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Abstract—Over the past years, modern cloud providers have
widely incremented the heterogeneity of the products they offer,
be it virtual machines or remote storage systems. With such a
huge variety of machines to choose from, several configurations
– sets of machines – can be formed. These configurations may
yield similar performances with identical costs. Therefore, users
have a hard time finding the best one for deploying their specific
workloads. This paper presents Lynceus, a long-sighted, budget-
aware system for self-tuning of cloud applications, which uses a
roll-out technique to search the space of possible configurations
for the next best configuration to try, without the overhead
of a brute force search. We present numerical experiments
demonstrating the cost savings achieved by our system when
compared to state-of-the-art systems that neglect the cost of the
exploration phase.

I. INTRODUCTION

Cloud computing allows users to enjoy the delivery of
services over the Internet, such as sending e-mails, editing
documents, listening to music or watching TV. Over the past
decade, the ever increasing availability of low-cost computers
and storage devices along with the constant drive towards
innovation and improvement of networks, services and com-
puter devices, has led to a growth in cloud computing, since
the first services of the kind were launched by Amazon in
2006 [3]. Cloud computing’s increasing popularity is related
to its remarkable potential in bringing cost savings and ease
of access to complex computing platforms to users, while
enabling economy of scale for cloud providers.

Users that wish to take advantage of such services must
select machines to deploy their jobs. Existing approaches
that aim at automating this choice target different objective
functions (e.g., minimizing user [2], [26], [27] vs provider
costs [8], [9]) and employ a wide range of predictive tech-
niques. Despite the differences between these systems, though,
they share a key common mechanism: an exploratory phase
during which the target application is deployed and tested over
a diverse set of configurations in order to build a model that
maps the possible system’s configurations to the corresponding
application’s performance. Which and how many configura-
tions will have to be explored before a final recommenda-
tion for the system’s configuration is outputted is typically
established in a dynamic fashion, based on the shape of the
performance function over which the model is being fitted and
on the accuracy of the model learnt so far.

State-of-the-art systems have been shown to be able to
identify near-optimal configurations for the final application
deployment (i.e., its steady state). Unfortunately, existing
solutions aim solely at optimizing the efficiency of the final
configuration. As such, they neglect the cost of the exploration
phase. As a matter of fact, the cost of the exploration phase
can be quite expensive not only for short running jobs, but
also for long running applications that are subject to frequent
workload changes. In this case, the system has to undergo
frequent re-optimization phases in order to adapt to workload
changes and pursue optimal efficiency. Since existing systems
are mainly focused on optimizing performance and minimizing
deployment cost, usually at the expense of the exploration
cost, a problem remains: what configuration provides users
with a workload performance above some desirable threshold
while maintaining both the deployment and the exploration
costs below some desirable limit?

We propose Lynceus, a self-tuning system for cloud appli-
cations that aims to optimize the cost efficiency not only of the
final system’s configuration but also of the exploration phase
performed as part of the tuning process, leveraging recent
techniques in the field of Bayesian Optimization (BO) with
look-ahead.

II. RELATED WORK

Several cloud related systems for automating the choice
of virtual machines for deployment of applications in the
cloud have been proposed in recent years. While some of
these systems are focused on optimizing resource utilization
so as to maximize providers’ profit, others aim at finding the
best choice of application specific parameters and/or virtual
machines for deployment of user specific applications.

An example of a system for self-tuning of application-
specific parameters is iTuned [12]. iTuned represents the
system’s performance as a Gaussian Process, which is used
along with a method of Bayesian inference in order to estimate
the expected benefits of exploring certain parameters so as to
maximize the accuracy of the model. iTuned was developed
specifically for the context of database systems. Another such
system is ProteusTM [11], which aims at tuning Transactional
Memory implementations for specific workloads. ProteusTM
also resorts to Bayesian Optimization to guide the exploration
of the search space. More recently, CherryPick [2] proposed
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a similar approach to discover the configuration of virtual
machines more suitable to run a user specific application. The
chosen configuration ought to obey certain Quality of Service
(QoS) restrictions at a minimal operational cost.

In its turn, Quasar [8] and HCloud [9] are examples of
systems which intend to optimize resource usage from the
perspective of cloud providers in order to maximize profit. To
guide the search of configurations, Quasar makes use of rec-
ommendation techniques such as collaborative filtering [13],
[24] in order to estimate the performance of a particular
application for different combinations of resources. HCloud
resorts to Quasar to perform the necessary predictions.

This work explores tools that may help users who wish to
run applications in the cloud and, in line with previous works,
also falls back on processes of Bayesian inference [5], [21] to
guide the search for the configurations to be explored when
building and updating the model. However, unlike previous
work, we take into account the cost of exploring the configu-
rations during the search phase, which is needed to improve
the predictive model to find the optimal configuration. Indeed,
systems such as iTuned, ProteusTM and CherryPick, during
the iterative process of updating the model, try configurations
based only on their expected contribution for the improvement
of the model, independently of their cost. This translates
into a very expensive building process that may cancel out
the eventual economic benefits of building a very precise
predictive model.

In this context, some recent works that extend the base
BO algorithm [18], [19] are also relevant. These new versions
presuppose the existence of an expensive to evaluate objective
function, for which there is only a finite number of possible
evaluations. Thus, the exploration must make the most of
the available budget. So as to comply with the budget, the
authors of these works propose the utilization of depth search
mechanisms to predict the cost of several different exploration
paths in such a way that allows them to select the most
beneficial one to explore. We adapt these approaches to reduce
the exploration cost of the search process.

III. BACKGROUND

Next, we provide the necessary background on the optimiza-
tion (Section III-A) and modelling (Section III-B) techniques
employed by Lynceus.

A. Optimization Technique

Bayesian Optimization (BO) [6], [22] is the optimization
technique employed by Lynceus. It is a model-based method
for finding the optimum value for expensive black-box func-
tions. BO is especially efficient in situations where the closed-
form expression of the function being evaluated is unknown,
but wherein samples can be extracted at certain points. This
technique converges to the optimum with a small number of
explorations and also tries to minimize this number. Much of
its efficiency stems from its ability to incorporate previous
knowledge about the problem to direct the search process.

Sequential Model Based Optimization (SMBO) [16] is a
particular case of BO, which leverages a performance model

to guide the search for the optimal configuration/parameters.
It is a sequential and iterative process through which models
are fitted, samples are collected according to the models’
predictions and the models are then updated with the real
values obtained through the experiments. SMBO behaves in
the following way: (i) evaluate the target function f at n
initial points and build a training set S with the resulting
{xi, f(xi)} pairs, where xi are the evaluated points and f(xi)
is the observed performance at xi; (ii) fit a probabilistic model
M over S; (iii) use an acquisition function to determine the
next point xm to sample; (iv) evaluate f at xm and update
the model M with the observed performance; (v) repeat steps
(ii) to (iv) until a stopping criteria is met, for example, until
the improvement over the current best obtained by further
explorations is below some tunable threshold.

Acquisition Function. Our system uses as acquisition func-
tion the Expected Improvement (EI), a common improvement-
based acquisition function. The EI takes into account the
magnitude of the improvement along with the probability of
improvement, thus balancing out the exploration/exploitation
trade-off. The improvement of a new point is defined as
I(x) = max{0, ft+1(x) − f(x∗)} and can be computed
resorting to the predictions of the performance model which
are fitted over past observations. The EI (Equation 1) selects
as the next point to sample the one that is expected to give
the maximum positive improvement, that is

EI(I) = E[I(x)] =

∫ I=∞

I=0

(f(x)− f(x∗))PM (x|x∗) (1)

where PM (x|x∗) represents the density function of the prob-
ability of improvement I on a normal posterior distribution
characterized by mean µ(x) and variance σ2(x). Therefore,
and by assuming that the performance predictions follow a
Normal distribution, the EI can be computed in closed-form
according to Equation 2

EI(x) =

{
(µ(x)− f(x∗))Φ(Z) + σ(x)φ(Z) if σ(x) > 0

0 if σ(x) = 0
(2)

where Z = µ(x)−f(x∗)
σ(x) and φ(·) and Φ(·) denote the prob-

ability and cumulative distribution functions of the standard
normal distribution, respectively. A particular case of the EI
is the constrained Expected Improvement (EIc) [14], which
is particularly useful in situations where there are constraints
to the optimization problem, such as when one wishes to
minimize the deployment cost of a cloud application subject
to additional QoS constraints. In this case, the EIc can be
computed as shown in Equation 3.

EIc(x) = EI(x)× P (x satisfies the constraint) (3)

B. Modelling Technique

For Lynceus’ performance model, we leverage the Bagging
Ensemble technique. Our ensemble consists of a collection of
decision trees, trained over different subsets of the training set,
and whose outputs are reconciled through some form of voting
or averaging. The most voted of these is the final prediction of
the ensemble. A decision tree [4] is a decision-support tool that
uses a tree-like graph/structure to make predictions about or to
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Algorithm 1 Lynceus
1: function LYNCEUS
. Sample init configs and update state variables

2: S ← initS()
3: while B > 0 ∧ U 6= ∅ do
4: (c, Uc)← NextConfig(S, h)
5: if (c == null ∨ Uc ≤ ε) then . Stop exploration
6: return argmincost(c){S}
7: else . Update model and state
8: cost(c)← sample(c)
9: E ← E ∪ {c, cost(c)}

10: B ← B − cost(c)
11: U ← U \ {c}
12: end if
13: end while
14: return argmincost(c){S}
15: end function

classify events according to their likelihood and to previously
gathered knowledge from past experiments. Although decision
trees are fast and easy to train, having a single decision tree
may damage the performance model, since its predictions
are accepted without question because there is no way of
confirming their accuracy, i.e, they provide no guarantees on
uncertainty. This is a drawback of decision trees which can
be reduced through the use of ensembles. With a group of
trees, only one amongst several predictions is outputted and
therefore those further from a consensus are discredited. This
leads to more accurate predictions.

IV. PROBLEM FORMULATION

State-of-the-art systems [2] use BO to identify the best
configuration x∗. However, existing BO approaches have two
limitations. First, they do not take into account the cost of
the sampling phase. The acquisition function may suggest to
sample very expensive configurations, resulting in a highly
expensive initial training phase. Second, they implement a
“myopic” search strategy. At each iteration, BO selects the
point that maximizes the acquisition function. This approach
falls prey to the same shortcomings of greedy search ap-
proaches [17], i.e., getting stuck in local maxima.

To tackle these limitations, we propose a long-sighted,
budget-aware approach, in which the next configuration to
sample is the one that maximizes the efficacy and efficiency of
the overall sampling phase, without overspending the available
budget for exploration B. To this end, at each iteration,
Lynceus speculates not only on the outcome of sampling a
single configuration, but on the outcome of sampling several
configurations according to different exploration paths.

The efficacy of our search approach stems from selecting
the exploration path that, in the end, identifies an optimal or
near-optimal configuration. Its efficiency comes from the fact
that, instead of simply pursuing the identification of the best
configuration, we find the configuration x that exhibits the
best (tunable) trade-off between cost at runtime, C(x), and
exploration cost, E(x).

V. ALGORITHM’S OVERVIEW

This section provides a brief description of the general
algorithm of our system. Its goal is to find a configuration that

simultaneously respects a set of user-defined QoS constraints,
such as the maximum execution time for the job to complete,
while ensuring the lowest possible steady state cost, without
exceeding the available exploration budget.

We start by explaining a simplified version of our algorithm,
which is not feasible in a real setting due to the magnitude of
the search space. Later on, we report the heuristics utilized to
render the algorithm useful in practice.

The overall idea of Lynceus (Algorithm 1) consists of
finding the next best configuration to sample based on the
current state of the system. Each next best configuration is
deployed and the state of the system is updated. Otherwise, if
there is no next best configuration, the exploration stops and
x∗ is considered to have been found.

In order to fulfill this goal, Lynceus builds a cost model
of an application when executed in the cloud in different
configurations. This application may be, for instance, a graph
analysis process or the training of a model based on Machine
Learning (ML) techniques. It is assumed that the job takes
an unknown finite time to finish and that this time depends
on the chosen configuration, not only in terms of Virtual
Machines (VMs) (number, types and size), but also of internal
application parameters. Furthermore, in this work we assume
that the cost is directly proportional to the time during which
the resources (VMs) are allocated and that the costs per unit
of time (usually seconds) are known a priori. Therefore, by
having the model predict the expected cost of a given job in a
particular configuration, we can automatically derive the time
it will take to run that job.

A. Model, Test and Training Sets

The performance model is built based on the samples of
the explored/test set Ei at iteration i. In each iteration, a
configuration is sampled and the result is added to Ei. Each
sample consists of a tuple 〈cx, cost(cx)〉, where cx denotes a
given configuration and cost(cx) is the cost of sampling the
job on that configuration.

At each iteration, the model is refined and a new tuple
is added to the test set. Be it U i−1 the set of unexplored
configurations (training set) at the end of iteration i − 1.
At iteration i, the algorithm ought to select a configuration
ci ∈ U i−1 that, along with the corresponding exploration cost,
will be added to the test set, i.e., Ei = Ei−1 ∪ 〈ci, cost(ci)〉.

B. Budget Considerations

Lynceus is aware of the budget Bi available at each iteration
for further exploration and refinement of the model. Thus, the
system knows the exploration process must come to an end
when it runs out of budget. This is one of the stopping con-
ditions of the search process. Others encompass the marginal
improvements brought by further explorations and the lack
of additional configurations in the training set available for
exploration. At each iteration i, the cost of exploring ci is
deduced from the available budget, Bi = Bi−1 − cost(ci).
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C. State

The state of the algorithm at each iteration i is defined by
the quartet Si = 〈Bi, ci, Ei, U i〉, where Bi is the available
budget, ci is the current configuration, Ei is the set of explored
configurations (test set) and U i is the set of unexplored
configurations (training set).

D. Algorithm Bootstrap and Conclusion

The search process is bootstrapped with the construction
of the base cost model through the exploration of k initial
samples, selected randomly from the training set. Building
on this ground model, the algorithm executes its refinement
process (Algorithm 1, line 3).

The configuration selected once the search process con-
cludes, i.e., when there is no more budget, is the best con-
figuration (as in cheapest) that belongs to the set of explored
configurations E.

E. Choice of the Next Configuration

One of the biggest challenges is the selection of the next
configuration ci ∈ U i−1 to be explored in each iteration i.
This choice should contemplate not only the cost of trying
that configuration but also the expected contribution brought
by the experiment to improve the quality of the model. When
calculating this contribution, the algorithm considers not only
the contribution brought by the tuple 〈ci, cost(ci)〉, but also the
contribution brought by the following d simulated iterations
i+ 1, i+ 2, . . . , i+ d. In other words, an in-depth estimation
of the expected contribution is performed, gauging the effect
of the choice up to d configurations in the future. Thus, we
denote the expected contribution of a certain exploration path
of depth d as path contrib(ci, ci+1, . . . , ci+d).

Ideally, in each iteration, the algorithm would compute
all exploration paths of depth d, considering all unexplored
configurations. For each path, the algorithm would compute
the expected contribution of that path to the model. Later on,
it would apply to each path a function F that weights the
path’s contribution with its cost, path cost(ci, ci+1, . . . , ci+d).
Finally, the chosen configuration would be the one that maxi-
mized F and state attributes would be updated. Following this
approach, the number of paths to analyze would be of the order
of |U |d. For realistic dimensions of the search space, analyzing
all paths is too expensive. Therefore, we employ heuristics to
reduce this complexity and introduce them in Section VI.

VI. LYNCEUS

In this section we describe the algorithm and its com-
ponents. As previously stated, unlike systems based on
SMBO [2], [12], [11], we intended to analyze not only the next
configuration but the next d configurations, so as to improve
the exploration strategy. The following sections describe the
technique proposed to fulfill this goal and additional opti-
mizations to further improve performance and allow better
configurations to be discovered with less budget.

Algorithm 2 Choice of the Next Config
1: function NEXT CONFIG(S,depth)
2: M ← ERT(S) . Train a new Ensemble of Random Trees
3: V ← {c ∈ U : P (cost(c) ≤ Bi) ≥ β} . Feasible configs
4: if V = ∅ then return (null, 0) . Stop exploration
5: else
6: ∀c ∈ V, (Uc, Cc) = UTILITY(S, c, depth)
7: return (c, Uc) : argmaxc∈V {Uc/Cc}
8: end if
9: end function

A. Selecting the Next Configuration

Whenever it is necessary to select the next configuration to
explore, the first task consists of building the prediction model
M (Algorithm 2, line 2). Due to the magnitude of the search
space, assessing the quality of all unexplored configurations
would be extremely inefficient. Therefore, the first heuristic
used by the algorithm to avoid this overhead consists of the
creation of the feasible set V (Algorithm 2, line 3). This is
the set of all the configurations that are analyzed and includes
only the ones that, with probability β, are predicted to comply
with the budget, i.e., V = {c ∈ U : P (cost(c) ≤ B) ≥ β}.

B. Reducing the Search Complexity

Assuming one wanted to perform a search of depth d,
the total amount of paths to explore would be |V |(|V | −
1) . . . (|V | − d). For realistic dimensions of V , for instance
from 50 configurations upwards, the complexity of exploring
all paths would make this task intractable. Recent works [18],
[14] examine different approaches that aim at reducing this
problem’s complexity. In this work, we use a heuristic con-
ceptually similar to those proposed. It consists of a first,
exhaustive, exploration in breadth of all v configurations in V ,
followed by in-depth explorations for the remaining d−1 steps,
so as to avoid an exponential growth of the search process.
Hence, the algorithm builds merely v paths. The breadth search
(Algorithm 2, line 6), associated with the first exploration step,
requires these paths’ utility to be evaluated.

The depth search, described by Algorithm 3, works recur-
sively. Initially, model M is built and the utility and cost of the
current configuration c are calculated. After, the current state S
is cloned so as to guarantee that the algorithm is able to return
from the recursive calls without corrupting state S due to the
in-depth simulations. This way, it is assured that both the test
and training sets are always correctly up to date. Posteriorly,
the algorithm selects the configuration that is predicted to
offer the most improvement when compared with the current
optimum (Algorithm 3, line 10) so that its utility is estimated.
This process is repeated until the desired depth d is attained.
At this point, the algorithm returns to the initial depth with
the path’s contribution already estimated.

C. Contribution of a Path

A path’s contribution corresponds to the sum of all the
utilities of the configurations that make it up. The utility of a
configuration is its EIc, computed according to Equation 3. In
this way, we get path contrib(ci, ci+1, . . . , ci+d) = U .
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Algorithm 3 Computation of Utility with rollout
1: function UTILITY(S, c, depth)
2: M ← ERT(S) . Train a new Ensemble of Random Trees

(ERT)
3: U ← EIc(c) . Compute constrained EI
4: C ← cost(c)
5: if depth = 0 then return (U,C)
6: else
7: (aj , wj)← GH(fx), j = 1, . . . , N . G-H quadrature

coefficients
8: for j = 1, . . . , N do
9: S′ ← 〈c ; E′ ← E ∪ (c, wj) ; O′ ← O − wj ; U ′

← U \{c}〉
10: POLICY(S′)
11: if c′ = null then continue . There’s no suitable x’
12: (u, c)← UTILITY(S′, c′, depth− 1)
13: U ← U + γaju; C ← C + γajc
14: end if
15: end for
16: end if
17: return (U,C)
18: end function

To advance in depth, starting from a configuration of depth
i ≥ 1, it is necessary to estimate the utilities of configurations
of depth i′, having i < i′ ≤ d. This involves computing
nested expectations, for which there is no known closed form
expression. As a consequence, these values are approximated
resorting to Gauss-Hermite (G-H) quadrature, which is a type
of Gaussian quadrature used to approximate integrals where N
points are sampled, each with a distinct weight. Currently, our
algorithm uses 3 points for the approximation. By applying
the quadrature to the Gaussian distribution associated with the
prediction outputted by the model for the current configuration
c at a given depth i, N pairs (aj , wj) are obtained. wj
corresponds to a possible cost for c and aj is the weight
associated with that cost. In fact, weight aj is indeed related to
the likelihood of the cost being wj and it is used to determine
the contribution of wj to the estimation of the total utility
of the path. Parameter γ (Algorithm 3, line 14) is a discount
factor [25] which allows for the calibration of the weight of
the predicted utility of a configuration based on the depth level
(distance in the future) in which the prediction is estimated.
A value of γ = 0 nullifies the contribution of configurations
in a path of depth higher than one. In contrast, a value of
γ = 1 assigns the same weight to all predicted utilities for all
configurations of a path, independently of their depth.

For each estimated cost wj of the current configuration c,
that is, for each of the N points, the algorithm is required
to predict which would be the next configuration selected
by the model after it had been updated with the “simulated”
sample (c, wj), to join the path. This process is performed by
a policy function described by Algorithm 4. The policy works
by first updating the model, then defining the set of feasible
configurations (i.e., the ones that have probability β of having
a cost lower than the available budget) and, lastly, picking the
configuration from this set that maximizes the EIc.

Algorithm 4 Policy function
1: function POLICY(S)
2: M ← ERT(S) . Train a new Ensemble of Random Trees

(ERT)
3: V ← {c ∈ U : P (cost(c) ≤ O) ≥ β} . Feasible configs
4: return c : argmaxc∈U{EIc(c)}
5: end function

D. Early Timeout Policy

In a real world setting, a user experimenting configurations
is able to automatically classify one configuration as worse or
better than the current optimum by observing the application
running on each configuration for some limited time interval.
To improve our system and make a better use of the available
budget, we decided to implement a policy that would mimic
this behaviour.

The base algorithm presented so far assumes that whenever
a configuration is deployed to run a target cloud application
(e.g., the training of a complex ML model), it is executed
until completion in order to obtain an accurate estimation of
its cost. In this section, we introduce early timeout policies
that interrupt the exploration of configurations as soon as
these are detected to be suboptimal, i.e., when they exceed
the cost of the current best configuration, or unfeasible,
when they are detected to violate some user-specified QoS
constraint. By timing out as early as possible the exploration of
suboptimal/unfeasible configurations, the exploration cost for
that configuration gets proportionally reduced, thus enhancing
the cost effectiveness of the exploration process. Although
apparently quite straightforward, this optimization introduces
a non-trivial challenge: by interrupting the exploration of a
configuration at an arbitrary point of the execution of a job,
one is left with the problem of determining which value to feed
to the cost model used by Lynceus to drive the optimization
process. We tackle this problem by integrating a mechanism
that, upon the early time out of a configuration, estimates the
expected cost of fully sampling the target job based on the
progress it achieved upon its time out.

The intuition behind this policy is that the first sampled
configuration that complies with the user defined constraints
regarding the maximum running time T MAX for the job
becomes the current optimum C∗. Henceforth, the exploration
of a configuration is interrupted either as soon as the maximum
allowed running time is reached or as soon as the current
configuration achieves a cost as high as the current optimum’s
cost. The job runs until completion only when there is no cur-
rent optimum yet, or when the configuration under exploration
is feasible and cheaper than the current optimum.

Whenever the exploration of a configuration is timed out,
as already mentioned, in order to update Lynceus’ cost model,
it is necessary to predict the expected cost of running the
target cloud optimization job until completion. To tackle this
problem, we monitor the application’s progress periodically
and detect, at monitoring point, its progress rate (e.g., the
accuracy reached by a ML model) and whether it violated
the specified QoS constraints (e.g., the job execution exceeded
some predefined threshold).
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Virtual Machines’ Parameters
VM Flavour Number of Cores

small, medium, xlarge,
2xlarge of the t2 family 8, 16, 32, 48, 64, 80, 96, 112

TABLE I
VIRTUAL MACHINES PARAMETERS VARIED TO CREATE THE SPACE OF THE

CONFIGURATIONS

Neural Networks’ Parameters
Learning Rate Batch Size Synchronism

1e-3, 1e-4, 1e-5 16, 256 synchronous or
asynchronous

TABLE II
NEURAL NETWORK PARAMETERS VARIED TO CREATE THE SPACE OF THE

CONFIGURATIONS

If the monitoring system detects an early time out condition,
we use the progress data gathered during the sampling of that
configuration to estimate its expected completion time and,
consequently, its cost (given the time-based charging policy
of cloud providers). This can be formulated as a regression
problem, which could be addressed with a plethora of alterna-
tive black-box models. These, as well as arbitrary learners, can
be integrated in the Lynceus prototype. For simplicity, though,
the current implementation has been tested with linear models,
which, as we will see in Section VII-E, despite their simplicity,
result quite effectively in practice.

It should also be noted that, in the current prototype,
the monitoring process takes place periodically, with a user-
defined frequency. The higher the monitoring rate, the earlier
suboptimal configurations can be detected, but also the higher
the overhead introduced due to monitoring. The latter is
strongly application dependent and may vary greatly, e.g.:
monitoring the throughput of a database system is way less
expensive than evaluating the accuracy of complex ML models
using cross-validation of large test sets.

VII. EVALUATION

This section provides a validation of our contribution. In
VII-A we introduce the baselines for comparison and the
evaluation metrics. Section VII-B describes the datasets used
to evaluate Lynceus and presents a study of their complexity.
In VII-C we detail the implementation of the system as well
as the settings for running the experiments. In VII-D we
evaluate Lynceus’ ability to find the optimal configuration for
execution of cloud applications. Finally, in VII-E we report
the improvements attained due to the early timeout policy.

A. Evaluation Setup

This section describes the selected state-of-the-art ap-
proaches with which Lynceus is compared, justifying the
reasons for these choices. Furthermore, it presents the met-
rics used for evaluating all systems in a fair, thorough and
systematic way.

Baselines for Comparison. Lynceus is compared with
CherryPick [2] not only because CherryPick represents the
state-of-the-art when it comes to using BO in the cloud setting,
but also because it aims at minimizing the final cost for

the user and is subject to QoS restrictions imposed by the
user. In its original version, CherryPick [2] does not possess
the notion of budget. This implies that should the budget be
surpassed, the exploration does not stop. Therefore, and for a
fairer comparison, we equipped CherryPick with this notion.
Lynceus is also compared with a Random approach which
selects the next configuration to explore randomly from the
set of unexplored configurations.

Evaluation metrics. To evaluate Lynceus, we employ two
metrics: the Distance from Optimum (DFO) and the Number
of Explorations (NEX) performed. The former allows us to
characterize the quality of the solutions found: a better solution
is closer to the optimum, with the best solution C∗ having
DFO(C∗) = 0. The latter enables us to draw conclusions
concerning the relationship between amount of search space
explored and quality of the solution.

The DFO is obtained by calculating the difference between
the cost of the optimal configuration and the cost of the
chosen configuration, normalized by the cost of the optimal
configuration, i.e., DFO =

cost(cchosen)−cost(copt)
cost(copt)

. This way,
the smaller the DFO, the better the final configuration selected.

As for the NEX, if we equip all systems with the same
budget and compare the amount of explorations each one
performed, it allows for the evaluation of each one’s ability
to maximize the search space that is explored when given a
predetermined and fixed budget. This is usually correlated with
the likelihood of finding a better, as in closer to the optimum,
final deployment configuration. We consider one configuration
sampled and executed in the cloud as one exploration.

B. Datasets

In order to evaluate Lynceus, we used a total of four
datasets: three datasets representative of the training time of
Neural Network (NN) models, which were explicitly gathered
during this dissertation in order to evaluate the proposed
solution; a dataset encompassing 126 different Transactional
Memory (TM) applications, made publicly available by the
authors of ProteusTM [11].

The TF datasets consider the training of three different NN
models implemented via the TensorFlow [1] framework (a
popular ML library) and targeting the MNIST dataset [10] (a
standard benchmark for evaluating NNs). This dataset consists
of a large database of 28 × 28 pixels images of handwritten
digits. It is composed of 70, 000 images, 60, 000 for training
and 10, 000 for testing. All networks utilized are trained
through supervised methods, i.e., the networks learn to classify
objects based on input-output pairs.

Each dataset is composed of 384 configurations. The con-
figurations considered were composed of combinations of
both the parameters of Virtual Machines in the Amazon EC2
cloud (Amazon Web Services (AWS)), as well as parameters
affecting the training of NNs (see Tables I and II). Specifically,
for the VM parameters we consider the use of four different
VM types and eight different values for the total number of
cores for the whole cluster of VM. Whenever the total number
of cores for the cluster exceeds the total number of cores of
a single VM of a given type, that means that we consider the
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deployment of multiple VMs of that type. For what concerns
the application dependent configuration, we consider three
parameters that affect the behavior of the algorithm (Stochastic
Gradient Descent [23]) used to train the model, namely:
three values of the learning rate, two values for the batch
size and whether the training takes place synchronously or
not [7]. These parameters hold for all datasets except for the
TF CNN dataset which considers only six different values for
the number of cores({32, 48, 64, 80, 96, 112}), and therefore
is composed of 288 configurations.

The ProteusTM dataset concerns the optimization of TM
configurations, and considers a total of 160 configurations
distributed according to a three-dimensional space (TM type,
number of threads, and Hardware Transactional Memory
(HTM) abort policy). The costs of these configurations were
mapped to costs of actual EC2 configurations, since the
original paper did not consider deployment in the cloud but
on dedicated servers. In order to achieve this, to map the costs
of HTM configurations, we considered the costs of machines
which enable transaction synchronization (family r5 of AWS);
to map non-HTM configurations, we considered the cheaper
machines of family m5 of AWS. Moreover, we also assured
that the number of cores of the machines were consistent
with the number of threads of the configuration (either equal
number of cores and threads or more cores than threads).

Analyzing the Datasets. The following paragraphs analyze
the complexity of the considered datasets. To this end, the
first aspect considered is the cardinality and dimensionality of
the search spaces considered the various data sets, which vary
from 160 configurations distributed over 3 dimensions (Pro-
teusTM) to 384 configurations distributed over 6 dimensions
(RNN and MULTILAYER).

In order to quantitatively assess the complexity of each
dataset, Figure 1 illustrates the distribution of the DFO for
all the configurations (ordered from best to worst) for each
dataset. The DFO is defined as the cost of a configuration
normalized to the cost of the cheapest one for that dataset.

The plot shows that the TF datasets have much less near-
optimal configurations when compared to the ProteusTM
datasets. In fact, for the TF MULTILAYER dataset, the sec-
ond best configuration is already 20% away from optimum
(note that the y-axis is expressed in log scale). A steeper
slope translates higher difficulty and the TF MULTILAYER
dataset shows quite a steep slope close to the optimum
solution. Therefore it is expected that the tested systems, when
evaluated with these datasets, are more likely to output final
configurations further away from the optimum.

The ProteusTM line represents the geometric mean of the
normalized costs of the 126 different applications included in
this dataset. In general, the ProteusTM datasets are easier than
the TF datasets, since the slope is not so steep in proximity
of the best configuration. Hence, we expect the ProteusTM
dataset to be relatively easier to optimize than the TF datasets.
Furthermore, the search space of these datasets is about half
of the TF datasets, containing 160 configurations. However,
this line represents the average complexity of the 126 datasets
and not only one dataset like the other lines.
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Fig. 1. Datasets’ complexity

C. Experimental Settings

System Implementation. Lynceus was developed using
Java, namely leveraging existing libraries for the implementa-
tion of the performance model that predicts the next configu-
rations to explore. Our system uses the random tree algorithm
available in the Weka software package [15]. This algorithm
builds a decision tree considering K randomly chosen at-
tributes at each node and performs no pruning. We build 10
of these trees to generate an ensemble, similarly to a typical
random forest implementation, since the attributes of each tree
are random. The ensemble serves as a performance model to
predict the costs of the configurations. For the implementation
of the in-depth simulation, we ensure the long-sightedness of
our approach by implementing the Gauss-Hermite quadrature.

Experimental Setup. For the experiments without the time-
out policy, the initial models of all systems are bootstrapped
with 5 initial configurations, randomly selected, which cor-
responds to roughly 2% of the search space. For the exper-
iments with the timeout policy, the models are bootstrapped
with 1 initial sample. The scarcity of initial points augments
the difficulty of finding the optimal configuration, since the
existent knowledge to guide the search is fairly reduced.
The parameters β and γ of Lynceus were attributed values
0.99 and 0.9, respectively, as proposed by Remi et.al [18].
Regarding the look-ahead factor, the values d = {0, 1, 2}
were considered. A look-ahead of 0 cancels out Lynceus’
ability of predicting/simulating the future, allowing for the
establishment of a baseline for comparison with CherryPick.
Since Lynceus is budget-aware, and since we wanted to test
its ability to find the optimal configuration for deploying a
user specific application in different scenarios, another of the
parameters that was varied across all experiments was the
budget. We considered budgets of {2, 4, 6, 8, 10, 15, 20} times
the average budget of a configuration for the experiments,
although budgets {2, 4, 6} were only considered for the
experiments with 1 initial sample. Lastly, we perform 50
executions of all experiments to allow for the computation of
statistics, such as the average, the median, the 90th and 99th
percentiles, which are useful to compare all three approaches.
All experiments were executed in machines running Linux
Ubuntu 16.04 LTS, which were equipped with an Intel Xeon
E5-2648L CPU and with 32GB RAM.
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D. Quality of the Final Configurations

Figures 2 and 3 display the average of the 50 executions
performed with the TF CNN dataset. Observing the NEX
(Figure 2), it is visible that, as expected, higher budgets allow
for more explorations. For instance, Lynceus with look-ahead
2 performs 20 explorations with budget 8 and more than
doubles this value with budget 15, performing 41 explorations.
Furthermore, we can conclude that having a predictive model
to guide the search is rather helpful in getting an increased
knowledge of the search space, since both CherryPick and
Lynceus explore more than the Random approach with any
budget. For budgets 8 and 10, Lynceus and CherryPick are
very similar in terms of NEX however, for budgets 15 and 20,
Lynceus is able to give a better use to the budget and therefore
explore more, being able to explore almost two times more
than CherryPick in the best case. For budgets 8 and 10 all
look-aheads of Lynceus perform roughly the same number of
explorations.

Nevertheless, one would expect that more knowledge of
the search space, provided by a higher number of performed
explorations, would be translated into better, closer to the
optimum solutions. In fact, a good model fed by a larger
number of explorations is more likely to find the optimal or
near-optimal configurations. However, and as we can observe
in Figure 3, that is not always the case. For instance, for
budget 10, Lynceus explores approximately the same number
of configurations for all look-aheads. Despite that, the final
results for look-ahead 2 are worse than for Lynceus with
look-ahead 1. This fact may be due to an inaccurate initial
model because of the random initial samples. Notwithstanding,
Lynceus is able to find configurations closer to the optimum
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Fig. 4. Average time corresponding to 1 execution with the TF CNN dataset

than the other approaches, for all budgets. As the budget
increases, the quality of the final configurations selected by
all approaches improves.

One other relevant conclusion that can be drawn from
Figure 3 concerns the difference between the DFOs exhibited
by CherryPick and Lynceus with look-ahead 0. This is due
to the function that estimates the quality and the expected
contribution to the performance model of exploring a given
configuration. While Lynceus considers the ratio between the
expected contribution to the performance model and the cost
of the configuration, CherryPick only considers the expected
contribution of an exploration. For example, consider two
configurations with the same expected contribution to the
model and different costs: C1 with cost(C1) = 10, C2 with
cost(C2) = 5 and EIc(C1) = EIc(C2). For CherryPick,
these two configurations would be equally good candidates
for the next exploration, since they offer the same contribution.
However, Lynceus would choose configuration C2 as it offers
a better quality/cost ratio.

To measure the computational complexity of the tested
approaches, we computed, for each execution, how long they
took to choose the next configuration to explore and then
averaged those times. Figure 4 displays the average execution
time for each approach and for each budget. Lynceus is slower
than all other approaches even for look-ahead 0. This is due
to the fact that Lynceus, unlike the other approaches, first
creates the set of feasible configurations, that is, those that
are predicted to cost less then the available budget; then,
for all feasible configurations, Lynceus evaluates the ratio
between their expected contribution to the model and their
cost. However, to estimate the cost and compute the ratio,
Lynceus needs to train and query the performance model
for each feasible configuration. CherryPick, instead, trains the
model a single time in the beginning of a new exploration and
then, for all feasible configurations, computes their expected
contribution to the performance model. In contrast, the Ran-
dom approach merely selects one random configuration from
the set of unexplored ones, which means no time is spent when
choosing the next configuration to explore. Furthermore, due to
the in-depth simulations, which require the computation of the
Gauss-Hermite quadrature and the respective weights, another
overhead is added to Lynceus’ estimation process. Nonethe-
less, we stress that the time overheads introduced by Lynceus’
exploration process are outweighted by the significant increase
in the quality of the final solutions.
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E. Improvements due to the Timeout Policy

This section describes the improvements attained due to the
timeout policy. For space constraints we only show results
for CherryPick (Figure 5) and for Lynceus with look-ahead 2
(Figure 6), run wih the TF CNN dataset. These experiments
were run with 1 initial sample for bootstrapping the model
and with budgets {2, 4, 6, 8}, since with bigger budgets all
approaches would perform a brute force search in the space of
configurations and, therefore, find the optimal configuration.

Results show that both CherryPick and Lynceus with look-
ahead 2 benefit from both timeout policies, which allows
them to maximize the explored space and to find near-optimal
configurations. With the ideal timeout, both approaches show
similar behaviours. This trend is not verified only for budget
8, since the configuration found by Lynceus is 10% away from
the optimum while CherryPick’s is 1% away. However, with
the discrete timeout, CherryPick finds configurations closer
to the optimum than Lynceus. For instance for budget 4, the
configuration found by CherryPick is 72% away from the
optimum while Lynceus’ is 96% away. This may be due to
the fact that the liner model that estimates the cost of running
the job until completion is rather inaccurate which leads to the
performance models of both CherryPick and Lynceus to be
polluted with erroneous data. The average error of this model
is depicted in Figure 7. The error remains approximately

2 4 6 8
Budgets

0.0

0.1

0.2

0.3

0.4

EE
RR

-A

0.37

0.43 0.43

0.47

0.37

0.41 0.42

0.45

0.34

0.39 0.40
0.43

0.34
0.38

0.40
0.43

CherryPick
Lynceus - depth 0
Lynceus - depth 1
Lynceus - depth 2

Fig. 7. Average error of the linear model for estimating the cost of running
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constant, around 40%, for all look-aheads of Lynceus and
for CherryPick equipped with the same budget. Lynceus with
look-aheads 1 and 2 is more affected by this due to error
propagation, since it requires performing simulations to select
the next configuration to explore. With respect to the NEX,
with the ideal timeout and with budget 8, both approaches
explore approximately 66% of the search space, whereas with
the discrete timeout they explore only around 40%.

VIII. FUTURE WORK

In this section we present some ideas we intend to add as
future work and to address the current limitations and missing
features of our system. Namely, these optimizations are related
to the initial sampling needed to bootstrap the model and to
the duration of the exploration of the configurations.

Initial Sampling. Lynceus uses a model-driven approach to
select which configurations to explore, but, before the model
can be instantiated, one needs to gather an initial set of samples
to bootstrap the knowledge of the model. In our current
implementation, for simplicity, we use a randomized approach
that selects configurations uniformly at random within the
configuration space. Clearly, this approach can be subject to
various shortcomings. In particular, it may lead to sampling
overly expensive configurations, which reduces significantly
the budget available for the model-based exploration phase
(which is arguably more effective than an non model-based
approach). Furthermore, since it is desirable to use a very
limited number of initial samples, a purely randomized ap-
proach can lead to miss sampling relevant regions of the
configuration space — hindering the quality of the resulting
model. The latter issue can be obviated by recurring techniques
such as Latin Hypercube Sampling (LHS) [20], which strives
to uniformize the density with which the various sub-regions
of a multi-dimensional space are sampled.

Local Search Heuristics. The use of local search heuris-
tics, such as Hill-Climbing, Simulated Annealing or Genetic
Algorithms may be of assistance to further reduce Lynceus’
computational complexity. These heuristics would be applied
whenever in Algorithms 2 and 4 we need to compute the
EIc or the Utility/Cost for every unexplored configuration. By
employing one of the above search heuristics, the computation
of the EIc would be restricted to smaller subsets of the set
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of unexplored configurations, with direct gains in terms of
computational efficiency.

IX. CONCLUSIONS

We proposed Lynceus, a system for optimizing the selection
of configurations for the execution of cloud applications when
there is a fixed budget for exploring. Lynceus incorporates
explicitly, and for the first time in the context of self-tuning of
cloud applications, the notions of finite budget for exploration
and planning of future explorations for the maximization of
the available budget.

Through an extensive experimental evaluation based on
realistic datasets, we demonstrated how the proposed solution
is able to consistently identify better solutions than the current
state-of-the-art system across all workloads. We also show
how our long-sighted approach enables improvements over
greedy search strategies, since with higher look-aheads, better
solutions were found.

The timeout policy results show that by reducing an experi-
ment’s duration it is possible to find better final configurations
with lower budgets. Although the ideal policy was shown to
offer the best improvements, the discrete policy, which corre-
sponds to a real world setting, also improved when compared
with the no-timeout results. We also showed that the linear
model utilized with the discrete policy is far from optimum,
carrying an estimated error around 50%. One possible future
direction could be the development of more complex models
to estimate the cost of running a job until completion.

As a final remark, we believe that additional heuristics as
described in Section VIII will further improve the computa-
tional complexity of the system as well as the quality of the
final configurations, allowing for the selection of the optimal
configuration more often and with lower budgets.
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[7] D. C. Cireşan, U. Meier, L. M. Gambardella, and J. Schmidhuber, Deep
Big Multilayer Perceptrons for Digit Recognition. Springer Berlin
Heidelberg, 2012, pp. 581–598.

[8] C. Delimitrou and C. Kozyrakis, “Quasar: Resource-efficient and qos-
aware cluster management,” in Procs. of ASPLOS. ACM, 2014, pp.
127–144.

[9] ——, “Hcloud: Resource-efficient provisioning in shared cloud sys-
tems,” in Procs. of ASPLOS, 2016, pp. 473–488.

[10] L. Deng, “The mnist database of handwritten digit images for machine
learning research [best of the web],” in IEEE Signal Processing Maga-
zine, vol. 29, no. 6. IEEE, 2012, pp. 141–142.

[11] D. Didona, N. Diegues, A.-M. Kermarrec, R. Guerraoui, R. Neves, and
P. Romano, “Proteustm: Abstraction meets performance in transactional
memory,” in Procs. of ASPLOS, 2016, pp. 757–771.

[12] S. Duan, V. Thummala, and S. Babu, “Tuning database configuration
parameters with ituned,” PVLDB, vol. 2, no. 1, pp. 1246–1257, 2009.

[13] M. D. Ekstrand, J. T. Riedl, and J. A. Konstan, “Collaborative filtering
recommender systems,” Foundations and Trends R© in Human–Computer
Interaction, vol. 4, no. 2, pp. 81–173, 2011.

[14] J. R. Gardner, M. J. Kusner, Z. Xu, K. Q. Weinberger, and J. P.
Cunningham, “Bayesian optimization with inequality constraints,” in
Procs. of ICML, 2014, pp. 937–945.

[15] M. Hall, E. Frank, G. Holmes, B. Pfahringer, P. Reutemann, and I. H.
Witten, “The weka data mining software: An update,” SIGKDD Explor.
Newsl., vol. 11, no. 1, pp. 10–18, 2009.

[16] F. Hutter, H. H. Hoos, and K. Leyton-Brown, “Sequential model-based
optimization for general algorithm configuration,” in Procs. of LION,
2011, pp. 507–523.

[17] D. R. Jones, M. Schonlau, and W. J. Welch, “Efficient global optimiza-
tion of expensive black-box functions,” Journal of Global Optimization,
vol. 13, no. 4, pp. 455–492, 1998.

[18] R. Lam and K. Willcox, “Lookahead bayesian optimization with in-
equality constraints,” in Procs. of NIPS, 2017, pp. 1890–1900.

[19] R. R. Lam, K. E. Willcox, and D. H. Wolpert, “Bayesian optimization
with a finite budget: An approximate dynamic programming approach,”
in Procs. of NIPS, 2016, pp. 883–891.

[20] M. D. McKay, R. J. Beckman, and W. J. Conover, “A comparison of
three methods for selecting values of input variables in the analysis of
output from a computer code,” Technometrics, vol. 21, no. 2, pp. 239–
245, 1979.

[21] M. Pelikan, D. E. Goldberg, and E. Cantú-Paz, “Boa: The bayesian
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