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Abstract

Efficiently execution of join operations over large-scale distributed data is critical in modern analytical engines, yet costly
shuffle operations involving extensive network transfer and remote I/O often hinder performance. Existing data layout
techniques struggle with complex multi-table joins due to inflexible distribution key assignments, suboptimal cluster key
choices that require significant manual tuning, and weak co-optimization with downstream join strategy selection. This
paper introduces PAC-Tree (Partition-Aligned Co-Join Tree), a novel query-aware data layout designed to comprehen-
sively address these limitations in an end-to-end manner. PAC-Tree features a two-level hierarchical structure: the upper
level replicates fact tables with diverse distribution keys to improve co-location across join patterns, while the lower level
applies advanced multidimensional partitioning with predicate-aware splits for fine-grained intra-shard data skipping.
Leveraging PAC-Tree’s statistics, we further propose a block-grouping algorithm to construct co-partitions under memory
constraints and a PRIM-based reordering policy for multi-table joins, together significantly reducing shuffle overhead.
Experiments on a real Spark cluster demonstrate that PAC-Tree reduces query latency by up to 45.7% and improves

throughput by up to 2x compared with state-of-the-art layouts, especially for join-heavy workloads.

Keywords Data layout - Distributed joins - Hierarchical partitioning tree - Data skipping - Data shuffling reduction

1 Introduction

In modern analytical systems [1-3], efficiently leveraging
limited resources to process large-scale data is a critical
indicator of system design effectiveness. Data partitioning
plays a pivotal role in enhancing system performance by
supporting both parallel processing and hierarchical data
management [4]. By constructing predetermined mapping
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functions based on query access patterns, partitioning can
group highly correlated data into the same logical partitions
[5], thereby minimizing inter-partition data reads and move-
ments. Each logical partition is instantiated as one or more
uniformly-sized data blocks, persistently stored on local
disks or remote storage.

Within analytical workloads, join operators often consti-
tute the primary performance bottleneck in query execution
plans [6]. The core challenge arises because join processing
frequently requires scanning and redistributing data across
nodes so that tuples with identical join keys are co-located.
Such redistribution is typically implemented via shuffle
operations, which entail large-scale data transfers over
the network, along with serialization, deserialization, and
remote I/O overhead. These costs are especially pronounced
for high-cardinality join keys, where intermediate results
are widely scattered across the cluster and cannot be effec-
tively co-located. Consequently, cross-node data exchange
and shuffle operations can dramatically amplify system I/O
and network load. To mitigate these costs, data partitioning
[6] can be applied before formulating the join strategy. By
jointly partitioning multiple tables based on their join keys,
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relevant tuples (i.e., the outputs of TableScan with Filters)
can be co-located on the same machine node, thereby cre-
ating more opportunities for local join execution. The pro-
cess can be divided into three phases: (1) selecting optimal
distribution keys for each table to control data sharding
and minimize shuffle costs during joins and aggregations;
(2) choosing appropriate cluster keys within each shard
(or machine) node to optimize internal data layout,
enhance data skipping, and reduce scan overhead; and (3)
enabling the cost-based optimizer (CBO) to determine
the most efficient join strategy (including join type and
order) by leveraging knowledge of how joining data is dis-
tributed across machines.

The profound impact of data layout on multi-table query
execution is illustrated in Fig. 1. Consider a query joining
between the TPC-H [7] Orders and Lineitem tables
with a filter on Orders.orderdate. Upon query sub-
mission, compute nodes request the referenced data blocks
from the storage layer, materialize the required partitions
locally, execute the hash join, and return the results. There
are two optional layouts, with each partitioning Orders
into four blocks and Lineitem into two blocks. Layout 1
distributes data by primary keys (orderkey and part-
key) across two nodes and sorts locally within each node.
Layout 2, in contrast, uses the join key (orderkey) as
the distribution key for both tables and the filter column
(orderdate) as the cluster key for sorting the Orders
data. This Layout 2 design reduces the number of partition
blocks loaded into compute nodes during join processing.
Specifically, compared to Layout 1, which requires all-to-all
pairwise joins, it reduces the number of hash joins from four

Traditional Layout 7

(Default primary keys as distribution/cluster keys)

to two and the scanned blocks from twelve to four, leading
to substantial performance gains.

The current research landscape implements join-aware
data partitioning but suffers from several fundamental limi-
tations as follows:

(1) Inflexibility in Data Distribution and Clustering.
First, to identify optimal distribution keys, various data lay-
out techniques [8—13] have been proposed, which extract
join graphs from workload traces to pinpoint high-frequency
join keys, aiming to maximize local join opportunities.
Nevertheless, in complex join scenarios, a single, fixed
sequence of distribution keys is insufficient to accom-
modate all join patterns. For example, consider three fact
tables (M7 _3) to be joined sequentially using keys ¢; and
ca (i.e., My <, Mo <., M3). Irrespective of the distribu-
tion key chosen for table Mo, it is impossible to optimally
collocate data for both joins at the same time.

Second, traditional techniques arrange intra-machine
data using cluster keys with uniform value ranges (e.g., lin-
ear order, Z-order [14], and Hilbert-order [15]). Selecting
and ordering these cluster keys often requires extensive
manual tuning and only partially facilitates block skip-
ping. More recent approaches [5, 6, 16—19] that leverage
query predicate information have attracted attention. These
techniques improve block skipping opportunities by explor-
ing dependencies among filtered data and sorting accord-
ingly, and have been successfully validated in production
systems such as Databricks and Redshift.

(2) Lack of Integration with Global Query Optimiza-
tion. Aside from MTO [17], most existing query-aware
layout methods have not been specifically optimized for
join queries. Although MTO exploits join-induced filtering

Join-aware Layout 2
(Aligned join keys as distribution keys)
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Fig. 1 A motivating example of join-aware layouts for query optimi-
zation. Layout 1 partitions by default primary keys with local sort-
ing; Layout 2 co-locates Orders and Lineitem on the join key
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conditions to concurrently reduce the number of blocks that
need to be processed for each join, it merely treats join fil-
ters as equivalent to other filters. This diminishes their rela-
tive importance and overlooks the substantial data-shuffling
costs inherently associated with join operators, which are
fundamentally different from the block-skipping benefits of
standard filter operators. Furthermore, MTO does not fully
exploit such layout-aware prior information to guide the
subsequent selection of optimal join strategies.

To address these limitations, this paper proposes the
partition-aligned co-Join Tree (PAC-Tree'), which inte-
grates optimizations from both data statistics and query
execution plans to improve end-to-end query processing.
Our core idea is to create a layout structure that not only
optimizes data access but also provides rich metadata to
guide downstream query optimization stages. Specifically,
PAC-Tree features a two-level hierarchical structure. The
upper level partitions tables based on distribution keys and
allows different distribution keys for replicas of the same
fact table to leverage data replication. This approach allevi-
ates resource contention among diverse join patterns. The
lower level focuses on intra-shard organization by assigning
appropriate cluster keys for multidimensional partitioning
within each data shard. This mechanism inherits the parti-
tioning logic of MTO while incorporating bounding splits
at leaf nodes to further enhance partitioning efficiency.
The detailed statistical and structural information captured
by PAC-Tree enables precise identification of the relevant
data blocks for each join side. Building upon this, we pro-
pose: (1) an efficient block-grouping algorithm that builds
joint partitions for local joins under memory constraints,
minimizing data shuffling; and (2) a join reordering strategy
informed by PAC-Tree’s view of data distribution, using the
PRIM [20] algorithm to optimize the overall execution plan.

The main contributions of this paper are as follows:

e We propose PAC-Tree, a novel two-level data layout
structure specifically optimized for multi-table join que-
ries, which significantly reduces data access 1/O in join-
heavy analytical workloads.

e We introduce a distribution key selection strategy that
leverages data replication to create multiple PAC-Tree
replicas for tables involved in frequent or conflicting
join patterns, thereby substantially reducing costly shuf-
fle operations.

e We develop a PAC-Tree-aware block grouping algo-
rithm and join reordering method that maximize local
join opportunities while minimizing shuffle joins.

e We conduct a systematic end-to-end evaluation of PAC-
Tree on a real Spark cluster. Compared to existing data

! Our implementation is available at https://gitfront.io/t/bytedance159
8/QtexXnJu8Ntg/PAC-tree/.

layout strategies, experimental results demonstrate a
42.2% reduction in query latency and a 2.1x improve-
ment in throughput, with sensitivity analyses confirming
its robustness.

2 Related Work

Physical Database Design. Similar to partitioning, indexes
and materialized views are also widely employed in physical
database design. Indexes can be categorized into one-dimen-
sional indexes (e.g., B-tree [21]) and multi-dimensional
indexes (e.g., Kd- tree [22], R-tree [23], and its variant,
RW-tree [24]). However, these indexing techniques gener-
ally are less effective on high-dimensional data and do not
explicitly optimize join scenarios. On the other hand, mate-
rialized views [25, 26] employ a space-for-time strategy by
pre-calculating and storing query results. This decouples
query execution from accessing raw data, allowing queries
to be directed to the most appropriate pre-computed view.
Nonetheless, their optimizations primarily focus on queries
featuring multiple group-by keys and complex aggregation
computations. In contrast, the PAC-Tree approach is specifi-
cally designed to optimize scan and join operators.

Data Partitioning for Single-table Queries. (i) Data-
driven approaches rely solely on data distribution and
include methods such as hash and range partitions, SMA
[27], Zone Maps [13, 28], and Kd-tree [22] strategies. These
methods are typically workload-agnostic, making them suit-
able for scenarios with infrequent data updates where stable,
albeit not always optimal for specific queries, performance
is desired. (ii) Query-driven approaches consider both data
distribution and workload characteristics. For instance, Sun
et al. [29] employed the Apriori [30] algorithm to mine rep-
resentative filters from historical workloads, using them as
candidate splits. Yang et al. [16] developed a query data
routing tree (QdTree) using a greedy strategy, while PAW
[18] generates irregularly shaped partitions and integrates
two plugins (precise descriptor & storage tuner) to optimize
QdTree. Similar to SOP [29], MDDL [19] augments each
table with an additional column (mddl col) that stores an
n-length one-hot vector for each tuple, indicating which of n
predicates it satisfies. The table is then sorted by mddl_col,
which forms the basis for partitioning data into file pages,
while maintaining the min-max values of mddl_col for each
page. At query time, the bitmask encoding of the query
predicates is bitwise-ANDed with the min and max values
for each file page, enabling rapid page skipping.

However, such layouts are optimized only for workloads
that target individual tables. In practice, workloads fre-
quently span multiple tables with diverse join patterns, such
as those encountered in star and snowflake schemas [31].
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These challenges constitute the primary optimization targets
of PAC-Tree.

Data Partitioning for Multi-table Queries. CoHadoop
[32] proposed a co-partitioning policy in HDFS [33] that
significantly accelerates join operations between two large
tables by reducing data shuffling. Despite this, its benefits
are limited when joins involve more than two tables. PREF
[9] addressed data locality by co-partitioning multiple tables
based on predefined join relationships and table schemas.
GPT [10] further reduces data redundancy in PREF. First,
it selects vertices and edges from the join graph, consid-
ering storage overhead and query benefits of shuffie-free
execution. Then, it applies multi-column partitioning to
hash partition key values for each edge. BaW [11] presents
an assumption-free framework that transforms the partition
key recommendation problem as an exact graph matching
problem. Building on these ideas, Ding et al. [17] proposed
the MTO layout, which extends QdTree to join scenarios by
incorporating additional join-induced predicates [34] into
the candidate split set to prune more blocks before joining.

While techniques such as BaW can identify co-partition-
ing keys and MTO can build layouts accordingly, merely
combining these approaches only reduces the number of
joined blocks and the resulting co-partitions. In contrast,
PAC-Tree further leverages knowledge of how co-partitions
are distributed across compute nodes to optimize the multi-
table join order.

3 PAC-Tree Overview

In this section, we present a high-level overview of the
PAC-TREE algorithm, highlighting its workflow and
strengths for optimizing complex distributed joins. The

Table 1 Symbols and Notation
Symbol

M(c1 ~ cm)

Qg1 ~ qn)
K(k1 ~ kyn)

Definition

a relation with m columns c1, - -+ , ¢m,.

a set of n queries.
a set of selected join keys.

T a hierarchical tree for routing logical partitions.

R(Ry ~ R,,) asetoflogical partitions {R1, -+ , Rn}.

Race(q,T) 2 set of partitions accessed by query ¢ on tree 7.

P a co-partition that consists of multiple joined blocks.

C the cost estimate for various types of operations ().

N this symbol represents the number of objects ()

b the minimal block size in default storage settings.

r permitted replication factor for different tables ().

,i_ hyperparameter 1: used to limit the maximum depth
of top-part tree.

0 hyperparameter 2: a threshold that used to filter out

low-cardinality keys and mitigate data skew.

@ Springer

notation summarized in Table 1 serves as a quick reference
for the mathematical and technical terms used throughout
this paper.

3.1 Problem Formulation

Query-aware data partitioning refers to constructing a data
layout for each table based on collected query patterns. This
layout comprises multiple logical partitions, enabling more
efficient data retrieval during query execution. To facilitate
the construction and maintenance of non-overlapping logical
partitions, an index tree structure is often employed. Since
join operations are typically the most expensive operators
in distributed query processing, hierarchical join trees are
proposed (See Definition 1) to optimize multi-table joins.

Definition 1 (Hierarchical Join Tree) A join tree 7 is a
coarse-grained index structure where each non-leaf node
stores metadata including the domains of its child nodes
and their corresponding storage addresses. Each leaf node
corresponds to a logical partition R, and the number of leaf
nodes equals the number of partitions. The join tree is orga-
nized in two hierarchical layers: the top layer T%, built over
join attributes, and the bottom layer 7", constructed over all
high-selectivity attributes. Formally, the structure is denoted
asT =T' TP,

Based on this background, we formally define the central
problem addressed in this paper.

Problem 1 (Workload-aware Logical Partitioning Optimiza-
tion) Given a set of n tables { M7, ..., M, } and a represen-
tative historical workload g, we assume that Qr ~ Qg
holds over a sufficiently long interval, where Q)r denotes
the future high-frequency workload. The goal is to construct
a join tree 7; for each table M;, and use it to partition the
data into a layout R ;, such that the total I/O cost of executing

Q@ over the resulting layout set R = {R1,Ra,..., Ry} is
minimized. Formally:
T, = T} (Qu) > T (Qu)
—— ————
Top part Bottom part
(1)

R':argn%n Z C(Ri(T3),Qn)

i=1,R;€R

Here, T;(Q) denotes the join tree extended according to the
captured workload patterns. R;(T;) represents the logical
partitioning of table M; induced by its join tree T;. The cost
function C(-, Qg ) estimates the total I/O overhead incurred
when executing the workload @z on the resulting partition
layout.
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Finding a globally optimal data layout that minimizes
this cost is computationally intractable due to the combina-
torial nature of the partitioning space. Even optimally parti-
tioning a single table for a given workload is NP-hard [35].
The challenge is further amplified for multiple tables, as the
search space must account for all possible joint partitioning
configurations. We formalize this in Theorem 1 as follows:

Theorem 1 The workload-aware multi-table partitioning
problem (defined in Problem 1) is NP-hard.

Proof The proofis by restriction. Consider a special instance
of Problem 1 where the number of tables n = 1. In this
case, the objective function: ming Y .-, C (Ri(T}), Q)
reduces to the optimization problem for a single table:
ming, C (R1(T1), Q). This is precisely the formulation
of the single-table partitioning problem, which is known
to be NP-hard [35]. Since our general problem contains an
NP-hard problem as a specific instance, the general problem
itself must be NP-hard. A polynomial-time algorithm for the
multi-table problem would imply a polynomial-time solu-
tion for the single-table case by setting n = 1, which is a
contradiction.

The NP-hardness of the problem implies that find-
ing exact solutions is intractable for non-trivial scenarios.
Consequently, practical systems must rely on heuristic or
approximate methods. This motivates our query-aware
approach, PAC-TREE, which is designed to achieve signifi-
cant performance gains with high-quality, albeit potentially
sub-optimal, layouts in reasonable time.

Fig.2 Overview of the PAC-TREE
Workflow
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Replay
(Query Source)

DB Instances

{g} Configuration
@ Data Source

v

Results

Background
Planner

3.2 PAC-Tree Workflow

Figure 2 illustrates the complete life cycle of the PAC-TREE
algorithm:

1. Initially, a dedicated real-time component, background
planner, periodically monitors and ingests key features
from three sources: query workloads, fundamental data-
base configuration, and sampled table data. First, query
logs are analyzed to extract information on accessed
columns, filter predicates, join keys, and their occur-
rence frequencies. Second, the database configuration
provides parameters such as compute workers’ memory
capacity, the number of available workers, storage node
capacity, typical partition file sizes (e.g., 256MB per file
in HDFS), and network latency. Third, sampled table
data supplies details of the . part files generated by the
storage engine, including dataset size, sampling ratio,
table schema, column types, and data distributions.

2. Subsequently, in the offline construction phase, PAC-
TREE leverages historical telemetry data to determine
the optimal data layout for each table. The hierarchical
PAC-Tree structure functions as a data router for instan-
tiating data blocks. Each table can utilize one or several
PAC-trees, constructed based on different column keys;
the number of PAC-trees is determined by the replica-
tion factor. By constructing multiple replicas of the data
layout, PAC-Tree maximizes co-partitioning opportuni-
ties and facilitates a greater number of local joins.

3. Finally, in the online inference phase, the query opti-
mizer utilizes PAC-trees (as indices) to rapidly gener-
ate improved query plans for incoming queries. This
involves quickly searching for relevant blocks to apply
filter operations and determining the optimal join order

[ Table 1 ] [ Table 3 ]
PAC-Tree T
Generator .
X AW
/ ' Dat\il Rout]er :\

Local
Storage

Target
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for tables. Moreover, when joining large tables, to
fully exploit limited worker memory while minimiz-
ing expensive data shuffling, we propose a novel join
operator, namely the co-partition-based hyper join (see
Sect. 5), as an alternative to the default sort-merge join.
The query executor then pipelines the physical execu-
tion operators to produce the final query results.

To provide a more concrete understanding of how these
offline construction and online inference phases operate and
deliver benefits, Figure 3 presents a motivating example that
depicts the generation of PAC-layout for a two-table join
query (Q a,p) with filters on tables M4 and Mp and con-
trasts its advantages with a traditional MTO-layout.

3.3 Offline Layout Optimization

Our system employs the SQLParse library [36] to parse que-
ries into logical filters (in DNF and CNF forms), and esti-
mates the accessed column domains (i.e., TupleDomains)
by evaluating them on sampled tables. In Fig.3(a), we have
visualized the scanning ranges of () 4, g within a two-dimen-
sional table space defined by M (k1,ke), Mp(k1,ks),

Historical Telemetry

Top part !
(k) 1 /,l:l
[]

where each red rectangle represents a dependent filter, and
the column key k; serves as the primary key for M 4 and the
foreign key for Mp.

For each table M;, we instantiate a dedicated hierarchi-
cal join tree T;. Taking the PAC-tree T4 as an example,
we first identify median conditions (> js; € J9) of join-
related columns (k;), and predicate/median-related condi-
tions (3 s € F'S) from other filters, as the candidate split

set. With the entire table M 4 as the root node, we build the
upper part of the tree using JS and the lower part using F'S.
Both T4 and T’p are constructed with a total depth of 4, with
2 levels for the upper tree and 2 levels for the lower tree.
By exploiting the hierarchical parent-child dependencies
inherent in the tree, the original data is effectively routed
into instantiated file blocks, thus forming the PAC-layout
for each table. Within each tablespace, blue lines (js;)
indicate the splitting operations in the upper portion, while
black lines (fs;) represent those in the lower part. The split
sequence aligns exactly with the tree construction process,
and the leaf nodes are labeled in accordance with the parti-
tion files.
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Fig.3 An Example Demonstrating the PAC-TREE Layout versus the MTO Layout
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For comparison, the figure also presents a query-driven
layout scheme based on the traditional MTO method. For
query () 4. B, both layouts initially appear to access a similar
number of potentially relevant blocks. Under the PAC-layout,
Q 4, scans 9 blocks, with Rycc(Q a5, T4) = (Rs, ..., Re)
and Ryee(Qa B, TB) = (S5,...,57) to retrieve neces-
sary data. Under the MTO-layout, the query also accesses
9 blocks, where Rgcc(Qa,B,T4)= (R1,...,R5) and
Rucc(Qa,5,T) = (S1,...,S54). The essential distinction
lies in how the internal organization of blocks influences
downstream query processing and pruning efficiency.

3.4 Online Query Inference

When executing the target join query Qa4 <, @p, the
query plan undergoes optimization along two key dimen-
sions to improve efficiency. First, its table scan costs are
reduced by accurately searching the required data within
the PAC-layout (compared to a query-oblivious layout like
random partitioning). Second, the join execution policy
is refined to reduce data shuffling. In distributed environ-
ments, where compute nodes are subject to memory capac-
ity constraints, join tasks may require multiple rounds of
data block loading. Fig.3(b) shows that the block-level
join relationships differ significantly across layouts. In the
case of the MTO-layouts, block connectivity is sparse and
unordered, whereas PAC-layouts exhibit distinct partition
boundaries, as the upper layers of both PAC-trees are con-
sistently split based on the join key distribution. As a result,
blocks are co-distributed in an ordered fashion, which sim-
plifies inter-block join relationships.

Assuming that each compute node can hold two blocks
at a time, we propose a group-based loading strategy. In
the MTO case, a shuffle join is required: blocks like S; and
S3 must be broadcast to all workers, incurring 14 blocks
(I/O operations). Alternatively, PAC-layouts leverage the
hierarchical structure to enable a hyper join. Two co-parti-
tions (groups), { Rs,10 > R34} and {Rg <1 R3 4}, are con-
structed, with the corresponding Mp blocks {Sy, S5} and
{Ss, S7,Ss} placed on different workers. Each worker then
performs a local hash join, thus reducing the total I/O to 9
blocks.

In light of these observations, the default query plan is
further optimized through filter push-down and join order
refinement, prior to submitting the pipelined operators to the
execution engine for final query results.

4 PAC-Tree Construction for Distributed
Joins

This section introduces how to create a hierarchical PAC-
tree for use in distributed join scenarios.

4.1 The Motivation for PAC-tree

Our intuitions come from representative benchmarks such
as TPC-H and JOB, where we observe that on average
84.6% of fact tables contain more than two candidate join
keys. This reflects inherently complex access relationships
among fact tables, which can be elucidated by a hypergraph
structure. Figure 4 shows such a hypergraph derived from
TPC-H queries (Q2-Q8), where hypernodes represent tables
and hyperedges capture join operations. Each hypernode
further encapsulates subnodes corresponding to its join keys.
In the case of Q8, where lineitemn <1 7 occurs simultane-
ously, multiple join trees must be built for the 1ineitem
table (i.e., Ts, >y, and T}, >17T},) to create additional
co-partitions. However, two key challenges remain. First,
the default "distributed by" clause in SQL, even when con-
figured with composite distribution over multiple keys,
often fails to guarantee co-partitioning across all relevant
join-key pairs, thus limiting co-partitioning opportunities.
Second, this clause relies primarily on data distribution to
partition the dataset, but it can frequently overlooking filter-
ing operations that could significantly reduce data volume
before joins.

To address the first challenge, it is necessary to relax the
constraint that each hierarchical tree for a table must be built
uponasingle, predetermined(e.g., primary)joinkey. Consider
queries that involve a join between two tables M4 (ca,74)
and B(cp,rp) on an unknown join key k, where c4 and cp
denote the number of distinct referenced join keys and r 4
and rp denote the number of replicas. The probability that
the replica set of a table (e.g., M 4) contains a specific join
keykispa(k) = 22, pp(k) = L2, since selecting a fixed
key in a non-repetitive combination has probability ;. Con-
sequently, the probability that the join can be localized on a

(MA,MB)(k) _ra

replica pair is p)_ . e Z—i Compared with the
baseline configuration where each table has a single replica

(r = 1), for which piocal baseline = 7= - 2=, the probability

= ry4 - rg. This flexibil-

gain factor is gain = LDlecalreplicas

Plocal,baseline

ity enables better alignment of data blocks across different
join operations involving that table. In practice, distributed
systems [1, 3, 37] typically maintain multiple data replicas
controlled by a replication factor that usually ranges from
2 to 4 to enhance availability and alleviate hotspots. PAC-
Tree exploits this property by partitioning different replicas
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Fig. 4 For TPC-H queries Q2 to QS, join operations are depicted by
connecting lines, with same-colored lines indicating joins belonging to
the same query. These operations typically involve multiple join keys

of the same table on different join keys without incurring
additional storage overhead.

For the second challenge, recent work has demonstrated
the efficacy of filter-driven partitions in enhancing data
skipping. In particular, the AdaptDB strategy [6] organizes
a partitioning tree in which the upper layers are partitioned
by join keys, while the lower layers focus on filter predi-
cates as cluster keys. This design strikes a balanced trade-off
between co-partitioning and data skipping, thereby improv-
ing both join performance and overall query efficiency.
PAC-Tree builds upon this insight.

Overall, Algorithm 1 outlines the PAC-Tree construction
to tackle the above challenges, comprising three partitioning
stages. Stage 1 (Sect. 4.2) selects the top n representative
join keys for each table (where 7 is the maximum allowed
number of replicas) to prepare for per-replica PAC-Trees.
Stage 2 (Sect. 4.3) builds the tree’s top part based on the
distribution of these join keys. Stage 3 (Sect. 4.4) constructs
the bottom part based on access patterns and distributions of
other columns.
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and include both fact and dimension tables. Importantly, dimension
tables are illustrated as translucent ellipses due to their relatively low
join cost

1 Tables to be partitioned M, PAC-Trees Ty, «— &
2 // Stage 1: Join Key Selection
3 Obtain optimal join keys K; for each table M;
4 foreach K; € K{K1,...,K,} do
foreach k; € K; do
// Stage 2: Top-Part Construction
Create the top part of the PAC-Tree T,
// Stage 3: Bottom-Part Construction
Extract all candidate split conditions S ;
10 Greedily pick an item from S, to extend T';
1 Add T to Tpey
12 return T,

NI IEES B

Algorithm 1 Overall Workflow of PAC-TREE
4.2 Stage 1:Join Key Selection

PAC-Tree adopts a greedy strategy to select optimal join
keys as distribution keys. This selection is guided by a light-
weight evaluation function, that estimates the benefit of a
candidate key based on the size of the join result when using
that key. For each table (represented as a hypernode), all
candidate join keys (represented as subnodes) are ranked by
this estimated benefit. The top-ranked keys are then chosen
subject to a predefined replication factor.
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1 Function getCandidateKeys(M;):
2 | return pk(M;) U fk(M;)
3 Function getDegreeFeature(c;, ¢;):
4 join frequency (f « 0), scan selectivity (s « 0)
5 if max(mark(c;), mark(c;)) < 1 then
6 ‘ return (0, 0)
7 foreach ¢, € Q do
8 if ¢;, c;j € gy Ac; X cjthen
9 fef+1
10 s —s+q(c))
1 return (f, s/|0|)
12 Fij < VeemYeien, getDegreeFeature(c;, c;)
13 foreach M; € M do
14 Initialize weight map w[-] < 0
15 foreach ¢ € getCandidateKeys (M;) do
foreach c} € adjli] do
| w(e)) = w(e)) + Fi 0] - Fij[1] - Nip(M;)
18 K; < TopK(c;, key = w(c;), limit = N,,,)
19 return (Ki,...,K,)

Algorithm 2 Join-Key Selection for Each Table

Algorithm 2 details the procedure. The significance of
each candidate key is quantified by the degree of its cor-
responding subnode in the hypergraph (lines 3—11), which
combines two metrics: its participation frequency in join
operations and its average scan selectivity. Both metrics are
typically available from query optimizer statistics extracted
from historical logs. To filter out uninformative candidates,
we discard columns whose mark value falls below a threshold
0, setting their degrees to zero. The mark value for a column
c is defined as the ratio between its number of distinct values
(NDV) in a sampled partition block and the total number of

entries in that block: mark(c) = %. The thresh-

old 6 addresses the issue of low-cardinality columns that
cause data skew: only a few compute nodes handle a dis-
proportionate fraction of the workload while others remain
largely idle. In practice, we found that effective values of
0 fall within the range of (0.1, 0.5), which balances two
competing factors: (i) very low thresholds (# < 0.1) tend to
admit low-cardinality columns, leading to severe skew; (ii)
very high thresholds (6 > 0.5) may discard useful keys and
reduce join opportunities. Empirically, our implementation
adopts % as a representative compromise.

Following this, each subnode is assigned a weight,
defined as the product of its potential join result size for
that key and its degree (lines 13—17). Subnodes within a
hypernode are then ordered in descending weight, and the
highest-ranked ones that satisfy the replication factor con-
straint are selected as the final join keys (line 18).

4.3 Stage 2: Top-Part Tree Construction

In the second stage, we construct the upper hierarchy of
the PAC-tree based on chosen join keys, which is respon-
sible for data redistribution across shards. The root node is
first split along the chosen key into child nodes with uni-
form ranges. To fully exploit parallelism among workers,
the number of top-level leaf nodes is chosen as an integer
multiple of the available worker count (Nyorker), €nsuring
balanced utilization during join processing. Specifically,
we draw a random sample from the base table, sort it on
the selected join key, and split it into N, temporary parti-
tions. Each partition functions as a leaf node, with bound-
aries defined by the column-wise minimum and maximum
values. The height of the top-part tree, denoted by #, is the
smallest integer satisfying 2" > N,.

A critical step is the determination of IV,.. A natural heu-
ristic is setting N, = KNyorker, Where k is a small tunable
integer factor. The parameter x controls two competing
aspects: (i) sharding granularity, which affects the unifor-
mity of data distribution across machines, and (ii) the flex-
ibility of the bottom-part tree, where a smaller x can avoid
imposing restrictions on the performance potential of the
cluster keys. We evaluate s € {1,2,3} using historical
workloads by comparing two measures of data-skipping
efficacy: the join-filter cost Cjoin and the scan-filter cost
Cscan- The configuration that minimizes the total cost is
then selected. Formally, we solve

maximize — (Cjoin + Cscan)
K
ESVAR )
subject to { 1 < & < 3,

—1
Ntbl ('%Nworker) > bmina

The chosen x must ensure that partitions satisfy the mini-
mum block size constraint, where b,,,;,, denotes the smallest
block size permitted by the storage system. Let k; denote
the finalized join key and T} the constructed index tree.
We approximate the join-filter cost Cjein of a query g as
the memory overhead of evenly distributing intermediate
results across workers (excluding CPU cost). Formally,

QZHGRMC(q.To)SiZCU%) % Nuomt
—_— worker

Cjoin = Z Z Nyorker (3)

9€Q k; € adj[i]A
ki kj € q

where R (q, Tp) is the set of leaf partitions of Tj accessed
by ¢. Similarly, we estimate the scan-filter cost Cycayp as

ZRERacc(qull) SIZP(R) 4
‘Racc(q7TO)| ’ ( )

Cuean = D (IRucela, To)| = 1)

7€Q
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V/Step 2) Merge {R4, Rs, R6, R7, R8}
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into R4 to meet the block size limit.

(c) Pando Layout Construction

X Irregular partition shape X Explosive tree growth

(d) Pando Design Constraints

Fig. 5 We do not adopt the Pando [38] design for constructing the bottom-part of PAC-Tree due to its high management overhead, which would
increase the complexity of the hierarchical PAC-Tree and hinder system integration and maintenance

Table 2 Comparison of MTO and Pando logical tree structures based
on the TPC-H benchmark

#Table #Trees #Avg Leaf % of logical
Nodes partitions(merged
to satisfy
MTO 8 8 83 0
Pando 8 32 97906 96%

which captures the extra I/O caused when query predicates
require further subdivision of tree nodes.

4.4 Stage 3: Bottom-Part Tree Construction

To determine suitable cluster keys, various mature query-
driven techniques have been proposed to maximize data
skipping by exploiting frequently filtered columns. PAC-
tree adopts these techniques to construct its bottom layer.
Partitioning Tree selection. MTO [17] and Pando [38]
are among the most effective approaches. MTO extends
QD-Tree by propagating join-related predicates across con-
nected tables [34], which is especially useful when join
predicates are implicit but can be inferred from schema rela-
tionships. By contrast, Pando employs a multi-tree-per-table
design to mitigate data skew (Fig. 5), achieving higher data
skipping than MTO s one-tree-per-table design. However,
Pando faces two fundamental drawbacks: (1) It produces
highly irregular partition shapes, complicating metadata
management in storage engines that typically rely on light-
weight file headers. Moreover, when new data accumulates
in R, (initially a single block), redistributing the data evenly
across new blocks is difficult. (2) Each dimension requires
maintaining a separate tree, so wide tables with hundreds of
dimensions may require constructing and maintaining hun-
dreds of index trees. As shown in Table 2, Pando generates
more than three orders of magnitude more leaf nodes than
MTO, with 96% subsequently merged into irregular parti-
tions, resulting in significant management overhead. From
a system design perspective, we argue that manageability
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Fig. 6 Bounding split

must take precedence over query-level optimization, and
therefore adopt MTO as the basis for PAC-Tree s bottom-
layer construction.

Bottom-Part Tree. Following the split policy defined
by the MTO-tree, we extend the top-part tree by generating
sufficient candidate splits for the leaf nodes. Specifically,
we extract: (i) all filter predicates ST = {psi,...,ps,}
from the WHERE clause, (ii) data-induced join conditions
S7 ={js1,...,jsn} via equi-join information passing,
and (iii) a set of median values SM = {msy,...,ms,}
from all relevant columns. These are combined into form
the overall candidate split set S, = S U S7 U SM. Ateach
split, we choose the condition from S5 that maximizes the
split benefit for the current query data skipping, denoted as
&, and use it to partition the current node, recursively gener-
ating new subnodes until no further splits are possible.

Split Policy Optimization. MTO employs a single split
condition (Js, ps or ms) at each step. However, repeated sin-
gle-step splits on nodes that will become final leaf nodes can
be merged. In PAC-Tree, this merged multi-step operation
is called a bounding split (bs). Formally, we define a sin-
gle-step tree split as ¢y, multiple single-step tree splits as
Cmps, and the merged multi-step bounding tree split as cps.

Figure 6 illustrates the difference between these two
types of splits applied to a rectangular data area maintained
by an internal node. The regions ¢ 5 represent query
ranges. In Fig.6(a), the leaf nodes are constructed using
eight single-step splits, i.e., Cimps = (6ps, 2ms). In con-
trast, Fig.6(b) employs a single bounding split. Here, the
superscript indicates the order of execution. The bounding
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split first determines the ideal boundary for each query and
then proceeds as follows: (1) If the query region is smaller
than the minimum block size b,,;,, its partition boundar-
ies are symmetrically expanded along all dimensions until
the size constraint is satisfied. (2) When expanded parti-
tion boundaries overlap or the existing boundaries exceed
2bpmin, they are merged and subsequently divided evenly
into two new partitions.

Compared with Cyy,yps, Cps favors parallel tree extension
and avoids creating excessively large partitions. Notably,
while ¢, may occur at any internal node, c;s only pro-
duces leaf nodes.

Theorem 2 (Guidance for Favoring Multi-Step Splits)
Generally, there is a progressive relationship between cgps
and Cpps, i.€., £(Cmps) >> (Csps), because the cumula-
tive benefit of a multi-step split sequence far exceeds that
of any individual single-step split within it. This is due to
the fact that finer-grained partitions can accommodate
a broader range of query filter patterns. Consequently, if
&(csps) > &(cps), then it follows that £(Cpps) >> £(Cps)-

Theorem 3 (Preference for Bounding Splits in Small Node
Contexts) The smaller the leaf node size (nge) consid-
ered for a split, the more advantageous cys becomes rela-
tive to Cgps. A special case is when Ngize = 2bmin, Cps Still
finds the optimal boundary for each query, but cgps will
no longer split because the size limit has been reached, so
&(cps) > E(csps) must hold. As ngize grows larger, query
distributions become denser, and fewer queries meet the
boundary-expansion condition of cys, thus, the advantage of
Cps gradually decreases. We therefore idealize that cys out-

performs cgps with probability = Kot (l e., when ngipe < Xet),

where X is a critical size. When Ngize fluctuates around or
below X4, then &(cps) > &(Csps)-

We show under which conditions the bounding split
yields greater benefits, thereby guiding the optimal split
scheme for any node. When splitting a node, one should
fairly compare &(Cpps) With &(cps). However, since cpps
is derived from multiple expansions of c,ps, computing
&(cmps) directly is time-consuming. Therefore, we rely on
an estimate: (1) Based on Theorem 2, if £(csps) > &(Cps),
then it follows that £(cpps) >> &(cps), and thus we need
only select the optimal c,,, at the current split. (2) On the
other hand, if &(csps) < &(cps), Theorem 3 suggests that,

for smaller nodes (n;,e < n(bs)) ¢ps should be chosen. We

— size
found that configuring nglz)e as a small multiple of by, ,
typically 6b,,;,, across a comprehensive set of benchmarks,
consistently yields effective performance. Within this range,
query distributions tend to be smaller and more scattered,

which facilitates splitting into leaf nodes.

5 Query Plan Optimization with Hyper Join

Once PAC-Trees are defined, they guide the instantiation
of data into a specific physical layout. Attention then shifts
to the challenge of minimizing join costs within this estab-
lished layout. This section tackles this problem systemati-
cally, beginning by defining the optimal hyper join problem
for pairs of relations and subsequently extending the frame-
work to multi-table joins.

5.1 The Optimal Hyper Join Problem

Traditional shuffle joins typically incur extensive data move-
ment overhead when joining distributed tables, particularly
when join-participating data is scattered across the cluster.
In such cases, blocks from participating tables are typically
reshuffled across machines. In contrast, a hyper join aims to
significantly reduce this data transfer overhead compared to
a full shuffle join. Its efficiency is maximized when the data
layout ensures that blocks from one table need to access
only a small subset of blocks from the other table on the
same machine.

Consider two  tables, M and Ms,. Let
S, = lookup(Ty,q) = {R1,..., R,} denote the set of n
blocks retrieved from the partition tree (717) of M, for query
q’s join operation. The central objective is to determine an
optimal split of Sys, into co-partitions, denoted P.,, such
that the total cost of accessing blocks is minimized. For each
co-partition Py, € P., and each block R € P, it is neces-
sary to ensure that all data blocks overlapping from M, with
R are also included in Pj. Furthermore, practical systems
impose memory constraints. Assume each worker node can
simultaneously hold at most B,,,,; blocks in memory. At

least c = | BZQJ co-partitions are required, corresponding

to ¢ hash tables. This limited memory characteristic allows
us to formally define the optimal hyper join problem.

Definition 2 (Optimal Hyper Join) Let J ]\%} (z) denote a
lookup function that returns the set of blocks from relation
M5 that join with block x from relation M;. The optimal
hyper join between tables M; and M is defined as a set of
co-partitions P, that minimizes the total number of blocks
read from M.

P, —argmm Z U JM1

Peo peP., RieP
Lo e 5)
[Peo| > ¢,
vpk 673(07‘Pk| < Bmaa:
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5.2 Queue-Driven Grouping (QDG) for Hyper Join

Prior work, such as AdaptDB [6], has explored a bottom-
up co-partitioning policy for the hyper join problem. The
approach strictly follows the default block placement order
by sequentially selecting the next unused block and greedily
grouping it with other blocks to form a co-partition. How-
ever, reliance on a fixed initial order can lead to suboptimal
groupings. To address this, we introduce a queue-driven
grouping algorithm, termed ODG. QDG repeatedly merges
pairs of blocks or block groups that maximize the locality of
their required join blocks from M. The algorithm consists
of two stages:

1 fori < 1to|Sy,|do

2 Imax — _1’Xpartner — [],

3 for j < ito|Sy,| do

4 Ly count(Jy! (R) N Ty (R)));

5 Liecoral11LJ] < Leurs Lrecoral 71T < Leurs
6 if 1., > I,,., then

7 ‘ Imax — ICMV’XPZU‘NIL’F — (]);

8 if 1,,,, = 0 then

9 ‘ Append i to D;yy;

10 else

1 | Push [(i), Xparmers Inax] into PQ;

12 return PQ’ Irecorda Didx;

Algorithm 3 QDG-Stage 1: Generate Priority Queue

(1) Stage 1: Priority Queue Generation. This stage
constructs a priority queue (PQ) that guides the subsequent
grouping (Algorithm 3). Each element y dynamically main-
tains three attributes:

e Ablock group S; C Sy, , where initially each block R;
belongs to a individual group (S, = {R;}).

o An identifier of its best merge partner, Xpartner, Which
points to the element in PQ (either a block or a block
group) that yields the maximum intersection value with
Sy.

e The maximum intersection value between it-
self and Xpartner- Imam(Sg(X)7 Sg (Xpartner)) =

| (Urex A (RN (Unrexyarrnen T (R)) 1

Here, I,,,,, measures the total size of the overlapping set of
required M> joining blocks between the given two elements
in PQ. PQ is ordered by I,,4, (descending), and by group
size |S,| for tie-breaking. During its construction, two aux-
iliary structures are created: (i) I, .ccord, Storing all precom-
puted intersections between any two blocks from Sy, (lines
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1-7), and (ii) D;q4s, recording block identifiers with zero
intersection values (lines 8-9).

(2) Stage 2: Table Co-Partitioning. This stage performs
co-partitioning of M; and M; (Algorithm 4). The process
is guided by three rules. In particular, Rule; and Rules
focus on improving merging efficiency at each iteration,
while Rules governs the dynamic maintenance of intersec-
tion values (/4 ) for relevant elements within the priority
queue.

e Ruley: Blocks in Sy, that do not intersect with any
other blocks are independent with respect to the final
co-partitioning cost (P},). Consequently, they can be
directly assigned to co-partitions without affecting the
overall objective.

® Ruley: When a new merged group Sj is formed, the
associated maximum intersection values (1,4, ) of po-
tentially affected elements in PQ must be recalculated to
identify updated merging partners. To reduce overhead,
these updates can be safely skipped for elements that
no longer have sufficient remaining capacity to merge
with S7.

® Rules: To accelerate convergence, when multiple ele-
ments in PQ exhibit the same maximum intersection
value, priority is given to the element with the largest
group size. This heuristic ensures faster reduction of the
queue while still preserving the quality of merges.

The algorithm initializes by partitioning D;4s into multiple
groups according to Rule;, under B,,,, constraints (line
1). After this initialization, the remaining block groups are
progressively merged through a multi-round process man-
aged by the priority queue PQ (lines 3 26). In each round,
the top element (with the highest 1,,,4,) is merged with its
identified partner, X partner, forming a new and larger group
S;. IfS , either reaches the capacity limit By,q, or if PO
contains only one element, then .S} is finalized as a com-
plete co-partition and appended to the result set P, (lines
11-13). Following Rules, the X partner and associated g
values for elements related to x are dynamically updated.
This recomputation involves each potential element pair
(lines 17-26), which can leverage the pre-computed inter-
section values in [,¢qorq to reduce computational overhead
(lines 17-26, particularly 20 21).

Overall, the QDG algorithm ensures that at each step, the
pair of elements offering the greatest merging benefit is cho-
sen for co-partitioning. This local optimality underpins the
algorithm’s performance guarantees and contributes to its
practical efficiency.



Beyond Shuffling: PAC-Tree for Efficient Distributed Joins via Hierarchical Data Placement 167

1 Py — {S; 1S3 € Digs.splitBy(Bmax)}
P(.'()|
3 whilen >0 A y « PQ.pop(0) do
4 // Step-1:Merge candidate with the highest benefit.
X < (T[01UFl1, %(1], - oo)
5 // Step-2:Delete any conflicting elements from PQ
foreach y € PQ do
if ¥[0] N ¥[0] # & then

‘ Remove y from PQ
else

if y[1]1 N ¥[0] # & then

10 | Update y: x[1] & [1. x[2] & —oo
u | if [f[0]] = By or [PQ| = 1 then

2 n<n-—

e *® 9 &

12 New group: S; « ¥, S; < PQ[0]

13 Add S:[0] to P,, Update n « n — |S:[0]|

14 else

15 // Step-3:Recalculate intersection values.

16 Push y back into PQ

17 foreach y, € PQ with y[2] = —c do

18 Set Imax & - and/\/partner « []

19 foreach y, € PO do

20 if |y1[0]| = 1 and |y,[0]| = 1 then

21 ‘ Icur — Irecord [/\/l [0]][/\/2 [O]]

22 else

P ‘ L — | U J,”;z‘ ®n J,”;z‘ (Rj)’
Riex110] Rjex, (0]

24 if 1., > I, then

25 ‘ Imax — Icura /\/partner X2 [0]

26 X1 [1] « Xparmera X1 [2] « Imax

27 return P,

Algorithm 4 QDG-Stage 2: Co-partition Blocks over
Tables M; and M»

Time Complexity Analysis. Efficient execution is essential
since co-partitioning is only one component of the overall
query plan. Compared with a baseline bottom-up strategy
with O(n?) complexity, the proposed QDG incurs O(n?) in
Stage 1 and O(Kn?) in Stage 2, where n denotes the num-
ber of initial block groups and K is the average number of
queue elements whose intersection values (I,4,) must be
recomputed after each merge. We formally bound K within
1, p"TH + 1], where p € [0,1] is the disorder coefficient
capturing the misalignment between partitions on the two join
sides. Intuitively, p = 1 corresponds to a fully randomized
shuffle join, in which all elements must be updated, then thus

o n®(n+1)y 3
the overall complexity increases to O(—5—) = O(n”).

In contrast, p = 0 indicates near-perfect alignment of join
keys, reducing the complexity to O(n?). Since QDG oper-
ates on the PAC-Tree layout, both sides are pre-partitioned
according to identical or proportionally scaled join-key
ranges, keeping p very small (i.e., p — 0), which makes K
a constant approaching its lower-bound. Furthermore, with

BIHB,X
bounded compute-node memory (n < BT ), the value of K

is strictly constrained. Consequenﬂy, the additional runtime
overhead remains minimal in practice.

5.3 Hyper Joins Over Multiple Relations

This section extends the hyper join methodology to
multi-table join operations. A central challenge is that
hyper joins cannot be directly applied to adjacent join
operators, which often necessitates shuffling tables when
joining more than two relations, thereby disrupting parti-
tion alignment. For instance, consider the join sequence
(M4 <q,, Mp) =<, Mc)<.., Mp, with join keys
Cab» Che»> Ced- A hyper join between M 4 and M p on ¢4y, pro-
duces an intermediate result (tempAB). To continue, tempAB
and M¢ must be repartitioned on ¢y, typically requiring a
shuffle join. Similarly, joining tempABC with Mp on c.q
requires another shuffle join. In this plan, one hyper join
and two shuffle joins are needed. Alternatively, rearrang-
ing the join order as (M4 <t M) < (M <1 Mp) allows
hyper joins to be applied independently to (M4, Mp) and
(M¢, Mp), followed by a single shuffle join between tem-
pAB and tempCD. This reordering significantly reduces the
total I/O cost, compared with the previous plan. Thus, the
core optimization problem is to determine an join order
that maximizes the use of hyper joins while minimizing the
number of required shuffle join operations.

Definition 3 (Join Graph) For a multi-table query, the join
relationships are modeled as an undirected weighted graph
G; = (V, E,wy,wE), termed the join graph. The vertices V/
correspond to the joining tables, each vertex v € V assigned
a weight wy (v) representing the size of its joined blocks.
Edges E represent potential join operations between table
pairs. Each edge e(u,v) € E connects tables u and v and is
associated with two potential execution branches: (i) a hyper-
join edge (ey) and (ii) a shuffle-join edge (e5), with the branch
choice determined by the edge s position in the join order.

Given a join graph G for a query ¢, let vy, and vy, denote
the vertices corresponding to tables M; and M. The vertex

weights are defined as: w (vpr, ) = Z size(R;) and

R;€Sn,
w('UM2): E RicSas
i 2

we adopt the empirical cost model proposed in [6] (see Equa-
tion 6), which quantifies the relative overhead of shuffle and
hyper joins. Following their analysis, we set pg; = 3 and
prg = 1.5. Specifically, ps; = 3 indicates that shuffling
a relation on average incurs about three times the baseline
cost of accessing the same data, while pg; = 1.5 reflects
the average number of additional disk reads during a hyper
join. Note that in theory, for a fully co-partitioned case, pr s
would be close to 1.

size(R;). To compute edge weights,
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w(var) + w(ong), if min{w(var,), w(vrr,)} < Bmax and e € {ep, es},

w(e) = pss (w(var) +w(var,)), if e =eg,
pry min{w(vay, ), w(vag,)} + max{w(vay ), wlvag,)}, if e =ep. (6)

The optimization goal is to identify a directed path that joins
all tables with minimum total cost. Because consecutive
hyper joins are disallowed on adjacent edges, pre-assigning
a branch (i.e., assigning a join type) to the starting edge
implicitly determines the join types of subsequent edges in
G; during path exploration. Conceptually, this problem s
analogous to constructing a minimum spanning tree (MST).
Inspired from PRIM [20]’s algorithm, we generate candi-
date paths for each chosen starting edge and then select the
one with the lowest cost.

1 // Step-1: Identify candidate starting hyper edges.
2 E<—{eh(u,V) | (u,v) =

arg maxu,vev(W(es(u, v)) = wien(u, V)))}

3 foreach u € V with |ad j(u)| = 1 do

4 | E < EU{eyu, adjw]0])}

5 // Step-2: Generate candidate paths.

6 ans «— &

7 foreach e,(u,v) € E do

8 // 1abel 1: hyper-join edge; label O: shuffle-join
S pan — [, v, D], Vigea < {0, 1), (v, D}

9 Initialize Ve < V — {u, v}

10 while V,., # & do

11 Select emin = arg Min,., connects Vg, Vee (€)

12 Update S ,um,Viseds Vies: by including ey

13 ans < ans U {S pap)

—
'

// Step-3: Select the optimal join order.
return JOinorder  arg minS,m,/,Eans Zees,mm W(e)

—
wm

Algorithm 5 Hyper-Join-Driven Join Reordering Policy

As shown in Algorithm 5, the procedure is as follows.
First, candidate starting edges E are selected to be initially
treated as hyper joins. These include (line 2) the edge offer-
ing the largest reduction compared with its shuffle alter-
native, and (lines 3—4) all edges adjacent to degree-one
vertices. The former avoids expensive shuffle edges, while
the latter broadens the search space of hyper edges. For each
starting edge, we then generate an MST-like path using a
greedy strategy (lines 7—13).

1. The starting edge (u < v) is added to the candidate path
Spatn (line 8). The set V,,4cq is dynamically updated and
tracks available vertices for extending Spq:, via new
edges. Label are used to mark edges: 1 for hyper join
and 0 for shuffle join.

2. The algorithm iteratively selects the edge (cur, x) of
connecting a vertex cur € Vi seq to a vertex © € Vyseq
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that has the minimum weight (either shuffle or hyper
cost) among all such candidate edges (lines 10—12). This
edge is added to Spq¢n and x is moved to Vi,gcq, ensur-
ing the evolving path remains acyclic. The join type
of (cur, x) is determined by the label of the preceding
edge, enforcing the constraint that hyper edges cannot
be adjacent.

This process repeats until all vertices are included in
Spath- The final join order is the path with the minimum
total weight among all candidates (line 15).

As an illustration, Figure 7(a) shows the join graph G; for
TPC-H QS5, with vertex weights based on pre-constructed
partitioning. With B, ., = 4, each edge is annotated with its
potential join cost computed via Equation 6. The initial edge
set is E = [(region < nation),(lineitem > orders)).
Candidate join paths generated from these starting edges are
shown in Figure 7(b) (c), using the Algorithm 5. The result-
ing candidate paths are (lineitem < orders <1 customer
D> supplier Meycle suppliert< nation > region) and
(region i nation > supplier < lineitem > orders
D4 customer Meycle customer), with costs 1343 and 2761,
respectively. Thus, the first path is selected as the optimal
join sequence. Importantly, due to cycles in the original join
graph, some equi-joins are treated as self-joins to ensure a
valid ordering, with their join predicates potentially applied
as filters on intermediate results. The cost of these self-joins
is approximated by the number of scanned blocks in the
intermediate result, typically determined by the maximum
block count among participating tables.

6 Experiment

In this section, we present an experimental evaluation of
PAC-Tree, addressing the following research questions

(RQs):

e RQ1: How does PAC-Tree compare with baseline meth-
ods in terms of the amount of read I/O performed?

e RQ2: What is the computational overhead of finding op-
timized layouts and organizing data accordingly?

e RQ3: How do key hyperparameters (e.g., dataset char-
acteristics, replication factor, block size) influence PAC-
Tree s performance?
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Fig. 7 (a) Join graph for TPC-H Q3, with node and edge weights estimated from pre-constructed join trees. (b-¢) Two candidate join paths gener-
ated by Algorithm 5; the path with minimum cost is selected as the optimal join order

Table 3 Basic Information of Benchmarks (TPC-H, TPC-DS, JOB) and statistics for percentage of multi-queries and average joins/filters

Database Scale #Tables(#Fact #Query Templates  #Multi-queries (%) #Avg Joins (per #Avg
[#Dimension) multi-query) Filters
(per
query)
TPC-H max 100 GB 8(11]7) 22 95.5% (21/22) 3.7 3.5
TPC-DS max 98.2 GB 24 (6] 18) 99 97% (96/99) 4.8 4.5
JOB 6.9 GB 16 (3| 13) 33 100% (33/33) 5.4 4.7

e RQ4: How do individual components of PAC-Tree con-
tribute to the overall query efficiency?

e ROQS5: How does PAC-Tree perform in realistic system
settings, in terms of query response time and resource
utilization?

6.1 Experimental Setup

Evaluation Platform. All experiments are conducted on a
3-node Apache Spark (v3.2) cluster. Each machine node has
a 16-core 2.4GHz Intel Xeon E5-2640 CPU, 32GB of RAM
and a 252GB HDD, and runs Ubuntu 18.04 LTS. We use
HDFS (from Apache Hadoop 3.3.1) as the distributed file
system, and store all partitioned datasets in Parquet format.
The Scala runtime ensures seamless integration with Spark
SQL.

The PAC-Tree layout generator is implemented in
PySpark, with a shallow integration into Spark’s internal

catalog. Each leaf node is assigned a unique ID, allowing
the system to identify the actual storage directory path of
partitioned blocks and thereby supporting efficient data fil-
tering during query execution.

Benchmarks and Datasets. We evaluate three standard
OLAP workloads consisting of complex SQL queries (see
Table 3). TPC-H and TPC-DS are executed at scale fac-
tors of 1, 10, 20, 50, and 100. Representative join test cases
are constructed from selected tables with foreign keys. We
also include the Join Order Benchmark (JOB) on the 6.9GB
IMDB dataset. To adhere to the block size limitations while
maintaining a stable overhead for partition tree construction
across datasets of different scales, we vary sampling rates
(defaulting to 1% for 100GB dataset).

Baseline Methods. We compare PAC-Tree with two
alternatives. First, a baseline layout (PAW [18]) constructs
its predicate-based binary tree but dose not distinguish join-
related columns from other attributes, nor consider primary/
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foreign key relationships. Second, a hybrid of AdaptDB [6],
BaW [11] and MTO [17] builds a instance-optimized layout
(referred to as AD-MTO). The layout organizes data accord-
ing to a standardized hierarchical tree backbone [6], where
upper-layer nodes are split exclusively on selected join keys
(following the principles of [11]), while lower-layer nodes
adopt an extended QdTree-like approach that leverages
complete query filters, including join-induced predicates
[17]. Since these techniques have been developed by Ama-
zon teams and integrated into the Redshift optimizer [39],
their synthesis into a hybrid approach is a logical step for
comparison.

Evaluation Metrics. We evaluate the layout genera-
tors primarily based on four aspects. (1) Data Scan Ratio
is defined as the fraction of scanned blocks relative to data-
set size (lower is better). (2) Query Response Time (also
referred to as query latency) measures the entire query
execution lifecycle from submission to result materializa-
tion, and serves as a key metric for system responsiveness
to individual user requests. (3) System Throughput quanti-
fies the system s aggregate data processing capabilities by
capturing the rate of query processing per unit time (higher
is better). (4) Model Runtime indicates the execution time
to generate the partition tree (both top-part and bottom-part
phases); lower values reflect higher model efficiency.

6.2 Results (RQ1 and RQ2)

Query Performance. To answer RQ1, we compare PAC-
Tree with PAW and AD-MTO (the SOTA baseline). Fig.8
illustrates that PAC-Tree achieves strong cross-database
generalization. Since directly measuring query latency
is influenced by disk read rate, worker memory and buf-
fer caching, we use scanned data volume here as a robust
metric. Across various workloads with table schemas from
diverse application datasets, PAC-Tree achieves up to a
67% reduction in scanned data compared to PAW and up to
a 45% reduction compared to AD-MTO.

1e7

72 PAW 54 AD-MTO  [75] PAC-Tree

w

7

) w IS

Average number of blocks

o

Fig. 8 Average scanned blocks per query across the evaluated bench-
marks. We listed the percentage reduction over the AD-MTO layout
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Fig. 9(a)- 9(c) show detailed results for TPC-H, TPC-DS,
and JOB. PAC-Tree is not always optimal for each individ-
ual query. In particular, suboptimal outcomes are observed
for TPC-H Q1, TPC-DS Q4, Q6, Q9, Q11, as well as JOB
Q5 and Q10. This can be attributed to two factors. First,
some tables feature a larger number of join keys, and cho-
sen co-partitioning keys cannot fully capture all join con-
ditions, causing more shuffling. Second, the MST-based
join ordering used by PAC-Tree may misjudge the cost of
shuffle edges, as these costs are only accurately known dur-
ing execution. This misestimation can lead to overvaluing
certain hyperedges, which in turn restricts join orders and
raises overall join costs.

Nevertheless, PAC-Tree is still able to optimize the
majority of queries and delivers substantial cumulative
improvements. As shown in Fig.10, reduction in data scan
ratio steadily increases with more queries, following a
smooth upward trend compared to other advanced methods.
Gains are most pronounced and consistent in TPC-H and
JOB (fewer tables, more stable join keys), while TPC-DS
shows slightly smaller improvements due to its more com-
plex schema.

Where Does the Advantage Come From? In these
benchmarks, fact tables typically contain 2—3 join keys plus
selection filters (e.g., LIKE, IN, and BETWEEN AND) on
various columns. PAC-Tree can easily exploit these features
by (i) using the lower part of the tree for early pruning of
irrelevant joined blocks, and (ii) using the upper part of the
tree for join-key alignment under fixed storage constraints,
often proving more impactful for overall query performance.
Taking TPC-H Q3 as an example, PAC-Tree might not
strictly minimize joined blocks between lineitem and orders
during the scanning phase. Instead, in the subsequent hash
join phase involving lineitem < orders > customer, it
reduces intermediate data read by approximately 63% com-
pared to alternatives. This requires only two hyper joins
and two shuffle joins. By contrast, AD-MTO also aim-
ing for similar efficiency on the default join tree, but it
lacks specialized hyper-join optimizations for operations
like lineitem.l orderkey > orders.o_orderkey and
orders.o_custkey > customer.c__custkey, incurring
five shuffle operations.

Model Efficiency Analysis. Instance-optimized data lay-
outs are valuable only if they can be efficiently identified
and organized. To answer RQ2, we analyze offline model
runtime and data routing time for PAC-Tree and compara-
tive approaches. As shown in Fig.11, "data routing time"
measures the time required to locally partition the full
dataset via join trees (i.e., assigning tuples to blocks). Both
times generally grow with the number of candidate join
trees: AD-MTO has the shortest average model runtime
(33s), while PAC-Tree requires the longest (81s). However,



Beyond Shuffling: PAC-Tree for Efficient Distributed Joins via Hierarchical Data Placement 171

(2 PAW XX AD-MTO =1 PAC-Tree

(7555
o o
'..t.;: 100 7] +52% § F]
D 67% +17% +49%
: am : o PE
8 3 o8 " 7 §
o 7 N [rion S <
; o T O 1O
3 d: ﬂ 1L R
10-1 d 0l 5 K A 5 5 = M 5 g b o8
Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q9 Ql0 Qi1 Qi2 Q13  Ql4
(a) TPC-H
10t -
£ -
g 4D
‘-: A+94% -
8 100 X
w . 5
5 : ; i
A I- i i
10-! ] : ] @ : g : : E
1
Ql Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10
(b) TPC-DS
100 -
o _[722%) +14%
3 :
& 107! B - =
8 ><:' jracx] A+67%
Q b
o 10- K ¥
g K- S o . -
] dOBLdn A W A B *
10-3 ] - i o i i ] x| :
Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10

(c) JOB

Fig. 9 Comparison of data scanning metrics observed during query execution on different data layouts. Results are shown for a selection of repre-

sentative queries from each benchmark

700

600

500

400

300

2
00 —+#— TPC-H

Cumulative Scan Ratio Reduction (%)

100 —&#— TPC-DS
——
0 JOB
0.0 0.2 0.4 0.6 0.8 1.0

CDF Over Query Templates

Fig. 10 Cumulative reduction in data scan ratio achieved by PAC-TREE
relative to AD-MTO across query templates

this 48 s gap is negligible relative to the overhead for pro-
cessing all benchmark datasets (model runtime plus data
routing, approximately 3.8h). After local partitioning, each

partition is uploaded to HDFS. Since the total data volume
to route remains constant, all schemes with the same mini-
mum block size take roughly equivalent upload time; thus,
we exclude this metric from our analysis.

6.3 Sensitivity Analysis (RQ3)

To further evaluate the PAC-Tree’s reliability (RQ3), we
observe fluctuations in its key metrics by altering the con-
textual environment parameters of the partitioning process.

Optimal Number of Join Tree Replicas. PAC-Tree
constructs multiple replicas for each table to accommodate
diverse join keys, thereby improving block alignment. The
upper bound on data replicas directly influences the like-
lihood of hyper join formation. As shown in Fig.12(top),
increasing the replication factor (7,4, ) generally improves
performance up to an optimal point (around 7,4 = 3 in
our workloads). Thus, selecting an appropriate 7,4, 1S
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critical for maximizing PAC-Tree’s layout efficiency across
scenarios. For simplicity, 7,4, can be set to the system s
default replication factor recommendation.

Partition Size Impact. The logical partition size is typi-
cally a multiple of the block size. Figure 12(left) shows
that PAC-Tree maintains its performance advantage over
the baseline across various minimum block sizes (25MB,
128MB, 256MB, and 1280MB). Figure 12(right) reveals
that both hierarchical trees (MTO and PAC-Tree) are sensi-
tive to this parameter. Larger partitions reduce the flexibil-
ity in distinguishing data groups by query access patterns,
thereby gradually diminishing partitioning effectiveness.
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Block Size (MB)

From an algorithmic perspective, the total data read from
partitions is determined by both the block count and redun-
dant reads, with the latter largely influenced by the initial
block distribution across machines.

Impact of Number of Joined Tables. Figure 13 evalu-
ates the effect of varying the number of joined tables (1, 2,
3, 4) using TPC-DS queries with a replication factor of 2
and minimum block size of 64MB, we can observe that as
join complexity increases, the performance gap of all lay-
outs widens for both single-table and multi-table workloads.
While PAC-Tree demonstrates comparable performance to
AD-MTO with fewer joined tables, its advantages grow
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significantly as joins become more complex, highlighting
broader applicability. The figure also shows hyper/shuffle
join times during multi-join phases: reduced data shuffling
and increased hyper join usage drive PAC-Tree s stable
performance. Hyper joins are typically executed first, pro-
ducing smaller intermediate result sets before shuffling to
minimize read amplification.

Varying Data Scale. To analyze the effect of dataset
size, we vary the TPC-H scale factor from 1 to 100 using
all 22 query templates. As shown in Fig. 14, query response
time grows with data size, while offline model runtime
remains relatively stable. Large datasets increase process-
ing requirements proportionally, resulting in higher query
latency. However, after enabling parallel threads, the pro-
cessing load is distributed across threads, leading to a more
stable and controllable growth in query latency. In contrast,
model runtime stays stable because the sampling ratio is
pre-adjusted to keep that sampled data within a fixed thresh-
old, thereby bounding overhead regardless of dataset size.

Table 4 Ablation study on PAC-Tree components and strategies

Configuration TPC-H JOB TPC-DS
Join Key Selection Strategy

- Random (r = 1) 0.536 0.060 1.296
- Weight-based (r = 1) 0.536 0.052 1.260
- Weight-based (r = 2) 0.340 0.049 1.070
Bounding Node Split

- Disable 0.158 0.035 0.254
- Enable (nsize < 6bmin) 0.149 0.029 0.254
Join Reorder Strategy

- Default Order 0.560 0.068 2.810
- QDG+PRIM-based Reorder 0.340 0.049 1.070

Values indicate the data scan ratio (lower is better), and the best
results are highlighted in bold

6.4 Ablation Studies (RQ4)

This section presents extensive ablation studies to evaluate
the effectiveness of individual components of our proposed
approach, addressing RQ4.

Ablations on Join Key Selection. To overcome the limi-
tations of fixed join keys, we introduce a weight-based key
selection strategy. Next, we validate its effectiveness against
alternative approaches, with results reported in Table 4. In
the random setting, each table is assigned one arbitrary
join key. By contrast, our strategy selects up to two recom-
mended join keys (i.e., Timaez < 2). We observe that smaller
T'maz Values and randomly chosen keys reduce effective co-
partitioning opportunities, increase shuffle overhead, and
ultimately degrade query performance. Consequently, under
our selection strategy, employing the largest feasible repli-
cation factor offers the greatest potential for performance
gains.

Ablations on Bounding Node Split. To evaluate the
bounding split (bs) optimization for small nodes, we com-
pare scan costs for single-table operators with and without
bs enabled. In TPC-DS, the presence of complex table and
query patterns often leads to effective multi-step split condi-
tions even without bs. In contrast, bs proves its effectiveness
in TPC-H and JOB (yielding 5.6% and 17% improvements).
This indicates that bs identifies optimal split paths within a
constrained search space, effectively replacing a series of
sub-optimal single-step splits. We also found that the ben-
efits are concentrated in a few tables, delivering substantial
data skipping gains, particularly for nodes with dispersed
query accesses.

Ablations on Join Order Optimization. After partition-
ing and establishing the data layout, determining an optimal
join order is essential for multi-table queries (discussed in
Section 5). We compare the default query optimizer order
with our QDG-driven hyper join-based reordering policy.
Results show that PAC-Tree’s join order consistently outper-
forms the default. On a per-query basis, the improvements

@ Springer



174

P. Liu et al.

Table 5 Per-query average read bytes (GB) for each benchmark

Method TPC-H (100GB) TPC-DS (100GB) JOB (6.9GB)

Mean pS0 p95 Mean pS0 p95 Mean pS0 p95
PW 33 30 46 42 46 47 0.91 0.02 6.0
AM 27 24 46 33 46 47 0.36 0.05 1.72
PT 15 14 27 32 41 47 0.26 0.01 1.43

The best results for each statistical metric are highlighted in bold
Abbreviations: PW = PAW, AM = AD-MTO, PT = PAC-Tree
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Fig. 15 End-to-end system performance evaluation on Apache Spark,
conducted with three representative benchmarks

are most pronounced for queries involving complex join
graphs, which is consistent with our expectations.

6.5 End-to-End System Performance Evaluation
(RQ5)

To address RQ5, we conducted an empirical evaluation
of read bytes, query latency, and system throughput on a
production-grade Spark cluster. In our setup, TPC-H and
TPC-DS datasets were scaled to 100 GB, with 100 queries
generated from built-in templates. For JOB (6.9 GB), we
sampled 100 queries from JOB-standard and JOB-light. All
queries were consumed using a fixed-size client thread pool
of eight workers, which regulates concurrency and caps the

Table 6 End-to-end query latency distribution (absolute error in seconds)

number of in-flight queries, thereby preventing slow que-
ries from monopolizing resources. Table 5 summarizes the
average read bytes, showing that PAC-Tree consistently
achieves the highest data-skipping efficiency, strongly cor-
related with the scan ratio results reported earlier.

Figure 15 further shows that read bytes are correlated
with other performance metrics. Scanning fewer parti-
tions reduce data loading, scanning, and predicate evalua-
tion overheads, thereby alleviating query queue congestion
especially when large queries block smaller ones ultimately
lowering latency and improving throughput. The boxplot
results confirm that PAC-Tree accelerates most queries
while narrowing the distribution of latencies. To provide
finer-grained insights, we partition our queries into four
latency "bins" (Table 6). This categorization is crucial, as
the vast majority of queries in our settings are short. The
strength of PAC-Tree lies in its ability to effectively bound
query latency within 3 seconds under TPC-H and TPC-DS,
reducing queuing delays and preventing long-running que-
ries, which in turn improves throughput by factors of 2x
and 2.7x over AD-MTO. By contrast, in JOB workloads
where most queries already complete within 3 seconds fur-
ther latency reductions (sometimes below 1 second) yield
only modest throughput gains (1.27x).

Overall, PAC-Tree achieves the lowest latency across
all benchmarks, with reductions of 65.9% and 45.7% rela-
tive to PAW and AD-MTO, respectively. These gains are
accompanied by substantial decreases in read bytes (49%
vs. PAW and 25% vs. AD-MTO) and significant improve-
ments in system throughput (3.2x and 2x). More impor-
tantly, the benefits hold across diverse workloads, ranging
from TPC-H to complex analytical TPC-DS and filter-heavy
JOB, demonstrating that PAC-Tree generalizes well to dif-
ferent query characteristics.

Query Exec-time #Queries (TPC-H) #Queries (TPC-DS) #Queries (JOB)

PW AM PT PW AM PT PW AM PT
<ls 0 13 21 8 24 15 69 80 80
1s-3s 36 38 79 0 7 22 11 0 0
3s-10s 61 49 0 8 26 49 0 20 20
10s+ 3 0 0 84 43 14 20 0 0

Bold values mark the method achieving the smallest number of slow queries (10s+)

Abbreviations: PW = PAW, AM = AD-MTO, PT = PAC-Tree
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7 Conclusion and Future Work

This paper addresses the critical challenge of optimizing
distributed joins, which are often constrained by inefficient
data layouts. We introduce PAC-Tree, a novel hierarchical
data layout that mitigates the limitations of existing parti-
tioning schemes via a query-aware approach. PAC-Tree
integrates data replication across diverse distribution keys
at the upper level and employs predicate-aware multidi-
mensional partitioning at the lower level. Together with
efficient block grouping and join-order optimization, our
design enhances data co-location and reduces I/O overhead.
Evaluated on a Spark cluster with the TPC-H, TPC-DS, and
JOB benchmarks, PAC-Tree achieved remarkable improve-
ments, including up to a 45.7% reduction in query latency
and a 2X increase in throughput compared to state-of-the-
art layouts.

Future work will further optimize PAC-Tree along two
key directions. (1) We plan to investigate adaptive mech-
anisms that enable PAC-Tree to dynamically respond to
workload shifts. This involves aggregating and filtering col-
lected features to ensure the robustness of static partitions,
as well as detecting recurring filter patterns to better inform
the design of distribution and clustering keys. (2) We aim
to reduce the reliance on manually tuned hyper-parameters
within the algorithm, thereby minimizing intervention dur-
ing deployment and enhancing the generality of PAC-Tree.
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