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Abstract

The physical layout of data is critical to the performance of analytical queries, es-
pecially in column-store systems like IBM Db2. Among layout strategies, Z-ordering
is a popular technique that maps multi-dimensional data to a one-dimensional space
while preserving locality. However, tuning Z-order is challenging: users must man-
ually select the columns to include, and most systems assign equal weight to each
column, ignoring the varying impact of different columns on query performance.

We present LayZ, an LLM-directed advisor for automated data layout tuning in
IBM Db2. LayZ analyzes SQL workloads to extract query execution plan features and
creates compact prompts that preserve layout-relevant information, thereby reduc-
ing inference cost when using large language models. LayZ generates ranked layout
configurations, including weighted Z-orderings that adapt bit allocations based on
workload characteristics. These configurations are evaluated using a cost model to
identify the best candidate layout for the target workload.

Our system supports both base tables and materialized views, enabling perfor-
mance recovery in queries that regress under global physical design. Experimental
results on the DSB workload show that LayZ outperforms heuristic and existing layout

strategies, improving query performance by up to 90%.
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Chapter 1

Introduction

1.1 Motivation

Analytical query performance in modern databases critically depends on efficient data
scanning and filtering. These operations form the backbone of analytical workloads,
especially within column-store database systems such as IBM Db2. To accelerate query
execution, database systems traditionally rely on index structures, such as B-trees and
bitmaps [1], [2], materialized views (MVs) [3], and data layouts. Column-store storage
itself optimizes query efficiency by restricting data scans to only relevant columns,
significantly reducing 1/O overhead.

Materialized views further enhance query processing efficiency by pre-computing
and storing query results. This allows the database to serve subsequent queries di-
rectly from these precomputed results rather than recomputing them from base data.
While effective, MVs introduce complexity, requiring careful selection and mainte-
nance due to storage overhead and consistency considerations.

Data layouts offer another powerful technique for optimization. Traditionally,



database systems sorted data lexicographically based on selected columns, referred to
as sort keys. Some database systems can take advantage of the data layout to group
contiguous rows of data into blocks. These data blocks are accompanied by metadata
structures known as zone maps or small materialized aggregates [4], which record the
minimum and maximum values for columns within each block. During query exe-
cution, zone maps enable databases to quickly retrieve relevant data blocks, thereby
reducing the number of rows scanned and significantly improving scan efficiency. For
example, given a query predicate x > 10 for column x and a data block with a zone
map indicating column z has values ranging between 1 and 5, the entire data block
can be skipped, as it cannot satisfy the query predicate.

A notable technique in data layouts is Z-ordering, which maps multi-dimensional
data into a single dimension while preserving spatial locality, significantly benefiting
multi-column query filters. Z-ordering achieves this by sorting by Z-values, which are
calculated by interleaving bits from each column’s values, effectively encoding multi-
dimensional data into a single-dimensional space. Two main variants of Z-ordering
exist: equal-bit allocated Z-order and weighted Z-order. Equal-bit allocated Z-order
calculates the Z-value by distributing bits evenly among selected columns, treating
each column as equally significant. While straightforward, this approach may not
achieve optimal performance, as different columns typically have varying impacts on
query performance. Weighted Z-order, on the other hand, assigns different numbers of
bits to each column based on their importance or selectivity in the workload, thereby
significantly improving data locality and query efficiency over the equal-bit approach.

Traditionally, database administrators (DBAs) manually created and fine-tuned

indexes, MVs, and data layouts. However, manual configuration has become increas-



ingly impractical due to the vast number of potential configurations and their associ-
ated tradeoffs, such as the overhead of maintaining data structures and workload /query-
specific performance gains (i.e benefits that would be useful for one workload/query
but not another). This challenge is especially pronounced in cloud environments,
where thousands of databases operate simultaneously under diverse and dynamically
changing workloads.

Given these challenges, physical design advisors have been created [5]-[7]. These
advisors employ a variety of algorithms, ranging from heuristic pruning to machine
learning, to analyze a specific query workload and metadata of the database to recom-
mend physical design structures. Although these advisors recommend optimizations
for the database, very few recommend data layouts.

Recommending data layouts is difficult for several reasons. First, it requires deep
knowledge of the underlying characteristics of the data and how queries interact with
these characteristics. Users must analyze selectivity, cardinality, join patterns, and
data skew across multiple tables to make informed layout decisions. This process
takes a long time, and the optimizations that come from the understanding of these
characteristics might not apply to other workloads.

Second, the search space is enormous as there are many possible sort-key combi-
nations, ordering strategies, and physical configurations to consider. Most database
systems allow users to define a sort order over one or more columns, but this requires
to user to discover the best columns for sorting. Additionally, some of these sorting
methods have additional tunable parameters, such as Z-order. Real-world workloads
involve complex query patterns with filters and joins across multiple columns, varied

access frequencies, skewed data distributions, and evolving workloads. A layout that



benefits one query or subset of queries may degrade performance for others. As a
result, exploring the search space for suitable data layouts is complex.

Third, workloads are rarely static; what works well for one workload may not suit
future access patterns or changes in data volume. Real-world workloads are evolv-
ing, and thus their optimal data layout might change too. A recent work exploited
Bayesian optimization to find an optimal weighted Z-ordering data layout for a given
query workload and dataset [8|.

Finally, the above challenges are further complicated by interactions with other
performance-enhancing physical design structures such as MVs. A layout that accel-
erates base table scans might not be optimal for queries that utilize MVs, since the
MVs can replace some parts of the query, making the data layout useless for that
group of data, or data layouts can be applied on MVs, making coordinated tuning
even more complex.

Recent applications of LLMs have shown success in database system tuning [9),
[10]; however, LLMs, to our knowledge, have not yet been explored for data lay-
outs. Furthermore, recent works [8], |11], [12] employ machine learning to find the
near-optimal tuning configurations, yet these approaches are hindered by substantial
training and exploration overheads. These challenges have motivated the use of large
language models (LLMs) to recommend data layouts. Similar to domain experts,
models can leverage best practices and common knowledge to prune the data layout

search space to the most viable options for a given context.



1.2 Example of Data Layouts

Data layouts affect the performance of query processing by modifying the query exe-
cution process once the optimizer and execution engine consider zone maps. In other
words, once the optimized access plan is finalized and ready to execute, the actual
execution of the access plan would benefit from the usage of zone maps. In IBM
Db2, their version of zone maps is called synopsis tables [13], which keep track of the
minimum/maximum of each column in a data block. These are internally created
column-organized tables for each user-defined table and cannot be modified directly
by the user. To influence the partitions in the synopsis tables, we order the data prior
to the creation of the synopsis tables.

When the difference between the minimum and maximum values for a data block
is large, it will satisfy more predicates, leading to that data block being scanned more.
If the difference is very large, then it could be similar to scanning the base table.

We describe the effects of data layouts using a query execution plan (QEP). A
QEP details the sequence of steps the database system will take to execute a query.
Figure is the QEP for Query 10 of the Decision Support Benchmark (DSB) [14].
Note the table scan (TBSCAN) operators near the leaf nodes of the QEP. These
operators reduce the cardinality of the base tables significantly in the QEP. Each
TBSCAN operator in this QEP has a predicate associated with it. To reduce the
number of rows scanned in TBSCAN, IBM Db2 will use the synopsis tables to reduce
the amount of data that needs to be scanned by checking if a designated predicate
satisfies a particular data block. Having these synopsis tables organized in a way
that allows the predicates to eliminate as many blocks as possible is essential to

TBSCAN performance. This denotes the importance of improving the table scan and
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Q16
Card: 4.33000E+05
CusT CUST_ADDRESS

Figure 1.1: Query Execution Plan of Q.

filtering performance. While we illustrate this here with only two predicates, this
behavior extends to a multi-dimensional space of predicates to be tuned. Thus, this
is a complex search space that is prohibitively expensive to search exhaustively and
difficult to tune manually within.

Figure [1.2] illustrates how a data layout can change the number of rows scanned

in a table for the following query:

SELECT *x FROM store_sales
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(b) Weighted Z-order with equal bit alloca-
tion results in 2 blocks being scanned

Figure 1.2: Example of Z-order vs Weighted Z-order when executing query Listing
Boxes highlighted in green are blocks that have been scanned.
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WHERE x BETWEEN O and 3 and y BETWEEN 1 and 2

Listing 1.1: Example query

Each data block contains 4 rows. The query accesses 4 blocks of data under the Z-
order scenario when sorting with equal bit allocation. Since the query has 2 columns
in the predicate, we Z-order by those 2 columns. When the table is weighted Z-ordered
by the two columns, the query only needs to access 3 blocks of data. The weighted Z-
ordered table allows the database to scan fewer rows, thereby improving performance.
However, on a different query, weighted-bit allocated Z-order and single-column sort
key scan the same number of rows. Changing the weights according to the query
in the weighted bit-allocated Z-order can improve the weighted bit-allocated Z-order
to be better than a single-key column sort key. Thus, tuning your data layout to
the query workload can result in beneficial query performance changes. Therefore,
for effective data layouts, we need to tune our data layout to the query workload,
being able to consider the associated statistics of the QEPs is of value for data layout

recommendation.

1.3 Contributions

We present LayZ, a LLM-directed data layout advisor for IBM Db2, which provides
query-aware layout recommendations for analytical workloads. We provide an overview
on the background of query optimization and data layouts in Chapter [2| and an ar-
chitectural overview in Chapter {.I] This work makes the following contributions
towards addressing the challenges outlined in Chapter [1.1}

1. Related Works (Chapter [3)). We give a comprehensive description of recent



related works in database tuning.

2. A LLM-Directed Layout Advisor (Chapter [4). LayZ leverages a large lan-

guage model (LLM) to provide effective and efficient data layout recommendations

for diverse analytical query workloads.

(a)

LLM Data Preprocessing For Data Layouts (Chapter . We design
a data preprocessing component that will featurize the query workload and
database metadata to generate a succinct prompt for the LLM. We employ
this component because LLMs are known to charge by the token [15], |16] and
exhibit high GPU usage [17], so reducing the number of tokens will lower the
financial and resource cost of using the LLM. Previous works using LLMs in
the database field for tuning have shown success with preprocessing relevant

data before giving it to the LLM [9], [10]

Database Meta-data Driven Layout Evaluation (Chapter [4.4). We
design a cost model based on Gao’s work [8] that produces an estimated
query runtime for use in data layout recommendations. We leverage the
synopsis tables from IBM Db2 and a uniform sample of the database tables,
allowing for effective evaluation without running expensive analytical queries
for evaluation. We employ these techniques as a fast and scalable evaluation
metric for large workloads, where repetitive query executions are prohibitively

expensive.

3. System Demonstration (Chapter . We create an interactive application

for LayZ showing how we can recommend data layouts for data systems to boost

performance, and how its recommendations aid users in creating other physical

design structures to enhance the complex analytical workload.



4. Experimental Validation (Chapter [6)).

(a)

Data Layout System Comparisons (Chapter . We demonstrate the
efficiency of LayZ on DSB, showcasing significant improvements when com-
pared against a state-of-the-art query-aware layout advisor and random data
layout recommendations of up to 90%. This state-of-the-art layout advisor
employs Bayesian Optimization (BO) to choose the best columns and their
weights for a weighted Z-order configuration [8] for a singular table. We run
two experiments: first, in which a data layout configuration is set for each
query; and second, in which a single data layout configuration is set for the

query workload.

Different LLMs (Chapter [6.2). Via an evaluation suite, we evaluate the
effectiveness of LayZ using different LLMs using our different performance
metrics. We evaluate the popular LLMs based on their tuning recommenda-
tions for IBM Db2. This demonstrates how LayZ can give effective recommen-

dations using varying LLMs.

Different Knobs (Chapter [6.3]). We evaluate the effectiveness of layouts
under different knob settings. We run an experiment to evaluate the differ-
ences of knobs on layouts: to compare LayZ with the default settings of knobs

and LayZ with recommended knobs based on the query workload.

Training times (Chapter [6.4]). We evaluate the time to get recommenda-
tions from LayZ and the BO method. Our experiment consists of evaluating

the training times in several varieties of dataset sizes.

We conclude in Chapter [7]
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Chapter 2

Background

2.1 Query Optimization

Query optimization is a feature of many relational database systems. FEach query
produces a QEP. Each QEP has a cost associated with it. The process of finding a
correct QEP with the best cost is query optimization. The performance of a query
is heavily reliant on query optimization. Query optimization relies on a component
called the query optimizer to apply many of these optimizations.

For example, IBM Db2’s query execution process heavily relies on query optimiza-
tion depicted in Figure [18]. The query execution process starts by parsing and
validating the query and turning into an internal data representation model called
the query graph model (QGM) (Step 1 and 2). This stage ensures that there are
no logical inconsistencies or syntax errors in the query. Using the created QGM, the
QGM is transformed into a form that can be optimized more easily (Step 3 and 4).
This stage involves transformations like predicate pushdown which is when the level

of a predicate’s application can be altered, potentially improving query performance.
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Figure 2.1: IBM Db2 SQL and XQuery compiler process .
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After the QGM is rewritten, the QGM now goes through the query optimizer to op-
timize the access plan. The query optimizer is a complex component that involves
generating alternative execution plans for a query, estimating the execution cost for
each QEP by using metadata including table, index, column, function statistics, and
IBM Db2 registry variables [19], then choosing the plan with the smallest estimated
execution cost, and outputting an access plan for the corresponding chosen execution
plan (Step 6). Since the number of possible execution plans generated from a sin-
gle query grows exponentially with respect to the number of tables referenced in the
query, IBM Db2 uses several different techniques to prune the search space of QEPs
for efficient QEPs [20]. Some of these techniques include the algortihm used for join
enumeration (greedy or dynamic programming) and which statistics to include dur-
ing optimization. After the final query plan is generated, a executable query plan is
created for the query. This executable access plan is then used to execute the query
(Step 7).

Many relational databases have similar processes for query processing. The general
process is parsing the query into an internal data model such as a logical query tree
also known as an abstract syntax tree, which is then fed to the query optimizer to
provide an optimized plan for the query execution engine to create an execution plan,
which is a tree of physical operators with edges representing data flow between the
physical operators. Query execution engine is the component that decides between
physical operators such as MSJOIN and HSJOIN. The query execution engine will
take in metadata to decide the best operator. Query optimization is a difficult task
because the goal is to choose a correct plan with the best cost. The search space for

execution plans is huge, and the optimizer must compare the costs of each of these
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plans, then search for the best one among these cost estimated plans.

To illustrate why the search space is exponential with respect to the number of
tables referenced in a query, consider the number of different join orderings between
the tables. For example, with 3 tables, there are 12 possible join orderings. The
specific formula is w where N is the number of relations [21]. Additionally,
the optimizer must consider for each logical operator in the plan, the implementation
(e.g table scan versus index scan).

Cost estimation is also a difficult task. Cost estimation is used because executing
all the different execution plans for the same query is infeasible, especially for more
complex queries. Many databases utilize a cost model to estimate the cost of these
execution plans using metadata such as table cardinality. Each operator in the exe-
cution plan will have a cost associated with it, which will be a unit of work estimated
to be done by that operator during execution.

Finally, searching through the execution plans and estimating the cost of each plan
exhaustively is infeasible. This is why there is a search algorithm to find the plans with
the smallest estimated cost. An early example of a search algorithm is the dynamic
programming approach introduced in System R [22]. The algorithm first enumerates
all possible access paths for each individual relation. It then systematically combines
these to evaluate all possible join orders for two relations, extends the process to
three relations, and continues iteratively until all relations for the entire query are
considered.

Query optimizers have to consider all these aspects to be effective in query opti-

mization. Query optimization is an ongoing research field with a deep literature [12],

[23]-[28]
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2.2 Data Layouts

Data layout is one aspect that the query optimizer will consider when generating
an execution plan with an optimized access plan. The importance of data layouts
comes from the need to increase performance over the random access of data on non-
volatile storage. Sequential access of data is a lot faster than random access of data.
Therefore, it is critical for data system performance to have similar data physically
co-located so queries can access the data sequentially.

Data layouts are used in analytical data systems such as IBM Db2 with column-
organized tables to improve the performance of scans and filtering over the data.
Data layouts improve performance by reducing the amount of data scanned during
their respective operations. One technique that these analytical data systems use is
leverage data layouts that are appropriate for their query workload. For example,
one can order the data by a specific column by choosing that column to be the sort
key. This sort key is used to sort the data into several partitions called data blocks.
Metadata, such as the minimum/maximum value for each column, is constructed for
each of these blocks. This minimum/maximum value construction and storage is
often called a zone map or small materialized aggregate [4], [29]. These zone maps
allow the data system to skip irrelevant accesses of data blocks, thereby improving
performance. For instance, Table shows an example of a zonemap. The first two
columns (SS_.SOLD_DATE_SKMIN and SS_.SOLD_DATE_SKMAX) show the ranges
for a particular contiguous range of rows shown in the last two columns (TSNMIN
and TSNMAX).

Multiple data layouts have been implemented and proposed before, such as single-

column and multi-column data layouts [30]. The common data layouts are lex-
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SS_SOLD_DATE_SKMIN SS_SOLD_DATE SKMAX TSNMIN TSNMAX

2451970 2452031 0 1023
2452160 2452415 1024 2047
2451456 2452474 2048 3071
2451456 2451967 3072 4095
2451776 2452223 4096 5119

Table 2.1: Example of Zonemap.

icographical sorting using single-key and compound-key columns, and Z-order for
multidimensional data layouts. Lexicographical sorting uses the natural order of
values to sort the values. For example, alphabetical order when dealing with let-
ters or ascending order for numbers. Z-order involves interleaving the bits of the
binary representation of the values being sorted. Z-order maps multi-dimensional
values into a one-dimensional space. Z-order preserves locality of the data points,
meaning that values close together in the multi-dimensional space will also be close
in the one-dimensional space. Less commonly, Hilbert ordering, a technique with
stronger locality preservation than Z-order, has been explored for further improving
data organization in multidimensional layouts. Hilbert ordering involves recursively
partitioning your data into quadrants and connecting them in a continuous path.
Each point is assigned a one-dimensional Hilbert index corresponding to its position
along this curve, and the points are sorted by this index value. As a result, locality
preservation is stronger; however, the computation of Hilbert ordering involves many
computationally intensive operations, including complex bit manipulations and re-
cursive transformations, which make Hilbert ordering slow to compute compared to
Z-order and difficult to implement in database systems.

These data layouts are implemented in many of the open table formats, such as

Apache Iceberg [31]. Open table formats are becoming increasingly popular due to

16



the use cases they support, such as the metadata they store that helps minimize data
scans and the separation of compute and storage. Popular features of these open
table formats include time travel and snapshot isolation [31]. Each open table format

has its tradeoffs was discussed in literature |32], [33]
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Chapter 3

Related Work

3.1 Knob Tuning

Many systems for automatic database system knob tuning using machine learning
have been developed over the last several years; e.g., [12], [23], [25], [34]-]38]. In this
part, we focus on the ones most relevant to the LayZ system.

Db2une [23] is an automatic query-aware tuning system that leverages reinforce-
ment learning to maximize performance while minimizing resource usage. Db2une
employs a transformer-based query-embedding pipeline to give to the deep reinforce-
ment learning model, which learns from cost estimates, interpolated cost estimates,
and database statistics to recommend the optimal tuning configurations for a target
workload. This approach does not require the system to explicitly run the queries on
the database nor create a full copy of the database to run queries on, and demon-
strates that cost estimates can successfully be used in knob-tuning, the system still
relies on the query optimizer to give an effective cost estimates, which may limit its

use with other databases where the query optimizer might be more likely to give
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inaccurate cost estimates, and requires lots of training data to get effective tuning
recommendations.

OtterTune [12], [39] uses Lasso regression to identify and rank influential knobs,
matches workloads to previously collected performance data, and applies Bayesian
optimization (BO) with a Gaussian process to recommend knob settings. While effec-
tive, this method requires a substantial number of costly training samples. Moreover,
although BO has shown promise for knob tuning, its performance degrades in high-
dimensional search spaces [40], [41], making it less suitable for complex analytical
workloads.

CDBTune [25] introduces deep reinforcement learning (DRL) for knob tuning, lever-
aging Deep Deterministic Policy Gradient (DDPG), an off-policy learning algorithm.
Unlike OtterTune, it learns through interaction with the database environment, re-
ducing the reliance on large labeled datasets. However, CDBTune only supports
coarse-grained tuning for broad workload types (e.g., read-heavy) and is not query-
aware. It reacts solely to system-level metrics, such as data read counters and lock
timeouts, without considering individual query characteristics.

Gur et al. [42] extend the DDPG approach to support workload variability via a
multi-model solution, using IBM Db2monitoring to adapt memory allocation. Their
method is well-suited to a diverse range of OLTP workloads, but training and main-
taining multiple models becomes costly in environments with many distinct workload
patterns.

QTune [34] builds upon on CDBTune by incorporating query features into the tuning
process through a double-state DDPG (DS-DDPG) model. It featurizes queries based

on involved tables, attributes, and estimated costs, and uses these features to predict

19



system state and recommend knob settings. However, QTune’s representation fails
to fully capture query structure and cardinality, limiting its ability to generalize to

unseen queries and schemas.

3.2 Physical Design Structures

The problem of tuning physical design structures (PDS) has been explored for decades,
with most existing tools focusing on a single type of structure [43], [44]. Index tuning
has served as a natural starting point for many systems due to its relative simplic-
ity and proven effectiveness. Numerous traditional and learned approaches have been
proposed for index tuning [43], [45]—-[47] Similarly, there has been substantial research
into view tuning [3]. However, few tools operate in the joint design space of indexes
and materialized views [5]-[7], [L1]. We focus on the tools most relevant to our system.

Db2Advisor [6]: A comprehensive physical design recommendation tool inte-
grated into IBM Db2 that automatically recommends any subset of four physical de-
sign features—indexes, materialized query tables (MQTs), data partitioning, and
multi-dimensional clustering (MDC)—based on a given SQL workload and storage
constraints. It employs a hybrid approach that combines integrated and iterative
search strategies to capture strong feature interdependencies (e.g., between indexes
and MQTs) while maintaining extensibility and modularity. The system includes a
workload reduction module for scalability and uses the DB2 optimizer in extended
“EXPLAIN” modes to recommend and evaluate virtual design structures. These vir-
tual design structures rely on the cost optimizer, leading to potentially bad choices if
the cost optimizer is inaccurate. It recommends MDC and data partitioning, forming

the early and practical instances of data layout tuning.
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HMAB [11]: HMAB (Hierarchy of Multi-Armed Bandits) is a self-driving physical
design tuning framework that jointly optimizes indices and materialized views using
a hierarchical contextual combinatorial bandit architecture. It balances exploration
and exploitation based on actual query performance, avoiding reliance on inaccurate
cost models. The two-tier hierarchy first generates and filters PDS candidates (e.g.,
per-table indices and multi-table views), then evaluates joint configurations using
contextual feedback to guide selection and learning. They leverage hypothetical what-
if analysis to prune ineffective options before materialization. The design supports
modular context modeling, incremental learning, and online adaptation to workload

drift, making it a good foundation for including data layout recommendations.

3.3 Data Layouts

The ability to sort data along multiple dimensions has become increasingly important
in modern analytical databases. To support this, many systems have adopted multi-
dimensional sorting schemes, with Z-order (or Z-ordering) emerging as a popular strat-
egy. Z-order is a locality-preserving space-filling curve that maps multi-dimensional
data to a single dimension by interleaving the bits of the binary representations of
each column value.

Recent systems have leveraged Z-ordering as a lightweight indexing mechanism
to improve scan efficiency. Databricks Delta Lake, for example, organizes data into
horizontal partitions (blocks) and maintains zone maps—metadata summaries that
contain the minimum and maximum values for each block. By sorting data according
to Z-order values, Delta Lake improves the effectiveness of zone maps and enhances

block skipping, thereby significantly reducing the amount of data scanned during

21



queries [48]. Amazon Redshift [7] similarly supports Z-ordering via interleaved sort
keys, which are designed to improve zone map performance. These systems often
cache zone map metadata in memory, whereas standard file formats, such as Apache
Parquet and Apache ORC, store such metadata in the file footer, allowing blocks to
be skipped during scans if their value ranges do not intersect the query predicate.

Delta Lake [48]: Delta Lake is an open-source storage layer that brings ACID
transactions to big data workloads on Apache Spark. It organizes data into horizontal
partitions (blocks) and employs zone maps that record min/max statistics for each
column within a block. During query execution, these statistics are used to skip
irrelevant blocks whose value ranges do not intersect the query predicates. To improve
the effectiveness of block skipping, Delta Lake sorts data using Z-ordering, which
interleaves bits from multiple columns to preserve multi-dimensional locality. This
sort order increases the likelihood that relevant tuples for a multi-column predicate
appear within the same block, thus enhancing pruning performance and reducing
scan cost. Additionally, Delta Lake supports Hilbert ordering through its Liquid
Clustering feature [49]; however, there are no tunable parameters other than column
selection for the Hilbert ordering given to the end-user.

Amazon Redshift [7]: Redshift is a cloud data warehouse that supports inter-
leaved sort keys, a mechanism that approximates Z-ordering. Unlike traditional sort
keys, which sort data by one column followed by others lexicographically, interleaved
sort keys assign equal priority to all included columns and generate a sort order that
balances their influence. This enhances the effectiveness of block-level zone maps,
especially for queries with compound predicates over multiple dimensions. Like Delta

Lake, Redshift relies on user-specified column selections, and poor choices can lead
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to suboptimal query performance due to ineffective pruning.

Apache Parquet and ORC [50], [51]: These are popular open columnar file formats
used in big data systems. They support lightweight metadata indexing by storing
min/max statistics and other summary information in the file or block footers. During
scan operations, query engines inspect this metadata to determine whether a block is
relevant to the query, allowing coarse-grained block skipping. Although Parquet and
ORC do not directly support Z-ordering, systems built on top of them (e.g., Delta
Lake, Apache Iceberg) can enforce a Z-order-based sort order before writing data,
thereby improving the selectivity of the built-in metadata filters.

UB-tree [52]: The UB-tree is a multi-dimensional index structure built on top
of a traditional B-tree. It uses Z-order values to partition space into regions called
Z-regions, where each region corresponds to an interval on the Z-order curve. Range
queries are answered by computing the minimum and maximum Z-values for a rectan-
gular query region and scanning the B-tree for all leaf pages whose intervals intersect
this range. When an out-of-range Z-value is encountered, the algorithm uses geomet-
ric properties of the Z-curve to ”jump ahead” to the next candidate region, thereby
avoiding unnecessary scans. UB-trees enable precise filtering for range queries but
incur higher storage and update costs compared to simpler approaches like zone maps.

Amazon DynamoDB [53], [54]: DynamoDB supports secondary indexes that can be
defined using Z-order encodings of multiple attributes. For multi-dimensional range
queries, it evaluates whether a given Z-order value is relevant using a function like
isRelevant, and uses nextJumpln to calculate the next minimum Z-value inside the
query region. This mimics the UB-tree approach and provides better precision than

metadata-only filtering. However, DynamoDB relies on external function calls to han-
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dle these operations, which may add overhead during query execution. Additionally,
maintaining such indexes introduces extra write amplification and storage costs.

Flood [55]: Flood is a learned, read-optimized, in-memory index designed for
multi-dimensional data. It uses a workload-driven training phase that analyzes a
sample of queries to identify frequent combinations of accessed columns. Based on
this analysis, Flood generates a custom layout strategy that clusters related attributes
and minimizes query access time. The index structure is adaptive, meaning it can
reconfigure itself when query patterns shift, but it requires access to representative
workloads and may not generalize to unseen queries without retraining.

Tsunami [56]: Tsunami extends Flood by incorporating techniques to handle
skewed data distributions and workloads. It introduces a lightweight analytical cost
model that estimates query performance for different layout configurations, allow-
ing the system to select the most efficient one. Tsunami supports dynamic layout
selection, enabling it to adjust to workload changes without full retraining. While
more robust than Flood, it remains an in-memory structure focused on point and
small-range queries and does not directly support persistent storage layouts such as
Z-ordering with block pruning.

Gao’s Learned Z-order with Dynamic Bit Allocation [8]: Gao proposes a
learned approach to Z-order indexing that allocates a different number of bits to each
column, referred to as dynamic bit allocation. This method uses Bayesian optimiza-
tion to search over Z-order configurations, considering which columns to include and
how many bits to assign to each column. It introduces a cost model based on query
selectivity and column statistics to guide the search and uses Apache Arrow and

Parquet for data storage. This reveals the value of bit-level control and query-aware
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weighting, which existing systems lack.

3.4 LLM-based Tuning Configurations

LLMs have been used recently to some degree of success in the database research
field. In the knob tuning field, they can recommend database-specific knobs by either
reading the documentation [10] or by relying on the pre-trained weights with a com-
pressed version of the query workload in the prompt [9]. We focus on the ones most
relevant to our system.

A-Tune [9] introduces a prompt-based system for automated database configura-
tion tuning using large language models (LLMs). Unlike traditional ML-based tuning
systems that rely on costly training data or system profiling, A-Tune leverages the
implicit knowledge encoded in instruction-tuned LLMs to recommend tuning config-
urations for new workloads without requiring any prior database access. The system
utilizes the LLM to predict knob values and indexes based on a natural language de-
scription of the query workload, database system name, and hardware specifications.
Their approach does not embed database-related statistics in the prompt for the LLM,
which may limit its performance on workloads with abnormal data distribution.

DB-BERT [10] introduces a database tuning system that leverages large language
models (BERT) and reinforcement learning to optimize system configuration param-
eters by extracting hints from natural language text such as manuals and tuning
guides.. DB-BERT focuses on software-level tuning (e.g., buffer sizes, cost constants)
rather than physical data layouts, but it illustrates a generalizable methodology: us-
ing pretrained language models to interpret tuning knowledge and combining it with

workload-specific performance feedback. This paradigm of text-informed, feedback-
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driven optimization is increasingly being applied to layout decisions as well, bridging
configuration and physical design in learned database systems.

GPTuner [57] introduces a database configuration tuning system that integrates
domain knowledge into the optimization process by leveraging large language models
(LLMs). It constructs a structured collection of database tuning knowledge from
manuals, forums, and GPT-generated insights, which is then used to narrow the
search space and guide a Coarse-to-Fine Bayesian Optimization strategy. GPTuner
selects relevant knobs without training, prunes unsafe or irrelevant value ranges, and

explicitly models special-case configurations via virtual knobs.

26



Chapter 4

System Description

4.1 System Overview

LayZ is a query-aware data layout recommendation system for IBM Db2, designed to
optimize for performance on analytical query workloads. LayZ leverages an LLM to
generate data layout configurations for analytical query workloads. Our intuition is
that the data layout recommendations can be described as a concise prompt to the
LLM that already contains the necessary pre-trained weights for domain-specific and
query-specific layout information. Using an LLM can lessen the need for training
data and the training overheads associated with training in deep learning systems.
The system’s primary purpose is to make data layout recommendations on request.
Figure overviews the architecture of LayZ. A query workload is defined as a
collection of SQL queries executed over a specific database (its schema and corre-
sponding data). A query ezecution plan (QEP) details the steps the database system
undertakes to retrieve the queried data, including the chosen join order, join type,

associated costs, cardinalities of intermediate results, and underlying statistics (as
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Figure 4.1: Architectural overview of LayZ.
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seen in Figure [1.1).

To start the layout recommendation process from our system, a data layout recom-
mendation request is made with a target workload (Step 1). The workload featurizer
component processes the workload with respect to its current layout and configura-
tions, generating a QEP for each query and statistics about the entire dataset (Step 2
and 3). Some information we extract from the QEP includes the predicates, join keys,
and cardinality of base tables. These statistics include hardware information and ta-
ble sizes. This information is then passed into the prompt generation component
(Step 4).

After the component generates the necessary information into a succinct format,
the prompt generator then featurizes all this information and generates a prompt out
of the information for the LLM to execute (Step 5). The LLM will then execute the
prompt with its given information. We prompt the LLM n times to get n configura-
tions. Each configuration includes a full layout recommendation. We give it multiple
rules that it must adhere to, such as the possible data layout options that the database
supports. The LLM outputs multiple data layout configurations for the target work-
load. (Step 6). The multiple layout configurations are then evaluated. Since there
might be duplicate configurations for similar queries, we eliminate those to avoid re-
dundancy. Since running the queries exhaustively might take an exorbitant amount
of time, we create a uniform sample of the database and evaluate our configurations
on the sample database (Step 7 and 8). Each configuration will have an associated
estimated query runtime based on our cost model. These evaluated configurations are
then passed to a selection component (Step 9). After each configuration has a cost

associated with it, we then select the most impactful configurations to apply to the
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database. Currently, we determine the most impactful configurations by having the
user choose an integer £ where we select the top k£ configurations determined by our
cost model that are generated from the LLM. After the configurations are selected,
we generate the appropriate database code to apply the ordering (Step 10). The
DBA then validates final data layout recommendations and applies the appropriate

layouts.

4.2 Workload Featurizer

The typical workflow for using an LLM to recommend data layouts without LayZ
would involve the user asking an LLM to determine the optimal configuration of the
data layout for each table in the database for a given query workload. The user
does not have any specific metric to judge optimality by, and gives it the entire
query workload. The query workload is gigantic, and without an enormous amount
of hardware resources, the LLM will not run. Let’s say that the user has enough
resources for the LLM, then there would be a huge amount of tokens to process,
which would significantly increase the cost of using the LLM. To avoid this, the user
selects a subset of the query workload to give to the LLM. This relies on the user’s
expertise to select representative queries of the query workload, which might not
always be perfect and does not have any metadata, thus missing some crucial details
that would impact data layout recommendations.

Wanting better recommendations that take into account more than just the queries,
the user uses LayZ to get a data layout recommendation, giving it the same queries
as it did to the LLM. LayZ leverages IBM Db2’s explain facility to get the QEPs from

each query in the query workload, extracts all the predicates involved in the table
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Recommend data layouts for IBM DB2 LUW to optimize the system's performance. Such data layouts include weighted z-ordering. Weighted z-ordering is z-order with a
configuration on the number of bits to assign each value. Each table will have their own weighted z-order using its own columns.

Provide a response that contains the configuration for a weighted z-ordering. For example, movie_companies.company_type_id: 1 means take 1 bit from movie_companies
each round of the bit interleaving in z-order.

The workload runs on a system with the following specs:
CPU Speed: 6.297924e-08

Buffer Pool size: 187958

Sort Heap size: 100000

Database Heap size: 5725

The following are all the predicates and their frequencies involved in the query workload in the format "predicate [count: ?]":
d_month_seq BETWEEN "?' AND '?" + '?' AND cs_ship_date_sk = d_date_sk AND cs_warehouse_sk = w_warehouse_sk AND cs_ship_mode_sk = sm_ship_mode_sk
AND cs_call_center_sk = cc_call_center_sk AND cs_list_price BETWEEN '?' AND '?' AND sm_type = "?' AND cc_class = '?' AND w_gmt_offset = -'?' [count: 1]

Mapping of table and their columns:

catalog_sales: cs_list_price, cs_ship_date_sk, cs_warehouse_sk, cs_call_center_sk, cs_list_price
date_dim: d_month_seq, d_date_sk

warehouse: w_warehouse_sk, w_gmt_offset

shipping_mode: sm_ship_mode_sk, sm_type

call center: cc_call_center_sk
Table cardinality:

catalog_sales: 1440048277 rows
date_dim: 73049 rows
warehouse: 20 rows
shipping_mode: 20 rows

call center: 42 rows

Figure 4.2: Example Prompt

scans, the join columns, hardware information, and table sizes. LayZ then featurizes
and encodes this information in a prompt for the LLM to process. This preprocessing
reduces the number of tokens, thus reducing the resource usage and monetary cost
of using the LLM. An example prompt is shown in Figure 1.2l We can see that the
prompt only includes the predicates, hardware information, and table information.
All of this information is used to instruct the LLM on how to interpret and tune the
query workload concerning data layouts. The user is now able to efficiently get a data
layout recommendation for specific tables for the given query workload. These data
layouts are able to interact with each other to get better results than an individual
data layout on a table. Some of these data layouts have tunable parameters, such as
weighted Z-ordering, and the LLM can adjust and give the weights for the weighted

Z-ordering too. In short, LayZ can preprocess a query workload such that the input
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size is reduced before giving it to the LLM while maintaining key features of the query

workload and database metadata.

4.3 Prompt Generator

Once all the interesting characteristics are extracted from the QEP, the prompt gen-
erator embeds these characteristics into a prompt template. Additionally, hardware
information and memory-related knobs, including buffer pool and sortheap size, are
embedded into the prompt.

For prompts, the LLM should have a sense of the schema of our dataset, so we
embed a table mapping where each column is mapped to its respective table. We
attempted different variations of displaying the table schema, such as a table of all
the table names and their columns; however, there was no noticeable impact on the
performance. Furthermore, the LLM needs a sense of the respective sizes of each of
the tables to determine which tables will significantly impact performance compared

to the other tables; thus, we embed the table cardinalities of the involved tables.

4.4 Configuration Evaluation

To finally recommend a given configuration, we need to evaluate the candidate con-
figurations and choose the best one according to the goals of the user.

At the beginning of the evaluation process, we create a uniform sample dataset
from the full dataset. Evaluating the full query workload would be too time-intensive
due to the number of candidates that need to be evaluated and the scale of some

workloads. To evaluate the candidates, we have a cost model based on the Gao’s
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Bayesian Optimization system [§] to determine the effectiveness of a candidate.
In their approach, their cost model is dependent on number of rows and columns
scanned multiplied by the time it takes to read a single row of a single column. They
do not consider the time it takes to read each data type. Therefore we modify our

cost model to accommodate this:

(&
cost = r X wa(j)
j=1

where 7 is the number of rows scanned, ¢ is the number of columns used by the query,
7(j) denotes the data type of column j, and w.(;y is the scan cost of the column
based on the data type. Since there can be a large amount of data in the database,
especially in a cloud setting, we utilize the IBM Db2 synopsis tables on the sampled
database to determine the number of rows scanned. Each row in the synopsis table
has a metadata column that contains the number of rows in that particular data
block, as shown in Table 2.1, We determine the number of rows scanned by seeing
which data blocks satisfy the predicate and how many rows are in that data block.
This is done for each candidate configuration to generate the cost. Each configuration

will have an associated cost that determines its effectiveness.

4.5 Configuration Selection

The candidate configurations must now be selected for a final recommendation from
the advisor. After each configuration has a cost associated with it, we then select the
most impactful configurations to apply to the database. Currently, we determine the

most impactful configurations by having the user choose an integer k, where we select
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the top k configurations generated from the LLM. This number can be automatically
determined through other techniques, such as a learned model that approximates the
best k for a target workload; however, our current system does not do this. Some
of the recommendations that are not applied to the database can be used for other
physical design structures, such as MVs. For example, if £ = 3, then the top choice
would be the primary layout for the database, and the second top choice can be

applied to a MV.
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Chapter 5

System Demonstration

To showcase the LayZ system, we developed an interactive web application that lets
users use a data layout advisor to be recommended data layouts to boost performance
and see how LayZ’s recommendations aid users in creating other physical design

structures to enhance the complex analytical workload performance.

5.1 Query-Aware Data Layout Recommendations

Queries that use table scans and filters as a large part of their performance benefit
greatly from data layouts. For example, if the user executes the query in Listing [5.1]

then there would be intensive table scans and filtering involved in the query.
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SELECT min(i_brand_id), min(i_manufact_id),
min(ss_ext_sales_price)

FROM date_dim, store_sales, item, customer,
customer_address, store

WHERE d_date_sk = ss_sold_date_sk

10

11

12

13

14

15

16

and ss_item_sk = i_item_sk

and ss_customer_sk = c_customer_sk

and c_current_addr_sk = ca_address_sk

and ss_store_sk = s_store_sk

and i_category = 'Home'

and d_year=2001

and d_moy = 10

and substring(ca_zip,1,5) <> substring(s_zip,1,5)
and ca_state = 'OR'

and c_birth_month = 12

and

ss_wholesale_cost BETWEEN 51 AND 71;

Listing 5.1: Modified query based on DSB Query 19_SPJ
Even just modifying the data layout of the largest table in the query (i.e store_sales)
would yield benefits as large as 90% as shown in Table 5.1} In Table 5.1, we do a
per-query performance breakdown for selected DSB queries. We normalize by the
random layout, because that is a common layout in databases, when no layout is
selected.
We also compare the performance between Gao’s Bayesian Optimization (BO)

[8] and the LLM method. Gao’s Bayesian Optimization utilizes Bayesian optimiza-
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Q11
Card: 1.92080E+06
CUST_DEMO

Q1
Card: 8.64063E+07
STORE_SALES

Q3
Card: 7.30490E+04
DATE_DIM

Q4
Card: 4.31962E+07
CATALOG_SALES

Q2
Card: 7.30490E+04
DATE_DIM

Q7
Card: 7.30490E+04
DATE_DIM

Q8
Card: 2.15986E+07
WEB_SALES

Q13
Card: 4.33000E+05
CusT

Q12
Card: 2.16000E+05
CUST_ADDRESS

Figure 5.1: Query Execution Plan for DSB Qgo.
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Query Runtime (relative to Random layout) |
Random (Baseline) LayZ Bayesian Optimization

q10 | 1.0 0.20 0.21
ql9.spj | 1.0 0.31 0.30
ql9 | 1.0 0.45 0.44
q92 \ 1.0 0.05 0.07
q58 | 1.0 0.04 0.06
q69 | 1.0 0.06 0.09
q25.spj | 1.0 0.06 0.07
q25 | 1.0 0.07 0.08
q50 | 1.0 0.10 0.11
q99 | 1.0 0.10 0.16

Table 5.1: Per-query template breakdown of runtime in DSB Workload

tion to search over Z-order configurations for a target table. They have a custom cost
model described in Chapter [4.4] which is their objective function that is passed to the
Bayesian optimization algorithm. Our LLM method can recommend configurations
for multiple tables at a time, and does not have the same training time as the BO
method. We can see that in Figure that there are multiple tables recommended
by the LLM. We analyze the information collected from the QEP in Figure|5.1] such
as the predicates in the table scans, table cardinalities, and cost estimates. The QEP
enhances the LLM’s output because it gives information on the dataset, as opposed

to the LLM attempting to infer it using external information.
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LayZ: LLM-directed Data Layout Advisor

Cuery Workload

»

select

cd gender, cd marital status, cd education status, count(*) cntl,

cd purchase estimate, count(*) cnt2, cd credit rating, count(*) cnt3
from

customer c,customer address ca,customer demographics

where

c.c _current addr sk = ca.ca address sk and ca state in ('KS','LA','OK') and
cd demo sk = c.c _current cdemo sk and cd marital status in ('W', 'S', 'S")
and cd education status in ('Unknown', '4 yr Degree') and

exists (select *
from store sales,date dim
where c.c_customer_sk = ss_customer_sk and

P I [ R A Aot ale e

Upload SQL File
CHOOSE FILE

Load content into textbox?

# of Configurations
1 GENERATE

Weighted Z-ORDER Configurations

Table: store_sales Table: web_sales
Column Weight Column Weight
ss_list_price 2 ws_list_price 2
Table: catalog_sales Table: customer_address
Column Weight Column Weight
cs_list_price 2 ca_state 5
Table: customer_demographics Table: date_dim
Column Weight Column Weight
cd_marital_status 4 d_year 3
cd_education_status 4 d_moy 3

Figure 5.2: Main Screen of the LayZ Layout Advisor.
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5.2 Joint Interaction with Materialized View (MV)s
and Data Layouts

Not all queries benefit from a single ordering. For example, if queries do not use the
Z-ordered columns, there will be unnecessary ordering overhead, or if the weighted
Z-ordering has suboptimal weights, such as assigning high weights to low selectivity
columns and low weights to high selectivity columns, then queries might increase
in runtime. To combat this issue, users can create materialized views to increase
performance for the regressed queries.

The user runs LayZ and gets a data layout for their tables in the database. The
user runs their query workload and notices some regressions in certain queries. The
user is then able to create a materialized view for their query and give the rewritten
query to LayZ to recommend a data layout for the materialized view.

LayZ assists in the recommendation of an MV because it allows a more diverse
range of QEPs to be used when processing a query. For instance, the query in
Figure[5.2| benefits from a specific ordering on the store_sales table, however that same
ordering can cause a regression in the query in listing [5.1] An MV recommendation
could be a subset of the store_sales table in a different layout. This allows for many
more queries to be processed faster, using different data layouts.

In Listing [5.4] we have an example of a materialized view that has the potential
to benefit many queries, especially in the TPC-DS workload [58]. For example, the
MV can match TPC-DS @4 and 1, specifically matching the snippets in Listings
and [5.3] Currently, there is no layout applied to the MV, leaving lots of room

for improvement. To resolve this, we can z-order the MV by the join key columns
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to increase the performance of the query. The TPC-DS workload contains many
predicates involving the ss_customer_sk, and ss_sold_date_sk columns. If a weighted
z-ordering on those two columns is applied to the MV, then synopsis tables can
reduce the number of rows accessed even further, improving the query processing

performance immensely.
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11

12

SELECT ...,
SUM(((ss_ext_list_price-
ss_ext_wholesale_cost -
ss_ext_discount_amt)+
ss_ext_sales_price)/2) year_total,
FROM customer
,Store_sales
,date_dim
WHERE c_customer_sk = ss_customer_sk

AND ss_sold_date_sk = d_date_sk

Listing 5.2: Snippet of TPC-DS @,

SELECT x*

FROM store_sales, date_dim

WHERE c.c_customer_sk = ss_customer_sk AND
ss_sold_date_sk = d_date_sk AND
d_year = 2000 AND

d_moy BETWEEN 1 AND 1+3

Listing 5.3: Snippet of TPC-DS Q19
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SELECT
ss_customer_sk,
ss_sold_date_sk,
sum(ss_net_paid) sum_1,
sum(ss_quantity * ss_sales_price) sum_2,

sum(ss_ext_sales_price) sum_3,

sum (

((ss_ext_list_price - ss_ext_wholesale_cost

- ss_ext_discount_amt) + ss_ext_sales_price) / 2
) sum_4,
sum(ss_ext_list_price - ss_ext_discount_amt) sum_5,

count (*) number_sales
FROM

store_sales
GROUP BY

ss_customer_sk,

ss_sold_date_sk

Listing 5.4: Example Query for a Materialized View
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Chapter 6

Experimental Evaluation

We perform an experimental validation of LayZ, showcasing its efficiency and effec-
tiveness. The experiments were run on a virtual machine with an Intel(R) Xeon(R)
Gold 6442Y CPU using 16 cores and 32GB of RAM, running IBM Db2 Enterprise
Edition. We evaluate LayZ on the DSB |14] benchmark. IBM Db2 is column-organized
and DSB is 1000GB of data. All experimental results for LayZare with respect to the
use of OpenAl 03 unless otherwise stated. In this chapter, we present the results of
experiments that compare LayZ performance on per-query and query workload exe-
cution times, LayZ with the Gao’s Bayesian Optimization system [8] and random
order, LayZ with different LLMs, and LayZ with different knob settings. Knob set-
tings are configurable parameters that control some aspect of database behavior or

resource allocation.
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6.1 Query and Workload Level Tuning

We evaluate the LayZ system against the Gao’s Bayesian Optimization system and
random order over the DSB workload. To demonstrate LayZ’s tuning effectiveness,
we evaluate LayZ against Gao’s Bayesian Optimization and random order on the
query template level and query workload level. Each query template will have 20
distinct queries.

Exp-1: Query Workload Level. We first evaluate LayZ’s efficiency in tuning on a
query workload level. This is achieved by feeding the entire query workload to LayZ.
In our experiments, the weighted Z-order configurations recommended by systems
tend to place higher weight on join keys compared to non-join keys. As illustrated
in Figure LayZ’s recommended layout configurations result in high performance
gains over the DSB workload. On DSB, LayZ reduces total execution time by 8.6%
compared to Gao’s Bayesian Optimization and by 69.6% compared to random
order.

The execution times were close in magnitude for Gao’s Bayesian Optimization
and LayZ however, we note that the time to get the layout recommendations was
much longer using Gao’s Bayesian Optimization due to BO needing to train for
150 iterations.

LayZ’s recommendations when given an entire query workload tended to put more
weight on the join keys of the query workload. This aligns with the fact that joins
are some of the most expensive operations in a database so the LLM is attempting
to reduce the cost of joins by proposing certain layouts.

Exp-2: Query Level. We next evaluate how the LayZ system tunes on a query level

basis. This is achieved by feeding specific queries to LayZ. We select specific queries
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Figure 6.1: Workload Level Tuning.

from DSB that involve a large number of rows scanned in the table scan operations
on the fact tables of the DSB schema. As shown in Figure LayZ outperforms
Gao’s Bayesian Optimization and random order over the DSB workload. On DSB,
LayZ has a quicker execution time in all instances of the random order and quicker
runtimes than Gao’s Bayesian Optimization on 8 out of 10 selected queries.

We notice that per-query recommendations tend to include weights on the measure

columns in fact tables (e.g SS_LIST_PRICE). Now that there are less columns to
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consider compared to the query workload, the LLM can tailor their recommendations
more to the specific query. This is beneficial as too many columns included in the
Z-order will not achieve effective data skipping and too little columns included in the

Z-order will perform the same as a single-key column sort.

6.2 Large Language Model Comparison

Exp-3: LLM System Recommendation Comparison We next evaluate the
effectiveness of different LLMs for data layout tuning by feeding the LLM the same
input prompt. We utilize the models Open Al 03 model, Granite 4.0 tiny preview
model [59], and the GPT-40 model to make our comparisons.

As we can see in Figure [6.3] 03 model outperforms the other models in recom-
mending layout tuning configurations. This can be because 03 is OpenAl’s is their
most powerful reasoning model.

Due to the memory constraints, we were unable to provide the query workload
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Figure 6.3: LLM System Comparison.

execution times for the Granite 4.0 tiny preview model, however, we present Figure
[6.4] as an example an individual query template runtimes, specifically DSB query 99.

This shows how preprocessing is important for LLMs with limited resources.

6.3 Database Knob Evaluation

Exp-4: Impact of Knobs To study the inclusion of knobs into the data layout
tuning, we evaluate two approaches over the DSB workload: with default knobs and

IBM documentation recommended knobs. The default knobs are set by IBM Db2 when
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you create a column-organized database. The documentation recommended knobs
are the configurations recommended by IBM when setting up a column-organized
database.

We mainly tune the sortheap heap. We choose the sortheap knob because this
knob controls the maximum number of memory pages that an operation in the QEP
is allowed to use. As a result, changes in this parameter can affect the speed and

number of rows that are processed in an operation. Therefore, this can impact the
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effectiveness of data layouts.
We measure the changes through query execution time. As we can see in Figure

[6.5] sortheap has a noticeable impact on query execution time.

Sortheap Knob Settings vs Execution Time
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Figure 6.5: Sortheap Knob Setting vs Execution Time.

6.4 Layout Recommendation Times

Exp-5: LayZ versus Gao’s Bayesian Optimization Recommendation time
Finally, we compare the time to get the finalized data layout recommendation from the

LayZ and Gao’s Bayesian Optimization systems. We compare the recommendation

20



times on a query workload level. We configure BO to run for 150 iterations. Note that
for Gao’s Bayesian Optimization we can only get the weights for one table at a time;
meanwhile, LayZ can recommend a holistic configuration for all tables in the dataset.
As a result, we use the total Gao’s Bayesian Optimization recommendation time
for the 3 largest tables by cardinality in the DSB dataset.

As we can see in Figure [6.6] LayZ ’s recommendation time outperforms Gao’s
Bayesian Optimization in recommending layout tuning configurations by over 150%.
This is because the Bayesian Optimization method requires multiple iterations to
explore and exploit the massive configuration space. LLMs already have lots of
pre-trained knowledge within them and can utilize this knowledge to recommend

"reasonable” layout configurations with quick processing times.
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Chapter 7

Conclusion

7.1 Conclusion

In this work, we present LayZ, a large language model (LLM)- directed data lay-
out advisor designed to address the growing complexity of tuning physical layouts in
analytical databases, such as IBM Db2. As modern workloads span numerous tables
with complex joins, filters, and skewed distributions in a cloud environment, tradi-
tional heuristic-based layout strategies fall short. LayZ addresses this challenge by
integrating LLM-based reasoning with the database’s query execution infrastructure
at a reduced cost compared to existing layout advisors.

Our system preprocesses query workloads using query execution plans to extract
meaningful features such as predicates, join keys, data distributions, and table statis-
tics, and encodes them into compact natural language prompts for an LLM. These
prompts allow the model to make intelligent layout recommendations, including con-
figurations for weighted Z-ordering, while dramatically reducing the computational

and monetary overhead typically associated with large language models.
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LayZ offers a cost-model-driven evaluation layer that selects the most promising
candidate layouts for a target workload. It further distinguishes itself by supporting
layout recommendations not only for base tables but also for materialized views,
enabling recovery from performance regressions and extending layout optimization
across multiple layers of the data processing stack.

Through a series of real-world scenarios based on the DSB benchmark, we demon-
strate how LayZ adapts to diverse query patterns and data characteristics, achieving
performance gains that rival and in some cases surpass industry expert layout strate-
gies. Moreover, LayZ’s ability to recommend multi-table layouts with minimal human
effort significantly broadens the scope and practicality of data layout tuning.

Ultimately, LayZ represents a new class of intelligent tuning tools that leverage
the power of LLMs not just for query rewriting or knob tuning, but for deep physical
design optimization. It opens promising avenues for automated database tuning where

human expertise is limited, workloads evolve, and performance matters.

7.2 Future Work

LayZ is designed as one piece of a greater self-tuning database system. LayZ currently
focuses on optimizing data layouts, including weighted Z-ordering, at the table and
materialized view level. A natural extension is to broaden the system’s scope to
include other physical design elements such as index selection, materialized view
design, and buffer pool configuration. A unified LLM-based advisor could reason
across these layers to produce holistic physical design recommendations.

Currently, LayZ operates reactively, recommending layouts based on the current

query workload. However, in dynamic environments such as enterprise data ware-
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houses or cloud-native analytics platforms, workloads often shift based on time-of-
day, user behavior, or business cycles. By integrating query workload forecasting to
predict future query patterns, LayZ could anticipate shifts in workload characteristics
and recommend layouts ahead of time. For example, if forecasted queries involve
different tables, filters, or access patterns than the current workload, LayZ could
precompute candidate layouts or materialized views before performance degradation
occurs.

The LLMs in LayZ operate based on static prompt engineering and pre-trained
knowledge. An adaptive variant of LayZ could incorporate feedback from observed
query performance to iteratively refine its recommendations. This could involve fine-
tuning on layout-performance pairs or reinforcement learning over diverse query work-
loads to improve over time. Another promising direction is the integration of retrieval-
augmented generation (RAG) to enhance the quality, accuracy, and generalizability
of LayZ’s layout recommendations. Since LayZ currently relies on pre-trained LLMs
and structured prompt templates, these models are limited to static knowledge and
lack access to system-specific documentation, prior tuning decisions, or institutional
best practices. RAG allows LayZ to dynamically retrieve relevant context such as
past tuning logs, workload summaries, database documentation, and historical query
plans from similar queries. This retrieved content can be embedded into the prompt,
enabling the LLM to generate recommendations grounded in specific, relevant, and
up-to-date system behavior.

The cost model used to rank layout configurations is currently rule-based. Replac-
ing or augmenting it with learned models trained on real workload runtimes could

improve accuracy and generalization. In addition, improving explainability, that is,
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why a specific layout was chosen, would build trust in the system and support de-

bugging and auditing.
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