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Structural decomposition methods offer powerful theoretical guarantees for join evaluation, yet they are rarely

used in real-world query optimizers. A major reason is the difficulty of combining cost-based plan search and

structure-based evaluation. In this work, we bridge this gap by introducing meta-decompositions for acyclic

queries, a novel representation that succinctly represents all possible join trees and enables their efficient

enumeration. Meta-decompositions can be constructed in polynomial time and have sizes linear in the query

size. We design an efficient polynomial-time cost-based optimizer based directly on the meta-decomposition,

without the need to explicitly enumerate all possible join trees. We characterize plans found by this approach

using a novel notion of width, which effectively implies the theoretical worst-case asymptotic bounds of

intermediate result sizes and running time of any query plan. Experimental results demonstrate that, in

practice, the plans in our class are consistently comparable to—even in many cases better than—the optimal

ones found by the state-of-the-art dynamic programming approach, especially on large and complex queries,

while our planning process runs by orders of magnitude faster, comparable to the time taken by common

heuristic methods.
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1 Introduction
Joins are the cornerstone of relational database queries. However, query optimizers face extreme

difficulty when planning large multi-way join queries, as the search space of join orders grows

exponentially as the number of relations increases. In fact, finding the optimal join order of a query

is well-known to be NP-hard in general [13, 44]. For this reason, beyond a small number of joins,

current query optimizers must abandon exhaustive dynamic programming and resort to heuristic or

greedy algorithms. As a consequence, real-world optimizers often miss the best plans and produce

suboptimal ones that can be by orders of magnitude slower.

The database theory community has long been providing tools that exploit query structures to

tackle this complexity. These approaches usually decompose queries into specific tree structures,
∗
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(a) Query hypergraph

𝜆 : {𝑅1}, 𝜒 : {𝑥1, 𝑥2, 𝑥3, 𝑥4}

𝜆 : {𝑅2}
𝜒 : {𝑥1, 𝑥2, 𝑥5}

𝜆 : {𝑅3}
𝜒 : {𝑥1, 𝑥3, 𝑥6}

𝜆 : {𝑅4}
𝜒 : {𝑥2, 𝑥3, 𝑥7}

(b) A join tree / hypertree decomposition
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(d) A width-1 query plan
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(e) A width-2 query plan

Fig. 1. The hypergraph, a join tree, the query graph, and two query plans of the query 𝑄1.1 in Example 1.1

such as join trees [55] using the GYO algorithm [25, 56], which were later generalized to hypertree

decompositions [21]. The resulting decompositions effectively capture the hardness of queries and,

through specific requirements on connectivity, allow one to evaluate queries with theoretically-

guaranteed instance-optimal complexity using the Yannakakis algorithm [7, 55] or its variants [21,

50]. Over the years, these structure-based methods have been generalized to evaluate joins with

projections [4, 15, 27], aggregations [2, 31], differences [28, 59], top-𝑘 [51], comparisons [52], etc.,

all with strong theoretical performance guarantees. These results suggest that leveraging a query’s

structural properties can be of great help for query optimization and can dramatically improve

query evaluation, with robust worst-case bounds. Yet, in practice, despite limited attempts by, e.g.,

Scarcello et al. [43], RelationalAI [3], and Gottlob et al. [20], real-world systems rarely utilize such

structure-based approaches. Therefore, they continue to struggle with large, complex queries.

Why are structure-based methods rarely adopted in mainstream systems? A core obstacle

is the dichotomy between cost-based plan search and structure-based evaluation [33]. Current

cost-based optimizers usually search for query plans with optimal or near-optimal cost under

some cost model using (1) exact algorithms, mostly based on dynamic programming, such

as [39, 45, 46, 48, 49], which have to run in exponential time, and thus do not scale to very large

numbers of relations; (2)heuristic strategies such as greedy operator ordering (GOO) [17], iterative
dynamic programming [32], UnionDP [37], and adaptive approaches [9, 40], which have neither

optimality guarantees nor a reasonable approximation factor unless under some assumption, such

as independence of predicate selectivities; (3) transformation-based techniques, such as the

Volcano/Cascades framework [23, 24] and genetic algorithms [6]; and (4) more recently, machine
learning–based tuning and rewriting [12, 35, 38, 54, 61, 62]. Although certain approaches

leverage, e.g., query graphs [9, 37, 39, 40], they only show the existence of join attributes between

relations but do not have a clear connection with the requirements of the aforementioned structural

decompositions that help reason about asymptotic complexities.

Example 1.1. Consider the query
𝑄1.1 ← 𝜋∅ (𝑅1 [𝑥1, 𝑥2, 𝑥3, 𝑥4] ⊲⊳ 𝑅2 [𝑥1, 𝑥2, 𝑥5] ⊲⊳ 𝑅3 [𝑥1, 𝑥3, 𝑥6] ⊲⊳ 𝑅4 [𝑥2, 𝑥3, 𝑥7]),

which is a Boolean acyclic query. Its hypergraph is shown in Fig. 1a, and a join tree, which is also a

hypertree decomposition, in Fig. 1b. Its query graph, as shown in Fig. 1c, is a clique with the four

relations as vertices, as each pair shares some join attribute. Fig. 1d is a query plan that follows the
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structure of the join tree (which we formally define later). Fig. 1e does not, but it is still within the

search space of traditional algorithms according to the query graph.

Theoretical research typically focuses on worst-case asymptotic data complexity, assuming that

cost differences among decompositions are negligible. In practice, however, different decompositions

may lead to significantly different concrete cost values. Therefore, using only structural properties,

such as hypertree widths, is not sufficient [20]. However, selecting the best decomposition is

challenging, as there can be a super-exponential number of candidates. Without an efficient cost-

based exploration of alternatives, explicitly scanning through all of them would be computationally

prohibitive. Furthermore, evaluation plans for structure-based methods are not natively supported

by current systems that use standard binary query plans [20, 33]. As a result, deploying them

requires a dedicated optimization and execution pipeline, which limits their practical adoption.

1.1 Our Contributions
In this work, we take a major step towards bridging structural decomposition techniques with

cost-based query optimization. We start by introducing a novel width measurement for query
plans and show that, for query plans of width 1, we can effectively embed the query’s tree structure

within a traditional query plan to guide query planning even in the absence of cost information. In

particular, we show that acyclic Boolean queries and relation-dominated queries can be evaluated

in instance-optimal time using width-1 plans. We also present a method which, for any given join

tree of a query, constructs the optimal width-1 query plan that adheres to the join tree in 𝑂 ( |𝑄 |),
linear in the query size |𝑄 |.
By searching for plans of minimal width, we restrict the search space to only those that follow

the query’s optimal tree decompositions. To make this practical, we introduce meta-decompositions
for acyclic conjunctive queries that universally encode, in one succinct structure, the entire
family of join trees of the query. Despite the possibly super-exponential number of join trees of

a given query, this representation can be constructed in polynomial time and has size linear
in the query size. We give an efficient procedure that enumerates all join trees in polynomial

amortized delay from a meta-decomposition, as a potential tool for other structure-based methods

requiring explicit join tree enumeration.

Nevertheless, such an enumeration still incurs an exponential overhead. Therefore, we develop an

efficient structure-guided cost-based optimization framework to find the optimal width-1
query plan among all join trees without naïvely scanning all candidates. For queries whose

meta-decompositions have bounded fan-out, our algorithm finds the optimal width-1 plan in linear
time. For general queries, we also provide efficient heuristics with the same linear complexity and

a low constant factor.

Although we currently restrict our focus to acyclic queries only, such queries in fact account

for the overwhelming majority of real workloads [10, 36]. As shown in Table 1, among 8,125

queries across several popular benchmarks, 7,929 (97.59%) are acyclic. Structure-based methods for

optimizing acyclic queries have therefore been of sustained interest [5, 8, 28, 36, 50–53, 55, 60].

We then empirically demonstrate that our approach can indeed be game-changing for query

optimization for large joins. We implement an optimizer metaDecomp and evaluate it on

queries from 4 benchmarks, which include many large, complex queries. We compare the results

against several state-of-the-art approaches. The results show that width-1 plans consistently match

or even outperform the plans found by these baselines, while taking very small amounts of time

for optimization. We also demonstrate that join tree enumeration can be by orders of magnitude

faster than existing approaches based on naïve GYO reductions, and that selecting join trees
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Benchmark # Queries # Acyclic % Acyclic
TPC-H [47] 22 21 95.45 %

JOB [34] 113 113 100 %

STATS-CEB [26] 2603 2603 100 %

Spider-NLP [57] 4712 4709 99.94 %

DSB [16] (SPJ queries only) 300 240 80 %

Musicbrainz [37] 375 243 64.8 %

Total 8125 7929 97.59 %
Table 1. Number of acyclic queries in major benchmarks. Part of the data comes from [36].

using our cost-based optimization framework significantly improves the effectiveness of existing

structure-based methods.

Paper organization. The rest of the paper is organized as follows: After laying out the necessary

background in Section 2, we first define the width notion of query plans and discuss the connection

between query structures and the widths of query plans in Section 3. In Section 4, we define

meta-decompositions, the algorithm to construct them, as well as our way of enumerating all join

trees based on them. In Section 5, we demonstrate how to perform cost-based optimization using

meta-decompositions. In Section 6, we present experimental results to show the efficiency of query

optimization and execution using this approach. We conclude and discuss possible future work in

Section 7. Due to space constraints, missing proofs can be found in the full version of the paper [30].

2 Preliminaries
We write 2

𝑆
for the set of all subsets, i.e., the power set, of a set 𝑆 . If a function 𝑓 : 𝐴 → 𝐵 and

𝑆 ⊆ 𝐴, we let 𝑓 (𝑆) = {𝑓 (𝑎) : 𝑎 ∈ 𝑆}. For a set of sets 𝑆 , we write ∪𝑆 =
⋃

𝑥∈𝑆 𝑥 . If 𝑓 : 𝐴→ 𝑇 , where

𝑇 is a set, and 𝑆 ⊆ 𝐴, we let 𝑓 (𝑆) = ⋃
𝑥∈𝑆 𝑓 (𝑥).

2.1 ConjunctiveQueries and Hypergraphs
Conjunctive queries can be represented by hypergraphs, and our terminology follows the seminal

references on this topic [18, 19, 21, 22, 50]. LetD = {𝑅1 [𝑥1], · · · , 𝑅𝑛 [𝑥𝑛]} be a database consisting of
𝑛 relations, where 𝑥𝑖 is the set of attributes of relation 𝑅𝑖 . A conjunctive query (with self-predicates)

is defined as

𝑄 ← 𝜋𝑦 (𝜎1 (𝑅1 [𝑥1]) Z · · · Z 𝜎𝑛 (𝑅𝑛 [𝑥𝑛])),
where 𝜎𝑖 is the set of selection predicates involving only attributes in 𝑥𝑖 , 𝑦 is the set of output

attributes, and Z denotes natural join (with attribute renaming to avoid ambiguity). If 𝑦 =
⋃

𝑖∈[𝑛] 𝑥𝑖 ,
the query is called a full join query andwe omit𝑦 for simplicity; if𝑦 = ∅, the query is a Boolean query
that returns true if there exists a tuple satisfying all specified joins and predicates, or false otherwise.

We also require the query to be self-join-free at the logical level: If multiple relations correspond to

the same physical relation, they are treated as distinct logical relations with unique renamings.

We define the associated hypergraph for the conjunctive query 𝑄 as 𝐻 = (𝑉 (𝐻 ), 𝐸 (𝐻 )), where
the vertices set 𝑉 (𝐻 ) consists of all attributes appearing in the query, i.e., 𝑉 (𝐻 ) = ⋃

𝑖∈[𝑛] 𝑥𝑖 , and

the hyperedges set 𝐸 (𝐻 ) ⊆ 2
𝑉 (𝐻 ) \ {∅} contains one hyperedge for each relation, i.e., 𝐸 (𝐻 ) =

{𝑒1, · · · , 𝑒𝑛}, where each 𝑒𝑖 = 𝑥𝑖 .

2.2 Acyclicity and Join Trees
A conjunctive query is acyclic if its associated hypergraph is acyclic, and we define acyclicity in the

standardway in database theory, e.g., [1, Section 6.4]. Namely, a hypergraph𝐻 is acyclic if and only if

the output of the GYO algorithm [25, 56] on𝐻 is empty [1, Theorem 6.4.5]. Equivalently,𝐻 is acyclic

if and only if there exists a join tree [1, Theorem 6.4.5], or, a width-1 hypertree decomposition [21].
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Slightly differently from the usual definition of join trees [1], where each vertex is simply a

relation, in this paper, we define them using notations for hypertree decompositions [21], to make

it easier to generalize to the meta-decompositions that we will define later.

Let 𝑄 be an acyclic query with associated hypergraph 𝐻 . A join tree of 𝑄 is a labeled tree

𝑇 = (𝑉 (𝑇 ), 𝑟 (𝑇 ), 𝐸 (𝑇 ), 𝜒, 𝜆) with vertices 𝑉 (𝑇 ), root 𝑟 (𝑇 ), and edges 𝐸 (𝑇 ). 𝜒 : 𝑉 (𝑇 ) → 2
𝑉 (𝐻 )

is a function s.t.

⋃
𝑝∈𝑉 (𝑇 ) 𝜒 (𝑝) = 𝑉 (𝐻 ), and 𝜆 : 𝑉 (𝑇 ) → 2

𝐸 (𝐻 )
.
1
And 𝑇 needs to satisfy the

following conditions:

(C1) Coverage condition. For each 𝑒 ∈ 𝐸 (𝐻 ), there exists exactly one 𝑝 ∈ 𝑉 (𝑇 ) with 𝜆(𝑝) = {𝑒}.
(C2) Connectedness condition. For each 𝑣 ∈ 𝑉 (𝐻 ), the set of vertices {𝑝 ∈ 𝑉 (𝑇 ) : 𝑣 ∈ 𝜒 (𝑝)}

induces a connected subtree of 𝑇 . Or, equivalently, for all pairs of vertices 𝑝, 𝑞 ∈ 𝑉 (𝑇 ) and all

𝑠 on the (unique) path between 𝑝 and 𝑞 on 𝑇 , we have 𝜒 (𝑝) ∩ 𝜒 (𝑞) ⊆ 𝜒 (𝑠).
(C3) Width-1. For all 𝑝 ∈ 𝑉 (𝑇 ), |𝜆(𝑝) | = 1 and, without loss of generality, 𝜒 (𝑝) = 𝑉 (𝜆(𝑝)).

Example 2.1. We revisit the query 𝑄1.1 in Example 1.1. Its hypergraph is illustrated in Fig. 1a. It

is easy to verify that the join tree in Fig. 1b satisfies conditions (C1) and (C3). Regarding condition

(C2), consider, e.g., attribute 𝑥1. The vertices in the join tree that include 𝑥1 are the ones with 𝑅1, 𝑅2,

and 𝑅3, which induce a connected subtree. Similar arguments apply for all other attributes as well.

We assume all trees are rooted and consider rerootings as distinct trees. We write 𝑇𝑝 as the

subtree rooted at 𝑝 , i.e., with 𝑝 and all its descendants. For every neighbor (child or parent) 𝑞 of

vertex 𝑝 in 𝑇 , we write 𝑇𝑝→𝑞 for the subtree with

𝑉 (𝑇𝑝→𝑞) = {𝑠 ∈ 𝑉 (𝑇 ) \ {𝑝} : the path from 𝑝 to 𝑠 in 𝑇 contains 𝑞}.
Intuitively, if 𝑞 is a child of 𝑝 , it is the same as 𝑇𝑞 . If 𝑞 is a parent of 𝑝 , it denotes the subtree of 𝑇

with all vertices except those in 𝑇𝑝 .

We define the fan-out 𝑓 (𝑝) of any 𝑝 ∈ 𝑉 (𝑇 ) as the number of children of 𝑝 on 𝑇 . The fan-out of
the entire tree 𝑇 , denoted by 𝑓 (𝑇 ), is the maximum fan-out among all nodes of 𝑇 .

Given a join tree 𝑇 , for every 𝑝 ∈ 𝑉 (𝑇 ), we define the induced query 𝑄 (𝑝) as the join of all

relations in the subtree rooted at 𝑝 .

One important observation is that an acyclic conjunctive query may have a super-exponential
number of distinct join trees.

Theorem 2.2. Consider star queries2 of the form
𝑄star ← 𝑅1 [𝑥1] Z · · · Z 𝑅𝑛 [𝑥𝑛],

where for any 𝑖, 𝑗 ∈ [𝑛], 𝑥𝑖 ∩ 𝑥 𝑗 = {𝑥}, for some attribute 𝑥 . There are 𝑛𝑛−1 possible join trees for such
a star query with 𝑛 relations.

Example 2.3. The query 𝑄2.3 ← 𝑅1 [𝑥1, 𝑥2] ⊲⊳ 𝑅2 [𝑥1, 𝑥3] ⊲⊳ 𝑅3 [𝑥1, 𝑥4] ⊲⊳ 𝑅4 [𝑥1, 𝑥5] is such a star

query. Fig. 2a shows its associated hypergraph, and Fig. 2b shows two of its valid join trees.

In fact, the possible join trees of such queries in Theorem 2.2 and Example 2.3 are simply all
possible trees with 𝑛 vertices (or, equivalently, all spanning trees of a complete graph 𝐾𝑛), each

labeled by one relation. Any such tree satisfies the connectedness condition (C2). There are a total

of 𝑛𝑛−1
such trees (𝑛𝑛−2

distinct non-rooted trees [41], each of which has 𝑛 possible root nodes).

2.3 Query Plans and Join Ordering
A query plan P = (𝑉 (P), 𝑟 (P), 𝐸 (P)) for a query 𝑄 is a tree rooted at 𝑟 (P), where each non-leaf

node is a relational operator (e.g., join, projection, selection), and each leaf node corresponds to a

1
For simplicity, we may use hyperedges (e.g., 𝑅1) to label and identify the vertices of join trees instead of writing the full 𝜆-

and 𝜒-labels when the context is clear.

2
We note that, in some literature, e.g., [9], such queries are called “clique” queries, because their query graphs are cliques.
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(b) Two valid join trees

Fig. 2. Hypergraph and two valid join trees of the star query 𝑄2.3 in Example 2.3

base relation. A plan specifies an order of operations to evaluate the query, where the outputs of

child nodes serve as inputs to the parent. In this work, we focus on query optimization for binary

joins, where each join operation in the query plan has exactly two child nodes. For the purpose of

join ordering, we use only join operators in internal nodes and assume selections and projections are
inherently integrated in the join or scan operation at the lowest possible level. Namely, in each step

of join or scan, we apply a filter condition if all relevant attributes already appear in the subtree,

and we project out attributes that neither appear in the output nor act as a join key with some

remaining relation.

Given a query plan P, for every 𝑝 ∈ 𝑉 (P), we define the induced query 𝑄 (𝑝) as the join of all

relations in the subtree rooted at 𝑝 (with all possible projection and filters inherently applied).

We exclude Cartesian products: for every join node, the outputs of its children must share some

common attribute as the join key.

A query plan is called left-deep (or right-deep) if all join operations have their right (left) child

node corresponding to a base relation; otherwise, the query plan is referred to as bushy.
We apply cost functions C on query plans, in the following form, to measure the optimality of

query plans.

C(P) =
{
𝑐 (𝑟 (P)), if 𝑟 (P) is single relation
𝑐 (𝑟 (P)) ⊕ C(P1) ⊕ C(P2), if 𝑟 (P) is join operation

where 𝑐 (𝑟 (P)) is the cardinality of the output of 𝑟 (P); P1 and P2 (if applicable) are the left and

right subtrees of 𝑟 (P), respectively; and ⊕ is some operator to aggregate 𝑐 (𝑟 ), C(P1), and C(P2).
In this work, we adopt the cost function 𝐶out to minimize the total intermediate result size by

substituting the ⊕ operator simply with arithmetic +, as is standard in, e.g., [13, 17, 40, 46].

The typical approach to find the optimal plan is to recursively find the optimal split of a set of

relations into two disjoint subsets [39, 45, 46, 48, 49]. With a given cost function C, the problem can

be solved by the dynamic programming (DP) algorithm DPccp [39] in𝑂 (3𝑛). The recently proposed
algorithm DPconv [46] reduces the complexity for the cost model 𝐶out to 𝑂 (2𝑛𝑛3𝑊 log(𝑊𝑛)),
where𝑊 is the largest join cardinality.

3 Widths ofQuery Plans and Width-1Query Plans
In this section, we begin by introducing our notion of widths for query plans, which connects a

plan’s structure to the potential sizes of its intermediate results. We consider the “interface” of

each intermediate step in the query plan, i.e., the set of attributes that serve as join keys with

the remaining relations. Intuitively, the width of a query plan shows the number of relations

needed to cover the interface of each step in the query plan. This measure helps quantify the

sizes of intermediate results and the complexity of a query plan before looking at the specific

database instance.

Example 3.1. Consider the query
𝑄3.1 ← 𝜋∅ (𝑅1 [𝑥1, 𝑥2, 𝑥3] ⊲⊳ 𝑅2 [𝑥1, 𝑥4, 𝑥5] ⊲⊳ 𝑅3 [𝑥5, 𝑥6] ⊲⊳ 𝑅4 [𝑥3, 𝑥7]).
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Fig. 3. The hypergraph, a join tree, a width-1 query plan, and a width-2 query plan of the query 𝑄3.1

Its hypergraph is shown in Fig. 3a and a join tree in Fig. 3b. Given this join tree, Fig. 3c is an example

of a valid width-1 query plan. After joining 𝑅1 and 𝑅4, 𝑥1 is the only attribute in the intersection

with the remaining relations 𝑅2 and 𝑅3, and it can be covered by only one relation 𝑅1. Similarly, at

the step that joins 𝑅2 and 𝑅3, 𝑥1 is the only attribute in the interface. A width of 1 implies that, if

the size of any one single relation is bounded by 𝑁 , then the size of each intermediate step can be

bounded by 𝑁 , as it is at most the size of the relation that covers the interface.

On the contrary, Fig. 3d shows a query plan that is width-2: When we join 𝑅1 and 𝑅2, the interface

contains 𝑥5 and 𝑥3, which are needed to join 𝑅3 and 𝑅4, respectively. But there is no single relation

that can cover both 𝑥5 and 𝑥3, so the intermediate sizes can be as high as 𝑁 2
, instead of 𝑁 as in the

width-1 plan in Fig. 3c.

More formally, given a query plan P = (𝑉 (P), 𝑟 (P), 𝐸 (P)), for any node 𝑝 ∈ 𝑉 (P), let 𝐻𝑝 =

(𝑉 (𝐻𝑝 ), 𝐸 (𝐻𝑝 )) be the hypergraph induced by the relations being joined in the subtree rooted at 𝑝 ,

and let the induced query𝑄 (𝑝) = Z𝑒∈𝐸 (𝐻𝑝 ) 𝑒 . Let 𝐻𝑝 = (𝑉 (𝐻𝑝 ), 𝐸 (𝐻𝑝 )) be the residual hypergraph
with relations that are not yet joined in the subtree rooted at 𝑝 , i.e., 𝐸 (𝐻𝑝 ) = 𝐸 (𝐻 ) \ 𝐸 (𝐻𝑝 ), and
𝑉 (𝐻𝑝 ) = ∪(𝐸 (𝐻𝑝 )). We define the interface 𝐼 (𝑝) = 𝑉 (𝐻𝑝 ) ∩𝑉 (𝐻𝑝 ), i.e., the set of attributes that
will serve as join keys with the remaining relations. The width of node 𝑝 is the smallest number of

relations needed to cover this interface, i.e.,

𝑤 (𝑝) = min

{
|𝑆 | : 𝑆 ⊆ 𝐸 (𝐻𝑝 ) and 𝐼 (𝑝) ⊆ ∪𝑆

}
.

The width of the query plan P is the maximum width over all nodes.

The width of a query plan indicates an upper bound on the minimal intermediate results over all

nodes 𝑝 during evaluation.

Theorem 3.2. Given a Boolean conjunctive query𝑄 and a query plan P for the query, the maximum
intermediate result size, i.e., max𝑝∈𝑉 (𝐻𝑝 ) |𝜋𝐼 (𝑝 )𝑄 (𝑝) |, is upper-bounded by 𝑂 (𝑁𝑤 (P) ) in the worst
case, where 𝑁 is the maximum cardinality of any base relation.

This notation of width has a direct connection with join trees:

Example 3.3. We revisit the query𝑄3.1 from Example 3.1. Take 𝑝 as the node of the join tree with

𝑅2, as an example. The induced query 𝑄 (𝑝) = 𝑅2 ⊲⊳ 𝑅3. In the width-1 query plan in Fig. 3c, the

right child of the root node, which we denote by 𝑞, induces exactly 𝑄 (𝑝) = 𝑅2 ⊲⊳ 𝑅3. In the other

direction, for the node 𝑞 of the query plan, we consider its children 𝑢 and 𝑣 (which correspond to

the leaf nodes with 𝑅2 and 𝑅3 respectively). 𝑢 has interface 𝐼 (𝑢) = {𝑥1, 𝑥5}, which can be covered by

a single relation 𝑅2. And 𝑣 has interface 𝐼 (𝑣) = {𝑥5}, which can be covered by 𝑅3. However, for the

width-2 query plan in Fig. 3d, there is no such 𝑞 of the query plan such that𝑄 (𝑝) = 𝑄 (𝑞) = 𝑅2 ⊲⊳ 𝑅3.

We formally define this correspondence as follows:

Definition 3.4. We say a query plan P is induced by a join tree 𝑇 if

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 240. Publication date: June 2026.



240:8 Zhekai Jiang, Qichen Wang, and Christoph Koch

(1) for each node 𝑝 ∈ 𝑉 (𝑇 ), there exists 𝑞 ∈ 𝑉 (P) with 𝑄 (𝑝) = 𝑄 (𝑞), i.e., the induced query of

node 𝑝 in the join tree is exactly the induced query of node 𝑞 in the query plan; and

(2) for each non-leaf node 𝑞 ∈ 𝑉 (P) with two children 𝑢 and 𝑣 , there exists some 𝑠 ∈ 𝐸 (𝐻𝑢) and
𝑡 ∈ 𝐸 (𝐻𝑣) such that 𝐼 (𝑢) ⊆ 𝑠 , 𝐼 (𝑣) ⊆ 𝑡 , and there exists an edge between 𝑠 and 𝑡 in 𝐸 (𝑇 ).

Under this definition, we have that

Theorem 3.5. Given a query plan P for a query 𝑄 , the width𝑤 (P) = 1 if and only if there exists
a join tree 𝑇 of 𝑄 that induces P.

Theorem 3.5 directly leads to the relationship between width-1 query plans and acyclic queries:

Theorem 3.6. A conjunctive query 𝑄 has width-1 query plans if and only if 𝑄 is acyclic.

Width-1 query plans are closely related to structure-based query evaluation methods. Such

methods follow a similar pattern: given a join tree, they apply a series of reductions from the leaves

upwards until only a single node remains. Width-1 query plans exploit the join tree structure in a

similar way, evaluating the query bottom-up: each node 𝑝 ∈ 𝑉 (𝑇 ) completes all its internal joins

with its child subtrees before joining with its parent. Such a strategy provides several benefits.

Limiting intermediate result sizes. We have seen that, by projecting out attributes that are neither

part of the final output nor in the interface at each step, we limit the sizes of intermediate results,

as shown by Theorem 3.2. Although this approach excludes some alternative plans with higher

widths, the excluded ones do not preserve such a theoretical guarantee. Taking again Example 3.1,

if we choose the width-2 query plan in Fig. 3d, 𝑥3 has to be kept in all intermediate results before 𝑅4

is joined at the very end, whereas, in the width-1 query plan in Fig. 3c, it can already be projected

out after completing 𝑅1 ⊲⊳ 𝑅4.

Local optimization. Instead of searching in a vast space of arbitrary join orders for all relations, we
can locally optimize the join order at each node of the join tree. For each node 𝑝 ∈ 𝑉 (𝑇 ) with children
𝑐1, · · · , 𝑐 𝑓 (𝑝 ) in the join tree, we only need to determine the optimal join order between 𝑝 and

𝑄 (𝑐1), . . . , 𝑄 (𝑐 𝑓 (𝑝 ) ). The order in which these joins are performed can be optimized independently

at each node, without considering other parts of the query. Such an approach, therefore, significantly

prunes the search space for optimization, making plan selection much more tractable, and can yield

near-optimal performance for most practical queries. In the experiments (Section 6), we show in

Table 2 that the fan-out 𝑓 (𝑇 ) tends to be very low in real benchmarks.

Example 3.7. Consider again the join tree in Fig. 3b for the query 𝑄3.1. For width-1 query plans

induced by this join tree, there must exist a subtree with 𝑅2 ⊲⊳ 𝑅3, as required by Definition 3.4(1).

It therefore remains only to optimize the order to join 𝑅1, (𝑅2 ⊲⊳ 𝑅3), and 𝑅4, which is the local

optimization problem at the root node 𝑅1 of the join tree. If the cardinalities |𝑅1 ⊲⊳ 𝑅4 | < | (𝑅2 ⊲⊳

𝑅3) ⊲⊳ 𝑅1 |, then the optimal plan in our cost model is the one in Fig. 3c.

With only local search needed, assuming a low fan-out, finding the optimal width-1 query plans

induced by a join tree can be done more efficiently than through a global search:

Theorem 3.8. Given a join tree 𝑇 , the optimal width-1 query plan induced by 𝑇 can be found in
time 𝑂 (𝑓 (𝑇 )2𝑓 (𝑇 ) |𝑄 |).

Structure-guided query evaluation. An additional advantage of width-1 query plans is that they

naturally accommodate structure-guided query evaluation methods. For example, we can simulate

the Yannakakis algorithm for evaluating relation-dominated conjunctive queries [50] by following

a width-1 query plan. A conjunctive query is relation-dominated if it is acyclic and there exists a
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relation 𝑅𝑖 [𝑥𝑖 ] that contains all the output attributes, i.e., 𝑦 ⊆ 𝑥𝑖 . It shall be noted that an acyclic

Boolean query is also a relation-dominated query, since 𝑦 = ∅. For this type of query, we have the
following guarantee of evaluation time:

Theorem 3.9. A relation-dominated conjunctive query can be evaluated in 𝑂 ( |𝑑𝑏 |) time using a
width-1 query plan, where |𝑑𝑏 | represents the size of the database.
To create a linear-time width-1 query plan for evaluating a relation-dominated query, let 𝑅𝑖

denote the relation containing all output attributes. One can construct the query plan using any join

tree with 𝑅𝑖 as the root. The width-1 query plan will then evaluate the query bottom-up. Because

all output attributes are located at the root of the join tree and at the end of the query plan, when

the query plan is evaluating node 𝑝 , all attributes in 𝑇𝑝 but not in 𝑝 are removed from the query,

guaranteeing linear running time.

To conclude this section, we highlight some important distinctions between our definition

of width-1 query plans and Yannakakis-style query plans [50, 55]. Although they both evaluate

queries by traversing join trees, width-1 query plans do not use full reductions via semi-joins as

in Yannakakis-style algorithms. We have shown, nevertheless, that these plans, by appropriate

projections of irrelevant attributes, still preserve favorable theoretical guarantees of asymptotic

complexity for Boolean conjunctive queries (Theorem 3.2) and relation-dominated queries (Theo-

rem 3.9). In Section 6, we will experimentally show that these plans, in practice, are indeed highly

efficient. Furthermore, without the need for full reductions, width-1 query plans are much easier to

integrate into the query execution frameworks of current database systems, enabling more efficient

cost-based optimization, as we will discuss in the remainder of the paper.

4 Meta-Decompositions
Even though we have shown a connection between join trees and width-1 query plans in Theo-

rem 3.2 and Theorem 3.5, it is impractical to find the optimal width-1 query plan by enumerating

every possible join tree—As noted earlier, a query can have a super-exponential number of possible

join trees. Therefore, in this section, we introduce and explore a generalized representation that

efficiently captures all join trees of an acyclic query. This enables us to optimize queries directly on

this representation, eliminating the need to enumerate all possible join trees.

We highlight an observation that the exponential number of possible join trees often arises when
multiple relations share common join attributes, as is the case for star queries discussed in Theorem 2.2

and illustrated by Example 2.3. In such a query, any pair of relations has valid join predicates, so

in join trees of such queries, these relations can be connected in any arbitrary tree structure. On

the contrary, in the case of a query like in Example 3.1, where the join attributes are unique for

all possible pairs of relations to be joined, the query demonstrates a more “tree-like” structure.

There is a unique tree structure for such a query, with 𝑛 distinct, structurally isomorphic join trees,

differing only by the choice of the root relation.

In light of this, we introducemeta-decompositions. In the case of acyclic conjunctive queries, they

can capture all possible join trees but require only linear space. One of the major differences from

standard join trees is the addition of “minor nodes” to handle cases when more than two relations

share the same join key. These nodes have empty 𝜆-labels, meaning they are not associated with a

single relation, but their 𝜒-labels contain the shared join keys. Additionally, we add a 𝜅-label to

each node to denote the “interface” with the remaining relations of the join tree that are not in the

subtree rooted at the node.

Example 4.1. The meta-decomposition of the query 𝑄2.3 in Example 2.3 is shown in Fig. 4. The

root of this tree is a minor node, showing that the four children share precisely the attribute 𝑥1.

Note also that the 𝜅-label of all 4 non-root nodes is exactly {𝑥1}.
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𝜆 : ∅, 𝜒 : {𝑥1}, 𝜅 : ∅

𝜆 : {𝑅1}
𝜒 : {𝑥1, 𝑥2}
𝜅 : {𝑥1}

𝜆 : {𝑅2}
𝜒 : {𝑥1, 𝑥3}
𝜅 : {𝑥1}

𝜆 : {𝑅3}
𝜒 : {𝑥1, 𝑥4}
𝜅 : {𝑥1}

𝜆 : {𝑅4}
𝜒 : {𝑥1, 𝑥5}
𝜅 : {𝑥1}

Fig. 4. Meta-decomposition of the query 𝑄2.3

𝜆 : {𝑅1}, 𝜒 : {𝑥1, 𝑥2, 𝑥3}, 𝜅 : ∅

𝜆 : {𝑅2}, 𝜒 : {𝑥1, 𝑥4, 𝑥5}, 𝜅 : {𝑥1}

𝜆 : {𝑅3}, 𝜒 : {𝑥5, 𝑥6}, 𝜅 : {𝑥5}

𝜆 : {𝑅4},
𝜒 : {𝑥3, 𝑥7},
𝜅 : {𝑥3}

Fig. 5. Meta-decomposition of the query 𝑄3.1

Example 4.2. The meta-decomposition of the query 𝑄3.1 in Example 3.1 is shown in Fig. 5. It has

the exact same structure as the join tree shown in Fig. 3b and has no minor node, as all pairs of

relations have different intersections of attributes.

The formal definition is given as follows.

Definition 4.3. Given a conjunctive query 𝑄 and the associated hyergraph 𝐻 , its meta-
decomposition 𝑀 = (𝑉 (𝑀), 𝑟 (𝑀), 𝐸 (𝑀), 𝜆, 𝜒, 𝜅) is a labeled tree, where

• 𝑉 (𝑀) is the set of vertices, 𝑟 (𝑀) ∈ 𝑉 (𝑀) is the root, and 𝐸 (𝑀) is the set of edges,
• 𝜆 : 𝑉 (𝑀) → 2

𝐸 (𝐻 )
maps each vertex of𝑀 to a set of hyperedges of 𝐻 (possibly empty), and

• 𝜒 : 𝑉 (𝑀) → 2
𝑉 (𝐻 )

and 𝜅 : 𝑉 (𝑀) → 2
𝑉 (𝐻 )

each maps each vertex of𝑀 to a set of vertices of 𝐻 ,

such that it satisfies (C1), (C2), and

(C
′
3
) For all 𝑝 ∈ 𝑉 (𝑀), 𝜒 (𝑝) ⊆ 𝑉 (𝜆(𝑝)) if 𝜆(𝑝) ≠ ∅.

(C4) Interface condition. For every non-root 𝑝 ∈ 𝑉 (𝑀), let 𝑞 be 𝑝’s parent node. 𝜅 (𝑝) satisfies
(a) 𝜅 (𝑝) = 𝜒 (𝑝) ∩ 𝜒 (𝑉 (𝑀) \𝑉 (𝑀𝑝 )) ⊆ 𝜒 (𝑞), where𝑀𝑝 is the subtree of𝑀 rooted at 𝑝; and

(b) 𝜅 (𝑝) ⊈ 𝜒 (𝑠) for all 𝑠 ∈ 𝑉 (𝑀) \𝑉 (𝑀𝑞) if 𝜅 (𝑝) ≠ 𝜒 (𝑞).
For the root node 𝑟 (𝑀), we set 𝜅 (𝑟 (𝑀)) = ∅.

(C5) Minor nodes and uniqueness condition. For every maximal subset of nodes 𝑆 =

{𝑝1, . . . , 𝑝𝑛} ⊆ 𝑉 (𝑀) (𝑛 ≥ 2) such that 𝜅 (𝑝1) = · · · = 𝜅 (𝑝𝑛) = 𝜅 for some value of 𝜅,

there exists one unique node𝑚 ∈ 𝑉 (𝑀) with 𝜆(𝑚) = ∅ and 𝜒 (𝑚) = 𝜅.

In this paper, we consider acyclic queries and their “minimal-width” (“width-1”) meta-

decompositions, which satisfy

(C
′′
3
) For all 𝑝 ∈ 𝑉 (𝑀) such that 𝜆(𝑝) ≠ ∅, we have |𝜆(𝑝) | = 1 and, w.l.o.g, 𝜒 (𝑝) = 𝑉 (𝜆(𝑝)).
Besides introducing minor nodes in condition (C5) and defining 𝜅 as the interface in condition

(C4)(a), we also include condition (C4)(b) that limits the shape of the meta-decomposition𝑀 : There

can be multiple nodes that can satisfy 𝜅 (𝑝) ⊆ 𝜒 (𝑞), while condition (C4)(b) limits 𝑞 to be the highest

node with 𝜅 (𝑝) ⊆ 𝜒 (𝑞). We illustrate this with the following example:

Example 4.4. Consider the query
𝑄4.4 ← 𝑅1 [𝑥1, 𝑥2, 𝑥6] ⊲⊳ 𝑅2 [𝑥1, 𝑥2, 𝑥3, 𝑥7] ⊲⊳ 𝑅3 [𝑥1, 𝑥3, 𝑥4, 𝑥8] ⊲⊳ 𝑅4 [𝑥1, 𝑥4, 𝑥9] ⊲⊳ 𝑅5 [𝑥1, 𝑥5]

Its hypergraph and meta-decomposition are shown in Fig. 6a and Fig. 6b, respectively. Fig. 6c and

Fig. 6d show two valid join trees of this hypergraph. We highlight that 𝑅5 could in fact be the child

of any other node of the join tree, because its only interface with the rest of the hypergraph is {𝑥1}.
For example, Fig. 6e is also a valid join tree. But, for the meta-decomposition in Fig. 6b, according

to condition (C4)(b), we make 𝑅5 the child of the highest possible node that contains 𝑥1, which in

this case is the root node, i.e., the minor node with 𝜒-label {𝑥1, 𝑥3}.

4.1 Constructing Meta-Decompositions
Similar to the original GYO algorithm [25, 56], a meta-decomposition can be constructed by a

reduction-based algorithm, as shown in Algorithm 1. In this algorithm, 𝑜 (𝑒, 𝐻 ) = 𝑒∩(∪(𝐸 (𝐻 )\{𝑒}))
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𝑅1

𝑅2

𝑅3

𝑅4

𝑅5

𝑥1

𝑥2

𝑥3

𝑥4

𝑥5

𝑥6

𝑥7

𝑥8

𝑥9

(a) Hypergraph

𝜆 : ∅, 𝜒 : {𝑥1, 𝑥3}, 𝜅 : ∅

𝜆 : {𝑅2}
𝜒 : {𝑥1, 𝑥2, 𝑥3, 𝑥7}

𝜅 : {𝑥1, 𝑥3}

𝜆 : {𝑅1}
𝜒 : {𝑥1, 𝑥2, 𝑥6}
𝜅 : {𝑥1, 𝑥2}

𝜆 : {𝑅3}
𝜒 : {𝑥1, 𝑥3, 𝑥4, 𝑥8}

𝜅 : {𝑥1, 𝑥3}

𝜆 : {𝑅4}
𝜒 : {𝑥1, 𝑥4, 𝑥9}
𝜅 : {𝑥1, 𝑥4}

𝜆 : {𝑅5}
𝜒 : {𝑥1, 𝑥5}
𝜅 : {𝑥1}

(b) Meta-decomposition

𝑅2

𝑅1 𝑅3

𝑅4

𝑅5

(c) A join tree

𝑅3

𝑅2

𝑅1

𝑅4 𝑅5

(d) A second join tree

𝑅3

𝑅2

𝑅1

𝑅4

𝑅5

(e) A third join tree

Fig. 6. Hypergraph, meta-decomposition, and three join trees of the query 𝑄4.4 in Example 4.4

denotes the set of overlapping vertices of hyperedge 𝑒 and the remaining hyperedges 𝐸 (𝐻 ) \ {𝑒}.
As in the original GYO algorithm [25, 56], a hyperedge 𝑒 is reducible (also called an ear), if there
exists another single hyperedge 𝑒′ ∈ 𝐸 (𝐻 ) \ {𝑒} such that 𝑜 (𝑒, 𝐻 ) ⊆ 𝑒′. The subsuming hyperedge

𝑒′ is called the witness. And, exceptionally, if there is only one hyperedge 𝑒 in the hypergraph, it is

also considered an ear. We note that the GYO algorithm removes exactly one ear (among possibly

many) in each round, thereby establishing a total order of all hyperedge removal. In contrast,

Algorithm 1 simultaneously removes all ears in every round until only a single hyperedge remains

in the hypergraph. This process introduces only a partial order for all hyperedges, which maintains
the flexibility to represent all possible ordering of ear removal, and hence all possible join trees, through
the resulting meta-decomposition.

Example 4.5. For the star query 𝑄2.3 in Example 2.3, the four hyperedges can be removed in any

order in the standard GYO algorithm. For example:

(1) With the order 𝑅4 (witness 𝑅3) – 𝑅3 (witness 𝑅2) – 𝑅2 (witness 𝑅1) – 𝑅1, we obtain the first join

tree in Fig. 2b.

(2) With the order 𝑅4 (witness 𝑅3) – 𝑅2 (witness 𝑅1) – 𝑅3 (witness 𝑅1) – 𝑅1, we obtain the second

join tree in Fig. 2b.

Furthermore, we note that we can also obtain the second join tree by keeping the order in (1) but

only changing witnesses, namely 𝑅4 (witness 𝑅3) – 𝑅3 (witness 𝑅1) – 𝑅2 (witness 𝑅1) – 𝑅1.

To address this source of variation, in every round, our algorithm first handles such cases where

some edges 𝑒1, . . . , 𝑒𝑛 are mutually reducible, i.e., 𝑜 (𝑒1, 𝐻 ) = · · · = 𝑜 (𝑒𝑛, 𝐻 ) = 𝑜 (Lines 4–8). (For

example, in the case of𝑄2.3, all pairs among 𝑅1, 𝑅2, 𝑅3, and 𝑅4 are mutually reducible.) The algorithm

creates a minor node 𝑝 with 𝜒 (𝑝) = 𝑜 if such a node does not yet exist, and then removes 𝑒1, . . . , 𝑒𝑛
from the hypergraph. We then add a special hyperedge 𝑒𝑚 = 𝑜 , which conceptually corresponds to

the minor node, back to the hypergraph, so that the acyclicity of 𝐻 is preserved. The rationale for

adding such an 𝑒𝑚 can be illustrated by the following example:

Example 4.6. Consider the query
𝑄4.6 ← 𝜋∅ (𝑅1 [𝑥1, 𝑥2, 𝑥3, 𝑥4] ⊲⊳ 𝑅2 [𝑥1, 𝑥2, 𝑥5] ⊲⊳ 𝑅3 [𝑥1, 𝑥3, 𝑥6] ⊲⊳ 𝑅4 [𝑥2, 𝑥3, 𝑥7] ⊲⊳ 𝑅5 [𝑥1, 𝑥2, 𝑥3, 𝑥8]),
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Algorithm 1: Constructing the meta-decomposition of an acyclic hypergraph

input :An acyclic hypergraph 𝐻

output :The meta-decomposition𝑀 of 𝐻

1 𝐻 ′ ← a copy of the input hypergraph 𝐻 with 𝑉 (𝐻 ′) = 𝑉 (𝐻 ) and 𝐸 (𝐻 ′) = 𝐸 (𝐻 )
2 𝑉 (𝑀) ← ∅, 𝐸 (𝑀) ← ∅

// Reduction, creating the vertices in the meta-decomposition at the same time
3 while 𝐸 (𝐻 ′) is not empty do

// First check if it is possible to create minor nodes for mutually reducible hyperedges
4 foreach maximal 𝑆 ⊆ 𝐸 (𝐻 ′) such that |𝑆 | > 1, and, for all 𝑒 ∈ 𝑆 , 𝑜 (𝑒, 𝐻 ′) has the same value 𝑜 do
5 foreach 𝑒 ∈ 𝑆 do
6 Add a node 𝑝 to 𝑉 (𝑀) with 𝜆(𝑝) = {𝑒} if 𝑒 ∈ 𝐸 (𝐻 ), or 𝜆(𝑝) = ∅ if it is special, 𝜒 (𝑝) = 𝑒 ,

and 𝜅 (𝑝) = 𝑜 (𝑒, 𝐻 ′) , if such 𝑝 does not exist yet

7 Remove 𝑒 from 𝐸 (𝐻 ′)
8 Add a special hyperedge 𝑒𝑚 = 𝑜 to 𝐸 (𝐻 ′)
9 E ← the set of all ears in 𝐸 (𝐻 ′)

10 foreach 𝑒 ∈ E do
11 Add a new node 𝑝 to 𝑉 (𝑀) with 𝜆(𝑝) = {𝑒} if 𝑒 ∈ 𝐸 (𝐻 ), or 𝜆(𝑝) = ∅ if it is special, 𝜒 (𝑝) = 𝑒 ,

and 𝜅 (𝑝) = 𝑜 (𝑒, 𝐻 ′), if such 𝑝 does not exist yet

12 Remove 𝑒 from 𝐸 (𝐻 ′)
13 if there exists at least two vertices 𝑝′ ∈ 𝑉 (𝑀) ∪ E such that 𝜅 (𝑝′) = 𝜅 (𝑝) then
14 Add a (minor) node 𝑣 to𝑉 (𝑀) with 𝜆(𝑣) = ∅, 𝜒 (𝑣) = 𝜅 (𝑝), and 𝜅 (𝑣) = 𝜅 (𝑝), if such 𝑣 does

not exist yet

15 𝑟 (𝑀) ← the node 𝑝 ∈ 𝑉 (𝑀) such that 𝜅 (𝑝) = ∅
// Generate the edges in the meta-decomposition

16 foreach non-root node 𝑝 ∈ 𝑉 (𝑀) do
17 if there exists a (minor) node 𝑞 ∈ 𝑉 (𝑀) such that 𝜆(𝑞) = ∅ and 𝜒 (𝑞) = 𝜅 (𝑝) then
18 Add an edge (𝑞, 𝑝) in 𝐸 (𝑀)
19 else
20 Find the node 𝑞 ∈ 𝑉 (𝑀) such that 𝜅 (𝑝) ⊆ 𝜒 (𝑞) and 𝜅 (𝑝) ⊈ 𝜅 (𝑞) // “highest” possible parent
21 Add an edge (𝑞, 𝑝) in 𝐸 (𝑀)
22 return𝑀 = (𝑉 (𝑀), 𝑟 (𝑀), 𝐸 (𝑀), 𝜆, 𝜒, 𝜅)

which is similar to Example 1.1 but contains an additional relation 𝑅5. In this case, at the beginning,

𝑅1 and 𝑅5 are both ears and mutually reducible, as 𝑜 (𝑅1, 𝐻 ) = 𝑜 (𝑅5, 𝐻 ) = {𝑥1, 𝑥2, 𝑥3}. However, if
we simply remove both 𝑅1 and 𝑅5 at the same time, the remaining hyperedges, 𝑅2, 𝑅3, and 𝑅4, form
a cyclic hypergraph. But, if we add 𝑒𝑚 = 𝑜 (𝑅1, 𝐻 ) = 𝑜 (𝑅5, 𝐻 ) = {𝑥1, 𝑥2, 𝑥3}, then 𝑒𝑚 , 𝑅2, 𝑅3, and 𝑅4

still form an acyclic query, and the algorithm can proceed to pick 𝑅2, 𝑅3, and 𝑅4 as ears, before 𝑒𝑚
is picked and removed at the very end.

We formalize this idea as follows:

Proposition 4.7. Given an acyclic hypergraph 𝐻 , if there exists a set of distinct ears 𝑆 =

{𝑒1, . . . , 𝑒𝑛} ⊆ 𝐸 (𝐻 ) (𝑛 ≥ 2) such that 𝑜 (𝑒1, 𝐻 ) = · · · = 𝑜 (𝑒𝑛, 𝐻 ) = 𝑜 , then, the hypergraph 𝐻 ′,
with 𝐸 (𝐻 ′) = (𝐸 (𝐻 ) \ 𝑆) ∪ {𝑜} and 𝑉 (𝐻 ′) = ∪𝐸 (𝐻 ′), is acyclic.

In each round, the algorithm then finds and removes the set E of all ears of 𝐻 ′. For each 𝑒 ∈ E,
we create a node 𝑝 with set 𝜅 (𝑝) = 𝑜 (𝑒, 𝐻 ′). 𝑝 may be either physical or minor, depending on

whether 𝑒 is a hyperedge in 𝐻 or a special hyperedge created while removing mutually reducible

hyperedges. During the procedure, the algorithm creates minor nodes whenever necessary (Lines 6,

11, and 13–14).
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This algorithm has the following guarantee of asymptotic complexity:

Theorem 4.8. Algorithm 1 terminates in time 𝑂 ( |𝐸 (𝐻 ) |3).

Proof sketch. The key observations are (1) that the size |𝐸 (𝐻 ′) | decreases by at least one in

each iteration of the while-loop (Line 3), and (2) that, in each iteration of the while loop, all sets 𝑆

(Line 4) can be enumerated in 𝑂 ( |𝐸 (𝐻 ′) |) = 𝑂 ( |𝐸 (𝐻 ) |) time, if we maintain a hash map that maps

each 𝑜 ⊆ 𝑉 (𝐻 ′) to all hyperedges 𝑒 ∈ 𝐸 (𝐻 ′) such that 𝑜 (𝑒, 𝐻 ′) = 𝑜 , which is updated whenever a

hyperedge 𝑒 is added or removed from 𝐸 (𝐻 ′). □

We show the correctness of the algorithm:

Theorem 4.9. Given an acyclic query with an acyclic hypergraph 𝐻 , Algorithm 1 returns a valid
meta-decomposition of 𝐻 .

Finally, we note that meta-decompositions are highly space-efficient. They only require space

linear to the size of the hypergraph.

Theorem 4.10. In the meta-decomposition𝑀 of an acyclic hypergraph 𝐻 as constructed by Algo-
rithm 1, the number of vertices |𝑉 (𝑀) | and the number of edges |𝐸 (𝑀) | are 𝑂 ( |𝐸 (𝐻 ) |).

Proof sketch. Vertices in 𝑀 are either physical or minor. We create one physical node per

hyperedge in 𝐸 (𝐻 ). For minor nodes, we note that each minor node has fan-out at least 2, meaning

there must be at least two edges incident to each minor node. □

4.2 Join Tree Enumeration
The meta-decomposition allows one to efficiently enumerate all possible join trees of an acyclic

query, as we show with an algorithm in this section. This not only serves as proof of the universality

of this representation but also provides a powerful approach to enumerating join trees, which could

be of great help to other structure-based methods that require doing so.

As an intuition, we can observe that the distinct join trees of the same hypergraph may differ in

the following ways:

(1) “Re-branching”. If a vertex 𝑝 in a join tree has children 𝑐1 and 𝑐2 such that 𝜒 (𝑐1)∩𝜒 (𝑝) ⊆ 𝜒 (𝑐2),
then 𝑐1 could have been a child of 𝑐2 without violating any condition. In the meta-decomposition,

condition (C4) ensures that 𝑐1 is positioned at the highest possible node. When enumerating

join trees, we can make 𝑐1 a child of 𝑐2 if 𝜅 (𝑐1) ⊆ 𝜒 (𝑐2), without violating any condition. The

join tree in Fig. 6e based on the meta-decomposition in Fig. 6b from Example 4.4 demonstrates

such a case, where 𝑅5 could be a child of any one of 𝑅1, 𝑅2, 𝑅3, and 𝑅4.

(2) Rerooting. A rerooting of a join tree is still a valid join tree.

(3) Mutually reducible relations. If multiple relations share some exact same set of attributes,

they can be connected in arbitrary tree structures. This situation is represented by minor nodes

in meta-decompositions. An example is the root node with 𝜒-label {𝑥1} in Fig. 4 for Example 2.3,

based upon which we should be able to enumerate, among others, the join trees in Fig. 2b.

These alternatives should be considered to enumerate all join trees, and the meta-decomposition

retains all the necessary information to facilitate this. Algorithm 2 is an algorithm to enumerate all

join trees. For each node in the meta-decomposition starting from the root, it recursively enumerates

all possible join trees given by the subtree rooted at each of its children (Lines 3–4), and then

enumerates all possible ways to combine these join trees into one. For minor nodes 𝑟 , we find its

neighbors that share the common set of attributes given by 𝜒 (𝑟 ) (Line 6) and generate all possible

distinct structures of join trees, where each vertex will be replaced by the join tree for a subtree

given by a neighbor. (At this point, we consider all rerootings of the same tree as identical.) At the
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very end of this algorithm, we return all combined join trees we obtain, and it remains only to

collect all rerootings. Due to space constraints, we omit some lower-level details, e.g., the exact

steps for combining sub-join trees and algorithms to enumerate all trees and rerootings without

repetition. The full details are given in the full version of the paper [30].

Algorithm 2: Enumerating all join trees based on a meta-decomposition

input :A meta-decomposition𝑀 = (𝑉 (𝑀), 𝑟 (𝑀), 𝐸 (𝑀), 𝜆, 𝜒, 𝜅)
output :All join trees of the hypergraph induced by𝑀

1 Function enumRec(𝑣 : a node on𝑀):
2 C ← set of children 𝑐 of 𝑣 on𝑀 , sorted by partial order ⊇ on 𝜅 (𝑐)
3 foreach 𝑐 ∈ C do
4 T𝑐 ← all rerootings 𝑇 ′𝑐 of all trees 𝑇𝑐 returned by enumRec(𝑐) such that 𝜅 (𝑐) ⊆ 𝜒 (𝑟 (𝑇 ′𝑐 ))
5 if 𝜆(𝑣) = ∅ then // minor node
6 Corigin ← {𝑐 ∈ C : 𝜅 (𝑐) = 𝜒 (𝑣)} // They can be found at the head of the sorted C
7 if 𝜅 (𝑣) = 𝜒 (𝑣) then
8 T ← all non-isomorphic trees with vertices Corigin ∪ {𝑣}, all rerooted to 𝑣

// The minor node 𝑣 will eventually be replaced on Line 18 by the parent of 𝑟
9 else // 𝜅 (𝑣) ≠ 𝜒 (𝑣), the parent should not participate
10 T ← all non-isomorphic trees with vertices Corigin
11 T ← set of trees 𝑇 ′ that can be obtained from some 𝑇 ∈ T , where each 𝑐 ∈ 𝑉 (𝑇 ), in bottom-up

order, is replaced by some 𝑇𝑐 ∈ T𝑐 , and, for each non-root 𝑐 ∈ 𝑉 (𝑇 ) with parent 𝑝 , 𝑇𝑐 could be

attached as a child of any 𝑢 ∈ 𝑉 (𝑇𝑝 ) such that 𝜅 (𝑐) ⊆ 𝜒 (𝑢)
12 Cproper ← C \ Corigin, preserving the order // The set of children 𝑐 such that 𝜅 (𝑐) ⊊ 𝜒 (𝑣)
13 else
14 T ← a set of one tree with one vertex 𝑣 only

15 Cproper ← C, preserving the order

16 foreach child 𝑐 ∈ Cproper in order, 𝑇𝑐 ∈ T𝑐 do
17 if 𝜆(𝑐) = ∅ and 𝜅 (𝑐) = 𝜒 (𝑐) then

// The root of 𝑇𝑐 would be a minor node from Line 8. We find a parent of each of its children.
18 T ← set of trees 𝑇 ′ that can be obtained from some 𝑇 ∈ T , where for each child 𝑑 of 𝑟 (𝑇𝑐 ),

we attach the subtree rooted at 𝑑 as a child of some 𝑢 ∈ 𝑉 (𝑇 ) such that 𝜅 (𝑑) ⊆ 𝜒 (𝑢)
19 else
20 T ← set of trees 𝑇 ′ that can be obtained from some 𝑇 ∈ T , where 𝑇𝑐 is attached as a child of

some 𝑢 ∈ 𝑉 (𝑇 ) such that 𝜅 (𝑐) ⊆ 𝜒 (𝑢)
21 return T
22 return all rerootings of all trees returned by enumRec(𝑟 (𝑀))

Example 4.11. Consider again the query𝑄4.4 in Example 4.4. Its meta-decomposition is shown in

Fig. 6b. Let the root node be 𝑟 , and we use 𝑣1, . . . 𝑣5 to denote the nodes such that 𝜆(𝑣𝑖 ) = {𝑅𝑖 }. The
root node 𝑟 is a minor node, with 𝜒 (𝑟 ) = {𝑥1, 𝑥3}. We start by enumerating all possible join trees

induced by the subtrees of the meta-decomposition, rooted at each child of 𝑟 . For the subtree with

𝑣2 and 𝑣1, there is only one valid join tree, rooted at 𝑣2, which has one child 𝑣1. It is not possible

to reroot to 𝑣1 because 𝜅 (𝑣2) = {𝑥1, 𝑥3} ⊈ 𝜒 (𝑣1). The case is similar for the subtree with 𝑣3 and

𝑣4. And the subtree with 𝑣5 induces only one join tree with one node 𝑣5. Since 𝑣2 and 𝑣3 (and not

𝑣5) have 𝜅 (𝑣2) = 𝜅 (𝑣3) = 𝜒 (𝑟 ) = {𝑥1, 𝑥3}, we enumerate all possible skeleton tree structures with

vertices 𝑣2 and 𝑣3. There are only two such trees, each of which contains one edge connecting 𝑣2

and 𝑣3, and they are rerootings of each other. For each tree, we replace 𝑣2 and 𝑣3 by their induced

join tree. In the end, we have one child 𝑣5 with 𝜅 (𝑣5) ⊊ 𝜒 (𝑟 ). It can be a child of any node 𝑣 such
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that 𝜅 (𝑣5) ⊆ 𝜒 (𝑣). In this example, it can, in fact, be a child of any other node. Fig. 6c is a join tree

where the skeleton tree structure is rooted at 𝑅2, and 𝑅5 is attached as a child of 𝑅2. Fig. 6d is a

similar example where the skeleton is rooted at 𝑅3, and 𝑅5 is attached as a child of 𝑅3. And Fig. 6e

is based on the same skeleton as for Fig. 6d, but 𝑅5 is attached as a child of 𝑅4 instead of 𝑅3.

We claim that this algorithm is both correct (producing valid join trees) and complete (enumerat-

ing all possible join trees).

Theorem 4.12 (Correctness). Given a meta-decomposition 𝑀 of an acyclic hypergraph 𝐻 , all
trees 𝑇 output by Algorithm 2 are valid join trees of 𝐻 .

Theorem 4.13 (Completeness). Given a meta-decomposition 𝑀 of an acyclic hypergraph 𝐻 ,
Algorithm 2 enumerates all possible join trees of 𝐻 .

As is detailed in the proof of Theorem 4.13, for each join tree, we can pinpoint exactly one way in

which it is enumerated by the algorithm based on the meta-decomposition. Noting that the number

of children of each node on a meta-decomposition is bounded by the fan-out, we get the following

guarantee of enumeration delay.

Theorem 4.14 (Time complexity). Given a meta-decomposition𝑀 of an acyclic hypergraph 𝐻 ,
Algorithm 2 enumerates all possible join trees of 𝐻 in an amortized delay of 𝑂 (𝑓 (𝑀) · |𝑉 (𝐻 ) |).

5 Cost-Based Optimization from Meta-Decompositions
Even though we have presented an algorithm, enumerating all possible join trees is infeasible,

as their number grows super-exponentially with the number of relations, as shown by Theo-

rem 2.2. Instead, we propose a cost-based optimization algorithm that operates directly on the
meta-decomposition to find an optimal width-1 query plan. Similar to the case for join tree enu-

meration discussed in Section 4.2, the search space for such plans is defined by four key factors:

(1) selecting a root of the join tree to induce the width-1 query plan; (2) unnesting minor nodes;

(3) handling possible re-branching, and (4) determining the local join order for each node and its

neighbors. In this section, we detail our procedure to address them.

5.1 Re-Branching
As previously discussed, re-branching can happen when a child node 𝑐 of a node 𝑝 in the meta-

decomposition could also be a child of another descendant node 𝑑 of 𝑝 in a join tree, if 𝜅 (𝑐) ⊊ 𝜅 (𝑑).
This scenario, however, is in fact very rare in practice: we found no query in the JOB benchmark

that exhibited this scenario, and only one query in the TPC-H benchmark can involve re-branching.

Therefore, for simplicity, we do not consider re-branching when describing the algorithm in this

section. As we show in the full version of the paper [30], accommodating a possible re-branching

adds only a constant factor to the overall complexity.

5.2 The Overall Algorithm
Given a meta-decomposition 𝑀 , our algorithm to produce a width-1 query plan is shown in

Algorithm 3. This algorithm first makes two traversals of𝑀 , one bottom-up and one top-down.

In the bottom-up traversal, for each non-root node 𝑞, we find the optimal plan to join the relation

in 𝑞 and all the plans given by the children of 𝑞, which gives the optimal plan to evaluate 𝑄 (𝑇𝑞),
the query induced by the subtree of𝑀 rooted at 𝑞.

Example 5.1. For the query 𝑄3.1 in Example 3.1, with meta-decomposition shown in Fig. 5, this

bottom-up traversal visits the nodes in the following order. (For simplicity, we simply use 𝑅𝑖 to

refer to the node with 𝜆-label {𝑅𝑖 }.)
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Algorithm 3: Finding the optimal width-1 query plan to evaluate the query induced by a

meta-decomposition

input :A meta-decomposition𝑀 = (𝑉 (𝑀), 𝑟 (𝑀), 𝐸 (𝑀), 𝜆, 𝜒, 𝜅)
output :The optimal query plan

// Bottom-up traversal
1 foreach non-root node 𝑞 ∈ 𝑉 (𝑀), in bottom-up order do
2 𝑝 ← 𝑞’s parent node on𝑀

3 plan(𝑇𝑝→𝑞) ← optimizeLocal(𝑞, {plan(𝑇𝑞→𝑐 ) : 𝑐 ∈ children(𝑞)})
4 plan(𝑀) ← optimizeLocal(𝑟, {plan(𝑇𝑟→𝑐 ) : 𝑐 ∈ children(𝑟 )})

// Top-down traversal
5 foreach 𝑐 ∈ children(𝑟 ) do
6 plan(𝑇𝑐→𝑟 ) ← optimizeLocal(𝑟, {plan(𝑇𝑟→𝑐′ ) : 𝑐′ ∈ children(𝑟 ) \ {𝑐}})
7 foreach non-root node 𝑞 ∈ 𝑉 (𝑀), in top-down order do
8 𝑝 ← 𝑞’s parent node on𝑀

9 foreach child 𝑐 ∈ 𝐶 (𝑞) do
10 plan(𝑇𝑐→𝑞) ← optimizeLocal(𝑞, {plan(𝑇𝑞→𝑝 )} ∪ {plan(𝑇𝑞→𝑐′ ) : 𝑐′ ∈ children(𝑟 ) \ {𝑐}})
11 return the plan plan(𝑇𝑝→𝑞) ⊲⊳ plan(𝑇𝑞→𝑝 ) with the minimum cost among all (𝑝, 𝑞) ∈ 𝐸 (𝑀)

(1) 𝑅3. It generates the plan for the subtree 𝑇𝑅3
, or 𝑇𝑅2→𝑅3

, containing 𝑅3 only. The plan is simply a

scan of 𝑅3.

(2) 𝑅2. It generates the plan for𝑇𝑅2
, or𝑇𝑅1→𝑅2

, containing 𝑅2 and 𝑅3. It simply needs to join 𝑅2 with

the plan for 𝑇𝑅3
in the previous step, i.e., 𝑅2 ⊲⊳ 𝑅3.

(3) 𝑅4. It generates the plan for the subtree 𝑇𝑅4
, or 𝑇𝑅1→𝑅4

, containing 𝑅4 only. The plan is simply a

scan of 𝑅4.

(4) 𝑅1. This is the root node. The traversal terminates here.

Then, in the top-down traversal, for each node 𝑞 and each child 𝑐 of 𝑞 on the meta-decomposition,

we find the optimal plan to join 𝑞 and all plans given by the neighbors (parent and children) of 𝑞

except 𝑐 , which gives the optimal plan to join all relations in 𝑇𝑐→𝑞 .

Example 5.2. Again for 𝑄3.1, the top-down traversal visits the nodes in the following order.

(1) 𝑅1 → child 𝑅2. It generates the plan for the subtree 𝑇𝑅2→𝑅1
, containing 𝑅1 and 𝑅4. The plan is

simply 𝑅1 ⊲⊳ 𝑅4.

(2) 𝑅2 → child 𝑅3. It generates the plan for the subtree 𝑇𝑅3→𝑅2
, containing 𝑅1, 𝑅2, and 𝑅4. Similarly,

we join 𝑅2 with the result of 𝑅1 ⊲⊳ 𝑅4, which is the plan for the subtree 𝑇𝑅2→𝑅1
.

(3) 𝑅1 → child 𝑅4. It generates the plan for the subtree 𝑇𝑅4→𝑅1
, containing 𝑅1, 𝑅2, and 𝑅3. Here, 𝑅2

and 𝑅3 are in the same subtree𝑇𝑅1→𝑅2
of 𝑅1. So, we first take the plan generated for this subtree,

which is 𝑅2 ⊲⊳ 𝑅3, and then join this result with 𝑅1.

At the end, we choose the root of the query plan, which is the minimum-cost plan of the form

plan(𝑇𝑝→𝑞) ⊲⊳ plan(𝑇𝑞→𝑝 ) among all (𝑝, 𝑞) ∈ 𝐸 (𝑀). For example, the width-1 plan shown in Fig. 3c

corresponds to plan(𝑇𝑅2→𝑅1
) ⊲⊳ plan(𝑇𝑅1→𝑅2

).
In the example we just considered, the fan-out is 2. For higher fan-outs, at each node in the

meta-decomposition, we need to decide on an order to join the results of multiple subtrees. To do

so, the algorithm calls the function optimizeLocal, which optimizes the local join for each node and

its neighbors. We will elaborate on this in Section 5.3.

5.3 Optimizing the Local Join with Neighbors
One essential component of this algorithm is to, for a vertex 𝑞 in the meta-decomposition, find the

optimal plan to join the relation in this vertex and the optimal query plans given by (a subset of) its
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neighbors (optimizeLocal). This can be viewed as a classic star join optimization problem, where

𝑅𝑞 is the hub relation, and the result of the induced query 𝑄 (𝑇𝑐𝑖 ) from each of its neighbors 𝑐𝑖 is a

satellite relation, denoted by 𝑅𝑖 for 𝑖 = 1, . . . , 𝑓 (𝑞), where 𝜒 (𝑐𝑖 ) ∩ 𝜒 (𝑞) ≠ ∅ and 𝜒 (𝑐𝑖 ) ∩ 𝜒 (𝑐 𝑗 ) ⊆ 𝜒 (𝑞)
for all 𝑖 ≠ 𝑗 . Unfortunately, even in this restricted setting, this problem of optimizing the join of

𝑅𝑞 and all 𝑅𝑖 ’s is still NP-hard, because this can be reduced from the problem of optimizing the

ordering of a Cartesian product 𝑆1 × 𝑆2 × · · · × 𝑆𝑛—which is already shown to be NP-hard [44]—by

adding a shared attribute to each 𝑆𝑖 such that all tuples have the same value for this attribute. By

using dynamic programming algorithms [39, 46], the problem can be solved in 𝑂 (2𝑓 (𝑞) ) , where
𝑂 suppresses poly-logarithmic factors and the fan-out 𝑓 (𝑞) is the number of children of 𝑞 on

the meta-decomposition. However, as mentioned in Section 3, the fan-out of real-world queries is
typically very small. This makes the exponential-time exact algorithm practical for the vast majority

of cases. In the rare case that a node has a high fan-out, making the exact DP algorithm too slow,

we can substitute it with a heuristic. An effective choice is Greedy Operator Ordering (GOO) [17],

which iteratively joins the neighbor that results in the smallest intermediate result. This method is

outlined in the full version of the paper [30].

5.4 Case Study: Optimizing Relation-DominatedQueries with Meta-Decompositions
Our framework naturally incorporates projection pushdown for early cardinality reduction. When

building a plan for a subquery, such as plan(𝑇𝑝→𝑞) in Algorithm 3, we can immediately project the

result to only the attributes needed for subsequent operations. Specifically, after computing the

joins within the subtree 𝑇𝑞 , we only need to retain (1) attributes that are part of the final output,

and (2) attributes required for joining with the remaining relations, which is 𝜅 (𝑞) by definition.

This strategy is especially effective for relation-dominated queries, where a single relation

contains all output attributes. If a subtree contains no output attributes, we can project its result to

only 𝜅 (𝑞), i.e., the join keys with the remaining relations, which can significantly reduce the size

of intermediate results. However, traditional dynamic-programming-based optimizers lack such a

comprehensive structural view. Therefore, they typically do not identify such opportunities and

must consider the entire search space of query plans, relying solely on cost estimation.

Example 5.3. Take query 17f in the join order benchmark (JOB) as an example. Omitting irrelevant

attributes in each relation, this query can be abstractly represented as

𝑄5.3 ← 𝜋𝑥n
(𝑅ci [𝑥mid, 𝑥pid] ⊲⊳ 𝑅cn [𝑥cid, 𝑥cc] ⊲⊳ 𝜎𝑥k=· · · (𝑅k [𝑥kid, 𝑥k]) ⊲⊳ 𝑅mc [𝑥mid, 𝑥cid]
⊲⊳ 𝑅mk [𝑥mid, 𝑥kid] ⊲⊳ 𝜎𝑥n=· · · (𝑅n [𝑥pid, 𝑥n]) ⊲⊳ 𝑅t [𝑥mid, 𝑥t]).

This is a relation-dominated query, as it has only one output attribute 𝑥n, which is an attribute of

𝑅n. Fig. 7 shows the hypergraph, the optimal width-1 query plan (found by metaDecomp given

cardinalities of the real data set), along with the join tree inducing it, and a width-2 query plan

(which is the plan given by dynamic programming). In the width-1 plan in Fig. 7d, all intermediate
join results can be projected to a single attribute, since the interface is always only one attribute, and

there is no output attribute before the final join with 𝑅n. But, with the width-2 query plan in Fig. 7e,

the result of ((𝑅mk ⊲⊳ 𝑅k) ⊲⊳ 𝑅t) ⊲⊳ 𝑅ci has to be projected to two attributes 𝑥mid and 𝑥pid, which are

join keys with 𝑅mc and 𝑅n, respectively. Executing these plans, we indeed observe that the width-1
plan has a 1.72x speedup over the width-2 plan.

As with evaluating select-project-join queries, one can easily modify the cost model and use

a join tree–based query evaluation algorithm, including any Yannakakis-style algorithm, that

incorporates cost-based optimization via meta-decompositions. We hope this work inspires further

research in related areas and encourages the integration of these theoretically desirable query

evaluation techniques into practical systems.
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Fig. 7. The hypergraph, the meta-decomposition, the optimal width-1 query plan with the inducing join tree,
and the optimal query plan (of width 2) found by dynamic programming, of the query JOB 17f in Example 5.3

6 Experimental Evaluation and Analysis
In this section, we present experimental results to answer the following research questions:

(RQ1) How fast is query optimization using meta-decompositions?

(RQ2) How good are width-1 query plans, compared to the globally optimal ones?

(RQ3) To what extent is our proposed meta-decompositions-based query optimization sensitive to

errors in cardinality estimation?

(RQ4) To what extent can our proposed meta-decompositions-based join tree enumeration tech-

nique help structure-based query evaluation?

6.1 Experimental Setup
6.1.1 Experimental Environment. Experiments are conducted on an Apple M4 Pro machine with 14

cores and 48 GB RAM, running macOS Tahoe 16.0. We use DuckDB as our test database because of

its excellent performance and simple cost model. The experiments use DuckDB 1.2.2, Scala 3.6.3,

GraalVM 17.0.12, and LLVM 20.1.3. The full source code for experiments is available at [29].

We implement metaDecomp in Scala. For each query, it first computes the meta-decomposition

(Section 4) and then applies our cost-based optimization algorithm (Section 5) to select the best

width-1 query plan. In the experiments, we compare the following query optimization approaches:

(1) metaDecomp, using our implementation.

(2) DPconv [46], the state-of-the-art dynamic programming optimizer.

(3) DuckDB’s native optimizer [42], which uses DPccp [39] for queries with up to 12 relations and

Greedy Operator Ordering (GOO) [17] otherwise.

(4) UnionDP, a heuristic approach proposed in [37, Algorithm 4] which (i) partitions the query graph

into subgraphs, each with size up to a threshold (which we set to 12, consistent with DuckDB),
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Benchmarks→ DSB JOB Musicbrainz JOBLarge Overall

Number of
relations

Min 5 4 2 8 2

Median 6 8 10 18 8

Max 9 17 26 34 34

Fan-out
Min 2 2 1 2 1

Median 3 3 4 4 3

Max 4 5 9 5 9

Number of
join trees

Min 5 12 2 72 2

Median 7 144 22500 40000 126

Max 54 352512 > 10
8 > 10

8 > 10
8

Table 2. Structural properties of queries in each benchmark

(ii) runs dynamic programming on each subgraph, and (iii) runs dynamic programming on the

entire graph, treating each subgraph as a composite node.

(5) Yannakakis
+
[50], a state-of-the-art structure-guided query evaluation approach.

(6) LearnedRewrite [61, 62], a machine learning–based query rewriter.

(7) LLM-R
2
[35], a query rewriter based on machine learning and large language models (LLMs).

For Yannakakis
+
, we use the implemented system as a black box and run the rewritten queries

in DuckDB. For LearnedRewrite and LLM-R
2
, we similarly evaluate them using their pre-trained

models as-is and run the rewritten queries in DuckDB. For metaDecomp, DPconv, and UnionDP,

the query plans are enforced in DuckDB by rewriting queries into a sequence of subqueries that

create a temporary view at each step, as is standard in, e.g., [20, 50]. For all three methods, we apply

the same strategies of selection and projection pushdown as explained in Section 2.3. Namely, we

project out all irrelevant attributes (those that are neither in the output nor in subsequent joins) at

every step, and we integrate each selection (filter) condition in the join or scan operation at the

lowest possible level, i.e., as soon as all relevant attributes exist.

Each query plan is executed 10 times, and we report the median optimization and execution time.

To ensure accuracy, we exclude I/O time from time measurements. The full dataset is preloaded

into the DuckDB database, and the estimated cardinalities are preloaded into memory, with all

loading time excluded from timing. We enforce a 5-minute timeout on execution time. Queries that

none of the optimizers can complete within this time limit are excluded from the results.

6.1.2 Queries, Benchmarks, and Cardinalities. We experiment with the following four benchmarks:

(1) The SPJ (select-project-join) queries in the Decision Support Benchmark (DSB) [16]. We use

the implemented system to generate a 10 GB database instance and generate queries using the

default settings. We only consider acyclic queries (240 out of 300).

(2) The Join Order Benchmark (JOB) [34] over the IMDB dataset. All queries in this benchmark

are already acyclic.

(3) Musicbrainz, a benchmark proposed by [37] with significantly larger queries that join up to

26 relations. We use the implemented query generator with default settings, except that we

project the output to at most 5 randomly-selected attributes. We retain only the acyclic queries

(243 out of 375).

(4) JOBLarge, a new benchmark we introduce to extend JOB to simulate practical but larger

analytical scenarios, where each query is generated by selecting two queries from the JOB that

share at least one common output attribute and merging them into a single query, with a join

on a shared attribute, such that the query remains acyclic. We only retain generated queries

that take DuckDB at least 50 ms to evaluate.

In Table 2, we show detailed statistics of some structural properties of queries in each benchmark.
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Fig. 8. Optimization time for queries in each benchmark. For each number of relations, the dot shows the
average, and the whiskers show the minimum and maximum optimization time.

For metaDecomp, DPconv, and UnionDP, which all follow the same cost model, we precompute

(by running appropriate COUNT(*) queries) true cardinalities of all possible intermediate join results

for the relatively small benchmarks DSB and JOB, in the approach and format consistent with the

implementation of DPconv [46]. For the larger benchmarks Musicbrainz and JOBLarge, computing

exact cardinalities for all possible intermediate joins is infeasible due to the much larger query

sizes. Therefore, we use estimated cardinalities instead, via DuckDB’s EXPLAIN command. Note,

however, that these estimates may sometimes be highly inaccurate and may not reflect the true

relative sizes of intermediate results. DuckDB, Yannakakis
+
, Learned Rewrite, and LLM-R

2
are used

as black boxes with their own cost models.

6.2 Results
In this section, we present the results of our experiments.

6.2.1 (RQ1) Optimization Time. We first compare the optimization time. The results are shown in

Fig. 8. The figures clearly show that the optimization time of metaDecomp remains almost constant

as the number of relations increases, typically below 10 ms, as is also the case for DuckDB, UnionDP,

and Yannakakis
+
. The two machine learning–based approaches, LLM-R

2
and LearnedRewrite,

exhibit stable but higher optimization time, in the order of seconds, due to the overhead of the

complex models and, for LLM-R
2
, the interaction with LLMs. DPconv, however, has an exponential

growth, and its optimization time surpasses that of metaDecomp starting at approximately 9

relations. For many queries in Musicbrainz and JOBLarge (starting from approximately 25 relations),

DPconv fails to find a valid plan within the 5-minute limit, again highlighting that traditional

exponential-time dynamic programming–based optimizers do not scale to such large queries.
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Fig. 9. Ratios between the costs of the globally optimal query plans and the costs of the optimal width-1
plans. A ratio of 1 indicates they have the same cost, and is included in the bar between 0.9 and 1.0.3
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Fig. 10. Histograms of execution speedups of the optimal width-1 plans over the globally optimal plans

6.2.2 (RQ2)Quality of width-1 query plans. Even though metaDecomp restricts its search to width-

1 plans only, as shown in Fig. 9, for most queries, it finds query plans with cost values comparable
to those of the optimal plans. Furthermore, Fig. 10 shows the speedups achieved by executing the

optimal width-1 query plans over executing the globally optimal query plans. Note that, even

though one would typically not expect speedups since the optimal plans have the minimum possible

cost values, in many cases, the optimal width-1 query plans in fact run faster in the actual execution,

thanks to the small intermediate result sizes through exploiting queries’ structural properties.

6.2.3 (RQ1) & (RQ2) Combined: Overall Performance. Taking both optimization and execution

time into account, we observe in Table 3, Fig. 11, and Fig. 12 that metaDecomp shows a clear

advantage overall. This is especially the case for queries that are complex, as shown by the 95th

and 99th percentiles in Table 3, and in the points towards the right in the scatter plots in Fig. 12. For

DuckDB, UnionDP, Yannakakis
+
, LearnedRewrite, and LLM-R

2
, although their optimization is fast,

they are also very likely to generate plans that are significantly worse than the optimal width-1

query plans, especially for larger queries. In addition, for Yannakakis
+
, there is an overhead in the

reduction phase, which may be costly for certain queries. For DPconv, the main disadvantage is the

exponential optimization time, which becomes the dominant factor in the overall evaluation time

for large queries. The overall results demonstrate that finding and executing width-1 plans with

metaDecomp is indeed highly efficient in practice. More detailed, separate figures for individual

benchmarks can be found in the full version of the paper [30].

3
This measure is analogous to speedups. Since width-1 plans are a restricted class, their theoretical cost values cannot be

better (lower) than the global optimal, and thus the ratios are at most 1.
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Benchmark→ DSB JOB Musicbrainz JOBLarge
Metric ↓ Method ↓ Mean Med. 95th 99th Mean Med. 95th 99th Mean Med. 95th 99th Mean Med. 95th 99th

O
pt
im

iz
at
io
n
ti
m
e metaDecomp 0.15 ms 0.10 ms 0.32 ms 1.01 ms 0.38 ms0.26 ms 0.94 ms 1.04 ms 2.62 ms0.37 ms10.45 ms45.05 ms 0.59 ms0.37 ms 1.67 ms 4.17 ms

DPconv 0.08 ms 0.03 ms 0.36 ms 0.37 ms 8.32 ms0.16 ms38.22 ms 45.08 ms 7.37 s0.30 ms 14.62 s 244.44 s 42.17 s 1.26 s > 5 min > 5 min

DuckDB 0.32 ms 0.12 ms 1.83 ms 1.87 ms 1.13 ms0.32 ms 5.58 ms 8.43 ms 1.89 ms0.47 ms11.34 ms18.59 ms 0.62 ms0.55 ms 1.23 ms 3.81 ms

UnionDP 0.01 ms0.007 ms 0.04 ms 0.04 ms 0.10 ms0.03 ms 0.38 ms 0.45 ms 0.25 ms0.11 ms 0.64 ms 0.77 ms 0.29 ms0.24 ms 0.77 ms 1.18 ms

Yannakakis
+
0.78 ms 0.70 ms 1.48 ms 1.50 ms 1.44 ms1.37 ms 3.78 ms 4.59 ms 2.29 ms1.72 ms 6.43 ms 8.15 ms 3.55 ms3.27 ms 6.53 ms10.89 ms

LearnedRew. 0.89 s 0.95 s 1.03 s 1.06 s 0.96 s 0.94 s 1.13 s 1.30 s 1.11 s 1.00 s 1.78 s 2.14 s 1.09 s 1.10 s 1.29 s 1.42 s

LLM-R
2

3.03 s 2.92 s 3.66 s 4.71 s 3.75 s 2.99 s 3.98 s 24.96 s 3.11 s 3.03 s 3.57 s 6.10 s 3.40 s 3.11 s 5.72 s 6.84 s

Ex
ec
ut
io
n
ti
m
e

metaDecomp 0.01 s 0.01 s 0.04 s 0.04 s 0.04 s 0.03 s 0.08 s 0.11 s 1.08 s 0.52 s 2.56 s 13.75 s 1.02 s 0.17 s 2.31 s 23.84 s

DPconv 0.02 s 0.01 s 0.09 s 0.10 s 0.04 s 0.04 s 0.09 s 0.11 s 1.42 s 0.50 s 2.65 s 28.27 s 17.50 s 0.24 s 89.05 s > 5 min

DuckDB 23.85 s 0.01 s > 5 min > 5 min 0.04 s 0.04 s 0.09 s 0.13 s 95.92 s 0.52 s > 5 min > 5 min 22.46 s 0.13 s > 5 min > 5 min

UnionDP 0.03 s 0.01 s 0.10 s 0.11 s 0.05 s 0.04 s 0.10 s 0.12 s 58.75 s 0.28 s > 5 min > 5 min 25.04 s 0.15 s > 5 min > 5 min

Yannakakis
+

0.03 s 0.02 s 0.08 s 0.08 s 0.06 s 0.06 s 0.12 s 0.15 s 13.63 s 0.41 s 34.61 s > 5 min 5.11 s 0.13 s 1.52 s 232.60 s

LearnedRew. 23.95 s 0.05 s > 5 min > 5 min 26.91 s 0.15 s > 5 min > 5 min 42.47 s 0.42 s > 5 min > 5 min 42.03 s 0.14 s > 5 min > 5 min

LLM-R
2

23.79 s 0.01 s > 5 min > 5 min 0.04 s 0.04 s 0.10 s 0.14 s 96.32 s 0.53 s > 5 min > 5 min 29.94 s 0.12 s > 5 min > 5 min

O
ve

ra
ll
ev

al
ua

ti
on

ti
m
e

metaDecomp 0.01 s 0.01 s 0.04 s 0.04 s 0.04 s 0.03 s 0.08 s 0.11 s 1.09 s 0.52 s 2.65 s 13.75 s 1.02 s 0.17 s 2.31 s 23.84 s

DPconv 0.02 s 0.01 s 0.09 s 0.10 s 0.05 s 0.04 s 0.10 s 0.12 s 8.78 s 0.51 s 26.36 s 246.63 s 58.26 s 4.32 s > 5 min > 5 min

DuckDB 23.85 s 0.01 s > 5 min > 5 min 0.04 s 0.04 s 0.09 s 0.13 s 95.93 s 0.52 s > 5 min > 5 min 22.46 s 0.13 s > 5 min > 5 min

UnionDP 0.03 s 0.01 s 0.10 s 0.11 s 0.05 s 0.04 s 0.10 s 0.12 s 58.75 s 0.28 s > 5 min > 5 min 25.04 s 0.15 s > 5 min > 5 min

Yannakakis
+

0.03 s 0.02 s 0.08 s 0.08 s 0.06 s 0.06 s 0.13 s 0.15 s 13.63 s 0.41 s 34.61 s > 5 min 5.11 s 0.13 s 1.52 s 232.60 s

LearnedRew. 24.84 s 1.01 s > 5 min > 5 min 27.87 s 1.12 s > 5 min > 5 min 54.93 s 1.43 s > 5 min > 5 min 43.12 s 1.28 s > 5 min > 5 min

LLM-R
2

26.82 s 3.03 s > 5 min > 5 min 3.79 s 3.05 s 4.01 s 24.99 s 99.43 s 4.06 s > 5 min > 5 min 33.34 s 3.41 s > 5 min > 5 min

O
ve

ra
ll
sp

ee
du

p
of

m
et
aD

ec
om

p
ov

er
...

DPconv 1.22x 0.99x 2.90x 3.29x 1.18x 1.08x 2.77x 3.11x 1.34x 0.99x 15.49x 138.59x 27.61x 21.23x2308.55x5014.14x

DuckDB 2.75x 0.97x16938.94x18945.33x 1.11x 1.07x 2.03x 3.53x 6.39x 1.86x 238.77x 901.19x 1.46x 0.82x 118.01x1872.97x

UnionDP 1.28x 1.03x 3.38x 6.57x 1.12x 1.04x 2.09x 3.01x 2.67x 0.94x 293.61x 844.52x 1.91x 0.94x 606.52x2328.21x

Yannakakis
+

1.83x 1.91x 2.77x 7.03x 1.61x 1.50x 3.75x 5.07x 1.07x 0.72x 47.66x 656.33x 0.76x 0.73x 2.13x 22.05x

LearnedRew. 142.29x 123.70x16993.51x19006.30x 59.91x 38.45x7958.89x11031.32x 14.49x 11.44x 442.62x 967.06x 13.65x 8.85x2444.33x7240.85x

LLM-R
2
379.88x 282.20x17095.75x19117.48x 103.68x 98.29x 484.18x 832.41x 65.93x 78.95x 927.52x2488.64x 23.98x 21.60x 174.23x3632.91x

Table 3. Statistics of query evaluation time. The "mean" values are arithmetic mean for time and geometric
mean for speedup factors.
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Fig. 11. Histograms of overall speedups of using metaDecomp over using other methods

6.2.4 (RQ3) Sensitivity to cardinality misestimation. Recent research has shown that structure-

based query optimization tends to be more robust even in the presence of errors in cardinality

estimation [8, 50, 60]. This is also the case for metaDecomp. To illustrate, we compare metaDecomp
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Fig. 12. Scatter plots of overall evaluation time using metaDecomp versus using other methods. Queries for
which the difference is less than 10% are omitted in the figures.

Benchmark→ DSB JOB
Method ↓ Cardinality ↓ Mean Median 95th 99th Mean Median 95th 99th

metaDecomp

Exact 0.01 s 0.01 s 0.04 s 0.04 s 0.04 s 0.03 s 0.08 s 0.11 s

Misestimated 0.02 s 0.01 s 0.06 s 0.12 s 0.05 s 0.04 s 0.11 s 0.15 s

DPconv

Exact 0.02 s 0.01 s 0.09 s 0.10 s 0.04 s 0.04 s 0.09 s 0.11 s

Misestimated 0.03 s 0.01 s 0.11 s 0.14 s 0.46 s 0.05 s 0.23 s 2.07 s

UnionDP

Exact 0.03 s 0.01 s 0.10 s 0.11 s 0.05 s 0.04 s 0.10 s 0.12 s

Misestimated 0.03 s 0.01 s 0.11 s 0.14 s 0.48 s 0.05 s 0.22 s 1.86 s

Table 4. Query execution time when optimized with exact vs misestimated cardinalities

with DPconv and UnionDP, which use the exact same cost model. We run them on DSB and

JOB queries with (1) exact and (2) misestimated cardinalities. The misestimated cardinalities are

generated by adding a multiplicative noise to the exact cardinalities using a log-normal distribution.

Specifically, for each exact cardinality 𝐶 , we generate a perturbed estimate 𝐶 = 𝐶 · 𝑒𝜖 , where
𝜖 ∼ N(0, 𝜎2), i.e., following a normal (Gaussian) distribution, with standard deviation 𝜎 set to 10.

From the results in Table 4, metaDecomp still has excellent performance despite such errors in

cardinality estimation. The advantage is particularly pronounced at the 99th percentile of the JOB

benchmark, where DPconv and UnionDP, which rely solely on cardinality values, are significantly

misled by the highly inaccurate estimation.

6.2.5 (RQ4) Meta-decompositions applied to other structure-based optimization techniques. Finally,
we demonstrate how meta-decompositions can help other recently developed structure-based

optimization techniques. A crucial step in those techniques is selecting a good join tree, as it can

significantly influence the structures and, consequently, the costs of the generated query plans.
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Fig. 13. Scatter plots of join tree enumeration time using metaDecomp versus using naïve GYO reduction

Thus, we first evaluate metaDecomp’s efficiency in enumerating join trees, compared to the

standard GYO reduction–based approach from [14]. As shown in Fig. 13, metaDecomp shows

up to four orders of magnitude of speedups over the traditional approach. In particular, for many

highly complex queries in the Musicbrainz and JOBLarge benchmarks with more than 10
7
join

trees, the traditional approach already takes over 1 hour, whereas metaDecomp can complete the

enumeration in 2 seconds to 1 minute.

A more effective approach is to apply cost-based optimization directly on meta-decompositions,

as has already been done in metaDecomp, since this eliminates the need to enumerate exponentially

large numbers of join trees. Therefore, in our second experiment, we use Yannakakis
+
[50] to

rewrite queries based on join trees selected by metaDecomp that induce the optimal width-1 query

plans. This modification achieves an average speedup of 1.11x on JOB queries. This demonstrates

that structure-based evaluation algorithms, such as Yannakakis
+
, can benefit significantly from our

efficient cost-based optimization framework.

7 Conclusions and Future Work
In this paper, we have introduced novel techniques for query optimization based on structural

properties via meta-decompositions. They offer promising opportunities to integrate theoretically

desirable structure-based optimization into practical database systems to efficiently evaluate large,

complex queries. A natural next step is to extend our width notion and meta-decompositions-

based framework to cyclic queries. While width-1 query plans cannot exist for cyclic queries

(according to Theorem 3.6) we may, e.g., identify minimal-width query plans and represent all

minimal-width hypertree decompositions. In addition, to improve our current simple strategy of

selection pushdown, it is possible to incorporate existing techniques for evaluating conjunctive

queries with comparisons [52]. Similar is the case for many other operators that are so far excluded

in this paper, such as aggregations [2, 31], top-𝑘 [51], differences [28, 59], etc., for which there

already exist theoretically desirable structure-guided approaches. The performance of such methods

can also benefit from our cost-based optimization framework. Finally, even though our technique

has shown its robustness, it will still benefit from more accurate cardinality estimation. Recent

research [11, 58] shows promising techniques that can be adopted to develop efficient, reliable

cardinality estimators suitable within our proposed framework.
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