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ABSTRACT

With the increasing workload complexity in modern databases, the
manual process of index selection is a challenging task. There is
a growing need for a database with an ability to learn and adapt
to evolving workloads. This paper proposes Indexer++, an au-
tonomous, workload-aware, online index tuner. Unlike existing
approaches, Indexer++ imposes low overhead on the DBMS, is re-
sponsive to changes in query workloads and swiftly selects indexes.
Our approach uses a combination of text analytic techniques and
reinforcement learning. Indexer++ consist of two phases: Phase
(i) learns workload trends using a novel trend detection technique
based on a pre-trained transformer model. Phase (ii) performs online,
i.e., continuous or while the DBMS is processing workloads, index
selection using a novel online deep reinforcement learning tech-
nique using our proposed priority experience sweeping. This paper
provides an experimental evaluation of Indexer++ in multiple sce-
narios using benchmark (TPC-H) and real-world datasets (IMDB).
In our experiments, Indexer++ effectively identifies changes in
workload trends and selects the set of optimal indexes.
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1 INTRODUCTION

Choosing an optimal set of configuration parameters is critical to
the performance of a DBMS. Among all configuration parameters,
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the selection of indexes is arguably the most important and chal-
lenging [9]. The index selection problem is to select a set of indexes
that minimizes the cost of query evaluation. Although selecting the
right set of indexes is critical to achieving good performance [11],
the index selection problem is NP-hard [34]. With the growing num-
ber of database configuration parameters and increasing complexity
of query workloads, there is an upsurge of interest in self-managing
DBMSs, that is, in DBMSs that can automate their configuration
and adapt that configuration as needed in response to changes in
their environment. Previous research in self-managing databases
using Machine Learning (ML), has shown that automated index
selection can outperform manual index selection [46].

In a manual index selection process, a Database Administrator
(DBA) analyzes a representative workload selected from the work-
load history to perform experiments and create indexes. A manual
index selection process has several limitations. First, identifying a
representative workload from thousands of queries is a challenging
task, and random sampling may miss edge-case scenarios. Second,
the selected set of indexes does not generalize for complete his-
torical workloads. Third, the process does not address current or
future workload trends. Finally, the process has a latency concerns,
a DBA will usually modify the index set when individuals complain
about a drop in performance. A manual index selection is a static
and cumbersome process. In contrast, the workloads can change
frequently and the optimal set of indexes is a moving target [45].
The limitations of manual index selection can be overcome with an
index selection method that is a continuous/online decision making
process. To motivate this problem we share an example:

ExamPpLE 1.1. App-X is a framework for trading on the stock
exchange, where users can check a stock ticker (abbreviation of stock
and current price), conduct chart analysis, and purchase and sell stocks.
Over a trading day, App-X could see a massive shift in database
query workloads. The value-based stock queries could be frequent at
the opening bell, but technology-based could gain traction near the
closing bell. App-X needs to change its indexes over the day to process
queries efficiently and respond quickly to end-users, but can only do
so if it can detect and respond to (patterns of) workload trends.

Previously automated index selection research has primarily
focused on offline methods. An offline indexer uses the current state
of the database and a representative query workload to determine an
optimal set of indexes. Offline indexers use heuristics [10, 15, 31, 44],
machine learning [1, 12, 21, 22], or reinforcement learning [3, 19,
39, 41] to recommend a set of indexes. The set of indexes generated
by an offline indexer can become stale if the workload changes.
A stale set can be refreshed by re-running the offline indexer to
recreate the indexes. But the cost of offline indexers can be high (on
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the order of hours of computation time) since an algorithm may
re-run thousands of queries and re-build many indexes. An offline
indexer’s periodic runs degrade DBMS throughput and response
time. In contrast to offline index selection, the goal of online index
selection is to keep the set of indexes fresh. An online indexer initially
generates a set of indexes and then progressively adapts the set in
response to workload or database changes.

An online indexer faces several challenges not shared by their
offline counterparts.

(C1) Noise Resilience: An online indexer must react to shifting
trends while avoiding short-lived once that might harm DBMS
performance by updating the indexes frequently. A challenge
here is identifying how to recognize a trend, i.e., how many
and what kind of queries suggest a distinct pattern.

(C2) Overhead: The tuning process must be able to run concur-
rently with other DBMS operations without interfering with
processing. Low overhead ensures that an online indexer can
(in effect) run in parallel and respond to changing trends.

(C3) Trend Detection: An inability to detect trends quickly may
result in delayed index selection. A significant delay in trend
detection, in turn, reduces the utility of new indexes.

(C4) Responsiveness: The index tuning response should be quick,
on the order of minutes. If index selection takes many hours or
longer, the tuner may miss trends. An online indexer should
ideally be able to respond in real-time.

Previous research in online index selection [7, 28, 33, 35, 36, 40]
focused on analyzing a query workload window to recommend a
set of indexes. These approaches do not adapt to changing work-
load patterns. They also suffer from high cost (computation and
responsiveness) and have a long delay between trend detection and
index selection. The high cost and delay reduces the overall utility
of having an online indexer.

This paper presents Indexer++, a workload-aware, online index
tuner and makes the following contributions.

e We propose and evaluate our novel workload embedding and
trend detection technique using a pre-trained transformer based
model, dimentionality reduction and clustering algorithm.

o We utilize deep reinforcement learning techniques to learn the
interactions between indexes [23] that helps improve perfor-
mance [37]. We design our reward function with a constraint on
the total storage cost of the selected set of indexes.

e We propose and evaluate a novel Priority Experience Sweeping
technique for online learning that extends the Deep Q-Network
(DQON) algorithm. For a command-based database interaction,
we design and build an OpenGym environment.

e We present an extensive evaluation of our framework on two
datasets (IMDB and TPC-H). The experiments demonstrate that
Indexer++ can identify workload trends and select indexes ef-
fectively while addressing challenges (C1)-(C4) listed above.

This paper is organized as follows. § 2 describes related work
and § 3 formulates the problem. In § 4 we describe Indexer++,
introduce a workload embedding technique, and use the technique
to detect change in workload patterns. The section also describes
our algorithm for online index selection. § 5 presents experiments,
and finally § 6 concludes the paper.
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2 RELATED WORK

Workload Embedding: In the realm of Natural Language Pro-
cessing (NLP), the technique of generating a vector representation
of a word (word embedding) has received tremendous attention.
Hinton et al. [16] pioneered the notion of vector representation.
Mikolov et al. [29] proposed word2vec a model that can learn latent
relationship between words from a text corpus. This advancement
led to addressing several challenging problems in NLP such as
semantic analogy [26], sentiment analysis [38], and document clas-
sification [27]. The word2vec model was later expanded to sentences
and documents [24]. To improve the vector representation other
deep learning techniques were also employed such as CNN, RNN
and LSTM. The quality of word embeddings were significantly im-
proved by the introduction of Deep Bidirectional Transformers,
examples BERT, Transformer-XL, and XML.

Several previous attempts were made to embed a SQL workload.
Bordawekar et al. [5, 6] utilize pre-trained word2vec models for
query embedding. Jain et al. [18] performs error prediction and
workload summarization using vector representation learned by
training an LSTM-based autoencoder. Bandyopadhyay et al. [2]
propose a database column embedding using Bi-LSTM for drug-
drug interaction prediction. Cappuzzo et al. [8] propose data in-
tegration using graph-based representation. Giinther et al. [14]
proposes enriching database queries using pre-trained word2vec
model. The word2vec embedding is a pioneer in text vector repre-
sentation. It does, however, generate static lower-dimensional and
non-contextual vectors. Indexer++ employs a pre-trained trans-
former based model (BERT, Transformer-XL) for query embedding,
which generates dense and context-dependent vectors that aids in
learning the semantic and syntactic relationship between queries.

Online index tuning: The study of the problem of online index
selection dates back to the 1970s. Hammer et al. [15] used heuristics
for index selection on a single table. Frank et al. [13] proposed an
online tuning method for single index selection using workload
statistics for change detection and using heuristics for index se-
lection. Kotaczkowski et al. [20] uses an evolution technique for
selecting indexes in a query execution plan. A solution using heuris-
tics may fail in scalability (Challenge C4). Bruno et al. [7] design
an ad-hoc approach for index selection. Their approach is fast and
scalable, but it lacks noise resilience (Challenge C1). For a small
DBMS application, such an approach may work, but it can worsen
the performance of a large system. Schnaitter et al. [36] proposed a
very effective online indexing solution that monitors the incoming
queries and minimizes the overhead cost. Their index selection
uses heuristics. However, it is slow for real-time online index selec-
tion (C4) and susceptible to noise (C1). Sadri et al. [35] proposed
an index tuning algorithm using deep reinforcement learning. As
described by the authors, their approach takes a long time for index
selection (C4). None of the previous approaches overcomes all of
the challenges. They mostly fail to address noise resilience (C1) or
scalability (C4). Furthermore, most previous approaches do not take
index disk storage cost into account as an optimization parameter.
The storage cost is very crucial for modern databases that place
a high priority on minimizing the cost of data storage. Unneces-
sary indexes can worsen the DBMS performance. Our proposed
approach overcomes all of the challenges (C1)-(C4).
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3 PROBLEM FORMULATION

The index selection problem is to select a set of indexes that mini-
mizes the time to evaluate a workload within a given storage size
constraint; it is a constrained combinatorial optimization problem.
The space constraint is very crucial because the selected set of
indexes should be parsimonious. In addition to straining disk space
and increasing database overhead, creating more indexes than re-
quired also slow down data modifications.

A workload, W, is a sequence of SQL queries, [Q1,Q2,...,Om].
An index configuration, I, is a set of indexes. The cost of the eval-
uation of a workload on database D is the sum of the cost of
the evaluation of each individual query in the workload given by
Cost(Qj,1, D) and can be described as follows.

m
Cost(W,1,D) = Z Cost(Q;,1,D)

j=1
Please note, that the workload cost gives the same weight to each
query in the workload, though weighted costs could be trivially
included by replicating individual queries. The index selection prob-
lem is to find a set of indexes Iypsimql that minimizes the total cost
of a workload, Cost(W, I, D), and has a storage cost of at most C.

Loptimal = S%?)igc Cost(W, I, D)

In this equation S(I) is the total space cost of I. The online in-
dex selection problem can be formulated as follows. Let a work-
load stream, W*, be a sequence of workloads, [Wy, Wa, ..., Wi ]. Let
Diff (W1, Wa, ..., W) be a metric that quantifies the difference be-
tween workloads in the stream. Then online index selection can be
defined as:

reindexconﬁg (Ioptimal’ D)= Dyfr(nhlll*l) s
where, A is a measure of the sensitivity to re-configure the indexes
based on the workload stream difference (A is described in §4.2), I*
is the set of indexes that changes with a change in workload trends,
and Ioptimg is the final optimal set of indexes.

N Cost(W*,I*, D)

4 INDEXER++

A DBMS should be workload-aware and self-tune indexes in re-
sponse to changing workloads [32], however developing such a
DBMS presents various challenges.

o There are various types of workloads, such as analytical, data
manipulation, and data definition. They have different function-
ality and execution cost. As a result, a workload-aware DBMS
should be able to distinguish between them while also learning
and adapting to heterogeneous workloads.

o In recent years the scale and volume of data has grown substan-
tially. A workload can consist of thousands of SQL queries. There-
fore, the workload trend can change in a relatively short amount
of time. Such rapid change in workload trends requires an online
process of representing and understanding queries.

o Workload representation is challenging. A workload-aware DBMS
needs to extract workload patterns in real-time. Understand-
ing the syntax and semantics of a workload requires it to be
represented in a standard form. It requires a pattern extraction
approach that must be able to learn the relationship among work-
loads and withstand the workload volume.

374

SAC °22, April 25-29, 2022, Virtual Event,

/,..~~';;;;"i; ......................... e

DON Agent

-|- Query 2 :
+i Detection o Action (az)
&y Queryn T :Reward (7¢)
Q: A Environment
<O Sl 4 ARZ
H . Dimension

-A,‘.Prcproccssmg Reduction

\_Workioad Trend Detection

Figure 1: Indexer++ framework with two phases (i) Work-
load Trend Detection (left) (ii) Online Index Selection (right)

Indexer++ overcomes these challenges in two phases. The first
phase represents a workload using embedding techniques and iden-
tifies workload trends using K-medoids clustering. The second phase
selects the set of indexes using online deep reinforcement learning.
The first phase communicates with the second, but they function
independently as shown in Figure 1 which depicts our framework.

4.1 Workload Embedding

Queries in a workload may vary depending on the user and the
application. From among the many workloads some workloads
are similar. Indexer++ has to recognize similarity in workloads to
detect trends and optimally select indexes. Representation learning
has been shown to be effective in learning the syntax and seman-
tics of text [4]. Representation learning uses a d-dimension vector
for each word from a corpus of text [6]. The vector encodes the
meaning of a word and captures its latent features in such a way
that relationships between words can be expressed using arithmetic
operations e.g., king to man is what to woman? Answer: queen [26].

Previous work on workload representation has proposed two
ways to represent a workload (i) using statistics generated by ex-
ecuting the workload [1], and (ii) training a deep learning model
on a large corpus of queries and performing inference [18]. Unfor-
tunately, both of these approaches have drawbacks. The former
technique may be impractical in an online tuning process since
it executes the workload, which may escalate database load and
interrupt existing operations, whereas the latter needs run-time
training, which is computationally intensive.

Indexer++ uses a third way: universal embedding. Universal
embedding is a form of transfer learning in which a model is pre-
trained on an extensive corpus of text. Universal embedding offers
several advantages. First, the inference time! has no slack, which
makes it a feasible solution for online tuning. Second, universal
embedding has no workload evaluation-time overhead. It does not
collect any information from the database and does not interrupt
running processes or applications. Experimentally, we found uni-
versal embedding to be able to represent a workload effectively
and identify heterogeneous workloads (experimental results are
given in § 5). One drawback of a pre-trained model is that it may
have a minor bias [43]. However, we prioritize speed for workload
embedding in Indexer++, which is an advantage of a pre-trained
model, so a minor bias is less relevant.

I Time required to convert a word to a vector representation using a pre-trained model
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4.2 Workload Trend Detection

In the previous section, we discussed about transforming a work-
load to a vector representation. There are several applications of
such embedding, for example, workload summarization, cost esti-
mation, and query classification. In this section, we will introduce
another application, Workload Trend Detection.

Representation: Indexer++ performs dimensionality reduc-
tion on an embedded workload using t-distributed stochastic neigh-
bor embedding (t-SNE), a non-linear dimensionality reduction tech-
nique. The purpose is to reduce the embedding dimension for fur-
ther analysis (clustering), noise reduction, and visualization. The
feature space of t-SNE is found by searching for a low-dimensional
projection of data equivalent to the actual data using a stochastic
neighbor embedding. The neighbor embedding is constructed in
two steps: (i) determine a probability distribution such that similar
objects are assigned a similar probability, and (ii) construct a similar
distribution in a lower dimension while minimizing the entropy
using the KL divergence of the two distributions.

In our workloads, we assume there are two sets of queries: ex-
isting, which is the historical workload, and trending, which is the
forthcoming/current workload. In the reduced dataset, Indexer++
performs K-medoids clustering on the reduced dataset (after using
t-SNE) to locate the span of both workloads in vector space. The
dimensionality reduction is a standard preprocessing technique for
clustering algorithms to decrease noise in the data and to improve
quality of clusters [17]. Indexer++ uses the K-medoids clustering
algorithm due to the interpretability of the selected centroids. K-
medoids finds a centroid that is a sample from the dataset, while
other techniques like K-means may output a non-data point as a
centroid. The centroid selected by K-medoids can be traced back to
the actual query, which helps in interpretation and visualization.

Trend Detection: Indexer++ then determines if the trending
workload is sufficiently different than the existing workload. Work-
loads are represented as a cluster. The radius of the existing work-
load cluster is the euclidean distance between the furthermost point
() and the cluster centroid (X), which we designate as A. The value
of A quantifies the span of the existing workload in vector space.
We also compute the euclidean distance between the two centroids
existing and trending. When this difference is not greater than A, the
trending workload is deemed to be similar to the existing workload
since the centroid of the trending workload lies within the span of
the existing workload. In this case, the trending workload is com-
bined with the existing workload and the centroid of the existing
workload and A are recomputed. Otherwise, the trending workload
is different and Indexer++ triggers online index selection before
merging the trending workload with the existing.
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(a) (b) (@)

Figure 3: Workload Trend Detection on two workloads
(Workload 1, 2) of TPC-H Random query dataset where blue
hexagon indicates the centroids of clusters

(a) (b) (c) (d)

Figure 4: Workload Trend Detection on TPC-H Random
query dataset (Workload 1, 3). The trending queries are sim-
ilar to existing workload. The blue hexagon indicates the
centroid of the cluster. The existing workload is displayed
in orange circle and new queries in gray cross

Visual Description: We describe our notion of Workload Trend
Detection using a visual representation in Figure 2. In the figure, X
and Y represent the cluster centroids of the existing and trending
workloads, respectively. A is the distance between the centroid (X)
and furthest point (x). In Fig 2 (a), the euclidean distance between
X and Y is less than A, thus, the index set will not be recomputing
and workloads will be merged since they are relatively similar.
In scenario (b), the distance is greater, and the index selection
is triggered before merging the workloads. The Workload Trend
Detection is triggered after 32 queries (batch size for the online
DON algorithm presented in § 4.3) in the trending workload.

Validation on TPC-H: To evaluate our workload trend detec-
tion approach, we experiment on the TPC-H Random dataset. We
split TPC-H Random queries into three workloads, Workload 1, Work-
load 2, and Workload 3 with 25 queries each. Each workload rep-
resents a set of queries and Workload 1 and Workload 3 are simi-
lar workloads, whereas Workload 1 and Workload 2 are dissimilar.
Workload 1is assumed as the existing workload and Workload 2 and
Workload 3 are introduced later as trending workloads to create two
different scenarios as shown in Figures 3 and 4. An inference on
Workload 1 SQL queries is performed using pre-trained RoBERTa
(§5 evaluates superiority of RoBERTa). The output of the inference
returns a high-dimensional vector. This high-dimensional vector
is reduced using t-SNE. A visualization of Workload 1 (orange cir-
cles) and a few queries from Workload 2 (gray cross) is shown in
Figure 3 (a). The number of dots may not be equal to the number
of queries due to overlapping. The K-medoids clustering on the
reduced Workload 1 dataset returns the centroid as shown in a blue
hexagon. We introduce a few more queries from Workload 2 shown
in Figure 3 (b) and In Figure 3 (c), clustering is performed (in green)
and the trending workload (Workload 2) centroid is computed. Index
selection is triggered because the difference between the centroids
is greater than A. The workloads are then merged and a new cen-
troid is computed as shown in the final panel in Figure 3 (d). In a
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similar way, Workload 3 queries are introduced to Workload 1 as
shown in Figure 4. In this scenario, as the centroids are recomputed,
the workloads are similar and merged without new index selection.
Constraint: The final step in trend detection is to remove infre-
quent queries from the existing workload. Indexer++ sets a maxi-
mum threshold for the size of the existing workload (value varies
w.r.t. system configuration). When this threshold is exceeded, infre-
quent queries are removed. The centroid and A are recomputed. The
intuition is that frequent queries are more likely to be re-evaluated
in the future so should be retained in the existing workload over
one-off queries. If the query frequency is the same, older queries are
removed from the existing workload in favor of younger queries.

4.3 Online Index Selection

A query optimizer may use a combination of indexes rather than
a single index to optimize a query. The choice of adding an index
to the set can be modeled as a Markovian Decision Processes (MDP)
where the selection of an index impacts future choices. Reinforce-
ment Learning (RL) is a popular technique to optimize MDPs and
has been used to discover directed acyclic graphs [47], and vehi-
cle routes [30]. In contrast to traditional machine learning, where
training requires a labeled dataset, an RL agent interacts with an
environment and learns from experiences. At a given time (t) and
state (s;) an agent performs an action (a) following a policy and
proceeds to the next state (s;+1). It receives a scalar reward during
the state transition. To model online index selection as an MDP,
Indexer++ extracts relevant information from a database to define
a state and has a pipeline where at a given time, t there is a state;
to action; mapping (state and action are deterministic). The goal of
an MDP is to reach the final state maximizing cumulative rewards
and identifying a policy that is, an optimal state-action mapping.

4.3.1 Online DQN Algorithm. A Deep Q-Networks (DQN) is a
popular offline RL based algorithm, where policy 7 (s, a) and val-
ues q(s, a) are represented using multi-layer neural networks (NN).
The neural networks apply high-dimensional input data represen-
tation, generalizing similar experiences and unseen states. The
hyper-parameters of the neural networks are trained by gradient
descent minimizing a loss function. We use the mean squared error,
given below, as the loss function.
Target Estimate
——— | m——

Loss(0) = B, % (Bellman — Q(s, a; 6))?

where, § is a parameter for a nonlinear function, in our approach a

NN. We expand the equation using the Bellman Optimality [42]:
Reward  Future Reward Estimate \°
—_—— —_——

Loss(0) = E, % (R(s,a) +ﬁn’1a1)§ 0(s’,a’;0)) — Q(s,a;0)

where, f is the discount rate. In the above equation, we approach to
learn the weights of Q(s, a; ) using stochastic gradient descent op-
timization. To learn the parameters a gradient update w.r.t Q(s, a; 0)
can be performed as shown below:

Q(s,a;0) = Q(s,a;0) — awaa;e)Loss(Q)
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replacing Loss() and taking a partial derivative yields:

TD Target Estimate

—_——

Q(S, a, 9) = Q(sa a; 9) +a R(S, a) + ﬁn}gfé Q(s,s a’; 9) - Q(S, a, 9)

Temporal Dif ference (TD) Error
rearranging the above equation gives:

0(s,a;0) = (1 —a) O(s,a;0) + a [R(s, a) +,Bn,1a;§Q(s', a’;0)

We use above equation to generalize the approximation of the Q-
value function. A neural network training assumes that input data
are independent and sampled from similar distributions. A neural
network will overfit/underfit if such assumptions are not satisfied.
For Reinforcement Learning, we can observe that the target Q value
depends on itself, making training on a neural network difficult
since it would chase a non-stationary target. To solve this problem,
we implement a target network 6, which stays stationary for a
certain period and later synchronizes with 6. The above equation
can be re-written using target network 6’ as follows:

(s, a;0) = (1 - )Q(s,a;0) + ar [R(s, 2) +ﬂn,1a§ Q(s’,a’;0")

TD Target

A common problem occurs during the learning process when an
agent tends to forget experiences after a few epochs. To solve this
problem, we store a buffer called the Experience Replay to sample
from historical experiences. The buffer also breaks the temporal
dependency otherwise found in regular updates. However, due to
uniform data sampling Experience Replay can lead to slow conver-
gence. This is because a previous experience with a large estimated
error may not be in the sampled data. To solve this problem, we use
Priority Experience Replay (PER), where instead of sampling uni-
formly, samples are given weights. We use the Temporal Difference
(TD) Error as weights to prioritize experiences.

4.3.2 DBMS representation: A state of a DQN agent represents
an environment. We use the existing set of indexes in a database
to represent its current state. The index set is represented in a one-
dimensional vector where a binary value indicates the presence (or
absence) of an index. The action space represents all possible index
configurations. An agent learns the optimal policy by maximizing
the reward function. We define our reward function as follows:

Cost(W, I, D)
re = max| = =1,0) +rsize (1)
ost(W,1y,_,,D) — Cost(W,1y,, D)
1 total index size < max_allowed_size
where, Tsize = -1 otherwise

where, the numerator is the workload cost with no index and the
denominator is the workload cost with the selected index for the
next step. We also introduce the reward for the disk size constraint,
where the total size of the selected indexes has an upper bound of
max_allowed_size, e.g., 100MB. Our reward function is generic and
can be modified for other constraints.

4.3.3 Priority Experience Sweeping (PES):. By nature, the DQN
algorithm is an online learning process. It interacts with an envi-
ronment and, by maximizing rewards, learns the optimal behavior.
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Similarly, the index tuning process learns optimal behavior (select-
ing indexes) by reducing the query cost. However, when a workload
changes, the optimal policy of the environment will change, which
requires retraining of the DQN agent. The retraining process is
time consuming, and if it takes longer time, that will reduce the
utility of having online index tuning. To avoid retraining and to
handle this scenario, we introduce Priority Experience Sweeping.
The motivation for Priority Experience Sweeping is that the DQN
agent has already learned an optimal policy for the environment.
The state and action of the environment do not change. Instead,
there is a slight change in the behavior. Rather than retraining from
scratch how can we utilize previously learned behavior?

ExAMPLE 4.1. To give the context, we describe Priority Experi-
ence Sweeping using an example of robot navigation in a warehouse.
Given a warehouse where a robot is required to navigate from a start
point (S) to an endpoint (E), avoiding obstacles (gray boxes) as shown
in Figure 5 (Default). A DQN agent can learn this behavior by trial
and error and discover the optimal navigation path (blue boxes with
step count). Consider a slight change in the environment with a new
obstacle as shown by X in Figure 5 (Minor Change). With this minor
change in the environment, the optimal path has changed. However,
the new optimal path holds similarities with the previously learned
path. The location of the endpoint, few initial steps, and direction
to navigate are the same. Instead of re-training a DON agent, the
previously learned behavior from the Default environment can be
utilized, and the minor changes can be learned. A DQN agent stores
its previous experiences in a replay buffer. The neural network samples
data from this buffer for training. When a change is observed in the
environment, the previous experiences become irrelevant. The policy to
interact in the newer environment requires experiences from it. Using
this idea, when a change in the DBMS workload pattern is triggered,
we remove all experiences from the replay buffer. The replay buffer is
reloaded with the newer experiences. This allows the agent to sample
from newer experiences and learn the new optimal policy. If there are
Major changes to the environment, such an approach still (endpoint,
the direction of navigation, and initial step remain the same) works,
but this may take longer to adjust to the newer environment.

The change in query workload trends could be a minor or a
major change. Using Priority Experience Sweeping Indexer++ can
adjust to the changes without retraining from scratch. This process
makes Indexer++ a generic tool for online configuration tuning.
We evaluate Indexer++ in both minor and major changes in an
environment as described in § 5.2.2.

377

Vishal Sharma and Curtis Dyreson

Algorithm 1 Random Query Generator

> 1-3
> 100
> number of queries

1: Initialize maximum number of columns in a query C
2: Initialize number of queries Q
3: for each g € Q do

4: for each ¢ € C do > number of columns
5 Randomly extract a distinct value

6: Randomly select operator [>, <, =, =>, <=]

7 Randomly select predicates [and, or]

8 Append q

9: end for

10: end for

5 EXPERIMENTS

We perform multiple experiments in different scenarios to evaluate
Indexer++. We also evaluate both phases of our framework indi-
vidually on multiple datasets. This section describes the datasets,
experimental objectives, results, and conclusion.

5.1 Dataset Description

(1) IMDB [25] is a real-world movie database. The dataset has 21
tables and 33 query sets consisting of 2-4 queries each (a total
of 112 queries). We divide the set of queries into 3 workloads.
The first ten sets with 37 queries create Workload 1, sets 11-20
with 38 queries are Workload 2 and sets 21-33 with 37 queries
form Workload 3. The purpose of splitting query sets into 3
workloads is create multiple scenarios and to analyze the perfor-
mance of our framework for both trigger detection and online
index recommendation with (potentially) changing workloads.

(2) TPC-H is an industrial benchmark for databases. TCP-H does
not have a fixed set of queries, rather it has 22 query templates
that can be used to generate queries. We use a custom template
to create a random query generator; as shown in Algorithm 1.

We will refer to randomly generated queries as TPC-H Random, tem-
plate queries as TPC-H Template and the IMDB queries as IMDB.

5.2 Experimental Setup and Results

All experiments were performed on a computer with Intel i7 5820k,
Nvidia 1080ti, 32GB of RAM on Ubuntu 18.04 OS. We used Python
3.7 and its libraries. The models were trained using an Nvidia 1080ti
with CUDA and cuDNN support for performance enhancement.

5.2.1 Experiment Objective 1: What is the most effective com-
bination of universal embedding, clustering, and dimensionality re-
duction methods for SQL workload representation?

On the TPC-H Random and IMDB datasets, we perform exper-
iments using several popular methods. We specifically evaluate
pre-trained models based on BERT, ALBERT, RoBERTa, XLM, and
Transformer-T5 bidirectional transformers. We use the prominent
dimensionality reduction techniques Principal Component Anal-
ysis (PCA), t-Stochastic Neighborhood Embedding (t-SNE), and
Uniform Manifold Approximation and Projection (UMAP), as well
as the clustering methods K-Means, K-Means++, and K-Medoids.

The chosen NLP models are trained over word tokens and use
a specific set of rules to parse a given text. We employ the learnt
tokenizer from the pre-trained models for initial preprocessing.
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Vector Representation Dimentionality Reduction Clustering
With SQL Keyword No SQL Keyword With SQL Keyword No SQL Keyword With SQL Keyword No SQL Keyword
BERT 0.77 BERT 0.66 | UMAP 0.79 UMAP 0.74 | K-Mn 0.78 K-Mn 0.72
ALBERT 0.70 ALBERT 0.57 | PCA 0.77 PCA 0.70 | K++ 0.79 K++ 0.72
RoBERTa 0.85 RoBERTa 0.82 | TSNE 0.80 TSNE 0.73 | K-Md 0.79 K-Md 0.73
XLM 0.57  XLM 048 | Table 1: Average accuracies on TPC-H Random and IMDB on Dimentional-
T5 0.80 T5 0.71

The tokenization of a workload returns a high-dimensional tensor
representation. We also reduce the dimensionality and build clusters
from the tensor representation. For TPC-H Random, we randomly
select three columns and generate 25 queries for each column,
totalling 75 queries. The TPC-H Random and IMDB datasets are pre-
labeled with respective clusters. The labeling on IMDB is based on
the workload set and for TPC-H Random is based on the columns
fetched in the queries. We measure the accuracy of the computed

clusters (sorted w.r.t IDs) as follows:

11 n-1m-1 1
’ _ ro_ >
accuracy(y ,y) = nm ; jZO(yij == yl]) {0,
where n is the number of clusters and m is the number of data points
in the cluster. We also conduct our experiment by maintaining and
removing SQL keywords (e.g., SELECT). The average accuracy is

reported in Table 1. Overall, we observe the following.

if, equal

otherwise

o The average cluster detection performance with SQL keywords
is 8.9% better than without SQL keywords in terms of accuracy.

e The average accuracy of RoBERTa out-performed other pre-
trained models both with and without SQL keywords.

o K-Means++ performs best with keywords and K-Medoids with-
out keywords. Taking the average of both (with and without
keyword) K-Medoids performs better than K-Means-++.

e t-SNE and UMAP perform better than the other dimensional-
ity reduction techniques. Taking the average of both (with and
without keyword) t-SNE overall performs best.

To visually observe the workload representation with and with-
out SQL keywords we plot the reduced data in Figure 6 using
RoBERTa and t-SNE. The visual representation for TPC-H Template
queries has no major distinction. In general all queries are equally
set apart. It shows that the queries are different from each other.
This analysis is validated from the actual queries. The workload
designed by QGEN using TPC-H Template represents 22 different
queries. They retrieve different parts of the data and can be clearly
distinguished. However, in the representation for TPC-H Random
and IMDB, we observe similarities. The data can be observed in nat-
ural clusters. When comparing the visual quality of clusters, they
are quite similar before and after pre-processing. Overall, in our
experiments we observe RoBERTa, t-SNE, and K-Medoids to be an
effective combination for SQL workload representation.

5.2.2 Experiment Objective 2: Can DQN with priority experi-
ence sweeping learn and identify workload trends?

To evaluate our DQN algorithm we simulate two different sce-
narios: future workloads that are entirely different from the existing
workload (which we call a major change) using IMDB, and workloads
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Figure 6: TPC-H Template (TPC-H T), TPC-H Random (TPC-
H Ra), and IMDB workload representation using t-SNE (per-
plexity = 30, iterations = 5000) with and without keywords.
The style of marker represents different workloads

that are slightly different (a minor change) using TPC-H Random
dataset. In this experiment, we aim to measure the online efficacy
of the workload trend detection. We divided the queries from both
datasets into three workloads as described in § 5.1. Our generated
random queries from TPC-H-Random consists of three workloads,
where Workload 1 is queries on a single column, Workload 2 on ex-
actly two columns and Workload 3 on three columns. Some sample
queries from each workload are shown below:

SELECT COUNT(x) FROM LINEITEM WHERE L_PARTKEY = 30217

SELECT COUNT(x) FROM LINEITEM WHERE L_SUPPKEY = 17438 AND L_PARTKEY < 356077

SELECT COUNT(x) FROM LINEITEM WHERE L_SUPPKEY > 16616 AND L_TAX < 0.06 AND
L_PARTKEY > 82374

The cumulative rewards graph for both datasets is shown in Fig-
ure 7 where each experiment has 15,000 episodes, and Workloads
2 and 3 are introduced at 5,000 and 10,000 episodes, respectively.
We compare cumulative rewards generated by a DQN algorithm,
DON with PER (Priority Experience Replay), and DQN with PER
and PES (Priority Experience Sweeping). We observe a sharp de-
cline for IMDB in cumulative rewards at episodes 5,000 and 10,000,
followed by a gradual increase. The sharp decline helps understand
the change in workload and the ability of workload trend detection
to identify the change and trigger a re-indexing. The indexes se-
lected initially for Workload 1 were not as effective for Workload 2.
This result aligns with the dataset as all three workloads of IMDB
queries represent a major change. In the TPC-H Random the query
workloads represent minor changes. As shown in Figure 7, both
Workloads 2 and 3 improved their performance as a result of the
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Figure 7: Cumulative Rewards on IMDB and TPC-H Ran-
dom. The workloads are introduced in three stages starting
with Workload 1 as the initial workload then 2 and 3

previous set of indices. When comparing all three forms of DQN,
we observe that in TPC-H Random dataset cumulative rewards for
DOQN and DQN-PER saturates after a certain time. However, with
DQN-PER-PES, the rewards collection is slow but consistent. The
rewards are lower in Workloads 1 and 2; however, the change (A)
in the rewards collection is greater. It shows the ability of the DQN
model with PES to gradually learn the environment. With the help
of the sweeping technique, the growth of cumulative rewards is
progressive rather than saturated. We observe a similar behavior on
IMDB dataset. Overall, the experiments show that Indexer++ was
able to detect both major and minor workload changes and was
also able to learn and select appropriate indexes (as evidenced by
the increase in cumulative rewards). This experiment evaluates the
efficacy of our framework on two datasets in different scenarios.

5.2.3 Experiment Objective 3: Are selected indexes efficient and
reduce the overall workload execution cost?

In this experiment, we evaluate the efficacy of selected indexes
on the overall workload execution cost. To measure the effect of the
selected indexes, we execute the benchmark datasets and estimate
execution cost after materializing every index. The results of this
experiment are displayed in Fig 8. We compare execution cost from
DQN, DON-PER, DQN-PER-PES algorithms. We observe an ideal
behaviour where the execution cost in reduced with every index
created. We also observe it is critical to get the first optimal index
for the overall reduction of cost. In experiments with IMDB, we
observe Indexer++ with PES to be most effect for Workloads 1 and
2.In TPC-H Random, our framework was effective in all workloads.

5.2.4 Overcoming Challenges: In § 1, we introduced several
challenges for achieving online index tuning. Indexer++ addresses
all of the challenges as described below.

(C1) Noise Resilience: Trend detection has a minimum query
threshold (batch size of DQN n = 32) for a workload. This
ensures that a few outliers do not trigger index selection.
The clustering of workload embedding helps to reduce the
impact of outliers. Finally, Indexer++ also learns a sensitivity
parameter, A, to help mitigate noise.
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Figure 8: Workload execution cost with selected indexes on
TPC-H Random and IMDB dataset

(C2) Overhead: Unlike other approaches Indexer++ uses hypo-
thetical indexes?, rather than creating an actual index. Index
creation is expensive and if Indexer++ were to create many
indexes during index selection (as do other approaches) then
the overhead would be very high, but hypothetical indexes
are not physically materialized. This dramatically lowers the
cost of index selection and ensures that the cost of tuning
does not affect DBMS performance. Indexer++ can be used
concurrently with other DBMS activities without impacting.

(C3) Trend Detection: We perform workload embedding and an-
alytics using pre-trained NLP models. A pre-trained model
can infer a trend quickly, and without incurring the high cost
of training while Indexer++ is selecting indexes.

(C4) Responsiveness: We eliminate the cost of re-training of the
DOQN agent using Priority Experience Sweeping, further improv-
ing the response time. Our framework can analyze workload
and select indexes in a short period of time (~15min).

6 CONCLUSION

In this paper, we propose Indexer++ a real-time solution for online
index selection using pre-trained NLP models and Reinforcement
Learning. We describe our novel approach for detection of a change
in workload pattern. In our extensive experiments, we observe SQL
workload embedding to be effective using a combination of t-SNE,
K-Medoids and RoBERTa. We propose a novel priority experience
sweeping as an extension to DQN for online index selection. We
evaluate our approach in multiple experiments using both real-
world and benchmark datasets. In our experiments, we observe that
Indexer++ is able to address all the existing challenges for an online
index tuning namely, noise resilience, overhead cost, trend detection
time, and response time, and respond to changing workload patterns
by selecting an optimal set of indexes. In the future, we plan to
extend our workload trend detection to predict runtime, cardinality
estimate and workload errors. We also intend to investigate the
impact of SQL operators on workload representation.

Zhttps://github.com/HypoPG
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