly as
in the case of a single split.

Moreover, it is also important to understand how heaviness
distributes across related joins. As shown in Figure 4, given that a
join is heavy, we can infer that its adjacent joins involving di�erent
attributes are light, since the number of distinct attributes in those
joins is limited. For example, in part 1.2, if '3 ùû '4 is identi�ed
as heavy, then '3 ùû '1, '3 ùû '5, '4 ùû '5, and '4 ùû '2 can
be inferred to be light. This inference helps us reason about the
broader join structure and identify which parts of the query are
likely to contribute less to the overall cost.

5.3 Choosing the Split Set

We next turn to the problem of deciding the split set. Recall that
our split set consists of co-splits, which can be viewed as edges in
the join graph. In order to minimize partitioning, we choose the
edges such that they form an edge packing of the graph (i.e., we
cannot choose two edges that are adjacent to the same table). This
guarantees that each relation will be split at most once. We will say
that an edge {', (} in the join graph is uncovered by a split set ⌃ if
', ( do not occur in ⌃. The intuition is that we want to make sure

that for every join between two tables at least one of the tables is
split, but not necessarily both.

Speci�cally, we construct all possible co-split sets through a
recursive enumeration procedure, enum(⌃). Initially, we start with
⌃ = ;, so we call enum(;). At each recursive step, to compute
enum(⌃), we �rst generate all ⌃ [ {' Z� (} such that the new co-
split ' Z� ( satis�es two conditions: (8) ', ( is an uncovered edge
in the join graph w.r.t. ⌃; and (88) there is no other uncovered edge
whose two relations belong to a smaller cycle in the query graph.
The function then returns the union of the split sets produced
recursively by each enum(⌃ [ {' Z� (}). The latter condition
makes sure that we prioritize edge packings that contain edges in
smaller cycles. When ⌃ is an edge packing (i.e., there are no more
uncovered edges), we return enum(⌃) = {⌃} and the recursion
terminates.

Example 5.1. Consider again&5 (Figure 4). The split set construc-
tion prioritizes co-splitting joins within the sub-cycles '1 (- ,. ) ùû
'2 (- ,/ ) ùû '5 (/ ,. ) and '5 (/ ,. ) ùû '3 (. ,* ) ùû '4 (* ,/ ), rather
than on the joins '1 ùû '3 and '2 ùû '4 that occur in a cycle of
length 4. The reason we want to do this is that the former joins
each contain a �lter-table, allowing the �lter e�ect to be applied
immediately during splitting, whereas the latter do not provide this
bene�t. Hence, we will obtain the following possible co-split sets
from the enumeration procedure:

⌃1 = {'1 Z. '5,'3 Z, '4} ⌃2 = {'2 Z/ '5,'3 Z, '4}

⌃3 = {'1 Z- '2,'3 Z, '4} ⌃4 = {'1 Z- '2,'3 Z. '5}

⌃5 = {'1 Z- '2,'4 Z/ '5}

Note that the co-splits '1 Z. '3 and '2 Z/ '4 will never be chosen
by our construction.

Given all the generated split sets, the question is now: which set
do we choose for splitting? Our strategy is to prioritize splitting on
light joins, i.e., joins whose threshold is small.

Technically, we will assign a cost to each edge in the join graph:
the cost is the threshold : we choose for this co-split. The key idea
here is that the intermediate size of the join is bounded by : · # ,
where # is the size of the largest relation involved. The cost of a set
of co-split is simply the maximum of the thresholds of each co-split.
Therefore, choosing the joins with the smallest threshold yields the
tightest upper bound on intermediate result size, and is expected
to produce the most e�cient plan.

Example 5.2. Consider again the running example for &5, and
assume that the threshold for the co-split '8 Z ' 9 is :8 9 . Then
the cost of ⌃1 would be max{:15,:34}, the cost of ⌃2 would be
max{:25,:34}, and so on. In the case of Figure 4, the smallest cost
is ⌃1, so we would pick this co-split to partition the instance into
the four subinstances than can be seen in the �gure.

5.4 Split-aware Query Optimizer

Conventional query optimizers in existing database systems are
generally unaware of splits and do not utilize degree information.
As a result, the execution strategies are often suboptimal, and the
potential bene�ts of splitting cannot be fully exploited. Recent
work [40] incorporates degree information into cost estimation but
relies on solving complex linear programs and assuming precise
degree distributions, limiting its practicality for general-purpose
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optimizers. It also incurs high overhead and cannot handle nested
queries common in our split-based plans.

Instead, we adopt a heuristic that explicitly incorporates max-
imum degrees and thresholds into how we perform cardinality
estimation in query planning. Our approach only modi�es the way
we compute the cost of a join between two relations (,' when
one of them is partitioned. In particular, assume that we have par-
titioned '(�,⌫) on attribute � with threshold  , resulting into
'!,'� . Then, we estimate the cost of a join ( (�, . . . ) Z '! (�,⌫)

to be |( | ·  (since the maximum degree of � in ' is at most  ),
while we estimate the cost of a join ( (⌫, . . . ) Z '� (�,⌫) to be
|( | ·  (since there are at most  heavy values of �). This enables
the optimizer to identify a cheaper join more accurately and thus
prefer to perform it �rst in a join order.

Apart from this modi�cation, the overall optimization proce-
dure still follows the conventional dynamic programming (DP)
framework used in query optimizers. That is, plan enumeration
and cost-based pruning remain unchanged, while only the cost
estimation step is extended to be aware of splits using the maxi-
mum degree and thresholds. This design ensures compatibility with
existing optimizers while enabling them to e�ectively leverage the
advantages introduced by splitting.

6 EXPERIMENTAL EVALUATION

In this section, we present experimental results to demonstrate
the e�ectiveness and advantage of SplitJoin. We begin by brie�y
describing our implementation in 6.1, then state the experimental
setup in Section 6.2, followed by evaluations of overall performance
in Section 6.3, then demonstrate our proposed optimizations by
e�ectiveness studies in Section 6.4.

6.1 Implementation

Degree Sequence Computing: For each input query, SplitJoin
computes a per-query degree sequence to determine split thresh-
olds. Speci�cally, we �rst apply �lter pushdown to reduce each
base relation to only the tuples that satisfy the query’s selection
predicates, and then collect degree information over the �ltered
relations via aggregate queries, requiring only a single pass over
the (sampled) data via a standard GROUP BY query. For each join at-
tribute of every (�ltered) relation, we construct a compact summary
table of (value, degree) pairs and retain at most the top 10K values
by degree. This ensures that the degree sequence accurately re�ects
the actual data distribution seen during join execution—rather than
the distribution of the full un�ltered relation—allowing SplitJoin to
handle queries with selective �lters correctly. The summary table
is typically less than 0.1% of the size of the relation, and the degree
sequence can also be computed upon a sampled relation (25% sam-
pling rate in our DuckDB experiments), keeping the aggregation
overhead manageable while capturing the skew patterns that drive
e�ective splitting decisions. The corresponding computation times
are reported in Table 2 (DuckDB) and Table 7 (Umbra), con�rming
that the overhead is small relative to join execution time.
Front-end Layer for Splits: To integrate SplitJoin into existing
systems with minimal modi�cation, we designed a lightweight
front-end layer that operates independently of the underlying data-
base engine. To be speci�c, the front-end operates in three steps.
First, it issues aggregate queries using the underlying engine to

collect per-query degree summaries over the (�lter-pushed-down)
base relations, and computes split thresholds. Second, it rewrites
the original query into a set of per-split subqueries: for each split,
the heavy and light partitions of the relevant relation are expressed
as SQL subqueries with additional predicates (i.e., checking whether
the join key appears in the heavy value table), and each partition
is assigned a di�erent join order based on its estimated intermedi-
ate result size. The split relations are passed as nested subqueries
rather than materialized intermediate tables, keeping the rewriting
non-intrusive. Third, the resulting per-split subqueries, each a com-
plete SQL query, are submitted to the underlying engine as a single
query. This design makes the use of di�erent plans for di�erent
splits explicit at the SQL level, and allows SplitJoin to function as a
drop-in front-end for any SQL engine; in our implementation, we
support both DuckDB and Umbra without any engine-side changes.

6.2 Experimental Setup

Hardware Platform: We conduct all experiments on a Cloud-
Lab [12] machine with r6525 instance type with two AMD EPYC
7543 processors (32 cores per socket, 2 hardware threads per core,
totaling 128 hardware threads) running at 2.8 GHz, equipped with
251GB DDR4 memory. The used SSD is a Dell Ent NVMe AGN MU
U.2 with 1.6 TB capacity.
Tested Dataset: The datasets used in our experiments are listed
in Table 1. They are the same graph datasets evaluated in [35],
covering a range of sizes, sparsity levels, and degree distributions.

Table 1: Sizes of the tested graph datasets.

Name Nodes Edges Features
WGPB [17, 18] 54.0M 81.4M skew, sparse
Orkut [25] 3.07M 117M uniform, partial dense
GPlus [23] 107K 13.6M skew, dense
USPatent [22] 3.77M 16.5M uniform, sparse
Skitter [22] 1.69M 11.1M partial skew, sparse
Topcats [39] 1.79M 28.5M skew, partial dense

For the WGPB dataset, which originally contains three columns,
we discard the second column as it is not used as a join key in our
queries, and remove duplicates from the remaining two columns
(about 1% reduction regarding the number of rows).
Tested Queries: The queries we used are listed in Figure 6, which
are cyclic queries with a number of tables less than nine from the
paper [24]. Additionally, we extend the workload by including Q11,
Q12, and Q13 as shown in Figure 6, together with �ltered versions
of Q1, Q2, and Q3, denoted as Q15 , Q25 , and Q35 . For the �ltered
queries, we apply a selection predicate on 01, with a selectivity of
approximately one-third.
Tested Systems:We test our method in two representative data-
base systems: DuckDB [29] and Umbra [14].

DuckDB (v1.3.0) is an open-source in-process columnar DBMS
optimized for OLAP workloads, providing easy integration into
analytical applications. It primarily relies on optimized binary joins
with no built-in worst-case optimal joins. Umbra (25.07.1) is a high-
performance DBMS designed for modern hardware, using a com-
pact columnar format and morsel-driven execution for parallelism.
Umbra natively supports worst-case optimal joins, enabling e�-
cient multiway join execution. Metrics: We measure the overall
query execution time and intermediate table sizes for all engines.
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Figure 6: Tested Queries

Table 2: Max Sequence Degree Computing Time in DuckDB for each

Dataset (in seconds)

WGPB Orkut GPlus USPatent Skitter Topcats

1.935 0.689 0.276 0.253 0.153 0.247

For SplitJoin, we measure end-to-end execution time, including
the cost of the SplitJoin framework (degree computation, threshold
selection, table partitioning, etc.) as well as the query execution.
For DuckDB, we use its memory mode (all tables stored in mem-
ory, no disk I/O). For Umbra, we use the default con�guration,
except for adjustments to query memory consumption, timeout,
and WCOJ-related options.

For both SplitJoin and the baselines, each query is executed four
times, and we report the minimum execution time to avoid cold
start e�ects. The intermediate result sizes are collected by putting
’EXPLAIN ANALYZE’ in front of completed queries.We set amemory
limit of 220 GB and a timeout of 15 minutes for each run, and use
32 threads for query execution.

6.3 Overall Performance Evaluation

To assess the overall performance bene�ts introduced by the strate-
gies proposed in the previous sections, we conduct a comprehen-
sive comparison between SplitJoin and the baseline join algorithms
within each database system.

6.3.1 DuckDB Comparison. Table 3 reports the runtime compari-
son between SplitJoin over DuckDB and the original DuckDB bi-
nary join, and Table 4 shows the maximum intermediate result sizes.
Overall, all queries that can be executed by the original DuckDB
(48 in total) can also be executed with SplitJoin. Moreover, with
SplitJoin, DuckDB is able to complete 18 additional queries that
the original binary join fails to �nish due to timeouts or out-of-
memory (66 vs. 48). For the queries that can �nish in both cases,
SplitJoin reduces runtime by 1.8⇥ on average (up to 14.8⇥) and cuts
the maximum intermediate results by 4.5⇥ on average (up to 74⇥).

In terms of framework processing time, the majority of the over-
head arises from the aggregation clauses used in degree computa-
tion, while the remaining components of the framework collectively
require less than 0.2s. When computing the degree sequence, we
randomly sample 25% of the table in DuckDB. The corresponding
execution times are reported in Table 2. Overall, the time overhead
is relatively small compared to the join execution time.

For datasets with high skew (i.e., WGPB, GPlus, and Topcats),
SplitJoin achieves substantial performance gains. On WGPB and
Topcats, DuckDB frequently fails due to timeouts or out-of-memory,
while SplitJoin completes most queries successfully with signi�-
cantly lower runtime. For GPlus, both approaches fail on the ma-
jority of queries, but for the completed query (Q1), SplitJoin can
achieve a speedup of 1.31⇥ over the original DuckDB. These results
highlight the e�ectiveness of our strategy in coping with highly
skewed data distributions, which are prevalent in real-world social
network datasets.

For the partially skewed dataset (i.e., Skitter), SplitJoin still demon-
strates clear bene�ts. Because Skitter is relatively sparse and many
joins have small thresholds, a large portion of splits can be skipped.
Consequently, most of the queries degenerate to DuckDB’s original
binary join plan. For the remaining �nished queries (Q3, Q4, Q35 ),
SplitJoin achieves improvements over the baseline in Q4 and Q35 ;
however, for Q3, the performance is slightly worse than DuckDB’s
original plan. The slowdown primarily stems from the extra cost
introduced by the split operator, which lengthens the execution
pipeline and causes one of the subqueries to run slower than the
baseline query, even though the total size of intermediate results is
smaller than in the baseline.

For uniform datasets (i.e., Orkut and USPatent), the performance
bene�t largely depends on graph density. On USPatent, SplitJoin
exhibits slightly higher execution times than the DuckDB base-
line overall. Since all joins in the query graph are lightweight,
SplitJoin consistently favors the original binary join plans, prevent-
ing the cost of degree sequence computation from being amortized,
however, the overhead is small in practice. In contrast, on Orkut,
SplitJoin outperforms the baseline for most queries, with the ex-
ception of Q7, Q15 , and Q35 . The performance gap for Q7 stems
from its structure, which consists of two triangles, ('1 ùû '2 ùû

'3) ùû ('4 ùû '5 ùû '6). The optimal strategy would compute each
triangle independently before joining the intermediate results. In
practice, however, our execution produces four subqueries that can-
not fully reuse overlapping computations, leading to performance
degradation. The behavior of Q35 can be attributed to a similar
cause as Skitter’s Q3. For Q15 , although splitting reduces the join
cost, the improvement is insu�cient to amortize the preprocessing
overhead.

Taken together, these results con�rm that SplitJoin provides
consistent and often substantial runtime improvements, especially
under skewed data distributions where traditional binary joins
struggle the most.

6.3.2 Umbra Comparison. Table 5 presents the runtime compar-
ison between SplitJoin and three join settings in Umbra. When
testing SplitJoin, we disable Umbra’s WCOJ option since SplitJoin
is designed for only using binary join. Table 6 reports the maximum
intermediate result size when executing queries in Umbra, Table 7
presents the time used to compute the degree sequence, similar to
DuckDB, other parts of the framework still use a small amount of
time (less than 0.2s). Binary indicates that Umbra is restricted to
binary joins only, whileWCOJ enforces the use of its built-in worst-
case optimal join. Default refers to Umbra’s optimizer-chosen plan,
which may combine binary joins, WCOJ, or a hybrid of the two.
Overall, all 56 queries executable by Umbra’s binary join can also
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Table 3: Runtime (s) in DuckDB. TLE indicates 900s time limit exceeded. OOM indicates out-of-memory. For comparison, the best performance is

highlighted with a gray background , and underline indicates both systems use the same query plan.

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 Q13 Q15 Q25 Q35

WGPB
SplitJoin 5.532 28.495 23.990 16.170 57.310 19.594 18.824 OOM TLE OOM 45.147 TLE 55.181 5.097 13.340 15.893
Default TLE 59.230 OOM TLE TLE OOM TLE OOM TLE OOM 666.440 OOM OOM 9.620 14.960 57.640

Orkut
SplitJoin 17.399 OOM OOM 68.736 64.983 81.333 572.696 129.530 TLE OOM OOM OOM OOM 6.334 55.076 65.794
Default 19.200 OOM OOM OOM OOM TLE 515.240 OOM OOM OOM OOM OOM OOM 5.940 56.650 61.710

GPlus
SplitJoin 26.452 OOM OOM TLE TLE OOM OOM OOM OOM OOM TLE OOM OOM 9.339 649.045 OOM

Default 34.770 OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM 11.220 OOM OOM

USPatent
SplitJoin 0.480 1.166 1.265 1.976 2.035 14.482 1.528 1.413 2.636 1.877 1.104 5.396 1.512 0.490 1.099 0.909
Default 0.355 1.010 1.070 1.840 1.850 14.280 1.370 1.200 2.690 1.840 0.910 5.010 1.410 0.203 0.415 0.677

Skitter
SplitJoin 0.899 7.845 4.732 2.518 4.101 TLE 73.150 7.002 TLE OOM 29.619 OOM 151.192 0.528 3.194 1.981
Default 0.706 7.750 4.220 4.820 4.360 TLE 72.300 6.950 TLE OOM 29.770 OOM 149.35 0.343 2.940 2.360

Topcats
SplitJoin 4.636 22.343 20.308 8.194 9.112 11.748 48.767 666.200 TLE OOM 418.535 65.591 647.596 1.772 9.130 9.755
Default 7.800 30.660 248.680 OOM OOM TLE 384.250 OOM OOM OOM 803.250 OOM OOM 1.700 9.780 10.340

Table 4: Max intermediate result size (million tuples) in DuckDB. TLE indicates 900s time limit exceeded. OOM indicates out-of-memory. The best

(smallest) value per dataset-query pair is highlighted with a gray background , and underline indicates using the same plan.

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 Q13 Q15 Q25 Q35

WGPB
SplitJoin 551 551 1027 1027 3001 551 551 OOM TLE OOM 7193 TLE 7193 165 530 877
Default TLE 936 OOM TLE TLE OOM TLE OOM TLE OOM 26706 OOM OOM 291 936 8315

Orkut
SplitJoin 9462 OOM OOM 11807 9462 16475 9462 9462 TLE OOM OOM OOM OOM 3147 9439 10390
Default 10913 OOM OOM OOM OOM TLE 57171 OOM OOM OOM OOM OOM OOM 3637 10913 10913

GPlus
SplitJoin 3296 OOM OOM TLE TLE OOM OOM OOM OOM OOM TLE OOM OOM 1323 4193 OOM

Default 6949 OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM 2193 OOM OOM

USPatent
SplitJoin 82 82 237 234 237 11528 179 80 234 194 194 649 362 27 82 80
Default 82 82 237 234 237 11528 179 80 234 194 194 649 362 27 82 80

Skitter
SplitJoin 454 454 454 292 454 TLE 30693 454 TLE OOM 18774 OOM 18786 151 454 415
Default 454 454 454 454 454 TLE 30693 454 TLE OOM 18774 OOM 18786 151 454 454

Topcats
SplitJoin 1949 1949 1949 1949 1949 1949 1949 2372 TLE OOM 199319 7228 199319 736 2202 1682
Default 2663 2663 144725 OOM OOM TLE 144725 OOM OOM OOM 238984 OOM OOM 889 2663 2112

be executed with SplitJoin, which additionally completes 14 queries
that binary join cannot (70 vs. 56). For queries �nishing in both
cases, SplitJoin achieves 1.3⇥ speedups on average (up to 11.6⇥)
and reduces maximum intermediate results by 1.8⇥ on average (up
to 33.1⇥).

In our analysis, we �rst focus on comparing SplitJoin with Um-
bra’s binary join (denoted as UmbraBJ below), as this aligns directly
with the primary objective of our work.

Overall, the results are consistent with our observations on
DuckDB: SplitJoin outperforms UmbraBJ in similar query cases.
When SplitJoin underperforms the default binary join, the per-
formance gap remains marginal and is signi�cantly smaller than
that of Umbra’s WCOJ (i.e., Umbra’s WCOJ often times out in
cases where the default binary join successfully �nishes), under-
scoring SplitJoin’s robustness and balanced e�ciency across di-
verse workloads. For queries where SplitJoin takes longer time,
Orkut Q7 shares the same reason discussed in the DuckDB experi-
ments. The most interesting case is Skitter Q4—Umbra’s query plan,
('1 ùû '2) ùû (('4 ùû '5) ùû '3), enables the reuse of intermediate
results from ('1 ùû '2) and ('4 ùû '5), whereas SplitJoin currently
cannot exploit such reuse. These two queries highlights a potential
optimization direction for handling redundant computations dur-
ing splitting. For Orkut Q4 and Topcats Q11, the cause is similar
to DuckDB’s Skitter Q3—the additional split operator increases

pipeline length and introduces extra overhead, making one of the
subqueries slower than the baseline plan. This suggests room for im-
provement in the scheduling mechanism when applying SplitJoin.
For some of the �lter queries, SplitJoin tends to run slower than
the binary join baseline. This is because the �lter predicate sub-
stantially reduces the amount of intermediate results, diminishing
the bene�t of splitting, while SplitJoin still incurs the �xed pre-
processing overhead. Nevertheless, SplitJoin still achieves notable
speedups on the GPlus dataset.

In summary, similar to the DuckDB results, the UmbraBJ ex-
periments con�rm that SplitJoin consistently delivers substantial
runtime improvements. We now extend our analysis to examine
Umbra’s built-in worst-case optimal join (WCOJ) and its default
setting for a more comprehensive comparison.

In general, Umbra’s built-in WCOJ occasionally outperforms
SplitJoin, but is often slower than UmbraBJ. This suggests that while
WCOJ can exploit speci�c join patterns e�ectively (e.g., Q1 triangle
and Q6 4-clique), its bene�ts are not consistent across datasets and
queries. For Umbra’s default setting, we observe that the optimizer
does not always choose the optimal execution plan—for example, in
Skitter Q6 and Topcats Q6, the selected plans result in suboptimal
performance. Moreover, in Q7, which joins two triangles ('1 ùû

'2 ùû '3) ùû ('4 ùû '5 ùû '6), Umbra’s optimizer applies WCOJ
within each triangle and then performs a binary join to combine
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Table 5: Runtime (s) in Umbra. TLE: 900s limit exceeded; OOM: out-of-memory. The better result between SplitJoin and Binary is marked with a

gray background ; underline indicates the same plan is used. Bold indicates Umbra’s built-in WCOJ is faster than both SplitJoin and Binary.

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 Q13 Q15 Q25 35

WGPB

SplitJoin 4.997 24.375 15.452 14.002 230.370 16.237 26.857 OOM TLE OOM 41.413 TLE 42.374 6.496 19.889 12.961
Binary 5.794 156.777 TLE OOM OOM OOM OOM OOM OOM TLE TLE TLE 88.725 3.086 16.331 OOM

WCOJ 3.774 TLE 17.108 12.726 4.404 4.426 37.652 TLE TLE TLE 39.716 46.584 186.157 3.616 7.496 5.555

Default 5.929 158.576 TLE OOM OOM OOM OOM OOM OOM TLE TLE OOM 85.866 3.589 16.102 OOM

Orkut

SplitJoin 12.390 OOM OOM 36.268 35.359 42.411 85.230 22.623 OOM OOM OOM OOM OOM 3.738 36.303 39.248
Binary 13.182 OOM OOM 30.719 36.294 TLE 58.998 OOM OOM OOM OOM TLE OOM 3.526 37.848 OOM

WCOJ 7.833 722.336 677.691 724.578 TLE 53.473 TLE TLE TLE TLE TLE TLE TLE 5.757 247.857 228.065
Default 7.824 OOM OOM 30.679 36.156 TLE 52.707 OOM OOM OOM OOM OOM OOM 5.924 37.324 OOM

GPlus

SplitJoin 34.191 OOM OOM TLE OOM OOM TLE OOM OOM OOM OOM OOM OOM 12.005 801.471 727.362
Binary 41.520 OOM OOM OOM OOM OOM TLE OOM OOM OOM OOM OOM OOM 13.868 OOM OOM

WCOJ 13.397 TLE TLE TLE TLE TLE TLE TLE TLE TLE TLE TLE TLE 6.288 TLE TLE

Default 13.386 OOM OOM OOM OOM OOM TLE OOM OOM OOM OOM OOM OOM 6.347 OOM OOM

USPatent

SplitJoin 0.170 0.472 0.486 0.553 0.339 1.936 0.389 8.097 3.487 2.854 0.764 0.736 1.092 0.342 0.503 0.513
Binary 0.172 0.503 0.477 0.489 0.346 1.941 0.378 7.947 3.591 2.818 0.721 0.634 1.039 0.128 0.286 0.285
WCOJ 0.400 1.125 2.139 1.460 2.246 0.626 0.984 126.174 6.606 2.423 1.351 1.610 5.046 0.387 0.654 1.101
Default 0.390 0.433 0.467 0.483 0.305 1.947 0.956 8.004 3.573 2.552 0.725 0.624 1.155 0.317 0.303 0.258

Skitter

SplitJoin 0.606 3.074 1.769 1.884 0.907 310 2.414 OOM 75.249 OOM 14.068 9.596 36.008 0.211 1.203 1.199
Binary 0.425 2.865 1.992 0.664 0.676 305 2.226 OOM 70.859 OOM 14.087 9.337 35.160 0.235 1.172 0.907
WCOJ 0.511 9.611 6.379 9.221 186.201 1.365 57.504 TLE TLE TLE 240.686 232.279 331.388 0.293 5.090 2.333
Default 0.531 2.969 1.864 0.698 0.716 306 1.358 OOM 68.826 OOM 13.770 9.373 36.812 0.277 1.198 0.920

Topcats

SplitJoin 3.781 16.045 14.700 6.307 6.665 7.506 12.798 87.832 413.158 OOM 358.112 27.737 395.278 1.009 9.220 7.758
Binary 7.499 16.886 16.004 11.423 6.955 10.592 12.896 OOM OOM OOM 250 320.430 422.67 0.877 18.000 9.797
WCOJ 1.428 TLE 140.463 64.064 54.212 4.537 TLE TLE TLE TLE TLE 158.964 TLE 0.736 TLE 69.134
Default 1.387 17.020 15.206 10.375 6.781 10.592 5.475 OOM OOM OOM 249.193 317.183 430.948 0.854 18.053 9.755

Table 6: Max intermediate result size (million tuples) in Umbra. TLE indicates 900s time limit exceeded. OOM indicates out-of-memory. The best

(smallest) value per dataset-query pair is highlighted with a gray background , and underline indicates using the same plan.

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 Q13 Q15 Q25 Q35

WGPB
SplitJoin 552 552 1026 1026 3123 552 552 OOM TLE OOM 7039 TLE 7036 166 532 873
Binary 936 936 TLE OOM OOM OOM OOM OOM OOM TLE TLE TLE 26706 292 936 OOM

Orkut
SplitJoin 9450 OOM OOM 11803 9450 16452 9450 9450 OOM OOM OOM OOM OOM 3143 9429 10386
Binary 10913 OOM OOM 12489 10913 TLE 10913 OOM OOM OOM OOM TLE OOM 3637 10913 OOM

GPlus
SplitJoin 3286 OOM OOM TLE OOM OOM TLE OOM OOM OOM OOM OOM OOM 1314 4163 8985
Binary 6949 OOM OOM OOM OOM OOM TLE OOM OOM OOM OOM OOM OOM 2194 OOM OOM

USPatent
SplitJoin 82 82 362 239 82 1539 82 1381 1381 1381 362 362 362 27 82 120
Binary 82 82 362 239 82 1539 82 1381 1381 1381 362 362 362 27 82 120

Skitter
SplitJoin 444 454 454 496 444 237177 444 OOM 3999 OOM 18786 18786 16395 162 454 454
Binary 444 454 454 444 444 237177 444 OOM 3999 OOM 18786 18786 16395 162 454 454

Topcats
SplitJoin 1944 1944 1944 1944 1944 1944 1944 2371 74733 OOM 199772 7217 199772 735 2199 1675
Binary 2663 2663 2663 2663 2663 2663 2663 OOM OOM OOM 238985 238985 238985 889 2663 2112

Table 7: Max Sequence Degree Computing Time in Umbra for each

Dataset (in seconds)

WGPB Orkut GPlus USPatent Skitter Topcats

2.181 0.536 0.314 0.250 0.272 0.364

the intermediate results. This design leverages the strengths of both
strategies but also illustrates the inherent complexity and di�culty
of hybrid plan selection.

Overall, while Umbra’s built-in WCOJ and its default optimizer
can provide advantages in speci�c scenarios, SplitJoin can o�er
consistent and stable improvements on a wide range of queries
and datasets. This highlights its e�ectiveness as a general-purpose
strategy for accelerating join workloads.

6.4 E�ectiveness Study

In this section, we use DuckDB to evaluate the e�ectiveness of each
strategy proposed in SplitJoin.

6.4.1 Split Threshold. To evaluate the e�ectiveness of the split
threshold proposed in Section 5.2, we conduct experiments on
query Q1 (triangle query) over the GPlus and Topcats datasets. For
the remaining datasets, the results are similar. Speci�cally, we �x
the splitting attribute on a single table and vary the threshold to
compare their impact on join execution time. Note that threshold=0
corresponds to the binary join plan.

In Figure 7, as the threshold increases from 0, the execution time
and the maximum intermediates �rst decrease and then increase
again. The selected thresholds in SplitJoin (highlighted with slashes)
consistently achieve near-optimal performance across datasets.

6.4.2 Split Schedule. To evaluate the e�ectiveness of the proposed
strategies, namely co-split, and split-set-selection strategies, we con-
duct experiments on three representative queries: Q1 (triangle), Q2
(rectangle), and Q5 (diamond). The experiments are performed on
the WGPB, Orkut, GPlus, and Topcats datasets. For the USPatent
and Skitter datasets, splitting is not applied to these queries and
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Table 8: Runtime(s) e�ects on Q1, Q2, and Q5 across datasets. TLE indicates 900s time limit exceeded. OOM indicates out-of-memory.

Method WGPB Orkut GPlus Topcats

Q1 Q2 Q5 Q1 Q2 Q5 Q1 Q2 Q5 Q1 Q2 Q5

DuckDB Default TLE 59.230 TLE 19.200 OOM OOM 34.770 OOM OOM 7.800 30.660 TLE

Single Split 8.262 74.667 107.836 17.756 OOM 181.599 46.750 OOM OOM 6.795 70.766 36.136

Co-split 22.276 59.945 61.923 34.997 OOM 74.049 34.724 OOM OOM 10.577 26.947 355

Co-split + Split-Set-Selection Strategies 3.824 29.879 59.876 15.076 OOM 56.548 27.156 OOM TLE 4.525 24.056 9.207

� � �� ������
�
��


�
���

��

���������

�

	�


�

��

��
�
��
��
�

� � �� ��� �
����
�
���

��

���������

�

	




�

��
�
��
��
�

�

����

�����

�����

�
�!
���
��
��

���
�
�� 

��
��
�

�

����

	���

�
�!
���
��
��

���
�
�� 

��
��
����� � ���� ��������

Figure 7: Threshold vs Time (s) and Max Intermediate Size (Million

Tuples) in Q1
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thus they are excluded from this evaluation. We consider three
con�gurations in total: (i) con�g1: only split on a single table each
time, and in this case, we will split on the tables and attributes
that con�g3 chooses, (ii) con�g2: co-split on a �xed split set, and
(iii) con�g3: con�g2 enhanced with Split-Set-Selection strategies
mentioned in Section 5.3.

As shown in Table 8, our �nal con�guration, con�g3, achieves
better performance compared with both con�g1 and con�g2. When
compared with con�g1, the improvement mainly comes from a

reduction in the number of generated subqueries—con�g1 produces
4, 16, and 16 subqueries for Q1, Q2, and Q5, respectively, while
con�g3 only produces 2, 4, and 4 subqueries. When compared with
con�g2, the gain primarily stems from a smaller upper bound on
intermediate results with appropriate co-split set selection, which
helps reduce execution overhead. For example, in Q1, splitting on a
lighter join rather than a larger one signi�cantly reduces the size
of intermediate results.

6.5 Case Study

To provide a deeper understanding of how our approach works,
we present a case study on query Q2 in the WGPB dataset. Q2 in
Figure 6 can be expressed as '1 (- ,. ) ùû '2 (. ,, ) ùû '4 (- ,/ ) ùû

'3 (/ ,, ) where the original query is split into four subqueries by
splitting on '1 ùû '2 and '3 ùû '4.

We compare the baseline plan in DuckDB with the plan in
DuckDB + SplitJoin, as it reveals the advantage of split-based exe-
cution: SplitJoin avoids generating large intermediates by isolating
heavy keys, leading to faster overall runtime (i.e., overall 28.5s with
SplitJoin vs. 59.2s without SplitJoin).

Figure 8 shows that the baseline plan produces a massive in-
termediate result when joining '3 with '4 and '1 with '2 (both
of them expanding to more than 936 million tuples). This blowup
signi�cantly increases the number of hash probes in the hash table
built by ('3 ùû '4), and it also increases the time consumption on
building hash table on ('3 ùû '4), ultimately becoming the bottle-
neck of the entire join plan, as con�rmed by the time breakdown
of each step.

In contrast, SplitJoin decomposes Q2 into four subqueries (Ta-
ble 9), each with more balanced join sizes. The largest intermediate
relation is reduced to about 551 million tuples, which makes the
�nal join steps substantially more e�cient and e�ectively allevi-
ates the bottleneck observed in the baseline. As a result, SplitJoin
improves overall performance for Q2. This case study highlights
the performance bottlenecks of the baseline and demonstrates how
SplitJoin avoids skewed joins and achieves better e�ciency.

7 CONCLUSION

In this work, we presented SplitJoin, a lightweight framework that
introduces the split operator to minimize intermediate join results
and mitigate data skew. Implemented as a non-intrusive front-end
layer, SplitJoin integrates seamlessly with existing systems and
delivers substantial performance gains on real-world skewed work-
loads. This work takes a �rst step toward making split-based strate-
gies practical, opening new opportunities for adaptive cost models
and broader integration into modern query engines.
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