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Abstract

Hyperparameter optimization (HPO) is important to leverage
the full potential of machine learning (ML). In practice, users
are often interested in multi-objective (MO) problems, i.e.,
optimizing potentially conflicting objectives, like accuracy
and energy consumption. To tackle this, the vast majority of
MO-ML algorithms return a Pareto front of non-dominated
machine learning models to the user. Optimizing the hyper-
parameters of such algorithms is non-trivial as evaluating a
hyperparameter configuration entails evaluating the quality of
the resulting Pareto front. In literature, there are known indi-
cators that assess the quality of a Pareto front (e.g., hypervol-
ume, R2) by quantifying different properties (e.g., volume,
proximity to a reference point). However, choosing the indi-
cator that leads to the desired Pareto front might be a hard
task for a user. In this paper, we propose a human-centered
interactive HPO approach tailored towards multi-objective
ML leveraging preference learning to extract desiderata from
users that guide the optimization. Instead of relying on the
user guessing the most suitable indicator for their needs, our
approach automatically learns an appropriate indicator. Con-
cretely, we leverage pairwise comparisons of distinct Pareto
fronts to learn such an appropriate quality indicator. Then, we
optimize the hyperparameters of the underlying MO-ML al-
gorithm towards this learned indicator using a state-of-the-art
HPO approach. In an experimental study targeting the envi-
ronmental impact of ML, we demonstrate that our approach
leads to substantially better Pareto fronts compared to opti-
mizing based on a wrong indicator pre-selected by the user,
and performs comparable in the case of an advanced user
knowing which indicator to pick.

Introduction

Practical applications of machine learning often call for
the optimization of more than one loss or objective func-
tion, called multi-objective machine learning (MO-ML) (Jin
2006) borrowing from the notion of multi-objective opti-
mization (MO) (Deb, Sindhya, and Hakanen 2016; Gunan-
tara 2018). For example, instead of only focusing on the per-
formance of a model, its energy consumption is becoming
more and more important in various domains such as edge
computing, but also in general, sparked by efforts in the area
of green artificial intelligence (Green AI) (Schwartz et al.
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2019; van Wynsberghe 2021). Comparing two ML models
with respect to several objectives is non-trivial and most ap-
proaches solve this problem by returning a set of solutions
that cannot be improved further without going to the expense
of at least one of the objectives, called the Pareto front.

Naturally, as standard ML algorithms, MO-ML algo-
rithms expose hyperparameters controlling their learning be-
havior and thus, also the resulting Pareto front. To unleash
the full potential of the MO-ML algorithms, these hyperpa-
rameters should be optimized with adequate methods. Un-
fortunately, optimizing the hyperparameters of such MO-
ML algorithms is challenging for a user with standard hyper-
parameter optimization (HPO) (Feurer and Hutter 2019; Bis-
chl et al. 2023) approaches, such as SMAC (Hutter, Hoos,
and Leyton-Brown 2011; Lindauer et al. 2022), Optuna (Ak-
iba et al. 2019), Hyperopt (Komer, Bergstra, and Eliasmith
2014), HpBandSter (Falkner, Klein, and Hutter 2018) or
SyneTune (Salinas et al. 2022), which iteratively evaluate
configurations. This is the case, as evaluating a hyperparam-
eter configuration of an MO-ML algorithm involves evalu-
ating the quality of the Pareto front of models returned by
the corresponding algorithm. Several so-called (quality) in-
dicators, such as hypervolume (Zitzler and Thiele 1999), are
used to assess different properties of the shape of the Pareto
front and in principle can also be used for the purpose of
rating a configuration in the context of HPO. Nevertheless,
although a user might have a clear idea about what kind
of Pareto front shape they would like to choose their final
model from, choosing the quality indicator leading to this
Pareto front shape is a challenging task in practice. At the
same time, however, correctly configuring the HPO tool with
the right loss function, i.e. quality indicator in our case, is
crucial to achieve the desired result.

With this paper, we propose an interactive human-
centered HPO (Pfisterer, Thomas, and Bischl 2019; Souza
et al. 2021; Moosbauer et al. 2021; Hvarfner et al. 2022;
Moosbauer et al. 2022; Francia, Giovanelli, and Pisano
2023; Segel et al. 2023; Mallik et al. 2023) approach for
MO-ML algorithms that frees users from choosing a prede-
fined quality indicator suitable for their needs by learning
one tailored towards them based on feedback. To achieve
this, it first learns the desired Pareto front shape from the
user in a short interactive session and then starts a corre-
sponding HPO process optimizing towards the previously
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learned Pareto front shapes. Instead of requiring the user
to present us with a concrete Pareto front they would fa-
vor, we interactively and iteratively present them a few
pairs of Pareto fronts asking them for their preferences.
Based on these pairwise comparisons, we leverage methods
from the field of preference learning (PL) (Fiirnkranz and
Hiillermeier 2010) to learn a latent utility function serving
as a Pareto front quality indicator customized to the user. In
the subsequent stage, we run a state-of-the-art HPO tool in-
stantiated with the learned Pareto front quality indicator to
evaluate configurations and the corresponding Pareto fronts.
In summary, we make the following contributions:

. We propose an interactive approach to learn a Pareto
front quality indicator from pairwise comparisons based
on a latent utility function with methods from the field of
preference learning. This quality indicator is customized
to the user and can be learned from a small number of
pairwise comparisons.

. We combine the aforementioned learned quality indica-
tor with an HPO tool to provide a full-fledged HPO ap-
proach for multi-objective MO-ML algorithms, which
frees the user to choose an appropriate Pareto front qual-
ity indicator offering less opportunity for a mistake and
thus, bad optimization results.

. In an experimental case study, we demonstrate that our
approach leads to substantially better Pareto fronts com-
pared to optimizing based on a wrong indicator pre-
selected by the user, and performs comparable in case of
an advanced user knowing which indicator to pick. Thus,
our approach makes HPO for MO-ML algorithms sub-
stantially more easily and robustly applicable in practice.

Background

Since our work is spanned along the dimensions of hyper-
parameter optimization (HPO), multi-objective optimization
(MO), and preference learning (PL), we introduce in the fol-
lowing all of the aforementioned concepts.

Hyperparameter Optimization

HPO formalizes the task of finding a hyperparameter config-
uration for a machine learning algorithm leading to a well-
performing model on a given dataset

D= {(mnayn)} (D

with an instance space X’ and a target space ). In addition to
the dataset, we are provided with a hyperparameter configu-
ration space A = Ay x --- x Ag with K hyperparameters,
where A}, is the domain of the k™ hyperparameter, and an
algorithm A : D x A — H which trains a model from the
model space H given a dataset and a hyperparameter config-
uration. Furthermore, we are provided with a loss function
L : H x D — R quantifying how well a given model per-
forms on a given dataset. The loss function can be used to
assess the quality of a hyperparameter configuration by split-
ting the original dataset D into two disjoint datasets Dyyqin
and D4, where the model is trained only based on Dy,

N
n=1

eDc X x)Y
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but evaluated with £ on D;..;. Overall, we seek to find the
optimal hyperparameter configuration A* € A defined as

A* e argmin £ (A (Dirain, N) , Diest) - (2)
AeA

There exist several approaches to automatically solv-
ing the optimization problem defined in (2), many of
which are powered by Bayesian optimization (BO) (Fra-
zier 2018) or evolutionary approaches (Bischl et al. 2023).
Most of these techniques internally iteratively evaluate a
large set of configurations based on their true estimated
loss. To this end, they split up a so-called validation
dataset D,,,; from the training dataset Dyq, to estimate
the loss L(A(Dirain, A), Diest) of a configuration A by
L(A(Dirain, A), Dyar) and avoid a biased overfit to Dy

Multi-Objective Machine Learning

When it comes to learning a machine learning model with
more than one (possibly conflicting) objective or loss func-
tion £y, ..., Ly in mind, comparing the quality of models
becomes difficult. For instance, in the context of Green Al,
searching for a model with higher performance usually leads
to one with higher power consumption, and vice versa. Thus,
in multi-objective ML, learning algorithms leverage the con-
cept of dominance formalizing that one model hy € H is
better than another hy € H, if h; performs better in at
least one of the objectives while not performing worse than
ho in the remaining ones. Yet, this leaves us with a set of
non-dominated models, which are indistinguishable with re-
spect to this dominance idea. These models form a so-called
Pareto front Pp,,(H) evaluated on dataset D,,,; for a given
set of models H < 7. Formally, a Pareto front is defined as

heH,3W e H :
VYme{l,...,M}:
£m(h/7Dval) < Em(haD’U(ll)7
Jje{1,...,M}:
Ej(h/vpval) < Lj(ha’Dval)

Due to the problem of further distinguishing non-
dominated models among each other, MO-ML algorithms
usually resolve to returning the complete Pareto front of
models instead of a single model. Thus, formally, the sig-
nature of an algorithm changesto A : D x A — 2%, Asa
consequence, the evaluation of each hyperparameter config-
uration of such an MO-ML algorithm also involves quantify-
ing the quality of a Pareto front of models instead of a single
model returned by the algorithm, yielding a much more dif-
ficult problem. As such, the signature of our HPO loss func-
tion used in Eq. 2 also needs to change to £ : 2% x D — R
and thus can no longer be instantiated with simple loss func-
tions such as accuracy.

One way of assessing the quality of a Pareto front and
thus instantiating the HPO loss function £ in this case, are
so-called Pareto front quality indicators (Audet et al. 2021).
These can be categorized into so-called external and inter-
nal indicators where external indicators measure the con-
vergence of a Pareto front to the optimal one, i.e., the one
that the user prefers. Yet, in real-case problems, comput-
ing the entire Pareto front space is unfeasible and there is

Pp,,(H)=1{h ;)
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no way to describe the desiderata beforehand. In contrast,
internal indicators assess the Pareto front quality by mea-
suring specific characteristics. A very common indicator is
called hypervolume (Zitzler and Thiele 1999) quantifying
the volume occupied by the Pareto front w.r.t. a reference
point. Other indicators evaluate factors such as uniformity of
solution distribution (e.g., spacing indicator (Schott 1995)),
range of values covered by the Pareto front (e.g., maximum
spread indicator (Zitzler, Deb, and Thiele 2000)), or prox-
imity to specific threshold points (e.g., R2 indicator (Hansen
and Jaszkiewicz 1994)). Even though internal indicators can
be effectively used as a loss function in HPO of MO-ML al-
gorithms to quantify the quality of Pareto front and thus of a
configuration, choosing the measure leading to a Pareto front
which has a desired shape requires deep expert knowledge
and thus, is a hard task for the user. In particular, a user has
to map their implicit desiderata for the Pareto front shape to
properties of the quality indicators without a concrete way
of tailoring the HPO approach to these desiderata.

Preference Learning

Preference learning (PL) (Fiirnkranz and Hiillermeier 2010)
is a subfield of machine learning dealing with the problem
of learning from different forms of preferences. Although,
PL in general comprises a large set of learning problems,
we focus on the object ranking problem (Fiirnkranz and
Hiillermeier 2010) and in particular of learning to rank ob-
jects based on a given set of pairwise preferences.

In the object ranking problem, we consider a space of ob-
jects O, where each object o € O is represented as a feature
vector f,. Such an object can be an item, a document, or
(in our case) a Pareto front. Preferences among two objects
0;,0; € O are denoted as 0; > o; indicating that object o;
is preferred over o;. The corresponding space of pairwise
rankings over O is denoted as R(O). Then, given a dataset
of the formU = {0;1 > 0;2}7_,, the goal is to learn a func-
tion f : O x O — R(O) that, given two objects, returns the
correct pairwise ranking of these two objects.

Most approaches to object ranking work by learning a
utility function u : O — R returning a utility score for an
object that can be used to create a ranking of two objects by
sorting them according to their utility score.

Related Work

In the following, we give a short overview of related work
in the areas of human-centered HPO/AutoML and the usage
of preference learning in AutoML-related fields.

The field of human-centered HPO/AutoML has gained in-
creasing traction in the last years with approaches targeted
at explaining the hyperparameter optimization process to in-
crease the trust in automated tools (Pfisterer, Thomas, and
Bischl 2019; Moosbauer et al. 2021, 2022; Segel et al. 2023).
This also includes concrete tools developed to help a user in-
terpret the results such as XAutoML (Zoller et al. 2022) or
DeepCave (Sass et al. 2022).

Motivated from a similar stance that the user should be
put back into the loop of the AutoML process to a cer-
tain extent, Francia, Giovanelli, and Pisano (2023) propose
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to leverage structured argumentation to semi-automatically
constrain search spaces based on user input. Further going
into this direction and most similar to our approach is the
work by Kulbach, Philipp, and Thoma (2020) building upon
the observation that users are often unable to concretely con-
figure a loss function in an AutoML tool fitting for their
problem at hand. They suggest to learn a loss function cus-
tomized to the user as a scalarization over several frequently
used standard loss functions via PL methods. Our work dif-
fers from theirs in two main aspects: (1) First, we consider
tuning the hyperparameters of MO-ML algorithms, while
they try to find complete AutoML pipelines with standard
classification/regression algorithms. Hence, there is not only
a difference in the considered meta-problem (AutoML vs.
HPO), but also in the types of machine learning algorithms
to be composed / tuned (pipelines of standard ML algorithms
vs MO-ML algorithms). (2) Second, we demonstrate pair-
wise comparisons of Pareto fronts to the user compared to
pairwise comparisons of feature vectors, targets and predic-
tions presented by Kulbach, Philipp, and Thoma (2020). We
believe that our comparisons are much easier to make for a
user. (3) Moreover, the Pareto front quality indicator learned
by us is not constrained to be a scalarization of existing loss
functions or quality indicators. Instead, we can, in principle,
leverage any object ranking approach that allows for the ex-
traction of a utility function.

Lastly, our approach is not to be confused with multi-
objective HPO (Morales-Herndndez, Nieuwenhuyse, and
Gonzalez 2021; Karl et al. 2022), where HPO problem it-
self features multiple loss functions to be optimized, but the
ML algorithm itself only returns a single solution.

Interactive Hyperparameter Optimization in
Multi-Objective Problems

Our approach tackles the HPO problem (cf. Eq. 2) for MO-
ML algorithms, i.e., learning algorithms that return a Pareto
front of models instead of a single model as a result of the
learning process, works in three phases as depicted in Fig. 1:

1. Preliminary Sampling: In the preliminary sampling
phase we sample a fixed but small amount of hyperpa-
rameter configurations, evaluate these configurations and
store the corresponding Pareto fronts of models returned
by the MO-ML algorithm.

Interactive Preference Learning: In the interactive
preference learning phase, we construct pairs of Pareto
fronts from the ones obtained in the preliminary sam-
pling phase and show these pairs to the user, who rates
which of two shown Pareto fronts they prefer. Based on
the pairwise preferences obtained from the user and fea-
ture representations of the Pareto fronts underlying these
pairwise preferences, we learn a latent utility function,
which, given a Pareto front, outputs a utility score.

. Utility-driven HPO: In this HPO phase, we instantiate
an HPO tool (e.g. SMAC (Hutter, Hoos, and Leyton-
Brown 2011; Lindauer et al. 2022) as in our experiments)
with the previously learned utility function as a loss func-
tion and perform standard HPO.
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Figure 1: Overview of the three phases of our approach: Preliminary Sampling provides the user with different Pareto fronts,
Interactive Preference Learning allows the user to express their preferences, finally, Utility-driven HPO guides the optimization

to the user desiderata.

Preliminary Sampling
The underlying goal of the preliminary sampling phase is
to obtain a set of Pareto fronts which we can use to con-
struct pairs of Pareto fronts, which the user can rate in the
subsequent stage. Keeping in mind, that we want to learn a
utility function from the pairwise comparisons provided by
the user, our set of Pareto fronts should ideally reasonably
cover the space of possible Pareto fronts. This avoids poten-
tial generalization problems of the learned utility function,
if it is provided with a Pareto front from a part of the Pareto
front space which is very far off from any training data.
Recall that we perform HPO and our MO-ML algorithm
A : D x A — 2" returns different Pareto fronts of mod-
els for a given dataset Dy,q;, € D based on different hy-
perparameter configurations A € A. As such, we can ob-
tain a set of Pareto fronts of models by sampling a fixed
number of hyperparameter configurations A,4nq0m < A at
random, training the algorithm instantiated with the corre-
sponding hyperparameter configuration on the training data
Dirain and evaluating it according to our loss functions £,
on D,,;. This leads to a set of Pareto fronts defined as

P= {PDW,(A(,Dtmma A))|A € Arandom} . (4)

As the rich literature on AutoML and HPO shows, ran-
dom search leads to a good coverage of the hyperparameter
configuration space (Bischl et al. 2023). However, this does
not automatically entail a reasonable coverage of the corre-
sponding Pareto front space.

Interactive Preference Learning

The goal underlying this phase of our approach is construct
pairs of Pareto fronts to show to the user and learn a utility
function of the form u : P — R, which, given a Pareto
front, returns a utility score of the Pareto front based on the
preferences obtained from the user.

Acquiring User Preferences More formally, we start by
constructing a set of pairs of Pareto fronts as

Q:{(P17P2)|P17P2€7)7P17£P2}7 (5)

which leads to a number of pairs quadratic in the number of
samples Pareto fronts. Since we do not want to overwhelm
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the user by showing them too many of such pairs, we can
fallback to subsampling €2 to decrease the number of pairs
to show to the user. However, as we show in the experimental
evaluation later, we can also simply have a rather short pre-
liminary sampling phase leading to a small number of Pareto
fronts and thus also to a reasonably sized set €2 of pairs of
Pareto fronts without compromising too much of the perfor-
mance of our approach. Once the user has rated for each of
such pairs (Py, P3) € 2 whether he prefers the Pareto front
P over P,, we have an object ranking dataset of the form

U={P1> P}, (6)

where, without loss of generality, we assume that the user
prefers Pareto front P; ; over Pareto front P ».

Feature Representation of Pareto Fronts To learn a util-
ity function based on the object ranking dataset defined in
Eq. 6, we additionally require a feature representation of
a Pareto front such that the object ranking learning algo-
rithm we employ can generalize over unseen Pareto fronts.
More precisely, we aim to encode the Pareto front Pp_,(x)
returned by A in a d-dimensional feature representation
f Pp, ) € R? as depicted in Fig. 2. To this end, we assume

to have access to all models returned by A, i.e. H including
all dominated models internally learned by A and that there
is some order imposed on the model space / and hence on
H. We evaluate all of these models h;, € H with each loss
function £; on D, resulting in the following matrix

El(hlypval) s EM(h’17DUCLl)
»Cl(hBaDval) cee »CM(thpval)
where B > |H]| is the maximal number of models returned

by A. If A returns B’ < B values, we forward impute miss-
ing values for B+ 1 <b< B'+ (B — B’) as

Lm,b A Em(hbflapval) Vi<m< M. (8)

For each model h; we check if it is dominated by the pre-
vious model /1 as defined in Eq. 3. If it is dominated, its
loss values in the matrix are replaced by the ones from the
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Figure 2: Visualization of the feature representation of a
Pareto front based on two loss functions.

previous non-dominated model following Eq. 8. At the end
of this process, this matrix only contains loss values of mod-
els contained in the Pareto front. Last, the matrix is flattened
and standardized (N (+)) across

Fro i = N(T11) N(Tpa)] . )

Note that we assume the order on our models to, on one
hand ensure that the replacement and imputation strategy
works as described above, and on the other hand works as
a positional encoding which, assuming a suitable order re-
lation is defined, in itself contains valuable domain knowl-
edge. For our experimental evaluation, we define an ordering
based on loss values of one of the considered loss functions.

Learning A Utility Function for Pareto Fronts With the
object ranking dataset as defined in Eq. 6 and the feature rep-
resentation previously described in Eq. 9, we can now learn
the utlity function. To this end, we leverage the RankSVM
approach by Joachims (2002) which generalizes a standard
SVM to the case of object ranking. This approach is very
appealing for our use case as it allows to easily extract the
latent utility function learned as part of the object ranker,
which we want to use in the subsequent stage.

The idea underlying the (linear) RankSVM is that for ev-
ery pairwise comparison P; > P in our object ranking
dataset U/ we want that, without loss of generality, the hyper-
plane defined by the learned weight vector w € R¢ separates
P, and P». Formally, it should hold for every pair:

P >Peswfp >wfp (10)
@wT(fpl—fP2)>0 (11)
sw (fp,— fp) <0. (12)

As in the standard case of SVMs this problem is NP-hard
as noted by (Joachims 2002), which can be solved by the
standard problem relaxation leveraging slack variables as for
normal SVMs. We refer to (Joachims 2002) for details.

With the observations formalized in Eq. 10-12 in mind,
one can implement a RankSVM with a standard classifica-
tion SVM trained with a dataset of the form

Dsvm = {((fpl _fP2)71)’P1 >P2€u}

13
AFr—Fr) 0P Py

12176

We add a positive example to encourage Eq. 11 and at the
same time a negative example to encourage Eq. 12, which
both enforce a balanced dataset.

After training a standard classification SVM on Dgyyy,
we define the utility function v : P — R via the SVM
weight vector w leveraging the feature representation of a
Pareto front P € P defined in Eq. 9 as u(P) = w” fp.

Although we only explained the linear RankSVM, the
kernel trick (Scholkopf and Smola 2002) can be applied as
usual in the case of SVMs leading to non-linear versions.

All in all, preference learning and in particular object
ranking offers a way to quantify the quality of a Pareto front
in terms of a single scalar value w.r.t. the user desiredata
without asking the user for this concrete scalar value. The
RankSVM idea leverages the robustness and effectiveness
of support vector machines to operationalize this idea while
offering a clear and interpretable ranking mechanism.

Utility-driven HPO

As we learned the utility function u : P — R from the user
preferences, we want to leverage it as a Pareto front quality
indicator to optimize with a standard HPO tool. To this end,
we leverage the well-known HPO tool SMAC (Hutter, Hoos,
and Leyton-Brown 2011; Lindauer et al. 2022) instantiated
with the learned utility function « as a cost function.

Evaluation

We evaluate our approach in a case-study related to decreas-
ing the energy consumption of ML models and in particu-
lar consider an MO-ML algorithm optimizing for both ac-
curacy and energy consumption showing how our approach
can be used in the context of Green AutoML (Tornede et al.
2021). In the following, we first detail the general experi-
mental setup and then present two experiments performed.

All code including detailed documentation and the tech-
nical appendix can be found on Github'.

General Experimental Setup

The MO-ML algorithm, whose hyperparameters we want to
tune, is a wrapper for a funnel-shaped deep neural network
(DNN) learning algorithm that exposes the same hyperpa-
rameters as the underlying DNN learning algorithm, but per-
forms a grid-search over the number of epochs to train the
DNN to return a Pareto front of models (cf. Appendix D.1).

These models are all identical, but trained for different
number of epochs and can thus be seen as snapshots of the
DNN learning curve (Mohr and van Rijn 2022) at different
epochs. A lower number of epochs usually leads to a lower
energy consumption, but also to a lower accuracy indicat-
ing that the two objectives are potentially conflicting. The
concrete hyperparameters our DNN algorithms exposes are
defined by LCBench (Zimmer, Lindauer, and Hutter 2021),
a well-known multi-fidelity deep learning benchmark, and
given in Table 1 in the appendix. LCBench comprises eval-
uations of over 2000 funnel-shaped MLP neural networks
with varying hyperparameters on 35 datasets of the OpenML

'https://github.com/automl/interactive-mo-ml
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Figure 3: Kendall’s Tau of the preference learning models.

CC-18 suite (Bischl et al. 2019). In the spirit of Green Au-
toML (Tornede et al. 2021), we leverage the benchmark sur-
rogate for LCBench provided by YAHPO-GYM (Pfisterer
etal. 2021).2 We measure the accuracy of a model as the val-
idation accuracy on 33% of the corresponding OpenML CC-
18 dataset. We estimate the power consumption in watts (W)
for training a model by assuming the maximum consump-
tion for the whole provided training time. The evaluations
present in LCBench were performend on an Intel Xeon Gold
6242 with a maximum consumption of 150 Wh.

As noted earlier, many users struggle to choose a Pareto
front quality indicator as a loss function for an HPO tool that
yields Pareto fronts with their desired shape. Our evaluation
focuses on users that are likely to make a wrong decision
wrt. choosing the correct quality indicator, but can very well
label pariwise comparisons of Pareto fronts according to an
indicator without knowing the indicator itself. As such, we
simulate users by labeling pairwise comparisons according
to hypervolume (HV), spacing (SP), maximum spread (MS)
and R2 as Pareto front quality indicators. HV quantifies the
volume of the front by merging the hypercubes determined
by each of its models h € H and a reference point r (i.e.,
the worst possible model). HV values range from 0 to 1,
where 1 is the optimal value. SP is one of the most popular
uniformity indicators and gauges the variation of the dis-
tance between models in Pareto front. MS is a widely used
spread indicator, which measures the range of a Pareto front
by considering the maximum extent on each objective. R2
measures the proximity to a specific reference point r via
the Chebyshev norm (formal definition in Appendix B).

The order over the models returned by A, which we as-
sume for the feature representation, is given by the energy
consumption loss function, which means that models are or-
dered based on their energy consumption.

Experiment: Object Ranking Performance

In the following, we evaluate our object ranker.

2We use the surrogate model to estimate the performance of
those configurations for which no result is available in LCBench.
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Additional Experimental Setup We tune the hyper-
parameters of our preference learning models, one for
each quality indicator, on top of the first 3 datasets
of LCBench: KDDCup09_appetency, covertype, Ama-
zon_employee_access. Each configuration has been evalu-
ated by averaging the performance achieved in those datasets
over 3 different seeds. As to the evaluation within each
dataset, we performed a cross-validation: we split the sam-
pled Pareto fronts P in 5 folds and compute all possible pair-
wise comparisons within each fold. Specifically, we set the
number of sampled Pareto fronts |P| at 40, so that we can

create 5 folds of 8 elements, which translates into (g) =28
pairwise comparisons. Concretely, at each cross-validation
evaluation, we use the pairwise comparisons of the 4 train-
ing folds to predict the global ranking of the 8 Pareto fronts
in the test fold, and compare it with the ranking of the Pareto
fronts given by the quality indicator at hand. These rank-
ings are compared in terms of a ranking loss function called
Kendall’s Tau correlation (Kendall 1948). Roughly speak-
ing, this measures how correlated two rankings are. A corre-
lation score of -1 can be interpreted as an inverse correlation,
a score of 0 as no correlation and a score of 1 as perfect cor-
relation.

Result Discussion In Fig. 3 we plot the performance of
our models in terms of the Kendall’s Tau averaged across the
folds with the error bars defined by the corresponding stan-
dard deviation. In particular, we show how this performance
varies with the number of available pairwise comparisons,
i.e. the size of the object ranking training data, highlighting
that, depending on the quality indicator, we obtain a reliable
ranking model for Pareto fronts with rather few training data.

Generally, as to be expected, the correlation scores in-
crease for each utility function as the number of compar-
isons increases independent of the quality indicator based on
which they are learned. However, both the score at the lowest
number of comparisons and the degree to which it increases
with a growing number of examples varies substantially be-
tween the different utility functions. This indicates that it is
easier for our object ranker to learn a behavior similar to HV
or R2 than to SP or MS which also coincides with the fact
that HV and R2 are external quality indicators whereas SP
and MS are internal indicators. A potential reason for these
differences in modeling performance of our object ranker
might be grounded in the feature representation of Pareto
fronts we chose and in the linearity of the RankSVM used
as an object ranker. In particular, both SP and MS require
computations over pairs of models such that a quadratic ker-
nel or feature transformation might be better suited for these
indicators. Nevertheless, the ranking performance seems to
be sufficient to guide the HPO process.

Experiment: HPO Approach Performance

In the following, we leverage the remaining 32 datasets of
LCBench to evaluate our complete approach from phases 1
to 3. We will demonstrate that our HPO approach performs
much better than SMAC assuming a user that chooses the
wrong indicator and that it performs comparable assuming
an advanced user knowing which indicator to pick.
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Figure 4: Comparison between PB approach, trained with 28 pairwise comparisons, and IB approach is denoted as PB\IB.

PB

Improvement is computed as 75

Additional Experimental Setup In order to quantify how
well our approach works, we compare how well SMAC in-
stantiated with each of the Pareto front indicators above as
a loss function (IB) works compared to our approach with
the user simulated as mentioned above (PB). In particular,
for each Pareto front indicator, we run our approach with a
simulated user that behaves according to that indicator and
compare against the HPO tool instantiated with each of the
indicators as a loss function. That way, we cannot only quan-
tify how much better our approach works wrt. to each of the
quality indicators, under the assumption that a user chooses
a wrong quality indicator, but also that our approach does not
perform substantially worse in cases where the user picks the
correct indicator. We run both IB and PB for a budget of 30
evaluations on each of the datasets for 3 seeds and report the
mean and standard deviation over the seeds and datasets.

Result Discussion Figure 4 visualizes the comparison of
SMAC initialized with different quality indicators as a loss
function (IB) and our approach based on the learned utility
as a quality indicator (PB). The indicators in the rows rep-
resent the ones used for labeling the user preferences, and
hence, to train the preference learning models. The indica-
tors in the columns represent the quality indicators chosen
for optimization in SMAC. As a consequence, in each cell,
we find the performance (averaged over seeds and datasets)
and the respective standard deviation of the preference-
based SMAC (PB) and the indicator-based SMAC (IB). This
is expressed in terms of the quality indicator leveraged to
rank the Pareto front (i.e. the one given in the row), hence,
providing us with an estimation of how compliant the final
Pareto front is with the user preferences. The cells in the di-
agonal correspond to situations where our approach is com-
pared to IB initialized with the “correct” quality indicator
function, whereas the off-diagonal cells correspond to sce-
narios where a user chooses the ”wrong’ quality indicato for
IB. For better visual interpretability, we color cells with a
blue tone depending on how much better our approach (PB)
is relative to IB given in the respective column and red in
cases where we are worse. Moreover, we highlight the bet-
ter performance value for each cell in bold. If our learned
utility function perfectly resembled the ground truth quality
indicator, we would expect that the two values in each diag-
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when the indicator in the row has to be maximized (1), and as % otherwise (|).

onal cell are identical and the coloring would be white as a
consequence. Moreover, the better our approach is in one of
the settings, the darker is the blue of the corresponding cell.
At the same time, the worse our approach is in one of the
settings, the darker will be the red in the corresponding cell.

As the figure shows, our approach (PB) behaves compa-
rable to IB in cases where a user picks the correct Pareto
front quality indicator (diagonal) and almost always better
in cases where a user picks the wrong Pareto front quality
indicator. In particular, we perform better or equal in 11/16
cases whereas IB performs slightly better only in 5/10 cases.
In cases where our approach performs better, the improve-
ments are often substantial, whereas in cases of degradation
our approach is often only slightly worse.

Overall, our evaluation demonstrates that our approach
successfully frees users from selecting the correct quality
indicator aligned with their desiderata at the slight cost of
visually comparing a low number of Paretos upfront.

Conclusion

In this paper, we propose a human-centered interactive HPO
approach tailored towards MO ML leveraging preference
learning to extract desiderata from users that guide the opti-
mization. In particular, we learn a utility function for Parto
fronts based on pairwise preferences given by the user which
we use as a loss function in a subsequent standard HPO pro-
cess. In an experimental study, we demonstrate that our end-
to-end approach performs much better than off-the-shelf
HPO with a user that chooses an indicator not aligned with
their desiderata and that it performs comparable to off-the-
shelf HPO operated by an advanced user knowing which
indicator to pick. As such, our approach successfully frees
users from selecting the correct Pareto front quality indica-
tor aligned with their desiderata at the slight cost of visually
comparing a low number of Pareto fronts upfront.

As described in more detail in the limitations section in
Appendix A, our approach naturally also offers room for fu-
ture work. For example, we deem it interesting to design
other feature representations with less assumptions and to
generalize our approach to a larger number of loss functions
as it is currently practically limited to two and users might
have a hard time rating higher dimensional Pareto fronts.
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