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Abstract

Modern data systems such as IBM Db2 have hundreds of system configuration param-

eters, “knobs”, which heavily influence the performance of business queries. Manual

configuration, “tuning,” by experts is painstaking and time consuming. We propose

a query-informed tuning system called BLUTune which uses machine learning (ML)—

deep reinforcement learning based on advantage actor-critic neural networks—to tune

configurations within defined resource constraints. We translate high-dimensional

query execution plans (QEPs) into a low-dimensional embedding space (QEP2Vec)

and illustrate the usefulness of query embeddings for the downstream task of data

systems tuning. To scale to complex and large workloads, we bootstrap the training

process through transfer learning. We first train our model based on the estimated

cost of queries; we then fine-tune it using actual query execution times. As part of

a demonstration plan, we present an experimental study over various synthetic and

real-world workloads with two models. The first has been trained on TPC-DS queries

such that there are tables from the TPC-DS schema that are not seen during training

time. The second is trained under specific resource constraints to show how the model

performs when we limit the amount of memory the system has access to. Lastly we

include a QTune model to highlight the robustness of our system.
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Chapter 1

Introduction

1.1 Motivation

Analytical data systems such as IBM Db2 have nowadays hundreds of “knobs” for con-

figuration. Tuning the configuration can have an extreme impact on the performance

of business queries [1], [2]. These knobs span system allocation of physical resources

to modalities of the query optimizer which dictate the decisions it makes. In IBM Db2,

such tuning knobs are found as configuration parameters [3] and as registry variables

[4]. Knobs set the amount of working memory made available, such as the number of

pages allocated to the bufferpool and sortheap, the degree of parallelism to be used,

and even toggle specific functionalities of the query compiler, dialing down optimiza-

tion features by setting an optimization level. As these tuning parameters determine

the resources available to data system, they must be carefully tuned to achieve best

performance [5].

Traditionally, so-called knob tuning is performed by a system administrator, or

by an expert from the vendor themselves. Such manual knob tuning is, however,
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a painstaking and time-consuming process, which often involves heuristic judgment,

and lots of trial-and-error testing [6]. Three main challenges make knob tuning par-

ticularly difficult: (a) the sheer number of tuning parameters; (b) interdependence of

the parameters; and (c) how the tuning parameters affect different workloads.

As there are many tuning parameters, it is unrealistic to expect even experts to

understand the potential performance impact of each on the data system. Experts fo-

cus rather on high-profile, well understood configuration parameters, such as working

memory, sortheap size, and bufferpool size. These often have rule-of-thumb guide-

lines associated with them, which guide the experts to tune for a given workload. For

example, “the bufferpool should be ten times the size of the sortheap”. These are

only heuristics, however; there are likely better configurations for any given workload.

Understanding how any given configuration parameter behaves in isolation is itself

a significant challenge. Understanding how they interact with each other is that much

harder. Various knobs are interdependent, meaning that changing one affects the ben-

efits of others [3]. This is not surprising when configuration parameters draw from the

same physical resource; sortheap and bufferpool both are main memory allocations.

This is also not unexpected when different settings can lead to the optimizer choosing

different query plans for the queries. In IBM Db2, for example, the ratio of the size of

the sortheap to the bufferpool leads the query optimizer to prioritize differently pos-

sible query execution plans (QEPs). This is illustrated in Figures 1.1 and 1.2 which

plot for two queries from the TPC-DS benchmark [7] different resulting QEPs when

varying the sizes of the sortheap and bufferpool. (The notation 1e6 denotes 1× 106.)

These allocations affect the queries’ plans’ estimated costs non-uniformly, thus lead

to different plans being chosen. The colors denote different QEPs. Another example

2



Figure 1.1: TPC-DS Query #50.

is the joint tuning of the degree of parallelism and sortheap size. As more system

operations are performed in parallel, more sort consumers are allocated memory in

the sortheap, eventually leading to resource over-allocation.

Another challenge is that there is no one best configuration that offers optimal

performance for any query or workload. Tuning for performance is also dependent on

the queries and workloads overall to be evaluated. This is demonstrated once again in

Figures 1.1 and 1.2. Varying the sortheap and bufferpool sizes for the two queries from

the TPC-DS have rather different impacts on their estimated costs. This shows that

even queries from the same workload benefit differently from various tunings. This

becomes even more pronounced when considering different and dynamic workloads.
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Figure 1.2: TPC-DS Query #51.

1.2 Contributions

We have designed and developed an automatic tuning system called BLUTune for IBM

Db2. BLUTune is used by the IBM performance team to avoid the human burden

of manual tuning by automatically recommending knob settings. The system has

resulted in two publications; one for the 39th IEEE International Conference on

Data Engineering (ICDE) [8] and one for the 31st ACM International Conference on

Information & Knowledge Management (CIKM) [9] which resulted in a Best Paper

Honourable Mention award. In Sec. 3, we provide a system overview. Our goal with

BLUTune is to improve performance of business workloads. We make the following

contributions.

1. An Automatic Knob-Tuning System.

We present our automatic tuning system called BLUTune which uses deep rein-

4
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Figure 1.3: TPC-DS Query #98 at Optimization level 1

forcement learning (DRL)—specifically, the advantage actor-critic (A2C) agent

approach—to produce effective knob recommendations. A2C captures how good

an action (knob recommendation) is when compared against other actions, and

decreases the variance in comparison to the regular actor-critic model used by
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Figure 1.4: TPC-DS Query #98 at Optimization level 5

QTune and by CDBTune [10] [11]. Our approach additionally differs from these pre-

vious approaches in that our reward function as given to the agent includes the

performance history, allowing us to converge more quickly.

• Since during training an ML agent must try thousands of knob configurations,

this can be prohibitively expensive for complex and large workloads. To counter

this, we employ a multi-stage process: first, the ML agent trains using the op-

timizer’s cost estimates of the queries to bootstrap quickly the model; second,

transfer learning is used to fine-tune the model based on actual query-execution

times since estimates can also be inaccurate due to incorrect cardinality esti-

mation by the optimizer[12]–[15]. DRL is used as a proof of concept, but any

existing ML-tuning method that tunes based on the execution time (e.g., [10],

[16], [17]) could be combined with our multi-stage process.

• We design a single model capable of tuning both continuous knobs (such as

bufferpool and sortheap) and discrete knobs (such as optimization level and

parallelism degree) simultaneously for query, workload, and cluster levels. These

6



recommendations are kept within user-defined resource constraints (e.g., limited

memory for cloud computing).

2. Query Representation Learning.

We devise QEP2Vec, an unsupervised neural-network framework to learn repre-

sentations of QEPs that map their high dimensionality into a low-dimensional

embedding space for use in the downstream ML task of knobs tuning. [18]. We

follow the given success of recently proposed neural document embeddings such as

Word2Vec and Doc2Vec, to view an entire QEP as a document, and decomposed

templated query subplans as words. First, a set of subgraphs is extracted from

each input graph. These subgraphs can be chosen based on various criteria, such

as the presence of certain nodes (aggregate operators or expensive sorts), or based

on structural properties of the graph like joins. Second, a neural network is trained

to predict the context subgraphs given a target subgraph, using a skip-gram-like

objective function. In contrast, the prior query-aware QTune system [17] uses a

simple featurization of QEPs.

3. System Demonstration.

We highlight three models in this work. The first model is trained on TPC-DS

queries and tested on tables that were not part of the training set, showcasing

the effectiveness of our table agnostic method. The second model is trained un-

der memory constraints to evaluate its performance under limited resources. Fi-

nally, we demonstrate the robustness of our system by including a QTune model

trained on one benchmark schema and evaluated on a different benchmark. Each of

these models can be interactively used in a web-based application that is deployed

through Docker.
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4. Experimental Evaluation.

We present a comprehensive experimental study to demonstrate the effectiveness

of our approaches within, and the scalability of, BLUTune over complex and large

workloads. Our experimental results illustrate that our system can learn knob

configurations better than that other existing methods and IBM tools.

The necessary data systems background for understanding what BLUTune interacts

with is outlined in Section 2. We provide an overview of the BLUTune system in Section

3 where the specifics of the reinforcement learning and query embedding processes are

expounded upon. We go over a system demonstration that shows how users interact

with the tool in Section 4 and go over the experimental results in Section 5. We

describe related work in Section 6, and leave our concluding statements and future

work in Section 7.
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Chapter 2

Background

2.1 A Real-world Query Example

Knobs affect costs and execution times of queries by directly influencing the structure

and characteristics of the QEPs created by the query optimizer in IBM Db2. The

optimization-level knob, for example, specifies which classes of query optimization

techniques are applied when preparing dynamic SQL statements. The higher the

level, the more techniques are engaged. In Figure 1.3 and Figure 1.4, we illustrate two

QEPs for a portion of TPC-DS’s query #98 that result from different optimization-

level settings. Each plan operator (e.g., MSJOIN) in IBM Db2 is referenced in IBM Db2

as a low level plan operator (LOLEPOP). The top-most decimal number (possibly

in exponential notation) is the estimated cardinality, followed by operator type, and

then the operator ID (the integer in parentheses). The bottom-most decimal number

(again possibly in exponential notation) is the estimated cost; the estimated cost

is reported as a proprietary unit of measure called a timeron. A timeron is a cost

estimate calculated by evaluating the resources that will be used for a particular
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operation. It is derived using both I/O cost and processor cost. To determine the

relative importance of I/O versus CPU, weighting factors are applied that may vary

based on the CPU model being used. The Db2 optimizer utilizes statistics, indexes,

filter factors, and other available information to estimate the costs before applying

the weighting factors.

The first plan in Figure 1.3 was produced under the optimization-level setting of

1 (which offers a set of basic optimizations applied during plan generation). This

plan has an expensive merge-sort join (MSJOIN) between the tables WEB SALES and

WEB RETURNS. A merge-join requires ordered input on the joining columns, provided

either through index access or by sorting. Both tables are column organized, and

are first read by a table scan (TBSCAN) operators. The optimizer chose then as the

next step to convert the column-organized data into a row-organized format via a

column-organized table queue (CTQ) operator. An effect of this is that all subsequent

operations do not leverage the column organized vectors, compressed data and the

many optimization implemented in the column engine. The row-organized data is

sorted by the SORT operator, read then again by a TBSCAN. The intermediate result

from the WEB SALES table is filtered by a FILTER operator by a predicate before

finally being joined with the sorted WEB RETURNS table via a MSJOIN, with a resulting

estimated cost of 1.16645e+06.

For this query, however, an optimization level of 5 works better. The resulting

QEP in Figure 1.4 is much simpler, and is estimated to be less expensive with a total

cost of only 368880. The WEB SALES and WEB RETURNS tables are joined by a hash

join operator (HSJOIN) which does not require ordered input on the joining columns.

Provided the sortheap is sufficiently large enough to hold the lookup table required

10



for hashing the join column values, the HSJOIN is much faster and less expensive than

the MSJOIN in this case. Not only does this avoid two large SORT operations, it also

retains the data in a column-organized format, not needing the CTQ operator. This

allows subsequent operations to be accelerated as the data is still compressed column-

organized vectors and tuples. The resulting elapsed run-time, including execution

and compile time, for a query optimization level of 1 was 157.86 seconds versus 64.21

seconds for an optimization level of 5, a significant 60% reduction.
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Figure 2.1: Query Compilation Process
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2.2 SQL, Db2, and Query Optimization

2.2.1 Query Optimization Steps

In order to understand how QEP2vec parses the QEPs as well as how and why

BLUTune uses that information to perform knobs tuning, it is important to understand

the life-cycle of a query from the time it is written to the time that it is executed. The

query compilation process goes through seven main steps outlined in Figure 2.1[19].

The steps are as follows:

1. Parse Query

The first stage is to take the SQL query that is written by the user and parse

the statement to ensure that the syntax of the query is correct. An internal

representation is then stored using the Query Graph Model (QGM). The query

text itself is currently not used in the representation but may be a valuable

source of information as discussed in Section 7.2.

2. Check Semantics

Once the compiler ensures that the query has the correct syntax, it checks for

logical consistencies within the QGM. For instance, an operation that requires

a piece of data to be a float would check that the column being specified to

work with that operation actually contains a float.

The query is still in a form that is specified by the SQL statement provided by

the user. The compiler may now enforce some constraints on the state of the

QGM to ensure that the integrity of the query semantics are maintained before

moving on to the next step.

13



Figure 2.2: Original vs. Optimized Statement Text for TPC-DS Query

3. Rewrite Query

Abiding by the constraints set in step 2, the optimizer will perform many differ-

ent rewrite rules to make a query run more efficiently. After the rewrite stage,

the query itself may not be in the optimal state but the statements are put into

forms that can be better optimized. An example of the type of rewrite that can

be performed is general predicate pushdown in which the compiler moves the

level at which a predicate is evaluated. For instance, in Figure 2.4, a predicate

that is acting on the GRPBY(3) may only be filtering results from Q1; pushing

the predicate down to the TBSCAN at operator (10) may reduce the amount

of computation required and speed up the query while maintaining the same

semantics that were outlined by the QGM in step 2.

In general, aggregation, redistribution of rows, and correlated sub-queries, are

significantly more expensive on partitioned data systems since the data required

14



may reside on different systems and might incur lots of communication costs.

Query rewrite rules like general predicate pushdown may alleviate this by re-

moving the need for communicating the results if the pushdown results on decor-

relating the data such that each predicate only operates on data that is local

to the data system.

Another example of query rewrite rule is predicate translation[20] where the

compiler takes a predicate and turns it into a more efficient form. For instance,

a query containing a sequence of ’OR’ predicates may be switched to an ’IN’

predicate as seen below:

select *

from employee

where

deptno = ’D11’ or

deptno = ’D21’ or

deptno = ’E21’

translates to

select *

from employee

where deptno in (’D11’, ’D21’, ’E21’)

Once the rewrite rules have been applied, the explain tables will capture both

the original statement text as well as the optimized statement text, as can be

seen in the explain plan format tool’s output in figure 2.2.

4. Pushdown Analysis1

1This step is only taken for federated data systems.
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A more generalized version of general predicate pushdown that aims to deter-

mine whether operations can be pushed down to be evaluated directly on the

data source or remotely evaluated.

5. Optimize Access Plan

Once the query is rewritten, the optimizer gathers statistics from the QGM

regarding the components of the query and their estimated execution costs in

order to generate alternative plans that may satisfy the query at lower costs.

Additional forms of pushdown in the forms of aggregation pushdown and sort

pushdown occur, and the system makes use of which buffer pools are available

to generate the final version of the access plan.

In figure 2.3 we can see a graphical depiction of the optimized access plan that

is output by the IBM Db2 explain table format command, while in figure 2.4

we can see the access plan as visualized by the BLUTune system.

2.2.2 IBM Db2 Knobs

Sort heap is a temporary memory structure used by a data system to sort data during

query processing. When a query involves an ORDER BY or GROUP BY clause, the

data system needs to sort the relevant data before returning the results. To do this

efficiently, the system will typically allocate a portion of memory called the sort heap,

which is used to store and manipulate the data during the sorting process. The size of

the sort heap can be configured by the database administrator or may be determined

automatically based on the available system resources and the size of the data being

sorted. A larger sort heap can improve sorting performance by reducing the need to

spill data to disk, but can also consume more system resources.
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Figure 2.3: Query Explain Plan provided by IBM Db2’s exfmt tool

A buffer pool, on the other hand, is a portion of memory used by a data system

to cache frequently accessed data from disk. When a query needs to access data from

a table or index that is stored on disk, the system will read the relevant data into

the buffer pool, where it can be accessed more quickly by subsequent queries. The

buffer pool helps to reduce the amount of disk I/O required to process queries and

can significantly improve database performance. The size of the buffer pool can also

be configured by the database administrator, and is typically based on the available

system memory and the size of the data being accessed. A larger buffer pool can

improve query performance by reducing the amount of disk I/O required to access
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Figure 2.4: Query Explain Plan Visualization provided by BLUTune

data, but can also consume more system resources.

Both the sort heap and buffer pool are important components of data systems that

help to optimize query processing and improve performance. The optimal sizes for

these memory structures depend on many factors, including the size and complexity

of the data, the available system resources, and the specific workload being processed.

Since these knobs are continuous values, it can be time consuming and tedious to tune

these by hand. In addition to that, there are a plethora of other knobs that can be

hard to understand such as query optimization hints.

One such hint in IBM Db2 is the NO SORT MGJOIN hint that can be used to

instruct the query optimizer to use a merge join algorithm instead of a sort-merge

join algorithm. A merge join is a join algorithm that can be used to join two sorted
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Figure 2.5: Example QEP Node

input streams, and is generally faster than a sort-merge join algorithm. When the

NO SORT MGJOIN hint is used, the query optimizer will try to use a merge join

algorithm if possible, without first sorting the input streams. The sort-merge join

algorithm, on the other hand, involves sorting the input streams before joining them,

which can be expensive for large data sets. By using the NO SORT MGJOIN hint,

the query optimizer may be able to generate a more efficient execution plan for the

query.

Query optimization hints can have unintended consequences and may not always

result in improved query performance. The optimal execution plan for a query de-

pends on many factors, including the structure of the query, the size and distribution
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Figure 2.6: An Example Recommendation Encountered During Training

of the data, and the available system resources. It is generally best to rely on the

query optimizer to generate the most efficient execution plan, and to use query opti-

mization hints only when necessary and based on careful testing and analysis. A list

of the various continuous valued knobs as well as hints used in tuning can be seen in

Figure 2.6

2.3 Query Embeddings

Given that the intention is to use the queries in a machine learning pipeline, they must

first be put into some type of fixed length representation. A query does not have a

natural fixed length representation since a query can form a graph that is arbitrarily

large. Query featurization is the process of converting a SQL query into a set of

numerical features that can be used as input to machine learning models for query

optimization. Historically, database tuning systems are agnostic to the information

contained within a query. Huawei’s QTune system uses query featurization to generate
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Figure 2.7: Featurization Strategy Employed by QTune
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features that capture various aspects of a SQL query, such as the type of query

operation being performed, the tables and columns involved, and the aggregated then

normalized costs associated to each operator. This process is detailed in Figure 2.7.

In order to accomplish our goal of turning our queries into feature vectors without

the pitfalls of former methods, we come up with the notion of query templating and

then use graph-based embedding techniques (Section 3), the benefits of which are

outlined in Section 4.2). The query is first sent to the DBMS to produce the QEP

before it is then broken down into its constituent elements. Each node in the QEP

(an example of the information contained within a node is shown in Figure 2.5) is

parsed for certain details. First, we extract the operator for a given node and the

nodes relationship to other nodes within the graph. Starting at the nodes connected

to the tables, we work our way up the QEP and keep track of the relative depth of

the nodes within the joins, creating canonical labels for referencing these components

of the tree. Each node is represented within a pair of parentheses; the first number

represents the depth, and the second number represents the relative position of the

node within the input streams. For instance, the subgraph located at node 6 within

the Figure 2.3 would take the form ’(0-TBSCAN-0)-(1-HSJOIN-0),(0-TBSCAN-1)-

(1-HSJOIN-0)’ which would act as a key to a dictionary; the sub-graph starts at

depth 0 with nodes 7 and 8 which are both TBSCAN’s that connect to a HSJOIN.

The first TBSCAN is the inner-most stream giving it the suffix -0, while the second

TBSCAN is the input stream that follows it, giving it a suffix of -1. The resulting

label is called a template.

Not all templates are considered equal by virtue of their operators alone, however.

In addition to the operators and the relationships between them, certain aspects of
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select count(*) 
from store_sales,...,store 
where ss_sold_time_sk = time_dim.t_time_sk and ... 
order by count(*) 

Figure 2.8: Example feature vector obtained via the representative strategy

the costs at that node are included such as the total cost, the CPU cost, the I/O

cost, and the First Row cost. These amounts are cumulative, however, and so the

costs must be subtracted from the costs that are associated to the input streams;

this means subtracting the costs from the HSJOIN at node 4 from the proceeding

GRPBY at node 3 in the provided QEP. The cost vectors themselves are continuous

values and would create far too many templates should we choose to include them all.

To rectify this, we instead choose to keep a list of the costs associated to a template

and only add new cost values to this list if we have not yet encountered a cost vector

that is within a certain percentage based threshold. When we have a cost associated

to a template, we call this a representative.
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Before we perform the reinforcement learning algorithm to determine the optimal

knob settings, we first have to perform a representation learning algorithm in order to

learn a fixed-length feature vector for our arbitrarily sized query graphs. The process

is described in more depth in Section 3 but the inputs to the representation learning

algorithm are the queries and the list of graph features that are present within the

query. We can see an example of the representative strategy in Figure 2.8. In this

figure, the query is broken down into the elements of interest (the 1-,2-, and 3-way

joins, as well as select nodes) with their extracted costs. The block labeled ’Nodes’ and

’Edges’ represents the dictionary that is created during the representation learning

stage; here we can see the 5 components that are extracted are matched to their

closest representatives within the dictionary which results in a string of 0’s and 1’s

that represent that specific query.
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Chapter 3

System Overview

A workload is defined by a database schema, the data (populated with respect to

the schema), and a collection of SQL queries that are periodically executed. A query

execution plan (QEP) is constructed by the query optimizer for an SQL query, to

be evaluated at runtime [21]. Within IBM Db2, query plans are represented in the

query graph model (QGM) [22], [23]. An SQL query is first parsed into a QGM

representation; then that QGM is rewritten by IBM Db2’s query rewrite engine to

simplify the query, but preserving the query’s semantics. The rewritten QGM is

passed to IBM Db2’s cost-based optimizer, which annotates the QGM into a full-fledged

QEP. The QEP profiles the access paths chosen by the optimizer, the chosen join types

(e.g., sort-merge join), the join order, and index usage.

BLUTune is a system to automate fully the knobs tuning process for IBM Db2

with the goal of maximizing the performance for a given SQL workload. Runtime is

measured as the total elapsed time for compiling and executing a query until a result

is returned. An architectural overview of BLUTune is illustrated in Figure 3.1.

The collection of SQL queries from the workload in question is processed through
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Figure 3.1: BLUTune architecture.

the IBM Db2 environment, retrieving information about QEPs for the queries, but

without executing the queries themselves. A QEP contains information about the

query, including the operators and their costs, and information about the underly-

ing data statistics. This information is fed into QEP2Vec, which vectorizes the high-

dimensional QEPs into a low-dimensional embedding space (discussed in Section 3.2).

Each query can be handled and tuned for individually, or the entire cluster / workload

can be tuned for. When performing tuning for a given workload, the average embed-

ding of each query within the workload is used as input to the reinforcement learning

model. The recommended knobs are then applied and used for the workload as a

whole. If a user instead wishes to use clustering, we can perform principal component

analysis to reduce the dimensionality of the embedding space, infer the embedding

for each query within the workload, then use DBSCAN to perform clustering. Each

query cluster is then treated like a workload as described above to obtain a knob

recommendation for that query cluster.
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Given a QEP embedding vector as part of the input, BLUTune’s deep reinforce-

ment learning agent produces a knob configuration and applies it to the data system

(Section 3.1). The resulting performance metrics for queries under this new tuning

configuration are reported back to the agent to guide the learning.

3.1 Deep Reinforcement Learning

Reinforcement learning (RL) is a type of machine learning where an agent interacts

with an environment, performs an action, and receives rewards based on the actions

taken, with the goal of learning a policy that maximizes cumulative rewards over

time through trial and error. In Deep reinforcement learning (DRL), artificial neural

networks (ANN) are used as function approximators to guide the network when trying

to estimate the reward for performing a given action. The RL network is typically

trained using techniques such as Q-learning or policy gradient methods, and the

ANNs allows it to learn complex and abstract representations of the environment

and its dynamics. RL techniques can be categorized into two types: value-based and

policy-based. Value-based methods aim to learn the optimal value function, which

is a mapping between an action and its corresponding value. Deep Q Learning is

an example of a value-based method, where a learned function Q(s, a) estimates the

expected reward an agent can get in a state s by taking an action a. The larger

the Q-value, the better the action is considered to be. Policy-based methods, on the

other hand, aim to learn the optimal policy directly, which is a mapping between a

state and an action, without using Q-values. Policy gradient methods are an example

of policy-based methods. Value-based methods are considered more sample-efficient

and stable, while policy-based methods work better for continuous environments and
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Figure 3.2: Actor network.

converge faster.

Actor-Critic is a hybrid technique that combines both policy-based and value-

based methods, aiming to leverage the advantages of both. The basic idea is to

divide the agent model into two parts, an Actor and a Critic. The Actor learns an

optimal policy π (policy-based), and the Critic learns the Q-value Q(s, a) of each

state s and action a (value-based). The actor network can be seen in Figure 3.2 with

the discrete and continuous outputs while the critic network is outlined in Figure 3.3.

The interaction between the actor and critic occurs during training, where the agent

interacts with the environment, receives rewards, and updates its policy and value

estimates based on the observed experiences. The critic provides feedback to the
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Figure 3.3: Critic network.

actor on the quality of its actions by estimating the value function of state-action

pairs. The actor uses this feedback to improve its policy by selecting actions that

have a higher estimated value. In turn, the actor’s policy affects the critic’s value

estimates. As the actor explores the environment and tries new actions, it provides

the critic with new data to improve its value estimates. BLUTune uses a specific type

of DRL architecture called Advantage Actor-Critic (A2C). In traditional Actor-Critic

algorithms, the value function is estimated using temporal difference (TD) learning,

and the policy is updated based on the estimated value function using the policy

gradient method. However, in ”Advantage Actor-Critic” (A2C), the value function
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is estimated as the advantage function, which is the difference between the expected

value and the value of a state-action pair, and is used to update the policy directly.

Q(s, a) = r(s, a) + γV (s′) (3.1)

A(s, a) = Q(s, a)− V (s) (3.2)

A(s, a) = r(s, a) + γV (s′)− V (s) (3.3)

Hence, we only have to learn the state value function V . By learning the advantage

instead of the Q-value function, we can simplify the input to our model and also reduce

the variance within the policy network, resulting in a more stable model. The weights

for the policy (θ) and value function (w) are updated following Equations 3.4 and 3.5,

respectively. For an action a and a state s, the policy π is updated by multiplying the

advantage with the gradient of the log probability of the action chosen. The value

function Vw is updated by multiplying the squared advantage with the gradient of

itself.

∆θ = A(s, a)▽θ log πθ(a | s); (3.4)

∆w = A(s, a)2▽wVw(s) (3.5)
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Algorithm 1 Parsing graph for labels

Input: Query of interest
Output: A list of the labels and associated costs for the given query

execute query Q while data system is in explain mode
node list ← Query explain tables for nodes in QEP
edge list ← [], join list ← [], join candidates ← [], nodes ← dict()
for node in node list do

if node.parent != null then
edge list.append(node.parent, node)
nodes[node] ← (operator, depth, children, label)

end if
end for
for node in node list do

if node.parent.child count 1 then
node.parent.relative depth = 0
if node.parent not in join list then

join candidates.append(node.parent)
end if

end if
node.relative depth ← node.parent.relative depth + 1

end for
for i ← 0 to len(join candidates) do

depth ← 0
candidates ← [ join candidates[i] ]
while candidates != [] do

new candidates ← []
for candidate in candidates do

for child in nodes[candidate].in oper do
new candidates.append(child)
join labels[i] ← label
join costs[i] ← node.costs - node.children.costs

end for
end for
candidates ← new candidates
depth += 1

end while
end for
return join labels, join costs

31



Algorithm 2 Getting Representatives from Graph

Input: graph,
representatives ← dict(),
Output: A list of the representatives present in the given graph

% Get the list of operators/joins that are of interest
operator candidates ← []
join candidates ← [graph.join labels, graph.join costs]
nodes ← graph.nodes
for node in nodes do

if nodes[node].operator in {’GRPBY’,’SORT’,’RETURN’} then
operator candidates.append([node, nodes[node].operator,

nodes[node].costs])
end if

end for

% Using the operator/join labels, find the representatives
results ← [ ]
feature vector ← operator candidates + join candidates
for vector in feature vector do

% vector[1] contains the labels; vector[2] contains the costs
% Add the vector if it’s a new template
if vector[1] not in representatives then

% Add the cost to the list of representatives for that label
representatives[vector[1]] ← [vector[2]]
% For this graph, store the label appended by the index of the
% closest template match (only the 0th exists)
results.append(vector[1] + ”0”)

else
closest idx = idx of representatives[vector[1]] entry

with smallest dist() to vector[2]
results.append(vector[1] + closest idx)

end if
end for
return results
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3.2 Query Embedding

We present how to produce embeddings for SQL queries. First, for a given QEP, all

sub-plans—contiguous fragments of the QEP, so corresponding to sub-queries—are

generated, up to a predefined size threshold (number of joins). In Figure 3.4, an SQL

query is illustrated which consists of a two-way join between TPC-DS benchmark

schema tables CATALOG SALES and CUSTOMER ADDRESS. A sub-plan projects the join

and local predicates from the original QEP that are applicable to the sub-plan’s

selected tables. For the threshold, we have verified that, in practice, up to four-

way join is optimal. This process is recursively applied until the stopping LOLEPOP,

denoted as root, is reached in the QEP.

For abstraction, the table and column names in the plans are replaced by canonical
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symbol labels. Sub-plans are grouped into templates with similar ranges of lower

and upper-bounds of estimated costs and cardinalities. Thus sub-plans with similar

substructure and characteristics, but with different context of tables and column

names, can match, even across different workloads. We can see an example of query

execution plan and a highlighted join that we would like to create a template for

in Figure 3.6. The associated template and the costs associated to that template

are seen in Figure 3.7. In Figure 3.8 we can see an example of a template match

that is detected for a query run at two different settings; the differences in estimated

costs is rather stark and is thus more likely to cause the query to create two different

representatives for the given query. Figure 3.9 highlights a similar scenario but the

differences in sortheap and bufferpool have cause the join order to swap. Since the

templating method is agnostic to tables and the operators are otherwise the same,

these would have the same template base but different representatives due to cost

differences.
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Since query plans are in a high-dimensional space, we transform them into a low-

dimensional vector space via embeddings. In QEP2Vec, we consider QEPs and the

derived sub-plan templates in analogy with documents and words, respectively. The

Doc2Vec method [18] uses an instance of the skip-gram model called a paragraph

vector distributed bag of words (PV-DBOW) to learn representations of word sequences

of arbitrary length in documents.

To compute our QEP2Vec embeddings we construct a fake task to calculate the

probability for every 2-, 3-, and 4-way join to appear in a QEP using a skip-gram

neural network. This is illustrated in Fig. 3.5. In truth, we are not interested about

these probabilities. We ignore the second layer; the first hidden layer matrix weights

become our embeddings. So, given a set of QEPs Q = {q1, q2, . . . , qn} and a sequence

of 2-, 3-, and 4-way join sub-plan templates sub(qi) = {t1, t2, . . . , tm} from each

QEP qi ∈ Q, QEP2Vec’s skip-gram learns a θ-dimensional embedding of the QEP.

The model maximizes the following log likelihood by considering a sub-plan template

tk ∈ sub(qi) to appear in the context of QEP qi:

m∑
k=1

logP (tk | qi) (3.6)

The key idea is that structurally similar QEPs will be close in the embedding space;

i.e., given a pair of QEPs qi and qj, the training will lead to their embeddings Ω(qi)

and Ω(qj) being close if they consist of similar 2-, 3-, and 4-way join sub-plan tem-

plates, but being distant, otherwise. The procedure to learn query plan embeddings

is presented in Algorithm 3. We first extract 2-, 3-, 4-way joins sub-plan templates

in each of the QEPs (Lines 3–4), parametrized as K-way joins. We then learn the

corresponding QEPs embeddings in multiple epochs maximizing the log likelihood
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(Lines 2-7). We use a stochastic gradient descent optimizer to learn the parameters

in Lines 6–7. We estimate the derivatives by using back-propagation with a learning

rate α that is tuned empirically.

Algorithm 3 QEP2Vec(Q, δ, α, E, K)

Input: QEPs Q = {q1, q2, ..., qn}, embedding size δ, learning rate α, # of epochs E
and degree of K-way joins
Output: Matrix representation of QEPs Ω

for e = 1 to E do
for each qi ∈ Q do

for k = 0 to K do
Add to sub(qi) K-way join subplan templates

end for
J(Ω) = −

∑m=|sub(qi)|
k=1 logP (tk |Ω(qi))

Ω = Ω− α ∂J
∂Ω

end for
end for

As the number of sub-plan templates in a complex query workload can be large, we

use a negative sampling strategy. For each training round in Algorithm 3, for a given

QEP, we select a predefined number of random sub-plan templates. Consequently,

this can be computed efficiently by updating only embeddings of the negative sample,

rather than the entire lexicon.

Once the QEP2Vec embeddings are computed, they can be used in variety of ap-

plications, including automatic knob tuning and query clustering. We illustrate in

our experiments in Section 5 that, by using our QEP2Vec embeddings, we achieve

significantly better performance than QTune [17], which uses a simple featurization of

the QEP based on the SQL query’s features, aggregated costs of operators, and table

and column names.

Query clustering can be performed by obtaining the embeddings for each query
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within a query workload and using the average of the embedding vectors to represent

the embedding of the workload as a whole. Knob recommendations can then be

obtained for the query workload as a whole by providing the workload embedding

to the BLUTune system the same way we obtain a recommendation for an individual

query.

Using the workload embedding to provide knob recommendations will provide

good catch-all settings for the queries, however, if one of the queries requires drasti-

cally different settings than the rest of the workload than there will be a degradation

in performance across the batch as a whole. To that end, we can perform cluster-

ing within the embedding space. We first reduce the dimensionality of our training

queries embeddings via Principal Component Analysis (PCA) in order to make clus-

tering within the space more feasible, then using Density-based spatial clustering of

applications with noise (DBSCAN) we perform the clustering to assign each query

within the workload to a cluster. The query workload is then split into separate

workloads based on which cluster they are present in, and the knob recommendations

for each cluster are provided.
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RETURN (1)
 Cost: 2.58409E+05

 Card: N/A

TQ (2)
 Cost: 2.58409E+05
 Card: 7.20456E-16

TBSCAN (3)
 Cost: 2.58409E+05
 Card: 7.20456E-16

SORT (4)
 Cost: 2.58409E+05
 Card: 7.20456E-16

GRPBY (5)
 Cost: 2.58409E+05
 Card: 7.20456E-16

HSJOIN (7)
 Cost: 2.58409E+05
 Card: 7.20456E-16

HSJOIN (8)
 Cost: 2.58374E+05
 Card: 7.20456E-16

TBSCAN (21)
 Cost: 3.52582E+01
 Card: 4.02000E+02

HSJOIN (9)
 Cost: 1.71193E+05
 Card: 1.15152E+05

HSJOIN (12)
 Cost: 8.71791E+04
 Card: 6.11266E-02

TBSCAN (10)
 Cost: 1.69266E+05
 Card: 2.87997E+08

TBSCAN (11)
 Cost: 8.94476E+01
 Card: 2.92077E+01

Q8
Card: 2.87997E+08
STORE_SALES

Q5
Card: 7.30490E+04

DATE_DIM

TBSCAN (13)
 Cost: 1.61651E+02
 Card: 2.04000E+05

HSJOIN (14)
 Cost: 8.70161E+04
 Card: 6.10594E-02

Q1
Card: 2.04000E+05

ITEM

HSJOIN (15)
 Cost: 7.15250E+04
 Card: 3.52664E+05

HSJOIN (18)
 Cost: 1.54862E+04
 Card: 7.05221E+04

TBSCAN (16)
 Cost: 7.04960E+04
 Card: 1.43997E+08

TBSCAN (17)
 Cost: 8.94781E+01
 Card: 1.78904E+02

Q6
Card: 1.43997E+08

CATALOG_SALES

Q3
Card: 7.30490E+04

DATE_DIM

TBSCAN (19)
 Cost: 1.52088E+04
 Card: 2.87951E+07

TBSCAN (20)
 Cost: 8.94781E+01
 Card: 1.78904E+02

Q7
Card: 2.87951E+07
STORE_RETURNS

Q4
Card: 7.30490E+04

DATE_DIM

Q2
Card: 4.02000E+02

STORE

Figure 3.6: Query #8 from TPC-DS Benchmark
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Figure 3.7: Query #8 Template at Node 12
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(a) sortheap = 1000, bpsize = 2000
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(b) sortheap = 10000, bpsize = 20000

Figure 3.8: TPC-DS Query 98 with two different knob settings for sort heap and
bufferpool size
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WEB_SITE
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TBSCAN
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(a) sortheap = 500, bpsize = 1500
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. . .

1e+06
CUST_ADDR

Q7

(b) sortheap = 5000, bpsize = 6000

Figure 3.9: TPC-DS Query 43 with two different knob settings for both sort heap
and bufferpool size.
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Chapter 4

System Demonstration

We deploy the synthetic workloads of TPC-DS (with 99 queries) and TPC-H (with

19 queries), and an IBM real-client OLAP workload (with 116 queries) up to 100GB.

4.1 Demonstration of Knob Tuning Interface

As an example, in IBM Db2, varying the ratio of the size of the sortheap to the

bufferpool leads the optimizer to prioritize different QEPs as can be seen in Figures

1.1 and 1.2 for two queries from the TPC-DS benchmark. (The notation 1e6 for

cost denotes 1 × 106.) The colors denote different query plans being chosen. A

second example is the joint tuning of the degree of parallelism and sortheap size. As

more system operations are performed in parallel, more sort consumers are allocated

memory in the sortheap, eventually leading to resource over-allocation.

Figure 4.1 shows the interface for training the DRL model for selecting tuning

knobs, queries trained, and the QEP2Vec embedding representation. Figure 4.2 illus-

trates the recommendations for a sample Query #91 from the TPC-DS benchmark.
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Figure 4.1: BLUTune Training Page.

Figure 4.2: BLUTune Tuning Page.

To highlight the challenges of modern workloads, a user can choose a number of

non-trivial large, complex queries. A user can then select individual queries or query

workload, to obtain recommendations and retrieve an efficient QEP using the capabil-

ities offered by BLUTune. Users can visualize the QEPs within BLUTune. The queries

selected in the TPC-DS benchmark focus on the interesting challenges that promote
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performance, including efficient join type and order selection, cost and cardinality

estimation, random I/O reads, indexing, and sorting. For instance, for four queries

presented to IBM experts, the replacement knobs values found by BLUTune resulted

in 35% average performance speed-up.

4.2 Query-informed Tuning and Transfer Learning

With the tool, users can compare BLUTune’s QEP2Vec embeddings against query fea-

turization used by QTune [17], denoted as QTune–featurization, first at a query

level. BLUTune’s QEP2Vec improves performance over QTune–featurization on av-

erage by 46% over TPC-DS, 463% over TPC-H, and 448% over IBM real-client

workloads. QTune–featurization leverages “memorizing” table names and relies

on costs as aggregated over an entire query. This results in overfitting, and under-

performs on queries with previously unseen schema names during the training (such

as CATALOG SALES and INVENTORY) and query subplan patterns. This is addressed by

QEP2Vec via abstraction: table and column names in QEPs are replaced by canonical

names, and matching patterns to the 2,3,4-way join sub-plans; Based on QEP2Vec

embeddings, TPC-DS Query #2 and Query #23 are correctly identified as similar.

As seen in Figure 4.4 and Figure 4.5, both of these queries have four HSJOIN’s close

in costs that are preceded by TBSCAN’s, end with SORT, TBSCAN, and table queue (TQ)

operators, and also have group by GRPBY and RETURN operators with similar costs,

despite that the involved tables differ. We can also see that the two queries are

their closest neighbours within the embedding space in Figure 4.3. In contrast, by

QTune-featurization, TPC-DS Query #2 and Query #86 are incorrectly classified

as similar largely as a result of the same operators and the large overlap in the tables
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Figure 4.3: Positions of similar queries #2 (blue) and #23 (yellow) in embedding
space

between the two queries despite having nearly an order of magnitude of difference

between the costs.

With access to both TPC-DS and TPC-H schemas, users can see the versatility

of BLUTune when being evaluated in new environments. Our performance gain is

21% trained over TPC-DS but tested over TPC-H, and 437% trained over the IBM

real-client workload, but tested over TPC-DS.

When tuning for the workload or cluster, BLUTune sums up the individual query

embeddings and takes their average. We aggregate in a similar fashion for QTune-

featurization. Participants will be able to observe dramatic performance improve-

ments at the workload and per cluster (comparable to the ones at the query level for

the similar reasons).

We can also evaluate the effectiveness of transfer learning. Training a model

on the optimizer’s estimated cost results in a latency of only 106 seconds. Using

transfer learning with fine-tuning based by the execution time results in a latency of

95 seconds, an 11% improvement. Training on execution time only, however—which
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is extremely time consuming—results in only a marginal 2% further improvement. It

is up to the administrator to decide whether the additional time for training based

on fine-tuning by executing queries is worthwhile for the extra performance gain.

4.3 IBM Tools and Resource Constraints

We can also compare the knob configuration BLUTune produces against those produced

by existing IBM tools. IBM Db2 is shipped with a basic default knob configuration,

which is often suitable for simple workload installations. The IBM Db2 Configuration

Advisor can semi-automatically recommend configurations based on expert specifica-

tion of the system environment and characteristics, and by using heuristics for system

configuration. The BLUTune system has an order-of-magnitude improvement over IBM

Db2 default settings. When working with large and complex workloads, it is necessary

to tune these knobs to achieve satisfactory performance. BLUTune latency runtime is

also 38% better than Configuration Advisor. Hence, our system can free experts

time, while producing more optimized settings.

Data systems are often constrained; e.g., in cloud computing services by the avail-

able memory, the # of CPU cores, etc. To demonstrate that our agent learns actions

within user-specified constraints effectively, we can select some knobs as an example,

such as the sortheap and bpsize, which each allocate 4KB pages from the system

memory heap. Tuning under a memory constraint of 35,000 pages for instance, re-

sulted in a memory allocation of 30,400 pages and a memory constraint of 100,000

pages resulted in a memory allocation of 89,658 pages. These makes sense, as we do

not want our agent allocating the entire resource limit, if it offers no benefit over the

other actions. We verified this is the case.
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RETURN (1)
 Cost: 2.14783E+05

 Card: N/A

TQ (2)
 Cost: 2.14783E+05
 Card: 1.00000E+02

TBSCAN (3)
 Cost: 2.14783E+05
 Card: 1.00000E+02

SORT (4)
 Cost: 2.14783E+05
 Card: 1.00000E+02

GRPBY (5)
 Cost: 2.14781E+05
 Card: 1.80130E+04

HSJOIN (6)
 Cost: 2.14780E+05
 Card: 1.80130E+04

TBSCAN (7)
 Cost: 7.00610E+01
 Card: 2.04000E+05

HSJOIN (8)
 Cost: 2.14709E+05
 Card: 1.79932E+04

Q2
Card: 2.04000E+05

ITEM

HSJOIN (9)
 Cost: 2.14680E+05
 Card: 1.79785E+04

TBSCAN (14)
 Cost: 2.83475E+01
 Card: 9.99818E+02

HSJOIN (10)
 Cost: 2.14585E+05
 Card: 3.75478E+06

TBSCAN (13)
 Cost: 7.00163E+01
 Card: 3.49770E+02

TBSCAN (11)
 Cost: 2.12275E+05
 Card: 2.87997E+08

TBSCAN (12)
 Cost: 5.52026E+02
 Card: 2.50426E+04

Q5
Card: 2.87997E+08
STORE_SALES

Q4
Card: 1.92080E+06

CUST_DEMO

Q3
Card: 7.30490E+04

DATE_DIM

Q1
Card: 1.00000E+03

PROMOTION

Figure 4.4: Query #2 from Similar Query Pair
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RETURN (1)
 Cost: 2.35429E+05

 Card: N/A

TQ (2)
 Cost: 2.35429E+05
 Card: 1.00000E+02

TBSCAN (3)
 Cost: 2.35429E+05
 Card: 1.00000E+02

SORT (4)
 Cost: 2.35429E+05
 Card: 1.00000E+02

HSJOIN (5)
 Cost: 2.35428E+05
 Card: 3.89514E+03

TBSCAN (6)
 Cost: 2.10195E+02
 Card: 1.00000E+06

HSJOIN (7)
 Cost: 2.35212E+05
 Card: 3.89688E+03

Q8
Card: 1.00000E+06
CUST_ADDRESS

TBSCAN (8)
 Cost: 1.16335E+03
 Card: 2.00000E+06

GRPBY (9)
 Cost: 2.34035E+05
 Card: 3.89464E+03

Q9
Card: 2.00000E+06

CUST

HSJOIN (10)
 Cost: 2.34035E+05
 Card: 3.89464E+03

TBSCAN (11)
 Cost: 2.10195E+02
 Card: 1.00000E+06

HSJOIN (12)
 Cost: 2.33818E+05
 Card: 3.89240E+03

Q1
Card: 1.00000E+06
CUST_ADDRESS

HSJOIN (13)
 Cost: 2.33789E+05
 Card: 1.51477E+04

TBSCAN (18)
 Cost: 2.94812E+01
 Card: 1.84217E+03

HSJOIN (14)
 Cost: 2.33766E+05
 Card: 2.64755E+05

TBSCAN (17)
 Cost: 2.11746E+01
 Card: 2.30000E+01

TBSCAN (15)
 Cost: 2.31823E+05
 Card: 2.87997E+08

TBSCAN (16)
 Cost: 8.99561E+01
 Card: 6.71538E+01

Q5
Card: 2.87997E+08
STORE_SALES

Q4
Card: 7.30490E+04

DATE_DIM

Q3
Card: 4.02000E+02

STORE

Q2
Card: 7.20000E+03

HOUSEHOLD_DEMO

Figure 4.5: Query #23 from Similar Query Pair
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Chapter 5

Experimental Evaluation

We present an experimental evaluation of our BLUTune system to demonstrate its

efficiency, effectiveness, and scalability. We use a server running IBM Db2 11.5 which

is an 8-core Intel Xeon E5-2630 v3 2.4GHz CPU with 64GB of DDR4 RAM. We

conducted the experiments over the synthetic TPC-DS (with 99 OLAP queries) and

TPC-H (with 19 queries) benchmarks [7], and a real-world IBM client OLAP workload

(denoted as IBM Real, with 116 queries). Each database is up to 100GB of data.

We used a 80/20 split, with 80% of queries for training and 20% for testing, when

evaluating over the same workload. BLUTune is written in Python, and employs the

PyTorch package to facilitate ML.

5.1 TPC-DS Benchmark

The TPC-DS benchmark (Transaction Processing Performance Council Decision Sup-

port) is a standard benchmark designed to measure the performance of decision sup-

port systems (DSS). DSS are systems that are used for analyzing large volumes of
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data to help with business decision-making. The schema for the TPC-DS benchmark

is quite large and complex, but an example of the relationships established in the fact

table for the store sales table can be seen in figure 5.1

The TPC-DS benchmark involves running a series of SQL queries against a database,

simulating a typical DSS workload. The benchmark consists of 99 queries in total,

which are designed to test various aspects of the system’s performance, including:

• Complex queries involving multiple joins, sub-queries, and aggregation functions

• Queries with a high degree of parallelism and large data sets

• Queries that require complex calculations and transformations of data

• Queries that simulate real-world scenarios, such as product sales and customer

orders

The benchmark is designed to measure both query throughput (the number of

queries that can be processed per unit time) and query response time (the time taken

to execute a single query). The TPC-DS benchmark is widely used in the industry to

compare the performance of different database systems and hardware configurations

for decision support workloads. However, it is important to note that the benchmark

may not always accurately reflect the performance of a system in real-world scenarios,

so it should be used as a guideline rather than a ground truth for performance.

5.1.1 TPC-H Benchmark

The TPC-H benchmark is another widely used benchmark in the field of data ware-

housing and decision support. The TPC-DS and TPC-H benchmarks are both de-
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Figure 5.1: TPC-DS Fact Table from the TPC-DS Specification

signed to measure the performance of database systems when executing decision sup-

port queries, but they have some differences in terms of their objectives and design.

TPC-H is designed to measure the performance of a database system when executing

complex ad-hoc queries typical of decision support and business intelligence work-

loads. The schema for the TPC-H benchmark can be seen in figure 5.2.

The benchmark consists of a set of 22 queries that model a typical data ware-

housing scenario involving complex queries that analyze large volumes of data. The

queries are divided into different groups based on their complexity, with the simplest

ones involving a single table and the most complex ones involving many tables and
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subqueries.

The TPC-H benchmark is designed to test various aspects of the system’s perfor-

mance, including:

• Complex query processing involving multiple joins, aggregations, subqueries,

and data transformations

• The ability to handle large data volumes

• The ability to execute queries with a high degree of parallelism

• The ability to optimize queries using indexing, query rewriting, and other tech-

niques

One key difference between the two benchmarks is the number and type of queries

they include. TPC-DS has a larger number of queries, including more complex data

mining and statistical analysis queries, while TPC-H has a smaller set of ad-hoc

queries. Another difference is the way the results are reported, with TPC-DS report-

ing query throughput as well as query response time.

5.2 Query-informed Tuning

Exp-1: Query Level Tuning. We first evaluate our query-informed tuning BLUTune

system at the query level. We compare BLUTune’s QEP2Vec embeddings against query

featurization used by QTune, denoted as QTune-featurization (described in Section

3.2). We observe dramatic performance improvements, as reported in Figures 5.3 and

5.4 over workloads with 100GB of data.
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BLUTune’s QEP2Vec improves performance over QTune-featurization by 46%

over TPC-DS, 463% over TPC-H, and 448% over IBM Real workloads. Performance

for each query improved; this is shown in the zoom-in view in Figure 5.6 for the

TPC-DS benchmark. QTune-featurization leverages “memorizing” table names

and relies on costs as aggregated over an entire query. This results in overfitting, and

under-performs on queries with previously unseen schema names during the training

(such as CATALOG SALES, INVENTORY and CATALOG RETURNS in TPC-DS) and unseen

query subplan patterns. This is addressed by QEP2Vec via abstraction; table and

column names in QEPs are replaced by canonical names, and matching patterns is

to the 2,3,4-way join sub-plans.

Also, our performance gain is 21% when trained over TPC-DS but tested over

TPC-H,1 and 437% when trained over IBM Real, but tested over TPC-DS. This

illustrates the versatility of BLUTune when operating in unfamiliar environments.

Exp-2: Query Workload & Cluster Level Tuning. When operating to tune

for the workload or per cluster, BLUTune sums up the individual query embeddings

and takes their average to obtain the semantic equivalent of the workload / cluster

encoding. We aggregate in a similar fashion for QTune-featurization. (This is quite

standard, and is how QTune was evaluated for clusters in [17].)

The average performance improvement of BLUTune’s QEP2Vec over QTune-

featurization when tuned for the entire workload or by cluster, shown in Figures

5.4 and 5.5, respectively, is again significant, with improvements of 10% and 8% over

TPC-DS, 470% and 77% over TPC-H, 335% and 360% over IBM Real, 51% and 29%

when TPC-DS trained and TPC-H tested, aswell as 263% and 290% when IBM Real

1This is denoted with an arrow; e.g., as TPC-DS → TPC-H.
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trained and TPC-DS tested. The reasons for these performance improvements are

similar to those for Exp-1.

5.3 Transfer Learning

Exp-3: Fine-tuning performance. To evaluate the effectiveness of transfer learn-

ing for knobs tuning, we further divide the 80% of queries used for training from

the TPC-DS workload with 100GB into a 70/30 split with 70% used for training by

estimated cost, and remaining 30% for training by execution time.

The cumulative runtime of the testing queries is reported in Figure 5.7. Training

a model based on the optimizer’s estimated cost only leads to a latency of 106 secs.

Using transfer learning with fine-tuning based on the execution time (denoted as Cost

+ Execution Time) can offer some further gain. By using transfer learning with fine-

tuning based on the execution time leads to a latency of 95 secs, an 11% improvement.

Training based on execution time only, however, which is extremely time consuming

(Exp-4), results in only a marginal 2% further improvement.

This demonstrates that training solely by the optimizer’s estimated costs works

remarkably well, with a significant speed up for training. This is also nearly inde-

pendent of the data size, and so it “scales” with size. Employing transfer learning

in this scenario does offer some benefit (e.g., the seen 11% improvement for TPC-

DS / 100GB). In scenarios like this, it is up to the administrator to decide whether

the additional time for training based on fine-tuning by executing queries (Exp-4) is

worthwhile for extra performance gain.

Exp-4: Scalability. BLUTune is designed to tune knobs for complex and large

workloads. To demonstrate how our approach scales with the size of data, we generate
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three versions of the synthetic TPC-DS benchmark with different sizes: 1GB, 10GB,

and 100GB. The resulting training times of both the cost-only phase and the fine-

tuning phase based on execution time are shown in Figure 5.8.

Across the sizes, the time spent on the first phase of training solely to minimize

estimated cost unsurprisingly is similar, as it is based on data statistics. The esti-

mates are generated by the optimizer in milliseconds. The training’s main bottleneck

is the time needed to apply new knob configurations; e.g. resizing a memory pool.

Discrepancies in timing are also due to randomness, and certain convergence condi-

tions, leading to earlier termination. Training on the cost estimates allows our agent

to learn quickly a suitable configuration, regardless of the workload size.

The better the learned configuration is from the cost estimates, the less time the

agent spends on the fine-tuning phase involving query execution. As the size of the

data increases, execution time of queries grows with it. Thus, fine-tuning by using

transfer learning is dependent on the data size. The training time scales sub-linearly,

however; e.g., increasing the size by a factor of ten from 10GB to 100GB results

in only a 2.35 increase in training time. Thus, our BLUTune system scales well to

large workloads. In contrast, training fully based on the execution time is extremely

expensive, and is not reported in Fig. 5.8, as it takes around 2,623 miutes (44 hours).

5.4 Effectiveness

Exp-5: IBM Tools. We compare the knob configuration BLUTune produces against

those produced by existing IBM tools over the TPC-DS benchmark with 100GB.

IBM Db2 is shipped with a basic default knob configuration, which is often suitable

for simple workload installations. The IBM Db2 Configuration Advisor can semi-
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automatically recommend configurations based on expert specification of the system

environment and characteristics, and by using heuristics for system configuration (see

details in Sec. 6).

We report the results in Figure 5.9. The BLUTune system has an order-of-

magnitude improvement over IBM Db2 default settings. This illustrates than when

working with large and complex workloads, it is necessary to tune these knobs to

achieve satisfactory performance. BLUTune latency runtime is also 38% better than

Configuration Advisor. Hence, our system can free experts time, while producing

more optimized settings.

Exp-6: Reward. We evaluate our BLUTune’s reward function against QTune’s

reward, as both systems use a deep reinforcement learning approach. We found that

QTune-reward function did not perform well. It is, on average, 56% slower under

the TPC-DS workload with 100GB, as reported in Fig. 5.9 (and 48% slower under

the IBM Real workload). During both training on cost and execution time, the

magnitudes of the reward were high, leading to high gradients. QTune’s reward was

originally evaluated over workloads with simpler queries and smaller data [17]. Given

that TPC-H queries are simpler than the other workloads tested, this is seen in

QTune-reward more competitive performance (11% slower) over TPC-H.

We attempted to address this by modifying their reward function to reduce the

magnitude and variance. However, this still did not act as an effective reward signal.

The agent had trouble converging as QTune’s reward is only based on the performance

change compared against that at initial time and the previous time. BLUTune’s reward

function, on the other hand, consists of the performance history, using exponential

decay and best performance. The lack of convergence led to a training time of 24.5
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hours, compared to BLUTune’s 7.5 hours. Thus, the QTune approach does not extend

well to complex OLAP workloads, which is the key focus of BLUTune.

Exp-7: Resources. Data systems are often constrained, e.g., in cloud computing

services by the available memory and the # of CPU cores, etc. Our agent learns

actions within user-specified resource constraints via our resource reward function.

To demonstrate the effectiveness of user-specified resource constraints, we select the

sortheap and bpsize knobs as an example, which each allocate 4KB pages from

the system memory heap. Fig. 5.10 shows the resulting combined sortheap and

bpsize usage for the same set of queries with two different resource limits: 35,000

and 100,000 4KB pages.

Training under a memory constraint of 35,000 pages resulted in an average memory

allocation of 30,400 pages A memory constraint of 100,000 pages resulted in an average

memory allocation of 89,658 pages. These results makes sense, as we do not want our

agent allocating the entire resource limit if it offers little or no benefit over the other

actions. We verified this is the case. This demonstrates BLUTune’s effectiveness for

tuning within resource constraints.
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Figure 5.2: TPC-H Schema Design from TPC-H Specification
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Figure 5.3: Query level tuning
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Chapter 6

Related Work

Automatic knobs tuning has been an interest of researchers and vendors for the past

decades [24]. IBM has a tool called the Configuration Advisor, which allows ad-

ministrator to obtain recommended settings for common IBM DB2 configuration pa-

rameters [1]. The tool requires three sets of information: (1) user specification of

the system environment (e.g. type of workload, number of statements and memory

percentage), (2) expected system characteristics (e.g. number of CPUs, amount of

RAM, number and size of tables) and finally (3) expert specified heuristics for system

configurations. Although it provides a sensible starting point for performance tuning,

it is limited mostly due to the requirement of human input. In Db2 version 9.1, IBM

introduced the Self-Tuning Memory Manager (STMM), which provides adaptive self

tuning of database memory allocation through heuristics [25]. However, STMM was not

designed with column-organized tables in mind.

Similar to IBM’s offerings, Oracle developed the Automatic Database

Diagnostic Monitor which diagnoses performance issues to recommend tuning ac-

tions [26]. This tool recommends actions for a small set of configuration settings based
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on heuristics. Oracle later developed the SQL Tuning Advisor, which recommends

statement-specific tuning actions to improve the performance [2], [27].

The iTuned system is a tuning tool that executes planned experiments through

a cycle-stealing paradigm to gather performance data and statistics, while the data

system is not being fully utilized [28]. A Gaussian process model is used to approxi-

mate the performance surface from the set of experiments, providing a way to produce

knob recommendations with positive expected performance impact. It requires train-

ing from scratch for each different workload, and can take tens of hours to find a

suitable configuration.

OtterTune, a more modern configuration tuning tool, first identifies and ranks the

knobs which have the strongest impact on the performance, maps the given workload

to a repository of previously collected performance measurements, and utilizes a Gaus-

sian process model similar to iTuned to choose knob settings [29], [30]. OtterTune

requires a large corpus of previous tuning sessions in order to leverage knowledge it

has gained in the past.

BestConfig utilizes a divide-and-diverge sampling method to represent the action

space and the recursive bound-and-search algorithm to recommend configurations

[16]. BestConfig does not learn a model, nor store information from previous tuning

sessions, meaning it must be ran from scratch for each workload.

CDBTune was the first tool to adopt deep reinforcement learning for the task of

knob tuning [10]. CDBTune utilizes deep deterministic policy gradient (DDPG), a

policy-based reinforcement learning method. DDPG is an off-policy algorithm that is

largely intended only for continuous action spaces and requires a large replay buffer

of past experiences. CDBTune does not consider the queries themselves and only acts
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to the anticipated change to data system health metrics, such as counters for pages

read from or written to disk.

Similar to CDBTune, QTune also uses DDPG, but places an emphasis on featurizing

queries using their QEP [17]. For a query, statement details, table involvement, and

cost information about each operator is extracted from QEP and represented as a

vector. The overall performance of the agent is greatly tied to the simplistic reward

function (also used in CDBTune) and featurization of the QEPs, which does not capture

well the structure of queries.

Gur et al. propose a multi-model tuning solution utilizing DDPG to address

deployments that consist of multiple, different workloads [31]. A downside of this is

that scenarios where many different models are needed is possible, which can make

this a costly approach.
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Chapter 7

Conclusion

7.1 Conclusion

In this work, we created a system, BLUTune, to solve the problem of automatic

knob tuning for IBM DB2. Unlike existing IBM tools which largely use heuristics to

recommend knob configurations, BLUTune utilizes Deep Reinforcement Learning to

directly learn the impact knobs have on the performance of queries in order to sug-

gest knob configurations that maximize the performance for a given workload. We

specifically used Advantage Actor-Critic, where our implementation can handle both

continuous and discrete knobs simultaneously in one single model. Queries are repre-

sented by their query execution plan operators and costs which provide insight into

how a query behaves and also capture the effects of various knobs. The custom reward

function for our agent allows for fast convergence and also enforces system resource

constraints such as limited memory. BLUTune has a novel training strategy utilizing

the concept of transfer learning. The agent first trains on the task of minimizing the

query optimizer’s estimated cost for various queries, which allows for thousands of
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different knob configurations to be considered in a very short amount of time. We

continue training the same model but on a different task of minimizing execution

time. This second phase captures knobs that are not considered by the cost estimates

and allow for fine-tuning of the original model to improve its effectiveness. In our

experimental evaluation, we demonstrated the effectiveness of our transfer learning

approach. When tuning knobs that are considered by cost estimates, the cost-only

phase can find a suitable configuration without even needing to train on minimizing

execution time, although doing so nets a small performance boost. Introducing a knob

not reflected by the optimizer highlights the importance of the execution time phase,

but by employing transfer learning we greatly reduce the training time as opposed

to training on minimizing execution time alone. Our approach allows for BLUTune

to scale to large databases while producing knob configurations that are better than

that of IBM’s existing tools. BLUTune serves as a strong foundation for a truly fully

automated tuning solution for IBM DB2.

7.2 Future Work

BLUTune is designed to aid DBAs when a problem in query/workload performance

arises; it would be beneficial if BLUTune was capable of anticipating changes in the

workload and taking proactive measures to tune the database. In other systems,

certain patterns, such as cycles, growth spikes, and workload evolution, have been

identified in business query workloads and applications. To address this, a query

forecaster has been proposed that employs recurrent neural networks, specifically

long short-term memory modules. We believe that a similar approach could enhance

the efficiency of BLUTune as a fully automated knob-tuning system.
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The training process of BLUTune is significantly extended as query execution

during the learning approach takes a lot of time. To expedite the training process,

several components of BLUTune can be parallelized. Currently, BLUTune processes

queries one by one during training. The order in which queries are encountered and

learned from does not have a significant impact. Asynchronous Advantage Actor-

Critic (A3C) is an extension of A2C developed by Google DeepMind. A2C has only

one agent that interacts with the environment, whereas A3C allows for concurrent

support of multiple agents to accelerate training.
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