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Abstract The interconnection between query processing and
data partitioning is pivotal for the acceleration of massive data
processing during query execution, primarily by minimizing the
number of scanned block files. Existing partitioning techniques
predominantly focus on query accesses on numeric columns for
constructing partitions, often overlooking non-numeric columns
and thus limiting optimization potential. Additionally, these
techniques, despite creating fine-grained partitions from
representative queries to enhance system performance,
experience from notable performance declines due to
unpredictable fluctuations in future queries. To tackle these
issues, we introduce LRP, a learned robust partitioning system
for dynamic query processing. LRP first proposes a method for
data and query encoding that captures comprehensive column
access patterns from historical queries. It then employs Multi-
Layer Perceptron and Long Short-Term Memory networks to
predict shifts in the distribution of historical queries. To create
high-quality, robust partitions based on these predictions, LRP
adopts a greedy beam search algorithm for optimal partition
division and implements a data redundancy mechanism to share
frequently accessed data across partitions. Experimental
evaluations reveal that LRP yields partitions with more stable

performance under incoming queries and significantly
surpasses state-of-the-art partitioning methods.
Keywords data partitioning, data encoding, query

prediction, beam search, data redundancy

1 Introduction

Data partitioning is a pervasive concept in our daily, with a
simple analogy being the organization of goods within
supermarkets into distinct sections for easier navigation. This
principle is extensively adopted in database management
systems (DBMS) as a crucial step in database physical design
[1-3] to enhance the efficiency of data retrieval and
management. Horizontal partitioning (HP) [4-9] stands out as
a critical branch of data partitioning that aims for minimal row
granularity during data division to optimize data management.
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It involves selecting commonly used column distributions or
mining the query-data access relationship as partitioning
features to finely allocate table data into smaller partition files,
thereby accelerating queries. For example, in Fig. 1Q), if a
two-dimensional tablespace O (400 MB in size) is partitioned
based on the areas targeted by queries (black dots), we only
require accessing two partitions Ry and R, (165 MB in total)
to fetch all the required data. This method circumvents the
need to scan the entire tablespace, which often occurs when
using simplistic data-driven partitioning strategies, such as
uniform or random division of the tablespace.

Recent HP studies [7-14] regard query acceleration as the
primary optimization objective, extracting valuable predicate
conditions to greedily split given D for maximizing data
skipping. However, there are two major limitations:

(1) Current research only considers numeric column-related
predicates, making the split partitions not fully adaptable to
real querying areas. For example, by comparing Figs. 1D and
1), the measured querying boundaries (black dots) are larger
than the real querying ones (green dots) due to the neglect of
non-numeric predicates. This discrepancy results in an
inaccurate data layout (solid boxes, 165 MB) that scans an
additional 25 MB of data compared to the optimal layout
(dotted boxes, 145 MB). Thus, considering predicates related
to non-numeric data is crucial for partitioning, especially for
tables like TPC-H [15], which have a few numeric columns. In
such tables, 73.6% of the columns are non-numeric, and 86%
of queries utilize these columns in filter conditions.

(2) Another limitation is that most studies demonstrate
superior performance for static queries but are difficult to
adapt to query shifts. Only a few studies [11,13,14] adapt to
dynamic query workload through periodic data re-partitioning,
which can be a costly operation for DBMS. For example, in
Fig. 1®), we have created two partitions R; and R;, for old
queries (black dots) in . However, as new queries (red dots)
arrive, the amount of scanned data can increase from 165 to
400 MB. This occurs because the partially queried areas
outside R; and R, are randomly allocated to different
partitions, potentially requiring a search of the entire table. By
assessing the similarity of querying boundaries between new
and old queries (introduced from [9]), we categorize new
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queries into two types: similarity queries (red dotted boxes)
and exploratory queries (other red dots). If the robust partition
R} is created in advance for incoming similarity and
exploratory queries (see Fig. 1@), we can save 215 MB of
data scanning without incurring the expensive re-partitioning
required to update R; for query shifts.

Overall, there are three primary challenges. The first
challenge arises from the absence of non-numeric-type
predicates, which alters the candidate split condition set for
partitioning and consequently impacts the order in which the
tablespace is split. Hence, how to fully incorporate the
complete predicate conditions in the partition construction
process (C1) is crucial. The second challenge involves the
dynamic nature of collected workloads; it is essential to
predict query distribution changes accurately to create robust
partitions (C2) that mitigate the need for frequent re-
partitioning. The third challenge, a common objective in
previous studies, is refining predicate-based tablespace
partitioning (C3) to improve query performance.

Our proposed solution. We propose a Learned Robust
Partitioning system (LRP) that utilizes historical query logs to
generate robust data layouts. Firstly, LRP identifies queries
with similar characteristics submitted at distinct times, then
designs complete data encoding schemes and a logical tree
structure to embed these raw queries into structured query
vectors. This vector representation incorporates various types
of predicate conditions and their logical relationships
(addressing C1). Secondly, LRP employs two neural
networks, multi-layer perceptron (MLP) [16] and long short-
term memory (LSTM) [17], selected based on the temporal
features of the queries, to predict incoming similarity queries.
LRP also introduces a novel loss function that replaces the
traditional Mean Squared Error (MSE) with a partition
semantic correlation error to improve prediction accuracy
(addressing C2). Thirdly, LRP decodes the predicted query
vectors into candidate predicates and utilizes a beam search
algorithm to determine the locally optimal predicate condition

for each tablespace split. Furthermore, LRP introduces an
effective data redundancy mechanism that replicates
frequently accessed data to minimize query access contention
at each partition (addressing C3). To enhance the robustness
of fixed layouts against exploratory queries, LRP employs a
data-driven KD-Tree [4] to partition the remaining tablespace
after predicate-based splitting.

It is important to note that, similar to QdTree [8] and PAW
[9], our approach does not directly optimize multi-table
queries, such as their join phases. Instead, it indirectly
optimizes them by reducing the number of blocks required for
joins.
Contributions. In
contributions:

summary, we make the following

e We propose multiple data and query encoding schemes
to capture the often-overlooked access features of non-
numeric columns. Then, we present a logical tree for the
transformation of raw queries into vectors.

e We design two optional predictive networks, along with
a loss function integrating partition semantics, to
accurately predict changes in similarity queries,
ensuring robust layout creation over these predictions.

e We employ beam search and KD-Tree strategies to find
the optimal predicate allocation order for splitting a
given tablespace. Moreover, we design a data
redundancy policy that aims to minimize query access
contention at a negligible storage cost.

e Through rigorous testing on benchmark datasets, we
demonstrate that our method outperforms existing
techniques in both performance and robustness.

2 Preliminaries

In this section, we introduce the relevant concepts of queries
and partitioning, followed by defining the two main problems
to be addressed. Next, we present the related work. Table 1
summarizes the necessary notations used in this paper.
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Notation Description

E Relation table E with z columns {cy,...,c;}.

D and Hp Table dataset and its domain representations.

liu; Lower and upper bounds of ith domain in Hp.

Q and Hyp Set of queries {g1,...,q,} and their vector representations.

l,(-q), ul(-q) Lower and upper bounds of ith domain in the query vector H,.

A(Hy;, Hyy) Query distance between two query vectors Hy; and Hy; .

$(Hy;, Hy;) Overlapping area between two query vectors Hy; and Hy;.

Ou,0p,0F Sets of historical, predicted, and future similarity queries.

OF Set of exploratory queries.

0i— 0 One-to-one query mappings between two query sets Q; and Q;.

P and P Set of data layouts, and a single data layout containing n partitions {Ry,...,R,}.

T A partition tree structure, where each node V; correspond to its instantiated partition R;.
Tig A logical predicate tree, composed of logical nodes V, and predicate nodes V.

Linses Lwd Mean squared error; new loss function that integrates MSE and partition correlation error.
Sss» Sp, Sm Candidate split set; predicate condition-based split set; median condition-based split set.

2.1 Similarity queries
The DBMS optimizer generates a query plan to execute a user
query efficiently. Within this plan, filter operations are
typically executed first, determining the satisfied data rows
through predicate pushdown. Given the complete predicates
extracted from a query g and a table dataset O with z columns
C1,...,Cz, we can characterize its query feature as the column
domains for the satisfied rows, represented in vector form
H, e R%, .,

H, = [lgrn, ”f'q)]jzl ’
@
1
column domain for the queried data by ¢. Similarly, we

represent the domains of the entire table as
Hyp = [l,~,u,-]f.:0 € R%, where [;,u; denote the lower and upper
bounds of the ith column data.

In real-world scenarios, many new and old queries often
share the same filter columns and similar predicate conditions
[9]. This leads to certain rows being repeatedly accessed by
user queries, as illustrated by the red dotted boxes in Fig. 1(3).
We define two optional metrics to measure the similarity
feature between queries ¢1,¢2:

1) The first optional similarity metric is the overlapping
data area ¢(H,,,H,,) accessed by the two queries, which can
be measured by calculating the size (in bytes) of the set of co-
accessed rows.

¢(qu,qu) = Z Vj: (lg.‘“) <Dli, jl1 < u;‘]l))
DlileD

where ll(.q),u denote the lower and upper bounds of the ith

A (92 < DI, jI < ulf)
where the ith row in D is denoted as D[i], with a length of
|D[i]|, and DIi, j] as the jth column value of D[i].

2) The second similarity metric evaluates the access
distance, denoted as A(Hy,,H,,), between the two queries on
each column dimension. This is calculated by finding the
maximum difference between column boundaries.

max’ (|u(‘“) _ u(qz)’ + ' Jav _ l<q2)|)
i=1\|"i i i i

A(Hy, Hy, ) = 5 :

Then we can define how to identify queries that satisfy
different levels of similarity.

Definition 1 (d-similar queries). Let ¢ be a distance threshold.
Consider historical load (Qg) and future load (Qr) with
distinct submission timestamps. If we can find two sets Qg
and QF, for any g, € Qn C Qp, there always exists a mapping

Ha Hay ) O(Hy, Hy f)] _

A(Hyy) A(Hq_ f)

Al
qn—q7(qr€QOr CQr), such as max( (

oty ) o{tty )
¢(th) ’ ¢(Hq/.)

¢-similar. The remaining exploratory queries can be obtained

as Or = Qr — Of. Here, the computation method of A(Hq)

and ¢<Hq) is defined as follows:

6 or min ) > 1-0, then we deem them as

A (Hq) = max

1<i<z

u? -7,
¢(H,) = Z Vicjcz (lﬁ.‘f) <Dli, j] < ”ﬁ'q))'
DleD

2.2 Horizontal partitioning layout

A query-aware data layout # consists of disjoint partitions
(R1,...,R;) created from query samples Q(qi,....qn). Each
partition R; is materialized as block files with sizes limited to
[bimin> 2bmin] (Bmin = 64 MB in HDFS [18]). The I/O cost of
processing query g over P is evaluated as the total size of
accessed partitions, denoted as C(%,q). To build a data layout,
recent works [8,9,12—14,19] propose a partition tree structure,
similar to an index tree, which has been proven effective in
guiding data allocation. We give its definition as follows:

Definition 2 (Partition index tree). The partition index tree
(T) acts as a router, allocating data to specific partitions.
Creating T starts with a root node covering the entire table
space, and we select a feasible predicate to split it into
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multiple child nodes. Each leaf node is then processed
sequentially until no more child nodes can be generated. In 7,
all nodes maintain metadata to guide query skipping and
support data routing. Each leaf node (V;) is ultimately
materialized as a single partition (R;), with a node size |Vj|,
which is determined by the number of rows it contains. This
node size ranges from [Viin, Vmaxl, i-€.,

bmin 2% bmin
max(|D[1]|---|D[n]))” max(|D[1]|---|D[n])) |

Next, we formally outline the two main problems to be
addressed in this paper.

Vil €

Problem 1 (Robust partitioning). Given a training set
Qn — O and a test set of Oy — OF, each mapping satisfies
¢-similarity, we consider two cases: (1) Qg is evenly divided
into an ordered sequence based on query submission time;
(2) Submission time is not recorded, rendering all queries
unordered. Our goal is to find an optimal model M’ that fits
the Oy — O mapping, enabling it to generate a predicted
load Qp based on Qp. This Qp can maximize cumulative co-
accessed data area with Qr while ensuring that a robust data
layout built upon Qp has the smallest query cost difference
versus the layout generated by O, i.e.,

M’ = argmax ¢ (M(QulQn-r), Or ),
st. C(P ey @) —C(Pgry- OF) is minimized.

Problem 2 (Optimal layout). Given Qp, Of, Qf, and n
relation tables, this problem asks for constructing an
individual partition tree 7; for the ith table, followed by
routing its table data O; on T; to create a robust data layout
P;, such that the total I/O cost of executing Qg+ Qf (i.c.,
Qr+r) over all layouts P{#i,....,P,} is minimized. This
process is formulated as follows:

P; < Route(T;(Qp),D;), 1 <i<n,
n

P =argminp Y, C(Pi,Qr+F).
i=1,P;eP

2.3 Related work

Data-driven partitioning. In most popular database products
such as TiDB [20], ClickHouse [21], and Snowflake [22],
partitioning rules based on data distribution are still
recommended as the preferred option. This method is suitable
for data with prior statistics but requires careful selection of
partition boundaries, including hash and range partitioning [4],
along with partition maintenance structures like SMA [23],
Zone Maps [24]. They exhibit low sensitivity and high
adaptability to rapidly changing load scenarios, but with
relatively lower performance. Conversely, our LRP ensures
both superior performance and minimized partition updates to
accommodate dynamic workloads.

Query-driven partitioning. There are two approaches for
creating query-driven partitioning rules. Classifier-based
methods [7,10] extract representative predicate conditions
from historical loads, cluster tuples based on the similarity of
their satisfying predicates, and subsequently compute

classification features for each cluster. Tree-based methods
[8,9,12—14,19] incrementally build a partition tree by selecting
numeric-type predicates with the maximum query skipping
benefit as the split condition at each tree expansion stage.
Jigsaw [25] provides optimal data skipping with tetris-shaped
partitions managed by logical segments, yet it requires
multiple hash tables for frequent tuple reconstruction. Unlike
prior studies, LRP is the first tree partitioner to identify
additional non-numeric predicates and implement a refined
beam search policy for selecting better predicate split
combinations.

Adaptive partitioning. To cope with dynamic loads,
[11,13,14,19] manage re-partitioning based on the filling of a
predefined-length query window, while [8] relies on
periodically monitoring distribution differences between new
and old data. Learning-based methods [26—30] use RNN/RL-
style models to monitor and predict query distribution
changes, aiding in calculating potential re-partitioning
benefits. Another solution is to try creating a robust layout to
reduce the re-partitioning frequency. PAW [9] introduces a
similar-load scenario and search for a fixed expansion value to
fit query changes, which cannot always guarantee high layout
quality. LRP addresses this by training prediction networks
that incorporate partition evaluation factors into the loss
function.

3 LRP overview

3.1 LRP framework

Overview. Figure 2 shows the architecture of LRP framework
with a three-stage task.

Step 1 — Query feature embedding. Initially, LRP reads
raw queries from real system logs and encodes non-numeric
column data using predefined coding rules based on the table
schema. The non-numeric columns in the raw table domain
are then updated based on the encoding scheme of the
corresponding columns. Next LRP extracts complete logical
predicate trees (defined in Subsection 4.2) from queries,
encodes them, and serializes them into structured query
vectors by a level-by-level logical domain computation.

Step 2 — Similarity load prediction. Depending on whether
the submission time is known, these query vectors are
classified as ordered or unordered. Accordingly, LRP adopts
the corresponding network, LSTM for ordered and MLP for
unordered, to predict changes in query vectors.

Steps 3—5 — Data layout construction. To create the data
layout instance, LRP decodes predicted vectors into logical
predicates, followed by a step-by-step construction of the
partition tree (7). Starting from the root node, LRP generates
the candidate predicate split set for the current node and
applies a beam search-based split policy to select the optimal
split condition for creating child nodes. The T is
incrementally expanded until all leaf nodes meet the partition
size requirements. LRP then further reallocates leaf node data
by replicating frequently accessed data across multiple
partitions for greater data skipping. All table data is routed by
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Fig. 2 The overall framework of LRP system

T to leaf nodes, which are subsequently materialized into
specified partition files.

Query processing. When processing a new query, the query
optimizer uses the integrated 7T to identify required partitions,
developing an appropriate query plan and forwarding it to the
query executor to obtain the result set.

Example 1 Given a query ¢, and the domain for table
E(ci,c2) in Fig. 2, where c¢; (numeric column) and ¢
(categorical column) respectively use min-max values and
distinct values as their raw domain representations. First, LRP
will use a dictionary table to encode the country column c;
because it is an enumeration type, i.e., {1:°USA’, 2:°China’,
3:‘Germany’, 4:‘Japan’, 5:‘India’}, to obtain a new numeric
table domain, i.e., [[1,100],[1,5]]. Subsequently, all
predicates are extracted from g¢; and those related to the
encoded columns are  processed; for instance,
‘co in (US A,China,Germany)’ is converted to ‘1<c¢p <3’.
Through logical computation among predicates, LRP obtains
the vector representation of ¢, as Hg,, =[[50,100],[1,3]].
Since individual queries lack temporal order, LRP will select
the MLP network to generate the vector prediction
H,, =[[45,100],1,3]], which is then decoded into four
predicates (psi,ps2, ps3,pss). Employing a split order
{psa = ps1 = ps3 = psp} recommended by the tree split
policy, LRP constructs a four-layer partition tree (7)
comprising five leaf nodes. These leaf nodes are further
refined by replicating high-frequency hot data among
partitions. Finally, by routing the entire table data through 7,
five partition files (R,R2,R3,R4,R5) are created as the final
data layout.

3.2 Role of LRP

LRP primarily targets boosting partitioning performance while
emphasizing robustness under dynamic loads. It is applicable
in the following scenarios:

e Static optimal layout. By utilizing more comprehen-
sive predicate features and refining the table space

partitioning strategy, LRP functions as an efficient
static partitioning algorithm when the load prediction
module is disabled.

e Complementary to re-partitioning. Although LRP
creates robust layouts, it does not eliminate the need for
re-partitioning operations to maintain system stability
during significant performance declines (e.g., an
increase in exploratory queries). Instead, LRP aims to
reduce the frequency of re-partitioning and can also
work collaboratively with existing re-partitioning
methodologies [13,31] rather than conflicting with
them.

4 Data encoding and query vector
extraction

In this section, we fully leverage non-numeric column data’s
access properties to generate complete logical predicates as
partitioning features, which can then be embedded into unified
query vectors for subsequent load prediction.

4.1 Data encoding phase

There are various types of non-numeric columns in a table
schema, including date strings, enumeration data, and other
fixed-length and variable-length texts. We design multiple
encoding functions to convert them into numeric data,
facilitating the computation of their column domains based on
the encoded data distribution.

Encoding strategy. As shown in Fig. 3, for a non-numeric
column c:

1) If ¢ is of date type, a date formatting function is applied,
i.e., D[*,c] = TimeStamp(D[*,c]).

. A . #distinct(D[*,c])

2) If c is of enumeration type or if — #p[xc]
a constant Y¥c, we directly utilize a dictionary encoding
strategy by creating a finite-sized dictionary table Dict, for all
distinct  values  (v°,..,v") in  column ¢, ie.,
Dict[\’]=0,..., Dict,[\"] = n.

3) If ¢ has a maximum text length less than the predefined
constant ¥; (classified as Complex Type-1), a trie-based

is less than
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Fig. 3 Data and query encoding scheme: This illustration includes a detailed example demonstrating the transformation of various datasets and

queries with different predicate types into a unified vector representation

index tree [32] is constructed, which is suitable for long and
non-categorical strings. The encoding process starts at the root
node, identifying the encoding value of the ith letter in a given
string from nodes at depth 7, ultimately generating a sequence
as its encoding key.

4) Otherwise (classified as Complex Type-2), no encoding
is performed.

We determine suitable values for the above constants
(9c=0.1, 9. =15) through empirical judgment and
experimental validation.

Encoding Key Allocation Order. For each encoding column,
we avoid allocating continuous dictionary keys to column
values in alphabetical order. Instead, our goal is to ensure that
the most frequently co-accessed texts are allocated continuous
keys, facilitating subsequent domain simplification of non-
numeric columns. To achieve this, we first record the co-
occurrence frequency of column values referenced by queries,
sort them in descending order, and then determine the
allocation priority for each column value accordingly. For
example, in Fig. 2, if the countries ‘USA’ and ‘Germany’ are
frequently queried together, we modify the encoding scheme
of (‘USA’, ‘China’, ‘Germany’) from (1, 2, 3) to (1, 3, 2).

Domain computation. We then compute the column domains
for the encoded table dataset, which supports non-numeric
column-based node splitting in partition trees (see Section 6).
1) For numeric and date columns (c;), we can directly use
the min/max functions to compute their domain boundaries,

i.e., [le;, ucyl = [min(D[*, ¢;]), max(D[*, ¢;])].

2) For encoded text columns (c;), we adopt the distinct
encoding keys as their list-type domain representation, i.e.,
[lcj s ucj] = sorted(distinct(D[*,c;])).

3) For unencoded text columns (cx ), whose data distribution
cannot be effectively quantified, we use ‘None’ as the domain
identifier, i.e., [/, ,u¢, ] = [None, None].

Example 2 Fig. 3@ illustrates how a simple raw table with 4
rows and 5 columns is encoded. For each non-numeric column
of ¢,...,c5, we employ distinct encoding schemes. This
includes converting the date column (c2) using a general
timestamp function, constructing dictionary tables for the
enumeration columns (c3,c4), and building a trie-based tree
for the irregular text column (cs5). After encoding, the table
data consists only of pure numerical values. We then utilize
the three domain computation rules to represent the domains
for each column, forming the encoded numeric table domain.

4.2 Query encoding phase

Predicate formatting. Given any predicate, we represent it as
a triplet (1, 0p,v), consisting of the column (i), operator (op),
and condition value (v). To our knowledge, previous studies
[6,8-10,14] have predominantly focused on predicate
conditions involving comparison operators (e.g., ‘>, ‘<’, ‘=,
and ‘#’) associated with numeric columns. To support more
predicate types, we extract and format all predicates in a query
from three parts: special operators, query clauses, and logical
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relationships.

1) Special operators. To utilize all operators as the partition
tree split condition, certain special operators, including set
operators and pattern matching operators, must be formatted
into unified comparison operators. As shown in Fig. 3,
‘c between #1 and #2° is converted to two predicates:
(c,>2,#1) and (c,<,#2); ‘cin [#1,#2]” and ‘cnot in [#1,#2]
are easily converted to (c,=,[#1,#2]) and (c,#, [#1,#2]); if ¢
is a common enumeration column (e.g., gender),
‘c like *mal*’ is converted to (c,=,[Female,Male]) by
identifying all column values that satisfy the given wildcard.

2) Query clauses. Fig. 3@ designs the formatting rules for
three common clauses. In cases involving a Join operation
(e.g., two tables E| 4 E3) on the ¢ column, where they share a
common join key ¢, we can distribute all predicate conditions
related to ¢ to each table to identify potential predicates. For
Group By and Order By operations on the ¢ column, the
column data needs to participate in comparison operators such
as ‘<’ and ‘>’ to complete the grouping and sorting of c.

3) Logical relationship (shown in Fig. 3®). We consider
the logical relationships (AND, OR) among single predicates
or predicate groups, which is crucial for accurately encoding
query vectors and consequently facilitating the search for the
queried leaf nodes in partition trees.

Query embedding. For any query, extracting all queried rows
from the sampling table so as to calculate its vector
representation is expensive; instead, we propose a lightweight
query embedding strategy that allows obtaining its vector
representation without query pre-execution. This strategy
consists of two steps (see Fig. 36):

1)Query Encoding. Using extracted predicates and logical
relationships, we can construct a logical tree structure (Tg)
(see Fig. 3@) composed of logical nodes (V,) and predicate
nodes (V). Child nodes (including V,, and sub-trees) sharing
the same parent node (V,) imply that they satisfy the
corresponding logical relationship (AND, OR). Subsequently,
all condition values related to non-numeric columns in V, are
encoded using predefined data encoding schemes.

2) Logical computation. We leverage the encoded T, for
efficient vector calculations, which are conducted via a
bottom-up traversal on Ty, as depicted in Fig. 3. When
traversing to each node level, all sibling nodes along with their
parent node are grouped into a subtree, and then column
domains are computed by performing logical operations
among predicates. The process begins with the lowest level
subtree (depicted by dashed triangles), sequentially visiting
subtrees at higher levels, and cumulatively updating domain
values until reaching the root node.

Example 3 As shown in Fig. 3®), to embed a query g, we first
extract a 3-level logical tree T;{g and then format these
predicates with non-numeric condition values or non-
comparison operators using the encoding structures (Fig. 3D)
and predicate conversion rules (Figs.3® and 3@). Next,

logical calculations are performed over qu to obtain the final
query vector. Specifically, the subtree ng(V?) :V;,M)) at the
bottom is executed first in terms of the column c¢;, i.e.,
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(€2,2,1.68x10°) A (c2,<,1.71 x 10%) = ¢5[1.68 x 10%,1.71 x 10°].

Subsequently, the subtree T?g(ngs) :V;,M)) is executed over
c4. Since ¢4 is not referenced by the left subtree
T?g(V(f) : VE;Q’ :4)), we can select the c4’s table domain (i.e.,
[1,2,3]) as its replacement, then (c4,=[2,3)A
(c4,=,[1,2,3]) = c4[2,3]. Next, we perform T,qg(v(rl:” V)
over ¢y, ie., (c1,<,2)Ac1[0,2] = ¢1[0,2). For ¢3 and cs,
since they are not involved in any predicates, their domains
are also replaced by the corresponding table domains. Finally,
we concatenate all domains to generate the final query vector.

Query vector decoding. To create partitions over these vector
predictions Hop,, we need to pre-decode them into predicate
conditions. Considering the one-to-one mapping relationship
between Hp, and Hgp, (Hg, — Hp,), we can employ a slot-
binding strategy before predicting queries. We first identify
boundary values in Hp, with equivalent relationships to its
corresponding predicate nodes of T, performing slot
binding. When decoding vectors, we only fill domain values
of Hyp, into these pre-saved slots to rewrite logical predicates.

5 Predicting similarity-load

In this section, we initially define a loss function to reflect the
prediction effectiveness on robust partitioning. Subsequently,
we employ two predictive networks to learn the similarity
changes of given mappings (Hp,, — Hg, ), generating Hyp,,.

5.1 Prediction loss incorporating partition semantics

As described in Subsection 4.1, there are three distinct domain
types. To achieve a unified model input, we must process the
list-type and None-type domains of non-numeric columns (c;)
to match the dimensionality of the min—max domain. This
ensures consistency in the dimensions of all domains within
the query vector.

Vector preprocessing. Before defining the loss function, we
process query vectors as follows:

D If HSH is a list-type domain, intuitively, predicting its
changes is challenging due to its larger number of elements
compared to the min—max domain. In contrast, predicting only
its domain boundary changes can significantly improve
accuracy, with minimal errors in the query predicate features
of column c¢;. As shown in Eq. (1), we use the min—max
values of all dictionary keys in HgH and consider the
minimum interval between keys as boundary values to
continuous the c¢;’s discrete domain. This is because these
discrete domains are typically derived from query predicates,
comprising co-accessed column values, and are more likely to
be allocated continuous key values based on the key allocation
order mentioned in Subsection 4.1.

H

o= |40, ... k" | = [min(k®") - 0.5 x k! ~ k),

max(k%") +0.5 x |k — k°|].

where k°,....k" are obtained keys after encoding c;.
2)IfH gH is a None-type domain, as it does not contain any
specific knowledge, we apply a simple numeric encoding, i.e.,

Ci
HQH = [0,0].

)
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Loss function design. We do not directly use the mean square
error (MSE) between Hp, and Hg, as the loss function, as
MSE implies that the two query vector values are closely
matched, but this does not necessarily mean that the partitions
constructed on them have similar quality. Instead, we
incorporate both the MSE and partition semantic information
to accurately estimate potential partition performance over
Hy,.. Specifically, LRP tailors a function .L,,4 for reliable loss
estimation by using a weighted deviation to account for the
impact of different dimension deviations between Hp, and
Hg,. on partition quality.

Figure 4 shows all possible intersection positions of H,,
(white rectangle) and H,, (green rectangle) in a 2D table (i.e.,
z=2), which is categorized by the number of edges (N,¢) in
Hg; not covered by H,,. Intuitively, we formulate it as
follows:

i[fo (l(“If) l(_q1>))+fo(u(qp) (q;))]
i=1

I, x>y
0, otherwise °
As N, increases from 0 to 4, the number of queried areas

outside of H,, increases. Consequently, each H,, has a higher
probability of accessing an extra number of partitions in the
H,, -based data layout, resulting in a higher loss value.
Moreover, a smaller intersection area between H,, and Hy,
should also correspond to a higher loss value. Based on these
two observations, L4 is primarily composed of two parts of
losses, i.e.,

Loa(Hyy Ho,) = L35 (Hy, Ho, )+ L3 (Hy  Ho,)
G(Hy,) - d(H,, Hy)
- $(H,,)
__9(Hy,) - ¢(Hy,, Hy,)
+wp 5

$(Hy,)

) indicates the prediction inaccuracy of

where the function f° (x,y) =

where LS (qu ,Hy

qp, affecting the created partition size. Conversely,
L(z) (qu,H ) represents the uncovered area of H,,,

determining N, as well as the number of future accessed
partitions. Intuitively, ij
weight, as increasing the number of accessed partitions has a
greater impact on the overall cost than the size of accessed
partitions. Thus, we assign weights to them as 1 : wy (wy > 1).
The weight w; is dynamic, influenced by the increase in Ny
and the ratio y(g,), which is the query density of ¢, (denoted
as pg,) relative to the table’s average query density (denoted
as pp). A higher y(g,) typically indicates that, under the same

should be assigned a higher

@ New queried data

N4, more partitions will be accessed in the future. Therefore,
we represent wp as 1+AXy(qp) X Ngg, where 4 is a hyper-

parameter and y(qp> is calculated as follows:

-1

v(ap) = Par :ZqieQF¢(HqP’H4i) Yqeor d(Hy)
o2 Ty (= a) T (1)

In this formula, we represent the pg, by using the proportion
of the cumulative query access area within the g, area. The
pop is estimated by the proportion of the cumulative access
area of all queries to the total table area.

5.2 Design of load predictor

In this subsection, we first categorize historical query vectors
based on their temporal information, and then design suitable
prediction networks for each category.

Load classification. We identify query submission times from
logs. If Hgp,, is distributed across continuous time intervals,
and there exists a query sequence at each interval that satisfies
o-similarity with adjacent sequences, it is referred to as
ordered load; otherwise, it is unordered, i.e.,

[H(”) H(”")], Hg,, is ordered,
Hgp, =
: [H;i), H,(IT)], otherwise,
where H(Qt‘h) = {Hg,f’])ljz 1,...,n}, i=1,...,m.

Prediction dimensionality reduction. To facilitate model
convergence, we shift from predicting the changes of each
domain boundary in the query to predicting the expansion
ratio 7; (i=1,...,2) for each domain radius. This reduces the
model output dimension from 2z to z (50% |}). During model
training, this shift will lead to an increase in L% but a
decrease in N,¢. Nevertheless, since N, plays a dominant role
in reducing the .[ZSVZC)J value, while .EEZ has a smaller weight
coefficient, the impact on the final L,,; value is limited.
Overall, this shift, by reducing the prediction dimensionality,
also stabilizes the decrease of N, thereby promoting a
greater decrease in total loss on the test set.

Model structure. Next, we introduce the load predictor, as
showcased in Fig. 5, to fit the query changes in training
samples Hp, — Hg,, taking Hgp, as input and generating the
output Hp,.

[Step 1 Normalization process.] Due to significant differences
in the domain ranges across different columns, we first
normalize the structured vector Hy, to the 01 intervals based
on the table domains Hp, as follows:

H

ap

04,

] Eed

N~ 0 1

eg

Fig. 4 Five distinct intersection cases of Hy, and Hy, in a 2D tablespace. The black dot denotes the data queried by Hy,
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H3?

Encoded table domain Input query vector

D 0—1 Normalization |
Ordered Unordered |

fo 1)

LSTM

FC }—)-'\Sigmoid/‘r—i)-'\ Scale |

Fig. 5 Network architecture design for load predictor

b4 l(flh) —1 M(‘Ih) —L
i L7 !
H,, = Norm(H,,,Hp) = U[ e }

u:—1 u; — [
i=1 1 1 ] 1

[Step 2 Estimation process.] Next, for ordered loads, to learn
dependency relationships among continuous sequences
[H(t b H(t) H(Hl)] we utilize an LSTM network [17]
comprising multiple hidden layers and memory cells, each
containing input, forget, and output gate. This enables the
network to adaptively store and update long-term dependency
information regarding query domain changes. For unordered
- Hy),
employ a simple MLP network [16] composed of stacked
linear layers with a ReLU activation function to fit the query
changing trends. Finally, we use a fully-connected (FC) layer

loads, given the one-to-one mappings H() we directly

to map the obtained prediction features (O™ or 0(;)) to an
expansion ratio 7 and apply a Sigmoid activation function to
transform the output range to [0, 1]. This is then input into the
scale-layer to extend H,, , yielding

Z

Hy, = Scale th,‘r U l(q” iTi (q")+r,‘r,]

i=1
where r; = 1 [lgq’l + ug‘”‘)].
[Step 3 Model training.] The model is trained to aggregate the
features of the query vectors with non-linear transformations
and iteratively update the network weights ® to minimize the
loss Lyq between Hp,. and Hp,. We use L2 regularization
[33] to prevent overfitting. Assuming the optimal network

weights are @, we can obtain H() using fmLp (H,(]’z € HQH;G)
or fLsT™ ([H(t )]t | € HQH;Q).
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6 Robust partitioning layout
construction

In this section, we first present the construction process of a
partition tree (a.k.a., logical partition structure) based on
obtained query predictions. This process is divided into three
phases: parsing, expansion, and optimization. Subsequently,
we describe how this tree is integrated into the DBMS.

6.1 Parsing phase: candidate split set generation

To construct a partition tree, we need to pre-generate a
candidate split set (denoted as Sgs) before each node split.
Starting from the root node, we first obtain predicate set (Sp)
decoded from the vector predictions Hop,. If Sp = @, inspired
by KD-Tree [4], we proceed to derive the column median
condition set (Sy) from the node data distribution; otherwise,
we set Sy = @. The two sets are then merged as the split set
for the current node, i.e., Sgs = {ps € Sp} U{ms € Sm}, where
ps denotes the predicate-based split and ms denotes the
median-based split. At each split, only one element in Sg is
selected as the split condition. After splitting this node, we
need to reallocate the remaining predicates for each child
node, an operation denoted as Reallocate(Sss). Specifically,
we filter the feasible predicates for the child nodes, checking
whether each predicate can split a given child node into nodes
that satisfy the size constraints, and then update the median
conditions for each child node.

The use of split conditions. Given a node V; and the split
condition s,(u,0p,v), we denote the split operation as Split(V;
s;). If the split column y is of (encoded) numeric type, we
execute the expression ‘uop v’ (where op € {=,#,>,<,<,>})
to split the node data. Rows that satisfy the condition are
directed to the left child node; otherwise, they are directed to
the right. If p is an unencoded text type, the expression
‘wop v’ represents an invalid split and is treated as a special

Algorithm 1 Partition tree construction via the recursive function
BeamSearch (BS)

Input: tree 7" and its decoded queryset 7.Qp,

candidate number 7., depth limit /,,,,.

Output: partition tree 7, total query cost Ciyza.
1 CanSplit = 0;
2 T.root.Sgs = T.Qp(Sm) + T.Qp(Sp);
3 while CanSplit++ < 0 do
4 for V; (size € [Vinins Vinax]) Of T.leaves do

5 Vi.Sss  Sort( Biip(s1) > Biip(s2),
VS], 52 € V,-.Sss );

6 Chiin = +00, Spin = @;

7 for condition s; of top-n. items in Sgs do
8 if 71,0 > O then

9 \_ C,&pli/ «— BS (T, Qp, nc, hyax-1);
10 else

11 L Cipiir = [Vi-Qp| X Vil = Bipiir(s1);
12 if Cypjir < Cpin then

13 L Conin = C.xp[its Smin = Si;
14 lf min < lV QP+F| X |V| then

15 Vi, V.« Split(Vi, Smin);

16 V1.Sss, Vi.Sgs < Reallocate(Ss);

17 L CanSplit = 0;

18 return 7 and Cmral = Z(];ET‘.QP C(T, qi)
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median split, i.e., we randomly split the node data and evenly
distribute it to the two child nodes.

6.2 Expansion phase: beam-search tree split

During the entire tree extension, we aim to find an optimal
split order by assigning appropriate split conditions to nodes at
each depth, as the current depth’s condition selection impacts
both the next depth’s decision and the overall split order of the
tablespace.

Basic idea. We adopt a refined greedy policy, beam search
(BS), which first explores local split condition combinations of
multiple tree depths at each step, and then selects the split
condition corresponding to the current depth from the
combination with the highest skipping benefit By;,. Here,
Bikip represents the reduction in query cost before and after
splitting. This process involves two important parameters:
(1) n. represents the number of split condition combinations
explored in each decision-making step; (2) hqx is the number
of split conditions in each combination, i.e., the additional
explored maximal tree depth at the current node.

Beam search-based tree split. Algorithm 1 provides the
execution details of BS. We first traverse each available leaf
node V; (initially only the root node) of the partition tree T in
turn (line 4). Then, we generate a dynamically changing S
during the node split process (lines 2,5,16) and sort Sgs by
Bskip (line 5). Subsequently, the top-n. items in Sg are
selected as the exploration conditions, allowing n. distinct
candidate split paths for V; (lines 7-13). Each path recursively
executes the same beam search subprocess (denoted as BS )
to return a query cost (Cypir) of accessing the current child
nodes. Here, each BS® will continue to extend more
secondary paths (i.e., BS®) until BSma¥) is executed. Next,
we choose the current split condition (sy,) from the optimal
path among the n. paths, splitting V; into child nodes V; and
V., and updating the Sgs for them (lines 14-17). After
splitting, we proceed to the next available leaf node and repeat
this process. The algorithm terminates when no more leaf
nodes can be split (line 3).

6.3 Optimization phase: node shape refinement via data
replication

In horizontal partitioning, row data acts as the minimal
construction unit of partition files. This can result in

significant query access contention between leaf nodes,
especially for dense queries, where different parts of each row
are likely to be accessed by different queries. To mitigate the
contention, LRP introduces data replication for frequently
accessed rows, thereby creating super nodes, which are
defined as follows:

Definition 3 (Super Node). Leaf nodes maintain distinct data
domains to ensure each row is routed to only one partition.
However, when a small batch of rows from one partition is
copied into another, this rule is broken, and the modified
partition becomes a redundant partition. We refer to its
corresponding tree node as a super node, which preserves a
primary domain and multiple secondary domains to route non-
redundant and redundant data independently.

We denote the replication process of data from node V; to
V; as V; = V;, where V; is the super node and is assigned an
additional secondary domain to maintain the redundant data.
When more data is replicated from V; to V;, any intersecting
secondary domains are merged to save storage space for
repeated redundant data. When searching for leaf nodes that
match a given query, the primary domain continues to
function as the main router. However, adjustments are made to
super nodes by effectively utilizing secondary domains,
thereby minimizing the number of reads required for leaf
nodes.

Example 4 Given a two-dimensional table and a decoded
query set Qp(qi~3), Fig. 6(a) displays a partition tree 7 is
expanded using the split order {psy, psa,msa4, ps3,mss}, where
psi~3 and mss.s represent predicate and median splits
extracted from Qp and the node dataset, respectively. The
final T contains six leaf nodes. Specifically in the tablespace,
these nodes are instantiated six partitions Rs.g 10,11 (see
Fig. 6(b)). Based on the primary domain of partitions, g
needs to access {Rg,Rjo}. If we replicate the green-shaded data
area S| from Rg to Ryp (i.e., Vs = Vip) and add the data
domain of S as the secondary domain of Rjg (see Fig. 6(c)),
then g; only needs to access Rjp because g;’s scanning data
in Rg satisfies the secondary domain of Rjg. Similarly, when
creating Rjp — Rg, the access plan for ¢» can be changed
from {Rg,R10} to {Re}.

Replicate node creation. We stipulate that a node will be
considered for replication if the ratio of redundant data to the

1
qs
; P R,
=> | Ry
Partition | 7° ”""5|
{instantiation R,

~
Ps, ' \ .
R, b S iy Ry
s L Reb Vi P
o o
R ; :{> iyl vy
q, E Data ; R(lf)) ..... Shi et a Rgz)
' redundancy :
Rs ] ¥ T 2
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= ) ' 6
| ms, N r
R(\ Rlll

Fig. 6 Reducing unnecessary data reads for g1 and ¢» by replicating small proportion of data areas (S, S2) to Rjo and Re
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entire node’s data is below the set threshold 6. Generally, the
more data is replicated, the greater the data skipping benefit
Bikip. However, if replicating an equal amount of data does
not yield a proportional increase in By, (e.g., when the super
node serves only a few queries), then this replication operation
is not recommended due to its high data maintenance and
storage costs with minimal B;,. To address this trade-off, we
first define a function y =F(6) to represent the change in the
ratio of skipping benefit to redundant data proportion as 6
increases, i.e., 8
Wy X Bki
y=FO =~ X@,
r DI

where w, and w, respectively are user-defined weights for
Bkip and '%f’)' (we set wy:w,=1:1); D.(0) is all
redundant data when the replication threshold is 6; O denotes
the table data. Since we aim to achieve greater skipping
benefits with as low 6 as possible, we can search for the

inflection point of the y-curve’s growth as the optimal 6, i.e.,

2 y . . -
solving F(6,y)” = ZT; =0. It signifies that when 6>6,

increasing O, at the same proportion will result in limited
growth in Byp.

Super node selection. We categorize the visited nodes into
two groups: replicate nodes (Vx) with data to be replicated
and candidate nodes (Vy) without such redundant data. For
each query, after deciding these replicate nodes (satisfying 6),
we must select which node among the candidate nodes will
serve as the super nodes. Generally, to maximize By, the
Vy with the fewest query accesses is preferred as the super
node to avoid additional reads of redundant data for irrelevant
accessing queries. Therefore, for each pair of nodes Vx and
Vy, we define a benefit (Byyocare) for Vx — Vy to reflect its
allocation priority. The Byipcare arises from the skipped
querying node size after replicating, minus the additional read
size of redundant data for other irrelevant queries, that is

Buiiocare(Vx — Vy) = (Vx| = |E)r(VY)|) X |QVX—>VY|
- |V x o),

where Vy is the skipped node for all queries Q"X~"7 that
benefit from the creation of Vx — Vy; 9 (V) indicates the
existing redundant data in Vy before allocation; DyX~"Y
represents the data replicated from Vx to Vy; O(Vy)

represents the number of queries accessing Vy.

Table 2 Time complexity analysis
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Next, we select the top element with the highest benefit, Vy,
as the super node (Vx— Vy), updating its D, (V_Y)
accordingly, ie., D, (V_Y +=D =Vr. Bach Vy can be

allocated once or multiple times. This allocation process is
repeated until positive benefits cannot be obtained.

6.4 Functionality of the LRP partition tree

The LRP partition tree 7 serves two primary functions:
(1) Routing support: Each row in the raw table is processed,
matching with leaf nodes via the node metadata of 7', and
subsequently written to the corresponding partition files
(a.k.a., physical partitions). (2) Partition filtering: When a new
query is submitted, its encoded logical tree Tj, is executed
across all relevant partition trees. The logical predicates at
each level of T, are examined from bottom to top to identify
the satisfied leaf nodes of T'. This limits the search space for
partition files and assists the query optimizer in formulating an
efficient plan.

7 Efficiency analysis of LRP design

In this section, we analyze the execution efficiency of four
phases within LRP and compare it with two classical
partitioning algorithms (QdTree [8], PAW [9]). The results are
shown in Table 2.

1) Data and query feature extraction: QdTree incurs
minimal overhead during predicate feature extraction due to
the absence of a query prediction module, thus eliminating the
need for query vectorization. In contrast, PAW requires
traversing the entire sampling table to pre-execute queries for
generating query vectors. LRP, however, only encodes non-
numeric columns and performs logical computations, resulting
in lower costs compared to PAW.

2) Query prediction: The training time for LRP’s prediction
module depends on the number of epochs, introducing
additional costs due to weight updates across stacked network
layers. Conversely, PAW is faster as it only necessitates
multiple iterations of heuristic determinations to incrementally
identify the optimal 7.

3) Partition tree construction: The selection of candidate
predicates during each tree split process is the primary time
bottleneck. Both QdTree and PAW employ a similar greedy
strategy. However, LRP explores a larger solution space
through beam search in each predicate selection round,
potentially leading to exponential growth in time complexity if

Partitioning method

Partitioning phase

Qd-Tree PAW LRP(Ours)
(D Data and query feature extraction O(Ng) O(zX Nsamples X Ng) O(Zencoding X Nsamples + NQ)
T .. ZXN
@ Similarity load prediction - 0( TXS lepQ ) O(zX Ng X Nnet X Nepoch)

(8 Partition tree construction O(Ng x Dhuree))
N

@ Data routing for partition instantiation e XBX W

/max —1
O(Ng x Dhuree)) 1) (NQ < Dhiree 5 e )

ne—1

( 2XNrow Xhiree ) 0( 2XNrow X/tree )
Nmachine XBX W/ Nmachine XBX Wi

Note: Column count (z), encoded column count (Zencoding )» query count (Np), predicate count (Np), original table row count (Nrow ), sampling row count
(Nsamples ), encoding or decoding cost (O(1) when using hash tables), prediction network layer count (Nnet), SSD read/write coefficient (Wyyy ), partition tree
height (Atrec ), beam width (), machine count (Nmachine ), network bandwidth (B), and maximum explored tree depth (Amax ). Tsiep denotes the average
increment of T per iteration in PAW’s search for the optimal vector expansion ratio.
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hmax 18 not properly set.

4) Data routing: All methods share the same partition
instantiation process. To deploy partitions, all row data must
be routed through the partition tree and written to specified
block addresses. Here, we primarily considered the volume of
data written and network factors, without accounting for finer-
grained factors such as cache hit rate.

Overall, both PAW and LRP involve query encoding and
prediction, leading to higher execution overhead compared to
QdTree. When comparing LRP and PAW, LRP incurs lower
costs only during the feature extraction phase, but its overall
overhead is greater. However, as illustrated in Table 2@,
this issue can be partially mitigated by setting appropriate
hyperparameters (e.g., keeping hmax as small as possible,
removing redundant intermediate network layers to reduce
Nuet, etc.) or by employing multithreading to build different
partition sub-trees in parallel. Furthermore, as shown in
Table 2@, when routing large-scale datasets to create partition
files (i.e., Nrow > Nsamples ), the time scale differences among
the algorithms have a smaller impact on overall system
performance.

8 Experiments

In this section, we show the evaluation results of LRP system
from three aspects: (1) We compare the scanning ratios of
LRP (including its variants) with two classical partitioning
algorithms (QdTree, PAW) and the optimal reference for raw
and numeric tables under static loads; (2) We separately
evaluate the table scanning ratios of different prediction
methods combined with the same or different partitioners
under o-similarity loads. We also explore the impact of
different mixing ratios of exploratory and similarity queries on
partitioner performance; (3) We further evaluate the above
experimental configurations in a real Spark cluster.

8.1 Experimental setup

We conduct extensive experiments on a Spark cluster with
four computer nodes (3.8 GHz CPUs, 32 GB RAM, 1 TB
disk), utilizing HDFS [18] as the underlying file system and
Parquet files [34] to store partitioned block data. To speed up
data routing, a distributed acceleration framework Ray [35] is
utilized to fully leverage the computational resources of each
machine. The neural networks (prediction module) are trained
on a Tesla P40 GPU with a 24 GB frame buffer.

Dataset and static workload. (1) TPC-H benchmark [15] (50
GB data) comprises 8 tables (62 columns in total) and 22
query templates. (2) TPC-DS [36] (62 GB data) is used to
simulate the sales operations of a department store. Compared
to TPC-H, it offers a more comprehensive schema, including 7
fact tables and 14 dimension tables (a total of 429 columns),
as well as 99 query templates. (3) JOB benchmark [37] is a 13
GB real-world IMDB dataset containing 12 tables (134
columns in total) and 33 query templates. (4) ClickBench [38]
(20 GB data) is derived from an actual traffic platform,
featuring a large table (105 columns, 100M records) and 43
query templates. Here, query templates are used to generate
arbitrary number of static synthetic queries.

Similarity workload. Following PAW [9], we collect 4250
static queries as Qp for TPC-H and JOB, and generate the
mappings Qg — O, named TPC-D and JOB-D, respectively.
To be specific, we divide each tablespace into 2z regions and
extend each domain of Qy with a random distance threshold
6 € uniform(0.8T,I"), where I' = A(1+ 2lz), A1=0.01, and i
represents that Qg falls within the ith region. For the ordered
queries, we set A€[0.005,0.015] and Aot For each
benchmark, we randomly shuffle §-similar queries and split
them into training/validation/test sets by 7:2:1.

Evaluation metrics. (1) Access Ratio indicates the ratio of
accessed data to the entire table size. (2) Query Latency refers
to the end-to-end response time for processing queries.
(3) Model Execution Time denotes the time taken to generate
logical partition structures, including query parsing, query
prediction, and partition tree creation.

Baseline methods.

e QdTree [8] generates the candidate split set using only
numeric predicate conditions during the creation of the
partition tree. Its split policy consistently selects the
predicate condition that maximizes data skipping
benefit at each extension step.

e PAW [9] optimizes the division of small nodes in
QdTree by merging multiple steps of predicate
conditions into a single-step split condition.

e [ B-Cost represents a theoretical lower bound cost in an
ideal scenario where all accessed data per query is
searched and directly written to separate block files.

e TH' is a refined version of PAW [9]’s prediction
module. It selects the optimal distance threshold § from
all possible values for extending domain boundaries in
QOpn, aiming to minimize the MSE between Qp and QOF.

e ML" is an abbreviation for the independent MLP or
LSTM predictor component in LRP, aiming to
minimize the access ratio when executing Qr over Qp-
based partitions.

o LRP-E and LRP-S are two variants of LRP, each with a
component removed to conduct an ablation study. They
remove the column encoding and data redundancy
modules from LRP, respectively.

8.2 Exp-1: Static scenario experiments

Evaluation on pure numeric tables. We first conduct
experiments on pure numeric tables, i.e., by removing all non-
numeric column data. Figure 7(a) reveals that LRP-S and
LRP-E gains over a 8% and 15.7% reduction in table access
ratio than PAW across all benchmarks, respectively.
Meanwhile, Fig.8 provides detailed comparisons for
representative tables in each benchmark. All cases follow the
same performance ranking: LB-Cost>LRP-E(LRP) >
LRP-S > PAW > QdTree, where LRP is equivalent to LRP-E
since the encoding component is invalid when non-numeric
column data is excluded from the raw tables. These results
have three-fold reasons: (1) LRP-S outperforms PAW,
demonstrating that our beam search policy can identify better
split orders among numerous condition combinations; (2)
LRP-E outperforms LRP-S, indicating that super nodes help
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Fig. 9 Comparison of data access ratios against algorithm baselines on raw tables. Values in parentheses indicate the percentage of non-numeric

predicates among all predicates

resolve query access contention caused by row-granularity
limitations when handling high-density queries on tables like
D wb sales and D store sales; (3) The performance
differences between the algorithms are stable and do not vary
significantly across different datasets or numerical predicates.

Evaluation on raw tables. When experimenting on raw
tables, Fig. 7(b) reveals larger performance discrepancies
among the algorithms compared to the numeric environments
shown in Fig. 7(a). Detailed comparisons for specific tables
are provided in Fig. 9. LRP-S and LRP reduce the data access
ratio by 38.9% and 48.8%, respectively, compared to PAW.
This reduction is especially pronounced in tables with a high
proportion of predicates, such as H part, D_item, and J name
(average 64% |). This is because when more textual
predicates (especially those involving costly join operations)
are mixed with numeric predicates, LRP and LRP-S are still
able to effectively capture the complete query access patterns.
In contrast, QdTree and PAW perform worse due to their
incomplete query information, rendering numeric predicate-
based splits inefficient. This inefficiency is also reflected in
their similar table scanning ratios in cases like H part,
D customer, and J name, where a large proportion of text
predicates are present. Moreover, the result that LRP
outperforms LRP-S indicates that LRP’s allowance for data
redundancy among partitions further enhances performance on
raw tables. These factors contribute to LRP exhibiting more
significant reductions in scanning data compared to the other
baselines.

Evaluation on model overhead. Regarding the raw tables,
Fig. 10(a) evaluates the model execution time for each
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Fig. 10 Comparison of model overhead metrics on raw tables: (a) Model
execution time and data routing time; (b) reduction in data access caused by
data duplication

algorithm and their average data routing time when deploying
physical partitions. Despite LRP being 17.87 s slower than
PAW in logical partition generation due to its additional data
encoding and redundancy modules, their cumulative
processing time (163 s) is far lower than the data routing time
(4.26 h). Thus, this time gap can be considered negligible.
Figure 10(b) displays the changes in the data redundant ratio.
We observe that SuperNode minimizes block addressing and
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scanning by replicating a small portion of data. Specifically,
LRP yields an average scanning ratio reduction of 22.7% (i.e.,
W%) over LRP-S, with only a 0.0034 data
redundancy ratio. This is because queries with more textual
predicates are more likely to access dispersed, smaller
amounts of data, thereby promoting the B, of redundant
partitions.

Evaluation on model adaptability. We also conduct model
sensitivity tests with varying workload configuration.
Figure 11(a) generates TPC-H queries ranging from 50 to
1000, increasing the query density and requiring finer
partitions. LRP initially achieves a 6.7% performance
improvement over PAW, eventually reaching 29%.
Figure 11(b) explores the impact of maximum query range: an
increasing queried range results in higher access ratios and a
larger performance gap between LRP and PAW. However, at
0.3 or above, the quality of all layouts begins to deteriorate
until reaching 1, at which point the quality of all layouts
become consistent, with their queried data being stored in the
same number of blocks. Figure 11(c) restricts the maximum
number of columns accessed by each query. As shown, the
more columns involved in the predicates, the fewer the
average rows typically meet the conditions, resulting in a
smaller proportion of data scanned. This does not affect
predicate selection during partition tree construction, thus
having minimal impact on algorithm performance.
Figure 11(d) explores two extreme query distributions. Under
uniform distribution, each algorithm effectively partitions
rows to accommodate each query, with LRP performing best.
When queries are densely distributed, some table areas cannot
be effectively partitioned due to contention among queries,

—t— QdTree —*— PAW
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reducing the performance of all algorithms. However, LRP
still maintains the lowest access ratio, benefiting from data
replication.

8.3 Exp-2: d-similarity scenario experiments

In addition to the provided TH* and ML* predictors, we
establish two additional prediction baselines: N/A4,
representing no prediction, and OPT, referring to the predicted
load satisfying Op = OF.

Evaluation on prediction approaches. Figure 12 displays the
Qp-based layout performance for various prediction methods,
along with the performance deviation (shaded areas) across
single-table layouts. Regardless of whether the same
partitioner (e.g., LRP) or distinct partitioners (i.e., QdTree,
PAW, LRP, and LB-Cost) are used to create layouts based on
the given predictions, our ML* predictor always outperforms
the best alternative, achieving performance improvements of
46% and 72% compared to TH* in unordered and ordered
loads, respectively. Additionally, ML* shows narrower
shaded boundaries, indicating better optimization for each
sub-layout. Moreover, compared to ordered loads, TH* proves
less effective in unordered loads with fewer historical queries,
while ML* exhibits greater stability.

Case study. Figures 13(a)-13(c) and 13(d)-13(f) present 3D
visualizations of query prediction cases from TPC-D and JOB-
D, respectively, across dimensions cj, c3, and c3. In
Figs. 13(a) and 13(d), a close-up of a randomly selected query
is shown, with the coordinate system adjusted for clarity. Blue
and red boxes represent the Hp, generated by TH* and ML*,
respectively, while the green boxes depict the actual Hgp,. In
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Fig. 13 Case study: visualization of prediction results from TH* and ML* on (a)—(c) TPC-D and (d)—(f) JOB-D samples

Fig. 13(a), although TH*’s Hp, aligns more closely with
Hg, compared to ML*, i.e., Linse(TH") < Lye(ML*), ML*
achieves a smaller prediction loss (L,s(ML") < £,,4(TH"))
due to its N,¢ value being 0. Intuitively, if the red box is used
as the basis for constructing partition files, then for queries
requiring scanning the green box, only one file needs to be
accessed to complete the task. Similarly, in Fig. 13(d), the N
of ML* is 0, which is lower than the 4 of TH*. This suggests
that ML* predicts domain values that are slightly larger than
the real Hg, , making robust partitioning feasible.

Figures 13(b)-13(c) and 13(e)—13(f) randomly select six and
eight query cases, respectively, with their prediction metrics
compared in Table 3. In all cases, partitions based on ML"’s
predictions consistently yield fewer scanned blocks
(ML* : TH* =45<198) and lower data scan ratios
(0.0045 < 0.018). This can be attributed to ML™’s smaller Neg
(0.36 < 4.86), leading to a smaller £,y value (0.79 < 8.45),
irrespective of the L5 value (3 x 1074 >9x 107),

Evaluation on the exploratory queries. Figure 14 shows that
LRP mitigates performance degradation when more
exploratory queries are mixed into TPC-D and JOB-D test
queries. As the random percentage increases from 0% to 85%,
the access ratio gap between PAW and QdTree expands from
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Fig. 14 Performance comparison when mixing more exploratory queries
into TPC-D and JOB-D load environments. (a) TPC-D; (b) JOB-D

Table 3 Comparison of prediction metrics and access ratio reductions for selected query vectors from TPC-D and JOB-D

Query vector case (TPC-D)

Query vector case (JOB-D)

Prediction metric Method 1 m ™ ) s - 1 s 3 Y s - e 3 Average
. TH® 466 666 221 255 461 11 956 159 116 121 125 152 123 188 927
MSE loss(Linse)/10 ML® 603 196 467 595 457 267 021 055 044 031 021 053 051 039 313
— TH* 105 103 105 103 104 104 7.17 712 711 703 701 701 700 7.05 849
Prediction loss(Lua) ML® 041 045 041 045 043 044 336 170 336 003 003 003 004 002 079
TH* 6 (all cases) 4 (all cases) 4.86
#Uncovered edges(Neg) 1+ 0 (all cases) > 1 2 0o 0o 0 0 0 0.36
#Scanming blocks THT 163 399 39 124 38 16 180 258 328 96 283 150 345 15 198

ML* 38 107 6 24 11 7 24 88 214 16 64 32 8 4 45

- TH® 094 231 022 072 222 040 214 307 390 114 337 178 411 017 189
Acoess ratio (/107%) ML* 022 061 003 014 006 004 028 102 250 019 075 037 009 005 045
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2.2 to 13.1 in TPC-D, and from 1.4 to 10.8 in JOB-D.
Similarly, the access ratio gap between LRP and PAW
expands from 1.2 to 9 in TPC-D and from 0.5 to 3.5 in JOB-
D. This improvement is attributed to PAW/LRP’s use of data
distribution-based median splits, which enhances their layout
adaptability to exploratory queries compared to QdTree’s sole
use of predicate splits. Moreover, LRP’s consideration of
median splits for encoded non-numeric column data further
boosts its adaptability.

8.4 Exp-3: efficiency analysis in Spark cluster

There is a positive correlation between the access ratio and
query latency. Reducing the data access ratio typically results
in decreased query latency due to fewer accessed partition
files, less scanned metadata and column data on disk, and less
frequent merging of scan results.

To assess the quality of constructed layouts, we utilized
Spark-SQL, averaging five executions for each indicator
measurement. Table 4 presents statistical data such as
averages, minimums, percentiles, regarding query latency. Our
findings are as follows. (1) Static Scenarios: For both numeric
and raw datasets, LRP consistently outperforms other
baselines across various statistical indicators. The
optimizations in the partition tree and the complete
consideration of logical predicates make LRP achieve an
average query latency reduction of 15.9% and 47.5% for the
two types of datasets, respectively, compared to PAW. LRP
exhibits more significant performance improvements in raw

tables, similar to the trends observed in Fig. 7(b). By
effectively leveraging text-type predicates as partitioning
features to partition data, LRP accelerates filter operations,
especially in queries with a higher proportion of non-numeric
columns. (2) Dynamic Scenarios: In TPC-D and JOB-D, LRP
consistently achieves greater performance improvements
compared to static scenarios, attributable to its robust layout
supported by predictive networks with a novel loss function.
This function allows ML* to establish a positive correlation
between prediction loss and layout robustness while
minimizing prediction loss. Compared to PAW, LRP achieves

query response times that are 2.49% faster (2;52 <) on TPC-D

and 3.17x faster (529> ) on JOB-D.

9 Conclusion and future work

In this paper, we propose an end-to-end LRP system. LRP
begins by designing a comprehensive data and query encoding
scheme to extract valuable query access patterns across both
numeric and non-numeric column data types. It then trains
MLP/LSTM networks to minimize loss values by integrating
partition semantic information, thereby predicting future query
pattern shifts. Finally, it implements beam search-based tree-
splitting and node redundancy policies to generate a partition
tree, which can materialize a robust data layout tailored to
predicted query patterns. Experimental results on Spark
demonstrate that our method significantly outperforms
existing solutions, achieving a 49.20% reduction in query
latency for static queries and a 64.15% reduction in dynamic

Table 4 Testing real query latency on: (1) TPC-H, TPC-DS, JOB, and ClickBench benchmarks with only numeric column data; (2) Raw TPC-H, TPC-DS,
JOB, and ClickBench benchmarks; (3) TPC-D and JOB-D benchmarks designed for similarity scenarios. The red denotes the best result, excluding the optimal

reference, while the blue denotes the second-best result

Query latency/s

Query latency/s

Benchmark Method ™00t 95th  Min  Mean Benchmark Method o =6t 95th  Min  Mean
QdTree 153 159 179 072 121 QdTree 351 3.84 401 083 290

PAW 097 098 098 069 097 PAW 120 127 133 081 1.08

Numeric TPC-H LRP (ours) 0.87 090 093 0.66 0.85 Numeric JOB LRP (ours) 0.96 0.96 0.97 0.81  0.92
LB-Cost 0.74 077 079 054  0.69 LB-Cost 0.76 0.77 077 0.70 0.74

Imp./% 10.6 7.7 5.0 47 1119 Imp./% 204 243 27.1 0 1144

QdTree 426 661 759 021 541 QdTree 1.14 158 222 027 0.83

PAW 182 243 251 012 323 PAW 0.66 068 0.74 027 0.65

Numeric TPC-DS ~ LRP (ours) 094 172 212 0.2 257 Numeric ClickBench LRP (ours) 0.55 0.56 0.56 0.25  0.54
LB-Cost 0.88 1.09 114 007 128 LB-Cost 025 027 030 0.17 024

Imp./% 48.4 29.1 15.6 0.4 120.3 Imp./% 164 173 239 6.7 171

QdTree 1122 1516 18.02 036 5.96 QdTree 248 3.80 4.63 028 115

PAW 830 1041 1146 0.19 4.66 PAW 129 159 1.68 024 0.79

Raw TPC-H LRP (ours) 3.96 495 547 0.16 2.38 Raw JOB LRP (ours) 0.61 0.73 0.78 0.23  0.44
LB-Cost 3.07 373 411 010 1.69 LB-Cost 038 047 052 013 026

Imp./% 52.3 525 522 13.6 10489 Imp./% 528 54.1 537 52 445

QdTree 3.68 557 723 035 483 QdTree 890 947 9.69 175 872

PAW 1.81 281 298 021 347 PAW 424 464 484 130 5.07

Raw TPC-DS LRP (ours) 121 175 2.05 021  2.00 Raw ClickBench LRP (ours) 1.92 228 231 040 232
LB-Cost 078 101 106 015 115 LB-Cost 143 179 1.88 0.16 1.52

Imp./% 333 375 312 0 142.3 Imp./% 549 508 523 689 1N54.2

QdTree 11.97 1480 1595 167 9.93 QdTree 522 672 848 097 3.15

PAW 696 839 934 021 513 PAW 219 269 301 058 170

TPC-D LRP (ours) 2.04 226 235 017 2.06 JOB-D LRP (ours) 0.81 1.13 144 025 0.54
LB-Cost 1.14 122 127 013 116 LB-Cost 026 028 029 0.18 024

Imp./% 707 731 748 203 059.8 Imp./% 629 582 522 56.7 10685
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environments.

However, some aspects of LRP still require further
refinement, which we plan to address in future work. (1) Join
Optimization: When selecting tree-splitting conditions, we did
not fully consider the cost of data shuffling, which often
exceeds scanning costs. Therefore, predicate and median
conditions related to Join columns should be weighted more
heavily to reduce shuffling overhead. (2) Load Balancing:
Although table data has been allocated to partition files, the
distribution of these files across machines needs further
optimization. Future work will focus on optimizing the
physical placement of files based on access frequency and
other factors to ensure load balancing and maximize the
utilization of cluster resources.
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