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Database systems often rely on historical query traces to perform workload-based performance tuning. How-
ever, real production workloads are time-evolving, making historical queries ineffective for optimizing future
workloads. To address this challenge, we propose Sibyl, an end-to-end machine learning-based framework
that accurately forecasts a sequence of future queries, with the entire query statements, in various prediction
windows. Drawing insights from real-workloads, we propose template-based featurization techniques and
develop a stacked-LSTM with an encoder-decoder architecture for accurate forecasting of query workloads.
We also develop techniques to improve forecasting accuracy over large prediction windows and achieve
high scalability over large workloads with high variability in arrival rates of queries. Finally, we propose
techniques to handle workload drifts. Our evaluation on four real workloads demonstrates that Sibyl can
forecast workloads with an 87.3% median F1 score, and can result in 1.7× and 1.3× performance improvement
when applied to materialized view selection and index selection applications, respectively.
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1 INTRODUCTION
Workload-based optimization is a critical aspect of database management, which tunes a database
management system (DBMS) to maximize its performance for a specific workload. Consequently, a
large number of performance tuning tools have been developed for workload-based optimization.
While execution statistics may be sufficient for optimizing certain aspects of the system (e.g., buffer
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pool size), many optimizations require an understanding of semantics of the queries, necessitating
a workload query trace as input. For instance, many commercial database products [2–5] support
physical design tools such as Microsoft’s AutoAdminn [11] and IBM’s DB2 design advisor [56].
These tools automatically recommend physical design features, such as indexes, materialized views,
partitioning schemes of tables, and multidimensional clustering (MDC) [41] of tables for a given
workload of queries. In fact, many of these form the foundational pieces of the self-tuning [12],
self-managing [40], and self-driving [16, 42] databases.
For workload-based optimization, the input workload plays a crucial role and needs to be a

good representation of the expected workload. Traditionally, historical query traces have been
used as input workloads with the assumption that workloads are mostly static. However, as we
discuss in §2, many real workloads exhibit highly recurring query structures with changing patterns
in both their arrival intervals and data accesses. For instance, query templates are often shared
across users, teams, and applications, but may be customized with different parameter values to
access varying data at different points in time. Consider a log analysis query that reports errors for
different devices and error types: "SELECT * FROM T WHERE deviceType = ? AND errorType =
? AND eventDate BETWEEN ? AND ?". Although the query template is recurring, the parameter
values may be customized depending on the reporting needs, e.g., different types of devices may be
analyzed on different days of the week, and the granularity of the time interval may switch from
daily to weekly over weekends. Thus, optimization recommendations (e.g., recommended views)
based solely on historical queries may not be effective for such time-evolving workload patterns.
To adapt to evolving workloads, existing workload-based optimization tools can be modified and
enhanced to accommodate workload changes, or alternatively, applied without modification by
substituting the history workload with a workload that more accurately represents the anticipated
query trace in the future. This motivates the need for forecasting future workload.

Table 1. Sibyl vs. three closely related works.

QueryBot 5000 [33]
Tiresias [8] Q-Learning [38] Sibyl

What to predict Query arrival rate Next query Future queries & arrival time
Methods Ensemble Learning RNNs & Q-learning Sibyl-LSTMs
Applications Index selection Query recommendation Physical design tools
Time-evolving forecasting ✓ × ✓
Variable prediction windows ✓ × ✓
Forecast future query statement × ✓† ✓
Forecast precise literals × ×† ✓
† Meduri et al. [38] forecast future query statement with coarse-grained parameter value ranges.

As depicted in Table 1, prior research works [8, 33, 38] have made efforts to forecast different
aspects of future workload, but none have addressed the challenge of predicting future query
traces with precise query statements in a future time window for time-evolving workloads. The
Q-Learning approach proposed by Meduri et al. [38] takes the current query as input and predicts
the next one query by forecasting query fragments separately and then assembling them into a
complete query statement. For predicting the literals (or parameters) used in the query statement,
Q-Learning only forecasts a bin of possible values instead of the exact values. QueryBot 5000 [33]
and Tiresias [8] focus on forecasting the arrival rate of future query workload by training on
patterns from historical query arrival rates. Hence, these techniques can only predict the types
of queries and the number of them expected in the future in a coarse granularity. Yet they do not
generate the specific query statements for those workload-based optimization tools that require
understanding the query semantics, especially in the context of time-evolving workloads.
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To address these limitations, we propose Sibyl, an end-to-end machine learning (ML)-based
workload forecasting framework, which can accurately predict the query statements in a future
time window for time-evolving workload. Different from a specific workload-based optimization
technique, by addressing this broader but also more challenging workload forecasting problem, our
aim is to enable a wide range of existing workload-based optimization tools that were originally
designed for static workloads to be directly appliedwithoutmodification for time-evolvingworkloads.
We next highlight the major contributions of Sibyl.

1.1 Sibyl Contributions
Wemotivate the Sibyl design by qualitative and quantitative studies on four different real workloads
(§2). We identify three insights from our observations that are shared by many existing studies [8,
27, 33, 48, 49, 55]: 1) real workloads are highly recurrent (sharing the same query templates but
with different query parameters) as discussed earlier; 2) these recurrent queries often exhibit
time-evolving behavior; and 3) they are highly predictable. Based on these insights, we first
formalize a next-𝑘 workload forecasting problem that predicts the next 𝑘 queries in the future. We
develop an ML-based technique that integrates both query arrival time and query parameters into
a common framework, and forecasts the entire statements of future recurrent queries and their
arrival time. To this end, we develop a template-based featurization method that captures a large
number of parametric expressions (§5.2), and combine stacked LSTM [20] with an encoder-decoder
architecture [13], resulting in a model that we refer to as Sibyl-LSTMs (§5.3), to better capture
both the temporal dependencies and the possible inter-dependencies among query parameters, for
per-template, multi-variate, multi-step, time-series prediction.
We further identify a set of practical challenges in order to make the predictions usable for

performance tuning tools. First, it is difficult to pre-determine the right number of queries (𝑘) to
forecast, to produce a useful workload for database optimization tools. Rather, a more practical
version of the problem is to forecast the future queries for the next time interval Δ𝑡 . But the number
of queries expected in next Δ𝑡 varies substantially across templates. Second, with one model per
template, we need to limit the number of models to ensure the scalability of our design. To address
these two issues, we extend the solution for the next-𝑘 problem to the next-Δ𝑡 forecasting problem
(§6). For templates with large expected numbers of queries, we ‘cut’ them into sub-templates in
order to employ the predicted next-𝑘 queries to produce results for the next-Δ𝑡 problem. To reduce
the number of models, we ‘pack’ templates with a small expected number of queries into bins. We
then build per-bin models (§6.4). Our approach not only yields accurate results for the next-Δ𝑡
forecasting problem, but also reduces the number of Sibyl-LSTMs models by up to 23×, resulting
in a significant reduction in both time and storage overhead by up to 13.6× and 6×, respectively.
A third challenge is that real-world workloads change dynamically, i.e., new templates may

emerge, while old templates may become less relevant. The evolving patterns of literals may also
change. To capture such changes, Sibyl adopts a feedback loop to handle workload shifts (§7).
The feedback loop uses incremental learning to adapt the pre-trained Sibyl-LSTMs to the shifted
workloads, achieving comparable accuracy to full training, with a negligible fine-tuning overhead.

We integrate the forecasting model with the feedback loop to develop the end-to-end forecasting
solution of Sibyl. The paper also presents a common effectiveness measurement that can be
utilized for many performance tuning tools (§8). We evaluate Sibyl on four real workloads (§9)
and demonstrate its accurate forecasting ability. Furthermore, we apply Sibyl to two database
applications on real workloads: materialized view and index selection, and our results show 1.7×
and 1.3× improvement, respectively, using forecasted workloads compared to historical workloads.

The primary contribution of Sibyl is not proposing new ML algorithms, rather leveraging them
for the problem of forecasting entire query statements, adapting feature selection and combining
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encoder-decoder architecture with LSTM for better accuracy, and improving scalability through
template cutting and packing. To the best of our knowledge, Sibyl is the first framework that learns
and forecasts the entire statements of future recurrent queries in various time spans.

2 OBSERVATIONS AND MOTIVATION
In this section, we present our observations from multiple real-world workloads, which serve as
the motivation for the development of Sibyl. We provide a brief description of these workloads
below along with detailed statistics (see Table 2).
Telemetry: This workload contains 14 days of point lookup queries from a decision support
system used for querying telemetry data of Microsoft’s products and services.
SCOPE: The workload contains 2 weeks of production jobs executed in Microsoft’s SCOPE query
engine. The jobs are written in the SCOPE query language, some of which contain UDFs (user
defined functions) and UDOs (user defined objects).
BusTracker: The workload contains 57 days of queries from a mobile phone application for
live-tracking of the public transit bus system, open-sourced by [33].
Sales: The workload contains 32 days of analytical query traces from Microsoft’s internal revenue
reporting platform. It consists of queries on purchase, sales, budget, and forecast data.

Table 2. The basic statistics of the workloads

Telemetry SCOPE BusTracker Sales

trace length (days) 14 14 57 32
# queries 2.6M 6M 25M 13.3K

Parameterized Query:

SELECT A.x,A.y, SUM(A.e) / SUM(A.z) AS val

FROM A

WHERE A.val1 = $1 AND A.val2 = $2 AND A.val3 IN $3

GROUP BY A.x, A.y

Parameters: $1='v1', $2='v2', $3=(1,2)

Fig. 1. An example of parameterized query.

Observation 1: Queries in real workloads are highly recurrent.
Observing real production workloads, we found that most queries come from applications that

use programmatic parameterized queries, with an example shown in Figure 1. Many queries in the
workload share the same query template, while the parameter values vary. Building on definitions
from prior work [8, 27, 33, 48, 49, 55], we call a query that shares the same template with at least
another query as a recurrent query. As depicted in Table 3, we observe over 94.5% of queries in
the four workloads are recurrent. The templates of the recurrent queries are recurrent templates.
Table 3 also provides the number of recurrent templates in the four workloads. The BusTracker
workload has a small number of recurrent query templates. In contrast, SCOPE exhibits a large
number of recurrent templates [26]. We also observe the dominance of frequent recurrent queries,
with more than 94% of total queries in the workloads having more than 20 recurrences.
Observation 2: Recurrent queries often evolve over time.

In real workloads, the parameter values in recurrent templates can change dynamically over time.
A recurrent template with at least one changing parameter value is called an evolving template.
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Table 3. Recurrent queries in the workloads

Telemetry SCOPE BusTracker Sales

% recurrent queries 99.9% 94.5% 99.9% 96.9%
# recurrent templates 2157 168197 258 1143

Table 4. Time-evolving queries in the workloads

Telemetry SCOPE BusTracker Sales

% evolving templates 96.6% 97.3% 99.8% 0.2%
% evolving queries 99.9% 99.4% 99.9% 26.6%

Query instances belonging to evolving templates are referred to as evolving queries. Table 4 shows
the percentage of evolving templates among the recurrent templates, and the proportion of evolving
queries among the recurrent queries in the four workloads. In Telemetry, SCOPE, and BusTracker,
the majority of recurrent queries are evolving. In Sales, evolving queries represent 26.6% of recurrent
queries but account for 57.4% of the total workload execution time, indicating their higher cost.
We further analyze parameter value changes with query arrival time and identify common

patterns: (a) trending pattern: increasing, decreasing, or level trends; (b) periodic pattern: regular
pattern with fixed interval (e.g., hourly, daily, weekly); (c) combination of trending and periodic
patterns; (d) random pattern (no regular or predictable pattern). Examples of these patterns are
visualized in Figure 2 using the Telemetry workload.

(a) Trending Pattern

(c) Combination of Trending and Periodic Patterns

(d) Random Pattern

(b) Periodic Pattern

May 01 May 03 May 05 May 07 May 09 May 11 May 13
Query Arrival Time

P
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Fig. 2. Characterizing time-evolving patterns and their predictability using queries from the Telemetry

workload.
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Observation 3: Recurrent queries are highly predictable.
We further study the predictability of parameters in the recurrent queries, by employing the

widely-used approximate entropy (ApEn) [44] metric to quantify the unpredictability of time-series
parameter data. A lower ApEn indicates higher predictability. Figure 3(a) shows the histogram of
ApEn of all parameters of the Telemetry workload. We observe some parameters have low ApEns,
even smaller than 5𝑒−4 in our study, while some have relatively higher ApEns, greater than 1.0.

Fig. 3. (a) The histogram of ApEn on parameters of Telemetry workload. (b) The negative correlation between

parameter forecasting accuracy (using vanilla LSTM) and ApEn.

Unfortunately, it is well known that there is no universally defined threshold value for classifying
a variable as unpredictable using ApEn [14, 31]. It all depends on the context and the threshold is
determined empirically for a particular scenario. However, not surprisingly, we found that ApEn is
negatively correlated with parameter prediction accuracy by an ML model. Figure 3(b) illustrates
this relationship for a widely-used vanilla LSTM model [20]. Empirically, we tried various ML
models1 for predicting each parameter, and get the best accuracy value 𝐴𝑐𝑐𝑚𝑎𝑥 for each parameter.
To quantitatively identify unpredictable parameters, we introduce an accuracy threshold 𝜏 , and
treat parameters with𝐴𝑐𝑐𝑚𝑎𝑥 lower than 𝜏 as unpredictable parameters. We empirically set 𝜏 = 75%
based on our expectation on parameter accuracy. Among the predictable parameters, we further
identify the trivial-to-predict ones, which have simple patterns, e.g., repeating only a very small
number of possible values. These can be easily predicted by simple heuristic based methods. The
remaining predictable parameters are evolving over time with more complex patterns and require
sophisticated models to achieve good forecasting accuracy. We use orange, blue, and green colors
to mark the three categories: trivial-to-predict, predictable-by-model, and unpredictable in
Figure 2. Table 5 shows the percentages of these categories for the four workloads. Overall, our
analysis indicates the high predictability of parameters in recurrent templates, with a significant
portion of them non-trivial to predict, thus necessitating ML models for assistance.

Table 5. The predictability of workloads

Telemetry SCOPE BusTracker Sales
trivial-to-predict 21.3% 23.1% 13.7% 9.1%

predictable-by-model 68.5% 62.0% 78.7% 81.8%
unpredictable 10.3% 14.9% 7.6% 9.1%

total predictable† 89.7% 85.1% 92.4% 90.9%
† Sum of the trivial-to-predict and the predictable-by-model categories

1We tried Random Forest, vanilla LSTM, and our own Sibyl-LSTMs.
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Note that the four studied workloads represent a diverse set of workloads from different database
systems with distinct query volumes (ranging from 13K to 25M) and varying numbers of query
templates (ranging from 258 to 168K), as well as a mixture of operational queries (Telemetry and
BusTracker) and analytical queries (SCOPE and Sales). Yet, the aforementioned observations remain
true for all four workloads. In addition, these observations align with existing works [8, 27, 33,
48, 49, 55] that emphasize the recurrent and predictable nature of real workloads. In fact, Sibyl’s
target applications, the various existing workload optimization tools, already implicitly assume
workload predictability, as it simply doesn’t make sense to tune performance on random workloads.
Therefore, Sibyl is designed on the same premise of this common scenario.

3 PROBLEM STATEMENT
We begin by introducing key concepts to formally define the workload forecasting problem. A
query, denoted by 𝑞, refers to a statement expressed in SQL or a similar declarative language. A
workload, denoted by𝑊 , is a bag (i.e. multi-set) of queries. Most workload-based optimizations
tools [11, 56] take𝑊 as input, along with other constraints (e.g. storage constraint), and produce
a recommendation of target features (e.g. indexes, materialized views, partitioning schemes, or
MDC strategies) to optimize the total cost of 𝑊 . These tools are usually executed at regular
intervals, such as hourly, daily, or weekly. Hence, forecasting a representative query workload for
the upcoming time interval necessitates considering the arrival time of queries. As a result, we
define a timed-workload, denoted as 𝑇𝑊 , as a time series of queries, where each query 𝑞𝑖 in the
workload has an associated arrival time 𝑡𝑞𝑖 indicating when the query is issued. Queries in the
timed-workload are ordered based on their arrival time, i.e., 𝑡𝑞1 ≤ 𝑡𝑞2 ≤ ... ≤ 𝑡𝑞𝑛 . Hence, the timed-
workload can be represented as𝑇𝑊 = [(𝑞1, 𝑡𝑞1 ), (𝑞2, 𝑡𝑞2 ), ..., (𝑞𝑛, 𝑡𝑞𝑛 )]. Given a timed-workload𝑇𝑊 ,
its corresponding workload𝑊 can be obtained by removing the arrival times and converting the
sequence into a bag. When there is no ambiguity, we also refer to a timed-workload as a workload
for simplicity.

We now present the formal definitions of two workload forecasting problems: next-𝑘 forecasting
and next-Δ𝑡 forecasting.

Definition 3.1. (Next-𝑘 Forecasting)
Given a timed-workload𝑇𝑊 = [(𝑞1, 𝑡𝑞1 ), (𝑞2, 𝑡𝑞2 ), ..., (𝑞𝑛, 𝑡𝑞𝑛 )], the next-𝑘 forecasting problem predicts
the next 𝑘 future queries as:

𝐹𝑘 (𝑇𝑊 ) = [(𝑞𝑛+1, 𝑡𝑞𝑛+1 ), (𝑞𝑛+2, 𝑡𝑞𝑛+2 ), ..., (𝑞𝑛+𝑘 , 𝑡𝑞𝑛+𝑘 )]

Definition 3.2. (Next-Δ𝑡 Forecasting)
Given a timed-workload 𝑇𝑊 = [(𝑞1, 𝑡𝑞1 ), (𝑞2, 𝑡𝑞2 ), ..., (𝑞𝑛, 𝑡𝑞𝑛 )], the next-Δ𝑡 forecasting problem pre-
dicts the queries in the next time interval of size Δ𝑡 as:

𝐹Δ𝑡 (𝑇𝑊 ) = [(𝑞𝑛+1, 𝑡𝑞𝑛+1 ), (𝑞𝑛+2, 𝑡𝑞𝑛+2 ), ..., (𝑞𝑛+𝜎 , 𝑡𝑞𝑛+𝜎 )]
where 𝑡𝑞𝑛+𝜎 < 𝑡𝑞𝑛 + Δ𝑡 ≤ 𝑡𝑞𝑛+𝜎+1 .

In contrast to the fixed number of queries to predict in next-𝑘 forecasting, the next-Δ𝑡 forecast-
ing deals with the prediction of queries within a fixed time interval. In real-world applications,
determining the target time interval of the expected future queries is often more feasible and useful
than the target number of future queries. Database tuning tasks are typically performed at regular
intervals, such as hourly, daily, or weekly. Thus, having knowledge of the expected workload in
the target time interval is crucial for optimizing database performance.

The next-Δ𝑡 forecasting problem is more challenging than the next-𝑘 forecasting problem as the
number of queries to predict, 𝜎 , is not known in advance and must be determined based on the
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arrival time of the predicted queries. Operationally, the forecasting model needs to keep predicting
queries until it sees a query with an arrival time exceeding the next Δ𝑡 time interval.

It is important to note that even though many workload optimization tools do not require time
information, both forecasting problems defined above generate timed workloads. The predicted
arrival time of each query plays a crucial role in forecasting, as it provides constraints for the next-𝑘
(selecting the next k queries ordered by the arrival time) and next-Δ𝑡 (producing queries with
bounded arrival time) prediction challenges. After the forecasting process, the timed workloads can
be easily converted into regular workloads before being utilized by workload optimization tools.

Wewant to emphasize that this work primarily focuses on analytic workloads targeting workload-
based optimization applications. While our techniques are general enough, we leave forecasting
non-query statements (DML and DDL) as future work.

Query
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Fig. 4. Sibyl Overview. (a) shows the four components of Sibyl for next-Δ𝑡 forecasting. (b) shows the three
phases of Sibyl.

4 SIBYL OVERVIEW
Sibyl is an ML-based workload forecasting framework that takes the past queries as input and
outputs the future queries, performing time series prediction. Forecasted queries can be seamlessly
integrated into existing database tools for tuning tasks.
We first tackle the simpler next-𝑘 forecasting problem, by developing a template-based fea-

turization method and combining stacked LSTM with an encoder-decoder architecture to create
Sibyl-LSTMs. To address practical challenges such as handling a large number of queries in the
required prediction interval and the scalability of the design, we extend the solution for the next-𝑘
problem to the next-Δ𝑡 forecasting problem, and implement template cutting and packing algo-
rithms to reorganize templates into bins. This allows us to build per-bin models, resulting in a more
practical and scalable design. Figure 4(a) depicts the overall architecture of Sibyl for solving the
next-Δ𝑡 problem, and the detailed design of each component will be introduced in §5 and §6.

As shown in Figure 4(b), Sibyl has the following three phases:
Training: it featurizes the past queries and their arrival time, and trains ML models from scratch.
The training is only performed once. We assume that the historical workload provides sufficient
training data for accurate predictions using ML models.
Forecasting: it continuously receives recent queries from the workload traces and employs the
pre-trained ML models to predict the next-𝑘 or next-Δ𝑡 queries with their expected arrival time in
the future workload. The forecasted workload can be passed to database tuning tools as input to
perform optimization.
Incremental fine-tuning: it monitors model accuracy and detects workload shifts (e.g., new
types of queries emerging in the workload) via a feedback loop. It adjusts its models efficiently by
fine-tuning incrementally on the shifted workload, without retraining from scratch.

Note that the three phases are not on the critical path of workload-based optimization applications.
They are offline steps to prepare the inputs for these applications to tune database performance.
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5 NEXT-𝑘 FORECASTING MODELS
We first solve the next-𝑘 forecasting problem. A simplistic approach would be constructing a single
global model to learn on all the queries in a workload. However, this method has various limitations.
Firstly, as demonstrated in Table 3, actual workloads frequently consist of different types of queries
(different query templates), making it challenging to featurize the extensive range of query logic.
Secondly, it results in a large number of features and a complex mixture of patterns from all
templates that the model needs to learn. Thirdly, such a global model necessitates a substantial
amount of training data and can be extremely expensive to train.
Based on the observations outlined in §2, real-workload queries are highly templatized, and

the query parameters in each template frequently exhibit time-evolving patterns and are very
predictable. Rather than creating a global model for the entire workload, it is more reasonable to
build a model for each template. Specifically, we perform query templatization (§5.1) and group
the queries in a workload based on their templates. For each template, we collect queries of the
template, featurize the queries (§5.2), and train a model (§5.3) to forecast future 𝑘 queries for this
template and their arrival time. This high-level idea of constructing a model per template is also
utilized in existing works such as [33, 47, 54]. Note that 𝑘 is the forecasting window size, indicating
how many queries are expected to forecast. We defer the discussion on practical considerations in
selecting 𝑘 to §6. To get the forecasting results for the entire workload, we collect the forecasted
queries for all templates together and sort them by the forecasted arrival time to produce the final
𝑘 queries. We next elaborate the design details.

5.1 Query Templatization
In this pre-processing step, we group the queries in the given workload based on their query
templates. To obtain the template from a given query, Sibyl parses the query to create an abstract
syntax tree (AST) and transforms the literals in the AST into parameter markers [6]2. Our templati-
zation technique can extract literals in any part of the query, including UDFs, UDOs, and Common
Table Expressions (CTEs). To ascertain the equivalence of two query templates, we verify whether
their ASTs are identical via strict matching. Then, Sibyl associates all parameter bindings in a query
to its corresponding template. We rely on the AST representation of queries for templatization, as
it simplifies the manipulation of the query structures. But our approach for evaluating template
equivalence could be easily extended, e.g., using canonical representations of filter expressions. We
leave such extensions for future work.

5.2 Feature Engineering
Featurization of queries with arbitrary complexity is a hard problem. Existing plan-based [34, 35]
or token-based [25] featurization methods have made significant progress on this front, but can still
only support limited query constructs. However, in our setting, by leveraging query templates, we
can circumvent this challenge. Queries with the same template share identical query structure but
differ only in their parameter values. Therefore, we can use the template identification (template
id) to capture the query structure, while hiding the query complexity within the template.
Each query can be featurized using template id and parameter values. This also simplifies the

query reconstruction process by merely filling in the parameter values into the corresponding
template to reconstruct a predicted query. In addition, there are two requirements for featurization
that we need to satisfy in our setting.
• R1: To better learn the time-evolving patterns, time-related features, either the query arrival

time or any query parameter value of Date-Time type, need to be encoded in a way to capture the
2We note that the extraction of templates does not take into account any query rewriting or optimizations.
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periodicity (such as year, month, week, day, etc.) and seasonality (including weekdays, weekends,
holidays, etc.) of time.

• R2: Since future observations in a time series problem are often dependent on past observations,
featurization should capture the relationship between consecutive queries.

Below, we describe how we featurize a query, including its arrival time to meet these requirements.
5.2.1 Query Feature Vector. In a per-templatemodel, only the parameter values require encoding
in the query feature vector. Furthermore, to satisfy R2, we also encode the difference between the
parameter values of the current query and its predecessor. Here the major task is on dealing with a
rich set of data types for query parameters. We utilize the table schema and parameter values to
deduce the data types of the parameters. Subsequently, we encode each parameter according to its
corresponding data type.
• Numerical types. The parameters of numerical-type, e.g., Int, Long, Double and Float, are
encoded by their numerical values.

• Categorical types. The parameters with String, Char, Boolean types are encoded as categorical
values. For each parameter, we collect all possible values from the training data, and assign an
identical integer value to each category. To deal with high cardinality categorical features, we
then apply the feature hashing technique [53] to encode the categorical values.

• Date-Time type. Special treatment is given to date-time parameters to ensure R1. The value
of date-time is dissected into individual components such as year, month, day, hour, minute,
and second. Furthermore, we incorporate additional derived features such as identification of
weekends, public holidays, the season of the year, and so on.

• Set type. Set parameters often appear in the IN or VALUES clauses. In our study, we observe
a fixed set of values recurring which are extracted as categorical values. We plan to explore
alternative encoding methods in the future.

5.2.2 Arrival Time Feature Vector. Analogous to processing date-time parameters, we decom-
pose the query arrival time into its constituent parts, including year, month, day, hour, minute, and
second, thus satisfying R1. This approach allows the ML models to forecast all the features related
to time and reconstruct future arrival timestamps. In addition, to ensure R2, we also featurize the
difference between the arrival time of successive queries.
5.2.3 Input Feature Map for ML Models. As we formulate the workload forecasting problem
as a time series prediction problem, the input to each ML model is a feature map with a sequence
of feature vectors until the current timestamp (𝑓 𝑣1, 𝑓 𝑣2, ..., 𝑓 𝑣𝑛) ordered by query arrival time. Each
feature vector 𝑓 𝑣𝑖 comprises the query feature vector concatenated with the corresponding query
arrival time feature vector. The output of each ML model is a sequence of the next 𝑘 feature vectors
(𝑓 𝑣𝑛+1, 𝑓 𝑣𝑛+2, ..., 𝑓 𝑣𝑛+𝑘 ), which are used to reconstruct the next 𝑘 queries with their respective arrival
times. The input feature map enables the MLmodels to capture the interrelationship among features
within and between queries and learn from these connections, resulting in accurate predictions.

5.3 Forecasting Models
We now outline the ML models for solving the next-𝑘 forecasting problem. With various options
available for time series forecasting, we have considered and evaluated the following two models:
Random Forest (RF). RF is an ensemble learning method [46] widely used for classification and
regression problems. With its simplicity and popularity, it is tempting to apply RF to our forecasting
problems. The conventional use of RF enables the prediction of only the next single query. To adapt
RF for predicting next-𝑘 queries 𝑞𝑛+1, 𝑞𝑛+2, ...𝑞𝑛+𝑘 , we use the past 𝑘 queries 𝑞𝑛−𝑘+1, 𝑞𝑛−𝑘+2, ...𝑞𝑛 .
More specifically, RF predicts 𝑞𝑛+1 using 𝑞𝑛−𝑘+1, 𝑞𝑛+2 using 𝑞𝑛−𝑘+2, and so on. However, as we will
show in §9, even with this adaption, RF is still not a good solution for our problem.
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Fig. 5. (a) One LSTM layer. (b) Sibyl-LSTMs.

Long Short-TermMemory Networks (LSTM). LSTM is a variant of the recurrent neural network
(RNN) [37], designed to learn a sequence of data with both short-term and long-term dependencies.
Its ability to capture temporal patterns makes it ideal for solving time-series prediction problems.
However, vanilla LSTM model, i.e., a single-layer LSTM as shown in Figure 5(a), has limited model
capacity to capture complex relationships among features. Our task involves taking a sequence of
historical queries and forecasting a sequence of future queries, with each query consisting ofmultiple
parameters, making it a multi-variate, multi-step, time-series sequence-to-sequence learning problem.
While LSTM is good at capturing temporal dependencies, it processes each variable independently
and does not directly capture the inter-dependencies between them. Thus, it is not a good solution
for multi-variable problem that involves complex relationships among variables. To address this
limitation, we combine LSTM with the advanced encoder-decoder architecture [13], resulting in a
model that we refer to as Sibyl-LSTMs, to better capture both the temporal dependencies and the
interrelationships among variables, as shown in Figure 5(b).
The encoder-decoder architecture is widely used in NLP domain [13, 32] due to its ability to

capture the context more effectively. As shown in Figure 5(b), the encoder processes the input
sequence and maps features into encoder states. The encoder states are the latent representations
that summarize the entire input sequence encoding important information and dependencies from
the input. The encoder states are then used to guide the generation of the output sequence by the
decoder. This architecture allows the model to capture complex relationships between the input
and output sequences and performs better on complex evolving patterns.
As will be shown in §9, Sibyl-LSTMs produces more accurate and stable results on different

problem settings (i.e., various 𝑘 and Δ𝑡 settings) than RF and vanilla LSTM. Therefore, we select
Sibyl-LSTMs as our preferred model. We note that the existing forecasting models in [33, 38]
are not directly suitable for our needs: QueryBot 5000 [33] performs single-variable, multi-step
forecasting, while [38] conducts multi-variable, single-step forecasting. Finally, large language
models [15, 45, 51] could also be considered. These models excel in complex sequence-to-sequence
learning but have more parameters and longer training time. Based on our evaluation in §9, Sibyl-
LSTMs provides sufficiently accurate results, so we chose to focus exclusively on Sibyl-LSTMs.

5.3.1 Sibyl-LSTMs. Figure 5 shows how we combine LSTMwith an encoder-decoder architecture
to build Sibyl-LSTMs.

We first briefly introduce how one LSTM layer works, as shown in Figure 5(a). At each time step
𝑖 , the LSTM takes an input 𝑞𝑖 and produces a hidden state ℎ𝑖 . Additionally, it passes two types of
states to the next time step: the hidden state ℎ𝑖 , which governs short-term memory, and the cell
state 𝑐𝑖 , which governs long-term memory. The LSTM works in a recurrent manner, which can
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be viewed as multiple copies of the same network at different time steps, with each passing the
information (the states) to a successor. Figure 5(b) depicts the unrolling of the LSTM over multiple
time steps, allowing the model to retain long-term and short-term information and enabling it to
reason about prior data to inform subsequent ones.

Integrating LSTM with the encoder-decoder architecture, we design Sibyl-LSTMs in Figure 5(b).
We first deploy a stacked-LSTM with two LSTM layers as the encoder. The stacked LSTM is deeper
and provides higher model capacity (more trainable parameters) to capture more information at
different levels and model more complex representation in data, compared to the vanilla LSTM. The
first layer of the encoder (LSTM 1) takes featurized query 𝑞𝑖 at time step 𝑖 , together with the previous
cell state 𝑐1𝑖−1 and hidden state ℎ1𝑖−1. The second layer (LSTM 2) takes the output from LSTM 1 as
input, along with its previous cell state 𝑐2𝑖−1 and hidden state ℎ2𝑖−1. The encoder recursively learns on
the entire input sequence and generates the output. The final encoder state, which summarizes the
input sequence, consists of ℎ1𝑛 , 𝑐1𝑛 , ℎ2𝑛 , and 𝑐2𝑛 . We then employ a repeat vector layer to replicate the
encoder output into 𝑘 copies. The decoder module comprises two LSTM layers that are initialized
with the final encoder state. The decoder takes the encoder output together with the previous states
as the input, to generate the hidden state output for each of the 𝑘 future steps. Finally, we apply
the time distributed layer, which is a dense layer, to separate the results into each future time step.
The output of Sibyl-LSTMs is a sequence of feature vectors with length 𝑘 which can be decoded
into 𝑘 future query statements and their arrival time.

6 NEXT-Δ𝑡 FORECASTING MODELS
We now address the practical challenges in adapting next-𝑘 forecasting to next-Δ𝑡 forecasting, for
a fixed target Δ𝑡 value.

6.1 Challenges
Challenge 1: A required forecasting size exceeds a feasible 𝑘 . For a target time interval Δ𝑡 , a
naive approach would be to use the next-𝑘 forecasting method (§5) and set a 𝑘 sufficiently large
so that 𝑘 ≥ 𝜎 , where 𝜎 is the number of queries arriving in next Δ𝑡 as defined in Definition 3.2.
Specifically, we refer to the number of queries for template 𝑡𝑒𝑚𝑝𝑖 in Δ𝑡 as its template size in Δ𝑡 ,
denoted as 𝜎𝑖 (Δ𝑡). However, as we will discuss below, it is not always practically feasible to fulfill
𝑘 ≥ 𝜎𝑖 (Δ𝑡),∀𝑡𝑒𝑚𝑝𝑖 .

First, the output window size 𝑘 of a sequence-to-sequence learning model is usually decided
empirically rather than arbitrarily chosen, considering several factors: (1) A larger 𝑘 brings more
computation complexity and memory overhead. Given a specific machine to deploy Sibyl-LSTMs
and a certain-sized workload, the maximum feasible 𝑘 is decided and bounded by the machine
resources. (2) The model accuracy degrades with arbitrarily increasing 𝑘 , as it is harder for a model
to capture the patterns in an extremely long sequence. The state-of-the-art sequence-to-sequence
learning models [15, 45] typically adopt a feasible 𝑘 ∈ [128, 1024]. (3) A larger 𝑘 requires more
training data, thus may lead to the problem of inadequate data available for training. Therefore, a
maximum feasible 𝑘 in Sibyl is decided by an exhaustive search of the available resources, workload
sizes, and model accuracy expectation once for a given experimental set-up. Once 𝑘 is decided, it is
fixed during the whole training and inference process. A change of 𝑘 leads to a new model and
requires model retraining from scratch.
Secondly, given 𝑘 is limited and fixed, the required number of queries to forecast for next-Δ𝑡

can be larger than 𝑘 . For example, a physical design tool may require next one-day’s queries to
perform optimization, i.e., Δ𝑡 = 1𝑑𝑎𝑦. As shown in Figure 6, the required forecasting window size
for a large sized template in the Telemetry workload can be up to 10,500 to cover next day’s queries.
In this case, directly applying the next-𝑘 solution is impossible with the above discussed feasible
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Fig. 6. An example from the Telemetry workload where the average number of queries per day is imbalanced.

setting of 𝑘 ∈ [128, 1024]. This leads to the first challenge: addressing large templates, i.e., templates
with a substantially larger number of expected queries than 𝑘 in next Δ𝑡 .
Challenge 2: Per-template model solution is not efficient for small templates and not
scalable. Conversely, the second challenge involves the long tail of small templates, i.e., templates
with a very limited number of expected queries in next Δ𝑡 . For instance, Figure 6 shows there are
1,893 templates in the Telemetry workload, which is 87.8% of all the templates, with fewer than
50 queries per day, much smaller than a common setting of 𝑘 , i.e., 𝑘 ≫ 𝜎𝑠𝑚𝑎𝑙𝑙_𝑡𝑒𝑚𝑝 (Δ𝑡). Directly
deploying the next-𝑘 solution is inefficient because it does not make the best use of model capacity.
Moreover, in real workloads, the number of templates can be quite large, as shown in Table 3.
Training a model for each template is not scalable, resulting in a vast number of models to maintain,
significant training time, and model storage overhead (see Table 9).

6.2 Template Cutting
We first address the problem with large templates with sizes greater than 𝑘 in Challenge 1. We first
attempted a straightforward method of repeatedly forecasting the next 𝑘 queries using previously
predicted 𝑘 queries as input for the next round of prediction. This process continues until there
are enough predicted queries to cover the next Δ𝑡 interval. However, we empirically find that this
approach results in poor accuracy, particularly as the number of prediction iterations increases. For
instance, with 𝑘 = 1000, the 10 largest templates in the Telemetry workload require 4 to 10 rounds
of iterative predictions to cover a day’s forecast, yielding an average accuracy of only 41.7%. As a
result, we opted for a different approach.
A continuous sub-sampling of a regular pattern in time series data still follows a regular pat-

tern [39]. This is because the sub-sampling process is essentially selecting a subset of the original
pattern at regular intervals. As long as these intervals are consistent, the resulting pattern will
also be regular. Based on the above observation, we propose template cutting to split the group of
queries for a large template into sub-groups, a.k.a. sub-templates, so that each is no larger than 𝑘 .
We cut templates based on the arrival time, as illustrated in Figure 7. Specifically, we divide the Δ𝑡
interval into consistent sub-intervals, Δ𝑡 ′1,Δ𝑡 ′2 , ...,Δ𝑡 ′𝑠 , and use them to divide the group of queries.
Note that the sub-intervals do not have to be equal length in time. Figure 7 shows two sub-intervals
Δ𝑡 ′1 and Δ𝑡 ′2 of Δ𝑡 . After splitting, we now have two sub-templates. The first only contains queries
that fall into the Δ𝑡 ′1 time-frame of every Δ𝑡 interval (represented as blue bars in the figure), whereas
the second contains queries in the Δ𝑡 ′2 time-frame of every Δ𝑡 interval (represented as green bars).
Assuming an accurate model for each sub-template, it will learn the new patterns (only having
queries in its corresponding sub-interval) in the sub-template, and predict future queries based
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Fig. 7. Illustration of template cutting.

on the new patterns (only predicting queries in its corresponding sub-interval). Combining the
forecasted queries from both models will result in the forecasted queries for the entire Δ𝑡 interval.

For template cutting, we need to estimate the number of queries (see §6.5) that will arrive for a
given template in next Δ𝑡 , denoted as 𝜎𝑖 (Δ𝑡). Since we need to cut Δ𝑡 into smaller sub-intervals,
we first choose a sufficiently fine-grained time window Δ𝑡 ′′ to evenly divide Δ𝑡 into finer intervals
Δ𝑡 ′′1 ,Δ𝑡

′′
2 , ...,Δ𝑡

′′
𝑚 . For example, if Δ𝑡 = 1 day, we may pick Δ𝑡 ′′ = 1 hour and have 24 small time

intervals. We first use 𝜎𝑖 (Δ𝑡) to identify templates larger than 𝑘 . For each such template, we examine
the finer time granularity Δ𝑡 ′′ and find the cutting points of sub-templates in the boundary of finer
time intervals. As depicted in Algorithm 1, it begins with Δ𝑡 ′′1 and greedily searches for a cutting
point that results in the largest sub-template with a size no greater than 𝑘 by utilizing the estimated
𝜎𝑖 (Δ𝑡 ′′𝑗 ). After the cut is made, it moves on iteratively to search for the cutting point for the next
sub-template.

Algorithm 1 Template Cutting Algorithm
1: Input: 𝑘 ; 𝜎𝑖 (Δ𝑡 ′′𝑗 ) and 𝜎𝑖 (Δ𝑡) for template 𝑡𝑒𝑚𝑝𝑖 .
2: Initialize the final sub-template set 𝑆 = ∅.
3: for 𝑡𝑒𝑚𝑝𝑖 in all templates do
4: Initialize the sub-template set for 𝑡𝑒𝑚𝑝𝑖 : 𝑠𝑖 = ∅
5: if 𝜎𝑖 (Δ𝑡) > 𝑘 then
6: Current_sub_template 𝐶 = ∅
7: Current_remaining_size 𝑅 = 𝑘

8: for Δ𝑡 ′′𝑗 in Δ𝑡 do
9: if 𝜎𝑖 (Δ𝑡 ′′𝑗 ) ≤ 𝑅 then
10: # fit into the current sub-template
11: 𝐶 = 𝐶 ∪ {𝑡𝑒𝑚𝑝𝑖 (Δ𝑡 ′′𝑗 )}, 𝑅 = 𝑅 − 𝜎𝑖 (Δ𝑡 ′′)
12: else
13: # initialize a new sub-template
14: 𝑠𝑖 = 𝑠𝑖 ∪ {𝐶}
15: 𝐶 = {𝑡𝑒𝑚𝑝𝑖 (Δ𝑡 ′′𝑗 )}, 𝑅 = 𝑘 − 𝜎𝑖 (Δ𝑡 ′′𝑗 )
16: else
17: 𝑠𝑖 = {𝑡𝑒𝑚𝑝𝑖 }
18: 𝑆 = 𝑆 ∪ 𝑠𝑖

19: Output: the final sub-template set 𝑆
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6.3 Template Packing
As mentioned in Challenge 2, there are also many templates in the workload with very small sizes.
We propose to ‘pack’ multiple such smaller templates into bins such that the total number of
expected queries per bin is no greater than 𝑘 . We formulate template packing as an integer linear
programming problem:

minimize #𝑏𝑖𝑛𝑠 =
∑︁
𝑗

𝑦 𝑗

subject to #𝑏𝑖𝑛𝑠 ≥ 1∑︁
𝑖∈𝑏𝑖𝑛 𝑗

(𝜎𝑖 (Δ𝑡)) ≤ 𝑘, ∀𝑡𝑒𝑚𝑝𝑖 ∈ 𝑏𝑖𝑛 𝑗 , ∀𝑏𝑖𝑛 𝑗

#𝑡𝑒𝑚𝑝𝑙𝑎𝑡𝑒𝑠_𝑖𝑛_𝑏𝑖𝑛 𝑗 ≤ 𝑑, ∀𝑏𝑖𝑛 𝑗∑︁
𝑗

𝑥𝑖 𝑗 = 1,∀𝑡𝑒𝑚𝑝𝑖

𝑦 𝑗 , 𝑥𝑖 𝑗 ∈ {0, 1},∀𝑡𝑒𝑚𝑝𝑖 , 𝑏𝑖𝑛 𝑗

Where 𝑦 𝑗 = 1 if bin j is used and 𝑥𝑖 𝑗 = 1 if template 𝑖 is put into bin 𝑗 . We modified a classical
first-fit bin-packing algorithm [36] to solve this problem by preferring a bin with fewer templates
when multiple bins can fit a template. This is necessary because an excess of templates in a bin can
affect the accuracy of the per-bin model due to the complex mixture of various template patterns.
To mitigate this, we quantitatively set the bin size, or the maximum number of templates per bin,
to a constant 𝑑 .

After packing, we can now create a model for each bin, which learns the distinct patterns for the
templates present in the bin and predicts future queries for these templates. It is worth mentioning
that, after packing, the bins are usually not fully occupied (i.e., with sizes smaller than k), an
effective model for the bin will accurately predict queries for these templates in the next Δ𝑡 interval,
even with normal minor variations of template size in real workloads.

6.4 Per-Bin Models
We now adapt the per-template models into per-bin models to solve the next-Δ𝑡 forecasting problem.
We still use the Sibyl-LSTMs as the forecasting models, but have to make the following adaptations:
The feature map is more complex for per-bin model, since it includes queries from all templates
within a bin. To handle multiple templates within each bin during featurization, it is necessary to
include the template id as a feature and the feature map must also encompass the parameter values
from all templates within the bin. We concatenate all the parameters from various templates in the
feature map (e.g., two templates in a bin, with 3 and 2 parameters each, make a feature map of 5
parameters in the query feature vector).
The forecasting task becomes more challenging when modeling a mixed patterns from various
templates in a bin. The per-bin model must accurately forecast template id and all parameter values
within a bin for correctly reconstructing with the correct template and its parameter values.

6.5 Estimating Template Size
We now discuss how to estimate the template size used in the template cutting and packing. To do
so, we train an additional one-layer LSTM. We use the finer Δ𝑡 ′′ granularity (introduced earlier) to
collect 𝜎𝑖 (Δ𝑡 ′′1 ), 𝜎𝑖 (Δ𝑡 ′′2 ), ..., 𝜎𝑖 (Δ𝑡 ′′𝑚) for each Δ𝑡 interval in the historical workload, and train the
LSTM model to forecast the future arrival rates 𝜎𝑖 (Δ𝑡 ′′1 ), 𝜎𝑖 (Δ𝑡 ′′2 ), ..., 𝜎𝑖 (Δ𝑡 ′′𝑚). Summing up these
predictions, we can compute 𝜎𝑖 (Δ𝑡). To ensure our next-Δ𝑡 forecasting models can stably predict
multiple successive Δ𝑡 windows without costly retraining, we also set a longer forecasting horizon
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Δ𝑇 , e.g., Δ𝑇 = 1 week given Δ𝑡 = 1 day. This provides a longer preview of future arrival rates,
𝜎𝑖 (Δ𝑡1), 𝜎𝑖 (Δ𝑡2), ..., 𝜎𝑖 (Δ𝑡𝑙 ). We then conservatively use the upper-bound of all forecasted 𝜎𝑖 (Δ𝑡 𝑗 ) to
approximate the template size in next Δ𝑡 , i.e., 𝜎𝑖 (Δ𝑡) = max(�̂�𝑖 (Δ𝑡 𝑗 )),∀Δ𝑡 𝑗 ∈ Δ𝑇 . Similarly, we can
approximate the template size for smaller interval Δ𝑡 ′′𝑥 as 𝜎𝑖 (Δ𝑡 ′′𝑥 ) = max(�̂�𝑖 (Δ𝑡 ′′𝑗𝑥 )), ∀Δ𝑡 ′′𝑗 ∈ Δ𝑡 .
Note that this LSTM model is only used to estimate the size of a template for template cutting

and packing. The forecasted arrival time from Sibyl-LSTMs still determines the actual number
of queries in the next-Δ𝑡 prediction. Note that while one-layer LSTM model is sufficient for our
intended purpose, we can also use QueryBot 5000 [33] to estimate the template size.

7 FEEDBACK LOOP
Real workloads can shift, and new evolving patterns can emerge that the pre-trained models
have never seen, which leads to an accuracy degradation. Sibyl offers a feedback loop to adapt
to workload changes. Firstly, it tracks forecasting accuracy, detects changes in workloads, and
automatically refines the models to enhance their performance. Secondly, it monitors both new
and existing templates and keeps track of their sizes.
As Sibyl receives new queries continuously, it also receives the ground truth queries for the

previous forecasting. This allows Sibyl to monitor the forecasting accuracy and decide whether to
fine-tune the models or not. To identify the workload shifts that trigger the accuracy degradation,
we set an accuracy threshold. The threshold can be decided by the lower bound of the forecasting
accuracy expectation by applications or DBA. In our study, we fine-tune a model if the model
accuracy is constantly lower than the threshold 𝛼 = 75% in a few forecasting rounds. During
fine-tuning, as Sibyl collects new training data, new categorical values might emerge. We extend
the dictionary of the parameter values by assigning new categorical values for them, and then use
feature hashing to encode them.

In addition to detecting pattern changes in existing query templates, Sibyl also has the capability
to continuously identify emerging templates (i.e., unseen templates that are recurrent in the new
observation) as well as inactive templates (i.e., templates that have no queries showing up for a
prolonged period of time). For a new template, we collect training data for it while continuously
receiving new queries. Then we either fit the new template into an existing bin, if the bin capacity
allows it, and fine-tune the existing per-bin model, or otherwise initialize a new bin for it and
train a new model on the collected training data. For an inactive template, since the template has
no queries showing up, during periodic fine-tuning on the new observed data, the model will
automatically not forecast queries for the template anymore. Simultaneously, Sibyl keeps track
of the size of each template and maintains models for the template size prediction (§6.5). If the
total size of templates for a bin steadily exceeds the bin capacity, we divide the bin and re-adjust
the assignment of templates into sub-bins so that the total size of templates in each sub-bin is no
greater than 𝑘 , and train new models for sub-bins from scratch.

8 EFFECTIVENESS MEASUREMENT
As discussed in §3, the majority of workload optimization tools that Sibyl targets at assume normal
workloads instead of timed-workloads as input, so we only consider the normal workloads from
the forecast when measuring prediction accuracy. Given the predicted workload �̂� and the ground-
truth future workload𝑊 , we use recall, precision, and F1 score as our evaluation metric with a
customizable function𝑚𝑎𝑡𝑐ℎ(𝑊,�̂� ) that defines how the ground-truth queries in𝑊 are matched
with the queries in �̂� , and can be tailored to a specific application. More formally,

𝑅𝑒𝑐𝑎𝑙𝑙 =
|𝑚𝑎𝑡𝑐ℎ(𝑊,�̂� ) |

|𝑊 | , 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
|𝑚𝑎𝑡𝑐ℎ(𝑊,�̂� ) |

|�̂� |
, 𝐹1 = 2 · 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 · 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
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While one can use a strict matching where the predicated queries exactly match with the ground
truth queries, such a matching is rarely needed. For a large number of applications, such as index
tuning, view recommendation, partitioning of tables, and determination of the MDC of tables, a
forecasted workload is required cover most of the ground-truth queries, and a containment based
metric can be used for matching a ground-truth query with a predicted query. In Sibyl, we measure
containment only using predicates in the queries. For equality predicate, the model gives a single
value, hence we perform exact matching. For range predicates, a match is considered if the predicted
range contains the ground-truth range. In the case of an IN clause, a match is considered if the
predicted value is a superset of the ground-truth value. Given the forecasted workload �̂� and
the ground-truth workload𝑊 , we use the containment relationship to define a bipartite graph 𝐺 ,
where each query 𝑞 in𝑊 and each query 𝑞 in �̂� serve as the vertices, and an edge exists between
𝑞 and 𝑞, if 𝑞 is contained by 𝑞. Then we define the containment-based match𝑚𝑎𝑡𝑐ℎ⊆ (𝑊,�̂� ) as the
maximum bipartite matching of𝐺 . Practically, we use a popular textbook greedy bipartite matching
algorithm to approximate the optimal result.
To better understand the effectiveness of forecasting in terms of containment, we also want to

measure the degree of the containment relationship for each matched ground-truth and predicted
query pair. We develop a new metric called average containment-diff ratio (cnt-diff ) computed as
follows. For a predicted range 𝑅 and a ground-truth range 𝑅, the cnt-diff ratio is defined as |�̂�−𝑅 |

|𝑅 | ,
where − is the range difference operation. In cases of a half-bounded range predicate, such as
𝑐𝑜𝑙 > 𝑎, all the observed parameter values related to 𝑐𝑜𝑙 are used to obtain the upper bound𝑚𝑎𝑥𝑐𝑜𝑙
and lower bound 𝑚𝑖𝑛𝑐𝑜𝑙 , and the range (𝑎,∞) is changed to (𝑎,𝑚𝑎𝑥𝑐𝑜𝑙 ) before computing the
cnt-diff ratio. Similarly, for IN-clause predicates, given a predicted set 𝑆 and ground-truth set 𝑆 , the
cnt-diff ratio is defined as |𝑆−𝑆 |

|𝑆 | , where − is the set difference operation. A good containment-based
match should have a cnt-diff ratio close to zero. Finally, the average cnt-diff ratio is computed
across all range predicates and IN-clause predicates for all the matched queries (we do not compute
cnt-diff ratio for unmatched queries).

Finally, as discussed in §2, sometimes there exist a small percentage of unpredictable parameters
in a workload. While the predicted values for these parameters will unlikely match the ground truth,
they will still reflect the randomness of these parameters in the predicted workload. The workload
optimization tools may be able to handle them some time. For example, in some view selections, a
recurrent predicate with random parameter values will be ignored or converted into a group-by-
column. For partitioning recommendation, random parameter values indicate either a non-ideal
column for partitioning or a hash partitioning scheme for the column. An index recommender
can take the randomness as a hint for needing an index structure better for point queries (e.g.
hash-based indexes). Random parameters cannot be predicted. We believe the right approach is to
be able to identify them and not apply any constraints on them. We do not want to unnecessarily
penalize a forecasting method for these unpredictable parameters. As a result, we do not consider
the unpredictable parameters when reporting the accuracy measurements in this paper.

9 EVALUATION
In this section, we study the parameter predictability (§9.1), evaluate the effectiveness and efficiency
of Sibyl for both next-𝑘 (§9.2) and next-Δ𝑡 forecasting problems (§9.3), discuss the effectiveness of
fine-tunning (§9.4), and demonstrate the real benefit gained by Sibyl for the view recommendation
and index selection applications (§9.5.1).
Model Alternatives. We compare with three alternative models: RF, vanilla LSTM, and a

heuristic history-based model, which assumes a static workload and uses the last 𝑘 queries or the
queries in the last Δ𝑡 window as the next-𝑘 or next-Δ𝑡 forecast.
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Implementation. Workload templatization was implemented in Java using Calcite parser
(v1.32.0) [10]. We implemented the rest of Sibyl in Python (v3.10.8) and built the ML models with
Scikit-learn (v1.1.3) [43] and TensorFlow/Keras framework (v2.11.0) [7]. For all ML models, we
split each dataset such that the first 75% of the sequence is used for training and the last 25% for
testing. For RF, we set the number of decision trees the same as the output window size 𝑘 . For
Vanilla LSTM and Sibyl-LSTMs, we set the number of cells in each LSTM layer the same as the
output window size 𝑘 and train with batches of 512 samples until convergence or reaching the
maximum number of training epochs 20. We set the input window size equal to the output window
size 𝑘 during model training and testing. We initialize the learning rate as 1𝑒−3 with decay rate 0.9,
and use Adam optimization [30] and Huber loss [24] implemented by TensorFlow/Keras. In our
experiments, we use the accuracy threshold 𝛼 = 75% to identify workload shift, and set the bin size
𝑑 = 50 for the per-bin models, unless otherwise specified.

Experiment Setup. We used 6-core 206-GHz Xeon E5-2690V4 machines with Ubuntu 20.04 OS
and one NVIDIA V100 GPU (16GB) for all experiments. Models for different templates or bins can
be parallelized across machines to reduce the elapsed time. For inference, the models are indexed
by their template or bin id, which allows loading only the required models at forecasting time.

9.1 Parameter Predictability
As discussed in §2, although most parameters in time-evolving queries are predictable, a few exhibit
random behavior. Figure 8 details the prediction accuracy histograms for all the parameters in the
Telemetry workload with the four different models in the next-1000 forecast. For each parameter,
given the forecasted parameter sequence 𝑝𝑛+1, 𝑝𝑛+2, ..., 𝑝𝑛+𝑘 and the ground truth 𝑝𝑛+1, 𝑝𝑛+2, ..., 𝑝𝑛+𝑘 ,
the parameter accuracy is defined as |𝑝𝑛+𝑖=𝑝𝑛+𝑖 |

𝑘
,∀𝑖 ∈ [1, 𝑘]. We can observe that more parameters

can be accurately predicted using the ML-based models than the history-based model. Our Sibyl-
LSTMs performs the best. In Figure 9, we present a visualization of the actual versus forecasted
values for the three predictable parameters (DATE, STRING, and ID-related fields, respectively)
for one of the biggest templates in the Telemetry workload, as an example. We observed that the
forecasted results closely aligned with the ground truth, particularly for periodic and trend patterns.

Figure 8 shows that there are some unpredictable parameters for which even ML-based models
cannot achieve over 75% prediction accuracy. We visualized the time-series patterns for these
parameters and observed the similar random patterns as shown in Figure 2(d). For the remaining
experiments, we ignore the unpredictable parameters as discussed in §8, and report accuracy using
the containment-based match definition (also introduced in §8).
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Fig. 8. Histogram of prediction accuracy for parameters in the Telemetry workload, with forecasting window

𝑘 = 1000.
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Fig. 9. Forecasting visualization.

9.2 Next-𝑘 Forecasting
We first show the forecasting accuracy of the per-template models for the next-k forecasting
problem. We report the results on the time-evolving templates, ignoring the templates where the
parameter values do not change over time.

9.2.1 Comparison of Models. Table 6 shows the average recall results for the per-template
models in each workload with different window sizes 𝑘 . We note that the Sales workload has
relatively a smaller number of queries, leading to smaller 𝑘 values. This is necessary to ensure
sufficient training samples when sliding the input window over the query traces. The results
show that Sibyl-LSTMs clearly outperforms all the other models. The history-based approach has
very low accuracy, especially for the Telemetry, SCOPE and BusTracker workloads. Vanilla LSTM
generally works better than the RF model. To ensure that the predicted queries do not overshoot for
range and IN-clause predicates in the containment-based matches, we report the cnt-diff (see §8)
for the forecast in Table 7. Note that cnt-diff is calculated only on correct predictions. The results
show that Sibyl-LSTMs often matches or surpasses cnt-diff ratios of other ML-based approaches,
indicating that Sibyl-LSTMs does not attain the superior model accuracy by over-prediction.

9.2.2 The Effect of 𝑘 . The selection of 𝑘 depends on computational and memory resources
available. We set the max forecasting window size as 1000 to avoid the out-of-memory error given
the machine memory constraint. As shown in Table 6, the selection of 𝑘 also affects model accuracy.
A smaller 𝑘 can result in a more accurate forecast but may also increase the risk of model instability
or over-fitting. A larger 𝑘 predicts for a large forecasting window at once, but it poses challenges
on accuracy and model scalability. The experimental results show that Sibyl-LSTMs has better
model scalability – when scaling up the prediction window size, the variance of the accuracy is
smaller compared to the other baselines.

9.3 Next-Δ𝑡 Forecasting
In Figure 10, we present the evaluation results of per-bin models for the next-Δ𝑡 problem, varying Δ𝑡
to 1 hour, 6 hours, 12 hours, and 1 day. These time intervals are typical in our targeted application [27,
28]. We set 𝑘 (in template cutting and packing algorithms) to 1000 for the Telemetry, SCOPE, and
BusTracker workloads, and 500 for Sales, as it has fewer queries.
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Table 6. Accuracy results (%) for next-𝑘 forecasting problem.

Telemetry SCOPE BusTracker Sales
𝑘 100 500 1000 100 500 1000 100 500 1000 100 200 500

History-based 27.4 17.0 31.8 7.0 13.4 32.8 12.8 11.2 7.9 47.8 64.9 72.8
Random Forest 85.4 82.3 80.5 83.7 83.2 82.6 91.4 90.2 88.6 79.6 75.3 71.2
Vanilla LSTM 91.0 90.3 90.1 89.3 88.7 88.2 92.0 92.3 91.8 84.9 85.3 80.7
Sibyl-LSTMs 95.8 96.7 95.4 94.6 95.4 94.7 96.0 96.2 95.8 92.4 91.7 88.2

Table 7. Cnt-diff ratio (%) for the next-𝑘 forecasting problem.

Telemetry SCOPE BusTracker Sales
𝑘 100 500 1000 100 500 1000 100 500 1000 100 200 500

History-based 3.50 4.24 1.01 1.14 1.19 0.73 1.88 2.86 3.04 0.50 0.49 0.55
Random Forest 0.15 0.04 0.16 0.08 0.08 0.12 0.22 0.11 0.22 0.25 0.09 0.28
Vanilla LSTM 0.32 0.11 0.21 0.11 0.18 0.07 0.31 0.31 0.35 0.11 0.19 0.04
Sibyl-LSTMs 0.19 0.22 0.16 0.16 0.13 0.10 0.25 0.16 0.19 0.36 0.26 0.14
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Fig. 10. Accuracy results for the next-Δ𝑡 forecasting problem.

9.3.1 Comparison of Models. Sibyl surpasses other forecasting models and maintains stable
accuracy across various Δ𝑡 settings. Vanilla LSTM and Random Forecast perform poorly on the
Sales, which has more outliers and more unstable patterns. For Telemetry, the history-based method
performs well with the 12-hour interval due to the workload’s recurrent queries that have the same
parameter values within a day (between the past 12-hour window and the future 12-hour window).
But this method is ineffective with the one-day interval, as many query parameter values change
when crossing the day boundary. The history-based method yields unsatisfactory results for the
other three workloads that exhibit more rapid and intricate evolution and involve time-related
parameters that operate on a finer time scale. Therefore, it is imperative to use an ML-based
forecasting model to handle the evolving workload.
Other ML alternatives: As noted earlier, our primary contribution lies in leveraging an effective
ML model for our complex task, instead of developing new or exhaustively testing possible ML
algorithms. Here, we consider two more common alternatives although additional models are
possible. (1) In another adaption of RF, referred to as RF+, we concatenate all values from 𝑞𝑛−𝑘+1 to
𝑞𝑛 as a single input vector and output all parameters of 𝑞𝑛+1 to 𝑞𝑛+𝑘 together. As Table 8 shows, RF+
achieves similar low accuracy as the baseline RF in Figure 10. (2) We also consider a Transformer
based decoder-only model (TRF), with a 12-layer multi-head attention architecture. Table 8 shows
TRF attains a slightly better accuracy than Sibyl-LSTMs, but at the cost of 18.2× more training
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time and 4.4× more model storage overhead. We chose Sibyl-LSTMs for Sibyl, because it offers a
trade-off between accuracy and efficiency.

Table 8. The recall results (%) comparison with other ML alternatives for the next-Δ𝑡 forecasting on the

Telemetry workload.

Δ𝑡 1 hour 6 hour 12 hour 1 day
RF+ 75.5 75.9 75.8 77.5
TRF 92.6 92.5 93.0 92.1
Sibyl 90.8 92.4 91.1 91.3

9.3.2 The Effect of Δ𝑡 . The accuracy of next-Δ𝑡 forecasting results is influenced not only by the
model’s ability to accurately forecast queries but also by its ability to accurately forecast arrival
times. As the forecasting time window increases, the accuracy of the results changes. Typically,
time-series forecasting with shorter horizons is easier and more accurate. However, predictions for
smaller time granularity, such as 1 hour instead of 1 day, tend to be noisier and subject to greater
fluctuations in query arrival rates per hour than per day, which makes forecasting arrival hours
more challenging than forecasting arrival days. As a result, the majority of forecasting accuracy
results with a one-day time window are higher than other time-window settings.

9.3.3 Time and Storage Efficiency. Table 9 demonstrates the time and storage savings achieved
through the implementation of template cutting and packing as well as the per-bin models for
next-day forecasting. Note that the training times reported in the table are aggregation across all
templates/bins. By parallelizing onmultiple machines, the elapsed training times can be significantly
shortened. We note that the average time and storage overhead of a single per-bin model is higher
than that of a per-template model due to larger model capacity and a higher average number of
queries per bin than per template. However, template cutting and packing significantly reduce
the number of models by up to 23×. Moreover, employing per-bin models results in a significant
reduction in training time of up to 13.6× and storage space by up to 6.0× when compared to
per-template models.
We note that there is a trade-off between efficiency and accuracy. Comparing the accuracy

results in Table 6 and Figure 10, the accuracy of per-bin models is slightly lower than per-template
models. Because the next-Δ𝑡 forecasting is a harder problem to solve than the next-𝑘 forecasting, as
mentioned in §6.4. It has a higher requirement for the per-bin models to forecast the query arrival
time precisely, depending on which we can identify the queries in the next time interval correctly.
Different from the per-template models, the per-bin models are required to forecast template ids in
a bin and more queries in per bin than per template.

Compared to the training overhead, the total per-bin model prediction times on GPU are negligi-
ble: 3.9s, 241s, 1.6s, and 0.031s for Telemetry, SCOPE, Bustracker, and Sales, respectively.

Table 9. The aggregate training time and model storage overhead for per-template and per-bin models. ↓
means the reduction ratio.

Telemetry SCOPE BusTracker Sales
# per-template models 2157 168197 258 23

aggregate training time† (h) 119.8 9344.3 14.3 1.3
total model storage† (GB) 54.0 4205.0 6.5 0.6

# per-bin models (↓) 124 (17.4×) 7716 (21.8×) 50 (5.2×) 1 (23×)
aggregate training time† (h) (↓) 11.0 (10.9×) 685.9 (13.6×) 4.4 (3.3×) 0.1 (13.0×)
total model storage† (GB) (↓) 12.4 (4.4×) 771.6 (5.4×) 5.0 (1.3×) 0.1 (6.0×)
† The one-epoch average training time is 10𝑠 for a per-template model and 16𝑠 for a per-bin model. The average
storage overhead is 25𝑀𝐵 for a per-template model and 100𝑀𝐵 for a per-bin model.
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9.3.4 Comparison with Previous Work. We now compare Sibyl with QueryBot5000 [33],
TEALED [23] 3 and Q-Learning [38] on the common BusTracker workload. Although none of the
three methods were originally designed for future query forecasting, we adapted them to solve
the next-Δ𝑡 forecasting problem. QueryBot5000 and TEALED forecast only the arrival rates for
templates in the next Δ𝑡 . To generate queries, we take the most recent 𝑛 historical queries from
each template, where 𝑛 is the predicted query rate by QueryBot5000 and TEALED. Q-Learning
only forecasts the next one query. We adapt it by continuously forecasting using the last predicted
query as input until collecting𝑚 queries, where𝑚 is the number of queries in the last Δ𝑡 . We call
the adapted methods as QueryBot5000+, TEALED+ and Q-Learning+, respectively.
We compare the recall results and prediction overhead for next-1 day forecasting in Table 10.

Sibyl significantly outperforms QueryBot5000+ as the latter fails to forecast the time-evolving
parameter values. QueryBot5000+ and TEALED+ show slightly better accuracy than the history-
based method shown in Figure 10, as they accurately forecast the query arrival rate. Q-Learning+
only suggests a similar query to the ground truth and has very low recall results when applying
the over-and-over prediction. Q-Learning+ also has the highest prediction overhead because it
forecasts only one query at a time, while other methods have comparable low prediction overhead.

Table 10. The recall results (%) and prediction overhead comparison for the next-Δ𝑡 forecasting on BusTracker.

Δ𝑡 1 hour 6 hour 12 hour 1 day prediction overhead (1 day)
QueryBot5000+ 12.4 11.7 12.0 13.9 1.1s

TEALED+ 11.0 11.5 10.6 12.0 5.2s
Q-Learning+ 0.0 0.0 0.0 0.0 6251.4s

Sibyl 91.3 90.4 91.6 91.8 1.6s

9.3.5 The Effect of Bin Size. We now assess the impact of bin size 𝑑 (the maximum number of
templates per bin) on the recall results of next-1 day forecasting on the Telemetry workload, in
Table 11. While per-template models (𝑑=1) provide high accuracy, they are not time and storage
efficient as discussed in § 9.3.3. Larger𝑑 values reduce the number of models needed but compromise
accuracy due to the complex mixture of patterns. We empirically set 𝑑 = 50 in Sibyl to balance
accuracy and efficiency.

Table 11. The recall results (%) of different 𝑑 settings for the next-1 day forecasting on the Telemetry workload.

d 1 10 30 50 70 100
#bins 2157 442 217 124 120 119
Recall 93.2 92.0 91.6 91.3 91.1 91.1

9.4 Effectiveness of Fine-tuning Models
In this experiment, we demonstrate the effectiveness of Sibyl’s feedback loop (see §7). Figure 11
displays the detection of workload shift in the Telemetry workload and the execution of a per-bin
model fine-tuning for the next-day forecasting. Figure 11(a) depicts a pattern change of a parameter
in the Telemetry workload starting from May 13 (highlighted in light blue), which Sibyl detects
by observing the decline in accuracy. The model accuracy on the shifted pattern is 51.9%, which
falls below the threshold 𝛼 = 75%, triggering model fine-tuning. In Figure 11(b), we observe that
Sibyl fine-tunes the Sibyl-LSTMs by incrementally training on newly observed data, rather than
training from scratch. The average fine-tuning time per epoch is under 10s for a per-template
model and 16s for a per-bin model, due to the smaller size of new observed data. In Sibyl, we limit
3It is our re-implementation because the code/executable of TEALED is not available.
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the maximum number of fine-tuning epochs to 20. As shown in Figure 11, the model converges in
just two epochs with 6.4 seconds of overhead, improving accuracy to 95.0%, which is close to the
pre-trained accuracy of 95.4%.

Query Arrival Time
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May 11 May 13May 07 May 09 May 15

95.0

Fig. 11. Fine-tuning on Telemetry workload shift.
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(a) Speedup via views on Sales workload. (b) Speedup via indexes on Telemetry workload. 

Fig. 12. Results on view selection and index selection applications.

9.5 Applications of Workload Forecasting
We now show how workload forecast can be applied to two classical workload-based optimization
applications: view selection and index selection. The purpose of our experiments is to show how
an existing view/index selection algorithm can directly use the forecasted workload without
modification to its algorithm to produce better views/indexes, rather than introducing a new
view/index selection algorithm. Thus, we employ the well-known view selection algorithm [9] and
the PostgreSQL index recommender tool [1].

9.5.1 Application to View Selection. We train Sibyl-LSTMs, QueryBot5000+, and Q-Learning+
using 2237 Sales queries over 20 consecutive days. Then, we employ the view selection algorithm to
create materialized views for the subsequent day. As the baseline, we conduct view recommendation
on the preceding 7 days of history queries. For Sibyl-LSTMs, QueryBot5000+, and Q-Learning+,
we use the predicted queries to recommend views. Then we run the ground-truth queries using
the recommended views on a cloud-based data warehouse (2-compute nodes and 385GB data).
Figure 12(a) shows the query execution speedup achieved by using the views compared to without
the views. The queries forecasted by Q-Learning+ do not lead to any useful views at all, so there is
no speedup. Views based on both History and QueryBot5000+ result in merely 1.06× improvement,
whereas views recommended based on Sibyl leads to 1.83× speedup, roughly a 1.7× difference.

9.5.2 Application to Index Selection. In this experiment, we train Sibyl-LSTMs, QueryBot5000+,
and Q-Learning+ using 741K queries from 11 days of Telemetry workload. We then run the index
recommender for Day 12. Due to the large volumes of queries (≈ 47K) on the 12th day, we only
focus on the 151 queries that fall in the 3AM - 4AM window. For the baseline, we run the index
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recommender on a random sample of 1K queries from the historical workload, following the same
approach in [33]. For Sibyl-LSTMs, QueryBot5000+, and Q-Learning+, we recommend indexes on
the forecasted queries. Then, we execute the ground-truth queries on the recommended indexes
using a single-node PostgreSQL server on 24GB data. Figure 12(b) shows the speedup achieved by
various methods. History exhibits a modest 1.2× speedup when compared to No Index. All three
ML-based methods outperform History. Not surprisingly, QueryBot5000+ achieves a very good
1.72× speedup, since index recommendation is one of the target applications it is designed for [33].
Sibyl achieves a comparable 1.67× speedup. It is important to note that the accuracy requirements
for query prediction are less stringent for index recommendation. As long as the predicted queries
encompass the main tables and columns, the recommended index will be beneficial for future
workloads. In contrast, view recommendation necessitates precise prediction of query templates
and parameter values to generate useful views.

10 RELATEDWORK
There has been extensive research on workload modeling and forecasting for relational databases,
which can be classified into three main categories: (𝑖) partial query forecasting, (𝑖𝑖) workload feature
forecasting, and (𝑖𝑖𝑖) suggesting queries from the past.
Partial Query Forecasting. [25] learns vector representations for SQL statements and query
plans, which captures the syntax similarity among query statements but fails to predict the literals
in queries. [38] leverage RNNs [37] and Q-Learning [52] to predict the next query based on the
current query, with the forecasted literals as a bin of values rather than accurate values. While these
works partially forecast query statements, Sibyl accurately predicts the entire future statements.
ForecastingWorkload Features. [22] utilizes Markov models to predict the shifts in the workload
over time, and [21] models periodic patterns of a workload by classification. [50] forecasts accessing
frequency by ensemble learning and [33] predicts the arrival rate of future queries by hybrid-
ensemble learning to suggest indexing. [8] predicts data access characteristics such as latency,
when data will be accessed, and volume of data accessed. The paper [23] utilizes a combination of
time-sensitive empirical mode decomposition (EMD) and auto LSTM encoder-decoder to forecast
resource utilization and query arrival rates for DBMSs. These efforts focus on specific aspects of
workload forecasting. In contrast, Sibyl is a comprehensive workload forecasting framework that
predicts query statements, arrival time, arrival rate, and pattern shifts simultaneously.
Suggesting Queries From the Past. Query recommendation [17, 18] selects queries from the
historical logs that overlap with ongoing interaction sessions using collaborative filtering. Query
auto-completion [29] helps users complete the missing parts of a query by choosing transitions
based on heuristics, such as the popularity of query fragment co-occurrence in prior logs. The
paper [19] posits that database workloads are influenced by real-world events. It forecasts future
workloads by identifying upcoming events and matching them with similar past events. These
approaches are not ML-based, but only rely on heuristics and historical workloads. They also do
not capture query evolution, thus fail to suggest new queries that are not already in the history.

11 CONCLUSION
We introduced Sibyl, an ML-based workload forecasting framework that predicts future queries
across various time intervals. Unlike the prior work, Sibyl formulates the forecasting problem as a
multi-variate, multi-step, sequence-to-sequence prediction problem. We addressed several chal-
lenges to efficiently and accurately predict future queries, which lead to performance improvement
in applications such as views and indexes selection, emphasizing Sibyl’s potential in database
optimization. As future work, we plan to explore other ML techniques to further reduce the training
overhead and improve efficiency.
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