
1

Leveraging Subsampling Techniques to Optimize
Machine Learning Jobs in the Cloud

Extended Abstract of the MSc. Dissertation
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Abstract—This dissertation addresses the problem of optimiz-
ing the training of machine learning models in the cloud. The
efficiency of these jobs be affected by the correct tuning of a
large number of configuration parameters, belonging to two main
classes: i) parameters of the model and/or of the algorithm used
to train the model; ii) cloud resources allocated to execute the
job. State-of-the-art techniques address the optimization problem
by employing approaches based on Bayesian Optimization (BO),
where a performance model is used to guide the selection of which
configuration to test next, via a so-called acquisition function
that typically balances exploitative vs. explorative behaviors. The
selected configurations are tested and the information on their
quality is fed back to the model, so to improve its knowledge
and the quality of future exploration steps.

In this context, this dissertation investigates the use of subsam-
pling techniques (i.e., reducing the amount of data over which
models are trained) to enhance efficiency in two alternative ways:
i) reducing the training cost by adjusting the subsampling rate of
the input dataset to trade off, in a controlled way, the accuracy
of the resulting models and the computational demand (and,
hence, the cost) of the training process; ii) reducing the cost
of BO-based optimization techniques by decreasing, thanks to
subsampling, the cost of testing configurations. We proposed two
systems, Nephele and Fabulinus, to exploit these two alternatives
created through the use of subsampling.

We present the evaluation of the proposed systems. The results
show that the optimization cost can be largely reduced testing
subsampled dataset. The training cost of a configuration can be
reduced if the performance requirements allow it.

I. INTRODUCTION

Machine learning has become increasingly popular due to
two main reasons: on the one hand, advances in sensing
devices and cyber-physical systems have led to generating a
sheer volume of data in a broad number of domains, such
as computer vision, bio-informatics, and earth observation; on
the other hand, the possibility to process these large volumes
of data provided by the cloud computing paradigm, which
allows for acquiring an apparently unbounded amount of
computational and storage resources, in a convenient, pay-
only-for-what-you-only-use fashion.

Several state-of-the-art systems focus on optimizing the
allocation of the right type and amount of resources in the
cloud for a given application, while others have addressed the
problem of selecting the hyperparameters of machine learning
jobs. However, recent works have shown that these two sets of
parameters are not independent [5]. They need to be jointly op-
timized in order to select the best configuration for deploying a

job in the cloud. State-of-the-art systems tend to rely on black-
box modeling techniques and Bayesian Optimization. With
these approaches, a job is deployed in different configurations
and information on the observed configuration’s quality is fed
to a black-box learner to build a model capable of predicting
the quality of untested configurations. The extrapolation power
of the black-box model is then used to guide the search
process, via a so-called acquisition function that normally
strives to strike a balance in the exploration vs. exploitation
dilemma [4].

This work investigates the use of subsampling, i.e., reducing
the amount of data over which models are trained, in order to
reduce the training cost by adjusting the subsampling rate of
the input dataset to trade-off the accuracy and the cost of BO-
based optimization techniques by decreasing the cost of testing
configurations thanks to the use of subsampling. Therefore, we
propose two systems, Nephele and Fabulinus, that leverage
subsampling techniques to optimize the training of machine
learning models in the cloud.

Nephele aims to minimize the training cost subject to
accuracy and time constraints by leveraging the possibility of
using subsampling to trade-off training cost for accuracy. It
leverages the use of subsampled datasets to train a given ML
job in order to reduce the training cost while ensuring the
Quality of Service (QoS).

Fabulinus aims at optimizing the accuracy of models trained
using the full dataset and subject to constraints on the max-
imum training cost, while reducing the optimization cost by
testing the model using only subsampled datasets. It only eval-
uates subsampled datasets in order to reduce the optimization
cost and time. Through the use of transfer learning techniques,
Fabulinus uses the knowledge gained from evaluating small
datasets, to reduce the uncertainty about the location and
magnitude of the optimum.

II. RELATED WORK

In recent years, several research works have addressed the
problem of selecting the hyperparameters of machine learning
jobs. Others have tried to solve the problem of allocating the
right resources in the cloud given an application. However,
recent works have shown that these two sets of parameters
are not independent [5]. Therefore, the optimization of cloud
resources and specific application parameters can not be done
independently.
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Lynceus [5] is a budget-aware and long-sighted self-tuning
system of cloud resources. It aims at finding optimal configura-
tions that minimize the execution cost of running data analytics
jobs in the cloud while ensuring that the constraints on
maximum execution time are complied with and that the cost
of the exploration phase does not exceed the available budget
B. In each iteration, dynamically selects the configurations
to explore according to the current budget. However, it does
not use subsampling in order to reduce the cost. Lynceus
leverages BO and an ensemble of Decision Trees to build a
cost model to select the next configuration to evaluate. It uses
the lookahead technique to predict a path of configurations
to be explored that maximizes the reward and minimizes the
exploration cost, in order to foresee the effect of choosing
a configuration to evaluate in the current iteration. Lynceus
stops if the budget was spent or if all the predicted costs for
unexplored configurations are higher than the available budget.

Another state-of-the-art system to optimize cloud resources
is CherryPick [2]. This system aims to select the optimal cloud
configuration that minimizes the execution cost and ensures
that the time performance is below a specified constraint.
CherryPick leverages BO to build a performance model in
order to predict the best configurations and to select con-
figurations to test. Gaussian Processes are used as a prior
function, and the constrained Expected Improvement (EIC) is
used as an acquisition function. CherryPick ends when the
predicted expected improvement is below a given threshold,
and N configurations are evaluated.

More recently, Fabolas [12] propose the use of subsampling
to reduce the training cost (or time). Fabolas is a system for
tuning machine learning hyperparameters in order to maximize
the accuracy on the full dataset, while reducing the optimiza-
tion cost by testing the model using only subsampled datasets,
which normally are cheaper to evaluate. Testing different
configurations on small datasets permits the extrapolation to
the full dataset. Fabolas adds one additional dimension to
the search space that corresponds to the dataset size s to
evaluate. It leverages BO to determine the optimum that
minimizes a loss function f on the full dataset but evaluates
only subsampled datasets. As an acquisition function, Fabolas
uses the Entropy Search (ES) normalized with respect to cost.

III. BACKGROUND

This section provides background on modeling and op-
timization techniques employed by the proposed systems,
Nephele and Fabulinus.

A. Modeling Techniques

Both systems model the accuracy and cost functions.
Nephele uses a Bagging Ensemble of Decision Trees. A De-
cision Tree [3] is a black-box modeling technique that uses a
specific type of graphs, called trees, as a model for predictions.
Each node specifies a test of some attribute, and each branch
descending from that node corresponds to distinct possible
values for the attribute. Each tree in the ensemble is trained
using different subsets of data. The output predictions from
each learner need to be reconciled through some algorithm
for voting or averaging. Decision Trees are easy and fast to

Algorithm 1 SMBO
1: function SMBO(n) . n: number of initial points
2: S ← Evaluate f on n initial points;
3: while True do
4: M← FitModel(S);
5: xm ← Next Configuration(M);
6: S ← Evaluate f(xm);
7: end while
8: return (Incumbent xinc)
9: end function

train. An ensemble can be used to derive estimators on the
uncertainty for a given prediction. A common technique is to
assume that the predictions produced by the set of Decision
Trees in the ensemble follow a normal distribution, whose
parameters can be estimated via the mean and variance of the
predictions output by the various learners in the ensemble.

On the other hand, Fabulinus uses Gaussian Processes (GPs)
to model the accuracy and cost functions. GPs are stochastic
processes [17] defined over a collection of random variables
that follow a multivariate Gaussian distribution. GPs are spec-
ified by the mean function and the covariance function. GPs
fit the information gathered through the evaluation of points
to create a model of the objective function. The uncertainty
about the search space given by the model can be exploited
to balance explorative vs. exploitative behaviors during the
optimization process. The most common covariance function
used in the state-of-the-art system is the Matérn 5/2 kernel
function [14].
B. Optimization Technique

Bayesian Optimization (BO) employed in Nephele and
Fabulinus is one of the most common techniques used in
the optimization of black-box function. BO [4], [18] is a
model-based method for finding a optimum value of expensive
black-box function f . BO is very efficient when f(x) is
an unknown black-box function, and when it is possible to
gather observation through sampling points from f to build
a probabilistic model of the unknown objective function.
BO constructs a model for f using the points observed and
exploits this to determine the next point to evaluate. After
each observation, the model is updated with the new data
through Bayes’ Theorem. This ability to incorporate the prior
knowledge of f to determine the points to sample yields a
very efficient method that requires a relatively small number
of explorations to converge to the optimum.

Sequential Model-Based Optimization (SMBO) [11] is an
algorithm that uses BO methods to fit the models of a black-
box function and then leverages these models to choose
the configurations to explore. SMBO is a sequential process
that iterates between fitting a model using the existing data,
selecting a list of promising points based on this model’s
prediction, evaluate the target function f on selected points to
gather new data, and updating the models with the observed
experimental values. SMBO is described in Algorithm 1. The
algorithm is running until some stopping criterion is fulfilled.

An acquisition function has to be defined and implemented
to select the next configuration to evaluate. Nephele uses the
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Expected Improvement (EI) [16]. The EI balances the local
and global search, i.e., the trade-off between exploration and
exploitation. It takes into account not only the probability
of improvement of a point over the incumbent but also the
absolute value of this improvement. The improvement of
a point x over the best current x∗ is defined as I(x) =
max {0, ft+1(x)− f(x∗)}. The EI computes the expected
value E of the improvement I , and it is given by

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

∫ f(x∗)

−∞
(f(x∗)− c)PM (c|x)dc, (1)

where the variable c is defined over the same domain as f(x)
(namely, the objective function that we intend to minimize)
and PM (c|x) is the probability for configuration x to have
”performance” c, as predicted by the model. If the prediction
for f(x) is described by a normal distribution with predicted
mean value µ(x) and the associated uncertainty, the EI has a
closed-form expression given by Equation 2.

EI(x) =

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

0 , if σ(x) = 0
(2)

where Z = µ(x)−f(x∗)
σ(x) , φ(·) and Φ(·) are the Probability

Density Function (PDF) and Cumulative Distribution Function
(CDF) of the standard normal distribution, respectively.

The constrained Expected Improvement (EIC) [7] extends
the EI in order to incorporate constraints. The EIC multiples
the EI by the probability that a point x satisfies the constraints

EIC(x) = EI(x) · P (x satisfies the constraint). (3)

Fabulinus extends an acquisition function called Entropy
Search (ES) [9]. The ES adopts a strategy of evaluating points
that are expected to offer more information about the opti-
mum, i.e., based on the predicted information gain about the
optimum, instead of selecting points predicted to be near to the
optimum. The information gain at x can be calculated using
the relative entropy that measures of the difference between
the probability distribution pmin(x) = p(x ∈ min

x′
f(x′) | S)),

i.e., the belief about the minimum given the prior on f and
the training set S and the uniform distribution U . The ES is
given by

ES(x) = Ep(y|x,S)

[∫
pmin(x′) · log

pmin(x′)

u(x′)
dx′
]
. (4)

where u is the PDF of the distribution U .

IV. NEPHELE

This section presents Nephele, a system to find optimal
configurations to deploy ML jobs in the cloud. Nephele aims
to find the best configuration (including both cloud and model-
related parameters) and dataset size that minimizes the training
cost to run a ML job in the cloud using subsampled datasets
and subject to QoS constraints and a budget for the exploration
phase, i.e.,

minimize
x,s

C(x, s)

subject to A(x, s) ≥ Amin

T (x, s) ≤ Tmax∑
(xk,sk)∈S

C(xk, sk) ≤ B

(5)

Algorithm 2 Nephele
1: function NEPHELE(B, Binit, h, D, T )
. B: Budget, Binit: Initial Budget, h: maximum horizon,
D: Possible dataset sizes, T : Unexplored Configurations

2: S ← LHS(T ) . Sampler
3: while B ≥ 0 do
4: Fit DTs models for accuracy and cost functions
5: (x, s)← NEXTCONFIG (h) . Selector
6: (a, c)← EVALUATE (x, s) . Executor
7: UPDATE(x, s, a, c) . Updater
8: end while
9: return arg min

(x,s)∈S
C(x, s), s.t. A(x, s) ≥ Amin,

T (x, s) ≤ Tmax

10: end function

where C, A and T are the cost, accuracy and time functions,
respectively, Amin and Tmax are the accuracy and time
constraints, x represents a configuration, s is the dataset size,
and B is the budget for the exploration phase.

A. System Overview

Nephele is an online algorithm in the sense that it assumes
no a priori knowledge on the job to be optimized or on
previously optimized jobs. As such, in order to solve the
optimization problem to find the optimal configuration, it
is necessary to explore, at least partially, the configuration
space. The optimal configuration is the one that minimizes
the deployment cost and complies with the user-defined QoS
constraints. It leverages BO to solve the optimization problem
and builds models for accuracy and cost. In order to improve
these models and to find the optimal configuration, it needs to
evaluate and deploy a configuration, thus, incurring a cost.

Nephele adds a new dimension to the search space that
corresponds to the fraction of the dataset used as input to
the ML job. and automatically determines the dataset size
s ∈ [0, 1] used to train a configuration x. Reducing the dataset
size using subsampling allows for reducing the computational
demand for training the model, but it is also likely to degrade
its accuracy. Nephele allows users to control this trade-off by
letting them specify a constraint on the minimum accuracy
that the model should achieve Amin).

It is composed of five modules: the Sampler to randomly
select and run the configurations to sample in the initial
sampling, the Modeler to construct and update the models,
the Selector that computes the acquisition function to select
the next configuration to evaluate, the Executor to deploy and
run the job in a given configuration, and the Updater to update
the current state with the new information. Nephele uses Latin-
Hypercube Sampling (LHS) [15] to bootstrap the knowledge
of the model. A bagging ensemble of Decision Trees is used
as a model. Nephele uses a fixed initial budget for the initial
sampling, instead of sampling a percentage of configurations
in the search space to construct the model, as CherryPick and
Lynceus.

B. Algorithm Description

Algorithm 2 describes Nephele. Nephele uses LHS to select
configurations to sample in order to bootstrap the accuracy and
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cost models. The initial sampling ends when the user-defined
initial budget is spent. Each time a configuration is evaluated,
the state is updated. The configuration pair (x, s) is removed
from the set of unexplored configurations T and is added to the
training set S. The available budget is decremented by the cost
of (x, s). The next configuration to evaluate is selected through
the computation of the acquisition function. Posteriorly, the
selected configuration is deployed in the cloud. In the end,
the state and the models are updated. The optimization process
stops when the available budget ends.

C. Selecting the Next Configuration

The selection of the next configuration to sample in Nephele
is based on the approach of Lynceus. Since the search space
can be very large, assess the quality of all the unexplored
configurations can be costly, time-consuming, and intractable.
Thus, a feasible set Γ is created in order to reduce the
complexity of this problem. This feasible set contains the
configurations that are predicted to comply with the constraints
and a deployment cost smaller than the available budget. If
the feasible set Γ is empty, the next configuration is randomly
selected among the configurations in the unexplored set T . If
the feasible set Γ is not empty and the maximum lookahead
horizon h is not zero, Nephele uses lookahead to simulate the
path of configurations with a maximum exploration horizon h,
starting at (x, s) ∈ Γ that could be created if the configuration
(x, s) was evaluated in the next iteration. Nephele tries to
evaluate not only the cost of trying a configuration but also
the impact and the contribution in the long-term brought by
that experiment to improve the models and to find the optimal
configuration. For that, it calculates the expected reward of
a simulated path. The next configuration to evaluate is the
one that maximizes the ratio between the reward and the
deployment cost, i.e.,

(xn, sn) = arg max
(x,s)∈Γ

R(x, s)

C(x, s)
(6)

Exploring all the possible paths considering all the unex-
plored configurations creates an intractable, expensive, and
time-consuming problem. In order to reduce the complexity
and to avoid exploring all the possible paths, the next con-
figuration simulated in the path is the one that is predicted
to comply with the constraints and maximizes the EIC. Thus,
only one path per configuration in Γ is built. The utility and
the cost are estimated for each configuration in the path. This
process is repeated h times until the utility and the cost of the
last configuration in the path is calculated. Then, the reward
and the total cost of the path are computed by adding the
estimated utilities and costs of all configurations in the path,
respectively.

The estimation of the expected utilities using lookahead
requires the computation of nested expectations, which do not
have a closed-form expression. Thus, in order to compute
the expected utilities of configurations in the path, these
expectations are approximated using Gauss-Hermite (G-H)
quadrature. This quadrature approximates integrals through
the sampling of N points, each with an associated weight
that represents the likelihood of the sampled value being the
real one. This way, each weight determines the contribution

Algorithm 3 Selection of the next configuration
1: function NEXTCONFIG(h)
2: Γ← {x ∈ T ∧ s ∈ D : C(x, s|S) ≤ B ∧A(x, s|S) ≥
Amin ∧ T (x, s|S) ≤ Tmax} . Feasible set

3: if Γ == ∅ then return Random(T , D)
4: ∀(x, s) ∈ Γ : (R,C) = EXPLOREPATHS(x, s, h,S, T )
5: return arg max

(x,s)∈Γ

R(x, s)/C(x, s)

6: end function

7: function EXPLOREPATHS(x, s, h, S, T )
8: R← EIc(x, s); C ← C(x, s)
9: if h == 0 then return (R,C)

10: 〈ci, wi〉 ← G-H(C(x, s)), i = 1, . . . , N
11: 〈aj , wj〉 ← G-H(A(x, s)), j = 1, . . . ,M
12: for (i = 1, . . . , N) do
13: for (j = 1, . . . ,M) do
14: S ′ ← S ∪ (x, s, ci, aj); T ′ ← T \ (x, s)
15: Retrain the accuracy and cost models
16: (x′, s′)← NEXTSTEP(T ′,S ′)
17: if (x′ == null) then Continue
18: (r, c)← EXPLOREPATHS(x′, s′, h− 1,S ′, T ′)
19: C ← C + γwiwjc; R← R+ γwiwjr
20: end for
21: end for
22: return (R,C)
23: end function

24: function NEXTSTEP(T , S)
25: Ω← {x ∈ T ∧ s ∈ D : C(x, s|S) ≤ B ∧A(x, s|S) ≥

Amin ∧ T (x, s|S) ≤ Tmax}
26: if Ω == ∅ then return (null)
27: else return arg max

(x,s)∈Ω

EIC(x, s)

28: end if
29: end function

of the sampled value to the estimation of the path utility. The
bivariative G-H quadrature is used to approximate the accuracy
and cost predictions. Parameter γ (Algorithm 3, Line 19) is a
discount factor that enables the possibility to attribute different
contributions to configurations in the path based on the depth
level in which the prediction is done.

V. FABULINUS

This section introduces Fabulinus, a system to optimize ML
jobs in the cloud. It aims at finding the optimal configuration to
deploy a ML job in the cloud that maximizes the performance
on the full dataset subject to user-defined constraints. In order
to enhance the efficiency of the optimization process, though,
Fabulinus only tests configurations by training the model
using subsampled datasets. It tries to optimize the allocation
of cloud resources and tune specific application parameters.
However, Fabulinus solves a different optimization problem
than Nephele.

maximize
x

A(x, s = 1)

subject to C(x, s = 1) ≤ Cmax,

(7)
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where A and C are the accuracy and the cost functions, respec-
tively, x is a configuration, s is the dataset size, and Cmax is a
cost constraint. Furthermore, Fabulinus can incorporate other
constraints since those are independent, for simplicity.

A. System Overview

Fabulinus is a system for optimizing the cloud resources and
hyperparameters of machine learning applications deployed in
the cloud, in order to maximize the performance of the job
subject to a user-defined cost constraint. It leverages BO to
model the accuracy and the cost functions, adding a dimension
to the search space that corresponds to the dataset size s. It
implements GPs to construct each model and uses the same
kernel function proposed in Fabolas [12]. The correlation
across the dataset size is unknown a priori. So, in order to
tackle this limitation, Fabulinus’ strategy consists of selecting
configurations that will increase the knowledge about the
scaling behavior and about the optimal configuration that
maximizes the accuracy and meets the constraints on the full
dataset. The architecture of Fabulinus is similar to Nephele.
It is composed of four modules: a Sampler, a Modeler, an
Updater, a Selector, and the Executor.

B. Algorithm Description

Algorithm 4 describes Fabulinus. The system builds an
initial model for both accuracy and cost functions using
LHS. Each configuration x is evaluated on all the possible
subsampled dataset sizes in order to provide better information
on the scaling behavior. Then, the state is updated, and the
accuracy and cost models are built using these initial testings.
The next configuration (x, s) to be tested is then selected using
an acquisition function that will be detailed in the next section.
Then, the selected configuration (x, s) is evaluated and, after
the evaluation, the state is updated, the accuracy and cost
of (x, s) are added to the training set, and the configuration
is removed from the set of unexplored configurations. The
incumbent (i.e., the configuration deemed to be the optimal in
the present moment) is the configuration that maximizes the
predicted accuracy and meets the constraint with a probability
higher than 99%. At the end of each iteration, the incumbent
is determined based on the predicted accuracy and cost for
all possible configurations that use the full dataset (s = 1).
Fabulinus stops the optimization process when it reaches a
user-defined number of iterations.

C. Selecting the Next Configuration

The acquisition function used by Fabulinus extends the one
proposed in Fabolas, which uses transfer learning techniques
to predict the optimal configuration on the full dataset using
the knowledge gained through the evaluation of subsampled
datasets. In order to select the next configuration and the
dataset size to evaluate, Fabolas extends an acquisition func-
tion called Entropy Search (ES) that maximizes the informa-
tion gain per unit cost about the distribution of the optimum
on the full dataset ps=1

max(x|S ∪ {(x, s, y)})

aF (x, s) =
1

C(x, s) + Coverhead
ES(x) (8)

Algorithm 4 Fabulinus
1: function FABULINUS(N , M , D)
. N : Number of configurations for LHS, M : Number of
iterations, D: possible dataset sizes

2: S ← LHS(T )
3: for (i = N, . . . ,M) do
4: Fit GPs model for accuracy and cost functions
5: (x, s)← NEXTCONFIG ()
6: (a, c)← Evaluate (x, s)
7: UPDATE(x, s, a, c)
8: Choose incumbent xinc based on the predicted

accuracy and cost at s = 1
9: end for

10: end function

Fabulinus extended the acquisition function proposed in
Fabolas to keep into account constraints. The new acquisition
function, called Constrained Entropy Search (ESC), selects the
configuration that maximizes the information gain per unit
cost about the optimum at s = 1 and the probability that
the predicted incumbent complies with the constraint but only
evaluates configurations on subsampled datasets. The ESC is
given by

ESC(x, s) = aF (x, s) · CEA(x, s). (9)

Roughly speaking, the CEA captures the likelihood that
the incumbent output by the model at the next exploration
step, i.e., after testing (x, s), will meet the constraints. Note
that the incumbent at the next iteration, differs, in general,
from the current incumbent, given that the knowledge of
the model will be updated with information on the cost and
accuracy of (x, s) (in case (x, s) is actually selected by the
acquisition function). Thus, using the current model to predict
the incumbent at the next step is likely to produce poor results.
We solve this problem by emulating the sampling of (x, s) via
the cost and accuracy models obtaining A(x, s) and C(x, s),
respectively. We then train a new model on a dataset composed
by the current dataset and the tuple (x, s,A(x, s), C(x, s)).
More precisely, denoting with xinc, the incumbent at the next
iteration, the CEA is defined by the product between the
predicted accuracy for xinc and the probability that the cost of
xinc satisfies the cost constraint, after having trained a model
over a dataset extended with (x, s,A(x, s), C(x, s)).

CEA(x, s) = A(xinc, s = 1|S ∪ (x, s, A(x, s), C(x, s)))

·P (C(xinc, s = 1|S ∪ (x, s, A(x, s), C(x, s))) ≤ Cmax)
(10)

VI. DATASETS

Three different ML jobs were deployed in the cloud in
order to gather the datasets to evaluate the proposed solutions.
The jobs are the distributed training of three different Neural
Networks (NNs), a Convolutional NN (CNN), a Multilayer
NN, and a Recurrent NN (RNN). Each job was run in Amazon
Web Services (AWS) EC2 for all possible configurations and
dataset sizes. The NNs were implemented, resorting to the
Tensorflow framework [1] in Python. The dataset used for
training the NNs is the MNIST database [6], which contains
70000 images of 28x28 pixels of handwritten digits, 60000
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images for training and 10000 images for testing. Supervised
methods were used to train the networks, i.e., the classification
process is learnt from input-output pairs. Each network was
trained with the full MNIST dataset and with four different
subsampled datasets. Two stopping conditions were defined to
bring the training of the NNs to an end: i) having observed
during the training process every instance of the dataset with
probability greater than α (which we set to 0.9), and ii) the
maximum training time is lower than Tmax (which we set
to 10 minutes). The first stop condition ensures that larger
subsampling rates will require longer runs while ensuring
”fair” conditions for learning independently (same probability
of observing an instance of the dataset) of the chosen subsam-
pling rate. The second stop condition serves the pragmatical
purpose of limiting the maximum latency and monetary cost
for collecting the datasets.

For each subsampled dataset, there are 288 possible con-
figurations. Therefore, each dataset for each network has a
total of 1440 configurations. Each configuration is composed
of a combination of cloud resources (in particular VMs’ flavor
(small, medium, xlarge, 2xlarge of the t2 family on AWS EC2)
and number of vCPUs (8, 16, 32, 48, 64, 80)) and internal
hyperparameters of NNs (learning rate (10−3, 10−4, 10−5),
batch size (16 or 256), and training mode (synchronous or
asynchronous)) and the percentage of dataset size used to train.
In order to use small datasets, it was sampled 1.67%, 10%,
25%, 50% of data from the full dataset, creating new datasets
with 1000 (s = 0.0167), 6000 (s = 0.1), 15000 (s = 0.25)
and 30000 (s = 0.5) images for training, respectively. When
the number of cores required in a configuration exceeds the
number of cores of a single VM of a given type, the job is
deployed in multiple VMs of the same type.

VII. NEPHELE EVALUATION

This section presents the experiments performed in order to
evaluate Nephele to evaluate the impact of subsampling on the
cost in production and the cost of the optimization process.
Firstly, it is detailed the baselines, metrics for comparing
Nephele, the implementation, and the selection of the inputs
and settings for running Nephele. In the end, it is performed
a study about the impact of subsampling in order to reduce
the cost in production and the exploration cost to find the
optimum.

A. Evaluation Setup

This section details and explains the selection of state-of-
the-art systems with similar optimization goals that aim to
optimize cloud resources and specific application parameters
with which Nephele is compared. Then, the metrics used to
evaluate and compare the systems are described.

1) Baselines for Comparison: Nephele is compared with
Lynceus [5] and CherryPick [2]. These two systems aim to
optimize the allocation of resources in the cloud in order to
minimize the deployment cost subject to user-defined QoS
constrains. Furthermore, Lynceus also tries to minimize the
cost of the exploration phase and incorporates a budget for
the exploration phase. CherryPick does not possess a Budget.
However, for a fairer comparison, CherryPick was extended to

incorporate a budget. Also, both systems use a percentage of
the search space for the initial sampling. Since Nephele uses an
initial budget for the initial sampling, Lynceus and CherryPick
were also implemented to use an initial budget for a fairer
comparison. These two systems do not use subsampling,
unlike Nephele. The three systems are also compared with
a Random selection of the next configuration to evaluate. To
evaluate the various systems fairly, we consider the same stop
condition: stop when the budget is over.

2) Evaluation Metrics.: To compare and evaluate Nephele
with the other two systems, the metric used is the Cost
normalized with respect to the optimum (CNO). The CNO
quantifies the quality of the incumbent and is given by the
deployment cost of a configuration x normalized to the cost
of the optimal configuration xopt, i.e.,

CNO(x) =
C(x)

C(xopt)
. (11)

B. System Implementation and Experimental Setup

This section details the system implementation and the
settings to run the experiments in order to evaluate Nephele.

1) System Implementation: Nephele was implemented in
Java. In order to build the accuracy and cost models, Nephele
uses an ensemble of decision trees. The ensemble was imple-
mented using the random tree algorithm of the Weka software
[8] that builds a decision tree, and each node selects a random
number of attributes. In order to determine the best number of
trees to generate the ensemble, it was done a preliminary study
of the impact in the optimization process of the size of the
ensemble was performed. Nephele, Lynceus, and CherryPick
were run for the three NNs using 5, 10, and 20 trees in
the ensemble. The results show that in most of the cases
evaluated using an ensemble of 5 decision trees can achieve
higher reductions of the exploration cost. Therefore, it was
implemented a random forest using an ensemble containing
5 decision trees. Nephele builds two ensembles to model the
cost and accuracy functions.

2) Experimental Setup: In order to construct the models
that represent the initial belief about the cost and the accuracy
functions, the LHS technique was used. Since the search
spaces and the objective functions are different when using
subsampling (∀s ∈ D) or not (s = 1), to ensure a fairer
comparison all the baselines are given the same initial budget
for the initial sampling. It is crucial to choose a good value for
the initial budget since there is a trade-off between spending
too much budget (or too few) and building a model that is
accurate enough (or too poor). Therefore, a preliminary study
was conducted to evaluate the influence of the initial budget in
the model predictions. Each NN was run in the three systems
using three different values for the initial budget. All these
results obtained are analyzed in detail in the thesis. Through
the analysis of the results, the initial budgets chose for training
a CNN, a RNN, and a Multilayer NN are $5, $2, and $1,
respectively.

In order to evaluate the overall system’s performance, the
budget B was set to a value that could allow the optimizers
to find the optimum. In this work, the accuracy constraint was
tuned for 85%, as in Casimiro et al. [5], and the time constraint
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Network
Type

No. of Feasible
Configurations

% of feasible
search space

∀s ∈ D s = 1 ∀s ∈ D s = 1

CNN 208 61 14.44% 21.18%
Multilayer 110 58 7,64% 20.14%

RNN 264 104 18.33% 36.1%
TABLE I

FEASIBLE CONFIGURATIONS

was set to 5 minutes. Parameter γ (Algorithm 3, Lines 19) was
set to 0.9 as proposed in Lam et al. [13]. In order to evaluate
the impact of subsampling, the depth horizon of the lookahead
was zero.

C. Impact of Subsampling on Cost in Production

This section studies the impact of subsampling on the cost
in production in order to answer to the following question:
can the use of subsampling reduce the cost in production, i.e.,
is it possible to identify configurations that satisfy the QoS
constraints and achieve a cost reduction?

Typically, by using the full dataset to train a neural network,
it is possible to obtain better accuracy values because there is
more data available. However, this may be more expensive
than training smaller datasets because there is more data
available that need to be observed in the training process.
However, if the accuracy constraint is too high, it is more
challenging to ensure a good enough performance by using
smaller datasets and it may be necessary to use the full dataset.
When the value of the accuracy constraint decreases, it is pos-
sible to use subsampled datasets and, therefore, it is possible
to reduce the cost. The percentage of feasible configurations
is registered in Table I with and without subsampling for the
defined constraints. Using subsampling datasets, the smaller
the feasible region is, the harder it is to find the optimum.

Comparing the feasible configurations using different
datasets sizes, it is concluded that the number of configurations
that respect the accuracy constraint increases with the dataset
size and the number of configurations that meets the time
constraint decreases with the dataset size. Using the Multilayer
and the RNN, the number of feasible configurations increases
with the size. However, using a CNN, the number of feasible
configurations does not present this monotonic behavior.

Through an analysis of the datasets, it is shown that, for
training a CNN, the optimal configuration that minimizes the
cost in production and complies with the constraints occurs
using a subsampled dataset corresponding to 10% of the full
dataset (s = 0.1). Furthermore, the additional cost to pay is
4.1 times higher when subsampling is not used and, through
the use of subsampling, it is possible to achieve a reduction in
the cost in production of 75.5%. The optimal configuration for
training a RNN that minimizes deployment cost and complies
with the constraints can be found in the subsampled dataset
(s = 0.25). Thus, it is possible to use subsampled datasets
to achieve cost reduction. When subsampling is not used,
the additional cost to pay is approximately 2.1 times higher,
and it is possible to reduce the cost in production by 52.3%.
Although, to train a Multilayer NN, there are feasible config-
urations using subsampled datasets, the optimal configuration
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Fig. 1. Cost of the optimization process to train a CNN

that minimizes the cost subject to the QoS constraints is in the
full dataset (s = 1). Therefore, in this case, it is not possible
to decrease the cost of production using subsampling for the
given optimization problem.

D. Impact of Subsampling on Cost of Optimization Process

This section analyzes the impact of using subsampling in
the exploration cost in order to evaluate if it is possible to use
subsampling to reduce the cost of the optimization process?
The search space created using small datasets is five times
bigger than using only the full dataset and, thus, is more
complex. The exploration phase might take more time or
require more explorations and, thus, there is a probability to be
more expensive. Nephele, Lynceus, CherryPick, and Random
Search were used to solve the optimization problem for the
three datasets in order to study the impact of subsampling on
the exploration cost.

1) CNN Dataset: Figure 1 shows the CNO as a function
of exploration cost for the training of a CNN using the
constraints previously defined. Through the analysis of this
figure, it is possible to see that for the same exploration cost,
Nephele can find better configurations with lower costs that
meet the QoS, spending less money and taking less time.
For example, to achieve a CNO equal to ten, Lynceus and
CherryPick spend 1.75 and 2.13 times more than Nephele.
Using the random selection of configurations to sample, the
cost of the incumbent is around ten times higher compared
with when Nephele finds the optimum. Therefore, through the
analysis of the obtained results, it is possible to conclude that
the cost of the optimization process for training a CNN can
be reduced through the use of subsampling. With the same
budget, Nephele always recommends better configurations
than Lynceus and CherryPick.

2) RNN Dataset: Figure 2 shows the CNO of the incumbent
configuration in each iteration over the cost of the optimization
process. CherryPick is always the worst to find the optimum
in the respective search space. During the entire optimization
process, Nephele is able to recommend better configurations
than the other optimizers. Lynceus spends 1.2 times more
than Nephele, and CherryPick spends 3.67 times more to
recommend a configuration with a CNO of 2. Hence, the use
of subsampling can reduce the cost of the optimization process
for training a RNN. In the best case, Nephele can recommend
configurations that have a deployment cost 3 and 3.5 times
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lower comparing with Lynceus and CherryPick, respectively.
When Nephele finds the optimal configuration, it can achieve
a reduction of 50% in the deployment cost.

3) Multilayer NN Dataset: Figure 3 depicts the evolution
of the optimization process over the exploration cost. To train
a Multilayer NN, the optimal configuration is found using the
full dataset, so it is not possible to use subsampling to decrease
the cost in production. Since the search space increases five
times, and it is much complex, Nephele consumes more money
and takes longer to find the optimum. This can be explained
by considering that the search space increases in size and
complexity, and the optimizer will require more time and
money to find the optimum. However, in the early phases of
the optimization process, where the spent budget is small (e.g.,
$2.5), Nephele can recommend better configurations than the
other two systems.

VIII. FABULINUS EVALUATION

This section describes the experiments performed to test
and evaluate the Fabulinus. Similarly to the previous section,
firstly, it is provided the baselines and the metrics used for
comparing Fabulinus and, then, the implementation details to
run Fabulinus. In the end, Fabulinus is evaluated in order to
understand the impact of subsampling to reduce the cost of
the optimization process. Then, in order to validate the new
acquisition function proposed, the ability of Fabulinus to find
the optimal configuration is evaluated.

A. Evaluation Setup

This section provides the baselines to compare Fabulinus.
Firstly, it defines the state-of-the-art systems with which

Fabulinus is compared and, then, presents the metric used to
evaluate and compare the systems.

1) Baselines for Comparison: Fabulinus extends the acqui-
sition function of proposed in Fabolas, called Entropy Search,
in order to incorporate constraints. This new acquisition func-
tion proposed in this work is called constrained Entropy Search
(EIC). Fabulinus is also compared to standard BO without
subsampling using the constrained Expected Improvement
(EIC) and the Expected Improvement (EI) as an acquisition
function. All these systems use BO to find the optimum, and
two GPs models are used to model both the cost and the
accuracy functions.

2) Evaluation Metrics: In order to evaluate Fabulinus, a
metric called constrained Accuracy AccuracyC , based on sim-
ilar approaches used in Lam et al. [13], is employed. At each
iteration, the constrained accuracy penalizes configurations
that do not meet the constraints.

AccuracyC(x, s) =

{
A(x, s) if x is feasible
0 otherwise.

(12)

Therefore, when a configuration is infeasible, its accuracy
value is penalized to zero in order to punish infeasible rec-
ommendations.

B. System Implementation and Experimental Setup

This section details the system implementation to evaluate
Fabulinus and the settings used to run the experiments.

1) System Implementation: Fabulinus was developed in
Python and extends the publicly available Fabolas implementa-
tion. GPs are used to model the accuracy and the cost functions
and are implemented using the Python library George. In order
to find the best hyperparameters of GPs, the Markov Chain
Monte Carlo (MCMC) algorithm is used through the EMCEE
package. The models use the logarithmic scale, as proposed
in Fabolas.

2) Experimental Setup: The initial models of accuracy
and cost are built using a number of configurations that
corresponds to 3% of the search space size, randomly selected,
as done in Casimiro et al. [5]. The stopping condition defined
for these experiments was the maximum number of iterations.
This value was set to 100 iterations. Since the computational
cost of Fabulinus and Fabolas is very high, each optimizer
was run ten times, as in Klein et al. [12]. The jobs deployed
were the training of three NNs, as described in Section VI.
Thus, different cost constraints were set for each NN. The cost
constraints are $0.1, $0.02 and $0.06 for training a CNN, a
RNN and a Multilayer NN, respectively. The feasible space is
represented in Table II. Although the feasible region is not very
small, only 23.96%, 14.58% and 8.68% of the configurations
to train a CNN, a RNN and a Multilayer are feasible and have
high accuracy, respectively.

C. Impact of Subsampling on Cost of Optimization Process

This section evaluates Fabulinus and its ability to find the
optimal configuration that maximizes the performance and
ensures the cost constraints for each job.
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Network
Type

Feasible
configurations

Configurations with high
accuracy that respect constraint

CNN 111 (38.54%) 69 (23.96%)
RNN 178 (61.8%) 42 (14.58%)

Multilayer 161 (55.8%) 25 (8.68%)
TABLE II

FEASIBLE CONFIGURATIONS GIVEN A COST CONSTRAINT
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Fig. 4. Cost of the optimization process to train a CNN

Fabulinus is compared with the Fabolas approach. Fabu-
linus extends the acquisition function of Fabolas in order to
incorporate constraints. The proposed system is also compared
with standard BO approaches using the EIC and the EI. Since
Fabolas and BO with EI do not take into account constraints,
it is expected that the metric used to evaluate the systems, i.e.,
the AccuracyC will be zero, and these two approaches will
recommend configurations that do not respect the constraint.
On the other hand, since Fabulinus and the standard BO
with EIC take into account constraints, it is expected that the
recommend configurations have an AccuracyC equals to the
value of the accuracy, i.e., the recommended configurations
meet the cost constraint.

1) CNN Dataset: Analyzing Figure 4, it is possible to
see that Fabulinus identifies solutions with a given value
of AccuracyC at a fraction of the time and cost required
by the other considered methods. Fabulinus can recommend
configurations that have high accuracy and ensures the cost
constraint, unlike Fabolas, that always outputs configurations
that do not respect the constraint. Therefore, the proposed
acquisition function used by Fabulinus (Equation 9) can select
configurations to evaluate that increase the knowledge about
the optimum and have a high probability to meet the constraint.
Fabulinus reduces the cost of the optimization process in
35,52%, 58.34%, and 88.24% comparing with Fabolas, BO
using EIC and EI, respectively.

Since the exploration time and cost are dependent, there
is a similar behavior for the exploration time. However, if the
overhead time necessary to compute the acquisition function is
analyzed, the optimization time, i.e., the exploration time plus
the overhead, is higher for Fabulinus. Fabulinus consumes 1.06
more time than BO using the EIC.

2) RNN Dataset: Next, the four optimizers were evaluated
for training a RNN. The results are shown in Figure 5.
Fabulinus and BO with EIC always recommend configurations
that have high accuracy and ensures the cost constraint,
unlike Fabolas that always outputs configurations that do not
respect the constraint. The incumbent configuration predicted
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Fig. 5. Cost of the optimization process to train a RNN
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Fig. 6. Cost of the optimization process to train a Multilayer NN

by Fabolas never respects the constraints. Fabulinus reduces
in 40%, 80% and 79.7% the optimization cost comparing with
Fabolas, BO using EIC and EI. When the overhead is taken
into account, the time that Fabulinus spends to recommend
good configurations is 4.71, 6.46, and 12.4 times higher than
the optimization time taken by Fabolas, BO with EIC and EI,
respectively.

3) Multilayer NN Dataset: Figure 6 presents the evolution
of the AccuracyC for each optimizer. During the optimization
process, there is a configuration recommended by Fabulinus
that does not meet the constraint. Fabulinus only predicts
the cost and accuracy of the incumbent and never runs it.
Therefore, there will always have some uncertainty about the
real performance and cost of the incumbent. However, in
general, Fabulinus can recommend configurations that have
high accuracy and complies with the constraint.

For training a Multilayer NN, Fabulinus can also reduce
the cost of the optimization process by 32.26%, 83.93%,
and 86.6% comparing with Fabolas, BO with EIC and EI,
respectively.

Fabolas and BO using EI present a large number of rec-
ommendations that do not meet the constraint, as expected.
Accounting the entire optimization time (i.e., exploration time
plus overhead), Fabulinus spends 2.52 more time than Fabolas,
1.69 more time than BO with EIC and 2.79% more time than
BO with EI.

IX. CONCLUSIONS AND FUTURE WORK

This thesis propose two systems, Nephele and Fabulinus,
that leverage subsampling techniques to optimize the training
of machine learning models in the cloud.

Nephele aims at finding the best configuration that mini-
mizes the training cost subject to user-defined constraints on
accuracy, time budget for the optimization phase. It exploits
subsampling in order to reduce the training cost by adjusting
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the size of the dataset to trade-off, in a controlled way, the
accuracy of the resulting models and the cost of the training
process. The results show that using subsampling, it is possible
to reduce the cost by up to 75% comparing to state of the
art approaches, if one accepts an accuracy threshold of 85%.
Further, despite the inclusion of the subsampling rate in the
configuration space leads to an increase of the problem’s
dimensionality, the cost of Nephele’ optimization process is
comparable to, and often even lower than, that of equivalent
BO-based methods that do not include sub-sampling in their
configuration space.

The other proposed system, called Fabulinus, aims to find
the configuration on the full dataset that maximizes the accu-
racy of ML jobs subject to a user-defined constraint on cost (or
time), while evaluating configurations using only subsampled
datasets, which are usually cheaper and faster. The key novel
contribution of Fabulinus is a new acquisition function, which
selects the configuration and dataset size to test by keeping into
account two factors: i) maximizing information on the loss-
minimizing configuration on the full dataset per unit cost spent
testing configurations, using recently proposed techniques in
the transfer learning literature; ii) maximizing the likelihood
that the cost constraint will be met by the recommended
configuration, using the full data set, based solely on infor-
mation gathered by using subsampled datasets. We show that
Fabulinus can reduce the optimization cost by a factor up to
6.6× when compared to classic BO-techniques that do not use
sub-sampling, while effectively enforcing the specified cost
constraints, unlike recent state-of-the-art techniques that use
sub-sampling.

This work has opened a number of research question that
would be interesting to address in future work:
• As for future research directions, Nephele can be incorpo-

rated with the Hyperband method in order to identify and
drop under-performed configurations in the early phases
of optimization. This way, it may be possible to reduce
the dependency of the model.

• Fabulinus could be extended to incorporate a budget for
exploration as Nephele. Also, it would be interesting to
integrate lookahead techniques in Fabulinus. The main
challenge to pursue this goal is that the complexity to
compute the acquisition function will increase signifi-
cantly. This is problematic and may be not feasible in
practice since Fabulinus has already large computational
demands. A possibility might be to use other recently
proposed approximations, e.g., [10], to speed up the
computation of the acquisition function.

• The acquisition function proposed in Fabulinus, the con-
strained Entropy Search (EIC), may be modified in order
to test alternative variants of this acquisition function.
This is something that was not possible to test during this
dissertation given the large amount of time needed to run
statically meaningful tests with Fabulinus. For example, it
would be interesting to test a variant of EIC that simply
multiplies the Entropy Search by the probability that a
constraint is met without including in the dataset the
predictions of the model in its current state. Such a test
would allow to prove experimentally the relevance of this

specific design choice of Fabulinus.
• Finally, it may be possible to extend the proposed systems

in order to use other measurements like CPU usage,
memory availability, or network monitoring to increase
the quality of model predictions.
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