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Online marketplaces must optimize recommendations with regards to multiple objectives, in order to fulfill expectations from a variety
of stakeholders. This problem is typically addressed using Pareto Theory, which explores multiple objectives in a domain and identifies
the objective vectors which yield the best performance. However, such approach is computationally expensive, and available commonly
only through domain-specific solutions, which is not ideal for online marketplaces and their ever-changing business dynamics. We
tackle these limitations by proposing a Meta-Learning framework to address the Multi-Stakeholder recommendation problem, which is
able to dynamically predict the ideal settings on how business rules should be mingled into the final recommendations. The framework
is designed to be generic enough to be leveraged in any item ranking domain and requires only the definition of a policy, i.e. a set
of multi-objective metrics the meta-model should optimize for. The model finds the mapping between the search context and the
corresponding best objective vectors. This way, the model is able to predict in real-time which is the best solution for any unforeseen
search, and therefore adapt the recommendations on a search-level. We show that under this framework, the range of models one is
able to build depends only on how many policies can be defined, thus offering a virtually unlimited way to address multi-objective
problems. The experimental results showcase the generalization abilities of this framework and its highly predictive performance.
Furthermore, the simulation results confirm the ability to approximate a policy’s expectation in most cases and hints to the potential

to use this framework in many other item recommendation problems.

1 INTRODUCTION

In recent years a surge has been observed in electronic marketplaces as a consequence of the unprecedented growth
of e-Commerce which bring together sellers and buyers in a common platform. Examples of marketplaces are online
travel agencies like Expedia Group or Amazon in the retail domain. Typically in these scenarios, the platforms provide
recommendation systems that help to match users and suppliers. While in traditional recommendation systems one
optimizes for customer utility, in marketplaces one needs to take into account multiple stakeholders. This problem, also
known as Multi-Stakeholder recommendation problem [2, 28, 44], is commonly addressed through a multi-objective
optimization problem, where the collection of stakeholders’ goals is optimized simultaneously. An extensive collection
of works is available, with examples ranging from revenue [6, 27, 31] to fairness [4, 9, 17, 28].

Despite progress in the domain, the solutions mainly focus on few and domain-dependent objectives, which makes it
hard to transfer knowledge to other domains. Our framework addresses both limitations by providing a way to consider
any and as many objectives as the practitioner desires. The practitioner only needs to define a meaningful policy to
optimize for, meaning a collection of relevant stakeholder objectives. We show that depending on the policy, the model
commonly yields predictions aligned with the policy defined, therefore approaching stakeholders’ expectations. With
such flexible framework, it is possible to define as many and as different policies as the business demands, leaving the
practitioner with the sole responsibility of exploring policies, rather than to develop new custom-built algorithms.

To accomplish such generic framework, one needs to revisit how multi-objective problems are tackled. Typical
approaches try to find the Pareto front [18, 26, 41, 45], which refers to the set of non-dominated solutions in a domain,
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i.e. objective vectors for which maximizing one objective is only possible by being detrimental to the others. Although
effective under few objectives, this poses substantial problems when considering multiple: 1) when the number of
objectives increases, almost all solutions become non-dominated and 2) the number of solutions required for the
approximation of the Pareto front exponentially increases with the number of objectives [21]. Such constraints impose
substantial restrictions when applied in real-time inference: 1) computational requirements make it extremely difficult
to find tailored solutions for each problem instance, thus having to rely on sub-optimal global solutions and 2) even if
the best solutions are efficiently found, the practitioner is still required to make a manual decision on which solution
from the Pareto front to use [41].

To address all these issues, we argue that the ideal approach is to forego the expensive computation of the Pareto front
and to focus on a set of diverse and meaningful solutions. A predictive model is then charged to decide which is the most
appropriate solution, depending on the context a search occurs. Then, such prediction is used to dynamically adjust the
multi-objective solution. To do so, we draw inspiration from the research area of Meta-Learning for algorithm selection [8,
39], where one learns about the learning process in order to predict the best algorithm for a new dataset [24, 36-38, 40].
Likewise, we leverage the Meta-Learning framework to predict the best objective vector amongst a set of diverse and
meaningful policy-dependent solutions for any new search. Thus, in this work we make the following contributions: 1)
we propose a general purpose framework Multi-Stakeholder recommendations leveraging Meta-Learning and 2) we
validate the procedure in the hospitality domain using Brand Expedia data.

This document is organized as follows: Section 2 presents a summary of the relevant literature; next, Section 3
introduces the proposed framework while Section 4 shows the experimental setup used to validate it. Section 5 presents

and discusses our findings and section 6 highlights our conclusions and future work.

2 RELATED WORK
2.1 Multi-Stakeholder Recommendations

We define a stakeholder in the recommendation space as any individual or group that can affect or be affected by the
delivery of recommendations to users [1]. In the context of online marketplaces, they typically refer to three groups:
consumers (customers/users which have a need to be met by the marketplace and which receive the recommendations
to fulfill it), providers (entities which provide goods/services to the customer through the marketplace) and the system
(the platform that matches consumers to providers).

In a Multi-Stakeholder recommendations, each stakeholder has a different expectation that the platform has to meet,
or at least to satisfy; that is a scenario which is more realistic in the real world that the basic task to optimize for
customer utility in academic research [22]. Since such problem is not trivial, much research has been devoted to this
topic [28, 44]. More recently, there was a surge of proposed approaches in industrial settings, mainly due to e-Commerce
growth: balancing semantic match and job-seeking intent features [35], to learn how to balance hotel relevance and
compensation [31] and to balance customer relevance and advertising revenue in music platforms [3, 4].

The Multi-Stakeholder problem can be formulated through the multi-objective optimization setup, where all stake-
holder’s goals are considered as one single super-set of objectives to optimize for. Formally, the problem is defined as [18]:
given m > 1 objective functions 0; : X - R, ..., 0, : X — R which map a decision space X into R, a multi-objective

problem is defined as by:

min 61 (x),...,min 0y, (x),x € X (1)
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Traditionally, the multi-objective problem is tackled with Pareto Theory methods, which aims to find the Pareto
front, i.e. the set of non-dominated vectors for any particular problem. Such set describes all vectors for which it is only
possible to perform better in one dimension, if it is accompanied by a decrease in performance in another. Such front is
ideal to uncover the relationship between objectives and, consequently, the best solution. The quintessential notion
in Pareto is the dominance, i.e. how to compare two instances to make sure one is better than the other. It is defined

as [18]: given two vectors in the objective space y(l) € R™ and y(2> € R™, then the point y(l) Pareto dominates y(z)
(1)

ifand only if: Vi € {1,...,m} : y;” < y(z), Jje{t,...,m}: yj(.l) < yj(.z). More plainly, it states the first vector is not

i
worse in each of the objectives than the second vector and better in at least one [41].

The typical approach to solve the multi-objective problem consists of two steps: to simplify the objective function
and to apply an optimization algorithm to find the solution. To simplify the problem, practitioners use scalarization
functions, which are mathematical constructs used to convert multiple objective functions into a single one. This way,
the problem can be solved using standard optimization algorithms [18]. Then, to find the solution, practitioners usually
employ evolutionary algorithms, as these are capable of finding well-distributed solutions along the Pareto front [18].
Such algorithms take advantage of natural evolution concepts of selection, mutation and combination to explore the

objective space until a near-optimal solution is found. For more details, see [26, 41, 45].

2.2 Meta-learning

The No Free Lunch Theorem [43] refutes the existence of a so-called super-algorithm: a single best, universal learning
algorithm able to obtain the best possible performance for every instance of a given task [39]. The justification lies in
the observation that if all possible data distributions are equally likely, any pair of learning algorithms will, on average,
have the same performance. Therefore, for any algorithm, superior performance over one group of task instances is
compensated with inferior performance over another.

Researchers have then decided to focus on understanding each algorithm’s behavior/bias in order to ascertain
when they will be most successful. Meta-Learning is one of the existing tools to tackle the problem, which focuses on
using Machine Learning to understand Machine Learning algorithms (and their configurations) in order to improve
their results in future applications [32, 36]. These are commonly addressed by learning meta-models which find the
relationships between data characteristics and learning performance [36, 38]. This algorithm selection problem has first

been formalized by Rice [34], and it states that given:

o the problem space 2, representing the set of problem instances for which predictions will be made;
o the feature space & containing measurable characteristics for each instance of %;
o the algorithm space & as the set of all available algorithms for solving the problem;

o the performance space % that shows the mapping from algorithms to performance metrics,

the problem can be stated as: for a given problem instance x € 9, with features £(x) € &, find the selection
mapping M(f(x)) into the algorithm space &/, such that the selected algorithm « € &/ maximizes the performance
mapping y(a(x)) € ¥ [37].

Using Meta-Learning and Recommender Systems simultaneously is not a new topic: there are works that focus on
the selection of the best recommendation algorithm for a new dataset [5, 12-14, 16], selection of the best algorithm for
each user [10, 11, 33] and even how to use Recommender Systems to tackle algorithm selection tasks [15, 30]. However,
to the best of our knowledge, this is the first documented solution to tackle the Multi-Stakeholder recommendation

problem using Metalearning.
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3 JUGGLER

We focus on the problem of item ranking in online marketplaces, namely how to rank multiple items given the customer’s
query or based on the customer profile. In this setting, a ranking = is defined by decreasingly sorting items i € I by
their score s(i).

In this work, we define our objective function as a sum of all stakeholder’s objectives, by building on the previous

work [31]. The score s for any item i in this context is given as:

K
s(i) = > a(i) @)

k=1
where a refers to each of K adjustments, i.e. functions which score each item with regards to some specific objective(s).
Usually these refer to mathematical formulas to enforce business rules, but can be more complex: for instance, the
predictions from other Machine Learning models. Thus, this formulation is flexible enough to allow any number and

nature of adjustments, which is advantageous in ever-changing online platforms.

This formulation offers a straightforward way to address the multi-objective optimization problem, namely through
a linear scalarization [18], i.e. by introducing an individual weight per adjustment. This is achieved by modifying

Equation 2 accordingly:

K
ws(i) = ) wi X ag(D) 3
k=1

where each parameter w identifying a specific adjustment’s weight. From such definition, it is possible to define a
ranking of items, simply by sorting the items for a given user in a decreasing order. Thus, the ranking 7 over a subset of
items p C I referring to search is the sequence of items given by: 7 = (i1, ..., in), ws(i1) = ws(in), Vi € s. Now, inspired
by Equation 1, we can state our objective function to optimize the weighted item scores in a way that all objectives are

maximized:

max 0 (), ..., max Oy, () 4)

3.1 Framework overview

The main hypothesis in this paper is that Multi-Stakeholder recommendations can be addressed through Meta-Learning.
We take inspiration from algorithm selection task and adapt it to our problem, by considering problem instances x
as individual searches p and replacing algorithm « by objective vector wg. This parallelism will become evident in
Section 3.3, when we explain how we convert objective vectors into a discrete set of meta-labels.

This way, the Meta-learning problem addressed is: for a given search p € 9, with features £(s) € #, the meta-model
aims to find the selection mapping M(f(s)) — &, such that the selected objective vector w; € & maximizes the
performance mapping y(wg(s)) € %. Figure 1 presents an overview of the training and inference workflows in the
proposed Juggler framework, in order to illustrate how it can be leveraged in online marketplaces.

In training, we leverage historical searches to build the meta-examples, i.e. a set of points in the meta-feature space,
with an associated label. Each point refers to a search and it is defined by the meta-feature extraction process; the

labels are constructed via simulations, by assessing which is the ideal multi-objective vector calibration for each search.
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Fig. 1. Juggler framework.

With such meta-examples, the meta-model is fitted using a standard Machine Learning procedure. When placed into
production, it is ready to perform real-time inference.

The inference step involves then simply submitting a new search to the same meta-feature extraction process used
in training, in order to be able to place the new search in the meta-feature space. Then, the meta-model predicts the
best multi-objective vector for this particular search, based on patterns found in the simulations employed in training.
The prediction is used to re-rank the items, following the predefined scoring system.

We shall discuss in the remainder of this section how do we perform simulations (by introducing the concepts of

policy and how these are used to define meta-labels) and how do we characterize searches through meta-features.

3.2 Meta-performance: defining policies

We will describe now the set of metrics % that we want to optimize with Meta-Learning. As established in the Multi-
Stakeholder literature, there are many objectives one can optimize for at any given time: it is then a question to define
which matter most in a specific use case. Common solutions focus on few objectives, highly dependent on the problem
at hand. We address this limitation by defining the concept of policy.

A policy T refers to a set of multi-objective metrics. Such metrics are already naturally defined in each multi-objective
function 0y, in Equation 4, i.e.T = {01, ..., 0;»}. In our setup there is no constraint over which metrics nor how many
metrics one chooses to optimize for, as long as a valid sets of metrics is provided. Following theoretical considerations on
ranking metrics [42], we consider a metric to be valid if it possesses the distinguishability property, i.e. it can distinguish
two different rankings. We require only its output to be a continuous scalar value, with higher value meaning better.
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Many widely-accepted ranking metrics exists today follow such constraints: for instance, Normalized Discounted
Cumulative Gain (NDCG), Mean Average Precision and Mean Reciprocal Rank [20]. These, however, are not able to
capture all the dynamics of the multi-objective recommendation problem, for instance in terms of fairness or how well
aligned the outcome is with a specific business objective. To address this gap, we propose 2 different metric classes for
rankings to be in combination and separately in our framework: Ranking Correlations and Ranking Fairness. The goal

is to provide a skeleton to enable to optimize for objectives for which there are no known metrics yet.

Ranking Correlations. This metric class offers a way to understand how well does a specific ranking perform on
a given attribute, when compared against the ideal setting. For instance, how correlated a given search is with the
increasing price-aware sorting of the same items tells us how close we are to a ranking with cheaper properties on
the top positions. Similarly, such operation can be used for any item attribute which enables to derive a ranking of
items. Since we shall operate under a ranking setup, we take advantage of Kendall’s tau ranking correlation to measure
correlations to the ideal scenario. Formally, the correlation between a ranking 7 and the ideal ranking 7%, given by a
ranking function over a particular attribute, is calculated by first assessing how many concordant n. and discordant ny
pairs there are when comparing pairwise items in both rankings. Kendall’s 7 is thus given by:
ne—n
T R
Ranking Fairness. One type of objectives that has recently received substantial attention in the literature is the
fairness and diversity [2, 9, 17, 19]. Such approaches try to ensure the distribution of predicted items per class is
respected regardless of the context on which the prediction occurs. For instance, we could optimize for a ranking to
show all existing property types in the destination region, while trying not to hurt relevance of predictions. To that
effect, we build on a Group Fairness metric [29], originally designed to ensure fairness of item popularity, and generalize
it to ensure fairness of any item attribute. Considering an attribute which can be divided into K classes, with each
group being represented by I}, j € {1,...,K}. Thus, one can calculate the Group Fairness metric by considering the

frequency of items in each class:

K

GF(s) = Z ViilLvier; (6)

Jj=1
With such metric classes, one can define a variety of metrics, which in turn means it is trivial to define multiple
policies. One key advantage of this formulation is that multiple meta-models can be inferred simply by switching the
policy. This is particularly noteworthy since it means any policy can be used, even though it might at times lead to
sub-optimal performance: it is up to to practitioner to decide which are the meaningful objectives to optimize for and to
confirm through simulations and AB testing whether the expected outcome is met. Alternatively, such policy could be

defined by product or analytics teams, based on domain knowledge and business dynamics.

3.3 Meta-labels: choosing weights

To find the objective vectors wy to be used as meta-labels is no trivial task and depends heavily on the policy I': it is
unlikely that two policies should share exactly the same objective vectors. To that end, we define a procedure which

aims to explore a constrained objective space in order to select a few good candidates. These candidates constitute all
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available options the model has to dynamically weight the adjustments at inference time, thus reducing the problem

from finding ideal weights to predict the best candidate. The procedure to find the meta-labels follows these steps:

(1) To constrain each objective into a range: each adjustment a; must be constrained within a lower and higher
boundary, i.e. [min(wy ), max(wy)]. The boundaries should be defined in such a way that the adjustment is
allowed to only vary so much from the original value (i.e. wg = 1) - otherwise, it may lead to unforeseen negative
effects on the overall ranking. Such range should be tuned through experimentation and/or domain knowledge.

(2) To partition the objective space into sections: instead of exploring all possible combinations in the feasible
region, we focus on the most interesting sections: the extreme ends of the bounded objective space (to explore
the objective space in search of meaningful changes in ranking) or closer to the default values (to find the best
fit for the current default setup). Thus, each space is defined as a polygon, covering 1/3 of each dimension, i.e.
(max(wy) — min(wg))/3. The outer polygons start from the extreme ends of objective range, while the balanced
section is centered on the origin point. As an example of the partition of an objective space for 2 objectives
is shown in Figure 2. Notice this procedure generates 5 meta-labels when using 2 objectives, which is a good

trade-off for the classification algorithm we aim to employ.
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Fig. 2. Meta-label sections in an objective space for 2 objective functions. Notice it identifies 5 sections (shaded in blue), which will
translate in the same number of meta-labels.

(3) To discretise the space into representative candidates: we sample some examples from each section to serve
as candidates as, once again, there is not necessarily any change in ranking by considering 2 contiguous objective
vectors. To do so, we employ a grid-search approach, similarly to another procedure in the literature [35].

(4) To create solutions using candidates: a solution c refers to a set of objective vectors, containing exactly one
candidate per section, i.e. ¢ = {w}(, el WZ} with w]]f referring to one selected objective vectors in each of the 5
available sections. The set of all solutions C refers to all combinations of candidates across sections.

(5) To evaluate solutions: all solutions are evaluated on policy T' in all searches. First, each objective vector in each
solution is submitted to Equation 3 in order to score and, afterwards, rank each item within a search. Then, each
candidate is evaluated individually in each objective ), with regards to each search, which enables to calculate
its average ranking across all objectives.

(6) To identify the best solution per policy: the best solution is simply the one which achieves the lowest average
rank across all objectives. In the presence of ties, the candidate closer to the default weights is selected, since
there is no gain in deviating from the default behaviour. Algorithm 1 summarizes the evaluation procedure

explained in the previous two points.
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Algorithm 1 Evaluate and select meta-labels

Require: set of searches &, set of solutions C, policy T’
1: forc € Cdo

2: forp € P do
I

3: for wp €c do

4 foriepdo

5: ws(i) « Zle w]lC X ay (i) > Score items

6: 7« rank(ws(i)) > Rank items

7: for 0,, €T do

8: Yo, (D w]lc) — O () > Evaluate candidate

S0y Yom (P} -

9: Y (c,p) « = > Score solution in search
B

100 %(C) « W > Evaluate over all searches

11: return arg min rank(% (C)) > Select best solution

3.4 Meta-features: characterizing context

One must now define the feature space & which will allow to describe the context on which each search occurs.
Meta-Learning literature presents several approaches to describe a problem, but as far as we are aware, there are no
standard solutions to describe rankings. We propose two meta-feature classes, similarly to what was done for metrics in

Section 3.2, which can be used on any ranking: Ranking histograms and Ranking comparisons.

Ranking histograms. To take advantage of histograms in Meta-Learning is not new [23] and it is appreciated since
they are capable of summarizing a given feature f using a single summary function, i.e. the ratio of elements by bucket.
It requires, however, a significant amount of data in order to extract meaningful patterns - to do so, we focus on a

specific ranking threshold ¢ to extract data from, large enough to be meaningful. Thus,

£ru = HistocrRam({f(i)}),Vf € F,Vi € s : rank(i) < ¢ (7)

Ranking comparisons. Here, we shift the attention from the item features to item scores: we achieve this by comparing
the same item set in a search using different scoring mechanisms, i.e. using subsets of the adjustments from Equations 2
and 3. Thus, considering two rankings 7; and 7 of the same items, constructed with different scoring functions, we
employ multiple functions ranking comparison functions to extract summary statistics of their similarity. Examples of
such metrics include correlation metrics such as Kendall’s 7 (see equation 5), Cosine similarity, Pearson Correlation, etc.

Formally, for a set of ranking correlation functions Q, we have:

fre ={o(m, m)} Vo € Q ®)

The full set of meta-features is then & = £ryg U £rc, which may translate into a set of hundred or even thousands
of meta-features, depending on how many different parameters are used to instantiate the meta-feature classes. To
tackle this issue, the procedure assumes the application of a feature selection process, which shall find the best set
of meta-features per policy. We make no assumptions on the feature selection procedure, but focus particularly on

correlation feature selection.



4 EXPERIMENTAL STUDY

We validate Juggler in the context of top-N property recommendations in Expedia brand. We use both private data
and proprietary recommendation algorithms, which have been designed and are continuously tuned to address Multi-

Stakeholder recommendations. In this context, each hotel h is scored using the following rule:

s(h) = vttty (h) + COMPENSATION (F) + . .. )

where UTILITY refers to the relevance each item holds to meet the customer’s needs and COMPENSATION refers to an
adjustment responsible to penalize lower margin properties [31]. Notice the formula is incomplete, meaning there are
many hidden adjustments in place to account for many other marketplace objectives. We account for all adjustments in
the results presented in this document, which makes the problem both more realistic and more difficult to solve. Notice,
for instance, that otherwise we could not use the same weight on both adjustments, as it would always yield the same

ranking outcome, rending some combinations worthless.

4.1 Data and meta-features

The data used for meta-model fitting refers to a sample of 6 million searches from 2019. The data is split into train-
ing/tuning/validation subsets by randomly sampling searches according to the 70/10/20 rule, respectively.

Each search is a collection of properties, and it has both search-specific attributes and property-specific attributes.
The search is also accompanied by the utility scores per property and has all features required to compute the remaining

adjustments. The complete list of attributes can be organized as follows:

o Search features: id, destination (identifier, country and type), check-in/out derived signals (day of week, week of
year, month), booking window and length of stay. These require no pre-processing, thus becoming meta-features
by default.

e Property features: price, margin, star rating, guest rating, distance to center, production statistics, etc. We use
these attributes as features f in /gy meta-features, with / = 30. No other thresholds have been used for
simplicity.

o Property scores: UTILITY, COMPENSATION and all its variations are calculated for all properties. Then, the following

o functions will be used to compare rankings: Kendall’s 7, Pearson’s correlation and Cosine similarity.

Afterwards, models are simulated using a more recent data sample with 100000 searches, which covers the period of

January 2020 until March 2021. The features are exactly the same as before.

4.2 Policies

Following the convention from Equation 3, we study the Multi-Stakeholder problem through the following rule:

ws(h) = wy X UTILITY(h) + We X COMPENSATION(h) + ... (10)

defining variables w;, and w¢, responsible for weighting UTILITY and COMPENSATION scores, respectively.

We take advantage of NDCG as a measure of customer utility, given it is a standard choice in Recommender Systems.
Furthermore, we explore Ranking Correlations and Ranking Fairness through Kendall’s 7 and Group Fairness metrics,
presented in Equations 5 and 6. These will be used to further explore the rankings produced during simulations, in an
attempt to understand how well do we perform in specific business objectives.

9
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In Ranking Correlations, we focus on specific attributes to create the ideal rankings: lowest price, highest margin,
lowest distance, highest guest rating and highest number of reviews. In order to ensure all objectives are optimized, the
dimensions which aim for lower values - price and distance - are ranked in increasing order. For simplicity, we refer to
these as Tprice, Tmargins Tdistance> Trating> Treviews, respectively.

Group Fairness focus on specific marketplace components we wish to improve upon by offering a more balanced
solution of each category, namely: markets within destination, property types, property recency in marketplace (in
years), property production statistics and property branding versus non branded properties. These will be denoted as
GFmarket> GFrype, GFrecencys GF prods GFprand henceforth.

The objectives can thus assigned to the following stakeholders:

e Customers: associated with conversion and property quality metrics such as NDCG, tprice, Tdistances Trating
Treviews

e Providers: which aim mostly to have a fair exposure rate, regardless of their characteristics, are represented by
all Group Fairness metrics, i.e. GFparkers GFrype, GFrecency GF prod @and GFprand.

e System: which focus mainly in conversion and revenue - namely through NDCG and 7pqrgin - although it

extends its interest also to Group Fairness metrics to maintain marketplace health.

To make sure to design policies that are able to address multi-objective problems in a meaningful way, it is important
to focus on competing objectives, ideally addressing all stakeholder’s objectives. One way to ascertain such competition
is to ensure low correlation between objectives. The correlation matrix for all objectives proposed is shown in Figure 3.

With the exception of Group Fairness objectives, all other candidates have low correlation amongst themselves.

5 3
© © o & & & & &
V\,{,(, e P & PR & (’W«‘* &

Fig. 3. Correlation matrix for all objectives.

Under this context, we explore the following policies:

e Policy I focus on Customer and System objectives only: NDCG, price, Tmargins Tdistances Treviewss Trating- The
rationale for this policy is to understand what happens if we disregard Producers altogether.
10



Policy II: aims to find the best ranking in terms of customer relevance and marketplace fairness, thus tending to
customer and partner’s interests, i.e. NDCG, GF parker» GFrypes GFrecency> GFprod> GFprand- In this case, we

forego the System’s own interests, attempting to straighten the relationship between Consumers and Producers.

Policy III: focus simply on the metrics which are directly optimized by the uTILITY and COMPENSATION adjust-
ments, i.e. NDCG, 7margin- The goal is to understand if optimizing few and adjustments directly correlated with

the objectives is an easier task than to optimize for a larger set of objectives, with diverse set of goals.

Policy IV: focus mostly on customer relevance, with no direct metric aiming for COMPENSATION adjustment: i.e.
NDCG, 7price, Trating- Here we attempt to observe how does the process behave when we disregard both System

and Producers objectives.

Policy V: aims to optimize only partner’s fairness objectives, i.e. GFuarker, GFrype, GFrecencys GF prod> GFprand-
Here, we disregard any objective regarding Customer and System, thus trying to understand how much can

fairness be improved using the proposed approach and what are its effects on all stakeholders.

Policy VTI: tries to find the best overall result for all objectives, thus testing the outcome of using as many objectives

as desired: i.e. NDCG, Tprice> Tmargin> Tdistances Trating> Treviews; GFmarkets GFtype) GFrecency’ GFprand GFprod'

Policy VII: aims to find a good balance between conversion and fairness, while making sure the results are price
sensitive, i.e. NDCG, tprices GFtype, GFrecency> GFprand- The goal is to understand how does the framework

behave without any direct optimization for System objectives.

4.3 Meta-labels

Following the procedure from Section 3.3, we have set the following ranges: wy, € [0.8,1.5] and w, € [0.3,1.5]. The
decision has been made purely from domain knowledge and our wish to not deviate considerably from the default
settings. Furthermore, considering there are 2 adjustments, the sections defined follow the example presented in Figure 2.

Table 1 presents the respective weight ranges per section, with increments of 0.3 and 0.4 for wy, and we, respectively.

low/low | low/high | med/med | high/low | high/high
wu | [0.81.1] | [0.81.1] | [1.1,1.4] | [1.41.7] | [1.41.7]
we | [03,07] | [1.1,1.5] | [0.7,1.1] | [0.3,0.7] | [1.1,1.5]

Table 1. uTILITY and COMPENSATION weight ranges per section in the objective space.

Each section is explored with a grid size of 0.1 X 0.1, leading to 12 candidate points per section. The best solution per

policy is presented in Table 2, using the notation wy, /wc.

Pol. | low/low | low/high | med/med | high/low | high/high
I 0.8/0.3 0.8/1.5 1.0/0.8 1.4/0.3 1.4/1.5
II 0.8/0.3 0.8/1.5 1.0/0.8 1.2/0.3 1.2/1.5
I 0.8/0.6 0.8/1.5 1.0/1.0 1.4/0.6 1.4/1.5

v 0.8/0.3 0.8/1.4 1.0/0.7 1.4/0.3 1.4/1.4
\% 0.8/0.3 0.8/1.5 1.0/0.7 1.2/0.3 1.2/1.1
VI 0.8/0.4 0.8/1.5 1.0/0.8 1.4/0.4 1.4/1.5

VII | 0.8/0.3 0.8/1.1 1.0/0.7 1.4/0.3 1.4/1.3

Table 2. Best solution per policy, with all candidate meta-labels the model can choose from at inference time. These are selected from

the ranges presented in Table 1.
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The results show there are indeed different candidate preferences, depending on the policy, which validate the
procedure employed. However, a couple of interesting results must be highlighted: 1) wy, = 0.8 is always used for
low/low and low/high sections and medium/medium section always assigns w;, = 1, but with different w¢. This shows
a couple of things: the lowest end of the utility range could be even lower, to allow further discrimination amongst
policies (we refrain from doing so in order to ensure a minimum customer relevance score) and the default setting

wy = we = 1is not always the ideal scenario across policies - it seems to work in UTILITY but not in COMPENSATION.

4.4 Meta-model

The meta-models are fitted using lightGBM [25] and tuned using hyperopt [7]. Notice only this algorithm’s performance
is reported, since we wish to evaluate the framework’s overall behaviour and not find the best tuned model. Thus, we
have chosen a model which has provided good performance overall in offline testing, although we do not exclude the
hypothesis another model could perform better, depending on the policy employed. Furthermore, each meta-model
is compared only against majority voting baseline, which always predicts the most frequent label. This is the only
baseline we use because we could not find another direct baseline for this problem. In the simulations, we compare

against default settings (wy;, = we = 1).

5 RESULTS
5.1 Meta-model predictive performance

Table 3 presents the performance of Juggler and baseline models in each policy, across multiple classification predictive

performance metrics: precision, recall, F1, False Positive Rate (FPR) and Area Under Curve (AUC).

Policy | Model | Precision | Recall | F1 | FPR | AUC
I Juggler 0.40 0.41 | 0.39 | 0.16 | 0.72
Baseline 0.06 0.25 0.10 | 0.25 0.5

1T Juggler 0.35 0.37 | 0.35 | 0.18 | 0.68
Baseline 0.07 0.27 0.12 | 0.27 0.5

11 Juggler 0.41 0.45 | 0.37 | 0.35 | 0.63
Baseline 0.17 0.42 0.25 | 0.42 0.5

v Juggler 0.40 0.45 | 0.38 | 0.26 | 0.67
Baseline 0.11 0.33 0.17 | 0.33 0.5

\Y% Juggler 0.40 0.44 | 0.40 | 0.22 | 0.73
Baseline 0.13 0.36 0.19 | 0.36 0.5

VI Juggler 0.40 0.43 | 0.39 | 0.17 | 0.72
Baseline 0.09 0.29 0.13 | 0.29 0.5

Vil Juggler 0.38 0.41 | 0.37 | 0.21 | 0.68
Baseline 0.09 0.30 0.14 | 0.30 0.5

Table 3. Meta-model scores across policies.

The results show Juggler consistently outperforms the baseline in all metrics, showing it is the better option to
correctly predict the meta-labels assigned. We shall inspect the value of such predictions in Section 5.3.
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5.2 Meta-feature importance

Table 4 presents the distribution of meta-features in Juggler for each policy. The procedure counts how frequently
each feature appears in tree nodes, with a higher value meaning it is more important. The results are grouped by

meta-feature class for readability purposes.

F I I I v \% VI A1
Search | 81.60 | 74.35 | 75.20 | 79.43 | 71.38 | 79.77 | 70.79
£RH 18.10 | 25.65 | 21.80 | 18.55 | 28.62 | 20.23 | 29.21
£rec | 0.30 0 3.00 | 2.02 0 0 0
Table 4. Percent share from each meta-feature class.

The results show the search features are the most frequent features (> 70%) in all Juggler models, an expected
result given the segmentation ability of multiple categorical variables - in fact, the destination identifier accounts for
the majority of such frequency. On the other hand, ranking correlation meta-features £gc are almost negligible. A
justification for this behaviour may come from the fixed number of properties used to create the rankings (i.e. only
top 30 properties). Future work should address this issue by considering different thresholds. The ranking histogram

meta-features £rp account for 18 — 30% of feature frequency, thus establishing themselves as a valuable meta-feature.

5.3 Simulations

Figure 4 presents the distribution of predicted meta-labels, represented by respective sections for readability purposes.

100000

80000 1

60000 1

40000 1

20000 4

1 1 it % v Vi viI
policy

= high/high W= high/low  BEE low/high  EEN low/low W medium/medium |

Fig. 4. Predicted section distribution per policy.

We observe most policies take advantage of all 5 sections, which is an indicator this is a suitable solution to define
meta-labels. Good examples can be observed in policies I, I, V, VI and VII. Notice also how the medium/medium section
is typically one of the sections with less predictions. This is in itself a justification to use dynamic weight prediction,
the key contribution of our work.

There are however, some policies with significant class imbalance, most notably policy III: the vast majority of
predictions fall under the low/high section. Such problem could potentially be addressed through increasing the
granularity of grid-search when defining sections, although we cannot exclude the hypothesis that the policy is
ill-defined.
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5.4 Multi-Stakeholder impact

We inspect now the impact of predictions in terms of the dimensions explored by the policies. Table 5 presents the

percent changes against the default method (wy, = we = 1) in top 30 properties with regards to multiple dimensions.

Metric I II I v \4 VI | VI
NDCG 07 | -1.8 | -5.6 | 6.0 | -3.2 | -26 | 43
Price 187 | 27 |-162|-270| -4 |-0.1| 223
Margin | 87 | 186 | 0.5 | 19.4 | 11.7 | 8.7 | 207
Rating 3.7 20 | -34 | 6.2 0.1 | 05| 56
Distance | 213 | 7.6 | -17 | 277 | -1.2 | 1.7 | 22
Reviews 925 | -6.9 | -27.8 | 71.7 | -15.1 | -94 | 24.2
Market -32.8 | -16.6 | 24.3 | -51.3 | -1.7 | -5.4 | -46.2
Production | -14.9 | -7.3 | 113 | -23.6 | -1.0 | -2.1 | -20.6
Type 318 | -15.6 | 235 | -50 | -1.2 | -4.8 | -44.5
Recency | -28.7 | -14 | 213 | -451 | -1.2 | -42 | -40
Brand 27 | -137 | 202 | -424 | -14 | -43 | -38.1

Table 5. Percent changes over default (w, = w. = 1), with positive values meaning an improvement. Underlined values refer to
metrics optimized in policy, for improved readability.

The results, show the following:

Policy I - improves in all metrics in policy, most notably in distance and price. However, the fairness metrics are
negatively affected, particularly in property type and sub-market. Although this policy works as expected, the
impact is too negative on the Providers side, meaning it will negatively affect our relationship with them and
potentially lead to withdrawal from the System.

Policy II - does not work as expected: it shows a decrease in all objective metrics, specially in terms of fairness.
It shows, however, improvement in price, margin, rating and distance. One possible justification is that the
current set of adjustments has been designed and tuned from System’s point of view, and leads to sub-optimal
performance when we try to tune it for a different perspective.

Policy III - improves in margin, but with negative effect on NDCG. Indirectly, it improves all fairness metrics,
but conversion is severely impaired. This behaviour points out to the overall strength of the compensation
adjustment, which seems to overpower at times the utility score - to address this issue, one could retry the
experiment with more constraints on the compensation adjustment weight range.

Policy IV - improves in all metrics, plus in margin and reviews. It seems such policy optimizes also for System’s
objectives, which is an interesting finding. However, it introduces however the most negative effect in fairness
metrics across policies - this behaviour may lead, like in Policy I, to risk of Producers leaving the System, which
will contribute to negative long term value.

Policy V - fails in all metrics in policy (and most of the remaining), except for margin. However, the resulting
policy is the one which deviates the least from the default ranking - this indicates there may be issues in
optimizing for fairness objectives without any specific fairness adjustment included in the equation. It may also
mean the existing fairness metrics are not ideal to be optimized in this setup, although such observation requires

more experimental data to be supported.



e Policy VI - improves margin, rating and distance but it is worse in all other metrics. The results seem to indicate,
like in Policy III, that the subset of weights selected for the compensation weight is not ideal as it allows the
compensation adjustment to overpower the remaining adjustments.

e Policy VII - improves NDCG and price, but it degrades substantially in fairness metrics. It also improves ratings,
margin, distance and reviews. This policy performs well overall, although it also highlights the issue on the

exclusion of fairness based adjustments from the equation.

Overall, the simulation results show a decent behaviour against the policy expectations, with only 2 policies failing on
most or all accounts: policies II and V. Such policies have in common the fact that they optimize for all fairness metrics,
which may be an indication that the proposed Group Fairness function in Equation 6 is not the most suitable definition
for this scope. Also, it could mean that the non-existence of a fairness adjustment to weight using the meta-model,
would make such optimization troublesome. It would be interesting to try different fairness definitions in future work
to understand whether this issue can be addressed in such policies.

Another interesting observation comes from the fact that not all policies are easily optimizable. For instance, while
policies I and IV optimize all metrics, policies III and VI are able to optimize only in a few objectives. This happens
because: 1) the hidden adjustments in Equation 10 have great impact on the overall results (these are most noticeable
when the weights predicted are lower than the default value) and 2) the predicted weights affect all items in a search
equally, meaning it has limited impact on how much can be optimized. Both points can be addressed by including the
remaining adjustments under this framework.

Regarding stakeholder’s impact, it seems policies are better at improving recommendations for Customers and
System than for Providers: in fact, only in policy III are fairness metrics greatly improved, even though they are not
included in the policy. This means the current recommendation procedure can only increase fairness by increasing
margin. To address this issue, future work could weight directly fairness adjustments through Juggler using global
weights or weight each property individually across all adjustments - this would allow more granular corrections using

Juggler and a potential better approximation to all stakeholder’s objectives.

6 CONCLUSIONS

This paper has presented a Meta-Learning approach to address the Multi-Stakeholder recommendation problem. We
take advantage of historical transactions and simulations to understand which are the best weights per search, given a
specific policy. The results show the models have high predictive performance and simulations have shown it is able
to successfully improve multiple objectives, depending on the chosen policy. There are however many issues to be
improved, namely: replace manually defined meta-features with embeddings, to identify more and better metrics to
be optimized in policies, to use Reinforcement Learning models able to perform exploration of objective vectors per
search (for instance, Multi-Armed bandits) and to improve the policy definition mechanism using constraints and/or

the definition of primary and secondary objectives, in order to attempt to clarify assignment of best labels.
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