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Big data processing is driven by new types of in-memory database systems. In this paper we apply per-
formance modeling to efficiently optimize workload placement for such systems. In particular, we propose
novel response time approximations for in-memory databases based on fork-join queuing models and con-
tention probabilities to model variable threading levels and per-class memory occupation under analytical
workloads. We combine these approximations with a non-linear optimization methodology that seeks for
optimal load dispatching probabilities in order to minimize memory swapping and resource utilization. We
compare our approach with state-of-the-art response time approximations using real data from an SAP
HANA in-memory system and show that our models markedly improve accuracy over existing approaches,
at similar computational costs.

Categories and Subject Descriptors: C.4 [Performance of Systems]: Modeling techniques; G.1 [Numer-
ical Analysis]: Optimization—Constrained optimization, Nonlinear programming; G.3 [Probability and
Statistics]: Queueing Theory

General Terms: Performance, Management

Additional Key Words and Phrases: In-memory Databases, Variable Threading Levels

1. INTRODUCTION

In-memory database systems are a key driver for big data analytics. In addition to pro-
cessing data solely in main memory, these systems exploit latest hardware technolo-
gies, including flash storage, FPGAs and GPUs, to sharply optimize request through-
puts and latencies. Case studies show that in-memory databases can achieve tremen-
dous speedups, outperforming traditional disk-based database systems by several or-
ders of magnitude [SAP 2013]. As a result, in-memory systems are in high commercial
demand as part of cloud software-as-a-service offerings [Schaffner et al. 2011b]. This
poses new challenges to the management of these applications in cloud infrastructures,
since there is virtually no architectural design, sizing and pricing methodology focused
explicitly on in-memory technologies.
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Providing support for workload placement decisions is one of these challenges. To
solve this challenge we require optimization models that are able to capture in-memory
database characteristics, such as variable threading levels and memory occupation.
Research is increasingly focusing on management problems of this kind. In particu-
lar, recent work on consolidation and scheduling of applications in cloud environments
emphasizes the importance of accounting for different resource and workload dimen-
sions in order to find good solutions to provisioning problems, [Zhang et al. 2014; Mas-
troianni et al. 2013]. Several other works address the challenges of predicting work-
load performance using machine learning techniques, buffer pool and queueing mod-
els [Duggan et al. 2014; Wu et al. 2013; Elmore et al. 2013; Schaffner et al. 2011a],
but lack in accounting for the highly-variable threading levels of analytical workloads
when processed by in-memory databases.

As a consequence, this paper introduces a novel load dispatching framework to
address decision support challenges in both planning and operational phases. It
tackles the problem of placing analytical workloads on in-memory database clus-
ters, which provide back-ends for cloud-based services. In particular, our framework
seeks for workload routing probabilities that can load balance instances of in-memory
databases. Thus it can be directly used inside an in-memory database management
framework. Alternatively, our framework can be used to guide what-if analyses that
aim at exploring the effects of different hardware system configurations on perfor-
mance and total cost of ownership.

The contribution of our framework is twofold. First, we introduce a novel queueing
predictive model to describe the levels of contention at in-memory database resources.
This allows us to establish the likelihood that an in-memory database configuration
will comply to service level objectives (SLOs) in place with customers. Second, our
framework integrates this predictive model with an optimization-based formulation in
order to seek for optimal load dispatching probabilities. Moreover, since memory ex-
haustion and swapping are likelier to happen with memory-intensive analytical work-
loads, it is crucial that both performance and optimization models are able to capture
memory constraints. Conversely, existing sizing methods for enterprise applications
have primarily focused on modeling mean CPU demand and request response times.
One reason for this appears to be the difficulty in modeling memory occupation. This
particularly requires the ability to predict the probability of a certain mix of queries
being active at any given time. However, probabilistic models tend to be expensive to
evaluate, leading to slow iteration speed when used in combination with numerical
optimization. To cope with this issue, we introduce a framework based on approximate
mean-value analysis (AMVA), a classic methodology to obtain performance estimates
in queueing network models [Schweitzer 1979]. We observe in particular that current
AMVA methods are unable to correctly capture the effects of variable threading levels
inside an in-memory database system. Consequently, we propose a correction, called
thread-placement AMVA (TP-AMVA), that markedly improves accuracy. Our approach
retains the same computational properties of AMVA and is simple and inexpensive to
integrate into optimization programs. We also demonstrate that multi-start interior
point methods can be effectively used to solve our workload placement problem. In ad-
dition, we provide and extensive evaluation of our approach using real traces from a
commercial in-memory database, SAP HANA [Féarber et al. 2011].

This paper is an extension of the conference paper in [Molka et al. 2014]. A new
response time approximation is here proposed that introduces load dependent con-
tention probabilities, improving the accuracy of predictions significantly. Moreover, we
introduce a generic optimization methodology and compare it against global optimiza-
tion. Furthermore, we propose a refinement step to our optimization methodology and
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Fig. 1. Predicted Response Time Error vs. Simulation

validate expected improvements against simulation. Summarizing, our main contribu-
tions are:

— A novel analytic response time approximation for in-memory databases that consid-
ers thread-level fork-join and contention probabilities

— An extensible optimization methodology that seeks load-dispatching probabilities in
order to optimize performance and cost for in-memory clusters subject to resource
constraints

— An experimental validation that confirms applicability of our optimization method for
large-scale models with hundreds of servers using trace-driven model parametriza-
tion based on performance measurements from a commercial in-memory database

The remainder of this paper is organized as follows. Section 2 motivates our research
objective. Section 3 introduces the characteristics of our in-memory database system
and presents a novel response time approximation, which is evaluated against real
traces from a commercial in-memory database in Section 4. In Section 5 we develop an
extensible sizing methodology based on our response time approximation and give a
numerical evaluation in Section 6. Section 7 discusses related work, whereas Section
8 concludes this paper and outlines future work.

2. MOTIVATION

In-memory databases are an important type of big data analysis systems capable of
processing memory-intensive workloads in a parallel fashion. In order to support siz-
ing decisions for such systems it is essential to develop models that are able to cap-
ture the key properties of in-memory databases, such as response times and request
throughputs. However, existing analytical approaches, such as AMVA [Schweitzer
1979], widely used to model the performance of multi-tier applications [Rolia et al.
2009], and state-of-the-art AMVA based methods, i.e. fork-join AMVA (FJ-AMVA)
[Alomari and Menascé 2014], lack in correctly capturing the extensive and variable
threading-level introduced by analytical workloads. To demonstrate this, we parame-
terized these two methods from real traces of an in-memory database SAP HANA and
compared their response time predictions with a validated in-memory database simu-
lator [Kraft et al. 2012]. We give an excerpt of these results in Figure 1, which depicts
the relative response time error of AMVA and FJ-AMVA compared with our simulator
under different workloads. We observe that using both AMVA and FJ-AMVA can occa-
sionally result in large prediction errors. In particular, we found that our traces do not
meet the exponentiality assumptions and thus the assumptions of FJ-AMVA, which
is one of the reasons for its performance on our dataset. Summarizing, our results
clearly motivate the need for enhanced in-memory database performance models that
can cope with extensive variable threading-levels introduced by analytical workloads.

Secondly, we are interested into the peak memory occupation of an in-memory
database cluster under particular workload placements. More specifically, we infer the
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memory occupation from the number of jobs that are concurrently processed in such
a cluster, as detailed in Section 5. To do so, we have integrated our novel response
time approximation TP-AMVA into an optimization model and computed the respec-
tive number of jobs that are in contention for resources at each server. The solution of
this optimization model is a workload placement, which impacts the memory occupa-
tion of our cluster. Consequently, we looked at four different workload placements in
a four server scenario and analyzed the resulting memory occupation. In particular,
we considered the following workload placements: not optimized (distributing work-
load equally), poorly optimized (worst solution found by a local solver), optimized (best
solution found by a local solver) and well optimized (best solution found by our opti-
mization refinement step). As we reveal in Figure 2, workload placement has a huge
impact on the memory occupation, indicating that improvements of memory usage up
to 45% are possible compared to a non-optimized workload placement. This strongly
motivates our approach of efficiently seeking for optimal workload placements.

3. MODELING IN-MEMORY DATABASE PERFORMANCE
3.1. Database Characteristics under OLAP

In-memory database systems provide backends to on-premise enterprise applications
and on-demand cloud-based services. In particular, in-memory databases are opti-
mized to execute analytical business transactions, i.e., OLAP. These types of trans-
actions represent read-only workloads and can thus be entirely processed in main
memory. Due to their analytical nature OLAP workloads are not only computationally
intensive but also show high variability in their threading levels. Before going into
detail about the modeling of such in-memory database systems we will discuss their
diverse characteristics under OLAP workloads first. For this we analyzed trace logs
from benchmark experiments running SAP HANA on an IBM X5 4-socket database
server configured with 1TB main memory, collected in [Jula 2012]. The benchmark
was run at a scale factor of 100x and comprised a set of 22 OLAP queries introduced
by SAP-H, an extension to the TPC-H benchmark with emphasis on analytical process-
ing. We provide the results of our trace log analysis for all 22 query classes in Figure
3(a)-(c). All values have been obtained from isolated query runs and are shown with
their respective standard deviations. For confidentiality, we have normalized our re-
sults by the respective value of class 1. In Figure 3(a) we present the average number
of CPU cores used by each query class and denote this with thread level parallelism
l. As expected, we see a strong variability of the parallelism across all query classes,
which can increase contention for resources under OLAP workload mixes. In addition,
we observe a varying computational expense for all OLAP queries, depicted in Figure
3(b). We further reveal the memory intensive character of OLAP workloads in Figure
3(c) by showing the peak physical memory temporarily occupied during the processing
of queries, which varies on gigabyte scale. To emphasize the importance of compres-
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Fig. 3. OLAP Workload Characteristics (normalized by respective value of Query Class 1)

sion during the execution of OLAP workloads, we demonstrate in Figure 3(c) that our
benchmark dataset with a size of 1.3 TB was reduced to approximately 65GB after
conducting a warm-up run for each query class to pre-load required data into main
memory.

3.2. In-memory Database Server Model

Since our in-memory system is intensively used for business analytics, similar types of
requests coming from analytics applications will recurrently hit the database system.
The TPC-H benchmark used for our experiments simulates this behavior of a fixed set
of users that recurrently submit their requests to the database. Hence, this suggests
to use a closed workload model.

The execution of requests submitted by our benchmark involves to major stages,
query planning and execution. From a high level point of view, the planning phase
involves the analysis of query structures by a query planner that subsequently creates
an appropriate job execution plan. During the execution phase job execution plans
are forwarded to an admission buffer and depending on the query plan parallelism
processed by one or several worker threads, whereby each worker thread is assigned
to an available CPU core. Before worker threads can complete their task, processed
information has to be synchronized, e.g. parallel data aggregation, before a query can
leave the system.
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Fig. 4. Multiclass Fork-Join Queueing Model of a Database Server

In order to model the query execution, performance models for in-memory databases
require a contention model that accurately captures hardware properties and applica-
tion characteristics as introduced by analytical workloads. Hence and motivated by
the high level of query parallelism shown in Figure 3(a), we apply fork-join queues to
model the execution of worker threads on processing cores of a multi-core in-memory
database system. In particular, we consider processor sharing (PS) queues, where ser-
vice times are generally distributed i.i.d. random variables [Baskett et al. 1975], and
combine these with a multiclass closed queueing network. This allows us to model the
execution of different workload classes that are recurrently submitted by a fixed set of
users, as it is the case for the TPC-H benchmark. To model this behavior more accu-
rately, we additionally employ a think time model that captures the time between two
request submissions. In addition to this, the think time model accounts for database
internal scheduling mechanisms. These mechanisms rely in particular on admission
buffers, an important part of the complex query processing and scheduling engines
of in-memory database systems, used to delay job executions in case database inter-
nal resources, such as thread pools, are exhausted. In Figure 4 we show our queueing
model used to represent an in-memory database server. This queueing model captures
the behavior of query jobs split into several tasks on arrival at the system, which are
then processed by worker threads and assigned to processing cores in a probabilistic
manner. This includes the synchronization aspect of parallel siblings at the join point
and the return to the think time buffer once a job is completed.

Approaches to solve this type of queueing networks (QNs) via simulation, e.g. in
[Kraft et al. 2012], emphasize the difficulty in finding analytical solutions. We will
therefore discuss available approximations to QNs, before we introduce our novel an-
alytical response time correction to fork-join queues and give the relevant notation in
Table I.

3.3. Approximations to Fork-Join Queues

The widely used exact analytical solution for closed QNs, known as mean-value anal-
ysis (MVA), determines the response time W;,. for a job of class r at queueing center

(core) i depending on the total number of per-class jobs N in a system as follows [La-
zowska et al. 1984]:

Wi = dir (14 Aig(N)) . 1)

Here, the response time is estimated by the service demand d;, of the arriving job r at
core 7 inflated by the number of jobs already queueing at i. More specifically, d;, can be
expressed as v;,.S;,, the product of visits v;, to queue 7 and the service time s;,. at queue
i, required in cases where a job is routed back to a queue before arriving at the join

=

station. Furthermore, the arrival instant queue A;,.(IV) counts for the total number of
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Table I. Main Notation

[ Symbol | Description

Workload Parameters

R Number of query classes

by Length of processing phase p

cp Number of active cores during p

dir, Sir Service demand and service time of class r at queue ¢

Iy Number of cores used on average by class r

st Service time of thread ¢ of class r

Ty Number of threads per class r

v Vector with number of per-class jobs: N1, ..., Ng

A Vector of per-class think times 71, ..., Zp
Additional Parameters

I; Number of available processing cores at server

Dir Probability of class r jobs being routed to station ¢
Performance Measures

Xir Per-class throughput at queue ¢

W; Per-class residence time at queue

Air Queue length at arrival instant of class r at queue ¢

Qir Per-class queue length at queue ¢

U; Per-class utilization of queue ¢

M; Per-class memory utilization at server ¢

jobs queuing or being served at i at the arrival instant of a job of class r. Based on
the arrival theorem for closed QNs, Air(]\7 ) can be expressed as Q,;T(J\_f — 1,.), which
represents the queue length with one class r job less. MVA is applied in a recursive
fashion, but gets intractable for problems with more than a few customer classes. This
is addressed by Bard-Schweitzer [Schweitzer 1979], proposing an approximate MVA
(AMVA) that employs a fixed-point iteration and estimates A;, via linear interpolation:

R
Air(N) = Y~ Qis 6rs(N), (2)
s=1
N, -1 B
57“3 = Nr ’ e (3)
1, s#r, Vs,r.

However, temporal delays introduced by synchronization in fork-join queues can-
not be described with the above product-form models. Since MVA and AMVA are
not applicable in that case, more recent approaches have tried to address this as-
pect [Varki 2001; Alomari and Menascé 2014]. In particular, [Alomari and Menascé
2014] propose a response time approximation called FJ-AMVA that sorts per-class res-
idence times in descending order and scales them by a coefficient based on harmonic
numbers for better estimation of the synchronization overhead. Both approaches as-
sume s;,. to be the mean of the exponentially distributed service times S;,.. It can be
shown that if s;,. are the same at every queue for a particular class r, max;(s;-) x Hr,
equals s} = E[max;(S;.)], where s’ becomes the maximum service time of a job and

Hp = ZZ; t~! denotes the ¢-th harmonic number for job class r with T parallel tasks.
While FJ-AMVA treats the heterogeneous case, in which s;. does not have to be the
same at every queue, differently than the authors in [Varki 2001], both fork-join ap-
proximations require exponentially distributed service times. However, in our traces
we observed that service times for all 22 TPC-H queries do not show an exponential

distribution, but instead a generally low variability. We point this out in Figure 3(b)
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and 3(d), by listing the per-class execution times and their standard deviations as well
as the first 8 longest running threads for a subset of our query classes. In our case, a
maximum variability of ~10% occurs for the TPC-H query template Q1. We think that
relying on harmonic numbers is not a favorable approach for scenarios with no expo-
nentialty in service demands as it is the case for our traces. Hence, we expect this low
variability to be problematic for FJ-AMVA, which motivates the need for a response
time correction that does not rely on exponential service times.

3.4. Response Time Correction

Since thread-level fork-join cannot be directly expressed with (1) we propose an analyt-
ical response time correction called TP-AMVA, which considers the placement of tasks
in fork-join queues and unlike FJ-AMVA does not rely on exponential service time dis-
tributions. In particular, we approximate the fork-join construct with only one single
queue, which decreases processing time and simplifies its integration into our opti-
mization program. This abstraction does not consider the state of individual queues,
but rather the average state of the system, which follows the MVA paradigm. Since we
assume queues to be all with the same processing rates and equal class routing proba-
bilities, their mean queue length will be the same. Thus, if we want to enforce SLAs, it
is sufficient to consider the expression of just a single arbitrary queue. Moreover, since
we consider jobs to not cycle within the fork-join construct, d, = v,.s, = s,..

In the following we will give an incremental approach that is helpful to understand
how each additional extension to the AMVA expression contributes to accuracy.

3.4.1. Thread-level Parallelism. At first, we introduce the query thread level parallelism
[ into the MVA expression in (1), since this is an important workload property, largely
ignored in previous work. Our correction has the following form:

R
Wr:dr <1+ZQS(STSZIS>7 (4)
s=1

where the response time W, is calculated as the service demand d, inflated by a factor
that describes the service rate degradation under processor sharing due to jobs, which
already compete for resources at the same queue. This factor is represented by the ar-
rival queue length A, = Q, J,s, which we estimated by employing the Bard-Schweitzer
approximation. We then correct A, by the factor /I to estimate the per-core queue
length in a system with I cores based on the query parallelism I. This is possible,
because we record thread-level information for each query class allowing us to bet-
ter approximate the fork-join feature. Response times W,., throughputs X, and queue
lengths @, can then be obtained by performing the AMVA fixed-point iteration. Simi-
larly to the arrival queue length, we approximate the utilization in a fork-join system
as

SN
U:ZU,«%. (5)

Considering our assumptions about same processing rates and equal routing probabil-
ities, it is sufficient to take the expression of an individual arbitrary queue to obtain
the mean total system utilization.

3.4.2. Static Contention Probabilities. We now improve the expression in (4) further by an
empirical calibration that considers static contention probabilities. This second step
follows the idea that an arriving class r job affects W, and @, depending on its routing
probability p, to a particular queue in the fork-join construct. We account for this effect
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in the second part of the summation term, by multiplying the class r queue length Q,
with p,., rather than scaling d,., since we have to guarantee that job r sojourns for at
least d,. in the system. This refinement step results in the following expression:

R
ls
= 1 —
Wr dr ( + ;Qs 6rs Fa prs> ) (6)
where p,. is defined as:
Lo
prs=131 "= (7)
1, s#r, Vs,

While (6) retains the same computational properties of (4), we expect (6) to result in a
more accurate estimation of response times under concurrent workloads.

3.4.3. Load-Dependent Contention Probabilities. In this final step, we further improve the
definition of contention probabilities over (7). This extension modifies the queue length
based on the probability of query pairs interfering with each other depending on the
server utilization. With such an approach we expect to be able to distinguish the im-
pact of contention effects under light and heavy load scenarios more accurately. We
therefore define p,, as
I s
I I’
The idea behind this approach is twofold. Under light load the first summand in (8)
can be neglected, since the system utilization is at a low level. That means the major
contribution comes from the term (/,./I)x (Is/I), expressing the probability that queries
of class r are placed on the same queue as queries of class s. Under heavy load we set
this probability to one, since we assume that if the number of parallel users is large
enough it will be unlikely that two queries do not interfere with each other. This is
expressed by the first summand in (8), which becomes 1.0 while the contribution of the
second summand goes against zero. While we expect (8) to markedly improve accuracy
over (4) and (6), it introduces a higher level of complexity than the latter when used
in combination with nonlinear optimization. Hence, with our three AMVA extensions
we are facing the common problem of choosing the right tradeoff between suitability
of mathematical models for nonlinear optimization and their accuracy/complexity for
respective predictions. To better justify which of the three AMVA extensions is most
suitable for our optimization problem, we will first give an extensive experimental

evaluation in the next Section. During our evaluation we denote the implementation
of (4) with TP-AMVA,:, (6) with TP-AMVA,,, and (8) with TP-AMVA,}, usil-

4. PREDICTION MODEL VALIDATION
4.1. Experimental Setup and Methodology

To understand the performance of our queueing predictive models, we will validate
its per-class prediction accuracy against real traces from an IBM 4-socket in-memory
database system. Subsequently, we will conduct a sensitivity analysis to explore the
robustness of our technique under concurrent workloads while increasing the number
of processing cores. We also refer to the validation against an in-memory database
simulator in our previous work [Molka et al. 2014].

prs =U 4+ (1=0) Vs, 7. €))

4.1.1. Database Server Configuration and Trace Logs. For our evaluation we consider the
TPC-H benchmark traces introduced in Section 3. These traces record measurements
from isolated runs for all 22 TPC-H query templates as well as response times,
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Fig. 5. Service Demand Estimation for an OLAP Query

throughputs and inter arrival times for benchmark scenarios with 1,4,8,16 and 32
concurrent users. We will use the former to parameterize our models, whereas the
latter will be considered for evaluation of the model prediction accuracy under con-
current workloads. In particular, we consider the traces for three different hardware
systems, each with the same SAP HANA installation: an IBM 4-socket system (IBM4)
with 1TB of main memory as well as the two 8-socket systems IBM8 and HP8, both
configured with 2TB main memory. For each of these systems, 2-socket and 4-socket
NUMA (non-uniform memory access) configurations were benchmarked, including the
8-socket configuration under IBM8 and HP8. To account for the different system pa-
rameters under these additional configurations, such as the varying number of pro-
cessing cores and service times, we have run our IBM4 trace log analysis described
in Section 3 on the available datasets from the new 2-socket, 4-socket and 8-socket
NUMA configurations.

4.1.2. Service Demand Estimation. To parameterize our queueing model presented in
Section 3.2, we need to extract per-class service times and parallelism from the avail-
able traces. Since [Kraft et al. 2012] extracted theses parameters to drive their in-
memory database simulator, we review their process briefly and subsequently extend
it for use with our analytical model. To better illustrate this process, we represent our
traces in Figure 5 by an exemplary job that is executed on a 4-core system. Figure 5
Case 1a shows the core activity, which was sampled during the execution of our job.
We see that over time, all 4 cores were differently utilized, i.e., attributable to stalling
threads or changes in thread affinity. Based on the sampled core activity, we divide
the execution process of a query into P processing phases, as illustrated in Case 1b.
Each processing phase is defined by its duration b, and its number of active process-
ing cores cp, i.e., 4 active cores in processing phase 1 and no active cores in processing
phase 3. As mentioned above, the extraction of processing phases and active cores was
done in [Kraft et al. 2012], with the aim to provide fine-grained service requirements.
However, for our approximation we favor a less complex parameterization that avoids
additional processing overhead when integrated into optimization programs. This is

why we determine the per-class service time d, and thread-level parallelism [, for use
with our analytical model as aggregates of these measurements, d, = 25:1 by and
I, =d. ! Zp bprcpr. Since the parameterization of FJ-AMVA is similar, but relies on

execution times of tasks pertaining to a query process, we refer to Appendix A for a
more detailed description.

4.1.3. Model Parameterization. To conduct the prediction model evaluation, we imple-
mented AMVA, FJ-AMVA, and TP-AMVA in MATLAB R2014a and used the following
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parameterization based on our estimated per-class service times and thread-level in-
formation.

For AMVA and TP-AMVA we used the aggregated service demand d,, where jobs
visit processing queues only once. We also included an alternative parameterization of
AMVA with d, = (I,/I)s, to explore its accuracy when using service times scaled by
the thread level parallelism over the number of available processing cores. Through-
out the evaluation we denote this parameterization with AMVA,isis. In contrast, FJ-
AMVA needed to be parameterized with the service times of jobs at each queue s;,.
As detailed in Appendix A, we obtained these values from execution times of each ac-
tive worker thread s’ running during execution of a class r job. We then mapped s!,
which naturally represent the service times needed by FJ-AMVA, onto s;,., where ¢ is
limited by the maximum number of threads T per class r. As a problem of our traces,
the available information about the placement of threads was insufficient. Hence we
addressed this by applying a Monte Carlo Simulation choosing random permutations
of st. = {sl,....,st} with 1 < ¢t < T, and assigning them to queue ¢, 1 < t < T}, before
running FJ-AMVA. We then took the average response time of 100 iterations, which
seemed reasonable to produce stable results. Finally we approximated the class rout-
ing probabilities p,., with p,, = 1/I, for our TP-AMVA implementation and p, = T,./I for
FJ-AMVA.

4.2. Prediction of TPC-H Query Templates

4.2.1. Prediction Scenarios and Methodology. At first, we were interested in the per-class
prediction accuracy of TP-AMVA under different multi-programming levels, including
1,4,8,16 and 32 concurrent users (Con). We parameterized AMVA, FJ-AMVA and TP-
AMVA with system parameters of the IBM4 system, obtained from isolated query runs.
Subsequently, we predicted the per-class response time for each of the R =22 TPC-H
query templates under concurrent workloads. Since each workload scenario is defined

by a class population vector N = Ni, ..., Ng and a think time vector Z, we used the
respective trace think times for each concurrent user scenario (Con;) and defined the
population for class r as N, = Con,.

Due to the amount of workload scenarios across all prediction methods and query
templates, we only give the trend of the per-class prediction accuracy. In particular,
we look at one detailed example of how TP-AMVA, AMVA and FJ-AMVA predict sin-
gle query templates. For this, we chose the Cong scenario and plotted the predicted
response times of each method against the trace response times from Cong, given in
Figure 6. As reference we show a straight line in form of y = x, which depicts an opti-
mal prediction. Predicted class response times that fall above this line are optimistic,
whereas those falling below this line are of a pessimistic character.

4.2.2. Results. We give the results of our per-class prediction analysis in Figure 6. In
particular, we notice that TP-AMVA,,}, predicts the majority of classes reasonably well
and shows a slightly pessimistic behavior for most of the remaining query templates.
We do not include TP-AMVAg;.:, since it shows similar, slightly more pessimistic re-
sults than TP-AMVA,,;,. Looking at our extension TP-AMVA,,}, .1 in scatter plot four,
we note that this load-dependent modification of AMVA performs best. In contrast, the
standard AMVA implementation, given by the second scatter plot in Figure 6, tends to
a strong pessimistic prediction behavior, as it does not account for the variable thread-
ing level in each query template. For AMVA,;s;; we observed that predictions were very
optimistic, which indicates that the parameterization with the scaled service times
does not improve prediction accuracy over AMVA. Interestingly, FJ-AMVA shows a
diverse prediction character. On one hand, pessimistic predictions can be explained
due to the summation term in the FJ-AMVA equation that produces higher response
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Fig. 6. Comparison of predicted per-class Response Times with per-class Trace Response Times from 8 User
Scenario on the IBM4 4-socket default NUMA Configuration (normalized by Response Times of Class 1)

times for queries with high parallelism. On the other hand, optimistic predictions are
caused by queries with low service times s;,. at each core, which we suspect is due to
the non-exponentiality in s;;..

We observed similar results for scenarios with 4,16 and 32 concurrent users and
found that the per-class prediction accuracy across all methods is slightly decreasing
the more parallel users are active. We impose this on the problem classes with high
parallelism (class 1,19) and classes with long execution times (class 9,21), for which
all methods produced pessimistic response times. Apart from AMVA, which always
seemed to result in pessimistic predictions, we explain the optimistic predictions for
short running classes due to strong contention effects, which were difficult to accu-
rately capture by the considered methods. We found the reason for this in our traces in
form of extreme blocking that caused an increase of response times for short running
queries by a factor of up to 1000 under Cons, compared with Con;.

4.3. Sensitivity Analysis under different Hardware Configurations

4.3.1. Evaluation Scenarios and Methodology. Having shown that TP-AMVA outperforms
other methods under per-class prediction scenarios, we want to explore if our tech-
nique can be used to predict mean response times under different in-memory database
system configurations. We are focusing specifically on the three in-memory database
systems IBM4, IBM8 and HPS8, introduced in Section 4.1.1, and conduct a sensitivity
analysis to evaluate the robustness of our approximation along two different dimen-
sions. At first, we are interested in the response time prediction accuracy when increas-
ing the number of virtual processing cores, from 32 (2 sockets) to 64 (4 sockets) and
from 64 to 128 (8 sockets). Since our IBM4 system is limited to 64 virtual cores (Hyper
Threading enabled), we chose IBM8 as a reference system for this analysis. Second,
we will look at the model performance across different hardware types. In that case,
we keep the number of sockets fixed to four and vary the hardware type from IBM4
to IBMS8 and HP8. We consider the workload scenarios from our traces with 1,4,8,16
and 32 parallel users (Con;, 32). Since think times in our traces are increasing with
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Fig. 7. Predicted Response Times across different NUMA Configurations on the IBM 8-Socket System (nor-
malized by Response Times from 4-Socket Con; Scenario on IBM8)

the number of parallel users, due to the sequential execution order of TPC-H query
sets chosen by [Jula 2012], we use the respective trace think times for each workload
scenario. In addition, we determine the mean response time W based on the per-class
throughput ratios as follows:

R
X, W,
W = 9
; R (9)
where the system throughput X is obtained as sum over all per-class throughputs X,.
Due to confidentiality, we normalize our results by the trace response time from Con;
on the IBMS8 4-socket configuration.

4.3.2. Results. We show our first analysis across the dimension of varying number of
processing core/sockets in Figure 7. From the trace results we observe a different per-
formance across all three system configurations, which we impose on the number of
available sockets. The question is, how our analytical approximations can cope under
these scenarios. Surprisingly, all three TP-AMVA variants are able to capture con-
tention effects very accurately across all IBM8 configurations. While TP-AMVA;,; and
TP-AMVA,,., show a slightly pessimistic character under up to 8 concurrent users,
TP-AMVA,, . util can capture contention under light load scenarios slightly better. This
suggests, that our contention model in (8) improves accuracy notably. FJ-AMVA pre-
dictions tend to get more pessimistic the more parallel users are active. We found the
reason for this in the response times for query classes 1,9,19 and 21, all with dis-
tinct characteristics difficult to capture. Furthermore, we observed poor results for FdJ-
AMVA under the 2-socket scenario, but attribute this to skewed sub-service times in
the traces for this configuration. Both AMVA approximations performed poorly, since
they either neglect threading levels, which was the reason to exclude the strong pes-
simistic results of AMVA, or use scaled service demands resulting in very optimistic
response times for AMVA ;.

We present the results of our second analysis across different hardware types in Fig-
ure 8. In general, we can observe a similar behavior for each method with respect to
all three system configurations. This suggests that varying the hardware type has only
little impact on the predictive capabilities. We further report the relative prediction er-
rors across all scenarios in Table II. From the results we observe that TP-AMVA,,op, util
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Table II. Relative Error of Mean Response Time Pre-
diction compared with Mean Trace Response Times

Method Virtual Processing Cores

IBMS8 IBM4 HPS8
32 64 128 | 64 | 64
TP-AMVA,, 0 o1 | 0-13 0.09 0.04 | 0.19 | 0.05
TP-AMVA,,}, 0.21 0.21 0.15 | 0.27 | 0.16
TP-AMVAgtat 0.19 0.26 0.22 | 0.37 | 0.17

FJ-AMVA 0.32 057 1.03 | 0.81 |0.60
AMVA it 0.57 0.63 0.78 | 0.63 | 0.68
AMVA 355 6.39 11.00| 7.48 |6.16

notably improves TP-AMVA,,;,, falling below a 20% error across all system configura-
tions. While TP-AMVA,,,;, and its static pendant still retain a high accuracy, FJ-AMVA
predictions are too inaccurate under high load scenarios, whereas the high relative er-
ror for both AMVA variants clearly shows that both methods cannot capture contention
effects properly.

4.4. Summary

From the results of our per-class evaluations and our sensitivity analysis, we conclude
that AMVA, AMVA,;si; and FJ-AMVA, in its proposed form, are less suitable for mod-
eling OLAP-based query workloads, whereas our correction turns out to be reasonably
accurate and due to its simplistic model a good choice for the optimization program we
present in the next section.

5. OPTIMIZING WORKLOAD PLACEMENT
5.1. Optimization Problem and Cluster Model

Our optimization methodology aims at solving the challenge of placing analytical
workloads on in-memory database clusters in a way that improves a particular ob-
jective, e.g. response times, throughputs or memory occupation, subject to given SLO
and resource constraints. To represent such a cluster we consider an aggregation of
database servers, each modeled by a multi-class closed QN that share a common load
dispatcher, as detailed in Figure 9. Consequently, we share the workload population
N amongst all servers, whereby each server maintains the same dataset locally or is
connected to a shared high speed storage back-end. Recall that analytical workloads
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are read-only, and thus the dataset location has no impact on the cluster performance
after datasets have been loaded into main memory.

Since we are interested into the question of how jobs should be routed from our load
dispatcher to each server, we seek for optimal workload routing probabilities. Hence for
our optimization model we designate p;, as the probability of routing a class r request
to server i and define N;,. = N, x p;., 1 < i < K as the percentage of workload that
goes to server i. In the next section we will show how to model our workload routing
problem with an appropriate optimization-based formulation.

5.2. Non-linear Optimization Strategy

5.2.1. Queueing Predictive Functions. We present our optimization-based formulation in
(10). The objective F' is generic and could include, but is not limited to, the minimiza-
tion of memory consumption, response times or TCO as well as maximization of query
throughputs or resource utilization. The objective is minimized by seeking routing
probabilities p;,. that allow for near optimal workload placement:

opt = L, in F(pir, Xir, Qir) (10a)
st: Ui=)Y Xir lT dir, Vi (10b)
Ni'r = Pir N'r, Vi,r (10C)

Qir == X'L'r W'L'r, VZ, r (10d)

R

EQir = ZU (1 + ;Qis Sirs l]> , Vi (10e)

Qir = Ni’r‘ - XiT ZiT, Vr (10f)

Wir Z di'r, Viyr (10g)
pr =1, Vr (10h)
pir,Xir,Wir 2 OVi,T (101)

Nip > 1Vi,r (10j)

U; < U™, Vi. (10k)

Next to the advantage of our methodology, being able to handle a variety of objec-
tives, one important part are the queueing predictive functions, which we integrated
in form of TP-AMVA in (10b) to (10g). A problem we had to overcome was to choose the
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right tradeoff between suitability for nonlinear optimization and complexity/accuracy
of our three TP-AMVA expressions. Since both probabilistic versions of TP-AMVA per-
formed best, we followed a common approach employing the less complex expression,
TP-AMVA,,q, for the main optimization part and conducting a final optimization run
with the more complex but also more accurate approximation, TP-AMVA_,.p, uti1. This
was necessary, since TP-AMVA,,;, w1 causes longer optimization times due to its ad-
ditional contention expressions. However, we will quantify this overhead in Section 6
and show that TP-AMVA,,.; wti1 could still be used solely in small/medium scale opti-
mization scenarios.

We further defined ¢;,s = (N; — 1)/N; x (lir/I;) for s = r and d;-; = 1 in case of
s # r. This accounts for the Bard-Schweitzer approximation as well as the probabilis-
tic expression of TP-AMVA, both introduced in Section 3.3 and 3.4. We further set a
minimum workload of 1 job per class per server (10j), since the solution of queueing
models for N, < 1 is not defined. In addition, we added utilization constraints in form
of U™** and ensure correct routing probabilities with (10h). From a performance point
of view, our method uses less variables compared with FJ-AMVA, which would intro-
duce at least (I — 1) K x R additional binary variables to sort the response times for
I processing cores, K servers and R classes. Since our optimization problem is non-
convex, we expect the number of local optima to grow when increasing the number of
classes and servers as well as introducing different constraints for each server. This
exacerbates the problem of finding a globally optimal solution and requires strategies
such as multi-start optimization.

5.2.2. Minimization of Memory Occupation. We are now interested in applying our generic
methodology to an important optimization problem that considers the minimization
of memory consumption to prevent memory exhaustion and potential swapping inside
an in-memory database cluster. We will also demonstrate the ease of integrating an
additional memory occupation model into our optimization-based formulation. To rep-
resent the above optimization problem, we chose the following objective function:

K
Mmin = i Miv 11
e B, 2 ab
which minimizes the total sum of per-server memory occupation M; for K in-memory
database servers. Since this requires a model to estimate M;, we developed a new
memory occupation estimator of the following form:

M; =" Qi miy, Vi (12)

and added it to the constraint set of our optimization program. In particular, for server
1, we estimate M, by multiplying the per-class mean queue length @Q;, of each class
r with the per-class physical peak memory consumption m, that is recorded in our
trace logs for that class. We hereby make the conservative assumption that memory
occupation grows as a function of ;. and neglect that query classes could share data
residing in main memory. Additionally, we assume that forking of jobs and joining is
not related to the change of memory consumption.

Finally, we added the constraint M; < M™®* Vi that allows us to control memory
exhaustion with A/"** defining the memory threshold up to which we allow servers to
be exhausted.

5.2.3. Evaluating the Memory Occupation Model. Before evaluating our optimization pro-
gram in the next section, we give a short analysis of our memory occupation model (12),
the main part of our minimization objective in (11). For the evaluation we predicted
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the peak memory occupation with TP-AMVA,;,}, light under concurrent workloads with
1 to 16 parallel users and compared it with the actual physical peak memory recorded
in our traces.

We present the results of this analysis in Figure 10, which shows the peak memory
occupation from the traces based on the counted per-class queue lengths ), multiplied
with the per-class peak memory m, as ) QCounted x . (Traces). We further include the
total peak memory recorded from the Linux /proc/<pid>/status file (Traces - total)
and the peak memory predicted by TP-AMVA via 3" QTPAMVA 1y (TP-AMVA). Ideally,
the value for the method ‘Traces’ and ‘Traces - total’ should be the same. We can see
this behavior in the similar results on the IBM and HP configuration, which suggests
that our approximation in (12) is reasonably accurate. Furthermore, we attribute the
gap under 8 and 16 concurrent users to outliers caused by the limited trace length of
1 hour. In addition, we explain the difference between ‘Traces’ and TP-AMVA’ under
Conss by the predicted queue length for query class 21. More specifically, we have
found that class 21 causes the highest memory occupation, as shown in Figure 3(c),
which thus leads to big changes in the peak memory for small increases in Q. However,
we observe that the queue length predicted with TP-AMVA,;,o 1ight gives a pretty good
overall estimate of peak memory occupation in combination with (12), keeping in mind
that it is generally difficult to handle outliers in an MVA framework where we do not
have probabilistic measures.

6. NUMERICAL EVALUATION
6.1. Evaluation Scenarios

Throughout this section we will focus on exploring our optimization problem given in
(10). Hence, we varied the number of server instances K and classes clusters R in
K, R = 4,8,16. In particular, we employed k-means clustering in order to reduce our
set of 22 TPC-H classes to a suitable number of clusters for the optimization process.
We also refer to Appendix B for a more detailed analysis of prediction errors under
class clustering. Furthermore, we defined the reference workload based on 22 classes
in N = 176K (light load, 8 concurrent users x 22 classes) and N = 352K (heavy load, 16
concurrent users). Our class cluster populations NV, are obtained by splitting N across
all class clusters depending on the amount of queries falling into a cluster. Finally, we
set memory constraints to affect the workload placement: M™** = 512GB for i < K/2
and M = 256GB for i > K/2.
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Table Ill. Memory Occupation and Optimality Gap.
| Inst. Memory (GB) Gap (%) Max Mem. |
[K R] fm ip [ fm p [ fm ip |
Light Load, N = 176 K

4 4 173.05  170.72 171 0.37 174.89  171.22
4 8 | 18198 18198 | 291 291 187.71  182.70
4 16| 18362 183.62 | 8.73 8.73 189.95  184.39
8
8
8

4 | 33358 333.58 | 5.34 534 | 370.58 338.62

8 | 355.22 354.78 | 9.05 894 | 419.30 355.16

16 | 363.09 357.75 | 11.57 10.25 | 364.20 357.75
16 4 659.59 659.59 7.30 7.30 772.08 668.93
16 8 | 71273 70290 | 11.70 10.46 | 714.48  705.08
16 16 | 719.87 709.13 | 12.17 10.84 | 719.87 711.04
Heavy Load, N = 352K
4 4 | 489.12 489.12 | 220 220 | 763.21 62691
4 8 | 512.13 512.13 | 13.04 13.04 | 585.47 577.75
4 16| 514.46 512,55 | 19.08 18.78 | 668.65 586.53
8 4 | 795.67 795.67 | 15.67 15.67 | 1196.21 808.32
8 8 | 920.52 912.14 | 26.08 25.40 | 1115.73 925.11
8
16
16

16 | 932.14 923.86 | 27.85 27.20 | 960.67 939.01
4 | 1568.28 1568.28 | 21.38 21.38 | 1575.04 1728.64
8 | 194940 1772.82 | N/A* 24.77 N/A* 1902.88
16 16 | N/A* 1805.46 | N/A* 26.01 N/A* 1810.06
TGap between best solver solution and lower bound of SCIP
*No solution found within given timeout of 1800s

6.2. Evaluation Methodology

We compare the minimization of memory swapping for two interior point based local
search methods fm (Matlab’s fmincon) and ip: (ipopt, [Waechter and Biegler 2006]),
shipped with the OPTI Toolbox [Currie and Wilson 2012]. We particularly chose fm
and ip to cope with non-linear constraints in our optimization based formulation. Since
both methods rely on local solvers, we compared their multi-start based solution with
the solutions found by two global solvers, scip [Achterberg 2009] and bmibnb [Loefberg
2004], as detailed in Appendix C. However, we observed that the upper bounds found
by both global solvers tend to converge within only a few iterations. This indicates that
multi-start based approaches are a suitable choice for solving our optimization model.
Consequently, we use the fastest (scip) of the two global solvers to provide a lower
bound on our optimization problem. This allows us to compute an optimality gap for
fm and ip.

We implemented our approaches in MATLAB using the modeling language YALMIP
[Loefberg 2004]. Our scenarios were evaluated on an Intel Core i7 CPU with 2.40GHz
and 8 physical cores. To cope with different local optima, we randomized P = 50 initial
points for every tuple (K, R, N/K) and ran fm and ip using our own multi-start imple-
mentation. In addition, we report the mean execution time and its standard deviation
across all P local solver runs. More specifically, we exclude the YALMIP processing
overhead and only report the actual solver time spent by fm and ip. We further set a
timeout of 1800 seconds to understand the performance at short time scales.

6.3. Results

6.3.1. Minimization of Memory Occupation. We present the results of our analysis in Table
ITI. We observe that our methods fm and ip produce similar results regarding the mem-
ory occupation M for instances up to 8 servers and 4 classes. We explain this due to
the same algorithm that is used to solve the queueing models. However, we found that
fm lacks under scenarios with more than 8 servers and 8 classes, which we attribute to
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Table IV. Optimization Times in seconds'.

[Instances Mean StdDev Mean StdDev |
[K R [ fm ip [ fm ip [[ fm ip [ fm ip ]
Light Load Heavy Load

4 4 0.53 0.89| 0.16 0.57| 3.12 4.36| 2.37 5.38
4 8 145 128 | 0.51 0.98 | 21.13 1.55 | 11.02 1.31
4 16 5.89 1.62| 469 0.50 ||142.93 3.72 | 59.56 1.77
8 4 245 112 | 514 0.23 | 35.76 4.28 | 1549 1.17
8 8 36.25 2.62 | 21.72 1.46 |[194.14 4.60 | 46.16 1.53
8
16
16

16 |393.34 10.29|121.68 4.28 ||463.52 4.84 |160.39 1.13
4 32.84 4.82 | 32.55 2.07 |[138.49 2.35 | 3749 1.49
8 |335.39 8.68 [177.32 3.37 || N/A* 2.80 | N/A* 0.70
16 16 | N/A* 58.07| N/A* 20.86|| N/A* 28.48| N/A* 23.07
tMean optimization time across all multi start runs
*Optimization time exceeded the given timeout of 1800s

the increased optimization time fm requires to converge to a local optimum. We were
also interested in the variability across found solutions and report the worst local op-
timum found by fm and ip in the rightmost columns of Table III. Under both light and
high load we noticed differences between the best and worst found solution of up to
16% under low load (K=8,R=8) and 36% under high load (K=4,R=4). We attribute the
higher gap under heavy load scenarios to the increased workload that introduces more
possibilities of being distributed amongst all servers.

We further report the optimality gap between the best found solution of our methods
fm and ip compared with the lower bound found by scip in form of |m — scipjgye.|/m X
100, where m €{fm,ip}. We noticed that under light load the possible improvements of
solutions found by fm and ip fall below 13%. Under heavy load the difficulty of finding
a global solution rises. We observe this through an increase of our optimality gap for ip
by a factor between 2.15 (4,16) and 5.95 (4,4) compared with the respective light load
scenario.

6.3.2. Optimization Times. To get an idea about the complexity of our optimization prob-
lem, we report the mean optimization times across all multi-start runs for fm and ip
together with their respective standard deviations in Table IV. We observed a large
gap in mean optimization times between fm and ip, which is due to the fast C++ im-
plementation of ipopt. We also note that for method fm high load scenarios seem to
be more difficult to solve, since utilization and memory constraints are more likely
to be violated. Furthermore, we found that fm was unable to complete a single run
within the given timeout of 1800 seconds for instances with 16 servers and 8 classes
under low load as well as 8 and 16 classes under heavy load. In contrast, ip retains
short optimization times, more or less independent from the actual load. This is why
we explored the maximum number of servers that ip can optimize when limited to 4
customer classes and found that instances up to 512 servers could be solved in under
1000 seconds per single run.

6.3.3. Workload Placement. Another question we wanted to address is how our opti-
mization program handles workload placement. We therefore investigated the instance
with 4 servers and 4 classes under light and heavy load. Figure 11 shows the work-
load distribution we obtained with method ip after optimization as well as the query
characteristics regarding service demand and parallelism. Under light load server 2
uses 125GB, whereas the other servers show a memory occupation of ~15GB, mean-
ing no constraints are violated. However, the heavy load situation looks different. The
memory bound portion of our workload (class 4) is now dispatched to servers with a
memory constraint of 512GB, in this case server 1 (using 340GB), since server 3 and
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4 are limited to 256GB. We also noticed that under light load, in Figure 11(a), classes
with higher memory occupation, such as classes 2 and 4, are placed in a way that
minimizes interference with other classes: class 4 on server 2, class 2 on server 3 and
4. Note that at least one job per class is placed on each server, since closed queueing
networks are not defined for NV, < 1. Under heavy load resources on server 2 to 4 are
fully utilized. The effect we can observe now is that the class with the highest mem-
ory occupation (class 4) is isolated on server 1 and collocated with a class of lowest
impact (class 1) due to the remaining workload that cannot be handled by server 2 to
4. From this we conclude that our optimization program handles resource constraints
appropriately.

6.3.4. Optimization Refinement and Validation. At last we look into further refining our op-
timization results as mentioned in Section 5.2.1. To better understand this refinement
step we detail our methodology in Figure 12. In particular, we took the best solution
found by method ip based on TP-AMVA,,,;, as a starting point for a final run with TP-
AMVA,,ob util- We then reversed the class clustering applied during the optimization
process and used simulation to quantify the actual improvement that can be achieved
by a refinement run with TP-AMVA,,;}, .i1. Consequently, we determined the optimal
workload distribution found by both TP-AMVA models, and used each as input for
a final simulation run. We then computed the percentage of reduction in simulated
memory occupation of TP-AMVA, ., utii over TP-AMVA,,,;,. We detail these results in
Figure 13 for the more relevant heavy load scenario. In fact, the refinement step re-
duces the simulated memory occupation by approximately 7% across all scenarios.
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This clearly works in favor for our approach. Admittedly, we noticed that during our
experiments using TP-AMVA,.;;, w1 could slow down the solution process compared
with TP-AMVA,,, by a factor up to 20 due to its additional nonlinear expressions.
Nonetheless, we found that we were still able to use TP-AMVA,,;, ui1 during the entire
optimization process for scenarios up to 8 servers and 8 job classes. For larger scenar-
ios with up to 512 servers however, we recommend to use TP-AMVA,,;,, and if possible
conduct a final run with TP-AMVA,,}, ui1-

6.3.5. Summary. Summarizing the results, we have shown based on empirical evi-
dence:

— that on our optimization-based formulation multi-start based local search strategies
achieve a good optimality compared with global solvers

— that class aggregation can help to improve optimization times while retaining a rea-
sonable level of accuracy, in particular in combination with TP-AMVA,,}, w1

— that our optimization methodology appropriately handles resource constraints under
workload placement scenarios on in-memory database systems

—and finally that fast interior-point based methods, such as ipopt, can be used for
optimization scenarios up to 512 servers and 4 classes, before optimization times
exceed the set timeouts.

7. RELATED WORK

While more than a decade ago research introduced fundamental cost models for the
entire memory hierarchy in a database system [Manegold et al. 2002], nowadays on-
demand provisioning of these systems is driving research further into database opti-
mization and encourages the use of queueing networks [Osman and Knottenbelt 2012].

Multi-tenancy and Scheduling

In [Elmore et al. 2013] classification-based machine learning is used to schedule ten-
ants in multi-tenant databases. The authors characterize tenant and node-level behav-
ior based on performance metrics collected from database and OS layer and validate
their framework in a PostgreSQL environment. However, this work does not consider
variable threading levels and puts focus mainly on transactional workloads. Workload
characterization and response time prediction via non-linear regression techniques
for in-memory databases are proposed in [Schaffner et al. 2011a]. The authors derive
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tenant placement decisions by employing first fit decreasing scheduling, but evaluate
on small scale only. [Lang et al. 2012] propose a new framework for managing per-
formance SLOs under multi-tenancy scenarios. Their work combines mathematical
optimization and boolean functions to enable what-if analyses regarding service level
objectives (SLOs), but relies on brute force solvers and ignores OLAP workloads. [Kelly
et al. 2008] present three simple operational laws based on open queues. Their analy-
sis method applies to scaling decisions for multi-core network servers and is validated
on real HP systems. This method depends on live-monitoring and neglects job class
information.

Optimization

[Zhang et al. 2014] consider hardware and workload heterogeneity in Google’s cloud
data centers to optimize energy consumption by dynamically adjusting allocated re-
sources. The authors use clustering approaches to reduce large heterogeneous work-
loads with distinct resource demands in CPU and memory and combine probabilistic
expressions of an open queueing model with a mixed-integer optimization approach to
solve their provisioning problem. However their methodology requires heuristics for
finding a good solution. In [Das et al. 2013] query demands are quantified by a fine-
grained CPU sharing model including largest deficit first policies and a deficit-based
version of round robin scheduling. The methodology applies to database-as-a-service
platforms and is validated on a prototype of Microsoft SQL Azure. This work neglects
characteristics for memory occupation. [Almeida et al. 2006; Rogers et al. 2010] in-
troduce frameworks for non-linear cost optimization regarding SLA violations and re-
source usage, applied to web service based applications and cloud databases. How-
ever, regarding per-class CPU resource cost both approaches only focus on service de-
mands and CPU cycles, but neglect variable threading of workload classes. In addition,
[Rogers et al. 2010] considered only the first 5 query templates of the TPC-H bench-
mark at small scale factors, whereas our workload characterization illustrates the im-
portance of the remaining queries and considers a scale factor of 100. [Li et al. 2010]
proposes a framework for multi-objective optimization of power and performance. The
methodology applies to software-as-a-service applications and it is validated using a
commercial software, SAP ERP. The approach is based on simulation and does not
consider thread level parallelism.

Prediction Models

[Duggan et al. 2011; Wu et al. 2013; Suri et al. 2007] use multi-variate regression
and analytical models of closed QNs to predict query performance based on logical I/O
interference in multi-tenant databases. However, these methods require detailed query
access patterns and are evaluated for small numbers of jobs and batch workloads only.
Ignored by the latter, thread-level parallelism is addressed by [Kraft et al. 2012] and
[Alomari and Menascé 2014], but despite using similar techniques, their approaches
are computationally expensive or rely on exponential service time distributions. An
interesting aspect was considered in [Dan et al. 1988]. The authors used probabilities
to model data and resource access conflicts in database systems to describe contention
effects more accurately, however did not account for the extensive threading levels that
occur in analytical workloads.

8. CONCLUSIONS AND FUTURE WORK

In this paper we have made several contributions that include a novel analytic re-
sponse time approximation for in-memory databases, which models thread-level fork
join and per-class memory occupation. We have shown that our models exceed the ac-
curacy of existing approaches using real traces from a commercial in-memory database
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appliance, SAP HANA, for validation. In addition, we have developed an extensible op-
timization methodology that can be used to optimize workload placement for clusters
of in-memory database systems in cloud infrastructures.

Next to implementing our provisioning framework in a real in-memory database
management system, possible directions for future work include the modeling of re-
source contention under multi-tenancy, where client workloads are of transactional
and operational characters or are based on differently sized datasets. Other directions
focus on resource allocation challenges, such as optimizing CPU and memory resources
for multiple co-located tenant databases on multi-socket systems in order to provide
performance guarantees.
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APPENDIX
A. ESTIMATION OF SERVICE DEMANDS FOR FJ-AMVA

This section describes how we have estimated FJ-AMVA parameters. In addition to
the core activity, introduced in Section 4.1.2, our traces record the number of threads
T, pertaining to a class r job execution process as well as the execution times of each
individual thread, excluding the duration in which a thread was not active. This infor-
mation was not considered by [Kraft et al. 2012], and thus prompted us to extract it
from the raw traces. We illustrate this in Figure 14 Case 2a, which lists all 7 threads
that belong to our exemplary job, introduced in Section 4.1.2. We denote the execu-
tion time of each thread ¢ pertaining to a job of class r with s. and since FJ-AMVA
specifically requires this representation, we used s’ for its parameterization in our ex-
periments. Additionally, FJ-AMVA assumes that the number of per-class tasks 7). is
not bigger than the number of available processing cores I. However, for some classes
and also for our example, with 7" = 7 and I = 4, this is not the case. Hence, we sort
st and use only the first ¢ < I longest running threads, shown in Case 2b. We justify
this, as for the majority of classes in our traces, where T, > I, s!. < 0.2s for ¢ > I. Since
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Fig. 14. Service Demand Estimation for an OLAP Query

[Jula 2012] used a sampling interval of 0.2 seconds to collect the traces, these threads
can be ignored because their execution time falls under the sampling inaccuracy.

B. EFFECTS OF CLASS CLUSTERING

As part of the evaluation of our optimization methodology in Section 6 we give here
an additional analysis of the class clustering model that we used. In particular, we are
interested in how the performance measures of our queueing model, such as system
utilization U, memory occupation M, mean response time W and system throughput
X are affected when parameterizing TP-AMVA with aggregated class parameters. We
therefore clustered our set of R = 22 TPC-H classes with k-means (a priori normal-
ized by z-score) across the two dimensions parallelism [,., service demand d,., depicted
for the cluster sizes C = 2,4,8 in Figure 15. This required us to redefine the work-
load (IV, Z), based on the original 22 class scenario with the number of per-class jobs
defined by N, = Con; and the total number of jobs defined by N = Zf N,.. Subse-
quently, we estimated the number of jobs per class cluster N, as discussed in [Cheng
and Muntz 1996] according to the frequency of each class occurring in a cluster, which
in our case is Nc = >, . N;. In addition, we estimated the per-cluster think times Z.
under consideration of the response time law [Lazowska et al. 1984], using the trace
throughputs and response times from Con;:

N, 1 &
Zo— e 4 N W, v (13)
Zr,rec Xy Csige Z

where ¢, denotes the number of classes falling into class cluster c.

We determined the relative error of TP-AMVA,,,, under class clustering compared
with a reference run using 22 classes under workload scenarios with 1,4,8,16 and 32
parallel users. Since we observed similar prediction errors under all scenarios, we only
give the results of our class clustering analysis for 4 and 16 parallel users in Table V.
As expected, the more classes we use the more accurate the prediction gets. However,
we note that reducing the original class set from 22 classes down to 8 class clusters
only slightly effects the prediction accuracy, whereas further clustering increases pre-
diction errors notably. While errors using 4 class classes are still acceptable, we do
not recommend to use less clusters on our dataset, since this results in utilization and
memory occupation estimates at an approximate error of 50%. Based on these results,
we decided to consider 4,8 and 16 classes for the evaluation of our optimization pro-
gram in Section 6.

r,rec
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Table V. Relative Prediction Errort under Class Clustering compared with 22 Class Scenario
on Single Server

Clusters C U M w X

Con4 | Conl6 | Con4 | Conl6 | Cond | Conl6 | Cond | Conl6
2 0.46 0.59 0.46 0.54 0.09 0.23 0.01 0.02
4 0.04 0.02 0.05 0.18 0.07 0.22 0.01 0.01
8 0.00 0.00 0.01 0.01 0.01 0.01 0.00 0.00
16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
20 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
22 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

TRelative prediction error: |estimate-reference|/reference
Notation: Utilization U, Memory Occupation M, Response Time W and Throughput X

C. JUSTIFICATION FOR A MULTI START BASED OPTIMIZATION APPROACH

In Section 6.2 we gave a brief explanation on why we used local solvers in combination
with a multi-start initialization approach to solve our optimization model. Here we
provide the results that support this solver choice. One obvious reason for this choice
is that global optimization quickly becomes intractable with a growing complexity of a
non-linear optimization model. Hence, we used the local solver ip (based on ipopt) and
explored how large the gap between solutions of our multi-start based local solvers
compared with global solvers are. For this analysis we chose two different scenarios,
given in Figure 16, which we ran until an optimality gap of 6% was reached. For both
scenarios we observed that the upper bound was minimized very quickly. This means
we generally do not need many iterations to achieve a good solution, which in worst
case could only further improve by 6%. We impose the difficulty of further reducing the
optimality gap on the large search space spanned by our decision variables. However,
the results suggest that our optimization problem is of such a form that reducing the
optimality gap further would have only little impact on the actual improvements and
thus is a strong indicator for preferring a multi-start approach based on ipopt. We also
found that bmibnb takes longer to converge than SCIP, due to its additional processing
overhead. Hence for our evaluation in Section 6 we used SCIP to provide a lower bound
and ipopt to determine an upper bound on our optimization problem.
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