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Abstract
Database administrators struggle when managing workloads that have widely different performance
requirements. For example, the same database may support short-running OLTP queries and batch jobs
containing multitudes of queries with varying complexity. Different workloads may have different performance requirements, expressed in terms of service level objectives (SLOs) that must be fulfilled in order
to keep the issuing database users satisfied. In this paper, we identify basic query classes and describe
the challenges they pose for SLO-aware workload management. Additionally, we propose a generic architecture for an SLO-aware DBMS. We give an overview of workload management techniques already
implemented in today’s DBMS and outline future research directions for as yet unsupported concepts.

1 Introduction
Imagine you are a database system administrator for a large company. Your job is to administer a variety of
workloads running on the database. These workloads are submitted by different customers who have unique requirements. The company’s Web front end produces an OLTP-style workload with short-running parameterized
queries that must be processed quickly in order to provide immediate feedback to the customers. Depending
on the customer, the queries have varying importance and performance requirements. While processing the
OLTP queries, your database must also handle business intelligence (BI) workloads. For example, sales managers submit analytic batch workloads to prepare financial reports for a meeting with your company’s CEO.
These workloads have a hard deadline and partial results are worthless. To complicate matters, members of the
marketing team simultaneously need to execute complex custom queries in order to craft their new campaign.
In today’s databases, OLTP and BI workloads are usually kept separate: OLTP workloads are submitted to
and processed by operational databases, and BI workloads by data warehouses. For the management of each
individual workload, you as the database administrator must address a variety of problems: First, you need
concrete metrics that describe the customers’ expectations in a way you can measure. For example, you cannot
measure whether or not you meet the customer’s vague expectation of a “short response time”, but you can
measure the elapsed time needed to respond to a query. Second, you need policies to manage incoming queries.
For example, you must decide whether or not to admit a new query when you expect the query to have a negative
impact on concurrent queries. Third, you need workload management policies that consider the characteristics
of the workloads as a whole. In particular, you need workload management techniques to address questions like:
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• What is the number of concurrent queries in the database system that optimizes throughput for a particular
workload? What if multiple workloads are running simultaneously?
• Can the queries be scheduled according to their priorities? How should the priorities be determined?
• How long should you wait before killing an unexpectedly long-running query that hogs resources? How
can you tell that the query hogs resources? What if this query is business-critical and must be completed?
Increasingly, we are seeing trends towards “operational data stores” or “operational BI”, where mixed workloads run on the same database. The parallel execution of workloads with different requirements on the same
database poses new challenges and requires an integrated approach for workload management. As a preparatory
work, this paper focuses on workload management techniques for separate execution of the different workload
types. Workload management for operational data stores is ongoing work in our research collaboration.
The rest of this paper is organized as follows: Section 2 characterizes the workloads we focus on in this paper.
Section 3 defines service level objectives for different workload classes. Section 4 describes how workload
management is used to meet service level objectives. Section 5 summarizes prior art in industry and academia.
Our proposed solution for managing OLTP workloads is presented in Section 6. Section 7 describes challenges
in workload management for BI workloads. Finally, Section 8 summarizes the contents of the paper.

2 Characterization of Workloads
Table 1 characterizes business intelligence (BI) and OLTP workloads. The vertical axis describes how queries are generated. The structure of canned queries
interactive batch
is fixed; the only variety stems from the parameterization of constants. This
canned
OLTP/BI
BI
kind of query is typically issued by software clients, often by using prepared ad hoc
BI
BI
statements. In contrast, the structure of ad hoc queries is not known in advance,
and may vary widely. Ad hoc queries may cause performance issues because Table 1: Characterization of
they are often only executed once and thus may not be as thoroughly optimized workloads
as canned queries.
The horizontal axis indicates whether queries are issued interactively or as part of batch jobs. In the case
of interactive invocation, the user is waiting for the results of each query before submitting the next one. A
subsequent query may depend on the result of its predecessor, so even long-term monitoring of query patterns
will not necessarily yield a good prediction model for query sequences. The opposite is true for batch workloads,
where all queries are known in advance.
OLTP workloads are interactive, canned workloads that typically consist of a large number of small uniformly-sized queries. Results must be returned quickly for the sake of a good user experience. BI workloads, on the
other hand, may contain queries from all quadrants of Table 1: interactive OLTP-like queries may be interleaved
with long-running canned batch workloads that create business reports or statistics. BI workloads additionally
include ad hoc queries, e. g., if a business analyst interactively performs drill-down analysis or requests a custom
report to be run as an overnight batch job.

3 Service Level Objectives
From a user’s point of view, a database system performs well if the performance requirements the user cares
about are met. A first prerequisite is to translate user-defined performance requirements into a common set of
metrics that can be obtained through monitoring. Examples of such metrics include execution time (the elapsed
wall clock time between the start and completion of a query), throughput (number of successfully executed
queries in a given time span), and CPU time (time the CPU is available for a specific query).
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Figure 1: Visualization of SLO constraint d
A service level objective (SLO) is formed by a combination of one or more performance goals and an associated priority, which typically depends on the penalties incurred if the goals are not met. Often, these objectives
do not apply to all queries, but instead must be satisfied for a certain percentage. Such SLO conformance metrics
are defined as ratio of the number of queries that meet an SLO goal to the total number of queries.
The SLOs for the workload categories described in Section 2 differ in the way performance is measured either in terms of individual queries or in terms of groups of queries. Users are explicitly aware of the individual
response times of interactively submitted queries, but the response time for batch jobs is measured for a set of
queries as a whole. Similarly, performance for canned queries (e. g., a canned report or OLTP query) tends to be
measured and reported in terms of the query class as a whole, whereas ad hoc queries are measured individually.
An example for an SLO in the OLTP context is the so-called step-wise SLO that consists of one or more percentile constraints. Since users typically expect fast responses for OLTP queries, percentile constraints require
n% of all service requests to be processed within x seconds. Otherwise, a penalty p for every m percentage
points under fulfillment is due. A percentile constraint implicitly defines an SLO penalty function with n steps
(service levels). The penalty function for a constraint d (90% in < 5s; p = $900 per 20 percentage points,
maximum penalty $1800) is shown in Figure 1 (black solid lines).
In contrast, batch workloads are typically deadline-driven and may incur penalties if work is not completed
before a given deadline. This translates directly into an execution time constraint. Another common SLO for
batch workloads specifies a lower-bound for the throughput, i. e., the batch workload does not have a fixed
deadline, but should be assigned a specific portion of the available system resources.

4 Workload Management
The goal of workload management for database systems is to increase user satisfaction by meeting SLOs.
Workload Manager
DBMS core
Note that in general, neither the customer nor the
Admission
Execution
Service Level
Controller
Engine
Objective
provider benefits from over-fulfilled SLOs, because
Query
Performance
there is no advantage to providing results before
Client
Scheduler
Monitor
Client
a given deadline, and the execution time requireExecution
Resource
Job
Job (Queries)
(Requests)
Controller
Manager
ments already ensure a responsive interaction with the
DBMS
DBMS. Over-fulfilling an SLO will not excuse a future
SLO violation and moreover could raise unreasonable
Figure 2: Generic workload management architecture
performance expectations.
Figure 2 sketches a generic workload management
architecture. The DBMS core offers the following components: the Execution Engine, which manages the
processing of queries, the Resource Manager, which provides priority based allocation of resources to queries,
and the Performance Monitor for monitoring the execution of queries. Modern DBMS offer several knobs
for tuning workload performance at all points in the workload life cycle. Workload management begins with
the opportunity to prevent a new query from being placed on an execution queue, continues with queuing and
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scheduling decisions, and includes the ability to control the execution of a running query. These mechanisms
are implemented by the Admission Controller, the Query Scheduler, and the Execution Controller, respectively.
The latter contains a rule base for identifying unexpected overload situations and deciding which workload
management action should be performed for which queries. The workload management decisions are driven by
the SLOs that are annotated to each batch job and interactive query of every client. The objectives must be made
available for the DBMS prior to the execution of the job.
Admission control can prevent potential problem queries from being started in the first place. Query scheduling optimizes the order of execution and the number of concurrently running queries by deciding when to admit
which query. Admission control and scheduling operate atop of the database layer, and can be implemented
without modifying the database core engine. If the DBMS offers interfaces to control already running queries,
then finer grained control of request execution is possible. The presence of execution control mechanisms that
can, e. g., kill or suspend and resume queries at run-time can further improve performance. For example, killing
a query that hogs system resources for an unexpectedly long time can limit the negative impact on the overall
execution performance. Similarly, if the DBMS offers prioritization mechanisms for allocating resources like
memory, CPU, and locks, then complex queries can be adjusted to lower priorities when necessary, leaving
enough resources for newly arriving interactive queries with higher priorities.

5 Related Work
Workload Management Techniques Regarding work on workload management techniques for resource allocation, we share a focus with researchers such as [1, 6, 15, 21], who consider how to govern resource allocation for queries with widely varying resource requirements. For example, Davison and Graefe [6] present a
framework for resource allocation based on concepts from microeconomics. Their framework aims at reducing
response time of queries in a multi-user environment. The central component is a resource broker that assigns
operators the share of the resource they are willing to pay for. Weikum et al. [24] discuss what metrics are appropriate for identifying the root causes of performance problems in an OLTP workload (e. g., overload caused
by excessive lock conflicts). They focus on tuning decisions at different stages such as system configuration,
database configuration, and application tuning.
Query progress indicators (e. g., [3, 14]) attempt to estimate a running query’s degree of completion. Research in this area is complementary to our goals, and potentially offers a means to identify long-running queries
at early stages – before the workload has been negatively impacted.
Recently, research has been done on query suspension and resumption, e. g., [2, 4]. When a query is suspended, the DBMS releases all resources held by the query. At a later point in time, the query can be resumed,
ideally without wasting a large amount of work that has been done prior to the suspension. We believe that
database products will implement these techniques in the near future.
Workload Management Implementations Some workload management techniques for admission control,
scheduling, and execution management policies are already implemented in products such as those by HP (e. g.,
Workload Manager for Neoview [8]), IBM (e. g., Query Patroller for DB2 [17], Optimization Service Center [9],
zSeries [13]), Microsoft (SQL Server [16]), Oracle (Discoverer [19], Resource Manager [20]), and Teradata
(Workload Manager [23]). We only present a short overview, a more detailed description can be found in [12].
Admission control uses thresholds to prevent overly-expensive queries from running in the system. Database
vendors provide different metrics like optimizer costs or processing time estimates. Queries for which the values
of the metrics exceed administrator-defined thresholds are either rejected or put on hold. The latter case requires
the administrator to decide whether to submit the query to the database or to reject it.
Some databases allow the administrator to limit the level of concurrency on the database system and to
schedule the delayed queries. There are three approaches for limiting the concurrency: limit the maximum
resource utilization, restrict access to database objects like tables, indexes, and views, and limit the number of
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simultaneous queries in the database system. Delayed queries are typically managed in three different types
of scheduling queues: FIFO, size-based, and priority-based. Size-based queues prevent short-running queries
from getting stuck behind long-running queries, thus enforcing a consistent elapsed time for short queries in the
presence of long-running queries. Priority-based queues enforce the preferred execution of high-priority queries
compared to their lower-priority counterparts. It is the task of the database administrator to define priorities for
the users in order to balance the performance of the system. Queries are then ordered in the queue according to
the priority of the submitting user.
Execution control is usually implemented by using rules where a condition triggers an execution management action. The different vendors support a variety of metrics to be used in the conditions, e. g., cardinality,
CPU time, number of I/Os, and elapsed wall clock time. Almost all database vendors implement some notification mechanism to inform the administrator about exceptional situations, e. g., when the elapsed time of a query
exceeds a specified threshold. It is then the task of the administrator to analyze and tackle workload management
problems. If the administrator does not take action, the query runs to completion. In addition to that, HP’s and
Teradata’s Workload Manager can be configured to automatically kill a query.

6 Workload Management for OLTP Workloads
This section focuses on OLTP-style workloads that consist of a multitude of a priori unknown short-running
transactions that may be started by clients at any time. Each transaction consists of a set of interactively submitted queries for which the user expects short response times. Therefore, users often negotiate SLOs similar to the
step-wise SLOs introduced in Section 3, which limit the response time for a percentage of transactions. From the
workload management perspective, the main challenge is to apply a query scheduling policy that meets the SLO
requirements for as many users as possible. A common approach in such settings is to provide priority-based
queues to manage pending queries. Typically, the priority of queries is defined externally, e. g., by a database
administrator and usually depends on the priority of the respective user. If only a percentage of all queries must
meet the performance requirements, static prioritization tends to over-fulfill SLOs of high-priority users because
their queries are almost always processed in time at the expense of their lower-priority counterparts.
Therefore, our approach derives an adaptive penalty based on an economic model and annotates the queries
with the penalty information. These penalties are used to optimize the execution order of the pending queries. We
define the penalty of a query as the maximum of two economic cost functions. Opportunity costs (monotonically
decreasing parts of the parabolas in Figure 1) model the danger of falling to the next lower service level. If
the current SLO conformance converges to the next lower service level, the penalty for processing the service
too late increases because delaying an additional query increases the likelihood of an ultimate SLO violation.
Marginal gains (monotonically increasing parts of the parabolas in Figure 1) model the chance that a service
class re-achieves a higher service level. If this appears to be “within reach”, individual queries are increasingly
penalized until eventually the higher level is reached.
The computation of penalties, scheduling algorithms for pending queries, and a performance analysis are described in [7, 10]. The experimental results show the effectiveness of our novel adaptive penalization approach,
which provides a higher overall SLO conformance by reducing the over-fulfillment for high-priority clients.

7 Workload Management for BI Workloads
BI workloads contain a wide variety of requests, ranging from batch jobs to short-running interactive queries to
ad hoc queries of varying complexity. For the batch part of the workload, we focus here on deadline-driven SLOs.
The optimization goal for these jobs is to minimize the time needed to complete the workload. Interactively
submitted queries, on the other hand, require short response times, because users easily become dissatisfied if
they must wait for responses too long. SLOs for interactive queries therefore require an execution time below a
5

given threshold. If a batch and an interactive job are running simultaneously on the database, the challenge is to
optimize the execution of all jobs subject to their SLOs. Additionally, a workload management system must be
capable of dealing with ad hoc designed queries that may have unknown execution characteristics or may cause
performance problems.
Admission Control One approach for optimizing the performance of BI workloads is to reject overly-expensive queries that may hog system resources and thus prevent concurrently running queries from making progress.
The administrator may choose to run these queries in a controlled manner, e. g., in isolation, to minimize the
impact of these problem queries on others. The challenges to be addressed are twofold: First, a threshold for
identifying overly-expensive queries must be found. If the value is set too low, many queries will be rejected. A
threshold that is too high may admit too many expensive queries, resulting in exceptional situations at run-time.
Second, admission control requires accurate optimizer estimates and knowledge about how a query impacts
concurrent queries. Query optimizers do a good job estimating the costs of queries when requirements like
uniformity of data, independence of attributes, and up-to-date statistics are met. However, in the BI context,
data may be heavily skewed and statistics cannot be kept up-to-date for update-intensive workloads. Therefore,
the optimizer might return estimates that are off by orders of magnitude from the actual processing costs, making
the estimates unusable for admission control.
Query Scheduling The task of the query scheduling component is to decide when to admit which query.
Scheduling must obey inter-query dependencies, i. e., some requests cannot be reordered arbitrarily because they
depend on the results of other requests. Another challenge is to determine the optimal number of concurrently
running queries in the database that would maximize the usage of all system resources. The optimal number of
queries in the system depends on parameters like the database configuration, the underlying hardware, and the
requests themselves, and might even vary during the execution of the workload. In practice, finding an optimal
solution to the scheduling problem itself is not feasible because of the high complexity and the large instance
sizes containing hundreds of requests. Therefore good heuristics must be found. Additionally, a reasonable
reordering of workload requests needs to consider the impact requests have on one another. Some requests are
potentially working well together while others interfere with each other.
A prerequisite for scheduling is a concise representation of benefits and detriments of concurrent request execution. This information can be subsumed in a
R1
R2
R3
“synergy matrix” as exemplified in Figure 3. Each entry (Ri , Rj ) in the twodimensional matrix is a numerical value denoting the relative impact of the parallel R2 0.70
execution of requests Ri and Rj . There exist several metrics for quantifying the
0.85
(dis)advantages, like consumed CPU cycles, disk accesses, or execution time. In R3
this work, we focus on the ratio of the elapsed times measured for parallel and
0.92 1.10
sequential execution of requests. A value less than 1 indicates that the parallel exe- R4
cution is faster than the sequential execution. For example, the synergy value 0.70
for R1 and R2 (light gray) denotes that executing the two requests concurrently Figure 3: Synergy matrix
takes 70% of the time it takes to execute them sequentially. In contrast, the parallel
execution of R3 and R4 takes longer than running them in sequence (dark gray). An empty entry (“—”) in the
matrix indicates that a synergy value is not yet available.
In order to increase the quality of the scheduling results, the matrix must be populated with as many values
as possible. This can be accomplished through either analysis or monitoring. The former approach applies
a white box technique and is based on an analysis of the workload’s requests in order to determine potential
synergies before the actual execution. Sources of such synergies stem from caching behavior and multi-query
optimization (MQO). In the context of MQO, extensive research has been done on identification of common
sub-expressions [5, 22] and cooperative scans [25]. Drawbacks of the white box approach are that some of the
required information may not be available prior to the execution of a request and that predictions errors in the
analysis phase may result in incorrect assumptions about individual requests and, thus, potential synergies.
6

The monitoring approach treats the workload’s jobs as black boxes, i. e., does not make any assumptions
about their characteristics. It monitors the execution of the requests and iteratively derives information about
potential synergies. For example, O’Gorman et al. [18] employ this approach by running all pairs of TPC-H
requests both concurrently and sequentially and then comparing the number of disk accesses. A substantial
drawback of the black box approach is that the synergy matrix is only populated during workload execution.
Another difficulty is to infer (dis)advantages for pairs of queries if monitored data is only available for a whole
set of concurrently executing queries.
Analysis and monitoring are complementary approaches and can be combined for better results. Prior to
the execution of the batch, analysis can be used to provide an initial population of the matrix, while monitoring
during run-time can be used to refine inaccurate results from the analysis and provide values for requests that
cannot be analyzed or that interfere with each other unexpectedly.
Execution Control There are two major challenges for run-time execution control of queries. First, execution
control needs to detect exceptional situations based on the metrics that can be monitored at run-time. Identifying
a problem could be as easy as comparing the actual elapsed time of a query to a threshold provided by, e. g., the
user or the administrator. More sophisticated conditions for triggering an execution control action could include
additional metrics like CPU time and number of disk I/Os. Although a greater number of metrics provides a
higher flexibility, monitoring the metrics may cause overhead at run-time, thus slowing down the processing of
the requests. Even if a set of metrics has been identified, the challenge is to set thresholds. Practitioners with
experience in workload management can attest not only the importance of good thresholds but also the difficulty
of finding these values. Second, the execution management needs to choose from a set of corrective actions
like killing or suspending a query. If a query is killed, the execution control needs to decide when, if at all,
to resubmit it. Similarly, an appropriate policy for resuming a suspended query must be found. Of course, the
execution control must obey the service level objectives, e. g., high-priority queries with tight deadlines might
not be killed, even if they hog the system resources for a long time.
Experimental Framework for Workload Management In order to provide a more application-oriented approach for workload management, we have developed an experimental framework, introduced in [11] for evaluating the effectiveness of workload management techniques. The architecture of the framework follows the
architecture in Figure 2. Admission Controller, Query Scheduler, and Execution Controller represent knobs that
can be adjusted to select from a variety of workload management policies and algorithms. Our framework is
not limited to workload management policies already implemented by existing database systems and tools, but
allows us to experiment with new workload management concepts. Furthermore, we implemented a simulator
for the execution engine, which mimics the execution of a workload in a database system. We model a workload
as composed of one or more jobs. Each job consists of an ordered set of typed queries and is associated with a
performance objective. Each query type maps to a tree of operators, and each operator in a tree maps in turn to
its resource costs. Our current implementation associates the cost of each operator with the dominant resource
associated with that particular operator type (e. g., disk or memory). The life cycle of the data that drives the
experimental runs is described in [11].

8 Summary
In this paper, we have characterized OLTP and BI workloads and identified factors in workload generation and
submission that impact their service level objectives (SLOs). We outlined SLOs in the database context and
the current state of the art in workload management techniques for enforcing these objectives. We summarized
our contributions for managing OLTP workloads by adaptively penalizing individual queries. We looked at BI
workload management where we sketched at which points in a workload’s life cycle management is applicable,
and presented a synergy matrix that characterizes the impact of running particular batch queries concurrently.
7

Finally, we overviewed our experimental framework for testing the impact of the various workload management
techniques on the execution of workloads. For more details about this work, we refer readers to [7, 10, 11, 12].
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