Hyperparameter Search Space Pruning  A New
Component for Sequential Model-Based
Hyperparameter Optimization
Martin Wistuba, Nicolas Schilling, and Lars Schmidt-Thieme
Information Systems and Machine Learning Lab
Universitätsplatz 1, 31141 Hildesheim, Germany
{wistuba,schilling,schmidt-thieme}@ismll.uni-hildesheim.de

Abstract.

The optimization of hyperparameters is often done manually or exhaustively but recent work has shown that automatic methods
can optimize hyperparameters faster and even achieve better nal performance. Sequential model-based optimization (SMBO) is the current
state of the art framework for automatic hyperparameter optimization.
Currently, it consists of three components: a surrogate model, an acquisition function and an initialization technique. We propose to add a fourth
component, a way of pruning the hyperparameter search space which is
a common way of accelerating the search in many domains but yet has
not been applied to hyperparameter optimization. We propose to discard
regions of the search space that are unlikely to contain better hyperparameter congurations by transferring knowledge from past experiments
on other data sets as well as taking into account the evaluations already
done on the current data set.
Pruning as a new component for SMBO is an orthogonal contribution
but nevertheless we compare it to surrogate models that learn across
data sets and extensively investigate the impact of pruning with and
without initialization for various state of the art surrogate models. The
experiments are conducted on two newly created meta-data sets which
we make publicly available. One of these meta-data sets is created on 59
data sets using 19 dierent classiers resulting in a total of about 1.3
million experiments. This is by more than four times larger than all the
results collaboratively collected by OpenML.

1

Introduction

Most machine learning algorithms depend on hyperparameters that need to be
tuned. In contrast to model parameters, hyperparameters are not estimated during the learning process but have to be set before. Since the hyperparameter
tuning often decides whether the performance of an algorithm is state of the art
or just moderate, the task of hyperparameter optimization is as important as
developing new models [2,7,20,22,25]. Typical hyperparameters are for example
the trade-o parameter C of a support vector machine or the regularization constant of a Tikhonov-regularized model. Taking a step further, the chosen model

as well as preprocessing steps can be considered as hyperparameters [25]. Then,
hyperparameter optimization not only involves model selection but also model
class selection, choice of learning algorithms and preprocessing.
The conventional way of hyperparameter optimization is a combination of
manual search with a grid search. This is an exhaustive search in the hyperparameter space which involves multiple training of the model. For high-complex
hyperparameter spaces or large data sets this becomes infeasible. Therefore,
methods to accelerate the process of hyperparameter optimization are currently
an interesting topic for researchers [3,22,25]. Sequential model-based optimization (SMBO) [15] is a black-box optimization process and has proven to be effective in accelerating the hyperparameter optimization process. SMBO is based
on a surrogate model that approximates the response function of a data set for
given hyperparameters such that sequentially possibly interesting hyperparameter congurations can be evaluated.
Recent work tries to transfer knowledge about the hyperparameter space
from past experiments to a new data set [1,24,29]. They motivate this idea by
assuming that regions of the hyperparameter space that perform well for few
data sets likely contain promising hyperparameter congurations for new data
sets.

1.1

Our Contributions

The SMBO framework currently has at most three components. First, the surrogate model that predicts the performance for each possible hyperparameter
conguration. Secondly, the acquisition function which uses the surrogate model
to propose the next hyperparameter conguration to evaluate. These are the
two mandatory components. The third optional component is some initialization technique which usually starts which a hyperparameter conguration that
has proven to be good on many data sets [9,11]. We propose to add a fourth
component which is orthogonal to all the others. Our idea is to reduce the hyperparameter search space by using knowledge from past experiments to discard
regions that are very likely not interesting. This avoids that the acquisition
function chooses hyperparameter congurations in these regions because of high
uncertainty and therefore avoids unnecessary function evaluations.
Additionally, we created two meta-data sets and make them publicly available. One is a meta-data set created by running a kernel support vector machine
on 50 dierent data sets with 288 dierent hyperparameter congurations resulting into 14,000 meta-instances. The second is a large scale meta-data set
created by using 19 dierent classiers provided by Weka [13] on 59 data sets.
In total 1,290,389 meta-instances were created such that the number of runs is
by more than 4 times larger than the number of runs collaboratively collected
by OpenML [26].

2

Related Work

Pruning is a well known technique to accelerate the search in several domains.
Thus, for example, various pruning techniques are applied to the minimax algorithm such as the killer heuristic or null move pruning [8]. Branch-and-Bound
[18] is a pruning technique that is applied in the domain of operations research
for discrete and combinatorial optimization problems and is very common for
NP-hard optimization problems [17]. Nevertheless, we are not aware of any published work that is trying to prune the search space in the SMBO framework for
hyperparameter optimization.
Since pruning as proposed by us is some way of transferring knowledge from
past experiments to a new experiment, other techniques that try exactly the same
are the closest related work but as we will see, orthogonal to our contribution.
One common and easy way to use experience in the hyperparameter optimization
domain is to dene an initialization, a sequence of hyperparameter congurations
that are chosen rst. These are usually those hyperparameter congurations that
performed best on average across data sets [9,11]. The second and last method
to do so is by using the surrogate model. Instead of learning the surrogate model
only on the new data set, the surrogate model is learned across all data sets
[1,24,29]. We want to highlight that all these three possibilities are not mutually
exclusive and can be combined and thus these ideas are orthogonal to each other.
Leite et al. [19] propose a similar distance function between data sets as we
use. But they propose a hyperparameter selection strategy that is limited to the
hyperparameter congurations that have been seen on the meta-training data.
Furthermore, there also exist strategies to optimize hyperparameters that are
based on optimization techniques from articial intelligence such as tabu search
[4], particle swarm optimization [12] and evolutionary algorithms [10] as well as
gradient-based optimization techniques [6] designed for SVMs.

3
3.1

Background
The Formal Setup

A machine learning algorithm Aλ is a mapping Aλ : D → M where D is the
set of all data sets, M is the space of all models and λ ∈ Λ is the chosen
hyperparameter conguration with Λ = Λ1 × . . . × Λp being the p-dimensional
hyperparameter space. The learning algorithm estimates a model Mλ ∈ M that
minimizes a regularized loss function L (e.g. misclassication rate):




Aλ D(train) := arg min L Mλ , D(train) + R (Mλ ) .
Mλ ∈M

(1)

Then, the task of hyperparameter optimization is nding the optimal hyperparameter conguration λ∗ using a validation set i.e.
 


λ∗ := arg min L Aλ D(train) , D(valid) := arg min fD (λ) .
λ∈Λ

λ∈Λ

(2)

3.2

Sequential Model-based Optimization

Exhaustive hyperparameter search methods such as grid search are becoming
more and more expensive. Data sets are growing, models are getting more complex and have high-dimensional hyperparameter spaces. Sequential model-based
optimization (SMBO) [15] is a black-box optimization framework that replaces
the time-consuming function f to evaluate with a cheap-to-evaluate surrogate
function Ψ that approximates f . With the help of an acquisition function such
as expected improvement [15] it sequentially chooses new points such that a balance between exploitation and exploration is found and f is optimized. In our
scenario evaluating f is equivalent to learning a model on some training data
for a given hyperparameter conguration and estimating the performance of this
model on a hold-out data set.
Algorithm 1 outlines the SMBO framework. It starts with an observation
history H that equals the empty set in cases where no knowledge from past
experiments is used [2,14,22] or is non-empty in cases where past experiments
are used [1,24,29]. First, the optimization process can be initialized. Then, the
surrogate model Ψ is tted to H where Ψ can be any regression model. Since the
acquisition function usually needs to assess prediction uncertainty of the surrogate, common choices are Gaussian processes [1,22,24,29] or ensembles such as
random forests [14]. The acquisition function chooses the next candidate to evaluate. A common choice for the acquisition function is expected improvement [15]
but further acquisition functions exist such as probability of improvement [15],
the conditional entropy of the minimizer [27] or a criterion based on multi-armed
bandits [23]. The evaluated candidate is nally added to the set of observations.
After T -many SMBO iterations, the best currently found hyperparameter conguration is returned.
Line 6 is our proposed addition to the SMBO framework. Selecting the identity function as prune results in the typical SMBO framework. In the next section
we propose a more suitable pruning function.
Algorithm 1

Sequential Model-based Optimization

Input: Hyperparameter space Λ, observation history H, number of iterations T , acquisition function a, surrogate model Ψ , initial hyperparameter congurations Λ init .
Output: Bestinithyperparameter conguration found.
1: for λ ∈ Λ
do
(

(

2:
3:
4:
5:
6:
7:
8:
9:
10:

)

Evaluate f (λ)
H ← H ∪ {(λ, f (λ))}
t = Λ(init) + 1 to T
Fit Ψ to H
Λ(pruned) ← prune (Λ)
λ ← arg maxλ∈Λ(pruned) a (λ, Ψ )
Evaluate f (λ)
H ← H ∪ {(λ, f (λ))}
arg max(λ,f (λ))∈H f (λ)

for

return

do

)

4

Pruning the Search Space

The idea of pruning is to consider only a subset of the hyperparameter conguration space Λ to avoid unnecessary function evaluations in regions where we
do not expect any improvements. It is obvious that if it is possible to identify
regions that are for sure not of interest without evaluating any point in this region highly accelerates the hyperparameter optimization. We propose to predict
the potential of regions by transferring knowledge from past experiments. The
key idea is that similar data sets to the new data set have similar or even the
same regions that are not interesting and therefore not worth investigating.
4.1

Formal Description

We dene a region R by its center λ ∈ Λ and diameter δ ∈ Rp , δ > 0. The
potential of this region after t trials on the new data set D(new) is dened by
potential (R = (λ, δ) , Λt ) :=

X

f˜D0 (λ) − max
f˜D0 (λ0 )
0

D 0 ∈N (D (test) )

λ ∈Λt

(3)

(new)
where Λt is the set
 of already evaluated hyperparameter congurations on D
(new)
and N D
is the set of data sets that are closest to the new data set.
f˜D is the normalized version of the response function fD of data set D. fD is
scaled to the interval [0, 1] such that each data set has the same inuence on
the potential. Thus, the potential is the predicted improvement when choosing λ
over the hyperparameter congurations already evaluated. Since fD is not fully
observed for D ∈ D, where D is the meta-training set, we approximate f˜D with
a plug-in estimator ŷD . We use a Gaussian process [21] that is trained on all
normalized meta-instances of a data set such that we get for each training data
set a plug-in estimator

f˜D (λ) ∼ ŷD (λ) := GP (mD (λ) , kD (λ, λ0 ))

(4)

where we dene mD as the mean function and kD as the covariance function of
f˜D . As a kernel function we are using the squared exponential kernel
!
2
kλ − λ0 k2
0
.
(5)
k (λ, λ ) := exp −
2σ 2
This allows to estimate f˜D for arbitrary hyperparameter congurations. Then,
we replace the denition from Equation 3 with
potential (R = (λ, δ) , Λt ) :=

X
D 0 ∈N (D (new) )

ŷD0 − max
ŷD0 (λ0 ) .
0
λ ∈Λt

(6)

To estimate the nearest neighbors of the new data set D(new) we have to
dene a distance function between data sets. A common choice for this is the

Euclidean distance with respect to the meta-features [1,29]. Since we experienced
better results with a distance function based on rank correlation metrics such as
the Kendall tau rank correlation coecient [16], we are using following distance
function
P

KTRC (D1 , D2 , Λt ) :=

λ1 ,λ2 ∈Λt

I(ŷD1 (λ1 )>ŷD1 (λ2 )⊕ŷD2 (λ1 )>ŷD2 (λ2 ))
(|Λt |−1)|Λt |

(7)

where ⊕ is the symbol for an exclusive or.
Algorithm 2

Prune

Input: Hyperparameter space Λ, observation history H, region radius δ, fraction of
the pruned space ν .
Output: Pruned hyperparameter space Λpruned ⊆ Λ.

1: Estimate the most similar data sets of the new data set N (Dnew ) using Equation
7.
2: Estimate the set Λ0 containing the ν |G| hyperparameter congurations λ0 ∈ G ⊂ Λ
with little potential using Equation 6.
3: Λ(pruned) := {λ ∈ Λ | dist (λ, λ0 ) > δ, λ0 ∈ Λ0 }.
4:
Λ(pruned) ∪ {λ ∈ Λ | dist (λ, λ0 ) ≤ δ, λ0 ∈ Λt }

return

Algorithm 2 summarizes the pruning function. Line 1 estimates the k most
similar data sets which we know from past experiments using the KTRC distance function dened in Equation 7. In Line 2 the potential of hyperparameter
congurations are estimated using the plug-in estimators (Equation 6) on a ne
grid G ⊂ Λ. The ν |G| hyperparameter congurations with little potential dene
regions where no improvement is predicted. Hence, the pruned hyperparameter
space is dened as the set of hyperparameter congurations that are not within
an δ -region of these low-potential hyperparameter congurations (Line 3). Additionally, the hyperparameter congurations that are within a δ -region of already
evaluated hyperparameter congurations are added (Line 4). The intuition here
is that since we have already observed an evaluation in this region, the acquisition function will not choose a hyperparameter combination close to these points
for exploration but only for exploitation. Hence, no evaluations will be done by
the standard SMBO framework without a very likely improvement. For the distance function between hyperparameter congurations we need to consider one
that does not take discrete variables into account. Obviously, the loss does not
change smoothly when changing a categorical variable that e.g. indicates which
algorithm was chosen. Therefore, we dene the distance function in Algorithm
2 as
(
∞
if λ and λ0 dier in a categorical variable
.
dist (λ, λ ) :=
0
kλ − λ k otherwise
0

(8)

5

Experimental Evaluation

First, we will introduce the reader to the state of the art tuning strategies which
are used to evaluate pruning. Then, the evaluation metrics are dened and the
meta-data sets are introduced. Finally, the results are presented.
5.1

Tuning Strategies

We want to give a short introduction to all the tuning strategies we will consider in our experiments. We are considering both strategies that are using no
knowledge from previous experiments and those that do.

Random Search This is the only strategy that is not using any surrogate model.
Hyperparameter congurations are sampled uniformly at random. This is a common strategy in cases where a grid search is not possible. Bergstra and Bengio
[3] have shown that this is very eective for hyperparameters with low eective
dimensionality.
Independent Gaussian Process (I-GP) This tuning strategy uses a Gaussian
process [22] with squared-exponential kernel as a surrogate model. It only uses
knowledge from the current data set and is not using any knowledge from previous experiments.
Independent Random Forest (I-RF) Next to Gaussian processes, random forests
are the most widely used surrogate models [14] and hence we are using them in
our experiments. Like the independent Gaussian process, the I-RF does not use
any knowledge from previous experiments.
Sequential Model-based Algorithm Conguration++ (SMAC++) SMAC [14] is
a tuning strategy that is based on a random forest as a surrogate model without
background knowledge of previous experiments. SMAC++ is our extension to
SMAC. SMAC++ is using the typical SMBO framework but the random forest
is also trained on the meta-training data.
Surrogate Collaborative Tuning (SCoT) SCoT [1] uses a Gaussian process with
squared-exponential kernel with automatic relevance determination and is trained
on hyperparameter observations of previous experiments evaluated on other data
sets and the few knowledge achieved on the new data set. An SVMRank is learned
on the data set and its predictions are used instead of the hyperparameter performances. Bardenet et al. [1] argue that this overcomes the problem of having
data sets with dierent scales of hyperparameter performances. In the original
work it was proposed to use an RBF kernel for SVMRank. For reasons of computational complexity we follow the lead of Yogatama and Mann [29] and use a
linear kernel instead.

Gaussian Process with MKL (MKL-GP) Similarly to Bardenet et al. [1], Yogatama and Mann [29] propose to use a Gaussian process as a surrogate model
for the SMBO framework. Instead of using SVMRank to deal with the dierent
scales, they are adapting the mean of the Gaussian process, accordingly. Additionally, they are using a specic kernel, a linear combination of an SE-ARD
kernel with a kernel modelling the distance between data sets.
Optimal This is an articial tuning strategy that always evaluates the best
hyperparameter conguration and is added to plots for orientation purposes.
Kernel parameters are learned by maximizing the marginal likelihood on the
meta-training set [21]. Hyperparameters of the tuning strategies are optimized
in a leave-one-out cross-validation on the meta-training set.
The results reported are the average of at least ten repetitions. For the strategies with random initialization (Random, I-GP, I-RF), the mean of 1000 repetitions is reported.
5.2

Evaluation Metrics

In our experiments we are using three dierent evaluation metrics which we will
explain here in detail.

Average Rank The average rank among dierent hyperparameter tuning strategies or for short simply average rank is a relative metric between dierent tuning
strategies. The tuning strategies are ranked by the best hyperparameter conguration that they have found so far, ties are solved by granting them the average
rank. If we have for example four dierent tuning strategies that have found
hyperparameter congurations that achieve an accuracy of 0.78, 0.77, 0.77 and
0.76, respectively, then the ranking is 1, 2.5, 2.5 and 4.
Normalized Average Loss The disadvantage of the average rank is that it gives
no information about by which margin the found hyperparameters of one tuning
strategy are better than another and it will vary when strategies are added or are
removed. One metric that overcomes this disadvantage is the normalized average
loss. In our experiments we will consider only classication problems such that
fD (λ) is the accuracy on data set D using hyperparameter conguration λ.
Since the scale of fD varies for dierent D we normalize fD between 0 and 1
such that every data set has the same impact on the evaluation metric. Thus,
the normalized average loss at iteration t is dened as
NAL (D, Λt ) :=

maxλ∈Λt fD (λ) − minλ∈Λ fD (λ)
1 X
1−
.
|D|
maxλ∈Λ fD (λ) − minλ∈Λ fD(λ)
D∈D

(9)

Average Hyperparameter Rank The average hyperparameter rank is another way
to overcome the disadvantages of the average rank. Compared to the average
rank it is not ranking the tuning strategies but ranking the hyperparameter
congurations. Let rD (λ) be the rank of the hyperparameter conguration λ on
data set D, then the average hyperparameter rank is dened as
AHR (D, Λt ) :=

1 X
min rD (λ) − 1 .
λ∈Λt
|D|

(10)

D∈D

5.3

Meta-Data Sets

The SVM meta-data set was created by using 50 classication data sets chosen
at random. All instances were merged in cases where splits were already given,
shued and split into 80% train and 20% test. We then used a support vector
machine (SVM) [5] to create the meta-instances. We trained the SVM using three
dierent kernels (linear, polynomial and Gaussian) and estimated the labels
of the meta-instances by evaluating the trained model on the test split. The
hyperparameter space dimension is six, three dimensions for binary features that
indicate which kernel was chosen, one for the trade-o parameter C , one for the
degree of the polynomial kernel d and the width γ of the Gaussian kernel. If the
hyperparameter is not involved, e.g. the degree if we are using thelinear kernel,
it was set to 0. The test accuracy was precomputed on a grid C ∈ 2−5 , . . . , 26 ,
d ∈ {2, . . . , 10}, γ ∈ 10−4 , 10−3 , 10−2 , 0.05, 0.1, 0.5, 1, 2, 5, 10, 20, 50, 102 , 103
resulting into 288 meta-instances per data set. Since meta-features are a vital
part for many surrogate models and mandatory for SCoT and MKL-GP, we
added the meta-features that were used by [1,29] to our meta-data. First , we
extracted the number of training instances n, the number of classes c and the
number of predictors m. The nal meta-features are c, log (m) and log (n/m)
scaled to [0.1].
The Weka meta-data set was created using 59 classication data sets which
were preprocessed like the classication data sets used for the SVM meta-data
set. We used 19 dierent Weka classiers [13] and produced 21,871 hyperparameter congurations per data set. The dimension of the hyperparameter space is
102 including the indicator variables for the classier. Thus, this meta-data set
focuses stronger on the model class selection. Overall, this meta-data set contains
1,290,389 instances. In comparison, OpenML [26] has collaboratively collected
344,472 runs.1
The meta-data sets are available on our supplementary website together with
a visualization of the meta-data as well as more details about how the meta-data
sets were created and a detailed list which data sets were used [28].
5.4

Hyperparameter Optimization for SVMs

To show that the proposed plug-in estimators work (Equation 4), we did not use
all 288 hyperparameter congurations for training but only 50 per data set. The
1
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evaluation is nevertheless done on all 288 of the new data set. We choose G to
contain these 288 congurations and xed |N (Dnew )| = 2, ν = 1 − |G|−1 and δ
such that the two closest neighbored hyperparameter congurations of the test
region are within δ -distance.
We want to conduct two dierent experiments. First, we want to compare a
surrogate model with pruning to current state of the art tuning strategies. We
once again want to stress that pruning in the SMBO framework is an orthogonal
contribution such that these results are actually of minor interest. Second, we
want to compare dierent surrogate models with and without pruning or initialization. Pruning is a useful contribution as long as it does not worsen the
optimization speed in general and accelerates it in some cases.
Figure 1 shows the results of the comparison of pruning to the current state
of the art method. As a surrogate model we decided to choose the Gaussian
process that is not learned across data sets since it is the most common and
simple surrogate model. Surprisingly, the pruning alone with the Gaussian process is able to outperform all the competitor strategies with respect to all three
evaluation metrics.
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Fig. 1. Pruning is an orthogonal contribution to the SMBO framework. Nevertheless,

we compare a pruned independent Gaussian process to many current state of the art
tuning strategies without pruning.

Figures 2 to 6 show the results of dierent surrogate models. We distinguish
four dierent cases: i) only the surrogate model, ii) the surrogate model with
pruning, iii) the surrogate model with three steps of initialization and iv) the
surrogate model with three steps of initialization and pruning. Figures 2 and 3
show the results for the surrogate models that do not learn across data sets and
the remaining three Figures show the results for the surrogate models that learn
across data sets. Our expectation before the experiments were that the lift is
higher i) for the experiments without initialization and ii) for the experiments
with the surrogate models that do not learn across data sets. The reason for this
is simple. An initialization is a xed policy that proposes hyperparameter congurations that has been good on average while pruning discards regions that were

not useful. Thus, pruning will also have an eect of initialization. The dierence between initialization and pruning is that initialization proposes a specic
hyperparameter while pruning reduces the full hyperparameter space to a set
of good hyperparameter congurations and pruning is applied at each iteration
and not just for the initial iterations. Additionally, pruning is a way to transfer knowledge between data sets such that those strategies that do not use this
knowledge at all benet more and are prevented from conducting unnecessary
exploration queries.
This is exactly what the results of the experiments show. The SMBO experiments with pruning have comparable good starting points like those with
initialization. If we compare the results of the independent Gaussian process
and random forest for the setting with only initialization with the one with only
pruning, we clearly see the unnecessary exploration queries after a good start.
The setting with both initialization and pruning does not suer from this problem and thus is clearly the best strategy. This eect is weaker for the surrogate
models that are learned across data sets in Figures 4 and 6. Only for SCoT
(Figure 5) pruning does not accelerate the hyperparameter optimization on this
meta-data set but it also does not worsen it. Table 1 shows the results for all
evaluation metrics and surrogate models.

Average Hyperparameter Rank

The reader may notice two important things. First, the results in the plot
will always converge to the same value across dierent tuning strategies if you
allow only enough trials. Second, even a very small improvement of the performance just by choosing a better hyperparameter congurations is already a
success especially since this optimization is usually limited in time. This little
improvement may result in signicantly better results for a new model compared
to the competitors or decides whether a research challenge will be won or not.
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Fig. 2. Average rank, normalized average loss and average hyperparameter rank for
I-GP on the SVM meta-data set.
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Fig. 5. Average rank, normalized average loss and average hyperparameter rank for
SCoT on the SVM meta-data set.
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Fig. 6. Average rank, normalized average loss and average hyperparameter rank for
MKL-GP on the SVM meta-data set.

Table 1. Average rank, normalized average loss and average hyperparameter rank after
30 trials on the SVM meta-data set. Best results are bold.

I-GP

no pruning/init

pruned

init

Average Rank@30
NAL@30
AHR@30

3.12
0.0224
3.48

2.35
0.0131
2.60

2.72
0.0291
3.98

1.81
0.0055
1.97

no pruning/init

pruned

init

init + pruned

3.51
0.0281
4.75

2.11
0.0149
2.64

2.51
0.0116
2.98

1.87
0.0070
2.14

no pruning/init

pruned

init

init + pruned

SCoT

2.72
0.0251
5.42

2.45
0.0228
4.92

2.65
0.0256
4.52
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0.0210
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In the last chapter, we have seen little improvement in cases where an initialization is combined with surrogate models that are learning across data sets.
We expect pruning to be useful in two scenarios: if i) the dimensionality of the
hyperparameter space is very high and ii) the meta-data set is too large such
that surrogate models that are learning across data sets are no longer a costecient alternative to evaluating the true function. Since most surrogate models
are based on Gaussian processes, a further problem is storing the kernel matrix.
In our next meta-data set we are using more than a million meta-instances which
result into a kernel matrix of dimensions 106 × 106 which needs 8 TB of memory
for storing it.
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Fig. 7. Average rank, normalized average loss and average hyperparameter rank for
I-RF and I-GP on the Weka meta-data set.

For the Weka meta-data set we conducted a similar experiment as for the
SVM meta-data set. Due to the size we restricted ourselves to the tuning strategies that do not learn across data sets. Previously, we have seen that a tuning
strategy without initialization and pruning is outperformed by a large margin
by the same strategy only using pruning. Hence, we show here only the comparison between the strategy i) only using an initialization step and ii) using both
initialization and pruning. Figure 7 concludes our experiments. As we have seen
on the SVM meta-data set, pruning again indicates that it is a useful addition to
the SMBO framework by further accelerating the hyperparameter optimization.

6

Conclusion and Future Work

We propose pruning as an orthogonal contribution the the SMBO framework
and show in elaborated experiments on two dierent data set that it accelerates
the hyperparameter optimization in most cases and in the worst case does not
worsen it. It can be especially considered for tuning strategies that do not use
information from the past for the surrogate model. Additionally, we created a

new meta-data set which is the largest to the best of our knowledge with about
four times more experiments than OpenML and make it publicly available.
The authors gratefully acknowledge the co-funding of their
work by the German Research Foundation (DFG) under grant SCHM 2583/6-1.
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