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Abstract

The number of Internet of Things devices generating data streams is expected

to grow exponentially with the support of emergent technologies such as 5G

networks. The online processing of these data streams therefore requires the

design and development of suitable machine learning algorithms, able to learn

online, as data is generated. Like their batch-learning counterparts, stream-

based learning algorithms require careful hyperparameter settings. However,

this problem is exacerbated in online learning settings, especially with the oc-

currence of concept drifts, that frequently require the reconfiguration of hyper-

parameters. In this article, we present SSPT, an extension of the Self Parameter

Tuning (SPT) optimisation algorithm for data streams. We apply the Nelder-

Mead algorithm to dynamically-sized samples, converging to optimal settings in

a single-pass over data, while using a relatively small number of hyperparameter

configurations. In addition, our proposal automatically readjusts hyperparame-

ters when concept drift occurs. To assess the effectiveness of SSPT, the algorithm

is evaluated with three different machine learning problems: recommendation,

regression, and classification. Experiments with well-known data sets show that

the proposed algorithm can outperform previous hyperparameter tuning efforts

by human experts. Results show that SSPT converges significantly faster and
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presents at least similar accuracy when compared with the previous double-pass

version of the SPT algorithm.
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1. Introduction

The ongoing evolution of mobile communication network technology will sup-

port the dissemination of Internet of Things devices, that generate data streams

at potentially high rates, across multiple application domains, such as automa-

tion, manufacturing, healthcare or surveillance. With this continuous growth5

of data generation, practitioners need to apply machine learning algorithms to

extract meaningful knowledge. However, the application of machine learning

algorithms, in real-time, to data streams is far from trivial. Maximising the

algorithm performance still mostly relies on the expertise and time-consuming

efforts of data scientists, typically involving several trial-and-error rounds. The10

progressive automation of machine learning (AutoML) promises to alleviate this

burden with automation. One of the most important – and time-consuming –

steps is the tuning of hyperparameters.

Hyperparameter optimisation is studied since the 80s with the help of op-

timisation algorithms based on grid-search [1], random-search [2] and gradient15

descent [3]. Optimisation algorithms can be gradient-based, e.g., gradient de-

scent, or gradient-free, e.g., Nelder-Mead [4]. The main limitation of approaches

available in the literature is that they require offline processing, with train and

validation stages, making them applicable to batch learning problems, but not

in streaming scenarios. Moreover, in online supervised learning scenarios, the20

relation between the input data and the target variable frequently changes over

time, giving rise to the so-called concept drift [5]. The main issue with con-

cept drifts is that they eventually make existing hyperparameter configurations

obsolete [6]. We argue that the optimisation of hyperparameters in algorithms

that learn from data streams requires a specialised AutoML approach.25
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This is the case of the hyperparameter Self-Tuning algorithm for Data Streams

(SPT) we proposed in [7, 8]. SPT performs a double-pass direct-search to find

optimal solutions in a configuration space. Specifically, it applies the Nelder-

Mead algorithm to dynamically-sized windows over a data stream, continuously

searching for optimal hyperparameter configurations.30

The main contribution of this work is the refinement of the SPT algorithm.

The new version of SPT is a single-pass algorithm (SSPT), capable of optimising

multiple continuous or discrete hyperparameters. This proposal is not only

applicable to recommendation, regression, and classification problems, but also

is, to the best of our knowledge, the only one which effectively works with data35

streams and reacts to concept drifts in near real-time.

The novel aspects of this work are: (i) the systematic literature review on

AutoML; (ii) the single-pass data exploration mode; and (iii) an extended eval-

uation using three different machine learning tasks (recommendation, regression

and classification).40

The document is organised in five sections. Section 2 describes a systematic

literature review on automatic machine learning. Section 3 presents the SSPT

version for the identified problem. Section 4 details the experiments and dis-

cusses the results. Finally, Section 5 draws the conclusions and suggests future

developments.45

2. Related Work

While Auto Machine Learning (AutoML) has been explored for decades for

algorithm selection [9], contributions in the literature related to hyperparameter

tuning are much more recent. Two surveys on the topic were published regard-

ing solutions and open challenges [10, 11]. Our literature search was focused50

on offline hyperparameter optimisation, Nelder-Mead-based optimisation, on-

line hyperparameter tuning, and AutoML tools which include hyperparameter

optimisation.

In terms of hyperparameter optimisation algorithms, we identified the con-
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tributions of [12–17]. Kohavi and John [12] describe a method to automatically55

select a hyperparameter. This method relies on the minimisation of the es-

timated error and applies a grid search algorithm to find local minima. The

problem of this solution is that it has exponential complexity, i.e., with the in-

crease of the number of parameters or the resolution of the search, the number

of required function assessments grows exponentially. Shaker and Lughofer [13]60

rely on a concept drift detector based on the Page-Hinkley test to adjust the

hyperparameters. This detector measures the magnitude and duration of the

drift. With this information, the algorithm adjusts the forgetting parameters

to counterbalance the change of direction on the error metric. Nonetheless,

this approach requires an initial optimisation step. Finn et al. [14] propose a65

fine-tuning mechanism for the gradient descent algorithm which is applied peri-

odically to fixed-size data samples. Li et al. [15] extend the Successive Halving

multi-armed bandit algorithm [18] to continuously reduce the number of con-

figuration candidates, by focusing on the most promising ones. The extended

algorithm – Hyperband – regularly adjusts the trade-off between the available70

computational budget and the number of candidates. Nichol et al. [16] propose

a scalable meta-learning algorithm which learns a parameter initialisation for

future tasks. The proposed algorithm tunes the parameter by repeatedly using

Stochastic Gradient Descent (SGD) on the training task. The above proposals

are computationally expensive and/or require manual parameter tuning to some75

extent.

There are several works that rely on the Nelder-Mead algorithm for optimi-

sation [19–22]. Koenigstein et al. [19] adopt the Nelder-Mead direct search to

optimise more than twenty hyperparameters. Kar et al. [20] apply an exponen-

tially decaying centrifugal force to all vertices of the Nelder-Mead algorithm to80

obtain better objective values. However, this process requires more iterations

to converge to a local minimum. Fernandes et al. [21] propose a method to es-

timate the parameters and the initialisation of a CANDECOMP / PARAFAC

tensor decomposition for link prediction. The authors adopt Nelder-Mead to

identify the optimal hyperparameter initialisation. Pfaffe et al. [22] present85
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an online auto tuning algorithm for string matching algorithms. It uses the

e-greedy policy, a well-known reinforcement learning technique, to select the

algorithm to be used in each iteration and adopts Nelder-Mead to tune the

parameters until a pre-defined user criterion is met, e.g., number of tuning iter-

ations. These optimisation solutions illustrate the applicability of Nelder-Mead90

to different Machine Learning Tasks. However, they all adopt batch processing,

which is not applicable to the stream-based scenario.

In terms of online hyperparameter tuning algorithms, there are few works

[17, 23–26] that use support vector machines together with batch processing,

gradient solutions combined with brute force or genetic algorithms to opti-95

mise hyperparameters. Lawal and Abdulkarim [23] introduce an incremental

learning-model selection method for data stream batches. It relies on incre-

mental k-fold cross-validation to perform the incremental tuning of the support

vector machine hyperparameters. Zhan et al. [24] adopt an online projected

hyper-gradient descent algorithm. The algorithm computes the hyperparame-100

ter gradients on the fly whenever a new datum is observed and, then, updates

smoothly the hyperparameters with the average of the past and current hyper-

gradients. Minku [25] proposed an online hyperparameter tuning method that

maintains a number of model instances created from different subsets. The

method applies computational brute force to find the model instance with the105

smallest validation error. Zhou et al. [26] use a set of parallel configurations

to adjust the hyperparameters. The authors use genetic algorithms and apply

a set of four operators (elitism, preservation, recombination and mutation) to

the available configurations to adapt the hyperparameters. These operators are

applied periodically (n steps). Lin et al. [17] propose a forward hyper-gradient110

optimisation method that uses the gradient of the response of a function to

adjust the hyperparameters [27]. This optimisation method trains the hyperpa-

rameters and the network weights simultaneously.

Regarding existing AutoML tools, we focus on those that support multiple

machine learning tasks, automatically select algorithms and optimise hyperpa-115

rameters. According to Elshawi et al. [11], AutoML tools can be grouped by
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the type of: (i) underlying machine learning library, e.g., scikit-learn [28–31]

or Weka [32, 33]; (ii) optimisation technique, e.g., Bayesian optimisation [28–

30], genetic algorithms [31] and neural networks [33]; and (iii) machine learning

task, e.g., classification and regression [28–33]. Hyperopt is a python library de-120

veloped for hyperparameter optimisation [28]. Internally, it adopts a Bayesian

optimiser and uses cross-validation to guide the search. Although it can be

used together with scikit-learn to optimise models, it does not support data

streams. Thornton et al. [29] present a framework for classification problems

called Auto-Weka, which performs hyperparameter tuning using a Bayesian op-125

timiser together with cross-validation. More recently, AutoWeka 2.0 includes

both regression and classification algorithms [30]. Feurer and Hutter [32] pro-

pose an extension to Auto-Weka called Auto-SkLearn. When compared with

Auto-Weka, Auto-SkLearn takes into account the performance of similar data

sets, making it more data-efficient. The H2O AutoML module is part of the130

H2O open-source distributed machine learning platform. This module allows

the automatic training and tuning of classification and regression models within

a user-specified time-limit [34]. Specifically, it performs a fast random search

in combination with automated stacked ensembles, using random forests, gra-

dient boosting machines, deep neural nets, or generalised linear models [35].135

Olson and Moore [31] suggest a tree-based pipeline optimisation tool called

TPOT. This system combines genetic programming with Pareto optimisation

to tune a classification algorithm on top of scikit-learn [36]. Mendoza et al.

[33] present another Auto-Weka extension, called Auto-Net which uses neural

networks to explore optimal hyperparameter solutions. Table 1 summarises the140

comparison of the referred AutoML tools based on processing mode (batch or

stream processing), machine learning (ML) task (recommendation, regression

or classification) and ability to use concept drifts to trigger the readjustment

of hyperparameters. Contrary to our proposal, these AutoML tools use batch

processing for hyperparameter optimisation, do not support recommendation145

nor readjust hyperparameters whenever concept drifts occur. Although existing

meta-learning-based methods like V. Naumova et al. [37] can be used for online
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Table 1: Comparison of AutoML Tools.

Tool
Processing ML Task

Concept Drift

Batch Stream Recom. Regre. Class.

Auto-Net X X X

Auto-Sklearn X X X

Auto-Weka X X X

H2O AutoML X X X

Hyperopt X X X

TPOT X X X X

Our Requirements X X X X X

data processing, they are trained offline (in batch learning), meaning that they

do not perform online hyperparameter optimisation. Our approach transforms

the Nelder-Mead heuristic optimisation algorithm into a stream-based optimi-150

sation algorithm. This new implementation only requires a single-pass over

the data to optimise the set of parameters, making it more versatile and less

computationally expensive.

3. Hyperparameter Self-Tuning for Data Streams

Hyperparameters are used to tune certain aspects of an algorithm that have155

direct impact on its performance, depending on the data it learns from [38].

The problem with the automation of the hyperparameter tuning process

can be stated as follows: given a machine learning algorithm A with a default

hyperparameter configuration c, represented by Ac, and a data stream S, the

goal is to find an optimal algorithm configuration A∗c where A∗c yields higher160

performance score than Ac. The optimised technique can be defined as A∗c ∈

argminL(Ac, S), where L(Ac, S) is the loss function of algorithm A applied to

data stream S.

This article presents a Single-pass Self Parameter Tuning (SSPT) algorithm,

which is a refined version of the Double-pass SPT (DSPT) algorithm, designed to165

optimise a set of hyperparameters in large search spaces. Both SSPT and DSPT

versions modify the Nelder-Mead method [4] to work with data streams and
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adopt a heuristics-based direct-search algorithm to select the best hyperparam-

eters. The difference between SSPT and DSPT is that SSPT has the advantage of

processing the data stream in single-pass. In both versions, the time complex-170

ity of the Nelder-Mead algorithm grows linearly with the number of hyperpa-

rameters. The overall complexity of the system is typically dominated by the

underlying learning algorithm.

Figure 1 presents the two operation phases of all SPT versions: (i) explo-

ration, where the goal is to seek convergence to a local minimum by exploring175

the multiple candidate models created by the Nelder-Mead operators; and (ii)

deployment, where the algorithm uses the best learning model obtained in the

exploration stage, continuously updating and monitoring it for the occurrence

of concept drifts. The detection of a concept drift triggers a new exploration

phase.180

Figure 1: SPT Operation.

3.1. Exploration

To find a solution for n hyperparameters, Nelder-Mead creates a simplex

with n + 1 learning models, each corresponding to a distinct hyperparameter

configuration. In addition to these, we launch seven experimental models to

enable comparisons and transitions in the four possible operations in the Nelder-185

Mead algorithm, as described in the following paragraphs. Exploration starts by

randomly selecting the n+1 configurations of the learning models. SPT updates

the learning and experimental models incrementally with each example in the

data stream until the learning models converge to an optimal configuration.
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Models can be trained in parallel to speed up the execution. This algorithm190

is a gradient-free simplex search algorithm for multidimensional unconstrained

optimisation. The vertices of the simplex, that define the convex hull of the

initial search space, are iteratively updated, discarding the vertex associated

with the largest cost function value at each iteration. During exploration, the

variance of the error of the learning models is used to dynamically define the195

sample size. Formally, the dynamic sample size Ssize is given by Equation (1),

where σ represents the error standard deviation and C the confidence level. SPT

uses a confidence level C = 95 %. The size of the sample increases when the

variance of the error grows, and decreases otherwise, down to a lower bound of

30 samples, to avoid using small-sized samples.200

Ssize =
16σ2

C2
(1)

Figure 2 illustrates the exploration stage. The vertical lines represent the bound-

aries of the dynamically-sized samples. Whenever the sample size changes, the

Figure 2: Exploration.

worst learning model is replaced by a copy of the best experimental model.

Then, seven new experimental models are created, with hyperparameter config-

urations given by the Nelder-Mead algorithm, as detailed below.205

The Nelder-Mead algorithm relies on four simple operations: reflection, ex-
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pansion, contraction and shrinkage (Figure 3). The vertices are ordered by the

(a) Reflection. (b) Expansion.

(c) Contraction. (d) Shrinkage.

Figure 3: Nelder-Mead Operators. Reflection - We choose a test point R that is obtained by

reflecting the triangle B,G,W ; Expansion - We extend the line segment through M and R to

the point E. This forms an expanded triangle B,G,E; Contraction - The function is smaller

at midpoint M , but to keep the triangle shape we cannot replace W with M . Consider two

midpoints C1 and C2 of the line segments WM and MR; Shrinkage - The function value at

C is not less than the value at W , the points G and W must be shrunk toward B resulting

in points S1 and S2.

evaluation metric value: best (B), good (G), which is the second best vertex,

and worst (W ) [39]. For each Nelder-Mead operation, it is necessary to com-

pute an additional set of vertices – midpoint (M), reflection (R), expansion (E),210

contraction (C1 and C2) and shrinkage (S1 and S2) – and verify if the calcu-

lated vertices belong to the search space. These operations are implemented by

Algorithm 1.

In the case of reflection (R) or expansion (E), the algorithm computes the

midpoint (M) of the best face of the shape as well as the reflection point (R).215

After this initial step, it determines whether to reflect or expand based on the
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Algorithm 1: SSPT: Contraction, Expansion, Reflection and Shrink-

age.
input: B; G; W ; E; C1; C2; M ; R; S1; S2

begin

if f(R) < f(G) then

if f(B) < f(R) then

W = R

else

if f(E) < f(B) then

W = E /* Replace the Worst model by the Expansion model. */

else

W = R /* Replace the Worst model by the Reflection model. */

else

if f(R) < f(W ) then

W = R

/* Replace the Worst model by the Reflection model. */

S = S1

C = C1

else

S = S2

C = C2

if f(C) < f(W ) then

W = C /* Replace the Worst model by the Contraction model. */

else

if f(S) < f(W ) then

W = S /* Replace the Worst model by the Shrinkage model. */

if f(M) < f(G) then

G = M /* Replace the Good model by the Midpoint model. */

M = (B + G)/2

R = 2M −W

E = 2R−M

C1 = (R + M)/2

C2 = (W + M)/2

S = (B + W )/2

/* All configurations are evaluated in parallel, using the next data sample. */

set of predetermined heuristics. In the case of contraction (C) or shrinkage (S),

it calculates two points. The two contraction points (C1, C2), located on both

faces of the shape, are C1, which corresponds to the midpoint between M and R
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vertices, and C2, that corresponds to the midpoint betweenM andW . Similarly,220

the two shrinkage points (S1, S2), located on the two faces of the shape, are

S1, the midpoint between B and R vertices, and S2, the midpoint between B

and W vertices. Then, the algorithm decides whether to contract or to shrink

based on the predetermined set of heuristics. This process is repeated during

exploration until the best, good and worst learning models (B, G, W ) converge225

to a sphere with a radius equal to the highest hyperparameter incremental

step. The radius of the convergence sphere follows Jung’s theorem [40], which

formulates d = maxp,q∈K |
√∑N

i=1(pi − qi)2| where p and q are points containing

N euclidean dimensions and K ⊂ Rn is the largest Euclidean distance between

any pair p and q. Jung’s theorem states that there exists a sphere with radius230

r ≤ d
√

n
2(n+1) containing K.

Algorithm 1 details the pseudo-code of the new single-pass SPT (SSPT). Like

the previous double-pass SPT (DSPT), it creates n+1 learning models plus seven

experimental models, using shallow copies of the best model B, and applies the

Nelder-Mead operators. The main difference between SSPT and DSPT is that235

the first uses the current data window to determine the possible Nelder-Mead

configurations and then assesses them using the next data window, whereas

the latter uses the current data window to determine and evaluate the possible

Nelder-Mead configurations with a double pass. The pseudocode of DSPT is

available in Appendix A (Algorithm 2), for reference.240

3.2. Deployment

During the deployment stage, SPT is an event-driven algorithm that contin-

uously updates the current learning model, monitors the error and reacts to

concept drift. In this work, concept drifts are detected with the Drift Detection

Method (DDM) proposed by Gama et al. [41]. Whenever DDM detects a con-245

cept drift, SPT triggers a new exploration phase to adjust the hyperparameters

according to new data.
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4. Experiments and Results

This section describes the experiments, including the learning tasks, base

algorithms, data sets, and adopted evaluation metrics. The experiments were250

run on an Intel Xeon CPU E5-2680 2.40 GHz Central Processing Unit (CPU),

32 GB DDR3 Random Access Memory (RAM) and 1 TB hard drive, running the

Linux Ubuntu 16.04 OS. All algorithms were implemented in the Massive Online

Analysis (MOA) framework [42]. MOA is an open-source framework for the

development and execution of machine learning and data mining experiments255

on evolving data streams.

The research questions we address are:

1. Which variant of SPT obtains better results?

2. How does SPT compare against other hyperparameter tuning methods?

3. How does SPT react to drift?260

Since SPT is a wrapper around a learning algorithm, it can be used in different

learning tasks. In this work, we evaluate SPT on three stream-based learning

tasks: Recommendation, Regression and Classification. SPT is, as far as we

know, the first online hyperparameter tuning algorithm for data stream learning.

4.1. Learning Tasks and Learning Algorithms265

SPT searches for the best hyperparameter configuration of the base learner,

given a data set. Table 2 describes, for each task, which base learner we use and

what hyperparameters SPT is tuning. We compare SPT against its natural com-

petitors: default, random search and grid search parameter optimisation. These

offline techniques rely either on handcrafting by experts (default) or brute force270

algorithms (random and grid search) for hyperparameter optimisation. Table 2

presents parameter initialisation values for the default and grid configurations.

In the case of the recommendation algorithm, the default hyperparameter

initialisation was 0.164 for the learning rate and 0.001 for the regularisation275

parameters. These values are typically the result of an offline optimisation
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Table 2: Algorithms – Hyperparameter Initialisation.

Task Algorithm Parameter Default
Grid

Start End Increment

Recommendation BRISMF1
Learning rate 0.164 0.1 1.0 0.1

Regularisation 0.001 0.1 1.0 0.1

Regression AMRules2
Split confidence 0.001 0.001 0.01 0.001

Tie Threshold 0.05 0.01 0.1 0.01

Classification VFDT3
Grace Period 200 50 450 40

Tie Threshold 0.05 0.01 0.1 0.01

1 Biased Regularised Incremental Simultaneous Matrix Factorisation (BRISMF) [43]

2 Adaptive Model Rules (AMRules) [44]

3 Very Fast Decision Trees (VFDT) [45]

performed by experts. For the regression algorithm, the default initialisation

was 0.001 for the split confidence, 0.05 for the tie threshold. In the classification

task, the values were 200 for the grace period and 0.05 for the tie threshold.

Grid search uses different incremental steps for each ML task: recommen-280

dation – learning rate and regularisation hyperparameter have increments of

0.0333; regression – split confidence and tie threshold have increments of 0.000 333

and 0.0033, respectively; and classification – grace period has increments of 150

and tie threshold 0.003 33.

Random search, grid search and SPT explore ten hyperparameter configura-285

tions. Then, average performance, memory and run-time are analysed. Due to

memory limitations, random and grid search were run sequentially, rather than

in parallel, in our experiments.

4.2. Evaluation Protocol

The evaluation protocol defines the data ordering, partitions and distribu-290

tion. The proposed method was assessed with the predictive sequential (pre-

quential) evaluation protocol for data streams [46].

The goal of the recommendation experiments is to optimise the learning

rate and regularisation hyperparameters. These experiments were performed by
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defining new recommendation tasks in MOA. The recommendation algorithm295

is the BRISMF algorithm proposed by Takacs et al. [43].

The goal of the regression experiments is to optimise the split confidence and

tie-threshold hyperparameters. These experiments were performed by defining

new regression tasks in MOA. These tasks use the AMRules regression algorithm

of Duarte et al. [47].300

The goal of the classification experiments is to optimise the grace period

and tie-threshold hyperparameters. The experiments were performed by defin-

ing new classification tasks in MOA. These tasks use the VFDT classification

algorithm proposed by Domingos et al. [45].

The evaluation metrics adopted to tune the algorithms were the Root Mean305

Squared Error (RMSE) for recommendation and regression tasks and the 0 −

1 loss function (error-rate) for classification. Experiments were repeated 10

times and the results were used to calculate the average performance critical

distance as well as the average run-time and memory consumption. The memory

consumption was measured using a Java Agent – sizeofag1 used by MOA.310

4.3. Data Sets

For each of the three learning tasks, we selected six publicly available bench-

mark data sets, large enough to be processed as a stream. Table 3 summarises

the data sets used in the three tasks.

In the recommendation experiments we use CiaoDVD, FilmTrust, Good-315

Books, Jester, MovieLens 100k (ML100k) and MovieLens 1M (ML1M). For the

regression experiments, we chose 2DPlanes, Ailerons, Fried, Sgemm, Transcod-

ing, and YearPredictionMSD. Finally, the data sets used in the classification

task are Agrawal, Bank Marketing, Electricity, Postures, SEA and Tweet500.

The contents of these data sets is detailed in Appendix B.320

1github.com/fracpete/sizeofag
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Table 3: Data Sets Used in the Experimental Section.

TASK: Recommendation

Data set Users Items Ratings Sparsity (%)

CiaoDVD 17 615 16 121 72 665 99.9

FilmTrust 1508 2071 35 497 98.9

GoodBooks 53 424 10 000 961 756 99.8

Jester 73 421 100 4 100 000 44.2

ML100k 943 1682 100 000 93.7

ML1M 3706 6040 1 000 209 95.5

TASK: Regression

Data set Instances Attributes

2DPlanes 40 768 11

Ailerons 13 750 41

Fried 40 768 11

Sgemm 241 600 18

Transcoding 168 286 11

YearPredictionMSD 515 345 90

TASK: Classification

Data set Instances Attributes Classes

Agra 1 000 000 9 2

Bank 45 211 17 2

Electricity 45 312 8 2

Postures 78 095 38 5

SEA 60 000 3 4

Tweet500 1 000 000 500 2

4.4. Learning Goals

We use different base learners for the different learning tasks. The algo-

rithm used for the recommendation task, is the biased regularised incremental

simultaneous matrix factorisation (BRISMF) algorithm [43]. The goal of the

recommendation experiments is to optimise the learning rate and the regulari-325

sation hyperparameters.

The base regression algorithm is the Adaptive Model Rules (AMRules) [47].

The goal of the regression experiments is to optimise the split confidence and

the tie-threshold hyperparameters.
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The base learning algorithm for classification is the Very Fast Decision Tree330

(VFDT) algorithm [45]. The goal of the classification experiments is to optimise

the grace period and the tie-threshold hyperparameters.

4.5. Which Variant of SPT Performs Better?

In this subsection we compare the behavior of different variants of SPT. The

Double-pass SPT (DSPT) was first discussed in [7]. The Single-pass SPT (SSPT),335

and Warm Start Single-pass SPT (WSSPT) are original contributions of this paper.

At start-up, the three SPT versions create three identical learning models.

DSPT and SSPT initialise the hyperparameters of the three models with random

values (random start), while WSSPT initialises the hyperparameters of two models

randomly and the third model with the default initialisation values (warm start).340

Table 4 presents, for the different learning tasks, performance results of the

three variants of SPT in comparison with the default configuration of the base

learner. We present the average accuracy per data set, as well as the overall

average across data sets of accuracy, rank, memory usage and run-time for the

different variants.345

4.5.1. Discussion

Considering the time required to converge to a local optimal solution and the

accuracy, our results show that SSPT is generally better than DSPT. Moreover,

the influence of the warm start becomes clear when comparing the random start

SSPT and warm start WSSPT results. Regardless of the version, SPT uses obviously350

more memory than the default algorithm, since it requires enough memory to

hold ten (three learning and seven experimental) models during exploration2.

Although the default parameter configuration presents higher accuracy than

random start SPT versions in regression and classification, it is unable to react to

concept drift and relies on the availability, expertise and time of data scientists355

for optimisation, making it inappropriate for data streams.

2This means that, in the case of SPT versions, it is possible to optimise memory usage

during deployment by freeing the memory occupied by all but the best learning model.
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Table 4: Comparison Between SPT Variants.

TASK: Recommendation

Data set Default DSPT SSPT WSPT

CiaoDVD 0.224±0.000 0.220±0.002 0.224±0.006 0.222±0.004

FilmTrust 0.233±0.001 0.218±0.028 0.186±0.011 0.187±0.006

GoodBooks 0.193±0.001 0.189±0.001 0.190±0.003 0.189±0.001

Jester 0.288±0.002 0.231±0.005 0.234±0.002 0.241±0.014

ML100k 0.205±0.001 0.178±0.007 0.174±0.005 0.179±0.004

ML1M 0.200±0.000 0.196±0.002 0.197±0.006 0.196±0.001

Avg. Performance 0.224 0.205 0.201 0.202

Avg. Rank 3.83 1.50 2.17 2.00

Avg. Time 1.000 1.515 1.157 1.439

Avg. Memory 1.000 2.995 2.995 2.994

TASK: Regression

Data set Default DSPT SSPT WSPT

2DPlanes 1.276±0.000 1.429±0.093 1.309±0.032 1.366±0.103

Ailerons 0.173±0.000 0.194±0.019 0.207±0.010 0.200±0.037

Fried 2.316±0.000 2.307±0.067 2.330±0.101 2.376±0.151

Sgemm 0.842±0.000 2.778±3.822 5.664±4.569 4.317±3.187

Transcoding 17.452±0.000 18.108±8.623 21.722±10.978 12.816±0.000

YearPredMSD 15.117±0.000 15.900±0.383 15.999±0.365 16.051±0.574

Geometric Mean 2.201 2.828 3.279 2.885

Avg. Performance 6.196 6.786 7.872 6.188

Avg. Rank 1.33 2.33 3.33 3.00

Avg. Time 1.000 2.343 2.302 9.305

Avg. Memory 1.000 1.768 1.857 2.318

TASK: Classification

Data set Default DSPT SSPT WSPT

Agra 0.122±0.000 0.324±0.113 0.160±0.067 0.161±0.049

Bank 0.285±0.000 0.334±0.077 0.280±0.037 0.276±0.032

Electricity 0.271±0.000 0.186±0.041 0.139±0.042 0.125±0.027

Postures 0.252±0.000 0.478±0.456 0.694±0.366 0.448±0.359

SEA 0.131±0.000 0.217±0.046 0.132±0.042 0.125±0.005

Tweet500 0.101±0.000 0.116±0.017 0.109±0.015 0.113±0.020

Avg. Performance 0.194 0.276 0.252 0.208

Avg. Rank 2.00 3.67 2.50 1.83

Avg. Time 1.000 226.191 3.214 3.368

Avg. Memory 1.000 23.901 5.579 6.588
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4.6. How Does SPT Compare Against Other Hyperparameter Tuning Methods?

Table 5: Comparison Against Competing Techniques.

TASK: Recommendation

Data set Default Grid Random WSPT

CiaoDVD 0.224±0.000 0.378±0.069 0.305±0.056 0.222±0.004

FilmTrust 0.233±0.001 0.334±0.068 0.249±0.074 0.187±0.006

GoodBooks 0.193±0.001 0.425±0.086 0.330±0.096 0.189±0.001

Jester 0.288±0.002 0.391±0.076 0.320±0.056 0.241±0.014

ML100k 0.205±0.001 0.405±0.084 0.280±0.113 0.179±0.004

ML1M 0.200±0.000 0.403±0.079 0.196±0.074 0.196±0.001

Avg. Performance 0.224 0.389 0.297 0.202

Avg. Rank 2.00 4.00 3.00 1.00

Avg. Time 1.000 12.498 12.639 1.439

Avg. Memory 1.000 10.000 10.000 2.994

TASK: Regression

Data set Default Grid Random WSPT

2DPlanes 1.276±0.000 1.390±0.000 1.372±0.057 1.366±0.103

Ailerons 0.173±0.000 0.175±0.000 0.175±0.000 0.200±0.037

Fried 2.316±0.000 2.231±0.000 2.231±0.000 2.376±0.151

Sgemm 0.842±0.000 1.219±0.000 1.668±1.419 4.317±3.187

Transcoding 17.452±0.000 15.195±0.000 15.053±0.449 12.816±0.000

YearPredMSD 15.117±0.000 16.438±0.000 16.438±0.000 16.051±0.574

Geometric Mean 2.201 2.343 2.459 2.885

Avg. Performance 6.196 6.108 6.156 6.188

Avg. Rank 1.83 2.50 2.33 2.83

Avg. Time 1.000 12.217 11.704 9.305

Avg. Memory 1.000 15.809 15.752 2.318

TASK: Classification

Data set Default Grid Random WSPT

Agra 0.122±0.000 0.111±0.077 0.105±0.046 0.161±0.049

Bank 0.285±0.000 0.252±0.019 0.306±0.056 0.276±0.032

Electricity 0.271±0.000 0.145±0.032 0.133±0.021 0.125±0.027

Postures 0.252±0.000 0.016±0.009 0.037±0.028 0.448±0.359

SEA 0.131±0.000 0.117±0.002 0.120±0.005 0.125±0.005

Tweet500 0.101±0.000 0.111±0.015 0.103±0.008 0.113±0.020

Avg. Performance 0.194 0.125 0.134 0.208

Avg. Rank 3.00 1.84 2.17 3.00

Avg. Time 1.000 12.388 14.918 3.368

Avg. Memory 1.000 15.864 38.943 6.588
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In this section, we compare the best SPT strategy against grid search and

random search optimisation. Both are offline brute force techniques that require

longer exploration stages, making them inappropriate for data stream problems.360

Table 5 also includes the default configuration for reference.

Results show that SPT is faster and requires less memory than its competi-

tors. In the next section, we compare the different models using critical distance

performance plots.

4.6.1. Discussion on Recommendation Task365

In the recommendation task all SPT variants rank better that the default

configuration – Table 4 – for all data sets. The best strategy is SSPT. All

SPT variants require three times more memory than the default configuration,

but the overhead in actual run-time is reasonably small. Moreover, the critical

distance diagrams (Figure 4) show that all SPT variants improve over grid search370

and random search in all data sets. This is the task that most clearly illustrates

the advantage of SPT.

Regarding time, the main advantage of SSPT naturally occurs in the ex-

ploration phase. Regardless of the data set, it is consistently the fastest opti-

misation algorithm. The time spent on the exploration (the most demanding375

phase) is, for the CiaoDVD, FilmTrust, GoodBooks, Jester, ML100k and ML1M

data sets, 61.2 %, 53.7 %, 45.9 %, 66.0 %, 88.4 % and 89.5 % of the total time

presented on Table 5.

Taking both the convergence time and the accuracy of the deployed model,

results show that, on average, SSPT outperforms DSPT. Considering the rec-380

ommendation accuracy of models configured by the analysed hyperparameter

optimisation techniques, grid and random search are the only SPT competitors.

However, not only do they take considerably longer to explore the search space

(exploration phase), but also they are offline algorithms, unsuitable for stream-

based recommendation.385
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Figure 4: Recommendation – Performance Critical Distance (lower is better) of Default Pa-

rameter Initialisation, Grid Search, and Random Search, DSPT, SSPT and WSSPT.

4.6.2. Discussion on Regression Task

Figure 5 displays the critical distance accuracy plots of the six data sets

and optimisation techniques for the regression task. Results show that, for all

data sets and with a confidence level of 95 %, there are no significant differences

between the three variants of SPT. The variant with better rank is the double-390

pass SPT. In terms of ranking, the default parameter configuration yields the

lowest (best) rank. Grid search, random search and WSSPT have somewhat

similar ranks.

Regarding time, SSPT is again faster in the exploration phase. The explo-

ration time for the 2DPlanes, Ailerons, Fried, Sgemm, Transcoding and YearPre-395

dictionMSD data sets is 2.6 %, 37.9 %, 4.7 %, 4.2 %, 27.7 % and 0.6 % of the total

time presented on Table 5. Considering the time required to converge to a local

optimal solution and the accuracy, the results show that the SSPT is better than

the previous DSSPT. In terms of performance, DSPT ranks better, on average,
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Figure 5: Regression – Performance Critical Distance (lower is better) of Default Initialisation,

Grid Search, Random Search, DSPT, SSPT and WSSPT.

than SSPT.400

Although the offline optimisation techniques ranked slightly better, they are

unsuited for the problem at hand.

4.6.3. Discussion on Classification Task

Figure 6 depicts, for the classification task, the critical distance performance

plots with all six data sets and hyperparameter optimisation techniques. The405

accuracy rank results show that, with five data sets – all but SEA – and a

confidence level of 95 %, the proposed SSPT is not significantly different from

DSPT. In accuracy ranking, SSPT is only outperformed by the grid and random

search offline techniques, in the case of the Postures data set.

In the exploration phase, the SSPT is faster with all data sets. The ex-410

ploration time of SSPT with the Agra, Bank, Electricity, Postures, SEA and

Tweet500 data sets is, respectively, 44.7 %, 55.5 %, 53.8 %, 54.6 %, 69.8 % and
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Figure 6: Classification – Performance Critical Distance (lower is better) of Default Initiali-

sation, Grid Search, Random Search, DSPT, SSPT, and WSSPT.

17.4 % of the total time presented on Table 5. Moreover, SSPT provides, on

average, similar accuracy to DSPT.

Taking both the time to converge to a local optimal solution and the accu-415

racy, the results show that the new SSPT is better than DSPT. Grid and random

search are more accurate, but require longer exploration and are offline tech-

niques not applicable to data streams.

4.7. How Does SPT React to Drift?

An essential feature of SPT is that it uses the information produced by the420

Drift Detector Method (DDM) [41] to restart the optimisation process. To assess

the effectiveness of SPT when drift occurs, we conducted a dedicated experiment.

We generated a synthetic data stream using the SEA generator, provided in the

MOA framework. The stream contains 100 000 examples with a drift at position
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50 000. The learning algorithm is VFDT and the drift detector is DDM. Figure425

7 (a) plots the logarithm of the prequential error. The two red vertical lines

indicate the moment that SPT converges to one solution, and the blue vertical

line indicates the moment where DDM detects the drift. Figure 7 (b) displays

the initial exploration phase, where SPT required 1380 examples to converge.

DDM detected a drift at example 50 714 and SPT restarted the optimisation430

process plotted in Figure 7 (c). After 660 examples, the algorithm converged to

a new optimal solution.
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Figure 7: Task: Classification. SPT reaction to drift.

5. Conclusions

The goal of this research was to explore and present an online solution for the

automated optimisation of hyperparameters. This article describes the Single-435
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pass Self Parameter Tuning algorithm for data streams. SPT explores the adop-

tion of a simplex search mechanism, combined with dynamically-sized samples

and concept drift detection, to find hyperparameter configurations that min-

imise the objective function. Experiments conducted with several data sets

show that the automatic selection of hyperparameters has a substantial impact440

on the outcomes of stream-based recommendation, regression and classification

tasks. On what concerns automatic hyperparameter tuning, the novel aspects

of this work include: (i) the single-pass data exploration mode; and (ii) the

extended evaluation using three different machine learning tasks (recommenda-

tion, regression and classification). The advantages of the proposed algorithm445

are that it: (i) works with data streams; (ii) is applicable to different machine

learning tasks (recommendation, regression and classification); and (iii) reacts

to the variability of the data. Finally, the results show that: (i) SSPT is faster

to converge, which is relevant when processing data streams; and (ii) concept

drift automatically triggers the search for a new optimal solution. SSPT is, as450

far as we know, the first online single-pass hyperparameter tuning algorithm

for data stream learning, i.e., it is able to tune hyperparameters on the fly,

without any initialisation stage, based exclusively on the incoming data stream.

Nonetheless, since SPT finds local optimal solutions, they may not correspond

to the global optimal solution as was shown when compared with offline tech-455

niques like default or grid search. Future work will address: (i) the ability to

select not only hyperparameters but also models; (ii) the comparison of SPT

with other emergent AutoML optimisation algorithms; and (iii) the analysis of

the robustness of SPT with different types of drifts. Further research will be

required to assess the behaviour of SPT in face of these challenges.460
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[43] G. Takács, I. Pilászy, B. Németh, D. Tikk, Scalable collaborative filtering

approaches for large recommender systems, Journal of Machine Learning630

Research 10 (2009) 623–656. doi:10.5555/1577069.1577091.

[44] E. Almeida, C. Ferreira, J. Gama, Adaptive model rules from data streams,

in: H. Blockeel, K. Kersting, S. Nijssen, F. Železný (Eds.), Machine Learn-
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Appendix A. Double-Pass Self Parameter Tuning

Algorithm 2: Double-Pass Self Parameter Tuning (DSPT) [7]: Reflec-

tion, expansion, contraction and shrinkage
input: B; G; W ; C, E; M ; R; S

begin

M = (B + G)/2

R = 2M −W

if f(R) < f(G) then

if f(B) < f(R) then

W = R

else

E = 2R−M

if f(E) < f(B) then

W = E /* Replace the Worst model by the Expansion model. */

else

W = R /* Replace the Worst model by the Reflection model. */

else

if f(R) < f(W ) then

W = R

/* Replace the Worst model by the Reflection model. */

else

C = (W + M)/2

if f(C) < f(W ) then

W = C /* Replace the Worst model by the Contraction model. */

else

S = (B + W )/2

if f(S) < f(W ) then

W = S /* Replace the Worst model by the Shrinkage model. */

if f(M) < f(G) then

G = M /* Replace the Good model by the Midpoint model. */

/* All configurations are evaluated with an additional pass over the last data

sample. */
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Appendix B. Description of Data Sets

For each of the three learning tasks, we chose six benchmark data sets.

Table 3 lists all data sets employed. The selection criteria included temporal650

information (examples with time stamps), size (large enough to be processed

as a stream) and availability (publicly available). This section describes their

content.

Appendix B.1. Recommendation

The recommendation experiments use CiaoDVD, FilmTrust, GoodBooks,655

Jester, MovieLens 100k (ML100k) and MovieLens 1M (ML1M).

CiaoDVD3 holds information about 17 615 users and 16 121 movies, including

72 665 user ratings together with time stamps. These user ratings were collected

between the 1st November 2013 and the 31st December 2013. FilmTrust4 stores

information about 1508 users and 2071 movies, including 35 497 user ratings.660

These user ratings were collected during July 2011. The GoodBooks5 holds

information about 53 424 users and 10 000 books, including 961 756 ratings. The

Jester dataset6 contains 100 jokes from 73 421 users, collected between 1st April

1999 and 1st May 2003. ML100k7 contains information about 943 users and

1682 movies, including 100 000 user ratings together with time stamps. These665

user ratings were collected between the 19th September 1997 and the 22nd April

1998. ML1M8www.overleaf.com/project/5bdc3069e169aa5e1c518908 contains

information about 3706 users and 6040 movies, including 1 000 209 user ratings

together with time stamps. These user ratings were collected between the 26th

April 2000 and the 28nd February 2003.670

3www.librec.net/datasets/CiaoDVD.zip
4www.librec.net/datasets/filmtrust.zip
5github.com/zygmuntz/goodbooks-10k
6eigentaste.berkeley.edu/dataset/
7files.grouplens.org/datasets/movielens/ml-100k.zip
8files.grouplens.org/datasets/movielens/ml-1m.zip
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Appendix B.2. Regression

The regression experiments were performed with 2DPlanes, Ailerons, Fried,

Transcoding, Sgemm and YearPredictionMSD. The 2DPlanes9 data set holds

40 768 instances and 11 features; Ailerons10 contains 13 750 instances and 41

features; Fried11 contains 40 768 instances and 11 features; Transcoding12 has675

168 286 instances and also 11 features; Sgemm13 contains 241 600 instances and

18 features; and YearPredictionMSD14 has 515 345 instances and 90 features.

Appendix B.3. Classification

The classification experiments used Agrawal, Bank Marketing, Electricity,

Postures, SEA and Tweet500. The Agrawal data set15 contains 1 000 000 in-680

stances and 9 attributes; the Electricity16 contains 45 312 instances and 8 at-

tributes; the Postures17 contains 78 095 instances and 38 attributes; Bank Mar-

keting18 holds 45 211 instances and 17 attributes; the SEA19 contains 60 000

instances, 3 attributes and four concept drifts separated by 15 000 examples;

and Tweet50020 holds 1 000 000 instances and 500 attributes.685

9github.com/renatopp/arff-datasets/blob/master/regression/2dplanes.arff
10github.com/renatopp/arff-datasets/blob/master/regression/ailerons.arff
11github.com/renatopp/arff-datasets/blob/master/regression/fried.arff
12archive.ics.uci.edu/ml/datasets/Online+Video+Characteristics+and+Transcoding+

Time+Dataset
13archive.ics.uci.edu/ml/datasets/SGEMM+GPU+kernel+performance
14archive.ics.uci.edu/ml/datasets/YearPredictionMSD
15github.com/marouabahri/CS-ARF
16datahub.io/machine-learning/electricity#resource-electricity arff
17archive.ics.uci.edu/ml/datasets/MoCap+Hand+Postures
18archive.ics.uci.edu/ml/datasets/Bank+Marketing
19www.liaad.up.pt/kdus/products/datasets-for-concept-drift
20github.com/marouabahri/CS-ARF
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